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Abstract

Background Hepatocellular carcinoma (HCC) is a highly lethal malignancy characterized by a complex pathological
mechanism involving multiple genes and progressive stages. The efficacy of targeted and immunotherapy remains
limited, highlighting the urgent need for a reliable model to predict prognosis and response to immune checkpoint
inhibitors (ICls).

Methods We developed an integrated model based on genes related to autophagy, senescence, dormancy,
mitochondrial function, and tumor stemness. The predictive capability of this model for HCC prognosis and ICl
response was evaluated. Single-cell transcriptomic analysis and immunocompetent mouse models were further
utilized to elucidate the role of model-associated genes in regulating the tumor immune microenvironment.

Results A 16-gene integrated model was constructed using genes associated with mitochondrial function,
autophagy, dormancy, stemness, and senescence. This model demonstrated robust predictive power for HCC
prognosis and ICI responsiveness. Single-cell trajectory analysis revealed that EZH2 plays a crucial role in immune
cell infiltration, activation, and HCC progression. Additionally, in vivo mouse models further indicated that EZH2 may
regulate CD8* T cell activation and exhaustion through the MIF-CD74 signaling pathway.

Conclusion The integrated model holds potential as a prognostic and predictive tool for HCC immunotherapy. EZH2
may influence CD8™ T cell activation and exhaustion via the MIF-CD74 axis, providing insights for patient stratification
and potential therapeutic strategies to enhance immunotherapy efficacy.
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Introduction

Hepatocellular carcinoma (HCC) is a highly prevalent
and lethal malignancy, representing the predominant
pathological subtype of primary liver cancer. The major-
ity of HCC patients are diagnosed at an intermediate to
advanced stage, often with underlying liver diseases such
as viral hepatitis and cirrhosis, which complicate treat-
ment and result in poor prognoses [1]. Although signifi-
cant progress has been made in surgical interventions,
locoregional therapies, targeted therapies, and immuno-
therapies in recent years, the overall survival of patients
with advanced HCC remains limited, and treatment effi-
cacy still needs further improvement [2].

For patients with advanced HCC who are ineligible for
surgery or locoregional therapies, a comprehensive treat-
ment approach combining targeted therapy and immu-
notherapy is commonly employed [3]. Targeted therapy
primarily involves tyrosine kinase inhibitors (TKIs) such
as sorafenib and lenvatinib; however, fewer than one-
third of patients derive clinical benefit from these treat-
ments, and resistance often emerges within six months
of initiation [4]. Following the results of the IMbravel50
clinical trial, the combination of the PD-L1 inhibitor
atezolizumab and the anti-angiogenic agent bevacizumab
has become the first-line treatment for patients with
advanced HCC [5, 6]. This regimen has demonstrated
superior overall survival and progression-free survival
compared to sorafenib. Despite these breakthroughs, the
objective response rate remains only 33.2%, highlighting
the need to identify patient subgroups most likely to ben-
efit from immune checkpoint inhibitors [6]. Therefore,
there is an urgent need to develop reliable models for
predicting prognosis and immunotherapeutic responses
to advance personalized precision treatment for HCC
patients.

Autophagy is a highly conserved cellular process
through which cells degrade and recycle damaged and
unnecessary proteins, dysfunctional organelles, intra-
cellular pathogens, and stored nutrients [7]. Autoph-
agy plays a dual role in different stages of cancer. In the
early stages of tumor development, it acts as a tumor
suppressor by maintaining genomic stability, reducing
DNA and reactive oxygen species (ROS) damage, inhib-
iting necrosis and inflammation, and stimulating anti-
tumor immunity [8]. However, during tumor progression
and advanced stages, autophagy often facilitates tumor
growth, invasion, and metastasis.

Cancer stem cells (CSCs) are a subpopulation of tumor
cells with stem cell-like properties, exhibiting both stem-
ness and tumorigenic characteristics. Autophagy is essen-
tial for maintaining CSC stemness. It induces various

transcription factors involved in CSC self-renewal and
tumor aggressiveness, including core stemness regulators
such as SOX2 and NANOG [9, 10]. Additionally, autoph-
agy regulates CSC metabolism by providing an alterna-
tive energy source under nutrient-deprived conditions
[11].

Cellular senescence refers to a state in which cells lose
their proliferative capacity in response to intrinsic and
extrinsic stressors while retaining metabolic activity [12—
14]. Autophagy and senescence share multiple overlap-
ping features, suggesting that they may act cooperatively
to protect cells from external stresses, such as radiation
and chemotherapy, as well as internal stresses, includ-
ing telomere shortening and oncogene activation [15].
Autophagy exhibits a dual role in regulating senescence.
Initially, it was considered to delay senescence by clearing
damaged proteins and organelles. However, subsequent
findings indicate that autophagy can also promote senes-
cence by facilitating the synthesis of the senescence-asso-
ciated secretory phenotype (SASP), particularly in tumor
cells [16, 17].

Dormancy refers to a temporary state of metabolic
inactivity and proliferative arrest [18]. It serves as a self-
protective mechanism that enables cells to withstand
unfavorable conditions, stress, or therapeutic interven-
tions such as chemotherapy and radiotherapy. Dormancy
is commonly observed in tumor cells, stem cells, and
immune cells. In CSCs, oncogene inactivation can induce
proliferating tumor cells to enter a dormant state, which
is associated with the loss of differentiation potential
and/or self-renewal capacity. However, this dormancy
is reversible, as tumor cells can regain their self-renewal
ability upon oncogene reactivation [19].

The interplay among autophagy, senescence, and dor-
mancy in tumor initiation, progression, and treatment
is highly complex. Oncogene inactivation induced by
cellular senescence can suppress tumor progression by
preventing cancer cell self-renewal. However, it can also
lead to tumor dormancy, contributing to tumor eva-
sion, recurrence, and metastasis [20]. In both tumors
and the tumor microenvironment, autophagy, senes-
cence, and dormancy exert intricate and dual effects on
tumor progression. In the early stages of tumor develop-
ment, they may suppress tumor growth by limiting cel-
lular damage, preventing uncontrolled proliferation, or
eliminating cancerous cells [21]. However, during can-
cer treatment, these processes often promote tumor
progression by enhancing cancer stemness, leading to
resistance to chemotherapy and radiotherapy, facilitat-
ing immune evasion, or suppressing immune function
within the tumor microenvironment [10].The complex
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interactions among these processes pose significant
challenges for cancer therapy while also offering poten-
tial therapeutic strategies, such as targeting cancer stem
cells through autophagy inhibition, senescence modula-
tion, or dormancy-targeted therapies, as well as regulat-
ing the immune microenvironment. However, the precise
relationship between autophagy, senescence, dormancy,
mitochondrial function, and cancer stemness in hepato-
cellular carcinoma remains largely unexplored.

Single-cell sequencing enables multidimensional anal-
ysis of individual cells at the genomic, transcriptomic,
and epigenomic levels, providing more refined biologi-
cal insights than traditional bulk sequencing [22]. It has
significant value in tumor microenvironment (TME) and
immunotherapy research. Immune checkpoint inhibi-
tors, such as PD-1/PD-L1 inhibitors, have become essen-
tial therapeutic strategies for various cancers. Single-cell
sequencing facilitates the characterization of immune cell
dynamics within the TME before and after immunother-
apy, providing crucial insights for predicting therapeutic
responses. Additionally, it can identify gene expression
profiles and cellular subtypes associated with immuno-
therapy efficacy, aiding in the selection of patients more
likely to benefit from treatment [23]. Furthermore, single-
cell sequencing helps unveil the molecular characteristics
of tumor and immune cells, contributing to the discovery
of novel tumor immune evasion mechanisms [24].

In this study, we screened and constructed an inte-
grated model based on genes related to autophagy, senes-
cence, dormancy, mitochondrial function, and cancer
stemness. We evaluated the model’s predictive ability for
prognosis and response to immune checkpoint inhibi-
tors in hepatocellular carcinoma patients. Furthermore,
through single-cell data analysis and immunocompetent
tumor transplantation mouse experiments, we eluci-
dated the role of genes within the model in regulating the
tumor immune microenvironment.

Materials and methods

Data source

The sequencing data, single-cell sequencing data, and
clinical data were obtained from TCGA (https://www.can
cer.gov/tcga/) and GEO (https://www.ncbi.nlm.nih.gov/g
eo). This study primarily utilized the following databases:
TCGA-LIHC (n =422, including 50 controls), GSE78220
(n=28), GSE166635 (scRNA-seq, 25,189 single-cell tran-
scriptomes from 2 patients) [25], and GSE125449 (19
tumors) [26]. For genes detected by multiple probes, the
average expression level was used. Expression data were
quantile-normalized after log transformation.

Genes related to autophagy (n=232, Human Autoph-
agy Database, autophagy.lu/clustering/index.html) [27,
28], dormancy (n=11) [18], mitochondrial function
(n=1136) [29], senescence (n=417, CellAge, https://gen
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omics.senescence.info/cells/) [30], and stemness (n=21)
[31] were collected from published literature and public
databases (Supplementary Table 1).

Model construction and validation

The TCGA-LIHC cohort (n=422, including 50 controls)
was used as the training set. First, univariate analysis was
performed on the hallmark genes related to autophagy,
dormancy, mitochondrial function, senescence, and
stemness, to identify genes with significant prognostic
value for overall survival. Next, multivariate Cox regres-
sion analysis was conducted to establish prediction mod-
els for each signaling pathway. The integrated model was
constructed using the effective genes identified from the
aforementioned models (n=37). LASSO regression was
applied for variable selection and shrinkage by imposing
an L1 penalty on the regression coefficients while mini-
mizing the residual sum of squares. Cross-validation was
used to determine the optimal A value.

Comparison with published models

We collected 27 liver cancer prognosis models estab-
lished using LASSO regression. The risk score was calcu-
lated as X(Pi * Exp.i), where i represents the number of
prognostic genes, Pi denotes the coefficient of gene i, and
Exp.i represents the expression level of gene i. Receiver
operating characteristic (ROC) analysis was performed
to compare the integrated model with the 27 published
models.

Evaluation of the model’s predictive ability forimmune
checkpoint inhibitor response

The Tumor Immune Dysfunction and Exclusion (TIDE)
software (website: http://tide.dfci.harvard.edu/) was used
to calculate the tumor TIDE score for predicting the
response to immune checkpoint blockade (ICB) therapy
[32]. This database was established by integrating data
from 188 tumor cohorts, 12 published ICB clinical tri-
als, and 8 CRISPR screening datasets aimed at identify-
ing regulators of lymphocyte-mediated cancer killing
and anti-cancer immune responses [33]. The database
derives a total score by combining immune dysfunc-
tion and immune exclusion scores, which predicts the
tumor’s response to immune checkpoint inhibitors. A
higher TIDE total score typically indicates poorer treat-
ment response and prognosis. TCGA data were used as
input to predict immune checkpoint inhibitor responses
in the TIDE analysis, and immune response differences
between high-risk and low-risk groups in the integrated
model were calculated.

Evaluation of immune cell infiltration
Immune cell infiltration in tumor tissues was assessed
using the Tumor Immune Estimation Resource (TIMER)
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(http://timer.cistrome.org/). TIMER utilizes RNA-seq
expression data to examine immune cell infiltration in
tumor tissues. It provides estimates for the infiltration
levels of six immune cell types: B cells, CD4* T cells,
CD8" T cells, neutrophils, macrophages, and dendritic
cells. Additionally, we used CIBERSORT (https://ciberso
rtx.stanford.edu/) to assess immune infiltration in tumor
tissues. CIBERSORT is based on the unique gene expres-
sion profiles of immune cell types, and it infers the pro-
portions of each cell type by quantifying the similarity
between the sample and known reference cell types.

Construction of the nomogram
The nomogram visualizes the relationships between mul-
tiple variables. Patient data, including gender, age, grade,
TNM stage, and model score, were used as variables. The
nomogram was constructed using the “nomogram” func-
tion in the “rms” package in R.

Cell pathway and functional enrichment

Gene Set Variation Analysis (GSVA, “GSVA” R pack-
age) and Gene Set Enrichment Analysis (GSEA) software
were used to compare pathway enrichment differences
between high-risk and low-risk groups. The hallmark (H),
KEGG (C2), and ontology (C5) gene sets were employed
to analyze the differences between the high-risk and low-
risk groups.

Single-cell RNA sequencing data analysis

Single-cell RNA sequencing data from public databases
GSE166635 and GSE125449 were downloaded from
GEO. After quality control, alignment and mapping,
cell barcode identification and correction, and estima-
tion of molecular counts using unique molecular identi-
fiers (UMI), a count matrix was generated, representing
the estimated number of different molecules produced
by each gene in each quantified cell. The data were nor-
malized, and highly variable features were identified and
scaled. Cells with low (<200) or high (>5000) feature
counts and those with a high percentage of mitochon-
drial genes (>15%) were removed. Linear dimensionality
reduction was performed using PCA to determine the
dataset’s dimensions. Non-linear dimensionality reduc-
tion was done using UMAP or tSNE for better data visu-
alization. Initial cell annotation was conducted using
singleR, followed by manual selection of marker genes
to finalize cell type annotation. Differentially expressed
features between different cell populations (cluster bio-
markers) were identified to reveal key gene expression
changes. Pseudotime analysis was performed to explore
the dynamic changes of cells and reveal the develop-
mental trajectory. Cell-cell interaction relationships
were interpreted through cell communication analy-
sis. Functional enrichment analysis was conducted on
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differentially expressed genes to uncover their potential
roles in biological processes.

Cell counting Kit-8 experiment

HCC cells were seeded into a 96-well plate at a density of
2000 to 5000 cells per well. After the cells adhered to the
plate, the designated concentrations of drugs were added,
and the cells were treated for 3 days. Cell viability was
assessed using CCKS, and absorbance was measured at
a wavelength of 450 nm according to the manufacturer’s
instructions.

Animal experiment

EZH2 inhibitor SHR2554 was provided by Jiangsu Hen-
grui Medicine Co., Ltd. (Jiangsu, China). Hepal-6 cells
(2x 1076 cells per mouse) were injected subcutaneously
into the right shoulder of 6-week-old male C57BL/6
immunocompetent mice. The mice were divided into two
groups, with 5 mice per group: control group (solvent)
and treatment group (treated with SHR2554 at 200 mg/kg
daily by oral gavage). Tumor volume was assessed using
the modified ellipsoid formula based on caliper measure-
ments: tumor volume=1/2 x length x width®. When the
tumor volume reached approximately 100 mm?® on aver-
age, the mice were randomly assigned to two groups.
Tumor volume, body weight, food intake, and overall
health status were monitored. If a mouse lost more than
15% of its body weight or failed to thrive, it was eutha-
nized. All mice were housed in a 12-hour light/dark cycle
environment with ad libitum access to food and water.
After 12 days of treatment, the mice were euthanized,
and tumor tissues were harvested. The experiment was
conducted with efforts to minimize animal suffering.

Flow cytometry

Tumor tissues from mice were carefully collected to avoid
contamination with surrounding normal tissue. The
tumor tissue was minced into small pieces and digested
with an appropriate amount of collagenase IV solution
at 37 °C for 30—60 min with constant shaking. The digest
was filtered using a 40 um cell strainer to obtain a single-
cell suspension. The suspension was centrifuged at 800 g
for 5 min, and the supernatant was discarded. The pel-
let was resuspended in FACS buffer. After excluding dead
cells using Fixable Viability Dye, a mixture of fluorescent
antibodies targeting CD8" T cells and activation/exhaus-
tion markers was added and incubated on ice for 30 min.
Flow cytometry settings were adjusted with appropri-
ate compensation and gating strategies to collect sample
data. Data analysis was performed using FlowJo (version
10.8.1) software, including gating and quantification of
the expression ratios of activation and exhaustion mark-
ers, which were visualized using relevant scatter plots.
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Immunohistochemistry and scoring

Tumor tissues from mice were dewaxed and rehydrated,
then sectioned. The tissue sections were placed in 0.01 M
citrate buffer and subjected to high-temperature pressure
heating for antigen retrieval. After blocking with 5% BSA,
primary antibodies were applied to cover the entire tissue
section, and the sections were incubated in a humidified
chamber at 4 °C overnight. After incubation with second-
ary antibodies, the sections were stained with streptavi-
din-biotin complex (SABC) working solution and DAB.
After dehydration, the tissue sections were mounted
using neutral resin.

Immunohistochemistry intensity was graded on a four-
level scale: “0” for no staining, “1+” for faint staining vis-
ible under high magnification, “2+” for moderate staining
between “1+” and “3+” levels, and “3+” for dark staining
visible under low magnification. The area of each inten-
sity level was calculated using Image] software. The H
score was calculated as follows:

H score =1 x (% of “1 47 area) + 2 x (% of “2+ " area)
+3x (% of “3+7 area) .

Antibody information:
Anti-CD74 (abcam, #ab289885).
Anti-EZH2 (abcam, ab283270).
Anti-MIF (STARTER, S-1007-34).
Anti-Ki67 (abcam, ab15580).

Statistical analysis

All statistical analyses were performed using R software
(version 4.4.1). The Kaplan-Meier method was used to
assess overall survival, and the log-rank test was applied
to evaluate the statistical significance of differences.
The “timeROC” R package was utilized to estimate the
time-dependent receiver operating characteristic (ROC)
curves for survival prediction. The waterfall plot was gen-
erated using the “maftools” R package. Nomograms were
constructed using the “regplot” and “rms” R packages.
Single-cell RNA sequencing data analysis was conducted
using the “Seurat,” “SingleR,” “inferCNV;” “CellChat,” and
“Monocle2” R packages. Pearson’s correlation coefficient
(r) was used to assess the correlation between two con-
tinuous variables. A P-value of less than 0.05 was consid-
ered statistically significant, unless otherwise stated.

Results

Identification of prognosis-related genes and construction
of the integrated model

We obtained genes associated with mitochondria,
autophagy, dormancy, stemness, and senescence from
published literature and public databases. In the TCGA-
LIHC dataset, univariate analysis was first performed to
exclude genes not significantly associated with prognosis
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(P>0.05). The remaining genes were then subjected to
multivariate Cox regression analysis to construct sur-
vival prediction models for each signaling pathway.
Additionally, differential expression analysis was con-
ducted, and the expression differences of genes included
in the survival prediction models between paired tumor
and non-tumor liver tissues were visualized using ridge
plots (Fig. 1A—E). Genes that met the criteria of P<0.05
in multivariate Cox regression analysis and exhibited sig-
nificant differential expression between tumor and non-
tumor liver tissues (P<0.05) were selected as candidate
genes. These candidate genes were further incorporated
into a LASSO regression model to develop the integrated
prognostic model.

Evaluation of prognostic models and performance of the
integrated model

We conducted time-dependent ROC analysis for each
prognostic model. The results showed that the integrated
model achieved an AUC>0.8 at 1, 2, 3, 4, and 5 years,
consistently outperforming the prognostic models con-
structed using genes related to mitochondria, autophagy,
dormancy, stemness, and senescence (Fig. 2A). At the
5-year mark, the AUC of the integrated model reached
0.884, while the autophagy- and mitochondria-based
models had AUCs between 0.7 and 0.8. In contrast, the
dormancy-, senescence-, and stemness-based mod-
els exhibited AUCs<0.7, indicating that the integrated
model had the highest predictive accuracy (Fig. 2B).
Additionally, in the time-dependent ROC analysis of the
integrated model, the AUC increased over time, suggest-
ing an improvement in prediction accuracy with longer
follow-up (Fig. 2C).

The integrated model was composed of 16 genes,
including six mitochondria-related genes (GOT2, RPS,
TIMM23, TIMMDC1, MUYTH, and RABS5IF), four
autophagy-related genes (HSPAS, HSP90AB1, RELA,
and RAB7A), four senescence-related genes (MCRSI,
FANCD2, ASF1A, and STK32C), and two stemness-
related genes (EZH2 and BMI1). Correlation analysis of
mRNA expression levels revealed a strong positive cor-
relation between EZH2 and FANCD?2, as well as between
TIMMDC1 and RAB7A. Conversely, GOT2 showed
a negative correlation with HSPA8 and HSP90ABI1
(Fig. 2D). Furthermore, we assessed the correlation
between the integrated model score and the scores of
other models, demonstrating the highest correlation
with the mitochondria- and senescence-based models
(Fig. 2E).

Subsequently, we performed prognostic analyses for
all models. Kaplan—Meier survival curves indicated
that the integrated model provided superior prognos-
tic stratification for HCC patients compared to models
based on mitochondria, autophagy, dormancy, stemness,
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Fig. 1 Differential expression analysis of paired liver cancer tumor tissues and non-tumor liver tissues in the TCGA liver cancer database, along with multi-
variable Cox regression analysis, illustrates the prognostic significance of genes from each model in liver cancer. We constructed prognostic models based
on mitochondrial (A), autophagy (B), dormancy (C), stemness (D), and aging (E) genes. Differential expression of genes between liver cancer tumor tissues
and non-tumor liver tissues was determined using paired t-tests and presented as peak plots. The hazard ratios are shown in the forest plot

or senescence-related genes (Fig. 2F). Additionally, we
reviewed 27 published LASSO-based prognostic models
for HCC and found that our integrated model achieved
the highest 5-year AUC, further confirming its predic-
tive accuracy (Fig. 2G and Supplementary Table 2). Col-
lectively, these results demonstrate that the integrated
model, based on mitochondria-, autophagy-, dormancy-,
stemness-, and senescence-related genes, offers superior
prognostic capability for HCC.

Association between the integrated model, immune
infiltration, and immunotherapy response

To investigate the relationship between the integrated
model and immune infiltration, we analyzed the correla-
tion between the risk scores of the integrated model and
50 immune checkpoints and regulatory molecules. The

results indicated a strong association between the inte-
grated model score and various immune-related ligands,
receptors, and co-stimulators, suggesting potential
immunological relevance (Fig. 3A). Enrichment analysis
further revealed differences in the immune microenvi-
ronment between high- and low-risk groups. Specifically,
Hallmark enrichment analysis indicated significant
enrichment of inflammatory response pathways in the
high-risk group, while KEGG analysis showed enrich-
ment of immune networks for IgA production. Addi-
tionally, GO analysis revealed significant enrichment of
adaptive immune response (GO BP), immunoglobulin
complex (GO CC), and antigen binding (GO MF) in the
high-risk group (Supplementary Fig. 1).

To preliminarily explore immune infiltration differences
between the high-risk (integrated model score > median)



Zhou et al. Journal of Translational Medicine

(2025) 23:1040

Page 7 of 18

B = Ce
0.88
2 © ©
0.84 — ® Integration C e
e Mitochondrion
080|a—* >
Autophage %‘g - g =%
00.76 ® Senescence ¥ 2
2 - @ Stemness § < ~—"Integration, AUC=0.884 3 3
- ® Dormancy N »*"~ Autophage, AUC=0.725 > .
Y e = o —— AUC at 1 years: 0.805
0.68 Dormancy AUC=0.629 Y - —AUC at 2 years: 0812
= Mitochondrion, AUC=0.764 AUC at 3 years: 0.828
il ° ~—— Senescence, AUC=0.69] ~——AUC at 4 years: 0.839
o = ~ AUC at 5 years: 0.884
0.60 o —— Stemness, AUC=0.641 L = - . -
1 T ear 5 00 02 04 06 08 10 00 02 04 06 08 10
Ime;(year) 1-Specificity 1-Specificity
D E Mitochondrion Senescence Correlation
Correlation . -1 -05 0 05
RRP8 TIMM23 -1 -05 0 05 1 \ ] ¢
[ ] @"'Vvoct \
GOT2 HSPAS \ \_ ® Integration
? ® Mitochondrion \ \ ® ;Aitochondrion
Autophage | utophage
BMI1 @ v HSP90AB1 © Senescence Autophage ] ‘i Stemness ® Senescence
\ bR ® Stemness [ @ Stemnass
MUTYH @ . . - o V. A .MCRS1 ® Dormancy | @ Dormancy
FANCD2
EZH2
Dormancy J .
3
RELA STK32C Combine
o
RAB7A A§F1A RABSIF G o ]
group - low - high group - low - high g i
1.00 1.00:
Autophage Dormancy
2 2 2o | i
3075 5075 2°
g 3 2
] 2 R =
£ a o I
5050) ----- : B050| - - - - -3 b == - - - :
1
5 : g 1 ~
®0.25{ p <0.0001! ®025{ p<00001 ! 1 H
! : . &
0.00 | 0.00 ' : °g T . T T
0 30 60 120 0 30 60 90 120 0.0 0.2 O.i 06 1.0
Time(months) Time(months) 1-Specificity
) i ~ Integration, AUC=0.884
group - low - high group - low-+high Zhen Zhang, AUC=0.612
1001 ¢ Mitochondrion i Senescance —— Min Deng, AUC=0.685
= = —— Jieying Liang, AUC=0.669
§0.75 g 0.75 ~—— Xingyu Peng, AUC=0.647
[} <] Cheng Yan, AUC=0.574
2050 e _______! 1 =050 s ~—— Xiaodong Qu, AUC=0.515
S 7 5 3 q ~— Xiaorui Liu, AUC=0.679
a 025 <0060 : @ 025 ; : — Cong Zhang, AUC=0.648
25,1 p:<10.0001, 23 p=0.000) i ~—— Shaohua Xu, AUC=0.724
; : : . —— Ke Li, AUC=0.484
0.00 ' ! 0.00 ! ! — Xiaogiang Wang, AUC=0.682
0 30 ] 60 90 120 0 30 60 90 120 ~—— Yongguang Wei, AUC=0.594
Time(months) Time(months) ~—— Diankui Cai, AUC=0.615
groups lowzghigh group - low = high ~—— Haoling Li, AUC=0.626
1.00 Stemness 1.00 Integration ~ Yangxun Pan, AUC=0.649
2 > — Yu Xiao, AUC=0.629
§ 0.75 % 0.75 — Jianlin Chen, AUC=0.695
S 8 —— Hongjin Wang, AUC=0.638
s = — Xu Chen, AUC=0.736
L R R Eo%0 —— Dongxiao Ding, AUC=0.689
5 . } s —— Lisha Mou, AUC=0.644
0.25{ p<0.0001 | . - 0.25 —— Xiaofeng Xiong, AUC=0.579
: : = Huibin Yang, AUC=0.655
0.00 | ' 0.00: — Chong Pang, AUC=0.669
0 30 60 90 120 0 60 120 — Yanlong Shi, AUC=0.636
Time(months) Time(months) —— Xiaqing Gao, AUC=0.676

Fig. 2 (See legend on next page.)

— Kangsheng Tu, AUC=0.767



Zhou et al. Journal of Translational Medicine (2025) 23:1040

(See figure on previous page.)

Page 8 of 18

Fig. 2 Evaluation of the performance of six prognostic models. A Area under the receiver operating characteristic (ROC) curve for the six prognostic
modelsat 1,2, 3,4,and 5 years. BROC curves of the six prognostic models. C Time-dependent ROC curves for the Integrated model. D Correlation analysis
showing the associations between genes in the Integrated model and their respective model origins. E Correlation analysis showing the associations
between the six models. F Kaplan-Meier survival curve analysis demonstrating prognostic differences between high-risk and low-risk groups for the six
models. The survival curves are shown with 95% confidence intervals and analyzed by log-rank test. G ROC curves showing the AUC of the Integrated

model and 27 published liver cancer prognostic models

and low-risk (integrated model score<median) groups,
we used TIMER to predict the infiltration levels of six
immune cell types, including B cells, CD4" T cells, CD8*
T cells, neutrophils, macrophages, and dendritic cells.
The results showed that the high-risk group exhibited
significantly higher infiltration levels of all six immune
cell types (Fig. 3B). Furthermore, we applied CIBER-
SORT to assess the correlation between gene expression
in the integrated model and the infiltration proportions
of 18 immune cell types in the tumor microenvironment.
The top six immune cells showing the strongest correla-
tion with the integrated score are presented in Fig. 3C, D.

The Tumor Immune Dysfunction and Exclusion
(TIDE) algorithm was utilized to evaluate the response
of TCGA-LIHC patients to immune checkpoint block-
ade (ICB) therapy. This model categorizes patients as
responders (TIDE score<0) or non-responders (TIDE
score >0) (Fig. 3E). Patients in the high-risk group exhib-
ited significantly higher TIDE scores, indicating a greater
likelihood of non-response to immune checkpoint inhibi-
tors (Fig. 3F, G).

Additionally, we applied the integrated model to other
cancer cohorts. Although GSE78220 is a melanoma
cohort, both melanoma and HCC are considered immu-
nogenic tumors with shared immune features, such as T
cell exhaustion and immune checkpoint expression pat-
terns. Therefore, the use of GSE78220 provides a relevant
immunological context for validating immune-related
predictive signatures [34, 35]. In the melanoma cohort
(GSE78220), patients in the high-risk group (integrated
score>median) demonstrated a lower response rate
to anti-PD-1 therapy compared to the low-risk group
(38.46% vs. 66.67%) (Fig. 3H). Moreover, the prognosis
of high-risk patients was significantly worse than that of
low-risk patients (P =0.022) (Fig. 3I).

In summary, patients in the high-risk group exhibited
lower response rates to immune checkpoint inhibitors,
suggesting that the integrated model score may serve as a
predictive biomarker for immunotherapy sensitivity.

Genetic alterations in the integrated model and
construction of the nomogram model

We systematically analyzed the copy number varia-
tion (CNV) frequency of gene gains and losses for the
16 genes included in the integrated model. Among
them, nine genes (HSP90AB1, EZH2, FANCD2, RRPS,
TIMM23, RAB7A, MCRS1, BMI1l, and RABS5IF)

exhibited a higher frequency of CNV gains than losses,
whereas the remaining seven genes (STK32C, MUTYH,
RELA, GOT2, ASF1A, HSPA8, and TIMMDC]1) showed
a higher frequency of gene loss (Fig. 4A). A Circos plot
illustrated that these 16 genes are distributed across mul-
tiple chromosomes (Fig. 4B).

The waterfall plot revealed that patients in the low-
risk group exhibited a higher mutation rate in TTN and
CTNNBI, whereas the high-risk group showed higher
mutation rates in TP53 and ABCA13 (Fig. 4C, D). To fur-
ther enhance the clinical utility of the integrated model,
we constructed a nomogram model incorporating the
integrated risk score along with clinical and pathological
features in the study cohort. Variables including sex, age,
tumor grade, TNM staging, and risk score were assigned
values ranging from 0 to 100. The sum of these values
generated a total score, which can be used to predict
patient prognosis (Fig. 4E-G).

Single-cell sequencing analysis
The previous analyses were based on bulk transcriptomic
data, which represent mixed information from various
cell populations but lack the resolution to delineate the
cellular diversity within the TME at the single-cell level.
To address this limitation, we leveraged single-cell RNA
sequencing (scRNA-seq) data from liver cancer tissues to
investigate the role of the genes in the integrated model
in both liver cancer cells and immune-infiltrating cells.
We retrieved single-cell sequencing datasets
GSE166635 and GSE125449 from the GEO database,
where GSE166635 served as the training dataset, and
GSE125449 was used for validation. After a multi-step
quality control and filtering process, we performed cell-
type annotation based on marker genes. In GSE166635,
cells were classified into eight subpopulations, including
endothelial cells, hepatocytes, liver cancer cells, Kupffer
cells, macrophages, T cells, CD8"* T cells, and exhausted
CD8" T cells (Fig. 5A, B). In GSE125449, an additional
CD4" T cell cluster was identified, leading to a total of
nine cell populations (Supplementary Fig. 2A, B). We
then analyzed the differential expression of the 16 genes
in the integrated model across different cell subpopula-
tions and visualized the top three genes with the most
significant differential expression using UMAP plots
(Fig. 5C and Supplementary Fig. 2C). To further charac-
terize chromosomal alterations in liver cancer cells, we
employed InferCNV to identify large-scale copy number
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variations (CNVs) in
using endothelial cells

the single-cell sequencing data,

as a reference. The results indi- levels.

cated that liver cancer cells exhibited higher CNV levels

than hepatocytes, reinforcing the malignant nature of
the identified liver cancer cells (Fig. 5D). Consistently,
InferCNV analysis demonstrated that most model genes
in malignant hepatocytes exhibited expression trends
matching their CNV status, with CNV gains (EZH2,
RABS5IF, RRP8, BMI1) corresponding to higher transcript

levels and CNV losses (GOT2, TIMMDCI1) to lower

Dynamic changes in integrated model genes during
cellular transition

To explore whether the genes in the integrated model
contribute to cell fate decisions during immune cell acti-
vation and liver cancer cell evolution, we constructed
single-cell trajectories. Our analysis revealed that dur-

ing the transition from hepatocytes (red) to liver cancer
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cells (green), the expression level of EZH2 exhibited a
dynamic increase during tumor differentiation in both
GSE166635 and GSE125449 (Fig. 6A, B, Supplementary
Fig. 2D). This suggests that these genes may play a role
in determining the fate of tumor cells. Furthermore, in
liver cancer tissues, CD8" T cells undergoing exhaustion
showed elevated expression of HSP90AB1 (Fig. 6C, D,
Supplementary Fig. 2E). Additionally, during the differ-
entiation of Kupffer cells, we observed dynamic change
in EZH2 expression (Fig. 6E, F, Supplementary Fig. 2F).
These findings indicate that specific genes in the inte-
grated model are dynamically regulated during cancer
progression and immune cell exhaustion, highlighting
their potential roles in tumor evolution and immune
modulation.

Role of EZH2 in the fate determination of liver cancer cells

Given the functional significance of EZH2 in both liver
cancer cells and immune cells, we stratified cell sub-
populations into high- and low-EZH2 expression groups

based on the median EZH2 expression level. Through dif-
ferential expression analysis, we identified significantly
differentially expressed genes across various cell sub-
populations (Fig. 7A). UMAP visualization indicated that
EZH2 expression was predominantly enriched in Kupffer
cells and liver cancer cells (Fig. 7B). To further investigate
the intercellular communication between liver cancer
cells and other cell types, we analyzed ligand-receptor
interactions. Our results revealed that the MIF-CD74
signaling axis was the most significant ligand-receptor
interaction between liver cancer cells and other cells
(Fig. 7C, Supplementary Fig. 3A). Hierarchical clustering
analysis demonstrated that liver cancer cells had strong
interactions with exhausted CD8* T cells, CD8" T cells,
and Kupfter cells (Fig. 7D, Supplementary Fig. 3B).

Since the MIF signaling pathway emerged as the key
intercellular communication axis, we examined the
expression of critical genes in this pathway across differ-
ent cell populations. MIF was predominantly expressed
in liver cancer cells, while CD44 and CXCR4 were highly
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expressed in exhausted CD8" T cells and CD8" T cells.
Additionally, CD74 was mainly expressed in exhausted
CD8" T cells, Kupffer cells, and macrophages, provid-
ing a theoretical basis for the regulation of the tumor
microenvironment by liver cancer cells through the MIF-
CD74/CD44/CXCR4 signaling axis (Fig. 7E, Supplemen-
tary Fig. 3C). Furthermore, our cell-cell communication
analysis indicated that cells with high EZH2 expression
exhibited a greater number and stronger intensity of
intercellular interactions compared to those with low
EZH2 expression (Fig. 7F, Supplementary Fig. 3D). Circu-
lar plots further visualized the quantitative and qualita-
tive differences in intercellular communication between
high- and low-EZH2 expression groups (Fig. 7G, H,
Supplementary Fig. 3E). These findings suggest that liver
cancer cells may modulate the tumor microenvironment
through EZH2-mediated regulation of the MIF signaling
axis, thereby influencing immune cell interactions and
tumor progression.

EZH2 regulates CD8* T cell activation and exhaustion via
the MIF-CD74 axis

To investigate how EZH2 influences CD8" T cells
through the MIF-CD74 signaling axis, we first exam-
ined the effects of the EZH2 inhibitor SHR2554 on liver
cancer cells at the cellular level. Our results showed that
SHR2554 exhibited a more pronounced inhibitory effect
on the murine liver cancer cell line Hepal-6 compared
to human liver cancer cell lines SNU449, PLC/PREF/5,
and MHCC97H (Fig. 8A). To further explore how EZH2
inhibition affects CD8" T cells, we established a C57BL/6
immunocompetent mouse model of liver cancer and
divided the mice into two groups, treated with vehicle

or SHR2554. The results demonstrated that treatment
with 200 mg/kg/day of SHR2554 significantly suppressed
tumor volume without affecting body weight (Fig. 8B—
E). EZH2 inhibition promoted CD8" T cell activation,
as evidenced by an increase in the production of IFN-y
and Granzyme B (GranB) (Fig. 8F). These findings sug-
gest that tumor-derived EZH2 may negatively regulate
CD8" T cell activation. Interestingly, we also observed
that EZH2 inhibition significantly reduced the frequency
of PD1* CD8" T cells in mice, suggesting that EZH2
may be involved in T cell exhaustion regulation, thereby
enhancing antitumor immunity (Fig. 8G). Consistently,
shRNA-mediated knockdown of EZH2 or pharmacologi-
cal inhibition with SHR2554 in mouse HCC cell led to a
marked reduction in MIF mRNA and protein levels, indi-
cating a positive association between EZH?2 activity and
MIF expression (Supplementary Fig. 4).

Further analysis revealed that treatment with the EZH2
inhibitor led to a significant downregulation of EZH2
and MIF expression in murine liver cancer tumors. Addi-
tionally, Ki67, a proliferation marker, was also mark-
edly decreased in the SHR2554-treated group (Fig. 8H,
I). Using TCGA liver cancer datasets, we found a posi-
tive correlation between EZH2 and MIF mRNA expres-
sion levels (R=0.25, P<0.0001) (Fig. 8]). Similarly,
immunohistochemical analysis of murine subcutaneous
tumors confirmed a positive correlation between EZH2
and MIF expression (R=0.67, P=0.034) (Fig. 8K). Fur-
thermore, immunofluorescence analysis showed that
SHR2554 treatment led to decreased CD74 expression
and increased CD8" T cell infiltration (Fig. 8L). Taken
together, these findings suggest that EZH2 may regu-
late CD8" T cell activation and exhaustion through the
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Fig. 7 The role of EZH2 in liver cancer. A Based on the median expression of EZH2, cells are divided into high-expression and low-expression EZH2
groups. The scRNA cluster volcano plot shows differential gene expression analysis, displaying upregulated and downregulated genes in all 8 cell types.
llog2Fold change| >0.25, p value <0.05. B UMAP plot displaying the distribution of high and low expression of EZH2 across the 8 cell types. C Bubble
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represents specific ligand-receptor pairs. The color of the circles represents the communication probability, and the size of the circles represents the sig-
nificance of the communication (p-value). D Hierarchy plot split into two parts: the left half shows autocrine and/or paracrine signaling of hepatocytes,
liver cancer cells, and macrophages; the right half displays autocrine and/or paracrine signaling of CD8 T cells, endothelial cells, exhausted CD8 T cells,
Kupffer cells, and T cells. The source cell types are shown as solid circles, and target cell types are shown as hollow circles. The left side of the plot posi-
tions the target for hepatocytes, liver cancer cells, and macrophages in the middle, illustrating the effects of different cell types on these three cell types.
The right side positions the target for CD8 T cells, endothelial cells, exhausted CD8 T cells, Kupffer cells, and T cells, showing the effects of different cell
types on these target cell types. The line thickness indicates the strength of interaction. E Dot plot displaying the expression of key genes involved in the
MIF signaling pathway across different cell types. The size of the bubbles represents the proportion of cells expressing the gene, and the color spectrum
represents the average expression level of the marker gene. F Bar plot comparing the number of interactions and interaction strength/weight between
high and low EZH2 expression cells (with high expression > median and low expression < median). G, H Circle plot showing the number of interactions (G)
and interaction strength/weight (H) between cell types in the tumor microenvironment for high and low EZH2 expression groups. The color and width of
the lines represent the quantity and strength of interactions between different cell types. I Dot plot analyzing the strength of signal reception and output
across different cell types in the high and low EZH2 expression groups
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MIF-CD74 axis, thereby shaping the tumor immune
microenvironment.

Discussion

The relationship between dormancy, mitochondrial
function, autophagy, senescence, and tumor stemness is
intricate and contributes to the malignant phenotype of
tumors. It has been reported that mitochondria, through
autophagy-mediated degradation, induce a dormant
state in subpopulations of cancer cells, granting them
resistance to lethal cisplatin exposure. Targeting mito-
chondrial autophagy may offer a promising strategy to
overcome chemoresistance in head and neck squamous
cell carcinoma [36]. Mitochondria play a pivotal role in
determining the functionality and fate of tumor liver
cells, exhibiting distinct characteristics in terms of mor-
phology, subcellular localization, mitochondrial DNA,
metabolic status, and mitochondrial autophagic activity
[37]. Mitochondrial dysfunction and cellular senescence
are hallmarks of aging and are closely related. Damaged
mitochondria, along with inefficient oxidative phos-
phorylation, generate excessive ROS. Increased oxida-
tive stress leads to DNA damage, such as base oxidation,
single-strand breaks, double-strand breaks, and telomere
shortening, activating p53 and pRb pathways, resulting
in cell cycle arrest and senescence [38]. Cellular senes-
cence is established and maintained through mecha-
nisms including excessive ROS production, impaired
mitochondrial dynamics, defects in the electron trans-
port chain, bioenergetic imbalance, increased AMPK
activity, decreased mitochondrial NAD", and metabolic
alterations, which disrupt mitochondrial homeostasis
and promote the onset and persistence of cellular senes-
cence [39]. Integrating these tumor characteristics may
better predict tumor status. By developing and compar-
ing prognostic gene features derived from mitochon-
dria, autophagy, and other relevant genes or comparing
with previously published liver cancer RNA-seq data, we
found that the combined model offers improved prog-
nostic prediction. Therefore, the comprehensive analysis
of multiple models represents a promising strategy for
developing accurate tumor prediction models.

The combination of the PD-L1 inhibitor atezolizumab
and the anti-angiogenesis drug bevacizumab has become
a first-line treatment for advanced HCC. Although this
combination therapy outperforms immune checkpoint
inhibitors alone and tyrosine kinase inhibitors alone in
the treatment of advanced liver cancer, the overall objec-
tive response rate of this regimen is only 33.2% [6]. Due
to the limited efficacy and response rates of immune
inhibitors in liver cancer, scientists have been working
to develop accurate biomarkers to predict the efficacy
of immunotherapeutics, such as tumor mutational bur-
den (TMB), microsatellite instability (MSI), and PD-L1
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expression. However, in liver cancer, TMB is often low,
and hypermutation is rare [40], making it inaccurate in
predicting the efficacy of immune checkpoint inhibitors
[41]. The incidence of MSI-H in liver cancer is also low
[42], and the expression of PD-L1 does not always cor-
relate directly with clinical outcomes [43]. The immune
microenvironment of liver cancer is very complex, and
some liver cancers may respond well to immune check-
point inhibitors even with low PD-L1 expression. These
biomarkers have certain limitations in predicting the out-
comes of immunotherapy for liver cancer. Our combined
model has preliminarily shown great potential in predict-
ing liver cancer’s response to immune inhibitors, but fur-
ther validation in a larger sample size is needed.

CNV gains and losses can significantly affect tumor
behavior and immune response by altering the expres-
sion of oncogenes, tumor suppressors, and immune
regulatory genes. In our study, nine genes (e.g., EZH2,
HSP90AB1, FANCD2, BMI1) exhibited a higher fre-
quency of CNV gains. These genes are involved in onco-
genic processes such as chromatin remodeling (EZH2,
BMI1), DNA damage repair (FANCD2), and protein fold-
ing/chaperone activity (HSP90AB1), all of which con-
tribute to tumor proliferation, genomic instability, and
immune evasion. For example: EZH2 orchestrates the
regulation of the innate and adaptive immune systems
of the tumor microenvironment (TME). Profound epi-
genetic and transcriptomic changes induced by EZH2 in
tumor cells and immune cells mobilize the elements of
the TME, leading to immune-suppressive activity of solid
tumors [44]. HSP90ABI, as a chaperone protein, stabi-
lizes multiple oncogenic proteins, and its overexpres-
sion has been linked to resistance to immune checkpoint
inhibitors [45]. Conversely, seven genes (e.g., RELA,
GOT2, MUTYH, HSPAS8) showed a higher frequency of
CNV losses. These genes participate in immune signaling
(RELA/NF-«kB pathway), metabolic regulation (GOT2),
and oxidative DNA repair (MUTYH). Specifically, GOT2
loss might affect other cells in the microenvironment,
including immune cells, to directly or indirectly affect
tumor growth. Other metabolic enzymes could similarly
influence the proliferation or function of various cell
types in tumors by affecting environmental nutrient lev-
els [46]. These CNV-driven alterations may partly explain
differences in patient prognosis and immunotherapy
response.

We also constructed a nomogram incorporating the
integrated risk score along with clinical and pathologi-
cal features in the study cohort. Our nomogram may
assist clinicians in tailoring treatment strategies by iden-
tifying patients at high risk of poor prognosis, who may
benefit from intensified therapy or enrollment in immu-
notherapy trials, thereby promoting personalized HCC
management.
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The application of single-cell sequencing has deepened
our understanding of the roles of genes in the combined
model within liver cancer cells and the tumor microenvi-
ronment. In 2019, a study by the team of Zemin Zhang,
which combined 10x Genomics and SMART-seq?2 single-
cell RNA sequencing technologies, revealed the dynamic
migration and state transition of immune cells within
the liver cancer tumor environment. It analyzed the dif-
ferent lineages and migration relationships of myeloid
cells and lymphocytes in the tumor microenvironment,
lymph nodes, and ascites, suggesting new possibili-
ties for liver cancer treatment through the modulation
of the immune microenvironment [47]. In 2020, Sun
Y, et al. systematically presented the differences in the
immune microenvironment between primary liver can-
cer tumors and early recurrent tumors using single-cell
transcriptomics, unveiling the characteristic immune
signatures and immune evasion mechanisms of early
recurrent liver cancer, which provided a theoretical foun-
dation and new ideas for targeting liver cancer’s immune
microenvironment as a therapeutic strategy [48]. A
study discovered a type of tumor-associated macro-
phages with high expression of platelet-activating factor
acetylhydrolase (PLA2G7) in the liver cancer microen-
vironment, and inhibiting PLA2G7 could improve the
immune microenvironment, thereby enhancing the effi-
cacy of HCC immunotherapy [49]. The advancements
in single-cell sequencing and bioinformatics have had
a positive impact on cancer treatment. By utilizing two
single-cell datasets, we uncovered the complex cellular
communication network within the liver cancer tumor
microenvironment, providing theoretical support for the
development of immune-based therapeutic strategies.

Through the development of single-cell trajectory anal-
ysis, we revealed the relationship between gene expres-
sion changes, such as those of EZH2 and HSPAS, and
cell fate determination. To further confirm that EZH2
regulates CD8" T cell activation and exhaustion through
MIF, we constructed a liver cancer xenograft model in
immunocompetent mice and applied an EZH2 inhibitor.
Our findings suggest that, following the use of the EZH2
inhibitor, the MIF signaling axis may inhibit exhausted
CD8" T cells via CD74, enhancing CD8" T cell activa-
tion and suppressing tumor cells. Currently, only in
liver cancer, miR-144/miR-451a has been reported to
target MIF, promoting macrophage M1 polarization
and anti-tumor activity. The miR-144/miR-451a clus-
ter forms a feedback loop with EZH2 (the catalytic sub-
unit of PRC2) [50]. However, the regulatory relationship
between EZH2 and MIF has not been detailed in liver
cancer or other tumors. The pro-inflammatory cytokine
MIE, along with its ligand CD74, has been studied as a
prognostic marker for various cancers, though the results
are sometimes contradictory due to differences in cancer
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types and biomarker detection methods (serum, tumor
samples, mRNA, or proteins) [51-53]. In brain tumors,
MIF secreted by CD74 activation escapes immune stimu-
lation and promotes the conversion of macrophages from
M1 to M2 phenotype. The MIF-CD74 signaling path-
way inhibits macrophage secretion of interferon (IFN)-y
through the phosphorylation of ERK1/2. Inhibition of
the MIF signaling pathway or its receptor CD74 pro-
motes the release of IFN-y, enhancing tumor cell death
through drug inhibition or siRNA-mediated knockdown
[54]. Through single-cell sequencing, Wang et al. discov-
ered that in patients with squamous cell carcinoma of
the lung associated with chronic obstructive pulmonary
disease, the proportion of tumor-associated macrophages
(TAMs) was increased, and the molecular level of CD8*
T cell exhaustion was elevated, leading to an immuno-
suppressive microenvironment. In these patients, a key
CD74" tumor cell cluster was identified, exhibiting both
epithelial and immune cell characteristics, and show-
ing a stronger tumorigenic capacity, which predicted
poorer overall survival. One study further revealed that
MIF-CD74 might interact with CD8* T cells and sup-
press their anti-tumor activity by modulating the PI3K-
STAT3-PD-L1 signaling pathway, thereby promoting
tumor proliferation and immune escape. Tumor growth
was inhibited in C57BL/6 mice with CD74 knockout,
but no such effect was observed in immunodeficient
mice, suggesting that CD74 may exert its effect through
interactions with T cells [55]. In our study, CD8" T cells
in hepatocellular carcinoma (HCC) were primarily in
an initial or exhausted state, characterized by decreased
expression of cytotoxic factors (such as IFN-y and
GranB) and increased expression of exhaustion markers
(such as PD-1). Inhibition of EZH2 may potentially shift
T cells to an immune-promoting phenotype through the
MIF-CD74 signaling axis. This discovery could provide a
novel strategy to enhance the response rate of liver can-
cer to immune checkpoint inhibitors, addressing the low
response rates typically seen in such treatments. Future
research will further investigate how MIF-CD74 regu-
lates T cell activity through other key molecules.

Although EZH2 and MIF show a positive correlation in
expression (R=0.25), current literature does not support
a direct transcriptional regulatory relationship (Fig. 8J).
EZH2 may influence MIF expression indirectly through
modulation of intermediate inflammatory signaling
pathways, such as NF-kB or STAT3, which have been
implicated in MIF transcriptional regulation [56, 57].
We agree that further mechanistic studies (e.g., ChIP-
seq or CRISPR perturbation) are needed to clarify this
relationship.

Despite the integrative nature of our study combining
bulk transcriptomic, single-cell, and animal model data,
several limitations should be acknowledged. First, while
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we identified EZH2 as a key regulator associated with
CD8" T cell exhaustion and poor prognosis, the mecha-
nistic link to the MIF-CD74 signaling axis remains largely
correlative. We did not perform direct experimental vali-
dation such as chromatin immunoprecipitation (ChIP),
promoter assays, or in vitro gene perturbation studies to
confirm the regulatory relationship. Second, although the
murine subcutaneous tumor model provides supportive
evidence of immune modulation by EZH?2, orthotopic or
immunotherapy-treated models may better recapitulate
the liver tumor microenvironment. In future work, we
plan to perform CRISPR-based EZH2 knockdown and
CD74 blockade experiments, combined with immune
profiling, to verify the causal role of this axis in modu-
lating CD8* T cell function and therapeutic response in
HCC.

In conclusion, the integrated model effectively predicts
the prognosis of liver cancer and the response to immune
checkpoint inhibitors. Moreover, EZH2 may influence
CD8* T cell activation and exhaustion through the MIF-
CD74 signaling pathway, providing potential biomarkers
for selecting suitable patients for immune checkpoint
inhibitors and offering therapeutic strategies to overcome
low responsiveness to immunotherapy.
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