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Abstract
Background  Hepatocellular carcinoma (HCC) exhibits pronounced heterogeneity, which significantly limits the effective-
ness of precision therapies. A comprehensive understanding of the biological characteristics and molecular mechanisms 
underlying HCC cell subpopulations is crucial for improving prognostic predictions and refining treatment strategies.
Methods  Single-cell RNA sequencing data were obtained from the GEO database and processed using the Seurat R 
package for quality control, including data filtering, batch effect correction, and dimensionality reduction via PCA and 
UMAP to visualize cell distribution and identify distinct subpopulations. Cell types were annotated using established 
marker genes and literature references. The GSVA method was applied to evaluate the activity of 18 programmed cell 
death pathways. Cell developmental trajectories were reconstructed using Monocle 2 and validated with cytoTRACE to 
assess differentiation potential. Metabolic pathway activity was analyzed using the scMetabolism package. Bulk RNA 
sequencing data from the TCGA cohort were integrated to identify prognosis-associated genes through univariate Cox 
regression. The malignant potential of tumor subpopulations was quantified using GSVA scoring. Weighted gene co-
expression network analysis (WGCNA) was employed to identify cuproptosis-related genes. A risk scoring model was 
constructed using LASSO regression and multivariate Cox regression based on cuproptosis-related genes and marker 
genes of cuproptosis-characterized tumor cells. The model’s performance was validated across TCGA, GEO, and ICGC 
datasets. Additionally, the relationships between risk scores, clinical characteristics, key signaling pathways, and immu-
notherapy responses were explored. Finally, a prognostic nomogram was developed to support clinical decision-making.
Results  12 programmed cell death pathways were enriched in tumors, with cuproptosis defining HCC, particularly in 
the C2 subpopulation. GSVA highlighted high-risk patient enrichment in proliferation, DNA repair, and metabolism, 
reflecting aggressive malignancy. Developmental trajectory and metabolic analyses confirmed greater stemness and 
metabolic activity in C2. TCGA linked cuproptosis-related subpopulations to poor prognosis. The risk model stratified 
patients (validated in TCGA/GEO/ICGC), correlating with clinical grade, T-stage, survival (HR = 2.597, 95%CI 2.051–3.289, 
P < 0.05). The nomogram showed strong predictive power (C-index = 0.716), aiding clinical decisions.
Conclusion  The C2 subpopulation represents the most malignant subset of HCC cells, with cuproptosis serving as a defin-
ing characteristic of this subgroup. The risk scoring and nomogram models based on cuproptosis-related genes offer 
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novel insights and a robust scientific foundation for prognostic prediction and personalized treatment in HCC patients. 
These findings highlight the potential of targeting cuproptosis and tumor microenvironment interactions to improve 
therapeutic outcomes in HCC.
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1  Introduction

HCC stands as one of the foremost contributors to cancer-related mortality worldwide, emerging from a complex interplay 
of etiological factors. These include chronic hepatitis B virus (HBV) and hepatitis C virus (HCV) infections, as well as meta-
bolic dysfunction-associated steatohepatitis (MASH), a condition increasingly linked to hepatocellular carcinogenesis.
According to data from the World Health Organization (WHO), more than 800,000 individuals worldwide are diagnosed 
with HCC annually, with nearly the same number succumbing to the disease [1, 2]. Surgical resection is regarded as the 
treatment of choice; however, due to its insidious onset, aggressive nature, and rapid progression, coupled with the 
challenges of early diagnosis, the majority of patients are identified at an advanced stage or after distant metastasis, 
rendering them ineligible for surgery. Alternative therapies, including local radiofrequency ablation, transcatheter arterial 
chemoembolization, and systemic chemotherapy, often fail to achieve satisfactory outcomes [3, 4]. Hence, the pursuit of 
novel biomarkers and therapeutic targets to enhance the clinical efficacy of HCC treatment is of profound significance.

A novel form of cell death, termed cuproptosis, has recently been identified [5]. Cuproptosis arises from the excessive 
accumulation of intracellular copper ions, which leads to the abnormal aggregation of lipoylated proteins, disruption 
of mitochondrial iron-sulfur cluster proteins involved in respiration, and subsequent induction of proteotoxic stress, 
culminating in cell death. This process is distinct from other known forms of cell death, such as apoptosis, ferroptosis, 
autophagy, and programmed necrosis [6, 7]. Specifically, after extracellular copper ions enter the cell via copper ion car-
riers or ATP7 A/B transporters, a portion is delivered to the mitochondrial matrix by molecular chaperones. Within the 
mitochondria, FDX1 reduces Cu2⁺to Cu⁺, which, on one hand, disrupts iron-sulfur protein function by inhibiting Fe-S clus-
ter synthesis, thereby inducing apoptosis, and on the other hand, Cu⁺binds to fatty acylated TCA cycle enzymes, leading 
to abnormal protein oligomerization and triggering proteotoxic stress, ultimately synergistically initiating programmed 
cell death. Studies have revealed significantly elevated copper ion levels in the serum and liver tissues of HCC patients. 
Serum copper and ceruloplasmin levels have been proposed as potential biomarkers for HCC detection [8]. Furthermore, 
research indicates that serum copper ion levels in HCC patients are strongly correlated with specific survival periods and 
overall survival, suggesting that serum copper levels may serve as an independent prognostic factor [9]. Additionally, it 
has been reported that copper ion treatment enhances the proliferative and migratory capacity of HCC cells [10, 11]. These 
findings underscore the pivotal role of copper ions in the initiation and progression of HCC, highlighting the potential of 
inducing cuproptosis as a novel therapeutic approach.Although some studies have established a connection between 
cuproptosis and HCC, the molecular characteristics and biological behaviors of tumor cells exhibiting cuproptotic traits 
remain inadequately elucidated. Current research lacks a detailed exploration of the metabolic properties and gene 
expression patterns of these cells at the single-cell level. Furthermore, the spatial distribution of cuproptosis-related 
cells within the tumor microenvironment and their interactions with other cell types have not been comprehensively 
investigated. These gaps in understanding hinder a complete appreciation of the role of cuproptosis in HCC pathogen-
esis, progression, and its therapeutic potential.Therefore, future studies must focus on single-cell resolution to uncover 
the specific gene expression profiles, metabolic pathway activities, and microenvironmental adaptation strategies of 
cuproptotic tumor cells. Such investigations will be instrumental in unraveling the mechanistic roles of cuproptosis in 
HCC and advancing the development of targeted therapeutic strategies.

This study integrates single-cell sequencing datasets from HCC patients to extract malignant epithelial cells and 
perform enrichment analysis of cuproptosis signaling pathways across different cellular subpopulations, identifying 
cell clusters exhibiting cuproptosis-related traits. Further investigation into the malignancy, metabolic characteristics, 
and potential roles of these cuproptosis-featured subpopulations in HCC progression was conducted. Additionally, a 
risk model based on cuproptosis-related genes was developed to predict patient prognosis and therapeutic response, 
providing novel targets and a theoretical foundation for personalized treatment of HCC.
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2 � Materials and methods

2.1 � 1Data collection and processing

The single-cell dataset GSE166635 was obtained from the GEO database and processed for quality control using the 
Seurat R package [12]. Cells with fewer than 200 detected genes or more than 7000 genes were excluded to prevent 
contamination by doublets or multiplets, and low-quality cells with mitochondrial gene proportions exceeding 20% were 
removed. Batch effects were corrected using the Harmony R package, with the Adjusted Rand Index (ARI) employed to 
evaluate the extent of batch effect elimination. Data normalization was conducted using the `NormalizeData` function, 

Fig. 1   A Correlation between basic data metrics prior to filtering. B Statistical comparison of the number of cells and genes before and after 
filtering. C, D PCA distribution of all samples and anchor plot visualization
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followed by downstream analysis of the quality-controlled cells. Due to the high dimensionality of the data, Princi-
pal Component Analysis (PCA) was performed using the `RunPCA` function for linear dimensionality reduction, and 
the optimal number of principal components was determined via the `ElbowPlot` function. The `FindNeighbors` func-
tion in Seurat was used to calculate K-nearest neighbor (KNN) relationships, constructing a k-nearest neighbor matrix. 
The shared nearest neighbor (SNN) clustering algorithm, implemented through the `FindClusters` function, was then 
applied to identify smaller partitioned clusters, forming an SNN graph.To visualize the dimensionality reduction results 

Fig. 2   A UMAP plot illustrating the distribution of two samples. B UMAP plot displaying the distribution of 21 clusters after clustering. C 
UMAP plot of annotated cell subclusters. D Bubble plot showing the expression of the top five marker genes in annotated subclusters. E 
Proportion and cell count of subclusters in tumor tissues versus adjacent normal tissues. F UMAP plot showing the distribution of malignant 
and non-malignant cells predicted using the copykat package
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in two-dimensional space intuitively, the UMAP method was applied to the PCA-transformed data, creating a clear map-
ping that revealed the intrinsic patterns and structures within the single-cell dataset. Finally, cell types were annotated 
based on previously published literature and known marker genes.

2.2 � RCD score calculation

Single-cell gene enrichment and differential pathway analysis were conducted using the GSVA R package [13]. GSVA, a 
non-parametric and unsupervised method, enables the estimation of differential pathway enrichment based on gene 
expression datasets. For functional enrichment analysis at the single-cell level, 18 RCD scores—encompassing apopto-
sis, ferroptosis, disulfidoptosis, autophagy, and others—were curated from previously published literature [14]. These 
scores were utilized to identify functionally relevant gene categories significantly associated with differential genes 
across distinct cell populations, offering deeper insights into the functional characteristics and biological processes of 
various cell groups.

2.3 � Machine learning algorithms

Following GSVA pathway scoring of single-cell data, we subsequently employed the Random Forest (RF) algorithm, 
executed via the “randomForest” R package, for feature selection. The default iteration count for RF was 100. A model 
comprising 500 decision trees was deemed sufficiently robust. Gene importance was scored based on “mean decrease 
in accuracy”, and the gene set exhibiting the highest importance scores was selected [15].

Fig. 3   UMAP visualization of marker gene expression 



Vol:.(1234567890)

Analysis	  
Discover Oncology          (2025) 16:900  | https://doi.org/10.1007/s12672-025-02696-9

2.4 � Cell developmental trajectory analysis

Developmental trajectory analysis was performed using Monocle2 on cells of the same type or those with developmental 
relationships [16, 17]. Monocle2 leverages key gene expression patterns and machine learning to calculate the dynamic 
gene expression changes that each cell undergoes during development. Cells were then ordered based on pseudotime 
values, simulating the dynamic changes that occur throughout the developmental process. This ordering approach pro-
jects high-dimensional data into a low-dimensional space, effectively visualizing developmental trajectories. The total 
length of a cell’s developmental trajectory was defined by the cumulative transcriptional changes experienced from the 
initial state to the terminal state. Finally, cytoTRACE [18] was employed to generate a trajectory depicting the transition 
from low differentiation to high differentiation states.

2.5 � Metabolic pathway analysis

Metabolic activity scores for specific pathways across different cell types were calculated using the"scMetabolism"package 
[19], a tool specifically designed for metabolic pathway analysis in single-cell sequencing data. Additionally, the meta-
bolic states of individual cells were assessed using the AUCell method, providing a comprehensive evaluation of cellular 
metabolic activity.

2.6 � Weighted correlation network analysis

Initially, GSVA analysis was performed on the TCGA dataset to derive activity scores for each gene set in individual sam-
ples. These activity scores reflect the functional activity levels of the gene sets within the samples. To identify potential 
biomarkers associated with the cuproptosis phenotype, the activity scores obtained from GSVA were used to construct 
a gene co-expression network, and highly correlated gene modules were identified through the WGCNA method [20]. 
This analysis focused on assessing the interconnectivity of gene sets and their associations with the observed phenotype. 
An optimal soft-threshold power (β) was first determined to calculate the adjacency between genes. Subsequently, the 

Fig. 4   A Heatmap of enrichment scores for various cell death pathways across different cell subclusters. B Heatmap showcasing key path-
way enrichment scores in high- and low-risk groups, highlighting the most significant cell death pathways using a random forest algorithm
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adjacency matrix was transformed into a topological overlap matrix. Genes exhibiting similar expression patterns were 
then grouped into distinct modules. Finally, genes from the modules most strongly associated with the cuproptosis 
phenotype were extracted for further analysis.

2.7 � Construction and evaluation of the predictive model

To explore the relationship between specific genes and patient prognosis, LASSO regression analysis [21] was performed 
on the gene matrix using the"glmnet"package in R. This approach identified highly correlated genes, reducing the num-
ber of genes and mitigating overfitting in the final risk model. The selected genes were then subjected to multivariate 
Cox regression analysis, and a risk score model was constructed based on the formula: Risk Score = ∑ki = 0 βi * expi−1,

whereβi represents the regression coefficient of each gene identified in the Cox analysis, and expi denotes the expres-
sion level of the gene. Patients were stratified into high-risk and low-risk groups based on the median risk score. Survival 
curves and risk plots were generated using the"survminer"and"ggrisk"packages in R, visualizing differences in survival 
and status among patients. Additionally, ROC curves were plotted using the"timeROC"package to evaluate the predic-
tive performance of the risk score for 1-year, 3-year, and 5-year overall survival (OS) in patients with cholangiocarcinoma.

The relationship between risk scores and clinicopathological features in the TCGA cohort was further investigated. Cox 
regression analysis was performed using the"survival"package in R to determine whether the risk score could serve as an 
independent prognostic factor for HCC patients. Forest plots of univariate and multivariate Cox regression analyses were 
generated using the"forestplot"package, and a nomogram was constructed based on the TCGA cohort. Risk scores and 
other clinical variables were subjected to univariate and multivariate Cox regression analyses to calculate hazard ratios 
(HRs) and 95% confidence intervals (CIs). A nomogram was built based on the results of multivariate logistic regression 
analysis. Furthermore, gene set enrichment analysis was conducted using the"org.Hs.eg.db,""clusterProfiler,"and"enric
hplot"packages in R to identify significantly enriched pathways between high-risk and low-risk groups. The TIDE algo-
rithm [22] was employed to evaluate the potential response of high-risk and low-risk groups to immunotherapy, thereby 
assessing the effectiveness of immunotherapy strategies.

3 � Results

3.1 � 1Data collection and processing

Initially, single-cell data were filtered by setting a threshold where each gene was required to be expressed in at least 
three cells, and each cell was required to express a minimum of 250 genes. The mitochondrial and rRNA content was 
calculated using the `PercentageFeatureSet` function, ensuring that each cell expressed between 100 and 10,000 genes, 
with a UMI count exceeding 100. This rigorous filtering process resulted in a dataset of 17,924 cells (Fig. 1A, B). Batch 
effects were subsequently eliminated to ensure compatibility among different samples (Fig. 1C).The integrated dataset 
was subjected to PCA for dimensionality reduction, retaining the top 30 characteristic marker genes (Fig. 1D). Cells were 
clustered using the `FindNeighbors` and `FindClusters` functions, yielding 21 distinct subgroups (Fig. 2B). Dimensionality 
reduction was further refined with the `RunUMAP` function, and UMAP plots vividly depicted the distribution of differ-
ent samples (Fig. 2A).Cell subpopulations were annotated by referencing known marker genes, identifying cell types 
including B cells, CD8 + T cells, dendritic cells, endothelial cells, epithelial cells, fibroblasts, hepatocytes, cycling prolifera-
tive cells, mast cells, monocytes/macrophages, cycling cells, natural killer (NK) cells, plasma cells, and regulatory T cells 
(Tregs) (Fig. 2C). To further analyze the features of these subpopulations, the `FindAllMarkers` function was employed 
with a logFC threshold of 0.5 and a minimum expression fraction (Minpct) of 0.35 to identify marker genes for each sub-
group. Bubble plots were utilized to display the top five marker genes expressed in each subgroup (Fig. 2D). We utilized 
the CopyKAT package to identify tumor cells, which are visualized in Fig. 2G using a UMAP plot. Figure 2E illustrates 
the number of each cell type, while Fig. 2F presents the proportion of each cell type across different groups.Finally, the 
distinctive characteristics of all subpopulations were examined, with specific marker gene features visualized in Fig. 3.
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3.2 � Identification of HCC cells exhibiting cuproptosis characteristics

To investigate the specific modes of cell death most closely associated with HCC cells, we employed the ssGSEA method 
to calculate scores for 12 types of programmed cell death. Notably, oxeiptosis, parthanatos, cuproptosis, ferroptosis, and 
methuosis were significantly enriched in tumor cells (Fig. 4A). Subsequently, a random forest-based machine learning 
approach was utilized to rank the importance of each programmed cell death score within individual cells, with feature 
importance illustrated in Fig. 4B. Our findings revealed that cuproptosis emerged as the most defining feature in HCC 
cells. To gain deeper insights into the characteristics of cuproptosis in HCC cells, tumor cells were further stratified into 
four distinct subpopulations (Fig. 5A). Using ssGSEA, we calculated the cuproptosis scores for each subpopulation, which 
demonstrated that the C2 subpopulation exhibited the highest cuproptosis scores (Fig. 5B). Furthermore, differentiation 
potential across these subpopulations was assessed using Cytotrace, with the results indicating that the C2 subpopula-
tion possessed the most robust undifferentiation potential (Fig. 5D). Combined with pseudotime trajectory analysis, it 
was determined that the C2 subpopulation predominantly represents an early developmental stage, with its prevalence 
decreasing over time, reflecting stem cell-like properties(Fig. 5C).

3.3 � The crucial role of cuproptosis‑driven tumor cells in metabolic activity and malignancy

Subsequently, ssGSEA was employed to perform enrichment analysis across different tumor cell subpopulations, uncover-
ing distinct enrichment patterns of key gene sets within the four identified tumor subpopulations (Fig. 5E). Notably, cells 
in the C2 subpopulation were significantly enriched in pathways related to the cell cycle and DNA repair, underscoring 
the pivotal role of MYC in transcriptional regulation. Using scMetabolism, we further evaluated the metabolic pathway 
activity of different epithelial tumor cell subtypes. The results revealed that C2 cells exhibited heightened metabolic 
activity, with notable involvement in folate, pyrimidine, and purine metabolic pathways. This metabolic hyperactivity 
suggests that C2 cells likely play a critical role in promoting cellular proliferation and differentiation (Fig. 5F).

To further investigate the malignancy of the C2 subpopulation, we analyzed HCC datasets from the TCGA database. A 
total of 4,326 prognostic-related genes were identified using univariate Cox regression analysis. Subsequently, GSVA was 
utilized to assess the prognostic scores of the four tumor subpopulations, revealing that the C2 subpopulation exhibited 
the highest prognostic scores. This finding indicates that C2 cells possess the highest degree of malignancy among the 
identified subpopulations (Fig. 6A).

3.4 � Identification of cuproptosis‑associated genes

HCC datasets from the TCGA database were analyzed using Weighted Gene Co-Expression Network Analysis (WGCNA) 
to identify genes associated with the cuproptosis phenotype. Hierarchical clustering was first employed to classify the 
samples, and a scale-free topology standard of \(R2 > 0.85 \) was used to filter the data, with � = 6  determined as the 
optimal soft-thresholding power to achieve scale-free independence (Fig. 6B). By setting the clustering height of module 
eigengenes to 0.25, ten gene modules were identified. A dendrogram was constructed to visually represent the hierarchi-
cal structure of each module (Fig. 6C). Further correlation analysis between these modules and the cuproptosis pheno-
type was conducted (Fig. 6D), revealing that the grey and yellow modules were significantly associated with cuproptosis. 
From these two modules, a total of 2,031 genes were extracted for subsequent in-depth analysis.

3.5 � Construction of a risk model based on cuproptosis‑associated genes

Through the intersection of marker genes from tumor cell subpopulation C2 and cuproptosis-associated genes identified 
via WGCNA, a total of 447 candidate genes were selected (Figs. 6E, 7A). Univariate Cox regression analysis was performed 
on these genes to identify potential prognostic markers for HCC within the TCGA cohort. Subsequently, LASSO regression 

Fig. 5   A UMAP plot depicting the spatial distribution of tumor subclusters. B Boxplot illustrating prognostic scores across different tumor 
clusters. C Pseudotime analysis tracing the developmental trajectories of various tumor cell clusters, with cells color-coded based on tumor 
subcluster or pseudotime progression. D CytoTRACE analysis showing CytoTRACE scores for different tumor clusters, with higher scores indi-
cating greater stemness. E Heatmap visualizing gene set activity differences across tumor cell clusters evaluated via ssGSEA. F Metabolic 
pathway activity of tumor cell clusters assessed using scMetabolism, visualized through heatmaps

▸
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analysis was employed to reduce the number of differentially expressed genes (DEGs) in the final risk model and to pre-
vent overfitting (Fig. 7B). This process yielded 10 genes significantly associated with patient prognosis: SCGN, PPP1R1 A, 
TUSC1, C1S, AHCY, TFPI, MLEC, DNAJB1, TXN, and LDHA.The functional mechanisms of these ten genes in HCC involve 

Fig. 6   A UMAP plot illustrating prognostic scores across different tumor clusters. B Violin plot depicting prognostic scores for various tumor 
clusters. C Analysis of network topology across diverse soft-thresholding powers. D Gene dendrogram with corresponding module colors. E 
Correlation results between 10 modules and copper death scores. F Top five differentially expressed genes (DEGs) with corresponding log2 
FC values
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a multidimensional interplay encompassing metabolic reprogramming, immunomicroenvironmental modulation, and 
epigenetic aberrations. C1S promotes tumor microenvironment immunosuppression by regulating the complement 
cascade; AHCY disrupts DNA methylation by affecting S-adenosylhomocysteine hydrolase activity, driving tumor stem 
cell properties; the DNAJB1-PRKACA gene fusion forms an aberrant protein kinase, directly activating the PKA pathway 
to promote fibrolamellar HCC. In terms of metabolism, TXN enhances glycolysis and immune evasion by modulating 
HIF-2α signaling, while LDHA suppresses CD8 + T cell function by promoting lactate secretion. Furthermore, SPON2, a 
core marker of the TIMES system, inhibits recurrence by enhancing NK cell migration and activation, with its mechanism 
involving the activation of IFN-γ secretion and CD8 + T cell interaction. Other genes such as TFPI delay progression by 
inhibiting angiogenesis, and TUSC1 may participate in regulation through tumor suppression pathways, but the specific 
mechanisms require further validation.

Using the coefficients derived from these genes, risk scores were calculated for all samples. Patients in the TCGA cohort 
were stratified into high-risk and low-risk groups based on the median risk score (Fig. 7C). Kaplan–Meier survival analysis 
demonstrated that patients in the high-risk group had significantly shorter OS and poorer prognoses compared to those 
in the low-risk group (Fig. 7F). Furthermore, the risk model exhibited robust predictive accuracy for OS in the TCGA cohort, 
with AUCvalues of 0.76, 0.76, and 0.80 for 1-year, 3-year, and 5-year survival, respectively (Fig. 7I).

This risk model was further validated in the GEO dataset, yielding similar results (Fig. 7D). Kaplan–Meier survival 
curves indicated that high-risk patients had lower survival probabilities than their low-risk counterparts (Fig. 7G), and the 
model achieved comparable predictive accuracy, with AUC values of 0.69, 0.67, and 0.66 for 1-year, 3-year, and 5-year OS, 
respectively (Fig. 7J). The model was also applied to the ICGC dataset, where consistent trends were observed(Fig. 7E). 
Kaplan–Meier analysis again revealed worse survival outcomes for high-risk patients (Fig. 7H), and the predictive perfor-
mance of the model remained robust, with AUC values of 0.74, 0.70, and 0.68 for 1-year, 3-year, and 5-year OS, respectively 
(Fig. 7K).

3.6 � Correlation analysis between risk scores and clinical characteristics

The association between risk scores and clinical features was further examined, revealing significant correlations with 
pathological grade, T stage, and survival status in HCC patients (p < 0.05, Fig. 8A). Subsequently, univariate and multi-
variate Cox regression analyses were conducted in the TCGA cohort to evaluate whether the risk score could serve as an 
independent prognostic factor. Univariate Cox regression analysis demonstrated a positive correlation between the risk 
score and OS (HR:2.718, 95% CI 2.176–3.395, p < 0.05; Fig. 8A). Multivariate Cox analysis further confirmed that the risk 
score was independently associated with OS (HR: 2.597, 95% CI 2.051–3.289, p < 0.05); Fig. 8C).

3.7 � Correlation between risk scores and key biological pathways

Through GSVA analysis, significant differences in enriched gene pathways were identified between high-risk and low-risk 
groups. In the high-risk group, pathways related to cell proliferation and DNA repair were prominently enriched, includ-
ing the p53 signaling pathway, cell cycle, homologous recombination, DNA replication, base excision repair, nucleotide 
excision repair, mismatch repair, and non-homologous end joining. Collectively, these pathways underscore enhanced 
DNA damage repair mechanisms and genomic stability maintenance. Additionally, pathways associated with protein 
degradation, transcription, and metabolism were significantly enriched in the high-risk group, such as ubiquitin-mediated 
proteolysis, the proteasome, ribosome, RNA degradation, and spliceosome pathways. Metabolic pathways, including 
glycolysis (e.g., the pentose phosphate pathway), amino acid metabolism (e.g., aminoacyl-tRNA biosynthesis), and related 
metabolic routes, also exhibited heightened enrichment. This extensive enrichment of proliferation and DNA repair 
pathways suggests that high-risk group cells possess elevated proliferative activity and enhanced DNA repair capacity, 
thereby driving rapid tumor progression and malignant transformation (Fig. 8D).

3.8 � Immunotherapy response of the risk score model

Given the absence of immunotherapy datasets specific to HCC patients, the IMvigor210 cohort[23] was utilized to predict 
the efficacy of chemotherapy across the two risk groups. Notably, the low-risk group exhibited a significantly higher 
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chemotherapy response rate compared to the high-risk group (Fig. 9A). Kaplan–Meier survival analysis further revealed 
that the survival probability of the high-risk group was markedly inferior to that of the low-risk group (Fig. 9B).

3.9 � Construction of a nomogram for predicting patient prognosis

In the TCGA cohort, a nomogram was constructed by integrating variables significantly associated with patient prog-
nosis, as determined through multivariate Cox regression analysis. This nomogram demonstrated robust predictive 
performance for clinical outcomes, with a concordance index (C-index) of 0.716 (95% CI 0.674–0.757; Fig. 9D). Calibration 
curves confirmed the alignment of the nomogram’s predictions with actual clinical outcomes (Fig. 9C). Decision curve 
analysis (DCA) further illustrated that the nomogram provided superior clinical benefit compared to the independent 
use of the risk score or other clinical features alone (Fig. 9E).

4 � Discussion

HCC is a prevalent malignancy of the digestive system, characterized by its insidious onset, rapid progression, and high 
degree of malignancy. Current clinical treatments remain largely ineffective, underscoring the urgent need to identify 
novel prognostic biomarkers and therapeutic targets. Cuproptosis, a recently discovered copper-dependent form of 
programmed cell death, involves mitochondrial dysfunction triggered by copper overload [24, 25]. However, the precise 
relationship between cuproptosis and HCC remains unclear. This study aims to investigate the role of cuproptosis-char-
acteristic HCC cells in tumor progression, offering potential insights into new screening strategies, therapeutic targets, 
and prognostic evaluation methods for HCC.

Our findings reveal that the cuproptosis signaling pathway is significantly upregulated in HCC cells, with specific 
expression in a distinct subpopulation. Transcriptomic analysis further confirms the strong association between this 
subpopulation and HCC prognosis, suggesting that cuproptosis may play a pivotal role in the initiation and progression 
of HCC. Notably, FDX1 expression is significantly downregulated in HCC compared to normal liver tissue, and its reduced 
levels are linked to poor patient prognosis [26–28]. Prognostic risk scores based on cuproptosis-related genes (CRGs) 
demonstrate that patients in the high-risk group exhibit markedly shorter OS. Gao et al. constructed a cuproptosis-based 
prognostic model using four CRGs and quantified risk scores through three key genes—DLAT, CDKN2 A, and LIPT1. The 
results highlight CRG risk scores as independent prognostic factors for HCC, with lower CRG scores correlating with 
improved survival rates, establishing CRG scores as reliable biomarkers for HCC patients [29]. Further expression analyses 
using online databases and experimental validation show that CDKN2 A, DLAT, and LIPT1 are significantly upregulated in 
HCC tissues compared to normal tissues, with positive correlations to clinical staging and grading. Additionally, treating 
HCC cells with erastin (ES) resulted in reduced PLC/PRF/5 cell viability and elevated DLAT expression. Conversely, silencing 
DLAT restored cell viability, underscoring its critical role in HCC progression. These findings suggest that correcting the 
dysregulation and mutations of cuproptosis-related genes to induce cuproptosis in HCC cells could represent a promis-
ing novel therapeutic approach for treating HCC.

We identified ten cuproptosis-related genes—CGN, PPP1R1 A, TUSC1, C1S, AHCY, TFPI, MLEC, DNAJB1, TXN, and 
LDHA—and constructed a risk factor model based on these genes. Time-dependent ROC curves demonstrated the 
robust predictive capability of this model. Nomograms, a commonly used tool for evaluating tumor prognosis, offer more 
detailed clinical insights compared to the traditional TNM staging system, enabling more accurate survival probability 
estimations [30, 31]. Chen et al. utilized parameters such as TNM staging, age, and cuproptosis-related lncRNA risk scores 
to construct a prognostic nomogram for HCC patients, achieving high accuracy [32]. Similarly, Liu et al. developed a prog-
nostic nomogram incorporating tumor staging and cuproptosis-related gene risk scores, yielding excellent predictive 
performance [33]. For the first time, this study incorporated CGN, PPP1R1 A, TUSC1, C1S, AHCY, TFPI, MLEC, DNAJB1, TXN, 
LDHA, T-stage, and tumor status as predictive factors to construct a prognostic nomogram for HCC patients. Calibration 

Fig. 7   A Venn diagram identifying 447 key genes intersecting marker genes from tumor cell subcluster 2 and copper death-related genes 
from WGCNA. B Trajectory of each independent variable with lambda values and coefficient distribution along the logarithmic (lambda) 
sequence used for parameter selection. C–E Risk plots and expression profiles of 10 genes across high- and low-risk groups in the TCGA, 
GEO, and ICGC cohorts. F–H Kaplan–Meier survival curves of the risk models constructed with 10 genes in TCGA, GEO, and ICGC cohorts. I–K 
ROC curves evaluating the performance of the risk models based on 10 genes in the TCGA, GEO, and ICGC cohorts

▸



Vol.:(0123456789)

Discover Oncology          (2025) 16:900  | https://doi.org/10.1007/s12672-025-02696-9 
	 Analysis



Vol:.(1234567890)

Analysis	  
Discover Oncology          (2025) 16:900  | https://doi.org/10.1007/s12672-025-02696-9

Fig. 8   A Association between risk scores and clinical features of HCC. B Univariate analysis of clinical features and risk scores. C Multivariate 
analysis of clinical features and risk scores. D Heatmap displaying enrichment scores of key pathways in high- and low-risk groups
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Fig. 9   A Differences in risk scores across immune therapy responses in the IMvigor210 cohort. B Prognostic differences between risk score 
groups in the IMvigor210 cohort. C Calibration curves for 1-, 3-, and 5-year predictions using the nomogram. D Integrated nomogram 
model combining risk scores and clinical features. E Decision curve analysis of the nomogram model
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curves indicated a high degree of concordance between the nomogram’s predictions and actual observations. Thus, 
the nomogram developed in this study provides clinicians with a novel and more effective method for assessing the 
prognosis of HCC patients and devising personalized treatment strategies.

Additionally, this study comprehensively analyzed the biological characteristics of tumor cells exhibiting cuproptosis 
features and demonstrated that the risk factor model based on cuproptosis-related genes effectively predicts the prog-
nosis of HCC patients. The expression of these genes was significantly associated with tumor staging and the efficacy of 
immunotherapy, highlighting their potential as prognostic biomarkers and novel therapeutic targets for HCC.However, 
several limitations exist in this study. The exploration of tumor cells with cuproptosis characteristics was based solely 
on bioinformatics analyses, lacking experimental validation. These limitations underscore the need for future research 
to incorporate further data verification and experimental studies to enhance the clinical applicability and translational 
value of the findings.

5 � Conclusion

In summary, this study, through a comprehensive evaluation of the spatial distribution of cuproptosis and the heteroge-
neity of HCC, highlights the pivotal role of cuproptosis in the heterogeneity of this cancer. These findings not only deepen 
our understanding of the mechanisms by which cuproptosis influences tumor initiation and progression but also offer 
fresh perspectives for the advancement of precision medicine, particularly in integrating cuproptosis inhibitors with 
other therapies targeting the tumor microenvironment. This research lays a theoretical foundation for exploring more 
effective combination treatment strategies and provides compelling preliminary evidence for the broader therapeutic 
application of cuproptosis inhibitors, underscoring their potential in the future landscape of cancer treatment.
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