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INTRODUCTION 
 

Although the aging process is the leading cause of 

human mortality and morbidity, being associated with 

several diseases, scientists still debate its causes and 

mechanisms [1–3]. Among the biological pathways 

associated with aging, we can highlight stem cell 

exhaustion, which argues that during normal aging, the 

decrease in the number or activity of these cells 

contributes to physiological dysfunction in aged tissues 

[4]. This concept is supported by the observation that 

aging is associated with reduced tissue renewal and 

repair at advanced ages [5]. Moreover, longevity 

manipulations in mice often affect growth and cell 

division, which has been hypothesized to relate to stem 

cells [6]. 
 

Despite their importance, in vivo detection and 

quantification of stem cells are challenging, which 

makes it difficult to study their association with aging, 

especially in humans [7]. In this context, detecting 

stemness-associated expression signatures is a 

promising strategy for studying stem cell biology. 

Stemness refers to a distinctive attribute marked by a 

series of molecular processes that delineate the essential 

properties of stem cells, enabling the generation of 

daughter cells and self-renewal. While widely employed 

in oncology, the exploration of this concept in 

gerontology has been comparatively limited [8–10]. 

 

In this study, we applied a machine learning method to 

detect stemness signatures from transcriptome data of 

healthy human tissues (see Methods). The methodology, 

developed by Malta et al. [9], was trained on stem cell 

classes and their differentiated progenitors and went 

through rigorous validation steps by Malta et al., 

including tests in several datasets from tumor and non-

tumor samples. Although initially used to study oncogenic 

dedifferentiation, this approach has also been employed to 

study normal and pathological (non-tumorous) samples 
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ABSTRACT 
 

Despite their biological importance, the role of stem cells in human aging remains to be elucidated. In this 
work, we applied a machine learning methodology to GTEx transcriptome data and assigned stemness scores to 
17,382 healthy samples from 30 human tissues aged between 20 and 79 years. We found that ~60% of the 
studied tissues exhibit a significant negative correlation between the subject's age and stemness score. The 
only significant exception was the uterus, where we observed an increased stemness with age. Moreover, we 
observed that stemness is positively correlated with cell proliferation and negatively correlated with cellular 
senescence. Finally, we also observed a trend that hematopoietic stem cells derived from older individuals 
might have higher stemness scores. In conclusion, we assigned stemness scores to human samples and show 
evidence of a pan-tissue loss of stemness during human aging, which adds weight to the idea that stem cell 
deterioration may contribute to human aging. 
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[11–15]. Therefore, we first downloaded expression data 

of 17,382 samples, divided into 30 tissues aged between 

20 and 79 years, from GTEx in transcripts per million 

(TPM) [16]. After that, we followed the methodology by 

Malta et al. and assigned a stemness score to all GTEx 

samples [9]. Briefly, the stemness score varies from 0 

(lowest stemness of the samples) to 1 (highest stemness of 

the samples). All the data generated are in Supplementary 

Table 1 and include the stemness score and clinical data 

from GTEx.  

 

RESULTS 
 

First, in Figure 1A, we show the distribution of 

stemness in the 27 human tissues with at least 50 

samples. We observe that the highest stemness scores 

are in testis, which are known to have a higher number 

of stem cells [17]. Notably, blood ranks as the second 

tissue with the highest stemness. Even though most 

hematopoietic stem cells (HSC) are typically located in 

the bone marrow, a fraction can be identified in the 

bloodstream, presenting direct potential for clinical 

applications [18, 19].  

 

Then, we analyzed the relationship between stemness 

and aging. In Figure 1B, we have a heatmap of  

the correlation coefficient (Pearson correlation  

test followed by Benjamini-Hochberg correction, 

Supplementary Table 2) between stemness score and 

age, and in Figure 1C, we show the linear trend of the 

same variables. We observe a pan-tissue loss of 

stemness in most tissues studied, with the only 

significant exception being the uterus. Interestingly, our 

group previously showed that the uterus also tends to 

behave differently concerning cellular senescence and 

gene expression signatures during aging [20, 21]. 

 

As death and sex can influence gene expression (and 

consequently the stemness score) [22], we conducted a 

linear model where we adjusted the stemness variation 

(log2FC) with the variables present in GTEx (see 

Methods for details). With this model, we observe a 

variation in stemness, which aligns with the direction of 

the age correlation results, indicating a decrease in 

stemness with age in most tissues (Supplementary Table 

3). The only tissues that exhibit a different behavior are 

the liver and nerve, which, overall, corroborates our 

earlier observation. 

 

Moreover, we constructed a correlation matrix  

(Figure 2A) to examine the association between 

stemness in different tissues from the same individual. 

Most correlations are positive, suggesting that stemness 

is a global attribute of the organism. A noteworthy 

exception is the brain, whose stemness exhibits a flat or 

negative correlation with other tissues. 

To validate the GTEx results, we used additional 

datasets for lung, bone, and muscle (Figure 2B–2D). In 

bone, we observe a difference between the old and 

young groups (FDR = 0.032), and notably, women 

treated with estrogen replacement seem to have more 

stemness than the “natural” old group, suggesting that 

physiological variations (in this case, hormonal) can 

affect stemness (Figure 2B). Also, in lungs there is a 

significant decline in stemness with aging (Figure 2C) 

and a declining trend in muscle (Figure 2D). Taken 

together, these results indicate a trend toward a decline 

in stemness in human tissues during aging. 

Additionally, sample size appeared to be crucial in our 

analyses, and future studies should consider individual 

parameters, beyond age, that influence stemness. 

 

To explore potential mechanisms, we associated 

stemness with cell proliferation and senescence, two 

processes associated with aging. We investigated the 

correlation between stemness and cell proliferation by 

acquiring gene expression data (in TPM) for the MKI67 

proliferation marker from GTEx. Subsequently, we 

conducted a correlation analysis between the MKI67 

expression and the stemness score of the samples. 

Figure 3A shows the correlation between stemness and 

proliferation in all GTEx samples (Pearson’s correlation 

test). Figure 3B shows a heatmap of the correlation 

coefficient in all tissues from GTEx (Pearson’s 

correlation test followed by Benjamini-Hochberg 

correction).  

 

We observe a general positive correlation trend between 

stemness and cell proliferation, but this correlation is not 

observed in all tissues as exceptions include blood vessel, 

brain, muscle, nerve, pancreas, and pituitary results 

(Figure 3A, 3B). To validate this result, we employed the 

gene list provided in the study by Ramaker et al. [23]. In 

summary, the authors established and validated a 

proliferation index for healthy tissues and cells using the 

gene list from Venet et al. [24]. We correlated it with the 

stemness score using the average expression of all genes 

in the proliferation list, thereby obtaining a proliferation 

value per sample. The results reveal an even greater 

number of positive correlations, but still demonstrate 

negative and significant correlations, now specifically for 

the pancreas and pituitary (Supplementary Figure 1A). 

All the results of these correlations can be found in 

Supplementary Table 4. This suggests that, although cell 

proliferation is important for stemness, their relationship 

is complex. 

 

Then, we used Wang et al. senescence score data to study 

the association between stemness and cellular senescence 
[25]. In total, we have 7123 samples with stemness and 

senescence values simultaneously, and the correlations 

were performed as before. We observe a negative 

5797



www.aging-us.com 3 AGING 

correlation between stemness and senescence when 

considering all available GTEx samples (Figure 3C) and 

when we separate by tissue (Figure 3D) without any 

significant exception. Similar to the validation for cell 

proliferation, we employed the SenMayo genes to obtain 

an alternative senescence signature [26]. Subsequently, 

we correlated it with the stemness score (Supplementary 

Figure 1B). The results are similar, with all significant 

correlations between stemness and senescence being 

negative. All the results of these correlations can be found 

in Supplementary Table 5. These results indicate that 

although senescent cells and stem cells are not technically 

opposite states, they behave in opposite ways in vivo at 

the transcriptomic level. 

 

Finally, GTEx samples come from bulk RNAseq 

containing multiple cell types. It is plausible that 

varying tissue types harbor distinct ratios of stem cells 

to somatic cells, thereby influencing the stemness score. 

However, the functional understanding of how stemness 

variation in stem cells concerning age remains elusive. 

Thus, it is uncertain whether there exists any age-related 

difference in the stemness attribute specifically within 

stem cells from older individuals. To address this 

uncertainty, we investigated whether the directly 

measured stemness in stem cells exhibits variation with 

age. To do so, we utilized data from Adelman et al. [27] 

and compared stemness levels directly in HSC isolated 

from two age groups: young (ages 18-30) and old (ages 

65-75). 

 

We observed a quite unexpected result; despite not 

having a statistically significant difference, we see that 

both the comparison between the groups (Figure 4A, 

 

 
 

Figure 1. Stemness levels during human aging. (A) Distribution of stemness in human tissues. (B) Heatmap of Pearson’s 

correlation coefficient between stemness scores and age in human tissues. (C) Linear trend between stemness scores and age in 
human tissues. *FDR <0.05. 
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p=0.07) and the direct correlation (Figure 4B, r=0.42 

and p=0.068), have an indicative trend of HSC from 

older donors to have more stemness. This result is 

interesting when we consider that literature shows 

evidence of increasing HSC numbers with age, which 

may suggest that age-related stem cell problems are 

functional rather than quantitative [27]. Nevertheless, 

more robust studies must be performed before we can 

draw more assertive conclusions. 

 

DISCUSSION 
 

In this work, we studied the relationship between 

stemness and aging in humans. We found a loss of 

stemness in most aged tissues, which corroborates  

that stem cell exhaustion is important for aging. 

Although stem cell depletion in aging has already been 

observed in some tissues, such as satellite cells in  

the muscle [28], and hematopoietic stem cells in  

blood and bone marrow [29], as far as we know, we are 

the first to provide evidence of this in a pan-tissue 

manner.  

 

We also show a positive trend between stemness and 

cell proliferation, but it is not global, with exceptions in 

some tissues. When we consider cellular senescence, we 

observe that the two phenomena are opposite in almost 

all tissues at the transcriptomic level. 

 

 
 

Figure 2. Stemness in same individual and validation datasets. (A) Correlation matrix between stemness across tissues from the 

same individual (excluding sex-related tissues) from GTEx. Numbers in each square represent the Pearson correlation coefficient.  
(B) Stemness levels of different groups in the alternative bone dataset, data from Weivoda et al. [30]. (C) Correlation between stemness and 
aging in an alternative lung dataset (r = -0.22, p-value = 0.045), data from Lee et al. [31]. (D) Correlation between stemness and aging in an 
alternative muscle dataset (r = -0.11, p-value = 0.42), data from Tumasian et al. [32]. 
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Figure 3. Relationship between stemness, cellular proliferation and senescence. (A) Correlation between stemness score and MKI67 
expression. (B) Heatmap of Pearson’s correlation coefficient between stemness scores and MKI67 expression. (C) Correlation between stemness 
score and senescence scores. (D) Heatmap of Pearson’s correlation coefficient between stemness score and senescence score. *FDR <0.05. 

 

 
 

Figure 4. Stemness levels in hematopoietic stem cells. (A) Direct comparison between young and old groups. (B) Correlation between 
stemness score and age of the HSC donors. 
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It is important to note that many questions remain open. 

Our analyses are mainly correlation tests; therefore, we 

cannot determine cause and effect. This is important as 

we cannot assure whether the loss of stemness 

contributes to aging or is a cause or response of aging 

processes. Furthermore, we do not know whether the 

decrease in stemness a direct reduction of the stem cell 

pool is or refers to intrinsic characteristics of different 

cells in the tissue. In this sense, our HSC analyses 

corroborate a functional problem in aged stem cells, at 

least in blood stem cells. Ultimately, it is crucial to 

determine what drives these changes and which patterns 

and genes are associated with this process. Here is 

essential to highlight some papers that suggest that 

epigenetic modifications regulate stemness and could be 

a promising area for future studies [33, 34]. 

Additionally, our analyses suggest that stemness is a 

global attribute of the organism which correlates across 

tissues (except the brain), and future analyses may 

investigate how genetic polymorphisms contribute to 

individual stemness. Specifically, genome-wide 

association studies could be insightful in elucidating 

mechanisms associated with stemness. Additionally, the 

correlation of stemness among tissues could reflect 

systemic factors such as hormones (as suggested by the 

effect of estrogen in Figure 2B) or inflammation that 

impact cell proliferation [35, 36]. This presents three 

potential scenarios: the pan-tissue decrease in stemness 

may indicate either cell-intrinsic mechanisms, a 

systemic phenomenon, or a combination of both. 

 

One limitation of our study is that it is based on a data-

driven inference of stemness from transcriptomic 

signatures. Additionally, our method does not consider 

differences between types of stem cells in different 

tissues. Ideally, experimental validation will be 

necessary to corroborate our findings. Nevertheless, it  

is currently challenging to delineate an approach  

to measure stemness in aged human tissues 

experimentally, and thus we believe that our work can 

serve as a starting point for future research. 

 

In conclusion, we provide the first evidence of a pan-

tissue decrease of stemness during human aging and 

report an association between stemness and cell 

proliferation and senescence. This study also assigned a 

stemness score to more than 17,000 human samples, 

and these data can be useful for the scientific 

community for further studies. 

 

MATERIALS AND METHODS 
 

Transcriptome data from healthy tissues 

 

RNA-Seq-based gene expression data from human 

tissues were downloaded from the GTEx portal 

(https://gtexportal.org) in transcripts per million 

(version 8) [16]. The raw RNA-Seq data were 

previously aligned to the human reference genome 

GRCH38/hg38 by the GTEx consortium. 

 

We reduced the number of genes from the GTEx data to 

the same pairs found in the training matrix, i.e., we 

retained only the genes utilized by Malta et al. [9]. to 

calculate stemness. The training matrix is generated 

through a machine learning methodology (see below) 

and is the same as that in the original stemness paper by 

Malta et al. [9]. The resulting matrix contained 12,471 

mRNA expression values and was used to calculate the 

stemness score. Here it is important to note that GTEx 

does not provide the actual age of each sample but 

rather age ranges (20-29, 30-39, 40-49, 50-59, 60-69, 

and 70-79). We then approximate the age of each 

sample to 25, 35, 45, 55, 65 and 75 years, respectively, 

as previously [20].  

 

Stemness score 

 

To assign the stemness score of the GTEx samples we 

used a machine learning methodology built by Malta et 

al. [9].  

 

In brief, Malta et al. built a predictive model using a 

one-class logistic regression on the pluripotent stem cell 

samples (ESC and iPSC) from the PCBC dataset  

[37–39]. The data were mean-centered, and the logistic 

regression was applied to the stem cell labeled samples 

to obtain the training signature. We then applied this 

signature to the GTEx transcriptome data, using 

Spearman correlations between the model’s weight 

vector and the sample’s expression profile. As a result, 

we have a stemness score for all GTEx samples ranging 

from low (zero) to high (one) stemness. Further details 

and validation of the methodology can be found in the 

original study [9]. 

 

Additionally, the highest stemness scores observed in 

Figure 1 (below 0.7) are due to the highest values >0.7 

being associated with EBV-transformed lymphocyte 

samples, which are not represented in the figure. The 

GTEx data is segmented into sub-regions known as 

“tissue detail,” particularly within blood and skin, 

including cells derived from patients, fibroblasts, and 

lymphocytes transformed with EBV. Our study focuses 

on the overall stemness during aging, emphasizing 

major tissues without subdivisions. Cell lines from skin 

and blood were excluded in downstream analyses to 

prevent significant data distortion, although we 

calculated their stemness scores for potential use in 
future studies. Notably, transformed cells, expected to 

exhibit stem-like behavior compared to tissues, 

consistently display the highest stemness scores. 
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All this process was done using R and the code 

available on GitHub associated with the original paper 

[9]. We followed the author’s guidelines step by step. 

 

Linear model 

 

To confirm that the stemness effect was not an artifact 

resulting from the interference of cause of death, sex, or 

tissue subregion, we applied a linear model similar to 

what we had done previously [40]. 

 

For each tissue, fold change with age was calculated 

using the model below. If any variable is not present in 

the tissue (e.g., sex for vagina or region for thyroid), it 

is disregarded in the analysis. All information on the 

subjects was taken directly from the GTEx portal 

(https://gtexportal.org/home/datasets). 

 

_ij i i i iY Age_ Sex_ Death_ Region _ij=  + +  +  +   

 

The variables are defined as follows: 

 

• Y_ij: The stemness score j in sample i. 

• Age_i: The age of sample i – continuous variable. 

• Sex_i: The sex of sample i – categorical variable. 
• Death_i: The death classification of sample i based on 

the 4-point Hardy scale – categorical variable [41]. 

• Region_i: The tissue region cells were extracted 

from for sample i – categorical variable. 

• ε_ij: The error term for stemness score i in sample j. 
 

Linear model was generated using the R package 

limma, using the lmFit() function [42, 43]. 

 

Correlation matrix 

 

To assess the stemness behavior between tissues across 

the same individual, we constructed a correlation matrix 

using Pearson coefficients. For the few cases in which a 

specific subject had two or more samples from the same 

tissue, we used the average stemness score to calculate 

the correlation matrix.  
 

For the Figure 2, we employed the R package ‘corrplot’ 

with hierarchical clustering option [44]. In this analysis, 

we excluded sex tissues (testis, prostate, vagina, uterus, 

and ovary) as they cannot be correlated with each other 

and would interfere with the hierarchical classification. 

In Supplementary Figure 2, we included the correlation 

matrix with all GTEx samples with more than 50 

samples, without clustering. 
 

Validation datasets 
 

For validation, we selected three datasets on the aging 

of healthy tissues. For lung data, we utilized the 

dataset from Lee et al. [31], which comprises 86 

samples with an age range of 16 to 76 years. For 

muscle data, we utilized the dataset from Tumasian  

et al. [32] which comprises 53 samples with an age 

range of 22 to 81 years. The bone data is from 

Weivoda et al. [30] and consists of 58 female samples 

divided into three groups: 19 young women (30.3 ± 

5.4 years), 19 old women (73.1 ± 6.6 years), and  

20 old women treated with 3 weeks of Estrogen 

therapy (70.5 ± 5.2 years). 

 

All datasets are from bulk RNA-seq, like GTEx. 

Additionally, the stemness score was calculated 

independently for each tissue, following the same 

procedure as in the GTEx analysis. For correlations, we 

used the Pearson coefficient, and for the analysis of 

bone data, we employed the Kruskal-Wallis test. 

 

Correlation with senescence and cell proliferation 

 

To correlate the stemness score with cell proliferation, 

we initially retrieved the expression data for the 

proliferative marker MKI67 from the GTEx database 

in TPM (transcripts per million). To validate this 

result, we employed the gene list provided in the 

study by Ramaker et al. [23]. In summary, the authors 

established and validated a proliferation index for 

healthy tissues and cells using the gene list from 

Venet et al. [24]. The gene list for constructing the 

proliferation index was identified from the top 1% of 

genes most positively correlated with the proliferation 

marker PCNA (proliferating cell nuclear antigen) 

across 36 healthy tissues. We applied the same gene 

list and calculated the average expression of all genes 

within the proliferation list, thus obtaining a 

proliferation value per sample for correlation with the 

stemness score. 

 

For the correlation with cellular senescence, we 

utilized the study by Wang et al. [25], which 

calculated a senescence score for GTEx samples. 

Again, for validation, we employed the SenMayo 

gene list [26], one of the most used by the scientific 

community for senescence studies. We employed the 

same strategy as before, using the average expression 

of SenMayo genes to correlate with the stemness 

score.  

 

Analysis of hematopoietic stem cells 

 

We first downloaded normalized counts of bulk  

RNA-seq from the work of Adelman et al. [27]. In  

this study, the authors isolated human hematopoietic 
stem cells from two groups with ten samples each: 

young (age 18-30) and old (age 65-75). We applied the 

same approach as above to generate stemness scores in 
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these samples. We then compared stemness with age 

by direct comparison between the two groups 

(Student’s t-test) and by Pearson correlation. The 

graphs for this analysis were constructed using 

GraphPad Prism 8. 

 

Statistical analysis and graphs 

 

We applied Pearson correlations to all analyses 

performed in this work using R functions. In tissue-

specific analyses, the p-value was corrected using 

Benjamini-Hochberg’s FDR methodology. All 

correlations coefficients, p-values and FDR are 

presented in Supplementary Tables 2, 4, 5. 

 

Linear trends and the respective graphs were built using 

the ggplot2 (version 3.3.6) with standard parameters 

[45]. Heatmaps and violin plot were built using 

Microsoft Excel and GraphPad Prism 8, respectively. 
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SUPPLEMENTARY MATERIALS 

 

Supplementary Figures 

 

 

 

 
 

Supplementary Figure 1. Validation of the relationship between stemness and (A) cellular proliferation and (B) and cellular senescence. 

(A) Heatmap of Pearson’s correlation coefficient between stemness scores and alternative proliferation signature expression. (B) Heatmap of 
Pearson’s correlation coefficient between stemness score and alternative senescence signature. *FDR <0.05. 
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Supplementary Figure 2. Stemness in same individual. Correlation matrix between stemness across tissues from the same individual 
including all from GTEx with more than 50 samples. 
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Supplementary Tables 
 

Please browse Full Text version to see the data of Supplementary Tables 1, 4, 5. 

 

Supplementary Table 1. Stemness scores and features of all GTEx samples. 

 

Supplementary Table 2. Pearson correlations between age and stemness for GTEx tissues. 

Tissues Pearson correlation coefficient p-value FDR 

Adipose Tissue -0.248268542414925 2.27231621430602E-18 3.18124270002843E-17 

Adrenal Gland 0.0384114134930505 0.539076922689334 0.603766153412054 

Blood -0.105536139695034 0.00369428913248449 0.00795693043919735 

Blood Vessel -0.248528478217365 3.05159497445873E-20 8.54446592848446E-19 

Brain -0.105885813817273 4.88796994153834E-08 1.95518797661534E-07 

Breast -0.189833529663225 0.0000425392948300989 0.000119110025524277 

Colon -0.272586921831837 9.71476709902331E-15 5.44026957545305E-14 

Esophagus -0.0816728170697093 0.00188902636307627 0.00440772818051129 

Heart -0.215461374796781 1.67812727186664E-10 7.83126060204432E-10 

Kidney -0.168498753029081 0.114462049422107 0.152616065896143 

Liver -0.076337893152415 0.253073848569264 0.322093989088154 

Lung -0.337032351467181 8.06965764103894E-17 5.64876034872726E-16 

Muscle -0.293365940400865 2.10797704472822E-17 1.96744524174634E-16 

Nerve -0.109767991492994 0.00626193249699757 0.0116889406610621 

Ovary 0.0345375996208705 0.645315465398801 0.669216038191349 

Pancreas -0.0509929330670782 0.357262097175113 0.416805780037631 

Pituitary 0.0283488369833193 0.634868254840594 0.669216038191349 

Prostate -0.307700492095631 9.04657400634443E-07 3.16630090222055E-06 

Salivary Gland -0.181185493557832 0.0210331674059784 0.034642863962788 

Skin -0.0525400987836706 0.0577630962732517 0.0851245629290026 

Small Intestine -0.205803381141574 0.00471683432615062 0.00943366865230124 

Spleen -0.146000484074378 0.0233955019870618 0.036393003090985 

Stomach -0.0963926323141464 0.0681127327707073 0.0953578258789902 

Testis -0.0546348003178722 0.300559430729044 0.365898437409271 

Thyroid -0.170971973225073 0.0000111792150896284 0.0000347797802788441 

Uterus 0.207810683597776 0.0130788012085986 0.0228879021150475 

Vagina -0.262016682832725 0.000952517994451209 0.00242459125860308 
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Supplementary Table 3. Linear model to verify the variation of stemness in GTEx tissues. 

Tissue Log2FC per year Log2FC in 50 years p-value FDR 

Adipose Tissue -0.000508871204838363 -0.0254435602419182 0.0000494425970939582 0.000266990024307374 

Adrenal Gland 0.000295360042929763 0.0147680021464882 0.181502652845311 0.278955027354782 

Blood -0.000141231699575227 -0.00706158497876136 0.185970018236521 0.278955027354782 

Blood Vessel -0.000601285654920596 -0.0300642827460298 3.23746957147567E-11 4.37058392149215E-10 

Brain -0.000628745864324055 -0.0314372932162028 2.16910016169668E-11 4.37058392149215E-10 

Breast -0.000506588806626808 -0.0253294403313404 0.00545773601090029 0.0147358872294308 

Colon -0.000854297051968771 -0.0427148525984386 0.00118111702771642 0.00354335108314926 

Esophagus -0.00043577820067519 -0.0217889100337595 0.000129658302130164 0.000583462359585739 

Heart -0.00046301311509361 -0.0231506557546805 0.00693564269220297 0.0170238502444982 

Kidney -0.000504848254014379 -0.0252424127007189 0.289037261515252 0.390200303045591 

Liver 0.000235805896736568 0.0117902948368284 0.430834126117321 0.528750972962167 

Lung -0.00117195427280499 -0.0585977136402496 2.61622509565382E-07 2.35460258608844E-06 

Muscle -0.000550957952615605 -0.0275478976307802 0.0000275044497831532 0.000185655036036284 

Nerve 0.0000554026984020488 0.00277013492010244 0.698425368638435 0.734710953179775 

Ovary 0.000103215787604041 0.00516078938020204 0.707499436395338 0.734710953179775 

Pancreas -0.0000489635447119748 -0.00244817723559874 0.784548643441908 0.784548643441908 

Pituitary 0.000183487921132126 0.00917439605660631 0.637845924778307 0.734710953179775 

Prostate -0.00105720626082543 -0.0528603130412714 0.000357694339715051 0.00137967816747234 

Salivary Gland -0.000558755182858346 -0.0279377591429173 0.108616403106773 0.183290180242679 

Skin -0.000169454348560241 -0.00847271742801207 0.278673896259403 0.390200303045591 

Small Intestine -0.00130587456242865 -0.0652937281214325 0.0149427618794 0.03362121422865 

Spleen -0.000538020904220044 -0.0269010452110022 0.0885993454626721 0.15947882183281 

Stomach -0.000181483941126939 -0.00907419705634696 0.6834666678237 0.734710953179775 

Testis -0.000537220018057982 -0.0268610009028991 0.0361769919050425 0.0697699129597249 

Thyroid -0.000127449447276679 -0.00637247236383397 0.392622754594174 0.504800684478224 

Uterus 0.0010355733855643 0.051778669278215 0.000566271087020793 0.00191116491869517 

Vagina -0.00160212723077951 -0.0801063615389757 0.0269868515112603 0.056049614677233 

 

Supplementary Table 4. Pearson correlations between stemness and proliferation for GTEx tissues. 

 

Supplementary Table 5. Pearson correlations between stemness and senescence for GTEx tissues. 

 

5810


