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Abstract: It was reported that the expression of RNA binding proteins (RBPs) in malignant tumors is dysregulated 
and is closely related to tumorigenesis. However, some studies have confirmed the role of RBPs in gastric cancer 
(GC). We obtained data on gastric cancer in The Cancer Genome Atlas (TCGA) and Genotype-Tissue Expression 
(GTEx), and identified RBPs that are dysregulated between gastric normal and cancer tissues. Then, we systemati-
cally investigated the expression characteristics and clinical prognostic potential of these RBPs through bioinformat-
ics methods. We found 278 dysregulated RBPs in the GC, 91 of which were up-regulated and 181 were down-regu-
lated. We detected 4 hub RBPs (HNRNPL, PABPN1, PCF, SNRPN) are related to overall survival (OS), and 3 hub RBPs 
(EEF1A2, MRPS5, PCF1) are related to disease-specific survival (DSS), and furthermore, we constructed prognostic 
signatures. Analysis of the OS and DSS signature showed that the GC patients with high-risk groups have worse OS 
and DSS than the low-risk groups. The receiver operator characteristic (ROC) curves of the 5-year survival rate of 
OS and DSS prognosis signature were drawn, and the areas under the two curves were 0.62 and 0.64, respectively. 
We constructed nomograms to predict OS and DSS, and evaluated by the calibration curve, which showed the GC 
prediction ability of these two models. Furthermore, the expression of the above six genes was verified by PCR, 
which is consistent with our results.
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Introduction

Gastric cancer (GC) is a heterogeneous gastro-
intestinal disease. According to global cancer 
statistics, new cases of GC and death patholo-
gy account for approximately 5.7% and 8.2% of 
all tumors [1]. Among them, the incidence and 
mortality of gastric cancer in East Asia are 
prominent higher than other regions. In China, 
GC is a high-risk tumor disease which incidence 
is second only to lung cancer, and the mortality 
rate is lower than that of lung cancer and liver 
cancer [2]. The majority of GC patients are lack 
of screening and have no obvious symptom at 
the early stage [1, 3]. In addition, high postop-
erative recurrence rate, chemotherapy toxicity, 
drug resistance, and poor prognosis significant-
ly reduced survival ratio, especially in patients 
with advanced GC, whose five-year survival rate 
does not exceed 30% [4]. Therefore, the devel-

opment of cancer molecular biomarkers for 
diagnosis, prediction and treatment of GC is 
essential to improve quality of life and five-year 
survival rate of patients.

RNA binding proteins (RBPs) accurately recog-
nize RNA binding domains, interact with multi-
ple RNAs and participate in RNA cleavage, 
transport, sequence editing, intracellular local-
ization and translation control regulate the pro-
cess [5, 6]. Therefore, RBPs regulate cell func-
tions changes or disturbances, which may lead 
to disease. Until now, there are over 1,500 
RBPs genes have been screened and identified 
through RNA-seq screening technologies in 
cancer cells [6]. Due to different affinity or con-
centration, distinctions in RBPs expression can 
lead to erroneous interactions with target RNA, 
thereby forming erroneous RBPs complexes. 
Such RBPs can affect every post-transcriptional 
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event in the affected cells and regulate the cell 
phenotype to a pathological state. Multiple 
researches indicated that dysregulation of RBP 
expression has been observed in various hu- 
man diseases including cancer [7-9]. RBPs 
made great contribution in the origin and pro-
gression of cancer [10, 11]. They significantly 
impacted the growth and proliferation of tumor 
cells, avoided immune surveillance, induced 
angiogenesis and activated metastasis [12]. 
Although the function of RBPs in other tumors 
has been thoroughly studied, the mechanism 
of RBPs affect the progress in gastric cancer 
has not been eliminated.

In the last few decades, several studies have 
reported that the RBPs in GC are dysregulated 
and affect the expression of related proteins, 
which related to tumor progression [13, 14]. For 
instance, NF90 protein enhances its stability 
by directly binding to TMEM98 mRNA and pro-
motes GC progression [15]. PTBP3 mediates 
the variable shear of CAV1 to affect the inva-
sion and migration of GC [16]. In addition, the 
DDX6 protein acts as an RNA binding protein of 
FGFR2 and FGFR2 mRNA, and actively regu-
lates the expression of HER2 and FGFR2 in GC 
cells in the post-transcription stage [17]. These 
evidence shows that RBPs play a crucial role in 
GC, which helps us to initially understand its 
function in GC. Therefore, we integrated gastric 
cancer and normal gastric tissue sequencing 
and clinical pathology data from The Cancer 
Genome Atlas (TCGA) database and the Geno- 
type-Tissue Expression (GTEx) database, and 
analyze the abnormal expression of RBPs 
between tumor and normal samples through 
RNA-seq bioinformatics. After a systematic 
analysis, we identified a group of RBPs that are 
dysregulated in stomach adenocarcinoma (ST- 
AD) to investigate their molecular biological 
functions and potential mechanisms that affect 
STAD. Some of these RBPs may serve as poten-
tial biomarkers for STAD for accurate diagnosis 
and prognosis.

Materials and methods

Datasets and data processing

In this study, we downloaded the STAD tran-
scriptome fragments per Kilobase million (FP- 
KM) data from TCGA (https://tcga-data.nci.nih.
gov/tcga/), which contained 375 STAD tissues 
and 32 normal gastric tissues [18]. In order to 

increase the normal sample size and strength-
en comparative analysis [19], we also down-
loaded human normal tissue transcripts per 
kilobase million (TPM) data from GTEx (https://
www.gtexportal.org/) and extracted 359 nor-
mal stomach tissues [20]. We searched the 
University California Santa Cruz Xena (UCSC 
Xena, https://xena.ucsc.edu/) to identify the 
clinical data, including OS and DSS. Extract 
2005 RNA-binding proteins associated with 
tumors from RBPTD (http://www.rbptd.com/) 
[21]. For TCGA-STAD data, in order to eliminate 
the error caused by the quantitative mRNA 
abundance of FPKM in multiple samples, we 
convert FPKM to TPM for standardization [22]. 
After converting the TPM values of TCGA and 
GTEx to log (TPM + 1), use the combat function 
of “sva” R package to combine to normalization 
and remove batch effect [23]. The P-values of 
DEGs between the STAD sample of TCGA com-
bined with GTEx data and the normal sample 
was analyzed using wilcox test by the “limma” R 
package [24]. The cut-off threshold in TCGA 
combined with GTEx was |log2 fold change 
(FC)| ≥ 1.0 and false discovery rate (FDR) < 
0.05 to Identify RBPs that are differentially 
expressed in GC.

Gene ontology (GO) and kyoto encyclopedia 
of genes and genomes (KEGG) enrichment 
analysis

GO define and describe the functions of genes 
and proteins, and update the semantic vocabu-
lary standards as research continues. It covers 
three aspects of biology: cell components (CC), 
molecular functions (MF), and biological pro-
cesses (BP). KEGG helps to study genes and 
expression information as a whole network, 
and systematically analyzes the metabolic 
pathways of gene products in cells and data-
bases of the functions of these gene products. 
The online website DAVID 6.8 (https://david.
ncifcrf.gov/) was used for enrichment analysis 
[25]. The enrichment results with P-value and 
FDR value below 0.05 are considered meaning-
ful. The visual GO and KEGG enrichment results 
were performed by “GOplot” R packages [26].

Construction and analysis of protein-protein 
interaction (PPI) network

STRING is a protein interaction database, which 
used for the interaction between known pro-
teins and predicted proteins [27]. We intro-
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duced DEGs into STRING to construct the gene 
interaction network for discover the core genes. 
Then, we use Cytoscape software (version: 
3.6.1, http://www.cytoscape.org/), the biogra- 
ph visualization software to build a comprehen-
sive model of biomolecular interactions [28]. 
Cytoscape’s pluggable unit molecular complex 
detection (MCODE) is a module for screening 
PPI networks [29]. Take the cut-off degree = 2, 
cut-off point = 0.2, k-core = 2, max depth = 100 
as the network score and cluster search param-
eter settings, then analyze the key modules.

Prognostic model construction

We used the Survival R software package to 
analyze Univariate and multivariate Cox regres-
sion, and combined them to trace the OS and 
DSS correlation of all hub RBPs in key modules. 
Then, according to the results of multivariate 
Cox regression analysis, we constructed risk 
proportional models related to OS and DSS 
respectively. Subsequently, we calculated the 
risk score of each GC sample by the formula: 
Risk score = β1 × Exp1 + β2 × Exp2 + βi × Expi 
(β: coefficient value, EXP: gene expression 
level). Taking the median risk score as the 
boundary, the STAD patients were divided into 
low-risk group and high-risk group. Finally, we 
use the log-rank test to compare the OS differ-
ences between the two groups and draw the 
time-dependence receiver operating character-
istic (ROC) curve by “SurvivalROC” R package to 
evaluate the prognostic performance of these 
two models on OS and DSS [30].

Nomogram construction and verification

We used the “rms” and “survival” packages in 
R software to respectively construct a nomo-
gram composed of the hub RBPs to provide cli-
nicians with a basis for judging the prognosis of 
gastric cancer patients. Subsequently, we drew 
a calibration curve to evaluate the accuracy of 
the nomogram to predict survival.

Validation of expression level and prognostic

We analyzed the relationship between the 
expression levels of OS-related and DSS-
related RBPs in TCGA-STAD and used Kaplan-
Meier to analyze the potential of two groups of 
prognostic model hub RBPs to predict OS and 
DSS. then, we verified the expression level of 
the protein of hub RBPs in the OS and DSS 

models through the Human Protein Atlas (HPA) 
database (http://www.proteinatlas.org/) [31]. 
To further validate our research, we implement-
ed quantitative real-time PCR to detect the 
expression of RBPs that constitute the prog-
nostic signature of OS and DSS. We collected 
10 patients (n = 20) who suffered curative 
resection of gastric cancer in the Gastroin- 
testinal Surgery Department General Surgery 
Department of the Second Affiliated Hospital of 
Nanchang University, and were diagnosed as 
gastric cancer by pathology. The study com-
plied with the Declaration of Helsinki and was 
approved by the Ethics Committee of the 
Second Affiliated Hospital of Nanchang Uni- 
versity. Each patient signed an informed con-
sent form. Follow the instructions, we used 
TRIzol reagent (Invitrogen, Carlsbad CA, USA) to 
extract total RNA from frozen samples to deter-
mine the concentration and purity of RNA, and 
utilized RR047A kit (Takara, Japan) for reverse 
transcription, RR820A kit (Takara, Japan) for 
qRT-PCR, with β-actin as an internal control, 
the primer sequences are in Table S1. We cal-
culated 2^(-ΔCt) represents the expression of 
each gene and used paired t test to analyze the 
expression difference between normal and 
gastric cancer tissues.

Results

Selection of dysregulated RBPs

The role and prognostic value of relational 
RBPs in STAD was analyzed through various 
statistical calculation methods. The design dia-
gram was shown in Figure 1. Combined with 
the TCGA and GTEx databases, 375 gastric 
cancer samples and 391 non-tumor control 
samples were covered in this study. According 
to the information of RBPTD, 1936 RBPs were 
extracted for in-depth analysis. A total of 278 
RBPs (Table S2) including 97 up-regulated and 
181 down-regulated gene that met the exclu-
sion criteria of differential expression (FDR < 
0.05, |log2 FC| ≥ 1.0). A heat map and volcano 
plot for visualization were shown in Figure 2.

GO and KEGG functional enrichment analysis

We divided the different expressed RBPs into 
two groups according to the GO function enrich-
ment analysis for investigate the potential 
molecular function of them and then upload 
them to DAVID 6.8 respectively for enrichment 
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Figure 1. Whole procedures for analyzing RBPs in stomach adenocarcinoma.

analysis. The enrichment results showed that 
the up-regulated RBPs were Significantly en- 
riched in five biological processes: response to 
virus, defense response to virus, negative regu-
lation of viral genome replication, RNA splicing 
and type I interferon signaling pathway (Table 
1). Down-regulated RBPs were significantly 
enriched translational initiation, mRNA pro-
cessing, mRNA splicing via spliceosome, trans-
lation, RNA processing and others (Tables 1 
and S3). For molecular function, up-regulated 
RBPs were enriched in poly(A) RNA binding, 
RNA binding, 2’-5’-oligoadenylate synthetase 
activity, double-stranded RNA binding, nucleo-
tide binding (Table 1). The down-regulated 

RBPs were notably enriched in 6 molecular 
function such as RNA binding, poly(A) RNA bind-
ing, nucleotide binding, structural constituent 
of ribosome, mRNA binding (Tables 1 and S3). 
Cellular component analysis showed that Up- 
regulated RBPs were enriched in cytoplasm, 
nucleus, nucleoplasm, cytosol, nucleolus (Ta- 
ble 1). The down-regulated genes were signifi-
cantly enriched in 10 cellular components 
including nuclear speck, nucleoplasm, ribo-
some, nucleus, and cytoplasm. analysis showed 
that Up-regulated RBPs were enriched in cyto-
plasm, nucleus, nucleoplasm, cytosol, nucleo-
lus (Tables 1 and S3). We conducted pathway 
enrichment analysis on all identified differen-
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Figure 2. The differentially expressed in stomach adenocarcinoma. A. Heat map. B. Volcano plot.

Table 1. GO and KEGG enrichment analysis result of for differentially expressed RBPs
Expression Enrichment term P Value FDR
Up-regulated RBPs GO
    Biological processes response to virus 5.92E-09 8.80E-06

defense response to virus 2.02E-07 3.00E-04
negative regulation of viral genome replication 2.01E-06 2.98E-03
RNA splicing 2.53E-06 3.76E-03
type I interferon signaling pathway 2.11E-05 3.13E-02

    Molecular function poly(A) RNA binding 1.88E-23 2.37E-20
RNA binding 4.66E-09 5.88E-06
2’-5’-oligoadenylate synthetase activity 6.04E-07 7.62E-04
double-stranded RNA binding 9.09E-07 1.15E-03
nucleotide binding 1.78E-05 2.25E-02

    Cellular component cytoplasm 4.17E-09 5.07E-06
nucleus 4.69E-09 5.70E-06
nucleoplasm 3.06E-08 3.72E-05
cytosol 6.98E-08 8.49E-05
nucleolus 1.37E-07 1.67E-04

Down-regulated RBPs GO
    Biological processes translational initiation 6.11E-17 1.67E-13

mRNA processing 6.56E-16 9.99E-13
mRNA splicing, via spliceosome 4.56E-14 6.82E-11
translation 5.26E-12 7.88E-09
RNA processing 5.23E-13 7.83E-10

    Molecular function RNA binding 9.73E-34 1.25E-30
poly(A) RNA binding 6.65E-32 8.54E-29
nucleotide binding 5.33E-18 6.85E-15
structural constituent of ribosome 6.10E-11 7.83E-08
mRNA binding 3.95E-08 5.07E-05

    Cellular component nuclear speck 2.56E-12 3.17E-09
nucleoplasm 2.08E-11 2.57E-08
ribosome 2.47E-10 3.06E-07
nucleus 1.23E-08 1.52E-05
cytoplasm 1.86E-07 2.30E-04
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Dysregulated RBPS (KEGG)
Ribosome 1.20E-17 1.51E-15
RNA transport 9.46E-10 5.96E-08
Spliceosome 5.83E-08 2.45E-06
mRNA surveillance pathway 1.23E-07 3.87E-06
RNA degradation 3.62E-05 9.11E-04
Ribosome biogenesis in eukaryotes 1.37E-04 2.88E-03
Aminoacyl-tRNA biosynthesis 1.66E-04 2.99E-03
Influenza A 5.53E-04 8.70E-03

tially expressed RBPs. The results demonstrat-
ed that the RBPs were enriched in seven path-
ways: Ribosome, RNA transport, Spliceosome, 
mRNA surveillance pathway, RNA degradation, 
Ribosome biogenesis in eukaryotes, Aminoacyl-
tRNA biosynthesis, and Influenza (Table 1). 

PPI network construction and key modules 
screening

We further study the role of differential expres-
sion RBPs in GC by constructing a PPI network. 
We uploaded 278 RBPs to the String database, 
set the minimum required interaction score to 
0.40, and obtained a PPI network with 197 
nodes and 1484 edges (Figure 3A). We used 
the MODE tool to process PPI networks, identi-
fied the key networks and got a network com-
posed of 54 nodes and 721 edges (Figure 3B). 
GO Enrichment analysis showed that the func-
tions of these 54 genes are mainly enriched in 
poly(A) RNA binding, structural constituent of 
ribosome, nucleotide binding, RNA binding. In 
addition, biological processes are enriched in 
translation, mRNA splicing through spliceo-
somes, cytoplasmic translation (Figure 4A). 
KEGG pathway enrichment analysis indicated 
that the RBPs pathway in the core module is 
enriched in Ribosome, Spliceosome, mRNA 
surveillance pathway, RNA transport, Legione- 
llosis, Systemic lupus erythematosus (Figure 
4B).

Identification of RBPs related to prognosis

The core network extracted from the previous 
step has 54 RBPs. Using univariate Cox regres-
sion analysis, we obtained six RBPs related to 
the overall survival (OS), include: HNRNPL, 
PABPN1, PCF11, SF3B2, SNRPN, and UPF3A 
(Table 2), Thereinto, HNRNPL, PABPN1, PCF, 
SNRPN have the greatest potential prognostic 

ability (Table 2). The univariate Cox regression 
analysis of the RBPs related to DSS revealed 
that EEF1A2, HNRNPL, MRPS5, PCF11 were 
correlated with DSS (Table 3), and EEF1A2, 
MRPS5, PCF11 were independent prognostic 
factors (Table 3). 

Prognosis model construction and analysis

On account of multivariate Cox regression anal-
ysis, four OS-related RBPs were used to con-
struct a prognostic model to predict the OS of 
GC patients. The risk score of each GC patient 
is calculated based on the following formula: 
Risk score = (-2.4730 * ExpHNRNPL) + (-1.0385 
* ExpPABPN1) + (-1.6102 * ExpPCF11) + 
(0.3265 * ExpSNRPN).

In view of the risk scores, we divided 370 STAD 
patients into a high-risk group and a low-risk 
group and evaluated the predictive ability of the 
model through the survival analysis. These 
results verified that the overall survival rate of 
the high-risk group was lower than that of the 
low-risk group (Figure 5A). We further conduct-
ed ROC analysis to evaluate the prognostic per-
formance of the OS-related prognostic models 
constructed by the four RBPs and analyzed the 
ROC curve of the five-year survival rate. The 
results showed that the 5-year area under the 
ROC curve (RUC) of the OS-related model was 
0.62, proved that it had a certain predictive 
ability (Figure 5B). We also plotted the overall 
survival status, and risk scores of the four hub 
RBPs expression in the low-risk and high-risk 
groups, as shown in Figure 5C.

Besides, we draw a DSS prediction model. The 
risk scoring formula for each patient is as  
follows: Risk score = (0.1942 * ExpEEF1A2) + 
(-2.4877 * ExpMRPS5) + (-2.6142 * ExpPCF11).
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Figure 3. Protein-protein interaction network and key modules analysis. A. Protein-protein interaction network of differentially expressed RBPs. B. Key module from 
PPI network. Blue circles: down-regulation, red circles: up-regulation.
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We divided the patients into the high-risk and 
low risk groups through the risk score and con-
ducted a survival analysis. The analysis illus-
trated that the DSS of the high-risk group is 
significantly lower than that of the low-risk 
group (Figure 6A). By plotting a 5-year ROC 
curve, the AUC is 0.64, which can predict the 
DSS of patient (Figure 6B). The disease-specif-
ic survival status, and the risk scores of three 
hub RBPs in the signature were displayed in 
Figure 6C. We stated the significance of multi-
ple clinical features and overall prognosis in 

TCGA-STAD by univariate Cox regression analy-
sis. The analysis explained that risk score, age, 
stage N, stage T, and tumor stage were consid-
ered as clinicopathological features related to 
OS in STAD. Further multivariate Cox regression 
analysis emphasized that risk score and age 
were independent prognostic factors related to 
OS (Figure 5D and 5E). For DSS, based on the 
results of univariate Cox regression analysis, 
risk score, gender, stage N and tumor stage are 
related to DSS. Through multivariate Cox 
regression analysis, only risk score is an inde-

Figure 4. GO and KEGG pathway enrichment analysis of RBPs in key modules of PPI networks. A. GO. B. KEGG.
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Table 2. Univariate Cox regression analysis and multivariate Cox regression analysis to identify OS-
related hub RBPs

Gene ID
Univariate Cox regression analysis Multivariate Cox regression analysis

HR 95% CI P-value coef HR 95% CI P-value
HNRNPL 0.0279 0.0019-0.4029 0.0086 -2.4730 0.0843 0.0054-1.3234 0.0783
PABPN1 0.2576 0.0766-0.8665 0.0284 -1.0384 0.354 0.1070-1.1714 0.0890
PCF11 0.1726 0.0476-0.6253 0.0075 -1.6101 0.1999 0.0552-0.7237 0.0142
SNRPN 1.5384 1.0082-2.3475 0.0457 0.3265 1.3862 0.8835-2.1747 0.1553
SF3B2 0.0719 0.0068-0.7620 0.0288 - - - -
UPF3A 0.3779 0.1476-0.9673 0.0424 - - - -

pendent prognostic factor for DSS in patients 
with GC (Figure 6D and 6E).

Construction of nomogram according to hub 
RBPs

In order to make the risk scoring model predict 
the prognosis more accurately, we constructed 
four RBP signatures related to OS (Figure 7A) 
and three RBP signatures related to DSS 
(Figure 7C) based on multivariate Cox regres-
sion analysis Nomogram. Then we allocated 
the points in the nomogram to the RBPs in pro-
portion to each point, and draw a horizontal line 
that determines each RBP point and normal-
ized to a distribution of 0 to 100. We calculated 
the total points of each patient by adding the 
points of each RBPs in the model and plotted 
the total point axis, which supported for us to 
calculate the OS and DSS of STAD patients 
from one to five years by drawing a vertical line 
between the total point axis and each prognos-
tic axis. These studies may improve the accu-
racy of clinicians making clinical decisions for 
STAD patients. We divided the samples that 
constitute the OS and DSS-related nomograms 
into three equal parts, and drawn a 5-year cali-
bration curve to judge the prognosis of the 
nomogram. The results suggest that whether it 
is OS nomogram or DSS nomogram (Figure 7B 

and 7D), the predicted survival rate is almost 
the same as the actual survival rate, showing 
its good predictive ability.

Validation the expression of hub RBPs

The joint analysis of GTEx and TCGA 391 para-
cancerous and 375 cancer tissue data indicat-
ed that the expression of EEF1A2, HNRNPL, 
MRPS5, PABPN1, PCF11, SNRPN in tumor tis-
sue was lower than that in paracancerous tis-
sue (Figure S1). Using Kaplan-Meier to analyze 
the RBPs related to OS and DSS respectively, 
HNRNPL, PABPN1, PCF11 are the indicators to 
predict OS, and EEF1A2, MRPS5, PCF11 are 
the indicators to predict DSS (Figure S1). In 
order to further verify the protein expression of 
the seven hub RBPs related to OS and DSS in 
STAD, we used HPA immunohistochemistry 
data. Compared with normal gastric tissues, 
the expression of EEF1A2, HNRNPL, MRPS5, 
PABPN1, and SNRPN in gastric cancer was rela-
tively reduced (Figure 8A). By qRT-PCR analysis 
of the expression level of RNA in clinical surgi-
cal samples of gastric cancer patients, we 
found that the expression levels of HNRNPL, 
PABPN1, PCF11, SNRPN, EEF1A2, MRPS5 in 
gastric cancer were significantly lower than 
those in adjacent tissues (Figure 8B), the result 

Table 3. Univariate Cox regression analysis and multivariate Cox regression analysis to identify DSS-
related hub RBPs

Gene ID
Univariate Cox regression analysis Multivariate Cox regression analysis

HR 95% CI P-value coef HR 95% CI P-value
EEF1A2 1.3276 1.0698-1.6474 0.0100 0.1942 1.2143 0.9682-1.5230 0.0928
MRPS5 0.1879 0.0427-0.8275 0.0271 -2.4877 0.0831 0.0157-0.4399 0.0034
PCF11 0.1163 0.0227-0.596 0.0099 -2.6142 0.0732 0.0128-0.4192 0.0033
HNRNPL 0.0270 0.0009-0.8094 0.0374 - - - -
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Figure 5. Risk score analysis of overall survival related prognostic models and the clinicopathological prognostic 
value of OS-related prognostic model in STAD. A. Survival curve for low-risk and high-risk subgroups. B. ROC curve for 
predicting OS based on risk score. C. Expression heat map, risk score distribution, and survival status. D. Univariate 
Cox regression analysis. E. Multivariate Cox regression analysis.
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Figure 6. Risk score analysis of disease-specific survival related prognostic models and the clinicopathological prog-
nostic value of DSS-related prognostic model in STAD. A. Survival curve for low-risk and high-risk subgroups. B. ROC 
curve for predicting DSS based on risk score. C. Expression heat map, risk score distribution, and survival status. D. 
Univariate Cox regression analysis. E. Multivariate Cox regression analysis.
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Figure 7. Nomogram for predicting 1-5 year OS and DSS of STAD patients and validation. A. OS Nomogram. B. Calibration curves for the OS nomogram. C. DSS No-
mogram. D. Calibration curves for the OS nomogram.
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Figure 8. Verification of hub RBPs expression. A. HPA database. B. qRT-PCR.
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is in line with our bioinformatics analysis re- 
sults. 

Discussion

Compared with global tumor data, Chinese 
digestive system tumors still account for a large 
proportion. The incidence of GC is gradually 
increasing, and currently ranks second after 
lung cancer [2]. The main feature of malignant 
tumors is uncontrolled cell growth, which is due 
to abnormal expression of oncogenes that reg-
ulate cell proliferation and differentiation. 
Multiple studies in recent years have confirmed 
that RBPs expression is dysregulated in GC [13, 
14]. However, only a small part of the research 
on the regulatory mechanism of RBPs in GC 
which makes the expression pattern and role of 
RBPs in STAD poorly understood. In this study, 
we integrated RNA-seq data of GTEx and TCGA 
gastric and GC tissues, and identified 278 dys-
regulated RBPs. Through systematic analysis of 
related molecular functions and biological 
pathways, the PPI network of these RBPs were 
constructed. Moreover, we used univariate and 
multivariate Cox regression analysis to deter-
mine hub RBPs, and separately constructed 
OS-related risk prediction signatures com-
posed of four hub RBPs, and based on three 
hub RBPs to predict the risk model of DSS in 
STAD patients. These findings can help clinical 
practitioners develop novel biomarkers to more 
accurately predict and diagnose STAD patients.

The biological functions and molecular biologi-
cal mechanism of 278 dysregulated RBPs were 
obtained by GO and KEGG function enrichment 
analysis. Firstly, for biological process, differen-
tially expressed RBPs are mainly enriched in 
translation, RNA processing, splicing, decom-
position, and response to viruses. The occur-
rence and development of GC involve multiple 
genes and multiple pathways in harmony. The 
regulation of RNA metabolism, RNA processing, 
and translation has been shown to participate 
in the occurrence and progression of various 
human diseases and play an important role 
[32-34]. The regulation of RNA stability post-
transcription is considered to be an important 
process in gene expression. RBPs are proteins 
that enhance the stability of target mRNA and 
promote gene expression. This ability is mainly 
achieved by interacting with RNA to form a ribo-
somal protein complex. This function of RBPs 

plays an important role in the progression of 
various diseases. The stability of NF90 protein 
is enhanced by directly binding to TMEM98 
mRNA and promotes GC progression [15]. 
DDX6 protein acts as an RNA binding protein 
for FGFR2 mRNA, and actively regulates the 
expression of HER2 and FGFR2 in GC cells in 
the post-transcription step [17]. HNRNPR pro-
mote the proliferation and metastasis of GC by 
stabilizing the expression of CCNB1 and CENPF 
mRNA [35]. The potential link between Epstein-
Barr virus (EBV) and GC has passed for thirty 
years. GC associated with EBV is a specific sub-
type of GC [36]. Multiple reports indicated that 
RBPs regulates EBV mRNA transcription [37, 
38]. But the relationship between RBPs, EBV 
and GC is not clear. In terms of molecular func-
tion, RBPs can combine with RNA and nucleo-
tides including poly(A) RNA, mRNA, double-
stranded RNA to perform its function. In addi-
tion, it has structural constituent of ribosome 
and 2’-5’-oligoadenylate synthetase activity. 
The ribosome is a key organelle for protein syn-
thesis. Mutations in ribosomal proteins regu-
late p53 translation and activity, ultimately 
leading to disease and cancer [39]. The 2’-5’oli-
goadenylate synthase is closely related to the 
viral response, which may be related to EBV-
related GC. KEGG pathway analysis showed 
that they are mainly enriched in Ribosome,  
RNA transport, spliceosome, RNA degradation, 
mRNA surveillance pathway, ribosome biogen-
esis in eukaryotes, aminoacyl-tRNA biosynthe-
sis and other pathways to affect the develop-
ment of GC.

We constructed a PPI network of 278 dysregu-
lated RBPs and obtained a key module contain-
ing 54 hub RBPs. Despite the connection 
between these differentially expressed RBP 
and GC is uncertain, it is reported that some 
RBPs are related to other malignant tumors. 
For example, KIF11 can enhance the character-
istics of breast cancer stem cells by activating 
the Wnt/β-catenin signaling pathway to facili-
tate the self-renewal of breast cancer cells 
[44]. KPNA2 accelerates metabolic reprogram-
ming of glioblastoma by regulating c-myc sig-
naling axis [45] and promote the proliferation 
and tumorigenicity of epithelial ovarian cancer 
through the c-Myc pathway and FOXO3a [46]. 
EZH2 silently recruits the non-coding RNA 
PHACTR2-AS1 of histone methyltransferase 
SUV39H1, resulting in excessive activation of 
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ribosomal synthesis and instability of ribosom-
al DNA, thereby promoting the proliferation and 
metastasis of cancer cells [47]. The hub RBP in 
key models also plays an essential role in 
tumors. RPL22L1 and RPS21 have been identi-
fied as candidate biomarkers for diagnosis and 
prognosis of prostate cancer [40]. Colorectal 
cancer was confirmed that RPL22L1 is associ-
ated with poor prognosis and induces 5-FU 
resistance [41]. In ovarian cancer, RPL22L1 
can trigger epithelial-mesenchymal transition 
and promote tumor metastasis [42]. Studies in 
non-small cell carcinoma have shown that the 
core component of spliceosome SNRPB can 
formally regulate RAB26 alternative splicing 
and mRNA expression through the pathway by 
promoting tumor progression [43]. PPI network 
key module analysis showed that STAD is relat-
ed to intracellular ribonucleoprotein complex, 
poly(A) RNA binding, RNA binding, structural 
constituent of ribosome, nucleotide binding, 
translation, MRNA splicing through spliceo-
somes, cytoplasmic translation.

We determined the center point RBP based on 
the results of univariate Cox regression analy-
sis combined with the results of multivariate 
Cox regression analysis. Four OS-related hub 
RBPs (HNRNPL, PABPN1, PCF11, and SNRPN) 
and three DSS-related (ESS1A2, MRPS5, and 
PCF11) were identified. Although these hub 
RBPs have not been reported in GC, studies 
have shown that they are associated with other 
tumors. PABPN1 is an inhibitor of Alternative 
Polyadenylation, and its down-regulation in 
lung cancer promotes tumor invasion by releas-
ing cancer cells from microRNA-mediated gene 
regulation [48]. SNRPN is a key component of 
the spliceosome and considered to be a crucial 
factor for tumor growth in pancreatic cancer 
cells, promoting tumor proliferation [49]. 
Translation elongation factor EEF1A2 inhibits 
the activity of RNA-dependent protein kinase 
PKR and promotes tumor cell survival [50]. 
These evidences are consistent with the results 
of our analysis. ROC curve analysis showed that 
the two risk models have moderate diagnostic 
ability and can predict the prognosis of STAD 
patients. Furthermore, we established nomo-
grams to predict OS and DSS separately to help 
clinicians more intuitively predict operating sys-
tems from one to five years the 5-year calibra-
tion curve shows a good predictive power of 
these two nomograms. Through the qRT-PCR 

and HPA database, we verified the expression 
of RNA and protein levels of these six genes, 
which is consistent with the results of our GTEx 
and TCGA analysis, suggesting that the OS and 
DSS prognostic models we constructed have 
potential value in adjusting the treatment plan 
of GC patients.

Overall, we have constructed a prediction 
model based on four genes for OS and a predic-
tion model based on three genes for DSS, 
which has favourable prediction performance, 
which helps to develop new STAD prognostic 
indicators. The gene signatures associated 
with RBPs revealed vital biological functions, 
which indicated that they can potentially be 
used for clinical adjuvant therapy. However, our 
research has some deficiencies. First of all, the 
GC RNA-seq data of our prediction model only 
comes from the TCGA database and has not 
been verified in other databases and clinical 
cohorts. Secondly, the lack of certain clinical 
information in the TCGA dataset may lead to 
the reliability of multivariate Cox regression 
analysis. Finally, this study is based on retro-
spective analysis, and prospective studies 
should be conducted to further verify the 
results.
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Table S2. Differentially expressed RBPs
gene ID Ensembl ID logFC
MIF ENSG00000240972 4.616325982
TOP2A ENSG00000131747 3.780138749
PCLAF ENSG00000166803 2.909026111
KIF11 ENSG00000138160 2.828095106
ANPEP ENSG00000166825 2.592736520
OAS3 ENSG00000111331 2.532086750
GNL3L ENSG00000130119 2.394930327
OAS2 ENSG00000111335 2.260364170
OAS1 ENSG00000089127 2.259666074
KPNA2 ENSG00000182481 2.191198016
TTK ENSG00000112742 2.068519883
PCNA ENSG00000132646 2.064532744
TUBA1C ENSG00000167553 1.972380080
KIF18A ENSG00000121621 1.917793746
CDKN2A ENSG00000147889 1.902969785
ESPL1 ENSG00000135476 1.887876525
CPS1 ENSG00000021826 1.789897773
ESRP1 ENSG00000104413 1.788758090
PTBP3 ENSG00000119314 1.786968807
APOBEC3B ENSG00000179750 1.685290903
PABPC3 ENSG00000151846 1.668353769
PABPC1 ENSG00000070756 1.660865269
SNRPB ENSG00000125835 1.613898815
GAPDH ENSG00000111640 1.584521653
MEX3D ENSG00000181588 1.561257398
IFIT3 ENSG00000119917 1.557153351
IGF2BP2 ENSG00000073792 1.535325206
HELZ2 ENSG00000130589 1.532080365
BRCA1 ENSG00000012048 1.510973055
SNRPD1 ENSG00000167088 1.483109456
IGF2BP3 ENSG00000136231 1.477366070
ZC3HAV1L ENSG00000146858 1.463111431
MOCOS ENSG00000075643 1.452246364
APOBEC1 ENSG00000111701 1.415989122
CASK ENSG00000147044 1.415410801
RPL28 ENSG00000108107 1.414092246
RNASE6 ENSG00000169413 1.395210872
TUBB ENSG00000196230 1.373873340

Table S1. Primer sequence used in this study
Gene name Forward primer Reverse primer
ACTB 5’-CACCATTGGCAATGAGCGGTTC-3’ 5’-AGGTCTTTGCGGATGTCCACGT-3’
HNRNPL 5’-TCGATCACCACGGATGTTCTT-3’ 5’-AAGCGTGTAGGCTTTGCGT-3’
PABPN1 5’-GGAGCTGGAAGCTATCAAAGC-3’ 5’-CCTGGAGGTGGACTCATATTCA-3’
PCF11 5’-GTTGGAAGAGAGTATCTCACTGC-3’ 5’-GCTAGACGTATTCACATTGGGG-3’
SNRPN 5’-GCCGAATCTTCATTGGCACCTTT-3’ 5’-TCTTCACGCTCTGGTTGCTTCG-3’
EEF1A2 5’-CCATGTGTGTGGAGAGCTTCTC-3’ 5’-TCTCCACGTTCTTGATGACGCC-3’
MRPS5 5’-CTGTGGAAAGGCGCTTTAGC-3’ 5’-TTCACCAATGATCTGACCCCT-3’
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PFN1 ENSG00000108518 1.358413240
EIF2AK2 ENSG00000055332 1.348743065
AKAP17A ENSG00000197976 1.348467930
NUP155 ENSG00000113569 1.346807169
SRPK1 ENSG00000096063 1.342565885
PLP2 ENSG00000102007 1.325721311
IER5L ENSG00000188483 1.322065329
EZH2 ENSG00000106462 1.321904566
NXT2 ENSG00000101888 1.315857633
ZNFX1 ENSG00000124201 1.311757002
RPL22L1 ENSG00000163584 1.310904721
CSTF2 ENSG00000101811 1.289547926
PRKDC ENSG00000253729 1.274612839
CAPRIN1 ENSG00000135387 1.241542365
RPP25 ENSG00000178718 1.230962338
MAZ ENSG00000103495 1.229319139
FAM120A ENSG00000048828 1.226802301
RPS21 ENSG00000171858 1.213074227
RBM47 ENSG00000163694 1.207467660
SSR1 ENSG00000124783 1.195441405
RPL39 ENSG00000198918 1.187617993
TRUB1 ENSG00000165832 1.185852379
IFIT2 ENSG00000119922 1.178894453
PATL1 ENSG00000166889 1.175041875
RSRC1 ENSG00000174891 1.171468008
SNRPB2 ENSG00000125870 1.165931778
MBNL3 ENSG00000076770 1.160002237
AIMP2 ENSG00000106305 1.154779808
TWISTNB ENSG00000105849 1.152455517
TOP1 ENSG00000198900 1.144230602
DDX21 ENSG00000165732 1.131260099
ESF1 ENSG00000089048 1.122798413
POLR2K ENSG00000147669 1.120274125
SPATS2L ENSG00000196141 1.118545281
ASCC3 ENSG00000112249 1.116554595
WARS ENSG00000140105 1.114064564
ZC3H13 ENSG00000123200 1.112378830
CCRN4L ENSG00000151014 1.103450358
CAPG ENSG00000042493 1.101818965
ZC3HAV1 ENSG00000105939 1.095593967
WDR43 ENSG00000163811 1.094079041
CFL1 ENSG00000172757 1.085746608
CTU1 ENSG00000142544 1.085431328
RPL23A ENSG00000198242 1.081272651
KIF2A ENSG00000068796 1.081112037
EIF6 ENSG00000242372 1.080196789
CAD ENSG00000084774 1.068402517
SNRPF ENSG00000139343 1.067720608
MRPL14 ENSG00000180992 1.049919302
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IQGAP1 ENSG00000140575 1.049011091
ADAT1 ENSG00000065457 1.042422536
TMPO ENSG00000120802 1.027480113
ZFP36L2 ENSG00000152518 1.025828039
A1CF ENSG00000148584 1.014459224
KPNA3 ENSG00000102753 1.006785997
MRPS35 ENSG00000061794 1.006056703
LSM12 ENSG00000161654 1.002559199
MAP1S ENSG00000130479 1.001714153
OASL ENSG00000135114 1.001636952
DALRD3 ENSG00000178149 -1.001342234
SFSWAP ENSG00000061936 -1.010418679
LRRFIP2 ENSG00000093167 -1.011389492
ABCF3 ENSG00000161204 -1.011816163
UNKL ENSG00000059145 -1.014432598
SRRM2 ENSG00000167978 -1.015113563
PCF11 ENSG00000165494 -1.016758059
HNRNPL ENSG00000104824 -1.018949233
RNASEH2C ENSG00000172922 -1.022081588
MRPS25 ENSG00000131368 -1.025229201
SF3B2 ENSG00000087365 -1.029326564
GKAP1 ENSG00000165113 -1.037233457
MCAM ENSG00000076706 -1.038100851
FNBP4 ENSG00000109920 -1.047688101
RPL3 ENSG00000100316 -1.057609154
RPS25 ENSG00000118181 -1.057609297
HABP4 ENSG00000130956 -1.057770014
SMAD9 ENSG00000120693 -1.065737823
FAM98C ENSG00000130244 -1.068728919
SRP68 ENSG00000167881 -1.072442698
DUS1L ENSG00000169718 -1.075515232
DZIP1 ENSG00000134874 -1.078483833
PRDX2 ENSG00000167815 -1.082253175
ZCCHC24 ENSG00000165424 -1.094368459
KHNYN ENSG00000100441 -1.098960912
CPEB1 ENSG00000214575 -1.100570707
SREK1 ENSG00000153914 -1.104776762
DGCR8 ENSG00000128191 -1.107347716
ZRSR1 ENSG00000212643 -1.111987204
EXOSC7 ENSG00000075914 -1.114726925
RNF214 ENSG00000167257 -1.120780664
DUSP1 ENSG00000120129 -1.122949224
RPUSD4 ENSG00000165526 -1.124053188
RPL24 ENSG00000114391 -1.124448919
PNN ENSG00000100941 -1.128915968
YBX3 ENSG00000060138 -1.133205695
ENO3 ENSG00000108515 -1.133943228
TRMT2A ENSG00000099899 -1.134265998
VARS2 ENSG00000137411 -1.136219092
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IFRD1 ENSG00000006652 -1.136303582
LUC7L3 ENSG00000108848 -1.139296412
DDX42 ENSG00000198231 -1.156036735
KHDRBS3 ENSG00000131773 -1.164175577
PPWD1 ENSG00000113593 -1.166196155
RBM20 ENSG00000203867 -1.168551751
RBPMS ENSG00000157110 -1.170810166
UPF3A ENSG00000169062 -1.182980948
RPSA ENSG00000168028 -1.183567962
TIMM44 ENSG00000104980 -1.204468629
RPL26 ENSG00000161970 -1.208759051
RPS16 ENSG00000105193 -1.214222057
MTERF4 ENSG00000122085 -1.214515832
FIP1L1 ENSG00000145216 -1.220495176
NSA2 ENSG00000164346 -1.221942663
DDX3Y- ENSG00000067048 -1.229846910
RSRC2 ENSG00000111011 -1.236127166
NOL3 ENSG00000140939 -1.237009104
MRPS6 ENSG00000243927 -1.237231750
AKR1B1 ENSG00000085662 -1.237277781
C11orf58 ENSG00000110696 -1.245626594
PCBP4 ENSG00000090097 -1.251727031
EEF1D ENSG00000104529 -1.253346870
RPLP1 ENSG00000137818 -1.256042596
CAPRIN2 ENSG00000110888 -1.260259924
ADARB1 ENSG00000197381 -1.263713353
WDR83 ENSG00000123154 -1.268084039
TRPT1 ENSG00000149743 -1.282488567
THOC1 ENSG00000079134 -1.283713908
ANG ENSG00000214274 -1.292762298
NKX6-2 ENSG00000148826 -1.294552392
SPG20 ENSG00000133104 -1.296132917
HARS ENSG00000170445 -1.299155062
EIF3L ENSG00000100129 -1.315410291
MATR3 ENSG00000015479 -1.321112054
TOP3B ENSG00000100038 -1.339719523
RPS4Y1 ENSG00000129824 -1.346938672
CSDC2 ENSG00000172346 -1.349408084
PTPRM ENSG00000173482 -1.361638474
FGF2 ENSG00000138685 -1.369726811
QTRT1 ENSG00000213339 -1.373321530
L1CAM ENSG00000198910 -1.379817265
SAFB ENSG00000160633 -1.384041024
EIF1B ENSG00000114784 -1.384679909
DDX26B ENSG00000165359 -1.385280599
RPS13 ENSG00000110700 -1.387911154
HPSE2 ENSG00000172987 -1.394976075
RBM39 ENSG00000131051 -1.400040668
PTGS1 ENSG00000095303 -1.400657506
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HNRNPUL2 ENSG00000214753 -1.416150565
NXF1 ENSG00000162231 -1.417490958
EWSR1 ENSG00000182944 -1.419740147
PRPF39 ENSG00000185246 -1.425456258
RPL10 ENSG00000147403 -1.447258173
PCBP2 ENSG00000197111 -1.450334238
RPS27A ENSG00000143947 -1.455386974
DDX17 ENSG00000100201 -1.456848495
CTIF ENSG00000134030 -1.485382424
RAP1GAP2 ENSG00000132359 -1.501150227
NDRG1 ENSG00000104419 -1.501476804
WDR61 ENSG00000140395 -1.505101600
EIF2B4 ENSG00000115211 -1.514657591
SUGP2 ENSG00000064607 -1.517801795
GATB ENSG00000059691 -1.537233085
DRG2 ENSG00000108591 -1.545938156
SDHA ENSG00000073578 -1.575015171
SPARCL1 ENSG00000152583 -1.591361752
METTL3 ENSG00000165819 -1.595485901
HNRNPH1 ENSG00000169045 -1.599533276
WIPF3 ENSG00000122574 -1.600966650
MRPS5 ENSG00000144029 -1.619964609
SRSF9 ENSG00000111786 -1.621080801
WDR19 ENSG00000157796 -1.629942646
EPHB6 ENSG00000106123 -1.634397189
RPL34 ENSG00000109475 -1.638581769
HIP1R ENSG00000130787 -1.642950635
EIF3G ENSG00000130811 -1.643036820
REXO2 ENSG00000076043 -1.647302960
KIAA0391 ENSG00000100890 -1.652030440
CLK4 ENSG00000113240 -1.700558827
LARP6 ENSG00000166173 -1.742770428
TUT1 ENSG00000149016 -1.750415458
PDCD4 ENSG00000150593 -1.751064128
MYEF2 ENSG00000104177 -1.795808329
EIF4A2 ENSG00000156976 -1.809176877
AFF3 ENSG00000144218 -1.817523556
CLASRP ENSG00000104859 -1.842135493
PABPN1 ENSG00000100836 -1.857077442
SNRPN ENSG00000128739 -1.864782066
PAN2 ENSG00000135473 -1.869587528
PRPF40B ENSG00000110844 -1.948260521
PPAN ENSG00000130810 -1.960202878
AKAP8L ENSG00000011243 -1.982599571
RPL9 ENSG00000163682 -1.996051867
ZGPAT ENSG00000197114 -1.996446683
VKORC1 ENSG00000167397 -2.005882106
PSMD9 ENSG00000110801 -2.045059573
SARS2 ENSG00000104835 -2.049979488
ARHGEF28 ENSG00000214944 -2.054174771
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SIDT2 ENSG00000149577 -2.086031483
LUC7L ENSG00000007392 -2.094979656
CLK1 ENSG00000013441 -2.095794644
RASD1 ENSG00000108551 -2.119030825
SNRNP70 ENSG00000104852 -2.129182590
RBM6 ENSG00000004534 -2.129798401
PAIP2B ENSG00000124374 -2.152251356
OBSL1 ENSG00000124006 -2.158659894
LAMA2 ENSG00000196569 -2.170359947
SRSF5 ENSG00000100650 -2.172722112
MRPL46 ENSG00000259494 -2.175444195
RBM5 ENSG00000003756 -2.175649321
GLTSCR2 ENSG00000105373 -2.190032289
U2AF1L4 ENSG00000161265 -2.198950647
ZMAT5 ENSG00000100319 -2.255857690
PTRH1 ENSG00000187024 -2.281115845
HSPB8 ENSG00000152137 -2.319452253
RBPMS2 ENSG00000166831 -2.360506693
RPS19BP1 ENSG00000187051 -2.366509504
EEF1A2 ENSG00000101210 -2.374326718
CIRBP ENSG00000099622 -2.384140637
IPO4 ENSG00000196497 -2.386449010
NDRG2 ENSG00000165795 -2.389290213
AZGP1 ENSG00000160862 -2.451177416
APOBEC2 ENSG00000124701 -2.492289244
CELF6 ENSG00000140488 -2.502476247
CTAGE5 ENSG00000150527 -2.578420036
MRPL38 ENSG00000204316 -2.595650246
RBM4 ENSG00000173933 -2.833868810
MRPS24 ENSG00000062582 -3.126963746
AARSD1 ENSG00000266967 -3.369139778
ANKHD1 ENSG00000131503 -3.478214046
PSMA6 ENSG00000100902 -3.515921976
MYH11 ENSG00000133392 -3.624940586
RPL17 ENSG00000265681 -3.650876147
TXNDC5 ENSG00000239264 -3.664767164
RNASEK ENSG00000219200 -3.756526270
AKAP2 ENSG00000241978 -3.918699989
RNASE4 ENSG00000258818 -4.379672757
SARNP ENSG00000205323 -4.519438989
EIF4A1 ENSG00000161960 -5.240499775
ARL6IP4 ENSG00000182196 -6.028148457
EEF1G ENSG00000254772 -7.938209368
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Table S3. GO and KEGG enrichment analysis of differentially expressed RBPs
Category Enrichment term P Value FDR
GO enrichment analysis for up-regulation RBPs

    GOTERM_BP_DIRECT response to virus 5.92E-09 8.80E-06

    GOTERM_BP_DIRECT defense response to virus 2.02E-07 3.00E-04

    GOTERM_BP_DIRECT negative regulation of viral genome replication 2.01E-06 2.98E-03

    GOTERM_BP_DIRECT RNA splicing 2.53E-06 3.76E-03

    GOTERM_BP_DIRECT type I interferon signaling pathway 2.11E-05 3.13E-02

    GOTERM_CC_DIRECT cytoplasm 4.17E-09 5.07E-06

    GOTERM_CC_DIRECT nucleus 4.69E-09 5.70E-06

    GOTERM_CC_DIRECT nucleoplasm 3.06E-08 3.72E-05

    GOTERM_CC_DIRECT cytosol 6.98E-08 8.49E-05

    GOTERM_CC_DIRECT nucleolus 1.37E-07 1.67E-04

    GOTERM_MF_DIRECT poly(A) RNA binding 1.88E-23 2.37E-20

    GOTERM_MF_DIRECT RNA binding 4.66E-09 5.88E-06

    GOTERM_MF_DIRECT 2’-5’-oligoadenylate synthetase activity 6.04E-07 7.62E-04

    GOTERM_MF_DIRECT double-stranded RNA binding 9.09E-07 1.15E-03

    GOTERM_MF_DIRECT nucleotide binding 1.78E-05 2.25E-02

GO enrichment analysis for down-regulation RBPs 

    GOTERM_BP_DIRECT translational initiation 6.11E-17 1.67E-13

    GOTERM_BP_DIRECT mRNA processing 6.56E-16 9.99E-13

    GOTERM_BP_DIRECT mRNA splicing, via spliceosome 4.56E-14 6.82E-11

    GOTERM_BP_DIRECT SRP-dependent cotranslational protein targeting to membrane 3.34E-13 5.01E-10

    GOTERM_BP_DIRECT RNA processing 5.23E-13 7.83E-10

    GOTERM_BP_DIRECT nuclear-transcribed mRNA catabolic process, nonsense-mediated decay 5.78E-13 8.66E-10

    GOTERM_BP_DIRECT translation 5.26E-12 7.88E-09

    GOTERM_BP_DIRECT RNA splicing 6.36E-12 9.53E-09

    GOTERM_BP_DIRECT viral transcription 6.21E-11 9.31E-08

    GOTERM_BP_DIRECT rRNA processing 2.65E-09 3.97E-06

    GOTERM_BP_DIRECT mRNA 3’-end processing 8.52E-06 1.28E-02

    GOTERM_BP_DIRECT mRNA splice site selection 1.85E-05 2.76E-02

    GOTERM_BP_DIRECT mitochondrial translation 2.40E-05 3.59E-02

    GOTERM_CC_DIRECT nuclear speck 2.56E-12 3.17E-09

    GOTERM_CC_DIRECT nucleoplasm 2.08E-11 2.57E-08

    GOTERM_CC_DIRECT ribosome 2.47E-10 3.06E-07

    GOTERM_CC_DIRECT nucleus 1.23E-08 1.52E-05

    GOTERM_CC_DIRECT cytoplasm 1.86E-07 2.30E-04

    GOTERM_CC_DIRECT U2-type prespliceosome 2.87E-07 3.56E-04

    GOTERM_CC_DIRECT nucleolus 5.27E-07 6.53E-04

    GOTERM_CC_DIRECT U1 snRNP 5.32E-07 6.59E-04

    GOTERM_CC_DIRECT cytosolic large ribosomal subunit 2.27E-06 2.82E-03

    GOTERM_CC_DIRECT cytosolic small ribosomal subunit 3.91E-06 4.84E-03

    GOTERM_MF_DIRECT RNA binding 9.73E-34 1.25E-30

    GOTERM_MF_DIRECT poly(A) RNA binding 6.65E-32 8.54E-29

    GOTERM_MF_DIRECT nucleotide binding 5.33E-18 6.85E-15

    GOTERM_MF_DIRECT structural constituent of ribosome 6.10E-11 7.83E-08

    GOTERM_MF_DIRECT mRNA binding 3.95E-08 5.07E-05

    GOTERM_MF_DIRECT nucleic acid binding 8.76E-08 1.13E-04

KEGG enrichment analysis for dysregulated RBPs 

    KEGG PATHWAY Ribosome 1.20E-17 1.51E-15

    KEGG PATHWAY RNA transport 9.46E-10 5.96E-08

    KEGG PATHWAY Spliceosome 5.83E-08 2.45E-06

    KEGG PATHWAY mRNA surveillance pathway 1.23E-07 3.87E-06

    KEGG PATHWAY RNA degradation 3.62E-05 9.11E-04

    KEGG PATHWAY Ribosome biogenesis in eukaryotes 1.37E-04 2.88E-03

    KEGG PATHWAY Aminoacyl-tRNA biosynthesis 1.66 E-04 2.99E-03

    KEGG PATHWAY Influenza A 5.53 E-04 8.70E-03
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Figure S1. TCGA combined with GTEx database to analyze the expression and prognosis of OS and DSS-related hub RBP. A. The expression of six hub RBPs in gastric 
cancer tissues was lower than that in normal tissues. B. The relationship between OS-related hub RBPs and the overall survival. C. The relationship between DSS-
related hub RBPs and disease-specific survival.


