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Abstract
Backgroud

Clear-cell renal cell carcinoma (ccRCC) is stubborn to traditional chemotherapy and radiation treatment,
which makes its clinical management a major challenge. Recently, we have made efforts to understand
the etiology of ccRCC. Increasing evidence revealed that the competing endogenous RNA (ceRNA) were
involved in the development of various tumor. However, it’s scant for studying on ccRCC, and a
comprehensive analysis of prognostic model based on lncRNA-miRNA-mRNA ceRNA regulatory network
of ccRCC with large-scale sample size and RNA‐sequencing expression data is still limited.

Methods

RNA‐sequencing expression data were taken out from GTEx database and TCGA database, A total of 354
samples with ccRCC and 157 normal controlled samples were included in our study. The ccRCC-speci�c
genes were obtained from WGCNA and differential expression analysis. Following, the communication
between mRNAs and lncRNAs and target miRNAs were predicted by MiRcode, starBase, miRTarBase, and
TargetScan. A gene signature of eight genes was constructed by univariate Cox regression, lasso
methods and multivariate Cox regression analysis.

Results

A total of 2191 mRNAs and 1377 lncRNAs was identi�ed, and a dys-regulated ceRNA network for ccRCC
was established using 7 mRNAs, 363 lncRNAs, and 3 miRNAs. Further, a gene signature in cluding 8
genes based on this ceRNA was constructed, meanwhile, a nomogram predicting 1-, 3-, 5-year survival
probability containing both clinical characteristics and ccRCC-speci�c gene signatures was developed.

Conclusion

It could contribute to a better understanding of ccRCC tumorigenesis mechanism and guide clinicians to
make a more accurate treatment decision.

Background
Kidney cancer which is the third most prevalent malignant tumor in the urogenital system of women and
the second in men accounts to about 144,000 deaths annually worldwide(1). The most common subtype
of renal cell carcinoma (RCC) is clear-cell renal cell carcinoma (ccRCC). However, since a lack of external
tumor factors such as age, nuclear grading and microscopic tumor nectosis, it remains controversial for
the optimum strati�cation of patients with ccRCC to use the TNM staging system(2), hence, identi�cation
of prognostic predictive system for ccRCC containing both tumor anatomical features and other clinical
and genetic variables deserves increasing attention.
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Recently the hypothesis of competing endogenous RNA (ceRNA) states that the pool of long non-coding
RNAs (lncRNAs) can regulate messenger RNAs (mRNAs) activity by binding to and compete microRNAs
(miRNAs)(3)(4). Combining with the miRNA response elements (MREs) on the target mRNAs, MiRNA can
regulate the expression level of the target gene and lncRNA can serve as a molecular sponge to interact
with miRNAs, which results in different kinds of human diseases process(5). At present, a lot of evidences
showed that the ceRNA hypothesis was involved in the development of different kinds of tumors, such as
gastric, colon, liver, breast, bladder and pancreatic cancer which makes it possible to construct a
prognostic prediction system on the basis of ceRNA network. Nevertheless, there are limited prognosis-
related researches conducted based on the dys-regulated ceRNA network in ccRCC. In this way, the
present study pointed to explore the prognostic signi�cance of gene contained in the ccRCC-speci�c dys-
regulated ceRNA network.

In the current study, ccRCC-speci�c genes were obtained by employing weighted correlation network
analysis (WGCNA)(6) and differential expression analysis to RNA-Seq data from Genotype-Tissue
Expression (GTEx)(7) and The Cancer Genome Atlas (TCGA)(8), then miRNA database was used to
predict the interaction between mRNAs or lncRNAs and miRNAs. Following, 7 mRNAs, 363 lncRNAs, and 3
miRNAs were found to assemble a dys-regulated ceRNA network for ccRCC. Further, A gene signature of
one mRNA (MPP5) and seven lncRNAs (WT1-AS, AC114316.1, AC103719.1, AL162377.1, HS1BP3-IT1,
LINC02657, AC015909.1) was constructed by univariate Cox regression, lasso methods and multivariate
Cox regression analysis based on the regression coe�cient, consequently, a prognostic nomogram
assessment system predicting 1-, 3-, 5-year survival probability was constructed by including the gene
signature and related clinical characteristics using a stepwise cox regression for ccRCC.

Methods

Gene Expression and Clinical Data
The High-throughput RNA sequencing data of 539 kidney samples with ccRCC and 72 normal controlled
samples were obtained from TCGA data repository using TCGAbiolinks(9) R package. After �ltering
samples with tumor purity below 0.6(10), Formalin-Fixed Para�n-Embedded (FFPE) tissue and
duplicated samples, a total of 354 ccRCC samples and 72 normal controls were included in our analysis.
miRNA sequencing data were also retrieved from TCGA(8). Subsequently, A total of 85 normal kidney
cortex samples were obtained from GTEx(7) (version V8). No further approval was required from the
Ethics Committee as the data comes from the TCGA and GTEx database. lncRNAs and mRNAs were
recognized by the Ensembl(11) database (version GRCh38.98). lncRNAs and mRNAs that were not
included in the database were excluded in this study. The batch effect was removed by limma(12). We
mainly used the R program(version 3.6.1)(13) for analysis of RNA data.

ccRCC-speci�c mRNAs And lncRNAs
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WGCNA was used to identify coexpression network in lncRNAs or mRNAs expression pro�les with
different traits. the biweight midcorrelation e�ciently analysis(14) was used to assess Weighted
coexpression relationship. In this study, we obtained the most related mRNAs or lncRNAs with ccRCC
patients by using WGCNA. signi�cant differentially expressed genes between ccRCC and normal samples
were identi�ed by DESeq2 with threshold of |log2 fold change| > 1 and adjusted P value < 0.01.
Consequently, genes most positive correlated with ccRCC intersected with up-regulated genes and genes
most negative correlated with ccRCC intersected with down-regulated genes in both mRNA and lncRNA
respectively to obtain ccRCC-speci�c mRNAs and lncRNAs.

Construction Of A Dys-regulated ceRNA Network
Interactions between lncRNAs and miRNAs were identi�ed by MiRcode(15)(16). The interactions between
mRNAs and miRNAs were explored by StarBase(version 3.9)(17)(18), TargetScan(version 7.2)(19) and
miRTarBase (version 8.0)(20) databases and we used Cytoscape(version 3.7.1) to depict the ceRNA
network.

Establishment Of Prognostic Gene Signature
To construct a risk assessment gene signature, a whole of 344 TCGA cases whose follow-up > 30 days
with all clinical characteristics were randomly divided into a discovery group and a validation group,
which were used to identify model and validate the e�cacy of the model respectively. Both mRNA and
lncRNA in the ceRNA network were applied to univariable Cox proportional-hazards model. Then, we
selected gene meeting the statistical signi�cance (P value < 0.01) to conduct Lasso penalized Cox
regression analysis, thus �nding a prognostic gene signature for patients with ccRCC on the basis of the
lasso penalized Cox regression model coe�cients (β) multiplied by gene expression levels normalized
and transformed by DESeq2. To assess the prognostic gene signature, we conducted a time-dependent
receiver operating characteristic (ROC) curve analysis and calculated Harrell’s concordance index (C-
index) among discovery group, validation group and the entire group separately.

Construction and Validation of a Prognostic Nomogram
A prognostic nomogram predicting 1-, 3- and 5- year survival probability for ccRCC patients in the entire
group was constructed by applying prognostic gene signature and relevant clinical characteristics to a
stepwise Cox proportional-hazards model. Of course, we tested the discrimination and the calibration of
the nomogram by Harrell’s concordance index (C-index) analysis and the calibration curves analysis of
the nomogram.

Functional Enrichment Analysis
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we only applied functional enrichment analysis to mRNA as mRNA is the main functional molecule in
ceRNA network. The clusterPro�ler(21) package was employed to investigate both Gene Ontology(22)
(23) (GO) which was used to describe gene functions along three aspects: biological process (BP),
cellular component (CC) and molecular function (MF) and Kyoto Encyclopedia of Genes and
Genomes(24) (KEGG) pathway which was performed for functional pathways.

Results

Data Source And Cancer-speci�c lncRNAs
A total of 354 samples with ccRCC (all from TCGA database) and 157 normal controlled samples (85
from GTEX and 72 from TCGA) were collected from TCGA and GTEX database including 19538 mRNA
expression values and 13511 lncRNA expression values. The �ow chart of the ceRNA network
construction was depicted (Additional �le 1). we investigated co-expression network of 8332 lncRNAs by
WGCNA with softpower 7, minModuleSize 15 and mergeCutHeight 0.20 as the threshold after �ltering
lncRNAs with median absolute deviation (MAD) zero. Finally, we identi�ed a total of 7 coexpression
modules and found that brown module with 744 lncRNAs was most positively correlated with ccRCC and
blue module including 1424 lncRNAs displayed highest negative relationship with ccRCC (Additional �le
2: �gure A). the differentially expressed lncRNAs were also analyzed by DESeq2(25). We identi�ed 3654
up-regulated lncRNAs and 1223 down-regulated lncRNAs (Additional �le 2: �gure B). By interacting them
respectively with lncRNAs in WGNCA module most related with ccRCC, we obtained 610 ccRCC-speci�c
lncRNAs both positive correlated to ccRCC and up-regulated in ccRCC and 767 ccRCC-speci�c lncRNAs
displaying both negative relation with ccRCC and down-regulation in ccRCC.

mRNA Modules Correlated With ccRCC
WGCNA was employed to analyze gene modules among the top 10000 mRNAs with maximum median
absolute deviation (MAD) with softpower 14, minModuleSize 25 and mergeCutHeight 0.20 as the
threshold. Consequently, we identi�ed 17 gene color modules and topological overlap matrix (TOM) was
depicted in Fig. 1A, As shown in Fig. 1B, the association between gene co-expression modules and
particular clinical trait ccRCC was explored, A total of 4005 mRNAs which showed the highest
relationship with ccRCC was found in Brown module, black module and turquoise module. As biological
function often is displayed in the gene modules network, we conducted GO analysis to reveal these
mRNAs functions in BP, thus �nding that these genes were most related to angiogenesis, extracellular
matrix organization and response to hypoxia (Fig. 1C). In addition, genes were highly enriched in HIF-1
signaling pathway, MAPK signaling pathway and PI3K-Akt signaling pathway by KEGG analysis (Fig. 1D).

Identi�cation Of Differential Expression mRNAs (DEmRNAs)
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DESeq2 was used to explore the differential expression mRNAs between 354 samples with ccRCC and
157 normal control samples, revealing that there were 3679 signi�cantly up-regulated and 1944
signi�cantly down-regulated mRNAs which was depicted in volcano map (Additional �le 3: Figure A). we
used Gene Set Enrichment Analysis (GSEA) to demonstrate the biological function behind these identi�ed
differential expression genes, including both GO analysis and KEGG analysis. DEmRNAs were enriched in
neutrophil mediated immunity, immune response-activating signal transduction, and neutrophil activation
in biological process (BP) (Additional �le 3: Figure B and Figure C). Moreover, Cytokine-cytokine receptor
interaction, Human T-cell leukemia virus 1 infection and Viral carcinogenesis related genes were up-
regulated while Collecting duct acid secretion, Proximal tubule bicarbonate reclamation and Glyoxylate
and dicarboxylate metabolism pathways were downregulated by KEGG-GSEA (Additional �le 3: Figure D).
The same with lncRNA, we obtained ccRCC-speci�c mRNAs by collapsing lncRNAs from WGNCA
modules and differential expression analysis, consequently we obtained 2191 mRNAs.

Establishment Of Dys-regulated ceRNA Network
On the basis of ccRCC-speci�c mRNAs and lncRNAs, we construct a dys-regulated ceRNA network of
lncRNA–miRNA–mRNA in ccRCC. There were 2191 mRNAs and 1377 lncRNAs included in the
construction of dys-regulated ceRNA network. Then the interaction between cancer-speci�c lncRNAs and
miRNAs was identi�cated using miRcode, following StarBase, miRTarBase and TargetScan databases
were applied to demonstrate the target miRNA of cancer-speci�c mRNAs. At the same time, miRNA
sequencing data from TCGA was employed to review the top 10% expressed miRNA since the
implementation of ceRNA function depends on abundant of miRNAs, we only included triple lncRNAs-
miRNAs-mRNAs with miRNA in above miRNAs. Consequently, a dys-regulated ceRNA network for ccRCC
was established using 7 mRNAs, 363 lncRNAs, and 3 miRNAs, ceRNA network was depicted by
Cytoscape (Fig. 2).

Construction of gene signature using genes in the ceRNA
network
A total of 344 ccRCC patients with the expression levels of genes in the dys-regulated ceRNA network
were included in the construction of gene signature. We randomly classi�ed patients into two group,
respectively a discovery group (n = 210) and a validation group (n = 134). Meanwhile, the Univariate Cox
proportional hazards model was applied to both lncRNAs and mRNAs in the dys-regulated ceRNA
network to screen for genes as biomarkers which signi�cantly in�uence overall survival and prognosis in
discovery group. Consequently, we obtained twenty-one genes including one mRNA and twenty lncRNAs
with the threshold of P value < 0.01, subsequently these genes were applied into Lasso penalized Cox
regression analysis with a lambda based on Cross-Validation using glmnet (26). Finally, we obtained
eight genes including one mRNA, namely MPP5, and seven lncRNAs namely WT1-AS, AC114316.1,
AC103719.1, AL162377.1, HS1BP3-IT1, LINC02657, AC015909.1. the ceRNA network of these genes was
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depicted in a Sankey diagram (Fig. 3A) and the expression level of these genes associated with clinical
characteristics was also depicted in a heatmap (Fig. 3B). Furthermore, we also depicted the expression
boxplot (Fig. 3C). A risk score was constructed on the basis of lasso cox model coe�cients and the gene
expression levels normalized and transformed by DESeq2. We calculated the C-index for the prognostic
model in discovery group (0.74; 95%CI, 0.68 ~ 0.81), a time-dependent receiver operating characteristic
curve (ROC) analysis was also performed in discovery group among 1-, 3-, and 5- year which showed the
area under ROC (AUC) was 0.786, 0.796, and 0.786 respectively (Fig. 4A). To further test the gene
signature, we divided patients from discovery group into predicted low- and high- risk groups based on
the median risk scores, following a establishment of Kaplan-Meier survival curve in both groups which
revealed that patients with predicted high risk displayed shorter OS than those with low risk (p < 0.0001,
Fig. 4D).

Estimation And Validation Of Gene Signature
We depicted the risk scores, overall survival time, and gene expression data of genes in the gene
signature in Fig. 5A-5C. The C-index in validation group and entire group are 0.75 (95%CI, 0.68 ~ 0.83) and
0.74 (95%CI, 0.69 ~ 0.79) respectively. To further validate above �nding, ROC analysis was conducted in
both validation group (AUC at 1-, 3-, 5-year: 0.89, 0.77, 0.797) and entire group (AUC at 1-, 3-, 5-year: 0.808,
0.78, 0.789) (Fig. 4B-4C). Meanwhile, we also employed the validation group and the entire group with a
Kaplan-Meier survival curve which both veri�ed that the high-risk group displayed a worse overall survival
compared with low-risk group (Fig. 4E-4F). In conclusion, this �nding further con�rmed that the exclusive
mRNA and the seven lncRNAs in the gene signature could in�uence the prognosis of patients with ccRCC
which are vital biomarkers.

Building and Validation of a Prognostic Nomogram
In order to identi�ed prognostic factors related to the OS in ccRCC, the gene signature based on the
ceRNA network with complete clinical information including gender, ages, TNM stage, AJCC stage
(Table 1) were �rstly applied to a univariate and multivariate Cox proportional hazards regression model.
Univariate cox regression analysis presented that gene signature, ages, T stage, M stage, N stage, and
AJCC stage were signi�cantly related to the overall survival (p < 0.05), and multivariate cox analysis
further revealed that ages, N stage and gene signature were independent risk factors. Meanwhile, we
employed a stepwise Cox regression model to establish a nomogram predicting the 1-, 3-, and 5-year OS
of ccRCC patients (Fig. 6A) with a C-index 0.81 (95%CI, 0.70 ~ 0.89), we also depicted the calibration
curve for 1-, 3-, and 5-year survival probability (Fig. 6B) which collectively indicated a good accuracy of
the prognostic nomogram on the basis of the eight-gene signature in predicting the OS of ccRCC patients.
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Table 1
Relationship between clinicopathological characteristics and risk score calculated by using the 8-

genes signature

  Level Low risk High risk p

N   172 172  

Vital status (%) Alive 151 (87.8) 93 (54.1) < 0.001

  Dead 21 (12.2) 79 (45.9)  

OS (mean (SD))   1515.10 (1008.39) 1308.04 (971.94) 0.053

gender (%) female 57 (33.1) 68 (39.5) 0.262

  male 115 (66.9) 104 (60.5)  

ages (mean (SD))   60.40 (12.48) 60.88 (11.64) 0.711

T stage (%) T1 114 (66.3) 81 (47.1) 0.005

  T2 20 (11.6) 29 (16.9)  

  T3 36 (20.9) 58 (33.7)  

  T4 2 (1.2) 4 (2.3)  

N stage (%) N0&NX 172 (100.0) 168 (97.7) 0.131

  N1 0 (0.0) 4 (2.3)  

M stage (%) M0&MX 158 (91.9) 139 (80.8) 0.005

  M1 14 (8.1) 33 (19.2)  

AJCC stage (%) Stage I 114 (66.3) 79 (45.9) 0.001

  Stage II 18 (10.5) 21 (12.2)  

  Stage III 25 (14.5) 36 (20.9)  

  Stage IV 15 (8.7) 36 (20.9)  

Gene signature (mean (SD))   -0.21 (0.15) 0.24 (0.25) < 0.001

Discussion
The incidence of kidney cancer among which renal cell carcinoma accounts for 90% worldwide occupies
a portion of 2.4%, accounting to 338,000 new cases and 144,000 deaths each year in total(1). ccRCC is a
complex tumor with different clinical and pathological features, genetic variation, DNA methylation
pro�les, and RNA and proteomic signatures, which are closely related to the prognosis of ccRCC
patients(27). Nevertheless, TNM staging system, the most used risk assessment system for ccRCC
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patients, failed to take these genomic variation of ccRCC in to consideration which makes it not perfect
for accurately predicting prognosis of ccRCC patients(28).

The novel hypothesis of gene expression regulation has been con�rmed that each RNA combining with
the same MREs could interact with or compete each other, which could help to further identify the
mechanism of different kind of diseases especially cancer. The disturbance of the equipoise of ceRNA
network was of vital importance for tumorigenesis. In gallbladder cancer, the lncRNA PVT1 which was
positively related to malignancies and worse overall survival time was up-regulated in gallbladder cells.
PVT1 and HK2 act as a ceRNA of miR-143 which could regulate aerobic glucose metabolism in GBC cells,
promoting cell proliferation and metastasis (29). PTAR acts as a ceRNA of miR-101 which promotes
tumorigenicity and metastasis in vivo in Ovarian cancer(30). LncRNA DANCR functions as a ceRNA in
osteosarcoma which could promote cell proliferation and metastasis(31). And MT1JP, a down-regulated
lncRNA in gastric cancer, was associated with malignant tumor phenotypes and survival of gastric
cancer. MT1JP which severs as a ceRNA regulating FBXW7 expression could in�uence the progression of
gastric cancer(32). Thus, ceRNA network containing crucial biomarkers was of vital importance in
tumorigenesis.

Importantly, lncRNA-miRNA-mRNA dys-regulated ceRNA network displayed vital role in predicting disease
prognosis. For example, in pancreatic cancer, 11 lncRNAs have been found and validated to function
good in predicting prognosis(33). In the study of Soft tissue sarcoma (STS), seven genes (LPP-AS2,
MUC1, GAB2, hsa-let-7i-5p, hsa-let-7f-5p, hsa-miR-101-3p and hsa-miR-1226-3p) in a recurrent STS-
speci�c ceRNA network associated with recurrence and survival was identi�ed based on the TCGA
database containing 259 primary sarcomas and 3 local recurrence samples(34). In Hepatocellular
carcinoma (HCC), MCM3AP-AS1 functioned as a ceRNA of miR-194-5p was a novel oncogenic lncRNA,
which indicated poor clinical outcomes in patients with HCC, MCM3AP-AS1 could be a potential
prognostic biomarker and therapeutic target for HCC(35). In glioblastoma multiforme, lung cancer,
ovarian cancer and prostate cancer, based on the networks, the target mRNAs are normally up-regulated
by the sponge lncRNAs after being released from miRNA control, and only a fraction of sponge lncRNA-
mRNA regulatory relationships and hub lncRNAs are shared by the four cancers. Moreover, most sponge
lncRNA-mRNA regulatory relationships show a rewired mode between different cancers, suggesting that
different cancers had varied ceRNA networks(36). Although there are many studies on ceRNA networks in
numerous cancers; however, few of them are on ccRCC. In addition, the sample sizes have not been large
enough and most of them only focus on only lncRNAs.

In this study, the trait correlated and differential expression mRNAs and lncRNAs in ccRCC were identi�ed
by WGCNA and DESeq2 including data from TCGA and GTEx, we combined the differential expression
genes with trait correlated genes and obtained ccRCC-speci�c genes including 2191 mRNAs and 1377
lncRNAs, followed by a construction of ceRNA network including 363 lncRNAs, 3 miRNAs and 7 mRNAs
by MiRcode, StarBase, miRTarBase and TargetScan databases. To promote explore the relationships with
prognosis of these 370 genes (mRNA and lncRNA in the ceRNA network), a gene signature with eight
genes, namely MPP5, WT1-AS, AC114316.1, AC103719.1, AL162377.1, HS1BP3-IT1, LINC02657,
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AC015909.1, was constructed by univariate cox proportional hazard regression, lasso and multivariate
cox proportional hazard regression analysis. we also ensued the discriminations and accuracy of the
gene signature with C-index and time-dependent ROC curve which all suggesting that the eight genes in
the model could act as biomarkers based on the patients’ prognosis.

Among the eight genes in the gene signature, the exclusive mRNA MPP5 which is associated with the
membrane-associated guanylate kinase family helping the construction of cell polarity had been
validated to be related to maintenance of cell polarity, invasion, cell division in prostate cancer(37),
meanwhile, disruption of apical protein MPP5 which could negatively regulate YAP/TAZ abundance and
activity might promote enrichment of oncogenic YAP and TAZ in HCC(38). MPP5 whose loss is a
hallmark of cancer is crucial for tissue organization corresponding to the down-regulated expression in
ccRCC. Long noncoding RNA WT1-AS which functioned as a potential tumor suppressor is related to poor
survival in cervical squamous cell carcinoma(39)(40)(41) and triple-negative breast cancer (TNBC)(42).
For lncRNA HS1BP3-IT1, it may be a prognosis biomarker for cholangiocarcinoma(43), laryngeal
cancer(44) respectively. Therefore, our prediction of the ceRNA network had great con�rmation of
previous studies, meanwhile, by conducting Kaplan-Meier survival curves analysis for our gene signature,
we con�rmed that the high-risk group displayed a worse overall survival compared with low-risk group
and Time-dependent ROC curve of our gene signature displayed a good performance in all group.

Nomograms are widely used as prognostic tools in oncology and medicine. By including various
prognosis-associated variables and generating survival probability nomogram can help clinicians make a
better treatment decision.(45). In present study, by including gene signature based on the ceRNA network
and other related clinical characteristics into a stepwise cox model, a concise nomogram for prognostic
prediction of ccRCC patients based on the eight-gene signature, ages, N stage, and AJCC stage was
established, of course, an accurate estimation of the nomogram is validated by C-index and calibration
curve with bootstrap methods which suggested its perfect discriminations and calibrations.

This study identi�ed a eight-gene signature on the basis of dys-regulated ceRNA network, which will help
us better understand dys-regulated ceRNA network mediated ccRCC and suggest therapeutics to ccRCC.
Consequently, a nomogram with a good accuracy (C-index 0.81; 95% CI 0.70 ~ 0.89) based on genes in
the dys-regulated ceRNA network in ccRCC is developed to predict prognosis of ccRCC patients compared
with Jiang’s nomogram (C-index 0.79;95% CI 0.75–0.82)(46). Although few novel prognosis-prediction
systems based on gene expression have been developed for ccRCC patients, each previous study mainly
focused on lncRNA molecular where we don’t know whether there exist a regulation function in ccRCC,
such as Jiang’s (46) and Zhang’s (47) nomogram, it’s necessary to develop a comprehensive analysis to
prognostic prediction on the basis of ceRNA network.

However, there are still some limitations in our study. First, although the ceRNA network was constructed
based on TCGA and GTEX cohort, the development of the prognostic nomogram only using a cohort got
from TCGA, and there were not a external validated dataset. Second, we ignored some other potential
clinical characteristics. Although these limitations, the nomogram based on a comprehensive dys-
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regulated ceRNA network analysis in ccRCC can promote clinicians to make a better and accurate
treatment decision.

In conclusion, a dys-regulated ceRNA network based on ccRCC-speci�c genes was constructed followed
by a development of nomogram predicting 1-, 3- and 5-year OS of ccRCC patient. The nomogram
included both some clinical characteristics and ccRCC-speci�c gene signatures, so it will help clinicians
make a better and accurate treatment decision more.

Conclusions
We constructed a nomogram predicting 1-, 3-, and 5- OS of ccRCC patients with a gene signature based
on the ccRCC-speci�c dys-regulated ceRNA network and some other clinical factors. It could contribute to
a better understanding of ccRCC tumorigenesis mechanism and guide clinicians to make a more
accurate treatment decision.
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Additional Files
Additional �le 1 (.pdf). The �ow chart of the ceRNA network construction.

Additional �le 2 (.pdf). Identi�cation of ccRCC-speci�c lncRNAs(A) The relationship of lncRNA in modules
between ccRCC and normal samples was investigated. (B) the volcano of differential expression lncRNAs
in ccRCC compared with normal controlled samples, red spots represent up-regulated genes, and blue
spots represent down-regulated genes.

Additional �le 3. (.pdf). Differential gene expression between ccRCC and normal controlled samples for
mRNAs. (A) the volcano of differential expression mRNAs in ccRCC compared with normal controlled
samples, red spots represent up-regulated genes, and blue spots represent down-regulated gens. (B)
GSEA analysis was applied to differential expression genes for Go analysis in BP, CC and MF. (C) Gene
symbols and interaction of the signi�cantly mRNAs in BP were shown. (D) KEGG-GSEA was applied for
signaling pathway analysis.
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Figure 1

WGCNA is applied to analyze mRNA module. (A) Heatmap plot of topological overlap in the gene network
was shown. (B) The relationship of genes in modules between ccRCC and normal samples was
investigated. (C) Gene symbols and interaction of the brown and black modules were shown. (D) KEGG
analysis was used to investigate the pathway enrichment in brown and black modules.
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Figure 2

A lncRNA-miRNA-mRNA ceRNA network was constructed by 363 lncRNAs, 3 miRNAs, and 7 mRNAs.
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Figure 3

A gene signature based on ccRCC-speci�c ceRNA network was developed. (A) The ceRNA network among
gene in the gene signature is shown in a Sankey diagram. (B) the expression level of eight genes in gene
signature associated with clinical characteristics was also depicted in a heatmap. (C) The expression
boxplot of the eight genes in the gene signature.
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Figure 4

Estimation and validation of gene signature. Time-dependent ROC curve for 1-, 3-, and 5-year survival (A)
discovery group (B) validation group (C) entire group; Kaplan–Meier survival curves showing overall
survival outcomes for the high‐ and low‐risk patients (D) discovery group (E) validation group (F) entire
group.
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Figure 5

Analysis of gene signature risk score in ccRCC patients. (A) discovery group (B) validation group (C)
entire group. Each panel consists of three rows: top row, the low‐ and high‐score group for the gene
signature in ccRCC patients; middle row, the survival status and duration of ccRCC cases; bottom row,
heatmap showing the expression of the eight key genes. The color, from blue to red shows, low to high
expression, respectively.
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Figure 6

Building and Validation of a Prognostic Nomogram. (A) nomogram based on gene signatures, ages, N
stage and AJCC stage for 1-, 3- and 5-year OS prediction. The number from 1 to 4 in AJCC stage
represents AJCC stage I, II, III, and IV respectively (B) Calibration plot for agreement test between 1-, 3- and
5-year OS prediction and actual observation.
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