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Abstract 

The analysis of next-generation sequencing data in oncology has been primarily focused on the 
genome, even though most molecular oncogenic mechanisms ultimately involve transcriptomic 
variation. The void in current knowledge about cancer transcriptomes and particularly oncogenic 
alternative splicing (AS) alterations may be overcome by analyzing RNA sequencing (RNA-Seq) data. 
AS is an essential mechanism of gene expression regulation, allowing a single gene to give origin to 
various transcripts and, consequently, different proteins. The deregulation of this process is known to 
cause disease and there is evidence for the role of splicing regulation in cellular programs altered in 
oncogenesis. 
This project aimed to define potential molecular signatures of prognostic value and to identify possible 
therapeutic targets for clear cell renal cell carcinoma (ccRCC). Thus, RNA-Seq data for tumor and 
matched normal renal tissue from The Cancer Genome Atlas were analyzed. The performed biostatistics 
analysis suggests that AS quantification could be a good measure to distinguish between tumor and 
normal samples. Furthermore, there are AS events that seem to be associated with survival in oncologic 
patients. A classification of events according to their AS quantification data distributions is also 
proposed, from which a loss of AS regulation in ccRCC may be inferred. 
Overall, this work shows that AS quantification analysis may have a great impact in clinical practice, 
ameliorating health care in oncology and driving precision medicine. Besides honing diagnosis and 
prognosis, it can contribute to the improvement of the efficacy of current genetic therapies or even lead 
to innovative ones. 
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1. Introduction 

A gene has its effects evidenced due to the 
synthesis of functional products through a 
process called gene expression (GE). Given 
that GE plays a crucial role in the maintenance 
of homeostasis, it has been increasingly and 
comprehensively studied. As part of GE, AS 
produces distinct mRNA sequences through the 
exclusion of specific exons, or parts of them, or 
even the retention of introns. The analysis of 
transcriptomic data, which are obtained from 
high-throughput RNA sequencing (RNA-Seq), 
enables the investigation of diseases at a 
molecular level beyond GE. 
Cancer is a group of genetic diseases that may 
affect almost any part of the body, being 
characterized by abnormal cell proliferation. 
Due to cancer’s genetic nature, previous 
studies using next-generation sequencing data 
in oncology were mostly focused on the 
genome. However, most molecular oncogenic 
mechanisms ultimately involve transcriptomic 
variation, with significant relations between 
tumor malignancy and AS alterations already 

been reported [1,2]. The deregulation of AS is 
known to cause disease and there is evidence 
for the involvement of splicing regulation in 
cellular programs modified in oncogenesis [3]. 
This work aimed to contribute to the 
understanding of altered splicing patterns in 
ccRCC, as well as to define novel molecular 
signatures with prognostic value. 
 
2. Methods 

2.1. Data collection and preparation 

RNA-Seq and clinical data of patients with 
ccRCC were downloaded from The Cancer 
Genome Atlas Data Portal [4]. The cRPKM 
measure [5] was chosen to quantify the GE of 
normal and tumor samples. Using the MISO 
software [6], PSI values were attributed to the 
AS events for the same samples. PSI stands for 
‘percentage spliced in’ and indicates the 
proportion of transcripts that include an 
alternative exon [7]. Ensembl and BioMart [8] 
were used to get the annotation of genes (with 
associated events) and transcripts, 
respectively. 
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After a filtering and pre-processing step so as to 
have both clinical and RNA-Seq data for all 
samples, data from 428 samples (366 tumor 
and 62 matched normal) from 366 patients were 
further considered. The used and/or analyzed 
data files are available online 
(imm.medicina.ulisboa.pt/group/compbio/Reso
urces/Barbara/). 
 
2.2. Clinical data analysis 

A preliminary analysis of the clinical data was 
performed using the IBM SPSS Statistics 
software [9] (version 21). After a first descriptive 
statistics analysis of frequencies, some of the 
features were excluded from the data set 
according to the following criteria: presence of 
the same value for all observations; more than 
50% of missing values; repeated or less recent 
data; irrelevant data for the present study. In 
addition, it was necessary to recode and 
convert specific values of the data, as well as 
compute a new variable (age in years) using an 
original feature (age in days). 
The selected clinical data were also subjected 
to a survival analysis [10,11] using both IBM 
SPSS Statistics and R [12] (version 3.1.3). In R, 
for which RStudio [13] (version 0.98.1103) was 
used as interface, the package ‘survival’ was 
required. 
 
2.3. RNA-Seq data analysis 

The PSI and cRPKM high-dimensional data 
(with about tens to hundreds of megabytes) 
were analyzed using a server physically located 
at IDMEC. The analysis of the data was mainly 
performed in the server’s R application, which 
has RStudio 0.98.1103 as interface, making use 
of various R packages: car, dplyr, ggbiplot, 
ggplot2, plyr, scales, stringr, survival, 
scatterplot3d, datasets, graphics, grDevices, 
grid, methods, stats, and utils (code also 
available online). Besides these, the 
GSEA v2.2.0 application [14,15] and the 
Functional Annotation Tool of DAVID 6.7 [16] 
were used for specific analyses regarding 
biological processes and gene function. Several 
biological databases accessible from Ensembl’s 
site were used to collect information about the 
genes which were associated with events and 
transcripts. 
Since the huge data dimensions disable the 
analysis of all their individual elements 
(events/transcripts), the applied methods aimed 
to reduce the set of features considering 
reasonable proposals of filtering and ranking. 
The merged PSI matrices (samples in rows, 
events in columns) with just one type of samples 
(normal, independent tumor, or paired tumor) 
were subjected to a filtering step based on the 
percentage of missing values. The samples that 

lacked more than 25% of the data were 
excluded from the sets. Subsequently, the AS 
events which still presented missing values 
were also removed, as well as those having a 
null variance across tumor and normal samples. 
The PSI data sets were reduced from 107,336 
to 43,178 AS events. Since there were no 
missing values in the cRPKM matrix (samples 
in rows, transcripts in columns), a preliminary 
correlation PCA [17] was performed to verify 
data quality. Consequently, an outlier sample 
exhibiting discrepant values was excluded from 
PSI and cRPKM data sets. The number of 
transcripts was modified from 51,193 to 51,122 
after the exclusion of those with null variance 
across tumor and normal samples. Moreover, 
the data sets containing cRPKM values were 
reduced by keeping only the samples that were 
considered suitable for the PSI analysis. After 
this filtering step, 357 tumor and 55 normal 
samples were further considered. 
Covariance and correlation PCA were 
performed, respectively, over various PSI and 
cRPKM data sets with tumor and normal 
samples. In this way, it was possible to 
scrutinize the differences between the plots of 
principal components in terms of grouping of 
samples. 
The rank product [18,19] was applied to the first 
6 principal components, which explained a large 
part of the data’s variance (approximately 53% 
and 24% for PSI and cRPKM, respectively). 
This method allowed the sorting of AS events 
and transcripts according to their contribution to 
separate normal and tumor samples. 
Kolmogorov-Smirnov tests, Levene’s tests, 
Fligner-Killeen tests, Student’s t-tests, and 
Wilcoxon Rank Sum and Signed Rank tests 
[20-24] were performed over PSI and cRPKM 
data. The resultant p-values from the multiple 
testing (of all AS events/transcripts) were 
adjusted using the FDR correction [25]. When 
the corrected p-value of each test was lower 
than 0.05, which was the chosen significance 
level, the null hypothesis was rejected. The 
hypothesis testing enabled the identification of 
the AS events and transcripts with the most 
distinct PSI/cRPKM distributions between 
normal and tumor samples in terms of variance 
and median. 
The GSEA application was used to analyze 
ranked lists of genes’ symbols (associated with 
AS events/transcripts), whose scores were 
determined based on the p-values from 
Levene’s tests, Wilcoxon Signed Rank tests, or 
rank product. The gene set databases of 
hallmarks, KEGG pathways, gene ontologies, 
and oncogenic signatures were evaluated in 
order to associate a biological meaning to 



3 

specific differences found in PSI and cRPKM 
data between the types of samples. 
The AS events/transcripts were classified 
according to the comparison of the median and 
variance values of PSI/cRPKM between normal 
and tumor samples. An enumeration of all 
possible combinations of how the medians and 
variances differ between the types of samples 
led to the proposed 9 classes shown in Table 1. 
In practice, the classification groups were 
formed based on the statistical significance of 
the p-values from Levene’s tests and Wilcoxon 
tests for independent and paired samples. 
 
Table 1 Proposed classification of AS 

events/transcripts based on PSI/cRPKM distribution 
for normal (n) and tumor (t) samples. The letters V 
and M correspond, respectively, to ‘variance’ and 
‘median’. 
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DAVID was used in order to analyze if the AS 
events/transcripts (classified in the same way 
for independent and paired samples) within a 
certain group could be related to some specific 
gene ontology or biological pathway. The 
motivation for this is to better understand if there 
are common features among the AS 
events/transcripts in each class in terms of their 
biological functions. The analysis was 
performed over lists of the associated genes’ 
Ensembl_Gene_ID considering the annotation 
from 4 databases (the 3 default gene ontologies 
and KEGG PATHWAY). The used background 
lists contained the Ensembl_Gene_ID of all 
genes related to some AS event or transcript. 
In order to access the association between AS 
and GE, the events were mapped to the 
respective transcripts using the annotation 
tables. The AS events (and respective 
transcripts) with a PSI range equal to or greater 
than 0.5 were considered for the performance 
of Spearman correlation tests [26] across all 
samples. 

To perform a survival analysis, the patients 
were separated according to whether their 
tumor samples exhibited a low or high 
PSI/cRPKM value for each AS event/transcript. 
This was done by determining, for each case, 
the PSI/cRPKM boundary that most significantly 
separated those groups of patients. In addition, 
Spearman correlation tests were performed 
over all pairs event/transcript, being the 
resultant p-values corrected using the FDR 
estimation. The survival analysis was 
conducted over the 1,000 AS events that were 
most uncorrelated with the associated 
transcripts, due to their potential as prognostic 
factors. After those transcripts were subjected 
to a similar survival analysis, only the AS events 
which revealed a significant difference between 
survival curves (log-rank test p-value < 0.05 
after FDR correction), contrarily to their 
associated transcripts, were further considered. 
This filtering step enabled to kept just the cases 
for which the survival rate is influenced by AS 
and not GE. 
 
3. Results and Discussion 

3.1. Clinical data analysis 

The age of the 366 patients, most of whom are 
Caucasian, varies between 27 and 89 years old. 
Several features were found to be associated 
with the survival probability (log-rank test 
p-value < 0.05): neoplasm histologic grade; 
ethnicity; tumor pathologic classification; 
patient’s qualitative analysis results; person 
neoplasm status; and patient’s age group. 
Figure 1 shows a Kaplan-Meier plot, obtained in 
R, depicting the survival function by tumor 
pathologic stage. Only the curves referring to 
stages I and II are not significantly different from 
each other. 
 

 
Figure 1 Kaplan-Meier plot of the survival function by 

tumor pathologic stage. 

 
3.2. RNA-Seq data analysis 

The main results from the PCA that was 
performed over the filtered PSI and cRPKM 
data can be seen in Figures 2 and 3. The scree 
plots of Figure 2 indicate that an important 
percentage of the variance of the PSI/cRPKM 
data is explained by the first 3/6 principal 
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components. The PCA plots of Figure 3 show 
the grouping of normal and tumor samples 
according to the PSI and cRPKM data. The 
unexpected separation of tumor samples for 
PSI values was due to a bias originated by 
technical source. Nevertheless, it seems to 
exist few overlapping of groups (tumor and 
normal samples) in both plots. 
 

 
Figure 2 Scree plots for the first 10 principal 

components of PSI (top) and cRPKM (bottom) 
values. 

 

 
Figure 3 PCA plots for PSI (top) and cRPKM 

(bottom) values. Each colored dot represents a 
sample. PC1 and PC2 correspond to the first and 
second principal components, respectively. 

 
The PSI/cRPKM distributions of the AS 
events/transcripts with the most significant rank 

product p-values are shown, respectively, in 
Figures 4 and 5. 
 

 
Figure 4 Distributions of PSI values for the 4 events 

with the most significant rank product p-values. The 
number presented on the title of each plot is the rank 
of the event. 

 

 
Figure 5 Distributions of cRPKM values for the 4 

transcripts with the most significant rank product 
p-values. The number presented on the title of each 
plot is the rank of the transcript. The horizontal axis 
of each plot is in logarithmic scale. 
 
The analysis of the PSI/cRPKM distributions 
enables the identification of molecular 
alterations caused by ccRCC. The plot of 
event #3 in Figure 4, for instance, appears to be 
the case of an isoform switch. Furthermore, the 
plot of transcript #1 in Figure 5 suggests an over 
expression of the associated gene in tumors. 
According to the observable differences 
between the types of samples, the rank product 
seems to be a good method to find modified AS 
events and relevant transcripts. 
The PSI distributions of the events with the most 
significant p-values from Levene’s and 
Wilcoxon Signed Rank tests are shown, 
respectively, in Figures 6 and 7. In other words, 
those figures depict the events with the greatest 
differences of PSI variances and medians, 
respectively, between normal and tumor 
samples. All the events of Figure 6 present a 
small variance for tumor samples comparatively 
to the normal ones, suggesting that there are 
specific isoforms in tumors. Curiously, the 
examples of Figure 7 are characterized by PSI 
distributions with very different variances for 
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normal and tumor samples (and not only 
medians). 
 

 
Figure 6 Distributions of PSI values for the 4 events 

with the most significant Levene’s test p-values. The 
number presented on the title of each plot is the rank 
of the event. 

 

 
Figure 7 Distributions of PSI values for the 4 events 

with the most significant Wilcoxon Signed Rank test 
p-values. The number presented on the title of each 
plot is the rank of the event. 
 
Figures 8 and 9 show the cRPKM distributions 
of the transcripts having the most significant 
p-values from the same pair of hypothesis tests. 
In other words, those figures depict the 
transcripts with the greatest differences of 
cRPKM variances and medians, respectively, 
between normal and tumor samples. All the 
transcripts of Figure 8 present bimodal cRPKM 
distributions, suggesting potentially interesting 
subgrouping of patients. 
The heat maps of Figure 10 show the clustering 
of normal and tumor samples considering the 
AS events/transcripts having the most 
significant differences in PSI/cRPKM values. 
There is a clear distinction between the types of 
samples, for both types of data. 
The evaluation of statistical moments of 
different orders, namely the mean and variance, 
seems to be a good approach for finding novel 
biomarkers of ccRCC. Like the rank product 
method, hypothesis testing may be used in 
order to get more insights about AS in cancer. 
All the ranked lists referring to transcripts 
revealed significant results (nominal p-value, 
FDR q-value, and FWER p-value < 0.05) for the 
selected gene set databases in GSEA. 

 
Figure 8 Distributions of cRPKM values for the 4 

transcripts with the most significant Levene’s test 
p-values. The horizontal axis of each plot is in 
logarithmic scale. The number presented on the title 
of each plot is the rank of the transcript. 

 

 
Figure 9 Distributions of cRPKM values for the 4 

transcripts with the most significant Wilcoxon Signed 
Rank test p-values. The horizontal axis of each plot 
is in logarithmic scale. The number presented on the 
title of each plot is the rank of the transcript. 

 

 
Figure 10 Heat maps of PSI (left) and cRPKM (right) 

values for the 100 events and transcripts (rows), 
respectively, with the most significant Wilcoxon 
Signed Rank test p-values. The normal and paired 
tumor samples (columns) are indicated in green and 
red, respectively. 

 
Figure 11 shows the enrichment plot of one of 
the most enriched gene sets that were found. It 
refers to the biological pathway of the TCA cycle 
(series of chemical reactions that takes place in 
the mitochondrion), which is often altered in 
ccRCC [27]. Another result that stood out from 
the GSEA was the enrichment of an oncogenic 
signature and a hallmark associated with the 
oncogene KRAS. This gene encodes a protein 
that, if mutated, is known to be implicated in 
various types of cancer [28]. Various gene sets 



6 

related to gene ontologies regarding metabolic 
processes were also enriched, which is 
consistent with the reported modifications at the 
metabolism level in ccRCC [27]. 
 

 
Figure 11 Enrichment plot of a gene set enriched in 

the list of genes associated with transcripts having a 
greater cRPKM variance for normal samples than for 
tumor ones. The ES is approximately -0.87. There 
are 25 genes of the set contained in the ranked list, 
11 of which contribute most to the ES. 

 
The enrichment plot of one of the two gene sets 
significantly enriched in phenotypes referring to 
events is shown in Figure 12. This set refers to 
a biological pathway associated with antigen 
presentation, which is a vital process of the 
immune system that is compromised in 
cancer [29]. 
 

 
Figure 12 Enrichment plot of a gene set enriched in 

the list of genes associated with events having 
different PSI medians between normal and tumor 
samples. The ES is approximately 0.67. There are 17 
genes of the set contained in the ranked list, 10 of 
which contribute most to the ES. 

 
Overall, the GSEA confirmed that the AS 
events/transcripts having PSI/cRPKM 
distributions with different characteristics for 
normal and tumor samples are associated with 
genes altered in cancer. Therefore, ranking 

genes by a score based on the statistical 
significance of Levene’s test, Wilcoxon Signed 
Rank test, or rank product seems relevant to 
find molecular signatures for ccRCC. 
Representative PSI distributions of the events 
(equally classified for independent and paired 
samples) related to each distribution-based 
classification group are depicted in 
Figures 13-21. Since the density plots are 
generally similar to the expected results, this 
type of classification seems adequate to 
distinguish PSI distributions. The same 
statement can be done for cRPKM distributions, 
whose results are similar to the ones obtained 
for PSI. 
 

 
Figure 13 Distributions of PSI values for a HIN event. 

A schematic form of the expected distributions is also 
presented. 

 

 
Figure 14 Distributions of PSI values for a HIT event. 

A schematic form of the expected distributions is also 
presented. 

 

 
Figure 15 Distributions of PSI values for a LON 

event. A schematic form of the expected distributions 
is also presented. 

 

 
Figure 16 Distributions of PSI values for a LOT 

event. A schematic form of the expected distributions 
is also presented. 
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Figure 17 Distributions of PSI values for a SIN event. 

A schematic form of the expected distributions is also 
presented. 

 

 
Figure 18 Distributions of PSI values for a SIT event. 

A schematic form of the expected distributions is also 
presented. 

 

 
Figure 19 Distributions of PSI values for a SWIN 

event. A schematic form of the expected distributions 
is also presented. 

 

 

Figure 20 Distributions of PSI values for a SWIT 

event. A schematic form of the expected distributions 
is also presented. 

 

 
Figure 21 Distributions of PSI values for a NOC 

event. A schematic form of the expected distributions 
is also presented. 
 
The proportions of the groups for both AS 
events and transcripts are very different from 
each other. NOC is always the most common 

group, so the majority of AS events/transcripts 
does not seem to be altered in ccRCC, as 
expected. From the classification of events, one 
may infer that there is a loss of AS regulation in 
ccRCC, since the PSI distributions have 
generally a higher variance for tumor samples 
than for normal ones. 
Several functional annotation terms of DAVID 
presented significant p-values (Benjamini less 
than 0.05) for the various groups of transcripts 
and events. Because there was only one 
transcript classified as HIT, it was not possible 
to perceive the annotation associated with this 
particular group. From the 2,068 genes 
associated with the SWIT transcripts, for 
example, 252 (12.1%) are involved in the 
mitochondrion term. This result suggests that 
those genes are less expressed in ccRCC, 
which is consistent with the metabolic 
alterations previously reported for this disease 
that are related with cellular respiration [27]. 
Another example that may be emphasized 
refers to the 3,789 genes associated with the 
NOC events, 226 of which (6.0%) are involved 
in the ribonucleoprotein complex term. 
The correlation between all samples, based on 
AS events and transcripts, may be perceived by 
looking at the heat maps of Figure 22. The 
clustering of samples is quite different when 
considering PSI or cRPKM values, as it was 
seen with the PCA results. 
 

 
Figure 22 Heat maps of Spearman correlations 

between samples, based on PSIs (left) and cRPKMs 
(right). The independent tumor, paired tumor, and 
normal samples are identified in blue, red, and green, 
respectively. 

 
Although there are events and transcripts that 
seem to be correlated with each other, there are 
also cases that suggest an independence 
between AS and GE. The identification of these 
situations is important for unveiling the 
molecular level at which the normal and tumor 
samples become distinct. 
The survival analysis revealed 3 potential novel 
prognostic factors among the 1,000 AS events 
evaluated. Figures 23-25 show the 
Kaplan-Meier plots for those events and their 
associated transcripts. Even though the curves 
referring to the event of Figure 23 are 
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significantly different, the separation of patients 
resulted in groups with very dissimilar 
dimensions (only 2 patients presenting a high 
PSI). The survival curves of this AS event are 
significantly different for other PSI boundaries, 
one of them leading to the identification of 15 
patients with high PSI. 
 

 
Figure 23 Kaplan-Meier plots of the AS event (top), 

and associated transcript (bottom), with the most 
significant difference between survival curves. The 
gene in question is ECM2, which codes for an 
extracellular matrix protein that promotes matrix 
assembly and cell adhesiveness [30]. 

 

 
Figure 24 Kaplan-Meier plots of the AS event (top), 

and associated transcript (bottom), with the second 
most significant difference between survival curves. 
The gene in question is CARKD, which codes for a 
protein that catalyzes enzymatic reactions [31]. 

 

 
Figure 25 Kaplan-Meier plots of the AS event (top), 

and associated transcript (bottom), with the third 
most significant difference between survival curves. 
The gene in question is ANKRD36B, which codes for 
a protein related to protein binding [32]. 

 
The AS events whose plots are depicted in 
Figures 24 and 25 are characterized by 
important differences between survival curves 
that are not observable for their associated 
transcripts. The patients were almost or even 
completely undistinguishable by the cRPKM 
value of their tumor samples for the transcripts 
in question. This result is explained by the fact 
that the majority of the patients, or all of them, 
presented the same cRPKM value. The results 
obtained from the performed survival analysis 
evidence that AS may yield good prognostic 
factors independently from GE. Hence, their 
identification is clinically relevant and can be 
done using the proposed approach. 
 
4. Conclusion 

The present work confirmed that RNA-Seq data 
are an important source of information about AS 
alterations in cancer. The performed 
biostatistics analyses of transcriptomic data 
revealed themselves as effective in finding 
novel molecular signatures in ccRCC and 
yielding both potential novel biomarkers and 
prognostic factors. 
Besides augmenting the current knowledge 
about molecular biology and cancer, AS 
analysis can be applied at different levels of 
clinical practice in oncology. The diagnosis of 
ccRCC may be improved by considering AS 
quantification, for events known to distinguish 
between normal and tumor samples. The 
patients’ prognosis can also be assessed in a 
more accurate way by analyzing the AS events 
strongly associated with survival. Furthermore, 
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a higher effectiveness of genetic therapies may 
be reached with the identification of therapeutic 
targets through AS analysis. 
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