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INTRODUCTION 
 
Aging and wrong lifestyle choices, including inadequate 
dietary patterns, increase the risk of developing several 
diseases such as obesity and its-related chronic 
degenerative diseases. Interestingly, the aging program 
can be accelerated by obesity [1]. It is thus likely that 
obesity reduces life- and health span and plays a 
predominant role in the onset of age-related diseases 
[2]. In fact, the prevalence of obesity is globally 
increasing in populations and has become a burden for 
healthcare systems. Several studies suggest that dietary 
restriction (DR) regimens (e.g. intermittent fasting, 
calorie restriction, low calorie diet) reverse obesity and 
improve health in human by promoting the same 
molecular and metabolic adaptations that have been 
shown in animal models of longevity. In particular, DR 
in humans ameliorates several metabolic and hormonal 
factors that are implicated in the pathogenesis of an array 
of age-associated chronic metabolic diseases [3, 4].  
 
 

 

At present it is difficult to evaluate the effectiveness of 
DR on lifespan in humans, so that several works 
proposed predictive non-invasive biomarkers to 
evaluate the geroprotective role of DR.  However, a 
miscellaneous of biomarkers is investigated in human 
intervention studies limiting the statistical robustness of 
the data. Whether a “biomarker-based” approach could 
be suitable for evaluating the effectiveness of DR still 
remains a matter of debate. 
 
Precision medicine is a medical model that proposes the 
customization of healthcare, with the identification of 
predictors that can help to find the effectiveness of 
health-promoting dietary interventions. Biomarkers 
represent potentially predictive tools for precision 
medicine but, although affordable 'omics'-based 
technology has enabled faster identification of putative 
biomarkers [5], their validation is still hindered by low 
statistical power as well as limited reproducibility of 
results. 
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ABSTRACT 
 
In  developing  countries  the  rise  of  obesity  and  obesity‐related metabolic  disorders,  such  as  cardiovascular
diseases  and  type  2  diabetes,  reflects  the  changes  in  lifestyle  habits  and  wrong  dietary  choices.  Dietary
restriction (DR) regimens have been shown to extend health span and lifespan in many animal models including
primates.  Identifying  biomarkers  predictive  of  clinical  benefits  of  treatment  is  one  of  the  primary  goals  of
precision medicine. To monitor  the clinical outcomes of DR  interventions  in humans,  several biomarkers are
commonly  adopted. However,  a  validated  link between  the behaviors of  such biomarkers  and DR  effects  is
lacking at present time. Through a systematic analysis of human intervention studies, we evaluated the effect
size of DR  (i.e. calorie restriction, very  low calorie diet,  intermittent  fasting, alternate day  fasting) on health‐
related biomarkers. We  found that DR  is effective  in reducing  total and visceral adipose mass and  improving
inflammatory cytokines profile and adiponectin/leptin ratio. By analysing the levels of canonical biomarkers of
healthy aging, we also validated the changes of insulin, IGF‐1 and IGFBP‐1,2 to monitor DR effects. Collectively,
we developed a useful platform to evaluate the human responses to dietary regimens low in calories. 
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Herein, through meta-analysis we have evaluated the 
effect size of DR regimens on adipose mass and well-
recognized biomarkers of healthy aging. Overall 
findings provide the geroprotective footprint of DR in 
humans and highlight a useful platform to validate or 
monitor the efficiency of dietary treatments to preserve 
and improve health span and longevity. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

RESULTS 
 
Effects of DR on total and visceral adipose mass 
 
DR regimens are effective in slowing aging, and 
maintaining healthy status in animals [6, 7]. Adipose 
mass  quickly  and   dynamically  responds  to  nutrient/ 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. Changes of total and visceral adipose mass after DR. Studies were stratified according  to  the design of  the
study. A positive standardized difference in mean (SDM) indicates an increase, whereas a negative SDM indicates the decrease
of fat mass (total or visceral). The empty black square indicates the results of each study, whereas empty blu square shows the
summary results of each subgroup data. The red diamond resumes overall results of the included studies in the forest plot.  
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energy fluctuation and its remodelling seems to mediate 
the beneficial effects of DR [7]. In this section we 
evaluated the effects of DR on adipose mass (Fig. 1). 
Interestingly, all studies showed clear evidence on the 
efficacy of DR in reducing total adipose mass in human 
(SDM -0.913; 95% CI -0.994, -0.832; p<0.000).  
Interestingly, we detected higher effectiveness of DR in 
healthy than unhealthy subjects (SDM -1.843; 95% CI -
2.144, -1.542 p<0.000 and SDM -0.813; 95% CI -0.897, 
-0.728 p<0.000, respectively). Our data reveal that DR 
was also effective in reducing visceral fat mass (SDM -
0.944; 95% CI -1.187, -0.700; p<0.000) (Fig. 1) and 
identify adipose mass measurement as a feasible 
approach to evaluate the efficacy of diets low in 
calories. 
 
Effects of DR on adipokines and DHEA 
 
Among adipokines, adiponectin has an anti-
inflammatory function and correlates with healthy 
metabolic profile.  Reduction of adiponectin production 
is often revealed in obese and diabetic subjects [8]. 
These evidences highlight adiponectin as a good 
candidate to monitor healthy status in human. However, 
conflicting results emerge from circulating adiponectin 
levels in centenarians [9, 10]. Herein we determined 
changes of adiponectin levels occurring after DR. As 
shown in Fig. 2, DR increased adiponectin levels in 
human (SDM 0.427; 95% CI 0.243, 0.612; p<0.000) 
independently of healthy status (healthy group: SDM 
0.947;  95%  CI 0.395,  1.499  p<0.001   and   unhealthy  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

group: SDM 0.370; 95% CI 0.155, 0.585 p<0.001). The 
“satiety hormone” leptin controls dietary behaviour and 
has been strongly associated with adipose mass. Indeed, 
reduced leptin levels are associated with diminished 
visceral adipose mass. However, unclear are evidences 
about its levels in healthy centenarians [9, 10]. Our data 
reveal that leptin levels were significantly reduced in 
DR group (SDM -1.383; 95% CI -1.511, -1.255; 
P<0.000) (Fig. 3).  
 
The hormonal profile of aging includes a marked 
decrease in the adrenal hormone dehydroepiandro-
sterone (DHEA) [11]. DHEA is taken up by adipose 
tissue and seems to reduce its mass protecting against 
obesity [12]. Epidemiologic data in the elderly cohort of 
long-living Okinawans (over 65) show relatively high 
plasma DHEA levels at older ages than the aged-
matched counterpart [13]. However, as disclosed in 
Suppl. Fig. 1, DHEA levels were unchanged after DR 
(SDM 0.149; 95% CI -0.342, 0.641 p 0.551). Overall 
findings suggest a tight relationship between changes in 
circulating adipokines and reduction of adipose mass 
occurring after DR. Differently, DHEA modulation 
seems to be independent of calorie intake.  
 
Effects of DR on insulin, IGF-1, HOMA Index and 
IGBPs 
 
Insulin and insulin growth factors 1 (IGF-1) signalling 
is an evolutionary conserved pathway linking nutrient 
levels to fat mass and lifespan. Generally, reduced level  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. DR effects on  circulating  adiponectin. Studies were  stratified  according  to  the  design  of  the  study. A
positive standardized difference in mean (SDM) indicates an increase, whereas a negative SDM indicates the decrease of
circulating adiponectin. The empty black square indicates the results of each study, whereas empty blu square shows the
summary results of each subgroup data. The red diamond resumes overall results of the included studies in the forest plot. 
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of insulin and IGF-1 is associated with increased 
longevity from yeasts to mammals [14]. Differently, 
levels of insulin and IGF-1 are commonly higher in 
subjects affected by age-related diseases or obesity than 
lean healthy subjects [15]. In our work, we reported 
clear evidence about DR effects on insulin and IGF-1 
levels in human (Fig. 4). In particular, we observed a 
significant reduction in insulin both in healthy (SDM -
1.019; 95% CI -1.362, -0.675 p<0.000) and unhealthy 
subjects (SDM -0.811; 95% CI -0.893, -0.730 p<0.000). 
The same trend was detected by analysing the IGF-1 
levels (SDM -0.546; 95% CI -0.750, -0.342 p<0.000). 
Overall data analyses (SDM -0.779; 95% CI -0.851, -
0.706 p<0.000) confirm decreased insulin/IGF-1 levels 
as downstream effect of DR in human. 
 
The Homeostasis Model Assessment (HOMA) Index is 
currently a biochemical tool to estimate insulin 
sensitivity by matching fasting glycaemia and 
insulinemia [16]. A study carried out on centenarians 
indicates that they seem to be protected from hyper-
insulinaemia, and their insulin resistance is as low, if 
not lower, than that of healthy younger adults [17]. The 
correlation between HOMA Index with obesity or aging  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

suggests its prognostic capacity to evaluate the efficacy 
of health promoting strategies. Accordingly, we 
reported a significant reduction in the HOMA Index 
occurring after DR (SDM -0.837; 95% CI -0.990, -
0.750 p<0.000) (Fig. 5) and this effect was stronger if 
dietary treatment was longer than 3 months  (data not 
shown).  
 
The IGF-binding protein 2 (IGFBP2) is known as a 
carrier protein for IGF-1 limiting its biological action 
[18]. However, there are several characterized IGFBPs, 
which seem to improve metabolic status independently 
of IGFs binding [19]. Interestingly, some papers 
reported that DR regimens increase circulating levels of 
IGFBPs [20]. In our work, we analysed the changes in 
the levels of the best-known IGFBPs after DR. As 
shown in Fig. 6, DR similarly modulated IGFBP-1 and 
IGFBP-2 levels (SDM 1.527; 95% CI 1.248, 1.806 
p<0.000 and SDM 1.687; 95% CI 1.387, 1.986 p<0.000, 
respectively). Differently, DR was ineffective in 
increasing IGFBP-3 levels (SDM -0.045; 95% CI -
0.517, 0.427 p=0.853). These results suggest that 
IGFBP-1 and -2 are more sensitive to DR than IGFBP-
3. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. DR effects on circulating leptin. Studies were stratified according to the design of the study. A positive standardized
difference  in mean  (SDM)  indicates an  increase, whereas a negative SDM  indicates the decrease of circulating  leptin. The empty
black square indicates the results of each study. The red diamond resumes overall results of the included studies in the forest plot. 
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Effects of DR on inflammatory markers 
 
One of the common features of aging and obesity is the 
presence of a chronic sterile low-grade inflammatory 
status, which contributes to the onset of several 
metabolic perturbations [21]. In our work we evaluated 
the changes in circulating inflammatory  markers  observ- 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
ed after DR (Fig. 7). Interestingly, among the evaluated 
inflammatory markers, only CRP and IL-6 displayed a 
significant reduction after DR (SDM -0.715; 95% CI -
0.862, -0.568 p<0.000 and SDM -0.316; 95% CI -0.515, 
-0.118 p<0.002, respectively). Although IL-1 and TNF-
α are cytokines routinely assayed to monitor systemic 
inflammation, our data revealed that their level 

Figure 4. Changes of circulating insulin and insulin growth factor‐1 (IGF‐1) after DR. Studies were stratified according to the
design of the study. A positive standardized difference  in mean (SDM)  indicates an  increase, whereas a negative SDM  indicates the
decrease of circulating IGF‐1 or insulin. The empty black square indicates the results of each study, whereas empty blu square shows
the summary results of each subgroup data. The red diamond resumes overall results of the included studies in the forest plot. 
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remained unchanged after DR (SDM 0.041; 95% CI -
0.181, 0.263 p=0.719 and SDM -0.079; 95% CI -0.264, 
0.106 p=0.402,  respectively).   Overall  data  regarding  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

CRP, IL-6, IL-1 and TNF-α levels revealed anti-
inflammatory effect of DR in human (SDM -0.351; 
95% CI -0.442, -0.260 p<0.000) (Fig. 7). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6. Changes of circulating IGFB‐1, IGFBP‐2 and IGFBP‐3 after DR. Studies were stratified according to the design
of the study. A standardized difference in mean (SDM) indicates an increase, whereas a negative SDM indicates the decrease of
IGFB‐1, IGFBP‐2 or IGFBP‐3. The empty black square indicates the results of each study, whereas empty blu square shows the
summary results of each subgroup data. The red diamond resumes overall results of the included studies in the forest plot. 

Figure 5. Changes of HOMA Index after DR. Studies were stratified according to the design of the study. A positive standardized
difference  in mean  (SDM)  indicates an  increase, whereas a negative SDM  indicates the decrease of HOMA  Index. The empty black
square indicates the results of each study. The red diamond resumes overall results of the included studies in the forest plot.  
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DISCUSSION 
 
Aging is commonly defined as a physiological decline 
of biological functions in the body. Aging strongly 
remodels adipose depots by reducing subcutaneous 
adipose in favour of visceral depots enlargement [22]. 
Aging and visceral adipose tissue expansion act in 
synergy in inducing a chronic low grade of 
inflammatory status, which triggers a systemic 
metabolic decline in human [21, 23]. DR is a promising 
and feasible strategy that ameliorates body metabolic 
and inflammatory profile increasing lifespan through 
evolutionary-conserved mechanisms [4, 22, 24, 25]. 
Herein we included all studies evaluating the impact of 
DR on several healthy-associated markers in human 
including adipose mass. Increased visceral adiposity 
leads to chronic inflammation, which is often associated 
with a number of comorbidities (e.g. hyperinsulinemia, 
hypertension, insulin resistance, glucose intolerance) 
and reduced life expectancy [26, 27]. Through this 
meta-analysis approach, we confirmed  the  capacity  of  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
DR to reduce total and visceral adipose mass and, 
interestingly, we observed a more effective visceral 
adipose mass reduction after DR regimens (-20% in 
DR: SDM -1.081; 95% CI -1.242, -0.921 p<0.000) (-
30/40% in DR: SDM -0.893; 95% CI -1.050, -0.737 
p<0.000 and >-40% in DR: SDM -0.678; 95% CI -
0.800, -0.555 p<0.000). These findings suggest that to 
obtain a more effective adipose mass loss, 20% in 
calorie reduction could be an elective strategy. Central 
or visceral adiposity perturbs systemic inflammation in 
animal models and human and relatively to this, the 
healthy effects of DR could be mediated by visceral 
adiposity reduction. Indeed, DR significantly diminish-
ed the markers of inflammation, highlighting the central 
role of DR-mediated adipose tissue remodelling in 
improving inflammatory profile in human. Furthermore, 
DR also increased adiponectin/leptin ratio, which is 
commonly associated with ameliorated insulin 
sensitivity in human. In line with this effect, we 
demonstrated that DR was successful in reducing 
insulin, IGF-1 and HOMA index.  

 

Figure 7. Changes of  inflammatory markers after DR. Studies were stratified according to the design of the study. A
positive standardized difference in mean (SDM) indicates an increase, whereas a negative SDM indicates the decrease of CRP,
IL‐1,  IL‐6 or TNF‐alpha. The empty black  square  indicates  the  results of each  study, whereas empty blu  square  shows  the
summary results of each subgroup data. The red diamond resumes overall results of the included studies in the forest plot. 
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The insulin growth factor binding proteins (IGFBPs) are 
a family of proteins that bind to insulin-like growth 
factors limiting their biological actions [28]. IGFBP-2 is 
the most abundant among circulating IGFBPs and its 
anti-diabetic role as well as direct ability to limit 
adipogenesis has been demonstrated [29, 30]. Actually, 
high serum levels of IGFBP-2 appear to protect against 
obesity and type 2 diabetes [30]. IGFBP-1 showed an 
inverse relation with insulin and BMI in human [31]. 
Differently, unclear are the evidences about the link 
between IGFBP-3 and adipose mass. In accordance with 
the data described above, we observed a strong 
responsiveness in circulating levels of IGFBP-1 and -2 
occurring after DR. However some limitations emerge 
from this meta-analysis. In particular, statistical 
analyses on IL-1 and IGFBPs were carried out only 
evaluating the results obtained from few studies [32-
35]. Moreover, it was not possible to evaluate the 
efficiency of DR in gender or time of treatment 

subgroups because it was difficult to collect a good 
number of subjects.   
 
In conclusion, by a meta-analysis approach we have 
provided evidences about DR efficiency on key 
hallmarks of aging (Fig. 8) and built a useful platform 
to evaluate the responses of human to dietary regimens 
low in calories (Fig. 9). 
 
MATERIALS AND METHODS 
 
Search strategy and included studies 
 
In our work we analysed human intervention studies 
and evaluated the impact of DR regimens on adipose 
mass and some biomarkers of healthy aging 
(Geromarkers). The Geromarkers included in our meta-
analysis were described  in Table  1.  Two  investigators,  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
E.G. and D.L.B., independently carried out study 
selection and included both studies with an 
experimental design (EXP) and quasi-experimental 
design (Q-EXP). EXP studies were randomized with a 
control group and a parallel or crossover design; 
whereas Q-EXP included observational studies (pre- 
and post-intervention or pre- and post-data), non-
randomized or uncontrolled studies [36]. Q-EXP studies 
were pooled together with EXP studies only after 
assessing whether they were in agreement with EXP 
studies [37]. Candidate studies were searched in 
PubMed (finalized February 30, 2016) using the terms 
‘calorie or caloric or dietary restriction’, ‘fasting or 
intermittent fasting or alternate day fasting and ‘adipose 
tissue or fat mass or fat tissue’’. Inclusion criteria were 
as follows: human intervention studies with long-term 
study design (> 3 months); healthy and unhealthy (e.g. 
dyslipidaemia, obesity, metabolic syndrome) subjects; 
numerically analysable information about results, study 

Figure 9. Algorithm development for biomarkers validation of dietary restriction in human. CR: calorie restriction;
VLCD: very low calorie diet; IF: intermittent fasting; ADF: alternate‐day‐fasting. 

 

 

Figure  8.  Geroprotective  footprint  of  dietary
restriction.  
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duration and calories reduced in the study. Studies were 
excluded when: only abstracts were available; duration 
time of the study was lesser than 3 months; data 
presentation was incomplete; information about the DR 
was incomplete. When necessary, efforts were made to 
contact investigators for clarification or additional data. 
This research strategy produced a total of 201 studies. 
Furthermore, a manual research of references from 
clinical studies and reviews identified 42 additional 
studies, for a total of 243 studies to be evaluated, 9 of 
which are reviews [38-46]. A first screening allowed 
discarding 147 articles whose titles or abstracts were 
evidently irrelevant to our aim. Of the remaining 96 
studies, 53 were rejected whenever: they presented 
incomplete data; DR was coupled with physical 
exercise; there were no reported data on adipose mass; 
they only presented data on weight and fat mass without 
other parameters (Fig. 10). Therefore, from 243 initial 
candidates, the 43 studies available  for  a  formal  meta- 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

analysis had the following charac-teristics: they were 
written in English; they had a period of intervention of 
at least two weeks; they were carried out exclusively on 
human subjects. Among the considered studies, 12 were 
on females [32, 34, 35, 47-55], 4 on males [56-59], and 
the rest mixed [60-62, 33, 63-85]. Moreover, 30 studies 
were intervention studies evaluating the efficacy of 
calorie restriction [33-35, 47-49, 51-53, 56, 58-60, 63-
67, 69, 71-73, 75, 76, 79-82, 84, 85]; 4 were 
intervention studies evaluating the efficacy of 
intermittent fasting [50, 57, 61, 70]; 9 were intervention 
studies evaluating the efficacy of low or very low 
calorie diets [32, 54, 55, 62, 68, 74, 77, 78, 83]. The 
selected studies included human groups with different 
BMI. In particular, 10 were studies on obese [34, 35, 
48, 50, 53, 54, 58, 61, 64, 68], 16 on overweight [51, 
52, 57, 59, 62, 63, 65, 69, 71-73, 77-79, 82, 85], 12 on 
both obese and overweight [32, 47, 49, 55, 60, 62, 74, 
75, 80, 81, 83, 84], 5 on both normal weight  and  over- 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table  1.    Selected  biomarkers  and  number  of  the  studies 
included in meta‐analysis. 

Biomarkers n. of the studies 

Fat Mass (total and visceral) 38 

Adipokines (adiponectin and leptin) 22 

IGFBPs (IGFBP-1, -2, -3) 6 

IGF-1 4 

HOMA-Index 17 

Insulin  34 

Inflammation (TNFa, IL-1, IL-6, CRP) 17 

DHEA 5 

 

Figure 10. Flow chart of the study identification and selection.



www.aging‐us.com  3350  AGING (Albany NY) 

weight [33, 66, 67, 70, 76]. Finally, the studies were on 
healthy subjects, with the exception of few articles in 
which subjects were affected by the following 
pathologies: chronic osteoarthritis [64]; metabolic 
syndrome [59]; hyperinsulinemia [58, 72], polycystic 
ovary syndrome [49], type 2 diabetes [84]. Hence, the 
meta-analysis was based on 43 studies and analysed a 
total of 2094 subjects. Before analyses, all studies 
were stratified for gender, healthy status, time of 
treatment and percentage of calorie reduction and the 
main characteristics of the included studies were 
reported in Table 2. Calorie restriction, intermittent or 
alternate-day-fasting and low calorie diet interventions 
were overall grouped in dietary restriction (DR) 
category. 
 
 
 
 
 
 
 
 
 
 
Data analysis 
 
Relevant data of the 43 studies available were entered 
for formal meta-analytic evaluation into the 
Comprehensive Meta-Analysis software (Biostat) [86]. 
Data analysis was performed as previously described 
[87]. In particular, for the results showed as post-data 
only, we selected mean, standard deviation and sample 
size in each group, or difference in means, sample size 
and p value between groups. When results were 
reported as pre- and post-data, we used mean, standard 
deviation, sample size in each group and correlation 
between baseline and end-point intervention period, or 
mean change, standard deviation difference, sample size 
in each group, correlation between baseline and end-
point intervention period. For observational studies 
considering only one group (pre–post-intervention 
data), we used mean difference, standard deviation of 
difference and sample size. In all studies, we assumed 
the correlation between baseline and end-point study 
period to be 0.5 to produce the most conservative 
estimate [37, 88], To enable a joint comparison, the 
standardized difference in mean (SDM) was calculated 
for each outcome. In our analysis, positive SDM 
indicates increased effect size of DR on outcome 
considered. The effect sizes of the included studies were 
pooled both under a ‘fixed effects model’ or ‘random 
effects model’. Under fixed effects model we assumed 
that the true effect is the same in all studies. By contrast, 
under the random effects model we allowed that the true 
effect may vary from one study to the next [37]. Fixed or 

random effect model was selected following evaluation 
of heterogeneity between studies based on the I2 test for 
heterogeneity. When I2 values were low, we selected a 
fixed effects model, whereas random effects model was 
selected for I2 values higher than 75%. 
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Putin et al. [1] just published an excellent article 
showing how machine learning methods (specifically 
deep neural networks, DNNs) can be used to quantify 
the aging process using a set of 41 standard clinical 
biomarkers, most of which are not specifically 
recognized as biomarkers of aging. DNNs provide a 
method to obtain a predictive algorithm from raw data 
(the biomarkers in this case) with minimal to no a priori 
assumptions (see Mamoshina et al. 2016 [2] for details). 
This is an important finding because (a) it confirms that 
aging is not a single specific process, but rather a suite 
of changes that are felt across multiple physiological 
systems, probably within a complex systems frame-
work, and (b) it suggests that measurement of the aging 
process is feasible with simple, standard measures. Both 
of these agree with recent findings from our lab 
showing that similar sets of biomarkers perform well for 
measurement of physiological dysregulation [3-7]. The 
difference is that our models are geared toward 
understanding the biology, and Putin et al. [1]’s toward 
prediction (i.e., estimation of biological age, though 
they do not use the term). Their model substantially 
outperforms ours for age prediction, but because the 
underlying algorithm is sufficiently complex as to 
remain a black box, it can provide relatively little 
insight into mechanisms. The two approaches are thus 
complementary. 
There is, however, a substantial caveat to Putin et al. 
[1]’s approach that was not mentioned in their article. 
Their algorithm was developed based on clinical data 
from a single source covering Eastern Europe (90% 
Russia), and the applicability to data from other settings 
or to population subsets was not verified. There are a 
number of reasons to suspect that their algorithm would 
need to be adjusted for application in other settings: (1) 
Aging rates may differ across countries; (2) Genetic and 
environmental determinants of physiology may differ 
across countries/cultures, independent of aging; and (3) 
There may be specific biases in how clinical lab 
samples are taken and analyzed that differ substantially 
across health systems. These distinctions are not trivial: 
a universal measure of biological age has very different 
practical and biological implications than one that is 
highly contextual. They also represent a more general 
challenge for machine learning in the health domain: 
traditional applications  of  such  techniques  (e.g. facial  
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recognition, sentence completion [2]) are not generally 
subject to bias or anything related to the epidemio-
logical concept of confounding, whereas such problems 
are rife in (bio)medical fields. There is thus substantial 
potential for development of methodological 
approaches to adjust for bias in machine learning 
methods applied in biomedical research. 
We have access to similar data  to that used by Putin et 
al. [1] for three major aging cohort studies, the 
Women’s Health and Aging Study I &II (WHAS)[8], 
the Baltimore Longitudinal Study on Aging (BLSA)[9, 
10], and Invecchiare in Chianti (InCHIANTI)[11], as 
well as publicly available cross-sectional data for a 
representative sample of the American population from 
the National Health and Nutrition Examination Survey 
(NHANES)[12]. For each study, we randomly chose 
110 participants, stratified by age when necessary to 
achieve a broad age range, and input their values for the 
10 basic biomarkers (albumin, glucose, alkaline 
phosphatase, urea, erythrocytes, cholesterol, RDW, 
alpha-2 globulins, hematocrit, and lymphocytes) in the 
online tool provided by Putin et al. [1] at www.aging.ai. 
Alpha-2-globulins were only present in InCHIANTI, so 
we left the field empty in the other data sets (the DNN 
is capable of treating missing data, though this reduces 
accuracy). In addition, we ran as many of the full 41 
biomarkers as possible for a set of 10 individuals per 
study, chosen randomly by age stratum from among the 
110 run with 10 biomarkers. The number of biomarkers 
available was: WHAS: 34 biomarkers out of 41, BLSA: 
37, InCHIANTI: 38, and NHANES: 33. 
We found that indeed the performance of the model was 
substantially diminished in all four of our data sets. In 
the original study, the 10-biomarker version of the DNN 
has a 10-year epsilon accuracy (i.e., percentage correct 
prediction within age±10 years) of 70% and R2 = 0.63; 
across our datasets the mean epsilon accuracy was 38% 
and mean R2 = 0.37, with maximum epsilon accuracy = 
56% (InCHIANTI) and maximum R2 = 0.59 (NHANES, 
Fig. 1). The 41-biomarker versions performed neither 
markedly better nor worse, with a mean age error 
(MAE) actually increasing by 0.45 (95%CI: [-2.2, 1.3]) 
across our 40 samples. The confidence intervals and 
consistency across data sets are sufficient to exclude the 
possibility that our core results are due to the use of the 
10-biomarker rather than the 41-biomarker tool (Fig. 1).  

Deep biomarkers of aging are population‐dependent    
 
Alan A. Cohen, Vincent Morissette‐Thomas, Luigi Ferrucci, Linda P. Fried 
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In addition to heterogeneity of performance across data 
sets, the DNN had a significantly better performance for 
men than for women globally (MAE diff= 1.8, p=0.04) 
and in InCHIANTI (MAE diff= 5.5, p=0.002) and 
NHANES (MAE diff= 4.2, p=0.007), though there was 
no significant effect in BLSA (MAE diff= -1.5, p=0.39). 
This is consistent with our findings on other measures 
of biological age, which for some reason consistently 
perform better for men, even when the methods are 
calibrated on women ([4] and unpublished data using 
methods from [13, 14]). 
One potential reason for the poorer performance of the 
model in our datasets is the absence of children. 
Including children increases the age range, which by 
itself, all else equal, will increase r and R2 statistics [15]. 
Whether a measure of biological age needs to be accurate 
for children too is perhaps debatable or context-
dependent, but clearly we would like the measure to be 
able to discriminate ages among adults well. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Additionally, we found a clear bias in the age estimates 
for BLSA and WHAS, with age substantially 
underestimated for almost all individuals in both data 
sets (Fig. 1a, b). This is actually consistent with the 
results of Putin et al. [1]. Their Fig. 1 a, d shows a bias 
toward underestimation of age for individuals aged 70+, 
and the BLSA and WHAS datasets largely contain 
individuals in this age range. For InCHIANTI and 
NHANES as well, ages of older individuals are 
underestimated and ages of younger individuals are 
overestimated, though less so than for BLSA and 
WHAS. Globally this suggests that Putin et al. [1]’s 
model performs well when the age range is large, but 
loses discriminatory power particularly at older ages. If 
the age bias is larger in BLSA and WHAS, as it appears 
to be, this might also imply that these populations age 
more slowly, an interesting finding.  
However, such differences could also be due to 
something more mundane such as diet. Dietary patterns 
differ substantially between Eastern Europe, Italy, and 
the US, and diet is known to affect many clinical 
biomarkers (e.g. [16-18] ), so it is hardly surprising that 
performance of algorithms based on these markers differs 
across these populations. Likewise, the majority of data 
used by Putin et al. [1] come from middle-aged 
individuals, and life expectancy in Russia is much lower 
than in Italy or the US [19], and has a substantially 
different cause composition [20]. We expect that many 
such factors contribute jointly to the patterns observed 
here. 
In sum, these results show that there is unlikely to be a 
single algorithm that can predict biological age for all 
populations/sexes based on these clinical biomarkers. 
While we have not explored other population strata, 
such as by race, socioeconomic status, or environmental 
exposures, differences likely exist among these groups 
as well. The methods used by Putin et al. [1] are state of 
the art and perform well within their original dataset, 
suggesting that the barrier is true population differences 
rather than algorithm refinement. Population-specific 
algorithms might be an option but would require 
substantial work. Practically, this result is unfortunate, 
but biologically it is interesting. It implies that aging 
proceeds differently, and perhaps at different rates, in 
different populations. Other measures of biological age – 
for example, the epigenetic clock, or based on highly 
specific aging biomarkers such as leukocyte telomere 
length (LTL) – may or may not face these same hurdles 
[13-15, 21-23]. However, longitudinal changes in LTL 
depend on demographics, genes, and environment [24], 
implying that there will be population differences in how 
it works as a measure of biological age. More broadly, 
our results suggest that substantial caution is warranted in 
generalizing age-related changes in biomarkers across 
populations. Future work should attempt to replicate 

Figure 1. Correlation between actual and predicted age values on
110  observations  from  four  databases  (a)  WHAS,  (b)  BLSA,  (c)
InCHIANTI,  and  (d)  NHANES]  using  the  DNN  on  10  biomarkers
(small  circles)  or  all  available  biomarkers  (large  squares).  Paired
observations with  10  and  all  available  biomarkers  are  linked  by
vertical  lines.  Orange  symbols  are  men  and  black  symbols  are
women.   MAE  is mean age error and ∆ MAE  is difference between
MAE using 10 biomarkers and MAE using all available biomarkers,
with  positive  values  indicating  better  performance  of  the model
with  all  biomarkers.  ∆ MAE  parentheses  indicate  95%  confidence
intervals. 
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these findings in appropriate datasets from non-Western 
countries [25, 26], and to assess the performance of more 
diverse, integrated datasets. 
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INTRODUCTION 
 
Aging is a complex process affecting all biological 
systems at every level of organization [1, 2]. While 
many anti-aging interventions have demonstrated life-
extending or other geroprotective effects in model 
organisms,   practical   limitations  continue   to  hamper  
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translation to the clinic [3]. One problem is that the 
evaluation of aging changes and possible anti-aging 
remedies requires a comprehensive set of robust 
biomarkers [4] . Large-scale longitudinal programs like 
MARK-AGE [5] have been launched to analyze 
changes in multiple biomarkers during aging and 
correlation between biological and chronological age. 
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Abstract: One of the major impediments in human aging research is the absence of a comprehensive and actionable set
of biomarkers that may be targeted and measured to track the effectiveness of therapeutic interventions. In this study, we
designed a modular ensemble of 21 deep neural networks (DNNs) of varying depth, structure and optimization to predict
human chronological age using a basic blood test. To train the DNNs, we used over 60,000 samples from common blood
biochemistry and cell count tests from routine health exams performed by a single laboratory and linked to chronological
age and sex. The best performing DNN in the ensemble demonstrated 81.5 % epsilon‐accuracy  r = 0.90 with R2 = 0.80 and
MAE  =  6.07  years  in  predicting  chronological  age within  a  10  year  frame, while  the  entire  ensemble  achieved  83.5%
epsilon‐accuracy  r = 0.91 with R2 = 0.82 and MAE = 5.55 years. The ensemble also identified the 5 most important markers
for predicting human chronological age: albumin, glucose, alkaline phosphatase, urea and erythrocytes. To allow for public
testing  and  evaluate  real‐life  performance  of  the  predictor,  we  developed  an  online  system  available  at
http://www.aging.ai. The ensemble approach may  facilitate  integration of multi‐modal data  linked  to chronological age
and sex that may lead to simple, minimally invasive, and affordable methods of tracking integrated biomarkers of aging in
humans and performing cross‐species feature importance analysis. 
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Several “aging clocks” able to predict human 
chronological age using various biomarkers have 
already been proposed. Methylation-based markers such 
as epigenetic aging clocks (Horvath [6] and Hannum 
[7]) are currently the most accurate, while 
transcriptomics [8,9] and metabolomics [10] have 
shown to be less so. Telomere length is commonly used 
to measure senescence but has lower predictive ability 
of human chronological age than IgG N-glycans, 
immunoglobulin G glycosylated at conservative N-
glycation sites [11]. Recent studies show that 
biomarkers of age-related pathologies could be used to 
evaluate senescence modifications based on the 
connection between age-related pathologies at the 
signaling pathway level [12]. 
 
However, most of these biomarkers are not 
representative of the health state of the entire organism 
or individual systems and are not easily measured or 
targeted with known interventions. The common blood 
biochemistry test is one of the simplest tests used by 
physicians to examine the health state of patients. While 
being highly variable in nature, some markers from 
blood biochemistry are sensitive indicators of various 
conditions, such as inflammation and even alcoholism, 
and are approved for clinical use [13, 14]. 
 
Machine learning (ML) techniques, such as support 
vector machines (SVM), are routinely used in 
biomarker development [15] and rapid increases in 
labeled data are enabling deep neural networks (DNNs). 
Methods based on deep architectures have outperformed 
classical approaches not only in image analysis, but also 
in solving a wide range of genomics, transcriptomics 
and proteomics problems [16].  
 
In this study, we apply a deep learning technique for 
predicting human chronological age that utilizes 
multiple DNNs stacked into an ensemble and trained on 
tens of thousands of blood biochemistry samples from 
patients undergoing routine physical examinations.  We 
then use a custom implementation of the permutation 
feature importance (PFI) technique [17] to evaluate the 
relative importance of each blood biochemistry marker 
to ensemble accuracy. We also analyzed the 
performance and accuracy of 40 DNN architectures 
optimized using a variety of optimizers, identified the 
best DNN, and selected 21 DNNs that cumulatively 
provided higher accuracy and ܴଶas an ensemble than 
the best DNN in the ensemble.  
 
RESULTS 
 
To perform this study, we obtained a dataset of 62,419 
anonymized blood biochemistry records, where each 

record consists of a person’s age, sex, and 46 
standardized blood markers through a collaboration 
with one of the largest laboratory networks in Russia, 
Invitro Laboratory, Ltd. We aimed to draw data from 
a reasonably healthy population.  While we did not 
have access to patient records, we selected only blood 
tests from routine health checks, avoiding obvious 
sources of unhealthy patients, such as hospitals, and 
through statistical analysis omitted blood tests with 
outliers.   
 
The generalized project pipeline is depicted in Figure 
1. First, we preprocessed the blood test data set, 
excluding highly biased markers from reference 
ranges, normalizing them for training the DNNs, and 
removing outliers (see Methods for details). The 
resulting data set was split into training and test sets 
comprised of 56,177 and 6242 samples, respectively. 
Then 40 different DNNs were trained on 56,177 blood 
test samples.  
 
Since we treated human age prediction as a regression 
problem, we used two metrics to estimate the 
performance of the method: standard coefficient of 
determination (R2) and ε-prediction (epsilon-
prediction) accuracy (see Methods for details). When 
using epsilon-prediction accuracy, the sample is 
considered correctly recognized if the predicted age is 
in the range of [true age -ε; true age +ε], where ε 
controls the level of certainty in the prediction. So if ε = 
0, then it is a simple classification accuracy. In this 
study, we considered ε = 10. The key advantage of 
using epsilon-prediction accuracy is that it allows 
cohort analysis without fixed age ranges (e.g. 10-20, 20-
30). 
 
The best single DNN performed with 0.80 of R2 and 
82% within the 10 year frame of epsilon-prediction 
accuracy (Figure 2 A & B). Single DNN outperformed 
other ML models such as k-Nearest Neighbors, Support 
Vector Machine, Random Forests, Gradient Boosting 
Machine, etc (Figure 3  & B). 
 
To further increase the coefficient of determination 
and accuracy of predictions, we combined these single 
DNNs into an ensemble based on the stacked 
generalization (Stacking) technique [18]. Stacking is a 
method that fits some ML models on the predictions of 
other models, in our case on the predictions of DNNs. 
Model selection was performed with 10 fold cross-
validation and with the random search strategy for 
finding the best hyperparameters for considered 
models. The experiments with Stacking models 
showed (Figure 4 A & B) that the best ML model was 
ElasticNet. 
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To successfully combine the predictions of DNNs into 
the Stacking ensemble model, the predictions of DNNs 
should closely approximate the target variable and 
differ from one another, or be less correlated. To 
achieve this, DNNs should be trained with different 
hyperparameters, varying in the number of layers, 
counts of neurons in each layer, activation functions, 
regularization techniques, etc. We investigated 40 
DNNs, each unique in terms of hyperparameters. 
Pearson correlations of these DNNs are presented in a 
heat map on Figure 2 F, showing a high degree of 
similarity among many of the networks regarding 
predictions (r approaching 1) but also some major 
distinctions. 
 
To determine how many of these trained DNNs were 
necessary for constructing the Stacking ensemble 
model, we performed an iterative process of adding 
each DNN’s predictions vector into the ensemble. Two 
iterative strategies were employed: adding predictions 
by decreasing R2 of each network, i.e. adding better 
networks considering  R2 earliest  in  the  ensemble,  and  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
increasing the correlation between DNNs, i.e. adding 
less correlated networks first. The results of this assay 
are presented in Figure S2. Both strategies showed that 
no more than 21 DNNs were needed in the ensemble. 
The ensemble resulting from distinguishing the 
correlations of DNNs and ordering the addition of 
DNNs into the ensemble demonstrated R2=0.82 and 
83,5% within a 10 year frame of epsilon-prediction 
accuracy (Figure 2 D & E). 
 
We compared our deep-learned predictor with several 
published epigenetics and transcriptomics markers of 
human age. Surprisingly, despite the fact that we used 
only blood biochemistry data with 41 values for each 
patient, our biomarker outperformed blood 
transcriptomics biomarkers presented by Peters et al 
with R2=0,6 for the best model [8]. Due to the nature of 
the data, epigenetics markers show a stronger 
correlation with chronological age, with R2=0,93 for 
Horvath's methylation clock and R2=0,89 for the 
Hannum et methylation clock [6, 7]. 

Figure 1. Project pipeline. Laboratory blood biochemistry data sets were normalized and cleaned of outliers
and some abnormal markers. For biological age prediction, 21 different DNNs with different parameters were
combined in ensemble based on ElasticNet model. For biological sex prediction, single DNN were trained. 
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Marker importance 
 
In order to analyze the importance of blood test markers 
via neural networks, some wrapper feature (selection) 
importances approaches are required. We used a 
modification of the Permutation Feature Importance (PFI) 
method (see Methods for details). By applying this 
method, one receives  a  list  sorted  by  the  importance  of  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

markers via DNN. This technique has two benefits: 1) it is 
native and simple to interpret and 2) as other wrapper 
methods it relies on DNN performance, which in this case 
is better than other ML models, thus produces more robust 
and meaningful features. Marker importance analysis by 
PFI method, the results of which are presented in Figure 2 
C, reveals the five important markers: albumin, glucose, 
alkaline phosphatase, urea, and erythrocytes. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Analysis of best DNN model in the ensemble and the whole ensemble. (A) Correlation between
actual and predicted age values by the best DNN in the ensemble. (B) Biological age epsilon‐prediction accuracy plot
for  the  best DNN.  (C) Biological  age marker  Importance,  performed  using  FPI method.  (D)  Correlation  between
actual and predicted age values by whole ensemble based on ElasticNet model. (E) Biological age epsilon‐prediction
accuracy plot  for  the ensemble.  (F) Heat map  for Pearson's  correlation  coefficients between 40 DNNs. Scale bar
colors indicate the sign and magnitude of Pearson's correlation coefficient between predictions of DNNs. 
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Top features 
 
We also performed so-called top features analysis, 
which answers how the performance of a single DNN 
will decrease as the number of markers used in the 
model decreases. To select the smaller number of 
markers for training the DNN, the sorted list of all PFI 
scores is used. The results of this analysis for both R2 

and epsilon-prediction accuracy are presented on Figure 
5 A & B. For the top 10 features by PFI, the DNN got 
R2=0.63 and 70% of 10 year frame epsilon-accuracy 
prediction. In practical terms, the fact that this drop in 
performance was so small supports the top 10 markers 
received by PFI as robust and reliable features for 
predicting age. 
 
Use case 
 
To make this deep network ensemble available to the 
public, we placed our system online (www.Aging.AI), 
allowing any patient with blood test data to predict their 
age and sex. In order to validate our approach, we 
collected the blood biochemistry reports that were 
uploaded on the site from 25 January to 15 March 2016.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The total number of collected reports with indicated 
real age was 1,563 samples. Many users expressed no 
desire to specify all 41 parameters of the blood test, so 
we added an option to enter only the 10 most 
important markers. The average number of missing 
values provided by the volunteer testers was 18.5 
markers per person. There are several strategies for 
filling skipped values, including zero, mean, mode and 
median over all values of each marker. Evaluation of 
these 4 strategies on the aging.ai data showed that 
median filling strategy has the best performance in 
terms of both R2 and epsilon-prediction accuracy 
(Figure 4 C & D).  
 
Aging.AI provides a proof of concept for a simple and 
inexpensive blood-based predictor of chronological age, 
which may be used for speculate on the biological age 
of the patient. However, it has many limitations. When 
it comes to developing predictors using deep neural 
networks, one of the major difficulties is building large 
data sets. In this study we were constrained by the 
limited number of features available to us in large 
numbers of blood test results. Some of the features, for 
example globulin fractures, are no longer frequently 

Figure 3. DNNs outperform baseline ML approaches in terms of R2 statistics. DNN were compared with 7 ML 
techniques: GBM (Gradient Boosting Machine), RF (Random Forests), DT (Decision Trees), LR (Linear Regression), kNN
(k‐Nearest Neighbors),  ElasticNet,  SVM  (Support Vector Machines).  (A) GBM  shows  the higher 0,72 R2  among ML 
models for biological age prediction. (B) All ML models have comparable high R2 for biological sex prediction. 
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used in diagnostic medicine and are excluded from the 
newer  standard   tests.  However,   these  features  were  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

present in historical tests available in large numbers and 
were used for training.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Comparison of sub‐models for stacking ensemble and evaluation of filling strategies. (A) ElasticNet model
has the higher epsilon‐prediction accuracy among the stacking models. (B) ElasticNet is the best model for stacking from the point
of R2  statistics.  (C) Median  filling  strategy has higher epsilon‐prediction accuracy  than other  strategies. Median  filling  strategy
shows 64,5 % epsilon accuracy within 10 years frame. (D) Median filling strategy is better from the point of R2 statistics. 
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DISCUSSION 
 
Aging is a complex process and occurs at different rates 
and to different extents in the various organ systems, 
including respiratory, renal, hepatic, and metabolic [19, 
20]. The analysis of relative feature importance within 
the DNNs helped deduce the most important features 
that may shed light on the contribution of these systems 
to the aging process, ranked in the following order: 
metabolic, liver, renal system and respiratory function. 
The five markers related to these functions were 
previously associated with aging and used to predict 
human biological age [21, 22]. Another interesting 
finding was the extraordinarily high importance of 
albumin, which primarily controls the oncotic pressure 
of blood. Albumin declines during aging and is 
associated with sarcopenia [23]. The second marker by 
relative importance is glucose, which is directly linked 
to metabolic health. Cardiovascular diseases associated 
with diabetes mellitus are major causes of death within 
the general population [24].  
 
Our approach of using an ensemble of DNNs 
outperformed other ML models in terms of R2 and 
epsilon-prediction accuracy (Figure 3 A & B).  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Application of DNNs uncovered complex nonlinear 
interactions between markers resulting in robust 
ensemble performance. This ensemble  may also be 
expanded with DNNs trained on different sources and 
types of biological data allowing for complex multi-
modal markers to be created and relative contributions 
of each input analyzed.  
 
Current and future directions of this work include 
adding other sources of features including 
transcriptomic and metabolomics markers from blood, 
urine, individual organ biopsies and even imaging data 
as well as testing the system using data from patients 
with accelerated aging syndromes, multiple diseases 
and performing gender-specific analysis. Similar tests 
may be performed by research teams working on rare 
diseases or working with athletic groups by using 
http://www.Aging.AI system or contacting the authors 
to perform a high-throughput analysis. Developing 
similar systems for model organisms and performing 
PFI analysis may help perform cross-species analysis 
and of the relative importance of individual markers and 
organ systems in predicting chronological and 
biological age. 

Figure 5. Top features analysis. (A) Dependence of the epsilon‐prediction accuracy from the number of features.
(B) Dependence of R2 statistics from the number of features. 
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MATERIALS AND METHODS 
 
Data. Anonymized statistical data of human blood tests 
was kindly provided by an independent laboratory, 
Invitro (www.Invitro.ru). No patient records were used 
in the study. In total, the data contains 62419 records 
where each record consists of person’s age and 46 
standardized blood markers, such as Glucose, 
Cholesterol, Alpha-1-globulins, etc. (Table S1) 
Histograms of human age for training sets and 
descriptive statistics of top 10 blood markers used in the 
research are depicted in the Figure S1 A.  
 
One can see from the Figure S1 B that minimum and 
maximum values of each marker are far distributed 
from their normal range values. This distribution 
reflects patients’ tendencies to self-report symptoms and 
test their health with professional health-care services 
only in complex cases, which affects their health 
condition and thus test results [25]. Moreover, we found 
that there were no patients that could be considered as 
healthy and who have blood test values within a 
reference range. The most frequently abnormal markers 
in the distribution were white blood cell count markers: 
basophils, abs., eosinophils, abs., lymphocytes abs. 
monocytes, abs,  neutrophils, abs.   These types of test 
provide the total number (absolute number, abs.) of 
white blood cells in blood microliter. Here, this routine 
analysis was conducted using a hematology automated 
analyzer, which counts cells precisely with low error 
rate [26]. In this case, these aberrant values of markers 
are more likely linked to the major function of white 
blood cells; immune function, infections, allergies, 
smoking [27] or even sleep duration [28] could affect 
the rate of white blood cells. Additionally, recent 
studies show a connection between metabolic diseases 
such as diabetes and range of white blood cells [29, 30].  
For this reason, levels of basophils, eosinophils, 
lymphocytes, monocytes and neutrophils are extremely 
variable in the general population. To prevent DNN 
predictions from being highly biased with respect to 
abnormal ranges of blood markers, we excluded these 5 
markers. Processed data was presented in a tabular 
format of 62419 rows and 42 columns (age and sex + 41 
markers). 
 
Then, specifically for training deep neural network, we 
normalized all blood markers to 0-1 range by using the 
formula: 

ܺ0ି1 ൌ
ܺ െ ܺ

ܺ௫ െ ܺ
 

 
where ܺ is the origin values of each blood marker, ܺ 
and ܺ௫are its minimum and maximum, respectively 
and ܺ0ି1 is the marker within 0-1 range. 

We split the data to the training and test sets with 90/10 
ratio. Thus, the size of training and test sets were 56177 
and 6242 samples, respectively. The DNN was built by 
adjusting its hyperparameters (such as a number of 
layers, activation function, etc.) on the training set and 
measuring the performance of the trained neural 
network on the test set.  The comparison of 
performances of 6 best DNNs with different values of 
hyperparameters is depicted on Table S1. All 
experiments were conducted on Nvidia Tesla K80 
graphics processing unit. 
 
There are two reasons why in the study we treated the 
prediction of human age as a regression problem: 1) age 
has natural order, so it is an order variable and 2) one 
may be interested in the difference in values of the 
markers with difference in ages, which is the natural 
way to perform the analysis of marker influence. In this 
case, it was better to use regression instead of 
classification methods. 
 
So, in all evaluations 4 metrics were measured:  
 which is a Pearson’s correlation coefficient ,ݎ .1

defined as: ݎ ൌ ∑ ሺ௫ି௫ҧሻሺ௬ି௬തሻಿ
సభ

ට∑ ሺ௫ି௫ҧሻమಿ
సభ ට∑ ሺ௬ି௬തሻమಿ

సభ

; where  ݔ is 

real value and ݔҧ is the mean of ݕ  ,ݔ is predicted value 
and  ݕത is the mean of ݕ, and ܰ is number of samples. 
2. ܴ2, which is a standard coefficient of 

determination defined as: ܴ2 ൌ ∑ ሺ௬ିሻమಿ
స1
∑ ሺ௬ି௬തሻమಿ
స1

; where ݕ is 

the real value, ݂ is the predicted value and ݕത is the 
mean of  ݕ. 
3. Mean absolute error (MAE), which is defined 
as ܧܣܯ ൌ ଵ

ே
∑ | ݂ െ |ேݕ
ୀଵ ; where ݂ is a prediction of 

the model, ݕ is a true value and N is a number of 
samples. 
ߝ :prediction accuracy defined as-ߝ .4 െ

݊݅ݐܿ݅݀݁ݎ ൌ
∑ ଵಿ
స1 ಲሺሻ

ே
; where A is ሾݕ െ ;ߝ ݕ   ;ሿߝ

 is a ߝ is the real value, ݂is the predicted value andݕ
parameter that controls the range of correctness of 
predictions. So for example if ߝ is 10 and the true value 
of age is 45 the deep neural network correctly 
recognized sample if it is in the [35, 55] range. 
 
Feature importance method. The idea behind the 
algorithm stemmed from the feature randomization 
technique used in Random Forest (RF) [31]. PFI 
computes significance scores for all features by 
determining the accuracy of a model to random 
permutations of the values of those feature variables. 
The main underlying assumption is that permuting the 
values of important features results in a more significant 
reduction in a model's performance compared to the 
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effect of less important ones. But when cross-validation 
is not performed, one should improve the robustness of 
the method.  
 
To do this, we shuffled each feature ݇ times and then 
computed the average PFI score for the feature, 
concretely the PFI score for one feature is defined as 
follows: 
௧௨ܫܨܲ ൌ ܴ௧௧ଶ െ ଵ

ே
∑ ܴ௦௨ଶே
ୀଵ ; where ܴ௧௧ଶ  is 

a total ܴଶ for the model without any permutations and 
ܴ௦௨ଶ  is a ܴଶ for the model with permutated feature 
permutated feature and K is a parameter that controls 
how many times the feature is permutated. 
 
Note that PFI is a wrapper method, so it would 
significantly depend on applying ML model, but 
because DNNs show better performance than other ML 
models, it was suitable for the problem. 
 
Architecture of DNN. We used simple feed-forward 
neural networks trained with the standard 
backpropagation algorithm as our deep (more than 3 
layers) learning models. For each DNN in the resulting 
ensemble, multiple hyperparameters were adjusted, 
including the number of hidden layers, the number of 
neurons in each layer, choice of activation function, 
choice of optimization method, and regularization 
techniques. The table with experiments of different 
hyperparameters for the DNNs are presented in Table 
S1. 
 
The best DNN in the ensemble had 5 hidden layers with 
2000, 1500, 1000, 500, and 1 neurons in each, 
respectively. The last layer, with one neuron, 
corresponds to regression output. The optimization loss 
function was simple mean squared error (MSE) with 
regularization terms. The DNN used PReLU activation 
function [32] in each layer, AdaGrad [33] as optimizer 
of the loss function, Dropout [34] with probability of 
0.2 after each layer, and l2 weight decay [35]. To 
further cope with over fitting and make more stable 
convergence of models, we used Batch normalization 
technique [36] after the first 2 layers. 
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Abstract: Purpose: Age induces a progressive decline in functional reserve and impacts cancer treatments. Telomere 
attrition leads to tissue senescence. We tested the hypothesis that telomere length (TL) could predict patient vulnerability 
and outcome with cancer treatment.  
Patients and methods: An ancillary study in the Elderly Women GINECO Trial 3 was performed to evaluate the impact of
geriatric  covariates  on  survival  in  elderly  advanced  ovarian  cancer  patients  receiving  six  cycles  of  carboplatin.  TL was
estimated from peripheral blood at inclusion using standard procedures.  
Results: TL (in base pairs) was estimated for 109/111 patients (median 6∙1 kb; range [4∙5‐8∙3 kb]). With a cut‐off of 5∙77 kb,
TL discriminated  two patient groups,  long  telomere  (LT) and short  telomeres  (ST), with significantly different  treatment
completion  rates of 0∙80  (95%CI  [0∙71‐0∙89]) and 0∙59  (95%CI  [0∙41‐0∙76]),  respectively  (odds  ratio  [OR]=2∙8, p=0∙02). ST
patients were at higher risk of serious adverse events (SAE, OR=2∙7; p=0∙02) and had more unplanned hospital admissions
(OR=2∙1; p=0∙08). After adjustment on FIGO stage, TL shorter  than 6 kb was a  risk  factor of premature death  (HR=1∙57;
p=0∙06).  
Conclusion:  This  exploratory  study  identifies  TL  as  predictive  factor  of  decreased  treatment  completion,  SAE  risk,
unplanned hospital admissions and OS after adjustment on FIGO stage. 
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INTRODUCTION 
 
Aging is associated with a progressive decline in the 
functional reserve of multiple organ systems [1]. Given 
that the process of aging is heterogeneous, this decline 
should ideally be assessed individually and care of an 
elderly person adapted accordingly rather than solely on 
the basis of chronological age. Such assessments are 
currently entirely clinical, based on a geriatric 
evaluation.  
 
During normal ageing, the gradual loss of telomeric 
DNA in dividing somatic cells contributes to replicative 
senescence [2]. Importantly, this telomere length 
dynamics plays an important signaling role in 
determining cell fate during aging and cancer [3]. There 
is growing evidence linking pathologic aging to 
telomere shortening in prospective studies recruiting 
elderly patients, although there is some controversy 
associated with this research. Patients with shorter 
telomeres tend to develop more functional disabilities 
[4], have increased cognitive loss [5], higher 
cardiovascular morbidity [6], more degenerative 
diseases [7] and higher mortality [8].  
 
In an oncologic context, the impact of aging on a 
patient’s survival is challenged by the nature of the 
tumor itself, which in turn means a differential impact 
of geriatric covariates on overall survival (OS). In 1997, 
the French National Group of Investigators for the 
Study of Ovarian and Breast Cancer (GINECO) 
established a research program focused on the treatment 
of ovarian cancer in elderly women. The feasibility of 
carboplatin-cyclophosphamide and standard carboplatin 
AUC5-paclitaxel protocols in patients over 70 years of 
age was demonstrated in two studies [9,10], with 
treatment completion rates of 76% and 68% 
respectively [10]. A multivariate analysis performed in 
a non-randomized retrospective review of these trials 
reported a significant negative impact of various 
geriatric covariates on survival [10]. A prospective trial, 
the Elderly Woman GINECO Trial 3, was thus initiated 
to evaluate the impact of geriatric covariates on survival 
in elderly patients with advanced ovarian cancer treated 
with six cycles of carboplatin AUC5. A geriatric 
vulnerability score (GVS) was developed which 
segregates patients into two groups with significantly 
different outcomes in terms of treatment completion 
rates and risk of treatment toxicities (serious and severe 
adverse events, unplanned hospital admissions, [11]). 
 
An ancillary study was envisaged in the original design 
of the GINECO Trial 3 with a working hypothesis that 
telomere biology influences patients' future outcomes 
and may correlate with a clinical geriatric assessment. 

The results reported here pinpoint an association 
between short TL, treatment tolerance and completion 
in ovarian cancer patients. 
 
RESULTS 
 
An overall decrease in telomere length with age in 
the patient cohort used in this study 
 
Duplicate telomere length (TL) distribution 
measurements were performed on blood samples from 
109 of the 111 patients included between August 2007 
and January 2010. Patient characteristics and outcome 
of the geriatric assessment are shown in Table 1. 
Median follow-up was 16·4 months (range 0·2-49·6). 
 
TL ranged from 4·52 to 8·33 kilobases (kb) with a mean 
of 6·05 kb (SD 0·71 kb). A weak inverted linear 
correlation with age was demonstrated, with every 1-
year increase in age associated with a 26-base pair 
decrease in mean TL, with a R² ratio of 0·0341 (Figure 
1). 
 
Longer TL in patients that completed their 
treatment and exhibited a better tolerance 
 
Since treatment completion is considered a meaningful 
short-term marker of patient outcome, we analyzed for a 
possible correlation between TL distribution and the fact 
that patients completed their treatment. In order to 
analyze variations in the non-gaussian distributions of 
human TL, we segregated the patients according to TL 
quartiles (Table 2). Patients with telomeres longer than 
6·54 kb had a 52% higher chance of treatment 
completion than those with telomeres shorter than 5·77 
kb (95%CI: 1·00-2·32, P=0·04). Thus, we can identify 
two groups of patients with different treatment 
completion rates according to their TL distribution: 80% 
(95%CI: 71% to 89%) in the group with telomeres longer 
than 5·77 kb (LT group) versus 59% (95%CI: 41% to 
76%) in the group with shorter telomeres (ST group, 
P=0·02).  
 
Using the same cut-off of 5·77 kb, TL segregates the 
same two groups (i.e., ST vs LT) as having different 
outcomes in terms of tolerance. Serious adverse events 
were significantly more frequent in the ST group, with 
an odds ratio of 2·7 (P=0·02). Unplanned hospital 
admissions and grade 3-4 non-hematological toxicity 
also tended to be more frequent (Table 3). No 
significant difference between TL groups could be 
identified in terms of hematological toxicity, however 
blood cell counts were only routinely evaluated 1 day 
prior to chemotherapy. 
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Figure 1. Telomere length repartition according to age.

Figure 2. Overall survival by TL groups, adjusted for FIGO stage. 
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Correlation between TL distribution and overall 
survival 
 
A survival analysis using Cox proportional hazards was 
conducted in order to evaluate the impact of telomere 
length on survival (Figure 2). Reasons for death were 
the most frequently related to cancer progression (105 
patients), 2 patients died from treatment toxicity (septic 
shock), 4 from other reasons (colic perforation: 1; 
pulmonary embolism: 1, suspicion of pulmonary 
embolism: 1, major depression and denutrition: 1). 
After adjustment on FIGO stage (IV versus III), TL less 
than 6·00 kb was identified as a risk factor for 
premature death, with an HR of 1·57 (95%CI: 0·98 to 
2·51, P=0·06). This pejorative trait staid robust in 
different models including FIGO stage and age [HR = 
1·58 (95%CI: 0·99 to 2·53, P=0·06)], FIGO stage and 
GVS ≥ 3  [HR = 1·56  (95%CI: 0·97  to  2·49, P=0·07)]  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
and FIGO stage, GVS ≥ 3 and age [HR = 1·57 (95%CI: 
0·98 to 2·53, P=0·06)] (Supplementary table 1). 
 
A tendency towards correlation between TL and 
geriatric vulnerability parameters 
 
We then tested the correlation between TL groups and 
geriatric vulnerability groups using the Geriatric 
Vulnerability Score [11]. Patients displaying at least 
three geriatric vulnerability parameters had a 2·94-fold 
higher risk of mortality in a univariate analysis (95%CI 
1·79-4·84, P <0·0001) and this was 2·89-fold in a 
multivariate analysis after adjustment for FIGO stage 
(95%CI 1·74-4·78, P<0·0001). Despite the absence of a 
significant correlation with patients' characteristics 
except age (Supplementary table 2) and any of the 
individual geriatric vulnerability parameters, TL groups 
and geriatric vulnerability groups showed a tendency 
towards correlation (P=0·08, Table 3). 
 

Table 1. Patient and disease characteristics and geriatric assessment 
 
 N of patients (%) 
Median age in years (range) 78 (70-93) 

≥80 years 44 (40·3) 
Performance status (ECOG) ≥2 51 (46·8) 
Tumor assessment  

FIGO stage IV 38 (34·9) 
Complete primary cytoreduction 18 (16·5) 

Geriatric assessment  
≥3 comorbidities 26 (23·9) 
N comedications  

1-3 32 (29·4) 
4-6 44 (40·4) 
≥7  30 (27·5) 

Functional assessment  
ADL score <6 60 (55·0) 
IADL score <25 76 (69·7) 

Nutritional assessment  
Albuminemia  <35 g/L 64 (58·8) 
BMI <21 kg/m² 24 (22·0) 

Lymphocyte count <1 G/L 27 (24·8) 
Psychocognitive assessment  

MMS score <25 32 (29·4) 
HADS score >14 40 (36·7) 
GDS score >10 39 (35·6) 

ADL: Activities of Daily Living; IADL: Instrumental Activities of Daily Living; BMI: 
Body Mass Index; ECOG: Eastern Cooperative Oncology Group; GDS: Geriatric 
Depression Scale; HADS: Hospital Anxiety and Depression Scale; MMS: Mini-
Mental Scale 
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DISCUSSION 
 
This analysis was planned as an ancillary study in the 
prospective multicentric Elderly Woman GINECO Trial 
3. The working biological hypothesis - identifying TL 
as a putative prognostic biomarker in elderly cancer 
patients - was based on the pooled results of two prior 
studies, Elderly Woman GINECO Trials 1 and 2. In a 
retrospective multivariate analysis of overall survival 
(OS), several factors - FIGO stage IV, use of paclitaxel, 
age, emotional disorders and lymphopenia - were 
significantly associated with an increased risk of 
premature death ([10] and unpublished data).  Moreover,  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
a significant correlation was also shown between 
emotional disorders and lymphopenia. TL shortening, 
previously shown to correlate with age [13,14], lifestyle 
stress [15] and survival [10], is considered to be both an 
actor and a witness of the pathologic aging process. The 
myeloid skewing of hematological progenitors that 
accompanies aging [16] and telomere dysfunction 
[17,18] could explain why there is an increasing amount 
of clinical data proposing lymphopenia as a marker of 
pathologic aging [19].  
 
In previous epidemiological cohorts, a correlation was 
observed between TL and lifespan [8,20,21], aging 

Table 3. TL repartition of vulnerability criteria and clinical end points between 
 

Observed risk:  
short/long telomere 

group 
95% CI P-value 

Treatment completion 0·36 0·15-0·87 0·020 

Serious Adverse Events 2·69 1·17-6·19 0·019 
Unplanned hospital admissions 2·14 0·92-4·95 0·076 
Grade > 3 non-hematological toxicity  2·04 0·88-4·71 0·095 
Grade > 3 hematological toxicity 1·32 0·58-3·00 0·51 
Geriatric vulnerability parameters :   
ADL score < 6 1·78 0·77-4·12 0·17 
IADL score < 25 1·31 0·53-3·22 0·56 
HADS score >14 1·89 0·82-4·33 0·13 
Albuminemia <35 g/L 1·27 0·55-2·90 0·57 
Lymphocytes <1 x 109/L 1·76 0·71-4·36 0·22 
Geriatric vulnerability score   
GVS ≥3 2·06 0·90-4·70 0·08 

Table 2. Association between telomere length parameters and patient outcomes 
 

 Telomere length Odds ratio for 
treatment 

completion 
(95%CI) 

P-value Hazard ratio for death 
(95%CI) 

(adjusted for FIGO 
stage)  

P-
value 

 
TL mean 6·05 kb 0·56 (0·22-1·27) 0·15 1·42 (0·88-2·29) 0·15 
TL median 6·00 kb 0·50 (0·21-1·2) 0·11 1·57 (0·98-2·51) 0·06 
TL quartiles 1·50 (1·01-2·23)  0·04 0·82 (1·67-1·01) 0·07 
 <5·77 kb 0·36 (0·15-0·87) 0·02 1·49 (0·91-2·44) 0·12 

5·77-6·06 kb 1·60 (0·54-4·74) 0·38 1·02 (0·59-1·77) 0·94 
6·06-6·54 kb 1·28 (0·46-3·58) 0·64 0·97 (0·55-1·72) 0·91 

>6·54 kb 2·08 (0·65-6·67) 0·19 0·62 (0·34-1·14) 0·12 
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associated diseases [7], and OS in healthy subjects [22]. 
These findings are of limited clinical use since 
associations only appear when large cohorts are 
investigated and the predictive value on an individual 
basis is poor. TL in blood leucocytes has also gained 
considerable interest as a potential biomarker of cancer 
risk, and direct measurement of TL and telomerase 
activity in tumors are considered to be cancer prognosis 
markers [23, 24]. 
 
To our knowledge, this study is the first to investigate 
the impact of TL on treatment feasibility as an 
individual risk factor.  In spite of a relatively small 
patient sample size (111 patients), we were able to 
control several putative biased errors typically 
associated with TL measurement in clinical trials [25-
27]. All patients were female, post-menopausal, almost 
exclusively Caucasian and fell into a narrow age bracket 
(70 to 93 years). According our biologic working 
model, the impact of TL shortening was expected to be 
challenged by the competition between tumor-related 
and host-related covariates on patients' outcomes. Due 
to the context of the trial, the study did not include any 
external reference, as for example TL samples from 
non-cancer elderly patients, that would have evaluated 
the impact of the tumor itself on TL. 
 
Despite these constraints, in this particular oncologic 
context of ovarian cancer, our results reveal a clear 
correlation between TL and patient immediate 
outcomes. Indeed, TL distribution identified a subgroup 
of elderly patients with short telomeres who have a 
lower probability of completing treatment and a higher 
risk of severe adverse events and unplanned 
hospitalization [28]. However, the translation to clinical 
practice of these results might be difficult for the 
following reasons. Firstly and as usually for TL 
analyses, the cut-off between short and long telomeres 
were made a posteriori, being highly dependent on the 
technical conditions and the population studied. 
Moreover, different cut-offs separated the immediate 
outcomes (treatment completion, severe adverse events, 
unplanned hospital admissions) and the risk of 
premature death. Secondly, TL remained less 
discriminating than the GVS, based on simple clinical 
tests and routine bioassays, for immediate outcomes and 
survival. Finally, TL was estimated using the gold 
standard technique, namely the mean length terminal 
restriction fragments. Even if this technique is highly 
feasible, it is time-consuming and difficult to implement 
in routine analysis. In this respect, many of large 
epidemiological cohort analyses have preferred an 
alternative method of TL estimation, namely 
quantitative PCR [29,30]. However, this alternative 
technique suffers from a number of technical 

disadvantages, notably a high coefficient of variation 
and a lack of good reference standards, making it 
difficult to evaluate absolute TL [31]. Studies in mouse 
models have revealed that the number of dysfunctional 
telomeres is a more accurate factor than mean telomere 
length in the evolution of tissue pathology during aging 
[32]. Thus, evaluation of blood markers of 
dysfunctional telomeres [33] appear to be a promising 
method for telomere biology analysis in clinical trials 
[34, 35]. 
 
In conclusion, our study demonstrates a correlation 
between telomere length and patient outcomes in an 
oncogeriatric context [34]. This finding opens the way 
for future work aimed at identifying telomere 
biomarkers which can be implemented in routine 
practice for outcome prediction as well as on the 
evaluation of the impact of cancer treatment - mainly 
chemotherapy - on biomarkers of aging.  
 
MATERIALS AND METHODS 
 
Study design. The Elderly Woman GINECO Trial 3 
was an open-label phase II multicentric trial approved 
by the Independent Ethics Committee of Lyon 
University Hospital (EUDRACT No. 2006-005504-13). 
The study design, population and assessments have 
been described elsewhere [1]. Written informed consent 
was obtained from each patient and included 
authorization for collection of a blood sample for TL 
measurement. Patients were treated with up to six 
cycles of carboplatin AUC5 (5 mg/mL/min for 30 min 
every 3 weeks). In this ancillary study, TL at inclusion 
was evaluated, along with the impact of TL on patient 
outcome and the correlation between TL and geriatric 
covariates.  
 
Patient population. Eligible patients were ≥70 years old, 
with a life expectancy ≥3 months, and histologically or 
cytologically proven epithelial FIGO stage III-IV 
ovarian cancer. Cytology consistent with ovarian cancer 
was considered sufficient if associated with both a 
CA125 rise and a radiological pelvic mass. Patients 
were considered ineligible if they had any prior 
malignancy except basal cell carcinoma or carcinoma in 
situ of the cervix or urinary bladder, prior chemo- or 
radiotherapy, serious medical or psychiatric illness that 
might affect treatment, major disturbance of hepatic 
parameters (alanine aminotransferase or aspartate 
aminotransferase >3 times the upper limit of normal, total 
bilirubin >2 times the upper limit of normal), severe renal 
insufficiency (creatinine clearance <30 mL/min), or 
abnormal hematological parameters (neutrophils <1·5 x 
109/L, platelets <100 x 109/L). Patients with planned 
interval debulking surgery were also excluded. 
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Assessments. A multidimensional pre-inclusion 
geriatric assessment was performed at baseline. Data 
concerning the patient’s medical charts, nutrition, 
functionality and an extensive psychocognitive 
assessment were collected, including comorbities, 
comedications, body mass index (BMI), serum albumin 
levels, and functional scores for Activities of Daily 
Living (ADL), Instrumental ADL (IADL), Geriatric 
Depression Scale (GDS), Hospital Anxiety and 
Depression Scale (HADS), and the Mini-Mental Scale 
(MMS).  
 
Patient outcomes of treatment completion rate (defined 
as receiving six courses of chemotherapy without 
premature discontinuation for death, treatment toxicity 
or tumor progression), survival, serious adverse events, 
unplanned hospital admissions, and grade ≥3 toxicities 
were recorded.  
 
The GVS was calculated for each patient as described 
previously [11]. This score is the addition of the 
following geriatric vulnerability parameters: ADL score 
<6, IADL score <25, HADS score >14, albuminemia 
<35 g/L, and lymphopenia <1 x 109/L. 
 
Measurement of telomere length. A blood sample was 
collected at inclusion. DNA extraction was performed 
within 14 days using the PAXgene Blood DNA System 
(PreAnalytix GmbH, Hombrechtikon, Switzerland) 
according to the manufacturer's instructions. DNA 
integrity was assessed by electrophoresis on 1·0% 
agarose gels. DNA samples (4µg) were digested 
overnight with the restriction digest set Hinf1 (33 U) 
/Rsa1 (33 U) (New Englands Biolabs, France) and 
resolved using field inversion electrophoresis (FIGE) on 
FIGE Mapper System (Bio-Rad Life Science, France).  
Briefly, samples were precipited, resuspended in 12µl 
of H20 and run on 1% pulse field grade agarose gel 
(20cm x 13cm) containing 0·5X TBE at room 
temperature for 13h. The switch time ramp was between 
0·1 and 0·5s (linear shape) with forward and reverse 
voltages of 160 and 100 V, respectively. A combination 
of two DNA molecular weight size standards was run 
on each gel : l Mix Marker 19 that spans  48·5 – 1·5kb 
and MassRuler™ DNA Ladder mix that spans 10 – 
0·08kb (Thermo Scientific  Molecular Biology Inc., 
France) and used to establish a standard curve 
(molecular size as a function of migration distance). 
Digested DNA were blotted to N+ Hybond membrane 
(GE Healthcare, France) by capillary transfer using 
SCC 20× transfer buffer and then UV cross-linked. 
Hybridization was carried out overnight at 65°C in 
hybridization buffer (0·5M NaPO4 pH7·2, 7% SDS, 
0·1% BSA, 1mM EDTA) containing a digoxigenin 
(DIG)-labeled probe specific for telomeric repeats (400 

bp of repeated 5′-T2AG3-3′ motif). Membranes were 
then washed twice at room temperature in 2X SSC, 
0·1% SDS (5min) and twice at 50°C in 0·2X SSC, 
0·1% SDS (25min). Chemiluminescence detection was 
carried out according to TeloTAGGG Telomere Length 
Assay (Roche Applied Science, France) instructions. 
Telomeric Restriction Fragments (TRF) 
chemiluminescence signals were captured using a LAS-
3000 Imager (FujiFilm Life Science, France) and 
images were processed using ImageJ software 
(http://rsb.info.nih.gov/ij/). The optical densities (OD) 
versus mean TRF length were calculated according to 
the formula (Σ ODi/ Σ(ODi/MWi), where ODi is the 
chemiluminescent signal and MWi is the length of the 
TRF at position i ([13] and Supplementary figure 1). 
Measurements were performed on each sample at least 
twice in different gels and the mean was used for 
statistical analyses. Pearson's correlation coefficient for 
duplicates was 0·74, with an average coefficient of 
variation for pair sets of 7·3%. The laboratory 
conducting the TL measurement was blinded to all 
patient characteristics. 
 
Statistical analyses. The sample size of 110 patients was 
calculated on the basis of the primary objective of the 
main part of the study (to confirm the impact of 
psychogeriatric covariates on OS) as reported elsewhere 
[12]. TL was analyzed both as a continuous ordinal 
variable and a categorical variable. For the former 
analysis, non-parametric two-sample Wilcoxon rank-
sum tests were performed to evaluate the impact of TL 
on patient outcome. For the latter analysis, TL was 
transformed into quartiles, categorized into TL groups 
(shorter vs longer) and introduced as a dichotomous 
trait into linear regression models and Cox's 
proportional-hazards regression models. Different cut-
offs were used based on the outcome under 
consideration. Survival curves were estimated using the 
Kaplan-Meier method and OS models were adjusted for 
FIGO stage (IV versus III). Odd ratios (ORs) and 
hazard ratios (HRs), 95% confidence intervals (CIs), 
and p values (P) were calculated. Analyses were 
performed using R statistical package (R Foundation for 
Statistical Computing, Austria) and Splus, version 6·2 
(Insightful Corp., WA, USA). 
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INTRODUCTION 
 
Unlike normal healthy fibroblasts, aged or senescent 
fibroblasts are pro-tumorigenic [1]. Cellular damage, 
which is widely considered to be the general cause of 
aging, occasionally may provide cells with abnormal 
advantages that can eventually give rise to cancer. Thus, 
cancer and aging are two different faces of the same 
underlying process: the accumulation of cellular 
damage in cells and tissues over the years, which 
eventually become senescent.  Indeed,  accumulation  of 
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senescent cells has been detected after examination of 
aged tissues, and it contributes to tissue degeneration 
during aging [1]. Whether senescence of the stroma is 
sufficient to initiate tumorigenesis still remains unclear.  
However, senescent cells can have profound effects on 
the surrounding microenvironment, through the 
expression and secretion of a range of pro-inflammatory 
factors, which is known as the senescence-associated 
secretory phenotype (SASP). The onset of SASP may 
help explain the increased tumor incidence observed in 
aged individuals [2].  
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Abstract: Cancer  cells  grow  in  highly  complex  stromal  microenvironments,  which  through  metabolic  remodelling,
catabolism, autophagy and  inflammation nurture  them and are able  to  facilitate metastasis and  resistance  to  therapy.
However,  these  changes  in  the metabolic  profile  of  stromal  cancer‐associated  fibroblasts  and  their  impact  on  cancer
initiation, progression and metastasis are not well‐known. This  is  the  first study  to provide a comprehensive proteomic
portrait of the azathioprine and taxol‐induced catabolic state on human stromal fibroblasts, which comprises changes  in
the  expression  of  metabolic  enzymes,  myofibroblastic  differentiation  markers,  antioxidants,  proteins  involved  in
autophagy, senescence, vesicle trafficking and protein degradation, and  inducers of  inflammation. Interestingly, many of
these features are major contributors to the aging process. A catabolic stroma signature, generated with proteins found
differentially up‐regulated  in taxol‐treated  fibroblasts, strikingly correlates with recurrence, metastasis and poor patient
survival in several solid malignancies. We therefore suggest the inhibition of the catabolic state in healthy cells as a novel
approach to improve current chemotherapy efficacies and possibly avoid future carcinogenic processes. 
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The tumour stroma comprises the majority of the 
neoplastic mass and is mainly composed of fibroblasts 
[3]. Nevertheless, our comprehension of the tumour 
microenvironment is rather limited in comparison with 
that of cancer cells. The emergence of a reactive 
microenvironment via metabolic stress and 
inflammation fuels cancer cells, enables tumour growth 
and invasion, and leads to treatment failure [3-10]. 
However, the mechanisms by which the metabolic 
remodelling of cancer-associated stromal fibroblasts 
(CAFs) regulates the evolution of malignancy or even 
may control the susceptibility of incompletely 
transformed cells to become fully malignant are not 
fully understood.  
 
We have previously established that exposure to anti-
cancer agents independently drives metabolic stress and 
catabolism, autophagy, senescence, myofibroblastic 
differentiation and production of the pro-inflammatory 
cytokine Interleukin 6 (IL6) in human stromal 
fibroblasts in vitro (Figure 1) [11]. Thus, according to 
our model, chemotherapy promotes the same effects in 
stromal fibroblasts as their interaction with cancer cells, 
the so-called catabolic tumour stroma phenotype, which 
creates an energy-rich, pro-inflammatory niche ideal for 
cancer development and possibly initiation. 
 
Despite the significant number of markers and secreted 
proteins already related to CAFs, there is little evidence 
of the contribution of chemotherapy-induced CAF 
transformation to metastasis or the growth of a second 
primary tumour after therapy. Indeed, only one report 
links secretion of factors associated with inflammation 
and cancer progression in therapy-damaged senescent 
fibroblasts with de novo tumorigenesis [12]. Thus, 
novel biomarkers are required to improve the prediction 
of recurrence, metastasis and, in particular, the 
prediction of therapy-related carcinogenesis. So far, 
there is one study investigating transcriptomic changes 
in stromal fibroblasts upon chemotherapeutic treatment, 
but none investigating phenotypic changes by 
proteomics [11]. Azathioprine and taxol (paclitaxel) are 
drugs widely used in chemotherapy for a variety of 
cancers and in particular taxol is used as the first-line 
chemotherapeutic agent for ovarian cancer [13-15]. In 
this study, we describe a strategy based on a label-free 
quantitative proteomic profiling of fibroblasts obtained 
after treatment with azathioprine or taxol, which allows 
us to measure numerous markers of the CAF phenotype. 
Likewise, the data presented here attempt to identify 
novel biomarkers of the catabolic remodelling in human 
stromal fibroblasts that are associated with 
chemoresistance, metastasis and second primary 
tumours by reporting their impact on cancer survival.  
The expression of several over-expressed proteins found 

in taxol-treated fibroblasts that are involved in 
metabolism, antioxidant response, autophagy, vesicle 
trafficking, protein degradation and myofibroblastic 
transformation correlate with poor prognosis in 
chemotherapy-treated breast, lung, gastric and ovarian 
cancer patients. We conclude that a strategy that targets 
constituents of the tumour microenvironment in 
combination with conventional chemotherapy may help 
improving treatment efficacy and avoiding the growth 
of future malignancies. 
 
RESULTS  
 
To identify differentially regulated proteins upon 
chemotherapeutic treatment, hTERT-BJ1 fibroblasts 
were exposed for 48 h to either vehicle or sub-lethal 
concentrations of azathioprine (100 µM) or taxol (100 
nM) (Figure S1), and cell lysates were subject to label-
free quantitative proteomics. Following protein 
digestion with trypsin, peptide fractions were processed 
on an LTQ-Orbitrap XL mass spectrometer. The 
experimental workflow used for the present study is 
depicted in Figure 2. Those peptides identified were 
further analyzed to find proteomic changes between 
chemotherapy-treated and vehicle-treated fibroblasts. 
To define differential regulation, those identified 
proteins that showed a fold change difference of 1.15 or 
higher, and p values of <0.05 (ANOVA) compared to 
vehicle were considered. In the azathioprine-treated 
fibroblasts, 1640 proteins were identified as 
differentially expressed, from which 779 were up-
regulated and 861, down-regulated. In the taxol 
treatments, 2967 proteins were found as differentially 
expressed compared to vehicle, from which 1624 were 
up-regulated and 1343, down-regulated (Figure 3A).  
 
To obtain additional functional insights into pathways 
that are differentially regulated in stromal fibroblasts 
upon treatment, bioinformatics analyses of our 
proteomics datasets were conducted. All differentially 
expressed proteins were analysed using Ingenuity 
Pathway Analysis (IPA) to seek altered canonical 
pathways and toxicity functions. IPA was able to 
analyse 633 proteins out of 1640 in the azathioprine-
treated fibroblasts, and 841 out of 2967 proteins in the 
taxol-treated fibroblasts. We further examined the 
subcellular distribution and the nature of these 
differentially regulated proteins in azathioprine and 
taxol-treated fibroblasts. Over 80% of all proteins 
analyzed were intracellular, in particular cytoplasmic 
proteins (Figure 3B). Likewise, the largest portion of 
classified proteins, accounting for one fourth of all 
analysed proteins, were enzymes, over 8% of all 
proteins were transporter proteins, and over 7% were 
transcription regulators (Figure 3C). Finally, a  comparison 
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analysis revealed that 352 proteins were differentially 
regulated in both treatment conditions compared to 
vehicle (Figure 3D). 
 
Cellular pathways affected by chemotherapy in 
stromal fibroblasts 
 
1. Metabolism 
 
One of the major contributors to the aging process is 
mitochondrial dysfunction, which involves a decrease in 
the oxidative phosphorylation efficacy and an increase 
in the electron leakage resulting in reduced ATP 
generation [17]. Similarly, one of the hallmarks of the 
catabolic tumour stroma is the induction of metabolic 
stress that favours glycolysis to the detriment of 
mitochondrial metabolism. We have showed in a 
previous study that several chemotherapeutic agents, 
including azathioprine and taxol were able to stimulate 
stromal fibroblasts to consume more glucose and 
produce more lactate, which was released via enhanced 
MCT4 expression, hence increasing extracellular 
acidification (Figure 1). The cellular ATP content was 
also minor upon treatment suggesting a decrease in 
mitochondrial respiration [11].  
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Workflow  for  the comparative proteome analysis
of hTERT‐BJ1 fibroblasts treated with azathioprine, taxol or
vehicle. Protein  lysates were obtained  from hTERT‐BJ1  fibroblasts 
after  48  h  treatment with  azathioprine,  taxol  or  vehicle.  Peptides
obtained after trypsin digestion were analysed via LC‐MS/MS on an 
LTQ‐Orbitrap  XL  mass  spectrometer.  Label‐free  quantitative
proteomics  was  used  to  detect  changes  in  protein  abundances
across  vehicle‐treated  and  drug‐treated  fibroblast  extracts.  The
proteomics data sets were further analysed using Ingenuity Pathway
Analysis and a cancer survival analysis tool (kmplot.com). 

Figure  1.  Chemotherapy  induces  the 
catabolic  tumour  stroma  phenotype.  ROS 
production  and  DNA  damage  induced  by 
chemotherapy  generate  oxidative  stress  to 
stromal cells, which  in turn brings about several 
changes  in  them  such  as  differentiation  into 
CAFs, activation of HIF1α, NFkB, TGFβ, STAT3 or 
JNK/AP1  signalling  pathways,  switch  to  aerobic 
glycolysis  and  loss  of  functional  mitochondria, 
acquisition  of  an  autophagic  and  senescent 
phenotype,  and  release  of  pro‐inflammatory 
cytokines.  Thus,  these  stromal  fibroblasts 
acquire the catabolic tumour stroma phenotype. 
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Figure 3. Overview of proteins and pathways  identified as differentially  regulated  in  the  lysates of azathioprine‐
treated and taxol‐treated fibroblasts relative to vehicle by Ingenuity Pathway Analysis. (A) Volcano plot representation
of protein abundance changes in hTERT‐BJ1 fibroblasts upon treatment with azathioprine and taxol compared to vehicle treatment.
A total of 1640 differentially regulated proteins with fold changes ≥ 1.15 and p values < 0.05 were identified in azathioprine‐treated
fibroblasts,  and  2967  differentially  regulated  proteins  in  taxol‐treated  fibroblasts.  X  axis  represents  log2(fold  change).  Y  axis
represents ‐log(p value). Non‐significantly regulated proteins are shown in grey, in green, significantly down‐regulated proteins and
in red, significantly up‐regulated proteins. (B) Subcellular  localization of differentially regulated proteins  identified  in azathioprine
and taxol treatments compared to vehicle treatment. (C) Classification of differentially regulated proteins identified in azathioprine
and taxol treatments by type. Cellular enzymes account for 22.04% and 25.40% of total differentially regulated proteins identified
in  azathioprine  treatment  and  taxol  treatment,  respectively.  (D)  Overlap  of  differentially  regulated  proteins  identified  in
azathioprine and taxol treatments compared to vehicle treatment. Of all proteins identified by quantitative proteomics, 352 were
proteins  the  expression  of which was  found  altered  in  both  treatments  compared  to  vehicle.  (E)  Canonical  pathways  and  (F)
upstream regulators identified or predicted as altered in both treatment conditions compared to vehicle. A positive z score is indicated
in orange and points towards an activation of the pathway, and a negative z score, in blue, indicates an inhibition of the pathway. 
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To validate that chemotherapy-induced glycolytic 
phenotype and to identify other cellular metabolic 
pathways potentially altered by chemotherapy, we 
searched the proteomic data for  changes  in  the  expres- 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
sion of metabolic enzymes. Of all differentially 
regulated proteins, 22.04% and 25.40% were actually 
enzymes in azathioprine-treated and taxol-treated 
fibroblasts, respectively (Figure 3C).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 1. Changes in the expression of enzymes involved in glucose metabolism after treatment with 
azathioprine and taxol for 48 h as measured by quantitative proteomics. 
 

GLYCOLYSIS Azathioprine Taxol
Solute carrier family 2 (facilitated glucose transporter), member 1 
(GLUT1) SLC2A1 ↑ 1.18 

 

Hexokinase 
HK1  ↑ 1.43 
HK2 ↑ 2.46  

Glucose-6-phosphate isomerase  GPI  ↓ 1.27 
6-phosphofructokinase type C PFKP  ↑ 1.56 
Fructose-bisphosphate aldolase A ALDOA ↑ 2.10 ↓ 11.58 
Glyceraldehyde-3-phosphate dehydrogenase GAPDH ↑ 1.90 ↑ 1.89 
Triosephosphate isomerase 1 TPI1   ↑ 1.33 
Phosphoglycerate kinase 1 PGK1  ↓ 1.58 

Phosphoglycerate mutase 
PGAM1  ↓ 1.38 
PGAM4 ↓ 1.45  

Enolase 1 ENO1 ↓ 1.37  
Pyruvate kinase  PKM  ↑ 1.65 
POST-GLYCOLYSIS PROCESSES Azathioprine Taxol
L-lactate dehydrogenase A chain  LDHA ↓ 1.47 ↓ 1.46 
Monocarboxylate transporter 4 (MCT4) SLC16A3  ↑ 2.21 
Pyruvate dehydrogenase  PDHB ↓ 1.20 ↓ 1.40 
GLUCONEOGENESIS Azathioprine Taxol
Glucose-6-phosphate isomerase  GPI ↓ 1.27 

 Aldolase A, fructose-bisphosphate ALDOA ↑ 2.10 ↓ 11.57 
 Glyceraldehyde-3-phosphate dehydrogenase GAPDH ↑ 1.90 ↑ 1.89 
 Phosphoglycerate kinase 1 PGK1 ↓ 1.58 

 Phosphoglycerate mutase  
PGAM1 ↓ 1.38 
PGAM4 ↓ 1.45 

 Enolase 1 ENO1 ↓ 1.37 

 Malate dehydrogenase 
MDH1 ↓ 1.80 
MDH2 ↓ 1.23 

 Malic enzyme 2, NAD(+)-dependent, mitochondrial ME2 ↓ 1.62 
PENTOSE PHOSPHATE PATHWAY  Azathioprine Taxol

Glucose-6-phosphate dehydrogenase 
G6PD ↓ 2.03 ↑ 2.69 
H6PD ↑ 1.46 

6-phosphogluconolactonase PGLS ↑ 1.54 
Phosphogluconate dehydrogenase PGD ↓ 1.57 
Transketolase TKT ↓ 1.88 
Transaldolase TALDO ↑ 2.13 
HEXOSAMINE BIOSYNTHESIS PATHWAY Azathioprine Taxol
Glutamine-fructose-6-phosphate transaminase 1 GFPT1 ↑ 1.36 
Glucosamine-6-phosphate deaminase 1 GNPDA1 ↑ 2.46 
Chemotherapy  increased  the expression of  several enzymes  involved  in glycolysis, pentose phosphate pathway, and 
hexosamine biosynthesis. Enzymes that show amplified expression after treatment are shown in red, and enzymes that 
are  decreased  are  shown  in  green.  Number  indicates  the  fold  increase  or  fold  decrease  in  protein  expression  in 
chemotherapy‐treated versus vehicle‐treated hTERT‐BJ1 fibroblasts.
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The expression of most glycolytic enzymes was 
significantly altered (Table 1). Interestingly, most of the 
glycolytic enzymes that were found to be up-regulated 
are enzymes that perform an irreversible reaction in the 
glycolytic pathway and all down-regulated enzymes are 
reversible  enzymes,  able  to  perform  the  opposite  re- 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
action, hence also involved in gluconeogenesis. 
Curiously, LDHA, the enzyme involved in transforming 
pyruvate into lactate was found to be down-regulated in 
both treatments suggesting that pyruvate was further 
processed into the TCA cycle instead of being 
transformed into lactate.  
 

Table 2. Changes in the expression of enzymes involved in mitochondrial glucose metabolism after treatment with 
azathioprine and taxol for 48 h as measured by quantitative proteomics. 
 

TCA CYCLE Azathioprine Taxol
Citrate synthase, mitochondrial  CS ↓ 1.52 
Aconitate hydratase  ACO2 ↑ 1.41 ↓ 1.23 
Dihydrolipoyl dehydrogenase DLD ↓ 1.48 
Alpha-ketoglutarate dehydrogenase complex dihydrolipoyl 
succinyltransferase  DLST ↓ 1.23 ↓ 1.70  

2-oxoglutarate dehydrogenase OGDH ↓ 1.37 
Beta-succinyl CoA synthetase SUCLA2 ↓ 1.25 
Succinate dehydrogenase complex SDHA ↓ 2.43 

SDHB ↓ 1.51 
Fumarate hydratase FH ↓1.27 

Malate dehydrogenase  
MDH1 ↓ 1.80 
MDH2 ↓ 1.22 

OXIDATIVE PHOSPHORYLATION Azathioprine Taxol

NADH dehydrogenase (complex I) 

NDUFV1  ↑ 1.54 
NDUFV2  ↓ 1.45 
NDUFS1  ↓ 1.73 
NDUFS7  ↓ 1.31 

NDUFB10  ↓ 1.29 
Succinate dehydrogenase complex (complex II) SDHA ↓ 2.43 
 SDHB ↓ 1.51 

Coenzyme Q – cytochrome c reductase (complex III) 
CYCS  ↓ 1.61 

UQCRC1  ↓ 1.42 
UQCRB  ↑ 1.62 

Cytochrome c  oxidase (complex IV) 

COX17  ↓ 2.00 
COX6C  ↓ 1.62 

COX6A1 ↑ 1.47  

COX5A  ↓ 1.39 
COX5B ↑ 1.37  

ATP synthase (complex V) 

ATP5A1 ↓ 1.51 ↓ 1.16 
ATP5F1 ↓ 1.70 ↓ 1.51 
ATP5H ↑ 1.56  
ATP5J ↑ 1.36  
ATP5B  ↑ 2.36 

Taxol  treatment  remarkably  decreased  the  expression  of  enzymes  of  the  TCA  cycle  and  oxidative  phosphorylation. 
Enzymes that show increased expression after treatment are shown in red, and enzymes that are decreased are shown 
in green. Number  indicates  the  fold  increase or  fold decrease  in protein expression  in chemotherapy‐treated versus 
vehicle‐treated hTERT‐BJ1 fibroblasts. 
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Figure 4. Taxol treatment alters several cellular metabolic pathways and induces autophagy and senescence in hTERT‐
BJ1 fibroblasts. (A) Summary of changes observed in the expression of numerous metabolic enzymes after treatment with taxol for
48 h, as measured by quantitative proteomics. Taxol treatment increased the expression of enzymes involved in glycolysis, pentose
phosphate,  and  hexosamine  biosynthesis  and  lipid  synthesis  pathways  in  detriment  of  those  involved  in  gluconeogenesis  and
mitochondrial metabolism  (TCA  cycle,  oxidative  phosphorylation,  and mitochondrial  β–oxidation).  Enzymes  that  show  amplified
expression after taxol treatment are shown in red, and enzymes that are decreased are shown in green. Cellular metabolic pathways
that may be up‐regulated are boxed  in  red, and  those  that may be down‐regulated are boxed  in green.  (B) Summary of  changes
observed in the expression of numerous autophagy and senescence‐related proteins after treatment with taxol for 48 h, as measured
by quantitative proteomics. Taxol amplified  the expression of proteins  involved  in  senescence, autophagy, mitophagy and vesicle
formation and trafficking. Proteins that show increased expression after treatment are shown in red. (C) Ingenuity Pathway Analysis
of azathioprine and taxol‐treated hTERT‐BJ1 fibroblasts predicted p53, TFEB and CCL5 to be activated in these cells. 
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Table 3. Changes in the expression of Nrf2-target proteins and other proteins involved in the antioxidant response 
after treatment with azathioprine and taxol for 48 h as measured by quantitative proteomics and indicated by IPA 
analysis. 
 

NRF2-MEDIATED ANTIOXIDANT RESPONSE Azathioprine Taxol 

 ATP-binding cassette, sub-family C (CFTR/MRP),    member 1 ABCC1 ↓ 2.34 

 Actin, alpha 2, smooth muscle, aorta ACTA2 ↑ 1.34 ↑ 1.78 

 Actin, beta ACTB ↑ 1.30 

 Actin, alpha, cardiac muscle 1 ACTC1 ↑ 1.75 ↑ 1.20 

 Carbonyl reductase 1 CBR1 ↑ 1.29 

 Chaperonin containing TCP1, subunit 7 (eta) CCT7 ↑ 2.89 

 DnaJ (Hsp40) homolog 

DNAJA1 ↑ 1.61 ↓ 9.61 

DNAJB11 ↓ 1.34 

DNAJC8 ↓ 1.79 ↓ 1.58 

DNAJC13 ↓ 4.30 

 Epoxide hydrolase 1, microsomal (xenobiotic) EPHX1 ↑ 2.06 

 Ferritin, light polypeptide FTL ↑ 1.61 ↑ 6.97 

 Glutathione S-transferase 

GSTK1 ↑ 1.34 

GSTO1 ↑ 1.57 

GSTP1 ↓ 1.53 

Heme oxygenase (decycling) 1 HMOX1 ↑ 4.48 ↑ 2.83 

 Mitogen-activated protein kinase 3 MAPK3 ↑ 1.54 

 Peptidylprolyl isomerase B (cyclophilin B) PPIB ↑ 1.60 ↑ 1.36 

 Peroxiredoxin 1 PRDX1 ↑ 1.68 

 Protein kinase C, alpha PRKCA ↑ 1.96 

 Related RAS viral (r-ras) oncogene homolog RRAS ↑ 2.44 

 Superoxide dismutase 1, soluble SOD1 ↑ 1.48 

 Superoxide dismutase 2, mitochondrial SOD2 ↑ 1.69 ↓ 1.87 

 Sequestosome 1 SQSTM1 ↑ 3.50 

 Thioredoxin TXN ↑ 2.75 

 Thioredoxin reductase 1 TXNRD1 ↑ 2.66 

Valosin-containing protein VCP ↓ 1.29 

ANTIOXIDANTS (OTHER) Azathioprine Taxol 

Aminopeptidase N ANPEP ↑ 1.78 ↑ 1.56 

Glutaredoxin-1 GLRX ↑ 1.25 

Glutathione peroxidase  GPX8 ↓ 1.85 
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Figure  5.  Pathway  analysis  of  differentially
expressed  proteins  in  hTERT‐BJ1  fibroblasts
treated with  azathioprine  or  taxol  compared  to
vehicle‐treated  cells.  Ingenuity  Pathway  Analysis
showed canonical pathways significantly altered by
the proteins differentially expressed  in hTERT‐BJ1
fibroblasts  treated with azathioprine or  taxol  (P <
0.05). The p value for each pathway is indicated by
the bar and is expressed as ‐1 times the log of the
p  value.  Green  coloured  bars  show  a  predicted
inhibition of  the pathway  (z  score  <‐1.9)  and  red
coloured bars indicate a predicted activation of the
pathway (z score >1.9). 

Peroxidasin PXDN ↑ 3.57 

Peroxiredoxin 

PRDX4 ↑ 1.50 

PRDX5 ↑ 1.33 

PRDX6 ↓ 1.23 
Chemotherapy mostly  increased  the expression of proteins  involved  in antioxidant  response, mainly  in  taxol‐treated 
fibroblasts. Proteins that show amplified expression after treatment are shown in red, and proteins that are decreased 
are shown in green. Number indicates the fold increase or fold decrease in protein expression in chemotherapy‐treated 
versus vehicle‐treated hTERT‐BJ1 fibroblasts. 
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Nevertheless, LDH is an enzyme that exhibits feedback 
inhibition, by which high lactate concentrations can 
suppress it. In fact, MCT4, the monocarboxylate 
transporter responsible for the secretion of lactate, turned 
out to be up-regulated in taxol-treated hTERT-BJ1 cells, 
and regarding the further processing of pyruvate into 
acetyl-CoA and the citric acid (TCA) cycle, the 
expression of practically all enzymes were found to be 
down-regulated in taxol-treated fibroblasts compared to 
vehicle indicating a dramatic down-regulation of 
mitochondrial metabolism. A similar down-regulation 
trend was observed in numerous proteins involved in all 
oxidative phosphorylation complexes (Table 2) and 
mitochondrial function proteins (Table S1). Finally, 
several enzymes involved in mitochondrial fatty acid β-
oxidation were also identified as down-regulated, and a 
few enzymes involved in fatty acid biosynthesis, up-
regulated (Table S2). Other metabolic changes included 
enzymes of the oxidative pentose phosphate pathway, 
responsible for the generation of antioxidant power 
(NADPH), the hexosamine  synthesis  pathway,  account- 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

able for the production of amino sugars used for the 
synthesis of glycoproteins, glycolipids and 
proteoglycans, and a few enzymes involved in the 
generation of ketone bodies (Table 1 and 5). Figure 4A 
summarises all changes observed in the expression of 
metabolic enzymes in taxol-treated fibroblasts and their 
contribution to different cellular metabolic pathways. 
 
IPA revealed glycolysis, gluconeogenesis and pentose 
phosphate pathway as altered canonical pathways in 
both azathioprine and taxol treatments. Similarly, IPA 
revealed mitochondrial dysfunction, TCA cycle, and 
PPARα/RXRα activation, responsible for ketone body 
production and fatty acid metabolism, as two of the top 
canonical pathways affected by both treatments, and 
oxidative phosphorylation and fatty acid β-oxidation, as 
altered pathways also in taxol-treated cells (Figure 5 
and Table S5). The toxicity impact of both drugs 
extensively involved mitochondrial dysfunction and 
damage, and also fatty acid metabolism and 
PPARα/RXRα activation (Figure 6 and Table S6).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure  6.  Toxicity  effects  of  differentially  expressed  proteins  in  hTERT‐BJ1  fibroblasts  treated  with
azathioprine or taxol compared to vehicle‐treated cells.  Ingenuity Pathway Analysis showed  toxicity  functions
significantly enriched by the proteins differentially expressed in hTERT‐BJ1 fibroblasts treated with azathioprine or taxol
(P < 0.05). The p value for each pathway is indicated by the bar and is expressed as ‐1 times the log of the p value. 
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Table 4. Changes in the expression of proteins involved in myofibroblastic transformation and muscle-related 
proteins after treatment with azathioprine and taxol for 48 h as measured by quantitative proteomics. 
 

CANCER-ASSOCIATED FIBROBLAST AND MUSCLE-RELATED PROTEINS Azathioprine Taxol
Actin, alpha, cardiac muscle ACTC1 ↑ 1.75 ↑ 1.20 
Actin, alpha 2, aortic smooth muscle (αSMA) ACTA2 ↑ 1.34 ↑ 1.78 
Caldesmon CALD1  ↑ 2.49 

Calponin 
CNN1  ↑ 2.76 
CNN2 ↑ 1.81 ↑ 2.76 
CNN3 ↓ 1.28 ↑ 2.46 

Desmin DES ↑ 1.21 ↓ 1.79 
Dysferlin DYSF ↑ 1.24 
Fibroblast activation protein FAP ↑ 1.74 ↑ 1.56 
Fibronectin 1 FN1 ↑ 2.02 ↑ 2.03 

Filamin 
FLNA ↓ 1.92 ↑ Infinity 
FLNB ↓ 1.23  

FLNC  ↑ 1.56 
Moesin MSN ↑ 1.37 ↑ 1.60 
Myoferlin MYOF ↑ 4.15 ↑ 1.95 

Myosin 

MYH4  ↑ 1.62 
MYH9 ↑ 1.64  

MYH10 ↑ 1.37  

MYH11 ↑ 1.47 ↑ 1.90 
MYH14 ↓ 3.06  

MYO1B  ↓ 1.72 
MYO1C ↑ 2.21 ↑ 1.59 
MYO10 ↑ 1.37  

MYO18B ↓ 1.50 ↑ 2.62 
Myosin, light polypeptide kinase MYLK  ↑ 1.88 
Myosin phosphatase Rho interacting protein  MPRIP  ↑ 1.45 

Myosin regulatory light polipeptides 
MYL6 ↑ 1.33 ↑ 1.74 
MYL9  ↑ 1.77 

MYL12A  ↑ 2.21 
Palladin PALLD  ↑ 3.88 
Platelet-derived growth factor receptor, beta PDGFRB  ↑ 1.59 

Prolyl 4-hydroxylase 
P4HA1  ↑ 3.14 
P4HA2 ↓ 1.32 ↓ 2.50 
P4HB ↓ 1.76  

Talin 

TLN1 ↑ 1.46 ↑ 2.95 
TLN2 ↓ 1.80  
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To recapitulate, the previously identified chemotherapy-
induced metabolic stress in stromal fibroblasts is clearly 
detected by quantitative proteomics and it represents not 
only an increase in glycolysis and a reduction in 
mitochondrial function, as observed in our previous 
study, but also affects other metabolic pathways, 
including hexosamine synthesis and pentose phosphate 
pathways, fatty acid metabolism and ketogenesis.  
 
2. Antioxidant response and stress-related pathways 
 
Another feature of the catabolic tumour stroma is the 
induction of oxidative stress, which can be induced by 
chemotherapy in cancer cells and also healthy tissues 
(Figure 1) [18, 19]. Particularly, we previously showed 
increased ROS production and antioxidant response in 
hTERT-BJ1 fibroblasts after treatment with taxol [11]. 
We have seen in this study that several enzymes of the 
oxidative branch of the pentose phosphate pathway, 
which is responsible for the generation of antioxidant 
power (NADPH), were up-regulated in chemotherapy-
treated stromal fibroblasts. Thus, we sought for other 
antioxidant response proteins in the proteomics datasets. 
The expression of numerous proteins involved in Nrf2-
mediated antioxidant response and other antioxidant 
proteins was significantly altered, in most cases up-
regulated (Table 3), suggesting an activation of the 
pathway in both azathioprine and taxol-treated hTERT-
BJ1 fibroblasts, although it was found to be notably 
higher in taxol-treated cells.  
 
A higher presence of antioxidant response proteins was 
further confirmed using IPA, which revealed Nrf2-
mediated antioxidant response to be one of the top 
canonical pathways affected by azathioprine and taxol 
treatments, although z score values demonstrated a 
significant activation of  this  pathway  exclusively  in  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
taxol-treated fibroblasts. Similarly, taxol-treated cells 
showed altered glutathione and thioredoxin antioxidant 
pathways (Figure 3E and 5, and Table S5). The toxicity 
of these chemotherapeutic drugs also involved oxidative 
stress. HIF signalling, which is activated in response to 
stress and a central player in the regulation of cellular 
metabolism, was also identified as a toxic effect of 
azathioprine treatment (Figure 6 and Table S6), and had 
been previously identified as activated in hTERT-BJ1 
fibroblasts treated with azathioprine and taxol [11]. 
Thus, proteomics analysis clearly detects an activation 
of the antioxidant response after treatment with 
chemotherapy. 
 
3. Myofibroblastic differentiation 
 
Cancer-associated fibroblasts are commonly identified 
by their expression of alpha smooth muscle actin 
(αSMA) [20] (Figure 1). Indeed, we previously showed 
up-regulation of αSMA by immunoblotting in taxol-
treated hTERT-BJ1 [11]. Quantitative proteomics 
profiling of azathioprine and taxol-treated hTERT-BJ1 
fibroblasts also revealed a significantly higher presence 
of αSMA and many other myofibroblastic markers, 
such as fibroblast activation protein (FAP) or vimentin, 
as well as muscle-related proteins compared to the 
vehicle-treated control (Table 4).  
 
Myofibroblasts are mostly responsible for the presence 
of fibrosis [21], and the toxicity functions of these 
chemotherapeutic drugs involved tissue fibrosis, as 
analysed by IPA (Figure 6 and Table S6). Therefore, 
chemotherapy can independently induce the 
differentiation of hTERT-BJ1 fibroblasts into cancer-
associated fibroblasts, which can be detected by a 
numerous increase of myofibroblastic markers in 
quantitative proteomics analysis.  
 

 

    

Transgelin 2 TAGLN2  ↑ 1.93 

Tropomyosin 

TPM1 ↓ 2.63 ↓ 4.23 
TPM2 ↑ 1.24  

TPM3 ↑ 1.43  

TPM4  ↑ 2.12 
Vimentin VIM ↑ 1.72 ↑ 1.76 
Chemotherapy enormously  increased  the expression of proteins  involved  in CAF  transformation. Proteins  that  show 
amplified expression after treatment are shown  in red, and proteins that are decreased are shown  in green. Number 
indicates  the  fold  increase  or  fold  decrease  in  protein  expression  in  chemotherapy‐treated  versus  vehicle‐treated 
hTERT‐BJ1 fibroblasts. 
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4. Autophagy and senescence 
 
Autophagy and senescence represent a common 
response to stresses such as exposure to DNA-damaging 
exogenous cytotoxic agents, including chemotherapy or 
radiation [22, 23]. Indeed our previous study indicated 
that azathioprine and taxol induce autophagic vesicle 
formation and increase β-galactosidase activity in 
stromal fibroblasts [11]. Thus, to further examine 
changes in autophagy and senescence upon 
chemotherapeutic exposure,  the  differential  expression  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
of several autophagy, mitophagy and lysosomal markers 
was analysed using the proteomics datasets. Numerous 
autophagy and senescence markers such as 
sequestrosome 1, also known as p62, cathepsin B or the 
lysosomal enzyme β-galactosidase were found to be up-
regulated in either azathioprine or taxol treatments 
(Table 5). In addition, DNM1L, a protein involved in 
mitochondrial fission, was up-regulated in taxol-treated 
hTERT-BJ1 fibroblasts, and OPA1, a protein involved 
in mitochondrial fusion, was down-regulated in 
azathioprine-treated cells. Likewise, VAT1, a vesicle 

Table 5. Changes in the expression of autophagy, mitophagy and senescence markers and ketogenesis enzymes 
after treatment with azathioprine and taxol for 48 h as measured by quantitative proteomics. 
 

AUTOPHAGY MARKERS Azathioprine Taxol

Cathepsin 
CATB ↑ 1.56 ↑ 1.55 

CATD  ↑ 1.62 

Lysosomal-associated membrane protein 1 LAMP1 ↑ 1.55  

Microtubule-associated protein 1 light chain 3 beta MAP1LC3B  ↑ 1.58 

Sequestrosome 1 (p62) SQSTM1  ↑ 3.50 

MITOPHAGY MARKERS Azathioprine        Taxol 

Dynamin-1-like protein (fission) DNM1L  ↑ 1.71 

Dynamin-like 120 kDa protein, mitochondrial (fusion) OPA1 ↓ 1.44  

LYSOSOMAL PROTEINS (OTHER) Azathioprine Taxol

Cation-dependent mannose-6-phosphate receptor M6PR  ↑ 2.38 
Cation-independent mannose-6-phosphate receptor IGF2R ↑ 3.58 ↑ 1.88 

Galactosidase, beta 1 GLB1 ↑ 1.53  

Late endosomal/lysosomal adaptor, MAPK and mTOR activator 
1 LAMTOR1 ↑ 1.85 

 

Lysosome membrane protein 2 SCARB2 ↑ 1.63 ↑ 1.49 
N-acetylglucosamine-6-sulfatase  GNS  ↑ 1.43 
Prenylcysteine oxidase 1 PCYOX1  ↑ 1.55 
Prosaposin PSAP ↑ 2.21 ↑ 2.13 

KETOGENESIS Azathioprine Taxol

Hydroxyacyl-CoA dehydrogenase 

HADH ↓ 1.43 

HADHA ↓ 1.57 

HADHB ↑ 1.36 

3-Hydroxymethyl-3-methylglutaryl-CoA lyase HMGCL ↑ 1.67 
Chemotherapy incremented the expression of proteins involved in autophagy and senescence. Proteins that show 
increased expression after treatment are shown in red, and proteins that are decreased are shown in green. Number 
indicates the fold increase or fold decrease in protein expression in chemotherapy-treated versus vehicle-treated hTERT-
BJ1 fibroblasts. 
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membrane protein that inhibits mitochondrial fusion, 
was up-regulated in both treatments, suggesting that 
mitophagy might be also activated in response to 
chemotherapy (Table 5 and Table S3).  
 
During autophagy, protein and lipid degradation occur, 
the latter leading to the generation of ketone bodies. A 
long list of up-regulated proteins involved in vesicle 
formation and trafficking, in protein ubiquitination 
pathway and proteasomal degradation, and a few 
enzymes involved in ketogenesis were also identified 
(Table 5, S3 and S4). The boost in vesicle formation and 
trafficking proteins could explain the greater presence of 
enzymes involved in fatty acid synthesis and hexosamine 
biosynthesis (Figure 4A and Table 1 and S2). The 
observed effects of taxol treatment on autophagy, 
mitophagy and senescence are summarised in Figure 4B. 
 
IPA analysis confirmed an alteration of ketogenesis in 
fibroblasts exposed to azathioprine (Figure 5 and Table 
S5). IPA also showed a robust inhibitory effect of 
azathioprine and taxol on EIF2 signalling, responsible for 
protein synthesis, as measured by z score, and also 
revealed an alteration in the regulation of eIF4 and 
p70S6K signaling and in the protein ubiquitination 
pathway. Finally, PPARα/RXRα activation, Rho, 
caveolar and clathrin-mediated signalling pathways, all 
involved in vesicle trafficking and motility, and the 
mTOR signalling, known for its role in autophagy, mito-
chondrial metabolism and lipid metabolism, as well as 
cytoskeleton dynamics, were some of the top canonical 
pathways altered by chemotherapy, (Figure 3E, 5, and 
Table S5). Interestingly, p53,  known  mediator  of  senes- 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

cence, was predicted to be activated in both azathioprine-
treated and taxol-treated hTERT-BJ1 cells according to 
IPA, and TFEB, a transcriptor factor that coordinates the 
expression of lysosomal hydrolases, membrane proteins 
and genes involved in autophagy, was also predicted to 
be activated by taxol treatment (Figure 3F and 4C). Our 
previous study also reported an increased expression of 
p53 in hTERT-BJ1 fibroblasts treated with azatioprine 
and taxol by immunoblotting [11]. 
 
Thus, quantitative proteomics analysis reveals a higher 
presence of markers of autophagy and senescence and 
proteins involved in protein degradation and vesicle 
trafficking in hTERT-BJ1 fibroblasts, upon treatment.  
 
5. Inflammation  
 
Senescent cells dramatically alter their secretome, 
enriching it with pro-inflammatory cytokines and matrix 
metalloproteinases.  This senescence-associated 
secretory phenotype (SASP) can lead to chronic 
inflammation, which is a hallmark of aging [17]. 
Stromal fibroblasts secrete inflammatory cytokines 
when in contact with cancer cells [24]. Chemotherapy is 
also able to induce cytokine production in healthy 
tissues [12], and in particular taxol treatment induces 
IL6 secretion in stromal fibroblasts (Figure 1) [11]. 
STAT3, a known inducer of inflammation in response 
to stress [25, 26] was found significantly up-regulated 
in both azathioprine (1.69 fold increase) and taxol 
treatments (2.35 fold increase) relative to vehicle. 
STAT3 signalling was found to be activated in response 
to taxol also in our previous study [11]. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table  6.  Proteins of the catabolic stroma signature and their contribution to CAF transformation, metabolism, 
antioxidant response, autophagy and vesicle trafficking. 
 

CATABOLIC STROMA SIGNATURE Taxol Process 

 Ubiquitin-like modifier activating enzyme 1 UBA1 ↑ 2.36 Protein degradation 

 26S protease regulatory subunit 8  PSMC5 ↑ 3.17 Protein degradation 

 Cation-independent mannose-6-phosphate receptor IGF2R ↑ 1.88 Autophagy 

Synaptic vesicle membrane protein VAT-1 VAT1 ↑ 2.44 Vesicle trafficking / oxidoreductase 
/inhibits mitochondrial fusion 

Heme oxygenase (decycling) 1 HMOX1 ↑ 2.83 Antioxidant / oxidoreductase 

Calponin 2 CNN2 ↑ 2.76 Myofibroblastic differentiation 

Talin 1 TLN1 ↑ 2.95 Myofibroblastic differentiation 

Glucosamine-6-phosphate deaminase 1 GNPDA1 ↑ 2.46 Carbohydrate metabolism 

Glucose-6-phosphate dehydrogenase G6PD ↑ 2.69 
Carbohydrate metabolism /generates 

antioxidant power 

Fatty acid synthase FASN ↑ 1.77 Fatty acid metabolism 
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Figure 7. Clinical correlations of UBA1 expression and the UBA1, PSMC5, IGF2R, VAT1, HMOX1, CNN2, TLN1, GNPDA1,
G6PD and FASN signature in chemotherapy‐treated breast cancer patients. (A) Correlations of UBA1 expression with relapse‐
free survival, distant metastasis‐free survival and overall survival  in breast cancer.  (B) Correlations of  the catabolic stroma signature
with  relapse‐free  survival,  distant  metastasis‐free  survival  and  overall  survival  in  breast  cancer.  All  graphs  are  calculated  using
microarray data from 425, 122 and 69 chemotherapy‐treated breast cancers, respectively, determined using an online survival analysis
tool. Kaplan‐Meier correlations are plotted for high (above median, in red) and low (below median, in black) gene expression. 
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Figure 8. Clinical correlations of UBA1 expression and the UBA1, PSMC5, IGF2R, VAT1, HMOX1, CNN2, TLN1, GNPDA1,
G6PD and FASN signature  in chemotherapy‐treated  lung, gastric and ovarian cancer patients.  (A) Correlations of UBA1 
expression with overall survival in lung and gastric cancer, and with progression‐free survival in ovarian cancer. (B) Correlations of the 
catabolic stroma signature with overall survival  in  lung and gastric cancer, and with progression‐free survival  in ovarian cancer. All 
graphs are calculated using microarray data from 176 chemotherapy‐treated lung cancers, 153 5‐FU‐based adjuvant therapy‐treated 
gastric  cancers,  and  229  paclitaxel‐treated  ovarian  cancers,  determined  using  an  online  survival  analysis  tool.  Kaplan‐Meier 
correlations are plotted for high (above median, in red) and low (below median, in black) gene expression. 

  
www.impactaging.com                     831                                    AGING, October 2015, Vol. 7 No.10



Interestingly, several pathways involved in the 
inflammatory process such as IL8, acute phase 
response, leukocyte extravasation or Fcγ receptor-
mediated phagocytosis signalling were amongst altered 
canonical pathways in both azathioprine-treated and 
taxol-treated hTERT-BJ1 cells relative to vehicle, 
according to IPA. N-formyl-Met-Leu-Phe (fMLP) 
signalling was also found to be altered in taxol-treated 
fibroblasts (Figure 3E and 5 and Table S5). Most of 
these pathways were clearly activated in taxol-treated 
fibroblasts as indicated by z score values, suggesting an 
induction of the inflammatory response in 
chemotherapy-treated stromal fibroblasts. Likewise, the 
chemokine (C-C motif) ligand 5 (CCL5 or RANTES), 
which plays a role in recruiting leukocytes into 
inflammatory sites, was identified as an upstream 
regulator in both treatments, particularly activated in 
taxol-treated fibroblasts (Figure 3F and 4C). Finally, 
acute phase response, which occurs soon after the onset 
of an inflammatory process, was identified as one of the 
toxic effects of both drugs (Figure 6 and Table S6). 
Therefore, pathway analysis of the proteomics results 
indicates an induction of the inflammatory response in 
stromal fibroblasts after exposure to chemotherapy. 
 
Differentially up-regulated proteins in taxol-treated 
fibroblasts correlate with recurrence, metastasis and 
poor cancer survival 
 
To further investigate the clinical implications of our 
proteomics datasets, we decided to test the impact of 
over-expressed proteins in taxol-treated hTERT-BJ1 
fibroblasts in cancer prognosis. To do so, we used an 
on-line survival analysis tool that uses microarray gene 
expression data from multiple studies on breast, 
ovarian, lung and gastric cancer [16], which was 
suitable to our purpose since taxol is a 
chemotherapeutical drug currently used as therapy for 
most of these malignancies. Only those proteins with a 
fold change difference of 1.75 or higher and p values of 
<0.05 (ANOVA) compared to vehicle were used for 
survival analyses. The expression of several proteins 
was found to correlate with survival in breast, ovarian, 
gastric and lung cancer patients. In particular, high 
expression of ubiquitin-like modifier activating enzyme 
1 (UBA1), implicated in protein catabolism and 
degradation, showed a striking correlation with poor 
relapse-free survival, distant metastasis-free survival 
and overall survival in breast cancer patients previously 
treated with chemotherapy (425, 122 and 69 patients, 
respectively) (Figure 7A). The same correlation was not 
observed when patients who did not receive systemic 
treatment were considered (1000, 533 and 375 patients, 
respectively) (Figure S2A). Similarly, high expression 
of UBA1 correlated with poor overall survival in lung 

and gastric cancer patients previously treated with 
chemotherapeutic drugs (176 and 153 patients, 
respectively), and with progression-free survival in 
ovarian cancer patients particularly treated with 
paclitaxel (229 patients) (Figure 8A). Once more, the 
correlation was lost when patients who did not receive 
systemic treatment were considered in lung cancer (227 
patients) or when patients who underwent only surgery 
were examined in gastric cancer (174 patients) (Figure 
S3A). No data from untreated ovarian cancer patients 
was available.  
 
A taxol-induced catabolic stroma signature was created 
comprising UBA1, and other proteins representative of 
the catabolic CAF-like phenotype, including PSMC5, 
and VAT1, involved in catabolism and vesicle 
trafficking, several metabolic enzymes including FASN, 
G6PD and GNPDA, an autophagy marker, IGF2R, the 
oxidoreductase HMOX1, and myofibroblastic markers 
including CNN2 and TLN1. See Table 6 for details and 
abundances of these proteins in taxol-treated fibroblasts. 
That catabolic stroma signature showed a strong 
correlation with survival in treated patients (Figure 7B 
and 8B), whereas that correlation was not seen in non-
treated patients (Figure S2B and S3B). Hence, the over-
expression of proteins upon treatment with taxol is 
strongly linked to poor survival, treatment failure and 
metastasis in breast, lung, gastric and ovarian cancers. 
Interestingly, most markers used for the signature are 
also proteins found to be significantly up-regulated in 
azathioprine-treated hTERT-BJ1 fibroblasts relative to 
vehicle, including IGF2R, PSMC5, VAT1, HMOX1, 
CNN2, TLN1 and FASN (Tables 3, 4 5, S2, S3 and S4).  
Thus, we conclude that chemotherapy-mediated 
changes in the abundance of stromal proteins related to 
the CAF-like catabolic phenotype measured by 
quantitative proteomics associate with reduced survival, 
enhanced recurrence and metastasis incidence in several 
solid malignancies. 
 
DISCUSSION  
 
In this study we have analysed the impact of 
chemotherapy in the acquisition of the CAF-like, 
catabolic tumour stroma phenotype, which emerges in 
stromal fibroblasts in contact with cancer cells, and is 
characterised by increased glucose uptake, lactate 
production and extracellular acidification, increased 
expression of αSMA, augmented production of ROS, an 
activation of the JNK/AP1, HIF1, TGFβ/SMAD, 
STAT3 and NFkB stress-induced pathways, senescence 
and autophagy, and a greater secretion of inflammatory 
cytokines. To do so, we aimed at comprehensively 
characterising the cellular and metabolic changes that 
take place in stromal fibroblasts exposed to two 
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common chemotherapeutic drugs: azathioprine and 
taxol. Label-free quantitative proteomics and extensive 
bioinformatics analyses revealed a protein profile 
characteristic for chemotherapy-treated fibroblasts that 
included alterations in energy metabolism, antioxidant 
response, autophagy and senescence, vesicle formation 
and trafficking, protein degradation, myofibroblastic 
differentiation and inflammation.  
 
Proteomic map of the stromal catabolic state 
induced by chemotherapy 
 
The main protein set whose expression was altered in 
chemotherapy-treated fibroblasts was that of enzymes. 
Azthioprine and taxol effects on the glycolytic function 
of stromal fibroblasts were characterised in a previous 
study, which showed the induction of a glycolytic switch 
in hTERT-BJ1 fibroblasts via increasing their lactate 
production and extracellular acidification, and decreasing 
their ATP content [11]. We know now that this behaviour 
is likely to be a result of the observed up-regulation of 
enzymes involved in glycolysis and down-regulation of 
mitochondrial respiration enzymes. Indeed, our proteo-
mic analysis shows alterations not only in glycolysis but 
also in pyruvate conversion to acetyl-coenzyme A and 
the TCA cycle. The reduction in ATP production through 
decreased TCA cycle activity and mitochondrial 
respiration may be forcing a metabolic switch that allows 
the cell to obtain energy from alternative metabolic 
processes such as glycolysis or protein catabolism. This 
metabolic remodelling also includes an alteration of other 
pathways of the carbohydrate metabolism, such as the 
phosphate pentose and hexosamine biosynthesis 
pathways, and several pathways of the fatty acid 
metabolism. In line with our findings, a recent study 
demonstrates that as an adaptive response to mito-
chondrial respiratory chain dysfunction and ATP 
deficiency, human fibroblasts up-regulate the expression 
of glycolytic enzymes, suggesting the induction of 
anaerobic glycolysis and a cellular catabolic state, in 
particular protein catabolism, together with autophagy 
[27].  
 
According to our data, the hexosamine biosynthesis 
pathway is also altered in chemotherapy-treated 
fibroblasts, which goes in line with the increased 
presence of proteins involved in vesicle formation and 
trafficking. GNPDA1 is an enzyme of the hexosamine 
biosynthesis pathway, the end-products of which are 
used for the synthesis of membrane components such as 
glycolipids and proteoglycans. However, GNPDA1 
catabolizes a reversible conversion between D-fructose-
6-phosphate and D-glucosamine-6-phosphate, and 
therefore could also be used in reverse to produce 

substrates for glycolysis, by sacrificing structural 
components of the cell.  
 
The phosphate pentose pathway is a metabolic pathway 
also altered by chemotherapy. During the oxidative 
phase of the pentose phosphate pathway, most of the 
reducing power of the cell is generated as NADPH. 
Taxol-treated fibroblasts show increased levels of the 
initial rate-limiting enzyme of the pentose phosphate 
pathway, glucose-6-phosphate dehydrogenase 
(G6PDH), which converts glucose-6-phosphate and 
NADP+ into 6-phosphoglucono-δ-lactone and NADPH. 
NADPH is also necessary for lipid and nucleic acid 
biosynthesis, and its re-oxidation to NADP+ constitutes 
an essential step to prevent damage by oxidative stress. 
Increased amounts of NADPH go in line with the up-
regulation of several proteins involved in antioxidant 
response, such as Nrf2-mediated antioxidant response 
proteins, as well as the greater ROS levels that we have 
previously seen in hTERT-BJ1 fibroblasts after taxol 
treatment [11]. The accumulation of ROS as a 
consequence of mitochondrial dysregulation during 
aging is also associated with DNA damage [28]. 
Therefore, oxidative stress and aging can be coupled in 
a positive feedback mechanism that accelerates cellular 
damage and generates a permissive metabolic 
microenvironment for cancer development and 
progression [5, 28-30].  
 
Oxidative stress in healthy cells and tissues by most 
current anti-cancer therapies is thought to occur via p53 
activation, which causes mitochondrial dysfunction, ROS 
production and downstream STAT3 signalling, 
promoting inflammation-related cancer [19, 26]. Our 
proteomics results revealed a predicted activation state of 
p53, mitochondrial dysfunction, increased expression of 
antioxidant proteins, autophagy and senescence markers, 
and specifically STAT3 up-regulation in chemotherapy-
treated fibroblasts compared to vehicle. Our observations 
in vesicle trafficking and protein transport and 
degradation also suggest a general intensification in the 
transport of proteins and other cellular components to 
autophagosomes and lysosomes. Indeed, taxol is able to 
induce the formation of autophagic vesicles in stromal 
fibroblasts [11]. By increasing that transport, the stressed 
cell could be attempting to remove dysfunctional 
organelles such as mitochondria and other molecules that 
accumulate as a result of oxidative damage, or 
alternatively it could also be trying to retrieve molecules 
for re-utilisation in detriment of de novo protein 
synthesis, which is more energy consuming. 
 
Myofibroblasts are abundant components of the reactive 
tumour microenvironment and are mostly accountable 
for the development of fibrosis [21], one of the side-
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effects of cancer therapy [31]. Fibroblast-to-
myofibroblast differentiation increases in the stroma 
with age as well, resulting in an increased incidence of 
fibrosis-associated diseases, such as cancer [32]. Here, 
we report that exposure to chemotherapy can 
independently induce the transformation of fibroblasts 
into CAFs, by detecting an increase in the presence of 
numerous markers of myofibroblastic differentiation as 
measured by quantitative proteomics.  
 
Finally, we identify several inflammation-related 
pathways as altered in taxol-treated fibroblasts, 
suggesting an induction of the inflammatory response. 
We previously described IL6 as one of the cytokines 
secreted by chemotherapy-treated fibroblasts and 
STAT3 target genes as being activated after treatment 
with taxol [11]. However, to comprehensively 
characterize the pro-inflammatory cytokines released by 
hTERT-BJ1 cells, secretome analysis should be 
performed for better insights.  
 
In the present study, proteomic analyses revealed the 
impact of chemotherapy in the acquisition of a catabolic 
CAF-like phenotype in stromal fibroblasts, gradually 
conforming an energy-rich, pro-inflammatory micro-
environment able to succour cancer cells in their battle 
for survival, in their purpose to metastasise, or even 
through which chemotherapy-damaged epithelial cells 
may become more susceptible to develop a fully 
malignant phenotype, giving rise to a new cancer. Taxol 
induces the catabolic stroma phenotype to a bigger extent 
than azathioprine. The different nature of these two drugs 
and the concentrations selected for the study could account 
for their different impact on catabolic remodelling.  
 
Clinical implications of the catabolic stroma 
signature 
 
Quantitative proteomics allowed us to obtain a protein 
profile characteristic for fibroblasts exposed to 
azathioprine and taxol, which suggests a general 
alteration in their energy metabolism and a shift towards 
glycolysis and catabolic processes: a whole metabolic 
reprogramming to adapt to chemotherapy-driven 
mitochondrial dysfunction and oxidative stress. Likewise, 
the quantitative proteomics analysis allowed us to 
identify biomarkers of this stromal catabolic state, which 
were further analysed for their potential clinical 
implications. We generated a signature to figure out 
whether the chemotherapy-induced catabolic state in the 
stroma would have prognostic value. Indeed, the 
catabolic phenotype in stromal fibroblasts strikingly 
correlated with poor survival, treatment failure and 
metastatic growth in a set of breast, ovarian, lung and 
gastric cancer patients who were subject to chemo-

therapy, correlation that was lost when untreated patients 
were considered. 
 
Our knowledge of the role of healthy stromal cells in 
metastasis and in particular in the emergence of 
therapy-related malignancies is still very scarce. A piece 
of evidence for chemotherapy-induced tumour-
promoting paracrine activities of non-malignant cells 
has only been recently published, showing that pre-
treatment of tumour-free mice with a single dose of 
doxorubicin is sufficient to stimulate the engraftment of 
lung carcinoma cells and to elevate the mitogenic 
activity of the serum from treated animals [12]. By 
label-free quantitative proteomics we detect the 
acquisition of a catabolic state in stromal cells due to 
chemotherapy-induced DNA damage, which potentially 
leads to the generation of an autophagic, nutrient-rich, 
senescent, pro-inflammatory microenvironment, the 
ideal niche to encourage the development of a 
secondary tumour or even a new carcinogenic process. 
However, the tumour-promoting function and the 
stability and reversability of the chemotherapy-induced 
CAF phenotype needs to be further investigated, as well 
as the differential expression of chemotherapy-induced 
catabolic stress markers on stromal fibroblasts and 
cancer cells in vivo. 
 
To conclude, proteomic analyses revealed a significant 
metabolic reprogramming in response to chemotherapy. 
Our data provide information about novel protein 
targets that might enable and support different stages of 
the tumorigenic process, thereby opening new doors for 
future research. Given the essential contribution of the 
catabolic tumour stroma in cancer progression, it 
emerges as a new interesting therapeutic target. A 
promising approach would be the preventive inhibition 
of the catabolic state transformation. Indeed, TGFβ-
induced myofibroblastic transformation in fibroblasts 
can be reversed by using antioxidants [33]. Most 
importantly, an antibody against fibroblast activation 
protein (FAP) is already being tested in clinical trials 
[34]. Therefore, inhibition of the catabolic stress in the 
tumour stroma and healthy tissues in parallel to 
conventional chemotherapy could help avoiding 
recurrence, metastasis and the growth of second primary 
tumours.  
 
MATERIALS AND METHODS 
 
Cell culture. All cell culture experiments were carried 
out using human foreskin fibroblasts immortalised with 
the human telomerase reverse transcriptase (hTERT-
BJ1 cells). hTERT-BJ1 fibroblasts were originally 
purchased from ATCC (CRL-4001) and maintained in 
DMEM media (D6546, Sigma) supplemented with 10 
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% fetal bovine serum (FBS) (F7524, Sigma), 100 
units/ml of penicillin, 100 µg/ml streptomycin (P0781, 
Sigma) and 1% Glutamax (#35050087, Life 
Technologies) at 37°C in a humidified atmosphere 
containing 5% CO2. 
 
Chemotherapeutical agents. Azathioprine (A4638, 
Sigma) and taxol or paclitaxel (Y0000698, Sigma) were 
used for this study at 100 µM and 100 nM, respectively. 
  
Sulforhodamone B (SRB) assay. SRB (S9012, Sigma) 
measures total biomass by staining cellular proteins. 
After 48 h treatment, cells were fixed in 10% 
trichloroacetic acid (T9159, Sigma) for 1h at 4°C, 
stained with SRB (S9012, Sigma) for 15 minutes, and 
washed 3 times with 1% acetic acid (27225, Sigma). 
The incorporated die was solubilized with 10 mM Tris 
Base, pH 8.8 (T1503, Sigma). Absorbance was 
spectrophotometrically measured at 562 nm in a 
FluoStar Omega plate reader (BMG Labtech). 
Background measurements were subtracted from all 
values.  
 
Label-free quantitative proteomics 
 
Chemicals and sample preparation. Formic acid, 
trifluoroacetic acid, ammonium formate (10 M), 
ammonium bicarbonate TCEP (Tris (2-
carboxyethyl)phosphine hydrochloride), MMTS 
(Methyl methanethiosulfonate)  and trypsin were all 
obtained from Sigma. HPLC gradient grade acetonitrile 
was obtained from Fisher Scientific. Briefly, 2 x 106 
hTERT-BJ1 fibroblasts were seeded in 150 cm plates 
until cells were attached. Cells were then treated with 
azathioprine or taxol at the concentrations indicated. As 
control, vehicle-treated cells were processed in parallel. 
After 48 hours of treatment, cells were lysed in RIPA 
buffer (R0278, Sigma) and kept at 4°C for 20 minutes 
with rotation. Lysates were cleared by centrifugation for 
10 minutes at 10,000 x g and supernatants were 
collected and kept frozen at -80°C. 
 
Protein digestion.  Lysate samples were thawed to room 
temperature and their concentrations equalised to 1 
µg/µL (50 µL volume) with RIPA buffer, and further 
processed for trypsin digestion by sequential reduction 
of disulphide bonds with TCEP and alkylation with 
MMTS. Briefly, 1 µL benzonase (Novagen) was added 
to the 50 µL aliquot and placed on ice for 15 minutes. 
The sample was then taken to dryness using a 
SpeedVac, and resuspended in 22.5 µL trypsin reaction 
buffer (40 mM ammonium bicarbonate and 9% 
acetonitrile). One µL of 50 mM TCEP solution was 
added to each sample, mixed briefly and placed on a 
heater block at 60°C for 60 minutes. After cooling to 

room temperature, 0.5 µL of 200 mM MMTS solution 
was added to each sample and allowed to react for 15 
minutes. Trypsin was added in two waves to ensure 
efficient digestion of the sample. Firstly, 20 µg of 
sequencing grade trypsin was resuspended in 1800 µL 
of trypsin reaction buffer; 225 µL of this solution were 
added to each sample for digestion, and the reactions 
were left at 37°C overnight with shaking (600 rpm). The 
following morning, a further aliquot of trypsin was 
added. Two ml of trypsin reaction buffer was added to 
20 µL of sequencing grade trypsin; 250 µL of this 
solution were added to each of the digest samples from 
overnight, and the reactions were left at 37°C for 4 
hours with shaking (600 rpm). Thirty-five µL 10% 
formic acid were added to the 500 µL digest sample 
(0.7% final concentration of formic acid) to stop the 
digestion. The digested solution was diluted in 7.5 mL 
of acetonitrile containing 0.3% formic acid. 
 
HILIC solid phase extraction (SPE) of peptides. 
PolyhydroxyethylA SPE 12 µm, 300A, 300mg 
cartridges (obtained from PolyLC) were used for the 
HILIC procedure. Prior to use, cartridges required an 
overnight soak in 50 mM formic acid followed by 
rinsing with water the following day. Cartridges were 
preconditioned with 2 mL of Buffer A (90% 
acetonitrile, 5 mM ammonium formate, pH 2.7) 
followed by 2 mL of Buffer B (5mM ammonium 
formate, pH 2.7) and finally re-equilibrated with 10 mL 
Buffer A. The diluted samples were loaded onto the 
cartridges and washed with a further 10 mL Buffer A. 
Finally, peptides were eluted in 1 mL Buffer C (9 parts 
Buffer B plus 1 part Buffer A) and the samples dried on 
a Speedvac to remove organic solvent prior to LC-
MS/MS analysis. 
 
LC-MS/MS analysis. Lyophilised digests were 
resuspended in 50 µL of 0.1% TFA to give an 
approximate concentration of 1 µg/µL. One µL 
injection volumes were used throughout resulting in an 
on-column peptide loading of approximately 1 µg per 
injection. Analysis was performed in quintuplicate for 
each sample. All LC-MS/MS analyses were performed 
on an LTQ Orbitrap XL mass spectrometer coupled to 
an Ultimate 3000 RSLCnano system (Thermo 
Scientific). One µL injection volumes were used 
throughout and samples loaded directly onto the 
analytical column, PepMap RSLC C18, 2 µm x 75 µm 
id x 50 cm (Thermo Scientific). The composition (v/v) 
of LC buffers were as follows; Buffer A - 99.9% water 
plus 0.1% formic acid and Buffer B  - 80% acetonitrile, 
19.9% water and 0.1% formic acid. Peptides were 
loaded directly onto the column at a flow rate of 400 
nl/min with an initial mobile phase composition of 1% 
B. The organic strength was increased linearly from 1% 
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to 22.5% B over 22.5 minutes again at 400 nl/min, 
followed by an increase to 24.8% B over the next 2.6 
minutes with a concomitant reduction in flow rate to 
300 nl/min, and to 39% B over a further 14 minutes. A 
further increase to 60% B over the next 5 minutes was 
followed by a ramp to 95% B over 2.5 minutes where it 
was held for a further 2 minutes. The column was then 
allowed to re-equilibrate to 1% B for a total analysis 
time of 74 minutes. The mass spectrometer was 
instructed to perform data dependent acquisition on the 
top six precursor ions, which were measured in the 
Orbitrap FTMS detector over the mass range 370–1200 
m/z, at a nominal resolution of 60,000. MS/MS spectra 
were acquired in the ion trap under CID conditions with 
normalized collision energy of 35, isolation width of 3 
Th, Q value of 0.25 and 30 ms activation time. Gas-
phase fractionation was performed on the five replicate 
injections such that MS/MS data was collected for 
precursor ion range 370-494 m/z Injection 1, 494-595 
m/z Injection 2, 595-685 m/z Injection 3, 685-817 m/z 
Injection 4 and 817-1200 m/z Injection 5. 
 
Statistical analysis. Xcalibur raw data files acquired on 
the LTQ-Orbitrap XL were directly imported into 
Progenesis LCMS software (Waters Corp) for peak 
detection and alignment. Data were analysed using the 
Mascot search engine. Five replicates were analysed for 
each sample type (N = 5). Statistical analyses were 
performed using ANOVA and only fold-changes in 
proteins with a p-value less than 0.05 were considered 
significant. 
 
Ingenuity pathway analyses. Pathway and function 
analyses were generated using Ingenuity Pathway 
Analysis (IPA) (Ingenuity systems, 
http://www.ingenuity.com), which assists with 
proteomics data interpretation via grouping 
differentially expressed genes or proteins into known 
functions and pathways. Pathways with a z score>1.9 
were considered as significantly activated, and 
pathways with a z score<-1.9 were considered as 
significantly inhibited. 
 
Graphs and correlation analyses. All graphs were done 
in Microsoft Excel except for correlation graphs. 
Correlations between protein expression and patient 
survival were calculated using a survival analysis tool 
available online (kmplot.com) [16].  
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The advent of the OMIC technologies has strongly 
evolved the knowledge about the origin, the type and 
the response to therapy of a given tumor. To date we are 
aware that the epigenetic and genomic landscapes of 
tumors which origin, histopathological diagnoses and 
clinical stages are almost identical can be highly 
heterogeneous. Initially, the Human Genome Project 
represented the reference map for the human genome 
and provided the ideal background for the development 
of technology and analytic tools to decipher and 
rationalize enormous quantities of genomic data [1]. 
Subsequently, the National Research Council reported 
on the requirement of a precise taxonomy of human 
disease based on the continuous flow of molecular data 
originating from the OMIC approaches. This led The 
Cancer Genome Atlas (TGCA) and the International 
Cancer Genome Consortium (ICGC) toward the 
molecular taxonomy of different human cancers. A 
large spectrum of gene mutations has been identified 
[1]. They can be categorized in: (a) passenger 
mutations that are the majority and may be biologically 
inactive and clinically irrelevant; (b) driver mutations 
whose activity is required for the aberrant growth, 
survival and chemoresistance of human cancers. Driver 
mutations have been the main molecular targets to be 
tackled with “smart” drugs, thus providing the rationale 
for precise medicine. Next Generation Sequence (NGS) 
technology has enabled to identify actionable targets 
such as EGFR in lung cancer and BRAF in melanoma 
[1,2]. Since these drugs benefit only those patients 
carrying specific driver mutations the identification of 
biomarkers that can predict treatment responses is vital 
for the success of the precise cancer therapy and for the 
development of anticancer drugs. EGFR mutations are 
considered biomarkers for selecting lung cancer patients 
for the treatment with EGFR inhibitors [3]. Gefinitib 
and erlotinib represent the first choice for the treatment 
of lung cancer patients carrying EGFR mutations and 
prolong significantly the progression-free survival of 
the selected patients. Despite it, both gefinitib and 
erlotinib cannot be used to treat all lung cancer patients 
harbouring EGFR mutations due to mutation site 
heterogeneity which negatively impacts on the affinity 
of EGFR inhibitors to the mutated EGFR and 
consequently of the efficacy of the treatment. Lung 
cancer patients  develop  resistance  to  EGFR  inhibitors  
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due mostly common (50% of EGFR mutated lung 
cancer patients) to additional EGFRT90M mutation [3]. 
Unlike EGFR, other driver mutations as those affecting 
the p53 gene, the most frequent target of genetic 
alterations in human cancers, have not yet led to the 
development of targeted drugs to be used in the 
treatment of human cancers carrying mutant p53 
proteins [4]. This clearly says, that while thousands of 
cancer genome profiles have enormously improved the 
molecular taxonomy of human cancers, they have only 
paved a background for precise cancer therapy which 
urges to be continuously fed towards the identification 
of precise cancer biomarkers. The improvement of 
methodologies for the isolation of circulating tumoral 
DNA from patients enrolled in cancer genome-driven 
trials coupled with NGS might contribute to tailor more 
precisely cancer therapy [1]. At the same time, we have 
learned from the OMIC technologies that what so called 
non-coding portion of the human genome plays a 
fundamental role in regulating the expression and the 
activity of the genomic coding regions [5]. The last two 
decades have witnessed the identification of non-coding 
transcripts which accordingly to their respective lengths 
have been distinguished in long non-coding RNAs 
(lncRNAs), microRNAs, small interfering RNAs 
(siRNAs) and Piwi-interacting RNAs (piRNAs). 
MicroRNAs, which regulate gene expression at the 
posttranscriptional level either inhibiting translation or 
promoting degradation of target mRNAs, emerge to be 
powerful to distinguish tumor tissues from their 
matched surrounding non-tumoral samples, to classify 
tumor hystotypes, to predict tumor recurrence, to 
identify responders vs non-responders and to monitor 
response to cancer therapy [5,6,7]. MicroRNAs might 
represent early indicators of future breast cancer 
incidence. Previous evidence has shown that metabolic 
and environmental risk factors may alter the expression 
of microRNAs. MicroRNA profiling of the leucocytes 
of healthy pre-menopausal women recruited in the 
ORDET prospective cohort study over a follow-up 
period of 20 years revealed that microRNA 
downregulation represents a very early alteration in the 
development of breast cancer [8]. Selected microRNA 
alterations identified in ORDET were also found in 
different breast cancer databases, thus strengthening 
their value as early long-term predictors of breast cancer 
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occurrence [8]. MicroRNAs can also be found in blood 
and other biological fluids as circulating factors lined 
into exosomial vesicles. Despite the molecular 
mechanisms underlying the production and the release 
from tumoral cells and the intrinsic processing 
occurring in the exosomes are yet underexplored their 
potential to unveil powerful and precise cancer 
biomarkers is certainly promising and might provide 
with an additional option to treat cancer successfully. 
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The identification of prognostic and predictive 
biomarkers is a key research area in medicine. These 
biomarkers aim to contribute to personalize medicine. 
Ultimately, in personalized medicine treatment will be 
tailored towards each patient’s specific disease and 
genetics to optimize treatment outcome and minimize 
side effects. In cancer research large efforts are made to 
screen for biological entities like gene mutations and 
transcription-based biomarkers for this purpose, 
however the identified markers are most of the time not 
accurate enough for clinical use. Recently we have 
shown that confounding factors play an important role 
in the limited performance of such (bio)markers [1]. 
Mutations in the RAS gene, a gene frequently mutated 
in lung cancer, were not prognostic [2], however they 
largely influenced accuracy of transcription-based 
biomarkers for non-small cell lung cancer. Taking RAS 
mutations to define patient subgroups and define 
transcription-based biomarkers for these specific patient 
subgroups resulted in an increase in prognostic power. 
While screening for prognostic or predictive markers it 
will thus be key to be aware of and correct for potential 
confounders. Therefore to create clinically useful 
biomarkers it will be detrimental to define clinically 
relevant patient subgroups rather than generalize across 
patients. 
This general principle might apply to a broad range of 
other variables and studies. For example, one can 
imagine different biomarkers being optimal in older vs. 
younger patients, in men vs. women and especially 
based on a broad range of other tumour genetic 
information. To this last point, large studies such as 
those initiated by The Cancer Genome Atlas (TCGA) 
and the International Cancer Genome Consortium 
(ICGC) will provide a wealth of data to exploit these 
findings. These studies can be used to define clinically-
relevant patient subgroups based on genetic 
heterogeneity, rather than investigating single entities. 
For example, one can imagine systematic studies to 
identify genes that, while not themselves prognostic, 
confound the accuracy of other prognostic markers. Or, 
indeed, confound the accuracy of other biomarkers 
entirely: diagnostic or predictive markers, or markers 
for monitoring disease progress could all follow this 
general template. 
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To perform such analyses, it will be critical to 
rigorously assess the information content of different 
classes of biomarkers in different clinical situations. For 
example, we established interplay between RAS 
mutation and expression of a set of 14 genes; a gene 
expression-based classifier could be used to predict 
RAS mutation status. A large number of random gene 
sets were used to show this RAS predictor had optimal 
performance. Further large permutation studies, testing 
millions of random gene sets for their prognostic power, 
established that predicting prognosis for patients with 
RAS mutations should be done with different gene sets 
than for patients without RAS mutations. Testing large 
sets of random gene sets also provides valuable 
information for performance of transcriptome-based 
biomarkers. Comparing performance of the biomarker 
against the performance distribution of the random gene 
sets will immediately show whether these perform 
better than random and are worthwhile proceeding with 
[3, 4]. 
Taken together, these data point at a sea-change in the 
development of biomarkers. Rather than simply 
focusing on finding the best “signature” to predict a 
specific clinical event [5, 6], we will look to further sub-
stratify patient populations into subtypes that can be 
accurately prognosed. Indeed, while these subtypes 
themselves may not be inherently informative, they may 
provide the structure or framework upon which more 
accurate biomarkers can be developed. We can foresee 
the adoption of information content methods like those 
described above to try to identify proactively specific 
genomic events that mark groups of patients with 
coherently predictable clinical outcome. 
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Although targeting MET has yielded promising results 
in preclinical studies, few clinical trials of MET 
inhibitors have demonstrated the expected therapeutic 
benefits. This inconsistency raises the possibilities that 
there are different subsets of MET/HGF-aberrant breast 
cancer with different responses to MET/HGF-targeted 
therapies and that MET inhibitors benefit only a 
particular subgroup of patients. To fully realize the 
benefits of MET inhibitors, we must clarify the patient 
population that will benefit from them. Therefore, it is 
crucial to identify biomarkers that will optimize the use 
of MET inhibitors in individual breast cancer patients.  
MET aberrations. MET overexpression with or without 
amplification has been reported in many cancers [1]. 
MET protein expression and its phosphorylation were 
aberrantly upregulated in around 70% and 48% breast 
cancers, respectively, which independently predict poor 
outcome [2]. The MET signaling also can be aberrantly 
activated as a consequence of MET mutation or 
functional single nucleotide polymorphisms (SNPs). 
Several MET gene mutations have been reported in 
various cancers, but oncogenic MET mutations occur 
spontaneously in only 2-3% [1]. Mutation in the 
tyrosine kinase domain renders the enzyme 
constitutively active, while mutation in the 
juxtamembrane domain reduces MET degradation. MET 
sequence changes occur in 9% of patients with breast 
cancer. However, these appear to represent SNPs rather 
than somatic mutations. The sequence changes were 
associated with higher metastatic burden and high-grade 
histology [3]. A recent study demonstrated that MET is 
functionally altered by an uncommon germline SNP, 
MET-T1010I, which is present twice as frequently in 
patients with metastatic breast cancer as in the general 
population. MET-T1010I transforms mammary 
epithelial cells and drives tumor formation and invasion 
in human HGF transgenic mice [4], suggesting that it 
potentially alters tumor pathophysiology and response 
to MET-targeted therapies. Therefore, MET-T1010I 
should be considered a potential biomarker when 
implementing clinical trials of MET-targeted agents. 
Hepatocyte growth factor (HGF)/scatter factor 
upregulation. Not only the MET receptor but also its 
ligand HGF drives tumor formation, metastasis, and 
drug resistance [1]. We recently established a mouse 
model  system  in which  the host  mice  express  human  
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HGF at varying levels and the xenografts express 
human MET receptor of varying status. The models 
faithfully mimic patients with different HGF levels and 
different MET receptor status in their breast cancer. 
Using this model, we found that MCF-10A cells 
transformed with aberrant MET formed tumors in the 
mice with transgenic human HGF but not in the 
negative litters. Comparing mutant MET, wild type 
MET is more stringently dependent on its natural ligand 
HGF. These data suggest that not only MET status 
affects cell behavior but also level of its ligand HGF in 
the tumor microenvironment plays a key role in 
determining the functional outcomes of MET 
aberrations. Indeed, overexpression of HGF has been 
demonstrated in breast cancer, and HGF levels are 
increased in the serum of patients with breast cancer. 
Both primary and metastatic tumor cells (autocrine 
mechanism) and stromal cells (paracrine mechanism) 
secrete high levels of HGF and aberrantly induce 
ligand-dependent MET signaling. High HGF level 
correlates with poor prognosis in breast cancer [1]. 
Hypoxic conditions stimulate production of both MET 
receptor and HGF, rendering tumor cells more sensitive 
to HGF stimulation in the invasion process [5]. 
Therefore, HGF level also should be considered a 
potential biomarker when testing MET-targeted agents. 
Crosstalk between MET and other pathways. 
Accumulating evidence suggests that MET plays a key 
role in resistance to targeted therapies for cancer 
through crosstalk between MET and other pathways, 
such as the EGFR family [6]. Inhibition of either MET 
or EGFR was insufficient to fully block signaling in 
gefitinib-resistant cell lines, whereas the combination 
completely inhibited signaling. Indeed, combined 
targeting of MET with onartuzumab and EGFR with 
erlotinib in a clinical trial prolonged progression-free 
survival and overall survival in patients with lung 
cancer expressing high levels of MET [7]. However, the 
mechanisms of acquired resistance to MET inhibition 
remain little known. Crosstalk with other oncogenic 
pathways might induce acquired resistance to MET 
inhibition. We demonstrated that concurrent aberration 
of MET and PIK3CA greatly increased in breast cancer. 
Our unpublished data show that concurrent aberration 
of MET and PI3K significantly increased cell 
proliferation and invasion in vitro and in mice with 
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similar human HGF levels. Targeting both MET and 
PI3K yielded greater inhibitory efficacy than targeting 
either agent alone, suggesting that response to MET-
targeted therapy in breast cancer is dependent on an 
aberrant MET-HGF/PI3K axis.  
Taken together, these findings indicate that, to optimize 
the use of therapies targeting MET signaling and 
improve treatment efficacy in individual breast cancer 
patients, MET status, HGF level, and activation of the 
MET-HGF/PI3K and EGFR-MET axes should be 
considered as potential biomarkers when implementing 
clinical trials of MET-targeted agents. 
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INTRODUCTION  
 
Cellular senescence refers to a state of permanent arrest 
of cell proliferation and it is generally thought to be a 
response to potentially oncogenic stimuli [1, 2], which 
include telomere shortening, DNA damage either at 
telomeres or elsewhere in the genome, strong mitogenic 
stimuli and epigenomic perturbations. Since it was first 
described approximately fifty years ago [3], cellular 
senescence has emerged as an important mechanism 
linked to both tumor suppression and aging. In most 
human somatic cells, telomeres shorten with each round 
of DNA replication, in part because DNA polymerases 
are unable to fill in the gap generated from removal of 
the last RNA primer [4]. When telomeres become 
critically short, they activate a DNA damage response 
and trigger the induction of cellular senescence [5]. 
Telomerase, a reverse transcriptase that can replenish 
the repetitive telomeric DNA de novo, is able to 
circumvent telomere shortening and allows cells to gain  
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unlimited growth potential, a feature associated with 
cancer. Therefore cellular senescence is widely 
considered as a tumor suppressive mechanism. In 
addition, cellular senescence is also implicated in tissue 
repair and inflammation associated with aging and 
cancer progression [1, 2].    
 
 The nuclear matrix is a filamentous network of protein, 
DNA and RNA that is refractory to high salt extraction 
[6-8]. This structure serves as an architectural skeleton 
to the nucleus and provides support for chromatin 
organization and various nuclear functions including 
DNA replication, transcription and DNA repair [8]. 
Changes in the composition of the nuclear matrix have 
been observed in senescent cells [9]. Alterations in the 
nuclear matrix have been implicated in restricting 
cellular proliferation in mortal human fibroblasts [10]. 
Furthermore, nuclei with abnormal nuclear structure are 
found to accumulate in aged and prematurely senescent 
cells [11, 12].  
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Abstract:  Methylation of N‐terminal  arginines of  the  shelterin  component  TRF2  is  important  for  cellular proliferation.
While TRF2 is found at telomeres, where it plays an essential role in maintaining telomere integrity, little is known about
the cellular localization of methylated TRF2. Here we report that the majority of methylated TRF2 is resistant to extraction
by high salt buffer and DNase  I treatment,  indicating that methylated TRF2  is tightly associated with the nuclear matrix.
We show that methylated TRF2 drastically alters  its nuclear staining as normal human primary  fibroblast cells approach
and  enter  replicative  senescence.  This  altered  nuclear  staining, which  is  found  to  be  overwhelmingly  associated with
misshapen  nuclei  and  abnormal  nuclear  matrix  folds,  can  be  suppressed  by  hTERT  and  it  is  barely  detectable  in
transformed  and  cancer  cell  lines. We  find  that  dysfunctional  telomeres  and DNA  damage,  both  of which  are  potent
inducers of cellular senescence, promote the altered nuclear staining of methylated TRF2, which  is dependent upon the
ATM‐mediated DNA damage response. Collectively, these results suggest that the altered nuclear staining of methylated
TRF2 may  represent ATM‐mediated  nuclear  structural  alteration  associated with  cellular  senescence. Our  data  further
imply that methylated TRF2 can serve as a potential biomarker for cellular senescence.  
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Telomeres, heterochromatic structures found at the ends 
of linear eukaryotic chromosomes, function to protect 
natural chromosome ends from being recognized as 
damaged DNA. Mammalian telomeric DNA consists of 
tandem repeats of TTAGGG and is bound by a six-
subunit protein complex [13, 14], referred to as shelterin 
or telosome, which is composed of TRF1, TRF2, TIN2, 
POT1, TPP1 and hRap1. Telomeres are attached to the 
nuclear matrix [15, 16] and components of the shelterin 
complex have been reported to be associated with the 
nuclear envelope as well as the nuclear matrix [10, 17-
19]. TIN2L, an isoform of TIN2, has been suggested to 
mediate the interaction between telomeres and the 
nuclear matrix [17] whereas hRap1 has been implicated 
in tethering telomeres to the nuclear envelope [18]. 
TRF2, a shelterin protein that interacts directly with 
both TIN2 and hRap1 [20-23], has also been implicated 
in mediating the interaction between telomeres and the 
nuclear matrix [19]. However, little is known about the 
role of post-translational modification in mediating the 
interaction between shelterin proteins and the nuclear 
matrix.  
 
TRF2, a subunit of the shelterin complex, binds to 
duplex telomeric DNA [24, 25] and plays a crucial role 
in telomere protection [26]. TRF2 contains an N-
terminal basic domain rich in glycines and arginines 
(the GAR domain), a central TRFH dimerization 
domain, a flexible linker region and a C-terminal Myb-
like DNA binding domain [24, 25]. It has been shown 
that loss of TRF2 from telomeres through either TRF2 
knockout or overexpression of a dominant-negative 
allele of TRF2 promotes the formation of telomere end-
to-end fusions [26, 27]. On the other hand, 
overexpression of TRF2 lacking the basic/GAR domain 
induces telomere rapid deletion [28] whereas 
overexpression of TRF2 carrying amino acid 
substitutions of arginines to lysines in the basic/GAR 
domain promotes the formation of fragile telomeres 
[29]. In all aforementioned cases, the formation of 
dysfunctional telomeres resulting from disruption of 
TRF2 function results in the induction of cellular 
senescence [26-29]. 
 
TRF2 undergoes extensive post-translational 
modification [30], which in turn regulates its stability, 
DNA binding and cellular localization. Ubiquitylation 
of TRF2 by Siah1, an E3 ligase, promotes TRF2 
degradation and replicative senescence of human 
primary fibroblasts [31]. Acetylation, SUMOlyation and 
poly(ADP-ribosyl)ation have been implicated in 
modulating TRF2 binding to telomeric DNA [32-35]. 
TRF2 is phosphorylated in response to DNA damage 
and this phosphorylation has been implicated in DNA 
double strand break repair [36, 37]. Arginines in the N-

terminal basic/GAR domain of TRF2 are methylated by 
protein arginine methyltransferase 1 (PRMT1) [29]. 
Loss of arginine methylation in TRF2 induces DNA-
damage response foci at telomeres and triggers cellular 
senescence [29]. Arginine methylation is also 
implicated in negatively regulating the amount of 
telomere-bound TRF2 [29], raising a question as to 
whether methylated TRF2 is associated with telomeres 
in vivo.  
  
Here we report that the majority of methylated TRF2 is 
not released by the treatment with high salt buffer and 
DNase I digestion and that it co-fractionates with lamin 
A, a component of the nuclear matrix [38, 39], 
suggesting that methylated TRF2 interacts with the 
nuclear matrix. We find that methylated TRF2 is largely 
not localized at telomeres, indicating that association of 
TRF2 with the nuclear matrix is likely independent of 
telomeres. We demonstrate that methylated TRF2 
dramatically changes its nuclear staining as normal 
human primary fibroblast cells approach and enter 
replicative senescence. We find that the altered nuclear 
staining of methylated TRF2 is predominantly 
associated with misshapen nuclei and abnormal nuclear 
matrix folds. Introduction of hTERT into human 
primary fibroblast cells suppresses the altered nuclear 
staining of methylated TRF2, suggesting that 
progressive telomere shortening may contribute to the 
altered staining of methylated TRF2 in normal primary 
fibroblasts. In addition to telomere shortening, 
dysfunctional telomeres and ionizing radiation-induced 
DNA damage, both of which are potent inducers of 
cellular senescence, also promote the altered nuclear 
staining of methylated TRF2. Furthermore, we show 
that the lack or inhibition of ATM (ataxia telangiectasia 
mutated), a master regulator of the DNA damage 
reponse [40, 41], blocks the formation of ionizing 
irradiation (IR)-induced altered nuclear staining of 
methylated TRF2, indicating that the formation of the 
altered nuclear staining of methylated TRF2 is mediated 
by the ATM-dependent DNA damage response. Taken 
together, our results reveal that methylated TRF2-
associated nuclear matrix undergoes an ATM-mediated 
structural alteration during the process of cellular 
senescence. Our data further imply that methylated 
TRF2 may serve as a potential biomarker for cellular 
senescence.  
 
RESULTS 
 
Methylated TRF2 is associated with nuclear matrix 
 
We have previously reported that PRMT1 methylates 
arginines in the N-terminal GAR domain of TRF2 and 
that this arginine methylation negatively regulates TRF2 
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association with telomere chromatin [29], suggesting that 
methylated TRF2 is not associated with telomeres in 
vivo. To investigate the nuclear compartmentalization of 
methylated TRF2, we first subjected hTERT-
immortalized BJ (hTERT-BJ) cells to analysis of 
sequential extraction of the nuclear matrix, which began 
with the treatment of cells with the CSK buffer to remove 
the majority of soluble proteins. The treatment of the 
RSB-magik   buffer   further   removed the   cytoskeleton,  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

leaving behind the nuclei and their attached filaments. 
Digestion of the nuclei with DNase I released chromatin 
bound proteins and the DNase I-resistant pellet was then 
further fractionated to release the outer nuclear matrix 
components by 2M NaCl. The treatment with RNase A 
disassembled ribonucleo-proteins and the final insoluble 
pellet contained the core nucleofilament proteins. The 
DNaseI-resistant fractions including the pellet are 
referred to as the nuclear matrix-associated fractions.  
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 1. Methylated TRF2  is associated with  the nuclear matrix.  (A) Sequential extraction of  the nuclear matrix  from hTERT‐BJ cells.
Immunoblotting  was  performed  with  anti‐TRF2‐2meR17,  anti‐TRF2,  anti‐hRap1,  anti‐TRF1,  anti‐Lamin  A,  anti‐H2AX,  or  anti‐PRMT1
antibody. (B) Western analysis of 293T cells expressing shPRMT1 or the vector alone. Immunoblotting was performed with anti‐PRMT1,
anti‐TRF2‐2meR17 or anti‐TRF2 antibody. The γ‐tubulin blot was used a loading control. (C) Western analysis of 293T cells overexpressing
Myc‐tagged wild  type  TRF2,  TRF2  carrying  amino  acid  substitutions  of  arginines  to  lysines  (TRF2‐RK)  or  TRF2  lacking  the N‐terminal
GAR/basic domain (TRF2‐ΔB). Immunoblotting was carried out with anti‐TRF2‐2meR17 or anti‐Myc antibody. (D) Sequential extraction of
the  nuclear matrix  from  IMR90  cells.  Immunoblotting was  performed with  anti‐TRF2‐2meR17,  anti‐TRF2,  anti‐Lamin  A  or  anti‐H2AX
antibody.  (E) Sequential extraction of  the nuclear matrix  from GM9503 cells.  Immunoblotting was performed with anti‐TRF2‐2meR17,
anti‐TRF2 or anti‐Lamin A antibody. (F) Sequential extraction of the nuclear matrix from HeLaI.2.11 cells. Immunoblotting was performed
with anti‐TRF2‐2meR17, anti‐TRF2, anti‐Lamin A or anti‐H2AX antibody.  (G) Western analysis of early and  late passage GM9503  cells.
Immunoblotting was performed with anti‐TRF2‐2meR17 and anti‐TRF2 antibody. The �‐tubulin blot was used as a loading control.  

  
www.impactaging.com                    250                                           AGING, April 2014, Vol. 6 No.4



Examination of cell fractionations of hTERT-BJ with 
anti-Lamin A antibody revealed that Lamin A, a nuclear 
matrix-associated protein [38, 39], was predominantly 
found in the final pellet as well as fractions treated with 
2M NaCl and RNase A (Fig. 1A), in agreement with 
these DNase I-resistant fractions being nuclear matrix. 
On the other hand, we found that the majority of 
chromatin-bound histone H2AX protein was released by 
the DNase I digestion (Fig. 1A), suggesting that the 
sequential cell fractionation protocol was working as 
expected. A very small amount of PRMT1 was detected 
in fractions associated with the nuclear matrix, 
consistent with previous findings [42]. In addition, a 
small amount of shelterin proteins including TRF1, 
TRF2 and hRap1 was also found in fractions associated 
with nuclear matrix (Fig. 1A), indicative of the nuclear 
matrix association of the shelterin proteins. 
 
We have previously raised an antibody specifically 
against TRF2 methylated at R17  (anti-2meR17) [29], 
which specifically recognized methylated TRF2 (Fig. 
1B) but not TRF2 carrying amino acid substitutions of 
arginines to lysines in its N-terminal domain (TRF2-
RK) or lacking its N-terminal domain (TRF2-ΔB) (Fig. 
1C). Using anti-2meR17 antibody, we found that 
although some methylated TRF2 was released by 
DNase I digestion, the majority of methylated TRF2 
was  recovered  in  nuclear  matrix-associated  fractions  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(Fig. 1A). The association of methylated TRF2 with the 
nuclear matrix was also observed in two other primary 
fibroblasts IMR90 and GM9503 cells as well as cancer 
cell line HeLaI.211 (Fig. 1D-1F). Taken together, these 
results suggest that methylated TRF2 preferentially 
associates with the nuclear matrix.  
 
Methylated TRF2 exhibits nuclear staining that is 
predominantly not associated with human telomeres 
 
To further investigate the nuclear localization of 
methylated TRF2, we performed indirect immuno-
fluorescence with anti-2meR17. We found that 
methylated TRF2 exhibited nuclear staining in both 
human primary (IMR90, GM9503) and cancer 
(HeLaI.2.11) cells (Fig. 2A). Analysis of dual indirect 
immunofluorescence with anti-2meR17 in conjunction 
with antibody against TRF1 [43], a marker for interphase 
telomeres, revealed that although there appeared to be 
some overlap between anti-2meR17 staining and anti-
TRF1 staining (Fig. 2B), the majority of methylated 
TRF2 was not found to localize at telomeres (Fig. 2B). 
To investigate whether the observed anti-2meR17 
staining might be due to any non-specific binding, we 
performed indirect immunofluorescence with anti-
2meR17 antibody in the presence of TRF2 peptide 
containing either unmodified R17 or dimethylated R17.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure  2. Methylated  TRF2  exhibits  nuclear  staining  largely  free  of  human  telomeres.  (A)  Analysis  of
indirect immunofluorescence of three different cell lines with anti‐TRF2‐2meR17 antibody. Cell nuclei were
stained with DAPI in blue. (B) Analysis of dual indirect immunofluorescence with anti‐TRF2‐2meR17 (green)
in  conjunction with  anti‐TRF1  antibody  (red). HeLaI.2.11  cell  nuclei were  stained  in blue.  (C) Analysis  of
indirect immunofluorescence with anti‐TRF2‐2meR17 in conjunction with 100 ng of TRF2 peptide containing
either modified or unmodified arginine 17. HeLaI.2.11 cell nuclei were stained with DAPI in blue. 
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Figure  3. Methylated  TRF2  exhibits  an  altered  nuclear  staining  associated with  induction  of  replicative  senescence  in  normal
human primary fibroblast GM9503 cells. (A) Senescence‐associated β‐galactosidase assays for GM9503 cells at either p15 or p45.
(B) Quantification of percentage of young and senescent GM9503 cells with BrdU  incorporation. A  total of 300 cells  in  triplicate
were  scored  for  either  early  passage  (p21)  or  senescent  GM9503  (p48)  cells.  Standard  deviations  from  three  independent
experiments are indicated. (C) Analysis of indirect immunofluorescence with anti‐TRF2‐2meR17 antibody in GM9503 cells at either
p15 or p45. Cell nuclei were stained with DAPI  in blue.  (D) Analysis of dual  indirect  immunofluorescence with anti‐TRF2‐2meR17
antibody  (green)  in  conjunction with anti‐BrdU antibody  (red). The early passage  (p20) and  senescent GM9503  (p48)  cells were
incubated for six hours in growth media containing 10 μM BrdU prior to being processed for immunofluorescence. Cell nuclei were
stained with DAPI in blue. (E) Analysis of indirect immunofluorescence with anti‐TRF2‐2meR17 in conjunction with 100 ng of TRF2
peptide  containing either modified or unmodified  arginine 17. Cell nuclei were  stained with DAPI  in blue.  (F) Quantification of
percentage of cells with altered nuclear staining of methylated TRF2. At  least 900 cells  in triplicate were scored  in blind for each
transformed  cell  line or each normal primary  fibroblast  cell  line at a given passage as  indicated. Both HeLa and WI38VA13 are
transformed cell lines. Standard deviations from three independent experiments are indicated. 
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We found that while TRF2 peptide containing 
unmodified R17 had little effect on the nuclear staining 
of methylated TRF2 in these cell lines (Fig. 2C and data 
not shown), TRF2 peptide containing dimethylated R17 
abrogated the nuclear staining of methylated TRF2 (Fig. 
2C and data not shown). These results suggest that the 
observed anti-2meR17 staining is unlikely due to non-
specific binding. Taken together, these results suggest 
that methylated TRF2 localizes in nuclear domains 
largely free of human telomeres. These results are in 
agreement with our previous report that arginine 
methylation negatively regulates TRF2 association with 
telomere chromatin [29].  
 
Replicative senescence induces altered nuclear 
staining of methylated TRF2  
 
We have shown that methylated TRF2 is associated 
with the nuclear matrix, which is known to 
undergoalterations in the process of replicative 
senescence [44]. To investigate whether the association 
of methylated TRF2 with the nuclear matrix might be 
affected by cellular senescence, we performed the 
sequential extraction of nuclear matrix in both early and 
late passages of primary skin fibroblast GM9503 cells. 
GM9503 cells exhibited an accumulation of senescent 
cells at passage 45 (Fig. 3A). Analysis of cell 
fractionations with anti-2meR17 antibody revealed that 
the association of methylated TRF2 with the nuclear 
matrix in late passage GM9503 (p45) cells was 
indistinguishable from that in young GM9503 (p21) 
cells (Fig. 1E). We did not observe any significant 
change in the level of methylated TRF2 and the total 
TRF2 between early and late passages of GM9503 cells 
(Fig. 1G). Taken together, these results suggest that 
methylated TRF2 does not dissociate from the nuclear 
matrix during the process of cellular senescence.  
 
To investigate whether the nuclear staining of 
methylated TRF2 might undergo any changes during 
the process of replicative senescence, we performed 
indirect immunofluorescence with anti-2meR17 
antibody in GM9503 cells of various passages from 
young to senescent. At passage 45, the majority of 
GM9503 cells were found to be positive for senescence-
associated β-galactosidase staining (Fig. 3A). After they 
reached passage 48, GM9503 cells appeared to have 
fully entered replicative senescence since they failed to 
gain one population doubling over a period of at least 
two weeks and they showed little incorporation of BrdU 
(Fig. 3B), a marker used to measure DNA synthesis in 
cycling cells.  
  
We found that methylated TRF2 showed a rather 
homogenous nuclear staining in young GM9503 (p15 

and p20) cells (Fig. 3C and 3D), however, its staining 
was drastically altered in late passage and senescent 
GM9503 (p45 and p48) cells, (Fig. 3C and 3D and 
Supplementary Fig. 1). To address a concern that this 
altered nuclear staining might be due to any non-
specific binding of anti-2meR17 antibody, we 
performed indirect immunofluorescence with anti-
2meR17 antibody in the presence of TRF2 peptide 
containing either unmodified R17 or dimethylated R17. 
We found that TRF2 peptide containing unmodified 
R17 had little effect on the altered nuclear staining of 
methylated TRF2 whereas TRF2 peptide containing 
dimethylated R17 abolished TRF2 staining in senescent 
cells (Fig. 3E), arguing against the possibility that the 
observed altered nuclear staining of methylated TRF2 is 
due to non-specific binding of the anti-2meR17 
antibody.  
  
While less than 3% of young GM9503 (p15) cells 
displayed the altered methylated TRF2 staining (Fig. 
3F), about 30% of late passage GM9305 (p45) cells 
showed the altered methylated TRF2 staining (Fig. 3F). 
To investigate whether the altered nuclear staining of 
methylated TRF2 might occur in non-dividing cells, we 
cultured GM9503 cells in media containing BrdU. 
Analysis of dual indirect immunofluorescence with anti-
2meR17 antibody in conjunction with anti-BrdU 
antibody revealed that the altered methylated TRF2 
staining was always associated with nuclei lacking 
incorporation of BrdU (Fig. 3D). We found that in the 
senescent GM9503 (p48) cell culture with little BrdU 
incorporation (Fig. 3B), over 90% of nuclei exhibited 
the altered methylated TRF2 staining (Fig. 3F). Taken 
together, these results suggest that the altered 
methylated TRF2 staining is associated with replicative 
senescence in GM9503 cells.  
  
We also observed an induction of the altered nuclear 
staining of methylated TRF2 in several other normal 
human primary fibroblast cell lines (AG02661 and 
GM1706) as they aged in cultures (Supplementary Fig. 
2). To further investigate whether the altered methylated 
TRF2 staining might be a general feature of replicative 
senescence, we passaged young IMR90 (p22) cells 
continuously every four days for 72 days until they 
reached passage 40 (Fig. 4A). In the last two weeks of 
culturing, IMR90 failed to gain one population doubling 
(Fig. 4A), suggesting that the IMR90 cell culture had 
entered replicative senescence. In agreement with this 
notion, we found that only 2% of IMR90 (p40) cells 
were stained positive for anti-BrdU antibody (Fig. 4B) 
and that about 90% of IMR90 cells were stained 
positive for senescence-associated β-galactosidase (Fig. 
4C). Analysis of indirect immunofluorescence with 
anti-2meR17 antibody revealed that the number of 
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IMR90 cells with the altered methylated TRF2 staining 
increased substantially as IMR90 cells aged in culture 
(Fig. 4D and 4E). While less than 4% of IMR90 (p27) 
cells showed the altered nuclear staining of methylated 
TRF2, the altered methylated staining was observed in 
over 73% of senescent IMR90 (p40) cells (Fig. 4E). On 
the other hand, we did not detect any significant 
accumulation of the altered staining of methylated 
TRF2 in cancer and transformed cell lines including 
HeLa and WI38VA13/2RA (Fig. 3F). Collectively, 
these results suggest that the altered nuclear staining of 
methylated TRF2 is a general characteristic associated 
with replicative senescence. 
  
Altered nuclear staining of methylated TRF2 is 
associated with the altered nuclear structure in 
senescent cells 
 
It has been reported that senescent and aged cells are 
associated with distorted nuclear defects [11, 12, 44]. We 
examined 1182 senescent GM9503 (p48) cells and found 
that over 96% of the nuclei with altered methylated TRF2 
staining contained blebbings and/or herniations, 
suggesting that the altered methylated TRF2 staining is 
overwhelmingly associated with misshapen nuclei. 
Lamin A has been  suggested  to  serve  as  a  marker  for  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

distorted nuclear defects in aged cells [11, 12] and thus 
we also examined the relationship between the altered 
methylated TRF2 staining and Lamin A staining in 
senescent GM9503 (p48) cells. In young GM9503 (p21) 
cells, we observed strong Lamin A staining associated 
with the nuclear periphery as well as less intense Lamin 
A staining in the nucleoplasm (Fig. 5A). However, as 
cells aged in culture, we observed the appearance of line-
shaped Lamin A staining in the nucleus. We found that in 
the senescent GM9503 (p48) culture, over 85% of cells 
exhibited line-shaped Lamin A/C staining (Fig. 5B). 
Analysis of dual indirect immunofluorescence with anti-
2meR17 antibody in conjunction with either anti-Lamin 
A or anti-Lamin A/C antibody revealed that the line-
shaped Lamin A staining overlapped well with the altered 
methylated TRF2 staining in GM9503 cells (Fig. 5C and 
5D). The overlap between the altered nuclear staining of 
methylated TRF2 and the line-shaped Lamin A staining 
was also observed in senescent IMR90 (p40) cells (Fig. 
5E). We examined 1073 nuclei of senescent GM9503 
(p48) cells and found that 88% of nuclei had both the 
altered methylated TRF2 staining and the line-shaped 
Lamin A staining. Taken together, these results suggest 
that the altered nuclear staining of methylated TRF2 is 
predominantly associated with senescence-induced 
distorted nuclear structure.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure  4.  The  altered  nuclear  staining  of
methylated TRF2 is a general characteristics of
replicative  senescence.  (A)  Growth  curve  of
IMR90  cells.  IMR90  cells  (p22) were passaged
every  four  days  continously  for  72  days.  (B)
Quantification  of  percentage  of  IMR90  cells
with  BrdU  incorporation.  A  total  number  of
952,  1027,  1146,  1720  and  1418  cells  were
scored  for  passages  27,  31,  35,  36  and  40,
respectively.  (C) Quantification  of  percentage
of  IMR90  cells with  senescence‐associated  �‐
galactosidase staining. A total number of 1887,
1606, 1286, 1712 and 1047  cells were  scored
for  passages  27,  31,  35,  36  and  40,
respectively.  (D) Analysis of  indirect  immuno‐
fluorescence  with  anti‐2meR17  antibody  in
senescent  IMR90  (p40)  cells.  Cell  nuclei were
stained with DAPI in blue. (E) Quantification of
percentage of IMR90 cells with altered nuclear
staining of methylated TRF2. A total number of
952,  1027,  1146,  1720  and  1418  cells  were
scored  for  passages  27,  31,  35,  36  and  40,
respectively.  
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Overexpression of hTERT prevents the formation of 
senescence-induced altered nuclear staining of 
methylated TRF2 
 
Overexpression of hTERT can prevent replicative 
senescence, resulting in immortalization of normal 
primary fibroblasts [45, 46]. To investigate whether 
hTERT may repress the formation of the altered nuclear 
staining of methylated TRF2, we introduced hTERT 
into GM9503 cells of passage 38 (p38) and cultured 
hTERT-GM9503 cells in parallel with parental 
GM9503  cells  (p38)  until  GM9503  cells  approached  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
replicative senescence at p47 (Fig. 6A). Exogenous 
expression of hTERT was sufficient to immortalize 
GM9503 cells and prevented telomere shortening 
associated with replicative senescence (Fig. 6B). 
Analysis of indirect immunofluorescence with anti-
2meR17 antibody revealed an induction of an altered 
nuclear staining of methylated TRF2 in GM9503 cells at 
passage 47 compared to those at passage 39 (Fig. 6C and 
6D), consistent with our earlier finding. On the other 
hand, no increase in the altered nuclear staining of 
methylated TRF2 was observed in hTERT-immortalized 
GM9503 cells. Instead, we detected a 30% decrease 

Figure 5. The altered nuclear staining of methylated TRF2  is associated with altered nuclear structure  in senescent cells. (A)
Analysis of indirect immunofluorescence with anti‐Lamin A/C antibody on young (p26) and senescent GM9503 (p48) cells. Cell
nuclei were stained with DAPI in blue. (B) Quantification of percentage of GM9503 cells showing nuclear Lamin A staining that
are either line‐shaped or not associated with lines. A total number of 1014, 1050 and 1073 cells were scored for passages 21, 26
and 48, respectively.  (C) Analysis of dual  indirect  immunofluorescence  in  late passage GM9503  (p45) with anti‐TRF2‐2meR17
antibody  in conjunction with anti‐Lamin A antibody. Cell nuclei were  stained with DAPI  in blue.  (D) Analysis of dual  indirect
immunofluorescence  in  senescent  GM9503  (p48)  with  anti‐TRF2‐2meR17  antibody  in  conjunction  with  anti‐Lamin  A/C
antibody. Cell nuclei were stained with DAPI in blue. (E) Analysis of dual indirect immunofluorescence in senescent IMR90 (p40)
with anti‐TRF2‐2meR17 antibody in conjunction with anti‐Lamin A/C antibody. Cell nuclei were stained with DAPI in blue.  
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(P=0.005) in the number of hTERT-GM9503 cells with 
an altered nuclear staining of methylated TRF2 when 
compared to GM9503 cells of passage 39 (Fig. 6D). 
These results suggest that overexpression of hTERT 
suppresses the formation of replicative senescence-
induced altered nuclear staining of methylated TRF2.  
 
Dysfunctional telomeres induce the formation of the 
altered nuclear staining of methylated TRF2 
 
In addition to programmed telomere shortening, 
dysfunctional telomeres resulting from disruption of 
TRF2 function can also induce cellular senescence [26, 
28, 29]. It has been well documented that 
overexpression of TRF2 lacking the N-terminal 
basic/GAR domain (TRF2-ΔB) promotes telomere rapid 
deletion whereas overexpression of TRF2 lacking both 
the N-terminal basic/GAR and C-terminal Myb-like 
DNA binding domains (TRF2-ΔBΔM) induces the 
formation of telomere fusions, both of which result in 
the induction of cellular senescence [26, 28]. 
Overexpression of TRF2 carrying amino acid 
substitutions of  arginines  to  lysines  in  its  N-terminal  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

domain (TRF2-RK) has been shown to induce fragile 
telomeres, triggering cellular senescence [29]. To 
investigate whether the altered nuclear staining of 
methylated TRF2 might be associated with cellular 
senescence induced by dysfunctional telomeres, we 
infected GM9503 (p23) cells with retrovirus expressing 
TRF2-RK, TRF2-ΔB, TRF2-ΔBΔM or the vector alone. 
Fourteen days post infection (Fig. 7A), we observed an 
induction of cellular senescence in GM9503 cells 
overexpressing either TRF2-RK, TRF2-ΔB or TRF2-
ΔBΔM but not in GM9503 cells expressing the vector 
alone (Fig. 7B), consistent with previous reports [26, 
28, 29]. Analysis of indirect immunofluorescence 
revealed a drastic accumulation of the altered nuclear 
staining of methylated TRF2 in GM9503 cells 
overexpressing either TRF2-RK, TRF2-ΔB or TRF2-
ΔBΔM when compared to GM9503 cells expressing the 
vector alone (Fig. 7C and 7D). Overexpression of 
TRF2-RK, TRF2-ΔB or TRF2-ΔBΔM had little effect 
on the level of endogenous methylated TRF2 (Fig. 7E). 
These results suggest that the altered nuclear staining of 
methylated TRF2 is associated with cellular senescence 
induced by dysfunctional telomeres.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure  6.  Introduction  of  hTERT  into  normal  primary
fibroblast  cells  suppresses  the  formation of  senesence‐
associated altered nuclear staining of methylated TRF2. 
(A) Schematic diagram of the experimental setup. At day 
0, GM9503 cells were infected with retrovirus expressing 
hTERT,  generating  hTERT‐GM9503  cells.  Both  GM9503 
and hTERT‐GM9503 cells were cultured continuously for
67  days.  (B)  Genomic  blots  of  telomeric  restriction
fragments  from  GM9503  (p38),  GM9503  (p47)  and 
hTERT‐GM9503  at  day  67.  About  3  μg  of  RsaI/HinfI‐
digested genomic DNA  from each sample was   used  for 
gel electrophoresis. The DNA molecular size markers are 
shown  to  the  left  of  the  blots.  (C)  Analysis  of  indirect 
immunofluorescence  with  anti‐TRF2‐2meR17  antibody. 
Cell nuclei of GM9503 and hTERT‐GM9503 were stained 
with  DAPI  in  blue.  (D) Quantification  of  percentage  of
cells with altered nuclear staining of methylated TRF2. At 
least 900 cells in triplicate were scored in blind for each 
cell  line  as  indicated.  Standard  deviations  from  three 
independent experiments are indicated.  
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DNA damage induces the formation of the altered 
nuclear staining of methylated TRF2 in an ATM-
dependent manner 
 
Stress induced premature senescence is known to be a 
DNA damage response [47] and therefore we asked 
whether the altered nuclear staining of methylated TRF2 
might be associated with DNA damage-induced 
senescence. To address this question, GM9503 cells 
(p23) were either mock-treated or treated with 12 Gy 
ionizing irradiation (IR). We found that 48 h post IR, all 
GM9503 cells entered cellular senescence as evidenced 
by analysis of senescence-associated β-galactosidase 
assays (Fig. 8A). Analysis of indirect immuno-
fluorescence with anti-2meR17 revealed an over 3-fold 
induction in the number of GM9503 cells with the altered 
staining of methylated TRF2 48 h post 12 Gy IR (Fig. 8B 
and 8C). We did not detect any significant change in the 
level of methylated TRF2 (Fig. 8D). Collectively, these 
results suggest that the altered nuclear staining of 
methylated TRF2 is associated with DNA damage-
induced cellular senescence.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
ATM is a master regulator of DNA damage response 
following ionizing radiation [40, 41] and therefore we 
also examined whether IR-induced altered nuclear 
staining of methylated TRF2 might be dependent upon 
the ATM-mediated DNA damage response. GM9503 
cells (p23) were treated with DMSO or KU55933, a 
potent and specific ATM inhibitor [48], prior to 12 Gy 
IR. Analysis of indirect immunofluorescence with anti-
2meR17 antibody revealed that treatment with 
KU55933 impaired the induction of IR-induced altered 
nuclear staining of methylated TRF2 (Fig. 8E). The 
impairment of IR-induced altered nuclear staining of 
methylated TRF2 was also observed in primary ataxia 
telangiectasia (AT) fibroblast cells (AT2RO) lacking 
functional ATM (Fig. 8F). Treatment with KU55933 or 
loss of ATM did not affect the association of 
methylated TRF2 with the nuclear matrix (Fig. 8G and 
H). Taken together, these results suggest that ATM is 
important for the formation of IR-induced altered 
nuclear staining of methylated TRF2.  

 

Figure 7. Dysfunctional telomeres  induce altered nuclear 
staining  of  methylated  TRF2.  (A)  Schematic  diagram  of 
experimental  setup.  GM9503  cells  (p23)  were  infected 
with  retrovirus expressing  various TRF2 mutant alleles at 
day  ‐6. After  the  three‐day selection ended on day 0,  the
cells  were  cultured  for  14  days  and  then  subjected  to 
analysis  of  immunofluorescence  (IF)  and  cellular
senescence.  (B)  Senescence‐associated  β‐galactosidase 
assays of GM9503 cells overexpressing the vector alone or 
various  TRF2  mutant  alleles  as  indicated.  (C)  Indirect 
immunofluorescence with  anti‐TRF2‐2meR17  antibody  in 
fixed  GM9503  cells  overexpressing  the  vector  alone  or 
various TRF2 mutant alleles as  indicated. Cell nuclei were 
stained with DAPI in blue. (D) Quantification of percentage 
of cells with altered nuclear staining of methylated TRF2. A 
total  of  1000  cells  in  triplicate were  scored  in  blind  for 
each cell line. Standard deviations from three independent 
experiments  are  indicated.  (E)  Western  analysis  of 
GM9503 cells overexpressing various TRF2 mutant alleles 
as  indicated.  Immunoblotting was  carried  out with  anti‐
TRF2, anti‐TRF2‐2meR17 or anti‐γ‐tubulin antibody.  
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Figure 8.  Ionizing radiation  induces altered nuclear staining of methylated TRF2  in a ATM‐dependent manner.  (A)  Ionizing
radiation induces cellular senescence in GM9503 cells. GM9503 (p23) cells were treated with 12 Gy IR. Senescence‐associated
�‐galactosidase assays were performed 48 h post  IR.  (B)  Indirect  immunofluorescence with anti‐TRF2‐2meR17 antibody  in
mock‐ or IR‐treated GM9503 cells (p23). Cell nuclei were stained with DAPI in blue. (C) Quantification of percentage of cells
with altered nuclear staining of methylated TRF2. A total of 1000 cells  in triplicate were scored in blind for untreated or IR‐
treated cells fixed at various time points post IR as  indicated. Standard deviations from three  independent experiments are
indicated. (D) Western analysis of GM9503 cells (p23) that were either mock‐ or IR‐treated. Immunoblotting was performed
with anti‐TRF2‐2meR17 or anti‐TRF2 antibody. The γ‐tubulin blot was used as a loading control. (E) ATM inhibition abrogates
IR‐induced altered nuclear staining of methylated TRF2. GM9503 cells (p23) were treated with DMSO or KU55933 prior to 12
Gy  IR  treatment.  Forty‐eight hours post  IR,  cells were processed  for  indirect  immunofluorescence with anti‐TRF2‐2meR17
antibody. Quantification  of  percentage  of  cells with  altered  nuclear  staining  of methylated  TRF2. A  total  of  1000  cells  in
triplicate were scored  in blind. Standard deviations from three  independent experiments are  indicated. (F) Little  IR‐induced
altered nuclear staining of methylated TRF2 is observed in AT2RO cells lacking functional ATM. Quantification of percentage
of cells with altered nuclear  staining of methylated TRF2. A  total of 1000 cells  in  triplicate were  scored  in blind. Standard
deviations from three independent experiments are indicated. (G) Sequential extraction of the nuclear matrix from GM9503
cells treated with either DMSO or KU55933. Immunoblotting was performed with anti‐TRF2‐2meR17, anti‐TRF2 or anti‐Lamin
A antibody. (H) Sequential extraction of the nuclear matrix from AT2RO cells that were either untreated or treated with 12 Gy
IR. Immunoblotting was performed with anti‐TRF2‐2meR17, anti‐TRF2 or anti‐Lamin A antibody.  
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DISCUSSION 
 
In this report, we have shown that methylated TRF2 is 
associated with the nuclear matrix and that this 
localization is largely free of human telomeres. In 
addition we have uncovered that the nuclear staining of 
methylated TRF2 is drastically altered upon induction 
of cellular senescence and that this altered staining is 
predominantly associated with misshapen nuclei and 
abnormal nuclear matrix folds. Our findings suggest 
that methylated TRF2 can serve as a potential 
biomarker for cellular senescence.  
  
Through sequential extraction of the nuclear matrix, we 
have shown that the nuclear matrix contains a small 
amount of endogenous TRF1, TRF2 and hRap1, 
suggesting that components of the shelterin complex are 
associated with the nuclear matrix, in agreement with 
previous reports [10, 17]. We have previously estimated 
that about 1-5% of endogenous TRF2 is methylated by 
PRMT1 [29]. Our finding that the majority of 
methylated TRF2 is associated with the nuclear matrix 
suggests that arginine methylation plays an important 
role in regulating TRF2 interaction with the nuclear 
matrix.  
  
We have previously reported that overexpression of 
TRF2-RK carrying amino acid substitutions of arginines 
to lysines (TRF2-RK), which cannot undergo PRMT1-
dependent arginine methylation [29], promotes the 
formation of telomeres with multiple telomere signals 
[29], also known as fragile telomeres [49, 50]. Our 
finding that methylated TRF2 is associated with the 
nuclear matrix raises a possibility that TRF2-RK-
induced fragile telomeres might arise in part from its 
inability to interact with the nuclear matrix. As fragile 
telomeres are thought to result from a defect in telomere 
replication [49, 50], it would be of interest to know if 
the arginine methylation-dependent TRF2 interaction 
with the nuclear matrix might play a role in supporting 
efficient telomere replication. 
  
Although we have shown that methylated TRF2 co-
fractionates with Lamin A, we have not been able to 
detect a direct interaction between TRF2 and Lamin A 
(T. Mitchell and X.-D. Zhu, unpublished data), 
suggesting that the association of methylated TRF2 
with the nuclear matrix may not be mediated by Lamin 
A. While human telomeres are attached to the nuclear 
matrix [16], we have shown through indirect immuno-
fluorescence that the punctate nuclear staining of 
methylated TRF2 is largely free of telomere signals, 
suggesting that methylated TRF2 interaction with the 
nuclear matrix is unlikely mediated through telomeric 
DNA. How methylated TRF2 interacts with the 

nuclear matrix remains unknown, but our finding 
nevertheless suggests that post-translational 
modification plays a role in regulating TRF2 
interaction with the nuclear  matrix. Future studies 
would be needed to investigate the nature of the 
punctate nuclear staining of methylated TRF2 
observed in young primary cells and cancer cells.  
  
We have shown that methylated TRF2 exhibits an 
altered nuclear staining upon induction of replicative 
senescence in normal human primary fibroblasts and 
that this altered staining can be suppressed by 
overexpression of hTERT, suggesting that telomere 
erosion may be a trigger for the altered nuclear staining 
of methylated TRF2. It has been suggested that ionizing 
radiation (IR)- and oncogene-induced cellular 
senescence is caused by irreparable DNA damage at 
telomeres [51, 52]. Our observation that the altered 
nuclear staining of methylated TRF2 is associated with 
IR- and dysfunctional telomeres-induced cellular 
senescence further supports the notion that telomere 
damage resulting from either genotoxic insults or 
programmed telomere erosion is a major inducer of the 
altered nuclear staining of methylated TRF2. 
  
Using two independent antibodies against Lamin A, we 
have observed that senescent fibroblast cells (GM9503 
and IMR90) exhibit abnormal line-shaped Lamin A 
staining, similar to the Lamin A staining previously 
reported for senescent human mesenchymal stem cells 
[11, 44]. Our finding that the altered nuclear staining of 
methylated TRF2 overlaps well with the abnomal line-
shaped Lamin A staining suggests that the altered 
methylated TRF2 staining is associated with distorted 
nuclear structures in senescent cells. Our finding further 
implies that methylated TRF2 may serve as a potential 
biomarker for senescence-associated altered nuclear 
matrix. 
   
It has been well established that the ATM-dependent 
DNA damage response is needed for initiating and 
maintaining cellular senescence [53-56]. Consistent 
with previous reports [53-56], we have observed that 
primary AT2RO fibroblasts lacking functional ATM 
fail to undergo cell cycle arrest and start to die within 
days after ionizing radiation (T.R.H Mitchell and X.-
D. Zhu, unpublished data). We have demonstrated that 
loss or inhibition of ATM abrogates IR-induced 
altered nuclear staining of methylated TRF2, 
indicating that the ATM-dependent DNA damage 
response is needed for the formation of the altered 
nuclear staining of methylated TRF2. Our finding 
suggests that the methylated TRF2 may serve as a 
potential biomarker for aging- and stress-induced 
cellular senescence. 
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METHODS 
 
DNA constructs and antibodies. The retroviral construct 
expressing shRNA against PRMT1 (pRS-shPRMT1) 
has been previously described [29]. The retroviral 
construct expressing hTERT (pBabe-hTERT) was 
generously provided by Robert Weinberg, Whitehead 
Institute for Biomedical Research. 
   
Antibody specifically raised against TRF2 methylated at 
R17 (2meR17) has been previously described [29]. 
Antibodies against TRF1, TRF2 and hRap1 were kind 
gifts from Titia de Lange, Rockefeller University. Other 
antibodies used include Lamin A (Millipore), Lamin 
A/C (Cell Signaling), PRMT1 (Millipore) and H2A.X 
(Upstate).  
 
Cell culture and retroviral infection. Cells were grown 
in DMEM medium with 10% fetal bovine serum (FBS) 
for HeLaI.2.11, 293T, WI38VA13/2RA, hTERT-BJ and 
Phoenix cells supplemented with non-essential amino 
acids, L-glutamine, 100 U/ml penicilin and 0.1 mg/ml 
streptomycin. Supplementary DMEM medium plus 
15% FBS was used to culture normal primary human 
fibroblasts (IMR90, GM9503, AG02261 and GM1706) 
(Coriell) and ATM-deficient primary fibroblast AT2RO 
(a kind gift from Jan Hoeijmakers). For inhibition of 
ATM, cells were treated with KU55933 (20 μM, Sigma) 
for 3 h before 12 Gy ionizing irradiation treatment. 
Ionizing irradiation was delivered from a Cs-137 source 
at McMaster University (Gammacell 1000). 
  
Retroviral gene delivery was carried out essentially as 
described [29, 57]. Phoenix amphotropic retroviral 
packaging cells were transfected with the desired DNA 
constructs using Lipofectamine 2000 (Invitrogen) 
according to the manufacturer. At 36, 48, 60, 72, and 84 
h post-transfection, the virus-containing medium was 
collected and used to infect cells in the presence of 
polybrene (4 μg/ml). Twelve hours after the last 
infection, puromycin (2 μg/ml) was added to the 
medium, and the cells were maintained in the selection 
media for the entirety of the experiments.  
  
Sequential extraction of nuclear matrix. Extraction of 
nuclear matrix components was conducted essentially as 
described  [58, 59]. Briefly, PBS-washed cells were 
resuspended in 5X pellet volume cytoskeleton (CSK) 
buffer (10 mM Pipes pH 6.8, 100 mM NaCl, 300 mM 
sucrose, 3 mM MgCl2, 1 mM EGTA, 2 mM vanadyl 
ribonucleoside complex, 1.2 mM phenylmethylsulfonyl 
fluoride, 1 mM DTT, 1 μg/ml aprotinin, 1 μg/ml 
leupeptin, 10 μg/ml pepstatin and 0.5% Triton X-100). 
Following centrifugation at 1000g for 5 min, the 
cytoskeleton framework was further extracted by 

incubating the pellet in RSB-magik buffer (10 mM Tris-
HCl pH 7.4, 10 mM NaCl, 3 mM MgCl2, 2 mM vanadyl 
ribonucleoside complex, 1.2 mM phenylmethylsulfonyl 
fluoride, 1 mM DTT, 1 μg/ml aprotinin, 1 μg/ml 
leupeptin, 10 μg/ml pepstatin, 1% Tween 20 and 0.5% 
sodium deoxycholate) for 5 min. Upon centrifugation, 
the pellet was treated with 30-50 U of RNase-free 
DNaseI (Fermentas) per 106 cells in digestion buffer (10 
mM Pipes pH6.8, 50 mM NaCl, 300 mM sucrose, 3 
mM MgCl2, 1 mM EGTA, 2 mM vanadyl 
ribonucleoside complex, 1.2 mM phenylmethylsulfonyl 
fluoride, 1 mM DTT, 1 μg/ml aprotinin, 1 μg/ml 
leupeptin, 10 μg/ml pepstatin and 0.5% Triton X-100) 
for 1 h at room temperature. Chromatin was then 
removed by elution with 0.25 M ammonium sulfate, 
leaving a complete nuclear matrix-intermediate filament 
scaffold containing nuclear ribonuclear-protein 
complexes [58]. The complete nuclear matrix was 
further extracted with 2M NaCl to release the outer 
nuclear matrix proteins, and in some cases followed by 
digestion with DNase-free RNase A to remove the core 
filaments of the matrix. All incubation and 
centrifugations were performed at 4oC except where 
indicated.  
 
Immunofluorescence. Immunofluorescence was 
performed as described [29, 60, 61]. All cell images 
were recorded on a Zeiss Axioplan 2 microscope with a 
Hammamatsu C4742-95 camera and processed using 
the Openlab software package. 
  
For BrdU labeling, cells were seeded on and processed 
in 8-well chamber slides (Lab Tek). Two days later, 
cells were incubated for 6 hours in media containing 10 
μM BrdU (Sigma) and then fixed at room temperature 
(RT) for 7 min in PBS-buffered 3% paraformaldehyde 
and 2% sucrose. Following permeablization at RT for 7 
min in Triton X-100 buffer (0.5% Triton X-100, 20 mM 
Hepes-KOH, pH 7.9, 50 mM NaCl, 3 mM MgCl2, 300 
mM sucrose), cells were incubated in 4M HCl for 10 
min at RT. Cells were then processed for 
immunofluorescence as described [29, 60, 61] using 
anti-BrdU antibody (Novus Biologicals) and anti-
2meR17 antibody.  
 
Telomere length analysis and senescence-associated β-
galactosidase assays. For telomere length analysis, 
genomic DNA isolated from cells was digested with 
RsaI and HinfI and loaded onto a 0.7% agarose gel in 
0.5xTBE. Blotting for telomeric fragments was carried 
out as described [62, 63]. 
  
Senescence-associated (SA) β-galactosidase assays 
were carried out using the SA-β-gal senescence kit (Cell 
Signaling) according to the manufacturer’s instructions. 
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The cells were seeded two to four days prior to 
processing.  
 
Statistical analysis. A student’s two-tailed t test was 
used to derive all P values.  
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Supplementary Figure 1. Methylated TRF2 exhibits an 
altered  nuclear  staining  associated  with  induction  of 
replicative  senescence  in  normal  human  primary 
fibroblast  cells.  Analysis  of  indirect  immunofluorescent 
with  anti‐TRF2‐2meR17  antibody.  Cell  nuclei  were
stained with DAPI in blue.  

Supplementary Figure 2. Induction of the altered
methylated  TRF2  staining  in  late  passage  normal
human  primary  fibroblast  cells.  (A)  Analysis  of
indirect  immunofluorescence  with  anti‐TRF2‐
2meR17  antibody  in  normal  human  primary
fibroblast  AG02261  cells  at  either  p15  or  p45.  Cell
nuclei  were  stained  with  DAPI  in  blue.  (B)
Senescence‐associated  β‐galactosidase  assays  for
AG02261  cells  at  either  p15  or  p45.  (C)
Quantification of percentage of AG02261  cells with
altered nuclear staining of methylated TRF2. A total
of at least 900 cells in triplicate were scored in blind
for  each  passage  as  indicated.  Standard  deviations
from  three  independent experiments are  indicated.
(D) Quantification  of  percentage  of  normal  human
primary fibroblast GM1706 cells with altered nuclear
staining of methylated TRF2. A  total of at  least 900
cells  in  triplicate  were  scored  in  blind  for  each
passage as indicated. Standard deviations from three
independent experiments are indicated.  



 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
INTRODUCTION 
 
The importance of early diagnosis, treatment and 
prevention of Alzheimer’s disease attracts the attention 
of scientific and medical communities, regulatory 
agencies, such as the US Food and Drug Administration 
(FDA), and industry and government leaders in many 
countries [1-3]. The number of AD patients and those in 
high risk populations grows quickly, especially in 
developed countries, due to increased lifespan. A 
number of investigational anti-AD drugs, targeting 
various processes characteristic of AD pathogenesis, 
have failed in recent clinical trials [1,4-6], likely due to 
massive   neuronal  loss   and  advanced   stages  of   the  
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disease in the enrolled patients [3-5]. It has been 
demonstrated that AD dementia is preceded by 10-20 
years of the disease development, initially without 
clinical symptoms (pre-symptomatic AD), and then 
manifested as MCI [7-9]. It is important to note that the 
detailed analysis of failed clinical trials has 
demonstrated a therapeutic benefit in the sub-groups of 
patients with mild and moderate symptoms of AD [6, 
see   also    https: //investor.lilly.com/releaseDetail.cfm? 
ReleaseID = 702211 and http://www.alzforum.org/new/ 
detail.asp?id=3288]. The high need for development of 
new methods for early AD detection is also emphasized 
in recent publications from the FDA [10, see also 
http://www.fda.gov/downloads/Drugs/GuidanceCompli
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Abstract: A minimally  invasive  test  for  early  detection  and  monitoring  of  Alzheimer’s  and  other  neurodegenerative
diseases is a highly unmet need for drug development and planning of patient care. Mild Cognitive Impairment (MCI) is a
syndrome  characteristic of early  stages of many neurodegenerative diseases. Recently, we have  identified  two  sets of
circulating brain‐enriched miRNAs,  the miR‐132  family  (miR‐128, miR‐132, miR‐874) normalized per miR‐491‐5p and  the
miR‐134 family (miR‐134, miR‐323‐3p, miR‐382) normalized per miR‐370, capable of differentiating MCI from age‐matched
control (AMC) with high accuracy. Here we report a biomarker validation study of the identified miRNA pairs using larger
independent  sets  of  age‐  and  gender‐ matched  plasma  samples.  The  biomarker  pairs  detected MCI  with  sensitivity,
specificity and overall accuracy similar to those obtained in the first study. The miR‐132 family biomarkers differentiated
MCI from AMC with 84%‐94% sensitivity and 96%‐98% specificity, and the miR‐134 family biomarkers demonstrated 74%‐
88%  sensitivity and 80‐92%  specificity. When miRNAs of  the  same  family were  combined, miR‐132 and miR‐134  family
biomarkers  demonstrated  96%  and  87%  overall  accuracy,  respectively.  No  statistically  significant  differences  in  the
biomarker concentrations in samples obtained from male and female subjects were observed for either MCI or AMC. The
present  study  also demonstrated  that  the highest  sensitivity  and  specificity  are  achieved with pairs of miRNAs whose
concentrations in plasma are highly correlated.  
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anceRegulatoryInformation/Guidances/UCM338287. 
pdf] and the U.S. Department of Health and Human 
Services  (“National Alzheimer's Project Act”,  
available at: http://aspe.hhs.gov/daltcp/napa/). Since 
cognitive testing cannot identify patients in pre-
symptomatic stages of AD, effective biomarkers are 
necessary for successful patient stratification and 
treatment monitoring [3-5]. 
 
Due to the Alzheimer’s Disease Neuroimaging Initiative 
(ADNI) in the US (http://www.adni-info.org/) and 
similar projects in other countries, a significant progress 
in early detection of AD with high sensitivity and 
specificity by imaging techniques and analysis of protein 
biomarkers in cerebrospinal fluid has been achieved [7]. 
However, the high cost and invasiveness of these 
methods make their application for primary screening of 
large populations impractical [11]. Various approaches to 
the development of non-invasive or minimally invasive 
assays for early detection of AD have been tested [12-
19]. Currently there is no reliable molecular test for 
diagnosing AD at the pre-symptomatic or MCI stage. 
Recently we proposed an approach for early detection of 
MCI based on analysis of cell-free circulating miRNAs in 
plasma by RT-qPCR [20]. Several innovations were 
demonstrated to be effective for selection of potential 
miRNA biomarkers. First, we hypothesized that changes 
in concentrations of circulating miRNAs enriched in the 
brain, and more specifically in hippocampus and frontal 
cortex, were more likely to reflect AD-associated 
pathologic processes in the brain than ubiquitous or other 
organ-enriched miRNAs. Second, we analyzed miRNAs 
present in neurites and synapses, dysfunction and 
destruction of which is characteristic of early stages of 
neurodegeneration, and therefore, could affect expression 
and secretion of these miRNAs. Third, to compensate for 
processes unrelated directly to MCI, e.g. changes in 
blood-brain barrier permeability, we used the “biomarker 
pair” approach [20-23] normalizing neurite/synapse 
miRNAs by other brain-enriched miRNAs, which could 
be expressed in brain areas or cell types not involved in 
early stages of AD and MCI, as well as miRNAs with 
levels in plasma changing differently when compared 
with neurite/synapse miRNAs. Two sets of biomarker 
pairs, miR-132 (miR-128/miR-491-5p, miR-132/miR-
491-5p and miR-874/miR-491-5p) and miR-134 (miR-
134/miR-370, miR-323-3p/miR-370 and miR-382/miR-
370), capable of differentiating MCI from AMC with 
sensitivity and specificity of 79%-100% were identified. 
In a separate small longitudinal study, the identified 
biomarker miRNA pairs successfully detected MCI in a 
majority of patients at the asymptomatic stage 1‐5 years 
prior to clinical diagnosis. These miRNA pairs also 
differentiated AD from AMC (P<0.001) and appeared 
effective in detecting age‐related brain changes in 

younger and older controls. Thus, while biomarkers of 
miR-132 and miR-134 sets do not seem to be specific to 
AD, they detect some common processes (possibly 
neurite/synapse dysfunction and destruction), 
characteristic of AD and other neurodegenerative 
diseases, and are capable of detecting MCI early. The 
initial report described analysis of 30 plasma samples in 
each group (AMC, MCI and AD; 10 in the pilot study for 
miRNA selection, and 20 in the feasibility study); all 
plasma samples were collected at the Roskamp Institute 
(Sarasota, FL). 
 
In the present biomarker validation study we analyzed 
new larger sets of gender- and age-matched plasma 
samples (50 MCI and 50 AMC) collected at different 
sites. 
 
RESULTS 
 
Biomarker validation 
 
The concentrations of 8 miRNAs were measured by RT-
qPCR analysis in plasma samples from 50 MCI patients 
and 50 AMC subjects (Table 1). The ratios for miRNAs 
from the miR-132 family to miR-491-5p and for 
miRNAs from the miR-134 family to miR-370 (2-ΔCt) are 
presented as box-plots in Fig. 1 and 2, respectively. Fig. 3 
presents Receiver-Operating Characteristic (ROC) curves 
for miR-132 and miR-134 families. The area under the 
ROC curve (AUC) for miR-128/miR-491-5p, miR-
132/miR-491-5p and miR-874/miR-491-5p is 0.97, 0.97 
and 0.98, respectively. These biomarker pairs (Set 1) 
differentiated MCI from AMC with 84%-94% sensitivity 
and 96%-98% specificity (Table 2). Further, biomarker 
pairs miR-134/miR-370, miR-323-3p/miR-370 and miR-
382/miR-370 (Set 2) demonstrated 74%-88% sensitivity 
and 80-92% specificity (Table 2). AUC for miR-
134/miR-370, miR-323-3p/miR-370 and miR-382/miR-
370 are 0.92, 0.92 and 0.89, respectively. Combining 
biomarker miRNA pairs within the same set further 
improves sensitivity and specificity (Fig. 3 and Table 2). 
Combining biomarker miRNA pairs from miR-132 and 
miR-134 sets results in sensitivity and specificity that 
range between values obtained for the two sets of 
biomarker pairs. 
 
It is important to analyze factors that could affect the 
test accuracy. The data presented in Figs. 4 and S1 and 
Table 3 show no statistically significant difference 
between female and male cohorts of AMC and MCI 
samples, although a trend toward slightly higher 
accuracy for MCI differentiation from AMC in the male 
cohort by miRNA pairs from the miR-132 family is 
observed, and the opposite trend is observed for miRNA 
pairs of the miR-134 family.   
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Figure 1. miR‐132 family biomarker pairs in plasma of AMC and MCI subjects. The concentrations of
miRNA in plasma samples of MCI and age‐matched donors with normal cognitive function, 50 samples in each
group, were measured by RT‐PCR and the ratios of various miRNA were calculated as 2‐ΔCt x 100. Here and in
other figures with box and whisker plots the results are presented  in the Log10 scale. The upper and  lower
limits of  the boxes and  the  lines  inside  the boxes  indicate  the 75th and 25th percentiles and  the median,
respectively. The upper and  lower horizontal bars denote  the 90th and 10th percentiles,  respectively. The
points indicate assay values located outside of 80% data. AMC: age‐matches controls; MCI: MCI patients. 

 

Figure 2. miR‐134 family biomarker pairs in plasma of AMC and MCI subjects. The concentrations of
miRNA in plasma samples of MCI and age‐matched donors with normal cognitive function, 50 samples in each
group, were measured by RT‐PCR and the ratios of various miRNA were calculated as 2‐ΔCt x 100. See the legend
to Fig. 1 for the description of the box and whisker plots. AMC: age‐matches controls; MCI: MCI patients. 
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Table 1. Demographics of plasma donors 
 
Clinical 

Diagnosis Number of Subjects Age Sex MMSE 
Mean Range Male Female (mean±SD) 

AMC 50 65.1 50-82 26 24 29.6 ± 0.6 
MCI 50 68.2 51-82 21 29 26.0 ± 1.4 

Table 2. Differentiation of MCI from AMC by miRNA biomarker pairs 
 
Family/normalizer miRNA AUC Sensitivity Specificity Accuracy P-value (MCI vs. 

AMC) 

miR-132/miR-491-
5p 

miR-128 0.97 84% 96% 90% 3.53E-16 
miR-132 0.97 88% 98% 93% 1.60E-15 
miR-874 0.98 94% 96% 95% 3.16E-16 
3 pairs 0.98 96% 96% 96% 1.51E-16 

miR-134/miR-370 

miR-134 0.92 86% 82% 84% 1.55E-12 
miR-323-
3p 

0.92 88% 80% 84% 9.46E-13 

miR-382 0.89 76% 90% 83% 5.37E-11 
3 pairs 0.93 80% 94% 87% 2.29E-12 

miR-132/370 

miR-128 0.80 62% 82% 72% 7.10E-7 
miR-132 0.82 74% 76% 75% 3.57E-8 
miR-874 0.85 88% 64% 76% 1.92E-9 
3 pairs 0.83 86% 66% 76% 1.30E-8 

miR-134/miR-491-
5p 

miR-134 0.65 36% 88% 62% 1.00E-2 
miR-323-
3p 

0.63 38% 88% 63% 2.08E-2 

miR-382 0.63 38% 80% 59% 2.97E-2 
3 pairs 0.65 36% 88% 62% 1.82E-2 

 

Figure  3.  Receiver‐Operating  Characteristic  (ROC)  curve  analysis  of  differentiation  between  MCI
patients and age‐matched  controls obtained with different biomarker pairs. The areas under  the ROC
curve  (AUC),  sensitivity,  specificity  and  accuracy  for  each  biomarker/normalizer  pair  presented  in  Table  2  are
calculated for the “cutoff” point (indicated as a dot on each plot) ‐ the value of the ratio of paired miRNA where the
accuracy of predictions is the highest (see Materials and Methods). 
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A role of miRNA normalizer 
 
Selection of an optimal denominator (normalizer) for 
each miRNA family was shown to be essential [20]. 
miR-491-5p and miR-370 were found to be effective 
when paired with miRNAs of the miR-132 and miR-134 
families, respectively. This finding has been further 
tested in the present study. Figs. S2-S4 and Table 2 
show that if normalizers are switched between the two 
families, pairs miR-128/miR-370, miR-132/miR-370, 
miR-874/miR-370, miR-134/miR-491-5p, miR-323-
3p/miR-491-5p and miR-382/miR-491-5p differentiate 
MCI from AMC with much lower sensitivity and 
specificity. Concentrations of miRNAs in plasma depend 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
on numerous factors, including (i) levels of miRNA 
expression in various organs and tissues; (ii) levels of 
miRNA secretion from different cell types; (iii) 
stability of miRNAs in extracellular space and their 
appearance in plasma in different forms, such as 
exosomes and other micro-vesicles, complexes with 
proteins, lipids and, possibly, other molecules; and (iv) 
blood-brain barrier permeability for brain-enriched 
miRNAs. A pathological process may affect some or 
all of these factors. It is, therefore, logical to expect 
that a numerator and a denominator of an effective 
biomarker miRNA pair should share some of these 
basic common factors (e.g. both are brain-enriched and 
secreted in exosomes) and would change differently in 

Figure 4. Receiver‐Operating Characteristic (ROC) curve analysis of differentiation between MCI patients and
age‐matched controls obtained with different biomarker pairs in male (a, b) and female (c, d) cohorts. The areas
under the ROC curve (AUC), sensitivity, specificity and accuracy for each biomarker/normalizer pair presented in Table 3 are
calculated for the “cutoff” point ‐ the value of the ratio of paired miRNA where the accuracy of predictions is the highest. 

  
www.impactaging.com                    929                                 AGING, December 2013, Vol. 5 No.12



response to a pathology). In such cases, one can expect 
a high correlation between miRNAs of miR-132 and 
miR-134 families and their optimal respective 
normalizers, miR-491-5p and miR-370. Data presented 
in Fig. 5 demonstrate that in the AMC cohort 
Spearman test r values for the correlation between 
miRNAs of the miR-132 family with miR-491-5p are 
in the 0.95-0.96 range and for the correlation between 
miRNAs of the miR-134  family with  miR-370  are  in  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

the 0.97-0.98 range. In the MCI cohort, the correlation 
between the same miRNAs is slightly lower, indicating 
that the pathology differently affects plasma levels of 
miRNAs of the miR-132 family and of miR-491-5p, as 
well as levels of miRNAs of the miR-134 family and 
of miR-370. Correlations between neurite/synapse-
enriched miRNAs from one family with the optimal 
normalizer of another family are significantly weaker 
(Fig. S5). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5. Analysis of correlation between members of miR‐132 and miR‐134  families and  their
optimal normalizers miR‐491‐5p and miR‐370, respectively.  Spearman’s rank correlation coefficient r
along with 95% confidence intervals (MIN & MAX) is shown for AMC (blue dots) and MCI (red dots) subjects. 
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DISCUSSION 
 
The main objective of the present work was to validate 
previously identified sets of plasma biomarker miRNA 
pairs [20] in a larger study with clinical samples 
collected at sites different from the one used in the 
original study. The data have validated miRNAs of the 
miR-132 and miR-134 families, paired with miR-491-
5p and miR-370 respectively, as highly sensitive 
biomarkers for detection of MCI. The overall accuracy 
for differentiating MCI from AMC is 90%-96% and 
83%-87% for the biomarker miRNA pairs of miR-132 
and miR-134 sets, respectively.  The corresponding 
values obtained in the first feasibility study were 86% - 
92% and 82% - 89%. Since a large number of MCI 
patients will progress to AD dementia [24-26], it is 
reasonable to suggest that these biomarker pairs detect 
early stages of AD as well, although they do not 
differentiate AD from MCI caused by other conditions.  
As was the case in the feasibility study, the miR-132 
family biomarkers detected MCI with higher accuracy 
than the miR-134 family biomarkers. Although the roles 
of most miRNAs tested in this study in neuronal 
differentiation, function and pathology have not been 
elucidated yet, it has been demonstrated that miR-132 
and miR-134 have opposite effect on neurons: miR-132 
stimulates [27,28] and miR-134 [29] inhibits neurite 
growth. Also, the level of miR-132 has been shown to 
be lower in the hippocampus and temporal neocortex of 
AD patients [30,31]. Lau et al. [32] have demonstrated 
that downregulation of miR-132 occurs at Braak stages 
III and IV, prior to loss of neuron specific miRNAs. 
They have also found that deregulation of miR-132-3p 
in the AD brain appears to occur mainly in neurons 
displaying Tau hyper-phosphorylation and that the 
transcription factor FOX01a is a key target of miR-132 
in the Tau network. Interestingly, the concentration of 
miR-128, which promotes neuronal maturation [33], has 
been shown to increase in the hippocampus in an 
intermediate stage and to decrease in a late stage of  AD  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
[34,35]. Aging-associated increase in the concentrations 
of miR-134 and miR-874 in serum has been 
demonstrated [36]. We plan to further analyze the utility 
of both sets of biomarker miRNA pairs for MCI 
detection in larger longitudinal studies. 
 
The present study has not shown statistically significant 
differences between male and female cohorts in 
differentiating MCI from AMC, suggesting that a 
combined control group could be used in further 
studies. These results need to be confirmed in larger 
follow-on studies.  
 
The present study further validated the use of effective 
“miRNA pairs”, i.e. pairing of an optimal miRNA 
normalizer (denominator in biomarker pair) with a 
particular miRNA as the numerator. In the previous 
study [20] we analyzed levels of neurite and/or synapse 
miRNAs and other brain-enriched miRNAs in plasma 
of MCI and AMC subjects, and then the ability of all 
possible miRNA pairs to differentiate MCI from AMC 
was tested. Neurite/synapse miRNAs (miR-132 and 
miR-134 families) were found to be the best nominators 
in the identified and selected biomarker pairs. These 
data supported our initial hypothesis: neurite/synapse 
miRNAs can be effective biomarkers of neuro-
degeneration, because synapse dysfunction and 
subsequent neurite and synapse destruction are early 
events in the progression of neurodegenerative diseases. 
We also demonstrated that miR-491-5p was a preferred 
normalizer for the miR-132 family, and miR-370 was a 
preferred normalizer for the miR-134 family, although 
the nature of these preferences was not clear at the time. 
Here we have further analyzed this phenomenon and 
found that a high correlation between numerator and 
denominator of biomarker miRNA pair in plasma 
samples from different subjects is an important 
parameter for their compatibility. It is currently unclear 
on what factors such a correlation depends, since many 
factors likely affect concentrations of cell-free miRNAs 

Table 3. Comparison of biomarker miRNA pairs of miR‐132 and miR‐134 families in male and 
female subjects 
 

Male 

miRNA 
pair 

128a/491-
5p 

132/491-
5p 

874/491-
5p 

miR-132 
Fam. 

combined 
134/370 323-

3p/370 382/370 miR-134 Fam. 
combined 

AUC 0.97 0.99 1.00 0.99 0.91 0.89 0.86 0.90 
Female

AUC 0.98 0.97 0.97 0.98 0.94 0.95 0.95 0.96 
Male – Female Comparison

P-value 0.763 0.479 0.201 0.686 0.601 0.315 0.167 0.285 
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in plasma. Intuitively, it seems reasonable to suggest 
that an efficient miRNA pair should include two plasma 
miRNAs, which share common properties (for example, 
miRNAs secreted/excreted by the same mechanism, 
miRNAs bound to the same protein in plasma or present 
in similar exosomes, etc.), but differ in their response to 
investigated pathology. Hence, correlation analysis 
could be a useful approach for selecting the effective 
biomarker pairs among bodily fluid miRNAs for 
various diagnostic applications. 
 
Thus, the present study has validated two sets of plasma 
biomarker miRNA pairs for the early detection of MCI, 
providing a basis for a large longitudinal study for 
determining the biomarkers’ ability to detect MCI and 
AD at pre-symptomatic stages. The described approach 
is complementary to other diagnostic technologies, such 
as neuroimaging and CSF analysis.  
 
MATERIALS AND METHODS 
 
Plasma samples. K2EDTA Plasma samples from 50 
MCI patients and 50 AMC were obtained from a 
commercial vendor PrecisionMed (Solana Beach, 
California). The samples were collected in compliance 
with the Health Insurance Portability and 
Accountability Act (HIPAA) and a written consent was 
obtained from each subject. All samples were frozen at  
-20oC within 2 hours from collection, then transferred to 
-80oC, and stored and shipped at -80oC.  
 
MCI diagnosis was based on several tests evaluating 
cognition: (i) ADAS-Cog (Alzheimer’s Disease 
Assessment Scale-Cognitive subscale; (ii) CDRS 
(Clinical Dementia Rating Scale); (iii) Wechsler 
Memory Scale; and (iv) MMSE (Mini Mental State 
Examination). MCI classification requirements included 
the following parameters: (i) 28 ≥ MMSE ≥ 22; (ii) not 
demented; (iii) memory complaint; (iv) preserved 
general cognitive function; (v) intact activities of daily 
living (allowed problems with 2 or less of the 
following: phone calls, meal preparation, handling 
money, completing chores);  (vi) abnormal memory 
function documented by scoring below the education 
adjusted cutoff on the Logical Memory II subscale 
(delayed paragraph recall) from the Wechsler Memory 
Scale–Revised (maximum score = 25): (a) < 8 for 16 
years or more of education; (b) < 4 for 8-15 years of 
education; (c) < 2 for 0-7 years of education. Patients 
with other neurological disorders were excluded from 
the study. 
 
Cognitive status of AMC subjects was also evaluated 
using metrics listed above. AMC subjects had MMSE 
scores of 29 or 30, maintained independent activities of 

daily living, and did not have a known history of 
neurological illnesses, psychiatric disorders, or other 
medical conditions that could potentially interfere with 
their cognitive performance. 
 
Demographic characteristics of the study groups are 
summarized in Table 1.  
 
Plasma RNA extraction and qRT-PCR miRNA analysis. 
miRNA isolation and qRT-PCR analysis were 
performed by Asuragen Inc. (Austin, TX, USA) as 
previously described [20]. Briefly, RNA was extracted 
from 200 µl aliquots of plasma using Trizol treatment 
and silica binding.  Single target qRT-PCR was 
performed using the TaqMan® Reverse Transcription 
Kit and miRNA specific stem-loop primers (Applied 
Biosystems, Foster City, CA, USA). The RT step was 
performed in triplicate and 2 μl plasma equivalents were 
present in final PCR 
 
Bioinformatics analysis and statistical methods. All 
statistical calculations were performed with the use of 
custom software developed at DiamiR LLC (Princeton, 
NJ), as previously described [16]. Briefly, Mann-
Whitney U-tests were used to evaluate significance of 
differentiation of any two patient groups by various 
miRNA pairs, and Spearman’s rank correlation 
coefficient was calculated to estimate associations 
between various miRNAs. Receiver-Operating 
Characteristic (ROC) curves were constructed and the 
area under ROC curves (AUC) was calculated to 
evaluate sensitivity and specificity of various biomarker 
sets. The cutoff points on the ROC curves, at which 
accuracy of MCI detection is maximal, were selected. 
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SUPPLEMENTAL MATERIALS 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure  S1. Comparison of  two biomarker  families  in male  and  female  subjects.  a‐f: AMC;  g‐l  : MCI.    The
concentrations  of miRNA  in  plasma  samples  of MCI  and  age‐matched  donors with  normal  cognitive  function were
measured by RT‐PCR and the ratios of various miRNA were calculated as 2‐ΔCt x 100. Here and in other figures with box
and whisker plots the results are presented  in the Log10 scale. The upper and  lower  limits of the boxes and the  lines
inside the boxes  indicate the 75th and 25th percentiles and the median, respectively. The upper and  lower horizontal
bars denote the 90th and 10th percentiles, respectively. The points indicate assay values located outside of 80% data. 

  
www.impactaging.com                    935                                 AGING,  December 2013, Vol. 5 No.12



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure  S2. miRNAs  of miR‐132  family  paired with miR‐370  in  plasma of  AMC  and   MCI  subjects.  The
concentrations  of miRNA  in  plasma  samples  of MCI  and  age‐matched  donors  with  normal  cognitive  function,  50
samples  in each group, were measured by RT‐PCR and the ratios of various miRNA were calculated as 2‐ΔCt x 100. See
the legend to Fig. S1 for the description of the box and whisker plots.  

 

Figure S3. miRNAs of miR‐134  family paired with miR‐491‐3p  in plasma of AMC and   MCI subjects. The
concentrations  of miRNA  in  plasma  samples  of MCI  and  age‐matched  donors  with  normal  cognitive  function,  50
samples in each group, were measured by RT‐PCR and the ratios of various miRNA were calculated as 2‐ΔCt x 100.  See
the legend to Fig. S1 for the description of the box and whisker plots. 
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Figure S4. Receiver‐Operating Characteristic (ROC) curve analysis of differentiation between MCI patients
and  age‐matched  controls  obtained with miR‐132  paired with miR‐370  and miR‐134  family members
paired  with miR‐491‐5p.  The  areas  under  the  ROC  curve  (AUC),  sensitivity,  specificity  and  accuracy  for  each
biomarker/normalizer pair presented in Table 2 are calculated for the “cutoff” point (indicated as a dot on each plot) ‐
the value of the ratio of paired miRNA where the accuracy of predictions is the highest (see Materials and Methods). 
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Figure S5. Analysis of correlation between members of miR‐132 and miR‐134 families and normalizers
optimal for another family, miR‐370 and miR‐491‐5p, respectively.  Spearman’s rank correlation coefficient
r along with 95% confidence intervals (MIN & MAX) is shown for AMC (blue dots) and MCI (red dots) subjects. 
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Abstract: There  is  shortage  of  extensive  clinicopathologic  studies  of  cellular  senescence  because  the  most  reliable
senescence  biomarker,  the  detection  of  Senescence‐Associated‐beta‐galactosidase  activity  (SA‐β‐gal),  is  inapplicable  in
archival material and  requires  snap‐frozen  tissues. We validated  the histochemical Sudan‐Black‐B  (SBB)  specific  stain of
lipofuscin,  an aggregate of oxidized proteins,  lipids  and metals,  known  to  accumulate  in  aged  tissues,  as  an  additional
reliable approach to detect senescent cells  independently of sample preparation. We analyzed cellular systems  in which
senescence was triggered by replicative exhaustion or stressful stimuli, conditional knock‐in mice producing precancerous
lesions exhibiting senescence, and human preneoplastic lesions known to contain senescent cells. In the above settings we
demonstrated  co‐localization  of  lipofuscin  and  SA‐β‐gal  in  senescent  cells  in  vitro  and  in  vivo  (cryo‐preserved  tissue),
strongly supporting the candidacy of lipofuscin for a biomarker of cellular senescence. Furthermore, cryo‐preserved tissues
positive for SA‐β‐gal were formalin‐fixed, paraffin‐embedded, and stained with SBB. The corresponding SA‐β‐gal positive
tissue  areas  stained  specifically  for  lipofuscin  by  SBB, whereas  tissues  negative  for  SA‐β‐gal were  lipofuscin  negative,
validating  the  sensitivity  and  specificity  of  the  SBB  staining  to  visualize  senescent  cells  in  archival material.  The  latter
unique property of SBB could be exploited in research on widely available retrospective tissue material. 
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INTRODUCTION 
 
Cellular senescence is the state of irreversible cellular 
growth arrest in which the cell remains metabolically 
active [1, 2]. Two types of cellular senescence have 
been described in mammalian cells [3]. Replicative 
Senescence (RS) that is triggered by the arrest of 
cellular proliferation after a certain number of divisions 
due to telomere attrition [1, 3] and Stress Induced 
Premature Senescence (SIPS) that is a more acute 
phenomenon in which the cells stop to proliferate under 
various stress conditions, regardless of telomere length 
[3]. The phenomenon of cellular senescence was 
originally described in vitro [4]. More recently, 
senescent cells were also identified in aged skin [2], 
benign tumors and premalignant lesions [5-9] as well as 
in age-related pathologies [10]. Also, the number of 
senescent fibroblasts reportedly increases exponentially 
in the skin of aging primates, reaching >15% of all cells 
in very old individuals [11]. The evidence so far from in 
vitro and in vivo studies suggests that cellular 
senescence acts as a tumor barrier, whereas it 
contributes to the processes of tissue aging and age-
related diseases [12]. The significance of cellular 
senescence in carcinogenesis and age-related disorders, 
renders the detection of these phenomena essential. This 
urgent need of reliable biomarkers of senescence is even 
more apparent given the evidence for cellular senescence 
induced in response to anticancer therapy [13]. 
 
The most widely used biomarker of cellular senescence 
reported so far is the detection of Senescence-
Associated β-Galactosidase activity (SA-β-gal) in sub-
optimal pH [2, 14]. Nevertheless, a major disadvantage 
in designing large-scale studies of cellular senescence in 
human lesions is that SA-β-gal staining requires fresh 
tissue as it is based on an enzymatic reaction [14]. This 
fact seriously limits the exploitation of the widely 
available formalin-fixed paraffin-embedded (FFPE) 
archival tissues, including tissue microarrays [1]. In an 
effort to establish a biomarker of cellular senescence 
that could be applicable for FFPE archival tissue 
material, we focused on lipofuscin, also known as an 
“age-pigment” [15]. Lipofuscin is an aggregate of 
oxidized proteins that accumulates progressively mostly 
in aged post mitotic cells [16]. It is considered a 
hallmark of aging and is also involved in the 
pathogenesis of certain age related pathologies such as 
macular degeneration [16]. Sudan Black B (SBB) is a 
lipophilic histochemical stain that identifies lipofuscin 
and is applicable for in vitro and in situ studies [17-19]. 
Here we employed SBB in a series of experiments 
designed to demonstrate that lipofuscin accumulates in 
vitro in normal human cells during RS or SIPS, as well 
as in stressed human cancer cells. Furthermore, we 

sought to identify lipofuscin deposits in benign lesions 
already known to contain senescent cells. As a control 
marker of the cellular senescence state we used the SA-
β-gal assay. Our results show that the SBB-stained 
lipofuscin is present in all the cells that express SA-β-
gal activity and it is absent in SA-β-gal-negative cells. 
Hence, SBB positivity could be used as an additional 
cellular senescence biomarker. Moreover, SBB staining 
was applicable in FFPE tissue sections, providing 
evidence that this assay can provide a reliable 
biomarker for detection of senescent cells in archival 
clinical material that is stored in paraffin. 
 
RESULTS 
 
To assess the value of lipofuscin as a potential 
biomarker of cellular senescence in vitro, five cellular 
systems of normal diploid cells and cancer cells were 
applied. In these experimental settings cellular 
senescence was triggered by means of proliferative 
exhaustion (Replicative Senescence, RS) or Stress 
Induced Premature Senescence (SIPS). Specifically, we 
used young proliferating primary human diploid lung 
fibroblasts (DLF) (at passage 6), along with 
replicatively senescent cells (at passage 42) and cells (at 
passage 7) in which SIPS was triggered by γ-irradiation 
[20] (Fig. 1). The effect of p53 and p21WAF-1, two well 
established effectors of the senescence program, was 
studied in two inducible osteosarcoma cell lines, namely 
Saos-2 p21-Tet-ON and Saos-2 p53-Tet-ON [21-24]. 
After 8 days of p21WAF-1 or p53 induction senescent 
cells were evident (Fig. 2A, 3A). Finally, the inducible 
osteosarcoma U2OS E2F1-ER cell line was also tested. 
Over-expression of E2F1 has been shown to trigger 
SIPS via activation of the DNA damage response 
(DDR) pathway [25]. The induction of E2F1 yielded 
senescent cells in 10 days (Fig. 4A) as concluded by 
positive SA-β-gal staining.  
 
In all the above systems cells that acquired the 
morphological features of senescence (i.e. became 
enlarged and flattened) were positive for SA-β-gal (Fig. 
1A, 2A, 3A, 4A). These preparations were also stained 
with SBB and as illustrated in Fig. 1B, 2B, 3B and 4B 
all contained clearly visible perinuclear and cytoplasmic 
aggregates of lipofuscin, stained by SBB as dark blue-
black granules. In addition, as lipofuscin produces auto-
fluorescence, we could verify that the blue–black 
granules, stained by SBB, represented lipofuscin 
aggregates, by masking the lipofuscin’s auto-
fluorescence with SBB staining (Fig. 1C, 2C, 3C, 4C) 
[26]. This unique property of the SBB was the reason it 
was selected among other methods that detect lipofuscin 
[19, 27]. To assess the extent of agreement between the 
results from the two assays, we performed SA-β-gal and 
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SBB co-staining in the same cells. Indeed, co-staining 
results showed a complete overlap (Fig. 1D, 2D, 3D, 
4D). Likewise, concomitant staining of  SA-β-gal,  SBB  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

and the proliferative marker Ki67 verified that cells 
positive for lipofuscin and SA-β-gal activity were not 
proliferating (Fig. 1E, 2E, 3E, 4E).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 1.  Lipofuscin accumulates and  co‐localizes with Senescence‐Associated beta‐galactosidase  (SA‐β‐gal)  in  sub‐
confluent senescent primary human diploid lung fibroblasts (DLF). Y (Young): Early‐ passage cells, RS: Replicative‐senescent
cells and IS (irradiated): Early passage cells that became prematurely senescent after irradiation (12x4Gy). Collected cells were fixed
on slides with 4% parafolmadehyde (A) All three cultures were stained with SA‐β‐gal and nuclear fast red as counterstain (NFR). Cells
from RS and  IS cultures acquired the characteristic senescent morphological phenotype (enlarged and flattened) and were positive
for SA‐β‐gal staining (turquoise color). (B) All cultures were stained with Sudan Black B (SBB) and NFR. Cells from RS and IS cultures,
which had the morphological phenotype of senescence, were also positive for SBB (dark blue‐black granules). (C) Top panels: green
pseudocolor represents visualization of lipofuscin’s autofluorescence at 450‐490 nm. Bottom panels: RS and IS cells that stained with
SBB  (BF,  bright  field microscopy)  show  no  auto‐fluorescence  of  lipofuscin  (FM,  fluorescence microscopy  without  pseudocolor),
indicating that SBB stains lipofuscin. Cells with the morphological phenotype of senescence were positive for both SA‐β‐gal and SBB
(D), while cells  that were positive  for Ki67 were negative  for both SA‐β‐gal and SBB  (E).  Insets: Cells at higher magnification, pink
dashed lines: indicate NFR‐stained nuclei, brown dashed lines: indicate Ki67‐ negative nuclei, black arrows: show SBB granules. 
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Next we examined whether SBB staining of lipofuscin 
could serve as a reliable senescence bio-marker in vivo. 
To this end the same experimental procedure was 
followed in frozen tissue sections from mice lung 
adenomas.   The  lung  adenomas  were  developed  in  a  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
mouse model expressing conditionally K-rasV12 in the 
lung [5], one of the first in vivo settings used to 
demonstrate the role of senescence as an anti-tumor 
barrier in premalignant lesions [5]. In line with the in 
vitro findings, the lung adenomas that demonstrated 

Figure 2. Lipofuscin accumulates and co‐localizes with Senescence‐Associated beta‐galactosidase  (SA‐β‐gal)
in senescent Saos‐2 cells triggered by p21WAF‐1. (A) SA‐β‐gal staining (turquoise color)  in the Saos‐2 p21WAF‐1 Tet‐On
cell system on  the 8th day of doxycycline  (5  μg/ml) addition.  Inset: Senescent cells acquired  the characteristic  senescent
morphological phenotype (enlarged and flattened). (B) Sudan Black B (SBB) positivity (dark blue‐black granules) in cells with
senescent morphological phenotype (inset). (C) Top panels: Lipofuscin’s auto‐fluorescence in induced Saos‐2 p21WAF‐1 Tet‐
On cells, by  fluorescence microscopy at 450‐490 nm  (green pseudocolor). Bottom panels: Cytochemical SBB staining  (BF,
bright  field microscopy) quenches  the auto‐fluorescence of  lipofuscin  (FM,  fluorescence microscopy),  indicating  that SBB
stains lipofuscin. SA‐β‐gal and SBB staining coincided in cells that had the morphological phenotype of senescence (D) and
were absent in cells that were positive for the proliferative marker Ki67 (E). (F) Addition of doxycyclin (Dox) triggers p21WAF‐1

expression. Brown dashed lines: Ki67‐ negative nuclei. Black arrows: SBB granules. NFR: nuclear fast red counterstain. 
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strong SA-β-gal activity stained positive for lipofuscin 
while normal lung tissues were negative (Fig. 5). Next, 
we examined frozen human samples from patients with 
benign   prostatic   hyperplasia  (BPH)   from   enlarged  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

prostates (>55gr). These lesions had been previously 
shown to feature senescence [7, 28]. As shown in Fig.6, 
SA-β-gal activity and SBB staining co-localized, 
whereas adjacent normal prostatic glands were negative.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 3. Lipofuscin accumulates and co‐localizes with Senescence‐Associated beta‐galactosidase (SA‐β‐gal) in
p53‐mediated Saos‐2 senescent cells.  (A) Senescent  cells with  the  characteristic morphology  (enlarged and  flattened)
and positivity  for SA‐β‐gal  staining  (turquoise  color), on  the 8th day of  induced with doxycycline of  the Saos‐2 p53 Tet‐On
system. (B) Sudan Black B (SBB) perinuclear accumulation as dark blue‐black granules, in cells with senescent morphology. (C)
Top panels: Perinuclear appearance of lipofuscin in apparently senescent cells: pseudocolor visualization of lipofuscin’s auto‐
fluorescence  (450‐490  nm)  is  represented  in  green.  Bottom  panels:  Lipofuscin’s  auto‐fluorescence  (FM,  fluorescence
microscopy)  is masked  by  SBB  staining  (BF,  bright  field microscopy).  (D)  Co‐localization  of  SA‐β‐gal  and  SBB  staining  in
senescent cells and, (E) Ki67 positive cells are negative for SBB and SA‐β‐gal. (F) Addition of 5μg/ml doxycyclin (Dox) leads to
p53 expression. Brown dashed lines: Ki67‐ negative nuclei, black arrows: SBB granules, NFR: nuclear fast red counterstain. 
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Having verified specific staining of senescent cells by 
SBB we then asked whether this approach could be also 
applicable in archival tissues. Thus, SBB stain was 
performed in FFPE  tissue  samples  prepared  from  the  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
above in vivo settings. As demonstrated in Fig.7, SBB 
staining clearly demonstrated lipofuscin in the lung 
adenomas (Fig.7). Strikingly, adjacent adenocarcinomas 
that spontaneously developed in these mice [5] were 

Figure 4. Lipofuscin accumulates and co‐localizes with Senescence‐Associated beta‐galactosidase (SA‐β‐gal)
in E2F‐1 induced U2OS senescent cells. (A) On the 10th day of induction with 4‐OH‐Tamoxifen, cells were positive for
SA‐β‐gal activity  (turquoise  color);  cells also demonstrated  the morphological phenotype of  senescence  (enlarged and
flattened)  (B)  Cells  demonstrating  the  characteristic  senescent  phenotype  show  Sudan  Black  B  (SBB)  dark  blue‐black
granules  (C)  Top  panels:  Lipofuscin’s  auto‐fluorescence  at  450‐490  nm  is  represented  in  green  pseudocolor.  Bottom
panels:  blocking  of  lipofuscin  auto‐fluorescence  (FM,  fluorescence  microscopy)  with  SBB  staining  (BF,  bright  field
microscopy) indicates that SBB stains lipofuscin (D) Concurrent positivity for SA‐β‐gal activity and SBB staining in the same
cell, which  is also negative for the proliferative marker Ki67 (E). (F) Addition of 300 nmol/L 4‐OH‐Tamoxifen (4‐OH‐Tam)
leads  to  nuclear  translocation  of  E2F1  (indirect  immunofluorescence).  E2F1‐negative  nuclei  are  indicated with white
dashed lines. Brown dashed lines: Ki67‐ negative nuclei, black arrows: SBB granules, NFR: nuclear fast red counterstain. 
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negative (Fig. 7). This finding supports the reliability of 
SBB as a method for staining senescent cells in FFPE 
(Fig. 7). Also, it is in line with the finding of Collado et 
al., that spontaneously developing adenocarninomas in 
this model bypass the senescence anti-tumor barrier [5]. 
In addition, as representatively shown in Fig.8, SBB 
specifically stained blue-black lipofuscin granules in the 
FFPE material from BPH (see Fig.6) that were charac-
terized as SA-β-gal positive. To further validate SA-β-gal 
and SBB staining tissue co-localization, we applied triple 
staining for SA-β-gal, SBB and NFR on BPH samples. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Specifically, the frozen samples were fixed in 
formaldehyde for 2h, stained with SA-β-gal; routinely 
processed for FFPE as previously described [6], section-
ed and then stained with SBB (Fig.9). Although, SA-β-
gal activity was detected mostly in the periphery of the 
sections, leaving the core of the tissue unstained (likely 
due to slow penetration of the SA-β-gal stain into the tis-
sue) a clear co-localization of SA-β-gal activity and SBB 
staining was noted close to the tissue periphery marked 
by pathological features of BPH. Interestingly, SBB foci 
were also observed in the core of the tissue (Fig. 9). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure  5.  Lipofuscin  and  Senescence‐Associated  beta‐galactosidase (SA‐β‐gal)  activity  co‐localize  in  lung
adenomas demonstrating senescence in a mouse model conditionally expressing K‐rasV12 in the lung. Frozen
sections  derived  from  mouse  lung  K‐rasV12  adenomas.  (A)  Cells  from  the  adenomas  show  SA‐β‐gal  activity.  (B)
Characteristic perinuclear deposition of blue black granules in cells stained with Sudan Black B (SBB), representing positivity
for lipofuscin. (C) Cells from lung adenomas positive for both, SA‐β‐gal activity and lipofuscin. (D) Fluorescence microscopy
(at 450‐490 nm) verifying lipofuscin presence. (E) Normal mouse lung tissue negative for SA‐β‐gal activity and lipofuscin. P:
Parenchyma, AD: Adenoma. Scale bars: A‐C, 200 μm; D, 25 μm; E, 50 μm. Insets: Cells at higher magnification. 
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Figure  6.  Lipofuscin  accumulates  and  co‐localizes  with
Senescence‐Associated  beta‐galactosidase  (SA‐β‐gal)  in
senescent  cells detected  in  cryo‐preserved material  from
benign  prostatic  hyperplasia  (BPH).  Frozen  material  from
patients with BPH  in enlarged prostates  (prostate weight greater
than  55gr)  was  thin‐sectioned  (5μm).  The  sections  were
immediately double stained  for SA‐β‐gal activity  (turquoise color)
and  Nuclear  Fast  Red  (NFR)  as  counterstain  (A),  and  double
stained  with  SBB  and  NFR  (B).  Areas  with  characteristic  BPH
pathology  showed  SA‐β‐gal  activity  and  lipofuscin  positivity  (C).
Normal prostate regions adjacent to BPH, were found negative for
SA‐β‐gal activity and lipofuscin (D). Scale bars: A‐C, 100 μm; D, 50
μm. Insets: Cells at higher magnification. 

Figure  7.   Sudan  Black  B  (SBB)  staining  demonstrates
lipofuscin  accumulation  in  lung  adenomas  (AD)  and
absence  in  adenocarcinomas  (AdCa),  in  formalin‐fixed
paraffin‐embedded  (FFPE)  lung  sections  from  mice
conditionally  expressing  K‐rasV12.  (A)  Haematoxylin  and
Eosin  staining  demonstrates  a  lung  adeoma  (AD)  and  an
adenocarcinoma (AdCa) on the same FFPE section (B) Histological
features  of  the  adenoma  and  the  adenocarcinoma  shown  in  A
section.  (C)  Characteristic  perinuclear  deposition  of  blue  black
granules  in  adenoma  cells  stained  with  Sudan  Black  B  (SBB),
representing positivity  for  lipofuscin, while adenocarcinoma  cells
are negative for SBB. (D) Fluorescence microscopy (at 450‐490 nm)
verifying  lipofuscin presence  in  the adenoma, and absence  in the
adenocarcinoma. Scale bars: A, 600 μm; B‐D, 100 μm.  Inset: Cells
at higher magnification. 
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It has been reported that false positive SA-β-gal staining 
may be detected in confluent cultures of quiescent cells 
[29, 30]. To investigate whether lipofuscin may be 
present in confluent cultures, we performed the SA-β-
gal assay and SBB stain in confluent DLF cultures. We 
observed that as soon as the cells reached confluence 
they showed SA-β-gal activity while, in contrast, such 
cultures showed only negligible lipofuscin staining 
(Fig.10A). Extending the two assays for 72 hours we 
observed that all the  cells  clearly  demonstrated  SA-β- 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

gal activity, whereas cells containing lipofuscin 
granules were fewer (Fig. 10B). Furthermore, the 
enzymatic activity of galactosidase [31] may produce 
positive results of SA-β-gal assay in non-senescent 
cells, when incubated for prolonged time. We incubated 
sub-confluent cultures of young DLFs in SA-β-gal for 
72 hours (prolonged incubation) and then stained 
immediately with SBB. In these cells we observed SA-β 
-gal activity while there was no detectable SBB staining 
for lipofuscin (Fig. 10C).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure  8.  Accumulation  of  lipofuscin  in  formalin‐fixed  paraffin‐embedded (FFPE)  tissues  from
benign  prostatic  hyperplasia  (BPH)  that  corresponds  to  senescent  areas  as  depicted  by
Senescence‐Associated beta‐galactosidase (SA‐β‐gal) in cryo‐preserved material. FFPE sections from
patients with  BPH  in  enlarged  prostates  (prostate weight  greater  than  55gr)  demonstrate  accumulation  of
lipofuscin.  Sections were deparaffinized  and double  stained with  SBB  (dark blue‐black  granules)  and NFR  as
counterstain (A). Lipofuscin’s presence was verified with fluorescence microscopy (B). Immunostaining for Ki‐67
shows no matching with  lipofuscin accumulation (C). Normal prostate regions adjacent to BPH, were negative
for lipofuscin (D). Scale bars: BPH, 100 μm; Normal Prostate, 50 μm. Insets: Cells at higher magnification. 
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DISCUSSION 
 
In this study, we examined whether lipofuscin, “a 
hallmark of aging”, [15] is also a cellular senescence 
biomarker and especially whether it is a marker of SIPS. 
Our working hypothesis was based on the notion that 
senescent cells accumulate in aged tissues [2]. We 
argued that the presence of lipofuscin in senescent cells 
could complement SA-β-gal by providing and 
additional marker of cellular senescence. To this end a 
series of experiments were designed in which various 
cellular systems, based on normal and cancer cells, were 
driven to either RS or SIPS. In line with our hypothesis 
all cells that displayed the senescence phenotype under 
either RS, or SIPS scenarios demonstrated co-
localization of SA-β-gal activity and SBB-detected 

lipofuscin granules, both in vitro and in vivo, (Fig. 1D, 
2D, 3D, 4D, Fig. 1E, 2E, 3E, 4E and Fig. 5C, 6C) 
whereas tissues negative for SA-β-gal activity were 
negative for lipofuscin, as well (Fig. 5E, 6D). 
 
Lipofuscin is a non degradable aggregate of oxidized 
proteins, lipids and metals which accumulates inside the 
lysosomes of cells that do not replicate [16]. Such 
accumulation possibly reflects the inability of 
nonproliferating cells to dispose of lipofuscin by 
cellular division, a process that naturally results in 
dilution of lipofuscin [32]. Lipofuscin accumulation in 
aged tissues and age- related pathologies is considered a 
progressive phenomenon, probably as a consequence of 
the decline of the cellular clearance systems of 
misfolded (lipo)proteins and possibly other ‘aberrant’ 
metabolites [16, 33, 34]. We observed the lipofuscin 
granules in cells shortly after they became senescent. 
This fact implies that lipofuscin formation is possibly 
related to the senescent state, rather than just a random 
time-coincident event. Our findings reinforce the 
observation that senescent cells are hyper-metabolic and 
full of lipids in the cytoplasm. [35]. As no specific 
antibody for lipofuscin exists, we have used the SBB 
histochemical stain to demonstrate the presence of 
lipofuscin [16]. The dye is diluted in ethanol and due to 
its lipophilic nature, when in contact with lipids; it 
assembles on the lipid surface, as it is more soluble in 
lipids than in ethanol [26]. Accordingly, SBB stains the 
lipid component of lipofuscin [26]. Several methods 
were reported to detect lipofuscin, including 
fluorescence microscopy due to the natural auto-
fluorescence of lipofuscin [36], as well as histochemical 
dyes like SBB, Berlin Blue, Nile Blue, Ziehl-Neelsen 
and Periodic acid Schiff [37]. As SBB is shown to 
specifically mask lipofuscin’s fluorescence, it was 
considered the most reliable histochemichal stain to 
apply [19, 26, 27, 38]. SBB is suitable for use both in 
frozen and FFPE material [27]. We also verified that 
SBB staining for lipofuscin may depict senescent cells 
in FFPE sections from precancerous lesions already 
shown to contain senescent cells [5, 7, 28] (Fig. 7, 8A-C 
and Fig.9), while it is negative in the adjacent normal 
tissue (Fig. 8D) and the related carcinomas (Fig. 7) that 
have over-come the senescence anti-tumor barrier [5]. 
These characteristics support the candidacy of SBB for 
a highly desirable tool to study senescence in archival 
material.  
 
There is a broad range of potential senescence markers 
whose reliability, however, varies [39,40]. None of the 
candidate markers proposed to date, however, is 
considered entirely specific for cellular senescence, 
especially for in vivo applications [3]. The most 
commonly used senescence biomarker is SA-β-gal 

Figure  9.  Co‐localization  of  Senescence‐Associated  beta‐
galactosidase  (SA‐β‐gal)  activity  and  lipofuscin  depiction  in
fresh‐frozen  tissue  sample  of  benign  prostatic  hyperplasia
(BPH) pretreated with SA‐β‐gal and subsequently embedded in
paraffin. Fresh samples with BPH were snap frozen, fixed  in 4%
formaldehyde,  washed  with  buffer,  incubated  in  SA‐β‐gal 
solution  (turquoise  color),  subsequently  fixed  with  formal‐
dehyde,  and  then  embedded  in  paraffin,  as  previously  shown
(Michaloglou  et  al  2005).  Sections where  then  double  stained
with Sudan Black B (SBB) (dark blue‐black granules) and Nuclear
Fast  Red  (NFR)  as  counterstain.  Areas  with  the  characteristic
pathology  of  BPH  showed  SA‐β‐gal  activity  and  lipofuscin
positivity. Note the weak intensity of the Sa‐β‐gal staining. 
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activity [14]. On the other hand, even the SA-β-gal 
assay apparently produces false positive results, under 
certain culture conditions such as confluence and serum 
starvation [29, 30]. Also, cells that do not express the 
galactosidase gene, show no SA-β-gal activity, but fully 
execute the senescence program [31]. SA-β-gal, can 
only be used in fresh-frozen tissue as it is based on the 
enzymatic activity of galactosidase [14]. This limitation 
prevents to use SA-β-gal for studies of senescence in 
FFPE- archival material [1]. Furthermore, if cells or 
tissues are left in SA-β-gal solution for a prolonged 
time, all cells eventually will acquire the characteristic 
turquoise stain, due to their normal enzymatic 
galactosidase activity (Fig. 10C) [31]. To perform the 
technique a control sample is always required and the 
process is usually stopped when the sample under 
investigation starts to stain. As different tissues and 
cells require different times to stain and the desired 
stain is selected subjectively by the observer, the 
density and intensity of the  turquoise  color  considered  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

as positive varies between studies. On the other hand, 
SBB is a fast dye and it takes only few minutes to stain 
lipofuscin in tissues and cells, while the results are 
homogeneous and reproducible. This technique for 
identifying senescent cells is therefore easier, more 
rapid, likely more reproducible, and especially more 
suited for a wider spectrum of applications in diagnostic 
pathology laboratories. Moreover, SBB is a technique 
employable in frozen tissue [27], so it is also ideal for 
use in parallel with SA-β-gal as an additional biomarker 
of the senescent state. Of note, like all the other 
senescence biomarkers, lipofuscin is not 100% specific 
for senescence as it aggregates in degenerative 
conditions such as macular degeneration [16]. As shown 
(Fig. 10A, 10B) in confluent cultures, cells containing 
lipofuscin may be detected. However, in contrast to SA-
β-gal activity which is immediately demonstrated in 
confluence and is present in all the cells (Fig. 10A), 
lipofuscin granules appear later and to a significantly 
lesser extent (Fig. 10B).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure  10.  Lipofuscin  staining  and  Senescence‐Associated  beta‐galactosidase  (SA‐β‐gal)
activity in primary human diploid lung fibroblasts (DLF). Triple staining of early passage (6th) DLF
cells with Sudan Black B  (SBB)  (dark blue‐black granules), SA‐β‐gal  (turquoise color) and Nuclear Fast
Red  (NFR), as counterstain.  (A) Cells  that had  just  reached 100% confluence showed SA‐β‐gal activity
with negligible lipofuscin (arrows). (B) In the same assay 72 hours later, some cells demonstrated SA‐β‐
gal staining (arrowheads) without lipofuscin, and there were also cells with concurrent SA‐β‐gal and SBB
staining  (arrows).  (C)  In sub‐confluent DLF cells, prolonged SA‐β‐gal  incubation  (72 hours)  followed by
immediate SBB staining, demonstrated SA‐β‐gal activity (inset) without lipofuscin appearance. 
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The majority of pathologies associated with lipofuscin 
are age-related diseases [16]. The role of cellular 
senescence in age-related pathologies and cancer, 
conditions that are both considered integral components 
of “aging”, is a widely growing field of biomedical 
research [39,40]. Future studies will focus on the role of 
cellular senescence in cancer, especially considering the 
increasing evidence that senescence is one of major 
outcomes and a determinant of treatment response in 
oncology, broadly analogous to significance of 
apoptosis [13, 41]. Furthermore, there is evidence that 
presence of senescent cells in certain malignant tumors 
may be a sign of better prognosis [42]. There is little 
doubt that a convenient bio-marker applicable in 
archival tissue material would greatly facilitate research 
on cellular senescence in cancer. The detection of 
lipofuscin with SBB could be applied in studies that 
evaluate the effects of chemotherapy and other 
antineoplastic treatments. 
 
Taken together, our present study showed that 
lipofuscin can provide a senescence biomarker 
comparable to the SA-β-gal activity. Detection of 
lipofuscin with SBB stain can be applied as a stand-
alone or auxiliary to SA-β-gal technique. Furthermore, 
SBB may visualize senescent cells in FFPE tissues, the 
most common form of archival clinical material, 
thereby extending the applicability of currently 
available candidate senescence biomarkers to a much 
wider selection of research topics related to diverse 
diseases and aging.   
 
METHODS 
 
Cells and inducible cellular systems. Primary human 
diploid lung fibroblast cultures (DLFs) were used as 
previously described [20]. Briefly, cells were grown in 
DMEM supplemented with 10% FCS (Gibco, AntiSel, 
Greece), 2 mmol/L L-Glutamine (Gibco, AntiSel, 
Greece), and 100 μg/mL penicillin and streptomycin 
(Gibco, AntiSel, Greece), respectively, at 370C and 5% 
CO2. The cells were serially sub-cultured at 1:2 split 
ratio until replicative senescence (42 passages). 
Alternatively, early passage fibroblasts (7 passages) 
were repeatedly exposed, twice a day, to sub-lethal 
doses (4 Gy) of γ-radiation up to a cumulative dose of 
approx. 50 Gy (12x4Gy), in a 60Co gamma source 
(Gamma Chamber 4000A, Isotope Group, Bhadha 
Atomic Research Company, Trombay, Bombay, India) 
at a rate of 8 Gy/min. The cells were subcultured and 
after additional two weeks, fixed and analyzed. The 
regulatable osteosarcoma cell models Saos-2 p21 Tet-
On, Saos-2 p53 Tet-On and U2OS-E2F1-ER were 
cultured as previously described [25, 43]. Briefly, these 
cell lines were maintained under the same culture 

conditions as DLFs, except for the use of FBS 
tetracycline-free medium (Clontech, Lab Supplies, 
Greece) on Saos2-p21 Tet-On and Saos2-p53 Tet-On 
systems. The U2OS-E2F1-ER system induction was 
accomplished with 300nM 4-OH-Tamoxifen, for 10 
days. Saos-2 p21 Tet-On and Saos-2 p53 Tet-On 
systems were induced with 5μg/ml doxycyclin for 8 
days before fixation.  All cell lines were fixed in 4% 
parafolmadehyde (5 min, room temperature) then 
washed with sterile PBS and kept at 40C until staining. 
 
Human samples and animal models. Tissue samples 
from lung adenomas and adenocarcinomas from a 
mouse model expressing conditionally K-rasV12 in the 
lung were analyzed [5]. Normal mouse lung tissue was 
obtained from the Laboratory of Cell Proliferation and 
Ageing, Institute of Biology, National Centre for 
Scientific Research ‘Demokritos. Subsequently, 
surgically removed material from patients with benign 
prostate hyperplasia was obtained (with consent of 
patients according to the National Kapodistrian 
University of Athens ethical committee guidelines). 
From each sample, material was partitioned and either 
stored at -800C [14] or routinely formalin-fixed and 
paraffin-embedded (FFPE). 
 
 SA-β-galactosidase Assay. The activity of SA-β-gal in 
cell cultures and frozen tissues was detected according 
to Debacq-Chainiaux et al. [14]. Cells with cytoplasmic 
staining were scored as positive. Fresh-frozen, 
formaldehyde-fixed SA-β-gal pre-incubated tissues 
were stained as described elsewhere [6]. 
 
Lipofuscin staining protocol: Sudan Black B (SBB) 
staining. Combining the protocols of Gatenby et al. 
[17], and Rasmussen, [18] for SBB staining, we 
achieved optimal lipofuscin visualization in cell cultures 
and tissues with the following methodology: 
Preparation of SBB solution: 0.7gr of SBB (BDH, 
Vizas, Athens, Greece) was dissolved in 70% ethanol, 
covered with parafilm and thoroughly stirred overnight 
at room temperature. Filtered through filter paper and 
then filtered again through frittered glass filter of 
medium porosity with suction. Throughout the process, 
it was important to avoid ethanol evaporation, which 
results in precipitation of the stain, so the solution was 
stored in an airtight container. 
Staining Procedure: OCT-Frozen-sections mounted 
onto superfrost slides were fixed in 1% (wt/vol) 
formaldehyde/PBS for 1 min at room temperature and 
then washed three times (approx.1 min) at room 
temperature, with PBS. Sections were then incubated 
for 5 min in 50% ethanol and then for another 5 min 
into 70% ethanol. Coverslips with fixed cells were 
incubated for 2 min in 70% ethanol. Tissue samples 
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were dewaxed with xylene and dehydrated until 70% 
ethanol. In order to avoid precipitation of SBB on cells 
or tissues the following two steps are crucial: 1) a drop 
from freshly prepared SBB was dropped on a clean 
slide. The coverslip with the cells or the dehydrated 
tissue on a slide was placed facing down on the drop of 
SBB on the slide. The staining was observed under the 
microscope. The desirable outcome with no 
precipitation was accomplished by 2-8 minutes. 2) The 
coverslip or the slide, were carefully lifted and the SBB 
on the edges of the coverslip or the tissue-slide was 
wiped out manually from the back and along the edges 
of the coverslip or the slide with the help of a soft 
paper. The cells or the tissues were then embedded into 
50% ethanol, transferred and washed in distilled water, 
counterstained with 0.1% Nuclear Fast Red (NFR) 
(Sigma, BioLine, Athens Greece) for 10 min., and 
mounted into 40% Glycerol/TBS mounting medium. 
Lipofuscin staining was considered positive when 
perinuclear and cytoplasmic aggregates of blue-black 
granules were evident inside the cells. 
 
Immunofluorescence. For indirect immunofluorescence 
analysis, cells were fixed with 4% paraformaldehyde in 
PBS and subsequently incubated with the primary 
antibody anti-E2F1 (1:100) (KH-95, Santa Cruz, 
Bioanalytica, Athens, Greece), as previously described 
[25].  
 
Immunoblotting analysis. Total protein extraction from 
cells and SDS-polyacrylamide gel electrophoresis was 
performed as previously described [25]. The antibodies 
used were: anti-p21 (1:500) (F-5, Santa Cruz, 
Bioanalytica, Athens, Greece) and anti-p53 (1:500) 
(DO-1, Santa Cruz, Bioanalytica, Athens, Greece). 
 
Auto-fluorescence Detection of Lipofuscin. The FFPE 
tissue sections were deparaffinized, hydrated and 
mounted into 40% glycerol/TBS mounting medium. 
The cells after fixation were also mounted into the same 
mounting medium. Lipofuscin auto-fluorescence was 
then evidenced by excitation at 450-490nm, using a 
dichromatic mirror at 510nm and a long-pass filter at 
515nm [26]. We used the Leica DMRAZ microscope 
equipped with the Leica DFC350FX camera. This 
analysis was performed in cultured young and senescent 
cells as well as in all tissue sections. Lipofuscin auto-
fluorescence was quenched with 0.7% SBB in 70% 
ethanol [38]. 
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INTRODUCTION 

Aging is commonly defined as progressive deleterious 

alterations that lead to increased risk of disease and 

death with advancing age [1-3].  Several potential 

therapeutic approaches are now available to slow down 

the age-related functional decline of the organism [4-

17] including treatment with antioxidants [1, 18, 19].

Indeed, generation of reactive oxygen species (ROS) by 

mitochondria is considered as one of mechanisms of 

aging [20-28]. However, current antioxidants are not 

selective to mitochondria and that might hamper their 

effectiveness [29]. Over the course of seven years we 

investigated retardation of aging with a mitochondria-

targeted antioxidant SkQ1 [10-(6'-plastoquinonyl) 

decyltriphenylphosphonium]. SkQ1 is an antioxidant 

selectively targeted to mitochondria that protects 

mitochondria from oxidative damage and which has 

been shown to decrease mitochondrial damage in 
animal models of oxidative stress [29, 30]. We have 

shown that SkQ1 increased the median lifespan of  
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organisms and also delayed, arrested, and in some cases 

even reversed development of many age-related 

pathological traits [29-34].  

A complex change of the immune system occurs with 

aging. Immuno-senescence is defined as decreased 

cellular reactivity, and imbalance between inflammatory 

and anti-inflammatory networks, which results in low-

grade, chronic, pro-inflammatory condition also known 

as “inflammaging” [35-39]. Aging affects all immune 

cells, and it leads to high susceptibility to infections and 

increased mortality observed in the elderly. Therefore 

age-related changes in immune cells could serve as a 

marker of health, biological age and longevity [40].  

Here we evaluated the effect of the mitochondria-

targeted antioxidant SkQ1 on markers of aging in the 

old OXYS rats, a unique animal model of accelerated 

senescence and age-related diseases, as well as normal 

Wistar rats. OXYS rats spontaneously develop several 

pathological phenotypes similar to human geriatric 
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disorders including cataract, retinopathy, osteoporosis, 

high blood pressure and behavioral alterations [41-50]. 

Most of these manifestations of accelerated aging 

develop in OXYS rats between 1 and 3 months of life. 

Recently we showed that SkQ1 at nanomolar 

concentrations is capable not only to prevent decline of 

the immune system and development of cataract and 

retinopathy but also can reverse already developed 

pathological changes in the lens and retina of OXYS 

rats as well as some age-related alterations in behavior 

[29, 51-53].  

For comparison we used N-acetyl-L-cysteine (NAC) as 

a non-targeted antioxidant. NAC has been shown to 

prevent age-related cognitive defects and oxidative 

decline of mitochondrial functions in the brain [54, 55].   

RESULTS 

Body weight 

The body weight of 19-month-old rats was measured 

before the treatment with antioxidants.  Rats were 

randomly assigned to control and experimental groups.  

OXYS rats are characterized by lower body weight in 

comparison with Wistar rats. Accordingly, before 

treatment at the age of 19 months the body weight was 

dependent only on the genotype (F1.82 = 472.7, p < 

0.000) and was lower in OXYS rats (Table 1). At the 

start of treatment with antioxidants experimental groups 

did not differ in weight (p = 0.34 for Wistar, p = 0.52 

for OXYS). At the end of the 4-month treatment with 

NAC and SkQ1 the body weight remained lower in 

OXYS rats (F1.82 = 245.6, p < 0.000) and it was not  

affected by the antioxidants (F2.82 = 1.6, p = 0.2). A 

paired dependent comparison showed that body weight 

of OXYS rats treated with NAC at the age of 23 months 

was even lower than their weight at the age of 19 

months (p < 0.015). OXYS rats treated with SkQ1 

showed tendency to lose weight, whereas the body 

weight of control OXYS rats was not changed by the 

age of 23 months. 

The white blood cell analyses 

In agreement with earlier findings [56], we observed an 

age-dependent decrease in the number of lymphocytes 

and an increase in neutrophils (Tabl. 2).  The counts of 

neutrophils in the peripheral blood of Wistar rats at the 

age of 19 months were  higher than those in 3 months 

old rats  (p < 0.05, comparison of group mean values); 

and number of neutrophils in 23 months old animals 

was higher than that in 19 months old rats (p < 0.009, 

paired dependent comparisons of the same animals). At 

the same time the counts of lymphocytes in the blood of 

Wistar rats decreased (p < 0.009 for 19 months old and 

p < 0.04 for 23 months old). In OXYS rats, these 

parameters also varied with age, but the increase in the 

counts of neutrophils and decrease in lymphocytes were 

statistically significant only at the age of 19 months 

compared with the 3-month-old animals (p < 0.05). 

Treatment of Wistar rats with NAC almost completely 

prevented the drop in lymphocytes/neutrophils ratio, 

while 4 months treatment with SkQ1 not only prevented 

its decrease, but actually increased this ratio almost to 

the level of young rats. In OXYS rats, neither aging 

from 19 to 23 months nor antioxidants significantly 

affected the white blood cell counts. 

 Table 1. Body weight (g) of control and SkQ1-or NAC-treated Wistar and OXYS rats at the age of 
19 and 23 months 

Strain Wistar OXYS 

Treatment 0 SkQ1 NAC 0 SkQ1 NAC 

19 months 612±18 630±18 637±17 404±9* 424±14 411±6 

23 months 560±27 642±20 604±27 393±8* 390±8 385±9^ 

*– statistically significant differences between the strains of the same age; ^ - statistically significant 
differences between 19- and 23-month-old rats (paired-dependent comparisons of the same animals).
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Serum GH levels 
 

The level of GH naturally was decreased with age in 

rats of both strains albeit more profoundly in OXYS rats 

than in Wistar rats (p < 0.0001 for age of 3 months, p < 

0.009 for 19 months and p < 0.008 for 23 months). 

Before the treatment with antioxidants GH levels 

depended only on the genotype (F1.42 = 60.96, p < 

0.000) and at the age of 19 months OXYS rats had 

lower levels of GH (Table 3). At the start of 

supplementation with antioxidants the experimental 

groups did not differ in the levels of GH (p = 0.49 for 

Wistar, p = 0.52 for OXYS). 
 

After 4-month of treatment with NAC or SkQ1 GH 

levels remained lower in OXYS rats (F1.42 = 49.6, p < 

0.000) and were affected by antioxidants (F2.42 = 8.8, p 

< 0.0008). In both Wistar and OXYS rats treated with 

SkQ1, GH levels were significantly higher than in 

control groups of the corresponding strain (p < 0.004 

and p <0.02, respectively). In Wistar rats treated with 

NAC - no difference was found.  Yet a paired 

dependent comparison showed that GH levels in Wistar 

rats treated with SkQ1 and NAC were higher at the age 

of 23 months than at the age of 19 months (p < 0.009 

and p < 0.046, respectively).  A paired dependent 

comparison showed a small but significant increase in 

GH levels from the age of 19 months to 23 months in 

OXYS rats treated with SkQ1 (p < 0.000) or NAC (p < 

0.046). In control OXYS rats GH levels decreased 

significantly (p < 0.02) by the age of 23 months. In  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
addition, SkQ1 treated OXYS rats and control Wistar 

rats of the same age (23 months) did not differ in GH 

levels. 

 

Serum IGF-I levels 

 

At the age of 3 months, serum IGF-1 levels were 

maximal in Wistar and OXYS rats and there was no 

difference in IGF-1 levels between the strains. IGF-1 

levels decreased in rats with age, more profoundly in 

OXYS rats than in Wistar rats (p < 0.002 for the age of 

19 months and p < 0.048 for 23 months). Before 

treatment with antioxidants IGF-1 levels were dependent 

on the genotype (F1.42 = 12.3, p < 0.002) and at the age of 

19 months IGF-1 was lower in OXYS rats than in Wistar 

rats (Table 3). At the start of treatment with antioxidants 

experimental groups did not differ in the levels of IGF-1 

(p = 0.87 for Wistar and p = 0.81 for OXYS rats). 

 

After 4 months treatment with antioxidants IGF-1 levels 

were dependent on the genotype, (F1.42 = 8.1, p < 0.008) 

and were affected by antioxidants (F2.42 = 19.4, p < 

0.00). In Wistar rats treated with either SkQ1 or NAC, 

IGF-1 levels were significantly higher (p < 0.0002 and p 

< 0.014, respectively) than in the control group. The 

paired dependent comparison showed that IGF-1 levels 

in 23-month-old Wistar rats treated with either NAC or 

SkQ1 were even higher than they have been at the age 

of 19 months (p = 0.032), while in the control rats IGF-

1 was significantly lower (p < 0.001). 

Table 2. White blood cell counts in Wistar and OXYS rats at the age of 3, 19 and 23 months. Effects 
of 4 months treatment with SkQ1 or NAC. The results are given as % of the total number of white 
blood cells 

 

Strain Age, month Treatment  Lymphocyte

s 

Neutrophils Eosinophils Monocytes Lymphocyte

s/Neutro 

phils ratio 

Wistar 

3 0 74.1±5.8 20.4±0.21 2.13±0.25 4.10±0.25 3.63±0.41 

19  0  63.0±1.32
^
 29.4±1.27

^
 3.36±0.29

^
 3.43±0.20 2.46±0.14

^
 

23 

0  54.5±4.42
^
 38.6±4.47

^
 4.50±1.26 2.38±0.34

^
 1.77±0.29

^
 

SkQ1 66.9±3.19
#
 25.9±2.92

#
 4.00±0.83 3.22±0.28 2.92±0.39

# 

NAC  62.4±3.72 31.7±3.79 2.93±0.66 3.00±0.33 2.26±0.34 

OXYS 

3 0 73.1±6.1 19.36±1.6 2.22±0.21 5.27±0.52 3.80±0.35 

19 0  66.0±0.91
^
 28.0±0.82

^
 2.77±0.20 3.0±0.21

^
 2.54±0.10

^
 

23 

0 64.3±1.78* 30.3±1.91 2.53±0.45* 2.87±0.31 2.28±0.19 

SkQ1  57.1±3.17 38.4±3.05
#
 1.83±0.53

#
 2.65±0.31 1.76±0.22 

NAC  58.3±2.14 36.6±2.23 2.23±0.28 2.86±0.18 1.77±0.15 
 

*– statistically significant difference between the strains of the same age; 
#
 – significant effect of the drug 

within the strain; ˆ – significant age-related differences from the previous age within the strain. 
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From the age of 19 to 23 months IGF-1 levels in control 

group of OXYS rats also decreased significantly (p < 

0.001). In OXYS rats treated with either SkQ1 or NAC, 

IGF-1 levels were significantly higher than in the 

control group (p < 0.013 and p < 0.031, respectively). 

The paired dependent comparison showed that in rats 

treated with NAC, at the age of 23 months IGF-1 levels 

remained similar to the 19-month-old animals, whereas, 

in the  rats treated with SkQ1 its level increased 

significantly (p < 0.000). In addition, in 23-month-old 

OXYS rats treated with NAC, IGF-1 levels were similar 

to those in Wistar control rats of the same age, but in 

OXYS rats treated with SkQ1, IGF-1 levels were 

similar to IGF-1 levels of young Wistar rats. 

 

Serum testosterone and DHEA levels 

 

ANOVA analyses showed that the level of testosterone 

in Wistar and OXYS rats was maximal at the age of 3 

months and decreased by the age of 19 months in both 

strains (F2.62 = 74.7, p < 0.00) and remained unchanged 

by the age of 23 months. Treatment with NAC and 

SkQ1 had no effect on the testosterone level (Table 3). 

We did not measure DHEA in three-month old animals. 

At the age of 19 months, DHEA level was slightly 

lower in OXYS rats (F1.42 = 19.2, p < 0.0001). In 23 

months old Wistar and OXYS rats, level of DHEA 

differs only slightly from that in 19 months old animals 

(Table 3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

DISCUSSION 
 

Our results indicate that when started late in life, 

treatment with SkQ1 not only prevented age-related 

decline, but also partially reversed it.  Effects of NAC 

were of the lower magnitude compared to SkQ1, despite 

the higher dose of NAC used.  
 

 One reason for body weight loss in old age is 

sarcopenia - a gradual decline in muscle mass. After 4 

months treatment with antioxidants the body weight of 

OXYS and Wistar rats decreased only slightly. In SkQ1 

treated group weight was very similar to weight of 

control rats in both rat strains. These findings are 

consistent with unpublished data of L.E. Bakeeva and 

V.B. Saprunova, who found that SkQ1 reduced the age-

related decline in muscle mass in OXYS and Wistar 

rats. Another reason for body weight reduction in old 

age is osteoporosis, which results in increased risk of 

fractures. Feeding SkQ1 prevented loss of mineral 

content associated with senile osteoporosis in OXYS 

rats [34]. In our study the paired dependent comparison 

showed that body weight decreased significantly (p < 

0.015) only in OXYS rats treated with NAC.   
 

White blood cells (WBC) counts could serve as a 

marker of health, biological age and longevity. In 

humans, lymphocytes increase early in life until age of 

16-21 years [56]. Some studies indicate that number of 

Table 3. Levels of GH, IGF-1, DHEA-S and testosterone (ng/ml) in serum of intact Wistar and OXYS 
rats at the age of 3, 19 and 23 months and of rats treated with SkQ1 or NAC from the age of 19 
months to 23 months 
 

Strain Age, month Treatment  GH IGF-1 Testosterone DHEA 

Wistar 

3 0  8.14±0.2 535±62 1.42±0.3 - 

19  0  5.28±0.1+
 

483±7 0.61±0.04+ 0.66±0.01 

23 

0  4.98±0.2+
 

448±12+ 0.60±0.07 0.63±0.02+
 

SkQ1 5.50±0.1 
#
^ 500 ± 9

# 
0.61±0.05 0.66±0.01 

NAC  5.37±0.2^ 486±10
# 

0.61±0.03 0.66±0.03 

OXYS 

3 0  6.24±0.3* 498±64 1.99±0.31 - 

19 0  4.57±0.1 *+ 444±7*+ 0.64±0.06+ 0.58±0.01* 

23 

0 4.27±0.1*+ 399±9*+ 0.56±0.02 0.55±0.03*+ 

SkQ1  4.80±0.1
#
^ 499±9 

#
^ 0.58±0.02 0.60±0.02^ 

NAC  4.58±0.08^ 449±13
# 

0.57±0.02 0.59±0.02 
 

*– statistically-significant difference between the strains of the same age; 
#
 – significant effect of the drug 

within the strain; +– significant age-related differences from the previous age within the strain, ^– 
statistically-significant difference between the levels before and after treatment with SkQ1 or NAC (paired-
dependent comparisons of the same animals). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

*– statistically significant difference between the strains of the same age; 
#
 – significant effect of the drug 

within the strain; ˆ – significant age-related differences from the previous age within the strain. 
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lymphocyte decreases with age [57-59]. In line with 

these findings, we observed that the 

lymphocyte/neutrophil ratio was high in the 3-month-

old Wistar and OXYS rats  and decreased with age: the 

counts of lymphocytes were decreased and neutrophils 

were increased. Lymphocytes are important effector 

cells and therefore their activation is essential for 

immune responses [57]. Diminished lymphocyte 

production and function are major contributors to 

disease in elderly [56]. 4 months treatment with NAC 

almost completely prevented the decrease in ratio 

between lymphocytes and neutrophils in 23-month-old 

Wistar rats compared with 19-month-old ones. SkQ1 

increased the lymphocyte/neutrophil ratio, and thereby 

partially reversed decline of this parameter, which was 

observed at the age of 19 months. Our present results in 

Wistar rats are in line with the previous reports that 

NAC [60, 61] and SkQ1 [32,58] prevent the age-linked 

decrease in lymphocyte level in mice. However, both 

antioxidants did not affect the blood 

lymphocyte/neutrophil ratio in OXYS rats. The age-

related decrease in lymphocytes is a consequence of 

involution of thymus, the major organ of lymphocyte 

maturation. The OXYS rats exhibit accelerated 

involution of the thymus and SkQ1 reduces age-related 

thymic involution in both OXYS and normal Wistar rats 

[52]. It is possible that lack of SkQ1 and NAC effects 

on the WBC count in old OXYS rats is associated with 

impairment in bone marrow hematopoiesis. We have 

previously reported the age-associated changes in the 

functional status of hematopoietic stem cells in OXYS 

rats [62]. It can be assumed that in OXYS rats the 

lymphocyte/neutrophil ratio was already stabilized at 

low level in the 19 month-old rats so that antioxidants 

could not have a favorable effect. Antioxidants had no 

effect on the levels of eosinophils and monocytes in 

both rat strains. 

 

Circulating GH levels are at the highest during the 

neonatal period; they decrease during childhood, peak 

again during puberty and fall dramatically in the elderly 

[63]. A reduction in GH level in older humans and 

rodents correlates with a decline in serum levels of an 

anabolic mediator IGF-1 [64]. The present study 

confirmed an age-dependent GH and IGF-1 decrease in 

rats of both strains. In addition, we showed that the 

serum GH level in all studied groups of OXYS rats was 

lower than in age-matched Wistar rats.  Interstrain 

differences were highest in the three-month old animals 

(23%), while at the age of 19 and 23 months difference 

was 13% and 14%, respectively. There were no 

interstrain differences in the blood levels of IGF-1 in 

the 3-month-old animals but at the ages of 19 and 23 

months they were slightly (but statistically significant) 

reduced in OXYS rats (by 9 and 11%, respectively). 

Our study also showed for the first time that NAC 

supplementation from the age 19 to 23 months fully 

prevented the GH and IGF-I decline in both Wistar and 

OXYS rats.  SkQ1 not only stopped the decline in 

hormone levels between the ages of 19 and 23 months, 

but it also increased the levels of GH and IGF-I above 

the levels of those found in 19 month-old animals 

(Table 3). It is well known that GH/IGF-I plays an 

important role in brain aging [65, 66]. Age-related 

reduction in the activities of somatotropic axis may 

influence brain function in the elderly [67]. Recently we 

have shown that SkQ1 treatment of the middle-aged (12 

month) Wistar and OXYS rats had beneficial effects on 

the locomotor and exploratory activity. SkQ1 also 

decreased anxiety compared to age-matched controls as 

well as significantly improved visual ability of the 

OXYS rats, which suffered from retinopathy and 

cataract [49]. In the present study, we observed a 

positive effect of SkQ1 and NAC on the behavior of rats 

of both strains (data are not shown). In the last series of 

experiments, we studied effect of SkQ1 on the levels of 

growth hormone and IGF-1 in 3-month-old rats (data 

are not shown). We found that SkQ1 caused small 

(about 25%) but statistically valid increase in the blood 

hormone level. In addition, SkQ1 prevented the 

development of retinopathy and cataract and had 

beneficial effects on behavior, learning ability and 

memory of OXYS rats. We suggest that the recovery of 

GH - IGF-I in old age to the levels of those in young 

age can have a positive impact on the function of the 

aging brain and the immune system. 

 

At the age between 3 and 19 months, the testosterone 

levels fell and then remained unchanged between 19 

and 23 months in rats of both strains.  It was not 

surprising that there was no interstrain difference in the 

testosterone level even in old animals. As was 

previously shown in our group, OXYS males 

demonstrate an early decrease in sexual motivation; 

however a decrease in hormonal component of sexual 

behavior was not detected in aged OXYS males [68]. 

Recently we showed that SkQ1 is effective not only in 

preventing but also in reducing already developed age-

related decline in male sexual behavior [69]. In the 

present study, we did not evaluate the sexual behavior, 

and neither SkQ1 nor NAC treatments affected 

testosterone levels in period between 19 and 23 months 

(Table 3). Noteworthy, NAC partially inhibits the 

mTOR (Target of Rapamycin) pathway [70]. Given the 

involvement of mTOR in cellular and organismal aging 

as well as age-related diseases [71-78], slight inhibition 

of mTOR may contribute to the therapeutic effects of 

this non-selective antioxidant.  
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DHEA and its sulfate-bound form (DHEAS) are 

important precursors of sex steroid hormones. Structure 

of DHEA is similar to testosterone and levels of both 

hormones reach their maximal levels in puberty and 

decrease dramatically with age [79]. Given its multiple 

metabolic effects, this decline in DHEA levels has been 

thought to play a role in the aging process [80].  In this 

study, we can assume that the DHEA levels are 

maximal in 3-month-old Wistar and OXYS rats. At the 

age between 19 and 23 months, DHEA levels decreased 

and SkQ1 increased DHEA only slightly (by 5%). 
 

Deficiencies in multiple hormones are a biomarker of 

health status in older persons [79]. 
 

Here we conclude that SkQ1 not only prevented age-

associated hormonal alterations but partially reversed 

them. These results suggest that supplementation with 

low doses of SkQ1, even in chronologically and 

biologically aged subjects seem to be a promising 

strategy to maintain health and retard the aging process. 
 

MATERIALS AND METHODS 
 

Animals and diet. Male senescence-accelerated OXYS 

and age-matched male Wistar rats were obtained from 

the Breeding Experimental Animal Laboratory of the 

Institute of Cytology and Genetics (ICG), Siberian 

Division of the Russian Academy of Sciences 

(Novosibirsk, Russia). All the experiments on rats were 

carried out according to Animal Care Regulations of 

ICG Institute of Cytology and Genetics, Novosibirsk. 

The OXYS rat strain was established based on Wistar 

rat strain at the Institute of Cytology and Genetics as 

described earlier [51, 52] and registered in the Rat 

Genome Database (http://rgd.mcw.edu/). At the age of 4 

weeks, the pups were taken away from their mothers 

and housed in groups of five animals per cage 

(57×36×20 cm) and kept under standard laboratory 

conditions (at 22±2
o
C, 60% relative humidity, and 

natural light), provided with a standard rodent feed, PK-

120-1, Ltd. (Laboratorsnab, Russia), and given water ad 

libitum. 
 

Starting from the age of 19 months OXYS and Wistar 

rats were randomly assigned to three groups (n = 17-

24): control diet, diet supplemented with 250 nmol 

SkQ1 (synthesized as described earlier [33]) or 650 mg 

NAC (MP Biomedicals, LLC, France) per kg of body 

weight per day. The weight was measured before the 

start of treatment and at the end of experiment. 
 

Hormone levels and the white blood cell counts. The 
levels of GH, IGF-1, testosterone and DHEA-S in the 

blood serum were analyzed before and after treatment 

with SkQ1 or NAC in OXYS and Wistar rats (two times 

total for each rat) and compared with intact 3-month-old 

rats (n=10) of the same strains. GH, DHEA were 

measured by ELISA (Creative Diagnostics, USA).  

IGF-1 was measured by ELISA (ALPCO Diagnostics, 

Salem, NH). Testosterone was measured by ELISA 

(JSC Vector-Best, Russia). The assays were run using 

the manufacturer’s instructions. For WBC counts 

peripheral blood was drawn from the tail vein. Blood 

smears were fixed in methanol and subsequently stained 

with Wright-Giemsa.  

 

Statistical analysis. The data were analyzed using 

repeated measures ANOVA and nonparametric tests 

with the statistical package Statistica 6.0. Two-way 

ANOVA was used to evaluate the differences between 

rat strains (genotypes) and effects of treatment 

(antioxidants). To validate the effect of the diets on 

parameters, the genotype and antioxidants were chosen 

as independent variables. A Newman–Keuls post hoc 
test was applied to significant main effects and 

interactions in order to estimate the differences between 

particular sets of means. One-way ANOVA was used 

for individual group comparisons. Data are represented 

as mean ± S.E.M. Comparisons between means were 

analyzed with one-way or repeated measures analysis of 

variance (ANOVA). Results were considered 

statistically significant if p value was less than 0.05. 
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INTRODUCTION 
 
Neurodegenerative diseases comprise a large group of 
pathologies caused by metabolic changes in brain cells, 
loss of synapses and other compartments of neurons, 
and, ultimately, neuronal death [1]. Due to increased 
lifespan, neurodegenerative diseases, such as 
Alzheimer’s Disease (AD), Parkinson’s Disease (PD), 
Huntington Disease, vascular dementia and others, have 
become very common in developed countries. 13.9% of 
people age 71 and older in the United States have 
dementia [2].  Currently, an estimated 5.4 million 
people have AD in the US alone [2]. A brain’s ability to 
compensate for the dysfunction and loss of neurons, 
occurring over a long period of time, results in late 
clinical manifestation of symptoms of AD and other 
dementias. At late stages of neurodegeneration, serious 
morphologic changes in the brain,  including  a  massive  
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loss of neurons, have already occurred, and, as a 
consequence, successful pharmacological intervention 
is not feasible. Thus, diagnostic methods based on 
detection of early events in the development of AD and 
of other dementias are highly desirable.   
 
Mild cognitive impairment (MCI) is usually defined as 
an intermediate state between normal aging, and AD 
and other dementias, representing the first stage when 
clinical symptoms become evident [3-5]. On average, 
MCI patients convert to dementia at a rate of 10-15% 
annually [5,6]. Currently, the disease progression of 
MCI patients cannot be reliably predicted. First, up to 
40% of MCI patients revert to normal status [7,8], and 
autopsy studies demonstrate that a substantial 
percentage of MCI patients do not develop AD 
pathology [9,10].  Second, approximately 20% of MCI 
patients, who progress to dementia, are diagnosed with 
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Abstract: Early  stages  of  many  neurodegenerative  diseases,  such  as  Alzheimer’s  disease,  vascular  and  frontotemporal
dementia, and Parkinson’s disease, are  frequently associated with Mild Cognitive  Impairment  (MCI). A minimally  invasive
screening test  for early detection of MCI may be used to select optimal patient groups  in clinical trials, to monitor disease
progression and response to treatment, and to better plan patient clinical care. Here, we examined the  feasibility of using
pairs of brain‐enriched plasma microRNA (miRNA), at least one of which is enriched in synapses and neurites, as biomarkers
that could differentiate patients with MCI from age‐matched controls. The  identified biomarker pairs fall  into two sets: the
“miR‐132  family”  (miR‐128/miR‐491‐5p,  miR‐132/miR‐491‐5p  and  mir‐874/miR‐491‐5p)  and  the  “miR‐134  family”  (miR‐
134/miR‐370, miR‐323‐3p/miR‐370 and miR‐382/miR‐370). The area under the Receiver‐Operating Characteristic curve for the
differentiation of MCI  from  controls using  these biomarker pairs  is 0.91‐0.95, with  sensitivity and  specificity at 79%‐100%
(miR‐132  family)  and  79%‐95%  (miR‐134  family),  and  p  <  0.001.  In  a  separate  longitudinal  study,  the  identified miRNA
biomarker pairs successfully detected MCI in majority of patients at asymptomatic stage 1‐5 years prior to clinical diagnosis.
The reported biomarker pairs also appear useful for detecting age‐related brain changes. Further testing in a larger study is
necessary for validation of these results. 
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neurodegenerative diseases other than AD, such as 
vascular, Lewy body, Huntington, Parkinson, and 
other dementias [9,11].  Third, disease progression 
varies from slow to intermediate to rapid [12].  
Moreover, MCI is not a homogeneous pathology and is 
currently described as two clinical conditions - with 
amnestic symptoms (aMCI) and without amnestic 
symptoms [8,13]. Some publications have reported 
that aMCI converts to dementia more frequently 
[14,15]. However, other authors have not found 
significant difference in the conversion rate for the two 
MCI forms [16,17].  
 
Currently, diagnosis of AD and other forms of dementia 
is based on analysis of the patient’s cognitive function.  
Amyloid plaques between neurons, neurofibrillary tau-
tangles, and an overall shrinkage of the brain tissue are 
the hallmarks of AD, and there have been many 
attempts to develop diagnostic tests based on these 
phenomena. Recently published data have demonstrated 
high sensitivity of AD detection by measuring 
concentrations of the three protein biomarkers in the 
cerebrospinal fluid (CSF): beta-amyloid protein 1-42, 
total tau protein, and phosphorylated tau181P protein 
[18,19]. However, the invasiveness of the CSF 
collection procedure makes such assays challenging for 
everyday clinical use. New imaging techniques, 
including PET scan for in vivo detection of beta-
amyloid deposition, are becoming more sensitive and 
specific but are not suitable for first line screening [20-
22].   Several groups have reported encouraging early 
data on the development of blood assays for AD 
diagnosis based on analysis of a large number of 
proteins or antibodies in human blood [23-25].   
 
Neurodegenerative diseases are characterized by 
neuronal death in specific areas of the brain, for 
example, hippocampus and cortex for AD, midbrain for 
PD, frontal and temporal lobes for frontotemporal 
dementia. However, loss of neurons is a relatively late 
event in the progression of neurodegenerative diseases 
that is typically preceded by metabolic changes, such as 
formation of beta-amyloid plaques and tau protein 
tangles in AD [1], followed by synaptic dysfunction, 
synaptic loss, neurite retraction, and the appearance of 
other abnormalities, such as axonal transport defects 
[26-29]. Numerous studies are devoted to description of 
axon destruction with shedding of membrane-enclosed 
“axosomes”, axon, dendrite and spine pruning, and 
disassembly of synapses [30-33]. Thus, different 
processes are characteristic of early and late stages of 
neurodegeneration and different molecular tests may be 
needed for early detection of the pathology and 
monitoring of the pathology progression versus 
diagnosis and monitoring of a late stage disease.  

The present study evaluates the hypothesis that neurite 
and synapse destruction, which are pathologic processes 
characteristic of early stages of AD, other 
neurodegenerative diseases, and MCI syndrome in 
general, can be detected in vitro by quantitative analysis 
of brain-enriched cell-free miRNA in the blood.  
MicroRNA (miRNA) is a class of non-coding RNA, 
whose final product is an approximately 22 nt 
functional RNA molecule. They play important roles in 
the regulation of target genes by binding to 
complementary regions of messenger transcripts and 
repressing their translation or regulating degradation 
[34,35]. Thus, miRNA are important epigenetic 
regulators of numerous cellular processes [35-37]. 
Many of miRNA are specific to or are over-expressed in 
certain organs/tissues/cells [38-41]. Some miRNA, 
including those that are cell-specific, are also enriched 
in certain cellular compartments, particularly in axons, 
dendrites and synapses [42-46]. Changes in expression 
of some miRNA were found in neurons of patients with 
AD and other neurodegenerative diseases [47-49], as 
well as in animal models of AD [50,51]. Importantly, 
cell-free miRNA have been shown to be stable in blood 
samples [52]. 
 
Our approach for developing a non-invasive assay for 
detection of MCI is based on analysis of levels of brain-
enriched miRNA, including neurite- and synapse-
enriched miRNA, in plasma and identification of 
miRNA biomarker pairs capable of successfully 
differentiating MCI patients from aged-matched 
controls.  
 
RESULTS 
 
Selection of miRNA for pilot study 
 
Two approaches are frequently used for the selection of 
promising miRNA biomarkers for detection of various 
cancers and other diseases. The first approach is based 
on analysis of hundreds of miRNA using miRNA arrays 
with subsequent validation of potential biomarkers by 
RT-PCR. In spite of an obvious advantage of this 
approach (i.e., the analysis of huge miRNA numbers), 
its disadvantages, namely lower sensitivity and higher 
variability, make it less suitable for the analysis of cell-
free circulating miRNA in plasma or serum: (i) 
concentrations of many miRNA in plasma are low, and 
(ii) dramatic changes in miRNA levels should not be 
expected for a chronic pathology. The second approach 
is based on analysis of miRNA, whose expression level 
changes due to a pathology development. This approach 
also has certain limitations due to potential involvement 
of the same miRNA in diseases of various organs and 
because  higher  expression  of  miRNA  in  an  affected  
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organ is not necessarily accompanied by an increase in 
its plasma level [53,54]. In this study we selected the 
initial pool of miRNA among brain- and neuron-
enriched miRNA, suggesting that variations of their 
concentrations in plasma, if any, are most likely caused 
by changes in neurons and not in other cell types or 
organs. Since MCI and early stages of AD are 
associated with neurite and synapse destruction, we 
included in the study miRNA, which are not only 

enriched in neurons but are also known to be present in 
neurite and synapses [38-46] and involved in neurite- 
and synapse-associated processes (The miR-Ontology 
Data Base: http://ferrolab.dmi.unict.it/miro/), suggesting 
that axon, dendrite and spine pruning and synaptic loss 
can lead to appearance of these miRNA in the 
extracellular space and ultimately in the bloodstream. 
32 miRNA (Table 1) were selected for the pilot study 
based on the criteria described above and analyzed by 
individual RT-PCR, currently the most sensitive and the 
least variable technique. 
 
Pilot study for selecting promising miRNA biomarkers. 
The concentrations of miRNA were measured in plasma 
samples of MCI and age-matched donors with normal 
cognitive function (Table 2), 10 samples in each group, 
by RT-PCR. miRNA with low (mean Ct>36) or  
undetectable plasma concentrations were excluded from 
the analysis. The ratios of levels of all possible miRNA 
pairs (2-ΔCt) were calculated using a software algorithm 
developed at DiamiR (see Supplemental Materials).  
Thirteen miRNA, miR-7, miR-125b, mir-128, miR-132, 
miR-134, miR-323-3p, miR-382, miR-874, miR-9, miR-
127-3p, miR-181a, miR-370, and miR-491-5p, formed 
pairs differentiating MCI from age-matched controls with 
p<0.05; these miRNA were selected for further analysis. 
 
Feasibility study for differentiation of MCI and AD 
from Age-Matched Controls 
 
The concentrations of 13 miRNA selected in the pilot 
study were determined by the single target TaqMan® 
miRNA qRT-PCR assay (Applied Biosystems) in the 
plasma samples of amnestic MCI patients, AD patients 
and age-matched donors, 20 samples in each group 
(Table 2). The ratios of levels of all possible miRNA 
pairs were calculated. The data obtained in this set of 
experiments are reported in Fig. 1 and S1. Receiver-
Operating Characteristic (ROC) curves for miRNA 
pairs with the highest sensitivity and specificity are 
presented in Fig. 2. 
 
Biomarker pairs miR-128/miR-491-5p, miR-132/miR-
491-5p and mir-874/miR-491-5p (Set 1) differentiated 
MCI from age-matched control with 79%-89% 
sensitivity and 83%-100% specificity (Fig. 1a-c and 2a-
c). The area under the ROC curve (AUC) for miR-
128/miR-491-5p, miR-132/miR-491-5p and miR-
874/miR-491-5p is 0.95, 0.93 and 0.95, respectively. In 
addition, biomarker pairs miR-134/miR-370, miR-323-
3p/miR-370 and miR-382/miR-370 (Set 2) 
demonstrated 80%-95% sensitivity and 79-84% 
specificity (Fig. 1d-f and 2d-f). AUC for miR-134/miR-
370, miR-323-3p/miR-370 and miR-382/miR-370 are 
0.91, 0.94 and 0.92, respectively.   

Table 1. List of miRNA tested in the pilot study. 
(Highlighted are miRNA selected as potential 
biomarkers for further analysis) 
 

Number MicroRNA 
   1 has-miR-7 
   2 has-miR-9 
   3 has-miR-9* 
   4 has-miR-98 
   5 has-miR-124 
   6 has-miR-125b 
   7 has-miR-127-3p 
   8 has-miR-128 
   9 has-miR-132 
   10 has-miR-134 
   11 has-miR-137 
   12 has-miR-138 
   13 has-miR-149 
   14 has-miR-181a 
   15 has-miR-181b 
   16 has-miR-181a* 
   17 has-miR-218 
   18 has-miR-323-3p 
   19 has-miR-330-3p 
   20 has-miR-370 
   21 has-miR-382 
   22 has-miR-383 
   23 has-miR-409-3p 
   24 has-miR-433 
   25 has-miR-485-3p 
   26 has-miR-487b 
   27 has-miR-491-5p 
   28 has-miR-539 
   29 has-miR-770-5p 
   30 has-miR-874 
   31 has-miR-935 
   32 has-miR-939 
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Figure  1.  Ratios  of  miRNA  levels  (biomarker  pairs)  in  plasma  of  age‐matched  controls,  MCI,  and  AD
patients. The concentrations of miRNA in plasma samples of MCI and AD patients, and age‐matched donors with normal
cognitive function, 20 samples in each group, were measured by RT‐PCR and the ratios of various miRNA were calculated
as 2‐ΔCt x 100. Here and in other figures with box and whisker plots the results are presented in the Log10 scale. The upper
and  lower  limits of  the boxes  and  the  lines  inside  the boxes  indicate  the 75th  and 25th percentiles  and  the median,
respectively. The upper and lower horizontal bars denote the 90th and 10th percentiles, respectively. The points indicate
assay values located outside of 80% data. AMC: age‐matches controls; MCI: MCI patients; AD: AD patients. 
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Figure  2.  Receiver‐Operating  Characteristic  (ROC)  curve  analysis  of  differentiation  between MCI
patients and age‐matched controls obtained with different biomarker pairs. The areas under the ROC
curve (AUC) are reported. Sensitivity, specificity and accuracy for each biomarker/normalizer pair are calculated
for the “cutoff” point (indicated as a dot on each plot); the cutoff point is the ratio of paired miRNA, at which a
sample is equally likely to belong to the AMC and the MCI groups (see Supplementary materials for more details).
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Each biomarker Set 1 and 2 includes three different 
miRNA (numerators) paired with the same miRNA 
(denominator): miR-128, miR-132 and miR-874 are 
paired with miR-491-5p and miR-134, miR-323-3p and 
miR-382 are paired with miR-370. miR-128, miR-132 
and miR-134 are located in neurites and synapses [42-
46]. miR-323-3p and miR382 are enriched in 
synaptoneurosomes of rat cortex and hippocampus [55]. 
The predicted targets of miR-874 indicate its 
involvement in axonogenesis, neurotransmitter 
secretion, dendrite morphogenesis, synaptogenesis, 
synaptic transmission and synaptic vesicle exocytosis 
[The miR-Ontology Data Base: http://ferrolab.dmi. 
unict.it/miro/]. Thus, each biomarker pair includes a 
neurite/synapse-enriched miRNA. A correlation 
analysis shown in Fig. 3 demonstrates that miR-128, 
miR-132 and miR-874 form one family of biomarkers 
(miR-132 family) (Spearman test r values in the pair 
comparison are in the 0.93-0.95 range) and miR-134, 
miR-323-3p and miR-382 form another family of 
biomarkers (miR-134 family) (Spearman test r values in 
the pair comparison are in the 0.87-0.93 range).  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Biomarker Set 1 and Set 2 also differentiated AD 
dementia from the age-matched control with p < 0.05, 
which is not surprising, since about 50% MCI patients 
progress to AD; however, these biomarkers did not 
distinguish AD from MCI, and moreover, the overlap 
between the distributions of biomarkers for AD and 
age-matched control was greater than the overlap for 
MCI and age-matched control (Fig. 1). Two factors may 
help explain this outcome: (i) as numerous synapses and 
neuritis are destroyed during earlier stages of the 
disease, the total amount of excreted synapse/neurite 
miRNA decreases in later stages of AD, and (ii) in later 
stages of AD, concentrations of other brain-enriched 
miRNA (denominator in a biomarker pair) in blood may 
increase due to their presence in neuronal 
compartments, glial cells or brain areas, which are 
involved in the pathology progression. 
 
Supplemental Figure S1 summarizes the results 
obtained for other miRNA pairs tested for MCI 
differentiation from age-matched control. These 
miRNA pairs detect smaller sub-groups of MCI and 

Table 2. Demographics of plasma donors 
 
Clinical Diagnosis      

Number 
Age Sex  MMSE 

  Mean   Range Male/Female (mean ± SD) 

Pilot Study      

Age matched controls 
(AMC) 

10 77.4 71-85 5/5 28.9 ± 1.1 

Mild cognitive 
impairment (MCI) 

10 81.7        75-87            5/5 28.1 ± 1.4 

Main Study      

Young control (CY) 20 36.5         21-50 11/9 29.7 ± 2.6 

AMC 20 80.2         76-86 12/8 29.2 ± 1.3 

MCI 20 79.9 72-89 15/5 25.8 ± 3.5 

AD 20 76.9 63-89 13/7 20.8 ± 8.7 

Longitudinal study  19 77.0 73-84 10/9 28.8 ± 1.3 
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further studies are necessary to address the question of 
whether they can be used for detection of particular 
MCI subsets and for prediction of  the  disease  outcome 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Retrospective longitudinal study of MCI development 
in elderly patients with normal cognitive function at 
enrollment. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. Analysis of associations among miR‐128, miR‐132, and miR‐874 (”miR‐132 family”); and
miR‐134, miR‐323‐3p and miR‐382 (“miR‐134 family”). Spearman’s rank correlation coefficients r along
with 95% confidence intervals (MIN & MAX) are shown. 
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Figure 4. Comparison of miRNA biomarker pairs in plasma of Group 1 (30‐50 years old, “CY”) and
Group 2 (70‐80 years old, “AMC”) individuals with normal cognitive functions. The concentrations
of miRNA in plasma samples of Group1 (30‐50 years old, CY) and Group2 (70‐80 years old, AMC) donors with
normal  cognitive  function,  20  samples  in  each  group, were measured  by  RT‐PCR  and  the  ratio  of  various
miRNA was calculated as 2‐ΔCt x 100. See the legend to Fig. 1 for the description of the statistical analysis. 
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The three biomarker pairs of the miR-132 family (Set 1) 
have shown overall the highest sensitivity and 
specificity in differentiating MCI from the age-matched 
control (Fig. 1, 2). These biomarker pairs were, 
therefore, used to analyze the development of MCI in 
elderly patients with initially normal cognitive function, 
recruited in a small longitudinal study at the Roskamp 
Institute in Florida. Subjects with normal cognitive 
functions who were at least 70 years old were enrolled 
and followed for 2-5 years with cognitive assessment 
and regular collection of plasma. In the course of the 
study, some subjects remained cognitively normal, 
while others progressed to MCI. The plasma samples 
from the 19 subjects, 10 of whom progressed to MCI, 
were used for miRNA extraction and analysis. In an 
effort to minimize the effect that a prolonged storage 
could have had on quality of the samples,  patients were  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

classified disease-positive only if in two samples 
collected at consecutive time points, the concentrations 
of at least two of the three biomarker pairs, miR-
128/miR-491-5p, miR-132/miR-491-5p, and miR-
874/miR-491-5p, were higher than the cutoffs 
determined in the previous experiment (Fig. 2); i.e. if 
the positive diagnosis made based on the first sample 
was confirmed using the blood sample collected from 
the same patient during the next visit. The data, reported 
in Table 3, demonstrate that in 7 of the 10 subjects who 
progressed to MCI (patients 10, 12-16, and 19) the 
increase in plasma levels of miRNA biomarkers is 
detectable at asymptomatic disease stage, preceding 
MCI diagnosis by 6 to 61 months. Among the nine 
patients who remained MCI free, none were classified 
disease-positive by our assay according to criteria 
described above.    
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 3. Clinical and miRNA‐based diagnosis of MCI in elderly subjects with normal cognitive function at the time of 
enrollment over the course of 2‐5 years 
 
Patient Clinical 

diagnosis 
Time of clinical 
diagnosis (number 
of months past 
enrollment) 

miRNA-
based 
diagnosis 

Time of miRNA-
based diagnosis 
(number of months 
past enrollment) 

Number of months the 
miRNA-based diagnosis 
preceded the clinical 
diagnosis 

C-1 Normal NA Normal NA NA 
C-2 Normal NA Normal NA NA 
C-3 Normal NA Normal NA NA 
C-4 Normal NA Normal NA NA 
C-5 Normal NA Normal NA NA 
C-6 Normal NA Normal NA NA 
C-7 Normal NA Normal NA NA 
C-8 Normal NA Normal NA NA 
C-9 Normal NA Normal NA NA 
MCI-1 MCI 18 MCI 0 18 
MCI-2 MCI 33 Normal NA NA 
MCI-3 MCI 12 MCI 0 12 
MCI-4 MCI 23 MCI 0 23 
MCI- 5 MCI 6 MCI 0 6 
MCI-6 MCI 19 MCI 0 19 
MCI-7 MCI 61 MCI 0 61 
MCI-8 MCI 19 Normal NA NA 
MCI-9 MCI 16 Normal NA NA 
MCI-10 MCI 28 MCI 0 28 
 

NA‐ Not Applicable 
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Analysis of normal brain aging with selected miRNA 
biomarker pairs 
 
The development of MCI, AD and other 
neurodegenerative diseases on one hand, and normal 
aging on the other hand share certain common 
processes, e.g. neurite and synapse destruction and 
ultimately neuronal death. In this experiment we 
analyzed whether normal aging could be detected by the 
same miRNA biomarker pairs. miRNA concentrations 
in plasma samples from two groups, each comprised of 
20 cognitively normal subjects,  Group 1 (21-50 years 
old, “CY”) and Group 2 (76-86 years old, “AMC”), 
were  measured and compared as described above. The 
data presented in Fig. 4 (Sets 1 and 2) and Fig. S2 (other 
miRNA pairs) demonstrate that biomarker levels are 
higher in the plasma of Group 2, “AMC” subjects 
compared to Group 1, “CY” subjects (p<0.05 to 
p<0.001).  Thus, a larger prospective longitudinal 
analysis of these biomarkers in plasma could potentially 
provide important information on brain processes 
associated with normal aging. 
 
DISCUSSION 
 
The objective of the present study was to search for 
plasma miRNA biomarkers that can be used to detect 
MCI. The results obtained in our experiments have 
demonstrated for the first time that a minimally invasive 
test based on analysis of cell-free miRNA circulating in 
plasma could be feasible for detection of MCI, AD and 
even asymptomatic stages of neurodegeneration. The 
use of brain-enriched neurites/synapses miRNA enables 
detection of early pathologic events occurring in 
neurons. Further, combination of neurite/synapse 
miRNA with other experimentally selected brain-
enriched miRNA significantly increases assay 
sensitivity and specificity at early stages of the 
pathology, most likely due to compensation for a 
number of variables, such as blood supply, changes in 
blood-brain barrier permeability and others.  
 
Two sets of biomarkers have demonstrated high 
sensitivity and specificity in differentiating MCI from 
age-matched controls - the miR-132 and miR-134 
families paired with miR-491-5p and miR-370, 
respectively. Although a relatively small number of 
patients was used in the feasibility study to identify the 
efficient miRNA biomarker pairs, the data obtained in 
the longitudinal study (Table 3) and the study of normal 
brain aging (Fig. 4 and S2) support the findings. Total 
of 171 plasma samples were analyzed in the 
experiments reported here. High correlation among 
members of miR-134 set, namely miR-134, miR-323-3p 
and miR-382, can be explained by the fact that these 

miRNA belong to the same cluster 
(http://www.diana.pcbi.upenn.edu/cgi-bin/miRGen/v3/ 
Cluster.cgi) and are expressed in the same cell types. 
Close functional relatedness among members of miR-
132 set, namely miR-128, miR-132 and miR-874, has 
not been described before.  It is also interesting to note 
that miR-132 and miR-134 biomarker sets demonstrate 
higher sensitivity and specificity when paired with 
different brain-enriched miRNA. The miR-132 set is a 
strong match with miR-491-5p, miR-181a, and miR-9, 
while the miR-134 set demonstrates the strongest 
differentiation between MCI and age-matched controls 
when paired with miR-370 and miR-127. Correlation 
between the two miRNA sets (data not shown) is 
relatively low (r values in the pair comparison 
Spearman test are in the 0.56-0.79 range) indicating that 
they possibly reflect distinct pathological processes, or 
are enriched in different brain areas. A mechanistic 
explanation for this observation is currently missing, 
and could be provided by a detailed analysis of 
expression of all these miRNA in various brain areas 
and cell types. 
 
It is important to mention that most of elderly patients 
and age-matched controls, as well as some of young 
controls had various non-neurological conditions 
unrelated to MCI. However, since this is expected to be 
the case in a real-life test application, such a test should 
be capable of detecting MCI in subjects with 
accompanying diseases. Thus, only patients with a 
history of a stroke or other neurologic pathologies were 
excluded from the present study. We believe that the 
ability of selected miRNA pairs to differentiate MCI 
(and AD) from age-matched control in spite of the 
presence of other pathologies supports our approach to 
biomarker selection from brain-enriched miRNA. The 
same consideration applies to the comparison between 
younger and older groups. Additional larger studies are 
necessary for further data validation, including a 
prospective longitudinal study. miR-132 and miR-134 
families paired with other brain-enriched miRNA 
effectively distinguish MCI and AD from age-matched 
control but do not differentiate MCI and AD from each 
other. Thus, other biomarkers are necessary for 
prediction of MCI progression to AD and other 
dementia. The experiments aimed at detection of the 
MCI sub-types that will progress to AD dementia are 
currently in progress at DiamiR. The differentiation of 
AD from other dementias (vascular, frontotemporal, 
Lewy bodies, etc.) is another important goal and we 
hope that analysis of miRNA enriched in different brain 
areas could be useful for differential diagnosis. Further, 
there are other brain-enriched miRNA, which were not 
included in the present study but could be found useful 
as potential biomarkers in the future. Additional 
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promising miRNA along with those described in the 
present study could be used for detecting other 
neurodegenerative diseases and for differential 
diagnosis.  
 
Early detection of MCI patients by a minimally 
invasive, screening test may make more invasive and 
expensive tests for detection of AD and other 
neurodegenerative diseases more practical, since the 
latter can be applied to the pre-selected cohorts of 
patients. 
 
Numerous data demonstrate changes in miRNA 
expression associated with cellular senescence and in 
vivo aging [56-59].  Li et al. described increase in levels 
of miR-34a in the brain, peripheral blood mononuclear 
cells, and plasma during aging in mice [60]. It is 
intriguing that in our study the miRNA biomarker pairs 
found to differentiate MCI from age-matched controls 
can be used to register changes during normal brain 
aging, suggesting that the approach reported in the 
present study enables detection of processes common 
for normal aging and MCI development, e.g. destruction 
of synapses, and could be helpful in basic 
neurophysiology research of aging. A larger study with 
subjects representing various age groups (20-30, 30-
40…80-90 y. o.) is necessary for validation of these 
initial findings.  
 
Recently, the National Institute of Aging and 
Alzheimer’s Association has developed new diagnostic 
guidelines for AD [61-63]. The guidelines contain 
updated classification of the AD phases, namely the 
dementia phase, the symptomatic pre-dementia phase 
(MCI), and the asymptomatic, preclinical phase of AD 
(pre-MCI). The new guidelines also provide 
recommendations for the diagnosis of pre-MCI, MCI 
and AD dementia and stress the current lack of and a 
great need for reliable biomarkers, which can be used 
for detection of MCI and preclinical phases of AD. We 
believe the current study makes a significant 
contribution towards this objective. 
 
MATERIALS AND METHODS 
 
Plasma samples. The plasma samples used in the 
present study were collected at the Roskamp Institute 
Memory Center between 2005 and 2009 under the 
protocol approved by the Western Institutional Review 
Board (WIRB). An IRB approved written consent was 
obtained from each subject recruited in the study and 
the informed consent process was conducted in 
accordance with the International Conference on 
Harmonization (ICH) guidelines. If a subject was not 
medically capable or legally competent to provide 

consent for participation in the study, a written consent 
was obtained from a family member, a legally 
authorized representative (LAR) or health care 
surrogate (under 21 CFR 50: exceptions from general 
requirements for informed consent). An assent was 
obtained from the participant. Venous blood was 
collected in EDTA vacutainers (BD Diagnostics), which 
were immediately centrifuged at 1380 x g for 5 minutes. 
Samples were maintained at 4°C during the plasma 
preparation process and aliquoted immediately in 1.5ml 
Eppendorf tubes for storage at –80°C until further use. 
The use of the samples in the present study was 
additionally approved by the WIRB in 2010. The 
quantity and the type of the samplesused in the present 
study are as follows (Table 2): Pilot Study: amnestic 
MCI and age-matched donors  (> 70 years old) with 
normal cognitive function, 10 samples in each group; 
MCI and AD detection: amnestic MCI patients, AD 
patients and age-matched donors  (> 70 years old), 20 
samples in each group; Retrospective longitudinal 
study:  samples from 19 subjects, each subject at least 
70 years old and having normal cognitive function at 
the time of the first plasma collection, multiple samples 
collected from each subject over the course of 2-5 
years; Detection of normal brain aging: samples from 
20 subjects, 30-50 years old and normal cognitive 
function, as well as the samples from 20 subjects, each 
at least 70 years old and having normal cognitive 
function, which were used as control in the MCI and 
AD detection study. 
 
MCI and AD diagnosis. The age-matched controls 
(AMC) were either recruited from the Roskamp 
Institute Memory Clinic screening programs conducted 
in Tampa and Sarasota, FL or through the Alzheimer's 
disease Anti-inflammatory Prevention Trial (ADAPT) 
Tampa, FL site. The subjects from ADAPT underwent a 
brief neuropsychological assessment at enrollment as 
described elsewhere to determine cognitively normal 
status [64]. For all AMC, mini mental status 
examination (MMSE) was also administered to 
determine cognitive status. In addition, AMC subjects 
maintained independent activities of daily living and 
were free of any active neurological illness, psychiatric 
disorders, or other medical conditions that would 
potentially interfere with their cognitive performance. 
Individuals suspected of having MCI or AD underwent 
a comprehensive dementia work-up which included 
physical and neurological examinations, laboratory 
studies (i.e., CBC, chemistry count, sedimentation rate, 
vitamin B12 and folic acid levels, thyroid test and 
syphilis serological test) and neuroimaging (i.e., MRI or 
CT), as applicable. A more comprehensive 
neuropsychological assessment was also administered 
as part of the dementia work-up and consisted of 
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expanded Consortium to Establish a Registry for 
Alzheimer’s Disease (CERAD) battery [65].  Learning 
and memory functions were evaluated using the 
CERAD 10-word, 3-trial list learning task and CERAD 
delayed recall measure and Logical Memory I and II of 
the Wechsler Memory Scale – Revised [66]. The 
CERAD Constructional Praxis test and Judgment of 
Line Orientation Test measured visuospatial ability 
[67].  Language and/or executive measures included 15-
item Boston Naming Test, Animal Fluency, the Control 
Oral Word Association Test (COWAT; CFL); and the 
similarities subtest from the Wechsler Adult 
Intelligence Test – 3rd Revision (WAIS-III) [68].  The 
Trails A of the Trail Making Test and Digit Symbol 
from the WAIS-III were utilized to measure visual 
scanning and processing speed.  Set-shifting (an 
executive ability) was measured using Trails B and the 
Letter Number Sequencing subtest from the WAIS-III 
[69]. Following dementia work-up, a consensus team 
determined cognitive status using published diagnostic 
criteria. The diagnosis of AD was made using 
NINCDS-ADRDA [70] and amnestic MCI according to 
the Petersen criteria [71]. MCI and AD patients as well 
as control subjects with a known history of a stroke or 
other neurologic pathologies were excluded from the 
study. 
 
Plasma RNA extraction and qRT-PCR miRNA analysis 
miRNA isolation and qRT-PCR analysis of the initial 
set of 32 miRNA, performed in the course of the Pilot 
study, were performed by Gene Logic (an Ocimum 
Biosolutions Company, Gaithersburg, MD, USA) 
according to the following protocol. RNA was extracted 
from 250 µl aliquots using mirVanaTM Paris Extraction 
Kit and protocol (Ambion). 2.5x107 copies of 
Arabidopsis thaliana miR-159a (ath-mir-159a) were 
spiked per 0.25 µl plasma after addition of guanidine-
containing denaturing solution for evaluating miRNA 
yield. Single target qRT-PCR was performed using the 
TaqMan® Reverse Transcription Kit and miRNA-
specific stem-loop primers (Applied Biosystems). Final 
PCR was performed in triplicate using 3.3 µl plasma 
equivalents. Based on the quantitative measurement of 
spiked ath-miR-159a, average yield of miRNA from 
plasma was about 70%. 
 
miRNA isolation and qRT-PCR analysis in all other 
experiments were performed by Asuragen Inc. (Austin, 
TX, USA) according to the following protocol. RNA 
was extracted from 200 µl aliquots using Asuragen’s 
proprietary protocol, which is based on Trizol treatment 
and silica (Ambiom Glass Fiber Microcolumn) binding. 
Single target qRT-PCR was performed using the 
TaqMan® Reverse Transcription Kit and miRNA-
specific stem-loop primers (Applied Biosystems). RT 

step was performed in triplicate and 2 µl plasma 
equivalents were present in final PCR. The 
concentrations of the 13 miRNA (8 neurite/synapse 
miRNA and 5 other brain-enriched miRNA), were 
determined in the plasma samples of amnestic MCI 
patients, AD patients and age-matched donors, 20 
samples in each group (Table 2). The sample size for 
this study was determined by a standard formula for a 
case-control study [72] using power = 0.8, significance 
level = 0.05 and the ratio of standard deviation to 
difference between comparison groups set to 1. The 
ratios of levels of all possible miRNA pairs were 
calculated. 
 
Bioinformatics analysis and statistical methods. In 
addition to biological factors, such as levels of 
expression, secretion, blood-brain barrier permeability, 
etc., miRNA yield from plasma may depend on a 
purification technique. Further, presence of RT-PCR 
inhibitors in the blood may vary from subject to subject 
and distort an experimental outcome. Therefore, data 
normalization becomes an issue of critical importance. 
Two normalization approaches that are commonly used 
in miRNA studies include:  (i) normalization per the 
least variable miRNA, such as spiked non-human 
miRNA or ubiquitous miRNA, whose concentration is 
expected to be minimally changed by a pathology being 
analyzed [73], and (ii) normalization based on an 
experimental search for miRNA pairs, which most 
effectively differentiate two populations, e.g. pathology 
versus control [74,75]; ratios of levels of all possible 
miRNA pairs from the same sample are calculated and 
the most promising pairs (self-normalizing biomarkers) 
are selected for further  testing and validation. The 
advantage of the second approach is that in certain cases 
miRNA, whose concentrations are changed due to a 
pathology in opposite directions, can be effective in 
differentiating investigated populations.  We use the 
latter approach and, in addition to brain-enriched 
miRNA present in neurites and synapses, measure other 
brain-enriched miRNA to compensate for variations in 
blood supply, blood/brain barrier permeability, and 
other brain-specific factors.  
 
All statistical calculations were performed with the use 
of custom software developed at DiamiR LLC 
(Princeton, NJ), as described in the Supporting 
Information (Software, Calculations, Graphical 
Interface). Mann-Whitney U-tests were used to evaluate 
significance of differentiation of any two patient groups 
by various miRNA pairs. Spearman’s rank correlation 
coefficient was calculated to estimate associations 
between various biomarkers. P-value < 0.05 was 
considered significant; actual p-values are reported for 
each experiment.  Receiver-Operating Characteristic 
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(ROC) curves were constructed and the area under ROC 
curves (AUC) was calculated to evaluate sensitivity and 
specificity of various biomarker sets.  The cutoff points 
on the ROC curves, at which accuracy of MCI detection 
is maximal, were selected. 
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SUPPLEMENTARY MATERIALS 
 
Software, Calculations, Graphical Interface 
Program overview 
• The data is imported from Excel spreadsheet using 
special wizard; no template for submitted data needed. 
Data can be raw Ct values, or processed, e.g. 
normalized  data; 
• Several groups of patients (Target groups) can be 
specified.  Any group can be designated as “Control”; 
differentiation of all other groups from the Control 
group can be evaluated; 
• ROC parameters are calculated for any miRNA 
combination, including complex biomarkers, 
comprising more than one miRNA as numerator, 
denominator or both; 
• Several kinds of customized graphs are displayed, 
including Points and Box Plots for a set of data, 2D 
graphs for two markers, ROC graphs for several markers 
and their combinations, histograms. 
 
Data Flow and Technology 
• The software is created in .Net V4.0 as a WinForm 
application, using C# and VS 2010 / VSS as 
Development environment.  For Math and Statis-tic 
calculations, MS Excel COM interface is utilized. For 
histogram support, MathIridium library is used. 
• After importing, data converted to internal format and 
saved for future use in this format, preventing any 
inadvertent data altering.  Along with source data, 
normalization settings & results, the last status of data 
analysis (Control and Target groups), are saved. For 
Markers and Targets, aliases are allowed.   
 
Normalization 
Calculations of normalized values is performed 
according to the following equation: 
C = 2-(Ct [miRNA1]-Ct [miRNA2]) * M, where 
Ct [miRNA2] – experimentally determined Ct value for 
a potential denominator; 
Ct [miRNA1] – experimentally determined Ct value for 
a potential numerator; 
M is a constant multiplier, chosen, so that to keep the 
normalized values C in a computationally convenient 
range, 10 – 1000. 
 
Statistics 
Along with regular data set parameters (average, 
median, standard deviation, finding outliers), some 
parametric and not-parametric statistics are used: 
• Chi-square test with histograms – to define normality 
of data set; 
• T – test (Student) of significance for normally 
distributed data; 
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• Pearson correlation coefficient for normally 
distributed data; 
• Mann-Whitney test of significance for other 
distributions; 
• Spearman’s (Rank) association coefficient for other 
distributions. 
 
For calculation of ROC parameters probabilistic 
approach is used. The calculated parameters include 
AUC, Sensitivity, Specificity, Accuracy, Matthews 
correlation coefficient (MCC), F1 score, and combined 
value as a weighted sum of all parameters. 
 
Conversions 
Linear approximation is used for each data set 
probability integral function. Every sample gets two 
probability values: to belong to Control, and to belong 
to Target group. These probability values hold 
information about a position of a given data point with 
respect to other points in the dataset and, rather than 
experimental raw data, are used for statistical analysis  
 
 
Graphical Interface: a Screenshot 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(correlation, significance of separation, combination).  
The use of these probability values allows one to easily 
perform operations with values, which are all in the 
range of 0 to 1.0; to conveniently make ”once for all” 
changes in the decision algorithm, such as shifting cut-
off points; and to create a complex function of 
biomarkers, comprising several miRNA pairs, etc.  
 
Decision 
Binary decision is based on comparing an actual value 
and value of cutoff point. In probabilistic approach, we 
are using probability of the sample to belong to the 
Target group with probability assigned to cutoff point. 
“Equilibrium” point, i.e. point where probabilities to 
belong to Control and Target groups are equal, is 
selected as the initial value for the cutoff point on ROC 
curve. Moving this point right or left means creating 
preference for Specificity over Sensitivity, or vice 
versa. An important aspect here is that this preference 
can be introduced for all biomarkers by including one 
cutoff value in the decision making. 
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Figure S1: Ratios of miRNA levels (biomarker pairs) in plasma of MCI patients and age‐matched
controls. The  ratios of concentrations of miRNA pairs  in plasma  samples of MCI and age‐matched donors
with normal cognitive function, 20 samples in each group, were measured by RT‐PCR and the ratios of various
miRNA were calculated as 2‐ΔCt x 100. See the Fig. 1 legend for the description of the statistical analysis. 
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Figure S2. Comparison of miRNA biomarker pairs  in plasma of Group 1 (30‐50 years old, “CY”) and
Group  2  (70‐80  years  old,  “AMC”)  individuals  with  normal  cognitive  functions.    The  ratios  of
concentrations of miRNA in plasma samples of Group1 (30‐50 years old, CY) and Group2 (70‐80 years old, AMC)
donors with normal  cognitive  function, 20  samples  in each group, were measured by RT‐PCR and  the  ratio of
various miRNA was calculated as 2‐ΔCt x 100. See the legend to Fig. 1 for the description of the statistical analysis. 
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INTRODUCTION 
 

The list of genetic factors pertinent to life‐span 

determination has been growing by leaps and bounds, to 

define age‐related physiological changes [1]. A steady 

loss of function in multiple vital organs has been shown 

to correlate with aging, accompanied by increased 

incidence of a wide range of diseases such as 

neurological disorders, metabolic disorders e.g. 

diabetes, and cancer [2]. Modification of signaling 

cascades, such as highly conserved signaling pathways 

including insulin/Insulin‐like growth factor 1 (IGF1), 

target of rapamycin (TOR) and sirtuin, for enhanced 

cellular responses to stress, is recognized as key to life 

span extension and accompanying reduced age‐related 

pathology [3]. The search for biomarkers for aging has 

led to the identification of unique leads in blood 

samples, a relatively noninvasive method to acquire 

experimental specimens. However, the main findings in 

circulating blood reflecting systemic phenomena are 

protein‐based changes, mostly connected to agerelated 

perils such as cancer, atherosclerosis, and 

cardiovascular dysfunction [4]. A few studies linking 

blood‐based changes to normal aging involve a serum 

protein pattern that proves to be a reliable index for 

aging in rat, independent of pathologies [5]; the 

techniques commonly used, 2‐D gel electrophoresis or 

proteomic profiling, have led to identifying various 

proteins as potent blood‐based biomarkers [6]. Another 

such example is the observation that circulating IGF‐1 

in centenarians with robust cognition is low [7], while 

those suffering Alzheimer‟s disease (AD) show high 

levels of this protein in their blood [8]. 

 

Non-coding RNAs are prominent epigenetic factors, 

along with nucleic acid modifications such as DNA  

methylation  and  histone/chromatin  modification  [9].  

Among  all  the  small  non-coding  RNAs, microRNAs 
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 (miRNAs) have been studied in detail; they are 

generally transcribed by RNA polymerase II, rarely by 

RNA polymerase III [10]. MiRNAs modulate protein 

regulation at the post-transcriptional level, because their 

seed sequences have perfect or partial complementarity 

to the coding region or the 3‟- untranslated region 

(UTR) of  one or more target mRNAs, leading to 

mRNA degradation in the former case, and inhibition of 

protein translation in the latter; either way, they serve as 

negative regulators of gene expression [10, 11]. Early 

studies illustrating the role of miRNAs in aging found 

that expression of C. elegans lineage  4 (lin-4) miRNA 

is needed for extended lifespan, while abridged 

expression leads to shortened lifespan [11,  12]. We also 

reported a set of miRNA expressions unique to 

peripheral blood mononuclear cells (PBMCs) of AD 

victims [13], as well as changes in miRNA expression 

during aging in brain and liver of mice and rats, 

including long-lived calorie-restricted and mutant mice 

with extended life span [14-17]. 

 

In general, blood samples can be separated into two 

major components: PBMCs, composed of lymphocytes, 

monocytes, megakaryocytes, platelets, etc.; and plasma 

or serum, depending on blood- collecting procedures 

(adding an anticoagulant produces the former instead of 

the latter). Our group has shown that miRNA profiles in 

PBMCs of AD victims differ from those of normal 

elderly controls (NEC); this led us to suggest that lead 

microRNAs in PBMCs of AD victims may be 

biomarkers as a blood-based diagnostic for this disease 

[18]. In cell-free serum/plasma, microRNAs are 

repeatedly reported to be not only present [19], but also 

a means for  cell-cell communication, secretion, and 

many other cellular functions associated with cell death, 

etc. [5, 20, 21]. Recently, major differences in miRNA 

expression between plasma microvesicles and PBMCs 

were reported, owing to the origin of these cell-free 

miRNA expressions in the former case [20]. Plasma 

miRNA expression is a predictive and diagnostic tool 

for lung cancer;  changes  in  plasma  miRNA  

expression  imply  staging  and  prognosis  [22].  Blood  

associated microvesicles contain miRNAs suggested for 

inter-cellular and inter-organ communication [23]. In 

brain, circulating microRNAs have been suggested to be 

vital for neuronal  communication [24], and lead 

microRNAs in blood serve as circulating biomarkers for 

bipolar disorder and early Huntington‟s disease [25]. 

 

In this study we report that miR-34a levels in mouse 

PBMCs and plasma increase with age, as do those in 

brain, starting at 4 months of age, as documented in 

samples from 2 days old till 25 months of age. Parallel 

study of miR-196a shows that the level of this 

microRNA remains stable with age in all three 

specimens examined, and therefore serves as a control 

for age-independent regulation of its expression. 

Corresponding  to  this  increase  of  miR-34a,  plasma  

expression  of  SIRT1,  the  major  target  of  this 

microRNA, shows a precipitous reciprocal decrease 

starting at 4 months of age, while PBMCs exhibit a 

gradual decrease in SIRT1 from this age onward.  In 

contrast, the SIRT1 level in brain rises from 20 days old 

till 4 months, and remains at this level without decrease  

until 12 months of age. The reciprocal expression 

between miR-34a and SIRT1 in plasma samples is not 

observed with another target of this microRNA,  Bcl2,  

whose  expression  in  plasma  actually  declines  as  

early  as  7  days  after  birth  and continues to 25 

months, while in brain and PBMCs it shows a slight 

decrease  during  the same time frame. In brief, our 

results show here that levels of miR-34a in plasma and 

PBMCs may serve as a non- invasive biomarker, a 

circulating ‟footprint‟ of brain aging; in particular the 

rise in the plasma is detected as early as 4 months of 

age, before any impending decline in this organ begins. 

 

RESULTS 

 

Expression levels of miRNAs in blood and brain 

samples of C57/B6 mice 

 

Mouse microRNA 34a (mmu-miR-34a) expression 

increases in brain of older rodents, while a decline in its 

expression over age is linked to longevity in calorie-

restricted mouse brain [13, 16] . SIRT1 and Bcl2 are 

two major target genes suppressed by miR-34a [17, 26]. 

In contrast, although miR-196a is elevated  in  Crohn‟s 

disease  [27],  changes in its  level of  expression during 

mouse aging is  not yet reported.  Thus,  our study of  

microRNA  expression over a  life span from neonatal 

to  old age was performed with miR-34a as our focus of 

interest, and miR-196a as a control. 

 

Total RNA samples extracted from PBMCs, plasma and 

brain specimens from age groups from 2 days to  25 

months were reverse transcribed for quantitative PCR 

(qPCR) to determine their levels of mmu-miR-34a and 

mmu-miR-196a. qPCR for these two miRNAs was 

performed using total RNA samples from  all three 

specimens  (Supplemental Figure 1-2); composite 

graphs of  expression of  these two miRNAs are shown 

in Figure 1. Levels of miR-34a are stable from 2 days 

till 4 months, with subsequent rises in all three tissues; 

the increases in brain  and PBMCs exhibit a similar
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gradual trend, while the increase in plasma samples 

rises steeply starting at 4 months. All assays for each 

animal were repeated three times, and three animals 

were used per age group; thus, the qPCR results 

presented here were calculated from nine data points, 

with three repeats of three different  animals. In contrast 

to the increased miR-34a expression with age, levels of 

miR-196a remain stable  throughout all age groups 

studied here, from 2 days till 25 months of age. 

Statistical analysis for each age group is presented in 

Supplemental Table 1. 

 

Inverse levels of expression between miR34a and its 

target, SIRT1, in blood and brain during aging 

 

MicroRNA-34a regulates SIRT1 expression both at  the  

pre-transcriptional  level,  by  regulating expression of 

transcription factor SP1 [16], and also at the post-

transcriptional level, by binding to the 3‟ untranslated  

region (UTR)  of  SIRT1 transcript [28] to  repress its  

expression. Total protein samples extracted  from 

plasma, PBMCs, and brain were subjected to Western 

blot analysis to determine a possible  inverse  

relationship  between  SIRT1  and  miR-34a  levels  

from  2  days  to  25  months  old. Decreased SIRT1 

expression was observed in both plasma and PBMC 

samples at 4 months of age, with the former showing a 

precipitous drop in SIRT1 abundance (Figure 2A & B). 

However, levels of SIRT1 in brain increase from a 

steady state during the postnatal period to a stable high 

level from 28 days to 12 months, before decreasing to 

25 months (Figure 2C). A composite graph depicting 

the expression trends in the three specimens across all 
age groups shows the  precipitous decline in plasma, but 

gradual decline in PBMCs from 4 months on, and the 

brain-specific rise at 28 days followed by the decline at 

12 months old (Figure 2D). In all, the only sharp inverse 

relationship detected at early adult life (4-months)  

between miR-34a and its target,  SIRT1,  is  observed  

in  plasma.  All  immunoblots  were  further  verified  

by   densitometric measurements of three repeats with 

three different animals of the same age group, after 

normalization with ß-actin in brain and PBMC samples. 

Ponceau S stained bands were used to validate equal 

loading, and selected bands showing consistent levels 

across the blots were used to normalize SIRT1 

expression in plasma samples. The individual graphs 

may be found as supplemental data (Supplemental 

Figure 3). 

 

Expression of miRNA34a and its target SIRT1 in 

brain tissue sections from middle and old age 

C57/B6 mice 

 
A lack of age-dependent increase in miR-34a 

expression in the hippocampal region has been 

previously reported in calorie-restricted mice, as 

compared to littermate wild type (WT) controls [17]. 

Here, we performed similar in situ histochemical (ISH) 

determination of miR-34a, to validate the qPCR results 

with total brain RNA studies by locked nucleic acid 

(LNA) probes for this microRNA. Two selected age  

groups, 10 and 31 months, were chosen to represent 

specimens before SIRT1 decreases, and beyond the 

maximal decline. Brain sections of these two age groups 

were processed for levels of miR-34a expression by in 

situ hybridization, binding with a locked nucleic acid 

probe for miR-34a, as well as a control  probe for 

background binding reaction (Figure 3 A & B). 
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Figure 1: Age‐dependent expression levels of two miRNAs in blood and tissue samples of 
C57/B6 mice A graphical representation of expression levels of miRNAs using qualitative PCR, 

represented as 1/ΔCt values as box plots for brain, PBMC and plasma samples. Age groups included 

are from early to old age [from 2 days (d) to 25 months (m)]. Panel (A) shows composite graphs for 

expression of miR‐34a, while panel (B) shows the levels of expression of miR‐196a in brain, PBMCs, 

and plasma. (n = 3; three different animals were used from each age group selected for the study.) 



 

 
 

 

 

 

 

 

 

 

Intensity of LNA probe reaction was most noted in the 

hippocampus, more than the cortex, in both age groups. 

This intensity differential was further  verified by  

densitometric measurements  of  three serial sections 

each  from three  different animals  of  the  same  age  

groups  (Figure  3C).  Expression data  obtained  using  

in  situ  hybridization confirmed the qPCR results, and  

validated the trend of increased miR-34a expression 

from 10 to 31 months of age in brain. 

 

Immunostaining to detect SIRT1 in middle and old age, 

i.e. 10 and 31 months respectively, was performed on 

sister specimens of those used for in situ hybridization 

with the LNA probe for miR-34a. Decreased SIRT1 

from 10 to 31 months was observed most significantly 

in hippocampus, validating the inverse relationship with 

miR34a expression in brain, described by the grind-and-

find qPCR assays and Western blotting for SIRT1 

levels. Figure 3D-G shows in situ hybridization results 

of heightened miR-34a expression in hippocampus,  

corresponding to decreased SIRT1 presence. All 

immunostaining results were further verified by 

densitometric measurements of three repeats with three 

different animals (n = 3) (Figure 3 C, H). 

 

Levels of Bcl2, another target of miR34a, in blood 

and tissue samples of C57/B6 mice. 

 
Another target of interest of miR-34a is Bcl2. Western 

blots for 26 kilodalton Bcl2 expression were performed 

using protein samples of brain, PBMCs and plasma 

from all age groups used for the qPCR assays of the two 

microRNAs. A decline in Bcl2 was observed starting as 

early as 7 days after birth in plasma (Figure 4 A-C), 

continuing until old age at 25 months. In contrast, Bcl2 

in brain and PBMCs show stable abundance, with a 

gradual decrease from 2 months to old age. A composite 

graph showing the decline  in  Bcl2  is  shown  in  

Figure  4D;  the  individual  graphs  may  be  found  as  

supplemental data (Supplemental Figure 4).  

Interestingly, the decrease of Bcl2 in plasma starts at 7 

neonatal days, and continues its downward trend in 

plasma samples. All immunoblot data were verified by 

densitometric measurements of three repeats with three 
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Figure 2: Age‐dependent expression levels of SIRT1 in blood and tissue samples of C57/B6 mice Western blot 

analysis of SIRT1 expression in age groups from 2 days (d) to 25 months (m); panels (A) SIRT1 expression in plasma samples 

normalized with selected Ponceau S stained band, showing constant levels for all samples used, along with histograms 

presenting average densitometric values, (B) SIRT1 expression in PBMC samples normalized with β‐actin, along with 

histograms presenting average densitometric values, (C) SIRT1 expression in brain samples normalized with β‐actin, along with 

histograms presenting average densitometric values, (D) Composite graph presenting SIRT1 expression in plasma, PBMC and 

brain samples. (*p < 0.01, **p < 0.0001; all histograms represent Mean ± SD; n = 3; three different mice used from each 

selected age group.) 



 

 
 

 

 

 

 

 

 

 

different animals, after normalization with ß-actin for 

tissues and PBMC samples. For normalization of Bcl2 

expression in plasma samples, Ponceau S stained bands 

were used to confirm equal loading (n = 3). 

 

Agedependent changes of levels of p53 and its 

acetylated form in blood and brain samples of 

C57/B6 mice. 

 
SIRT1 is an evolutionarily conserved molecule with 

deacetylation properties; one of its targets is p53, whose 

acetylation leads to increased transcriptional activation 

of miR-34a expression [29]. Western blot analysis was 

performed using total protein samples from PBMCs, 

plasma and brain from mice aged 2 days to 25 months. 

Expression of p53 and its acetylated form was detected; 

Ponceau S stained bands for plasma samples and ß-actin 

for PBMCs and brain were used as normalization 

controls (n = 3). Figure 5 shows levels of total and 

acetyl-p53 in plasma (panel 5A), PBMCs (panel 5B) 

and brain (panel 5C), with the percentage of the latter in 

the total protein pool illustrated in Panel 5D. The acetyl-

p53 proportion remains stable from 2 days until 2 

months in both plasma and PBMC specimens; this is 

followed by a steady increase  between 4 and 12 

months, after which it stays the same in the remaining 

old age groups, as observed in brain. The acetyl-p53 

fraction in brain exhibits a steady increase from 2 days 

old till old age. Interestingly, proportions of acetyl-p53 

in the total p53 protein pool in all three specimens, 

plasma, PBMCs, and brain, are  similar from 12 to 25 

months of age, again suggesting that circulating blood 

Figure 3: Expression of miRNA‐34a and SIRT1 in brain tissue sections from middle and old age C57/B6 mice In situ 

hybridization detected miR‐34a expression using LNA probes. Panels (A) and (B) show expression of miR‐34a in cortex and 

hippocampus of 10 and 31 month old mice. Scrambled LNA probes were used as control for this experiment (Image not shown); (C) 

graphical presentation of mean intensity values of miR‐34a expression in cortex and hippocampus of 10 and 31 month old mice, by 

immunostaining assay to detect SIRT1 expression. Panels (D‐E) and (F‐G) show expression of SIRT1 in cortex and hippocampus of 10 

and 31 month old mice, by DAPI staining to detect nucleus and section integrity (Image not shown); (H) graphical presentation of 

mean intensity values of SIRT1 expression in cortex and hippocampus of 10 and 31 month old mice. (*p < 0.01, **p < 0.0001; all 

histograms represent Mean ± SD; n = 3; three different biological samples from each age group.) 
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acetyl/total p53 may be an additional systemic marker 

for age-related changes in brain. 

 

DISCUSSION 

 

Central to our findings is the observation that miRNA-

34a expression in PBMCs and brain shows concordant 

steady increase from neonatal to old age, with levels of 

miR-34a in plasma showing a sharp rise from  4  to 25 

months of age. This rapid gain of miR-34a in plasma is 

inversely related to SIRT1 abundance in this blood 

specimen, which declines precipitously from 4 to 25 

months. However, in brain and PBMCs, this reciprocal 

expression between increased miR-34a and decreased 

SIRT1 is not observed until after 12 months of age. This 

pattern, starting at 4 months in plasma and 12 months in 

brain and PBMCs, is not observed with another major 

target of this microRNA, Bcl2, whose downward trend 

starts at neonatal time in plasma, while in brain and 

PBMCs it remains stable. In situ hybridization data and 

histochemical studies indicate the hippocampus as the 

venue of the most prominent local increase in 

expression level of miR-34a with age, and reciprocal 

decrease of SIRT1 in the same brain region in old mice 

[26]. Taken together, our results suggest that: 1. 

Increased levels of  expression of miR-34a in plasma 

and PBMCs correspond to those observed in brain, with 

the former most dramatically preceding the latter two; 

and 2. the sharp increase in plasma miR-34a, and the 

decrease of SIRT1,  starting at 4 months of age, may 

serve as noninvasive biomarkers for impending age-

dependent brain decline at 12 months or later in mice. 

 

The major difference between the two blood samples, 

PBMCs and plasma, is the source of their RNA  and  

protein  specimens.  PBMCs  largely  consist  of  cells  

making  up  this  component,  including lymphocytes,  

monocytes,  macrophages,  etc.,  while  plasma  

components  are  released  from  various tissues into 

circulating  blood through secretion, exocytosis, cell-to-
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Figure 4: Age‐dependent expression levels of Bcl‐2 in blood and brain tissue samples of C57/B6 mice  Western blot 

analysis for Bcl‐2 levels in age groups from 2 days (d) to 25 months (m); panels (A‐B‐C) Bcl‐2 expression normalized with Ponceau S 

stained bands in plasma, and with β‐actin in brain and PBMC samples, along with histograms presenting average Bcl‐2 expression 

densitometric values; (D) Composite graph presenting Bcl‐2 expression in plasma, PBMC and brain samples as average 

densitometric intensity. All graphs represent Mean ± SD. n = 3; three different mice from each age group. 



 

 
 

 

 

 

 

 

 

cell communication, and even cell death, including both 

apoptosis and necrosis [30].  Thus, in mammals, cell-

free plasma RNA and protein may be true „foot-prints‟ 

of the entire organism‟s health status. Obviously, 

changes in PBMC RNA and protein  profiles  follow  

the  same  age-dependent  regulation  as  other  organs,  

i.e.  cell-type  specific. Nevertheless, our observations 

suggest that increased levels of miR-34a in PBMCs and 

plasma may be a noninvasive biomarker reflecting 

changes in brain during aging, with increased levels of 

this microRNA in plasma potentially serving as an early 

biomarker for impending changes in the brain. 

 

Functionally, miR-34a is well recognized as a tumor 

suppressor in brain and many other tissues; its absence 

is associated with neoplastic growth, including glioma 

and brain tumor [31], explaining the needed increase 

during early adult life for protection against neoplasms 

of many cell types, including those in the central 

nervous systems (CNS). However, its continuing 

increase presents a classical case of antagonistic 

pleiotropy, i.e. a  genetic trait beneficial in early life but 

posing adverse consequences in later life. This is largely 

due to the fact that, as do many other miRs, miR-34a 

silences multiple targets, suppressing cell-cycle traverse 

genes such as cdks and cyclins; but its silencing action 

on SIRT1 may be the most detrimental [31-33].  

Although the notion of a direct role for SIRT1 and its 

sisters in extending life  span  has  come  into  question  

recently  [34],  they  clearly  suppress  age-dependent  

pathologies, reducing diabetes, obesity, 

neurodegeneration, etc. [35]. Thus, miR-34a‟s 

continuing rise in late life may cause a reduction of 

SIRT1, a loss ill afforded by older organisms [35-37]. 

 

Complicating further the see-saw relationship between 

miR-34a and SIRT1 expression is the role of p53 as 

transcriptional activator for this microRNA‟s expression 

[33]. Activation of miR-34a is regulated via binding of  

acetylated p53, which in turn is controlled by 

deacetylation by mammalian SIRT1, thus forming a 

feedback loop [33]. At first glance, our results may 

suggest that this loop may be disrupted in older mouse 

brain and PBMCs, as well as in many other tissues with 
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Figure 5: Age‐dependent changes in ratio of acetylated to total p53 in blood and brain samples of  C57/B6 mice. 

Western blot analysis of acetylated p53 proportion in age groups from 2 days to 25 months; Panels A, B, and C show acetylated 

P53 proportion normalized with Ponceau S in plasma (Panel A), and with β‐actin in PBMCs and brain samples, along with 

histograms presenting the average densitometric values. Panel D presents a composite graph of the percentage of acetylated P53 

expression in the total p53 protein pool in plasma, PBMC and brain samples. (*p < 0.01, **p < 0.0001; all histograms represent 

Mean ± SD; n = 3; three different biological samples from each age group) 



 

their „foot-print‟ in the plasma, due to increased miR-

34a, decreased Sirt1 levels, and increased levels of 

acetylated p53. However, a recent report  by  Lee,  et  

al.  [36]  of  activation of  nuclear  bile  acid  receptor,  

Farnesoid X  Receptor  (FXR), recruiting the Small 

Heterodimer Partner (SHP) to the p53  binding site in 

miR-34a‟s promoter region, and  thus  preventing  this  

microRNA‟s  activation  and  its  downstream  

suppressing  action  on  SIRT1, presents  yet  another  

layer  of  control.  Abnormality of  this  positive  

feedback  between  FXR/SHP  to decrease miR-34a and 

increase SIRT1 is observed in many age-related 

metabolic diseases [36]. Our finding  of  continuing  

rise  of  miR-34a  with  age  suggests that  either  

continuing  acetyl-p53  increase overwhelming the  

SHP-binding or other putative factors involved, thus 

disable the FXR/SHP role in inhibiting this microRNA  

activation, and cause the absence of SIRT1 in many 

age-related metabolic diseases. 

 
As noted above, among the various functional impacts 

of p53, from tumor suppression to induction  of 

apoptosis, there emerges yet another vital role in 

regulating signaling networks through controlling miR-

34a transcription activation. This adds to the complexity 

of how p53 governs life span determination; contrasting 

scenarios report high tumor incidence in p53 knockout 

mice, thus shortening life span, while p53 

overexpression  induces accelerated aging [38, 39]. 

Therefore, p53 regulation is another case of antagonistic 

pleiotropy, protective in the young but deleterious in 

older organisms. For example, in the context of 

regulating intertwining networks, p53 seems to 

participate in life extension as a  downstream  activator  

for  apoptosis  in  the  well-known  IGF1/mTOR  

pathway,  suppressing  tumor development; but its 

continuous increase in older life may  overwhelm  

SHP‟s binding to miR-34a and become the dominant 

activator for miR-34a, resulting in the SIRT1  loss 

described above. To further thicken the soup, in a large 

human population study of p53 polymorphism,  the  

p53-P72 genotype is associated with reduced fertility 

and increased longevity [40]. In brain, the role of p53 is 

associated with cognitive  robustness, by  regulating 

glucose metabolism, as  well as  neuronal apoptosis,  

eliminating deleterious,  damaged  neurons  to  make  

room  for  neurogenesis  [40].  Here,  SIRT1  is  

involved  in neuroprotective  signaling,  reducing  the  

formation  of  ß-amyloid,  the  pathogenic  form  of  

amyloid precursor   protein  (APP),  one  of  the  two  

main  diagnostic  histopathologies  of  AD,  along  with 

neurofibrillary  tangles.  Paradoxically, ß-amyloid 

activates p53, which in  turn activates miR-34a and 

suppresses  SIRT1 [41],  as  one of the  putative 

mechanisms underlying accelerated aging when this 

tumor-suppressing transcriptional  factor is 

overexpressed. The complexities presented here in p53-

dependent regulation, and how miR-34a participates in 

this puzzle for brain aging, will demand future system 

biology investigation to unravel their mysterious but 

fascinating roles in regulating aging and life span 

determination. Nevertheless, our finding of the 

continuous increase of both acetyl-p53 and miR-34a in 

blood and brain during aging suggests them as two 

noninvasive biomarkers for aging in the central nervous 

system. 

 

Circulating microRNAs, specifically  in  plasma,  may  

reflect  particular  disease  states  such  as cancer,  

cardiovascular  disorders, and  even  neuronal  

dysfunction  [18,  29].  Increases  of  miR-34a  in 

various tissues during aging are well recognized in our 

own work and that of others, from liver to brain, and 

even in autopsy  brains and PBMCs of AD victims [13, 

16]. Our previous report [13] documented increased  

expression of  miR-34a  in  AD  patients‟ PBMCs, 

compared to  NEC,  associated with  allelic inheritance 

of APOE4 [19, 42].  Although this systemic change in 

miRNA expression in PBMCs of AD patients is of 

prime significance, expression profiles in PBMCs may 

also indicate changes in the immune system in 

Alzheimer‟s disease [42]. This notion led to the recent 

suggestion that aberrant inflammation is an vital 

underlying AD pathogenesis, challenging the popular  

emphasis on amyloid plaques as the essential  

manifestation  of  the disease [43]. The  kernel of  this  

suggestion  is  the overexpression of cytokine 

interleukin-1 (IL-1) by microglia in the brain, thought to 

lead to  neuronal deterioration in Alzheimer‟s disease 

[44]. Interestingly, upstream regulators for IL-1, i.e. IL-

6 and IL-8,  are secreted by senescent fibroblasts, 

associated with miR-146a/b, key microRNAs 

controlling inflammatory  response [45]. Moreover, 

increased miR-146a is noted in AD brains and the 

brains of older mice, perhaps due to increased 

inflammatory response [46]. Linking the secretion from 

senescent fibroblasts to brain aging and  

neurodegeneration  may  suggest  that  heightened  

inflammatory  response  in  aged  animals  and 

Alzheimer brain is a systemic manifestation involving 

all tissue types; plasma samples may be the best source 

to identify the factors involved. Future work using our 

same approach, i.e. baseline studies of the composition 

of this blood  component, with miR-146a and others 

secreted by cells such as senescent fibroblasts, may  

yield  more  blood-based,  age-dependent  biomarkers  

in  the  category  of  increased inflammatory response. 
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Clearly, the present study is not comprehensive, 

covering all the miRNAs found in either PMBCs or 

plasma as biomarkers of brain aging, as noted above for 

miR-146a.  However, our finding of miR-34a increasing 

monotonically with age, as a first example, 

demonstrates that circulating blood is a powerful and 

accessible window to visualize changes in vital organs 

which are not otherwise available, in the case of human 

studies during  aging. Including our own work with 

Alzheimer‟s disease (AD), most human studies are 

limited by available resources and time required, and 

thus designed with a cross-sectional approach, 

comparing disease victims with  age-matched controls, 

as reviewed by Provost, 2010 [47]. Longitudinal follow-

up studies are rare and costly, and thus most microRNA 

studies for AD pathogenesis are limited to autopsy brain 

samples and animal models. Neither approach is ideal; 

the former is noted for its graveyard nature, imperfect 

neither for disease initiation nor  progression, and 

animal models mostly use transgenic mice carrying 

human APP and/or Tau mutations mostly composed of 

familial AD polymorphisms as surrogates.  The present 

work shows baseline concordant changes between 

PBMCs, plasma  specimens,  and  brain,  thus  

validating  our  human  peripheral  blood  sample  study  

with  AD patients,  pointing  to  circulating RNAs as  an 

accessible and noninvasive  biological source to  detect 

changes in brain. In particular, changes in plasma 

microRNA profile may occur much earlier, seen here at 

4 months, than the impending decline in brain.  Our 

study presents the first example that circulating blood 

microRNAs, exemplified by miR-34a, may serve as 

biomarkers for brain aging. The RNA samples collected 

for this study will be an invaluable resource, when the 

entire repertoire of microRNA profiles from birth to old 

age in  mice is obtained by future studies using deep 

sequencing; data obtained will serve as a baseline 

database for animal disease model studies in general, 

and as a possible surrogate for human studies as well, 

because of the cross-species conserved nature of this 

noncoding RNA species. The present study paves the 

way for the  ultimate discovery of tissue-specific 

biomarkers in blood samples for inaccessible organs 

such as brain, and possibly even blood-based universal 

biomarkers for entire organismic aging. 

 

MATERIALS AND METHODS 

 

Animals and Tissue Collection 

 

Mice of the C57/black 6 strain, from 2 days till 31 

months old, were used in this study. For 

immunohistochemistry and in situ hybridization assays, 

brains of males 10 and 31 months old were used, while 

the other assays used 2 days old till 25 months  (2, 7, 

14, 20 and 28 days, 2, 4, 12, 18, and 25 months).  All  

animal  work  was  approved  by  institutional  

(University  of  Louisville)  biosafety  board protocol  

#05-001.  Brain  and  blood  specimens,  including  both  

peripheral  blood  mononuclear  cells (PBMC) and 

plasma, were obtained from at least three mice of each 

age group. 

 

Processing blood for PBMC and plasma fractions 

 

After collection, individual mouse blood specimens 

were layered onto Ficoll-Paque Plus solution (GE 

Healthcare, Piscataway, NJ), containing EDTA to 

prevent coagulation, and centrifuged for 30 minutes at 

1,500 x g  to  separate the blood samples into four 

layers, the plasma in the upper layer the next PBMC-

containing fraction, as the white layer, then the Ficoll-

Paque plus solution with the red blood cells at the 

bottom. The plasma  and PBMC fractions were then 

collected and stored at -80
o
C until further processing for 

RNA and protein isolation. 

Snap-frozen coronal brain sections were homogenized 

with Trizol reagent (Invitrogen, Carlsbad, CA), 

followed by the total RNA isolation, in parallel with the 

isolated PBMC specimens, with the RNease Mini Kit 

(Qiagen, Valencia, CA). The isolated RNA fractions 

were then dissolved in RNase-free water and stored at -

80
o
C  until use. The quality of the isolates was 

determined by the Agilent 2100 Bioanalyzer with the 

Agilent RNA 6,000 Nano kit (Agilent Technologies, 

Foster City, CA) by the RNA integrity number (RIN); 

samples with values > 7 are of acceptable integrity. 

 

The RNA fraction was isolated by adding 0.75 ml of 

Trizol LS reagent (Invitrogen, Carlsbad, CA) to 0.25 ml 

plasma, followed by incubation at room temperature for 

5 min. To this solution, 0.2 ml of chloroform   was  

added;  after  vigorous  mixing,  it  was  further  

incubated  for  5  minutes  at  room temperature, before 

centrifugation at 15,000 x g for 15 min at 4
o
C, to obtain 

the RNA aqueous phase. This  was  collected,  and  after  

addition  of  0.5  ml  isopropanol (Sigma,  St.  Louis,  

MO),  RNA  was precipitated and collected by further 

centrifugation  to a pellet, before washing with 75% 

alcohol and storage in  RNase-free water. Since plasma 

contains little or no 28S or 18S RNA, the integrity of 

the isolated RNA was determined by the small RNA 

peak between 0 and 150 nt (Supplemental Figure 5C). 

Concentrations  of  RNA   specimens  isolated  from  
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brain,  PBMC  and  plasma  were  determined  by 

Nanodrop 2000 (Thermo Scientific, Wilmington, DE). 

 

Determination of microRNA expression levels 

 

Primers specific for miR-34a and miR-196a were 

obtained from Applied Biosystems (Foster City, CA) to 

perform quantitative RT-PCR (qPCR), according to this 

vendor‟s protocol for TaqMan microRNA assays. 

Isolated total RNA fractions from brain, PBMC and 

plasma were initially processed for reverse transcription  

(RT)  using   two  miRNA-specific  primers  (miR-34a:  

AB  Assay  IDs  000426;  miR-196a: 241070_mat) to 

obtain their RT products, used subsequently for qPCR 

analysis on a 7500 Fast System Real-Time  PCR  cycler  

(Applied  Biosystems).  Small  RNA  202  was  used  as  

control  to  calculate  the expression  levels of two 

microRNAs, miR-34a and -196a in isolated biological 

specimens. Numerical indices of  these expression 

levels are  expressed by  the  1/ΔCT  method, and  

obtain the  values for individual microRNA  after 

subtraction of the CT value for snoRNA202 (AB assay 

ID 001232, Applied Biosystems). 

 

Isolation of Protein fraction from brain, PBMCs and 

plasma 

 

Sister blocks of brain coronal sections used for RNA 

isolation were used for protein extraction. In brief,  

brain specimens of ~100 µg were solubilized in 300 µl 

RIPA buffer before isolating the protein fraction, as 

described in our earlier report [16].  For the PBMC 

specimens, the organic phase after RNA isolation, as 

described above, was dialyzed on Spectra Pro 6 dialysis 

membranes (Spectrum Laboratories Inc., Rancho 

Dominguez, CA) in 0.3% SDS buffer at 4°C until the 

precipitate was completely dissolved, with further 

incubation in 0.1% SDS solution for an additional 24 

hours. Plasma contains a huge amount of serum 

albumin and immunoglobulin (IgG); these were 

removed by the Vivapure anti-human albumin serum 

(HAS)/IgG kit (Sartorius  Stedim Biotech GMbH, 

Göttingen, Germany). BCA protein assays from Pierce  

Biotechnology Inc  (Rockford,  IL)  were used to 

determine the concentrations of the isolated protein 

samples from brain, PBMC and plasma. 

 

Immunoblotting for protein levels of SIRT1, Bcl2 

and p53 

 

SIRT1 and Bcl2, two main targets of miR-34a, and the 

activator of this microRNA, acetyl-p53, as well as the 

total p53 protein pool were selected for determination of 

their protein abundance in brain, PBMC and  plasma. 

Twenty-five micrograms of isolated protein samples 

from these three specimens were used for SDS-PAGE; 

afterwards, the electrophoretically separated bands were 

transferred from the gels  to  nitrocellulose  membranes  

(Schleicher &  Schuell BioScience, Keene, NH). 

Identification and quantification of the three proteins of 

interest were performed by incubating the membranes 

with antibodies  including rabbit anti-SIRT1 (1:500, 

75435, Abcam Inc., Cambridge, MA), rabbit anti-Bcl-2 

(1:100, 2870, Cell  Signaling, Danvers, MA), rabbit 

anti-acetyl-p53 (1:500, 06-758, Upstate (Millipore), 

Billerica, MA), rabbit anti-p53 (1:500, SC-6243, Santa 

Cruz Inc., CA) and rabbit anti-ß-actin (1:1000, 8226, 

Abcam Inc., Cambridge, MA) overnight at 4°C. ß-actin 

was used as a loading control for PBMC and brain 

specimens, but not for plasma protein samples,  since 

this protein‟s levels in plasma are not always stable. 

Instead, we selected a stable band with equal intensities 

across all lanes by Ponceau S staining [48].  Blots  were  

developed  following the  method  published  previously 

[17],  and  levels  of  protein abundance   were  detected  

by  the  Enhanced  Chemiluminescence  (ECL)  method,  

according  to  the manufacturer‟s  instructions (Pierce 

Biotechnology, Rockford, IL). The intensities of bands 

on the ECL- developed films were quantified by 

densitometry using ImageQuant software (Molecular 

Dynamics Inc. Sunnyvale, CA). 

 

Localization of miR-34a distribution by in situ 

hybridization in brain 

 

A microRNA 34a-specific locked nucleic acid (LNA) 

conjugated with digoxigenin (DIG), and a scrambled   

control,  were  purchased  from  Exiqon  (Woburn,  

MA;  miR-34a  LNA  probe:  38487-05; Scramble-miR 

LNA probe: 99004-01). These probes were incubated 

with the snap-frozen coronal brain sections, following 

our reported protocol [3]. Bound LNA probes were 

revealed by further incubating the sections with sheep 

anti-digoxigenin (DIG) antibody conjugated with 

alkaline phosphatase (AP) (1:2000; Roche,  

Indianapolis, IN) at 4°C overnight, followed by further 

detection of the DIG-AP substrate by 

nitrobluetetrazoliumchloride (NBT)/5-bromo-4-

chloro-3-indolyl phosphate, toluidine salt 

(BCIP). Positive signal of the distribution of the LNA 

probes was detected by microscopic visualization, 

followed by image quantification with densitometry 

software (ImageQuant version 5.2, Molecular 

Dynamics). 
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Selected segments of images in the hippocampal and 

cortical regions were evaluated for miR-34a labeling 

intensity, compared to the scrambled control probe. 

Image quantification was performed using three animals 

per age group; the intensities of the LNA probes were 

obtained numerically from three repeats with three 

serial sections each.  Thus, the final intensities for the 

two probes in each age group were obtained  from three 

different animals, to control for inter-animal difference, 

and three repeats with three serial sections to control for 

inter-experiment variation. The scrambled control was 

used to normalize for background labeling noise. 

 

Immunohistochemistry localization of SIRT1 

distribution in brain 

 

Sister serial  sections  to  those  used  above  for  in  situ  

hybridization were  processed to  the determine  SIRT1 

distribution by  initially fixing them with 4%  

paraformaldehyde (PFA),  followed by blocking with 

10% goat serum (Invitrogen, Carlsbad, CA) and 

incubation with rabbit anti-SIRT1 at 1:200 dilution 

(75435,  Abcam Inc., Cambridge, MA) at 4°C 

overnight. The bound antibody was revealed by further 

incubation with  goat anti-rabbit (1:400; Invitrogen) 

conjugated with Alexa fluor 594 for 40 minutes  at  

37°C.  Antibody  labeling  was  evaluated on  a  Zeiss  

fluorescence microscope (Carl  Zeiss, Brighton, MI) 

and AxioVision Rel.4.6 imaging system; image analysis 

of the distribution and intensities of SIRT1 protein in 

brain specimens of the two age groups follow the same 

procedure described above. 

 

Data Analysis for statistical significance 

 

The 1/ΔCT values of qPCR results for the expression 

levels of miR-34a, miR-196, and controls among  

different age groups were analyzed by Student‟s t tests, 

with p values < 0.05 as statistically significant  

difference between any two groups presented in all the 

graphs for this assay. ANOVA was used to analyze data 

from all age groups included in all the assays. Mean ± 

standard deviation (SD) was calculated for data 

obtained from quantitative evaluation for 

immunoblotting, in situ hybridization and 

immunofluorescence assays. Data analysis for these 

results proceeded as described for qPCR values.  In all 

experiments, three different animals were used, to 

control for inter-animal variation; some of them 

performed three repeats, to control for inter-assay 

variance. 
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SUPPLEMENTAL DATA 

 

 

 
 

 

 

S‐Figure 1: Age‐dependent levels of miRNA‐34a expression in various tissues in C57/B6 mice Panels 

(A‐B‐C) present box plot graphs of miR‐34a expression in plasma, PBMCs and brain samples, along with graphs 

of the 1/delta CT trend. (n = 3; three different animals were used from each age group selected for the study.) 
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S‐Figure 2: Age‐dependent expression levels of miRNA‐196a in various tissues of C57/B6 mice Panels 

(A‐B‐C) present box plot graphs of miR‐196a expression in PBMCs, plasma and brain samples, along with graphs of the 

1/delta CT trend. (n = 3; three different biological samples from each age group.) 
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S‐Figure 3: Graphical presentation of age‐dependent expression levels of miR‐34a target gene SIRT1 in plasma, 
PBMCs and brain samples of C57/B6 mice Panels (A, B, C) show line graphs representing average intensity of SIRT1 

expression, and trend lines depicting expression trends in various age groups, separated into different panels, with neonatal 2 

to 28 days (d) in panel (a), and early adult from 2 months (m) to old age of 25 months in panel (b) in PBMCs, plasma and brain 

samples. (All graphs represent Mean ± SD; n = 3; three different biological samples from each age group.) 
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S‐Figure 4: Age‐dependent expression levels of miR‐34a target gene Bcl‐2 in blood and tissue samples  of 
C57/B6 mice Panels (A, B, C) show average intensities of Bcl‐2 expression, and trend lines depicting expression in 

various age groups, in plasma, brain and PBMCs samples. All graphs represent Mean ± SD; n = 3; three different 

biological samples from each age group. 
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S‐Figure 5: RNA integrity analysis, using Agilent 2100 Bioanalyzer Panels (A) Table shows RNA Integrity Number 

(RIN) for PBMCs and brain samples across the age groups considered; (B) shows the representative graphical 

representation of 28s, 18s, and small RNA bands observed during RNA integrity analysis for PBMCs and brain samples; (C) 

shows the representative graphical representation of small RNA bands as a small peak, and absence of 28s and 18s RNA 

peaks, as expected, in plasma samples during RNA integrity analysis. 
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S‐Table‐1: Statistical analysis of miR‐34a and miR‐196a expression in blood and tissue samples of  C57/B6 mice. 

Tabular presentation of mean standard deviation calculation for miRs‐34a and 196a in PBMCs, plasma and brain samples. (n = 3, 

three different biological samples from each age group) 
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Background 
 
The creation of a double-strand break (DSB) in 
eukaryotic cells is generally accompanied by the 
formation of hundreds of histone -H2AX (H2AX-
S139PO4 in humans) molecules in the chromatin 
flanking the DSB site [1]. Antibodies to -H2AX allow 
the visualization of a “focus” at the DSB site. The foci 
also serve as sites for accumulation of other proteins 
involved in DSB repair, leading to the suggestion that 
the foci have roles in signal amplification and the 
accumulation of DNA repair factors that, in turn, 
facilitate chromatin remodeling, cell cycle checkpoint 
functioning, sister chromatid-dependent recombin-
ational repair and chromatin anchoring to prevent the 
dissociation of broken ends [reviewed in [1-5]]. 
However, although -H2AX appears to be a principal 
player in the DNA damage response and necessary for 
the initial rapid phase of DSB repair, mice lacking 
H2AX, while hypersensitive to ionizing radiation, are 
still capable of DNA damage signaling and repair [6]. 
The viability of the H2AX-null mouse indicates that 
H2AX is not essential for homologous recombination  
or  non-homologous  end  joining itself.  However, these 
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mice suffer from two major deficits—a lack of class 
switch recombination during immune system develop-
ment and a lack of sperm production in males. The 
former process is known to involve DSBs and genomic 
rearrangements. In the testes of H2AX-null males, 
autosome pairing and synapsis appear to take place 
normally, but the X and Y chromosomes fail to form a 
condensed sex body [1,6]. 
 
Potential practical uses of -H2AX foci formation in 
cells and tissues have been apparent from soon after its 
discovery. The amplified response makes it possible to 
easily visualize individual DSBs in cell nuclei, making 
-H2AX foci staining more sensitive than other methods 
of DSB detection [7]. The realization that DSBs, 
whether alone or as one type of a spectrum of DNA 
lesions, are involved in many processes that disturb 
cellular homeostasis has led to broadening use of -
H2AX foci detection beyond basic research. It has been 
used as a biomarker for aging and cancer, and a 
biodosimeter for drug development, radiation exposure 
and for clinical trials for cancer chemo- and radio-
therapy. Finally, other emerging uses for -H2AX 
include detection of toxic environmental agents and  the  
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Abstract: The past year has seen considerable developments in the use of the DNA double‐strand breaks (DSBs) to evaluate 

genome alterations  in cells undergoing a variety of genotoxic  stresses  in vitro and  in vivo. When  the ‐H2AX  foci which 
mark  the  DSBs  are  stained,  individual  breaks  are  detectible, making  the  assay  suitable  for  situations  requiring  great

sensitivity. While the methods for the detection of ‐H2AX foci are still evolving, particularly for in vivo detection, the basic 
assay has proven to be useful  in several diverse areas of research. We will highlight recent developments of the assay  in
four  areas:  radiation  biodosimetry,  the  evaluation  or  validation  of  new  cancer  drugs  in  clinical  studies,  chronic
inflammation, and environmental genotoxicity. 
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detection of chronic inflammation (Figure 1). In this 
report we highlight recent advances in four areas 
utilizing -H2AX detection. 
 
Radiation biodosimetry. Since ionizing radiation 
induces DSBs among a broad spectrum of DNA lesions, 
assessment of the biologic response to radiation 
exposure is a straightforward application in the use of -
H2AX as a biodosimeter. Detection of radiation-
induced DSBs in vivo using the -H2AX assay has been 
utilized as a tool for dose estimation in the clinic for 
localized irradiation with both high (radiotherapy) and 
low doses (X-ray examination, computed tomography 
(CT) scan, etc) [see [7-9] as examples]. -H2AX may be 
used to improve the conditions for patients undergoing 
radiation treatments, for example as a tool to estimate 
individual radiosensitivity, scattering or abscopal effects 
in normal tissues (discussed below). Kuefner et al. 
(2010) followed -H2AX foci formation during differ-
ent cardiac CT protocols and showed that it is important 
to  carefully  adapt these protocols to avoid unnecessary  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
X-ray-induced DSBs [7,10]. While the -H2AX assay 
gave results which supported the exposures estimated 
by physical modeling, it takes into account various 
biological factors not available in physical modeling, 
giving more confidence to these measurements.  
 
However, while studies reported the use of γ-H2AX 
foci induction following exposure to therapeutic doses 
of ionizing radiation [9,11-15], how the assay would 
perform at higher doses, particularly in humans, 
remained unclear. Recently, the opportunity arose to 
evaluate γ-H2AX biodosimetry in a study using non-
human primates subjected to total-body irradiation in 
the non-lethal to lethal dose ranges [16].  Using realistic 
scenarios for accidental exposures, the authors showed 
that γ-H2AX analysis in lymphocytes and plucked hair 
follicles (eyebrows and whiskers) may be useful for 
estimation of radiation dose at times at least 4-days 
post-exposure at doses of 3.5 Gy and above. In addition, 
the Center for High-Throughput Minimally Invasive 
Radiation Biodosimetry has developed a fully auto-

 
Figure 1. Applications for ‐H2AX detection. Because of  its sensitivity, the ‐H2AX assay  is now utilized  in many research 
areas “from benchtop to bedside” by researchers and clinicians.  In addition to being widely used for fundamental research 

(study  of  genome  stability,  DNA  repair,  etc.)  in  the  last  decade,  ‐H2AX was  identified  as  a  biomarker  for  cancer  (and 

premalignant  lesions) and used  to better understand aging. Additionally, ‐H2AX has been developed  for radiation biology 
and biodosimetry for drug development and clinical studies (chemotherapy, the impact of chronic inflammation and diabetes 

on genome integrity). Finally, ‐H2AX measurement is an efficient and sensitive genotoxic assay for environmental studies. 
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mated high-throughput system, the RABIT (Rapid 
Automated Biodosimetry Tool) to respond to major 
radiological accidents. The RABIT is able to perform 
the γ-H2AX analysis for radiation biodosimetry of up to 
30,000 blood samples a day and is intended to fully 
automate the γ-H2AX assay, from the isolation of 
human blood lymphocytes to the immunolabeling of γ-
H2AX and image acquisition [17,18]. 
 
Drug biodosimeter. While ionizing radiation and a few 
cancer drugs create DSBs directly in the DNA, many 
drugs induce DSB formation indirectly through 
interference with DNA replication and transcription 
[1,19,20]. A well characterized example involves the 
drug camptothecin that traps topoisomerase I (top1) in 
DNA complexes which in replicating cells often result 
in DSB formation as replication forks collide with the 
trapped top1 complexes [1,21].  
 
While chemotherapeutic agents are given with a 
particular type of tumor in mind, every cell in the body 
may be exposed to the agent. Measuring the amount of 
DNA damage in a patient’s tissues soon after drug 
administration would allow researchers and clinicians to 
determine the efficacy of a drug to create DNA damage 
and genomic instability in the cells of a particular 
patient. Such information could help “personalize” the 
doses and delivery of a single drug or combinations of 
drugs to individual patients in terms of DNA damage 
efficiencies, and further correlate of these results with 
data on tumor regression and ultimate patient survival. 
This may result in optimized protocols that improve 
patient outcomes. 
 
The practicality of -H2AX as a reproducible 
pharmacodynamic marker of top 1 inhibitor activity has 
been evaluated with an assay developed and validated in 
two laboratories [22]. Using three structurally related 
indenoisoquinoline Top1 inhibitors in human xenograft 
mouse models, the assay gave significant responses in 
tumor biopsies and in skin snips at the mouse 
equivalents of clinically relevant doses. One advantage 
of this assay is that results on drug activities were 
obtained four hours after administration, more quickly 
than waiting for visible tumor responses. On the basis of 
this assay, two of the three compounds were selected for 
further clinical evaluation. 
 
However, the specificity of many cancer drugs for 
replicating cells creates a problem concerning appro-
priate tissues to sample for measuring -H2AX foci 
formation. Sampling the tumor may be the most direct 
means to measure the efficiency of a cancer therapy, but 
collecting tumor biopsies is often risky and  invasive for  

the patient. However, tumor cells are shed by many 
tumors into the peripheral blood of the patients. 
Monitoring γ-H2AX levels in a patient’s circulating 
tumor cells (CTCs) following cancer treatment has been 
evaluated and may be a promising technique for 
following the pharmacodynamic effects of anticancer 
therapies [23].  
 
The lymphocytes present in peripheral blood have been 
utilized to detect γ-H2AX formation during cancer 
treatment, but these terminally differentiated cells may 
respond poorly to anticancer drugs that interfere with 
DNA metabolism. However, recent work has shown 
that plucked hair bulbs, which contain replicating cells 
and can be obtained non-invasively, may be utilized to 
monitor DSB formation in vivo after drug admini-
stration [24,25]. The indenoquinoline study showed that 
hair follicles in skin snips, used instead of plucked hair 
bulbs in athymic nude mice, responded similarly to the 
tumor, suggesting that plucked hair bulbs may be an 
appropriate surrogate tissue [22]. However, while both 
the tumor and hair bulb contain replicating cells, those 
of the tumor may have genetic alterations that make 
their responses to a particular agent different than that 
of normal replicating cells, both in terms of -H2AX 
foci formation and cell survival. This is a question 
requiring further research—how does the response of a 
surrogate tissue correlate with the response of the tumor 
and the patient and can it be predictive of that  response. 
 
Distant DNA damage and chronic inflammation. The 
high sensitivity of the -H2AX foci assay has enabled 
researchers to measure low levels of DNA damage. 
Intercellular communication among cells in a culture or 
organism, where some of the cells have been damaged, 
has been found to result in the presence of low levels of 
DNA damage in cells peripheral to the damaged cells. 
For example, the radiation-induced bystander effect 
refers to the situation where a larger fraction of the cell 
population dies compared to the fraction hit by ionizing 
particles [26]. The effect can be demonstrated when a 
few cells in a culture are targeted with alpha particles, 
when an irradiated culture is mixed with an unirradiated 
one, and when the media conditioned on an irradiated 
culture is transferred to an unirradiated culture [27]. 
This last method indicates that substances released into 
the media from the irradiated culture are inducing the 
effects in the recipient normal, bystander culture. 
Bystander cells have been shown to exhibit greater 
numbers of chromosomal aberrations, micronuclei and 
-H2AX foci as well as increased mortality [28]. While 
the incidence of these defects is often just a few-fold 
elevated over the control values, the increase can be 
measured with -H2AX foci. 
 

 
 
www.impactaging.com                  170                                       AGING,  February 2011, Vol.3 No.2



Cells, not exposed to genotoxic agents, but which are 
aberrant in some way may also induce a bystander 
effect in normal cells. -H2AX levels are elevated in 
cancer and aging cells in which it marks both DSBs and 
abnormal telomeres [29]. Media conditioned on cultures 
of both aging and tumor cells were found to induce 
elevated levels of -H2AX foci in normal cells. These 
results suggest that cells may constantly be releasing 
factors into their surroundings  which affect other  cells,  
at least in culture [30].  
 
Recently, a tumor-induced bystander effect has been 
demonstrated  in  mice  [31].  Syngenetic  tumors were 
implanted subcutaneously in normal mice, and after two 
weeks, various organs of the mice were analyzed for 
DNA DSBs and another type of serious DNA lesions, 
oxidative clustered DNA lesions (OCDLs). Elevated 
levels of -H2AX foci were found in tissues of the 
gastrointestinal tract and skin including hair follicles; 
elevated levels of OCDLs were more widely distributed, 
present in lung and ovary as well as the gastrointestinal 
tissues and skin.  A possible explanation for these 
results is that DSB formation is more common in 
proliferating cells where replication forks may 
encounter single strand breaks with a resulting DSB, 
while OCDL formation is less dependent on DNA 
metabolism. Gastrointestinal tract tissues and hair 
follicles contain higher fractions of proliferating cells 
compared to other tissues like ovary and lung. 
 
In contrast to cell culture, this distant bystander effect in 
mice was found to be dependent on the immune system. 
Serum taken from tumor-bearing mice exhibited 
elevated levels of several chemokines involved in 
macrophage activation, and F4/80+ macrophages were 
found in the affected distant tissues of tumor-bearing 
mice compared to their control cohorts. Furthermore, 
when this experiment was repeated in mice lacking the 
gene for one of these chemokines, monocyte chemo-
tactic protein 1 (MCP-1/CCL2), levels of DNA damage 
in distant tissues were not elevated. These results 
strengthen a connection between chronic inflammation 
and the presence of elevated levels of DNA damage 
induced by the production/release in tissues of oxidative 
molecules (i.e. by activated macrophages). 
 
While these results were obtained in a mouse model 
system, similar processes appear to be occurring in 
humans. There is a relationship between chronic 
inflammation and obesity [32], characterized by 
increased secretion of proinflammatory cytokines such 
as interleukin-(IL)-6, IL-8 and MCP-1/CCL2, abundant 
infiltration of activated macrophages into adipose tissue 
and obesity-induced insulin resistance [33]. Further-
more, adipose tissue biopsies of obese individuals 

revealed that both subcutaneous adipose tissue and 
visceral adipose tissue exhibited -H2AX foci but that 
the visceral tissue exhibited 3-fold more foci [34]. 
Finally, in one study with obese children, peripheral 
blood lymphocytes were found to exhibit a greater than 
5-fold increase in foci incidence in overweight children 
and 8-fold in obese children [35]. The normal cohort 
exhibited 0.0034±0.0006 foci per cell (fpc), overweight 
0.019±0.0039 and obese 0.0274±0.0029 fpc. Micro-
nuclear frequencies were also elevated in stimulated 
lymphocytes from the overweight and obese children 
compared to normal. These values for -H2AX foci 
incidence correspond to one per 294 cells in control 
individuals versus one per 37 in obese individuals. As 
with the mouse study, the elevated numbers of foci 
found were small, equivalent to approximately the 
number of foci observed 30 minutes after exposure to 2 
mGy of ionizing radiation. However, the differences 
between the obese subjects and normal controls were 
substantially significant, attesting to the potential value 
of -H2AX foci measurements at low DSB levels. 
 
In addition, there is a documented correlation between 
obesity and overall cancer incidence, as well as the 
incidence of other health issues. If increased levels of 
foci and DSB damage in lymphocytes and adipose 
tissue is indicative of increased damage levels 
elsewhere, these findings provide a possible molecular 
mechanism by which obesity may lead to increased 
cancer risk. 
 
Environmental genotoxicity and high-throughput 
assays.  DSB detection by -H2AX foci has been used 
in studies of the effects of personal exposure to 
environmental agents such as air pollution, food toxins 
and industrial chemicals, all of which have the potential 
of large scale impacts on human populations as well as 
populations of other organisms. With the -H2AX assay 
researchers are able to monitor small amounts of 
genotoxicity in vivo, enabling them to evaluate the 
effects of environmental conditions on a population. As 
one practical example, a study with women in rural 
India exposed to high amounts of smoke from cooking 
with biomass fuel in poorly ventilated kitchens revealed 
a 4-fold elevation in the fraction of airway epithelial 
cells exhibiting -H2AX foci and 5-fold in peripheral 
blood lymphocytes compared to the ones using cleaner 
fuel liquefied petroleum gas [36]. These authors also 
found the elevation of other DNA damage markers. 
Such studies could provide evidence for governmental 
action to limit human exposure to certain environmental 
agents.  
 
With the demonstrated utility of -H2AX foci 
measurements  in  vivo,  new  tools  for  high throughput  
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-H2AX screenings are being developed. Audebert et 
al. reported the development of an in vitro genotoxicity 
assay system using -H2AX measurement to evaluate 
the effects of food poisons such as benzo(a)pyrene, 
fluoranthene, and 3-methylcholanthrene [37]. In 
addition to the automated high throughput RABIT 
system  discussed  above  [17,18],  one  high-content 
screening  assay  [38]  and   two   enzyme-linked   imm-
unosorbent  assays  (ELISA)  that   can   accurately 
quantify -H2AX level, one for screening  genotox- 
ic   molecules [39] and one for  clinical  trials  [25] 
have been developed. These tools will greatly increase 
the capacity to identify genotoxic compounds, not only 
to humans, but also in other organisms. Since the H2AX 
phosphorylation site is highly conserved throughout 
eukaryotes, the -H2AX assay may find greatly 
expanded utility. 
 
Finally, however, it should be kept in mind that while a 
-H2AX focus may indicate the presence of a  DNA 
DSB in the vast majority of cases there are situations 
where one may be present without the other. The 
presence of -H2AX foci in the absence of DNA 
damage has been demonstrated by tethering single 
repair factors to chromatin [40]. Also, in normal 
senescent cell cultures, -H2AX may also be an 
indicator of mTOR-dependent senescent phenotype 
independent of DNA damage and of a classic DNA 
damage response [41]. In contrast, the presence of 
DSBs without -H2AX foci formation has been 
demonstrated in mouse kidney cells when bathed in 
high salt [42]. Break repair is hindered while the 
osmolality is high, but when it is returned to normal, -
H2AX foci form and the breaks are repaired. 
Understanding these exceptional situations may help 
clarify the overall relationship between -H2AX foci 
and DSBs. 
 
CONCLUSIONS 
 
The studies presented here demonstrate the wide range 
of genotoxic events in vitro and in vivo that are 
amenable to DNA damage measurements utilizing the 
-H2AX assay. In some cases there is substantial 
induction of -H2AX foci with exposure to high levels 
of ionizing radiation and cancer drugs, while in others 
the induction is of smaller magnitude, such as with 
diagnostic CT scans, environmental toxicity and chronic 
inflammation. -H2AX studies indicate a connection 
between DNA damage and chronic inflammation, but is 
the DNA damage observed during chronic inflammation 
just another indicator of a biological system that is not 
at optimum homeostasis, or does it have a causal roles 
on the long-term deleterious effects of chronic 

inflammation?  Also, while the effects of large-scale 
DNA damage as indicated by strong -H2AX signals 
are readily apparent, it is not yet clear what a several-
fold elevation of DNA damage markers including -
H2AX foci mean to the organism either in the short-
term or long-term. In the case of drug biodosimetry, the 
relationships of -H2AX responses of surrogate tissues 
relative to the -H2AX responses of tumors as well as 
the crucial biological responses of tumors, regression 
and disappearance, are beginning to be studied. These 
are all important questions that remain to be answered. 
 
-H2AX studies are beginning to give useful input for 
decision making. Two examples discussed here are the 
comparison of various CT scanning protocols [10] and 
the choice of indenoisoquinolines for clinical evaluation 
[22]. While such studies to date have concentrated on 
human subjects, the almost universal conservation of 
DNA damage induced H2AX phosphorylation 
throughout eukaryotic evolution including plants 
suggests that future research may include many more 
subjects.   
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INTRODUCTION 
 

Gastric cancer (GC) is a very common disease 

worldwide and has the second highest mortality rate 

among all cancers. In the past decade, researchers have 

found that the deregulated expression of specific genes 

can increase the risk of GC. According to microarray 

analysis, previous studies revealed that in GC tissues 

the expression of specific genes is different from that in 

adjacent normal tissue. Although significant progress 

has been achieved in GC diagnosis and treatment, the 

five-year survival of patients is still unsatisfactory [1]. 

Researchers have identified epigenetic and genetic  

 

alterations as some of the main factors inducing GC. 

However, the underlying molecular pathogenic 

mechanisms on molecular level are still obscure. Hence, 

it is important to identify prognostic markers and 

potential drug targets to enhance prognosis and 

individualized treatments. 

 

The Notch signaling pathway is highly conserved 

among various species. In mammals, four type I 

transmembrane Notch receptors (Notch 1-4) are 

synthesized, all of them with unique roles during the 

generation of immunocytes [2, 3]. Notch signaling 

also exerts important function in the development and 
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tissue homeostasis of various organ [4, 5]. Provided 

the importance of Notch signaling in regulating 

cellular behavior, it is perhaps not surprising that 

Notch also has an important role in many types of 

cancer, particularly due to its importance in the 

regulation of stem and progenitor cells. Several 

mechanisms such as epigenetic regulation, 

posttranslational, modifications, gene overexpression 

and mutations, may lead to the dysregulation of the 

Notch pathway [2]. Interestingly, Notch activity is 

associated with oncogenic and tumor-suppressive 

functions [6, 7]. It is involved in cell survival, cell 

death pathways, proliferation and growth arrest, as 

well as cell differentiation into terminally 

differentiated cells versus cancer cell “stemness” [8]. 

These functions provide evidence of a context-

dependent nature of Notch-induced cellular reactions.  

 

The onset of GC can be described as the result of 

interactions between a series of factors concerning 

genetics, epigenetics and the external environment, 

which jointly lead to the deregulation of the signaling 

pathways that may induce the onset of cancer [9, 10]. 

Further, there has been a general belief that it is the 

dysfunctional oncogenic pathways that induce the onset 

of GC, which may include the epidermal growth factor 

receptor (EGFR), Notch, Hedgehog, nuclear factor-κB 

and Wnt/β-catenin pathway [11]. Among these 

pathways, Notch signaling is involved in direct cell-cell 

communication, cell differentiation, proliferation and 

apoptosis [12].  

 

The balance between immune effector cells in the 

tumor microenvironment helps the malignant cells 

escape from the immune response. Tumor infiltrations 

of tumor associated macrophages, neutrophils, 

regulatory T cells are correlated with poor prognosis 

[13–15]. Tumor infiltrating CD8+ cytotoxic T 

lymphocytes and DCs are generally associated with 

favorable outcome of GC [16, 17], although some 

subsets of these immune cells have inverse prognosis 

prediction values. High ratios of Foxp3+/CD4+ and 

Foxp3+/CD8+ in tumors are associated with a poor 

prognosis [18, 19]; whereas high Th1/Th2 ratio in 

tumors predicts a good prognosis [20]. 

 

In previous studies, researchers have investigated the 

consequences of dysregulation of the Notch pathway 

and how it relates to clinicopathological features and 

prognosis in human GC. Nevertheless, the role of Notch 

family members in the development and progression of 

GC remains unknown. This study aims to address this 

question through in-depth analysis of the mutational 

activation and expression of Notch family members and 

their link with prognosis and immune infiltrates in GC 

patients.  

RESULTS 
 

Transcriptional levels of Notch in patients with GC 

 

Using the ONCOMINE databases, a comparative 

analysis investigating transcription levels of Notch 

receptors was performed on cancer tissues and adjacent 

normal tissues (Figure 1A). According to the 

information from five datasets, a significant 

upregulation of Notch3 mRNA expression was detected 

in GC patients. In Chen’s dataset [21], the expression of 

Notch3 in gastric adenocarcinoma was 1.594 and 1.871 

times respectively of that in the samples of normal 

tissue (Table 1). In Wang’s dataset [5], the expression 

of Notch3 in GC tissue was 2.549 times of that in 

normal tissue. In DErrico’s dataset [22] the expression 

of Notch3 in gastric intestinal type adenocarcinoma was 

2.869 times of that in normal tissues. In Cho’s dataset 

[23] the expression of Notch3 in GC tissue was 1.630 

times of that in normal tissue. Chen [21] showed that 

the expression of Notch1 was also higher in cancer 

tissues, since the expression in gastric intestinal type 

adenocarcinoma and diffuse gastric adenocarcinoma 

was 1.920 and 1.733 times respectively of that in 

patients with normal gastric tissue, respectively (Table 

1). Based on the dataset of DErrico, the expression of 

Notch1 in gastric intestinal type adenocarcinoma was 

also 2.247 times of that in normal tissue [22]. In 

comparison with normal tissue, GC exhibited 1.625 [5] 

and 1.832 [22] times expression levels of Notch2, 

respectively.  

 

Expression levels of Notch in GC patients  

 

The comparative investigation was conducted between 

the Notch mRNA expression in normal and gastric 

adenocarcinoma tissues based on the information 

provided by the GEPIA (Gene Expression Profiling 

Interactive Analysis) dataset. Based on the findings, in 

comparison with normal gastric tissues, gastric 

adenocarcinoma tissues presented higher expression 

levels of Notch1/2/3 (Figure 1B). The expression of 

Notch1, Notch2, Notch3 and Notch4 proteins, which 

were examined by immunohistochemistry, were higher 

in the gastric adenocarcinoma tissues than that in the 

normal gastric tissues (Figure 1C). 

 

Association of Notch1/2/3/4 mRNA expression with 

the prognosis of GC patients 

 

In this study we also conducted further research to 

investigate how the survival of GC patients was affected 

by Notch. Kaplan–Meier Plotter tools were applied to 

analyze the correlation between Notch mRNA levels 

and the survival of patients with GC in 882 gastric 

tumors. According to the results of analysis, all the 
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sampled GC patients were negative correlated with 

mRNA expression of all the four types of Notch in 

terms of post-progression survival (PPS), progression-

free survival (FP), and overall survival (OS) (p < 0.05) 

(Figure 2A–2D). We further validated these results 

through the analysis of samples from gastric 

adenocarcinoma patients with immunohistochemistry 

(Figure 1C) and survival analysis. The patients with 

higher Notch1/2/3/4 expression levels had worse overall 

survival than those with lower Notch1/2/3/4 expression 

levels (Figure 3A–3D). Generally, lower Notch mRNA 

expression levels in GC patients indicated higher PPS, 

FP, and OS. 

 

Cellular functions, pathways and frequently altered 

neighbor genes predicted to be affected by changes 

in Notch receptors in patients with GC 

 

In this study, the cBioPortal online tool was used for 

analysis of Notch alterations, correlation, and networks. 

Notch receptors were altered in 223 samples out of 478 

patients with stomach adenocarcinoma (47%). Two or 

more alterations were detected in 51 samples (10%) 

(Figure 4A). Subsequently, a Notch network was built 

up using the 50 most frequently altered neighbor genes. 

According to the results, there was a close correlation 

between the alterations of Notch and cell cycle-related 

genes, including E2F1, E2F3, E2F4 and E2F5, as well 

as histone acetylation-related genes, including HDAC2, 

HDAC4 and HDAC6 (Figure 4B). The analysis of 

mRNA was used to assess the correlation between 

Notch receptors with Pearson’s test. Results showed the 

following Notch members to be significantly positively 

correlated: Notch1 with Notch2, Notch3, and Notch4; 

Notch2 with Notch1, Notch3, and Notch4; Notch3 with 

Notch1, Notch2 and Notch4; Notch4 with Notch1, 

Notch2 and Notch3 (Figure 4C). Furthermore, a 

Kaplan-Meier plot and log-rank test demonstrated no 

significant effect of Notch genetic alterations on OS 

(Figure 4D, p=0.156) but were associated with disease 

free survival (DFS) (Figure 4D, p=0.0318) of gastric 

adenocarcinoma patients.  

 

 
 

Figure 1. The expression of Notch in different tissues. (A) The transcription levels of Notch receptors in different types of cancers. (B) 

The expression of Notch receptors in GC. (C) The expression of Notch protein in GC. Students’t-test was used in comparative analysis of 
Notch expression. T: tumor, N: normal tissue, number (T) = 415, number (N) = 211. 
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Table 1. The significant changes of Notch expression in mRNA level between different types of GC and stomach 
tissues. 

 Type of GC VS. Stomach Fold Change P value t-test Ref 

NOTCH1 
Gastric intestinal type 

adenocarcinoma vs. Normal 
2.247 1.04E-13 9.844 DErrico [14] 

 
Diffuse gastric adenocarcinoma vs. 

Normal 
1.733 6.14E-8 6.700 Chen [13] 

 
Gastric intestinal type 

adenocarcinoma vs. Normal 
1.920 9.17E-11 7.739 Chen [13] 

NOTCH2 Gastric cancer vs. Normal 1.625 5.76E-5 5.128 Wang [5] 

 
Gastric intestinal type 

adenocarcinoma vs. Normal 
1.832 3.15E-8 6.617 DErrico [14] 

NOTCH3 Gastric cancer vs. Normal 2.549 1.42E-6 6.232 Wang [5] 

 
Diffuse gastric adenocarcinoma vs. 

Normal 
1.871 4.15E-8 7.496 Chen [13] 

 
Gastric intestinal type 

adenocarcinoma vs. Normal 
1.594 4.15E-10 7.175 Chen [13] 

 
Gastric intestinal type 

adenocarcinoma vs. Normal 
2.869 1.14E-9 7.723 DErrico [14] 

 
Diffuse gastric adenocarcinoma vs. 

Normal 
1.630 7.15E-5 4.142 Cho [15] 

NOTCH4 NA NA NA NA NA 

Ref: reference 
 

Based on the analysis of Gene Ontology (GO) and 

Kyoto Encyclopedia of Genes and Genomes (KEGG) 

using the Database for Annotation, Visualization, and 

Integrated Discovery (DAVID), we predicted a 

significant correlation between Notch alterations and 

functional activities. The function of target host genes 

were predicted via GO enrichment analysis in terms of 

three aspects, namely, biological processes, cellular 

components, and molecular functions. Enrichment 

analysis was applied to investigate the biological 

functions of these target genes. According to the 

enriched gene ontology (GO) cell component (CC) 

analysis, there was significant enrichment for genes 

related to the Golgi membrane, endoplasmic reticulum 

membrane, and receptor complex (Supplementary 

Figure 1A). For biological processes (BP), there was an 

enrichment in receptor activity, calcium ion binding and 

enzyme binding (Supplementary Figure 1B). In 

addition, in terms of molecular function (MF) results 

were mainly associated with the Notch signaling 

pathway and transcription initiation from RNA 

polymerase II promoter (Supplementary Figure 1C). 

The KEGG disease terms were mainly enriched in 

cancers, cancers of the digestive system and 

musculoskeletal diseases (Supplementary Figure 1D). 

We also observed significant enrichment in KEGG 

pathways (Supplementary Figure 1E). Among these 

pathways, cell cycle, TGF-β signaling pathway, Notch 

signaling pathways, microRNA in cancer, and Wnt 

signaling pathway were involved in the tumorigenesis 

and pathogenesis of GC (Supplementary Figures 2A 

and 2B). 

 

Notch expression is correlated with immune 

infiltration levels in gastric cancer 

 

Tumor-infiltrating lymphocytes have been used to 

predict sentinel lymph node status and survival in 

cancers [24]. Hence, we explored the correlation 

between the levels of immune infiltration and the 

expression of Notch in gastric adenocarcinoma patients 

based on TIMER. Interestingly, we found high levels of 

Notch mRNA expression to be associated with high 

immune infiltration in gastric adenocarcinoma. Notch1 

mRNA expression level was significantly positively 

correlated with infiltrating levels of CD4+ T cells (r = 

0.262, P = 3.87e-07) (Figure 5A). Notch2 mRNA 

expression level was significantly positively correlated 

with infiltrating levels of CD4+ T cells (r = 0.394, P = 

5.04e-15), macrophages (r = 0.53, P = 3.07e-28), 

neutrophils (r = 0.205, P = 7.24e-05) and dendritic cells 

(DCs) (r = 0.362, P = 6.62e-13) (Figure 5B). Notch3 

mRNA expression level was significantly positively 

correlated with infiltrating levels of CD4+ T cells (r = 
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0.378, P = 7.41e-14) and macrophages (r = 0.354, P = 

2.17e-12) (Figure 5C). Similarly, Notch4 mRNA 

expression was positively correlated with infiltrating 

levels of CD4+ T cells (r = 0.434, P = 2.82e-18) and 

macrophages (r = 0.342, P = 1.30e-11) (Figure 5D). In 

addition, this study did not find significant correlations 

between the expression of Notch and infiltrating levels 

of B cells and CD8+ T cells in gastric adenocarcinoma. 

These findings strongly indicated that Notch played an 

important role in immune infiltration in gastric 

adenocarcinoma, particularly for CD4+ T cells and 

macrophages. 

 

 
 

Figure 2. The prognostic value of mRNA level of Notch receptors in GC patients. (A–D). Logrank test was used in analysis of 

OS/FP/PPS. 
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Correlation analysis between Notch expression and 

immune markers 

 

In order to detect the relationship between Notch and 

the diverse immune infiltrating cells, we concentrated 

particularly on the correlations between Notch and 

immune markers of various immune cells in gastric 

adenocarcinoma using the TIMER databases. We 

analyzed different immune cells including tumor-

associated macrophages (TAMs), neutrophils and DCs 

in gastric adenocarcinoma (Table 2). Meanwhile, Th1 

cells, Th2 cells and Tregs were also analyzed. After 

adjusting the correlation for tumor purity, results 

demonstrated that the Notch mRNA expression level 

had significant correlations with TAMs, DCs, CD4+ T 

cells and neutrophils in gastric adenocarcinoma (Table 

2). Specifically, we showed chemokine (C-C motif) 

ligand (CCL)-2, IL-10, CD163, CSF1R and FCGR2A 

of TAMs, ITGAX, CD1C, NRP1 and THBD of DCs, 

CCR7, ITGAM of neutrophils, STAT4 of Th1 cells, 

GATA3, CXCR4, CCR4 and CCR8 of Th2 cells, 

STAT5B and TGFB1 of Tregs to be significantly 

correlated with the expression of Notch2 in gastric 

adenocarcinoma (Table 2). High Notch3/4 expression 

was associated with high levels of infiltration of 

macrophage and CD4+ T cells in gastric 

adenocarcinoma. TAM markers such as CCL2 and 

CSF1R, DCs markers such as ITGAX, NRP1 and 

THBD, neutrophils markers such as CCR7 and ITGAM, 

Th2 markers such as GATA3, CXCR4, CCR4 and 

CCR8 and Treg markers such as STAT5B and TGFB1 

showed significant correlation with Notch3 expression. 

TAM markers such as CCL2 and CSF1R, DCs markers 

such as ITGAX, CD1C, NRP1 and THBD, neutrophils 

markers such as CCR7 and ITGAM, Th2 markers such 

as GATA3, CXCR4, CCR4, Treg markers such as 

FOXP3, STAT5B, TGFB1 were also significantly 

correlated the expression of Notch4. Based on all the 

findings above, we provide evidence that infiltration of 

TAMs/Th2/Tregs is increased by expression of 

Notch3/4. Additionally, Notch1 had a positive 

correlation with CD4, GATA3 and STAT5B and a 

negative correlation with CD59 in gastric 

adenocarcinoma. Overall, these results further confirm 

the critical role of Notch in inhibiting immune activities 

in the gastric adenocarcinoma microenvironment. 

 

 
 

Figure 3. The prognostic value of expression level of Notch receptors in gastric adenocarcinoma patients. (A–D). Logrank test 

was used in analysis of overall survival. The numbers of high Notch expression group and low Notch expression group are 50, respectively. 
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Figure 4. Notch genes expression and mutation analysis in GC. (A) Notch1, Notch2, Notch3 and Notch4 mutation rates were 14%, 

13%, 9% and 11%, respectively. (B) Network for 4 Notch receptors and the 50 most frequently altered neighbor genes. (C) Genetic alterations 
in Notch receptor were correlated with longer DFS in gastric adenocarcinoma patients. (D) The relationship between genetic alterations in 
Notch and OS/DFS. Logrank test was used in analysis of OS/DFS. 
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DISCUSSION 
 

The importance and effect of the Notch signaling 

pathway on cellular activities and in cancer with either 

oncogenic or tumor-suppressive functions have been 

widely recognized [2, 25, 26]. Notch signaling functions 

as juxtacrine signaling between cells. This type of 

signaling allows Notch to regulate heterotypic 

interactions between stroma and tumor. These 

interactions are known to be of importance in various 

aspects of tumor biology, such as angiogenesis, cancer 

stem cell maintenance, immune infiltration, and 

resistance to therapy. Despite the already confirmed 

effects of Notch signaling on GC, the functions of 

different Notch family members in GC remain to be 

elucidated. In this study, we conducted detailed 

analyses on various members of Notch referring to 

mutation, expression and prognostic values in GC 

patients. 

 

Results from our study showed that over-expression of 

mRNA and protein were found in Notch family 

members. Also, higher mRNA expressions of 

Notch1/2/3/4 were significantly associated with shorter 

OS in GC patients. Moreover, a high Notch mutation 

rate (47%) was observed in gastric adenocarcinoma 

patients. Further, genetic alteration of Notch receptors 

was associated with shorter DFS in gastric 

adenocarcinoma patients. Finally, the functions and 

pathways affected by mutations in Notch receptors as 

well as the most significant 50 frequently altered 

neighbor genes in gastric adenocarcinoma patients were 

analyzed. Results showed that cell cycle-related genes, 

including E2F1, E2F3, E2F4 and E2F5, and histone 

 

 
 

Figure 5. Correlation of Notch expression with immune infiltration level in GC. (A) Notch1 expression had significant positive 

correlations with infiltrating levels of CD4+ T cells (n = 415). (B) Notch2 expression had significant correlations with infiltrating levels of CD4+ 
T cells, macrophages, neutrophils, and dendritic cells in GC (n = 415). (C) Notch3 expression was significantly related to infiltrating levels of 
CD4+ T cells and macrophages in GC but no significant correlation with infiltrating level of B cells (n = 415). (D) Notch4 expression had 
significant positive correlations with infiltrating levels of CD4+ T cells and macrophages in GC (n = 415). Spearman’s correlation was used to 
analyze correlation between Notch receptors and immune cells.  
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Table 2. Correlation analysis between Notch and related markers of immune cells. 

Description Gene marker 
NOTCH1 NOTCH2 NOTCH3 NOTCH4 

Cor P Cor P Cor P Cor P 

TAM CCL2 0.052 0.313 0.264 *** 0.239 *** 0.27 *** 

 IL10 0.081 0.117 0.27 *** 0.171 *** 0.199 *** 

 CD163 0.097 0.058 0.454 *** 0.193 *** 0.163 ** 

 VSIG4 0.019 0.711 0.402 *** 0.177 *** 0.099 0.053 

 CSF1R 0.066 0.198 0.466 *** 0.251 *** 0.235 *** 

 FCGR2A -0.012 0.22 0.337 *** 0.168 ** 0.125 * 

 FCER2 0.141 ** 0.249 *** 0.197 *** 0.327 *** 

DCs ITGAX 0.111 * 0.327 *** 0.252 *** 0.278 *** 

 CD1C 0.031 0.55 0.396 *** 0.182 *** 0.287 *** 

 NRP1 0.135 ** 0.483 *** 0.461 *** 0.507 *** 

 THBD 0.164 ** 0.453 *** 0.518 *** 0.598 *** 

Neutrophils CCR7 0.15 ** 0.324 *** 0.209 *** 0.338 *** 

 ITGAM 0.105 * 0.479 *** 0.286 *** 0.28 *** 

 CD59 -0.323 *** 0.311 *** 0.152 ** 0.153 ** 

Th1 STAT4 0.047 0.363 0.316 *** 0.075 0.146 0.152 ** 

 TBX21 0.149 ** 0.185 *** 0.088 0.088 0.148 ** 

 CD4 0.324 *** 0.178 *** 0.324 *** 0.197 *** 

Th2 GATA3 0.22 *** 0.173 *** 0.22 *** 0.2 *** 

 CXCR4 0.097 0.059 0.375 *** 0.213 *** 0.288 *** 

 CCR4 0.169 *** 0.408 *** 0.24 *** 0.3 *** 

 CCR8 0.137 ** 0.347 *** 0.216 *** 0.198 *** 

Treg FOXP3 0.136 ** 0.173 *** 0.176 *** 0.204 *** 

 STAT5B 0.351 *** 0.584 *** 0.399 *** 0.414 *** 

 TGFB1 0.152 ** 0.373 *** 0.532 *** 0.384 *** 

*P<0.05, **P<0.01, ***P<0.001 
 

acetylation-related genes, including HDAC2, HDAC4 

and HDAC6 were significantly affected by mutations in 

Notch receptors. Results also showed the following to 

be remarkably regulated by Notch mutation in GC: 

biological processes such as receptor activity, calcium 

ion binding and enzyme binding; cellular components 

such as Golgi membrane, endoplasmic reticulum 

membrane, and receptor complex; molecular functions 

such as Notch signaling pathway and transcription 

initiation from RNA polymerase II promoter; KEGG 

disease terms such as cancers, cancers of the digestive 

system and musculoskeletal diseases; KEGG pathways 

such as cell cycle, Notch signaling pathways and TGF-β 

signaling pathway. 

 

Of note, Notch1 played a critical role in regulating the 

senescence secretome in fibroblasts [27], which was 

perhaps a part of its function in the regulation of 

stromal activation in the process of tumorigenesis. In 

breast cancer models, Notch1 was induced by 

fibroblast-derived CCL2 to maintain a stem cell 

phenotype and had a possible oncogenic role [17, 28]. 

Importantly, Notch1 activation enabled primary 

melanoma cells to acquire metastatic capabilities [29]. 

In gastric cancer, the AKT1/NF-kB/Notch1/PTEN 

axis had a significant role in the development of 

chemoresistance [30]. Notch1 activation also showed 

correlation with GC progression and was defined as 

an independent prognostic factor [31]. In B cell 

lymphoma, Jag1 induced the expression of FGF4 

which in turn activated Notch2 in lymphoma cells 

[32]. Notch ligand Jag1 interacted with Notch3 to 

regulate the resistance [33]. Moreover, Notch3 

triggered by stromal cell-derived exosomes activated 

antiviral signaling depending on STAT1 in cancer 

cells [33]. Induction of Notch3 by CAFs led to an 

increase in proliferation of cancer stem cells [34]. 

Meanwhile, the renewal of cancer stem cell could be 

induced by IL-6 through Notch3 in breast cancer [35]. 

Notch4 had a causative role in the tumorigenesis [36] 

and might affect the development of fibroblasts [37]. 

Recent data also showed that Notch is involved in 

liver glucose and lipid homeostasis [38, 39]. 

 

Another important aspect of this study was that Notch 

expression was correlated with diverse immune 
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infiltration levels in gastric adenocarcinoma. Notch1 

mRNA expression level was significantly positively 

correlated with infiltrating levels of CD4+ T cells. 

Notch2 mRNA expression level was significantly 

positively correlated with infiltrating levels of CD4+ T 

cells, macrophages, neutrophils and DCs. Notch3 

mRNA expression level was significantly positively 

correlated with infiltrating levels of CD4+ T cells and 

macrophages. Moreover, the correlation between Notch 

expression and the marker genes of immune cells imply 

the role of Notch in regulating tumor immunology in 

gastric adenocarcinoma. The M2 macrophage markers 

such as CD163, VSIG4, and CSF1R showed correlations 

with Notch2 expression. These results indicated the 

potential role of Notch2 in regulation of TAMs 

polarization. Furthermore, our results revealed that 

Notch had the potential to activate Tregs. The increase in 

Notch expression positively correlates with the 

expression of Treg markers (FOXP3, CCR8, STAT5B in 

Table 2). In addition, there were significant correlations 

between Notch expression and several markers of T 

helper cells (Th1, Th2), DCs and neutrophils in gastric 

adenocarcinoma. These correlations could be indicative 

of a potential mechanism that Notch regulated immune 

cells in gastric adenocarcinoma. Together these findings 

suggested that Notch play a significant role in 

recruitment and regulation of immune infiltrating cells in 

gastric adenocarcinoma. 

 

In this study, a systemic analysis was performed on 

Notch receptors expression, mutation and GC patients’ 

prognosis, which provided a further understanding of 

the biomolecular properties of GC. Our results 

demonstrated that the high expression of Notch1/2/3/4 

in GC tissues might exert a significant function in GC 

tumorigenesis. High Notch1/2/3/4 expression could also 

act as molecular markers to categorized high-risk 

subgroups of GC patients. According to the present 

study, Notch1/2/3/4 could be potential therapeutic 

targets for GC, and transcription levels of Notch1/2/3/4 

could be potential prognostic markers overall promoting 

GC survival and prognostic accuracy. 

 

MATERIALS AND METHODS 
 

ONCOMINE analysis 

 

Using the online cancer microarray database, 

ONCOMINE (https://www.oncomine.org/), we 

analyzed the transcription levels of Notch in various 

cancers tissues. A students’ t-test was performed to 

conduct a comparative analysis of the different Notch 

expression in normal tissues versus cancer tissue 

samples. The cut-off value for a significant fold 

change was 1.5, while the cut-off value for significant 

p value was 0.0001. 

GEPIA dataset 

 

GEPIA (http://gepia.cancer-pku.cn/), a web server for 

analyzing the sequencing expression data of RNA  

based on 9,736 tumors and 8,587 normal samples  

from the cancer genome atlas (TCGA) and the GTEx 

projects [40], was used for analysis of differential 

expression. 

 

The Kaplan-Meier plotter 

 

Kaplan-Meier Plotter (https://kmplot.com/) was applied 

to the assessment the prognostic value of Notch. This 

online database provides gene expression data and 

information on patients’ survival performance based on 

882 clinical GC cases [41]. All the sampled patients 

were categorized into groups based on median 

expression of Notch (high vs. low expression) to 

analyze the overall survival (OS), progression-free 

survival (FP), and post progression survival (PPS) of 

GC patients using a Kaplan-Meier survival plot. We 

only chose the best JetSet probe set of Notch to obtain 

Kaplan-Meier plots.  

 

TCGA data and cBioPortal 

 

TCGA provides sequencing and pathology data for over 

30 different cancers [42]. We used the dataset for 

stomach adenocarcinoma, which included 478 cases with 

pathology reports to further analyze Notch expression 

using cBioPortal (https://www.cbioportal.org/) [43]. 

From the genomic profiles, we obtained data regarding 

protein expression Z-scores (RPPA), mRNA expression 

z-scores, putative copy-number alterations (CNA) from 

GISTIC and mutations. Co-expression and network 

analysis were conducted following online instructions of 

cBioPortal. 

 

Immunohistochemistry 

 

Tissue samples were fixed in 4% paraformaldehyde and 

embedded in paraffin. Anti-Notch1 (1:200; CST, Cat#: 

3608, Danvers, MA, USA), anti-Notch2 (1:200; CST, 

Cat#:  5732), anti-Notch3 (1:200; Abcam, Cat#: 

ab23426, Cambridge, MA, USA) and anti-Notch4 

(1:200; Abcam, Cat#: ab222400) were used as primary 

antibodies. Immunohistochemistry was performed 

according to the method previously described [44–46]. 

Gastric cancer tissues and adjacent normal gastric 

tissues were obtained from the Huashan Hospital 

(Shanghai, China).  

 

Immune infiltrates analysis in TIMER database 

 

TIMER is a comprehensive tool established for 

analyzing immune infiltrates across different types of 

https://www.oncomine.org/resource/login.html
http://gepia.cancer-pku.cn/
https://kmplot.com/analysis/
https://www.cbioportal.org/
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cancer (https://cistrome.shinyapps.io/timer/) [47]. We 

analyzed Notch expression in different cancer types and 

the correlation of Notch expression with the abundance 

of immune infiltrates. Meanwhile, correlations between 

Notch expression and gene markers of tumor-infiltrating 

immune cells were also explored. 
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SUPPLEMENTARY MATERIALS 
 

Supplementary Figures 

 

 

 
 

Supplementary Figure 1. The functions of Notch and genes significant associated with Notch alterations were predicted. (A) 

Cellular components. (B) Biological processes. (C) Molecular functions. (D) KEGG disease. (E) KEGG pathway. 
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Supplementary Figure 2. Cell cycle and Notch signaling pathway regulated by the Notch alteration in GC. The (A) cell cycle and 

(B) Notch signaling pathway regulated by the Notch alteration in GC (cBioPortal) are shown. 
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INTRODUCTION 
 

Renal cell carcinoma (RCC) is one of the most common 

malignant tumors, ranking seventh among male 

malignant tumors and tenth among female malignant 

tumors [1]. RCC accounts for 80% of all kidney cancer, 

and clear cell renal cell carcinoma is the most common 

subtype of renal cell carcinoma [2]. Smoking, obesity, 

and high blood pressure increase the risk of kidney 

cancer [3]. In recent years, immune checkpoint 

inhibitors have become the standard for first-line 

treatment of renal cell carcinoma [4–6]. However, no  

 

specific molecular markers have been for immuno-

therapy of renal cell carcinoma [2]. Therefore, the 

exploration of immune-related molecular markers is an 

important focus of renal cell carcinoma research.  

 

RCC are prone to immune infiltration, and the 

characteristics of tumor microenvironment strongly 

alter the response to immunotherapy [7]. CD8+ T cells 

contribute to tumor adaptive immunity. Among the 

immune cells of ccRCC, CD8+ T cells account for the 

largest proportion [8]. In most solid tumors, highly 

infiltrating CD8+ T cells are beneficial to tumor 
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ABSTRACT 
 

Clear cell renal cell carcinoma (ccRCC) is an extremely common kind of kidney cancer in adults. Immunotherapy 
and targeted therapy are particularly effective at treating ccRCC. In this study, weighted gene co-expression 
network analysis and a deconvolution algorithm that quantifies the cellular composition of immune cells were 
used to analyze ccRCC expression data from the Gene Expression Omnibus database, and identify modules 
related to CD8+ T cells. Ten hub genes (LCK, CD2, CD3D, CD3G, IRF1, IFNG, CCR5, CD8A, CCL5, and CXCL9) were 
identified by co-expression network and protein-protein interactions network analysis. Datasets obtained from 
The Cancer Genome Atlas were analyzed and the data revealed that the hub genes were meaningfully up-
regulated in tumor tissues and correlated with promotion of tumor progression. After Kaplan-Meier analysis 
and Oncomine meta-analysis, CCL5 was selected as a prognostic biomarker. Finally, the experimental results 
show that reduced expression of CCL5 decreased cell proliferation and invasion in the ccRCC cell line. Various 
analyses were performed and verified, CCL5 is a potential biomarker and therapeutic target which related to 
CD8+ T cell infiltration in ccRCC. 

mailto:yyzhu@cmu.edu.cn
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treatment [9–11], but high infiltration of CD8+ T cells in 

RCC is related to bad prognosis [12]. Many studies 

have explored the immune-related biomarkers of renal 

cell carcinoma, but the findings cannot be directly 

applied to actual clinical work. Previous studies have 

reported that low expression of CD40 is associated with 

poor prognosis in patients with RCC [13]. Co-

expression of PD-1 and Tim-3 was reported to correlate 

with poor overall survival [14]. However, their studies 

included less than 50 samples, so the result should be 

validated in a larger cohort. CD19 was identified as a 

surface marker of B cells and can predict the prognosis 

of metastatic renal cell carcinoma [15]. However, CD8+ 

T cells are more important in tumor adaptive immunity, 

so it is unclear if CD19 can guide the immunotherapy of 

renal cell carcinoma. Therefore, the identification of 

biomarkers related to CD8+ T cell infiltration will 

facilitate the monitoring of RCC immunotherapy 

response and the exploration of immune infiltration 

mechanism. 

 

With the rapid development of bioinformatics 

technology, many tools have been developed to find 

biomarkers [16]. Weighted gene co-expression 

network analysis (WGCNA) is an effective tool that 

can be used to mine related patterns between genes to 

identify relevant modules and hub genes for cancer 

[17]. This algorithm has been widely used to find 

biomarkers at the transcriptional level [18, 19]. Cell-

type Identification by Estimating Relative Subsets ff 

RNA Transcripts (CIBERSORT) is another bio-

informatics tool for analysis of gene expression data. 

This tool quantifies the cellular composition of 

immune cells using a deconvolution algorithm [20]. 

This algorithm has been successfully used to 

approximate the level of immune cell infiltration in 

various cancers, such as prostate cancer [21] and 

kidney cancer [8]. 

 

To explore the effect of the tumor microenvironment 

and identify potential biomarkers of ccRCC, WGCNA 

was performed using ccRCC gene expression data. The 

T-cell compositions of samples were calculated using 

the CIBERSORT algorithm. We then identified 

important modules and hub genes related to CD8+ T cell 

infiltration levels, and the immune and clinical features 

of these genes were verified by database analysis. 

Prognostic biomarkers were then identified and verified. 

This is the first utilization of WGCNA to identify CD8+ 

T cell-related biomarkers of ccRCC. 

 

RESULTS 
 

RNA expression data  
 

The research strategy is presented in Figure 1. 

We obtained RNA expression data for 265 ccRCC 

samples Gene Expression Omnibus (GEO) database. 

All data for tumor samples in the dataset were obtained, 

and 4411 genes with Coefficient of variation values 

greater than 0.1 were selected for additional analysis 

(Supplementary Table 1). 

 

Evaluation of tumor-infiltrating immune cells 

(TIICs) 

 

CIBERSORT is an analytical algorithm that analyzes 

RNA expression data to assess the abundance of 

different cell subtypes for each sample. The fractions of 

22 TIICs were calculated by using the R package 

“CIBERSORT”. Then, the fractions of seven subtypes 

of T cells in every sample were selected as trait data of 

WGCNA (Supplementary Table 2). 

 

Gene co-expression network of ccRCC  
 

The expression values of the 4411 genes were used to 

construct a co-expression network using the R package 

“WGCNA” We calculated average linkage and 

Pearson’s correlation values to cluster the samples of 

GSE73731 (Supplementary Figure 1). To build a scale-

free network, we picked β = 3 (scale free R2 = 

0.8723676) as the soft-thresholding power (Figure 2A, 

2B). A hierarchical clustering tree was constructed 

using dynamic hybrid cutting. Each leaf on the tree 

represents a single gene, and genes with similar 

expression data are close together and form a branch of 

the tree, representing a gene module. Nine modules 

were generated (Figure 2C). 

 

Identification of hub modules and enrichment 

analysis 
 

Among the nine module, the green module was highly 

correlated to T cells CD8 (CD8+ T cells) (R2=0.5, 

P=2e-18), T cells CD4 memory activated (R2=0.45, 

P=1e-14), and T cells gamma delta (R2=0.62, P =3e-

29), and the yellow module showed higher correlation 

with activated T cells CD4 memory activated (R2=0.5, 

P=4e-18; Figure 3A). The correlation between other 

modules and T cells was less than 0.5. We were 

interested specifically in the CD8+ T cells, so focused 

on the green module that showed correlation with 

CD8+ T cells was identified as a hub module. Genes 

included in this module were next analyzed using the 

web tool “Matascape” for pathway and process 

enrichment analysis. The 20 highest enrichment terms 

were all immune-related terms (Figure 3B), and the 

three most highly enriched terms were Lymphocyte 

Activation, Adaptive Immune Response, and 

Cytokine-mediated Signaling Pathway (Supplemen-

tary Table 3).  
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Figure 1. The workflow of the study.  
 

 

 

Figure 2. Selection of the appropriate beta value to construct a hierarchical cluster number. (A) Analyze the scale-free fit index of 
the 1-20 soft threshold power (β). (B) Analyze the average connectivity of 1-20 soft threshold power. (C) Genes are grouped into various 
modules by hierarchical clustering, and different colors represent different modules.  
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Identification and validation of hub genes 
 

The highly connected genes of the module were 

investigated as potential key factors related to CD8+ T 

cell infiltration level. According to the cut-off standard 

(Module-Membership > 0.8 and Gene-Significance > 

0.5), 30 genes were selected as candidate hub genes 

(Figure 4B). From the protein-protein interactions (PPI) 

network, cut-offs of reliability > 0.7 and connectivity > 

15 (node/edge) were applied to identify 30 genes as 

central nodes, and we visualized these results using 

Cytoscape (Figure 4A). Ten genes were selected in both 

analyses designated as hub genes (LCK, CD2, CD3D, 

CD3G, IRF1, IFNG, CCR5, CD8A, CCL5 and CXCL9) 

(Figure 4C). To investigate the relationship between 

these hub genes and CD8+ T cells, we analyzed the 

expression data for these genes in the TIMER database. 

The results showed positive correlation of the 

expression values of the 10 genes with the infiltration 

levels of CD8+ T cells (correlation coefficient of at least 

0.75 for all genes except CXCL9) (Figure 5A). As an 

example, we show a scatter plot of CCL5 expression 

and CD8+ T cell infiltration level in Figure 5B. We next 

queried the TISIDB database to obtain the Spearman 

correlation values between abundance of tumor-

infiltrating lymphocytes and gene expression. The 

results show a positive correlation between hub genes 

and tumor-infiltrating lymphocytes. The correlation 

values were highest for Activated CD8+ T cell (Act 

CD8) and Effector memory CD8+ T cell (Tem CD8) 

(Figure 5C). These analyses verified the identified hub 

genes as strongly associated with the CD8+ T cell 

infiltration level and playing significant roles in the 

immune microenvironment. 

 

 
 

Figure 3. Key modules and feature notes. (A) Heatmap shows correlations of module eigengenes with T-cell infiltration. (B) The first 20 
enriched terms are shown as a bar chart on the left. The network diagram on the right is constructed with each enrichment term as a node 
and the similarity of the node as the edge. Nodes with the same cluster ID are the same color. 
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Determination of immune and clinical 

characteristics  

 

We searched for the Spearman correlations of 

expression of these 10 hub genes with the expression of 

immune factors in TISIDB database, including immune-

inhibitory factors, immune-stimulatory factors, chemo-

kines, and receptors. These correlations are presented as 

heat maps (Supplementary Figure 2). We identified 38 

immune-related factors with average correlations with 

the 10 hub genes greater than 0.5. We constructed an 

immune infiltration interaction network based on the 10 

hub genes and the 38 immune-related factors to explore 

the infiltration mechanism of CD8+ T cells using the 

STRING database. The results were imported into 

Cytoscape for visualization (Figure 5D). We next 

obtained the expression levels of the 10 genes of ccRCC 

from the The Cancer Genome Atlas (TCGA). The 

expression levels of these genes were higher in tumor 

tissues than in normal tissues (P < 0.05) based on

 

 
 

Figure 4. Identification of hub genes. (A) PPI network of genes from the green module. The higher the number of connected nodes, the 
larger the size of the node. The green nodes represent a central node with more than 15 connections. (B) A scatter plot of the genes in the 
green module. Each green dot represents a gene, and dots within the red box indicate genes of Module Membership > 0.8 and Gene 
Significance > 0.5. (C) Hub genes were selected based on overlap between PPI and co-expression networks. 
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Wilcoxon signed-rank test (Figure 6A–6J). Volcanic 

map also showed that the expression of 10 genes in 

tumor tissues was higher than that in normal tissues 

(Figure 6K), with corrected p values of all genes less 

than 0.05, indicating statistical significance. The fold 

changes of CCL5 and CXCL9 were more than 2.5-

fold higher in tumor tissues than the levels in normal 

tissues (Supplementary Table 4). The relationships 

between hub genes and pathological stages are shown 

by boxplot (Figure 7A). Expression levels of all hub 

genes show significant differences in pathological 

stages (p < 0.05) and showed an upward trend with 

increased stages. Finally, we investigated the 

connection between tumor grades and hub genes 

(Figure 7B), in which LCK, CD2, CD3D, IFNG, 

CD8A, and CCL5 showed significant correlation with 

different tumor grades (p < 0.05), with grade increase 

corresponding to increased gene expression. 

Although no significant difference was detected for 

CD3G, IRF1, CCR5, and CXCL9, the gene expression 

level showed an upward trend with increased tumor 

grades. 

 

 
 

Figure 5. Validation of hub genes and PPI map construction. (A) Relationship between 10 hub genes expression and CD8+ T cell 
infiltration level; P < 0.05 is considered statistically significant. (B) Scatter plot of CCL5 expression and CD8+ T cell infiltration level. (C) The heat 
map shows the correlation between the ten identified hub genes and the TIICs from the TISIDB database. The redder color indicates a higher 
correlation, and greener color indicates a lower correlation. (D) Protein-protein interaction map of the ccRCC immune microenvironment.  
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Identification of prognostic biomarker 
 

We analyzed 10 hub genes by Kaplan-Meier analysis, 

and only the results of CCL5 and IFNG were 

statistically significant (p < 0.05). For these two 

genes, the survival prognosis of patients with high 

expression was poor (Figure 8A, 8B). To validate 

differential expression of 10 genes in tumor and 

normal tissues, we used Oncomine to perform a meta-

analysis of five analyses using four data sets, all of 

which included both tumor tissues and normal 

controls for 10 genes (Figure 8C). Data for IFNG 

were not included in these data sets, so we obtained 

meta-analytical results for the other nine genes. LCK, 

CD2, CD3D, CCR5, CCL5, and CXCL9 have Median 

Rank values less than 1000, CD3G is 3007.0, IRF1 is 

1445.0, and CD8A is 1577.0. The results show these 

genes exhibit significant overexpression in tumor 

tissues which was consistent with the TCGA datasets 

analyses. Through Kaplan-Meier and Oncomine meta-

analysis, we selected CCL5 as a prognostic biomarker 

for further analysis. 

 

 
 

Figure 6. Differential expression of the hub genes in transcriptional data of TCGA. (A) LCK, blue dots represent normal tissue and 
red dots represent tumor tissue. The y-axis shows the expression value of the gene. (B) CD2. (C) CD3D. (D) CD3G. (E) IRF1. (F) IFNG. (G) CCR5. 
(H) CD8A. (I) CCL5. (J) CXCL9. (K) The volcano plot of differentially expressed genes. Red dots indicate overexpression genes, green dots 
indicate low expression genes, and black circles represent hub genes. 
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Gene set enrichment analysis of CCL5 
 

According to CCL5 expression median value, ccRCC 

samples from TCGA were divided into high expression 

group and low expression group for pathway gene set 

enrichment analysis. The enrichment results showed that 

immune-related pathways were enriched in the high 

expression group, with a total of 23 pathways statistically 

significantly enriched (p-value < 0.05, q-value < 0.05). 

The three most enriched pathways were “Antigen 

procession and presentation”, “Cell adhesion molecules 

cams”, and “Autoimmune thyroid disease” (Figure 9A, 

9B, Supplementary Table 5). There were no significantly 

enriched pathways for the low expression group. 

 

 
 

Figure 7. Analysis of hub genes and clinical indicators in the TCGA dataset. (A) Box plot of the hub genes for different pathological 
stages. (B) Box plot of the hub genes for different tumor grades. 
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Knockdown of CCL5 significantly inhibited cell 

proliferation and invasion 

 

Because CCL5 is overexpressed in ccRCC and is related 

to poor prognosis, we next conducted functional 

experiments to explore the potential biological function 

of CCL5. First of all, we used small interfering RNAs to 

lower expression levels of CCL5 in the renal cell 

carcinoma cell line 769-P (Figure 9C) and evaluated the 

cell proliferation ability by Cell Counting Kit-8 (CCK-

8). The results showed decreased cell line proliferation 

ability after CCL5 knockdown (Figure 9D). Finally, the 

invasion ability of the cell line decreased significantly 

after CCL5 knockdown (Figure 9E). 

DISCUSSION 
 

Clear cell renal cell carcinoma is the main histological 

subtype of RCC, and has relatively poor prognosis [22]. 

The successful application of immune checkpoint 

inhibitors in ccRCC has increased interested in exploring 

the potential targeting of specific immune-related factors 

for immunotherapy [7]. CD8+ T cells plays a central role 

in immunotherapy. In this study, we identified 10 hub 

genes whose expression correlated to CD8+ T cell 

infiltration level, suggesting a potential mechanism 

through which these genes promote the progress of 

ccRCC. Of the identified 10 genes, CCL5 was identified 

as a potential prognostic biomarker and target.

 

 
 

Figure 8. Kaplan-Meier analysis and Oncomine meta-analysis. (A) The overall survival analysis of CCL5. (B) The overall survival 
analysis of IFNG. (C) A meta-analysis of gene expression from Oncomine datasets. Colored squares represent the median of genes (relative to 
normal tissue) in five analyses. Red represents overexpression, blue represents low expression. This P value gives the average rank analysis. 
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Significant progress has been made in the study of the 

molecular basis of ccRCC by using animal tumor 

models, in-vitro cell lines, and clinical samples. 

However, the complexity of the ccRCC micro-

environment requires further analysis and larger 

datasets. We used gene expression matrix to construct 

the co-expression network and calculate the infiltration 

level of T cells, and correlations were determined to 

identify the genes most related to CD8+ T cells. The 

gene enrichment analysis of the selected module shows 

that it is a highly immune-related module. The most 

highly connected genes in the co-expression network 

and the protein-protein network were considered hub 

genes (LCK, CD2, CD3D, CD3G, IRF1, IFNG, CCR5,

 

 
 

Figure 9. GSEA and experiment of CCL5. (A) The above picture shows the enrichment fractional broken line of the three pathways, and 
the lines in the lower figure correspond to the genes of each pathway. (B) The circle diagram shows three enrichment pathways and the core 
genes that play a role in the enrichment process. The larger the circle corresponding to each gene, the larger the rank metric score value. (C) 
The relative mRNA levels of normal control and si-CCL5 of 769-P cells. (D) The results of CCK-8 assay showed decreased proliferation ability of 
769-P cells when treated with si-CCL5. (E) The invasion assay results showed decreased invasion ability of 769-P cells treated with si-CCL5. 
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CD8A, CCL5 and CXCL9). Querying the relationship 

between these 10 genes and immune cells in the 

TIMER/TISIDB database revealed positively correlated 

expression of these genes with immune cells, particularly 

CD8+ T cells. We used hub genes and related immune 

factors to construct a CD8+ T cell infiltration network 

using the TISIDB and STRING databases as a strategy to 

explore the immune mechanism of ccRCC. The TCGA 

datasets were used to observe the differential expression 

and clinical characteristics of the selected 10 genes. The 

results showed overexpression of the 10 genes in tumor 

tissue, indicating potential use as biomarkers. Expression 

correlated with increase of tumor stage and grade are 

especially important for potential prognostic factors. These 

10 hub genes can explain why the prognosis of ccRCC is 

poor in the case of highly infiltrated CD8+ T cells. We 

performed Kaplan-Meier analysis for the 10 hub genes. 

Only the results of CCL5 and IFNG were statistically 

significant, and the prognosis was poor when these genes 

were highly expressed. The Oncomine database was used 

to perform a meta-analysis, and the difference between 

cancer tissue and normal tissue of CCL5 expression was 

the most significant. Combined with these two analyses, 

CCL5 was selected as the best potential biomarker for the 

detection and prediction prognosis of renal cell carcinoma.  

 

Chemokine ligand 5 (CCL5) belongs to the CC 

chemokine family, which acts mainly by binding to its 

corresponding chemokine receptor. Several studies have 

focused on the effect of CCL5 on tumors, finding that 

CCL5 can significantly promote tumor growth, 

metastasis [23], angiogenesis [24, 25], and immune 

escape [26, 27]. CCL5 is expressed not only in immune 

cells, but also in tumor cells [28]. The expression of 

CCL5 in breast cancer cells promotes the proliferation 

and invasion of breast cancer cells through an autocrine 

pathway [29, 30]. CCL5 also promotes the progression 

of melanoma [31] and pleomorphic glioma [32]. 

However, there has been no experimental study of the 

effect of CCL5 on the proliferation and invasion of 

ccRCC cells. The experimental results show that si-

CCL5 can decrease the proliferation and invasion ability 

of ccRCC cells, indicating that CCL5 could be utilized 

as a therapeutic target. 

 

In short, this study is the first attempt to use WGCNA and 

CIBERSORT algorithms to identify potential CD8+ T cell 

related biomarkers of ccRCC. Ten hub genes were 

identified which were overexpression in tumor and 

promoting tumor progression. Through multiple verifica-

tion of bioinformatics and experiments, CCL5 was 

identified as a potential biomarker and target for clear cell 

renal cell carcinoma immunotherapy. However, this study 

has certain limitations. Additional sample data are needed 

to verify these results and the specific mechanism of 

CCL5 in ccRCC requires further investigation. 

MATERIALS AND METHODS 
 

Gene expression data and processing 

 

We downloaded ccRCC RNA expression data from the 

Gene Expression Omnibus (GEO, http://www.ncbi. 

nlm.nih.gov/geo/), which contains data related to 265 

samples [33]. The dataset of GSE73731 was obtained 

using the platform Affymetrix Human Genome U133 

Plus 2.0 Array (HG U133 Plus 2.0). We used the R 

package “limma” [34] to normalize the RNA-

sequencing data. Small variation of gene expression 

data often represents noise, so we used Coefficient of 

Variation values to select the most variant genes, which 

were then used to construct the network. 

 

Evaluation of tumor-infiltrating immune cells 
 

In this study, we used the R package “CIBERSORT” to 

estimate the fraction of immune cells of GSE73731 

samples. Specifically, the CIBERSORT algorithm was 

used to calculate the fractions of the 22 types of TIICs 

[20]. CIBERSORT is considered better to previous 

deconvolution methods for analysis of unknown mixture 

content and noise. This algorithm can be used to 

statistically estimate the relative proportions of cell sub-

populations from complex tissue expression profiles, 

making it a useful tool to estimate the abundances of 

special cells in mixed tissue.   

 

Co-expression network construction 
 

Expression values of 4411 genes were used to construct 

a weight co-expression network using the R package 

“WGCNA” [17]. First, based on the Pearson’s 

correlation value between paired genes, the expression 

levels of individual transcripts were converted into a 

similarity matrix. Next, the similarity matrix was 

transformed to an adjacency matrix, as calculated by 

amn = |cmn| β (cmn = Pearson’s correlation between 

paired genes; amn = adjacency between paired genes). 

Parameter β can improve strong correlations and 

decrease weak correlations between genes. The 

adjacency matrix was then converted into a topological 

overlap matrix when the power of β = 3. To categorize 

genes with similar expression patterns into different 

modules, we applied a dynamic hybrid cutting method, 

using a bottom-up algorithm with a module minimum 

size cutoff of 30. 

 

Construct module trait relationships   
 

Module eigengenes were used to perform component 

analysis of each module. We calculated the correlation 

between module eigengenes and the infiltration level of 

T cells to determine the significance of modules by 

http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
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Pearson test. An individual module was considered 

significantly correlated with T cells when p < 0.05. We 

selected the interest T cell subtype and module with the 

highest correlation coefficient and defined that as a hub 

module. 

 

Pathway and process enrichment analysis 
 

To determine the function of genes in the identified  

hub module, we used the web tool “Metascape” 

(http://metascape.org) for pathway and process 

enrichment analysis [35]. The tool displays the first 20 

enriched terms as a bar graph. In order to further 

explore the relationship between terms, terms with 

similarity greater than 0.3 are connected by edges and 

presented as a network graph. 

 

Identification of hub genes 

 

We selected candidate hub genes based on the modular 

connectivity and clinical traits relationship of each 

gene in the hub module. Module connectivity is 

defined as the absolute value of the Pearson’s 

correlation between genes (Module Membership). 

Clinical trait relationship is defined as the absolute 

value of the Pearson’s correlation between each gene 

and the trait (Gene Significance). We set the Module-

Membership > 0.8 and the Gene-Significance > 0.5 for 

candidate hub genes. Meanwhile we selected all genes 

in the hub module and used the Search Tool for the 

Retrieval of Interacting Genes (STRING; https:// 

string-db.org/) database to construct PPI network and 

looked for central nodes [36]. Genes with node 

connectivity > 15 were considered central nodes. We 

used Cytoscape to present the network (https:// 

cytoscape.org/) [37]. We did Venn analysis to compare 

candidate hub genes and central nodes in the PPI 

network using the online tool (http://bioinformatics. 

psb.ugent.be/webtools/Venn/).  

 

Validation of hub genes 

 

We used two immune-associated databases that are based 

on TCGA to validate these hub genes, as described below. 

First, we obtained the content of CD8+ T cells in each 

sample of ccRCC based on data in the Tumor Immune 

Estimation Resource (TIMER; https://cistrome. 

shinyapps.io/timer/) [38]. Spearman correlations between 

the infiltration level of CD8+ T cells and the expression of 

hub genes were calculated, and the results were compared 

using the R package “ggstatsplot”. Second, the Tumor 

Immune System Interactions Database (TISIDB; 

http://cis.hku.hk/TISIDB) [39] was then searched to 

determine Spearman correlations between the hub genes 

and TIICs. We present these results as a heat map 

constructed using the R package “pheatmap”. 

Immune and clinical characteristic identification 
 

Spearman correlations between hub genes and 

different immune factors were obtained from the 

TISIDB database, which includes immune-inhibitory 

and immune-stimulatory factors, chemokines, and 

receptors. We then constructed a heat map by using 

the R package “heatmap”. Immune factors related to 

hub genes with average correlation coefficients 

greater than 0.5 were picked to construct a network 

using STRING and Cytoscape [37]. To explore the 

clinical characteristic of hub genes, RNA expression 

data and clinical data of ccRCC were obtained  

from The Cancer Genome Atlas (TCGA; https:// 

cancergenome.nih.gov/). The R packages “limma” 

and “beeswarm” were used to construct a scatter 

differential diagram of the data. The statistical 

significance of differences in expression between 

normal and tumor samples was analyzed using the 

Wilcoxon signed-rank test. The differences of all 

coding genes were analyzed by R package “limma”, 

and the volcano map was drawn using the R package 

“ggplot2”. Finally, a boxplot was constructed to 

display the relationship between genes and clinical 

features, and the statistical significances were 

analyzed by the Kruskal-Wallis test. 

 

Kaplan-Meier analysis and Oncomine mata-analysis 

 

We found best separation through the R package 

“survminer” to divide the patients into high and low 

expression groups, such grouping minimizes the p 

value of the survival curve. Then took Kaplan-Meier 

analysis for the groups by R package “survival”. To 

validate the expression patterns of the hub genes, four 

independent microarray datasets were used from the 

Oncomine Cancer Microarray database (Oncomine, 

https://www.oncomine.org) to perform meta-analysis 

[40–43]. 

 

Gene set enrichment analysis (GSEA) 

 

GSEA is a computational method used to determine 

whether a set of basically defined gene sets exhibits 

statistically significant differences between two 

biological states [44]. According to the median value of 

gene expression, the samples were divided into two 

groups, and “c2.cp.kegg.v7.0.symbols” gene set 

enrichment analysis was carried out, with p-value < 

0.05 and q-value < 0.05 as indicative of statistical 

significance. The enrichment pathway was visualized 

using the R packages “ggplot2” and “clusterProfiler”. In 

the circle diagram, we only show the core genes of the 

enrichment process, and the size of the dots represent 

the Rank metric score, which indicates the amount of 

sequencing value of the gene.  

http://metascape.org/
https://string-db.org/
https://string-db.org/
https://cytoscape.org/
https://cytoscape.org/
http://bioinformatics.psb.ugent.be/webtools/Venn/
http://bioinformatics.psb.ugent.be/webtools/Venn/
https://cistrome.shinyapps.io/timer/
https://cistrome.shinyapps.io/timer/
http://cis.hku.hk/TISIDB
https://cancergenome.nih.gov/
https://cancergenome.nih.gov/
https://www.oncomine.org/
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Cell culture and siRNA-PTEN construction 
 

The 769-P cells were cultivated in DMEM with 10% of 

fetal calf serum, 100 U/ml penicillin and 100 μg/ml 

streptomycin. The cells were cultured at 37 °C, with 5% 

CO2. The CCL5-310 siRNA sequences were as follows: 

5’-GCUGAACAAGGGAAGCUUTT-3’ 5’-AAGCUU 

GCCCUUGUUCAGCTT-3’. The    CCL5-286 siRNA 

sequences were: 5’-GCAGGAUUUCCUGUAUG 

ACTT-3’ and 5’-GUCAUACAGGAAAUCCUGCTT-

3’. The CCL5-240 siRNA sequences were: 5’-UC 

GUCCACAGGUCAAGGAUTT-3’ 5’-AUCCUUGAC 

CUGUGGACGATT-3’ 

 

RNA extraction and quantitative RT-PCR 

 

RNA samples were extracted from cells with the 

FastPure Cell/Tissue Total RNA Isolation kit 

(Vazyme Biotech) and they were reverse-transcribed 

by HiScript III RT SuperMix for qPCR (Vazyme 

Biotech). To determine the relative transcript level, 

PCR was quantified in real-time using a LifeECO 

PCR machine (BIOER Technology Co, Ltd). SYBR 

Green was used as the fluorophore. The CCL5 

primers sequences were as follows:  5′-CTC 

ATTGCTACTACTGCCCTCTGCGCTCCTGC-3′ and 

5′GCTCATCTCCAAAGAGTTGATGTACTC -3′. 

The PCR parameters were: 95 °C 5min, followed by 

50 cycles of 30 s and 1 min at 60 °C. Each sample was 

measured in three independent reactions. The 

threshold values of each sample/primer were 

determined, and the average error and standard error 

were calculated. Melting curve analysis was 

performed, and the mRNA expression levels were 

normalized against that of β-actin. 

 

Cell proliferation analysis and invasion experiment 
 

769-P cells were cultivated in five 96-well cell 

culture plates (1500 cells/well) respectively for 

5 days. A volume of 10 μl of CCK-8 solution was 

added to each well in a plate at an interval of 24 h. 

The cells were cultures for 3 h in 37 °C, and then a 

photometry test was performed at wavelength of 

450 nm. The 769-P cells were then transferred into 

the top layer holes in a basement membrane plate 

with wells containing the medium without serum. 

The lower cavity was filled with 12% fetal calf serum 

medium to allow chemical attraction. The medium 

was removed after 12-hour incubation and the 

implant in the upper cavity was discarded. Cells 

invading the lower cavity were fixed with 700 ml of 

4% PFA and stained with crystal for 1 h to visualize. 

The cells in the lower cavity were counted and 

normalized to the number in control conditions to 

measure the relative invasion capacity. 

Abbreviations 
 

ccRCC: Clear cell renal cell carcinoma; WGCNA: 

Weighted gene co-expression network analysis; 

CIBERSORT: Cell-type identification by estimating 

relative subsets of RNA transcripts; TIICs: Tumor-

infiltrating immune cells; PPI: Protein-protein 

interactions. GEO: Gene Expression Omnibus; TCGA: 

The Cancer Genome Atlas; GSEA: Gene set enrichment 

analysis. 
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SUPPLEMENTARY MATERIALS 
 

Supplementary Figures 
 

 

 

 

 

 
 

Supplementary Figure 1. Sample clustering (GSE73731): sample dendrogram and trait indicator. In the heat map, the darker the 
color, the higher the degree of infiltration of the seven kinds of T cells. 
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Supplementary Figure 2. Heat map of the correlation between immune factors and hub genes. (A) Chemokines. (B) Receptors. 
(C) Immune-inhibitory factors. (D) Immune-stimulatory factors. 
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Supplementary Tables 
 

Please browse Full Text version to see the data of Supplementary Tables 1–3. 

 

Supplementary Table 1. Gene expression matrix for constructing gene co-expression network. 

Supplementary Table 2. The fractions of six subtypes of T cells in every sample. 

Supplementary Table 3. Genes of green module and Matascape enrichment analysis result. 

 

Supplementary Table 4. The result of differential analysis of gene expression between normal tissue and tumor 
tissue by R package “limma”. 

Gene logFC AveExpr t P.Value adj.P.Val B 

CCL5 2.761844 4.760074 16.69318 8.34E-52 1.82E-50 106.7216 

CD2 2.28705 3.233462 15.32089 4.60E-45 7.75E-44 91.25291 

CXCL9 2.625227 3.859447 13.8642 3.42E-38 4.27E-37 75.49697 

CD3D 2.063852 2.945952 13.82764 5.04E-38 6.23E-37 75.11169 

CCR5 1.667775 2.207914 13.2961 1.32E-35 1.44E-34 69.57093 

CD8A 2.076911 2.644136 12.42316 9.51E-32 8.71E-31 60.73685 

CD3G 1.022994 1.294262 10.84224 3.62E-25 2.40E-24 45.68733 

IRF1 0.899948 3.35192 8.877243 7.60E-18 3.42E-17 28.98526 

LCK 0.966669 2.169819 8.614633 6.00E-17 2.55E-16 26.94321 

IFNG 0.555027 0.53599 6.865693 1.63E-11 5.02E-11 14.62135 

 

 

Please browse Full Text version to see the data of Supplementary Tables 5. 

 

Supplementary Table 5. The results of gene set enrichment analysis. 
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INTRODUCTION 
 

Melanoma is a life-threatening malignancy with high 

metastasis and mortality rates [1, 2]. Approximately 

232,000 new melanoma patients were diagnosed in 

2011 and with 55,000 deaths recorded in the same year 

[3]. High mortality rates result from poor prognosis 

leading to late diagnosis. Therefore, there is need to 

come up with approaches for early diagnosis [4–6]. 

 

The TNM stage is an effective approach for detection of 

the cancer stage, is invaluable in cancer prognosis and 

informs on the right therapy approaches [7]. However, 

differences in the overall survival associated with TNM 

stage method are observed [8]. Current studies on 

tumors have revealed the clinical limitations of TNM 

stage method [9, 10]. Therefore, there is a need to 

explore new melanoma markers to guide the clinical 

treatment and improve melanoma prognosis. Gene-based 

biomarkers have become more popular with the 

advances in human gene sequencing [11, 12]. 

 

Most immune system components are implicated in  

the initiation and progression of melanoma [13, 14]. In 
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ABSTRACT 
 

Background: Melanoma is a cancer of the skin with potential to spread to other organs and is responsible for 
most deaths due to skin cancer. It is imperative to identify immune biomarkers for early melanoma diagnosis 
and treatment. 
Results: 63 immune-related genes of the total 1039 unique IRGs retrieved were associated with overall survival 
of melanoma. A multi-IRGs classifier constructed using eight IRGs showed a powerful predictive ability. The 
classifier had better predictive power compared with the current clinical data. GSEA analysis showed multiple 
signaling differences between high and low risk score group. Furthermore, biomarker was associated with 
multiple immune cells and immune infiltration in tumor microenvironment. 
Conclusions: The immune-related genes prognosis biomarker is an effective potential prognostic classifier in the 
immunotherapies and surveillance of melanoma. 
Methods: Melanoma samples of genes were retrieved from TCGA and GEO databases while the immune-
related genes (IRGs) were retrieved from the ImmPort database. WGCNA, Cox regression analysis and LASSO 
analysis were used to classify melanoma prognosis. ESTIMATE and CIBERSORT algorithms were used to explore 
the relationship between risk score and tumor immune microenvironment. GSEA analysis was performed to 
explore the biological signaling pathway. 
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tumor immunity, tumor cells act as antigens while 

immune cells and leukocytes infiltrates the tumor tissue 

function through chemotaxis for immune defense [13]. 

Immune escape also is an important factor in 

tumorigenesis [15, 16]. Currently, a myriad of new 

immunotherapy are used in melanoma and including PD-

1, PD-L1 and CTLA-4 inhibitors [17, 18]. However, these 

approaches are effective only on a few patients while the 

majority of the patients have limited or no response to the 

therapy especially during melanoma progression [19, 20]. 

Therefore, comprehensive analyses of the correlation 

between immune genes and overall survival in melanoma 

are important in exploring the potential prognostic value 

of immune genes and new biomarkers. 

 

In this study, our aim was to construct a novel immune-

related genes biomarker for use in immunotherapies and 

melanoma prognosis. Comprehensive bioinformatics 

analyses were performed to explore underlying 

mechanisms of the biomarker. This study provides 

information for subsequent personalized diagnosis and 

treatment of melanoma. 

 

RESULTS 
 

Identification of survival-related modules by WGCNA 

 

WGCNA analysis was carried out on 950 overlapping 

IRGs (Figure 1). The soft-thresholding power in 

WGCNA was determined based on a scale-free R2  

(R2 = 0.95). Six modules were identified based on  

the average linkage hierarchical clustering and the  

soft-thresholding power. The red module showed the 

highest correlation with the overall survival of 

melanoma. Additionally, the blue module was highly 

correlated with the overall survival of melanoma. The 

red module contained 22 IRGs while the blue module 

contained 138 IRGs (Figure 2). Data for these two 

modules were selected for further analysis. 

 

Construction of prognostic classifier based on IRGs 

 

63 IRGs of the red and blue modules were identified as 

survival related IRGs of melanoma with the criterion of  

P < 0.01 (Supplementary File 1). LASSO analysis 

identified eight IRGs (PSME1, CDC42, CMTM6, HLA-

DQB1, HLA-C, CXCR6, CD8B, TNFSF13) which were 

included in the classifier (Figure 3). The coefficients of the 

eight IRGs are shown in Table 1 and the expression levels 

are shown in Figure 4. The high-RS group showed a poor 

overall survival rate compared with low-RS group based 

the Kaplan-Meier analysis (Figure 5B). Time-dependent 

ROC curves showed that the classifier had a strong 

predictive ability in GSE dataset (Figure 5A). In the 

training cohort, the AUC was 0.679 in 1 year, 0.743 in 3 

years and 0.740 in 5 years (Figure 5A). 

 

Verification of the prognostic classifier in TCGA 

cohort 
 

We used the TGCA cohort to validate the predictive 

ability of the classifier. Kaplan-Meier analysis showed 

that the high-RS group had a poor overall survival 

(P<0.0001, Figure 5D). Time-dependent ROC curves 

 

 
 

Figure 1. Venn diagram and Histogram was used to visualize common IRGs shared between GEO dataset, TCGA dataset and 
IRGS. 950 IRGs overlapped in the three datasets. The value used represented the number of gene symbol covered from the ensemble IDs 
and probe IDs. The number of genes annotated are presented on the y-axis. 
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showed that the classifier had a good accuracy with  

0.642 in 1 year, 0.636 in 3 years and 0.645 in 5 years 

(Figure 5C). Moreover, the classifier had better predictive 

power and accuracy compared with other clinical features 

(Figure 5E, 5F). In Addition, the classifier was an 

independent factor in multivariate Cox analysis. Results 

of univariate and multivariate analyses in prognostic 

factors and overall survival were showed in Table 2. 

Immune infiltration score between high and low RS 

group 

 

Kaplan-Meier analysis showed that different immune 

scores had differential overall survival in melanoma 

samples (Figure 6A, 6B). The immune score showed a 

significant difference between high and low-RS group 

(Figure 6C, 6D). 

 

 
 

Figure 2. Weighted melanoma gene co-expression network. (A) The scale-free fit index for soft-thresholding powers. The 
soft-thresholding power in the WGCNA was determined based on a scale-free R2 (R2 = 0.95). The left panel presents the relationship 
between the soft-threshold and scale-free R2. The right panel presents the relationship between the soft-threshold and mean 
connectivity. (B) A dendrogram of the differentially expressed genes clustered based on different metrics. Each branch in the figure 
represents one gene, and every color below represents one co-expression module. (C) Distribution of average gene significance  
and errors in the modules associated with overall survival of melanoma patients. Based  on the average linkage hierarchical 
clustering and the soft-thresholding power, six modules were identified. To determine the significance of each module, gene 
significance (GS) was calculated to measure the correlation between genes and sample traits. GS was defined as the log10 
conversion of the p-value in the linear regression between gene expression and clinical data (GS = lg P). The red and blue module 
showed high correlation with the survival of melanoma patients. (D) A heatmap showing the correlation between the gene module 
and clinical traits. The red module contained 22 IRGs while the blue module contained 138 IRGs. The correlation coefficient i n each 
cell represented the correlation between gene module and the clinical traits, which decreased in s ize from red to blue. The blue 
module showed the highest positive correlation with the survival while the red module showed the highest negative correlation  
with the survival. 
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Table 1. The IRGs in the prognostic classifier associated with OS in the GSE dataset. 

Symbol 
Univariate Cox regression analysis 

LASSO coefficient 
HR 95%CI P Value 

PSME1 0.416 0.285-0.608 5.854205e-06 -0.30396287 

CDC42 0.428 0.248-0.74 0.00236537 -0.24399092 

CMTM6 0.364 0.218-0.608 0.0001131757 -0.23548175 

HLA-DQB1 0.692 0.592-0.809 3.711835e-06 -0.07311844 

HLA-C 0.595 0.466-0.759 2.920363e-05 -0.10691953 

CXCR6 0.509 0.363-0.713 8.635839e-05 -0.03143482 

CD8B 0.248 0.108-0.566 0.0009273984 -0.05032655 

TNFSF13 0.172 0.055-0.54 0.002576346 -0.25872281 

 

Immune cell subtypes between high and low RS 

group 

 

The 22 immune cell proportions of melanoma are shown 

in Figure 7A, 7B. Macrophages M0, Macrophages M2 

and T cells CD8 accounted for a large proportion of 

melanoma immune cell infiltration. High and low RS 

groups showed differential immune cells expression 

(Figure 7C, 7D). 

 

GSEA analysis 
 

GSEA analysis showed 14 significant KEGG pathways 

associated with risk score, including Rap1 signaling 

pathway, Ras signaling pathway, Herpes simplex  

virus 1 infection, Regulation of actin cytoskeleton, 

MAPK signaling pathway, Neuroactive ligand- 

receptor interaction, Human cytomegalovirus infection, 

Human T-cell leukemia virus 1 infection, Human 

 
 

Figure 3. Construction of the IRGs prognostic classifier. (A, B) Determination of the number of factors by the LASSO analysis. (C) The 
distribution of RS. (D) The survival duration and status of patients. (E) A heatmap of IRGs in the classifier. 
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Table 2. Univariate and multivariate analyses of prognostic factors and overall survival of melanoma patients in 
TCGA cohort. 

Characteristics 
Univariate Cox regression analysis multivariate Cox regression analysis 

HR 95%CI P Value HR 95%CI P Value 

Age 1.025 1.015-1.035 3.63e-07 1.021 0.01-4.06 4.83e-05 

Gender 0.877 0.655-1.175 3.79e-01 1.088 0.16-0.54 0.592 

Local invasion 0.988 0.955-1.021 4.65e-01 0.987 0.02--0.66 0.511 

Lymph node metastasis 1.087 1.032-1.145 1.74e-03 1.092 0.03-3.3 0.00096 

Distant metastasis 1.161 0.887-1.52 2.78e-01 1.429 0.14-2.55 0.0107 

TNM stage 1.000 0.964-1.038 9.80e-01 0.982 0.02--0.75 0.455 

Multi-IRGs Classify 1.588 1.315-1.919 1.61e-06 1.704 0.1-5.13 2.94e-07 

 

immunodeficiency virus 1 infection, Kaposi sarcoma-

associated herpesvirus infection, Chemokine signaling 

pathway, Epstein-Barr virus infection, Tuberculosis and 

Cytokine-cytokine receptor interaction (Figure 8). 

 

DISCUSSION 
 

Melanoma is a fatal skin cancer that affects many people 

worldwide each year [21]. Currently, immunotherapy is 

a successful treatment option for melanoma [22]. 

Notably, many researchers demonstrates the role of the 

immune cells on tumor cells [23, 24]. Moreover, 

immune components in melanoma tissue can be used to 

evaluate therapeutic efficacy and melanoma prognosis in 

patients [25]. In this study, 63 IRGs were found to be 

associated with melanoma prognosis, of which eight 

IRGs were adopted to construct a classifier. The 

classifier showed reliable predictive value and accuracy. 

In addition, we explored the relationship between RS 

and the prognosis value in melanoma. The findings 

showed differences in immune cell infiltration and 

multiple signaling pathways between high and low-RS 

group. 

The PSME1, CDC42, CMTM6, HLA-DQB1, HLA-C, 

CXCR6, CD8B and TNFSF13 RGs were used in the 

classifier. These IRGs were reported to be associated 

with tumor prognosis in previous studies. Cell division 

cycle 42 (CDC42) protein, a member of Rho GTPases, 

activates multiple cellular processes by regulating actin 

cytoskeleton [26]. In addition, CDC42 facilitates the 

invasion and migration of melanoma cells [27–29]. 

Therefore, CDC42 inhibitors have been effective in 

melanoma treatment [30, 31]. CMTM6 is a ubiquitously 

expressed protein encoded by two distinct gene clusters 

located on chromosome 16 and chromosome 3 [32]. It 

enhances PD-L1 expression and anti-tumor immunity. 

Therefore, CMTM6 is a potential biomarker and 

therapeutic target for melanoma patients [33–35]. 

Among the HLA class I antigens, HLA-C locus 

recognizes the inhibitory killer cells and suppresses the 

functions of NK cells in melanoma patients [36–38]. 

Furthermore, the frequency of HLA-DQB1*0301 and 

HLA-DQB1*0303 alleles are highly expressed in 

melanoma patients [39]. Moreover, melanoma patients 

with DQBI*0301 allele have thicker primary tumor  

and are more likely to have local or distant metastatic 

 

 
 

Figure 4. Expression profile of 8 genes. (A) GSE dataset (B) TCGA dataset. 
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Figure 5. The distribution of time-dependent ROC curves and Kaplan-Meier survival based on the integrated classifier in the 
training and independent validation sets. ROC, receiver operator characteristic. AUC, the area under the curve. (A) ROC curve for the 
GSE cohort. (B) KM curve of the GSE cohort. (C) ROC curve of the TCGA cohort. (D) KM curve of the TCGA cohort. (E) 3-years correlation ROC 
curve in the TCGA cohort for the comparison of the classifier prognostic accuracy and clinical characteristics. (F) 5-years correlation ROC curve 
in the TCGA cohort for the comparison of the classifier prognostic accuracy and clinical characteristics. 
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disease [40]. Besides, the chemokine co-receptor 

CXCR6 was identified as a new biomarker associated 

with asymmetric self-renewal of tissue-specific stem 

cells. CXCR6 + cells cause rapid increase in tumor mass 

compared with CXCR6- cells [41]. TNFSF13, a member 

of the TNF superfamily, was reported to indicate the 

proliferative or survival state in tumor cells [42]. The 

multi-IRGs classifier established in this study showed 

high predictive value and accuracy through various 

analyses. 

 

The degree of immune infiltration significantly affected 

melanoma survival. Previous studies demonstrate that 

immune cells in the tumor microenvironment can be 

used in the prognostic assessment of multiple tumors, 

such as glioblastoma, breast cancer, and melanoma [43–

45]. In this study, the expression of eight genes affected 

immune infiltration scores. Patients with higher immune 

scores had better prognosis. This finding implies that 

prognosis value of risk score is associated with 

melanoma immune system. 

To further explore the immune and risk score, we used 

the CIBERSORT algorithms to calculate the immune 

cell subtype in R platform. Our result showed that the 

two risk score groups expressed differential immune cell 

subtypes. Ali et al. demonstrated that imbalance in 

immune cell component ratio is highly correlated with 

poor prognosis and low survival in cancer patients [46, 

47]. A previous study reported that CD8+ T cells 

produces granulocyte and perforin to kill tumor cells 

[48]. In our study, the immune cells found in melanoma 

mainly comprised macrophages M0, macrophages M2 

and T cells CD8. In this study, T cell CD8 levels were 

low whereas M0 and M2 macrophages levels were high 

in the high-risk group. This implies that imbalance of T 

cell CD8 and M0, M2 macrophage ratio may reduce the 

survival rate of patients in the high-risk group. High 

expression of CD8+T cells may improve the prognosis 

of melanoma patients as well as reduce the risk factors. 

 

GSEA analysis showed differences in 14 important 

signaling pathways between high and low RS groups. 

 

 
 

Figure 6. (A) Impact of immune score on overall survival in melanoma based on KM analysis. (A) GSE cohort. (B) TCGA cohort. (C, D) 
Association with immune score, stromal score and risk score. The high-RS group showed lower immune score and stromal score comparing 
with low-RS group. (C) GSE cohort. (D) TCGA cohort. 
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Figure 7. (A, B) The mean proportion of 22 immune cells in GSE cohort. Macrophages M0, Macrophages M2 and T cells CD8 account for a 
large proportion of melanoma immune cell infiltration. (A) GSE cohort. (B) TCGA cohort. (C, D) Violin plot showing the relationship between 
risk score with immune score and stromal score. Red color represents high-RS group while blue color represents low-RS group. Differential 
immune cell type expression was observed between the high and low-RS groups. (C) GSE cohort. (D) TCGA cohort. 
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Inhibition of MAPK signaling pathway improved 

melanoma immune microenvironment by enhancing  

the melanoma antigen expression and down-regulating 

immunosuppressive cytokines [49, 50]. Additionally, 

chemokine signaling pathway participates in tumor 

growth. Some chemokines, such as CCR10 and  

CXCR3, have been shown to play an important role  

in the proliferation and metastasis of melanoma cells 

[51, 52]. 

 

In this study, LASSO regression analysis was used to 

establish a novel classifier using multiple IRGs and the 

classifier was verified using an independent cohort. 

Currently, few studies have used ESTIMATE and 

CIBERSORT algorithms to explore immune infiltration 

in melanoma. In this study, we use these algorithms to 

explore immune infiltration in melanoma using the R 

software. These preliminary results could provide a 

perspective for exploring the role of immune infiltration 

in melanoma. However, this study has the following 

limitations. First, the reliability of our molecular 

mechanism analysis results is limited due to lack of 

vitro or vivo experiments. Second, this study was a 

retrospective study, therefore, prospective study should 

be carried out to validate the findings of our study. 

 

In conclusion, we successfully constructed a multi-IRGs 

classifier with the powerful predictive function. 

Differences in the overall survival of high and low risk 

groups are implicated in immune infiltration, tumor 

microenvironment and the interaction of multiple 

signaling pathways. This study provides additional 

information on the analysis of melanoma pathogenesis 

and clinical treatment. 

 

 
 

Figure 8. GSEA analysis. 
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MATERIALS AND METHODS 
 

Data Procession 
 

GSE65904 gene expression profiles were retrieved  

from the gene expression omnibus database (GEO: 

https://www.ncbi.nlm.nih.gov/geo/). In this study, the 

samples with no follow-up information or follow-up 

time less than 1 day were excluded. 210 melanoma 

samples were retrieved for subsequent analysis. 

Further, the probe IDs were converted to gene symbols 

using the illuminaHumanv4.db R package. The probe 

IDs with the highest mean value were reversed when 

more than one probe had a matched gene symbol. The 

GEO expression file was converted into log2 

(expression) for further analysis. Additionally, the 

RNA-FPKM data and clinical data of melanoma 

samples were retrieved for external validation  

analysis using the TCGA biolinks R package. Samples 

with no follow-up information or follow-up time less 

than 1 day were excluded. The expression file of 

patients with the highest mean value was reversed 

when more than one expression file had matched 

patients. 428 melanoma samples in TCGA were used 

for analysis. 

 

Immune-related gene extraction 

 

Immune-related genes (IRGs) data were retrieved from 

the ImmPort database (https://immport.niaid.nih.gov) 

(Supplementary File 2). Overlapping immune-related 

genes from the GEO dataset,  

TCGA dataset and IRGs were selected for further 

analysis. 

 

Weighted gene co-expression network analysis 
 

GEO expression file was used for weighted gene  

co-expression network analysis (WGCNA) using 

WGCNAR package. WGCNA was used to explore  

the relationship between the clinical features with 

expression modules. Module eigengenes (MEs) were 

defined as the first principal component of each  

gene module and adopted as the representative of  

all genes in each module. Gene significance (GS), as 

the mediator p-value (GS = lg P) for each gene, 

represented the degree of linear correlation between 

gene expression of the module and clinical features. 

Survival-related modules were defined according to 

P≤0.01 and the higher GS value was extracted for 

further analysis. 

 

LASSO analysis 

 

Univariate Cox regression analysis was performed to 

explore the impact of each gene on overall survival. The 

IRGs of survival-related modules with P<0.01 were 

identified as survival-related IRGs and integrated into 

the Least Absolute Shrinkage and Selection Operator 

(LASSO) regression for identification of prognostic  

risk signatures. The risk score (RS) of each sample  

was calculated using the formula: risk score = 

Σexpgenei* βi. 

 

The Kaplan-Meier curve analysis was further conducted 

to evaluate the relationship between the risk score and 

overall survival. The median value was used as the cut-

off. Univariate and multivariate Cox regression analysis 

were performed to study the relationship between the 

index and the clinical features. To validate the accuracy 

and predictive ability of the signature, it was included in 

the TCGA dataset. The area under the curve (AUC) of 

the ROC curve was calculated and compared to 

examine the classifier performance using time ROC  

R package. 

 

Comparison of the degree of immune cell infiltration 

between high and low RS groups 

 

To explore the relationship between risk score and 

melanoma prognosis, we analyzed the relationship 

between risk score and tumor microenvironment. The 

tumor microenvironment comprises a variety of cell 

types, including immune cells, mesenchymal cells, 

endothelial cells, inflammatory mediators, and 

extracellular matrix (ECM) molecules [53]. We used 

the ESTIMATE algorithm to determine the immune 

score of each sample using R software and further 

compared the difference in degree of immune cell 

infiltration between high and low-risk groups by 

Wilcoxon test. 

 

Comparison of 22 immune cell subtypes between 

high RS and low RS groups 

 

To explore the differences of immune cell subtypes, 

CIBERSORT package was used to assess the proportions 

of 22 immune cell subtypes based on expression file [54]. 

The perm was set at 1000. Samples with P < 0.05 in 

CIBERSORT analysis result were used in further 

analysis. Mann-Whitney U test was used to compare 

differences in immune cell subtypes in the high RS and 

low RS groups. 

 

Gene Set Enrichment analysis (GSEA) 
 

To identify signaling pathway that are differentially 

activated between the high RS and low RS groups, we 

selected an ordered list of genes through limma R 

package and conducted Gene Set Enrichment Analysis 

(GSEA) with adjusted p < 0.05 using the cluster filer  

R package. 

https://www.ncbi.nlm.nih.gov/geo/
https://immport.niaid.nih.gov/
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Statistical analysis 
 

All analyses were carried out by R version 3.5.2 and 

corresponding packages. Kaplan-Meier analysis was 

further conducted to evaluate the relationship between 

immune score and overall survival using the survimer R 

package. The median value was set as the cut-off. The 

glmnet R package was used for LASSO analysis. 

 

Availability of data and materials 
 

The GSE65904gene expression profiles were retrieved 

from GEO (https://www.ncbi.nlm.nih.gov/geo). The 

TCGA data were retrieved from GDC data portal 

(https://portal.gdc.cancer.gov/). The immune-related 

genes (IRGs) data were retrieved from the ImmPort 

database (https://immport.niaid.nih.gov). The R software 

(https://www.r-project.org/) was used for all statistical 

analyses. 
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INTRODUCTION 
 
Renal cell carcinoma (RCC) is the most common type 
of renal neoplasia and accounts for about 3% of all adult  

 

malignancies in western countries [1]. Recent estimates 
have calculated that in 2020, in the United States 73,750 
new cases will be diagnosed and 14,830 patients will 
die of RCC [2]. Due to usually asymptomatic clinical 
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ABSTRACT 
 
Pentraxin-3 (PTX3) belongs to the pentraxine family, innate immune regulators involved in angiogenesis, 
proliferation and immune escape in cancer. Here, we evaluated PTX3 tissue expression and serum levels as 
biomarkers of clear cell renal cell carcinoma (ccRCC) and analyzed the possible role of complement system 
activation on tumor site. A 10-year retrospective cohort study including patients undergoing nephrectomy 
for ccRCC was also performed. PTX3 expression was elevated in both neoplastic renal cell lines and tissues, 
while it was absent in both normal renal proximal tubular cells (HK2) and normal renal tissues. Analysis of 
complement system activation on tumor tissues showed the co-expression of PTX3 with C1q, C3aR, C5R1 and 
CD59, but not with C5b-9 terminal complex. RCC patients showed higher serum PTX3 levels as compared to 
non-neoplastic patients (p<0.0001). Higher PTX3 serum levels were observed in patients with higher Fuhrman 
grade (p<0.01), lymph node (p<0.0001), and visceral metastases (p<0.001). Patients with higher PTX3 levels 
also showed significantly lower survival rates (p=0.002). Our results suggest that expression of PTX3 can 
affect the immunoflogosis in the ccRCC microenvironment, by activating the classical pathway of CS (C1q) 
and releasing pro-angiogenic factors (C3a, C5a). The up-regulation of CD59 also inhibits the complement-
mediated cellular lysis. 
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course, the diagnosis of most cases of renal cancer is 
often incidental, following diagnostic tests performed 
for other clinical conditions, and not rarely shows 
neoplasms in advanced clinical stage [1]. Furthermore, 
RCC is a chemo- and radio-resistant neoplasia, 
therefore the current therapeutic strategies are 
ultimately based on the surgical approach [3]. 
 
RCC encompasses a heterogeneous group of cancers 
derived from renal tubular epithelial cells [4]. The 
most common renal cancer type in adults is 
adenocarcinoma: it accounts almost 90% and in a 
small percentage (2%) it may also be bilateral. Clear 
cell renal cell carcinoma (ccRCC) is the most 
frequently diagnosed subtype and causes the most 
clinically severe phenotype. In addition, up to 30% of 
the patients present metastatic disease at diagnosis, 
and around 20-30% of subjects undergoing surgery 
will suffer recurrence. In this scenario, early diagnosis 
is crucial for improving the survival rate of these 
patients, and the introduction of high-throughput 
omics technologies has led not only to a detailed 
molecular characterization of RCC, but also to the 
identification of novel biomarkers [5–13]. 
 
In the last few years, several studies have showed that 
cigarette smoking, obesity, hypertension, diabetes and 
End Stage Renal Disease, represent common risk 
factors for this tumor [14–18]. Moreover, an in-depth 
understanding of the molecular basis of RCC has led to 
introduction in clinical practice of novel targeted 
therapies, including anti-angiogenic agents (sorafenib, 
sunitinib, pazopanib, axitinib, and bevacizumab), 
mTOR (temsirolimus and everolimus), and immune 
checkpoint inhibitors (nivolumab). However, these 
drugs yield partial responses in a minority of patients, 
with no evidence of complete responses [3, 19]. 
 
Modifications of the tumor microenvironment represent 
a growing field of investigation in order to highlight 
potential mechanisms of tumor progression and 
resistance to targeted therapies [20]. 
 
In particular during the oncogenesis, the reactive 
immunoflogosis seems to play a crucial role to 
counteract the development of neoplastic cells. On the 
other hand, its persistence may paradoxically promote 
the cancer progression, by enriching the tumor 
microenvironment with pro-inflammatory cytokines 
and growth factors that can lead to uncontrolled 
proliferative response [21–23]. In this setting 
Pentraxin-3 (PTX-3) might play a crucial role. PTX3 
is an opsonin belonging to the pentraxin superfamily, 
which acts as pattern recognition molecule (PRM) of 
the immune system. This molecule is able to recognize 
microbial fractions and cellular debris, to promote 

phagocytosis (opsonization), to activate the 
complement system and to modulate the inflammation 
process [24]. 
 
The similarity of PTX3 with C-reactive protein (CRP), 
the most widely used inflammation biomarker, has led 
to investigate the role of PTX3 in several infectious 
and inflammatory disorders. PTX3 acts as an acute 
phase protein and its plasma levels increase rapidly 
(peak at 6-8 hours) from very low baseline values in 
healthy subjects, up to higher serum levels in 
inflammatory conditions. PTX3 can be produced 
directly within the site of inflammation from both 
resident and infiltrating cell types and acts with a 
paracrine effect, unlike other short pentraxins 
(including CRP), which are produced by the liver and 
released in the blood [23]. 
 
Recent studies have shown how PTX3 can influence the 
pathogenesis of different cancer types, but plays an 
ambivalent role, i.e. acting as a tumor suppressor or pro-
oncogenetic factor in relation to the neoplastic type and 
the tumor microenvironment. In some cases PTX3 acts 
as tumor suppressor, inhibiting the proliferation and 
angiogenesis of FGF2-mediated tumor cells, as well as 
the epithelial-to-mesenchymal transition (EMT) and its 
metastatic potential. In other cancer types the high 
intratumoral expression of PTX3 is associated with poor 
prognosis [25, 26]. 
 
Moreover, PTX3 shares with the other short classic 
pentraxins the ability to modulate the complement 
system, through a direct interaction with the key 
molecules involved in the activation and/or regulation 
of the complement system cascade. PTX3 mediates 
the activation of the classical pathway and lectin 
pathway because of binding with C1q and MBL, and 
is able to affect the alternative pathway via CFH 
binding. The complement system, as part of the innate 
immune system, enhances the ability of antibodies 
and phagocytic cells to clear microbes and damaged 
cells from an organism, promotes inflammation, and 
attacks the pathogen's cell membrane. In the 
inflammatory context, complement system releases 
very strong pro-inflammatory molecules, such as the 
anaphylatoxins C3a and C5a. However, recent evi-
dence show that complement system may promote cell 
proliferation and regeneration, thus suggesting a 
possible relationship between complement system 
activation and cancer [27]. 
 
In the present study, we evaluated PTX3 tissue 
expression and serum levels as biomarkers of clear cell 
renal cell carcinoma (ccRCC) and analyzed the 
possible role of complement system activation on 
tumor site. 
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RESULTS 
 
Gene set enrichment analysis (GSEA) and microarray 
analysis 
 
Gene Set Enrichment Analysis (GSEA) of the 
GSE47032 dataset showed that ccRCC featured 
multiple enriched gene sets depicting inflammatory 
response (NES=2.78; p=0.0001; Figure 1A) and 
complement activation (NES=1.96; p=0.0001; Figure 
1B). Moreover, microarray analysis using IPA, showed 
that the canonical molecules associated with 
complement system were significantly modulated 
(Figure 1C). 

PTX3 protein expression in RCC cell lines and renal 
tissues from ccRCC patients 
 
PTX3 protein expression was analyzed both in 
neoplastic and in normal renal proximal tubular 
epithelial cells (PTEC) by confocal microscopy. 
Noteworthy, three different renal cancer cell lines 
showed significantly higher PTX3 expression, as 
compared by PTEC (Figure 2A, 2B). This observation 
was strengthened by quantification of specific 
fluorescence (p<0.05; Figure 2C). 
 
Then, we analyzed the tissue expression of PTX3 in 
tumor tissues of 30 consecutive patients who underwent 

 

 
 

Figure 1. Gene Set Enrichment Analysis (GSEA) of the GSE47032 dataset (A and B). Complement system pathway from Ingenuity Pathway 
Analysis (C). Genes in green and red are respectively under- and over-expressed in the ccRCC-gene signature. 
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radical nephrectomy for ccRCC. A control group of 10 
subject who underwent renal biopsy in suspicion of 
chronic nephropathy, but with a normal renal histology, 
were also analyzed. The main clinical and histologic 
features of the entire study population of 30 patients 
with renal clear cell carcinoma subjected to PTX3 tissue 
expression analyses are summarized in Supplementary 
Table 1. 
 
PTX3 tissue expression was significantly higher in 
ccRCC patients (Figure 3A–3C), while in normal 

kidney it was virtually absent (Figure 3D–3F). This 
observation was strengthened by quantification of 
specific fluorescence (p<0.01; Figure 3G). 
 
Complement system activation in renal tissues from 
ccRCC patients 
 
We then investigated the activation of the complement 
cascade in renal cancer and in normal renal tissue. Since 
PTX3 can activate the complement system through the 
classic pathway, we evaluated the deposition of C1q 

 

 
 

 

 

 
 

Figure 3. PTX3 expression in renal tissue. 
Figure 3. PTX3 expression in neoplastic (A-C) and normal renal tissues (D-F) by confocal microscopy and quantification 
of specific fluorescence (G). 
 

Figure 2. PTX3 expression in neoplastic (A) and proximal tubular epithelial cells (PTEC) (B) by confocal microscopy and 
quantification of specific fluorescence (C). 
 



www.aging-us.com 5 AGING 

Interestingly, C1q deposition was extensively present in 
ccRCC tissue samples and co-localized with PTX3 
(Figure 4A–4D). On the other hand, the deposition of 
MBL, the first protein in the lectin pathway of 
complement cascade activation, was absent in ccRCC 
(data not shown). 
 
To validate the complete activation of the complement 
cascade, we next evaluated the tissue deposition of the 
terminal complement complex, C5b-9. Surprisingly, the 
increased activation of the classical pathway of the 
complement cascade did not correspond to an increased 
deposition of the terminal complement complex. Indeed, 
C5b-9 specific immunofluorescence was completely 
absent in the renal cancer tissue (Figure 4E–4H). 
 
The complement system is characterized by several 
regulatory proteins that can inhibit the activation of the 
enzymatic cascade at different levels [26]. CD59 is one 
of such inhibitors that can prevent C5b-9 assembly [28]. 
Interestingly, an increased CD59 expression has  
been reported in several neoplasia [29], although no 
information is available on the level of CD59 expression 
within neoplastic renal tissue. Noteworthy, CD59 protein 
expression was markedly increased in RCC (Figure 4I–
4L). Since anaphylotoxins were suggested as possible 
soluble mediators modulating both cancer cell 
proliferation and neoplastic angiogenesis [30], we 
investigated the protein expression of C3a and C5a 
receptors. The expression of both trans-membrane 
proteins was markedly increased in ccRCC tissues 
(Figure 4M–4P and 4Q–4T). Remarkably, the expression 
of CD59, C3aR and C5aR co-localized with PTX3 
expression within the renal cancer tissue samples 
(Figures 4L, 4P and 4T, respectively). 
 
PTX3 serum levels as biomarkers of ccRCC 
 
In the attempt to validate the role of PTX3 as a potential 
biomarker of renal cancer, we retrospectively 
investigated baseline serum levels of PTX3 in a cohort 
of 168 consecutive patients undergoing nephrectomy for 
ccRCC. 
 
The main clinical features of the entire study 
population of 168 RCC patients, as well as the 
pathological features of cancers diagnosed are 
summarized in Table 1.  
 
At time of nephrectomy, PTX3 serum levels were 
significantly higher in patients with ccRCC as 
compared with non-neoplastic patients (p<0.0001; 
Figure 5A).  
 
Moreover, at time of diagnosis significantly higher 
PTX3 serum levels were observed in patients with 

higher Fuhrman grade (G3-4 vs G1-2 p<0.01; Figure 
5B), with lymph node involvement (N1 vs N0 
p<0.0001; Figure 5C), and with visceral metastases (M1 
vs M0 p<0.001; Figure 5D).  
 
A ROC curve analysis was carried out to further 
validate the association of PTX3 serum levels with the 
cancer-specific survival. The analysis showed that 
PTX3 serum levels were significantly associated with 
ccRCC-specific survival (AUC:0.83, p<0.0001) and 
identified a cutoff value of 165.0 pg/mL with an 86% 
(95%CI: 73.3-94.2) specificity and a 70.7% (95%CI: 
60.7-79.4) sensitivity.  
 
Survival analysis was performed after the assignment of 
all patients to two groups according to the operational 
cut-off of PTX3. ccRCC patients with baseline serum 
PTX3 levels <165.0 pg/ml showed significantly higher 
10-year rate of overall survival, as compared with 
ccRCC patients with serum PTX3 levels >165.0 pg/ml 
(73.7% vs. 48.4%, p=0.002; Figure 6). 
 
To estimate the relative risk for cancer-specific 
survival (CSS) and progression-free survival in ccRCC 
patients showing serum PTX3 level above or below 
the operational cut-off, Cox regression analyses were 
performed using cancer-related death and recurrence 
as dependent variables, and T stage (T3-4 vs. T1-2), 
lymph node invasion (N+ vs N0), metastatic disease 
(M+ vs M0), Furhman grade (G1-2 vs. G3-4), tumor 
necrosis and size, and PTX3 serum levels as covariates 
(Table 2).  
 
KaplanMeier survival curves for cancer-specific 
survival (CSS) and progression-free survival (PFS), 
stratified by PTX3 serum levels, are shown in Figure 6. 
Both CSS and PFS were significantly decreased in 
patients with high levels of PTX3. Univariate analysis 
for the predefined variables showed that the 
pathological stage, presence of nodal and visceral 
metastases, Fuhrman grade, presence of necrosis, tumor 
size, and high levels of PTX3, were significantly 
associated with the risk of death (Table 2) and 
progression (Table 3). At multivariate analysis by Cox 
regression modeling, the pathological stage, presence of 
nodal and visceral metastases, Fuhrman grade, and high 
serum levels of PTX3, were independent adverse 
prognostic factors for CSS and PFS (Tables 2 and 3). 
 
DISCUSSION 
 
The results of the present study suggest that serum 
concentration of PTX3, a recognized modulator of 
complement system cascade, might represent a reliable 
non-invasive biomarker for the diagnosis and prognosis 
of renal cancer. Moreover, we show that an increased 
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production of PTX3 within the renal tumour may 
modulate the immunoflogosis in the ccRCC micro-
environment, by partially activating the classical 
pathway of complement system (C1q) and releasing 
pro-angiogenic factors (C3a, C5a), but inhibiting the 
complement-mediated cellular lysis due to local up-
regulation of CD59. 
 
We showed for the first time an increased expression of 
PTX3 on both renal cancer cells and ccRCC-derived 
tissues. Several reports analyzing PTX3 overexpressing 
cells have suggested that this long pentraxin may exert a 
pro-tumorigenic role by promoting tumor cell migration 
and invasion (cervical cancer, head and neck tumors)  
or proliferation (glioma), epithelial-to-mesenchymal 
transition (hepatocellular carcinoma) and macrophage 
chemotaxis [31–34]. PTX3 was also found to be an 

oncogenic phosphoinositide 3-kinase signaling critical 
target, involved in promotion of stem cell-like traits in 
basal-like breast cancers [35]. 
 
In previous observations, our research group 
demonstrated that an increased expression of PTX3 was 
related to diagnosis of prostatic cancer and to an 
increased risk of prostate cancer development, if 
assessed in patients undergoing prostate biopsy [36]. 
 
Our observations are in line with previous evidences, 
which indicate that PTX3 could modulate the tumor 
microenvironment and could be a local or systemic 
marker of cancer-related inflammation. Increased PTX3 
gene expression was reported in ovarian cancer with 
stromal signature [37], in aggressive breast cancer 
with distant bone metastases [38–40], in prostate

 

 
 

 
Figure 4. Complement system factors’ expression and co-localization with PTX3 in renal clear cell carcinoma. 
Intra-tumoral expression of PTX3 (green) and co-localization with C1q (A-D), C5b9 (E-H), CD59 (I-L), C3aR (M-P), C5R (Q-T).  
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Table 1. Clinical and pathological characteristics of patients who underwent  
radical or partial nephrectomy for ccRCC. 

Variable n=168 
Age (years) 
   median (range) 

 
62 (26-85) 

Gender, n (%) 
   Male 
   Female 

 
110 (65.5%) 
58 (34.5%) 

Dimensions (cm) 
   median (range) 

 
5.0 (3 -12) 

Pathological stage (TNM/AJCC), n (%) 
   pT1 
   pT2 
   pT3 
   pT4 

 
104 (62%) 
24 (14%) 
35 (21%) 

5 (3%) 
   pN+ 34 (20.2%) 
   cM+ 30 (17.8%) 
Fuhrman grade, n (%) 
   G1-2 
   G3-4 

 
101 (60%) 
67 (40%) 

Abbreviations: TNM/AJCC: Tumor size, Lymph Nodes affected, Metastases/American 
Joint Committee on Cancer. 

 
cancer [41], in glioblastoma [42], in anaplastic thyroid 
carcinoma [43], and in soft tissue liposarcoma [44]. 
 
In this context, the close relationship between PTX3 
overexpression, tumour microenvironment modulation 
and complement cascade activation may represent an 
interesting pathogenic mechanisms, although experi- 

mental data on the activation of the complement 
cascade in renal cancer are limited. PTX3 has been 
shown to bind C1q as well as MBL inducing the 
activation of the complement cascade [45].  
 
In our setting, we demonstrated a clear co-localization 
with C1q, but not with MBL suggesting a local 

 

 
 

Figure 5. PTX3 serum levels at baseline in patients with renal clear cell carcinoma before and after surgery ( A) and 
at different Furhman grading (B), lymphnode involvement (C) and metastasis staging (D). 
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activation of the complement system through the 
classical pathway. Interestingly, the activation of the 
complement system in our setting did not lead to the 
formation of the terminal complement complex with the 
subsequent lysis of the neoplastic cells. As in most 
neoplasia, transformed cells may activate several 
mechanisms to escape complement-dependent lysis. In 
particular, the production of CD59 or protectin, one of 
the main inhibitors of C5b-9 assembly ubiquitously 
expressed at low levels in normal conditions is 
significantly increased in many tumors [46]. Indeed, we 
observed a clear overexpression of this protein in the 
renal cancer tissues. Thus our observation strongly 
supports the hypothesis that the inhibition of the 
complement cascade may play a key role in the escape 
from immunosurveillance of neoplastic cells and might 
 

 
 

Figure 6. Kaplan-Meier estimate of 12-year cancer-specific 
survival (CSS: A) and progression-free survival (PFS: B) of ccRCC 
patients according to different PTX3 serum levels at baseline. 

represent a crucial step in the development of clinically 
evident neoplastic disease. The factors affecting CD59 
expression in this setting remain to be clarified, 
although the inflammatory milieu may represent the 
answer also for this event, since Bjorge et al. reported 
that two key pro-inflammatory cytokines, interleukin-1 
(IL-1) and tumor necrosis factor alpha, induce the 
expression of CD59 in human colonic adenocarcinoma 
cells [47]. 
 
More intriguingly, in our study, the increased 
expression of PTX3 is associated with a partial 
activation of the classical pathway of the Complement 
system with an overexpression of C1q and the receptors 
of C3a and C5a. In renal cancer, as well as in other 
tumors, the Complement system seems to emerge as a 
major regulator of cancer immunity. Complement 
effectors such as C1q, anaphylatoxins C3a and C5a, and 
their receptors C3aR and C5aR1, have been associated 
with tolerogenic cell death and inhibition of antitumor 
T-cell responses through the recruitment and/or 
activation of immunosuppressive cell subpopulations 
such as myeloid-derived suppressor cells (MDSCs), 
regulatory T cells (Tregs), or M2 tumor-associated 
macrophages (TAMs) [48–50]. 
 
Moreover, the receptor of anaphylatoxin C5a (C5aR) 
has been strongly detected in metastatic renal cell 
carcinoma and seems to plays a crucial role in cell 
invasion via the ERK and PI3 kinase pathways [51]. In 
another tumor, C3aR expression seems to contribute to 
melanoma carcinogenesis through the inhibition of 
neutrophils and CD4+T cell response [52]. In recent 
observations, the anaphylatoxins C3a and C5a seems to 
significantly contribute to cancer-related inflammation, 
recruiting myeloid suppressor cells, and promoting IL-
1β and IL-17 response in neutrophils, thus enhancing 
colon carcinogenesis [53–56]. 
 
In our setting, both C3a and C5a receptors were 
dramatically up-regulated in the renal cancer tissue, 
supporting the hypothesis that the two soluble 
modulators available in situ after the activation of the 
complement cascade may play a direct or indirect effect 
on resident cells to sustain carcinogenesis. 
 
The analysis of PTX3 serum levels before nephrectomy 
revealed that their levels were significantly higher in 
patients with ccRCC as compared with non-neoplastic 
patients. Intriguingly, after nephrectomy PTX3 levels 
significantly lowered, thus strengthening the 
relationship between intra-tumor PTX3 production and 
PTX3 serum levels. 
 
When compared to histologic and clinical grading, the 
basal levels of PTX3 resulted significantly higher in 
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Table 2. Univariate and multivariate analyses for cancer-specific survival. 

  Univariate analysis  Multivariate analysis 
   CI 95%    CI 95%  

Variable Category HR Lower Higher p value  HR Lower Higher p value 
T stage T3-4 vs T1-2 2.09 1.59 2.75 0.0001  1.56 1.14 2.13 0.004 
N stage N+ vs N0 3.49 1.84 6.60 0.001  1.25 1.01 2.68 0.02 
M stage M+ vs M0 6.15 3.44 10.97 0.0001  4.77 2.05 9.12 0.003 
Grade G3-4 vs G1-2 2.24 1.15 6.86 0.01  1.41 1.05 2.08 0.02 
Necrosis Yes vs No 2.06 1.18 3.86 0.01  - - - - 
Tumor size Continuous 1.48 1.12 2.26 0.01  - - - - 
PTX3 >165.0 vs <165.0 pg/ml 2.41 1.21 6.31 0.001  1.86 1.05 2.86 0.01 

CI: confidence interval; HR: hazard ratio. 

Table 3. Univariate and multivariate analyses for progression-free survival. 

  Univariate analysis  Multivariate analysis 
   CI 95%    CI 95%  

Variable Category HR Lower Higher p value  HR Lower Higher p value 
T stage T3-4 vs T1-2 2.27 1.76 2.93 0.0001  1.60 1.19 2.16 0.001 
N stage N+ vs N0 2.38 1.96 7.24 0.001  1.22 1.02 2.74 0.03 
M stage M+ vs M0 7.19 4.33 12.87 0.0001  5.26 2.44 11.42 0.001 
Grade G3-4 vs G1-2 2.05 1.54 2.73 0.01  1.51 1.09 2.11 0.01 
Necrosis Yes vs No 1.95 1.08 3.34 0.01  - - - - 
Tumor size Continuous 1.34 1.02 2.96 0.01  - - - - 
PTX3 >165.0 vs <165.0 pg/ml 2.01 1.31 7.41 0.01  1.56 1.03 2.95 0.01 

CI: confidence interval; HR: hazard ratio. 
 

patients with higher Furhman grading (G3-4) and with 
both lymph nodes positive distant metastases already 
present at time of diagnosis, thus suggesting a possible 
role of PTX not only as diagnostic marker but also as 
disease severity parameter. 
 
Lastly, if related to patient survival, higher PTX3 
serum levels at time of nephrectomy were associated 
with a significantly lower long-term survival, and 
shorter time to progression as shown by the Kaplan 
Meyer curves and confirmed by Cox regression 
analysis. Data from the cancer genome atlas (TCGA) 
clear cell renal cell carcinoma patient cohort (KIRC), 
confirmed our findings showing a reduced survival in 
patients with high expression levels of PTX3 
(Supplementary Figure 1). 
 
Our data seems to be in line with previous studies in 
other clinical settings. Increased circulating levels of 
PTX3 were observed in myeloproliferative neoplasms 
[57], lung cancers [58, 59], soft tissue sarcomas [60], 
gliomas [61], pancreatic and hepatocellular 
carcinomas [62, 63]. Moreover, high PTX3 levels 
were associated with advanced clinical stage and  
poor overall survival of patients with pancreatic 
carcinoma [61]. 

Taken together, our data support the potential role of 
serum PTX3 as a diagnostic and prognostic marker of 
ccRCC. Moreover, the strong involvement of 
complement system in the ccRCC microenvironment 
strongly support the idea that PTX3 up-regulation 
modulates the effector routes associated with the 
cancer-immunity cycle, providing the rationale for new 
therapeutic combinations aimed to enhance the 
antitumor efficacy of anti-PD-1/PD-L1 checkpoint 
inhibitors in this neoplasia.  
 
Our study limits are the monocentric retrospective 
analysis and the rather limited number of cases. 
However, further prospective multicenter studies are 
warranted to confirm our observations. 
 
Taken together, our results suggest that expression of 
PTX3 can modulate the immunoflogosis in the ccRCC 
microenvironment, by activating the classical pathway 
of complement system (C1q) and releasing pro-
angiogenic factors (C3a, C5a). The up-regulation of 
CD59 also inhibits the complement-mediated cellular 
lysis. Moreover, the finding of elevated serum PTX3 
levels in the ccRCC patient before nephrectomy 
suggests its potential role as biomarker of ccRCC 
diagnosis and prognosis. 
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MATERIALS AND METHODS 
 
Gene set enrichment analysis (GSEA) 
 
Clear cell-RCC transcriptome data derived from exon 
array analysis of 20 total samples (10 ccRCC tumor 
sample and their matched non-tumor kidney tissues 
samples) were used. Exon array data are deposited in 
GEO at Series accession number GSE47032. GSEA 
[64] was used to determine which pathways were 
statistically enriched across the renal cancer dataset. 
The normalized enrichment score (NES) was used to 
evaluate the extent and direction of enrichment of each 
pathway. 
 
Analysis of biological networks 
 
Pathway analysis was performed using Ingenuity 
Pathway Analysis (IPA; Qiagen). The data were 
obtained from the GSE47032 array and the gene IDs 
and fold-changes were imported into IPA software. 
Gene symbols were mapped to their corresponding gene 
object in the Ingenuity Pathways Knowledge Base 
(IKB). The networks identified are presented in maps 
showing interactions between genes. Genes are 
represented as nodes in the networks. The intensity of 
the node color indicates the degree of up- or down-
regulation (upregulation in red, downregulation in 
green). Canonical pathway analysis was used to identify 
the signaling pathways, which were most significant in 
the analyzed data set. 
 
Cell lines 
 
Three different tumor renal cell lines (RCC-SHAW, 
RCCBA85#21, primary RCC cells) were tested and 
cultured in a Roswell Park Memorial Institute medium 
(RPMI) (Sigma Aldrich, Saint Louis, MO USA), 
supplemented with 10% fetal bovine serum (FBS), 2 
mM l-glutamine, and 100 U/ml penicillin–streptomycin 
(all from Sigma-Aldrich), and incubated for 48 hours at 
37 °C, 5% CO2, as previously described [65]. As control 
lines, human HK-2 cells, a proximal tubular epithelial 
cell line of human origin, were grown in Dulbecco’s 
modified Eagle’s medium (DMEM)–F12 medium 
(Sigma-Aldrich) supplemented with 10% fetal bovine 
serum (FBS), 2 mM l-glutamine, and 100 U/ml 
penicillin–streptomycin (all from Sigma-Aldrich) at 37 
°C in a humidified atmosphere with 5% CO2 [64]. 
 
Study population and tissue collection 
 
30 primary renal tumors were collected from patients 
who underwent nephrectomy for ccRCC at Urology Unit 
of University Hospital “Ospedali Riuniti” of Foggia. 
Detailed clinical and pathological characteristics of the 

patients are summarized in Supplementary Table 1. A 
control group of 10 subject underwent renal biopsy at 
Nephrology Unit of University Hospital “Ospedali 
Riuniti” of Foggia in suspicion of chronic nephropathy, 
but with a normal renal histology, were also analyzed. 
 
Two pathologists confirmed the presence of ccRCC in 
the neoplastic tissues and excluded tumor cells in the 
healthy specimens. Tumor and normal tissues were 
collected, frozen at −80°C according to a standard 
procedure and stored. 
 
In addition, serum samples were collected from 168 
patients who underwent radical or partial nephrectomy 
for ccRCC and 40 volunteers with no evidence of 
malignancy at Urology Unit of University Hospital 
“Policlinico” of Bari. Serum samples were obtained 
from each patient at the time of nephrectomy and stored 
at -30°C. Detailed clinical and pathological 
characteristics of the patients are summarized in Table 
1. All patients were preoperatively staged by thoraco-
abdominal Computed Tomography or Magnetic 
Resonance Imaging. Tumor staging was reassigned 
according to the seventh edition of the AJCC-UICC 
TNM classification. The 2016 World Health 
Organization and Fuhrman classifications were used to 
attribute histological type and nuclear grade, 
respectively. Written informed consent to take part was 
given by all participants. The protocol for the research 
project has been approved by the local Ethics 
Committee (Decision n. 152/CE/2014 of September 03, 
2014; Ethical Committee at the University Hospital 
“Ospedali Riuniti” of Foggia).and conforms to the 
guidelines laid down by the Regional Ethics Committee 
on human experimentation and to the provisions of the 
Declaration of Helsinki in 1995. 
 
PTX-3 serum level assessment 
 
PTX-3 serum levels were tested on serum samples 
drawn at the time of nephrectomy in the whole study 
population. Circulating PTX3 was measured was 
assayed using a commercially available ELISA Kit, 
according to the manufacturer's instructions (R&D 
Systems, Minneapolis, MN), as previously described 
[66, 67]. 
 
Indirect immunofluorescence and confocal laser 
scanning microscopy  
 
A double-label immunofluorescence was performed to 
evaluate the expression of PTX-3, C1q, MBL, C3aR, 
C5R1, C5b-9 and CD59 and their eventual co-
localization. To this purpose we employed the following 
primary antibodies: rat monoclonal IgG2a anti-PTX-3 
antibody (clone MNB4, Abcam, Cambridge UK), 
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mouse monoclonal IgG2b anti-C1q (clone JL-1; 
Abcam); rabbit monoclonal IgG anti-Mannose Binding 
Lectin (anti-MBL) (clone EPSISR5; Abcam); rabbit 
polyclonal IgG anti-C3aR (Abcam); mouse monoclonal 
IgG2a anti-C5R1/CD88 (clone P12/1; Abcam); mouse 
monoclonal IgG2a anti-C5b-9 (clone aE11; Abcam); 
rabbit polyclonal IgG anti-CD59 (Sigma-Merck KGaA, 
Darmstadt, Germany). 
 
Frozen tissue sections were incubated at 4°C over night 
with a mixture of primary antibodies diluted 1:100 in 
PBS pH 7.4. The immune complexes were detected 
using the Alexa-Fluor 488 goat anti-rat and 546 goat 
anti-mouse IgG and 546 goat anti-rabbit IgG (all from 
Alexa, Thermo Fisher, Waltham, MA). 
 
After washing in PBS (3x5’) the sections and the 
negative control were incubated 1h at room temperature 
with goat anti-rat IgG 488 and goat anti-mouse IgG 546 
or goat anti-rabbit IgG 546, as appropriate. All 
secondary antibodies were used at a dilution of 1:250. 
 
To stain the nuclei, after washing in PBS pH 7.4 (3×5’) 
samples were incubated with TO-PRO diluted 1:5000 in 
PBS pH 7,4 (Invitrogen-Molecular Probe, Thermo 
Fisher, Waltham, MA). The slides were mounted in Gel 
Mount (Sigma) and sealed. 
 
Specific fluorescence was evaluated by confocal 
microscopy using the Leica TCS SP5 (Leica, Wetzlar, 
Germany) equipped with argon-krypton (488 nm), 
green-neon (543 nm), and helium-neon (633 nm) lasers. 
Fluorescence quantification was performed as pre-
viously described [68, 69]. 
 
Statistical analysis 
 
Statistical analysis was performed as described 
elsewhere [69, 70, 71]. In detail, statistical calculations 
were performed with MedCalc 9.2.0.1 (MedCalc 
software, Mariakerke, Belgium) and PASW 18 software 
(PASW 18, SPSS, Chicago, Ill, USA).  Comparisons of 
median protein values between different groups were 
evaluated by Mann–Whitney U test. Receiver Operating 
Characteristic (ROC) curve analysis was performed to 
identify the PTX3 cut-off for survival stratification.  
 
In the cancer-specific survival (CSS) analysis, patients 
who died of RCC unrelated causes or were lost to 
follow-up were censored. Progression-free survival 
(PFS) was calculated from the date of surgery to the 
date of disease recurrence. Estimates of CSS and PFS 
were calculated according to the Kaplan–Meier method 
and compared with the log-rank test. Univariate and 
multivariate analyses were performed using the Cox 
proportional hazards regression model to identify the 

most significant variables for predicting CSS and PFS. 
A backward selection procedure was performed with 
removal criterion P > 0.10 based on likelihood ratio 
tests. A P-value of < 0.05 was considered statistically 
significant.  
 
Ethics approval  
 
The present study involving human participants was 
approved by the local ethical committee (Decision n. 
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Committee at the University Hospital “Ospedali 
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present study were in accordance with the ethical 
standards of the Declaration of Helsinki and all the 
enrolled patients provided an informed consent to 
participate to the present study. 
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SUPPLEMENTARY MATERIALS 
 
Supplementary Figure 
 

 
 
 

 

 
 

Supplementary Figure 1. Kaplan-Meier survival curves, stratified by the expression level (FPKM) of PTX3 in the tumor tissue 
at the time of diagnosis. Data from the cancer genome atlas (TCGA) clear cell renal cell carcinoma patient cohort (KIRC). 
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Supplementary Table 
 
 

Supplementary Table 1. Clinical and pathological characteristics of patients  
with renal clear cell carcinoma subjected to PTX3 tissue expression analysis. 

Clinical characteristics of RCC patients  
   Patients, n 30 
   Age, n 59.1±11.1 
   Female Gender, n (%) 13 (43.3%) 
   Diabetes Mellitus, n (%) 11 (36.7%) 
   C reactive protein (CRP), mg/dL 4.5±1.5 
   CKD-EPI eGFR, ml/min/1.73 m2 94.5±10.5 
Histologic characterization of of RCC patients  
   Furhman Grading  G 1 5 (16.7%) 
  G 2 18 (60.0%) 
  G 3 4 (13.3%) 
  G 4 3 (10.0%) 
   TNM/AJCC Staging  pT1a 5 (16.7%) 
  pT1b 13 (43.3%) 
  pT2a 5 (10.0%) 
  pT2b 3 (10.0%) 
  pT3a 4 13.3%) 
  pT3b-c  0 (0.0%) 

  pT4 0 (0.0%) 

Abbreviations: CKD-EPI, Chronic Kidney Disease EPIdemiology Collaboration; eGFR,  
estimated Glomerular Filtration Rate; TNM/AJCC: Tumor size, Lymph Nodes affected, 
Metastases/American Joint Committee on Cancer. 
Values are expressed as mean ± standard deviation, or number of cases and (percentage). 
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INTRODUCTION 
 

Bladder cancer (BC) is the most common malignancy 

of the urinary tract and ranks as the fourth most 

common cancer in men [1]. Tumours of the urinary 

bladder present either as non-muscle-invasive bladder 

cancer (NMIBC) or as muscle-invasive bladder cancer 

(MIBC). Approximately 75% of BC patients present 

with NMIBC at first diagnosis (Ta, T1 or tumour in 

situ (Tis)), and 25% present with muscle-invasive 

disease with a high risk of death from distant 

metastasis [2, 3]. Approximately 70% of NMIBCs 

recur, and the tumours of as many as 10% to 20% of 

patients will eventually progress to muscle-invasive 

cancer after treatment [4]. Different interventions 

against NMIBC change the biological and clinical 

behaviour of the disease [5]. Thus, early diagnosis and 

monitoring of the progression of BC are critical for 

successful treatment. 

Cystoscopy and voided urine cytology are the most 

commonly used methods for the diagnosis and 

monitoring of BC recurrence and progression. 

Cystoscopy, the gold standard for the detection of BC, 

allows direct visualization and biopsy of the bladder 

urothelium. However, cystoscopy is invasive and 

relatively expensive, which limits its use. Cytologic 

testing of voided urine is the most commonly utilized 

non-invasive method for detecting BC. Voided urine 

cytology has good sensitivity for high-grade BC, but its 

sensitivity for the detection of low-grade tumours is 

only 4% to 31% [6]. Over the last decade, some urine-

based assays, including one involving nuclear mitotic 

apparatus protein 22 (NMP22), a marker that has been 

marketed to diagnose BC, have been developed, but no 

markers have reached widespread use due to their low 

specificities [7–10]. Thus, cost-effective and non-

invasive tools for the early diagnosis and lifelong 

surveillance of BC are urgently needed. 
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ABSTRACT 
 

Bladder cancer (BC) is the most common malignancy of the urinary tract. We developed a new and ELISA kit 
for detecting aberrantly glycosylated integrin α3β1 (AG31) in human urine. We analysed urine samples 
(n=408) of patients with BC, renal cell carcinoma (RCC), prostate cancer (PC), cystitis, nephritis, and 
prostatitis from two centres in China. The subjects in the validation groups (n=2317) were recruited from 
other centres in China between July 2012 and September 2013. Receiver operating characteristic (ROC) 
curves were used to determine diagnostic accuracy. AG31 levels in urine samples were significantly higher in 
patients with BC than in any of the control subjects. Moreover, elevated levels of AG31 in urine could 
distinguish BC from benign inflammatory diseases. Finally, the urinary AG31 test was much more sensitive 
and specific than the NMP22 test. Therefore, the urinary AG31 test will provide an ideal and assay for the 
detection of BCs. 
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Integrins, a large family of cell membrane receptors, are 

involved in a variety of processes, including cell 

proliferation, migration, and cell extracellular matrix 

adhesion [11]. Integrin α3β1 acts as a high-affinity 

receptor for laminin, fibronectin, and collagen, whose 

interactions play critical roles in organogenesis and the 

maintenance of epithelial tissues [12, 13]. It has been 

reported that glycosylated integrin α3β1 appears in BC 

cells [14]. Notably, aberrant glycosylation has been 

implicated in the tumourigenesis of several tumour 

types [15, 16]. We previously generated an antibody, 

BCMab1, that specifically recognizes the aberrantly 

glycosylated integrin α3β1 (AG31) epitope on the 

membranes of BC cells [17]. We demonstrated that 

AG31 is specifically expressed in BC tissues but not in 

normal or other tumour tissues. AG31-mediated 

signalling triggers FAK activation in the tumourigenesis 

of BC. Furthermore, AG31 expression levels in tumour 

tissues are positively correlated with clinical severity 

and the prognosis of BC patients [17]. In this large-

scale, multicentre validation study, we developed an 

ELISA-based assay to quantitatively detect AG31 levels 

in the voided urine of patients with BC or other urologic 

tumours. Our data show that the urinary AG31 test is a 

promising assay for the detection of BC. 

RESULTS 
 

Study groups 

 

We recruited 2725 participants overall: 408 in the test 

groups and 2317 in the validation groups (Figure 1). Of 

all the participants, 1314 had BC, and their 

demographic characteristics, modes of presentation, 

tumour stages and tumour grades are summarized in 

Table 1. The test population was predominantly male 

(78.8%), and 46.7% were over 63 years of age. Of those 

with a recorded presentation, 10.3% had visible 

haematuria, and 89.7% had non-visible haematuria. A 

total of 72.8% of patients had no recurrence, 14.7% 

experienced recurrence, and 12.5% were lost to follow-

up. A total of 1130 BC patients were enrolled into the 

validation groups, and their clinicopathological 

characteristics were well matched to those of the test 

groups (Table 1); these two groups were well matched 

for age. Additionally, the patients with non-BC urologic 

conditions were also matched for age. Cut-off points 

were set as follows: 65 years of age for RCC, PC and 

cystitis patients, 47 years of age for nephritis patients, 

and 57 years of age for prostatitis patients 

(Supplementary Table 1). 

 

 
 

Figure 1. Patient selection process and classification. Overall patient selection process and their classification based on types 
of diseases. 
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Table 1. Demographic and clinicopathologic characteristics of patients with bladder cancer in the test and validation 
groups. 

Variable 
 Test (n=184)  Validation (n=1130) 

p value 
 No. Percentage (%)  No. Percentage (%) 

Age (y)       

 ≤63 92 50.0  490 43.4 

 >63 86 46.7  609 53.9 

 Missing 6 3.3  31 2.7  

Gender         

 Female 32 17.4  234 20.7 

 Male 145 78.8  868 76.8 

 Missing 7 3.8  28 2.5  

Pathological stage        

 Ta+ T1 134 72.8  924 81.8 

 T2+T3+T4 50 27.2  206 18.2 

Pathological grade       

 G1 69 37.5  279 24.7 

 G2+G3 114 62.0  851 75.3 

 Missing 1 0.5     

Hematuria       

 Visible  19 10.3  360 31.9 

 Not-visible 165 89.7  770 68.1 

Tumor recurrence        

 Yes 27 14.7  188 16.6 

 No 134 72.8  887 78.5 

 Missing 23 12.5  55 4.9  

 

Urinary AG31 is a sensitive marker for the detection 

of bladder cancer 
 

To detect AG31 levels in voided urine samples, an 

ELISA-based assay kit was developed by our laboratory 

(Supplementary Figure 1A). We generated several 

monoclonal antibodies that could recognize the AG31 

molecule on BC tumours as previously described [17]. 

For establishment of the ELISA, we screened out an 

antibody termed BCMab3 as the capture antibody, 

which could strongly bind to AG31. The BCMab1 

antibody also specifically recognizes AG31 on BC 

tumours [17], and BCMab1-conjugated horseradish 

peroxidase (HRP) served as the detection antibody. This 

ELISA kit could be used to accurately measure urinary 

AG31 levels (Supplementary Figure 1B). Relative light 

units (RLUs) were used to indicate the test levels of 

AG31 concentrations in urine. 

 

In the test group, urinary AG31 concentrations in the 

BC patients were significantly higher than those in the 

healthy controls (median 6525, interquartile range 

(IQR) 3600-26,585; mean 54,768, standard definition 

(SD) 276,559 [BC patients] vs median 576, IQR 378-

988; mean 859, SD 819 [healthy controls]; p<0.0001) 

(Figure 2A, and Supplementary Table 2). Notably, the 

urinary AG31 levels in patients with RCC, PC, cystitis, 

nephritis, or prostatitis were comparable to those in 

healthy individuals (Figure 2A and Supplementary 

Table 2). The ROC curves were plotted for urinary 

AG31 in BC patients versus different test groups. For 

BC patients from all test groups, the area under the 

curve (AUC) of AG31 was 0.9567 (95% CI 0.9337-

0.9797), with a sensitivity of 90.76% and specificity of 

91.52% (Figure 1C, and Table 2). The optimum cut-off 

value was set to 1991 (Supplementary Figure 1C). The 

four ROC curves of AG31 levels between the BC 

patients and different test groups showed that the AUCs 

were greater than 95% (Figure 2C, and Table 2). These 

results were confirmed by the corresponding validation 

group tests (Figure 2B, 2D). Predictive values and 

likelihood ratios for AG31 in the diagnosis of BC are 

shown in Table 2. Altogether, the urinary AG31 test can 

distinguish BC patients from patients with other 

urologic tumours and benign inflammatory diseases. 

 

Urinary AG31 levels are well correlated with the 

clinicopathologic features of bladder cancer 
 

In the test group, the urinary AG31 levels of the BC 

patients with different disease stages were much higher 

than those of the healthy controls (Figure 3A, and 

Supplementary Table 2). Moreover, urinary AG31 

levels were significantly increased in patients with high-
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stage BC. These observations were further confirmed in 

the validation group (Figure 3B and Supplementary 

Table 2). Furthermore, the AUCs for the AG31 levels of 

the BC patients with the different disease stages were 

greater than 92%, with sensitivities over 89% and 

specificities over 90% (Supplementary Figure 2, and 

Supplementary Table 3). Similarly, urinary AG31 levels 

increased with advancing pathological grade (Figure 

3C, D, Supplementary Figure 3, Supplementary Tables 

2, 3). Correlation analysis showed that urinary AG31 

levels were positively correlated with tumour stage and 

grade (both p<0.01). Taken together, these data indicate 

that AG31 levels are well correlated with the 

clinicopathologic features of BCs. 

 

Urinary AG31 test is diagnostically accurate for 

NMIBC patients 

 

Approximately 70% of BC patients with NMIBC 

(Tis+Ta+T1) will experience one or more recurrences 

after transurethral resection (TUR), and the BCs 10%-

20% of patients will eventually progress to MIBC  

(3,26). Regarding recurrence and progression, patients 

with NMIBC are classified as low/intermediate- and

 

 
 

Figure 2. Urinary AG31 levels are elevated in bladder cancers in the test and validation groups. (A) Urinary AG31 levels for test 
groups. (B) Urinary AG31 levels for validation groups. Black horizontal lines are means, and error bars are SEs. Urinary AG31 levels were 
measured with RLU (relative light unit). HC, healthy control; BC, bladder cancer; RCC, renal cell carcinoma; PC, prostate cancer. (C) ROC 
curves for all patients with bladder cancer versus all controls in the test groups. (D) ROC curves for all patients with bladder cancer versus all 
controls in the validation groups. Jagged curves denote ROC curves; diagonal lines represent reference lines. HC, healthy control; BC, bladder 
cancer; RCC, renal cell carcinoma; PC, prostate cancer. 



 

www.aging-us.com 10848 AGING 

Table 2. Urinary AG31 test for the diagnosis of bladder cancers. 

 Test        Validation       

 AUC 

(95% CI) 

Sensitivity Specificity PPV NPV Positive 

LR 

Negative 

LR 

 AUC 

(95% CI) 

Sensitivity Specificity PPV NPV Positive 

LR 

Negative 

LR 

BC vs HC+Cystitis+Nephritis+Prostatitis+RCC+PC           

 

0.9567 

(0.9337-

0.9797) 

0.9076  0.9152  0.8978  0.9234  10.7002  0.1010  

 0.9760 

(0.9694-

0.9826) 

0.9230  0.9292  0.9255  0.9269  13.0430  0.0829  

BC vs HC               

 

0.9597 

(0.9368-

0.9826) 

0.9076  0.9153  0.9435  0.8640  10.7098  0.1009  

 0.9801 

(0.9741-

0.9862) 

0.9230  0.9442  0.9684  0.8686  16.5327  0.0815  

BC vs Cystitis+Nephritis+Prostatitis          

 

0.9500 

(0.9200-

0.9801) 

0.9076  0.9104  0.9653  0.7821  10.1350  0.1015  

 0.9714 

(0.9636-

0.9791) 

0.9230  0.9108  0.9729  0.7728  10.3441  0.0845  

BC vs RCC+PC           

 

0.9592 

(0.9328-

0.9856) 

0.9076  0.9231  0.9824  0.6792  11.7989  0.1001  

 0.9720 

(0.9644-

0.9796) 

0.9230  0.9170  0.9803  0.7273  11.1201  0.0840  

HC, healthy control; BC, bladder cancer; RCC, renal cell carcinoma; PC, prostate cancer; AUC, area under curve; PPV, positive 
predictive value; NPV, negative predictive value; LR, likelihood ratio; CI, confidence interval. 
 

high-risk groups (5,27). We next wanted to determine 

whether the urinary AG31 test could distinguish 

NMIBC patients. Of all the BC patients recruited, 1058 

were classified as having stage Ta or T1 disease. The 

mean AG31 level of the Ta-stage patients was 13.49 

times higher than that of the healthy controls in the test 

group (Figure 3A and Supplementary Table 2). In 

contrast, the mean AG31 level of the T1-stage patients 

was 32.11 times higher than that of the healthy controls. 

For the patients with NMIBC, ROC curves showed that 

the AUC of the AG31 levels was 0.9524 (95% CI 

0.9248-0.9800), with a sensitivity of 91.04% and 

specificity of 91.35% in the test group compared with 

the patients with benign inflammatory diseases and the 

healthy controls (Figure 4A, and Table 3). When the 

NMIBC patients were compared only with the healthy 

controls, the AUC of the AG31 levels was 0.9574 (95% 

CI 0.9310-0.9838), with a sensitivity of 91.04% and 

specificity of 91.53% in the test group. Similar results 

were obtained in the validation groups (Figure 4B, and 

Table 3). Importantly, the diagnostic accuracy of the 

AG31 test was not affected by age, sex, or haematuria 

in BC patients (Supplementary Table 4). Altogether, 

these findings indicate that the urinary AG31 test is 

diagnostically accurate for NMIBC patients. 

 

The urinary AG31 test is much more sensitive and 

specific than the NMP22 test  

 

NMP22, a member of the nuclear matrix protein 

(NMP) family, is much more prevalent in malignant 

urothelial cells than in normal cells. Given that NMP22 

is released into urine upon cell apoptosis, NMP22 is 

significantly elevated in the urine of BC patients 

compared to that of healthy individuals. The NMP22 

test kit was approved by the U.S. Food and Drug 

Administration (FDA) for use in surveillance of BC. 

Given that the NMP22 test was used as a biomarker for 

the auxiliary diagnosis of BC, we applied the urinary 

NMP22 test and compared the results to those of the 

AG31 test. To further assess the diagnostic accuracy of 

the AG31 assay, we measured AG31 and NMP22 

levels in freshly voided urine samples from BC patients 

(n=53) and healthy individuals (n=54). The AUC of the 

AG31 levels was 99.65% (95% CI: 0.9906-1.0020), 

with a sensitivity and specificity for the detection  

of BC of 90.57% and 98.15%, respectively 

(Supplementary Figure 4A, 4B). However, the AUC of 

NMP22 levels was 74.11% (95% CI: 0.6476-0.8346), 

and the sensitivity and specificity for the detection of 

BC were 47.17% and 87.04%, respectively. 

Discordances between the AG31 test and NMP22 test 

were assessed using the nonparametric McNemar test, 

and the p value was 0.01. Importantly, the predictive 

values and likelihood ratios for AG31 were much better 

than those for NMP22 (Supplementary Figure 4C). In 

summary, the AG31 test in urine has a better diagnostic 

accuracy for BC than the NMP22 test. 

 

DISCUSSION 

 
We previously generated a monoclonal antibody, 

BCMab1, that specifically recognizes the AG31 antigen 

on BC tumours [17]. AG31 expression levels in tumour 

tissues are well correlated with the clinical severity and 

prognosis of BC patients. In our large-scale, multicentre
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Figure 3. Urinary AG31 levels distinguish between stages and grades of bladder cancer. (A, B) Urinary AG31 levels of bladder 
cancer patients with different disease stages versus healthy controls in the test groups (A) and in the validation groups (B). (C, D) Urinary 
AG31 levels of bladder cancer patients with different grades versus healthy controls in the test groups (C) and in the validation groups (D). 
HC, healthy controls; RLU, relative light unit. 

 

 
 

Figure 4. ROC curves for urinary AG31 levels in the detection of NMIBC patients. (A) ROC curves for patients with NMIBC versus 
the controls in the test groups. (B) ROC curves for patients with NMIBC versus the controls in the validation groups. Jagged curves denote 
ROC curves; diagonal lines represent reference lines. HC, healthy control; NMIBC, non-muscle-invasive bladder cancer. 
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Table 3. Results for measurement of urinary AG31 in the diagnosis of non-muscle invasive bladder cancer (NMIBC) 
patients. 

Test        Validation       

AUC  

(95% CI) 
Sensitivity Specificity PPV NPV 

Positive  

LR 

Negative  

LR 
 

AUC  

(95% CI) 
Sensitivity Specificity PPV NPV 

Positive  

LR 

Negative  

LR 

NMIBC vs HC            

 0.9574 

 (0.9310- 

 0.9838) 

0.9104  0.9153  0.9242  0.9000  10.7433  0.0978   

0.9790 

(0.9720-

0.9860) 

0.9232  0.9442  0.9617  0.8901  16.5354  0.0814  

NMIBC vs HC+Cystitis+Nephritis+Prostatitis           

 0.9524 

 (0.9248- 

 0.9800) 

0.9104  0.9135  0.8841  0.9337  10.5271  0.0980   

0.9758 

(0.9684-

0.9833) 

0.9232  0.9325  0.9312  0.9246  13.6862  0.0824  

HC, healthy control; NMIBC, non-muscle invasive bladder cancer; PPV, positive predictive value; NPV, negative predictive 
value; LR, likelihood ratio; CI, confidence interval. 
 

 

study, we developed an ELISA kit based on BCMab1 and 

measured AG31 levels in the voided urine of BC patients. 

We show that urinary AG31 levels are substantially 

elevated in BC patients. The cut-off value was chosen to 

be 1991, and both the sensitivity and specificity of AG31 

for the diagnosis of BC were over 90%. Moreover, the 

AG31 test could distinguish BC patients from healthy 

controls. Thus, urinary AG31 is a sensitive and specific 

biomarker for the detection of BC. 

 

The diagnosis of BC currently depends on cystoscopy 

and urine cytology. Both examination methods have 

disadvantages and limitations. Cystoscopy is invasive, 

expensive, and associated with post-cystoscopy pain 

and/or risk of urinary infections [26, 27]. Cystoscopy is 

prone to missing flat lesions, such as those in patients 

with early Tis-stage BC, whereas urine cytology has a 

tendency to miss well-differentiated low-grade lesions 

[6, 28]. Furthermore, both methods rely on observer 

expertise, thus limiting their clinical applications. As 

such, there is an urgent need for a better, simpler, and 

cheaper diagnostic test in the diagnosis and surveillance 

of BC in patients. Over the last decade, several urine-

based assays have been developed and become 

commercially available, including the NMP22, 

ImmnoCyt, and BTA stat tests [6, 29]. More recently, 

other associated protein biomarkers have been reported 

to be useful as urinary markers for the detection of BCs 

[7, 30, 31]. Given that these markers are not specific to 

BC, their specificities for the diagnosis of BC are 

usually low. Therefore, no markers have reached 

widespread use to date. Here, we utilized BCMab1, 

which recognizes the BC-specific membrane protein 

AG31, to develop an ELISA-based kit for the detection 

of AG31 released in urine. 

 

Early diagnosis and vigilant surveillance of recurrences 

will immediately provide an ideal therapeutic strategy 

to treat BC patients. Our data show that the AG31 test 

has high sensitivity and specificity for detecting BCs, 

including early-stage BCs. Among the NMIBC patients, 

638 were first diagnosed with Ta-stage BC. The AG31 

test can detect Ta patients with 90.9% sensitivity and 

91.5% specificity compared to healthy controls. 

Importantly, the AG31 test can also detect low-grade 

tumours with over 90% sensitivity and specificity. 

Thus, the urinary AG31 test is an ideal examination tool 

for the early diagnosis of BCs. 

 

Due to the lack of disease-specific symptoms, the 

diagnosis and follow-up of BC remains a major 

challenge. The most common presenting symptom of 

BC is gross painless haematuria, usually accompanied 

by unexplained urinary frequency, urgency, or irritative 

voiding symptoms [4]. These symptoms are quite 

similar to those of other benign urinary infections or 

malignancies. To date, no biomarker has been validated 

for the differential diagnosis of these urinary diseases. 

Here, we show that the urinary AG31 test solely and 

specifically detects BCs but not other benign urinary 

infections (cystitis, nephritis or prostatitis) or other 

urinary malignancies, such as RCC and PC. More 

importantly, haematuria does not influence the detection 

sensitivity or specificity of AG31 for BCs. 

 

For diagnostic evaluation of the urinary AG31 test in 

this study, we set the cut-off value to 1991. At this cut-

off point, the sensitivity and specificity for the detection 

of BC are 90.76% and 91.52%, respectively. If the 

urinary AG31 detection kit is used for routine health 

screening, the cut-off point can be chosen to be 6027, in 

which the specificity for BC diagnosis is 100% 

(sensitivity is 51.63%). At this level, almost no healthy 

individual is predicted to have a false positive result. In 

contrast, if the urinary AG31 detection kit is applied to 

monitor therapeutic response, the cut-off point can be 
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set to 1090, whose sensitivity for BC diagnosis is 

96.74% (specificity is 77.68%). Therefore, the urinary 

AG31 test will serve as an ideal test tool for routine 

screening of BC patients. 

 

The NMP22 test kit, approved by the FDA, is available 

for clinical application. Although urinary NMP22 is 

elevated in BC, dead and dying urothelial cells in other 

malignancies or inflammatory conditions can also 

release NMP22, thus decreasing its specificity [32, 33]. 

Several studies have reported that the sensitivity of 

NMP22 ranges from 33% to 100%, and the specificity 

ranges from 40% to 93% [34]. We measured NMP22 

and AG31 levels in voided urine samples from BC 

patients and healthy controls. The sensitivity of the 

urinary NMP22 test is only 47.17%, which is much 

lower than that of the AG31 test. In conclusion, the 

urinary AG31 test is a sensitive and specific diagnostic 

test for BC that detects BCs of all stages and grades. 

Thus, the AG31 test will act as a promising urinary 

marker for the detection of BC. 

 

MATERIALS AND METHODS 
 

Primary antibodies 
 

BCMab1 and BCMab3 monoclonal antibodies, which 

specifically recognize the AG31 epitope on the 

membranes of BC cells, were generated by our group 

[17]. BCMab3 was used as the capture antibody, and 

BCMab1 served as the detecting antibody. BCMab1 

was conjugated to HRP by linkage of 2 imine-carbon 

(1-ethyl-3-(3-dimethylaminopropyl)-carbodiimide, 

EDC) as described previously [18, 19]. 

 

Study population 
 

From January to June 2012, we enrolled consecutive 

patients with BC from the Peking University People’s 

Hospital (Beijing, China) and Cancer Institute and 

Hospital, Chinese Academy of Medical Science 

(Beijing, China) for constitute our test group. During 

the same time period, we also recruited consecutive 

patients with RCC, prostate cancer (PC), cystitis, 

nephritis, or prostatitis and healthy control subjects 

from The First Affiliated Hospital of Shenzhen 

University (Shenzhen, China). From July 2012 to 

September 2013, validation groups comprising patients 

with BC, RCC, PC, cystitis, nephritis, or prostatitis and 

healthy control subjects were recruited from The First 

Affiliated Hospital of Zhejiang University (Hangzhou, 

China), The Second Affiliated Hospital of Kunming 

Medical University (Kunming, China), Renji Hospital 

Affiliated to Shanghai Jiaotong University School of 

Medicine (Shanghai, China), and The First Affiliated 

Hospital of Jilin University (Changchun, China). 

The presence of BC was confirmed by cystoscopy, 

together with histopathological information obtained 

after subsequent surgical interventions. Tumours were 

graded according to the WHO criteria [20, 21], and 

tumour stages were defined according to the tumour-

node-metastasis (TNM) staging system [22]. BC 

patients in this study were subdivided into five stages 

(Ta, T1, T2, T3, and T4) and three pathological grades 

(G1, G2, and G3). For the purpose of this study, we 

classified TNM stage Tis tumours and Ta tumours 

including stage Ta, Ta and T1 tumours as NMIBC. The 

diagnoses of cystitis and nephritis were based on 

symptoms, physical examination and the results of the 

urine culture, according to the guidelines of the 

Infectious Diseases Society of America and the 

European Society for Microbiology and Infectious 

Diseases [23]. The diagnosis of prostatitis was based on 

clinical, laboratory, and imaging evidence (X-ray, 

ultrasonography, CT, or MRI) [24, 25]. The presence of 

RCC was confirmed by symptoms, imaging studies (CT 

or MRI), laboratory data, and renal tumour biopsy. The 

diagnosis of PC was based on digital rectal 

examination, the prostate-specific antigen test, imaging 

evidence (transrectal ultrasonography, CT, MRI, or 

ECT), prostate biopsy, and pathohistological 

examination of radical prostatectomy specimens, 

according to the clinical guidelines of the European 

Association of Urology. The healthy control subjects 

were eligible volunteers with no diseases of 

the urinary system, no viral hepatitis and no malignant 

diseases. Individuals who had a history of other solid 

tumours were excluded from the study. 

 

For the test groups, we enrolled patients with BC, RCC, 

PC, cystitis, nephritis, or prostatitis, along with healthy 

control subjects, from January to June 2012. For the 

validation groups, patients with BC, RCC, PC, cystitis, 

nephritis, or prostatitis and healthy control subjects 

were recruited from July 2012 to September 2013. 

These two groups were matched for age (≤63 years 

versus >63 years) and sex for comparisons of AG31 

values. In this study, all urine samples of the patients 

with BC, RCC, PC, cystitis, nephritis or prostatitis were 

collected before treatment. Data collection and analysis 

were performed by three independent researchers (YD, 

CL, and QZ). Approval for the study was obtained from 

the institutional ethics review committee of each study 

centre. Written informed consent was obtained from all 

participants, according to the committees’ regulations. 

 

Measurement of urine samples for the AG31 test 

 

Each well of a 96-well Nunc-Immuno microtiter plate 

with a MaxiSorp surface (Nalge Nunc, Penfield, NY, 

USA) was coated with 100 μL of a 4 μg/mL solution of 

BCMab3 in 50 mM carbonate buffer (pH 9.5), and 

javascript:void(0);
javascript:void(0);
javascript:void(0);
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plates were incubated at room temperature overnight. 

The wells were then blocked with 120 μL of 10 mM 

phosphate buffer (pH 7.4) containing 1% bovine serum 

albumin and 1% gelatine at 37 °C for 2 h. The plates 

were washed four times with PBS containing 0.05% 

Tween-20 and then dried at room temperature. These 

plates were kept at 4 °C. For the urinary AG31 test, 50 

μL of urine samples and 50 μL of HRP-BCMab1 (1 

ng/mL) were added to each well and incubated at 37 °C 

for 1 h. After the plates were completely washed, they 

were dried at room temperature. A total of 100 μL of 

freshly prepared substrate solution was added to each 

well and stirred. Chemiluminescence intensity was 

measured with a chemiluminescence apparatus 

(Hamamatsu Photonics, Beijing, China). 

 

NMP22 measurement 

 

A commercial ELISA kit (Alere Scarborough Inc., 

Scarborough, ME, USA) was used for auxiliary 

diagnosis of BC as a biomarker. According to the 

manufacturer’s protocol for the NMP22 test, urinary 

NMP22 levels were measured for comparison. 

 

Statistical analysis 

 

Statistical analyses were conducted with SPSS for 

Windows (version 16.0) and GraphPad Prism statistical 

software (version 5.01). The Mann-Whitney U test was 

used to assess differences between two independent 

groups, such as the levels of urinary AG31 between the 

patients with BC and the healthy controls. The 

differences in clinicopathological stages or grades were 

assessed using the Kruskal-Wallis H test, which was 

used to analyse multiple variables. Receiver operating 

characteristic (ROC) analysis was used to characterize 

marker performance, and ROC curves were constructed 

to assess sensitivity, specificity, and the respective areas 

under the curve (AUCs) with 95% confidence intervals. 

In the ROC curves, the true positive rate (sensitivity) is 

plotted against the false positive rate (1-specificity) for 

different cut-off points of a parameter. We chose the 

optimum cut-off value for diagnosis by maximizing the 

sum of sensitivity and specificity and minimizing the 

overall error (square root of the sum [1-sensitivity]2 + 

[1-specificity]2) and by minimizing the distance of the 

cut-off value to the top-left corner of the ROC curve. 

The correlations between the levels of AG31 in urine 

and clinicopathological characteristics were analysed 

using Pearson’s chi-square test (χ2) or Fisher’s exact 

test. The bivariate correlation and the Spearman 

correlation coefficient were used to assess the 

magnitude of the correlation between urinary AG31 

levels and tumour stages or grades. Discordances 

between the AG31 test and NMP22 test were assessed 

using the nonparametric McNemar test. In all statistical 

analyses, a p value of 0.05 or less was considered 

statistically significant. 
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SUPPLEMENTARY MATERIALS 
 

Supplementary Figures 

 

 

 

 

 

 

 

 

 
 

Supplementary Figure 1. Development of the urinary AG31 test kit. (A) Strategy of the ELISA-based AG31 test assay. (B) Calibration 
curve of the AG31 test with the standards. AG31: aberrantly glycosylated integrin α3β1; BCMab1: one monoclonal antibody against AG31; 
BCMab3: another monoclonal antibody against AG31; HRP: horseradish peroxidase; RLU: relative light unit. (C) The optimum cut-off value 
was set to 1991. 
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Supplementary Figure 2. Diagnostic capabilities of urinary AG31 test in discriminating bladder cancer patients with different 
stages versus healthy controls. (A, B) Receiver operating characteristic (ROC) curve for patients with Ta stage versus healthy controls in 
the test group (A), and in the validation group (B). (C, D) ROC curve for patients with T1 stage versus healthy controls in the test group (C), 
and in the validation group (D). (E, F) ROC curve for patients with T2 stage versus healthy controls in the test group (E), and in the validation 
group (F). (G, H) ROC curve for patients with T3 stage versus healthy controls in the test group (G), and in the validation group (H). (I, J) ROC 
curve for patients with T4 stage versus healthy controls in the test group (I), and in the validation group (J). A jagged curve denotes a ROC 
curve; a diagonal line represents a reference line. HC, healthy controls. 
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Supplementary Figure 3. Diagnostic capabilities of urinary AG31 test in discriminating bladder cancer patients with different 
grades versus healthy controls. (A, B) Receiver operating characteristics (ROC) curve for BC patients with G1 versus healthy controls in 
the test group (A), and in the validation group (B). (C, D) ROC curve for BC patients with G2 versus healthy controls in the test group (C), and 
in the validation group (D). (E, F) ROC curve for BC patients with G3 versus healthy controls in the test group (E), and in the validation group 
(F). A jagged curve denotes a ROC curve; a diagonal line represents a reference line. HC, healthy controls. 
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Supplementary Figure 4. The urinary AG31 test is more sensitive and specific than the NMP22 test. (A) ROC curves for AG31 and 
NMP22 for the patients with bladder cancer versus healthy controls in the test group. Jagged curves denote ROC curves; the diagonal line 
represents a reference line. (B) The rates of positive results for AG31 or NMP22 in all tested bladder cancer patients in the test group. (C) 
Comparison of the AG31 test with NMP22 test for the diagnosis of bladder cancer. 
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Supplementary Tables 
 

Supplementary Table 1A. Age distribution of patients with renal cell carcinoma (RCC) in the test and validation 
groups. 

Variable 

 
Test (n=23)  Validation (n=134) 

p value  
No. Percentage (%)  No. Percentage (%) 

Age (years)       
 ≤65 14 60.9  66 49.3 
 >65 9 39.1  68 50.7 

 

Supplementary Table 1B. Age distribution of patients with prostate cancer (PC) in the test and validation groups. 

Variable 
 Test (n=16)  Validation (n=119) 

p value 
 No. Percentage (%)  No. Percentage (%) 

Age (years)       
 ≤65 12 75.0  65 54.6 
 >65 4 25.0  54 45.4 

 

Supplementary Table 1C. Age distribution of patients with cystitis in the test and validation groups. 

Variable 

 
Test (n=21)  Validation (n=107) 

p value 
 No. Percentage (%)  No. Percentage (%) 

Age (years)       
 ≤65 9 42.9  56 52.3 
 >65 12 57.1  51 47.7 

 

Supplementary Table 1D. Age distribution of patients with nephritis in the test and validation groups. 

Variable 

 
Test (n=25)  Validation (n=107) 

p value 
 No. Percentage (%)  No. Percentage (%) 

Age (years)       
 ≤47 12 48.0  56 52.3 
 >47 13 52.0  51 47.7 

 

Supplementary Table 1E. Age distribution of patients with prostatitis in the test and validation groups. 

Variable 

 
Test (n=21)  Validation (n=111) 

p value  
No. Percentage (%)  No. Percentage (%) 

Age (years)       
 ≤57 10 47.6  59 53.2 
 >57 11 52.4  52 46.8 
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Supplementary Table 2. Urinary AG31 levels in different measurement groups in both test and validation groups. 

Group 
  Test   Validation 

No. Median (IQR) Mean (SD) times p value  No. Median (IQR) Mean (SD) times p value 

HC 118 576 (378-988) 859 (819)    609 660 (440-909) 840 (858)   

BC 184 
6525  

(3600-26585) 

54768 

(276559) 
   1130 

23342  

(11459-45637) 

40281 

(150259) 
  

RCC 23 648 (630-1440) 1011 (703)    134 667 (601-902) 916 (664)   

PC 16 875 (586-1054) 925 (427)    119 844 (611-1240) 1031 (777)   

Cystitis 21 885 (715-1201) 1070 (652)    107 863 (634-1375) 1064 (846)   

Nephritis 25 663 (569-1022) 995 (1048)    107 755 (560-990) 886 (494)   

Prostatitis 21 955 (866-1109) 1234 (1114)    111 914 (702-1045) 998 (656)   

            

Ta 99 
5409  

(3487-19089) 

11584  

(11522) 
13.49  539. 

12262  

(10593-17900) 

15250  

(9247) 
18.15 

T1 35 
26860  

(5326-43584) 

27585  

(21465) 
32.11  385. 

42489  

(32469-50096) 

39146 

(14676) 
46.60 

T2 19 
6609  

(2814-15289) 

37709  

(78583) 
43.90  112. 

106507  

(10817-107541) 

65989 

(47413) 
78.56 

T3 20 
5933  

(4183-72474) 

75671 

(203268) 
88.09  70. 

114721  

(84494-124044) 

96689 

(47844) 
115.11 

T4 11 
109344  

(3340-411814) 

521252 

(1022000) 
606.81  24. 

155164  

(68320-189943) 

336146 

(982861) 
400.17 

            

G1 69 
5115  

(3278-15313) 

12667  

(16439) 
14.75  279 

12153  

(10437-27527) 

20825 

(20877) 
24.79 

G2 76 
11611  

(4740-22854) 

19828  

(30457) 
23.08  451 

16621  

(11065-35386) 

27772 

(29740) 
33.06 

G3 38 
33621  

(2845-110717) 

202477 

(589592) 
235.71  400 

44916  

(32455-56397) 

67956 

(247740) 
80.90 

HC, healthy controls; BC, bladder cancer; RCC, renal cell carcinoma; PC, prostate cancer; IQR, interquartile range; SD, 
standard definition. 
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Supplementary Table 3. Results for measurement of urinary AG31 in the diagnosis of bladder cancer with different 
stages and grades versus healthy controls. 

 Test        Validation       

 
AUC  

(95% CI) 
Sensitivity Specificity PPV NPV 

Positive 

LR 

Negative 

LR 
 

AUC  

(95% CI) 
Sensitivity Specificity PPV NPV 

Positive 

LR 

Negative 

LR 

HC vs Ta            

 

0.9614 

(0.9341-

0.9887) 

0.9091  0.9153  0.9000  0.9231  10.7273  0.0993   

0.9717 

(0.9606-

0.9829) 

0.9184  0.9442  0.9357  0.9289  16.4496  0.0865  

HC vs T1           

 

0.9460 

(0.8846-

1.0070) 

0.9143  0.9153  0.7619  0.9730  10.7886  0.0937   

0.9892 

(0.9838-

0.9945) 

0.9299  0.9442  0.9133  0.9551  16.6556  0.0743  

HC vs T2               

 

0.9286 

(0.8283-

1.0290) 

0.8947  0.9153  0.6296  0.9818  10.5579  0.1150   

0.9913 

(0.9855-

0.9971) 

0.9196  0.9442  0.7518  0.9846  16.4724  0.0851  

HC vs T3          

 

0.9583 

(0.9000-

1.0170) 

0.9500  0.9153  0.6552  0.9908  11.2100  0.0546   

0.9760 

(0.9504-

1.0020) 

0.9286  0.9442  0.6566  0.9914  16.6324  0.0757  

HC vs T4           

 

0.9753 

(0.9401-

1.0110) 

0.9091  0.9153  0.5000  0.9908  10.7273  0.0993   

0.9835 

(0.9561-

1.0110) 

0.9167  0.9442  0.3929  0.9965  16.4191  0.0883  

HC vs G1           

 

0.9595 

(0.9254-

0.9936) 

0.9130  0.9153  0.8630  0.9474  10.7739  0.0950   

0.9896 

(0.9840-

0.9951) 

0.9068  0.9442  0.8815  0.9567  16.2426  0.0987  

HC vs G2           

 

0.9578 

(0.9192-

0.9964) 

0.9079  0.9153  0.8734  0.9391  10.7132  0.1006   

0.9695 

(0.9565-

0.9826) 

0.9268  0.9442  0.9248  0.9457  16.6011  0.0775  

HC vs G3           

 

0.9513 

(0.9093-

0.9933) 

0.9211  0.9153  0.7778  0.9730  10.8684  0.0863   

0.9855 

(0.9786-

0.9924) 

0.9300  0.9442  0.9163  0.9536  16.6579  0.0741  

HC, healthy control; AUC, area under curve; PPV, positive predictive value; NPV, negative predictive value; LR, likelihood 
ratio; CI, confidence interval. 
  



 

www.aging-us.com 10862 AGING 

Supplementary Table 4. Correlation between AG31 levels and clinicopathologic characteristics of bladder cancer 
patients in both test and validation groups. 

Variable 

Test (n=184)  Validation (n=1130) 
Negative 

(Percentage) 
Positive 

(Percentage) 
Negative 

(Percentage) 
Positive 

(Percentage) 

17 167 87 1043 
Age (years)        

 ≤63 9 (9.78%) 83 (90.22%)  31 (6.33%) 459 (93.67%) 
 >63 7 (8.14%) 79 (91.86%)  41 (6.73%) 568 (93.27%) 
 Missing 1 5   15 16  

Gender          
 Female 4 (12.50%) 28 (87.50%)  13 (5.56%) 221 (94.44%) 
 Male 12 (8.28%) 133 (91.72%)  61 (7.03%) 807 (92.97%) 
 Missing 1 6   13 15  

Pathological stage         
 Ta+T1 12 (8.96%) 122 (91.04%)  71 (7.68%) 853 (92.32%) 
 T2+T3+T4 5 (10.00%) 45 (90.00%)  16 (7.77%) 190 (92.23%) 

Pathological grade        
 G1 6 (8.70%) 63 (91.30%)  26 (9.32%) 253 (90.68%) 
 G2+G3 10 (8.77%) 104 (91.23%)  61 (7.17%) 790 (92.83%) 
 Missing 1       

Hematuria        
 Visible 4 (21.05%) 15 (78.95%)  26 (7.22%) 334 (92.78%) 

 Non-visible 13 (7.88%) 152 (92.12%)  61 (7.92%) 709 (92.08%) 
Tumor recurrence         

 Yes 2 (7.41%) 25 (92.59%)  23 (12.23%) 165 (87.77%) 
 No 13 (9.70%) 121 (90.30%)  44 (4.96%) 843 (95.04%) 
 Missing 2 21   20 35  

+: Fisher exact test. Chi-square tests for all the other analysis. 
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INTRODUCTION 
 

Invasion and metastasis are the important characteristics 

of gastrointestinal (GI) cancers, and leads to a  

poor prognosis [1, 2]. Surgery, radiotherapy, and 

chemotherapy are the predominant treatments for GI  

[3, 4]. Although comprehensive treatment may cure 

some patients with early-stage GI, most patients are 

diagnosed with advanced stage [5]. With the rapid 

development of medical immunology and molecular 

biology techniques, immunotherapy as a new treatment 

method has received extensive attention in the field of 

cancer therapy [6].  Immunotherapy  involves destroying  

 

tumor cells by activating and training the patient’s 

immune system to recognize tumor cells as targets [7, 8]. 

However, only 10% to 20% of the population can benefit 

from immunotherapy [9, 10]. Due to the heterogeneity of 

tumors, the current biomarkers for predicting prognosis 

have certain limitations. Therefore, this field requires 

new biomarkers as prognostic indicators to effectively 

enhance prognosis and individualized treatment. 

 

Epithelial-mesenchymal transition (EMT) is a multistage 

process in which epithelial cells develop into 

mesenchymal-like cells with a large number of distinct 

genetic and epigenetic alterations [11]. EMT also occurs 
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ABSTRACT 
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However, the correlations of EMT-related genes to prognosis and tumor-infiltrating lymphocytes in different 
cancers remain unclear. TCGA, GEO databases were used to analyze the expression, prognosis, and immune 
infiltration of EMT markers in cancer. RT-qPCR, immunohistochemistry, and western blot were used to analysis 
the expression and prognosis of SNAI1 in gastrointestinal cancers. High SNAI1 expression was closely related 
with poorer overall survival in gastrointestinal cancers in TCGA cohort. High SNAI1 expression was closely 
related with poorer overall survival in gastrointestinal cancers, and was validated in GEO database. 
Simultaneously, high expression of SNAI1 correlates with clinical relevance of gastric cancer. Moreover, SNAI1 
expression was associated with tumor-infiltrating immune cells in gastrointestinal cancers. In addition, RT-
qPCR, immunohistochemistry, and western blot showed SNAI1 expression was higher in gastrointestinal 
cancers compared to the normal tissues. Finally, high SNAI1 expression was closely related with poorer overall 
survival and correlates with clinical relevance of gastrointestinal cancers in an independent validation cohort. In 
summary, the results approaches to suggest that SNAI1 can be used as a prognostic biomarker for determining 
prognosis and immune infiltration in gastrointestinal cancers. 
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in cancer, which endows invasive, metastatic, and 

immunosuppressive properties upon cancer cells that 

favor successful colonization of distal target organs [12]. 

The process of EMT is regulated by a variety of 

cytokines and transcription factors, among which the 

changes of migration and invasion are the most 

important characteristics of EMT, and the changes of 

EMT-related genes expression are the key to the 

formation of EMT [13]. These findings suggest the 

EMT-related genes play an important role in cancer 

progression, invasion, and metastasis. 

 

This study focused on six key EMT-related genes 

(CDH1 encoding E-cadherin, CDH2 encoding N-

cadherin, EMT-induced transcription factor: SNAI1, 

SNAI2, TWIST1, and VIM) [14]. Firstly, we detected 

the expression of EMT-related genes in human cancers. 

Secondly, we comprehensively analyze EMT-related 

genes correlation with prognosis of cancer and was 

validated in GEO database. Moreover, we detected the 

relationship of SNAI1 and tumor-infiltrating immune 

cells in gastrointestinal cancers. Finally, we used 

RT-qPCR, immunohistochemistry, and western blot to 

detect the expression of SNAI1 in gastrointestinal 

cancers and paired adjacent normal tissue, and SNAI1 

was validated as a marker in an independent 

gastrointestinal cancers validation sample cohort. 

 

RESULTS 
 

The six EMT-related genes expression in human 

cancers 

 

To analysis the expression of EMT-related genes in 

human cancers, the Oncomine database was used to 

analysis the EMT-related genes mRNA levels in human 

cancers. Specifically, as shown in Figure 1A, the SNAI1 

expression was higher in colorectal cancer, esophageal 

cancer, gastric cancer, and kidney cancer. To further 

analysis EMT markers in human cancers, we compare 

the expression level of EMT-related genes in TCGA 

dataset (Supplementary Figure 1A–1E). Specifically, as 

shown in Figure 1B, compared with normal tissues, the 

SNAI1 expression was significantly higher in bladder 

 

 
 

Figure 1. The six EMT markers expression levels in different types of human cancers. (A) Increased or decreased six EMT markers 

in datasets of different cancers compared with normal tissues in the Oncomine database. (B) SNAI1 expression levels in different tumor types 
from TCGA database were determined by TIMER (*P < 0.05, **P <0.01, ***P < 0.001). (C–E) Correlation of SNAI1 expression and immune 
subtypes (wound healing, IFN-gamma dominant, inflammatory, lymphocyte depleted, TGF-β dominant) in COAD (colon adenocarcinoma), 
READ (rectum adenocarcinoma), and STAD (stomach adenocarcinoma). 
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urothelial carcinoma (BLCA), colon adenocarcinoma 

(COAD), esophageal carcinoma (ESCA), head and  

neck squamous cell carcinoma (HNSC), kidney 

chromophobe (KICH), kidney renal clear cell carcinoma 

(KIRC), rectum adenocarcinoma (READ), stomach 

adenocarcinoma (STAD). However, SNAI1 expression 

was significantly lower in kidney renal papillary cell 

carcinoma (KIRP), liver hepatocellular carcinoma 

(LIHC), lung adenocarcinoma (LUAD), lung squamous 

cell carcinoma (LUSC), Prostate adenocarcinoma 

(PRAD), thyroid carcinoma (THCA), corpus Endo-

metrial Carcinoma (UCEC). 

 

Survival analysis of six EMT-related genes in cancers 

 

Next, to inspect whether six EMT-related genes were 

related with prognosis in cancer patients, GEPIA site was 

used to analysis the prognosis of genes in cancers by 

using the TCGA dataset (Supplementary Figures 2–7). 

Notably, high SNAI1 expression levels was closely 

related with poorer prognosis of overall survival (OS) in 

STAD (p=0.002), COAD (p=0.013), ESCA (p=0.031), 

KIRP (p=0.045), LGG (p<0.001), LUAD (p=0.026), 

LUSC (p<0.001), MESO (p=0.007), OV (p=0.048), and 

THYM (p=0.001) (Figure 2A, 2B and Supplementary 

Figure 4). Simultaneously, high SNAI1 expression levels 

was moderate closely related with poorer prognosis of 

OS in READ (p=0.093) (Figure 2C). Therefore, we focus 

on SNAI1 expression and prognosis in gastrointestinal 

cancers. 

 

Next, to inspect whether SNAI1 expression was related 

with subtype of gastrointestinal cancers, we divide 

gastrointestinal cancers into five subtypes (CIN, EBV, 

HM-SNV, HM-indel) [15]. We found high SNAI1 

expression was significantly related with subtype of 
 

 
 

Figure 2. Kaplan-Meier survival curves comparing the high and low expression of SNAI1 in gastrointestinal cancers in the TCGA 
dataset and GEO dataset. (A–C) Survival curves of overall survival in COAD (colon adenocarcinoma), READ (rectum adenocarcinoma), and 

STAD (stomach adenocarcinoma) in TCGA cohorts. (D–F) Survival curves of OS, FP, and PFS in six STAD cohorts (GSE29013, GSE31210, 
GSE31908, GSE43580, GSE50081, GSE8894). (G–I) Survival curves of OS and DSS in two CRC cohorts (GSE17536, GSE39582). 
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STAD (p=0.008) and COAD (p=0.008), and moderate 

closely related with READ (p=0.096) (Figure 1C–1E). 

To validate the prognostic potential of SNAI1 in STAD, 

we used Kaplan-Meier plotter database to validate the 

prognostic potential of SNAI1 in STAD. Interestingly, a 

cohorts including GSE62254, GSE14210, GSE15459, 

GSE22377, GSE29272, and GSE51105 indicated that 

high SNAI1 expression was closely related with poorer 

prognosis in STAD (OS HR = 2.09, 95% CI =1.73 to 

2.52, P<0.001; FP HR = 2.06, 95% CI =1.68 to 2.52, 

P<0.001; PFS HR = 2.46, 95% CI = 1.97 to 3.08, 

P<0.001) (Figure 2D–2F). Moreover, two cohorts 

including GSE17536, GSE39582 indicated that high 

SNAI1 expression was closely related with poorer 

prognosis in CRC (OS HR = 1.50, 95% CI =1.03 to 

2.18, P=0.035) (Figure 2G–2I). 

 

High expression of SNAI1 correlates with clinical 

relevance of STAD 

 

Next, we examined the associationship between the 

SNAI1 expression and clinical relevance of STAD. As 

shown in Table 1, high SNAI1 expression was closely 

related with poorer prognosis in female (OS HR = 2.24, 

P<0.001; PFS HR =1.91, P = 0.002) and male (OS HR 

= 2.27, P <0.001; PFS HR =2.43, P<0.001). Moreover, 

high SNAI1 expression was closely related with poorer 

OS and PFS in stage 1 (OS HR = 3.63, P=0.011; PFS 

HR =2.88, P = 0.023), stage 2 (OS HR = 2.03, P=0.021; 

PFS HR =1.93, P = 0.030), stage 3 (OS HR = 1.98, 

P<0.001; PFS HR =2.06, P <0.001), and stage 4 (OS 

HR = 2.06, P<0.001; PFS HR =2.30, P <0.001) of 

STAD, and poorer OS and PFS in TNM stage. 

Furthermore, high SNAI1 expression was closely 

related with poorer prognosis in the lauren classification 

(OS HR = 1.89, P<0.001; PFS HR =2.33, P <0.001), 

moderate differentiation (OS HR = 1.94, P=0.046; PFS 

HR =2.27, P =0.011), negative (OS HR = 1.98, 

P<0.001; PFS HR =2.02, P <0.001) and positive (OS 

HR = 2.14, P<0.001; PFS HR =2.36, P <0.001) HER-2 

status (Table 1). These results suggest that high SNAI1 

expression can impact the prognosis in STAD with 

lymph node metastasis, and SNAI1 is an independent 

prognostic marker but can also predict the 

clinicopathological features of STAD. 

 

SNAI1 expression was correlated with tumor-

infiltrating lymphocytes (TILs) 

 

TILs are an independent predictor in cancers [16, 17]. 

Therefore, TIMER database was used to infer the 

relations between abundance of TILs and expression of 

SNAI1. The relationship between SNAI1 expression 

and TILs in different types of cancer was shown in 

Supplementary Figure 8. Specifically, SNAI1 expres-

sion was negative closely related with infiltrating levels 

of tumor purity and B cell in STAD, and positively 

closely related with macrophages in STAD. Moreover, 

SNAI1 expression was negative closely related with 

infiltrating levels of tumor purity and B cell in COAD, 

and positively closely related with CD4+T cells, 

macrophages, dendritic cells, and neutrophils in COAD. 

Finally, SNAI1 expression was negative closely related 

with infiltrating levels of B cell and CD8+ T cells in 

READ, and positively closely related with CD4+T cells 

and dendritic cells in READ (Figure 3A–3C). 

 

Next, to examine which TILs was related with 

gastrointestinal cancers, TISIDB database was used to 

infer the relations between abundance of 28 TILs and 

expression of SNAI1. The landscape of relationship 

between SNAI1 expression and TILs in different types 

of cancer was shown in Figure 4A. The relations 

between abundance of 28 TIL types and expression of 

SNAI1 in gastrointestinal cancers was significant 

correlated (Figure 4B–4R and Supplementary Figure 9). 

Next, we detected the associations between SNAI1 

expression and immune subtypes in gastrointestinal 

cancers, and we divided the cells into six immuno-

phenotypes (C1: wound healing, C2: IFN-gamma 

dominant, C3: inflammatory, C4: lymphocyte depleted, 

C5: immunologically quiet, C6: TGF-β dominant) [20]. 

Specifically, SNAI1 expression was correlated with 

immune subtypes (wound healing, IFN-gamma 

dominant, inflammatory, lymphocyte depleted, TGF-β 

dominant) in STAD and COAD, but not in READ 

(Figure 4S–4U). These results suggest that SNAI1 

expression was associated with tumor-infiltrating 

immune cells in gastrointestinal cancers. 

 

Validation SNAI1 in gastrointestinal cancers 

 

To further validate SNAI1 in gastrointestinal cancers, 

RT-qPCR was used to detect the SNAI1 mRNA 

expression in STAD, CRC, and paired adjacent normal 

tissue (PANT). Compared with the PANT group, the 

SNAI1 mRNA level was significantly higher in the CRC 

and GC group (Figure 6A, 6C). Next, we measured the 

SNAI1 protein level by immunohistochemistry and 

western blot, and the result showed compared with the 

PANT group, the SNAI1 level was significantly higher in 

the CRC and GC group (Figures 5A, 5B and 6A, 6C). 

Additionally, Kaplan–Meier and Cox’s proportional 

hazards regression model survival analysis revealed that 

patients with high expression levels of SNAI1 had shorter 

overall survival in CRC (HR = 1.71, 95% CI = 1.28 to 

2.94, P = 0.023) and GC (HR = 1.68, 95% CI = 1.23 to 

2.57, P = 0.022) (Figure 6B, 6D). Simultaneously, high 

expression of SNAI1 correlates with clinical relevance of 

CRC and GC (Table 2). To verify the relationship 

between SNAI1 and the diverse immune infiltrating cells, 

we focused on the correlations between SNAI1 and 
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Table 1. Correlation of SNAI1 mRNA expression and clinical prognosis in gastric cancer with different 
clinicopathological factors by Kaplan-Meier plotter (GSE62254, GSE14210, GSE15459, GSE22377, GSE29272, 
GSE51105). 

Clinicopathological 

characteristics 

Overall survival (n = 882) Progression-free survival (n = 646) 

N Hazard ratio P N Hazard ratio P 

SEX 

Female 244 2.24 (1.46–3.35) 1.0e-04 201 1.91 (1.25–2.91) 0.002 

Male 567 2.27 (1.81–2.83) 1.5e-13 438 2.43 (1.90–3.11) 2.7e-13 

STAGE 

1 69 3.63 (1.26–10.46) 0.011 60 2.88 (0.78–10.63) 0.023 

2 145 2.03 (1.10–3.74) 0.021 131 1.93 (1.05–3.55) 0.030 

3 319 1.98 (1.42–2.76) 3.6e-05 186 2.06 (1.38–3.07) 3.2e-05 

4 152 2.06 (1.40–3.03) 2.0e-04 141 2.30 (1.54–3.43) 2.9e-05 

STAGE T 

2 253 2.18 (1.42–3.34) 2.6e-05 239 1.93(1.27–2.92) 0.002 

3 208 2.06 (1.40–3.04) 1.7e-04 204 1.80 (1.23–2.63) 0.002 

4 39 2.40 (1.03–5.58) 0.036 39 5.66 (2.22–14.41) 5.5e-05 

STAGE N 

0 76 2.80 (1.17–6.70) 0.016 72 2.63 (1.11–6.24) 0.023 

1 232 2.45 (1.61–3.71) 1.3e-05 222 2.12 (1.44–3.14) 1.2e-05 

2 129 2.67 (1.66–4.31) 2.7e-05 125 2.44 (1.54–3.84) 7.9e-05 

3 76 2.76 (1.59–4.79) 1.8e-05 76 2.38 (1.38–4.10) 0.001 

1+2+3 437 2.15 (1.65–2.80) 7.9e-09 423 1.90 (1.47–2.45) 5.0e-07 

STAGE M 

0 459 2.09 (1.58–2.76) 1.5e-07 443 1.85 (1.41–2.41) 4.6e-06 

1 58 2.13 (1.11–4.08) 0.020 56 1.81 (0.97–3.36) 0.059 

LAUREN CLASSIFICATION 

Intestinal 336 2.78 (2.02–3.82) 5.0e-11 263 2.32 (1.61–3.34) 3.3e-06 

Diffuse 248 1.89 (1.34–2.65) 2.0e-04 231 2.33 (1.47–3.69) 2.0e-04 

DIFFERENTIATION 

Poor 166 1.25 (0.84–1.87) 0.277 121 1.60 (1.02–2.53) 0.041 

Moderate 67 1.94 (1.00–3.75) 0.046 67 2.27 (1.19–4.34) 0.011 

PERFORATION 

No 169 1.70 (1.13–2.58) 0.011 58 2.35 (1.20–4.62) 0.011 

TREATMENT 

Surgery alone 393 1.71 (1.28–2.28) 2.5e-05 375 1.51 (1.14–2.00) 0.004 

5 FU based adjuvant 158 1.66 (1.13–2.45) 0.009 153 1.68 (1.14–2.48) 0.008 

Other adjuvant 80 2.55 (1.02–6.40) 0.039 80 2.34 (1.01–5.43) 0.042 

HER2 STATUS 

Negative 641 1.98 (1.58–2.49) 2.0e-09 408 2.02 (1.54–2.65) 2.2e-07 

Positive 425 2.14 (1.57–2.91) 7.7e-07 233 2.36 (1.65–3.39) 1.4e-06 

 

immune marker sets of various immune cells in 

gastrointestinal cancers. We analyzed the correlations 

between SNAI1 expression and immune marker genes  

of different immune cells, included CD8+ T cell,  

T cell (general), B cell, monocyte, tumor-associated 

macrophage (TAM), M1 macrophage, M2 macrophage, 

neutrophils, natural killer cell, dendritic cell, T helper cell 

(Th) 1, Th2, follicular helper T cell (Tfh), Th17, 

regulatory T cell (Treg), and T cell exhaustion. It is only 

when SNAI1 is related to all the markers of an immune 

cell that we think that SNAI1 is related to immune cells. 

The results revealed the SNAI1 expression level was 
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significantly correlated with M2 macrophage in STAD, 

and was significantly correlated with monocyte, TAM, 

M2 macrophage, dendritic cell, Th1, and treg in CRC 

(Table 3). Correlation results between SNAI1 and 

TILsare similar to those in TCGA database (Figure 4B–

4R and Supplementary Figure 9). These findings suggest 

that SNAI1 may regulate M2 macrophage in gastro-

intestinal cancers. 

 

DISCUSSION 
 

Due to advances in treatment, the mortality rate of 

tumors has been declining in recent years, a large part 

of which is due to immunotherapy. Immunotherapy 

represented by anti-PD-1/PD-L1 monoclonal antibody 

drugs and CAR-T cell therapy has attracted much 

attention, and encouraging results have continued. Both 

of them are essentially the ability of human autoimmune 

system to recruit and activate human core immune 

guardian-T cells to identify and clear cancer cells 

through antigen-antibody response [18]. However, not 

every patient responds to this treatment, especially in 

gastrointestinal cancers [19]. Therefore, there is an 

urgent need to clarify and identify new immune-related 

therapeutic targets. High throughput technology has 

been widely employed to investigate gene expression in 

numerous tumors, providing a novel method to identify 

significant genes and explore on tumor progression and 

initiation. 

 

Here, we report that the expression and prognosis of six 

key EMT-related genes in cancer, and found high 

SNAI1 expression was closely related with poorer 

overall survival in gastrointestinal cancers, and was 

validated in GEO database. Simultaneously, high 

expression of SNAI1 correlates with clinical relevance 

of gastric cancer. Moreover, SNAI1 expression was 

associated with tumor-infiltrating immune cells in 

gastrointestinal cancers. In addition, RT-qPCR, immuno-

histochemistry, and western blot showed SNAI1 

expression was higher in gastrointestinal cancers 

compared to the normal tissues. Finally, high SNAI1 

expression was closely related with poorer overall 

survival and correlates with clinical relevance of 

gastrointestinal cancers in an independent validation 

cohort. 

 

 
 

Figure 3. Correlation of SNAI1 expression with immune infiltration level in COAD (colon adenocarcinoma), READ (rectum 
adenocarcinoma), and STAD (stomach adenocarcinoma). (A) SNAI1 expression is significantly negatively related to tumor purity  

and infiltrating levels of B cells and has significant positive correlations with infiltrating levels of macrophages in STAD, other than CD8+ T 
cells, CD4+ T cell, neutrophils, and dendritic cells. (B) SNAI1 expression is significantly negatively related to tumor purity and infiltrating 
levels of B cells and has significant positive correlations with infiltrating levels of CD4+ T cell, macrophages, neutrophils, and dendritic cells 
in COAD, other than CD8+ T cells. (C) SNAI1 expression has no significant correlations with tumor purity, macrophages, and neutrophils  
in READ. 
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E-cad is a Ca2+-dependent transmembrane glycoprotein 

closely related to intercellular adhesion [20]. Studies 

have found that the expression of E-cad is down-

regulated or even completely lost in the malignant 

progression of epithelial tumors, which leads to the 

weakening of adhesion between tumor cells and the 

transformation from benign and non-invasive to 

malignant and invasive phenotypes [21]. In the study of 

clinical samples of human gastric cancer, Rosivatz et al. 

found that the down-regulation of E-cad expression was 

closely related to the up-regulation of transcription 

factors Snail, Twist, and SIP1 [22], while Wang et al. 

also found high expression of transcription factors such 

as Snail, Twist and Slug in immortalized gastric 

epithelial cell line Ges-1 and human gastric cancer cell 

lines MGC-803, BGC-823 and SGC-7901, which were 

negative for E-cad expression [23]. These transcription 

factors can bind to the E-box element in the promoter 

 

 
 

Figure 4. Correlation of SNAI1 expression with immune cells in cancer. (A) The landscape of relationship between SNAI1 expression 

and TILs in different types of cancer (red is positive correlated and blue is negative correlated). (B–R) SNAI1 expression was positively closely 
related with infiltrating levels of CD56bright, CD56dim, macrophage, mast, MDSC, neutrophil, NK, NKT, pDC, tcm_CD4, tcm_CD8, Tfh, Tgd, 
Th1, Treg in stomach cancer, and was negatively correlated with infiltrating levels of act_CD4, Imm_B in stomach cancer. (S–U) Correlation of 
SNAI1 expression and immune subtypes (wound healing, IFN-gamma dominant, inflammatory, lymphocyte depleted, TGF-β dominant) in 
COAD (colon adenocarcinoma), READ (rectum adenocarcinoma), and STAD (stomach adenocarcinoma). 
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sequence of E-cad gene and inhibit the transcription of 

E-cad gene. In this study high SNAI1 expression was 

found in 8 types of cancer (Figure 1B). 

 

Snail, a zinc finger protein, was initially thought to 

affect EMT, mainly by inhibiting the expression of E-

cad, but it was later found that its mechanism of 

promoting EMT was also related to its down-regulation 

of epithelial cell characteristic markers (such as 

claudins, occludins and cytokeratins) and up-regulation 

of stromal cell characteristic markers (such as fibro-

nectin and vitrinectin) [24]. SNAI1 has a certain value 

in evaluating the disease progression and survival 

prognosis of patients with gastric cancer. Its expression 

level in gastric cancer is significantly correlated with 

tumor size, degree of differentiation, clinical stage, 

lymph node and distant metastasis, and the overall 

survival rate of gastric cancer patients with high 

expression of SNAI1 is significantly lower than that of 

patients with low expression of SNAI1 [25]. In cell 

experiment, it was also found that up-regulation and 

inhibition of SNAI1 expression could enhance and 

inhibit the migration and invasion ability of gastric 

cancer cells in vitro, respectively [26, 27]. In addition, 

studies have found that cyclooxygenase-2 COX-2) can 

regulate the expression of E-cad in gastric cancer by 

affecting nuclear factor κB and SNAI1 pathway, which 

is also one of the mechanisms of COX-2 regulating the 

invasion and metastasis of gastric cancer [28]. All these 

suggest that snail plays an important role in the invasion 

and metastasis of gastrointestinal cancers. 

 

EMT gives cells the ability to transfer and invade, 

including stem cell characteristics, reduces apoptosis 

and aging, and promotes immunosuppression [29]. NF-

κB up-regulates the transcription of SNAI1 gene by 

binding to the promoter region of EMT gene [30]. 

Related studies have shown that NF-κB can also prevent 

the apoptosis of epithelial cells with deteriorating 

tendency in inflammation-related tumors [31]. In 

addition, the synergistic effect of NF-κB and STAT3 

also promotes the generation and metastasis of 

inflammation-related tumors. STAT3 can not only 

activate NF-κB, but also induce EMT by regulating 

SNAI1 to inhibit the activity of E-cadherin promoter 

[32]. Simultaneously, it is believed that the occurrence 

 

 
 

Figure 5. The distribution of SNAI1 in cancer. (A, B) Representative IHC images of SNAI1 expression in normal stomach tissues, stomach 

cancer tissues(A), normal tissues, and colorectal cancer tissues (B). 
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of EMT in gastrointestinal cancer cells is the result of 

the interaction between the acting factors in the tumor 

microenvironment and gastrointestinal cancer cells. The 

acting factors transfer the extracellular signal into the 

cell by binding to the specific receptors on the cell 

surface, and activate the nuclear transcription factors  

of SNAI1 through intracellular TGF-β, Wnt, phosphati-

dylinositol 3-kinase/protein kinase B and other signal 

transduction pathways. Regulate the expression of 

downstream genes and the transformation of epithelial 

cells into stroma, and eventually mediate the 

transformation of normal epithelial cells into gastro-

intestinal cancer cells [33]. 

GI cancers microenvironment plays a critical role in 

controlling the cancer cell fate, treatment and prognosis. 

However, the role of EMT in reshaping tumor 

microenvironment (TME) is unclear. Tumor-associated 

macrophage is the main type of host immune cells in 

TME. They regulate tumor colonization and progression 

by regulating tumor invasion, local tumor immunity and 

angiogenesis. Hsieh et al. reported that EMT 

transcription factor Snail directly activates the 

transcription of miR-21, resulting in miR-21-rich tumor-

derived exosome. The exosomes containing miR-21 

were phagocytized by CD14+ human monocytes, thus 

inhibiting the expression of M1 markers and increasing 

 

 
 

Figure 6. Expressions of SNAI1 is positive correlated in CRC (colorectal cancer) and GC (gastric cancer). (A) SNAI1 mRNA and 

protein levels are shown for the CRC and paired adjacent normal tissue (PANT). (B) Kaplan–Meier analysis of overall survival based on SNAI1 
mRNA levels in 200 cases of CRC patients. (C) SNAI1 mRNA and protein levels are shown for the GC and paired adjacent normal tissue (PANT). 
(D) Kaplan–Meier analysis of overall survival based on SNAI1 mRNA levels in 240 cases of GC patients. 
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Table 2. Univariate and multivariate analyses of clinicopathological characteristics, SNAI1 with overall survival in 
independent validation cohort. 

Parameters 
Univariate analysisa Multivariate analysisb 

HR (95% Cl) P value HR (95% Cl) P value 

CRC (n=200)     

Gender(male vs. female) 1.024 (0.681–1.547) 0.925 NA NA 

Age (y, >60 vs ≤60) 1.192 (0.835–1.927) 0.346 NA NA 

TNM stage (III and IV vs. I and II) 2.101(1.218–3.709) 0.002 1.914(1.165–3.226) 0.009 

Pathologic M stage (M1 vs. M0) 3.127(1.852–4.467) 0.003 2.519(1.248–3.814) 0.024 

Vascular invasion (negative vs. 

positive) 
2.300(1.113–3.671) 0.014 1.562(0.779–3.530) 0.136 

SNAI1 (≥median vs. < median) 1.708 (1.276–2.937) 0.023 1.449 (1.091–2.279) 0.038 

GC (n=240)     

Gender(male vs. female) 1.447 (0.919–2.152) 0.453 NA NA 

Age (y, >60 vs ≤60) 1.237 (0.797–2.294) 0.674 NA NA 

TNM stage (III and IV vs. I and II) 1.669(1.192–2.547) <0.001 1.436(1.023–2.067) 0.007 

Pathologic M stage (M1 vs. M0) 1.514 (1.038–2.027) <0.001 1.336 (1.023–1.933) 0.012 

Vascular invasion (negative vs. 

positive) 
1.742 (1.228–2.368) <0.001 1.502 (1.043–2.388) 0.008 

SNAI1 (≥median vs. < median) 1.680 (1.234–2.574) 0.022 1.581 (1.126–2.256) 0.038 

aThe data were subjected to Cox’s proportional hazards regression model. Bold italics indicate statistically significant values  
(P < 0.05), 
bMultivariate analysis used stepwise addition and removal of clinical covariates found to be associated with survival in 
univariate models (P < 0.05) and final models include only those covariates that were significantly associated with survival 
(Wald statistic, P < 0.05). Bold italics indicate statistically significant values (P < 0.05). 
 

Table 3. Correlation analysis between SNAI1 expression and markers expression of immune cells. 

Immune cells Gene markers 
STAD CRC 

Cor P Cor P 

CD8+ T cell CD8A -0.084 0.091 0.171 * 

CD8B 0.163 *** 0.065 0.321 

T cell (general) CD3D -0.122 0.017 0.154 0.014 

CD3E -0.089 0.071 0.210 *** 

CD2 -0.089 0.074 0.221 *** 

B cell CD19 -0.072 0.152 0.111 0.060 

CD79A -0.094 0.059 0.148 0.025 

Monocyte CD86 0.124 0.018 0.500 *** 

CD115 (CSF1R) 0.192 *** 0.473 *** 

TAM CCL2 0.300 *** 0.573 *** 

CD68 0.132 0.038 0.451 *** 

IL10 -0.028 0.580 0.510 *** 

M1 Macrophage INOS (NOS2) -0.056 0.260 -0.141 0.019 

IRF5 0.052 0.300 0.170 * 

COX2(PTGS2) 0.200 *** 0.231 *** 

M2 Macrophage CD163 0.243 *** 0.423 *** 

VSIG4 0.222 *** 0.470 *** 

MS4A4A 0.141 *** 0.480 *** 

Neutrophils CD66b (CEACAM8) 0.140 *** 0.052 0.392 

CD11b (ITGAM) 0.089 0.071 0.481 *** 

CCR7 -0.024 0.632 0.200 *** 
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Natural killer cell KIR2DL1 -0.025 0.621 0.172 * 

KIR2DL3 -0.013 0.800 0.160 * 

KIR2DL4 -0.046 0.354 0.110 0.064 

KIR3DL1 -0.058 0.244 0.086 0.161 

KIR3DL2 -0.052 0.288 0.158 * 

KIR3DL3 0.002 0.971 0.053 0.382 

KIR2DS4 0.091 0.134 0.185 0.113 

Dendritic cell HLA-DPB1 -0.054 0.276 0.300 *** 

HLA-DQB1 -0.082 0.098 0.183 ** 

HLA-DRA -0.091 0.068 0.322 *** 

HLA-DPA1 -0.053 0.284 0.293 *** 

BDCA-1(CD1C) -0.018 0.722 0.211 *** 

BDCA-4(NRP1) 0.366 *** 0.561 *** 

CD11c (ITGAX) 0.143 * 0.454 *** 

Th1 T-bet (TBX21) -0.053 0.281 0.221 *** 

STAT4 -0.034 0.500 0.264 *** 

STAT1 0.029 0.562 0.264 *** 

IFN-γ (IFNG) -0.074 0.133 0.233 *** 

TNF-α (TNF) 0.243 *** 0.389 *** 

Th2 GATA3 0.017 0.742 0.367 *** 

STAT6 -0.045 0.364 -0.036 0.557 

STAT5A 0.074 0.133 0.242 *** 

IL13 0.098 0.049 0.240 *** 

Tfh BCL6 0.194 *** 0.499 *** 

IL21 -0.110 0.032 0.123 0.053 

Th17 STAT3 0.200 *** 0.261 *** 

IL17A 0.017 0.738 -0.153 0.015 

Treg FOXP3 0.058 0.244 0.364 *** 

CCR8 0.063 0.223 0.383 *** 

STAT5B 0.144 * 0.345 *** 

TGFβ (TGFB1) 0.444 *** 0.566 *** 

T cell exhaustion PD-1 (PDCD1) -0.003 0.959 0.205 *** 

LAG3 -0.066 0.183 0.072 0.232 

CTLA4 0.010 0.831 0.300 *** 

TIM-3 (HAVCR2) 0.087 0.081 0.474 *** 

GZMB -0.052 0.304 -0.02 0.757 

STAD: Stomach adenocarcinoma; CRC: Colorectal cancer; TAM: Tumor-associated macrophage; Th: T helper cell; Tfh: 
Follicular helper T cell; Treg: Regulatory T cell; Cor, R value of Spearman’s correlation; *P < 0.01; **P < 0.001; ***P < 0.0001. 
 

the expression of M2 markers [34]. Faget et al. reported 

that high expression of SNAI1 reduces T cell homing, 

changes angiogenesis, leads to hypoxia, and blocks anti-

PD1 immunotherapy. Therefore, SNAI1 accelerates the 

progression of the disease and increases the infiltration 

of neutrophils in the tumor to maintain the harmful 

tumor microenvironment [35]. At the same time, CD47 

is the direct target of SNAIL1. By using CD47 to block 

the genetic targeting of SNAI1, the phagocytosis of 

EMT-activated cells can be rescued [36]. Hence, the 

important aspect of our study is to emphasize the role of 

SNAI1 in immune cell infiltration and immune escape in 

GI cancers. Specifically, SNAI1 expression was negative 

closely related with infiltrating levels of tumor purity 

and B cell in STAD, and positively closely related with 

macrophages in STAD. Moreover, SNAI1 expression 

was negative closely related with infiltrating levels of 

tumor purity and B cell in COAD, and positively closely 

related with CD4+T cells, macrophages, dendritic cells, 

and neutrophils in COAD. Finally, SNAI1 expression 

was negative closely related with infiltrating levels of B 

cell and CD8+ T cells in READ, and positively closely 

related with CD4+T cells and dendritic cells in READ. 

Therefore, the cross-talk between SNAI1 and tumor 

microenvironment might be an important mechanism  

for the development and progression of GI cancers. 
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Nevertheless, more functional and mechanism 

experiments are needed for further verification. 

 

In summary, we applied integrated bioinformatics 

approaches to suggest that high SNAI1 was closely 

related with prognosis and immune infiltrating levels in 

gastrointestinal cancer. Therefore, SNAI1 can be used 

as a prognostic biomarker for determining prognosis 

and immune infiltration in gastrointestinal cancer, 

which might provide a novel direction to explore the 

pathogenesis of gastrointestinal cancer 

 

MATERIALS AND METHODS 
 

Data source and processing 

 

Using TIMER (Tumor Immune Estimation Resource, 

https://cistrome.shinyapps.io/timer/) site to analysis 

the expression of EMT markers in cancers, the  

mRNA profiling information is from TCGA (The 

Cancer Genome Atlas, https://cancergenome.nih.gov/) 

database [37]. We also Oncomine database 

(https://www.oncomine.org/resource/login.html) to 

analysis the expression of SNAI1 in cancers [38]. 

Bayes test was used to select EMT markers with a 

change >=2 fold and a P value cutoff of 0.05 was 

defined as statistically significant. 

 

Survival analysis 

 

GEPIA (Gene Expression Profiling Interactive 

Analysis, http://gepia.cancer-pku.cn/) site was used to 

analysis the prognosis of EMT markers in cancers  

by using the TCGA dataset [39]. A Cox P-value  

< 0.05 was defined as statistically significant. 

Moreover, we also used Kaplan-Meier plotter database 

(http://kmplot.com/analysis/index.php?p=service&canc

er=gastric) to validate the prognosis of SNAI1 in 

gastrointestinal cancers [40]. Kaplan-Meier plotter can 

assess the effect of 54,675 genes on survival using 

10,461 cancer samples. These samples include 5,143 

breast, 1,816 ovarian, 2,437 lung, and 1,065 gastric 

cancer samples on the HGU133 Plus 2.0 array with a 

mean follow-up of 69, 40, 49, and 33 months, 

respectively. The hazard ratio (HR) with 95% confidence 

intervals (CI) and log-rank p-value were estimated. 

 

Immune infiltration 

 

To revealed the immune infiltration of SNAI1 in 

gastrointestinal cancers, we used TISIDB (tumor-

immune system interactions and drugbank, 

http://cis.hku.hk/TISIDB/index.php) database to infer 

the relations between abundance of tumor-infiltrating 

lymphocytes (TILs) and expression of SNAI1. The 

immune-related signatures of 28 TIL types from 

Charoentong’s study, which can be viewed in the 

download page. The relative abundance of TILs was 

inferred by using genomic variation analysis based on 

gene expression profiles [41]. 

 

Patients 

 

A total of 440 gastrointestinal cancers patients (200 

CRC patients, 240 GC patients) from January 2009 to 

December 2018, were consecutively recruited in analyses, 

with clinical information. The clinicopathological 

characteristics were showed in Table 4. 

 

Immunohistochemistry 

 

200 colorectal cancer tissues, 240 gastric cancer tissues 

and corresponding adjacent tissues were collected to 

explore the expression of SNAI1 in the tissue samples 

by using immunohistochemical staining (IHC). IHC 

staining was performed according to the manufacturer’s 

instructions. Tissue samples were fixed in 10% formalin 

embedded in paraffin and cut into slices (4μm). The 

frozen tissue sections were dewaxed in xylene and 

rehydrated in descending grades of ethanol. Endo-

genous peroxidase activity was blocked by 0.3% H2O2. 

After heat-induced antigen retrieval, the sections were 

blocked with 10% rabbit serum for 10min. 

Subsequently, the sections were incubated with primary 

antibodies against SNAI1 (1:200) overnight at 4°C, and 

incubated with an anti-rabbit secondary antibody 

(1:2,000) for 30 min at 37°C. After that, the sections 

were visualized with DAB for 10 min at 37°C and 

counterstained with hematoxylin for 30 sec at 37°C, 

followed by dehydration with gradient ethanol and 

sealing with neutral gum. 

 

Quantitative reverse transcription polymerase chain 

reaction (qRT‑ PCR) assays 

 

Total RNA from cells or tissues was isolated using 

TRIzol (Invitrogen, Canada) reagent, the specific 

operation is carried out with reference to the 

instructions for the operation of the kit. RNA (1 μg) was 

converted into cDNA using the RevertAid First Strand 

cDNA Synthesis Kit (Takara, China). qRT-PCR was 

performed using SYBR Green Mixture (Takara, China) 

in the ABI StepOne-Plus System (ABI7500, USA). 

Target gene expression was normalized against 

GAPDH. The primer sequences are 5′-

CACCTCCAGACCCACTCAGAT-3′ (sense) and 5′-

CCTGAGTGGGGTGGGAGCTTCC-3′ (antisense) 

 

Western blot 

 

Using the kit to measure protein concentration. An 

equal amount of protein is added to the gel. The protein 

https://cistrome.shinyapps.io/timer/
https://cancergenome.nih.gov/
https://www.oncomine.org/resource/login.html
http://gepia.cancer-pku.cn/
http://kmplot.com/analysis/index.php?p=service&cancer=gastric
http://kmplot.com/analysis/index.php?p=service&cancer=gastric
http://cis.hku.hk/TISIDB/index.php
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Table 4. Clinicopathologic parameters of patients with CRC and GC in validation cohort. 

Clinicopathologic CRC (n=200) GC (n=240) 

Gender   

Male 122 169 

Female 78 71 

Age   

60 years or younger 62 125 

Older than 60 years 138 115 

TNM stage   

I 29 28 

II 83 77 

III 65 103 

IV 23 37 

Pathologic M stage   

M0 167 203 

M1 23 32 

Lymphovascular invasion   

Negative 163 194 

Positive 37 46 

 

was resolved on SDS-PAGE under denatured reducing 

conditions and transferred to nitrocellulose membranes. 

The membranes were blocked with 5% non-fat dried 

milk at room temperature for 30 min and incubated with 

primary antibodies. The membranes were washed and 

incubated with horseradish peroxidase-conjugated 

secondary antibody. Scanning with the Odyssey two-

color infrared fluorescence imaging system. 
 

Statistical analyses 
 

The expression of EMT-related genes in cancer was 

using TIMER and Oncomine database. The survival 

curve was generated by GEPIA, PrognoScan, and 

Kaplan Meier diagrams. One-Way ANOVA was used to 

compare the expression level of SNAI1 in tumor and 

normal tissues. To control FDR, the p-value was set to 

less than 0.05. If any independent value is lost, the 

whole sample is excluded from statistical analysis. 

Above all, statistical analysis was performed in R 

version 3.5. p-values < 0.05 were considered 

statistically significant. 
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SUPPLEMENTARY MATERIALS 
 

Supplementary Figures 
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Supplementary Figure 1. The five EMT markers expression levels in different types of human cancers in TCGA dataset. 
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Supplementary Figure 2. Kaplan-Meier survival curves comparing the high and low expression of CDH1 in different types of 
human cancers in TCGA dataset. 
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Supplementary Figure 3. Kaplan-Meier survival curves comparing the high and low expression of CDH2 in different types of 
human cancers in TCGA dataset. 
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Supplementary Figure 4. Kaplan-Meier survival curves comparing the high and low expression of SNAI1 in different types of 
human cancers in TCGA dataset. 
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Supplementary Figure 5. Kaplan-Meier survival curves comparing the high and low expression of SNAI2 in different types of 
human cancers in TCGA dataset. 
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Supplementary Figure 6. Kaplan-Meier survival curves comparing the high and low expression of TWIST1 in different types 
of human cancers in TCGA dataset. 
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Supplementary Figure 7. Kaplan-Meier survival curves comparing the high and low expression of VIM in different types of 
human cancers in TCGA dataset. 
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Supplementary Figure 8. Correlation of SNAI1 expression with tumor-infiltrating lymphocytes in different types of human 
cancers in TCGA dataset. 
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Supplementary Figure 9. Correlation of SNAI1 expression with 28 TILs in different types of human cancers in TCGA dataset. 
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INTRODUCTION 
 

The product of the FRAS1-related extracellular matrix 1 

(FREM1) gene was first identified as a secretory protein 

excreted by mesenchymal cells that play a critical role 

in the development of multiple organs [1]. Multiple 

FREM1 transcripts can be found in the mammalian 

system [2]. In a previous study, TILRR (Toll-like/IL-1 

receptor regulator) was identified as the IL-1R co-

receptor, a 715-amino acid heparan sulfate glycoprotein 

encoded within the gene for the extracellular matrix 

protein FREM1 [2]. Hence, in the National Center for 

Biotechnology database, TILRR is annotated as FREM1 

(isoform 2).  
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ABSTRACT 
 

In atherosclerosis, upregulated TILRR (FREM1 isoform 2) expression increases immune cell infiltration. We 
hypothesized that TILRR expression is also correlated with cancer progression. By analyzing data from Oncomine 
and the Tumor Immune Estimation Resource, we found that TILRR mRNA expression was significantly lower in 
breast cancer tissue than adjacent normal tissue. Kaplan-Meier survival analysis and immunohistochemical 
staining revealed shortened overall survival and disease-free survival in patients with low TILRR expression. TILRR 
transcript expression was positively correlated with immune score, immune cell biomarkers and the expression of 
CXCL10 and CXCL11. TILRR expression was also positively correlated with CD8+ and CD4+ T-cell infiltration. These 
correlations were verified using the ESTIMATE algorithm, gene set enrichment analysis and Q-PCR. We concluded 
that impaired TILRR expression is correlated with breast cancer prognosis and immune cell infiltration. 
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TILRR binds to the cell membrane through a  

C-terminal lectin domain, and partners with IL-1R1  

as its co-receptor to enhance ligand binding. 

Overexpressed TILRR interacts with IL-1R1 via its 

TIR domain. This association potentiates the 

recruitment of the MyD88 adapter protein, and the 

signal amplification enhances activation of NF-ĸB and 

pro-inflammatory genes [3].  

 

Recently, it was reported that TILRR upregulates pro-

inflammatory gene expression in the progression of 

atherosclerosis [4]. Because TILRR induces immune 

cell infiltration, we wondered if TILRR expression 

might contribute to tumor progression. We 

hypothesized that the influence of TILRR on pro-

inflammatory gene expression might have a prognostic 

value in cancer treatment.  

 

First, we examined the correlation between FREM1 

expression and the prognosis of cancer patients. 

Subsequently, we investigated the expression of TILRR 

in tumor cells within different tumor 

microenvironments. The findings shed light on the 

crucial role of TILRR in breast cancers. The protein 

may be useful as a prognostic biomarker. 

 

RESULTS 
 

FREM1 mRNA expression levels in human breast 

cancer tumors 
 

To investigate the role of FREM1 gene expression in 

cancer, we determined the FREM1 mRNA levels in 

tumor and normal adjacent tissues of 20 cancer types. 

Data obtained from Oncomine was analyzed using the 

following threshold criteria: 2-fold change, P value < 

0.0001 and a gene rank of 10%. Downregulation of 

FREM1 gene expression was found in breast cancer, 

ovarian cancer and pancreatic cancer tissues. In breast 

cancer tissues, 9 out of 43 samples met the threshold 

criteria in 4 out of 10 datasets. In the other two cancer 

types, only a single event reached threshold criteria 

(Figure 1A). 

 

Further evaluation of FREM1 expression in multiple 

malignancies was carried out using the gene expression 

data from The Cancer Genome Atlas (TCGA). 

Differential FREM1 expression between the tumor and 

adjacent normal tissues is illustrated in Figure 1B. In 

most types of cancer, FREM1 expression is significantly 

lower (P value < 0.001) than in adjacent normal tissues 

(Figure 1B). 

 

FREM1 expression in breast cancer was further 

investigated using TCGA and Gene 

Expression Omnibus (GEO) data (Figure 1C and 1D). 

FREM1 expression in tumor tissues was 1.25-fold (GEO) 

and 4.18-fold (TCGA) lower than in normal adjacent 

tissues. These findings were confirmed in paired patient 

biopsy samples via Q-PCR (N = 36, P = 0.0336) (Figure 

1D and 1E). In tumor biopsy samples, FREM1 expression 

was reduced by as much as 6.16-fold (P < 0.001). In 17 

samples (47.2%), expression was decreased more than 2-

fold (Figure 1E). We expanded our analysis of FREM1 

expression to various subtypes of breast cancer (Figure 

1G and 1H). This analysis compared normal tissue (n = 

120/n = 75) with tissues from the following breast cancer 

subtypes: Basal-like (n = 168/n = 75), HER2-enriched (n 

= 78/n=24), Luminal-like A (n = 493/n = 89) and 

Luminal-like B (n = 194/n = 49). These data showed 

decreased FREM1 expression in Basal-like (6.07-

fold/1.11-fold with mean), HER2-enriched [6.79-

fold/1.09-fold with mean (P = 0.0279)], Luminal-like A 

(3.46-fold/1.08-fold with mean) and Luminal-like B 

(7.54-fold/1.11-fold with mean) tissues. Hence, FREM1 

expression is downregulated in breast cancer tissue. 

 

FREM1 transcription level is correlated with 

survival and progression in breast cancer patients  
 

We further analyzed TGCA data to determine if there is 

a relationship between FREM1 expression and overall 

survival (OS) or disease-free survival (DFS) in breast 

cancer patients. Patients were divided into high- or low-

level groups over the median value of FREM1 

expression in breast cancer tissues. Patients with high 

FREM1 expression in their tumors experienced a 

prolonged OS and DFS compared with those who with 

low FREM1 expression (Figures 2A and 2B). 

Additionally, KM analysis revealed that HER2-positive 

BRCA patients in the low-level FREM1 expression 

group generally demonstrated shorter DFS (Figures 2C 

and 2D). To confirm the clinical significance of 

downregulated FREM1 expression in breast cancer 

patients, the correlation between survival rate and 

FREM1 transcription was determined. Survival analysis 

of GEO data indicated that low-level FREM1 

expression was correlated with reduced OS and DFS 

(Figure 2E and 2F), and the same scenario was shown 

in HER2-positive BRCA patients (Figure 2G and 2H). 

This data was consistent with the results obtained from 

TCGA cohort. These results suggest that reduced 

FREM1 transcription influences breast cancer tumor 

progression and is associated with shortened patient 

survival. 

 

Downregulation of the FREM1 protein in primary 

human breast cancer tissues correlates with disease 

progression 
 

To determine the clinical significance of the  

FREM1 protein, we performed representative 
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immunohistochemical (IHC) staining in primary human 

breast cancer tumor and adjacent normal tissue  

(N = 47). FREM1 staining in human primary breast 

cancer was scored as follows: +++, high; ++, moderate; 

+, weak; −, negative. FREM1 expression was 

significantly decreased in tumors, as indicated by lower 

IHC staining scores (P < 0.001) (Figure 3A and 3B). 

Among the 47 breast cancer samples, FREM1 staining 

 

 
 

Figure 1. FREM1 expression levels in different types of human cancers. (A) Expression levels of FREM1 in different types of 
cancer compared with normal tissues. Data is from the Oncomine database. (B) Expression levels of FREM1 in different tumor types from 
the TCGA database were analyzed by TIMER. (C, D) FREM1 expression levels analyze by TIMER in normal and tumor samples from the 
TCGA and GEO databases. (E, F) FREM1 expression levels were analyzed by Q-PCR in paired normal and tumor tissues. (G, H) FREM1 
expression levels in normal and subtypes of breast cancer samples from the TCGA and GEO databases were analyzed by TIMER. (*P <0.05, 
** P < 0.01, ***P < 0.001). 
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was high in 4 samples (8.5%), moderate in 22 samples 

(46.8%) and weak or undetectable in 21 samples 

(44.7%) (Figure 3C and 3D). The AOD (average optical 

density) quantified data set was plotted in 

Supplementary Figure 1. 

 

From the clinical information provided with the tissue 

chip, the survival rate was analyzed. High FREM1 

expression correlated with a prolonged OS and DFS 

compared with low FREM1 expression, but the 

statistical significance of the DFS prolongation was 

weak (P = 0.0509) (Figure 3E and 3F). When data was 

re-analyzed only using HER2-enriched samples, the 

correlation between FREM1 expression and survival 

rate was robustly significant in both OS (P = 0.0006) 

and DFS (P = 0.0035) (Figure 3G and 3H). Thus, 

FREM1 downregulation in breast cancer tissue, 

especially in HER2-enriched samples, was correlated 

with shorter survival times. This finding from IHC 

staining is consistent with our database analysis. 

 

TILRR is the clinically relevant isoform of FREM1 in 

breast cancer 
 

Previously, TILRR has been identified as isoform 2 of 

the FREM1 gene [3]. We wanted to determine if TILRR 

is the dominate isoform that is downregulated in breast 

cancer. In the Ensembl and Gene Expression Profiling 

Interactive Analysis 2 (GEPIA2) databases, three 

different FREM1 isoforms are described. In these 

isoforms, ENST00000422223.6 and ENST000003 

80880.3 encode a protein with 2179 amino acids, and 

the much shorter version of ENST00000380894.5 

encodes a protein with 715 amino acids. 

ENST00000380894.5 is the FREM1 isoform 2 

transcript, which we referred to previously as TILRR 

(Figure 4A). The correlation between breast cancer 

survival rate and FREM1 usage was investigated  

using the GEPIA2 database. In Figure 4B, the violin-

plot and bar-plot panels present the expression 

distribution and usage of each FREM1 isoform. TILRR, 

or FREM1 isoform 2, shows convincing cancer 

specificity with strong usage and a significantly low 

hazard ratio (HR).  

 

Using a TILRR-specific primer (Figure 4C), TILRR 

expression in 30 paired breast cancer samples was 

investigated using Q-PCR. The data showed a 4.39-fold 

decrease (P = 0.0274) in expression in tumor tissue 

compared with normal tissue (Figure 4D and 4E), which 

confirmed that TILRR is downregulated in breast cancer 

tissues. The protein expression identity of FREM1 and 

TILRR was verified using four paired breast cancer 

tissues (sample numbers: 160, 172, 109 and 164) (Figure 

4F and 4G). The FREM1 commercial polyclonal 

antibody blotting pattern was identical to that of the 

TILRR polyclonal antibody, which detected a 75 KDa 

peptide with an approximately 4.76- and 9.09-fold 

 

 
 

Figure 2. Comparing the low and high expression levels of FREM1 by Kaplan-Meier survival analysis in breast cancer and the 
HER2 subtype. (A–D) Survival curves of OS and DFS in breast cancer and HER2 from the TCGA database. (E–H) Survival curves of OS and DFS 
in breast cancer and HER2 from the GEO database. OS, overall survival; DFS, disease-free survival. 
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Figure 3. FREM1 expression is reduced in tumor tissues, which is associated with poor survival. (A) Representative IHC staining of 
FREM1 in human primary tumor and adjacent non-tumor tissue. Magnifications: 4X; boxed area is 40X. Scale bar: 4X, 200 µm; 40X, 20 µm. (B) 
FREM1 level is higher in adjacent tissues than in tumor tissues. Magnifications: 4X; and boxed area is 40X. Scale bar: 4X, 200 µm; 40X, 20 µm. 
(C, D) Analysis of FREM1 IHC staining scores in adjacent non-tumor (n = 48) and tumor tissue (n = 56). (*P < 0.05, **P < 0.01, ***P < 0.001). 
(E–H) Survival curves of OS and DFS in breast cancer and HER2 with low and high FREM1 expression. Median survival time of the high-
expression group versus low-expression group. 
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reduction in expression in tumor tissues. A similar 

finding was discovered using TILRR monoclonal 

probes (data not shown). These results confirm that 

downregulation of TILRR is associated with breast 

cancer prognosis. 

 

Analysis of TILRR transcript level associated with 

tumor-infiltrating lymphocytes  
 

As shown above, TILRR is the dominant isoform of 

FREM1 expressed in breast cancer tissues. A prior 

study found that TILRR is related to monocyte 

infiltration in atherosclerosis plaque development [4]. 

Moreover, the lymphocyte-specific immune (LYM) 

recruitment metagene signature is related to tumor 

infiltration by lymphocytes, and it is associated with a 

favorable prognosis in breast cancer. To investigate the 

role of TILRR in the mediation of immune cell 

infiltration, the correlation between TILRR expression 

and LYM was evaluated in TCGA breast cancer data. 

The LYM metagene sets PTPRC (CD45), CD53, LCP2 

(SLP-76), LAPTM5, DOCK2, IL10RA, CYBB, CD48, 

ITGB2 (LFA-1) and EVI2B were positively correlated 

with expression of FREM1 (Spearman r = 0.42 P = 

3.5e-47; Pearson r = 0.3 P = 0) (Figure 5A).  

 

The estimation of stromal and immune cells in 

malignant tumor tissues using expression 

data(ESTIMATE) algorithm can calculate the gene 

expression signature in tumor cells and normal, tumor-

associated epithelial and stromal cells, immune cells 

and vascular cells [5]. Stromal cells are thought to  

have essential roles in tumor growth, disease 

progression and drug resistance, and ESTIMATE 

 

 
 

Figure 4. TILRR, the FREM1 isoform 2 transcript, is clinically relevant in breast cancer. (A) The three FREM1 isoforms. (B) TILRR, the 
gene encoding isoform 2, shows convincing cancer specificity with strong usage and significantly low hazard ratio. (C) TILRR-specific primer of 
human DNA. (D, E) TILRR expression levels were analyzed by Q-PCR in paired normal and tumor tissues (*P < 0.05, **P < 0.01, ***P < 0.001). 
(F, G) TILRR immunoblotting (indicated by the FREM1 or TILRR antibody) in paired normal and tumor tissues. The band intensities are 
normalized to GAPDH. 
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immune scores could serve as an indicator for 

immunotherapy response [5]. Tumor purity and the 

expression of TILRR were analyzed using the 

ESTIMATE algorithm to investigate in GEO (N = 237) 

and TCGA (N = 1097) data. The results showed that the 

expression of TILRR was negatively correlated with 

tumor purity, but positively correlated with immune 

score and stromal score (Figure 5B). This correlation 

was confirmed with the 50 highest and 50 lowest 

TILRR-expressing tumor tissue samples (Figure 5C and 

5D).  

 

To understand the underlying mechanism of FREM1 in 

breast cancer, we analyzed differentially expressed  

data from the 50 highest and 50 lowest FREM1-

expressing tumor tissue samples. The gene expression 

enrichment of several signal pathways was analyzed 

using gene set enrichment analysis (GSEA). TILRR is 

positively correlated with Toll-like receptor signaling 

and cytokine-to-cytokine receptor interactions (Figure 

5E), which is consistent with our previous finding [3]. 

We also found that leukocyte transendothelial 

migration, chemokine signaling, T-cell receptor 

signaling and JAK-STAT signaling are associated with 

the migration and infiltration of immune cells (Figure 

5E). To verify these pathways, RNA-seq analysis of the 

BT474 cancer cell line overexpressing TILRR was 

performed using an empty GFP construct as a control. 

The analysis showed that TILRR overexpression not 

only potentiates IL-6 and CXCL8 immune- and 

inflammation-induced gene expression, but it also 

induces the expression of other cytokine genes such as 

CCL5/2 and chemokine genes such as CXCL10 (Figure 

5F). JAK-STAT signaling pathways and interferon-

stimulated genes (further detailed analysis will be 

published elsewhere) were also upregulated (Figure 5F). 

This upregulation of pro-inflammatory secretory factors 

and pathway activation indicated that enhanced TILRR 

expression might cause long distal immune recruitment. 

Q-PCR was performed to confirm RNA-seq detection 

among expression of CXCL8, CXCL10, CXCL11, MX1 

and the interferon stimulation gene, ISG15 (Figure 5G). 

 

Furthermore, we analyzed the 50 highest TILRR-

expressing and 50 lowest TILRR-expressing tumor 

tissue samples (TCGA database) to determine the 

relationship between the expression of CXCL10 and 

CXCL11 and the expression of TILRR in cancer tissues. 

The results showed that high expression of TILRR 

positively correlates with CXCL10 and CXCL11 

expression (Supplementary Figure 2). These findings 

strengthened the hypothesis that TILRR expression is 

associated with breast cancer progression and 

prognosis, likely through signaling pathways that 

regulate the distal recruitment of immune cell 

infiltration. 

Expression of TILRR is correlated with immune cell 

infiltration in breast cancer 

 

Increasing evidence suggests that tumor-infiltrating 

immune cells can be an indicator in the clinical analysis 

of tumor samples [6, 7]. Gene expression profiling of 

heterogeneous cell populations in cancer tissue, 

including tumor-infiltrating lymphocytes, serves as an 

independent predictor of survival in prognostic cancer 

models [8, 9]. Thus, we used the TIMER database to 

evaluate the correlation between FREM1 mRNA 

expression and six different infiltrating immune cell 

types (B cells, CD8+ T cells, CD4+ T cells, 

macrophages, neutrophils and dendritic cells) in 

different subtypes of breast cancer. Data showed that 

the TILRR transcription level was inversely related to 

the purity of tumor tissue in breast cancer subtypes 

(Figure 6A–6D, first line on the left). The low 

heterogeneity in tumor tissue correlated with high 

expression of FREM1 in all but one subtype, which is 

consistent with the positive association between TILRR 

expression and level of immune cell infiltration (Figure 

6). The exception was macrophage cells of the HER2 

subtype (r = -0.107, P = 4.23e-01). The infiltration 

levels of CD8+ and CD4+ cells were significantly 

positively correlated with TILRR transcription. The 

level of CD8+ T-cell infiltration with TILRR expression 

in BRCA (r = 0.379, P = 16e-34), BRCA-Basel (r = 

0.275, P = 2.10e-03), and BRCA-HER2 (r = 0.406, P = 

1.2e-03), and BRCA-Luminal (r = 0.48, P = 7.89e-28) 

were all significantly strong, respectively, which is 

similar to the CD4+ T-cell infiltration levels (BRCA: r = 

0.369, P = 2.07e-32; Basal: r = 0.181, P = 4.57e-02; 

HER2: r = 0.595, P = 8.37e-07; luminal: r = 0.42, P = 

2.44-24e). On the other hand, in the tumor tissue, the 

infiltration level from B cells, macrophages, neutrophils 

and dendritic cells correlated more weakly with TILRR 

transcription in subtypes of breast cancer (Figure 6). To 

verify the expression of TILRR and the infiltration of 

immune cells, the 50 highest TILRR-expressing and 50 

lowest TILRR-expressing tumor tissue samples were 

selected (TCGA database) to analyze the expression of 

marker genes for CD8+, CD4+ and T cells (general). 

The results showed that CD8A, CD8B was expressed in 

tissues with high TILRR expression. (Figure 6E). 

Analysis of GEO data generated similar results 

(Supplementary Figure 3). To further verify this result, 

we selected the 5 samples with the highest TILRR 

expression and the 5 with the lowest TILRR expression 

patients shown in Figure 4D to evaluate the expression 

of marker genes in CD4- and CD8-expressing cells. 

Among these 10 samples, the expression of CD8A, 

CD8B and CD4 in TILRR high- and low-expressing 

samples were positively correlated (Figure 6F). We also 

investigated the correlation between TILRR expression 

and biomarkers from other immune cells. Strong 
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Figure 5. FREM1 mRNA levels were associated with tumor infiltrating lymphocytes. (A) The average expression of the LYM 
metagene signature [PTPRC (CD45), CD53, LCP2 (SLP-76), LAPTM5, DOCK2, IL10RA, CYBB and CD48, ITGB2 (LFA-1) and EVI2B] in breast 
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cancers from the TCGA database relative to the FREM1 mRNA level. (B–D) Tumor purity, immune score and stromal score were analyzed 
using the ESTIMATE algorithm from GEO (N = 237) and TCGA (N = 1097) database. (E) GSEA analysis was used to demonstrate the correlation 
between FREM1 expression and the KEGG enriched pathway. (F) Immune and inflammation response genes, the JAK-STAT signaling pathway 
and interferon-stimulated genes were analyzed by RNA-seq in BT474 cancer cells. (G) CXCL8, CXCL10, CXCL11 and the interferon stimulation 
genes, ISG15 and MX1, were analyzed by Q-PCR in BT474 cancer cells. 
 

associations were found between NK cells, Treg cells, 

T-cell exhaustion and TILRR expression 

(Supplementary Table 1). Consequently, it is likely that 

TILRR expression in breast cancer tissue is involved in 

immune cell recruitment. 

 

DISCUSSION 
 

In the present study, we observed that TILRR expression 

level was associated with the survival of patients in breast 

cancer. Database analysis revealed that TILRR mRNA 

expression was significantly lower in breast cancer tissue 

and correlated with shorter OS and DFS. The TCGA and 

GEO data analysis were confirmed by IHC staining and 

Q-PCR. TILRR transcript expression is correlated with 

immune score, immune cell biomarkers and LYM 

metagene signature, which was verified using the 

ESTIMATE algorithm and GEPIA2 database analysis. 

This consistent association between increased TILRR 

mRNA levels and a favorable prognosis for the patient is 

shown in Figure 4. Two of five patients with higher 

TILRR mRNA levels had a favorable prognosis (Figure 

6F). However, in the group with lower TILRR mRNA, 3 

out of 5 patients were dead due to cancer (data not 

shown). To our knowledge, this is the first study to 

describe TILRR expression in cancer tissue. 

 

In this study, we found that TILRR expression is 

profoundly downregulated in breast cancer and 

correlated with disease-specific survival. The PyMT 

mouse, a genetically engineered mouse model that is 

widely used to study human breast cancer, gene 

profiling and expression analysis has illustrated the 

effects of TILRR downregulation [10]. In PyMT/ Il1a-/- 

and PyMT/Il1r1-/- mice, IL-1R1 signaling suppresses 

mammary tumor cell proliferation early in tumorigenesis 

and facilitates breast cancer outgrowth with pulmonary 

metastasis [11]. IL-1Ra is overexpressed in multiple 

cancers, including multiple myeloma, leukemia, 

cervical, ovarian, colorectal, pancreatic and breast 

cancer, but is downregulated in others [11–15]. This is 

consistent with the idea that TILRR enhances IL-1 alpha 

affinity binding to IL-1R1, as IL-1R1 is a low-copy, 

high-affinity receptor [3, 16]. Interestingly, the IL-1R1 

signaling pathway has been reported to promote tumor 

growth, angiogenesis and metastasis in some contexts 

[17], while stimulating anti-tumor immunity or directly 

suppressing tumorigenesis in others [11]. TILRR 

activates oncogene RAS upstream of TRAF6 in the IL-

1R1-mediated pathway, and TILRR overexpression 

enhances AKT phosphorylation and HeLa-cell survival 

via the TILRR R425 site [18]. Previously it was reported 

that under LDLR-/- or APOE-/- genetic conditions, 

monocyte activation and infiltration were reduced in 

atherosclerosis and in the lung of TILRR KO mice or 

mice injected with TILRR-blocking antibody [4]. As 

reported, under LDLR-/- conditions, mouse models of 

hypercholesterolemia developed a smaller tumor. These 

mice were characterized by increased LDLR expression, 

as well as shorter OS and decreased DFS [19]. 

Interestingly, TILRR expression level is low in healthy 

tissue; however, it is remarkably enhanced in 

atherosclerotic plaques with a high level of immune cell 

infiltration [4].  

 

Another important aspect of this study is the correlation 

between TILRR expression and the level of immune 

infiltration. Through data analysis, we observed 

associations between TILRR mRNA levels and immune 

score, immune cell biomarkers, the LYM metagene 

signature and levels of infiltrating immune cells. In 

previous studies, TILRR expression was correlated with 

monocyte infiltration; notably, TILRR-/- mice showed 

less recruitment of immune cells in atherosclerosis 

plaques [4]. ESTIMATE calculation and GSEA analysis 

of the top 50 highest TILRR-expressing samples 

compared with the top 50 lowest samples showed that 

TILRR transcription played a role in immune cell 

infiltration, migration and activation. On the other hand, 

RNA-seq and Q-PCR analysis showed that TILRR 

potentiates CXCL10 and CXCL11 chemokine 

expression in the BT474 cancer cell line. In response to 

specific chemokines, immune cells can regulate 

immune responses by migrating into the tumor 

microenvironment. It has been reported that the tumor 

production of CXCL9 and CXCL10 was repressed 

by enhancement of H3K27me3 and DNMT1-mediated 

DNA methylation. Moreover, EZH2 and DNMT1 are 

negatively associated with tumor-infiltrating CD8+ T 

cells [20]. In the tumor microenvironment, CXCL11 

upregulation enhanced CD8+ T-cell recruitment [21]. 

Collectively, we speculate that, in the tumor 

microenvironment, TILRR can enhance immune 

infiltration by regulating the CXCL10 and CXCL11 

chemokines. 

 

It has been confirmed that IL-18 potentiates IFN-γ-

induced CXCL9, CXCL10, and CXCL11 mRNA 

expression and secretion by activating the NF-ĸB and 

JAK-STAT signaling pathways [22]. Our previous 
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studies showed that TILRR overexpression can increase 

the activation of the NF-ĸB signaling pathway, which 

agree with our RNA-seq data in this study. 

Interestingly, we also observed IFN-γ-induced gene 

expression; however, whether the TILRR effect on the 

upregulation of CXCL-10 and CXCL-11 was through an 

indirect cytokine chain reaction of multiple cell types 

remains unknown. We found in these tissues a positive 

 

 
 

Figure 6. Correlation of FREM1 expression with immune infiltration level in the subtypes of breast cancer. (A) FREM1 
expression is negatively related to tumor purity and has significant positive correlations with infiltrating levels of B cells, CD8+ T cells, CD4+ T 
cells, macrophages, neutrophils and dendritic cells in BRCA. (B) FREM1 expression is negatively related to tumor purity and has positive 
correlations with infiltrating levels of B cells and CD8+ T cells, but not CD4+ T cells, macrophages, neutrophils and dendritic cells in BRCA-
Basal. (C) FREM1 expression is significantly negatively related to tumor purity and has significant positive correlations with infiltrating levels 
of CD8+ T cells, CD4+ T cells and dendritic cells, but not B cells, macrophages and neutrophils in BRCA-HER2. (D) FREM1 expression is 
negatively related to tumor purity and has significant positive correlations with infiltrating levels of CD8+ T cells, CD4+ T cells, macrophages, 
neutrophils and dendritic cells, but not B cells in BRCA-Luminal. (E) The top 50 highest TILRR-expressing and top 50 lowest TILRR-expressing 
tumor tissue samples were selected (TCGA database) to analyze the expression of marker genes in CD8+, CD4+ and T cells (general). (F) CD8A, 
CD8B and CD4 expression levels were analyzed by Q-PCR in the 5 highest TILRR expressing and the 5 lowest TILRR expressions samples. 
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correlation between TILRR upregulation and IFN-γ-

related signaling pathways. These results proved that 

the TILRR transcription level could indicate lymphocyte 

infiltration in breast cancer.  

 

TILRR-related immune cell recruitment in breast cancer 

showed the strongest correlation with CD8+ positive 

cells and the T cell-related pathway. In cancer 

treatment, inhibiting immune checkpoint mediators, 

such as CTLA-4 and PD-1, has achieved noteworthy 

clinical outcomes in several malignancies [23–26]. 

Cardiovascular disease is also the consequence of 

targeted cancer therapies and chemotherapies in several 

clinical settings [27, 28]. TILRR expression related to 

chemokine secretion and NF-ĸB activation is well 

documented in cardiovascular disease [4]. Therefore, 

we conclude that TILRR might recruit immune cells 

through a similar cellular mechanism in breast cancer 

and atherosclerosis. We believe that TILRR could play 

different roles in different organs but may share a 

similar mechanism in breast cancer and atherosclerosis. 

 

MATERIALS AND METHODS 
 

FREM1 gene expression of BRCA in the TCGA and 

GEO databases  

 

The expression level of the FREM1 gene in various 

types of cancers was identified in the Oncomine 

database (https://www.oncomine.org/resource/login. 

html) [29]. The threshold was determined according to 

the following values: P value of 0.001, fold change  

of 2. Differential expression module of TIMER 

(https://cistrome.shinyapps.io/timer/) was used to 

analyze the FREM1 differential expression between 

tumor and adjacent normal tissues of various TCGA 

tumors [30, 31]. TCGA breast cancer data was 

downloaded from the Xena browser (https:// 

xenabrowser.net/datapages/) [32]. GSE21653 data was 

downloaded from the GEO database, which contained 

266 early cancer patients [33, 34]. 

 

Immune cell infiltration analysis 
 

The correlation of FREM1 expression level with a LYM 

metagene signature [PTPRC (CD45), CD53, LCP2 
(SLP76), LAPTM5, DOCK2, IL10RA, CYBB, CD48, 

ITGB2 (LFA-1) and EVI2B] was explored via Gene 

Expression Profile Interactive Analysis (GEPIA2; 

http://gepia2.cancer-pku.cn/#index) [35–37]. The 

stromal score, immune score and tumor purity of breast 

cancer (BRCA) tumor samples from the GSE21653 

database (N = 237) and the TCGA database (N = 1097) 

were calculated by using the R 3.6.0 ESTIMATE 

package (1.0.13) [38]. The gene module of TIMER was 

used to evaluate the correlation of FERM1 expression 

with immune cell infiltration (including B cells, CD4+ 

T cells, CD8+ T cells, neutrophils, macrophages and 

dendritic cells) in BRCA, which determined the purity-

corrected partial Spearman’s correlation and statistical 

significance. The correlation module of TIMER was 

used to calculate the Spearman’s correlation and 

statistical significance between FREM1 and immune 

cell marker genes. The top 50 highest and lowest 

FREM1-expressing TCGA tumor samples were used to 

conduct GSEA and Kyoto Encyclopedia of Genes and 

Genomes (KEGG) pathway annotations analysis [39]. 

 

RNA isolation and real-time PCR 
 

Total mRNA of breast cancer tissue (SYSUCC, Sun 

Yat-sen University Cancer Center, Guangzhou, China) 

was extracted using TRIzol reagent (Invitrogen, 

#1556018) according to the manufacturer’s protocols. 

The quantitative, real-time PCR using SsoAdvancedTM 

Universal SYBR Green Supermix (Bio-Rad, #1725274) 

was performed in an ABI StepOnePlus (ABI, 

#1725274). FREM1 primer sequences: forward  

primer, 5’-AGAGCCCTGCCTGTGGTAAC-3’; reverse 

primer, 5’-GAAGGGGAATGCAAGAGTGTGATA-3’. 

TILRR-specific primer 5’-GCCTTGCCTCTCTTTACC 

AGAT-3’; reverse primer, 5’-GAGTGCCGATAGGC 

CACAT-3’. Relative gene expression was normalized 

to glyceraldehyde 3-phosphate dehydrogenase 

(GAPDH) (forward primer, 5’-GGAGCGAGATCCCT 

CCAAAAT-3’; reverse primer, 5’-GGCTGTTGTCA 

TACTTCTCATGG-3’) expression and was analyzed 

using the 2−ΔΔCT method. 

 

Immunohistochemistry (IHC) 
 

Immunohistochemistry was performed on tissue section 

microarrays (Zhuolibiotech, #ZL-Brc Sur122). The 

staining procedure included heat-induced epitope 

retrieval using 0.1 M sodium citrate (pH 9.0, heated by 

microwave to 90-95 °C, 3 times for 5 minutes each), 

incubation with primary antibody at 4 °C overnight. 

Signal detection was performed using an IHC detection 

kit (Gene Tech, #GK500710). Microscopy of the 

immunostaining included an initial pre-screen at low 

power (4X) to identify regions with a technically 

optimal staining result. Subsequently, detailed analysis 

at high-power (40X) was performed to evaluate the 

staining according to routine algorithms employed in 

tumor diagnostics. Scoring of FREM1 staining were 

evaluated using the semi-quantitative immunostaining 

score (ISS) method by pathologist. The immunostaining 

score was defined as 0 – 3 (range: +++/3, high; ++/2, 

moderate; +/1, weak; 0, negative.) [40]. The median 

score was used as cut off for classification of patients 

into high- and low-expression groups. Semi-quantitative 

analysis of the IHC images was conducted by Image-J, 

https://www.oncomine.org/resource/login.html
https://www.oncomine.org/resource/login.html
https://cistrome.shinyapps.io/timer/
https://xenabrowser.net/datapages/
https://xenabrowser.net/datapages/
http://gepia2.cancer-pku.cn/#index
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by which integral optical density (IOD) and the area 

were collected. Then, average optical density (AOD) 

was calculated as IOD/area, which represented the 

staining intensity [41]. 

 

Western blot 

 

Total proteins were extracted from breast cancer and 

adjacent cancer tissue (SYSUCC, Sun Yat-sen 

University Cancer Center, Guangzhou, China) by using 

RIPA buffer (Beyotime, #P0013B) and passed the tissue 

through a 21-gauge needle more than 30 times. The cell 

lysate was centrifuged at 4 °C and 17000 g for 15 

minutes to eliminate large aggregates. A BCA Protein 

Assay Kit (Tiangen, #PA115) was used to evaluate the 

cell lysate protein concentrations. Approximately 25-50 

μg total protein, denatured with the standard SDS-

sample buffer per lane, was loaded for electrophoresis 

on 10% pre-cast mini-polyacrylamide gels (GenScript 

SurePAGE, Bis-Tris, 10 cm x 8 cm gels). The gel 

containing proteins was then transferred to a PVDF 

membrane (BioRad). The membrane was blocked with 

5% milk in 1×TBST for 2 hours, and incubated with the 

FREM1 primary antibody (1:1000 rabbit polyclonal, 

Proteintech, #13086-1-AP) and TILRR (1:2000 rabbit 

polyclonal custom, Genesript) at 4 °C overnight. Before 

incubating the membrane with a secondary antibody 

(1:10000 dilution, Jackson ImmunoResearch, #111-035-

003) for 1 hour, it was washed the with 1×PBST 5 times 

at room temperature. The blots were detected  

by chemiluminescence (Bio-Rad). The band intensity 

was quantified by ImageJ (https://imagej.nih.gov/ij/ 

download.html). 

 

Cell culture 

 

Cells were cultured (BT474, purchased from Procell 

Life Science and Technology Co., Ltd. CL-0040) at the 

density of 1×106/well in RPMI 1640 Medium (Gibco, 

#C11875500BT) with 20% FBS and insulin. Cells were 

incubated at 37 °C and 5% CO2. The day after seeding, 

cells were transfected with HA-GFP or HA-TILRR-

T2A-GFP plasmid using the Lipofectamine 3000 

Transfection Reagent (Invitrogen, #L3000-015). Cells 

were incubated at 37 °C and 5% CO2 for 24 hours, at 

which time culture medium was replaced. Forty-eight 

hours after transfection, cells were detached by 0.25% 

trypsin for 3 minutes, and then collect the cell for cell 

sorting (Flow Cytometer, Aria II, BD).  

 

RNA-seq 

 

Trizol lysate was used to lyse selective cells and extract 

RNA from the cells. To generate sequencing libraries, 1 

ug RNA per sample was used (NEBNext UltraTM RNA 

Library Prep Kit, Illumina; NE, USA). Library quality 

was assessed on the Agilent Bioanalyzer 2100 system. 

Sequencing was performed on the Illumina Novaseq 

platform, and 150 bp paired-end reads were generated. 

Raw reads were aligned to a reference genome (UCSC 

GRCh38/hg38) using Bowtie 2 (2.2.5). Gene expression 

was quantified using RSEM v1.1.22. 

 

Statistical analysis 
 

OS and DFS curves were generated by Kaplan-Meier 

survival analysis using SPSS 17.0 software. The 

results generated in Oncomine are displayed with P 

values, fold changes, and ranks. The results of the 

Kaplan-Meier plots, PrognoScan, and GEPIA2 are 

displayed with HR and P or Cox P values from a log-

rank test. The correlation of gene expression was 

evaluated by Spearman’s correlation and statistical 

significance, and the strength of the correlation was 

determined using the following guide for the absolute 

value: 0.00–0.19, very weak; 0.20–0.39, weak; 0.40–

0.59, moderate; 0.60–0.79, strong; 0.80–1.0, very 

strong. P values < 0.05 were considered as 

statistically significant. 
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SUPPLEMENTARY MATERIALS 
 

Supplementary Figures 

 

 

 

 
 

Supplementary Figure 1. Semi-quantitative analysis of the IHC images was conducted by Image-J, and the integral optical 
density (IOD) and area were collected (N = 47 pairs). 
 

 
 

Supplementary Figure 2. The top 50 highest TILRR-expressing and top 50 lowest TILRR-expressing tumor tissue samples were 
used (TCGA database) to analyze the expression levels of CXCL10 and CXCL11. 
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Supplementary Figure 3. The top 50 highest TILRR-expressing and top 50 lowest TILRR-expressing tumor tissue samples were 
selected (GEO database) to analyze the expression of marker genes of CD8+, CD4+ and T cells (general). 
 

 

 

 

Supplementary Table 
 

Please browse Full Text version to see the data of Supplementary Table 1. 

 

Supplementary Table 1. Correlation analysis between FREM1 and related genes and markers of immune cells in 
TIMER. 
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INTRODUCTION 
 

Lung cancer is still the most common form of cancer 

and the leading cause of cancer death worldwide in 

both developing and developed regions [1]. Non-

small-cell lung cancer (NSCLC) accounts for 85% of 

lung cancer cases, and can be classified as 

adenocarcinoma, squamous cell carcinoma or  

large cell carcinoma. Lung adenocarcinoma (LUAD) 

is one of the most common subtypes of NSCLC [2], 

and has been extensively studied in recent  

years due to the great success of molecular targeted 

therapy.  

 

Immune evasion is acknowledged as a hallmark of tumors 

[3], and different immune cell types contribute to immune 

infiltration and immune evasion. Immunotherapies such 

as programmed cell death-1 (PD1) / programmed cell 

death ligand-1 (PD-L1) inhibitors have become standard-

of-care treatment options for NSCLC patients. However, 

only a small subset (20-30%) of patients respond to such 

treatments [4–7]. At present, the prognosis of LUAD 

remains poor, and the overall five-year survival rate is < 

15% due to local and distant recurrences [8].  

 

Tumor-infiltrating lymphocytes and neutrophils are 

known to influence the prognosis of cancers and the 
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ABSTRACT 
 

The tumor immune microenvironment (TIME) is an important determinant of cancer prognosis and treatment 
efficacy. To identify immune-related prognostic biomarkers of lung adenocarcinoma, we used the ESTIMATE 
algorithm to calculate the immune and stromal scores of 517 lung adenocarcinoma patients from The Cancer 
Genome Atlas (TCGA). We detected 985 differentially expressed genes (DEGs) between patients with high and low 
immune and stromal scores, and we analyzed their functions and protein-protein interactions. TRIM28 was 
upregulated in lung adenocarcinoma patients with low immune and stromal scores, and was associated with a poor 
prognosis. The TISIDB and TIMER databases indicated that TRIM28 expression correlated negatively with immune 
infiltration. We then explored genes that were co-expressed with TRIM28 in TCGA, and investigated DEGs based on 
TRIM28 expression in GSE43580 and GSE7670. The 429 common DEGs from these analyses were functionally 
analyzed. We also performed a Gene Set Enrichment Analysis using TCGA data, and predicted substrates of TRIM28 
using UbiBrowser. The results indicated that TRIM28 may negatively regulate the TIME by increasing the 
SUMOylation of IRF5 and IRF8. Correlation analyses and validations in two lung adenocarcinoma cell lines (PC9 and 
H1299) confirmed these findings. Thus, TRIM28 may worsen the TIME and prognosis of lung adenocarcinoma. 
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efficacy of antitumor therapies [9, 10]. The level of 

infiltrating stromal and immune cells in tumor samples 

can be predicted with the ESTIMATE (Estimation of 

STromal and Immune cells in MAlignant Tumor tissues 

using Expression data) algorithm, which calculates 

immune and stromal scores based on unique gene 

signatures. Two main gene signatures are used: one 

based on 141 stroma-related genes that reflect the 

presence of stroma in tumor tissues, and the other based 

on 141 immune-related genes that represent the 

infiltration of immune cells into tumor tissues [11]. The 

current knowledge about the link between the tumor 

immune microenvironment (TIME) and LUAD is 

insufficient. Therefore, there is an urgent need to better 

understand tumor-immune interactions and identify 

more precise prognostic predictors and molecular 

biomarkers for lung cancer. 

 

Tripartite motif-containing (TRIM) proteins, which 

include a structurally conserved RING-finger domain, 

one or two B-box zinc finger domains and a coiled-coil 

domain, are considered to be significant regulators of 

carcinogenesis [12]. TRIM28 (also known as KAP1, 

TIF1β or KRIP1), one of the 60 members of the TRIM 

family, is a small ubiquitin-like modifier (SUMO) E3 

ligase and a fundamental component of several 

macromolecular complexes [13–15]. TRIM28 is a 

poorly understood transcriptional co-factor with 

pleiotropic biological activities, including inducing gene 

silencing, promoting cellular proliferation and 

differentiation, promoting neoplastic transformation, 

inhibiting apoptosis, facilitating DNA repair, and 

guarding genomic integrity [16]. TRIM28 also 

promotes T cell activation, T cell tolerance, and the 

expression of various interleukins and other pro-

inflammatory molecules [17–25]. The upregulation of 

TRIM28 predicts a poor prognosis in patients with 

gastric cancer [26], ovarian cancer [27], breast cancer 

[12] and colorectal cancer [28]. Lei et al. [29] found that 

the upregulation of TRIM28 promoted the growth of 

NSCLC and was a potential predictor of metastasis and 

prognosis in early-stage NSCLC patients. However, 

Chen et al. [30] reported that TRIM28 exerted anti-

proliferative activity in lung cancer by repressing E2F 

family members that are critical for cell proliferation. 

Due to these contradictory observations, the prognostic 

value of TRIM28 in lung cancer remains unclear.  

 

In this study, we conducted a comprehensive analysis of 

immune cell infiltration and gene expression in the 

TIME of LUAD based on the ESTIMATE algorithm, 

and then correlated these data with clinical and 

prognostic features. The results revealed the significant 

prognostic value of TRIM28 expression and a potential 

mechanism whereby TRIM28 alters the TIME in 

LUAD. 

RESULTS 
 

The correlations among the immune and 

stromal scores, clinical features and prognoses of 

LUAD patients 
 

The overall flowchart of this study is shown in Figure 1. 

In total, 517 LUAD patients with RNA sequencing data 

and clinical information in The Cancer Genome Atlas 

(TCGA) database were included (http://www. 

cbioportal.org, Firehose Legacy, Supplementary Table 

1) [31]. Patients’ immune and stromal scores were 

determined using the ESTIMATE algorithm based on 

gene expression data [11]. The detailed results are 

presented in Supplementary Table 2. 

 

After comprehensively analyzing the stromal and immune 

scores, clinical information and RNA sequencing data, we 

found that both the stromal and immune scores were 

significantly lower in men (p = 0.009, p = 0.005, 

respectively; Figure 2A and 2B), in patients with higher 

TRIM28 expression (p < 0.001, p < 0.001; Figure 2C and 

2D) and in patients with metastasis (p = 0.007, p = 0.035; 

Figure 2K and 2L) than in their respective counterpart 

groups. In addition, the immune scores were lower in 

patients in higher tumor-node-metastasis (TNM) stages 

and T stages (p = 0.036, p = 0.005; Figure 2F and 2H). 

However, the stromal scores did not correlate with the 

TNM stages or T stages (p = 0.107, p = 0.286; Figure 2E 

and 2G). The stromal and immune scores also did not 

correlate significantly with the lymph node metastasis 

status (p = 0.746, p = 0.439; Figure 2I and 2J).  

 

Patients were then divided into two groups according to 

the median value of the stromal score or the immune 

score. Then, overall survival (OS) (Figure 2M and 2N) 

and disease-free survival (DFS) (Figure 2O and 2P) were 

compared between the respective groups. OS was worse 

in patients with lower stromal scores or immune scores 

than in those with higher scores (p = 0.059, p = 0.009). 

However, DFS did not differ significantly between the 

respective groups. 

 

Identification and functional annotation of 

differentially expressed genes 
 

Next, we examined the differentially expressed genes 

(DEGs) between patients with high and low stromal 

scores, as shown in the heatmap in Figure 3A. We found 

that 1,401 genes were upregulated in the group with high 

stromal scores, while 448 genes were upregulated in the 

group with low stromal scores. We also evaluated the 

DEGs between patients with high and low immune scores 

(Figure 3B), and found that 1,278 genes were upregulated 

in the group with high immune scores, while 278 genes 

were upregulated in the group with low immune scores. 

http://www.cbioportal.org/
http://www.cbioportal.org/


 

www.aging-us.com 20310 AGING 

Then, using an online tool (http://bioinformatics. 

psb.ugent.be/webtools/Venn/), we generated Venn 

diagrams to identify overlapping DEGs (Figure 3C and 

3D). The results indicated that 872 genes were commonly 

upregulated in the groups with high stromal scores and 

high immune scores, while 113 genes were commonly 

upregulated in the groups with low stromal scores and low 

immune scores.  

 

To explore the biological functions of the 985 DEGs, we 

performed Gene Ontology (GO) and Kyoto Encyclopedia 

of Genes and Genomes (KEGG) analyses using Metascape 

[32]. The top 15 GO enrichment terms and KEGG 

enrichment terms are shown in Figure 3F and 3G, 

respectively. Most of the terms were related to immune 

regulation, including lymphocyte activation, regulation of 

cytokine production, interferon production, etc.  

 

Considering the poor prognoses of patients with low 

stromal or immune scores, we then performed a protein-

protein interaction (PPI) analysis on the 113 genes that 

were commonly upregulated in patients with low 

stromal and immune scores (Figure 3E). The top 15 

genes identified using the maximal clique centrality 

method were chosen as hub genes through the 

cytoHubba plugin: ARHGEF16, ESRP1, TRIM28, 

RBBP8NL, CLDN7, RAB25, AP1M2, EPCAM, LLGL2, 

KDF1, OVOL2, FAM83H, EPN3, CAMSAP3 and 

SHMT1 (Figure 3H). Interestingly, other methods in the 

cytoHubba plugin also identified TRIM28 as a crucial 

hub gene (Supplementary Table 3). 

 

The mRNA and protein levels of TRIM28 across 

cancer types 
 

To determine whether TRIM28 expression differed 

between tumor tissues and healthy tissues, we used the 

Oncomine database to analyze TRIM28 mRNA levels in 

multiple cancer types. TRIM28 expression was higher in 

bladder cancer, colorectal cancer, gastric cancer, head

 

 
 

Figure 1. Workflow of the present study. TCGA, The Cancer Genome Atlas; LUAD, lung adenocarcinoma; PPI, protein-protein 
interaction; GSE, Gene Expression Omnibus data series; DEGs, differentially expressed genes; TIME, tumor immune microenvironment. 

http://bioinformatics.psb.ugent.be/webtools/Venn/
http://bioinformatics.psb.ugent.be/webtools/Venn/
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and neck cancer, liver cancer, lung cancer and multiple 

myeloma than in healthy tissues (Figure 4A). We also 

examined TRIM28 RNA levels in various tumor tissues 

and adjacent healthy tissues using the RNA sequencing 

data in TCGA (Figure 4B). TRIM28 was significantly 

upregulated in most of the tumor tissues, including 

bladder urothelial carcinoma, breast invasive carci-

noma, LUAD, lung squamous cell carcinoma, etc. 

However, TRIM28 RNA levels were significantly lower 

in kidney renal papillary cell carcinoma than in adjacent 

healthy tissues. The significant increase in TRIM28 

expression in LUAD was further validated in four 

independent data sets, including GSE32863 [33], 

GSE7670 [34], GSE19188 [35] and the Beer Lund 

dataset [36] (Figure 4C–4F).  

We also used the UALCAN cancer database to examine 

TRIM28 protein levels in various cancer tissues. 

TRIM28 protein expression was upregulated in breast 

cancer, colon cancer, ovarian cancer, clear cell renal cell 

carcinoma, uterine corpus endometrial carcinoma and 

LUAD (Figure 4G).  

 

Prognostic value of TRIM28 across cancer types  
 

We then used the PrognoScan database to investigate 

whether TRIM28 expression correlated with the 

prognosis of cancer patients. Notably, TRIM28 

expression significantly impacted the prognosis of 

seven cancer types, including breast, lung, ovarian, 

brain, skin, prostate and blood cancers (Figure 5A–5L). 

 

 
 

Figure 2. Stromal and immune scores were associated with the clinical characteristics and OS of LUAD patients. (A–L) The 
stromal and immune score distributions between patients with different genders (A, B), TRIM28 levels (C, D), TNM stages (E, F), T 
classifications (G, H), lymph node metastasis statuses (I, J) and distant metastasis statuses (K, L). (M–P) Patients were then divided into two 
groups according to the median stromal score or immune score. OS (M, N) and DFS (O, P) analyses were performed between the respective 
groups. OS, overall survival; LUAD, lung adenocarcinoma. 
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In three cohorts (GSE4922-GPL96, GSE3494-GPL96 

and GSE7378) [37–39] that respectively included 249 

samples, 236 samples and 54 cases at different stages of 

breast cancer, higher TRIM28 expression was 

marginally associated with poorer DFS or disease-

specific survival (DSS) (DFS hazard ratio [HR] = 3.62, 

95% confidence interval [CI] = 2.03 to 6.44, Cox p < 

0.001; DSS HR = 3.76, 95% CI = 1.77 to 7.98, Cox 

 

 
 

Figure 3. Analysis of DEGs according to the immune and stromal scores in LUAD patients. (A, B) Clustering Heatmap plot of the 
DEGs. The upper color bar represents the sample class; red represents the group with higher scores, while blue represents the group with 
lower scores. Genes with higher levels are shown in red, while those with lower levels are shown in green. (C, D) Venn diagrams showing the 
number of commonly upregulated (C) or downregulated (D) DEGs. (E) PPI analysis of downregulated DEGs via STRING. The interaction score 
was set to medium confidence (0.400). (F, G) The top 15 GO enrichment terms (F) and KEGG enrichment terms (G) for all DEGs, analyzed in 
Metascape. (H) The first 15 genes identified through the maximal clique centrality method were chosen as hub genes using the cytoHubba 
plugin. More red color represents more forward ranking. GO, gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; DEGs, 
differentially expressed genes; LUAD, lung adenocarcinoma; MMC, maximal clique centrality. 
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p < 0.001; DFS HR = 104.71, 95% CI = 6.95 to 

1577.65, Cox p < 0.001; Respectively; Figure 5A–5C). 

However, in two other cohorts (GSE9893 and 

GSE11121) [40, 41] that respectively included 155 and 

200 samples at different stages of breast cancer, lower 

TRIM28 expression was associated with poorer OS or 

distant metastasis-free survival (DMFS) (OS HR = 0.80, 

95% CI = 0.68 to 0.95, Cox p = 0.008; DMFS HR = 

0.34, 95% CI = 0.13 to 0.89, Cox p = 0.028; 

Respectively; Figure 5D, 5E). In one cohort (GSE31210) 

[42] that included 204 samples at different stages of 

LUAD, higher TRIM28 expression was marginally 

associated with poorer recurrence-free survival (RFS) 

and OS (RFS HR = 5.44, 95% CI = 2.73 to 10.87, Cox 

p < 0.001; OS HR = 3.59, 95% CI = 1.33 to 9.68, Cox p 

= 0.012; Figure 5F and 5G). We also observed the poor 

prognostic value of TRIM28 in brain cancer, prostate 

cancer, blood cancer and renal cell carcinoma (Figure 

5H, 5J–5L) and its good prognostic value in ovarian 

cancer (Figure 5I). These results suggested that TRIM28 

expression influences the prognosis of LUAD and other 

tumor types. 

 

 
 

Figure 4. TRIM28 levels in different human cancer types. (A) Increased or reduced TRIM28 levels in different cancers compared with 
normal tissues in the Oncomine database. (B) Human TRIM28 levels in different tumor types from TCGA were determined using TIMER. (C–F) 
The significant increase in TRIM28 expression in LUAD was further validated in GSE32863 (C), GSE7670 (D), the Beer Lung dataset (E) and 
GSE19188 (F). (G) The protein expression of TRIM28 in various cancer tissues was detected using the UALCAN cancer database (*p < 0.05, **p 
< 0.01, ***p < 0.001). TCGA, The Cancer Genome Atlas; LUAD, lung adenocarcinoma; UCEC, uterine corpus endometrial carcinoma; GSE, 
Gene Expression Omnibus data series. 
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To further examine the prognostic potential of TRIM28 

in different cancers based on Affymetrix microarrays, 

we used the Kaplan-Meier plotter database. Higher 

TRIM28 expression was associated with a poorer 

prognosis in lung cancer and gastric cancer. However, 

TRIM28 expression had less of an impact on the 

prognosis of ovarian cancer and breast cancer 

(Supplementary Figure 1). These results confirmed the 

significant prognostic value of TRIM28 expression in 

lung cancer and gastric cancer. We also analyzed the 

prognostic potential of TRIM28 in 33 different cancer 

types by using Gene Expression Profiling Interactive 

 

 
 

Figure 5. Kaplan-Meier survival curves generated from the PrognoScan database for TRIM28 expression in different tumor 
types. (A–E) DFS, DSS, DMFS and OS curves for five breast cancer cohorts (GSE4922-GPL96, GSE3494-GPL96, GSE7378, GSE9893 and 
GSE11121). (F, G) RFS and OS curves for lung cancer (GSE31210). (H) OS curve for brain cancer (MGH-glioma). (I) OS curve for ovarian cancer 
(GSE8841). (J) OS curve for prostate cancer (GSE16560). (K) OS curve for blood cancer (GSE2658). (L) OS curve for renal cell carcinoma. DFS, 
disease-free survival; DSS, disease-specific survival; DMFS, distant metastasis-free survival; OS, overall survival; RFS, recurrence‐free survival; 
GSE, Gene Expression Omnibus data series; HR, hazard ratio. 
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Analysis (GEPIA) to evaluate RNA sequencing data 

from TCGA. Higher TRIM28 levels were associated 

with poorer OS in adrenocortical carcinoma, brain 

lower grade glioma, LUAD, mesothelioma, skin 

cutaneous melanoma, etc. (Supplementary Figure 2). 

Thus, although the prognostic value of TRIM28 

expression differed among different cancer types, the 

results from different databases all confirmed the 

prognostic value of TRIM28 expression in LUAD.  

 

Next, we explored the relationship between TRIM28 

expression and the clinical characteristics of lung cancer 

patients in the Kaplan-Meier plotter database. Over-

expression of TRIM28 was associated with worse OS 

and worse first progression (FP), regardless of gender 

and smoking history (p < 0.001). Interestingly, when 

patients were analyzed according to the type of lung 

cancer, the upregulation of TRIM28 was associated with 

worse OS and FP in LUAD (OS HR = 2.65, p < 0.001; 

FP HR = 2.00, p < 0.001), but was not associated with 

OS in lung squamous cell carcinoma (OS HR = 1.25, p 

= 0.095). Moreover, higher TRIM28 expression was 

associated with worse OS in stage 1, stage 2, stage N0 

and stage M0, but was not associated with worse OS 

according to the grade, stage 3, stage T, stage N1 or 

stage N2 (Table 1). These results indicated that TRIM28 

expression had more significant prognostic value in 

LUAD patients than in lung squamous cell carcinoma 

patients, and had more significant prognostic value in 

early-stage than in late-stage LUAD patients. 

 

TRIM28 expression is associated with the immune 

infiltration level 
 

Numerous studies have demonstrated that the immune 

infiltrates in various human tumor types are associated 

with the prognosis and response to therapy [9, 10, 

43]. We used the TISIDB and Tumor IMmune 

Estimation Resource (TIMER) databases to assess 

whether TRIM28 expression was associated with the 

level of immune infiltration across human tumors. 

TRIM28 levels correlated negatively with the levels of 

28 types of tumor-infiltrating lymphocytes across 

human tumors in the TISIDB database (Figure 6A). 

TRIM28 levels also correlated negatively with the levels 

of central memory CD8+ T cells (R = -0.212, p < 

0.001), macrophages (R = -0.353, p < 0.001), natural 

killer T cells (R = -0.313; p < 0.001), myeloid-derived 

suppressor cells (R = -0.3, p < 0.001), regulatory T cells 

(R = -0.323, p < 0.001) and neutrophils (R = -0.287, p < 

0.001) (Figure 6B). We then analyzed the relationship 

between TRIM28 expression and immune infiltration in 

39 tumor types in the TIMER database. TRIM28 levels 

had strong negative associations with the infiltrating 

levels of CD8+ T cells in 24 tumor types, CD4+ T cells 

in 14 tumor types, macrophages in 25 tumor types, 

neutrophils in 27 tumor types and dendritic cells in 24 

tumor types. In LUAD samples, TRIM28 levels 

correlated negatively with the infiltrating levels of B 

cells (R = -0.141, p = 1.89e-03), CD8+ T cells (R = -

0.234, p = 1.67e-07), macrophages (R = -0.277, p = 

5.75e-10), neutrophils (R = -0.192, p = 2.16e-05) and 

dendritic cells (R = -0.296, p = 2.67e-11) (Figure 6C). 

These results strongly suggested that TRIM28 inhibits 

immune infiltration in LUAD. 

 

We then explored the effects of TRIM28 levels, 

clinicopathological characteristics and immune 

infiltration levels on survival using a multivariate Cox 

proportional hazards model. We found that age (p = 

0.028), stage (p < 0.001), infiltrating B cell levels (p = 

0.014) and TRIM28 levels (p < 0.001) were independent 

predictors of survival in LUAD. However, only age (p = 

0.024) and stage 3 (p = 0.011) were independent 

predictors of survival in lung squamous cell carcinoma 

(Table 2).  

 

Analysis of genes co-expressed with TRIM28 in 

LUAD 
 

Next, we used LinkedOmics [44] to identify genes that 

were co-expressed with TRIM28 based on mRNA 

sequencing data from LUAD patients in TCGA. We 

generated a volcano map of all the genes associated 

with TRIM28, and found that interferon regulatory 

factor 5 (IRF5) and IRF8 levels correlated negatively 

with TRIM28 levels (Figure 7A). We also downloaded 

two mRNA expression datasets (GSE43580 and 

GSE7670) from the Gene Expression Omnibus (GEO) 

[34, 45]. We divided the samples in each dataset into 

two groups according to TRIM28 expression, and we 

analyzed the DEGs between patients with higher and 

lower TRIM28 levels. The volcano graphs in Figures 7B 

and 7C display the DEGs in GSE43580 and GSE7670, 

respectively. We then used a Venn diagram to evaluate 

the overlapping DEGs from Figure 7A–7C (Figure 7D). 

There were 429 common DEGs, including IRF5, IRF8, 

B2M, CD44, HLA-DRA, HLA-DRB1 and HLA-E.  

 

We then performed GO and KEGG analyses of these 

DEGs using Metascape [32]. We identified the top 14 

GO enrichment terms (Figure 7E), which included the 

regulation of cytokine production and the interferon-

gamma signaling pathway. The top 13 KEGG 

enrichment terms (Figure 7F) included the Toll-like 

receptor signaling pathway and ubiquitin-induced 

proteolysis. The correlations among the top 10 enriched 

terms from the GO analysis are shown as a network in 

Figure 7G. We also performed a Gene Set Enrichment 

Analysis using TCGA data, and found that the 

interferon-gamma and Toll-like receptor signaling 

pathways were enriched (Figure 7H). Combined with 
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Table 1. Correlation between TRIM28 mRNA expression and prognosis in lung cancer patients with different 
clinicopathological characteristics, determined via Kaplan-Meier plotter.  

Clinicopathological characteristics 
 OS (n = 1928)   FP (n = 646)  

N Hazard ratio P-value N Hazard ratio P-value 

Sex       

Female 715 2.11(1.54-2.9) <0.001 468 2.09(1.57-2.78) <0.001 

male 1387 1.48(1.25-1.75) <0.001 514 1.87(1.44-2.44) <0.001 

Histology       

Adenocarcinoma 720 2.65(1.96-3.59) <0.001 461 2.00(1.45-2.75) <0.001 

Squamous cell carcinoma 524 1.25(0.96-1.64) 0.095 141 2.15(1.27-3.64) 0.003 

Grade       

I 201 0.81(0.56-1.16) 0.250 140 0.81(0.51-1.29) 0.380 

II 310 1.34(0.96-1.87) 0.079 165 1.68(1.08-2.62) 0.020 

III 77 0.64(0.28-1.47) 0.290 51 1.36(0.6-3.05) 0.460 

Stage       

1 577 2.45(1.85-3.25) <0.001 325 1.47(0.94-2.31) 0.091 

2 244 2.2(1.45-3.35) <0.001 130 0.79(0.46-1.35) 0.380 

3 70 0.69(0.39-1.21) 0.200 19 - - 

4 4 - - 0 - - 

Stage T       

1 437 1.37(0.97-1.92) 0.070 177 2.31(1.38-3.89) 0.001 

2 589 1.26(0.99-1.6) 0.056 351 1.45(1.08-1.96) 0.014 

3 81 0.8(0.47-1.34) 0.390 21 0.58(0.21-1.62) 0.290 

4 46 1.46(0.72-2.96) 0.290 7 - - 

Stage N       

0 781 1.31(1.05-1.64) 0.015 374 1,83(1.3-2.56) <0.001 

1 252 1.29(0.94-1.76) 0.110 130 1.96(1.24-3.1) 0.004 

2 111 1.18(0.78-1.78) 0.430 51 1.82(0.91-3.65) 0.087 

Stage M       

0 681 1.61(1.3-1.99) <0.001 195 1.56(0.94-2.59) 0.080 

1 10 - - 0 - - 

Smoking history       

Never smoked 205 4.1(2.17-7.73) <0.001 193 2.72(1.66-4.45) <0.001 

Smoked 820 1.87(1.39-2.52) <0.001 603 1.71(1.34-2.18) <0.001 

OS, overall survival; FP, first progression. 
 

our previous results, these results may indicate that 

TRIM28 inhibits the interferon-gamma and Toll-like 

receptor signaling pathways by increasing the 

ubiquitination (degradation) of IRF5 and IRF8, 

ultimately suppressing immune infiltration. 

 

TRIM28 may worsen the TIME by increasing the 

SUMOylation of IRF5 and IRF8 
 

To identify potential SUMO substrates of TRIM28, we 

queried TRIM28 as E3 in the web tool of UbiBrowser 

[46]. The 79 predicted substrates with middle-

confidence interactions and 347 predicted substrates 

with low-confidence interactions are presented in 

Supplementary Table 4. Figure 8A displays some of the 

substrates, and Figure 8B displays the predicted binding 

regions of IRF5 and IRF8 to TRIM28. We then 

performed a correlation analysis, which indicated that 

TRIM28 expression correlated negatively with IRF5 and 

IRF8 expression in TCGA (R = -0.210, p < 0.001; R = -

0.302, p < 0.001; Figure 8C and 8D), GSE43580 (R = -

0.371, p < 0.001; R = -0.420, p < 0.001; Figure 8E and 

8F) and GSE7670 (R = -0.491, p = 0.004; R = -0.430, p 

= 0.014; Figure 8G and 8H), respectively. Moreover, 

TRIM28 expression exhibited a strong negative 

correlation with stromal scores and immune scores 

(Figure 8I and 8J), while IRF5 and IRF8 expression 

exhibited strong positive correlations with stromal 

scores (Figure 8K and 8M) and immune scores (Figure 

8L and 8N), respectively.  

 

To verify our hypothesis that TRIM28 downregulates 

IRF5 and IRF8, we knocked down TRIM28 in two 

different LUAD cell lines (PC9 and H1299). The 

knockdown efficiency was validated through Western 

blotting (Figure 8O). As expected, IRF5 and IRF8 

levels increased significantly when TRIM28 was 

knocked down (Figure 8O).  
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DISCUSSION 
 

Despite the latest advances in molecular targeted 

therapy and immunotherapy for LUAD, local and 

distant failures remain major therapeutic issues. In 

addition, immunotherapy is only effective in 20-30% 

of patients, and our knowledge of the TIME is 

inadequate. Therefore, we performed a comprehensive 

bioinformatics analysis to identify genes that may alter 

the TIME and prognosis of LUAD patients. We found 

that TRIM28 levels correlated negatively with the 

stromal scores, immune scores and immune cell 

infiltration levels of LUAD patients. TRIM28 was 

previously reported as a cofactor that regulates the 

activity of various immune-related cells and the 

expression of multiple cytokines [17–25]. Our 

functional analyses of TRIM28 supported these 

conclusions.  

 

Most of the published data suggest that TRIM28 exerts 

oncogenic effects, and microarray analyses in a wide 

variety of tumors have revealed that TRIM28 mRNA 

levels are significantly greater in tumor tissues than in 

normal tissues [35, 36]. Our study also demonstrated 

that TRIM28 mRNA levels were significantly greater in 

most tumor tissues than in adjacent healthy tissues, 

especially in the case of LUAD. However, we found 

some discrepancies in particular cancer types. For 

example, in breast cancer, three cohorts indicated that 

higher TRIM28 levels were marginally associated with 

poorer DFS and DSS (Figure 5A–5C), but two other 

datasets demonstrated that lower TRIM28 levels were

 

 
 

Figure 6. Correlation of TRIM28 expression with immune cell infiltration. (A) TRIM28 levels were significantly negatively associated 
with the levels of most tumor-infiltrating lymphocytes across human tumors in the TISIDB database. (B) TRIM28 levels correlated negatively 
with the levels of central memory CD8+ T cells, myeloid-derived suppressor cells, natural killer T cells, macrophages, neutrophils and 
regulatory T cells. (C) TRIM28 levels correlated negatively with the infiltrating levels of B cells, CD8+ T cells, macrophages, neutrophils and 
dendritic cells in LUAD in the TIMER database. LUAD, lung adenocarcinoma; Tcm_CD8, Central memory CD8 T cell; MDSC, Myeloid-derived 
suppressor cell; NKT, Natural killer T cell; Treg, regulatory T cell. TILs, tumor-infiltrating lymphocytes. 
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Table 2. A multivariate Cox proportional hazards model was used to explore the effects of TRIM28 expression, 
clinicopathological characteristics and immune infiltration levels on survival.  

LUAD (N=436) Variable Coef HR 95%CI_l 95%CI_u P-value 

 Age 0.019 1.019 1.002 1.037 0.028 

 Gender -0.258 0.772 0.553 1.079 0.130 

 Stage2 0.857 2.356 1.550 3.583 <0.001 

 Stage3 1.065 2.901 1.900 4.430 <0.001 

 Stage4 1.256 3.510 1.918 6.424 <0.001 

 Purity 0.357 1.430 0.628 3.257 0.395 

 B cell -3.507 0.030 0.002 0.493 0.014 

 CD8+Tcell 0.471 1.601 0.217 11.801 0.644 

 CD4+Tcell 2.090 8.086 0.537 121.759 0.131 

 Macrophage 0.782 2.187 0.138 34.629 0.579 

 Neutrophil -1.888 0.151 0.003 7.376 0.341 

 Dendritic 0.219 1.245 0.297 5.208 0.765 

 TRIM28 0.595 1.813 1.317 2.495 <0.001 

LUSC (N=452) 
 

Coef HR 95%CI_l 95%CI_u P-value 

 Age 0.02 1.02 1.003 1.038 0.024 

 Gender 0.303 1.353 0.957 1.913 0.087 

 Stage2 0.107 1.113 0.792 1.564 0.539 

 Stage3 0.495 1.641 1.121 2.402 0.011 

 Stage4 0.982 2.67 0.949 7.507 0.063 

 Purity -0.128 0.88 0.422 1.834 0.733 

 B cell 1.298 3.663 0.298 45.061 0.311 

 CD8+Tcell -1.727 0.178 0.028 1.124 0.066 

 CD4+Tcell 0.705 2.023 0.153 26.753 0.593 

 Macrophage -0.339 0.713 0.061 8.326 0.787 

 Neutrophil 0.980 2.665 0.099 71.525 0.559 

 Dendritic 0.722 2.059 0.489 8.662 0.325 

 TRIM28 0.000 1.000 0.774 1.292 1.000 

Coef, regression coefficient; HR, hazard ratio; 95%CI_l, 95% confidence interval lower limit; 95%CI_u, 95% confidence interval 
upper limit. 
 

associated with poorer DMFS and OS in the 

PrognoScan database (Figure 5D and 5E). In addition, 

TRIM28 expression had little impact on breast cancer 

prognosis in the Kaplan-Meier plotter (Supplementary 

Figure 1) and no effect on breast cancer prognosis in 

GEPIA. These discrepancies may reflect differing data 

collection approaches or underlying mechanisms. 

However, in all the databases we examined, higher 

TRIM28 expression was associated with a poorer 

prognosis of LUAD. These findings strongly suggested 

that TRIM28 is a prognostic biomarker in LUAD. 

 

The immune system is a critical regulator of tumor 

biology and has the capacity to support or inhibit tumor 

development, growth, invasion and metastasis. Tumor 

cells adopt a variety of mechanisms to avoid immune 

recognition and destruction, including: 1) downregulating 

human leukocyte antigen (HLA) class I molecules such 

as HLA-A, HLA-B, HLA-C and B2M on the cancer cell 

surface; 2) altering the antigen-presenting cell number or 

function; 3) lacking costimulation molecules such as B7-

1, B7-2 and CD40; 4) promoting negative immune 

regulation by regulatory T cells and mesenchymal stem 

cells; 5) secreting immunosuppressive cytokines such as 

interleukin (IL)-10, transforming growth factor β and IL-

6; 6) aberrantly expressing apoptosis-related molecules 

such as Fas, Fas ligand, tumor necrosis factor-related 

apoptosis inducing ligand and BAX; and 7) inhibiting 

effector cells via inhibitory ligands such as PD-L1, 

cytotoxic T-lymphocyte associated protein 4 and 

lymphocyte activation gene 3 [47–52]. The types and 

frequencies of these immune escape mechanisms vary 

among different cancer types. The proportions and 

activities of effector cells and antigen-presenting cells 

such as dendritic cells, B cells and macrophages are often 

reduced in the peripheral blood of cancer patients, while 

the numbers of immune-suppressive mesenchymal stem 

cells, natural killer T cells and regulatory T cells are 

generally elevated [49, 50]. Using different bio-

informatics methods, we demonstrated that TRIM28 

expression correlated negatively with the immune 

infiltration of LUAD. Thus, we proposed that TRIM28 

may negatively regulate the TIME and thereby promote 

tumor development and progression. 
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There are several possible mechanisms by which 

TRIM28 could impair immune cell infiltration. 1) 

TRIM28 critically inhibits the induction of Foxp3, the 

number of regulatory T cells, Th17 cells differentiation 

[20, 53, 54], and macrophage activation [18, 24], 

suggesting that TRIM28 may impair the TIME. 2) 

TRIM28 inhibits the effects of IRF5 on gene expression, 

and IRF5 has been reported to repress anti- inflammatory 

genes such as IL-10 [18]. 3) TRIM28 negatively  

regulates IRF7, which is a potent transcription 

 

 
 

Figure 7. Analysis of DEGs according to TRIM28 expression in LUAD patients. (A) Volcano map showing all the genes associated 
with TRIM28 in LUAD. (B, C) Volcano maps showing all the DEGs based on TRIM28 expression. (D) Venn diagram showing the number of 
common DEGs. (E, F) Top 14 GO enrichment terms (E) and top 13 KEGG enrichment terms (F) for all DEGs, analyzed in Metascape. (G) 
Associations among the top 10 cluster enrichment terms analyzed by Metascape, displayed as a network. An edge links terms with a 
similarity score > 0.3. (H) Gene Set Enrichment Analysis according to the expression of TRIM28 in TCGA. GO, gene ontology; DEGs, 
differentially expressed genes; LUAD, lung adenocarcinoma; GSEA, Gene Set Enrichment Analysis; TCGA, The Cancer Genome Atlas; GSE, 
Gene Expression Omnibus data series. 
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Figure 8. The association of TRIM28 with IRF5 and IRF8. (A) Network view of predicted E3-substrate interactions in UbiBrowser web 
services. In network view, the central node is the queried E3 ligase, and the surrounding nodes are the predicted substrates. The width of the 
edge reflects the confidence of the interaction. (B) The possible binding regions of IRF5 and IRF8 to TRIM28. (C–H) TRIM28 expression 
exhibited a significant negative correlation with IRF5 and IRF8 expression in TCGA (C, D), GSE43580 (E, F) and GSE7670 (G, H). (I–N) TRIM28 
expression exhibited a strong negative correlation with stromal scores (I) and immune scores (J), while IRF5 and IRF8 levels exhibited strong 
positive relationships with stromal scores (K, M) and immune scores (L, N), respectively. (O) The expression of IRF5 and IRF8 after knocking 
down TRIM28 in two different LUAD cell lines (PC9 and H1299) through Western blotting. The gels have been run under the same 
experimental conditions. The blot of IRF5 in H1299 is obtained from the combined image merging the blot image and the ladder image. 
LUAD, lung adenocarcinoma; TCGA, The Cancer Genome Atlas; GSE, Gene Expression Omnibus data series. 
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factor of type I interferons and interferon-stimulated 

genes and is known as the master regulator of type 

I interferon-dependent immune responses [22]. 4) 

TRIM28 suppressed TNF-a–induced IL-6 production 

and transcriptional activation of NF-kB [24, 25]. 5) 

TRIM28 functions as an important negative regulator of 

the expression of IFN-β, IFN-γ, IL-6 and IL-8 during 

viral infection [55]. We found that TRIM28 may inhibit 

the interferon-gamma and Toll-like receptor signaling 

pathways by increasing the SUMOylation of IRF5 and 

IRF8, ultimately suppressing immune infiltration in 

LUAD. We confirmed these findings by performing a 

correlation analysis and validations in LUAD cell lines. 

Overall, TRIM28 appears to globally manage various 

immune-related cells and to reduce immune infiltration 

by altering the expression of diverse chemokines and 

molecular signaling pathways. 

 

Using a multivariate Cox proportional hazards model, 

we confirmed that TRIM28 expression and infiltrating B 

cell levels were independent predictors of survival in 

LUAD. Tumor-infiltrating B cell levels are strongly 

associated with the prognosis of various tumor types 

[56–59]. The mechanisms by which tumor-infiltrating B 

cells influence tumor immunity may include: 1) 

functioning as antigen-presenting cells to facilitate 

innate cellular immunity in the TIME; 2) activating 

CD8+ T cells to promote antigen-specific antitumor 

immune responses [60]; and 3) promoting adaptive 

immunity by inducing the release of circulating 

cytokines to recruit immunosuppressive cells [61]. 

However, further study is needed to understand their 

functions and mechanisms.  

 

The PD1/PD-L1 cascade is a highly effective 

therapeutic target in immunotherapy [4–7]. PD-L1 is 

expressed in a variety of cancer types in either a 

constitutive (or intrinsic) or interferon-induced manner. 

The results of our research and previous studies suggest 

that TRIM28 regulates interferons in multiple ways. 

Liang et al. [62] reported that verteporfin, a small-

molecule inhibitor, inhibited PD-L1 by inducing 

autophagy and disrupting the STAT1-IRF1-TRIM28 

signaling axis, thus exerting antitumor effects in 

immunotherapy. However, the efficacy of immuno-

therapy depends not only on immune infiltration and 

PD-L1 expression, but also on the tumor mutation 

burden, epidermal growth factor receptor mutation 

status and other unknown factors [63]. Thus, further 

research is needed to evaluate the potential of TRIM28 

as a therapeutic target in immunotherapy. 

 

There are several limitations to our research. First, this 

was a retrospective analysis based on public databases 

(TCGA and GEO). The number of included patients was 

limited, and it was difficult to account for variations in 

race, age and geographic area. Thus, additional in vivo 

and in vitro experiments are required for functional and 

clinical verification. Second, considering the possible 

spatial and temporal heterogeneity of the TIME, immune 

and stromal assessments should ideally be performed at 

the core and infiltrating edges of the tumor, respectively. 

However, all the data in this study were from samples in 

the core area of the tumor. 

 

In conclusion, the present study demonstrated that 

TRIM28 worsens the TIME and is highly expressed in 

LUAD. Increased TRIM28 expression was associated 

with reduced levels of various infiltrating immune cells, 

and was an independent prognostic factor in LUAD. 

TRIM28 may negatively regulate the TIME by increasing 

the SUMOylation of IRF5 and IRF8. Thus, our research 

has provided new insights into the suppressive function of 

TRIM28 in the TIME and the potential of TRIM28 as a 

prognostic biomarker in LUAD.  

 

MATERIALS AND METHODS 
 

Gene expression profile data 
 

TCGA data containing RNA sequencing results and 

clinical information (level 3 data) were downloaded 

from the cBioPortal database (http://www. 

cbioportal.org). The TRIM28 expression data from 

GSE32863 [33], GSE7670 [34], GSE19188 [35] and the 

Beer Lund dataset [36] were downloaded from 

Oncomine (https://www.oncomine.org/resource/main. 

html) [64]. Two mRNA expression datasets (GSE43580 

and GSE7670) were downloaded from the GEO 

database (https://www.ncbi.nlm.nih.gov/geo/) [34, 45], 

and were based on the GPL570 (Affymetrix Human 

Genome U133 Plus 2.0 Array) and GPL96 (Affymetrix 

Human Genome U133A Array) platforms, respectively. 

The GSE43580 dataset included 77 LUAD patients, 

while the GSE7670 dataset included 28 LUAD patients. 

 

DEG identification 
 

R software (version 3.6.1) was used for detailed 

analyses in this study. We used the LinkedOmics 

database (http://www.linkedomics.org/login.php) [44] 

to analyze the genes co-expressed with TRIM28 in 

LUAD. All DEG analyses were performed using the 

"limma" R package. Fold-changes in gene expression 

were calculated with threshold criteria of a |log2fold-

change| > 0.5, false discovery rate < 0.05 and adjusted p 

< 0.001 for DEG selection. 
 

Functional enrichment analysis of DEGs 
 

To explore the functions of the overlapping DEGs, we 

performed GO and KEGG analyses in Metascape 

http://www.cbioportal.org/
http://www.cbioportal.org/
https://www.oncomine.org/resource/main.html
https://www.oncomine.org/resource/main.html
https://www.ncbi.nlm.nih.gov/geo/
http://www.linkedomics.org/login.php
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(http://metascape.org/gp) [32]. The selected GO terms 

were from the "Biological Process" annotation datasets. 

The cutoff value for pathway screening was set to p < 

0.01. The levels of significant DEGs were visualized on 

a heatmap based on hierarchical clustering analyses 

using the average linkage method. 

 

PPI network construction and analysis 
 

STRING (Version 11.0, http://string-db.org) is a 

database of known and predicted PPI networks. We 

used this tool to construct PPI networks and predict 

potential interactions between candidate genes. 

Interactions were considered significant above a cutoff 

score of 0.4. In addition, Cytoscape software (Version 

3.7.2, http://www.cytoscape.org/) [65] and the 

cytoHubba plugin [66] were used to explore the hub 

genes in the PPI network. Eleven methods can be used 

to explore essential nodes in PPI networks, but 

maximal clique centrality performs better than the 

others. 

 

RNA and protein expression analyses  
 

Oncomine [64] was used to explore the TRIM28 levels 

in different tumor types. The parameters were adjusted 

according to the following criteria: p-value of 1e-4, fold 

change of 2 and gene ranking in the top 10%. 

 

TIMER (https://cistrome.shinyapps.io/timer/) [67] is a 

comprehensive database that can be used to estimate the 

abundance of immune infiltrates and characterize the 

tumor-immune interactions across diverse tumor types. 

The levels of six tumor-infiltrating immune subsets, 

including B cells, CD4+ T cells, CD8+ T cells, 

neutrophils, macrophages and dendritic cells, are 

precalculated for 10,897 tumors from TCGA. We used 

TIMER to explore TRIM28 expression in various tumor 

types.  

 

In addition, the UALCAN database [68] can be used to 

analyze protein expression based on data from the 

Clinical Proteomic Tumor Analysis Consortium 

Confirmatory/Discovery dataset. We evaluated the 

protein levels of TRIM28 in various cancers by 

performing a Clinical Proteomic Tumor Analysis 

Consortium analysis. 

 

Prognosis analysis 
 

The PrognoScan database (http://www.abren.net/ 

PrognoScan/) was used to determine the relationship 

between TRIM28 levels and the prognoses of different 

tumor types [69]. PrognoScan analyzes the correlations 

between gene levels and prognostic indicators such as 

DFS and OS using a large number of public tumor 

microarray datasets. The threshold was set to a Cox p-

value of 0.05.  

 

Kaplan-Meier plotter (http://kmplot.com/analysis/) [70], 

an online database of published microarray datasets, can 

be used to assess the impact of 54,675 genes on survival 

using 18,674 cancer samples, including samples from 

5,143 breast, 1,816 ovarian, 2,437 lung and 1,065 

gastric cancer patients. We used the Kaplan-Meier 

plotter to explore the relationship between TRIM28 

expression and prognosis in breast, lung, ovarian and 

gastric cancers. The HR, 95% CI and p-value were all 

calculated.  

 

GEPIA (http://gepia.cancer-pku.cn/index.html) [71] is 

an online database that can be used for differential gene 

expression analysis, profile plotting, correlation 

analysis, patient survival analysis, similar gene 

detection and dimensionality reduction analysis based 

on TCGA and Genotype-Tissue Expression data. We 

used GEPIA to analyze the prognostic value of TRIM28 
expression based on the log-rank test in 33 cancer types.  

 

Stromal and immune score calculation and immune 

infiltration analysis 

 

Using the "Estimate" R package, we calculated the 

stromal and immune scores of LUAD patients based on 

their gene expression profiles [11]. To verify the 

relationships between the target genes and the TIME, 

we used the TIMER database and another 

comprehensive database (TISIDB, http://cis.hku.hk/ 

TISIDB/index.php) [72]. TISIDB integrates multiple 

heterogeneous data types. Spearman correlations 

between TRIM28 levels and tumor-infiltrating 

lymphocyte levels across human cancers were analyzed. 

All hypothetical tests were two-sided, and p-values < 

0.05 were considered significant.  

 

Query for E3-TRIM28 interactions in UbiBrowser 

 

UbiBrowser (http://ubibrowser.ncpsb.org/) [46] is an 

integrated bioinformatics platform that can be used to 

predict proteome-wide human E3-substrate networks 

based on naïve Bayesian networks. It currently contains 

1,295 literature-reported E3-substrate interactions and 

8,255 predicted E3-substrate interactions. We used it to 

predict the potential substrates of TRIM28. 

 

Cell culture and transfection 
 

We obtained the PC9 cell line from the RIKEN 

BioResource Center (Tsukuba, Japan), and purchased 

the H1299 cell line from the American Type Culture 

Collection (Manassas, VA, USA). The cells were 

propagated in RPMI 1640 medium (Invitrogen, 

http://metascape.org/gp
http://string-db.org/
http://www.cytoscape.org/
https://cistrome.shinyapps.io/timer/
http://www.abren.net/PrognoScan/
http://www.abren.net/PrognoScan/
http://kmplot.com/analysis/
http://gepia.cancer-pku.cn/index.html
http://cis.hku.hk/TISIDB/index.php
http://cis.hku.hk/TISIDB/index.php
http://ubibrowser.ncpsb.org/
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Carlsbad, CA, USA) supplemented with 10 % fetal 

bovine serum and antibiotics.  

 

For transfection, the cells (1 × 105) were seeded in six-

well plates. The cells were transfected using jetPRIME 

reagent (Polyplus transfection) with 110 pmol of ON-

TARGETplus SMARTpool-Human TRIM28 (L-

005046-00-0020, Dharmacon) according to the 

manufacturers’ protocols. 

 

Western blotting 
 

The Western blot assay was conducted as previously 

described. Briefly, the cells were washed in cold 1× 

phosphate-buffered saline and lysed in ice-cold 

radioimmunoprecipitation assay buffer supplemented 

with protease inhibitors on ice for 30 min. The protein 

concentrations were quantified using the bicinchoninic 

acid method according to the manufacturer’s 

instructions. The protein samples were subjected to 

sodium dodecyl sulfate-polyacrylamide gel electro-

phoresis and then transferred to nitrocellulose 

membranes (BioRad, USA). The membranes were 

blocked with 5% non-fat milk for one hour, and then 

incubated overnight with primary antibodies diluted in 

2% bovine serum albumin. After being washed, the 

membranes were incubated with horseradish 

peroxidase-conjugated secondary antibodies for one 

hour. The primary antibodies used for immunodetection 

were rabbit monoclonal anti-TRIM28 (#4124, Cell 

Signaling Technology, USA), rabbit polyclonal anti-

IRF5 (#20261, Cell Signaling Technology), rabbit 

monoclonal anti-IRF8 (#5628, Cell Signaling 

Technology) and rabbit polyclonal anti-β-actin 

(#ab8227, Abcam, UK). The secondary antibody was 

obtained from Abcam (#ab205718). Blots were 

visualized with an enhanced chemiluminescence 

reagent (Supersignal; Pierce, Rockford, IL, USA). 

 

Statistical analysis 

 

The results from the Oncomine database are displayed 

with p-values, fold-changes and ranks. Interactive 

heatmaps were constructed using Next-Generation 

Clustered Heatmaps [73]. PrognoScan, GEPIA and 

Kaplan-Meier plots were used to create survival curves, 

and the results are displayed with HRs and p-values or 

Cox p-values. A multivariate Cox proportional hazards 

model was used to analyze the independent prognostic 

factors for lung cancer. P-values < 0.05 were considered 

statistically significant. 
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SUPPLEMENTARY MATERIALS 

 

Supplementary Figures 

 

 

 

 

 

 

 
 

Supplementary Figure 1. Kaplan-Meier survival curves generated using Kaplan-Meier plotter for TRIM28 expression in 
different tumor types. (A, B) RFS and OS curves in breast cancer cohorts (n = 1,926, n = 641). (C, D) FP and OS curves in lung cancer cohorts 
(n = 982, n = 1,926). (E, F) FP and OS curves in gastric cancer cohorts (n = 641, n = 876). (G, H) PFS and OS curves in ovarian cancer cohorts (n 
= 1,435, n = 1,656). FP, first progression; PFS, Progression-free survival; OS, overall survival; RFS, recurrence-free survival. 
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Supplementary Figure 2. Kaplan-Meier survival curves generated from the GEPIA database for TRIM28 expression in different tumor types 
(A–J). DFS, disease-free survival; OS, overall survival. 17. Clinical information data of 517 LUAD patients. 
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Supplementary Tables 
 

 

Please browse Full Text version to see the data of Supplementary Tables 1 to 4. 

 

Supplementary Table 1. Clinical information of 517 LUAD patients. 

Supplementary Table 2. The immune and stromal scores of 517 LUAD patients. 

Supplementary Table 3. The hub genes were screened by applying the cytoHubba plugin. 

Supplementary Table 4. The substrates were predicted by using UbiBrowser. 
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INTRODUCTION 
 

The incidence and mortality of head and neck cancer 

have increased dramatically in recent decades. Most of 

the patients present advanced diseases with the 

characteristics of early invasion and metastasis [1, 2] 

[3]. Besides, despite advances in treatment, the 5-year 

survival rate for head and neck cancer remains around 

60%, which has improved only slightly over the past 

few decades [3, 4]. The current prognostic models for 

patients with HNSCC are based on clinicopathological 

parameters, but many cases with the same clinical  

stage show different results [2, 5]. Therefore, for 

patients with HNSCC, there is an urgent need for a 
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ABSTRACT 
 

Long noncoding RNAs (lncRNAs) have been proposed as diagnostic or prognostic biomarkers of head and neck 
squamous carcinoma (HNSCC). The current study aimed to develop a lncRNA-based prognostic nomogram for 
HNSCC. LncRNA expression profiles were downloaded from The Cancer Genome Atlas (TCGA) database. After 
the reannotation of lncRNAs, the differential analysis identified 253 significantly differentially expressed 
lncRNAs in training set TCGA-HNSC (n = 300). The prognostic value of each lncRNA was first estimated in 
univariate Cox analysis, and 41 lncRNAs with P < 0.05 were selected as seed lncRNAs for Cox LASSO regression, 
which identified 11 lncRNAs. Multivariate Cox analysis was used to establish an 8-lncRNA signature with 
prognostic value. Patients in the high-signature score group exhibited a significantly worse overall survival (OS) 
than those in the low-signature score group, and the area under the receiver operating characteristic (ROC) 
curve for 3-year survival was 0.74. Multivariable Cox regression analysis among the clinical characteristics and 
signature scores suggested that the signature is an independent prognostic factor. The internal validation 
cohort, external validation cohort, and 102 HNSCC specimens quantified by qRT-PCR successfully validate the 
robustness of our nomogram. 
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useful prognostic model that can predict the survival 

and prognosis of patients. 

 

To identify lncRNAs associated with prognosis in 

HNSCC, we integrated gene matrix and clinical 

information from a TCGA dataset and the GSE65858 

dataset to establish a nomogram with 8-lncRNA 

signature. Functional enrichment and WGCNA were 

performed to predict the potential functions of the gene 

modules, which are both related to the lncRNAs and 

clinical characteristics. 

 

RESULTS 
 

Preprocessing of the data sets  

 

We downloaded the gene matrix of 546 samples from 

the TCGA-HNSC database, which included 502 tumour 

and 44 normal samples. We divided all HNSCC patients 

with complete information (n=499) in TCGA-HNSC 

into training cohort and validation cohort, in a random 

manner according to a ratio of 3:2.  

 

Moreover, From May 2017 to August 2018, a total of 

102 frozen, surgically resected tumor tissues were 

obtained from patients with pathological diagnosis of 

HNSCC at Chengdu Third People's Hospital. The 

specimens were frozen with liquid nitrogen 

immediately after removal and transferred to the −80°C 

refrigerator. 

 

Differential analysis 

 

We conducted a differential analysis of the 300 tumor 

and 44 normal samples. Eventually, we obtained a total 

of 19754 mRNAs and 14847 lncRNAs. After obtaining 

the expression data, we identified differentially 

expressed genes using the software package EdgeR, 

selecting genes that had at least 2-fold higher 

expression levels in HNSCC samples (Poisson model 

FDR < 0.05). Therefore, after screening, we obtained 

4150 reliably expressed mRNAs and 253 lncRNAs 

(Figure 1A, 1B). 

 

Identification of 8-lncRNAs for predicting HNSCC 

patient survival 

 

A total of 253 lncRNAs with significant differences 

were identified to have prognostic significance in 

univariate Cox survival analysis, and 41 with P < 0.05 

were screened out and applied in the following analysis 

(Figure 2A). As shown in Figure 2B, 2C, LASSO 

regression analysis identified 11 lncRNAs (lambda 

value=11), which were then used in the multivariate 

Cox regression. Finally, 8 lncRNAs for predicting 

HNSCC patient survival were identified, including 

 

 
 

Figure 1. Volcano plot of the differentially expressed mRNAs and lncRNAs between HNSCC and para-carcinoma tissues. Red 
indicates high expression, and blue indicates low expression (|log2FC| > 1 and P value < 0.05). The Y axis represents adjusted P values, and 
the X axis represents log2FC values. The RNAs studied in this article have been marked in the figure. (A) Volcano plot of the differentially 
expressed lncRNAs. (B) Volcano plot of the differentially expressed mRNAs. 
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MIR4435-2HG, LINC02541, MIR9-3HG, AC104083.1, 

AC099850.4, PTOV1-AS2, AC245041.2, and 

AL357033.4.  

 

The role of the 8-lncRNA signature in HNSCC’s 

prognosis 

 

The signature score of these 8 lncRNAs based on 

regression coefficients in multivariable Cox analysis 

was calculated as follows: signature score = (0.36314 

× expression of MIR4435-2HG) + (0.23003 × 

expression of LINC02541)– (0.22031 × expression of 

MIR9-3HG) – (0.23426 × expression of AC104083.1) 

+ (0.21344 × expression of AC099850.4) – (0.27806 × 

expression of PTOV1-AS2) + (0.25463 × expression 

of AC245041.2) – (0.31513 × expression of 

AL357033.4). Taking the median signature score as 

the dividing point, the patients were divided into high 

signature-score group and low-signature score group. 

(Figure 2D). Patients in the high-signature score group 

had a significantly worse OS than those in the low-

signature score group (Figure 2E). Besides, the AUCs 

were assessed for 3years (AUC = 0.740) and 5years 

(AUC = 0.706) survival (Figure 2F), and the results 

suggest that the signature can effectively evaluate the 

prognosis of HNSCC patients. 

 

Development of a prediction model integrating the 8-

lncRNA signature and clinical characteristics 

 

We evaluated age, sex, lymph node (N) status, 

metastasis (M) status, tumor stage (stage), and new 

events (which include locoregional disease, loco-

regional recurrence, new primary tumor, and distant 

metastasis) using KM analysis. Next, we found that age, 

metastasis, and new event play an important role in the 

prognosis of HNSCC (Figure 3).  

 

The signature was regarded as a predictor for HNSCC 

patients. We identified the significant variables through 

univariate Cox analysis. The multivariate model 

includes candidate variables with a P-value < 0.1 in 

univariate analysis. (Figure 4A). Finally, the results 

(Table 1) suggested that the independent risk factors for 

HNSCC, including: stage, M stage, new event, and 

signature score. Moreover, we compared the 

multivariate Cox regression results of the two groups 

with and without the signature score. Surprisingly, the 

C-index of the signature score-containing group (0.72) 

was higher than that of the signature score-free group 

(0.71) (Supplementary Figure 1). The nomogram model 

was built by using the coefficients of the multivariable 

Cox regression model (Figure 4B). The AUC for 3-year 
survival reached 0.788 (Figure 4C). What’s more, the 

calibration curve shows that concerning the 

probabilities of 3-year OS and 5-year OS, the predicted 

values are consistent with the observed values (Figure 

4D). Finally, we calculated the total risk score based on 

each predictor in the nomogram model. Kaplan-Meier 

analysis showed that patients in the high-risk group had 

a significantly worse OS than those in the low-risk 

group (Figure 4E). 

 

Validate the signature in the internal and external 

validation cohorts  

 

To determine the stability of this nomogram; we 

performed a similar analysis process in the validation 

cohort (n = 199). Taking the median signature score as 

the dividing point, the patients were divided into the 

high signature-score group (n = 100) and the low 

signature-score group (n = 99). with the median 

signature score as the cut-off point (Figure 5A). The 

Kaplan-Meier OS curves suggested that patients in the 

high-signature score group had a significantly worse OS 

than those in the low-signature score group (Figure 5B). 

The AUC value for 3-year survival exhibited by the 8-

lncRNA signature reached 0.779 (Figure 5C). Besides, 

the calibration curve shows that concerning the 

probabilities of 3-year OS and 5-year OS, the predicted 

values are consistent with the observed values (Figure 

5E). What’s more, using the same total risk score 

formula in the internal validation cohort, the Kaplan-
Meier OS curves showed that the OS of patients with 

the high-risk score was significantly worse than that of 

patients with the low-risk score (Figure 5F). The AUC 

exhibited by the total risk score for 3-year survival 

reached 0.796 (Figure 5E).  

 

We also validated the robustness of the signature in 

GSE65858 (n = 270), which had an AUC of 0.785 for 

3-year OS (Figure 6A, 6C). Moreover, the OS of 

patients with high-signature score was worse than 

those of patients with the low-signature score (Figure 

6B). The Kaplan-Meier OS curves manifested that 

patients in the high total risk score group had a 

significantly worse OS than patients in the low total 

risk score group (Figure 6F). Similarly, the calibration 

curve showed good agreement between the predicted 

and observed values (Figure 6E), and the AUC 

exhibited by the total risk score for 3-year survival 

reached 0.811 (Figure 6D). 

 

Furthermore, we measured the expression of these eight 

lncRNAs in 102 HNSCC samples by qRT-PCR (Figure 

7A). The Kaplan-Meier curve showed that the OS of the 

patients with a high-signature score was significantly 

worse than that of the patients with a low-signature score 

(Figure 7B). The AUC for 3-year survival reached 0.942 
(Figure 7C). The Kaplan-Meier curve showed that the OS 

of the patients with a high-risk score was significantly 

worse than that of the patients with a low-risk score 
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(Figure 7E). The calibration curve performs well (Figure 

7D), and the AUC exhibited by the total risk score for 3-

year survival reached 0.896 (Figure 7F). 

 

Moreover, the above verification process was also 

performed for the entire TCGA-HNSC set (n=499) and 

revealed good results (Supplementary Figure 2). 

WGCNA 
 

The gene co-expression system was established by 

WGCNA to screen the biologically significant gene 

modules related to the lncRNAs in the signature. To 

create a scale-free system, we set the soft threshold beta 

to 3(Figure 8A). Besides, genes with similar patterns 

 

 
 

Figure 2. Establishment and validation of the eight-lncRNA prognostic signature. (A–C) The procedure of establishing the 

prognostic signature. (D) Correlation between the prognostic signature and the overall survival of patients in the TCGA cohort. The 
distribution of signature scores (top), survival time (middle) and lncRNA expression levels (bottom). The black dotted lines represent the 
median signature score cut-off dividing patients into the low- and high-signature groups. The red dots and lines represent the patients in the 
high-score group. The green dots and lines represent the patients in the low-score group. (E) Kaplan-Meier curves of OS based on the 8-
lncRNA signature. (F) ROC curve analyses based on the 8-lncRNA signature. 
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were clustered in different modules (Figure 8B). The 

minimum cluster size was determined to be 30 per 

module. The gene modulus was determined by the 

dynamic shearing method. The module eigengene 

(ME) was calculated to explore the similarity  

of all modules (Figure 8C). Eigengenes were 

calculated to be correlated with clinical factors. 

Finally, a robust correlation between the gene 

significance and grade and signature score was 

identified (Figure 8D). The ten modules were 

clustered into two groups (Figure 8E). In order to 

evaluate the correlation between gene expression and 

survival time, we calculated the gene significance 

(Figure 9A). Then, we found that there was a strong 

correlation between the module members of the 

brown module and the genetic significance of OS. 

(cor-value = -0.47, P = 5.3e − 12). The red module, 

whose hub gene contains MIR4435-2HG, was also 

negatively correlated with the OS (cor-value = -

0.2, P = 0.032) (Figure 9B). Finally, we explore the 

GO term and KEGG pathway through  

functional enrichment analysis. (Figure 9C–9F). The 

results indicated that the biological processes (BP) of 

these genes mainly involved cell chemotaxis, 

leukocyte migration, immune response, cell-cell 

signaling, and so on. The results suggested that the 

molecular functions (MF) of these genes were related 

to actin binding, chemokine activity, chemokine 

receptor binding, ATPase binding, and so on. The 

results showed that the cellular components (CC) 

included collagen-containing extracellular matrix, 

plasma lipoprotein particle, growth cone and site of 

polarized growth. KEGG pathway functional 

enrichment showed that leukocyte transendothelial 

migration, cytokine-cytokine receptor interaction, cell 

adhesion molecules (CAMs), and the chemokine 

signaling pathway were mainly related to the genes in 

these modules. 

 

 
 

Figure 3. Screening of prognosis-related clinical characteristics by Kaplan-Meier analysis. (A) Kaplan-Meier curves based on 
different age groups, where Q1, Q2, Q3, and Q4 represent quartiles. (B) Kaplan-Meier curves based on gender. (C) Kaplan-Meier curves based 
on different N stages. (D) Kaplan-Meier curves based on different M stages. (E) Kaplan-Meier curves based on new events. (F) Kaplan-Meier 
curves based on different tumor stages. 
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Figure 4. Construction of a nomogram for overall survival prediction in HNSCC. (A) Univariate and multivariate Cox regression 

analyses of clinical factors associated with overall survival. (B) The nomogram consists of M stage, new event, stage and the signature score 
based on the eight-lncRNA signature. (C) ROC curves according to the nomogram and lncRNA signature score. (D) Calibration curves of the 
nomogram for the estimation of survival rates at 3 and 5 years. (E) Kaplan-Meier curves of OS according to the total risk score. 
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Table 1. The results of multivariate Cox analysis. 

 
HR Lower 95%CI Upper 95%CI P-value 

Age     

<50y     

50-60y 0.825 0.450 1.511 0.533 

60-70y 1.035 0.579 1.849 0.907 

≥70 1.652 0.910 3.001 0.099 

sex     

male vs female 0.696 0.462 1.049 0.083 

N      

N0     

N1 0.706 0.406 1.228 0.218 

N2 1.196 0.498 2.872 0.688 

N2a 2.313 0.894 5.989 0.084 

N2b 0.754 0.420 1.354 0.344 

N2c 1.137 0.593 2.182 0.699 

N3 0.388 0.114 1.319 0.129 

M     

M1 vs M0 3.968 1.287 12.237 0.016* 

Stage     

Stage I     

Stage II 2.535 0.573 11.216 0.220 

Stage III 4.328 0.989 18.939 0.052 

Stage IVA 4.547 1.078 19.178 0.039* 

Stage IVB 5.015 0.956 26.299 0.057 

Stage IVC 2.949 0.3231 26.922 0.338 

New event     

yes vs no 3.032 2.081 4.418 <0.001*** 

signature score 
    

high vs low 1.904 1.304 2.780 <0.001*** 

Abbreviations: HR, Hazard ratio; CI, Confidence interval; *P<0.05; ** P<0.01; *** P<0.001. 

 

We conducted a similar analysis process to estimate 

the correlation between gene expression and grade 

(Figure 10A). A strong correlation was found between 

the gene significance for grade and module 

membership in the turquoise module (which contains 

MIR9-3HG, AC099850.4 and PTOV1-AS2) (cor-value 

= 0.41, P = 7.2e − 23); the black module (which 

contains LINC02541) (cor-value = 0.35, P = 0.00047) 

and the red module (cor = 0.28, P = 0.0024) were both 

positively correlated with grade (Figure 10B). We 

constructed the lncRNA-mRNA network (weight>0.1) 

diagram of the hub lncRNAs in the turquoise  

module (Figure 10C). We also carried out functional 

enrichment analysis to explore the GO term  
and KEGG pathway (Figure 10D–10G). The results 

indicated that BP mainly involved cell proliferation, 

cell division, positive regulation of cell migration, and 

regulation of the cell cycle. The results showed  

that MF was related to catalytic activity, acting on 

DNA, protein binding, and DNA replication origin 

binding. The results showed that CC included 

proteinaceous extracellular matrix, chromosome, 

centromeric region, and extracellular matrix. 

Moreover, KEGG pathway functional enrichment 

showed that the cell cycle, the p53 signaling pathway, 

Cellular senescence, Mismatch repair, and DNA 

replication were mainly involved.  
 

DISCUSSION 
 

Head and neck cancer ranks as the sixth leading 
malignancy worldwide, with almost 90% of cases 

classified as head and neck squamous cell carcinoma 

(HNSCC) [6]. Although the diagnosis and treatment 
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Figure 5. Validation of the model by the internal validation set TCGA-HNSCC (n=199). (A) Distribution of 8-lncRNA-based signature 
scores, lncRNA expression levels and patient survival durations in the internal validation set. (B) Kaplan-Meier curves of OS based on the 8-
lncRNA signature. (C) ROC curve analyses based on the 8-lncRNA signature. (D) ROC curves according to the nomogram and lncRNA signature 
score. (E) Calibration curves of the nomogram for the estimation of survival rates at 3 and 5 years. (F) Kaplan-Meier curves of OS according to 
the total risk score. 
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Figure 6. Validation of the model by the external validation set GSE65858 (n=270). (A) Distribution of 8-lncRNA-based signature 
scores, lncRNA expression levels and patient survival durations in the external validation set. (B) Kaplan-Meier curves of OS based on the 8-
lncRNA signature. (C) ROC curve analyses based on the 8-lncRNA signature. (D) ROC curves according to the nomogram and lncRNA signature 
score. (E) Calibration curves of the nomogram for the estimation of survival rates at 3 and 5 years. (F) Kaplan-Meier curves of OS according to 
the total risk score. 
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have advanced in recent years, HNSCC still has  

a high incidence and mortality rate in developing 

countries [3]. Therefore, exploring diagnostic and 

prognostic biomarkers of HNSCC is urgent. 

 

In the present study, we conducted a difference 

analysis between tumor and normal tissues in the 

TCGA-HNSC dataset. Through univariate Cox 

regression and LASSO analysis, we confirmed that 

lncRNAs were remarkably correlated with prognosis. 

Ultimately, eight lncRNAs (MIR4435-2HG, 

LINC02541, MIR9-3HG, AC104083.1, AC099850.4, 

PTOV1-AS2, AC245041.2, AL357033.4) were 

screened to compose a prognostic signature for 

HNSCC. A robust nomogram consisting of the 

signature, M, new event, and the stage was constructed 

for the prognostic prediction of HNSCC patients. 

Moreover, the AUC value of the signature-based 

nomogram was better than that of M, new event, and 

the stage at 3 and 5 years. Besides, In this study, the 

AUC area analyzed by ROC curve is better than that of 

similar studies in most HNSCC [7, 8]. The results 

were verified in the internal validation set, the external 

validation set, and the qRT-PCR validation set of 102 

HNSCC samples. 

 

After a literature review, we found no research had 

been conducted about the mechanisms of the eight 

lncRNAs except MIR4435-2HG. MIR4435-2HG is 

the host gene of MIR4435-2, which is considered to 

be a biomarker in various cancers, such as oral 

squamous cell carcinoma [9], non-small-cell lung 

cancer cells [10], prostate carcinoma [11], gastric 

cancer [12], hepatocellular carcinoma [13] and lung 

cancer [14]. MIR4435-2HG promotes cancer cell 

migration and proliferation mainly by positively 

regulating TGF-β1 and activating the Wnt/β-catenin 

signaling pathway [9–14]. Interestingly, we found that 

 

 
 

Figure 7. Validation of the model by the qRT-PCR set (n=102). (A) Distribution of 8-lncRNA-based signature scores, lncRNA expression 
levels and patient survival durations in the qRT-PCR validation set. (B) Kaplan-Meier curves of OS based on the 8-lncRNA signature. (C) ROC 
curve analyses based on the 8-lncRNA signature. (D) Calibration curves of the nomogram for the estimation of survival rates at 2 and 3 years. 
(E) Kaplan-Meier curves of OS according to the total risk score. (F) ROC curves according to the nomogram and lncRNA signature score. 
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the expression level of MIR4435-2HG was positively 

correlated with the risk score of patients with  

HNSCC in our study, which was consistent with the 

results of previously published literature. What is 

noteworthy is that HNSCC patients with high 

MIR4435-2HG expression appeared to have a poor 

prognosis. 

 

To further clarify the mechanism of 8-lncRNAs 

affecting the survival of HNSCC patients, we selected 

AC099850.4 and AL357033.4, which showed the  

most differences in expression, for in vitro 

experiments. The results show that AL357033.4 

overexpression could inhibit the proliferation of 

HNSCC cell FaDu and Hep-2. Moreover, knockdown 

of AC099850.4 could suppress the proliferation of 

FaDu and Hep-2 cells (Supplementary Figure 3). 

These results suggested that AL357033. 4 and 

AC099850.4 may be involved in HNSCC proliferation 

and progression.  

Nomograms have been developed in the majority of 

cancer types. For many cancers, the use of nomograms 

is more popular than traditional staging systems. [15–

17], and thus, it has been proposed as an alternative or 

even a new standard [18–20]. In this study, a prognostic 

nomogram combining a lncRNA signature with clinical 

factors was established. Besides, our nomogram has 

better prediction accuracy than each factor alone. 

 

We used WGCNA and classified these genes into ten 

modules according to their expression profiles. 

Among these modules, we further pay attention to the 

gene modules that are highly related to various 

clinical features. Regarding survival time, the 

functional enrichment analysis indicated that the 

mRNAs associated with MIR4435-2HG were mainly 

associated with cellular signal transduction and the 

chemokine signaling pathway. Interestingly, aside 

from the feature of grade, the GO terms of the mRNAs 

that have a close connection with MIR4435-2HG,

 

 
 

Figure 8. WGCNA. (A) Analysis of the scale-free topology model fit index for various soft-thresholding powers (β) and the mean connectivity 

for various soft-thresholding powers. Overall, 3 was the most fitting power value. (B) Dendrogram of the genes and different clinical factors of 
HNSCC (survival time, survival status, sex, age, grade, stage, T stage, N stage, M stage, new event, signature score). (C) Dendrogram of the gene 
modules based on a dissimilarity measure. The branches of the cluster dendrogram correspond to the different gene modules. Each piece of 
the leaves on the cluster dendrogram corresponds to a gene. (D). Module-trait relationships. Heatmap of the correlation between module 
eigengenes and clinical characteristics of HNSCC. (E) Hierarchical clustering and heatmap of the hub gene network. 
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LINC02541, MIR9-3HG, AC099850.4, and PTOV1-

AS2 were mainly focused on cell proliferation, cell 

division, and cell migration, while KEGG was mostly 

concentrated on tumor-related pathways such as the 

p53 signaling pathway, pathways in cancer, the cell 

cycle and ECM-receptor interaction. 

In conclusion, we comprehensively evaluated the risk 

associated with clinical factors and lncRNAs and their 

contribution to prognosis and carried out risk 

stratification. The nomogram proposed in the present 

study objectively and accurately predicted the prognosis 

of patients with HNSCC. 

 

 
 

Figure 9. The correlation between the genes in the modules and survival time. (A) Distribution of mean gene significance and 

standard deviation with survival time in the HNSCC modules. (B) Scatter plot of module eigengenes in red and brown modules. GO (C–E) and 
KEGG (F) pathway enrichment of eight modules. GO enrichment contains three categories: biological process (C), cellular component (D) and 
molecular function (E). 
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Figure 10. The correlation between the genes in the modules and grade. (A) Distribution of mean gene significance and 

standard deviation with grade in the HNSCC modules. (B) Scatter plot of the module eigengenes in the turquoise, black, and  
red modules. (C) The lncRNA-mRNA network (weight>0.1) of the hub lncRNAs in the turquoise module. Red and blue diamond  
shapes represent up- and downregulated lncRNAs, respectively. Purple circles represent mRNAs. GO (D–F) and KEGG (G) pathway 
enrichment of eight modules. GO enrichment contains three categories: biological process (D), cellular component (E) and molecular 
function (F). 
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MATERIALS AND METHODS 
 

Data acquisition 

 

The RNA-sequencing data of HNSCC patients were 

acquired from The Cancer Genome Atlas (TCGA) 

database (http://cancergenome.nih.gov/) and The Gene 

Expression Omnibus (GEO) database (https://www. 

ncbi.nlm.nih.gov/geo/) [21]. GSE65858 from GEO was 

conducted on the GPL10558 platform. Besides, we also 

followed 102 HNSCC patients in the Pathology 

Department and the Otolaryngology Department of 

Chengdu Third People's Hospital. The clinical features 

of patients with HNSCC are presented in Table 2. 

 

Differential analysis 

 

The edgeR package in R software [22] were used to 

analyze the differentially expressed RNAs in HNSCC 

and adjacent normal tissues of the TCGA. Significantly 

expressed RNAs were identified by setting adjusted P 

values < 0.05 and |log2FC (fold change) | > 1 (|log2FC 

> 1| and the adjusted FDR < .05) [23, 24]. 

 

The construction of the lncRNA-based prognostic 

signature 

 

The prognostic value of 253 differentially expressed 

lncRNAs was first calculated in the univariate Cox 

analysis, and 41 lncRNAs with P < 0.05 were identified 

as seed lncRNAs for LASSO regression analysis, which 

identified 11 lncRNAs (R ‘glmnet’, ‘survival’ 

packages). To determine the prognostic value of the 

lncRNAs, multivariate Cox regression was further 

performed using the R survival package based on each 

“significant” lncRNA identified in the above steps. A 

lncRNA with P < 0.05 was defined as significant. The 

corresponding hazard ratios (HRs), 95% confidence 

intervals (CIs), and P-values were calculated. 

 

Prognostic evaluation using the 8-lncRNA signature 

 

The signature score for each patient in the training 

group is calculated based on the formula (signature 

score = expGene1 ×βGene1 + expGene2 × βGene2 + 

expGenen × βGenen (where exp is the prognostic gene 

expression level and β represents the multivariate Cox 

regression model regression coefficient)). All samples 

are randomly divided into high- and low- signature 

score sets, with the median signature scores as the cut-

off value [25]. The survival analysis of each group was 

evaluated through the Kaplan-Mayer curve and the 

log-rank test. Receiver operating characteristic (ROC) 

curve analysis was employed to assess the specificity 

and sensitivity of the survival predictions according  

to the lncRNA signature scores (R package 

“survivalROC”). A P-value <.05 was considered 

significant. 

 

Development of a prediction model based on the 8-

lncRNA signature and clinical characteristics 

 

The gene signature score as a predictor for HNSCC 

patients was analyzed in the model. We determined the 

significant variables through univariate Cox regression 

analysis. The multivariate model includes candidate 

variables with a P-value < 0.1 on univariate analysis. 

Finally, the multivariable Cox regression model began 

with the clinical candidate predictors as follows: stage, M 

stage, new event, and signature score. The nomogram 

model was built with the coefficients of the multivariable 

Cox regression model (using the R packages “rms”, 

“Hmisc”, “lattice”, “Formula”, and “foreign”). Then, we 

calculated the total risk score based on each predictor in 

the nomogram model and divided the HNSCC patients in 

the training and internal validation sets into two groups 

with the median risk score as the cut-off point. Kaplan-

Meier curves and the log-rank test were used to compare 

the survival outcomes of the two groups. Receiver 

operating characteristic (ROC) curve analysis was 

employed to assess the accuracy and precision. of the 

survival predictions according to the total risk scores. 

Calibration curves were plotted to assess the calibration 

of the nomogram (R package “rms”). To quantify the 

discrimination performance of the nomogram, Harrell’s 

C-index was measured. A P-value <.05 was considered 

significant. 

 

Validation of the 8-lncRNA signature 

 

The same risk formula was used to validate the  

internal validation set TCGA-HNSC (n = 199), the 

entire set TCGA-HNSC (n = 499), the external 

validation set GSE65858 (n = 270) and the qRT-PCR 

set (n=102). 

 

Real-time quantitative reverse transcription 

polymerase chain reaction (qRT-PCR) 

 

Total RNA was reverse-transcribed into cDNA with 

random primers using the Transcriptor First Strand cDNA 

Synthesis Kit (Roche, Penzberg, Germany) following the 

manufacturer’s instructions. The expression levels of the 8 

lncRNAs were measured by qRT-PCR using FastStart 

Essential DNA Green Master mix (Roche, Penzberg, 

Germany) on a Roche LightCycler 480 (Roche, Penzberg, 

Germany). Relative expression was determined using 

inter-experiment normalization to GAPDH. All 

quantitative PCRs were conducted in triplicate. Divergent 
primers, rather than the more commonly used convergent 

primers, were designed for the lncRNAs. Primer 

specificity was verified using BLAST, with a single peak 

http://cancergenome.nih.gov/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
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Table 2. The clinical features of patients with HNSCC. 

Characteristics 
Training dataset TCGA-HNSC 

(n=300) 

Validation dataset TCGA-HNSC 

(n=199) 

Validation dataset GSE65858 

(n=270) 

Age (y)    

< 50 44 31 41 

50-60 86 59 112 

60-70 104 65 64 

> 70 66 44 43 

Gender    

Male 224 142 223 

Female 76 57 47 

Survival status    

Alive 171 111 94 

Dead 129 88 176 

T     

T1 20 14 35 

T2 85 63 80 

T3 83 49 58 

T4 17 9 - 

T4a 91 61 90 

T4b 4 3 7 

N    

N0 152 97 94 

N1 45 38 32 

N2 13 7 - 

N2a 9 7 11 

N2b 46 30 66 

N2c 28 15 55 

N3 7 5 12 

M    

M0 293 192 263 

M1 7 7 7 

Stage    

I 14 11 18 

II 47 33 37 

III 52 38 37 

IVA 174 114 155 

IVB 11 2 16 

IVC 2 1 7 

Grade    

G1 31 32 - 

G2 191 114 - 

G3 71 52 - 

G4 7 1 - 

New Event    

Yes 94 74 133 

No 206 125 137 
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in the melting curve indicating the generation of a specific 

product. Three experimental replicates were performed 

for each sample. Primers used in the study were presented 

in Supplementary Table 2. 

 

Construction of a weighted gene coexpression 

network 

 

The procedure of WGCNA [26] included identifying 

the gene expression similarity matrix, adjacency matrix, 

and co-expression network. We set the cut-off as a 

Person correlation coefficient > 0.9 and P < 0.001 to 

screen gene coexpression with lncRNAs. Then, 

differentially expressed gene (DEG) analysis was 

performed among these genes, and we used the 

expression matrix composed of 4150 differential genes 

and the above 8 lncRNAs as input files. The power 

value of the adjacent matrix soft threshold is determined 

to be 9 to meet the scale-free topology standard. 

Hierarchical clustering analysis based on average 

linkage used the dynamic tree cut method for branch 

cutting (deep split = 2, cut height = 0.25, minimum 

cluster size = 30). If the similarity of the modules is > 

0.9, they are merged. Based on the level of expression 

of each gene in each sample, we calculated the 

correlation between the genes in these modules and the 

individual phenotypes to measure the correlation 

between the gene and the phenotype (gene 

significance). The associations between the modules 

and variables were assessed to select the relevant 

modules. The lncRNA-mRNA network visualization 

was performed via Cystoscope software version 3.7.2 

(https://cytoscape.org/) [16]. 

 

Module function annotation 

 

The enrichment analysis was conducted by DAVID 

[version 6.8] (https://david.ncifcrf.gov) [27] GO 

consists of three parts: biological processes (BP), 

molecular function (MF), and cellular composition 

(CC). Besides, all important GO or KEGG terms or 

genes are filtered into the meaning of P < .05 and at 

least two mRNAs associated.  

 

Ethics statement 

 

As the data (TCGA and GEO datasets) are publicly 

available, no ethical approval was required. 
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SUPPLEMENTARY MATERIALS 
 

Supplementary Methods 
 

Cell line and Culture 

 

FaDu and Hep-2 human laryngeal carcinoma cells were 

routinely cultured in Dulbecco’s modified Eagle’s 

medium (DMEM; Gibco Corporation, Carlsbad, CA, 

USA) supplemented with 10% fetal bovine serum (FBS; 

Invitrogen, Carlsbad, CA, USA), 100 U/mL penicillin 

G, and 100 U/mL streptomycin (Gibco, Carlsbad, CA, 

USA) in a humidified atmosphere of 95% air and 5% 

CO2 at 37 °C. The medium was changed every 3 days.  

 

Proliferation Assay 

 

FaDu and Hep-2 cells in logarithmic growth phase were 

seeded in 96-well microplates with 1 × 104 each well. 

The proliferation of FaDu and Hep-2 cells were 

assessed by using CCK-8 assay. After 24, 48, 72, and 

96 h, cells were treated with 10 μL of CCK-8 reagent 

(Dojindo Molecular Technologies, Kunamoto, Japan) 

and incubated at 37 °C for 1 h. An automatic microtiter 

plate reader was set to zero according to the control 

wells. The absorbance (A) of each well was measured at 

a wavelength of 450 nm.  

 

lncRNA knockdown and overexpression 

 

Small interfering RNAs (siRNAs) of AC099850.4 and 

overexpression of AL357033.4 plasmid were 

constructed by GenePharma (Shanghai, China). Cells 

were transfected using Lipofectamine 2000 (Invitrogen, 

CA, USA). After 48 h of siRNA knockdown or plasmid 

transfection, lncRNA expression was measured using 

qRT-PCR. 
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Supplementary Figures 
 

 
 

Supplementary Figure 1. Comparison of the multivariate Cox regression results of the two groups with and without the 
signature score. (A) The group without the signature score. (B) The group with the signature score. 
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Supplementary Figure 2. Validation of the model by the entire TCGA-HNSCC set (n=499). (A) Distribution of 8-lncRNA-based 
signature scores, lncRNA expression levels and patient survival durations in the entire set. (B) Kaplan-Meier curves of OS based on the 8-
lncRNA signature. (C) ROC curve analyses based on the 8-lncRNA signature. (D) Calibration curves of the nomogram for the estimation of 
survival rates at 3 and 5 years. (E) Kaplan-Meier curves of OS according to the total risk score. (F) ROC curves according to the nomogram and 
lncRNA signature score. 
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Supplementary Figure 3. Proliferation of FaDu (A) and Hep-2 (B) cells was analyzed using CCK-8 assay following lncRNAs overexpression or 

knockdown. 
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Supplementary Table 
 

Supplementary Table 1. Primers used in the study. 

Gene Sequence Product length (bp) 

MIR9-3HG 5’-GCCAGGCTTACTGTCTCTGG-3’ 170 

3’-GAGCCAAGACCTATCCACCA-5’ 

AC099850.4 5’-TCACCATGCCTGGGTAATTT-3’ 151 

3’-TGCCAAGGAATCTCTGAAGTC-5’ 

MIR4435-2HG 5’-CATTTTTCCCTGCTCTGCTC-3’ 151 

3’-ATCAAGGAGGGCTCATGTTG-5’ 

AC104083.1 5’-AGCCTTCCAGATTGTGAGGA-3’ 209 

3’-ACATTGGGCTGTCCAACTTC-5’ 

AC245041.2 5’-AGGAGCCAGACATGTGGAGT-3’ 208 

3’-CAGAGCTTCTGCTGTGCAGT-5’ 

AL357033.4 5’-TCGGTCATCAGTTCCATCAA-3’ 166 

3’-TAGCAGTGAACGCAGAGGTG-5’ 

LINC02541 5’-CCAGGCTGGAGTATGATGGT-3’ 160 

3’-TGGTGAAACCCCGTCTCTAC-5’ 

PTOV1-AS2 5’-CTGTCCCTGAGGAGTGGAGA-3’ 178 

3’-AGCGGTGGAGATGACGTTTC-5’ 

GAPDH 5’-GAAAGCCTGCCGGTGACTAA-3’ 150 

3’-GCCCAATACGACCAAATCAGAG-5’ 
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INTRODUCTION 
 

Prostate cancer poses a serious threat to the health of 

men all over the world [1, 2]. Although radical surgical 

excision and radiation therapy are effective in treating 

prostate cancer, only lung cancer has a higher mortality 

rate. In China, where prostate cancer screening is 

relatively uncommon, most patients have locally 

advanced or metastatic prostate cancer upon diagnosis. 

In these cases, endocrine therapy is typically used as the 

primary treatment. After about 18 months of endocrine 

therapy, most prostate cancers become resistant to 

hormone treatments, and no other effective clinical 

treatments are currently available. Novel immuno-

therapies are an important development in tumor  

 

treatment, and immune checkpoint inhibitors may be 

particularly effective. However, recent phase II clinical 

trials indicate that immune check point inhibitors are 

only effective against specific types of prostate cancer, 

and the disease control rate does not exceed 20% [3, 4].  

 

The development of resistance to immunotherapies is 

the main reason for their poor efficacy in treating 

prostate cancer. PD-L1+ or VISTA+ M2 macrophages 

are the major drivers of prostate immunotherapy 

resistance [5]. M1 macrophages activated by the 

classical pathway can induce tissue inflammation, and T 

cells activated by inflammation can effectively kill or 

suppress prostate cancer cells. In contrast, M2 

macrophages with anti-inflammatory characteristics can 
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ABSTRACT 
 

In this study, we constructed a model using a Cox proportional hazards model based on the expression of eight 
immune-related genes that were associated with prognosis in prostate cancer: EDNRB, ANGPTL2, TNFSF15, 
TNFRSF10D, EDN2, BMP2, NLRP14, and PLK1. We then identified associations between risk scores calculated with 
the model, tumor microenvironment characteristics, and immune cell infiltration. Prostate cancer patients in the 
high score group had poorer prognoses, and validation with the external GSE54460 dataset confirmed that the 
scoring model predicted biochemical recurrence with AUC values of 0.749 at 1 year, 0.804 at 3 years, and 0.774 at 5 
years. Proportions of infiltrated M2 macrophages and regulatory T cells were increased in the high risk group, while 
CD8+ T cells were increased in the low risk group. Network analysis revealed that PLK1 may be a key regulator of 
the immune-suppressive microenvironment in prostate cancer. Double immunofluorescence labeling of a prostate 
cancer tissue microarray indicated that PLK1 expression correlated positively with numbers of infiltrating 
macrophages. These results indicate that an immune- related, gene-based risk score effectively reflects immune 
microenvironment characteristics and predicts prognosis in prostate cancer. 

mailto:gzgyzgh@vip.sina.com
https://creativecommons.org/licenses/by/3.0/
https://creativecommons.org/licenses/by/3.0/


 

www.aging-us.com 22777 AGING 

promote tissue repair and immunosuppression. M2 

macrophages exert protective effects in tumors by 

inhibiting tumor antigen presentation. This prevents T 

cells from recognizing tumor antigens and immune 

checkpoint inhibitors, which regulate T cell function, from 

effectively treating prostate cancer [6–8]. Additional 

causes of insensitivity to immunotherapy in prostate 

cancer remain poorly understood. Further explorations of 

the immune characteristics of prostate cancer are therefore 

needed.  

 

Interactions between tumor cells and immune cells are 

complex, and tumor status can alter the tumor immune 

microenvironment. In this study, we examined 

relationships between gene expression and immune cell 

infiltration in prostate cancer. Immune genes associated 

with biochemical recurrence of prostate cancer were 

screened to construct a prognostic model. The effective-

ness of the model was validated using an external dataset. 

Relationships between immune characteristic genes and 

immune cell infiltration in prostate cancer were analyzed. 

Finally, key genes that might induce crucial changes 

in the prostate cancer immune microenvironment were 

identified (Figure 1). The relationship between expression 

of these potential key genes and M2 macrophage 

infiltration was verified in tissue samples. 

 

RESULTS 
 

Weighted correlation network analysis (WGCNA) 

identified prostate cancer-related genes associated 

with biochemical recurrence (BCR) 
 

The TCGA database includes 5132 genes that are 

differentially expressed in prostate cancer compared to 

normal prostate tissue. Among them, 602 were immune-

regulated genes (IRGs). Weighted correlation network 

analysis (WGCNA) was performed using these 602 

candidate genes based on TCGA PRAD cancer sample 

expression profiles (Figure 2). Eight samples with 

abnormal clustering were removed during the screening 

process. The soft-thresholding power in the WGCNA 

(β=5) was determined based on scale-free R2 > 0.85 

(Figure 3A). Eight modules were identified by average

 

 
 

Figure 1. Flow chart of the experimental strategy. 
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linkage hierarchical clustering based the soft-thresholding 

power (Figure 3B). According to the hierarchical 

clustering of modules, there were significant correlations 

between most modules (Figure 3C). A network heatmap of 

all genes is shown in Figure 3D.  

 

Construction of an immunogenetic risk score 

associated with BCR in prostate cancer 
 

We analyzed associations between all modules and 

clinical characteristics of prostate cancer patients. The 

brown, turquoise, pink, and yellow modules were highly 

associated with time to BCR, and the pink and red 

modules were also associated with BCR (Figure 4). 

Further screening of the genes included in these 

modules revealed a correlation coefficients of greater 

than 0.1 between their expression and BCR in prostate 

cancer and of greater than 0.5 for gene expression 

correlations within the modules. In total, 221 immune-

related genes were associated with BCR in prostate 

cancer (Supplementary Table 3). We then performed 

Cox univariate regression analysis to identify 

correlations between the above genes and BCR based 

on clinical information for prostate cancer patients in 

TCGA. A log-rank test revealed that 53 genes were 

associated with BCR in prostate cancer. Among these 

53 genes, eight survival-associated IRGs (EDNRB, 

ANGPTL2, TNFSF15, TNFRSF10D, EDN2, BMP2, 

NLRP14, PLK1) were also identified using lasso 

regression analysis (Figure 5A, 5B). KM curves for 

PLK1, NLRP14, TNFRSF10D, and FGFR2 are shown 

in Figure 5C–5F; lasso regression coefficients for all 

eight IRGs are show in Table 1. 

 

Immunogenetic risk score is associated with BCR in 

prostate cancer 

 

Risk scores for BCR in prostate cancer based on 

corresponding lasso coefficients were calculated for 

each sample in the training cohort (GSE54460). Risk 

score was significantly associated with BCR in prostate 

cancer patients; BCR occurred sooner in the high risk 

group (Figure 6A). An ROC curve was used to assess 

the effect of the Risk score. The AUC (Area Under 

Curve) was 0.749 at one year, 0.804 at 3 years, and 

0.774 at 5 years in the testing cohort (Figure 6B). The 

ROC curve in the TCGA cohort was consistent with the 

curve in the training cohort (Figure 6C). The AUC was 

 

 
 

Figure 2. 602 differentially expressed immune-related genes were identified. (A and B) Volcano plot and heat maps showing 
differentially expressed genes in TCGA prostate cancer samples. (C) The 602 differentially expressed immune genes were considered 
candidate genes for the risk model. 
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0.644 at one year, 0.69 at 3 years, and 0.691 at 5 years 

in the TCGA cohort (Figure 6D). Risk score was 

therefore a useful predictor of BCR in prostate cancer. 

We also performed a multivariate correlation analysis to 

determine the impact of other clinical factors on the 

prognostic power of the risk score. Immune risk score 

was still associated with BCR in prostate cancer after 

multivariate adjustment (p=0.042) (Table 2).  

 

Differences in immune characteristics between high 

and low risk groups 
 

Next, we examined differences in the tumor 

microenvironment between low and high risk patients 

based on prostate cancer mRNA expression data from 

the TCGA database. Genes that were differentially 

expressed between the high and low risk score groups 

are shown in the volcano plot in Supplementary Figure 

1. No significant differences in immune and stroma 

genes were observed between the high and low risk 

score groups (Supplementary Figure 2). However, 

differences were observed in infiltration levels for 22 

types immune cells in CIBERSORT data. Memory B 

cell, regulatory T cell, M2 macrophage, and dendritic 

cell infiltration were higher in the high risk group, while 

plasma cell, CD8+T cell, monocyte, and activated mast 

cell infiltration were higher in the low score group 

(Figure 7A). Overall immune cell infiltration data for 

the high and low risk score groups is shown in Figure 

7B. Expression of immunoregulatory factors in the

 

 
 

Figure 3. (A) Scale-free fit index for soft-thresholding powers. (B) Dendrogram showing all differentially expressed genes clustered based on 
different metrics. (C) Heatmap of correlations between module eigengenes and clinical traits. (D) Visualization of gene networks. 
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 tumor immune microenvironment also differed 

between the high and low risk groups. (Figure 8A); the 

28 factors that differed significantly are shown in 

Supplementary Figure 3. 

 

Identification of pathways and gene ontology (GO) 

terms associated with high and low risk score 

groups 
 

The ClusterProfiler R package was used to perform 

GSEA enrichment analysis on DEGs between the high 

and low score groups using gene sets from MsigDB as 

background genes. Log2(fold change) values from the 

differential expression analysis were used as the 

sorting criterion, and P value < 0.05 was used as the 

screening criterion (Supplementary Table 4). The 

results indicated that there were significant differences 

in “immune effector process,” “immune response,” 

“immune system process,” “innate immune response,” 

“positive regulation of immune system process,” 

“regulation of immune system process,” and 

“regulation of immune system process” between low 

and high risk groups (Figure 8B). GO enrichment 

analysis was also performed using p value < 0.05 and 

overlap > 0.75 as screening criteria (Supplementary 

Figure 4). 

PLK1 may be a key regulator of the immune 

microenvironment in prostate cancer 

 

The LnCeVar database contains transcription factor 

regulation data validated in the literature. As shown in 

Figure 9, PLK1 is part of a rich regulation system. In a 

previous study, we found that infiltration of M2 

macrophages promotes prostate cancer progression. 

Here, risk score was also associated with M2 

macrophages. Among the genes included in the risk 

score, PLK1 had the largest coefficient, indicating that 

it may be the most critical factor in the model. We 

therefore performed double immunofluorescence 

labeling of CD163, a marker of M2 macrophages, and 

PLK1 in a prostate cancer tissue microarray (Figure 

10A). PLK1 was positively correlated with CD163 in 

prostate cancer (Pca) samples (r=0.69, p<0.01), but not 

in benign prostatic hypertrophy (BPH) samples (r=0.12, 

p=0.63) (Figure 10B). Furthermore, PLK1 expression 

was significantly increased in prostate cancer compared 

to prostatic hyperplasia. (p=0.022) (Figure 10C). 

 

DISCUSSION  
 

Current treatments for prostate cancer include surgery, 

radiation therapy, and endocrine therapy. Recent studies

 

 
 

Figure 4. (A) Modular genetic correlation network map. Colors correspond to different modules. (B) Correlations between modules and 
clinical phenotypes. Red indicates positive correlations, blue indicates negative correlations. 



 

www.aging-us.com 22781 AGING 

 

 
 

Figure 5. Construction of the IRG-based prognostic model. (A, B) The number of factors included in the model was determined 
through LASSO analysis. (C–F) KM curves for PLK1, NLRP14, TNFRSF10D, and FGFR2. 
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Table 1. Lasso regression. 

Symbol Lasso regression coefficient 
DNRB -0.057 
ANGPTL2 0.168 
TNFSF15 -0.007 
TNFRSF10D -0.357 
EDN2 -0.123 
BMP2 0.158 
NLRP14 -1.952 
PLK1 0.787 

 

indicate that the tumor immune microenvironment plays 

an important role in the development and progression of 

prostate cancer, and immunotherapy can provide 

significant benefits to some prostate cancer patients. 

However, regulatory T cells, tolerogenic dendritic cells, 

and non-functional T cells (CD4+ and CD8+) can induce 

immunosuppression in the tumor microenvironment [9]. 

Such immunosuppression is the main obstacle to the 

efficacy of immunotherapy-induced anti-tumor immune 

responses. Multi-drug combination therapy, which can 

 

 
 

Figure 6. Validation of the model using external data. (A) KM curve for the external dataset (GSE54460). (B) Time dependent ROC 
curves. The AUC (Area Under Curve) was 0.749 at 1 year, 0.804 at 3 years, and 0.774 at 5 years in the GSE54460 cohort. (C) KM curve for 
TCGA. (D) Time dependent ROC curves. The AUC (Area Under Curve) was 0.644 at 1 year, 0.69 at 3 years, and 0.691 at 5 years in the TCGA 
cohort. 
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Table 2. Multiple regression analysis was used to verify the model generated via lasso regression. 

Variate  Univ HR (95% CI for HR) Univ p value Multiv HR (95% CI for HR) Multiv p value 

Age  1.0064 (0.9593-1.0559) 0.7938 0.9875 (0.9388-1.0388) 0.6265 

Concentration (ng/μl)  1.0071 (1.0034-1.0107) 0.0001 0.9842 (0.9239-1.0484) 0.6207 

Race (W VS B)  1.028 (0.4305-2.4546) 0.9505 1.2058 (0.4565-3.1853) 0.7057 

Ratio 260/230  8.0448 (2.9966-21.5976) <0.0001 4.9789 (0.7663-32.3485) 0.0927 

Rpl13a Ct value  1.2157 (1.003-1.4734) 0.0465 1.1231 (0.8919-1.4142) 0.3234 

Total yield (μg)  1.0909 (1.0402-1.1441) 0.0003 1.2078 (0.538-2.7116) 0.6472 

Immune Risk score  7.2791 (2.3037-22.9999) 0.0007 3.7842 (1.0476-13.6691) 0.0423 

 

 
 

Figure 7. Cibersort was used to calculate infiltration scores for 22 immune cell types based on the TCGA prostate cancer 
expression profile. (A) Infiltration differences (ratio) in high and low risk groups. ****p<0.0001, ***p<0.001, **p<0.01, *p<0.05. (B) 
Infiltration profiles in the high and low risk groups. 
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Figure 8. Differences in immune characteristics between the high and low risk score groups. (A) Expression of 75 
immunomodulators in the high and low risk groups. “*” indicates a difference in expression between the high and low risk groups. (B) 
Immune-related GSEA enrichment analysis. 

 

 
 

Figure 9. Regulatory network of the key genes. Red squares indicate key genes, green diamonds indicate microRNAs, and green circles 
indicate lncRNA. Key genes for which literature reporting validated regulatory networks was not available were omitted. 
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increase the impact of immune checkpoint inhibitors by 

regulating the tumor microenvironment, is an important 

method for improving the efficacy of cancer immuno-

therapy [10]. In this study, we examined the immune 

characteristics of prostate cancer to identify potential 

key genes that regulate the tumor immune micro-

environment.  

 

We found that 53 immune-related genes were 

associated with biochemical recurrence in prostate 

cancer. Among these, eight were identified as key genes 

by lasso regression. Validation with an external dataset 

indicated that the prediction model was highly accurate 

(5 year AUC=0.774). Moreover, biochemical recurrence 

occurred sooner and survival rates were lower in the 

high risk score group. Analysis of the LnCeVar 

database indicated that PLK1 had a particularly rich 

regulatory system in prostate cancer among the eight 

key genes.  

 

Decreased expression of EDNRB, TNFSF15, 

TNFRSF10D, EDN2, and NLRP14, as well as increased 

expression of ANGPTL2, BMP2, and PLK1, were 

associated with higher risk scores; EDNRB promoter 

methylation status was also associated with risk score. 

A meta-analysis of 11 similar studies indicated that the 

frequency of EDNRB methylation was substantially 

higher in prostate cancer compared with normal prostate 

tissues (OR = 5.42, 95 % CI = 1.98–14.88, P = 0.001), 

suggesting that EDNRB promoter methylation might 

increase the risk of prostate cancer [11]. Here, 

TNFSF15 expression was inversely associated with 

prostate cancer risk. This is consistent with the role of 

TNFSF15 as a downstream effector of AMPK that 

 

 
 

Figure 10. PLK1 expression correlated positively with M2 macrophage infiltration. (A) Fluorescence imaging of human prostate 
cancer and adjacent noncancerous tissues with FITC-labeled CD163 and Cy3-labeled PLK1. Most green fluorescent signals were observed on 
the cytomembrane, while red fluorescent signals were primarily located in the cytoplasm in prostate tissue. (B) Numbers of green fluorescent 
cells and red fluorescence integral optical density were positively correlated in prostate cancer samples (r2=0.51, p<0.01). (C) PLK1 staining 
was more intense in prostate cancer tissues than in non-cancerous prostate tissues. 
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inhibits prostate cancer growth [12]. TNFRSF10D 

expression is also associated with prostate cancer and 

with the direct p53 effectors and ERK signaling 

pathways; here, TNFRSF10D was inversely related to 

prostate cancer biochemical recurrence risk score. 

Endothelins are involved in the regulation of various 

physiological processes, including plumage 

development in chickens, pigmentation, neural crest 

cell proliferation, differentiation, migration, cardio-

vascular development and functions, and pulmonary 

hypertension [13]. The endothelin EDN2 was 

inversely associated with prostate cancer immuno-

logical risk score in our model. As a member of a 

family of molecules that belong to a signal-induced 

multiprotein complex termed the inflammasome that 

activates proinflammatory caspase-1 and caspase-5, 

NLRP14 may play a regulatory role in the innate 

immune system. NLRP14 is considered an oncogene, 

and increased expression of NLRP14 is associated 

with increases in prostate cancer mortality [14]. This 

contradicts the inverse association found here between 

NLRP14 and risk score, and further study is warranted. 

ANGPTL2 is a secreted glycoprotein with homology 

to angiopoietins that may exert autocrine or paracrine 

effects on endothelial cells. ANGPTL2 also promotes 

M2 polarization of macrophages in non-small cell lung 

cancer [15]. In addition, ANGPTL2 may promote 

acquisition of androgen independence and tumor 

progression in prostate cancer by exerting autocrine 

and/or paracrine effects via the integrin α5β1 receptor 

[16]. Here, we found a positive association between 

ANGPTL2 expression and immune-related risk score 

in prostate cancer. Finally, several studies suggest that 

BMP2 promotes progression and induces biochemical 

recurrence in prostate cancer [17–19], which is 

consistent with the positive association found here 

between BMP2 and risk score.  

 

Our present results demonstrate that memory B cell, 

regulatory T cell, M2 macrophage, and dendritic cell 

infiltration were significantly increased in the high risk 

score group, while plasma cell, CD8+T cell, monocyte, 

and activated mast cell infiltration were higher in the 

low risk score group. M2 macrophages promote prostate 

cancer progression and help establish an immuno-

suppressive state in tumors [20–21]; this might help 

explain the increased M2 macrophage infiltration 

observed in the higher risk score group. In contrast, 

local increases in the density of infiltrating CD8+T cells 

in tumors is a marker of good prognosis; this might 

account for the increased CD8+T cell infiltration 

observed here in the low risk score group with better 

prognoses. Infiltration of these cell types reflects the 

immune microenvironment and can also predict 

prognosis in prostate cancer [22].  

The role of PLK1 in prostate cancer is not clear at 

present [23]. However, numerous studies indicate that 

PLK1 can act as an oncogene, and PLK-1 inhibitors 

can effectively inhibit prostate cancer progression [24–

26]. PLK1 can also inactivate other tumor suppressors 

[27, 28]. Another study suggests that PLK1 is a 

carcinogenic factor [29]. Here, we found that PLK1 

expression was higher in the high risk group that 

experienced earlier biochemical recurrence. Moreover, 

downstream pathways regulated by PLK1 comprised 

the single largest pathway group in our biochemical 

recurrence prediction model for prostate cancer. PLK1 

might therefore be one of the most important immune 

genes that contribute to biochemical recurrence in 

prostate cancer. 

 

MATERIALS AND METHODS 
 

Data acquisition  

 

The training dataset was obtained from TCGA and 

included 498 cancer samples and 52 normal control 

samples; clinical information for those samples is shown 

in Supplementary Table 1. The GSE54460 testing dataset 

containing 106 samples was downloaded from the gene 

expression omnibus database (GEO: https://www.ncbi. 

nlm.nih.gov/geo/); clinical information for those samples 

is shown in Supplementary Table 2. Immune genes that 

were included in our analyses were obtained from 

InnateDB (https://www.innatedb.ca/) and ImmPort 

(https://www.immport.org/home).  

 

Identification of differentially expressed genes  
 

Genes that were differentially expressed between 

normal and prostate cancer samples were identified 

based on the screening criteria of p value > 0.05 and 

log(fold-change) > 1.5.  

 

Weighted gene co-expression network analysis  

 

TCGA expression data for 602 immune-related genes 

was used for WGCNA (weighted gene co-expression 

network analysis) to identify associations between 

gene expression modules and clinical characteristics 

[30]. During sample clustering, eight samples with 

abnormal clustering were identified and removed from 

the analysis (Supplementary Figure 1). The co-

expression network was then constructed and divided 

into modules. A scale-free network coefficient of 

greater than 0.85 was used to ensure that the co-

expression network conformed to the scale-free 

network standards. Gene significance (GS) indicates 

the strength of linear correlations between the 

expression of different gene modules and clinical 

features. Modules with P≤0.01 and higher GS values 

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.innatedb.ca/
https://www.immport.org/home
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were identified as survival-related modules and 

included in subsequent analysis. 

 

Univariate Cox regression and lasso regression  

 

The Survival package for R was used to perform 

univariate Cox regression and the KM test. The Glmnet 

package was used for lasso regression. Prognosis related 

genes were screen and correlation regression 

coefficients were obtained. The resulting risk score was 

validated in the GEO dataset (GSE54460). “TimeROC” 

was used to draw receiver operating characteristic 

curves (ROC), and the area under the curve (AUC) was 

calculated. Samples were divided between the high and 

low risk groups using the median risk score (RS) as a 

cutoff value. KM curves were used to evaluate the 

survival of prostate cancer patients. 

 

Comparison of immune cell infiltration between high 

and low risk groups 

 

The “ESTIMATE” package was used to calculate the 

microenvironment score, and the “CIBERSORT” 

package was used to assess the proportions of 22 

leukocyte subtypes based on differences in mRNA 

expression between the high and low risk groups [31]. 

The Wilcox test was used to evaluate differences 

between the high low risk score groups.  

 

Double immunofluorescence 

 

Tissue microarrays (DC-Pro11018, Xian, China) 

including 74 prostate cancer tissues and 6 non-cancer 

prostate tissues, along with associated detailed clinical 

information, were purchased from Alenabio Biotech 

(Xian, China). Clinical information for the prostate cancer 

tissue microarray is shown in Supplementary Table 5. The 

sections were incubated overnight at 4°C with antibodies 

against anti-CD163 (rabbit, 1:100, A8383, Elabscience, 

Wuhan, China) and anti-PLK1 (mouse, 1:50, 

TA500393S, ORIGENE, Rockville, USA). The sections 

were then washed three times with cold PBS and stained 

with Cy3 Goat Anti-Mouse IgG (H+L) (1:100, AS008, 

ABclonal, Wuhan, China) or FITC Goat Anti-Rabbit IgG 

(H+L) (1:100, AS011, AS008, ABclonal, Wuhan, China) 

secondary antibodies. Nuclei were stained with DAPI. 

Stained tissues were visualized using an Olympus IX73 

microscope (Waltham, MA). IOD (integral optical 

density) was calculated using ImageJ (1.46r, National 

Institutes of Health, USA).  

 

Statistical analysis   

 

All statistical analyses were performed using R software 

(version 3.6.3, http://www.R-project.org). A two-sided 

P < 0.05 indicated a statistically significant difference. 
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SUPPLEMENTARY MATERIALS  

 

Supplementary Figures 
 

 

 
 

Supplementary Figure 1. Volcano map showing genes that were differential expressed between the high and low risk score 
groups. Red dots represent genes that are up-regulated in the high risk group, and blue dots represent genes that are down-
regulated in the high risk group. 

 

 
 

Supplementary Figure 2. (A) Immune scores and (B) matrix scores in the high and low risk groups. 
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Supplementary Figure 3. 28 immunomodulatory factors differentially expressed between the high and low risk score groups. 

 

 

 

Supplementary Figure 4. GO enrich analysis was performed for differentially expressed genes. 
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Supplementary Tables  

 

Please browse Full Text version to see the data of Supplementary Tables 3 and 4. 

 

 

Supplementary Table 1. Clinical information of TCGA prostate cancer samples. 

Characteristics  Counts or percent 

Age median(range) 61(41-78) 

Biochemical_recurrence(BCR)   

 Yes 68(12.8%) 

 No 464(87.2%) 

Days_to_BCR median(range) 708.0(58.0-2459.0) 

Days_to_last_follow_up median(range) 958(23-5024) 

Clinical_T   

 T1a 1(0.2%) 

 T1b 2(0.4%) 

 T1c 212(42.1%) 

 T2 13(2.6%) 

 T2a 72(14.3%) 

 T2b 72(14.3%) 

 T2c 62(12.3%) 

 T3a 48(9.5%) 

 T3b 19(3.8%) 

 T4 2(0.4%) 

Days_to_psa median(range) 518.5(-164.0 - 3447.0) 

Gleason_score median(range) 7(6-10) 

Pathologic_N   

 N0 442(82.2%) 

 N1 96(17.8%) 

Pathologic_T   

 T2a 14(2.3%) 

 T2b 12(1.9%) 

 T2c 211(34.3%) 

 T3a 203(33.0%) 

 T3b 162(26.3%) 

 T4 14(2.3%) 

Psa_value median(range) 0.1(0-323) 

Radiation_therapy   

 NO 448(86.8%) 

 YES 68(13.2%) 

Race.demographic   

 american indian or alaska native 1(0.16%) 

 asian 13(2.09%) 

 black or african american 81(13.00%) 

 not reported 18(2.89%) 

 white 510(81.9%) 
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Supplementary Table 2. Clinical information of GSE54460 prostate cancer samples. 

Characteristics  Counts or percent 

Age median(range) 61.7(43-78) 

Concentration(ng.μl) median(range) 95.39(17.04-757.53) 

race   

 Black 22(31.4%) 

 White 48(68.6%) 

Ratio(260/230) median(range) 0.87(0.16-1.86) 

Rpl13a.Ct.value median(range) 28.61(24.50-30.90) 

Total yield(μg) median(range) 6.55(1.50-25.36) 

BCR   

 0 51(48.1%) 

 1 55(51.8%) 

months to BCR median(range) 21.40(0-154.22) 

months to lastFollow median(range) 68.50(0.70-180.56) 

 

Supplementary Table 3. 221 immune-related genes included in the candidate gene set. 

Supplementary Table 4. Results of GSEA enrichment analysis for the high and low risk score groups. 

Supplementary Table 5. Clinical information of tissue microarray of prostate cancer. 

Characteristics Counts or mean 

Age (years) 68.29±10.20 

T classification (n)  

T1 2 

T2 49 

T3 20 

T4 2 

N classification  

N0 66 

N1 7 

M classification  

M0 69 

M1 4 

Grade  

1 4 

2 18 

2-3 2 

3 38 

unknown 11 

Stage  

I 3 

II 43 

IIB 1 

III 15 

IIIB 1 

IV 10 

 



 

www.aging-us.com 23761 AGING 

www.aging-us.com AGING 2020, Vol. 12, No. 23 

Research Paper 

Serum KIAA1199 is an advanced-stage prognostic biomarker and 
metastatic oncogene in cholangiocarcinoma 
 

Xiangyu Zhai1,2,*, Wei Wang1,*, Yunlong Ma1, Yijia Zeng3, Dandan Dou4, Haoning Fan5, Jianping 
Song1, Xin Yu4, Danqing Xin4, Gang Du1, Zhengchen Jiang1, Hao Zhang1, Xinlu Zhang6, Bin Jin1,2 
 
1Department of Surgery, School of Medicine, Cheeloo College of Medicine, Shandong University, Jinan, China  
2Department of General Surgery, Qilu Hospital of Shandong University, Jinan, China  
3Radiology Department, Qilu Hospital of Shandong University, Jinan, China   
4School of Basic Medical Sciences, Shandong University, Jinan, China 
5College of Traditional Chinese Medicine, Southern Medical University, Guangzhou, China 
6Ji Nan Central Hospital, Jinan, China 
*Equal contribution 
 

Correspondence to: Bin Jin; email: jinbin9449@126.com, https://orcid.org/0000-0002-1411-2631 
Keywords: cholangiocarcinoma, KIAA1199, serum, bile, biomarker 
Received: August 31, 2019    Accepted: July 20, 2020  Published: November 10, 2020 
 

Copyright: © 2020 Zhai et al. This is an open access article distributed under the terms of the Creative Commons Attribution 
License (CC BY 3.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original 
author and source are credited. 
 

ABSTRACT 
 

Background: Cell proliferation and migration are the determinants of malignant tumor progression, and a 
better understanding of related genes will lead to the identification of new targets aimed at preventing the 
spread of cancer. Some studies have shown that KIAA1199 (CEMIP) is a transmembrane protein expressed in 
many types of noncancerous cells and cancer cells. However, the potential role of KIAA1199 in the progression 
of cholangiocarcinoma (CCA) remains unclear. 
Results: Analysis of cancer-related databases showed that KIAA1199 is overexpressed in CCA. ELISA, 
immunohistochemistry, Western blotting and qPCR indicated high expression levels of KIAA1199 in serum, CCA 
tissues and CCA cell lines. In the serum (n = 41) and large sample validation (n = 177) cohorts, higher KIAA1199 
expression was associated with shorter overall survival and disease-free survival times. At the cellular level, 
KIAA1199 overexpression (OE) promoted CCA growth and metastasis. Subcutaneous tumor xenograft 
experiments showed that KIAA1199 enhances CCA cell proliferation. Additionally, the expression levels of 
components in the EMT-related TGF-β pathway changed significantly after KIAA1199 upregulation and 
silencing. 
Conclusion: KIAA1199 is a promising new diagnostic molecule and therapeutic target in CCA. The serum 
KIAA1199 level can be used as a promising clinical tool for predicting the overall postoperative outcomes of 
patients with CCA. 
Methods: CCA-related KIAA1199 data were downloaded from the Gene Expression Omnibus (GEO) and The 
Cancer Genome Atlas (TCGA) databases. To assess the prognostic impact of KIAA1199, an enzyme-linked 
immunosorbent assay (ELISA) was used to measure the serum level of KIAA1199 in 41 patients who underwent 
surgical resection. Immunohistochemical staining, Western blotting and qPCR were used to verify and 
retrospectively review the expression levels of KIAA1199 in cancer tissue specimens from 177 CCA patients. The 
effect of KIAA1199 on CCA was evaluated by cell-based functional assays and subcutaneous tumor xenograft 
experiments. The expression levels of proteins associated with epithelial-mesenchymal transition (EMT) and 
activation of relevant signaling pathways were measured via Western blotting. 
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INTRODUCTION 
 

Cholangiocarcinoma (CCA) is an epithelial 

malignancy that occurs in different parts of the biliary 

tree and constitutes the second most common primary 

hepatic malignancy. CCA can be classified into three 

main types according to its anatomical location: 

perihepatic, distal and intrahepatic CCA (pCCA, 

dCCA and iCCA, respectively) [1]. The incidence of 

CCA is lower in Western countries (0.1-0.2/100,000 

population) than in Southeast Asia (50-113/100,000 

population), and CCA affects more males than 

females [2]. Currently, surgical lesion removal is a 

common curative treatment for CCA. Because of the 

asymptomatic nature of early-stage CCA, most 

patients are diagnosed at an advanced stage [3]. 

Surgical resection does not significantly improve 

long-term survival, and the rates of recurrence and 

metastasis are high [4–8]. Therefore, identification of 

a biomarker associated with CCA metastasis and 

prognosis is critical for the treatment of CCA. These 

biomarkers can serve as potential diagnostic 

molecules and therapeutic targets in CCA. 
 

KIAA1199 (CEMIP, https://www.ncbi.nlm.nih.gov/ 

gene/57214) is a protein indicator of cell migration 

that is localized to the perinuclear space (likely the 

ER) and cell membrane and is encoded by a gene 

located on chromosome 15q25.1 [9–11]. A related 

study showed that patients developed hearing loss due 

to mutations in KIAA1199 [12]. Moreover, severe 

tumor invasion and uncontrolled proliferation are 

associated with KIAA1199 overexpression (OE). 

Several studies have supported these observations in 

various cancers, including gastric carcinoma [13], 

breast carcinoma [14], colorectal tumors [15], 

hepatocellular carcinoma [16], prostate carcinoma 

[17]
 

and oral squamous cell carcinoma [18]. In 

addition, these studies identified the clinical relevance 

of KIAA1199 to cancer (e.g., disease stage/5-year 

survival rate), but in most of the studies, the cohort 

was too small to allow any meaningful conclusions to 

be drawn. Moreover, KIAA1199 has been found in 

cell supernatants [19]. Therefore, KIAA1199 may be 

a secretory factor that promotes tumor development. 

In this study, we examined the expression level of 

KIAA1199 in CCA and sought to determine whether 

serum KIAA1199 levels can be used as a 

postoperative prognostic indicator. 

 

RESULTS 
 

Public database forecast results 
 

The TCGA and GEO databases were used to compare 

KIAA1199 mRNA expression levels in patients with 

CCA. KIAA1199 expression was significantly higher in 

CCA patients than in normal subjects (Figure 1A, 1B).  

 

KIAA1199 expression in human CCA tissues and 

cell lines 

 

We evaluated KIAA1199 expression in CCA and 

adjacent tissues from 177 patients by immune-

histochemistry. KIAA1199 expression was higher in 

carcinoma tissues (143/177 (80.8%); Table 1, Figure 

1C) than in paracancer tissues (85/177 (48%); Table 1, 

Figure 1C). In addition, KIAA1199 expression levels 

were measured in twenty pairs of clinical CCA and 

paracancer tissues by qPCR and Western blotting. 

KIAA1199 protein and mRNA levels were higher in 

CCA tissues than in normal tissues (P˂0.001 for 

KIAA1199; Figure 1D, 1E). 

 

Among the CCA cell lines, HuCCT1, RBE and 

HCCC9810 cells had the highest and QBC939 cells had 

the lowest KIAA1199 expression levels (Figure 1F, 

1G). Hucct-1 were thus used as the cell model for RNA 

knockdown and QBC939 were used as the cell model 

for RNA overexpression. 

 

Localization of KIAA1199 

 

To unravel the mechanism underlying KIAA1199-

mediated cell migration, we determined the subcellular 

localization of KIAA1199 by employing immunostaining 

and fluorescent tagging approaches. The Hucct-1 cell line 

and CCA tissue exhibited high mRNA and protein 

expression levels of KIAA1199 and were thus used to 

examine the subcellular localization of endogenous 

KIAA1199 protein. Immunofluorescence analysis 

showed that KIAA1199 is localized primarily in the 

perinuclear space of CCA cells (presumably the ER, 

including the outer nuclear membrane and ER tubules) 

and the plasma membrane (Figure 2A, 2B). KIAA1199 

was fused with GFP at the C-terminus and transfected 

into QBC939 cells. We found that KIAA1199 was 

expressed on the cell membrane. GFP (lack of signal 

peptide; spread throughout cells) was used as a control 

(Figure 2C). 

 

The SignalP v5.0 results indicated that KIAA1199 

contains signal peptides (Figure 2D). According to 

TMHMM Server v2.0, KIAA1199 comprises 602 

amino acids, all of which are extracellular, and no 

transmembrane domain (Figure 2E). Thus, the SignalP 

v5.0 and TMHMM Server v2.0 results also indicated 

that KIAA1199 is a classically secreted protein. 

 

In addition, large amounts of exogenous KIAA1199 

protein were secreted by CCA cells. We detected the 

KIAA1199 protein in the culture medium of Hucct-1 

https://www.ncbi.nlm.nih.gov/gene/57214
https://www.ncbi.nlm.nih.gov/gene/57214
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cells. However, after the expression of KIAA1199 was 

silenced, the KIAA1199 protein was not detected in the 

culture medium (Figure 2F). 

 

KIAA1199 is a secreted molecule and is highly 

expressed in bile and serum 

 

Then, we used ELISA to detect the expression of 

KIAA1199 in bile and serum. KIAA1199 levels were 

high in bile from CCA patients with cholestasis 

(median: 13.54 ng/ml (range: 3.059-26.39 ng/ml), 

Figure 3A) and no expression of KIAA1199 was 

detected in bile of healthy individuals (patients with 

right hepatic hemangioma or who had undergone 

cholecystectomy). In addition, we measured KIAA1199 

levels in 41 paired serum samples from CCA patients 

and healthy subjects. As shown in Figure 3B, serum 

KIAA1199 levels were significantly higher in the CCA 

patients than in the normal subjects (median: 0.1842 

(range: 0-1.75) ng/ml vs. 4.78 (range: 0.365-11.698) 

ng/ml, P<0.001). 

 

A ROC curve was constructed (Figure 3C). Compared 

with the traditional diagnostic marker CA199, serum 

KIAA1199 has obvious diagnostic advantages. The area 

under the curve (AUC) for serum KIAA1199 is 0.995, 

and that for CA199 is 0.894. 

 

Relationship between serum KIAA1199 levels and 

prognosis 

 

We investigated the relationship between serum 

KIAA1199 levels and prognosis in patients with CCA. 

In the serum cohort, we evaluated the preoperative 

serum KIAA1199 levels in 41 patients with CCA. Most 

patients had advanced-stage CCA (stage III/IV, n = 29 

[70.7%]). We stratified the CCA patients according to 

their serum expression level of KIAA1199 with a cutoff 

value of 4.7841 ng/ml, which was the median value in 

CCA patients. The patients were divided into two 

groups according to this cutoff value: a high serum 

KIAA1199 group (n=21) and a low serum KIAA1199 

group (n=20). Survival curves were plotted using the 

Kaplan-Meier method, and survival times were assessed 

by the log-rank test. The overall survival (OS) times of 

patients with high serum KIAA1199 levels were 

significantly shorter than those of patients with low 

serum KIAA1199 levels (P<0.05, Figure 3D). The 

median OS times and 36- and 60-month survival rates 

in the high and low serum KIAA1199 groups were 28 

 

 
 

Figure 1. Bioinformatics prediction. (A) GEO: (GSE76297), Normal: n=92, CCA: n=91, (p<0.001). (B) TCGA database, Normal: n=9, CCA: 
n=36, (p<0.001). Protein and mRNA expression of KIAA1199 in CCA tissues and CCA cell lines: (C) The relative expression levels of KIAA1199 in 
Pathological sections. (D) The relative protein expression levels of KIAA1199 in 20 pairs of CCA and adjacent normal tissues(p<0.001). (E) The 
relative mRNA expression levels of KIAA1199 in 20 pairs of CCA and adjacent normal tissues(p<0.001). (F, G) The relative protein and mRNA 
expression of KIAA1199 in four CCA cell lines. 
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Table 1. Differential expression of KIAA1199 in CCA tissues and corresponding  
paracarcinoma tissues (n=177). 

 
KIAA1199 expression 

P-value 
Low (%) High (%) 

Carcinoma tissues 34 (19.2%) 143 (80.8) 
<0.001 

Paracarcinoma tissues 92 (52%) 85 (48%) 

 

and 39 months, 37.5% and 51.2%, and 6.25% and 

18.8%, respectively. Moreover, the disease-free survival 

(DFS) times of patients with high serum KIAA1199 

levels were significantly shorter than those of patients 

with low serum KIAA1199 levels (P<0.05, Figure 3E). 

The median DFS times and 12- and 36-month DFS rates 

in the high and low serum KIAA1199 groups were 27.0 

and 34.0 months, 31.5% and 38.5%, and 6.25% and 

20.9%, respectively. 

 

Then, we evaluated the relationship between serum 

KIAA1199 expression and related clinical parameters 

(Table 2). Serum KIAA1199 levels in CCA patients 

were markedly related to LN metastasis (P<0.05) and 

TNM stage (P<0.05). However, the KIAA1199 

expression level was not significantly associated with 

other parameters, for example, age, sex, histological 

grade, CA19-9 level or tumor location. 

 

Relationship between KIAA1199 and epithelial-

mesenchymal transition (EMT) 

 

We examined the relationship between KIAA1199 and 

EMT-related proteins in CCA. The expression of 

KIAA1199 was higher in carcinoma tissues (Table 1, 

Figure 4A A1, A2) than in paracancer tissues (Table 1, 

Figure 4A E1, E2). The expression of E-cadherin was 

high in 49 of the 177 CCA specimens (27.7%; Table 3, 

 

 
 

Figure 2. (A) Immunofluorescence localization of KIAA1199 and CK-18 in cholangiocarcinoma tissue (red, KIAA1199; green, CK-18; blue, 

DAPI). (B) Immunofluorescence localization of KIAA1199 and Phalloidin in Hucct-1 cell line (red, KIAA1199; green, Phalloidin; blue, DAPI). (C) 
Microscopic determination of KIAA1199 cellular localization using QBC939 cells transfected with green fluorescent protein (GFP), KIAA1199-
GFP chimeric cDNAs. (D) KIAA1199 had signal peptides. (E) KIAA1199 has 602 amino acids, all of which are extracellular, and there is no 
transmembrane domain (TMD). (F) Western blot analysis was performed to detect KIAA1199 in cell lysates and conditioned culturing 
medium from Hucct-1 and Hucct-1 knockdown KIAA1199 (siKIAA1199). 
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Figure 4A B1, B2). According to Spearman’s rank 

correlation analysis, KIAA1199 and E-cadherin 

exhibited a profound negative relationship in the CCA 

samples (r=-0.371, P<0.001; Table 3). N-cadherin 

expression was high in 127 of the 177 CCA tissue 

samples (71.8%; Table 3, Figure 4A C1, C2), and the 

KIAA1199 and N-cadherin expression levels were 

significantly positively correlated in CCA specimens 

according to Spearman’s rank correlation analysis 

(r=0.311, P˂0.001; Table 3). Additionally, vimentin 

expression was high in 136 of the 177 CCA tissues 

(76.8%; Table 3, Figure 4A D1, D2), and Spearman’s 

rank correlation analysis identified a significant positive 

correlation between the KIAA1199 and vimentin 

expression levels in CCA tissues (r=0.351, P˂0.001; 

Table 3). 

 

The potential effects of KIAA1199 on the expression 

levels of EMT-related proteins were further investigated 

in CCA cell lines. When KIAA1199 was knocked down 

in the HuCCT1 cell line, the protein expression level of 

E-cadherin was increased, while those of N-cadherin 

and vimentin were decreased (Figure 4B). In contrast, 

when KIAA1199 was overexpressed in the QBC939 

cell line, the protein expression level of E-cadherin was 

decreased, while those of N-cadherin and vimentin were 

increased (Figure 4C). 

Validation in a large sample retrospective cohort 

 

We used a large sample cohort to further validate the 

effect of KIAA1199 on the prognosis of CCA and to 

assess the relationship between KIAA1199 expression 

and clinical parameters in CCA patients. As shown in 

Table 4, high KIAA1199 expression was associated with 

the histological grade (P<0.05), LN metastasis (P<0.05), 

the TNM stage (P<0.05), and the CA19-9 level (P<0.05). 

 

Survival curves were generated using the Kaplan-Meier 

method, and differences in the survival times were 

assessed by the log-rank test (Figure 5A). CCA patients 

with high KIAA1199 expression had longer DFS and OS 

times than those with low KIAA1199 expression (P˂0.05 

for both). The median DFS times in the high and low 

KIAA1199 expression groups were 12 and 23 months, 

respectively. The median OS times in the high and low 

KIAA1199 expression groups were 15 and 56 months, 

respectively. 

 

The univariate analysis results (Figure 5B) showed that 

age, sex, tumor location, histological grade, TNM stage, 

LN metastasis and CA19-9 level were associated with 

both OS and DFS. Multivariate survival analysis with 

correction (Figure 5C) showed that high KIAA1199 

expression, high histological grade, advanced TNM

 

 
 

Figure 3. (A) Comparison of bile KIAA1199 levels in CCA patients (n=33) and healthy controls (n=15), p<0.001. (B) Comparison of serum 
KIAA1199 levels in CCA patients (n=41) and healthy controls (n=41), p<0.001. (C) ROC curve was used to evaluate serum KIAA1199 and ca199 
diagnostic performances. (D, E) Kaplan-Meier analyses for overall survival (OS) and disease-free survival (DFS) in 41 CCA patients according to 
serum KIAA1199 levels. The quartile method is used to divide the data into four parts, and the dotted line in the figure is the dividing line of 
each part. 
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Table 2. Correlations between serum KIAA1199 expression and clinicopathological characteristics in CCA. 

Parameters 
KIAA1199 expression(ELISA) 

P-value 
High(n=21) Low(n=20) 

Age (years)  

0.585 ≤60 8 6 

>60 13 14 

Gender  

0.606 Male 12 13 

Female 9 7 

Tumor location  

0.796 Intrahepatic 6 5 

Perihilar/ Distal 15 15 

Histological grade  

0.939 Well 17 16 

Moderate–poor 4 4 

TNM stage  

0.031 I-II 3 9 

III-IV 18 11 

Ca19–9(U/ml)  

0.654 ≤129 8 9 

>129 13 11 

Lymph Node Metastasis  

0.006 No 3 11 

Yes 18 9 

 

 
 

Figure 4. Immunohistochemical staining for KIAA1199, E-cadherin, N-cadherin and vimentin. (A). A1, A2: Positive KIAA1199 

expression in CCA tissue. E1, E2: Negative KIAA1199expression in adjacent tissue. B1, B2: Negative E -cadherin expression in CCA tissue. 
F1, F2: Positive E-cadherin expression in adjacent tissue. C1, C2: Positive N-cadherin expression in CCA tissue. G1, G2: Positive Vimentin 
expression in CCA tissue. H1, H2: Negative Vimentin expression in adjacent tissue. (scale bar, 50 μm; magnification: ×200, ×400) (B) 
Western blot analysis of EMT signaling molecules (N-cadherin, E-cadherin and Vimentin) in KIAA1199 silenced Hucct1 cell line. (C) 
Western blot analysis of EMT signaling molecules ((N-cadherin, E-cadherin and Vimentin) in KIAA1199 overexpressed QBC939 cell line. 
Representative of three independent experiments. 
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Table 3. Correlations of KIAA1199 expression with N-cadherin, E-cadherin and vimentin in CCA. 

Immunoreactivity 
KIAA1199 expression 

r-value P-value 
Low High 

N-cadherin expression  

Low 

High 

20 30 
0.311 <0.001 

14 113 

E-cadherin expression  

Low 

High 

13 115 
-0.371 <0.001 

21 28 

Vimentin expression  

Low 

High 

19 22 
0.351 <0.001 

15 121 

 

Table 4. Correlations between KIAA1199 expression and clinicopathological characteristics in CCA. 

Parameters 
KIAA1199 expression 

P-value 
Negative Positive 

Age (years)  0.446 

≤60 13 65 

>60 21 78 

Gender  0.786 

Male 18 72 

Female 16 71 

Tumor location  0.698 

Intrahepatic 5 30 

Perihilar/Distal 29 113 

Histological grade  0.012 

Well 23 60 

Moderate–poor 11 83 

TNM stage  0.013 

I-II 20 51 

III-IV 14 92 

Ca19-9(U/ml)  0.050 

≤129 13 81 

>129 21 62 

Lymph Node Metastasis   0.012 

No 18 43 

Yes 16 100 

 

stage and LN metastasis were associated with reduced 

OS and DFS times. These results indicate that 

KIAA1199 expression is an independent predictive 

factor for both DFS (HR=1.62, 95% CI: 1.03-2.55, 

P<0.05) and OS (HR=1.89, 95% CI: 1.21-2.97; 

P=0.005). 

 

KIAA1199 promotes CCA cell proliferation, cell 

migration and invasion 
 

To investigate the role of KIAA1199 in vitro, 

KIAA1199 was knocked down with siRNA.  

siRNA-1 was selected for further experiments because 

it yielded the largest reduction in KIAA1199 

expression in the transient transfection experiment 

according to both Western blotting and qPCR (Figure 

6A, 6B). 

 

The results of retrospective clinical studies suggest that 

KIAA1199 is involved in tumor migration and invasion. 

Therefore, we selected cells with low (QBC939) and 

high (HuCCT1) KIAA1199 expression for these in  
vitro experiments. After silencing KIAA1199 with  

siRNA-1 in Hucct-1 and overexpressing KIAA1199 in 

QBC939 with lentivirus carrying LV-KIAA1199 

(Figure 6F, 6G).  
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The CCK-8 proliferation assay results showed that 

KIAA1199 knockdown suppressed Hucct-1 cell 

proliferation (Figure 6C) and KIAA1199 over-

expression promoted QBC939 cell proliferation (Figure 

6H). The results of wound healing assays showed that 

KIAA1199 overexpression enhanced but KIAA1199 

knockdown suppressed CCA cell migration (Figure 6D, 

6I). Moreover, the results of transwell assays revealed 

that KIAA1199 upregulation drastically increased but 

KIAA1199 knockdown dramatically decreased 

invasiveness (Figure 6E, 6J). 

 

KIAA1199 promotes CCA growth in vivo 

 

Our studies of clinical data and cell lines indicated that 

KIAA1199 plays an important role in promoting the 

proliferation and development of CCA. We then 

examined the effect of KIAA1199 on tumor growth in a 

nude mouse subcutaneous xenograft model (Figure 7A). 

The size and weight of tumors from mice in the 

shKIAA1199 group were significantly reduced 

compared to those from mice in the control group 

(P<0.001). The size and weight of tumors from mice in 

the KIAA1199 group were significantly increased 

compared to those from mice in the vector group 

(P<0.001) (Figure 7B, 7C). KI67 results are consistent 

with the above results, KIAA1199 overexpression 

accelerates the proliferation of transplanted tumors 

(Figure 7D). Immunohistochemistry and WB were then 

performed to detect KIAA1199 expression in tumor 

tissues (Figure 7E, 7F). 

 

KIAA1199 upregulates the TGF-β-PI3K-AKT-

mediated EMT signaling pathway 

 

Alterations in KIAA1199 expression can influence the 

behaviors, including proliferation and invasion, of CCA 

tumor cells. The immunostaining and Western blot 

results indicated that KIAA1199 expression was 

strongly positively correlated with the expression of 

EMT-related proteins, such as N-cadherin and vimentin, 

and was negatively correlated with the expression of E-

cadherin. Thus, we measured the expression of proteins 

in the classical EMT pathway—the SMAD-independent 

pathway. TGF-β was dramatically downregulated after 

KIAA1199 silencing, and the TGF-β-regulating proteins 

PI3k, AKT and mTOR were significantly down-

regulated in response to KIAA1199 silencing (Figure 

8A). In contrast, when KIAA1199 was overexpressed 

in the QBC939 cell line, the expression 

 

 
 

Figure 5. (A) Kaplan-Meier analysis of overall survival (OS) and disease-free survival (DFS) in 177 patients with CCA according to KIAA1199 
staining. (B, C) Univariate and multivariate analyses of factors associated with survival and recurrence. 
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levels of TGF-β, PI3k, AKT and mTOR were higher in 

the OE cells than in the negative control cells (Figure 

8B). 
 

To further confirm that KIAA1199 enhances the 

proliferation and migration of CCA by upregulating the 

TGF-β-PI3K-AKT-mediated EMT signaling pathway, 

we treated QBC939 cells with the small molecule TGF-

β inhibitor SB431542 and small molecule PI3K 

inhibitor LY294002. Both SB431542 and LY294002 

inhibited KIAA1199-induced migration of cells 

cultured in conditioned medium (CM) containing 

KIAA1199 (Figure 8C, 8D). 

 

DISCUSSION 
 

Jiang [16], Birkenkamp-Demtroder [11] and Matsuzaki 

[13] studied the role of KIAA1199 in hepatocellular 

cancer, colorectal cancer and gastric cancer. However, 

in most studies, the research cohort was too small to 

allow any meaningful conclusions to be drawn. 

Moreover, the role of KIAA1199 in CCA is not well 

understood, and the available research is limited. For 

the first time, we identified the function and specific 

mechanism of KIAA1199 in human CCA progression 

by examining a large patient cohort and performing 

long-term follow-up evaluations. The present study 

constitutes a first step toward filling this research gap. 

 

In previous studies [15], KIAA1199 was considered to 

be a glycosylated protein, localized primarily in the 

perinuclear space (likely the ER, including the outer 

nuclear membrane and ER tubules) and plasma 

membrane. Recently, researchers [19] also found that 

KIAA1199 has a parallel β-helix repeat (PbH1) domain, 

which comprises a β-helix repeat containing eight 

conserved glycine residues, five repeating β-strands, 

one α-helix and two GG domains. Many G8-containing

 

 
 

Figure 6. KIAA1199 regulates proliferation and invasion in CCA cell lines. (A, B) The relative protein and mRNA expression of four 
small interfering RNA in siKIAA1199-transfected cells compared with control and parental cells. (F, G) Overexpression of KIAA1199 in QBC939 
cells with lentivirus infection was verified by western blotting and qPCR. Proliferation of Hucct-1 cells was detected with CCK-8 after silencing 
KIAA1199 in Hucct-1 cells (C) and overexpressing KIAA1199 in QBC939 cells (H) in normal medium with 10% FBS. Wound healing assay was 
applied to evaluate migration of Hucct-1 (D) and QBC939 (I). 24 h after a scratch in the cell monolayer, the wound size was measured again. 
Migration of Hucct-1 and QBC939 cells was assessed with transwell assay (E, J). After KIAA1199 knockdown and overexpression, cells were 
seeded in the upper transwell chamber and incubated for 24 h, with FBS in the lower chamber. (original magnification: ×200; scale bar, 20 
μm). Data, mean ± S.D., and representative of three independent experiments. 
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proteins are often considered integral membrane 

proteins with signal peptides and/or transmembrane 

segments [12, 20, 21]. Thus, KIAA1199 may be a 

secretory factor that participates in extracellular ligand 

binding and processing. In this study, we provided 

evidence supporting this hypothesis via predictions with 

SignalP v5.0 and TMHMM Server v2.0 and detection of 

KIAA1199 in cell culture supernatant, bile and serum. 

Bile is formed by transmembrane molecules expressed 

in the bile duct, including water channels (e.g., 

aquaporins), transporters (e.g., SGLT1, a Na+-glucose 

transporter) and transforming proteins (e.g., SLC4A2, a 

Cl-/HCO3- exchanger) [22]. These molecules are 

expressed at the apical and basolateral membranes of 

cholangiocytes and promote the movement of water, 

electrolytes and solutes, thus altering bile volume and 

composition [23]. Cholestasis refers to the retention of 

normal bile constituents, including toxic bile acids, 

within the liver. Patients with CCA often develop 

cholestasis because the tumor blocks the biliary tract. 

The high level of KIAA1199 detected in bile from CCA 

patients with cholestasis confirmed that KIAA1199 is a 

secreted protein. The high level of KIAA1199 detected 

in preoperative serum from patients with CCA further 

confirms this conclusion. 

 

According to the findings of our studies, we conclude 

the following: (1) KIAA1199 is a secreted protein. (2) 

Serum KIAA1199 levels are higher in CCA patients 

than in normal individuals. (3) KIAA1199 expression is 

high in serum and resected tumor tissue. (4) High 

KIAA1199 levels can be detected in the bile of patients 

with CCA cholestasis. (5) Cells secrete KIAA1199 into 

the supernatant, as shown by cell-based experiments, 

and the amount of secreted KIAA1199 is related to the 

 

 
 

Figure 7. (A) Xenografts were established in nude mice with stable KIAA1199 knockdown or overexpression cell. KIAA1199 knockdown 

decreased the volume (B) and weight (C) of xenograft tumors. KIAA1199 overexpression increased the volume and weight of xenograft 
tumors. Tumor diameter was measured every 3 day. (D) Ki67 staining showed that KIAA1199 can improve the proliferation ability of 
xenograft tumors. (E, F) Immunohistochemistry and WB detected the expression of KIAA1199 in xenograft tumors. *, ** and *** represented 
P<0.05, P < 0.01 and P < 0.001 by Student's t-test, between the indicated groups. 
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cellular expression level of KIAA1199 [19]. We 

speculate that KIAA1199 secreted by CCA tumors is a 

potential source of KIAA1199 in bile and serum. 

 

Then, we explored the clinical implications of the serum 

KIAA1199 level in CCA patients prior to curative 

surgery, because the serum KIAA1199 level may be a 

marker for predicting poor prognosis in patients with 

CCA. Analysis of clinical medical records indicated that 

the diagnostic accuracy of serum KIAA1199 is higher 

than that of the traditional diagnostic marker CA199. In 

addition, OS and DFS were shown to differ 

significantly between the low and high serum 

KIAA1199 groups. 

 

Patients in the high serum KIAA1199 expression group 

had worse OS and DFS than those in the low serum 

KIAA1199 expression group. In a retrospectively 

reviewed large sample validation cohort, statistical 

analysis of the clinical information associated with the 

pathological sections confirmed that KIAA1199 

upregulation is associated with poor prognosis. This 

result was consistent with the serum analysis results and 

indicates that high KIAA1199 expression is an 

independent predictor of poor prognosis. 

 

The relationship between the KIAA1199 expression 

level and the prognosis of patients with CCA prompted 

us to further investigate the role of KIAA1199 at the 

cellular level. Our data showed that CCA cell migration 

and invasion were significantly inhibited after 

KIAA1199 silencing and confirmed that KIAA1199 

overexpression promoted CCA metastasis and invasion. 

Thus, the expression level of KIAA1199 in CCA cell  

 

 
 

 

Figure 8. The expression of KIAA1199 and TGF-β-PI3K-Akt pathway-associated proteins by western blot analyses. (A) Western 

blot analysis of KIAA1199 and TGF-β-PI3K-Akt pathway-associated proteins in KIAA1199 silenced Hucct1 cell line. (B) Western blot analysis of 
KIAA1199 and TGF-β-PI3K-Akt pathway-associated proteins in KIAA1199 overexpressed QBC939 cell line. (C) QBC939 were pretreated with 
TGF-β inhibitor (SB431542, 5 µM) for 2 h and transwell migration assay was performed in the absence or presence of KIAA1199 conditioned 
medium (CM). (D) QBC939 were pretreated with PI3K inhibitor (LY294002, 6µM) for 2 h and trans-well migration assay was performed in the 
absence or presence of KIAA1199 conditioned medium (CM). (E) KIAA1199-mediated EMT may occur through a non-Smad pathway. At least 
three independent experiments were preformed, data presented as mean ± SD, *, ** and *** represented P<0.05, P < 0.01 and P < 0.001 by 
Student's t-test, between the indicated group. 
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lines influences their proliferation and migration, 

indicating that KIAA1199 plays an important role in 

CCA progression. 

 

Patients with high KIAA1199 expression have poor 

prognoses, mainly due to the highly metastatic nature of 

this disease. Cell-based functional experiments again 

demonstrated the effects of KIAA1199 on cell 

proliferation and invasion. However, the mechanism by 

which KIAA1199 promotes tumor metastasis is not clear. 

During tumor metastasis, shed tumor cells enter the 

circulatory system by intravasation. Tumor cells in the 

circulatory system migrate out of the circulatory system 

by extravasation, enter distant tissues and form tiny 

metastatic clones; metastatic foci are then formed through 

proliferation of these cells [24]. Currently, the most 

studied mechanism is EMT. The role of EMT in CCA 

metastasis has received increasing attention [24]. EMT 

has been shown to significantly accelerate the metastasis 

of epithelial-derived carcinomas such as CCA [25, 26]. 

During EMT, epithelial tumor cells lose their polarity, 

their adhesion phenotype is altered to the mesenchymal 

phenotype, and their invasion and migration capacities are 

enhanced. Moreover, EMT is an early event in the distant 

metastasis of tumor cells [27, 28]. EMT can accelerate the 

growth of tumor cells [29] and promote tumor invasion 

and metastasis. E-cadherin [30], N-cadherin [31] and 

vimentin [28] are important protein markers of EMT. 

Decreased levels of E-cadherin can lead to decreased cell 

adhesion, thus promoting cell invasion and metastasis, 

and loss of E-cadherin expression has historically been 

considered the most prominent feature of EMT [32]. In 

addition, the expression of vimentin, N-cadherin and other 

proteins is increased in cells exhibiting the interstitial 

phenotype [31]. 

 

Here, we found that low E-cadherin expression 

correlates with high KIAA1199 expression in CCA. In 

contrast, the expression levels of vimentin and N-

cadherin were positively correlated with that of 

KIAA1199 in CCA. Therefore, the expression levels of 

EMT-related proteins are closely related to high 

KIAA1199 expression levels in CCA, indicating that 

KIAA1199 may promote CCA by enhancing EMT. 

 

Numerous signaling pathways mediate EMT. The TGF-

β signaling pathway is thought to be the most important 

signaling pathway for EMT induction during 

development and in cancer, and other pathological 

conditions [33]. In some in vitro cultured epithelial cell 

lines, TGF-β stimulation alone can induce EMT [34]. 

TGF-β signaling-mediated EMT can be activated by 

either the classical SMAD-dependent pathway or the 

SMAD-independent pathway. In the TGF-β signaling-

mediated SMAD-independent signaling pathway, PI3K-

AKT-mTOR signaling is activated, leading to 

transcriptional regulation. In addition, activated AKT 

can trigger EMT by inhibiting the transcriptional 

regulation of ribonucleoprotein E1 (hnrnpe1) [33]. In 

this study, results clarify that KIAA1199-mediated 

EMT may occur via the SMAD-independent pathway 

(Figure 8E). 

 

Although our research links exogenous KIAA1199 with 

the proliferation and migration of CCA cells, the 

specific mechanisms by which KIAA1199 affects CCA 

cells remain unclear (e.g., whether the effects are 

autonomous or nonautonomous and whether a 

KIAA1199 receptor or binding partner is involved). 

 

Although various models have been used to verify the 

role of KIAA1199 in different cell lines, and the role of 

KIAA1199 has been examined in xenograft models, the 

lack of a gene knockout mouse model prohibits further 

evaluation of the physiological effects of KIAA1199. 

This inability is another limitation of this study. 

Moreover, since this study was conducted primarily 

through retrospective analysis, the results may be 

biased. Prospective cohorts are needed to further 

validate our conclusion.  

 

Despite these limitations, our study is the first to 

demonstrate the potential of KIAA1199 as a novel 

prognostic biomarker for CCA. In addition, 

KIAA1199 is a promising new diagnostic molecule 

and therapeutic target in CCA. Serum KIAA1199 

levels are also a potential clinical tool for predicting 

tumor recurrence and overall prognosis in patients 

after curative surgery. 

 

MATERIALS AND METHODS 
 

Bioinformatics prediction 
 

KIAA1199 expression in CCA was predicted using the 

cancer-related databases The Cancer Genome Atlas 

(TCGA) and Gene Expression Omnibus (GEO). The 

GSE76297 (normal: n=92, CCA: n=91) and TCGA 

(normal: n=9, CCA: n=36) datasets were downloaded 

from these databases for differential gene expression 

analysis in CCA. We used the TCGA database-based 

tumor data analysis website (UALCAN, http://ualcan. 

path.uab.edu/) to obtain clinical data analysis results. 

 

CCA cell lines 

 

The QBC939, HCCC9810, HuCCT1 and RBE cell lines 

were purchased from Procell Life Science & Technology 

Corporation (Wuhan, China). CCA cell lines were 
cultured in RPMI 1640 medium (HyClone, Canada) or 

DMEM (HyClone, Canada) supplemented with 10% fetal 

bovine serum (Gibco, NY, USA) and 100 U/ml antibiotic 

http://ualcan.path.uab.edu/
http://ualcan.path.uab.edu/
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solution (Gibco, NY, USA). The cell incubator was 

maintained at 37°C with 5% CO2 and 95% humidity. 

 

Patient enrollment and follow-up 
 

From January 2007 to December 2017, 177 patients 

undergoing curative resection for pathologically 

confirmed CCA were enrolled in this study. The 

patients’ clinical information, including age, sex, 

tumor location, tumor histological grade, tumor–

node–metastasis (TNM) stage, lymph node (LN) 

metastasis status, and serum carbohydrate antigen 19-

9 (CA19-9) level, was recorded. Table 4 lists the 

detailed clinical information of the 177 CCA patients 

in this study. Twenty fresh frozen cancer tissues, 41 

preoperative serum samples from CCA patients (Table 

3), 15 bile samples from healthy individuals (patients 

with right hepatic hemangioma or who had undergone 

cholecystectomy) and 33 bile samples from CCA 

patients were collected between 2010 and 2020. In 

accordance with the Declaration of Helsinki, the 

patients provided signed written consent for the 

collection of bile, serum and tissue samples used in 

this study. This study was approved by the Medical 

Ethics Committee of Shandong University and Qilu 

Hospital of Shandong University. 

 

Secreted protein prediction 
 

The presence of N-terminal signal peptides and the lack 

of transmembrane domains (TMDs) are the two major 

characteristics of secreted proteins. Proteins that meet 

these two criteria are classified as the computational 

secretome [35]. 

 

We used SignalP v5.0 (http://www.cbs.dtu.dk/services/ 

SignalP/index.php) to identify N-terminal signal 

peptides and TMHMM v2.0 (http://www.cbs.dtu.dk/ 

services/TMHMM/) to predict transmembrane domains 

with the default parameters. The KIAA1199 [Homo 

sapiens] proteome was obtained from the NCBI 

database (https://www.ncbi.nlm.nih.gov/protein/). 

 

Measurement of KIAA1199 levels in bile and serum 

 

KIAA1199 levels in human bile and serum samples 

were measured. Whole blood samples were incubated 

in a serum separation tube (SST) at 4°C overnight and 

were then centrifuged at 1000 × g for 15 min. The 

serum was immediately removed and tested, or the 

sample was aliquoted and stored at -80°C. Repeated 

freeze-thaw cycles were avoided. Bile was collected 

from CCA patients with cholestasis, and the samples 

were centrifuged for 20 min at 12000 × g and 2-8°C. 

The levels of KIAA1199 in serum and bile were 

measured by enzyme-linked immunosorbent assay 

(ELISA). The KIAA1199 levels were quantified with 

Human KIAA1199 ELISA kits (SER965Hu, Cloud-

Clone, USA and CSB-E13092h, CUSABIO, China). 

 

Immunohistochemistry 

 

A two-step protocol was used for the 

immunohistochemical analysis according to the 

manufacturer’s instructions (SP-9001, ZSGB-BIO; 

Beijing, China). The pathological sections were 

dewaxed, subjected to antigen retrieval in a microwave 

oven, and incubated with the appropriate primary 

antibodies (diluted 1:100) overnight. Subsequently, the 

pathological sections were incubated for 30 min with 

the secondary antibody (SA00004-2; Proteintech, 

Wuhan, China; diluted 1:400) at room temperature and 

were stained with diaminobenzidine (DAB Substrate 

Kit, DA1010; Solarbio, China). Finally, the pathological 

sections were dehydrated and fixed after counterstaining 

with hematoxylin. Images were acquired at 200× and 

400× magnification with an Eclipse 80i microscope 

(Nikon, Tokyo, Japan). 

 

The following primary antibodies were used: polyclonal 

rabbit anti-KIAA1199 (21129-1-AP; Proteintech; Wuhan, 

China); anti-E-cadherin (20874-1-AP; Proteintech); anti-

N-cadherin (22018-1-AP; Proteintech); and anti-vimentin 

(10366-1-AP; Proteintech), anti-KI67 (27309-1-AP; 

Proteintech). 

 

Semiquantitative methods were used to quantify the 

immunohistochemical results, namely, the staining 

intensity (absent, weak, moderate, strong=0, 1, 2, 3) and 

percentage of stained cells (˂10%, 10%–50%, ˃50%=1, 

2, 3). A total score of <3 for the sum of the scores for 

the two parameters was considered to indicate low 

expression. A total score of ≥3 was considered to 

indicate high expression. All results were scored 

independently by two experienced pathologists. 

 

Immunofluorescence 
 

Frozen sections (4-µm thick) of liver tissue were prepared 

for immunofluorescence staining. In brief, sections were 

stained by overnight incubation with primary antibodies, 

such as anti-KIAA1199 (Proteintech, 1:200), anti-CK18 

(Abcam, 1:200), and anti-phalloidin (Abcam, 1:200). 

Alexa 488-conjugated goat anti-rabbit (A11008, Thermo 

Fisher; 1:1000) or Alexa 568-conjugated goat anti-mouse 

(A-21043, Invitrogen; 1:1000) secondary antibodies were 

used. After three washes with PBST, the slides were 

incubated with DAPI (Beyotime, 1:2000) for 5 min. In 

addition, LC3 lentivirus was transfected into CCA cells 

according to the manufacturer’s recommendations. 

Images were acquired with a fluorescence microscope 

(LSM 780, Carl Zeiss). 

http://www.cbs.dtu.dk/services/SignalP/index.php
http://www.cbs.dtu.dk/services/SignalP/index.php
http://www.cbs.dtu.dk/services/TMHMM/
http://www.cbs.dtu.dk/services/TMHMM/
https://www.ncbi.nlm.nih.gov/protein/
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Table 5. Related sequences of KIAA1199. 

 Sequence 

KIAA1199 F 5′ -AGGCGTGACACTGTCTCGGCTACAG-3′ 

KIAA1199 P 5′ -CCACTCCACGTCTTGAACCCAC-3′ 

GAPDH F 5′ -TTGGTATCGTGGAAGGACTCA-3′ 

GAPDH R 5′ -TGTCATCATATTTGGCAGGTT-3′ 

siRNA-1 5′-GCAATCGTCCCATTGATATAC-3′ 

siRNA-2 5′-GCTGCAGGATCTGAGGAAACT -3′ 

siRNA-3 5′-GGTTATGACCCACCCACATAC -3′ 

siRNA-4 5′-GGGATAAGACATCTGTGTTCC-3′ 

NC(negative control) 5′-TTCTCCGAACGTGTCACGT-3′ 

 

Western blot analysis 

 

When cells reached ~80% confluence, the complete 

medium was removed, and the cells were washed with 

PBS and cultured in serum-free medium for 8 h. The 

medium was then collected and supplemented with 1 

mM PMSF and 1× EDTA-free complete Protease 

Inhibitor. The mixture was centrifuged at 100 × g for 5 

min to remove suspended cells and was then centrifuged 

at 3000 × g with an Amicon Ultra centricons (10 kDa 

NMWL) to concentrate the clarified medium. 

 

Proteins were extracted from CCA cell lines or tissues 

with radioimmunoprecipitation assay (RIPA) buffer 

(89900, Thermo Scientific, California, USA) containing 

protease and phosphatase inhibitors (36978, Thermo 

Scientific, California, USA). Protein concentrations 

were measured according to the kit manufacturer's 

instructions (Beyotime BCA Protein Assay Kit, P0009, 

China). Then, proteins were separated by 10% SDS-

PAGE and transferred to polyvinylidene fluoride 

(PVDF) membranes (Millipore, NY, USA). Membranes 

were blocked with 5% BSA blocking buffer (SW3015, 

Solarbio, Beijing, China) and incubated with primary 

antibodies (diluted 1:1000) overnight at 4°C. 

Membranes were then incubated for 1 h with the 

secondary antibody (diluted 1:5000), and the protein 

bands were visualized with a Western Fluorescence Kit 

(BeyoECL Plus, Beyotime, P0018S, China) and a 

Chemiluminescence Imaging System (T-4600, Tanon, 

Shanghai, China). Band densities were quantified with 

ImageJ, and the target protein levels were normalized to 

those of GAPDH. 

 

Quantitative RT-PCR (qPCR) 
 

Total RNA was extracted from cell lines and tissues using 

a FastPure Cell/Tissue Total RNA Isolation Mini Kit 

(RC101, Vazyme, Nanjing, China) according to the 

manufacturer’s protocol. The RNA concentration was 

determined, and total RNA was reverse transcribed to 

cDNA (P113-01, Vazyme, Nanjing, China). qPCR was 

conducted using SYBR Green reagent (FP303, 

TIANGEN, Beijing, China) in a sequence detection 

system (ABI 7900HT, Applied Biosystems, MA, USA). 

The 2
-ΔΔCt

 method was used to analyze the experimental 

results. All primer sequence information is shown in 

Table 5. 

 

KIAA1199 silencing and OE 
 

For silencing, a small interfering RNA (siRNA) against 

KIAA1199 was designed. siRNA was transfected into 

CCA cell lines with Xfect™ RNA Transfection Reagent 

(631450, Takara, USA) according to the manufacturer’s 

instructions. The target siRNA sequences are listed in 

Table 5. The lentiviral vectors overexpressing KIAA1199 

(LV-KIAA1199) and the corresponding knockdown 

vectors (LV-shKIAA1199) were synthesized by Jinan 

Boshang Corporation (Jinan, China). Empty vectors were 

used as the corresponding controls. 

 

In vitro 
 

We used CCK-8 (Selleck, USA) assays to measure the 

proliferation of related carcinoma cell lines. The 

absorbance at 490 nm was measured at 0 h, 24 h, 48 h, 

and 72 h. Wound healing assays were used to evaluate 

cell migration. The migrated cells at the edge of the 

wound were imaged at 0 and 24 h after wounding, and 

migration was assessed as follows: (average wound area 

at 24 h - average wound area at 0 h)/average wound area 

at 0 h. Transwell assays were used to evaluate cell 

invasion. Transwell inserts (Corning, USA) with an 8-μm 

pore size were placed in 24-well plates. After incubation 

for 24 h at 37°C in a 5% CO2 atmosphere, the 

noninvasive cells remained on the upper surface of the 

filter, and the highly invasive cells that invaded through 

the filter were fixed with methanol and stained with 

crystal violet. Images were acquired at 200× 

magnification with an Eclipse TS100 microscope (Nikon, 

Tokyo, Japan). 



 

www.aging-us.com 23775 AGING 

In vivo 
 

Twelve nude mice were randomly divided into 4 

groups of 3 mice each. Hucct1-control, Hucct1-

siKIAA1199, QBC939-control, and QBC939-

shKIAA1199 CCA cells were suspended separately in 

sterile PBS, and these cell suspensions were injected 

into the left axilla of the nude mice. Each nude mouse 

was injected with 200 µl of suspension containing 

approximately 5 × 10
6 

cells. The length (L) and width 

(W) of the tumors were measured using a Vernier 

caliper every three days, and the tumor volume (TV) 

was calculated according to the following formula: 

TV = (L × W
2
) /2. The nude mice were sacrificed 15 

days later, and the tumor tissues were completely 

resected and weighed. KIAA1199 expression in tumor 

tissues was detected via Western blotting. 
 

Statistical analysis 
 

Statistical analysis was performed using SPSS 16.0 

(Chicago, USA) and GraphPad Prism v. 6.01 (San 

Diego, CA, USA). The values are expressed as the 

mean ± standard error of the mean. Receiver operating 

characteristic (ROC) curve analysis was used to 

evaluate the sensitivity and specificity of serum 

KIAA1199 for diagnosing CCA. An unpaired t-test 

was used to compare quantitative variables. Pearson’ 

sχ2 test or Fisher’s exact test was used to compare 

qualitative variables. The patient survival curves were 

plotted using the Kaplan-Meier method, and the log-

rank test was used to identify significant differences 

among groups. Multivariate analysis was performed 

with a Cox regression model. P<0.05 was considered 

to indicate a statistically significant difference. 
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INTRODUCTION 
 

High immune activity is one of the essential 

characteristics of malignant tumors [1]. Currently, as 

the advent of immune checkpoint blockade (ICB), GC 

patients with microsatellite instability-high (MSI-H) 

exhibited sensitivity to ICB in multiple clinical trials 

[2–4]. Tumors with high tumor mutational burden 

(TMB-H) also showed better responses to ICB and 

more prolonged overall survival than those with low 

TMB in gastric cancer [5]. Therefore, MSI-H and TMB-

H can be considered as the high immune activity 

biomarkers in GC to repurpose better drugs that can 

improve clinical outcomes.  

 

ICB has achieved overwhelming breakthroughs in the 

treatment of different malignant tumors such as GC  

[6, 7]. ICB significantly prolonged the overall survival 

of GC patients [2, 4, 8, 9]. However, the therapeutic 

benefit was limited to specific subgroups such as MSI-
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ABSTRACT 
 

Immune checkpoint blockade (ICB) has achieved unprecedented breakthroughs in various cancers, including 
gastric cancer (GC) with high immune activity (MSI-H or TMB-H), yet clinical benefits from ICB were moderate. 
Here we aimed to identify the most appropriate drugs which can improve outcomes in GC. We firstly compared 
MSI-H and TMB-H GC samples with normal samples in TCGA-STAD cohort, respectively. After that, Connectivity 
Map database repurposed nine candidate drugs (CMap score < -90). Then, microtubule inhibitors (MTIs) were 
screened as the significant candidate drugs with their representative gene sets strongly enriched (p < 0.05) via 
GSEA. GDSC database validated higher activities of some MTIs in GC cells with MSI-H and TMB-H (p < 0.05). 
Furthermore, some MTIs activities were positively associated with mutant Dynein Cytoplasmic 1 Heavy Chain 1 
(DYNC1H1) (p < 0.05) based on NCI-60 cancer cell line panel. DYNC1H1 was high frequently alteration in GC and 
was positively associated with TMB-H and MSI-H. Mutant DYNC1H1 may be accompanied with down-regulation 
of MTIs-related genes in GC or change the binding pocket to sensitize MTIs. Overall, this study suggested that 
some MTIs may be the best candidate drugs to treat GC with high immune activity, especially patients with 
DYNC1H1 mutated. 
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H and TMB-H and so on. Therefore, ongoing studies 

are underway to improve the efficacy of ICB through 

the following two main ways: 1) selecting patients with 

high immune activity subgroups for ICB treatment [5]; 

2) in combination with conventional chemotherapy 

regimens or other drugs [10, 11]. However, there were 

still no standard recommendation for the combination 

drugs. Hence, we considered it valuable to study that 

the drugs which target the high immune activity 

subgroups may be a more appropriate choice.  

 

Currently, it is difficult to obtain population data in the 

short term. High-throughput databases of 

pharmacogenomics are practical approaches for 

preliminary drug repurposing. For instance, the 

Connectivity Map (CMap) database provides drug-

induced gene expression profiles from 72 cell lines by 

27,927 compounds [12]. This database has been used to 

identify rapamycin for improving the prognosis of GC 

[13]. Another study reported that ERCC1 and DPD 

might be the oxaliplatin-resistant genes, based on the 

NCI-60 cancer cell line panel [14, 15]. Another study 

constructed a methodology of determining the optimal 

combination of chemotherapy drugs for gastric cancer 

patients based on chemotherapeutic drug responses to 

DCF from the genomics of drug sensitivity in cancer 

(GDSC) database [16, 17].  

 

In the current study, we selected TCGA-STAD 

(Stomach Adenocarcinoma) patients with high immune 

activity (MSI-H, and TMB-H) as the research objects. 

We then used online omics tools such as CMap, NCI-

60, GDSC databases to identify candidate drugs that 

could more potential for the treatment of GC with high 

immune activity as well as the predictive biomarker for 

the drug sensitivity of candidate drugs and possible 

mechanisms.  

 

RESULTS 
 

Identification of differentially expressed genes 

(DEGs) in gastric cancer with high immune activity 
 

To identify DEGs in GC with high immune activity, we 

used the GC (N = 375) and adjacent normal tissues (N = 

32) of the TCGA-STAD cohort. 12.5% (47/375) GC 

samples displayed MSI-H, and 15.7% (118/375) of GC 

patients were TMB-H. Indeed, DEGs were screened 

from each group compared with normal tissues. Overall, 

a total of 539 up-regulated and 1353 down-regulated 

genes were found in the MSI-H group, 632 up-regulated 

and 979 down-regulated genes were screened from 

TMB-H group. Together, there were 1375 common 

DEGs in the two groups: 436 common up-regulated and 

939 common down-regulated genes (common DEGs 

were shown in Supplementary Table 1). 

Identification of high immune activity targeting 

candidate drugs for gastric cancer 
 

We firstly used DEGs of MSI-H and TMB-H groups to 

query in the CMap database respectively to repurpose 

candidate drugs. CMap results revealed nine drugs both 

from the two groups were significantly negatively 

correlated with the DEGs (connectivity score <-90). 

These nine drugs can be classified into seven types 

(Figure 1A) according to the annotation information of 

the CMap database and previous studies [18–23]. 

 

We next sought to the significant candidate drugs. We 

screened the representative functional gene sets of the 

seven drug types from the Molecular Signatures 

Database (MSigDB) (Supplementary Table 2). Based 

on the common DEGs, GSEA was performed with 

representative functional gene sets for each drug type. 

GSEA results showed that some microtubule inhibitors-

related pathways: "GO_MICROTUBULE_BINDING", 

"GO_MICROTUBULE_DEPOLYMERIZATION" were 

significantly enriched (p-value < 0.05) in DEGs of high 

immune activity, while other types of drug showed no 

statistical significance (p-value > 0.05) (Figure 1B). 

 

Furthermore, we utilized the genomics of drug sensitivity 

in cancer (GDSC) database to validate the anticancer 

sensitivities of MTIs in GC with high immune activity. A 

total of 13 tubulin related drugs (such as MTIs, AURK 

inhibitors, and KIF inhibitors) and 26 gastric cancer cells 

were available in the GDSC database. For the TMB levels 

and MSI status in GC cell lines, some MTIs showed 

significant associations with TMB levels (Figure 2A, 

docetaxel: R = 0.44, p-value = 0.004) and MSI-H (Figure 

2D, docetaxel: p-value < 0.001). However, no 

significance was found in other tubulin related drugs, 

including AURK inhibitors (Figure 2B, 2E, alisertib: p-

values > 0.05) and KIF inhibitors (Figure 2C, 2F, ARRY-

520: p-values > 0.05) (complete results were shown in 

Supplementary Table 2).  

 

Moreover, survival analysis revealed three MTIs related 

genes (like BUB1B) in TMB group and 12 MTIs related 

genes (like ABCG2) in MSI-H group had significant 

prognostic values (Supplementary Figure 1). Together, 

we referred that some MTIs were more likely to treat 

GC with high immune activity. 

 

Prediction of the mutant gene for candidate drugs 

activity and its association with high immune activity 

 

To find the characteristic gene which could suggest the 

activities of MTIs in GC with high immune activity, we 

started with a PPI network analysis. Based on the 17 

common DEGs directly enriched in the MTIs 

representative pathways, we constructed a PPI network 
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with 30 nodes and 289 edges (Figure 3A). After that we 

carried out a mutational landscape analysis on these 30 

node genes and revealed that three genes (DYNC1H1, 

KIF26B, and CENPF) were mutated at a high frequency 

(mutation frequency ≥ 7%) in the TCGA-STAD cohort 

(Figure 3B).  

 

To characterize the roles of these three genes in  

high immune activity, we separately compared the 

levels of TMB, MSI score, and mRNA expression 

between these three genes mutated and wild type tumors 

based on the TCGA-STAD, NCI-60 cell lines and 

immunotherapy datasets. As shown in Figure 4 and 

Supplementary Figure 2, mutations in DYNC1H1 were 

significantly correlated with TMB-H and MSI-H in 

these above datasets. Mutations in CENPF were 

considerably correlated with TMB-H and MSI-H in the 

TCGA-STAD cohort, but not in the NCI-60 cell lines or 

immunotherapy dataset. Mutations in KIF26B were 

significantly correlated with TMB-H and MSI-H in the 

TCGA-STAD cohort, but not immunotherapy datasets 

(KIF26B was not detected in NCI-60 cell lines dataset). 

Besides, there was no significant difference of mRNA 

expression levels among three genes mutated and wild 

type tumors in TCGA-STAD or NCI-60 cell lines 

dataset (Figure 4C, 4F). Together, these results 

indicated that mutant DYNC1H1 was strongly 

associated with enhanced tumor immune activity. 

 

Furthermore, we investigated the importance of mutant 

DYNC1H1 in TCGA pan-cancer, showing that the 

mutation frequency of DYNC1H1 was 0.4%-19.7%, 

average mutation frequency was 5.17% in 15 cancers. 

DYNC1H1 mutated tumors were associated with higher 

TMB levels than its wild type tumors (Supplementary 

Figure 3A). Accordingly, the mutation frequency of 

DYNC1H1 was positively associated with TMB levels in 

9 cancers (Supplementary Figure 3B). Moreover, 

DYNC1H1 was highly mutated in Uterine Corpus Endo-

metrial Carcinoma (UCEC) and GC. There were more 

than 26 missense mutation spots of DYNC1H1 in GC 

(Supplementary Figure 3C, 3D) These results showed 

that the mutant DYNC1H1 was consistent with high 

immune activity of TMB levels in multiple cancers. 

 

 
 

Figure 1. Identification of candidate drugs that may treat gastric cancer with high immune activity in TCGA-STAD cohort. (A) 

Venn diagram (top) showing the number of common candidate drugs (CMap score < -90) from MSI-H (blue) and TMB-H (red) groups via the 
connectivity map database. Connectivity score table (down) displaying nine common candidate drugs, each row responsible for a drug and 
columns corresponding to MSI-H and TMB-H groups. The score labels representing the connectivity score of each drug in each group, and 
right sides of the table indicating the name and mechanism of each drug. These nine drugs can be classified into seven types. (B) GSEA results 
for candidate drugs based on the functional gene sets of these seven drug types from the Molecular Signatures Database by the function of 
enricher of clusterprofiler package. Pathways in red font were significantly enriched (p value < 0.05). 
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Association of mutant DYNC1H1 with enhanced 

microtubule inhibitors activities  
 

To explore the interaction between mutant DYNC1H1 

and MTIs, we firstly selected 41 MTIs included in NCI-

60 cell lines dataset. 13 of these MTIs have significantly 

increased activities in the DYNC1H1 mutated cell lines 

(Figure 5, p-value < 0.05). Furthermore, a clear trend of 

higher MTIs activities was observed in DYNC1H1-

mutated GC cells (Supplementary Figure 4). These 

results suggested that mutations in DYNC1H1 may be 

an essential biomarker for the antitumor effects of 

MTIs. 

 

Effects of mutant DYNC1H1 on enhanced 

microtubule inhibitors activities 

 

To further explore how mutant DYNC1H1 increase 

drug sensitivities of MTIs, we used a differential 

analysis method to identify mutant DYNC1H1 related 

genes by comparing DYNC1H1 mutated tumor with 

wild type tumors (37/338) in TCGA-STAD. A total of 

199 genes were significantly correlated with mutant 

DYNC1H1 (23 up-regulated and 176 down-regulated 

genes) (Figure 6A). Based on NCI-60 cell lines dataset, 

the expressions of four genes (IGF2, MAL, KRT13, 

CALCA) were negatively associated with MTIs 

sensitivities (Figure 6B–6E, p-value < 0.05). 

Accordingly, IGF2 expression levels were lower in 

paclitaxel sensitive breast cancer cells than in paclitaxel 

resistant breast cancer cells in GSE90564 (Figure 6F, p-

value < 0.05). Together, these results suggested that the 

process of mutant DYNC1H1 sensitizing MTIs may be 

followed by decreased expressions of MTIs related 

genes such as IGF2, KRT13, CALCA and MAL. 

 

DISCUSSION 
 

The advent of cancer immunotherapy, such as the 

approval of anti-PD1 monoclonal antibodies, has altered 

the treatment paradigm of many malignancies including 

GC [6, 7]. However, the clinical benefits were quite low 

and limited to high immune activity subtypes patients 

[2–5]. In this study, MTIs were repurposed as the more 

appropriate drugs to treat GC with high immune activity 

(TMB-H and MSI-H) based on CMap database and 

GSEA (Figure 7). Then, MTIs like docetaxel showed 

increased activities when the mutations in DYNC1H1. 

 

 
 

Figure 2. Validation of microtubule inhibitors (MTIs) in gastric cancer cell lines with high immune activity based on GDSC 
database. (A–C) Plot depicting the correlations of IC50 values of some tubulin related drugs ((A) MTIs, (B) AURK inhibitors, (C) KIF inhibitors) 
with TMB levels in GC cell lines based on GDSC database using Spearman’s correlation. (D–F) Histograms showing the different levels of IC50 
values of some tubulin related drugs ((D) MTIs, (E) AURK inhibitors, (F) KIF inhibitors) between MSI-H and MSS/MSI-L GC cell lines based on 
GDSC database using Student’ s t test. P-value < 0.05 was considered significant. 
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Furthermore, mutant DYNC1H1 can act as a biomarker 

for MTIs activities possibly because it may be followed 

by lower levels of MTIs-related genes, or some 

mutations in DYNC1H1 may change the binding 

confirmation of MTIs and microtubules. In summary, 

our research indicated that GC patients with high 

immune activity may benefit from some MTIs that can 

be sensitized by mutant DYNC1H1.  

 

This study presented that some MTIs may treat high 

immune activity subgroup GC patients by several lines 

of evidence. Firstly, nocodazole and albendazole were 

recognized as MTIs from CMap database (Figure 1A). 

Nocodazole can affect the dynamics of microtubules by 

specifically binding to the cell motility apparatus [18]. 

Apart from the indicator of an anthelmintic 

benzimidazole carbamate [19, 20], albendazole also can 

inhibit microtubule polymerization for the treatment of 

gastric cancer and other cancers [21–23]. Then, some 

MTIs representative pathways can be significantly 

enriched in high immune activity of GC: 

"GO_MICROTUBULE_BINDING", "GO_ 

MICROTUBULE_DEPOLYMERIZATION", whilst 

other drug types repurposed by CMap showed no 

significance (Figure 1B). Moreover, the activities of 

some MTIs (such as docetaxel) were strongly higher in 

MSI-H and TMB-H gastric cancer cells in the GDSC 

database. However, activities of other tubulin related 

drugs (such as AURK inhibitors, KIF inhibitors) 

revealed no significance in different MSI status and 

TMB levels (Figure 2). 
 

MTIs are widely known for binding to the microtubules 

[24, 25]. Among then, taxanes (paclitaxel and docetaxel) 

have shown antitumor activity in the treatment of GC 

according to the National Comprehensive Cancer Network 

(NCCN) guidelines. In addition to antiproliferative effects, 

growing studies have reported that some MTIs can be 

 

 
 

Figure 3. Mutational landscape of genes involved in pathways of microtubule inhibitors (MTIs) in TCGA-STAD cohort. (A) 

Protein-protein interaction (PPI) network of genes that significantly enriched in microtubule inhibitors (MTIs) representative gene sets. (B) 
Mutational landscape of node genes from PPI network showing that CENPF, KIF26B, and DYNC1H1 were highly mutated in TCGA-STAD cohort 
(alteration frequency ≥ 7%) by the GenVisR package. Top for somatic mutation rate of each sample, bottom left for the total mutation 
frequency of each gene, and bottom right for specific mutation type of each gene in each sample. 
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Figure 4. Association of mutant genes with high immune activity in TCGA-STAD and NCI-60 cell lines datasets. Levels of TMB, 
MSI score, and mRNA expression in TCGA-STAD (A–C) and NCI-60 cell lines (D–F), stratified by genes (DYNC1H1, CENPF, and KIF26B) mutation 
status. MUT: mutated, WT: wild type. KIF26B was not detected in NCI-60 cell lines dataset. All p-values were obtained by Student’s t-test, in 
addition to χ

2
 test for (E). P-value < 0.05 was considered significant. 

 

 
 

Figure 5. Association of mutant DYNC1H1 with enhanced microtubule inhibitors (MTIs) activities in NCI-60 cell lines dataset. 
(A) Volcano plot for the different activities of MTIs between DYNC1H1 mutated and wild type NCI-60 cell lines dataset. The x-axis represented 
the different levels of mean -logGI50, and the y-axis showed p-values obtained by Student’s t-test. (B–E) Histograms depicting different MTIs 
activities of nocodazole (B), docetaxel (C), colchicine (D), vincristine (E), stratified by DYNC1H1 mutation status in NCI-60 cell lines dataset (p-
value < 0.05 by Student’s t-test). MUT: mutated, WT: wild type. P-value <0.05 was considered significant. DYNC1H1 was mutated in six NCI-60 
cell lines: HCC_2998, HCT_116, HCT_15, KM12, MOLT_4, and UACC_62. 
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immunostimulatory properties, including their abilities to 

reprogram the immune-suppressive M2 profile of tumor-

associated macrophages to immune-stimulating M1 

profile [26], stimulate maturation and activities of 

dendritic cells [27, 28], and decrease the accumulation 

and immunosuppressive activities of tumor-infiltrating 

MDSCs [29]. Clinically, single-agent paclitaxel even 

showed a better median progression-free survival than 

the anti-PD1 pembrolizumab (4.1 months vs 1.5 months) 

in the KEYNOTE-061 clinical trial (PDL1 CPS>1) [4]. 

These evidences supported that some MTIs may achieve 

good outcomes in gastric cancer patients with high 

immune activity.  

 

Our results clearly demonstrated that drug activities of 

some MTIs were strongly associated with mutant 

DYNC1H1 (Figure 6). DYNC1H1 is the heavy chain of 

cytoplasmic dynein which acts as a motor protein using 

ATP to travel along the microtubule (MTs) toward 

minus end [30, 31]. This complex participates in 

multiple cell processes, such as spindle formation in 

mitosis and transportation of various cellular cargoes. 

Mutant DYNC1H1 was reported to impede the ATP 

hydrolysis cycle which help bind to MTs in the 

neurological diseases [32]. Most mutations of 

DYNC1H1 were tied up with the occurrence and 

development of pancreatic cancer [33–35], suggesting 

that mutations in DYNC1H1 may play a vital role in the 

complex biological process of malignant tumors. 

However, the effect of its mutation on gastric cancer 

remains unknown. 

 

In this study, mutant DYNC1H1 was closely associated 

with MTIs-related genes (IGF2, KRT13, MAL, and 

CALCA) (Figure 5). IGF2 and anti-apoptotic gene 

KRT1 were significantly overexpressed in MTIs- 

resistant cancer cells, and exhaustion of IGF2 can 

restore paclitaxel sensitivity [36, 37]. Also, CALCA and 

MAL were reported to be highly expressed in the 

allergic reactions of MTIs [38, 39]. On the other hand, 

DYNC1H1 directly binds to MTs via the structure 

called MTBD [40, 30]. Besides, MTIs (like paclitaxel 

 

 
 

Figure 6. Effects of mutant DYNC1H1 on enhanced microtubule inhibitors (MTIs) activities. (A) Volcano plot for the DEGs between 

DYNC1H1 mutated and wild type gastric cancer patients in TCGA-STAD cohort. The x-axis represented log2 (fold change): mutant DYNC1H1 
compared with wild type patients, and the y-axis represented significant difference as −log10(FDR). The criteria of FDR <0.05 and |log2FC| ≥ 
2 were considered significant by the function TCGAbiolinks_DEA of TCGAbiolinks. (B–E) Correlations between MTIs activities and mRNA 
expressions of IGF2, KRT13, CALCA, and MAL in NCI-60 cell lines dataset, respectively. P-value estimated using Pearson’s correlation. The x-
axis represented the correlation coefficient, and the y-axis showed the significance (−log10 p-value). (F) Histograms depicting different mRNA 
expressions of IGF2 between MTIs sensitive and resistant cell lines in GSE90564 dataset. P-value estimated using Student’s t-test. P-value 
<0.05 was considered significant. 
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and docetaxel) exert antitumor effects through binding 

to β-tubulin [41, 42]. Hence we speculated that mutant 

DYNC1H1 may narrow the binding pocket of MTBD 

and β-tubulin and then increase binding pocket of MTIs 

and β-tubulin, thereby enhancing the anti-microtubule 

effect of MTIs. We identified 26 missense mutation 

sites of DYNC1H1 in the TCGA-STAD mutation 

profile (Supplementary Figure 3). However, there were 

no studies clearly illustrated the correlation of these 

mutation sites of DYNC1H1 with gastric cancer.  

 

Our study has some limitations such as few normal 

samples included in this study but no other suitable 

datasets available for validation. We cannot also rule 

out the possibility that other drugs or combination 

therapy may show more benefits for GC patients with 

high immune activity. Therefore, we plan to use our 

own clinical samples for verification analysis in the 

future. Further investigation of how mutant DYNC1H1 

sensitizes MTIs will be necessary in future studies. 

 

To conclude, our study identified some MTIs such as 

docetaxel that could potentially be the best drugs for GC 

with high immune activity (TMB-H and MSI-H). Mutant 

DYNC1H1 significantly positively correlated with TMB-

H and MSI-H in GC or various cancers. We found that 

mutant DYNC1H1 can sensitize MTIs, possibly because 

it was accompanied with down-regulation of some MTIs 

resistant or side effect genes. It may also change the 

binding pocket of MTIs and microtubules.  

 

 
 

Figure 7. Work flow of the study. DEGs: differentially expressed genes; TMB-H: high tumor mutational burden; MSI-H: high microsatellite 

instability; GSEA: gene sets enrichment analysis; GDSC: genomics of drug sensitivity in cancer; PPI: protein-protein interaction; TCGA: The 
Cancer Genome Atlas; NCI-60: National Cancer Institute 60. 
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MATERIALS AND METHODS 
 

Gastric cancer dataset and differentially expressed 

genes (DEGs) associated with high immune activity 

 

GC dataset was acquired from GDC Data Portal TCGA-

STAD (n = 407). "Level 3" RNA sequencing data (raw 

count) and clinical information were downloaded by 

using R package TCGAbiolinks [43]. Then, patients 

were classified into two groups: TMB-H group (median 

as cut-point of tumor mutational rate), and MSI-H 

group. Finally, differential analysis of the two groups 

were both used by the function TCGAbiolinks_DEA. 

DEGs were determined with the criteria of |log2(FC)| > 

2 and FDR < 0.05.  

 

Drug prediction 

 

The CMap database (https://clue.io/cmap) was used to 

identify drugs that can effectively treat high immune 

activity subgroups GC. Input data require a range of 10 

~ 150 genes that are up-regulated and/or down-

regulated. Because the number of DEGs in the two 

groups of TMB-H and MSI-H were more than 150, we 

selected top150 up-regulated DEGs following the FDR 

in ascending order. A so-called Connectivity Score (-

100 ~100) is an indicator for evaluating the correlation 

between a drug and input genes. The score less than -90 

can be considered that the drug is significantly 

negatively related to the input genes, that is, the drug 

can dramatically reverse the role of these genes to treat 

specific diseases. Drugs correlated with the input genes 

of TMB-H and MSI-H group were selected as candidate 

drugs for subsequent analysis. 

 

Gene sets enrichment analysis (GSEA) 

 

GSEA was used to further screen the significant 

candidate drugs. Candidate drugs-related gene sets were 

selected from MSigDB [44], and common DEGs were 

used as input data. GSEA was performed separately with 

gene sets of each drug type using the function enricher of 

clusterprofiler [45] package. The drug corresponding to 

the significantly enriched gene sets (p-value ≤ 0.05) was 

regarded as significant candidate drug.  

 

Gastric cancer data of drug sensitivity and high 

immune activity  

 

To validate the role of significant candidate drugs for 

treating gastric cancer with high immune activity, we 

extracted the half maximal inhibitory concentration 

(IC50) values of them in GC cell lines from  

GDSC (https://www.cancerrxgene.org/downloads/anova) 

database. MSI status of each GC cell line was also 

provided by GDSC. TMB levels of each cell line were 

retrieved from the CCLE (https://portals.broadinstitute. 

org/ccle/data) database.  

 

Protein-protein interaction (PPI) network 
 

Search Tool for the Retrieval of Interacting Genes 

(STRING; string-db.org) was used to build a PPI 

network for genes directly enriched in gene sets of 

significant candidate drugs. The parameter of 

interaction was set as the interaction score > 0.9 and no 

more than 20 interactors. Cytoscape software 3.7.0 was 

used to visualize the PPI network. 

 

Mutational landscape analysis 

 

Somatic mutational landscape analysis was used to 

explore characteristic genes of significant candidate 

drugs. Mutational profile of TCGA-STAD was obtained 

from TCGA data portal by the GDCquery_Maf function 

of the TCGAbiolinks package in R. Using "GenVisR" 

package to process and visualize the mutational burden 

of PPI network node genes. The specific mutant genes 

were identified with mutation frequency ≥ 7% [46]. 

 

Data of gene mutation and high immune activity 
 

To compare different levels of high immune activity 

(TMB, MSI) and mRNA expression between specific 

mutant genes mutated and wild type tumors. TCGA-

STAD, NCI-60, immunotherapy cohort (Allen cohort), 

and TCGA pan-cancer datasets were selected.  

 

For TCGA-STAD dataset, gene mutational profile and 

mRNA expression data, TMB levels (tumor mutational 

rate), MSI score [47] data were used. For NCI-60 

cancer cell lines dataset, binary gene mutation and 

mRNA expression data were available from R package 

rcellminer [14], TMB levels of each cell line were 

downloaded from cbioportal (https://www. 

cbioportal.org) database, and microsatellite status data 

were downloaded from cosmic (https://cancer. 

sanger.ac.uk/cosmic#) database. For Allen cohort, 

consisting of 110 advanced-stage melanoma patients 

treated with anti-CTLA-4 therapy, provided complete 

somatic mutation profile [48]. For TCGA pan-cancer, 

mutational profiles were obtained from the TCGA data 

portal by the GDCquery_Maf function of the 

TCGAbiolinks package in R. TMB levels were 

calculated based on non-synonymous data. Mutation 

frequencies of specific mutant genes in each cancer type 

were estimated respectively. 

 

Data of drug sensitivity and gene mutation  

 

To verify the relationship between specific mutant 

genes and significant candidate drugs, we used 

https://clue.io/cmap
https://www.cancerrxgene.org/downloads/anova
https://portals.broadinstitute.org/ccle/data
https://portals.broadinstitute.org/ccle/data
https://www.cbioportal.org/
https://www.cbioportal.org/
https://cancer.sanger.ac.uk/cosmic
https://cancer.sanger.ac.uk/cosmic
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genomics data and drug sensitivity of NCI-60 cell lines 

dataset and GDSC database. For NCI-60 cell lines, the 

concentration of drug was presented as cause 50% 

growth inhibition (GI50) value and was available from 

R package rcellminer. Gene mutation information was 

described above Gastric cancer data of drug sensitivity 

and high immune activity. For GDSC database, gene 

mutation information was downloaded from the GDSC 

website (https://www.cancerrxgene.org/downloads). 

IC50 values of candidate drugs were described above. 

Data of gene mutation and high immune activity. 

 

The effect of specific mutant genes  

 

To investigate the impact of specific mutant genes on 

significant candidate drugs. Firstly, we used differential 

analysis method to find genes significantly associated 

with the specific mutant genes. According to significant 

mutant genes status, DEGs were identified by the 

mutated group compared to the wild type group in the 

TCGA-STAD (the criteria of |log2 (FC)|> 2 and FDR 

<0.05). Secondly, to analyze the relationships between 

these DEGs and significant candidate drugs activities, the 

gene expression data and drug activity data of NCI-60 

cell lines and GSE90564 (paclitaxel sensitivity and 

resistance dataset, n = 38) were used. 

 

Statistical analysis 
 

Differential analysis was mainly conducted by the 

function TCGAbiolinks_DEA of TCGAbiolinks 

package. Survival curves were performed by the Kaplan-

Meier method and compared by the log-rank test via the 

R package survival. Group comparisons were performed 

by Student’s t test for continuous variables, while χ
2
 test 

for categorical variables. The correlation of IC50 values 

of candidate drugs with TMB levels in GC cell lines of 

GDSC database, GI50 values of candidate drugs with 

gene expression or gene mutation in NCI-60 cancer cell 

lines dataset were identified by Spearman’s correlation 

analysis. All statistical tests were two-sided, and p-value 

<0.05 was considered significant. Statistical analysis was 

performed by R software version 3.6.1(v. 3.5.2 

(http://www.r-project.org). 
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SUPPLEMENTARY MATERIALS 
 

Supplementary Figures 

 

 

 

 
 

Supplementary Figure 1. The microtubule inhibitors (MTIs) related DEGs in the survival analysis of TCGA-STAD cohort. 
Kaplan-Meier plots for overall survival of DEGs related to MTIs in TMB-H group (A) and MSI-H group (B) by log-rank test. P-value <0.05 was 
considered significant. 
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Supplementary Figure 2. Association of mutant DYNC1H1 with TMB in immunotherapy cohort. Levels of TMB in immunotherapy 
cohort (Allen cohort), stratified by genes (DYNC1H1, KIF26B, and CENPF) mutation status. MUT: mutated, WT: wild type. Student's t-test 
obtained p-values. (

*
P < 0.05; ns, not significant). 

 

 
 

Supplementary Figure 3. Association of mutant DYNC1H1 with TMB in various cancers. (A) Line chart showing DYNC1H1 mutation 
frequency (green) and levels of TMB with DYNC1H1 mutated (red) and wild type (blue) in 15 cancers. (B) Line chart presenting DYNC1H1 
mutation frequency (green) and levels of TMB (red) in 9 cancers. (C, D) Lollipopplots presenting the mutation spots of DYNC1H1 in gastric 
cancer (GC)(C) and Uterine Corpus Endometrial Carcinoma (UCEC)(D). Abbreviation: UCEC, Uterine Corpus Endometrial Carcinoma; STAD, 
Stomach Adenocarcinoma; SKCM, Skin Cutaneous Melanoma; CESC, Cervical squamous cell carcinoma and endocervical adenocarcinoma; 
UCS, Uterine Carcinosarcoma; LUAD, Lung Adenocarcinoma; OV, Ovarian serous cystadenocarcinoma; HNSC, Head and Neck Cancer; ESCA, 
Esophageal Cancer; LIHC, Liver hepatocellular carcinoma; BRCA, Breast invasive carcinoma; KIRP, Kidney renal papillary cell carcinoma; KIRC, 
Kidney renal clear cell carcinoma. 
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Supplementary Figure 4. Association of mutant DYNC1H1 with microtubule inhibitors (MTIs) in gastric cancer cell lines with 
high immune activity based on GDSC database. Histograms depicting different MTIs activities of docetaxel and vinorelbine, stratified by 

DYNC1H1 status in gastric cancer cell lines based on GDSC database (p-value < 0.05 by Student's t-test). MUT: mutated, WT: wild type. 
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SUPPLEMENTARY TABLES 
 

 

Please browse Full Text version to see the data of Supplementary Tables 1 and 3. 

 

Supplementary Table 1. The common DEGs of MSI-H group and TMB-H group. 

 

Supplementary Table 2. The functional gene sets of each drug type from molecular signatures database. 

Candidate drug 

types 
Functional gene sets 

1. Microtubule 

inhibitor 

BIOCARTA_G2_PATHWAY 

BIOCARTA_MTOR_PATHWAY 

BIOCARTA_NFKB_PATHWAY 

GO_MICROTUBULE 

GO_MICROTUBULE_BINDING 

GO_MICROTUBULE_DEPOLYMERIZATION 

GO_MICROTUBULE_NUCLEATION 

GO_MICROTUBULE_POLYMERIZATION 

GO_MICROTUBULE_POLYMERIZATION_OR_DEPOLYMERIZATION 

GO_REGULATION_OF_MICROTUBULE_POLYMERIZATION_OR_DEPOLYMERIZATION 

GO_S_ADENOSYLHOMOCYSTEINE_METABOLIC_PROCESS 

MICROTUBULE 

MICROTUBULE_BINDING 

MICROTUBULE_POLYMERIZATION_OR_DEPOLYMERIZATION 

REACTOME_POST_CHAPERONIN_TUBULIN_FOLDING_PATHWAY 

REACTOME_FORMATION_OF_TUBULIN_FOLDING_INTERMEDIATES_BY_CCT_TRIC 

2. Corticosteroid 

agonist 

GO_CELLULAR_RESPONSE_TO_CORTICOSTEROID_STIMULUS 

GO_REGULATION_OF_CORTICOSTEROID_HORMONE_SECRETION 

GO_RESPONSE_TO_CORTICOSTEROID 

GO_RESPONSE_TO_CORTICOSTERONE 

3. Androgen 

receptor agonist 

GO_ANDROGEN_RECEPTOR_BINDING 

GO_ANDROGEN_RECEPTOR_SIGNALING_PATHWAY 

GO_NEGATIVE_REGULATION_OF_ANDROGEN_RECEPTOR_SIGNALING_PATHWAY 

GO_REGULATION_OF_ANDROGEN_RECEPTOR_SIGNALING_PATHWAY 

GO_TESTOSTERONE_BIOSYNTHETIC_PROCESS 

4. Protein synthesis 

inhibitor 

GO_POLYSOME 

GO_RIBOSOMAL_SMALL_SUBUNIT_BIOGENESIS 

GO_RIBOSOMAL_LARGE_SUBUNIT_BIOGENESIS 

GO_RIBOSOME_BIOGENESIS 

GO_SIGNAL_RECOGNITION_PARTICLE_ENDOPLASMIC_RETICULUM_TARGETING 

GO_TRNA_CATABOLIC_PROCESS 

GO_TRNA_METABOLIC_PROCESS 

GO_EUKARYOTIC_TRANSLATION_INITIATION_FACTOR_3_COMPLEX 

5. Cyclooxygenase 

inhibitor 

0 

6. Leukotriene 

receptor antagonist 

GO_LEUKOTRIENE_D4_BIOSYNTHETIC_PROCESS 
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7. Adrenergic 

receptor antagonist 

GO_ALPHA_2A_ADRENERGIC_RECEPTOR_BINDING 

GO_ADRENERGIC_RECEPTOR_BINDING 

GO_ADRENERGIC_RECEPTOR_SIGNALING_PATHWAY 

GO_BETA_2_ADRENERGIC_RECEPTOR_BINDING 

GO_NEGATIVE_REGULATION_OF_ADENYLATE_CYCLASE_ACTIVATING_ADRENERGIC_RECEPTOR_SIGNALING_ 

PATHWAY 

 

Supplementary Table 3. Association of tubulin related drugs in gastric cancer cell lines with high immune activity 
based on GDSC database. 
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ABSTRACT 
 

RhoA is a member of the RHO family GTPases and is associated with essential functions in gastric cancer. In this 
study, we identified a gastric cancer biomarker, termed the “regulation of RhoA activity panel” (RRAP). Patients 
with gastric cancer from The Cancer Genome Atlas database were divided into training (N=160) and validation 
(N=155) cohorts. A cohort of 109 Chinese gastric cancer patients was utilized as an independent validation. 
Patients with mutated RRAP showed significantly better overall survival than patients with wild type RRAP. We 
also analyzed the association between RRAP and the migration capacity, immune-related signatures, and the 
tumor microenvironment. RRAP-mutant tumors had a significantly lower degree of lymph node metastasis and 
lower activities of migration-related pathways. These tumors also showed significantly increased immune cell 
infiltration and cytotoxic activity. Furthermore, two independent patient cohorts who received immune 
checkpoint blockade therapy were assessed for RRAP mutant status. As expected, for both immunotherapy 
cohorts, higher response rates to immune checkpoint blockade therapy were observed in patients with RRAP-
mutant tumors than in patients with wild type RRAP tumors. Overall, this study indicates that the RRAP gene 
set is a potential biomarker for gastric cancer prognosis and therapeutic selection. 
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INTRODUCTION 
 

Gastric cancer is one of the most frequently occurring 

and lethal malignancies [1]. The Lauren classification 

divides gastric cancer into 2 main subtypes, intestinal 

and diffuse [2]. However, this classification provides 

limited guidance for disease prognosis and treatment 

decisions. Global efforts to characterize gastric cancer 

at the molecular level from the perspective of cancer 

genomics and transcriptomics have been made, 

including those from The Cancer Genome Atlas 

(TCGA) [3] and the Asian Cancer Research Group [4]. 

Gastric cancer patients are classified into 4 subtypes 

based on gene expression profiling; each subtype 

exhibits distinct patterns of molecular alterations, 

disease progression, and prognosis [4]. Although these 

large-scale efforts have provided comprehensive 

insights into gastric cancer, they have not translated into 

a clinical benefit. A genomic-based molecular 

biomarker with prognostic and/or therapy predictive 

value is still needed for gastric cancer. 

 

Among the various genomic alternations that occur in 

gastric cancer, RHOA mutation plays a critical role in 

the development and progression of cancer by 

regulating actin organization [5], cell migration [6], 

cytokinesis and the cell cycle [7]. Recent studies have 

also suggested its potential role in modulating the tumor 

microenvironment (TME) of cancers [8, 9]. Although 

the overexpression of RhoA has been frequently 

recognized in various cancers and was found to be 

significantly associated with poor prognosis in gastric 

cancer [10], similar overall survival (OS) rates were 

nevertheless observed between patients with RHOA 

mutant and wild-type gastric cancers [11, 12]; therefore, 

the prognostic value of this gene mutation is poor. In 

2017, Shi et al. [13] established that mutations within 

the gene set designated as the ―regulation of RhoA 

activity pathway‖ were associated with better 

progression-free survival (PFS) and overall survival in 

HER2+ breast cancer patients. This gene set includes 

RhoA, as well as guanine nucleotide exchange factors 

and GTPase-activating proteins [14], both of which are 

involved in regulating RhoA activity. Furthermore, 

altered RhoA signaling has been reported in gastric 

cancers, especially in the diffuse type gastric cancer [3, 

15–21]. However, the clinical significance of this 

pathway in overall gastric cancer remains unresolved. 

Mutations in ―regulation of RhoA activity pathway‖ 

gene set may be involved in the prognosis and 

therapeutic prediction of gastric cancer through their 

effect on RhoA and its effector molecule activity.  

 

Based on the pathway changes of RhoA activity, we 

developed a statistically optimized gene subset as a 

biomarker by applying a genetic algorithm to a training 

gastric cancer cohort obtained from the gastric cancer 

dataset of TCGA. We validated this biomarker in a 

nonoverlapped TCGA-validation cohort and in an 

independent Chinese gastric cancer (CGC) cohort. The 

association of this biomarker with lymph node 

metastasis, migration-related pathways, immune-related 

signatures, and the TME was assessed to glean insights 

into possible related mechanisms. Inspired by its effect 

on the TME, we collected 2 independent cohorts of 

gastric cancer patients (denoted as IM1 and IM2) who 

received immune checkpoint blockade (ICB) treatment 

and revealed the potential predictive capability of this 

biomarker. 

 

RESULTS 
 

Prognostic biomarker “regulation of RhoA activity 

panel” for gastric cancer  
 

As shown in Figure 1, the potential biomarker 

―regulation of RhoA activity panel‖ (RRAP) was 

calculated from the TCGA training cohort with a 

genetic algorithm on the ―regulation of RhoA activity 

pathway‖ gene set (see Methods). The resulting optimal 

solution, containing 20 genes, is hereafter denoted as 

RRAP (Figure 1B). These gene mutations were 

significantly associated with gastric cancer 

(Supplementary Table 1). According to whether or not 

mutations occurred in the coding region of any of the 

RRAP genes, patients were classified as RRAP-wild 

type or RRAP-mutant. In the TCGA training cohort, 

RRAP-mutant patients displayed better OS compared to 

RRAP-wild type patients, with a hazard ratio of 0.4 

(95% confidence interval: 0.2-0.79, p-value = 0.006, 

Figure 2A). Importantly, this was also validated in the 

TCGA validation cohort, with a hazard ratio of 0.48 

(95% confidence interval: 0.26-0.91, p-value = 0.021, 

Figure 2B). Furthermore, we incorporated age, gender, 

Lauren classification, pathologic stage, and RRAP into 

a multivariate Cox analysis for overall survival. The 

results showed that RRAP was an independent 

prognostic factor after adjusting for these 

clinicopathological parameters in both the TCGA 

training (hazard ratio = 0.35, 95% confidence interval: 

0.17-0.7, p-value = 0.003; Supplementary Figure 1A) 

and TCGA validation cohorts (hazard ratio = 0.51, 95% 

confidence interval: 0.26-1, p-value = 0.05; 

Supplementary Figure 1B). 

 

The reliability of RRAP was assessed using an 

independent patient cohort that was a subset of the 109 

CGC patients. These patients were whole-exome 

sequenced, and 26 (23.9%) were identified as RRAP-

mutant. This cohort exhibited a mutational proportion 

similar to the TCGA training (26.3%) and TCGA 

validation (28.3%) cohorts. For the reliability 
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assessment cohort, Kaplan-Meier curves showed that 

RRAP-mutant was significantly associated with longer 

OS (hazard ratio = 0.13, 95% confidence interval: 0.03- 

0.52, p-value = 6.66e-4, Figure 2C). Multivariate Cox 

regression analysis was performed as described above, 

and the results again showed that RRAP was an 

independent prognostic factor (Supplementary Figure 

1C). We also merged data of the TCGA training, TCGA 

validation, and CGC cohorts into overall cohort. RRAP-

mutant patients displayed better OS compared to 

RRAP-wild type patients, with a hazard ratio of 0.38 

(95% confidence interval: 0.25-0.59, p-value = 7.37e-6) 

in the overall cohort (Figure 2D and Supplementary 

Figure 1D). 

 

RRAP was associated with cell migration activity 
 

Given the role of RhoA in cell migration, we assessed 

the effect of RRAP on tumor metastasis. Strikingly, 

patients with RRAP-mutant tumors had a significantly 

lower rate of lymph node metastasis (pN3 of regional 

lymph node) compared with RRAP-wild type patients 

(11.5% vs 36.1%, respectively, Fisher's exact test p-

value = 0.026) in the CGC cohort, which was also 

confirmed in the overall TCGA cohort (12.8% vs 

24.7%, respectively, p-value = 0.03). We also found 

that patients with RRAP-mutant tumors had a 

moderately lower distant metastasis recurrence risk 

compared to patients with RRAP-wild type tumors in 

the CGC cohort (15.4% vs 31.3%, respectively, p-value 

= 0.136); the same trend was observed in the overall 

TCGA cohort (3.6% vs. 7.9%, respectively, p-value = 

0.26). This suggested that RRAP-mutant tumors may 

have an impaired migration capacity. At the molecular 

level, we explored the RNA-seq data collected from 

TCGA and estimated the enrichment score of 4 

migration-related functions—adherens junctions, cell 

adhesion molecules, focal adhesion, and regulation of 

the actin cytoskeleton. All of these functions showed 

significantly lower activity in RRAP-mutant tumors 

compared to RRAP-wild type tumors (Figure 3A–3D). 

Further analysis revealed that 39 genes related to the 4 

functions exhibited significantly lower expression in 

RRAP-mutant tumors (log2 fold change > 1 and 

adjusted p-value < 0.01, Figure 3E). We next performed 

univariate Cox and Kaplan-Meier analysis on the 39 

genes and found that 5 genes (CLDN11, CLDN6, 

CLDN9, VTN, and F2; Supplementary Table 2) were 

significantly associated with poor OS (Figure 3F, log-

rank p-value < 0.01). Kaplan-Meier analysis revealed 

that the low expression of these 5 genes, along with 

CNTN1, CNTN2, CADM1, NCAM1, FGF19, and 

FGF20, were significantly associated with better OS 

(Figure 3G, Supplementary Figure 2). Taken together, 

these results indicated an association between RRAP 

mutation and tumor cell migration, thus resulting in 

metastasis. 

 

Association of RRAP with immune-related 

signatures 
 

We next explored the correlation between RRAP and 

the immune-related signatures of tumor mutational 

burden (TMB), neoantigen burden (NAB), and deficient 

mismatch repair (dMMR). Higher TMB was observed 

in RRAP-mutant patients in the TCGA training, TCGA 

validation, and CGC cohorts, with p-values of 3.7e-8, 

9e-11, and 6.3e-5, respectively (Figure 4A). A 

significantly higher NAB (available only in the CGC 

cohort) was observed in RRAP-mutant patients (p-value 

 

 
 

Figure 1. Identification of RRAP biomarker. (A) Outline of the cohort construction and analysis workflow. (B) RRAP selection. The right 
panel shows the interaction of genes among RRAP. 
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= 0.002, Figure 4B). Additionally, there was a 

significantly higher fraction of mutational signatures 

associated with dMMR in the RRAP-mutant tumors 

compared to RRAP-wild type tumors in all 3 cohorts 

(Figure 4C). Although the 3 immune-related signatures 

in this study could predict the response to 

immunotherapy in multiple cancers [22], TMB and 

NAB were not associated with the overall survival of 

gastric cancer patients, while dMMR was related to 

overall survival in the TCGA validation cohort  

(Figure 4D). 

Effect of RRAP mutation on the tumor 

microenvironment 
 

In addition to the 3 signatures above, we further 

explored the association between RRAP and the TME 

using TCGA expression data. For this purpose, we 

collected tumor immune infiltrate data published by 

TCGA and compared immune cellular fraction between 

RRAP-mutant and RRAP-wild type tumors [23]. 

RRAP-mutant tumors showed significantly higher 

levels of infiltration of activated CD4
+
 memory T cells 

 

 
 

Figure 2. Training and validation of RRAP. Kaplan-Meier survival curves for RRAP-wild type and RRAP-mutant patients in the (A) TCGA 
training cohort, (B) TCGA validation cohort, (C) an independent CGC cohort, (D) and the overall cohort containing merged data from the three 
cohorts. P-values were estimated with the log-rank test, and hazard ratios (HRs) were estimated with the Cox model. 
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Figure 3. Association of RRAP with lower cell migration activity. (A–D) Pathway enrichment scores between RRAP-wild type and 
RRAP-mutant were compared among 4 functions: adherens junction (AJ, A), cell adhesion molecules (CAM, B), focal adhesion (FA, C), and 
regulation of the actin cytoskeleton (ROAC, D). The Wilcoxon rank-sum test was applied to estimate differences. (E) Heatmap of differentially 
expressed genes among the 4 functions; the column was clustered and annotated with RRAP status. (F) Forest plot of association of between 
gene expression and overall survival. Squares indicate the hazard ratios and error bars represent the 95% confidence interval; the log-rank 
test was performed to estimate p-values. (G) Kaplan-Meier overall survival curves for patients with high and low expression levels of CLDN11, 
CLDN6, CLDN9, VTN, and F2. P-values were estimated with the log-rank test, and HRs were estimated with the Cox model. 
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(p-value = 8.6e-7) and M1 macrophages (p-value = 

0.00077) (Figure 5A), both of which are reportedly 

associated with longer survival in multiple cancers [24, 

25]. In addition, we observed higher infiltration of 

CD8+ T cells—the primary effector in anti-tumor 

immunity—in RRAP-mutant tumors compared to 

RRAP-wild type tumors, although it did not reach a 

statistical significance (p-value = 0.07385, Figure 5A). 

There was a significantly difference in the levels of 

CD8+ infiltration in the independent CGC cohort. IHC 

staining was used to evaluate the infiltration of CD8+ 

tumor infiltrating lymphocytes (TILs) in 52 tumors 

from the CGC cohort; 40 of these were RRAP-wild type 

tumors and 12 were RRAP-mutant tumors. Consistent 

with the TCGA RNAseq results, RRAP-mutant tumors 

exhibited increased infiltration of CD8+ TILs compared 

to RRAP-wild type tumors (p-value = 0.026) (Figure 

5B–5F). Given the functional dependence of CD4+ T 

cells and M1 macrophages on human leukocyte antigen 

(HLA) class II molecules, further analyses of several 

HLA class II molecules were also performed. The 

results showed significantly higher expression of these 

molecules in RRAP-mutant tumors compared with 

RRAP-wild type tumors (Figure 5G), including HLA-

DMA (p-value = 0.0106), HLA-DQA1 (p-value = 

0.0235), and HLA-DRA (p-value = 0.0091). Taken 

together, an increased anti-tumor immune response by 

CD4+ T cells and macrophages could be seen for 

RRAP-mutant tumors. 

 

Granule exocytosis-related molecules (e.g., 

PRF1/GZMA/GZMB) and death ligand pathways (e.g., 

the Fas/FasL apoptotic killing pathway) are involved in 

the cytotoxic effects of CD8+ T cells [26] and possibly 

of CD4+ T cells [27, 28]. We found that PRF1, GZMA, 

and GZMB were significantly increased in RRAP-

mutant tumors compared to RRAP-wild type tumors, 

with p-values of 0.0056, 0.002, and 4.5e-5, respectively 

(Figure 5H). Additionally, RRAP was associated with 

significantly increased FAS (p-value = 0.0039) and 

FASLG expression (p-value = 0.0207) (Figure 5I). The 

apoptosis pathway was also evaluated and exhibited 

higher activity in RRAP-mutant tumors than in RRAP-

wild type tumors (p = 0.0014, Figure 5J). These results 

strongly suggested that RRAP mutation affected the 

TME, providing evidence for the association of RRAP-

mutant with better OS on the basis of increasing anti-

tumor activity in the TME (Supplementary Figure 3).

 

 
 

Figure 4. Association of RRAP with immune-related biomarkers. (A) Boxplot for differences in the tumor mutational burden (TMB) 
between RRAP-wild type and RRAP-mutant tumors in the TCGA training, TCGA validation, and CGC cohorts. (B) Boxplot for differences in the 
neoantigens between RRAP-wild type and RRAP-mutant tumors in the CGC cohort. (C) Boxplot for differences in the dMMR percentage 
between RRAP-wild type and RRAP-mutant tumors in TCGA training, TCGA validation, and CGC cohort. The Wilcox rank-sum test was applied 
to compare the differences. (D) Association of overall survival and TMB, neoantigen burden (NAB), and dMMR in the 3 cohorts. The hazard 
ratio was estimated with univariate Cox analysis, and the log-rank test was applied to calculate the p-value. 
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RRAP as a potential predictive biomarker for 

checkpoint inhibitor-based immunotherapy 
 

Inspired by the significant effect of RRAP on prognosis, 

immune-related signatures and the TME, we further 

investigated the association between RRAP and the 

response to ICB therapy. Of the IM1 cohort who 

received ICB therapy (N = 37), 7 patients were 

identified as RRAP-mutant and 30 were RRAP-wild 

type. After treatment, 15 (50%) patients in the RRAP-

 

 
 

Figure 5. Association of RRAP with the tumor microenvironment. (A) Immune infiltrations estimated by CIBERSORT were compared 
between RRAP-wild type tumors and RRAP-mutant tumors. (B) The density of CD8+ TILs was compared between RRAP-wild type and RRAP-
mutant tumors. (C–F) The representative immunohistochemistry for CD8 images of RRAP-wild type tumor tissue (C, D) and RRAP-mutant 
tumor tissue (E, F). (G–I) Expression values were compared for HLA class II genes (G), cytotoxic effector molecules (H), and apoptosis-related 
genes (I). (J) The boxplot shows the difference in enrichment score of the apoptosis pathway between RRAP-wild type and RRAP-mutant 
tumors. The Wilcoxon rank-sum test was applied to estimate the p-values. 
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wild type group had progressive disease. In contrast, 

only 1 (14.3%) patient in the RRAP-mutant group had 

progressive disease (Figure 6A). We also evaluated the 

efficacy of ICB therapy between groups stratified by 

PD-L1 expression and microsatellite instability (MSI) 

and/or mismatch repair (MMR) status, and no notable 

differences were found (Figure 6B, 6C). The Kaplan-

Meier curves suggested that RRAP-mutant favored PFS 

compared with RRAP-wild type (Figure 6D), with 

respective median PFS times of 5.93 months (95% 

confidence interval: 2.83-not available) and 2.67 

months (95% confidence interval: 1.70-not available). 

However, there was no difference in PFS between PD-

L1-positive and PD-L1-negative patients (median PFS: 

3.55, 95% confidence interval: 1.93-not available and 

3.53, 95% confidence interval: 1.57-not available, 

respectively) (Figure 6E). The same observation was 

made when comparing dMMR/MSI-H and pMMR/MSS 

patients (median PFS: 3.07 95% confidence interval: 

1.37-not available and 2.83, 95% confidence interval: 2-

not available, respectively) (Figure 6F). In the IM2 

cohort (N = 47), 12 patients were classified as RRAP-

mutant; these patients had a better overall response rate 

than RRAP-wild type patients (33.3% vs 8.6%, 

respectively, Fisher's exact test p-value = 0.06). These 

results suggested that RRAP may play a role as a 

potential predictive biomarker for checkpoint inhibitor-

based immunotherapy in gastric cancer. 

 

DISCUSSION 
 

In this study, we identified RRAP as a biomarker, 

validated its prognostic effect in TCGA and CGC 

gastric cancer data sets, and investigated its association 

with tumor metastasis, the TME, and its potential 

prediction value for ICB therapies. 

 

For the TCGA training, TCGA validation, and CGC 

cohorts, the frequencies of RRAP-mutant were elevated 

(26.3%, 28.3%, and 23.9%, respectively) compared to 

RHOA mutations alone (7.5%, 4.5%, and 3.7%, 

respectively), suggesting that RRAP can be more 

broadly utilized as a predictive biomarker for gastric 

cancer. RRAP-mutant proved to be an independent 

prognostic factor and was significantly associated with 

favorable overall survival, regardless of histological

 

 
 

Figure 6. Association of RRAP and immunotherapy efficacy. (A–C) Stacked barplot showing the proportion of patients with 
progressive disease (PD), stable disease (SD), or partial response (PR) for each group divided by RRAP (A), PD-L1 (B) and MSI/MMR status (C). 
(D–F) The text indicates the number and percentage of patients in each group. Kaplan-Meier survival curves for patients grouped by RRAP 
(D), PD-L1 (E), and MSI/MMR status (F). P-values were estimated with the log-rank test, and HRs were estimated with the Cox model. 
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classification (i.e., not only in diffuse gastric cancer). 

This clinical significance is likely attributed to altered 

RhoA activity disrupting the process of tumor invasion 

and metastasis when the process is impaired by RRAP 

mutation. Clinically, our results showed that patients 

with RRAP-mutant tumors had a significantly lower 

rate of lymph node metastasis (pN3) and a lower risk of 

distant metastasis recurrence. At the molecular level, 

our analysis suggested that RRAP-mutant tumors 

exhibited a low activity of migration-related functions 

(adhesion junctions, cell adhesion molecules, focal 

adhesion, and regulation of the actin cytoskeleton). In 

these functions, 11 genes (CLDN11, CLDN6, CLDN9, 

VTN, F2, CNTN1, CNTN2, CADM1, NCAM1, FGF19, 

and FGF20) that were downregulated in RRAP-mutant 

tumors were significantly associated with improved OS. 

Our findings are supported by previous results, not only 

regarding the role of RhoA in tumor cell invasion and 

metastasis [29] but also regarding the association of 

RhoA activity with gastric cancer prognosis [30, 31]. 

 

Recent efforts have shown that RhoA can modulate the 

TME [8, 9]. Therefore, we further assessed the 

significant association between RRAP and clinical 

outcomes in terms of the TME. Our results indicated 

that RRAP-mutant patients had higher fractions of 

activated CD4+ memory T cells, CD8+ T cells, and M1 

macrophages, all of which have been reported as 

biomarkers that are positively associated with overall 

survival in multiple cancers [24, 25]. We further found 

that HLA-DMA, HLA-DQA1, and HLA-DRA, on 

which CD4+ T cells and M1 macrophages functionally 

depend [32, 33], also showed significantly increased 

expression in RRAP-mutant tumors. Our experimental 

CD8+ IHC results were highly consistent with our 

bioinformatics analysis. Moreover, we also showed that 

mutated RRAP may affect the TME by regulating the 

expression levels of granule exocytosis-related 

molecules (PRF1/GZMA/GZMB) and the death ligand 

pathway (Fas/FasL apoptotic killing pathway), which 

are involved in the cytotoxic effects of CD8+ T cells 

and possibly of CD4+ T cells. Taken together, these 

results strongly indicated an association between 

RRAP-mutant and better OS on the basis of increasing 

antitumor activity in the TME (Supplementary Figure 

3). The association between well-known 

immunotherapy-related biomarkers (TMB, NAB, and 

dMMR) and the RRAP status was also assessed. 

Interestingly, all three biomarkers were significantly 

higher in RRAP-mutant tumors; however, only RRAP 

had prognostic significance. Moreover, RhoA signaling 

plays an important role in inducing activating innate 

immune and adaptive T cell responses [34]. For 

example, the downregulation of CDC42 reduces NK 

cell-mediated killing, allowing cancer cells to escape 

from the human immune response [35]. VAV3, a Rho 

family GTPase, activates multiple cell signaling 

pathways, including NK cell activation [36]. And the 

role of RhoA for phagocytosis has been studied in 

macrophages [37, 38]. Besides, RhoA signaling in T 

cells and B cells is pivotal for activation and migration 

[34]. The association of RRAP-mutant with immune 

activation and anti-tumor activity in the tumor immune 

microenvironment may provide clues to the predictive 

effect of RRAP in immunotherapy response. 

 

The US Food and Drug Administration approved MSI-

H/dMMR as a biomarker for immunotherapy; MSI-

H/dMMR occurs in only 4-22% of gastric cancer cases  

[3, 39, 40] with an approximately 40-57% response [40, 

41]. Many studies have shown that TMB, CD8+ TILs, 

and PD-L1 expression correlate with the efficacy of 

immunotherapy [42–44]; however, the association 

between these markers and the clinical benefit of gastric 

cancer immunotherapy is uncertain [45]. Accordingly, 

in the current study, 2 retrospective analyses on the IM1 

and IM2 cohorts were performed to predict the efficacy 

of ICB therapy based on RRAP status. The response 

rate of RRAP-mutant patients was higher than that of 

RRAP-wild type patients within both the IM1 and IM2 

cohorts. The differences are expected to be significant 

in a larger sized cohort. A clinical trial based on the 

RRAP biomarker is being designed. Our findings 

indicate that RRAP plays an important role in the 

regulation of the TME. Its status as a predictive 

biomarker will be further verified in larger clinical 

cohorts receiving immunotherapy. 

 

In summary, this is one of the few efforts of biomarker 

identification for disease prognosis and therapeutic 

response based on pathway genomic characteristics in 

gastric cancer. In gastric cancer patients, RRAP-mutant 

tumors were correlated with a better prognosis, 

regardless of the histological classification and 

clinicopathological parameters. We investigated this 

correlation mainly from the perspective of RRAP 

regulating tumor invasion, metastasis, and the TME. 

Patients with RRAP-mutant tumors showed a better 

response to checkpoint inhibitor-based immunotherapy. 

These findings shed light on the clinical implications of 

the RRAP-mutant biomarker and may be used to guide 

personalized therapy for gastric cancer patients. 

 

MATERIALS AND METHODS 
 

Gastric cancer cohorts 
 

The 4 gastric cancer patient cohorts included in this 

study were the TCGA cohort (N=315, Supplementary 

Table 3), the CGC cohort (N = 109, Supplementary 

Table 3), and 2 immunotherapy cohorts, IM1 (N = 37) 

and IM2 (N = 47). Clinical and mutation data from the 
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TCGA database (N = 440) were downloaded from the 

cBioportal database [46], and survival data were 

collected from a previous study [47]. Only patients with 

American Joint Committee on Cancer (AJCC) version 8 

stage II and III were included (N = 319). Four patients 

without a survival time were excluded; the final number 

of patients in the TCGA cohort was 315. The TCGA 

training (N = 160) and validation (N = 155) cohorts 

were generated by random sampling to be 

approximately equal in sample size. Formalin-fixed, 

paraffin-embedded tumor tissue samples from the CGC 

cohort were collected from 109 stage II–III treatment-

naive gastric cancer patients who had primary gastric 

cancer resection at Peking University Cancer Hospital 

and Institute between 2008 and 2015. The tumor tissue 

samples of the IM1 cohort were obtained from 

metastatic gastric cancer patients before they started 

ICB treatment. After the samples were collected, these 

37 patients received at least 1 cycle of any ICB therapy 

regardless of the agent’s target (i.e., PD-1/PD-L1). The 

IM2 cohort containing 47 patients who received PD-1 

inhibitor therapy (toripalimab) was collected from 

multiple centers, details of which were previously 

published [48].  

 

This study was approved by the medical ethics 

committee of the Peking University Cancer Hospital, 

and participants provided informed consent. The design 

and implementation of the study complied with the local 

regulations and guidelines and with the basic principles 

of the Declaration of Helsinki. 

 

Whole-exome sequencing analysis and variant 

filtering 
 

Tumor tissue and adjacent nontumor tissue samples 

from CGC cohort patients were subjected to whole-

exome sequencing. All whole-genome sequencing 

(including DNA extraction and quality control) was 

performed in the OrigiMed laboratory. This laboratory 

is College of American Pathologists-accredited and is a 

Clinical Laboratory Improvement Amendments (CLIA) 

certified laboratory. All tumor tissue slides were 

reviewed by two independent pathologists, and samples 

with estimated tumor purity greater than 20% were 

included in the study. In detail, DNA was extracted 

from the formalin-fixed, paraffin-embedded samples 

according to the manufacturer's instructions. Next, ~ 

500 ng of genomic DNA was sheared to a mean 

fragment length of 200 bp and labeled with a 6-8 base 

barcode during polymerase chain reaction (PCR) 

amplification. Exomes were captured using a 

SureSelectXT Human All Exon V6 (Agilent 

Technologies). Sequencing was performed with an 

Illumina HiseqX instrument using 150 base paired-end 

reads. Reads were trimmed with AdapterRemoval v2 

[49], aligned to the human reference genome (GRCh37) 

by Burrows-Wheeler Aligner v0.7.5a [50], and PCR 

duplicates were removed by Picard (version 1.47). 

Somatic variants were identified by GATK4 Mutect2 

(version 4.0.6) [51] and then annotated with SnpEff 

(version 4.3b) [52]. Variants in the common dbSNP 

database (version 147) or those having a frequency 

above 1.5% in the Exome Sequencing Project 6500 or 

1000 genome project were excluded from further 

consideration. The variant files have been uploaded to 

the European Variation Archive (PRJEB31906). Low-

confidence variants in both the TCGA and CGC cohorts 

were removed by applying the following filters: (1) total 

coverage < 30, (2) variant allele depth < 7, and (3) 

variant allele frequency < 0.05. 

 

Feature selection and biomarker validation 
 

The prognostic biomarker was calculated by a genetic 

algorithm that was implemented in the Python package 

pyeasyga [50, 53]. In brief, each solution was a binary 

vector with a 0 or 1 value that had the same length as 

the original full set of the ―regulation of RhoA activity 

pathway‖ biomarker (length = 48); 1 indicated that the 

corresponding gene harbored a nonsynonymous 

substitution or indel in the coding region, and 0 

indicated neither of these changes. The goal was to find 

the best solution containing the genes with their values 

equal to 1, which was considered as the optimal gene 

subset (i.e., biomarker). The parameters of the genetic 

algorithm were empirically set as follows: a total 

population size of 40 solutions, crossover probability of 

0.1, mutation probability of 0.01, and max generation of 

50 000. The fitness value was calculated as follows: a 

cohort that was randomly selected (size = 80, 50%) 

from the 160 patients of the TCGA training cohort was 

further divided into a mutation and wild-type group 

according to the mutation status of the genes that 

corresponded to value 1 of each solution; a log-rank p-

value was calculated for this division, the whole process 

was performed 100 times, and the mean p-values were 

calculated as the fitness value. Finally, the best solution 

was generated, and the resulting genes with a value of 1 

were regarded as the final subset (i.e., the biomarker). 

 

Tumor mutational burden, neoantigens, and 

mutational signatures 
 

The tumor mutational burden (TMB) was estimated by 

dividing the total number of somatic variants by the 

coding region size. All somatic variants in the coding 

and splicing regions were counted, and the coding 

region size was estimated as 33 Mb based on RefSeq 

Genome Annotation (GRCH37). HLA typing was 

performed with OptiType (version 1.2.1) [54]. All 

nonsynonymous mutations that were identified were 
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translated into peptides of 17 amino acids with an in-

house pipeline. The sliding window (approximately 9-

11 amino acids in size) method was used to identify 

substrings within the 17mer that had a predicted HLA 

class I binding affinity of less than 500 nM to any 

patient-specific HLA allele. The binding affinity for 

amino acids and alleles was analyzed using 

NetMHCpan v3.0 [55]. The neoantigen burden was 

estimated as the total number of substrings with a 

binding affinity less than 500 nM. Mutational signature 

contributions were identified using the R package 

deconstrucSigs (version 1.8.0) [56] with 30 signatures 

documented by the Catalogue of Somatic Mutations in 

Cancer as a reference [57]; samples with an error rate 

less than 0.15 and mutation counts greater than 30 were 

considered for mutational signature analysis. Deficient 

mismatch repair was estimated as the sum of signature 

6, 15, 20, and 26 [57].  

 

RNA-seq data analysis 
 

RNA-seq data of the TCGA cohort were extracted with 

TCGAbiolinks [58]. Raw read counts were normalized 

with DEseq2 [59] and then log2 transformed. The 

ssGSEA algorithm in the R package GSVA [60] was 

used to evaluate the pathway enrichment score. Kyoto 

Encyclopedia of Genes and Genomes (KEGG) pathway 

gene sets were retrieved from the KEGG database by 

the R package gage [61]. 

 

Immunohistochemistry staining and evaluation 
 

Immunohistochemistry (IHC) analysis for CD8 (clone 

SP16, ZSGB-BIO) was evaluated within intratumor 

areas. Aperio Scanscope (Aperio Technologies Vista, 

CA, USA) was used to quantify CD8+ density by the 

rare event tissue test method. We counted the total 

number of CD8+ cells of each area based on 6 randomly 

captured visual fields (400×400 m
2
) and defined the 

density of CD8+ TILs as the total cell number per 

square millimeter. IHC staining of anti-PD-L1 (clone 

SP142, Spring Bioscience) was also annotated within 

intratumor areas. The percentages of cancer cells and 

immune cells with anti-PD-L1 staining were measured 

in each area based on 3 visual fields in darkly stained 

areas (400×400 m
2
). The expression of PD-L1 was 

defined as positive when ≥ 1% of the tumor/stromal 

cells were positive. IHC-stained sections were scored 

independently by 2 gastrointestinal pathologists blinded 

to the clinicopathological parameters and biomarker 

results. 

 

Mismatch repair/microsatellite instability testing 
 

To evaluation the mismatch repair (MMR) and/or 

microsatellite instability (MSI) status, MLH1 (clone 

ES05, Gene Tech), MSH2 (clone 25D12, Gene Tech), 

MSH6 (clone EP49, Gene Tech) and PMS2 (clone 

EP51, Gene Tech) were stained. The complete loss of 

expression of one or more proteins was considered as 

dMMR. In some cases, the microsatellite stability status 

was calculated by using a single multiplex PCR that 

assessed five microsatellite loci (BAT-25, BAT-26, 

D2S123, D5S346, and D17S250) [62]. For 

interpretation, instability at more than one locus referred 

to high microsatellite instability (MSI-H), instability at 

a single locus referred to low microsatellite instability 

(MSI-L), and no instability at any locus referred to 

stable microsatellites (MSS) [63]. 

 

Statistical analysis 
 

Survival analysis was carried out by the Kaplan-Meier 

method, and the difference between the groups was 

compared using the log-rank test. The hazard ratio and the 

95% confidence interval were estimated by the Cox 

model. The multivariate Cox model was performed to 

adjust for confounding factors. Fisher’s exact test was 

used to compare proportions. The Wilcoxon rank-sum test 

was used to compare continuous values. All statistical 

analyses were performed with R software 3.5.3. 
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SUPPLEMENTARY MATERIALS 
 

Supplementary Figures 

 

 

 

 

 
 

Supplementary Figure 1. Multivariate Cox model analysis, with age, gender, Lauren type, AJCC stage, and RRAP as confounding factors, 
performed on the TCGA training cohort (A), TCGA validation cohort (B), CGC cohort (C), and the overall cohort containing merged data from 
the three cohorts (D). 
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Supplementary Figure 2. Kaplan-Meier overall survival curves for patients with high and low expression of 39 differentially 
expressed genes of the 4 migration-related functions. P-values were estimated with the log-rank test, and hazard ratios were 
estimated with the Cox model. 
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Supplementary Figure 3. Diagram of the interaction of immune cells and tumor cells in the RRAP-mutant tumor 
microenvironment. 
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Supplementary Tables 
 

 

Please browse Full Text version to see the data of Supplementary Table 1. 

 

Supplementary Table 1. Genes contained in the RRAP biomarker gene set and their mutation frequency in the TCGA 
training, TCGA validation, and CGC cohorts, along with migration activity. 

 

Supplementary Table 2. The CLDN11, CLDN6, CLDN9, VTN, and F2 with cell migration activity. 

Symbol Conclusion 
Experiment 

model 
PMID 

CLDN6 
Higher CLDN6 expression promotes the cell proliferation and 

migration ability of gastric cancer. Increased expression of CLDN6 
predicts poor prognosis in gastric cancer patients. 

MKN28, AGS, 
MKN7, NUGC-3, 

xenograft 
subcutaneous 
tumor model 

31827075, 
20874001, 
27914788, 
31654186 

CLDN9 

CLDN9 overexpression in gastric adenocarcinoma cells has been 
reported to increase cell migration and proliferation. The expression of 
CLDN9 in gastric cancer correlates to poor prognosis. Higher CLDN9 
expression promotes invasiveness of several solid tumors in vitro and 

metastasis in vivo. 

AGS, HL7702, a 
spontaneous 

metastasis model 

20874001, 
29031421, 
31418417, 
26669782 

CLDN11 

Silencing of CLDN11 is associated with increased invasiveness, 
proliferation, and migration of gastric cancer cells. DNA 

hypermethylation is associated with the downregulation of CLDN11 in 
gastric cancer cells. 

MKN28, 
MKN74, AGS, 

HFE145 

32119960, 
28962204, 
19956721 

F2 
F2 is generated in the TME, promoting the migration and metastasis of 

tumor cells. 

B16, HT29-D4, 
SUM149, MC38 

cells 

30654498, 
15539922, 
12707033, 
23280128 

VTN 

Decreased expression of VTN promotes gastric cancer cell growth and 
metastasis. VTN is related to the migration and invasion of other solid 

tumors, such as ovarian adenocarcinoma, fibrosarcoma and 
nasopharyngeal carcinoma. 

AGS, IGROV1, 
HT-1080,5-8F, 
HNE2, HONE1 

cells 

25789040, 
9935212, 
16052409, 
29123267 
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Supplementary Table 3. Clinical characteristics in TCGA-training, TCGA-validation, and CGC cohorts.a 

Characteristic 
TCGA- training TCGA-validation CGC 

(N=160) (N=155) (N=109) 

Age, years 
 

  Mean (SD) 64.3 (10.8) 66.2 (9.9) 57.9 (13.0) 

Median (Q1 – Q3) 66 (57-72) 68 (58-73) 58 (51-67) 

Min – Max 30-84 43-90 25-83 

Gender - no. (%) 
 

  Male 107 (66.9%) 96 (61.9%) 77 (70.6%) 

Female 53 (33.1%) 59 (38.1%) 32 (29.4%) 

AJCC Stage - no. (%) 
 

  II 65 (40.6%) 65 (41.9%) 43 (39.4%) 

III 95 (59.4%) 90 (58.1%) 66 (60.6%) 

Lauren classification - no. (%) 
 

  Diffuse 27 (16.9%) 30 (19.4%) 61 (56.0%) 

Intestinal 72 (45.0%) 64 (41.3%) 48 (44.0%) 

Unknown 61 (38.1%) 61 (39.3%) — 

Tumor location - no. (%) 
 

  Gastroesophageal junction 33 (21.0%) 31 (20.0%) 34 (31.2%) 

Non-gastroesophageal junction 123 (76.9%) 121 (78.1%) 75 (68.8%) 

Unknown 4 (3.0%) 3 (2.0%) — 

Adjuvant chemotherapy - no. (%) 
 

  Yes 81 (50.6%) 70 (45.2%) 98 (90.0%) 

No — — 8 (7.3%) 

Unknown 79 (49.4%) 85 (54.8%) 3 (2.7%) 

aBecause of rounding, percentages may not total 100. 
 



 

www.aging-us.com 750 AGING 

INTRODUCTION 
 

Colon cancer is the third leading cause of cancer deaths, 

with more than 1 million new cases diagnosed every 

year [1]. Heterogeneity is a characteristic of colon 

cancer whereby the pattern of mutations differ 

significantly among patients [2]. Mutations in essential 

genes can affect the proliferation, differentiation, 

apoptosis, survival capacity, and distant metastasis of 

tumor cells [3]. Thus, therapeutic methods that target 

specific biomolecules or genes are effective in a small 

fraction of patients. It is necessary to explore gene 

mutations and more potential therapeutic targets for 

colon cancer. APC, a tumor suppressor gene, is the most 

frequently mutated gene in patients with colon cancer 

and influences the Wnt/β-catenin pathway [4]. Mutated  

APC has been observed in early stage colon cancer and 

is correlated with clinical outcomes [5]. However, it 

was seldom detected in patients with late stage colon 

cancer and metastasis. In contrast, the TP53 inactivating 

mutation is usually observed in more advanced tumors 

[6, 7]. Presently, RAS is the only predictive biomarker 

in the application of anti-EGFR agents to treat wild-type 

colon cancer [8, 9]. KRAS encodes a p21 protein, which 

couples with GTPase to transform GTP into GDP and 

regulates signaling pathways related to cellular growth 

and survival. When KRAS is mutated, the downstream 

signaling pathway (mitogen-activated protein kinase, 

MAPK) is activated, leading to cellular proliferation and 

tumor progression. In addition, KRAS mutations are 

predictive markers for breast, lung, ovarian, head/neck, 

and pancreatic cancers [4, 8, 9, 11]. For example, Jung  
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ABSTRACT 
 

The heterogeneity of colon cancer tumors suggests that therapeutics targeting specific molecules may be 
effective in only a few patients. It is therefore necessary to explore gene mutations in colon cancer. In this 
study, we obtained colon cancer samples from The Cancer Genome Atlas, and the International Cancer Genome 
Consortium. We evaluated the landscape of somatic mutations in colon cancer and found that KRAS mutations, 
particularly rs121913529, were frequent and had prognostic value. Using ESTIMATE analysis, we observed that 
the KRAS-mutated group had higher tumor purity, lower immune score, and lower stromal score than the wild-
type group. Through single-sample Gene Set Enrichment Analysis and Gene Set Enrichment Analysis, we found 
that KRAS mutations negatively correlated with enrichment levels of tumor infiltrating lymphocytes, 
inflammation, and cytolytic activities. HLA gene expression and checkpoint-related genes were also lower in the 
KRAS-mutated group. Finally, we found 24 immune-related genes that differed in expression between the 
KRAS-mutated and wild-type samples, which may provide clues to the mechanism of KRAS-related immune 
alteration. Our findings are indicative of the prognostic and predictive value of KRAS and illustrate the 
relationship between KRAS mutations and immune activity in colon cancer. 
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et al. found that KRAS mutations were correlated with 

poor prognosis in patients with breast cancer, together 

with AKT signaling pathway activation, estrogen 

negative, and basal-like gene expression patterns. As 

BRAF is downstream of RAS in the MAPK/ERK 

signaling pathway, mutated BRAF is assumed to have the 

same resistance to the anti-EGFR agent as to the RAS-

mutated colon tumor [10]. Furthermore, microsatellite 

instability (MSI) is another pathogenesis factor, and, if 

detected at an early stage, improves patient outcome [11, 

12]. However, the mechanism of these gene mutations is 

unclear and personalized treatment requires further 

research on clinical biomarkers. 

 

The minority of human colon cancers are genetically 

driven, including Lynch syndrome, familial 

adenomatous, and hamartomata’s polyposis [13]. The 

majority of colon cancer cases correlate with 

environmental and nonhereditary events, such as 

chronic inflammatory disease [14, 15]. Previous studies 

using mouse colon cancer models highlighted the 

importance of chronic inflammation in the development 

of colon cancer. In addition, these studies illustrated the 

mechanisms of inflammation-driven carcinogenesis in 

the intestine [16]. The infiltrating immune cells and 

their cytokines play a role in the inflammatory response. 

A higher neoantigen mutational load was positively 

correlated with T-lymphocyte infiltration and survival 

outcomes in patients with colon cancer [17]. Cytokines 

can be pro-inflammatory (IL-1, IL-6, IL-8, tumor-

necrosis factor, transforming growth factor-β (TGF-β)) 

or anti-inflammatory (IL-1ra, IL-4, IL-10, IL-13) [18, 

19]. Based on the successful utilization of immune 

checkpoint inhibitors, immunotherapy has gained 

grounds in clinical oncology practice in the last decade. 

Although patients with colon cancer have not benefited 

from immunotherapy, several studies have shown that 

colon tumors with high mutational burden may be 

potential targets of immune checkpoint inhibitors  

[20, 21]. Inhibition of MEK upregulates IFN-gamma-

mediated human leukocyte antigen (HLA) and 

programmed death-1 receptor (PD-L1) expression in 

melanoma, colorectal, and breast cancers [22, 23]. The 

product of HLA genes—MHC protein—can also 

regulate the immune system [24]. There is an increasing 

role for PD-1 inhibition in MSI colon cancer, while the 

generalized activity of PD-1 inhibitors has not been 

seen in microsatellite stable (MSS) colon cancer [25, 

26]. Thus, there is a need to study the relationship 

between specific genetic variants and immune events as 

well as alternative approaches to treat patients with 

different genetic characteristics.  

 

In this study, we performed a comprehensive evaluation 

of somatic mutations in colon cancer. We found that 

KRAS mutations had a strong negative correlation with 

immunity and was of great prognostic value. We used 

single-sample Gene Set Enrichment Analysis (ssGSEA) 

and Gene Set Enrichment Analysis (GSEA) to identify the 

corresponding immune signatures of KRAS mutations  

and evaluated the relationship between KRAS-related 

pathways and immune cell infiltration. We compared the 

infiltration of immune cells, tumor mutational burden 

(TMB), HLA gene expression, and checkpoint-related 

genes between the KRAS-mutated and wild-type samples. 

Finally, in order to provide clues for the mechanism of 

KRAS-related immune alteration, we screened immune-

related genes that differed in expression between the 

KRAS-mutated and wild-type samples.  

 

RESULTS 
 

The landscape of genetic mutations in colon cancer 
 

We detected the top thirty mutated genes in colon cancer 

samples from the ICGC database, and the top five of 

mutated genes were APC, TP53, TTN, MUC6, and KRAS 

(Figure 1A). We also detected the top thirty mutated 

genes in colon cancer samples from the The Cancer 

Genome Atlas (TCGA) database, and the top five 

mutated genes were APC, TTN, TP53, KRAS, and SYNE1 

(Figure 1B). Among the detected genes, 17 were 

members of the 30 most frequently mutated genes in the 

ICGC and TCGA databases (Figure 1C). The expression 

of some genes were significantly different in the mutated 

group than the wild-type group and included APC (p = 

0.003), DNAH11 (p = 0.021), FAT3 (p = 0.031), FAT4 (p 

= 0.002), KRAS (p = 0.039), MUC5B (p < 0.001), 

PIK3CA (p = 0.022), and TP53 (p < 0.001) 

(Supplementary Figure 1). Next, we analyzed the 

mutational frequency of specific loci in the TCGA 

cohort. We found that rs121913529 in KRAS had the 

highest mutational frequency with 90 out of 399 patients 

having a mutation in this locus (Supplementary Table 2). 

Therefore, we predicted that KRAS mutations play an 

important role in colon cancer. We also performed 

survival analysis of four types of KRAS mutations whose 

mutation frequency were higher than 10/399: 

rs112445441 (p = 0.339), rs121913527 (p = 0.359), 

rs121913529 (p < 0.001), and rs121913530 (p = 0.003) 

(Figure 2A–2D). KRAS-mutated groups also showed 

worse survival outcomes compared to the wild-type 

groups in the ICGC cohort (p = 0.040) (Figure 2E–2F). 

These results indicate that KRAS mutations, particularly 

rs121913529, have prognostic value in colon cancer. 

 

KRAS mutations are negatively correlated with 

immune activities in colon cancer 

 

In order to explore the underlying mechanism of KRAS 

mutations in colon cancer, we performed GSEA to 

identify correlated pathways. We noticed that KRAS 
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Figure 1. The landscape of genetic mutations in colon cancer. (A) The 30 most frequent mutations of samples in the ICGC database. 
The percentage of patients with mutations, translation effect (synonymous or non-synonymous), and mutation types were given. (B) The 30 
most frequent mutations of samples in the TCGA database. (C) A Venn diagram of mutated genes. There were 17 genes that were members 
of the 30 most frequently mutated genes in the ICGC and TCGA databases. 

 

 
 

Figure 2. Survival analysis of KRAS mutations in colon cancer. (A–D) The survival rate of patients with different base-pairs in 
rs112445441, rs121913527, rs121913529, and rs121913530. (E, F) Comparison of the survival rates between KRAS-mutated and wild-type 
patients from the ICGC and TCGA databases. The difference in survival rate was statistically significant in ICGC (P=0.04), but not in TCGA 
(P=0.8469). In TCGA analysis, there were 171 and 225 patients with and without KRAS mutations, respectively. In ICGC analysis, there were 
112 and 196 patients with and without KRAS mutations, respectively. 
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mutations had high enrichment in some immune 

signatures: macrophage M1 and M2, natural killer cell 

(NK cell) differentiation, class I MHC-mediated antigen 

processing, B-cell receptor signaling, IL-2, and IL-17 

pathways (Figure 3). We assessed the immunity of 

tumor samples by applying the ssGSEA approach to the 

transcriptomes of TCGA colon cancer samples (Figure 

4A). We incorporated 30 immune-related pathways and 

infiltrating cells to estimate the immune capacity of 

colon cancer tissues. We found significantly lower 

enrichment levels in 13 pathways within the KRAS-

mutated group: pDCs, Treg, inflammation-promoting, 

Th1 cells, HLA, T cell co-stimulation, cytolytic activity, 

tumor infiltration lymphocyte (TIL), T cell co-

inhibiting, T helper cells, neutrophils, macrophages, and 

checkpoint (Supplementary Table 3). Furthermore, we 

compared the tumor purity, immune score, and stromal 

score between the KRAS-mutated and wild-type groups. 

The KRAS-mutated group had lower immune and 

stromal scores while its tumor purity was higher than 

that in the wild-type group. This revealed that the KRAS 

mutation negatively correlated with immune activities 

(Figure 4B–4D). Moreover, we explored the correlation 

between KRAS mutation and specific immune 

signatures by analyzing expression levels of signature-

related genes and immune cell infiltration. We 

compared the ssGSEA scores of 16 immune cell 

infiltration signatures between the KRAS-mutated and 

wild-type groups and found that the infiltration of 

macrophages (p = 0.033), neutrophils (p = 0.026), pDCs 

(p < 0.001), T-helper cells (p = 0.024), Th1 cells (p = 

0.011), and Tregs (p = 0.001) were lower in KRAS-

mutated group (Figure 5A). The TIL signature—

composed of 117 genes—showed significantly higher 

enrichment in the wild-type than the KRAS-mutated 

groups (p = 0.015), and 64 out of 117 genes in this 

signature showed lower expression levels in the KRAS-

mutated group (Figure 5B, Supplementary Table 4). As 

for the inflammation-promoting signature, the KRAS-

mutated group showed lower enrichment and 9 out of 

15 genes in this signature had decreased expression  

(p = 0.002, Figure 5C, Supplementary Table 5). 

Granzyme A (GZMA) and perforin 1 (PRF1) secreted 

by cytotoxic T-cells and NK cells are able to kill tumor 

cells [27]. GZMA is a tryptase that leads to caspase- 

independent apoptosis, while PRF1 is a pore-forming 

 

 
 

Figure 3. Six immune pathways were enriched with KRAS mutations. As shown in the enrichment plots, KRAS mutations were 
positively correlated with the immune pathways: macrophage M1 and M2, NK cell differentiation, class I MHC-mediated antigen processing, 
B cell receptor signaling, IL-2 and IL-17 pathways. 
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enzyme that facilitates the entry of granzymes into the 

target cells. Both effector molecules were considerably 

overexpressed upon CD8+ T cell activation [28]. The 

cytolytic activity was calculated as the mean of GZMA 

and PRF1 expression [29, 30]. The KRAS-mutated 

group had lower GZMA and PRF1 expression (Figure 

5D–5F). These observations demonstrate that KRAS 

mutations are negatively correlated with immune cell 

infiltration, cytotoxic cell activity, and inflammatory 

response in colon cancer.  

 

Exploring the mechanism and function of KRAS 

mutation in immune activities 
 

We analyzed TMB, HLA gene expression, and 

checkpoint-related genes in the KRAS-mutated and 

wild-type groups. Among the 19 HLA genes, 12 

showed significantly lower expression levels in the 

KRAS-mutated group compared to the wild-type group 

(Figure 6A). For the checkpoint-related genes, we 

observed that BTLA, CD80, CD86, CTLA4, IDO1, 

PDCD1LG2, and TIGIT had decreased expression in the 

KRAS-mutated group (Figure 6B). Gene mutations can 

generate neoantigens that mediate anti-tumor immune 

activities, and TMB has also been shown to have a 

strong correlation with tumor immunity. However, there 

were no significant differences in TMB between the 

KRAS-mutated and wild-type groups. This suggests that 

TMB cannot explain their difference in immunity 

(Figure 6C). RAS-related pathways obtained from 

KEGG included RAP1, PI3K-ATK, mTOR, MAPK, 

FOXO, and ERBB signaling pathways. With the 

exception of mTOR and ERBB signaling pathways, 

most of the RAS-related pathways positively correlated 

with the immune signature. RAS (r = 0.61) and FOXO 

(r = 0.5) signaling pathways had strong positive 

 

 
 

Figure 4. ssGESA and ESTIMATE analysis of the relationship between KRAS mutations and immune activities. (A) In ssGSEA, 30 
immune-related pathways were incorporated to estimate the immune capacity of individual colon cancer samples. These gene sets were 
composed of immune cells and processes. The tumor purity, immune score, and stromal score are also shown in the heatmap. (B–D) Using 
the Mann-Whitney test, we found that the KRAS-mutated group was of lower immune and stromal score while its tumor purity was higher 
than the wild-type group.  
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correlations with neutrophils. RAS (r = 0.53) and PI3K-

ATK signaling pathways (r = 0.56) exhibited a positive 

correlation with macrophages. There was also a positive 

correlation between the RAS signaling pathway and T-

helper cells. Interestingly, neutrophils, macrophages, 

and T-helpers also showed differences in ssGSEA 

between the KRAS-mutated and wild-type groups. 

Finally, we used the Wilcoxon test to screen for 

differently expressed genes between the KRAS-mutated 

and wild-type groups, with FDR < 0.05. We calculated 

the Pearson correlation coefficients between these 

differentially expressed genes (Supplementary Table 6) 

and the immune score of every colon cancer sample 

from the TCGA datasets. We identified 24 genes, which 

had cor > 0.8 and p < 0.05 (Figure 7, Supplementary 

Table 7). The annotations of these genes are shown in 

Supplementary Table 8. KRAS mutations may affect the 

expression of these genes to further adjust the immune 

microenvironment. 

 

DISCUSSION 
 

Based on the gene mutational landscape in colon 

cancer, we found that KRAS mutations ranked in the top 

five of mutated genes in the TCGA and ICGC 

databases. KRAS is a member of the RAS family, which 

are G-proteins involved in intracellular signaling [31]. 

The contribution of RAS to anti-apoptosis, proliferation, 

and metastasis ability of cancer cells has been well 

validated [32, 33]. These activities were achieved via 

activation of several downstream effector pathways 

such as canonical PI3K-AKT-mTOR and RAF-MEK-

ERK kinase cascades [34]. Numerous studies indicated 

that KRAS mutations serve as prognostic and predictive

 

 
 

Figure 5. KRAS-mutated and wild-type groups differ in immune cell infiltration, inflammation, and cytolytic activities. (A) 
Relative infiltration levels of 17 immune cells in the KRAS-mutated and wild-type groups. P values were calculated using a Mann-Whitney 
test. (B, C) By comparing the ssGSEA score of two immune signatures, the KRAS-mutated group showed lower enrichment levels of TIL and 
inflammation-promoting. (D–F) The KRAS-mutated group showed a lower level of cytolytic activities and GZMA and PRF1 expression  
(* P<0.05, ** P<0.01, *** P<0.001). 
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biomarkers in multiple types of cancer, as it can provide 

information for patients’ survival outcomes and 

suggestions on the use of EGFR-inhibitors. Activating 

KRAS was one of the most frequent oncogenic 

mutations in early colon cancer, recorded in 27–43% of 

patients [35]. Ablation of the KRAS mutation in colon 

cells can lead to tumor regression in mice, suggesting its 

importance in colon carcinogenesis [36]. In our study, 

we observed that rs121913529 was the most frequent 

mutational locus in colon cancer samples from the 

TCGA database. In addition, rs121913530 and 

rs121913529 correlated negatively with the survival rate 

of colon cancer patients. As the prognostic value of 

rs121913530 has only been proven in breast cancer 

among Chinese people, further validations are needed 

[37]. Given the significant oncogenic function of KRAS, 

drugs targeting KRAS may provide a promising 

selection for tumor therapy.  

 

Recently, Liao et al. showed that the KRAS-IRF2 axis 

can drive immune suppression in colorectal cancer. A 

consensus molecular subtype classification provides 

some clues about the relationship between KRAS and 

immunity [38]. It was also reported that co-occurrence 

of KRAS and TP53 played a role in activating anti-

tumor immunity and immune escape [39]. Still, the 

genetic heterogeneity of KRAS-mutant tumors impedes 

the development of immunotherapy for patients. Recent 

studies suggest that patients with activating mutations in 

KRAS may benefit from a PD-1 blockade, but the 

clinical experiments involved lung cancers with unclear 

underlying mechanisms [40, 41]. Few research studies 

have systemically analyzed the effect of KRAS 

mutations on immune activity in colon cancer. 

Therefore, we analyzed the relationship among KRAS 

mutations, immune cells, and pathways. From our 

results, KRAS mutations have a strong negative 

correlation with the immune response and cell 

infiltration. By comparing the ssGSEA enrichment 

scores, we found that the KRAS-mutated group had 

lower enrichment levels of TIL, inflammation, and 

cytolytic activity. KRAS-mutated groups had lower 

enrichment levels of macrophages, NK-cell 

differentiation, class I MHC-mediated antigen pro-

cessing, B-cell receptor signaling, IL-2 and IL-17 

pathways in ssGSEA. The relative infiltration levels of 

macrophages, neutrophils, dendritic cells, T-helper and 

T-regulatory cells were also lower in the KRAS-mutated 

group. We evaluated the patients’ cytolytic activity by 

calculating the geometric mean of GZMA and PRF1 

expression. GZMA can lead to apoptosis without 

cascade activation, and PRF1 can help the granzyme 

enter and kill tumor cells [29]. Up-regulation of these 

two genes caused CD8+ T-cells and NK cells to activate

 

 
 

Figure 6. Exploring the mechanism of KRAS-related immune alteration. (A) 12 of the 19 HLA genes showed significantly lower 
expression levels in the KRAS-mutated group compared to the wild-type group. (B) The expression of 7 checkpoint-related genes (BTLA, 
CD80, CD86, CTLA4, IDO1, PDCD1LG2, and TIGIT) were lower in the KRAS-mutated group (* P<0.05, ** P<0.01, *** P<0.001). (C) Comparison 
of TMB between the KRAS-mutated and wild-type groups. (D) Spearman correlation analysis between 10 KRAS-related signaling pathways 
and 30 immune signatures.  
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and anti-CTLA-4 or anti-PD-L1 treatment to induce 

productive immune responses in the body. Some 

checkpoint-related genes (BTLA, CD80, CD86, CTLA4, 
IDO1, PDCD1LG2, and TIGIT) had decreased 

expression in the KRAS-mutated group, providing 

potential opportunities for immunotherapy in colon 

cancer. 

 

Recent studies demonstrated that TMB could serve as a 

predictive biomarker for immunotherapy. Neoantigens 

presented by tumor cells can activate the infiltration of 

CD8
+
 T-cells to recognize antigens and release cytolytic 

enzyme into tumor cells [42]. However, the correlation 

among gene mutations, TMB, and immune activities in 

colon cancer remains unknown. Our results showed no 

significant difference in TMB between the KRAS-

mutated and wild-type groups. This indicated that TMB 

could not explain the relationship between KRAS 

mutations and the immune response. HLA gene 

expression was different between the KRAS-mutated 

and wild-type groups, supporting the role of HLA genes 

in regulating KRAS-related immune activities. To 

explore the mechanism of immune differences between 

the two groups, we identified 24 differentially expressed 

genes, which strongly correlated with the immune 

score. These genes may participate in the upstream or 

downstream pathways of KRAS-related immune 

alteration. For example, overexpression of CD86 is one 

of the most recognized characteristics of M1 macro-

phages and a predictive biomarker for immunotherapy 

[43]. Redente et al. reported that the number of 

macrophages was increased in the background of a 

mutated oncogenic KRAS, providing support for 

mutated KRAS directing macrophage infiltration in 

tumor tissue [44]. There is a need to further investigate 

the predictive value of KRAS for immune activity in 

colon cancer. Future research should detail the 

mechanism of how KRAS mutation and its downstream 

signaling pathways alter the immune activities and 

clinical phenotypes of colon cancer.  
 

 
 

Figure 7. Pearson correlation analysis of immune score and differentially expressed genes. There were 24 differentially expressed 
genes that had a strong correlation with immune score, with cor>0.8 and P<0.05.  
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CONCLUSIONS 
 

In colon cancer, the KRAS gene was of high mutational 

frequency and rs121913529 was the most frequently 

mutated locus. Two loci of KRAS (rs121913529 and 

rs121913530) had prognostic value in patients with 

colon cancer. KRAS mutations had a strong negative 

correlation with TIL, inflammation, cytolytic activities, 

and HLA genes. Seven checkpoint-related genes (BTLA, 

CD80, CD86, CTLA4, IDO1, PDCD1LG2, and TIGIT) 

had decreased expression in the KRAS-mutated group, 

providing potential opportunities for immunotherapy in 

colon cancer. The KRAS-mutated group showed lower 

infiltration of macrophages, neutrophils, T-helper and 

T-regulatory cells. In order to explore the underlying 

mechanism, we also detected 24 immune-related genes 

that differed in expression in the KRAS-mutated and 

wild-type groups. 

 

MATERIALS AND METHODS 
 

Downloaded data  
 

We obtained somatic mutation data and clinical 

information of colon cancer samples from the TCGA 

database (n=399) via the GDC data portal (https://portal. 

gdc.cancer.gov/repository) and ICGC database  

(n=321, http://dcc.icgc.org/releases/current/Projects). We 

downloaded the RNA-seq data (level 3, HTSeq-FPKM) 

of 473 colon cancer patients with clinical information 

from the TCGA database. The mutation data was paired 

with the RNA-seq data according to patient ID. The 

annotations of genes were obtained from the Uniprot 

database (https://www.uniprot.org/). 

 
Analysis of somatic gene mutations in colon cancer 

 

For TCGA, we downloaded the ―Masked Somatic 

Mutation‖ subtype of somatic mutation data and used 

the VarScan software for processing. We used an R 

package called ―maftools‖ [45] to analyze and visualize 

the Mutation Annotation Format of somatic variants. 

We annotated TSV files containing somatic variant 

information from ICGC according to the hg19 reference 

genome. Both cohorts were visualized by the GenVisR 

package. The definition of TMB is the total number of 

coding errors of somatic genes per million bases, 

including base-pair substitutions, insertions, and 

deletions [20]. We counted all base-pair substitutions in 

the coding region of specific genes, except silent 

mutations that failed to alter amino acids. To calculate 

the TMB score of each sample, we divided the total 

number of mutations by the exome size (38 Mb). We 

analyzed the difference in overall survival rates between 

the mutated and wide-type groups using an R package 

called ―survival.‖ 

Implementation of ssGSEA and GSEA 
 

We performed ssGSEA to acquire the enrichment 

score for each immune-related pair [46] and sample 

using an R package called ―GSVA‖ [47] 

(Supplementary Table 1). We obtained 30 immune 

gene sets from several literature sources, including 

immune cell types and functions [48], tumor-

infiltrating lymphocytes (TILs) [49], proinflammatory 

[50], para-inflammation (PI) [51], cytokine and 

cytokine receptor (CCR) [52], human leukocyte 

antigen (HLA) [53], regulatory T (Treg) cells [54], and 

immune checkpoints [55]. The ssGSEA applied gene 

signatures expressed by immune cells and pathways to 

the colon cancer samples. The approach used in our 

study involved immune cells and pathways in innate 

and adaptive immunity. We used an R package called 

―ESTIMATE‖ to calculate the immune score, tumor 

purity, and stromal score of every tumor sample [56]. 

The stromal score is defined as the presence of stroma 

in tumor tissue. The immune score is defined as the 

infiltration of immune cells in tumor tissue. The tumor 

purity score is defined as tumor purity. We performed 

GSEA to explore the correlated pathways of KRAS 

mutation. Gene ontology gene sets ―c2.cp.v7.0. 

symbols.gmt‖ obtained from the Molecular Signatures 

Database (MSigDB, http://software. broadinstitute.org/ 

gsea/downloads.jsp) were used for the enrichment 

analysis. The enriched gene set was considered 

statistically significant when the p value was less than 

0.05. We demonstrated the correlation between KRAS 

mutations and immune cell infiltration by comparing 

the immune cell infiltration in KRAS-mutated and 

wild-type groups.  

 

Correlation between the RAS-related pathway and 

immune activity in colon cancer 
 

We obtained RAS-related pathways from KEGG. We 

analyzed the activities of RAS-related pathways by 

ssGSEA scores. We used a first order partial correlation 

to assess the correlation between immune signatures 

and RAS pathways [57]. We used the Spearman 

correlation test to evaluate the correlation with a 

significance threshold of p < 0.05. 

 

Statistical analysis 
 

We used the Wilcoxon test to screen for gene 

expression differences between the KRAS-mutated and 

wild-type groups. We analyzed the relationship between 

differentially expressed genes and the immune score by 

calculating the Pearson correlation coefficients. The 

expression levels of checkpoint-related and HLA genes 

in the KRAS-mutated and wild-type groups were 

analyzed by the Mann–Whitney U test. 

https://portal.gdc.cancer.gov/repository
https://portal.gdc.cancer.gov/repository
http://dcc.icgc.org/releases/current/Projects
https://www.uniprot.org/
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SUPPLEMENTARY MATERIALS 

 

Supplementary Figure 

 

 

 

 

 
 

Supplementary Figure 1. Correlation between somatic mutations with gene expression. Among the 17 genes detected in Figure 
1C, the mutation of 8 genes were correlated with their expression levels: APC, DNAH11, FAT3, FAT4, KRAS, MUC5B, PIK3CA, and TP53. The 
correlation analysis was performed based on TCGA. 
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Supplementary Tables 
 

Please browse Full Text version to see the data of Supplementary Tables 4, 6, 7. 

 

Supplementary Table 1. The genetic composition of 30 immune signatures.  

aDCs CD83;LAMP3;CCL1 

APC_co_inhibition C10orf54;CD274;LGALS9;PDCD1LG2;PVRL3 

APC_co_stimulation CD40;CD58;CD70;ICOSLG;SLAMF1;TNFSF14;TNFSF15;TNFSF18;TNFSF4;TNFSF8;TNFSF9 

B_cells BACH2;BANK1;BLK;BTLA;CD79A;CD79B;FCRL1;FCRL3;HVCN1;RALGPS2 

CCR CCL16;TPO;TGFBR2;CXCL2;CCL14;TGFBR3;IL11RA;CCL11;IL4I1;IL33;CXCL12;CXCL10;BMPER;BMP8A;CXCL11;

IL21R;IL17B;TNFRSF9;ILF2;CX3CR1;CCR8;TNFSF12;CSF3;TNFSF4;BMP3;CX3CL1;BMP5;CXCR2;TNFRSF10D;BM

P2;CXCL14;CCL28;CXCL3;BMP6;CCL21;CXCL9;CCL23;IL6;TNFRSF18;IL17RD;IL17D;IL27;CCL7;IL1R1;CXCR4;CX

CR2P1;TGFB1I1;IFNGR1;IL9R;IL1RAPL1;IL11;CSF1;IL20RA;IL25;TNFRSF4;IL18;ILF3;CCL20;TNFRSF12A;IL6ST;C

XCL13;IL12B;TNFRSF8;IL6R;BMPR2;IFNE;IL1RAPL2;IL3RA;BMP4;CCL24;TNFSF13B;CCR4;IL2RA;IL32;TNFRSF10

C;IL22RA1;BMPR1A;CXCR5;CXCR3;IFNA8;IL17REL;IFNB1;IFNAR1;TNFRSF1B;CCL17;IFNL1;IL16;IL1RL1;ILK;CC

L25;ILDR2;CXCR1;IL36RN;IL34;TGFB1;IFNG;IL19;ILKAP;BMP2K;CCR10;ILDR1;EPO;CCR7;IL17C;IL23A;CCR5;IL7

;EPOR;CCL13;IL2RG;IL31RA;TNFAIP6;IFNL2;BMP1;IL12RB1;TNFAIP8;IL4R;TNFRSF6B;TNFAIP8L1;TNFRSF10B;I

FNL3;CCL5;CXCL6;CXCL1;CCR3;TNFSF11;CSF1R;IL21;IL1RAP;IL12RB2;CCL1;IL17RA;CCR1;IL1RN;TNFRSF11B;

TNFRSF14;IL13;IL2RB;BMP8B;CCL2;IL24;IL18RAP;TGFBI;TNFSF10;TNFRSF11A;CXCL5;IL5RA;TNFSF9;IL1RL2;T

NFRSF13C;IL36G;IL15RA;TNFRSF21;CXCL8;IL22RA2;TNFAIP8L2;IL18R1;IFNLR1;CXCR6;CCL3L3;TNFRSF1A;IL1

7RE;IFNGR2;IL17RC;TNFAIP8L3;ILVBL;TGFBRAP1;CCL4L1;CSF2RA;CCRN4L;CCL26;TNFAIP1;CCRL2;IFNA10;T

NFRSF17;IFNA13;IL20;IL18BP;CCL3L1;TNFSF12-

TNFSF13;IL5;IL23R;IL26;TNF;TGFA;CSF2;IL1F10;CXCL17;TNFSF13;IFNA4;IL37;IL12A;IL7R;IFNA1;IL1A;IL4;IL2;C

CL22;CSF3R;IL10;IFNK;TGFB2;IL1R2;IL1B;IL17F;IL27RA;IL15;TNFSF8;IL36B;XCL1;CXCL16;TNFRSF19;IL3;CCL3;

IFNA2;BMPR1B;IFNA21;TNFSF18;CCL8;IL17RB;TNFRSF25;IL22;IL10RB;IFNAR2;CCL18;IFNA16;CSF2RB;IL36A;T

NFAIP3;IL13RA2;IL13RA1;CCR9;TNFRSF10A;IFNA7;IFNW1;XCL2;TNFSF14;CCR2;BMP15;BMP10;CCL15;CCL14;T

GFBR1;IFNA5;BMP7;IFNA14;IL20RB;IL10RA;IFNA17;CCR6;TGFB3;CCL15;CCL4;CCL27;TNFRSF13B;TNFAIP2;IL3

1;IL17A;TNFSF15;CCL19;IFNA6;IL9 

CD8+_T_cells CD8A 

CD4+ Regulatory T cells C15orf53;CTLA4;FOXP3;GPR15;IL32;IL4;IL5 

Check-point IDO1;LAG3;CTLA4;TNFRSF9;ICOS;CD80;PDCD1LG2;TIGIT;CD70;TNFSF9;ICOSLG;KIR3DL1;CD86;PDCD1;LAIR1;

TNFRSF8;TNFSF15;TNFRSF14;IDO2;CD276;CD40;TNFRSF4;TNFSF14;HHLA2;CD244;CD274;HAVCR2;CD27;BTLA;

LGALS9;TMIGD2;CD28;CD48;TNFRSF25;CD40LG;ADORA2A;VTCN1;CD160;CD44;TNFSF18;TNFRSF18;BTNL2;C1

0orf54;CD200R1;TNFSF4;CD200;NRP1 

Cytolytic_activity PRF1;GZMA 

DCs CCL17;CCL22;CD209;CCL13 

HLA HLA-E;HLA-DPB2;HLA-C HLA-J;HLA-DQB1;HLA-DQB2;HLA-DQA2;HLA-DQA1;HLA-A;HLA-DMA;HLA-

DOB;HLA-DRB1;HLA-H;HLA-B;HLA-DRB5;HLA-DOA;HLA-DPB1;HLA-DRA;HLA-DRB6;HLA-L;HLA-F;HLA-

G;HLA-DMB;HLA-DPA1 

iDCs CD1A;CD1E 

Inflammation-promoting CCL5;CD19;CD8B;CXCL10;CXCL13;CXCL9;GNLY;GZMB;IFNG;IL12A;IL12B;IRF1;PRF1;STAT1;TBX21 

Macrophages C11orf45;CD68;CLEC5A;CYBB;FUCA1;GPNMB;HS3ST2;LGMN;MMP9;TM4SF19 

Mast_cells CMA1;MS4A2;TPSAB1 

MHC_class_I B2M;HLA-A;TAP1 

Neutrophils EVI2B;HSD17B11;KDM6B;MEGF9;MNDA;NLRP12;PADI4;SELL;TRANK1;VNN3 

NK_cells KLRC1;KLRF1 

Parainflammation CXCL10;PLAT;CCND1;LGMN;PLAUR;AIM2;MMP7;ICAM1;MX2;CXCL9;ANXA1;TLR2;PLA2G2D;ITGA2;MX1;HM

OX1;CD276;TIRAP;IL33;PTGES;TNFRSF12A;SCARB1;CD14;BLNK;IFIT3;RETNLB;IFIT2;ISG15;OAS2;REL;OAS3;C

D44;PPARG;BST2;OAS1;NOX1;PLA2G2A;IFIT1;IFITM3;IL1RN 

pDCs CLEC4C;CXCR3;GZMB;IL3RA;IRF7;IRF8;LILRA4;PHEX;PLD4;PTCRA 

T_cell_co-inhibition BTLA;C10orf54;CD160;CD244;CD274;CTLA4;HAVCR2;LAG3;LAIR1;TIGIT 

T_cell_co-stimulation CD2;CD226;CD27;CD28;CD40LG;ICOS;SLAMF1;TNFRSF18;TNFRSF25;TNFRSF4;TNFRSF8;TNFRSF9;TNFSF14 

T_helper_cells CD4 

Tfh PDCD1;CXCL13;CXCR5 

Th1_cells IFNG;TBX21;CTLA4;STAT4;CD38;IL12RB2;LTA;CSF2 
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Th2_cells PMCH;LAIR2;SMAD2;CXCR6;GATA3;IL26 

TIL ITM2C;CD38;THEMIS2;GLYR1;ICOS;F5;TIGIT;KLRD1;IRF4;PRKCQ;FCRL5;SIRPG;LPXN;IL2RG;CCL5;LCK;TRAF3

IP3;CD86;MAL;LILRB1;DOK2;CD6;PAG1;LAX1;PLEK;PIK3CD;SLAMF1;XCL1;GPR171;XCL2;TBX21;CD2;CD53;KL

HL6;SLAMF6;CD40;SIT1;TNFRSF4;CD79A;CD247;LCP2;CD3D;CD27;SH2D1A;FYB;ARHGAP30;ACAP1;CST7;CD3G

;IL2RB;CD3E;FCRL3;CORO1A;ITK;TCL1A;CYBB;CSF2RB;IKZF1;NCF4;DOCK2;CCR2;PTPRC;PLAC8;NCKAP1L;IL

7R;6-

Sep;CD28;STAT4;CD8A;LY9;CD48;HCST;PTPRCAP;SASH3;ARHGAP25;LAT;TRAT1;IL10RA;PAX5;CCR7;DOCK11;

PARVG;SPNS1;CD52;HCLS1;ARHGAP9;GIMAP6;PRKCB;MS4A1;GPR18;TBC1D10C;GVINP1;P2RY8;EVI2B;VAMP5

;KLRK1;SELL;MPEG1;MS4A6A;ARHGAP15;MFNG;GZMK;SELPLG;TARP;GIMAP7;FAM65B;INPP5D;ITGA4;MZB1;

GPSM3;STK10;CLEC2D;IL16;NLRC3;GIMAP5;GIMAP4;IFFO1;CFH;PVRIG;CFHR1 

Treg IL12RB2;TMPRSS6;CTSC;LAPTM4B;TFRC;RNF145;NETO2;ADAT2;CHST2;CTLA4;NFE2L3;LIMA1;IL1R2;ICOS;HS

DL2;HTATIP2;FKBP1A;TIGIT;CCR8;LTA;SLC35F2;IL21R;AHCYL1;SOCS2;ETV7;BCL2L1;RRAGB;ACSL4;CHRNA6;

BATF;LAX1;ADPRH;TNFRSF4;ANKRD10;CD274;CASP1;LY75;NPTN;SSTR3;GRSF1;CSF2RB;TMEM184C;NDFIP2;Z

BTB38;ERI1;TRAF3;NAB1;HS3ST3B1;LAYN;JAK1;VDR;LEPROT;GCNT1;PTPRJ;IKZF2;CSF1;ENTPD1;TNFRSF18;M

ETTL7A;KSR1;SSH1;CADM1;IL1R1;ACP5;CHST7;THADA;CD177;NFAT5;ZNF282;MAGEH1 

Type_I_IFN_Reponse DDX4;IFIT1;IFIT2;IFIT3;IRF7;ISG20;MX1;MX2;RSAD2;TNFSF10 

Type_II_IFN_Reponse GPR146;SELP;AHR 
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Supplementary Table 2. The mutational frequency of genes in the whole genome.  

 
Gene Number 

rs121913529 KRAS 90 

rs113488022 BRAF 49 

rs112445441 KRAS 31 

rs104886003 PIK3CA 30 

rs28934578 TP53 26 

rs121913332 APC 25 

rs781215815 RNF43 22 

rs121913530 KRAS 19 

rs782665429 DOCK3 18 

rs121913279 PIK3CA 17 

rs764719749 ACVR2A 15 

rs121913333 APC 14 

rs11540652 TP53 13 

rs772920507 BMPR2 13 

rs121913527 KRAS 13 

rs28934574 TP53 12 

rs28934576 TP53 12 

rs587781392 APC 12 

rs121913273 PIK3CA 12 

rs770033147 SVIL 11 

rs121913331 APC 11 

rs121913287 PIK3CA 11 

rs397516436 TP53 10 

rs62619935 APC 10 

rs549924573 RCVRN 10 

rs759765382 RPL22 9 

rs763321097 TEAD2 9 

rs372217972 QKI 9 

rs767148651 HNRNPL 8 

rs137854574 APC 8 

rs759448855 GLI1 8 

rs121912651 TP53 8 

rs137854580 APC 8 

rs121913343 TP53 8 

rs199566425 C9orf47 7 

rs377767347 SMAD4 7 

rs778658185 BCORL1 7 

rs756774416 LMNTD2 7 

rs781677398 ZDHHC8 7 

rs766438669 CSMD3 7 

rs397515734 APC 7 

rs775633847 RAB28 7 

rs762648935 MBD6 7 

rs143104828 CSF2RA 6 

rs746563015 CNTLN 6 

rs762448666 ELMSAN1 6 

rs121913237 NRAS 6 

rs121913329 APC 6 

rs777980924 FHOD3 6 

rs762805003 CD93 6 

rs761047150 C9orf131 6 

rs563361433 ONECUT1 6 

rs748072217 KIAA1024 6 

rs778388564 PCDH19 6 
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rs151073460 FUS 6 

rs748349403 SLC8A2 6 

rs765803753 MICAL3 6 

rs748850271 PHGR1 6 

The table shows mutational frequency of locus more than 5. 
 

Supplementary Table 3. The enrichment level of 30 immune  
signature in KRAS-mutated and wild-type groups were compared  
by Mann-Whitney test. 

Immune Term P Value 

pDCs 0.000284 

Treg 0.000637 

Inflammation_promoting 0.002 

Th1_cells 0.011 

HLA 0.012 

T_cell_co_stimulation 0.014 

Cytolytic_activity 0.015 

TIL 0.015 

T_cell_co_inhibition 0.023 

T_helper_cells 0.024 

Neutrophils 0.026 

Macrophages 0.033 

Check_point 0.037 

DCs 0.056 

Tfh 0.067 

CCR 0.069 

aDCs 0.076 

Type_II_IFN_Response 0.083 

CD4+_Regulatory_T_cells 0.132 

Type_I_IFN_Response 0.158 

Th2_cells 0.176 

B_cells 0.205 

CD8+_T_Cells 0.225 

Mast_cells 0.275 

APC_co_stimulation 0.289 

MHC_class_I 0.468 

NK_cells 0.608 

iDcs 0.67 

Parainflammation 0.831 

APC_co_inhibition 0.998 

 

Supplementary Table 4. Comparing the expression of genes in TIL signature between KRAS-mutated and wild-type 
groups. 
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Supplementary Table 5. Comparing the expression of genes in inflammation-activities signature between KRAS-
mutated and wild-type groups. 

Gene WildMean MutationMean logFC pValue 

IL12A 0.282451 0.430636 0.608472 3.36E-06 

GZMB 7.518245 13.26506 0.819164 4.63E-06 

CXCL9 12.71954 17.27174 0.441366 0.001911 

CXCL10 24.05325 29.22686 0.281063 0.006641 

PRF1 3.191711 4.06926 0.350436 0.009838 

CXCL13 4.056069 6.041906 0.574921 0.020125 

GNLY 2.000802 2.894216 0.532595 0.021077 

IFNG 0.27372 0.389159 0.507657 0.028949 

STAT1 37.46403 44.23563 0.239703 0.049644 

TBX21 0.247669 0.293948 0.247147 0.061036 

IRF1 15.09839 17.20898 0.188767 0.064267 

CCL5 12.90831 15.46207 0.260433 0.186282 

CD8B 1.457315 1.674802 0.200678 0.279428 

CD19 0.511267 0.742265 0.537859 0.283726 

IL12B 0.033961 0.038595 0.184569 0.507014 

 

Supplementary Table 6. Detection of differentially expressed genes in KRAS-mutated and wild-type groups. 

 

Supplementary Table 7. The correlation coefficients of differential expressed genes and immune score. 

 

Supplementary Table 8. The annotations of differentially expressed genes with strong correlation with immune 
score. 

Gene names Entry Protein names Length 

STX11 O75558 Syntaxin-11 287 

DOK2 O60496 Docking protein 2 (Downstream of tyrosine kinase 2) 412 

TNFAIP8L2 Q6P589 Tumor necrosis factor alpha-induced protein 8-like protein 2 184 

LCP2 Q13094 Lymphocyte cytosolic protein 2  533 

LILRB1 Q8NHL6 Leukocyte immunoglobulin-like receptor subfamily B member 1 650 

ABI3 Q9P2A4 ABI gene family member 3  366 

LRRC25 Q8N386 Leucine-rich repeat-containing protein 25 305 

SASH3 O75995 SAM and SH3 domain-containing protein 3 380 

CD300A Q9UGN4 CMRF35-like molecule 8  299 

LAIR1 Q6GTX8 Leukocyte-associated immunoglobulin-like receptor 1 287 

MS4A6A Q9H2W1 Membrane-spanning 4-domains subfamily A member 6A 248 

SCIMP Q6UWF3 SLP adapter and CSK-interacting membrane protein 145 

APBB1IP Q7Z5R6 
Amyloid beta A4 precursor protein-binding family B member 1-interacting 

protein  666 

HCLS1 P14317 Hematopoietic lineage cell-specific protein  486 

C3AR1 Q16581 C3a anaphylatoxin chemotactic receptor  482 

IL2RA P01589 Interleukin-2 receptor subunit alpha 272 

HAVCR2 Q8TDQ0 Hepatitis A virus cellular receptor 2 301 

CD300LF Q8TDQ1 CMRF35-like molecule 1 (Immune receptor expressed on myeloid cells 1)  290 

LST1 O00453 Leukocyte-specific transcript 1 protein 97 

LST1 Q9Y6L6 Solute carrier organic anion transporter family member 1B1  691 

SLAMF8 Q9P0V8 SLAM family member 8 (B-lymphocyte activator macrophage expressed)  285 

C10orf128 Q5T292 Transmembrane protein 273 105 

CD86 P42081 T-lymphocyte activation antigen CD86  329 

IL10RA Q13651 Interleukin-10 receptor subunit alpha 578 

CYTH4 Q9UIA0 Cytohesin-4 394 
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INTRODUCTION 
 

Breast cancer is one of the most common tumors and 

the leading cause of cancer-related deaths in women 

within the globe [1]. Although improved the strategies 

for early diagnosis and treatment, the prognosis is still 

poor, mainly due to inherent aggressive behavior and 

lack of recognized treatment targets [2]. Therefore, 

there is an urgent need to develop more sensitive and 

specific biomarkers for the prognosis of breast cancer 

patients. In the last 2 decades, immunotherapy including 

programmed death-1 (PD-1), cytotoxic T lymphocyte 

associated antigen 4 (CTLA4), and programmed death 

ligand-1 (PD-L1) inhibitors, demonstrated major 

breakthroughs and became the major therapeutic 

approach in solid tumors, such as non-small-cell lung 

carcinoma (NSCLC) and malignant melanoma [3, 4]. 

Breast cancer, harboring lots of activated tumor-

infiltrating lymphocytes (TILs), is one of the most 

promising targets of immunotherapy among solid 

tumors [5–10]. Unfortunately, only a fraction of breast 

cancer patients responds well to immunotherapy. Since 

TILs serve as an independent favorable prognostic 

factor, and a predictive marker of chemotherapy, 

neoadjuvant therapy, and immunotherapy responses in 

breast cancer [11–17], identification of specific TILs-

associated biomarkers may contribute to development 

of specific targeted immunotherapies in breast cancer. 

 

The tumor microenvironment (TME), containing tumor 

cells and non-tumor cells, such as endothelial cells, 

immune cells, and fibroblasts [18], makes an important 

impact in tumor metastasis and progression [19–23]. 

Heparanase (HPSE) is the only mammalian 

endoglycosidase which can cleaves heparan sulfate 

(HS), regulates remodeling of the basement membranes 
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ABSTRACT 
 

Heparanase (HPSE), an endoglycosidase that cleaves heparan sulfate, regulates a variety of biological processes 
that promote tumor progression. In this study, we analyzed the correlation between HPSE expression and 
prognosis in cancer patients, using multiple databases (Oncomine, TIMER, PrognoScan, GEPIA, Kaplan–Meier 
plotter, miner v4.1, DAVID). HPSE expression was significantly increased in bladder, breast, lung, and stomach 
cancer compared to matched normal tissues. The increased HPSE expression correlated with poor prognosis 
and increased immune infiltration levels of B cells, CD8+ and CD4+ T cells, macrophages, neutrophils and 
dendritic cells in bladder and breast cancer. In breast cancer, the high HPSE expression was associated with 
basal-like subtypes, younger age (0-40), advanced Scarff-Bloom-Richardson grade, Nottingham Prognostic Index 
and p53 mutation status. In addition, using a mouse model of breast cancer, our data showed that HPSE 
upregulated IL-10 expression and promoted macrophage M2 polarization and T cell exhaustion. Together, our 
data provide a novel immunological perspective on the mechanisms underlying breast cancer progression, and 
indicate that HPSE may serve as a biomarker for immune infiltration and prognosis in breast cancer. 
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and extracellular matrix, as well as promotes the release 

of many HS-related molecules including cytokines, 

growth factors, and enzymes. HPSE is upregulated  

in many types of human tumors [24–27], and  

this elevation contributes to tumor angiogenesis, 

growth, metastasis, chemoresistance, and poor 

prognosis [28–32]. Inhibitors targeting HPSE, such as 

PI-88 (muparfostat), SST0001 (roneparstat), PG545 

(pixatimod), and M-402 (necuparanib) have entered 

clinical trials. Although the role of HPSE in tumor cells 

has been well documented, its interaction with non-

tumor cells in the TME has not been sufficiently 

explored. Recent studies have suggested that HPSE 

interaction with immune cells which contains T cells, B 

cells, NK cells, macrophages, neutrophils, and dendritic 

cells, can have both pro- and anti-tumorigenic roles, 

depending on the setting [33]. In addition, one research 

has indicated that by increasing HPSE expression in the 

ILs, tumors can regulate gene expression of many other 

tumor and non-tumor cells [34]. Thus, analyzing the 

interaction between HPSE, breast cancer cells, and TILs 

might show a novel immunological perspective to 

understand the mechanisms of tumor progression and 

further improve the clinical practice in breast cancer 

therapy. 

 

In this research, we analyzed HPSE expression and the 

role played in the prognosis of cancer patients. In 

addition, we investigated HPSE association with tumor-

infiltrating immune cells and related immune markers in 

bladder and breast cancer, and analyzed the HPSE 

correlation with clinicopathological parameters in breast 

cancer. 

 

RESULTS 
 

HPSE mRNA expression in different kinds of human 

cancer 
 

To analyze HPSE expression in different kinds of 

cancer, HPSE mRNA expression in different tumors 

and matched control tissues were performed using the 

Oncomine database. The analysis revealed a statistically 

increased HPSE expression in bladder, brain, CNS, 

breast, gastric, leukemia, lung, lymphoma, and sarcoma 

tumors compared to matched normal tissues. However, 

a decreased HPSE expression was found in colorectal, 

head and neck, and esophageal cancers (Figure 1A). 

 

To validate the Oncomine results, we analyzed HPSE 

expression in The Cancer Genome Atlas (TCGA) using 

the Timer database. As shown in Figure 1B, the HPSE 

expression was significantly increased in bladder 

urothelial carcinoma (BLCA), breast invasive carcinoma 

(BRCA), cholangiocarcinoma (CHOL), esophageal 

carcinoma (ESCA), lung adenocarcinoma (LUAD), lung 

squamous carcinoma (LUSC), stomach adenocarcinoma 

(STAD), and thyroid carcinoma (THCA). In contrast,  

the HPSE expression was decreased in colon 

adenocarcinoma (COAD), head and neck cancers 

(HNSC), kidney renal clear cell carcinoma (KIRC), 

kidney chromophobe (KICH), liver hepatocellular 

carcinoma (LIHC), prostate adenocarcinoma (PRAD), 

rectum adenocarcinoma (READ), and uterine corpus 

endometrial carcinoma (UCEC). 

 

Comparison of Oncomine and Timer results indicated 

that the HPSE expression was significantly increased in 

bladder, breast, lung, and stomach cancer, while it was 

decreased in colon, head, and neck cancer. Thus, we 

next analyzed the association of HPSE expression and 

prognosis in the above cancers. 

 

High HPSE expression impacts prognosis in bladder 

and breast cancer 
 

In order to investigate whether the HPSE expression 

correlates with prognosis in bladder, breast, gastric, 

lung, colorectal, head, and neck cancer patients, we 

used the PrognoScan, GEPIA, and Kaplan–Meier 

plotter databases to evaluate the impact of HPSE 

expression on survival. The relationships between 

HPSE expression and prognosis in different cancers 

using the PrognoScan database is shown in Table 1. 

Notably, HPSE expression significantly impacted 

prognosis in bladder and breast cancers. Analysis of 

HPSE expression and prognosis in different cancers 

using the GEIPA database showed that high HPSE 

expression was related to poor DFS and OS rates in 

bladder cancer (Figure 2B). Analysis of HPSE 

expression and cancer prognosis using the Kaplan–

Meier plotter database showed that high HPSE 

expression was related to poor RFS, DMFS, PPS, and 

OS rates in breast cancer; it was also associated with 

poor PPS and OS rates in stomach cancer (Figure 2B). 

Therefore, it is conceivable (confirmed by at least 2 

databases) that a high HPSE expression is an 

independent risk factor, and is associated with poor 

prognosis in bladder and breast cancer. 

 

HPSE expression correlates with infiltrating immune 

cells in bladder and breast cancer 
 

TILs are an independent predict factors of survival in 

cancer. Therefore, we analyzed whether the HPSE 

expression was associated with immune infiltration 

levels in bladder and breast cancer. We assessed the 

correlation of HPSE expression with immune 

infiltration levels in bladder and breast cancers by the 

TIMER database. The results showed that in bladder 

cancer, the HPSE expression is not related to infiltrating 

levels of B cells, medium correlation with infiltrating 
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levels of CD8+ T cells, weak correlation with 

infiltrating levels of CD4+ T cells and macrophages, 

and a strong correlation with infiltrating levels of 

neutrophils and dendritic cells (DCs). In breast cancer, 

the HPSE expression showed a medium correlation with 

infiltrating levels of B cells, CD8+ T cells, CD4+ T 

cells, and macrophages, and a strong correlation with 

infiltrating levels of neutrophils and DCs (Figure 3). 

 

To further explore the relationship between HPSE and 

the infiltrating immune cells, we investigated the 

association between HPSE and immune cell markers for 

tumor-associated macrophages (TAM), M1 

macrophages, M2 macrophages, monocytes, NK cells, 

exhausted T cells, Tfh cells, Th1 cells, Th2 cells, Th17 

cells, and Treg cells in bladder and breast cancer by the 

GEPIA database (Table 2). The results showed that in 

bladder cancer, the HPSE expression had no correlation 

with Tfh cells, a weak positive correlation with TAM 

and Treg cells, and a weak negative correlation with M1 

macrophages and Th2 cells. The HPSE expression also 

showed a medium positive correlation with M2 

macrophages, monocytes, NK cells, exhausted T cells, 

and Th1 and Th17 cells in bladder cancer. In breast 

cancer, the HPSE expression had no correlation with 

Th2 cells, a weak positive correlation with M1 

macrophages, NK cells, and Th17 cells, a medium 

positive correlation with TAM, exhausted T cells, Tfh 

cells, Th1 cells, and Treg cells, and a strong positive 

correlation with M2 macrophages and monocytes. 

 

HPSE expression correlates with clinicopathological 

parameters in breast cancer 

 

The correlation between HPSE expression and 

clinicopathological parameters was explored by the bc-

 

 
 

Figure 1. HPSE expression in different types of human cancers, and relationship between HPSE expression and 
clinicopathological parameters in breast cancer patients. (A) Increased or decreased HPSE in data sets of different cancers compared 
with normal tissues in the Oncomine database. The graphic demonstrates the numbers of datasets with statistically upregulated (red) or 
downregulated (blue) expression of the target mRNA. The grid color is determined by the best gene rank percentile for the analyses within 
the grid. The Arabic number in each grid represents the number of analyses that met the criteria Gene HPSE. The gene rank was analyzed by 
the percentile of target genes of HPSE in the top of all genes measured. (B) Human HPSE expression in different tumor types in TCGA 
database determined by TIMER (*P < 0.05, **P < 0.01, ***P < 0.001). The results are shown for the relationship between HPSE expression 
and SCM3 intrinsic molecular subtype (C), age (D), SBR (E), NPI (F), and P53 status (G). 
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Table 1. The relationships between HPSE expression and prognosis of different cancers in 
PrognoScan. 

Dataset Cancer type Endpoint N P-value HR [95% CI] 

GSE13507 Bladder cancer Disease Specific Survival 165 0.0259141 2.49 [1.12 - 5.56] 

GSE1456-GPL96 Breast cancer Disease Specific Survival 159 0.00755681 1.93 [1.19 - 3.11] 

GSE1456-GPL96 Breast cancer Overall Survival 159 0.0184731 1.60 [1.08 - 2.35] 

GSE3494-GPL96 Breast cancer Disease Specific Survival 236 0.0195956 1.50 [1.07 - 2.11] 

GSE4922-GPL96 Breast cancer Disease Free Survival 249 0.0150854 1.38 [1.06 - 1.79] 

 

GenExMiner online tool. HPSE expression was compared 

with different clinicopathological parameters including 

intrinsic molecular subtype, age, Scarff-Bloom-

Richardson (SBR) grade, Nottingham Prognostic Index 

(NPI), and P53 status. For intrinsic molecular subtypes, 

the HPSE expression in Basal-like subtype was 

significantly higher than that in Her2+, Luminal A, and 

Luminal B subtypes; the HPSE expression in Luminal B 

subtype was significantly higher than in Her2+ and 

Luminal A subtypes; and the HPSE expression in Her2+ 

subtype was significantly higher than in Luminal A 

subtype (Figure 1C). Regarding age, the HPSE expression 

in 0-40 years group was significantly higher than in 40-70 

and 70-96 years groups; no significant difference was 

found between 40-70 years group and 70-96 years group 

(Figure 1D). The SBR histological grade evaluates the 

degree of duct formation, nucleus pleomorphism, and 

nuclear division count, while the NPI index stratifies 

patients into prognostic groups according to lymph node 

stage, tumor size, and tumor grade. Breast cancer patients 

with higher SBR grade and NPI tended to express higher 

levels of HPSE (Figure 1E, 1F). Regarding P53 status, the 

HPSE expression in mutated group was significantly 

higher than in wild type group (Figure 1G). 

 

HPSE expression correlates with M2 macrophage 

polarization and IL-10 in breast cancer 

 

HPSE target genes in human breast cancer tissues are 

listed in Table 3; they are discriminated by R. Using the 

 

 
 

Figure 2. Kaplan–Meier survival curves comparing high and low HPSE expression in different cancer types in GEIPA (A–D) and Kaplan–Meier 
plotter (E–J). (A, B) Survival curves of DFS and OS in BLCA. (C, D) Survival curves of DFS and OS in BRCA. (E–H) Survival curves of RFS, DMFS, 
PPS and OS in BRCA. (I, J) Survival curves of PPS and OS in STAD. Bladder urothelial carcinoma (BLCA); breast invasive carcinoma (BRCA); 
disease-free survival (DFS); distant metastasis-free survival (DMFS); disease-specific survival (DSS); heparanase (HPSE); Gene Expression 
Profiling Interactive Analysis (GEPIA); overall survival (OS); post progression survival (PPS); relapse-free survival (RFS); stomach 
adenocarcinoma (STAD). 
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DAVID software, we found that a total of 17  

GO functions (Biological Processes) were enriched 

(Figure 4); this was supported by analysis of immune 

markers (Table 4). 

 

Next, using Human MDA-MB-231-HPSE and MDA-

MB-231-mock cells which with high and low 

expression of HPSE (Figure 5A), we validated our data 

in a mouse model of breast cancer, using mice 

overexpressing HPSE and a control mock group. 

Because macrophages usually infiltrate at the edges of 

tumor tissues, we analyzed the infiltration of 

macrophages by immunohistochemical staining (IHC) 

at the tumor tissue edges. IHC staining showed that the 

HPSE expression correlated with an increased 

expression of CD163 (Figure 5B) and VSIG4 (Figure 

5C), which are markers of M2 macrophages. Compared 

with MOCK group, M2 macrophages in HPSE group 

tended to infiltrate into tumor tissues. In addition, the 

HPSE expression related to an increased expression of 

IL-10 (Figure 5D), which is known to induce 

macrophage polarization into the M2 phenotype. 

 

DISCUSSION 
 

HPSE, the only mammalian endoglycosidase that cleaves 

HS, contributes to tumor angiogenesis, growth, 

metastasis, chemoresistance, and poor prognosis in 

multiple tumors [24–32]. In this research, we demonstrate 

that the HPSE expression is obviously increased in 

bladder, breast, lung, and stomach cancer, but decreased 

in colon, head, and neck cancer. In addition, our data 

show that the high HPSE expression is an independent 

risk factor in bladder and breast cancer, indicating that 

HPSE can be used as a prognostic biomarker for bladder 

and breast cancer. These findings are supported by 

previous studies demonstrating that high HPSE gene and 

protein levels are associated with bladder cancer invasion 

and metastasis [35]. Analysis of HPSE in urine from 282 

individuals showed that the urine HPSE levels were 

elevated during bladder cancer progression [36]. HPSE 

mRNA levels in bladder cancer tissues related to tumor 

stage, histological grade, size, number, recurrence and 

lymph node metastasis [37]. Inhibition of HPSE 

expression suppressed invasion, migration and adhesion 

of bladder cancer cells [38]. In addition, HPSE 

overexpression accelerated the obesity-associated breast 

cancer progression [39]. However, the HPSE expression 

in metastatic lesions does not always reflect the 

expression in primary tumors. In stage I breast cancer 

patients, a strong HPSE staining was associated with 

shorter overall survival rates [40]. Tumor growth, 

vascularization and recurrence were significantly reduced 

by inhibition the procoagulant activity of HPSE [41]. 

Furthermore, inhibition of HPSE expression reduced 

tumor metastasis by reducing extracellular regulated 

protein kinase (ERK) and phosphorylation of protein 

kinase B (Akt) [42]. 

 

The immune cells in TME play a critical role in tumor 

progression, and are recognized as an independent 

predict factor of cancer survival. Moreover, the immune 

cells- associated HPSE has important pro-tumorigenic 

and anti-tumorigenic functions [33]. A previous study 

has indicated that the increased HPSE expression in 

TILs can regulate gene expression in other tumor and 

non-tumor cells [34], suggesting that there might be an 

HPSE-TME crosstalk that can affect occurrence, 

 

 
 

Figure 3. Correlation of HPSE expression with immune infiltration level in BLCA and BRCA. In BLCA, HPSE expression has no 
correlation with infiltrating levels of B cells, medium correlation with infiltrating levels of CD8+ T cells, weak correlation with infiltrating levels 
of CD4+ T cells and macrophages, and a strong correlation with infiltrating levels of neutrophils and dendritic cells. In BRCA, HPSE expression 
has medium correlation with infiltrating levels of B cells, CD8+ T cells, CD4+ T cells, and macrophages, and a strong correlation with 
infiltrating levels of neutrophils and dendritic cells. 



 

www.aging-us.com 20841 AGING 

Table 2. Correlation analysis between HPSE and relate genes and markers of immune cells in GEIPA. 

Description Gene makers 
BLCA  BRCA 

R P-value Mean  R P-value Mean 

B cell CD19 -0.012 0.8   0.036 0.23  

 CD79A -0.0034 0.95   0.055 0.071  

T cell CD2 0.33 ***   0.31 ***  

 CD3D 0.22 ***   0.18 ***  

 CD3E 0.29 *** 0.28(***)  0.2 *** 0.23(***) 

CD8+T CD8A 0.34 ***   0.25 ***  

 CD8B 0.042 0.4 0.34(***)  0.25 *** 0.25(***) 

Dendritic cell CD1C -0.012 0.82   0.024 0.43  

 HLA-DPA1 0.31 ***   0.39 ***  

 HLA-DPB1 0.29 ***   0.26 ***  

 HLA-DQB1 0.23 ***   0.16 ***  

 HLA-DRA 0.34 ***   0.41 ***  

 ITGAX 0.21 ***   0.34 ***  

 NRP1 0.31 *** 0.2817(***)  0.22 *** 0.2967(***) 

TAM CCL2 0.21 ***   0.28 ***  

 CD68 0.46 ***   0.52 ***  

 IL-10 0.2 *** 0.29(***)  0.53 *** 0.4433(***) 

M1 IRF5 -0.12 0.014   0.34 ***  

 NOS2 0.013 0.8   0.082 ***  

 PTGS2 0.017 0.73 -0.12(0.014)  0.044 0.15 0.211(***) 

M2 CD163 0.37 ***   0.55 ***  

 MS4A4A 0.4 ***   0.54 ***  

 VSIG4 0.34 *** 0.37(***)  0.42 *** 0.5033(***) 

Monocyte CD86 0.44 ***   0.65 ***  

 CSF1R 0.38 *** 0.41(***)  0.38 *** 0.515(***) 

Natural killer cell KIR2DL1 0.03 0.54   -0.0055 0.86  

 KIR2DL3 0.047 0.34   0.18 ***  

 KIR2DL4 0.35 ***   0.33 ***  

 KIR2DS4 0.03 0.55   0.08 *  

 KIR3DL1 0.071 0.16   0.19 ***  

 KIR3DL2 0.088 0.077   0.21 ***  

 KIR3DL3 0.035 0.48 0.35(***)  -0.019 0.53 0.198(***) 

Neutrophils CCR7 -0.21 ***   0.041 0.180  

 CEACAM8 0.11 0.034   -0.0035 0.91  

 ITGAM 0.2 *** 0.0333(***)  0.19 *** 0.19(***) 

T cell exhaustion CTLA4 0.35 ***   0.38 ***  

 GZMB 0.066 0.19   0.35 ***  

 HAVCR2 0.47 ***   0.6 ***  

 LAG3 0.4 ***   0.47 ***  

 PDCD1 0.27 *** 0.3725(***)  0.3 *** 0.42(***) 

Tfh BCL6 -0.14 *   0.036 0.240  

 IL21 0.23 *** 0.045(***)  0.34 *** 0.34(***) 

Th1 IFNG 0.32 ***   0.38 ***  

 STAT1 0.46 ***   0.51 ***  

 STAT4 0.37 ***   0.29 ***  

 TBX21 0.28 ***   0.31 ***  

 TNF 0.26 *** 0.338(***)  0.25 *** 0.348(***) 

Th2 GATA3 -0.33 ***   -0.23 ***  

 IL13 0.086 0.085   0.092 *  
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 STAT5A 0.16 *   0.18 ***  

 STAT6 -0.091 0.068 -0.017(***)  -0.0018 * 0.01005(***) 

Th17 IL17A -0.047 0.34   0.079 *  

 STAT3 0.34 *** 0.34(***)  0.23 *** 0.1545(***) 

Treg CCR8 0.28 ***   0.32 ***  

 FOXP3 0.36 ***   0.33 ***  

 STAT5B 0.059 0.23   -0.0053 0.860  

 TGFB1 0.13 0.0084 0.2567(***)  0.061 * 0.237(***) 

TAM, Tumor-associated macrophage; Th, T helper cell; Tfh, Follicular helper T cell; Treg, Regulatory T cell; R value of 
Spearman’s correlation, the absolute value of R, 0-0.09 means no correlation, 0.1-0.3 means weak correlation, 0.3-0.5 means 
medium correlation, 0.5-1.0 means strong correlation, + means positive correlation, - means negative correlation; MEAN 
means the average value of relate genes and markers of one specific immune cells with statistical significance. P-value < 0.01 
was considered statistical difference, * P-value < 0.01; ** P-value < 0.001; *** P-value < 0.0001. 

Table 3. Correlation analysis between HPSE and relate genes and markers of immune cells in breast cancer 
gene-expression miner v4.1. 

Description 
Gene 

makers 

Basal-Like  HER2+  Luminal-A  Luminal-B  TNBC 

R P value  R P value  R P value  R P value  R P value 

TAM CCL2 0.42 ***  0.33 *  0.43 ***  0.54 ***  0.42 *** 

 CD68 0.48 ***  0.4 ***  0.38 ***  0.39 *  0.51 *** 

 IL-10 0.52 ***  0.44 ***  0.61 ***  0.54 ***  0.51 *** 

M1 IRF5 0.31 ***  0.26 0.0277  0.44 ***  0.48 ***   *** 

 NOS2 0.08 0.0553  0.32 *  0.1 0.1526  -0.04 0.7538   * 

 PTGS2 -0.1 0.0259  0.04 0.7597  0.26 **  0.26 0.0361   0.2842 

M2 CD163 0.61 ***  0.52 ***  0.64 ***  0.65 ***  0.67 *** 

 MS4A4A 0.53 ***  0.5 ***  0.66 ***  0.66 ***  0.56 *** 

 VSIG4 0.4 ***  0.4 **  0.56 ***  0.56 ***  0.46 *** 

Monocyte CD86 0.62 ***  0.64 ***  0.73 ***  0.82 ***  0.64 *** 

 CSF1R 0.4 ***  0.55 ***  0.59 ***  0.6 ***  0.42 *** 

T cell exhaustion CTLA4 0.41 ***  0.23 0.0492  0.33 ***  0.41 **  0.38 *** 

 GZMB 0.42 ***  0.2 0.0994  0.27 **  0.23 0.0643  0.38 *** 

 HAVCR2 0.6 ***  0.7 ***  0.75 ***  0.75 ***  0.64 *** 

 LAG3 0.56 ***  0.35 0.0024  0.41 ***  0.47 ***  0.54 *** 

 PDCD1 0.41 ***  0.22 0.0643  0.26 **  0.36 *  0.41 *** 

Th1 IFNG 0.41 ***  0.26 0.0282  0.34 ***  0.32 *  0.39 *** 

 STAT1 0.57 ***  0.45 ***  0.46 ***  0.54 ***  0.57 *** 

 STAT4 0.42 ***  0.21 0.0731  0.33 ***  0.32 0.0101  0.38 *** 

 TBX21 0.45 ***  0.29 0.0155  0.32 ***  0.29 0.0218  0.42 *** 

 TNF 0.24 ***  0.15 0.2001  0.16 0.023  0.35 *  0.34 *** 

TAM, Tumor-associated macrophage; Th, T helper cell. R value of Spearman’s correlation, the absolute value of R, 0-0.09 
means no correlation, 0.1-0.3 means weak correlation, 0.3-0.5 means medium correlation, 0.5-1.0 means strong correlation, 
+ means positive correlation, - means negative correlation. P-value < 0.01 was considered statistical difference, * P-value < 
0.01; ** P-value < 0.001; *** P-value < 0.0001. 

development, and fate of tumors. Our study proved the 

correlation between HPSE expression and tumor-

infiltrating immune cells, and supported the intimate 

correlation between HPSE expression and immune cell 

infiltration in bladder and breast cancer. 

 

TAMs are the most plentiful immune cells within  

the TME [43, 44]. According to their function, 

macrophages can be divided into M1 and M2 

phenotypes. The M1 phenotype is characterized by pro-

inflammatory cytokines (IL-1β, TNFα, INFα, IL-6, IL-

12, IL-16) and tumoricidal activity. In contrast, the M2 

phenotype is characterized by anti-inflammatory 

cytokines (IL-4, IL-10, IL-13, TGF-β) that promote 

angiogenesis, tissue remodeling, and repair [45, 46]. 

Therefore, macrophages play a dual role in tumor 

growth: on one hand, initiating immune responses 

against transformed cells; and on the other hand, 



 

www.aging-us.com 20843 AGING 

promoting tumor angiogenesis and growth [47–50]. Our 

data showed that HPSE expression had no or weak 

correlation with the markers of M1 macrophage, such as 

NOS2, PTGS2, and IRF5, while HPSE expression had 

medium or strong correlation with M2 macrophage 

markers, such as CD163, VSIG4, and MS4A4A. In 

addition, IL10, a crucial anti-inflammatory cytokine that 

regulates M2 macrophage polarization, had a strong 

positive correlation with HPSE expression, indicating 

that HPSE overexpression might regulate the IL10-

mediated M2 macrophage polarization. Our results 

indicated that HPSE might activate Tregs (CCR8, 

FOXP3, and TGFB1). In addition, HAVCR2 (TIM-3), a 

crucial gene that regulates T cell exhaustion, positively 

correlated with HPSE expression, suggesting that HPSE 

expression might regulate the TIM-3 mediated T cell 

exhaustion. These results demonstrated the important 

role of HPSE in regulating recruitment and activity of 

immune infiltrating cells in breast cancer, and suggested 

that HPSE might regulate immune escape in the breast 

cancer microenvironment. 

 

Macrophages are often found both in primary and 

metastatic tumors, and contribute to tumor progression 

[51, 52]. In HPSE knockout mice, macrophages 

decreased the levels of pro-inflammatory cytokines 

(TNF-α, IL-1β, CXCL2, and IL6), and impaired 

infiltration into lung tumors, which were smaller than 

tumors in wild type animals [53]. In a mouse model of 

pancreatic cancer, HPSE overexpression was associated 

with increased macrophage expression of M2 cytokines 

IL-6, IL-10, CCL-2, VEGF, and macrophage scavenger 

receptor-2 (MSR-2), increased tumor size, and 

increased levels of tumor-infiltrating macrophages [54]. 

In addition, increased HPSE expression in epithelium 

has been associated with inflammation and 

inflammation-associated tumorigenesis, such as 

inflammatory bowel disease (IBD) [55], pancreatitis 

[56], and esophageal carcinoma [57]. HPSE has been 

also suggested as a key regulator of the tumor 

microenvironment [53] and tumor progression [58]. 

These findings show that HPSE, regardless of its 

cellular source, promotes tumorigenesis. 

 

Inflammation-induced HPSE is involved in coupling 

inflammation and cancer [53]. Toll-like receptors 

(TLRs) lie upstream of the signaling cascade that leads 

to cytokine induction by HPSE [59, 60]. HPSE is 

required for macrophage activation, crosstalk with the 

tumor microenvironment, and tumorigenesis; the 

mechanism involves HPSE-mediated TLR activation at 

the cell membrane, followed by Erk/p38/JNK activation 

and AP1-mediated transcription [61]. However, the 

exact mechanism of how HPSE regulates the 

macrophage phenotype is not understood. Our data 

indicate that HPSE participates in TLR signaling and 

JAK-STAT cascade by promoting cytokine production. 

Specifically, HPSE seems to promote macrophage 

 

 
 

Figure 4. GO function annotations (biological process) for HPSE and target genes in BRCA in DAVID. 
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Table 4. HPSE GO function annotations (biological process) for all and intrinsic molecular subtype (RIMSPC) in 
bc-GenExMiner v4.4. 

Id Description Genes P-value 

Basal-like    

GO:0051607 defense response to virus 
DTX3L, HERC5, IFIH1, IFIT2, IFIT3, ISG15, OAS1, 

OAS2, OASL, PLSCR1, RSAD2, RTP4 
1.92E-14 

GO:0009615 response to virus 
CCL8, IFIH1, IFIT2, IFIT3, OAS1, OAS2, OASL, 

RSAD2 
1.34E-10 

GO:0060337 type I interferon signaling pathway IFIT2, IFIT3, ISG15, OAS1, OAS2, OASL, RSAD2  2.27E-10 

GO:0045071 negative regulation of viral genome replication ISG15, OAS1, OASL, PLSCR1, RSAD2 3.82E-08 

GO:0060700 regulation of ribonuclease activity OAS1, OAS2, OASL 5.53E-08 

HER2+    

GO:0010629 negative regulation of gene expression CCL3, CCR1, HAVCR2, LGALS9B, LGMN, MSR1 8.44E-06 

GO:0030502 negative regulation of bone mineralization CCL3, CCR1, SRGN 8.71E-06 

GO:0042590 
antigen processing and presentation of exogenous peptide antigen 

via MHC class I 
FCER1G, IFI30 1.94E-05 

GO:0060333 interferon-gamma-mediated signaling pathway FCGR1B, HLA-DQA2, HLA-H, IFI30 3.46E-05 

GO:0006954 inflammatory response 
ADORA3, CCL3, CCL8, CCR1, FPR3, HAVCR2, 

TLR1 
3.67E-05 

Luminal A    

GO:0006955 immune response 

C1QC, CCR1, CD86, CTSS, CXCL10, FCGR1B, 

FCGR2B, FCGR2C, GPR65, HLA-DRA, IGHA1, 

IGHV3-33, IGHV3-53, IGKV1D-16, IGKV1D-17, 

IGKV1D-33, IGKV1D-42, IGKV1D-43, IGKV2D-30, 

IGKV3D-15, IGKV3OR2-268, IGKV5-2, IGKV6D-

21, IGSF6, LST1, MARCH1, NCF4, TLR1, TLR4, 

TLR7, TNFSF13B, TRGC2, TRGV3 

6.44E-27 

GO:0045087 innate immune response 

C1QA, C1QB, C1QC, CD14, CLEC7A, CORO1A, 

CYBB, FCER1G, HAVCR2, IFI16, IGHA1, IGHV3-

33, IGHV3-35, IGHV3-53, IGHV3-74, IGHV3OR15-

7, IGHV4OR15-8, LY86, LY96, LYN, MPEG1, NCF1, 

NCF2, RNASE6, TLR1, TLR4, TLR7, TREM2, 

TRGV3, TRGV9, TYROBP 

3.20E-23 

GO:0006911 phagocytosis 

AIF1, FCER1G, FCGR2B, IGHA1, IGHV3-33, 

IGHV3-35, IGHV3-53, IGHV3-74, IGHV3OR15-7, 

IGHV4OR15-8, ITGB2, MSR1, TREM2 

3.49E-14 

GO:0006954 inflammatory response 

AIF1, C3AR1, CCL8, CCR1, CD14, CLEC7A, 

CXCL10, CYBB, FCGR2B, FPR3, HAVCR2, HCK, 

IFI16, ITGB2, LY86, LY96, SIGLEC1, THEMIS2, 

TLR1, TLR4 

1.10E-13 

GO:0006958 complement activation 

C1QA, C1QB, C1QC, IGHA1, IGHV3-33, IGHV3-35, 

IGHV3-53, IGHV3-74, IGHV3OR15-7, IGHV4OR15-

8, IGKV1D-16, IGKV1D-33, IGKV2D-30, IGKV5-2 

2.94E-13 

Luminal B    

GO:0051607 defense response to virus 

CXCL10, GBP1, HERC5, IFI16, IFI44L, IFIH1, 

IFIT2, IFIT3, MX1, MX2, OAS1, OAS2, OAS3, 

OASL, PLSCR1, RNASE6, RSAD2, TLR3, TLR7, 

TRIM22 

4.02E-21 

GO:0009615 response to virus 
CCL8, IFI44, IFIH1, IFIT2, IFIT3, MX1, MX2, 

OAS1, OAS2, OAS3, OASL, RSAD2, TRIM22 
5.31E-15 

GO:0006954 inflammatory response 

ADORA3, C3AR1, CCL2, CCL8, CCR1, CLEC7A, 

CXCL10, CXCL11, FPR3, HAVCR2, IFI16, LGALS9, 

LIPA, NMI, SIGLEC1, THEMIS2, TLR1, TLR4 

3.42E-13 

GO:0006955 immune response 

CCR1, CD80, CD86, CTSC, CTSS, CXCL10, 

CXCL11, FCGR1B, FCGR2C, GPR65, IFI44, IFI44L, 

IGLV6-57, MARCH1, TLR1, TLR4, TLR7, 

TNFSF13B, TRIM22 

5.83E-13 

GO:0060337 type I interferon signaling pathway 
IFIT2, IFIT3, MX1, MX2, OAS1, OAS2, OAS3, 

OASL, RSAD2 
4.89E-11 
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Figure 5. HPSE expression between MDA-MB-231-HPSE and MDA-MB-231-mock cells (A). HPSE expression correlates with IL-10 induced M2 
macrophage polarization in a mouse breast tumor model: IHC staining of (B) CD163, (C) VSIG4, and (D) IL-10. 
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polarization towards the M2 phenotype by suppressing 

interferon-gamma, IL-12, and IL-6 production, and 

upregulating IL-4 and IL-10 production [62–64]. In 

addition, our clinicopathological parameter analysis 

indicated that HPSE overexpression is associated with 

basal-like subtypes, younger age (0-40), advanced 

SBR grade, advanced NPI grade, and P53 mutated 

status. 

 

Our previous bioinformatics and experimental studies 

demonstrated that HPSE promotes malignant 

progression, angiogenesis and metastasis in breast 

cancer by enhancing the crosstalk between tumor cells 

and platelet [65]. In this study, multi-database 

integration analysis indicated that high HPSE 

expression contributes to macrophage M2 polarization 

and T cell exhaustion, thus promoting tumor growth. 

These findings were corroborated also by IHC 

staining of breast tumor tissues; however, since the 

nude mouse model is not suitable for T cell analysis, 

we focused on M2 macrophage polarization. The 

results indicated that the protein levels of IL-10, 

CD163, and VSIG4 were significantly increased in 

breast tumor tissues in mice overexpressing HPSE, 

indicating that HPSE might promote macrophage M2 

polarization (CD163, VSIG4) by upregulating IL-10. 

Together, our results show that HPSE may serve as a 

novel biomarker for immune infiltration and 

prognosis in breast cancer. 

 

MATERIALS AND METHODS 
 

Analysis of the expression of HPSE 
 

Oncomine database analysis 

The Oncomine database (http://www.oncomine.org)
 

[66, 67] collects transcriptomic cancer data for 

biomedical study. Using the Oncomine database, the 

HPSE expression was compared between cancer tissues 

and their matched normal tissues. The threshold was: p-

value ≤ 1E-4, fold change ≥ 2, and gene rank ≥  

top 10%. 

 

TIMER database analysis 
TIMER is a database incorporating 10009 samples with 

23 cancer types based on TCGA (https://cistrome. 

shinyapps.io/timer/); HPSE expression in various 

cancers was compared between cancer tissues and their 

matched normal tissues. 

 

HPSE and clinical prognosis 
 

PrognoScan database analysis 
The PrognoScan (http://www.abren.net/PrognoScan/) is 

an online database used to evaluate the biological 

relationship between gene expression and prognostic 

contains overall survival (OS), relapse-free survival 

(RFS), distant metastasis-free survival (DMFS), 

disease-specific survival (DSS), and disease-free 

survival (DFS) in various types of cancers [68], and 

provide corresponding p-value, hazard ratio (HR), and 

95% confidence intervals. Therefore, it has been used to 

analyze the correlation between the expression of HPSE 

and survival in different cancers with the adjusted cox 

p-value < 0.05. 

 

GEPIA database analysis 
Gene Expression Profiling Interactive Analysis 

(GEPIA) (http://gepia.cancer-pku.cn/index.html) is 

used to perform survival analysis (OS and DFS) 

depended on RNA sequencing data from TCGA 

database [69]. And in our study, was used to analyze 

correlation between HPSE mRNA expression and 

survival in various types of cancers; HR and log-rank 

p-values were provided, and the threshold was  

p-value < 0.05. 

 

Kaplan–Meier plotter database analysis 

Kaplan–Meier plotter database (http://kmplot.com/ 

analysis/) is used for analyzing gene association with 

OS, RFS, DMFS, and post progression survival (PPS) 

in breast, ovarian, lung and gastric cancer [70]. And in 

our study, was used to identify the correlation between 

HPSE mRNA expression and survival in the above four 

cancer types. The HR and log-rank p-values were 

provided, and the threshold was p-value < 0.05. 

 

HPSE and infiltrating immune cells and markers 
 

TIMER database analysis 
TIMER (https://cistrome.shinyapps.io/timer/) using 

deconvolution statistical method to analyze the 

infiltration levels of immune cells including B cells, 

CD4+ T cells, CD8+ T cells, neutrophils, 

macrophages, and dendritic cells (DCs) based on gene 

expression profiles [71]. And in our study, was used 

to analyze the correlation between HPSE expression 

and the above immune infiltrating cells in bladder and 

breast cancers, and provided partial correlation 

coefficients; the threshold was p-value < 0.01. The 

absolute value of R, 0-0.09 meant no correlation,  

0.1-0.3 meant weak correlation, 0.3-0.5 meant  

medium correlation, and 0.5-1.0 meant strong 

correlation. 

 

GEPIA database analysis 
We used GEPIA database to identify the correlation 

between HPSE and related genes and markers in 

immune cells. the threshold was p-value < 0.01; R, 0-

0.09 meant no correlation, 0.1-0.3 meant weak 

correlation, 0.3-0.5 meant medium correlation, and 0.5-

1.0 meant strong correlation. 

http://www.oncomine.org/
https://cistrome.shinyapps.io/timer/
https://cistrome.shinyapps.io/timer/
http://www.abren.net/PrognoScan/
http://gepia.cancer-pku.cn/index.html
http://kmplot.com/analysis/
http://kmplot.com/analysis/
https://cistrome.shinyapps.io/timer/
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HPSE in breast cancer 
 

Breast cancer gene-expression miner v4.1 database 

analysis 
Breast Cancer Gene-Expression Miner v4.1 

(bcGenExMiner v4.1) [72, 73], was utilized to evaluate 

the correlation between HPSE expression and 

clinicopathological parameters in breast cancer. 

 

GO functional annotation analysis 
The database for annotation, visualization, and 

integrated discovery (DAVID) v.6.8 (https://david. 

ncifcrf.gov) [74] was used to perform GO [75] 

functional annotation analyses (positive target genes of 

HPSE). The background list parameter was human 

genome, and the threshold was p-value < 0.05. 

 

In vivo studies 

 

Human MDA-MB-231-HPSE and MDA-MB-231-mock 

cells, which represented breast cancer cell lines with 

high and low expression of HPSE, were handseled by 

Dr. Israel Vlodavsky, the GFP inserts were performed 

in Glyconovo Technologies Co., Ltd, and the HPSE 

expression have been detected between MDA-MB-231-

HPSE and MDA-MB-231-mock cells by Western blot 

analysis, and the specific operation method were 

described previously [65]. 

 

Cell culture, animal care, and establishment of a nude 

mouse model were described previously [65].  

 

The breast tissues were fixed by immersing them in 

10% neutral buffered formalin at room temperature for 

24 h, and the paraffin embedding process was 

performed. Cut the paraffin block of tumor tissue into 

5μm sections for IHC staining: The tissue slides were 

dewaxed in xylene and rehydrated in a graded alcohol 

bath. Slides were immersed into EDTA antigen 

extraction buffer and microwaved, and then treated with 

3% hydrogen peroxide in methanol to quench the 

activity of endogenous peroxidase, and combined with 

3% bovine serum white, the proteins are incubated 

together to block non-specific binding. Mouse anti-

CD163 (1:100; 93498S, CST), anti-IL-10 (1:100; 

ab34843, Abcam), and anti-VSIG4 (1:100; PA5-52018, 

Thermo) antibodies were incubated overnight at 4° C, 

and then incubation with horseradish-peroxidase 

(HRP)-conjugated secondary antibody. Expression of 

CD163, IL-10, and VSIG4 in tissues was assessed by 

two pathologists. The staining outcomes were assessed 

as the intensity on a scale of 0 to 3; 0 (no staining), 1 

(weak staining), 2 (moderate staining), and 3 (strong 

staining). Positive tumor cell percentage was semi-

quantitatively assessed on a scale of 0 to 4; 0 (none), 1 

(1–25%), 2 (26–50%), 3 (51–75%), and 4 (>75%). 

Histochemical score (H-score) of staining was 

calculated by multiplying these two variables. 
 

Abbreviations 
 

HPSE: heparanase; CTLA4: cytotoxic T lymphocyte 

associated antigen 4; PD-1: programmed death-1; PD-

L1: programmed death ligand-1; NSCLC: non-small-

cell lung carcinoma; TILs: tumor-infiltrating 

lymphocytes; TME: Tumor microenvironment; HS: 

heparan sulfate; GO: gene ontology; BLCA: bladder 

urothelial carcinoma; BRCA: breast invasive 

carcinoma; CHOL: cholangiocarcinoma; ESCA: 

esophageal carcinoma; LUAD: lung adenocarcinoma; 

LUSC: Lung squamous carcinoma; STAD: stomach 

adenocarcinoma; THCA: thyroid carcinoma; COAD: 

colon adenocarcinoma; HNSC: head and neck cancer; 

KIRC: kidney renal clear cell carcinoma; KICH: kidney 

chromophobe; LIHC: liver hepatocellular carcinoma; 

PRAD: prostate adenocarcinoma; READ: rectum 

adenocarcinoma; UCEC: uterine corpus endometrial 

carcinoma; SBR: Scarff–Bloom–Richardson; NPI: 

Nottingham Prognostic Index; Akt: phosphorylation of 

protein kinase B; ERK: extracellular regulated protein 

kinase; CXCL2: C-X-C motif chemokine ligand 2; 

VEGF: vascular endothelial growth factor; MSR-2: 

macrophage scavenger receptor-2; IBD: inflammatory 

bowel disease; TLRs: Toll-like receptors; TCGA: The 

Cancer Genome Atlas; OS: overall survival; RFS: 

relapse-free survival; DMFS: distant metastasis-free 

survival; DSS: disease-specific survival; DFS: disease-

free survival; HR: hazard ratio; GEPIA: Gene 

Expression Profiling Interactive Analysis; DCs: 

dendritic cells; H-score: Histochemical score. 
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ABSTRACT 
 

Background: Protein phosphatase magnesium-dependent 1 delta (PPM1D), also referred to as wild-type p53-
induced phosphatase 1 (Wip1) or protein phosphatase 2C delta (PP2Cδ), is an oncogenic nuclear 
serine/threonine phosphatase belonging to the PP2C family. However, the knowledge regarding PPM1D mRNA 
expression, tumor immunity, and the prognosis in hepatocellular carcinoma (HCC) is scanty. 
Methods: We analyzed PPM1D, including its expression in both the normal and tumor tissue using the 
Sangerbox database and Tumor Immune Estimation Resource (TIMER). We evaluated its correlation with 
prognosis in different tumor types by the Kaplan-Meier plotter and Gene Expression Profiling Interactive 
Analysis (GEPIA). The correlations between PPM1D and the cancer immune infiltrates were determined using 
TIMER. The correlations between PPM1D expression and gene marker sets of the immune infiltrates were 
established by both the TIMER and GEPIA. Immunohistochemistry was performed to detect the expression of 
Wip1 protein encoded by PPM1D in HCC, and the relationship between Wip1 expression and the prognosis of 
HCC were analyzed. 
Results: We found out that PPM1D mRNA expression was significantly higher in several human cancers, 
including HCC, than in the corresponding normal human tissues. The PPM1D mRNA high expression in HCC was 
significantly correlated with poor prognosis. The expression was associated with progression-free survival (PFS) 
in multiple HCC patients’ cohorts (PFS HR = 1.5, P = 0.0066). This was especially in early stage (stage 1) and 
AJCC_T 1 of HCC. Besides, PPM1D mRNA expression indicated a positive correlation with tumor-infiltrating 
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INTRODUCTION 
 

Globally, hepatocellular carcinoma (HCC) ranks fifth 

in the incidence and ranks second in leading cause of 

cancer-related deaths of all malignant tumors [1]. 

There are many factors that can cause HCC, hepatitis 

B is well known as the main risk factor of HCC, and 

there are other risk factors such as alcoholic liver 

disease, hepatitis C and carcinogens for instance 

aflatoxin [2–5]. The sole radical treatment for HCC is 

surgical resection [6, 7]. However, most HCC patients 

are normally diagnosed at intermediate to advanced 

stages. As such they become ineligible for radical 

therapies. Besides, the rate of recurrence is high even 

with surgical resection [7]. At present, it is thus 

important to determine original prognostic markers 

and therapeutic targets for HCC. 

 

PPM1D gene, encoding Wip1 phosphatase, is expressed 

in neutrophils, stem cells, macrophages, hematopoietic 

progenitors, B and T lymphocytes in peripheral blood 

and bone marrow [8]. Previous studies indicate that 

PPM1D is amplified and overexpressed in various 

tumors and it is hence considered an oncogene [9, 10]. 

PPM1D is a phosphatase which promote growth and its 

numerous downstream targets are important tumor 

promoting factors. In our previous study, we found 

PPM1D was overexpressed in renal clear cell carcinoma 

and intrahepatic cholangiocarcinoma. Its overexpression 

is related to poor prognosis [11–14]. It is also reported 

that PPM1D is one of underlying prognostic biomarkers 

and treatment targets for HCC [15]. However, its 

functions and mechanisms of HCC progression is 

unknown. 

 

Based on the expression of specific markers, we studied 

the expression of PPM1D, its association with prognosis 

of HCC, while level of the various tumor-infiltrating 

immune cells (TIICs) in this research. Tumor Immune 

Estimation Resource (TIMER), Gene Expression 

Profiling Interactive Analysis (GEPIA) and the Kaplan-

Meier plotter databases were applied in the analyses 

above. Our results revealed the vital contribution of 

PPM1D in HCC prognosis. Besides, they implied that 

expression of PPM1D might regulate tumor immunity 

through modulating the infiltration of the immune cells 

of HCC. 

MATERIALS AND METHODS 
 

PPM1D gene expression database analysis 
 

PPM1D mRNA status of various tumors including 

HCC and the corresponding normal tissues were 

identified from the sangerbox database 

(http://sangerbox.com/Tool). The threshold was 

established with respect to the following values: P-value 

of 0.001, fold change of 1.5. 
 

Kaplan-meier plotter database analysis 
 

Our researchers used Kaplan-Meier plotter to establish 

the correlation between the expression of genes and the 

survival rates of 21 different tumors from >10,000 

tumor samples. We used the Kaplan-Meier plotter to 

analyse the correlation between PPM1D gene 

expression and the survival rates of the lung, ovarian, 

breast, gastric, pancreatic and liver tumors. We select 

the required conditions according to the default settings 

to get the required results; and this was foundation of 

hazard ratios (HR), with log-rank P-values and 95% 

confidence intervals. 

 

TIMER database analysis 
 

TIMER (https://cistrome.shinyapps.io/timer/) is a 

systematic database, and we used it to analyse the TIICs 

in 32 tumor types from >10,000 tumor samples in The 

Cancer Genome Atlas (TCGA) database systematically 

(https://cistrome.shinyapps.io/timer/). Foundation on the 

investigation of the gene expression profiles, TIMER 

inferred the abundance of the TIICs. PPM1D expression 

in various tumor types was studied. We also determined 

the relationship between the status of PPM1D gene and 

the plenty of the infiltrating immune cells 

(macrophages, CD8+ T cells, CD4+ T cells, dendritic 

cells (DCs), B cells and neutrophils), according to the 

expression of the specific marker gene in various 

tumors inclusive of HCC. The gene markers for the 

TIICS included the markers for monocytes, neutrophils, 

natural killer (NK) cells, tumor-associated macrophages 

(TAMs), DCs, CD8+ T cells, T cells (general), B cells, 

T-helper 2 (Th2) cells, T-helper 1 (Th1) cells, M1 

macrophages, M2 macrophages, exhausted T cells,  

T-helper 17 (Th17) cells, follicular helper T (Tfh) cells 

Monocytes, tumor-associated macrophages (TAMs), M1 Macrophage, M2 Macrophage, dendritic cells (DCs), 
T-helper (Th) and Treg. Wip1 was higher in HCC than paracancerous tissue. High expression of Wip1 was 
associated with poor prognosis of HCC. 
Conclusion: Our findings suggested that PPM1D mRNA is critical in activating tumor immunity. Besides, they 
implied that PPM1D could be a potential prognostic biomarker for cancer progression. Moreover, it correlated 
with tumor immune cell infiltration in HCC. 

http://sangerbox.com/Tool
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and regulatory T cells (Tregs). These gene markers were 

consulted in the prior researches [16–19]. 

 

Gene correlation analysis in GEPIA 

 

GEPIA database (http://gepia.cancer-pku.cn/index.html) 

confirmed the significantly correlated genes in TIMER. 

It aided in analyzing the RNA expression data of the 

GTEx and TCGA projects inclusive of 8,587 normal 

and 9,736 cancer tissue samples. Besides, GEPIA 

helped in generating the survival curves, which includes 

disease-free survival (DFS) and overall survival (OS) 

rates. 

 

Immunohistochemistry 

 

The tissues were fixed by formalin, embedded by 

paraffin, and sliced into thin sections. Then, we 

immunostained the tissue sections with a polyclonal 

anti-Wip1 antibody (Santa Cruz Biotechnology, 

Santa Cruz, CA, USA), by using standard techniques 

to detect the expression of Wip1 protein [11]. 

Afterwards, all tissue sections were read by optical 

microscopies and evaluated for ≥5 fields at a × 400 

magnification independently by more than two 

pathological professors who were not conscious of 

any outcome or clinical data. While the cell 

membrane and cytoplasm stained brown, the tissue 

sections were considered as wip1 positive. All images 

were captured by microscopic imaging system (Nikon 

E1000, Tokyo, Japan). 

 

Statistical analysis 

 

Based on the Sangerbox and TIMER database, the gene 

expression analysis entailed determination of the ranks, 

fold changes and P-values. We used Kaplan-Meier plots 

to generate the survival curves. Gene expression 

corrections were performed in the GEPIA and TIMER 

databases by Spearman’s correlation analysis. The 

statically significant difference was considered when 

p < 0.05. 

 

Ethics approval and consent to participate 

 

All procedures performed in studies involving human 

participants were in accordance with the ethical 

standards of the institutional and/or national research 

committee and with the 1964 Helsinki declaration and 

its later amendments or comparable ethical standards. 

This study was approved by the ethical committee of 

Hunan Normal University. 

 
Availability of data and materials 

 

Data and materials are included in the manuscript. 

RESULTS 
 

The levels of PPM1D mRNA in various human 

tumors 

 

To determine the differences between PPM1D mRNA 

expression in normal and tumor tissues, the status of 

PPM1D mRNA were analyzed through Sangerbox and 

TIMER database. The results of the analyses 

demonstrated that the PPM1D expression was higher in 

various tumors, such as esophageal carcinoma (ESCA), 

glioblastoma multiforme (GBM), colon adenocarcinoma 

(COAD), cholangiocarcinoma (CHOL), adrenocortical 

carcinoma (ACC), stomach adenocarcinoma (STAD), 

lung adenocarcinoma (LUAD), pancreatic adeno-

carcinoma (PAAD), brain lower grade glioma (LGG), 

breast invasive carcinoma (BRCA), hepatocellular 

carcinoma (HCC), acute myeloid leukemia (LAML), 

skin cutaneous melanoma (SKCM), testicular germ cell 

tumors (TGCT), prostate adenocarcinoma (PRAD), 

kidney renal papillary cell carcinoma (KIRP), kidney 

renal clear cell carcinoma (KIRC), thyroid carcinoma 

(THCA) and uterine carcinosarcoma (UCS) tissue; and 

they were significantly lower in rectum adenocarcinoma 

(READ), uterine corpus endometrial carcinoma (UCEC), 

lung squamous cell carcinoma (LUSC) and ovarian 

serous cystadenocarcinoma (OV) than in the normal 

tissues, which were shown in Figure 1A. The analysis of 

TCGA RNA-seq data demonstrated that mRNA 

expression of PPM1D was significantly lower in BRCA, 

kidney chromophobe (KICH), lung squamous cell 

carcinoma (LUSC), COAD, LUAD, THCA, and UCEC 

comparing with the corresponding normal tissue. 

Though, PPM1D expression was remarkably higher in 

HCC in comparison to the corresponding normal tissue 

(Figure 1B). However, there was difference in the 

expression of PPM1D in some tumors, such as BRCA, 

COAD, LUAD and THCA, between the two databases. 

The results of the two databases consistently show that 

PPM1D was significantly extremely expressed in CHOL 

and HCC. 

 

Prognostic significance of PPM1D expression in 

cancers 

 

High PPM1D expressions were not associated with OS 

in HCC (Figure 2A), however the mRNA expressions 

of PPM1D was significant related with poor prognosis 

in HCC (PFS: HR = 1.5, 95% CI = 1.12 to 2.02, P = 

0.0066; Figure 2B). However, PFS in PAAD (Figure 

2F) have no associated with mRNA expression of 

PPM1D. In gastric cancer, the high PPM1D mRNA 

expression was significant correlated with better 

prognosis (Figure 2C, 2D and 2E). These findings imply 

that the prognostic significance of the status of PPM1D 

expressions in different tumors is inconsistent (Figure 2). 

http://gepia.cancer-pku.cn/index.html
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In some tumors, high expression of PPM1D indicates a 

poor prognosis such as MESO, high expression of PPM1D 

in some cancers indicates a good prognosis such as KIRC, 

and the expression level of PPM1D in some cancers has no 

correlation with the prognosis such as HNSC 

(Supplementary Figure 1). The above results suggest that 

the prognostic significance of PPM1D mRNA expression 

in various tumors depends on tumor types. 

 

Association of PPM1D expressions with different 

clinical HCC patients through Kaplan-Meier plotter 

 

Higher expression of PPM1D associated with poor OS, 

PFS, RFS and DSS (Table 1). Combined with univariate 

and multivariate analyses of clinicopathological factors 

affecting PFS of HCC patients (Table 2), we found 

PPM1D expression was associated with male, non-

vascular infiltrating, Asian, and hepatitis virus-infected 

of HCC patients. In particular, the high PPM1D mRNA 

expression correlated with worse disease-specific 

(DSS), recurrence-free (RFS) and progression-free 

survival (PFS) in stage 1 and AJCC-T 1 of HCC 

patients. However, the expression of PPM1D does not 

seem to be related to the prognosis for the middle and 

late stages of HCC (Table 1). 

 

The association of the levels of PPM1D with the 

infiltration level of immune cells in HCC 

 

Based on TIMER database, we analyzed the association 

of PPM1D mRNA expression with the infiltrating 

immune cells in 8 types of digestive tumors inclusive of 

HCC. These results showed the expression of PPM1D 

mRNA remarkably associated with tumor purity, CD8+ 

T cells, macrophages, CD4+ T cells, DCs and B cells of 

them. (Figure 3 and Supplementary Figure 2). 

 

 
 

Figure 1. PPM1D expression in different types of human cancers. (A) High or low expression of PPM1D in different human cancer 

tissues compared with normal tissues using the Sangerbox database. (B) The level of PPM1D expression in different tumor types from the 
TCGA database in TIMER. Note: *P < 0.05, **P < 0.01, ***P < 0.001. Abbreviations: ACC: Adrenocortical carcinoma; BLCA: Bladder Urothelial 
Carcinoma; BRCA: Breast invasive carcinoma; CHOL: Cervical and endocervical cancers(CESC), Cholangiocarcinoma; COAD: Colon 
adenocarcinoma; DLBC: Lymphoid Neoplasm Diffuse Large B-cell Lymphoma; ESCA: Esophageal carcinoma; GBM: Glioblastoma multiforme; 
HNSC: Head and Neck squamous cell carcinoma; KICH: Kidney Chromophobe; KIRC: Kidney renal clear cell carcinoma; KIRP: Kidney renal 
papillary cell carcinoma; LAML: Acute Myeloid Leukemia; LGG: Brain Lower Grade Glioma; HCC: Hepatocellular Carcinoma; LUAD: Lung 
adenocarcinoma; LUSC: Lung squamous cell carcinoma; MESO: Mesothelioma; OV: Ovarian serous cystadenocarcinoma; PAAD: Pancreatic 
adenocarcinoma; PCPG: Pheochromocytoma and Paraganglioma; PRAD: Prostate adenocarcinoma; READ: Rectum adenocarcinoma; SKCM: 
Skin Cutaneous Melanoma; STAD: Stomach adenocarcinoma; TGCT: Testicular Germ Cell Tumors; THCA: Thyroid carcinoma; UCEC: Uterine 
Corpus Endometrial Carcinoma; UCS: Uterine Carcinosarcoma; UVM: Uveal Melanoma. 
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We also detected that higher PPM1D mRNA expression 

related with higher immune cells infiltration and worse 

prognosis in HCC (Figure 3). The PPM1D mRNA 

expression positively associated with the infiltration 

rates of the CD4+ T cells (r = 0.329, P = 4.06e-10), 

CD8+ T cells (r = 0.237, P = 9.15e-06), B cells (r = 

0.276, P = 2.00e-07), macrophages (r = 0.402, P = 

1.16e-14), and DCs (r = 0.385, p = 1.88e-13) in HCC 

tissues. These findings indicate that PPM1D is vital in 

immune cells infiltration in HCC, particularly in 

macrophages. Although these findings indicate 

differences in the level of tumor infiltration by the 

immune cell, the mRNA expression of PPM1D and 

prognosis in various tumors, the results generally imply 

that mRNA expression of PPM1D modulates the 

infiltration of the immune cells to cancer tissues. 

 

Association analysis of PPM1D mRNA expression 

with the marker of distinct subgroups of immune 

cell 

 

The relation between PPM1D mRNA expression and 

the level of TIICs in HCC tissues was analysed based 

on the GEPIA and TIMER databases. Considering that 

the analysis of immune infiltration is affected by tumor 

purity of clinical samples, so we used purity to adjust 

the analysis (Table 3). The immune cells in HCC tissue 

including T cells (general), B cells, CD8+ T cells, 

TAMs, DCs, NK cells, M1 and M2 macrophages, 

monocytes, Tregs, Th17, Th1, Th2, exhausted T and 

Tfh cells were analyzed, using CHOL as the control. 

 

According to the GEPIA and TIMER databases, 

PPM1D mRNA expression in HCC tissue remarkably 

associated with the expression of marker gene due to 

TAMs, tumor-infiltrating Monocytes, M1 Macrophage, 

M2 Macrophage, DCs, Th and Treg (Figure 4 and Table 

4), while the association was not remarkable in CHOL 

(Supplementary Figure 3 and Table 4). 

 

The mRNA expression of PPM1D revealed that the 

association with the expression of the markers of 

particular immune cell including the monocyte marker, 

such as CD86 (r = 0.392; P = 3.77e-14), IRF5 (r = 

0.381; P = 2.26e-13), COX2 (r = 0.404; P = 5.96e-15), 

CD163 (r = 0.393; P = 3.21e-14), BDCA-4 (r = 0.541; P 

= 1.43e-27), STAT1 (r = 0.446; P = 3.10e-18), STAT6 

(r = 0.366; P = 2.41e-12), STAT5A (r = 0.404; 

 

 
 

Figure 2. Kaplan-Meier survival curve analysis of the prognostic significance of high and low expression of PPM1D in different types of 

human cancers using the Kaplan-Meier plotter database (A–F). (A, B) OS and High PPM1D expression was correlated with poor PFS in HCC (n 
= 364, n = 370). (C, D) Survival curves of OS and PFS survival curves in the gastric cancer (n = 875, n = 498). (E, F) OS and PFS survival curves in 
the Pancreatic ductal adenocarcinoma (n = 177, n = 69). Abbreviations: OS: overall survival; PFS: progression-free survival. 
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Table 1. Correlation of PPM1D mRNA expression and prognosis in HCC with different characteristics by Kaplan-
Meier plotter. 

Charac

teristics 

OS (n = 364) PFS (n = 366) RFS (n = 313) DSS (n = 357) 

N Hazard Ratio P-value N Hazard Ratio p-value N Hazard Ratio p-value N Hazard Ratio p-value 

SEX 

Male 246 1.87 (0.91–3.87) 0.085 246 1.52 (1.05–2.2) 0.027 208 1.62 (1.07–2.46) 0.023 241 1.87 (0.91–3.87) 0.085 

Female 118 1.69 (0.87–3.27) 0.120 120 1.66 (0.98–2.8) 0.057 105 1.55 (0.84–2.84) 0.160 116 2.12 (1–4.45) 0.044 

STAGE 

1 170 1.56 (0.85–2.88) 0.150 170 2.31 (1.4–3.8) 0.000 153 2.19 (1.27–3.76) 0.004 167 2.72 (1.12–6.61) 0.021 

2 83 1.71 (0.68–4.28) 0.250 84 0.8 (0.42–1.51) 0.490 74 0.67 (0.34–1.29) 0.230 82 2.55 (0.56–9.52) 0.21 

3 83 0.65 (0.36–1.18) 0.150 83 0.75 (0.44–1.29) 0.300 68 0.78 (0.42–1.47) 0.440 81 0.65 (0.32–1.34) 0.24 

4 5 – – – – – – – – – – – 

AJCC_T 

1 180 1.54 (0.86–2.77) 0.140 180 2.18 (1.34–3.54) 0.001 160 2.06 (1.22–3.49) 0.006 177 2.25 (1.01–5.04) 0.042 

2 90 1.8 (0.73–4.42) 0.190 92 0.77 (0.42–1.41) 0.400 79 0.68 (0.36–1.27) 0.220 89 2.95 (0.67–12.9) 0.13 

3 78 0.58 (0.31–1.09) 0.086 78 1.57 (0.76–3.25) 0.220 65 0.76 (0.4–1.44) 0.390 75 0.52 (0.23–1.18) 0.11 

4 13 – – 13 – – 6 – – 13 – – 

Vascular invasion 

None 203 1.72 (1.03–2.87) 0.036 204 2.11 (1.33–3.35) 0.001 175 1.95 (1.21–3.15) 0.006 200 1.81 (0.88–3.71) 0.099 

Micro 90 2.14 (0.93–4.93) 0.066 91 1.41 (0.79–2.49) 0.240 81 0.52 (0.26–1.01) 0.050 88 2.45 (0.76–7.97) 0.12 

Race 

white 181 0.73 (0.45–1.18) 0.190 183 1.45 (0.98–2.16) 0.060 147 1.41 (0.9–2.21) 0.130 177 1.34 (0.71–2.52) 0.37 

Asian 155 1.9 (1.03–3.49) 0.035 155 1.8 (1.12–2.88) 0.014 143 2.01 (1.2–3.36) 0.007 152 5.57 (1.31–9.65) 0.0086 

Hepatitis virus 

Yes 150 2.17 (1.11–4.28) 0.021 152 1.97 (1.24–3.12) 0.003 138 2.07 (1.26–3.4) 0.003 149 2.75 (1.13–6.69) 0.02 

None 167 1.54 (0.97–2.44) 0.067 167 1.54 (0.97–2.44) 0.067 142 0.72 (0.43–1.18) 0.190 163 2 (0.99–4.05) 0.049 

 

P = 5.25e-15), CCR8 (r = 0.513; P = 1.41e-24), and 

STAT5B (r = 0.731; P = 5.82e-59) (Table 1). These 

findings imply that PPM1D mRNA expression 

correlated with infiltration of the immune cell in HCC. 

 

Immunohistochemical examination about the 

expression of Wip1 in HCC samples 

 

We collected 40 patient specimens for immunohisto-

chemical examination and completed the follow-up work. 

All the patients were divided into two groups with good 

prognosis and poor prognosis by the median survival time. 

Then the expression levels of Wip1 were analyzed in the 

two groups. Wip1 was highly expressed in hepatocellular 

carcinoma compared with precancerous tissue (Figure 5). 

There were 6 patients with high wip1 expression in good 

prognosis group, and 15 patients with high wip1 expression 

in poor prognosis group. In summary, higher expressions of 

Wip1 were intently correlated to worse prognosis, as shown 

in Table 5. 

 

 
 

Figure 3. Correlation analysis of PPM1D expression and infiltration levels of immune cells in HCC tissues based on the 
TIMER database. PPM1D expression in HCC tissues positively correlates with tumor purity and infiltration levels of B cells, CD8+ T cells, 

CD4+ T cells, macrophages, and DCs. 
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Table 2. Univariate and multivariate analyses of clinicopathological factors affecting PFS of HCC patients. 

Characteristics 
Univariate analysis Multivariate analysis 

HR (95% CI) P value HR (95% CI) P value 

SEX     

Male 1.52 (1.05–2.2) 0.027 1.42 (0.95–1.8) 0.069 

Female 1.66 (0.98–2.8) 0.057 - – 

STAGE     

1 2.31(1.4–3.8) 0.00071 2.02 (1.6–3.2) 0.005 

2 0.8(0.42–1.51) 0.49 – – 

3 0.75(0.44–1.29) 0.3 – – 

AJCC_T     

1 2.18 (1.34–3.54) 0.0013 1.62 (1.42–2.85) 0.02 

2 0.77 (0.42–1.41) 0.4 – – 

3 1.57 (0.76–3.25) 0.22 – – 

Vascular invasion     

None 2.11 (1.33–3.35) 0.0012 1.85 (1.45–3.20) 0.034 

Micro 1.41 (0.79–2.49) 0.24 – – 

Race     

White 1.45 (0.98–2.16) 0.06 – – 

Asian 1.8 (1.12–2.88) 0.014 1.62 (0.92–2.45) 0.32 

Hepatitis virus     

Yes 1.97 (1.24–3.12) 0.0033 1.52 (0.67–2.86) 0.47 

None 1.54 (0.97–2.44) 0.067 – – 

 

Table 3. Correlation analysis between PPM1D and related genes and markers of immune cells in TIMER. 

Description 
Gene 

markers 

HCC CHOL 

None Purity None Purity 

Core P Core P Core P Core P 

CD8+ T cell CD8A 0.17 ** 0.254 *** 1.107 0.533 0.019 0.914 

 CD8B 0.07 0.18 0.15 ** 0.073 0.673 0.003 0.987 

T cell (general) CD3D 0.03 0.59 0.1 0.06 0.232 0.173 0.152 0.385 

 CD3E 0.1 0.06 0.206 *** 0.172 0.315 0.066 0.705 

 CD2 0.08 0.12 0.182 *** 0.151 0.377 0.046 0.791 

B cell CD19 0.18 *** 0.222 *** 0.307 0.068 0.243 0.160 

 CD79A 0.14 ** 0.238 *** 0.287 0.090 0.221 0.203 

Monocyte CD86 0.27 *** 0.392 *** 0.127 0.460 0.023 0.897 

 CSF1R 0.21 *** 0.326 *** 0.172 0.315 0.100 0.568 

TAM CCL2 0.19 *** 0.295 *** 0.281 0.096 0.246 0.155 

 CD68 0.18 *** 0.255 *** 0.181 0.289 0.132 0.449 

 IL10 0.23 *** 0.324 *** 0.251 0.140 0.158 0.364 

Ml Macro-phage NOS2 0.21 *** 0.223 *** 0.307 0.069 0.312 0.068 

 IRF5 0.39 *** 0.381 *** 0.219 0.199 0.179 0.304 

 PTGS2 0.28 *** 0.404 *** 0.383 0.021 0.338 0.046 

M2 Macro-phage CD163 0.28 *** 0.393 *** 0.392 0.018 0.343 0.044 

 VSIG4 0.18 *** 0.285 *** 0.28 0.099 0.216 0.213 

 MS4A4A 0.22 *** 0.33 *** 0.286 0.091 0.21 0.227 

Natural killer cell KIR2DL1 0.06 0.23 0.058 0.28 -0.202 0.237 –0.239 0.166 
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 KIR2DL3 0.18 *** 0.217 *** -0.015 0.929 –0.04 0.818 

 KIR2DL4 0.12 0.02 0.152 ** -0.214 0.211 –0.272 0.114 

 KIR3DL1 0.13 0.01 0.157 ** -0.124 0.471 –0.158 0.364 

 KIR3DL2 0.08 0.12 0.130  0.02 -0.105 0.542 –0.113 0.516 

 KIR3DL3 0.04 0.5 0.017 0.75 -0.191 0.265 –0.225 0.193 

 KIR2DS4 0.09 0.08 0.099 0.07 -0.114 0.507 –0.149 0.392 

Dendritic cell HLA-DPB1 0.16 ** 0.253 *** 0.088 0.608 –0.004 0.982 

 HLA-DQB1 0.07 0.21 0.147 ** 0.311 0.066 0.269 0.118 

 HLA-DRA 0.22 *** 0.321 *** 0.071 0.681 –0.033 0.850  

 HLA-DPA1 0.22 *** 0.322 *** 0.056 0.743 –0.048 0.783 

 BDCA-1 0.19 *** 0.263 *** 0.136 0.428 0.052 0.767 

 BDCA-4 0.51 *** 0.541 *** 0.515 ** 0.484 ** 

 CD11c 0.27 *** 0.356 *** 0.288 0.089 0.219 0.206 

Th1 TBX21 0.10 0.05 0.176 ** 0.147 0.390  0.033 0.852 

 STAT4 0.18 *** 0.232 *** 0.099 0.564 0.04 0.820  

 STAT1 0.41 *** 0.446 *** 0.4 * 0.379 * 

 TNF 0.12 0.02 0.187 *** 0.037 0.83 –0.067 0.703 

 INF-α 0.22 *** 0.309 *** 0.319 0.059 0.294 0.087 

Th2 GATA3 0.16 ** 0.280  *** 0.046 0.79 –0.082 0.638 

 STAT6 0.39 *** 0.366 *** 0.529 ** 0.548 *** 

 STAT5A 0.35 *** 0.404 *** 0.228 0.181 0.196 0.258 

 IL13 0.09 0.08 0.097 0.07 0.04 0.818 –0.011 0.95 

Tfh BCL6 0.41 *** 0.401 *** 0.407 * 0.4 * 

 IL21 0.12 0.02 0.162 ** 0.326 0.053 0.286 0.095 

Th17 STAT3 0.49 *** 0.528 *** 0.547 *** 0.557 *** 

 IL17A 0.1 0.06 0.107 0.05 0.053 0.759 0.005 0.979 

Treg FOXP3 0.3 *** 0.335 *** 0.264 0.12 0.189 0.277 

 CCR8 0.43 *** 0.513 *** 0.344 * 0.293 0.088 

 STAT5B 0.74 *** 0.731 *** 0.642 *** 0.637 *** 

 TGFB1 0.21 *** 0.297 *** 0.307 0.069 0.265 0.124 

T cell exhaustion PD-1 0.14 ** 0.198 *** 0.203 0.234 0.157 0.369 

  CTLA4 0.11 0.03 0.186 *** 0.225 0.186 0.171 0.325 

 LAG3 0.11 0.04 0.149 ** 0.08 0.64 0.005 0.977 

 TIM-3 0.23 *** 0.351 *** 0.126 0.464 0.036 0.839 

 GZMB 0.04 0.43 0.075 0.17 0.039 0.823 –0.058 0.742 

 

DISCUSSION 
 

This study illustrated that mRNA expression of PPM1D 

were correlated with several human cancer prognosis. 

High PPM1D mRNA levels correlated with poor 

prognosis in HCC. Furthermore, PPM1D mRNA levels 

associated with the level of TIICs, with respect to the 

status of the markers for the various immune cell types 

in HCC. These findings suggested that PPM1D is an 

underlying prognostic marker for HCC and other 

tumors. 

 

The Sangerbox, TIMER, GEPIA, and Kaplan-Meier 

Plotter databases were used to study the status of 

PPM1D mRNA in tumor tissue. The analysis 

demonstrated that PPM1D expression was significantly 

upregulated in most cancers. However, the expression 

of PPM1D differed in various cancers. This reflects 

differences in different methods of data collection as 

well as hidden causative mechanism. Furthermore, our 

results of PPM1D expression was consistent in HCC 

tissues with other databases. Moreover, we also found 

PPM1D protein was upregulated in HCC tissue than the 

paracancerous tissue. The GEPIA database gene 

expression analysis revealed that higher PPM1D 

expression related with worse prognosis in cancers 

including HCC, BLCA, CESC, MESO and UVM. 

Besides, Kaplan-Meier Plotter analysis disclosed that 
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PPM1D higher expression related with worse prognosis 

in HCC. Through immunohistochemistry, we also 

verified the high expression of PPM1D protein. The 

high PPM1D expression related with poor prognosis of 

the patients in early stage (stage 1 and AJCC_1), and 

long PFS and OS in HCC patients with low PPM1D 

expression (Table 1). The findings imply that PPM1D is 

one of underlying prognostic markers for HCC, 

especially for patients in early stage. 

 

Dissimilar to traditional tumor treatments such as 

chemotherapy and radiotherapy, immunotherapy is an 

innovative treatment method that dynamically regulates 

the immune system to attack tumor cells in diverse 

 

 
 

Figure 4. Correlation analysis of PPM1D mRNA expression and the expression of marker genes of infiltrating immune cells in HCC (A–H) 
using the TIMER database. (A–G) The scatter plots show correlation between PPM1D expression and the gene markers of (A) Monocytes 
(CD86 and CSF1R); (B) TAMs (CCL2, IL-10 and CD68); (C) M1 Macrophage (NOS2, IRF5 and PTGS2); (D)M2 Macrophage (CD163, VSIG4 and 
MS4A4A); (E) DCs (HLA-DPB1, HLA-DRA, HLA-DPA1, CD1C and NRP1); (F) Th1 cells (STAT4, STAT1 and TNF); (G) Th2 cells (GATA3, STAT6 and 
STAT5A) and (H) Tregs (FOXP3, CCR8, STAT5B and TGFB1) in HCC samples (n = 371). PPM1D gene was on the x-axis and the related marker 
genes were on the y-axis. 
 

 
 

Figure 5. WIP1 expression in paracancerous and hepatocellular carcinoma tissues. (A, B) Wip1 is low expressed in paracancerous 

tissues; (C, D) Wip1 is highly expressed in tumor tissues. 
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Table 4. Correlation analysis between PPM1D and related genes and markers in GEPIA. 

Description Gene markers 

HCC CHOL 

Tumor Normal Tumor Normal 

R P R P R P R P 

Monocyte CD86 0.28 *** 0.55 *** 0.13 0.44 0.60 0.097 

 CD115 0.25 *** 0.52 *** 0.20 0.25 0.23 0.55 

TAM CCL2 0.18 *** 0.23 0.11 0.25 0.14 0.55 0.13 

 CD68 0.21 *** 0.57 *** 0.21 0.21 0.43 0.25 

 IL10 0.25 *** 0.39 ** 0.29 0.08 0.38 0.32 

Ml Macrophage iNOS 0.25 *** 0.14 0.33 0.37 * –0.10 0.80 

 IRF5 0.38 *** 0.26 0.07 0.21 0.22 0.25 0.52 

M2 Macrophage VSIG4 0.17 ** 0.43 ** 0.30 0.08 0.05 0.91 

 MS4A4A 0.22 *** 0.50 *** 0.30 0.08 0.13 0.74 

Dendritic cell HLA-DPB1 0.18 *** 0.45 *** 0.10 0.57 0.13 0.74 

 HLA-DQB1 –0.05 0.38 0.20 0.17 0.24 0.16 0.20 0.61 

 HLA-DRA 0.22 *** 0.47 *** 0.042 * 0.18 0.64 

 HLA-DPA1 0.22 *** 0.46 *** 0.026 0.88 0.12 0.78 

 BDCA-1(CD1C) 0.18 *** 0.31 * 0.073 0.67 0.05 0.91 

 CD11c(ITGAX) 0.30 *** 0.40 ** 0.30 0.07 0.62 0.09 

“R” is a correlation coefficient, the higher the value, the stronger the correlation. 
 

Table 5. The relationship between Wip1 expression and prognosis in HCC. 

Prognosis Wip1 expression 2 P value 

 Low High   

Good prognosis 14 6 
8.120 0.004 

Poor prognosis 5 15 

 

targets and directions [20]. In various basic experiments 

and clinical researches, it has been found that 

immunotherapy does have an incomparable advantage 

over traditional cancer treatments, and can prolong OS 

and PFS [21]. Current research shows that immuno-

therapy also plays a significant role in HCC [22, 23]. In 

recent years, immune checkpoint inhibitors (anti-

CTLA-4, anti-PD-1 and anti-PD-L1 antibodies) have 

shown therapeutic potentiality on advanced HCC [24, 

25]. Therefore, an in-depth understanding of tumor 

immune infiltration can help provide prognostic 

predictors for immunotherapy, and provide more 

precise and individualized treatment for HCC. 

 

A previous study showed that a PPM1D-deficient 

mouse has defective immune response [26]. There was 

cumulative evidence suggested that a PPM1D-deficient 
mouse has immune response deficiency [27], neutrophil 

migration and development via p38-MAPK-STAT1 

pathway [28]; macrophage migration and phagocytosis 

[29]; dendritic spine memory and morphology via 

p53MAPK signaling. PPM1D mutations assembled in 

H3F3A-mutated malignant brainstem gliomas, and high 

intratumoral CD8+ T cell density was less common in 

the H3F3A-mutated tumors. Moreover, patients with 

H3F3A-mutated tumors experienced worse prognoses 

in comparison to other patients. It is speculated that 

PPM1D may be related to poor prognosis resulting from 

low intracranial CD8+ T cells [30]. 

 

Our study demonstrates that higher PPM1D expression 

correlated with worse prognosis in HCC and infiltration 

of different types of immune cell inclusive of CD4+, 

CD8+ T cells, macrophages, B cells and DCs. As an 

important component of the tumor microenvironment, 

TAM play a vital role in immune regulation. The 

increase of TAM and PD-L1 in liver cancer shows the 
characteristics of immune escape [31]. We established 

the relationship between expression of PPM1D mRNA 

and TAM markers, IL-10 and CD68, and iNOS, M1 
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macrophage marker, IRF5 and COX2. This implies that 

PPM1D activates the infiltration and TAM’s activity. 

PPM1D expression was also associated with the 

expression of the markers various subsets of Th cells, 

including Tregs (FOXP3, STAT5B and TGF-β), Tfh 

(BCL6), and Th1 (STAT-1, STAT-4 and TNF-α), Th2 

(GATA3, STAT6, STAT35A). This suggests the vital 

contribution of the PPM1D in adjusting tumor-

infiltration of the Th cells. Besides, the expression of 

the deficient T cells marker, TIM-3 and PD-1, which 

were critical inhibitory immune checkpoint proteins 

definitely associated with the PPM1D expression. 

Interestingly, PPM1D is highly expressed in HCC and 

CHOL from Sangerbox and TIMER database., and our 

previous researches have illustrated that PPM1D is 

associated with poor prognosis of cholangiocarcinoma 

[11]. However, the analysis found that PPM1D is not 

correlated to the immune cell infiltration of CHOL, 

suggesting that the association of PPM1D on immune 

cell infiltration has a special role in HCC, which is 

worthy of further study. 
 

Currently, researchers are concerned about the 

contribution of PPM1D in HCC. It is reported that 

mRNA of PPM1D was remarkably higher in HCC than 

corresponding normal tissue from 86 HCC. The high 

PPM1D was related to TNM stage, alpha- fetoprotein 

(AFP) level, tumor size, recurrence incidence and  

the family history for HCC. Nevertheless, PPM1D 

expression and age, gender, alcohol intake, lymph node 

metastasis, hepatitis B virus infection or portal vein 

invasion did not show any correlation [32]. In this study, 

we realized that the upregulation of PPM1D correlated 

with poor prognosis in specific patients who had some 

specific clinical characteristics inclusive of alcohol 

consumers, Asians, males, those in early stages (stage 1 

and AJCC_1), and the suffering from hepatitis viral 

infections. The findings in this study consistent with our 

previous study [11, 14]. However, the credibility of this 

study could be higher than that of a single-center study 

since it emanates from multiple databases. In general, 

our findings imply that a high expression of PPM1D 

could be related with poor prognosis of HCC. 
 

Final note: Our research has some limitations. The first 

point is that many of our data sources are previously 

reported data, not all of our own clinical data. The 

second point is that some tumors in the database have 

too few samples. 

 

CONCLUSIONS 
 

Our findings suggest that PPM1D might be an 

underlying prognostic marker for HCC, that could be 

taken to determine the rate of immune cells infiltration 

in cancer tissue. The comparatively high levels of 

PPM1D in HCC and other cancers imply a high risk for 

tumor relapse after treatment. As such, close medical 

monitoring is vital for these patients.  
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SUPPLEMENTARY MATERIALS 
 

Supplementary Figures 

 

 
 

Supplementary Figure 1. Correlation of PPM1D mRNA expression with prognostic values in diverse types of cancer in the 
GEPIA databases. Overall survival and disease free curves comparing the high and low expression of PPM1D in Hepatocellular carcinoma 
(HCC) (A, B), Head and Neck squamous cell carcinoma (HNSC) (C, D), Kidney renal clear cell carcinoma (KIRC) (E, F), Mesothelioma (MESO) 
(G, H), Thyroid carcinoma (THCA) (I, J), Thymoma (THYM) (K, L), Kidney Chromophobe (KICH) (M, N), Glioblastoma multiforme (GBM) (O, P). 

 

 
 

Supplementary Figure 2. Correlation analysis of PPM1D expression and infiltration levels of immune cells in digestive 
system tumors tissues based on the TIMER database. PPM1D expression in HCC tissues positively correlates with tumor purity and 

infiltration levels of B cells, CD8+ T cells, CD4+ T cells, macrophages, and DCs. (A) Cholangiocarcinoma (CHOL), (B) Colon adenocarcinoma 
(COAD), (C) Esophageal carcinoma (ESCA), (D) Pancreatic adenocarcinoma (PAAD), (E) Rectum adenocarcinoma (READ), (F) stomach 
adenocarcinoma (STAD). 
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Supplementary Figure 3. Correlation analysis of PPM1D mRNA expression and the expression of marker genes of infiltrating immune 

cells in CHOL (A–H) using the TIMER database. (A–G) The scatter plots show correlation between PPM1D expression and the gene markers 
of (A) Monocytes (CD86 and CSF1R); (B) TAMs (CCL2, IL-10 and CD68); (C) M1 Macrophage (NOS2, IRF5 and PTGS2); (D) M2 Macrophage 
(CD163, VSIG4 and MS4A4A); (E) DCs (HLA-DPB1, HLA-DRA, HLA-DPA1, CD1C and NRP1); (F) Th1 cells (STAT4, STAT1 and TNF); (G) Th2 cells 
(GATA3, STAT6 and STAT5A) and (H) Tregs (FOXP3, CCR8, STAT5B and TGFB1) in HCC samples (n = 36). PPM1D gene was on the x-axis and 
the related marker genes were on the y-axis. 
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INTRODUCTION 
 

Cancer caused approximately 10 million of deaths in the 

year 2020 worldwide [1]. With the development of new 

technologies and experimental methods and devices, 

numerous research advancement have been achieved in 

both basic and clinical fields in the last decade [2, 3]. 

Triple negative breast cancer (TNBC) is the most 

aggressive subtype of breast cancer with limited 

therapeutic options [4]. Recent studies revealed several 

underlying molecular mechanisms and potential drugs 

for TNBC [5, 6]. However, there is still a long way to 
go before clinical application. It is crucial to clarify the 

mechanisms underly TNBC’s aggressive phenotype and 

explore novel prognostic biomarkers and therapeutic 

targets. 

It was reported that CCR5-∆32/∆32 genotype was 

associated with reduced life expectancy despite the 

protective effect of the mutation against HIV by 

analyzing genotyping and death registry information of 

409,693 individuals of British ancestry [7]. This report 

indicated that CCR5 might have some positive roles in 

human fitness and thus caught the attention of the whole 

world immediately. 

 

Actually, the function of CCR5 remain elusive despite 

intensive study in recent years. For instance, some 

researchers claimed that CCR5 could promote breast 

cad gastric cancer progression, while others 
demonstrated that the expression of CCR5 in both 

CD4+ and CD8+ T cells was critical in boosting anti-

tumor immune response [8–11]. We and our 
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collaborators showed that CCR5 overexpression was 

associated with better prognosis of breast cancer, lung 

cancer, liver cancer, rectal cancer and cervical cancer 

which might owing to its association with immune cell 

infiltration [12]. In this study, we will analysis the 

expression and prognostic value of CCR5 in TNBC 

and explore the underlying molecular mechanisms 

using multi-omics data. We will also discuss the 

association between CCR5 and ICB efficacy related 

genes and offer potential therapeutic options for 

TNBC. 

 

RESULTS 
 

CCR5 expression and its association with survival 

and TIL in basal-like or triple negative breast cancer 

 

CCR5 is overexpressed in breast cancer in comparison 

to matched normal control (Supplementary Figure 1, P 

< 0.0001). Its expression level in basal-like breast 

cancer or TNBC are significantly higher than in non-

basal-like or non-TNBC samples (Figure 1A, 

expression data is obtained from bc-GenExMiner 

database, P < 0.0001). Methylation level of CCR5 

promoter region was significantly associated with 

CCR5 expression (Spearman r = 0.5912, P < 0.0001, 

Figure 1B), which meant that methylation might be one 

of the main regulators of CCR5 expression. As is shown 

in Figure 1C, Kaplan–Meier analyses indicated that 

CCR5 expression was positively correlated with overall 

survival (OS), recurrence free survival (RFS) and 

distant metastasis-free survival (DMFS) (merged TNBC 

gene expression data and corresponding clinical 

information were from KM plot, HR = 0.41, 0.39 and 

0.32; P = 0.0007, <0.0001 and <0.0001, respectively), 

which was further confirmed by analyzing TCGA 

TNBC data (OS, HR = 0.37, P = 0.0185). Tumor 

immune cell infiltration analyses using TIMER in basal-

like breast cancer samples showed that adjusted CCR5 

expression was significantly correlated with tumor 

infiltration of B cell, CD8+ T cell, CD4+ T cell, 

Neutrophil and Dendritic cell (P < 0.0001), while there 

was no correlation between CCR5 expression and 

Macrophage infiltration (P = 0.233) (Figure 1D). 

 

GSEA analysis of CCR5 using 1570 breast cancer 

samples 

 

Since CCR5 is overexpressed in TNBC/basal-like breast 

cancer and is associated with better survival and tumor 

immune cell infiltration, we wish to elucidate the 

potential roles of CCR5 in breast cancer using an 

expression profiling dataset containing 1570 breast 

cancer samples. GSEA analyses results (Figure 2) 

indicated that CCR5 expression was positively 

correlated with innate inflammation pathways such as 

NF-κB pathway (Figure 2A, NES = 2.5, P < 0.0001). It 

was also associated with TCR pathway, Th1Th2 

pathway, T cell to Natural killer pathway and immune 

checkpoint related signatures (Figure 2B–2E, NES = 

2.35, 2.17, 2.27, 2.13, respectively, all P < 0.0001). 

Moreover, CCR5 was associated with apoptosis (Figure 

2F, NES = 2.04, P < 0.0001). These results indicated 

that CCR5 might repress breast cancer progression 

through NF-κB pathway, immune cell activation and 

pro-apoptosis. 

 

The genomic landscape of CCR5 high and low 

expressed TNBC patients 

 

Next, the genomic landscape of TNBC patients with 

CCR5 high and low expression were compared and

 

 
 

Figure 1. (A) CCR5 is overexpressed in basal-like or TNBC subtypes of breast cancer compared to not basal-like or non-TNBC subtypes. (B) 

The expression of CCR5 is negatively correlated CCR5 promoter methylation levels. (C) Patients with CCR5 high expression have better 
survivals compared to CCR5 low expression group. (D) CCR5 expression is positively correlated with tumor infiltration immune cells such as 
B cell, CD8+ T cell, CD4+ T cell, Neutrophil and Dendritic cell. 
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presented in Figure 3. Figure 3A shows the comparison 

of mutation profiles between CCR5 high and low 

groups. We can see that TP53 has the highest mutation 

rate both in CCR5 high and CCR5 low TNBC patients 

(78.08% vs. 67.12%). Since the mutation rate of TP53 

in breast cancer is around 30%, the high mutation rate 

of TP53 in TNBC indicates its potential role in TNBC 

progression. The following mutated genes are TTN, 

USH2A and PIK3CA etc. (19.18% vs. 23.29%, 6.85% 

vs. 12.33% and 10.96% vs. 9.59%, respectively). Figure 

3B presents the comparison of CNA profiles between 

CCR5 high and low groups. The top three gene with 

copy number variation are MYC, EXT1 and RAD21 

(Amplification, 37.97% vs. 35.06%, 31.65% vs. 27.27% 

and 30.38% vs. 27.27%, respectively). Detailed 

mutation and CNA profiling data comparison were 

presented in Supplementary Table 1. 

 

Prognostic value of CCR5 in TP53 

wildtype/mutation TNBC patients 

 

Results in the previous section showed that TP53 was 

highly mutated in TNBC, the association between 

CCR5 expression and TP53 mutation was explored in 

this part. Using expression and mutation data of TCGA, 

we demonstrated that there was no statistical difference  

of CCR5 expression in TNBC patient with or without 

TP53 mutation (Figure 4A). Kaplan-Meier analysis 

results showed that CCR5 expression is not associated 

with overall survival of TNBC patients in TP53

 

 
 

Figure 2. GSEA results show that CCR5 is positively correlated with NF-κB pathway (A), TCR pathway (B), TH1/TH2 pathway (C), Natural 

killer cell up (D), immune checkpoint signature (E) and Apoptosis (F). 
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wildtype group (HR = 0.93, P = 0.93, Figure 4B), while 

high expression of CCR5 was associated with better 

overall survival in TNBC patients with TP53 mutation 

(HR = 0.27, Logrank p = 0.0083, Figure 4C). The above 

results indicate that CCR5 expression is not correlated 

with TP53 mutation status, however, the function of 

CCR5 in mitigating TNBC progression may rely on 

TP53 mutation. We tried to explain this interesting 

phenomenon by analysis the expression pattern of 

CCR5 and immune checkpoint markers in TNBC 

patients with or without P53 mutation (Supplementary 

Figures 2–3). The correlation between CCR5 expression 

and infiltrated immune cells were also visualized in 

Supplementary Figures 4–5. 

 

Proteomic analysis of CCR5 high and low expressed 

TNBC patients 

 

Reverse phase protein array (RPPA) data of TNBC, 

which containing 226 antibodies, was downloaded from 

TCGA. Differentially changed proteins were computed 

and top changed proteins were presented in Figure 5  

 

 
 

Figure 3. Comparison of mutation (A) and CNV (B) landscapes between CCR5 high expression and low expression groups. 
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Figure 4. (A) There is no statistical difference of CCR5 expression between TP53 wildtype and TP53 mutation groups in TNBC samples. (B) 

CCR5 expression is not associated with OS in TNBC patients with wildtype TP53. (C) Patients with high CCR5 expression have better survival 
in TP53 mutation TNBC samples. 

 

 

 
 

Figure 5. Differentially expressed proteins between CCR5 high expression and low expression groups. 
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(For detailed information, please see Supplementary 

Table 1). LCK, SYK, IRF1, CASP7_cleaved D198, 

BCL2L11, BCL2 and JAK2 were higher in TNBC 

patients with high CCR5 expression, while IGFBP2, 

RAB25, FN1, Acetyl-α-tubulin-Lys40, YAP1_pS127, 

RB1_pS807_S811 were lower in CCR5 high TNBC 

patients. There are no statistical differences of YAP1 

and RB1 between CCR5 high and CCR5 low TNBC 

patients. These proteomic changes might partly account 

for CCR5 associated good prognosis. 

 

Clustering analysis of CCR5 and immune 

checkpoint related signatures in TNBC samples 

 

Previously, we demonstrated that CCR5 expression was 

correlated with tumor immune cell infiltration. Since 

TILs were often associated with the efficacy of 

immunotherapy, the prognostic of CCR5 in 

immunotherapy would be very interesting. Here, we 

performed ROC curve analyses using gene expression 

data of melanoma treated with immune checkpoint 

inhibitor (GSE91061, pre-treatment and on-treatment) 

to show the predictive power of CCR5 in predicting 

disease control rate (DCR). The AUC of pre-treatment 

CCR5 value (pre), on-treatment CCR5 value (on) and 

‘on-treatment minus pre-treatment CCR5 value (on-

pre)’ were 0.5509, 0.7338 and 0.7546, respectively 

(Supplementary Figure 6). The prognostic power of on-

pre was the highest (sensitivity = 75%, specificity = 

77.78%). These results showed that CCR5 elevation 

after immune checkpoint blockade (ICB) was a 

significant prognostic marker, which might also have 

therapeutic implications. Since CCR5 is associated with 

ICB efficacy, heat map and cluster analysis were 

performed using TNBC data from TCGA through MeV 

to show the expression pattern of CCR5 and immune 

checkpoint related genes. Figure 6 shows that these 

genes are clustered into three main groups: Lactate 

dehydrogenase (LDH); ICOSLG, IL23A, TNFRSF4, 

TNFRSF18, TNFSF9 and IL12A; CCR5 and other ICB 

efficacy related genes including PDCD1 (PD1), CD274 

(PDL1), JAK2 and LAG3. Specifically, CCR5 

expression pattern is more similar to PTPRC, 

TNFRSF9, ICOS and CTLA4. The above results 

indicate that CCR5 is a prognostic marker for ICB 

treatment and could serve as a potential therapeutic 

target. Cox regression for survival analysis using CCR5 

and immune checkpoint related genes was performed. 

Risk groups were divided using best cutoff point of risk 

score. Figure 7 indicated that patients in low risk group 

had better OS than high risk group. 

 

Association analyses of CCR5 and ICB efficacy 

related genes in TNBC samples 

 

Next, we discussed the latest findings on molecular 

basis of ICB resistance and analyzed the association 

between CCR5 and those genes. We demonstrate that in 

TNBC patients CCR5 is positively correlated with IFN-

γ, IL12B and key non-canonical NF-kB pathway genes,  

 

 
 

Figure 6. Heat map of CCR5 and immune checkpoint related genes. Green represents low expression level and red represents high 

expression level. The two upper rows represent survival and survival status, respectively. 
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namely CD40, ABCB11, NFKB2, RELB and 

MAP3K14 (Figure 8A and Figure 8C–8H). Besides, 

CCR5 is also positively correlated with T cell co-

stimulator CD28 and immune checkpoint receptor 

LAG3 (Figure 8I–8J). While the correlation between 

CCR5 and IL12A does not have statistical significance 

(Figure 8B). FGL1 is overexpressed in breast cancer in 

comparison to matched normal control (Supplementary 

Figure 7A, P = 0.0039), but there is no statistical 

difference between basal-like and non-basal-like group 

of breast cancer (Supplementary Figure 7B). The 

correlation between CCR5 and FGL1 does not have 

statistical significance (Supplementary Figure 7C). 

SIGLEC15 and YTHDF1 are overexpressed in breast 

cancer and especially non-basal-like subtype 

(Supplementary Figures 8A–8B and 9A–9B). There is 

no correlation between the expression of CCR5 and 

SIGLEC15, YTHDF1 (Supplementary Figures 8C and 

9C, P = 0.347 and 0.422, respectively). The above 

results indicate that in TNBC patients with CCR5 

overexpression, T Cell-DCs crosstalk involving IFN-γ 

and IL12 is activated, which means these patients would 

show better therapeutic efficacy to anti-PD1 

immunotherapy. Since the expression of SIGLEC and 

YTHDF1 are higher in not basal-like breast cancer 

subtype, these genes might be more promising 

therapeutic targets for non-basal-like subtype or breast 

cancer patients with low CCR5 expression. 
 

DISCUSSION 
 

Great success has been achieved in cancer management 

in recent years. For instance, use implanted 3D-Printed 

vertebral bodies with robotic stereotactic radiotherapy 

 

 
 

Figure 7. Kaplan-Meier analyses indicate that patients in low risk group have better OS than those in high risk group (blue 
represents low risk group and yellow represents high risk group, Logrank p < 0.0001). 
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for spinal tumor treatment [13]; encapsulate irinotecan 

(CPT-11) into micelle-based nanoparticles for a better 

efficacy in cancer therapy [14]; immunotherapy using 

immune checkpoint inhibitors has been applied in 

several solid tumors including TNBC [15, 16]; 

development of allele-specific K-RasG12C inhibitors 

for the treatment of oncogenic KRAS mutant in 

different cancer types [17]. However, the current 

situation is far from satisfied. It is still crucial to clarify 

the molecular mechanisms underly cancer progression 

and explore novel prognostic biomarkers and 

therapeutic targets. 

 

Despite intensive studies on CCR5 in recent years, the 

roles of CCR5 in cancer remain elusive. Previously, we 

and our collaborators demonstrated that CCR5 is 

associated with better overall survival of several cancer 

types including breast cancer [12]. However, the 

expression pattern and prognostic value of CCR5 in 

different breast cancer subtypes and underlying 

mechanistic insights still needs to be clarified. 

In this study, we showed that CCR5 is overexpressed in 

TNBC compared to non-TNBC or normal control and is 

associated with better prognosis of TNBC. CCR5 

expression is positively correlated with tumor immune 

cell infiltration and tumor immune response related 

pathways. Multi-omics data of TNBC were compared 

based on CCR5 expression levels and CCR5 associated 

genomic and proteomic changes were identified. CCR5 

overexpression was associated with better OS in TNBC 

patients with TP53 mutation. We also summarized the 

latest findings on ICB efficacy related genes and 

explored the association between CCR5 and those 

genes. These results indicate that CCR5 is a potential 

tumor repressor gene and individualized therapeutic 

strategy could be established based on multi-omics 

background and expression pattern of ICB related 

genes. Finally, several drugs that could potentially 

upregulated CCR5 expression were suggested. 

 

Previously, Pestell et al. reported that CCR5 antagonists 

maraviroc could reduce invasion and 

 

 
 

Figure 8. (A, C–J) CCR5 is positively correlated with good prognostic markers of anti-immune checkpoint therapies such as IFNG, IL12B, 

CD40, ABCB11, NFκB2, RELB, MAP3K14, CD28 and LAG3. (B) The correlation between the expression of CCR5 and IL12A does not have 
statistical significance (p = 0.0624). 
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metastasis of basal breast cancer cells in vitro and in 
vivo. And they suggested that CCR5 antagonists could 

be used as a therapeutic option for mitigating the risk of 

metastasis in patients with the basal breast cancer 

subtype [8]. Our results indicated that CCR5 is 

associated with longer OS of TNBC patients with TP53 

mutation and is positively correlated with tumor 

immune response. These results seem to be inconsistent 

with Pestell’s results, which could be explained by 

drawbacks of their experiment design that merely using 

cancer cell lines and immunodeficient (NOD/SCID) 

mice model. Moreover, our study is supported by 

another group from The Scripps Research Institute, 

which showed that CCR5 expression in both CD4+ and 

CD8+ T cells was necessary to activate cancer immune 

response that might have implications for cancer 

treatment in patients with CCR5 deficiency. 

 

We also summarized the latest findings on the 

molecular basis of ICB efficacy and discussed the 

association between CCR5 and those signatures. It is 

reported that effective anti-PD1 therapy requires the 

crosstalk between T cells and intratumoral dendritic 

cells (DCs) [18]. Specifically, anti-PD1 mAb could 

activate T cells and induce IFN-γ production, which 

further induced IL-12 production by DCs. Effective 

anti-PD1 therapy requires IL-12 produced by DCs to 

license effector T cell responses in cancer patients. 

Agonizing non-canonical NF-κB pathway can induce 

IL-12 production through DCs activation and enhance 

anti-PD1 therapy. Moreover, IL-12 and T cell co-

stimulator CD28 are required to achieve maximal 

IFN-γ response. Lieping Chen et al. reported in Cell 

[19] that FGL1 was a major immune inhibitory ligand 

of LAG-3 and blockade of the FGL1-LAG-3 

interaction could enhance anti-tumor immunity, 

suggesting that FGL1-LAG-3 pathway was an 

important immune evasion mechanism and a potential 

target for immunotherapy. Three months later, 

Lieping Chen group identified SIGLEC15 as a critical 

immune suppressor and its expression was mutually 

exclusive to PDL1, which implicated its potential 

therapeutic value in cancer patients especially for 

those who failed to response to anti-PDL1 therapy 

[20]. Chuan He et al. reported a novel immune 

evasion mechanism in Nature that the N6-

methyadenosine (m6A) marked transcripts encoding 

lysosomal proteases were recognized and bounded by 

YTHDF1 in DCs, which promoted translation of 

lysosomal proteases for excessive neoantigen 

degradation, thereby mitigating neoantigen-specific 

tumor immunity. Furthermore, the efficacy of anti-

PDL1 therapy was enhanced in Ythdf1−/− mice, 
suggesting YTHDF1 as a promising target for 

immunotherapy [21]. Here, we show that CCR5 is 

positively correlated IFN-γ, IL12B and key non-

canonical NF-kB pathway genes such as CD40, 

ABCB11, NFKB2, RELB and MAP3K14. It is also 

associated with CD28 and LAG3, while there are no 

correlation between CCR5 and IL12A, FGL1, 

SIGLEC15 and YTHDF1. These results suggest that 

CCR5 may increase the efficacy of anti-PD1 therapy 

through activating T cell-DCs crosstalk. 

 

Furthermore, we find several drugs that can upregulated 

CCR5 expression by exploring CTD database. For 

instance, Cisplatin, cyclophosphamide, Oxaliplatin, 

Topotecan and Clofibrate can promote CCR5 

expression, which implicates their potential application 

in managing TNBC patients with low CCR5 expression 

(Supplementary Figure 10). 

 

In summary, CCR5 is overexpressed in TNBC and is 

associated with better prognosis of TNBC with TP53 

mutation. Potential mechanisms may include activation 

of certain tumor suppressors while repressing some 

oncogenic pathways such as YAP1. Activation of 

effector T cell may also account for CCR5 related 

tumor immune response. All these data suggest that 

CCR5 is a prognostic marker and potential therapeutic 

target for TNBC with TP53 mutation. Further wet lab 

experiments and clinical trials are warranted. 

 

MATERIALS AND METHODS 
 

Ethics statement 

 

All the data used in this study were downloaded from 

publicly available sources. The Research Ethics 

Committee of Zhejiang Provincial people’s Hospital 

and National Cancer Center/National Clinical 

Research Center for Cancer/Cancer Hospital waived 

the requirement for ethical approval. 

 

Data source 

 

Gene expression data for non-basal-like/basal-like or 

non-TNBC/TNBC comparison were obtained from bc-

GenExMiner database. Gene expression data of CCR5 

and other immune related genes in TNBC were 

downloaded from The Cancer Genome Atlas (TCGA: 

http://cancergenome.nih.gov/). Mutation, Methylation, 

Protein expression and copy number alteration data of 

TNBC were also obtained from TCGA. Data for 

survival analyses were downloaded from KMplot [22] 

and TCGA. All other expression data were obtained 

from Gene Expression Omnibus (GEO) [23]. 

Specifically, GSE70947 [24] was used for comparing 

expression levels between breast cancer and paired 
normal control; GSE47561 [25] (N = 1570) was used 

for Gene Set Enrichment Analysis (GSEA) [26]; 

GSE96061 [27] was used for ROC (Receiver operating 

http://cancergenome.nih.gov/
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characteristic) curve analysis. Chemical-gene 

interaction data was downloaded from The Comparative 

Toxicogenomics Database (CTD base) [28]. The 

abundance data of infiltrated immune cells in TCGA 

TNBC data was obtained from xCell [29]. 

 

Bioinformatics and statistical analyses 

 

Heat map and clustering analysis were performed using 

MeV software (http://mev.tm4.org). GSEA was 

performed to show the functional enrichment of CCR5 

in breast cancer. Immune infiltration analysis was using 

TIMER [30]. R 4.0.0 (R Foundation for Statistical 

Computing (http://www.r-project.org/)) or GraphPad 

Prism 5.01 (GraphPad Software, Inc. 

(http://www.graphpad.com)) were utilized to perform 

all other statistical analyses. Cox regression and related 

survival analysis were performed using ‘survival’ and 

‘survminer’ packages [31, 32]. Correlation analysis and 

visualization were performed using ‘corrplot’ package 

[33]. Standard statistical tests including paired t-test, 

fisher exact test and independent samples t-test were 

employed in the data analyses. Adjust P value was 

corrected for multiple comparisons using the Benjamini 

and Hochberg's false discovery rate [34]. Significance 

was defined as a P value < 0.05. 

 

Availability of data 
 

Data sharing is not applicable to this article as no new 

data were created or analyzed in this study. 

 

AUTHOR CONTRIBUTIONS 
 

Xin Wang and Yong Han contributed to manuscript 

drafting and revising. Xin Wang, Jiamin Peng and Yong 

Han contributed to data analysis and interpretation. 

Yong Han and Jie He contributed to the conception of 

the study and final approval. 

 

CONFLICTS OF INTEREST 
 

The authors declare no conflicts of interest related to 

this study. 

 

FUNDING 
 

This work was supported by National Natural Science 

Foundation of China, Grant Number: 81702774. 

Zhejiang Provincial Administration of Traditional 

Chinese Medicine, Grant Number: 2016ZB018. Natural 

Science Foundation of Zhejiang Province, No. 

LY17H160065. Zhejiang Provincial Medical and 

Healthy Science Foundation (no. 2014KYA077). Major 

Project of Medical and Health Science and Technology 

in Zhejiang Province (WKJ-ZJ-1715). 

REFERENCES 
 
1. Sung H, Ferlay J, Siegel RL, Laversanne M, 

Soerjomataram I, Jemal A, Bray F. Global Cancer 
Statistics 2020: GLOBOCAN Estimates of Incidence 
and Mortality Worldwide for 36 Cancers in 185 
Countries. CA Cancer J Clin. 2021; 71:209–49. 
https://doi.org/10.3322/caac.21660 
PMID:33538338 

2. Feng M, Pan Y, Kong R, Shu S. Therapy of Primary 
Liver Cancer. Innovation (N Y). 2020; 1:100032. 
https://doi.org/10.1016/j.xinn.2020.100032 
PMID:32914142 

3. Gu C, Shi X, Dai C, Shen F, Rocco G, Chen J, Huang Z, 
Chen C, He C, Huang T, Chen C. RNA m6A Modification 
in Cancers: Molecular Mechanisms and Potential 
Clinical Applications. Innovation (N Y). 2020; 
1:100066. 
https://doi.org/10.1016/j.xinn.2020.100066 
PMID:34557726 

4. Yang X, Weng X, Yang Y, Zhang M, Xiu Y, Peng W, Liao 
X, Xu M, Sun Y, Liu X. A combined hypoxia and 
immune gene signature for predicting survival and 
risk stratification in triple-negative breast cancer. 
Aging (Albany NY). 2021; 13:19486–509. 
https://doi.org/10.18632/aging.203360 
PMID:34341184 

5. Jin L, Luo C, Wu X, Li M, Wu S, Feng Y. LncRNA-HAGLR 
motivates triple negative breast cancer progression 
by regulation of WNT2 via sponging miR-335-3p. 
Aging (Albany NY). 2021; 13:19306–16. 
https://doi.org/10.18632/aging.203272 
PMID:34375306 

6. Liu N, Wang X, Li X, Lv X, Xie H, Guo Z, Wang J, Dou G, 
Du Y, Song D. Identification of effective natural 
PIK3CA H1047R inhibitors by computational study. 
Aging (Albany NY). 2021; 13:20246–57. 
https://doi.org/10.18632/aging.203409 
PMID:34415239 

7. Wei X, Nielsen R. CCR5-Δ32 is deleterious in the 
homozygous state in humans. Nat Med. 2019; 
25:909–10. 
https://doi.org/10.1038/s41591-019-0459-6 
PMID:31160814. Retraction in: Nat Med. 2019; 
25:1796. 
https://doi.org/10.1038/s41591-019-0637-6 
PMID:31595084 

8. Velasco-Velázquez M, Jiao X, De La Fuente M, Pestell 
TG, Ertel A, Lisanti MP, Pestell RG. CCR5 antagonist 
blocks metastasis of basal breast cancer cells. Cancer 
Res. 2012; 72:3839–50. 
https://doi.org/10.1158/0008-5472.can-11-3917 
PMID:22637726 

http://mev.tm4.org/
http://www.r-project.org/
http://www.graphpad.com/
https://doi.org/10.3322/caac.21660
https://pubmed.ncbi.nlm.nih.gov/33538338
https://doi.org/10.1016/j.xinn.2020.100032
https://pubmed.ncbi.nlm.nih.gov/32914142
https://doi.org/10.1016/j.xinn.2020.100066
https://pubmed.ncbi.nlm.nih.gov/34557726
https://doi.org/10.18632/aging.203360
https://pubmed.ncbi.nlm.nih.gov/34341184
https://doi.org/10.18632/aging.203272
https://pubmed.ncbi.nlm.nih.gov/34375306
https://doi.org/10.18632/aging.203409
https://pubmed.ncbi.nlm.nih.gov/34415239
https://doi.org/10.1038/s41591-019-0459-6
https://pubmed.ncbi.nlm.nih.gov/31160814
https://doi.org/10.1038/s41591-019-0637-6
https://pubmed.ncbi.nlm.nih.gov/31595084
https://doi.org/10.1158/0008-5472.can-11-3917
https://pubmed.ncbi.nlm.nih.gov/22637726


 

www.aging-us.com 23820 AGING 

 9. Pervaiz A, Zepp M, Mahmood S, Ali DM, Berger MR, 
Adwan H. CCR5 blockage by maraviroc: a potential 
therapeutic option for metastatic breast cancer. Cell 
Oncol (Dordr). 2019; 42:93–106. 
https://doi.org/10.1007/s13402-018-0415-3 
PMID:30456574 

10. González-Martín A, Mira E, Mañes S. CCR5 in cancer 
immunotherapy: More than an "attractive" receptor 
for T cells. Oncoimmunology. 2012; 1:106–8. 
https://doi.org/10.4161/onci.1.1.17995 
PMID:22720226 

11. Aldinucci D, Casagrande N. Inhibition of the 
CCL5/CCR5 Axis against the Progression of Gastric 
Cancer. Int J Mol Sci. 2018; 19:1477. 
https://doi.org/10.3390/ijms19051477 
PMID:29772686 

12. Zhang J, Wang J, Qian Z, Han Y. CCR5 is Associated 
With Immune Cell Infiltration and Prognosis of Lung 
Cancer. J Thorac Oncol. 2019; 14:e102–3. 
https://doi.org/10.1016/j.jtho.2018.12.037 
PMID:31027743 

13. Zhuang H, Wei F, Jiang L, Wang Y, Liu Z. Assessment 
of Spinal Tumor Treatment Using Implanted 3D-
Printed Vertebral Bodies with Robotic Stereotactic 
Radiotherapy. Innovation (N Y). 2020; 1:100040. 
https://doi.org/10.1016/j.xinn.2020.100040 
PMID:34557713 

14. Li C, Xu J, Gan Y, Liang XJ. Innovative Irinotecan-
Loaded Nanomicelles Will Enter Phase I Clinical Trial 
in 2021. Innovation (N Y). 2020; 1:100057. 
https://doi.org/10.1016/j.xinn.2020.100057 
PMID:34557721 

15. Lu Z, Peng Z, Liu C, Wang Z, Wang Y, Jiao X, Li J, Shen 
L. Current Status and Future Perspective of 
Immunotherapy in Gastrointestinal Cancers. 
Innovation (N Y). 2020; 1:100041. 
https://doi.org/10.1016/j.xinn.2020.100041 
PMID:34557714 

16. O'Meara TA, Tolaney SM. Tumor mutational burden 
as a predictor of immunotherapy response in breast 
cancer. Oncotarget. 2021; 12:394–400. 
https://doi.org/10.18632/oncotarget.27877 
PMID:33747355 

17. Jiao D, Yang S. Overcoming Resistance to Drugs 
Targeting KRASG12C Mutation. Innovation (N Y). 2020; 
1:100035. 
https://doi.org/10.1016/j.xinn.2020.100035 
PMID:32939510 

18. Garris CS, Arlauckas SP, Kohler RH, Trefny MP, Garren 
S, Piot C, Engblom C, Pfirschke C, Siwicki M, 
Gungabeesoon J, Freeman GJ, Warren SE, Ong S, et al. 
Successful Anti-PD-1 Cancer Immunotherapy Requires 

T Cell-Dendritic Cell Crosstalk Involving the Cytokines 
IFN-γ and IL-12. Immunity. 2018; 49:1148–61.e7. 
https://doi.org/10.1016/j.immuni.2018.09.024 
PMID:30552023 

19. Wang J, Sanmamed MF, Datar I, Su TT, Ji L, Sun J, 
Chen L, Chen Y, Zhu G, Yin W, Zheng L, Zhou T, Badri 
T, et al. Fibrinogen-like Protein 1 Is a Major Immune 
Inhibitory Ligand of LAG-3. Cell. 2019; 176:334–
47.e12. 
https://doi.org/10.1016/j.cell.2018.11.010 
PMID:30580966 

20. Wang J, Sun J, Liu LN, Flies DB, Nie X, Toki M, Zhang J, 
Song C, Zarr M, Zhou X, Han X, Archer KA, O'Neill T, et 
al. Siglec-15 as an immune suppressor and potential 
target for normalization cancer immunotherapy. Nat 
Med. 2019; 25:656–66. 
https://doi.org/10.1038/s41591-019-0374-x 
PMID:30833750 

21. Han D, Liu J, Chen C, Dong L, Liu Y, Chang R, Huang X, 
Liu Y, Wang J, Dougherty U, Bissonnette MB, Shen B, 
Weichselbaum RR, et al. Anti-tumour immunity 
controlled through mRNA m6A methylation and 
YTHDF1 in dendritic cells. Nature. 2019; 566:270–4. 
https://doi.org/10.1038/s41586-019-0916-x 
PMID:30728504 

22. Györffy B, Lanczky A, Eklund AC, Denkert C, Budczies 
J, Li Q, Szallasi Z. An online survival analysis tool to 
rapidly assess the effect of 22,277 genes on breast 
cancer prognosis using microarray data of 1,809 
patients. Breast Cancer Res Treat. 2010; 123:725–31. 
https://doi.org/10.1007/s10549-009-0674-9 
PMID:20020197 

23. Barrett T, Wilhite SE, Ledoux P, Evangelista C, Kim IF, 
Tomashevsky M, Marshall KA, Phillippy KH, Sherman 
PM, Holko M, Yefanov A, Lee H, Zhang N, et al. NCBI 
GEO: archive for functional genomics data sets--
update. Nucleic Acids Res. 2013; 41:D991–5. 
https://doi.org/10.1093/nar/gks1193 
PMID:23193258 

24. Quigley DA, Tahiri A, Lüders T, Riis MH, Balmain A, 
Børresen-Dale AL, Bukholm I, Kristensen V. Age, 
estrogen, and immune response in breast 
adenocarcinoma and adjacent normal tissue. 
Oncoimmunology. 2017; 6:e1356142. 
https://doi.org/10.1080/2162402X.2017.1356142 
PMID:29147603 

25. Ur-Rehman S, Gao Q, Mitsopoulos C, Zvelebil M. 
ROCK: a resource for integrative breast cancer data 
analysis. Breast Cancer Res Treat. 2013; 139:907–21. 
https://doi.org/10.1007/s10549-013-2593-z 
PMID:23756628 

26. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, 
Ebert BL, Gillette MA, Paulovich A, Pomeroy SL, Golub 

https://doi.org/10.1007/s13402-018-0415-3
https://pubmed.ncbi.nlm.nih.gov/30456574
https://doi.org/10.4161/onci.1.1.17995
https://pubmed.ncbi.nlm.nih.gov/22720226
https://doi.org/10.3390/ijms19051477
https://pubmed.ncbi.nlm.nih.gov/29772686
https://doi.org/10.1016/j.jtho.2018.12.037
https://pubmed.ncbi.nlm.nih.gov/31027743
https://doi.org/10.1016/j.xinn.2020.100040
https://pubmed.ncbi.nlm.nih.gov/34557713
https://doi.org/10.1016/j.xinn.2020.100057
https://pubmed.ncbi.nlm.nih.gov/34557721
https://doi.org/10.1016/j.xinn.2020.100041
https://pubmed.ncbi.nlm.nih.gov/34557714
https://doi.org/10.18632/oncotarget.27877
https://pubmed.ncbi.nlm.nih.gov/33747355
https://doi.org/10.1016/j.xinn.2020.100035
https://pubmed.ncbi.nlm.nih.gov/32939510
https://doi.org/10.1016/j.immuni.2018.09.024
https://pubmed.ncbi.nlm.nih.gov/30552023
https://doi.org/10.1016/j.cell.2018.11.010
https://pubmed.ncbi.nlm.nih.gov/30580966
https://doi.org/10.1038/s41591-019-0374-x
https://pubmed.ncbi.nlm.nih.gov/30833750
https://doi.org/10.1038/s41586-019-0916-x
https://pubmed.ncbi.nlm.nih.gov/30728504
https://doi.org/10.1007/s10549-009-0674-9
https://pubmed.ncbi.nlm.nih.gov/20020197
https://doi.org/10.1093/nar/gks1193
https://pubmed.ncbi.nlm.nih.gov/23193258
https://doi.org/10.1080/2162402X.2017.1356142
https://pubmed.ncbi.nlm.nih.gov/29147603
https://doi.org/10.1007/s10549-013-2593-z
https://pubmed.ncbi.nlm.nih.gov/23756628


 

www.aging-us.com 23821 AGING 

TR, Lander ES, Mesirov JP. Gene set enrichment 
analysis: a knowledge-based approach for 
interpreting genome-wide expression profiles. Proc 
Natl Acad Sci U S A. 2005; 102:15545–50. 
https://doi.org/10.1073/pnas.0506580102 
PMID:16199517 

27. Riaz N, Havel JJ, Makarov V, Desrichard A, Urba WJ, 
Sims JS, Hodi FS, Martín-Algarra S, Mandal R, 
Sharfman WH, Bhatia S, Hwu WJ, Gajewski TF, et al. 
Tumor and Microenvironment Evolution during 
Immunotherapy with Nivolumab. Cell. 2017; 
171:934–49.e916. 
https://doi.org/10.1016/j.cell.2017.09.028 
PMID:29033130 

28. Davis AP, Grondin CJ, Johnson RJ, Sciaky D, McMorran 
R, Wiegers J, Wiegers TC, Mattingly CJ. The 
Comparative Toxicogenomics Database: update 2019. 
Nucleic Acids Res. 2019; 47:D948–54. 
https://doi.org/10.1093/nar/gky868 
PMID:30247620 

29. Aran D, Hu Z, Butte AJ. xCell: digitally portraying the 
tissue cellular heterogeneity landscape. Genome Biol. 
2017; 18:220. 
https://doi.org/10.1186/s13059-017-1349-1 
PMID:29141660 

30. Arcolia V, Journe F, Wattier A, Leteurtre E, Renaud F, 
Gabius HJ, Remmelink M, Decaestecker C, Rodriguez 
A, Boutry S, Laurent S, Saussez S. Galectin-1 is a 
diagnostic marker involved in thyroid cancer 
progression. Int J Oncol. 2017; 51:760–70. 
https://doi.org/10.3892/ijo.2017.4065 
PMID:28677745 

31. Therneau TM. A Package for Survival Analysis in R. R 
package version 3.2-13. 2021. https://CRAN.R-
project.org/package=survival. 

32. Kassambara A, Kosinski M, Biecek P, Fabian S. 
survminer: Survival Analysis and Visualization. 2021. 
https://rpkgs.datanovia.com/survminer/index.html. 

33. Wei T, Simko V. R package 'corrplot': Visualization of 
a Correlation Matrix. (Version 0.90). 2021. 
https://github.com/taiyun/corrplot. 

34. Benjamini Y, Hochberg Y. Controlling the False 
Discovery Rate: A Practical and Powerful Approach to 
Multiple Testing. J R Stat Soc Series B Stat Methodol. 
1995; 57:289–300. 
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x 

 

https://doi.org/10.1073/pnas.0506580102
https://pubmed.ncbi.nlm.nih.gov/16199517
https://doi.org/10.1016/j.cell.2017.09.028
https://pubmed.ncbi.nlm.nih.gov/29033130
https://doi.org/10.1093/nar/gky868
https://pubmed.ncbi.nlm.nih.gov/30247620
https://doi.org/10.1186/s13059-017-1349-1
https://pubmed.ncbi.nlm.nih.gov/29141660
https://doi.org/10.3892/ijo.2017.4065
https://pubmed.ncbi.nlm.nih.gov/28677745
https://cran.r-project.org/package=survival
https://cran.r-project.org/package=survival
https://rpkgs.datanovia.com/survminer/index.html
https://github.com/taiyun/corrplot
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x


 

www.aging-us.com 23822 AGING 

SUPPLEMENTARY MATERIALS 
 

Supplementary Figures 
 

 
 

Supplementary Figure 1. CCR5 is overexpressed in breast cancer compared to matched normal control. 
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Supplementary Figure 2. The correlation between CCR5 expression and immune checkpoint markers in TNBC patients with 
P53 mutation. 
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Supplementary Figure 3. The correlation between CCR5 expression and immune checkpoint markers in TNBC patients with 
wildtype P53. 
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Supplementary Figure 4. The correlation between CCR5 expression and the abundance of tumor infiltrated immune cells in 
TNBC patients with P53 mutation. 
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Supplementary Figure 5. The correlation between CCR5 expression and the abundance of tumor infiltrated immune cells in 
TNBC patients with wildtype P53. 
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Supplementary Figure 6. ROC curves of CCR5 in pre-treatment, on-treatment and on-treatment minus pre-treatment. AUC 
are 0.5509, 0.7338 and 0.7546, respectively. 

 

 

 
 

Supplementary Figure 7. (A) FGL1 is overexpressed in breast cancer compared to matched normal control. (B) There is no statistical 

difference of FGL1 expression between basal-like subtype and not basal-like subtypes. (C) There is no correlation between the expression of 
CCR5 and FGL1. 
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Supplementary Figure 8. (A) SIGLEC15 is overexpressed in breast cancer compared to matched normal control. (B) SIGLEC15 expression 

is significantly lower in basal-like subtype compared to not basal-like subtypes. (C) There is no correlation between the expression of CCR5 
and SIGLEC15. 

 

 

 
 

Supplementary Figure 9. (A) YTHDF1 is overexpressed in breast cancer compared to matched normal control. (B) YTHDF1 expression is 

significantly lower in basal-like subtype compared to not basal-like subtypes. (C) There is no correlation between the expression of CCR5 
and SIGLEC15. 
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Supplementary Figure 10. Potential drugs that could up-regulate CCR5 expression. 
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Supplementary Table 
 

Please browse Full Text version to see the data of Supplementary Table 1. 

 

Supplementary Table 1. Differentially protein changes between CCR5 high and low groups. 
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INTRODUCTION 
 

Primary liver cancer is one of the most frequently 

diagnosed malignant tumors and the third leading cause 

of cancer-related mortality worldwide, with an 

estimated 906,000 new cases and 830,000 deaths in 

2020 [1]. Hepatocellular carcinoma (HCC) is the most 

common form of primary liver cancer (accounting for 

75–85%) [1]. Due to the lack of understanding about the 

complex carcinogenic mechanisms and efficient 

therapeutic targets, the 5-year survival rate for HCC 

patients remains poor [2]. Thus, there is an urgent need 

to seek promising targets and elaborate on the 

underlying molecular mechanisms involved in HCC 

progression. 

 

The major public databases such as GEO 

(http://www.ncbi.nlm.nih.gov/geo/) and TCGA (https:// 

portal.gdc.cancer.gov/), containing gene expression 

profiles, provide an opportunity to screen the 

differentially expressed genes (DEGs) related to the 

carcinogenesis and development of HCC [3, 4]. The 
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ABSTRACT 
 

Hepatocellular carcinoma (HCC) is the most common malignant liver tumor with high mortality and poor 
prognosis worldwide. This study aimed to identify hub genes and investigate the underlying molecular 
mechanisms in HCC progression by integrated bioinformatics analysis and experimental validation. Based on 
the Gene Expression Omnibus (GEO) databases and The Cancer Genome Atlas (TCGA), 12 critical differential co-
expression genes were identified between tumor and normal tissues. Via survival analysis, we found higher 
expression of LCAT, ACSM3, IGF1, SRD5A2, THRSP and ACADS was associated with better prognoses in HCC 
patients. Among which, THRSP was selected for the next investigations. We found that THRSP mRNA expression 
was negatively correlated with its methylation and closely associated with clinical characteristics in HCC 
patients. Moreover, THRSP expression had a negative correlation with the infiltration levels of several immune 
cells (e.g., B cells and CD4+ T cells). qRT-PCR verified that THRSP was lower expressed in HCC tissues and cell 
lines compared with control. Silencing of THRSP promoted the migration, invasion, proliferation, and inhibited 
cell apoptosis of HCCLM and Huh7 cell lines. Decreased expression of THRSP promoted HCC progression by NF-
κB, ERK1/2, and p38 MAPK signaling pathways. In conclusion, THRSP might serve as a novel biomarker and 
therapeutic target of HCC. 

http://www.ncbi.nlm.nih.gov/geo/
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cancer progression is regulated by the key modulators 

of gene-gene interaction networks, thus the Weighted 

Gene Co-expression Network Analysis (WGCNA) and 

protein-protein interaction (PPI) network analysis have 

been widely used to screen co-expressed genes that 

drive cancers [5, 6].  

 

In this study, we performed differential gene expression 

analysis, WGCNA, and PPI network analysis to screen 

crucial differential co-expression genes associated with 

hepatocarcinogenesis based on the GEO and TCGA 

databases. Via 5-year survival analysis, we found that 

six genes (LCAT, ACSM3, IGF1, SRD5A2, THRSP, 

and ACADS) were associated with the prognosis of 

HCC patients. THRSP (thyroid hormone-responsive, 

also known as Spot 14 or S14) was originally identified 

in 1982 owing to its significant and rapid induction by 

thyroid hormone and it had been reported to have great 

effects on the tissue-specific regulation of lipid 

metabolism [7, 8]. Some studies demonstrated that 

THRSP was relatively abundant in liver, white and 

brown adipose, and lactating mammary tissues and it 

was associated with nonalcoholic fatty liver disease [9, 

10]. THRSP was strongly expressed in most lipogenic 

breast cancers, and high expression of THRSP predicted 

a high recurrence rate of primary invasive breast 

cancers. THRSP mediated lipogenic effects of 

progestin, and THRSP knockdown disrupted lipid 

synthesis and induced apoptosis of breast cancer cells 

[11]. Another study reported that over-expression of 

THRSP increased medium-chain fatty acids synthesis 

and cell proliferation, but reduced tumor metastasis 

[12]. However, THRSP was found to be down-regulated 

in HCC tissues, and the decreased expression of THRSP 

was associated with worse prognosis in our study. To 

understand the roles of THRSP in HCC progression, we 

further analyzed the biological function and clinical 

implications of THRSP via integrated bioinformatics 

analysis. Moreover, we performed qPCR and 

immunohistochemical experiments to explore the 

mRNA and protein expression of THRSP in HCC 

tissues and cells. We also did Western blotting, CCK-8, 

Transwell, wound scratch and flow cytometry assays to 

investigate the function and molecular mechanism of 

THRSP in HCC. 

 

RESULTS 
 

Identification of crucial modules by WGCNA 

 

The “WGCNA” package was used to group genes into 

modules by the average linkage hierarchical 

clustering. In this study, the soft powers β = 3 and 5 

were selected as the soft-thresholding to ensure scale-

free networks (Figure 1A, 1B), and 11 modules in the 

TCGA-LIHC (Figure 1C) and 8 modules in the GEO 

datasets (Figure 1D) were generated. The heatmaps 

(Figure 1E, 1F) of module-trait relationships were 

plotted to identify modules most significantly 

correlated with clinical features (normal and tumor). 

We found the brown modules in the TCGA-LIHC 

(containing 2057 co-expression genes) and GEO 

datasets (containing 2145 co-expression genes) had 

the highest association with tumor tissues (brown 

module in TCGA-LIHC: r = 0.69, p = 7e-60; brown 

module in GEO datasets: r = 0.86, p = 4e-56), which 

were selected as modules of interest for the 

subsequent analysis. 

 

Identification of DEGs and differentially co-

expressed genes 

 

After normalization of the microarrays, 2705 

differentially expressed genes (DEGs) between the 

HCC and normal tissues from the TCGA dataset 

(TCGA_diff) and 567 DEGs from the GEO datasets 

(GEO_diff) were screened by the “limma” package in 

R. Then, a Venn diagram was performed to examine the 

intersection among the DEGs and co-expressed genes of 

key modules. As shown in Figure 2A, 60 differentially 

co-expressed genes were finally obtained. 

 

PPI network and hub genes 

 

The PPI network of the 60 differentially co-expressed 

genes was constructed in the STRING database (Figure 

2B). As showed in Figure 2C, the core genes were 

extracted from the PPI network by the MCC algorithms 

via the CytoHubba plug-in. Meanwhile, the significant 

modules of the 60 differential co-expression genes were 

established using the MCODE plug‐in in Cytoscape 

(Figure 2D). Combining the above two algorithms, 

AFP, IGF1, BCHE, ACSM3, LCAT, ACSL4, ACADS, 

ENO3, CYP1A2, THRSP, GSTZ1, and SRD5A2 were 

finally selected as hub genes. Among them, AFP and 

ACSL4 were up-regulated and the other 10 hub genes 

were down-regulated in HCC tissues (Figure 3). To 

evaluate the prognostic values of the hub genes in HCC 

patients, a 5-year survival analysis was performed by 

Kaplan-Meier plotter. As shown in Figure 4, higher 

expression of LCAT, ACSM3, IGF1, SRD5A2, 

THRSP, and ACADS was associated with a better 5-

year overall survival (p<0.05).  

 

THRSP was down-regulated in HCC tissues and cell 

lines 

 

To verify the expression of THRSP in HCC tissues and 

cell lines, the quantitative real-time PCR (qRT-PCR) and 
immunohistochemistry (IHC) assays were performed in 

this study. The results of qRT-PCR verified that THRSP 

mRNA expression was remarkably lower in HCC tissues 
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Figure 1. Identification of co-expression modules associated with the clinical traits in the TCGA-LIHC dataset and two GEO 
datasets. (A, B) Analysis of the scale-free fit index for various soft-thresholding powers (β). (C, D) Dendrogram of all genes in the TCGA-LIHC 

dataset or GEO datasets clustered based on the 1-TOM matrix. (E, F) Correlation between modules and clinical traits (normal and tumor). 
Each cell contains the corresponding correlation coefficient (the upper number) and the P-value (the lower number). 
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Figure 2. Identification of hub genes. (A) The Venn diagram for selection of the differential co-expression genes among DEG lists and co-

expression modules. (B) PPI network of the intersection genes between DEG lists and co-expression modules. Each blue node represents a 
gene. Edges among nodes indicate interaction associations between genes. (C) Identification of the core genes from the PPI network by MCC 
algorithm. Darker colors refer to higher MCC sores. (D) The top three significant modules of the PPI network were evaluated in MOCDE. Pink 
nodes represent genes in corresponding modules. 
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Figure 3. Validation of expression levels of the 12 hub genes in HCC and normal tissues using GEPIA. *P<0.01 is considered 

statistically significant. Tumor tissues are shown in red, and normal liver tissues are shown in blue. 
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as well as in HCCLM3 and Huh-7 cell lines compared 

with normal groups (Figure 5A, 5B). The results of IHC 

indicated that THRSP was down-regulated in most of 

HCC samples (8/10) (Figure 5C). 

 

The correlation between THRSP expression and 

clinical characteristics 

 

Based on data from Illumina HumanMethylation 450 

platform, we found a significant negative correlation (r 

= −0.81, p <0.001) between THRSP mRNA expression 

and methylation (Supplementary Figure 1A). Four 

THRSP promoter CpG sites were shown in 

Supplementary Figure 1B. The Spearman correlation 

analysis demonstrated that CpG sites were negatively 

correlated with the expression of THRSP 

(Supplementary Figure 1C–1F). Wilcox test was used to 

compare the difference in THRSP expression or 

methylation in groups divided by age, family history of 

cancer, gender, grade, Ishak fibrosis score and race. The 

details were shown in Supplementary Figures 2, 3. Then, 

the HCC patients were dichotomized into two groups 

(“low” or “high”) based on their THRSP expression 

levels or THRSP methylation levels using the median 

values as the cutoff point. The chi-square test was used 

to evaluate the correlation of THRSP expression or 

THRSP methylation with clinical characteristics. As 

listed in Table 1, THRSP mRNA expression or 

methylation was closely associated with the clinical 

indicators including age, family history of cancer, Ishak 

fibrosis score and gender et al.  

 

Relationship of THRSP with immune infiltration 

based on TIMER 2.0  

 

As illustrated in the scatter plots (Supplementary Figure 

4), THRSP expression was negatively correlated with 

infiltrating levels of B cells, CD4+ T cells, dendritic 

cells, and positively correlated with CD8+ T cells, but 

was not correlated with macrophages or neutrophils. In 

addition, we investigated the correlations of THRSP 

expression with the gene markers of various immune 

immune-infiltrating cells (including T cell, B cell, 

monocyte, neutrophil, dendritic cell, tumor-associated 

 

 
 

Figure 4. Overall survival (OS) Kaplan-Meier curves of the 12 hub genes in HCC patients. (A) AFP, p = 0.780. (B) IGF1, p = 0.008. (C) 
BCHE, p = 0.108. (D) ACSM3, p = 0.003. (E) LCAT, p <0.001. (F) ACSL4, p = 0.709. (G) ACADS, p = 0.045. (H) ENO3, p = 0.156. (I) CYP1A2, p = 
0.353. (J) THRSP, p = 0.013. (K) GSTZ1, p = 0.089. (L) SRD5A2, p = 0.016. 
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macrophage and different types of functional  

T cells) in HCC with the TIMER 2.0 database. As 

listed in Supplementary Table 1, THRSP expression 

was negatively associated with most of the gene 

markers.  

 

Silencing of THRSP promoted HCC progression 

 

To explore the functional roles of THRSP in HCC, 

three candidate siRNAs of THRSP (THRSP-siRNAs) 

were transfected into HCCLM3 and Huh-7 cells. qRT-

PCR was performed to evaluate the inhibition 

efficiency of the three THRSP-siRNAs. Three 

THRSP-siRNAs significantly inhibited THRSP 

expression compared with the negative control (Figure 

6A). The si-THRSP-3 was selected for the following 

experiments due to its robust silencing efficiency. The 

CCK-8 assays indicated that silencing of THRSP 

could promote proliferation of HCCLM3 and Huh7 

cells (Figure 6B, 6C). The flow cytometry assays 

indicated that the si-THRSP group presented a 

significantly higher percentage of HCCLM3 cells in 

the S phase and the G2/M phase, but a lower 

percentage of cells in the G0/G1 phase compared with 

the control group (Figure 6D–6F). Transwell and 

wound scratch assays indicated that silencing of 

THRSP also promoted migration and invasion of HCC 

cells (Figure 7A–7C). 

 

 
 

Figure 5. The expression of THRSP at mRNA and protein levels. (A, B) The mRNA expression of THRSP in HCC tissues and cells 

compared with control examined by RT-qPCR. (C) The protein expression of THRSP in HCC tissues and the adjacent normal tissues examined 
by immunohistochemical (200×). 
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Table 1. Correlations between THRSP expression/methylation and clinical features. 

Clinical features 
THRSP expression 

P value 
THRSP methylation 

P value 
Low (%) High (%) Low (%) High (%) 

Age 
<=65 128(68.45) 107(57.53) 0.0378 108(57.75) 127(68.28) 0.0457 

>65 59(31.55) 79(42.47)  79(42.25) 59(31.72)  

Cancer Status 
Tumor-free 79(55.24) 83(58.04) 0.7204 85(59.44) 77(53.85) 0.4036 

With tumor 64(44.76) 60(41.96)  58(40.56) 66(46.15)  

Grade 

G1 16(8.65) 39(21.2) 6.00E-04 39(21.08) 16(8.7) 3.00E-04 

G2 86(46.49) 92(50)  94(50.81) 84(45.65)  

G3 74(40) 50(27.17)  49(26.49) 75(40.76)  

G4 9(4.86) 3(1.63)  3(1.62) 9(4.89)  

Stage 

Stage I 78(44.57) 95(54.29) 0.1955 94(53.71) 79(45.14) 0.2653 

Stage II 48(27.43) 39(22.29)  41(23.43) 46(26.29)  

Stage III 45(25.71) 40(22.86)  39(22.29) 46(26.29)  

Stage IV 4(2.29) 1(0.57)  1(0.57) 4(2.29)  

Family history of  NO 114(70.81%) 96(59.63%) 0.0467 96(59.63) 114(70.81) 0.0467 

cancer YES 47(29.19%) 65(40.37%)  65(40.37) 47(29.19)  

Living status 
Alive 117(62.57) 126(67.74) 0.3472 128(68.45) 115(61.83) 0.2175 

Dead 70(37.43) 60(32.26)  59(31.55) 71(38.17)  

Ishak fibrosis score 

0 28(25.93) 47(43.93) 0.0421 48(44.44) 27(25.23) 0.058 

1,2 18(16.67) 13(12.15)  14(12.96) 17(15.89)  

3,4 17(15.74) 11(10.28)  12(11.11) 16(14.95)  

5,6 45(41.67%) 36(33.64%)  34(31.48%) 47(43.93%)  

Gender 
Female 71(37.97) 50(26.74) 0.0271 48(25.67) 73(39.04) 0.008 

Male 116(62.03) 137(73.26)  139(74.33) 114(60.96)  

Race 

Asian 96(53.04) 64(35.36) 9.00E-04 64(35.36) 96(53.04) 9.00E-04 

Black 4(2.21) 13(7.18)  13(7.18) 4(2.21)  

White 81(44.75) 104(57.46)  104(57.46) 81(44.75)  

expression Low - - - 26(13.9%) 161(86.1%) < 0.001  

expression High - -  161(86.1%) 26(13.9%)  

methylation Low 26(13.9%) 161(86.1%) < 0.001  - - - 

methylation High 161(86.1%) 26(13.9%)  - -  

 

Silencing of THRSP inhibited apoptosis of HCC cells 

 

In this study, cells were strained with Annexin V/PI and 

subjected to flow cytometry to determine the apoptotic 

cells. The results indicated that silencing of THRSP 

could inhibit HCC cell apoptosis (Figure 8A, 8B). qRT-

PCR and Western blotting assays were performed to 

detect the cell apoptosis-related molecules, including 

bax, bcl-2 and caspase 3. The results indicated that 

silencing of THRSP significantly reduced the 

expression of bax and caspase 3, while enhanced the 

expression of bcl-2 (Figure 8C, 8D). 

 

THRSP regulated HCC cell progression by 

modulating MAPK/NF-κB signaling pathway 

 

To further understand the molecular mechanism by 

which si-THRSP promoted the migration and invasion 

of HCC cells, we explored the potential signaling 

pathways including the NF-κB and MAPK signaling 

pathways by Transwell and wound healing assays. As 

shown in Figure 8H–8J, compared with negative 

control, the migration and invasion of HCC cells 

transfected with si-THRSP or si-NC were inhibited 

after being treated with BAY-11-7082 (NF-κB 

inhibitor), AG-126 (ERK1/2 inhibitor), SB203580 

(p38 MAPK inhibitor) and SP600125 (JNK inhibitor). 

And there was no difference between the si-THRSP 

group and the si-NC group when the cells were treated 

with BAY-11-7082, AG-126 and SB203580, 

indicating that the cell migration and invasion caused 

by the siRNA-induced silencing of THRSP might 

depend on the NF-κB, ERK1/2 and p38 MAPK 

signaling pathways. qRT-PCR and Western blotting 

assays were performed to assess the expression of 

MAPK/NF-κB pathway-related molecules (p65, p-p65, 
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p38, p-p38, erk1/2 and p-erk1/2). The results showed 

that the silencing of THRSP increased the 

phosphorylation of ERK1/2, p38 MAPK and p65, and 

enhanced the expression of p65, p38, and erk1/2 

(Figure 8E, 8F). Each of the protein bands were 

showed in Figure 8G. 

DISCUSSION 
 

HCC is highly malignant with a poor prognosis [13]. 

Despite advances in radiotherapy, chemotherapy, and 

surgical resection over the past decades, the 5-year 

survival rate of HCC remains frustrating [14]. There is 

 

 
 

Figure 6. The effect of THRSP expression on proliferation and cell cycle of HCC cells. (A) The efficiency of the THRSP silencing 
determined by qRT-PCR. (B, C) The proliferation of HCCLM3 and Huh-7 cells examined by CCK-8. (D–F) The cell cycle assay detected by flow 
cytometry. NC group: black bars; si-THRSP group: grey bars. *p<0.05, **p<0.01, ***p<0.001. 
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an urgent need to identify effective molecular targets to 

improve diagnostic and therapeutic approaches for 

HCC. Herein, integrated bioinformatic analysis was 

performed to identify effective molecular targets on two 

GEO datasets and the TCGA database. Six genes 

(namely LCAT, ACSM3, IGF1, SRD5A2, THRSP, and 

ACADS) were finally defined as survival-related hub 

genes. The roles of THRSP in HCC progression have 

rarely been reported. Here, we aimed to investigate 

biological functions and underlying mechanisms of 

THRSP in regulating HCC. 

 

In this study, we systematically analyzed the mRNA 

expression, epigenetic modifications, immune 

significance, and clinical value of THRSP in HCC by 

bioinformatics analysis. The results indicated that the 

expression of THRSP was negatively correlated with its 

methylation and closely correlated with several clinical 

characteristics in HCC patients. The HCC patients with 

higher expression of THRSP have better 5-year 

survival. In addition, THRSP expression was negatively 

correlated with most of the immune cells, and it might 

play an important role in the tumor microenvironment 

of HCC. The further function experiments implicated 

that silencing of THRSP could promote cell 

proliferation, migration, invasion and cell division, and 

inhibited apoptosis of HCC cells. NF-κB, ERK1/ERK2, 

and p38 MAPK signaling pathways were vital for 

THRSP- mediated HCC progression. Eventually, we 

concluded that THRSP may be a promising therapeutic 

target for HCC.  

 

For the other hub genes related to the prognosis of 

HCC, LCAT (Lecithin-cholesterol acyltransferase) is a 

plasma enzyme involved in reverse cholesterol transport 

(RCT) and high-density lipoprotein (HDL) metabolism 

and has been reported to play an important role in many 

other cancers, such as breast cancer [15], Hodgkin 

 

 
 

Figure 7. Transwell and wound healing assays. (A, B) The migration and invasion of HCCLM3 and Huh-7 cells detected by Transwell 
assays (magnification: 200×). (C) The migration ability of HCCLM3 and Huh-7 cells examined by wound healing assays (magnification: 40×). 
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lymphoma [16], and ovarian cancer [17]. The previous 

studies had reported the significantly low expression and 

high DNA methylation of LCAT in HCC patients  

[18–20]. Besides, LCAT plays a crucial role in the 

conversion of liver cirrhosis into HCC [21]. ACSM3, as 

one member of the acyl-CoA synthetase medium-chain 

family, was found to be frequently down-regulated in 

HCC patients exhibiting high AFP levels, high ALT 

levels, large tumors, and multiple nodules. On the 

contrary, higher ACSM3 expression was always 

associated with a better prognosis and may hinder 

metastasis of HCC by downregulating phosphorylation of 

WNK1 and AKT [22]. IGF-1 (growth factor-1) has been 

widely reported that its expression decreased sharply in 

patients with chronic liver disease such as steatosis, 

nonalcoholic steatohepatitis, chronic hepatitis C, cirrhosis, 

and HCC [23–29]. The reason may be that most of the 

circulating levels of IGF-1 were synthesized by the liver 

[30, 31]. IGF1 synthesis decreases when hepatitis or liver 

necrosis occurs. In addition, a prospective cohort study 

demonstrated that IGF-1 can be an independent predictor 

of survival or recurrence in early HCC [32]. IGF1 was 

also demonstrated to play an important role in the cellular 

function aspects of hepatocarcinogenesis and could be a 

therapeutic target against HCC [33–35]. For instance, 

Sorafenib could inhibit macrophage-induced growth of 

hepatoma cells by disrupting IGF1 secretion [34]. 

SRD5A2, also known as steroid 5-alpha-reductase 2, 

encodes a microsomal protein. As a membrane-associated 

enzyme, it catalyzes the transformation of testosterone to 

dihydrotestosterone (DHT). SRD5A2 is highly expressed 

in androgen-sensitive tissues such as the prostate and the 

expression of SRD5A2 is associated with the progression 

of prostate cancer [36–39]. To date, some reports revealed 

that SRD5A2 polymorphism may be associated with liver 

cancer, and it might serve as a robust diagnosis or 

 

 
 

Figure 8. The effect of THRSP expression on cell apoptosis and channel regulation in HCC. (A, B) The apoptosis of HCCLM3 cells 

detected by flow cytometry. (C–F) The expression of apoptosis-related molecules (bax, bcl-2 and caspase 3) and MAPK/NF-κB pathway-
related molecules (erk, p-erk, p38, p-p38, p65 and p-p65) examined by qRT-PCR or Western blotting assays. (G) Each of the protein bands. 
The dividing lines (dashed lines) indicated that the grouping of images were from different parts of the same gel. (H–J) Invasion and migration 
rates were analyzed when treated with AG-126, SB203580, SP600125 and BAY-11-7082 inhibitors. 
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prognosis marker for the diagnosis of HCC [40–42]. 

ACADS, namely acyl-CoA dehydrogenase short-chain, 

encodes a tetrameric mitochondrial flavoprotein and 

catalyzes the initial step of the mitochondrial fatty acid 

beta-oxidation pathway. It was identified as a potential 

biomarker in colon adenocarcinoma and bladder cancer 

[43, 44]. A previous study demonstrated that ACADS 

was significantly down-regulated in HCC tissues and 

was regulated by DNA methylation, which played a key 

role in promoting the proliferation and metastasis of 

HCC [45]. 
 

In summary, by a series of comprehensive bio-

informatics analyses, our study screened six significant 

survival-related hub genes. Among them, we found a 

novel biomarker (THRSP) associated with HCC 

development. The experimental results showed that 

lower expression of THRSP can promote the 

progression of HCC cells. Therefore, THRSP has the 

potential to be a valuable therapeutic target for HCC. 

 

MATERIALS AND METHODS 
 

Datasets preprocessing 
 

Two gene expression profiles GSE84005 and GSE121248 

were obtained from the GEO database. The GSE84005 

dataset, including 38 tumor tissues and paired 38 normal 

tissues from HCC patients, was based on the GPL5175 

platform (Affymetrix Human Exon 1.0 ST Array). The 

GSE121248 dataset, including 70 HCC tissue samples 

and 37 adjacent non-tumor tissue samples, was based on 

the GPL570 platform (Affymetrix Human Genome U133 

Plus 2.0 Array). Two datasets were merged by Perl 5.3 

(available online: http://www.perl.org/) to increase the 

sample size. The merged dataset was batch-normalized by 

“limma” and “sva” packages in R 3.6.3 (https://www.r-

project.org/) to remove batch effects. 
 

Besides, the RNA-sequencing (RNA-seq) data of 373 

HCC and 49 normal samples and the corresponding 

clinical information was downloaded from the TCGA 

database. As recommended by the package “edgeR” in 

R, genes with low read counts (count per million (cpm) 

≤ 1) were omitted. Gene expression was calculated and 

normalized to RPKM (reads per kilobase per million) 

values using function “rpkm” in the “edgeR” package. 

Moreover, DNA promoter methylation data 

(Methylation 450k, including 430 samples) was 

downloaded from the TCGA database via the UCSC 

Xena browser (https://xenabrowser.net/). 

 

WGCNA analysis 
 

The “WGCNA” package in R was applied to construct 

co-expression networks and to explore the key 

modules of highly relevant genes by cluster analysis 

for relating modules to sample traits. In this study, the 

gene expression profiles of TCGA-LIHC and the 

merged dataset of GSE84005 and GSE121248 were 

respectively used to construct WGCNA. Briefly: an 

adjacency matrix was created by Pearson’s 

correlations between each of the gene pairs. Next, the 

adjacency matrix was utilized to erect a scale-free co-

expression network based on the soft threshold power 

β which was selected using the pickSoftThreshold 

function [46]. Subsequently, the adjacency matrix was 

converted into a topological overlap matrix (TOM) as 

well as the corresponding dissimilarity (1-TOM). 

Then, module identification was conducted using the 

dynamic tree Cut approach by average linkage 

hierarchical clustering based on the TOM-based 

dissimilarity measure with the parameters of 

minModuleSize of 50, deepSplit value of 2, and 

mergeCutHeight of 0.25 for the genes dendrogram. 

Afterward, the correlation between module 

eigengenes (MEs) and the clinical trait information 

was calculated by the module-trait relationship 

analysis of WGCNA to identify the clinically 

significant modules in a co-expression network. 

Finally, modules with a high correlation coefficient 

were selected for further analysis. 

 

Identification of differentially co-expressed genes 

 

The “limma” package in R was used to filter the 

DEGs between the HCC and normal samples in the 

TCGA-LIHC and the merged dataset of GSE84005 

and GSE121248. The adjusted P-value (adj. P) < 0.05 

and |log2foldchange (FC)| >1 was set as the criteria of 

DEGs. Then, the overlapping genes between DEG 

lists and co-expression genes from significant 

modules were screened out using the “VennDiagram” 

package in R. 

 

Identification of hub genes 

 

The PPI network was constructed in the STRING 

(http://string-db.org) and visualized by the Cytoscape 

software (Cytoscape_v3.8.0, https://cytoscape.org/) 

[47]. The maximal clique centrality (MCC) analysis 

was performed to extract the candidate hub genes with 

the top20 MCC values in the PPI network using the 

cytoHubba plug-in [48]. Meanwhile, the Molecular 

Complex Detection (MCODE) [49] plug-in of 

Cytoscape was implemented to find significant PPI 

modules with degree cut-off ≥2, node score  

cut-off ≥0.2, K-core ≥2, and max. depth =100. 

Finally, the overlapping genes obtained from the 

MCC analysis and MCODE analysis were regarded as 

hub genes.  

http://www.perl.org/
https://www.r-project.org/
https://www.r-project.org/
https://xenabrowser.net/
http://string-db.org/
https://cytoscape.org/
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The gene expression and prognostic analysis of the 

hub genes 

 

The differential expression analysis of the hub genes 

between HCC and normal tissues was performed 

based on the GEPIA2 database. The 5-year overall 

survival (OS) analysis of these hub genes was 

performed using the “survival” and “survminer” 

packages in R [50].  

 

The correlation between gene expression and clinical 

features 

 

According to the median value of gene expression or 

methylation, the HCC patients were divided into the 

low- or high- group. The chi-square test was utilized to 

investigate the correlation of gene expression as well 

as methylation with clinical characteristics. The 

correlation between DNA methylation and gene 

expression in HCC samples from the TCGA database 

was examined using the Spearman correlation 

coefficient and visualized by “ggplot2” and “ggpubr” 

packages in R. 

 

Immune infiltrate analysis 

 

The online tool TIMER 2.0 (https://cistrome. 

shinyapps.io/timer/) was used for immune infiltrate 

analysis [51]. The abundance of six types of immune 

cells (including CD8+ T cells, CD4+ T cells, B cells, 

neutrophils, macrophages, and dendritic cells) were 

computed by TIMER algorithm. In addition, we 

exploited the correlation between gene expression and 

the gene markers of different kinds of immune cells. 

The immune gene markers of interest used in this study 

were referred to the previous studies [52–56]. 

 

Cell culture  

 

The human normal liver cell line (LO2) and the 

human hepatoma cell lines (HCCLM3 and HUH-7) 

were purchased from Procell Life Science and 

Technology Co., Ltd. (Wuhan, China). The cells were 

cultured in DMEM (Servicebio Technology Co., Ltd, 

Wuhan, China) supplemented with 10% Fetal Bovine 

Serum (FBS, G-CLONE, Beijing, China) and 

maintained in a incubator with 5% CO2‐humidified 

atmosphere at 37° C.  

 

Total RNA extraction and qPCR 

 

The quantitative real-time polymerase chain reaction 

(qRT-PCR) was employed to detect the expressions of 
THRSP. GAPDH was served as a reference gene. Total 

RNA was extracted from tissues and cells by the TRIzol 

reagent (G-CLONE, Beijing, China). The expression of 

THRSP was determined by the SweScript RT I First 

Strand cDNA Synthesis Kit with gDNA Remover and 

the SYBR Green qPCR Master Mix (High ROX) 

(Servicebio Technology Co., Wuhan, China) according 

to the manufacturer’s protocol. The qRT-PCR was 

performed on the StepOne Plus Real-Time PCR 

Systems. The primers used in this study were as 

follows: THRSP forward: 5’-CAGGTGCTAACCAAG 

CGTTAC-3’, THRSP reverse: 5’-CAGAAGGCTGGG 

GATCATCA-3’; GAPDH forward: 5’-GGACCTGACC 

TGCCGTCTAG-3’, GAPDH reverse: 5’-GTAGCCCA 

GGATGCCCTTGA-3’. 

 

IHC analysis  

 

10 pairs of HCC tissues and paracancerous tissues were 

fixed in formalin, dehydrated, and embedded in 

paraffin. The paraffin sections were deparaffinized for 

antigen retrieval and treated with 3% hydrogen peroxide 

for blocking peroxidase activity, with 3% bovine serum 

albumin (BSA) for serum sealing. Afterward, the 

paraffin sections were incubated with primary THRSP 

antibody (Guangzhou Alexan Biotech Co., Ltd., China) 

overnight at 4° C, and then with HRP-conjugated 

secondary antibody for 50 min at room temperature. 

3,3′-Diaminobenzidine (DAB) liquid substrate was used 

for staining and the hematoxylin solution was used for 

nucleus counterstaining. Finally, after dehydration and 

mounting, a microscope was used to acquire images of 

the staining of tissues. 

 

Transfection of small interfering RNA 

 

Three short interfering RNAs (siRNAs) of THRSP (T1: 

5’-ACACCTACTTCACCATGCT-3’; T2: 5’-CCAGGA 

AATGACGGGACAA-3’; T3: 5’-CATGCACCTCACCG 

AGAAA-3’) and negative control siRNA (si-NC) were 

purchased from RiboBio Co., Ltd. (Guangzhou, China). 

HCCLM3 and Huh-7 cells (2×105 per well) were 

inoculated on 24-well plates for 24h and then transfected 

with 25pmol of the RNA duplex according to the 

manufacturer’s protocol of Lipofectamine 2000 

(Invitrogen, Grand Island, NY, USA). After 24h, the 

transfected cells were harvested for the following 

experiments. 

 

CCK-8 assay  

 

The transfected HCCLM3 and Huh-7 cells were 

seeded into 96-well plates (3×103 cells/well) and 

incubated for 24h, 48h and 72h. At each time point, 

10μl of CCK-8 reagent (Guangzhou Alexan Biotech 

Co., Ltd., China) was dripped into each well and the 
cells were cultured for an extra 4h. A micro-plate 

reader was used to detect the absorbance at 450nm to 

evaluate cell proliferation.  

https://cistrome.shinyapps.io/timer/
https://cistrome.shinyapps.io/timer/
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Transwell and scratch wound healing assays 

 

Transwell assays were used to determine the migration 

and invasion ability of the HCC cells. The transfected 

HCCLM3 cells and Huh-7 cells in 200μl serum-free 

DMEM (5×104 cells/well) were plated into the upper 

chamber and 600μl of complete medium was added in 

the lower chamber. For cell invasion assay, the 

Transwell chamber was coated with Matrigel (Beijing 

Solarbio Science and Technology Co., Ltd., China). 

After incubating at 37° C for 24h, the remaining cells in 

the upper chamber were removed by a cotton swab. The 

cells that have invaded to the lower surface of the filter 

were fixed with 4% (v/v) neutral formaldehyde solution 

(Servicebio, Wuhan, China) for 30min and stained with 

0.1% Crystal violet for 30min. Finally, the cells in ten 

random microscope fields of each filter were counted. 

 

The transfected HCCLM3 and Huh-7 cells (5×105 cells 

per well) were seeded into 24-well plates. When the cell 

confluence reaches 90%, a scratch wound was created 

using a sterilized pipette tip (200μl) on confluent cells. 

The images of wounds were acquired with a phase-

contrast light (40×) at 0h and 24h. The heal area of each 

scratch wound was determined by ImageJ.  

 

To further understand the molecular mechanism, the 

potential signaling pathways including the NF-κB and 

MAPK signaling pathways were detected by Transwell 

and wound healing assays. Briefly: post of transfection 

for 48h, the cells were harvested and pre-treated with 

BAY-11-7082 (5μM, NF-κB inhibitor), AG-126 

(10μM, ERK1/2 inhibitor), SB203580 (10μM, p38 

MAPK inhibitor) and SP600125 (50μM, JNK inhibitor) 

for 2h in serum-free DMEM medium. Then, the cells 

were cultured in the DMEM medium containing 

inhibitors for 24 hours after being seeded into Transwell 

chambers or culture wells. The cells treated with 

dimethyl sulfoxide (DMSO) were used as the negative 

control. 

 

Flow cytometry 

 

For the cell cycle assays, after 48h of transfection, the 

HCCLM3 cells were trypsinized, and washed with cold 

phosphate-buffered saline (PBS) and then fixed in 70% 

cold ethanol at 4° C for 24 h. After centrifuging and 

washing, the cells were stained with 500μl PI buffer 

(50μg/mL, containing RNase, Beijing Leagene 

Biotechnology Co., Ltd., China) at 37° C in the dark for 

30 min. The cell cycle distribution was determined by 

the Flow cytometer after PI staining. The apoptosis 
analysis was performed following the instruction of 

Annexin-V Apoptosis Detection kit (Jiangsu KeyGEN 

BioTECH Co., Ltd. China). Briefly, 72h post-

transfection, the trypsinized cells were washed with 

cold PBS twice and re-suspended in binding buffer, and 

then stained with Annexin V-FITC and PI at room 

temperature for 5-15 min in the dark. The apoptotic 

cells were analyzed by flow cytometry within an hour. 

 

Western blotting 

 

The total protein was extracted with the nucleoprotein 

and cytoplasmic protein extraction kit (Jiangsu Keygen 

Biotech Co., Ltd., China) and quantified by the BCA 

protein assay kit (Beijing Bomaide Gene Technology 

Co., Ltd., China). After that, the protein solution was 

subjected to electrophoresis, detached via SDS-PAGE 

(12% gels), and transferred to PVDF membranes. The 

PVDF membranes were blocked with 5% skim milk 

powder in TBST (Tris buffered saline with 0.5% Tween 

20) for 2 h, and then incubated with primary antibodies 

overnight at 4° C. After washing with TBST for 5 times, 

the PVDF membranes were incubated with secondary 

antibody at room temperature for an hour. The protein 

bands were exposed by enhanced chemiluminescent 

(ECL) substrate kit (Labgic Technology Co., Ltd. Hefei, 

China) and analyzed by ImageJ software. The Anti-Bcl-

2 antibody, Anti-Caspase-3 antibody, Anti-Bax 

antibody, Anti-NF-κB p65 antibody and Anti-NF-κB 

p65 (phospho S536) antibody were purchased from 

Abcam. The p38 MAPK, Phospho-p38 MAPK 

(Thr180/Tyr182), P44/42 MAPK (Erk1/2), and 

Phospho-p44/42 MAPK (Erk1/2) (Thr202/Tyr204) were 

purchased from Cell Signaling Technology. β-actin was 

severed as the internal control and anti-β-actin was 

purchased from Labgic Technology Co., Ltd. 
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SUPPLEMENTARY MATERIALS 

 

Supplementary Figures 

 

 

 

 
 

Supplementary Figure 1. Relationship between THRSP mRNA expression and DNA methylation. (A) THRSP expression was 

negatively correlated with DNA methylation (R = − 0.81, p < 2.2e-16). (B) The distribution of four THRSP DNA promoter CpG sites. (C–F) THRSP 
expression was negatively correlated with the methylation levels of the four CpG sites. From the left to right were cg09721595 (R = − 0.5, p < 
2.2e-16), cg18338296 (R = − 0.82, p < 2.2e-16), cg21864730 (R = − 0.82, p < 2.2e-16) and cg23705113 (R = − 0.72, p < 2.2e-16). 
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Supplementary Figure 2. The correlation between THRSP expression and the clinical features. THRSP mRNA expression was 
stratified by (A) age, (B) family history of cancer, (C) gender, (D) grade, (E) Ishak fibrosis score, and (F) race. 
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Supplementary Figure 3. The correlation between THRSP methylation and the clinical features. THRSP methylation was stratified 

by (A) age, (B) family history of cancer, (C) gender, (D) grade, (E) Ishak fibrosis score, and (F) race. 
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Supplementary Figure 4. The correlation between THRSP expression and immune infiltration levels in HCC. (A) No association 

between THRSP expression and tumor purity (R = −0.046, p = 0.391). (B–G) THRSP expression was significantly negatively correlated with 
infiltrating levels of B cells, CD4+ T cells, and dendritic cells, positively correlated with CD8+ T cells, but not correlated with macrophages or 
neutrophils. 
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Supplementary Table 
 

Supplementary Table 1. Correlations between THRSP and related genes and markers of immune cells. 

Description gene makers 

LIHC 

None Purity 

Cor p Cor p 

CD8+ T cell 
CD8A -0.067 0.198 -0.099 0.066 

CD8B -0.078 0.134 -0.109 * 

T cell (general) 

CD3D -0.152 ** -0.183 *** 

CD3E -0.105 * -0.16 ** 

CD2 -0.122 * -0.176 ** 

CD6 -0.111 * -0.163 ** 

CD3G -0.108 * -0.13 * 

B cell 

CD19 -0.118 * -0.14 ** 

KIAA0125 -0.126 * -0.166 ** 

SPIB -0.242 *** -0.265 *** 

PNOC -0.161 ** -0.22 *** 

CD79A -0.132 * -0.181 *** 

Monocyte 
CD86 -0.143 ** -0.198 *** 

CSF1R -0.108 * -0.167 ** 

Macrophages 

CD68 -0.184 *** -0.218 *** 

CD84 -0.004 0.946 -0.047 0.388 

MS4A4A -0.034 0.512 -0.084 0.12 

TAM 

CCL2 0.039 0.452 0.033 0.541 

CD68 -0.184 *** -0.218 *** 

IL10 -0.052 0.319 -0.093 0.086 

CSF1R -0.108 * -0.167 ** 

M1 

IRF5 -0.061 0.241 -0.065 0.228 

NOS2 0.126 * 0.106 * 

PTGS2 -0.006 0.907 -0.028 0.605 

M2 

CD163 0.022 0.67 -0.012 0.831 

VSIG4 0.065 0.211 0.04 0.455 

MS4A4A -0.034 0.512 -0.084 0.12 

MRC1 0.162 ** 0.144 ** 

Neutrophils 

CEACAM8 -0.06 0.246 -0.077 0.152 

ITGAM 0.052 0.322 0.03 0.578 

CCR7 -0.013 0.809 -0.049 0.362 

FCGR3B 0.154 ** 0.154 ** 

SIGLEC5 -0.11 * -0.17 ** 

CSF3R -0.138 ** -0.19 *** 

Dendritic cell 

HLA-DPB1 -0.151 ** -0.208 *** 

HLA-DQB1 -0.13 * -0.177 *** 

HLA-DRA -0.091 0.08 -0.139 ** 

HLA-DPA1 -0.101 0.052 -0.157 ** 

BDCA-1 -0.14 ** -0.17 ** 

BDCA-4 -0.192 *** -0.194 *** 

ITGAX -0.111 * -0.162 ** 

HSD11B1 0.523 *** 0.522 *** 

CD209 -0.017 0.743 -0.04 0.46 
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Th1 

STAT4 0.002 0.97 0.002 0.974 

STAT1 -0.155 ** -0.167 ** 

TBX21 -0.012 0.82 -0.05 0.351 

IFNG -0.047 0.362 -0.078 0.149 

TNF -0.103 * -0.151 ** 

Th2 

STAT5A -0.126 * -0.137 * 

IL13 0.287 *** 0.297 *** 

GATA3 -0.079 0.127 -0.124 * 

STAT6 -0.099 0.056 -0.108 * 

CXCR4 -0.186 *** -0.222 *** 

Th1-like BHLHE40 0.305 *** 0.3 *** 

Th17 
RORC 0.251 *** 0.285 *** 

CCR6 -0.313 *** -0.33 *** 

Treg 

CCR8 -0.06 0.251 -0.09 0.096 

STAT5B 0.006 0.908 0.006 0.917 

TGFB1 -0.212 *** -0.246 *** 

Resting Treg T-cell IL2RA -0.139 ** -0.189 *** 

Effective Treg T-cell 

FOXP3 0.211 *** 0.198 *** 

CTLA4 -0.224 *** -0.269 * 

TNFRSF9 -0.103 * -0.129 * 

Naïve T-cell TCF7 -0.15 ** -0.17 ** 

Effective memory T-cell DUSP4 -0.27 *** -0.328 *** 

Resistant memory T-cell 

ITGAE -0.443 *** -0.45 *** 

CXCR6 -0.072 0.167 -0.119 * 

MYADM -0.235 *** -0.243 *** 

Exhausted T-cell 

HAVCR2 -0.127 * -0.185 *** 

TIGIT -0.11 * -0.153 ** 

LAYN -0.129 * -0.149 ** 

PDCD1 -0.209 *** -0.247 *** 

CTLA4 -0.224 *** -0.269 *** 

LAG3 -0.114 * -0.121 * 

PTGER4 -0.124 * -0.149 ** 

LIHC, Liver hepatocellular carcinoma. None, correlation without adjustment. Purity, correlation adjusted by purity. 
P-value: 0 ≤ *** <0.001 ≤ ** < 0.01 ≤ * < 0.05. 
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INTRODUCTION 
 
GBM is the most frequent malignant CNS cancer in adults, 
which accounts for 55% of all gliomas [1]. Surgical 
resection, radiation and chemotherapy constitutes the 
current standard of treatment. However, the median time 
of survival is about 18 months, the survival rate is still 
poor [2]. Thus, treatment of GBM remains challenging. 
Based on high-throughput genetic, genomic, and 
epigenetic data, several key molecules have been identified 
that contribute to GBM carcinogenesis and the 
development of targeted therapies for individual subtypes. 
However, targeted therapies for specific mutations or 
subtypes have mostly failed due to the complexity of 
molecular heterogeneity within tumors [3]. 
 
Polo-like kinases (PLKs) were first found to play an 
indispensable role in the mitosis of Drosophila 

melanogaster [4]. Five members of PLK family have 
been discovered, including PLK1, PLK2, PLK3, PLK4, 
and PLK5 [5]. PLKs are important regulatory factors of 
the cell cycle in non-tumorous and cancer cells [6]. 
Recent advances in PLK1 research have dramatically 
improved our comprehension of its modulation, targets 
along with function. PLK1 plays an indispensable role 
in the regulation of the cell cycle, including activation 
of the APC/C (anaphase-promoting complex/ 
cyclosome), entry into mitosis, assembly of the bipolar 
spindle, sister chromatid splitting, and centrosome 
maturation [7]. Despite remarkable advances in the 
research of PLK1, the functional roles of other members 
of the PLK family, particularly PLK2 along with PLK3, 
are still unknown. PLK2 along with PLK3 have been 
established as key mediators of DNA damage or 
oxidative stress in cancer cells. A growing body of 
research evidence suggests that PLKs and the tumor 
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repressor p53 interact in cancer cells [7, 8]. PLKs are 
aberrantly expressed in tumor cells, thereby promoting 
abnormal proliferation of cancer cells [9]. PLKs show 
aberrant expression in multiple cancers and are linked to 
poor prognosis. These findings have the potential to 
provide proof for anti-cancer medication development 
targets. Drug manufacturers have also invested in the 
research of PLKs in order to identify novel cancer 
medicines [6]. PLK1 inhibitors have now been tested 
clinically and found to be beneficial in the treatment of 
individuals with cancer [7]. 
 
Herein, we comprehensively purposed to evaluate the 
expression, function along with prognostic value of PLKs 
in GBM. Based on existing gene expression or copy 
number variants published online, we conducted a 
detailed analysis of PLK expression, as well as mutations 
in individuals with GBM. Furthermore, we performed 
validation using The Cancer Genome Atlas (TCGA) 
along with the Chinese Glioma Genome Atlas (CGGA) 
data resources to determine the expression, potential 
function, and prognostic value of PLKs in GBM. 
 
RESULTS 
 
PLK expression levels in patients with GBM 
 
We compared the expression levels of PLKs in cancer 
with those in non-tumorous samples via the 
ONCOMINE data resources (Figure 1A). The transcript 
expression levels of PLK1/3/4 were remarkably 
elevated in individuals with GBM, and that of PLK2 
was remarkably downregulated in patients with GBM. 
PLK5 expression was not remarkably different between 
GBM and non-tumorous tissues. All PLK mRNA 
expression levels were not remarkable in low-grade 
glioma (LGG) tissues. The fold change and p-values of 
the PLKs are shown in Table 1. Through the Gene 
Expression Profiling Interactive Analysis (GEPIA2) 
cohort, we compared the transcript expression levels of 
PLKs between GBM and non-tumorous tissues (Figure 
1B). The data illustrated that the contents of PLK1/3/4 
were higher in GBM tissues than in non-tumorous 
tissues, whilst the contents of PLK2 and PLK5 were 
lower in GBM (Figure 1C). 
 
As shown in the CGGA data resource, the contents of 
PLK1/2/3/4 rose as the World Health Organization 
(WHO) grades of glioma increased. However, the 
expression levels of PLK5 decreased as the WHO 
grades of glioma increased. (Figure 1D). 
 
Besides, immuno-histochemistry (IHC) staining 
abstracted from the Human Protein Atlas (HPA) data 
resource exhibited the contents of PLKs as shown in 
Figure 2A. PLK1/3/4 were over-expressed in GBM in 

contrast with non-tumorous tissues. On the contrary, 
PLK2 was more highly expressed in non-tumorous 
tissues than in GBM. PLK5 was expressed in neither 
GBM nor non-tumorous tissues (Figure 2A). Besides, 
immuno-histochemistry illustrated that the staining 
index score of PLK1-4 in AIIs was frequently less than 
two. In sGBMIVs, the staining index score was 
frequently more than four (Figure 2B). The data 
illustrated that the content of PLK1-4 rose in tandem 
with rising tumor grades, confirming our prediction. 
 
We analyzed the PLK alterations using the cBioPortal 
online tool for GBM. PLK alterations included the 
following forms: deep deletion, amplification, mRNA 
high, and mRNA low. Two or more PLK alterations 
were seen in 29% of the samples (136 samples) (Figure 
3A and 3B). In addition, using the same tool, we found 
that PLK alterations typically occur in the primary 
GBM (Figure 3C). 
 
Relationship of PLK contents with prognosis in 
GBM 
 
We further assessed the pivotal efficiency of PLKs in 
the survival of individuals with GBM. Kaplan–Meier 
Plotter tools were adopted to assess the relationship of 
PLK transcript contents with the survival of patients 
with GBM using GraphPad Prism (Figure 4A). The 
Kaplan-Meier curve along with the log-rank test 
analyses revealed that the decreased PLK2 expression 
level was remarkably linked to overall survival (OS) 
(p < 0.05). The individuals with GBM with high mRNA 
contents of the PLK2 were predicted to have poor OS. 
While PLK1/3/4/5 showed no prognostic significance (p 
> 0.05). This result was also validated in the CGGA 
data resource (Figure 4B). The high contents of PLK2 
were remarkably linked to poor prognosis (p < 0.05). 
Specifically, we retrieved clinical information from the 
TCGA data resource, and K-M analysis showed that 
high PLK2 expression likewise predicted poor patient 
prognosis (p < 0.05). 
 
We evaluated the associations between age, gender, 
isocitrate dehydrogenase 1 (IDH1) status, PLK 
expression levels, and patients’ OS in univariate along 
with multivariate Cox regression analyses. The 
univariate data revealed that age, IDH1 status, and PLK 
2/3 expression were remarkably linked to patients’ OS. 
Multivariate analysis revealed that age and PLK2 
expression were remarkably linked to patients’ OS 
(Table 2). 
 
Relationship between PLK mRNA levels and GBM 
 
We also computed the correlations among PLKs by 
analyzing their transcript expression levels via the



www.aging-us.com 2322 AGING 

Table 1. PLK expression levels between different types of gliomas and brain tissues (ONCOMINE database). 

 Types of glioma vs. brain Fold change P value t-test Ref 

PLK1 Glioblastoma 1.276 2.21E-05 6.828 Murat 

 Astrocytoma −1.073 0.674 −0.472 Rickman 

PLK2 Glioblastoma  −1.7 9.03E-06 −6.079 Bredel 

 Astrocytoma 2.186 0.035 2.308 Shai 

PLK3 Glioblastoma  4.056 1.42E-05 4.706 Pomeroy 

 Astrocytoma −1.224 0.89 −1.353 Rickman 

PLK4 Glioblastoma 1.47 4.92E-04 5.809 Murat 

 Astrocytoma −1.556 0.979 −2.257 Rickman 

PLK5 Glioblastoma 1.736 0.077 1.922 Lee 

 astrocytoma 1.255 0.05 1.723 Sun 
 

 
 

Figure 1. Expression levels of PLKs in TCGA and CGGA databases. (A) Expression levels of PLKs in patients with GBM. (B) Gene 
Expression Profile shows the expression of PLKs between GBM (red) and normal tissue (green) via GEPIA2. (C) Box plot shows the 
expression of PLKs between brain tumor (red) and normal tissue (grey) via GEPIA2. The “*” indicates that the p-value is statistically 
significant. (D) Box plot shows the expression of PLKs in different WHO classes via CGGA database. 
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Table 2. Univariate and multivariate Cox proportional hazards regression analyses of prognostic factors for GBM. 

 Univariate analysis Multivariate analysis 
 HR 95% CI p HR 95% CI p 

Age       
 <64 4.036 1.019–1.054 5.43E-05* 3.183 1.0131–1.056 0.00146* 
 ≥65       
Gender       
 Female −0.773 0.5828–1.264 0.439 −0.747 0.5612–1.296 0.45509 
 Male       
IDH1_status       
 Mutant −2.898 0.1035–0.6455 0.00376* −0.408 0.2755–2.329 0.68352 
 Wild type       
PLK1       
 High 0.023 0.6902–1.461 0.982 −0.518 0.5498–1.416 0.60434 
 Low       
PLK2       
 High 3.236 1.285–2.777 0.00121* 3.033 1.2583–2.913 0.00242* 
 Low       
PLK3       
 High 2.033 1.014–2.164 0.0421* 1.564 0.919–2.123 0.11775 
 Low       
PLK4       
 High −0.202 0.6583–1.405 0.84 −0.124 0.6111–1.543 0.90136 
 Low       
PLK5       
 High 1.918 0.9918–2.133 0.0551 1.429 0.8961–2.016 0.15288 
 Low       

 
Table 3. Analysis of mutual exclusivity between PLKs (cBioPortal). 

A B Log2 Odds Ratio p-Value q-Value Tendency 

PLK1 PLK4 >3 <0.001 0.003 Co-occurrence 
PLK1 PLK3 <−3 0.114 0.568 Mutual exclusivity 
PLK2 PLK3 0.7 0.324 0.9 Co-occurrence 
PLK1 PLK2 0.497 0.433 0.9 Co-occurrence 
PLK3 PLK4 −0.837 0.501 0.9 Mutual exclusivity 
PLK2 PLK4 0 0.634 0.9 Mutual exclusivity 
PLK2 PLK5 <−3 0.818 0.9 Mutual exclusivity 
PLK3 PLK5 <−3 0.855 0.9 Mutual exclusivity 
PLK1 PLK5 <−3 0.882 0.9 Mutual exclusivity 
PLK4 PLK5 <−3 0.9 0.9 Mutual exclusivity 

The analysis tested 10 pairs between the 5 tracks in the OncoPrint. Odds Ratio: Quantifies how strongly the presence or absence 
of alterations in A are associated with the presence or absence of alterations in B in the selected samples. p-Value: Derived from 
one-sided Fisher Exact Test. q-Value: Derived from Benjamini-Hochberg FDR correction procedure. Tendency: Log2 ratio >0: 
Tendency towards co-occurrence; Log2 ratio ≤0: Tendency towards mutual exclusivity; q-Value <0.05: Significant association. 
 
TCGA and CGGA data resources for GBM, and 
Pearson’s correction was conducted. The data exhibited 
remarkable correlations in several PLKs. PLK5 was 
negatively correlated with PLK1, PLK2, PLK3, and 
PLK4. A positive relationship was also evident between 
PLK1 and PLK4 (Figure 5). As shown in Table 3, the 
analysis of mutual exclusivity between PLKs found that 
the relationship between PLK1 and PLK4 is 
characterized by co-occurrence (Table 3). 

Predicted roles and cascades of the changes in PLKs 
factors and their frequently altered adjacent genes 
individuals with GBM 
 
Using GeneMANIA in Cytoscape, we evaluated 100 
genes linked to PLKs and built a network. We explored 
functional enrichment of GO (Gene Ontology) terms 
along with KEGG (Kyoto Encyclopedia of Genes and 
Genomes) pathways in the network to elucidate the
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Figure 2. (A) IHC illustration of PLK expression levels in GBM (HPA). (B) Immunohistochemical staining of PLKs in gliomas. 
 

 
 

Figure 3. PLK mutation analysis in GBM (cBioPortal). (A) Frequency of alteration in each query in the detailed cancer types. (B) 
Overview of genetic alteration per sample in each query gene. (C) Explore clinical sample type comparisons among groups of samples as 
defined by the query. 
 

 
 

Figure 4. Kaplan-Meier analysis of the prognostic value of PLKs. (A) The TCGA databases. (B) The CGGA databases. 



www.aging‐us.com  2325  AGING 

biological processes (BPs) and cascades of the genes. 
The top ten BP, CC, and MF items were chosen 
(Figure 6). 

Nuclear division, segregation of mitotic nuclear division 
chromosome, modulation of mitotic cell cell cycle 
phase transition, segregation of nuclear chromosome, 
organization of mitotic spindle, segregation of 
chromatid, cell transition of cycle G2/M phase, along 
with segregation of mitotic sister chromatid are all BPs. 
The condensed chromosome in the spindle, the spindle 
pole midbody, the chromosomal region, the condensed 
chromosome centromeric region, the kinetochore, the 
condensed chromosome kinetochore, the chromosome 
centromeric region, and the mitotic spindle are all parts 
of the condensed chromosome centromeric region. 
Tubulin docking, microtubule docking, motor activity, 
protein C-terminus docking, magnesium ion docking, 
histone kinase activity, histone serine kinase activity, 
and cyclin-dependent protein kinase activity constituted 
the MFs. The cell cycle, p53 signaling cascade, oocyte 
meiosis, progesterone-triggered oocyte maturation, 
cellular senescence, human T-cell leukemia virus 1 
infection, and FoxO signaling cascade were all highly 
enriched in the PLK network (Figure 6). 

In addition, GSEA (Gene Set Enrichment Analysis) 
illustrated that the high expression of PLK1 was linked 
to the cell cycle, the low expression of PLK2 was linked 
to the NOTCH signaling cascade, the high expression of 
PLK3 was linked to apoptosis, the high expression of 
PLK4 was linked with the cell cycle, and the low 

expression of PLK5 was linked to the NOTCH 
signaling cascade (Figure 7A). Finally, p53 signaling 
cascade was found to play a key role by overlapping 
KEGG cascades between PLKs’ network and GSEA’s 
results (Figure 7B). 

ON1231320 suppresses glioma cell proliferation and 
induces cleaved poly (ADP-ribose) polymerase 
(PARP) expression 

We found for the first time that ON1231320 dampened 
the growth of human glioma cells. The Cell Counting 
Kit-8 (CCK-8) assay was done after inoculating 
U251MG and U87MG cells with the specified levels of 
ON1231320 for 24, 48 and 72 h, respectively. The data 
illustrated that inoculation with 200 nm ON1231320 
caused remarkable glioma cell growth dampening at 24, 
48 h and 72 h (Figure 8A). The colony generation of 
U251MG and U87MG cells after 100 nM ON1231320 
inoculation was remarkably lower in contrast with the 
controls, and the colony generation of glioma cells 
diminished with increasing ON1231320 levels (Figure 
8B and 8C). The data illustrated that ON1231320 
remarkably dampened the growth of glioma cells in a 
time- along with dose-dependent approach. 

We carried out western blot assays to further 
demonstrate the manner in which ON1231320 enhances 
apoptosis in glioma cells. The data illustrated that the 
expression of cleaved PARP was elevated and the 
content of PLK2 was decreased in U251 and U87MG 
cells after ON1231320 treatment (Figure 9A and 9B). 

Figure 5. PLK correlations with each other using TCGA (A) and CGGA (B) databases.  
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While the expression of PLK1/3/4/5 was not changed. 
Meanwhile ON1231320 promoted cleaved PARP 
expression and dampened the expression of PLK2 in a 
dose-dependent approach. These data suggest that 
ON1231320 shows its antitumor properties in glioma 
cells. 
 
ON1231320 inhibits glioma cell proliferation in vivo 
 
U87MG cells were subcutaneously inoculated into 
BALB/c Nude mice to test the effectiveness of 
ON1231320 in vivo utilizing a tumor xenograft model. 
ON1231320 was given daily (q.d.) through 
intraperitoneal inoculation at a dosage of 50 mg/kg 
body weight after the tumors had formed in the animals 
for two weeks. In contrast with the controls, 
ON1231320 inoculation resulted in a remarkable 
reduction in tumor growth (Figure 9C and 9D). 
ON1231320's high in vivo anticancer effectiveness in 
mice bodes well for its development for therapeutic 
usage. 
 
DISCUSSION 
 
PLKs have been reported in common cranial brain 
tumors. This is the first study to explore the PLK 
expression along with prognosis in GBM, as well as the 
signaling cascades they may be involved in. It provides 
a diagnostic basis by contributing to existing studies on 

glioblastoma-targeted therapies. In addition, this paper 
systematically evaluates the mechanism of the PLK 
family in GBM and provides an important foundation 
for individualized GBM treatment in the future. 
 
PLK1 is currently one of the most intensively studied 
molecular markers in all kinds of tumors. PLK1 is 
overexpressed in various cancer, including breast 
cancer, non-small cell lung cancer, colorectal cancer, 
prostate cancer, pancreatic cancer, melanoma, ovarian 
cancer, non-Hodgkin’s lymphomas, and acute myeloid 
leukemia (AML) [10]. PLK1 has also been increasingly 
reported in GBM. Lee et al. found that PLK1 mRNA 
was more highly expressed than non-tumorous human 
astrocytes (HAs) and identified PLK1 as a critical factor 
for the survival of brain cancer cells and brain tumor 
initiating cells (BTICs) [11]. PLK1 dampening blocked 
tumorsphere formation in all BTIC lines examined [11]. 
The present study confirmed that PLK1 is positively 
correlated with the malignant progression of gliomas. 
Likewise, Zhao et al. identified PLK1 as a key factor in 
the conversion of LGGs to secondary glioblastoma 
(sGBM) and observed that patients from the high-
expression PLK1 group were more sensitive to common 
chemotherapies during clinical treatment. The findings 
of Pezuk et al. suggested that PLK1 may be a promising 
biomarker for the treatment of GBMs [12]. The latest 
research indicates that TMZ treatment activated 
PLK1-related signaling cascades and that PLK1 may be 

 

 
 
Figure 6. PLK network and the functional enrichment of GO terms and KEGG pathways. (A) The network of PLKs. (B) The 
functional enrichment of GO. (C) The functional enrichment of KEGG pathways.  
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involved in TMZ tolerance [12]. Current small molecule 
PLK1 inhibitors include Rigosertib, Volasertib, GSK 
461364, GW843682, PLHS-Pmab, PPG, and Poloxin 
[10]. In addition, PLK1 may be a tumor recognition 
antigen for T lymphocytes, which has important 
implications in tumor immunotherapy [13]. 
 
The expression of PLK2 was found to decrease with 
CpG methylation [14]. PLK2 methylation in ovarian 
cancer observed to correlate with patients treated with 
chemotherapy [15]. In the present study, PLK2 was 
found to be remarkably reduced in GBM in contrast 
with non-tumorous tissues, which may result from 
PLK2 methylation in GBM. However, low PLK2 
expression seems to suggest a good prognosis for 
patients. Similarly, in the study by Xia et al., the 
researchers found that PLK2 methylation resulted in its 
reduced expression in GBM patients [16]. Furthermore, 
low PLK2 expression has been found to correlate with 
better prognosis and its possible use as a prognostic 
biomarker. Most importantly, the present study found 
that PLK2 may work as an independent predictor in the 
PLK family and demonstrates promise as a novel 
molecular target. In univariate and multivariate analysis, 
high contents of PLK2 were remarkably linked to OS 
time. Furthermore, high expression of PLK2 had a poor 
prognosis of patients with GBM. Therefore, PLK2 can 

be identified as an independent predictor in contrast 
with PLK1 in GBM. Current PLK2 inhibitors, 
ON1231320, has been demonstrated to be a selective 
repressor of PLK2, with no dampening activity against 
PLK1, PLK3 and PLK4. In contrast with the control 
group, PLK2 inhibitor treatment remarkably restrained 
tumor growth and there were no remarkable toxic 
effects in the treatment group [17]. ON1231210 is 
effective in different tumor cell lines, but not in non-
tumorous human fibroblasts. The recent development of 
PLK2 ATP competitive inhibitors, has produces 
promising and specific molecules. Other examples of 
selective inhibitors of PLK2 have been also reported, 
thus demonstrating that efficient drug development 
strategy for the identification of PLK2 inhibitors have 
been reached by the scientific community [18]. This 
study is the first to use a PLK2 inhibitor in a glioma 
cell. Our results show that ON1231320 dampens GBM 
cell growth in a dose- along with time-dependent 
approach. Cleaved PARP is considered a marker of 
apoptosis [19]. The data illustrated that the expression 
of cleaved PARP was increased in U251MG and 
U87MG cells after ON1231320 treatment. Our data 
illustrated that ON1231320 dampened GBM cell growth 
in a dose- and time-dependent manner. In vivo, the 
inoculation with ON1231320 resulted in remarkable 
dampening of tumor growth in contrast with the control 

 

 
 

Figure 7. (A) Functional analysis of PLKs in TCGA cohort using GSEA. (B) Overlapping KEGG pathways between PLKs’ network and GSEA’s 
results.  
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group. And then, ON1231320 shows its antitumor 
properties in glioma cells. 
 
PLK3 is often lowly expressed in lung, head and neck 
cancers [20]. PLK3 is poorly studied in gliomas and 
GBM. PLK3 was found to be differentially expressed 
between IDH mutations carriers and wild-type carriers 
and was linked to LGG patient survival [21]. PLK3 
regulates the cell cycle and is also a mediator of 
apoptosis [22]. This observation was consistent with the 
GSEA results. This study showed that PLK3 is 
remarkably upregulated in GBM, but the biological role 
of PLK3 in GBM needs further validation. PLK2 and 
PLK3 recognize a very similar consensus sequence 
[23]. However, the low number of PLK2 and PLK3 
substrates identified so far could not be sufficient to 

highlight differences between two kinase. Moreover, α-
synuclein C-terminal peptide is phosphorylated in vitro 
by PLK2 with a higher efficiency than by PLK3, thus 
suggesting some differences in substrates preference. 
Nevertheless, it must be considered that a similar 
consensus sequence is not sufficient to hypothesize 
redundant cellular functions for these kinases, as kinase 
specificity is the results of multiple mechanisms. 
Different spatial and temporal expression/activation of 
the two kinases or specific substrate binding sites could 
indeed account for distinct PLK2 and PLK3 cellular 
functions [18]. 
 
SAK-a and SAK-b are two isoforms of PLK4. PLK4 
increases during the G1/S transition, then persists until 
late M phase, and finally decreases in early G1 phase.

 

 
 

Figure 8. (A) The U251MG cells were treated under different concentrations of ON1231320 and cultured for 24, 48 and 72 h, respectively. 
(B) Colony formation assay showing the sensitizing effects on GBM cells after apcin treatment. (C) Quantitative results of Colony formation 
assay (*p < 0.05 vs. the control group, **p < 0.01 vs. the control group).  
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PLK4 is overexpressed in colon and breast cancers and 
downregulated in hepatocellular carcinoma [10]. 
 
Expression contents of PLK1 and PLK4 were elevated 
in contrast with non-tumorous mucosa [24]. This 
observation appears to be consistent with the 
PLK1/PLK4 co-occurrence described in Table 3. Wang 
et al. [25] observed elevated PLK4 expression in HGG 
patients, which was linked to poor prognosis. Zhang et 
al. discovered that the contents of PLK4 was 
remarkably correlated with glioma grade and inversely 
linked to overall survival of individuals with high-grade 
gliomas [26]. TMZ sensitivity was enhanced by 
depletion of PLK4 [26]. PLK4 inhibitor CFI400945 
improves the sensitivity of GBM cells to TMZ [26]. 
 
PLK5 lacks a kinase domain in contrast with other PLK 
family members and therefore has no catalytic activity 
[10]. Interestingly, PLK5 is expressed primarily in the 
brains of humans. PLK5 is frequently silenced in 
astrocytoma and glioblastoma due to hypermethylation 
[27]. PLK5 in this study appeared to be potentially 
correlated with other PLK family members. Indeed, 
overexpression of PLK5 promotes tumor cell apoptosis. 
Thus, PLK5 is a kinase-deficient polo box domain-

containing protein with exclusive neurological function 
and brain tumor suppressor activity [27]. 
 
Structurally, the general structure of PLK1-4 includes 
an N-terminal serine/threonine kinase domain along 
with a C-terminal polo-box domain (PBD), but the 
domain truncated in PLK5, without the T-loop [28]. The 
C-terminus contains two PBDs in Plk1-3 and Plk5, 
while there is only one PBD in PLK4 [29]. In Figure 5, 
there is a high positive correlation between PLK1 and 
PLK4. This may be due to the structural similarity 
between PLK1 and PLK4, which leads to their 
functional consistency. Pearson correlation analysis and 
mutual exclusivity analysis showed a remarkable 
positive correlation between PLK1 and PLK4. Zeng et 
al. also found the same conclusion in human non-small 
cell lung cancer [30]. The cross talk of PLK1 with 
PLK4 needs to be further demonstrated. PLK1 and 
PLK4 expression levels are higher in leukemia cells 
than in non-tumorous cells and have promise as being 
new targets for cancer therapy [28]. Therefore, 
theoretically combined dampening of PLK1 and PLK4 
seems to be an effective treatment of GBM. It has been 
shown that the ATP-binding site of kinases is a target 
for the design of inhibitors that can be used to inhibit 

 

 
 

Figure 9. (A) The expression of cleaved PARP and PLKs in ON1231320 treated cells was detected using western blotting. (B) Quantitative 
results of immunoblots. (C) ON1231320 inhibits tumor growth in vivo. (D) Quantitative results of tumor volumes. *P < 0.05 and **P < 0.001 
vs. the control groups.  
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kinase. The kinase domain of PLK1 is similar in 
sequence to PLK2, PLK3 and PLK4, the development of 
a specific, ATP-competitive PLK1 inhibitor remains 
challenging. It is therefore conceivable that inhibitors of 
PLK1, scarcely discriminate between PLK1–PLK3. 
Unfortunately, PLK4 is not dampened by inhibitors of 
PLK1, and it is possible that PLK4 is very different in 
contrast with other PLK family members in terms of 
structure [7]. There is a need to further understand which 
gene is dominant in this correlation, to explore whether 
there is a common signaling cascade between PLK1 and 
PLK4, and to suppress the high expression of both PLK1 
and PLK4 by inhibiting a target gene. Considering the 
expression of PLK4 in GBM, it may be possible to 
control GBM progression more effectively if PLK1-4 can 
be dampened simultaneously. The alteration of PLKs in 
GBM was mainly expressed in amplified form (Figure 3), 
which explains that PLKs are still mostly upregulated 
with increasing glioma grade. Furthermore, PLK 
alterations usually occur in primary GBM, suggesting an 
important role for PLKs in primary GBM. 
 
P53 plays an indispensable role in transcriptional 
regulation of BP, such as DNA repair, cell cycle arrest, 
senescence, and apoptosis [31]. PLKs-associated KEGG 
cascade analysis also shows correlation with p53 
signaling cascade. This means that the p53 signaling 
cascade could be the key signaling cascade in PLKs 
network. In addition, PLK2 may contribute to the poor 
prognosis of glioma patients through other cascades. 
 
Herein, our results suggest that the high expression 
levels of PLK1/3/4 and low expression levels of 
PLK2/5 play important roles in the development of 
GBM. PLK family can be an important molecular 
marker to identify the malignancy of GBM. 
Furthermore, our findings suggest that PLKs are 
potential therapeutic targets for GBM. In particular, low 
PLK2 expression presents a potential prognostic marker 
for improving GBM patient survival and prognostic 
accuracy. 
 
MATERIALS AND METHODS 
 
ONCOMINE analysis 
 
PLK transcription levels in various malignancies were 
analyzed using gene expression array datasets from 
ONCOMINE, an open cancer microarray data 
repository. The tumor analyses were in contrast with the 
non-tumorous tissue of the same kind. The PLK 
transcript contents in clinical cancer specimens were in 
contrast with those in non-tumorous controls using the 
student’s t-test, which yielded a p-value. 0.01 and 2 
were chosen as the p-value cut-off and fold change, 
respectively. 

Gene expression profiling interactive analysis 
2(GEPIA2) dataset 
 
GEPIA2 is a newly established interactive web resource 
that employs a standard processing pipeline to explore 
the RNA sequencing expression data of 9,736 tumors 
along with 8,587 non-tumorous samples from the 
TCGA, as well as GTEx projects 
(http://GEPIA2.cancer-pku.cn/) [10]. For tumor/non-
tumorous differential expression and correlation 
analysis, GEPIA2 was employed. The approach for 
estimating differential expression constitutes one-way 
ANOVA, with disease status (tumorous or non-
tumorous) as the variable. 
 
cBioPortal 
 
The cBio Cancer Genomics Portal 
(http://cbioportal.org) was created primarily to resolve 
the data integration challenges that large-scale cancer 
genomics research suffer [32]. We identified somatic 
mutations, transcript expression changes, along with 
copy number changes in a set of cases using 
OncoPrints. Based on the cancer types summary, 
various PLK alteration forms were observed in GMB, 
including mRNA low, mutation amplification, mRNA 
high, deep deletion, and multiple alterations. The 
difference between the altered and unaltered groups in 
the subtypes was determined via clinical comparison. 
To understand the mutual exclusivity between PLKs, 
the samples with a variation on a gene were used as a 
set to analyze whether two genes were mutually 
exclusive or co-occurring in a tumor by analyzing the 
sets corresponding to the two genes. A positive value 
here suggests that alterations in these genes co-occur in 
the same samples, while a negative value suggests that 
alterations in these genes are mutually exclusive and 
occur in different samples. 
 
TCGA data 
 
We acquired 699 samples from TCGA, which included 
gender, WHO grade, age, and pathologic diagnosis. The 
molecular analysis results were obtained using the 
Genomic Data Commons (GDC) [33]. 
 
CGGA data 
 
The CGGA data resource (http://www.cgga.org.cn/) 
is a user-friendly web tool for data storage and 
analysis that allows you to explore brain tumor data 
sets consisting of over 2,000 samples from Chinese 
cohorts [34]. This study utilized CGGA tools for 
grade-related differential expression, and correlation 
analyses. In addition, 693 samples were downloaded 
for mRNA sequencing. 

http://gepia2.cancer-pku.cn/
http://cbioportal.org/
http://www.cgga.org.cn/
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HPA data 
 
The Human Protein Atlas data resource 
(https://www.proteinatlas.org/) involves mapping all 
human proteins in cells, tissues, along with organs by 
incorporating multiple omics approaches, for instance 
antibody-centered imaging, mass spectrometry-centered 
proteomics, transcriptomics, as well as systems biology 
[35]. The HPA data set was adopted to verify PLKs at 
the translational level. The score of protein expression 
was calculated via immuno-histochemistry data that was 
manually rated for staining intensity (negative, weak, 
moderate, or strong) and the proportion of stained cells 
(25%, 25–75%, or >75%). 
 
Functional enrichment analyses 
 
GO along with KEGG analyses were also adopted to 
assess the functional roles of the PLK network. The 
cluster Profiler program in R statistical software was 
adopted to conduct these gene functional enrichment 
analyses (The R Foundation, Vienna, Austria). P < 0.05 
served as the cutoff for GO along with KEGG 
enrichment analyses. The findings of the GO along with 
KEGG assessments were visualized using the R tool 
GO plot. 
 
GSEA 
 
GSEA (http://www.broadinstitute.org/gsea/index.jsp) 
constitutes a statistical approach for determining if an a 
priori defined list of genes exhibits remarkably 
different, concordant differences between two 
biological states. The GSEA v4.0 software was adopted 
to assess the normalized enrichment score (NES) along 
with false discovery rate (FDR) to validate the 
remarkable changes [36]. 
 
Cox proportional hazards regression analysis 
 
Univariate along with multivariate Cox proportional 
hazards regression assessments were adopted to explore 
predictive clinico-pathological variables. The hazard ratio 
for each category and its 95% CI are utilized to express 
the results for noteworthy prognostic indicators. P < 0.05 
was regarded as statistically significant. R statistical 
program was used to conduct the statistical analysis. 
 
GeneMANIA in Cytoscape 
 
GeneMANIA utilizes a vast database of functional 
relationship data to uncover other genes that are 
connected to a set of input genes. Protein along with 
genetic relationships, cascades, co-expression, co-
localization, as well as protein domain similarity are all 
examples of association data [16]. GeneMANIA may be 

accessed using the Cytoscape app. Using GeneMANIA, 
we created a network of 100 genes connected to PLKs. 
 
Cell culture 
 
The Chinese Academy of Sciences provided U251MG 
(Shanghai, China). The cells were propagated in DMEM 
(Gibco; Thermo Fisher Scientific, USA) enriched with 
10% FBS (Gibco; Thermo Fisher Scientific, USA) under 
37°C along with 5% CO2 conditions. 
 
Cell viability assay 
 
The CCK8 kit was adopted to assess cell viability. To 
begin, 5000 cells/well were inoculated in 96-well plates. 
The cells were inoculated with diverse dosages of 
ON1231320 and propagated for 24, 48, and 72 hours 
after an overnight incubation. After the inoculation, 
each well was introduced with 100L DMEM and 10L 
CCK-8 and incubated for two hours. Finally, utilizing 
an Infinite M200 PRO plate reader, the absorbance was 
taken at 450 nm (Tecan, Switzerland). 
 
Colony forming cell assay 
 
On 6-well culture plates, 500 cells/well were planted 
and grown in DMEM enriched with 10% FBS. The cells 
were inoculated with the appropriate agents and grown 
at 37°C along with 5% CO2 conditions for ten days. The 
colonies were then enumerated after being stained with 
0.1 percent crystal violet. Three independent tests were 
performed on each group of colonies. ImageJ software 
was adopted to evaluate the data. 
 
Western blot assay 
 
Cell lysing was done with the RIPA buffer (APPLYGEN, 
Beijing, China) enriched with a cocktail of protease 
inhibitor. Fractionation of proteins was done with a suitable 
dosage of gel (BioSci: 8012011), followed by blotting onto 
nitrocellulose membranes. After that, 3% BSA in TBST was 
adopted to block the membranes for one hour at RT (room 
temperature). Thereafter, we overnight inoculated the 
samples with the primary antibody of the matching antigen 
at 4°C, and then rinsed thrice in TBST. Afterwards, we 
inoculated the samples for one hour with the fluorescently 
linked secondary antibody at RT. Using the Odyssey 
infrared imaging equipment (LI-COR, Lincoln, NE), 
distinct protein bands were identified after three rinses in 
TBST. For sample loading and standardization, GAPDH 
was employed as an internal control. 
 
Immunohistochemistry 
 
PLKs were stained immuno-histochemically on 5-m 
unstained tissue slices, which were subsequently 

https://www.proteinatlas.org/
http://www.broadinstitute.org/gsea/index.jsp
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deparaffinized, then re-hydrated. Tissue slices were 
treated for 30 minutes at 100°C in a steamer harboring 
10 mM citrate buffer (pH 6.0) to assess antigenicity. To 
suppress activity of endogenous peroxidase, the 
segments were sub-merged in ethanol enriched with 3% 
hydrogen peroxidase for 20 minutes. Sections were 
inoculated overnight at 4°C with a 1:100 dilution of 
primary anti-PLKs (Santa Cruz, CA, USA). The tissue 
slices were then rinsed in PBS and inoculated for 30 
minutes with an anti-rabbit secondary antibody before 
being inoculated with the streptavidin horseradish 
peroxidase complex. DAB was used to develop the 
sections, which were then counterstained with 
hematoxylin. At 400 magnifications, 15–20 fields of the 
sections were examined. Four grades categorized the 
fraction of positively-stained tumor cells: >30% positive 
tumor cells (3); 10–30% positive tumor cells (2); <10% 
positive tumor cells (1); no positive tumor cells (0). 
Four grades categorized the intensity of staining: no 
staining (0), light-yellow-weak staining (1); yellowish 
brown-moderate staining (2), and brown-strong staining 
(3). The staining index was computed as the fraction of 
positively stained tumor cells multiplied by the intensity 
of staining. High PLKs expression was described as a 
staining index score >4, whilst low expression was 
characterized as a staining index score 2, and mid 
expression was defined as others score. 
 
Nude mouse xenograft 
 
5 × 106 U87 cells were subcutaneously inoculated into 
the right axillae of 6 weeks old BALB/c Nude female 
mice. Once the tumors have grown in the mice for 2 
weeks, we stratified the mice at random into treatment 
groups (n = 4) and were given daily, either placebo, or 
the specified dosages of ON1231320. The formula (long 
× short2)/2 was employed to compute tumor volumes. 
 
Statistical analysis 
 
For all statistical analyses, SPSS v20.0 was utilized. 
The unpaired Student's t-test was adopted to uncover 
differentially expressed genes. For the statistical 
examination of the correlation between two independent 
variables, the 2 test was used. The survival distributions 
were estimated using Kaplan-Meier survival analysis. 
Using GraphPad Prism, the log-rank approach was 
adopted to assess the statistical significance of the 
stratified survival groups. 
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INTRODUCTION 
 

Hepatocellular carcinoma (HCC) is the 4th most common 

cause of cancer-associated mortality worldwide [1], and 

hepatitis B virus (HBV) infection accounts for the 

majority of cases [2]. In developing countries such as 

China, the HCC incidence rate has been increasing 

continuously [3, 4]. At present, accurate biomarkers for 
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ABSTRACT 
 

Ferroptosis is an iron-dependent form of cell death. In spite of its significance in pathogenesis and disease 
progression, ferroptotic signal transduction in HBV-HCC has not been fully explained. Here, four HCC open-
source datasets were downloaded from the GEO repository. Cox regression and LASSO models were established 
to prioritize novel prognostic candidate biomarkers, and the results were verified in vitro and in vivo. We 
identified 633 common DEGs in both of the bulk RNA-Seq expression profiles. Next, based upon the TCGA-LIHC 
cohort, a prognostic signature consisting of nine genes was extracted from 633 shared DEGs, and the specificity 
and sensitivity of the signature were evaluated in both training and validation datasets. This signature showed 
that the high-risk group had a worse prognosis than the low-risk group. CEP290 was discovered among the 
prognostic signature genes, and its expression notably correlated with survival, AFP level, TNM stage and 
vascular invasion. We confirmed expression of CEP290 in eight pairs of HCC tissues and diverse liver cancer cell 
lines. CEP290 knockdown reduced proliferation, migration and invasion in Hep3B liver cancer cells while Fe2+ and 
malondialdehyde levels were elevated. Mechanically, co-immunoprecipitation showed an interaction between 
CEP290 and Nrf2 proteins, and biological phenotypes of Hep3B cells under CEP290 interference were rescued 
by Nrf2 activator. Furthermore, CEP290 silencing considerably blocked protein expression of Nrf2 pathway 
members. Finally, suppression of CEP290 effectively inhibited tumor growth in vivo. The above results shed 
light on the important role of CEP290 in ferroptosis and present an important implication for HCC progression. 
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HCC prognosis prediction have not been identified. 

Therefore, identifying predictive biomarkers is critical 

for the assessing the HCC survival rate [5, 6]. 

 

Great progress has been made in the analysis  

of transcriptomes with high-throughput sequencing 

technologies, and these studies have revealed detailed 

gene expression patterns in diverse cancers [7]. 

Bioinformatic analysis of gene expression profiles 

facilitates biomarker identification. For example, 

centrosomal protein 131 (CEP131) was recognized as a 

novel substrate of PLK4 that facilitated centrosome 

amplification and colon cancer development [8]; 

overexpression of centrosomal protein 70 (CEP70) 

stimulated the growth of pancreatic cancer cells by 

inducing abnormal centrosomes and disorganized 

microtubules [9]. These studies revealed that centrosomal 

proteins could be potential biomarkers and therapeutic 

targets and played critical roles in diverse cancers. 

 

Ferroptosis is a form of iron-dependent cell death, 

which is different from autophagy, necrosis and 

apoptosis [10]. Due to iron-dependent accumulation of 

lipid peroxidation, ferroptosis is regulated by a 

specific set of proteins involved in many cancer 

signaling pathways related to iron metabolism [11, 12]. 

Nrf2, a core gene for the oxidant stress response, 

induces the activation of its downstream genes that 

function against tumor ferroptosis [13]. Moreover, 

ferroptosis can also be triggered by the aberration of 

the glutathione (GSH)-glutathione peroxidase 4 

(GPX4) antioxidant systems, indicating that GPX4 is 

the vital link of antiperoxidant defense [14, 15]. 

However, the potential ferroptosis-related regulatory 

mechanism remains unknown. 

 

In the present work, we demonstrate that centrosomal 

protein 290 (CEP290), which regulates cancer cell 

ferroptosis, growth, migration and invasion through the 

Nrf2 signaling pathway, is a reliable biomarker for 

prognosis prediction. Bioinformatics analysis in 

combination with in vivo and in vitro experiments 

represents a more effective approach for exploring the 

molecular mechanism of HCC. 

 

MATERIALS AND METHODS 
 

HCC cases 

 

For this study, we acquired eight HCC specimens and 

paired normal liver specimens from HBV-associated 

HCC patients who underwent surgical treatment at 

Sichuan Cancer Hospital. The Research Ethics 
Committee of Sichuan Cancer Hospital approved the 

research design. All patients signed informed consent 

for participation. After collection, each specimen was 

frozen immediately in liquid nitrogen until processed 

for subsequent assays. 

 

HCC RNA-Seq dataset acquisition 

 

To identify differentially expressed genes (DEGs) 

between HBV-associated HCC specimens and non-

carcinoma liver specimens (NL), this work made use of 

two open-source datasets, GSE22058 (n=192) [16] and 

GSE54238 (n=23) [17], from the GEO database using 

GPL6793 together with the GPL16955 platform. One 

10×Genomics single-cell RNA sequencing dataset 

(GSE103867) including resected tissue from a primary 

HCC patient and HBV-negative liver cancer Huh1 and 

Huh7 cell lines [18] was downloaded from the Gene 

Expression Omnibus (GEO) repository. 

 

DEG recognition 

 

After mean background correction of multi chips, we 

normalized quantiles and calculated the expression levels 

of the microarray matrix by Affymetrix to obtain specific 

gene expression data. In addition, we adopted Limma and 

Bayesian statistics to construct a linear model. This study 

selected DEGs from HCC specimens upon the Log2 (fold 

change, FC) |> 0.6 and p <0.05 thresholds. 

 

Annotation of biological function 

 

We used Gene Ontology (GO) analysis as the primary 

reference for the annotation of genes or gene products 

or for the interpretation of high-throughput genomic  

and transcriptomic analysis results [19]. We also  

used DAVID database (https://david.ncifcrf.gov/) for 

mapping a user-defined gene for related biological 

annotations, which plays an important role in the 

successful analysis of genes post-HTS [20]. The present 

work adopted DAVID for GO analysis to examine DEG 

effects. p<0.05 stood for statistical significance. 

 

HCC prognosis nomogram construction 

 

The survival rate was calculated based on Kaplan–

Meier (KM) curve analysis, and significant differences 

across diverse survival curves were determined by the 

log-rank test. In addition, the Cox proportional hazards 

model was utilized for univariate and multivariate 

analyses. Later, the LASSO-Cox method was adopted 

to reduce the dimensionality, and we selected 

significant HCC prognostic genes to construct a 

prognostic model based on Cox regression [21]. The 

LASSO approach was adopted to establish and validate 

a nomogram [22]. Afterwards, we drew receiver 
operating characteristic (ROC) curves and then 

determined the area under the curve (AUC) values to 

analyze the specificity and sensitivity of our model [23]. 

https://david.ncifcrf.gov/
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Immunohistochemical (IHC) staining 

 

Eight HBV-HCC and matched normal specimens were 

dehydrated, paraffin embedded, sliced into 4-μm 

sections, deparaffinized with xylene and rehydrated 

with a series of ethanol solutions at room temperature. 

Then, antigen recovery was performed using sodium 

citrate, endogenous peroxidase activity was blocked 

using 3% H2O2, and specimens were blocked using 5% 

bovine serum albumin (BSA) at room temperature for 

30 min. Subsequently, specimens were incubated with 

anti-CEP290 primary antibody (No. 22490-1-AP; 

Proteintech, China) for 12 h at 4° C, followed by  

an additional 2 h of incubation with HRP-labeled 

secondary antibodies at room temperature. Color 

development was conducted using a Cell and Tissue 

Staining HRP-DAB kit (Beyond) according to 

manufacturer’s protocols. Images were acquired using 

an Orthophoto microscope (×100). IHC results were 

semi-quantitatively analyzed by using ‘image-pro_plus’ 

software. IOD values and region area were measured by 

selecting both control and target regions. We 

determined the average density (IOD/area) within both 

regions. 

 

Cell culture and treatment 

 

Huh7 and Hep3B liver cancer cells, together with 

immortalized non-cancerous THLE-2 cells, were 

provided by the Cell Bank of the Chinese Academy of 

Sciences. All cells were cultured in RPMI-1640 

medium (Gibco, USA) supplemented with 10% fetal 

bovine serum (FBS; Gibco, USA) and 1% penicillin-

streptomycin at 37° C with 5% CO2. 

 

For inhibition of CEP290 expression, CEP290-siRNAs 

and the relevant negative control (NC) siRNAs were 

acquired from RIBOBIO (Guangzhou, China). siRNA 

sequences used in the present work are shown below: 

si-CEP290 #1: ID stB0013686A; si-CEP290 #2: ID 

stB0013686B. Cells (1×105/well) were plated into  

6-well plates and cultured until they reached 70%–80% 

confluence. Lipofectamine 2000 (Invitrogen, USA) was 

used to transfect siRNA into cells at a final 

concentration of 100 µM according to manufacturer’s 

protocols. Target gene levels were determined at 48 h 

post-transfection. 

 

RNA isolation and qRT–PCR 

 

The RNAiso Plus kit (Takara, USA) was used to extract 

total RNA according to manufacturer’s protocols. 

Complementary DNA was prepared from the extracted 
RNA by a PrimeScriptTM RT Reagent kit with gDNA 

Eraser (Takara, USA) by reverse transcription under the 

following conditions: 15 min at 37° C, 5 s at 85° C and 

5 min at 4° C. The CFX96 Touch Real-Time PCR 

system (Bio-Rad, USA) and SYBR Premix Ex Taq II 

(Takara, USA) were used for qPCR under the following 

conditions: 30 s at 95° C; followed by 5 s at 95° C and 

30 s at 60° C for 40 cycles. The 2-ΔΔCq approach was 

employed to quantify relative gene expression levels, 

with GAPDH as the endogenous reference. The primers 

used in the present work are shown below: for GAPDH, 

5′-CTTTGGTATCGTGGAAGGACTC-3′ (forward),  

5′-GTAGAGGCAGGGATGATGTTCT-3′ (reverse); for 

CEP290, 5′- GATGCTCACCGAACAAGTAGAAC-3′ 

(forward), 5′- ATGAGTCTGTTGAGAAAGGGTTG-3′ 

(reverse). All the reactions were performed in triplicate. 

 

Cell proliferation analysis and colony formation 

experiment 

 

Cell proliferation was determined with Cell Counting 

Kit-8 (CCK8, Dojindo, Japan) according to 

manufacturer’s instructions. In brief, cells (4×103/well) 

were plated in 96-well plates and cultured for 0, 24, 48 

and 72 h. Afterwards, CCK-8 solution was added to 

each well and incubated for 1.5 h in the dark. 

Thereafter, we determined the living cell count by 

measuring the absorbance (OD) at 450 nm. 

 

Cells were seeded into 6-well plates (600 cells/well for 

the si-CEP290 cell model and the si-CEP290 + Oltipraz 

cell model) using three replicate wells for each  

group, and were cultured in 5% CO2 incubator at  

37° C. After one week, the cells were fixed with 4% 

paraformaldehyde for 30 minutes and incubated with 

crystal violet. After rinsed with PBS three times, the 

clones were recorded and the number of clones was 

calculated. 

 

Scratch assay 

 

Migration of the treated or untreated Hep3B cells was 

evaluated with an in vitro scratch assay. In brief, cells 

were grown in 6-well plates until they reached 100% 

density. A sterile pipette tip was utilized to make a 

wound in the cell monolayer, detached cells were 

removed by rinsing three times with PBS, and cells 

were further cultured in serum-free medium for 24 h. 

Images were taken at 0 and 24 h. 

 

Transwell assay 

 

The migration and invasion of Hep3B cells were 

examined by Transwell assay. The treated or untreated 

Hep3B cells were resuspended in serum-free medium. 

For measuring cell migration, we first added 100 µL  
as-prepared cell suspension into the Matrigel (BD 

Biosciences)-coated upper chamber, and 600 µL 

medium that contained 10% FBS was added to the 
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lower chamber. Then, 4×104 cells were added into  

the upper chamber and fixed using 4% para-

formaldehyde for 15 min. Twenty-four hours later, we 

removed the cells from the chamber. Then, the cells 

were stained with crystal violet (0.1%) for a period of 

10 min. Then, we selected cells located in the inner 

layer and randomly chose 3 fields of view (FOVs) in 

each sample to determine the number of penetrating 

cells. 

 

Iron assay 

 

Relative iron levels within cell lysates were assessed 

using an iron assay kit (No. DIFE-250; BioAssay 

Systems, USA) according to manufacturer’s instructions. 

 

Lipid peroxidation analysis 

 

A lipid peroxidation assay kit (No. A003-1-2; Nanjing 

Jiancheng College of Biotechnology, China) was used 

to assess malondialdehyde (MDA) content within cell 

lysates according to manufacturer’s instructions. 

 

Western blotting (WB) analysis 

 

Total proteins were extracted from cells, and protein 

levels were measured using a BCA protein assay kit 

(Beyotime, Shanghai, China). Proteins were separated 

by 8% SDS-PAGE and transferred to PVDF 

membranes. After blocking in 5% skimmed milk, the 

membranes were incubated with primary antibodies at  

4° C overnight. Next day, the membranes were rinsed 

with TBST three times, incubated for 1 h with 

secondary antibody at ambient temperature, rinsed with 

TBST three times and visualized by ECL (Wanleibio, 

Shenyang, China). The following antibodies CEP290 

(ab85728, Abcam, USA), Nrf2, NQO1, HO-1 

(Proteintech, Wuhan, China), FTH1 (Cell Signaling 

Technology, USA) and β-actin (DianyinBio, Shanghai, 

China) were used in this study. 

 

Xenograft assay in nude mice 

 

Athymic nude (BALB/c) mice were acquired from 

Chongqing Hospital of Traditional Chinese Medicine. 

Six-week-old male mice were injected with Hep3B cells 

and CEP290-deficient Hep3B (CEP290-KO) cells 

(2×106 cells) in the right flanks into the subdermal 

space (n=5 per group). Tumors were measured with a 

caliper on days 0, 4, 8 and 14, and the volume was 

estimated according to the formula: volume = tumor 

length in mm × width2 in mm × 0.5236. Fourteen days 

post-injection, all animals were euthanized and the 
tumor tissues were collected. All animal procedures 

were carried out following the Guidelines for Animal 

Experiments released by the Chinese government. 

Statistical analysis 

 

Data were displayed as mean ± SD. GraphPad Prism 

analysis software was used for statistical analyses. One-

way ANOVA and t-test were performed to assess 

differences of 2 groups, while those across multiple 

groups were analyzed through LSD-t test and one-way 

ANOVA. * p<0.05; ** p<0.01; # p<0.05; ## p<0.01. 

 

Data availability 

 

The data that support the findings of this study are 

available from the corresponding author upon reasonable 

request. 

 

RESULTS 
 

Shared DEGs identified in the 2 HCC datasets 
 

Two open-source HBV-related HCC datasets GSE54238 

(n=23) and GSE22058 (n=192) were downloaded from 

the GEO repository. DEG expression data were 

investigated using the Limma R package in both 

datasets. We identified 2,311 DEGs between 96 HCC 

specimens and paired non-cancerous specimens from the 

GSE22058 dataset with the threshold set at p < 0.05 and 

| Log2 (FC) | > 0.6, with 859 genes upregulated and 

1,452 downregulated (Figure 1A, 1B). 2,952 DEGs were 

identified from the GSE54238 dataset when 13 HCC 

specimens were compared with 10 non-cancerous 

specimens, with 1,658 genes upregulated and 1,294 

downregulated (Figure 1C, 1D). There were 633 shared 

DEGs between the two datasets (Figure 1E). 
 

To better understand the biological roles of 633 shared 

DEGs, we used the ‘clusterProfiler’ [24] function in the 

R package for functional annotations. GO terms can be 

divided into three categories, biological processes 

(BPs), molecular functions (MFs) and cellular 

components (CCs). For BPs, DEGs were mostly 

associated with ‘small molecule catabolic process’, 

‘response to oxidative stress’, and ‘carboxylic acid 

biosynthetic process’ (Figure 1F). As for MF, DEGs 

were mostly related to ‘coenzyme binding’, ‘iron ion 

binding’ and ‘organic acid transmembrane transporter 

activity’ (Figure 1G). Concerning CC, those DEGs  

were mostly associated with ‘collagen-containing 

extracellular matrix’, ‘spindle’ and ‘basolateral plasma 

membrane’ (Figure 1H). 

 

HCC prognosis prediction model 
 

HCC data were obtained from the TCGA-LIHC cohort 
and randomly divided into training (n=183) and 

validation (n=182) cohorts. To identify the most 

representative genes associated with HCC survival from 
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Figure 1. Identification and enrichment of DEGs from the GSE54238 and GSE22058 datasets. (A, B) DEGs hierarchical clustering. 

Data are the log2 HCC-to-normal intensity ratio. Green and red represent significantly downregulated and upregulated genes (p <0.05), 
respectively. aHCC, advanced hepatocellular carcinoma. (C, D) Volcano plot representing the distribution of DEGs. (E) DEGs shared in two 
datasets. (F–H) Ten significant GO terms. 



www.aging-us.com 2372 AGING 

shared DEGs, we imported 633 genes by removing the 

overfitted genes using the LASSO regression 

algorithm and then analyzed them by multivariate Cox 

proportional risk regression (Figure 2A). Through this 

maneuver, we obtained nine risk genes from the 

training cohort to construct a prognostic model and 

determined the risk score of every specimen according 

to their expression and regression coefficients [25]. 

The median risk score in the training set was 0.9519; 

therefore, this value was selected for dividing 

specimens into high- and low-risk groups (Figure 2B 

center). The survival distribution in the training cohort 

is presented in Figure 2B (Figure 2B bottom). The 

variations in the expression of the nine risk genes in 

the heatmap conformed to the respective risk scores of 

the prognostic model (Figure 2B top). For the 

validation cohort, the median risk score was 0.9664. 

This study verified the prognostic prediction 

performance of the risk score and came to similar 

conclusions (Figure 2C). According to KM curve 

analysis, the high-risk group in the training cohort had 

a poorer prognosis than the low-risk group (Figure 2D; 

p=4.722e-07). Similarly, the high-risk group in the 

validation cohort had worse survival compared with 

the low-risk group (Figure 2E; p=9.493e-03). In 

addition, we drew ROCs and determined the AUC 

values of the two cohorts (0.811 and 0.688, 

respectively) (Figure 2F, 2G). 

 

Prioritization of candidate genes 

 

To better identify the most informative gene among 

those nine risk genes, we examined the signature genes 

for their clinical implications. According to primary 

screening, centrosomal protein 290 (CEP290), which 

was not reported in previous studies, has remarkable 

clinical value. CEP290 was highly expressed in HCC 

specimens from the TCGA-LIHC cohort (n=419) 

(Figure 3A), and the ROC curve showed that 

upregulation of CEP290 showed good diagnostic 

performance for HCC (Figure 3B; AUC=0.783; 

p<0.0001). Combined with other HCC clinical 

indicators, we found that CEP290 overexpression was 

significantly related to TNM stage, vascular invasion 

and the alpha fetoprotein (AFP) level (Figure 3C–3E), 

whereas there was no significant difference in Child-

Pugh grade or histologic grade (Figure 3F, 3G). 

Subsequently, we analyzed CEP290 levels in eight 

HCC specimens and matched non-cancerous specimens. 

As suggested by the IHC assay, CEP290 protein 

expression was significantly increased in HBV-

associated HCC compared with matched non-cancerous 

specimens (Figure 3H). In addition, the prognostic 
value of CEP290 for disease-free survival of HCC 

patients was evaluated by a KM curve analysis 

according to the best threshold (Figure 3I; cutoff 

point=14.8). We found that TCGA LIHC samples with 

CEP290 overexpression had worse disease-free survival 

(DFS) (Figure 3I; HR=1.682, p=8.95e-03). To further 

validate the prognostic prediction performance of 

CEP290 following radical hepatectomy, a nomogram 

was built base on TNM stage and CEP290 level, the 

two independent factors for disease-free interval (DFI) 

discovered from multivariate analysis (Figure 3J). 

Clinicians were able to estimate 1-, 3- and 5-year 

disease-free survival based on the summation of each 

score from different prognostic factors incorporated in 

the nomogram. Calibration plots and bootstrap C-index 

were determined for the internal validation of the 

nomogram. Superior 1-, 3- and 5-year disease-free 

survival were estimated based on the bootstrapped 

calibration plots relative to the ideal model (Figure 3K). 

As a result, the above findings suggested that CEP290 

upregulation was a candidate biomarker to predict liver 

cancer prognosis. 

 

We next extracted RNA for qRT-PCR and protein for 

WB from THLE-2, Huh7 and Hep3B cell lines. 

CEP290 expression was elevated in Hep3B and Huh7 

cell lines relative to THLE-2 cells when examined by 

qRT–PCR and WB (Figure 4A–4C). These results 

suggested CEP290 might play an important role in liver 

cancer. Although CEP290 mRNA was more abundantly 

expressed in Hep3B cells compared with Huh7 cells, 

the protein expression in Hep3B cells was lower than 

that in Huh7 cells. As a result, we chose Hep3B cells 

for subsequent experiments. 

 

CEP290 knockdown suppressed liver cancer cell 

malignant phenotypes and ferroptosis 

 

To elucidate the role of CEP290 in HCC, we transfected 

Hep3B cells with small interfering RNA (siRNA) 

specific to CEP290 (siRNA #1 and #2). CEP290 mRNA 

levels were markedly reduced in Hep3B cells transfected 

with si-CEP290#1 and #2, indicating that CEP290 was 

successfully silenced (Figure 4D, 4E). Si-CEP290 

exhibited superior activity and was used for subsequent 

analysis. Compared to NC-siRNA, Hep3B cells 

transfected with CEP290-siRNA showed significantly 

decreased proliferation (Figure 4F). In addition, a colony 

formation assay was detected. CEP290 inhibition 

reduced the number of colonies formed (Figure 4G, 4H). 

Furthermore, CEP290-silenced cells exhibited decreased 

migration and invasion compared with NC-siRNA cells 

(Figure 5A–5C). Therefore, we concluded that CEP290 

played an essential role in the invasion and migration of 

Hep3B cells. 

 
Next, to determine the mode of cell death, we treated 

Hep3B cells with the apoptosis inhibitor Z-DEVD-

FMK, autophagy inhibitor 3-MA, and ferroptosis 
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inhibitor ferrostain-1. The results demonstrated that 

both apoptosis and autophagy inhibition had only 

marginal impact on the cell death induced by CEP290 

depletion. However, the ferroptosis inhibitor strikingly 

reduced melanoma cell death induced by the 

suppression of CEP290 (Figure 5D). The above results 

suggested that CEP290 inhibition promoted ferroptosis 

in liver cancer cells (Figure 5E). Subsequently, we 

 

 
 

Figure 2. Establishment of the prognosis prediction nomogram. (A) Signature gene number determined through LASSO analysis.  

(B, C) The top, middle and bottom represent prognostic signature gene expression within the high- or low-risk group, risk score distribution, 
and patient survival of both cohorts, respectively. (D, E) KM curves for both cohorts. (F, G) ROC curves for both cohorts. 
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Figure 3. Clinical significance of CEP290. (A) The CEP290 mRNA expression level is shown in TCGA-LIHC data (n=419). (B) Validation of 
the predictive value of CEP290 upregulation in diagnosing HCC based on the ROC curve. (C–G) CEP290 levels in comparison with AFP, TMN 
stage, vascular invasion, Child-Pugh grade and histologic grade. (H) Typical images (left) as well as quantification (right) of the IHC staining of 
CEP290 in the 8 HCC specimens and matched non-cancerous specimens. (I) DFS analysis based on the X-tile plots threshold. (J) Prognosis 
nomogram for HCC cases after surgery. (K) Calibration curve for the nomogram used to predict 1-, 3- and 5-year DFS. 
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evaluated ferroptosis-related markers such as lipid 

peroxidation (MDA) and iron accumulation upon 

CEP290 interference to determine the association of 

CEP290 with ferroptosis in Hep3B cells. CEP290 

silencing increased the intracellular Fe2+ level (Figure 

5F). Furthermore, the accumulation of MDA, the 

representative end product of lipid peroxidation, was 

analyzed in Hep3B cells depleted of CEP290. CEP290 

inhibition enhanced MDA accumulation in Hep3B cells 

(Figure 5G). The above findings suggested a possible 

role of CEP290 as a ferroptosis regulating factor that 

modulates MDA and Fe2+ contents in Hep3B cells. 

 

CEP290 knockdown inhibited Nrf2 signaling pathway 

 

Enrichment analysis suggested that (Figure 1F) the 

oxidant-stress response played an important role in 

HCC development. Therefore, we conducted correlation 

 

 
 

Figure 4. Verification of CEP290 expression levels in liver cancer cells. (A, B) CEP290 levels in HCC cells were measured by qRT–PCR 
and WB. (C) The quantification of protein expression of CEP290 in diverse cell lines. (D, E) CEP290 interference reduced mRNA and protein 
expression in Huh7 cells. (F) Cell proliferation measured by CCK-8 assay after CEP290 interference. (G, H) Representative images (left) and 
quantification (right) of colony formation capacity. (*p < 0.05; **p < 0.01; ***p < 0.001; ##p < 0.01, ###p < 0.001). 
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Figure 5. Effect of CEP290 interference on liver cancer cell ferroptosis and malignant phenotypes. (A) Scratch assay. Scratches 

were made in a confluent culture, and cell migration into the scratch wounds was documented. (B, C) Transwell assays. After treatment, the 
migration and invasion of Hep3B cells were analyzed. (D) Hep3B cell viability was evaluated after si-CEP290, incorporate with treatment of Z-
DEVD-FMK (100 µM), 3-MA (10 mM), and ferrostain-1 (100 µM). (E–G) Cell viability, ferrous iron and MDA levels in Hep3B cells treated with 
si-CEP290 and 75 µM oltipraz (* si-CEP290 vs. si-CEP290+oltipraz, **p < 0.01, *p < 0.05; # si-NC vs. si-CEP290, ##p < 0.01, #p < 0.05). 
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analysis of the TCGA-LIHC RNA-Seq cohort (n=374) 

to investigate the relationship of CEP290 with the 

oxidant-stress core gene Nrf2. CEP290 expression 

showed a positive correlation with Nrf2 (Figure 6A; 

r=0.464, p=2.25e-21), which suggests CEP290 may be 

functionally related to the Nrf2-mediated oxidant stress 

response. Next, we sought to determine the expression 

landscape of CEP290 and the genes in the Nrf2 signal 

transduction pathway in HCC cells using 10×Genomics 

single-cell RNA sequencing data (GSE103867) [18]. 

The tSNE clustering analysis clearly distinguished 

between resected HCC (hcc), Huh1 and Huh7 cells 

(Figure 6B). However, CEP290, HO-1, Nrf2, NQO1 

and FTH1 levels were basically consistent (Figure 6C–

6H), implying that the Nrf2 pathway activation may be 

associated with CEP290 overexpression. 

 

Then, we explored the potential mechanism how 

CEP290 might regulate Nrf2 expression. A previous 

article reported that Nrf2 is a vital transcription factor 

[26]; hence, we hypothesized that CEP290 may interact 

with Nrf2, promote Nrf2 transcription and activate the 

Nrf2 signaling pathway. To test this, we first evaluated 

the CEP290-Nrf2 interaction within Hep3B cells by 

conducting CoIP assays. Since the siRNA approach 

may not be sufficient to show the effect of CEP290 

 

 
 

Figure 6. The expression distribution between CEP290 and Nrf2 pathway members in single-cell profiling. (A) Co-expression 
correlation analysis using the TCGA-LIHC RNA-Seq cohort (n=374). (B) t-SNE map shows three liver cancer cell classes. Each dot represents 
one cell. (C–H) Profile of target expression (scRNA-Seq) based on the t-SNE plot from Figure 6B. 
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depletion in CoIP experiments clearly, we generated a 

cell line (Hep3B CEP290-/-) with a homozygous 

knockout of CEP290 using the CRISPR/Case9 gene 

editing system. CoIP results confirmed the interaction 

between CEP290 and Nrf2 (Figure 7A, 7B). Western 

blot results showed that nuclear translocation of Nrf2 in 

CEP290-KO Hep3B cells was reduced (Figure 6C), and 

CEP290 silencing significantly downregulated the 

expression levels of Nrf2 signaling pathway members 

(FTH1, Nrf2, NQO1, HO-1) (Figure 7D, 7E). These 

observations demonstrated that CEP290 promoted the 

transcription of Nrf2 pathway genes through Nrf2. 

 

We next used oltipraz, an activator of Nrf2, to 

determine whether the inhibitory effect of CEP290 

could be circumvented by Nrf2 activation. Hep3B cells 

were treated at different concentrations to determine an 

appropriate dose, and we found that 75 µM oltipraz had 

the optimal effect as shown in Figure 7F. 

Administration of oltipraz completely reversed the 

effect of CEP290 silencing on cell growth, migration, 

invasion and ferroptosis (Figures 4F–4H, 5A–5C, 5E–

5G). Furthermore, oltipraz treatment upregulated the 

expression levels of the Nrf2 pathway genes (Nrf2, HO-
1, NQO1 and FTH1) (Figure 7D, 7E). These findings 

suggested that CEP290 regulated biological behaviors 

and ferroptosis in HCC cells by activating the Nrf2 

pathway. 

 

Loss of CEP290 suppresses tumor growth in vivo 

 

Since CEP290 silencing suppressed HCC malignant 

behaviors in vitro, we investigated whether CEP290 

knockout inhibited tumor growth in vivo. CEP290 

knockout (CEP290-KO) Hep3B cells (2×106 per 

injection site) were injected into nude mice 

subcutaneously. Compared to the control group, 

CEP290-KO cells formed smaller tumors (Figure 7G, 

7H). Collectively, these results suggest that CEP290 

plays an important role in the regulation of HCC 

proliferation in a subcutaneous xenograft model. 

 

DISCUSSION 
 

In the present work, we downloaded gene expression 

profile datasets GSE54238 and GSE22058 and 

identified 633 shared DEGs. Through a series of 

bioinformatic analyses and in vitro and in vivo assays, 

we identified CEP290 as a novel candidate biomarker 

of HCC prognosis, demonstrated that CEP290 played 

important functions in the growth, migration, invasion 

and ferroptosis of HCC cells and explored its potential 

mechanism of action. This study provides strong 

evidence that CEP290 functions in regulating 

ferroptosis in liver cancer cells via the Nrf2 signaling 

pathway (Figure 7I). 

Ferroptosis is a novel iron-dependent form of cell death 

f [27] and is regulated by diverse signal transduction 

pathways in cancers [28]. SLC7A11 regulated cancer 

cell ferroptosis through glucose- and glutamine-

dependency [29]. GLRX5 knockdown stimulated the 

iron-starvation response and increased intracellular Fe2+ 

through iron-responsive element-binding protein, thus 

inducing ferroptosis [30]. However, the regulatory 

mechanism of ferroptosis remains ambiguous. 

 

As evident from recent findings, centrosomal protein 

(CEP) plays an important role in carcinogenesis. For 

example, CEP55 overexpression increases cancer  

cell stemness and enhances tumor formation by 

activating the PI3K/AKT pathway [31]. TACC3, a key 

centrosomal protein, was upregulated in prostate cancer, 

and its silencing inhibited tumor growth [32]. CEP290 

was previously reported to be involved in cell 

ciliogenesis [33]. Deletion of CEP290 blocked the 

formation of cilia by directly recruiting DAZ and zinc 

finger protein 1 DZIP1 [34] or by disrupting the 

formation and subcellular distribution of the protein 

complex PCM-1 [35]. However, the biological function 

of CEP290 is virtually unexplored in cancers. In our 

study, CEP290 was identified from a prognostic 

signature screening. It is overexpressed in the TCGA-

LIHC cohort, HCC tissues and liver cancer cell lines. 

Using multivariate analyses, we found that CEP290 

expression in TCGA-LIHC data could serve as an 

independent indicator of poor prognosis. In addition, 

overexpression of CEP290 was also correlated with the 

AFP level, TNM stage and vascular invasion, 

suggesting that CEP290 could be used as a prognostic 

marker. 

 

To clarify the contribution of CEP290 to liver cancer 

progression, we examined the effect of CEP290 

depletion both in vitro and in vivo. In Hep3B cells, the 

suppression of CEP290 expression inhibited cell 

proliferation, migration and invasion and induced 

ferroptosis. Moreover, CEP290 knockout repressed 

Hep3B cell tumor formation in vivo. These findings 

proved that CEP290 contributed to hepatocarcinogenesis 

and key implication for the development of therapeutic 

tactics of HCC. 

 

Nrf2, a core gene for the oxidant stress response, 

activates its downstream genes and would promote 

cancer progression [36], and therefore, Nrf2 is a 

candidate therapeutic target to treat cancer [37, 38]. 

According to published literature, Nrf2 knockdown 

inhibited HCC development [39, 40], which suggested 

that Nrf2 induces HCC by activating downstream 
targets. Our results have confirmed the interaction 

between CEP290 and Nrf2 proteins. CEP290 silencing 

blocked the nuclear translocation of Nrf2 and reduced 
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Figure 7. CEP290 knockout inhibits tumor growth in vivo. (A, B) The interaction between CEP290 and Nrf2 was analyzed by WB and 

immunoprecipitation in Hep3B cells. (C) Nrf2 expression in nuclear extracts after CEP290 knockout. (D) Following CEP290 silencing, the 
protein expression of Nrf2 and the respective downstream members (HO-1, FTH1 and NQO1) were detected by WB, and (E) the protein levels 
of CEP290 were quantified. (F) Selection of optimal oltipraz dose. (G) Gross appearances of tumors. Male nude mice (six weeks old, n = 5 for 
each group) were subcutaneously injected with Hep3B and CEP290-KO Hep3B cells (2 × 106) on the right flank. The mouse tumors were 
collected 2 weeks after implantation. (H) Xenograft tumor sizes were determined in mice bearing tumors. (I) A proposed model of the 
CEP290/Nrf2 axis activation in HCC. All results are presented as the mean ± SD; **p < 0.01; ***p < 0.001. 
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the expression of Nrf2 pathway members. Administration 

of Nrf2 activator oltipraz elevated the expression of 

Nrf2 pathway members and induced malignant 

phenotypes of liver cancer cells in CEP290-depleted 

cancer cells. These data revealed that CEP290 

modulated ferroptosis and malignant phenotypes of 

liver cancer cells by regulating the Nrf2 signaling path-

way. 

 

CONCLUSIONS 
 

In summary, the present work established DEGs from 2 

independent HCC datasets and identified CEP290 as a 

predictor of patient survival. CEP290 is involved in the 

ferroptosis of HCC cells via the Nrf2 pathway. The 

present study provides a novel direction in deciphering 

the mechanism of HCC initiation. 
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INTRODUCTION 
 
Cancer, as one of the principal diseases endangering the 
health of all mankind, has placed a heavy burden on the 
development of the social economy and has had a 
profound effect on people's everyday lives [1]. Cancer 
cells replicate unrestrictedly and, by activating multiple 
signaling pathways, promote the growth of blood 

vessels and the reediting of the immune system to form 
a microenvironment suitable for tumor growth [2]. 
Exploring the physiology of cancer and the cancer-
immune microenvironment can lead to an improvement in 
patient prognoses. Most cancers lack effective biomarkers 
[3]. Therefore, it is of great significance to search for 
effective prognostic indicators and explore their roles in 
cancer physiology and the tumor microenvironment. 
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ABSTRACT 
 
Background: At present, cancer is still one of the principal diseases to represent a serious danger to human health. 
Although research on the pathogenesis and treatment of cancer is progressing rapidly, the current knowledge on 
this topic is far from sufficient. Some tumors with poor prognoses lack effective prognostic biomarkers. 
Methods: Firstly, the Wilcoxon test was used to analyse the expression of GTPBP1-GTPBP10 in cancerous and 
normal tissues. Subsequently, we explored the expression of GTPBP1-10 in cancer by way of a paired t-test and 
plotted the survival curve using KM and univariate Cox regression analysis to explore the relationship between 
GTPBP1-10 and the prognosis of cancer. We then explored the significance of the GTPBP family in the tumor 
microenvironment. 
Results: The results showed that many members of the GTPBP family are differentially expressed in a variety of 
cancers and alter the prognosis of a number of cancers. Members of the GTPBP family may serve as novel 
prognostic markers for these tumors. Moreover, members of the GTPBP family are correlated with the immune 
microenvironment of tumors, which is valuable in terms of adding to our understanding of the mechanisms of 
tumor genesis. Finally, we identified drugs showing a high correlation with GTPBP family members, which are 
therefore conducive to the development of GTPBP family member-based treatment regimens. 
Conclusions: The 10 members of the GTPBP family have prognostic value in multiple tumor types and are 
associated with the immune microenvironment. Our study may provide a reference for the diagnosis and 
treatment of tumors. 
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GTP was previously thought to be a form of cellular 
energy storage, and the function of GTPase was 
previously thought to be mainly related to energy 
supply [4]. However, studies in the past 50 years have 
revealed a number of additional functions [4]. Some 
GTP-binding proteins (GTPBP) with GTPase activity—
including Ras, Rho and Rab—have been shown to play 
an important role in cancer [5]. This suggests that 
GTPBP may be a key factor in human diseases, 
particularly cancer [5]. GTPBP1-10 is a class of 
proteins exhibiting GTPase activity, but the research on 
them remains unclear [6]. It has been suggested that 
they may be related to mRNA monitoring and quality 
control of ribosome translation [7]. However, there has 
hitherto been no systematic study conducted on the role 
of GTPBP1-10 in various cancer types. 
 
In this study, we conducted a pan-cancer exploration of 
GTPBP1-10, including expression analysis, survival 
analysis, immune infiltration analysis, methylation 
correlation analysis, and prediction of GTPBP4-related 
transcription factors. Our results may provide new ideas 
for the future diagnosis and treatment of cancer. 
 
METHODS 
 
Data download 
 
From the Xena Browser website (https://xenabrowser. 
net/datapages/) we downloaded data needed for 
analysis, including RNA-Seq (HTSeq-FPKM), clinical 
data (phenotype and survival data), immune subtypes, 
DNA methylation induced tumor stem cell properties 
(DNAss), and mRNA induced tumor stem cell 
properties (RNAss) data. We downloaded data of the 
following 33 cancer types: Acute Myeloid Leukemia 
(LAML, 151 samples), Adrenocortical carcinoma (ACC, 
79 samples), Cholangiocarcinoma (CHOL, 45 samples), 
Bladder Urothelial Carcinoma (BLCA, 430 samples), 
Breast invasive carcinoma (BRCA, 1217 samples), 
Cervical squamous cell carcinoma and endocervical 
adenocarcinoma (CESC, 309 samples), Colon 
adenocarcinoma (COAD, 512 samples), Uterine Corpus 
Endometrial Carcinoma (UCEC, 583 samples), 
Esophageal carcinoma (ESCA, 173 samples), 
Glioblastoma multiforme (GBM, 73 samples), Head and 
Neck squamous cell carcinoma (HNSC, 546 samples), 
Kidney Chromophobe (KICH, 89 samples), Kidney 
renal clear cell carcinoma (KIRC, 607 samples), Kidney 
renal papillary cell carcinoma (KIRP, 321 samples), 
Lymphoid Neoplasm Diffuse Large B-cell Lymphoma 
(DLBC, 48 samples), Liver hepatocellular carcinoma 
(LIHC, 424 samples), Brain Lower Grade Glioma 
(LGG, 529 samples), Lung adenocarcinoma (LUAD, 
585 samples), Lung squamous cell carcinoma (LUSC, 
550 samples), Skin Cutaneous Melanoma (SKCM, 472 

samples), Mesothelioma (MESO, 86 samples), Uveal 
Melanoma (UVM, 80 samples), Ovarian serous 
cystadenocarcinoma (OV, 379 samples), Pancreatic 
adenocarcinoma (PAAD, 182 samples), 
Pheochromocytoma and Paraganglioma (PCPG, 186 
samples), Prostate adenocarcinoma (PAD, 551 samples), 
Rectum adenocarcinoma (READ, 177 samples), 
Sarcoma (SARC, 265 samples), Stomach 
adenocarcinoma (STAD, 407 samples), Testicular Germ 
Cell Tumors (TGCT, 156 samples), Thymoma (THYM, 
121 samples), Thyroid carcinoma (THCA, 568 samples), 
Uterine Carcinosarcoma (USC, 56 samples). We used 
the CellMiner website (https://discover.nci.nih.gov/ 
cellminer/home.do) to download the transcriptome data 
and drug sensitivity data.  
 
Pan-cancer analysis 
 
We first selected only those tumor types with a sample 
size of more than 5; then we analyzed the significance 
of the difference in expression of GTPBP1-10 between 
cancer and normal tissues using the Wilcoxon test. To 
calculate the fold change, the mean amount of 
expression in the tumor sample was divided by the 
mean amount of expression in the normal sample; we 
presented this in the form of a heat map, with high 
expression shown in red and low expression in blue. 
Subsequently, we explored the expression of GTPBP1-
10 in cancer via a paired t-test and plotted the survival 
curve using KM and univariate Cox analysis to explore 
the relationship between GTPBP1-10 and the prognosis 
for cancer.  
 
Analysis of tumor microenvironment 
 
The levels of stromal cell and immune cell infiltration in 
the tumor microenvironment were analyzed using R 
software, according to the immune score and stromal 
score of the transcriptome expression matrix. The 
characteristics of tumor stem cells and the level of 
immune infiltration in the tumor microenvironment were 
analyzed using the data of tumor stem cell characteristics 
downloaded from UCSC and the related data of immune 
subtypes (C1, C2, C3, C4, C5 and C6). The Spearman 
correlation coefficient was then used to further analyze 
the correlation between the mRNA expression of the 
GTPBP family and tumor stem cell properties. 
 
Prediction of transcription factors  
 
Potential transcription factors of GTPBP4 were 
predicted by multiple sites—including CHEA, Encode, 
Jaspar, MotifMap, Transfac and Trurust—and 
potential transcription factors whose total predicted 
positive results from the sites were recorded. Then, we 
uploaded the prediction results to Cytoscape for 
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visualization. Next, we predicted the potential 
promoter region of GTPBP4. The sequence location of 
the sense strand of GTPBP4 is 988434-1019932, and 
the upstream from -2000 to -1900 of GTPBP is the 
potential promoter region. The predicted promoter 
region is 986434~988533. On the Jaspar website (a 
database of transcription factor binding profiles), we 
compared the sequence of the potential promoter of the 
target gene to the transcription factors previously 
predicted by three or more sites, and we set a threshold 
of 90%. 
 
Prediction of drug sensitivity associated with the 
GTPBP family in cancers 
 
We used the DREIMT database to explore the 
association between drug sensitivity and GTPBP family 
members in various cancers, so as to provide a reference 
for GTPBP-based treatment. 
 
Correlation analysis of GTPBP family and mTOR 
pathway 
 
Since the GTPBP family is also involved in the mTOR 
pathway, we then analyzed the link between these two. 
The genes relating to the mTOR signaling pathway were 
downloaded from the GSEA website (https://www.gsea-
msigdb.org). The Spearman correlation test was used to 
analyze the correlation between the GTPBP family and 
the mTOR pathway. P < 0.05 was considered 
statistically significant. 

Statistical analysis 
 
The chi-squared and Wilcoxon tests were used for 
exploring the differences between different groups. Cox 
regression analysis was used to examine the degree of 
risk and the prognosis of gene expression in each cancer 
type. The Spearman correlation was used to test the 
correlation between GTPBP and the immune score, 
interstitial score, etc. The statistical significance is 
defined when the two-paired p < 0.05. 
 
Data availability statement 
 
The Xena Browser website 
(https://xenabrowser.net/datapages/); The CELLMINER 
website (https://discover.nci.nih.gov/cellminer/home.do). 
 
Availability of supporting data 
 
All data is available in UCSC, TCGA and other databases. 
 
RESULTS 
 
The flow chart of our work is shown in Figure 1. 
 
Ridgeline plot revealed the central trend of GTPBPs 
in the dataset 
 
The ridgeline plot showed the fluctuation of the 
expression of GTPBP in the data (Figure 2A). The 
gradient of a mountain represents the degree of 

 

 
 

Figure 1. Schematic representation of the experimental design. 

https://www.gsea-msigdb.org/
https://www.gsea-msigdb.org/
https://xenabrowser.net/datapages/
https://discover.nci.nih.gov/cellminer/home.do


www.aging-us.com 2561 AGING 

discreteness between different sets of data. The steeper 
the mountain, the more concentrated the data 
distribution is, and the fewer discrete values there are in 
the data. The less steep the mountain, the more 
fragmented the data. Our study found that the dispersion 
of GTPBP expression in the data set was not high, 
which was of great research value. 
 
Overview of the expression of GTPBP family in 
multiple cancers and normal tissues 
 
Since the above analysis revealed the value of further 
exploration of GTPBP family members, we conducted 

expression analysis in order to clarify their expression 
in tumors. The heat map provides an overview of the 
differential expression of the GTPBP family in each 
cancer compared to normal tissue (Figure 2B). Red 
represents upregulated expression, blue represents 
downregulated expression, and the shade of the color 
indicates the degree of difference. 
 
Analysis of correlations between members of the 
GTPBP family in multiple cancers 
 
Next, we conducted correlation analysis among 
members of the GTPBP family to explore their modes 

 

 
 
Figure 2. Expression of GTPBP family across cancers and the relationship between the GTPBP members. (A) The Ridgeline Plot 
showed the fluctuation of GTPBPs expression in the data: The steeper the mountain, the more concentrated the data distribution is, and 
there are few discrete values between the data. The flatter the mountain, the more fragmented the data. (B) The heat map of the 
expression of the GTPBP family in each cancer compared to normal tissue: red represents upregulated expression, blue represents 
downregulated expression, and the shade of the color represents the degree of difference. (C) The graph of the correlation values among 
the GTPBP members. 
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of action. Through the Spearman correlation test, we 
can calculate the correlation between each member of 
the GTPBP family and visualize it with the use of R 
software. The correlation graph shows the correlation 
values among the members (Figure 2C). This is 
meaningful for us to more fully understand the GTPBP 
family’s mode of action. 

Expression of GTPBP family across cancers  
 
In order to further investigate the significance of 
GTPBP in various tumors, we analyzed the expression 
of the GTPBP family in a range of tumors (Figure 3A–
3J). We found that GTPBP protein was differentially 
expressed in a variety of cancers, such as BLCA, CHOL 

 

 
 
Figure 3. Expression of GTPBP family across cancers. (A–J) The expression of GTPBP family in cancers compared with normal tissues. 
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and LUAD. Moreover, their expression in cancer mainly 
trends towards upregulation, suggesting that they may play 
an important role in cancer and may indeed promote it. 
 
Survival analysis 
 
Since members of the GTPBP family are differentially 
expressed in multiple tumors, we subsequently 
performed survival analysis to assess their prognostic 
value. We found GTPBP expression to be associated 
with the prognoses of various types of cancer (Figures 4 
and 5). Tumors of prognostic value to members of the 

GTPBP family—and their survival curves—are shown 
above. We can see that the GTPBP family is a potent 
prognostic marker for a variety of tumors. Subsequently, 
univariate Cox regression was used to analyze the 
survival of the GTPBP family in cancers; these results 
also revealed the GTPBP family to be a prognostic 
marker for a variety of cancers (Figure 6). 
 
Immune infiltration analysis 
 
The tumor microenvironment plays an important role  
in the genesis and prognosis of tumors. In order to 

 

 
 
Figure 4. Survival analysis revealed that GTPBP expression is associated with the prognosis of various types of cancer 
(p < 0.05). 
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further understand the mechanism and significance  
of the GTPBP family, we conducted immune 
microenvironment analysis. We found that the 
expressions of GTPBP1-10 were different in different 
immune subtypes (P < 0.05, Figure 7A), suggesting 
that GTPBP protein may be related to immunity. In 
addition, we observed a correlation between GTPB1-
10 and the immune score (Figure 7B). Most of the 
GTPBP proteins displayed a negative correlation with 
the immune score in cancer, while GTPBP1, 2 and 8 
showed a positive correlation with the immune score 

in cancer. We also found that GTPBP1-10 was most 
negatively correlated with stromal scores in cancer 
(Figure 7C), while being positively correlated with 
RNAss and DNAss (Figure 7D, 7E). The expressions 
of GTPBP1-10 in immune subtype activation and 
proliferation are shown in Supplementary Figure 1. 
The results showed that GTPBP1, GTPBP2, GTPBP3, 
GTPBP4, GTPBP6, GTPBP7, GTPBP9 and GTPBP10 
were differentially expressed in the activation and 
proliferation of different immune subtypes (*P < 0.05. 
**P < 0.01, ***P < 0.001). 

 

 
 
Figure 5. Survival analysis revealed that GTPBP expression is associated with the prognosis of various types of cancer 
(p < 0.05). 
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Prediction of drug sensitivity associated with the 
GTPBP family in cancers 
 
In order to facilitate the development of therapies based 
on the GTPBP family, we performed drug sensitivity 
analysis to identify the drugs most associated with the 
GTPBP family. The results showed that many drugs are 
related to the GTPBP family; these findings are a useful 
reference for GTPBP family-based therapy. Among 
others, Nelarabine, Vorinostat, Allopurinol, LEe-011 
and Hydroxyurea were all found to be potentially 
effective drugs for GTPBP mutation (Figure 8). 
 
Predicting transcription factors of GTPBP4 
 
Finally, we predicted the transcription factors of 
GTPBP4. JUN and FLI-1 can be detected by the three 

algorithms as possible transcription factors of GTPBP4; 
these are marked in red in Figure 9A. Of the other 
potential transcription factors, those that can be detected 
by two algorithms are labeled in pink, and those that 
can only be detected by one algorithm are labeled in 
blue. The correlation of GTPBP4 with FLI-1 (Figure 
9B) and JUN (Figure 9C) was also investigated. 
Furthermore, we constructed the gene modules of FLI-1 
(Figure 9D) and JUN (Figure 9E). Since JUN's 
correlation was stronger, we predicted JUN's promoter 
sequence in the GTPBP gene (Figure 9F). 
 
Correlation analysis of GTPBP family and mTOR 
pathway 
 
Since the GTPBP family is also involved in the mTOR 
pathway, we then analyzed the link between the two. 

 

 
 
Figure 6. Univariate Cox regression was used to analyze the survival of the GTPBP family in cancers, and the results showed 
that the GTPBP family is a prognostic marker for a variety of cancers. 
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The results showed that GTPBP1, GTPBP2, GTPBP3, 
GTPBP4, GTPBP7, GTPBP8, GTPBP9 and GTPBP10 
were correlated with the mTOR signaling pathway 
(Figure 10). 
 
DISCUSSION 
 
The complex mechanisms in cancer cells have been 
extensively studied by researchers, but the available 
information is still far from sufficient [8]. The highly 

metabolically active nature of cancer, the over-
activation of growth signals, and the unrestricted 
replication of cells have led us to ask the following 
questions: what on earth promotes the occurrence of 
cancer [9–11]? How do you kill cancer cells by 
inhibiting these mechanisms? In addition, tumor-
induced changes in the immune system are equally 
complex [12]. Cancer-induced immune-reediting 
enables tumor cells to acquire immune tolerance and 
contributes to the development of drug resistance [13]. 

 

 
 
Figure 7. Significance of the GTPBP family in the tumor microenvironment. (A) The expressions of GTPBP1-10 were different in 
different immune subtypes (P < 0.05), suggesting that GTPBP protein may be related to immunity. (B) The correlation between GTPB1-10 
and immune score: Red represents positive correlation, blue represents negative correlation. (C) The correlation between GTPB1-10 and 
stromal score: Red represents positive correlation, blue represents negative correlation. (D) The correlation between GTPB1-10 and mRNAs 
induced tumor stem cell properties (RNAss). (E) The correlation between GTPB1-10 and DNA methylation induced tumor stem cell 
properties (DNAss). 
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The exploration of the immune microenvironment of 
tumors is well under way. How to awaken the sleepy 
immune system has become a hot topic in cancer 
treatment. 
 
In this era of precision medicine for cancer, precision 
biomarkers are needed [14]. These biomarkers often 
play an important role in the physiology of cancer, and 
changes in their expression can affect the prognoses of 
patients [14]. Therefore, it is of profound significance to 
locate these valuable biomarkers and to explore their 
functions and behavioural patterns. 
 
In our study, we performed a pan-cancer analysis of the 
GTPBP family. The results showed that 10 members of 

the GTPBP family were expressed differently in many 
cancers, such as urothelial carcinoma, invasive ductal 
carcinoma, bile duct carcinoma and colon carcinoma, 
with a trend for high expression. Accordingly, their 
expression may guide the prognosis of several of these 
cancers. For example, the high expression of GTPBP4 
is a poor prognostic factor for clear cell renal cell 
carcinoma and hepatocellular carcinoma (P < 0.05). 
Some of these prognostic markers remained significant 
after univariate Cox regression. Moreover, GTPBP1-10 
were differentially expressed in different immune 
subtypes and correlated with the immune score, stromal 
score, RNASS and DNASS of various cancers. Since 
GTPBP4 has been reported as being of extreme 
significance in hepatocellular carcinoma, we further 

 

 
 
Figure 8. Nelarabine, Vorinostat, Allopurinol, LEe-011, Hydroxyurea, etc., are all potentially effective drugs for GTPBP 
family mutation (Figure 7). 
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studied the transcription factors of GTPBP4. Firstly, we 
constructed a schema map of the potential transcription 
factors of GTPBP4; it was found that JUN and FLI-1 

could be detected by all three algorithms, indicating that 
JUN and FLI-1 are highly likely to be transcription 
factors of GTPBP4. 

 

 
 
Figure 9. Transcription factors analysis of GTPBP4. (A) Potential transcription factors of GTPBP4 were predicted by multiple sites 
including CHEA, Encode, Jaspar, MotifMap, Transfac, and Trurust, and potential transcription factors whose total predicted positive results 
of the sites were recorded: Three sites measured transcription factors in red, two sites in pink, and one site in blue. (B) Correlation analysis 
of GTPBP4 and FLI-1. (C) Correlation analysis of GTPBP4 and JUN. (D) Sequence motif construction of transcription factor FLI-1. 
(E) Sequence motif construction of transcription factor JUN. (F) Promoter site prediction of GTPBP4. 



www.aging-us.com 2569 AGING 

Our study identified a new class of markers of 
significance to 18 types of cancer: GTPBP1-10. They 
are helpful for guiding the prognosis of cancer and 
boosting the progress of treatment. Cancer seriously 
hinders social and economic development as well as 
negatively affecting people's quality of life. New 
biomarkers are urgently needed. Most of these 18 types 
of cancer have a relatively poor prognosis and are often 
accompanied by distant metastasis. Therefore, finding 
an effective marker and exploring its mechanism of 
action may be instrumental in improving this situation. 
 
Immunoediting is one of the hallmarks of cancer [15]. It 
is precisely because cancer can inhibit host immunity 
and promote the immune tolerance of tumor cells that 
cancer can continue to grow without being killed by 
human immune cells [16]. Therapeutic regimens based 
on tumor immunity are progressing well. Cytokines 
such as interferon and interleukin have proven effective 
in the treatment of many tumors by regulating their 
immune function [17]. In addition, the discovery of 
immune checkpoints was a major development. 
Immune checkpoint-based immunotherapies such as 
PD-1/PD-L1 inhibitors have improved outcomes in 
patients with a variety of tumors (melanoma, for 
instance) [18]. Therefore, having found an effective 
prognostic marker, it is necessary to explore its 

significance in tumor immunity. Our study revealed a 
strong association between GTPB1-10 and six immune 
subtypes, which could have significant implications for 
GTPBP-based immunotherapy. At the same time, 
GTPBP1-10-related immune scores and stromal scores 
in different types of tumors help to more clearly define 
the immune landscape. 
 
The tumor is a highly heterogeneous group of cells [19]. 
Genetic, epigenetic and tumor microenvironment 
heterogeneity are the main sources of tumor 
heterogeneity [20]. It is of great value to study the 
heterogeneity of tumors and explore potential 
treatments. Currently, cancer stem cells (CSCs) are 
recognized as a group of self-renewing and 
differentiated cells in tumors [21]. The reprogramming 
of CSCs leads to a change in the degree of 
differentiation and therefore may be a source of tumor 
heterogeneity [22]. By targeting CSCs, the plasticity 
and heterogeneity inherent in these cells can be 
successfully overcome; consequently, it represents a 
promising therapeutic strategy [23]. Therefore, we also 
investigated the role of GTPBP1-10 in tumor stem cell 
properties, including mRNA induced tumor stem cell 
properties (RNAss) and DNA methylation induced 
tumor stem cell properties (DNAss). Our results could 
serve as a reference for future CSC-based therapies.  

 

 
 
Figure 10. Correlation analysis of GTPBP family and mTOR pathway. (A–J) GTPBP1, GTPBP2, GTPBP3, GTPBP4, GTPBP7, GTPBP8, 
GTPBP9, GTPBP10 were correlated with mTOR signaling pathway. 
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Until now, many studies have suggested the 
significance of the GTPBP family in tumors without 
exploring it in depth. Liu et al. found that GTPBP2 
expression was upregulated in NSCLC and correlated 
with lymph node metastasis [24]. Zhang et al. found 
that high GTPBP4 expression is a poor prognostic 
factor for lung adenocarcinoma [25]. It stands to 
reason, therefore, that the GTPBP family warrants 
further exploration in tumor research. GTPBP4 has 
now been described as having a possible role in the 
development of cancer, particularly liver cancer [26]. 
With this in mind, we predicted the transcription factor 
of GTPBP4 as well as its binding site. It is well known 
that the binding of promoters and transcription factors 
is the key element of gene transcription and the basis 
of gene expression [27]. The prediction of a 
transcription factor of a key gene not only enriches our 
understanding of its mode of action but also facilitates 
the development of transcription-based therapies, 
providing an alternative approach to cancer treatment. 
 
In summary, our study explored the role of the GTPBP 
family in 18 types of cancer. The results of this study 
can not only provide good prognostic indicators for 
these tumors but also facilitate further exploration of 
the immune microenvironment based on the GTPBP 
family and the characteristics of tumor stem cells, 
which is undoubtedly beneficial for the treatment of 
tumors. In addition, we predicted the transcription 
factor of GTPBP4, enriching our understanding of its 
function in the process. However, our study also has 
some limitations; we lack in vivo and in vitro 
experiments to verify the function of GTPBP1-10. We 
shall strive to expand the scope of our study in the 
future. 
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SUPPLEMENTARY MATERIALS 
 
Supplementary Figure 
 

 
 

Supplementary Figure 1. The expressions of GTPBP1-10 in immune subtype activation and proliferation (**P < 0.01, ***P < 0.001). 
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INTRODUCTION 
 

Thyroid cancer is one of the most common endocrine 

malignancies with increasing morbidity [1]. It is 

estimated that there were 95,030 newly diagnosed cases 

of thyroid cancer and 22,070 deaths in 1990, which 

increased to 255,490 new cases and 41,240 deaths in 

2017 [2]. Papillary thyroid cancer (PTC) is the most 

predominant subtype of thyroid cancer, accounting for 

approximately 85% of all cases [3]. Radical surgery, 

thyroid-stimulating hormone suppression, and 131I 

therapy are the traditional approaches for the PTC 

treatment, displaying relatively satisfactory efficacy [4]. 

Although the 5-year survival rate of PTC patients is 

greater than 97% and the 10-year survival rate of such 

patients reached 85%, recurrence was found in roughly 

15% and 28% of the patients within 10 years and 27 

years, respectively after the initial treatment [5–8]. The 

majority of patients with PTC possess indolent 

progression, while overdiagnosis and overtreatment are 

common problems related to indolent diseases, which 

may increase the risk of injury to patients [9, 10]. Some 
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ABSTRACT 
 

Objective: To explore the function of coagulation factor XII (F12) in papillary thyroid cancer (PTC). 
Materials and Methods: We assessed F12 expression and its relationship with overall survival (OS) in various 
cancers using TIMER and TISIDB databases. Further, we evaluated the mRNA and protein expression levels of 
F12 in PTC via different bioinformatics tools. The receiver operating characteristic (ROC) curve was applied to 
determine the diagnostic value of F12 in PTC. Then, the Kaplan-Meier plotter and Cox regression analyses were 
performed to examine the prognostic significance of F12. The possible mechanism of F12 in PTC was 
investigated through enrichment analyses. Finally, the correlation between F12 expression and immune cell 
infiltration was analyzed using TCGA data. 
Results: This study revealed the clinical significance of F12 in various cancers. Higher mRNA (P <0.001) and 
protein expressions of F12 were observed in PTC compared with normal tissues. Besides, F12 expression 
exhibited high diagnostic performance in PTC and its overexpression served as an independent predictor for the 
poor OS (P <0.05). Enrichment analyses results showed that F12 was mainly involved in metabolism-associated 
pathways. Additionally, F12 expression was significantly linked to immune cell infiltration levels, especially 
macrophage infiltration. 
Conclusions: F12 might be a reliable diagnostic and prognostic biomarker for PTC. Moreover, F12 expression 
might affect the OS of PTC patients via regulating metabolic pathways. 
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biomarkers such as HBME-1 and thyroglobulin have 

been used for the diagnosis of PTC in clinical practice, 

whereas, these biomarkers presented low specificity and 

sensitivity [11, 12]. Therefore, it is imperative to 

develop more effective and sensitive biomarkers for 

improving the diagnosis and prognosis of PTC. 

 

Coagulation factor XII (F12) also called the Hageman 

factor, is a single-chain zymogen with a molecular 

weight of about 80kDa [13]. It is produced by 

hepatocytes in the liver and consists of a heavy chain 

(353 residues) and a light chain (243 residues) [14, 15]. 

F12 is a circulating serine protease, which is activated as 

F12a by plasma kallikrein and negatively charged 

surfaces [16, 17]. The contact system driven by F12 can 

be both prothrombotic via activation of F11 to trigger the 

intrinsic pathway of coagulation, and be proinflammatory 

by activating the kallikrein-kinin pathway to release the 

peptide bradykinin [18]. The binding of bradykinin to the 

G-protein-coupled kinin B2 receptor initiates intracellular 

signaling pathways that may accelerate angiogenesis and 

cancer growth [17, 19]. F12 has been demonstrated to be 

involved in various diseases. It colocalized with Aβ 

plaques in the brain of patients with Alzheimer’s disease 

and in brain lesions of those with multiple sclerosis [20, 

21]. F12 was also found to participate in stroke 

development and the inhibition of F12 might offer a 

selective strategy to prevent this disease [22]. In addition, 

low F12 plasma levels were observed in patients with 

colorectal, gastrointestinal, and lung cancer [23–25]. 

However, little research has been done on the role of F12 

in PTC. 

 

Herein, we adopted TIMER and TISISDB databases to 

analyze the clinical significance of F12 in pan-cancer. 

Then, the expression analysis of F12 in PTC was 

performed through multiple bioinformatics tools. The 

correlation between F12 expression and PTC patient 

prognosis was analyzed using the TCGA data. The 

enrichment analyses were applied to reveal the potential 

molecular mechanism for F12 in PTC. Moreover, we 

assessed the association of F12 expression with immune 

cell infiltration levels. This study identified the potential 

role of F12 in PTC occurrence and progression and 

provided that F12 might be a reliable therapeutic target 

for PTC treatment. 

 

MATERIALS AND METHODS 
 

Expression and survival analyses of F12 in pan-

cancer 

 

TIMER (https://cistrome.shinyapps.io/timer/) is a 

comprehensive resource for the systematic analysis of 

immune infiltrates across diverse cancer types. The 

database was used to analyze the expression levels of 

F12 in different kinds of tumors with Wilcoxon tests. 

Next, the associations between F12 expression and 

overall survival (OS) across human cancers were 

assessed using the TISIDB (http://cis.hku.hk/TISIDB/), 

which is an integrated repository portal for tumor-

immune system interactions. 

 

The genetic status and expression level of F12 in 

PTC 

 

Firstly, the cBioportal database 

(https://www.cbioportal.org/) was adopted to obtain the 

genetic alteration information by selecting “Papillary 

Thyroid Carcinoma (TCGA, Cell 2014)” with 496 total 

samples and entering “F12” for the query. Then, gene 

expression profiles and relevant clinical data of GDC 

TCGA-thyroid cancer were retrieved from the UCSC 

Xena (https://xenabrowser.net/). Totally 498 PTC 

samples with complete survival and expression data 

were enrolled for further analyses. In this dataset,  

the statistical significance of the F12 expression levels 

was evaluated in PTC tissues and adjacent normal 

tissues using unpaired and paired t-tests. The 

immunohistochemical images of F12 protein in  

PTC and healthy thyroid tissues were obtained from  

the HPA (https://www.proteinatlas.org/) database. The 

protein expression is scored with regard to staining 

intensity (strong, moderate, weak, or negative) and the 

fraction of stained cells (>75%, 25-75%, or <25%). 

Subsequently, all the included patients were divided 

into two groups according to the median expression of 

F12. The relationship between F12 expression and 

clinicopathological characteristics was analyzed using 

Pearson’s chi-square test. 

 

Survival analysis 

 

The diagnostic value of F12 in PTC was initially 

analyzed by calculating the area under the curve (AUC) 

of the receiver operating characteristic (ROC) curves. 

Using the “maxstat” packages in the R program, the 498 

PTC patients were divided into high- and low- F12 

expression groups by setting the best cutoff value as the 

parameter. Then, F12 mRNA expression and different 

population OS curves were plotted by the Kaplan-Meier 

method using “survival” packages in the R program. 

Log-rank tests were employed to evaluate the survival 

differences between two expression groups. The ROC 

curve analyses were also conducted to determine the 

value of F12 in predicting the survival status of the PTC 

patients. Moreover, univariate and multivariate Cox 

regression analyses were performed to assess the 

correlation between OS and clinical pathological factors 
in PTC patients. Male was a reference level for gender, 

while tumor-free for cancer status, and stage 1 for the 

stage. 

https://cistrome.shinyapps.io/timer/
http://cis.hku.hk/TISIDB/
https://www.cbioportal.org/
https://xenabrowser.net/
https://www.proteinatlas.org/
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Identification of F12-related genes and enrichment 

analyses 

 

Based on the median value of F12 expression, 498 PTC 

patients were classified into high- and low- F12 

expression groups. Then, the “limma” package in R was 

used to identify the differentially expressed genes 

(DEGs) between the two expression groups. Genes with 

|log2 foldchange (FC)|>1 and P <0.05 were considered 

statistically significant for the DEGs. A PPI network of 

the top 200 DEGs was constructed in the STRING 

database (https://cn.string-db.org/) and subsequently was 

visualized by Cytoscape software. After that, the top 200 

DEGs were subjected to gene ontology (GO) annotations 

and Kyoto Encyclopedia of Genes and Genomes 

pathway analyses using the R package “clusterProfile”. 

The GO annotations included biological process (BP), 

cellular component (CC), and molecular function (MF). 

The cutoff value for significant function and pathway 

screening was set at P <0.05 and false discovery rate 

(FDR) <0.25. 

 

Further, 498 PTC samples were divided into high and 

low expression groups using F12 expression median level 

as a cutoff criterion. The gene set enrichment analysis 

(GSEA) was performed to illustrate the significant 

survival difference between the two expression groups. 

The gene set was permutated 1000 times and the 

expression level of F12 was used as a phenotypic label. A 

nominal p-value <0.05 and an FDR q-value <0.25 were 

considered to be statistically significant. 

 

Immune cell infiltration analysis 

 

The MCP-counter algorithm was employed to estimate 

the correlation of eight immune cells and two stromal 

cells’ infiltration levels with F12 mRNA expression. In 

addition, the immune response of 22 tumor-infiltrating 

immune cells was measured to assess their association 

with F12 mRNA expression by the CIBERSORT which 

is a deconvolution algorithm based on gene expression 

[26]. Samples from TCGA were divided into high F12 

(50%) and low F12 (50%) expression groups to compare 

the level of immune cell infiltration. 

 

Statistical analysis 

 

All statistical analyses were performed in SPSS 

software (version 23.0) and packages of R (version 

3.6.3). Image J software was used to quantify the F12 

protein content in PTC and normal thyroid tissues. 

Pearson’s correlation test was employed to evaluate the 

association of F12 expression with the immune cell 
infiltration levels and the expression of the markers of 

macrophages. P <0. 05 was considered to be statistically 

significant. 

RESULTS 
 

The clinical value of F12 in pan-cancer 
 

To identify the role of F12 in pan-cancer, the TIMER 

database was used to evaluate the expression levels of 

F12 in various kinds of cancers. Higher F12 expression 

was observed in most cancers including BLCA, BRCA, 

COAD, ESCA, HNSC, KIRC, KIRP, LUAD, LUSC, 

PRAD, READ, SKCM, STAD, THCA, and UCEC (all  

P <0.01) (Figure 1A). Then, we evaluated the association 

of F12 expression with OS across human cancers 

through the TISIDB database. As shown in Figure 1B, 

the increased expression of F12 led to a shorter OS time 

of patients with ACC, LUAD, MESO, SKCM, THCA, 

and UVM; however, LIHC patients with higher F12 
expression had a favorable prognosis. These results 

indicated that F12 might play an important role in the 

occurrence and progression of various tumors including 

thyroid cancer. 

 

Genetic status and expression level of F12 in PTC 
 

Due to its aberrant expression in thyroid cancer,  

we analyzed its possible change from the aspect of 

genetic alterations. We firstly retrieved the alteration 

frequency of F12 in PTC using the cBioportal website. 

As exhibited in Figure 2A, mRNA high and amplification 

were major status. By analyzing the copy number of 

F12 gene in PTC, diploid and gain were primary 

status, indicating the elevated levels of F12 (Figure 2B). 

But surprisingly, F12 was not mutated in PTC  

(Figure 2C). 
 

Moreover, the TCGA data were applied to assess the 

F12 mRNA expression levels in PTC. The unpaired t-

test (P =4.9e-14) (Figure 3A) and paired t-test (P =1.3e-

6) (Figure 3B) presented higher F12 expression in PTC 

tissues than that in normal tissues. Following this, the 

protein levels of F12 were determined by the HPA 

database and the amount of F12 proteins was quantified 

by Image J software. As expected, higher F12 protein 

expression was observed in PTC tissue compared with 

the normal thyroid tissue. The staining was not detected 

and the intensity was weak in normal thyroid tissue, 

while medium staining and moderate intensity were 

found in PTC tissue (Figure 3C). These findings 

suggested that F12 overexpression might be essential in 

PTC tumorigenesis. 
 

After characterizing the remarkable differential 

expression of F12 in PTC and normal thyroid tissues, we 

evaluated the clinical factors affecting its expression. As 

shown in Table 1, age, gender, cancer status, and stage 

were all not significantly linked to F12 mRNA 

expression (all P >0.05). 

https://cn.string-db.org/
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F12 had a high diagnostic efficiency 

 

To determine the value of F12 in diagnosis, the ROC 

curves were generated using the TCGA data. The entire 

AUC for F12 was 0.81 (95% confidence interval [95% 

CI]: 0.75-0.86), implying that F12 was capable of 

distinguishing normal individuals from PTC patients 

(Figure 4A). Besides, subgroup analysis demonstrated 

that the AUC values for stage I-II and stage III-IV 

groups were 0.77 and 0.89, respectively (Figure 4B, 

4C). These results suggested that F12 had reliable 

diagnostic efficiency in discriminating the PTC patients 

and healthy subjects. 

High F12 expression predicted poor OS in PTC 
 

To explore the effect of F12 on OS of PTC patients, 

survival curves were drawn using the Kaplan-Meier 

method. Notably, PTC patients with higher F12 

expression had worse OS than those with low F12 

expression (P <0.001) (Figure 5A). The ROC curve 

result showed that the entire AUC was 0.718 (95% CI: 

0.581-0.854) (Figure 5B). After considering the time 

factor, we found that F12 still had satisfactory 

performance in predicting OS status of PTC patients 

(concordance index [C-index]: 0.755; the AUCs of 1-, 

3-, and 5-year were 0.85, 0.75, and 0.79, respectively) 

 

 
 

Figure 1. The clinical value of F12 in pan-cancer. (A) The expression analysis of F12 in various cancers via TIMER. **P <0.01;  

***P <0.001. (B) The survival analysis F12 across human cancers via TISIDB. 
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(Figure 5C). Time-dependent ROC analysis in stage III-

IV PTC patients showed that the AUCs were 0.87, 0.79, 

and 0.85 for 1-, 3-, and 5-year, separately (C-index: 

0.778) (Figure 5D). The time-dependent ROC analysis 

was not performed in patients at stage I-II due to fewer 

death samples. These findings revealed the potential 

value of F12 in predicting the survival status of PTC 

patients. 

 

To further elucidate the effect of F12 overexpression on 

patient OS, we performed survival analyses on PTC 

patients with restricted clinicopathological characteristics. 

Due to no death occurring in patients less than 55 years, 

the survival analysis was not carried out in this subgroup. 

The elevated expression level of F12 had a significant 

relation with unfavorable OS in patients at age ≥55 years 

(P <0.001) (Figure 6A). In addition, high F12 expression 

led to the poor OS in subgroups of females, males, 

patients at stage 1+2, and stage 3+4 (all P <0.01)  

(Figure 6B–6E). F12 expression had a significant impact 

on the OS of PTC patients regardless of cancer status (all 

P <0.05) (Figure 6F, 6G). 

To determine the independent prognostic value of F12 

in PTC, Cox regression analyses were performed using 

the TCGA data. The univariate Cox regression analysis 

revealed the OS-related variables including age (Hazard 

ratio [HR] =1.160; P <0.001), cancer status (HR 

=30.615, P =0.005), stage 3 (HR =10.050, P =0.004), 

stage 4 (HR =20.622, P <0.001), and F12 (HR =4.894, 

P <0.001), while gender (P =0.180) and stage 2  

(P =0.070) had no relationship with OS (Table 2). In the 

multivariate Cox regression analysis, age (HR =1.134,  

P =0.004) and F12 (HR =39.477, P =0.035) still  

had remarkable relationship with OS of PTC patients 

(Table 3). Therefore, high expression of F12 could 

independently predict poorer OS among PTC patients. 

 

Identification of F12-related genes and enrichment 

analyses 

 

To explore the biological functions of F12 in PTC, we 

obtained the DEGs between high- and low- F12 

expression groups for functional enrichment analysis. 

According to the selection criterion, the top 200 DEGs 

 

 
 

Figure 2. The genetic status of F12 in PTC. (A) The alteration frequency of F12 in PTC. (B) The copy number alteration of F12 in PTC.  
(C) The F12 mutation in PTC. PTC, papillary thyroid cancer. 



www.aging-us.com 3692 AGING 

were selected for analysis, and the PPI network of these 

200 DEGs was constructed using the STRING database, 

visualized by Cytoscape software (Figure 7A). Then, 

the selected genes were used for GO annotation and 

KEGG pathway analyses. As for BP, the genes were 

mainly enriched in protein localization to membrane, 

organic cyclic compound catabolic process, and RNA 

catabolic process (Figure 7B). For CC, they were 

mainly involved in ribonucleoprotein complex, 

anchoring junction, and ribosomal subunit (Figure 7C). 

The major MFs were RNA binding, structural; molecule 

activity, and structural constituent of ribosome (Figure 

7D). The KEGG pathways that they participated in were 

oxidative phosphorylation, thyroid hormone synthesis, 

antigen processing and presentation, glutathione 

metabolism, and ferroptosis, which were closely related 

to tumor progression (Figure 7E). 

 

To further reveal the underlying mechanism of F12 

involved in PTC, GSEA was performed to exhibit the 

significantly enriched KEGG pathways in high  

F12 expression phenotype. The top 5 significant 

pathways were glyceropholipid metabolism (NES=-

1.755, FDR=0.0872), RNA polymerase (NES=-1.7989, 

FDR=0.0881), tyrosine metabolism (NES=-1.8032, 

FDR=0.1032), glycerolipid metabolism (NES=-

1.7042, FDR=0.1055), and peroxisome (NES=-1.7153, 

FDR=0.1057) (Figure 8). Thus, F12 might participate 

in the development of PTC through the regulation of 

these metabolic pathways. 

 

 
 

Figure 3. The expression levels of F12 in PTC. (A) The F12 mRNA expression in PTC and normal thyroid tissues. (B) The F12 mRNA 

expression in paired PTC samples. (C) The F12 protein expression in normal thyroid and PTC tissues. Image J software was used to quantify 
the protein levels of F12. PTC, papillary thyroid cancer. 
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Table 1. Relationship between F12 mRNA expression and clinicopathological 
characteristics in papillary thyroid cancer. 

Characteristics F12 low (%) F12 high (%) χ2 P-value 

Age   2.946 0.086 

<55 176 (52.7) 158 (47.3)   

≥55 73 (44.5) 91 (55.5)   

Gender   0.041 0.839 

Female  184 (50.3) 182 (49.7)   

Male 65 (49.2) 67 (50.8)   

Cancer status   0.001 0.980 

Tumor free 200 (49.8) 202 (50.2)   

With tumor  14 (50) 14 (50)   

Stage    4.618 0.202 

Stage 1 153 (54.3) 129 (45.7)   

Stage 2 22 (43.1) 29 (56.9)   

Stage 3 49 (44.5) 61 (55.5)   

Stage 4 24 (46.2)  28 (53.8)   

 

F12 expression was associated with immune cell 

infiltration 

 

To assess the possible effect of F12 on various 

immune cell types in the PTC microenvironment, we 

first adopted the MCP-counter to assess the association 

of eight immune cells and two stromal cells’ 

infiltration levels with the F12 mRNA expression in 

PTC (Figure 9A). The F12 mRNA expression was 

significantly related to T cells, cytotoxic lymphocytes, 

B lineage, monocytic lineage, and endothelial cells (all 

P <0.05) (Figure 9B–9F). Following this, the 

CIBERSORT was used to calculate the fractions of 22 

immune cells between high and low F12 expression 

groups in PTC samples. As shown in Figure 10A, the 

fractions of B cells naïve, B cells memory, T cells 

CD8, T cells CD4 memory resting, T cells CD4 

memory activated, macrophages M1, macrophages 

M2, dendritic cells resting in low F12 expression 

group were significantly different from the high F12 

 

 
 

Figure 4. Diagnostic value of F12 in PTC. The ROC curves of F12 expression in PTC vs normal tissues (A) and different clinical stages (B, C). 

PTC, papillary thyroid cancer; ROC, receiver operating characteristic; AUC, the area under the curve. 
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expression group (all P <0.05). Interestingly, the M1 

macrophage infiltration level was low, while that of 

M2 macrophages was high in the high F12 expression 

group. This suggested that high expression of F12 

might promote the polarization of macrophages, which 

was intimately associated with the immunosuppressive 

state of the tumor [27]. Moreover, the TIMER web 

tool was used to validate the relationship between F12 

expression and macrophage infiltration level with 

different algorithms. Figure 10B showed that F12 was 

negatively correlated with macrophage infiltration 

level (P =7.39e-03). Besides, F12 expression was 

negatively related to the M1 infiltration level but 

positively linked to the M2 infiltration level (all  

P <0.001) (Figure 10C, 10D). 

 

Further, analysis using GDC TCGA data showed that 

the upregulated expression of F12 significantly 

correlated with the M1 macrophage marker IRF5 

expression (P =8.2e-4) (Figure 11A), but was not 

significantly related to M1 macrophage marker NOS2 

and M2 macrophage marker MS4A4A (all P >0.05) 

 

 
 

Figure 5. The prognostic value of F12 in PTC. (A) The association of F12 expression with OS of PTC patients. (B) The ROC curve of F12 
expression for predicting the survival status. (C) Time-dependent ROC analysis in all PTC patients. (D) Time-dependent ROC analysis in PTC 
patients at stage III-IV. PTC, papillary thyroid cancer; ROC, receiver operating characteristic; OS, overall survival; HR, hazard ratio; AUC, area 
under the curve. 



www.aging-us.com 3695 AGING 

(Figure 11B, 11C). However, a significant positive 

relationship was observed between F12 expression and 

M2 macrophage marker TGFB1 expression (P =8.1e-7) 

(Figure 11D). The above findings indicated that F12 

expression was correlated with immune cell infiltration 

levels and might promote macrophages polarization. 

DISCUSSION 
 

F12 serves as a plasma serine protease when 

autoactivated into F12a upon exposure to plasma 

kallikrein and negatively charged surfaces [16]. F12 is 

involved in human atherosclerotic lesions and F12 serum 

 

 
 

Figure 6. Effect of F12 expression on overall survival of papillary thyroid cancer patients with restricted clinicopathological 
characteristics. (A) Age ≥55. (B) Female. (C) Male. (D) Stage 1+2. (E) Stage 3+4. (F) Tumor free. (G) With tumor. 
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Table 2. Univariate Cox regression analysis of overall survival in 
papillary thyroid cancer patients. 

Characteristics HR 95% CI-l 95% CI-u P-value 

Age 1.160 1.101 1.222 <0.001 

Gender 2.005 0.725 5.543 0.180 

Cancer status 30.615 2.775 337.813 0.005 

Stage 2 6.137 0.864 43.582 0.070 

Stage 3 10.050 2.085 48.441 0.004 

Stage 4 20.622 3.951 107.644 <0.001 

F12 4.894 2.346 10.208 <0.001 

Abbreviations: HR, hazard ratio; 95% CI-l, 95% confidence interval-lower; 95% CI-u, 
95% confidence interval-upper. 

 

Table 3. Multivariate Cox regression analysis of overall survival in 
papillary thyroid cancer patients. 

Characteristics HR 95% CI-l 95% CI-u P-value 

Age 1.134 1.041 1.235 0.004 

Gender 0.087 0.000 74.469 0.479 

Cancer status 1.961 0.000 3038836.204 0.926 

Stage 2 0.000 0.000 1.218E+233 0.962 

Stage 3 0.001 0.000 10242.999 0.395 

Stage 4 0.000 0.000 2.962E+28 0.825 

F12 39.477 1.305 1194.594 0.035 

Abbreviations: HR, hazard ratio; 95% CI-l, 95% confidence interval-lower; 95% CI-u, 
95% confidence interval-upper. 

 

levels were upregulated in early atherosclerosis in low-

density lipoprotein [28]. It has also been demonstrated 

that F12 was related to the risk of coronary heart disease, 

diabetes, and sepsis [29–32]. Additionally, the elevated 

expression level of F12 was found in the peritoneum of 

epithelial ovarian cancer and the interaction of F12 and 

macrophages lead to cancer invasion and metastasis [33], 

however, it has not been extensively studied in various 

tumors. In this study, we identified the clinical 

significance of F12 in tumors and further identified its 

independent prognostic function in PTC. Moreover, F12 

expression was associated with immune cell infiltrates 

especially macrophages. Our study identified F12 as a 

potential biomarker for predicting the prognosis of PTC 

patients. 

 

Firstly, we investigated the clinical significance of F12 

in pan-cancer and found that F12 was highly expressed 

in most cancers including BLCA, BRCA, COAD, 

ESCA, HNSC, KIRC, KIRP, LUAD, LUSC, PRAD, 

READ, SKCM, STAD, THCA, and UCEC. F12 

expression was closely related to the prognosis of many 

cancers, indicating it has essential clinical significance 

in various tumors. We focused on the role of F12 in 

PTC in the following research. 

 

We analyzed the F12 alteration frequency, copy 

number, and mutation in PTC, which indicated the 

overexpression of F12 in PTC. Using TCGA data, both 

unpaired and paired t-tests confirmed the upregulation 

of F12 mRNA expression in PTC. And the 

immunohistochemical staining results presented a 

higher F12 protein level in PTC tissue compared with 

the normal thyroid tissue, suggesting that F12 might be 

associated with carcinogenesis. Besides, ROC curves 

showed that F12 expression had high sensitivity and 

specificity with AUC values close to 1, indicating that 

F12 had a favorable diagnostic value in distinguishing 

PTC patients from healthy subjects. Besides, F12 

overexpression contributed to the poor OS in PTC 

patients and Cox regression analysis exhibited F12 as an 

independent prognostic factor for predicting OS. These 

results indicated that F12 might be a robust diagnostic 

and prognostic biomarker in PTC. F12a was reported to 
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Figure 7. Functional enrichment analysis of top 200 DEGs between high and low F12 expression groups. (A) Protein-protein 

interaction network of top 200 DEGs. Gene ontology annotations of (B) biological process, (C) cellular component, and (D) molecular 
function. (E) KEGG pathway. DEGs, differentially expressed genes. 

 

 
 

Figure 8. Gene set enrichment analysis of the five most significant pathways in high F12 expression phenotype. 
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Figure 9. Correlation between F12 and immune cell infiltration in papillary thyroid cancer by MCP-counter. (A) The association 

of F12 with immune and stromal cell infiltration level. The significant relationship between F12 expression and (B) T cells, (C) cytotoxic 
lymphocytes, (D) B lineage, (E) monocytic lineage, and (F) endothelial cells. 
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initiate the intrinsic coagulation pathway, thereby 

contributing to fibrin clot formation [34]. The vascular 

endothelial growth factor (VEGF) expressed by the 

tumor cells induces fibrin deposition, which served as a 

provisional matrix for migration of inflammatory and 

endothelial cells, and stromal fibroblasts into the 

healing wound [35–38]. On the other hand, fibrin 

deposited in adjacent tumor vasculature and tumor 

macrophages with tissue factors would initiate the 

coagulation pathways in a vicious cycle [39, 40]. 

Importantly, fibrin has been reported to promote cancer 

cell growth and migration [41]. Besides, fibrin matrices 

were essential in tumor angiogenesis [42, 43]. 

Therefore, the authors speculated that F12 might affect 

the progression of PTC patients by triggering the 

coagulation pathway. The complement system activated 

by F12a is the primary immune response system in the 

blood circulation system, participating in the innate 

immune response [44]. The innate immune system 

exerts a major influence on the occurrence and 

proliferation of cancers, having an impact on the 

survival of cancer patients [45, 46]. This might be 

another explanation for the unfavorable prognosis of 

PTC patients with high F12 expression. 

 

 
 

Figure 10. Correlation between F12 and immune cell infiltration in papillary thyroid cancer by CIBERSORT. (A) Immune cell 

infiltration level in the low- and high- F12 expression group. (B) Association of F12 expression with macrophage infiltration levels.  
(C) Association of F12 expression with M1 macrophage infiltration level. (D) Association of F12 expression with M2 macrophage infiltration 
level. 
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To explore the underlying mechanism of F12 involved in 

PTC, the KEGG pathway analysis of DEGs between the 

high- and low- F12 expression groups was performed. 

These DEGs were mainly enriched in oxidative 

phosphorylation, thyroid hormone synthesis, antigen 

processing and presentation, glutathione metabolism,  

and ferroptosis. The GSEA result showed that 

glyceropholipid metabolism, RNA polymerase, tyrosine 

metabolism, glycerolipid metabolism, and peroxisome 

were the major significant pathways in high F12 

expression phenotype. Glutamine metabolism is able  

to inhibit glutathione synthesis and induce ferroptosis. 

The inhibition of glutamine metabolism can suppress 

ferroptosis [47]. Moreover, ferroptosis represents a 

crucial role in the development and treatment of 

various cancers, which can be both stimulatory and 

inhibitory. Ferroptosis induces inflammation-related 

immunosuppressive tumor microenvironment to facilitate 

tumor growth; however, ferroptosis inducers including 

Erastin cause ferroptosis, inhibiting the progression  

of tumor [48–51]. Therefore, F12 might affect the 

progression of PTC through metabolic pathways, 

especially glutamine metabolism. 

 

Tumor microenvironment immune cells constitute a key 

factor of tumor tissues and exhibit a significant role in 

predicting the survival status and therapeutic efficacy of 

cancer patients [52–54]. M2 macrophages promote tumor 

growth through the promotion of angiogenesis, secretion 

of growth factors, and suppression of adaptive immunity 

[55, 56]. Whereas, M1 macrophages stimulate the 

immune response via secreting proinflammatory 

cytokines [57]. By analyzing the relationship between 

F12 expression and immune cell infiltration, we found 

that the fractions of many immune cells in the high F12 

expression group vary from the low F12 expression 

group. Interestingly, the M2 macrophage infiltration level 

was notably higher in the high F12 expression group, 

 

 
 

Figure 11. Correlation between F12 expression and macrophage markers. Relationship between F12 expression and M1 
macrophage markers (A) IRF5 and (B) NOS2. Relationship between F12 expression and M2 macrophage markers (C) MS4A4A and (D) TGFB1. 
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while a downregulated M1 macrophage infiltration level 

was observed in this group. This provided new insight 

into the correlation between F12 overexpression and 

shorter OS time of PTC patients. However, the data we 

analyzed were obtained from the public datasets, which 

requires further validation by in vitro and in vivo 

experiments. 

 

In summary, F12 expression had high diagnostic efficacy 

and its overexpression served as an independent 

prognostic predictor for PTC patients. In addition, F12 

expression was involved in metabolic pathways 

especially glutathione metabolism in PTC. Our findings 

also suggested that F12 might play a vital role in immune 

cell infiltration. 
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INTRODUCTION 
 

The replication factor C (RFC, activator 1) was first 

purified from the extracts of HeLa cells in human 

cervical cancer, participates as an important host factor 
in the replication of DNA [1, 2]. As a primer 

identification factor for DNA polymerase, RFC is a 

DNA binding protein with a specific structure and 

www.aging-us.com AGING 2022, Vol. 14, No. 8 

Research Paper 

Integrative analysis of expression, prognostic significance and 
immune infiltration of RFC family genes in human sarcoma 
 

Gen Wu1,2,*, Jian Zhou1,*, Xi Zhu3, Xianzhe Tang4, Jie Liu5, Qiong Zhou5, Ziyuan Chen6, Tang Liu1, 
Wanchun Wang1, Xungang Xiao4,&, Tong Wu7 
 
1Department of Orthopedics, The Second Xiangya Hospital of Central South University, Changsha 410011, Hunan, 
China 
2Clinical Medicine Eight-Year Program, Central South University, Changsha 410013, Hunan Province, China 
3Department of Internal Medicine III, University Hospital, Ludwig Maximilian University, Munich 81377, Germany 
4Department of Orthopedics, Chenzhou No.1 People's Hospital, Chenzhou 423000, Hunan, China 
5Department of Cardiology, The Fourth Hospital of Changsha, Changsha 410006, Hunan, China 
6Department of Orthopedics, The First People's Hospital of Changde City, Changde 415003, Hunan, China 
7Department of Emergency, The First Hospital of Changsha, Changsha 410005, Hunan, China 
*Equal contribution 
 

Correspondence to: Xungang Xiao, Tong Wu; email: xxg8088@163.com, tong.wu0727@hotmail.com, https://orcid.org/0000-
0003-3107-702X  
Keywords: RFC, prognosis, expression, KEGG, bioinformatics analysis 
Received: February 8, 2022     Accepted: April 13, 2022  Published: April 29, 2022 
 

Copyright: © 2022 Wu et al. This is an open access article distributed under the terms of the Creative Commons Attribution 
License (CC BY 3.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original 
author and source are credited. 
 

ABSTRACT 
 

Objective: To reveal the expression and prognostic value of replication factor C family genes (RFCs) in patients 
with sarcoma. 
Results: The results showed that the mRNA expression levels of RFC2, RFC3, RFC4, and RFC5 were increased in 
sarcoma tissues. In addition, Cancer Cell Line Encyclopedia (CCLE) dataset analysis indicated that RFC1, RFC2, 
RFC3, RFC4, and RFC5 were elevated expressed in sarcoma cell lines. Moreover, Gene Expression Profiling 
Interactive Analysis (GEPIA) and Kaplan-Meier Plotter showed that highly expressed RFC2-5 were associated 
with poor overall survival (OS) or relapse-free survival (RFS) in sarcoma patients. The results of the Tumor 
Immune Estimation Resource (TIMER) database indicated that the expression of RFCs was negatively correlated 
with the infiltration of CD4+ T cells and macrophages. 
Conclusions: There were significant differences in the expression of RFCs between normal tissue and sarcoma 
tissue, and RFC2, RFC3, RFC4, and RFC5 might be promising prognostic biomarkers for sarcoma. 
Methods: The expression of RFCs was analyzed using the ONCOMINE dataset and GEPIA dataset. CCLE dataset 
was used to assess the expression of RFCs in the cancer cell line. The prognostic value of RFCs was evaluated by 
GEPIA and Kaplan-Meier analysis. Furthermore, the association between RFCs and their co-expressed genes 
were explored via ONCOMINE and GEPIA datasets. We used the TIMER dataset to analyze the immune cell 
infiltration of RFCs in sarcoma. 
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function [3]. In vivo, RFC plays an essential in cell 

biology cycles as a regulatory protein [4]. In humans, 

RFC is reported as a complex consisting of RFC1 (140 

kDa), RFC2 (40 kDa), RFC3 (38 kDa), RFC4 (37 kDa) 

and RFC5 (36 kDa) subunits [5]. The binding of the 

five subunits determines the physiological function of 

RFC. According to reports [6, 7], RFC can participate in 

excision repair and mismatch repair of damaged DNA 

by initiating signal transduction downstream of the 

checkpoint at the site of DNA damage by binding to the 

cell cycle checkpoint protein. In addition, RFC can load 

DNA polymerase and proliferating cell nuclear antigen 

(PCNA) onto the primer-bound DNA template to form a 

DNA-RFC-PCNA-DNA polymerase complex. And 

then, the polymerase complex extended along with the 

DNA template in the presence of deoxynucleotides 

(dNTPs), via the action of human single-stranded DNA 

binding protein (hSSB) [4]. As for interacting partners 

with a variety of proteins, not only are RFC factors 

involved in multiple processes in the normal cell cycle, 

but RFC factors also play an essential role in the 

transcription and proliferation of tumor cells. 

 

Further studies indicated that in the RFC family, 

different subunits have different roles in the cell cycle 

[4]. RFC1 DNA-binding domain contains the main, and 

of PCNA interacts directly with, involved in DNA 

synthesis, DNA repair, and cell cycle. Unlike other 

subunits, RFC1 is rarely reported to have a relationship 

with sarcoma. In the studies of Tang [8] and 

Pennaneach [9], it is pointed out that RFC1 can promote 

cell survival after DNA damage through the 

retinoblastoma (Rb) pathway, which is related to 

Hutchinson-Gilford Progeria Syndrome (HGPS). 

According to reports [10], RFC2 is one of the important 

components of the RFC complex that can unload PCNA 

and inhibit DNA polymerase activity, it is highly 

expressed in some sarcoma tissues and cells. RFC2, as a 

key gene, was upregulated in metastatic samples from 

Ewing's sarcoma patients [11]. Meanwhile, bio-

informatics analysis showed that the up regulation of 

this key gene reduced the overall survival rate of 

Ewing's sarcoma patients. As the dominant gene in the 

13q13 amplicon, RFC3 is considered to be an oncogene 

or anti-oncogene in different cancers based on its 

cellular and histological characteristics [12]. Recently, 

the study suggested that RFC3 is regulated by a series 

of miRNAs including miR-802 [13]. At the same time, 

it is reported that the up-regulated expression of miR-

802 is shown in osteosarcoma tissues and promotes cell 

proliferation by targeting p27 in U27 OS and MG-63 

cells [14]. Hence, RFC3 is also closely related to the 

cell proliferation of sarcoma tissue. In the DNA damage 
checkpoint pathway, RFC4 plays an important role and 

can enhance the anti-tumor activity of DNA-damaging 

chemotherapeutics [15]. A study has pointed out that 

changes in cell cycle regulation occur in several types 

of cancer, including osteosarcoma [16]. RFC4 interacts 

with CDK1, MAD2L1, NDC80, and BUB1, and acts on 

cell mitosis and cell cycle [13]. RFC5 is a necessary 

subunit to open the PCNA clamp during DNA 

replication. RFC5 participates in the repair and 

regulation of mismatches, nucleotide excision, cell 

cycle, and DNA double helix damage, [17, 18]. 

Studies have suggested that RFC5 is significantly up-

regulated in various cancer tissues or cells, and its 

expression increases as the disease progress [19–22]. 

However, the specific role of RFC5 in sarcoma is 

rarely expressed in more detail. So far, the expression 

program, functional role in sarcoma tissues, and 

impact on the prognosis of sarcoma patients by RFC5 

are still poorly known. 

 

In sarcoma patients, the pathological features conferred 

by RFC with different expression levels and their 

prognostic impact in these patients have been reported 

[4, 13]. To the best of our knowledge, there is still no 

research using bioinformatics to analyze the role of the 

RFC family in sarcoma. In our study, we summarized 

the expression and mutations of RFC genes in sarcoma 

to further analyze their process, latent function, and 

prognosis of sarcoma transcription levels. 

 

RESULTS 
 

The transcription level of RFCs in patients with 

sarcoma 

 

In mammalian cells, there have been identified five 

kinds of RFC factors. In the ONCOMINE database, the 

transcription level of RFC in cancer tissues was 

different from that in normal tissues (Figure 1). The 

mRNA transcription level of RFCs showed a significant 

difference between normal and sarcoma patients, except 

RFC1. In Detwiller Sarcoma’s dataset [23], RFC2, with 

a fold change of 3.287, was overexpressed in 

Fibrosarcoma (Table 1). In the database of Detwiller 

sarcoma [23], RFC3 expressed an increase in fibroids 

with a multiple change of 3.184. Detwiller sarcoma’s 

dataset [23] showed that RFC3 expression factor with 

the increased expression: the change of RFC3 in Round 

Cell Liposarcoma was 3.588, the change of RFC3 in 

patients with Synovial Sarcoma was 2.548, and the 

change of patients with Leiomyosarcoma was 2.624 

(Table 1). In Barretina Sarcoma’s dataset [24], RFC3 

was over-expressed than normal in the following 

sarcomas: 2.413 in myxoid/round cell liposarcoma, 

2.257 in myxofibrosarcoma, 2.514 in leiomyosarcoma, 

and 2.539 in pleomorphic liposarcoma. 
 

Detwiller Sarcoma’s dataset [23] suggests that RFC4 

over-expression was found in Leiomyosarcoma with a 
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fold change of 7.003, RFC4 over-expression was found 

in Pleomorphic Liposarcoma with a fold change of 

3.658, RFC4 over-expression was found in Malignant 

Fibrous Histiocytoma with a fold change of 4.337, and 

RFC4 over-expression was found in Fibrosarcoma with 

of a fold change of 3.579. In Barretina Sarcoma’s 

dataset [24], RFC4 was overexpressed in Leiomyo-

sarcoma with a fold change of 7.827. Barretina 

Sarcoma’s dataset [24] also indicated that RFC4 

overexpression is found in Pleomorphic Liposarcoma 

with a fold change of 4.682. RFC4 over-expression was 

found in Myxofibrosarcoma with a fold change of 

4.518, in Myxoid/Round Cell Liposarcoma with a 

change of 3.952, and in Dedifferentiated Liposarcoma 

with a change of 3.099. 

 

In the 2 databases, there were significant differences in 

mRNA transcription levels of RFC5. In Barretina 

Sarcoma’s dataset [24], RFC5 over-expression was found 

in Myxofibrosarcoma with a change of 2.033 compared 

with normal, and in Pleomorphic Liposarcoma with a 

change of 2.097. In Detwiller Sarcoma’s dataset [23], 

RFC5 over-expression was found in Leiomyosarcoma 

with a fold change of 5.371, in Fibrosarcoma with a 

change of 3.255, and in Malignant Fibrous Histiocytoma 

with a change of 4.134. 

 

 
 

Figure 1. The transcription level of RFCs in patients with sarcoma. 
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Table 1. The significant changes of rfc expression in transcription level between different types of sarcoma, NA: 
not available. 

Gene ID Types of sarcoma vs. normal Fold change P value t test Renferences 

RFC1 NA NA NA NA NA 

RFC2 Fibrosarcoma vs. Normal 3.287 6.42E-5 4.779 Detwiller Sarcoma 

RFC3 

Fibrosarcoma vs. Normal 3.184 5.00E-7 7.154 Detwiller Sarcoma 

Round Cell Liposarcoma vs. Normal 3.588 6.65E-7 7.393 Detwiller Sarcoma 

Synovial Sarcoma vs. Normal 2.548 6.13E-6 6.366 Detwiller Sarcoma 

Leiomyosarcoma vs. Normal 2.624 5.72E-5 5.351 Detwiller Sarcoma 

Myxoid/Round Cell Liposarcoma vs. Normal 2.413 5.49E-13 12.673 Barretina Sarcoma 

Myxofibrosarcoma vs. Normal 2.257 3.37E-11 9.037 Barretina Sarcoma 

Leiomyosarcoma vs. Normal 2.514 6.20E-10 8.700 Barretina Sarcoma 

Pleomorphic Liposarcoma vs. Normal 2.539 9.98E-8 7.117 Barretina Sarcoma 

RFC4 

Leiomyosarcoma vs. Normal 7.003 1.06E-9 10.790 Detwiller Sarcoma 

Pleomorphic Liposarcoma vs. Normal 3.658 4.03E-7 7.948 Detwiller Sarcoma 

Malignant Fibrous Histiocytoma vs. Normal 4.337 1.15E-7 7.444 Detwiller Sarcoma 

Fibrosarcoma vs. Normal 3.579 6.63E-7 6.866 Detwiller Sarcoma 

Leiomyosarcoma vs. Normal 7.827 1.46E-17 16.192 Barretina Sarcoma 

Pleomorphic Liposarcoma vs. Normal 4.682 4.85E-15 14.216 Barretina Sarcoma 

Myxofibrosarcoma vs. Normal 4.518 1.33E-15 17.566 Barretina Sarcoma 

Myxoid/Round Cell Liposarcoma vs. Normal 3.952 5.27E-12 18.791 Barretina Sarcoma 

Dedifferentiated Liposarcoma vs. Normal 3.099 3.56E-12 14.411 Barretina Sarcoma 

RFC5 

Myxofibrosarcoma vs. Normal 2.003 2.59E-13 10.719 Barretina Sarcoma 

Pleomorphic Liposarcoma vs. Normal 2.097 7.02E-9 7.985 Barretina Sarcoma 

Leiomyosarcoma vs. Normal 5.371 7.61E-6 6.193 Detwiller Sarcoma 

Fibrosarcoma vs. Normal 3.255 1.73E-5 5.368 Detwiller Sarcoma 

Malignant Fibrous Histiocytoma vs. Normal 4.134 8.80E-5 4.686 Detwiller Sarcoma 

 

Relationship between the mRNA transcription levels 

and the clinical pathological parameters in RFC in 

sarcoma patients 

 

We use the Gene Expression Profiling Interactive 

Analysis (GEPIA) dataset (http://gepia.cancer-pku.cn/) 

to compare different mRNA expression levels of RFCs 

in sarcoma and normal samples. The results showed that 

RFC2, RFC4, and RFC5 were upregulated in sarcoma 

patients, while the high expression levels of RFC1 and 

RFC3 were both with no significance. (Figure 2A–2G). 

 

Expression of RFC transforming factors in sarcoma 

cell lines 

 

Through the Cancer Cell Line Encyclopedia, we 

expanded our preclinical human cancer model of detailed 

annotation process (https://www.broadinstitute.org/ccle). 

The expressions of RFC1-5 were high in sarcoma cell 

lines (Figures 3A–3E). 

 

Prognostic value of RFCs in sarcoma 

 

We investigated the prognostic analysis of RFC1-5 in 

sarcoma using the plotter tool in the GEPIA and Kaplan 

Meier databases (Kaplan Meier plotter). Interestingly, in 

these two databases, poor overall survival (OS) and 

disease-free survival (DFS) of sarcoma were related to 

the upregulation of RFC1, but with meaningless (Figure 

4). The results, however, of the database suggested that 

high expression of RFC2 and RFC4 were associated 

with the poor DFS and RFS in sarcoma (Figure 4B, 

4D), with statistical differences. Nevertheless, increased 

RFC3 and RFC5 mRNA levels were associated with 

poor OS and RFS in sarcoma (Figure 4A, 4C, 4D). 

 

Co-expressed RFC genes and the correction between 

RFCs in sarcoma 

 

Analyzed genes co-expressed with RFC1, in Chen’s 

study [25], we found that RFC1 has been positively 

corrected by AKAP13, DCLK1, GLB1, DOCK2, CLTC, 

LOC100128361, MGC11082, CXorf65, and SLCO1A2. 

And then we analyzed genes co-expressed with RFC2 in 

the study of Stossi [26], the results showed that RFC2 

has been positively corrected by MRPS12, RBP1, 

MARS, SHMT2, NDUFAF3, CSNK2B, CDK16, 

DNAJB1, PDLIM4, MFAP2, SF3B4, SMAGP, CKB, 

TLE2, MAPKAPK3, FLII, HIP1R, ARHGDIA, and 

TERF2. Analyzed genes co-expressed with RFC3 in the 

http://gepia.cancer-pku.cn/
https://www.broadinstitute.org/ccle
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study of Schaefer [27], we found that RFC3 has been 

positively corrected by MTCH2, CCDC86, TRAPPC3, 

LRRC59, SMCR7L, DDX3X, PNO1, PCMT1, EIF4E, 

GLRX3, ARPC4, SLC25A1, DDA1, SNAP23, API5, 

CLIC4, and VAMP3. Genes co-expressed with RFC4 

were described in Chibon’s study [28], the results 

showed that RFC4 was positively corrected with 

MCM2, RMI1, NCAPG2, EZH2, FANCI, ZNF367, 

ATAD2, TYMS, RNASEH2A, ASF1B, and DTL. 

Genes co-expressed with RFC5 in the study of Chen 

[25], and we found RFC5 was positively corrected with 

ORC1L, RFC2, MRTO4, SDHIB, TMEM48, PPIH, 

 

 
 

Figure 2. The expression of RFCs in sarcoma. (A) The expression of RFC1 in pan-cancer. (B) The expression of RFC2 in pan-cancer.  
(C) The expression of RFC3 in pan-cancer. (D) The expression of RFC4 in pan-cancer. (E) The expression of RFC5 in pan-cancer. (F, G) The 
expression of RFCs in SARC. 
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CTPS, UBE4B, MAGOH, MRPS15, SNRNP40, 

POLE3, MDH2, WBSCR22, and NUDC (Figure 5A). 

Through the GEPIA database, we analyzed the mRNA 

expressions and calculated the correlations between 

RFCs with each other. The results showed that RFC1 

was positively corrected by RFC2 (R=0.39, p<0.05), 

RFC3 (R=0.52, p<0.05), RFC4 (R=0.41, p<0.05), and 

RFC5 (R=0.58, p<0.05) (Figure 5B). Furthermore, 

RFC2 was positively corrected with RFC3(R=0.57, 

p<0.05), RFC4(R=0.65, p<0.05), and RFC5(R=0.49, 

 

 
 

Figure 3. The expression of RFCs in sarcoma cell lines. (A) The expression of RFC1 in sarcoma cell lines, analyzed by CCLE. (B) The 

expression of RFC2 in sarcoma cell lines, analyzed by CCLE. (C) The expression of RFC3 in sarcoma cell lines, analyzed by CCLE. (D) The 
expression of RFC4 in sarcoma cell lines, analyzed by CCLE. (E) The expression of RFC5 in sarcoma cell lines, analyzed by CCLE. 
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p<0.05) (Figure 5B). RFC3 was both positively 

corrected by RFC4(R=0.59, p<0.05), and RFC5(R=0.52, 

p<0.05). RFC4 was positively corrected by 

RFC5(R=0.5, p<0.05) (Figure 5B). 

 

Association between RFCs and infiltration levels of 

immune cells in sarcoma 

 

We explored the relationship between the expression 

level of RFCs and immune cell infiltration in sarcoma 

using the TIMER database. The results showed that 

RFC1-5 were all positively correlated with tumor 

purity, negatively correlated with the infiltration of 

CD4+ T cell and macrophage, with significance. 

(Figure 6). 

DISCUSSION 
 

The role of RFC factor dysregulation in many types of 

cancer has been reported [29–32]. Similarly, we found 

that mRNA expression levels of RFC2, RFC3, RFC4, and 

RFC5 from RFC family genes were upregulated in 

sarcoma tissues. The imbalance of RFC may lead to the 

disorder of the cell cycle, which is no longer regulated by 

normal physiological mechanisms, and may further lead 

to the cancerization of normal tissues. RFC1 is generally 

considered to be an important part of DNA replication and 

repair in the RFC family [33]. Moggs et al. [34] found that 

when the expression of RFC1 is inhibited, the 

proliferation of estrogen receptor-negative breast  

cancer cells is also inhibited. Bermudez et al. [35]

 

 
 

Figure 4. The prognostic value of mRNA level of RFC factors in sarcoma patients. (A, B) The prognostic value of mRNA level of RFC 
factors in sarcoma patients, analyzed by GEPIA. (C, D) The prognostic value of mRNA level of RFC factors in sarcoma patients, analyzed by 
Kaplan-Meier plotter. 
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pointed out that overexpression of RFC1 can prevent 

histone H3K56 from over-acetylation. Celic et al. [36] 

indicated that over acetylated histone H3K56 will 

induce cell death. Through our study, although in 

ONCOMINE database suggested that the mRNA 

expression of RFC1 gene in sarcoma patients was non-

difference from the normal, CCLE database indicated 

that that the RFC1 gene expression in sarcoma cell lines 

 

 
 

Figure 5. Co-expression genes of RFCs, and the correction between RFCs in sarcoma. (A) Co-expression genes of RFCs in sarcoma, 

analyzed by Oncomine. (B) The correction between RFCs in sarcoma, analyzed by GEPIA. 
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shows a high expression status, we can still consider 

that RFC1 gene is highly expressed in sarcoma cells. 

Using the GEPIA and Kaplan Meier plotter databases, 

we determined the prognostic value of the RFC1 gene 

in sarcoma, and although high expression of RFC1 was 

associated with poor OS and DFS in sarcoma patients, it 

was not statistically significant, so RFC1 expression did 

not predict sarcoma patients related prognosis. 

 

Some evidence suggested that RFC2 was a key gene, 

and its upregulation was related to the metastasis and 

prognosis of Ewing’s sarcoma [11]. Xiong et al. [37] 

showed that RFC2 was closely related to 

nasopharyngeal carcinoma, and the up regulation of 

RFC2 expression was obviously high in patients with 

nasopharyngeal carcinoma than normal. Meanwhile, 

other studies have shown that the expression level of 

RFC2 was also higher in the normal tissues than in 

patients with glioblastoma [38]. There was a study 

pointed out that in patients with choriocarcinoma, high 

expression of RFC2 may have the effect of predicting 

the prognosis of the disease [39]. Therefore, RFC2 

may play an oncogene in a variety of malignant 

tumors. Until now, there is no definite research 

showing the specific effect of RFC2 in sarcoma. In our 

study, the expression of RFC2 in fibrosarcoma was 

3.287 times higher than in normal tissues. Through the 

CCLE database, we found that RFC2 was also up-

regulated in sarcoma cell lines. Meanwhile, in the 

analysis of GEPIA and Kaplan Meier plotter, we also 

found that patients with sarcoma with high expression 

of RFC2 had poor disease-free survival (DFS), which 

was statistically significant. Therefore, RFC2 not only 

plays an oncogene role in fibrosarcoma but also has a 

latent function in predicting disease outcomes in 

sarcoma. 

 

In a study on osteosarcoma [13], it was pointed out that 

RFC3, CDK1, MAD2L1, NDC80, BUB1, etc. jointly 

participated in the related links of the disease prognosis 

 

 
 

Figure 6. Relationship between differentially expressed RFC genes and immune cell infiltration. The immune cells we analyzed 
included B cells, CD8+ T cells, CD4+ T cells, macrophages, neutrophils, and dendritic cells. 
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of osteosarcoma. According to the study of patients with 

acute myeloid leukemia (AML) [40], RFC3 was found 

to be highly expressed in their tumor cells. In addition, 

in the study of ovarian cancer patients [12], the average 

survival time of patients with high RFC3 expression 

levels was only 7.7 months, while that of patients with 

normal expression was as long as 92.9 months. Highly 

expressed RFC3 has been confirmed to be a predictive 

gene in Kaposi’s sarcoma [41], breast cancer [42], 

esophageal adenocarcinoma [43], and hepatocellular 

carcinoma [44]. In summary, this means that RFC3 may 

act as an oncogene in cancers. Consistent with our 

analysis, in this study, the RFC3 high expression was 

found in sarcoma tissue. Using the CCLE database, the 

results suggested that RFC3 was also highly expressed in 

human sarcoma. In ONCOMINE, the mRNA expression 

level of RFC3 was up-regulated, which was specifically 

reflected in fibrosarcoma, leiomyosarcoma, mucosal 

fibrosarcoma, smooth muscle sarcoma, pleomorphic 

liposarcoma, and so on. Meanwhile, the results 

illustrated that highly expression RFC3 was associated 

with poor OS in patients with sarcoma, which was 

statistically significant. 

 

Previous study has shown that RFC4 is highly 

expressed in cancer tissues such as hepatocellular 

carcinoma [15], non-small cell lung cancer (NSCLC) 

[45], prostate cancer [46], breast cancer [20], and 

cervical cancer [47]. In addition, some scholars further 

proposed that RFC4 may serve as a potential prognostic 

biomarker and therapeutic target [4]. In general, RFC4 

has been discussed and studied in various cancers, but 

its exact function in sarcoma has not been described yet. 

At the same time, highly expressed RFC4 was related to 

the RFS difference in sarcoma, and there was statistical 

significance, that is, the DFS of sarcoma patients with 

high expression of RFC4 was worse. It seemed that 

RFC4 not only acted as an oncogene in sarcoma 

patients but also had a certain predictive effect on the 

prognosis of sarcoma patients. 

 

RFC5 can repair mismatches, DNA double helix 

damage, and nucleotide excision during the cell cycle 

[18]. These biological characteristics have been 

confirmed in research to be related to the progression 

of cancer [17]. Similar to other subunits of the RFC 

family, RFC5 is expressed in a variety of cancers, such 

as head and neck squamous cell carcinoma [48], 

prostate cancer [49], cervical cancer [50], and diffuse 

large B-cell lymphoma (DLBCL) [51] than the normal. 

Hence the exact function of RFC5 in sarcoma is still 

inconclusive. In our study, highly expressed RFC5 was 

significantly correlated with poor OS in sarcoma 
patients, and there was statistical significance. It 

suggests that patients with high expression of rfc5 

sarcoma usually have poor overall survival. 

The expression levels of the five RFC family members 

were negatively correlated with the infiltration of CD4+ 

T cells and macrophages. Immune cells in the tumor 

microenvironment can promote or inhibit tumor 

activity, which is considered to be an important 

determinant of clinical outcomes and immunotherapy. 

The RFCs expression levels were negatively correlated 

with the infiltration level of CD4+ T cells and 

macrophages. Past studies have shown that CD4+ T 

cells played active roles in anti-tumor immunity. CD4+ 

T cells could target tumor cells in a variety of ways, 

directly eliminate tumor cells through the cytolytic 

mechanism, or indirectly interact with tumor cells by 

regulating the tumor immune microenvironment [52]. 

This indicated that the expression of RFCs might affect 

the development of sarcoma by regulating the 

infiltration of immune cells, thereby affecting the 

prognosis of patients. This study could provide more 

detailed immune information for the immunotherapy of 

sarcoma patients. 

 

After understanding the heterogeneity and complexity 

of the molecular biology of sarcoma, this study 

systematically analyzed the expression and predictive 

value of RFC in sarcoma. Our results indicated that 

increased expression of RFC2-5 in sarcoma tissue might 

play an important role in the occurrence of sarcoma and 

could be used as a potential indicator of diagnosis. The 

expression level of RFC2-5 has predictive effects on the 

survival period of patients with sarcoma. Thus, 

transcriptional RFC2-5 are latent prognostic markers to 

improve the survival and prognostic accuracy of 

sarcoma. 

 

However, such a study still has some limitations. First, 

it can only respond to some relationships between RFC 

factors and sarcomas, and the role of some subunits in 

sarcomas under a partially defined pathological 

classification, so it cannot make a deeper analysis. 

Second, disadvantages still exist in the precision of 

treatment and prediction, but some genomic, as well as 

proteomic evidence, can be provided for the study of the 

corresponding sarcomas. Further studies also need to 

combine immunohistochemical as well as correlative 

analysis of tumor cytology, which will facilitate the 

diagnosis and treatment of sarcomas with greater 

precision. Third, the ONCOMINE database had been 

taken offline on January 17, 2022, so the figure with 

case numbers in specific subtype vs ‘normal’ cases 

cannot be obtained. 

 

CONCLUSIONS 
 

In conclusion, this finding systematically showed the 

expression of the RFC gene in sarcoma tissue and the 

prognosis effect on sarcoma patients. Our results 
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indicate that increased expression of RFC2-5 in 

sarcoma tissue may show an essential role in the 

occurrence of sarcoma and can be used as latent 

indicators for diagnosing sarcoma. Expression levels of 

RFC2-5 have a predictive effect on the total survival 

(OS) or disease-free survival (DFS) of sarcoma patients. 

Therefore, transcription of RFC2-5 is a potential 

prognostic marker for improving survival and 

prognostic accuracy in sarcoma patients. The results of 

this study may provide new ideas for diagnosis and 

prognosis in sarcoma patients to select potential 

prognostic biomarkers. 

 

MATERIALS AND METHODS 
 

ONCOMINE analysis 

 

ONCOMINE (https://www.oncomine.com/) is an online 

microarray database focused on cancer. In different 

cancers, it can analyze the transcript levels of the RFC 

gene family. Comparison of mRNA expression of the 

RFC gene family in clinical cancer tissue specimens and 

mRNA expression in normal controls was performed 

using the student's t-test for significance of the mean 

difference. Respectively, the cut-off was defined as 

0.01, and the fold change of p-value was 2. 

 

GEPIA dataset 

 

Gene expression analysis interactive analysis dataset 

(GEPIA), a newly developed interactive online gene 

bioinformatics analysis platform, is a way of RNA 

sequencing analysis. The database contains data from 

9736 tumor tissues and 8587 normal tissues from The 

Cancer Genome Atlas (TCGA) as well as Genotype-

Tissue Expression (GTEx) (http://gepia.cancer-pku.cn/) 

GEPIA shows a series of custom-made features such as 

gene differential expression analysis of tumor tissue 

versus normal tissue, but also correlation analysis 

depending on the type of pathological stage of cancer, 

analysis of patient survival, similar genetic tests, 

correlation analysis, and dimension reduction analysis. 

 

CCLE dataset 

 

CCLE (Cancer Cell Line Encyclopedia), an 

oncogenomics research project, is led by the Broad 

Institute of MIT at Harvard. Similar to the above 

databases, CCLE is also a large, publicly available 

tumor genome database. It collects and collates 

profiling data of 1457 tumor cell lines, 84434 genomes, 

which includes gene expression data, chromosomal 

copy data as well as massively parallel sequencing data. 

In sarcoma cell lines, we illustrated the expression 

levels of the RFC gene family using the CCLE 

database. 

Kaplan-Meier plotter 
 

The Kaplan Meier plotter is a publicly available online 

database (https://www.kmplot.com) constructed based on 

microarray and RNA SEQ data from public databases 

such as TCGA, geo, and EGA. The prognostic value of 

signal transducer and activator of transcription protein 

(STAT), as well as mRNA expression, was assessed 

using this online database containing expression data and 

survival information for the analyzed genes as well as 

259 clinical sarcoma patients. To analyze the overall 

survival (OS) and progression-free survival (RFS), of 

patients with sarcoma, those samples were divided into 

two groups by median expression (high expression vs. 

low expression) and evaluated by Kaplan Meier survival 

plots with hazard ratios (HR, hazard ratio) with 95% 

confidence intervals (CI, confidence interval) and log-

rank P values. TIMER database 
 

Through the TIMER database, we evaluated the effect 

of RFC expression level on tumor immune cell 

infiltration. TIMER database contains the data of tumor-

infiltrating immune cells in more than 10000 samples of 

32 types of cancers from TCGA [53]. On this basis, we 

analyzed the effects of the expression level of the RFC 

gene family on six common immune cell infiltration 

levels: CD4 + T cells, CD8 + T cells, B cells, 

neutrophils, dendritic cells, and macrophages. 
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INTRODUCTION 
 
Bladder Urothelial Carcinoma (BLCA) is one of  
the most common urinary system tumors with the 
unfavorable mortality and increased incidence in the 
world [1, 2]. The histological features of BLCA are  
the transformation between urothelium and malignant 
cells, involving a series process of polymorphic nuclei, 

hyperchromatic nuclei, nucleolar herniation, and an 
increased number of uncontrolled mitoses [3]. Recently, 
the detailed molecular subtypes of BLCA have been 
widely explored, namely neuronal, basal squamous, 
luminal, luminal infiltrated and luminal papillary, which 
has important prognostic and therapeutic implications. 
Studies on BLCA have suggested that BLCA in situ 
without treatment may lead to progression to muscular 
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ABSTRACT 
 
Objective: To uncover novel prognostic and therapeutic targets for BLCA, our study is the first to investigate 
the role of hsa-mir-183 and its up-regulated predicted target genes in bladder urothelial carcinoma. 
Methods: To address this issue, our study explored the roles of hsa-mir-183 predicted target genes in the 
prognosis of BLCA via UALCAN, Metascape, Kaplan-Meier plotter, Human Protein Atlas, TIMER2.0, cBioPortal 
and Genomics of Drug Sensitivity in Cancer databases. 
Results: High transcriptional expressions of PDCD6, GNG5, PHF6 and MAL2 were markedly relevant to 
favorable OS in BLCA patients, whereas SLC25A15 and PTDSS1 had opposite expression significance. 
Additionally, high transcriptional expression of PDCD6, GNG5, PHF6, MAL2, SLC25A15 and PTDSS1 were 
significantly correlated with BLCA individual cancer stages and molecular subtypes. Furthermore, high 
mutation rate of PDCD6, MAL2, SLC25A15 and PTDSS1 were observed. Finally, TP53 mutation of PDCD6, 
GNG5, PHF6, MAL2, SLC25A15 and PTDSS1 has guiding significance for drug selection in BLCA. 
Conclusions: PDCD6, GNG5, PHF6, MAL2, SLC25A15 and PTDSS1 could be the advanced independent 
indicators for prognosis of BLCA patients, and TP53-mutation might be a biomarker for drug option in 
BLCA patients. 
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invasive disease (occur in 50%) and disease relapse 
(occur in 90%) [4, 5]. New insights on the pathogenesis, 
invasion and metastasis of BLCA have been ongoing in 
recent studies, however, the research on the gene 
molecular basis of bladder cancer has been limited. 
Providing crucial insight into the gene level 
characteristics of BLCA will help to better reveal the 
mechanism of pathogenesis and discover more 
significant diagnostic or prognostic biomarkers and 
therapeutic options. 
 
MicroRNA (miRNA), a small noncoding RNA with the 
function of negative regulating gene expression, plays 
an important role in the occurrence and development of 
various tumors [6–8]. The functions of miRNA are not 
to directly block the expression of genes, but to make a 
slightly and specifically adjustment to the expression of 
target genes in post-transcriptional control [9, 10]. 
MiRNA plays an important regulatory role in the 
biological processes of normal human cells, including 
cell division cycle, cell growth, cell apoptosis, cell 
differentiation and cell response. Almost all tumors 
have different types of miRNA expression, which are 
either up-regulated or down-regulated, thus providing 
new opportunities for miRNA and their predicted target 
genes to be used as the potential diagnostic or 
prognostic biomarkers. Hsa-mir-183 has been shown to 
frequently involve methylation events in human 
hepatocellular carcinoma and was an unfavorable factor 
for survival [11]. Huang et al., found that hsa-mir-183 
was an overexpressed miRNA in non-small-cell lung 
cancer and was positively correlated with tumor 
invasiveness [12]. Additionally, hsa-mir-183 has been 
reported to be markedly correlated with overall survival 
for colon adenocarcinoma patients [13]. However, the 
role of hsa-mir-183 and its predicted target genes in 
BLCA remains unclear.  
 
To uncover novel prognostic and therapeutic targets for 
BLCA, our study is the first to investigate the role of 
hsa-mir-183 and its up-regulated predicted target genes 
and evaluate the significance of TP53-mutation related 
drug option in BLCA patients.  
 
MATERIALS AND METHODS 
 
To estimate the prognostic and therapeutic significance 
of hsa-mir-183 and its up-regulated predicted target 
genes in BLCA patients, the clinical data, 
transcriptional expression data of miRNA and  
predicted target genes were collected from UALCAN 
(http://ualcan.path.uab.edu). The Metascape was applied 
for GO and KEGG analysis of predicted target genes 
(https://metascape.org). The Overall Survival (OS) data 
of mRNA expression of predicted target genes  
were collected from Kaplan-Meier plotter 

(http://www.kmplot.com/). The protein expression data 
were collected from Human Protein Atlas 
(https://www.proteinatlas.org). The data of pan cancer 
analysis of predicted target genes were collected from 
TIMER2.0 (http://timer.cistrome.org). Gene mutations 
of predicted target genes in BLCA and their OS and 
Progression Free Survival (PFS) were analyzed by 
cBioPortal (http://www.cbioportal.org). Finally, the 
drug sensitivity and resistance of TP53 mutation in 
BLCA were analyzed by Genomics of Drug Sensitivity 
in Cancer (https://www.cancerrxgene.org). 
 
Ethics approval  
 
The study protocols were conducted according to the 
principles of the Declaration of Helsinki and were 
approved by the Scientific and Medical Ethical 
Committee of the Second Affiliated Hospital of Shantou 
University Medical College. 
 
RESULTS 
 
Over-expression of different miRNA in BLCA 
patients 
 
The result of top 10 over-expressed miRNA in BLCA 
patients were shown by TCGA miRNA analysis (Data 
from UALCAN) (Figure 1). The expression of hsa- 
mir-183 in patients with BLCA were significantly 
increased compared to normal tissue (P = 1.62E-12). 
The expression of hsa-mir-183 were also significantly 
increased based on patient’s gender or age (Figure 2). 
There were significant differences in the Comparison of 
Normal-vs-Male (P = 1.62E-12), Normal-vs-Female 
(P = 1.63E-8), Normal-vs-Age (41–60 Yrs) (P < 1E-12), 
Normal-vs-Age (61–80 Yrs) (P < 1E-12) and Normal-
vs-Age (81–100 Yrs) (P = 7.55E-9). 
 
Expression of predicted target genes of hsa-mir-183 
in BLCA patients 
 
There were 247 predicted genes of hsa-mir-183 (Data 
from TargetScan, microRNA.org and miRDB), including 
15 up-regulated genes, 74 down-regulated genes and 
158 unchanged genes in BLCA. 15 up-regulated genes 
were selected to study in our research (Table 1). The 
expression of all up-regulated predicted genes of 
has-mir-183 in patients with BLCA were significantly 
increased compared to normal tissue (Figure 3). 
 
Predicted functions and pathways of up-expressed 
predicted target genes of hsa-mir-183 and their 10 
frequently altered neighbor genes 
 
Functions and pathways of up-expressed predicted 
target genes of hsa-mir-183 and their 10 frequently 
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altered neighbor genes were analyzed by GO and 
KEGG in Metascape. As the Enrichment heatmap 
showed that pathways included hsa04726: Serotonergic 
synapse, hsa05219: Bladder cancer, GO:0007169: 
transmembrane receptor protein tyrosine kinase signaling 

pathway, GO:0048471: perinuclear region of cytoplasm, 
GO:0008324: cation transmembrane transporter activity, 
GO:1990234: transferase complex and GO:1905477: 
positive regulation of protein localization to membrane 
(Figure 4). 

 

 
 

Figure 1. Top 10 over-expressed miRNAs in BLCA. 
 

 
 

Figure 2. Expression of hsa-mir-183 in BLCA based on patient’s gender and age. 
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Table 1. Up-expressed predicted target genes of hsa-mir-183 in BLCA (TargetScan, microRNA.org and miRDB). 

Target gene Description Expression in BLCA 

ENY2 ENY2, transcription and export complex 2 subunit Up-expression 

PLAG1 PLAG1 zinc finger Up-expression 

PDCD6 programmed cell death 6 Up-expression 

GNG5 G protein subunit gamma 5 Up-expression 

SLC6A6 solute carrier family 6 member 6 Up-expression 

CELSR3 cadherin EGF LAG seven-pass G-type receptor 3 Up-expression 

SLC22A23 solute carrier family 22 member 23 Up-expression 

SPATS2 spermatogenesis associated serine rich 2 Up-expression 

CDK5R1 cyclin dependent kinase 5 regulatory subunit 1 Up-expression 

PHF6 PHD finger protein 6 Up-expression 

MAL2 mal, T cell differentiation protein 2 Up-expression 

ATP2C1 ATPase secretory pathway Ca2+ transporting 1 Up-expression 

NRAS NRAS proto-oncogene, GTPase Up-expression 

SLC25A15 solute carrier family 25 member 15 Up-expression 

PTDSS1 phosphatidylserine synthase 1 Up-expression 
 
Prognostic value of mRNA expression of up-
expressed predicted target genes of hsa-mir-183 in 
BLCA patients 
 
Prognostic value of mRNA expression of up-expressed 
predicted target genes of hsa-mir-183 were analyzed by 
Kaplan-Meier plotter (Figure 5). It was showed that 
mRNA expressions of PDCD6, GNG5, PHF6, MAL2, 
SLC25A15 and PTDSS1 were significantly associated 
with BLCA patients’ prognosis. According to the database 
analysis form Kaplan-Meier plotter, PDCD6 (HR = 0.55, 
95% CI: 0.4–0.75, and P = 0.00013), GNG5 (HR = 0.73, 
95% CI: 0.54–0.89, and P = 0.034), PHF6 (HR = 0.68, 
95% CI: 0.51–0.92, and P = 0.011) and MAL2 (HR = 
0.68, 95% CI: 0.5–0.91, and P = 0.01) seem to be the 
favorable factor for BLCA patients’ prognosis. SLC25A15 
(HR = 1.68, 95% CI: 1.24–2.27, and P = 0.00062) and 
PTDSS1 (HR = 1.41, 95% CI: 1.01–1.96, and P = 0.041) 
more likely to be the unfavorable factor for BLCA 
patients’ prognosis. In addition, ENY2, PLAG1, SLC6A6, 
CELSR3, SLC22A23, SPATS2, CDK5R1, ATP2C1 and 
NRAS were not prognostic in BLCA patients. 
 
Protein expression and pan cancer analysis of 
predicted target genes (PDCD6, GNG5, PHF6, 
MAL2, SLC25A15 and PTDSS1) in BLCA  
patients 
 
Protein expression of predicted target genes (PDCD6, 
GNG5, PHF6, MAL2, SLC25A15 and PTDSS1) in 
BLCA were explored by Human Protein Atlas 

(Figure 6). The proteins of PDCD6, GNG5 and PHF6 
were not or low expressed in BLCA tissues, whereas 
medium expressions of them were found in normal 
urinary bladder tissues. It is noteworthy that the 
protein expression of MAL2 and SLC25A15 could 
not be detected in both normal urinary bladder tissues 
and BLCA tissues. Additionally, the protein 
expression of PTDSS1 in tumor tissues was stronger 
than that in normal tissues. Furthermore, we 
performed a pan-cancer analysis of predicted target 
genes (PDCD6, GNG5, PHF6, MAL2, SLC25A15 
and PTDSS1) by using TIMER (Figure 7). 
 
Relationship between mRNA expression of predicted 
target genes (PDCD6, GNG5, PHF6, MAL2, 
SLC25A15, PTDSS1) and clinicopathological 
parameters in BLCA patients 
 
The association of mRNA expression of predicted target 
genes (PDCD6, GNG5, PHF6, MAL2, SLC25A15, 
PTDSS1) with clinicopathological parameters of BLCA 
patients were analyzed by UALCAN, containing BLCA 
individual cancer stages and molecular subtypes (Figures 8 
and 9). Figure 8 showed that the mRNA expression of 
predicted target genes (PDCD6, GNG5, PHF6, MAL2, 
SLC25A15, PTDSS1) were significantly correlated with 
BLCA individual cancer stages. PDCD6, GNG5, PHF6 
and MAL2 as favorable factor for BLCA patients, the high 
mRNA expressions of them tended to be in stage 1  
or 2, whereas the high mRNA expressions of unfavorable 
factor of SLC25A15 and PTDSS1 tended to be in stage 3 
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or 4. Similarly, Figure 9 showed that the mRNA 
expression of predicted target genes (PDCD6, GNG5, 
PHF6, MAL2, SLC25A15, PTDSS1) were significantly 
correlated with BLCA molecular subtypes. The high 
mRNA expressions of PDCD6, GNG5, PHF6 and MAL2 
tended to be the molecular subtypes of luminal and 
luminal papillary, whereas the high mRNA expressions of 
SLC25A15 and PTDSS1 tended to be the molecular 
subtypes of neuronal and basal squamous. 

Gene mutations of predicted target genes (PDCD6, 
GNG5, PHF6, MAL2, SLC25A15, PTDSS1) in 
BLCA 
 
Gene mutations of predicted target genes (PDCD6, 
GNG5, PHF6, MAL2, SLC25A15, PTDSS1) in BLCA 
and their OS and PFS were analyzed by cBioPortal 
(Figure 10). Figure 10A showed that PDCD6, MAL2, 
SLC25A15, PTDSS1 were prone to mutation in 

 

 
 

Figure 3. Transcriptional expression of predicted target genes of hsa-mir-183 in BLCA based on TCGA sample types. (**P < 0.001, 
*P < 0.01). 
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BLCA patients. Figure 10B and 10C revealed the 
association between the gene mutation and BLCA 
patients’ OS and DFS. In OS analyze, median months 
overall (95% CI) of unaltered group was 36.43, while it 
was significantly shorter in PHF6 (1.87) and SLC25A15 
(17.62). Similarly, in PFS analyze, Median Months 
Progression Free (95% CI) of unaltered group was 
32.58, while it was significantly shorter in PHF6 (1.87), 
MAL2 (5.52) and SLC25A15 (17.52). 
 
TP53 mutation of predicted target genes (PDCD6, 
GNG5, PHF6, MAL2, SLC25A15, PTDSS1) and its 
association with drug selection in BLCA 
 
TP53 mutation of predicted target genes (PDCD6, 
GNG5, PHF6, MAL2, SLC25A15, PTDSS1) were 
analyzed by UALCAN. The expression of TP53 

mutation of GNG5, MAL2, SLC25A15, PTDSS1 in 
patients with BLCA were significantly increased 
compared to non-mutation group, and all predicted 
target genes were markedly increased compared to 
normal group (Figure 11). In addition, types of TP53 
mutation were analyzed by cBioPortal (Figure 12) from 
Bladder Cancer (MSK/TCGA, 2020). Mutation 
frequency of TP53 was 51.7% from NM_000546 | 
ENST00000269305 CCDS11118 | P53_HUMAN. 
 
As was showed in Figure 12, TP53 driver had the 
highest probability of mutation, including Missense 
(197), Truncating (80) and Splice (17). Furthermore, the 
drug sensitivity and resistance of TP53 mutation in 
BLCA were analyzed by Genomics of Drug Sensitivity 
in Cancer (Figure 13). Nutlin-3a (−) drug target was 
MDM2 and Nutlin-3a (−) drug target pathway was p53

 

 
 

Figure 4. Predicted functions and pathways of up-expressed predicted target genes of hsa-mir-183 and their 10 frequently 
altered neighbor genes (Metascape). 
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Figure 5. Prognostic value of transcriptional expression of up-expressed predicted target genes of hsa-mir-183 in BLCA 
(Kaplan-Meier Plotter). 
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pathway in BLCA. As was showed in Figure 13 and 
Table 2, Nutlin-3a (−) had a significant increased 
resistance in TP53 mutation (P = 2.12e-06) of BLCA 
patients and the IC50 of Nutlin-3a (−) was significantly 
increased in TP53 mutation group (P < 0.001). TWS119 
drug target was GSK3 and TWS119 drug target 
pathway was WNT signaling in BLCA. As was showed 
in Figure 13 and Table 2, TWS119 had a significant 
increased sensitivity in TP53 mutation (P = 5.95e-06) of 
BLCA patients and the IC50 of TWS119 was 
significant decreased in TP53 mutation group (P < 
0.001). Mitomycin-C drug target was DNA crosslinker 
and Mitomycin-C drug target pathway was DNA 
replication in BLCA. As was showed in Figure 13 and 
Table 2, Mitomycin-C had a significant increased 
sensitivity in TP53 mutation (P = 0.000322) of BLCA 

patients and the IC50 of Mitomycin-C was significant 
decreased in TP53 mutation group (P = 0.001). 
 
DISCUSSION 
 
BLCA was the most common histopathological type of 
bladder cancer, and its occurrence and development 
were affected by multiple complex factors such as gene 
transcription, gene regulation, gene mutation and 
epigenetic inheritance [14, 15]. Each miRNA had a 
series of related target genes, and abnormal expression 
of miRNA often leaded to abnormal transcription of 
target genes, which was related to the occurrence of 
various cancers [16]. Although hsa-mir-183 have been 
reported to play an essential role in liver cancer, lung 
cancer and other tumors, the specific role of hsa-mir- 

 

 
 

Figure 6. Representative immunohistochemistry images of predicted target genes (PDCD6, GNG5, PHF6, MAL2, SLC25A15 
and PTDSS1) in normal urinary bladder tissues and BLCA tissues (Human Protein Atlas). 
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Figure 7. Pan cancer analysis of predicted target genes (PDCD6, GNG5, PHF6, MAL2, SLC25A15 and PTDSS1) (TIMER). 
(***P < 0.001, **P < 0.01, *P < 0.05). 
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Table 2. Association between TP53 mutation and drug option of BLCA. 

Drug Drug Target IC50 effect Effect size P-value FDR% Tissue 

TWS119 GSK3 Increased sensitivity  −3.63 5.95e-06 0.00714 BLCA 

Mitomycin-C DNA crosslinker Increased sensitivity −2.53 0.000322 0 BLCA 

Nutlin-3a (−) MDM2 Increased resistance 4.08 2.12e-06 0.00255 BLCA 
 

 
 

Figure 8. Relationship between mRNA expression of predicted target genes (PDCD6, GNG5, PHF6, MAL2, SLC25A15, 
PTDSS1) and BLCA individual cancer stages. (***P < 0.001, **P < 0.01, *P < 0.05). 
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183 and its predicted target genes in BLCA remain to be 
explored. In our study, the transcriptional expressions, 
mutations and Prognosis of hsa-mir-183 and its 
predicted target genes in BLCA have been elucidated. 
 
Our study found that up-expressed hsa-mir-183 and 
over transcriptional expressions of hsa-mir-183 

predicted target genes (ENY2, PLAG1, PDCD6, GNG5, 
SLC6A6, CELSR3, SLC22A23, SPATS2, CDK5R1, 
PHF6, MAL2, ATP2C1, NRAS, SLC25A15 and 
PTDSS1) were observed in BLCA patients. Moreover, 
predicted functions and pathways of up-expressed 
predicted target genes of hsa-mir-183 and their 10 
frequently altered neighbor genes indicated a link

 

 
 

Figure 9. Relationship between mRNA expression of predicted target genes (PDCD6, GNG5, PHF6, MAL2, SLC25A15, 
PTDSS1) and BLCA molecular subtypes. (***P < 0.001, **P < 0.01, *P < 0.05). 
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with bladder cancer. Besides, high transcriptional 
expressions of PDCD6, GNG5, PHF6 and MAL2 were 
markedly relevant to favorable OS in BLCA patients, 
whereas high transcriptional expression of SLC25A15 and 
PTDSS1 were markedly relevant to unfavorable OS in 
BLCA patients. Additionally, ENY2, PLAG1, SLC6A6, 
CELSR3, SLC22A23, SPATS2, CDK5R1, ATP2C1 and 
NRAS were not prognostic in BLCA patients. However, 
protein expression of predicted target genes (PDCD6, 
GNG5, PHF6, MAL2, SLC25A15 and PTDSS1) were 
inconsistent with the transcriptional expression. The 
mRNA levels were significantly increased than that 
observed in protein levels. There are two possible 
explanations for this phenomenon. miRNA do not limit 
gene translation but lead to rapid destruction of newborn 
peptides [17].  Alternatively, miRNA may negatively 
affect the initiation, elongation and termination of 
transcription, while the number of ribosomes remains 
unchanged, resulting in a decreased rate of protein 
completion [17]. Multivariate analysis indicated that 
transcriptional expression of predicted target genes 
(PDCD6, GNG5, PHF6, MAL2, SLC25A15 and 
PTDSS1) were significantly correlated with BLCA 
individual cancer stages and molecular subtypes. 
Furthermore, high mutation rates of PDCD6, MAL2, 

SLC25A15 and PTDSS1 were observed in BLCA patients 
and some genetic alteration were significantly relevant to 
OS and PFS. Finally, TP53 mutation of predicted target 
genes (PDCD6, GNG5, PHF6, MAL2, SLC25A15 and 
PTDSS1) has guiding significance for drug selection in 
BLCA. 
 
PDCD6 
 
Programmed cell death 6, can encode the calcium 
binding protein, which is belonging to the penta-EF-
hand protein family. High expression of PDCD6 was 
relevant to unfavorable prognosis in colorectal cancer 
patients via activating c-Raf, MEK and ERK pathway 
[18]. Inhibition of PDCD6 expression can reduce the 
rate of tumor metastasis [19]. PDCD6 can induce 
migration and invasion of tumor cell in ovarian cancer 
causing unfavorable clinical outcome to patients [20]. 
However, the expression of GG genotype of PDCD6 
has been reported to reduce the risk of lung cancer [21]. 
Similarly, up-expressed PDCD6 played the role of 
inhibiting cell growth in cervical carcinoma cells [22]. 
These results suggested that PDCD6 may play different 
roles in tumorigenesis and prognosis. In our study, the 
transcriptional expression of PDCD6 was significantly 

 

 
 

Figure 10. Gene mutations of predicted target genes (PDCD6, GNG5, PHF6, MAL2, SLC25A15, PTDSS1) and their association with OS and 
PFS in BLCA patients (A: Genetic alterations; B: Overall survival; C: Progress free survival). 
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increased in BLCA and suggested a favorable prognosis. 
The function of MAPK pathway is to induce cell 
hyperplasia and invasion, but it can also increase the 
occurrence of cell apoptosis or inhibit cell invasion. 
Different effects of PDCD6 predominantly depend on the 
signal strength and the microenvironment of abnormal 

signal activation [23]. In addition, the downstream MAPK 
signal is mainly regulated by the upstream c-Raf signal. It 
has been proved that PDCD6-c-Raf-MAPK pathway exists 
in tumors in recent research [18]. Therefore, we speculated 
that tumor microenvironment or signal specificity lead to 
different roles of PDCD6 in tumors. 

 

 
 

Figure 11. TP53 mutation of predicted target genes (PDCD6, GNG5, PHF6, MAL2, SLC25A15, PTDSS1) in BLCA. 
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GNG5 
 
G protein subunit gamma 5, can regulate the 
information from a variety of receptors. High 
expression of GNG5 was relevant to unfavorable 
prognosis in gliomas [24]. At present, there are few 
studies on GNG5 in other tumors. It was reported that 
GNG5 may regulate the occurrence and development of 
tumors by stimulating the PI3K/Akt signal pathway 
[25]. Akt is activated by upstream PI3K, leading to 

phosphorylation, which finally promotes tumor cell 
growth. To our knowledge, this is the first study to 
explore the role of GNG5 in BLCA. Transcriptional 
expression of GNG5 was found to be significantly 
associated with BLCA individual cancer stages, BLCA 
molecular subtypes and OS. Of note, higher expression 
of GNG5 indicated a longer possibility of survival. 
Therefore, GNG5 may act as an advanced indicator of 
the stages, types and prognosis for BLCA which has not 
been reported in previous researches. 

 

 
 

Figure 12. Types of TP53 mutation from bladder cancer (MSK/TCGA, 2020). 
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PHF6 
 
PHD finger protein 6, has a function of transcriptional 
regulation by encoding domain with 2 PHD-type zinc 
fingers in protein. The high expression of PHF6 can 
play a role of tumor suppressor in patients with acute 
lymphoblastic leukemia and as a favorable prognostic 
factor [26–28]. However, other study has come up 
with an inconsistent view that PHF6 was involved in 
proliferation, migration, apoptosis and metabolism in 
hepatocellular carcinoma and its deficiency can inhibit 
above mentioned processes in tumor cells [29]. Wang 
et al., found that PHF6-null can inhibit cell proliferation 
and arrest cells in the G(2)/M phase, suggesting that 
loss of PHF6 may result in accumulation of DNA 
damage [30]. Hsu et al., reported that the deficiency of 
PHF6 can enhance cell self-renewal and carcinogenic 
potential [31]. Together, these findings indicated that 
whether PHF6 was a tumor suppressor or a tumor 
protein may depend on the specific context in which it 
acted. In our study, high transcriptional expression of 
PHF6 was significantly related to high probability of 
survival in BLCA which were consistent with the 
research results in acute lymphoblastic leukemia. 
 
MAL2 
 
Mal, T cell differentiation protein 2, can encode 
multitransmembrane protein, which is a member of 
MAL proteolipid family. MAL2 was over-expressed in 
many human cancers, including breast, stomach, liver, 
pancreatic, colon, kidney, prostate and ovarian cancers 
[32–36]. Zheng et al., found that MAL2 was markedly 
relevant to grade, stage and the Gleason score of 
prostate cancer and it can promote tumor progression 

via the Notch pathway [33]. Fang et al., showed that 
Inhibition of MAL2 expression can significantly 
increase the cytotoxicity of CD8+ T lymphocytes, 
thereby inhibiting the growth and metastasis of breast 
cancer [35]. Zhang et al., reported that overexpressed 
MAL2 can phosphorylate ERK1/2, which may promote 
pancreatic cancer progression [37]. In BLCA patients, 
MAL2 was also highly expressed, but it was associated 
with a good prognosis. At present, the specific signaling 
pathway that MAL2 participates in bladder cancer is 
not clear, so we speculate that up-expressed MAL2 
may not be the initiating factor of tumorigenesis, but 
may lead to changes in cell morphology, signal 
transduction, migration and metabolism by altering 
protein distribution, thus promoting tumor transformation 
[38], which is bidirectional.   
 
SLC25A15 
 
Solute carrier family 25 member 15, can encode the 
protein transporter ornithine, which is a member of 
mitochondrial carrier family. Ji et al., found that 
SLC25A15 was up-expressed in melanoma patients and 
was negatively associated with OS and DFS [39]. 
SLC25A15 was involved in the regulation of cell 
proliferation and apoptosis in cells and over-expression 
can reverse the role of tumor suppressor genes in 
prostate cancer [40]. At present, most of the studies 
on SLC25A15 are focused on hyperornithinemia-
hyperammonemia-homocitrullinuria [41], and there are 
few reports on tumor. SLC25A15 is primarily 
responsible for transporting ornithine from the 
cytoplasm to the mitochondrial matrix, which is an 
important step in regulating the urea cycle [42]. 
Whether SLC25A15 has other potential signaling  

 

 
 

Figure 13. The IC50 of TWS119, Mitomycin-C and Nutlin-3a (−) in TP53 mutation of BLCA patients. 
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pathways involved in tumor progression. However, by 
comparing recent researches with our present study, it 
can be preliminarily speculated that SLC25A15 is an 
unfavorable prognostic signal for BLCA, which may act 
as a new biomarker to assist the diagnosis and prognosis 
of BLCA. 
 
PTDSS1 
 
Phosphatidylserine synthase 1, has a function to promote 
the synthesis of phosphatidylserine. Li et al., found that 
over-expression of PTDSS1 in astroglioma involved in 
lipid metabolism [43]. Wang et al., shown that PTDSS1 
was an oncogene of lung adenocarcinoma, and 
overexpression was significantly associated with low 
survival [44]. PTDSS1 can participate in the biosynthesis 
of phosphatidylserine by directing the synthesis of a key 
enzyme, phosphatidylserine synthase, which was an 
important part of phosphatidylserine metabolism [44]. 
PTDSS1-mediated phosphatidylserine signaling has been 
shown to be severely disrupted in metabolism of tumor 
cell and pathogenesis of autoimmune disorders [45]. 
Tumor progression and metastasis are greatly influenced 
by the interaction between tumor cells and their living 
microenvironment. TAM receptors exist on the surface of 
tumor cells, and an environment rich in phosphatidylserine 
can provide a platform for activation of TAM receptors 
[46]. In our study, high transcriptional expression of 
PTDSS1 was significantly related to low probability of 
survival in BLCA which indicated that PTDSS1-mediated 
phosphatidylserine signaling was one of the pathogenesis 
of BLCA. 
 
CONCLUSION 
 
To sum up, we concluded that PDCD6, GNG5, PHF6, 
MAL2, SLC25A15 and PTDSS1 could be the advanced 
independent indicators for prognosis of BLCA patients, 
and TP53-mutation might be a biomarker for drug 
option in BLCA patients. 
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INTRODUCTION 
 
With the continuous advancement of medical technology, 
ovarian cancer is still a troublesome cancer and 
frightening disease. The global incidence rate of ovarian 
cancer is 42 cases per 100,000 people, making it the 
second leading cause of death among gynecological 
cancers. [1, 2]. The high mortality rate makes ovarian 
cancer a worldwide public health issue. [3, 4]. Currently, 
due to the lack of sensitive tumor markers, early 
diagnosis of ovarian cancer is difficult work. Most 

ovarian cancer patients are diagnosed at an advanced 
stage of cancer because they came for help only when 
they feel abdominal pain or ascites with clinical 
relevance [5–7]. Therefore, the discovery of new 
potential targets for early diagnosis of ovarian cancer is 
necessary and worthy. 
 
Metastasis is the cause of most cancer progression, 
leading to clinical treatment failure and patient death. 
Cancer cells enter the blood or lymphatic vessels 
through intravascular vessels. After extravasation from 
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ABSTRACT 
 
Early diagnosis of ovarian cancer and the discovery of prognostic markers can significantly improve survival and 
reduce mortality. OPA3 protein exists in a structure called mitochondria, which is the energy production center of 
cells, but its molecular and biological functions in ovarian cancer are still unclear. Here, the expression of OPA3 
mRNA in ovarian cancer was estimated using TCGA, Oncomine, TIMER databases. We found that functional OPA3 
activation caused by mutations and profound deletions predicted poor prognosis in OV patients. OPA3 was highly 
expressed in both OV tissues and cells compared to normal ovarian tissues/cells. High OPA3 expression is 
associated with poorer overall survival (OS). The association between OPA3 and immune infiltration of ovarian 
cancer was assessed by TIMER and CIBERSORT algorithms. OPA3 showed a strong correlation with various 
immune marker sets. Most importantly, pharmacogenetic analysis of OV cell lines revealed that OPA3 inactivation 
was associated with increased sensitivity to PFI-1, and WZ4003. Therefore, we investigated the clinical application 
of OPA3 to provide a basis for sensitive diagnosis, prognosis and targeted treatment of ovarian cancer. 
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these vessels, they form clonal lesions in distant organs 
[8, 9]. Cell migration is a critical step in cancer 
metastasis, and several studies have demonstrated the 
role of mitochondria in cancer cell metastasis. For 
example, mitochondrial dynamics regulate the 
progression and distant metastasis of breast cancer cells. 
However, dynamic imbalances are more frequently 
observed in breast cancer cells with high metastasis 
[10]. More recently, additional evidence has emerged 
suggesting a regulatory role for mitochondrial dynamics 
in cancer metastasis [11–13]. Dysregulation of 
mitochondrial dynamics can lead to a malignant 
phenotype of cancer. Various lines of evidence link 
mitochondrial dynamics to cancer development and 
progression. Mitochondrial fusion and fission affect 
mitochondrial transport in lymphocytes and cancer 
cells. Dysregulation of mitochondrial fusion/ fission 
inhibits lymphocyte polarization and migration [14]. 
The above studies suggest that mitochondrial dynamics 
affect the progression of cancer. 
 
The pathophysiology of ovarian cancer is not yet fully 
understood. The progression of malignant tumors is 
complex and involves interactions between oncogenes 
and the microenvironment [3, 7]. Recent studies have 
shown the association of oncogenes and ovarian cancers 
[15]. The optic atrophy 3 (OPA3) gene was first 
identified in patients with optic neuropathy, and OPA3 
is located in the mitochondria and has a biological 
function in maintaining the shape and structure of the 
mitochondria. Previous study had found overexpression 
of OPA3 may cause mitochondria fragmentation and 
knockdown of OPA3 cause elongation of mitochondria 
in ARPE-19 cells [16]. Since the interaction between 
oncogenes and ovarian cancer is a key factor in tumor 
development, we tried to identify the role of OPA3 in 
ovarian cancer. 
 
Therefore, our current study is dedicated to explore the 
impact of OPA3 in the diagnosis and prognosis of 
ovarian cancer patients. We further explored the role of 
OPA3 in ovarian cancer by systematically analyzing 
OPA3 expression and analyzing the potential 
mechanisms in the malignant transformation of ovarian 
cancer in multiple publicly available databases. 
 
MATERIALS AND METHODS 
 
Oncomine 
 
The Oncomine platform is a publicly accessible online 
tumor-associated gene microarray database for collecting 
relevant gene expression profiles and related clinical 
information [17]. The Oncomine database includes 
approximately 200 biopsies analyzing OPA3 gene 
transcript levels in different tumors and normal tissues. 

cBioPortal 
 
cBioPortal is used to perform interactive analysis of 
biomolecules in tumor tissues in the TCGA database. 
We used cBioPortal to mine gene set data and ovarian 
cancer gene variants. A hypothetical copy number of 
370 cases identified using GISTIC 2.0 was deployed. In 
module comparison/survival, we analyzed OPA3 
mutations, copy number variants (CNV) and gene 
coexistence in ovarian cancer. 
 
GEPIA2 
 
OPA3 expression data in various human tumor tissues 
were obtained from the Gene Expression Profiling 
Interactive Analysis (GEPIA) public database [18, 19]. 
GEPIA2 was used to compare OPA3 expression levels 
in OV, and we used default parameters to analyze 
OPA3 expression at different OV stages. 
 
Cells and cell culture 
 
In this study, multiple human ovarian cancer cell lines 
including: OC-117-VGH cells, OC-117-VGH cells, 
OCPC-2-VGH cells, OC-3-VGH cells, TOV-21G cells 
and NIH-OVCAR-3 cells (BCRC#6060, #60602, 
#60603, #60599, #60407, #605511, Hsinchu, Taiwan) 
were cultured in a humidified atmosphere supplemented 
with 1.5 g/L sodium bicarbonate and 10% FBS 
(ThermoFisher Scientific, MA, USA) at 37° C in 95% 
air and 5% CO2. 
 
RNA extraction and real-time PCR 
 
RNA isolation of all samples was performed using 
EasyPrep Total RNA Kit (BIOTOOLS Co., Ltd., Taipei, 
Taiwan.), as indicated above. Next, 1 μg of total RNA 
was reverse transcribed using a ToolScript MMLV RT 
kit. (BIOTOOLS Co., Ltd.) in an Applied Biosystems™ 
(ABI 7500) under the following reaction conditions:  
65° C for 5 min, 42° C for 60 min, and 70° C for 10 min. 
The resulting cDNAs were subjected to quantitative real-
time PCR (qRT-PCR) analysis using a TOOLS 2X SYBR 
qPCR Mix (BIOTOOLS Co., Ltd.) in a StepOnePlus 
Real-Time PCR system. The conditions used included an 
initial step at 95° C for 10 min, followed by 40 cycles at 
95° C for 15 s and a final step at 60° C for 1 min. Ct 
values were calculated using U6 (RNU6-1) as reference. 
Untreated samples were used as controls to determine the 
relative fold-changes in mRNA expression. 
 
Human BRCA tissue microarray (TMA) and 
immunohistochemistry (IHC) analysis 
 
The IHC staining and scoring in this study was the same 
as our previously published method. We analyzed 
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OPA3 expression on tissue array slides (CJ2, 
SuperBioChips Laboratories, Korea) purchased from 
human ovarian cancer and measured and scored 
immunohistochemistry (IHC) as described in a previous 
publication [20]. To detect protein levels, in situ 
hybridization was performed with OPA3 antibody 
(A4995, ABclonal, MA, USA). 
 
Human Protein Atlas 
 
We validated OPA3 levels in normal and tumor tissues 
using the Human Protein Atlas public database. This 
database is designed to map the biology of all human 
proteins in cells, tissues and organs by integrating 
various histological techniques including antibody-
based imaging, mass spectrometry-based proteomics, 
transcriptomics and systems. 
 
Tumor immune estimation resource (TIMER) 
 
TIMER is a web-based resource for the systematic 
evaluation of the clinical impact of different immune 
cells on different cancer types. We used this database to 
compare OPA3 expression with changes in the ovarian 
tumor microenvironment [21]. T We selected OPA3 in 
the TIMER database as an input for the detection of 
ovarian cancer under the Immune Association Module 
and analyzed the correlation of OPA3 with other 
immune cells.  
 
Statistical analyses 
 
All data are shown as the mean ± S.E.M. In the case of 
single mean comparisons, data were analyzed by 
Student’s t-tests. For multiple comparisons, statistical 
difference was calculated by one-way ANOVA. Post 
hoc analysis was performed with Tukey’s test when 
one-way ANOVA showed significant differences. 
Statistical analyses were carried out using Prizm 8.0 
(GraphPad Software). *p value < 0.05; **p value < 0.01; 
***p value < 0.001. 
 
Data availability statement 
 
The dataset supporting the conclusions of this article is 
included within the article. 
 
RESULTS 
 
Characterization, mutation and copy number changes 
of OPA3 gene in OV 
 
To identify changes in potential oncogenes in OV in the 
TCGA dataset. Among ovarian cancers, the majority of 
tumors were serous ovarian cancer (n = 1202) and high-
grade serous ovarian cancer (n = 531) (Figure 1A). The 

red dots in the “Locus Enrichment” diagram represent a 
gene and its associated location on the chromosome. 
The correlation between RNA level and CNV for each 
gene (Figure 1B). The transcriptional and translational 
expression levels of OPA3 in the reproductive system 
showed a high expression of OPA3 in the ovary (Figure 
1C). We further analyzed the results from the 
cBioPortal database and showed that OPA3 expression 
in ovarian and cervical cancers was most significant in 
female reproductive cancers (Figure 1D). The same 
results were reflected in the survival rate in the 
ENSG00000125741.4 database, where the HR was 
similarly increased in ovarian cancers with high OPA3 
expression (Figure 1E). In addition, OPA3 mRNA level 
was significantly higher in ovarian cancer than in 
normal tissue in both Hendrix and TCGA databases 
(Figure 1F, 1G).  
 
The genetic alteration landscape of OPA3 in OV 
 
We then used the cBioPortal database to evaluate the 
mutation and frequency of OPA3 in OV tissues based 
on data from the Pan-Cancer Atlas database of OV 
patients obtained from TCGA. We found that 3% of 
OPA3 genes were mutated in various cancers (Figure 
2A). We examined the genetic alterations of OPA3 in 
various tumor types in the TCGA dataset. We found 
that the top three most frequent OPA3 gene alterations 
were in cervical cancer tumors, BRCA, and ovarian 
cancer (Figure 2B), which also indicates that OPA3 is 
more frequently mutated in female cancers. We further 
explored the specific changes in each gene, with the 
highest number of mutated sites in the core structure of 
OPA3 (Figure 2C). The somatic cell copy alteration 
(sCNA) module allows users to compare the 
distribution of different cancer types by the sCNA status 
of genes from the TCGA database. For this purpose, we 
examined the ratio of Arm-level deletion, 
Diploid/Normal, and Arm-level gain of OPA3 genes. 
 
We observed a high “Arm-level deletion” of OPA3 
master regulators in ovarian cancer (Figure 3A). Next, 
we observed significant changes in OPA3 gain and loss 
in the CNV ratio distribution and box plot (cor. = 0.774) 
(Figure 3B). While OV patients were divided into low 
and high OPA3 groups using median expression 
thresholds, the expression difference between the two 
groups was significant (p < 0.049) in Figure 3C. 
Kaplan-Meier survival analysis showed a shorter 
survival rate in the high OPA3 group than in the low 
OPA3 group (Figure 3C). We used TNM plots to 
analyze OPA3 expression from gene microarray data 
and RNA-seq data (Figure 3D, 3F) (p = 1.71e-02, p = 
3.2e-06). We also analyzed the specificity of OPA3 in 
OV from both data (gene chip and RNA-seq.). OPA3 
expression in tumor biopsies was higher than the 



www.aging-us.com 3877 AGING 

percentage of normal biopsies at each of the major cut-
off values in Figure 3E, 3G. 
 
Protein expression levels of OPA3 in OV patients 
 
First, we identified OPA3 in OV patients through the 
Human Protein Atlas (HPA) database showing 
moderate staining levels (Figure 4A). Next, to further 
evaluate the accuracy of the HPA database, we used 
immunohistochemistry to assess the protein levels of 
OPA3 detected in TMA using human ovarian cancer 
tissue microarray (TMA) at different stages. Figure 4B 
shows the results of OPA3 protein expression in IHC-
stained ovarian cancer tissues. The H-score of OPA3 
showed a positive correlation increase with stage, and 
OPA3 protein expression was significantly higher in 
stage I-IV patients than in benign patients at different 
stages. OPA3 expression was higher in stage III+IV 
than in stages I and II (Figure 4C). The analysis of 

clinical biopsies confirmed the same trend as the above-
mentioned multi-histological database, with higher 
OPA3 expression in advanced stages of ovarian cancer. 
We also tested the endogenous levels of OPA3 in 
multiple ovarian cancer cell lines and the data indicated 
that OPA3 expression in various ovarian cancer cell 
lines was positively correlated with higher malignancy 
(Figure 4D). 
 
Analysis of differentially expressed genes correlated 
with OPA3 in OV 
 
Next, we attempted to show the association between the 
efficacy of OPA3 in ovarian cancer and the expression 
of the target genes. We used statistical tests to calculate 
the two-way predictive and descriptive scores for each 
of the more than 16,000-17,000 genes. The results  
in Figure 5A indicate that 140 genes (red dots)  
had positive predictive and descriptive scores, while

 

 
 

Figure 1. Expression analysis with OPA3 in the reproductive system. (A) Percentage of each ovarian cancer type in the TCGA dataset 
from cBioPortal. (B) Percentage of mutation counts and genomic changes due to copy number changes for different ovarian cancer types in 
the TCGA dataset. (C) RNA and protein levels of OPA3 in the reproductive system in the GETx database. (D, E) Gene transcriptional expression 
and survival of OPA3 in the female reproductive system. (F, G) Box plots of OPA3 mRNA levels in OV and normal tissues from Hendrix and 
TCGA ovarian Statistics. 
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58 genes (blue dots) had negative scores. The volcano 
map shows the genes positively and negatively 
associated with OPA3 (Figure 5B). The red dots are the 
clusters of genes positively associated with OPA3, 
while the green dots are the clusters of genes negatively 
associated with OPA3 (p < 0.01 and FDR < 0.01). We 
enriched the genes with more significant differences 
and classified them according to their biological 
functions in Figure 5B. The top 20 significant gene 
clusters positively and negatively associated with OPA3 
by functional enrichment are shown (Figure 5C). The 
heat map shows the top 50 positively and 50 negatively 

associated genes with the broad effect of OPA3 on the 
transcriptome (Figure 5D). 
 
Correlation of OPA3 expression with tumor 
microenvironment 
 
We used single-cell RNA sequencing datasets to analyze 
transcriptomic data and to clarify heterogeneous cell 
populations and reconstruct the microenvironment of 
cell development. The HPA database (10× Genomics) 
was used to explore the potential association of OPA3 
with immune cells in the ovarian microenvironment. We 

 

 
 

Figure 2. Analysis of OPA3-related transcription factor variants in ovarian cancer. (A) Frequency and type of OPA3 gene 
mutations in pancancer. (B) Distribution of copy number mutations of pan-oncogenes from TCGA. (C) OPA3 protein structural domain 
and location of specific mutations. The length of the line linking the mutation annotation to the protein indicates the number of 
samples with mutations. 
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Figure 3. Relative expression and survival of OPA3 in OV tissues based on multiple databases. (A) Illustration of the definition of 
somatic cell copy alteration (SCNA) at the OPA3 gene level.(B) Distribution and correlation of CNV in ovarian cancer are marked in red (gain) 
and green (loss) to visualize the distribution of log2 ratios. (C) Overall survival estimates of OPA3 mRNA levels from the Kaplan-Meier Mapper 
database. Violin plots (D, F) and box plots (E, G) of OPA3 gene expression from RNA sequencing data and gene microarray data.  
 

 
 

Figure 4. Protein levels of OPA3 in ovarian carcinoma. (A) Representative images of OPA3 IHC staining in ovarian cancer from the 
human Protein Atlas dataset. (B) Representative images of OPA3 expression at different stages of OV. (C) Violin plots of OPA3 expression 
levels OV in different stages. (D) RT-PCR was used to detect the expression levels of different ovarian cancer cells. ** p < 0.01., *** p < 0.001 
Scale bar = 500 μm. 
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obtained 18,547 single cells in this database as UMAP 
plots and bar graphs (Figure 6A). The specificity and 
distribution of OPA3 in different cell populations  
in the ovary were analyzed to determine the variation 
in gene number in single-cell types. The heatmap 
shown in the left panel indicates the expression of 
different biomarkers in multiple cell clusters in the 
ovarian tissue. We identified specific immune cells 
(green boxes) with high expression from the single-
cell sequencing data (Figure 6B). Therefore, we 
further analyzed OPA3 and immune highly correlated 
genes in female reproductive cancers through different 
databases with highly correlated immune markers  
in Figure 6B. The results showed that OPA3 was 
highly associated with these immune signatures in 
ovarian cancer among female reproductive cancers 
(Figure 6C). 

Relationship between OPA3 and different immune 
marker sets 
 
Our results from the TIMER analysis of the immune 
database showed that the absence or expansion of 
different forms of OPA3 copies was associated with the 
possibility of differential suppression of immune cell 
infiltration by many immune cells (Figure 7A). In 
ovarian cancer, OPA3 expression was associated with 
different types of immune cells. As shown in Figure 7A, 
Arm-level deletion of OPA3 was associated with B cells 
and CD8+ T cells, macrophage and dendritic cells; 
Arm-level gain of OPA3 was associated with CD4+ T 
cells and dendritic cells. We observed high expression 
levels of several cells in ovarian cancer in Figure 6 
single-cell sequencing. Thus, we found that endothelial 
cells and dendritic cells are the two immune cell types 

 

 
 

Figure 5. Comparisons and enrichment analysis of gene expression profiles in OPA3 in OV. (A) The predictability and 
descriptiveness between mRNA expression functions are plotted with ovarian cancer cell lines. (B) Analysis of differential gene expression 
associated with OPA3 in OV. (C) Functional enrichment analysis of OPA3 in OV. (D) Heatmap showing the top 50 genes are each significantly 
positively and negatively correlated with OPA3. 
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most closely correlated with OPA3 (Figure 7B). We 
further dissected the correlation between OPA3 and the 
immune biomarkers of smooth muscle cells, tumor-
associated macrophages (TAM), M1 macrophages and 
M2 macrophages. OPA3 was positively correlated with 
smooth muscle cell infiltration in OV tissues but not in 
normal ovarian tissue. 
 
Pharmacogenetic screening for potential drugs to 
inhibit OPA3 in OV 
 
We attempted to retrieve the OPA3 gene library from the 
pharmacogenetic database for screening potential drugs 
for the therapy of ovarian cancer. As shown in Figure 8A, 
two of the 476 drugs were significant, including PFI-1 
and WZ4003, which inhibit OPA3 overexpression. When 

queried in the Q-omics database for the relationship 
between PFI-1 and WZ4003 in knocking down OPA3 
co-expression gene features, we found that the 
relationship between PFI-1 and WZ4003 for CRISPR 
OPA3 knockdown We found a high sensitivity and 
positive correlation between PFI-1 and WZ4003 for 
CRISPR OPA3 knockdown (PFI-1: r = 0.342; WZ4003: r 
= 0.532) (Figure 8B, 8C). Therefore, PFI-1 and WZ4003 
have anti-cancer potential to inhibit the growth of ovarian 
cancer cells with high OPA3 expression. 
 
DISCUSSION 
 
Cancer is a disease characterized by abnormal cell 
proliferation and metabolic dysregulation [22]. However, 
previous studies have pointed out that mitochondrial 

 

 
 

Figure 6. The correlation between OPA3 and immunization. (A) Single cell-RNA sequencing in identified single cell type clusters in 
placental tissue as shown by UMAP plots and bar graphs. (B) Heatmap showing the expression of OPA3 gene and well-known cell type 
markers in different single cell type clusters of the tissue. (C) Relationship between immune cell infiltration and OPA3 expression. 
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dynamics have been shown to be related to these 
mechanisms, and evidence suggests that mitochondrial 
fusion and fission processes are closely associated with 
cancer progression in different types of cancer [23]. 
Mitochondrial dynamics balance in cancer cells plays a 
key role in cellular biogenesis and maintenance of 
mitochondrial morphology and antioxidation. The key 
to change in mitochondrial morphology is the fusion 

and fission in dynamic equilibrium to maintain the 
constant level of intracellular nutrients [24]. In addition, 
cancer metabolism refers to the altered cellular 
metabolic pathways evident in cancer cells compared to 
normal cells and to the reprogramming and utilization 
of nutrients in the tumor microenvironment to increase 
the nutrient enrichment of cancer cells during metastasis 
and progression [25]. 

 

 
 

Figure 7. OPA3 is closely related to immunity in OV. (A) OPA3 copy number variable (CNV) affects infiltration levels of CD8+ T-cells, 
macrophages, neutrophils, and dendritic cells in OV. (B) Relationship between immune cell infiltration and OPA3 expression. 
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The growth of cancer cells requires suitable nutritional 
supplementation, therefore, cancer cells with high fatty 
acid synthesis rate and glycolytic activity in 
proliferating rapidly [26]. Metastatic cancer cells 
respond by increasing metabolic turnover rate to 
maintain the energy required for distant metastasis [27, 
28]. In general, fragmented mitochondria have lower 
oxidative metabolic activity compared to tubular 
mitochondria. In contrast, the limited mitochondrial 
oxidation preserves glycolytic metabolites that can be 
used as a resource for cancer cell proliferation. 
Mitochondrial fission has also been associated with 
highly activated glycolysis in a variety of cancers [29]. 
 
Previous studies have noted that inhibition of DRP1 or 
in combination with chemotherapy reduces cancer cell 
proliferation and/or programmed cell death in several 
cancer types observed in vitro and in vivo, including 
pancreatic, colon, lung, hepatocellular carcinoma, and 
melanoma [30–33]. Furthermore, focusing on related 
proteins involved in mitochondrial dynamics are 
considered potential biomarkers of malignancy or 
therapeutic targets in different tumor types. Thus, 

reduced fragmentation of mitochondria is correlated with 
genomic instability in breast cancer cell lines that 
normally have high levels of globular mitochondria  
[34–36]. The underlying mechanisms of cellular 
dysfunction and cell death induced by mitochondrial 
dynamic imbalance appear to be factors that severely 
affect genomic replication, oxidative stress, and  
mitotic abnormalities in cancer cells. However, once 
mitochondrial dynamics are imbalanced, mitochondrial 
dysfunction can also result, including mtDNA mutations 
and excessive accumulation of ROS. This genomic 
instability and abnormal mitochondrial function 
ultimately leads to the initiation of the mitochondrial 
apoptotic pathway. This also suggests that reducing 
excessive mitochondrial fission in cancer cells may 
enhance apoptosis, increase therapeutic sensitivity, and 
increase therapeutic efficacy by contributing to reduced 
drug tolerance in cancer cells [37]. 
 
There are few studies related to OPA3 and various 
cancers, and few studies have been conducted on this 
topic, it is an issue worth exploring in depth. 
Mitochondrial dynamics are balanced to enable cells to 

 

 
 

Figure 8. Drug sensitivity and cytotoxicity analysis in ovarian cancer cells. (A) Use of the database to query OPA3 gene signatures 
and screen for potential drugs. (B) Drug sensitivity of sgOPA3 gene to PFI-1 and WZ4003 in OV cell lines. (C) OPA3 efficacy of PFI-1 and 
WZ4003 in inhibiting OV cancer cells. 
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cope with environmental changes and metabolic 
reprogramming, such as tumor development and remote 
cancer metastasis. OPA3 may promote cellular energy 
metabolism, and its upregulation in K-ras-driven 
cancers may be a mechanism to counteract the negative 
effects of K-ras on mitochondria to maintain energy 
homeostasis [38]. Thus, OPA3 may play an important 
role in ovarian cancer and has the potential to become a 
therapeutic target or biomarker. This study observed a 
high level of differential OPA3 gene amplification in 
pan-cancer. However, gene amplification is a process 
by which the genome of a specific protein-encoded gene 
selectively increases while other genes do not increase 
proportionally.  
 
Finally, we constructed a multi-omics study to 
characterize OPA3 in ovarian cancer to provide a good 
predictor for prognosis. Single cell sequencing and 
network analysis confirmed the regulatory relationship 
and interaction between immunity and OPA3, which 
could also serve as a basis for future immunotherapy. 
However, although we provide clinical data to support 
our view, the insufficient sample size remains a 
limitation of this study. Moreover, future prospective 
and validation studies are necessary to perform to 
predict the accuracy of genetic features. 
 
CONCLUSIONS 
 
In summary, we comprehensively analyzed the 
prognostic value and expression of OPA3 in human 
ovarian cancer. The high expression of OPA3 indicated 
that the prognosis of ovarian cancer was poor. Whether 
inhibition of the key player OPA3 could serve as a 
diagnostic basis or therapeutic target for prostate cancer 
and could more comprehensively inhibit the progression 
of the tumor microenvironment. Of course, further 
experiments are needed to test these hypotheses. There 
are relatively few studies on OPA3 in ovarian cancer. 
Our work may lay the foundation for future exploration 
of the biological function of OPA3 in tumors and its 
impact on clinical drug resistance. 
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