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Abstract. – OBJECTIVE: Hepatocellular car-
cinoma (HCC) is one of the most common ma-
lignant tumors worldwide. Increasing evidence 
suggests that the dysregulation of RNA-binding 
proteins (RBPs) is involved in the development 
of various cancers. However, there is a pauci-
ty of studies investigating the roles of RBPs in 
HCC.

MATERIALS AND METHODS: Data on HCC 
samples were downloaded from The Cancer Ge-
nome Atlas (TCGA) and Gene Expression Om-
nibus (GEO) databases (available at: www.nc-
bi.nlm.nih.gov/geo), and data regarding human 
RBPs were integrated from SONAR, XRNAX, 
and CARIC results. We identified modules as-
sociated with prognosis using weighted gene 
co-expression network analysis (WGCNA) and 
performed functional enrichment analysis. Uni-
variate and least absolute shrinkage and selec-
tion operator (LASSO) regression analyses were 
used to identify prognostic RBPs and establish 
a prediction model. According to the median 
risk score, we separated patients into high- and 
low-risk groups and investigated the differences 
in immune cell infiltration, somatic mutations, 
and gene set enrichment. Univariate and multi-
variate regression analyses were used to identi-
fy prognostic factors for HCC. A nomogram was 
constructed, and its performance was evaluated 
with calibration curves.

RESULTS: Sixteen RBPs (MEX3A, TTK, MR-
PL53, IQGAP3, PFN2, IMPDH1, TCOF1, DYN-
C1LI1, EIF2B4, NOL10, GNL2, EIF1B, PSMD1, 
AHSA1, SEC61A1, and YBX1) were identified 
as prognostic genes, and a prognostic mod-
el was established. Survival analysis indicat-
ed that the model had good predictive perfor-
mance and that a high-risk score was signifi-
cantly related to a poor prognosis. Additional-
ly, there were significant differences in immune 
cell infiltration, somatic mutations, and gene 
set enrichment between the high- and low-risk 
groups. Univariate and multivariate regression 
analyses indicated that the RBP-based signa-
ture was an independent prognostic factor for 

HCC. The nomogram based on 16 RBPs per-
formed well in predicting the overall survival of 
HCC patients.

CONCLUSIONS: The RBP-based signature is 
an independent prognostic factor for HCC, and 
this study could provide an innovative method 
for analyzing prognostic biomarkers and thera-
peutic targets for HCC.
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Introduction

Hepatocellular carcinoma (HCC), which ac-
counts for 75-85% of primary liver cancers, is 
the sixth most common cancer and the third most 
common cause of cancer-related death world-
wide1. Many factors contribute to the pathogen-
esis of HCC, including hepatitis B virus (HBV) 
or hepatitis C virus (HCV) infection, alcohol 
consumption, aflatoxin exposure, and obesity2,3. 
Despite advances in the diagnosis and treatment 
of HCC over the past few decades, the average 
5-year relative survival rate of HCC is less than 
20%4. Tumor-node-metastasis (TNM) staging is a 
classic prognostic model that helps predict HCC 
prognosis and is currently widely used in clinical 
practice5. However, due to the great heterogeneity 
and complexity of HCC, the predictive efficacy 
of the classic model is still unsatisfactory. There-
fore, a systematic understanding of the molec-
ular mechanisms underlying HCC is required 
to develop a more reliable prediction model for 
addressing risk stratification and achieving early 
detection.

RBP-binding proteins (RBPs) are inherently 
pleiotropic proteins that regulate different aspects 
of RNA metabolism and function at the posttran-
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scriptional level through processes such as RNA 
stability, localization, export, processing, splic-
ing, degradation, and translation6,7. To conduct 
these functions, RBPs need to bind to their target 
RNAs through specific RNA-binding domains 
(RBDs) to form ribonucleoproteins8. Accumulat-
ing evidence has shown that RBPs are involved 
in the occurrence and development of various 
cancers via their influence on the physiological 
processes of cells. Considering that dysregulated 
RBPs are closely related to cancer initiation and 
progression, it is reasonable to believe that an 
in-depth study of the expression profiles of RBPs 
in cancers has immense potential in clinical 
practice.

An increasing number of studies9,10 have 
demonstrated that RBP-based biomarkers have 
promising value in survival prediction for pa-
tients with HCC. Han et al9 found not only 
that RBP sorbin and SH3 domain-containing 2 
(SORBS2) inhibited HCC tumorigenesis and me-
tastasis via posttranscriptional regulation of RAR 
related orphan receptor A (RORA) expression but 
also that downregulated expression of SORBS2 
was strongly correlated with a poor clinical prog-
nosis in HCC patients. Zhao et al10 reported that 
the RBP RNA-binding motif protein 10 (RBM10) 
was expressed at low levels in HCC tissues and 
cell lines and that low RBM10 expression was 
an indicator of unfavorable patient survival. With 
the development of next-generation sequencing 
technology and the establishment of public da-
tabases, it is possible to acquire gene expression 
profiles, and develop a more reliable prediction 
model for the assessment of the prognosis of HCC 
using bioinformatics methods. To the best of our 
knowledge, there is a dearth of literature report-
ing RBP-based models for predicting the survival 
of patients with HCC. Thus, it is necessary to 
construct an RBP-based prediction model that 
can reliably predict HCC prognosis.

In this study, we first identified key modules 
highly associated with the survival of patients 
with HCC using weighted gene co-expression 
network analysis (WGCNA) and conducted func-
tional enrichment analysis. Then, we performed 
univariate and LASSO regression analyses of the 
module genes, which confirmed the prognostic 
value of 16 RBPs and constructed a prediction 
model based on these RBPs. Finally, we estimat-
ed the predictive ability of the model using uni-
variate and multivariate Cox regression analyses 
and found that it could serve as an independent 
prognostic factor in HCC.

We present the following article in accordance 
with the STROBE reporting checklist.

 
Materials and Methods

Data Processing
First, we integrated a total of 3,437 human 

RBPs from three sources: SONAR, XRNAX, 
and CARIC. Then, we downloaded data for 364 
HCC samples, which included RNA-seq data, 
the corresponding clinicopathological features, 
and somatic mutation data from the UCSC Xena 
browser (http://xena.ucsc.edu/). Additionally, we 
downloaded the GSE54236 dataset and extract-
ed 81 HCC samples with RNA-seq data and the 
corresponding clinicopathological features from 
the Gene Expression Omnibus (GEO) database 
(http://www.ncbi.nlm.nih.gov/geo) as a validation 
cohort. The 3,437 human RBPs were integrated 
with those from the TCGA database, and the 
overlapping RBPs were reserved for subsequent 
analysis.

Weighted Gene Co-expression 
Network Construction

The expression profiles of the 3,301 overlap-
ping RBPs were used to construct a weight-
ed co-expression network using the WGCNA 
package in R (version 4.2.0, The R Foundation 
for Statistical Computing, Vienna, Austria). 
WGCNA methodology analysis was used to 
reveal the correlation between the gene co-ex-
pression modules and the clinical features of 
interest. First, we converted the expression 
levels of RBPs into a similarity matrix based 
on Pearson’s correlation value between paired 
genes. Second, we transformed the similarity 
matrix into an adjacency matrix using the op-
timal soft-threshold power (β). Selecting the 
appropriate β value can enhance strong correla-
tions and penalize weak correlations at an expo-
nential level. Third, the adjacency matrix was 
transformed into a topological matrix (TOM). 
To classify genes with similar expression pat-
terns into the same modules, we performed av-
erage linkage hierarchical clustering according 
to the TOM-based dissimilarity measure with a 
minimum size of 30 for the gene dendrogram. 
In this study, we set a minimum module size of 
30 for the gene dendrogram and selected a cut-
off of 0.25 for the module dendrogram. Then, 
we merged some modules.
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Identification of 
Prognosis-Related Modules

We first calculated the module eigengene (ME), 
which represents the first principal component of 
the gene expression matrix of each module. Then, 
we calculated the correlation between the clinical 
traits and ME in each module. Finally, we calcu-
lated the gene significance (GS) of each gene in 
the module, which could quantify the correlation 
between the genes and traits of interest. Accord-
ing to these two parameters, we selected key 
modules that significantly affected survival for 
further analysis.

Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes and Genomes 
(KEGG) Functional Enrichment Analyses

To detect the biological functions of the key 
module, we performed GO and KEGG pathway 
analyses using the clusterProfiler package in R 
(version 4.2.0, The R Foundation for Statistical 
Computing, Vienna, Austria).  The GO analy-
sis results comprised three categories: cellular 
component (CC), molecular function (MF), and 
biological process (BP). A false discovery rate 
(FDR) < 0.05 was considered the threshold for 
significance.

Prediction Model Construction 
and Evaluation

First, univariate Cox regression analysis was 
performed to screen the candidate RBPs (p < 
0.01) in the key module. Then, to enhance the 
adaptability of the prediction model, LASSO 
regression analysis was used to further de-
termine prognosis-related RBPs by filtering 
high-dimensional data. The risk score for each 
HCC patient was calculated using the following 
formula:

Risk score = β1 * Exp1 + β2 * Exp2 + βi * Expi

where the regression coefficient (β) was de-
rived from the LASSO regression analysis, and 
Exp represents the expression levels of RBPs.

To estimate the predictive ability of this pre-
diction model, we divided the HCC patients from 
the TCGA dataset into high- and low-risk groups 
based on the median risk score. Then, we com-
pared the difference in overall survival (OS) be-
tween the two groups via Kaplan-Meier analysis 
using the survival and survminer packages in 
R (version 4.2.0, The R Foundation for Statisti-
cal Computing, Vienna, Austria). Furthermore, 

a receiver operating characteristic (ROC) curve 
was generated to assess the accuracy of this 
model using the survivalROC R package (The 
R Foundation for Statistical Computing, Vienna, 
Austria). Additionally, 81 HCC samples extracted 
from the GSE54236 dataset were used as a vali-
dation cohort to confirm the predictive ability of 
this model.

Analysis of Differences in 
the Infiltration of 22 Immune 
Cell Types Between the High- 
and Low-Risk Groups

CIBERSORT (https://cibersort.stanford.edu/) 
was used to quantify the abundances of 22 
immune cell types in a mixed cell population 
based on standardized gene expression data. 
In detail, the CIBERSORT online analytical 
platform was used to discriminate between 
22 immune cell infiltrates based on the leuko-
cyte gene signature matrix (547 genes). In this 
study, we utilized CIBERSORT to compare 
the differences in the infiltration levels of 22 
immune cell types between the high- and low-
risk groups.

Differential Analysis of Somatic 
Mutation Data Between High- and 
Low-Risk Groups

The somatic mutation profiles were download-
ed from TCGA database in the form of a mutation 
annotation format (MAF) file. To investigate the 
differences in mutation data between the high- 
and low-risk groups, we analyzed and visualized 
mutation data using the maftools package in R 
(version 4.2.0, The R Foundation for Statistical 
Computing, Vienna, Austria).

Gene Set Enrichment Analysis (GSEA) 
Between High- and Low-Risk Groups

GSEA is a computational method that deter-
mines whether an a priori defined set of genes 
shows statistically significant, concordant differ-
ences between two biological states. In this study, 
we explored potential differences in biological 
functions between the high- and low-risk groups 
based on the Molecular Signatures Database 
(MSigDB) (available at: http://www.broadinsti-
tute.org/gsea) collection using the clusterProfiler 
package in R (version 4.2.0, The R Foundation for 
Statistical Computing, Vienna, Austria). Gene set 
permutations were set at 1,000 for each analysis. 
Differences with an FDR value of < 0.05 were 
considered significant.
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Identification of the Prognostic 
Factors for OS in HCC

To identify independent prognostic factors, 
four predominant clinicopathological character-
istics, namely, age, sex, TNM stage, and the risk 
score of the RBP-based signature, were analyzed 
using univariate and multivariate Cox regression 
analyses. By using the “rms”, “foreign”, and 
“survival” packages in R (version 4.2.0, The R 
Foundation for Statistical Computing, Vienna, 
Austria), we constructed a nomogram consist-
ing of relevant clinicopathological parameters 
and independent prognostic factors to assess the 
probability of 2-, 3-, and 5-year OS among HCC 
patients based on multivariate Cox regression 
analysis. Moreover, we plotted calibration curves 
to estimate the accuracy of the nomogram by 
comparing the actual observed survival rates 
with the predicted survival probability.

Statistical Analysis
All statistical analyses were conducted using 

R. Kaplan-Meier curves with the log-rank test 
were used to compare survival differences be-
tween the high- and low-risk groups. The predic-
tive ability of the model was determined by ROC 
curve analysis. Then, univariate and multivariate 
Cox regression analyses were used to determine 
the independent prognostic factors. Finally, a 
nomogram was constructed to visualize the re-
sults of the multivariate Cox regression analysis. 
Calibration curves were plotted to assess the 
effectiveness of the nomogram. A p-value of < 
0.05 was considered to indicate a significant dif-
ference.

 
Results

Identification of Prognosis-Related 
Modules by WGCNA

The workflow of this study is shown in Figure 
1. A total of 3,301 overlapping RBPs obtained 
from the TCGA dataset were used to construct a 
weighted co-expression network using the WGC-
NA package in R (version 4.2.0). To build a 
scale-free network, we chose a soft threshold (β) 
of 8 (Figure 2A). We identified 10 co-expression 
modules based on the TOM and average linkage 
hierarchical clustering (Figure 2B). The number 
of genes in each module is shown in Supplemen-
tary Table I. The results of the correlation anal-
ysis between co-expression modules and clinical 
characteristics (including age, sex, OS rate, and 

OS time) are shown in Figure 2C and indicate that 
the blue module (including 545 genes) is most 
negatively correlated with the OS time of patients 
(correlation coefficient = -0.21, p = 5e-05). There-
fore, we chose the blue module as the key module 
for further analysis.

Functional Enrichment Analysis for 
Key Modules

We performed GO and KEGG analyses to ex-
plore the biological functions of the blue module 
using the clusterProfiler package in R (version 
4.2.0). The top six enriched GO terms (including 
BP, CC, and MF) and the top 12 KEGG path-
ways are shown in Figure 3. The results of GO 
analysis indicated that RBPs were significantly 
enriched in BPs associated with RNA splicing, 
ribonucleoprotein complex biogenesis, mRNA 
splicing, and RNA localization. For the CC 
category, RBPs were significantly enriched in 
the chromosomal region, nuclear speck, spliceo-
somal complex, spindle, nuclear periphery, and 
catalytic step 2 spliceosome. The MF analysis 
showed that RBPs were enriched in catalytic 
activity (acting on RNA and DNA), adenosine 
triphosphatase (ATPase) activity, helicase activ-
ity, single-stranded RNA binding, and mRNA 
3’-untranslated region (UTR) binding. In addi-
tion, the results of the KEGG analysis indicated 
that the RBPs were enriched in the spliceosome, 
RNA transport, DNA replication, the cell cycle, 
ribosome biogenesis in eukaryotes, mismatch 
repair, base excision repair, amyotrophic lateral 
sclerosis, RNA degradation, the mRNA surveil-
lance pathway, the Fanconi anemia pathway, and 
oocyte meiosis.

Identification of Prognosis-Related RBPs
Among all the blue module genes, 420 RBPs 

were selected as candidate RBPs with the crite-
ria of p < 0.01 by univariate Cox regression anal-
ysis (Supplementary Table II). Subsequently, 
LASSO regression analysis was used to further 
assess the prognostic value of these 420 RBPs, 
and 16 RBPs were identified to have a good 
ability to predict the prognosis of patients with 
HCC (Figure 4).

Construction of a Predictive Risk 
Score Model

The 16 RBPs derived from LASSO regression 
were used to construct a prediction model. The 
risk score of each patient was calculated accord-
ing to the following formula:

https://www.europeanreview.org/wp/wp-content/uploads/Supplementary-Table-I-20.pdf
https://www.europeanreview.org/wp/wp-content/uploads/Supplementary-Table-I-20.pdf
https://www.europeanreview.org/wp/wp-content/uploads/Supplementary_Table_II.pdf
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Risk score = (0.07 * ExpMEX3A) + (0.01 
* ExpTTK) + (0.02 * ExpMRPL53) + (0.12 * 
ExpIQGAP3) + (0.04 * ExpPFN2) + (0.01 * Ex-
pIMPDH1) + (0.02 * ExpTCOF1) + (0.08 * Exp-
DYNC1LI1) + (0.14 * ExpEIF2B4) + (0.08 * Exp-
NOL10) + (0.13 * ExpGNL2) + (0.06 * ExpEIF1B) 
+ (0.25 * ExpPSMD1) + (0.02 * ExpAHSA1) + 
(0.12 * ExpSEC61A1) + (0.19 * ExpYBX1).

Assessment and Validation of the 
Predictive Ability of the Risk Score Model

To assess the predictive ability of this model, 
we divided 364 HCC samples (obtained from 

TCGA database) into high- (n = 182) and low-
risk (n = 182) groups according to the median 
risk score (median = 5.04) (Figure 5A). Similarly, 
we divided 81 HCC samples (obtained from the 
GSE54236 dataset) into high- (n = 40) and low-
risk (n = 41) groups according to the median risk 
score (median = 4.36) (Figure 5B). The survival 
analysis of the two different datasets indicated 
that the high-risk groups had a shorter survival 
time than the low-risk groups (Figure 5C). To 
evaluate the predictive ability of this model, we 
performed ROC curve analysis based on the data 
obtained from the TCGA and GEO series (GSE) 

Figure 1. The workflow of the study.
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Figure 2. Key module identified by WGCNA. A, Determination of the soft-threshold power in WGCNA. The left panel represents 
the relationship between the soft threshold and scale-free R2 values. The right panel represents the relationship between the soft 
threshold and mean connectivity. B, The hierarchical dendrogram shows the co-expression modules identified by WGCNA. Each 
branch in the figure represents one gene, and every color below represents one co-expression module. C, The heatmap shows the 
correlations between the modules and the clinical features. The values in the squares indicate the correlation coefficients and p 
values. A positive coefficient indicates a positive correlation. A negative coefficient indicates a negative correlation.

Figure 3. GO and KEGG pathway enrichment analyses of blue module genes. A, GO analysis results for the blue module genes 
showing the enriched BP, CC, and MF terms. The y-axis shows significantly enriched terms (FDR < 0.05). B, KEGG analysis of 
blue module genes. The y-axis shows significantly enriched pathways (FDR < 0.05).
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Figure 4. LASSO Cox regression model construction. A, Forest plot of hazard ratios demonstrating the prognostic values 
of RBPs by LASSO Cox regression analysis. B, Selection of the number of factors by LASSO Cox regression analysis. C, 
Determination of the LASSO model coefficient.

Figure 5. Survival analysis with the RBP-based prediction model in the TCGA and GSE databases. A, The risk score 
distribution (top) and survival status distribution (bottom) in the TCGA database. B, The risk score distribution (top) and 
survival status distribution (bottom) in the GSE dataset. C, Kaplan-Meier curves for the OS of the high- and low-risk groups 
in the TCGA (top) and GSE (bottom) databases. D, The ROC curves for predicting OS in patients according to the risk score 
in the TCGA (top) and GSE (bottom) datasets. E, Heatmap showing the expression profiles of the 16 RBPs for the high- and 
low-risk groups in the TCGA database. F, Heatmap showing the expression profiles of the 16 RBPs for the high- and low-risk 
groups in the GSE dataset.
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datasets. The area under the ROC curve (AUC) 
values were 0.794 (TCGA, 1-year OS), 0.708 
(TCGA, 3-year OS), 0.795 (GSE, 1-year OS), and 
0.664 (GSE, 3-year OS), indicating a relatively 
good performance (Figure 5D). In addition, the 
expression levels of 16 RBPs were increased in 
the high-risk groups compared to the low-risk 
groups, indicating that high expression of these 
RBPs is associated with a poor prognosis in HCC 
patients (Figure 5E, 5F).

Analysis of the Differences in the 
nfiltration of 22 Immune Cell Types 
Between the High- and Low-Risk Groups

To estimate the differences in the infiltration 
of 22 immune cell types between the high- and 
low-risk groups, we analyzed the gene expres-
sion profiles from the TCGA database with the 
CIBERSORT platform (available at: https://ciber-
sortx.stanford.edu). As shown in Figure 6, the 
infiltration levels of activated memory cluster of 
differentiation 4 (CD4)+ T cells, M0 macrophages 
and resting dendritic cells were significantly 
higher in the high-risk group than in the low-risk 
group, and the infiltration levels of resting mem-
ory CD4+ T cells, activated natural killer (NK) 
cells and resting mast cells were significantly 

higher in the low-risk group. Further study of 
the infiltration of 22 immune cell types in HCC 
patients may contribute to the development of 
immunotherapy.

Analysis of Differences in Somatic 
Mutations Between the High- and 
Low-Risk Groups

To investigate the differences between the 
high- and low-risk groups at the somatic muta-
tion level, we analyzed somatic mutation data 
from the TCGA database. The top 30 genes of 
the high- and low-risk groups are illustrated in 
Figure 7A, 7B. The results indicated that the 
proportion of TP53 mutations was significantly 
higher in the high-risk group (48%) than in the 
low-risk group (11%). The most common types 
of TP53 mutations were missense mutations, 
frameshift deletions, nonsense mutations, and 
splice sites in both the high- and low-risk 
groups.

GSEA of the High- and Low-Risk Groups
To further identify the differentially activated 

signaling pathways between the high- and low-
risk groups, we performed GSEA. Figure 8 shows 
the top 10 significant signaling pathways associ-

Figure 6. Relative proportions of 22 infiltrating immune cell types between the high- and low-risk groups in the TCGA 
database. Red represents the high-risk group, and blue represents the low-risk group.
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Figure 7. Association between the risk score and somatic mutations in the TCGA dataset. Differentially mutated genes between 
the (A) high- and (B) low-risk groups.

Figure 8. Results of GSEA of the high- and low-risk groups in the TCGA database. The broken line in the upper part of the 
figure shows the enrichment fraction of the 10 pathways broken line, and the lines in the lower part of the figure correspond to 
the genes of each pathway.
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ated with the risk score. These included chemi-
cal carcinogenesis, complement and coagulation 
cascades, drug metabolism-cytochrome P450, 
fatty acid degradation, metabolism of xenobiotics 
by cytochrome P450, the peroxisome prolifera-
tor-activated receptor (PPAR) signaling pathway, 
retinol metabolism, ribosome, spliceosome, and 
valine, leucine and isoleucine degradation.

Identification of the Prognostic Factors 
for OS in HCC

To identify prognostic factors for OS in patients 
with HCC from the TCGA database, we per-
formed univariate and multivariate Cox regres-
sion analyses. The results of both the univariate 
and multivariate Cox regression analyses showed 

that TNM stage and risk score had significant 
prognostic value for OS in HCC (p < 0.05) (Fig-
ure 9A, 9B). To develop a quantitative method for 
predicting prognosis, we built a nomogram plot 
based on the multivariate Cox regression analysis 
results (Figure 9C). This allowed us to calculate 
the estimated probabilities of 2-, 3-, and 5-year 
OS by drafting a vertical line between the total 
point axis and each prognosis axis. Moreover, we 
drew calibration curves to assess the predictive 
performance of the nomogram. As shown in 
Figure 9D, satisfactory agreement was observed 
between the predicted and observed outcomes for 
2-, 3-, and 5-year OS, which indicated that the 
nomogram had good efficacy in predicting the 
survival of patients with HCC.

Figure 9. Identification of prognostic factors in HCC patients in the TCGA database. Univariate (A) and multivariate (B) Cox 
regression analyses of factors associated with OS in HCC patients from the TCGA database. C, The nomogram to predict the 
2-, 3-, and 5-year OS of HCC patients in the TCGA database. D, The calibration curves of the nomogram to predict OS at 2, 3 
and 5 years.
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Discussion

HCC is the most common type of primary liver 
cancer and is characterized by uncontrolled cell 
proliferation, which mainly results from the ac-
tivation of proto-oncogenes and the inactivation 
of tumor suppressor genes. Recently, emerging 
evidence has demonstrated that RBPs play an 
important role in the development and progres-
sion of various cancers by regulating RNA me-
tabolism and function at the posttranscriptional 
level. However, little is currently known about the 
specific functional roles of RBPs in HCC.

In this study, we first identified the blue mod-
ule as a module that is significantly associated 
with survival in HCC by WGCNA and performed 
functional enrichment analysis of this module. 
Then, we performed univariate and LASSO re-
gression analyses of the blue module genes and 
identified 16 RBPs, with which we constructed 
a prediction model. We estimated the predictive 
ability of this model using Kaplan-Meier curves, 
ROC curves, risk score plots, and heatmaps based 
on the median risk value. Furthermore, we inves-
tigated the differences in immune cell infiltra-
tion, somatic mutations, and gene set enrichment 
between the high- and low-risk groups. Finally, 
we performed univariate and multivariate Cox 
regression analyses and identified that the TNM 
stage and RBP-based risk score were independent 
prognostic factors for OS in HCC.

The GO enrichment analysis demonstrated that 
the blue module genes were significantly related 
to the following terms: RNA splicing, ribonucle-
oprotein complex biogenesis, RNA localization, 
chromosomal region, nuclear speck, spliceoso-
mal complex, spindle, nuclear periphery, catalytic 
step 2 spliceosome, catalytic activity (acting on 
RNA and DNA), ATPase activity, helicase activ-
ity, single-stranded RNA binding, and mRNA 3’-
UTR binding. Previous studies11-14 have demon-
strated that aberrant RNA splicing contributes to 
tumorigenesis in humans. Moreover, RBPs need 
to bind to their target mRNAs through specific 
RBDs to form ribonucleoprotein complexes and 
regulate mRNA translation15. Dong et al16 found 
that the RNA binding motif protein 3 (RBM3) 
can promote HCC cell proliferation by regulating 
the formation of circular RNA SCD-circRNA 2. 
Zhao et al17 identified that the expression of the 
RNA-binding ribosomal protein S3 (RPS3) was 
increased in HCC patients compared to control 
individuals and that overexpression of RPS3 was 
significantly linked with HCC progression and 

aggressive clinicopathological features via up-
regulation of its target oncogene silent informa-
tion regulator 1 (SIRT1). Additionally, a causal 
relationship between the dysregulation of ribo-
nucleoprotein complex biogenesis and elevated 
cancer risk has been established18. Zhou et al19 
demonstrated that heterogeneous nuclear ribonu-
cleoprotein AB (HNRNPAB) is overexpressed in 
HCC tissues and promotes the epithelial-mesen-
chymal transition (EMT) and metastasis of HCC 
cells, which predicts poor clinical outcomes. The 
KEGG pathway analysis showed that these RBPs 
were enriched in pathways related to the spli-
ceosome, RNA transport, DNA replication, the 
cell cycle, ribosome biogenesis in eukaryotes, 
mismatch repair, base excision repair, RNA deg-
radation, and mRNA surveillance.

Then, we performed univariate Cox regression 
and LASSO regression analyses, which iden-
tified 16 RBPs that were used to construct the 
predictive risk score model. The results of the 
ROC curve analysis revealed that the prediction 
model had a relatively good predictive ability. 
Among the 16 RBPs, MEX3A is highly expressed 
in HCC tissues, and its expression is positively 
correlated with a poor histological grade and a 
poor prognosis20. TTK, a mitotic spindle check-
point gene, is frequently upregulated in HCC 
tissues compared with adjacent nontumor tis-
sues and promotes HCC cell proliferation and 
resistance to sorafenib21. IQGAP3 is markedly 
upregulated in HCC tissues and enhances HCC 
cell migration, invasion and EMT by activating 
the transforming growth factor-β (TGF-β) sig-
naling pathway in HCC. Additionally, elevated 
expression of IQGAP3 is significantly associated 
with aggressive clinicopathological features and 
a poor prognosis22. Hu et al23 identified NOL10 
as a potential prognostic marker for patients with 
HCC by bioinformatics analysis and confirmed 
that the high expression of NOL10 contributed 
to HCC cell proliferation and metastasis in vitro 
and in vivo. Tan et al24 demonstrated that PSMD1 
promotes the proliferation of HCC cells by facili-
tating the accumulation of cellular lipid droplets, 
providing energy and membrane components for 
tumor cells. Additionally, it was positively as-
sociated with a poor prognosis in HCC patients. 
YBX1, which regulates protein expression at the 
transcriptional and translational levels, is highly 
expressed in HCC and induces drug resistance 
and immune escape25. Current reports on DYN-
C1LI1, AHSA1 and SEC61A1 in relation to HCC 
are primarily derived from bioinformatics mining 
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of public databases26-28. To our knowledge, three 
studies29-31 reported that the expression levels 
of the three genes are significantly increased in 
HCC tissues compared to control tissues and 
that they are potential prognostic markers for pa-
tients with HCC. Although the remaining genes, 
including MRPL53, PFN2, IMPDH1, TCOF1, 
EIF2B4, GNL2, and EIF1B, have been scarcely 
studied in HCC, some of them have been reported 
to be involved in other cancers. PFN2 is a nega-
tive regulator of colorectal cancer metastasis, and 
overexpression of PFN2 may inhibit the EMT 
process29. Ruan et al30 found that the expression 
level of IMPDH1 is increased in clear cell renal 
cell carcinoma (ccRCC) tissues compared to nor-
mal control tissues and that IMPDH1 positively 
regulates metastasis and the EMT signaling path-
way. GNL2, which regulates nucleotide binding/
metabolism, plays a role in resistance to 5-fluoro-
uracil in colon cancer31.

Furthermore, we investigated the differences 
in immune cell infiltration, somatic mutations, 
and gene set enrichment between the high- and 
low-risk groups of HCC patients from the TC-
GA database. The CIBERSORT results revealed 
that the infiltration levels of activated memory 
CD4+ T cells, M0 macrophages and resting 
dendritic cells were high in the high-risk group, 
while those of resting CD4+ T cells, activated 
NK cells and resting mast cells were low in the 
high-risk group. A recent study30 demonstrated 
that tumor-infiltrating lymphocytes, including 
activated NK cells, resting memory CD4 T 
cells, eosinophils, and activated mast cells, 
were significantly correlated with HCC surviv-
al, suggesting that the differential infiltration 
of immune cells can predict the prognosis of 
HCC. Our results are also similar to the find-
ings of a previous study32, which revealed that 
activated NK cells exerted remarkably high 
cytotoxicity against HCC cells. The results of 
the somatic mutation analysis showed that the 
proportion of TP53 mutations was significant-
ly higher in the high-risk group than in the 
low-risk group. It has been reported that HCC 
patients with TP53 mutations and upregulated 
TP53 expression in tumor tissue have shorter 
OS and recurrence-free survival (RFS) times 
than patients with wild-type TP53 and low/un-
detectable TP53 expression levels33. Moreover, 
Long et al34 analyzed the relationship between 
TP53 mutations and the immune response in 
HCC and found that the immune response 
of HCC patients without TP53 mutations was 

markedly stronger than that of HCC patients 
with TP53 mutations. Additionally, GSEA 
showed differences in 10 signaling pathways, 
including the chemical carcinogenesis pathway, 
between the high- and low-risk groups.

Finally, using univariate and multivariate Cox 
regression analyses, we identified that TNM stage 
and the risk score were significant independent 
factors for predicting the OS of patients with 
HCC. Moreover, we constructed a nomogram 
plot to calculate the estimated OS probabilities of 
patients with HCC. The corresponding calibra-
tion curves showed that the nomogram had good 
efficacy in predicting the survival of patients 
with HCC. Although TNM stage was also a sig-
nificant independent factor for the OS of patients 
with HCC in our study, the survival outcomes 
of patients within the same stage often differ in 
the clinic. This indicates that the current staging 
system is insufficient for effective prediction. 
Therefore, it is necessary to find more accurate 
biomarkers that can be used as prognostic and 
therapeutic indicators.

Overall, our study provides a new under-
standing of how RBPs affect the tumorigenesis 
and progression of HCC and indicates that RBPs 
may be used in clinical treatment decision mak-
ing for HCC patients. Moreover, our prediction 
model based on 16 RBPs shows good perfor-
mance for survival prediction in patients with 
HCC and may present new prognostic factors 
for HCC. Nonetheless, this study has sever-
al limitations. It is designed on the basis of a 
retrospective analysis, and a prospective study 
should be performed to verify these results. In 
addition, the datasets did not provide much clin-
ical information, which may lead to an increased 
uncertainty of prediction.

Conclusions

In conclusion, we successfully constructed a 
prediction model based on 16 RBPs identified 
by bioinformatics methods that can serve as 
an independent prognostic factor for the OS of 
patients with HCC. Moreover, immune cell in-
filtration, somatic mutations and multiple signal-
ing pathways may be involved in the differential 
OS outcomes of the high- and low-risk groups. 
This study provides an innovative analysis of 
prognostic biomarkers and therapeutic targets 
for HCC.
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