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Abstract
Aim: Hepatocellular carcinoma (HCC) remains a leading cause of cancer-related mortality,
with heterogeneous responses to immune checkpoint inhibitors (ICIs). Activated CD8+ T
cell  plays  pivotal  role  in  antitumor  immunity,  yet  their  systematic  integration  into  a
prognostic  and  predictive  molecular  framework  is  lacking.

Methods: RNA-seq data from 363 HCC patients in The Cancer Genome Atlas (TCGA) and
validation  cohorts  (GSE76427,  GSE14520)  were  analyzed  by  single-sample  gene  set
enrichment analysis (ssGSEA). We quantified 28 tumor-infiltrating immune cell subsets
and performed consensus clustering based on activated CD8+ T cell infiltration. Weighted
gene co-expression network analysis (WGCNA) identified a CD8+ T cell associated gene
module.  Cox  regression  analysis  selected  17  hub  genes,  from  which  an  immune
infiltration-based prognostic model was constructed and externally validated. The two risk
groups were compared for prognosis, molecular features, and immunotherapy sensitivity
                                                                                               using immune, stromal, stemness, and tumor immune dysfunction and exclusion (TIDE) scores.
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Results: We determined the proportion of activated CD8+ T lymphocytes associated with the coexpression network.
Cluster 1 and low-risk groups exhibited higher immune infiltration and better prognosis (P <​ 0.05) than Cluster 2 and
high-risk  groups.  Indicators  of  immunotherapy  response  -  including  lower  mutation  frequency,  copy-number
variations (CNVs), and stemness score, along with higher immune, stromal, and TIDE scores - suggested reduced
ICI therapy efficacy in Cluster 1/low-risk groups, whereas the opposite pattern was observed in Cluster 2/high-risk
groups.

Conclusion: We established a robust prognostic classifier based on activated CD8+ T cell-related genes. This model
may aid in identifying HCC patients with poor prognosis who are likely to benefit from immune checkpoint inhibitor
therapy.

INTRODUCTION
Liver cancer ranks as the third leading cause of cancer-related mortality worldwide

[1]
. Hepatocellular

carcinoma (HCC) accounts for approximately 90% of primary liver cancers. While surgery remains the

primary curative option, many patients are diagnosed at advanced stages due to the insidious onset of HCC,

thereby losing eligibility for resection
[2]

.

Recent progress in immune checkpoint inhibition has opened new therapeutic possibilities for advanced

HCC
[3]

. Activation of the PD-1 pathway suppresses T-cell activity and facilitates tumor immune escape
[4]

.

Notably, activated CD8
+
 T cells - key effectors of antitumor immunity - are strongly associated with

prognosis and response to immunotherapy
[5]

. These cells prominently express programmed cell death

protein 1 (PD-1), and ICIs work by blocking PD-1/ligand interactions, thereby restoring CD8
+
 T

cell-mediated tumor killing
[6,7]

.

Despite these successes, many patients exhibit primary or acquired resistance to PD-1 blockade
[8]

.

Mechanisms include Wingless/Integrated Beta-catenin (WNT/β-catenin) pathway activation leading to CD8
+

T cell exclusion
[9]

, altered antigen presentation, tumor mutational landscape, and dynamic shifts in the

immune microenvironment
[10]

. To optimize ICI therapy, recent studies have explored immune biomarkers in

HCC. For instance, a four-gene inflammatory signature (CD274, CD8A, LAG3, STAT1) was associated with

improved response and overall survival in nivolumab-treated patients
[11]

. Further biomarker research may

clarify key drivers of antitumor immunity and help stratify HCC patients for immunotherapy.

We hypothesize that molecular subtyping based on activated CD8
+
 T cell-related genes holds significant

value for prognostic prediction and understanding heterogeneous ICI responses. Weighted gene

co-expression network analysis (WGCNA) provides a powerful methodology for detecting co-expressed

gene modules and hub genes associated with cancer phenotypes
[12-14]

. In this study, we applied WGCNA

combined with unsupervised clustering and risk modeling to identify modules and hub genes associated with

activated CD8
+
 T cell infiltration in HCC. We further validated their prognostic and immune relevance,

aiming to establish a biomarker framework for guiding immunotherapy in HCC. Despite continuous

advances in systemic therapy, early diagnosis remains key to improving the prognosis of HCC. The delays in

follow-up and reductions in treatment caused by the COVID-19 pandemic have further highlighted the

importance of maintaining standardized monitoring.
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METHODS
Data acquisition

Gene expression profiles and corresponding clinical data for HCC patients were obtained from The Cancer

Genome Atlas (TCGA)-LIHC cohort (363 samples), which included 363 tumor samples, accessed through

the UCSC Xena platform. Two additional microarray datasets (GSE76427 and GSE14520, comprising 115

and 220 HCC samples, respectively) were downloaded from the Gene Expression Omnibus (GEO) database.

Comprehensive etiology data (e.g., viral status, metabolic disease) were not obtained in all cohorts and thus

were not included as a primary stratifying variable in this analysis. A set of 3,187 immune-related genes

(IRGs) was compiled from the InnateDB and ImmPort public repositories for subsequent analysis.

Estimation of tumor-infiltrating immune cells

The relative enrichment levels of 28 tumor-infiltrating immune cell (TIIC) subtypes were quantified via

single-sample gene set enrichment analysis (ssGSEA) using the “GSVA” R package. This method generates a

sample-wise enrichment score for each immune cell type based on the expression of a predefined gene

signature, reflecting the relative abundance and activity of that cell population within the tumor

microenvironment, rather than absolute cell counts. The gene signatures for the 28 immune cell types,

including activated CD8⁺ T cells, were obtained from the comprehensive immune cell signature collection

published by Charoentong et al.
[15]

. Specifically, the signature for “activated CD8⁺ T cells” was defined by

genes associated with CD8⁺ T cell effector function and activation status, such as those defining effector and

cytotoxic functions (e.g., GZMA, GZMB, PRF1, IFNG, CD8A, CD8B) as described in Charoentong et al.
[15]

.

Co-expression network construction and hub module identification

A weighted gene co-expression network was built from the expression profiles of 3,187 IRGs using the

WGCNA framework
[12]

. The module most strongly correlated with activated CD8
+
 T cell infiltration

(|correlation| > 0.8, module significance > 0.6) was designated the hub module. Genes within this module

were subjected to Cox regression analysis; those with P <​ 0.05 were defined as hub genes. Functional

enrichment of hub genes was conducted through Gene Ontology (GO) and Kyoto Encyclopedia of Genes

and Genomes (KEGG) pathway analyses utilizing the “clusterProfiler” and “gene set enrichment analysis

(GSEA)” R packages.

Unsupervised clustering

HCC samples were clustered based on hub gene expression using the “ConsensusClusterPlus” R package.

Clustering was performed with the partitioning around medoids (PAM) algorithm and Canberra distance,

and stability was assessed over 100 iterations.

Risk score model construction

Principal component analysis (PCA) was used to analyze the hub genes. The first principal component was

extracted as a PCA-based risk score for each patient, calculated as: Risk score = Σ (Expression of gene i ×
Coefficient i), where the coefficient represents the contribution of each hub gene to activated CD8

+
 T cell

infiltration.

Copy number variation analysis

Recurrent copy number alterations were identified from SNP6 array data using the GISTIC 2.0 algorithm on

the GenePattern platform (GenePattern module: GISTIC_2). Parameters were set as follows: significance

threshold q ≤ 0.05, confidence level 0.90. Genomic segments with q <​ 0.05 were considered significantly

recurrent.
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Somatic mutation analysis

To identify genes with a significant burden of somatic mutations, we used the MutSigCV algorithm (version

2.0) as implemented on the GenePattern platform. MutSigCV compares the observed mutation rate of each

gene to an expected background model, accounting for gene-specific mutational covariates such as

expression and replication timing. Genes with a false discovery rate (FDR) q-value <​ 0.05 were considered

significantly mutated.

Immune, stromal, and stemness scoring

Immune and stromal scores were calculated with the “ESTIMATE” R package to respectively quantify the

relat ive presence of immune and stromal e lements within the tumor microenvironment. A

transcriptome-based stemness index, generated through a one-class logistic regression (OCLR) machine

learning model, was used to evaluate tumor stemness.

Tumor immune dysfunction and exclusion (TIDE) prediction

The TIDE computational framework was applied to infer mechanisms of immune evasion and indicates

potential responsiveness to immunotherapy. Elevated TIDE scores correlate with a higher probability of

resistance to immune checkpoint inhibitors (ICIs).

Statistical analysis

Intergroup differences were compared using the Wilcoxon test. Kaplan-Meier survival analysis with log-rank

testing was employed to assess prognostic disparities. The “pROC” package was utilized to plot receiver

operating characteristic (ROC) curves and measure predictive accuracy. Somatic mutation profiles were

visualized with the “maftools” package. All statistical computations were performed in R version 4.1.0, with a

two-sided P-value <​ 0.05 considered statistically significant. For comparisons involving multiple groups,

including the 28 TIIC subsets, P-values reported are nominal. Readers are advised to interpret findings with

caution, noting that results with P <​ 0.01 represent more stringent, and thus more robust, differences.

RESULTS
Expression data of HCC

RNA expression data and clinical data of 363 HCC patients were obtained from TCGA-HCC cohort, via the

UCSC Xena platform (h​t​t​p​s​:​/​/​x​e​n​a​b​r​o​w​s​e​r​.​n​e​t​/​d​a​t​a​p​a​g​e​s​/​). GSE76427 containing 115 HCC samples, and

GSE14520 containing 220 HCC samples were obtained from GEO database. Clinical information for each

dataset is summarized in Supplementary Table 1. Expression profiles of 3,187 IRGs were obtained from

InnateDB database and ImmPort database.

Evaluation of immune cell network and prognosis based on activated CD8+ T cell infiltration

Given the central role of activated CD8
+
 T cell in antitumor immunity, we first evaluated their infiltration

level across HCC sample. Based on the estimated proportions of 28 TIIC subtypes in the TCGA cohort, we

performed consensus clustering and univariate Cox proportional hazards analysis. An immune cell

regulatory network illustrated the interactions among these cells and their correlation with clinical prognosis,

revealing significant Spearman correlations [Figure 1A]. This network highlighted activated CD8
+
 T cells as a

hub population with strong prognostic relevance.

Samples were stratified into high- (n = 120) and low-infiltration (n = 243) groups based on activated CD8
+
 T

cell proportion using the “surv_cutpoint” function (“survminer” package). Kaplan-Meier analysis with

log-rank test showed that the high-infiltration group had significantly better prognosis in both TCGA and

GSE76427 datasets (P <​ 0.05, Figure 1B and C), underscoring the prognostic value of CD8
+
 T cell infiltration

in HCC.

https://xenabrowser.net/datapages/
https://file.oaecenter.com/published/pdf/d171a2dbdc7722711058fbb4bfdbc4c8/1780537491/hr110108-SupplementaryMaterials.pdf
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Figure 1. Immune cell network and activated CD8+ T cell infiltration group prognosis. (A) Network depicting interactions among 28
tumor-infiltrating immune cell types. Circle size represents the magnitude of association with OS; green and black nodes indicate favorable
and unfavorable prognostic factors, respectively. Connecting lines denote interactions, with red lines representing positive correlations; (B)
Prognostic survival curve of activated CD8+ T cell infiltration groups in the TCGA database; (C) Prognostic survival curve of activated
CD8+ T cell infiltration groups in the GSE76427 database. OS: Overall survival; TCGA: the Cancer Genome Atlas.

WGCNA identifies modules associated with activated CD8+ T cell infiltration

To systematically identify gene modules co-expressed with activated CD8
+
 T cell infiltration, we performed

WGCNA. Among 3,187 IRGs, 2308 were present in the TCGA dataset and used to construct a weighted gene

co-expression network via the “WGCNA” package. After outlier removal (cutHeight = 65, minSize = 10;

Supplementary Figure 1), 352 samples were retained. A soft-threshold power β = 3 was selected to achieve a

scale-free topology (R
2
 > 0.85). Genes were clustered by average-linkage hierarchical clustering based on

topological overlap, and modules containing fewer than 30 genes were merged, resulting in seven distinct

modules (Figure 2A; gene lists in Supplementary Table 2).

We computed the Pearson correlation coefficients between each module eigengene (ME) and the phenotypic

traits of the samples, with a higher coefficient indicating stronger module relevance. Each row corresponds

to an ME, and each column represents a trait. Color intensity from red to blue reflects correlation strength

                                                                                               

https://file.oaecenter.com/published/pdf/d171a2dbdc7722711058fbb4bfdbc4c8/1780537491/hr110108-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/d171a2dbdc7722711058fbb4bfdbc4c8/1780537491/hr110108-SupplementaryMaterials.pdf
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Figure 2. WGCNA co-expression module. (A) Gene dendrogram and module colors; (B) Heatmap of module-trait correlations. Rows
represent MEs, columns represent clinical traits. Color intensity reflects Pearson correlation coefficients (red: positive; blue: negative);
each cell shows the correlation coefficient and corresponding P-value; (C) GS value for every module; (D) MM value and GS value of
turquoise module genes; (E) Forest plot displaying 17 hub genes significantly associated with prognosis (P < ​ 0.05) identified by univariate
Cox regression. MEs: Module eigengenes; GS: gene significance; MM: Module Membership.

(high to low), and each cell displays both the correlation coefficient and its associated P-value [Figure 2B].

We further determined the gene significance (GS) value for each module. A larger GS value signifies a closer

association between the module and the activated CD8⁺ T cell infiltration group [Figure 2C]. According to

the results of the relationship between the phenotype and module assessed by the two methods, the most

relevant module for activated CD8
+
 T cell immune infiltration was the turquoise module. Within this

module, 51 hub genes were selected using the following criteria: module membership > 0.8, gene significance

> 0.6, and P <​ 0.05 [Figure 2D]. Subsequent univariate Cox regression further identified 17 of these genes as

significantly associated with prognosis (P <​ 0.05; Figure 2E). These 17 hub genes formed the basis for

subsequent clustering and risk modeling.

Functional annotation of the 17-gene prognostic signature

GO and KEGG enrichment analyses performed with the “clusterProfiler” package demonstrated that the 17

hub genes were significantly enriched in immune-associated pathways. These included “T cell receptor

signaling,” “programmed death-ligand 1 (PD-L1)/PD-1 checkpoint pathway in cancer,” and “Th17 cell

differentiation” [Supplementary Figure 2], reinforcing their functional relevance in T-cell activation

processes. This enrichment supports their biological relevance in T-cell activation and immune checkpoint

regulation, aligning with our focus on immunotherapy response.

https://file.oaecenter.com/published/pdf/d171a2dbdc7722711058fbb4bfdbc4c8/1780537491/hr110108-SupplementaryMaterials.pdf
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Figure 3. Classification and subtypes based on the hub genes. (A) The heat scale shows the Z-score-normalized hub gene expression; (B)
Consensus clustering identified two robust subtypes: Cluster 1 and Cluster 2; (C) Kaplan-Meier survival curves comparing Clusters 1 and 2;
(D) Assessment of clustering stability using average silhouette width; (E) The heat scale shows the Z-score-normalized to the top 100
DEGs. DEGs: Differentially expressed genes.

Unsupervised clustering based on hub genes

The heatmap was analyzed with Z‐Score using the log2 [fragments per kilobase of transcript per million

mapped reads (FPKM)] expression of the 17 hub genes. The heat scale shows the Z-score-normalized hub

gene expression [Figure 3A]. Unsupervised cluster analysis was scaled with the expression profiles of the 17

hub genes. A total of 363 patients in the TCGA dataset were divided into two different subtypes, which were

named Cluster 1 and Cluster 2 [Figure 3B]. There was a significant difference in prognosis between those two

clusters [Figure 3C]. The average silhouette width is a popular cluster validation index used to estimate the

number of clusters
[16]

. The average silhouette width (0.36) confirmed optimal clustering [Figure 3D].

Differential expression analysis (“limma” package, |logFC| > 0.585, FDR <​ 0.01) identified 648 differentially

expressed genes (DEGs) between clusters [top 100 shown in Figure 3E]. These subtypes served as a

foundation for exploring molecular and immune differences relevant to therapy response.
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Functional enrichment of DEGs

The “ClusterProfiler” and “GSEA” R packages were used to perform functional enrichment analysis of these

648 DEGs. KEGG pathway analysis revealed significant enrichment in “chemokine signaling pathway” and

“cytokine-cytokine receptor interaction” [Supplementary Figure 3A]. GO analysis identified key biological

processes such as “leukocyte migration” and “immune response-activating cell surface receptor signaling

pathway” [Supplementary Figure 3B-D]. GSEA further indicated that DEGs were involved in immune

system regulation and T-cell differentiation [Supplementary Figure 3E and F].

Molecular differences between clusters

Using Wilcoxon test to compare the proportions of infiltrating immune cells between the two clusters.

Results showed that there were significant differences in all 28 TIIC types [Figure 4A and B]. Somatic

mutation analysis (“maftools” R package) showed higher mutation burden in Cluster 2 (P <​ 0.05, Figure 4C).

Among the top 20 mutated genes, 16 overlapped between clusters; TTN and CTNNB1 exhibited notably

higher mutation frequencies in Cluster 2 [Figure 4D and E], which have been linked to immune exclusion.

Copy-number variation (CNV) landscapes also differed between clusters [Figure 4F and G]. TIDE webtool
[17]

was used to evaluate the clinical effect of ICI therapy on the two clusters, and the TIDE score of Cluster 1 was

significantly higher than that of Cluster 2 (P <​ 0.05, Figure 4H), suggesting lower ICI response - a finding

consistent with its lower mutation burden and immune-excluded phenotype.

Risk model construction and validation

We performed PCA of the 17 hub genes in the TCGA. The PCA-based risk score came from the first

principal component of the 17 hub genes [Figure 5A]. The proportion of variance explained by each PCA

was shown in the Supplementary Figure 4 and Supplementary Table 3. Using the “surv_cutpoint” method,

patients were stratified into high- and low-risk groups, which showed significantly distinct prognostic

outcomes (P <​ 0.05; Figure 5B). This model is primarily used for population-level risk stratification rather

than precise individual prediction, and its area under the ROC curve (AUC, 0.55) indicates moderate

predictive capability [Figure 5C]. A Sankey diagram illustrated relationships among risk groups, clusters, and

clinical features [Figure 5D]. Importantly, the risk model also stratified patients by TIDE scores and

mutation burden, suggesting utility in predicting immunotherapy response. External validation in GEO

datasets (GSE76427, GSE14520) confirmed prognostic stratification [Figure 5E and F].

Molecular differences between risk groups

To further explore the molecular differences between the two risk groups, we used the “maftools” R package

to analyze the differences in somatic mutations between the two risk groups. There was a significant

difference in the number of gene mutations between the two risk groups (P <​ 0.05, Figure 6A). In these two

groups, of the genes with the top 20 highest mutation frequencies [Figure 6B and C]. The high-risk group

showed distinct CNV profiles [Figure 6D and E]. We also compared the differences in the immune score,

stromal score and stemness score between the two groups. Immune and stromal scores were lower, while

stemness scores were higher in the high-risk group (P <​ 0.05, Figure 6F-H). TIDE was used to evaluate the

clinical effect of ICI treatment in the two groups, and the TIDE score of the high-risk group was significantly

lower than that of the low-risk group (P <​ 0.05, Figure 6I), indicating lower TIDE score points toward a

potentially better response to ICIs - a finding aligned with their higher tumor mutational burden (TMB) and

immune-activated gene signatures. Furthermore, infiltration levels of all 28 TIIC types showed significant

differences between the risk groups (Wilcoxon test, Figure 6J and K).

Stability of the risk model

To assess the robustness of the risk model, we performed subgroup analyses according to clinical

characteristics in the TCGA cohort (n = 363). Within each clinical stratum, patients were classified into high-

or low-risk categories using the previously defined cutoff from the “surv_cutpoint” function (“survminer”

                                                                                           

https://file.oaecenter.com/published/pdf/d171a2dbdc7722711058fbb4bfdbc4c8/1780537491/hr110108-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/d171a2dbdc7722711058fbb4bfdbc4c8/1780537491/hr110108-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/d171a2dbdc7722711058fbb4bfdbc4c8/1780537491/hr110108-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/d171a2dbdc7722711058fbb4bfdbc4c8/1780537491/hr110108-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/d171a2dbdc7722711058fbb4bfdbc4c8/1780537491/hr110108-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/d171a2dbdc7722711058fbb4bfdbc4c8/1780537491/hr110108-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/d171a2dbdc7722711058fbb4bfdbc4c8/1780537491/hr110108-SupplementaryMaterials.pdf


Wu et al. Hepatoma Res. 2026;12:23 Page 9 of 16

Figure 4. Comparative molecular profiling between Cluster 1 and Cluster 2. (A) Distribution difference of immune cell infiltration ratio
between the two clusters. Significance markers are based on nominal P-values from Wilcoxon tests. ***P < ​ 0.001, **P < ​ 0.01, *P < ​ 0.05; (B)
Difference distribution scatter plot of the immune cell infiltration ratio in the two clusters; (C) Number of gene mutations between the two
clusters; (D and E) Distribution of mutations of 16 intersecting genes in the two clusters; (F and G) Distribution of copy number variation
regions in the two clusters; (H) TIDE score of Cluster 1 was significantly higher than that of Cluster 2. TIDE: Tumor immune dysfunction
and exclusion.

package). Kaplan-Meier survival curves were then generated to evaluate prognostic differences between risk

groups. Results showed that significant survival distinctions persisted across multiple clinical subsets -

including M0, N0, T1, T2-4, male, female, and stage I-II subgroups [Figure 7A-J]. These findings confirm

that the predictive capability of the risk model remains stable across varied clinical contexts and support its

utility in prognostic assessment for HCC patients.
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Figure 5. Construction and verification of the risk model. (A) PCA of the 17 hub genes; (B) Kaplan-Meier survival curves for high-risk vs.
low-risk groups in the TCGA cohort; (C) ROC curve reached 0.55; (D) Sankey diagram illustrating relationships among molecular clusters,
risk groups, and key clinical features; (E and F) External validation of the risk model in GEO datasets GSE76427 and GSE14520. PCA:
Principal component analysis; TCGA: the Cancer Genome Atlas; ROC: receiver operating characteristic; GEO: the Gene Expression
Omnibus; OS: overall survival; AUC: area under the ROC curve.

DISCUSSION
Immunotherapy based on ICIs has revolutionized oncology practice and shown encouraging efficacy in

advanced HCC
[18]

. Clinical trials have further substantiated the therapeutic potential of PD-1 inhibitors,

including pembrolizumab and camrelizumab
[19,20]

. However, objective response rates remain limited in most

HCC patients 
[9]

, underscoring the need for predictive biomarkers to identify individuals more likely to

benefit from ICI treatment. In this study, we established an immune-related prognostic classifier based on

activated CD8
+
 T cell-associated genes. Our integrated analytical framework not only stratifies patient

prognosis but also provides compelling evidence linking molecular subtypes to differential immunotherapy

susceptibility, thereby offering a dual-utility tool for clinical decision-making in HCC.

Our findings reinforce the established prognostic significance of tumor-infiltrating lymphocytes in HCC.

both unsupervised clustering and risk-model consistently indicated that enriched immune infiltration,

notably of activated CD8
+
 T cells, CD4

+
 T cells, B cells, and NK cells, correlated with improved prognosis.

These findings align with prior studies linking dense tumor-infiltrating lymphocytes to favorable outcomes

across multiple malignancies
[21-27]

. Our study extends these observations by systematically linking CD8
+
 T

cell-centric gene expression patterns not only to survival but also to genomic and microenvironment features

that modulate immunotherapy response.
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Figure 6. Molecular differences between risk groups. (A) Comparison of mutation counts between risk groups; (B and C) Mutation spectra
of the 16 most frequently altered genes in each group; (D and E) CNV profiles across risk groups; (F and G) Immune and stromal scores
estimated using the ESTIMATE algorithm; (H) Stemness scores derived from transcriptomic data; (I) TIDE scores predicting immune
checkpoint inhibitor response; (J and K) Differential immune-cell infiltration patterns between risk groups. Significance markers are based
on nominal P-values from Wilcoxon tests. ***P < ​ 0.001, **P < ​ 0.01, *P < ​ 0.05. CNV: Copy-number variation; TIDE: tumor immune
dysfunction and exclusion.

At the genomic level, Cluster 2 and high-risk groups exhibited higher TMB, consistent with reports that

elevated TMB may predict enhanced response to immune checkpoint blockade
[28]

. In particular, we observed

notable enrichment of mutations in TTN and CTNNB1 within these subgroups. CTNNB1 mutations are

known to impair antitumor immunity and promote immune exclusion
[29]

. The co-occurrence of high TMB

and CTNNB1 alterations in the same subgroup presents a nuanced genomic landscape that may partly

explain the heterogeneous clinical outcomes and immunotherapy responses observed in HCC.
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Figure 7. Subgroup analyses confirm stable predictive performance of the risk model across clinical strata. Kaplan-Meier survival analysis
showed that the predictive ability of the risk model was stable under clinical characteristics such as M0, N0, T1, T2-4, male, female, and
stage I-II. OS: Overall survival.

Furthermore, higher CNV burden and elevated stemness scores characterized the high-risk group. Both

features are hallmarks of genomic instability and are associated with aggressive tumor phenotypes,

therapeutic resistance, and poor prognosis
[30-36]

. Conversely, lower immune and stromal scores in this

subgroup indicated a more immune-suppressed and stroma-poor microenvironment, which corresponded

with inferior survival - a pattern consistent with prior studies linking low immune/stromal infiltration to

poor prognosis
[37-39]

.
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A pivotal finding of our study is the inverse relationship between the risk score and TIDE score. Lower TIDE

scores in the high-risk group suggest a reduced likelihood of immune evasion mechanisms and a potentially

greater probability of responding. This prediction is mechanistically supported by same group’s higher TMB

and enrichment of immune-active gene signatures. Importantly, our risk model demonstrated comparable

predictive performance to TIDE in stratifying immunotherapy response, while also offering robust

prognostic value over longer follow-up. The model maintained stable predictive power across diverse clinical

subgroups stratified by tumor grade, stage, and sex, supporting its potential clinical applicability.

The functional relevance of our 17-gene signature is underscored by the known roles of its key constituents

in antitumor immunity. For instance, CXCL10 encodes a chemokine crucial for recruiting effector T cells to

the tumor site
[40]

. GZMB encodes granzyme B, a key cytotoxic molecule released by activated CD8⁺ T cells to

induce tumor cell apoptosis. Furthermore, the inclusion of PDCD1 (encoding PD-1) directly links our

signature to immune checkpoint biology, as PD-1 is the canonical target of ICI therapy
[41]

. In contrast,

PDCD1 (encoding PD-1 protein) represents the direct target of ICIs; its elevated expression is frequently

associated with T-cell exhaustion, whereas blockade of the PD-1/PD-L1 axis can reverse this suppression and

restore T-cell antitumor activity
[42]

. The co-enrichment of these genes within our prognostic module provides

a mechanistic basis for its association with both patient survival and predicted immunotherapy response.

Several previous studies have sought to identify immune-based signatures in HCC. For instance, Sangro et al.

identified a four-gene inflammatory signature (CD274, CD8A, LAG3, STAT1) associated with improved

outcomes in nivolumab-treated patients
[11]

. While Wei et al. proposed a classification combining tumor

budding and immune score for prognostic stratification
[29]

. These efforts primarily focused on either pure

prognostic prediction or retrospective correlation with ICI response using limited gene sets. In contrast, our

study introduces a multi-step integrative framework that: (1) employs WGCNA to derive a co-expression

module intrinsically linked to activated CD8
+
 T cell infiltration; (2) performs unsupervised clustering to

reveal biologically distinct subtypes; (3) constructs a continuous risk model via PCA, enabling granular risk

stratification; and (4) systematically evaluates the resulting subgroups using multi-dimensional metrics

(TMB, CNV, stemness, immune/stromal scores, and TIDE. This represents one of the first approaches to

combine CD8
+
 T cell-centric network analysis, consensus clustering, and a dimensionality-reduction-based

risk model for the dual purpose of prognosis and immunotherapy response prediction in HCC.

Several limitations of this study should be noted. First, our analysis was conducted using publicly available

retrospective datasets. It is important to note that the etiology of underlying liver disease (e.g., viral vs.

non-viral) is a major source of heterogeneity in HCC and can inf luence the tumor immune

microenvironment. The cohorts used in this study lacked uniformly annotated etiology data, which

precluded a stratified analysis by cause. Therefore, while our model identifies a prognostically relevant

immune axis, its applicability across all HCC etiologies requires validation in future, well-annotated

prospective cohorts where etiology is a predefined covariate. Second, while we incorporated genomic and

transcriptomic features, proteomic and spatial multi-omics data could further refine the model’s biological

interpretability. Third, although the risk model constructed in this study can significantly stratify prognosis,

its discriminative ability is limited (AUC ≈ 0.55), making it more suitable as a supplementary tool rather than

an independent diagnostic indicator. Future work may integrate parameters such as clinical stage and

etiology to build a composite model. Fifth, the P-values for the comparison of the 28 tumor-infiltrating

immune cell subsets were not adjusted for multiple comparisons. Although we employed a stringent nominal

threshold (P < ​ 0.01) to highlight the most robust differences and have transparently reported this

methodological point, future studies should apply formal correction methods (e.g., Benjamini-Hochberg

FDR control) to confirm these associations. Tools such as TIDE are merely hypothesis-generating

computational predictors and require validation in prospective ICI-treated cohorts. Finally, although the

                                                                                           



Page 14 of 16 Wu et al. Hepatoma Res. 2026;12:23

model’s risk groups correlate with computational predictors of ICI response TIDE and genomic features

associated with immunotherapy outcomes, these results remain hypothesis-generating. Direct validation in

independent, prospectively collected cohorts of ICI-treated HCC patients is required to establish the model’s

clinical utility in guiding immunotherapy decisions.

In summary, we developed and validated an activated CD8
+
 T cell-related risk model that effectively stratifies

HCC patients into distinct prognostic subgroups. The developed classifier combines features of immune

infiltration, genomic instability, and tumor stemness. It demonstrates potential as a non-invasive biomarker

for predicting both patient prognosis and probable response to immunotherapy. Further prospective studies

are warranted to translate this model into clinical practice for personalized treatment planning in HCC.

Moreover, immunophenotypic features not only help predict the efficacy of first-line ICIs but may also

provide clues for selecting second-line treatment options after ICI failure. For example, the recent REFINE

study demonstrated that regorafenib continues to exhibit favorable efficacy and safety in patients who have

failed ICI therapy
[43]

. Therefore, future studies could explore the correlation between our model and

second-line treatments such as tyrosine kinase inhibitors (TKIs), offering a basis for personalized sequential

therapy.
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