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Resumo

O carcinoma de células renais (CCR) é o tipo de cancro renal mais prevalente na po-
pulação adulta e representa 2-3% dos casos de cancro em todo o mundo. O CCR inclui
quatro subtipos histologicamente distintos, sendo o mais comum o de células claras, as-
sim designado devido ao baixo teor lipídico presente no citoplasma das suas células. Este
subtipo é geneticamente caracterizado pela recorrente perda do braço pequeno do cro-
mossoma 3 (3p) e consequentemente, pela inativação dos genes supressores de tumores
que estão localizados nesta região do genoma. Mutações no gene supressor de tumor
Von Hippel-Lindau (VHL) eram comummente observadas na grande maioria dos casos
e, por isso, pensou-se que estas mutações estariam na base genética do desenvolvimento
de CCR. Contudo, estudos mais aprofundados mostraram que a inativação do gene VHL
é necessária mas insuficiente para despoletar a doença, desta forma surgiu a hipótese de
existir a intervenção de um outro gene supressor de tumores que também estivesse locali-
zado nas proximidades da região. Esta hipótese foi suportada por estudos posteriores que
identificaram o gene SETD2 como um possível novo gene supressor de tumor do CCR de
células claras.

O gene SETD2 codifica uma metiltransferase que atua especificamente na lisina-36 da
histona H3 (H3K36). A trimetilação desta histona (H3K36me3) está associada ao estado
ativo da cromatina e desempenha um importante papel durante a fase de elongação no
processo de transcrição génica. Foi também demonstrado que os níveis de modificação
da H3K36me3, e consequentemente os níveis de expressão do gene SETD2, são mais
elevados em genes que são constituídos por vários exões, o que sugere que o SETD2 tem
um papel preponderante na prevenção da iniciação intragénica (evitando assim a produ-
ção de transcritos incorretos). Uma vez que todas estas funções são importantes para que
haja uma boa regulação génica, é possível prever que a alteração dos níveis de expressão
do SETD2 poderá comprometer importantes processos celulares, levando em última ins-
tância ao desenvolvimento de cancros. De facto, em células de pacientes com cancro da
mama, foram observados baixos níveis de expressão deste gene e em estudos independen-
tes, foi também constatado que o SETD2 regula a transcrição da proteína p53, descrita
atualmente como a proteína mais comummente alterada em tumores humanos.

Apesar das últimas décadas de investigação científica se terem gravitado em torno
das proteínas e das suas funções, o desenvolvimento de tecnologias de sequenciação de
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nova geração (NGS) têm levado ao reconhecimento de que, na verdade, apenas uma pe-
quena parte do genoma está efetivamente associado à produção de proteínas. Surpreen-
dentemente, observou-se também que a grande maioria do genoma (apesar de não estar
associada à codificação de proteínas) continua a ser transcrito de forma frequente e ge-
neralizada, tornando-se evidente que as regiões não-codificantes do genoma (assim de-
signadas por não codificarem proteínas) estão longe de estarem desprovidas de qualquer
tipo de função. Na realidade, sabe-se agora, que a grande maioria delas produz moléculas
que estão associadas a mecanismos de regulação génica e que orquestram tudo o que é
produzido dentro das células.

Dentro do conjunto de genes não-codificantes encontram-se os genes que produzem
lincRNAs (long intergenic noncoding RNAs), que são longos transcritos de RNA funcio-
nais que se encontram localizados entre genes que codificam proteínas. Uma vez que os
lincRNAs desempenham importantes funções de regulação celular têm sido, ultimamente,
alvo de vários estudos que têm demonstrado que em diversas doenças, como alguns tipos
de cancro, existem profundas alterações na produção destes transcritos.

Uma vez que o CCR de células claras é conhecido por ser particularmente resistente
à radioterapia ou à quimioterapia, a terapia génica direcionada apresenta-se como uma
boa alternativa de tratamento para os seus doentes. No entanto, apesar da quantidade
de estudos moleculares realizados em CCR de células claras ainda não é possível com-
preender totalmente este subtipo de carcinoma renal. É portanto necessária uma melhor
caracterização molecular deste carcinoma, a fim de se poderem encontrar os genes-alvo
na realização de uma terapia génica direcionada. Deste modo, com o intuito de explorar
de que forma é que o perfil de expressão dos genes (tanto codificadores de proteínas, como
lincRNAs) é influenciado pelo SETD2 em células com este subtipo de CCR, decidiu-se
fazer uma análise de expressão diferencial, quantificando e comparando os níveis de ex-
pressão génica entre linhas celulares com o SETD2 expresso a níveis normais e linhas
celulares com o SETD2 mutado.

Para tal, e uma vez que se pretendia fazer uma análise integral do genoma, foi neces-
sário obter um catálogo de anotação de lincRNAs humanos que fosse o mais completo
possível. Como o importante papel de regulação desempenhado pelos lincRNAs por todo
o genoma tem feito com que sejam associados ao desenvolvimento de certas doenças, e
por isso, que estejam a ser alvo de intensos e meticulosos estudos, algumas das bases de
dados começaram a catalogá-los o que levou a que, rapidamente emergissem inúmeras
bases de dados publicamente acessíveis e exclusivamente dedicadas à anotação de genes
não-codificantes.

As bases de dados oferecem uma excelente ferramenta na investigação científica, con-
tudo, como não são criadas com os mesmos propósitos nem têm a mesma anotação,
também se podem tornar num grande obstáculo à obtenção de conhecimento. Assim,
procurou-se as maiores e mais especializadas bases de dados de lincRNAs (Ensembl, Gen-
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code, Vega, Lncipedia, UCSC, Broad Institute, Noncode e dados publicados por Zhipeng
e Adelson) e convergiram-se todas numa só, obtendo-se um total de 38 402 lincRNAs.

De seguida, para que se pudesse descobrir novos lincRNAs e completar o catálogo
obtido anteriormente, o transcriptoma de CCR de células claras foi reconstruído, tendo-
se descoberto 21 661 potenciais novos lincRNAs. Depois de adicionados ao catálogo de
anotação anterior, obteve-se um número surpreendentemente elevado de lincRNAs que
é concordante com o que tem sido descrito relativamente à porção do genoma que não
codifica proteínas.

A análise diferencial entre as amostras cujo SETD2 tem uma expressão normal versus
as que têm uma mutação do SETD2 permitiu a identificação de 505 genes diferencial-
mente expressos, entre os quais 292 genes codificadores de proteínas e 213 lincRNAs.
Durante esta análise, foi possível observar que a sub-expressão de lincRNAs nas linhas
celulares com o SETD2 mutado foi incrivelmente elevada, quando comparada com a sub-
expressão de genes codificadores de proteínas, sugerindo que a desregulação do SETD2
tem um maior impacto no perfil de expressão dos lincRNAs.

Apesar de enumeras evidências sugerirem que a maioria dos lincRNAs são funcionais,
a verdade é que apenas uma pequena quantidade tem atualmente a sua função anotada. Sa-
bendo que alguns lincRNAs são co-expressos com os genes que codificam proteínas que
estão localizados nas suas proximidades, pode-se inferir a função dos primeiros através da
função dos últimos. No entanto, alguns lincRNAs podem também influenciar a expressão
de genes codificadores de proteínas em regiões cromossómicas bastante distantes da sua
própria localização. Assim, com a intenção de obter conjuntos de genes codificadores
de proteínas e lincRNAs cujos níveis de expressão estivessem correlacionados entre si, e
correlacionados com a expressão de SETD2, mas também com o objetivo de prever possí-
veis funções para alguns lincRNAs, procedeu-se à construção de uma rede de correlação
génica. Esta análise permitiu distinguir três módulos de genes altamente correlacionados
entre si, e entre os níveis de expressão do SETD2. De uma forma geral, constatou-se que
as funções dos genes pertencentes a um mesmo módulo tendiam a ser bastante semelhan-
tes, tendo-se desta forma feito uma previsão funcional para os lincRNAs que ainda não
estão descritos ou caracterizados.

No final, este trabalho permitiu dar os primeiros passos na compreensão do perfil
de expressão dos lincRNAs no CCR de células claras, para que futuramente se possam
encontrar os biomarcadores genéticos que indicam a suscetibilidade de certos indivíduos
para desenvolverem este carcinoma, ou ainda para que se encontrem os genes-alvo numa
possível terapia génica direcionada.

Palavras-chave: lincRNA, ccRCC, RNA-seq, perfil de expressão génica, análise génica
de expressão diferencial, rede de correlação génica
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Abstract

Renal cell carcinoma (RCC) is the most prevalent kidney cancer in adults, and it com-
prises approximately 3% of adult malignancies. On a microscopic level, there are several
histologic subtypes of RCC, the most common being a clear cell (ccRCC) which owes
its name to the low lipid content of its cytoplasm. This cancer is known to be particu-
larly resistant to chemotherapy and radiotherapy, and therefore recent molecular findings
have opened new treatment strategies like targeted therapy. Although many studies have
been performed on ccRCC, the transcriptional profile of this cancer is still poorly char-
acterized. This lack of information has been delaying the genetic approaches for tumor
classification, prognostic makers of response to treatment, and individual susceptibility of
developing ccRCC when expose to risk factors.

The ccRCC is genetically characterized by recurrent loss of the short arm of chromo-
some 3 (3p), leading to an inactivation of the tumor-suppressor genes placed in this region.
The Von Hippel-Lindau (VHL) gene, which is located at 3p25, has been often identified
as a tumor-suppressor gene involved in ccRCC, because it is inactivated in the majority of
the cases. However, since mutations in VHL gene alone merely induce senescence, it was
proposed that VHL’s role in tumor development is necessary but not sufficient in ccRCC
development. This fact suggests the existence of an additional tumor-suppressor gene
nearby, which is also consistent with the frequent copy number loss of 3p21 observed in
ccRCC patients. This hypothesis was supported by later studies on the matter, and the
histone methyltransferase SET domain-containing 2 (SETD2) was identified as a putative
new tumor-suppressor gene involved in ccRCC.

While in the last decades the scientific research has gravitated around proteins and
their functions, the advent of next generation sequencing (NGS) technologies has allowed
the acknowledgment that the number of distinct RNA transcripts is much larger than the
number of proteins produced in a cell. It became apparent that the proportion of protein-
coding regions in the genome was much smaller than the noncoding ones. Despite being
called noncoding regions (since they do not codify proteins), they are far from being
devoid of any function. In fact, it is now known that the intergenic regions contain im-
portant regulatory elements such as promoters and enhancers. These regions not only
provide a substrate for DNA-binding proteins to control the gene expression and the chro-
matin conformation, but also enclose a huge number of genes which are transcribed into
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several ncRNAs. Among them, there are long intergenic noncoding RNAs (lincRNAs),
which have been increasingly associated with important regulatory roles in the cell. As
a matter of fact, many studies have demonstrated that some conditions or diseases, like
cancer, have an impressively high disruption of lincRNAs expression profile.

The important regulatory role played by lincRNAs across the genome has led them
to be associated with diseases, and therefore subjected to a thorough and intensive study.
Accordingly, some of the existing databases started to catalogue them, but rapidly a vast
number of publicly available databases exclusively dedicated to ncRNAs or lncRNAs
emerged. The databases offer an excellent tool for research, but since they are neither con-
current nor have the same notation, they could also become a great obstacle to progress.
Thus, in order to assess the impact of SETD2 depletion in ccRCC transcriptome, it was
first necessary to obtain a comprehensive catalogue of human lincRNAs using the largest
available databases. After merging the most complete and specialized databases (En-
sembl, Gencode, Vega, Lncipedia, UCSC, Broad Institute, Noncode and Zhipeng and
Adelson’s published catalogue), 38 402 annotated lincRNAs were obtained.

Then, with the aim of extending the lincRNAs annotated catalogue and discover new
lincRNAs, the ccRCC transcriptome was reassembled which resulted in the identification
of 21 661 potentially new lincRNAs. Once added to the previous catalogue, a surprisingly
high number of lincRNAs was obtained, which is consistent with what has been described
in the literature regarding the proportion of noncoding regions in the genome relative to
the coding ones.

The differential analysis of the SETD2 wild-type versus mutated cell lines allowed the
identification of 505 differentially expressed genes, comprising 292 protein-coding and
213 lincRNAs genes. During this analysis, it was possible to observe that the downregu-
lation of lincRNAs in the SETD2 mutated cell lines was remarkably high when compared
with the downregulation of protein-coding genes in the same cells, which suggests that
the impact of SETD2 depletion is higher in the non-coding transcriptome profile.

Despite accumulating evidence suggesting that the majority of lincRNAs are likely
to be functional, currently only a relatively small proportion is functionally annotated.
Knowing that some lincRNAs are co-expressed with their neighbouring protein-coding
genes, one can infer the function of the former through the function of the latter. How-
ever, some lincRNAs can also regulate the expression of protein-coding genes in distant
chromosomic regions. Thus, with the intention of (1) obtaining modules of protein-coding
genes and lincRNAs whose expression levels were not only correlated between them, but
also correlated with the expression levels of SETD2, and (2) predict possible functions
for some lincRNAs, a weighted gene correlation network analysis was performed. This
analysis allowed to distinguish three highly correlated modules of genes, in which it was
possible to assess that the functions enriched within each module tended to be quite sim-
ilar or associated with the same pathways. This enabled to assign a potential function in
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the lincRNAs that are not already described or characterized.
In the end, this work allowed to take the first steps in understanding the transcriptome

profile in ccRCC, and especially get a better awareness of the potential of the noncoding
transcriptome, so that further studies can identify the genetic biomarkers that determine
the susceptibility of certain individuals to develop this renal carcinoma, as well as discover
the best genes to be used in a gene targeted strategy.

Keywords: lincRNA, ccRCC, RNA-seq, gene expression profile, differential expression,
weighted gene correlation network
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1 Introduction

1.1 Background

1.1.1 Creating the foundations of life: Gene Expression and Regula-
tion

The twentieth century awoke with the rediscovery of Mendel’s work on heredity and,
since then, the biological research was propelled towards the understanding of the nature
and content of genetic information. Over this century, the scientific progress became
more detailed and not only witnessed the discovery of the molecular structure of DNA but
also unlocked the biological mechanisms by which the cells read and use the information
contained in genes.

It became apparent that genetic information flowed within a biological system through
a process called gene expression, in which a functional gene product is produced. Gene
expression is a multistep process whereby genotype gives rise to phenotype, creating the
foundations of life. Analogous to reading a very rare single-copy book that cannot afford
to be damaged by handling, gene expression must also comprehend transcription and
translation processes.

During transcription, RNA polymerase in the presence of various specific transcrip-
tion factors transfers and assembles the information contained in a section of DNA to a
complementary and antiparallel RNA strand. The resulting RNA strand is slightly dif-
ferent from the coding DNA strand, since the former has the thymine (T) nucleobase
replaced by uracil (U), and its pentose sugar is a ribose, rather than the deoxyribose found
in DNA.

At this point there are some nuances regarding the eukaryotic cells, since the precur-
sor messenger RNA (pre-mRNA) must be processed in order to exit the nucleus. This
post-transcription processing includes the addition of a 5’UTR cap and a 3’UTR poly-A
tail, which prevent RNA from degradation once it is outside the nucleus. It also com-
prehends a splicing process, where the noncoding segments introns - which are initially
alternated with the coding segments exons - are removed. However, some exons can ei-
ther be retained or removed, causing an alternative splicing. This creates several different
RNA transcripts from a single gene, increasing the complexity of the eukaryotic gene ex-

1
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pression. Hereafter, the exons are joined together and the 5’UTR cap is recognized by a
nuclear pore complex, which allows the RNA molecule to travel to the cytoplasm.

The RNA strand encodes at least one gene, and if that gene encodes a protein, the
previous step gives rise to a messenger RNA (mRNA), which will then be translated into
a protein. However, the transcribed gene may encode a noncoding RNA (ncRNA) or
components of the protein-assembly process such as ribosomal RNA (rRNA) or transfer
RNA (tRNA). In this scenario, there is no need for a translation process since we are
already in the presence of the final functional gene product.

In translation, mRNA is bound to ribosomes, where it is read as triplet codons in order
to produce a specific peptide chain. Complexes of initiation and elongation factors induce
the tRNAs to bind to mRNAs codons with their complementary anticodon sequences.
This ensures the insertion of the correct amino acid in the growing peptide chain, and this
procedure keeps repeating itself while mRNA passes through the ribosome. The peptide
chain is released when the stop codon is reached, and then it acquires the more suitable
conformation according to its function, becoming an active protein.

To ensure that gene products are always available when they are needed but, on the
other hand, that they are not being wasted, gene expression is constantly being regulated
by a wide range of cellular mechanisms. This complex set of interactions that orches-
trate the rate and manner of gene expression not only determine when and where specific
genes are activated, but also control the amount of proteins of RNA products that are be-
ing produced. Any step of gene expression can be modulated depending on the purpose
for which regulation is being performed and, therefore, the regulatory mechanisms can
control the rate of transcription or translation, regulate the RNA post-transcription pro-
cessing or the post-translational modifications of a protein, and modify the stability of
mRNA molecules.

The accessibility of large regions of DNA is controlled by modifications on its chro-
matin structure, which are successively the result of histone modifications. These mod-
ifications can be directed by DNA-methylation, ncRNAs or DNA-binding proteins, and
thus, by controlling the transcription, they may up or downregulate the expression of a
gene. The regulation of transcription, however, can also be mediated by changing the
specificity of RNA polymerase for a given promoter, making it more or less prone to
bind to them and initiate transcription; by impeding RNA polymerase’s advance along
the DNA strand with repressors that bind themselves to operators or, on the contrary, by
encouraging gene expression and increasing the attraction of RNA polymerase for the
promoter with activators.

After the mRNA assembling, cells can modulate not only the post-transcriptional pro-
cesses as 5’UTR capping, splicing and the 3’UTR poly-A tail addiction, but also the nu-
clear export rates, and by doing this they can control the amount of mRNA that is going to
be translated into proteins. During the translation of mRNA, cells may also regulate gene
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expression by a variety of mechanisms which mostly occur at the initiation level. In fact,
the recruitment of the small subunit of the ribosome can be coaxed by modifications in the
mRNA secondary structure, or by the presence of antisense-RNA or other RNA-binding
proteins.

By allowing the cell to product specific products when needed, gene regulation in-
creases the versatility and adaptability of an organism and any disruption in this regu-
lation can lead to serious consequences, including cancer and other disorders. In this
way, gene regulation determines the cell’s overall structure and function, governing cell
differentiation and cell morphology.

Over the course of the past few decades, gene expression has been seen as a multi-
step process that culminates with the creation of an active protein, leading researchers to
place a great emphasis on proteins as the mediators of biological function. In fact, despite
some functional RNAs have been known to scientific community since the beginning of
the molecular era, the formation of a protein was thought to be the most common or
general case. Thus, even though they only comprise around 1.2% of the genome (1), the
protein-coding regions are the genomic regions that have been most thoroughly studied.

1.1.2 LincRNAs and their functions

The protein-coding genes are dispersed throughout the genome like islands of protein-
coding regions in an ocean of intergenic regions. The intergenic regions were once
thought to be transcriptionally silent, but it rapidly became apparent that the number of
distinct RNA transcripts was much larger than the number of proteins produced in a cell.
The event was considered as a mere result of the prolific activity of RNA polymerase,
and the term "junk DNA" that was used to describe these regions largely spread around
the scientific community. However, rather than islands in a dull ocean, it is now known
that the intergenic regions contain important regulatory elements such as promoters and
enhancers. In fact, these regions not only provide a substrate for DNA-binding proteins
to control the gene expression and the chromatin conformation, but also enclose a huge
number of genes which are transcribed into several ncRNAs (2).

NcRNAs are arbitrarily divided into two classes based on their length: those under
200 nucleotides (nt) are known as short/small RNAs, and those greater than that are desig-
nated as long noncoding RNAs (lncRNAs). This cut-off was set due to RNA purifications
protocols, but since most of the lncRNAs identified so far are larger in size, this charac-
terization based on length restriction rather than functionality is being questioned (3). In
addition, some small nuclear RNAs are in fact larger than 200nt (4).

LncRNAs are classified according to their location relative to neighbouring protein-
coding genes, and there are four broad categories: antisense, sense-overlapping, divergent
or bidirectional, intronic, and intergenic (Figure 1.1). The ones located in the intergenic
regions are known as long intergenic noncoding RNAs (lincRNAs) and they will be the
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focus of this work.

When comparing basic structural features between lincRNAs and protein-coding
genes (5,6), the former have less exons (commonly only two). Due to the reduced number of
exons, lincRNAs genes are also shorter than protein-coding genes but have longer exons
and longer introns. Additionally, as mentioned above, both undergo post-transcriptional
modification including alternative splicing, and lincRNAs usually have two transcripts
isoforms per gene.

There are still few well-characterized lincRNAs but, since they can operate in a wide
range of mechanisms, their regulatory role is increasingly more incontestable (4). While
some lincRNAs have a cis-regulation activity, by silencing local genes creating repres-
sive environments (7), the majority of them have a trans-regulation activity (8) and can hit
multiple targets, like lincRNA-p21 (9). Some of the main mechanisms in which lincRNAs
can also operate include the following: modifications in RNA processing (10); the recruit-
ment of epigenetic modifiers to specific loci, to reprogram the chromatin state (11); and the
seizing of biomolecules, which prevents them from perform their cellular functions (12).

In previous studies, it was shown that lincRNAs not only have high cell-type speci-
ficity (5) but are also evolutionarily conserved between several organisms (13,14), reinforcing
the thought of its functionality across the genome. Furthermore, when a loss-of-function
approach was performed on lincRNAs expressed in mouse embryonic cells there were
serious effects in gene expression, comparable to well-known regulators (8).

Since lincRNAs participate in a wide spectrum of biological functions, it would be
expected that a perturbation in their expression could contribute to the development and
progression of diseases and disorders (15). In fact, it has long been suspected that there is
a role for lincRNAs in cancer, but it was only with the technical progress in transcrip-
tome profiling that a large number of lincRNAs were identified as potential onco-genes
or tumor-suppressor genes (16,17).

One of the most well-known lincRNA tumor-suppressor gene is lincRNA-p-21, which
is induced when p53 transcription factor initiates a tumor-suppressor program in response
to a stressful cellular environment. LincRNA-p-21 is responsible for the global repression
of genes that interfere with the cellular apoptosis response (9), underlining its importance
for the homeostasis maintenance. On the other hand, the oncogenic lincRNA HOTAIR,
which is highly expressed in breast tumors, has been implicated in tumor metastization,
and its expression levels are a great predictor of patient outcomes (18).

Surprisingly, the majority of genome-wide association studies (GWAS) showed that
more than 80% of the single nucleotide polymorphisms (SNPs) associated with cancer
susceptibility are located in noncoding regions (in which 44% are located in intergenic
regions) (19), showing that these regions may be important to predict and treat cancer.
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Figure 1.1: LncRNAs Categories. (A) Intergenic lncRNAs are located between protein-
coding genes and have their transcriptional units completely separated from them. (B) Di-
vergent or Biderectional lncRNAs are orientated on the opposite direction of the nearby
protein-coding gene. (C) Intronic lncRNAs overlap with the intron of protein-coding
genes in either sense or antisense orientation. (D) Antisense lncRNAs are transcribed
from the antisense strand and overlap with at least one exon of a protein-coding genes.
(E) Sense-overlapping lncRNAs overlap with a known protein-coding gene on the same
genomic strand and can be considered transcript variants of protein-coding mRNA. How-
ever, unlike mRNAs, sense-overlapping lncRNAs lack substantial open reading frames
for protein translation. Image adapted from Rinn et al. (4).

1.1.3 SETD2 as a tumor-suppressor gene in ccRCC

Renal cell carcinoma (RCC) is the most prevalent kidney cancer in adults, and it com-
prises approximately 3% of adult malignancies (20). On a microscopic level, there are
several histologic subtypes of RCC, the most common being a clear cell (ccRCC) (21)

which owes its name to the low lipid content of its cytoplasm. This cancer is known to be
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particularly resistant to chemotherapy and radiotherapy, and therefore recent molecular
findings have opened new treatment strategies (22).

The ccRCC is genetically characterized by recurrent loss of the short arm of chro-
mosome 3 (3p), leading to an inactivation of the tumor-suppressor genes placed in this
region (22). The Von Hippel-Lindau (VHL) gene, which is located at 3p25, has been often
identified as a tumor-suppressor gene involved in ccRCC, because it is inactivated in the
majority of the cases (23). However, since mutations in VHL gene alone merely induce
senescence, it was proposed that VHL’s role in tumor development is necessary but not
sufficient in ccRCC development (24). This fact suggests the existence of an additional
tumor-suppressor gene nearby, which is also consistent with the frequent copy number
loss of 3p21 (25) observed in ccRCC patients. Therefore, when a modified version of the
gene identification by nonsense-mediated mRNA decay inhibition (GINI) approach (26) was
applied to several cell lines that showed copy number loss of 3p21, the histone methyl-
transferase SET domain-containing 2 (SETD2) was identified as a new tumor-suppressor
gene involved in ccRCC (27).

The SET domain-containing proteins are characterized by having an amino acid chain
with approximately 130 amino acid-long called the SET domain. This group of enzymes
are named after a domain that is found throughout all forms of eukaryotic life, and uses
the cofactor S-adenosyl-L-methionine (SAM) to achieve methylation of its substrates (28).
This protein family has been shown to demonstrate catalytic activity towards particular
lysine residues on histone. In fact, with the exception of lysine-79 of the histone H3 (29)

(H3K79, using the one-letter nomination for amino acid sequences), all the histone lysine
methylations are catalysed by a family of SET domain-containing proteins. SET domain-
containing proteins have a high substrate specificity and can be classified and grouped
according to the sequences surrounding the SET domain.

Depending on their biological properties and the function being performed, SET
domain-containing proteins are able to mono-, di- or trimethylate their lysine substrates
assisted by the cofactor SAM. Nonetheless, emerging evidences also indicates that sev-
eral non-histone proteins - as regulators of signalling pathways, transcription factors and
tumor suppressor proteins - are specifically targeted by this family of enzymes (28).

The histone lysine methylation is part of the histone code that regulate the transcrip-
tion of genetic information encoded in the DNA through chemical modifications in hi-
stone proteins. This regulation, in the case of histone lysine methylation, is achieve by
selectively methylating the histone lysines, affecting the chromatin state and thus, altering
the chromatin environment to suppress or enhance the binding of cofactors (28).

The SET domain-containing 2 (SETD2) gene, which is placed at 3p21.31, encodes
a methyltransferase that specifically, and non-redundantly, trimethylates lysine-36 of hi-
stone H3 (H3K36me3), using its dimethylated form (H3K36me2) as subtract. SETD2
plays an important role in chromatin structure modulation during the elongation phase of
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transcription by coordinating the recruitment of the FACT complex (named after its ability
to "FAcilitate Chromatin Transcription"), which restores nucleosome positioning. A de-
pletion of SETD2, and consequently a depletion of H3K36 trimethylation, was shown to
lead to a poor recruitment of FACT reducing its nucleosome occupancy in active genes (30).
Furthermore, this depletion also promoted the intragenic transcription initiation in those
genes (30).

As previously described, the presence of H3K36me3 is tightly associated with tran-
scriptional elongation of the genomic regions, and consistently, this trimethylated residue
was found to be enriched within the body of the gene. However, a further look into the
different regions of the gene body reveals a higher expression of the H3K36me3 in the
exonic ones, suggesting not only that SETD2 recruitment is enhanced by splicing, but
also that splicing is coupled to the recruitment of the elongating RNA polymerase II (31).

Histone-modifying enzymes, including histone lysine methyltransferases, have been
reported as being correlated with the development of several types of cancer, since its
aberrant activity could result in altered chromatin configuration and disruption of nor-
mal transcription programs, pushing the cells towards cancerous development. Within
the 3p21 region there are several closely related genes, but the most likely to interpret
the tumor-suppressor role, based on their biological functions, is SETD2. This was sup-
ported by previous observations in breast cancer, which demonstrated increasingly lower
expression levels of SETD2 in samples from patients with the poorer prognosis (32), and
furthermore, it had also been observed that SETD2 selectively regulates the transcription
activity of the tumor-suppressor protein p53 (33).

1.1.4 RNA-seq and its new perspective on transcriptomics

The transcriptome is the set of all RNA transcripts existing in a cell at a given time, and un-
derstanding it is essential to discover the functional elements of the genome. In addition to
cataloguing all the different RNA transcripts and untangling the post-transcriptional mod-
ifications they may undergo, transcriptomics also aims to quantify the expression level of
each transcript across different biological conditions (34). Both hybridization-based and
sequence-based techniques were developed to achieve these purposes, but they had seri-
ous limitations (35).

The hybridization-based approaches are characterized by the incubation of fluores-
cently labelled complementary DNA (cDNA) with oligo-probes in microarrays. De-
spite being high-throughput methods, they rely on previous knowledge about genome
sequences, and since they require transcripts with high expression levels, due to cross-
hybridization, they had a limited detection range. On the other hand, sequence-based
approaches do not need a prior knowledge about the sequences. However, since they
were initially based on Sanger sequencing, they had the disadvantage of being expensive,
low-throughput and were typically non-quantitative.
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Next-generation sequencing techniques

The high demand for a faster, more accurate and cheaper sequencing approach led to the
emergence of the next-generation sequencing (NGS) methods. There are currently three
different NGS platforms that are commonly used: Roche/454, Ion torrent and Illumina.
There are also other platforms like Single-Molecule Real-Time (PacBio) and Sequencing
by ligation (SOLiD), however since they have some limiting characteristics - like a lower
read accuracy and slower performance (respectively) - only the first three will be further
detailed. Those platforms vary in sequencing chemistry and engineer conformation, but
share the technical archetype of massive parallel sequencing, obtaining millions of DNA
or RNA sequences reads per run.

They all use clonally amplified templates which can be obtained by emultion PCR
(emPCR) or solid-phase amplification (Figure 1.2). Clonally amplified templates offer
advantages over bacterial cloning, since they are designed to be performed in a cell-free
system avoiding the arbitrary loss of genomic sequences inherent to in vivo cloning meth-
ods (36).

EmPCR allows sequencing complex genomes using common PCR primers. After
ligation, each read is captured by one emPCR beads, and PCR amplification is performed
in order to obtain several thousand copies of the same read. In solid-phase amplification,
after the initial priming and extension of the read, a bridge amplification technique is
performed and, thus, clusters of the same genomic sequence can be obtained.

After template amplification, different platforms have different template immobiliza-
tion techniques (36). Both Roche/454 and Ion torrent exploit emPCR, but while Roche/454
deposits its emPCR beads in PicoTiterPlate wells, Ion torrent attaches them to a microchip
sensor. Illumina uses primer immobilization after performing a solid-phase amplification.

When it comes to sequencing and imaging, the several platforms also use very
distinct techniques. Roche/454 performs pyrosequencing, a bioluminescent and non-
electrophoretic method which detects the pyrophosphate release on nucleotide incorpora-
tion by DNA polymerase, measures and converts it into visible light.

Similarly to Roche/454, Ion torrent does not use fluorescently modified nucleotides.
It relies on a silicon microchip to detect hydrogen ions released during nucleotide incor-
poration (37). These signals are also converted into visible light. The order of light peaks
is recorded in flowgrams, revealing the underlying nucleotide sequence. Long stretches
of the same nucleotide (homopolymers) produce a light peak with higher intensity, but
since this cannot be accurately quantified it’s hard to interpret homopolymers with these
platforms (37).

Illumina uses reversible terminators in a cyclic method, called cyclic reversible termi-
nation (CRT). When DNA polymerase is bound to the primed template, it incorporates
one fluorescently modified nucleotide complementary to the template base. Due to the
presence of a terminator, DNA synthesis stops temporarily, and the remaining unincor-
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porated nucleotides are washed away. Fluorescent imaging is then executed in order to
identify the incorporated nucleotide. Lastly, this is followed by a cleavage process where
both the terminator and the fluorescent dye are removed, and the cycle can be repeated
again.

When comparing the three platforms described above (38,37), Roche/454 offers the high-
est read sequencing length, expediting the assembling process; Ion torrent has the lowest
equipment cost (39); and Illumina produces the shortest reads. However, both Ion torrent
and Roche/454 have higher error rates due to their limitation to correctly interpret ho-
mopolymers, making Illumina the best choice among the three platforms. Apart from
being suitable for a large range of applications, such as whole genome sequencing and
RNA-sequencing, Illumina also has the highest accuracy and offers the best through-
put/cost relation.

Figure 1.2: Template aplification strategies. In emPCR (top image), PCR amplification
is performed within droplets using beads with several thousand copies of the same read.
In solid-phase amplification (bottom image), it is used a brigde amplification technique,
where the immobilized reads are amplified to form clusters. Image adapted from Metzker
et al. (36).
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RNA-sequencing

RNA-sequencing (RNA-seq) is a recent method, based on massive parallel sequencing
methods, which maps and quantifies transcriptomes. The first step that must be taken
before carrying out any RNA-seq experiment is to determine which RNA family one
wishes to assay. In the cell, RNAs are presented in a large variety of families that include
poly-adenylated mRNA, coding or regulatory non-adenylated RNAs, ribosomal RNAs,
small and micro RNAs, and the sample collection and preservation within each family
vary accordingly. Nonetheless, the quality and quantity of the RNA in the initial samples,
regardless of the RNA type, are by far the most important factors in the whole process,
because it will allow for the production of a good library for sequencing. Thus, RNA
purification should follow cell isolation as quickly as possible to prevent modifications in
the transcript profile.

Briefly, the set of RNA transcripts is enriched and transformed into cDNA fragments
with adaptors attached to one or both ends, thereby forming the library for sequencing.
Then, each fragment is amplified and sequenced using a high-throughput approach to
obtain short sequences from one end (single-end sequencing) or both ends (paired-end
sequencing) (35). The resulting sequences (designated as reads) are either aligned to a
reference genome or to a reference transcriptome. The reads can also be assembled de
novo without the genomic reference.

The main challenges faced by massive parallel sequencing methods are related with
the large amount of data they produce. Thus, the development of efficient bioinformatics
methods to store, process and analyze the data became necessary to avoid errors and make
the overall procedures less time-consuming.

Before starting the analysis of RNA-seq data is necessary to do a quality assessment,
where reads with low sequence quality or overrepresented sequences are removed to as-
sure an unbiased analysis. The first step of the analysis consists in the alignment of the
reads to a reference genome or transcriptome. In the absence of reference genome, the
analysis requires the additional step of de novo transcriptome assembly. When sequenced
genomes are available the process is rather straightforward: the reads are mapped against
the genome and the transcriptome is assembled. On the other hand, de novo transcrip-
tome assembly is more time-consuming and demands great computational power. It also
requires a much higher sequencing depth in order to leverage the redundancy of short-
reads and find overlaps between them (34). Nonetheless, even if a reference genome is
available, it may be advised to perform de novo transcriptome assembly once it can re-
cover transcripts from missing regions in the reference genome (34).

The alignment step is followed by a quantitative and differential expression analy-
sis, which calculate the abundance for each gene, and determine the genes under- and
overexpressed relative to other samples. In fact, RNA-seq is a robust method to compute
differentially expressed genes, since it is able to capture the expression nuances in differ-
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ent conditions, times or tissues. Furthermore, it is also possible to do alternative splicing
analysis or to study other structural variations such as translocations or gene fusions.

This is a fast-moving era in scientific research and the impressive range of applica-
tions for NGS technologies makes the present an exciting time to be looking into the
so-called transcriptome’s "dark matter". Since RNA-seq has high sensitivity for genes
expressed either at low or very high levels (35), it has provided a genome-wide view of
lncRNAs (40) as they typically tend to have lower expression levels than protein-coding
genes (5). The high accuracy of RNA-seq also enabled the unravelling of the complexity of
the genomes, introducing researchers to new distinct isoforms for several lncRNAs genes,
and to their exact locations relative to protein-coding genes. Additionally, strand-specific
RNA-seq methods (41), which preserved the information about transcriptional direction,
have revealed the presence of several lncRNAs that are transcribed from DNA antisense
strand (40).

Even though RNA-seq is still a method in constant development and optimization,
its accurate interpretation of gene expression dynamics across different conditions makes
it a powerful tool to unravel the mysteries of transcriptomes. Furthermore, RNA-seq is
particularly suitable to bring new insights into the noncoding regions, since it has high
sensitivity, when compared to other sequencing methods (35).

1.2 Motivation and Objectives

The important regulatory role played by lincRNAs across the genome has led them to
be associated with diseases, and therefore subjected to a thorough and intensive study.
Accordingly, some of the existing databases started to catalogue them, but rapidly a vast
number of publicly available databases exclusively dedicated to ncRNAs or lncRNAs
emerged (42,43). The databases offer an excellent tool for research and their increasingly
number over the past few years reflects this. However, since they are neither concurrent
nor have the same notation, they could also become a great obstacle to progress. There-
fore, the first objective of this work is to create a comprehensive catalogue of human
lincRNAs using the largest available databases.

The malfunction of the methyltransferase SETD2 gene has been reported in previous
studies as being associated with carcinogenesis processes (32,33), being even proposed as
a tumor-suppressor gene in ccRCC (27). Since ccRCC is known for being particularly
resistant to common cancer treatments, the targeting gene therapy can provide a good
alternative strategy treatment for patients (22). Thus in order to assess the impact of SETD2
depletion in non-coding transcriptome, the second objective of this work is to determine
the lincRNAs altered in ccRCC cell lines harbouring mutated SETD2 gene.

Despite accumulating evidence suggesting that the majority of lincRNAs are likely
to be functional, currently only a relatively small proportion is functionally annotated.
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There are some lincRNAs that are co-expressed with their neighbouring protein-coding
genes and, taking this into consideration when using a "guilty by association" method, that
means the functions of lincRNAs can be predicted according to the function of protein-
coding genes with similar expression patterns (5). Hence, to evaluate biological impact
of the misregulated lincRNAs, the third goal of this work is to determine co-expressed
lincRNAs and protein-coding genes with relevant cancer-related functions.



2 A Comprehensive Catalogue of Hu-
man lincRNAs

The work presented in this chapter is the result

of a collaborative work performed with Ioana Posa.

2.1 Introduction

The acts of acknowledging, naming and cataloguing things are as old as humanity itself
and played a huge part in the acquisition of knowledge. Although listing information
resources may apparently seems trivial, currently, a lot of bioinformatics work is exclu-
sively dedicated to databases technology. It is mandatory that databases contain an excel-
lent naming system, so that the data stored in them can be fully explored by researchers.
Thus, the naming system ideally must be easy to understand and to work with, timeless
and unable to be modified when new data is discovered.

Followed by the thorough and extensive study performed on lincRNAs in the last
two decades, the necessity to organize and catalogue them resulted in the appearance of
independent annotations spread over several databases. The data records are typically
organized to model aspects of reality in a way that supports researchers to process the
information and withdraw the answers to their scientific questions. This implies that each
database had a specific purpose that led to its creation, and regardless of whether the pur-
pose had more general or specialized aims, the broad range of information existing in the
several databases makes it difficult to ensure the consistency among them. Thereon, since
the different databases don’t cross-reference each other and have different nomenclatures,
it is also difficult to get a catalogue with all the annotated data. Furthermore, the poor in-
terchangeability between databases also raises a problem when one must opt by a single
database, since the information about how they performed over other databases is not -
easily - available.

In the course of this work it is aimed to identify lincRNAs misregulated in SETD2
depleted cells, and therefore, it is necessary to start by asking how many lincRNAs can
be expressed in human cells and where they are located in the human genome. Hence, the
choice of the databases used in this work, that will be described below, fell on whether
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they were some of the most extensive and publicly available contemporary databases, thus
allowing the assemble of the largest possible number of annotated lincRNAs.

Noncode (version 4) (43) is a ncRNA-dedicated database, whose data comes almost ex-
clusively from experimentation. To supplement the manual curation efforts this database
also integrates annotations from NCBI’s RefSeq (44) and Ensembl (45), which allows users
to search for any of the nomenclature used in these three. Unlike some of the existing
lncRNAs resources such as (1) LncRNAdb (46) which is focused on lncRNAs with well-
described functions in literature, (2) ncRNAdb (47) which provides RNA sequences and
annotations from different sources, and (3) Rfam (48) which encompasses structures and
annotations of well-known RNA families along with predictions of new members of these
families, Noncode database keeps itself up-to-date and cover most of the newly identified
lncRNAs in recent studies. This database stands out from the others by including infor-
mation about other species rather than human and mouse - which cover 22% of all the
transcripts presented in Noncode. Additionally to the quality and extensiveness of the
information covered by Noncode, it also offers two tools of great importance: lnc-GFP
and iLncRNA. While the former is a lncRNA gene function predictor which basis itself
on a weighted bi-colored network in a naive Bayesian fashion (49), the latter is a lncRNA
identifier which makes use of the Coding-Non-Coding Index (CNCI) (50) to predict the
coding potential of the transcripts.

Lncipedia (version 2.1) (42) is a database exclusively for human lncRNA, which not
only integrates the annotations from Ensembl (45), but also from Broad Institute (5) and
LncRNAdb (46). Aware of the lack of consistency problem originated by the existence of
multiple databases and nomenclatures, Lncipedia has been making a big effort in creating
a unifying nomenclature, but since it takes into account the closest protein-coding gene,
every time a new lncRNA is identified, the nomenclature changes. In addition to basic
transcript information, this database also contains information regarding secondary struc-
tures, protein coding potential and microRNAs binding sites, useful to the study of the
interactions between lncRNAs and other biomolecules.

Both Gencode (version 18) (51) and Ensembl (version 73) (45) provide genome an-
notations, but while Gencode focuses itself on identifying all the gene features of
the human genome, Ensembl has broader purposes and comprises genomes of sev-
eral chordates organisms. Additionally, these databases joined efforts with the Hu-
man and Vertebrate Analysis and Annotation (HAVANA) project (www.sanger.ac.
uk/research/projects/vertebrategenome/havana/) in order to provide
all the manually curated annotation available at the moment. HAVANA’s annotation was
also included in this work in an independent fashion, since it is used as the reference
annotation in the Vega (52) genome browser.

The University of California Santa Cruz (UCSC) Genome Browser (accessed in
February, 2014) (53,54) contains the reference sequence and working draft assemblies for

www.sanger.ac.uk/research/projects/vertebrategenome/havana/
www.sanger.ac.uk/research/projects/vertebrategenome/havana/
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a large collection of genomes, providing information from ENCODE (55) and Neander-
tal (56) consortiums.

Broad Institute (accessed in February, 2014) (5) provides the catalogue of the Human
Body Map lincRNAs, as well as transcripts of uncertain coding potential (TUCP) that
have high evolutionary conservation but may include short open reading frames, and may
serve either as lincRNAs or as small peptides. Additionally, all RNA-seq alignment files
and raw de-novo transcriptome assemblies used to construct this catalogue are available
in Broad Institute website.

In order to include additional lncRNAs that might not be present in the databases
mentioned above, the Zhipeng et al. (14) catalogue was also used in this work. This is
dedicated to ncRNAs and was constructed using publicly available expressed sequence
tags (EST). These ncRNAs were subsequently compared with well-characterized lncR-
NAs and subdued to a conservation analysis, resulting in an expanded list of new and
potential functional transcripts.

Although each of these resources provides valuable information, database unification
and integration of lincRNA transcript sequence details is currently lacking. Therefore,
in this chapter apart from being described how an exhaustive lincRNAs catalogue was
obtained by merging the annotated lincRNAs from the data resources mentioned above,
is also presented insights about the structure and how the different databases intersect
each other.

2.2 Materials and Methods

2.2.1 Data Source

The annotated lncRNAs were obtained from UCSC (accessed in February, 2014) (53,54) and
Lncipedia (version 2.1) (42) databases, while the lincRNAs were obtained from Noncode
(version 4) (43), Gencode (version 18) (51), Broad Institute (accessed in February, 2014) (5),
Ensembl (version 73) (45) and Vega (version 54) (52) databases. A catalogue constructed by
Zhipeng et al. (14) was also used in order to include additional lincRNAs that might not be
present in the databases mentioned above.

The reference genome used throughout the entire work was the human genome
GRCh37 downloaded from Ensembl.

2.2.2 Human lincRNAs catalogue

The databases used in this work are some of the most extensive contemporary databases,
and were chosen in order to assemble the largest possible number of annotated lincRNAs.
Noncode, Lncipedia and Zhipeng’s catalogue are exclusively dedicated to noncoding tran-
scripts, while the remaining databases have more generic purposes. The data available to
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Figure 2.1: Extracted data and processing steps to obtain lincRNAs. The data ex-
tracted from UCSC (known genes), Zhipeng’s catalogue (ncRNAs), Gencode (lncRNAs),
Noncode (lncRNAs) and Lncipedia (lncRNAs) had to be processed in order to obtain
lincRNAs only.

download in each database, and the required processes to obtain lincRNAs are outlined in
figure 2.1.

Each lincRNAs annotation files must be converted into .bed or .gtf formats before
starting the following data processing with BEDTools version 2.19.0:

1. In order to guarantee that annotation files contained lincRNAs only, the Ensembl
protein-coding genes were subtracted from each of them, using the subtractBed
command with the "-A" parameter to completely remove the feature if any overlap
exists:

$ subtractBed -a DB_lincRNAs.bed -b Ensembl_ProteinCodinGenes.bed

-A > outputfile.bed
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2. The mergeBed command was used to combined overlapped isoforms into one single
representation. The "-s" parameter merges the features that were solely in the same
strand, and the "-nms" parameter gets the names of those features:

$ mergeBed -i DB_lincRNAs.bed -s -nms > outputfile.bed

This was performed with a custom R script to ensure that there was no gene loss
during the merge process.

3. In order to get a single catalogue, all the databases files were concatenated and the
exons smaller than 20bp were eliminated.

4. Lastly, the mergeBed command was used to avoid duplicated genes, but this time, in
addition to the parameters "-s" and "-nms", "-d" parameter was set to -8 preventing
genes or isoforms overlapped in 8bp to merge with each other:

$ mergeBed -i DB_lincRNAs.bed -s -nms -d -8 > outputfile.bed

2.3 Results

2.3.1 Comparison between Databases

An initial look through the chosen databases and catalogues showed a clear distinction
between the ones that are exclusively dedicated to noncoding transcripts and the others
with more generic purposes. Consequently, the databases with more annotated lincRNA
genes (Figure 2.2a) proved to be Noncode (43), Lncipedia (42) and the lincRNAs catalogue
constructed by Zhipeng et al. (14).

Even among the ones exclusively dedicated to noncoding transcripts, all the resources
showed to have wrongly annotated lincRNAs genes, because each of them suffered gene
loss when protein-coding gene subtraction was performed (Figure 2.2b). The percentage
of lincRNAs that overlap protein-coding genes was on average 5%, however, this num-
ber was significantly higher in Lncipedia and UCSC (53,54) since both reached ∼20% of
gene loss. A small error rate would be expected due to gene-calling procedures during
sequencing. Gene predictors typically use complex probabilistic models, such as hidden
Markov models (HMMs), and they have different outcomes depending on the model and
also on the training set used (57). Additionally, these errors are more visible in eukaryotic
genomes, due to their increased complexity since they comprehend introns and processes
such as alternative splicing.

Except for Zhipeng et al. catalogue, which only includes genes with one isoform, all
the remaining databases show lincRNAs with several different isoforms per gene (Fig-
ure 2.2c). The lack of information regarding isoforms in the Zhipeng et al. catalogue is
due to the protocol methodology used in the study, since it was mainly aimed at finding
novel noncoding regions (14). Lncipedia and Broad Institute (5) proved to be the databases
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Figure 2.2: Databases characterization. (A) Number of lincRNAs genes, transcripts and
exons presented in each database and catalogue. (B) Number of lincRNAs genes removed
after subtracting the Ensembl protein-coding genes. (C) Percentage of lincRNA genes
with a certain number of isoforms, after subtracting the Ensembl protein-coding genes.
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with the largest number of annotated isoforms per lincRNA gene. Regardless of being
a ncRNA-dedicated database, Noncode was slightly surpassed by Gencode (51) and En-
sembl (45).

The existence of redundancy in the chosen databases allowed to determine what the
most variable databases are, and how it can be advantageous to use them discarding the
ones that are already included in other databases. Thus, when looking at the intersection-
ality between the resources, there were two groups that are noteworthy (Figure 2.3a and
2.3b). Although Lncipedia is well represented in Noncode, it remains the case that 2 709
lincRNA genes are not annotated in the latter. Furthermore, since Broad Institute database
is completely included in the Noncode and Lncipedia (Figure 2.3a), it can be discarded
when using those two. As expected, Vega, Ensembl and Gencode proved to be extremely
similar to each other (Figure 2.3b). Whereas that Ensembl database is completely in-
cluded in Gencode, and Vega only added 3 lincRNA genes to the final annotation, when
any of these three databases is considered to be used, one can opt to choose Gencode only.

The intersectionality between the most variable databases (Figure 2.3c) was much
smaller than expected (137 genes), but this was due to the inclusion of the Zhipeng et al.
catalogue. As mentioned above, this catalogue was built in order to annotate unknown
noncoding regions, and accordingly 9 021 lincRNA genes from this catalogue were ob-
served in the final annotation. However, even if the Zhipeng et al. catalogue is not taken
into account the number of intersected genes only increases to 854, which confirms the
reduced redundancy existing in the several databases.

2.3.2 LincRNAs Characterization

When comparing basic structural features between lincRNAs and protein-coding genes,
it was observed that lincRNAs have on average 2.7 exons and 1.5 distinct isoforms per
gene, while protein-coding genes have on average of 7.4 exons and 7.2 distinct isoforms
per gene. The number of exons per lincRNA gene is consistent with what was previous
described (5,6), but the number of isoforms per lincRNA showed to be marginally smaller.
Even if the inclusion of the Zhipeng et al. catalogue is not taken into account, nullifying
the bias that comes with it, the number of isoforms per lincRNA gene is still lower than
expected (1.6 isoforms per gene).

Due to their reduced number of exons, lincRNAs are smaller than protein-coding
genes (median ∼1 kb to lincRNAs and ∼13 kb to protein-coding genes), but have larger
exons (median = 249 bp in lincRNAs and 126 bp when it comes to protein-coding genes)
as well as larger introns (median = 1 708 bp to lincRNAs and 1 568 bp to protein-coding
genes).

The positional bias that has been observed in lincRNAs (2,14), it was also found in the
lincRNAs annotated in these databases and catalogues. There is a tendency for lincRNAs
to be located near protein-coding genes (1st quartile = 2 746 bp and median = 23 120
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Figure 2.3: Intersectionality between databases. The number of genes contained in
each database and catalogue are represented in venn diagrams that show the intersec-
tions between them. (A) Broad Institute database is completely included in Lncipedia and
Noncode, and it may not be taken into consideration when using the latter two. (B) En-
sembl is completely included in Gencode, and Vega is also fairly represented in the latter.
(C) When looking at the intersectionality between the most variable databases, the low
redundancy existing in the different annotations is confirmed: there are only 137 genes
simultaneously annotated in these five databases.
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bp), reinforcing the hypothesis that they are responsible for the cis-regulation of nearby
protein-coding genes through several mechanisms.

2.3.3 Catalogue of Human lincRNAs

In order to obtain a simplified representation of each gene, when constructing the cata-
logue of human lincRNAs, the information regarding genes’ isoforms was not maintained.
Thus, during isoforms merge, all the transcripts belonging to the same database were com-
pared and, if they were located on the same strand and had any overlapping exons, they
were merged together. Despite this, no gene loss was experienced during the procedure,
as due care was taken to ensure that each lincRNA identity was preserved, particularly of
those lincRNAs which overlapped with a different lincRNA on the same strand.

Since some genes’ isoforms were spatially distant from each other, and did not have
any overlapping exons, there was a small percentage of genes that kept more than one
isoform. Nonetheless, these occurrences were not frequent and represented less than 1%
of the overall genes. In UCSC, the occurrence was slightly more frequent but it did not
exceed the 4%.

Figure 2.4: Merging the databases. (A) Demonstration of a gene that are simultaneously
annotated in multiple databases being merged into a single representation. (B) Some
genes saw their isoforms being merged during the merging of the databases since they
overlapped with a different gene in another database. In the image is represented a gene
in Noncode that kept 2 isoforms, and since they both overlapped a gene in UCSC, they
were all merged together.
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Figure 2.5: LincRNAs final catalogue. Comparison between all the databases that were
chosen, and lincRNAs final catalogue. The final catalogue has more 12 343 annotated
genes than the most comprehensive database used in this work (Noncode).

To remove the redundancies existing in the several databases and in the Zhipeng et
al. catalogue, and in order to obtain a single and comprehensive lincRNAs annotation, all
genes that were represented in more than one annotation were merged together (Figure
2.4a). During this procedure, some of those genes which kept more than one isoform
in the previous step saw their isoforms being merged when they overlapped a different
gene in another database (Figure 2.4b). This was also observed with some spatially close
genes that overlapped a third gene in other database. Although some gene loss was ex-
perienced during this process, these events altogether represented less than 1.6% of the
overall genes.

There are 66 genes that kept more than one isoform in the final lincRNAs catalogue
(less than 0.2% of the overall genes), since their isoforms were quite distant from each
other and were not affected by the merging process. Among these, there are 5 genes
represented in more than one chromosome: 7SK, BC016143, DQ580140, MetazoaSRP
and U3.

The final lincRNAs catalogue comprehends 38 402 genes, 38 432 transcripts and 87
142 exons which makes it 1.49 times bigger than Noncode - the most extensive database
among the ones that were chosen (Figure 2.5). Even if Zhipeng et al. catalogue was not
taken into consideration, the number of genes that are not contained in Noncode is still
high (∼3 300), making it advisable to include more than one annotation when performing
lincRNAs genome-wide studies.



3 LincRNA Expression Analysis in ccRCC
cell lines

3.1 Introduction

Even though almost every cell in an organism comprises the same set of genes, their
expression is carefully controlled through a series of regulation mechanisms, which create
different expression patterns under different cellular environments. This dynamic in gene
expression not only allows cells to specialize and perform different functions but also
leads them to present different performances when exposed to different conditions.

While sequencing ultimately shows the potentiality of a certain genome, quantifying
its gene expression against a reference annotation actually states what it is doing at a
given time. Expression profiling experiments usually consists of measuring the relative
amount of mRNA expressed between two or more experimental conditions, because the
detection of significant differences in the levels of a specific mRNA sequence suggests
a changed need for that specific mRNA’s product in response to a different experimental
condition. Thus, the measurement of gene expression is a critical tool to unravel the
genomic background of diseases and medical conditions, since it provides a quantitative
and precise information about when and how a given set of genes is being expressed
within a cell, tissue or organism.

The analysis of this information is being extensively used to aid the development
of targeted therapy and the discovery, as well as validation, of biomarkers that seem to
indicate the susceptibility of certain individuals to the development of certain diseases.
Gene expression data is also being used with the purpose of getting personalized therapy
strategies, which will allow patients to be treated in a more precise and proper manner,
without the disadvantages of being exposed to treatments that may not work for them.
These advances in medical treatment are not only aimed at an early diagnosis but also at
preventing the diseases, which is why so much is being invested into the development of
transcriptional profiling methods.

Since ccRCC is known to be particularly resistant to chemo and radiotherapy, the tar-
geted therapy presents itself as a promising treatment strategy for this cancer. However,
despite the progresses that have been made in order to molecularly describe ccRCC (22),

23
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the transcriptional profile of this cancer is still poorly characterized and this lack of in-
formation has been delaying the genetic approaches for tumor classification, prognostic
makers of response to treatment, and individual susceptibility of developing ccRCC when
expose to risk factors.

The VHL disease, which is an autosomal dominant hereditary neoplastic disease
caused by translocations and deletions in the VHL gene, has been frequently associ-
ated with ccRCC. Evolutionarily, VHL gene is a well conserved tumor-suppressor gene
whose product (pVHL) best-known function is its role in the oxygen-sensing pathway.
The pVHL targets hypoxia inducible factors (HIFs), which belong to a group of tran-
scription factors that have an unstable α-subunit that, once it heterodimerizes with the
β-subunit, can trans-activate genes that promote adaptations to acute hypoxia, like the
vascular endothelial growth factor (VEGF) – which induce the formation of new blood
vessels. HIF-α is also regulated by the PI3K/AKT/mTOR pathway at the translational
level (58).

A common cytogenetic characteristic also observed in ccRCC (91% of the cases) is
the consistent loss of the short arm of the chromosome 3 (22,59). Since this is the chromo-
somic location of the VHL gene, the recurrent loss of this region leads to its inactivation
and, consequently, to the heterodimerization of the HIF-α subunit. However, previous
studies have shown that mutations in the VHL are necessary but not sufficient to develop
ccRCC (24), which suggested the existence of others tumor-suppressor genes in this re-
gion. In fact, the 3p region comprises four of the most recurrent mutated genes in ccRCC:
VHL, BAP1, PBRM1 and SETD2. By methylating the lysine residues in the histone H3,
SETD2 can control the transcription rate and regulates the chromatin structure, and af-
ter several thorough studies on the subject (24,25,27), the observations highlighted the role
of epigenetic modifications and mutations of the chromatin modifiers in cancer. Thus,
SETD2 was proposed as a tumor-suppressor gene in ccRCC.

The important role of lincRNAs in cell dynamics and metabolism causes them to be
strictly regulated during development, as it happens in signalling pathways (60). Never-
theless, mutations in gene regulation networks can greatly disrupt its expression patterns,
leading cells to cancerogenous pathways. In fact, recent studies (19,17) had correlated lin-
cRNAs expression with cancer progression, and they further suggest that its misregulation
might be the cause - and not a secondary effect - of cancer. Among the small percent-
age of lincRNAs already characterized and described as being associated with cancer are:
ANRIL (leukemia and prostate cancer); GAS5 (breast, prostate and renal cell carcinoma);
HOTAIR (breast, colon, esophagus, liver, larynx and pancreas cancer); H19 (bladder and
renal cell carcinoma); HULC (hepatocellular cancer); MALAT1 (non-small cell lung car-
cinoma); MEG3 (prostate cancer); PCA3 (prostate cancer), PCGEM1 (prostate cancer);
PVT1 (medeolablastoma multiple myeloma); and XIST (breast, ovarian and cervical can-
cer) (60,19,17,59).
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In order to assess whether SETD2 influences the transcriptional background in a way
that may lead cells to enter into a carcinogenic path, the analysis of both lincRNAs and
protein-coding genes expression profiling in SETD2 mutated cells versus wild-type cells
is presented in the following chapter. Additionally, the annotated lincRNAs catalogue
assembled and described in the previous chapter was extended with the identification of
potential new lincRNAs, which is also presented in the following chapter.

3.2 Materials and Methods

3.2.1 Data Source

Illumina’s paired-end RNA-seq protocol was performed in 6 ccRCC cell lines, which
are categorized according to SETD2 gene expression in their cells. RCC-Caki1 and
RCC-Caki2 show normal SETD2 expression, whereas RCC-AB, RCC-ER, RCC-FG2
and RCC-MF exhibit lower SETD2 expression. The downregulation of SETD2 in mutant
cell lines is induced by different factors (27): in RCC-AB and RCC-ER is due to PTCs
concealed in SETD2; in RCC-FG2 is motivated by the lack of the terminal three exons
of SETD2; and lastly, in RCC-MF is assigned to a 9-bp deletion in the eleventh exon of
SETD2 (Figure 3.1).

Figure 3.1: SETD2 mutations in ccRCC samples. Schematic representation of SETD2
gene with arrows showing the locations of the mutations. AWS: Associated With SET
domain; SET: SET domain; PS: post-SET domain; LCR: low-charge region; WW: WW
domain; IP: interaction with RNApol2A. Image adapted from Duns et al. (27).

3.2.2 Data Quality Assessment and Alignment

The data quality assessment was done with FastQC version 0.10.1
(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/),
using .fastq files. The reads alignment to a reference genome was performed with TopHat-
Bowtie2 version 2.0.9. The input arguments used were the human genome GRCh37,
and the .fastq files containing the reads from both ends.In order to get only the unique
alignments for a given read to the reference genome and eliminate the duplicates, the "-g"

 http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
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parameter was set to 1; "–num-threads" and "–mate-inner-dist" were also changed to 4
and 100, respectively, but all the remaining additional default options were left unaltered:

$ tophat2 -g 1 –num-threads 4 –mate-inner-dist 100 human_genome.fa
fqfile_1.fastq fqfile_2.fastq

3.2.3 Identification of Novel lincRNAs

A de novo transcriptome identification approach was used in order to discover potential
new lincRNAs and extend the unified lincRNAs catalogue described in the previous chap-
ter. For this purpose, the transcriptome assembly of the aligned reads was performed with
Cufflinks version 2.2.0 for each sample:

$ cufflinks -o output_folder alignment_file.bam

Without a reference file, Cufflinks attempts to assemble the reads into transcripts and
returns the output in a file called "transcripts.gtf". Then, all the transcripts files must be
merge into a single transcriptome file and this was accomplished using cuffmerge com-
mand with the reference genome file (genome.fa) and a manifest file (assembly_list.txt)
that contained a list of the full paths to each of the "transcripts.gtf" files.

$ cuffmerge –num-threads 2 -o output_folder -s genome.fa assembly_list.txt

Lastly, in order to identify the transcripts that were not included in both lincRNAs and
protein-coding genes annotations, the cuffcompare command of Cufflinks was ran using
as input arguments a file with both annotations merged together (all_annotations.gtf) and
the transcriptome assembly file that resulted from the previous step (merged.gtf).

$ cuffcompare -r all_annotations.gtf merged.gtf

This command returned a .gtf file where the exons are classified according to their
representation (or not) in the two annotations. The ones that were classified as "unknown,
intergenic transcripts" were selected and uploaded in Noncode iLncRNA tool.

3.2.4 Differential Gene Expression Analysis

The new lincRNAs’ annotation was combined to the lincRNAs catalogue and the Ensembl
protein-coding genes to create a single annotation file. In order to get the fragments per
kilobase of exon per million fragments mapped (FPKM) values and the differentially
expressed genes, the annotation files and the mapped reads were processed by cuffdiff
tool using the 2 wild-type samples (RCC-Caki1 and RCC-Caki2) against the 4 (RCC-
AB, RCC-ER, RCC-FG2 and RCC-MF) mutated samples. In order to find the genes that
were up- or downregulated in the samples, the downstream analysis was performed with
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customized scripts in R 3.1.0. The "gene_exp.DIFF" file resulted from cuffdiff analysis
was filtered to include a false discovery rate (FDR) of 0.05 and a fold change of 1.5.

3.2.5 Weighted Gene Correlation Network Analysis

A weighted gene correlation network analysis can be done by using a R software package
called WGCNA (version 1.41-1) (61), whose primarily aim is to find clusters of highly
correlated genes and relate them to external traits. The network construction started with
a data cleansing process that looked for missing values and removed the protein-coding
genes whose variance was equal to zero. In order to obtain variance-stabilization, the
data was also log-transformed using log2(FPKM value+1). This was followed by an
identification step that clustered the samples and examined whether there were any that
could be outliers.

Then, it was necessary to calculate a proper soft-thresholding power (62) to which co-
expression similarity is raised to calculate adjacency. When unweighted binary informa-
tion is used to describe the relationship between two genes (where 1 stands for connected,
and thus co-expressed, and 0 stands for its opposite), the question of whether this infor-
mation is biologically meaningful arises. By raising the co-expression similarity to the
soft-thresholding power, the co-expression measure is converted into a connection weight
that is assigned to each gene pair, and this deals with the problems associated with the
characterization of the connections between nodes. Within a certain set of candidate pow-
ers, and through the use of the pickSoftThreshold function, it is possible to choose the
lowest soft-thresholding power that best fits the data, which in this particular case was the
number 30.

After obtaining the parameters mentioned above, the modules of genes with similar
expression profiles can be done with a single function call. It must however be pointed-out
that some of the blockwiseModules function’s parameters were changed in order to have
Spearman’s rank correlation used, instead of Pearson’s, and so that only the adjacency
signed values were considered.

Spearman’s rank correlation coefficient is a nonparametric rank statistic, which as-
sesses how well an arbitrary monotonic function can describe a relationship between two
variables. Unlike Pearson’s correlation coefficient, Spearman’s does not make any as-
sumptions about the frequency distribution of the variables, nor does it require the vari-
ables to me measured on interval scales. Additionally, while Pearson’s calculates the
correlation in the data as it is (in a quantitative way), Spearman’s converts the data to
ranks before calculating the correlations (in a somewhat "qualitative" way). Since lincR-
NAs expression is extremely lower than the protein-coding genes’, in order to minimize
the expression differences between the two sets, Spearman’s presented itself as the most
suitable statistical method for the data.

Lastly, once the modules are identified it is possible to relate them with external traits



3. LincRNA Expression Analysis in ccRCC cell lines 28

to find the ones that may be biologically meaningful.

3.2.6 Enrichment and Functional Analysis

The functional analysis of the differentially expressed lincRNAs was done with DAVID (63).
A list of genes of interest was used as an input in DAVID online tool, and run against
Homo sapiens reference annotation. Gene ontology (GO) term enrichment analysis was
assessed by selecting the Biological Process only (GO BP). The visualization of the
enriched GO terms with p-value smaller than 0.05 was done with REVIGO (http:
//revigo.irb.hr/) online tool.

3.3 Results

3.3.1 Potential New LincRNAs

With the aim of extending the annotated lincRNAs catalogue assembled and described in
the previous chapter, the gene expression analysis was proceeded by the identification of
potential new lincRNAs. In addition to enabling a more complete analysis, this identifica-
tion also yields information about where new lincRNAs can be located, and can provide
a starting point for other functional studies.

To obtain the genomic transcripts that had not been yet annotated, the protein-coding
gene annotation from Ensembl, as well as the comprehensive lincRNAs catalogue, were
subtracted from the transcriptome assembly annotation. At the end of this procedure, the
number of non-annotated exons obtained were impressively high: there were 614 376
exons that had at least one splice junction shared with a reference transcript, present-
ing themselves as being potential new isoforms; 126 018 intergenic or unknown exons,
which were completely located between annotated genes; 19 745 exons which entirely
overlapped a reference intron; and 17 132 exons which overlapped a reference exon on
the opposite strand. Since the main objective of this protocol’s step was to find poten-
tial new lincRNAs, only the exons that were previously classified as being intergenic or
unknown were considered, making a total of 25 925 transcripts.

The coding potential of these transcripts was evaluated using the recent Noncode’s
lncRNAs identifier tool (iLncRNA) (43), which stands out for its user-friendly and straight-
forward usage, great processing capacity, and accurate results due to the assignment of a
coding potential score and the existence of two important control steps.

The first step verifies that the transcripts meet the minimum length requirement and
excludes the ones that have less than 200 nt. During this procedure, 2 853 of the tran-
scripts presented in the uploaded list were eliminated. The second control step confirms
whether the remaining transcripts are incorporated in any of NCBI’s RefSeq, Ensembl or
Noncode’s annotations, and if they are, proceeds to their removal. After the comparison

http://revigo.irb.hr/
http://revigo.irb.hr/
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and selection that had previously been performed on the transcripts, it wouldn’t be ex-
pected that any of them overlapped with the Ensembl or Noncode annotations, and in fact,
none of the transcripts were removed in the second step. In addition to the Ensembl and
Noncode’s, the incorporation of other annotations when constructing the comprehensive
lincRNAs catalogue made the result even more robust and accurate, since the remaining
transcripts didn’t overlap with a broader range of annotations.

The coding potential score in Noncode’s identifier tool is calculated using the Coding-
Non-Coding Index (CNCI) (50) which, by profiling adjoining nucleotide triplets (ANTs),
can effectively distinguish between protein-coding and noncoding genes. CNCI surpasses
other existing tools in many aspects, and since it can classify the sequences merely based
on their intrinsic composition it is, therefore, ideal for studying species without whole-
genome sequences or with poor sequences annotations (50).

After the potential score attribution, all the remaining 23 072 transcripts were classi-
fied as potential novel lncRNAs, and since they don’t overlap any of the protein-coding
annotations used in the comparison control step, they can confidently be classified as po-
tential novel lincRNAs. In these 23 072 transcripts, Noncode’s tool identified 21 661 dis-
tinct genes which were posteriorly added to the 38 402 annotated lincRNAs genes already
presented in the comprehensive catalogue. This surprisingly high number of lincRNAs
outnumbering protein-coding genes by 41 009 genes. Since only 1.2% of the genome
comprises protein-coding genes, this confirmed what was expected about the number of
noncoding regions.

When comparing the structural features of both annotated and non-annotated lincR-
NAs genes, it was observed that the potential novel lincRNAs have on average 1.41 exons
and 1.07 transcripts per gene. These values are significantly different from what it would
be expected of a typical lincRNA gene (5,6), but these are just the result of a premature and
preliminary gene finding procedure. Therefore, these genomic regions should be inter-
preted as functional and potentially interesting but since they are still destitute of a good
characterization, they need to be subjected to further and thorough studies.

3.3.2 LincRNA Transcriptome Characterization

When little is known about the key genes of interest on the subject being studied, a
top-down methodology is usually the most suitable approach and, therefore, the analy-
sis across the transcription profiles of the different samples was addressed with an initial
exploratory phase.

Since the most striking characteristic of the cell lines used in this work is the presence
(or absence) of mutations in SETD2 gene, the expression levels of this gene were firstly
evaluated throughout these cell lines (Figure 3.2). As expected, the two wild-type ccRCC
cell lines (RCC-Caki1 and RCC-Caki2), presented the highest levels of SETD2. These
were followed by RCC-MF and RCC-AB, which showed a more intermediate expression,



3. LincRNA Expression Analysis in ccRCC cell lines 30

and lastly by RCC-ER and RCC-FG2 that seem to be highly affected by the SETD2
mutations.

Figure 3.2: SETD2 expression levels in ccRCC cell lines Representation of SETD2
expression levels (FPKM) in each of the cell lines used in this work.

Then, motivated by the variability caused by the highly expressed genes a variance-
stabilizing transformation log2(FPKM value) and a standardization was performed on
the data. This data transformation illustrates in a straightforward fashion the similarity
between expression patterns, which facilitates the comparison analysis of the different
genes.

A first look into the expression levels of protein-coding and lincRNAs genes imme-
diately showed that the latter tends to have a lower expression than the former (Figure
3.3), which confirms what had been described in previous studies (5,64,65). Furthermore,
this was consistently observed across the different samples. However, when considering
the expression patterns of the novel lincRNAs, three of the mutated cell lines (RCC-AB,
RCC-ER, RCC-FG2) did not show patterns as low as the remaining samples (Figure 3.3c).

In order to investigate whether the different sample types can be distinguish and char-
acterize by their expression patterns, an unbiased analysis were performed on the data
using hierarchical clustering and principal component analysis (PCA). The hierarchical
clustering analysis was done individually on protein-coding genes and lincRNAs. Both
the protein-coding and the lincRNAs genes sets were shown to have characteristic expres-
sion levels in each sample type, what allowed for a correct clustering of the wild-type cell
lines and the SETD2 mutated cell lines (Figure 3.4a and 3.4b respectively).
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Figure 3.3: Gene Expression Levels. Comparison between the expression levels of (A)
protein-coding genes, (B) lincRNAs genes and (C) potential new lincRNAs genes in each
sample.
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Figure 3.4: Unbiased Clustering. Comparison between the hierarchical clustering per-
formed on the expression values of the (A) protein-coding and the (B) lincRNAs genes.
The genes expression values were log2-transformed, and only the 2000 most variable
genes were used during this analysis.
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Figure 3.5: Principal Component Analysis. Principal Component Analysis of the (A)
protein-coding genes and (B) lincRNAs genes using the first (PC1) and second (PC2)
components.
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Commonly used as an exploration analysis tool, the principal component analysis
(PCA) reveals the relationships between samples, as it draws information from the initial
data, organizes it in terms of new values such that the most important variables are listed
first and removes the redundancies in the sampling. Therefore, during the PCA, the first
component successfully distinguished the wild-type samples from the mutated ones in
both protein-coding and lincRNAs genes. However, PC1 and PC2 only accounted for
11.79% and 21.32% of the variances, respectively, which is far from encompassing the
majority of the variability of the samples (Figure 3.5a and 3.5b). Finally, it must be
pointed out that, when it came to the lincRNAs genes, the SETD2 mutated cell line RCC-
AB was more closely grouped to the wild-type samples than to the other mutant samples.

Collectively, the characterization of the transcriptome using unsupervised methodolo-
gies showed that SETD2 mutant and wild-type ccRCC cell lines show distinct lincRNAs
expression profiles.

3.3.3 Differential Expression Analysis

After getting a thorough view of how the two sample groups relate to each other and
knowing that they have characteristic expression patterns that allow for their differenti-
ation, it was necessary to carry out a differential expression analysis (Figure 3.6). This
analysis allowed the identification of the genes whose expression levels differ between
the wild-type and the mutated samples. Overall, the number of differentially expressed
protein-coding genes was similar to the differentially expressed lincRNAs genes (292
for the protein-coding genes, and 213 for both annotated lincRNAs and novel lincRNAs
genes). However, when analysing lincRNAs only (Table A.1), the difference between
annotated lincRNAs and novel was surprisingly abrupt (46 for the annotated lincRNAs
genes and 167 for the novel lincRNAs genes).

This analysis also permitted to distinguish between the genes that were up- or down-
regulated in the mutant samples. While the number of upregulated protein-coding genes
was similar to the downregulated ones (177 and 115 genes, respectively), it was found
that when it came to lincRNAs, the scenario was significantly different (Figure 3.6) since
the downregulated ones immensely exceeded the number of lincRNAs genes that were
upregulated in the mutant samples (38 and 8 for the annotated lincRNAs genes (Table
3.1); 155 and 12 for the novel lincRNAs genes). In fact, the proportion of downregulated
lincRNAs in SETD2 mutant cell lines showed to be significantly higher comparatively to
the protein-coding genes (Fisher-test p-value < 0.05). Thereon, the differential expression
analysis revealed that 90% of the lincRNAs show decreased expression in SETD2 mu-
tant ccRCC cell lines, suggesting an important role of SETD2 gene in the regulation of
lincRNAs transcriptome.



3. LincRNA Expression Analysis in ccRCC cell lines 35

Figure 3.6: Number of Differentially Expressed Genes. Comparison between the num-
ber of differentially expressed genes between protein-coding genes (first bar from the left),
lincRNAs genes (second bar) and potential new lincRNAs genes (third bar).The cut-off
used to distinguish the differentially expressed genes was p-value = 0.05.

Functional and Pathway Analysis

Once identified the list of protein-coding and lincRNAs genes that were differentially
expressed in the SETD2 mutant cell lines, the question of what functions could be more
enriched within each set arose. Thereupon, when looking for the differentially expressed
protein-coding genes (Figure 3.7), it was possible to observe that cell adhesion is greatly
present in either up- or downregulated genes. Nonetheless, while the downregulated ones
proved to be more enriched in response to wounding, the upregulated ones in general
were more associated with the response to external stimulus. It was further noted that the
upregulated set showed to have a bigger impact in an early stage of the cell formation -
interfering with the mitotic cell cycle mechanisms - whereas the downregulated ones had
a bigger influence in the post-translational processes.

A closer look through this set further revealed that three downregulated protein-coding
genes, like angiotensinogen (AGT), endothelin 1 (EDN1) and vascular endothelial growth
factor A (VEGFA), had already been associated with renal cancer pathways. Further-
more, some of the other downregulated genes have also been described as being related
with cardiovascular, hematological, or vision associated diseases. On the other hand, the
vast majority of the upregulated genes have been associated with immune system disor-
ders, and only one gene - natriuretic peptide receptor 1 (NPR1) - was observed as being
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Figure 3.7: Enriched functions in differentially expressed protein-coding genes. Sig-
nificantly enriched function in protein-coding genes that were found to be upregulated
(grey) and downregulated (black) in SETD2 mutant cell lines.

associated with renal processes.

Since only 46 of the 213 differentially expressed lincRNAs were previously annotated
in existing sources, the functional analysis was only applied to these ones (Table 3.1).
Thereafter, only a small number of them had a potential function assigned, it being re-
lated to protein modification, apoptosis, regulation of molecular function and molecule
metabolism. Thus, knowing that some lincRNAs are co-expressed with their neighbour-
ing protein-coding genes (5), a “guilt-by-association” method was used to corroborate the
results shown above and unravel potential functions for lincRNAs that are not yet func-
tionally characterized. As observed in the previous chapter, there is a tendency for lin-
cRNAs to be located near protein-coding genes (1st quartile = 2 746 bp and median = 23
120 bp), and assuming this, the functional analysis was performed on the protein-coding
genes located within a 10 000 bp (5) range from the differentially expressed lincRNAs.

When focusing the analysis on the 46 annotated and differentially expressed lincR-
NAs, it was found that four of them were located within a 10 000 bp range from a
protein-coding gene. Interestingly, one of those four protein-coding genes, the MLLT4
gene, also revealed to be differentially expressed in the SETD2 mutated cell lines, which,
once again, corroborates the idea of co-expression between lincRNAs and protein-coding
genes. The MLLT4 gene (ENSG00000130396) encodes a multi-domain protein involved
in signalling and organization of cell junctions during embryogenesis, and proved to have
the same expression pattern that its lincRNA MLLT4-AS1 (LincGene30986), since they
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were both downregulated in the SETD2 mutated cell lines.
The remaining three pairs of genes were: (1) KIAA1644 and NONHSAG034105

(LincGene22100); (2) TAGAP - which encodes a member of the Rho GTPase-activator
protein superfamily - and TG_chr6_159466213_159466788_7e15d04.x1 (LincGene30856);
and lastly, (3) PRKAG2 - which is an important energy-sensing enzyme that monitors cel-
lular energy status - and lnc-GALNTL5-1 (LincGene32953).

Table 3.1: List of differentially expressed lincRNAs genes. Detailed description of
the 46 annotated and differentially expressed lincRNAs genes in the SETD2 mutant
cell lines obtained with Cuffdiff tool. The first part comprises the upregulated lin-
cRNAs, and the second part the downregulated ones. In the columns (from left to
right) are described: (1) Annotated lincRNAs genes names (new names were gener-
ated due to the different nomenclatures assigned to certain lincRNA genes [http:
//bit.ly/1V9zyjc]); (2) Gene locus in the format chromosome : gene start - gene
end; (3) mean of FPKM expression values for the two wild-type cell lines; (4) mean of
FPKM expression values for the four SETD2 mutant cell lines; (5) log2-value of the quo-
tient between FPKMmut/FPKMwt (fold-change); (6) FDR-adjusted p-value after
Benjamini-Hochberg correction.

Gene Name Locus (Chr:Start-End) FPKM wt FPKM mut log2(FC) p-value

LincGene11378 15:45174291-45174981 0.00000 0.19114 Inf 0.04648
LincGene15416 18:52773131-52791537 0.04989 1.58292 4.98781 0.04475
LincGene21568 22:16199662-16231333 0.00000 0.18576 Inf 0.00887
LincGene22100 22:44708865-44710872 0.00000 0.39952 Inf 0.00887
LincGene22903 3:72553953-72599703 0.00000 0.21436 Inf 0.02302
LincGene30934 6:165203674-165203976 0.00000 0.91585 Inf 0.04475
LincGene32533 7:116203644-116254874 0.13815 0.23099 4.06353 0.02665
LincGene35592 9:67340513-67343501 0.00000 0.30751 Inf 0.03538

LincGene308 1:17516274-17524112 24.8000 2.10318 -3.55969 0.03210
LincGene1841 1:149230534-149232583 0.24836 0.00000 -Inf 0.00887
LincGene1934 1:153545045-153545681 0.23902 0.00000 -Inf 0.02302
LincGene2499 1:200284560-200285095 0.33271 0.00000 -Inf 0.00887
LincGene669 1:41898927-41930507 1.66516 0.00000 -Inf 0.02665
LincGene751 1:48196221-48202603 0.07526 0.00000 -Inf 0.04818
LincGene755 1:48539033-48539953 0.17796 0.00000 -Inf 0.01903
LincGene3594 10:26657558-26704771 2.44743 0.00000 -Inf 0.00887
LincGene4130 10:69993004-70002136 0.20273 0.00000 -Inf 0.04648
LincGene4159 10:71754378-71768162 0.08414 0.00000 -Inf 0.03210
LincGene7018 12:31073393-31076831 0.27101 0.00000 -Inf 0.01436
LincGene7530 12:73061094-73061371 1.21383 0.00000 -Inf 0.02921
LincGene9481 13:100557622-100560611 0.39081 0.00000 -Inf 0.04648
LincGene8860 13:49151106-49155037 25.7344 0.31534 -6.35066 0.00887
LincGene11705 15:74060465-74065577 0.13598 0.00000 -Inf 0.00887
LincGene11736 15:76010657-76011681 0.17024 0.00000 -Inf 0.00887
LincGene14787 17:78437247-78439393 0.09988 0.00000 -Inf 0.03715
LincGene14797 17:79276620-79283048 1.32936 0.05254 -4.66128 0.00887
LincGene14801 17:79361608-79367833 1.42229 0.04205 -5.08013 0.04475

Continued on next page
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Table 3.1 – continued from previous page

Gene Name Locus (Chr:Start-End) FPKM wt FPKM mut log2(FC) p-value

LincGene14846 17:81061201-81063860 1.75379 0.03431 -5.67550 0.02921
LincGene16031 19:20615354-20711421 0.15150 0.00000 -Inf 0.04296
LincGene16411 19:43657427-43665014 0.11170 0.00000 -Inf 0.03538
LincGene17120 2:20678459-20680000 0.28648 0.00000 -Inf 0.01436
LincGene21376 21:38004975-38009331 0.83547 0.00000 -Inf 0.02921
LincGene21405 21:40360629-40378079 0.13660 0.00000 -Inf 0.01903
LincGene24614 4:22823154-22826631 0.74258 0.00000 -Inf 0.00887
LincGene26400 5:1544218-1551825 0.69883 0.00000 -Inf 0.04023
LincGene28457 5:172989477-173000202 0.24205 0.00000 -Inf 0.00887
LincGene30856 6:159466210-159466788 0.42072 0.00000 -Inf 0.04475
LincGene30986 6:168224553-168227476 1.35453 0.04773 -4.82673 0.01436
LincGene28731 6:2562177-2564498 0.12676 0.00000 -Inf 0.00887
LincGene28829 6:3898388-3913082 8.62694 0.58101 -3.89222 0.00887
LincGene29667 6:52529195-52533951 11.6686 1.41188 -3.04694 0.04475
LincGene32953 7:151574430-151576341 8.11484 0.14090 -5.84780 0.00887
LincGene31809 7:55832481-55846763 27.2814 0.00000 -Inf 0.04818
LincGene36261 9:115119366-115120247 0.10422 0.00000 -Inf 0.03538
LincGene36703 X:13263277-13321571 0.54963 0.93942 -5.87054 0.01903
LincGene37775 X:139863221-139863871 0.31087 0.00000 -Inf 0.02302

Within the group of the potentially new lincRNAs, there were five genes that were
shown to be closed to protein-coding genes: (1) CSPG4 – which is a human melanoma-
associated chondroitin sulfate proteoglycan that plays a role in stabilizing cell-substratum
interactions during early events of melanoma cell spreading - and the lincRNA in the
region chr15:76005385-76006396; (2) DLX4 - which is postulated to play a role in fore-
brain and craniofacial development - and the lincRNA in chr17:48043438-48045902;
(3) PLIN4 – known for coat intracellular lipid storage droplets - and the lincRNA in
chr19:4518697-4520358; (4) R3HCC1 and the lincRNA in chr8:23125610-23126698;
and lastly, (5) GRHPR - which encodes an enzyme with hydroxypyruvate reductase, gly-
oxylate reductase, and D-glycerate dehydrogenase enzymatic activities, that has widespread
tissue expression and plays a role in cell metabolism - and the lincRNA in the region
chr9:37419824-37422396.

Although none of the previous protein-coding genes were classified as differentially
expressed by cuffdiff tool, all of them, except for the GRHPR, also presented an ex-
pression pattern similar to the lincRNAs’, which suggests a tendency by most lincRNAs
located near protein-coding genes to positively cis-regulate them.

This "guilt-by-association" approach allowed to take the in the quest for unraveling
some of the potential functions for the lincRNAs that still lack characterization, and fur-
ther revealed that mutations in SETD2 seem to strongly impact cell adhesion, cell cycle
processes and post-translational mechanisms. It was also possible to infer that almost all
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of the lincRNAs found to be located near protein-coding genes (and possibly co-expressed
with them), showed a decreased expression in SETD2 mutant ccRCC cell lines, which
corroborates what was observed above, and suggests an important role for SETD2 in the
regulation of lincRNAs transcriptome.

3.3.4 Gene Co-Expression Network

Weighted correlation networks, also known as weighted gene co-expression networks,
have their construction based on pairwise correlations between quantitative expression
values, and are increasingly being used in bioinformatics. The network construction is
conceptually straightforward since the nodes represent genes, and if the genes are signifi-
cantly co-expressed their corresponding nodes will appear connected. This technique has
a broad range of applications and can be used as a framework for the following purposes:
as a data reduction or data exploratory technique, and as a clustering or gene screening
method. Since it is well suited for integrating complementary high-dimensional data sets,
it can also be interpreted as a biological systems analysis method.

Figure 3.8: Samples Dendrogram and Traits Heatmap. Relation between the SETD2
gene expression levels (FPKMs) [1]; and the presence, or absence, of SETD2 mutations
across the samples [2]. The dendrogram was constructed with a hierarquical clustering of
the samples based on the expression levels of the 27 338 most variable genes. The color
code of the heatmap goes as follow: white for low, and red for high relative SETD2 gene
expression [1]; white for absence, and grey for presence of mutations in SETD2 gene [2].
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The WGCNA (61) package, which provides R functions for weighted gene co-expression
network analysis, was used with the intent of finding clusters (or modules) of highly cor-
related genes, independently of their differential expression, and identifying candidate
genes that may be interesting to use as biomarkers or therapeutic targets in ccRCC.

During the creation of the correlation network, a signed network was used in order to
keep track of the correlation between the different expression profiles. It was also used a
Spearman correlation, instead of Person linear correlation, to minimize the impact of the
differences between the levels of protein-coding genes expression and lincRNAs genes.
This was due to the fact that Spearman correlation starts by ranking the data and only then
correlates it, while Pearson linear correlation just correlates the data as it is.

Figure 3.9: Genes Dendrogram and Module Assignment. Genes dendrogram and mod-
ules colors defined in the correlation network.

Since the SETD2 gene expression is the great discriminator between the cell lines that
are being used in this work, as well as the subject around which this study is being drawn,
the traits used throughout the analysis were: SETD2 FPKMs values (quantitative trait),
and the presence or absence of SETD2 mutations (qualitative trait). In the figure 3.8 it is
possible to visualiz how the expression of SETD2 relate to the samples dendrogram that
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was constructed based on the expression levels of the most variable genes (protein-coding
and lincRNAs). Since the initial number of genes (79 078) was overwhelming for the
power of computational processing available, solely the genes that presented most vari-
ability across the samples were used, and this resulted in 27 338 genes (variability>0.01)
of which: 10 318 were protein-coding genes; 11 372 were lincRNAs; and 5 648 were
potentially new lincRNAs.

Figure 3.10: Genes Heatmap. Genes heatmap of correlations, in which dark yellow areas
represent high positive adjacency and white/bright yellow areas represent high negative
adjacency. In the genes dendrograms are also represented the module colors.

After the data cleansing process, the actual network construction entailed the calcula-
tion of a proper soft-thresholding power (62) to which co-expression similarity is raised to
calculate adjacency. This is a relevant step because when unweighted binary information
is used to describe the relationship between two genes (where 1 stands for connected,
and thus co-expressed, and 0 stands for its opposite), the question of whether this infor-
mation is biologically meaningful arises. By raising the co-expression similarity to the
soft-thresholding power, the co-expression measure is converted into a connection weight
that is assigned to each gene pair, and this deals with the problems associated with the
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characterization of the connections between nodes.
The network construction follows with a module detection step, which is based on the

hierarchical clustering of the genes (the expression dataset) that allows the identification
of those that are significantly correlated with the traits. Within each module, and since the
construction of the network is being signed, every gene is positively correlated with the
others. Through this procedure, 39 modules of highly co-expressed genes, whose sizes
range from 70 to 4 103 genes, were identified. So that each module could be more easily
represented and visualized a different colour was attributed to them (Figure 3.9).

Figure 3.11: Highly correlated modules. Correlation coefficients and p-values of the
most correlated modules with SETD2 expression levels and presence/absence of SETD2
mutations. The modules represented in the figure are: steelblue, brown and orange.

The Figure 3.10 shows how modules, and the genes within those modules, correlate to
each other. It is noticeable that genes which belong to the same module are positively cor-
related (dark yellow areas), while genes from different modules are negatively correlated
(bright yellow areas). As explained above, this distinction is due to the construction of a
signed network. An unsigned network would read correlation values as absolute values
and, consequently, it would only allow for a distinction between high/low correlations,
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independently of being a positive/negative correlation. For instance, if two genes have a
high negative correlation coefficient (e.g. -0.90), their adjacency value would be near 1
and, therefore, they would be assigned to the same module.

Motivated by the data reduction and in order to find the genes that are significantly
associated with the SETD2 expression levels, it is convenient that each module can be
converted into one synthetic expression profile (module eigengenes - ME) (62) and be han-
dled as a single unit. Using simple measures like correlations, the eigengenes not only
allow the identification of the most significant relationships between modules of genes
and SETD2 expression values, but also determine how the modules themselves relate to
each other.

Figure 3.12: Unbiased Clustering with highly correlated genes. Hierarchical clustering
perform on the expression levels of the 117 genes that are highly correlated with SETD2
expression levels.

The modules that were shown to be highly correlated (|r| > 0.80 and p-value < 0.05)
with the traits were: steelblue, brown and orange. As expected, since the SETD2 ex-
pression levels are higher in the wild-type cells (absence of mutation in SETD2), the
modules correlations between the two traits were shown to be inversely characterized
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(Figure 3.11). Regarding the gene composition in these three modules: while the brown
module has 2256 genes (631 protein-coding, 918 lincRNAs and 707 new lincRNAs), the
steelblue has 208 (87 protein-coding, 103 lincRNAs and 18 new lincRNAs), and the or-
ange has 277 genes (76 protein-coding, 136 lincRNAs and 65 new lincRNAs). Overall,
the number of lincRNA genes (both annotated and potentially new) highly surpassed the
ones from protein-coding, suggesting that they might have an important role in ccRCC.

In order to find genes that might have a significant role within the modules and reduce
the large amount of data comprehended in these units, only the genes that have an absolute
correlation with the traits higher than 0.8 (p-value < 0.05) were further analysed. After
filtering the data, a list with 117 genes was obtained, in which there were: 47 protein-
coding genes, 58 lincRNAs and 12 potentially new lincRNAs. Once again, it was possible
to observe a higher proportion of lincRNAs relative to protein-coding genes, emphasising
the importance of lincRNAs in the maintenance of cellular dynamics. A closer look to the
70 lincRNAs genes (Table A.2) revealed that 25 of them were positively correlated with
the SETD2 expression levels (and thus, negatively correlated with the presence/absence
of SETD2 mutation), while the remaining 45 were negatively correlated with it.

When performing an unbiased clustering with those 117 highly correlated genes (Fig-
ure 3.12), both the wild-type and the SETD2 mutated samples were perfectly grouped,
thus showing that these genes are sufficient to distinguish cells with mutations in SETD2,
and possibly good markers for ccRCC. It was also interesting to notice that, within these
group of genes, RCC-AB and RCC-MF presented an intermediate expression, which is
tightly consistent with the SETD2 expression levels in these cell lines (Figure 3.2). Fol-
lowing the same observation, RCC-ER and RCC-FG2, on the other hand, presented a
more extreme expression, either for upregulation or downregulation.

Functional and Pathway Analysis

Once identified the three modules that were more significantly associated with SETD2
expression levels, the next logical step was to see if there was functions that were enriched
within each set of genes.

Overall, the results highly corroborate the observations done during the functional
analysis of the differentially expressed genes, since cell cycle processes, chromatin mod-
ification mechanisms and cell adhesion functions were also shown to be enriched in the
correlation modules (Figure 3.13). Additionally, there was also an enrichment in genes
with immune response functions, which goes along with the response to wounding ob-
served in the downregulated protein-coding genes.

As expected, when it came to the lincRNAs, only a small amount were functionally
annotated (around 10% in each module), which means that the following analysis only
covers a small percentage of the totality of lincRNAs presented in each module. Consid-
ering this, the lincRNAs in the steelblue module were associated with mRNA metabolism,
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Figure 3.13: Enriched functions in protein-coding genes. Enriched functions of the
protein-coding genes presented in three modules highly correlated with SETD2 expres-
sion levels.

establishment of chromosome localization, regulation of growth and ribosome biogene-
sis functions. The lincRNAs in the brown module, once again, exhibited a more diverse
range of functions as they were associated with protein localization to kinetochore, synap-
tic transmission cholinergic, acute-phase response, and lactose biosynthesis. Lastly, the
lincRNAs in the orange module also showed diversification within its range of functions,
presenting functions associated with protein complex localization, regulation of protein
homodimerization activity, translational frameshifting and response to mechanical stimu-
lus.

Once again, it is noticeable the prevalence of functions related with cell cycle pro-
cesses and chromatin modification mechanisms. There are also lincRNAs associated with
inflammatory response in the brown module, which is in agreement with what was ob-
served for the protein-coding genes in the same module. Thereafter, in order to strengthen
the functional analysis of the lincRNAs and evaluate whether or not they tended to be
closely located to the protein-coding genes classified as being co-expressed with them (in
other words, grouped in the same module), a “guilt-by association” method was used for
the second time.

Within the set of the steelblue lincRNAs located up to 10 000bp from protein-coding
genes, there were two that belong to the same module than their neighbouring protein-
coding genes: (1) AKR1C6P (LincGene3325) and AKR1C1 - which encodes a member of
the aldo/keto reductase superfamily that catalyses the conversion of aldehydes and ketones
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to their corresponding alcohols by utilizing NADH and/or NADPH as cofactors; and (2)
lnc-PTPN1-1 (LincGene20717) and FAM65C. The brown module revealed to have 22
lincRNAs close to protein-coding genes belonging to the same module (represented in the
Table 3.2). Overall, these genes showed an enrichment in skeletal system morphogenesis.
The orange module did not comprise any lincRNA closely located with a protein-coding
gene in the same module, suggesting that none of the orange lincRNAs were being co-
expressed with their neighbouring genes.

The pathway analysis performed on neighbouring protein-coding genes further re-
vealed that some of them were found to be associated with cancer pathways like MAPK/ERK,
m-TOR and VEGF. Even though they have not been grouped in the same correlation
modules, which means that they were not being co-expressed with the nearby lincRNAs,
these results point out the importance of functionally characterized lincRNAs located near
protein-coding genes, since they might be responsible for the cis-regulation of those genes
through several mechanisms.

Table 3.2: List of lincRNAs neighbouring protein-coding genes that belong to the
brown module. Detailed list of the 22 lincRNAs neighbouring protein-coding genes
that belong to the brown module. In the columns (from left to right) are described: (1)
Annotated lincRNAs IDs (new names were generated due to the different nomenclatures
assigned to certain lincRNA genes [http://bit.ly/1V9zyjc]); (2) lincRNAs most
commun name; (3) protein-coding genes IDs; (4) protein-coding genes names.

lincRNAs IDs lincRNAs Names Genes IDs Genes Names

LincGene16016 TG_chr19_20237948_20238644_
CL79496Contig1

ENSG00000213988 ZNF90

LincGene17115 CA_chr2_20536655_20537364_
CL31091Contig1

ENSG00000055917 PUM2

LincGene19715 TG_chr2_218295972_218296341_
tz40d07.x1

ENSG00000231672 DIRC3

LincGene22027 CTA-228A9.3 ENSG00000128298 BAIAP2L2
LincGene27350 NONHSAG040808 ENSG00000145685 LHFPL2
LincGene27671 TG_chr5_102128023_102128436_

yt88e11.r1
ENSG00000145730 PAM

LincGene29411 STK19 ENSG00000224389 C4B
LincGene31431 TG_chr7_27170805_27171266_

UI-H-BI3-alq-g-01-0-UI.s1
ENSG00000197576 HOXA4

LincGene31431 TG_chr7_27170805_27171266_
UI-H-BI3-alq-g-01-0-UI.s1

ENSG00000105997 HOXA3

LincGene31487 TG_chr7_30408011_30408902_
CL2652Contig2

ENSG00000180233 ZNRF2

LincGene32144 TG_chr7_76200754_76200990_
CD024405

ENSG00000243566 UPK3B

LincGene32725 NONHSAG048860 ENSG00000172331 BPGM
LincGene35706 NONHSAG052555 ENSG00000107372 ZFAND5
LincGene35989 lnc-NINJ1-1 ENSG00000165233 C9orf89

Continued on next page
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Table 3.2 – continued from previous page

lincRNAs IDs lincRNAs Names Genes IDs Genes Names

LincGene3840 NONHSAG005716 ENSG00000243660 ZNF487
LincGene4129 TG_chr10_69992729_69992984_

wa06e01.x1
ENSG00000179774 ATOH7

LincGene5925 RP11-672A2.4 ENSG00000137507 LRRC32
LincGene6841 TG_chr12_14652138_14652546_

CL40663Contig1
ENSG00000171681 ATF7IP

LincGene7188 RP1-197B17.3 ENSG00000111405 ENDOU
LincGene7327 lnc-STAT6-2 ENSG00000123384 LRP1
LincGene7526 MRS2P2 ENSG00000121749 TBC1D15
LincGene77 RP5-902P8.10 ENSG00000162572 SCNN1D

When applying the same approach to potentially new lincRNAs, there was five steel-
blue lincRNAs located up to 10 000bp to the nearest protein-coding gene, that were shown
to be co-expressed: lincRNA in the chromosomic region chr1:204348716-204350486
and PLEKHA6; lincRNA in chr1:211752189-211752717 and SLC30A1; lincRNA in
chr8:9681945-9682503 and VCPIP1; lincRNA in chr11:9681945-9682503 and SWAP70;
and lastly, lincRNAs in chr19:50344964-50353864 and two protein-coding genes, MED25
– which encodes a component of the transcriptional coactivator complex termed the Me-
diator complex, required for transcription of most RNA polymerase II-dependent genes –
and PTOV1 – which encodes a protein that was found to be overexpressed in prostate ade-
nocarcinomas. Taking into account the functions presented by these two protein-coding
genes, the lincRNAs located in the region chr19:50344964-50353864 presents itself as a
very promising region to be subjected to further studies.

The brown module exhibited the large amount of 226 lincRNAs that co-express a
neighbouring protein-coding gene, among which 82 had in fact more than one protein-
coding gene close by. The functional enrichment analysis revealed that functions like re-
sponse to hypoxia, nucleosome organization, circadian rhythm, apoptosis and death were
highly present among this set of protein-coding genes. These functions are extensively
observed in cancer pathways, which suggests these potentially novel lincRNAs regions
might have important roles in regulating genes associated with cancer development, and
therefore further experimental studies must be considered in order to fully characterize
them.

The orange module presented 25 lincRNAs neighbouring a protein-coding gene in
that same module, with 12 of them neighbouring two or more protein-coding genes. The
functional analysis revealed that functions like positive regulation of cell differentiation
and cellular modified amino acid metabolism were enriched in this set of protein-coding
genes.
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Overall, it was possible to observe that both modules that were positively correlated
with the SETD2 expression levels (brown and orange) exhibited a higher number of po-
tentially new lincRNAs co-expressing neighbouring protein-coding genes, suggesting that
SETD2 disruption may also result in the downregulation of these genomic regions, which
is concordant with the observations done on annotated lincRNAs (Figure 3.6). Further-
more, the enriched functions of the nearby protein-coding genes proved to be highly asso-
ciated with cancer development, making these potential new lincRNAs regions extremely
interesting for further research aimed at finding novel biomarkers for ccRCC.



4 Discussion, Conlusion and Final Re-
marks

4.1 LincRNAs Annotation

Biological knowledge is scattered among databases with many different purposes and can
be collected through scientific experiments, published literature, high-throughput tech-
nologies, and computational analyses. The information contained in these libraries usu-
ally includes gene localization, structure and function, interactions with other biomolecules,
clinical outcomes resulting from mutations in its sequence, and comparisons between dif-
ferent organisms, tissues or conditions. Regardless of whether they have more general or
specialized aims, the broad range of information existing in the several databases makes
it difficult to ensure the consistency across them.

In order to study the expression of lincRNAs genes in a genome-wide scale, it was
fundamental to start by getting a comprehensive lincRNAs catalogue. To minimize the
lack of consistency that naturally tends to exists in different libraries and obtain the largest
possible number of annotated lincRNAs, some of the most prevalent publicly available
databases were used in this work. Different databases have different annotations, and
since they do not cross-reference each other through a unified and global fashion, the
poor interchangeability between them was immediately noticed. Hence, this made the
construction of the comprehensive lincRNAs catalogue more difficult and laborious.

Once a genome has been sequenced, one of the most important steps towards under-
standing it would be the process of identifying the genomic regions that encode genes
or, in other words, finding whether a certain genomic sequence is functional or not. This
however should be distinguished from determining the function of the gene’s product it-
self. While gene prediction is based on current understanding of biochemical processes
existing in the cells and it is mainly addressed through computational approaches, the es-
tablishment of a gene function still demands in vivo experimentation in order to be more
accurately predicted (66).

Advances in NGS technologies have rapidly improved sequencing reliability and de-
creased sequencing error rates, but when considering the billions of nucleotides that com-
pose the human genome, even the smallest error rate could yield many errors in variant

49
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calls. Because of the difficulty and expensive cost in obtaining extrinsic evidence for
many genes, errors in gene-prediction methods may persist through several genomes up-
dates, promoting the inclusion of wrongly annotated genes. Since, by definition, a lin-
cRNA gene does not overlap any protein-coding gene, to ensure the exclusion of any
potentially misidentified lincRNAs in the databases used in this work, Ensembl’s anno-
tation of protein-coding genes was subtracted from each of them. The percentage of
lincRNAs that overlap protein-coding genes was on average 5% for all the databases, ex-
cept for Lncipedia and UCSC which reached ∼20%. Thus, when studying lincRNAs to
avoid wrongly annotated genes, it is advisable to start by subtracting an annotation of
protein-coding genes.

As expected, there was a clear distinction between the databases that are exclusively
dedicated to noncoding transcripts - Noncode, Lncipedia and Zhipeng et al. catalogue -
and those that have more general purposes. The former are, on average, 2.68 times larger
than the latter, but surprisingly have less annotated isoforms and exons per lincRNA gene.
Due to the protocol methodology used in the Zhipeng et al. study (14), their catalogue only
comprises one isoform and 1.1 exons (on average) per lincRNA gene, biasing the results
previously presented. Additionally, since ncRNA-dedicated databases comprise a larger
number of annotated genes, they may also include genes that are still poorly characterized,
meaning, genes with less annotated isoforms and exons.

Both Lncipedia and Broad Institute proved to be the databases with the largest num-
ber of annotated isoforms per lincRNAs. Being a lncRNA-dedicated database, it is not
surprising that Lncipedia appears as the database with the most annotated isoforms, and
since it also integrates the annotation from Broad Institute, this result was to be expected.
Regardless of being a ncRNA-dedicated database, Noncode was slightly surpassed by
Gencode and Ensembl, but this can be explained by what was said above: since Noncode
is the database with the largest number of annotated lincRNAs, it can also contains genes
that are still poorly characterized.

When using multiple databases to address the lack of consistency between them, the
problem of redundancy arose. This, however, allowed for the exploration of the intersec-
tionality between the databases and the Zhipeng et al. catalogue and to discover which of
them are the most variable. It was observed that Broad Institute annotation is completely
contained in the Noncode and Lncipedia databases, and the former may be discarded when
using the latter two. As expected, since they are simultaneously updated, the same was
observed with Ensembl annotation which is totally included in Gencode. Furthermore,
the Vega annotation is also fairly comprehended in the Ensembl and Gencode databases.
When looking at the intersectionality between the most variable databases - Noncode,
Lncipedia, UCSC, Gencode and the Zhipeng et al. catalogue - a strikingly small number
of genes that are simultaneously presented in all of them was observed. Since the Zhipeng
et al. study was mainly aimed at finding novel noncoding regions, it was predictable that
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most of its annotation was not contained in the other databases. However, even when the
Zhipeng et al. catalogue was not taken into consideration, the number of intersected genes
only increased to 854, confirming the poor intersectionality that was previously thought
to exist between the databases. To mitigate the lack of consistency observed across the
several databases and overcome the amount of information that may not be contained in a
single annotation, the use of more than one annotation is recommended when constructing
a comprehensive catalogue.

The poor interchangeability and deficient intersectionality are the two major issues
related to databases, and since they were addressed through the construction of this cat-
alogue it suggests that, despite all the efforts, they remain a real and tangible problem.
The impossibility to expeditiously access all the publicly available knowledge is a huge
obstacle to the study and progress of any field of research. Integrative bioinformatics rose
exclusively dedicated to address this problem of data integration and, in the era of the
high-throughput technologies, it faces increasingly more exciting challenges.

4.2 LincRNAs Expression in SETD2 Mutated Cells

Prior to the development of novel sequencing technologies, only transcriptomes of or-
ganisms that were both interesting and useful to the research and industry communities
were sequenced. But with the advent of next generation sequencing technologies, de novo
transcriptome assembly techniques arose as a preferred method to studying non-model or-
ganisms since it is a more expedite manner to study the organism, without building the
whole genome. This technique, however, it is also applied and useful to model organisms
- like human - since it can reveal novel proteins and gene isoforms that are implicated in
a certain unique biological phenomena, or condition.

Thus, in order to investigate the expression of lincRNAs genes in SETD2 mutated
cells, it was essential to start by identifying the lincRNAs that might be expressed in the
cell lines under study, but that are not yet annotated in the existing databases. Thereby,
after subtracting (1)the protein-coding genes Ensembl annotation and (2)the lincRNAs
catalogue - assembled in the first part of this work - to the transcriptome assembly anno-
tation, it was possible to identify 21 661 potentially new lincRNAs genes (designated as
such because it cannot be discarded the possibility of them being new pseudogenes). The
impressively high number of lincRNAs genes gathered throughout this work goes along
with what is expected to find in a genome whose protein-coding genes only comprised
around 1.2% of occupancy (1).

When it comes to the structural features between the annotated lincRNAs, and the
non-annotated ones, it was possible to observe that the number of exons and transcripts
per novel lincRNA gene was significantly different from what it would be expected in a
typical lincRNA (5,6). This, however, was a preliminary gene finding procedure, and must
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be interpreted as being an identification of functional and potentially interesting regions,
that are yet poorly characterized. Nonetheless, in addition to enable a more complete
analysis, this identification also yielded information about where new lincRNAs can be
located, and this can provide a starting point for other functional studies.

As already described in the literature (5,64,65), during the exploratory phase of this study
it was also possible to notice that the expression levels of protein-coding genes, and lin-
cRNAs genes, highly differ from each other. Thereby, while the former showed higher
expression levels, the latter had in general much lower expressions, which corroborates
what have been observed in previous studies.

Regarding the differences between the cell lines, their expression profiles allowed for
their right assignment to the cluster of mutated or wild-type group of samples, implying
that SETD2 mutations highly modify both lincRNAs and protein-coding genes profiles.

Knowing that the cell lines under study have characteristic expression profiles that
allow for their differentiation, it was necessary to carry out a differential expression anal-
ysis. This is one of the main approaches to the RNA-seq experiments, and implies the
selection of genes whose expression levels differ between the wild-type and the mutated
samples. Those genes are selected based on p-values, generated by statistical methods,
that are applied on certain expression change thresholds and score cut-offs.

Overall, the number of differentially expressed protein-coding genes showed to be
roughly similar to the number of all the differentially expressed lincRNAs genes. When
looking for lincRNAs only, the difference between annotated lincRNAs and novel was
remarkably abrupt, but this was an expected result, since the novel lincRNAs were ob-
tained with a transcriptome assembly performed on these cell lines. Furthermore, the
low expression of annotated lincRNAs (taking into account that the expression levels of
novel lincRNAs proved to be higher in three of the SETD2 mutated cell lines) made
cuffdiff to filter most of them out, because low expressions do not allow for reliable as-
semblies. Thus, for further studies, it would be advisably to complement the lincRNAs
profiling with other tools - not as restrictive as cuffdiff -, such as R packages like DESeq
and edgeR, which are more suitable to perform differential analysis with genes whose
expression levels are usually very low.

Regarding the genes that were upregulated/downregulated in the mutant cell lines, it
was found that when it came to lincRNAs, the number of downregulated genes immensely
exceeded the number of upregulated ones, suggesting that SETD2 downregulation is in-
fluencing the downregulation of some lincRNAs that might be co-expressed with it.

Once identified the list of protein-coding and lincRNAs genes that were differentially
expressed in the SETD2 mutant cell lines, a functional analysis was performed, firstly, on
the protein-coding genes, and then, on the lincRNAs neighbouring protein-coding genes.

The analysis on the differentially expressed protein-coding genes revealed that cell
adhesion functions are greatly present in either up- or downregulated genes, suggesting a
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big disruption of this mechanisms when SETD2 is misregulated. The functional analysis
further showed that upregulated genes exhibited a higher inclusion of functions respon-
sible for early stages of the cell formation, whereas the downregulated ones had a bigger
enrichment in the post-translational processes. When looking for the pathways associated
with those genes, it was possible to observe that three of the downregulated protein-coding
genes - AGT, EDN1 and VEGFA - had already been associated with renal cancer path-
ways. On the other hand, only one of the upregulated genes - NPR1 - was observed as
being associated with the same pathway.

Since only 46 of the 213 differentially expressed lincRNAs were previously annotated
in existing sources, and knowing that some lincRNAs are co-expressed with their neigh-
bouring protein-coding genes (5), a “guilt-by-association” method was used to corroborate
the previous results and unravel potential functions for lincRNAs that are not yet function-
ally characterized. This analysis showed that MLLT4 gene and its lincRNA MLLT4-AS1,
besides being neighbouring genes, were both differentially expressed in the SETD2 mu-
tated samples (presenting the same variation across the cell lines), which suggests a big
impact of SETD2 functions in these two genes. The analysis also allowed the identifica-
tion of three other pairs of genes that were closely located, and might be interesting to
look for in later studies.

The same approach was also used on the differentially expressed and potentially new
lincRNAs, and results in the identification of five pair of genes. Being potentially new
lincRNAs, one must be more careful when interpreting these results, but knowing that
they are placed near a protein-coding with important functions for the maintenance of cell
metabolism, and development, make these regions interesting to further investigate.

With the intention of getting clusters of genes whose expression levels correlate with
each other, a weighted gene co-expression network was constructed. This analysis re-
vealed very promising results, since the clusters of lincRNA genes that were highly cor-
related with protein-coding genes were enriched with the same functions of biological
processes. For instance, within the three modules that were shown to be the more corre-
lated with SETD2 expression levels and the presence/absence of SETD2 mutations: the
steelblue module was more enriched in RNA processing functions, as well as, chromatin
modifications and chromosome position; in general, the brown module was shown to
be more associated with the immune response and processes in cellular division; lastly,
the orange module was enriched with regulation of RNA metabolism, chromatin assem-
bly/disassembly and defense response.

Here again, a “guilt-by-association” method was used in order to assess the putative
functions of lincRNAs, and this showed very promising results. Among the three mod-
ules, it was possible to identify several pairs of genes that not only were closely placed,
but were also co-expressed with each other. The most striking results were obtained with
the set of potentially new lincRNAs, since there were many lincRNAs regions identified
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as being closely associated with protein-coding genes with functions related with cancer
development.

Since ccRCC is particularly resistant to chemotherapy and radiotherapy, at present,
surgical intervention still remains the most effective treatment for this cancer. However,
many patients develop metastatic disease after surgical treatment, and since the survival
rate is directly correlated with the stage of the tumor, it is essential to detect it as early as
possible. Despite the great progresses that have been made with previous studies, the lack
of biomarkers capable of precisely intervening with ccRCC is still a big obstacle. A better
understanding of the disease is thus something to strive for, as sensitive and reliable tumor
markers for prognostic and prediction are indeed of great need. While the present study
showed the impact of SETD2 mutations, it also allowed for the identification of specific
and potential interesting noncoding regions in ccRCC, and may serve as a starting point
for the development of novel therapeutic targets for ccRCC patients.
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A Additional LincRNAs Information

A.1 Differentially Expressed lincRNAs

Table A.1: List of differentially expressed lincRNAs genes. Detailed description of
the 213 differentially expressed lincRNAs genes in the SETD2 mutant cell lines obtained
with Cuffdiff tool. There are 46 annotated lincRNAs and 167 potentially new lincR-
NAs genes. In the columns (from left to right) are described: (1) Annotated lincRNAs
genes names (new names were generated due to the different nomenclatures assigned
to certain lincRNA genes [http://bit.ly/1V9zyjc]) and potentially new lincR-
NAs (represented by "-"); (2) Gene locus in the format chromosome : gene start - gene
end; (3) mean of FPKM expression values for the two wild-type cell lines; (4) mean of
FPKM expression values for the four SETD2 mutant cell lines; (5) log2-value of the quo-
tient between FPKMmut/FPKMwt (fold-change); (6) FDR-adjusted p-value after
Benjamini-Hochberg correction.

Gene Name Locus (Chr:Start-End) FPKM wt FPKM mut log2(FC) p-value

LincGene308 1:17516274-17524112 24.80000 2.10318 -3.56E+00 0.0320966
- 1:147780898-147784887 0.07113 0.00000 -Inf 0.00886633
LincGene1841 1:149230534-149232583 0.24836 0.00000 -Inf 0.00886633
LincGene1934 1:153545045-153545681 0.23902 0.00000 -Inf 0.0266534
- 1:15448687-15449876 0.12809 0.00000 -Inf 0.014362
- 1:161383497-161384418 0.11574 0.00000 -Inf 0.0371501
- 1:18209734-18215012 0.00000 0.14133 Inf 0.019027
LincGene2499 1:200284560-200285095 0.33271 0.00000 -Inf 0.019027
- 1:228655549-228656828 0.13104 0.00000 -Inf 0.00886633
- 1:31945532-31952997 0.09567 0.00000 -Inf 0.00886633
LincGene669 1:41898927-41930507 1.66516 0.00000 -Inf 0.00886633
- 1:43476438-43478047 0.12109 0.00000 -Inf 0.00886633
- 1:46789648-46798236 4.23309 0.20483 -4.37E+00 0.0371501
- 1:46990371-46992268 0.21784 0.00000 -Inf 0.00886633
LincGene751 1:48196221-48202603 0.07526 0.00000 -Inf 0.0230172
LincGene755 1:48539033-48539953 0.17796 0.00000 -Inf 0.0481766
- 1:74374552-74375166 0.00000 0.15384 Inf 0.0371501
LincGene3594 10:26657558-26704771 2.44743 0.00000 -Inf 0.00886633
- 10:26723386-26725577 0.16272 0.00000 -Inf 0.00886633
- 10:38510701-38514294 0.10699 0.00000 -Inf 0.019027
- 10:38516047-38517761 0.16880 0.00000 -Inf 0.014362
- 10:38518372-38525239 0.08667 0.00000 -Inf 0.00886633

Continued on next page
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Gene Name Locus (Chr:Start-End) FPKM wt FPKM mut log2(FC) p-value

- 10:43052964-43055188 0.09063 0.00000 -Inf 0.00886633
- 10:6420725-6448945 0.84730 0.00609 -7.12E+00 0.019027
LincGene4130 10:69993004-70002136 0.20273 0.00000 -Inf 0.0464844
LincGene4159 10:71754378-71768162 0.08414 0.00000 -Inf 0.0320966
- 10:90814466-90816081 0.09823 0.00000 -Inf 0.00886633
- 11:118741860-118742229 0.36928 0.00000 -Inf 0.0481766
- 11:2023319-2024218 0.32829 0.00000 -Inf 0.00886633
- 11:2024677-2025507 0.30990 0.00000 -Inf 0.014362
- 11:2104243-2109952 0.27978 0.00000 -Inf 0.00886633
- 11:2957181-2958020 0.25154 0.00000 -Inf 0.00886633
- 11:3604133-3604626 0.27824 0.00000 -Inf 0.0353751
- 11:73697791-73700751 0.07935 0.00000 -Inf 0.00886633
- 12:106075636-106077256 0.07218 0.00000 -Inf 0.0353751
- 12:106077565-106078418 0.12127 0.00000 -Inf 0.0292067
- 12:106091293-106092427 0.12564 0.00000 -Inf 0.014362
- 12:109009468-109010813 0.08599 0.00000 -Inf 0.0481766
- 12:109011624-109012774 0.14681 0.00000 -Inf 0.019027
LincGene7018 12:31073393-31076831 0.27101 0.00000 -Inf 0.014362
- 12:57355515-57356601 0.09736 0.00000 -Inf 0.0353751
LincGene7530 12:73061094-73061371 1.21383 0.00000 -Inf 0.0292067
- 12:89792193-89793182 0.23564 0.00000 -Inf 0.00886633
LincGene9481 13:100557622-100560611 0.39081 0.00000 -Inf 0.0464844
- 13:24937651-24938874 0.18238 0.00000 -Inf 0.00886633
- 13:41958582-41959319 0.18109 14.77370 6.35E+00 0.0371501
LincGene8860 13:49151106-49155037 25.73440 0.31534 -6.35E+00 0.00886633
- 13:52924661-52926022 0.10360 0.00000 -Inf 0.0266534
- 14:100664659-100666449 0.07224 0.00000 -Inf 0.0292067
- 14:23094044-23097108 0.11303 0.00000 -Inf 0.00886633
- 14:61627970-61631071 0.10948 0.00000 -Inf 0.00886633
- 14:61631150-61634923 0.09595 0.00000 -Inf 0.00886633
- 14:70886514-70887724 0.07684 0.00000 -Inf 0.0292067
LincGene11378 15:45174291-45174981 0.00000 0.19115 Inf 0.0464844
- 15:45522994-45525989 0.07759 0.00000 -Inf 0.00886633
LincGene11705 15:74060465-74065577 0.13598 0.00000 -Inf 0.00886633
- 15:76005385-76006396 0.15605 0.00000 -Inf 0.014362
- 15:76007487-76008740 0.12952 0.00000 -Inf 0.014362
- 15:76008871-76010337 0.16847 0.00000 -Inf 0.00886633
LincGene11736 15:76010657-76011681 0.17024 0.00000 -Inf 0.00886633
- 16:13728940-13731117 0.07363 0.00000 -Inf 0.019027
- 16:28379996-28380453 0.27178 0.00000 -Inf 0.0320966
- 16:30804094-30806632 0.10091 0.00000 -Inf 0.00886633
- 16:30807078-30808665 0.10974 0.00000 -Inf 0.0292067
- 16:54501164-54501628 0.29786 0.00000 -Inf 0.0292067
- 17:20687734-20690047 16.53740 1.96863 -3.07E+00 0.0371501
- 17:37743821-37746786 0.07608 0.00000 -Inf 0.00886633
- 17:40548120-40549231 0.08808 0.00000 -Inf 0.0371501
- 17:43065036-43082210 0.95983 0.01455 -6.04E+00 0.014362
- 17:43684515-43685616 0.14137 0.00000 -Inf 0.0320966
- 17:43691385-43695476 0.24851 0.00000 -Inf 0.00886633
- 17:43917435-43919013 0.20473 0.00000 -Inf 0.00886633

Continued on next page
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Gene Name Locus (Chr:Start-End) FPKM wt FPKM mut log2(FC) p-value

- 17:44304542-44306906 0.11838 0.00000 -Inf 0.00886633
- 17:47951659-47953112 0.08160 0.00000 -Inf 0.0292067
- 17:48043438-48045902 0.08584 0.00000 -Inf 0.00886633
- 17:53921699-53922172 0.20350 0.00000 -Inf 0.0464844
- 17:7233770-7238732 0.08727 0.00000 -Inf 0.019027
LincGene14787 17:78437247-78439393 0.09988 0.00000 -Inf 0.00886633
LincGene14797 17:79276620-79283048 1.32936 0.05254 -4.66E+00 0.0447502
- 17:79305488-79307174 0.11157 0.00000 -Inf 0.00886633
LincGene14801 17:79361608-79367833 1.42229 0.04205 -5.08E+00 0.0292067
LincGene14846 17:81061201-81063860 1.75379 0.03431 -5.68E+00 0.0371501
LincGene15416 18:52773131-52791537 0.04989 1.58292 4.99E+00 0.0447502
- 19:11186395-11187124 0.10868 0.00000 -Inf 0.0464844
- 19:18526203-18527489 0.09325 0.00000 -Inf 0.014362
- 19:20441419-20444702 0.10048 0.00000 -Inf 0.00886633
- 19:20614878-20615186 0.56600 0.00000 -Inf 0.0429569
LincGene16031 19:20615354-20711421 0.15150 0.00000 -Inf 0.0429569
- 19:41424614-41425997 0.07634 0.00000 -Inf 0.0292067
- 19:43481439-43481907 0.54780 0.00000 -Inf 0.019027
LincGene16411 19:43657427-43665014 0.11170 0.00000 -Inf 0.0353751
- 19:43875078-43875392 1.42395 0.00000 -Inf 0.00886633
- 19:4518697-4520358 0.08711 0.00000 -Inf 0.00886633
- 19:4564615-4565585 0.10097 0.00000 -Inf 0.0292067
- 19:5526424-5531200 0.00000 0.63297 Inf 0.00886633
- 19:5858434-5859762 0.45456 0.00000 -Inf 0.00886633
- 19:7301364-7303515 0.18907 0.00000 -Inf 0.00886633
- 2:105492410-105494129 0.10597 0.00000 -Inf 0.0266534
- 2:105516374-105517235 0.15084 0.00000 -Inf 0.0371501
- 2:105520413-105526106 0.13219 0.00000 -Inf 0.00886633
- 2:119348679-119350795 0.27598 0.00000 -Inf 0.00886633
- 2:119930284-119931243 0.07937 0.00000 -Inf 0.0447502
- 2:123426667-123428643 0.10909 0.00000 -Inf 0.00886633
- 2:132529075-132529723 0.11809 0.00000 -Inf 0.0481766
- 2:143622871-143623855 0.00000 0.32201 Inf 0.0266534
LincGene17120 2:20678459-20680000 0.28648 0.00000 -Inf 0.014362
- 2:217480642-217482895 0.08701 0.00000 -Inf 0.00886633
- 2:218121861-218123291 0.10264 0.00000 -Inf 0.014362
- 2:219636721-219637394 0.14863 0.00000 -Inf 0.0230172
- 2:39873719-39873925 5.35495 0.00000 -Inf 0.00886633
- 2:47811800-47813232 0.11919 0.00000 -Inf 0.00886633
- 2:47850738-47853961 0.07859 0.00000 -Inf 0.00886633
- 2:8580017-8581930 0.10418 0.00000 -Inf 0.0402269
- 2:90477608-90478832 0.08349 0.00000 -Inf 0.0353751
- 2:91745500-91747453 0.10721 0.00000 -Inf 0.00886633
- 20:1192044-1194148 0.08490 0.00000 -Inf 0.00886633
- 20:1713749-1714709 0.27171 0.00000 -Inf 0.00886633
- 20:9474442-9476293 0.12470 0.00000 -Inf 0.00886633
- 21:29254493-29255555 0.00000 0.09157 Inf 0.0464844
- 21:34745563-34746821 0.10864 0.00000 -Inf 0.0230172
LincGene21376 21:38004975-38009331 0.08355 0.00000 -Inf 0.0292067
- 21:38416114-38416677 0.23113 0.00000 -Inf 0.0481766

Continued on next page
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Gene Name Locus (Chr:Start-End) FPKM wt FPKM mut log2(FC) p-value

LincGene21405 21:40360629-40378079 0.13660 0.00000 -Inf 0.019027
LincGene21568 22:16199662-16231333 0.00000 0.18576 Inf 0.00886633
- 22:31403507-31404970 0.09798 0.00000 -Inf 0.0230172
- 22:31405119-31406835 0.11178 0.00000 -Inf 0.0292067
LincGene22100 22:44708865-44710872 0.00000 0.39952 Inf 0.00886633
- 22:45261870-45263099 0.25313 0.00000 -Inf 0.00886633
- 3:193894461-193897301 0.07644 0.00000 -Inf 0.00886633
- 3:193904848-193907949 0.37709 0.00000 -Inf 0.00886633
- 3:193908097-193909116 0.57679 0.00000 -Inf 0.00886633
- 3:65044023-65044338 0.77016 0.00000 -Inf 0.0266534
LincGene22903 3:72553953-72599703 0.00000 0.21436 Inf 0.0230172
- 4:114312080-114313494 0.08336 0.00000 -Inf 0.0320966
- 4:129186472-129187319 0.12705 0.00000 -Inf 0.0292067
- 4:137705945-137710353 0.10279 0.00000 -Inf 0.00886633
- 4:157675506-157676687 0.09043 0.00000 -Inf 0.0320966
- 4:183758625-183760459 0.10801 0.00000 -Inf 0.0230172
LincGene24614 4:22823154-22826631 0.07426 0.00000 -Inf 0.00886633
- 4:75593136-75599249 0.00000 0.07827 Inf 0.0371501
- 5:102880612-102881142 0.26496 0.00000 -Inf 0.0320966
- 5:110909362-110911213 0.22103 0.00000 -Inf 0.00886633
- 5:140546301-140548525 0.08011 0.00000 -Inf 0.00886633
- 5:141445781-141446814 0.66415 0.00000 -Inf 0.00886633
LincGene26400 5:1544218-1551825 0.69883 0.00000 -Inf 0.00886633
- 5:159943119-159943468 0.00000 0.67384 Inf 0.014362
- 5:172699049-172699582 0.28846 0.00000 -Inf 0.019027
LincGene28457 5:172989477-173000202 0.24205 0.00000 -Inf 0.0402269
- 5:178470118-178473001 0.10280 0.00000 -Inf 0.014362
- 5:76101580-76102729 0.00000 0.29789 Inf 0.00886633
- 5:79400300-79401657 0.13602 0.00000 -Inf 0.0266534
- 5:79401927-79402858 0.07583 0.00000 -Inf 0.0447502
- 5:90465399-90466764 0.35517 0.00000 -Inf 0.00886633
- 5:90479624-90480375 0.18789 0.00000 -Inf 0.019027
- 5:90481119-90481754 0.21841 0.00000 -Inf 0.019027
- 5:90492601-90496586 0.09725 0.00000 -Inf 0.00886633
- 5:90590030-90590377 0.67419 0.00000 -Inf 0.0230172
- 5:97314236-97324735 0.57800 0.01826 -4.98E+00 0.0464844
- 6:107139782-107141106 0.47548 0.00000 -Inf 0.00886633
- 6:107141257-107142525 0.46804 0.00000 -Inf 0.00886633
- 6:12255485-12256683 0.07905 0.00000 -Inf 0.0429569
- 6:140636346-140637357 0.08032 0.00000 -Inf 0.0292067
- 6:140637470-140638447 0.07443 0.00000 -Inf 0.0481766
- 6:140837643-140838546 0.14787 0.00000 -Inf 0.0402269
LincGene30856 6:159466210-159466788 0.42072 0.00000 -Inf 0.00886633
- 6:159934247-159935264 0.08064 0.00000 -Inf 0.0447502
LincGene30934 6:165203674-165203976 0.00000 0.91585 Inf 0.0447502
LincGene30986 6:168224553-168227476 1.35453 0.04773 -4.83E+00 0.0447502
LincGene28731 6:2562177-2564498 0.12676 0.00000 -Inf 0.014362
- 6:29842968-29843449 1.08928 0.00000 -Inf 0.00886633
- 6:32849957-32850591 0.73396 0.00000 -Inf 0.00886633
LincGene28829 6:3898388-3913082 8.62694 0.58101 -3.89E+00 0.00886633
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LincGene29667 6:52529195-52533951 11.66860 1.41188 -3.05E+00 0.0447502
- 6:94338511-94339982 0.22582 0.00000 -Inf 0.00886633
- 7:100395924-100396887 0.07896 0.00000 -Inf 0.0464844
LincGene32533 7:116203644-116254874 0.13815 2.30999 4.06E+00 0.0266534
- 7:123077093-123078359 0.07669 0.00000 -Inf 0.0230172
- 7:125033431-125037492 0.07426 0.00000 -Inf 0.00886633
- 7:125128093-125129863 0.28181 0.00000 -Inf 0.00886633
- 7:128103986-128106606 26.99690 0.62345 -5.44E+00 0.0266534
- 7:135576066-135577248 0.08179 0.00000 -Inf 0.0292067
- 7:139970687-139971238 0.25348 0.00000 -Inf 0.019027
- 7:139976396-139979185 0.10564 0.00000 -Inf 0.00886633
LincGene32953 7:151574430-151576341 8.11484 0.14090 -5.85E+00 0.0481766
- 7:155260065-155264350 0.07760 0.00000 -Inf 0.00886633
- 7:1646681-1647359 0.14574 0.00000 -Inf 0.0447502
- 7:418422-419165 0.14076 0.00000 -Inf 0.0230172
LincGene31809 7:55832481-55846763 27.28140 0.00000 -Inf 0.00886633
- 7:74065458-74066364 0.00000 0.28276 Inf 0.014362
- 7:93735604-93736110 0.29505 0.00000 -Inf 0.0402269
- 8:109204934-109205529 0.00000 0.16073 Inf 0.0371501
- 8:128450365-128453265 0.09892 0.00000 -Inf 0.0230172
- 8:23125610-23126698 0.15347 0.00000 -Inf 0.00886633
- 8:33154723-33156238 0.08474 0.00000 -Inf 0.019027
- 8:9029011-9030160 0.10056 0.00000 -Inf 0.0371501
LincGene36261 9:115119366-115120247 0.10422 0.00000 -Inf 0.0353751
- 9:12946294-12948435 0.08184 0.00000 -Inf 0.019027
- 9:136120442-136121803 0.17367 0.00000 -Inf 0.00886633
- 9:37419824-37422396 0.08414 0.00000 -Inf 0.00886633
LincGene35592 9:67340513-67343501 0.00000 0.30751 Inf 0.0353751
- 9:75491463-75498799 0.63934 0.02313 -4.79E+00 0.0464844
- 9:99069644-99070704 0.11957 0.00000 -Inf 0.0320966
- X:100198688-100199410 0.10471 0.00000 -Inf 0.0464844
- X:100216120-100218191 0.11222 0.00000 -Inf 0.00886633
- X:100218255-100219718 0.09587 0.00000 -Inf 0.0230172
- X:102953033-102954495 0.10553 0.00000 -Inf 0.014362
- X:103021466-103025471 0.11673 0.00000 -Inf 0.00886633
- X:125328465-125358982 0.08760 0.00000 -Inf 0.00886633
LincGene36703 X:13263277-13321571 54.96310 0.93942 -5.87E+00 0.0230172
LincGene37775 X:139863221-139863871 0.31087 0.00000 -Inf 0.019027
- X:143796583-143797992 0.00000 0.09050 Inf 0.0292067
- X:2121053-2122303 0.08072 0.00000 -Inf 0.0266534
- Y:3062839-3064974 0.07652 0.00000 -Inf 0.019027
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A.2 SETD2 Highly Correlated lincRNAs

Table A.2: List of lincRNAs highly correlated with network traits. Detailed list of
the 70 lincRNAs found to be highly associated with SETD2 expression levels and pres-
ence/absence of SETD2 mutation. There are 58 annotated lincRNAs and 12 potentially
new lincRNAs genes. In the columns (from left to right) are described: (1) Annotated
lincRNAs genes names (new names were generated due to the different nomenclatures
assigned to certain lincRNA genes) and potentially new lincRNAs (represented by "-");
(2) Gene locus in the format chromosome : gene start - gene end; (3 and 4) SETD2 ex-
pression levels Spearman’s rank correlation coefficients and p-values; (5 and 6) SETD2
presence/absence of mutation Spearman’s rank correlation coefficients and p-values.

SETD2 FPKMs SETD2 mutants
Gene Name Locus (Chr:Start-End) Correlation p-value Correlation p-value

LincGene77 1:1210335-1215800 -0.92479 0.00827 0.83985 0.03642
- 1:144521432-144530438 -0.91414 0.01074 0.85227 0.03112
LincGene2177 1:173204195-173446294 0.88705 0.01842 -0.86386 0.02654
- 1:233971646-233972178 0.82586 0.04285 -0.87084 0.02395
LincGene4878 10:127371794-127408062 0.91841 0.00971 -0.86525 0.02601
LincGene4189 10:74857798-74861055 0.91612 0.01026 -0.92473 0.00828
LincGene4516 10:97889469-97923517 -0.90225 0.01387 0.87267 0.02329
LincGene6014 11:85994951-85998013 -0.94049 0.00521 0.85660 0.02937
LincGene6073 11:89926778-89931288 -0.93037 0.00710 0.88720 0.01837
LincGene7978 12:112364818-112366821 0.81628 0.04753 -0.84282 0.03512
LincGene8039 12:116801750-116827276 -0.86228 0.02714 0.85050 0.03185
LincGene7317 12:56473640-56507691 0.87342 0.02302 -0.88289 0.01977
LincGene7325 12:57301838-57309529 -0.85696 0.02923 0.89965 0.01460
LincGene7632 12:81172480-81186177 -0.80200 0.05493 0.91468 0.01061
LincGene9438 13:96085857-96296957 -0.92903 0.00738 0.82086 0.04526
- 15:21009802-21010186 -0.82048 0.04545 0.85909 0.02839
LincGene13214 16:74411384-74411717 -0.90174 0.01401 0.86994 0.02427
- 17:30756940-30757950 -0.82631 0.04263 0.82966 0.04105
LincGene14272 17:42835255-42835905 -0.83883 0.03687 0.97101 0.00125
LincGene15153 18:20378223-20606451 0.81960 0.04588 -0.91231 0.01120
LincGene15936 19:14416266-14481008 0.80197 0.05494 -0.86750 0.02517
LincGene16008 19:19852770-19865337 -0.90345 0.01353 0.85586 0.02967
LincGene16041 19:20997931-21005077 -0.84274 0.03515 0.85767 0.02895
LincGene16426 19:44596253-44596551 -0.81470 0.04832 0.80047 0.05575
- 19:53404370-53405166 -0.89499 0.01596 0.81193 0.04973
LincGene15766 19:780998-789792 0.90071 0.01430 -0.87193 0.02355
LincGene18318 2:102168061-102184370 0.81115 0.05013 -0.94773 0.00403
LincGene18375 2:105323066-105323964 -0.80119 0.05536 0.82182 0.04480
LincGene18560 2:114426739-114430768 0.85903 0.02841 -0.96172 0.00217
LincGene19130 2:164178035-164178451 0.93595 0.00602 -0.92689 0.00782
LincGene17432 2:43324880-43370236 -0.82665 0.04247 0.90653 0.01270
LincGene17823 2:68077340-68077687 0.85505 0.02999 -0.89328 0.01648
LincGene20478 20:32782374-32856982 0.87661 0.02190 -0.94344 0.00471
- 21:33244188-33244729 -0.88586 0.01880 0.96984 0.00135
LincGene21641 22:18957369-19018742 -0.87510 0.02243 0.80598 0.05281

Continued on next page
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Table A.2 – continued from previous page

SETD2 FPKMs SETD2 mutants
Gene Name Locus (Chr:Start-End) Correlation p-value Correlation p-value

- 22:46286652-46287136 -0.93376 0.00644 0.85165 0.03138
LincGene23249 3:113351547-113351844 -0.83900 0.03679 0.88528 0.01899
LincGene23372 3:125133379-125133667 -0.80676 0.05240 0.86283 0.02693
LincGene24269 3:195665534-195732052 0.94383 0.00464 -0.84166 0.03562
LincGene22442 3:22711688-22712202 0.82743 0.04210 -0.88714 0.01839
LincGene22583 3:39376466-39377430 0.85850 0.02862 -0.94815 0.00396
LincGene25633 4:128981055-128981632 -0.83237 0.03979 0.93919 0.00543
LincGene25636 4:129190396-129440554 -0.94674 0.00418 0.90037 0.01440
- 4:129493315-129503794 -0.90242 0.01382 0.92731 0.00773
LincGene27312 5:74898813-74899252 -0.98011 0.00059 0.84307 0.03501
LincGene28644 6:1032124-1054576 -0.91741 0.00995 0.80492 0.05337
LincGene30226 6:109709372-109709628 -0.83958 0.03654 0.93586 0.00604
- 6:151517804-151549592 -0.84795 0.03292 0.81548 0.04793
LincGene29297 6:28453224-28457367 -0.92432 0.00837 0.84331 0.03490
- 6:32116135-32145873 -0.93606 0.00600 0.80140 0.05524
LincGene32430 7:105172531-105241322 0.82754 0.04205 -0.93728 0.00578
LincGene32591 7:123517891-123520268 -0.85764 0.02896 0.82706 0.04228
LincGene32613 7:124812268-125019375 -0.84098 0.03592 0.82186 0.04478
- 7:133974083-134001803 0.90121 0.01416 -0.90383 0.01343
LincGene32821 7:142231575-142231998 0.83298 0.03951 -0.83920 0.03671
LincGene31097 7:1499550-1507158 -0.92059 0.00921 0.82781 0.04192
LincGene31587 7:36773605-36822394 -0.84496 0.03419 0.83701 0.03768
LincGene34796 8:144063120-144094726 -0.96428 0.00189 0.80263 0.05459
LincGene34804 8:144361822-144364099 0.84459 0.03435 -0.85986 0.02808
LincGene33459 8:25963716-25974625 -0.95232 0.00336 0.86185 0.02731
LincGene34295 8:98358771-98359463 0.82985 0.04096 -0.86755 0.02515
LincGene34847 9:112712-115772 -0.89555 0.01579 0.84947 0.03228
LincGene36270 9:115875172-115882208 -0.88760 0.01824 0.88579 0.01882
LincGene36278 9:116468533-116473850 -0.95705 0.00273 0.83501 0.03859
LincGene35063 9:19789154-19789699 0.88253 0.01989 -0.96025 0.00234
LincGene35158 9:26050909-26051333 -0.80087 0.05553 0.81699 0.04718
- 9:35605366-35646807 -0.82506 0.04323 0.83792 0.03728
LincGene34916 9:4483533-4489030 0.92528 0.00817 -0.87788 0.02146
LincGene36932 X:45249573-45489447 0.80256 0.05462 -0.85784 0.02888
LincGene37069 X:53122888-53205813 -0.93592 0.00603 0.82152 0.04494
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