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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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Resumo 

 

A análise de dados de next-generation sequencing em oncologia tem estado principalmente focada no 

genoma. O atual desconhecimento sobre modificações ao nível do ARN em cancro, particularmente 

alterações oncogénicas em splicing alternativo (SA), pode ser ultrapassado analisando dados de RNA 

sequencing (RNA-Seq). O mecanismo de SA é essencial na regulação da expressão génica, permitindo 

que um único gene dê origem a proteínas diferentes. A desregulação deste processo é patológica e há 

evidência de que a regulação de splicing participa em programas celulares alterados em oncogénese. 

Este projeto pretendeu definir potenciais assinaturas moleculares de valor prognóstico e terapêutico 

para o tipo mais comum de carcinoma das células renais (CCR). Assim, foram analisados dados de 

RNA-Seq de amostras normais e de tumor de tecido renal recolhidas pelo The Cancer Genome Atlas. 

A análise bioestatística realizada sugere que a quantificação de SA pode ser uma boa medida para 

distinguir os tipos de amostras. Além disso, há eventos de SA que parecem estar associados com a 

sobrevivência de pacientes oncológicos. Adicionalmente, uma perda de regulação de SA no CCR pode 

ser inferida a partir de uma classificação de eventos com base nas distribuições de dados de 

quantificação de SA. 

Este trabalho mostra que a análise da quantificação de SA pode ter um grande impacto na prática 

clínica, melhorando os cuidados de saúde em oncologia e promovendo medicina de precisão. Para 

além de aumentar a eficácia de diagnóstico e prognóstico, pode contribuir para uma melhoria das 

terapias genéticas atuais ou até conduzir a tratamentos inovadores. 
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1. Introduction 
 

This chapter describes the context of the problem that was tackled with the present work. The motivation 

for the development of this thesis, as well as its scientific contributions, are also discussed here. 

 

 

1.1. Context 
 

The nucleus of each cell in the human body contains thousands of genes, which are segments of a 

deoxyribonucleic acid (DNA) molecule. A gene has its effects evidenced due to the synthesis of 

functional products through a process called gene expression (GE). The first step of GE is transcription, 

in which the DNA gives origin to different molecules of ribonucleic acid (RNA), including precursor 

messenger RNAs. This type of transcripts is modified by splicing, a process by which noncoding RNA 

portions called introns are removed. The remaining portions, named exons, are then joined, leading to 

the formation of a messenger RNA (mRNA). Alternative splicing (AS) produces distinct mRNA 

sequences through the exclusion of specific exons, or parts of them, or even the retention of introns. In 

the cytoplasm, each mRNA is then translated into a specific protein, which consequently influences the 

functioning of an organism. Given that GE plays a crucial role in the maintenance of homeostasis, it has 

been increasingly and comprehensively studied. 

With the advent of nucleic acid sequencing, it became feasible to determine the order of nucleotides 

(bases) that compose a DNA or an RNA molecule. Next-generation sequencing (NGS) platforms have 

been used to sequence millions of fragments simultaneously, allowing, for instance, a detailed 

characterization of the human genome and transcriptome. The genome includes all the genetic material 

of an individual, whereas the transcriptome is the full range of mRNA molecules expressed by an 

organism. The analysis of this latter type of data, which is obtained from high-throughput RNA 

sequencing (RNA-Seq), allows investigating diseases at a molecular level beyond GE. Using RNA-Seq 

data, it is possible, for example, to quantitatively reveal unknown transcripts and AS isoforms. Therefore, 

transcriptomic data can contribute to better understand the mechanisms of disease through the 

detection of molecular alterations occurring in pathological conditions. 

Cancer is a group of genetic diseases that may affect almost any part of the body and is characterized 

by abnormal cell proliferation. The excess of tissue that is formed is called tumor or neoplasm, and it 

can grow beyond its boundaries. If it undergoes metastasis, i.e. the cancerous cells spread to other 

parts of the body, the tumor is said to be malignant. The formation of metastases is the major cause of 

death from cancer, which killed 8.2 million people worldwide in 2012 [1]. 

Given that cancer presents a genetic nature, previous studies using NGS 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 [2,3]. 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 [4]. 
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This thesis aims to contribute to the understanding of altered splicing patterns in cancer, as well as to 

define novel molecular signatures with prognostic value. The present work focuses on clear cell renal 

cell carcinoma (ccRCC), which can also be designated as kidney renal clear cell carcinoma (KIRC). 

 

 

1.2. Motivation 
 

Gaining better insight into the molecular biology of diseases while taking into account individual 

variability is a recent paradigm in medicine. Since the environment, lifestyle, and genetic background 

are different among people, personalized prevention and treatment of diseases are seen as a source of 

improved health outcomes. Precision medicine is an approach that has been applied already to cancer, 

leading to significant advances and showing promising results. Consequently, on January 2015, the 

United States of America launched a new Precision Medicine Initiative. The near-term goals of this 

action are focused precisely on cancer, mainly due to its serious consequences and increasing 

incidence [5,6]. In 2012, there were 14 million new cases of cancer worldwide; this number is expected 

to rise by about 70% over the next 2 decades [1]. 

The analysis of large amounts of data representing an entire set of genes, transcripts, or proteins, for 

instance, is generally known as omics. The omics have revolutionized biomedical research in general 

and oncology in particular by giving origin to computational biology and bioinformatics. Nowadays, there 

are many online databases containing diverse biological information, as well as various software tools 

that were created to analyze omics data. The scientific community has also been sharing material, 

including huge amounts of data that are freely available, allowing researchers to have a common work 

basis. The Cancer Genome Atlas (TCGA), for example, is a research program that has been collecting 

and analyzing hundreds of samples for various types of cancer [7]. TCGA connects clinical and 

molecular data, promoting a comprehensive comparison between tumor and normal tissues, as well as 

between tumor samples themselves. Hence, together with informatics’ resources, these data provide a 

great opportunity to deepen the study of cancer in order to fight it more effectively. 

The analysis of oncologic omics data allows the finding of potential prognostic factors, which may help 

physicians to adjust the treatment to each patient. Moreover, from such data, it is possible to identify 

potential molecular biomarkers that can be useful to determine if a biopsy is, or not, malignant. The 

improvement of the current genetic therapies, or even the development of innovative ones, may also be 

achieved through the unveiling of therapeutic targets. As a result, that type of study is expected to have 

a great impact in clinical practice, substantially improving health care in oncology and driving precision 

medicine. 
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1.3. Contributions 
 

The present work proposes methods for the analysis of high-dimensional data based on more than one 

statistical moment. In particular, it suggests a classification of AS events and transcripts expression 

according to the distribution of the data from tumor and normal samples. This project also reveals AS 

events that seem to be associated with survival in oncologic patients, including cases for which the 

correspondent GE is inconclusive. Besides that, this work shows that the AS quantification of specific 

events is significantly different between normal and tumor samples. 

This thesis resulted in a poster accepted for the Fundação AstraZeneca Innovate Competition, 

incorporated in the iMed Conference® 7.0 Lisbon 2015: 

Bárbara Caravela, Alexandra Carvalho, Susana Vinga, Nuno Morais (2015). Comprehensive 

alternative splicing classification of cancers: finding molecular signatures in renal carcinomas. iMed 

Conference® 7.0 Lisbon 2015 – Fundação AstraZeneca Innovate Competition. 17th-20th September. 

Lisbon, Portugal. 

The poster was also presented at the XIII Meeting of Biomedical Engineering FMUL / IST, which was 

held at the University of Lisbon Medical School on 7th October 2015. 
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2. Background and Methods 
 

 

 

2.1. Molecular biology 
 

Due to technological evolution, biological phenomena have been increasingly comprehensively studied 

at the molecular level. In molecular biology, there is a special interest in getting more insights into the 

structure, function, and manipulation of nucleic acids and proteins. This section refers to some methods 

that are commonly used for that purpose, as well as to the molecular characterization of the disease 

under consideration. Furthermore, this section clarifies not only the role of alternative splicing as a 

molecular process, but also its importance in oncology. To conclude the section, the Gene Ontology 

project and its importance in scientific research are mentioned. 

 

 

2.1.1. Ribonucleic acid sequencing 
 

Ribonucleic acid sequencing (RNA-Seq) is a particular case of next-generation sequencing (NGS) that 

provides information on the transcriptome without requiring previous knowledge of the genetic 

sequence [8]. Although the detailed protocol varies among NGS platforms, the RNA-Seq technology 

involves a common pipeline of procedures, which is depicted in Figure 1. In the case of messenger RNA 

(mRNA), the sequences are initially fragmented and then reversely transcribed into complementary 

deoxyribonucleic acid (cDNA). The resultant double sequence fragments are slightly enlarged by ligating 

sequence adaptors onto their both ends. After clonally amplifying the constructed library, a range of 

sizes is selected to proceed with the sequencing of cDNA ends. In Illumina sequencing, for instance, 

the library is loaded into a flow cell, where the fragments bind to its surface containing nucleotide 

sequences (up to 20 bases). Each fragment is amplified into a clonal cluster, to which fluorescently 

labeled nucleotides are added and the first base is incorporated, as schematized in Figure 2. 

Subsequently, the flow cell is imaged and the emission wavelength and intensity from each cluster is 

recorded so as to identify the base. This cycle is repeated ‘n’ times to create reads with a length of ‘n’ 

bases [9]. The acquisition of information about the nucleotide sequences is followed by several 

pre-processing steps, including the removal of sequence adaptors and low quality reads. The obtained 

data can then be mapped to a reference genome and transcript expression levels may be assessed 

afterwards through bioinformatics analysis [8]. 

One of the applications of RNA-Seq data analysis is the estimation of gene and AS isoform expression 

specific to a certain condition. In order to be adequately analyzed, RNA-Seq data need to be previously 

normalized due to the presence of variability introduced by the technical procedure. Within a sample, 

the gene size contributes to that variability, since longer genes present more aligned reads for the same 

expression level. Moreover, the sequencing depth (number of produced reads per sample) can vary, so 

the normalization should also take this aspect into account. 
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Figure 1 RNA-Seq general protocol for mRNA [10]. The acronyms EST and ORF stand for ‘expressed sequence 

tag’ and ‘open reading frame’, respectively. The former is a short subsequence of cDNA, whereas the latter is part 

of a reading frame (sequence of nucleotide triplets) that contains no stop codons (specific triplets). 

 

 

 

Figure 2 Partial Illumina NGS chemistry (adapted from [9]). The left and right panels refer to the clusters 

amplification and sequencing process, respectively. 
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The number of reads that align with each gene can be normalized by changing the counting according 

to Equation 1: 

 

𝑐𝑅𝑃𝐾𝑀 = 𝑛 ×
1,000

𝐿
×

1,000,000

𝑡
                                                         (1) 

 

where n is the number of aligned reads, L is the transcript effective length [11] (i.e. its number of uniquely 

mappable positions for sequences of the same size as the read length), and t is the total number of 

mapped reads. The parameters 1,000 and 1,000,000 are used, respectively, to get a value per thousand 

bases and per million reads. The normalized number of reads is therefore given by the cRPKM value, 

which stands for ‘corrected Reads Per Kilobase per Million mapped reads’. 

Using RNA-Seq normalized data, the differences, for instance, between oncologic patients and control 

individuals, or even among the same group of patients, can be evaluated. Hence, that differential 

analysis is likely to be a good basis to look for molecular signatures in cancer, including potential 

prognostic factors and therapeutic targets. 

 

 

2.1.2. Clear cell renal cell carcinoma 
 

A healthy human body contains two kidneys, one on each side of the spinal column, in the lumbar region. 

Those bean-shaped organs, each about the size of a fist, filter the blood by excreting specific metabolic 

products in the form of urine. In addition, the kidneys control the concentration of hormones that 

influence the blood pressure or the production of erythrocytes by the bone marrow [12]. 

The most common types of kidney cancer form in the tissues where the urine is produced, i.e. the renal 

cortex [12], identified in Figure 3. In adults, renal cell carcinoma (RCC) is the most frequent type, being 

also designated as renal cell cancer or renal cell adenocarcinoma. RCC presents several subtypes that 

are mainly distinguishable by histologic features, which help to decide the most suitable treatment for 

each patient. When the renal cells look pale or clear, which is the most common situation, the disease 

is called clear cell renal cell carcinoma (ccRCC) [13]. 

The analysis of omics data have already revealed various significantly mutated genes and altered 

signaling pathways in ccRCC. At the molecular level, a tumor of this type is characterized by genetic 

alterations associated to cellular oxygen sensing and maintenance of chromatin states [15]. The 

occurrence of mutations, for example, at the von Hippel-Lindau (VHL) tumor suppressor gene disables 

the degradation of a hypoxia-inducible-factor (HIF). The accumulation of this transcription factor results 

in the production of other factors associated with angiogenesis, cell proliferation, and glucose transport, 

which enhance tumor formation [16]. There is evidence that mutations at the polybromo 1 (PBRM1) 

gene are also related to ccRCC [15]. This gene encodes a protein that participates in several cellular 

processes, such as mitosis, cell proliferation, chromatin remodeling, and transcription [17]. Moreover, 

there are genetic changes associated with phosphatidylinositol 3 kinases (PI3K) that take part in various 

signaling pathways [18], including one involving AKT (protein kinases). Figure 4 shows the PI3K/AKT 

pathway, which seems to be repeatedly mutated in ccRCC [15], as well as its effects on the organism. 
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Figure 3 Main anatomical features of a healthy right kidney [14]. An external/internal view of the organ is depicted 

on the left/right side of the image. The left kidney presents a very similar structure to the right one, since the kidneys 

are almost symmetric to each other. 

 

 

Figure 4 PI3K/AKT signaling pathway [18]. In this biological network, various enzymes, ligands and membrane 

proteins, regulators of gene expression, and other molecules (identified with their names) interact with each other. 

The initiation and progression of ccRCC may be caused by mutations occurring at this level. 
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When the disease reaches an aggressive stage, there are signs of common metabolic alterations, 

including downregulation of genes involved in the tricarboxylic acid (TCA) cycle. Besides this series of 

enzymatic reactions in the mitochondria, there are other protein levels and pathways that are modified 

as well. The adenosine monophosphate-activated protein kinase (AMPK) complex, for instance, is also 

downregulated, whereas there is an upregulation of genes associated with the pentose phosphate 

pathway and fatty acid synthesis. These molecular patterns, which are consistent with the Warburg 

effect (depicted in Figure 5), are correlated with a poor prognosis on patients with ccRCC [15]. 

 

 

Figure 5 Cellular respiration processes [19]. Contrarily to differentiated cells (left panel), cancer cells (right panel) 

are indifferent to the surrounding amount of oxygen, converting glucose mainly to lactate, which is known as 

Warburg effect. 

 

Since ccRCC recurrently shows a cellular metabolism that relates to patient survival, it is important to 

understand in detail the causing mechanisms of such phenotype. That knowledge is likely to enable the 

development of a more effective treatment for this disease. On the other hand, the identification of 

discriminative biomarkers may lead to the improvement of ccRCC diagnosis and prognosis. 

 

 

2.1.3. Alternative splicing 
 

Alternative splicing (AS) plays an essential role in gene expression (GE) regulation by enabling the 

formation of various transcripts and, therefore, different proteins from a single gene. There are 8 exons 

and 7 introns in an average human gene, from which 2 or more alternatively spliced mRNA isoforms 

can be produced. Most of the human genes, if not all, undergo AS [20]. There are several types of AS, 

according to whether specific exons, or parts of them, are excluded, or even introns are retained [21]. 

Figure 6 illustrates a case in which a gene is translated into distinct proteins due to AS. The complete 

list of AS types, as well as their acronyms and schemes, are presented in Table 1. 
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Figure 6 The role of AS in GE regulation [22]. In general, after the transcription of a gene into RNA, AS gives origin 

to various mRNA sequences by combining the exons in different ways. Each of the resultant transcripts is then 

translated into a protein with a certain biological function. 

 

Table 1 AS types and associated acronyms. The blue and orange rectangles correspond to constitutive and 

alternative exons, respectively. The black lines represent introns, while the green and red ones indicate the different 

isoforms that result from each AS type. In the case of intron retention, one of the isoforms contains an intron (purple 

rectangle). 

AS type Acronym Scheme 

Alternative 3’ splice site A3SS 
 

Alternative 5’ splice site A5SS 
 

Alternative first exon AFE 
 

Alternative last exon ALE 
 

Mutually exclusive exons MXE 
 

Retained intron (or intron retention) RI 
 

Skipped exon (or exon skipping/inclusion) SE 
 

 

An mRNA isoform may also have a longer or shorter 3’ untranslated region (UTR) [23], part of the last 

exon. This type of variation among transcripts, which is called tandem 3’ untranslated region 

(TandemUTR), may be originated by alternative polyadenylation (APA) events. 
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Splicing is carried out and regulated by a range of ribonucleoproteins that compose the spliceosome. 

This macromolecular complex removes introns from the precursor mRNA by assembling itself at the 

splice junctions, i.e. the borders between introns and exons. The recognition and selection of these sites 

can be influenced by intronic and exonic splicing enhancers or silencers, which are lateral precursor 

mRNA regulatory sequences [24,25]. Furthermore, there are protein splicing factors that interact with 

the spliceosome, either strengthening or inhibiting its binding to the splice sites and thereby regulating 

AS [4]. 

The occurrence of mutations in AS regulatory sequences or in genes that encode splicing factors may 

cause disease, including cancer [20,26]. The deregulation of AS may drive oncogenesis through the 

production of specific isoforms that lead to the alteration of cellular properties [25,27]. In addition, some 

key regulators of the hallmarks of cancer are alternatively spliced [25,28], as shown in Figure 7. Thus, 

a deep understanding of AS mechanisms is seen as a promising tool for finding oncogenic biomarkers. 

Splicing modulating therapies have already been developed based on the current knowledge about how 

AS is altered in disease contexts [29-33]. Regarding cancer, there are, for example, antitumor 

therapeutics that promote splicing inhibition through the use of small molecules targeting splicing 

pathways. Other treatment strategies involve antisense oligonucleotides, which are capable of inducing 

a switch from an isoform to another [30-32]. Hence, finding out therapeutic targets related to AS can 

lead to the improvement of that kind of therapies or to the development of innovative ones. 

 

 

Figure 7 AS impact on the hallmarks of cancer [25]. One of the main pathways regulating splicing in cancer involves 

the serine/arginine-rich protein-specific kinase 1 (SRPK1) and serine/arginine-rich splicing factor 1 (SRSF1). An 

activated signaling, for instance, of the epidermal growth factor receptor (EGFR) drives SRPK1 and, consequently, 

SRSF1 phosphorylation, impacting on four hallmarks. 
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Since RNA-Seq data provides an estimation of each isoform expression, it allows the quantification and 

analysis of multiple AS events simultaneously. The proportion of transcripts that include an alternative 

exon can be determined by using the ratio presented in Equation 2: 

 

𝑃𝑆𝐼 =
(𝐶1𝐴+𝐴𝐶2)/2

𝐶1𝐶2+(𝐶1𝐴+𝐴𝐶2)/2
                                                              (2) 

 

where C1A, AC2, and C1C2 represent the number of reads that align with each splice junction, as depicted 

in Figure 8. PSI stands for ‘percentage spliced in’ [23] and assumes values between 0 (alternative 

isoform) and 1 (constitutive isoform), working as a measure of any AS or APA event. 

 

 

Figure 8 Exons, splice junctions, and AS isoforms of a SE event. In this scheme, C1 and C2 are the constitutive 

exons, whereas A is the alternative one. The inclusion/exclusion of exon A gives origin to the constitutive/alternative 

isoform (in green/red). The number of reads that align with each splice junction is given by C1A, AC2, and C1C2. 

 

With the use of the PSI ratio for AS quantification, it became easier to look for altered AS patterns in 

cancer. The extraction of information from that type of high-throughput data started quite recently, by 

applying various statistical and computational methods or even developing new ones [2,3,34-36]. The 

studies that have already analyzed oncologic RNA-Seq data (some from ccRCC) by using the PSI 

measure revealed a relation between the malignancy and AS alterations [2,3,34]. Previous local work 

done with TCGA data went further in suggesting that is the case for ccRCC [36]. Therefore, the analysis 

of PSI values is increasingly considered to be a powerful strategy to unveil molecular signatures among 

AS events in ccRCC. 

 

 

2.1.4. Gene Ontology 
 

The Gene Ontology (GO) project is a collaborative bioinformatics initiative that originated a structured 

annotation of genes and their products for multiple organisms. This type of language consistently 

describes molecular functions, biological processes, and cellular components, providing yet sequences 

features [37-39]. The GO Consortium continues to improve and expand its freely available resources as 

part of the Open Biomedical Ontologies Foundry [40]. 

The main advantage of GO is the integration of information from many different biology-oriented 

databases, which facilitates research in general and scientific communication in particular. Having those 

bioinformatics standards allows, for instance, the functional annotation of the gene where each AS event 
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takes place. For transcript annotation, the tools described in section 2.3.1 may be used to know if and 

how the precursor mRNA from an annotated gene is alternatively spliced. Indeed, AS modifications in 

cancer can be eventually linked to genes sharing similar characteristics or belonging to a same pathway. 

 

 

 

2.2. Machine learning and Biostatistics 
 

RNA-Seq data quantification yields very large matrices, where there are thousands of features but only 

a few hundreds of samples. In order to analyze this type of data, statistics and dimension reduction 

methodologies are frequently employed. While a statistical analysis allows the inference of data 

characteristics, dimension reduction approaches reduce the number of variables under consideration 

by keeping only the significant ones. The application of those methodologies may help to reveal 

biologically and clinically meaningful disease-specific molecular signatures from RNA-Seq data. This 

section describes several commonly used methods for high-throughput data analysis, including 

biostatistics and machine learning techniques. 

 

 

2.2.1. Descriptive statistics and exploratory data analysis 
 

In order to interpret a big data set, it is necessary to have an idea of its typical values and how they vary. 

This type of information is often obtained by determining measures of central tendency and dispersion. 

The mean, median, range, and standard deviation are just some of the most frequently used statistics 

to summarize the data [41]. When the values can be separated by categories, frequency tables are also 

useful, since they indicate the proportion of each of these classes. 

A descriptive statistics analysis is very practical when the data set contains a maximum of a few tens of 

features. This number is much superior in the case of high-throughput data, which therefore must be 

explored using another type of approach. The graphical visualization of those data permits to maximize 

their insight, as well as to uncover underlying structures. Testing various plot formats, either for the data 

or their statistics, allows those values to be seen from different perspectives. In addition, the recognition 

of patterns within the data may be achieved, for example, by simply using multiple plots per page. These 

graphical techniques, together with quantitative ones, can help to extract important variables, detect 

outliers and anomalies, and test several assumptions [42]. As a result, it is expected that high-throughput 

data start to become informative with the employment of an exploratory data analysis. 

 

 

2.2.2. Hypothesis testing 
 

Knowing how quantitative data are distributed allows the inference of useful information about what they 

quantify. The parameters of a data distribution can be evaluated by various statistical hypothesis tests, 

in which a null hypothesis is tested against an alternative one. The degree of agreement between the 
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data and the null hypothesis is measured by the test statistic, which is used to calculate the p-value. 

The p-value is the probability of finding the observed, or more extreme, results when the null hypothesis 

is true [43]. The null hypothesis is rejected when the p-value is less than a certain significance level that 

is an indicator of statistical significance [44]. 

A test is one-sample or two-sample according to whether the goal is to determine the difference between 

a distribution parameter and a given value or between distributions/populations [45]. In addition, 

depending on the hypothesis being tested, it is necessary to choose if the test must be two-tailed or 

one-tailed. In the former case, contrarily to the latter one, the direction of the relationship being 

hypothesized is not discriminated [46]. Besides that, a test may be parametric or nonparametric, 

respectively, if it assumes, or not, that the data are from a normal distribution [43]. The choice of a 

statistical test must also take into account if the samples are dependent or independent from each 

other [47]. Table 2 presents some examples of hypothesis tests that can be used to compare two 

numerical data sets in the context of the present work. 

 

Table 2 Some statistical hypothesis tests. For each example, a brief description of the test is presented. The 

considered null and alternative hypotheses to analyze two groups of data from distinct origins are also indicated as 

H0 and H1, respectively. 

Designation Description Hypotheses 

Kolmogorov-Smirnov test Fitness test for any type of samples. 
H0: equal distributions 

H1: different distributions 

Levene’s test 
Semiparametric test for any type of 

samples. 

H0: equal variances 

H1: different variances 

Fligner-Killeen test 
Nonparametric test for any type of 

samples. 

H0: equal variances 

H1: different variances 

Student’s t-test 
Parametric test for independent or 

dependent samples. 

H0: equal means 

H1: different means 

Wilcoxon Rank Sum test 
Nonparametric test for independent 

samples. 

H0: equal medians 

H1: different medians 

Wilcoxon Signed Ranked test 
Nonparametric test for dependent 

samples. 

H0: equal medians 

H1: different medians 

 

The Kolmogorov-Smirnov test is useful to find out if a given data set is normally distributed [48]. The 

main difference between Levene’s and Fligner-Killeen tests is the level of robustness against departures 

from normality, which is greater in the latter case [49]. The Student’s t-test is only valid if both groups of 

data present a normal distribution and their variances are the same (homoscedasticity) [50]. An indirect 

analysis of medians for independent and dependent samples can be done using the Wilcoxon Rank 

Sum and Wilcoxon Signed Ranked tests, respectively [51,52]. These tests may become misleading, for 

example, if the data sets’ distributions and variances are very different from each other [52]. 
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Running any statistical hypothesis test on high-throughput data typically results in multiple p-values (one 

per each feature). Since each p-value is only statistically valid when a single test is performed, it is 

necessary to adjust them with a multiple testing correction procedure. Otherwise, the probability (P) of 

observing at least one significant result just due to chance considering, for instance, 20 tests and a 

significance level of 0.05 would be 1 – P(no significant results) = 1 – (1 – 0.05)20 ≈ 0.64. The Bonferroni 

adjustment, for instance, considers a p-value as significant if it is less than the chosen significance level 

divided by the number of separate tests. Another example is the false discovery rate (FDR) estimation 

using the Benjamini-Hochberg procedure, which ascendingly sorts the p-values and divides them by 

their percentile rank. Because this latter correction is not as strict as the former one, it always results in 

an equal or a greater number of significant p-values [53]. 

 

 

2.2.3. Survival analysis 
 

Survival analysis allows inferences about time-to-event distributions, providing evidence of which factors 

are associated with a certain event. After monitoring, for instance, the rate of death of a group of 

oncologic patients over time, an estimation of the survival rates can be performed. The survival time of 

a patient is defined as the follow-up time from a specified starting point to the occurrence of her/his 

death. If the patient survives beyond that observation time, or if that information is unknown, the 

respective survival time is censored. The survival function, given by S(t), corresponds to the probability 

of surviving at least to time t [54], as shown in Equation 3: 

 

𝑆(𝑡) = 𝑃(𝑇 > 𝑡)                                                                 (3) 

 

where T is a non-negative random variable representing the time until death. 

The Kaplan-Meier method may be used to estimate survival curves from the observed survival times 

without assuming an underlying probability distribution. This method considers that the probability of 

surviving k or more periods is given by Equation 4: 

 

𝑆(𝑘) = 𝑝1 × 𝑝2 × … × 𝑝𝑘                                                          (4) 

 

where p1, p2, …, pk are the observed survival rates for each period, meaning that S(k) is the cumulative 

probability of survival [54]. Figure 9 shows an example of a survival curve obtained through the 

application of the Kaplan-Meier method. 
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Figure 9 Example of a Kaplan-Meier plot [54]. Each vertical drop of the survival curve indicates that one or more 

events were observed at that time. 

 

When there is an interest in comparing survival curves of different groups, it is common to use the 

log-rank test. If there is no difference between the curves (null hypothesis), the probability of an event 

occurring at any time point is identical for each group. In the case of two groups under evaluation, the 

test statistic (s) is calculated as indicated in Equation 5: 

 

𝑠 =
(𝑂1 – 𝐸1)2

𝐸1
+

(𝑂2 – 𝐸2)2

𝐸2
                                                       (5) 

 

where O1 and O2 represent, respectively, the total number of observed events in group 1 and 2; E1 and 

E2 correspond to the total number of expected events in each group, which may be determined from the 

data [54,55]. 

The test p-value is obtained after comparing the test statistic with a chi-square distribution with one 

degree of freedom. The analysis using the log-rank test is valid if it is possible to assume that the risk 

of death is constant over time. 

 

 

2.2.4. Principal component analysis 
 

High-throughput data are generally represented as matrices composed of many inter-correlated 

quantitative dependent features (columns) that describe various observations (rows). In order to extract 

relevant information from those data, a principal component analysis (PCA) may be performed. This 

multivariate technique transforms the data into a set of new orthogonal variables called principal 

components. In this way, PCA enables to look for similarity patterns among variables and observations 

by displaying them as points in a map. Furthermore, this method allows the reduction of data dimensions 
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and, consequently, the simplification of their description through the unveiling of their most informative 

components [56]. 

PCA is based on the decomposition of a covariance or a correlation matrix into eigenvectors and 

eigenvalues. Generally, its mathematical procedure starts with the centering of the data, in which the 

mean of each new variable becomes zero. The elements of the resultant data matrix can subsequently 

be modified in order to perform a covariance PCA or a correlation PCA. These designations are due to 

the use of the data covariance or correlation matrix, respectively. The second method is normally used 

when the variables have different units, since correlation is dimensionless. The posterior computation 

of linear combinations of the variables gives origin to the principal components (eigenvectors), which 

are constrained to be orthogonal to each other. The principal components, whose values are projections 

of the observations onto themselves, are ordered by descending eigenvalue (variance of the values of 

a principal component) [56]. Figure 10 illustrates the geometric interpretation of PCA, clarifying how the 

technique is applied in a two-feature case. 

 

 

Figure 10 Geometric interpretation of PCA [57]. The observations of the original data are given by xi, whereas zi,1 

and zi,2 are the values of the correspondent first and second principal components. The axes representing these 

components (in green) are a rotation of the original axes, which depict different features of the data. 

 

Knowing the variance of each principal component (PC) allows determining which components explain 

a great percentage of the variation in the data. This information can be obtained by displaying a scree 

plot, which shows a decrease in the variance explained by each component as the number of 

components increases [56,58]. The principal components that stand before the elbow of this graph, 

where its slope changes dramatically, may be enough to describe and interpret the data [56]. 

 

 

2.2.5. Rank product 
 

The rank product method was firstly introduced for the detection of differentially regulated genes in 

replicated microarray experiments [59]. Nevertheless, this statistical technique has been used in other 

fields of study and there are already approximations and extensions for its application [60,61]. 
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The input of the rank product can be any matrix with quantitative data from a set of n elements (rows) 

under k conditions (columns). If Xij is the value in the ith row and jth column, the rank product statistic for 

the ith element (RPi) is given by Equation 6: 

 

𝑅𝑃𝑖 = ∏ rank(𝑋𝑖𝑗)𝑘
𝑗=1                                                              (6) 

 

where rank(Xij) is smaller for elements that are more interesting from a biological point of view, so the 

most relevant elements have the lowest RP values [60]. This statistic may be reformulated by applying 

a monotone transformation, as presented in Equation 7: 

 

log(𝑅𝑃𝑖) = ∑ log[rank(𝑋𝑖𝑗)]𝑘
𝑗=1                                                     (7) 

 

where log represents the natural logarithm (base e), meaning that log(RPi) and RPi, as well as their 

significance levels, are equivalent [60]. Using this alternative formulation, the approximate p-value for 

the ith element (pvi) can be determined as indicated in Equation 8: 

 

𝑝𝑣𝑖  ~ Gamma(𝑘, −log(𝑅𝑃𝑖) + 𝑘 × log(𝑛 + 1))                                        (8) 

 

where Gamma is the gamma distribution, which corresponds to a two-parameter (shape and scale, 

respectively) continuous probability distribution [60]. 

 

 

2.2.6. Correlation analysis 
 

Two quantitative variables may present a tendency to change together, either in the same or opposite 

way. If the values of those data are graphically displayed on a scatter plot, it is possible to visualize how 

the variables relate to each other. The strength of that relationship can be quantified by correlation 

coefficients, which are used to test whether the variables in a population are correlated. In a test of 

correlation, the null hypothesis is that the population correlation coefficient is equal to zero, meaning 

that there is no correlation [62]. 

The Pearson and Spearman correlation coefficients, for instance, are used to evaluate linear and 

nonlinear relationships between variables, respectively. The robustness to outliers is greater in the 

second case, which is nonparametric and still presents a reasonable statistical efficiency [63]. An 

underlying assumption of the Spearman correlation, which involves the ranking of the data, is that the 

variables present a monotonic relationship [64,65]. 
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2.3. Databases and software tools 
 

The production of large amounts of data by the biomedical research has been leading to the appearance 

of an increasingly number of biological databases. In addition, many software tools have been 

developed and used so as to analyze those data and unveil relevant information. This section presents 

both examples of Internet-accessible databases related to omics data and available software tools that 

may help to interpret them. 

 

 

2.3.1. Databases 
 

With the advent of NGS, the scientific community started to store, organize, and share data in a massive 

way. Nowadays, there are various kinds of databases that are constantly being updated and constitute 

a common work basis for investigators all over the globe. 

The Cancer Genome Atlas (TCGA) Data Portal [66], for instance, contains data from oncologic patients, 

including clinical information and several types of sequencing data. Since these latter data characterize 

the samples at different molecular levels, they can be analyzed together and related. TCGA’s database 

refers to a wide range of cancer types, comprising data from tens to thousands of cases for each of 

those. It is also possible to access cancer genome sequences, alignments, and mutation information 

from TCGA through the new associated repository Cancer Genomics Hub (CGHub) [67]. 

The unique symbols and names of genes are approved and provided by the Human Genome 

Organisation (HUGO) Gene Nomenclature Committee (HGNC) [68]. Searching for a certain symbol or 

gene family in HGNC site leads to a summarized report showing external links to many other databases. 

One of those links directs to the Ensembl database, whose system produces and maintains automatic 

annotation of genes and transcripts on selected genomes. Besides looking for genomic and 

transcriptomic information, Ensembl allows extracting data through the BioMart tool, permitting the 

selection of filters and attributes [69]. 

Another important source of information is the Simple Modular Architecture Research Tool (SMART), 

which is focused on genetically mobile domains and their architecture [70]. Like HGNC and Ensembl, 

SMART is connected to other databases that may have complementary data. 

 

 

2.3.2. Statistical and Bioinformatics software 
 

Software tools like IBM SPSS Statistics and R are widely used to analyze data. The IBM SPSS Statistics 

software [71] allows its user to perform a great diversity of statistical data analyses, such as descriptive 

statistics, survival, and hypothesis testing. This tool is especially useful to describe a data set containing 

different types of features. As a language and environment for statistical computing and graphics, R 

offers many statistical and graphical techniques and enables the implementation of new ones [72]. 

Relying on this free software is the Bioconductor project, which provides R tools for the analysis of 
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high-throughput data [73]. A very well-known integrated development environment for R is RStudio [74], 

which empowers an efficient use of R. 

The need for complex biological data, in particular omics data, to be interpreted has been promoting the 

development of specialized computational tools for that purpose. 

The previously described PSI values can be calculated from RNA-Seq data using the 

Mixture-of-Isoforms (MISO) software [75]. The computation of those estimates of isoform expression is 

based on the reads in a sorted, indexed binary Sequence Alignment/Map (BAM) [76] file containing 

sequence alignment data. To run MISO, the description of the isoforms to be processed must be given 

in an indexed General Feature Format (GFF) [77] directory. 

The Gene Set Enrichment Analysis (GSEA) application [78,79] allows determining whether a given set 

of genes is associated with a certain phenotype. This software runs a computational method that uses 

a gene set database and molecular profile data, enabling the analysis of genes from distinct phenotypes 

simultaneously. By giving a sorted list of genes by biological relevance, GSEA shows if those in the 

extremes are related to specific molecular signatures. These may be, for example, hallmark gene sets, 

which represent well-defined biological states or processes, or oncogenic signatures, which refer to 

cancer gene perturbations. There are also GO gene sets, consisting of genes annotated by the same 

terms, as well as curated gene sets, which include, for instance, known biological pathways [80]. 

The analysis of a gene list may also be performed using the Database for Annotation, Visualization and 

Integrated Discovery (DAVID) [81]. DAVID’s Functional Annotation Tool is based on the Fisher’s exact 

test, which determines if two categorical variables are non-randomly associated [82,83]. After selecting 

public genomic resources of interest, that tool enables to rank categories of genes, to group similar 

genes, and to identify related biological processes/terms. 
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3. Results and Discussion 
 

This chapter describes not only the types of data that were examined in the present work, but also how 

they were collected, prepared, and analyzed. All the resources that were used during the development 

of this thesis, including online tools, software, and hardware, are also mentioned here and are available 

at http://imm.medicina.ulisboa.pt/group/compbio/Resources/Barbara/. In addition, the findings that 

resulted from the data analysis are presented and discussed in this chapter. The discussion includes 

the meaning of the results and their comparison with the state-of-the-art, as well as their possible 

applications. 

 

 

 

3.1. Data collection and preparation 
 

RNA-Seq and clinical data of patients with ccRCC were downloaded from the TCGA Data Portal [66]. 

The cRPKM measure was chosen to quantify the GE of normal and tumor samples. Using the MISO 

software, PSI values were attributed to the AS/APA events for the same samples. Ensembl and BioMart 

were used to get the annotation of genes (with associated events) and transcripts, respectively. The set 

of used and/or analyzed files, as well as their description, are presented in Table 3. The values in the 

cRPKMs.txt file were calculated using values in other files, as presented in Equation 9: 

 

𝑐𝑅𝑃𝐾𝑀𝑠𝑖,𝑗 = 𝐴𝑙𝑙𝑇𝑐𝑜𝑢𝑛𝑡𝑠𝑖,𝑗 ×
1,000 

 𝑇𝑟𝑎𝑛𝑠𝑐𝑟𝑖𝑝𝑡𝑜𝑚𝑒𝐶.50.𝑢𝑛𝑖𝑞𝑢𝑒𝑐𝑜𝑢𝑛𝑡𝑖
×

1,000,000

∑ 𝐴𝑙𝑙𝑇𝑐𝑜𝑢𝑛𝑡𝑠𝑖,𝑗𝑖
                         (9) 

 

where i and j represent, respectively, the number of the row (transcript) and column (sample) of the files’ 

matrices after excluding the data without correspondence between files. 

The files containing clinical data, PSI values, and cRPKM values were first examined in Microsoft Excel. 

A unique patient’s identification code (patientID) was obtained from the samples’ TCGA barcodes in the 

PSI_X.txt files, by removing the suffixes ‘-01_tumor’ or ‘-11_normal’. Using the VLOOKUP and 

INDIRECT functions [84,85], a Microsoft Excel Worksheet was built and used to search the clinical data 

associated with the patientID. The data not matching that code were not considered for posterior 

analysis, since there were not corresponding RNA-Seq data. As a result of this filtering and 

pre-processing step, data from 428 samples (366 tumor and 62 matched normal) from 366 patients were 

further considered. Moreover, using the same TCGA barcodes, Comma Separated Values (CSV) files 

were built with samples’ barcodes for the various groups of samples (tumor, independent tumor, paired 

tumor, and normal). 
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Table 3 Data files considered for analysis. The ‘X’ represents the various types of AS/APA (A3SS, A5SS, AFE, 

ALE, MXE, RI, SE, and TandemUTR). 

File(s) Description 

nationwidechildrens.org_clinical_patient_kirc.txt 
Table with data for 58 clinical features 

(columns) from 507 patients (rows). 

nationwidechildrens.org_clinical_follow_up_v1.0_kirc.txt 

Table with data for 25 clinical features 

(columns) from 574 patients (rows). Updated 

version of the previous file. 

PSI_X.txt 
Tables with PSI values for a variable number 

of events (rows) from 428 samples (columns). 

AllTcounts.txt 

Table with numbers of aligned RNA-Seq reads 

for 52,815 transcripts (rows) from the same 

428 samples (columns). The missing values 

are zeros. 

TranscriptomeC.50.uniquecount.txt 

List with number of uniquely 50-mer (read 

length) mappable positions for 52,297 

transcripts (rows). 

cRPKMs.txt 

Table with cRPKM values for 51,193 

transcripts (rows) from the same 428 samples 

(columns). Calculated using the two previous 

files (see Equation 9). 

X.annotation.txt 

Tables with 6 Ensembl annotation features 

(columns) for a variable number of events 

(rows). 

X.hg19.gff3 

Tables with 9 genomic annotation features 

(columns) for a variable number of 

events/isoforms/exons (rows). Input for MISO. 

BioMart.txt 
Table with 12 BioMart annotation features 

(columns) for 215,881 transcripts (rows). 

SplicingFactors.txt 

Table with 6 annotation features (columns) for 

342 genes (rows) known to be involved in 

splicing processing and regulation. 

List458.txt 

Table with 6 annotation features (columns) for 

457 genes (rows) that code for proteins with 

RNA binding motifs. 
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3.2. Clinical data 
 

 

3.2.1. Descriptive statistics analysis 
 

A preliminary analysis of the clinical data from 366 patients (follow-up period of approximately 3,000 

days) was performed using the IBM SPSS Statistics software (version 21). Initially, a CSV file containing 

data from the first two files indicated in Table 3 was imported. 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, including ‘[Not Available]’, ‘[Unknown]’, ‘#N/A’ and ‘[Not 

Evaluated]’; 

 Repeated or less recent data; 

 Irrelevant data for the present study. 

In addition, it was necessary to recode specific values of the data so as to define their measurement 

level (nominal, ordinal, or scale), while converting them to type numeric. A new variable was also 

computed using an original feature in order to change its units. The clinical features considered for a 

new descriptive statistics analysis of frequencies are described in Table 4. 

A summary of the patients’ baseline characteristics, clinical features’ distribution, tumor pathologic 

classification, and patients’ qualitative blood analysis results is presented from Table 5 to Table 8. The 

age of the 366 patients, most of whom are Caucasian, varies between 27 and 89 years old. Among 

those patients, it seems that there is not one kidney significantly more affected than the other. Although 

almost half of the considered population has a stage I tumor, the majority of the patients presents an 

intermediate or high neoplasm histologic grade. Regarding the qualitative analysis results, a large 

portion of patients shows low levels of serum calcium or hemoglobin, as well as abnormal levels of 

platelets or white cells. 
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Table 4 Clinical features considered for further analysis [86,87]. The TNM Staging System is described in 

Appendix A. 

Clinical feature Description 

Neoplasm histologic grade Similarity between tumor and normal cells of the same tissue type. 

Laterality Affected kidney. 

Gender Patient’s identity as female or male. 

Race Patient’s identity as Caucasian, Afro-American, or Asian. 

Ethnicity Patient’s ethnic background. 

Prior dx History of other malignancy. 

History of neoadjuvant 

treatment 

Indication of chemotherapy or radiation given before cancer 

surgery or other phase of treatment. 

Year of initial pathologic 

diagnosis 
Year in which the disease was diagnosed. 

Pathologic T 
Category of the TNM Staging System associated with the size of 

the main tumor. 

Pathologic N 
Category of the TNM Staging System associated with the extent 

of spread of the tumor to nearby lymph nodes. 

Pathologic M 
Category of the TNM Staging System associated with the extent 

of spread of the tumor to other parts of the body. 

Pathologic stage Pathologic TNM classification grouping. 

Serum calcium result Qualitative level of calcium in the patient’s blood. 

Hemoglobin result Qualitative level of hemoglobin in the patient’s blood. 

Platelet qualitative result Qualitative level of platelets in the patient’s blood. 

White cell count result Qualitative level of white cells in the patient’s blood. 

Age at initial pathologic 

diagnosis 
Age at which the disease was diagnosed. 

Vital status Indication of patient’s survival or death during the follow-up period. 

Days to death Time point at which the patient died (during the follow-up period). 

Person neoplasm cancer 

status 
State or condition of the patient’s neoplasm. 

Age Patient’s age in years (variable computed from ‘Days to birth’). 
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Table 5 Baseline characteristics of the patients. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Patients with Tumor 

Sample 

Patients with Matched 

Normal Sample 

Number 366 62 

Mean ± SD age (years) at initial pathological 

diagnosis 
60±12 62±11 

Year of initial pathological diagnosis 1998-2010 2002-2010 

Interquartile range (years) 3 4 

Left kidney affected (%) 47.3 50.0 

Female (%) 35.2 29.0 

Caucasian (%) 93.4 93.5 

Hispanic or Latino (%) 5.5 3.2 

History of   

Other malignancy (%) 13.7 9.7 

Neoadjuvant treatment (%) 2.5 1.6 
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Table 6 Distribution of some clinical features. The meaning of each neoplasm histologic grade is described in 

Appendix A. 

 Patients with Tumor 

Sample 

Patients with Matched 

Normal Sample 

 Number (%) 

Age (years) N = 365 N = 62 

<36 6 (1.6) --- 

36-50 71 (19.5) 8 (12.9) 

51-65 155 (42.5) 29 (46.8) 

66-80 118 (32.3) 21 (33.9) 

>80 15 (4.1) 4 (6.5) 

Race N = 361 N = 60 

Asian 5 (1.4) --- 

Black or African American 14 (3.9) 2 (3.3) 

White 342 (94.7) 58 (96.7) 

Ethnicity N = 259 N = 50 

Hispanic or Latino 20 (7.7) 2 (4.0) 

Not Hispanic or Latino 239 (92.3) 48 (96.0) 

Neoplasm histologic grade N = 365 N = 62 

GX 4 (1.1) --- 

G1 6 (1.6) --- 

G2 148 (40.5) 25 (40.3) 

G3 149 (40.8) 25 (40.3) 

G4 58 (15.9) 12 (19.4) 
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Table 7 Pathologic classification of the tumor. The meaning of each category and stage is described in Appendix A. 

 Patients with Tumor 

Sample 

Patients with Matched 

Normal Sample 

 Number (%) 

T category N = 366 N = 62 

TX / T0 / T2a --- --- 

T1 14 (3.8) 3 (4.8) 

T1a 92 (25.1) 9 (14.5) 

T1b 76 (20.8) 10 (16.1) 

T2 38 (10.4) 11 (17.7) 

T2b 3 (0.8) 1 (1.6) 

T3 4 (1.1) --- 

T3a 91 (24.9) 15 (24.2) 

T3b 40 (10.9) 11 (17.7) 

T3c 1 (0.3) --- 

T4 7 (1.9) 2 (3.2) 

N category N = 366 N = 62 

NX 179 (48.9) 27 (43.5) 

N0 173 (47.3) 33 (53.2) 

N1 14 (3.8) 2 (3.2) 

M category N = 366 N = 62 

M0 303 (82.8) 44 (71.0) 

M1 63 (17.2) 18 (29.0) 

Stage N = 366 N = 62 

I 177 (48.4) 20 (32.3) 

II 31 (8.5) 9 (14.5) 

III 94 (25.7) 14 (22.6) 

IV 64 (17.5) 19 (30.6) 
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Table 8 Qualitative analysis results of the patients. 

 Patients with Tumor 

Sample 

Patients with Matched 

Normal Sample 

 Number (%) 

Serum calcium N = 253 N = 38 

Low 147 (58.1) 24 (63.2) 

Normal 97 (38.3) 14 (36.8) 

Elevated 9 (3.6) --- 

Hemoglobin N = 312 N = 49 

Low 183 (58.7) 34 (69.4) 

Normal 125 (40.1) 15 (30.6) 

Elevated 4 (1.3) --- 

Platelets N = 308 N = 48 

Low 34 (11.0) 5 (10.4) 

Normal 250 (81.2) 43 (89.6) 

Elevated 24 (7.8) --- 

White cells N = 306 N = 48 

Low 6 (2.0) 1 (2.1) 

Normal 189 (61.8) 32 (66.7) 

Elevated 111 (36.3) 15 (31.3) 

 

 

3.2.2. Survival analysis 
 

The selected clinical data were also subjected to a survival analysis using both IBM SPSS Statistics and 

R (version 3.1.3). In R, for which RStudio (version 0.98.1103) was used as interface, the package 

‘survival’ was required. 

Using IBM SPSS Statistics, several clinical features were found to be associated with the survival 

probability (log-rank test p-value < 0.05): neoplasm histologic grade; ethnicity (Hispanic or not Hispanic); 

tumor pathologic classification (T, N, M, and stage); patient’s qualitative analysis results (serum calcium, 

hemoglobin, platelets, and white cells); person neoplasm cancer status; and patient’s age (considering 

the groups shown in Table 6). Contrarily, there was no statistically significant difference in survival 

between groups of patients separated according to tumor laterality, gender, race (Caucasian, 

Afro-American, or Asian), history of other malignancy, or neoadjuvant treatment. 
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Figure 11 shows Kaplan-Meier plots, obtained in R, depicting the general survival function, as well as 

an example of a stratified one. About 20% of the patients died during the first third of the follow-up 

period. At the end of the study, the number of survivors was slightly superior to 60% of the initial number 

of patients. Even though tumors of stages I and II lead to similar survival functions, in general, the higher 

the tumor stage, the higher the risk of death. The p-values obtained from log-rank tests comparing the 

survival curves of different pathologic stages are presented in Table 9. 

 

 

Figure 11 Kaplan-Meier plots: general survival function (top) and survival function by pathologic stage (bottom). 

 

Table 9 Overall and pairwise comparisons between survival curves of different pathological stages. 

Stages Log-rank test p-value 

All 0 

I vs. II 8.2 × 10-1 

I vs. III 2.4 × 10-8 

I vs. IV 0 

II vs. III 7.5 × 10-3 

II vs. IV 3.8 × 10-9 

III vs. IV 3.8 × 10-7 
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3.3. RNA-Seq data 
 

 

3.3.1. Hardware and software 
 

Since the files containing PSI and cRPKM values have very large dimensions (tens to hundreds of 

megabytes), their analysis required a significant computational effort. Therefore, those RNA-Seq data 

were analyzed using a server physically located at IDMEC, which uses Ubuntu Server 14.10 as 

operating system. The CPU is an Intel® Xeon® Processor e5-2650 [88], with 8 cores, 16 threads, a 

processor base frequency of 2GHz and a max turbo frequency of 2.8GHz. The server has 64GB of RAM 

and a disk of 1TB using RAID1 [89]. 

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. Besides 

these, the GSEA v2.2.0 application and the Functional Annotation Tool of DAVID 6.7 were used for 

specific analyses regarding biological processes and gene function. Several biological databases 

accessible from the Ensembl and HGNC sites were used to collect information about the genes 

associated with the events and transcripts. 

 

 

3.3.2. Exploratory data analysis 
 

After being uploaded to R, the PSI_X.txt and cRPKMs.txt files were transposed in order to have samples 

in rows and events/transcripts in columns. The PSI matrices were merged into tables with PSI values of 

all 107,336 AS/APA events for normal, independent tumor (without matched normal), and paired tumor 

(with matched normal) samples. The same grouping of samples was applied to the cRPKM matrix, 

containing data for all 51,193 transcripts. Additionally, other tables were built by joining the normal 

samples with each kind of tumor ones for both PSI and cRPKM values. 

Density plots (or estimated probability density functions) were depicted so as to visualize the distribution 

of the values in four distinct data sets: 

 PSI across tumor and normal samples for each event; 

 PSI across events for each patient having a tumor and a matched normal samples; 

 cRPKM across tumor and normal samples for each transcript; 

 cRPKM across transcripts for each patient having a tumor and a matched normal samples. 

The evaluation of both dimensions of the data (events/transcripts and patients) helped to decide which 

approaches for their analysis could be followed. From the density plots, only the data sets of PSI/cRPKM 

across tumor and normal samples for each event/transcript were considered to be relevant for a more 

detailed analysis, due to the noticeable differences between normal and tumor samples. The type and 

characteristics of the distributions across samples are very different, in particular several classes were 

found depending on the differences between the first and second order moments (means and 
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variances). This motivates a classification based on the enumeration of all the possibilities, which is 

described in section 3.3.6. 

The tables of PSI values with just one type of samples 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 tables. Subsequently, the events still presenting missing values were also removed, as well as those 

having a null variance for tumor and normal samples; the PSI data sets kept 43,178 events. The bar 

plots of Figure 12 show the proportion of each type of events before and after data filtering. The observed 

heterogeneity in terms of frequency of the various AS/APA types is consistent with the known patterns 

for human and higher eukaryotes [21]. 

 

 

Figure 12 Absolute frequencies of all types of events before (top) and after (bottom) data filtering. SE is the most 

common type, accounting initially for more than one third of the events, and afterwards for almost half of them. 
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Since there were no missing values in the cRPKM data, it was possible to perform a preliminary PCA to 

verify their quality. Correlation PCA ended up being the chosen approach for those data due to the 

highly variable range of cRPKM values among transcripts. Figure 13 presents the resultant variance 

scree plot, while Figure 14 depicts PCA plots referring to different pairs of the first 3 principal 

components. 

 

 

Figure 13 Preliminary scree plot for the first 10 principal components of cRPKM values. 

 

 

Figure 14 Preliminary PCA plots for cRPKM values. Each colored number represents a sample. PC1, PC2, and 

PC3 correspond to the first, second, and third principal components, respectively. The sample 253 is a presumable 

outlier due to its separation from the remaining samples. 
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The histogram of cRPKM values of a presumable outlier sample was compared to histograms of other 

randomly chosen samples, as shown in Figure 15. Because there were noticeable differences between 

the outlier and the remaining samples, the sample in question was excluded from both the PSI and the 

cRPKM data sets. 

 

 

Figure 15 Distribution of cRPKM values for different samples. The samples from A to H were randomly chosen 

among the tumor ones. The horizontal axis of each plot is in logarithmic scale. 

 

The number of transcripts was modified to 51,122 after the exclusion of those with a null variance for 

tumor and normal samples. Moreover, the tables containing cRPKM values were reduced by keeping 

only the samples that were considered suitable for the PSI analysis. Table 10 shows the number of 

samples before and after filtering the data. 

 

Table 10 Number of samples before and after data filtering. 

Set of samples Before filtering After filtering 

Tumor 366 357 

Independent tumor 304 302 

Paired tumor 62 55 

Normal 62 55 

Tumor and normal (TN) 428 412 

Independent tumor and normal (IN) 366 357 

Paired tumor and normal (PN) 124 110 

Independent tumor and paired tumor (IP) 366 357 
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Covariance and correlation PCA were performed over the filtered TN data sets of PSI and cRPKM 

values, respectively, since PSI varies within a fixed range (contrarily to cRPKM). Both AS/APA events 

and transcripts were sorted by descending absolute weights of each of the first 6 principal components 

to look for the most informative cases. 

The filtered IN, PN, and IP sets of PSI values were also subjected to PCA to scrutinize the differences 

between the plots of principal components. The same kind of analysis was done for the TN data set (of 

PSI and cRPKM values) with discriminated independent and paired tumor samples. 

The results from the PCA that was performed over the filtered PSI and cRPKM values can be seen from 

Figure 16 to Figure 20. In Figure 16, the elbow of the scree plot ‘Events’ seems to be at the third PC. 

This means that most of the variance of the PSI data is explained by the first 3 principal components. 

On the other hand, the scree plot ‘Transcripts’ does not present an evident elbow, in part because of 

the performed scaling of the values (the variables were divided by their standard deviations to have unit 

variance). However, it suggests that the variance of the cRPKM data is mostly explained by the first 6 

principal components. 

 

 

 

Figure 16 Scree plots for the first 10 principal components of PSI values (top) and cRPKM (bottom) values. 
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Figure 17 and Figure 18 show, respectively, the distributions of the absolute weights of the first 6 

principal components for PSI and cRPKM values. This allows seeing which events/transcripts are 

substantially contributing to the main components, which enables the reduction of the data’s 

dimensionality. As expected, the tails of the plots of both figures are generally thin, confirming that a 

minority of the events/transcripts explains the majority of PSI/cRPKM data’s variance. 

 

 

Figure 17 Distributions of the absolute weights of the first 6 principal components for PSI values. The principal 

components are indicated as ‘PCX’, where ‘X’ is a number from 1 to 6. 

 

 

Figure 18 Distributions of the absolute weights of the first 6 principal components for cRPKM values. The principal 

components are indicated as ‘PCX’, where ‘X’ is a number from 1 to 6. 
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Figure 19 shows the grouping of normal and tumor (independent and paired) samples according to the 

PSI and cRPKM values. Although little overlapping between groups is observed in both plots, there is 

an unexpected separation of tumor samples for PSI values. That separation between independent tumor 

samples and the remaining ones suggests that the PSI values, unlike cRPKM ones, might have been 

biased. 

 

 

Figure 19 PCA plots for PSI (top) and cRPKM (bottom) values (TN samples, discriminating the tumor ones). Each 

colored dot represents a sample. PC1, PC2, and PC3 correspond to the first, second, and third principal 

components, respectively. 

 

The separation between independent tumor samples and the remaining ones is still evident when 

considering different subsets of samples, as shown in Figure 20. Nevertheless, normal and tumor 

samples from a same patient present generally distinct PSI patterns, as one can infer from the plot at 

the bottom of the figure. 
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Figure 20 PCA plots for PSI values (different subsets of samples). Each colored dot represents a sample. PC1, 

PC2, and PC3 correspond to the first, second, and third principal components, respectively. Only the pair of principal 

components that best separates the types of samples for the each subset is depicted. 

 

In order to confirm whether there was a bias in the MISO-derived PSI data, PSI values calculated from 

TCGA pre-processed data (read counts for splice junctions) for the same samples were also subjected 

to PCA. The resultant plots, shown in Figure 21, reveal that the independent samples are no longer 

separated from the paired ones. 

 

 

Figure 21 PCA plots for TCGA pre-processed data (PSI values). Each colored dot represents a sample. PC1, PC2, 

and PC3 correspond to the first, second, and third principal components, respectively. 
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Since the TCGA pre-processed data refer only to AS events for which the computation of PSI relies on 

alignments against splice junctions (A3SS, A5SS, MXE, and SE), the MISO-derived PSI data were 

reanalyzed for each AS type separately. Concerning the grouping of samples, the previously indicated 

AS events are different from the remaining ones (AFE, ALE, RI, and TandemUTR), whose computation 

of PSI relies on the body of the exons (introns in RI). As depicted in Figure 22, the separation between 

independent and paired samples is less evident for the former events than for the latter ones. 

 

 

Figure 22 PCA plots for (MISO-derived) PSI values of each AS type. Each colored dot represents a sample. PC1 

and PC2 correspond to the first and second principal components, respectively. 
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These results suggest that the observed separation between independent and paired samples is likely 

associated with a technical issue. The existence of confounding factors among the clinical data, which 

were not found with the performed analyses, can also be an explanation for the PSI data’s behavior. On 

the other hand, one may infer that the difference between individuals is more evident in certain AS types 

than in other ones. 

The methods indicated in the current and following sections allow analyzing a more reduced set of 

features, driven by reasonable proposals of filtering. These steps are essential to generate hypotheses 

about the data, whose dimensions disable the analysis of all their individual elements. 

 

 

3.3.3. Rank product 
 

The rank product was applied only to the first 6 principal components of the PSI and cRPKM values, 

since most of the data’s variance was explained by them. This method allowed the sorting of events and 

transcripts according to their contribution to separate normal and tumor samples. 

The PSI/cRPKM distributions of the events/transcripts with the most significant rank product p-values 

are shown, respectively, in Figure 23 and Figure 24. The genes associated with the events/transcripts, 

whose symbols are indicated in both figures, are briefly described in Table 11. 

The rank product seems to be a good method to find events that are altered in ccRCC. The PSI 

distributions for normal and tumor samples that are depicted in Figure 23 are clearly distinct from each 

other. Among the presented examples, the most striking difference between the types of samples is 

seen for RABL6. Since its distributions present small variances and medians close to the minimum or 

maximum PSI value, that clearly appears to be the case of an isoform switch. A similar situation is 

evident for RPS12, for which normal samples apparently present a greater variance in isoform 

composition. The other plots show a great difference between tumor and normal samples in terms of 

PSI variance and median (as LON and HIN distributions, described in section 3.3.6). The fact that the 

normal samples have a lower associated variance than the tumor ones suggests that there is a 

deregulation of those AS events in ccRCC. 

The rank product approach also works well when looking for relevant transcripts, as it detects differences 

between normal and tumor samples. However, the differentially expressed transcripts for RNA5SP171 

and RP11-267C16.2, shown in Figure 24, have very low expression, which means they may not be 

biologically relevant, or real, effects. 

At least two of the genes associated with the presented examples are related to cell proliferation, whose 

deregulation is one of the main characteristics of cancer. There appears to be an isoform switch in 

RABL6 (AS event #5), previously associated with breast cancer [90], and the over expression of STIL 

(transcript #2), implicated in regulation of the mitotic spindle checkpoint [91], in tumor samples. 

This type of analysis of the PSI/cRPKM distributions can be done for any event/transcript, enabling the 

generation of hypotheses about the molecular alterations caused by ccRCC and allowing the 

identification of potential biomarkers for the disease. 
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Figure 23 Distributions of PSI values for the 8 events with the most significant rank product p-values. The number 

presented on the title of each plot is the rank of the event. The symbol of the gene associated with each event is 

indicated in italic. 

 

HLA-F SNHG18 

RPS12 GFM2 

RABL6 LUZP1 

DOC2A TUBB2B 
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Figure 24 Distributions of cRPKM values for the 8 transcripts with the most significant rank product 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. The symbol of the gene associated with each transcript is indicated in italic. 

 

 

 

BUB1 STIL 

ZWILCH RNA5SP171 

GORASP1 KIF18A 

ATAD2 RP11-267C16.2 
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Table 11 Brief description of the genes associated with the most significant events and transcripts from rank 

product. 

Gene symbol Description 

HLA-F 
Codes for a major histocompatibility complex. Associated with presentation of antigens 

to the immune system. 

SNHG18 
Small nucleolar RNA host gene (it has transcripts that are long intergenic noncoding RNA 

locus). 

RPS12 Codes for a ribosomal protein. Associated with RNA binding. 

GFM2 Codes for a G elongation factor. Associated with protein biosynthesis. 

RABL6 Codes for a rab-like protein. Associated with cell proliferation.  

LUZP1 Codes for a leucine zipper protein. Associated with artery development. 

DOC2A Codes for double C2-like domains. Associated with neurotransmitter release. 

TUBB2B Codes for a tubulin. Associated with microtubules. 

BUB1 Codes for a serine/threonine-protein kinase. Associated with mitosis and apoptosis. 

STIL Codes for interrupting locus protein. Associated with cell growth and proliferation. 

ZWILCH Codes for zwilch kinetochore protein. Associated with mitosis. 

RNA5SP171 Pseudogene. Associated with ribosomal RNA. 

GORASP1 Codes for Golgi reassembly staking protein. Associated with Golgi apparatus and mitosis. 

KIF18A Codes for a kinesin-like protein. Associated with microtubules. 

ATAD2 Codes for ATPases associated with diverse cellular activities. 

RP11-267C16.2 
Processed pseudogene (not functional and usually not transcribed segment of DNA that 

lacks introns). 

 

 

3.3.4. Hypothesis testing 
 

Kolmogorov-Smirnov tests, Levene’s tests, Fligner-Killeen tests, Student’s t-tests, Wilcoxon Rank Sum 

tests, and Wilcoxon Signed Rank tests were performed over the PSI and cRPKM data. The 

Kolmogorov-Smirnov tests analyzed the data’s distribution of AS/APA events and transcripts for each 

type of samples, whereas the remaining ones compared between types. Those statistical tests, which 

were all conducted as two-sample and two-tailed, evaluated various hypotheses regarding different 

groups of data, as indicated in Table 12. The use of different tests for different groups was due to the 

restrictions of application that are imposed by each test. 

The Kolmogorov-Smirnov and Levene’s tests were used to verify the validity of the assumptions about 

normality and equality of variances underlying Student’s t-tests. The performance of Fligner-Killeen tests 
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allowed comparing their p-values with the ones from the analogous Levene’s tests (no relevant 

differences were found). Another comparison was done between tests evaluating independent or paired 

samples, which seemed to give origin to similar results in terms of statistical significance. 

 

Table 12 Statistical tests and evaluated null hypotheses for PSI and cRPKM values. The data sets that were 

subjected to each test are also mentioned within parenthesis. 

Statistical test Null hypothesis 

Kolmogorov-Smirnov test 

The PSI/cRPKM values of an event/transcript present a normal distribution 

for a certain type of samples (tumor, independent tumor, paired tumor, or 

normal). 

Levene’s test 
The PSI/cRPKM values of an event/transcript present the same variance 

between two groups of samples (TN, IN, PN, or IP). 

Fligner-Killeen test 
The PSI/cRPKM values of an event/transcript present the same variance 

between two groups of samples (TN). 

Student’s t-test 
The PSI/cRPKM values of an event/transcript present the same median 

between two groups of independent or paired samples (IN, PN, or IP). 

Wilcoxon Rank Sum test 
The PSI/cRPKM values of an event/transcript present the same median 

between two groups of independent samples (IN or IP). 

Wilcoxon Signed Rank test 
The PSI/cRPKM values of an event/transcript present the same median 

between two groups of paired samples (PN). 

 

 

The resultant p-values from the multiple testing (of all events/transcripts) were adjusted using the 

Bonferroni and FDR corrections. 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 various hypothesis tests that 

were performed over PSI and cRPKM data revealed different results after applying the Bonferroni and 

FDR corrections, as shown in Table 13. 

By plotting histograms of the corrected p-values for each test, the FDR approach revealed more 

continuous and acceptable (skewed toward zero) distributions than the Bonferroni one. Figure 25 shows 

examples of those histograms for two distinct hypothesis tests, whose plots are similar to the ones of 

the remaining tests. Bonferroni correction seemed to be too restrictive, meaning that it may lead to the 

inconsideration of possibly significant data. In order to avoid excluding relevant data too early, it was 

preferable, at this stage, to have false positives than false negatives. Therefore, only the adjusted 

p-values obtained from FDR correction were used to continue the analysis of the data. 

A large part of the events and transcripts did not present a normal PSI/cRPKM distribution. Adding the 

fact that a reasonable portion of them did not have the same variance between different groups of 

samples, many Student’s t-tests were invalid. Therefore, the percentages of Table 13 referring to the 

comparison of PSI/cRPKM means between distinct types of samples may not be reliable. 
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Table 13 Percentages of events/transcripts with a certain characteristic based on the hypothesis tests. The results 

from both Bonferroni and FDR corrections are presented, as well as the samples considered in each case. 

 Events (%) Transcripts (%) 

 Bonferroni FDR Bonferroni FDR 

Normal distribution     

Tumor samples 39.3 13.1 34.5 11.3 

Independent tumor samples 43.8 17.2 37.6 14.0 

Paired tumor samples 95.8 57.5 84.7 54.0 

Normal samples 95.7 66.5 86.4 64.1 

Equal variances     

TN samples 89.6 61.0 91.7 58.9 

IN samples 89.0 59.6 91.0 57.3 

PN samples 97.3 79.0 85.3 60.0 

IP samples 92.8 78.3 99.8 94.2 

Equal means     

IN samples 55.9 28.1 64.8 31.2 

PN samples 92.0 61.6 76.6 52.8 

IP samples 71.7 48.4 92.5 67.4 

Equal medians     

IN samples 55.5 28.7 69.9 42.8 

PN samples 92.0 59.0 74.2 50.2 

IP samples 67.6 43.8 98.2 83.1 

 

 

Figure 25 Histograms of corrected p-values. These plots refer to Levene’s tests and Wilcoxon Signed Rank tests 

performed over PSI values after applying Bonferroni (pvalue_b) or FDR (pvalue_f) correction. The results regarding 

cRPKM values are similar to these ones. 
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The PSI distributions for the events with the most significant p-values from Levene’s and Wilcoxon 

Signed Rank tests are shown, respectively, in Figure 26 and Figure 27. The genes associated with those 

events, whose symbols are indicated in both figures, are briefly described in Table 14. 

Figure 26 depicts the events with the greatest differences of PSI variances between normal and tumor 

samples. All the examples present a small variance for tumor samples comparatively to the normal ones, 

suggesting a tighter regulation of AS of those genes in tumors. 

The events for which the most significant differences of PSI medians between paired tumor and normal 

samples were found are depicted in Figure 27. Curiously, all the presented examples are also 

characterized by PSI distributions with very different variances for normal and tumor samples. 

 

 

Figure 26 Distributions of PSI values for the 4 events with the most significant p-values from Levene’s tests. The 

number presented on the title of each plot is the rank of the respective event. The symbol of the gene associated 

with each event is indicated in italic. 

 

CIRH1A TNS2 

BTK ATP5SL 
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Figure 27 Distributions of PSI values for the 4 events with the most significant p-values from Wilcoxon Signed Rank 

tests. The number presented on the title of each plot is the rank of the event. The symbol of the gene associated 

with each event is indicated in italic. 

 

The plots of Figure 28 and Figure 29 show the cRPKM distributions of the transcripts having the most 

significant p-values from the same pair of hypothesis tests. Some information about the genes 

associated with those transcripts, whose symbols are indicated in both figures, is contained in Table 14. 

The cases presented in Figure 28 refer to the largest differences in terms of variance between cRPKM 

distributions for normal and tumor samples. A common characteristic among these distributions is their 

bimodality, suggesting potentially interesting subgrouping of patients. The plots of Figure 29 depict 

cRPKM distributions of the transcripts for which the medians for normal and tumor samples are the most 

significantly different. 

The presented examples of events and transcripts are often related to genes associated with cellular 

metabolism. The association of the event #4 in Figure 26 with ATP5SL, for instance, suggests that there 

is an alteration at the mitochondria level. This gene belongs to the adenosine triphosphate (ATP) 

synthase subunit s family, whose gene ATP5S is involved in regulation of mitochondrial membrane ATP 

synthase [92,93]. Moreover, the elevated expression of NDUFA4L2 in tumors (Figure 29) may be related 

to alterations in cellular respiration (often associated with ccRCC), since that gene codes for a 

ubiquinone subunit [94]. 

 

DDX39B TUBB2B 

BCKDHA TLDC2 
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Figure 28 Distributions of cRPKM values for the 4 transcripts with the most significant p-values from Levene’s tests. 

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. The symbol of the gene associated with each transcript is indicated in italic. 

 

 

Figure 29 Distributions of cRPKM values for the 4 transcripts with the most significant p-values from Wilcoxon 

Signed Rank tests. 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. The symbol of the gene associated with each transcript is indicated in italic. 

 

RP11-752D24.2 KLK7 

FGF1 NPHS2 

UMOD VIM 

NDUFA4L2 ATP1A1 
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Table 14 Brief description of the genes associated with the most significant events and transcripts from Levene’s 

tests and Wilcoxon Signed Rank tests. 

Gene symbol Description 

CIRH1A Codes for cirhin. Associated with transcription. 

TNS2 Codes for a tensin. Associated with cell motility and proliferation. 

BTK Codes for a tyrosine-protein kinase. Associated with immunity and transcription. 

ATP5SL Codes for ATP synthase subunit s-like protein. Associated with mitochondria. 

DDX39B 
Codes for a DEAD box polypeptide. Associated with metabolic processes involving 

nucleic acids. 

TUBB2B Codes for a tubulin. Associated with microtubules. 

BCKDHA Codes for a polypeptide. Associated with metabolism. 

TLDC2 Codes for a TLD domain-containing protein. Unknown biological role. 

RP11-752D24.2 
Antisense (it has transcripts that overlap the exons or introns of a protein-coding locus on 

the opposite strand). 

KLK7 Codes for kallikrein-related peptidase. Associated with various physiological functions. 

FGF1 
Codes for a fibroblast growth factor. Associated with angiogenesis and cell survival, 

division, differentiation, and migration. 

NPHS2 Codes for podocin. Associated with glomerular permeability. 

UMOD Codes for uromodulin. Associated with renal epithelium. 

VIM Codes for vimentin. Associated with non-epithelial cells, especially mesenchymal cells. 

NDUFA4L2 Codes for a ubiquinone subunit. Associated with cellular respiration. 

ATP1A1 
Codes for a sodium/potassium-transporting ATPase subunit. Associated with various 

biological processes. 

 

 

The heat maps of Figure 30 show the clustering of normal and tumor samples considering the 

events/transcripts having the most significant differences in PSI/cRPKM values. As expected, there is a 

clear distinction between the types of samples, both for PSI and cRPKM values. 
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Figure 30 Heat maps of PSI (left) and cRPKM (right) values for the 100 events or transcripts (rows) with the most 

significant p-values from Wilcoxon Signed Rank tests. The normal and paired tumor samples (columns) are 

indicated in green and red, respectively. 

 

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 and cancer. 

 

 

3.3.5. GSEA 
 

The AS/APA events and transcripts were sorted by ascending p-values either from Levene’s tests (all 

samples), Wilcoxon Signed Rank tests (paired samples), or rank product. In the presence of ties, the 

AS/APA events and transcripts were also sorted by descending test statistics (Levene’s tests) or 

absolute differences of medians between tumor and normal samples (Wilcoxon Signed Rank tests). 

The files containing annotation data were used to associate the AS/APA events and transcripts to the 

respective genes, whose symbols were ranked by specific scores. These scores were given by the 

minus logarithm (base 10) of the p-values previously ordered. In the case of Levene’s tests, the scores 

were multiplied by a certain factor to compare different phenotypes: 1 if the variance of tumor samples 

was greater than the variance of normal samples; -1 if the opposite situation was verified; and 0 if there 

was no difference between those variances. This was also done for Wilcoxon Signed Rank tests 

regarding transcripts (evaluating the median instead of the variance), in order to distinguish the cases 

of over expression and lower expression of genes in tumors. 

In order to use the GSEA application, it was necessary to load the ranked lists containing the genes’ 

symbols and respective scores as text files (.txt). The ‘GseaPreranked’ tool of the application was used 

with the files and options that are presented in Table 15. 

The primary result of the GSEA is the enrichment score (ES), which reflects the degree to which a gene 

set is overrepresented at the top (positive ES) or bottom (negative ES) of a ranked list of genes. The 

resultant enrichment plots of a GSEA provide not only a graphical view of the ES for a gene set, but 

also of the ranking metric. Moreover, it is possible to visualize the subset of genes of the list that 

contribute most to the ES [95]. Appendix B contains an example of input-output for the GSEA 
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application. When analyzing the GSEA results, only the gene sets for which the nominal p-value, FDR 

q-value, and FWER p-value were lower than 0.05 were considered to be significantly enriched. 

 

Table 15 Files and options used to run GSEA for the pre-ranked lists of genes. The letters E, L, R, T, and W in the 

lists’ names stand for ‘AS/APA events’, ‘Levene’s test’, ‘rank product’, ‘transcripts’, and ‘Wilcoxon Signed Rank test’, 

respectively. The ‘rnk’ part in the extension was needed for the recognition of the files as ranked gene lists. 

Field File / Option 

Gene sets database 

h.all.v5.0.symbols.gmt (Hallmarks) / 

c2.cp.kegg.v5.0.symbols.gmt (Biological pathways) / 

c5.all.v5.0.symbols (GO) / 

c6.all.v5.0.symbols (Oncogenic signatures) 

Number of permutations 1000 

Ranked list EL.rnk.txt / EW.rnk.txt / ER.rnk.txt / TL.rnk.txt / TW.rnk.txt / 

TR.rnk.txt 

Collapse dataset to gene symbols false 

Chip platform(s) GENE_SYMBOL.chip 

 

When looking at an enrichment plot, it is possible to extract various types of information. The score at 

the peak (upward or downward) of the top portion is the ES for the gene set. The vertical black lines of 

the middle portion represent the members of the gene set that are included in the ranked list of genes. 

Finally, the value of the ranking metric, which measures a gene’s correlation with a phenotype, is shown 

in the bottom portion. 

All the ranked lists referring to transcripts revealed significant results for the selected gene set databases 

in GSEA. The highest ES values were mainly attributed to the genes associated with transcripts having 

a greater cRPKM variance for normal samples than for tumor ones (negative phenotype of the list 

obtained from Levene’s tests). For this phenotype, the enrichment plots obtained with GSEA were 

similar to the one shown in Figure 31. The presented example refers to one of the most enriched gene 

sets and is related to the TCA cycle, which is found altered in ccRCC [15]. That series of chemical 

reactions, which occurs in the mitochondrion, is important to many biochemical pathways. The ranking 

metric depicted in Figure 31 is extremely asymmetric due to the differences that are found between 

normal and tumor samples in terms of cRPKM variance. Most of the genes have a positive score 

because their associated transcripts have a larger cRPKM variance for tumor samples than for normal 

ones (positive phenotype). However, when the cRPKM variance is smaller for tumor samples (negative 

phenotype), the difference between types of samples is generally more significant, being the negative 

scores much higher in absolute value than the positive ones. 

Another result that stood out from the GSEA of the same ranked list of genes (for the same phenotype) 

was their apparent association with the oncogene KRAS. This gene encodes a protein that, if mutated, 

is known to be implicated in various types of cancer [96]. Both the sets of genes up-regulated in epithelial 
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kidney cancer cell lines over-expressing an oncogenic form of KRAS (oncogenic signature) and 

down-regulated by KRAS activation (hallmark) were enriched. 

Various gene sets related to GO regarding metabolic processes were also enriched in the phenotype in 

question. This result is consistent with the already reported occurrence of modifications at the 

metabolism level in ccRCC [15]. 

 

 

Figure 31 Enrichment plot of a gene set related to the biological pathway of the TCA cycle (enriched in the negative 

phenotype of the ranked list obtained from Levene’s tests). The ES of this gene set is approximately -0.87. There 

are 25 genes of the set contained in the ranked list, 11 of which contribute most to the ES (number of vertical black 

lines that appear subsequent to the downward peak). 

 

The GSEA of genes associated with transcripts having a greater cRPKM median for normal samples 

than for tumor ones (negative phenotype of the list obtained from Wilcoxon Signed Rank tests) also 

resulted in relatively high ES values. That indication of lower expression in tumors was found for the 

biological pathway of the TCA cycle, whose enrichment plot for that phenotype is depicted in Figure 32. 

A similar result was obtained for the GO related to the excretion of waste products that arise from 

metabolic activity. 

Both the hallmark and the oncogenic signature related to KRAS were also enriched in the phenotype of 

lower gene expression in tumors. On the other hand, the genes up-regulated by activation of the 

PI3K/AKT pathway or defining epithelial-mesenchymal transition (hallmarks), for instance, were found 

enriched in the opposite phenotype (over expression in tumor). The PI3K/AKT pathway is generally 

mutated in ccRCC [15], whereas epithelial-mesenchymal transition enables metastasis [28,97]. 
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The GSEA of the gene list obtained from the rank product method, presenting a single phenotype, 

revealed important enriched hallmarks, biological pathways, and GO associated with the cell division 

cycle and genomic stability, both deregulated in cancer [28]. 

 

 

Figure 32 Enrichment plot of a gene set related to the biological pathway of the TCA cycle (enriched in the negative 

phenotype of the ranked list obtained from Wilcoxon Signed Rank tests). The ES of this gene set is approximately 

-0.79. There are 25 genes of the set contained in the ranked list, 21 of which contribute most to the ES (number of 

vertical black lines that appear subsequent to the downward peak). 

 

The enrichment plots of the only two gene sets significantly enriched in phenotypes referring to events 

are shown in Figure 33. One of the sets is an oncogenic signature, which is enriched in genes associated 

with events having a greater PSI variance for normal samples than for tumor ones (negative phenotype 

of the list obtained from Levene’s tests). Once again, it is noticeable an asymmetry in the ranking metric, 

since the PSI variance among events presents a similar behavior to the cRPKM variance among 

transcripts (for normal and tumor samples). The other set is a biological pathway that is enriched in 

genes associated with events having different PSI medians between normal and tumor samples (list 

obtained from Wilcoxon Signed Rank tests). The oncogenic signature refers to genes downregulated in 

kidney fibroblasts, which may enable the progression of kidney disease [98]. The biological pathway is 

related to antigen presentation, which is a vital process of the immune system that is compromised in 

cancer [28]. 
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Figure 33 Enrichment plots of two different gene sets (enriched in distinct lists). The ES values of the oncogenic 

signature (left) and the biological pathway (right) are approximately -0.59 and 0.67, respectively. For the oncogenic 

signature, there are 27 genes of the set contained in the ranked list, 8 of which contribute most to the ES (number 

of vertical black lines that appear subsequent to the downward peak). For the biological pathway, there are 17 

genes of the set contained in the ranked list, 10 of which contribute most to the ES (number of vertical black lines 

that appear prior to the upward peak). 

 

Overall, the GSEA confirmed that the 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. 

 

 

3.3.6. Distribution-based classification and DAVID analysis 
 

Considering the variances and medians of the PSI and cRPKM values for tumor and normal samples, 

the AS/APA events and transcripts were classified as depicted in Table 16. The rationale for this 

classification is that significant differences were observed beyond the first-order moment (mean), which 

is usually the only one tested. In fact, even when two distributions have the same mean or median, they 

can exhibit quite different variances. There is interest in looking for those distributions having the same 

central tendency but very different dispersions, since they might have a biological meaning. This was 

the motivation for classifying each event/transcript 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 (either are the 

same for both or lower/higher for one of them) led to 9 classes. In practice, the groups were formed 

based on the statistical significance of the p-values from Levene’s tests and Wilcoxon tests for 

independent and paired samples. If the p-values were equal to or higher than 0.05, it was assumed that 

there was not a statistically significant difference between variances/medians. For p-values lower than 
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0.05, the relative differences between the samples’ types were determined in terms of variance and 

median for each AS/APA event or transcript. 

 

Table 16 Proposed classification of events/transcripts based on PSI/cRPKM distribution for normal and tumor 

samples. The depicted forms are only schematic. The designation given to each type of distributions (in blue) and 

the used approach to sort events/transcripts by statistical significance (in grey) are also presented. The letters V 

and M correspond, respectively, to ‘variance’ and ‘median’, whereas L and W represent the p-values of Levene’s 

tests and Wilcoxon Rank Sum tests. The upwards and downwards arrows indicate the direction of the sorting 

(ascending and descending, respectively). 

 V(normal) < V(tumor) V(normal) > V(tumor) V(normal) = V(tumor) 
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LON – low normal 
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HIT – high tumor 
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HIN – high normal 
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LOT – low tumor 
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SIN – signature normal 

 

 

 

↑ L 

SIT – signature tumor 

 

 

 

↑ L 

NOC – no change 

 

 

 

↓ L×W 

 

The events/transcripts that, although with significant p-values associated, presented PSI/cRPKM 

distributions with the same variance or median between normal and tumor samples, were discriminated 

from the others (as VEQ or MEQ, respectively). While no VEQ cases were found, an important number 

of MEQ cases were observed. Since Wilcoxon tests compare the mean ranks of two distributions, they 

can lead to significant results even when the medians of the distributions are the same, a fact that has 

previously been identified [51,52]. In the case of an unknown p-value from Levene’s test or Wilcoxon 

test, the events/transcripts were identified differently, as well (as DIF). These DIF situations occurred 
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when all the independent/paired tumor and normal samples had the same PSI/cRPKM value and the 

null hypothesis of equality is not obviously rejected. 

Classification of events/transcripts was followed by their sorting within the group they were considered 

to belong to. This was done for the events/transcripts that were classified in the same way for 

independent and paired samples. The used approach to sort the AS/APA events and transcripts for 

each type of distributions is also indicated in Table 16. The PSI distributions of the events more 

significantly related to each classification group are depicted from Figure 34 to Figure 42. The symbols 

of the genes associated with those events are also indicated in the figures. Since the 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. 

The events classified as HIN or HIT correspond to cases in which the normal or tumor samples, 

respectively, are characterized by the annotated constitutive isoform (low variance in the PSI close to 

1). The difference between those events and the LON and LOT ones is that these suggest the 

dominance of an alternative isoform (low variance in the PSI close to 0) instead. The SIN and SIT events 

represent situations for which there is a well-defined proportion of each type of isoform for normal and 

tumor samples, respectively. For all these 6 groups of events, one of the types of samples presents a 

larger PSI variance than the other one. This means that there is a greater variance in isoform 

composition for those samples, suggesting a loss of AS regulation in the tumor ones. When the normal 

samples have the largest PSI variance, one may infer that one of the isoforms becomes dominant in 

tumor, which points to another possible splicing alteration in cancer. As far as the SWIN and SWIT 

events are concerned, they correspond to a switch in the proportion of isoforms between the types of 

samples. In the extreme, situations of this kind reveal a change from an alternative isoform to a 

constitutive one, or vice versa. The NOC events are cases for which the normal and tumor samples 

show similar PSI distributions and, therefore, similar behaviors of production of isoforms. This 

discrimination of the types of PSI distributions considering normal and tumor samples allows perceiving 

the possible variations of alterations in AS. 

Among the presented examples of LON (Figure 36) and SIN (Figure 38) events, for instance, there are 

some that occur in the same gene. Two of the LON events are associated with PHPT1, whose protein 

expression is related to lung cancer cells migration and invasion [99]. MCD1, which codes for a protein 

required for apoptosis (deregulated in cancer) [28,100], is a common gene for three of the SIN events. 
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Figure 34 Distributions of PSI values for the top 4 events of the HIN group. The number presented on the title of 

each plot is the rank of the event. A schematic form of the expected distributions is at the figure’s center. The symbol 

of the gene associated with each event is indicated in italic. 

 

 

Figure 35 Distributions of PSI values for the top 4 events of the HIT group. The number presented on the title of 

each plot is the rank of the event. A schematic form of the expected distributions is at the figure’s center. The symbol 

of the gene associated with each event is indicated in italic. 

 

HK2 MCCD1 

ABLIM3 ID4 

SH3GBR CTD-2666L21.1 

CLUL1 CD68 
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Figure 36 Distributions of PSI values for the top 4 events of the LON group. The number presented on the title of 

each plot is the rank of the event. A schematic form of the expected distributions is at the figure’s center. The symbol 

of the gene associated with each event is indicated in italic. 

 

 

Figure 37 Distributions of PSI values for the top 4 events of the LOT group. The number presented on the title of 

each plot is the rank of the event. A schematic form of the expected distributions is at the figure’s center. The symbol 

of the gene associated with each event is indicated in italic. 

 

BTK MEA1 

KIAA0101 SLC37A2 

SLC9B2 PHPT1 

PHPT1 ISL1 
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Figure 38 Distributions of PSI values for the top 4 events of the SIN group. The number presented on the title of 

each plot is the rank of the event. A schematic form of the expected distributions is at the figure’s center. The symbol 

of the gene associated with each event is indicated in italic. 

 

 

Figure 39 Distributions of PSI values for the top 4 events of the SIT group. The number presented on the title of 

each plot is the rank of the event. A schematic form of the expected distributions is at the figure’s center. The symbol 

of the gene associated with each event is indicated in italic. 

 

RPLP0 MDC1 

MDC1 MDC1 

ATP5SL EFNB1 

SNRNP48 HDAC9 



  

58 

 

Figure 40 Distributions of PSI values for the top 4 events of the SWIN group. The number presented on the title of 

each plot is the rank of the event. A schematic form of the expected distributions is at the figure’s center. The symbol 

of the gene associated with each event is indicated in italic. 

 

 

Figure 41 Distributions of PSI values for the top 4 events of the SWIT group. The number presented on the title of 

each plot is the rank of the event. A schematic form of the expected distributions is at the figure’s center. The symbol 

of the gene associated with each event is indicated in italic. 

 

FAM208A PXDN 

TBL2 GIT2 

RPS3 CD59 

CD68 NEU1 
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Figure 42 Distributions of PSI values for the top 4 events of the NOC group. The number presented on the title of 

each plot is the rank of the event. A schematic form of the expected distributions is at the figure’s center. The symbol 

of the gene associated with each event is indicated in italic. 

 

The classification of transcripts based on their cRPKM distributions for normal and tumor samples is 

informative of eventual differences in gene expression between them. The HIN, LOT, and SWIT 

transcripts correspond to situations of lower expression in tumor samples than in normal ones. On the 

other hand, the transcripts classified as HIT, LON, or SWIN represent cases of over expression in tumor. 

These groups are distinct from each other in terms of cRPKM variance for tumor samples, which is 

relatively small for LOT/HIT, large for HIN/LON, and medium for SWIT/SWIN. The SIN and SIT 

transcripts are characterized by either equal, lower, or over expression of the associated genes in tumor 

and normal samples, respectively, comparatively to the other samples’ type. Concerning the NOC 

transcripts, the types of samples present similar cRPKM distributions, not showing different levels of 

gene expression between each other. 

The MEQ cases correspond to misleading results from the Wilcoxon tests in terms of the PSI/cRPKM 

median evaluation of events/transcripts for different types of samples. Since their PSI/cRPKM 

distributions do not seem to show a common pattern, it is not possible to interpret them in a general 

way, the same happening for the DIF group. 

The proportions of the classification groups for both events and transcripts, considering independent or 

paired samples, are indicated in Table 17. NOC is always the most common group, especially when 

evaluating paired samples, so the majority of events/transcripts does not seem to be altered in ccRCC. 

This is not surprising, since one expects that only specific events/transcripts are affected by the disease. 

Regarding independent samples, an important percentage of events and transcripts are classified as 

LON, being SWIN/SWIT also a frequent situation among events/transcripts. As far as paired samples 

NDUFA3 MNF1 

EXOSC10 EVA1C 
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are concerned, a reasonable portion of events/transcripts belongs to the SWIN/SWIT group. Together 

with the percentages of the remaining groups, these results suggest that PSI/cRPKM variance tends to 

be larger for tumor samples than for normal ones. Furthermore, different patterns of isoforms production 

and gene expression between normal and tumor samples seem to be frequent alterations in ccRCC.  

 

Table 17 Percentages of AS/APA events or transcripts included in each classification group. The results for both 

independent (IN) and paired (PN) samples are presented. The distributions of the normal and tumor samples are 

schematically depicted in pink and blue, respectively. 

Group 

Events (%) Transcripts (%) 

Group 

Events (%) Transcripts (%) 

IN PN IN PN IN PN IN PN 

HIN 

 

 

4.8 4.5 2.6 1.2 

SWIN 

 

 

21.3 10.6 3.7 4.0 

HIT 

 

 

5.4 1.0 < 0.1 < 0.1 

SWIT 

 

 

4.9 9.1 10.7 10.0 

LON 

 

 

23.5 5.7 22.3 15.3 

NOC 

 

 

24.6 54.1 37.7 45.1 

LOT 

 

 

0.6 0.8 5.7 6.4 VEQ --- --- --- --- 

SIN 

 

 

3.6 4.7 4.8 4.7 MEQ 10.5 7.6 12.1 3.5 

SIT 

 

 

0.6 0.3 0.3 0.3 DIF < 0.1 1.6 0.1 9.5 

 

The percentages shown in Table 18 and Table 19 refer to the discrimination of the types of events for 

independent and paired samples, respectively. The differences between AS/APA types are much more 

noticeable when looking at IN samples, allowing the inference of how each type of event is often altered 

in ccRCC. The results obtained for PN samples are concordant with the fact that samples from a same 

patient are less distinct from each other than any other samples. 
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Table 18 Percentages of events included in each classification group for each type of AS/APA (considering IN 

samples). The TandemUTR type is presented as ‘T.UTR’. The first and the second most common groups (excluding 

MEQ and DIF) of each type of AS/APA are indicated in blue and green, respectively. 

Group A3SS A5SS AFE ALE MXE RI SE T.UTR 

HIN 4.58 3.49 3.60 2.13 6.25 0.76 6.53 0.33 

HIT 2.69 1.53 11.85 16.60 1.01 3.28 3.07 25.79 

LON 16.80 13.88 34.02 28.58 35.51 69.70 17.49 25.19 

LOT 1.72 0.83 0.47 0.83 0.83 0.07 0.33 0.28 

SIN 3.79 3.95 2.62 2.73 6.13 1.01 3.76 3.96 

SIT 0.62 0.17 1.09 1.46 0.30 0.32 0.20 3.03 

SWIN 17.57 13.35 32.34 32.21 16.30 15.04 20.79 33.40 

SWIT 6.25 8.20 1.62 1.54 7.20 0.40 5.74 0.47 

NOC 34.28 40.25 7.43 9.05 21.12 5.27 28.82 5.04 

MEQ 11.70 14.35 4.92 4.86 5.35 3.86 13.27 2.52 

DIF --- --- --- 0.03 --- --- --- --- 

 

 

Table 19 Percentages of events included in each classification group for each type of AS/APA (considering PN 

samples). The TandemUTR type is presented as ‘T.UTR’. The first and the second most common groups (excluding 

MEQ and DIF) of each type of AS/APA are indicated in blue and green, respectively. 

Group A3SS A5SS AFE ALE MXE RI SE T.UTR 

HIN 2.72 2.26 6.66 6.40 2.62 1.77 5.34 3.78 

HIT 0.81 0.37 1.18 2.09 0.59 0.40 1.07 1.17 

LON 2.98 2.72 8.55 10.83 8.63 14.42 4.42 6.95 

LOT 1.09 1.03 0.85 1.78 0.83 0.65 0.67 0.23 

SIN 2.81 2.49 7.99 16.36 4.28 3.03 3.14 11.47 

SIT 0.50 0.46 0.38 1.11 0.06 0.18 0.19 0.14 

SWIN 10.07 7.14 12.26 10.91 11.90 18.10 9.89 11.24 

SWIT 8.59 5.68 9.99 8.81 8.98 4.33 9.93 13.06 

NOC 61.67 68.25 47.82 32.69 57.47 44.93 54.64 49.91 

MEQ 6.84 6.78 3.45 5.06 4.22 11.22 9.30 1.68 

DIF 1.93 2.82 0.85 3.95 0.42 0.97 1.41 0.37 
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DAVID was used in order to analyze if the events/transcripts within each classification group could be 

related to some specific GO or biological pathway. The motivation for this is to better understand if there 

are common features among the events/transcripts in each class in terms of their biological functions. 

In this way, one might verify if the contrast between normal and tumor distributions is related to specific 

cellular processes, for example. Firstly, it was necessary to build lists with some identifier of the 

associated genes, such as the Ensembl_Gene_ID (included in the annotation tables). Besides that, 

background lists with the Ensembl_Gene_ID of all genes related to some AS/APA event or transcript 

were also built. The input of the Functional Annotation Tool corresponded to a gene list and a 

background at a time, both as text files (.txt). Subsequently, the analysis was performed considering the 

annotation from 4 databases (the 3 default GO and KEGG PATHWAY). 

One of the possible outputs of the tool is the Functional Annotation Chart, which lists enriched annotation 

terms associated with the genes under analysis. The resultant list also contains the number and the 

percentage of genes involved in each term, as well as the Fisher’s exact test p-values and their corrected 

version (Benjamini by default) [82]. Appendix B contains an example of input-output for DAVID’s 

Functional Annotation Tool. The results obtained through this tool were considered statistically 

significant when the corrected p-values were lower than 0.05. 

The functional annotation terms having the lowest p-values for the various groups of transcripts and 

events are shown, respectively, from Figure 43 to Figure 47 and from Figure 48 to Figure 52. 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 (Figure 46), for example, 252 (12.1%) are 

involved in the mitochondrion GO 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 [15]. Another example that may be emphasized refers to the 3,789 genes 

associated with the NOC events (Figure 52), 226 of which (6.0%) are involved in the ribonucleoprotein 

complex term. 

 

 

Figure 43 DAVID’s Functional Annotation Chart output for genes associated with transcripts classified as HIN. Only 

the 2 most likely enriched annotation terms are presented for this classification group. 
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Figure 44 DAVID’s Functional Annotation Chart output for genes associated with transcripts classified as LON (top) 

or LOT (bottom). Only the 2 most likely enriched annotation terms are presented for each classification group. 

 

 

Figure 45 DAVID’s Functional Annotation Chart output for genes associated with transcripts classified as SIN (top) 

or SIT (bottom). Only the 2 most likely enriched annotation terms are presented for each classification group. 
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Figure 46 DAVID’s Functional Annotation Chart output for genes associated with transcripts classified as SWIN 

(top) or SWIT (bottom). Only the 2 most likely enriched annotation terms are presented for each classification group. 

 

 

Figure 47 DAVID’s Functional Annotation Chart output for genes associated with transcripts classified as NOC. 

Only the 2 most likely enriched annotation terms are presented for this classification group. 

 

 

Figure 48 DAVID’s Functional Annotation Chart output for genes associated with events classified as HIN (top) or 

HIT (bottom). Only the 2 most likely enriched annotation terms are presented for each classification group. 
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Figure 49 DAVID’s Functional Annotation Chart output for genes associated with events classified as LON (top) or 

LOT (bottom). Only the 2 most likely enriched annotation terms are presented for each classification group. 

 

 

Figure 50 DAVID’s Functional Annotation Chart output for genes associated with events classified as SIN (top) or 

SIT (bottom). Only the 2 most likely enriched annotation terms are presented for each classification group. 
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Figure 51 DAVID’s Functional Annotation Chart output for genes associated with events classified as SIN (top) or 

SIT (bottom). Only the 2 most likely enriched annotation terms are presented for each classification group. 

 

 

Figure 52 DAVID’s Functional Annotation Chart output for genes associated with events classified as NOC. Only 

the 2 most likely enriched annotation terms are presented for this classification group. 

 

 

3.3.7. Correlation analysis 
 

In order to assess the association between AS and GE, the events were firstly mapped to the respective 

transcripts using the annotation tables. The correlation between all samples, based on AS events and 

transcripts, may be perceived by looking at the heat maps of Figure 53. The clustering of samples is 

quite different when considering PSI or cRPKM values, as it was seen with the PCA results (section 

3.3.2). 

The correlation between PSI and cRPKM values of the events and transcripts that were associated with 

each other (i.e. the AS/APA events involving the associated transcript) was also tested across all 

samples. Only the AS/APA events (and respective transcripts) with a PSI range equal to or greater than 

0.5 were considered for the performance of Spearman correlation tests. From the 238 pairs 

event/transcript evaluated, 217 pairs revealed a significant correlation (p-values adjusted with FDR 

correction < 0.05). 
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Figure 53 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. 

 

The scatter plots of Figure 54 and Figure 55 show the cases for which there was a more significant 

correlation between PSI and cRPKM values across all samples. Some situations for which there was 

no correlation are also shown in those figures. While Figure 54 refers to the set of all samples, the 

normal and tumor ones are discriminated in Figure 55. Figure 54 illustrates that either an alternative or 

a constitutive isoform of an event can be correlated with the associated transcript expression. On the 

other hand, the same figure depicts examples suggesting an independence between AS and GE. Since 

the number of tumor samples is very high comparatively to the normal ones, it is not surprising that they 

dominate the correlation, as Figure 55 reflects. When the PSI values of an event are correlated with the 

cRPKM values of a transcript, AS and GE are likely to influence each other. If there is no correlation 

between PSI and cRPKM values, one may infer that the alterations occurring in AS are not related to 

GE, or vice versa. The identification of these situations is important for unveiling the molecular level at 

which the normal and tumor samples become distinct. 
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Figure 54 Scatter plots of PSI vs. cRPKM values for pairs event/transcript (all samples). A, B, C, and D are the 

most correlated, while E, F, G, and H are the most uncorrelated. The symbol of the gene associated with each pair 

is indicated in italic. 
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Figure 55 Scatter plots of PSI vs. cRPKM values for pairs event/transcript (with discrimination of normal and tumor 

samples). A and B are the most correlated, while E and F are the most uncorrelated. The symbol of the gene 

associated with each pair is indicated in italic. 

 

 

3.3.8. Survival analysis 
 

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 event/transcript. The boundary that most significantly 

separated the 2 groups in each case was determined among a sequence of PSI/cRPKM values. The 
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PSI boundary was tested for all values between 0.2 and 0.8 in 0.05 steps, whereas the cRPKM boundary 

was evaluated differently for each transcript. For cRPKM, the sequence from the minimum to the 

maximum logarithmic cRPKM value (base 10) in 0.1 steps of each transcript was considered for finding 

the best boundary. This strategy was chosen so as to deal with the variable range of cRPKM values 

among transcripts. Therefore, the null cRPKM values were previously modified to a positive small value 

(10-10) in order to calculate their logarithm. 

Firstly, Spearman correlation tests were performed over all pairs event/transcript, whose p-values were 

corrected using the FDR approach. Subsequently, the survival analysis was conducted over the list of 

1,000 AS/APA events that were most uncorrelated with the associated transcripts. Since those events 

are likely independent from GE, it seemed relevant to verify their potential as novel prognostic factors. 

The lowest log-rank test p-value obtained for each event, as well as the respective PSI boundary, were 

the only information considered for further analysis. The resultant p-values were also adjusted with FDR 

correction, being then used to sort the events by statistical significance. The transcripts that were 

identified, using the annotation tables, as being associated with the events under evaluation were 

subjected to a similar survival analysis. 

In order to look for potential novel prognostic factors among the AS/APA events, only those in agreement 

with the following criteria were further considered: 

 Association with transcripts having a log-rank test p-value equal to or higher than 0.05; 

 Respective log-rank test p-value less than 0.05. 

These filtering steps enabled to kept just the cases for which the survival rate is influenced by AS and 

not GE. 

The survival analysis revealed 3 potential novel prognostic factors among the 1,000 events evaluated. 

The Kaplan-Meier plots for those events and their associated transcripts are shown from Figure 56 to 

Figure 58. 

Even though the curves referring to the event A (Figure 56) seem significantly different, the separation 

of the 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. Therefore, it is likely that event A is a potential 

prognostic factor. 

Both events B (Figure 57) and C (Figure 58) 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 transcripts C and B, 

respectively. This result is explained by the fact that the majority of the patients, or all of them, presented 

the same cRPKM value, which is likely due to artefactual cRPKM estimation for genes with very low 

expression. 

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. 
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Figure 56 Kaplan-Meier plots of the AS event, and associated transcript, 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 [101]. 
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Figure 57 Kaplan-Meier plots of the AS event, and associated transcript, with the second most significant difference 

between survival curves. The gene in question is CARKD, which codes for a protein that catalyzes enzymatic 

reactions [102]. 
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Figure 58 Kaplan-Meier plots of the AS event, and associated transcript, with the third most significant difference 

between survival curves. The gene in question is ANKRD36B, which codes for a protein related to protein 

binding [103]. 
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4. Conclusion 
 

The present work confirmed that RNA-Seq data are an important source of information about alternative 

splicing (AS) alterations in cancer. The performed biostatistics analyses of transcriptomic data revealed 

themselves as effective in finding novel molecular signatures in clear cell renal cell carcinoma (ccRCC) 

and yielding both potential novel biomarkers and prognostic factors. Therefore, it is likely that the 

analysis of unbiased PSI values would reveal even better and more important results. 

Some of the used methods were applied for the first time in the present context, suggesting new ways 

of extracting significant information from RNA-Seq data. However, the choice of a different level of 

statistical significance or multiple testing correction, for instance, could lead to different results. Since 

there are a lot of possible variations of the proposed approaches, it would be relevant to explore and 

compare their various alternatives. In addition, only in vitro studies could validate the association of the 

identified genes with ccRCC. Nevertheless, the use of biostatistics techniques enables to direct the 

focus of molecular biology research to what seems to be truly worth studying. Another advantage of the 

performed analysis is that it can be applied to other types of cancer, or even other diseases, as far as 

there are available RNA-Seq data. 

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 AS events strongly 

associated with survival. Furthermore, a higher effectiveness of genetic therapies may be reached with 

the identification of therapeutic targets through AS analysis. 

As future work, it would be interesting to analyze the multimodality of AS quantification, since it could 

indicate subgroups of patients or samples. The association of AS quantification of tumor samples with 

clinical features beyond survival would also be worth exploring to find eventual correlations between 

them. Moreover, an AS-based classifier of tumor stage could be developed in order to improve the 

currently used classification in clinics. 

The application of machine learning and biostatistics techniques to analyze omics data has been proven 

to be crucial in unveiling their biological meaning. Hence, advances in biomedical research are 

increasingly dependent on the collaboration between experts from molecular biology and engineering. 
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Appendices 
 

This section contains supplementary material that clarifies some of the information presented in the 

thesis. 

 

 

A. Medical nomenclature 
 

The American Joint Committee of Cancer (or TNM) staging system is a standard way to describe the 

extent of a cancer. The meaning of the clinical terms used for that kind of classification of tumors is 

indicated in Tables A1-A4. 

 

Table A1 T categories of the TNM staging system: they indicate the size of the main (primary) tumor and whether 

it has grown into nearby areas. 

Category Meaning 

TX The primary tumor cannot be assessed (information not available). 

T0 No evidence of a primary tumor. 

T1 The tumor is only in the kidney and is no larger than 7 cm across. 

T1a The tumor is 4 cm across or smaller and is only in the kidney. 

T1b The tumor is larger than 4 cm but not larger than 7 cm across and is only in the kidney. 

T2 The tumor is larger than 7 cm across but is still only in the kidney. 

T2a The tumor is more than 7 cm but not more than 10 cm across and is only in the kidney. 

T2b The tumor is more than 10 cm across and is only in the kidney. 

T3 

The tumor is growing into a major vein or into tissue around the kidney, but it is not growing into 

the adrenal gland (on top of the kidney) or beyond Gerota’s fascia (the fibrous layer that surrounds 

the kidney and nearby fatty tissue). 

T3a 
The tumor is growing into the main vein leading out of the kidney (renal vein) or into fatty tissue 

around the kidney. 

T3b 
The tumor is growing into the part of the large vein leading into the heart (vena cava) that is within 

the abdomen. 

T3c 
The tumor has grown into the part of the vena cava that is within the chest or it is growing into the 

wall of the vena cava. 

T4 
The tumor has spread beyond Gerota’s fascia (the fibrous layer that surrounds the kidney and 

nearby fatty tissue). The tumor may have grown into the adrenal gland (on top of the kidney). 
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Table A2 N categories of the TNM staging system: they describe the extent of spread of the tumor to nearby 

(regional) lymph nodes. 

Category Meaning 

NX Regional (nearby) lymph nodes cannot be assessed (information not available). 

N0 No spread to nearby lymph nodes. 

N1 Tumor has spread to nearby lymph nodes. 

 

 

Table A3 M categories of the TNM staging system: they indicate whether the cancer has spread (metastasized) to 

other parts of the body. 

Category Meaning 

M0 There is no spread to distant lymph nodes or other organs. 

M1 
Distant metastasis is present; includes spread to distant lymph nodes and/or to other organs. 

Kidney cancer most often spreads to the lungs, bones, liver, or brain. 

 

 

Table A4 Stage grouping according to the TNM categories. 

Stage Set of TNM categories 

I T1, N0, M0 

II T2, N0, M0 

III T3, N0, M0 / T1 to T3, N1, M0 

IV T4, any N, M0 / any T, any N, M1 

 

 

The grade of a tumor is an indicator of its growth and spreading rates. Table A5 shows how a tumor can 

be described based on the appearance of the cells under a microscope. 

 

Table A5 Neoplasm histological grades. 

Grade Description 

GX Grade cannot be assessed (undetermined grade). 

G1 Well differentiated (low grade). 

G2 Moderately differentiated (intermediate grade). 

G3 Poorly differentiated (high grade). 

G4 Undifferentiated (high grade). 
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More details about this medical nomenclature can be found on the following sites: 

 Cancer staging: http://www.cancer.gov/about-cancer/diagnosis-staging/staging/staging-fact-

sheet (accessed on 23rd September 2015) 

 Tumor grade: http://www.cancer.gov/about-cancer/diagnosis-staging/prognosis/tumor-grade-

fact-sheet (accessed on 23rd September 2015) 
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B. Bioinformatics software 

 

Figures B1 and B2 show examples of input and output, respectively, for the GSEA application. 

 

 

Figure B1 Example of input for the GSEA application. 
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Figure B2 Example of output from the GSEA application. 
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Figures B3 and B4 show examples of input and output, respectively, for a DAVID’s tool. 

 

 

Figure B3 Example of input for DAVID’s Functional Annotation Tool. 

 

 

Figure B4 Example of output from DAVID’s Functional Annotation Tool. 


