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Abstract
Background: Non-small cell lung cancer (NSCLC) is a malignancy with relatively high incidence and poor
prognosis. RNA-binding proteins (RBPs) were reported to be dysregulated in multiple cancers and were
closely associated with tumor initiation and progression. However, the functions of RBPs in NSCLC
remain unclear.
Method: The RNA sequencing data and corresponding clinical information of NSCLC was downloaded
from The Cancer Genome Atlas (TCGA) database. We identified aberrantly expressed RBPs between
tumor and control tissue, and systemically investigated the expression and prognostic value of these
RBPs by a series of bioinformatics analysis.
Results: A total of 459 aberrantly expressed RBPs (291 up-regulated and 168 down-regulated RBPs) were
identified. Functional enrichment analysis indicated that the differentially expressed RBPs were mainly
associated with RNA splicing, ncRNA metabolic process, regulation of translation, mRNA surveillance
pathway, RNA degradation, and RNA transport. Thirteen RBPs (ZC3H12C, ZC3H12D, BOP1, CASC3,

DDX24, IGF2BP1, KHDC1, FASTKD3, TARBP1, INTS7, NOL12, SNRPB, PABPC1L) were identified as
prognostic RBPs by multivariate Cox regression analysis, and were used to construct a prognostic
signature. Further analysis demonstrated that high-risk group were significantly related to poor overall
survival in training and testing cohort. The area under receiver operator characteristic curve of the
prognostic signature was 0.703 in training cohort and 0.636 in testing cohort. In addition, the prognostic
signature was further validated in differently clinical subgroup (>=65, <65, female, male, stage I-II, III- IV,
T1-2, T3-4, N0, N1-3, M0 and M1). The risk score was an independent prognostic factor of NSCLC. A
nomogram based on thirteen RBPs was constructed to predict the survival of patients.
Conclusion: Our results provide novel insights into the pathogenesis of NSCLC. The RBPs-associated
prognostic signature showed predictive value for NSCLC prognosis, with potential applications in clinical
decision-making and individualized treatment.

Introduction
Non-small cell lung cancer (NSCLC) is the leading cause of cancer death worldwide, with an incidence
rate of 1.3 million cases per year [1]. NSCLC remains asymptomatic during early stages, and only 25% of
patients with NSCLC are diagnosed at this stage [2]. However, about 80% of patients are already in
metastatic stage and their 5-year survival rate are below 15% [3]. Despite recent progress in the
development of novel medications and immunotherapies in treating NSCLC, the therapeutic efficacy still
is unsatisfactory [4]. Therefore, it is an urgent need for effective prediction marker to accurately predict
the prognosis of patients with NSCLC.
RNA binding proteins (RBPs) are a group of proteins which could function with the RNA-binding domain
to distinguish and bind to target RNAs, including coding RNA and non-coding RNAs (rRNAs, ncRNAs,
snRNAs, miRNAs, tRNAs, and snoRNAs) [5]. Up to now, more than 1,500 RBPs have been identified
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through high-throughput screening in human genome validated as members of a unique database [6, 7].
RBPs could modulate the fate of binding RNAs by regulating transcription, editing, splicing,
polyadenylation, translocation, turnover [8]. In addition, RBPs could also regulate DNA repair [9]. In recent
years, studies in genetics and proteomics have shown that most RBPs exhibit functional abnormalities in
several cancer. Upregulating RNA-binding protein Quaking could inhibit gastric cancer cell proliferation
and metastasis [10]. A cohort of mRNA stability involved in the cell cycle and cell proliferation could be
regulated by IGF2BP3 in colorectal cancer[11]. HuR could regulate epithelial to mesenchymal transition
(EMT) in pancreatic cancer [12]. CPEB3 could inhibit the epithelial-mesenchymal transition and
metastasis of hepatocellular cancer cells by suppressing the translation of MTDH mRNA[13].
Some reports demonstrated that RBPs associated with initiation, progression and prognosis of NSCLC.
QKI-5, RALY and KHSRP could promote cancer cell migration, proliferation, and invasion and was
associated with metastasis and poorer overall survival in NSCLC patients [14–16]. MSI1 promoted
NSCLC malignancy and chemoresistance via activating the Akt signaling pathway [17]. However, RBM47
could inhibit NSCLC metastasis through modulation of AXIN1 mRNA stability and Wnt/β-catentin
signaling[18]. In addition, NONO is highly expressed in lung cancer tissues, and its expression has been
correlated with the prognosis of lung cancer patients [19]. However, the role of single RBP for exploring
molecular mechanism and predicting prognosis of NSCLC was limited. Thus, a systematic analysis of
RBPs may present novel and comprehensive insights into the underlying mechanism during cancer
progression and could construct a prognostic signature. For example, in lung squamous cell carcinoma, a
nine-RBP gene signature showed predictive value for prognosis, with potential applications in clinical
decision-making [20]. In addition. RBPs-associated prognostic signature was also constructed in lung
adenocarcinoma, and the high-risk group had poor overall survival (OS) [21, 22]. However, the RBPs
associated prognostic signature involved with lung cancer only presents a part of lung cancer patients.
Thus, a prognostic signature that can predict most lung cancer patients is lacking.
In the present study, RNA-sequencing data and relevant clinical information of NSCLC was obtained from
The Cancer Genome Atlas (TCGA) database (https://tcga-data.nci.nih.gov/tcga/) and screened
differently expressed RBPs associated with prognosis and explored molecular mechanism in patients
with NSCLC. In addition, a prognostic RBPs signature was constructed to predict survival and guide
clinical decision-making.

Materials And Methods

Data preprocessing and identification of differentially
expressed RBPs
RNA sequencing data of 1037 NSCLC samples and 108 control samples with corresponding clinical
information were downloaded from TCGA. A total of 1542 RBPs were included in the current study.
Differentially expressed RBPs were identified by R language (Version 4.0.2) based on |log fold change
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(FC)| ≥ 0.5 and adjusted P value < 0.05 when two groups were compared. The “Ggplot2 package” and
“Gplots package” in R software were used to perform the volcano plots and the heatmap.

GO and KEGG functional enrichment analysis
Enrichment analysis of Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway was performed using 459 differentially expressed RBPs by R language. GO mainly depicts
molecular function (BP), biological process (CC) and cellular component (MF). P < 0.05 was regarded as
an accepted threshold criterion.

Identification of prognostic RBP and construction of
prognostic RBPs signature
The patients were randomly divided into training cohort and testing cohort with 1:1 ratio. The univariate
Cox regression analysis was performed to identify prognostic RBPs which were significantly correlated
with survival with P < 0.05. Subsequently, the prognostic RBPs signature was constructed by the
multivariate Cox regression analysis in training cohort according to a linear combination of RBP
expression values multiplied by a regression coefficient (β). The formula was as follows: risk score =
expression of RBP 1 × β1 RBP 1 + expression of RBP 2 × β2 RBP 2 +… expression of RBP n × βn RBP n.
The patients were divided into low- or high-risk group according to the median risk score and compared
by a log-rank test in training cohort. Receiver operating characteristic (ROC) curve analysis by R package
was performed to assess the predictive accuracy of prognostic RBPs signature in training cohort.
Furthermore, the univariate Cox regression analysis and multivariable Cox regression analysis were
performed for checking whether the risk score was a prognostic factor of NSCLC. In addition, the
prognostic signature was validated by the testing cohort and differently clinical subgroup ( > = 65, < 65,
female, male, stage I-II, III- IV, T1-2, T3-4, N0, N1-3, M0 and M1). A nomogram plot was applied to forecast
the likelihood of OS using the rms R package in training cohort.

The level of differentially expressed RBPs in Human Protein
Atlas database
The Human Protein Atlas (HPA) online database (http://www.proteinatlas.org/) was used to detect the
expression of thirteen RBPs at a protein level.

Results
Data acquisition and identification of differently expressed RBPs
The flowchart was displayed in Figure 1. RNA sequencing data of 1145 samples (108 control and 1037
NSCLC) and clinical information of 1027 NSCLC patients including the gender, age, tumor stage, survival
time and survival status were downloaded from TCGA. The NSCLC patients with incomplete follow-up
information were deleted. Finally, 996 patients were included for further analysis and the baseline
characteristics of 996 NSCLC patients were listed in Table 1. A total of 459 differentially expressed RBPs
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(291 up-regulated and 168 down-regulated RBPs) were identified when NSCLC compared to control
(Figure 2).
Functional enrichment analysis
Functional enrichment analysis was performed with 459 differentially expressed RBPs. The biological
process was primarily associated with ncRNA metabolic process, ribonucleoprotein complex biogenesis,
RNA splicing, regulation of translation, RNA catabolic process (Figure 3). The cellular component mainly
located in cytoplasmic ribonucleoprotein granule, ribonucleoprotein granule, spliceosomal complex
(Figure 3). The molecular function was mainly related to catalytic activity, acting on RNA, translation
regulator activity, mRNA 3'-UTR binding (Figure 3). The KEGG pathway was mainly enriched in RNA
transport, Ribosome biogenesis in eukaryotes, mRNA surveillance pathway (Figure 4).
Identification of prognostic RBP and construction of prognostic RBPs signature
38 prognostic RBPs were identified from 459 differentially expressed RBPs by univariate Cox regression
analysis (Figure 5). Subsequently, 13 RBPs (ZC3H12C, ZC3H12D, BOP1, CASC3, DDX24, IGF2BP1, KHDC1,
FASTKD3, TARBP1, INTS7, NOL12, SNRPB, PABPC1L) were verified as independent indicator of prognosis
by multivariable Cox regression analysis in training cohort (Figure 6), and a prognostic risk score formula
was established by multivariate Cox regression analysis: Risk score= (0.166× expression of ZC3H12C) +
(-0.295 × expression of ZC3H12D) + (0.015× expression of BOP1) + (0.037× expression of CASC3) +
(0.037× expression of DDX24) + (0.045× expression of IGF2BP1) + (-0.423× expression of KHDC1) +
(-0.089× expression of FASTKD3) + (-0.064× expression of TARBP1) + (0.045× expression of INTS7) +
(-0.130× expression of NOL12) + (0.001× expression of SNRPB) + (0.041× expression of PABPC1L). The
Kaplan–Meier survival analysis was constructed according to risk score and survival time and status in
training cohort. The high-risk group has a shorter survival time compared to the low-risk group (P< 0.001;
Figure 7A) and area under ROC curve was 0.703 (Figure 7B). All patients were divided into low- or highrisk group according to the median risk score (Figure 8A). The survival time of each patient was shown in
Figure 8B and the patients with a high-risk score had a higher mortality rate than those with a low-risk
score. A heatmap was shown to present the different expression profile of the thirteen RBPs between two
groups (Figure 8C).
Risk score was an independent prognostic factor of NSCLC
The clinical features included risk score, age, sex, TNM stage were considered as covariables to screen
independent prognostic factor. The risk score and tumor stage in training cohort were associated with
patient prognosis in the univariate analysis (hazard ratio [HR]: 1.741; 95% confidence interval [CI]:
1.522−1.991; P< 0.001. HR: 1.521; 95% CI: 1.305−1.773; P< 0.001) and the multivariate analysis (HR:
1.779; 95% CI: 1.548−2.045; P< 0.001. HR: 1.578; 95% CI: 1.343−1.854; P< 0.001) (Figure 9), which
indicates the risk score could independently predict the prognosis of patients with NSCLC.
Validation of prognostic RBPs signature in testing cohort
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To validate the accuracy of the prognostic signature, it was further assessed in testing cohort. Compared
to the low-risk group, the high-risk group has a poor survival time (P< 0.001; Figure 10A) and area under
ROC curve was 0.636 (Figure 10B). The risk score, survival status and RBPs expression data of NSCLC
patients in the testing cohort were illustrated in Figure 11. In addition, the risk score and tumor stage in
testing cohort were also independently associated with prognosis in the univariate analysis (HR: 1.377;
95% CI: 1.179−1.607; P< 0.001. HR: 1.458; 95%CI: 1.245−1.708; P< 0.001) and the multivariate analysis
(HR: 1.332; 95% CI: 1.134−1.566; P< 0.001; HR: 1.444; 95% CI: 1.223−1.705; P< 0.001) (Figure 12). The
results in testing cohort consisted with the results in training cohort. In order to further validate the
accuracy of prognostic RBPs signature, it was applied to different age (>=65 and <65), gender (female
and male), TNM stage (stage I-II and III- IV), T stage (T1-2 and T3-4), N stage (N0 and N1-3), M stage (M0
and M1) by the Kaplan–Meier curves analysis in the training cohort. The high-risk group in all subgroup
above were significantly associated with poor survival time compared to low-risk group (Figure 13). Thus,
a RBPs--associated prognostic signature could predict prognosis of NSCLC patients with superior
accuracy.
Nomogram predicting model
In order to construct a quantitative model for NSCLC prognosis, thirteen prognostic RBPs were combined
to build a nomogram plot (Figure 14). This allowed us to calculate the estimated survival probabilities of
NSCLC patients at 1, 3 and 5 years by plotting a vertical line between the total point axis and each
prognosis axis.
The level of differentially expressed RBPs in Human Protein Atlas database
To determine the expression of 13 differentially expressed RBPs between NSCLC and control, the
immunohistochemistry results of 10 RBPs (ZC3H12C, ZC3H12D, BOP1, CASC3, DDX24, IGF2BP1,
FASTKD3, TARBP1, NOL12, SNRPB,) were downloaded from the Human Protein Atlas database due to
KHDC1, INTS7 and PABPC1L without immunohistochemistry results in this database (Figure 15).

Discussion
In recent years, a multiple of studies have suggested the crucial roles of RBPs in the development and
progression of various human cancers [23–25]. However, a comprehensive analysis of the potential
function of RBPs on NSCLC tumorigenesis and prognosis has not been performed. In present study, A
total of 459 differentially expressed RBPs were identified between cancer and control tissue. Functional
enrichment analysis was performed by 459 differentially expressed RBPs. Thirteen RBPs were
independently identified as prognostic RBPs by multivariate Cox regression analysis and were used to
construct the prognostic RBPs signature. The high-risk group in this prognostic RBPs signature was
associated with a shorter survival time. Furthermore, the risk score was an independent prognostic factor
of NSCLC. In addition, the signature was validated by the testing cohort and differently clinical subgroup.
Therefore, A RBPs-associated prognostic signature was successfully constructed with highly diagnostic
value, which could apply to predict prognosis of patients with NSCLC and guide clinical decision-making.
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The biological process in NSCLC was primarily associated with RNA splicing, ncRNA metabolic process,
ribonucleoprotein complex biogenesis, regulation of translation, RNA catabolic process. Abnormality in
RNA splicing have been associated with tumor initiation and progression [26, 27]. The ribonucleoprotein
complex involved in initiation, progression and prognosis of cancer [28, 29]. In addition, in cancer cells,
lncRNA were aberrantly expressed as classical oncogenes or tumor suppressors and correlate with the
altered metabolism [30, 31]. Given the direct control of translation by tRNA modifications, tRNA modifying
enzymes may function as regulators of cancer progression [32]. KEGG pathways were mainly enriched in
mRNA surveillance pathway, RNA degradation, RNA transport, Ribosome biogenesis in eukaryotes. The
previous research has reported that mRNA surveillance pathway has involved with initiation and
progression of cancer [33–35]. RBPs were associated with tumorigenicity and metastasis involved in
mRNA stability [11, 18]. In addition, the RNA degradation pathway was involved in drug anti-oral
tumorigenesis [36]. Alterations of crucial pathways underlying mRNA nuclear export could result in
genome instability and cancer initiation [37]. Given the important function of ribosome and ribosomal
proteins (RPs) in cells, ribosomal dysfunction would result in a variety of diseases [38–41] and RPL15, a
large ribosomal subunit protein, was remarkably upregulated in human cancer tissues and cultured cell
lines and was closely correlated with clinicopathological characteristics [42]. However, in NSCLC, those
molecular mechanisms and pathways need further explore in the future.
Several RBPs in our prognostic signature had been studied in human disease, especially in cancer.
IGF2BP1 silencing could inhibit the occurrence of tumor event in NSCLC [43]. In addition, the CASC3
overexpressed in cancer tissue and promoted cancer cell proliferation, migration, invasion, and glycolysis
[44, 45]. ZC3H12C could inhibit vascular inflammation and proinflammatory gene expression in
endothelial cells [46] and regulate proinflammatory activation of macrophages [47, 48]. ZC3H12D
contributed to inflammation-associated signaling pathways involved in the pathogenesis of
Leukoaraiosis [49]. BOP1 could prompt cell migration and invasion in colorectal cancer [50] and loss of
BOP1 conferred resistance to BRAF kinase inhibitors in melanoma [51]. DDX24 negatively regulated
cytosolic RNA-mediated innate immune signaling [52]. FASTKD3 was an essential component of
mitochondrial respiration that may modulate energy balance in cells exposed to adverse conditions by
functionally coupling mitochondrial protein synthesis to respiration [53]. TARBP1 was overexpressed in
NSCLC and hepatocellular cancer, and was associated with pathological grade, clinical stage and
pathological type [54, 55]. Increased levels of INTS7 in prostate cancer was associated with an
aggressive phenotype [56]. NOL12 was a multifunctional RNA binding protein at the nexus of RNA and
DNA metabolism [57]. NOL12 repression induced nucleolar stress-driven cellular senescence and was
associated with normative aging [58].PABPC1L might promote colon tumorigenesis by regulating mRNA
splicing [59]. In addition, PABPC1L depletion inhibited proliferation and migration via blockage of AKT
pathway in colorectal cancer [60]. In current bioinformatic analysis, the level of ZC3H12D, BOP1,
IGF2BP1, KHDC1, FASTKD3, TARBP1, INTS7, NOL12, SNRPB, PABPC1L mRNA and protein in lung cancer
tissue were higher than that in control tissue and were associated with survival time. However, the level of
ZC3H12C, CASC3, DDX24 mRNA and protein in lung cancer tissue were lower compared with control
tissue and were also associated with survival time. Therefore, the thirteen RBPs involved in tumorigenicity
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and prognosis of NSCLC, which deserved further explore the molecular mechanism in vitro and in vivo
experiments in the future.
The previous research has demonstrated that prognostic RBPs signature could predict the prognosis of
several of cancer [61, 62]. However, in lung cancer, the previous prognostic RBPs signature was
constructed based on lung squamous cell carcinoma or lung adenocarcinoma [20–22], which only
predict a part of patients. A prognostic RBPs signature was constructed by multivariable Cox regression
analysis concluding 13 differentially expressed RBPs (ZC3H12C, ZC3H12D, BOP1, CASC3, DDX24,
IGF2BP1, KHDC1, FASTKD3, TARBP1, INTS7, NOL12, SNRPB, PABPC1L) in the current study, which could
predict most lung cancer patients. The high-risk group had a shorter survival time compared to the lowrisk group in training and testing cohort (both P < 0.001). Area under ROC curve was 0.703 in training
cohort and 0.636 in testing cohort with moderate accuracy and specificity. In addition, risk score was an
independent prognostic factor of NSCLC by the univariate Cox analysis and the multivariate Cox analysis.
Furthermore, the prognostic RBPs signature was applied to differently clinical subgroup ( > = 65, < 65,
female, male, stage I-II, III- IV, T1-2, T3-4, N0, N1-3, M0 and M1), and high-risk group in all subgroup has a
shorter survival time compared with the low-risk group, which further validated the prognostic RBPs
signature. Therefore, the RBPs-associated prognostic signature was successfully constructed. In addition,
A nomogram was established to predict 1-year, 3-year and 5-year survival of patients with NSCLC.
There were some highlights in current study. Our study provided innovative insights into the roles of RBPs
during NSCLC development and progression and established a promising prognostic signature to
evaluate patient prognosis. In addition, the prognostic RBPs signature was validated by the testing cohort
and differently clinical subgroup, and had a good predict value. Nevertheless, this study had several
limitations which could not be ignored. First, our results were based on the bioinformatics analysis of the
TCGA data, which need to be validated in clinical patient cohort and multicenter and prospective study.
Second, the prognostic RBPs was not validated by qPCR. Finally, further studies were required to clarify
the molecular mechanism for clinical practice in the future.

Conclusion
A total of 459 differentially expressed RBPs were identified between cancer and control tissue. Functional
enrichment analysis was mainly associated with RNA splicing, regulation of translation, RNA catabolic
process, mRNA surveillance pathway, RNA degradation, RNA transport. Thirteen RBPs were independently
identified as prognostic RBPs by multivariate Cox regression analysis and were used to construct the
prognostic RBPs signature. The high-risk group in this prognostic RBPs signature was associated with a
shorter survival time. Furthermore, the risk score was an independent prognostic factor of NSCLC. In
addition, the signature was validated by the testing cohort and differently clinical subgroup ( > = 65, < 65,
female, male, stage I-II, III- IV, T1-2, T3-4, N0, N1-3, M0 and M1). Therefore, a RBPs-associated prognostic
signature was successfully constructed with highly diagnostic value, which could apply to predict
prognosis of patients with NSCLC and guide clinical decision-making.
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Figure 1
flowchart

Figure 2
A total of 459 differentially expressed RBPs (291 up-regulated and 168 down-regulated RBPs) were
identified when NSCLC compared to control
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Figure 3
The biological process was primarily associated with ncRNA metabolic process, ribonucleoprotein
complex biogenesis, RNA splicing, regulation of translation, RNA catabolic process
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Figure 4
The KEGG pathway was mainly enriched in RNA transport, Ribosome biogenesis in eukaryotes, mRNA
surveillance pathway
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Figure 5
38 prognostic RBPs were identified from 459 differentially expressed RBPs by univariate Cox regression
analysis
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Figure 6
Subsequently, 13 RBPs (ZC3H12C, ZC3H12D, BOP1, CASC3, DDX24, IGF2BP1, KHDC1, FASTKD3,
TARBP1, INTS7, NOL12, SNRPB, PABPC1L) were verified as independent indicator of prognosis by
multivariable Cox regression analysis in training cohort
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Figure 7
Figure 7A) and area under ROC curve was 0.703 (Figure 7B).
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Figure 8
All patients were divided into low- or high-risk group according to the median risk score (Figure 8A). The
survival time of each patient was shown in Figure 8B and the patients with a high-risk score had a higher
mortality rate than those with a low-risk score. A heatmap was shown to present the different expression
profile of the thirteen RBPs between two groups (Figure 8C).
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Figure 9
]: 1.522−1.991; P< 0.001. HR: 1.521; 95% CI: 1.305−1.773; P< 0.001) and the multivariate analysis (HR:
1.779; 95% CI: 1.548−2.045; P< 0.001. HR: 1.578; 95% CI: 1.343−1.854; P< 0.001)

Figure 10
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Compared to the low-risk group, the high-risk group has a poor survival time (P< 0.001; Figure 10A) and
area under ROC curve was 0.636 (Figure 10B).

Figure 11
The risk score, survival status and RBPs expression data of NSCLC patients in the testing cohort were
illustrated in Figure 11.
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Figure 12
In addition, the risk score and tumor stage in testing cohort were also independently associated with
prognosis in the univariate analysis (HR: 1.377; 95% CI: 1.179−1.607; P< 0.001. HR: 1.458; 95%CI:
1.245−1.708; P< 0.001) and the multivariate analysis (HR: 1.332; 95% CI: 1.134−1.566; P< 0.001; HR:
1.444; 95% CI: 1.223−1.705; P< 0.001) (Figure 12)
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Figure 13
The high-risk group in all subgroup above were significantly associated with poor survival time compared
to low-risk group (Figure 13).
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Figure 14
In order to construct a quantitative model for NSCLC prognosis, thirteen prognostic RBPs were combined
to build a nomogram plot (Figure 14).
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Figure 15
CASC3, DDX24, IGF2BP1, FASTKD3, TARBP1, NOL12, SNRPB,) were downloaded from the Human Protein
Atlas database due to KHDC1, INTS7 and PABPC1L without immunohistochemistry results in this
database (Figure 15).

Supplementary Files
This is a list of supplementary files associated with this preprint. Click to download.
Table1.docx

Page 27/27

