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Abstract
The dysregulation of RNA binding proteins (RBPs) play critical roles in the
progression of several cancers. However, the overall functions of RBPs in prostate
cancer (PCa) remain poorly understood. Therefore, we first identified 144
differentially expressed RBPs in tumors compared to normal tissues based on the
TCGA dataset. Next, six RBP genes (MSI1, MBNL2, LENG9, REXO2, RNASE1,
PABPC1L) were screened out as prognosis hub genes by univariate, LASSO and
multivariate Cox regression and used to establish the prognostic signature. Further
analysis indicated that high risk group was significantly associated with poor RFS,
which was validated in the MSKCC cohort. Besides, patients in high risk group was
closely associated with dysregulation of DNA damage repair pathway, copy number
alteration, tumor burden mutation and low-respond to cisplatin (P < 0.001),
bicalutamide (P < 0.001). Finally, three drugs (ribavirin, carmustine, carbenoxolone)
were predicted using Connectivity Map. In summary, we identified a six-RBP gene
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signature and three candidate drugs against PCa, which may promote the
individualized treatment and further improve the life quality of PCa patients.

Keywords: prostate cancer, RNA-binding proteins, recurrence-free survival, GSEA,
chemotherapy response, candidate drugs

1. Introduction
Prostate cancer (PCa) is the most common cancer among men, and one of the leading
cause of cancer-specific deaths. In the United States, the projected number of new
cases in 2020 is about 191,930, while the estimated number of deaths is high to
33,330, only less than lung cancer in men[1]. In China, the incidence of PCa has risen
rapidly from 10% to 20% over the past two decades[2]. Though the overall survival of
PCa is not poor compared to other malignancies[3-5], the recurrence rate of it is very
high, and most patients will develop into an advanced stage of so called
castration-resistant PCa (CRPC) [6, 7]. Moreover, patients with metastatic status only
have a short median survival of 30 months[8]. Therefore, further exploring the
molecular mechanism of PCa, and develop effective methods for screening and
diagnosis are pivotal to improve life quality for patients.
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)[9]. Up to now, more than 1,500 RBP genes have been founded through
genome-wide screening in human genome[10]. RBPs could regulate gene
transcription, but mainly act on RNA processing, such as mRNA splicing, localization,
polyadenylation, translocation, stability, translation[11, 12], which is more rapid than
transcription factors mediated regulation[13, 14]. Due to the critical roles of
post-transcriptional regulation in the development of biology, it is thus reasonable that
functional disruption of RBPs are involved into the progression of multiple human
diseases,

such

as

U1-70K

in

Alzheimer’s

disease[15],

muscleblind

in

neurodegeneration[16, 17], FMRP in Fragile X syndrome [18] , quaking (QKI),
human antigen R (HuR), and serine/arginine-rich splicing factor 1 (SRSF1) in
cardiovascular disease[19]. Even though RBPs are known to be involved in the
biology and progression of numerous diseases, the roles of RBPs in carcinoma
development are still rare.

bioRxiv preprint doi: https://doi.org/10.1101/2020.06.28.175984; this version posted June 29, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

In the past decades, it has been reported that many RBPs were aberrantly changed in
tumors, which affected the procession of mRNA into protein level, and then involved
in carcinogenesis[20, 21]. For example, AGO2 promotes tumor progression via
involving into the oncogenic miR-19b biogenesis[22]; ADAR1 facilitates the
tumorigenesis of PCa by regulating the expression and stability of the prostate cancer
antigen 3 (PCA3)[23, 24]; dysregulated expression of IGF2BP3 accelerates gastric
carcinogenesis due to the silence of miR-34a[25]; QKI-5 regulates cell proliferation in
lung cancer by changing cancer-associated alternative splicing[26].In general, these
results demonstrate that the RBPs are closely associated with the progression of
human tumors. Therefore, we collected PCa expression profiles and clinical
information from the cancer genome atlas (TCGA) database. Then, differentially
expressed RBPs between tumor and normal tissues were filtered, and the systematic
analysis to seek out the potential mechanisms and clinical information of RBPs were
also performed. Several differentially expressed RBPs involved with PCa were
identified, which may provide novel thought for the progression of PCa.

2. Materials and methods
2.1. Data processing
The flowchart of our study was displayed in Figure 1, the RNA-sequencing dataset
(FPKM value) of gene expression of 52 normal prostate tissue samples and 499 PCa
samples with related clinical data were downloaded from the Genomic Data
Commons

(GDC,

https://portal.gdc.cancer.gov/).

Then

FPKM

values

were

transformed into transcripts per kilobase million (TPM) values. The mRNA
expression profiles of the 1452 RBPs were obtained from archive of the PCa project.

＞

To identify the differently expressed RBPs in view of |log2 fold change (FC)| 0.5
and false discovery rate (FDR) < 0.05. The MSKCC cohort was also included as
validation cohorts to evaluate the prognostic ability of RBPs.
2.2. Prognosis-Related hub RBPs detection and validation
The differentially expressed RBPs were subjected to a univariate Cox regression
analysis using the survival package in R (https://github.com/therneau/survival). Next,
the least absolute shrinkage and selection operator (LASSO)[27], was performed to
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further filter the prognostic RBPs candidates. In addition, multiple stepwise Cox
regression method was used to select the hub RBPs to construct the prognostic model.
Risk score of selected hub genes was calculated based on the mRNA expression
weighted by the estimated regression coefficient in the multiple cox regression
analysis.
2.3. Gene expression, genetic alteration, DNA methylation analysis of hub RBPs
The genetic alterations and DNA methylation data of hub RBP genes in PCa patients
were

collected

from

the

cBioPortal

platform

(http://www.cbioportal.org/).

OncoPrinter were performed to display the frequency of genetic alteration, correlation
between copy number alteration (CNV), methylation and mRNA expression were
calculated

and

visualized

by

ggplot2

R

package

(https://github.com/tidyverse/ggplot2).
2.4. Identification of risk-associated Different Expression Genes (DEGs) and
enrichment analysis
The PCa patients were divided into high and low risk group based on the risk score,
and DEGs were identified by using R package ‘limma’[28]. Then Gene Ontology
(GO) analysis of these DEGs were performed by utilizing clusterProfiler R
package[29]. GSEA[30] was applied to explore the potential activated pathways in
high risk group of RBPs. Annotated gene sets h.all.v7.1.symbols.gmt, c2.cp.kegg.
v7.1.symbols.gmt were selected as the reference gene sets.
2.5. DNA damage repair (DDR) pathway, tumor mutation burden (TMB) and
tumor stemness
The mRNA expression and genetic alterations of 21 hub gene from DDR pathway[31]
between different risk group were detected based on the TCGA cohort. TMB, which is
defined as the total number of mutations per megabyte of tumor tissue, was calculated
by dividing the total number of mutations by the size of the coding region of the target.
Tumor stemness, could be represented using mRNAsi, then we got the mRNAsi data
of TCGA PCa patients from Robertson’s report[32].
2.6. Immunotherapy response, chemotherapy response prediction and candidate
small molecules
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The Tumour Immune Dysfunction and Exclusion (TIDE) (http://tide.dfci.harvard.edu)
was performed to assess the individual likelihood of responding to immunotherapy.
The chemotherapy response for cisplatin, docetaxel and bicalutamide of each PCa
patient in TCGA cohort was calculated based on the Genomics of Drug Sensitivity in
Cancer (GDSC, https://www.cancerrxgene.org) by using ‘pRRophetic’ R package
(https://github.com/paulgeeleher/pRRophetic). To identify potential drugs for RBPs
risk group, Connectivity map (CMap)[33] was performed to predict small molecule
drugs for RBPs high risk group compared to RBPs low risk group.
2.7. Statistics
All data were performed in R platform (v.3.6.3, https://cran.r project.org/). The
comparison of mRNA levels of RBPs between PCa and normal tissues, CNV, TMB,
chemotherapy response, immunotherapy response, tumor stemness of different risk
groups were conducted using Wilcoxon rank sum tests. The hub RBPs were screened
out using Cox regression, LASSO and multiple stepwise Cox regression. The
Kaplan-Meier (K-M) curve was generated using the R package ‘survival’ and assessed
by log-rank test. The risk score of each PCa patient was calculated using the mRNA
expression of hub RBPs, weighted by the corresponding coefficients derived from
multiple Cox regression model.

3. Results
3.1. Explore the prognostic RBPs in PCa
A total of 499 PCa samples and 52 normal prostate samples were analyzed. The
limma software package were used to preprocess these data and detect the
differentially expressed RBPs. In total, 1542 RBPs[10] were included in this study, of

＞

which 144 met our threshold (adj P < 0.05, |log2FC| 0.5), 51 downregulated and 93
upregulated RBPs (Figure 2A, 2B).
The 144 differently expressed RBPs were included to investigate the prognostic
significance by using univariate Cox regression method and obtained 49
prognostic-associated candidate RBPs (Table 1). Then LASSO regression was
performed to identify the 49 candidate genes that were closely associated with the
prognosis of PCa patients, including 14 genes, PPARGC1A, EZH2, MSI1, MBNL2,
SNRNP70, LENG9, PABPN1, REXO2, XPO6, RNASE1, PABPC1L, LUC7L,
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SMAD9, ZFP36 (Figure 2C). To further select the RBPs with the greatest prognosis
value, multiple stepwise Cox regression were performed to investigate their impact,
six hub RBPs were selected to construct the risk model in PRAD patients (Figure 2D).
The expressions profiles of these six genes showed that MSI1, LENG9, REXO2,
PABPC1L were overexpression in prostate cancer samples when compared with
normal samples, and MBNL2, RNASE1 were lower in tumor tissue (Figure 3A).
Moreover, the K-M plot also demonstrated that overexpression of MSI1, REXO2,
RNASE1, PABPC1L, and low expression of MBNL2, LENG9 were associated with
the poor RFS of PCa patients (All, P <0.001) (Figure 3B). Finally, the genetic
alteration status and methylation of six RBPs was explored based on cBioPortal
database. The results showed that the MSI1, MBNL2, LENG9, REXO2, RNASE1,
PABPC1L had 1.8%, 2.2%, 0.6%, 4%, 0.4%, 0.6% genetic alterations (Figure 4A),
and most of them belonged to copy number change. The correlation between copy
number mutation with mRNA expression of MSI1 was 0.376 (Figure 4B), the other
genes were less than 0.3. What’s more, the correlation between mRNA expression and
DNA methylation of MBNL2, REXO2, RNASE1 were -0.470, -0.640, -0.486 (Figure
4C), which suggested that MSI1 may be copy number-drive gene, while MBNL2,
REXO2, RNASE1 may be methylation-drive genes.
3.2. Construction and validation of the RBPs prognostic model
The six hub RBPs choosed from the multiple Cox regression method were used to
establish the predictive model. The risk score of each patient was calculated based on
the coefficients: Risk score = (0.294*ExpMSI1) + (-0.497*ExpMBNL2) +
(-0.278*ExpLENG9)

+

(0.544*ExpREXO2)

+

(0.760*ExpRNASE1)

+

(0.366*ExpPABPC1L). Then PCa patients were divided into low-risk group (n =245)
and high-risk group (n=244) based on the median risk score as the cut-off point. The
K-M results showed that the patients in the high-risk group had worse RPS compared
to those in the low-risk group (P < 0.001, Figure 5A). Moreover, the time-dependent
ROC demonstrated that the area under the ROC curve (AUC) of this RBPs risk score
model in 1-year, 3- year, 5-year could be 0.799, 0.736, 0.714 (Figure 5B), which
indicated that it has moderate diagnostic performance. The RFS status of patients,
heatmap of expression profiles of these six genes in the low-risk group and high-risk
group were displayed Figure 5C and Figure 5D. Moreover, the univariate and
multivariate

Cox regression analysis results showed that risk score was an
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independent factor for RFS (Table 2).To verify whether the six RBPs model with
similar predictive value in other PCa cohort, the same formula was used to generate
the risk score of each patient in the MSKCC dataset. Consistent with the results in the
TCGA cohort, patients with high-risk score also have a not good RFS than those with
low-risk score (Figure 6A–6D).
3.3. Identificate the DEGs between high-risk and low-risk groups and explore
the activated pathways
To further analysis the potential mechanism of RBPs genes, the DEGs in the different
risk groups in TCGA-PRAD cohort were explored, of which 652 genes reached our
threshold (adj P < 0.05, |log2FC|

＞ 1),

including 241 downregulated and 411

upregulated RBPs (Figure 7A). To obtain a comprehensive understanding of the
relationship between risk score and the biology of PCa, we performed GO functional
enrichment by using clusterProfiler package. The results showed that the DEGs were
mostly associated with humoral immune response, protein activation cascade, antigen
binding biology process (Figure 7B). Then Hallmark and KEGG functional
enrichment were also performed using GSEA, which demonstrated that the high-risk
group were enriched in the process of cell cycle, especially DNA repair (Figure
7C-7D). Therefore, we compared the mRNA expression of the key genes in the DNA
damage repair (DDR) pathway among high- and low-risk group, and revealed the
high expressed DDR genes in high-risk group (Figure 7E). Besides, the genetic
alterations of many DDR key genes were also changed from low to high, such as
POLE, FANCA (Figure 7F). These results suggested that RBPs may regulate the
tumor cells biology function by changing the expression of DDR genes.

3.4. The differences of gene copy number alteration, tumor mutant burden,
cancer stemness index and sensitivity to immuno-/chemotherapy among the
high- and low-risk groups
RBPs could regulate the gene transcription, especially post-transcriptional regulation,
which may also have effect on the genetic alteration, such as somatic mutations, copy
number alteration. Here, we further carry out analyses to get more deep understanding
of the RBP risk groups. For the CNA status, the results showed that the high-risk
group had the high amplification (Pamp = 0.015, Pamp = 0.00057) and deletion (Pdel =
1.8e-06, Pdel = 1.5e-08) in both arm and focal levels (Figure 8A-B). What’s more,
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high TMB was also found in high risk group (P = 1.1e-6) (Figure 8C). As to the
tumor stemness, the stemness index in high risk group is increased, though there was
no significant (Figure 8D). Considering TMB as a promising biomarker for
immunotherapy response[34] and chemotherapy is the common method of treating
advanced PCa[35]. Therefore, the immunotherapy response and different responses
for cisplatin, docetaxel and bicalutamide between high risk group and low risk group
were calculated based on the TIDE and GDSC database. There was no significant of
immunotherapy (Figure 8E, P = 0.144), however, the estimated IC50 values showed
that low risk group had a better response for Cisplatin (P = 3.48e-02) and
bicalutamide (P = 7.93e-06) (Figure 8E).Taken together the above results, our results
demonstrated that the RBPs risk model is associated with significantly higher copy
number alterations, higher TMB, aberrantly drug responses, but not with cancer
stemness and immunotherapy response.
3.5. Related small candidate drugs screening
To identify the small molecule drugs which could treat the patients in the RBPs high
risk group, CMap database was employed. Based on the 652 DEGs between high-risk
group and low-risk group, the small molecule drugs with highly significant
correlations were predicted (Table 2). Finally, three small molecule drugs, ribavirin,
carmustine, carbenoxolone, were filter based on the enrichment (>0.6) and P value (<
0.05).

4. Discussions
RBPs aberrantly expressions had been found in several malignant tumors[20, 36],.
However, little has been investigated about the expression and potential roles of RBPs
in PCa. In our study, 144 differently expressed RBPs were identified in tumor
compared to normal tissues based on the RNA-seq data from TCGA-PRAD cohort.
Then univariate Cox regression analyses, LASSO regression analyses, multiple
stepwise Cox regression analysis, and ROC analyses of hub RBPs to further explore
their potential prognostic value to clinical outcome. Finally, a risk model which could
predict PCa prognosis based on six RBP genes was established. These results may
promote to get the new biomarkers for the diagnosis and prognosis prediction of
patients with PCa.
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The six hub RBPs consist of MSI1, MBNL2, LENG9, REXO2, RNASE1, PABPC1L
which were associated with progression and prognosis of many cancers. MSI1,
musashi1, functions as a critical protein in sensory organ precursor cells[37], which
could directly binds to p21, p27, p53 mRNAs and accelerates phase transition from
G0/G1 to S phase [38]. MSI1 also could control the growth of cancer by modulating
the Notch, Wnt and Akt signaling pathways[39], and even be used as cancer stem cell
marker to islolate adult stem cells in intestinal epithelium[40]. MBNL2, muscleblind
like splicing regulator 2, which was initially found in Drosophila melanogaster[41],
could regulate the expression and alternative splicing of hypoxia response of cancer
cells[42]. LENG9, Leukocyte Receptor Cluster Member 9, belongs to the CCCH zine
finger family, acts as an negative regulator of macrophage activation[43]. REXO2,
regulate short mitochondrial RNAs generated by mtRNA processing and prevent the
accumulation of double-stranded RNA[44], was reported associated with the
development of inflammatory bowel disease and colorectal cancer[45]. RNASE1,
which could regulate the degradation of double-stranded RNA[46], was associated
with bladder cancer[47] and metastatic lesions in gastric cancer[48]. PABPC1L,
binding to the polyA tails of mRNAs to regulate mRNA stability and translation[49],
could reduce the cell proliferation through AKT pathway[50, 51]. Few of them has
been reported in PCa. In our study, these six genes were identified aberrantly
expression and associated with disease free survival. Besides, the genetic alteration of
these six genes were not very high and low correlation with mRNA level. Intriguingly,
the mRNA levels of MBNL2, REXO2, RNASE1 were negatively related with the
methylation status (R = -0.470, R = -0.640, R = -0.486), which suggests that these
three genes may be methylation-drive genes.
Next, based on the expression of these six genes, a risk model was constructed to
predict the outcome of PCa in the TCGA cohort. The K-M plot showed that high risk
group was dramatically associated with poorer RFS. The ROC curve analysis showed
that these six genes signature with the better prognostic value to distinguish the PCa
patients with poor RFS. Moreover, we also used the MSKCC database to assess the
prognostic value of the six gene signature, the results were basically agreed with the
results of TCGA cohort.
In order to explore the molecular mechanism of these six RBPs contributes to prostate
carcinogenesis, the PCa patients were divided into two group based on the risk score.
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Total 652 DEGs were identified between high risk group and low risk group, then GO,
KEGG and Hallmark analysis were performed, the results demonstrated that high risk
group were closely related with DNA damage and repair pathway (Figure 7C-7F).
Clinical and preclinical studies have revealed that DNA damage response pathways
play critical role in the progression of PCa, especially in advantage stage PCa
patients[52, 53]. In our study, high risk group were associated with aberrantly
expression of hub gene of DDR pathway, which suggest that RBPs may regulate the
DDR pathway activation and then control the biology behavior of PCa. Considering
the effects exerted by RBPs and functions of DDR, the DNA copy number alteration,
TMB, stemness were also analysis to explore whether RBPs are associate with genetic
alteration, stemness. The results showed that the high-risk group were closely
associated with amplification, deletion of arm and focal (Figure 8A-8B). The TMB
was also increased in high risk group, but no significance was found in mRNAsi level
(Figure 8D), which strongly reminder that RBPs may also cause the genetic alteration.
Genetic alteration, especially TMB could result in the different response for drugs[54].
Then the responses for Cisplain, Docetaxel, Bicalutamide between the two groups
were analysis based on the GDSC database. Our results demonstrated that high risk
group had high estimated IC50, which suggested RBPs may play critical role in the
response for drugs.
In addition, CMap database was used to predict some small molecule drugs with
potential therapeutic efficacy for high risk group. Total 3 drugs, ribavirin, carmustine,
carbenoxolone, were predicted to have anti-cancer effects in PCa. Ribavirin, known to
inhibit mRNA translation, has demonstrated clinical activity of Phase I study in breast
cancer, PCa, and other solid tumors[55, 56]. Carmustine attacks cancer cells through
alkylation, has been used to treat lymphomas[57], brain tumors[58]. Carbenoxolone,
an inhibitor of 11β-HSD, could induce apoptosis and growth inhibition in several

types of cancerous cells[59-61]. These results prompted that the prognostic model of
six-genes signature has a certain value in individual treatment plans of PCa patients.
Overall, our risk model built on six hub RBPs has better prognostic value for PCa
patients. Moreover, the RBPs-associated gene signature was closely associated with
DDR pathway, copy number alteration, TMB and drug response, suggesting that they
can potentially be helpful for clinical individual therapy. Nonetheless, there are some
limitations in our study. Firstly, our prognostic model was only established on the
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data from TCGA and MSKCC cohort, which need to be validated in clinical patient
cohort and multicenter and prospective study. Secondly, further studies, including in
vitro and in vivo experiments are required to clarify the molecular mechanisms for
clinical practice.
In summary, we extensively explored the expression and potential prognostic abilities
of differently expressed RBPs in PCa. The risk model of six RBPs was constructed,
which could provide the favorable prognostic value based on these six genes
expression levels. Furthermore, we found high risk group is associated with DDR
pathway, copy number alteration, TMB and drug responses. Finally, three candidate
small molecule drugs were predicted that had potential for RBPs high risk group,
which provide directions for PCa tumors targeted therapy.
5.

Conclusions

In our study, a prognostic-associated risk model based on six RBPs were constructed,
which were closely related with DDR pathway, CNV, TMB and drug responses. These
results could provide new perspective for the individual treatment of PCa patients.
Data accessibility
All data about TCGA and MSKCC dataset are publicly available, and appear in the
submitted article.
Authors’ Contributions
XW and SG had full access to all the data in the study and take responsibility for the
integrity of the data and the accuracy of the data analysis, study concept, design, and
supervision. LG and JM acquisition of data and drafting of the manuscript. YZ and JG
analysis and interpretation of data. ZH critical revision of the manuscript for
important intellectual content. LG and JM statistical analysis. ZH, XW, SG and YZ
obtaining funding, administrative, technical, or material support.
Acknowledgments
This study was sponsored by the National Natural Science Foundation of China (No.
81972411; No. 81672555), the Young Scientists Fund of the National Natural Science
Foundation of China (No. 81802544), and Young Scientists Fund of Changzhou No.2
People’s Hospital (No.2018K009).

bioRxiv preprint doi: https://doi.org/10.1101/2020.06.28.175984; this version posted June 29, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Conflicts of interest statement
No competing financial interests exist.
References
[1] R.L. Siegel, K.D. Miller, A. Jemal, Cancer statistics, 2020, CA Cancer J. Clin., 70 (2020) 7-30.
[2] D. Qi, C. Wu, F. Liu, K. Gu, Z. Shi, X. Lin, S. Tao, W. Xu, C.B. Brendler, Y. Zheng, J. Xu, Trends
of prostate cancer incidence and mortality in Shanghai, China from 1973 to 2009, Prostate, 75 (2015)
1662-1668.
[3] R. De Angelis, M. Sant, M.P. Coleman, S. Francisci, P. Baili, D. Pierannunzio, A. Trama, O. Visser,
H. Brenner, E. Ardanaz, M. Bielska-Lasota, G. Engholm, A. Nennecke, S. Siesling, F. Berrino, R.
Capocaccia, E.-W. Group, Cancer survival in Europe 1999-2007 by country and age: results of
EUROCARE--5-a population-based study, Lancet Oncol., 15 (2014) 23-34.
[4] J.E. Johansson, H.O. Adami, S.O. Andersson, R. Bergstrom, L. Holmberg, U.B. Krusemo, High
10-year survival rate in patients with early, untreated prostatic cancer, JAMA, 267 (1992) 2191-2196.
[5] K.W. Jung, S. Park, H.J. Kong, Y.J. Won, J.Y. Lee, H.G. Seo, J.S. Lee, Cancer statistics in Korea:
incidence, mortality, survival, and prevalence in 2009, Cancer Res. Treat., 44 (2012) 11-24.
[6] N. Howard, M. Clementino, D. Kim, L. Wang, A. Verma, X. Shi, Z. Zhang, R.S. DiPaola, New
developments in mechanisms of prostate cancer progression, Semin. Cancer Biol., 57 (2019) 111-116.
[7] K.S. Virgo, E. Basch, D.A. Loblaw, T.K. Oliver, R.B. Rumble, M.A. Carducci, L. Nordquist, M.E.
Taplin, E. Winquist, E.A. Singer, Second-Line Hormonal Therapy for Men With Chemotherapy-Naive,
Castration-Resistant Prostate Cancer: American Society of Clinical Oncology Provisional Clinical
Opinion, J. Clin. Oncol., 35 (2017) 1952-1964.
[8] B. Kessler, P. Albertsen, The natural history of prostate cancer, Urol. Clin. North Am., 30 (2003)
219-226.
[9] S. Hong, RNA Binding Protein as an Emerging Therapeutic Target for Cancer Prevention and
Treatment, J Cancer Prev, 22 (2017) 203-210.
[10] S. Gerstberger, M. Hafner, T. Tuschl, A census of human RNA-binding proteins, Nat Rev Genet,
15 (2014) 829-845.
[11] B.S. Zhao, I.A. Roundtree, C. He, Post-transcriptional gene regulation by mRNA modifications,
Nat. Rev. Mol. Cell Biol., 18 (2017) 31-42.
[12] P. Connerty, S. Bajan, J. Remenyi, F.V. Fuller-Pace, G. Hutvagner, The miRNA biogenesis factors,
p72/DDX17 and KHSRP regulate the protein level of Ago2 in human cells, Biochim. Biophys. Acta,
1859 (2016) 1299-1305.
[13] M. Turner, M.D. Diaz-Munoz, RNA-binding proteins control gene expression and cell fate in the
immune system, Nat. Immunol., 19 (2018) 120-129.
[14] M.D. Diaz-Munoz, M. Turner, Uncovering the Role of RNA-Binding Proteins in Gene Expression
in the Immune System, Front Immunol, 9 (2018) 1094.
[15] C.M. Hales, E.B. Dammer, Q. Deng, D.M. Duong, M. Gearing, J.C. Troncoso, M. Thambisetty, J.J.
Lah, J.M. Shulman, A.I. Levey, N.T. Seyfried, Changes in the detergent-insoluble brain proteome
linked to amyloid and tau in Alzheimer's Disease progression, Proteomics, 16 (2016) 3042-3053.
[16] A.M. Alaqeel, H. Abou Al-Shaar, R.K. Shariff, A. Albakr, The role of RNA metabolism in
neurological diseases, Balkan J. Med. Genet., 18 (2015) 5-14.

bioRxiv preprint doi: https://doi.org/10.1101/2020.06.28.175984; this version posted June 29, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

[17] E.G. Conlon, J.L. Manley, RNA-binding proteins in neurodegeneration: mechanisms in aggregate,
Genes Dev., 31 (2017) 1509-1528.
[18] K.E. Lukong, K.W. Chang, E.W. Khandjian, S. Richard, RNA-binding proteins in human genetic
disease, Trends Genet., 24 (2008) 416-425.
[19] R.G. de Bruin, T.J. Rabelink, A.J. van Zonneveld, E.P. van der Veer, Emerging roles for
RNA-binding proteins as effectors and regulators of cardiovascular disease, Eur. Heart J., 38 (2017)
1380-1388.
[20] B. Pereira, M. Billaud, R. Almeida, RNA-Binding Proteins in Cancer: Old Players and New Actors,
Trends Cancer, 3 (2017) 506-528.
[21] N. Legrand, D.A. Dixon, C. Sobolewski, AU-rich element-binding proteins in colorectal cancer,
World. J. Gastrointest. Oncol., 11 (2019) 71-90.
[22] H. Zhang, Y. Wang, J. Dou, Y. Guo, J. He, L. Li, X. Liu, R. Chen, R. Deng, J. Huang, R. Xie, X.
Zhao, J. Yu, Acetylation of AGO2 promotes cancer progression by increasing oncogenic miR-19b
biogenesis, Oncogene, 38 (2019) 1410-1431.
[23] A. Salameh, A.K. Lee, M. Cardo-Vila, D.N. Nunes, E. Efstathiou, F.I. Staquicini, A.S. Dobroff, S.
Marchio, N.M. Navone, H. Hosoya, R.C. Lauer, S. Wen, C.C. Salmeron, A. Hoang, I. Newsham, L.A.
Lima, D.M. Carraro, S. Oliviero, M.G. Kolonin, R.L. Sidman, K.A. Do, P. Troncoso, C.J. Logothetis,
R.R. Brentani, G.A. Calin, W.K. Cavenee, E. Dias-Neto, R. Pasqualini, W. Arap, PRUNE2 is a human
prostate cancer suppressor regulated by the intronic long noncoding RNA PCA3, Proc. Natl. Acad. Sci.
U. S. A., 112 (2015) 8403-8408.
[24] C.P. Kung, L.B. Maggi, Jr., J.D. Weber, The Role of RNA Editing in Cancer Development and
Metabolic Disorders, Front. Endocrinol. (Lausanne), 9 (2018) 762.
[25] Y. Zhou, T. Huang, H.L. Siu, C.C. Wong, Y. Dong, F. Wu, B. Zhang, W.K. Wu, A.S. Cheng, J. Yu,
K.F. To, W. Kang, IGF2BP3 functions as a potential oncogene and is a crucial target of miR-34a in
gastric carcinogenesis, Mol. Cancer, 16 (2017) 77.
[26] F.Y. Zong, X. Fu, W.J. Wei, Y.G. Luo, M. Heiner, L.J. Cao, Z. Fang, R. Fang, D. Lu, H. Ji, J. Hui,
The RNA-binding protein QKI suppresses cancer-associated aberrant splicing, PLoS Genet., 10 (2014)
e1004289.
[27] Y. Jiang, Q. Zhang, Y. Hu, T. Li, J. Yu, L. Zhao, G. Ye, H. Deng, T. Mou, S. Cai, Z. Zhou, H. Liu,
G. Chen, G. Li, X. Qi, ImmunoScore Signature: A Prognostic and Predictive Tool in Gastric Cancer,
Ann. Surg., 267 (2018) 504-513.
[28] M.E. Ritchie, B. Phipson, D. Wu, Y. Hu, C.W. Law, W. Shi, G.K. Smyth, limma powers
differential expression analyses for RNA-sequencing and microarray studies, Nucleic Acids Res., 43
(2015) e47.
[29] G. Yu, L.G. Wang, Y. Han, Q.Y. He, clusterProfiler: an R package for comparing biological themes
among gene clusters, OMICS, 16 (2012) 284-287.
[30] A. Subramanian, P. Tamayo, V.K. Mootha, S. Mukherjee, B.L. Ebert, M.A. Gillette, A. Paulovich,
S.L. Pomeroy, T.R. Golub, E.S. Lander, J.P. Mesirov, Gene set enrichment analysis: a knowledge-based
approach for interpreting genome-wide expression profiles, Proc. Natl. Acad. Sci. U. S. A., 102 (2005)
15545-15550.
[31] W. Tian, B. Shan, Y. Zhang, Y. Ren, S. Liang, J. Zhao, Z. Zhao, G. Wang, X. Zhao, D. Peng, R. Bi,
S. Cai, Y. Bai, H. Wang, Association between DNA damage repair gene somatic mutations and
immune-related gene expression in ovarian cancer, Cancer medicine, 9 (2020) 2190-2200.

bioRxiv preprint doi: https://doi.org/10.1101/2020.06.28.175984; this version posted June 29, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

[32] A.G. Robertson, J. Kim, H. Al-Ahmadie, J. Bellmunt, G. Guo, A.D. Cherniack, T. Hinoue, P.W.
Laird, K.A. Hoadley, R. Akbani, M.A.A. Castro, E.A. Gibb, R.S. Kanchi, D.A. Gordenin, S.A. Shukla,
F. Sanchez-Vega, D.E. Hansel, B.A. Czerniak, V.E. Reuter, X. Su, B. de Sa Carvalho, V.S. Chagas, K.L.
Mungall, S. Sadeghi, C.S. Pedamallu, Y. Lu, L.J. Klimczak, J. Zhang, C. Choo, A.I. Ojesina, S.
Bullman, K.M. Leraas, T.M. Lichtenberg, C.J. Wu, N. Schultz, G. Getz, M. Meyerson, G.B. Mills, D.J.
McConkey, T.R. Network, J.N. Weinstein, D.J. Kwiatkowski, S.P. Lerner, Comprehensive Molecular
Characterization of Muscle-Invasive Bladder Cancer, Cell, 174 (2018) 1033.
[33] J. Lamb, E.D. Crawford, D. Peck, J.W. Modell, I.C. Blat, M.J. Wrobel, J. Lerner, J.P. Brunet, A.
Subramanian, K.N. Ross, M. Reich, H. Hieronymus, G. Wei, S.A. Armstrong, S.J. Haggarty, P.A.
Clemons, R. Wei, S.A. Carr, E.S. Lander, T.R. Golub, The Connectivity Map: using gene-expression
signatures to connect small molecules, genes, and disease, Science, 313 (2006) 1929-1935.
[34] L. Fancello, S. Gandini, P.G. Pelicci, L. Mazzarella, Tumor mutational burden quantification from
targeted gene panels: major advancements and challenges, J Immunother Cancer, 7 (2019) 183.
[35] E.M. Kwan, A.A. Azad, Chemotherapy, not androgen receptor-targeted therapy should be used
upfront for metastatic hormone-sensitive prostate cancer. PRO: docetaxel chemotherapy should be the
default consideration in metastatic hormone-sensitive prostate cancer, Curr Opin Urol, 30 (2020)
617-619.
[36] Y. Wu, H. Chen, Y. Chen, L. Qu, E. Zhang, Z. Wang, Y. Wu, R. Yang, R. Mao, C. Lu, Y. Fan, HPV
shapes tumor transcriptome by globally modifying the pool of RNA binding protein-binding motif,
Aging (Albany N. Y.), 11 (2019) 2430-2446.
[37] M. Forouzanfar, L. Lachinani, K. Dormiani, M.H. Nasr-Esfahani, A.O. Gure, K. Ghaedi,
Intracellular functions of RNA-binding protein, Musashi1, in stem and cancer cells, Stem Cell Res Ther,
11 (2020) 193.
[38] X. Liu, W.T. Yang, P.S. Zheng, Msi1 promotes tumor growth and cell proliferation by targeting
cell cycle checkpoint proteins p21, p27 and p53 in cervical carcinomas, Oncotarget, 5 (2014)
10870-10885.
[39] J. Muto, T. Imai, D. Ogawa, Y. Nishimoto, Y. Okada, Y. Mabuchi, T. Kawase, A. Iwanami, P.S.
Mischel, H. Saya, K. Yoshida, Y. Matsuzaki, H. Okano, RNA-binding protein Musashi1 modulates
glioma cell growth through the post-transcriptional regulation of Notch and PI3 kinase/Akt signaling
pathways, PLoS One, 7 (2012) e33431.
[40] F.M. Cambuli, B.R. Correa, A. Rezza, S.C. Burns, M. Qiao, P.J. Uren, E. Kress, A. Boussouar, P.A.
Galante, L.O. Penalva, M. Plateroti, A Mouse Model of Targeted Musashi1 Expression in Whole
Intestinal Epithelium Suggests Regulatory Roles in Cell Cycle and Stemness, Stem Cells, 33 (2015)
3621-3634.
[41] E.T. Wang, N.A. Cody, S. Jog, M. Biancolella, T.T. Wang, D.J. Treacy, S. Luo, G.P. Schroth, D.E.
Housman, S. Reddy, E. Lecuyer, C.B. Burge, Transcriptome-wide regulation of pre-mRNA splicing
and mRNA localization by muscleblind proteins, Cell, 150 (2012) 710-724.
[42] S. Fischer, A. Di Liddo, K. Taylor, J.S. Gerhardus, K. Sobczak, K. Zarnack, J.E. Weigand,
Muscleblind-like 2 controls the hypoxia response of cancer cells, RNA, 26 (2020) 648-663.
[43] J. Liang, W. Song, G. Tromp, P.E. Kolattukudy, M. Fu, Genome-wide survey and expression
profiling of CCCH-zinc finger family reveals a functional module in macrophage activation, PLoS One,
3 (2008) e2880.
[44] M. Szewczyk, D. Malik, L.S. Borowski, S.D. Czarnomska, A.V. Kotrys, K. Klosowska-Kosicka,
M. Nowotny, R.J. Szczesny, Human REXO2 controls short mitochondrial RNAs generated by mtRNA

bioRxiv preprint doi: https://doi.org/10.1101/2020.06.28.175984; this version posted June 29, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

processing and decay machinery to prevent accumulation of double-stranded RNA, Nucleic Acids Res.,
48 (2020) 5572-5590.
[45] I. Hulur, E.R. Gamazon, A.D. Skol, R.M. Xicola, X. Llor, K. Onel, N.A. Ellis, S.S. Kupfer,
Enrichment of inflammatory bowel disease and colorectal cancer risk variants in colon expression
quantitative trait loci, BMC Genomics, 16 (2015) 138.
[46] M. Ueki, R. Iida, J. Fujihara, H. Takeshita, I. Yuasa, Y. Kominato, T. Yasuda, Development of
genotyping methods for single nucleotide polymorphism in the human pancreatic ribonuclease gene
(RNASE1) and their application to population studies, Biochem. Genet., 46 (2008) 145-153.
[47] J. Mares, M. Szakacsova, V. Soukup, J. Duskova, A. Horinek, M. Babjuk, Prediction of recurrence
in low and intermediate risk non-muscle invasive bladder cancer by real-time quantitative PCR analysis:
cDNA microarray results, Neoplasma, 60 (2013) 295-301.
[48] L. Wang, J.S. Zhu, M.Q. Song, G.Q. Chen, J.L. Chen, Comparison of gene expression profiles
between primary tumor and metastatic lesions in gastric cancer patients using laser microdissection and
cDNA microarray, World J. Gastroenterol., 12 (2006) 6949-6954.
[49] S. Ozturk, F. Uysal, Poly(A)-binding proteins are required for translational regulation in vertebrate
oocytes and early embryos, Reprod. Fertil. Dev., 29 (2017) 1890-1901.
[50] B. Zhang, K.R. Babu, C.Y. Lim, Z.H. Kwok, J. Li, S. Zhou, H. Yang, Y. Tay, A comprehensive
expression landscape of RNA-binding proteins (RBPs) across 16 human cancer types, RNA Biol., 17
(2020) 211-226.
[51] Y.Q. Wu, C.L. Ju, B.J. Wang, R.G. Wang, PABPC1L depletion inhibits proliferation and migration
via blockage of AKT pathway in human colorectal cancer cells, Oncol. Lett., 17 (2019) 3439-3445.
[52] E. Castro, C. Goh, D. Olmos, E. Saunders, D. Leongamornlert, M. Tymrakiewicz, N. Mahmud, T.
Dadaev, K. Govindasami, M. Guy, E. Sawyer, R. Wilkinson, A. Ardern-Jones, S. Ellis, D. Frost, S.
Peock, D.G. Evans, M. Tischkowitz, T. Cole, R. Davidson, D. Eccles, C. Brewer, F. Douglas, M.E.
Porteous, A. Donaldson, H. Dorkins, L. Izatt, J. Cook, S. Hodgson, M.J. Kennedy, L.E. Side, J. Eason,
A. Murray, A.C. Antoniou, D.F. Easton, Z. Kote-Jarai, R. Eeles, Germline BRCA mutations are
associated with higher risk of nodal involvement, distant metastasis, and poor survival outcomes in
prostate cancer, J. Clin. Oncol., 31 (2013) 1748-1757.
[53] J. Mateo, G. Boysen, C.E. Barbieri, H.E. Bryant, E. Castro, P.S. Nelson, D. Olmos, C.C. Pritchard,
M.A. Rubin, J.S. de Bono, DNA Repair in Prostate Cancer: Biology and Clinical Implications, Eur.
Urol., 71 (2017) 417-425.
[54] R. Buttner, J.W. Longshore, F. Lopez-Rios, S. Merkelbach-Bruse, N. Normanno, E. Rouleau, F.
Penault-Llorca, Implementing TMB measurement in clinical practice: considerations on assay
requirements, ESMO Open, 4 (2019) e000442.
[55] L.A. Dunn, M.G. Fury, E.J. Sherman, A.A. Ho, N. Katabi, S.S. Haque, D.G. Pfister, Phase I study
of induction chemotherapy with afatinib, ribavirin, and weekly carboplatin and paclitaxel for stage
IVA/IVB human papillomavirus-associated oropharyngeal squamous cell cancer, Head Neck, 40 (2018)
233-241.
[56] T. Kosaka, G. Nagamatsu, S. Saito, M. Oya, T. Suda, K. Horimoto, Identification of drug
candidate against prostate cancer from the aspect of somatic cell reprogramming, Cancer Sci., 104
(2013) 1017-1026.
[57] D. Modi, S. Kim, M. Surapaneni, L. Ayash, A. Alavi, V. Ratanatharathorn, A. Deol, J.P. Uberti,
R-BEAM versus Reduced-Intensity Conditioning Regimens in Patients Undergoing Allogeneic Stem

bioRxiv preprint doi: https://doi.org/10.1101/2020.06.28.175984; this version posted June 29, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Cell Transplantation for Relapsed Refractory Diffuse Large B Cell Lymphoma, Biol. Blood Marrow
Transplant., 26 (2020) 683-690.
[58] N. Kumar, N. Lal, V. Nemaysh, P.M. Luthra, Design, synthesis, DNA binding studies and
evaluation of anticancer potential of novel substituted biscarbazole derivatives against human glioma
U87 MG cell line, Bioorg. Chem., 100 (2020) 103911.
[59] M.A. Moosavi, S. Moasses Ghafary, I. Asvadi-Kermani, H. Hamzeiy, M. Rahmati, A.H. Ahmadi,
A. Nikanfar, Z. Sanaat, M. Asadi-Khiavi, Carbenoxolone induces apoptosis and inhibits survivin and
survivin-DeltaEx3 genes expression in human leukemia K562 cells, Daru, 19 (2011) 455-461.
[60] H. Liu, M. Yuan, Y. Yao, D. Wu, S. Dong, X. Tong, In vitro effect of Pannexin 1 channel on the
invasion and migration of I-10 testicular cancer cells via ERK1/2 signaling pathway, Biomed.
Pharmacother., 117 (2019) 109090.
[61] S. Salcher, G. Spoden, J. Hagenbuchner, S. Fuhrer, T. Kaserer, M. Tollinger, P. Huber-Cantonati, T.
Gruber, D. Schuster, R. Gust, H. Zwierzina, T. Muller, U. Kiechl-Kohlendorfer, M.J. Ausserlechner, P.
Obexer, A drug library screen identifies Carbenoxolone as novel FOXO inhibitor that overcomes
FOXO3-mediated chemoprotection in high-stage neuroblastoma, Oncogene, 39 (2020) 1080-1097.

Figure Legends
Figure 1. Flowchart for analyzing RBPs in prostate cancer.
Figure 2. The differentially expressed RBPs, lasso regression results and risk
prognostic model of RBPs. (A) Volcano plot represents the differentially expressed
RBPs, satisfying the criteria of adjusted pvalue < 0.05, |log2FoldChange| > 0.5. (B)
Heatmap plot represents the expressions of 144 differentially RBPs between normal
and tumor samples in prostate cancer. (C) The Cross-Validation fit curve calculated by
lasso regression method. (D) The coefficients of six genes estimated by multivariate
Cox regression.
Figure 3. The mRNA expression profiles, survival curves of six hub RBPs. (A) The
mRNA expression profiles of MSI1, MBNL2, LENG9, REXO2, RNASE1, PABPC1L.
(B) The survival curves of MSI1, MBNL2, LENG9, REXO2, RNASE1, PABPC1L.
Figure 4. The genetic alterations and methylation of the six hub RBPs. (A) The
genetic alterations of the six genes. (B) The correlation between mRNA expression
and copy number values defined by GISTIC2 method. (C) The correlation between
mRNA expression and DNA methylation of the six genes.
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Figure 5. Risk score analysis of six-gene prognostic model in TCGA PRAD cohort.
(A) Survival analysis according to risk score. (B) ROC analysis. (C) Survival status of
patients. (D) Heatmap plot of the six genes between high and low risk group.
Figure 6. Risk score analysis of six-gene prognostic model in MSKCC cohort. (A)
Survival analysis according to risk score. (B) ROC analysis. (C) Survival status of
patients. (D) Heatmap plot of the six genes between high and low risk group.
Figure 7. Potential biological pathways affected by RBPs. (A) The DEGs between the
high-risk and low-risk groups. (B) The Gene Ontology (GO) enrichment of DEGs. (C)
The Hallmark enrichment of high and low risk groups by GSEA method. (D) The
KEGG enrichment of high and low risk groups by GSEA method. (E) The 21 DDR
core genes mRNA expression between high and low risk group. (F) The 21 DDR core
genes genetic alterations between high and low group.
Figure 8. The relationship of RBP risk group with copy number alterations, tumor
mutation burden, tumor stemness and immuno-/chemotherapy response. (A)
Arm-level copy number amplification and deletion. (B) Focal-level copy number
amplification and deletion; (C) Tumor mutant burden difference. (D) Tumor stemness
difference represented by the mRNAsi. (E) Immunotherapy response based on TIDE
website. (F) estimated IC50 indicates the efficiency of chemotherapy to RBP high and
low risk groups by cisplatin, docetaxel and bicalutamide.
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Table 1 Unicox results of differential RBPs
gene

HR

HR.95L

HR.95H

pvalue

PPARGC1A

0.521

0.356

0.764

0.001

POLR2H

2.434

1.567

3.782

0

RBMS3
EZH2

0.711
2.081

0.536
1.533

0.945
2.826

0.019
0

MSI1

1.852

1.313

2.612

0

GNL3
NOP16

1.593
1.722

1.072
1.177

2.366
2.52

0.021
0.005

MBNL2
PPAN
MRPL41

0.727
1.416
1.391

0.583
1.003
1.045

0.906
2
1.851

0.005
0.048
0.024

QTRT1

1.761

1.249

2.485

0.001

GNL2
MEX3D
SNRNP70

1.814
1.635
1.944

1.048
1.13
1.427

3.142
2.365
2.648

0.033
0.009
0

RRP12
LENG9

1.596
0.754

1.011
0.584

2.519
0.972

0.045
0.029

TARBP1

1.739

1.289

2.346

0

MTG1
RUVBL1

1.803
1.787

1.295
1.233

2.51
2.59

0
0.002

PUS1

2.061

1.381

3.075

0

RRS1
RPL28

1.52
1.406

1.085
1.002

2.129
1.975

0.015
0.049

TRMT1
PABPN1
TRMU

2.063
3.232
2.332

1.372
2.008
1.559

3.102
5.202
3.488

0.001
0
0

METTL1

1.839

1.102

3.067

0.02

SNRPF
RRP9
RPL38

2.451
2.245
1.504

1.636
1.404
1.071

3.674
3.59
2.114

0
0.001
0.019

REPIN1
RPL18A

1.849
1.407

1.213
1.023

2.819
1.935

0.004
0.036

TRMT2A

1.855

1.177

2.922

0.008

LSM7
RPL37A

1.634
1.525

1.183
1.072

2.256
2.169

0.003
0.019

RPS28

1.521

1.114

2.076

0.008

RPS29
RPUSD1

1.557
1.764

1.1
1.194

2.203
2.606

0.013
0.004

REXO2
RPL31
XPO6

1.592
1.607
1.52

1.245
1.063
1.137

2.035
2.429
2.032

0
0.024
0.005

MEX3A

1.181

1.009

1.383

0.039

RNASE1

1.39

1.057

1.829

0.019
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TIPARP

0.762

0.606

0.959

0.02

PABPC1L
LUC7L

1.608
2.322

1.323
1.67

1.955
3.228

0
0

RPS21
SMAD9
ANG

1.431
0.788
0.826

1.055
0.625
0.693

1.942
0.993
0.984

0.021
0.044
0.033

ZFP36

0.83

0.716

0.962

0.013
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Table 2 Unicox and multicox regression analysis of riskscore and clinical
informations.

Variables
age
gleason
T
riskScore

HR
1.03
2.23
2.54
1.25

unicox
95%CI of HR
0.99-1.06
1.80-2.77
2.54-1.69
1.25-1.19

P

HR
0.055 1.01
<0.001 1.89
<0.001 1.09
<0.001 1.19

multicox
95%CI of HR
0.98-1.05
1.48-2.41
1.09-0.67
1.12-1.26

P
0.419
<0.001
0.727
<0.001
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Table 3 Results of CMap analysis
cmap name

mean

n

enrichment

p

specificity

percent

ribavirin
carmustine

-0.386
-0.632

4.000
3.000

-0.860
-0.805

0.001
0.015

0.000
0.034

50.000
66.000

carbenoxolone
famotidine
tridihexethyl
butoconazole

-0.037

4.000

-0.697

0.018

0.013

50.000

-0.462
-0.383
-0.390

5.000
4.000
4.000

-0.564
-0.490
-0.473

0.048
0.202
0.238

0.023
0.328
0.252

60.000
50.000
50.000

metergoline
NU-1025

-0.165
-0.331

4.000
2.000

-0.459
-0.621

0.268
0.290

0.200
0.247

50.000
50.000

mercaptopurine
STOCK1N-35874
5279552

-0.319
0.434
0.432

2.000
2.000
2.000

-0.547
0.501
0.492

0.411
0.497
0.529

0.432
0.571
0.528

50.000
50.000
50.000

AH-6809

-0.433

2.000

-0.491

0.533

0.592

50.000

STOCK1N-35696
5255229

0.424
-0.426

2.000
2.000

0.490
-0.489

0.537
0.542

0.729
0.418

50.000
50.000

5230742
imatinib
MK-886

-0.416
0.270
0.254

2.000
2.000
2.000

-0.486
0.456
0.455

0.552
0.660
0.663

0.656
0.796
0.708

50.000
50.000
50.000

non-null

TTNPB

0.253

2.000

0.455

0.664

0.776

50.000

exisulind

0.227

2.000

0.454

0.665

0.652

50.000

