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Abstract

Background

Neuroblastoma (NB) is the most common solid tumor in children. NB treatment has made
significant progress; however, given the high degree of heterogeneity, basic research find-
ings and their clinical application to NB still face challenges. Herein, we identify novel prog-
nostic models for NB.

Methods

We obtained RNA expression data of NB and normal nervous tissue from TARGET and
GTEXx databases and determined the differential expression patterns of RNA binding protein
(RBP) genes between normal and cancerous tissues. Lasso regression and Cox regression
analyses identified the five most important differentially expressed genes and were used to
construct a new prognostic model. The function and prognostic value of these RBPs were
systematically studied and the predictive accuracy verified in an independent dataset.

Results

In total, 348 differentially expressed RBPs were identified. Of these, 166 were up-regulated
and 182 down-regulated RBPs. Two hubs RBPs (CPEB3 and CTUT) were identified as
prognostic-related genes and were chosen to build the prognostic risk score models. Multi-
variate Cox analysis was performed on genes from univariate Cox regression and Lasso
regression analysis using proportional hazards regression model. A five gene prognostic
model: Risk score = (-0.60901*expCPEB3)+(0.851637*expCTU1) was built. Based on this
model, the overall survival of patients in the high-risk subgroup was lower (P = 2.152e-04).
The area under the curve (AUC) of the receiver-operator characteristic curve of the prognos-
tic model was 0.720 in the TARGET cohort. There were significant differences in the survival
rate of patients in the high and low-risk subgroups in the validation data set GSE85047 (P =
0.1237e-08), with the AUC 0.730. The risk model was also regarded as an independent pre-
dictor of prognosis (HR = 1.535, 95% Cl = 1.368-1.722, P = 2.69E-13).
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Conclusions

This study identified a potential risk model for prognosis in NB using Cox regression analy-
sis. RNA binding proteins (CPEB3 and CTUT) can be used as molecular markers of NB.

Introduction

Neuroblastoma (NB) is the main cause of tumor-related deaths in children worldwide [1].
Diagnosis and treatment have made great progress in the past 20 years and the average 5-year
relative survival rate of NB has reached 50% [2]. Currently, the diagnosis of NB mainly relies
on histopathological examination, imaging results, and molecular biomarkers [3]. Early detec-
tion of NB is difficult. This may be the most important factor affecting the mortality of patients
with NB [4]. Therefore, further study of the molecular mechanisms underlying NB and identi-
fication of effective molecular markers for early cancer screening are essential to enhance the
therapeutic outcomes and quality of life of children [5].

RNA binding proteins (RBPs) are pleiotropic proteins that can regulate gene expression by
interacting with various types of RNA [6], including rRNA, ncRNA, snRNA, miRNA, mRNA,
tRNA, and snoRNA [7]. Currently, over 1500 different types of RBPs have been identified in
the human genome through whole-genome sequencing [8]. Specifically the ribonucleoprotein
complex formed by the binding of RBP and target RNA regulates the stability of mRNA at the
post-transcriptional level, thereby affecting RNA processing, splicing, localization, export, and
translation [9-11]. Ultimately, post-transcriptional modification of mRNA leads to the regula-
tion of various important physiological processes of cells [12]. Current research has found that
RBPs play an important role in many human diseases and are key regulators of the develop-
ment and progression of cardiovascular diseases [13], myotonic muscular dystrophy [14], neu-
rological diseases [15], and cancer [16].

In recent years, new bioinformatics approaches, such as bipartite network projection,
IRWNRLPI (Integrating Random Walk and Neighborhood Regularized Logistic Matrix Fac-
torization for IncRNA-Protein Interaction), and HLPI-Ensemble, have greatly improved the
research and prediction of RBP function [17-19]. Herein, we used high-throughput bioinfor-
matics analysis to identify RBPs that are differentially expressed in cancer samples and normal
tissue samples, and systematically investigated their expression profiles, functional effects, and
potential mechanisms to understand their role in tumors. This study will deepen our under-
standing of the molecular mechanism of NB and provide potential diagnostic or prognostic
biomarkers for NB.

Materials and methods
Data sets and preprocessing

We obtained RNA expression datasets and corresponding clinical data of NB patients from the
Therapeutically Applicable Research To Generate Effective Treatments project database (TAR-
GET, https://target-data.nci.nih.gov/Public/NBL/mRNA-seq/L3/), and normal neural tissues
samples datasets from Genotype-Tissue Expression Database (GTEx, https://gtexportal.org/),
respectively. All data derived from an open access data platform, and thus, this study did not
require ethics committee approval. To determine differentially expressed genes between NB
tissue and normal samples, the Limma software package was used for analysis. The GSE85047
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dataset was downloaded from Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.
gov/geo/query/acc.cgi?acc=gse85047) and was used as a validation cohort.

Gene ontology enrichment and KEGG pathway analysis

Gene enrichment analysis and pathway analysis was carried out using the R package “cluster-
Profiler” [20].

Protein--protein interaction network building and subnet detection

Differential protein—protein interaction (PPI) information for RBP was evaluated using the
STRING database (http://www.string-db.org/) [21] and further building and visualization of
the PPI network was performed using Cytoscape 3.7.0 software. We used the molecular com-
plexity detection (MCODE) plug-in to cluster genes in the PPI network and to build functional
modules. A P-value<0.05 was considered a statistically significant difference [22].

Prognostic model construction

The R package “survival” was applied to carry out univariate Cox regression analysis using all
differentially expressed RBPs to identify prognostic genes, and Lasso regression was performed
to further screen important key genes. Finally, based on the preliminary screening of the above
key candidate genes, we built a multivariate Cox proportional hazard regression model and
evaluated the survival of patients using the following risk score formula:

Risk score = 1" Expl + B2 Exp2 + ... + i Expi (1)

where,  was the value of the risk coefficient, and Exp represented the value of the expression
of a certain gene. Based on the median value of the risk score, NB patients were divided into
two groups: low-risk group and high-risk group, and the survival differences between the two
subgroups were compared through survival analysis. In addition, the prognostic ability of the
above model was estimated through receiver operating characteristic curve (ROC) analysis. A
sample of 276 NB patients with reliable follow-up information from the GSE85047 data set
was used as the validation group to evaluate the predictive power of the prognostic model.
P<0.05 was considered a statistically significant difference.

Constructing the IncRNA-miRNA-mRNA network of key RBPs. To study the relation-
ship of IncRNA, miRNA and mRNA, based on the interactions of miRNA-IncRNA and
miRNA-mRNA, the online database such as starBase (http://starbase.sysu.edu.cn/
agoClipRNA.php?), targetscan(http://www.targetscan.org/vert_72/) [23], and LncBase (http://
carolina.imis.athenannovation.gr/diana_tools/web/index.php?r=Incbasev2%2Findex) were
used to build the IncRNA-miRNA-mRNA network.

Results
Identification of differently expressed RBPs in NB patients

We performed a methodical analysis of the key role and prognostic value of RBP in NB. The
study workflow is illustrated in Fig 1. The NB data was downloaded from TARGET, which
contained 144 tumor samples, and the normal nerve tissue data was downloaded from the
GTEx database and contained 278 samples. After analyzing the currently known 1542 RBPs,
348 RBPs with significant differences in expression (P-adjusted <0.05, |log, fold change
[FC]|>1.0) were identified, and comprised 166 up-regulated RBPs and 182 down-regulated
RBPs (Fig 2) (S1 Table).
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Fig 1. Framework for analyzing the RBPs in neuroblastoma.

https://doi.org/10.1371/journal.pone.0260876.g001

Enrichment analysis of the differently expressed RBPs

In order to study the functions and mechanisms of the selected RBP, we used the R package
clusterProfiler for enrichment analysis. The results showed that enriched biological processes
mainly involved mRNA processing, RNA splicing; ncRNA metabolic processes; RNA phos-
phodiester bond hydrolysis; RNA splicing, via transesterification reactions with bulged adeno-
sine as a nucleophile; mRNA splicing, via spliceosome; RNA splicing, via transesterification
reactions; nucleic acid phosphodiester bond hydrolysis; and RNA catabolic processes.
Molecular functions included catalytic activity, acting on RNA ribonuclease activity; nuclease
activity; mRNA 3’-UTR binding; endonuclease activity; translation regulator activity; catalytic
activity, acting on a tRNA; mRNA binding; double-stranded RNA binding; endoribonuclease
activity; and single-stranded RNA binding. Cellular components involved mainly the ribonu-
cleoprotein granule, cytoplasmic ribonucleoprotein granule, ribosome, ribosomal subunit,
organellar ribosome, mitochondrial ribosome, P-body, mitochondrial matrix, P granule, and
pole plasm. The KEGG analysis [24] indicated mainly enrichment in RNA transport, the
mRNA surveillance pathway, ribosome biogenesis in eukaryotes, RNA degradation, ribosome,
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Fig 2. The differentially expressed RBPs in NB and GTEx samples. (A) Heat map; (B) Volcano plot.
https://doi.org/10.1371/journal.pone.0260876.9002

aminoacyl-tRNA biosynthesis, spliccosome, and the RNA polymerase, Influenza A pathway
(Fig 3) (Tables 1 and 2).

PPI network building and subnet detection

To further study the function of differentially expressed RBPs and their role in the develop-
ment of NB, we used Cytoscape software to create a PPI network that contained 311 nodes and
1766 edges. The co-expression network was analyzed using MCODE to recognize potential
key modules (Fig 4). The RBPs in subgroup 1 were mainly enriched in ribosome biogenesis in
the eukaryote pathway, ribosome biogenesis, rRNA processing, ncRNA processing, matura-
tion of SSU-rRNA, ribosomal small subunit biogenesis, rRNA metabolic process, maturation
of SSU-rRNA from tricistronic rRNA transcript (SSU-rRNA, 5.8S rRNA, LSU-rRNA), and in
ribosomal large subunit biogenesis.

Selection of prognosis-related RBP

Difference analysis identified a total of 348 key RBPs. To identify the prognostic significance
of these RBPs and their effects on clinical outcome and survival, we performed univariate Cox
regression analysis and obtained four candidate RBPs related to prognosis (Fig 5). Subse-
quently, using Lasso regression, the prognostic risk score including multi-factor Cox regres-
sion values was constructed (Fig 6, Table 3).

Prognosis-related RBPs model building and analysis

CPEB3 and CTU1 were identified as the key prognostic genes using the multivariate Cox
regression analysis. We used these two hub genes to construct the predictive model. The risk
score for each child was calculated based on the following formula:

Risk score = (—0.60901"expCPEB3) + (0.851637"expCTU1) (2)

Then, based on the median value of the individual risk scores, 144 NB patients were strati-
fied into two groups: the low-risk and high-risk groups. The results showed that compared
with patients in the low-risk group, patients in the high-risk group had significantly poorer
survival (P = 2.152e-04). The value of the area under the curve (AUC) in the TARGET model
was 0.720 (Figs 7A, 7B, and 8A).
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Fig 3. PPI network and subnet analysis. (A) Protein—protein interaction network of RBPs; (B) critical module 1 from PPI network; (C) critical module 2 from
PPI network. (D) critical module 3 from PPI network. green: down-regulation with a fold change of more than 2; red: up-regulation with fold change of more
than 2.

https://doi.org/10.1371/journal.pone.0260876.9003

Validation of hub RBPs

To evaluate the prognostic value of the RBP prediction model, we used the GSE85047 patient
cohort to verify the relationship between risk score and survival. In the GSE85047 cohort,
groups were also grouped based on the median value of risk score in the TARGET model. The
survival of patients with high-risk scores was poorer than for patients having lower risk scores
(P =0.1237¢-08), and the AUC was 0.730 (Figs 7C, 7D, and 8B).

The RBP risk score was an independent prognostic factor

We assessed the prognostic value of risk scores of RBPs. For the NB TARGET cohort, the risk
scores on univariate analysis were significantly correlated with overall survival (OS)

(HR =1.535,95% CI = 1.368-1.722, P = 2.69E-13) (Fig 9A). The multivariate analysis showed
that the risk score was an independent prognostic indicator (HR = 1.518, 95% CI = 1.344-
1.715, P = 1.91E-11) (Fig 9B). We constructed a nomogram that integrated multiple risk fac-
tors to quantify individual risks to be used in the clinical setting to predict the OS probability
at 1, 2, and 3 years (Fig 9C).

Constructing the IncRNA-miRNA-mRNA network of key RBPs

Using online databases, we constructed the IncRNA-miRNA-mRNA network of key RBPs
(Fig 10).
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Table 1. Results of GO enrichment.

ONTOLOGY |ID Description

BP GO:0006397 | mRNA processing

BP GO:0008380 | RNA splicing

BP G0:0034660 | ncRNA metabolic process

BP GO0:0090501 | RNA phosphodiester bond hydrolysis

BP GO:0000377 | RNA splicing, via transesterification
reactions with bulged adenosine as
nucleophile

BP GO:0000398 | mRNA splicing, via spliceosome

BP GO:0000375 | RNA splicing, via transesterification
reactions

BP G0:0090305 | nucleic acid phosphodiester bond
hydrolysis

BP GO:0006401 | RNA catabolic process

pvalue

2.30E-
47

9.69E-
37

4.35E-
34

5.45E-
34

1.62E-
26

1.62E-
26

2.64E-
26

1.28E-
24

2.55E-
24

genelD Count

CDC5L/RBFOX1/RBFOX2/RBFOX3/SRSF12/ELAVL2/ELAVL4/ 72
NCBP2L/RBM28/SREK1/APOBEC2/APOBEC1/RRP1B/CLP1/ZMATS5/
MBNL1/ADARB2/LSM3/PRPF6/AFF2/A1CF/RNF113A/U2AF1/
U2AF1L4/SNUPN/GEMIN6/RBMY1B/CSDC2/RNPC3/ZFP36L1/
POLR2D/KHDRBS2/KHDRBS3/QKI/SRRM1/CSTF2/CSTF2T/RBM24/
LSM11/HNRNPAO/HNRNPA1L2/DDX47/PCF11/FASTKD5/SMN1/
SMN2/RBM11/TSEN2/POLR2F/ZNF473/CELF3/CELF4/CELF5/
CELF6/CPEB1/CPEB3/RPUSD3/RBM15B/RBM15/SNIP1/PPIE/
PRPF40B/HTATSF1/ESRP1/ESRP2/ARL6IP4/RNGTT/NOVAL1/
NOVA2/SARNP/SRRM4/RBM4

CDC5L/RBFOX1/RBFOX2/RBFOX3/SRSF12/ELAVL2/NCBP2L/ 59
RBM28/SREK1/RRP1B/CLP1/ZMAT5/MBNL1/CLK3/CLK4/LSM3/
PRPF6/AFF2/RNF113A/U2AF1/U2AF1L4/SNUPN/GEMIN6/RBMY1B/
RNPC3/POLR2D/KHDRBS2/KHDRBS3/QKI/SRRM1/CSTF2/CSTF2T/
RBM24/HNRNPAO/HNRNPA1L2/DDX47/PCF11/SMN1/SMN2/
RBM11/TSEN2/POLR2F/CELF3/CELF4/CELF5/CELF6/RBM15B/
RBM15/SNIP1/PPIE/PRPF40B/HTATSF1/ESRP1/ESRP2/ARL6IP4/
NOVA1/NOVA2/SRRM4/RBM4

METTL2A/TDRDY9/TRMTS5/RPP25/DARS2/HENMT1/TRMT10C/ 58
RCL1/ADAT2/BOP1/EXOSC7/PWP2/CLP1/PLD6/EXOSC6/INTSS/
EMG1/TDRKH/TRMT6/SMAD2/SMAD3/PSTK/MOV10L1/PIWIL1/
PIWIL4/POP7/THG1L/BMS1/SARS2/ANG/POP4/RC3H1/AARSD1/
POLR2D/INTS3/CSTF2/INTS7/AARS2/UTP14C/DDX47/NPM3/PUS3/
TSEN2/POLR2F/TRDMT1/CELF3/FARSB/ISG20/ZC3H8/POP1/
INTS2/BCDIN3D/NAF1/CTU1/INTS6/LIN28A/LIN28B/MARS2

REXO2/RPP25/RNASEK/PNLDC1/RCL1/BOP1/EXOSC6/AZGP1/ 36
RNASE10/MOV10/PIWIL1/PIWIL4/POP7/RNASE2/RNASE3/
RNASE4/RNASE7/RNASE8/ANG/POP4/CNOT2/MRPL44/RNASE11/
ENDOU/ERI2/RNASE13/SAMHD1/PCF11/TSEN2/ISG20/POP1/
RNASEH2A/CNOT6/SMG6/RNASET2/EXO1

CDC5L/RBFOX2/SRSF12/ELAVL2/NCBP2L/SREK1/CLP1/ZMAT5/ 44
LSM3/PRPF6/RNF113A/U2AF1/U2AF1L4/SNUPN/GEMIN6/RNPC3/
POLR2D/KHDRBS2/KHDRBS3/SRRM1/CSTF2/CSTF2T/RBM24/
HNRNPAO/PCF11/SMN1/SMN2/RBM11/POLR2F/CELF3/CELF4/
CELF5/CELF6/RBM15B/RBM15/SNIP1/PPIE/PRPF40B/HTATSF1/
ESRP2/NOVA1/NOVA2/SRRM4/RBM4

CDC5L/RBFOX2/SRSF12/ELAVL2/NCBP2L/SREK1/CLP1/ZMAT5/ 44
LSM3/PRPF6/RNF113A/U2AF1/U2AF1L4/SNUPN/GEMIN6/RNPC3/
POLR2D/KHDRBS2/KHDRBS3/SRRM1/CSTF2/CSTF2T/RBM24/
HNRNPAO/PCF11/SMN1/SMN2/RBM11/POLR2F/CELF3/CELF4/
CELF5/CELF6/RBM15B/RBM15/SNIP1/PPIE/PRPF40B/HTATSF1/
ESRP2/NOVA1/NOVA2/SRRM4/RBM4

CDC5L/RBFOX2/SRSF12/ELAVL2/NCBP2L/SREK1/CLP1/ZMAT5/ 44
LSM3/PRPF6/RNF113A/U2AF1/U2AF1L4/SNUPN/GEMIN6/RNPC3/
POLR2D/KHDRBS2/KHDRBS3/SRRM1/CSTF2/CSTF2T/RBM24/
HNRNPAO/PCF11/SMN1/SMN2/RBM11/POLR2F/CELF3/CELF4/
CELF5/CELF6/RBM15B/RBM15/SNIP1/PPIE/PRPF40B/HTATSF1/
ESRP2/NOVA1/NOVA2/SRRM4/RBM4

REX02/ZC3H12C/RPP25/RNASEK/PNLDC1/RCL1/BOP1/PLD6/ 38
EXOSC6/AZGP1/RNASE10/MOV10/PIWIL1/PIWIL4/POP7/RNASE2/
RNASE3/RNASE4/RNASE7/RNASE8/ANG/POP4/CNOT2/MRPL44/
RNASE11/ENDOU/ERI2/RNASE13/SAMHD1/PCF11/TSEN2/ISG20/
POP1/RNASEH2A/CNOT6/SMG6/RNASET2/EXO1

PSMA6/TNPO1/GSPT2/PNLDC1/EXOSC7/APOBEC1/EXOSCé6/ 43
OAS2/LSM3/IGF2BP1/IGF2BP2/IGF2BP3/SMG8/MOV10/RBM46/
RPS29/SIDT2/RPL17/RNASE2/RNASE3/RC3H1/ZFP36L1/CNOT?2/
RBM24/HNRNPAO/CPEB3/MEX3D/ISG20/POP1/YBX3/RNASEH2A/
RNH1/CNOT6/SMG6/NAF1/RNASET2/RPL36A/WDR61/NANOS1/
NANOS2/NANOS3/LIN28A/LIN28B

(Continued)
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Table 1. (Continued)

ONTOLOGY |ID Description pvalue |geneID Count
BP GO:0034470 | ncRNA processing 3.39E- | METTL2A/TRMT5/RPP25/TRMT10C/RCL1/ADAT2/BOP1/EXOSC7/ | 38
23 PWP2/CLP1/EXOSC6/INTS8/EMG1/TRMT6/SMAD2/SMAD3/POP7/

THG1L/BMS1/POP4/INTS3/CSTF2/INTS7/UTP14C/DDX47/NPM3/
PUS3/TSEN2/TRDMT1/ISG20/POP1/INTS2/BCDIN3D/NAF1/CTU1/

INTS6/LIN28A/LIN28B
CC GO0:0035770 | ribonucleoprotein granule 7.92E- | PSMA6/TDRD9/HENMT1/APOBEC3G/TDRD5/TDRKH/MBNL1/ 32
24 IGF2BP1/MOV10/MOV10L1/PIWIL1/PIWIL4/DDX25/RC3H1/

ZFP36L1/ATXN2/RBPMS/DDX28/FASTKD5/SMN1/SMN2/CPEB1/
MEX3A/MEX3B/EIF4E/NANOS2/NANOS3/SARNP/LIN28A/RBM4/

TOP1/JAKMIP1
CcC GO0:0036464 | cytoplasmic ribonucleoprotein granule 2.85E- | PSMA6/TDRD9/HENMT1/APOBEC3G/TDRD5/TDRKH/MBNL1/ 29
21 IGF2BP1/MOV10/MOV10L1/PIWIL1/PIWIL4/DDX25/RC3H1/

ZFP36L1/ATXN2/RBPMS/SMN1/SMN2/CPEB1/MEX3A/MEX3B/
EIF4E/NANOS2/NANOS3/SARNP/LIN28A/RBM4/TOP1

CcC GO:0005840 | ribosome 5.16E- | MRPL53/EIF2D/MRPL38/MRPS24/MTG1/MRPS28/RPL10L/RPS29/ 27
15 MRPS22/RPL17/MRPL50/MRPS26/MRPS18C/MRPL45/NUFIP1/
MRPL44/EIF2AK2/EIF2AK4/MRPL22/RPL3L/MRPL46/MRPL14/
RPL39L/NROB1/RPL36A/MRPS6/MRPL23

CcC GO:0044391 | ribosomal subunit 5.48E- | MRPL53/EIF2D/MRPL38/MRPS24/MRPS28/RPL10L/RPS29/MRPS22/ | 22
14 RPL17/MRPL50/MRPS26/MRPS18C/MRPL45/MRPL44/MRPL22/
RPL3L/MRPL46/MRPL14/RPL39L/RPL36A/MRPS6/MRPL23
CC GO0:0000313 | organellar ribosome 2.70E- | MRPL53/MRPL38/MRPS24/MTG1/MRPS28/MRPS22/MRPL50/ 16
13 MRPS26/MRPS18C/MRPL45/MRPL44/MRPL22/MRPL46/MRPL14/
MRPS6/MRPL23
CC GO0:0005761 | mitochondrial ribosome 2.70E- | MRPL53/MRPL38/MRPS24/MTG1/MRPS28/MRPS22/MRPL50/ 16
13 MRPS26/MRPS18C/MRPL45/MRPL44/MRPL22/MRPL46/MRPL14/
MRPS6/MRPL23
CcC GO:0000932 | P-body 9.05E- | PSMA6/APOBEC3G/MOV10/RC3H1/ZFP36L1/RBPMS/CPEB1/ 14
13 MEX3A/MEX3B/EIF4E/NANOS2/NANOS3/LIN28A/TOP1
CC GO0:0005759 | mitochondrial matrix 6.67E- | REXO2/MRPL53/TRMT5/DARS2/TRMT10C/MRPL38/MRPS24/ 31
12 MTGI1/MRPS28/MRRE/MRPS22/SARS2/MRPL50/MRPS26/MRPS18C/

MRPL45/PARS2/MRPL44/MRPL22/DDX28/TFB2M/FASTKD5/
MRPL46/CARS2/MRPL14/RPUSD3/TERT/MRPS6/TST/MRPL23/

MARS2
CcC GO:0043186 | P granule 7.47E- | TDRD9/HENMT1/TDRD5/TDRKH/MOV10L1/PIWIL1/PTWIL4 7
10
CC GO0:0045495 | pole plasm 7.47E- | TDRD9/HENMT1/TDRD5/TDRKH/MOV10L1/PIWIL1/PIWIL4 7
10
MF GO:0140098 | catalytic activity, acting on RNA 8.68E- | METTL2A/TRMT5/RPP25/DARS2/HENMT1/TRMT10C/RNASEK/ 45
30 PNLDCI1/EXOSC7/AZGP1/EMG1/EIF4A1/MOV10/MOV10L1/
PIWIL1/POP7/SARS2/RNASE2/RNASE4/RNASE7/RNASE8/ANG/
POP4/DDX25/PUS10/CNOT2/AARSD1/POLR2D/AARS2/ENDOU/
SAMHD1/PUS3/TRDMT1/FARSB/TERT/ISG20/POP1/DDX10/
BCDIN3D/RNASEH2A/CNOT6/SMG6/RNASET2/EXO1/MARS2
MF GO0:0004540 | ribonuclease activity 1.45E- | RPP25/RNASEK/PNLDC1/EXOSC7/AZGP1/PIWIL1/POP7/RNASE2/ |23
19 RNASE4/RNASE7/RNASE8/ANG/POP4/CNOT2/ENDOU/SAMHD1/
ISG20/POP1/RNASEH2A/CNOT6/SMG6/RNASET2/EXO1
MF GO0:0004518 | nuclease activity 1.49E- | REXO2/ZC3H12C/RPP25/RNASEK/PNLDC1/EXOSC7/PLD6/AZGP1/ |28
18 PIWIL1/POP7/RNASE2/RNASE3/RNASE4/RNASE7/RNASE8/ANG/
POP4/CNOT2/RNASE11/ENDOU/SAMHD1/ISG20/POP1/
RNASEH2A/CNOT6/SMG6/RNASET2/EXO1
MF GO0:0003730 | mRNA 3’-UTR binding 4.54E- | ELAVL2/ELAVL3/ELAVL4/APOBEC1/IGF2BP1/IGF2BP2/IGF2BP3/ 17
15 DND1/RC3H1/ZFP36L1/RBM24/HNRNPAO/CPEB1/CPEB3/MEX3D/
YBX3/RBM4
MF GO0:0004519 | endonuclease activity 6.63E- | ZC3H12C/RPP25/RNASEK/PLD6/PIWIL1/POP7/RNASE2/RNASE3/ 20
15 RNASE4/RNASE7/RNASE8/ANG/POP4/RNASE11/ENDOU/POP1/

RNASEH2A/SMG6/RNASET2/EXO1
(Continued)
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Table 1. (Continued)

ONTOLOGY |ID

MF

MF

MF

MF

MF

GO:0045182

GO0:0140101

GO:0003729

GO:0003725

GO:0004521

Description pvalue |geneID Count
translation regulator activity 1.47E- | SAMD4A/BOLL/DAZ1/RPS27L/1GF2BP1/IGF2BP2/IGF2BP3/ 14

13 EIF2AK2/EIF2AK4/CELF4/CPEB1/CPEB3/NANOS1/JAKMIP1
catalytic activity, acting on a tRNA 4.31E- | METTL2A/TRMT5/RPP25/DARS2/TRMT10C/POP7/SARS2/POP4/ 17

12 PUS10/AARSD1/AARS2/PUS3/TRDMT1/FARSB/POP1/BCDIN3D/

MARS2

mRNA binding 5.76E- | ELAVL2/ELAVL3/ELAVL4/APOBECI1/EIF4A1/IGF2BP1/1IGF2BP2/ 33

12 IGF2BP3/DND1/NXF3/PIWIL1/ACO1/LARP6/RC3H1/ZFP36L1/

RBM24/RBPMS2/HNRNPA0/DHX33/CPEB1/CPEB3/MEX3D/RBM15/
PPIE/YBX3/ESRP1/ESRP2/NANOS2/NOVA1/SRRM4/LIN28A/RBM4/

JAKMIP1
double-stranded RNA binding 6.98E- | OASL/OAS2/OAS3/MBNLI1/EIF4A1/DHX58/SIDT2/RC3H1/EIF2AK2/ | 14
12 YRDC/TLR7/TLR3/DHX33/DDX60
endoribonuclease activity 9.82E- | RPP25/RNASEK/PIWIL1/POP7/RNASE4/RNASES8/POP4/ENDOU/ 13
12 POP1/RNASEH2A/SMG6/RNASET2/EXO1

https://doi.org/10.1371/journal.pone.0260876.t001

Discussion

The prognosis of different NB patients varies greatly, given the extensive tumor heterogeneity
of NB. For low-risk NB patients (most commonly infants), simple observation or surgical
treatment can often achieve good results; but for high-risk NB patients, even if a variety of
intensive treatment options are combined [25], the prognosis is still not ideal. The true cause
of NB is still unclear. In recent years, with the emergence of immunotherapy and new drugs,
the survival of patients in the high-risk group has improved to a certain extent [26].

RBPs have always played a role in the life of RNA. It is not an exaggeration to say that with-
out RBP, RNA cannot achieve anything. The main role of RBPs is to mediate RNA maturation,
transport, localization, and translation; one RBP may have multiple target RNAs, and defect in
expression may cause multiple diseases. Recently, the importance of RBP in tumor occurrence,
development, and metastasis has increasingly been revealed [27].

In our study, we identified 348 RBPs based on NB datasets from the TARGET NB dataset.
We systematically analyzed the related biological functions and built RBP PPI networks and
the relative subnets. In addition, we performed univariate Cox regression analysis, survival
analysis, Lasso regression analysis, and multivariate Cox regression analysis of differential
RBPs to further investigate their biological function and prognostic value.

Table 2. Pathway analysis by KEGG.

ID
hsa03015

hsa03013

hsa03008

hsa03018
hsa03010
hsa00970

hsa03040
hsa03020
hsa05164

Description pvalue genelD Count

mRNA surveillance 1.31E-14 | MSI1/MSI2/GSPT2/CLP1/NXF2B/NXF2/NXF3/SRRM1/CSTF2/CSTF2T/PCF11/PABPC3/PABPC1L2A/ 17

pathway PABPCI1L2B/SMG6/PAPOLB/RNGTT

RNA transport 1.32E-14 | RPP25/EIF4A1/NXF2B/NXF2/NXF3/POP7/SNUPN/GEMING6/EIF3C/EIF3CL/POP4/SRRM1/EIF1AY/ 22
EEF1A2/SMN1/SMN2/PABPC3/PABPC1L2A/PABPC1L2B/POP1/EIF4E1B/EIF4E

Ribosome biogenesis in 7.89E-10 | REXO2/RBM28/RPP25/RCL1/PWP2/EMG1/NXF2B/NXF2/NXF3/POP7/BMS1/POP4/UTP14C/POP1 14

eukaryotes

RNA degradation 2.28E-07 | PNLDC1/EXOSC7/EXOSC6/LSM3/CNOT2/PABPC3/PABPC1L2A/PABPC1L2B/CNOT6/WDR61 10

Ribosome 3.70E-06 | RPS27L/RPL10L/RPS29/RPL17/MRPS18C/MRPL22/RPL3L/MRPL14/RPL22L1/RPL36A/MRPS6/MRPL23 | 12

Aminoacyl-tRNA 5.44E-06 | DARS2/PSTK/SARS2/PARS2/AARS2/CARS2/FARSB/MARS2 8

biosynthesis

Spliceosome 7.19E-05 | CDC5L/LSM3/PRPF6/U2AF1/U2AF1L4/RBMXL3/HNRNPA1L2/HNRNPCL1/PPIE/PRPF40B 10

RNA polymerase 0.001088 | POLR2J2/POLR2]J3/POLR2D/POLR2F 4

Influenza A 0.003824 | OAS2/OAS3/NXF2B/NXF2/NXF3/EIF2AK2/TLR7/TLR3

https://doi.org/10.1371/journal.pone.0260876.t002
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The GO enrichment and KEGG pathway analysis of these differentially expressed RBPs
indicated that RBP were used in mRNA monitoring pathways, RNA transport, ribosomal bio-
genesis in eukaryotes, RNA degradation, ribosomes, aminoacyl-tRNA biosynthesis, and spli-
ceosomes. RBPs were significantly enriched in the RNA polymerase pathway, and play a
critical role in mRNA processing, RNA splicing, ncRNA metabolism, RNA phosphodiester
bond hydrolysis, catalytic activity, and act on RNA ribonuclease and nuclease activity. The PPI
network revealed the relationship between RBPs. At present, with the development of compu-
tational biology, it is possible to predict the complex regulatory relationship between proteins,
which provides a powerful tool for further research [28]. At present, many studies have
described the role of RBPs role in metabolism and disease. RBPs plays a dual and opposite role
in tumorigenesis, regulating the proliferation of early tumor cells and promoting tumor pro-
gression and metastasis in advanced cancer. According to these reports, abnormal expression
of multiple RBPs had been found in many malignant tumors [9, 29, 30]. However, the impact
of RBP on the occurrence and development of cancer is still poorly understood.

In our study, two RBPs were identified as hub RBPs related to NB prognosis: CPEB3 and
CTUI. CPEB3, also known as the Cytoplasmic Polyadenylation Element Binding Protein is an
RBP that shuttles through the cytoplasm. It mainly exists in the cytoplasm and can inhibit the
translation of target RNA. GO analysis showed that CPEB3 was associated with mRNA pro-
cessing, RNA catabolic processes, nRNA 3’-UTR binding, translation regulator activity, and

Table 3. Two hub RBPs identified from Cox regression analysis from TARGET dataset.

id
CPEB3
CTU1

coef
-0.60901
0.851637

https://doi.org/10.1371/journal.pone.0260876.t003

HR HR.95L HR.95H pvalue
0.543889 0.34522 0.856888 0.008642
2.34348 1.528648 3.59265 9.35E-05
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mRNA binding. CPEB3 can disrupt the crosstalk between cancer cells and tumor-associated
macrophages through the IL-6R/STATS3 signaling pathway, and thereby inhibit epithelial-mes-
enchymal transition. Studies have found that CPEB3 is related to the tumorigenesis and devel-
opment of glioma [31], high-grade serous ovarian cancer [32], colorectal cancer [33],
hepatocellular carcinoma [34], and cervical cancer [35]. CPEB3 is expressed in both the brain
and heart and is involved in the regulation of synaptic plasticity by down-regulating the
expression of several plasticity-related proteins (PRPs), such as N-methyl-D-aspartate receptor
(NMDAR) and postsynaptic density protein 95 (PSD95). Down-regulation of CPEB3 expres-
sion can affect NMDAR activated CaMKII o, which overcomes the inhibition of synaptic
transmission under stress [36, 37]. In addition, CPEB3 knockout mice exhibited hippocam-
pus-dependent neurological dysfunction, including acquisition and extinction of long-term
spatial memory and short-term fear memory.

In nerve cells, activation of NMDAR can increase the expression of CPEB3 in the nucleus
and redistributes its content in nucleus and cytoplasm [38]. CPEB3 has low expression in
colon cancer and HPV-positive cervical cancer, which indicates it may be involved in tumori-
genesis as a tumor suppressor, but the specific mechanism still needs further study [39]. CPEB
protein family members contain multiple miRNA binding sites, and can be regulated by a
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Fig 10. The IncRNA-miRNA-mRNA network of CPEB3 and CTU1.

https://doi.org/10.1371/journal |.pone.0260876.g010
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variety of miRNAs [40]. After up regulating the expression of mir-107 in hepatoma cell lines
Huh7 and HepG2, the mir-107 bound to the 3°-UTR region of the CPEB3 transcript, and
resulted in an increased expression of EGFR and phosphorylated Akt and decreased expres-
sion of p21. Mir-107 and CPEB3 interaction plays an important role in the occurrence and
development of hepatocellular carcinoma by regulating the EGFR signaling pathway [34].

CTU1, or cytoplasmic sulfurylase subunit 1, is a protein-coding gene. Diseases associated
with CTU1 include spinal cord septal membrane tumors and spinal gliomas. The related path-
ways include gene expression and tRNA processing, and its function is related to tRNA bind-
ing and nucleotide transferase activity. GO analysis shows CTUI was associated with ncRNA
metabolic process and ncRNA processing. CTUI promotes cancer resistance to targeted ther-
apy [41], its expression is associated with higher rates of morbidity and mortality in spinal
cord gliomas [42], and up-regulation of CTUI is involved in human breast cancer metastasis.

In our study, based on the two hubs RBPs identified in the TARGET cohort training set,
multi-step Cox regression analysis produced a risk score model that could predict the progno-
sis of NB. In the NB TARGET and GSE85047 cohorts, the survival outcomes of the high- and
low-risk subgroups were significantly different. The ROC values of the risk score model of the
training set and validation set were 0.72 and 0.73, respectively, indicating that the 2-gene
marker prognostic model applied to evaluate the prognosis of NB patients has a certain value.
Both genes were differentially expressed in NB and correlated with survival, which strongly
suggests that these two genes are potential tumor-related genes and require further study. In
the future, we intend to establish a real-life cohort of NB patients to confirm the validity of
these genes. However, the molecular mechanisms involving these two RBPs are unknown, and
further study of their underlying function may be valuable.

In recent years, more and more studies have confirmed that long non-coding RNA
(IncRNA) and micro RNA (miRNA) and their interactions play an important role in the diag-
nostic biomarkers and therapeutic targets of various diseases. Some theoretical methods have
played a role in predicting potential IncRNA-miRNA associations. With the development of
bioinformatics, some new prediction methods, such as the IncRNA-miRNA interactions pre-
diction by logistic matrix factorization with neighborhood regularized (LMFNRLMI), enable
us to study IncRNA-miRNA interactions more accurately, that is, to predict IncRNA-miRNA
interactions [43].

In summary, we systematically studied the function and prognostic value of RBPs differ-
ently expressed in NB. These RBPs may be associated with the occurrence, development, inva-
sion, and metastasis of NB. The establishment of a prognostic model of NB based on two RBP
coding genes is conducive to clinical application. Our results contribute to a better under-
standing of the pathogenesis of NB and the development of new therapeutic and prognostic
molecular markers. Although our gene signature and nomogram showed excellent perfor-
mance in the training set and validation set, both inevitably had some limitations. First,
although our risk score performed well in predicting the survival rate of NB patients, it lacks
confirmation from large-scale prospective trials. Secondly, the validation data derived only
from the GSE 85047 dataset; thus, the predictive value of our model requires further verifica-
tion. Third, the molecular mechanisms involving CPEB3 and CTUI have not been verified in
NB cells. Thus, our follow-up studies will verify the conclusions reached in this study from the
aspect of their clinical application and molecular mechanisms.

Supporting information

S§1 Table. Differently expressed RBPs in NB patients.
(XLS)
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