
Specialty Journal of Pharmacognosy, Phytochemistry, and Biotechnology 

ISSN: 3062-441X 

 

Galaxy Publication 

2024, Volume 4, Page No: 157-170 

Copyright CC BY-NC-SA 4.0 

Available online at: www.galaxypub.co/page/journals 

 

© 2024 Specialty Journal of Pharmacognosy, Phytochemistry, and Biotechnology 

 

5-Fluorouracil Sensitivity-Based Molecular Subtyping of Hepatocellular Carcinoma 

Reveals Three Clinically Distinct Subgroups with Differential Prognosis 

Diego Huaman1, Mario Quispe1, Cesar Flores1*, Luis Paredes1 

1Department of Medicinal Plant Research, Faculty of Pharmacy, University of Cusco, Cusco, Peru. 

*E-mail  cesar.flores.mpr@outlook.com 

Received: 28 February 2024; Revised: 29 May 2024; Accepted: 01 June 2024 

 

ABSTRACT 

5-Fluorouracil (5-FU) is a commonly employed chemotherapeutic agent in multiple cancers, including 

hepatocellular carcinoma (HCC). Understanding why some HCC cases respond poorly or are resistant to 5-FU is 

essential for advancing precision oncology and optimizing treatment strategies. We applied Weighted Gene Co-

expression Network Analysis (WGCNA) on gene expression data from the GDSC2 cancer cell line collection to 

detect 5-FU-related co-expression modules and hub genes. Based on these hub genes, HCC samples were 

classified into subgroups, and predictive models were developed using ConsensusClusterPlus combined with five 

machine learning algorithms. Additionally, the expression of key genes in the model was validated via quantitative 

reverse transcription-polymerase chain reaction (qRT-PCR). 

WGCNA identified 19 distinct gene modules in the cancer cell lines, with the midnight blue module showing the 

strongest inverse association with 5-FU response. Within this module, 45 hub genes were selected. HCC patients 

were categorized into three subtypes: C1, C2, and C3. C1 had the poorest overall survival (OS) and was marked 

by a higher clinical grade and advanced T stage and stage, while C3 exhibited the most favorable OS. C2 had 

intermediate OS and displayed the lowest immune cell infiltration. From the 45 hub genes, five—TOMM40L, 

SNRPA, ILF3, CPSF6, and NUP205—were chosen to construct a prognostic regression model for HCC. qRT-

PCR confirmed that these genes were markedly overexpressed in HCC tissue samples. Stratification of HCC 

according to 5-FU sensitivity aligns with prognostic differences and reflects heterogeneity in genomic features, 

immune infiltration, and signaling pathways. The derived 5-FU-related risk model may serve as a valuable tool 

for individualized prognosis monitoring in HCC patients. 
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Introduction 

Hepatocellular carcinoma (HCC) represents a major global health challenge, with mortality rates approaching 

91.6% relative to incidence [1]. High-risk individuals include those with hepatitis B or C infections, cirrhosis of 

any etiology, chronic alcohol use, non-alcoholic steatohepatitis, or family history of HCC, particularly men over 

40 years old [2]. Surgical interventions such as hepatectomy or liver transplantation remain primary curative 

approaches [3] but are limited by patient suitability and donor organ availability [4]. Unfortunately, over 60% of 

HCC cases are detected at advanced stages, emphasizing the need for systemic therapies like sorafenib or 

lenvatinib [5]. Resistance to these drugs remains a significant obstacle, underscoring the importance of 

investigating molecular mechanisms of treatment failure. 

5-FU, a synthetic fluorinated pyrimidine analog, acts as an anti-metabolite by mimicking essential cellular 

molecules. It disrupts nucleic acid synthesis by inhibiting thymidylate synthase and incorporating its metabolites 

into DNA and RNA, inducing cytotoxic effects [6, 7]. Since its FDA approval in 1962, 5-FU has been applied 

alone or in combination to treat diverse malignancies, including head and neck squamous cell carcinoma [8], 
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colorectal cancer [9], gastric cancer [10], metastatic breast cancer [11, 12], and HCC. Enhancing HCC sensitivity 

to 5-FU is critical [13], and identifying molecular determinants of resistance is essential for personalized therapy. 

Discovery of 5-FU predictive biomarkers and development of targeted therapies could improve patient outcomes 

[14]. 

In this study, we analyzed large-scale datasets to identify 5-FU-associated genes, classify HCC molecularly, and 

characterize tumor microenvironment heterogeneity. Candidate genes were further screened to develop a 

predictive risk model, potentially offering novel insights into mechanisms of 5-FU resistance in HCC. 

Materials and Methods  

Data sources 

Clinical information and RNA-seq data for HCC were obtained from The Cancer Genome Atlas (TCGA) LIHC 

project (https://cancergenome.nih.gov), including 365 tumor samples and 50 matched adjacent non-tumor tissues. 

HCC microarray data (GSE14520) were retrieved from the Gene Expression Omnibus (GEO, 

https://www.ncbi.nlm.nih.gov/geo/), and additional expression profiles were obtained from the HCCDB database 

(http://lifeome.net/database/hccdb/download.html). Pan-cancer cell line drug sensitivity data, along with genomic 

features, were downloaded from the Genomics of Drug Sensitivity in Cancer (GDSC, 

https://www.cancerrxgene.org/) resource [15]. 

Weighted gene co-expression network analysis (WGCNA) 

WGCNA was applied to the expression profiles of cancer cell lines from GDSC2. Initial clustering of samples 

was performed to detect outliers and construct a gene co-expression network, from which modules were derived 

and correlated with external traits using the “WGCNA” R package [16]. The sampleTree function identified 

outlier cell lines. Gene expression matrices were used to calculate Pearson correlations between genes. Optimal 

soft threshold powers (β) were determined using pickSoftThreshold by evaluating scale independence and mean 

connectivity, while scaleFreePlot assessed whether the network approximated scale-free topology. Hierarchical 

clustering was performed with the hclust function. Gene modules were detected using cutreeDynamic (height = 

0.25, deepSplit = 3), with a minimum module size of 30 genes. Modules showing relevance to 5-FU were 

prioritized, and module–trait relationships were assessed using IC50 values of 5-FU. Modules were merged via 

mergeCloseModules. 

Unsupervised clustering of HCC 

Differentially expressed genes (DEGs) were identified using the “limma” package [17], with FDR < 0.05 and 

|log2 fold change| > 1 as cutoffs. DEGs overlapping with 5-FU-related WGCNA modules were selected for 

consensus clustering. Using the ConsensusClusterPlus package [18], TCGA-LIHC samples were subsampled at 

80% and partitioned into k clusters. Consensus matrices and cumulative distribution function (CDF) plots were 

generated to determine optimal clustering. 

Single-nucleotide variant (SNV) and copy-number variant (CNV) analyses 

Genomic alterations, including SNVs, indels, and CNVs, were analyzed. SNVs were evaluated from TCGA MAF 

files using the “maftools” R package [19], which also produced oncoplots. CNV analysis was performed with 

GISTIC 2.0, which identifies genomic regions with frequent alterations, weighting high-amplitude events such as 

high-level gains or homozygous deletions [20]. Peak regions with maximal aberration frequency and amplitude 

were defined for each significant locus. 

Immune cell infiltration analysis 

Immune and stromal cell content was inferred using the ESTIMATE algorithm based on TCGA-LIHC 

transcriptional profiles [21]. Multiple approaches were applied to quantify immune infiltration: CIBERSORT 

evaluated relative proportions of 22 immune cell types within samples [22], MCPcounter estimated absolute 

abundance of cell populations across samples [23], and TIMER considered tissue specificity to quantify six 

immune cell types, allowing association analyses between infiltration levels and HCC clusters [24]. 

Development of a risk stratification model using machine learning 
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Univariate Cox regression was performed on DEGs intersecting with 5-FU-related modules to identify prognostic 

genes. Five machine learning algorithms—Gradient Boosting Machine (GBM), LASSO regression, Support 

Vector Machine (SVM), Decision Trees, and Random Forest—were employed for feature selection. Genes 

identified by all five methods were subjected to stepwise multiple linear regression to construct a final prognostic 

model, allowing calculation of risk scores for patients in different HCC cohorts. 

Nomogram construction 

We combined clinical variables—including age, sex, T stage, overall stage, tumor grade, and RiskScore—to 

perform both univariate and multivariate Cox regression analyses to pinpoint independent predictors of HCC 

prognosis. These identified factors were then utilized to construct a nomogram for estimating patient survival 

probabilities. Calibration curves were plotted to compare predicted versus actual survival, confirming the accuracy 

of the nomogram. In addition, decision curve analysis (DCA) was conducted to evaluate the potential clinical 

benefit and predictive value of both the nomogram and RiskScore. 

Cell culture and transient transfection 

The hepatocellular carcinoma cell lines Hep3B2.1-7 and Huh-7 were obtained from COBIOER (Nanjing, China) 

and maintained in DMEM/F12 medium supplemented with 10% fetal bovine serum (Gibco, Thermo Fisher, 

USA). Normal human liver epithelial THLE-3 cells were procured from ATCC (Manassas, VA, USA) and 

cultured in BEGM medium (Lonza, Walkersville). All cells were incubated at 37°C with 5% CO2 in a humidified 

environment. 

Quantitative reverse transcription polymerase chain reaction (qRT-PCR) 

Total RNA was extracted from Hep3B2.1-7, Huh-7, and THLE-3 cells using TRIzol reagent (Thermo Fisher, 

USA). For qRT-PCR, 2 μg of RNA was converted into cDNA and amplified using FastStart Universal SYBR 

Green Master Mix (Roche, Switzerland) on a LightCycler 480 system (Roche, USA). Each reaction (20 μl total 

volume) contained 2 μl of cDNA, 10 μl SYBR Green mix, 0.5 μl of each primer, and nuclease-free water. PCR 

cycling included initial denaturation at 95°C for 30 s, followed by 45 cycles of 94°C for 15 s, 56°C for 30 s, and 

72°C for 20 s. Each sample was analyzed in triplicate. Relative expression was calculated using the 2^−ΔΔCT 

method, normalized to GAPDH, and compared to expression in normal liver cells.  

Statistical analysis 

All analyses were performed using R software. Differences in clinical features among subgroups were evaluated 

using the chi-square test. Kaplan–Meier curves were generated to illustrate survival distributions, and statistical 

significance was assessed using the log-rank test. Time-dependent ROC curves and AUC values were calculated 

via the timeROC package to assess the predictive performance of the risk stratification model. A p-value < 0.05 

was considered statistically significant. Graphical representation used the following symbols: ns = not significant, 

* = p < 0.05, ** = p < 0.01, *** = p < 0.001, **** = p < 0.0001. 

Results and Discussion 

Identification of the 5-FU-associated gene module 

We evaluated 5-FU sensitivity across HCC cell lines. Hep3B2.1-7 cells displayed the lowest IC50, indicating 

maximal sensitivity, whereas Huh-7 cells exhibited the highest IC50, reflecting strong resistance (Figure 1a). All 

GDSC2 cell line samples were clustered (Figure 1b). The soft-threshold power selected to satisfy scale-free 

network criteria was 6, achieving R^2 = 0.86, and the mean connectivity approached zero (Figure 1c). Nineteen 

co-expression modules were identified through hierarchical clustering of all genes (Figure 1d). Among these, 

correlation analysis with 5-FU IC50 values indicated that the midnight blue module had the strongest significant 

negative association (Figure 1e). Functional enrichment of the midnight blue module genes revealed involvement 

in mRNA processing regulation, polyadenylation control, and positive telomere capping. These genes encoded 

proteins that were part of the transcription elongation factor complex and DNA polymerase III complex (Figure 

1f). 
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f) 

Figure 1. Identification of 5-fluorouracil-associated gene module 

(a) Bar chart illustrating 5-fluorouracil sensitivity across various hepatocellular carcinoma cell lines. (b) 

Dendrogram of cell line samples from GDSC2. (c) Plot showing average connectivity relative to the scale-

free fit index across different soft-threshold values. (d) Hierarchical clustering of all genes in hepatoma cell 

lines from GDSC2. (e) Correlation analysis between 19 gene modules and 5-fluorouracil IC50; the upper 

numbers indicate correlation coefficients, while the lower numbers represent p-values. (f) GO terms and 

KEGG pathways enriched in the midnight blue module. 
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Classification of HCC based on hub genes from the midnight blue module 

Expression differences between normal liver tissues and HCC samples (log2 [TPM+1]) from TCGA-LIHC were 

analyzed. A total of 2,356 genes were significantly upregulated (log2 [Fold Change] > 1, FDR < 0.05) and 462 

genes were downregulated (log2 [Fold Change] < −1, FDR < 0.05) (Figure 2a). Among the midnight blue module 

genes, 35 were upregulated, and 8 were downregulated (Figure 2b). Using these 43 hub genes, TCGA-LIHC 

samples were clustered. The cumulative distribution function (CDF) suggested an optimal k-value of 3 (Figure 

2c). The consensus matrix confirmed the clustering into three groups (Figure 2d). Kaplan–Meier survival curves 

demonstrated significant differences in overall survival (OS) among the clusters in TCGA-LIHC, HCCB18, and 

GSE145203 cohorts. Cluster C3 had the best prognosis, while C1 showed the shortest OS, and C2 had intermediate 

survival (Figures 2e–2g). A heatmap of the 43 genes revealed higher expression in C1 compared with C2 and C3 

(Figure 2h). 

  

  

a) b) c) d) 

   

e) f) g) 

 

h) 

Figure 2. Classification of HCC by midnight blue hub genes 

(a) Differential expression analysis (log2 [TPM+1]) between normal and HCC tissues in TCGA-LIHC. (b) 

Overlap analysis between DEGs and the midnight blue module to identify hub genes. (c) CDF plot showing 

consensus distributions for different k-values. (d) Consensus matrix showing k = 3 clustering; blue indicates 

sample similarity. (e–g) Kaplan–Meier survival curves for clusters in TCGA-LIHC, HCCB18, and 

GSE145203 cohorts. (h) Heatmap of 43 hub genes expression across clusters. 
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Clinical and genomic characteristics of molecular subtypes 

The three molecular subtypes (C1, C2, and C3) were analyzed for genomic alterations. TP53 mutations were 

significantly enriched in C1 relative to C2 and C3. C2 had the highest frequency of CTNNB1 mutations, while 

TTN mutations were most common in C3 (Figure 3a). Chromosomal CNV analysis using Manhattan plots 

showed fewer high-level amplifications and deletions in C2 compared with C1 and C3 (Figure 3b). Clinical 

feature comparison revealed a predominance of male patients across subtypes. Age, sex, tumor grade, T stage, 

and overall stage differed significantly among clusters. C2 contained the highest proportion of males and patients 

older than 60 years, whereas C1, which had the shortest OS, was associated with higher tumor grade and advanced 

T stage and overall stage (Figure 3c). 

 

 

a) 

 

b) c) 

Figure 3. Clinical and genomic features of molecular subtypes 

(a) Waterfall plot of somatic mutations across three subtypes. (b) Manhattan plot showing CNV 

distribution at the chromosomal level. (c) Comparison of clinical characteristics among clusters. Red 

indicates the q-arm and blue indicates the p-arm of chromosomes. 

Immune infiltration patterns across three clusters 

Using ESTIMATE, stromal, immune, and total ESTIMATE scores were calculated, revealing significant 

differences among clusters, with the lowest levels observed in C2 (Figure 4a). Of the 22 immune cell types 

measured by CIBERSORT, 15 showed significant differences across clusters (Figure 4b). Analysis of 28 tumor-

infiltrating lymphocyte (TIL) subpopulations indicated that memory, immunosuppressive (Tregs and MDSCs), 

and cytotoxic (CD8 T, NK, and NKT) cells were differentially infiltrated, with C2 showing the lowest levels 

(Figure 4c). MCPcounter and TIMER results also showed reduced infiltration of CD4 T cells, total T cells, B 

cells, macrophages, neutrophils, CD8 T cells, endothelial cells, dendritic cells, and fibroblasts in C2 compared 

with C1 and C3 (Figures 4d and 4e). A heatmap of pathway enrichment revealed that most metabolic pathways, 

including linoleic acid, tyrosine, phenylalanine, and pyruvate metabolism, were less enriched in C1 (Figure 4f). 
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f) 

Figure 4. Immune infiltration patterns across clusters 

(a) Stromal, immune, and ESTIMATE scores for each cluster. (b–e) Immune cell infiltration differences were 

assessed using CIBERSORT, ssGSEA, MCPcounter, and TIMER. (f) Heatmap showing pathway enrichment 

differences among clusters. 
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Identification and validation of candidate genes for the risk model in the midnight blue module 

Within the midnight blue module, 43 hub genes were initially recognized. Univariate Cox regression analysis 

further filtered 25 genes associated with HCC prognosis (Figure 5a). To refine candidate genes, five machine 

learning approaches—LASSO, GBM, SVM, Random Forest, and Decision Tree—were applied, resulting in 21 

overlapping genes across all models (Figure 5b). Stepwise regression then selected five genes suitable for 

constructing the final risk model: TOMM40L, SNRPA, ILF3, CPSF6, and NUP205. Multivariate Cox regression 

generated the risk coefficients and the resulting RiskScore formula: 

RiskScore = 0.293 × TOMM40L + 0.558 × SNRPA − 0.823 × ILF3 + 0.493 × CPSF6 + 0.464 × NUP205 (1) 

RiskScore was calculated for the TCGA-LIHC cohort and two independent validation datasets (HCCDB18 and 

GSE14520). Across all datasets, higher RiskScores were associated with shorter overall survival (OS) (Figures 

5c–5e). The model also displayed stable predictive performance for 1–5-year OS in TCGA-LIHC and GSE14520 

(Figure 5f). 

   

a) b) c) 

  
 

d) e) f) 

Figure 5. Gene selection and risk model validation in the midnight blue module 

(a) Volcano plot from univariate Cox regression for 43 hub genes. (b) Overlap of genes selected by LASSO, 

GBM, SVM, Random Forest, and Decision Tree. (c–e) Kaplan–Meier survival curves for TCGA-LIHC, 

HCCDB18, and GSE14520 stratified by RiskScore. (f) ROC curves assessing 1–5-year OS prediction. 

Prognostic value of the risk model and clinical feature associations 

A heatmap of clinical variables versus RiskScore revealed significant differences between high- and low-risk 

groups, including molecular subtype, survival status, T stage, overall stage, and tumor grade. The high-risk group 

exhibited a higher C1 proportion, elevated mortality, advanced T stage and stage, and higher tumor grades, 

whereas the low-risk group showed milder clinical features (Figure 6a). Univariate Cox regression confirmed 

that RiskScore, T stage, and stage were associated with prognosis. Multivariate analysis established RiskScore as 

an independent prognostic indicator (Figures 6b and 6c). Using RiskScore alongside T stage and stage, a 

nomogram was constructed to predict 1-, 3-, and 5-year clinical outcomes. Calibration curves demonstrated close 

alignment between predicted and actual outcomes, while decision curve analysis confirmed the clinical 

applicability of the nomogram and RiskScore. RiskScore was significantly higher in advanced T3–T4 stage, stage 

III–IV, and G3–G4 samples compared to early-stage T1–T2, stage I–II, and G1–G2 samples (Figures 6d–6f). 



Huaman et al., 5-Fluorouracil Sensitivity-Based Molecular Subtyping of Hepatocellular Carcinoma Reveals Three Clinically 

Distinct Subgroups with Differential Prognosis 

 

 

165 

 

a) 

 

b) 

 

c) 

   

d) e) f) 

Figure 6. Clinical and prognostic relevance of the risk model in HCC 

(a) Heatmap linking RiskScore to clinical features. (b) Univariate Cox regression for RiskScore and clinical 

variables. (c) Multivariate Cox regression confirms RiskScore as an independent predictor. (d–f) RiskScore 

differences stratified by T stage, stage, and tumor grade. 

Association between RiskScore and immune infiltration 

Immune cell infiltration analysis demonstrated significant differences between high- and low-risk groups for 12 

immune cell types, including type 2 T helper cells, central memory CD4 T cells, type 1 T helper cells, 

plasmacytoid dendritic cells, effector memory CD4 T cells, activated CD4 T cells, activated CD8 T cells, 

eosinophils, NK T cells, CD56^dim NK cells, activated dendritic cells, and effector memory CD8 T cells (Figure 

7a). Correlation analysis using ssGSEA indicated strong associations for 11 cell types with RiskScore. 

Specifically, effector memory CD4 T cells, activated CD4 T cells, NK T cells, plasmacytoid dendritic cells, type 

2 T helper cells, central memory CD4 T cells, and activated dendritic cells were positively correlated, whereas 

activated CD8 T cells, effector memory CD8 T cells, type 1 T helper cells, and eosinophils were negatively 

correlated. CD56^dim NK cells showed negligible correlation with RiskScore (Figure 7b). 
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a) 

 

b) 

Figure 7. Association between RiskScore and immune cell infiltration 

(a) Immune infiltration levels were assessed based on stratification by RiskScore. (b) Correlation between 

ssGSEA scores of RiskScore and immune cell populations. 

PCR validation of RiskScore 

To confirm the robustness of the RiskScore, we evaluated the expression levels of the five model genes using 

qRT-PCR. Results confirmed the reliability of the RiskScore, showing significant upregulation of TOMM40L, 

SNRPA, ILF3, CPSF6, and NUP205 in HCC cell lines Hep3B2.1-7 and Huh-7 relative to normal liver epithelial 

cells THLE-3 (Figures 8a–8e). 
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a) b) c) 

  

d) e) 

Figure 8. qRT-PCR validation of the five RiskScore genes 

(a) TOMM40L; (b) SNRPA; (c) ILF3; (d) CPSF6; (e) NUP205 

Large-scale cancer cell line pharmacogenomics databases provide comprehensive molecular characterization and 

detailed drug response profiles, offering a valuable resource to explore mechanisms underlying chemosensitivity 

[25]. In this study, we examined the heterogeneity of HCC in the context of 5-FU sensitivity using expression 

profiles from a large public dataset alongside drug response information. WGCNA identified the midnight blue 

module as most associated with 5-FU sensitivity, containing 43 hub genes. Based on these genes, three HCC 

subgroups were defined, reflecting differences in genomic alterations, tumor microenvironment (TME), and 

pathological pathway activity. 

5-FU remains a widely used chemotherapeutic for tumors, exerting cytotoxicity by interfering with DNA and 

RNA synthesis, disrupting cell cycle progression, and inducing apoptosis [6, 14, 26]. Disruption of the tumor cell 

cycle is critical for halting proliferation and potentially restoring immune surveillance [27]. GO and KEGG 

analyses indicated that midnight blue module genes are linked to mRNA processing, regulation of 

polyadenylation, positive regulation of telomere capping, and components of the transcription elongation factor 

and DNA polymerase III complexes. By impairing homologous recombination repair, 5-FU promotes DNA 

damage and inhibits tumor cell growth [28]. These biological processes may underlie HCC sensitivity to 5-FU. 

Regarding clinical outcomes, C3 displayed the best survival, while C1 had the poorest OS. C2 was notable for a 

higher proportion of male patients over 60 years old. The C1 subtype, with the shortest OS, was enriched in higher 

clinical grade, advanced T stage, and overall stage, and showed reduced activity in most metabolic pathways. 

Genomic profiling revealed TP53 mutations dominated C1, CTNNB1 mutations were highest in C2, and TTN 

mutations predominated in C3. This suggests that C1 represents a TP53-driven tumor subtype, C2 is CTNNB1-

driven, and C3 is TTN-driven. TP53 and CTNNB1 mutations are common in HCC, with TP53 alterations linked 

to cell cycle dysregulation and impaired DNA repair [29]. Specific TP53 mutations (e.g., R249S) increase HCC 

risk, and TP53 loss enhances tumor cell viability and poor prognosis [30]. C3, although enriched with TTN 

mutations, may have a distinct mutational profile; previous work indicated that TTN mutations in blood samples 

predict poor outcomes in HCC [31]. Differences in tissue versus blood sampling may explain discrepancies. 
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Overall, our survival analysis aligns with molecular and clinical characteristics: C1 predicts poor outcomes, C2 

intermediate, and C3 a favorable prognosis. HCC heterogeneity, both in genomic composition and mutational 

patterns, remains a key challenge [32]. TP53-enriched patients are likely to have worse survival, while CTNNB1-

enriched C2 patients show active metabolic reprogramming, suggesting potential for targeting glycolytic 

pathways. These insights could inform precision treatment strategies tailored to C1 and C2 subtypes, improving 

therapeutic outcomes. 

Personalized therapy for HCC patients has gained increasing attention and is being progressively applied in 

clinical practice. The establishment of risk prediction models constitutes a critical step toward individualized 

monitoring of HCC. Despite the publication of numerous risk models, only a few are routinely implemented in 

clinical settings to guide HCC surveillance and management decisions [33]. In this work, five out of the 43 hub 

genes from the midnight blue module were selected to construct a risk regression model. This model demonstrated 

independence and strong predictive capability for HCC prognosis while also reflecting relevant clinical features. 

Some of these genes have recognized pathological roles and regulatory mechanisms in tumorigenesis. For 

instance, SNRPA acts as a splicing factor linked to microvascular invasion and enhances HCC metastasis via the 

circSEC62/miR-625–5p-mediated activation of the NOTCH1/Snail pathway [34]. ILF3 is overexpressed in 

primary colorectal cancer and promotes tumor proliferation by stabilizing SGOC gene mRNA [35]. CPSF6 is 

upregulated in HCC and drives metabolic reprogramming in hepatocytes through NQO1 alternative 

polyadenylation [36]. While these genes have individually been implicated in cancer, integrating them into a 

single risk model represents a novel approach and provides a potential prognostic tool for HCC. 

Conclusion 

In conclusion, this study stratified HCC into subtypes based on 5-FU sensitivity. The classification aligned with 

observed differences in patient prognosis and captured the heterogeneity of genomic alterations, tumor 

microenvironment, and pathological signaling pathways. Additionally, we established an independent risk 

regression model incorporating five 5-FU-associated genes, offering a valuable resource for individualized 

monitoring and prognostic assessment of HCC patients.  
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