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1. Introduction

Bladder cancer (BLCA) refers to malignant tumors that occur in the bladder
mucosa. It is a common malignant tumor of the urinary system, and its morbid-
ity and mortality have been on the rise in recent years [1] [2]. Early-stage blad-
der cancer has a better prognosis, but it is easy to recur and develop into mus-
cle-invasive bladder cancer (muscle-invasive bladder cancer, MIBC). In addi-
tion, MIBC has strong invasive and metastatic ability and poor prognosis, with a
5-year survival rate of less than 50% [3] [4]. Therefore, there is an urgent need to
identify early diagnostic biomarkers and prognostic indicators to improve treat-
ment outcomes and survival in bladder cancer.

RNA-binding proteins (RBPs) interact with RNAs to form ribonucleoprotein
complexes that regulate RNA expression and function [5]. As an important player
in post-transcriptional regulation, RBP is involved in almost all post-transcriptional
regulatory processes, including RNA splicing, translation, transport, localization,
degradation and stabilization [6]. RBP dysregulation has been reported in a va-
riety of cancers, affecting tumorigenesis and progression [6]. However, the role
of RBP-related mechanisms in cancer development remains uncertain. There-
fore, clarifying the role of RBPs in BLCA will help us better understand tumor
pathogenesis and develop prognostic and response biomarkers.

Previously, most studies have focused on the correlation between a single or
limited number of RBPs and BLCA. A comprehensive study of RBP function will
help us fully understand its role in BLCA. Therefore, this study downloaded
RNA-seq data and corresponding clinical information on BLCA from The Can-
cer Genome Atlas (TCGA) database to screen for RBPs differentially expressed
between tumor and normal samples. Subsequently, a series of bioinformatic
analysis methods were performed based on these differential RBPs, and 6 inde-
pendent prognostic RBPs were finally identified, which were then used to con-
struct a prognostic survival model. The results of this study may contribute to
the establishment of an RBP-based prognostic assessment model for BLCA pa-

tients.

2. Materials and methods

1) Data processing. The RNA sequence and corresponding clinical data were
downloaded from the TCGA database (https://portal.gdc.cancer.gov/), including

19 normal samples and 414 BLCA samples. We use the limma software package
(http://www.bioconductor.org/packages/release/bioc/html/limma.html) for analy-
sis. By using the criteria of false discovery rate (FDR) < 0.05 and |log2 fold
change (FC)| > 1, differentially expressed RBPs were screened.

2) GO enrichment analysis and KEGG pathway. Through GO enrichment and
KEGG pathway analysis (using R package DOSE, cluster profile, rich plot,
ggplot2, etc.), the biological functions of differentially expressed RBP were sys-
tematically checked. Both P and FDR values < 0.05 were considered statistically

significant.
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3) Protein-protein interaction (PPI) network construction and module
screening. Submit RBPs with different expressions to the STRING database
(http://www.string-db.org/) to detect PPI [7]. Then use Cytoscape 3.7.0 to build
and visualize the PPI network. The Molecular Complexity Detection (MCODE)
plug-in is used to screen the key modules whose MCODE score and node count

are both > 5 [8] from the PPI network. P < 0.05 was considered statistically sig-
nificant.

4) Prognostic model construction. Through univariate and multivariate Cox
regression, six independent prognostic-related RBPs were determined. Then, a
risk-scoring model was constructed based on the expression levels and coefficients
of the RBP of the six hubs. Use the following formula to calculate the risk score
of each BLCA patient: risk score = g * Expl + £ * Exp2 + B * Exp, where
represents independent prognostic-related RBP, and the coefficient value profi-
cient represents the expression level of RBP independent of prognosis, I
Represents the i-th center RBP.

5) Verify the prognostic value and expression level of central RBP. The prog-
nostic value of the 6 RBPs in BLCA was evaluated by using the log-rank test to
draw the Kaplan-Meier survival curve. The human protein atlas (HPA) online da-
tabase (http://www.proteinatlas.org/) is used to study the differential expression of
6 hubs RBPs at the protein level between tumor tissues and normal tissues.

3. Results

1) Screening of differentially expressed RBP. We obtained RNA sequencing
data and clinical information from the TCGA database, which contains 414 BLCA
tissues and 19 normal tissues. In this study, the expression value of 1542 RBP was
analyzed [9]. Using the DEseq software package meeting the P < 0.05 and |log2
FC)| > 1.0 criteria, a total of 385 differentially expressed RBPs were identified,
including 218 up-regulated and 167 down-regulated RBPs. The heat map and
volcano map of these differentially expressed RBPs are shown in Figure 1.

2) The enrichment analysis of GO and KEGG pathways of differentially ex-
pressed RBP. In order to study the potential functions and mechanisms of the
identified RBP, we divided these differentially expressed RBPs into up-regulated
and down-regulated groups and conducted enrichment analysis of GO and
KEGG pathways. GO enrichment analysis shows that the biological processes of
up-regulated RBPs are mainly concentrated in ncRNA metabolism and processing
and tRNA metabolism, while down-regulated RBPs are mainly enriched in RNA
splicing and regulation and cellular amide metabolism. Cell component analysis
showed that both up-regulated and down-regulated RBPs are mainly rich in cy-
toplasmic ribonucleoprotein and ribonucleoprotein particles. Molecular func-
tion analysis showed that up-regulated RBPs enriched catalytic activity to a large
extent and acted on RNA and ribonuclease activities; at the same time,
down-regulated RBPs were mainly enriched in translation factor regulatory ac-

tivities and activities and RNA binding. KEGG pathway enrichment analysis
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Figure 1. (a) Differential RBPs; (b) 218 up-regulated and 167 down-regulated.

showed that up-regulated RBP was significantly enriched in RNA transport, spli-
ceosomes, and ribosomes, while down-regulated RBP was enriched in messenger
RNA monitoring pathways and RNA transport and degradation.

3) PPI network construction and key module screening. In order to further
explore the role of differential RBP in BLCA, based on the STRING database,
Cytoscape was used to establish a PPI network with 373 nodes and 4062 edges.
Subsequently, we used the MODE tool to analyze the co-expression network to
identify potential key modules. The most important modules include 104 nodes
and 1151 edges. KEGG pathway analysis shows that RBP in these key modules is
enriched in eukaryotes, spliccosomes, mRNA monitoring pathways, RNA poly-
merase, cytoplasmic DNA sensing pathways, RNA transport, RNA degradation,
and ribosomes.

4) Identifying RBPs Related to Prognosis. A total of 373 key differential RBPs
were screened from the PPI network. To determine the association between RBP
and the prognosis of BLCA patients, univariate Cox regression analysis was per-
formed to assess the prognostic value of these key differential RBPs. These iden-
tified RBPs identified 23 central RBPs (Figure 2(a)). Subsequently, a multiva-
riate Cox regression analysis was performed to further analyze these 23 RPBs,
and the results showed that the 6 central RBPs are independent prognostic indi-
cators for BLCA patients (Figure 2(b)).

5) Construction and analysis of prognostic-related risk scoring models. We
established a prognostic-related risk scoring model based on 6 independent
prognostic-related RBPs. In the model, we calculate the risk score of each BLCA
patient according to the following formula: risk score = 5 x Expl + B, x Exp2 +

S x Expi, where S is the regression coefficient and Exp is the expression level.
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Figure 2. (a) RBP associated with BC prognosis in univariate Cox regression analysis; (b) RBP associated with BC prognosis in

multivariate Cox regression analysis.

According to the median risk score in the formula, the training group is divided
into low-risk and high-risk cohorts. Thereafter, according to the median of the
training group and the risk score in the formula, the test group was also divided
into low-risk and high-risk cohorts. The results of the training group showed
that the OS of the high-risk group had poorer OS for the lower-risk group
(Figure 3). ROC analysis showed the prognostic value of RBP in 6 centers. The
area under the ROC curve (AUC) of the training group model was 0.721 (Figure
4(a)), indicating that it has better diagnostic capabilities. In order to assess wheth-
er the risk scoring model has the same prognostic significance in the test group,
the same formula is used in the test group. It was found that the OS of the
high-risk group was poorer than that of the low-risk group (Figure 3), and the
area under the ROC curve was 0.685 (Figure 4(b)). Therefore, it suggests that
the model has better sensitivity and specificity for prognosis.

6) Assessing the prognostic value of clinical parameters. Cox regression analy-
sis is used to evaluate the impact of different clinical characteristics on the

prognosis of BLCA patients. Univariate Cox regression analysis results showed
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Figure 3. Survival curves of low-risk and high-risk subgroups.
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Figure 4. ROC curves for predicting OS based on risk score.

that in the training group and the test group, age, stage, and risk score were all
related to the OS of BLCA patients (Figure 5). The results of multivariate Cox
regression analysis showed that age, stage, and risk score were independent

prognostic factors related to OS in the training and testing groups (Figure 5).

4. Discussions

Despite recent promising results in early diagnosis and multimodal treatment of
bladder cancer, metastatic disease is often incurable and its 5-year survival rate is
still only 15% [10]. Metastasis and recurrence are the main causes of death in
bladder cancer patients, especially MIBC [11]. Therefore, it is of great signific-
ance to further understand the molecular mechanism of bladder cancer and de-

velop effective early screening and diagnosis methods to improve the treatment
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Figure 5. Results of univariate independent analysis (left) and multivariate independent analysis (right) of train group (a) and test

(b).

effect and quality of life of patients. In this study, we first screened 385 RBPs that
were differentially expressed between BLCA and normal tissues from the TCGA
database. Then, we systematically analyzed the biological pathways of these dif-
ferential RBPs and constructed a PPI network. Subsequently, we performed un-
ivariate and multivariate Cox regression analyses to further identify 6 indepen-
dent RBPs associated with prognosis. To further understand their biological
functions and clinical significance, we also performed survival and ROC analysis
on the 6 hub RBPs. Finally, we constructed a risk model based on these 6 prog-
nostic center RBPs to predict the prognosis of BLCA patients. Our findings may
provide new biomarkers for prognostic assessment of BLCA patients.

In our study, BLCA RNA sequencing data were integrated to identify DERBP
between bladder cancer tissue and normal bladder tissue. Univariate Cox regression
analysis was used to screen candidate pivotal RBPs related to prognosis, and multi-
variate Cox regression analysis was used to identify pivotal RBPs related to progno-
sis. Finally, we identified the following 6 central RBPs: RPL9, OAS1, YTHDCI,
DARS2, RBMS3, SMAD4. Using multivariate Cox regression analysis, based on
the training group data, 6 RBPs were used to construct a risk scoring model to
predict the prognosis of BLCA patients. In the training group, the ROC curve of
the RBP risk scoring model has moderate OS predictive power (AUC = 0.721),
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and the overall survival time of high-risk BLCA patients is significantly short-
ened. In the test group, as a validation cohort, the ROC curve of the RBP risk
scoring model also had moderate OS predictive power (AUC = 0.685), and the
overall survival time of high-risk BLCA patients was significantly shortened. The
C index of the nomogram in the training group was 0.7033, and in the test
group, it was 0.6295. The purpose of establishing the nomogram is to enable
professionals to predict the 1-year, 3-year, and 5-year OS of BLCA patients. Ac-
cording to the prediction results of the risk score model, the prognosis of pa-
tients with high-risk scores is poor, indicating that the treatment plan and indi-
vidualized treatment may need to be adjusted. We further proved that using
GEPIA, the expression levels of DARS2, RBMS3, and SMAD4 in BLCA tissues
were significantly higher than those in normal bladder tissues. The expression
levels of RPL9, OASI, and YTHDCI were significantly lower than those of nor-
mal bladder tissue. In addition, using the Human Protein Atlas database, the ex-
pression of DARS2, RBMS3, and SMAD4 in bladder cancer tissue was signifi-
cantly higher than that in normal bladder tissue. However, the staining levels of
RPL9, OAS1, and YTHDCI in bladder cancer tissues are relatively low.

A previous study reported that OAS1 was identified as an interferon-induced
antiviral enzyme, which was recently associated with 5-azacytidine (AZA) sensi-
tivity, and its lack led to NCI-60 anti-AZA cancer cell lines [12]. YTHDCI1 is an
N 6-methyladenosine binding protein located in the YT body near the nuclear
spot, which regulates mRNA splicing by recruiting splicing factors to target
mRNA [13]. DARS2 promotes cell cycle progression and inhibits apoptosis of liver
cancer cells through the miR-30e-5p/MAPK/NFAT5 pathway [14]. The loss of
RBMS3 in epithelial ovarian cancer not only induces chemoresistance to platinum
but also promotes recurrence through miR-126-5p/f-catenin/CBP signaling. In
addition, the loss of RBMS3 is related to the low overall survival rate and recur-
rence-free survival of patients with epithelial ovarian cancer [15]. Another study
found that RBMS3 inhibits the proliferation, migration, and invasion of breast
cancer cells through the Wnt/f-catenin signaling pathway [16]. Studies have
shown that siRNA inhibition of RPL9 can inhibit the growth of colorectal cancer
(CRC) cells and the formation of long-term colonies by increasing the number
of sub-Gl1 cells and strongly inducing apoptotic cell death [17]. Transforming
growth factor-B (TGF-p) regulates cell function and plays a key role in the de-
velopment of pancreatic cancer. Smad4 belongs to the family of signal transduc-
tion proteins. It is phosphorylated and activated by the transmembrane se-
rine-threonine receptor kinase through transforming growth factor B (TGF-p)
signaling across multiple pathways. This gene acts as a tumor suppressor gene
[18]. SMAD4, as one of the Smads signal transducer families from TGEF-f, me-
diates pancreatic cell proliferation and apoptosis [19]. However, the functions
and molecular mechanisms of these central RBPs in BLCA are still poorly un-
derstood.

All in all, this study provides new insights into the function of RBP in the oc-
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currence and development of BLCA tumors. In addition, the model has better
predictive power in terms of survival, which may help to develop new BLCA
prognostic biomarkers. However, this study has some limitations. First, our
findings are based only on RNA sequencing, and no other omics data. Second, a
risk-scoring model should be established based on TCGA BLCA data, and pros-
pective studies should be conducted to prove this. In addition, TCGA data lacks
certain clinical characteristics, which may reduce the statistical validity and re-
liability of multiple Cox regression analyses. Finally, because we have adopted
bioinformatics methods, further biological experiments are needed to verify

their claims.
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