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ABSTRACT

Background: Hepatocellular carcinoma (HCC) is the most common primary liver cancer worldwide. Cancer cells’
local infiltration, proliferation, and spread are mainly influenced by the protein hydrolyzing function of
different matrix metalloproteinases (MMPs). However, no study has determined the relationship between
MMPs and prognostic prediction in HCC.

Methods: Expression profiles of mRNA and MMPs-related genes were obtained from publicly available
databases. Cox regression and LASSO Cox regression analysis were used to identify and predict MMPs-related
prognostic signature and construct predictive models for overall survival (OS). A nomogram was used to
validate the accuracy of the prediction model. Drug prediction was performed using the Genomics of Drug
Sensitivity in Cancer (GDSC) dataset, and single-cell clustering analysis was performed to further understand
the significance of the MMPs-related signature.

Results: A MMPs-related prognostic signature (including RNPEPL1, ADAM15, ADAM18, ADAMTS5, CAD,
YME1L1, AMZ2, PSMD14, and COPS6) was identified. Using the median value, HCC patients in the high-risk
group showed worse OS than those in the low-risk group. Immune microenvironment analysis showed that
patients in the high-risk group had higher levels of MO and M2 macrophages. Drug sensitivity analysis revealed
that the ICs values of sorafenib, cisplatin, and cytarabine were higher in the high-risk group. Finally, the single-
cell cluster analysis results showed that YME1L1 and COPS6 were the major genes expressed in the monocyte
cluster.

Conclusions: A novel MMPs-related signature can be used to predict the prognosis of HCC. The findings of this
research could potentially impact the predictability of the prognosis and treatment of HCC.

INTRODUCTION malignancy [1, 2]. Patients with HCC commonly

exhibit underlying liver disease, and various factors that
According to estimates by the World Health increase the likelihood of developing HCC have been
Organization (WHO), hepatocellular carcinoma (HCC) established, including viral infection with hepatitis C
is the main reason behind cancer deaths worldwide, virus (HCV), viral infection with hepatitis B virus
which accounts for more than 90% of primary liver (HBV), cirrhosis, metabolic syndrome, alcoholism, as
cancers and is the fifth most commonly occurring well as the consumption of aflatoxin B1 and smoking
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[3]. Despite notable progress in the management of
HCC, encompassing surgical procedures like resection
and liver transplantation, localized therapies such as
ablation, transcatheter arterial chemoembolization, and
transcatheter arterial radiation embolization, as well
as systemic treatments, the outlook for HCC remains
unsatisfactory. The estimated overall survival rate after
five years is below 20% due to most patients being
diagnosed at intermediate or advanced stages of the
disease [4, 5]. The use of biomarkers is crucial in
diagnosing diseases early, predicting prognosis, and
optimizing treatment strategies, which leads to improved
patient survival [6]. The high heterogeneity of HCC,
coupled with the complex etiologic factors, makes
prognostic prediction challenging. Therefore, it is
essential to identify new prognostic models.

Solid tumors are complex structures composed of
cancer cells surrounded by a vascularized, dynamic
tumor stroma containing a variety of nonmalignant
cells, such as myeloid cells and fibroblasts, which play
an essential role in angiogenesis, cell motility, and extra-
cellular matrix (ECM) remodeling [7]. Cancerous cells’
local infiltration, proliferation, and spread are mainly
influenced by the proteolytic function of different matrix
metalloproteinases (MMPs). These enzymes promote
the activation of the immunity cells and facilitate the
process of growth, movement, invasion, metastasis, and
angiogenesis by breaking down components of the ECM
and releasing growth factors, cytokines, or their receptors
that bind to the cell surface [8]. Although multiple studies
have verified that MMPs are significantly increased in
nearly all types of certain types of cancer in humans,
including bladder cancer and HCC, and their expression
is commonly linked to unfavorable survival outcomes [9—
13]. Nevertheless, the complete understanding of MMPs-
related genes in the prognosis of HCC remains elusive.

In this study, patient data and mRNA expression data
of HCC samples were collected from the TCGA data-
base. Then, an MMPs-related prognostic signature was
identified, and validation of this signature was conducted
using cohorts from TCGA-LIHC and the ICGC-LIRI-
JP. Additionally, we verified the cellular distribution
and expression of these predictive genes using single-
cell clustering analysis. This finding enhanced our
understanding of the predictive model related to MMPs
in HCC and contributed to the identification of possible
novel therapeutic targets for HCC.

MATERIALS AND METHODS
Datasets

The database Mammalian Degradome
(http://degradome.uniovi.es/dindex.html) was used to

look for MMPs-related genes. RNA sequencing profiles
and patient information for 374 HCC samples were
downloaded from The Cancer Genome Atlas (TCGA)
database (https://portal.gdc.cancer.gov/). In addition,
231 HCC patients from the International Cancer
Genome Consortium for the Study of Liver Cancer in
Japan (ICGC-LIRI-JP) dataset and their corresponding
clinical characteristics were obtained from the ICGC
database (https://dcc.icgc.org/). Furthermore, a single-
cell sequencing set of HCC (GSE189903) was down-
loaded from the GEO database (https://www.ncbi.nlm.
nih.gov/geo/). The acquisition of all publicly available
data adheres to the publication and database access
policies for the mentioned databases. A flowchart for
bioinformatics analysis of publicly available datasets
from the TCGA, ICGC, and GEO databases is shown in
Figure 1.

Identification of prognostic MMPs-related DEGs

A univariate Cox regression analysis was performed to
assess the predictive potential of MMPs-related genes
and identify the association between MMPs-related
differentially expressed genes (DEGs) and survival
status in the TCGA-LIHC cohort.

Consensus clustering of prognostic MMPs-related
DEGs

Clustering analysis of the expression patterns
of survival-related MMP genes to explore the
association between their expression and survival
status was performed using the “ConsensuClusterPlus”
package. One hundred replicates were performed
with a pltem value of 0.8 to verify the stability of
the subtypes. The clustering effect was best when
the k-value was set to 2. Kaplan-Meier analysis was
performed using the “survminer” package to estimate
the differences in overall survival (OS) and progression-
free survival (PFS) between different clusters. A log-
rank test was performed to assess differences in
survival. The above survival-related genes between
the two clusters were analyzed using the “limma”
package in R.

Construction and validation of MMPs-related
prognostic signature

For modeling purposes, unnecessary genes were
removed by using LASSO Cox regression. The risk
score was then calculated using a formula derived
from the correlation coefficient and gene expression
value obtained from the multifactorial Cox regression
analysis. The formula was then applied to determine
the scores, which were then used to categorize patients
based on the median into high-risk and low-risk groups.
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Subsequently, the TCGA cohort was assigned as a
training cohort and a testing cohort, with the testing
cohort serving as an internal validation cohort and the
ICGC as an external validation cohort, both used to
validate the predictive model.

To investigate the gene expression distribution in
the predictive model, two separate analyses, namely t-
distributed stochastic neighbor embedding (t-SNE) and
principal component analysis (PCA), were undertaken
to assess positioning for two distinct risk groups. We
evaluated the OS between training and the testing
cohorts by employing Kaplan-Meier analysis and
visualized the results using the “survminer” package.
The AUC was calculated at 1-, 3-, and 5-year intervals
using the “time ROC” package to assess the accuracy of
the predictive model.

Risk score independent prognostic analysis

Univariate and multivariate Cox regression analyses
assessed the relationship between risk factors and
prognosis. Forest maps were plotted to show the
independent predictive value of the risk score. A
nomogram was created using the risk score and other
clinical indicators to predict 1-, 3- and 5-year OS of
HCC patients. To further evaluate the discriminative and
predictive ability of the nomogram, we also calculated
the concordance index (C-index). The C index values
varied from 0.5 to 1.0, whereby a higher C index value

indicates a higher discriminative ability of the prediction
model [14].

Analysis of functional enrichment

The analyses of Gene Ontology (GO) and the
Kyoto Encyclopedia of Gene and Genomes (KEGG)
were accomplished using the “clusterProfiler” package.
Furthermore, we used Gene Set Enrichment Analysis
(GSEA) to determine the significance of the MMPs-
related prognostic signature in differentiating between
the low and high-risk groups.

Evaluation of the infiltration of immune cells

We employed single-sample Gene Set Enrichment
Analysis (sSGSEA) as well as Cell-type Identification
By Estimating Relative Subsets Of RNA Transcripts
(CIBERSORT) to assess the magnitude with which the
infiltration of immune cells was observed in different
clusters and groups of the immune analysis. Gene set for
SSGSEA was acquired via previous study [15]. The
number of iterations of CIBERSORT was set to 1000.
We excluded samples for which the P-value was less
than 0.05. Additionally, the correlation between the
immune cell profiles and the MMPs-related prognostic
signature was examined using Spearman’s correlation.
Based on the TCGA-LIHC profile of solid tumor
expression, six immune subtypes (immune C1-C6) were
identified, including wound healing, IFN-y dominant,

Figure 1. Flowchart for bioinformatics analysis in this study.
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inflammatory, lymphocyte depleted, immunologically
quiet, and TGF-beta dominant [16]. A two-way analysis
of variance (ANOVA) was used to examine the
correlation between the risk score and immune subtypes.

Analysis of drug sensitivity

Genomics of Drug Sensitivity in Cancer (GDSC,
https://www.cancerrxgene.org/) is an accessible data-
set that provides comprehensive data regarding the
sensitivity of cancer cells to drugs as well as drug-
response molecular markers [17]. By employing
the package of “oncopredict”, we distinguished the
responsiveness to different groups of medications,
enabling the assessment of 198 therapeutic compounds.
The sensitivity scores were then evaluated to determine
the predicted 1Cso of all drugs in HCC patients.

Profiling of RNA-seq at the single-cell level

The R package “Seurat” was used for unsupervised
clustering of single cells from cancer or normal
samples, and “Seurat” for annotation. Two clustering
methods for dimensionality reduction, tSNE and
Uniform Manifold Approximation and Projection
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(UMAP) were used in this study. The expression of
the MMPs-related signature was visualized using the
“VInPlot” function of the “Seurat” R package.

Statistics analysis

All statistical analyses were performed using R software
(version 4.2.3). Continuous variables were tested using
the student t-test, while categorical variables were tested
using the chi-squared test. A P-value < 0.05 was
considered significant.

RESULTS
Identification of prognostic MMPs-related DEGs

This study obtained 203 well-defined MMPs-
related genes (Supplementary Table 1). A total of
13 prognostic MMPs-related DEGs significantly
correlated with OS were identified from TCGA-
LIHC cohort by univariate Cox regression analysis
based on the criterion of FDR<0.005, including
RNPEPL1, MMP1, ADAM9, ADAM15, ADAM17,
ADAM18, ADAMTS5, XPNPEP1, CAD, YMEILL,
AMZ2, PSMD14, and COPS6. (Figure 2A) Afterward,
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Figure 2. Identification of prognostic MMPs-related DEGs in hepatocellular carcinoma. (A) Prognostic MMPs-related DEGs are
identified from MMPs-related genes through univariate Cox regression analysis. (B) GO enrichment analysis of prognostic MMPs-related
DEGs, including biological processes (BP), molecular functions (MF), and cellular components (CC). (C) KEGG enrichment analysis of
prognostic MMPs-related DEGs. (D) HCC patients were divided into two clusters according to the consensus clustering matrix (k = 2).
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functional enrichment, including GO and KEGG
analysis, was performed. The results of GO analysis
indicated that the prognostic MMPs-related DEGs
were mainly involved in extracellular matrix degrada-
tion, collagen catabolic process, membrane protein
ectodomain proteolysis, membrane protein proteolysis,
and extracellular matrix organisation (Figure 2B). The
KEGG analysis result also suggested that the prognostic
MMPs-related DEGs were involved in alanine, aspartate,
and glutamate metabolism, Notch signaling pathway,
PAR signaling pathway, and IL-17 signaling pathway
(Figure 2C).

Consensus clustering analysis was then performed
based on the expression levels of prognostic MMPs-
related DEGs. HCC patients could be divided into the
highest intra-group correlation and the lowest inter-
group correlation (Figure 2D).

The OS and FPS rates of the two clusters were
evaluated, revealing that cluster 1 demonstrated a
significantly superior survival status in comparison
to cluster 2 (P<0.001) (Figure 3A). The levels of
prognostic MMPs-related DEGs were also evaluated in
both clusters, and cluster 1 showed lower expression of
these genes compared to cluster 2 (P=0.017) (Figure
3B). CIBERSORT was used to determine if the harmful
effects of prognostic MMPs-related DEGs in HCC
resulted from the infiltration of immune cells. This
analysis revealed 22 different immune cell profiles from
Cluster 1 and Cluster 2. According to the CIBERSORT
analysis, the number of MO macrophages in cluster 2
showed a substantial decrease when compared with
cluster 1 (Figure 3C).

Construction and validation of the MMPs-related
prognostic signature

Subsequently, a LASSO Cox regression analysis was
carried out on prognostic MMPs-related DEGs, using
the one standard error (SE) approach and 10-fold
cross-validation. Consequently, nine prognostic MMPs-
related DEGs were determined to be characteristic
risk genes. Ultimately, the MMPs-related prognostic
signature was formulated using HCC samples from
the TCGA-LIHC cohort. The risk score was determined
by linearly combining gene expression levels with
their respective regression coefficients. The risk score
for the correlation coefficient between MMPs-related
prognostic signature can be calculated using the
following formula: risk score = (0.0086xexpression
level of RNPEPL1) + (0.0009x expression level of
ADAM15) + (0.5255x%expression level of ADAM18) +
(0.110% expression level of ADAMTS5) + (0.0126x
expression level of CAD) + (0.0018xexpression level
of YME1L1) + (0.0025xexpression level of AMZ2) +

(0.0114xexpression level of PSMD14) + (0.0011x
expression level of COPS6) (Figure 4A, 4B).

In the entire, training and testing cohorts of the
TCGA-LIHC, the heatmap displays the variation in
the expression of genes between the high and low-
risk groups. According to the median risk score, HCC
patients were divided into high-risk and low-risk groups.
The TCGA-LIHC cohort showed that the low-risk group
had a considerably extended OS duration compared
to the high-risk group. The results of PCA indicated a
remarkable ability of the risk genes to discriminate
between the two groups. The distribution of risk scores
indicated a significant increase in the number of fatalities
in the high-risk group as compared to the low-risk group.
The results of the TCGA-LIHC cohort and the TCGA-
LIHC training and testing cohorts showed that patients
in the low-risk group had significantly longer OS than
patients in the high-risk group (P<0.001). (Figure 4C,
4E) In addition, additional verification was performed in
the ICGC-LIRI-JP cohort, and it was observed that the
low-risk group had significantly longer OS than the
high-risk group (P<0.001). To examine the reliability of
the model, the AUC values for OS, which is a time-
dependent measure, were calculated by determining the
area under the ROC curves. The respective AUC values
for the 1-, 3-, and 5-year OS were 0.677, 0.716, and
0.669 (Figure 4F).

Independent predictive value of the risk model

To evaluate the individual impact of the model on
HCC prognosis, univariate and multivariate Cox
regression analyses were performed in both TCGA-
LIHC training and testing cohorts. This analysis
involved considering clinical features and the risk
score. For both the training and testing cohorts,
univariate Cox regression analysis demonstrated that
a high-risk score was an independent predictor of
adverse patient survival (P<0.001, HR=3.053, 95%
Cl: 2.071-4.502 and P<0.001, HR=3.316, 95% CI:
1.977-5.563, respectively (Figure 4G).

The outcome was anticipated and validated through
the use of multivariate Cox regression analysis, which
additionally demonstrated the use of the risk model to
be an independent prognostic factor for HCC patients
in both the training cohort (P<0.001, HR=2.690, 95%
Cl: 1.766-4.097) and the testing cohort (P=0.002,
HR=2.467, 95% ClI: 1.409-4.317), irrespective of other
clinical factors (Figure 4H).

To further demonstrate the importance of the prognostic
signature associated with MMPs, the ROC results
indicate that risk scores can achieve a tremendous overall
advantage compared to clinicopathological features in
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both the TCGA-LIHC and ICGC-LIRI-JP cohorts. The
analysis involved examining the correlation between
clinicopathological features and risk scores (Figure 5A).
In the TCGA group, the risk scores were found to be
associated with the T stage and tumor stage (P<0.001),
whereas no association was found with age, sex, and
grade (P>0.05) (Figure 5B). Furthermore, the associated
risk score increases as the tumor stage rises (Figure 5C).
The heatmap displays the variation in the expression
of the prognostic signature related to MMPs across
different clinical characteristics and risk categories within
the TCGA-LIHC cohort (Figure 5D). Combining five
prognostic factors generated a nomogram to predict the
OS at 1-, 3-, and 5-year using the TCGA-LIHC data
(Figure 5E). The calibration curves for the prediction of
OS at 1-, 3-, and 5-year are in good agreement with the
observed values (Figure 5F).

Functional analysis of MMPs-related prognostic
signature

GSEA was performed to identify the biological
processes and signaling pathways in which the
MMPs-related prognostic signature was enriched.
The results showed that the MMPs-related prognostic
signature in the high-risk group was mainly enriched
in embryonic morphogenesis, external encapsulating
structure organization, morphogenesis of an epithelium,
ossification, and skeletal system development. In
contrast, the low-risk group was significantly enriched
in xenobiotic catabolic process, high-density lipoprotein
particle, arachidonic acid monooxygenase activity,
aromatase activity, and oxidoreductase activity acting
on paired donors with incorporation or reduction of
molecular oxygen reduced flavin or flavoprotein as one
donor and incorporation of one atom of oxygen (Figure
5G). Results from GSEA also indicated that the MMPs-
related prognostic signature was mainly enriched in
pathways including ECM receptor interaction, cytokine-
cytokine receptor interaction, dilated cardiomyopathy,
focal adhesion, and neuroactive ligand-receptor inter-
action in the high-risk group. On the other hand,
the group with low risk primarily had an abundance
of metabolic pathways such as primary bile acid
biosynthesis, beta-alanine, glycine serine and threonine,
linoleic acid, and tryptophan metabolism (Figure 5H).

Analysis of immune infiltration in high- and low-risk
groups

According to the analysis of sSGSEA, it was found that
the group at high risk showed increased levels of
expression for four immune cells, specifically aDCs,
iDCs, macrophages, and Treg. The low-risk showed
increased levels of three immune cells: mast cells,
neutrophils, and NK cells (Figure 6A). Moreover,

the high-risk group exhibited enhanced functionality
of immune cells, such as APC co-stimulation, CCR,
Parainflammation, and MHC class I, compared to
the low-risk group (Figure 6B). Using CIBERSORT
analysis, 22 immune cell profiles were detected in
the low and high-risk groups. The results showed that
the high-risk group had a higher percentage of MO
and M2 macrophages, while the low-risk group had
larger CD8 T and naive B cells (Figure 6C, 6D).
Spearman correlation analysis revealed a significant
positive correlation between 9 MMPs-related prognostic
genes and CD4 memory-activated T cells and MO
macrophages (Figure 6E).

Additionally, we examined the association between
immune infiltrations and risk score to elucidate the role
of the MMPs-related prognostic signature in the immune
microenvironment. Only C1 to C4 subtypes were
detected in patients with HCC, as C5 and C6 subtypes
were absent. The results of our study suggest a strong
association between immune-infiltrating subcategories,
specifically the C1 and C2 subcategories, and elevated
risk scores in the TCGA-LIHC cohort. This implies that
the MMPs-related prognostic signature might influence
the presence of immune infiltrates in individuals
diagnosed with HCC (Figure 6F).

Analysis of drug sensitivity

Afterward, we examined the responsiveness of
various chemotherapy drugs in distinct risk categories.
We observed that the ICso levels of sorafenib,
cytarabine, cisplatin, dihydro rotenone, fludarabine,
gemcitabine, irinotecan, oxaliplatin, ribociclib, and
mitoxantrone exhibited greater values within the
high-risk group. While in the low-risk group, the 1Csg
values of osimertinib, lapatinib, gefitinib, dasatinib,
and 5-fluorouracil were elevated (Figure 6G and
Supplementary Figure 1).

Validation of single-cell RNA-seq

Seurat was employed for dimensionality reduction
(Supplementary Figure 2) and clustering of the single-
cell data, while SingleR was employed for cell-type
annotation (Figure 7A, 7B). In the single-cell dataset,
the expression of 8 genes belonging to the MMPs-
related prognostic signature was identified. These
genes include YME1L1, AMZ2, RNPEPL1, ADAM15,
PSMD14, COPS6, ADAMTS5, and CAD. Among these
genes, YME1L1 and ADAM15 were predominantly
expressed in clusters of endothelial cells, while AMZ2,
PSMD14, and COPS6 were predominantly expressed in
clusters of hepatocytes. Additionally, YME1L1 and
COPS6 were the main genes expressed in clusters of
monocytes (Figure 7C, 7D).
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Figure 6. Comparison of immune infiltration and drug sensitivity analysis. (A) The scores of 16 immune cells were detected by
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DISCUSSION

HCC, being a medical concern for society, continues to
have a bleak outlook. It is crucial to investigate primary
molecular indicators associated with the advancement
and prediction of HCC, which can be employed as

targets for therapy. From a pool of 203 genes related to
MMPs, we obtained 13 prognostic MMPs-related DEGs.
Following this, a predictive model was built utilizing
LASSO Cox regression analysis, and nine MMPs-related
genes were identified as a prognostic signature, showing
an independent correlation with the prediction of HCC
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Figure 7. Single-cell RNA-seq profiling in hepatocellular carcinoma. (A) t-SNE and UMAP plots colored by different cell clusters.
(B) The cell types are identified by marker genes. (C) Expression of MMPs-related prognostic signature in each cluster.
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prognosis. RNPEPL1, a member of the M1 family of
zinc metal peptide enzymes, consists of 12 enzymes
in humans and employs Zn?* as the central active site
[18]. The individuals in this household participate in
various activities, ranging from breaking down peptides
and retrieving amino acids in overall cellular proteolysis
to controlling physiological signaling sequences by
breaking down peptide hormones and processing
peptides displayed on class I MHC molecules [19].
Research has verified that blockers of these enzymes
have demonstrated potential in managing different
ailments, including high blood pressure, swelling, and
even certain types of tumors [20-23]. ADAMI15, a
disintegrin and metalloproteinase 15, is a member of the
ADAM family. It participates in numerous physiological
and pathological processes by breaking down ECM
and releasing membrane-bound precursors that control
cell interactions and the extracellular matrix [24].
ADAMI15 includes innumerable substrates, including
essential molecules for cell regulation like E-cadherin
and N-cadherin, TGFB, and EGFR ligands [25].
Moreover, previous studies have shown that ADAM15
promotes the synthesis of pro-MMP-9 and enhances
the breakdown of gelatin by facilitating MMP-9
mediation [26]. The presence of ADAMI15 has been
recorded in different types of cancerous tumors,
including breast, prostate, and bladder cancer [27-29].
A recent investigation validated that ADAM15 is linked
to unfavorable prognosis in patients with HCC and may
be regarded as a promising biomarker for diagnosing
and treatment of HCC [30]. ADAMTS, an enzyme with
a thrombospondin motif known as secreted ADAM, can
degrade the ECM and is involved in various biological
and pathological processes, such as tissue structure,
inflammation, blood vessel formation, and cancer [31].
ADAMTSS5, a protease family member, is upregulated in
non-small cell lung cancer (NSCLC) patients with
glioblastoma and lymph node metastasis [32, 33].
Additionally, research findings indicate that ADAMTS5
may impede the advancement of HCC, presenting an
opportunity for further exploration regarding ADAMTS5
as a potential prognostic marker and promising
therapeutic target in HCC [34]. The YMELL1 gene,
belonging to the AAA group of ATPases and an ATP-
dependent metalloprotease encoded by the nuclear
genome, is situated within the inner mitochondrial
membrane, positioning its protease domain towards
the intermembrane space [35]. The mitochondria’s entry
of YMEILL1 is accompanied by protein hydrolysis
through the activity of the mitochondrial processing
peptidase, which splits off the sequence destined for
the mitochondria [36]. It is believed that YMELL1 is
also implicated in the process of nuclear mitochondrial
DNA insertion, and the increased expression of
YMELL1 is strongly linked to ovarian cancer and the
advancement of tumors [37].

Regarding the remaining genes within the set of
signature genes, carbamoyl phosphate synthetase 2,
aspartate transcarbamylase, and dihydroorotase (CAD)
play a crucial role as they encode CAD. These
enzymes are essential for pyrimidine synthesis, new
pyrimidine nucleotides, protein glycosylation, and the
biosynthesis of phospholipids in mammals [38, 39]. CAD
is responsible for initiating the di-(UDP)-dependent
glycosylation process, resulting in the production of
UDP. There is a significant association between elevated
CAD expression and an unfavorable prognosis of
HCC [40, 41]. PSMD14, also known as Rnpll, is a
metalloproteinase that includes the JAB1/MPN/Mov34
(JAMM) domain and has a Zn2*-ion in its active center
[42]. PSMD4, functioning as a ubiquitin-degrading
enzyme within the proteasome’s 19S regulatory granules,
can control numerous biological processes, such as the
stability of proteins, the advancement of cancer, and
resistance to drugs [43]. COPS6, a member of the JAMM
family, has recently been verified to facilitate tumor
advancement and decrease the infiltration of CD8* T-
cells by suppressing the synthesis of IL-6, thus promoting
tumor immune escape from cancer [44, 45].

Active participants in the development of HCC include
diverse immune cells found within the tumor immune
microenvironment, including macrophages, natural killer
(NK) cells, DCs, tumor-associated endothelial cells
(ECs), cancer-associated fibroblasts (CAFs), abnormal
tumor vasculature, CD4+, and CD8+ T cells, and
myeloid-derived immunosuppressive cells (MDSCs)
[46]. A comprehensive examination was conducted to
investigate the association between the signature related
to MMPs and the infiltration of immune cells in HCC.
We noticed that the high-risk population showed a higher
level of immune cell infiltrations, including aDCs, iDCs,
macrophages, and Treg cells. In contrast, the low-risk
group showed an increased presence of activated mast
cells, neutrophils, and NK cells. According to the
CIBERSORT analysis, the high-risk group exhibited a
higher quantity of MO and M2 macrophages. In contrast,
the low-risk group presented a higher presence of naive
B cells and CD8" T cells. Moreover, the vulnerable
population demonstrated enhanced functionality of
immune cells, such as APC co-stimulation, CCR,
parainflammation, and MHC class I. This implies that
the predictive function of the MMPs-associated pattern
could potentially be linked to macrophages.

Tumor-related macrophages (TRMs) are an essential
component of the tumor surroundings and play a
role in controlling blood vessel formation, modifying
the extracellular structure, promoting the growth of
cancer cells, spreading, suppressing the immune system,
and developing resistance to chemotherapy and
immunotherapy that targets checkpoints [47]. Different
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functional phenotypes can be achieved by polarizing
TAMs, which play a crucial role in inflammation
related to tumors. The M1 macrophages, which are
induced by interferon alone or in combination with
lipopolysaccharide, and the M2 macrophages, which IL-
4 or IL-13 induces, are the subgroups that have been
extensively studied. The M1 phenotype of activated
macrophages can stimulate anti-tumor immune responses
by various means, such as presenting antigens to
adaptive immune cells, generating pro-inflammatory
cytokines, and engulfing tumor cells [48, 49]. Tumor-
associated macrophages (TAMSs), which are polarized
toward the M2 phenotype, may also secrete the cytokine
CCL22, leading to an increase in tumor invasion as well
as the induction of EMT through activating Smad2/3
and Smad1/5/8 and upregulating Snail [50].

Furthermore, the secretion of CCL17 by M2 macrophages
is intricately associated with tumor stemness and
EMT, operating through the TGF-p1 and Wnt/p-catenin
signaling pathways [51]. Moreover, studies have shown
that M2 macrophages can protect tumor in a positive
feedback loop by releasing HGF in HCC [52]. The
current study may explain the decreased responsiveness
to chemotherapeutic agents with high risk. Although
macrophages are not detected in this dataset, our results
show that YME1L1 and COPS6 are the significant genes
expressed in monocyte clusters. Circulating monocytes
are the primary source of infiltrating macrophages in
tumors, so our results may suggest a potential role for
YME1L1 and COPS6 in macrophage polarization in
HCC.

There are several limitations to this study. First,
this study uses public datasets for different patient
cohorts, and the results might be heterogeneous in data
processing and patient selection. Although we validated
our gene signature in external datasets, prospective
cohorts with more HCC patients are needed to validate
our risk models. Second, the function of the MMPs-
related signature in the carcinogenesis and progression
of HCC needs to be further investigated.

CONCLUSIONS

A  MMPs-related prognostic  signature  (including
RNPEPL1, ADAM15, ADAMI18, ADAMTS5, CAD,
YME1L1, AMZ2, PSMD14, and COPS6) was identified.

These findings could potentially impact the predictability
of the prognosis and treatment of HCC.

AUTHOR CONTRIBUTIONS

The study was conceived and designed by Xu Mao and

manuscript. All authors read and approved the final
manuscript.

ACKNOWLEDGMENTS

All the authors would like to express their gratitude to
the TCGA, ICGC, Mammalian Degradome, and GEO
databases for providing access to the shared data.

CONFLICTS OF INTEREST

The authors declare that the research was conducted
without any commercial or financial relationships that
could be construed as a potential conflict of interest.

FUNDING

This work was supported by the Excellent Youth
Program of Heilongjiang Natural Science Foundation
(YQ2022H015) and the Changsha Outstanding Innovative
Youth Training Program (kg2209020).

REFERENCES

1. Marrero JA, Kulik LM, Sirlin CB, Zhu AX, Finn RS,
Abecassis MM, Roberts LR, Heimbach JK. Diagnosis,
Staging, and Management of Hepatocellular
Carcinoma: 2018 Practice Guidance by the American
Association for the Study of Liver Diseases. Hepatology.
2018; 68:723-50.
https://doi.org/10.1002/hep.29913 PMID:29624699

2. SuGL, Altayar O, O’Shea R, Shah R, Estfan B, Wenzell C,
Sultan S, Falck-Ytter Y. AGA Clinical Practice Guideline
on Systemic Therapy for Hepatocellular Carcinoma.
Gastroenterology. 2022; 162:920-34.
https://doi.org/10.1053/j.gastro.2021.12.276
PMID:35210014

3. Forner A, Reig M, Bruix J. Hepatocellular carcinoma.
Lancet. 2018; 391:1301-14.
https://doi.org/10.1016/S0140-6736(18)30010-2
PMID:29307467

4. Jemal A, Ward EM, Johnson CJ, Cronin KA, Ma J,
Ryerson B, Mariotto A, Lake AJ, Wilson R, Sherman RL,
Anderson RN, Henley SJ, Kohler BA, et al. Annual
Report to the Nation on the Status of Cancer, 1975-
2014, Featuring Survival. J Natl Cancer Inst. 2017;
109:djx030.
https://doi.org/10.1093/jnci/djx030
PMID:28376154

5. Vogel A, Cervantes A, Chau I, Daniele B, Llovet JM,
Meyer T, Nault JC, Neumann U, Ricke J, Sangro B,
Schirmacher P, Verslype C, Zech CJ, et al, and ESMO

Wei Yuan. Jiawei Gao and Liuxin Yang undertook the Guidelines Committee. Hepatocellular carcinoma:
data analysis. Xingxing Yuan drafted and revised the ESMO Clinical Practice Guidelines for diagnosis,
www.aging-us.com 8679 AGING


https://doi.org/10.1002/hep.29913
https://pubmed.ncbi.nlm.nih.gov/29624699
https://doi.org/10.1053/j.gastro.2021.12.276
https://pubmed.ncbi.nlm.nih.gov/35210014
https://doi.org/10.1016/S0140-6736(18)30010-2
https://pubmed.ncbi.nlm.nih.gov/29307467
https://doi.org/10.1093/jnci/djx030
https://pubmed.ncbi.nlm.nih.gov/28376154

10.

11.

12.

13.

14.

treatment and follow-up. Ann Oncol. 2018 (Suppl 4);
29:iv238-55.

https://doi.org/10.1093/annonc/mdy308
PMID:30285213

Nault JC, Villanueva A. Biomarkers for Hepatobiliary
Cancers. Hepatology. 2021; 73 Suppl 1:115-27.
https://doi.org/10.1002/hep.31175 PMID:32045030

Deyell M, Garris CS, Laughney AM. Cancer
metastasis as a non-healing wound. Br J Cancer.
2021; 124:1491-502.
https://doi.org/10.1038/s41416-021-01309-w
PMID:33731858

Niland S, Riscanevo AX, Eble JA. Matrix
Metalloproteinases Shape the Tumor
Microenvironment in Cancer Progression. Int J Mol
Sci. 2021; 23:146.
https://doi.org/10.3390/ijms23010146
PMID:35008569

Alaseem A, Alhazzani K, Dondapati P, Alobid S,
Bishayee A, Rathinavelu A. Matrix Metalloproteinases:
A challenging paradigm of cancer management. Semin
Cancer Biol. 2019; 56:100-15.
https://doi.org/10.1016/j.semcancer.2017.11.008
PMID:29155240

Cox TR. The matrix in cancer. Nat Rev Cancer. 2021;
21:217-38.
https://doi.org/10.1038/s41568-020-00329-7
PMID:33589810

Scheau C, Badarau IA, Costache R, Caruntu C, Mihai GL,
Didilescu AC, Constantin C, Neagu M. The Role of
Matrix ~ Metalloproteinases in  the  Epithelial-
Mesenchymal Transition of Hepatocellular Carcinoma.
Anal Cell Pathol (Amst). 2019; 2019:9423907.
https://doi.org/10.1155/2019/9423907
PMID:31886121

Watroba S, Wisniowski T, Bryda J, Kurzepa J. The role
of matrix metalloproteinases in pathogenesis of
human bladder cancer. Acta Biochim Pol. 2021;
68:547-55.

https://doi.org/10.18388/abp.2020 5600
PMID:34314132

Xu L, Yang H, Yan M, Li W. Matrix metalloproteinase 1
is a poor prognostic biomarker for patients with
hepatocellular carcinoma. Clin Exp Med. 2023;
23:2065-83.
https://doi.org/10.1007/s10238-022-00897-y
PMID:36169759

Liu H, Li Z, Zhang Q, Li Q, Zhong H, Wang Y, Yang H, Li
H, Wang X, Li K, Wang D, Kong X, He Z, et al.
Multi-institutional development and validation of a
nomogram to predict prognosis of early-onset gastric
cancer patients. Front Immunol. 2022; 13:1007176.

15.

16.

17.

18.

19.

20.

21.

22.

23.

https://doi.org/10.3389/fimmu.2022.1007176
PMID:36148218

Jia Q, Wu W, Wang Y, Alexander PB, Sun C, Gong Z,
Cheng JN, Sun H, Guan Y, Xia X, Yang L, Yi X, Wan YY, et
al. Local mutational diversity drives intratumoral
immune heterogeneity in non-small cell lung cancer.
Nat Commun. 2018; 9:5361.
https://doi.org/10.1038/s41467-018-07767-w
PMID:30560866

Thorsson V, Gibbs DL, Brown SD, Wolf D, Bortone DS,
Ou Yang TH, Porta-Pardo E, Gao GF, Plaisier CL, Eddy
JA, Ziv E, Culhane AC, Paull EO, et al, and Cancer
Genome Atlas Research Network. The Immune
Landscape of Cancer. Immunity. 2018; 48:812—-30.e14.
https://doi.org/10.1016/j.immuni.2018.03.023
PMID:29628290

Yang W, Soares J, Greninger P, Edelman EJ, Lightfoot H,
Forbes S, Bindal N, Beare D, Smith JA, Thompson IR,
Ramaswamy S, Futreal PA, Haber DA, et al. Genomics
of Drug Sensitivity in Cancer (GDSC): a resource for
therapeutic biomarker discovery in cancer cells.
Nucleic Acids Res. 2013; 41:D955-61.
https://doi.org/10.1093/nar/gks1111 PMID:23180760

Ohnishi A, Tsujimoto M. Characterization of
the enzymatic properties of human RNPEPL1/
aminopeptidase Z. J Biochem. 2023; 173:307-16.
https://doi.org/10.1093/jb/mvacl107 PMID:36545750

Thompson MW, Beasley KA, Schmidt MD, Seipelt RL.
Arginyl aminopeptidase-like 1 (RNPEPL1) is an
alternatively  processed  aminopeptidase  with
specificity for methionine, glutamine, and citrulline
residues. Protein Pept Lett. 2009; 16:1256—66.
https://doi.org/10.2174/092986609789071199
PMID:19508204

Reaux A, Fournie-Zaluski MC, David C, Zini S, Roques
BP, Corvol P, Llorens-Cortes C. Aminopeptidase A
inhibitors as potential central antihypertensive agents.
Proc Natl Acad Sci USA. 1999; 96:13415-20.
https://doi.org/10.1073/pnas.96.23.13415
PMID:10557335

Tsukamoto H, Shibata K, Kajiyama H, Terauchi M,
Nawa A, Kikkawa F. Aminopeptidase N (APN)/CD13
inhibitor, Ubenimex, enhances radiation sensitivity in
human cervical cancer. BMC Cancer. 2008; 8:74.
https://doi.org/10.1186/1471-2407-8-74
PMID:18366676

Urabe A, Mutoh Y, Mizoguchi H, Takaku F, Ogawa N.
Ubenimex in the treatment of acute nonlymphocytic
leukemia in adults. Ann Hematol. 1993; 67:63—6.
https://doi.org/10.1007/BF01788128 PMID:8347731

Whittle BJ, Varga C, Berko A, Horvath K, Posa A, Riley
JP, Lundeen KA, Fourie AM, Dunford PJ. Attenuation of

WWWw.aging-us.com

AGING


https://doi.org/10.1093/annonc/mdy308
https://pubmed.ncbi.nlm.nih.gov/30285213
https://doi.org/10.1002/hep.31175
https://pubmed.ncbi.nlm.nih.gov/32045030
https://doi.org/10.1038/s41416-021-01309-w
https://pubmed.ncbi.nlm.nih.gov/33731858
https://doi.org/10.3390/ijms23010146
https://pubmed.ncbi.nlm.nih.gov/35008569
https://doi.org/10.1016/j.semcancer.2017.11.008
https://pubmed.ncbi.nlm.nih.gov/29155240
https://doi.org/10.1038/s41568-020-00329-7
https://pubmed.ncbi.nlm.nih.gov/33589810
https://doi.org/10.1155/2019/9423907
https://pubmed.ncbi.nlm.nih.gov/31886121
https://doi.org/10.18388/abp.2020_5600
https://pubmed.ncbi.nlm.nih.gov/34314132
https://doi.org/10.1007/s10238-022-00897-y
https://pubmed.ncbi.nlm.nih.gov/36169759
https://doi.org/10.3389/fimmu.2022.1007176
https://pubmed.ncbi.nlm.nih.gov/36148218
https://doi.org/10.1038/s41467-018-07767-w
https://pubmed.ncbi.nlm.nih.gov/30560866
https://doi.org/10.1016/j.immuni.2018.03.023
https://pubmed.ncbi.nlm.nih.gov/29628290
https://doi.org/10.1093/nar/gks1111
https://pubmed.ncbi.nlm.nih.gov/23180760
https://doi.org/10.1093/jb/mvac107
https://pubmed.ncbi.nlm.nih.gov/36545750
https://doi.org/10.2174/092986609789071199
https://pubmed.ncbi.nlm.nih.gov/19508204
https://doi.org/10.1073/pnas.96.23.13415
https://pubmed.ncbi.nlm.nih.gov/10557335
https://doi.org/10.1186/1471-2407-8-74
https://pubmed.ncbi.nlm.nih.gov/18366676
https://doi.org/10.1007/BF01788128
https://pubmed.ncbi.nlm.nih.gov/8347731

24,

25.

26.

27.

28.

29.

30.

31

32.

inflammation and cytokine production in rat colitis by a
novel selective inhibitor of leukotriene A4 hydrolase.
Br J Pharmacol. 2008; 153:983-91.
https://doi.org/10.1038/sj.bjp.0707645
PMID:18157165

Lucas N, Najy AJ, Day ML. The therapeutic potential of
ADAM15. Curr Pharm Des. 2009; 15:2311-8.
https://doi.org/10.2174/138161209788682370
PMID:19601833

Lorenzatti Hiles G, Bucheit A, Rubin JR, Hayward A,
Cates AL, Day KC, EI-Sawy L, Kunju LP, Daignault S, Lee
CT, Liebert M, Hussain M, Day ML. ADAM15 Is
Functionally  Associated with the Metastatic
Progression of Human Bladder Cancer. PLoS One.
2016; 11:e0150138.
https://doi.org/10.1371/journal.pone.0150138
PMID:26930657

Dong DD, Zhou H, Li G. ADAM15 targets MMP9 activity
to promote lung cancer cell invasion. Oncol Rep. 2015;
34:2451-60.

https://doi.org/10.3892/0r.2015.4203

PMID:26323669

Gruba N, Musielak M, Rejmak W, Lesner A. Detection
of ADAM15 in urine from patients with bladder cancer.
Anal Biochem. 2022; 654:114805.
https://doi.org/10.1016/j.ab.2022.114805
PMID:35810783

Mattern J, Roghi CS, Hurtz M, Knauper V, Edwards DR,
Poghosyan Z. ADAM15 mediates upregulation of
Claudin-1 expression in breast cancer cells. Sci Rep.
2019; 9:12540.
https://doi.org/10.1038/s41598-019-49021-3
PMID:31467400

Lucas N, Day ML. The role of the disintegrin
metalloproteinase ADAM15 in prostate cancer
progression. J Cell Biochem. 2009; 106:967-74.
https://doi.org/10.1002/jcb.22087 PMID:19229865

Xu JH, Guan YJ, Zhang YC, Qiu ZD, Zhou Y, Chen C, Yu J,
Wang WX. ADAMI15 correlates with prognosis,
immune infiltration and apoptosis in hepatocellular
carcinoma. Aging (Albany NY). 2021; 13:20395-417.
https://doi.org/10.18632/aging.203425
PMID:34426560

Kintakas C, McCulloch DR. Emerging roles for
ADAMTSS during development and disease. Matrix
Biol. 2011; 30:311-7.
https://doi.org/10.1016/j.matbio.2011.05.004
PMID:21683141

Haraguchi N, Ohara N, Koseki J, Takahashi H, Nishimura
J, Hata T, Mizushima T, Yamamoto H, Ishii H, Doki Y,
Mori M. High expression of ADAMTSS is a potent
marker for lymphatic invasion and lymph node

33.

34.

35.

36.

37.

38.

39.

40.

metastasis in colorectal cancer. Mol Clin Oncol. 2017;
6:130-4.

https://doi.org/10.3892/mc0.2016.1088
PMID:28123746

Gu J, Chen J, Feng J, Liu Y, Xue Q, Mao G, Gai L, Lu X,
Zhang R, Cheng J, Hu Y, Shao M, Shen H, Huang J.
Overexpression of ADAMTS5 can regulate the
migration and invasion of non-small cell lung cancer.
Tumour Biol. 2016; 37:8681-9.
https://doi.org/10.1007/s13277-015-4573-x
PMID:26738863

Li C, Xiong Y, Yang X, Wang L, Zhang S, Dai N, Li M, Ren
T, Yang Y, Zhou SF, Gan L, Wang D. Lost expression of
ADAMTSS protein associates with progression and
poor prognosis of hepatocellular carcinoma. Drug Des
Devel Ther. 2015; 9:1773-83.
https://doi.org/10.2147/DDDT.577069
PMID:25848214

Glynn  SE.  Multifunctional ~ Mitochondrial AAA
Proteases. Front Mol Biosci. 2017; 4:34.
https://doi.org/10.3389/fmolb.2017.00034
PMID:28589125

Rainey RN, Glavin JD, Chen HW, French SW, Teitell MA,

Koehler CM. A new function in translocation for the
mitochondrial i-AAA protease Ymel: import of
polynucleotide phosphorylase into the intermembrane
space. Mol Cell Biol. 2006; 26:8488-97.
https://doi.org/10.1128/MCB.01006-06
PMID:16966379

Liao WT, Chu PY, Su CC, Wu CC, Li CJ. Mitochondrial
AAA protease gene associated with immune infiltration
is a prognostic biomarker in human ovarian cancer.
Pathol Res Pract. 2022; 240:154215.
https://doi.org/10.1016/j.prp.2022.154215
PMID:36423401

Lane AN, Fan TW. Regulation of mammalian nucleotide
metabolism and biosynthesis. Nucleic Acids Res. 2015;
43:2466-85.

https://doi.org/10.1093/nar/gkv047 PMID:25628363

Liu P, Zhou Q, Li J. Integrated Multi-Omics Data
Analysis Reveals Associations Between Glycosylation
and Stemness in Hepatocellular Carcinoma. Front
Oncol. 2022; 12:913432.
https://doi.org/10.3389/fonc.2022.913432
PMID:35814473

Guo L, Yi X, Chen L, Zhang T, Guo H, Chen Z, Cheng J,
Cao Q, LiuH, Hou C, Qi L, Zhu Z, Liu Y, et al. Single-Cell
DNA Sequencing Reveals Punctuated and Gradual
Clonal Evolution in Hepatocellular Carcinoma.
Gastroenterology. 2022; 162:238-52.
https://doi.org/10.1053/j.gastro.2021.08.052
PMID:34481846

WWWw.aging-us.com

AGING


https://doi.org/10.1038/sj.bjp.0707645
https://pubmed.ncbi.nlm.nih.gov/18157165
https://doi.org/10.2174/138161209788682370
https://pubmed.ncbi.nlm.nih.gov/19601833
https://doi.org/10.1371/journal.pone.0150138
https://pubmed.ncbi.nlm.nih.gov/26930657
https://doi.org/10.3892/or.2015.4203
https://pubmed.ncbi.nlm.nih.gov/26323669
https://doi.org/10.1016/j.ab.2022.114805
https://pubmed.ncbi.nlm.nih.gov/35810783
https://doi.org/10.1038/s41598-019-49021-3
https://pubmed.ncbi.nlm.nih.gov/31467400
https://doi.org/10.1002/jcb.22087
https://pubmed.ncbi.nlm.nih.gov/19229865
https://doi.org/10.18632/aging.203425
https://pubmed.ncbi.nlm.nih.gov/34426560
https://doi.org/10.1016/j.matbio.2011.05.004
https://pubmed.ncbi.nlm.nih.gov/21683141
https://doi.org/10.3892/mco.2016.1088
https://pubmed.ncbi.nlm.nih.gov/28123746
https://doi.org/10.1007/s13277-015-4573-x
https://pubmed.ncbi.nlm.nih.gov/26738863
https://doi.org/10.2147/DDDT.S77069
https://pubmed.ncbi.nlm.nih.gov/25848214
https://doi.org/10.3389/fmolb.2017.00034
https://pubmed.ncbi.nlm.nih.gov/28589125
https://doi.org/10.1128/MCB.01006-06
https://pubmed.ncbi.nlm.nih.gov/16966379
https://doi.org/10.1016/j.prp.2022.154215
https://pubmed.ncbi.nlm.nih.gov/36423401
https://doi.org/10.1093/nar/gkv047
https://pubmed.ncbi.nlm.nih.gov/25628363
https://doi.org/10.3389/fonc.2022.913432
https://pubmed.ncbi.nlm.nih.gov/35814473
https://doi.org/10.1053/j.gastro.2021.08.052
https://pubmed.ncbi.nlm.nih.gov/34481846

41.

42.

43.

44,

45.

46.

Dumenci OE, U AM, Khan SA, Holmes E, Taylor-
Robinson SD. Exploring Metabolic Consequences of
CPS1 and CAD Dysregulation in Hepatocellular
Carcinoma by Network Reconstruction. J Hepatocell
Carcinoma. 2020; 7:1-9.

https://doi.org/10.2147/JHC.5239039 PMID:32021853

Lauinger L, Li J, Shostak A, Cemel IA, Ha N, Zhang Y,
Merkl PE, Obermeyer S, Stankovic-Valentin N,
Schafmeier T, Wever WJ, Bowers AA, Carter KP, et al.
Thiolutin is a zinc chelator that inhibits the Rpn11 and
other JAMM metalloproteases. Nat Chem Biol. 2017;
13:709-14.

https://doi.org/10.1038/nchembio.2370
PMID:28459440

Bustamante HA, Albornoz N, Morselli E, Soza A, Burgos
PV. Novel insights into the non-canonical roles of
PSMD14/POH1/Rpn1l in proteostasis and in the
modulation of cancer progression. Cell Signal. 2023;
101:110490.
https://doi.org/10.1016/j.cellsig.2022.110490
PMID:36241058

Du WQ, Zhu ZM, lJiang X, Kang MJ, Pei DS. COPS6
promotes tumor progression and reduces CD8* T cell
infiltration by repressing IL-6 production to facilitate
tumor immune evasion in breast cancer. Acta
Pharmacol Sin. 2023; 44:1890-905.
https://doi.org/10.1038/s41401-023-01085-8
PMID:37095198

Tse WK, You MS, Ho SH, Jiang YJ. The deubiquitylating
enzyme Cops6 regulates different developmental
processes during early zebrafish embryogenesis. Int J
Dev Biol. 2011; 55:19-24.
https://doi.org/10.1387/ijdb.103089wt
PMID:21425078

Cheng K, Cai N, Zhu J, Yang X, Liang H, Zhang W.
Tumor-associated macrophages in liver cancer: From
mechanisms to therapy. Cancer Commun (Lond). 2022;
42:1112-40.

https://doi.org/10.1002/cac2.12345 PMID:36069342

47.

48.

49.

50.

51.

52.

Mantovani A, Allavena P, Marchesi F, Garlanda C.
Macrophages as tools and targets in cancer therapy.
Nat Rev Drug Discov. 2022; 21:799-820.
https://doi.org/10.1038/s41573-022-00520-5
PMID:35974096

Li T, Fu J, Zeng Z, Cohen D, Li J, Chen Q, Li B, Liu XS.
TIMER2.0 for analysis of tumor-infiltrating immune
cells. Nucleic Acids Res. 2020; 48:W509-14.
https://doi.org/10.1093/nar/gkaa407

PMID:32442275

Murray PJ, Allen JE, Biswas SK, Fisher EA, Gilroy DW,
Goerdt S, Gordon S, Hamilton JA, Ivashkiv LB, Lawrence
T, Locati M, Mantovani A, Martinez FO, et al.
Macrophage activation and polarization: nomenclature
and experimental guidelines. Immunity. 2014; 41:14—
20.

https://doi.org/10.1016/j.immuni.2014.06.008
PMID:25035950

Yeung OW, Lo CM, Ling CC, Qi X, Geng W, Li CX, Ng KT,
Forbes SJ, Guan XY, Poon RT, Fan ST, Man K.
Alternatively activated (M2) macrophages promote
tumour growth and invasiveness in hepatocellular
carcinoma. J Hepatol. 2015; 62:607-16.
https://doi.org/10.1016/j.jhep.2014.10.029
PMID:25450711

Li Z, Wu T, Zheng B, Chen L. Individualized precision
treatment: Targeting TAM in HCC. Cancer Lett. 2019;
458:86-91.
https://doi.org/10.1016/j.canlet.2019.05.019
PMID:31129147

Dong N, Shi X, Wang S, Gao Y, Kuang Z, Xie Q, Li Y,
Deng H, Wu Y, Li M, Li JL. M2 macrophages mediate
sorafenib resistance by secreting HGF in a feed-
forward manner in hepatocellular carcinoma. Br J
Cancer. 2019; 121:22-33.
https://doi.org/10.1038/s41416-019-0482-x
PMID:31130723

WWWw.aging-us.com

8682

AGING


https://doi.org/10.2147/JHC.S239039
https://pubmed.ncbi.nlm.nih.gov/32021853
https://doi.org/10.1038/nchembio.2370
https://pubmed.ncbi.nlm.nih.gov/28459440
https://doi.org/10.1016/j.cellsig.2022.110490
https://pubmed.ncbi.nlm.nih.gov/36241058
https://doi.org/10.1038/s41401-023-01085-8
https://pubmed.ncbi.nlm.nih.gov/37095198
https://doi.org/10.1387/ijdb.103089wt
https://pubmed.ncbi.nlm.nih.gov/21425078
https://doi.org/10.1002/cac2.12345
https://pubmed.ncbi.nlm.nih.gov/36069342
https://doi.org/10.1038/s41573-022-00520-5
https://pubmed.ncbi.nlm.nih.gov/35974096
https://doi.org/10.1093/nar/gkaa407
https://pubmed.ncbi.nlm.nih.gov/32442275
https://doi.org/10.1016/j.immuni.2014.06.008
https://pubmed.ncbi.nlm.nih.gov/25035950
https://doi.org/10.1016/j.jhep.2014.10.029
https://pubmed.ncbi.nlm.nih.gov/25450711
https://doi.org/10.1016/j.canlet.2019.05.019
https://pubmed.ncbi.nlm.nih.gov/31129147
https://doi.org/10.1038/s41416-019-0482-x
https://pubmed.ncbi.nlm.nih.gov/31130723

SUPPLEMENTARY MATERIALS

Supplementary Figures

C2C2u832 smosinty

Rk 63 o 500

P 61 W8 1

Pk 69 o 88

Carmustnn sansinty
b s

Rk 8 o

Pk 68 v 0 0

ko 0

el T (e
A 4 . : g L : i I
! I S S IO S 1 g Sy | 1

0P oo ey

Pk € o

ik 9 v 8 1

Fisk 68 o W

AT13148 seremy

I T I R I I | 4
++ | | = "'+++ i++

(T o e (e
= 3 -’- §++!++5+*;++

wrotocan secany

Pk 9 1o 8 0

Pk 69 e 18 n

G5K2099022 sansiny

f
n

ki

a7

[ —
g % 8§ ¥ 8

1secn & 1o e semr oy secs
3 7 o w0 q s 2
s o 1 H o s :
H ¥ g H
10 ' § i g :
275 - 24 3
g i g ;u §
i o LI £ . i,
N ' 25 .
o b . i . o i 3 : :
o - C3 £g - o . W g - o £ - 3 g - 3
Pk 68 O e Pk 68 e 8 58 LT T e 88 W Rk 8 o B8 1 -
s —tm R e

-

Evinosa seneivy

asny

o - C3 - C - o = nin
Rk 68 o W8t Pk 8 e R Risk 68 o W Risk 69 o 8 ~on Rk B8 o 1 ik 6 o W b
-, i r = ) g ) I3 " { 1 10 ]
3 $ o : o 104 . :
' ; I - i 1, I’
5 2 S s
U ) 3 ) ] g :
I N o T ) L
ik 3 b O S Rk B9 e W Pk o W o ik 8 e ik 6 o Rk @ o
R PR . wo__ - ‘ —
. 4 ;! . bt ] 5
¢ 0 I ) oo
:
! ; gz ﬁ iu §, 4 E: i i
! : . ' H i
& I i Y Gl 5 i 1 A L H
P R AP e = CE—
Rk 6 o W Rk 6 o Rk €3 ov Rk B o W Rox @ v W v R o W
R 75 S —psnmn — ® . s e
g * ' o . A : .
+ + i + i i + i i
a H 1 . o
g + E, + ﬁ E ! 5; E : §, +
; | ! : L o !
Vo - won o - o o - o o - ED o - C o - EJ

www.aging-us.com

8683

AGING



Pk 69 e 20 o 1 o 8 Pk 6 O ok 1 Rk 68 o Rk 6 1

permets PR 134 — e e — ] PR S

! Mo M o r p [
@ y * |. * * i s L
8 ik 68 e B8 Pk 0 O Ak 8 1 W P 68 e 0 Rk 8 o W
) e i ——— e & o
r i o g
{ L P _l_ Rk | * Il _|_ oo
R B3 o W sk 6 o W0 o0 Pk 68 e W0 00 Pk 8 o sk B o W9 o sk 69w

R Py aoms 3 100]

rrp—

=
1
+

-~ ow e ogh low = high o i Tigh Tow - gh
k6 e Rk 3 o o Rk 1 o o Rk 68 o L L Rk B v
DSe-07 : § et ! PS2220u16 PE220016 000068 1 . ‘ 68
L. g1 I - 1 1 1
! o b + 2 * 1 + i
N ao) H £ o '
C3 = CO ow - Y o - £ o - o 3 - T o - >y
Pk 6 e Rk 6 o 8 o Risk 69 o W9 Risk 63 o W8 hor Risk 69 o W9 o Rk 69 o o
s — 100 e PR S o o vems _msew o )
E + i 1 I” T A | +
L P ..' o ow - high o -~ hgh *” ; - high " ow - gh # l; i high
Pk 88 o W8 1 L Pk 3 o 8 00 Pk B8 1 8 n Pk B8 1 0 0n Pk B8 v 0 n
I I £ e . - ket e i ¢ == 1 -
7] i (el
b : I ; S | ‘. i o
== i T *
! ow - gh E ow - high # o - :’l " ow - high o - high 3 o - high
Rk 63 o W rn Pk B o e Rk B8 o W o Rk B o W ik 68 oo 0 toh Pk 6 o W
R S R S— of —t 5 —_— o8 —_— " RS S
100 f’ ¢ ! 1 : o . X R : :
i + + W i I B
[ T i ] i, I Ed
B : i # + i : ﬁ 8
o = "; * ow b tigh k ow o high ki low = high e ow s Ngh tow 7y b
P B o W Rk €8 e B0 o Pk 6 b 0 hn ik 60 o W8 Rk €9 b W0 n Rk €9 W8 1n
e 25 B ] —be —eatzen 100 240t 2 00002
§: i . : ; r 2
I I L. i I + b
g‘, ) ; §” Bos § + L : g, ; *
tow — high ow high

ook B o W R 68 ov W0 v Rk ) Rk 9 o W L Y B
101 ’y =t . et . o e
I I 1 i I
Ei L i + i L

Supplementary Figure 1. Comparison of the sensitivity of various chemotherapeutic agents in distinct risk groups of the
TCGA-LIHC cohort.
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Supplementary Figure 2. Single-cell RNA-seq profiling in hepatocellular carcinoma. (A, B) The Seurat package is used to filter data

from individual cells. (C) Utilizing dimensionality reduction and the Seurat package, single-cell data can be clustered.
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Supplementary Table
Please browse Full Text version to see the data of Supplementary Table 1.

Supplementary Table 1. The matrix metalloproteinases-related genes in Mammalian Degradome database.
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