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Abstract: Background: Ribosome biogenesis is involved in the progression of hepatocellular carcinoma (HCC), but the 

specific mechanisms and diagnostic values of ribosome biogenesis-related genes (RBRGs) in HCC remain unclear. 

Objectives: We aimed to explore potential therapeutic targets in HCC from RBRGs. Methods: The differentially 

expressed RBRGs (DE-RBRGs) were explored using publicly available bulk RNA-sequencing data. Cox regression 

analysis was employed to evaluate the prognostic significance of the DE‑RBRGs. The optimal machine learning algorithm 

was selected to construct a prognostic model. The predictive performance of the model was assessed using Kaplan‑Meier 

analysis and receiver operating characteristic (ROC) curves. Single‑cell RNA‑sequencing data were subsequently utilized 

to identify key cell populations and the corresponding DE‑RBRGs. Results: Bioinformatics analyses revealed 88 DE-

RBRGs, predominantly enriched in ribosome biogenesis-related functions and pathways. The univariate Cox regression 

identified 12 DE-RBRGs with prognostic values. Following, the optimal machine learning algorithm (StepCox [forward] 

+ SuperPC) was selected to construct a prognostic model. Survival analysis demonstrated that patients in the low-risk 

group exhibited markedly prolonged lifespan relative to their high-risk counterparts. ROC curves confirmed the predictive 

accuracy of this prognostic model in both training and validation cohorts. These 12 DE-RBRGs were significantly 

associated with immune cell infiltration, tumor immune evasion and drug sensitivity. Analysis of single-cell sequencing 

data identified hepatocytes as central mediators of HCC pathogenesis, which was associated with high expression of two 

DE-RBRGs: Nucleophosmin 1 (NPM1) and Ras-Related Nuclear Protein (RAN). Conclusion: NPM1 and RAN, which are 

highly expressed in hepatocytes, may serve as potential therapeutic targets in HCC. Their established roles in ribosome 

biogenesis could drive the development of novel therapies targeting this pathway.  
 

Keywords: Hepatocellular carcinoma; Machine learning; Ribosome biogenesis-related genes; Single-cell analysis; 

Therapeutic targets; Validation analysis 
 

Submitted on 23-06-2025 – Revised on 05-09-2025 – Accepted on 08-09-2025 
 

INTRODUCTION 
 

Hepatocellular carcinoma (HCC) is one of the most 

prevalent primary hepatic malignancies worldwide 

(Dopazo  et al., 2024). Despite substantial advancements 

in clinical diagnostic and therapeutic technologies in recent 

years (including targeted therapies, immunotherapy and 

precision medicine) the overall five-year survival rate of 

patients with HCC remains below 30% (Brown  et al., 

2023, Wang and Deng, 2023). This poor prognosis 

severely affects the quality of life and survival prospects of 

patients. Therefore, elucidating the underlying cellular 

mechanisms driving HCC progression and identifying 

predictive biomarkers are essential to improve therapeutic 

efficacy (Chan  et al., 2024). 
 

Ribosome biogenesis, a highly complex cellular process, 

serves not only as the cornerstone of protein synthesis but 

also as a critical regulator of cell proliferation, 

differentiation and stress responses (Ni and Buszczak, 

2023). Recent studies have revealed the essential role of 

ribosome biogenesis-related genes (RBRGs) in the 

pathogenesis of human diseases (Wang  et al., 2024b). 

Among various modulators involved in ribosomal 

synthesis, HEAT Repeat-Containing 1 (HEATR1) 

exhibited the most pronounced upregulation in hepatic 

tumor specimens (Yang  et al., 2023), functioning as a 

pivotal regulator of ribosome assembly and proteostasis to 

promote hepatic oncogenesis. Similarly, Mitochondrial 

Ribosomal Protein L12 (MRPL12) potentiates HCC by 

regulating mitochondrial biogenesis and metabolic 

reprogramming (Ji  et al., 2024). As a nuclear component 

involved in ribosomal DNA regulation, Treacle Ribosome 

Biogenesis Factor 1 (TCOF1) facilitates malignant 

signaling and ribosomal RNA synthesis to accelerate HCC 

progression (Wu  et al., 2022). These studies indicate close 

relationships between RBRGs and the development of 

HCC, highlighting the importance of further mechanistic 

exploration. 
  

Advances in single-cell sequencing technologies have 

enabled us to explore the regulatory roles of ribosome 

biogenesis in HCC progression from a novel perspective 

(Zhang  et al., 2023b). Notably, RBRGs have emerged as 

valuable biomarkers for the diagnosis and prognosis of 

human cancers. For instance, Roy et al. indicated that 

PNO1 could be used as a diagnostic and prognostic 

biomarker for HCC, with its knockout offering therapeutic 

benefits (Roy  et al., 2024). Liu et al. showed that *Corresponding author: e-mail: wuchunming9999@163.com 
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SNORA23 exhibited antitumor effects in HCC and could be 

used as a diagnostic marker for HCC (Liu  et al., 2021b). 

However, the specific mechanisms and diagnostic values 

of RBRGs in HCC remain unclear. 
 

In this study, the complex regulatory mechanisms and 

heterogeneous expression patterns of ribosome biogenesis 

in HCC were comprehensively elucidated by integrating 

bulk and single-cell transcriptomic datasets. We also 

validated this RBRG-based prognostic model using 

independent cohorts. Our findings provide new theoretical 

foundations and potential therapeutic targets for the precise 

treatment of HCC, with significant clinical implications for 

advancing personalized HCC therapy. 
 

MATERIALS AND METHODS 
 

Microarray data and data preprocessing 

Bulk RNA-seq data of The Cancer Genome Atlas (TCGA)-

LIHC and associated clinical information from 375 HCC 

samples and 50 normal samples were obtained from TCGA 

database and used as the training dataset in the current 

study. In addition, three bulk RNA datasets, the 

International Cancer Genome Consortium (ICGC, 243 

HCC samples), GSE14520 (Wu  et al., 2023) (225 HCC 

and 220 normal samples) and GSE76427 (Grinchuk  et al., 

2018) (115 HCC and 52 normal samples), were used for 

the external validation analysis. The scRNA dataset 

GSE149614 (Li  et al., 2024), including 10 HCC and 9 

normal samples, was used for single-cell analysis. 
  

For the transcriptomic data derived from TCGA, we 

applied the variance stabilizing transformation method 

using DESeq2::vst, followed by data normalization to 

reduce heterogeneity. For the Gene Expression Omnibus 

(GEO) database, the raw data were downloaded using the 

GEOquery package, and the sample information was 

obtained via the pData function. Data correction was 

implemented using the normalize Between Arrays function 

from the limma package. If the maximum value of the data 

exceeded 100, log2 transformation (log2[exp + 1]) was 

applied. 
  

Differential expression analysis 

Based on the article published by Zang et al., 331 genes 

involved in the regulation of ribosome biogenesis were 

identified as RBRGs (Zang  et al., 2024). The expression 

levels of these RBRGs were quantified into a gene set 

variation analysis (GSVA) score for each sample using 

ssGSEA methodology to assess the involvement of 

ribosome biogenesis. The differentially expressed genes 

(DEGs) between HCC and normal samples were explored 

using the DESeq2 package in R (Love  et al., 2014) with 

the default dispersion estimation approach (blind method) 

to ensure robustness of the analysis. Genes exhibiting a 

Benjamini-Hochberg-corrected P value below 0.05 

coupled with an absolute log2fold change (FC) exceeding 

1 were identified as DEGs. The intersection between the 

DEGs and RBRGs was defined as differentially expressed 

RBRGs (DE-RBRGs). 
 

Enrichment and protein-protein interaction (PPI) 

analyses 

Gene Ontology (GO) function and Kyoto Encyclopedia of 

Genes and Genomes (KEGG) pathway enrichment 

analyses were performed on DE-RBRGs using the 

clusterProfiler package in R (Rosell-Díaz  et al., 2024). The 

GO functions included biological processes (BPs), cellular 

components (CCs) and molecular functions (MFs). Results 

with P < 0.05 were considered statistically significant. 
  

According to the STRING database (version: 11.0) 

(Szklarczyk  et al., 2016), the PPI pairs among DE-RBRGs 

were predicted with a score > 0.9. The molecular 

interaction network was then visualized using Cytoscape 

platform (version: 3.7.1) (Wu  et al., 2021). 
 

Prognostic genes analysis 

Univariate Cox regression was applied to DE-RBRGs to 

identify prognostic genes using the survival package in the 

R software (Liu  et al., 2021a). In addition, a PPI network 

was constructed based on these prognostic genes using 

Gene MANIA (Warde-Farley  et al., 2010), followed by 

functional prediction of core genes within the PPI network. 
  

Prognostic model construction and validation 

Based on the prognostic DE-RBRGs, we employed the 

ML.Dev.Prog.Sig function from the Mime1 package to 

train and validate the prognostic model in TCGA, ICGC 

and GSE14520 datasets. This methodology, originally 

developed by Liu et al. (Liu  et al., 2024), integrates 101 

machine learning algorithms, including both individual and 

ensemble models. It employs ten-fold cross-validation to 

fit these 101 predictive models and calculates the 

concordance index (C-index) for both training and 

validation sets, thereby identifying the optimal strategy for 

constructing a prognostic model. Subsequently, a DE-

RBRG-based prognostic model was developed by 

assigning risk scores to each sample. The study population 

was then stratified into two subgroups according to their 

risk scores, using the median value as the cutoff point for 

each dataset. Kaplan-Meier (KM) curves were generated 

using the R survminer toolkit package to assess survival 

differences between these subgroups. Receiver operating 

characteristic (ROC) curves were constructed using the 

timeROC v0.4 package (Yu  et al., 2023a) to evaluate the 

model's predictive specificity and sensitivity. Furthermore, 

a univariate meta-analysis was performed using the 

meta_unicox_vis function in the Mime1 package to test the 

effect of the prognostic model on HCC prognosis. Finally, 

the expression patterns and survival relevance of all the 

prognostic genes were validated in two independent 

external cohorts: GSE14520 and GSE76427. 
  

Immune landscape and drug sensitivity analyses 

To characterize the tumor immune microenvironment, we 

employed the single-sample gene set enrichment analysis 
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(ssGSEA) methodology (Xiao  et al., 2020) to quantify 

infiltration levels of 28 immune cell subsets across 

different risk groups. Relationships between the prognostic 

genes and immune cell infiltration were determined using 

Spearman’s correlation analysis. Additionally, we 

evaluated potential differences in immune evasion capacity 

between the risk groups by calculating tumor immune 

dysfunction and exclusion (TIDE) scores for individual 

cases. The expression variations of multiple immune 

checkpoint molecules, including CD274, PDCD1 and 

CTLA4, across the risk groups were also examined. 

Genomic instability was quantified by calculating tumor 

mutation burden values from TCGA mutation profiles 

using Maftools software (version: 2.18.0) and visualized 

using a waterfall plot. Correlations between the prognostic 

genes and drug sensitivity were predicted using the 

GSCALite database. 
  

Single-cell data preprocessing 

Data pre-processing was performed based on the 

GSE149614 dataset. Briefly, quality control (QC) was 

performed using the PercentageFeatureSet, VlnPlot and 

FeatureScatter functions in the R. Seurat package to filter 

high-quality cells. The QC criteria were as follows: 

nFeature_RNA between 200 and 8,000, nCount_RNA 

between 200 and 50,000 and percent.mt (mitochondrial 

gene percentage) < 15%. Subsequently, the data were log-

normalized using the NormalizeData function and scaled 

to 10,000 UMIs per cell. Batch effect correction was 

performed using the RunHarmony function in the R. 

harmony package. Next, 2000 highly variable genes were 

identified using the vst method for principal component 

analysis (PCA). The top 30 principal components were 

selected for further analysis. Finally, the FindNeighbors 

and Find Clusters algorithms (resolution = 0.5) from the 

Seurat package in R (version: 4.4.0) were used to cluster 

cells, followed by Uniform Manifold Approximation and 

Projection (UMAP) non-linear dimension reduction. 
 

Cell annotation analysis 

According to the cell types identified through clustering 

analysis, the FindAllMarkers function in the Seurat 

package was used to identify the hub genes for each cell 

type with cut-off values of adj.P < 0.05 and |log2FC| > 0.5. 

The clustering-derived cell types were further annotated 

using the SingleR package in R (version: 2.4.1) (Aran  et 

al., 2019) and the CellMarker database. The annotated cell 

populations were visualized using UMAP projections. A 

bubble plot was generated to illustrate the expression 

patterns of hub genes across annotated cell types. 
  

Key cell identification 

This study employed the PercentageFeatureSet function in 

the Seurat package to integrate the expression of RBRGs, 

thereby calculating the proportion of ribosomal synthesis 

genes expressed in individual cells. This approach 

facilitates the quantitative assessment of ribosomal gene 

expression relative to total cellular gene expression. The 

resulting expression proportions were then compared 

between different cell clusters, with a particular focus on 

evaluating the differential expression patterns between 

cancerous and adjacent non-cancerous tissues. Cells 

exhibiting a trend in ribosomal gene activity consistent 

with their transcriptomic profiles were selected as key cells 

for further analysis. 
  

Statistical analysis 

Statistical analyses were conducted in the R software 

(version: 4.3.3). Data distributions guided the selection of 

comparative methods: Wilcoxon rank-sum tests for non-

normal distributions and Student's t-tests for normally 

distributed variables. Results achieving P values below 

0.05 were considered statistically significant. 
 

RESULTS 
 

DE-RBRGs investigation 

Using ssGSEA methodology, this study quantified the 

expression levels of 331 RBRGs using a GSVA score for 

each sample in TCGA dataset. Notably, hepatic tumor 

specimens exhibited markedly elevated GSVA scores 

compared to non-malignant tissues, indicating an 

important role for ribosomal synthesis in the development 

of HCC (Fig. 1A). Differential expression analysis 

identified 88 DE-RBRGs 76 up-regulated and 12 down-

regulated genes) between HCC and normal samples (Fig. 

1B). The heatmap analysis showed that all these genes 

could be distinctly separated by tissue type (Fig. 1C). 

Functional enrichment analysis showed that these DE-

RBRGs mainly participated in GO functions such as 

ribosome biogenesis (BP, GO:0042254), peribosomes 

(CC, GO:0030684) and structural constituent of ribosome 

(MF, GO:0003735) (Fig. 1D). Pathway analysis further 

highlighted their involvement in ribosomal processes 

(hsa03010) (Fig. 1E). Molecular interactions among these 

DE-RBRGs were subsequently visualized using PPI 

analysis (Fig. 1F). The resulting network was comprised of 

57 nodes (genes) and 440 interactions, with bystin like 

(BYSL), Ribosomal Protein S7 (RPS7) and Ribosomal 

Protein S16 (RPS16) emerging as potential core proteins 

owing to their high degrees of connectivity. 
  

Screening of prognostic DE-RBRGs to construct a 

predictive model  

The Cox regression analysis identified that a total of 12 

DE-RBRGs including Interferon Stimulated Exonuclease 

Gene 20 Like 2 (ISG20L2), Drosha Ribonuclease III 

(DROSHA), TCOF1, Nucleophosmin 1 (NPM1), Dyskerin 

Pseudouridine Synthase 1 (DKC1), Protein Kinase, DNA-

Activated, Catalytic Subunit (PRKDC), DDB1 And CUL4 

Associated Factor 13 (DCAF13), RNA Terminal 

Phosphate Cyclase Like 1 (RCL1), Ribosomal RNA 

Processing 12 Homolog (RRP12), DEAD/H-Box Helicase 

11 (DDX11), Ras-Related Nuclear Protein (RAN) and 

NOP56 Ribonucleoprotein (NOP56) were closely 

associated with the prognosis of HCC, which were 

considered as prognostic genes in the current study (Fig. 
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2A). The interaction analysis using GeneMANIA showed 

that these prognostic genes were mainly assembled as 

functions of ribosome biogenesis and co-expression 

networks (Fig. 2B). We then evaluated 101 machine 

learning algorithms to identify the optimal strategy for 

constructing a prognostic model. The combination of 

StepCox [forward] + SuperPC demonstrated the best 

performance, achieving the highest average C-index of 

0.66, 0.72 and 0.61 in TCGA, ICGC and GSE14520 

datasets, respectively (Fig. 2C). Using the median risk 

score as a cutoff value, we stratified the samples into two 

risk groups. KM analysis in the training cohort revealed 

that patients in the high-risk group had significantly 

reduced survival compared to those in the low-risk group, 

a finding that was consistent with the results from the two 

validation datasets (Fig. 2D). Time-dependent ROC 

analysis demonstrated robust predictive accuracy, with 

area under the curve values of 0.723, 0.673 and 0.670 at the 

one-, three- and five-year intervals, respectively (Fig. 2E). 

Consistent predictive accuracy was observed in both the 

GSE14520 and ICGC datasets, further supporting the 

potential of this model for predicting HCC prognosis (Fig. 

2E). In addition, meta-analysis was conducted on the 

training and validation datasets using univariate Cox 

regression (Fig. 2F). The results showed that current risk 

model was a risk factor for HCC either with random 

(hazard ratio [HR] = 2.26, 95% confidence interval [CI]: 

1.75-2.92, P < 0.001) or fixed (HR = 2.26, 95% CI: 1.75-

2.92, P < 0.001) effect models. 
  

Prognostic model evaluation 

Validation of these 12 prognostic genes showed that their 

expression trends of these prognostic genes in the training 

dataset were basically consistent with those in the two 

validation datasets (GSE14520 and GSE76427). 

Specifically, RCL1 was down-regulated in the HCC 

samples, whereas ISG20L2, DROSHA, TCOF1, NPM1, 

DKC1, PRKDC, RAN and NOP56 were up-regulated (Fig. 

3A). Survival analysis of these 12 prognostic genes 

indicated that DKC1 expression was not significantly 

associated with HCC prognosis. In contrast, low 

expression of RCL1 correlated with a poor prognosis of 

HCC, whereas high expression of the remaining 10 genes 

was associated with worse clinical outcomes (Fig. 3B). 
  

Immune landscape and drug sensitive analyses 

With a significance threshold of P < 0.05, a total of eight 

immune cell types were differentially infiltrated between 

the two risk groups (Fig. 4A). Specifically, the infiltration 

levels of CD4 T cells, activated dendritic cells, natural 

killer T cells and T follicular helper cells in the low-risk 

group were dramatically lower than those in the high-risk 

group (P < 0.001). Conversely, effector memory CD8 T 

cells, eosinophils, natural killer cells and Type 1 helper 

cells showed significantly higher infiltration abundances in 

the low-risk group relative to the high-risk group (P < 

0.001). The correlations between immune cells and the 12 

prognostic genes are shown in Fig. 4B. Notably, the 

infiltration level of activated CD4 T cells was positively 

correlated with the expression of most prognostic genes, 

except for RCL1. In contrast, eosinophilic infiltration was 

negatively correlated with these prognostic genes, except 

for RCL1. TIDE metric evaluation revealed distinct 

immune evasion patterns between the risk groups (Fig. 

4C). Patients in the low-risk group demonstrated reduced 

TIDE indices, indicating a greater likelihood of benefitting 

from immunotherapy. Immune checkpoint analysis 

revealed elevated expression of multiple checkpoint 

molecules in high-risk patients compared with their low-

risk counterparts (Fig. 4D). Genomic analysis identified 

characteristic mutation profiles of the top 20 most 

frequently mutated genes in each risk group, as illustrated 

in figs. 4E. The result showed that CTNNB1 and TP53 

mutations had the highest frequencies in the low- and high-

risk groups, respectively (Fig. 4E). Finally, drug sensitivity 

analysis showed that the up-regulation of almost all 

prognostic genes influenced patient responsiveness to 

targeted drugs such as Gefitinib and RDEA119 (Fig. 4F). 
 

Single-cell investigation 

Single-cell data from the GSE149614 dataset were initially 

preprocessed for QC. Consequently, a total of 25,479 genes 

and 60,504 cells were retained for subsequent analysis (Fig. 

S1A-B). Highly variable gene analysis revealed the top 10 

most variable genes, including Immunoglobulin Alpha 1 

(IGHA1), Tryptase Alpha/Beta 1 (TPSAB1) and C-C Motif 

Chemokine Ligand 26 (CCL26) (Fig. S1C). Then, PCA 

revealed a uniform sample distribution along the two 

principal components (PCs), with no evident batch effects 

or outliers, indicating minimal variation between samples, 

minimal intersample variation and high data 

reproducibility (Fig. 5A). Linear dimensionality reduction 

analysis demonstrated a turning point (“elbow”) in PC 30, 

indicating that the top 30 PCs captured the majority of 

biological variation (Fig. 5B). These 30 PCs were used for 

cell clustering based on the UMAP nonlinear 

dimensionality reduction, which resolved 23 distinct cell 

clusters (Fig. 5C). Following, a total of nine cell types were 

annotated as follows: NK cells, T cells, B cells, fibroblasts, 

macrophages, endothelial cells, proliferative cells, 

hepatocytes and plasma cells (Fig. 5D). The expression 

patterns of marker genes in different cell types are shown 

in Fig. 5E. Notably, Albumin (ALB) and Transthyretin 

(TTR) were highly expressed in the hepatocytes. 

Comparative cellular profiling demonstrated distinct 

compositional variations in hepatocytes, T cells, NK cells, 

B cells and proliferative cells between malignant tissues 

and the surrounding non-tumor specimens (Fig. 5F). 
 

Key cell investigation 

This study further calculated the ribosomal scores for 

individual cells based on the expression of RBRGs. 

Comparative analysis revealed significant differences in 

ribosomal scores between HCC and normal tissues across 

all annotated cell types, except for fibroblasts (Fig. 6A).  
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Fig. 1: The investigation for differentially expressed (DE) ribosome biogenesis-related genes (RBRGs).  
(A) The difference in GSVA score between hepatocellular carcinoma (HCC) and normal groups based on expression profiles of 

RBRGs. ***P < 0.001; (B) The volcano plot showed the DE-RBRGs between HCC and normal samples; (C) The heatmap analysis 

showing expression pattern difference of DE-RBRGs between HCC and normal samples; (D-E) The significant GO functions (D) and 

KEGG pathways (E) enriched by DE-RBRGs; (F) The protein-protein interaction (PPI) network constructed by DE-RBRGs. 
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After integrating the differences in cell distribution and 

single-cell ribosomal scores between HCC and normal 

samples, we selected hepatocytes as the key cells for 

subsequent analysis (Fig. 6B). Moreover, the enrichment 

analysis performed on key cells showed that hepatocytes 

were primarily associated with up-regulated mTORC1 

signaling and down-regulated TNF-α/NF-κB signaling 

pathways (Fig. 6C). The expression of prognostic genes in 

the hepatocytes is shown in Fig. 6D. The results 

demonstrated that the prognostic genes, NPM1 and RAN, 

were highly expressed in hepatocytes. 

DISCUSSION 
 

Although ribosome biogenesis mechanisms are well-

established to be critically involved in the initiation and 

progression of human malignancies (Elhamamsy  et al., 

2022), the specific role and prognostic significance of 

RBRG in HCC remain poorly understood. In this study, a 

comprehensive analysis of single-cell and bulk RNA 

sequencing data identified 12 RBRGs (ISG20L2, 

DROSHA, TCOF1, NPM1, DKC1, PRKDC, DCAF13, 

RCL1, RRP12, DDX11, RAN and NOP56) significantly 

associated with HCC prognosis.  

 
 

Fig. 2: Screening of prognostically differentially expressed (DE) ribosome biogenesis-related genes (RBRGs) to 

construct a predictive model.  
(A) The forest plot showed the result of univariate Cox regression analysis, revealing 12 DE-RBRGs with prognostic values in 

hepatocellular carcinoma (HCC); (B) The interaction network analysis on 12 prognostic genes using GeneMANIA analysis; (C) The 

selection of optimal approach from 101 advanced machine learning algorithms to construct a predictive model; (D) KM survival 

analysis for current prognostic model constructed by 12 prognostic genes in training (TCGA: left panel) and validation (ICGC: middle 

panel; GSE14520: right panel) datasets; (E) The ROC analysis in both training (TCGA: left panel) and validation (GSE14520: middle 

panel; ICGC: right panel) datasets; (F) The meta-analysis revealed the relations between the prognostic model and HCC prognosis. 
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The prognostic model developed from these 12 RBRGs 

could predict prognostic risks of HCC. Moreover, 

hepatocytes may contribute to HCC pathogenesis through 

the upregulation of key prognostic genes (NPM1 and 

RAN). 

 

The identification of RBRGs as prognostic biomarkers in 

HCC has significant clinical implications, because their 

aberrant regulation is closely linked to the pathogenesis of 

multiple malignancies (Yang  et al., 2023). Nucleolar 

morphological alterations may enhance ribosome 

biogenesis and protein translation, thereby promoting 

cancer aggressiveness through increased cell proliferation, 

migration and invasion (Saffarian  et al., 2025). Among the 

12 prognostic genes identified in our study, NPM1 is a 

multifunctional nucleolar protein that plays crucial roles in 

cell proliferation, genome stability and cell cycle 

regulation (Falini, 2023). In HCC, aberrant expression and 

localization of NPM1 have been proven to be closely 

associated with tumor progression, prognosis and 

chemotherapeutic resistance (Zhang  et al., 2022). RAN, a 

member of the RAS oncogene family, is also 

overexpressed in HCC and is closely associated with a poor 

prognosis (Elsalahaty  et al., 2023). RRP12 plays a role in 

the processing of ribosomal RNA and affects the 

occurrence and progression of liver cancer by modulating 

protein synthesis and cell cycle regulation (Wei  et al., 

2022). Consistent with these findings, our study revealed 

that all 12 identified RBRGs exhibited significant 

prognostic values in HCC risk stratification. Among these, 

NPM1, RAN and RRP12 have been identified as risk factors 

for HCC. Moreover, these 12 RBRGs were mainly 

assembled for functions such as ribosome biogenesis. A 

similar HCC prognostic model was established by 

Grinchuk et al., who identified a ribosome-associated 

molecular signature that predicts clinical outcomes in 

surgically treatable hepatic carcinoma (Grinchuk  et al., 

2018). However, our study advances this field through 

integrative analysis of bulk RNA and single-cell 

sequencing data, providing novel insights into how nuclear 

ribosome biogenesis cooperates with the immune 

microenvironment to drive HCC progression. Therefore, 

the clinical application of this model could provide more 

personalized prognostic assessment for patients with HCC. 

  

The immune microenvironment has been demonstrated to 

play a critical role in cancer progression (Yang  et al., 

2023). In this study, the CD4+ T cells were highly 

infiltrated in HCC samples and positively correlated with 

RAN, DDX11, TCOF1, and NOP56, but negatively 

correlated with RCL1, suggesting a potential involvement 

of these genes in the tumor immune microenvironment.  

 
 

Fig. 3: Validating the expression pattern and survival relevance of 12 prognostic genes.  
(A) The expression validation of 12 prognostic genes in TCGA, GSE14520, and GSE76427 datasets; (B) The survival analysis for 12 

prognostic genes. 
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A previous study has highlighted the significant role of 

RAN in immune cell regulation, particularly during T cell 

activation (Che  et al., 2021). The observed positive 

association between RAN and activated CD4 T cells in our 

study may imply its contribution to tumor immune 

responses, potentially influencing tumor immune evasion 

by modulating T cell activation and function. TCOF1 

coordinates oncogenic activation and rRNA production 

and promotes tumorigenesis in HCC (Wu  et al., 2022). 

Interestingly, TCOF1 expression was significantly 

correlated with CD4+ T cells in 16 cancer types including 

HCC (Gu  et al., 2022).  

 

 
Fig. 4: Immune landscape, tumor mutation burden, and drug sensitivity investigation based on tumor samples between 

high-risk and low-risk groups.  
(A) immune infiltration analysis revealing significant differential proportions of eight types of immune cells between risk groups; (B) 

Correlations between infiltrating immune cells and expression of prognostic genes; (C) Differences in TIDE scores between the two 

risk groups; (D) The expression differences of immune checkpoints between high-risk and low-risk groups; (E) Gene mutation analysis 

in high-risk and low-risk groups; (F) Correlations between prognostic genes and drug sensitivity in two risk groups. *P < 0.05; **P < 

0.01; ***P < 0.001; ****P < 0.0001.  
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Therefore, we speculate that TCOF1 may promote HCC 

tumorigenesis by activating the infiltration of CD4+ T cells 

through rRNA production. These findings provide new 

insights into the role of RBRGs in the immune 

microenvironment and highlight their potential as 

therapeutic targets for immunotherapy. 

Single-cell analysis in this study revealed key insights into 

the potential regulatory mechanisms of hepatocytes in 

HCC, with particular emphasis on the correlations between 

up-regulated NPM1 and RAN. Hepatocytes undergo 

dedifferentiation and acquire stem cell-like properties that 

contribute to tumor growth and metastasis (Liu  et al., 

2022).  

 
 

Fig. 5: Distribution of single cells in hepatocellular carcinoma (HCC) and normal samples.  
(A) The result of linear dimension reduction via Principal Component Analysis (PCA); (B) The top 30 principal components (PCs) 

captured the majority of biological variation in PCA; (C) The Uniform Manifold Approximation and Projection (UMAP) non-linear 

dimension reduction on all samples; (D) Distribution of nine annotated cell types; (E) The expression of marker genes in nine annotated 

cell types; (F) The distribution difference of annotated cells between HCC and normal samples. *P < 0.05; **P < 0.01. 
 



Anjing Zhao et al. 

Pak. J. Pharm. Sci., Vol.39, No.7, July 2026, pp.1964-1976 1973 

The dysregulation of ribosomal gene expression in 

hepatocytes further supports the idea that increased 

ribosome biogenesis is essential for the rapid proliferation 

characteristic of cancer cells (Yang  et al., 2023). NPM1, a 

nucleolar protein involved in RNA synthesis and cell cycle 

regulation, exhibits elevated expression in hepatocytes, 

which is consistent with its association with poor prognosis 

in HCC and other malignancies (Liu  et al., 2012). A 

previous study highlighted the role of NPM1 in promoting 

tumor cell proliferation. Furthermore, targeting NPM1 

inhibited proliferation and induced apoptosis in hepatic 

progenitor cells by suppressing the mTOR signaling 

pathway (Wang  et al., 2024a). In HCC, up-regulated 

mTORC1 may contribute to tumor growth and expansion, 

while the down-regulated coagulation pathway may reflect 

changes in the tumor microenvironment that promote 

metastasis and immune evasion (Yu  et al., 2023b). Our 

analysis revealed that hepatocytes were enriched in the 

mTORC1 signaling pathway, which supports cell growth 

and metabolism in HCC (Zhu  et al., 2022). Additionally, 

RAN translation is closely linked to ribosome synthesis 

(Neueder and Bates, 2018). Studies have shown that 

ribosome stalling and activation of the RQC pathway can 

suppress the formation of toxic RAN products (Tseng  et 

al., 2024). RAN serves as a reliable biomarker for HCC 

and, along with other prognostic genes, functions as a 

classifier to predict HCC prognosis (Nault  et al., 2013, Hai  

et al., 2024). Notably, RAN expression is suppressed by 

PI3K/mTOR inhibitors (Wang  et al., 2025), suggesting 

coordinated expression between RAN and the mTOR 

pathway in HCC hepatocytes. Our single-cell analysis 

showed that two prognostic genes, NPM1 and RAN, were 

highly expressed in hepatocytes. In addition, key 

hepatocytes activate the mTORC1 signaling pathway. 

These findings collectively suggest that hepatocytes may 

play a pivotal role in HCC development through the 

regulation of NPM1 and RAN and the activation of the 

mTORC1 signaling pathway, providing new insights into 

the molecular mechanisms underlying HCC progression. 

 

This study has several limitations that should be 

acknowledge. First, although the reliability of the model 

across multiple cohorts was validated, the relatively limited 

sample size may constrain the generalizability of our 

findings. Second, although single-cell analysis revealed the 

heterogeneity of hepatocytes, an in-depth mechanistic 

exploration of hepatocyte function and immune responses 

remains to be fully elucidated. Thirdly, the expression 

 
 

Fig. 6: The key cell investigation.  
(A) differences in ribosome scores of annotated cells between groups. ****P < 0.0001; (B) The distribution differences of annotated 

cells between HCC and normal groups; (C) The enrichment analysis for key cell hepatocytes; (D) The expression of prognostic genes 

in the hepatocytes. 
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patterns and prognostic correlations of these RBRGs lack 

robust experimental and clinical evidences. Future studies 

should use independent clinical cohorts and experimental 

methodologies to further validate these findings. 

Additionally, exploring combinatory strategies that target 

ribosome synthesis pathways in conjunction with 

immunotherapy may facilitate the development of 

personalized treatment options for patients with HCC. 

 

CONCLUSION 

 

In summary, this study highlights the significance of a 12-

RBRG-based prognostic model for HCC and identifies 

promising biomarkers for potential therapeutic 

applications. Moreover, hepatocytes may contribute to 

HCC progression by up-regulating NPM1 and RAN and 

activating the mTORC1 signaling pathway.  
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