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A B S T R A C T   

Background: Cuproptosis, a type of regulated cell death that was recently identified, has been 
linked to the development of a variety of diseases, among them being cancers. Nevertheless, the 
prognostic significance and therapeutic implications of the cuproptosis potential index in hepa-
tocellular carcinoma (HCC) remain uncertain. 
Methods: Single-sample gene set enrichment analysis (ssGSEA) and Weighted Gene Co-expression 
Network Analysis (WGCNA) methodology was conducted to ascertain the identification of 
modular genes that are closely linked to cuproptosis. In addition, the gene signature indicative of 
prognosis was formulated by employing univariate Cox regression analysis in conjunction with a 
random forest algorithm. The efficacy of this gene signature in predicting outcomes was 
confirmed through validation in both The Cancer Genome Atlas (TCGA) and International Cancer 
Genome Consortium (ICGC) datasets. Furthermore, a study was undertaken to evaluate the as-
sociation between the risk score and various clinical-pathological characteristics, explore the 
biological processes linked to the gene signature, and analyze tumor mutational burden and so-
matic mutations. Lastly, potential drugs targeting the identified gene signature were identified 
through screening. 
Results: The results of our comprehensive analysis across multiple cancer types demonstrated a 
positive correlation between an elevated cuproptosis potential index (CPI) and an accelerated rate 
of tumor progression. Furthermore, employing the WGCNA technique, we successfully identified 
640 genes associated with cuproptosis. Among these genes, we meticulously screened and vali-
dated a seven-gene signature (TCOF1, NOP58, TMEM69, FARSB, DHX37, SLC16A3, and CBX2) 
that exhibited substantial prognostic significance. Using the median risk score, the division of 
HCC patients into cohorts with high- and low-risk highlighted significant disparities in survival 
results, wherein the group with higher risk exhibited a less favorable overall survival. The risk 
score exhibited commendable predictive efficacy. Moreover, the in vitro knockdown of FARSB 
significantly hindered cell viability, induced G1 phase arrest, increased apoptosis, and impaired 
migration in HepG2 and Huh7 cells. 
Conclusion: Our research has successfully identified a strong seven-gene signature linked to 
cuproptosis, which could be utilized for prognostic evaluation and risk stratification in patients 
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with HCC. Furthermore, the discovered gene signature, coupled with the functional analysis of 
FARSB, presents promising prospects as potential targets for therapeutic interventions in HCC.   

1. Introduction 

Hepatocellular carcinoma (HCC) is globally recognized as the second most prevalent source of cancer-associated fatalities, rep-
resenting one-tenth of all such deaths worldwide [1]. Within China, which represents a high-risk area, approximately 55 % of liver 
cancer patients reside. The majority of HCC, the predominant form of liver cancer, arises from chronic liver inflammation (hepatitis) or 
metabolic abnormalities [2]. Although we’ve seen considerable progress in therapeutic strategies during the recent years, the outlook 
for advanced HCC continues to be disappointing [3,4]. Hence, thorough investigations into novel therapeutic targets and biological 
mechanisms have paramount importance in enhancing HCC treatment outcomes. 

Emerging evidence suggests that disruption of copper homeostasis can contribute to cytotoxicity and impact tumor growth and 
metastasis [5,6]. Numerous studies have consistently shown elevated levels of copper in serum or tissues of various human cancers, 
including breast, lung, and liver cancers [7–9]. It is widely considered that the imbalance of copper concentrations in cancer signif-
icantly contributes to the stimulation of tumor development and advancement of the disease [10,11]. Copper serves as a crucial 
component for a number of enzymes participating in angiogenesis, cell proliferation, and tumor invasion [12]. Excessive copper 
accumulation can result in oxidative stress, DNA damage, and the promotion of pro-tumorigenic pathways [13]. In breast cancer, 
elevated copper levels have been associated with aggressive tumor characteristics and poorer prognosis [14,15]. Similarly, in brain 
tumors, increased copper levels correlate with tumor grade and invasiveness [16]. Prostate cancer cells also exhibit altered copper 
metabolism, which contributes to their survival and resistance to therapy [17]. Additionally, elevated copper levels have been 
observed in colon, lung, and liver cancers, suggesting their involvement in these malignancies as well [18,19]. 

Over the past few years, we have observed a considerable surge in the discovery of regulated cell death mechanisms, including 
necroptosis, ferroptosis, alkaliptosis, oxeiptosis, pyroptosis [20,21]. The pioneering article by Tsvetkov et al. published in the journal 
Science focused on the investigation of a unique form of cell death, termed ’cuproptosis,’ that is induced by copper [22]. Cuproptosis 
primarily occurs through proteolipidation within mitochondria and is induced by copper [23,24]. Mechanistically, copper reduction 
occurs via direct interaction with lapidated constituents of the tricarboxylic acid (TCA) cycle. Enhanced lipidation of TCA enzymes, 
notably pyruvate dehydrogenase (PDH) complex, during the process of respiration leads to anomalous clustering of lipid-modified 
proteins and ensuing reduction of proteins containing Fe–S clusters. This ultimately leads to the development of acute proteotoxic 
stress, resulting in the ultimate demise of the cell. It is important to note that cuproptosis represents a distinctive method of cell death 
that relies on copper and lipidation processes. The complex interaction between copper, mitochondrial functions, and lipid metabolism 
contributes to the pathogenesis of cuproptosis. Further elucidation of these mechanisms deepens our comprehension of the regulatory 
networks implicated in this type of cell death and offers potential opportunities for therapeutic interventions. Further research is 
imperative for a comprehensive understanding of the complex molecular mechanisms involved in cuproptosis and its relevance to 
HCC. Moreover, the exploration of therapeutic strategies that specifically target the copper-lipidation axis holds promise for the 
mitigation or prevention of cuproptosis-induced damage and associated pathological conditions. 

Recent advancements in the understanding of cell death pathways have highlighted the role of cuproptosis in cancer biology, yet its 
specific implications in hepatocellular carcinoma remain underexplored. This study addresses this gap by examining the impact of 
cuproptosis and its regulation by FARSB, providing insights into potential therapeutic targets that were previously unrecognized in the 
context of HCC. By focusing on this novel aspect, our work seeks to contribute to a more nuanced understanding of tumor biology and 
treatment resistance in liver cancer. Within the scope of this investigation, we utilized the HCC gene expression datasets from The 
Cancer Genome Atlas (TCGA) and International Cancer Genome Consortium (ICGC) to construct a personalized prognostic marker 
grounded on cuproptosis. By integrating the gene expression data with cuproptosis-related information, we identified a set of genes 
that held substantial association with the prognosis in HCC. These genes were utilized to assemble an individualized prognostic 
signature, which allowed for the stratification of HCC patients into different risk groups based on their predicted prognosis. Through 
comprehensive analysis and statistical evaluation, we demonstrated that our prognostic signature based on cuproptosis effectively 
predicted the prognosis. These findings highlight the clinical utility of cuproptosis-related genes as biomarkers for HCC prognosis 
prediction. The development of personalized prognostic signatures holds promise for improving patient management by facilitating 
tailored treatment strategies and enhancing therapeutic decision-making. 

2. Materials and methods 

2.1. Data sources 

In this study, we developed a prognostic gene signature using gene expression data and corresponding clinical data from 365 HCC 
samples from TCGA dataset. To validate the reproducibility and robustness of our prognostic gene signature, we further analyzed 232 
HCC samples from the ICGC dataset. Each dataset was employed with appropriate statistical methods to account for differences in 
sample size and demographic characteristics. The analysis in the later stage was exclusively conducted using the TCGA cohort data, 
which had the largest sample size. Ethical approval was not required for this secondary analysis. 
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2.2. Functional annotation and pathway analysis 

The single-sample Gene Set Enrichment Analysis (ssGSEA) technique was applied to identify the key hallmark pathways [25]. 
Utilizing the clusterProfiler package, we performed the functional annotation of hub genes [26]. A significance threshold of P < 0.05 
was deemed to suggest meaningful enrichment within both the Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) databases. 

3. WGCNA 

The Weighted Gene Co-expression Network Analysis (WGCNA) was performed to develop a co-expression network. After evalu-
ating the quality of the expression matrix, we used the WGCNA package in R to determine the soft threshold, choosing β = 4 to build a 
scale-free network. Key modules were identified by setting the minimum module size as 30 and the MEDissThres as 0.25. 

3.1. Identification of a potential prognostic signature 

In this study, we initially conducted univariate Cox regression analysis with a threshold of p < 0.01 to identify candidate genes 
significantly associated with the prognosis of HCC patients. Cox regression is a crucial statistical method in survival analysis for 
evaluating the impact of covariates on survival time. Subsequently, we employed the Random Forest algorithm to assess the feature 
importance of these candidate genes. This assessment is based on the contribution of genes within each decision tree, and by 
aggregating the evaluation results from all trees, an overall importance score is obtained for each gene. Based on these scores, we 
identified the top 10 "hub genes" that contribute most significantly to model prediction. These pivotal genes were then used to 
construct a risk scoring model as follows: Risk score = β1x1+β1x1+β1x1+ … +βNxN where N is the number of genes selected by Random 
Forest algorithm, x represents the gene expression value, and β is the gene coefficient determined in Cox regression analysis. Log-rank 
p-values were employed in Kaplan-Meier (K-M) analysis to identify the optimal gene combination or the final signature. 

3.2. CIBERSORT analysis, tumor mutational burden value calculation and prediction of potential compounds 

The CIBERSORT method was performed to estimate the proportion of immune cell types in a mixed cell population online [27]. 
Tumor Mutational Burden (TMB) analysis is a technique utilized to evaluate the overall mutation count in a tumor’s genome, 

providing a measurement of mutations for each megabase of DNA in the tumor tissue while omitting synonymous mutations [28]. 
To predict the potential compounds that could be employed in HCC treatment, we determined the IC50 values of the compounds 

sourced from the Genomics of Drug Sensitivity in Cancer (GDSC; https://www.cancerrxgene.org) [29]. 

3.3. Cell culture and transfection 

The HCC-derived cell lines HepG2, Huh7, and HCCLM3, as well as the normal liver cell line L02, were procured from the American 
Tissue Culture Collection (ATCC) and employed for in vitro experimentation. Cell culture media were obtained from Servicebio 
(Wuhan, China). Cells were transfected with short hairpin RNA (shRNA) molecules targeting FARSB. Lipo3000 (Invitrogen) was used 
to transfect the plasmids into cells. The shRNA sequences are as follows: NC-shRNA, gTTCTCCGAACGTGTCACGTttcaaga-
gaACGTGACACGTTCGTTCGGAGAAttttt; FARSB shRNA-1, gCGAAGAATTTGATGAACTAttcaagagaT 

AGTTCATCAAATTCTTCGttttt; FARSB shRNA-2, gGCTCCTCCCTAGAAATCAA 
ttcaagagaTTGATTTCTAGGGAGGAGCttttt; FARSB shRNA-3, gAGAAGATATTGC. 
TGATAAAttcaagagaTTTATCAGCAATATCTTCTttttt. 

3.4. Western blot 

The levels of FARSB expression in HCC cells (HepG2, Huh7, and HCCLM3) and normal liver cells (LO2) were assessed through 
Western blot analysis. Proteins were extracted, quantified, and separated by SDS-PAGE (wanleibio, China) before being transferred to 
PVDF (wanleibio, China) membranes. Membranes were probed with specific primary antibodies followed by HRP-conjugated sec-
ondary antibodies (wanleibio, China). The protein bands were visualized using an enhanced chemiluminescence (ECL) system 
(wanleibio, China), and the resulting images were captured utilizing a chemiluminescence imaging system. FARSB antibody was from 
Affinity biosciences and β-actin antibody was from wanleibio. 

3.5. Real-time PCR analysis 

Total RNA was extracted from HepG2 and Huh7 cells, both with and without FARSB knockdown, and reverse transcribed into 
cDNA. Real-time PCR was performed using SYBR Green PCR Master Mix. The expression of target genes was normalized to the 
expression of the housekeeping gene GAPDH, and relative gene expression was calculated using the 2^-ΔΔCt method, with normal-
ization to the expression of the housekeeping gene. The sequences of primers used are the following: FARSB F: GCTGCTGAAGTGGTTT, 
FARSB R: TCTGGTTGGAGGGATT, β-actin F: β-actin F, β-actin R: TAGAAGCATTTGCGGTGG. 
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3.6. Cell viability and apoptosis assays 

The Cell Counting Kit-8 (CCK-8) assay was used to assess cell viability, and an apoptosis assay was used to evaluate the proportion 
of apoptotic cells. CCK8 kit was purchased from wanleilab. A plate cloning experiment was used to detect cell proliferation. 

3.7. Cell cycle and migration assays 

Flow cytometry was employed for cell cycle analysis, and wound-healing assays were used to assess cell migration. Cell cycle 
detection was performed using a kit purchased from wanleilab. 

3.8. Statistical analysis 

All statistical analyses were conducted using R software (version 4.1.0). The Student’s t-test, ANOVA, Pearson’s correlation co-
efficient, and chi-square or Fisher’s exact tests were used as appropriate. A P-value less than 0.05 was considered statistically sig-
nificant. Univariate and multivariate Cox regression analyses were executed to determine the prognostic value of our risk model in 
TCGA and ICGC cohorts. Additionally, time-dependent concordance-index (C-index) curves were utilized for the duration of 1–10 
months in both cohorts. To correct multiple comparisons in functional enrichment analysis, the Benjamini-Hochberg method was 
applied to control the false discovery rate (FDR), and FDR-adjusted P-values (Q-values) were calculated. 

Fig. 1. The role of cuproptosis potential index (CPI) in Pan-cancer. (A) The differences of CPI, the modeled marker of cuproptosis, between tumor 
and normal tissues with wild type tumors. (B–I) Kaplan-Meier analysis of the low- and high-CFI in different tumors, such as PAAD (B), LIHC (C), 
KICH, (D), UCEC (E), CCAD (F), KIRP (G), KIRC (H), CESC (I). 
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4. Results 

4.1. Pan-caner analysis of cuproptosis potential index (CPI) 

A recent discovery has identified ten crucial genes, referred to as cuproptosis regulator genes (CRGs), that play a significant role in 
regulating cuproptosis. These genes include FDX1, LIPT1, DLD, LIAS, DLAT, PDHA1, PDHB, MTF1, GLS, and CDKN2A. To delve deeper 
into the understanding of the functional significance of cuproptosis in tumor development, progression, and metastasis, the cuprop-
tosis potential index (CPI) was calculated. This metric was computed by subtracting the enrichment score (ES) of the negative core 
machine components from the ES of the positive ones, as quantified by ssGSEA. These calculations were performed using the ten CRGs 
within TCGA data. Subsequently, a comparison was conducted between tumor and normal tissues with wild type tumors, focusing on 
the differences in CPI, which serves as a modeled marker of cuproptosis (Fig. 1A). The findings revealed that, with the exception of 
pancreatic adenocarcinoma (PAAD) and glioblastoma multiforme (GBM), normal tissues exhibited significantly higher scores on the 
CFI compared to tumor tissues. Subsequently, the different tumor cohorts were divided into high-risk and low-risk groups based on the 
median CFI scores. The results demonstrated that patients with low-CFI scores experienced significantly longer overall survival 
compared to those with high-CFI scores in the PRAD, LIHC, KICH, UCEC, COAD, KIRP, KIRC, and CES (all P < 0.05, Fig. 1B–I). Our data 
presented that higher CFI are associated with faster tumor progression in these eight tumor types. Based on these findings, we chose 
HCC for further analysis. 

4.2. Identification of CFI-related modules in WGCNA analysis 

Initially, a differential analysis was conducted on TCGA-LIHC expression data, employing screening criteria of |FC|>1 and 
FDR<0.05. As a result, a comprehensive count of 5389 genes was effectively discerned. In order to identify the primary modules most 
closely linked to the CFI of hepatocellular carcinoma (HCC), we conducted a WGCNA using TCGA-LIHC dataset. Consequently, seven 
key modules were successfully derived. (Fig. 2A–B). Subsequently, we examined the associations between module eigengenes (MEs) 
and CFI. Notably, the blue module exhibited the strongest associations with CFI (r = − 0.56, P < 0.0001) (Fig. 2C). The blue module 

Fig. 2. Identification of modules and hub genes closely associated with clinical information of hepatocellular carcinoma (HCC) in RNA-seq data 
through WGCNA. (A) Analysis of the scale-free topology model fit index and mean connectivity across soft-thresholding powers. The most suitable 
power value was 7. (B) Gene module dendrogram constructed using a dissimilarity measure. (C) Diagram of the correlation between the module and 
the CFI. Each cell contains the corresponding correlation and P value. (D–E) GO and KEGG analysis identified the key biological processes (BP), 
molecular functions (MF), cellular components (CC), and pathways linked to high-risk genes in the lightcyan module. 
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was identified as the most crucial module in relation to the prognosis of CFI. Subsequently, genes within the blue module were selected 
for GO and KEGG analysis. The GO analysis highlighted key elements such as organelle fission, chromosomal region, and small GTPase 
binding (Fig. 2D and E). Additionally, the KEGG analysis identified key pathways, including RNA transport, Cellular senescence, and 
Fanconi anemia pathway, among others (Fig. 2E). 

4.3. Constructing the seven-gene signature 

Univariate Cox regression analysis was performed on the genes within the BLUE models to identify a total of 2055 genes with 
prognostic relevance (Fig. 3A). The top 10 genes were selected using the random survival forest variable hunting (RSFVH) algorithm, 
namely CBX2, TAF9, DHX37, FARSB, GNPDA1, TMEM69, SLC16A3, KIF20A, NOP58, and TCOF1 (Fig. 3B). Subsequently, Kaplan- 
Meier analysis was used to identify a risk signature consisting of a small number of genes with significant P-values (Fig. 3C). As a 
result, a seven-gene signature comprising TCOF1, NOP58, TMEM69, FARSB, DHX37, SLC16A3, and CBX2 emerged as the top-ranked 

Fig. 3. Construction of the cuproptosis-related signature in TCGA cohort. (A) Volcano plot revealed DEGs in the red module. (B) A total of ten genes 
identified via random survival forest analysis (C) Top ten risk models based on the P value of Kaplan–Meier. (D–F) The high CFI score of the seven- 
gene signature showed high risk of death (P < 0.05). (G) Area under the curve (AUC) showed predictive accuracy of the risk model. (H) Univariate 
and multivariate Cox analysis evaluates risk model’s prognostic value. (I) The time-dependent concordance-index (C-index) curves for 1–10 months. 
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signature. The seven-gene signature exhibited a high CFI score, indicating an elevated risk of mortality in HCC patients (Fig. 3D–F and 
Fig. 4A–C, respectively). To further assess the predictive capacity of this signature at different time points, the ROC analysis was 
conducted in both cohorts (Fig. 3G and 4D). The AUC values at 1-, 3-, and 5-year intervals for TCGA cohort were 0.765, 0.698, and 
0.666, respectively (Fig. 3G), while ICGC cohort exhibited AUC values of 0.765, 0.768, and 0.867 at the same intervals (Fig. 4D). These 
findings suggest that the discovery of a powerful seven-gene signature that holds substantial prognostic value in HCC, with consistent 
predictive performance evidenced by high AUC values across multiple intervals in both TCGA and ICGC cohorts. 

Univariate and multivariate Cox analyses were performed on clinical factors showing significance (P < 0.05) within TCGA (Fig. 3H) 
and ICGC (Fig. 4E) cohorts. The results affirmed that the risk score and clinical stage independently and significantly predict unfa-
vorable outcomes in both groups. Additionally, time-dependent C-index curves were employed to assess the performance of the risk- 
score signature. The findings demonstrated that the risk-score signature had a superior effect compared to age, gender, and stage in 
TCGA (Fig. 3I) and ICGC (Fig. 4F) cohorts. 

4.4. Examining the relationship between cuproptosis and clinical pathological factors 

Given the intricate nature of the association between cuproptosis and HCC, we elucidated the correlation between the risk score 
and clinical pathological factors. The findings demonstrated that stages I&II had a correlation with a reduced risk score, while stages 
III&IV exhibited elevated risk scores (Fig. S1A). Additionally, the connection between the risk score and HCC grade suggested that 
grades 1&2 were linked to the lowest risk score, whereas grades 3&4 were associated with the highest risk score (Fig. S1B). The Sankey 
diagram provides a compelling visualization of the distribution of high and low risk scores of the cuproptosis-related signature and the 
survival status (alive or deceased) of HCC patients, highlighting a possible correlation between risk score and patient survival out-
comes (Fig. S1C). Interestingly, patients with lower cuproptosis risk tended to have higher risk scores, while those with higher 
cuproptosis risk showed lower risk scores (Fig. S1D). These findings shed light on the interplay between cuproptosis and HCC risk, 
emphasizing the value of this risk score in patient stratification and prognosis. Similarly, the correlation between the Z score and the 
risk of cuproptosis highlighted that individuals exhibiting a lower risk of cuproptosis tend to have elevated Z scores in comparison to 
those with a higher risk of cuproptosis (Fig. S1E). The results obtained through the Kaplan-Meier method indicated that patients 
possessing low-risk scores exhibited considerably shorter overall survival (OS) in comparison to those with high-risk scores, irre-
spective of the Z score being low or high (Fig. S1F). 

Fig. 4. The Signature-based risk score is validated in ICGC cohort. (A–C) The high CFI score of the seven-gene signature showed high risk of death 
(P < 0.05). (D) Area under the curve (AUC) showed predictive accuracy of the risk model. (E) Univariate and multivariate Cox analysis evaluates 
risk model’s prognostic value. (F) The time-dependent concordance-index (C-index) curves for 1–10 months. 

J. Duan et al.                                                                                                                                                                                                           



Heliyon 10 (2024) e32289

8

4.5. Analysis of immune cell infiltration 

The CIBERSORT method was used to determine the relative proportions of various immune cell types in HCC, according to the 
different risk scores. In TCGA cohort, the score of “aDC”, “NK CD56 bright cells”, “T helper cells”, “TFH”, “Th2 cells” was elevated in 
the high-risk group; the score of “Cytoroxic cells”, “DC”, “Mast cells”, “Neutrophils”, “NK CD56 dim cells”, “NK cells” et al. increased in 
the low-risk group (Fig. S2A). Fig. 6B illustrates that “CD274”, “CD276”, “TNFSF4”, “CD27”, “TNFSF15”, “ICOS” et al. showed 
significantly increased values in the high-risk group (Fig. S2B). In TCGA database, “Type II IFN response”, “Type I IFN response”, and 
“MHC class I” were ranked as the most infiltrated immune cells (Fig. S2C). Furthermore, an examination of the risk scores among 
various immunotypes within TCGA database revealed that patients with type C3 exhibited the lowest risk score (Fig. S2D). Further-
more, an analysis of stem cell indices indicated that the high-risk group demonstrated significantly elevated stem cell characteristics 
(Fig. S2E). 

Fig. 5. FARSB knockdown affects HCC cell growth and cell cycle. (A) RT-PCR analysis of FARSB expression in various HCC and normal liver cells. 
Confirmation of efficient FARSB knockdown in Hep-G2 (B) and Huh7 (C) cells. Cell viability reduction in FARSB knockdown HepG2 (D) and Huh7 
(E) cells via CCK-8 assay. (F, G) Clone formation assay for assessing cell proliferation ability in Huh7 and Hep-G2 cells. (H) Flow cytometry shows 
cell cycle arrest at G1 phase after FARSB knockdown. 
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4.6. Dissecting the correlation between tumor mutation burden and prognostic risk in HCC 

Somatic mutation rates and A higher tumor mutation burden (TMB) are correlated with enhanced anti-cancer immune response 
[30]. The high-risk group (Fig. S3A) exhibited an average range of mutations per sample from 1 to 1200, while the low-risk group 
(Fig. S3B) displayed a range of 0–613 mutations. The waterfall plot visually represents the 20 most frequently mutated genes and 

Fig. 6. Effect of FARSB on cell apoptosis and migration. (A) Increased apoptosis in FARSB knockdown HepG2 and Huh7 cells. (B) Wound-healing 
assay shows reduced migration in HepG2 and Huh7 cells after FARSB knockdown. 
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reveals the gene alterations present in 78.03 % (135 out of 173) of the high-risk group samples, and 64.41 % (114 out of 177) of the 
low-risk group samples (Figs. S3A and S3B). Within the high-risk group (Fig. S3A), the genes TP53, TTN, and MUC16 were the most 
commonly mutated, occurring in 41 %, 24 %, and 17 % of cases respectively. Comparatively, in the low-risk group (Fig. S3B), the most 
frequent mutations were observed in the genes TTN (22 %), TP53 (15 %), and MUC16 (12 %). Fig. S3C clearly illustrates that patients 
categorized with a high risk-score displayed significantly elevated TMB in comparison to those patients assigned a low risk-score (P <
0.05). Furthermore, in TCGA cohort, samples presenting TP53 mutations had notably higher risk scores compared to those of samples 
without such mutations (i.e., wild-type samples) (Fig. S3D, P < 0.05). In order to investigate the association among TMB, mutation 
status (wild type or mutant), and patient survival, the Kaplan-Meier analysis was conducted. The findings revealed that patients with a 
low TMB and wild type TP53 displayed a more promising outlook compared to those presenting a high TMB and mutant TP53 
(Fig. S3E, P < 0.001). 

4.7. Exploration of therapeutic drug sensitivity in relation to risk score signature 

To explore the potential therapeutic drugs according to the risk score signature, we performed an analysis of drug sensitivity 
through the use of the GDSC website [29]. The outcomes indicated a notable variance in the sensitivity towards twelve compounds 
between the low- and high-risk groups. Six specific compounds (Axitinib, ZAD.0530, AP.24534, AMG.706, AKT. inhibitor. VIII and 
AICAR) demonstrated increased sensitivity in the high-risk group (Fig. S4A). Conversely, another set of six compounds (AZ628, 
AUY922, ATRA, AS601245, AG.014699 and ABT.888) exhibited heightened sensitivity in the low-risk group (Fig. S4B). 

4.8. Functional annotation and pathway analysis 

We utilized a GSEA analysis to identify key enrichment pathways in connection with the high and low risk groups. Pathways 
involving cell cycle processes, DNA replication, receptor interaction, lipid metabolism, and neuroactive ligand receptor interaction 
displayed a notable enrichment in the high-risk group (Fig. S5A). On the flip side, the low-risk group manifested a pronounced 
enrichment in pathways tied to complement and coagulation cascades, cytochrome P450 metabolism, fatty acid metabolism, meta-
bolism of glycine, serine and threonine, retinol metabolism (Fig. S5B). 

4.9. Development and validation of a nomogram for predicting OS in HCC patients 

In order to develop a practical approach for predicting the OS of patients suffering from HCC, we devised a nomogram incorpo-
rating both risk score and pathological stage (Fig. S6A). Following this, a calibration curve was employed to evaluate the accuracy of 
our model. The observed 1-year, 3-year, and 5-year survival rates closely matched the predictions of the nomogram, confirming the 
model’s reliability (Fig. S6B). The ROC curve analysis further underscored the efficacy of the nomogram, which exhibited the highest 
AUC when integrating both risk score and pathological stage. Additionally, the AUC values for the survival predictions at 1, 3, and 5 
years were greater than 0.69, suggesting that our prognostic model, integrating both risk scores and pathological stages, offers a better 
predictive performance than a model relying on a single prognostic factor. This result is depicted in Fig. S6C and indicates the utility of 
our nomogram as an effective instrument for predicting survival outcomes in HCC patients. 

4.10. Exploring the impact of FARSB expression on HCC cell behavior and functionality 

We used RT-PCR analysis and found significantly increased FARSB expression levels in HCC cell lines HepG2, Huh7, and HCCLM3, 
in contrast to normal liver cells (Fig. 5A). This was further validated by Western blot analysis indicating amplified FARSB presence in 
HCC cells (Fig. S7A). In order to assess the impact of FARSB on cell growth, HepG2 and Huh7 cells were transduced with three short 
hairpin RNA (shRNA) molecules targeting FARSB (Fig. 5B, C, S7B). A clear reduction in the viability of HepG2 and Huh7 cells subjected 
to FARSB depletion was observed, evidenced by the CCK-8 assays (Fig. 5D and E). Additionally, colony-formation assay indicated that 
clonogenic potential was decreased after FARSB knockdown (Fig. 5F and G), flow cytometry analysis demonstrated a noteworthy 
reduction in cells residing in the S phase, concomitant with an elevation in cells occupying the G1 phase, thereby implying a potential 
G1 phase arrest (Fig. 5H). Moreover, an increase in the number of apoptotic cells was also noted, suggesting an augmentation of the 
apoptotic process post-FARSB inhibition (Fig. 6A), following knockdown of FARSB in HepG2 and Huh7 cells, wound-healing assays 
provided evidence that the knockdown of FARSB substantially impeded the migratory capabilities of HepG2 and Huh7 cells (Fig. 6B). 

5. Discussion 

Copper (Cu), an element crucial for vital biological processes [31], can trigger various forms of cell death such as apoptosis and 
autophagy [32]. Nowadays, cuproptosis, a non-apoptotic form of programmed cell death induced by an overabundance of copper, is 
just now coming into focus [22]. Other studies have also shed light on the complex interplay between various forms of cell death and 
tumor growth [33,34]. Our study brings to light the crucial importance of cuproptosis in the pathophysiology of HCC. In our research, 
we have provided a comprehensive description of the clinical significance of cuproptosis patterns in HCC and their potential asso-
ciation with TMB characteristics. Furthermore, we have proposed a cuproptosis scoring system to assess individual cuproptosis levels, 
aiming to enhance the comprehension of TMB and aid physicians in devising more efficacious immunotherapeutic approaches. 

The initial phase of our study involved the evaluation of the CPI, a recognized indicator of cuproptosis, across diverse cancer types. 
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Our results revealed that, in general, normal tissues exhibited higher CPI scores in comparison to tumor tissues, except for pancreatic 
adenocarcinoma and glioblastoma multiforme. Furthermore, heightened CPI scores were observed to be correlated with accelerated 
tumor progression in eight cancer types, suggesting a potential association between increased cuproptosis and unfavorable cancer 
outcomes. Consistent with prior investigations, a majority of the copper-utilizing genes (CUGs), including CDKN2A, were found to be 
altered. Our analysis incorporated ssGSEA and GSVA to reveal the hallmark pathways and biological significance among aging 
phenotypes. Previous research also affirms the significant role of gene expression profiling in cancer prognosis and therapy [35,36]. 

Our nomogram, which combines risk index and disease stage, underscores the efficacy of our risk score as a reliable and precise 
instrument for HCC patients. This model builds upon and adds complexity to prior prognostic models based on the TNM staging system 
or single biomarker. Our model achieved an AUC above 0.69 for survival prediction, outperforming models relying on single prog-
nostic factors. The findings parallel recent advances in the field of prognostic modeling in oncology, underscoring the need for 
multifactorial risk assessment. 

The biological processes associated with the risk score revealed an intricate interaction between cuproptosis and immune response 
in HCC, hinting at the potential involvement of the immune system in cuproptosis-mediated cancer progression. This understanding 
could guide the development of new immunotherapy strategies for treating HCC [37]. Through tumor mutational burden (TMB) and 
somatic mutation analysis, we also noted a relationship between high risk-score patients, TP53 mutations, and higher TMB, all of 
which correlated with a worse prognosis. This observation is in line with the known role of TP53 mutations in promoting tumorigenesis 
and contributing to poor prognosis in various types of cancer. Additionally, our research revealed potential therapeutic agents tar-
geting high and low-risk HCC patients, which could guide precision medicine in HCC treatment. By predicting potential compounds for 
HCC therapy using the GDSC database and calculating the IC50 values, we were able to provide insights into possible therapeutic 
interventions for HCC [38]. 

The most striking finding of our study is the differential sensitivity to various chemical compounds observed in HCC groups, as 
defined by our signature. The high-risk group exhibited greater sensitivity to six compounds: Axitinib, ZAD.0530, AP.24534, 
AMG.706, AKT. inhibitor. VIII, and AICAR. Conversely, the low-risk group showed a heightened response to AZ628, AUY922, ATRA, 
AS601245, AG.014699, and ABT.888. These findings are reminiscent of the work of Garnett et al. (2013), who explored the rela-
tionship between cancer genomics and drug sensitivity [29]. Our study extends this concept to a risk-stratified context, with promising 
implications for personalized treatment in HCC. 

Finally, we demonstrated that knockdown of FARSB, one of the genes included in our six-gene signature, in HCC cells led to 
decreased cell viability, cell cycle arrest, enhanced apoptosis, and inhibited migration and invasion in vitro, further supporting the 
potential prognostic and therapeutic relevance of the identified genes. This finding is congruous with previous literature demon-
strating aberrant expression of FARSB in various types of malignancies. For example, a study by Gao et al. illustrated that FARSB is 
significantly upregulated in gastric cancer, promoting tumor progression [39]. Similarly, a study by Zhang underscores FARSB’s in-
fluence in promoting an immunosuppressive ’cold’ tumor microenvironment across 25 different types of tumors, highlighting its 
potential as a novel biomarker for assessing the immunotherapeutic response [40]. Our findings extend these observations to HCC and 
provide further evidence that FARSB could potentially have a significant part in driving the development of HCC. 

In the context of current research, our seven-gene signature, which includes key genes such as FARSB, provides unique insights 
compared to existing prognostic models. Unlike traditional markers, our signature incorporates aspects of cuproptosis, offering a more 
comprehensive understanding of tumor biology in hepatocellular carcinoma (HCC). This integrative approach not only supports its 
prognostic value but also illuminates potential targets for therapeutic intervention. This distinct focus on regulated cell death 
mechanisms sets our model apart from earlier studies, which typically do not emphasize these pathways. 

Considering the practical application of our seven-gene signature in clinical settings, it is imperative to discuss how it could be 
integrated into existing diagnostic workflows. Such integration poses several challenges, including the need for standardized and 
robust assay methods to accurately measure gene expression levels in clinical samples. Moreover, implementing this signature will 
require interdisciplinary collaboration to ensure the data are interpreted effectively within the context of individual patient care plans. 
Additionally, the economic and logistical implications of adopting such advanced diagnostic tools in routine practice must be 
considered, assessing the balance between cost and potential improvement in patient outcomes. 

Despite our insightful findings, additional experimental and clinical validation are required to substantiate these associations, and 
to uncover the underlying mechanisms that govern the interaction between cuproptosis, cancer progression, and immunity. To further 
enhance the robustness of our findings, future studies should investigate the impact of additional potential confounders such as patient 
demographics, underlying comorbidities, and genetic background, which were beyond the scope of the current study. Addressing these 
factors is crucial to fully understand the applicability and effectiveness of the cuproptosis-related risk model in diverse patient 
populations. 

In conclusion, this research outlines a prognostic signature for HCC based on cuproptosis as a valuable tool for prognostic pre-
diction, therapeutic guidance, and understanding the immune landscape in HCC. And our study and prior literature underline the 
pivotal function of FARSB in the genesis and advancement of cancer. Despite the promising findings, future investigation is necessary 
to solidify the clinical applicability of our model. 
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A.J. García-Sáez, A.D. Garg, C. Garrido, E. Gavathiotis, P. Golstein, E. Gottlieb, D.R. Green, L.A. Greene, H. Gronemeyer, A. Gross, G. Hajnoczky, J.M. Hardwick, 
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