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ABSTRACT
Clear cell renal cell carcinoma (ccRCC) is the most common type with poor prognosis in kidney 
tumor. Growing evidence has indicated that aberrant alternative splicing (AS) events are effica
cious signatures for tumor prognosis prediction and therapeutic targets. However, the detailed 
roles of AS events in ccRCC are largely unknown. In our study, level 3 RNA-seq data was acquired 
from The Cancer Genome Atlas dataset and corresponding AS profiles were detected with the 
assistance of SpliceSeq software. A total of 2100 aberrant survival-associated AS events were 
identified via differential expression and univariate cox regression analysis. The final prognostic 
panel formed by 17 specific events was developed by stepwise least absolute shrinkage and 
selection operator (LASSO) penalty, with the area under curve (AUC) values of receiver operator 
characteristic (ROC) curves keeping above 0.7 spanning 1 year to 5 years. And the results from 
functional enrichment analyses are unanimous that autophagy could be a potential mechanism of 
splicing regulation in ccRCC. Furthermore, splicing regulatory network was constructed via 
Spearman correlation between splicing factors and AS events. Finally, unsupervised clustering 
analysis revealed three clusters with distinct survival patterns, and associated with specific 
clinicopathological phenotypes. In overall, we developed a robust and individualized predictive 
model based on large-scale sequencing data. The identified AS events and splicing network may 
be valuable in deciphering the crucial posttranscriptional mechanisms on tumorigenesis of ccRCC.

ARTICLE HISTORY
Received 17 December 2020 
Revised 16 March 2021 
Accepted 16 March 2021 

KEYWORDS
Clear cell renal cell 
carcinoma; alternative 
splicing; molecular subtype; 
prognosis; splicing factors

Introduction

Renal cell carcinoma (RCC), originated from the 
renal epithelium, is the most common form of 
renal cancer and accounts for >90% of cancers in 
the kidney. Annually, over 290,000 new cases are 
diagnosed and approximate 134,000 deaths are 
recorded worldwide [1]. The disease encompasses 
several subtypes, of which clear cell RCC (ccRCC) 
is the most prevalent and contributes to the most 
cancer-related deaths [2]. Partial or radical 
nephrectomy is one of the effective methods to 
treat ccRCC. However, 20–30% of patients treated 
with surgery will relapse, despite having no evi
dence of metastases when diagnosed with ccRCC 
[3,4]. Similar to other solid tumors, ccRCC devel
opment and progression are characterized by 

aberrant genetic and protein expression. In the 
past decade, genetic alterations of ccRCC have 
been extensively investigated, revealing that speci
fic genetic and epigenetic alterations are associated 
with carcinogenesis, recurrence and metastasis of 
tumor [1,5,6]. Hence, it is crucial to explore mole
cular mechanisms more deeply and excavate vital 
biomarkers that can improve the prognosis of 
ccRCC.

Protein diversity is fundamental for generating 
remarkable regulatory and functional complexity 
of human cells. A basic mechanism for protein 
diversity is the alternative modification and pro
cessing of pre-mRNA [7]. Alternative splicing (AS) 
is a post-transcriptional process which occurs in 
>90% human genes, engendering an enormous 

CONTACT Zhongxian Huang hzxdoctor@126.com Department of Urology, Jinan Central Hospital, Cheeloo College of Medicine, Shandong University, 
No.105 Jiefang Road, Jinan 250013, China
*These authors contributed equally to this work.

Supplemental data for this article can be accessed here

BIOENGINEERED
2021, VOL. 12, NO. 1, 1091–1110
https://doi.org/10.1080/21655979.2021.1906096

© 2021 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group. 
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted 
use, distribution, and reproduction in any medium, provided the original work is properly cited.

http://orcid.org/0000-0003-1765-1945
https://doi.org/10.1080/21655979.2021.1906096
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/21655979.2021.1906096&domain=pdf&date_stamp=2021-03-29


number of new isoforms from few sets of genes by 
inclusion or exclusion of different exons or parts 
of exons in pre-mRNA. This process has 
a significant impact on the diversity of both tran
scriptome and proteome of human [8,9]. AS plays 
a vital role in increasing the complexity of func
tional proteins and regulating of cell metabolism 
and cell-specific functions, which provides oppor
tunity for tumorigenesis and progression [10]. 
Over the last two decades, molecular tools have 
been developed to correct or redirect AS events. It 
has been observed that a switch on particular AS 
event could occur in cancer-related genes [11]. 
Aberrant AS can lead to loss-of-function in 
tumor suppressors or activation of oncogenes 
[12]. Moreover, researches show that splicing fac
tors (SFs) can not only regulate AS events directly, 
but also can be regulated by various signaling 
pathways, making AS sensitive to tumor microen
vironment [13,14]. Accordingly, deciphering valu
able AS events may help to elucidate underlying 
mechanisms of oncogenesis in ccRCC and provide 
new therapeutic approaches.

In recent years, even though the cancer-specific 
splicing variant has been widely detected and recog
nized in ccRCC tissues with the advancement of high 
throughput bio-technology [15,16], there is still lim
ited understanding in its potential to be diagnostic, 
prognostic and predictive biomarkers as well as ther
apeutic targets. The rapid accumulation of sequencing 
resources, especially RNA-seq data, enabled us to 
quantitatively measure gene isoforms with better reso
lution and deeper coverage. However, to the best of 
our knowledge, there is a scarcity of studies integrating 
the large-scale high-throughput data and clinical 
information to illuminate the clinical significance of 
detailed splicing pattern at individual exon resolution, 
especially in ccRCC.

To comprehensively dive into clinically rele
vant splicing variants that may affect the major 
biogenesis, progression and molecular classifi
cation of ccRCC, we systematically profiled the 
genome-wide AS landscape based on 
a relatively large-scale sequencing cohort and 
identified ccRCC-related AS events. We further 
uncovered the potential biological functions of 
these events and their splicing regulatory rela
tionships with key SFs. Moreover, integration 
of clinicopathological characteristics and RNA- 

Seq data provided insights into prognostic 
value and clinical significance of AS events. 
Finally, we discerned distinct splicing clusters 
of ccRCC with different survival patterns, and 
associated with different molecular subtypes. 
Our analysis depicts a complex splicing land
scape, with several AS events revealed to be 
most valuable in deciphering the underlying 
mechanisms in the oncogenesis of ccRCC and 
serving as candidates of therapeutic targets to 
further validations.

Materials and methods

Data acquisition and pre-processing

Level 3 RNA-seq data and the corresponding clinical 
datasheets for ccRCC samples were downloaded from 
GDC data portal of TCGA website (https://portal.gdc. 
cancer.gov/) [17,18]. Analysis of AS profiles was per
formed with assistance of SpliceSeq software and 
TCGA SpliceSeq database, which evaluated the 
mRNA splicing pattern and quantified AS events 
with the Percent Spliced In (PSI) score calculated, 
ranging between 0 and 1 [19,20]. To generate 
a reliable set of AS events, we implemented the follow
ing filter criteria: percentage of samples with PSI score 
≥75, PSI range across samples ≥0.05 and standard 
deviation of PSI score ≥0.02. And the remaining AS 
events with not available (Null) were imputed via the 
k-Nearest Neighbor (kNN) imputation algorithm 
[21]. Besides, our subsequent analyses were based on 
ccRCC cohort comprised of patients that meet the 
inclusion criteria [1]: a histological diagnosis of 
ccRCC [2]; patients who did not receive prior treat
ment, especially neoadjuvant chemotherapy [3]; 
patients with relatively complete clinical features 
including gender, age, tumor site, Fuhrman grade, 
pathological stage, T stage, M stage and overall survi
val (OS) information [4]; the follow-up time was no 
less than 30 days [5]; patients with corresponding 
mRNA splicing profiles. The present study fully satis
fies the TCGA publication guidelines.

Differentially spliced AS events analysis

To identify differentially expressed AS events 
within each AS type between ccRCC and normal 
tissues, student’s t-test, followed by an adjustment 
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of p-value using the Benjamini-Hochberg correla
tion for multiple comparison, was applied. The | 
log2FC| > 1 and adjusted p-value < 0.05 indicated 
the AS events were significant differences between 
tumor and adjacent normal tissues.

Identification of survival-associated AS 
events and functional enrichment analyses

After rigorous screening, a total of 455 ccRCC 
patients with differentially expressed AS profiles 
and survival information were subjected to subse
quent analyses. For each specific AS event, patients 
were divided into two group based on median cut. 
A univariate Cox proportional hazard regression 
analysis was used to define the prognostic value of 
each AS event. In this analysis, AS events were 
regarded as significant at p-value < 0.05. And 
Upset plot, generated by UpsetR, was visualized 
to quantitatively analyze the gene interactions 
among the seven types of prognostic AS events 
[22]. Then to further shed light on the potential 
modifying mechanism of aberrant AS events on 
corresponding protein, the parent genes of these 
survival-associated AS events were sent for func
tional enrichment analyses via clusterProfiler 
R package, including Gene Ontology (GO) and 
Kyoto Encyclopedia of Genes and Genomes 
(KEGG) analysis [23]. The GO terms and KEGG 
pathways were considered significant with 
a threshold of false discovery rate (FDR) < 0.05.

Dimension reduction and generation of AS 
signature

For avoiding multicollinearity of highly correlated 
variables, the Cox regression model, with least 
absolute shrinkage and selection operator 
(LASSO) penalty, was implemented to reduce 
dimension [24]. Firstly, among the top 20 most 
significant AS events in univariate analysis within 
seven AS types, the key prognostic biomarkers 
were selected to further develop prognostic signa
tures via LASSO-penalized method. Then we uti
lized the regression coefficients derived from 
fitting multivariate Cox model to multiply the 
PSI scores of prognostic indicators for construct
ing AS signature in each AS type. Furthermore, the 
candidate AS events from seven signatures were 

combined together to build the final AS panel for 
ccRCC cohort. Then we divided patients into low- 
risk and high-risk subgroups based on median 
value of each model, the Kaplan-Meier survival 
analysis and log-rank test were applied to verify 
the prognostic ability of prognostic models. 
Moreover, the predictive efficiency of each model 
was assessed by time-dependent receiver operator 
characteristic (ROC) curves. Therein, the LASSO 
Cox model was constructed with the ‘glmnet’ 
R package, using the 10-fold cross-validation and 
‘lambda.min’ criteria such that the tuning para
meters (lambda) were at the minimum [25]. The 
area under curve (AUC) of time-dependent ROC 
curve was calculated with ‘timeROC’ 
R package [26].

Independence of final AS panel from 
clinicopathological features

To investigate the independent prognostic value of 
final AS panel from conventional clinicopatholo
gical characteristics (including age, gender, 
Fuhrman grade, pathological stage, T stage, 
M stage) in ccRCC patients, univariate followed 
by multivariate Cox regression analyses were con
ducted. Then to further confirm whether the final 
AS panel was of high applicability and robust in 
various subgroups, stratification Cox analyses were 
also performed.

Construction and evaluation of the 
nomogram

In order to provide surgeons with a clinically rele
vant quantitative approach for predicting the 
short-term and long-term survival probability of 
ccRCC patients individually, we assembled 
a nomogram that integrated the final AS panel 
and independent clinicopathological risk factors 
based on the above results of multivariate analysis. 
Then the calibration curves were graphically 
assessed to determine whether the derived nomo
gram performed well compared to ideal model. 
Therein, the nomogram and calibration plot were 
depicted using rms package [27,28]. And Harrell’s 
concordance index (C-index) was calculated to 
estimate the discrimination ability of the nomo
gram with the help of Hmisc package. Moreover, 
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the clinical usefulness of the nomogram, the AS 
panel and clinical risk factors were compared with 
the aid of decision curve analysis (DCA) [29–32].

Gene set enrichment analysis (GSEA) of final 
AS panel

To further identify crucial biological processes and 
cancer-specific pathways related to the final AS 
panel, we performed a GSEA using the adjusted 
expression profiles for all transcripts. The anno
tated gene set files of ‘c2.cp.v6.2.symbols’ and ‘c5. 
bp.v6.2.symbols’ download from the ‘Molecular 
Signatures Databases (http://software.broadinsti 
tute.org/gsea/msigdb)’ were employed for running 
GSEA using the java software (http://software. 
broadinstitute.org/gsea/downloads.jsp) [33,34]. 
Enrichment p-values were based on 1000 permuta
tions and the significance threshold was set at 
nominal p-value < 0.05.

Construction of splicing regulatory network

A list of 88 human SFs was created by integrating 
SpliceAid 2 database (www.introni.it/spliceaid.html) 
and the work from Xiong et al, which collected the 
experimentally validated SFs through hand-curated 
screening of literature and databases [35,36]. First, 
we compared ccRCC samples and adjacent normal 
samples to identify differentially expressed SFs using 
Student’s t-test. Then we assessed the correlation 
between the normalized expression value (variance 
stabilizing transformation via DESeq2 package) of 
SFs and OS through fitting univariate regression ana
lysis in the entire cohort, where the SFs with p-value < 
0.05 were selected as prognostic ones for further ana
lysis [37]. The ‘surv_cutpoint’ function of the ‘survmi
ner’ R package was used to iteratively determine the 
optimal cut points of prognostic SFs achieving the 
maximally selected rank statistics. Then Spearman 
correlation analyses were performed between expres
sion value of prognostic SFs and PSI scores of the most 
significant AS events in each AS type. P-values were 
adjusted by Benjamini-Hochberg (BH) procedure and 
the significance threshold was set at an adjusted 
p-value < 0.05.

Molecular subtyping for ccRCC based on 
aberrant prognostic AS profiles

AS events, especially the aberrant and survival- 
associated ones, may convey important informa
tion for identifying distinct molecular subtypes in 
ccRCC patients. Thus, the unsupervised cluster 
algorithm was implemented by 
ConsensusClusterPlus (R package) to identify 
robust molecular classification of ccRCC. The 
Elbow method and the Silhouette coefficient were 
combined to obtain the optimal number of clus
ters. Kaplan-Meier analysis was performed to vali
date the clinical outcomes of different molecular 
subtypes. The Chi-squared test and logistic regres
sion analyses were applied to assess the associa
tions between clinicopathological characteristics 
and the ccRCC subtypes that we identified.

Statistical analysis

All statistical analyses were conducted using 
R language (version 3.5.2, https://www.r-project. 
org/) and considered two-sided p-values < 0.05 as 
statistical significance. Shapiro-Wilk test was uti
lized to test the normality of variables. For com
parisons between two groups, unpaired Student’s 
t-test was used to estimate the statistical signifi
cance of normally distributed variables, whereas 
Mann-Whitney U-test was used to analyze the 
variables of skew distribution. Spearman correla
tion analysis was performed to estimate the coeffi
cients and correlations between variables, and Chi- 
squared tests were used to analyze contingency 
tables. The R package survival was used to perform 
the univariate and multivariate Cox proportional 
hazard regression analysis. The LASSO-penalized 
Cox model was implemented to reduce dimension 
and select most significant biomarkers via 
R package glmnet. The sensitivity and specificity 
of prognostic models were evaluated with time- 
dependent ROC curves, quantified by AUC values 
using timeROC R package. The calibration, discri
mination and clinical usefulness of prognostic 
model were measured by calibration plot, 
Harrell’s C-index and DCA, respectively. 
Additionally, consensus cluster, an unsupervised 
cluster algorithm, was implemented to do 
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molecular subtyping for ccRCC samples via 
ConsensuClusterPlus R package.

Results

Given the evidence that AS has emerging clinical 
potential in cancer diagnosis and therapy, 
a systematic analysis to delineate the landscape 
of splicing signature in ccRCC is lacking and 
greatly needed. Through our in silico analysis 
and screening, genome-wide AS events were 
profiled in ccRCC, with aberrant and survival- 
associated splicing variants identified. Further 
enrichment analyses confirmed parent genes of 
these AS events function in modifying ccRCC- 
related biological pathways. Some splicing 
events, delivered via machine-learning selection 
procedure, may be most valuable in elucidating 
the oncogenic properties of ccRCC, and provide 
clues of potential therapeutic targets to further 
validation. Additionally, consensus cluster iden
tified AS clusters associated with prognosis and 
molecular subtypes.

Overview of integrated AS events profiling in 
TCGA ccRCC cohort

After a series of stringent filtering and screening, 
a total of 455 ccRCC patients from the TCGA with 
integrated mRNA splicing variants profiling and 
counterpart clinical information were retrospectively 
analyzed in depth. The included cohort was com
prised of 155 female (34.1%) and 300 male (65.9%) 
patients, among which 145 (31.9%) died and the 
median survival time was 79.5 months. The median 
follow-up time of these patients with ccRCC was 
37.0 months (range, 1.3–112.6 months). Detailed 
information of this study design are illustrated in 
Figure 1 as a workflow chart. For the entire cohort, 
the 1-, 3-, 5-year OS rates were 89.9%, 74.7% and 
61.0%, respectively. Besides, we detected and quanti
fies the AS events of transcripts by using SpliceSeq 
software. According to the exclusive and distinct spli
cing pattern, these AS events can be roughly divided 
into seven particular types, including Exon Skip (ES), 
Alternate Terminator (AT), Alternate Promoter (AP), 
Retained Intron (RI), Mutually Exclusive Exons (ME), 
Alternate Donor site (AD) and Alternate Acceptor 
site (AA). As results, we obtained 32,487 mRNA 

splicing events from 9286 parent genes, which con
tains 2634 AAs in 1964 genes, 2366 ADs in 1751 
genes, 6155 ATs in 2806 genes, 173 MEs in 167 
genes, 11,371 ESs in 5230 genes, 2031 RIs in 1404 
genes and 7757 APs in 3259 genes. And ES (35%), as 
the predominant type, accounts for more than one- 
third of all events, followed by AP and AT type in 
ccRCC and normal adjacent cancer tissues. We also 
noticed that one gene might possess two or more 
events. Considering this, Upset plot was generated to 
quantitatively visualize the intersecting sets among 
these seven AS types (Supplementary Fig. S1). 
Intriguingly, the vast majority of splicing variants 
were from the same genes while one gene could 
have up to five types of AS events, revealing the fact 
that AS hold largest potential on expanding transcript 
diversity and increasing proteome complexity.

Identification of aberrant cancer-specific AS 
events in ccRCC

Considering the significantly spliced AS events 
between tumor and adjacent normal samples 
could play crucial roles in the tumorigenesis 
and development of ccRCC, we performed dif
ferential expression analyses with 72 normal tis
sues and 533 TCGA ccRCC tissues summarized. 
Using the preliminarily screening criteria men
tioned above, we derived a list of 4660 aberrant 
splicing events, including 1069 ESs in 823 genes, 
543 RIs in 438 genes, 1777 APs in 1470 genes, 
719 ATs in 676 genes, 231 ADs in 204 genes, 
304 AAs in 280 genes and 17 MEs in 17 genes. 
Interestingly, ES only contributes about 22.9% 
aberrant events even though it constitutes the 
highest proportion of AS events. As shown in 
Figure 2, most differential expressed AS events 
tend to be up-regulated in ccRCC tissues, sug
gesting the dysregulated splicing variants prefer 
to generate oncogenic transcripts rather than 
silence tumor suppressor transcripts.

Construction of AS panel and evaluation of 
its predictive ability in ccRCC cohort

Moreover, we attempted to assess the prognostic 
ability of these identified aberrant AS events. By 
using univariate Cox regression analyses, we iden
tified a total of 2100 survival-associated AS events 
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from 1666 parent genes (p-value < 0.05), including 
1975 unfavorable prognostic splicing events 
(hazard ratio (HR) > 1, p-value < 0.05) and 125 
favorable prognostic ones (HR < 1, p-value < 0.05). 
To further quantify the interactions among these 
aberrant survival-associated events, we applied 
Upset plot and revealed that some genes clearly 
had up to five types of AS events which were both 
cancer-specific and prognosis-related (Figure 3a). 
For example, AD, AP, ES, RI and AA events of 
DMKN (red dotted line) were all significantly 
associated with patient OS in ccRCC. NDRG2 
and POFUT2 (green dotted lines) could possess 
four types of prognostic AS events. The exact 
number of aberrant splicing events indicating 
poor prognosis far exceeded the number of those 
indicating good prognosis, which were consistent 
with the results from differential spliced analysis 
and appeared to confirm a major oncogenic role of 

aberrant AS in initiation and progression of 
ccRCC. Moreover, for each AS type, the top sig
nificant biomarkers were selected and visualized in 
forest plots (Figure 3(b–h)). Interestingly, most of 
them were unfavorable prognostic factors, suggest
ing potential positive correlations between aber
rant splicing variants and carcinogenesis.

Next, the top 20 most significantly survival- 
associated events in each AS type (only 5 ME 
events available) were chosen as candidates for 
establishing prognostic signature (Figure 3(b–h)). 
To screen out AS events with the greatest prog
nostic value, we applied LASSO-penalized regres
sion analysis with 10-fold cross validation in each 
AS type, separately. LASSO-penalized model is 
a machine learning method, selecting the most 
important features by weighing the number of 
variables and model fitness iteratively. For 
instance, the coefficients of majority of AA events 

Figure 1. The flowchart for profiling the alternative splicing signatures in ccRCC patients in a relatively large-scale sequencing cohort.
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Figure 2. Volcano plots depicting differentially spliced events via Student’s t-test in seven alternative splicing (AS) types, including 
(a) Alternate Acceptor (AA), (b) Alternate Donor (AD), (c) Alternate Promoter (AP), (d) Alternate Terminator (AT), (e) Exon Skip (ES), (f) 
Retained Intron (RI) and (g) Mutually Exclusive Exons (ME). The x-axis represents the log2 transformation of fold change that the 
average PSI score in clear cell renal cell carcinoma (ccRCC) samples versus average score in normal tissues for each AS event, while 
the y-axis represents the negative log10 transformation of false discovery rate (FDR) for each comparison. The red and blue dots 
indicate the differentially expressed AS events with statistical significance (FDR < 0.05, |log2FC| ≥1). The assigned names of top 
ranked splicing events are shown in the plots.
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have been shrunk to zero in procedure of model 
fitting (Supplementary Fig. S3A), with only 4 AA 
events left with nonzero status based on ‘lambda. 
min’ criteria (Supplementary Fig. S2A). As results, 
we have generated seven prognostic signatures, 
comprised of 4 AA events, 6 AD events, 10 AP 
events, 7 AT events, 11 ES events, 4 RI events and 
3 ME events, respectively (Supplementary Fig. S2 
and S3). As demonstrated (Supplementary Fig. 

S4), patients were stratified into low-risk and high- 
risk subgroups based on the corresponding risk 
score, utilizing the median cutoff calculated in 
the entire cohort. The distribution of patients’ 
survival time and status, heatmaps of selected spli
cing events were also displayed. The Kaplan-Meier 
survival curves also indicated that patients of high- 
risk were with significantly poor OS compared 
than those of low-risk (Supplementary Fig. S5, 

Figure 3. Univariate Cox regression analyses to identify aberrant survival-associated and the most significant splicing variants, which 
are candidates for further building predictive models in ccRCC. (a) Upset plot in ccRCC, showing the parent gene intersection among 
the seven types of AS events that simultaneously identified as cancer-specific and prognosis-related ones. One gene may have up to 
five types of AS events (red dotted line) that are differentially expressed and survival-associated in ccRCC. (b–h) Forest plot which 
displays the top 20 (if available) most significantly survival-associated AS events in each type, respectively. P-values of univariate Cox 
regression analyses are indicated by the color scale by the side. Unadjusted hazard ratios (boxes) and 95% confidence intervals 
(horizontal lines) are depicted in the plot.
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p-value < 0.0001). Eventually, with the combina
tion of all available types of AS events that formed 
signatures, we screened 17 particular AS events via 
LASSO-penalized Cox method (Figure 4a and 4b) 
and further constructed a final AS-based panel by 
fitting multivariate Cox regression model (Figure 
4c). In addition, the median risk score also served 
as the cutoff point for assigning ccRCC patients 
into low- and high-risk groups. As shown in 
Figure 4d, the high-risk patients showed a 3.13- 
fold higher risk (95% confidence intervals (CI): 
2.18–4.50, p-value < 0.0001) than low-risk patients. 
Therein, the detailed splicing pattern of each spli
cing event was depicted in Figure 4e. 
Encouragingly, time-dependent ROC curves 
(Figure 5(a–c)) also revealed that the AUC values 
of established AS panel were 0.73 at 1 year, 0.724 
at 3 years and 0.75 at 5 years, confirming the 
predictive potential of our AS panel for both 
short-term and long-term prognosis with AUCs 
being robust above 0.7 across time (Figure 5d). 
The detailed formula of each AS signature is listed 
in Supplementary Table S1.

Functional enrichment results of identified 
aberrant survival-associated AS events

It was evident that AS has a profound effect in 
altering transcript architecture and further modi
fying corresponding protein via deleting or adding 
functional domains. Thus, analyzing the influen
cing of aberrant AS on their encoding proteins 
might give us a better understanding and direction 
of the roles of aberrant events in the splicing 
machinery of ccRCC. In our research, 1666 genes 
from 2100 both ccRCC-specific and OS-related 
splicing events were sent for functional enrich
ment analysis, including GO and KEGG pathway. 
A total of 48 GO-CC categories, 60 GO-BP and 25 
GO-MF terms were identified as significantly 
enriched ones (FDR < 0.05), most of which were 
closely related to mitochondrial and energy meta
bolic activities, such as mitochondrial matrix (FDR 
< 0.0001), generation of precursor metabolites and 
energy (FDR = 0.003), and mitochondrial inner 
membrane (FDR = 0.002). Additionally, specific 
biological processes closely associated with 
ccRCC, such as focal adhesion (FDR = 0.002), 
RNA splicing (FDR = 0.015), and GTPase 

regulatory activities, were significantly enriched 
in these parent genes occurred aberrant AS events 
(Supplementary Fig. S6). Besides, several KEGG 
pathways that were experimentally validated parti
cipating in ccRCC progression or metastasis, 
including central carbon metabolism in cancer 
(FDR = 0.011), ubiquitin mediated proteolysis 
(FDR = 0.011), base excision repair 
(FDR = 0.043) and apoptosis (FDR = 0.016), 
were also revealed. Of note, both KEGG and GO 
enrichment analyses suggested the regulation of 
autophagy could be a potential mechanism of spli
cing regulatory in ccRCC. Taken together, above 
functional enrichment results not only provided 
novel clues for further exploring the underlying 
mechanisms upon aberrant prognosis-related 
events, but also confirmed the reliability of our 
screening procedure in turn.

Altered biological pathways between the 
high- and low-risk ccRCC patients

The strong risk stratification ability of our 17 
AS-based panel for ccRCC patients could be 
attributed to the oncogenic pathways and biolo
gical process that participate in ccRCC regula
tion during the tumor development or 
metastasis. Hence, we performed GSEA to eluci
date potential biological functions of the final AS 
panel (Supplementary Fig. S7A and Fig. S7B). As 
results, we observed that genes highly expressed 
in the high-risk group showed significantly 
enriched in ‘P53 signaling transduction’ and 
‘MAPK signaling pathway’, which have been 
widely acknowledged being associated with the 
progression of ccRCC. Furthermore, several can
cer-related pathways, such as the cell cycle reg
ulation, response to DNA damage and 
neutrophil chemotaxis, were also up-regulated 
in high-risk patients, while the high-risk corre
lated genes were revealed to be associated with 
down-regulation of autophagy, which was in 
accordance with the KEGG enrichment results 
above. In summary, our GSEA analysis implied 
that the final 17 AS-based signature might be 
involved in crucial ccRCC-related pathways and 
their functional dysregulation subtly influences 
the OS of ccRCC patients.
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Figure 4. Least absolute shrinkage and selection operator (LASSO) penalized Cox model to build final prognostic model by 
combining all types of AS events within each signature. (a) The selection of tuning parameter (lambda) in the LASSO-penalized 
Cox regression model via 10-fold cross validation for constructing final prognostic signature. (b) The shrinkage procedure of LASSO 
regression coefficients to determine the optimal number of features in final model. (c) The distribution of patient survival status 
ranked by corresponding risk score, the splicing pattern of specific AS events included in final signature. (d) The Kaplan-Meier 
survival curves of overall survival between high-risk and low-risk patients, which are divided by the median value of final risk score. 
(e) The splicing graph of 17 specific AS events included in final AS signature, with corresponding splicing patterns illustrated by red 
lines. The thin exon region represents the protein-coding region, and the thick region represents the untranslated region.
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The independent predictive power of final AS 
panel for ccRCC patients

We performed univariate followed by multivariate 
Cox hazard regression analyses of data in TCGA 
ccRCC cohort in order to further investigate 
whether the final 17 AS-based panel was an inde
pendent prognostic factor, where the AS panel was 
treated as a binary variable. The univariate analysis 
results suggested that age, Fuhrman grade, patho
logical stage, T stage, M stage and final AS panel 
were all remarkably correlated with the OS of 
ccRCC patients (Figure 6a). Therefore, those sig
nificant factor were included in a multivariate 

analysis, which showed that the AS panel 
(HR = 2.487; 95% CI: 1.717–3.605; 
p-value = 1.47e-06), age, Fuhrman grade, patholo
gical stage were four independent prognostic fac
tors when adjusted by those risk factors (Figure 6b).

Moreover, in order to investigate the prognostic 
value of our AS panel in stratified cohort, we classi
fied patients into various subgroups based on age, 
gender, pathological stage, Fuhrman grade, T stage 
and M stage then we performed stratification analy
sis. As shown (Supplementary Fig. S8), the AS panel 
identified patients with distinct prognoses in all 
cohorts analyzed, thus confirming its robustness for 
independently predicting ccRCC prognosis.

Figure 5. Time-dependent ROC curves for comparable analyses on predictive performance of the models in ccRCC cohort, including 
the seven AS signatures and final prognostic signature. (a–c) Time-dependent ROC curves of each AS signature and final signature 
for predicting overall survival of ccRCC patients in 1, 3 and 5 years. (d) The comparable area under curve (AUC) values spanning 
1 year to 5 years according to each signature.
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Development and apparent performance of 
a nomogram based on the final AS panel
A second multivariate Cox regression model that 
incorporated the above independent predictors, 

including the final AS panel, age, Fuhrman grade 
and pathological stage, was developed and presented 
as the nomogram (Figure 7a). It substantiated that the 
AS panel comprised of 17 AS events contributes the 

Figure 6. Forest plots displaying the results from univariate and multivariate Cox regression analysis to validate independent 
prognostic value of the final model. (a) Univariate Cox analysis of available clinicopathologic features and final AS signature on 
overall survival. (b) Multivariate regression analysis of the relation between final AS prognostic model and clinicopathologic 
characteristics regarding prognostic value. The length of horizontal line corresponds to the 95% confidence interval (CI), and the 
relative size of box is in proportional to the sample size. The red vertical line indicates HR of 1.0. (*p-value < 0.05, **p-value < 0.01 
and ***p-value < 0.001).
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most risk points (ranging from 0 to 100), whereas the 
other clinicopathological characteristics contribute 
much less. The C-index for OS prediction was 0.816 
with 1000 bootstrap replicates (95% CI: 0.784–0.848), 
suggesting derived nomogram showed good predic
tive discrimination ability. And the calibration plot 
showed that the bias-corrected lines were close to the 
ideal line (45° line), indicating an optimal agreement 
between the survival prediction by our nomogram 
and actual observation (Figure 7b). Moreover, we 
conducted DCA analysis to determine the real-world 
clinical usefulness of the AS-clinicopathological 
nomogram by quantifying the net benefits against 
a range of threshold probabilities in ccRCC cohort. 

And the DCA results are presented in Figure 7c, 
which showed that using our AS-based nomogram 
would add more benefits in prognosis prediction than 
either treat-all-patients or treat-none scheme if the 
threshold probability of a patients or clinician is 
more than 10%. Within this range, the net benefits 
were comparable, with several overlaps, based on the 
final AS panel and the model with clinicopathological 
factors integrated only, further convincing the AS 
panel is non-inferior to clinical features. Besides, the 
clinical usefulness of the nomogram significantly 
overwhelmed the clinical risk factors. In a word, 
these findings suggested that the derived nomogram 
was a better prognostic model for predicting short- 

Figure 7. Construction and evaluation of a clinical predictive model at aspects of calibration and clinical usefulness. (a) A nomogram 
for predicting the survival probability of 1-, 3- and 5-year overall survival for ccRCC patients, which was built based on four 
independent prognostic factors in ccRCC. (b) Plot depicts the calibration of the nomogram based on overall survival in terms of 
agreement between predicted and observed 1-, 3- and 5-year clinical outcomes. The dashed 45-degree line indicates the ideal 
prediction. (c) Decision curve analysis for evaluating 5-year clinical usefulness of nomogram in ccRCC patients.
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term and long-term survival probability in ccRCC 
patients than individual clinical indicators.

The prognostic SFs and construction of 
splicing regulatory network

It has been proved that the global dysregulation of 
AS events could be orchestrated by a limited num
ber of SFs, especially in ccRCC. The normalized 
level 3 RNA-seq profiles of TCGA ccRCC samples 
identified 53 SFs whose expression levels differed 
significantly between tumor tissues and adjacent 
normal tissues (Figure 8a). According to the 
thresholds, 14 SFs meeting the cancer-specific 
and prognosis-related properties were further 
screened as candidates (Figure 8b and 
Supplementary Fig. S9). Next, to systematically 
decipher the cancer-specific splicing regulatory 
connections in ccRCC, splicing regulatory net
works, which enrolled the significant relationships 
(adjusted p-value < 0.05) among these 14 SFs, 
including 5 risky ones (yellow polygons) and 9 
SFs indicating favorable prognosis (green poly
gons), and 110 most significantly prognostic AS 
events comprised of 105 risky ones (red dots) and 
5 favorable ones (blue dots), were finally built, 
respectively. As shown in Figure 8(c–d), the 
majority of genes could be synergistically or com
petitively regulated by different SFs via binding the 
same transcript regions, further revealing the 
intratumoral complexity and intricate regulating 
modification in driving initiation, progression 
and metastasis of ccRCC. And these kinds of phe
nomena also account for the reasons that tran
script could yield several different protein 
isoforms which functioned opposite biological 
behaviors, especially in ccRCC. More interestingly, 
we found that most poor prognosis-related spli
cing events (red dots) were positively correlated 
(red lines) with risky SFs (yellow polygons) but 
negatively regulated (blue lines) by favorable SFs 
(green polygons). Representative scatter plots pre
senting the significant correlations between 
expression levels of particular SFs and PSI scores 
of specific AS events are displayed in Figure 8e. 
For instance, the expression of ESRP2 was posi
tively correlated with AD event of ZFP36, while 
the ES of SLC25A29 could be negatively regulated 
by SRP54.

The ccRCC subtypes associated with distinct 
clinical outcomes

According to the Elbow plot (Figure 9b) and 
Silhouette statistics (Figure 9c), the consensus 
cluster approach helped us to identify three dis
tinct molecular subtypes (k = 3) based on the 
splicing patterns of these AS candidates (Figure 
9d). Consequently, three clusters of ccRCC 
patients were determined as follow: C1 (n =  211, 
46.4%), C2 (n =  166, 36.5%) and C3 (n =  78, 
17.1%) (Figure 9a). The survival analyses suggested 
that AS clusters were significantly associated with 
distinct prognostic patterns (p-value < 0.0001, 
Figure 9e), among which C3 subtype was asso
ciated with poor outcome. Additionally, the heat
map also depicted the associations of clusters with 
clinicopathological features, which revealed that 
tumors classified as C3 were more frequently hold
ing higher histological grades and metastasis prop
erties (Figure 9f).

Disscussion

As changeable and possibly heritable post- 
transcriptional process, AS mechanisms offer pro
mising clues for the therapeutic strategies in var
ious disease, including many cancers [11]. To data, 
accumulated evidence indicates that the AS pro
cess could make crucial contribution to the initia
tion, progression and metastasis of cancer, 
especially in renal cell carcinoma. For instance, 
DCLK1-ASVs, as an alternate splice variant of 
DCLK1, plays a stem cell supportive role in kidney 
cancer via driving self-renewal and drug resistance 
to chemotherapy [38]. VEGF is widely regarded 
the most potent growth factor for tumor neovas
culature, while in-depth study has revealed that 
VEGF165b, a differential splicing isoform from 
exon 7 to 3� untranslated region, is down- 
regulated in renal cell carcinoma and contributes 
to anti-angiogenesis [39]. Similarly, PKM2, rather 
than PKM1, has been reported to promote differ
ent aspects of ccRCC progression, including cell 
proliferation, invasion and migration in vitro [40]. 
Meanwhile, the involvement of SFs is also reflected 
in the investigation of aberrant AS regulation in 
ccRCC. The pro-tumorigenic function of SF3B3 
can be partly mediated by up-regulation of 
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Figure 8. Identification of aberrant prognostic splicing factors (SFs) and construction of SF-AS splicing regulatory network in ccRCC. 
(a) Volcano plot showing the differentially expressed SFs between tumor and normal adjacent cancer tissues. The red points indicate 
the upregulated SFs in tumor samples, whereas the green points represent the downregulated SFs in tumor tissues. The gene 
symbols of survival-associated ones are further labeled in the plot. (b) The difference of relative expression levels of aberrant 
prognostic SFs between ccRCC samples and normal samples. Boxes encompass 1st–3rd interquartile range of expression values, 
black lines in boxes represent the median values, whiskers indicate 1.5 times the interquartile range, and the black points indicate 
the outliers. (*p-value < 0.05, **p-value < 0.01 and ***p-value < 0.001). (c–d) Splicing regulatory networks, showing the positive (red 
line) or negative (green line) correlation between these SFs (yellow node indicates the risky one, while green node indicates the 
protective one) and the most significant AS events (red node represents the adverse prognosis event, while blue node represents 
favorable prognosis event). (e) Representative correlation pairs in SF-AS regulatory network.
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EZH2Δ14, since the EZH2Δ14 acts as a suppressor 
for the expression of EZH2, which is commonly 
recognized as a tumor-suppressive gene [41]. 
Accordingly, AS events have been considered as 
multifaceted carcinogenesis hallmark of ccRCC, 
convincing that splicing events could be preemi
nent biomarkers for further investigation. Even so, 
painstaking exploration of therapies concerning 
aberrant AS, including clinical trials, are neverthe
less under way [14,42]. To our best knowledge, our 
present study is a relatively comprehensive attempt 
to decipher the untapped mechanisms of AS in 
ccRCC so far.

The prevalence of ccRCC, accounting for 
approximately 75% of primary kidney cancer, is 
increasing annually with recent implementation of 
screening program. Despite the advance of surgical 
procedures, such as partial or total nephrectomy, 

more than 20% postoperative patients suffering 
from ccRCC will develop distant metastasis 
[3,43]. What’s worse, adjuvant systematic thera
pies, including chemotherapy, radiotherapy and 
immunotherapy, have failed to show an obvious 
survival benefit for postoperative patients, high
lighting the drug resistance and financial burden 
as problems worth pondering [1,44]. In this aspect, 
novel molecular biomarkers that could reliably 
evaluate disease progression and patient prognosis 
would have tremendous potential in guiding ther
apeutic strategies and clinical management of 
ccRCC patients. Taking the potential influence of 
aberrant splicing events in renal carcinogenesis 
into account, it is reasonable to consider the AS 
events in to increase the effectiveness of adjuvant 
therapy. In this study, using the well-established 
public, large-scale multi-omics sequencing cohort, 

Figure 9. Unsupervised consensus cluster analysis revealed distinct ccRCC classifications associated with different outcomes and 
clinicopathological characteristics. (a) Consensus matrix heatmap defined three AS clusters based on aberrant prognostic splicing 
events. (b–c) The Elbow plot and Silhouette statistics to determine the optimal number of consensus clusters. (d) The distribution of 
CDF curves of the consensus scores (k = 2–10) in ccRCC cohort. (e) The Kaplan-Meier survival analysis of ccRCC patients within 
different clusters. P-value was calculated from log-rank test. (f) Heatmaps depicting the relationships among molecular subtypes, 
splicing patterns and clinicopathological characteristics.
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we proposed a robust, individualized AS panel that 
can estimate OS probability in ccRCC patients 
based on 17 aberrant splicing events. Attributed 
to the combination of all the seven types of AS 
events, the AUC values of ROC curves for this 
model can keep above 0.7 spanning 1 year to 
5 years, suggesting enhanced power and great 
potential in short-term and long-term prognosis 
prediction for ccRCC patients. Moreover, our 
prognostic AS panel could stratify clinically 
defined groups of patients (e.g. age, TNM stage 
and Fuhrman grade) into subgroups with distinct 
clinical outcomes.

Actually, to illustrate the clinical value of AS 
events in cancer, several investigators have per
formed genome-wide analyses of splicing events 
in non-small cell lung cancer, gastrointestinal ade
nocarcinoma and ovarian cancer [45–47]. With 
the rapid development of high-throughput sequen
cing technologies over the last decades, prelimin
ary success has also been gained in insight into the 
involvement of splicing patterns in ccRCC. 
Recently, by integrating whole-exome sequencing, 
RNA-seq and copy number variation analyses, 
Lehmann et al analyzed 282 ccRCC patients and 
revealed that 915 probable splicing quantitative 
trait loci with tumor-specific splicing pattern 
were identified, and that are involved in processes 
relevant for tumor growth and cancer progression 
[48]. However, few studies have broken the gap 
between aberrant AS events and clinical relevance 
in a systematic way. And it still remains to be 
unsolved problem that what extent alteration of 
AS pattern could change the clinical outcome 
among ccRCC patients. Despite a series of strict 
criteria were conducted in the process of sample 
screening and biomarker filtration, more AS 
events, consisting of a total of 2100 aberrant spli
cing events occurred in 1666 parent genes, were 
finally identified in present study, meeting the 
cancer-specific and prognosis-related properties. 
Moreover, our exploration of AS patterns broad
ens the understanding of traditionally conceptual 
prognostic biomarker, which serves as a powerful 
complementary to verify the link between AS and 
ccRCC.

Furthermore, functional enrichment analyses, 
including GO, KEGG and GSEA analysis, pro
vided more opportunities for deciphering the 

largely untapped mechanisms which our identified 
AS events might participate in. Intriguingly, there 
were several intersections among our enrichment 
results and preliminary investigation. The majority 
of enriched biological behaviors were metabolism- 
related and the autophagy-related pathways were 
revealed as the significant overlap among GO, 
KEGG and GSEA results. Autophagy, as an intra
cellular self-degradative process for capturing and 
recycling degraded components with the assistance 
of autophagosome and lysosome, plays crucial 
roles in maintaining metabolism and homeostasis 
[49]. More importantly, the modulation of autop
hagy involves in dual-sided roles within cancer 
microenvironment, which could facilitate tumori
genesis via promoting proliferation and mediate 
tumor suppression via inducing cell death and 
apoptosis [50]. ccRCC is distinguished by inacti
vating mutations in VHL (von Hippel-Lindau 
tumor suppressor), leading to constitutive activa
tion of the hypoxia-inducible factors (HIFs) and 
induction of a hypoxia response transcription sig
nature. Hall et al. found TRPM3 and miR-204 
established a regulatory circuit which could pro
mote the growth of ccRCC and stimulate 
MAP1LC3A (LC3A) and MAP1LC3B (LC3B) 
autophagy. VHL represses TRPM3 directly 
through miR-204 and indirectly through another 
miR-204 target [51].

Moreover, correlation analyses were performed 
in a preliminary exploration to elucidate the 
underlying splicing mechanisms in ccRCC. 
Differed SFs are in competition for the same spli
cing sites of parent genes, which at least partly, 
deciphered that gene transcripts could yield dis
tinct splicing isoforms driving opposite biological 
behaviors. More intriguingly, almost all the risky 
SFs exerted significant positive regulatory effects 
on the poor prognostic AS events, whereas most 
favorable splicing events were negatively correlated 
with unfavorable splicing events. In overall, our 
SF-AS regulatory network provided new 
approaches to address splicing regulatory patterns 
involved in ccRCC. Therein, several SFs, revealed 
with significant aberrant expression and prognos
tic values in our cohort, represented consistent 
tendency with previous reports. ESRP2 is a kind 
of splicing regulator specifically expressed in 
epithelial cells, regulating of the function of 
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cytoskeleton and cell motility. Mizutani et al. 
reported that the expression of some ESRP-target 
exons was related with good prognosis in ccRCC 
and with the expression of RNF111, a molecular 
which interacted with ESRP2, induced polyubiqui
tination and suppressed ccRCC tumor growth in 
a coordinated manner [52]. hnRNPs regulate 
almost all levels of expression of apoptotic genes 
and play a vital role in DNA repair, telomere 
biogenesis, cell signaling, mRNA stability, alterna
tive splicing, and protein degradation. Through 
these key cellular functions, individual hnRNPs 
have a variety of potential roles in tumor develop
ment and progression including the inhibition of 
apoptosis, angiogenesis and cell invasion [53].

Tumor heterogeneity highlighted the limitations 
of traditional risk factors. They may be insufficient 
for proper tumor characterization and classifica
tion, leading to difficulties for the prediction of 
disease progression, therapeutic response and 
prognosis. Nowadays, powerful tools, including 
high-throughput and genome-wide profiling 
methodologies, have led to significant progress in 
understanding of ccRCC [54]. Here, we demon
strated that our AS panel could serve as an inde
pendent prognostic factor for OS prediction in 
ccRCC patients. Besides, we further leveraged the 
complementary value of AS panel and other con
ventional clinicopathological features (age, 
Fuhrman grade and pathologic stage). 
Consequently, our nomogram could be a valuable 
prognostic scoring system for clinical decision- 
making of practitioners, represented as a robust 
and reliable tool for prognosis prediction in 
ccRCC.

However, several limitations of our study were 
still required to be clarified. Firstly, a major short
coming of our work is due to its retrospective 
nature, and clearly, multicentre prospective studies 
with large sample size are warranted to further 
validate our findings, especially these clinical rele
vant splicing events. Secondly, owing to the exis
tence of missing value of clinicopathological 
characteristics and a fraction of splicing events in 
our inclusive cohort, the statistical power in inte
grated prognostic model could be inevitably 
decreased. Thirdly, due to the emerging roles and 
relatively complicated mechanisms of aberrant 
splicing in tumorigenesis, only a few irregular 

spliced isoforms within the enormous splicing 
events detected have been verified as direct con
tributors to tumors, with further functional experi
ments needed in ccRCC. In addition, many 
uncertainties still exist concerning detailed biolo
gical processes of SFs in recognizing, binding and 
regulating mRNA splicing, for only preliminarily 
in silico exploration on their surface correlations 
in the current work.

Conclusion

In summary, for the first time, through compre
hensively analyzing the genome-wide splicing 
events, we identified an AS panel composed of 17 
aberrant AS events in ccRCC. The interpretation 
of aberrant AS patterns and corresponding regu
latory networks may motivate a novel insight in 
the oncogenic process of ccRCC and provide 
potential therapeutic targets that require further 
validation.

Highlights

● Genome-wide ccRCC-specific AS patterns 
were profiled in a large-scale population.

● Seventeen AS events were chosen to build 
a prognostic model with high performance 
in ccRCC.

● Prognosis-related SF-AS regulatory network 
deciphered splicing mechanisms in ccRCC.

● We revealed three ccRCC clusters with dis
tinct splicing and clinicopathological 
patterns.

Acknowledgements

Special thanks to Yi Duan and Zhao Zhang.

Disclosure statement

The authors report no conflict of interest.

ORCID

Wenjie Zhang http://orcid.org/0000-0003-1765-1945

1108 D. ZHANG ET AL.



References
[1] Hsieh JJ, Purdue MP, Signoretti S, et al. Renal cell 

carcinoma. Nat Rev Dis Primers. 2017;3:17009.
[2] Inman BA, Harrison MR, George DJ. Novel immu

notherapeutic strategies in development for renal cell 
carcinoma. Eur Urol. 2013;63:881–889.

[3] Meskawi M, Sun M, Trinh QD, et al. A review of 
integrated staging systems for renal cell carcinoma. 
Eur Urol. 2012;62:303–314.

[4] Wolff I, May M, Hoschke B, et al. Do we need new 
high-risk criteria for surgically treated renal cancer 
patients to improve the outcome of future clinical trials 
in the adjuvant setting? Results of a comprehensive 
analysis based on the multicenter CORONA database. 
Eur J Surg Oncol. 2016;42:744–750.

[5] Hsieh JJ, Le V, Cao D, et al. Genomic classifications of 
renal cell carcinoma: a critical step towards the future 
application of personalized kidney cancer care with 
pan-omics precision. J Pathol. 2018;244:525–537.

[6] Ricketts CJ, De Cubas AA, Fan H, et al. The cancer 
genome atlas comprehensive molecular characterization 
of renal cell Carcinoma. Cell Rep. 2018;23:313–26 e5.

[7] Nilsen TW, Graveley BR. Expansion of the eukaryotic 
proteome by alternative splicing. Nature. 2010;463 
(7280):457–463.

[8] Baralle FE, Giudice J. Alternative splicing as a regulator 
of development and tissue identity. Nat Rev Mol Cell 
Biol. 2017;18:437–451.

[9] Wang Y, Liu J, Huang BO, et al. Mechanism of alter
native splicing and its regulation. Biomed Rep. 
2015;3:152–158.

[10] Gallego-Paez LM, Bordone MC, Leote AC, et al. 
Alternative splicing: the pledge, the turn, and the pres
tige: the key role of alternative splicing in human 
biological systems. Hum Genet. 2017;136:1015–1042.

[11] Martinez-Montiel N, Rosas-Murrieta NH, Anaya 
Ruiz M, et al. Alternative splicing as a target for cancer 
treatment. Int J Mol Sci. 2018;19. DOI:10.3390/ 
ijms19020545

[12] Chen J, Weiss WA. Alternative splicing in cancer: 
implications for biology and therapy. Oncogene. 
2015;34:1–14.

[13] Kornblihtt AR, Schor IE, Allo M, et al. Alternative 
splicing: a pivotal step between eukaryotic transcrip
tion and translation. Nat Rev Mol Cell Biol. 
2013;14:153–165.

[14] Song X, Zeng Z, Wei H, et al. Alternative splicing in 
cancers: from aberrant regulation to new therapeutics. 
Semin Cell Dev Biol. 2018;75:13–22.

[15] Tsai YS, Dominguez D, Gomez SM, et al. 
Transcriptome-wide identification and study of 
cancer-specific splicing events across multiple tumors. 
Oncotarget. 2015;6:6825–6839.

[16] Sebestyen E, Zawisza M, Eyras E. Detection of recur
rent alternative splicing switches in tumor samples 

reveals novel signatures of cancer. Nucleic Acids Res. 
2015;43:1345–1356.

[17] Tomczak K, Czerwinska P, Wiznerowicz M. The 
Cancer Genome Atlas (TCGA): an immeasurable 
source of knowledge. Contemp Oncol (Pozn). 
2015;19:A68–77.

[18] Colaprico A, Silva TC, Olsen C, et al. TCGAbiolinks: 
an R/Bioconductor package for integrative analysis of 
TCGA data. Nucleic Acids Res. 2016;44:e71.

[19] Ryan MC, Cleland J, Kim R, et al. SpliceSeq: a resource 
for analysis and visualization of RNA-Seq data on 
alternative splicing and its functional impacts. 
Bioinformatics. 2012;28(18):2385–2387.

[20] Ryan M, Wong WC, Brown R, et al. TCGASpliceSeq 
a compendium of alternative mRNA splicing in cancer. 
Nucleic Acids Res. 2016;44:D1018–22.

[21] Troyanskaya O, Cantor M, Sherlock G, et al. Missing 
value estimation methods for DNA microarrays. 
Bioinformatics (Oxford, England). 2001;17(6):520–525.

[22] Conway JR, Lex A, Gehlenborg N. UpSetR: an 
R package for the visualization of intersecting sets 
and their properties. Bioinformatics. 
2017;33:2938–2940.

[23] Yu G, Wang L-G, Han Y, et al. clusterProfiler: an 
R package for comparing biological themes among 
gene clusters. OMICS. 2012;16(5):284–287.

[24] Friedman JH, Hastie T, Tibshirani R. Regularization 
paths for generalized linear models via coordinate des
cent. J Stat Softw. 2010;33(1):1-22.

[25] Simon N, Friedman J, Hastie T, et al. Regularization 
paths for Cox’s proportional hazards model via coor
dinate descent. J Stat Softw. 2011;39:1–13.

[26] Blanche P, Dartigues JF, Jacqmin-Gadda H. Estimating 
and comparing time-dependent areas under receiver 
operating characteristic curves for censored event times 
with competing risks. Stat Med. 2013;32:5381–5397.

[27] Balachandran VP, Gonen M, Smith JJ, et al. 
Nomograms in oncology: more than meets the eye. 
Lancet Oncol. 2015;16:e173–e80.

[28] Iasonos A, Schrag D, Raj GV, et al. How to build and 
interpret a nomogram for cancer prognosis. J Clin 
Oncol. 2008;26:1364–1370.

[29] Steyerberg EW, Vickers AJ. Decision curve analysis: a 
discussion. Med Decis Making. 2008;28:146–149.

[30] Vickers AJ, Elkin EB. Decision curve analysis: a novel 
method for evaluating prediction models. Med Decis 
Making. 2006;26:565–574.

[31] Van Calster B, Wynants L, Verbeek JFM, et al. 
Reporting and interpreting decision curve analysis: 
a guide for investigators. Eur Urol. 2018;74:796–804.

[32] Fitzgerald M, Saville BR, Lewis R. Decision curve 
analysis. JAMA. 2015;313:409–410.

[33] Subramanian A, Tamayo P, Mootha VK, et al. Gene set 
enrichment analysis: A knowledge-based approach for 
interpreting genome-wide expression profiles. Proc 
Natl Acad Sci U S A. 2005;102(43):15545–50

BIOENGINEERED 1109

https://doi.org/10.3390/ijms19020545
https://doi.org/10.3390/ijms19020545


[34] Liberzon A, Birger C, Thorvaldsdottir H, et al. The 
Molecular Signatures Database (MSigDB) hallmark 
gene set collection. Cell Syst. 2015;1:417–425.

[35] Piva F, Giulietti M, Burini AB, et al. SpliceAid 2: 
a database of human splicing factors expression 
data and RNA target motifs. Hum Mutat. 
2012;33:81–85.

[36] Xiong Y, Deng Y, Wang K, et al. Profiles of alternative 
splicing in colorectal cancer and their clinical signifi
cance: a study based on large-scale sequencing data. 
EBioMedicine. 2018;36:183–195.

[37] Love MI, Huber W, Anders S. Moderated estimation of 
fold change and dispersion for RNA-seq data with 
DESeq2. Genome Biol. 2014;15:550.

[38] Ge Y, Weygant N, Qu D, et al. Alternative splice 
variants of DCLK1 mark cancer stem cells, promote 
self-renewal and drug-resistance, and can be targeted 
to inhibit tumorigenesis in kidney cancer. Int J Cancer. 
2018;143:1162–1175.

[39] Bates DJCR VEGF165b, an inhibitory splice variant of 
vascular endothelial growth factor, is down-regulated 
in renal cell carcinoma. 2002;62.

[40] Jiang J, Chen X, Liu H, et al. Polypyrimidine 
tract-binding protein 1 promotes proliferation, migra
tion and invasion in clear-cell renal cell carcinoma by 
regulating alternative splicing of PKM. Am J Cancer 
Res. 2017;7(2):245-59.

[41] Chen K, Xiao H, Zeng J, et al. Alternative splicing of 
EZH2 pre-mRNA by SF3B3 contributes to the tumori
genic potential of renal cancer. Clin Cancer Res. 
2017;23:3428–3441.

[42] Bianchi C, Bombelli S, Raimondo F, et al. Primary cell 
cultures from human renal cortex and renal-cell carcinoma 
evidence a differential expression of two spliced isoforms of 
Annexin A3. Am J Pathol. 2010;176:1660–1670.

[43] Feng X, Zhang L, Tu W, et al. Frequency, incidence 
and survival outcomes of clear cell renal cell carcinoma 
in the United States from 1973 to 2014: a SEER-based 
analysis. Medicine (Baltimore). 2019;98:e16684.

[44] Atkins MB, Tannir NM. Current and emerging thera
pies for first-line treatment of metastatic clear cell renal 
cell carcinoma. Cancer Treat Rev. 2018;70:127–137.

[45] Qu M, Yu J, Liu H, et al. The candidate tumor suppressor 
gene SLC8A2 inhibits invasion, angiogenesis and growth 
of glioblastoma. Mol Cells. 2017;40:761–772.

[46] Lin P, He RQ, Ma FC, et al. Systematic analysis of 
survival-associated alternative splicing signatures in 
gastrointestinal pan-adenocarcinomas. EBioMedicine. 
2018;34:46–60.

[47] Zhu J, Chen Z, Yong L. Systematic profiling of alter
native splicing signature reveals prognostic predictor 
for ovarian cancer. Gynecol Oncol. 2018;148:368–374.

[48] Lehmann KV, Kahles A, Kandoth C, et al. Integrative 
genome-wide analysis of the determinants of RNA 
splicing in kidney renal clear cell carcinoma. Pacific 
Symposium on Biocomputing Pacific Symposium on 
Biocomputing. 2015;20:44-55.

[49] Yun CW, Lee SH. The roles of autophagy in cancer. 
Int J Mol Sci. 2018;19(11):3466.

[50] Rajendran P, Alzahrani AM, Hanieh HN, et al. Autophagy 
and senescence: a new insight in selected human diseases. 
J Cell Physiol. 2019;234(12):21485–21492.

[51] Hall DP, Cost NG, Hegde S, et al. TRPM3 and miR-204 
establish a regulatory circuit that controls oncogenic 
autophagy in clear cell renal cell carcinoma. Cancer 
Cell. 2014;26:738–753.

[52] Mizutani A, Koinuma D, Seimiya H, et al. The 
Arkadia-ESRP2 axis suppresses tumor progression: 
analyses in clear-cell renal cell carcinoma. Oncogene. 
2016;35(27):3514–3523.

[53] Carpenter B, MacKay C, Alnabulsi A, et al. The roles of 
heterogeneous nuclear ribonucleoproteins in tumour 
development and progression. Biochim Biophys Acta. 
2006;1765:85–100.

[54] Rydzanicz M, Wrzesinski T, Bluyssen HA, et al. 
Genomics and epigenomics of clear cell renal cell car
cinoma: recent developments and potential 
applications. Cancer Lett. 2013;341:111–126.

1110 D. ZHANG ET AL.


	Abstract
	Introduction
	Materials and methods
	Data acquisition and pre-processing

	Differentially spliced AS events analysis
	Identification of survival-associated AS events and functional enrichment analyses
	Dimension reduction and generation of AS signature
	Independence of final AS panel from clinicopathological features
	Construction and evaluation of the nomogram
	Gene set enrichment analysis (GSEA) of final AS panel
	Construction of splicing regulatory network
	Molecular subtyping for ccRCC based on aberrant prognostic AS profiles
	Statistical analysis
	Results
	Overview of integrated AS events profiling in TCGA ccRCC cohort
	Identification of aberrant cancer-specific AS events in ccRCC
	Construction of AS panel and evaluation of its predictive ability in ccRCC cohort
	Functional enrichment results of identified aberrant survival-associated AS events
	Altered biological pathways between the high- and low-risk ccRCC patients
	The independent predictive power of final AS panel for ccRCC patients
	Development and apparent performance of anomogram based on the final AS panel
	The prognostic SFs and construction of splicing regulatory network
	The ccRCC subtypes associated with distinct clinical outcomes
	Disscussion
	Conclusion
	Highlights
	Acknowledgements
	Disclosure statement
	References



