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A B S T R A C T

Background & aims: Ribosomal protein L8 (RPL8) is up-regulated in hepatocellular carcinoma (HCC), yet its 
clinical value and microenvironment role remain unclear.
Methods: Multi-omics (TCGA, CPTAC), scRNA-seq (GSE146115) and spatial transcriptomics were integrated; 
function was tested by RPL8 knockdown, proliferation/migration assays and drug-sensitivity screens.
Results: RPL8 mRNA/protein were markedly elevated (p < 0.001) with AUC 0.95 for diagnosis. High RPL8 
independently predicted shorter overall (HR 1.42) and disease-specific survival (HR 1.35). Mechanistically, RPL8 
co-activated MYC/G2M signaling, rewired glutathione metabolism and correlated with cell-cycle/DNA-repair 
scores (p < 0.001). scRNA-seq showed selective RPL8 enrichment in malignant hepatocytes and exhausted 
CD8+ T cells; spatial maps revealed tumor-confined expression inversely linked to immune infiltration (p < 0.01). 
Silencing RPL8 suppressed proliferation, migration and glutathione synthesis (p < 0.001), while sensitizing cells 
to sirolimus and sclareol (p < 0.05).
Conclusions: RPL8 drives HCC progression and immune evasion, qualifying it as a diagnostic biomarker and 
therapeutic target.

Introduction

HCC represents a significant global health burden, comprising 80–90 
% of primary liver cancers and ranking as the fourth leading cause of 
cancer-related mortality worldwide [1]. The disease's high morbidity 
and mortality rates stem from its complex multifactorial etiology, which 
includes chronic hepatitis B (HBV) and C (HCV) infections, aflatoxin 
exposure, alcohol abuse, and metabolic dysfunction-associated steato
hepatitis (MASH) [2–6]. Despite improved surveillance strategies, 
approximately 70 % of cases are diagnosed at advanced stages when 
curative interventions become unavailable [7]. A persistent diagnostic 
dilemma remains the lack of reliable biomarkers, as current 
gold-standard markers such as α-fetoprotein (AFP) demonstrate subop
timal performance in clinical practice [8,9]. This critical diagnostic gap 
highlights the urgent need for novel molecular markers with improved 

accuracy for early detection and prognostic evaluation in HCC 
management.

Ribosomal proteins (RPs) are essential not only for protein synthesis 
but also for regulating diverse cellular processes, including transcrip
tion, apoptosis, and DNA repair [10]. Among them, ribosomal protein L8 
(RPL8), a core component of the 60S ribosomal subunit, has emerged as 
a multifunctional regulator with both canonical and extraribosomal 
roles. Structurally, RPL8 contributes to ribosome assembly and stability 
[11]. Functionally, it modulates key oncogenic pathways, including 
mTORC1 signaling and selective mRNA translation [12,13]. Notably, 
RPL8 is frequently dysregulated in cancers such as osteosarcoma [14] 
and hepatocellular carcinoma [15], where it promotes tumor progres
sion through enhanced protein synthesis and apoptosis evasion. These 
findings highlight RPL8 as a critical player in oncogenesis, bridging 
ribosome biology with cancer-specific regulatory mechanisms.
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In recent years, the therapeutic paradigm for advanced HCC has 
evolved from single-agent tyrosine kinase inhibitors to combination 
regimens incorporating immune checkpoint inhibitors, which have 
improved patient survival [16,17]. Nonetheless, primary and acquired 
resistance to these therapies remains a major clinical obstacle [18]. This 
persistent challenge, coupled with the diagnostic limitations of current 
biomarkers, underscores the urgent need to identify novel molecular 
targets that are not only prognostically informative but also functionally 
implicated in therapy response.

Despite recent advances, our understanding of the expression land
scape, prognostic value, and mechanistic roles of RPL8 in HCC remains 
fragmentary. To fill these gaps, we leveraged single-cell and spatial 
transcriptomics to map RPL8 across proliferative and transcriptomic 
states within the HCC tumor cycle and to delineate its spatial topog
raphy. By elucidating the oncogenic circuitry governed by RPL8, this 
study aims to generate actionable insights for the identification of robust 
clinical biomarkers and the development of HCC-specific targeted 
therapies, as outlined in Fig. 1.

Materials and methods

Data sources and preprocessing

RNA-seq (TPM) data from the TCGA-Liver Hepatocellular Carcinoma 
(TCGA-LIHC) cohort were obtained from the NCI Genomic Data Com
mons portal (https://portal.gdc.cancer.gov). Expression microarray or 
RNA-seq datasets GSE146115, GSE112790, GSE10141, GSE104580, 
GSE109211, GSE113996, GSE116174, GSE144269, GSE14520, 
GSE39791, GSE54236, and GSE76427 were downloaded from the NCBI 
Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo). 
The E-TABM-36 series was retrieved from ArrayExpress (https://www. 
ebi.ac.uk/arrayexpress/experiments/E-TABM-36), and the ICGC-LIRI 
cohort from the International Cancer Genome Consortium (https:// 
dcc.icgc.org/projects/LIRI-JP). All datasets are accompanied by 
comprehensive clinical annotations for HCC patients.

Pan-cancer expression profiling

Gene expression analysis was performed using the standardized 
TCGA PanCanAtlas dataset (EBPlusPlusAdjustPANCAN_IlluminaHi
Seq_RNASeqV2.geneExp.tsv). Expression values underwent Z-score 
normalization, followed by systematic exclusion of outliers (|Z-score| >
3) to ensure data quality. To maintain analytical robustness, we 
restricted our analysis to cancer types containing at least three matched 
normal-tumor pairs. Differential expression between malignant and 
adjacent normal tissues in gastrointestinal cancers was statistically 

assessed using the non-parametric Wilcoxon rank-sum test.
Protein expression profiles were acquired from the Clinical Proteo

mic Tumor Analysis Consortium (CPTAC) database. Prior to analysis, 
proteins with missing values were filtered out, and samples were cate
gorized into tumor and normal groups based on established clinical 
annotations. Comparative analysis between groups was conducted using 
Wilcoxon rank-sum tests, with results visualized through box plots 
depicting median values, interquartile ranges, and outlier distributions.

Furthermore, we employed the pROC package in R to conduct 
receiver operating characteristic (ROC) curve analysis. Diagnostic per
formance was quantified by calculating the area under the curve (AUC) 
with 95 % confidence intervals (CIs), with the following interpretive 
thresholds: AUC > 0.7 (moderate discriminatory power), > 0.8 (good), 
and > 0.9 (excellent).

Prognostic analysis of RPL8 in hepatocellular carcinoma

We employed a multistage survival analysis approach to systemati
cally evaluate the prognostic significance of RPL8 in hepatocellular 
carcinoma. The analysis pipeline consisted of the following steps:

First, the optimal cutoff value for RPL8 gene expression stratification 
was determined using the survminer package (version 0.4.9), with the 
constraint that each expression group (high vs. low) contained at least 
30 % of the total samples. Survival outcomes between these predefined 
groups were then compared using Kaplan-Meier survival analysis, with 
statistical significance assessed by the log-rank test (significance 
threshold set at p < 0.05).

Subsequently, we performed univariate Cox proportional hazards 
regression to quantify the association between RPL8 expression levels 
and patient prognosis. To enhance the robustness of our findings, we 
conducted a meta-analysis of multicenter datasets using the meta 
package (v5.2–0), implementing a random-effects model to calculate 
pooled hazard ratios (HRs) with corresponding 95 % confidence in
tervals (CIs). Study heterogeneity was evaluated using the I² statistic, 
with I² > 50 % considered indicative of substantial heterogeneity.

Finally, we constructed a multivariable Cox regression model to 
adjust for potential confounding factors, incorporating RPL8 expression 
levels along with key clinicopathological variables including age, 
gender, and TNM stage. All statistical analyses were performed using R 
software (version 4.2.0; R Foundation for Statistical Computing), with 
results visualized using the forestplotter package (version 0.2.0).

Differential expression analysis, gene set enrichment analysis, and 
functional state assessment

Samples were stratified into RPL8 high-expression (top 30 %) and 

Fig. 1. Graphical abstract.
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low-expression (bottom 30 %) cohorts based on mRNA expression 
levels. Differential gene expression analysis was performed using the 
limma package (v3.56.2) in R (v4.3.1), employing empirical Bayes 
moderation to calculate log2 fold changes (log2FC) with corresponding 
adjusted p-values (FDR < 0.05). Genes were subsequently ranked by 
their log2FC values for downstream analyses.

Gene set enrichment analysis was conducted using clusterProfiler 
(v4.8.1) on both Hallmark gene sets (MSigDB v7.5.1) and KEGG meta
bolic pathways. The analysis generated normalized enrichment scores 
(NES) with statistical significance determined by Benjamini-Hochberg 
false discovery rate correction (FDR < 0.05). Metabolic pathway activ
ity was further evaluated using the GSVA package with z-score trans
formation, and differential pathway activity between expression groups 
was assessed via limma.

To characterize the functional state of tumors, we analyzed 14 
cancer-related functional signatures in CancerSEA using z-scores 
derived from GSVA and applied Lee et al.'s algorithm. The resulting 
scores were standardized (mean = 0, standard deviation = 1) to generate 
comparable functional state indicators. Finally, we analyzed the Pearson 
correlation between individual gene expression levels and functional 
state scores in the GSE112790 dataset.

Single-cell RNA-seq data processing

Through the Tumor Immune Single-cell Hub 2 (TISCH2), we 
accessed the GSE146115 hepatocellular carcinoma dataset and pro
cessed it with the MAESTRO pipeline to resolve RPL8 expression at 
single-cell resolution. After nonlinear dimensionality reduction via 
UMAP, cells were classified into malignant, stromal, and immune sub
sets, and RPL8 transcript levels were quantified within each compart
ment to delineate their cell-type-specific distribution.

Spatial transcriptomics analysis

We performed spatial transcriptomic profiling of liver cancer tissues 
using the Sparkle database (https://www.grswsci.top), a comprehensive 
pan-cancer spatial transcriptomics atlas integrating 10x Visium 
sequencing data [19,20]. Raw gene expression data were normalized 
using the NormalizeData function from the Seurat package. Spatial 
distribution patterns of gene expression and cell types were visualized 
through the SpatialFeaturePlot and SpatialPlot functions, respectively. 
To examine spatial relationships, we conducted Spearman correlation 
analysis between cellular composition and gene expression profiles, 
with results visualized using the linkET package. Tissue regions were 
classified based on malignant cell proportions: pure malignant (100 %), 
mixed (0–100 %), and normal (0 %) regions. For samples with limited 
spatial spots (< 30), we implemented a refined classification system 
(high-malignancy > 50 %, low-malignancy 0–50 %, normal 0 %) or a 
binary classification (malignant > 0 % vs non-malignant 0 %) when 
necessary. Differential gene expression analysis between regions was 
performed using Wilcoxon rank-sum tests, with results presented in bar 
plots to illustrate spatial expression characteristics.

Small molecule compound sensitivity analysis

To investigate potential therapeutic compounds targeting our gene 
of interest, we conducted comprehensive drug sensitivity analyses 
across multiple pharmacogenomic databases. Using Spearman correla
tion, we evaluated the association between gene expression levels and 
drug response metrics, including: 1) dose-response curve area under the 
curve (AUC) values from the CTRP and PRISM databases, and 2) half- 
maximal inhibitory concentration (IC50) values from the GDSC1 and 
GDSC2 databases.

Generation of RPL8-knockdown stable cell lines

To establish stable RPL8-knockdown HUH7 hepatocellular carci
noma cell lines, we employed the Lipofectamine™ 3000 transfection 
system. Briefly, cells were plated in six-well plates and transfected with 
5 μg of human shRPL8 plasmid using the manufacturer's recommended 
protocol. Following a 10–15 min incubation at room temperature to 
allow complex formation, the DNA-Lipofectamine mixture was added to 
cultured cells. After 48–96 h post-transfection, cells were subjected to 
selection with 2 μg/mL puromycin-containing complete medium for 3–5 
days until complete death of non-transfected control cells was observed. 
The resulting puromycin-resistant polyclonal populations were 
expanded and cryopreserved for subsequent functional assays. Suc
cessful knockdown was verified by qPCR and western blot analysis prior 
to experimental use.

Cell culture and quantitative real-time PCR analysis

The human hepatocellular carcinoma cell line HUH7 (obtained from 
the Chinese Academy of Sciences Stem Cell Bank) was cultured in DMEM 
medium (Gibco, USA) supplemented with 10 % fetal bovine serum at 37 
◦C under 5 % CO₂. Total RNA was isolated using the HiPure Total RNA 
Mini Kit (Meiji Biotechnology, China) following the manufacturer's 
protocol, including cell lysis, ethanol precipitation, column purification, 
and elution. RNA quality and concentration were assessed using a 
Nanodrop 2000 spectrophotometer. Reverse transcription was per
formed with PrimeScript™ RT Premix (Takara, China), and RT-qPCR 
was carried out using TB Green® Premix Ex Taq™ II (Takara, China) 
on a LightCycler® 480 system (Roche, Switzerland). Gene-specific 
primers (ServiceBio) were used for amplification, and relative gene 
expression levels were calculated using the 2-ΔΔCT method. All experi
ments were performed in triplicate to ensure reproducibility.

Western blot analysis

Protein extraction was performed by lysing cells in RIPA buffer 
(Servicebio, China) containing protease inhibitor cocktail (Servicebio) 
on ice for 30 min. After centrifugation at 12,000 g for 15 min at 4 ◦C, 
protein concentrations were determined using a BCA protein assay kit 
(Servicebio). Equal amounts of protein were separated by 10 % SDS- 
PAGE and subsequently transferred to PVDF membranes (Millipore, 
USA). The membranes were blocked with 5 % non-fat milk (Servicebio) 
in TBST (Tris-buffered saline with 0.1 % Tween-20) for 1 h at room 
temperature, followed by overnight incubation at 4 ◦C with primary 
antibodies against RPL8 (1:10,000, Selleck, China) and HSP90 
(1:10,000, Proteintech, China; loading control). After three washes with 
TBST, membranes were incubated with HRP-conjugated secondary an
tibodies (1:20,000, Zen-Bio, China) for 1 h at room temperature. Protein 
bands were visualized using enhanced chemiluminescence (ECL) sub
strate (Biosharp, China) and quantified using ImageJ software.

Cell proliferation and migration assay

Cell proliferation was detected using the CCK-8 method (UElandy, 
China): 5 × 10³ cells were seeded into each well, and CCK-8 reagent was 
added at 0, 24, 48, and 72 h. After incubation for 2 h, the absorbance at 
450 nm was measured. For the scratch assay, scratches were made using 
a 200 μL pipette tip, and cells were cultured in serum-free medium for 
12–24 h. The migration width was analyzed using ImageJ.

Cell cycle analysis

Cells were harvested, washed once with ice-cold PBS, and resus
pended in 1 mL DNA Staining Solution containing 10 µL Permeabiliza
tion Solution (Multi Sciences, China). After 30 min incubation at room 
temperature in the dark, samples were analysed by flow cytometry . 
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Cell-cycle distributions were modelled and quantified with ModFit LT 
v5.0.

Glutathione (GSH) measurement

Total intracellular glutathione levels were determined using a com
mercial GSH assay kit (Nanjing Jiancheng Bioengineering Institute, 
China) according to the manufacturer's protocol. Following cell lysis and 
protein precipitation, GSH concentration was measured spectrophoto
metrically and normalized to total protein content.

Statistical analysis

GraphPad Prism 10.0 software was used to perform one-way analysis 

of variance and t-tests. p < 0.05 indicated a statistically significant dif
ference between the two groups.

Results

RPL8 is significantly overexpressed in hepatocellular carcinoma and 
demonstrates robust diagnostic potential

Integrated multi-omics analysis revealed that ribosomal protein 
RPL8 is markedly upregulated in HCC. TCGA transcriptomic data 
demonstrated that RPL8 mRNA levels were significantly elevated in HCC 
tissues compared to normal liver tissues (p < 0.0001; Fig. 2A). This 
finding was corroborated at the protein level by CPTAC pan-cancer 
analysis, which showed that RPL8 protein expression was consistently 

Fig. 2. Pan-cancer expression profile and diagnostic value of RPL8 in hepatocellular carcinoma.
(A) Comparative analysis of RPL8 mRNA expression levels across various cancer types and corresponding normal tissues from the TCGA database. (B) Protein 
expression patterns of RPL8 in pan-cancer analysis using CPTAC data. (C) Receiver operating characteristic (ROC) curves evaluating the diagnostic performance of 
RPL8 expression in discriminating tumor versus normal tissues (blue: TCGA-GTEx combined dataset; red: TCGA cohort). (D-E) ROC analysis demonstrating the 
diagnostic efficacy of RPL8 specifically for hepatocellular carcinoma in (D) TCGA-GTEx (AUC = 0.753, 95 % CI: [0.699 - 0.805]) and (E) TCGA datasets (AUC = 0.95, 
95 % CI: [0.931 - 0.967]).(*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns: not significant).
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higher in tumor tissues than in normal counterparts (p < 0.05; Fig. 2B).
To evaluate the diagnostic utility of RPL8, we performed receiver 

operating characteristic (ROC) curve analysis. Strikingly, RPL8 exhibi
ted exceptional discriminatory power in distinguishing HCC from 
normal tissue, with an AUC of 0.95(95 % CI: 0.931 - 0.967) in the 
combined TCGA-GTEx dataset and 0.753(95 % CI: 0.699 - 0.805) in the 
independent TCGA cohort (Fig. 2C-E).

RPL8 expression correlates with adverse clinical outcomes in 
hepatocellular carcinoma

Our comprehensive analysis of TCGA clinical data revealed that 
elevated RPL8 expression significantly correlates with poor prognosis in 
HCC. Kaplan-Meier analysis demonstrated that high-RPL8-expression 
patients (red curves) exhibited worse overall survival (OS; p < 0.021; 
Fig. 3A), disease-specific survival (DSS; p < 0.039; Fig. 3B), progression- 
free interval (PFI; p < 0.171; Fig. 3C), and disease-free interval (DFI; p <
0.075; Fig. 3D) compared to low-expression counterparts (blue curves). 
Meta-analysis confirmed this association (pooled HR = 1.11,95 % CI: 
1.02–1.21; p < 0.05;Fig. 3E) with moderate heterogeneity (I² = 46 %). 
Notably, multivariate Cox regression adjusting for age, gender, and TNM 
stage maintained RPL8 as an independent prognostic factor (HR > 1, p <
0.05; Fig. 3F), supporting its potential as a clinically valuable biomarker 
in HCC.

RPL8 promotes malignant phenotypes via cell cycle dysregulation and 
adaptive metabolism

Comprehensive pathway analysis demonstrated that RPL8 expres
sion levels significantly influenced multiple oncogenic pathways in HCC 
(Fig. 4A). Notably, cell cycle-related pathways including MYC targets 
(NES > 1.7, FDR q < 0.01) and G2/M checkpoint regulation (NES > 1.7, 
FDR q < 0.01) were markedly enriched in RPL8-high tumors, as 

evidenced by bubble plot visualization where darker hues and larger 
diameters represented stronger enrichment. Metabolic profiling 
revealed RPL8-mediated reprogramming characterized by activation of 
glutathione metabolism (p < 0.05) and suppression of cytochrome P450- 
mediated drug metabolism (p < 1e-05; Fig. 4B). Further functional state 
correlation analysis showed (Fig. 4C) that RPL8 expression levels were 
significantly positively correlated with multiple malignant phenotypic 
characteristics, including cell cycle progression (r = 0.45, p < 1.5e-10), 
DNA damage response (r = 0.48, p < 1.4e-11), and DNA repair capacity 
(r = 0.48, p < 1.1e-11).

Single-cell RNA sequencing analysis revealed the expression and 
localization of RPL8 in HCC

Analysis of the GSE146115 single-cell RNA-seq dataset delineated 
the expression profile of RPL8 across the HCC tumor microenvironment. 
UMAP dimensionality reduction identified key cell populations, 
including malignant cells, monocytes/macrophages, and various im
mune cell subsets (Fig. 5A). Notably, RPL8 exhibited pronounced 
enrichment in malignant cells, with additional high expression observed 
in select immune populations, particularly CD8+ T cells (Fig. 5B-D). 
Comparative analysis across three major cell subtypes confirmed 
significantly elevated RPL8 levels in malignant and immune cells rela
tive to other cell types (Fig. 5E). Bar plot quantification further validated 
its preferential enrichment in malignant cells and CD8+ T cells (Fig. 5F). 
Subpopulation analysis revealed a higher proportion of RPL8-positive 
cells within these populations (Fig. 5G), underscoring its cell type- 
specific expression pattern in HCC.

Spatial transcriptomic profiling reveals tumor-specific RPL8 expression 
patterns in hepatocellular carcinoma

Spatial transcriptomic profiling of HCC tissues revealed distinct 

Fig. 3. Prognostic significance of RPL8 expression in hepatocellular carcinoma patients (Data from TCGA-LIHC).
(A) Kaplan-Meier analysis of overall survival (OS) stratified by RPL8 expression levels (high vs. low). (B) Disease-specific survival (DSS) curves comparing high and 
low RPL8 expression groups. (C) Progression-free interval (PFI) analysis based on RPL8 expression status. (D) Disease-free interval (DFI) outcomes according to RPL8 
expression levels. (E) Forest plot of meta-analysis evaluating RPL8 expression and survival outcomes across multiple datasets. (F) Multivariate Cox proportional 
hazards model assessing independent prognostic factors, including RPL8 expression and clinical parameters.(*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns: 
not significant).
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RPL8 expression patterns that closely mirrored tumor cell distribution 
(Fig. 6A and B). Quantitative analysis demonstrated significant enrich
ment of RPL8 expression in tumor regions compared to adjacent normal 
tissue (p < 0.001), with high-expression zones exhibiting precise 
colocalization with tumor cell clusters (Fig. 6C). Cellular deconvolution 
identified 12 distinct populations within the tumor microenvironment, 

including immune cell subsets (CD4+ and CD8+ T cells, NK cells, B cells, 
plasma cells, macrophages, and dendritic cells), stromal components 
(fibroblasts and endothelial cells), and parenchymal cells (hepatocytes 
and neutrophils).

Notably, spatial heterogeneity analysis revealed progressive RPL8 
upregulation during tumor progression, with significantly higher 

Fig. 4. Functional characterization of RPL8 in hepatocellular carcinoma progression (Data from TCGA-LIHC).
(A) Gene set enrichment analysis (GSEA) demonstrating differential pathway activation between RPL8-high and RPL8-low expression groups. (B) GSVA scores 
illustrating metabolic pathway alterations associated with RPL8 expression levels. (C) Correlation analysis between RPL8 expression and functional states in HCC.(*p 
< 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns: not significant).
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expression in both malignant (p < 0.001) and transitional mixed regions 
(p < 0.001) compared to normal tissue (Fig. 6D). Correlation analysis 
demonstrated a strong positive association between RPL8 expression 
and tumor cells, while revealing significant negative correlations with 
multiple immune cell populations and stromal components (Fig. 6E).

RPL8 knockdown suppresses hepatocellular carcinoma cell proliferation 
and migration in vitro

To elucidate the functional role of RPL8 in HCC progression, we 
established stable RPL8-knockdown cell models. Successful RPL8 
silencing was confirmed at both transcriptional and translational levels. 
Quantitative RT-PCR analysis revealed a significant reduction in RPL8 
mRNA expression in shRPL8 cells compared to controls (p < 0.001; 
Fig. 7A). Consistent with this finding, Western blot analysis 

Fig. 5. Single-cell analysis of RPL8 expression in hepatocellular carcinoma (Data from GEO: GSE146115).
(A) UMAP visualization of major cell populations in HCC.(B-D) RPL8 expression patterns across cell clusters. (E) Violin plots showing elevated RPL8 expression in 
malignant and immune cells. (F) Proportion of RPL8-positive cells in different populations. (G) RPL8 expression comparison between immune and non-immune cells. 
(*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns: not significant).
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demonstrated markedly decreased RPL8 protein levels in knockdown 
cells (p < 0.05; Fig. 7B).

Functional characterization of RPL8-depleted cells revealed sub
stantial impairment of malignant phenotypes. Wound healing assays 
showed significantly reduced migratory capacity in shRPL8 cells relative 
to controls (p < 0.001; Fig. 7C). Furthermore, CCK-8 proliferation assays 
indicated that RPL8 knockdown led to markedly decreased cell growth 
at both 48 h and 72 h time points (p < 0.0001; Fig. 7D). Metabolic 
analysis demonstrated that RPL8 silencing significantly suppressed 
glutathione production (p < 0.05; Fig. 7E), suggesting its involvement in 
redox regulation.

To investigate the underlying mechanism, we first performed cell 
cycle analysis by flow cytometry. RPL8 knockdown resulted in a sig
nificant accumulation of cells in the G2 phase (Fig. 7F), indicating that 
RPL8 is required for proper G2/M phase progression in HCC cells.

Consistent with the bioinformatics prediction linking RPL8 to MYC 
targets and G2/M checkpoint pathways (Fig. 4A), we examined the 

expression of key regulators by quantitative PCR. The mRNA levels of 
MYC, CDK1 (Cyclin-dependent kinase 1) , and CCNB1 (Cyclin B1) were 
all significantly downregulated in shRPL8 cells compared to controls 
(Fig. 7G).

Chemotherapeutic drug sensitivity analysis and small molecule compound 
prediction

Motivated by our finding that RPL8 activates the PI3K-AKT-mTOR 
and MYC signaling pathways (Fig. 4A), we hypothesized that RPL8 
expression might dictate cellular sensitivity to pathway-targeted thera
peutics. To test this, we performed a series of correlation analyses using 
the PRISM and CTRP drug sensitivity databases.

First, we conducted a Spearman correlation analysis between RPL8 
expression and drug sensitivity (AUC) in the PRISM database. Our pri
mary goal was to identify agents that aligned with our mechanistic hy
pothesis. This analysis revealed a significant positive correlation for 
sirolimus (an mTOR inhibitor) (p < 0.01), indicating that cells with high 
RPL8 expression are more resistant to sirolimus, and predicting that 
RPL8 knockdown would confer sensitivity (Fig. 8A). This finding pro
vided a direct, hypothesis-driven candidate for functional validation.

In addition, the same unbiased screen identified other correlated 
compounds, including the natural product sclareol (p < 0.01). We noted 
sclareol as an exploratory candidate from a distinct therapeutic class, 
acknowledging that its mechanistic connection to the RPL8-associated 
pathways identified in this study is not predefined.

We further analyzed the correlation between RPL8 expression and 
drug AUC values in the CTRP database. Consistent with the PRISM re
sults, this analysis showed that compounds including BRD-K24690302, 
lenvatinib (a multi-kinase inhibitor used in HCC), and CCT036477 were 
significantly and positively correlated with RPL8 expression (p < 0.01), 
again suggesting potential sensitization upon RPL8 depletion. In 
contrast, MK-1775, methotrexate, and BRD-K41597374 showed a sig
nificant negative correlation with RPL8 expression (p < 0.01;Fig. 8B).

To extend our analysis to conventional chemotherapeutic agents, we 
examined the GDSC1 and GDSC2 databases based on IC50 values. In the 
GDSC1 database, drugs such as RU-SKI, 43TAK-715, and 5-Fluorouracil 
showed a strong negative correlation with RPL8 expression (p < 0.001), 
suggesting that cells with RPL8 knockdown may be more resistant to 
these drugs (Fig. 8C). Similarly, in the GDSC2 database, compounds such 
as BMS-34,554, 1Wee1 inhibitor, and Linsitinib were significantly 
negatively correlated with RPL8 expression (p < 0.001) (Fig. 8D).

Based on the consistent computational prediction linking high RPL8 
to mTOR pathway activity and sirolimus resistance, we sought to 
functionally validate this interaction. We performed dose-response as
says using sirolimus on control and RPL8-knockdown (shRPL8) HUH7 
cells. Strikingly, RPL8 knockdown profoundly sensitized HCC cells to 
sirolimus. The dose-response curve for shRPL8 cells exhibited a marked 
leftward shift compared to control cells (Fig. 8E). Quantitative analysis 
revealed that the half-maximal inhibitory concentration (IC₅₀) decreased 
from 75.1 µM in control cells to 52.16 µM in shRPL8 cells, confirming a 
significant increase in drug sensitivity upon RPL8 depletion.

Discussion

HCC remains a leading cause of cancer-related mortality worldwide. 
While the introduction of immune checkpoint inhibitor-based combi
nations has reshaped the first-line treatment landscape for advanced 
disease [16,17], a substantial proportion of patients derive limited or no 
benefit due to innate or adaptive resistance mechanisms [18]. This 
therapeutic challenge is compounded by persistent limitations in early 
diagnosis. The serum biomarker α-fetoprotein (AFP), despite being the 
clinical gold standard, has well-documented shortcomings including 
suboptimal sensitivity (30–40 % false-negative rate) and specificity 
(frequent elevation in benign liver conditions) [21]. Even when com
bined with des-γ-carboxy prothrombin (DCP) to improve accuracy, these 

Fig. 6. Spatial transcriptomic profiling reveals RPL8 expression patterns 
in HCC. (A) Spatial transcriptomics of HCC tissue sections. (B) RPL8 expression 
mapping showing tumor-enriched distribution. (C) Cellular composition of HCC 
tumor microenvironment. (D) Differential RPL8 expression across malignant, 
mixed, and normal tissue regions. (E) Correlation heatmap of RPL8 expression 
with tumor microenvironment components.(*p < 0.05, **p < 0.01, ***p <
0.001, ****p < 0.0001, ns: not significant).
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Fig. 7. Functional consequences of RPL8 knockdown in hepatocellular carcinoma cells.
(A) qRT-PCR analysis of RPL8 mRNA expression levels in control and shRPL8 cells. (B) Western blot analysis of RPL8 protein expression. (C) Wound healing assay 
demonstrating cell migration capacity. (D) CCK-8 assay assessing cell proliferation at 48 h and 72 h post-transfection. (E) Glutathione assay evaluating redox 
metabolism. (F) Flow cytometry analysis of cell cycle distribution in shCtrl and shRPL8 HUH7 cells. (G) qPCR analysis of MYC, CDK1, and CCNB1 mRNA levels in 
shCtrl and shRPL8 cells.(*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns: not significant).
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markers largely reflect tumor burden rather than active disease biology 
[22,23]. In contrast, our study identifies ribosomal protein L8 (RPL8) as 
a multifunctional biomarker that addresses these dual gaps. It not only 
exhibits superior diagnostic performance (AUC = 0.95) but is also 
directly mechanistically involved in HCC pathogenesis. Unlike AFP, 
RPL8 actively regulates key oncogenic pathways—including mTOR 
signaling [12], metabolic reprogramming, and immune eva
sion—positioning it as a nexus connecting diagnosis with therapeutic 
targeting.

Recent advances in single-cell RNA sequencing (scRNA-seq) [23,24] 
and spatial transcriptomics [25,26] have revolutionized HCC research. 
These cutting-edge technologies have enabled us to precisely identify 
the distinct expression patterns of RPL8 in both malignant hepatocytes 
and CD8+ T cells within the tumor microenvironment. This is further 
corroborated by spatial transcriptomic evidence demonstrating pre
dominant KIAA1586 expression in malignant regions across multiple 
cancers, with single-cell analyses confirming its tumor-specific locali
zation patterns [27]. Our spatial transcriptomic findings are further 

supported by recent studies identifying PRKDC as a dual-functional 
biomarker with both prognostic and therapeutic implications [28]. 
These collective findings underscore the transformative potential of 
multi-omics approaches in biomarker discovery. Moreover, they provide 
compelling evidence that ribosomal proteins, including RPL8, may play 
pleiotropic roles beyond canonical protein synthesis-modulating im
mune cell infiltration [29] and shaping cancer cell phenotypes through 
transcriptomic regulation [30].

Despite the comprehensive multi-omics integration and in vitro 
functional validation presented in this study, several limitations warrant 
consideration and indicate avenues for future investigation. First, the 
current findings largely rely on retrospective analysis of publicly avail
able datasets and validation in a single hepatocellular carcinoma cell 
line. Consequently, prospective validation using independent, multi- 
center clinical cohorts is imperative to establish the translational rele
vance of RPL8 as a diagnostic and prognostic biomarker. Second, the 
absence of in vivo experimental models limits our ability to definitively 
ascertain the causal role of RPL8 in HCC tumorigenesis, metastatic 

Fig. 8. Differential chemosensitivity analysis based on RPL8 expression levels. (A) Spearman correlation between RPL8 expression and drug AUC values in the 
PRISM database. (B) Spearman correlation between RPL8 expression and drug AUC values in the CTRP database. (C) Spearman correlation between RPL8 expression 
and drug IC50 values in the GDSC1 database. (D) Spearman correlation between RPL8 expression and drug IC50 values in the GDSC2 database. (E) Dose-response 
curves of shCtrl and shRPL8 HUH7 cells treated with sirolimus.(*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns: not significant).
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progression, and its modulation of the tumor immune microenviron
ment. Future studies employing patient-derived xenograft models or 
genetically engineered mouse models would provide critical insights 
into its functional impact in a physiologically relevant context. Third, 
although we have demonstrated that RPL8 knockdown enhances 
cellular sensitivity to mTOR inhibition and mechanistically linked this 
effect to the downregulation of MYC/G2M checkpoint signaling, the 
exact molecular interplay—particularly at the protein interaction or 
post-translational level—underlying this synergistic effect remains to be 
fully elucidated. Finally, methodological constraints inherent to spatial 
transcriptomics, such as tissue section depth and spatial resolution, may 
introduce variability into the interpretation of tumor–immune–stromal 
correlations. Furthermore, the correlative nature of these spatial data 
cannot distinguish whether RPL8 expression actively modulates the 
immune microenvironment or simply co-occurs with an immune-cold 
niche due to other underlying factors. Complementary approaches, 
including high-plex spatial proteomics or multiplex immunohisto
chemistry, could further refine our understanding of RPL8’s spatial 
expression dynamics.

Additionally, while we have validated the single-agent sensitivity to 
sirolimus, the exploration of potential synergistic drug combinations 
involving RPL8 inhibition represents an important and distinct avenue 
for future therapeutic development.

In summary, addressing these limitations in subsequent research will 
substantially strengthen the translational foundation for evaluating 
RPL8 not only as a promising biomarker but also as a potential thera
peutic target in hepatocellular carcinoma.

Stepping back from the individual datasets, a more integrative 
narrative around RPL8 begins to take shape. Our work positions it not 
simply as another upregulated gene in HCC, but as a multifunctional 
regulator operating at a critical juncture—where tumor cell-intrinsic 
signaling meets the immune microenvironment. Inside cancer cells, 
RPL8 sits at a fascinating crossroads, engaging both the proliferative 
drive (through MYC and G2/M checkpoint) and the adaptive metabolic 
network (via mTOR and glutathione pathways). This convergence sug
gests a vulnerability: targeting RPL8 might perturb this interconnected 
circuitry, offering a therapeutic advantage over single-pathway inhibi
tion. Our functional data, showing synergism with mTOR blockade, 
provides a first glimpse into this potential.

Perhaps more intriguingly, our spatial and single-cell analyses hint at 
a role for RPL8 that extends beyond the cancer cell itself. Its specific 
enrichment in CD8⁺ T cells and its spatial correlation with reduced im
mune infiltration led our team to consider a broader hypothesis: could 
RPL8 also be part of the machinery that helps tumors evade immune 
attack? This idea resonates with growing evidence that ribosomal pro
teins can moonlight in immune regulation [31]. While proving this 
causal link remains for future studies, this framework offers a parsi
monious explanation for why high RPL8 marks both aggressive tumor 
biology and an immunologically suppressed niche. However, we must 
emphasize that this observed spatial correlation does not establish a 
direct causal mechanism. The association could be influenced by tech
nical factors such as tissue section depth and immune infiltration gra
dients, or it may reflect a common association with a more aggressive 
tumor state. Our hypothesis that RPL8 might participate in immune 
evasion is thus presented as a plausible model consistent with the data, 
one that merits direct experimental validation in future studies.

From a translational standpoint, this dual perspective is particularly 
compelling. On one hand, RPL8 represents a therapeutic vulnerability 
within the tumor cell, and its expression could inform the use of mTOR 
pathway inhibitors. Our functional validation firmly establishes the 
mechanistic link between RPL8 and sensitivity to the mTOR inhibitor 
sirolimus. The observation with sclareol, while noted, remains pre
liminary and exploratory, requiring future work to elucidate any po
tential biological relationship with the RPL8-driven pathways we have 
characterized. This aligns with the ongoing search for predictive bio
markers to guide targeted therapy and overcome resistance [32]. On the 

other , its potential involvement in immune suppression raises the 
tantalizing prospect of a two-for-one therapeutic strategy—directly 
slowing tumor growth while potentially loosening the brakes on 
anti-tumor immunity. Such an approach is at the forefront of current 
efforts to modulate the tumor immune microenvironment for enhanced 
therapy efficacy [31]. Testing this will require moving into immuno
competent model systems.

We are, of course, mindful of the obvious challenge: targeting a ri
bosomal protein. The concern for on-target toxicity is real. However, the 
pronounced, tumor-specific overexpression we observe suggests a 
possible therapeutic window, consistent with the concept of “cancer- 
selective ribosomal addiction.” Overcoming the delivery and specificity 
hurdles may require thinking beyond conventional inhibitors—towards 
strategies like targeted protein degradation (e.g., PROTACs) or context- 
dependent translation modulators.

In sum, our study reframes RPL8 from a passive biomarker to an 
active pleiotropic node in HCC pathogenesis. Its apparent involvement 
in both internal wiring and external communication of the tumor pre
sents a complex but rich therapeutic target. We believe that pursuing 
this complexity—rather than avoiding it—could ultimately guide the 
development of more integrated treatment strategies for this challenging 
disease.

The clinical implications of our findings extend across the HCC care 
continuum. RPL8′s superior diagnostic performance could significantly 
improve early detection rates, particularly for AFP-negative cases that 
currently evade timely diagnosis. Its association with treatment 
response patterns suggests potential utility in guiding personalized 
therapy selection, while its involvement in immune modulation hints at 
possible applications in combination immunotherapy strategies. Most 
importantly, by elucidating RPL8′s multifaceted roles in HCC biology, 
our work provides not just another biomarker candidate, but a molec
ular nexus connecting several fundamental aspects of HCC pathogenesis 
- from ribosomal biogenesis to immune evasion - offering multiple av
enues for therapeutic intervention that could ultimately improve out
comes for HCC patients worldwide.
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