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Hepatocellular carcinoma (HCC) is a leading cause of cancer-related death globally, characterized by 
high morbidity and poor prognosis. The complex molecular and immune landscape of HCC makes 
accurate patient stratification and personalized treatment essential. In this study, we utilized large-
scale gene expression data from TCGA and GSE54236, alongside eQTL GWAS data, to identify key 
genes that influence HCC prognosis. Machine learning analysis was performed on the genes identified 
through Mendelian randomization (MR) and survival association analysis, using 101 algorithms to 
construct a robust prognostic model. A novel riskScore model was developed by integrating genetic, 
clinical, and immune cell infiltration data. The prognostic performance of model was validated through 
survival analysis, and its association with chemotherapy and immunotherapy sensitivity. The impact 
of key genes on the proliferation and invasion capabilities of HCC cells was assessed through Western 
blot (WB), EdU, and invasion assays. A total of 27 candidate genes associated with HCC survival 
were identified, with 16 genes categorized as high-risk. The riskScore model demonstrated excellent 
performance in stratifying patients into high-risk and low-risk groups, with C-index exceeding 0.7 
for both TCGA and GSE54236 datasets. High-risk patients exhibited poorer prognosis and higher 
immune cell infiltration, particularly T cells and neutrophils. The model also predicted drug sensitivity, 
with high-risk patients showing greater sensitivity to chemotherapy agents like 5-Fluorouracil and 
Paclitaxel. Mutation analysis revealed that TP53 and MUC16 mutations were prevalent in high-
risk groups, highlighting their role in HCC progression and therapeutic response. And the key gene 
SLC16A3 and STRBP can significantly promote the proliferation and invasion ability of HCC cells. 
Our riskScore model, integrating genetic and immune factors, provides a robust prognostic tool with 
potential clinical application in patient stratification and chemotherapy decision-making for HCC 
patients.
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HCC, the sixth most common cancer and the third leading cause of cancer-related deaths, is prevalent and deadly 
worldwide, with nearly 900,000 new cases diagnosed annually1,2. The incidence of HCC is rising, particularly 
in regions with widespread risk factors like chronic hepatitis B and C, liver cirrhosis, and aflatoxin exposure3. 
Despite advancements in detection and treatment, the prognosis remains poor due to its aggressive nature, high 
recurrence rates, and difficulties in treatment selection for advanced stages4. Furthermore, molecular and clinical 
heterogeneity of HCC complicates diagnosis and treatment, emphasizing the need for improved biomarkers and 
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personalized therapies. Chemotherapy and immunotherapy are key treatment options for advanced HCC, but 
challenges such as drug resistance, side effects, and lack of specificity limit their efficacy. Sorafenib, the first 
FDA-approved systemic treatment, offers modest survival benefits but is hindered by drug resistance and tumor 
progression5. Recently, immune checkpoint inhibitors like nivolumab and pembrolizumab have shown promise, 
but their overall response rate remains low, and reliable biomarkers for predicting response are still lacking6. The 
immunosuppressive tumor microenvironment in HCC further complicates treatment outcomes, underscoring 
the urgent need for personalized, patient-tailored therapeutic strategies7. Consequently, there is an increasing 
need for personalized treatment approaches that integrate genetic, molecular, and immunological characteristics 
to better predict patient responses and guide therapeutic decisions.

Traditional observational studies are challenged by issues such as confounding bias and reverse causality, 
which limit the ability to make causal inferences. MR, which uses genetic variations as instrumental variables, 
has emerged as a crucial tool for revealing causal relationships in the pathogenesis of liver cancer and for 
identifying therapeutic targets. For example, an MR analysis conducted by Cao et al. demonstrated that low-
density lipoprotein cholesterol (LDL-C) has a protective effect on liver cancer risk (OR 0.703, 95% CI 0.508–
0.973), partly through coronary artery disease (58.52%), highlighting the role of metabolic pathways in liver 
cancer development8. Similarly, existing studies have established causal relationships between antidiabetic drug 
targets (such as ABCC8/KCNJ11) and gastrointestinal cancers, including liver cancer, underscoring the value 
of MR in drug target validation9. Furthermore, MR studies have identified sarcopenia-related traits, such as low 
limb lean mass and grip strength, as independent risk factors for hepatocellular carcinoma (HCC) in European 
populations, with C-reactive protein (CRP) mediating 7.4 to 9.1% of the effect10. These findings not only clarify 
biological mechanisms but also highlight actionable intervention targets. Additionally, a comprehensive MR 
analysis by Zhu et al. identified 10 plasma proteins (including ALDH1A1, TFPI2 etc.) as potential therapeutic 
biomarkers, which were validated through colocalization and single-cell analysis11. Overall, MR analysis fills 
gaps in causal inference and provides valuable insights for the prevention, early detection, and targeted treatment 
of hepatocellular carcinoma.

Many prognostic features identified in previous studies have limitations in clinical applications, primarily 
due to unclear causal relationships with cancer. To address this, we applied MR to identify key genes. MR 
leverages the theoretical random allocation of alleles to avoid reverse causality and unmeasured confounders, 
thus enabling the identification of genes that influence HCC progression. By intersecting genes selected through 
MR with prognostic genes from the TCGA and GSE54236 datasets, we developed a novel risk model, riskScore, 
that integrates both genetic and clinical factors. This model is designed not only to predict the overall survival 
of HCC patients but also to provide insights into the tumor immune landscape. Our findings underscore 
the crucial role of immune cell infiltration, particularly T cells, B cells, and macrophages in determining 
the invasiveness of HCC and its response to treatment. Furthermore, this model offers valuable predictions 
of chemotherapy and immunotherapy sensitivity, supporting the adoption of more personalized treatment 
strategies. By incorporating genetic variations that affect immune cell infiltration and tumor progression, this 
study provides a comprehensive framework for improving patient stratification and optimizing HCC treatment 
strategies, ultimately contributing to better clinical outcomes.

Materials and methods
Data collection and preprocessing
Gene expression data and clinical information for HCC were primarily sourced from TCGA data portal ​(​​​h​t​t​p​s​:​
/​/​p​o​r​t​a​l​.​g​d​c​.​c​a​n​c​e​r​.​g​o​v​/​​​​​)​, which includes 374 HCC samples and their corresponding clinical data. Additionally, 
we retrieved the GSE54236 HCC dataset from the GEO database, which contains gene expression data and 
clinical information for 80 HCC samples. To ensure consistency and comparability across datasets, batch effects 
between datasets were corrected using the ComBat function from the sva R package. Furthermore, we extracted 
eQTL GWAS data from the IEU OpenGWAS project (https://gwas.mrcieu.ac.uk/), covering 19,942 genes, and 
selected single nucleotide polymorphisms (SNPs) with a significance threshold of P < 5e−6 for further analysis. 
In addition, we integrated HCC-related GWAS data from the FinnGen R12 dataset (https://www.finngen.fi/fi) 
and the GWAS Catalog, specifically the GCST90013702 dataset. The FinnGen dataset includes data from 947 
HCC patients and 378,749 healthy controls, while the GCST90013702 dataset includes data from 1,866 HCC 
patients and 195,745 healthy controls, providing valuable genetic association information for subsequent in-
depth analysis.

MR analysis
In this study, a two-sample MR framework was implemented using the “TwoSampleMR” R package (v0.5.6) 
to infer the causal relationship between gene expression (eQTLs) and HCC risk. We selected independent 
instrumental variables (IVs) by applying linkage disequilibrium pruning (r2 = 0.1, kb = 10,000), and palindromic 
SNPs were excluded to avoid strand ambiguity. The inverse variance weighted (IVW) method was employed as 
the primary analysis strategy due to its superior statistical power under the assumption of valid instruments. To 
account for potential violations of the MR assumptions—such as horizontal pleiotropy—we conducted sensitivity 
analyses using multiple complementary MR methods, including MR-Egger regression, weighted median, and 
mode-based estimation. These methods provided robustness checks under different model assumptions and 
helped assess the consistency of causal estimates. The MR-Egger intercept test was used to detect directional 
pleiotropy, while heterogeneity was assessed via Cochran’s Q statistic. Additionally, we performed leave-one-out 
analysis to evaluate the influence of individual SNPs on the causal estimate. These sensitivity analyses confirmed 
the robustness of the MR results and minimized the likelihood of bias due to invalid instruments.
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To address heterogeneity in the HCC GWAS data, we first integrated the FinnGen R12 (947 HCC cases/378,749 
controls) and GCST90013702 (1866 HCC cases/195,745 controls) datasets using Metal software12, corrected for 
batch effects, and generated summary statistics, which were then used for the final MR analysis.

Feature selection and riskScore model construction
In this study, a prognostic prediction model for HCC was developed by integrating multiple analytical approaches. 
Univariate Cox regression analysis (coxph function) was performed using the “survival” R package (v3.5.7) and 
the “survminer” R package (v0.4.9) to identify candidate genes significantly associated with overall survival 
in HCC patients (selection criterion: P < 0.05). These candidate genes were cross-validated with eQTL genes 
identified through Mendelian randomization analysis. A Venn diagram was used to determine a feature gene 
set with both genetic association and clinical prognostic significance. Based on the expression profiles of these 
feature genes, the classification performance of 101 machine learning algorithms (including Lasso + StepCox, 
survival-SVM, etc.) was systematically evaluated. The 101 methods used by the machine learning model and 
their corresponding hyperparameters are presented in Table S9. The optimal algorithm for constructing the 
riskScore model was selected through cross-validation and C-index. Patients were stratified into high-risk and 
low-risk groups using the median riskScore as the threshold. Kaplan–Meier curves and Log-rank tests were 
employed to assess the prognostic discriminative power of this stratification.

To mitigate overfitting and ensure model generalizability, we implemented a rigorous tenfold cross-validation 
strategy for all machine learning algorithms during model training. Specifically, in the RunEnet function (used 
for Lasso, and Ridge), cross-validation was performed using the cv.glmnet function with nfolds = 10, where 
the dataset was randomly partitioned into 10 equally sized subsets. In each iteration, one subset was held out 
for validation while the remaining nine were used for training. This process was repeated across all folds, and 
the optimal penalty parameter (lambda) was selected based on the minimum cross-validated error. For other 
algorithms such as CoxBoost, GBM, and SuperPC, internal cross-validation procedures (cv.CoxBoost, cv.gbm, 
superpc.cv) with K = 10 folds were applied to select hyperparameters and assess performance stability. These 
consistent tenfold cross-validation frameworks were used to reduce the risk of overfitting, improve model 
robustness, and select the best-performing model across 101 algorithmic configurations.

Survival analysis and model validation
This study employed a multi-dimensional validation framework to assess the prognostic performance of the 
risk model. First, time-dependent ROC curves for the risk model and clinical indicators (such as age and stage) 
were generated using the “timeROC” R package (v0.4.3) to evaluate 1-year, 3-year, and 5-year survival rates. 
The “rms” R package (v6.7-0) and “pec” R package were then used to calculate C-index, quantifying the model’s 
predictive accuracy. The parameters for the C-index calculation were set as splitMethod = “bootcv” and B = 1000. 
Subsequently, univariate and multivariate Cox regression models (using the “survival” R package) were applied 
to evaluate the statistical significance of riskScore as an independent prognostic factor (hazard ratios and 95% 
confidence intervals). Finally, Kaplan–Meier survival curves were constructed based on the median riskScore to 
stratify patients into high-risk and low-risk groups. The Log-rank test was employed to assess the significance of 
survival differences between the two groups (P < 0.05).

Functional enrichment analysis
GSEA Pathway Enrichment Analysis: Differential gene expression analysis was performed using the “limma” R 
package (v3.58.1). Pathway enrichment analysis was conducted with the “clusterProfiler” R package (v4.12.0) on 
gene sets from KEGG (c2.cp.kegg_legacy.v2024.1.Hs.symbols.gmt), Gene Ontology (c5.go.v2024.1.Hs.symbols.
gmt), and Hallmark (h.all.v2024.1.Hs.symbols.gmt), selecting significant pathways with an FDR < 0.05.

Immune-Related Pathway Analysis: The single-sample Gene Set Enrichment Analysis (ssGSEA) method was 
used to quantify the activity of immune-related pathways. Additionally, algorithms such as CIBERSORT were 
employed to calculate the abundance of 28 immune cell subtypes. Spearman correlation analysis was performed 
to evaluate the association between the riskScore and immune infiltration (P < 0.05).

Immune cell infiltration assessment
This study utilized multiple methods to estimate immune cell infiltration, including Quantiseq, Timer, Mcp_
counter, Xcell, CIBERSORT, and EPIC algorithms, for a comprehensive assessment of immune cell distribution 
patterns. Tumor purity and the composition of stromal immune cells were precisely estimated using the 
“estimate” R package to quantify the immune infiltration status of the tumor microenvironment. Furthermore, 
the TIDE (Tumor Immune Dysfunction and Exclusion) online tool (http://tide.dfci.harvard.edu/) was employed 
to analyze the immune evasion potential13. Differences in immune therapy response between the high-risk 
and low-risk groups were compared to investigate the potential link between riskScore and immune therapy 
prognosis.

Genetic variation characteristic
This study employed a multi-dimensional approach to investigate the genetic variation features associated 
with HCC. First, somatic mutation annotation and mutation feature analysis were conducted on the TCGA-
LIHC dataset using the “maftools” R package. SNV waterfall plots were created to systematically illustrate the 
heterogeneity of gene mutation profiles across samples. Next, a gene co-mutation heatmap was used to identify 
co-occurrence and mutually exclusive patterns of high-frequency mutated genes (e.g., TP53, CTNNB1). Fisher’s 
exact test was applied to identify significant co-mutation events (P < 0.05).
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Drug sensitivity prediction
This study integrated genomic-based drug sensitivity prediction models to systematically evaluate potential 
targeted therapies for HCC. Drug sensitivity prediction matrices were constructed using the “oncopredict” 
R package and the “pRRophetic” R package14,15. Spearman correlation analysis was employed to quantify the 
association between the drug half-maximal inhibitory concentration (IC50) and the riskScore. Chemotherapeutic 
drugs significantly correlated with the riskScore were identified based on Spearman correlation analysis 
(P < 0.001).

Statistical analysis
All statistical analyses were performed using R software (https://www.r-project.org/). Statistical significance was 
defined as a P value < 0.05. Correlation analyses between variables were conducted using Pearson’s correlation 
coefficient (for normally distributed data) and Spearman’s correlation coefficient (for non-parametric data). For 
continuous variables, independent sample t-tests (for normally distributed data) or Mann–Whitney U tests (for 
non-normally distributed data) were applied for pairwise comparisons, based on the distribution characteristics. 
Differences among multiple groups were analyzed using the Kruskal–Wallis test (non-parametric) or ANOVA 
(for normally distributed data with homogeneous variance). Survival analysis was conducted using the Kaplan–
Meier method to visualize the prognostic differences between high- and low-risk groups, and the Log-rank test 
was used to assess the significance of survival differences.

Reagents and antibodies
The siRNAs targeting SLC16A3 and STRBP were constructed by Shanghai Genechem Co., Ltd. (Shanghai, 
China). All antibodies, including anti-MCT4 (SLC16A3) (22,787-1-AP), anti-STRBP (17,362-1-AP), anti-α-
Tubulin (11,224-1-AP), and anti-GAPDH (10,494-1-AP), were purchased from Proteintech Group (Wuhan, 
China).

Cell culture and transfection
The human normal liver cell line MIHC and HCC cell lines Hep3B, PLC/PRF/5, Huh7, and MHCC97H were 
obtained from the American Type Culture Collection (ATCC). Cells were cultured in a 37 °C incubator with 
5% CO₂, and cell morphology and confluency were monitored every 8–24 h. When cell confluency reached 
80–95%, cells were passaged using 0.25% EDTA trypsin. After centrifugation (1000  rpm, 5  min), cells were 
resuspended in fresh complete medium for continued culture. Transfection was performed in 6-well plates: 
when the cell confluency reached 70–80%, siRNA was mixed with opt-MEM medium and transfected using 
the Lipofectamine 3000 reagent (Thermo Fisher Scientific) according to the manufacturer’s instructions. After 
6–8 h, the medium was replaced, and subsequent experiments were conducted 48 h post-transfection.

WB analysis
Sample Preparation: Cells were lysed with pre-chilled RIPA lysis buffer (containing protease and phosphatase 
inhibitors) and incubated on ice for 30 min. The lysates were then centrifuged at 12,000 rpm for 15 min at 4 °C 
to collect the supernatant. Protein concentrations were measured using the BCA assay. The samples were mixed 
with 5 × loading buffer and boiled for denaturation.

Electrophoresis and Transfer: A 10% separating gel (acrylamide/Bis 29:1, Tris–HCl pH 8.8, 0.1% SDS, 
0.05% APS, 0.1% TEMED) and a 5% stacking gel (acrylamide/Bis 29:1, Tris–HCl pH 6.8, 0.1% SDS, 0.05% 
APS, 0.1% TEMED) were prepared. The electrophoresis was carried out with an initial voltage of 80 V (stacking 
gel), followed by 120  V (separating gel). Proteins were transferred to methanol-activated PVDF membranes 
(Millipore) using a wet transfer system (Bio-Rad) at a constant current of 250 mA for 90 min.

Antibody Incubation and Detection: The PVDF membranes were blocked with 5% non-fat milk for 1 h, then 
incubated overnight at 4 °C with the primary antibody, followed by a 1-h incubation at room temperature with 
the HRP-conjugated secondary antibody. Protein bands were visualized using ECL chemiluminescence reagents, 
and the results were captured using a chemiluminescence imaging system. The images were saved for further 
analysis. GAPDH and α-Tubulin were used as internal controls in WB assays to normalize protein loading across 
samples.

EdU-488 cell proliferation assay and transwell invasion assay
EdU-488 Cell Proliferation Assay: Cells were seeded in 6-well plates and incubated until they reached 30%-
40% confluence. The medium was then replaced with fresh medium containing 50 μM EdU reagent, and cells 
were incubated at 37 °C for 2 h. After removing the medium, the cells were fixed with 4% paraformaldehyde 
for 15  min, permeabilized with 0.3% Triton X-100 for 15  min, and incubated with Click reaction solution 
(containing Alexa Fluor 488) for 30 min in the dark. The cells were subsequently counterstained with Hoechst 
for 10 min. Fluorescence images were acquired from random fields of view under a fluorescence microscope.

Transwell Invasion Assay: Transwell chambers (Corning, 8 μm pore size) were pre-chilled to 4 °C. Matrigel 
was diluted in serum-free medium at a 1:8 ratio and applied evenly to the upper chamber (40 μl per chamber), 
followed by incubation at 37 °C for 1 h to allow solidification. Log-phase cells were trypsinized, resuspended 
in serum-free medium (2 × 104 cells/200 μl), and seeded into the upper chamber. The lower chamber was filled 
with medium containing 20% fetal bovine serum. After 48 h of incubation at 37 °C, the cells were fixed with 4% 
paraformaldehyde for 30 min and stained with 0.1% crystal violet for 15 min. Non-invasive cells on the upper 
surface of the membrane were gently removed with a cotton swab, and images of random fields were captured 
under a microscope.

Scientific Reports |        (2025) 15:23930 4| https://doi.org/10.1038/s41598-025-09010-1

www.nature.com/scientificreports/

https://www.r-project.org/
http://www.nature.com/scientificreports


Results
Identification of HCC-related genes through eQTL MR analysis
The workflow diagram of this study is presented in Fig. S1. ID conversion was performed for the eQTL data from 
19,942 genes obtained from blood samples (Table S1), retaining 15,307 eQTL data points that included gene 
names. Next, we compared the SNPs associated with each eQTL to HCC GWAS data, including datasets from 
the FinnGen and Japanese cohorts. SNPs were screened using the F-statistic and five MR methods, identifying 
those with significant associations to HCC-related genes (Tables S2, S3). To address cross-cohort heterogeneity, 
we conducted a meta-analysis using a fixed-effects model to obtain the adjusted effect sizes from both GWAS 
datasets. Based on this, we carried out a second-stage MR analysis, ultimately confirming a significant causal 
relationship between the eQTL levels of 239 genes and HCC risk (Table 1, Table S4, S5).

Identification of candidate genes and construction of machine learning models
To further investigate prognosis-related genes in HCC, we conducted univariate Cox regression analysis on 
RNA expression data from the TCGA and GSE54236 datasets, identifying 10,145 and 5752 genes, respectively, 
that were significantly associated with patient survival (Tables S6, S7). We then intersected the prognosis-related 
genes from both datasets with the MR risk genes, ultimately identifying 27 candidate genes (Fig. 1A, B, Table S8). 
Among these, 16 genes were found to be high-risk genes potentially contributing to HCC development, while 11 
genes were identified as protective (Fig. 1C). To further classify these genes and clarify their roles, we used gene 
expression data from the TCGA and GSE54236 datasets and applied 101 different machine learning algorithms 
to analyze the expression data of the 27 risk genes (Tables S10, S11). The gene set showed C-indices greater than 
0.7 in the majority of machine learning models, suggesting a significant impact on HCC prognosis. Based on the 
highest average C-index, we selected the Enet [α = 0.1] model for further analysis in our study (Fig. 1D).

Risk model validation
Based on the riskScore calculated using the Enet [α = 0.1] model, patients were stratified into high-risk and low-
risk groups according to the median riskScore value (Table S12). The results revealed that patients in the high-
risk group from both the TCGA and GSE54236 datasets had significantly worse prognosis compared to those 
in the low-risk group (Fig. 2A, E). The model’s performance was then evaluated using ROC curves and C-index 
values. The AUC and C-index for predicting the 5-year survival rate of TCGA patients were significantly greater 
than 7. In addition, when compared to clinical staging, the machine learning model showed higher accuracy in 
predicting the 5-year survival rate for TCGA patients (Fig. 2B–D). Similarly, for GSE54236 patients, the AUC and 
C-index values for predicting the 3-year survival rate exceeded 8 (Fig. 2F, G). To further validate the predictive 
power of the model across various clinical variables, univariate and multivariate Cox regression analyses were 
performed. The results demonstrated that the riskScore remained strongly associated with prognosis, with high 
hazard ratio (HR) values even after adjusting for clinical variables in both datasets, confirming that riskScore is 
an independent prognostic factor for HCC (Fig. 2I–L). Validation analyses in the TCGA and GSE54236 datasets 
thus confirmed that the model offers robust accuracy and sensitivity in predicting HCC patient prognosis.

Differential signaling pathways between high-risk and low-risk groups
Differential expression analysis of gene expression data from the TCGA dataset revealed significantly differentially 
expressed genes between the high-risk and low-risk groups, allowing us to identify distinct signaling pathways. 
In the GO pathway analysis, the high-risk group was primarily enriched in pathways such as “DNA repair” and 
“cell cycle regulation,” which are closely linked to HCC progression and malignant transformation (Fig. 3A). 
Conversely, the low-risk group showed significant enrichment in pathways associated with HCC metabolism, 
including “lipid metabolism” and “amino acid metabolism” (Fig. 3A). In the KEGG pathway analysis, the high-
risk group was significantly enriched in pathways related to cell cycle regulation and DNA repair, such as the “cell 
cycle” and “mismatch repair” pathways, suggesting that these pathways play a crucial role in HCC progression 
in high-risk patients (Fig.  3B). Meanwhile, the low-risk group exhibited notable enrichment in metabolic 
pathways, particularly “fatty acid metabolism” and “primary bile acid biosynthesis,” which may contribute to a 
better prognosis and higher metabolic adaptability in these patients (Fig. 3B). Additionally, Hallmark pathway 
analysis revealed significant enrichment in the “KRAS signaling down,” “G2M checkpoint,” and “angiogenesis” 
pathways in the high-risk group (Fig. 3E), which are associated with tumor progression and cell cycle changes. 
These findings further elucidate the differences in tumor progression mechanisms between the high-risk and 
low-risk groups in HCC.

Differences in immune-related signaling pathways between high-risk and low-risk groups
SsGSEA analysis of immune signaling pathways in the high-risk and low-risk group samples (Table S13) 
revealed distinct differences in immune signal expression between the two groups. In pathways related to 
immune cell infiltration and tumor progression, the high-risk group was predominantly enriched in DNA 
homologous recombination and cell cycle pathways, which aligns with the previous analysis. Additionally, the 
high-risk group showed significant enrichment in the FGFR3-related gene set, suggesting a higher likelihood of 
recognizing patients with FGFR3 overexpression. In contrast, the low-risk group was primarily enriched in the 
Antigen Processing Machinery pathway (Fig. 4A). Immune-related gene enrichment analysis further indicated 
that the low-risk group was primarily associated with the IFN response and cytolytic activity (Fig. 4B). In terms 
of immune response-related signaling pathways, the low-risk group was mainly enriched in inflammatory 
and adaptive immune responses (Fig. 4C). Finally, analysis of the seven-step immune response characteristics 
revealed that the high-risk group was predominantly associated with “infiltration of immune cells into tumors” 
(Fig. 4D). These results suggest that HCC in the high-risk group is more closely linked to tumor progression 
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Exposure Outcome Method Nsnp Pval OR

WDR18 HCC IVW 3 0.037071997 2.28611551

CYB5D1 HCC IVW 3 0.012870151 2.142247373

ARL8A HCC IVW 3 0.049222391 2.081530166

DDAH2 HCC IVW 3 0.046411129 2.07066307

ATG2A HCC IVW 3 0.007724044 1.990741837

SDF2L1 HCC IVW 4 0.005797678 1.949172158

TRAV26-2 HCC IVW 3 4.56E-05 1.929009673

SNTG2 HCC IVW 3 0.002441823 1.858338087

SLC16A3 HCC IVW 3 0.011538826 1.802519589

SLC2A3 HCC IVW 3 0.042938508 1.747689684

HSPA5 HCC IVW 6 0.000860017 1.699377168

NFE2L2 HCC IVW 4 0.022165286 1.680937199

MSL3 HCC IVW 3 0.042942243 1.632070088

ADRB2 HCC IVW 3 0.003919286 1.602655324

CHD4 HCC IVW 3 0.020745311 1.598676254

KIR3DL2 HCC IVW 4 0.025105636 1.592984455

MDS2 HCC IVW 3 0.014819259 1.588688716

C1RL HCC IVW 6 0.027507484 1.587988344

ZNF827 HCC IVW 3 0.028913374 1.580950884

PLIN5 HCC IVW 5 0.03896345 1.574656053

ADIRF HCC IVW 3 0.022725054 1.560990048

HEXA HCC IVW 3 0.001348939 1.545797651

STK40 HCC IVW 5 0.031333583 1.525215808

NT5DC4 HCC IVW 3 0.031882438 1.516745851

ATP13A1 HCC IVW 5 5.12E-07 1.49396323

RARA-AS1 HCC IVW 3 0.018046744 1.47355705

PARP9 HCC IVW 6 0.035469575 1.460987438

CSNK2A2 HCC IVW 3 0.043227124 1.448641414

STRBP HCC IVW 5 0.03271822 1.44520639

CDK11B HCC IVW 3 0.036644733 1.423368293

GTF3C3 HCC IVW 3 0.023932225 1.411544377

IRAK4 HCC IVW 3 0.017108893 1.396014908

CR1 HCC IVW 5 0.01912396 1.383637677

H2BC11 HCC IVW 5 0.023650421 1.381163692

ACACB HCC IVW 5 0.003291001 1.380278285

USP10 HCC IVW 4 0.019849766 1.37059153

NOTCH4 HCC IVW 3 0.00175231 1.365560547

LPAR2 HCC IVW 12 0.000211656 1.357590371

ATP10D HCC IVW 5 0.018103338 1.342487046

RUVBL1 HCC IVW 3 0.029255488 1.341301512

ARHGEF35 HCC IVW 3 0.024388754 1.323113279

MAP3K13 HCC IVW 3 0.015274577 1.315254793

RIPK3 HCC IVW 4 0.03567233 1.303498442

BSCL2 HCC IVW 7 0.028778496 1.292904266

C5orf67 HCC IVW 3 0.046742339 1.292280389

CCNJL HCC IVW 11 0.022875167 1.292193913

SLC25A4 HCC IVW 5 0.02401652 1.290982553

FLVCR2 HCC IVW 5 0.028223355 1.286562895

GABARAPL2 HCC IVW 5 0.01014781 1.281935642

HBP1 HCC IVW 3 0.042085321 1.280514549

Table 1.  eQTL GWAS MR Analysis of the top 50 genes in HCC.
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and immune cell infiltration, while the low-risk group is primarily associated with basic and initial immune 
responses.

Immune microenvironment differences between high-risk and low-risk groups
To better understand the immune microenvironment in the high-risk and low-risk groups, we evaluated the 
immune cell composition of HCC samples using six tumor immune cell infiltration scoring methods. In most 
methods, a higher riskScore was associated with increased infiltration of B cells, CD4 + T cells, CD8 + T cells, 
and neutrophils. In the Quantiseq method, riskScore was positively correlated with M2 macrophage infiltration, 
while in the xCell method, riskScore showed a negative correlation with M2 macrophage infiltration, suggesting 
that riskScore alone may not effectively distinguish M2 macrophage infiltration levels in HCC patients (Fig. 5A). 
In the ssGSEA immune cell enrichment analysis, the infiltration of activated CD4 T cells was positively correlated 
with riskScore, while the infiltration of CD56bright NK cells showed a negative correlation with riskScore 
(Fig.  5B). TIDE analysis revealed that riskScore was positively correlated with both the TIDE score and the 
infiltration levels of Exclusion and MDSCs, indicating that higher riskScores are associated with an increased 
likelihood of T-cell exclusion and potentially poorer immunotherapy outcomes (Fig. 5C).

Fig. 1.  Gene screening and machine learning model construction. (A) The intersection of risk genes in MR 
and prognostic genes in TCGA and GSE54236. (B) The location of candidate genes on chromosomes. (C) The 
eQTL and HCC GWAS MR analysis results of 27 model genes. nsnp represents the number of valid SNPs. 
Only the results of the IVW method are shown. (D) The analysis results of 101 machine learning methods for 
candidate genes, showing the performance of different models in TCGA and GSE54236. The c-index value 
represents the performance of the model.
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Analysis of immune checkpoint expression differences between the high-risk and low-risk groups showed 
that the expression of most immune checkpoint inhibitors (including PDCD1, CD274, and CTLA4) was 
significantly higher in the high-risk group compared to the low-risk group (Fig. 5D, E). Using the ESTIMATE 
tool, we found that the StromalScore was significantly lower in the high-risk group and negatively correlated 
with riskScore, while the Estimate score also demonstrated a negative correlation with riskScore (Fig. 5F–I). 
These results suggest that the low-risk group may have a higher proportion of stromal components and non-
tumor cells. Overall, our comprehensive analysis of the immune microenvironment reveals a strong association 
between HCC riskScores and immune cell infiltration levels, indicating that immune microenvironment changes 
may significantly influence the prognosis of HCC patients.

Clinical and pathological characteristics of high-risk and low-risk groups
We next analyzed the differences in clinical features between the high-risk and low-risk groups. Sankey diagrams 
revealed that the high-risk group had a greater proportion of patients who were unresponsive to immunotherapy, 
while a higher number of patients who responded to immunotherapy and survived were also in the high-risk 
group. This observation is consistent with the higher expression of immune checkpoint inhibitors in the high-
risk group (Fig. 6A). Regarding T stage, the high-risk group had more patients in stages T2 and T3, whereas 
the low-risk group had a higher proportion of patients in stage T1 (Fig. 6B). Moreover, patients in stage T1 had 
significantly lower riskScores compared to those in stages T2 and T3 (Fig. 6C). Similar findings were observed 
in the stage analysis, which was consistent with the T stage results (Fig. 6D, E). The high-risk group also had a 
higher number of patients who died, and the riskScore of the deceased patients was significantly higher than that 
of the survivors (Fig. 6F, G). Additionally, the high-risk group exhibited higher tumor mutational burden (TMB) 
and maximum variant allele frequency (MaxVAF), both of which were positively correlated with riskScore 
(Figs. 6H-K). In summary, riskScore effectively differentiates the clinical and pathological features between the 
high-risk and low-risk groups.

Genetic mutation characteristics in high-risk and low-risk HCC groups
To investigate the differences in genetic mutation characteristics between high-risk and low-risk groups in HCC, 
we used the “maftools” R package to examine the mutation frequencies and patterns between the two groups 

Fig. 2.  Validation of the riskScore model. (A, E) Kaplan–Meier survival curve analysis showed the survival 
difference between high-risk group and low-risk group in TCGA and GSE54236. (B, C, F, G) ROC curve was 
used to evaluate the predictive ability of different clinical factors and riskScore model at different time points. 
(D, H) The independent predictive ability of riskScore and clinical variables (such as age, gender, pathological 
stage) on patient prognosis was measured by C-index value. (I, K) Univariate Cox regression analysis results of 
riskScore between different clinical factors and risk groups. (J, L) Multivariate Cox regression analysis results 
of riskScore after adjusting clinical variables.
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in TCGA HCC samples. The results revealed that in the high-risk group, genes such as TP53 and MUC16 had 
significantly higher mutation frequencies compared to the low-risk group. TP53 mutations were particularly 
prominent in the high-risk group, with a mutation frequency exceeding 45%, while the mutation frequency of 
TP53 was notably lower in the low-risk group. Additionally, the mutation frequency of CTNNB1 was higher 
in the low-risk group compared to the high-risk group (Fig. 7A, B). Co-mutation analysis showed that TP53 
mutations in the high-risk group were frequently co-mutated with genes such as OBSCN and PCLO, while 
in the low-risk group, CTNNB1 mutations were often co-mutated with ALB and ARID2 (Fig. 7C, D). These 
results suggest that the co-mutation patterns of genes in different risk groups may reveal distinct molecular 
mechanisms underlying HCC. Furthermore, variant allele frequency (VAF) analysis was performed to assess 
the clonal status of mutations in both risk groups. The VAF analysis indicated a significant difference between 
the high-risk and low-risk groups. In the high-risk group, high VAF values were primarily associated with 
RB1 and TP53 mutations, while in the low-risk group, high VAF values were mainly observed for AXIN1 and 
ARID1A mutations. This suggests that the two groups exhibit different clonal states for their genetic mutations. 
In summary, our findings highlight significant differences in the genetic mutation characteristics between the 
high-risk and low-risk groups in HCC, particularly in the mutation frequency and co-mutation patterns of key 
cancer-related genes.

Chemotherapy drug sensitivity prediction in HCC based on a risk model
To evaluate chemotherapy drug sensitivity in high-risk and low-risk groups of HCC patients, we utilized the 
“oncoPredict” and “pRRophetic” packages to assess drug responses. Initially, we predicted the drug sensitivity of 
the high-risk and low-risk groups using GDSC2 data and compared the IC50 values across various chemotherapy 
drugs. The results demonstrated that patients in the high-risk group had lower IC50 values for 5-Fluorouracil, 
Paclitaxel, Vinorelbine, and Bortezomib, indicating higher sensitivity to these drugs. In contrast, the low-risk 

Fig. 3.  Differential pathway analysis between high-risk and low-risk groups. Differential signal pathway 
analysis between high-risk and low-risk groups, (A) GO; (B) KEGG; (C) Hallmark.
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group exhibited higher IC50 values, suggesting lower sensitivity to these chemotherapy agents. Moreover, the 
“pRRophetic” package confirmed a negative correlation between the riskScore and IC50 values for these drugs, 
further validating our prediction results (Figs.  8B–E, H–K). For Gemcitabine and Lapatinib, the predicted 
IC50 values exhibited the opposite trend, indicating that riskScore-based predictions for these drugs were less 
accurate (Fig. 8A, F, G, L). These findings suggest that the model can effectively predict chemotherapy drug 
responsiveness in HCC patients for certain drugs.

Prognostic prediction for HCC patients based on riskScore
To assess the prognosis of HCC patients, we conducted a multivariate Cox regression analysis incorporating the 
riskScore along with clinical variables (age, gender, pathological stage, and TMB). The results indicated that the 
riskScore provided an independent and robust prognostic prediction, with HR greater than 3, regardless of the 
clinical features (Fig. 9A). Survival analysis, based on stratification by high and low-risk groups and high and low 
TMB expression, revealed significant prognostic differences between these groups (Fig. 9B). Furthermore, we 
constructed a comprehensive prognostic model using TMB, stage, and riskScore, resulting in a Nomogram score 
(Fig. 9C, Table S14). This Nomogram demonstrated high accuracy in predicting the 1-, 3-, and 5-year survival 
rates for HCC patients (Fig. 9D). ROC analysis of TMB, stage, riskScore, and the Nomogram further confirmed 
that the Nomogram exhibited the highest AUC value, highlighting its superior predictive performance when 
integrating clinical indicators and the riskScore (Fig. 9E).

SLC16A3 and STRBP significantly enhance proliferation and invasion in HCC cells
Through the analysis of the expression of key model genes, SLC16A3 and STRBP, in HCC cell lines and normal 
liver cell lines, we observed that the protein expression levels of SLC16A3 and STRBP were significantly 

Fig. 4.  Differences in immune signaling pathways between high-risk and low-risk groups. Enrichment of 
high-risk and low-risk groups in different tumor and immune cell gene sets, (A) Tumor progression-related 
pathways; (B) Immune-related gene sets; (C) Immune response-related pathways; (D) Signature gene sets for 
the 7 steps of immune response.
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higher in HCC cell lines compared to the normal liver cell line MIHA (Fig. 10A). The HCC cell lines PLC/
PRF/5 and MHCC97H, which exhibited the highest expression of these genes, were selected for further study. 
Si-RNA targeting each gene effectively reduced the protein expression of SLC16A3 and STRBP (Fig.  10B, 
C), demonstrating efficient gene knockdown. EdU assays showed that knockdown of SLC16A3 and STRBP 
markedly inhibited the proliferative capacity of PLC/PRF/5 and MHCC97H cells (Fig. 10D, E). Furthermore, 
invasion assays revealed that silencing SLC16A3 and STRBP decreased the invasive ability of PLC/PRF/5 and 
MHCC97H cells (Fig. 10F, G). These results suggest that the key genes SLC16A3 and STRBP play crucial roles in 
regulating the proliferation and invasion of HCC cells.

Discussion
Although significant progress has been made in the diagnosis and treatment of HCC in recent years, the 
prognosis for HCC patients remains poor due to its complex biological features and inherent heterogeneity. 
As a result, there is an urgent need to delve deeper into the pathogenesis of HCC, identify novel prognostic 
biomarkers, and develop more effective, individualized therapeutic approaches.

In HCC, the role of neutrophils is primarily mediated through the infiltration of tumor-associated neutrophils 
(TANs), particularly the pro-tumorigenic N2 subtype. These N2 neutrophils promote tumor growth, metastasis, 
and immune evasion by secreting factors such as CXCL5 and TGF-β, which enhance cancer stem cell-like 
properties and mediate immunosuppression16–20. CD4⁺ T cells play a central immunoregulatory role within 
the tumor microenvironment. Subsets such as Th1, Th2, Th17, and regulatory T cells (Tregs) influence tumor 
progression through a delicate balance of cytokine signaling, with Tregs facilitating immune tolerance21. The 

Fig. 5.  Relationship between riskScore and immune microenvironment. (A) Correlation analysis between 
riskScore and the level of tumor immune cell infiltration using 6 methods. (B) Correlation analysis between 
riskScore and the results of ssGSEA analysis of immune gene sets. (C) Correlation analysis between riskScore 
and TIDE analysis results. (D, E) Expression of immune co-inhibitory checkpoints and immune co-stimulatory 
checkpoints in high-risk and low-risk groups. (F, H) Differences in StromalScore and ESTIMATEScore values 
between high-risk and low-risk groups. (G, I) Correlation analysis between riskScore and StromalScore and 
ESTIMATEScore.
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functional exhaustion of both CD4⁺ and CD8⁺ T cells further contributes to immune tolerance and is closely 
associated with tumor progression22. B cells exhibit dual roles in HCC. Tumor-infiltrating B cells (TIBs), such 
as CD20⁺ cells, are associated with favorable prognosis in HBV-related HCC by activating T and NK cells to 
suppress tumor growth23,24. Conversely, regulatory B cells can promote tumor progression by suppressing CD8⁺ 
T cell function via cytokines such as IL-1025,26. Dysfunction of natural killer (NK) cells is typically characterized 
by an expansion of the CD56^bright subset alongside a reduction of the cytotoxic CD56^dim subset, with 
checkpoint molecules such as PD-1 and NKG2A impairing their anti-tumor surveillance capabilities27,28. 
Among macrophages, the M2-polarized tumor-associated macrophages (TAMs) drive malignant progression 
through immunosuppression, promotion of metastasis, angiogenesis, and drug resistance29–32, making TAMs 
an emerging target for therapeutic intervention33–35.

In our study, the constructed riskScore effectively stratified HCC patients based on neutrophil infiltration 
levels, with the high-risk group exhibiting elevated neutrophil infiltration. The score also distinguished between 

Fig. 6.  Relationship between riskScore and clinical pathological characteristics of HCC. (A) Sankey diagram 
showing the proportion of high-risk and low-risk groups and TIDE immune response and patient survival and 
clinical stage. (B, D, F) The proportion of T stage, stage, and survival status between high-risk and low-risk 
groups. (C, E, G) Differences in riskScores of patients with different T and Stage, and differences in riskScores 
of patients who survive and die. (H, J) Analysis of differences in TMB and MaxVAF values of patients in high-
risk and low-risk groups. (I, K) Correlation analysis between riskScore and TMB and MaxVAF values.
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high- and low-risk groups based on CD4⁺ and CD8⁺ T cell infiltration, with the high-risk group showing features 
of T cell exclusion and poorer prognosis, indicative of T cell dysfunction. Furthermore, the riskScore was 
negatively correlated with CD56^bright NK cell infiltration. Although overall B cell infiltration was higher in 
the high-risk group, specific B cell subsets were not distinguished in this analysis. Additionally, the model could 
not capture the infiltration status of macrophages, highlighting the need for more refined predictive tools. In 
summary, the riskScore provides significant predictive value for assessing the infiltration and functional status 
of immune cells in HCC, offering a basis for patient prognosis evaluation.

HCC is characterized by a complex and immunosuppressive tumor microenvironment, accompanied by 
pronounced immune evasion7. In this study, we observed significantly elevated expression of immune checkpoint 

Fig. 7.  Genetic mutation characteristics of high-risk and low-risk groups. (A, B) show the gene mutation 
characteristics of the top 20 in the TCGA dataset for the high-risk and low-risk groups. (C, D) Gene co-
mutation analysis shows the differences in the co-occurrence patterns of gene mutations between the high-risk 
and low-risk groups. (E, F) Box plots show the differences in the clonal status of gene mutations between the 
high-risk and low-risk groups.
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molecules PD-L1 (CD274), PD-1 (PDCD1), and CTLA-4 in the high-risk group, which carries multiple 
biological implications. Traditionally, high PD-L1 expression has been regarded as a hallmark of enhanced 
adaptive immune resistance in tumors. However, in conjunction with the high TIDE scores, pronounced T cell 
exclusion, and increased infiltration of myeloid-derived suppressor cells (MDSCs) observed in our analysis, 
the upregulation of PD-L1 in the high-risk group more likely reflects a state of global immune suppression 
within the tumor microenvironment. Recent studies support this notion, indicating that in HCC, PD-L1 is 
not only expressed by tumor cells but is also enriched in immunosuppressive myeloid populations such as M2 

Fig. 8.  Relationship between riskScore and chemotherapy drug sensitivity. (A–F) Differences in IC50 values 
of common chemotherapy drugs between high-risk group and low-risk group predicted by oncopredict in 
GDSC2 data. (G–L) Correlation analysis between riskScore and IC50 values of different chemotherapy drugs 
using “pRRophetic” package.
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macrophages. These cells cooperate with MDSCs to shape a “cold tumor” phenotype that hinders effective T 
cell infiltration36. Additionally, the significantly lower stromal scores (StromalScore) observed in the high-risk 
group suggest another layer of complexity. A low stromal score indicates aberrant tumor stroma remodeling, 
which may impair the formation of tertiary lymphoid structures (TLSs)—structures that have been identified 
as key predictors of response to anti-PD-1 therapy37. Moreover, MDSCs contribute to T cell exhaustion and 
Treg expansion through immunosuppressive cytokines such as IL-10 and TGF-β. These mechanisms not only 
upregulate PD-L1 expression but also promote epithelial-mesenchymal transition (EMT), thereby enhancing 
tumor immune evasion and aggressiveness38. While high PD-L1 expression is often considered a potential 
biomarker of immunotherapy responsiveness, its co-occurrence with low stromal scores, high MDSC infiltration, 
and T cell exclusion in the high-risk group indicates a more complex immune landscape. Thus, our model is 
capable of identifying intricate immunological features within the HCC tumor microenvironment.

TP53 mutations in HCC are primarily associated with the regulation of the cell cycle and stress responses. 
Phosphorylation analyses have shown that TP53 mutations are linked to alterations in the phosphorylation 
of key proteins involved in the cell cycle, lipid metabolism, and protein synthesis, which may drive increased 
proliferation and higher histological grades in HCC cells39. The TP53 mutation rate in our high-risk group 
(> 45%) aligns with the TCGA-LIHC cohort, where TP53 mutations are present in 28% of patients40. Our 

Fig. 9.  Comprehensive model of riskScore and patient prognosis prediction. (A) Multivariate Cox regression 
analysis results combining age, gender, pathological stage, TMB and riskScore. (B) TCGA liver cancer samples 
were divided into four groups according to TMB and riskScore, and the Kaplan–Meier survival curve showed 
the survival between the groups. (C) Nomogram model based on pathological stage, TMB and riskScore for 
prognosis evaluation of liver cancer patients. (D) Calibration curve to evaluate the accuracy and specificity of 
the Nomogram model in 1-year, 3-year and 5-year survival prediction. (E) The AUC values of the Nomogram 
model, riskScore, Stage and TMB.
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findings reveal that the frequency of TP53 mutations is significantly higher in the high-risk group compared to 
the low-risk group, which is accompanied by poorer prognosis and a higher proportion of patients in stages II 
and III, consistent with previous studies. The role of CTNNB1 mutations in HCC mainly involves the activation 
of β-catenin, which promotes tumorigenesis, especially when collaborating with other oncogenes to induce liver 
tumor formation41. HCC tumors with CTNNB1 mutations are generally well-differentiated, low-proliferation 
tumors that exhibit lower malignancy, fewer genetic mutations, and are associated with cholestasis and metabolic 
abnormalities42. In our study, the low-risk group showed greater enrichment of metabolic signaling pathways, 
with a higher frequency of CTNNB1 mutations and a better prognosis. This is in line with previous findings that 
CTNNB1 mutations in HCC are linked to lower malignancy and metabolic dysfunction. FGFR3 contributes to 
HCC progression through its involvement with FGFR4 and KLB in regulating the FGF19 signaling pathway, 
thereby promoting tumor growth. Studies suggest that the loss of FGFR3 enhances the anticancer effects of 
FGFR4 inhibitors, while the redundancy between FGFR3 and FGFR4 limits the efficacy of single FGFR4 
inhibitors. This indicates that the cooperative action of multiple FGFRs plays a critical role in the development 
and progression of FGF19-positive HCC43. In our study, the high-risk group exhibited higher enrichment scores 
for FGFR3-related genes, which was associated with a poorer prognosis, supporting previous research that 
FGFR3 promotes tumor growth in HCC.

Several drugs play pivotal roles in the chemotherapy and targeted therapy of HCC. 5-FU exerts its effect 
by disrupting DNA/RNA synthesis and inhibiting thymidylate synthase (TS). The combination of FOLFOX 
(5-FU + leucovorin + oxaliplatin) has demonstrated certain advantages in Asian populations, and the 2021 
NCCN guidelines recommend it as a first-line treatment 44,45. Cisplatin works by inducing DNA cross-linking 
to inhibit tumor growth, with an overall response rate (ORR) ranging from 16–27% in combination therapies; 
however, it is associated with significant nephrotoxicity46. Gemcitabine, a pyrimidine metabolism inhibitor, 
specifically targets cells during the DNA synthesis phase. Although its efficacy as a monotherapy is limited, 
combining it with liposomal doxorubicin (PLD) or oxaliplatin improves the ORR (e.g., GEMOX regimen ORR 
18%)47,48. When combined with PLD, the ORR reaches 25%, and its toxicity is manageable49. Among molecular 
targeted therapies, sorafenib, a multi-kinase inhibitor, shows a median overall survival (OS) of 10.7  months 
in monotherapy50, though its efficacy is lower in Asian populations (OS 6.5 months)51. Its combination with 
DOX or GEMOX does not significantly improve survival52,53. Lenvatinib, targeting VEGFR/FGFR, offers a 
comparable OS to sorafenib (13.6 months vs. 12.3 months), but at a more affordable cost49,54. Using the riskScore, 
we can predict the sensitivity of HCC patients to 5-fluorouracil, as well as to paclitaxel and vinorelbine for HCC 
treatment. Although paclitaxel and vinorelbine are not first-line chemotherapy agents for HCC, they can serve 
as adjunctive therapies for HCC patients.

Fig. 10.  Expression of SLC16A3 and STRBP and their proliferation and invasion abilities. (A) Protein 
expression of SLC16A3 and STRBP in normal liver cell lines and tumor cell lines. (B) Protein expression 
of SLC16A3 in PLC/PRF/5 after knockdown of SLC16A3. (C) Protein expression of STRBP in MHCC97H 
after knockdown of STRBP. (D, E) The edu-488 levels in the nuclei of PLC/PRF/5 and MHCC97H cells after 
knockdown of SLC16A3 and STRBP. (F, G) The invasion of PLC/PRF/5 and MHCC97H cells after knockdown 
of SLC16A3 and STRBP.
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Finally, through in vivo cellular experiments, we validated the key genes SLC16A3 and STRBP, which were 
found to be highly expressed in HCC cell lines. Reducing the expression of SLC16A3 and STRBP significantly 
inhibited HCC cell proliferation and invasion. This confirms the biological role of SLC16A3 and STRBP in 
promoting HCC cell proliferation and invasion.

To evaluate the relative performance of our model, we compared its riskScore with several established 
prognostic models for HCC. Using evaluation metrics such as C-index and AUC, we conducted comparative 
analyses on both the TCGA and GSE54236 datasets. In both cohorts, the 3-year ROC AUC of our riskScore 
exceeded 0.79, and the 3-year C-index was consistently above 0.75, demonstrating markedly superior 
performance compared to other models55–57. These findings indicate that our riskScore model offers enhanced 
discriminatory power and greater robustness in stratifying HCC patients. This model not only predicts prognosis 
but also reveals the molecular characteristics distinguishing high- and low-risk groups through functional 
enrichment analysis. The high-risk group is enriched in pathways related to the cell cycle, DNA repair, and 
KRAS signaling, whereas the low-risk group is predominantly associated with metabolic pathways and anti-
tumor immune responses. Additionally, the riskScore can assess the infiltration levels of CD4 + , CD8 + T cells, 
B cells, and neutrophils, providing molecular evidence for personalized treatment strategies. The model also 
revealed significant differences in mutation frequencies and co-mutation patterns of key genes, such as TP53 
and CTNNB1, between high- and low-risk groups. Sankey diagram analysis demonstrated a strong correlation 
between the high-risk group and advanced clinical stages (T3/T4, Stage III/IV) as well as poor immune therapy 
response, offering multi-dimensional evidence for precise subtyping. Furthermore, the chemotherapy drug 
sensitivity predictions based on riskScore further supported the biological rationale of the model. Lastly, 
phenotypic experiments in HCC cell lines validated the biological effects of key model genes, such as SLC16A3 
and STRBP, confirming their in vitro role.

This study integrates multi-dimensional data, including genomics, transcriptomics, and MR analysis, to 
construct a more comprehensive and accurate prognostic risk model. Moreover, The clinical relevance of the 
riskScore model lies in its dual ability to predict prognosis and guide treatment strategies in HCC. By stratifying 
patients into high- and low-risk groups, the model identifies individuals who are more likely to benefit from 
specific therapeutic interventions. For chemotherapy, the model predicted that high-risk patients are more 
sensitive to agents such as 5-Fluorouracil and Paclitaxel, which may justify a more aggressive chemotherapy 
regimen in this subgroup. In contrast, low-risk patients may benefit from conservative strategies or targeted 
therapies. Regarding immunotherapy, high-risk patients exhibited elevated expression of immune checkpoints 
(PDCD1, CD274, CTLA4), and higher TIDE scores, suggesting potential resistance to immune checkpoint 
inhibitors. These findings underscore the utility of the model in identifying patients less likely to respond to 
monotherapy, and who may benefit from combination therapies or novel immunomodulators. Thus, the 
riskScore has the potential to support individualized treatment decisions and improve clinical outcomes. 
Through validation with large sample sizes and evaluation using multiple machine learning algorithms, the 
stability and reliability of the model were ensured. However, several limitations should be acknowledged. First, 
the model was primarily developed and internally validated using retrospective data from public databases, 
which may introduce selection bias and limit generalizability. Second, most datasets originated from single-
center studies, lacking geographic and clinical diversity. Third, no prospective or real-world external cohort 
was available to confirm the clinical applicability of the model. To address this limitation, we plan to conduct 
prospective validation using clinical samples collected from multi-center cohorts in future studies. These will 
include transcriptomic and genomic profiling of HCC patients undergoing standardized treatment and follow-
up. This approach will allow us to assess predictive accuracy, clinical utility, and generalizability of the model in 
actual applications.

Data availability
Data sources: TCGA data (https://portal.gdc.cancer.gov/); GSE54236 (​h​t​t​p​s​:​​​/​​/​w​w​​w​.​n​c​b​​i​.​n​​l​m​.​n​​​i​h​.​​g​o​​v​/​​g​e​o​​/​q​​u​e​r​
y​​​/​a​c​​c​​.​c​g​​i​?​a​c​c​=​G​S​E​5​4​2​3​6); IEU OpenGWAS project (https://gwas.mrcieu.ac.uk/); FinnGen R12 dataset ​(​​​h​t​t​p​s​:​
/​/​w​w​w​.​f​i​n​n​g​e​n​.​f​i​/​f​i​​​​​)​; GWAS Catalog (https://www.ebi.ac.uk/gwas/studies/GCST90013702). Additional analysis 
data can be found in the supplementary tables.
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