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Background: Hepatocellular carcinoma (HCC) is a major contributor to cancer-related mortality worldwide, with its progression
significantly influenced by immune evasion mechanisms. This research aimed to identify key genes associated with immune
evasion and assess their clinical significance in HCC.

Methods: Gene expression data from 342 HCC patients were obtained from The Cancer Genome Atlas (TCGA) repository.
The Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data (ESTIMATE) algorithm was
employed to calculate immune and stromal scores. Differential gene expression analysis was conducted between high and low
immune score groups, as well as between high and low stromal score groups. The resulting differentially expressed genes (DEGs)
underwent functional enrichment analysis. A prognostic risk score model for HCC was constructed utilizing Least Absolute
Shrinkage and Selection Operator (LASSQO)-Cox, univariate, and multivariate Cox regression analyses. The prognostic perfor-
mance of the model was evaluated through Kaplan-Meier survival analysis and receiver operating characteristic (ROC) curve
analysis. Tumor and adjacent normal tissues from HCC patients were collected, and immune cell infiltration was quantified
utilizing the Tumor Immune Estimation Resource (TIMER) database. Immunohistochemistry was performed to validate the
expression of immune evasion-related proteins in clinical specimens.

Results: A total of 999 DEGs were identified from the immune and stromal score-based groups. These genes were predominantly
enriched in immune-related pathways, including cytokine-cytokine receptor interactions, chemokine signaling, Wnt signaling,
and the Hippo signaling pathway. Using univariate and multivariate Cox regression analysis, a prognostic model comprising
six genes (Myocardin (MYOCD), Matrix Metallopeptidase 7 (MMP?7), Matrix Metallopeptidase 16 (MMP16), PR/SET Domain 9
(PRDM)Y), Caudal Type Homeobox 2 (CDX2), and T Cell Receptor Beta Variable 10-3 (TRBV10-3)) was developed and demon-
strated a significant association with overall survival (OS) in HCC patients (p < 0.05). The model yielded a concordance index
(C-index) of 0.764, indicating robust prognostic performance. MYOCD was associated with a protective effect, showing an in-
verse correlation with the risk score (p < 0.001). Conversely, MMP7, PRDMY, CDX2, and MMP16 were risk-associated, with
their expression levels positively correlating with the risk score (p < 0.001), whereas TRBV10-3 showed no significant difference
between high- and low-risk groups (p > 0.05). Immunohistochemical validation confirmed the downregulation of MYOCD and
upregulation of MMP7, MMP16, PRDMY, and CDX2 in HCC tissues (p < 0.001). Analysis of immune cell infiltration revealed a
significant negative correlation between MYOCD expression and both stromal and ESTIMATE scores (p < 0.001), while MMP7
and MMP16 exhibited significant positive correlations with stromal, immune, and ESTIMATE scores (p < 0.001). PRDM9 and
CDX2 also showed significant positive correlations with stromal scores (p < 0.05).

Conclusion: This study presents the first comprehensive identification of immune evasion-related genes (IERGs) within the
tumor microenvironment (TME) of HCC and introduces a novel prognostic model based on immune evasion with strong clinical
applicability. These findings offer valuable insights into the immunobiology of HCC and highlight potential therapeutic targets
for precision immunotherapy.
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Introduction

Recent data from the World Health Organization
(WHO) indicate that liver cancer accounted for approxi-
mately 900,000 new diagnoses globally in 2020, ranking it
as the seventh most prevalent malignancy and the third lead-
ing cause of cancer-related deaths. Hepatocellular carci-
noma (HCC) constitutes about 75% of primary liver cancers
and exhibits the highest mortality rates in Asia and Africa
[1]. Due to the anatomical characteristics and physiologi-
cal complexity of the liver, early diagnosis of HCC is chal-
lenging, and detection often occurs only at advanced stages.
Delayed diagnosis, coupled with the malignant biological
behavior of the tumor, contributes to the poor long-term
survival outcomes associated with HCC [2]. Although re-
cent advancements in hepatic cancer therapeutics, including
surgical resection, liver transplantation, local ablation tech-
niques, and targeted molecular interventions, have shown
promise [3—5], recurrence and metastasis continue to pose
significant challenges in treatment. Consequently, there re-
mains a pressing need for effective strategies to evaluate
prognosis and improve clinical outcomes.

Emerging evidence indicates that immune evasion
mechanisms are implicated in the onset, progression, and
therapeutic resistance of HCC. Immune evasion refers to
the tumor’s capacity to suppress the host immune system’s
recognition and clearance through various mechanisms,
thereby facilitating tumor growth and metastasis. In HCC,
the tumor microenvironment (TME) is the primary site of
immune evasion, where tumor cells modulate immune re-
sponses by influencing immune cell infiltration, altering cy-
tokine milieu, and upregulating immune checkpoint pro-
teins such as Programmed Death-Ligand 1 (PD-L1) and
Cytotoxic T-Lymphocyte-Associated Protein 4 (CTLA-4)
[6,7]. Therefore, identifying molecular biomarkers associ-
ated with immune evasion and an in-depth understanding of
their roles in the immune escape mechanisms of HCC are
essential for early diagnosis, prognostic assessment, and the
development of novel therapeutic strategies.

Despite the significant success of immune checkpoint
inhibitors (ICIs) in other malignancies, such as non-small
cell lung cancer [8], melanoma [9], and renal cell carcinoma
[10], their efficacy in HCC remains limited [11]. A study
demonstrated that the combination of atezolizumab (a PD-
L1 inhibitor) and bevacizumab (an anti-Vascular Endothe-
lial Growth Factor (VEGF) monoclonal antibody) signif-
icantly improves survival outcomes in advanced HCC pa-
tients, enhancing overall survival (OS) and progression-free
survival (PFS) compared to sorafenib [12]. However, even
optimized immune-based combination therapies achieve an
objective response rate (ORR) of less than 30%, with only
a fraction of patients experiencing long-term clinical bene-
fits. This variability in efficacy is likely attributable to the
distinct immune heterogeneity and complex immune escape
mechanisms characteristic of HCC. Previous studies have

revealed that several immunosuppressive factors such as
tumor-associated macrophages, myeloid-derived suppres-
sor cells, regulatory T cells (Tregs), transforming growth
factor-beta (TGF-), and interleukin-10 (IL-10) play cru-
cial roles in the immune escape of HCC [13—-15]. How-
ever, while considerable progress has been made in eluci-
dating the fundamental mechanisms of immune escape, the
clinical prognostic value of immune escape-related genes
remains underexplored, and their integration into clinical
stratification and precision therapy in HCC is still limited.

Currently, clinical prognostic evaluation of HCC pri-
marily relies on pathological features such as tumor size,
vascular invasion, and alpha-fetoprotein (AFP) levels.
However, these models typically overlook immune escape
mechanisms, limiting their utility in guiding immunother-
apeutic decision-making [16]. Given that immune es-
cape mechanisms strongly influence the development and
progression of HCC, prognostic models incorporating im-
mune escape-related genes may offer superior predictive
value compared to conventional clinicopathological mod-
els. Such models can enable more precise identification
of high-risk patients and inform the optimization of im-
munotherapeutic strategies. However, systematically iden-
tifying key immune escape genes in HCC and integrat-
ing them into clinically applicable prognostic models re-
mains a significant scientific challenge. The objective of
this study was to comprehensively characterize immune
evasion-related genes in HCC, and, subsequently, to de-
velop a novel predictive model based on these identified
genes. The study integrated genomic datasets, bioinfor-
matic analyses, and validation using clinical samples to in-
vestigate the molecular features of immune escape in HCC
and reveal its potential clinical value. This model will
enhance prognostic accuracy in HCC patients, facilitate
the identification of individuals likely to benefit from im-
munotherapy and provide novel insights for personalized
treatment approaches.

Methods

Data Retrieval and Expression Profile Assessment

The gene expression profile data wused in
this study were obtained from TCGA database
(https://cancergenome.nih.gov/). To facilitate gene
annotation, the mapping between gene symbols and
Ensembl gene IDs (ENSG IDs) was established using
reference annotation files from the GENCODE database
(https://www.gencodegenes.org/human/). Gene anno-
tation files for versions v22 and v33 (General Feature
Format version 3 (GFF3) format) were downloaded
from the following sources: version v22 file (http:
//ftp.ebi.ac.uk/pub/databases/gencode/Gencode human/re
lease 22/gencode.v22.annotation.gff3.gz) and version v33
file (http://ftp.ebi.ac.uk/pub/databases/gencode/Gencode
human/release 33/gencode.v33.annotation.gff3.gz). From
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these GFF3 files, the mapping relationship between gene
symbols (GeneSymbol) and Ensembl gene IDs (ENSG_ID)
was extracted and processed accordingly. In instances
of multiple mappings, the median value was selected to
ensure consistency and reliability of the data. The resulting
gene expression matrix was used for subsequent analyses.
During the imputation, an appropriate number of nearest
neighbors (K) was chosen to complete the missing values,
preserving data integrity and the robustness of subsequent
analyses. Log, transformation [loga(x + 1)] was applied
to normalize the data. Samples with missing clinical data
were excluded, resulting in a final cohort of 342 HCC
cases.

Identification of DEGs Based on Immune and
Stromal Infiltration

The “estimate” R package was used to compute im-
mune, stromal, and combined ESTIMATE scores. Based
on the median values of these scores, patients were cate-
gorized into high- and low-score groups [17,18]. Differen-
tially expressed genes (DEGs) between these groups were
identified employing the Limma package (version 3.44.3),
with DEGs defined by |logs Fold Change (FC)| >1 and a p-
value < 0.05. For subsequent analyses, DEGs common to
immune and stromal score groups were retained for further
investigation.

Functional Enrichment Analysis

Gene Ontology (GO) annotations for human genes
were retrieved using the org.Hs.eg.db package (version
3.1.0), while Kyoto Encyclopedia of Genes and Genomes
(KEGQG) pathway annotations were accessed through the
KEGG REST API (https://www kegg.jp/kegg/rest/keggapi.
html). These annotations served as background references
for gene mapping and enrichment analysis, which was con-
ducted using the clusterProfiler R package (version 3.14.3).
Gene sets containing fewer than 5 or more than 5000 genes
were excluded for GO and KEGG enrichment analyses.
Significance thresholds were set at a p-value < 0.05 and
false discovery rate (FDR) <0.25.

Core Gene Selection and Prognostic Analysis

The Least Absolute Shrinkage and Selection Oper-
ator (LASSO) Cox regression method was employed us-
ing the glmnet R package to integrate survival time, sur-
vival outcome, and gene expression profiles. Tenfold cross-
validation was conducted to identify the optimal model. To
further assess the prognostic value of selected key genes,
Cox regression analyses were performed using survival
time, survival status, and corresponding gene expression
data from the 342-sample cohort in the survival R pack-
age. The log-rank, Wald, and score tests were used to eval-
uate overall prognostic significance. Harrell’s C-index was
calculated to assess the model’s capacity to discriminate
between patients at different risk levels. A C-index ap-
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proaching 1 indicates excellent discriminatory ability be-
tween high- and low-risk individuals. To further refine the
optimal cutoff for the risk score, the Youden index method
was employed to balance sensitivity and specificity, thereby
enhancing the predictive performance of the model. The
optimal risk score cutoff was determined using the maxs-
tat R package (version 0.7-25). Patients were then strati-
fied into high- and low-risk groups according to this cut-
off value. Survival differences between the groups were
assessed using the survfit function. The predictive per-
formance of the risk model was evaluated by calculating
the area under the receiver operating characteristic (ROC)
curve (AUC) at 1, 3, and 5 years using the pROC R package
(version 1.17.0.1).

Construction and Assessment of the Prognostic
Model

A predictive model was developed using Cox regres-
sion within the rms package, incorporating survival time,
survival status, and relevant covariates. A nomogram was
constructed to represent the model and facilitate visualiza-
tion. Calibration plots and ROC curves were used to eval-
uate the model’s predictive performance and consistency.

Sample Collection and Clinicopathological Data
Acquisition

The HCC tissue microarrays and normal liver tissue
microarrays used in this study were purchased from Shang-
hai Outdo Biotech Co., Ltd., a commercial supplier of tissue
microarrays. All tissue samples were pathologically con-
firmed and accompanied by comprehensive clinicopatho-
logical information, including patient age, gender, Tumor-
Node-Metastasis (TNM) stage, tumor size, serum AFP lev-
els, and liver function parameters. The supplier provided a
formal statement regarding the legality, ethical compliance,
and anonymization of the samples, in accordance with the
principles outlined in the Declaration of Helsinki. As the
samples used in this study were obtained from commercial
tissue microarrays, and the research did not involve direct
patient interaction or access to identifiable personal infor-
mation, patient consent or institutional ethical approval was
not required.

This study included 20 HCC tissue microarray sam-
ples and 24 normal liver tissue microarray samples.
The normal liver tissues were sourced from either non-
cancerous liver cases or from histologically confirmed non-
tumorous regions located at least 5 cm from the tumor mar-
gin. All diagnoses were independently verified by certi-
fied pathologists. All data were used exclusively for this
basic research and were kept strictly confidential, with no
personally identifiable information being involved. Sample
size calculation was based on prior literature and prelimi-
nary data. Using G*Power software (version 3.1, Heinrich
Heine University Diisseldorf, Diisseldorf, Germany), a sig-
nificance level (a) of 0.05, power (1-3) of 0.80, and an
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expected effect size (Cohen’s d) of 0.8, the minimum re-
quired sample size was estimated to be 16 per group. The
actual sample size in this study exceeded this requirement,
ensuring sufficient statistical power.

Immunohistochemical Analysis of Gene Expression

The tissue microarrays purchased for this study were
snap-frozen, paraffin-embedded, and sectioned into 4 um
slices. Following deparaffinization and rehydration, anti-
gen retrieval was performed using citrate buffer and mi-
crowave heating. Endogenous peroxidase activity was
blocked using hydrogen peroxide, and non-specific bind-
ing was inhibited with bovine serum albumin (BSA). The
primary antibodies used were Myocardin (MYOCD) (Pro-
teintech, 12457-1-AP, 1:200, Wuhan, China), Matrix Met-
allopeptidase 7 (MMP7) (Abcam, ab207299, 1:100, Shang-
hai, China), Matrix Metallopeptidase 16 (MMP16) (Ab-
cam, ab73877, 1:150, Shanghai, China), PR/SET Domain
9 (PRDMD9) (Invitrogen, PA5-41161, 1:100, Waltham, MA,
USA), and Caudal Type Homeobox 2 (CDX2) (Abcam,
ab76541, 1:200, Shanghai, China). Tissue sections were
incubated with these antibodies overnight at 4 °C. The
next day, sections were incubated with HRP-conjugated
secondary antibody (goat anti-rabbit IgG, ZB-2301, 1:500,
ZSGB-BIO, Beijing, China) for 1 hour at room temperature.
Staining was developed using DAB chromogenic solution
(ZL1-9019, ZSGB-BIO, Beijing, China) for 3—5 minutes in
the dark, followed by hematoxylin counterstaining for 30
seconds. Finally, slides were mounted using a transparent
mounting medium and examined under an Olympus BX51
optical microscope (BX51, Olympus Corporation, Tokyo,
Japan).

Assessment of the Relationship Between Gene
Expression and Immune Cell Infiltration

Immune cell infiltration in HCC was assessed using
the TIMER database (https://cistrome.shinyapps.io/timer/),
integrated with transcriptomic data from tumor tissues of
postoperative HCC patients. The abundance of various im-
mune cell types, including T cells, B cells, dendritic cells,
and macrophages, was quantified. Immune cell infiltration
data were correlated with clinical characteristics to evaluate
the impact of immune cell infiltration on patient prognosis.
Spearman’s correlation analysis was performed to evaluate
the association between immune cell infiltration levels (or
immune infiltration scores) and expression levels of target
genes. Additionally, Kaplan-Meier survival analysis was
conducted to investigate the association between immune
cell infiltration and patient survival outcomes.

Statistical Analysis

R software (version 3.6.2, https://www.r-project.org,
R Foundation for Statistical Computing, Vienna, Austria)
was utilized for Cox regression, Kaplan-Meier (K-M) sur-
vival analysis, and LASSO regression. Data normality was

assessed using SPSS 22.0 (SPSS Inc., Chicago, IL, USA).
The Kolmogorov-Smirnov test was used to assess the dis-
tribution of continuous variables. For normally distributed
variables, independent-sample #-tests were used to com-
pare means between groups, with results expressed as mean
=+ standard deviation (mean + SD), and ¢ and p-values
were recorded. Categorical variables were expressed as
frequency and percentage [n (%)], and group comparisons
were conducted using the chi-square, corrected chi-square,
Fisher’s exact test, or Fisher-Irwin test, with corresponding
chi-square and p-values recorded. Statistical significance
was set at p < 0.05.

Results

Differentially Expressed Genes Based on ESTIMATE
Scores

According to the inclusion criteria, a total of 342
HCC patients were selected from the TCGA dataset. Using
TCGA gene expression profiles, the ESTIMATE algorithm
was employed to calculate stromal, immune, and combined
scores. Gene expression variations were then examined
among high and low stromal and immune score groups. We
observed elevated expression of 979 genes and reduced ex-
pression of 145 genes in the stromal score group. Simi-
larly, the immune score group exhibited 1412 genes with
heightened expression and 283 genes with reduced expres-
sion (Fig. 1A). Venn diagram analysis identified 999 over-
lapping genes between the 1124 stromal DEGs and 1695
immune DEGs (Fig. 1B). These overlapping genes were
designated as DEGs for downstream analyses.

Functional Enrichment Analysis of Differentially
Expressed Genes

To explore the potential roles of the DEGs in immune
escape within the HCC TME, GO functional annotation
and KEGG pathway enrichment analyses were conducted.
GO analysis revealed that the DEGs were primarily asso-
ciated with immune-related biological processes, includ-
ing adaptive immune response, complement activation, and
regulation of immune response. In the cellular component
(CC) category, the DEGs were primarily localized to the
cell membrane, extracellular space, plasma membrane part,
and extracellular matrix. For molecular function (MF), the
DEGs were associated with antigen binding, receptor mod-
ulating activity, receptor-ligand interaction, signal receptor
binding, and ion channel activity (Fig. 1C). KEGG path-
way enrichment analysis demonstrated that the DEGs par-
ticipated in immune responses, neuroactivity, and cancer-
related pathways, including viral protein interaction with
cytokine and cytokine receptor, cytokine-cytokine receptor
interaction, chemokine signaling, Wnt signaling, and Hippo
signaling pathway (Fig. 1D). These findings suggest that
immune evasion may be mediated through these signaling
pathways in the liver cancer microenvironment.


https://www.discovmed.com/
https://cistrome.shinyapps.io/timer/
https://www.r-project.org

1497

-log10(pvalue)
-log10(pvalue)

Immune score

Regulated

Stromal score
A Up-regulated

Immune score

'V Down-regulated

125 999 696

-20 -15 -10 -05

T U
0.0 0.5 1.0 15 2.0

log2(FoldChange)

adaptive immune response Group
complement activation, classical pathway ®sP
humoral immune response mediated by circulating immunoglobulin ®cc

immune response MF

regulation of complement activation
regulation of protein activation cascade
immune system process

complement activation

regulation of acute inflammatory response
regulation of humoral immune response
intrinsic component of plasma membrane
integral component of plasma membrane
extracellular region

plasma membrane part

extracellular matrix

blood microparticle

collagen-containing extracellular matrix
intrinsic component of presynaptic membrane
intrinsic component of membrane

cell surface

antigen binding

receptor regulator activity

receptor ligand activity

signaling receptor binding

ion gated channel activity

ated channel activity

voltage-gated ion channel activity
voltage-gated channel activity

channel activity

passive transmembrane transporter activity

T T T T
0 20 40 60 80
-log10(pvalue)

D

Neuroactive ligand-receptor interaction -| [ )

Cytokine-cytokine receptor interaction - .
Wht signaling pathway o

Chemokine signaling pathway -{

Viral protein interaction with |
cytokine and cytokine receptor

Proteoglycans in cancer 4

-log10(pvalue)
35
Gastric cancer 4 ° 0
a5
Hippo signaling pathway - [ ] 5.0
55
Basal cell carcinoma -{ 6.0

Dilated cardiomyopathy (DCM) - @

T T T T T
004 006 008 010 012 014
GeneRatio

Fig. 1. Differential gene expression analysis based on stromal and immune scores. (A) Volcano plots illustrating differentially

expressed genes (DEGs) among high and low stromal score groups (left) and high and low immune score groups (right). Upregulated

genes are shown in red, while down-regulated genes are shown in green. (B) Venn diagram showing the intersection of DEGs from

stromal and immune score comparisons, identifying 999 common DEGs. (C) Gene Ontology (GO) annotation analysis of the 999 shared

DEGs, highlighting biological processes, cellular components, and molecular functions. (D) Kyoto Encyclopedia of Genes and Genomes

(KEGG) pathway enrichment analysis of the shared DEGs (n = 999), indicating significantly enriched biological pathways. BP, biological

process; CC, cellular component; MF, molecular function.

Core Gene Selection and Prognostic Model
Construction

Using LASSO-Cox, along with univariate and multi-
variate Cox regression analyses, we developed a risk as-
sessment model to predict prognosis in HCC patients by in-
tegrating gene expression profiles and survival data (time
and status) from 342 individuals with HCC. Ten-fold cross-
validation identified an optimal lambda value of 0.08, re-
sulting in the selection of 15 genes to construct the risk score
model (Fig. 2A). These genes included MYOCD, Pyroglu-
tamylated RFamide Peptide Receptor (ORFPR), MMP16,
C-Type Lectin Domain Family 1 Member B (CLECIB),
Lipocalin 6 (LCN6), MMP7, T Cell Receptor Beta Vari-
able 10-3 (TRBV10-3), Uncharacterized Long Non-Coding
RNA AC080038.4 (4C080038.4), PRDM9, Uncharacter-
ized Long Non-Coding RNA AC022905.1 (4C022905.1),
Shisa Family Member 9 (SHISA9), APCDDIL Diver-
gent Transcript (Long Non-Coding RNA) (APCDDIL-
DT), CDX2, Proteasome 26S Subunit, ATPase 1 Pseudo-
gene 10 (PSMCIPI0), and V-Set and Transmembrane Do-
main Containing 1 (VSTMI). Univariate and multivari-
ate Cox regression analyses were performed using the sur-

vival package in R to evaluate the model’s predictive per-
formance (Fig. 2B,C). Genes with a p-value < 0.01 were
selected for inclusion in the final model. Six genes (MY-
OCD, TRBV10-3, MMP7, PRDMY9, CDX2, and MMP16)
were identified, and their prognostic value was evaluated.
The analysis shows a significant association between these
genes and OS in HCC patients (log-rank test = 1.76 X
10—, score test = 6.57 x 1077, Wald test = 1.90 x
1016). The C-index was 0.764, suggesting that the model
had robust prognostic predictive power.

Evaluation of the Risk Prediction Model and Survival
Analysis

Kaplan-Meier survival analysis and ROC curve anal-
ysis were subsequently conducted to confirm the clinical
predictive relevance of the risk score model. The Maxstat
method determined the optimal risk score threshold of 0.54
(i.e., a risk score >0.54 was defined as the high-risk group
and <0.54 as the low-risk group). This cutoff was further
refined using the Youden index to optimize sensitivity and
specificity, thereby enhancing the predictive accuracy of
the model. Kaplan-Meier survival curves revealed a signif-
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Fig. 3. Validation and performance assessment of the prognostic risk model. (A) Kaplan-Meier survival curves comparing overall
survival between high-risk (HR) and low-risk (LR) groups. (B) Time-dependent receiver operating characteristic (ROC) curves evaluating
the predictive accuracy of the model at 1-, 3-, and S-year survival intervals. (C) Prognostic heatmap displaying risk scores, survival
outcomes, and expression profiles of the six prognostic genes across patients. (D) Prognostic nomogram developed using the six key
prognostic genes from the risk prediction model, constructed with the rms package in R to estimate survival probabilities. The asterisks
represent the level of statistical significance of each gene in the multivariate Cox regression model used to develop the nomogram: **p
< 0.01, ***p < 0.001, ****p < 0.0001. (E) Box plots showing expression differences of the six prognostic genes between high- and
low-risk groups. (F) Expression analysis of immune checkpoint-related genes between high- and low-risk groups highlighting immune
modulation patterns. HR, Hazard Ratio; AUC, area under the ROC curve; CI, confidence interval; MYOCD, Myocardin; TRBV10-3, T
Cell Receptor Beta Variable 10-3; MMP7, Matrix Metallopeptidase 7; PRDM9, PR/SET Domain 9; CDX2, Caudal Type Homeobox 2;
MMP16, Matrix Metallopeptidase 16; PD-1, Programmed Cell Death Protein 1; PD-L1, Programmed Death-Ligand 1; CTLA4, Cytotoxic
T-Lymphocyte—Associated Protein 4; LR, low risk; HR, high risk.
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Table 1. Comparison of baseline characteristics between high-risk and low-risk groups.

Variables Total (n=342) High-risk (n=171) Low-risk (n=171) Statistic p-value
Age, mean + SD 60.11 £+ 13.41 59.73 + 13.67 60.49 £+ 13.17 =-0.53 0.598
Gender, n (%) x2=0.05 0.817
Female 110 (32.16) 56 (32.75) 54 (31.58)
Male 232 (67.84) 115 (67.25) 117 (68.42)
Tumor stage (T), n (%) x2=0.90 0.826
Tl 173 (50.58) 89 (52.05) 84 (49.12)
T2 83 (24.27) 39(22.81) 44 (25.73)
T3 76 (22.22) 37 (21.64) 39 (22.81)
T4 10 (2.92) 6(3.51) 4 (2.34)
Lymph node status (N), n (%) - 0.202
NO 250 (73.10) 131 (76.61) 119 (69.59)
N1 4 (1.17) 3(1.75) 1(0.58)
NX 88 (25.73) 37 (21.64) 51(29.82)
Metastasis (M), n (%) - 0.224
MO 262 (76.61) 136 (79.53) 126 (73.68)
M1 4 (1.17) 3(1.75) 1(0.58)
MX 76 (22.22) 32 (18.71) 44 (25.73)
Clinical stage, n (%) - 0.587
Stage | 171 (50.00) 87 (50.88) 84 (49.12)
Stage 11 81 (23.68) 38 (22.22) 43 (25.15)
Stage III 85 (24.85) 42 (24.56) 43 (25.15)
Stage IV 5(1.46) 4 (2.34) 1(0.58)
Tumor grade, n (%) x2=2.60 0.458
Gl 45 (13.16) 23 (13.45) 22 (12.87)
G2 169 (49.42) 91(53.22) 78 (45.61)
G3 116 (33.92) 52 (30.41) 64 (37.43)
G4 12 (3.51) 5(2.92) 7 (4.09)

Notes: ¢, t-test; x2, Chi-square test; -, Fisher-Irwin test; SD, standard deviation.

icant survival difference between the two risk groups, with
elevated risk scores strongly associated with poorer OS (p =
6.7 x 10~'%) (Fig. 3A). Additionally, time-dependent ROC
curve analysis was conducted to evaluate predictive accu-
racy at 1, 3, and 5 years, yielding AUC values exceeding
0.7 at all-time points, thus confirming good discriminative
performance (Fig. 3B).

To determine whether the predictive capacity of the
model was influenced by baseline clinical characteristics
between the high-risk and low-risk groups, we compared
the basic demographics and clinical data of both groups
(e.g., age, gender, TNM stage). No statistically significant
differences were observed (p > 0.05) (Table 1), identifying
that risk stratification based on risk score as independent of
these variables.

A prognostic heatmap was constructed to visualize the
interrelationship between risk scores, survival outcomes,
and gene expression profiles. The heatmap revealed an in-
verse correlation, where higher risk scores were associated
with significantly reduced patient survival (Fig. 3C). Fur-
thermore, a nomogram was developed employing the rms
package in R, incorporating the six key prognostic genes
from the risk score model. This nomogram provides a user-
friendly tool for predicting HCC patient survival and of-
fers clinicians a personalized prognostic tool. The C-index

of the nomogram was 0.88 (95% CI: 0.79-0.98, p-value =
8.26 x 10716), indicating excellent predictive performance
(Fig. 3D).

Analysis of individual gene expression levels showed
that MYOCD expression was significantly higher in the
low-risk group compared to the high-risk group, demon-
strating a protective role (p < 0.001). In contrast, TRBV10-
3 expression showed no significant difference between the
high- and low-risk groups (p > 0.05). The expression levels
of MMP7, PRDMY, CDX2, and MMP16 were significantly
elevated in the high-risk group, suggesting their association
with enhanced risk (p < 0.001) (Fig. 3E). Given that im-
mune checkpoint upregulation may promote tumor immune
escape, we further analyzed the expression of immune
checkpoint genes in the high- and low-risk cohorts. Signif-
icantly higher expression levels of Programmed Cell Death
Protein 1 (PD-1), PD-LI, and Cytotoxic T-Lymphocyte—
Associated Protein 4 (CTLA4) were observed in the high-
risk group (p < 0.001), suggesting an increased likelihood
of immune evasion in this subgroup (Fig. 3F).

Basic Clinical Information of Samples

This study included surgical liver cancer tissue sam-
ples from 20 HCC patients and 24 normal liver tissue sam-
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Table 2. Basic clinical characteristics of normal and tumor samples.

Variables Normal (n=24)  Tumor (n = 20) Statistic p-value
Age, mean + SD 50.58 4+ 13.58 50.65 4+ 12.36 t=-0.02 0.987
Gender, n (%) x2 =1.00 0.317
Female 12 (50.00) 7 (35.00)
Male 12 (50.00) 13 (65.00)
BMI, mean &+ SD 2440 +2.47 2529 +2.93 t=-1.09 0.280
Tumor stage, n (%) - -
T1 - 1 (5.00)
T2 - 6 (30.00)
T3 - 9 (45.00)
T4 - 4 (20.00)
Post-treatment, n (%) - -
Chemotherapy - 15 (75.00)
Radiotherapy - 5(25.00)
Alcohol history, n (%) x? =737 0.007
No 21 (87.50) 10 (50.00)
Yes 3 (12.50) 10 (50.00)
Smoking history, n (%) x?=2.94 0.087
No 19 (79.17) 11 (55.00)
Yes 5(20.83) 9 (45.00)
Hepatitis history, n (%) x?=1521 <0.001
No 21 (87.50) 6 (30.00)
Yes 3 (12.50) 14 (70.00)
Diabetes, n (%) - 0.027
No 24 (100.00) 15 (75.00)
Yes 0 (0.00) 5(25.00)
Hypertension, n (%) x2=1.99 0.158
No 21 (87.50) 13 (65.00)
Yes 3 (12.50) 7 (35.00)

ples collected during surgeries performed over the same pe-
riod. All patients underwent liver cancer resection in the
hospital’s surgical department. An overview of the patients’
clinicopathological characteristics is provided in Table 2.
The HCC group consisted of 65% male and 35% female
patients. The mean age of the patients was 50.65 + 12.36
years, and the mean BMI was 25.29 + 2.93, with no signif-
icant differences from the normal range (p > 0.05). Based
on tumor staging, the liver cancer group included 1 patient
with T1, 6 with T2, 9 with T3, and 4 with T4 tumors. All
patients received postoperative adjuvant therapy, including
chemotherapy and radiotherapy.

The liver cancer group had a significantly higher pro-
portion of individuals with a history of alcohol consumption
(50.00% vs. 12.50%, p = 0.007) and hepatitis (70.00% vs.
12.50%, p < 0.001). A smoking history was more com-
mon in the liver cancer group (45.00% vs. 20.83%, p =
0.087), although the difference was not statistically signif-
icant. The prevalence of diabetes was also higher among
the HCC patients (25.00% vs. 0.00%, p = 0.027), while the
difference in hypertension prevalence between groups was
not statistically significant (35.00% vs. 12.50%, p =0.158).

Validation of Immune Evasion Gene Expression in
HCC Clinical Samples

To evaluate immune escape-related gene expression,
immunohistochemistry (IHC) was employed to compare
HCC tissues with normal liver tissues. The analysis re-
vealed that MYOCD was significantly downregulated in
HCC tissues, whereas its expression was markedly elevated
in normal liver tissues (p < 0.001). In contrast, MMP7,
MMP16, PRDM9, and CDX2 were significantly upregu-
lated in HCC tissues, suggesting a strong association be-
tween these genes, immune evasion, and tumor progression
(» <0.001) (Fig. 4A,B). Further analysis of gene expression
based on tumor stage showed that MYOCD expression was
significantly lower in patients with T3 and T4 tumors com-
pared to those with T1 and T2 (p < 0.01), suggesting a pos-
sible tumor-suppressive role for MYOCD in HCC develop-
ment. Conversely, patients at T3 and T4 stages exhibited
significantly elevated levels of MMP7, MMP16, PRDM9,
and CDX2 compared to those in Tl and T2 (p < 0.01)
(Fig. 4C), indicating that these genes may lead to tumor pro-
gression and enhanced immune evasion in advanced-stage
HCC.
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Fig. 4. Expression levels of key genes in HCC and normal tissues. (A,B) Immunohistochemical (IHC) analysis of immune escape-

related gene expression in HCC tissue samples (400x). (C) Differential expression of key genes across different tumor stages. **p <
0.01, ***p < 0.001; “-” denotes no statistically significant difference (p > 0.05).

Relationship Between Immune Cell Infiltration and
Clinical Prognosis

Spearman correlation analysis was conducted us-
ing the TIMER database to assess the relationship be-
tween infiltration levels of various immune cell subpopu-
lations (including CD8+ T cells, regulatory T cells (Tregs),
macrophages, and B cells) and the expression levels of iden-
tified key genes (e.g., MYOCD, MMP7, MMP16, PRDM9,
CDX2). In the TCGA-HCC dataset, MYOCD expression
exhibited a significant negative correlation with B lympho-
cyte infiltration (r =—0.004) while showing significant pos-
itive correlations with CD8+ T lymphocyte (r = 0.142),
CDA4+ T lymphocyte (r = 0.296), macrophages (r = 0.232),
neutrophils (r = 0.275), and dendritic lymphocyte (r =0.15)
(p < 0.05) (Fig. 5A, Ref. [19]). MMP7, MMP16, PRDM9Y,
and CDX2 were all significantly positively correlated with
infiltration of B lymphocytes, CD8+ T cells, CD4+ T cells,
macrophages, neutrophils, and dendritic cells (p < 0.05).
Notably, MMP7 demonstrated a stronger correlation with
CD4+ T cells and macrophages (r = 0.347, r = 0.421, re-
spectively), while MMP16 exhibited a stronger correlation
with macrophages, CD4+ T cells, neutrophils, and dendritic
cells (r=0.488,r=0.432,r=0.428, r=0.413, respectively)
(Fig. 5B-E).

Further analysis within the TCGA-HCC cohort as-
sessed Stromal, Immune, and ESTIMATE scores for each
liver cancer patient, calculated based on the expression pro-
files of the key genes. The findings revealed that MY-
OCD expression was significantly negatively correlated

with both Stromal and ESTIMATE scores (p < 0.001) but
did not show a significant correlation with the immune
score (p > 0.05). In contrast, MMP7 and MMP16 exhib-
ited significant positive correlations with Stromal, Immune,
and ESTIMATE scores (p < 0.001). Additionally, PRDM9
and CDX2 were significantly positively correlated with the
Stromal score (p < 0.001 and p < 0.05, respectively). How-
ever, no significant correlations were observed with either
the Immune or ESTIMATE scores (p > 0.05) (Fig. 6).

Kaplan-Meier survival analysis was conducted to as-
sess the association between immune cell infiltration and
clinical prognosis. The analysis demonstrated that high ex-
pression of MMP7 (p < 0.01), MMPI16 (p < 0.01), and
CDX2 (p < 0.05), as well as downregulation of MYOCD
(»p < 0.01), were associated with poorer OS. Conversely,
PRDM?9 expression did not show a statistically significant
association with patient prognosis (p > 0.05) (Fig. 7), sug-
gesting that immune evasion mechanisms may exert differ-
ential impacts on clinical outcomes in HCC.

Discussion

Immune evasion is one of the crucial mechanisms un-
derlying tumor development, particularly in malignant can-
cers such as HCC. Tumor cells employ multiple strategies
to evade recognition and elimination by the host’s immune
system, thereby promoting tumor progression and metasta-
sis [20]. Immune escape-related genes play a crucial role
in this process by mediating immune cell infiltration, im-
mune checkpoint expression, intercellular signaling, and
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