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Abstract  

The recent development of next-generation sequencing (NGS) largely improved our means to study 

transcriptomes. By RNA sequencing (RNA-seq, the use of NGS to sequence complementary DNA 

reversely transcribed from RNAs), one can not only quantify gene expression (GE) levels, with a higher 

resolution than microarrays, but also quantitatively reveal unknown transcripts and splicing isoforms. 

However, the use of RNA-Seq to find cancer transcriptomic signatures beyond GE has been very limited, 

partly due to a lack of accurate and efficient computational tools.  

In this work, we have analysed GE, alternative splicing (AS) and associated patient survival using RNA-

seq data from 138 clear cell renal cell carcinomas (ccRCCs) and 62 matched normal kidney samples 

from The Cancer Genome Atlas (TCGA) project, aiming to identify cancer-specific AS patterns as well 

as AS events that can potentially serve as prognostic factors. In addition, we have applied dimension 

reduction and regression methods in order to develop a cancer stage classifier based on AS patterns. 

It was observed that, like GE, AS patterns primarily separate normal from tumour samples, with some 

exons exhibiting a normal/tumour switch pattern in their inclusion levels. This is the case, for example, 

for genes CD44 and FGFR2, previously reported to undergo AS alterations in cancer. Interestingly, a 

considerable number of the identified cancer-specific AS patterns seem to facilitate an epithelial 

mesenchymal transition. Furthermore, several AS events appear to be associated with survival, being 

therefore identified as potential prognostic factors. Finally, the developed classifier revealed ineffective 

in the classification of the different cancer stages. 

These results suggest a great potential of AS signatures derived from tumour transcriptomes in providing 

etiological leads for cancer progression and as a clinical tool. A deeper understanding of the contribution 

of splicing alterations to oncogenesis could lead to improved cancer prognosis and contribute to the 

development of RNA-based anticancer therapeutics, namely splicing-modulating small molecule 

compounds. 

 

Keywords: RNA-seq; survival analysis; alternative splicing; cancer prognosis. 
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Resumo 

O desenvolvimento recente de ferramentas de sequenciação de nova geração (NGS) facilitou 

significativamente o estudo de transcriptomas. Com recurso à sequenciação de RNA (RNA-seq, o uso 

de NGS para sequenciar inversamente transcritos de DNA complementar a partir de RNAs) é possível 

não só quantificar os níveis de expressão génica com uma resolução superior à obtida através de 

microarrays mas também revelar e quantificar transcritos e isoformas previamente desconhecidos. 

Ainda assim, a utilização de RNA-seq na deteção de padrões transcriptómicos associados ao cancro 

tem sido muito limitada. Tal deve-se, em parte, à escassez de ferramentas precisas e 

computacionalmente eficientes.  

Neste trabalho, analisou-se expressão génica, splicing alternativo e sobrevivência utilizando dados de 

RNA-seq (do projecto The Cancer Genome Atlas) de carcinomas renais de células claras pertencentes 

a 138 pacientes e de tecidos normais emparelhados pertencentes a 62 pacientes, com o intuito de 

identificar padrões de splicing alternativo específicos de tecido tumoral e eventos de splicing alternativo 

que sejam potenciais factores de prognóstico. Adicionalmente, utilizando métodos de redução 

dimensional e de regressão, tentou-se conceber um classificador que permitisse a classificar o estádio 

do cancro analisado tendo por base dados de splicing alternativo. 

Observou-se que os padrões de splicing alternativo, tal como a expressão génica, estabelecem a 

distinção entre tecidos tumorais e normais, com certos exões evidenciando uma mudança drástica nos 

seus níveis de inclusão entre os dois grupos, sendo portanto potenciais biomarcadores da doença. É o 

caso, por exemplo, de genes como CD44 e FGFR2, para os quais alterações de splicing alternativo já 

tinham sido anteriormente associadas a cancro. Curiosamente, um número considerável de padrões 

de splicing alternativo evidenciados em células tumorais parecem facilitar uma transição epitelial 

mesenquimal. Observou-se que vários eventos de splicing alternativo parecem estar associados a 

sobrevivência, constituindo potenciais novos fatores de prognóstico. Finalmente, o classificador 

concebido revelou-se ineficaz na classificação de estádios tumorais.  

Estes resultados sugerem que existe um enorme potencial na utilização de padrões de splicing 

alternativo em cancro na compreensão da etiologia da progressão tumoral e como ferramenta clínica. 

Um melhor conhecimento do papel das alterações de splicing na oncogénese pode conduzir a 

melhorias no prognóstico em cancro e contribuir para o desenvolvimento de terapias anti-tumor 

baseadas em RNA, nomeadamente compostos moleculares moduladores de splicing. 

 

Palavras-chave: RNA-seq; análise de sobrevivência; splicing alternativo; progressão tumoral  
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1.1. Motivation 

Cancer is a group of deadly diseases characterized by abnormal cell growth and the potential to invade 

or spread to other parts of the body. They can be assigned four general stages, according to the extent 

to which they have developed by spreading: I - localized cancer, usually curable; II - locally advanced, 

the cancer has spread or invaded beyond the boundaries of its original habitat; III- similar characteristics 

to stage II cancer, but more advanced; IV - the cancer has spread to other locations throughout the body 

(metastasis) [1]. Cancer prevalence is set to increase in years to come. According to GLOBOCAN 

estimates, 14.1 million new cancer cases and 8.2 million cancer-related deaths occurred in 2012. These 

numbers represent an increase of roughly 11% and 15% in the numbers of new cases and deaths 

respectively, registered in one year, when compared to 2008 records (12.7 million new cases and 7.1 

cancer-related deaths) [2]. The development of new and more effective treatments, as well as more 

accurate diagnosis tools and methodologies, is thus a pressing matter.   

A deep understanding of the triggers and mechanics involved in the oncogenic process is obviously 

crucial to achieve the aforementioned purposes. In recent years the extensive analysis conducted on a 

genetic level has made it clear that somatic mutations (mutations in DNA structure that are neither 

inherited nor passed to offspring), epigenetic changes (changes in the regulation of the expression of 

gene activity without alteration of genetic structure), and other genetic aberrations can drive human 

malignancies [3, 4, 5]. Specifically, gene expression (GE) alterations at a transcriptional level are being 

increasingly associated to oncogenesis and tumour progression. For instance, each of the hallmarks 

suggested by Hanahan and Weinberg to describe oncogenesis are associated with alterations of 

splicing patterns [6, 7]. Quantitative studies of transcriptomes are therefore deemed as one of the next 

major tools in the understanding of cancer biology [8]. 

The recent development of next-generation sequencing (NGS) technologies largely improved our 

means to study transcriptomes. By using RNA sequencing (RNA-seq, the use of NGS to sequence 

complementary DNA (cDNAs) reversely transcribed from RNAs) one can not only quantify GE levels, 

with a higher resolution than microarrays, but also identify new transcripts and provide quantitative 

measurements of alternatively spliced isoforms [8]. RNA-seq is therefore a potentially important tool in 

the establishment of the relation between splicing and cancer development. A deep understanding of 

the contribution of splicing to oncogenesis could lead to improved cancer prognosis and the 

development of a novel class of anticancer therapeutics: alternative-splicing inhibitors [7, 8]. 

 

1.2. Contributions 

The main contributions of this work are: 

 Identification of cancer-specific AS patterns that may serve as clinical diagnostic tools. 

 Proposal of a methodology based on regression and dimension reduction methods to develop a 

dichotomous cancer stage classifier based on AS quantitation. 
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 Identification of survival-related AS events that may serve as clinical prognostic factors. 

The above endings resulted in a poster presented in the European Conference on Computational 

Biology: 

Pedro Brazão-Faria, Alexandra M. Carvalho, Susana Vinga and Nuno L. Barbosa-Morais (2014) 

Analyses of alternative splicing landscapes in clear cell renal cell carcinomas reveal putative novel 

prognosis factors. ECCB'14 - 13th European Conference on Computational Biology. 7-10 Sep. 

Strasbourg, France. 

 

1.3. Outline 

In Chapter 2, we do a literary review on the concepts and methods necessary to both understand and 

develop this project. In Chapter 3, a methodology to identify cancer- and stage-specific AS patterns, as 

well as independent AS prognostic factors, is proposed. To that end we have analysed GE, alternative 

splicing (AS) and associated patient survival using RNA-seq data from 138 clear cell renal cell 

carcinomas (ccRCCs) and 62 matched normal kidney samples from The Cancer Genome Atlas (TCGA) 

project. In Chapter 4, we present our analyses’ results from biological and technical standpoints. Finally, 

in Chapter 5, some conclusions on the results are gathered, allowing a perspective on future work 

possibilities. 
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2.1. Alternative Splicing  

GE is the process by which information from a gene is used in the synthesis of a functional gene product. 

The first of its essential steps is transcription, by which a RNA molecule is synthetized from a DNA 

template. Upstream to the DNA transcription unit is the TATA-box, a smaller region (25-30 bps) that 

helps to position the complexes involved in transcription. Several transcription factor proteins (TFIID, 

TFIIA, and TFIIB) bind to specific DNA sequences in this region, preparing DNA to the binding of a 

suitable RNA polymerase. In eukaryotic cells there are three types of RNA polymerase (I, II and III) that 

are responsible for transcribing different types of genes. RNA polymerase I and III are responsible for 

the transcription of RNAs that play structural and catalytic roles (transfer RNAs, ribosomal RNAs and 

others). RNA polymerase II transcribes the majority of eukaryotic genes, including all those that encode 

proteins [9]. Once bound to the DNA, RNA polymerase starts to synthetize the premature messenger 

RNA (pre-mRNA) strand, releasing it when the end of the transcription unit is reached [10]. Most pre-

mRNAs are composed by introns and exons. Introns are non-coding regions that are generally removed 

during the splicing process (see below). Exons are the coding regions. These can be alternative exons, 

that may or may not be included in an isoform (i.e. any of several different mRNA forms from the same 

gene), or constitutive exons, that are included in all isoforms [11]. 

Splicing is part of pre-mRNA processing, which also comprises the adding of a methylated cap, soon 

after RNA polymerase begins transcription, and a poly-adenylated tail (poly(A)-tail) [12] at the end.  

Capping and polyadenylation increase the stability of the mRNA and ensure that both ends of the mRNA 

are present and that the message is therefore complete before protein synthesis begins [15]. Splicing 

was first observed by Richard J. Roberts and Phillip A. Sharp in 1977. This remarkable discovery led to 

the awarding of the 1993 Nobel Prize in Physiology or Medicine [13]. In eukaryotes, splicing is performed 

by the spliceosome, a large complex molecular machine built in several steps. The spliceosome excises 

the intron, which is well defined by nucleotide sequences. The beginning of the intron (also known as 

the 5’ splice site) is defined by the GU nucleotide sequence. The end of the intron (also known as the 3’ 

splice site) is defined by the AG nucleotide sequence and a variable length of upstream polypyrimidines, 

called the polypyrimidine tract (PPT), which serves the dual function of recruiting factors to the 3' splice 

site and to the branch point sequence (BPS). The BPS contains the conserved Adenosine required for 

the first step of splicing (Figure 1). The formation of the spliceosome requires the activity of at least 170 

distinct proteins and 5 U-rich small nuclear RNAs (snRNAs) (U1, U2, U4, U5 and U6) that are the core 

of the major spliceosome. There is also a minor spliceosome that, by using a similar mechanism but 

some different snRNAs (for example, U11, U12, U4atac, and U6atac in place of U1, U2, U4, and U6), 

excises less than 1% of introns. The assembly of the spliceosome starts with two small nuclear 

ribonucleoproteins (snRNPs) binding to the intron through their snRNA components: U1 binds to the GU 

site and U2 binds to a location nearby, interacting with the BPS. The PPT functions as a binding platform 

for the U2 snRNP auxiliary factor (U2AF). Then three other snRNPs (U4, U5 and U6) and interactions 

between their protein components drive the assembly of the complete spliceosome. The complex 

undergoes a conformational change and splicing may begin. The GU site is cleaved and forms a lariat 
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with the A nucleotide at the branch point. Finally, the intron is cleaved at the AG sequence and the exons 

are ligated together [12, 14].   

 

Figure 1 – Splicing: U1 binds to the 5’ splice site (GU nucleotide sequence) and U2 binds to BPS. Three other 

small nuclear ribonucleoproteins (U4, U5 and U6) and interactions between their protein components drive the 

assembly of the complete spliceosome. The product of the splicing process is a functional mRNA [9]. 

It is important to stress that the splicing of a pre-mRNA does not always give origin to the same isoform, 

due to AS. AS was first reported by P. Early and colleagues in 1980, when they observed that two 

different mRNAs could be produced from a single immunoglobulin  gene [16]. Today, more than 30 

years later, the scientific community has a deeper but not yet complete understanding of how AS is 

regulated. Based on high-throughput sequencing assays, it is estimated that at least 95% of human pre-

mRNA undergo AS [17]. 

There are several AS basic mechanisms, described in Table 1 [18]. The first two mechanisms are 

characterized by the use of alternative splice junctions, thus changing the boundary of the upstream (5' 

splice-site choice) or downstream (3' splice-site choice) exon. The other mechanisms have self-

explanatory names. The mature mRNA is originated through the combination of one or more of these 

mechanisms, being exon skipping (or cassette exon) the most common of these in mammals [13]. 

Naturally, a gene containing a larger number of alternative exons can give origin to a larger set of 

different mRNAs since the number of possible combinations is greater [20]. 
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AS mechanism Acronym Schematic representation 

Alternative 3ʹ splice-site selection A3SS 

 

Alternative 5ʹ splice-site selection A5SS 

 

Alternative first exon AFE 

 

Alternative last exon ALE 

 

Mutually exclusive exons MXE 

 

Intron Retention RI 
 

Skipped exon SE 

 
Table 1 - Schematics and acronyms of the different types of AS [21]. 

The biomechanics involved in splice-site selection, and therefore AS, remains incompletely understood. 

However, it is known that this selection is done by an interplay between RNA-binding proteins and RNA 

regulatory sequences. Most of the identified RNA-binding proteins are ubiquitously expressed, even 

though their abundances can differ between tissues. The most studied splicing regulators belong to the 

SR-protein and hnRNP families. The SR-protein family members contain domains composed of 

extensive repeats of serine (S) and arginine (R), hence the name, and are thought to activate splicing 

by binding mostly to exonic sequences and recruiting spliceosomal components. The hnRNP 

(heterogeneous nuclear ribonucleoprotein) family members, on the other hand, are thought to repress 

splicing by binding to both exonic and intronic sequences and interfering with the ability of the 

spliceosome to act on those sites [20].  

The splicing patterns, i.e. the relative proportion of different mRNA isoforms originated from the same 

gene, evidenced by a cell vary in accordance to a large number of factors, such as the type of tissue in 

which the cell is inserted, the developmental stage of the cell or its differentiation level [20]. Given this 

tissue-specificity of AS, cellular programs altered in oncogenesis may also be associated with 

deregulated splicing patterns [7]. 

 

2.2. Cancer hallmarks and splicing 

Hanahan and Weingberg proposed 8 cancer hallmarks: limitless replicative potential, survival (evading 

apoptosis), invasion and metastasis, immune escape, insensitivity to growth inhibitors, growth factor 

self-sufficiency, cellular hyperenergetics, and angiogenesis (Figure 2) [6].  As the cell moves through 

the oncogenic process, its splicing patterns are altered.  In fact, each of the 8 suggested hallmarks of 
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cancer is associated with switches in AS [6]. Therefore, it is reasonable to assume that AS can play a 

crucial part in tumour evolution. 

 

 

Figure 2- The Hallmarks of cancer [7]. 

 

2.2.1. Limitless replicative potential 

The ability to avoid the cellular senescence process resulting from shortening of telomeres (region of 

repetitive nucleotide sequences at each end of a chromatid, which protects the end of the chromosome 

from deterioration or from fusion with neighbouring chromosomes) is a key property of cancer cells. 

Activation of telomerase and high activity is thought to occur in over 90% of cancers [22]. It is not clear 

how AS regulates this process but several splicing isoforms of hTERT, an important component of 

telomerase activity, have been reported. These result in shorter proteins that are thought to affect the 

expression and activity of telomerase through dominant-negative properties (by acting antagonistically 

to its wild-type). These abnormal splicing isoforms have been detected in various cancers, such as 

breast and gastric cancer and during lymphoma development [7]. 

 

2.2.2. Survival by apoptosis evasion 

Apoptosis is the process of programmed cell death. This process is triggered by a number of stimuli, 

internal or external, that may lead to the malfunctioning of the cell. Cancer cells, however, are able to 

avoid apoptosis. 
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This is the most studied cancer hallmark in relation to AS [7]. Research has focused on two splicing 

variants of Bcl-x which result from an alternative 5' splice-site choice producing a pro-apoptotic short 

isoform (Bcl-xs) and an antiapoptotic long one (Bcl-xl). The production of these two isoforms is 

unbalanced in a large number of cancer cell lines and human cancer samples [23, 24, 25]. The regulation 

of the production of these two isoforms is done by several splicing factors (for example, hnRNPs A1 and 

H/F, Sam 68), conditions and signalling pathways (for example, ceramide, which upregulates Bcl-xs, 

and protein kinase C, which downregulates the same isoform) [7]. 

Cancer cells manipulate AS in order to enhance the expression of pro-apoptotic isoforms and diminish 

antiapoptotic isoform expression. RBM5, a RNA-binding protein with properties of a splicing factor, is 

abnormally expressed in lung and breast tumours. This protein regulates Fas receptor exon 6 splicing, 

giving origin to either the membrane-bound Fas receptor with pro-apoptotic function or the soluble form 

of the receptor, which is antiapoptotic. Part of intron 8 retention results in a splice isoform of caspase 8 

(caspase 8L), which has antiapoptotic properties. Exclusion of exons 3, 4, 5 and 6 in caspase 9 results 

in a smaller protein with antiapoptotic functions, reported to be expressed in several cancer cell lines 

[26, 27]. The exclusion of caspase 9 exon is regulated by SRSF1 and SRSF2 (SC35), which also 

regulates Bcl-x splicing-ceramide. Also, the transcription factor E2F1 and splicing factor SRSF2 

coordinated action regulates splicing switches between pro and antiapoptotic isoforms of four genes: c-

flip, caspase 8, caspase 9 and Bcl-x [7]. 

A study by the Chabot Laboratory showed that 20 anticancer drugs are able to shift splicing patterns of 

several apoptotic genes towards promoting apoptosis in several cancer cell lines [28]. This underscores 

that the understanding of the relationship between AS and cancer is important not only for understanding 

cancer biology, but also for developing new effective therapeutics.  

 

2.2.3. Invasion and metastasis 

Over 90% of cancer-related deaths are due to metastasis [29]. The metastatic process is very complex: 

cells need to be able to leave the primary tumour, intravasate, survive in blood, extravasate and colonise 

the target tissue. To do so, an incredible phenotypic plasticity is needed. This plasticity can be achieved 

through epithelial-mesenchymal transition (EMT) and the reverse transitions. EMT is a process by which 

epithelial cells lose their cell polarity and cell-cell adhesion, and gain migratory and invasive properties 

to become mesenchymal stem cells. As one would expect, such a complex process cannot happen 

without highly complex changes in GE. EMT and its reverse process occur normally during 

embryogenesis and wound healing. However, these processes are hijacked in cancer progression 

steps, including invasion and angiogenesis [7]. The numerous associated GE changes are controlled 

by certain transcription factors (for example, twist, snail, zeb 1 and 2). Recently a novel epithelial-specific 

splice factor, epithelial splicing regulatory protein (ESPR) (isoforms 1 and 2), has been shown to be a 

master regulator of AS events induced during EMT [18]. ESRP expression is controlled by several 

transcription factors, including the aforementioned snail and TGF-β, a major regulator of EMT and EMT-
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associated transcription factors [7]. TGF-β AS variants have been reported to be heterogeneously 

expressed in prostate cancer cells [31]. 

The list of EMT-related genes that have AS variants associated with cancer progression is a long one. 

For instance, skipping of exon 11 of E-cadherin, a cell-to-cell adhesion molecule that is downregulated 

in EMT, results in a splice variant that is upregulated in several cancers. Another interesting example is 

Rac1b, a splice isoform used as a signalling mediator instead of the final effector, whose expression is 

stimulated by metalloproteinase-3 and in turn upregulates Snail and induces EMT. It is important to refer 

that many AS events in EMT-related genes have been shown to be under the control of SRSF1 [7]. 

 

2.2.4. Immune escape 

Tumour cells are identified by the organism as abnormal phenotypes, which activate immune responses. 

However, tumour cells are able to avoid recognition and destruction by immune cells. One of the 

mechanisms used by these cells to evade immune response is the use of unusual human leukocyte 

antigen (HLA) molecules such as HLA-G, which inhibits immunocompetent cells. This molecule is not 

expressed under normal conditions but it is highly expressed in various tumour types [7]. 

 

2.2.5. Insensitivity to growth inhibitors 

The oncogenic process is also responsible for disrupting the normal cellular growth regulation. The most 

studied molecules in this class are tumour suppressors p53 and retinoblastoma protein [7]. 

The tumour suppressor p53 is a transcription factor that coordinates cell-cycle arrest in responses to 

many cellular stresses and injuries. A dominant-negative splice variant of p53 is DNp53. This variant 

lacks the first 40 amino acids of the wild type but it is still able to bind DNA, thus competing against wild-

type p53 and affecting its normal function. Additionally, p53 is stabilised by SRSF1 binding to 

RPL5/MDM2 ribosomal-protein complex in the cytoplasm, so phosphorylation and nuclear localisation 

of SRSF1 are likely to lead to p53 degradation and proliferation [7]. This alteration has been detected in 

retinoblastoma [32, 33]. 

 

2.2.6. Growth factor self-sufficiency  

In a normal state, the proliferation of cells is limited, being controlled by a complex network of signalling 

pathways responding to growth factors and their receptors. Through the abnormal modification of these 

pathways and expression of their messengers and effectors, tumours cells are able to limitlessly 
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replicate themselves. To achieve this limitless replicative potential, splicing patterns are often modified 

in order to preferentially express isoforms that promote and maintain the cell proliferation [7].  

One of the growth factors playing a central role in the control of cell proliferation is the epidermal growth 

factor receptor (EGFR), which is a member of the receptor tyrosine kinases family. EGFR achieves this 

control through activation by EGF-ligand binding and downstream signalling mediators such as Akt, 

JAK/STAT or ERK. In several cancers, such as gliomas, prostate and ovarian cancers, a splice variant 

lacking exon 4 (de4 EGFR) is highly expressed. The missing exon translates functionally into a receptor 

that is constitutively active and promotes proliferation [7].  

Another example is the BRaf mutation in over 50% of melanomas. BRaf is a member of the Raf kinase 

family of growth signal transduction protein kinases. Inhibitors against this mutant BRaf have been 

developed and are in clinical use. However, these isoforms develop resistance against these inhibitors 

[34]. 

KRas mutation is also associated with many cancers (most prominently colon cancer). Kras is a member 

of the Ras family of GTPases, which is an important element in cell proliferation control, differentiation 

and migration. Two splice isoforms that include alternate cassette exon 4 (KRas 4A and 4B) are strongly 

correlated with several colon cancer properties, such as left colon location, size of the tumour and 

histological subtype [7].  

Similarly, mutations and deregulated activity of the PTEN tumour suppressor, a phosphatase essential 

for regulating the cell cycle, are described in many cancers. Two splice  variants  of  PTEN, characterised  

by  intron  3  and  intron  5  retention,  are  strongly associated with breast cancer [7. 

 

2.2.7. Cellular hyperenergetics 

Under normal conditions the primary process by which cells produce energy is oxidative 

phosphorylation. When lacking proper oxygen supply, the glycolytic pathway is switched on. Cancer 

cells, independently of the amount of oxygen available, use glucose as their primary energetic source, 

via a process termed as aerobic glycolysis. This process, although much less efficient than oxidative 

phosphorylation, is used by tumour cells to produce needed intermediates to supply the high demands 

of biosynthesis [7]. 

PKM (pyruvate kinase), which has two splice isoforms, PKM1 and PKM2, is abnormally expressed in 

tumour cells. PKM1, which stimulates oxidative phosphorylation, is normally expressed in adult life, 

whereas PKM2 is a promoter of aerobic glycolysis that is normally only expressed during embryonic 

development. However, PKM2 is reported to be re-expressed in numerous cancers. The regulation of 

PKM isoforms ratio involves c-Myc pathway and ribonucleoproteins hnRNP A1, A2 and PTB [7].  
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2.2.8. Angiogenesis 

Angiogenesis is the process by which new blood vessels are created. This is an import hallmark of 

cancer, since the creation of new blood vessels allows for a more efficient vascularization of the tumour.  

In almost every form of cancer the main angiogenic molecules are VEGFs. These molecules act as 

principal mediators of metastasis through the lymphatic system. The VEGF family of ligands and 

receptors are regulated by AS. The most studied members of this family are VEGF-A isoforms 

(angiogenic VEGFxxx and VEGFxxxb), VEGF-C and placental growth factor. The most well-characterised 

splice variants contributing to angiogenesis result from alternative splice sites found in the terminal exon 

8 of the VEGF-A. One splice variant (VEGF-A165) is highly angiogenic and upregulated in tumours, 

whereas the other splice variant (VEGF-A165b) is expressed in normal tissues and downregulated in 

colon, renal and prostate cancer and metastatic melanoma [7]. 

The splicing pattern of VEGF is altered in various types of cancers. For instance, VEGF165b was first 

detected in renal cortex, yet it was not present in renal carcinoma [7]. In non-VHL renal cell carcinoma, 

VEGF is spliced exclusively as the pro-angiogenic forms, thus disrupting the 50-50 expression 

proportion of VEGF165b and VEGF165 found in normal renal glomerular epithelial cells. There is 

downregulation of VEGF165b and/or upregulation of VEGF165 in renal, prostate, melanoma, 

neuroblastoma, colorectal and bladder cancers [35]. 

 

2.3. Renal clear cell carcinoma 

Kidney cancer, or renal cell carcinoma (RCC) are a common group of chemotherapy resistant diseases 

[36]. RCC is the twelfth most common cancer in the world and in Europe alone it is estimated that each 

year there are approximately 102 000 new cases and 45 000 deaths [37, 38]. The most common type 

of RCC is ccRCC, which underlies alterations in genes controlling cellular oxygen sensing (for example, 

VHL) and the maintenance of chromatin states (for example, PBRM1) [36]. 

A recent study revealed that, although the analysed ccRCC samples had fewer somatic copy number 

alterations (i.e. variations in the number of copies of sections of genomic DNA) than most cancers, when 

those were observed they more commonly involved the entire chromosome or chromosomal arms rather 

than focal events. The most frequent event involved the loss of chromosome 3p that encompassed all 

of the four most commonly mutated genes (VHL, PBRM1, BAP1 and SETD2) [36]. 

The same study also observed arm level losses on chromosome 14q, associated with the loss of HIF1A 

(that plays an essential role in cellular and systemic responses to hypoxia) in 45% of the studied 

samples. Gains of 5q were observed in 67% of samples and additional focal amplifications refined the 

region of interest to 60 genes in 5q35. Focal amplification also implicated PRKCI (a protein kinase C 

member), and the MDS1 and EVI1 complex locus MECOM at 3p26, the p53 regulator MDM4 at 1q32, 

MYC at 8q24 and JAK2 on 9p24. Focally deleted regions included the tumour suppressor genes 



14 
 

CDKN2A at 9p21 and PTEN at 10q23, putative tumour suppressor genes NEGR1 at 1p31, QKI at 6q26, 

and CADM2 at 3p12 and the genes that are frequently deleted in cancer, PTPRD at 9p23 and NRXN3 

at 14q24 [36]. 

The same study also identified nineteen significantly mutated genes, with VHL, PBRM1, SETD2, 

KDM5C, PTEN, BAP1, MTOR and TP53 representing the eight most extreme members [36]. 

 

2.4. Transcriptome studies 

Each hallmark of cancer is associated with alterations in splicing patterns, suggesting that splicing 

regulation may play a crucial part in tumour evolution [7]. Transcriptome studies may therefore reveal 

keys to the understanding of cancer biology [8]. 

Recent advancements in NGS technologies are revolutionizing cancer genomic studies. Such 

methodologies can also be used to profile cancer transcriptomes and most molecular oncogenic 

mechanisms ultimately involve transcriptomic variation. 

The analyses of GE and AS from RNA-seq datasets (comprising millions of transcriptomic sequence 

reads) can be performed using established bioinformatics tools, such as TopHat, Cufflinks and MISO. 

The RNA-seq technology, as well as TopHat, Cufflinks and MISO, are described in the next sections.    

In addition, a summarized description of these tools is available on Appendix A.   

 

2.4.1. RNA-seq 

RNA-seq is a recently developed technology for transcriptome profiling that uses NGS to sequence DNA 

molecules reversely transcribed from RNAs. By using RNA-seq one can not only measure GE levels 

with an unmatched precision but also discover and quantify previously unknown transcripts and splicing 

isoforms [8, 39]. 

The RNA-seq protocol can be divided into 2 major steps:  cDNA library construction and sequencing. 

 

2.4.1.1. Library construction  

The first step is to extract RNA from the sample to be studied. Generally the RNA molecules go through 

a selection process in order to guarantee that the sequencing capacity is mostly used on RNAs of 

interest. That selection process thus varies according to the molecules one intends to study. For 

instance, when the goal is to study mRNAs, oligo-dT primers are used to select the RNAs with poly-A 

tails. When the study target are micro RNAs (miRNAs), a size selection is the adopted selection method 

[8]. 
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The subset is then fragmented into short pieces usually by RNA hydrolysis or nebulization [39]. 

Thereafter the fragments are transcribed into double-stranded cDNAs, which go through end-repair, 3' 

adenylation and adaptor ligation. Next the cDNAs go through PCR amplification and size selection, since 

the sequencing read length is limited. Finally, the cDNAs are denatured and ready for sequencing. The 

process is schematized in Figure 3. 

 

Figure 3- cDNA library construction phases. The extracted RNA is fragmented and reversely transcripted. The 

originating cDNA suffers end-repair, adaptor ligation, followed by PCR amplification, and ultimately it is denatured 

[8]. 

 

2.4.1.2. Sequencing 

There are several NGS platforms available, having different sequencing lengths, costs per nucleotide 

and throughput. The most used platform is Illumina/Solexa, which has a very high throughput, a 

reasonable cost per nucleotide and sequencing lengths from 30 to 120 bases [8]. 

Illumina/Solexa reads transpire in the following manner, schematized in Figure 4: the single-strand 

cDNAs adhere to a flowcell by flexible linkers. After a number of bridge PCR cycles, clusters are formed 

and these are sequenced by synthesis at each cluster in parallel. Fluorescent complementing dNTPs 

are incorporated with the single-strand DNAs and a series of high-resolution digital images is captured. 

Using base calling software and image processing the sequences are read from the captured images. 

The obtained reads are commonly saved in a FASTQ format file (.fq extension), with nucleotide letters 

and quality scores accompanying each letter. Resorting to bioinformatics tools, such as TopHat [40], 

FASTQ files can be used to calculate the composition and abundance of RNAs by aligning the reads to 

a reference genome and then counting the number of reads mapping to each gene or transcript [8].  
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Figure 4- cDNA sequencing phases using Illumina/Solexa. Single-strand DNAs adhere to the flowcell by flexible 

linkers. They grow into clusters and, after a number of bridge PCR cycles, fluorescenced dNTPs are incorporated 

with the single-strand DNAs in the clusters according to nucleotide complementation. The sequences are read out 

from these images by image-processing and base-calling software [8]. 

 

2.4.2. TopHat 

TopHat is a fast splice junction mapper for RNA-Seq reads. Contrary to most of the other currently 

available software for aligning RNA-seq data to a genome, TopHat does not rely on known splice 

junctions [40]. This particularity makes TopHat able to identify previously unknown splice variants of 

genes. TopHat is an efficient alignment software, mapping nearly 2.2 million reads per CPU hour 

(corresponding to TopHat using 100% of CPU during one hour) [40]. TopHat is implemented in C++ and 

Python, and runs on Linux and Mac OS X operating systems. It makes substantial use of Bowtie (an 

ultrafast memory-efficient short read aligner [41]), Maq (that builds mapping assemblies by aligning short 

reads to reference sequences [42]) and the SeqAn library (an open source C++ library of efficient 

algorithms and data structures for the analysis of sequences with the focus on biological data [43]). 

TopHat finds junctions by mapping reads from FASTQ files to a reference genome. This is an efficient 

process that divides itself into 2 stages.  

Firstly, all reads are mapped against a reference genome using Bowtie. Those that do not map to the 
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genome are set aside as initially unmapped reads (IUM reads). For each read, TopHat allows Bowtie to 

report one or more alignments (so called multireads). To avoid alignments to low complexity sequences, 

a maximum number of reported alignments is set (by default 10). When Bowtie reports more alignments 

than the maximum allowed, the read is simply discarded [40]. Note that the reported alignments are not 

mismatch-free. By default, 2 mismatches are allowed for the 5’ end of each read. For the 3’ end of each 

read additional mismatches are allowed. The accuracy of each base calling is classified using Phred 

quality scores, defined as a property which is logarithmically related to the base-calling error 

probabilities. These quality scores range from 4 to about 60, with higher values corresponding to higher 

quality. The maximum permitted total of quality values at mismatched read positions is the quality-

weighted hamming distance or Q-distance which cannot be higher than 70 by default for reads in the 3’ 

end (this threshold can be changed by the user) [40, 44, 45].  

The second stage consists of assembling the mapped reads, resorting to the assembly module in Maq.  

First off, TopHat determines the island sequences (close sequences from the sparse consensus that are 

assumed to be putative exons). To accomplish this task, TopHat invokes Maq’s assemble command, 

which generates a compact consensus file containing the called bases and the corresponding bases in 

the reference genome. These islands may have incorrect base calls, making them pseudoconsensus. 

Incorrect base calling might be due to sequencing errors in low-coverage regions [40]. TopHat includes 

a small amount of flanking sequence from the reference genome on both sides of each island (45 bp, 

by default), to guarantee that donor and acceptor sites from flanking introns will be captured. These 

sequences are added because most reads covering the ends of exons will also span splice junctions. 

Thus the ends of exons in the pseudoconsensus will initially be covered by few reads and, as a result, 

an exon’s pseudoconsensus will likely be missing a small amount of sequence on each end [40].  

Another important parameter of TopHat is the longest coverage gap allowed in a single island. Exons 

adjacent to a gap with a length shorter than the predefine value are merged into a single exon. By 

default, this value is 6 bp but, since introns shorter than 70 bps are rare in mammalian genomes, any 

smaller value is an acceptable threshold [40].  

To map reads to splice junctions, TopHat first enumerates all canonical donor and acceptor sites within 

the island sequences. Then it considers all pairings of these sites that could form canonical GT-AG 

introns between close islands. These possible introns are checked against the IUM reads looking for 

reads that span the splice junction. By default, TopHat only examines introns longer than 70 bp and 

shorter than 20 000 bp, since this is the length of most known eukaryotic introns. If the user opts to, 

these values can be changed [40]. For each splice junction, TopHat searches the IUM reads to find 

reads that span junctions using a seed-and-extend approach. The seed is formed by combining a small 

amount of sequence upstream of the donor and downstream of the acceptor, as seen in figure 5 (seed 

- dark grey sequences) [40]. 
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Figure 5- Seed-and-extend strategy adopted by TopHat. The seed, in dark grey, is originated from the combination 

of a small amount of sequence from both the acceptor and donor of the junction [40]. 

To improve running time and avoid reporting false positives, TopHat rejects donor-acceptor pairs from 

the same island, unless this island is highly covered. Figure 6 shows two alternative transcripts from 

one gene, one transcript having an intron that overlaps an untranslated region (UTR) of the other 

transcript. This region is highly covered, making it clear that both transcripts are present in the RNA-seq 

and so TopHat reports this whole region as a single island [40].   

 

Figure 6- Example where donor and acceptor, of the junction, are from the same island. This junction is accepted 

because this region is highly covered [40]. 

Wang and colleagues [46] reported that analysis of mappings of sequence reads to exon-exon junctions 

indicated that 92-94% of human genes undergo AS, approximately 86% with a minor isoform frequency 

of 15% or more. Based on this conclusion, before reporting splice junctions, TopHat discards those that 

are estimated to occur at a frequency lower than 15% avoiding false junctions reports [40]. 

Finally, the algorithm reports all the spliced alignments it finds, and then it builds a set of non-redundant 

splice junctions using these alignments and the depth of coverage of the exons flanking them. 
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2.4.3. Cufflinks 

After obtaining the alignment files from TopHat, Cufflinks is used. This software and its many packages 

are able to assemble transcripts, estimate their abundances and test for differential expression and 

regulation in RNA-Seq samples [47]. 

To quantify GE from RNA-seq data with precision, one needs to identify which isoform of each gene 

corresponds to each read. This cannot, obviously, be done without knowing all the isoforms of that gene. 

Relying on previously available transcriptome annotations may lead to inaccurate expression values if 

those are incomplete. In order to avoid this, Cufflinks assembles individual transcripts from the RNA-

Seq reads that have been aligned to the reference genome. However, if the user opts to, the reads can 

be compared to a previously available annotation [48]. As previously explained, a gene may sometimes 

have multiple AS events, leading to multiple possible reconstructions of the gene model that explain the 

sequencing data. Therefore, Cufflinks reports a transcriptome assembly of the data containing the 

minimum number of full-length transcript fragments (transfrags) needed to justify all the splicing 

outcomes present in the input data [48]. 

Once the data is assembled, Cufflinks quantifies the expression level of each transfrag resorting to a 

rigorous statistical model in which the probability of observing each fragment is a linear function of the 

abundances of the transcripts from which it could have originated [49]. Based on these estimations 

Cufflinks will automatically discard transfrags that are significantly less abundant when compared to the 

others [48]. 

Another aspect to take into consideration when working with Cufflinks is the use of several replicate 

RNA-seq samples. Although the first instinct could be to bundle up the samples and analyse them 

together, this is not an efficient and effective approach. Firstly, because it becomes computationally 

demanding. Secondly, because the probability of incorrectly assembling the transcripts increases, given 

the added complexity that comes from analysing a potentially more diverse set of transcripts. Thirdly, 

merging samples leads to the loss of useful information about the biological/technical variability 

associated with replication, with implications on the statistical analysis of differential expression. The 

best strategy is therefore to analyse each RNA-seq sample individually and then merge the resulting 

assemblies using Cuffmerge [48]. 

Finally, another useful functionality of Cufflinks is the comparison between the obtained assemblies and 

a reference annotation using Cuffcompare. This allows users to identify previously unknown isoforms. 

Obviously, the user should validate experimentally these newly discovered isoforms, since this is a 

complex process and many errors may occur [48]. 

 

2.4.4. MISO 

Mixture-of-isoforms (MISO) is a probabilistic framework that quantitates the expression level of 
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alternatively spliced genes from RNA-Seq data and identifies differentially regulated isoforms or exons 

across samples [50]. 

To detect AS, MISO uses sequence reads aligned to splice-junction sequences. These sequences can 

be pre-computed from known or predicted exon-intron boundaries or discovered de novo using software 

such as TopHat [51]. An annotation of the AS events must also be provided. Annotations are available 

for the major classes of AS and alternative RNA processing events in the human (hg18, hg19), mouse 

(mm9, mm10) and fruit fly (modENCODE) genomes [52]. These annotations indicate the constitutively 

and alternatively spliced isoforms associated with each AS event.  Based on the provided annotation, 

MISO estimates the ‘percent spliced in’ (Ψ) associated with each event. Ψ is defined as the expression 

of constitutively spliced isoforms as a fraction of the total expression of both alternatively and 

constitutively spliced isoforms (Eq. 1) [51, 53]: 

 Ψ =
# of constitutively spliced isoforms reads

# of constitutively spliced isoforms reads + # of constitutively alternatively isoforms reads
, (Eq. 1) 

 

For instance, for a SE event the isoform containing a given cassette exon and the flanking constitutive 

exons is deemed the constitutively spliced isoform (inclusion reads) and the isoform containing only the 

flanking exons is the alternatively spliced isoform (exclusion reads) (Figure 7). 

 

Figure 7- SE event. Inclusion reads: reads aligned against the alternative exon or its junctions; exclusion reads: 

reads aligned against to the junction between constitutive exons; constitutive reads: reads that align to the body of 

flanking exons. 

The estimation algorithm is based on sampling and falls in the family of techniques known as Markov 

Chain Monte Carlo [50]. This estimation is endowed with several sources of bias in short read counts, 

including those due to the cDNA fragmentation and primer amplification steps of current RNA-seq 

protocols. Thus MISO outputs the lower and upper bounds of the 95% confidence interval on the Ψ 

estimate [53].  
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2.5. Hypothesis testing 

A hypothesis test is the testing of an assumption about a population parameter. There are always two 

statistical hypotheses: the null hypothesis (is usually the hypothesis that any differences between 

samples result purely from chance, generally denoted by H0) and the alternative hypothesis (the 

hypothesis that sample observations are influenced by some non-random cause, generally denoted by 

H1). The outcome of a hypothesis test is Reject H0 in favour of H1 or Do not reject H0. Two types of errors 

can result from a hypothesis test [54, 55]: 

 Type I error: the rejection of a null hypothesis when it is true. The probability of committing a Type 

I error is commonly known as 𝛼. 

 Type II error: the failure to reject of a null hypothesis that is false.  

 

2.5.1. P-value and 𝜶 

The p-value attests for the robustness of a hypothesis test, being simply the probability of rejecting H0 

when that hypothesis is actually true. This value is a conditional probability, in that its calculation is based 

on an assumption (condition) that H0 is true. This is the most critical concept to keep in mind as it means 

that one cannot infer from the p-value whether H0 is true or false [56]. 

Obviously a smaller p-value indicates a more robust result and values smaller or equal to 0.05 are 

generally regarded as acceptable p-values for the rejection of the null hypothesis. When multiple 

comparisons are made it is necessary to employ methods that ensure that the accepted p-values are 

not compromised.  These methods are necessary because when dealing with a large number of tests 

there is a high probability of observing at least one significant result just due to chance. For instance, 

considering an acceptable p-value of 0.05 and performing 30 tests, the probability of observing at least 

one significant result purely by chance is expressed in Eq. 2: 

 

𝑃(𝑎𝑡 𝑙𝑒𝑎𝑠𝑡 𝑜𝑛𝑒 𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑡 𝑟𝑒𝑠𝑢𝑙𝑡)

= 1 − 𝑃(𝑛𝑜 𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑡 𝑟𝑒𝑠𝑢𝑙𝑡𝑠) 

= 1 − (1 − 0.05)30 = 78.54%, 

(𝐸𝑞. 2) 

so the probability of getting at least one significant result, even if all tests are not actually significant, is 

78.54%. 

One of the most conservative and simpler multiple comparison correction methods is the Bonferroni 

correction. This method simply consists in dividing the initially accepted p-value, 𝛼, by the total of 

comparisons made, 𝑛, to obtain the adjusted acceptable p-value, 𝛼𝑎𝑑𝑗   [57]:    

 𝛼𝑎𝑑𝑗 =
𝛼

𝑛
. (Eq. 3) 

The Bonferroni correction, however, is a very conservative one. Less conservative and more popular 

approaches include the Benjamini–Hochberg procedure, developed by Benjamini and Hochberg in 
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1995. It aims to control the false discovery rate (FDR), i.e. the proportion of discoveries (significant 

results) that are actually false positives [58]. This technique is quite simple, considering tests for which 

the acceptable FDR, 𝑞, is 5%. The first step is to order the p-values from the smallest to the largest and 

then rank them, being the smallest value ranked with 𝑖 = 1  and the largest 𝑖 = 𝑛. Finally, the largest p-

value that respects Eq. 4 and all the smaller p-values are considered significant: 

 𝑝𝑖 <
𝑖

𝑛
𝑞. (Eq. 4) 

2.5.2. Student’s t-test  

In 1899, the prestigious brewery Guinness hired William Sealy Gosset and tasked him with studying the 

quality of the ingredients used to produce their beer. He soon realized that the statistical tests for 

averages available in that day and age were only suitable for large sample sizes and not for the small 

and cost-efficient samples available [59, 60]. Thus during a sabbatical leave Gosset developed 

Student’s t-test which he described in the paper The probable error of a mean [61]. This article was 

published under the alias Student (hence the name of the method) due to a Guinness policy that 

prohibited their staff to publish their scientific findings [62]. 

Student's t-test allows for the comparison of the means of two populations, even small size ones, 

assuming that these follow a near normal distribution and the compared population have an equal 

interval scale. A t-test is a statistical hypothesis test, with H0 being the hypothesis that the means of the 

compared populations are equal and H1 the hypothesis that the means of the compared populations are 

different [63]. In a t-test we assume H0 and then see if the data are sufficiently at odds with that 

assumption that we feel justified in rejecting H0 in favour of H1 [58]. The t-test statistic is expressed in 

Eq. 5: 

 
t =

x̅1 − x̅2

√
s1

n1
+

s2

n2

, 
(Eq.  5) 

where �̅�1 and �̅�2 are, respectively, the means of the first and second set of values, 𝑠1 and 𝑠2 the standard 

deviation, and 𝑛1 and 𝑛2 the size of each set of values. If one considers paired t-samples (where the 

compared populations are measurements from the same subjects but in different conditions) the applied 

formula changes slightly (Eq. 6), since the standard deviation (𝑠) and size (𝑛) is the same for both 

populations [64]: 

 
𝑡 =

x̅1 − x̅2
s

√n

. (Eq.  6) 

One rejects H0 if |𝑡| > 𝑡𝛼 , where 𝑡𝛼 is a tabulated value that depends upon the legth of the analysed 

samples and 𝛼 [65]. 

Nowadays, Student’s t-test applications go far beyond quality tests for beer ingredients. This popular 
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test is widely used in the fields of marketing, biology and medicine, among others. 

 

2.5.3. Wilcoxon signed-rank test 

If the analysed populations do not meet all the assumptions under which the t-test operates, we cannot 

reasonably apply that test. A non-parametric alternative for paired student’s t-test is the Wilcoxon 

Signed-Rank test. This test is suitable for populations that do not follow a normal distribution. As one 

would expect, the H0 and H1 hypotheses are the same as those of the t-test [66]. The procedure for this 

test is the following [67]: 

1. For each item in a sample of 𝑛 items, the difference score 𝐷𝑖 is computed, between the two paired 

values. 

2. The + and - signs are neglected and the set of 𝑛 absolute differences is listed. 

3. Any absolute difference score of zero is omitted from further analysis, thereby yielding a set of 𝑛’ 

nonzero absolute difference scores, where 𝑛′ ≤ 𝑛. After removing values with absolute difference 

scores of zero, 𝑛′ becomes the actual sample size. 

4. Ranks from 1 to 𝑛′ are assigned to each |𝐷𝑖|, the smallest absolute difference score gets rank 1 and 

the largest gets rank 𝑛′. If two or more |𝐷𝑖| are equal, the mean of the ranks they would have been 

assigned individually, if there were no repeated values, is assigned to each. 

5. The + or - signs are reassigned to each of the 𝑛′  ranks, resulting in 𝑅𝑖, depending on whether 𝐷𝑖 

was originally positive or negative. 

6. The Wilcoxon test statistic, 𝑊, is computed as the sum of the positive ranks (Eq. 7): 

 𝑊 = ∑ 𝑅𝑖
[+]

𝑛′

𝑖=1

. (𝐸𝑞. 7) 

For large samples (𝑛′ > 20) the Z𝑠𝑡𝑎𝑡 test statistic is expressed by Eq. 8: 

 

Zstat =
W −

n′(n′+1)

4

√
n′(n′+1)(2n′+1)

24

. 
(Eq. 8) 

 

One rejects H0 if |𝐙𝒔𝒕𝒂𝒕| > 𝑍𝛼 , where 𝑍𝛼 is a tabulated value that depends upon the size of the analysed 

samples and 𝛼 [68]. 
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2.5.4. One-sample Kolmogorov-Smirnov test 

The Kolmogorov-Smirnov test (K-S test) is a non-parametric test for the equality of continuous, one-

dimensional probability distributions. This test can be used to compare two samples (two-sample K–S 

test) or to compare a sample with a reference probability distribution (one-sample K–S test), thus 

allowing the user to verify if the analysed sample distributes itself in a similar fashion to the reference 

probability distribution [69]. The one-sample K-S test is commonly used to test for normality.  

The one sample K-S test is used to decide whether or not to reject H0 (the analysed sample comes from 

the reference probability distribution) in favour of H1 (the analysed sample does not come from the 

reference probability distribution). Considering a random sample 𝑋 = [𝑥1, 𝑥2, … , 𝑥𝑛] of size 𝑛 with 

unknown distribution denoted by 𝐹(𝑥), let 𝑆(𝑥) be the empirical distribution function based on the 

random sample 𝑋 and 𝐹∗(𝑥) a completely specified hypothesized distribution function.  The K-S test 

consists in the comparison of 𝑆(𝑥) with 𝐹∗(𝑥) to see if there is a good agreement. Let 𝑇 be the test 

statistic, the greatest vertical difference between 𝑆(𝑥) and 𝐹∗(𝑥) [70]. 

 𝑇 = supx|𝐹∗(𝑥) − 𝑆(𝑥)|. (Eq. 9) 

 If 𝑇 > 1 − 𝛼, H0 is rejected at the level of significance 𝛼. 

 

2.6. Dimension reduction and regression methods 

Regression analysis is a statistical method used to estimate the relationship among variables. In 

particular, the basic model of Multiple Linear Regression (used to find correlation between a set of 

independent variables and a given response) is expressed in Eq. 10: 

 𝑌 = �̂�𝑋 + 𝜀, (𝐸𝑞. 10) 

where 𝑌 is the response of the model, 𝑋 is the set of observations that explain the response  𝑌, �̂� is a 

vector containing the estimated coefficients and 𝜀 is the independent identically distributed normal error 

which is minimized in order to find �̂�. 

Dimension reduction methods are crucial when trying to decrease the number of predictors of a model. 

These methods are widely used in genomics, for instance. One of the more popular ones is the Tikhonov 

regularization also known as ridge regression [71]. This method is similar to least squares regression 

but the estimated coefficients tend towards zero, thus providing a larger decrease of the number of 

predictors used to explain the outcome of the model when compared to the latter method [72]. Ridge 

regression is expressed by the following equation: 

 �̂� = argminβ0,β∈ℝ (∑(𝑦𝑖 − 𝛽0 − 𝑥𝑖
𝑇𝛽)2 + 𝜆

𝑛

𝑖=1

∑ 𝛽𝑗
2

𝑝

𝑗=1

), (𝐸𝑞. 11) 

where �̂� is a vector containing the estimated coefficients, 𝑛 is the number of observations in the data 

set, 𝑦𝑖 is the response at observation 𝑖, 𝛽0 is a scalar that represents the interception of the function 
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derived by 𝛽 vector, which contains the coefficients attributed to each variable, 𝑥𝑖 is the observations 

registered for each predictor and  𝜆 is a positive regularization parameter. A bigger 𝜆 value reduces the 

number of nonzero components of 𝛽. ∑ 𝛽𝑗
2𝑝

𝑗=1  is known as 𝐿2 norm. Recently (1996) a similar method to 

ridge regression has been developed by Robert Tibshirani the lasso regression [73]. This method offers 

a more radical dimension reduction than the ridge regression. It is expressed by: 

 �̂� = argminβ0,β∈ℝ (
1

2𝑛
∑(𝑦𝑖 − 𝛽0 − 𝑥𝑖

𝑇𝛽)2 + 𝜆

𝑛

𝑖=1

∑|𝛽𝑗|

𝑝

𝑗=1

),  (𝐸𝑞. 12) 

∑ |𝛽𝑗|
𝑝
𝑗=1  is known as 𝐿1 norm. In 2003, Hui Zou and Trevor Hastie developed the elastic net regression 

[74]. This method is more flexible than the latter two since it combines the 𝐿1 and  𝐿2 norms, resulting in 

the combination of ridge and lasso regression, and it is expressed by the following equation: 

 

�̂� = argminβ0,β∈ℝ (
1

2𝑛
∑(𝑦𝑖 − 𝛽0 − 𝑥𝑖

𝑇𝛽)2 + 𝜆

𝑛

𝑖=1

∑ (𝛼|𝛽𝑗| +
1 − 𝛼

2
𝛽𝑗

2)

𝑝

𝑗=1

), (Eq. 13) 

where 𝛼 is a scalar, with a value between 0 and 1, that mediates the weight given to 𝐿1 and  𝐿2 norms. 

When 𝛼 = 1 elastic net regression is the same as lasso regression and when  𝛼 = 0 elastic net 

regression tends to ridge regression [73]. 

The aforementioned methods are often used with logistic regression. Logistic regression is a linear 

model for classification thus, it minimizes a hit or miss cost function rather than the sum of square 

residuals (as in ordinary regression) [74, 75]. It is applied to models with binary outcomes and it is 

expressed by the following equation:  

 
𝑃(𝑦 = 1| 𝑥𝑖 , �̂�) =

e𝑥𝑖�̂�

1 + e𝑥𝑖�̂�
. (Eq. 14) 

Cross-validation is a standard method for evaluating the performance of a model. This method consists 

in the separation of the data set into training set or sets (which are used to develop the model) and a 

test set, which is set aside and used to test the performance of the model.  There are several kinds of 

cross validation. The most basic one is the holdout method, which consists simply in randomly dividing 

the available data into two sets: a training set used to develop the model and a test set used to evaluate 

the model. A more complex method is K-fold cross-validation. In this kind of cross-validation the data is 

randomly divided into K subsets, then K-1 subsets are used to compute the model and the subset left 

out serves as a test set. This procedure is repeated K times, ensuring that each data point is used both 

as training and testing data. This method is less efficient than the holdout model, yet it provides a more 

robust approach [75]. The performance of the model is measured using either mean squared error (Eq. 

15):  

 𝑚𝑒𝑎𝑛 𝑠𝑞𝑢𝑎𝑟𝑒𝑑 𝑒𝑟𝑟𝑜𝑟 =
1

𝑛
∑(�̂�𝑖 − 𝑌𝑖)

2
𝑛

𝑖=1

, (𝐸𝑞. 15) 

where �̂�𝑖 is the predicted value for observation 𝑖 and 𝑌𝑖 its true value. When evaluating models with 

continuous outcomes or deviance (D, Eq. 16) for models with dichotomous outcomes: 
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 𝐷(𝑦) = −2 (log (𝑝(𝑦|�̂�0)) − log (𝑝(𝑦|�̂�𝑆))), (𝐸𝑞. 16) 

where �̂�0 denotes the values of the parameters for the fitted model, while �̂�𝑆 denotes the parameters for 

the saturated model. 

Once the binary model is developed, it needs to be tuned, i.e. we need to estimate the threshold that 

differentiates 0 and 1 response of the model. To that end receiver operating characteristic (ROC) is 

generally the method of choice. This metric is used to check the quality of classifiers. For each class of 

a classifier, ROC applies threshold values across the interval [0, 1] to outputs. For each threshold, two 

values are calculated, the True Positive Ratio (the number of outputs greater or equal to the threshold, 

divided by the number of one targets), and the False Positive Ratio (the number of outputs less than the 

threshold, divided by the number of zero targets) [76]. The most commonly used global index of 

diagnostic accuracy is the area under the ROC curve (AUC). Values of AUC close to 1.0 indicate that 

the marker has high diagnostic accuracy. 

 

2.7. Correlation 

Correlation is a statistical technique that can show whether and how strongly pairs of variables are 

related. There are many correlation tests, such as Pearson product-moment and Spearman's rank. 

Pearson product-moment correlation coefficient is a measure of the strength of a linear association 

between two variables [77].  

Similarly, Spearman's rank correlation coefficient is used to measure the strength of a monotonic (but 

not necessarily linear) association between two variables [78]. 

 

2.8. Survival analysis 

Survival analysis consists of time-to-event analysis, i.e. the time until an occurrence of interest takes 

place such as death, infection and mechanical failure, among others [79]. A basic and important concept 

in survival analysis is censoring. If for a given subject the event of interest does not occur while the study 

is in progress or the subject abandons the study for some reason, the exact time for the occurrence of 

the event of interest is unknown and the subject is censored [79]. 

A very common method used in survival analysis is Cox Regression Model or Proportional Hazard. This 

model is a statistical method for investigating the effect of several variables (covariates) upon the time 

a specified event takes to happen [80]. The method does not assume any particular survival model but 

it is not truly non-parametric because it does assume that the effects of the predictor variables upon 

survival are constant over time and are additive in one scale [81]. The Cox regression model is 

expressed by the following equation: 
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 ℎ(𝑡) = ℎ0(𝑡) 𝑒𝑥𝑝(𝛽′𝑥), (Eq. 17) 

where ℎ0(𝑡) is a baseline, 𝛽 is a p-vector of regression coefficients (which give the proportional change 

that can be expected in the hazard related to changes in the corresponding covariate) and 𝑥 is a vector 

of p covariates [81]. 

In survival analysis, another useful method is the Kaplan-Meier estimator. This method allows for the 

estimation of the proportion of the population that would survive a given length of time under the same 

circumstances [80]. This estimator follows this simple expression: 

 𝑆(𝑡) =
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠 𝑎𝑡 𝑟𝑖𝑠𝑘 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠
. (Eq. 18) 

This expression allows for the construction of a survival curve, which is a step function. The comparison 

of survival curves corresponding to two or more groups of subjects is done resorting to logrank test [80]. 

This is a non-parametric hypothesis test widely used in clinical trials. For instance, it allows for the 

comparison of the survival of two different groups subjected to different conditions (for example one 

group taking drug A vs. one taking drug B).    

 

2.9. Knowledge-based tools for biological interpretation of results 

Several knowledge-based bioinformatics tools (i.e., systems based on stored complex information, 

structured or not) can be used for the biological interpretation of data analysis results, namely in order 

to get a sense of which biological processes are most prominent to the biological phenomena under 

study or to identify associated putative changes in critical pathways. There are many online tools 

developed for that purpose, such as DAVID and GSEA described below. 

 

2.9.1. DAVID bioinformatics resources 

The Database for Annotation, Visualization and Integration Discovery (DAVID) consists of an online 

(http://david.abcc.ncifcrf.gov) integrated biological knowledge base and analytic tools aiming at 

systematically extracting biological meaning from large gene/protein lists [82].  

High-throughput genomic, proteomic and bioinformatics scanning approaches allow for the study of a 

significantly large number of biological mechanism which often results in an extensive list of interesting 

genes. Biological analysis and interpretation of these results is a complex matter for which DAVID 

proves itself useful. The procedure starts by simply uploading a list of genes of interest. DAVID currently 

collects and integrates over 40 publicly available annotation categories, including GO terms, protein–
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protein interactions, protein functional domains, bio-pathways, gene functional summaries, gene tissue 

expression and literature, among others [82]. 

To take advantage of the wide variety of annotation categories that DAVID integrates, the user has at 

his disposal useful tools such as: Gene Name Batch Viewer (searches functionally related genes within 

and out the uploaded list), Gene Functional Classification (reduces large lists of genes into functionally 

related groups of genes, thus unravelling the biological content captured by high throughput 

technologies) and Functional Annotation (gene-annotation enrichment analysis, functional annotation 

clustering (Figure 8), BioCarta & KEGG pathway mapping, gene-disease association, homologue 

match, ID translation, literature match and more) [83].  

To calculate the degree of enrichment, DAVID takes into account the background of genes. If the user 

does not define a background DAVID will, by default, set the human genome as background. If the user 

does decide to define a background, it can do so simply by uploading the background gene list. Although 

there is no gold standard to define the background, a general guideline is to use the list of genes that 

have a chance of being selected in the study [82]. The measure of the magnitude of enrichment is quite 

simple. As an example, let’s assume 10% of user's genes are kinases, knowing that 1% of genes in the 

human genome (background population) are kinases. Thus, the fold enrichment is tenfold. Fold 

enrichment 1.5 and above are generally regarded as interesting [84]. Associated to the fold enrichment 

value is the EASE score, a modified and more conservative Fischer’s exact p-value. Let’s consider a 

hypothetical example: in the human genome background (30000 genes in total), 40 genes are involved 

in the p53 signalling pathway (Table 2). In a given list of 300 genes, 3 are found to belong to the p53 

signalling pathway. Then we ask the question if 3/300 is more than random chance when compared to 

the human background of 40/30000 [85]. 

 

Table 2- Hypothetical example of Fischer exact p-value and EASE p-value calculation. EASE p-value calculation 

is a more conservative approach which considers 2 (3-1) instead of 3 in t [85]. 

Applying a multivariate generalization of the hypergeometric probability function, the Fischer ’s exact p-

value is: 

 p =

(
40 + 3

3
) (29 960 + 297

297
)

(29 960 + 3 + 40 + 297 
297 + 3

)

= 0.008, (Eq. 19) 

whereas the EASE score is: 

 p =

(
40 + 2

2
) (29 960 + 297

297
)

(29 960 + 2 + 40 + 297 
297 + 2

)

= 0.06, (Eq. 20) 
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Considering the Fischer’s exact p-value, the user could consider that the analysed gene list was 

specifically associated (enriched) in p53 signalling pathway (p<0.05). However, considering the EASE 

score this user gene list is specifically associated (enriched) in p53 signalling pathway no more than 

random chance (p>0.05) [85].  

 

Figure 8- Functional Annotation Clustering Interface with captions [86]. 

 

2.9.2. Gene Set Enrichment Analysis 

Gene Set Enrichment Analysis (GSEA) is a computational method that determines whether a previously 

defined set of genes shows statistically significant, concordant differences between two biological states 

(classes) [87]. 

The user must provide a GE dataset. The genes of that dataset will be ranked based on the correlation 

between their expression and the class distinction by using any suitable metric producing an ordered 

list 𝐿. Given an a priori defined set of genes 𝑆 (prepared by the user or one of the multiple gene sets 

from reliable databases that GSEA integrates), the goal of GSEA is to determine whether the members 

of 𝑆 are randomly distributed throughout 𝐿 or primarily found at the top or bottom. It is expect that sets 

related to the phenotypic distinction will tend to show the latter distribution. There are three fundamental 

steps in the GSEA method [87]. 

Step 1: Calculation of the enrichment score (ES) that reflects the degree to which a set 𝑆 is 

overrepresented at the extremes 𝐿. The score is calculated by walking down the list 𝐿, increasing a 

running-sum statistic when a gene that is represented in 𝑆 is found and decreasing it if the gene does 

not belong. The magnitude of the increment depends on the correlation of the gene with the phenotype. 

The ES is the maximum deviation from zero as shown in Figure 9.  



30 
 

 

Figure 9- The enrichment thought the analysed gene list is represented by a plot that always starts and finish at 

zero. The ES is the maximum deviation from zero [87]. 

Step 2: Estimation of Significance Level of ES (p-value). The estimate is done resorting to an empirical 

phenotype-based permutation test procedure that pre-serves the complex correlation structure of the 

GE data (the user can set the number of permutations made, being that a higher number of permutations 

will be more reliable). The phenotype labels are permuted and the ES of the gene set for the permuted 

data is recomputed, thus generating a null distribution for the ES. The empirical, nominal p-value of the 

observed ES is then calculated relative to this null distribution.  

Step 3: Adjustment for Multiple Hypothesis Testing. When an entire database of gene sets is evaluated, 

the estimated significance level is adjusted to account for multiple hypothesis testing. First, the ES is 

normalized for each gene set accounting for its size, yielding a normalized enrichment score (NES). 

Then the proportion of false positives is estimated by calculating the FDR corresponding to each NES. 

The FDR is the estimated probability that a set with a given NES represents a false positive finding. It is 

computed by comparing the tails of the observed and null distributions for the NES. 
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3 
   Methods and Materials  
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3.1. Data description 

This section describes the methods applied in the pre-processing of the dataset for analysis, in the 

identification of cancer-specific AS patterns, in the identification of AS patterns that serve as cancer 

stage classifiers, in the identification of AS prognostic factors and in the gene enrichment analysis.  

The analyses were conducted on RNA-seq data for 62 ccRCC and their matched normal kidney samples 

and 76 ccRCC available from the TCGA project. The analysed cohort is made up by 67 stage I (48.75%), 

14 stage II (10.14%), 29 stage III (21.01%) and 28 stage IV (20.29%) ccRCC patients (a more detailed 

description is available in Appendix B). Information on the AS events analysed is available in Appendix 

C. 

 

3.2. Dataset preparation 

The first step in preparing the RNA-Seq dataset for AS analysis is the alignment of the RNA-seq reads 

to the reference genome (hg19) using TopHat. Resorting to the set of non-redundant splice junctions 

thereby obtained, one can quantify the expression level of alternative spliced genes using MISO. The 

generated MISO output files are divided by patient, AS mechanism and tissue status (tumour or normal). 

Among other information, those files contain the AS event ID, the estimated mean Ψ for each AS event, 

as well as the lower and upper bounds of the 95% confidence interval of the Ψ estimate. To simplify the 

proposed analysis all observations were compiled into Excel book files, divided only by AS mechanism 

and tissue status. These files contain the ID of the patient associated with each observation, as well as 

the patient’s ccRCC stage, vital status, number of follow-up days, and whether metastases were found 

on that patient or not. Additionally, each file contains a sheet with information on each analysed AS 

event, namely its associated spliced gene and genomic coordinates. The files were generated using a 

MATLAB script [88]. A scheme of the implemented procedure to obtain the estimated Ψ values is 

available in Figure 10. 

 

Figure 10 – General scheme of dataset preparation. For organizational proposes Ψ estimates were divided by AS 

mechanism and tissue status. These estimates can be seen as a matrix where each column represents an AS 

events and each row a patient. The Ψ estimates 

Cufflinks was used to quantify GE, based on the TopHat alignments. The GE is measured in fragments 

per kilobase of transcript per million mapped reads (FPKM) [89]. 
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3.3. Identification of cancer-specific AS patterns  

To identify cancer-specific AS patterns, the MISO output files were used. Valid observations for both 

tumour and normal tissue of the same patient were required for an AS event in that patient to be 

considered in the analysis. 

The identification of cancer-specific AS patterns was made by analysing the difference between the 

median Ψ of tumour and normal observations for each AS event (∆Ψ̃, expressed in Eq. 21): 

 ∆Ψ̃ = Ψ̃𝑡𝑢𝑚𝑜𝑟 − Ψ̃𝑛𝑜𝑟𝑚𝑎𝑙 , (𝐸𝑞. 21) 

 where Ψ̃𝑡𝑢𝑚𝑜𝑟 and Ψ̃𝑛𝑜𝑟𝑚𝑎𝑙are the median of the set of tumour and normal observations, respectively. 

This difference was analysed resorting to a suitable hypothesis test for the difference between two 

datasets, associating a p-value to that difference. 

To select the most suitable method to test the difference between the Ψ registered for normal and 

tumour tissues, the K-S test was used (resorting to a MATLAB function). This test allows for the checking 

of the normality of the distributions of the tumour and normal sets of observations for each event.  It was 

concluded that the majority of observation sets do not follow a normal distribution thus one cannot, in 

good conscious, apply the parametric paired t-test to test for differences between tumour and normal 

observation sets. A non-parametric test should be used instead. Wilcoxon Signed Rank test was the 

selected method.  

The Wilcoxon Signed Rank function was applied resorting to MATLAB. As a considerable number of 

tests were done, multiple testing corrections were necessary. To ensure maximum confidence in the 

selected results, Bonferroni correction was used (with 𝛼 = 0.01). Additionally, only events that registered 

a |∆Ψ̃| > 0.2 were initially accepted. A general scheme of the procedure used to identify significant 

differences between the median Ψ of normal and tumour samples is available in Figure 11. 

 

Figure 11 - General scheme of the identification of cancer-specific AS patterns. 
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3.4. Binary tumour stage classifier 

Cancer stage classification based on RNA-seq data is a complex matter, in an attempt to simplify the 

proposed problem we chose to develop a binary classifier. To that end  MISO Ψ estimates of 138 

ccRCCs were used. To prepare the dataset, we first selected AS events that had MISO Ψ estimates 

registered for all 138 patient’s tumour tissues we were analysing. From the initial 106206 events, only 

18291 were selected. The MISO Ψ estimates were arranged in a matrix where each row corresponded 

to a patient and each column to an AS event. Afterwards we classified each patient with 1 or 0 according 

to their tumour stage. To understand which stage separations provided better results, different 

classification systems and combinations were used. 

 Patients with stage I cancer were classified as 0 whereas patients with stages II, III and IV cancer 

were classified as 1.  

 Patients with stages I and II cancer were classified as 0 whereas patients with stages III and IV 

cancer were classified as 1. 

 Patients with stages I, II and III cancer were classified as 0 whereas patients with stage IV cancer 

were classified as 1. 

Using the lassoglm Matlab function, logistic regression, using multiple 𝛼 values, was done on the data 

of 80 randomly selected patients (the data of the remaining 58 patients was set aside to be used as test 

data).  Note that when 𝛼<1 the employed method is elastic net regularization whereas when 𝛼=1 the 

employed method is lasso. Regression was used to conduct a dimensional reduction of the AS events 

that classify cancer stages. Different combination of parameters and classification systems were tested 

to identify which combination provided more reliable results. For each classification system described 

above, regression was done using various 𝛼 values (0.1 to 1, with a 0.1 increment) and 𝜆  values (0.01 

to 1, with a 0.01 increment). To select the classification system and parameters that provided more 

reliable results, the estimated 𝐷 for each estimated model was analysed. 𝐷 was estimated with the 10-

fold cross-validation method. The �̂� which had the minimum 𝐷 associated to it was selected. Using a 

ROC curve we chose the optimum threshold (the one maximized the module ‖𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑒 𝑅𝑎𝑡𝑒 −

𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒‖) that separates between the classification of 0 or 1. A general scheme of the steps 

involved in the development of this classifier is available in Figure 12. 
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Figure 12 – General development scheme of the binary cancer stage classifier. 

 

3.5. Identification of independent AS prognostic factors 

MISO Ψ estimates were also used to identify AS prognostic factors. Taking into account the available 

patient info, namely the number of follow up days and the vital status, survival analysis was carried out 

in both normal and tumour samples for each AS event. Normal tissue samples from 61 patients and 

tumour tissue samples from 137 patients were used. Note that the samples of 1 patient were exclude 

from these analysis since the number of follow up days was not available for this patient. 

The identification of AS prognostic factors was done with the following approach. For each event, the 

observations were initially sorted according to their Ψ value, from smallest to the largest. Next, they 

were divided into 2 initial groups: Low PSI (composed by the 15 observations with the smallest Ψ, in 

normal tissue analysis and 35 observations in tumour tissue analysis) and High PSI (composed by the 

remaining observations in both tumour and normal tissue analysis). Note that, to ensure that both groups 

had a significant number of observation, only events with at least 30 observations in normal tissue and 

70 in tumour tissue were analysed (thus guarantying that neither group had less than 15 and 35 

observations in normal and tumour tissue analysis, respectively). A logrank test was then applied to 

analyse the difference between the survival estimates of the two initial groups and the p-value, as well 

as the number of observations that made up each group, was recorded. Then a redistribution of the 

observations was done: the observation with the smallest value in the High PSI group was excluded 

from that group and added to the Low PSI group, the logrank test being then applied again. The resulting 

p-value was compared to the smallest p-value recorded. If the resulting p-value was smaller it was 

recorded, as well as the number of observations that made up each group, otherwise it was discarded. 

Note that each distribution of observations was only considered valid if Low and High PSI groups did 

not share any equal Ψ values. If there were any common Ψ values between the two groups, a 

redistribution was done: any patients from the High PSI group that had the shared Ψ value was 

integrated into the Low PSI group. The process goes on recursively until either group has a number of 
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observations smaller than 35 in tumour tissue and 15 in normal tissue analysis. This method ensures 

that the distribution that maximizes the survival separation between PSI groups is considered for each 

event. A general scheme of this procedure is available in Figure 13. 

 

Figure 13 – Schematic of the procedure implemented for identifying AS prognostic factors. 

Multiple testing correction of the resulting p-values was done with the Benjamini–Hochberg procedure 

(with α=0.05) to select the AS events that significantly associate with survival. As an additional selection 

parameter, only AS events that register a difference equal or larger than 0.3 between the smallest and 

largest Ψ values were considered. With this selection step we guarantee that the segregation between 

High and Low PSI groups is more effective, avoiding a concentration around a small range of Ψ values. 

We ultimately selected, from each of both normal and tumour sample groups, the 2 events with the 

smallest p-value associated to the Logrank test for further analysis.  

 

3.6. GSEA 

Resorting to Cufflinks, 46533 GE values were measured for the 62 ccRCCs and their matched normal 

tissues.l GSEA was conducted comparing High and Low PSI groups, with GE signatures from any 

ultimately selected AS prognostic factor. Molecular Signatures available in the GSEA site 

(http://www.broadinstitute.org/gsea/msigdb/index.jsp), specifically the c2 (curated gene sets from online 

pathway databases, publications in PubMed, and knowledge of domain experts) and c6 (oncogenic 

signatures defined directly from microarray GE data from cancer gene perturbations) collections, were 

used.  
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4 
   Results
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4.1. Cancer-specific AS patterns 

Using the aforementioned methods and parameters (Section 3.3.), 692 AS events (undergoing in a total 

of 457 genes) evidenced a difference in Ψ between normal and tumour tissue, the majority of which 

were SE and AFE events. Naturally, the large number of selected events makes it difficult to biologically 

interpret the results. A gene enrichment analysis was therefore conducted using DAVID. Using DAVID’s 

Gene Functional Classification, it is possible to cluster the 457 genes associated to the primarily selected 

AS events into smaller functional related clusters.  A total of 35 genes (in which 61 AS events took place) 

associated with functional clusters that have any functional relation with the oncogenic process (e.g. 

proliferation, angiogenesis, etc.) were selected. To further increase the robustness of the AS event 

selection, only the 14 AS events (belonging to 10 genes) with the most dramatic changes in Ψ value 

(|∆Ψ̃| > 0.4) were chosen for biological interpretation. The analysis of the genomic coordinates of the 

exons involved in the events, as well as the mRNA and protein isoforms produced by them, was carried 

out resorting to the UCSC genome browser (http://genome.ucsc.edu/) and SMART (http://smart.embl-

heidelberg.de/), an online resource for the identification and annotation of protein domains and the 

analysis of protein domain architectures. The biological interpretation of relevant cancer-specific AS 

pattern alterations is described in the next sections, and well as summarized in Appendix D.  

Using the method described in Section 3.5, we also conducted a survival analysis of the identified 

cancer-specific AS events. Survival analyses yielding p<0.05, making those events putative prognostic 

factors, are highlighted in the next sections. 

 

4.1.1. Fibroblast Growth Factor Receptor 2 (FGFR2) 

The FGFR2 gene is involved in important processes such as cell division, regulation of cell growth and 

maturation, formation of blood vessels, wound healing, and embryonic development [90]. 

Our analysis points to an increased inclusion of FGFR2 exon 9 in tumour tissue. Conversely, the 

exclusion of exon 8 is more frequent in tumour tissue. This is expected, given that these exons are 

spliced in a mutually exclusive manner. In addition, the inclusion level of exon 9 is higher than exon 8 

for all tumours, except for one Stage I sample. The opposite situation is generally observed in normal 

tissue. 

These exons are key in the synthesis of two of the best documented protein isoforms of this gene. The 

inclusion of exon 9 gives origin to FGFR2 IIIc protein isoform, whereas the inclusion of exon 8 originates 

FGFR2 IIIb protein isoform. FGFR2 IIIb and FGFR2 IIIc are both composed by three Ig-like domains, a 

transmembrane domain and a cytoplasmic tyrosine kinase domain (Figure 14). These protein isoforms 

are almost identical, except for the latter half of the third Ig-like domain. FGFR2 IIIb is reported to be 

predominantly expressed in epithelial cells, whereas FGFR2 IIIc is preferentially expressed in 

mesenchymal cells [91].  
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Figure 14- AS events in FGFR2 and protein isoforms originated from those events. 

This result is in concordance with recent reports in the literature, with 90% of the ccRCC analysed 

showing a larger percentage of the FGFR2 IIIc isoform than FGFR2 IIIb isoform, being this AS pattern 

associated to a worst clinical outcome [92]. This tendency points to an EMT. This is a biological process 

by which cells lose epithelial characteristics and acquire mesenchymal phenotype. Epithelia are highly 

ordered monolayers of cells that have apical-basal polarity and adhere tightly to each other via adherens 

and tight junctions. In contrast, mesenchymal cells differ in shape and display an increased capacity for 

migration and invasion, thus facilitating tumour metastization (Figure 15) [93]. 

 

Figure 15 – EMT illustration. Epithelial cells are tightly adhered to each other whereas mesenchymal cells are 

characterized by a migratory capability [94]. 

In addition, this switch seems to be kidney-specific and it is rarely observed in other cancers. In fact, 

this tendency is actually opposite to the one reported in some cancers such as prostate cancer, where 

more advanced tumours may show an increase in the FGFR2 IIIb isoform (which could point to a 

mesenchymal-epithelial transition associated with the formation of metastases), while less advanced 

tumours show a decrease in the IIIb isoform and an increase in FGFR2 IIIc isoform [92]. 

 

4.1.2. Ras-Related C3 Botulinum Toxin Substrate 1 (RAC1) 

The protein encoded by RAC1 is a GTPase belonging to the RAS superfamily of small GTP-binding 

proteins. These proteins function as molecular switches that cycle between an ON state when bound to 

GTP and an OFF state when bound to GDP. The RAC proteins are tightly regulated by various groups 

of proteins such as Rho-GEFs (Guanine Exchange Factors), which promote binding to GTP, and Rho-

GAPs (GTPase activating proteins) that promote the hydrolysis of GTP to GDP by the RAC proteins. 

The RAC proteins are master regulators of diverse signalling pathways that control the shape, motility 

and growth of cells [95, 96, 97].  
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A high decrease in the median Ψ value of isoforms containing exon 3b in tumour tissue was detected in 

relation to non-tumour tissue. In fact, 95% of the analysed patients showed a decrease in the inclusion 

level of exon 3b in tumour samples. Interestingly, a mean Ψ value of 0.91 is associated to isoforms 

containing this exon in non-tumour tissue, thus pointing to clearly high abundance of these isoforms. 

Resorting to the UCSC Genome Browser, it was possible to associate the inclusion of exon 3b to the 

production of the transcript that gives origin to Rac1b protein isoform. This is a splice variant of RAC1 

containing a 19 amino acid insertion next to the switch II region (Figure 16). 

 

Figure 16- AS events in RAC1 and protein isoforms originated from those events. 

Rac1b is characterized by having an accelerated GEF-independent GDP/GTP exchange and an 

impaired GTP hydrolysis [97]. The Rac1b accelerated and independent fashion in which this protein 

isoform conducts its activity favours tumour progression, with previous reports pointing to an 

overexpression of this isoform in breast cancer, colon cancer and lung adenocarcinoma [98, 99, 100]. 

Being that the expression of the RAC1 gene remains roughly the same in the cancer/normal switch 

(according to the GE analysis conducted), one can conclude that the increased proportion of isoforms 

not containing exon 3b actually leads to an increased number of normal Rac1 isoforms in ccRCC. 

Although one would expect an increase in the proportion of Rac1b protein isoform in most cancers, due 

to its aforementioned characteristics, overexpression of normal Rac1 has also been associated with 

cancer, namely testicular cancer [101]. In addition, both Rac1b and Rac1 have been reported to 

stimulate NF-κB-mediated (a protein complex extensively linked to tumourigenesis) transcription in 

colorectal cancer. However, only Rac1 has been shown to induce RelB-mediated gene transcription, 

which further stimulates NF-κB [102]. 

 

4.1.3. Spleen Tyrosine Kinase (SYK) 

The SYK gene encodes a member of the family of non-receptor type Tyr protein kinases that contains 

two adjacent Src homology 2 (SH2) domains and a kinase domain. This protein is widely expressed in 
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hematopoietic cells and is involved in coupling activated immunoreceptors to downstream signalling 

events that mediate diverse cellular responses, including proliferation, differentiation, and phagocytosis 

[103]. 

The results of our analysis point towards an increase of the median Ψ value associated to isoforms that 

include exon 8 in tumour cells. Approximately 98% of the analysed tumours registered this increase. 

The inclusion of exon 8 gives origin to the normal Syk protein isoform, whereas its skipping gives origin 

to a shorter Syk protein isoform known as SykB (Figure 17). In comparison with the alternatively spliced 

isoform SykB, Syk contains an insertion of 23 aa within the interdomain B region. Within that sequence 

of 23 aa there is a nuclear localization signal required for nuclear translocation [104]. 

 

Figure 17- AS events in SYK and protein isoforms originated from those events. 

A previous report indicates that the transfection of the full-length Syk isoform serves as a negative 

regulator in tumour growth and progression in breast cancer, although the mechanics of this suppression 

remain unknown [104]. Transfection of SykB, on the other hand, does not. In addition, the study found 

that the SykB isoform was not expressed in matched normal mammary tissues. This is an inverse 

scenario to the one observed for ccRCC. To our knowledge, this AS event has not been associated with 

any other cancer type, suggesting we may be observing a ccRCC-specific AS pattern switch. 
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Figure 18 - Estimated survival functions for patients with high and low Ψ associated to the inclusion of SYK’s exon 

8, in tumour tissue. 

Interestingly, a higher inclusion (High PSI, Ψ≥0.89) seems to yield a significantly better clinical outcome 

in tumour tissue (Figure 18). This might be due the characteristics of full-length Syk, known to serve as 

a negative regulator in tumour growth and progression [105]. 

 

4.1.4. Kalirin, RhoGEF Kinase (KALRN) 

The KALRN gene is responsible for promoting the exchange of GDP by GTP. It also activates specific 

Rho GTPase family members, thereby inducing various signalling mechanisms that regulate neuronal 

shape, growth, and plasticity, through their effects on the actin cytoskeleton. Diseases associated with 

KALRN include Huntington's disease and coronary heart disease 5 [106]. 

Our analysis points to an increase of the use of exon 62 as ALE exon instead of exon 51, in tumour 

tissue when compared to normal tissue. This tendency is present in 98% of the analysed tumours. The 

usage of exon 62 as ALE gives origin to the Trad protein isoform, whereas the use of exon 51 gives 

origin to Kalirin isoform.  
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Figure 19- AS events in KALRN and protein isoforms originated from those events. 

As indicated in Figure 19, the Trad isoform is larger than Kalirin and has three additional domains when 

compared to the latter, including a Serine/Threonine protein kinase catalytic domain (S_TKc). Protein 

kinases play a role in a multiples important cellular processes, including division, proliferation, apoptosis, 

and differentiation. Phosphorylation, a process mediated by protein kinases, usually results in a 

functional change of the target protein by changing its enzyme activity, cellular location, or association 

with other proteins [107]. The catalytic subunits of protein kinases are highly conserved and have been 

used to develop kinase-specific inhibitors for the treatments of a number of diseases [108]. 

Although no previous reports that relate this specific gene or its products to cancer were found, the 

expression of multiple Serin/Threonine kinases seems to be altered in several cancers [109]. 

  

4.1.5. MCF.2 Cell Line Derived Transforming Sequence-Like (MCF2L) 

MCF2L codes for the guanine nucleotide exchange factor. This protein potentially links pathways that 

signal through RAC1, RHOA and CDC42 by catalysing guanine nucleotide exchange on RHOA and 

CDC42 and interacting specifically with the GTP-bound form of RAC1, suggesting that it functions as 

an effector of RAC1. Diseases associated with MCF2L include hypoparathyroidism and spasticity. This 

gene is also involved in 1-phosphatidylinositol binding. An important paralogue of this gene is KALRN 

[110].  

In cancer, the median Ψ value associated to isoforms originated through the usage of exon 1 as AFE is 

decreased in relation to the median Ψ value in normal tissue, where Ψ values are generally superior to 

0.8 in the analysed samples. The alternative event is the usage of exon 5 as an AFE, which gives origin 

to a shorter guanine nucleotide exchange factor that has its N-terminal truncated (Figure 20). 
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Figure 20- AS events in MCF2L and protein isoforms originated from those events. 

The truncation of this terminal confers tumourigenic properties to this isoform, which is concordant with 

our analysis’ results and other reports of a higher abundance of this isoform in ccRCC [110]. 

 

Figure 21 - Estimated survival functions for patients with high and low Ψ associated to the use of MCF2L’s exon 1 

as AFE, in tumour tissue. 

Higher Ψ values associated to the use of MCF2L’s exon 1 as alternative first exon seem to provide a 

worst clinical outcome (Figure 21).  

As previously referred, MCF2L acts as an effector of RAC1 and it is a paralogue of KALRN. Being that 

a switch in the Ψ values associated to AS events that occur in both RAC1 and KALRN genes was 
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identified, the correlation between the Ψ values associated to the use of MCF2L’s exon 1 as alternative 

AFE and the Ψ values associated to the indicated events of both genes was analysed. Both Pearson 

product-moment correlation coefficient and Spearman's rank correlation coefficient were computed. No 

correlation was found between the Ψ values associated to the use of MCF2L’s exon 1 and either AS 

events. 

 

4.1.6. Protein Tyrosine Phosphatase, Non-Receptor Type 6 (PTPN6) 

PTPN6 encodes a protein member of the protein tyrosine phosphatase (PTP) family. PTPs are known 

to be signalling molecules that regulate a variety of cellular processes including cell growth, 

differentiation, mitotic cycle, and oncogenic transformation. The N-terminal part of this PTP contains two 

SH2 domains, which act as protein phospho-tyrosine binding domains, and mediate the interaction of 

this PTP with its substrates. This PTP is expressed primarily, and functions as an important regulator of 

multiple signalling pathways, in hematopoietic cells [111]. It is also overexpressed in epithelial ovarian 

cancer and appears to be associated with breast adenocarcinoma [111, 112]. This gene has two 

alternative promoters, immediately upstream of exons 1 and 2 (Figure 22). These exons are included in 

a mutually exclusive manner [112]. 

 

Figure 22- The different alterative first exons of PTNP6 gene [113]. 

Our analysis points to an increase of the usage of exon 2, instead of exon 1, as AFE in tumour cells. 

The usage of exon 1 as AFE is associated to epithelial cells, while the usage of exon 2 is associated to 

hematopoietic cells. The functional significance of alternative promoter usage remains to be established. 
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Also, whether the minor differences found at the N-terminal of these isoforms affect their overall 

properties is not yet known [114]. 

 

4.1.7. CD44 Molecule (Indian Blood Group) (CD44) 

The CD44 gene encodes for a cell-surface glycoprotein involved in cell-cell interactions, cell adhesion 

and migration. This protein participates in a wide variety of cellular functions including lymphocyte 

activation, recirculation and homing, haematopoiesis, and tumour metastasis [115]. Transcripts for this 

gene undergo complex AS that results in many functionally distinct isoforms, as shown in Figure 23. 

 

Figure 23- Different isoforms of CD44 gene. Exons v1 through v10 are alternative exons [116]. 

Our analysis’ results point to an increase of the exclusion of exons 12 (v7) and 13 (v8) supported by a 

decrease in the median Ψ value associated to these exons in tumour tissue. In the literature, it is 

reported that the CD44E isoform (F, in Figure 23), which is associated to epithelial cells and includes 

exon v8, is not expressed in ccRCC lower grade tumours. However it is expressed in higher grade 

tumours [117]. Our results are not in concordance to the ones reported in the literature. A decrease of 

Ψ value associated to the inclusion of exon v8 in 86.67% of the cases was detected. In fact, of the 

patients that experienced an increase in the Ψ value associated to this event in tumour tissue in relation 

to normal tissue, only one had a tumour stage IV tumour (other patients that experienced this increase 

had stage I or II tumours). This stage IV patient had a significant increase of the Ψ value associated to 

this event from 0.1 to 0.95. In addition, the average of the Ψ value associated to the inclusion of exon 

v8 is higher in stage I or II tumours than in stage III or IV tumours (0.19 vs. 0.12) as well as the median 
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(0.11 vs. 0.08). Higher levels of exclusion of exon v8 translate into lower production levels of CD44E 

isoform, which may suggest EMT and the facilitation of metastization. 

 

4.1.8. Other cancer-specific AS events 

Other AS events met the defined criteria but little information about the genes where these occur and 

protein isoforms originated by them was found. Therefore, no conclusions about the functional impact 

of the observed AS shifts were reached.  

In tumours, there is an increase in the median Ψ value associated to the retention of intron 6 of 

Deoxyribonuclease I (DNASE1) gene, which seems to be involved in cell death by apoptosis and DNA 

double strand cleavage. Alternative transcriptional splice variants of this gene have been observed but 

not thoroughly characterized [118]. Additionally, the inclusion of its exon 3 decreases in tumours. The 

exclusion of exon 3 of this gene gives origin to a shorter DNASE1 (Figure 24). The production of this 

protein isoform seems to be favoured in tumour cells. However, we found no information about the 

functional consequences of this shrinkage. 

 

Figure 24 - AS events in DNASE1 and protein isoforms originated from those events. 

No information about the protein isoform originated by the retention of intron 6 was found either. 

For the G Protein-Coupled Receptor 132 (GPR132) gene, known to be involved in apoptosis [119], there 

is a decrease in inclusion of its exon 4 in tumours. The exclusion of exon 4 of this gene gives origin to a 

shorter GPR132, the variant 2 protein, whereas its inclusion gives origin to variant 1 (Figure 25).  
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Figure 25 - AS events in GPR132 and protein isoforms originated from those events. 

In tumours, a larger abundance of variant 2 isoform has been observed. No information about the 

functional differences between these protein isoforms could be found in the literature. 

Finally, the median Ψ value associated to the inclusion of exon 5 of Tumour Necrosis Factor, Alpha-

Induced Protein 8 (TNFAI8) gene decreases in tumour tissue. This gene acts a negative mediator of 

apoptosis and may play a role in tumour progression [120]. The inclusion of exon 5 gives origin to a 

TNFAIP8 isoform whereas its exclusion gives origin to a slightly shorter isoform (Figure 26). 

 

Figure 26 - AS events in TNFAIP8 and protein isoforms originated from those events. 

Once again, no information about the functional differences of these isoforms were found in the 

literature. 
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4.2. Binary tumour stage classifier 

The classification system giving better overall results in our analyses was the one where patients with 

stages I and II cancers were classified as 0 and patients with stages III and IV cancers were classified 

as 1. Specifically, the lowest deviance D value (𝐷 = 102.96) was obtained with 𝛼 = 0.9 and 𝜆 = 0.07. D 

was estimated using 10-fold cross-validation. The obtained regression used 41 AS events as 

parameters for classification (indicated on Appendix E).  

 

Figure 27 -10-fold cross-validation plot for α=0.9. 𝑫 estimated for each lambda with error bars for each estimate. 

The traced green line indicates the lambda at which the minimum 𝑫 is obtained. 

Applying ROC an optimum threshold of 0.56 was obtained (with True Positive Rate=1 and False Positive 

Rate=0) (Figure 28). This threshold provides a 100% accurate separation.  
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Figure 28- ROC curve for the model obtained using α=0.9 and λ=0.07. 

The results of testing this classifier with the 58 patients that were not used in the regression are indicated 

in Table 3.  

 Real Stage 

Predicted Stage 

 I or II III or IV 

I or II 38 15 

III or IV 2 3 

Table 3 – Estimated stages obtained with the classifier vs. real stages. 

With the data gathered in Table 3 one can calculate the traditional ratios that are used to access the 

quality of a classifier: sensitivity and specificity [121]. In this context the sensitivity of the classifier refers 

to the ability of the classifier to correctly identify patients who have a stage III or IV cancer: 

 
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
=

3

3 + 15
= 16.67%, (𝐸𝑞. 22) 

where True positives is the number of patients that have a stage III or IV cancer and the classifier 

correctly classified their cancer as 1 and False negatives is the number of patients that have a stage III 

or IV cancer and the classifier misclassified their cancer as 0.  

The specificity of this classifier refers to its ability to correctly identify those patients with stage I or II 

cancer: 

 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
=

38

38 + 2
= 95%, (𝐸𝑞. 23) 
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where True negatives is the number of patients that have a stage I or II cancer and the classifier correctly 

classified their cancer as 0 and False positives is the number of patients that have a stage I or II cancer 

and the classifier misclassified their cancer as 1.  

Even though the application of this method provides a significant dimension reduction (from 18291 to 

41) the results are not very satisfactory. The specificity of this classifier is very high but the sensitivity is 

extremely low. Nevertheless we believe that the results unveil some potential associated to the cancer 

stage classification through the use of MISO Ψ estimates. In an effort to try and optimize the results, a 

new threshold was calculated taking into account the estimated values and real values of the test 

subjects. To that end a ROC curve was used (Figure 29).  

 

Figure 29 – ROC curve taking into account the predicted and real stages of the test subjects. 

The threshold which maximized the module ‖𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑒 𝑅𝑎𝑡𝑒 − 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒‖ was selected as 

the new threshold value. The new threshold value was 0.62, with results indicated in Table 4. 

 Real Stage 

Predicted Stage 

 I or II III or IV 

I or II 40 15 

III or IV 0 3 

Table 4 – Estimated stages obtained with the classifier vs. real stages using new threshold. 

The improvement was not significant. The sensitivity of the classifier using the new threshold remained 

the same.  The only improvement was verified in the specificity of the classifier (Eq. 24): 

 
𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
=

40

40 + 0
= 100%. (𝐸𝑞. 24) 
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4.3. Independent AS prognostic factors 

A total of 67 AS events (from 30 genes) in normal tissue and 39 AS events (from 30 genes) in tumour 

tissue were considered statistically significant by Benjamini–Hochberg multiple test correction and 

registered a difference equal or larger than 0.3 between. From these AS events, the analysis of the 2 

events with the smallest p-value, from each of both normal and tumour sample groups, is described in 

the following sections. 

 

4.3.1. Independent AS prognostic factors in normal tissue 

The Ψ value associated to the use of PXDN (Peroxidasin Homolog (Drosophila)) exon 62 as ALE seems 

to be a good prognostic factor in normal tissue (Figure 30). The PXDN protein is an extracellular matrix-

associated peroxidase, thought to function in extracellular matrix consolidation, phagocytosis, and 

defence [122]. This gene seems to play a crucial part in Heme Oxygenase-1 tumour adhesion-promoting 

effects [123]. 

 

Figure 30- Estimated survival functions for patients with high and low Ψ associated to the use of PXDN’s exon 16 

as ALE, in normal tissue. 

In normal tissue, the Ψ values associated to use of exon 16 as ALE seem to yield a worst clinical 

outcome to the High PSI group (Ψ≥0.8). The Ψ values associated to this AS event in normal tissue 

range from 0.53 to 0.87, with a median value of 0.77. To our knowledge there are no previous reports 

relating survival with this AS event or gene. 
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Also in normal tissue, the inclusion of exon v5 of the CD44 gene also seems to serve as a prognostic 

factor (Figure 31). As previously referred in Section 4.1.7., the protein coded by this gene takes part on 

a wide variety of cellular functions including lymphocyte activation, recirculation and homing, 

haematopoiesis, and tumour metastasis.  

 

Figure 31 - Estimated survival functions for patients with high and low Ψ associated to the inclusion of CD44’s exon 

v5, in normal tissue. 

Higher levels of inclusion of exon v5 (High PSI group, Ψ≥0.16) seem to be associated to a significantly 

worst outcome when compared to lower levels of inclusion of this exon (Low PSI group). The Ψ values 

associated to this AS event in normal tissue range from 0.03 to 0.68, with a median value of 0.12.  In 

the literature there are various reports relating high inclusion of exon v5 with tumour progression and 

worst clinical outcome. Increased levels of exon v5 have been associated to more advanced stages of 

colorectal tumour progression (advanced polyps and invasive carcinomas) [124]. Also, higher inclusion 

of exon v5-containing CD44 isoforms has been associated to poor overall survival in breast cancer [125]. 

Finally, reports point to higher levels of exon v5-containing CD44 isoforms as cancer staging progresses 

in human thymic epithelial neoplasms, relating these isoforms to invasiveness. Interestingly, in the same 

article the authors found that even though higher levels of these isoforms were related to more 

aggressive thymic epithelial neoplasms, better survival cancer was associated to higher levels of 

expression of these isoforms [126]. 
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4.3.2. Independent AS prognostic factors in tumour tissue 

In tumour tissue, the usage of an A3SS in exon 4 of Baculoviral IAP Repeat Containing 5 gene (BIRC5) 

seems to be a prognostic factor (Figure 32). The protein encoded by this gene, known as survivin, has 

dual roles in promoting cell proliferation and preventing apoptosis [127]. Survivin expression is turned 

off during fetal development and not found in non-neoplastic tissues, however it is found in most human 

cancers [128]. 

 

Figure 32 - Estimated survival functions for patients with high and low Ψ associated to the use of chromosome 17 

coordinates 76210870 and 76212745 as donor and acceptor sites in BIRC5’s exon 4, in tumour tissue. The 

alternative acceptor site is coordinate 76212747. 

Higher levels of usage of the constitutive acceptor site (High PSI group, Ψ≥0.96) seem to be associated 

to a worst clinical outcome when compared to lower levels of its usage (Low PSI group). The Ψ values 

associated to this AS event in tumour tissue range from 0.47 to 1, with a median value of 0.91.  According 

to UCSC Genome Browser this AS event affects the survivin 3B isoform. Survivin 3B has been reported 

to promote the escape of malignant cells from immune recognition by blocking the cytotoxicity of natural 

killer cells. It also inhibits the activation of caspase-6, thus increasing the resistance of neoplastic cells 

to various chemotherapeutics [129]. The usage of the alternative acceptor originates an mRNA isoform 

containing a premature stop codon. This premature stop codon will very probably drive the mRNA 

isoform to degradation through the nonsense-mediated mRNA decay (NMD) pathway (a translation-

coupled quality control system that recognizes and degrades aberrant mRNAs with truncated open 

reading frames due to the presence of a premature termination codon) or simply produce a truncated 

protein [130]. Thus, higher usage levels of the alternative acceptor site will translate into lower levels of 

functional protein. This suggests that this acceptor site may be part of a mechanism to prevent the 

production of the oncogenic protein isoform.   
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Finally, in tumour tissue the Ψ value associated to the inclusion of exon 3 of Forkhead Box M1 gene 

(FOXM1) seems to be related with survival (Figure 33). This gene encodes for a transcriptional factor 

that regulates expression of cell cycle genes essential for DNA replication and mitosis. It also plays a 

role in DNA breaks repair, participating in the DNA damage checkpoint response, and in cell proliferation 

control [131].  

 

Figure 33 - Estimated survival functions for patients with high and low Ψ associated to the inclusion of FOXM1’s 

exon 3, in tumour tissue. 

The Ψ values associated to this AS event in tumour tissue range from 0.42 to 0.98, with a median value 

of 0.96. A worst clinical outcome is associated to higher levels of inclusion of exon 3 (High PSI Ψ≥0.96). 

In the literature, FOXM1 is described as only having 2 alternative exons Va and VIIa (Figure 34). Exon 

3 is therefore reported to be constitutive [132]. 

 

Figure 34 - AS and corresponding mRNA isoforms of FOXM1 [132]. 
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According to Ensembl, the exclusion of exon 3 originates an isoform that is degraded by NMD. This 

might indicate that lower levels of functional FOXM1 protein may be associated to a better prognostic. 

A similar scenario is observed in gastric cancer in which overexpression of FOXM1 has been associated 

to a worst prognostic [133]. In addition, FOXM1 overexpression has also been associated to EMT in 

pancreatic cancer [134].  

 

4.4. GSEA 

GSEA was conducted for each relevant AS event, comparing the High and Low PSI groups. The patients 

division between these two phenotypes was strictly the same as the one used for the survival analysis 

conducted for the respective AS event. The GE values used were either from normal or tumour tissue, 

depending upon the tissue type for which the AS event evidenced putative prognostic properties. 

Interpretations of the relevant outputs from these analyses are described in the following sections. 

 

4.4.1. BIRC5: exon 4 A3SS 

GSEA was conducted on tumour tissue GE. We have analysed the 39 patients from the Low PSI group 

and the 19 belonging to the High PSI group for which GE data was available. As indicated by the survival 

analysis, a higher Ψ value is associated with a worse prognosis. 

 

Figure 35 - Gene enrichment analysis of High and Low PSI phenotypes, associated to A3SS event in BIRC5 in 

tumour tissue. a) Upregulation of BENPORATH_PROLIFERATION gene set; b) Upregulation of 

SARRIO_EPITHELIAL_MESENCHYMAL_TRANSITION_UP gene set in High PSI group. 
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In the High PSI phenotype, an upregulation of genes belonging to the BENPORATH_PROLIFERATION 

gene set was identified (Figure 35.a). BENPORATH_PROLIFERATION is a set of genes defined in 

human breast tumour expression data that are associated with embryonic stem cell identity in the 

expression profiles of various human tumour types [135]. Cancer cells possess traits reminiscent of 

those ascribed to normal stem cells. These cells are characterized by high proliferation potential. 

Patients with a higher Ψ value associated to this AS event evidence a GE signature that favours cell 

proliferation when compared to patients with lower Ψ associated to the same event. In addition, there 

seems to be an upregulation of genes belonging to the 

SARRIO_EPITHELIAL_MESENCHYMAL_TRANSITION_UP gene set in the High PSI phenotype 

(Figure 35.b). This set corresponds to genes whose overexpression correlate with EMT in breast cancer. 

EMT is highly associated with tumour metastases. This might indicate that the tumour of the patients of 

the High PSI group may have a bigger predisposition to metastasize than those in the Low PSI group 

[136]. These results are in concordance to the lower survival rate associated to High PSI group patients. 

 

4.4.1. FOXM1: exon 3 inclusion 

Again gene enrichment analysis was conducted on tumour tissue GE. We have analysed the 43 patients 

from the Low PSI group and the 18 belonging to the High PSI group for which GE data was available. 

As indicated by the survival analysis, a higher Ψ value is associated with a worse prognosis. 

 

Figure 36 - Gene enrichment analysis of High and Low PSI phenotypes, associated to the inclusion of FOXM1’s 

exon 3 in tumour tissue. a) Upregulation of BENPORATH_PROLIFERATION gene set; b) Upregulation of 

SARRIO_EPITHELIAL_MESENCHYMAL_TRANSITION_UP gene set in High PSI group. 

Once again, an upregulation of the genes of 

SARRIO_EPITHELIAL_MESENCHYMAL_TRANSITION_UP gene set was found in patients who 
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registered a higher Ψ value associated to the inclusion of exon 3 of FOXM1 gene (Figure 36.a). A similar 

conclusion to the one presented in the previous section can be drawn. 

An upregulation of the genes of the JAEGER_METASTASIS_UP gene set was also found in the High 

PSI phenotype associated to this AS event (Figure 36.b). This set is defined by up-regulated genes in 

metastases from malignant melanoma compared to the primary tumours [137]. This GE pattern might 

indicate that the patients from the High PSI group might have a bigger incidence of metastases. In fact, 

this association is significant, with 10 of the 18 patients (55.6%) that made up the High PSI group having 

metastic ccRCC, whereas metastases were only detected in 7 of the 43 patients (16%) that made up 

the Low PSI (p-value of 0.0038 for the corresponding Fisher’s exact test). Once again, those results 

were expected since a lower survival rate associated to High PSI group patients. 
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5 
   Conclusion 
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5.1. Discussion 

In this thesis, we discuss the analyses of AS, GE and survival data aiming to identify cancer-specific AS 

patterns as well as AS events that serve as prognostic factors in ccRCC. In addition, we describe the 

application of dimension reduction and regression methods in order to develop a cancer stage classifier 

based on AS patterns. 

Our analyses identified a large number of cancer-specific AS events, thus suggesting that, similarly to 

GE, AS patterns primarily separate normal from tumour samples. Specifically, the identification of a 

normal/tumour switch pattern in the inclusion levels of FGFR2’s exons 8 and 9 serves as a proof-of-

principle to our approach, since these events are among the few reported in the literature. Interestingly, 

some identified cancer-specific AS events easily-interpretable possible biological implications. This is 

the case for the decreased expression, in tumour tissue, of isoforms originated through the usage of 

MCF2L’s exon 1 as first exon. In this case, the cancer-specific AFE is exon 5, whose usage gives origin 

to a shorter and highly tumourigenic guanine nucleotide exchange factor that that has its N-terminal 

truncated. In addition a great number of cancer-specific AS events suggest EMT. 

The developed classification methodology was not effective in the use of AS event to predict cancer 

stage. The high number of parameters considered (18291 AS events) and the limited number of 

observations available (138 patients) suggest that the used model may be overfitting the data. Overffiting 

occurs whenever a statistical model describes a random error or noise instead of the underlying 

relationship between the parameters and the studied outcome [138]. 

The conducted survival analysis did return a considerable number of statistically significant AS events. 

These results suggest that there is great potential in the use of AS patterns as independent prognostic 

factors. 

Finally, gene enrichment analysis of survival data gives biological sustenance to these potential clinical 

tools. Specifically, the upregulation of gene sets related to high proliferative potential, EMT and 

metastasis is reassuringly observed in patients with poorer survival expectancy. 

These results suggest a great potential of AS signatures derived from tumour transcriptomes in providing 

etiological leads for cancer progression and as a clinical tool. A deeper understanding of the contribution 

of splicing alterations to oncogenesis could lead to improved cancer prognosis and contribute to the 

development of RNA-based anticancer therapeutics, namely splicing-modulating small molecule 

compounds. 
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A.1. Tools brief description 

Tool Description 

RNA-Seq 

RNA-seq is a recently developed technology 

for transcriptome profiling that uses NGS to 

sequence DNA molecules reversely 

transcribed from RNAs. By using RNA-seq 

one can not only measure gene expression 

levels with an unmatched precision but also 

discover and quantify previously unknown 

transcripts and splicing isoforms [8, 39]. 

TopHat 

TopHat is a fast splice junction mapper for 

RNA-Seq reads. This software does not rely 

on known splice junctions [40]. This 

particularity makes TopHat able to identify 

previously unknown splice variants of genes. 

Cufflinks 

This software and its many packages are able 

to assemble transcripts, estimate their 

abundances and test for differential 

expression and regulation in RNA-Seq 

samples [47]. 

MISO 

This software provides a probabilistic 

framework that quantitates the expression 

level of alternatively spliced genes from RNA-

Seq data and identifies differentially regulated 

isoforms or exons across samples [50]. 

 

 

Table 5 – Brief description of the tools used to analyse the available data: RNA-seq (experimental method), TopHat, 

Cufflinks and MISO (software). 
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B.1. Patient statistics 

 # % 

Gender 
Male 97 70.29% 

Female 41 29.71% 

Ethnicity 

White 130 94.21% 

Black or African 
American 

5 3.62% 

No info available 3 2.17% 

Vital Status 
Alive 99 71.74% 

Deceased 37 28.26% 

Follow-up 
days 

<1000 60 43.48% 

1000-2000 48 34.78% 

2000-3000 23 16.67% 

≥3000 6 4.35% 

unknown 1 0.72% 

Tumour 
Stage 

Stage I 67 48.55% 

Stage II 14 10.14% 

Stage III 29 21.01% 

Stage IV 28 20.29% 

Age 
(years) 

38-44 13 9.42% 

45-54 27 19.57% 

55-64 47 34.06% 

65-75 36 26.09% 

Over 75 14 10.14% 

Metastases 
Present 26 18.84% 

Absent 112 81.16% 

Total number of patients 138 
Table 6 - Patient related information. This info is available on the TCGA Data Portal. 
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C.1. Event statistics 

Alternative spliced patterns Tissue status # of observations 

UTR tumour 348333 

normal 151267 

Total # of UTR observations 499600 

Total # of UTR events 2642 

Paired UTR observations # (%) 295832 (59.21%) 

RI tumor 723135 

normal 318227 

Total # of RI observations 1041362 

Total # of RI events 5847 

Paired RI observations # (%) 598778 (57.5%) 

MXE tumor 339792 

normal 149916 

Total # of MXE observations 489708 

Total # of MXE events 2687 

Paired MXE observations # (%) 285494 (58.3%) 

A3SS tumor 1780843 

normal 781500 

Total # of A3SS observations 2562343 

Total # of A3SS events 14463 

Paired A3SS observations # (%) 1495516 (58.37%) 

A5SS tumor 1603749 

normal 702510 

Total # of A5SS observations 2306259 

Total # of A5SS events 12591 

Paired A5SS observations # (%) 1364956 (59.18%) 

ALE tumor 1282601 

normal 565421 

Total # of ALE observations 1848022 

Total # of ALE events 10131 

Paired ALE observations # (%) 1075250 (58.18%) 

AFE tumor 2394617 

normal 1082272 

Total # of AFE observations 3476889 

Total # of AFE events 19488 

Paired AFE observations # (%) 1955578 (56.25%) 

SE tumor 4749102 

normal 2100021 

Total # of SE observations 6849123 

Total # of SE events 38357 

Paired SE observations # (%) 3962428 (57.85%) 

Total tumor 13222172 

normal 5851134 

Total # of observations 19073306 

Total # of events 106206 

Paired observations # (%) 11038832 (57.88%) 
Table 7 - Event related information. Divided by AS mechanism (# of events analysed, # of observations). 
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D.1. Identification of cancer-specific AS patterns results summary  

Gene Results (normal vs. tumour) Observations and Biological 
interpretation 

FGFR2  Lower levels of inclusion of exon 8 
in tumour cells 

 Higher levels of inclusion of exon 9 
in tumour cells 

 EMT 

 ccRCC-specific AS pattern switch 

RAC1  Lower levels of inclusion of exon 3b 
in tumour cells 

 Favours production of normal RAC1 
protein isoform which: 
o has been associated to testicular 

cancer 
o has been reported to stimulate 

NF-κB-mediated (associated to 
tumourigenesis) 

SYK  Higher levels of inclusion of exon 8 
in tumour cells 

 Favours normal Syk protein. This 
scenario has not, to our knowledge, 
been observed in other cancers. This 
may be a ccRCC-specific AS pattern 
switch 

KALRN  Higher usage levels of exon 62 as 
ALE 

 Favours Trad isoform production 
which contains an additional 
Serine/Threonine protein kinase 
catalytic when compared to Kalirin 
isoform. The expression of multiple 
Serin/Threonine kinases seems to 
be altered in several cancers. 

MCF2L  Lower usage levels of exon 1 as 
AFE 

 Favour production of a truncated 
guanine nucleotide exchange factor 
DBS which is highly tumourigenic 

PTPN6  Higher usage levels of exon 2 as 
AFE in alternative to exon 1 

 The usage of exon 1 as AFE is 
associated to epithelial cells, while 
the usage of exon 2 is associated to 
hematopoietic cells. 

CD44  Lower levels of inclusion of exon v7 
in tumour cells 

 Lower levels of inclusion of exon v8 
in tumour cells 

 Lower levels of inclusion of exon v8 
indicate possible EMT 

Table 8 – Results summary, with observations and biological interpertations associated to each result. 
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E.1. Classifier Events 

MISO AS event ID 
AS 

pattern 
Gene chromossome Start end 

chr19:44572549:44572641:
-

@chr19:44572026|4457224
1:44571960:- 

A3SS 
AL159977.

1 
chr19 39880120 39880801 

chr2:24153232:24153343:+
@chr2:24157250|24157253

:24157329:+ 
A3SS 

RP11-
665N17.4 

chr2 24299728 24303825 

chr3:49134381:49134522:-
@chr3:49134291|49134297

:49134121:- 
A3SS 

AC095064.
1 

chr3 49159117 49159518 

chr3:9379554:9380016:+@
chr3:9381700|9381705:938

2004:+ 
A3SS 

RNU6-
123P 

chr3 9404554 9407004 

chr10:3145311:3145384|31
45380:+@chr10:3145564:3

145710:+ 
A5SS Z83851.4 chr10 3155311 3155710 

chr22:28409009:28409068|
28409053:+@chr22:284207

41:28424593:+ 
A5SS 

RNU6-
139P 

chr22 30079009 30094593 

chr2:223229:223101|22309
7:-@chr2:219966:221191:- 

A5SS PCAT7 chr2 229966 233229 

chr3:132202754:13220287
8|132202848:+@chr3:1322

17686:132218253:+ 
A5SS PHACTR3 chr3 130720064 130735563 

chr9:70869674:70869779|7
0869771:+@chr9:70877348

:70879628:+ 
A5SS 

AP001595.
1 

chr9 71679854 71689808 

116841@uc001hrg.1@uc0
01hqz.1 

ALE TMEM39A chr1 227946696 227958412 

1374@uc009ysj.1@uc001o
of.2 

ALE ZNF154 chr11 68522088 68522943 

148398@uc001abv.1@uc0
01abw.1uc001abx.1 

ALE 
CTA-

407F11.8 
chr1 871152 879961 

29922@uc001gfv.1@uc00
1gft.1uc001gfu.1 

ALE AQP7P4 chr1 169101769 169256646 

4277@uc010kpu.1uc003ry
c.2@uc003ntn.2uc003nto.

2 
ALE 

AC055876.
2 

chr6 2780212 31478901 

57669@uc010flk.1uc002tm
h.2@uc002tmg.1uc010fll.1

uc010flm.1 
ALE 

AP000859.
4 

chr2 120861636 120936695 

728340@uc003jww.1@uc0
10iyk.1uc003kav.2uc003ka

u.2uc003kaw.2 
ALE ZNF770 chr5 68874539 70331623 

7982@uc003vix.1@uc003v
in.1 

ALE 
AC096643.

1 
chr7 116838374 116863961 

chr10:88920577:88920711:
+@chr10:88925626:889258
32:+@chr10:88929812:889

30040:+ 

SE 
RP11-

266E16.1 
chr10 88930597 88940060 

chr12:107485095:1074851
73:+@chr12:107485563:10
7485648:+@chr12:1074867

36:107487289:+ 

SE 
TOMM22P

3 
chr12 108960966 108963160 
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chr12:51975499:51975690:
+@chr12:51977901:519779
75:+@chr12:51978096:519

78201:+ 

SE 
RN7SL443

P 
chr12 53689232 53691934 

chr13:47705276:47705614:
+@chr13:47711363:477114
69:+@chr13:47725945:477

26248:+ 

SE 
AC005197.

2 
chr13 48807275 48828247 

chr15:53349655:53349883:
-

@chr15:53317893:5331798
1:-

@chr15:53314272:5331444
6:- 

SE 
RP11-

375O18.2 
chr15 55526980 55562591 

chr19:487951:488147:+@c
hr19:492184:492252:+@ch

r19:492339:493091:+ 
SE FAM60BP chr19 536951 542091 

chr19:8181567:8181746:+
@chr19:8221999:8222133:
+@chr19:8225383:8225500

:+ 

SE 
RP11-

367F23.2 
chr19 8275567 8319500 

chr1:154256428:15425658
2:-

@chr1:154254547:1542547
83:-

@chr1:154247996:1542483
02:- 

SE MIR33A chr1 155981372 155989958 

chr1:206006981:20600716
3:+@chr1:206007747:2060
07791:+@chr1:206010289:

206010330:+ 

SE 
RP1-

249H1.3 
chr1 207940358 207943707 

chr1:206006981:20600716
3:+@chr1:206010289:2060
10334:+@chr1:206023260:

206023983:+ 

SE 
RP1-

249H1.3 
chr1 207940358 207957360 

chr1:6807739:6807857:+@
chr1:6854404:6854487:+@
chr1:6870301:6870848:+ 

SE 
FAM83H-

AS1 
chr1 6885152 6948261 

chr2:230972781:23097320
1:+@chr2:230973293:2309
73372:+@chr2:230973914:

230974022:+ 

SE FBXL18 chr2 231264537 231265778 

chr3:52532483:52532632:+
@chr3:52532708:52532812
:+@chr3:52532927:525330

73:+ 

SE CAP2P1 chr3 52557443 52558033 

chr6:106870669:10687083
4:-

@chr6:106862932:1068630
59:-

@chr6:106847596:1068476
74:- 

SE 
CTD-

3216D2.4 
chr6 106740903 106764141 

chrX:100759149:10075923
0:-

@chrX:100758938:100759
016:-

@chrX:100756764:100758
412:- 

SE 
RP11-

137J7.2 
chrX 100870108 100872574 
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chr11:27473014:27476770:
-

@chr11:27472697:2747301
3:- 

UTR Y_RNA chr11 27516121 27520194 

chr17:17909282:17909362:
+@chr17:17909363:179124

44:+ 
UTR MIR4752 chr17 17968557 17971719 

chr17:42188356:42188532:
+@chr17:42188533:421899

97:+ 
UTR 

RP11-
220I1.4 

chr17 44833189 44834830 

chr19:54686884:54686910:
+@chr19:54686911:546873

77:+ 
UTR 

RP11-
38G5.4 

chr19 49995072 49995565 

chr8:1716140:1716325:+@
chr8:1716326:1718315:+ 

UTR ANKRD30B chr8 1728733 1730908 

chr1:159442821:15944301
1:+@chr1:159445607:1594
45683:+@chr1:159445897:
159446009:+@chr1:159446

271:159446782:+ 

MXE 
BX088702.

2 
chr1 161176197 161180158 

chr11:118393878:1183939
73:-

@chr11:118393282:118393
353:- 

A3SS 
RP11-

69L16.6 
chr11 118888072 118888763 

chr17:4803778:4803934:-
@chr17:4803244:4803661:

- 
A3SS 

AF207550.
1 

chr17 4862521 4863211 

chr3:151768379:15176840
6:+@chr3:151768494:1517

68523:+ 
A3SS ZNF519 chr3 150285689 150285833 

Table 9 - Classifier events and respective genomic coordinates (according to MISO hg19 genome annotation). 

 


