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Abstract
Umer, H. M. 2018. Computational Modelling of Gene Regulation in Cancer. Coding the
noncoding genome. Digital Comprehensive Summaries of Uppsala Dissertations from the
Faculty of Science and Technology 1627. 54 pp. Uppsala: Acta Universitatis Upsaliensis.
ISBN 978-91-513-0220-1.

Technological advancements have enabled quantification of processes within and around us.
The information stored within our body converts into petabytes of data. Processing and learning
from such data requires comprehensive computational programs and software systems. We
developed software programs to systematically investigate the process of gene regulation in
the human genome. Gene regulation is a complex process where several genomic elements
control expression of a gene through recruiting many transcription factor (TF) proteins. The TFs
recognize specific DNA sequences known as motifs. DNA mutations in regulatory elements
and particularly in TF motifs may cause gene deregulation. Therefore, defining the landscape
of regulatory elements and their roles in cancer and complex diseases is of major importance.

We developed an algorithm (tfNet) to identify regulatory elements based on transcription
factor binding sites. tfNet identified nearly 144,000 regulatory elements in five human cell
lines. Investigating the elements we identified TF interaction networks and enrichment of many
GWAS SNPs. We also defined the regulatory landscape for other conditions and species. Next,
we investigated the role of regulatory elements in cancer. Cancer is initiated and developed
by genetic aberrations in the genome. Genetic changes that are present in a cancer genome
are obtained through whole genome sequencing technologies. We analyzed somatic mutations
that had been detected in 326 whole genomes of liver cancer patients. Our results indicated
907 candidate mutations affecting TF motifs. Genome wide alignment of the mutated motifs
revealed a significant enrichment of mutations in a highly conserved position of the CTCF
motif. Gene expression analysis exhibited disruption of topologically associated domains in the
mutated samples. We also confirmed the mutational pattern in pancreatic, gastric and esophagus
cancers. Finally, enrichment of cancer associated gene sets and pathways suggested great role
of noncoding mutations in cancer.

To systematically analyze DNA mutations in TF motifs, we developed an online database
system (funMotifs). Publicly available datasets were collected for thousands experiments. The
datasets were integrated using a logistic regression model. Functionality annotations and scores
for motifs of 519 TFs were derived. The database allows for identification of variants affecting
functional motifs in a selected tissue type. Finally, a comprehensive analysis was performed to
identify mutations overlapping functional TF motifs in 37 cancer types. Somatic mutations from
a pan-cancer cohort of 2,515 cancer whole genomes were investigated. A significant enrichment
of mutations in the CpG site of the CEBPB motif was identified. Overall, 10,806 mutated
regulatory elements were identified including 406 highly recurrent ones. Genes associated to
the mutated elements were highly enriched for cancer-related pathways. Our analyses provide
further insights onto the role of regulatory elements and their impacts on cancer development.
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Introduction 

Accurate measurements of molecular processes within our bodies enable us 
to understand the underlying mechanisms of complex diseases. Novel soft-
ware solutions and computational methods are necessary to process and un-
derstand these enormous amounts of measurements. Below, I provide a gen-
eral introduction to the main elements and processes in human cells, fol-
lowed by an overview of the technologies that enabled us to convert the ele-
ments and processes into data measurements. An overview of the 
computational area is also provided to briefly introduce the software tools 
and statistical methods that were applied to integrate and analyze the various 
types of data. Finally, brief summaries for the studies that were conducted 
towards accomplishing this thesis work are outlined. 

The human genome 
The average human body consists of more than 30 trillion cells1,2. Similar to 
the way that we store information in digital forms on magnetic disks, the 
information that is needed for a human body to function are stored within the 
cells in the form of chemical molecules known as Deoxyribonucleic Acid 
(DNA)3. DNA consists of two complementary strands coiled around each 
other forming a double helix (Figure 1). The strands are composed of ade-
nine (A), guanine (G), cytosine (C) and thymine (T) nitrogen bases that are 
chained together by sugar and phosphate groups. The two strands are held 
together by base pairs between A and T or G and C4. The entire DNA se-
quence in the cells is referred to as the human genome. 

The human genome consists of more than 3 billion nucleotide base pairs. 
Nearly all cells in the human body contain two entire copies of the genome. 
As a comparison, using the most recent technology, thousands of storage 
disks are needed to collect the genetic information that is encoded in an indi-
vidual. The genome is distributed over 23 long stretches of linear molecules 
called chromosomes. Two copies of each chromosome exist; one inherited 
from the mother and the other is inherited from the father. 

The genetic material in a cell is replicated and transferred into two daugh-
ter cells during cell division. In the DNA replication process, the two strands 
of each chromosome are denatured and used as templates for synthesizing 
the complementary strands. As a result, each new daughter cell contains a 
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full copy of the each chromosome. DNA also has repair machinery that 
proofreads the synthesized DNA strands and corrects the few errors that may 
happen during the replication process. 

Similar to the information written on disk storages, the DNA sequences 
are not able to perform any action unless some automated tool reads them 
and acts upon them. Each cell contains thousands of automated tools known 
as proteins and they have the ability to bind the DNA sequences, and inter-
pret them accurately. Interestingly, the code for each protein is synthesized 
from a specific DNA sequence called a gene. Therefore, the order of the 
nucleotides in the DNA determines the function of the produced protein5. 

Although all cells have the same DNA sequence, there are more than 200 
cell types. The reason is because each cell type reads and interprets some 
segments of the DNA sequence depending on its assigned functions. How 
the cells are enabled to be that specific is described below. 

Figure 1: DNA structure (source: U.S. National Library of Medicine)  

Architectural structure of the genome 
DNA and proteins are packaged in the cell nucleus. The DNA in each chro-
mosome is highly condensed and wrapped around nuclear proteins to fit into 
the small area of 6 micrometers in diameter. In order to achieve this high 
level of packaging, DNA stretches of 147 base pairs are wound around his-
tone proteins forming nucleosome complexes. The nucleosomes are inter-
vened by linker DNA sequences.  Multiple nucleosomes are packed together 
generating a further condensed DNA-protein complex known as the chroma-
tin (Figure 2). Hence, the DNA packing level has a positional effect on gene 
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activation. Highly packed DNA sequences are called heterochromatin 
whereas the less condensed sequences are called euchromatin. Heterochro-
matin regions are usually silent, and they contribute to the chromosomal 
structure. Moreover, the chromatin structure is dynamic and certain DNA 
sequences decondense to allow for transcription of genes through chromatin 
remodeling. Transcription factor (TF) proteins are responsible for this dy-
namic state of the DNA structure. Also, modifications such as acetylation 
and methylation that are made to the histone proteins mark the chromatin 
state6. Notably, during cell division the chromosomes are more densely 
packed to allow for transition of their genetic material to the daughter cells.  
 

 
Figure 2: Chromatin structure (source: OpenStax) 

The coding genome 
Overall, more than 20,000 genomic regions undergo transcription and trans-
lation processes in order to code and produce proteins. These regions are 
called protein-coding genes. There are also many genes that encode func-
tional RNA molecules such as long noncoding RNAs, tRNAs, miRNAs, etc. 
However, in each cell only proteins and RNAs that are needed for the as-
signed functions and conditions are produced therefore the genes are ex-
pressed at different levels depending on the cell state and cell type. Also, the 
transcribed elements come in different forms and perform different functions 
based on their corresponding gene sequences. As a result, the coded proteins 
and RNAs define the cell identity.  

Genes normally consist of multiple alternating exons and introns, and 
regulatory sequences. Variations of the same protein are generated from a 
single gene by transcribing different combinations of the exons. The genes 
are activated or deactivated based on signals from their associated regulatory 
sequences. 
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The noncoding genome 
While the coding regions cover less than 2% of the genome the remaining 

regions are noncoding. Specific parts of these large noncoding regions are 
responsible for generating around 200 varieties of cell types from the same 
DNA sequence. Also, in response to certain conditions such as stress or in-
fection they adjust the expression levels of genes in the relevant cells and 
tissues. The noncoding sequences that control gene expression are called 
regulatory elements7.In computer systems, programmers embed coded in-
structions for executing automated programs based on some triggers. Simi-
larly, the codes that are needed to activate or repress gene expression are 
embedded in regulatory elements within the noncoding genome. Therefore, 
the coding sequences are regulated by signals from the noncoding sequences. 
TFs recognize the embedded sequences in regulatory elements and deter-
mine the function of the element. Consequently, regulatory elements act in 
different ways depending on their bound transcription factors.  

Regulatory elements are classified into different types based on their dis-
tance and function. Promoter elements are located near gene start sites and 
they activate the nearby gene. They are bound by RNA polymerase and other 
transcription factors to initiate transcription. In contrast, enhancer elements 
are distally located and they usually regulate genes by coming in contact 
with promoter elements of the target genes. Promoter and enhancer elements 
interact via interactions with mediator proteins and other specific transcrip-
tion factors such as YY18,9. Furthermore, silencer or repressor proteins bind 
to regulatory elements in order to silence gene expression. Similarly, specific 
proteins have the ability to silence genes by binding DNA in between en-
hancer and promoter elements to insulate gene activation (Figure 3)10. More-
over, the target genes of most distal elements are not known due to the large 
distances between them. 

Figure 3: Types of distal regulatory elements. Grey boxes denote genes and the arcs 
denote interactions (adapted from Maston GA et al.7).  
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Transcription factors 
The function of regulatory elements is dependent on the TFs that bind them. 
There are more than 1,500 TFs in human cells11. They have DNA binding 
domains that give them the ability to recognize specific DNA sequences12. 
They also have trans-activating domains for interacting with other proteins. 
TFs are grouped into families based on their DNA binding domains. Exam-
ples of such families are zinc finger and helix-turn-helix13. Some function as 
activators where they activate transcription of their target genes and others 
function as repressors where they silence transcription of their target genes. 
There are also some TFs that have multiple functions. For instance, CTCF 
has the ability to function as an activator and a repressors depending on its 
binding context. Also, certain TFs are in charge of chromatin remodeling by 
unpacking the DNA wrapped in nucleosomes and transferring them to the 
euchromatin state for initiating transcription.  

The sequence that determines gene regulation is embedded in the DNA 
and such sequences determine what TFs can bind to each regulatory element. 
These are short DNA sequences of less than 20 nucleotide pairs known as 
binding sites or motifs (Figure 4). TFs recognize their motifs because the 
surface of TF proteins is complementary to the spatial surface features of the 
DNA double helix. Therefore, despite small variations in the motifs, TFs 
most of the time only bind to their corresponding motifs in the genome. 
Moreover, TFs from the same families bind to similar motifs as they have 
similar DNA binding domains.  

Figure 4: transcription factors (TFs) bind to their recognition sites on the DNA, and 
regulate gene expression. 
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Due to the complexity of regulatory circuitry in humans, normally, multi-
ple TFs bind to a single regulatory element that leads to formation of protein 
complexes. To achieve this, regulatory elements usually contain multiple 
motifs in order to attract several TFs. The TFs that have a matching motif 
may bind directly to the DNA and other proteins may also attach to them as 
co-factors and make indirect DNA interactions. The co-factor TFs may have 
no recognition sequences; they rather form complexes by binding to the se-
quence-specific TFs. For instance, the Cohesin protein complex that consists 
of four proteins is loaded by CTCF14.  

Consequently, the function of the regulatory element is determined by 
characteristics of the bound TFs and their co-factors. Hence, TFs are able to 
recognize their motifs from outside the DNA double helix in the major or 
minor groove. This eliminates the need for denaturing the DNA double 
strands to initiate TF binding.  

Gene regulation 
As described earlier, despite the fact that all cells contain the same ge-

nome, they have dramatic differences in structure and function. Remarkably, 
the cells differ because they synthesize different sets of proteins and RNAs 
through the process of gene regulation. Since cell identity is defined by its 
genes, gene regulation is a key process in all cells. Genes can be regulated at 
many different levels, namely, RNA, protein, and transcription. On the pro-
tein level, adding a phosphate group to an amino acid of a protein causes it 
to be activated, deactivated or modified in another way15. On the RNA level, 
the transcribed DNA can be spliced, processed, and localized in different 
ways. However, for most genes, the optimal way of regulation lies in the 
transcriptional level. This mechanism enables cells to avoid superfluous 
activation of genes, and escape production of irrelevant RNAs and proteins. 
For instance, genes that are only needed in blood cells are often not tran-
scribed in other tissues. Therefore, in most cases initiation of transcription 
regulation is the most efficient way for cells to differentiate. Transcriptional 
initiation is controlled by proximal and distal regulatory elements. Assembly 
of a set of TFs known as the general TFs in the promoter element of genes is 
essential for RNA polymerase II to initiate transcription16. The general TFs 
recognize a specific DNA sequence called the TATA box. However, activa-
tion and repression of the promoter is controlled by distal regulatory ele-
ments directly, or indirectly through mediator complexes. They alter the 
chromatin structure and control the assembly of the general TFs. As ex-
plained earlier, the exact function of the distal regulatory elements depends 
on the nature of its bound TFs. Due to the large size of the human genome, 
the distance between the promoter and the distal elements normally is in the 
thousands to hundreds of thousands nucleotides.  
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The TFs that bind to an enhancer or a repressor loop the intervening DNA 
to make contacts with their target promoter regions. DNA looping occurs by 
the TFs that are bound on the contacting regulatory elements. It allows spa-
tial deformation of the DNA structure so that the distal and the promoter 
elements interact (Figure 5)3,9. Genomic regions that harbor a high frequency 
of interacting regulatory elements indicate an active genomic compartment 
where genes are transcribed; whereas genomic regions that are depleted from 
interactions denote an inactive compartment17. To provide high flexibility in 
gene expression levels, several regulatory elements control expression of a 
single gene7,18. The multiple regulatory sequences of a gene are referred to as 
the gene control region. This multilayer of regulation provides a mechanism 
for genes to be controlled even in cases where one or more of its regulatory 
elements are nonfunctional. Interestingly, a single regulatory element may 
regulate several genes. Furthermore, the presence of more than 1,500 differ-
ent TFs adds enormous amount of ways to control the gene regulation pro-
cess since every TF has a slightly different function. 

Moreover, the regulatory elements not only turn the genes on and off but 
they also adjust their expression levels and the effect of multiple regulatory 
elements on the target gene is multiplicative. This way, cells can produce 
higher amounts of certain proteins by increasing the expression of the corre-
sponding genes in response to special conditions.  

Figure 5: Gene regulation process by TFs in regulatory elements (adapted from 
Alberts et al.3). 
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Genetic mutations 
Mutations are changes of DNA sequences that occur due to internal or exter-
nal reactions. They happen frequently but cells employ protective systems to 
keep the DNA sequence intact. For instance, the repair machinery constantly 
scans the nucleotide base pairs to ensure that adenine is paired with thymine, 
and guanine with cytosine. Also during DNA replication the sequences un-
dergo an extensive proofreading process. Despite many repair mechanisms, 
mutations still occur albeit at low rates. Moreover, environmental factors 
have big impacts on genetic mutations since chemical compounds entering 
cells may affect the chemical structure of the DNA and introduce chromo-
somal breaks and changes. Integration of DNA sequences of viruses in the 
human DNA is another source for DNA aberrations19,20.  

Despite the large number of mutations only few have deleterious effects 
because a small fraction of the genome is read and interpreted in a particular 
cell type. Mutations that affect transcribed coding regions may lead to for-
mation of undesired or non-functional proteins and those that affect regulato-
ry elements may lead to deregulation of the target genes. Mutations located 
in sequences that do not contribute to gene expression and protein produc-
tion may have no effects and therefore their occurrence is of no importance. 

Germline and somatic mutations 
Fortunately, not all mutations are heritable to the next generations. Only 
mutations that occur in the DNA sequence of reproductive cells are inherit-
ed. The DNA variants present in our genomes are explaining many of the 
differences between the individuals of our planet. There are about 5 million 
differences comparing an individuals DNA to the reference human genome 
and more than 88 million variants are found in the genomes of 2,504 indi-
viduals21. Variants that are inherited from one of the parents are called 
germline. In contrast, mutations that are acquired during the cell’s lifetime 
are somatic mutations since they lack the ability to be transferred to off-
spring. Environmental factors have large impacts on introducing somatic 
mutations. For example, exposure to UV light causes somatic mutations in 
the DNA sequence of skin cells, and smoking causes somatic mutations in 
the DNA sequence of lung cells, etc.  

Mutation types 
There are different types mutations and their effects vary. Mutations that 
affect a single nucleotide are most common but due to their small sizes the 
majority of them are not affecting functional sequences. Overall, single nu-
cleotide variants are the causes of many phenotypes since their collective 
effect could be large, and the presence of a large number of them increases 
the probability for an effect on functional sequences. Additionally, regions 
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of DNA are deleted and occasionally other sequences are inserted into the 
DNA. These two types of mutations are collectively referred to as indels or 
copy number variants depending on their size. Indels could be from one or 
two bases pairs to thousands whereas copy number variants are in mega base 
pairs. Their effect can be substantial because deleting a complete gene or 
inserting an extra promoter can have immediate effects22,23. Finally, inver-
sion, and conversion of DNA segments also occur and lead to abnormal con-
ditions24. 

Identification of the exact mutations that lead to a certain phenotype aids 
providing ways to deal with the phenotype. A single nucleotide variant in an 
exon of a protein-coding gene may cause changes in the synthesized protein 
sequence. However, an insertion in the same region may lead to a complete-
ly different protein. In contrast, mutations in regulatory elements do not af-
fect the shape of the synthesized protein since their role is to control gene 
expression. They may increase or decrease expression of their target genes. 
The exact outcome of the mutation is dependent on its effect on the recogni-
tion sites in the regulatory element because it determines what TFs can rec-
ognize the mutated sequence. 

Loss of function and gain of function mutations 
In the context of gene regulation, mutations that lead to reduced expression 
or no expression of genes are referred to as loss-of-function mutations (LoF). 
In contrast, mutations that increase expression of genes are gain-of-function 
mutations (GoF). Mutations in regulatory elements can be LoF or GoF, de-
pending on the affected DNA sequence. A mutation that disrupts binding of 
an activator TF in the regulatory element of a gene has a LoF effect. On the 
contrary, a mutation that affects binding site of a repressor TF in an insulator 
element will have GoF effect. Furthermore, a mutation that leads to creation 
of a de novo motif for a TF may also lead to increase or decrease of expres-
sion depending on the TF that can recognize the de novo motif25,26. 

On the other hand, LoF mutations in coding sequences are those that af-
fect the function of the synthesized protein. For instance, a mutation in the 
start codon of a protein-coding gene inhibits translation initiation and there-
fore the protein will not be produced. In contrast, a mutation in the coding 
region that leads to formation of a protein that has an extra capability for 
binding to another molecule is a GoF mutation, for instance. 

Moreover, while the majority of mutations are neutral, those that increase 
cell survival and proliferation are considered to have a positive effect for the 
cell therefore such mutations are recurrently found in sets of cells with a 
similar trait27. On the contrary, mutations that affect genes that are essential 
for cell survival have negative effects and disappear overtime. 
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Cancer  
Cells in the human body co-exist in a social setting where they communicate 
by sending, receiving, and interpreting signals among each other. Contradic-
tory to survival of the fittest rule, each cell is committed to sacrifice for sur-
vival of the whole organ through a process called apoptosis or cell death. 
Occasionally, cells deviate from this social context due to occurrence of 
genetic mutations. Genetic mutations that help a cell to avoid apoptosis and 
grow rapidly may transform into a cancerous cell. However, a normal human 
cell has to acquire several characteristics in order to undergo such transfor-
mation. The characteristics include resisting cell death, sustaining prolifera-
tive signals, evading growth suppressors, activating invasion and metastasis, 
enabling replicative immortality and inducing angiogenesis28. Therefore, 
cancer is a multistage progression disease where the cell has to go through 
several checkpoints29. In order to acquire these characteristics and pass the 
checkpoints, genes relevant to these processes have to be mutated or deregu-
lated. Thus, loss of function and gain of function mutations are both needed 
in order to eliminate the traits that commit the cells to contribute to the social 
context, as well as to get new traits in order to gain selective advantages. 

Genes that contribute to cancer by becoming activated or upregulated 
through gain-of-function mutations are known as oncogenes. Mutations en-
hancing expression of MYC gene and the promoter of TERT are examples 
of gain-of-function mutations30-32. In contrast, tumor suppressor genes ac-
quire loss-of-function mutations that lead to deregulation of protective 
mechanisms. Mutations in the TP53 gene are examples of such deactivation 
where its down-regulation causes deregulation of apoptosis33. Depending on 
the tumor type, mutations affecting different genes may lead to cancer initia-
tion since different cell types use different genes and pathways. As a result 
from the thousands of somatic mutations that are found in a cancer genome, 
only the few that affect the relevant genes are driving the cancer. Additional-
ly, other mutations may be functional when deregulating expression of other 
genes but their impact on cancer development depends on the function of the 
deregulated genes. 

Cancer is very heterogeneous because different cases have different ge-
netic profiles. That is due to the large number of mutations and the many 
possible genes and pathways that can be mutated to develop cancer. The 
genetic heterogeneity has also limited developing efficient therapies for most 
cancer patients. Typically, all types of mutations have been found affecting 
oncogenes and tumor suppressor genes. Therefore, prioritization of the large 
pool of mutations found in cancer genomes enables investigation of the 
causal and functional mutations. Most importantly, identification of positive-
ly selected mutations may lead to development of new drug targets and ther-
apies. 
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Due to the role of TFs on gene regulation, mutations affecting them can 
have large impacts on progression of cancer and other complex diseases34-36. 
Many oncogenes and tumor suppressor genes encode TFs, thus TFs are cen-
tral to cancer35,37. Additionally, somatic mutations affecting regulatory ele-
ments may have large impact on gene regulation38, in particular when they 
affect motifs of sequence-specific TFs26. Many differences between normal 
individuals and species are attributed to differences in TF binding due to 
nucleotide variants39. As described earlier, the effect of regulatory elements 
on gene regulation is multiplicative. Therefore, defects in regulatory element 
of a gene may have effects on the transcription level and promote cancer40-42. 
Due to the tissue specificity of regulatory elements, the same gene can be 
regulated by distinct regulatory elements in various cancer types (Figure 
6)40,43,44. Interestingly, enhancer mutations have been proposed as the most 
frequent mechanism of heritable cancer predisposition45.  
 
 

Figure 6: The same gene (MYC) is targeted by different enhancers in different can-
cer types (adapted from Sur et al45).  
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High throughput sequencing 
After assembling the first human genome in 200146,47, difficulties in inter-
preting the sequences was soon realized. Geneticist and mathematician Erik 
Lander who had most contribution to the first human genome assembly has 
summarized it as “Genome. Bought the book. Hard to read”. In recent years, 
many new techniques have been developed to investigate the many continu-
ous and dynamic processes at the DNA, RNA and protein levels48. Tech-
niques that were used for generating the data presented in this thesis are out-
lined.  

Whole genome sequencing 
Current technologies allow for retrieving the whole human genome sequence 
from any given person at the base pair resolution. Depending on the se-
quencing depth, sequencing a DNA sample results in many reads for scat-
tered DNA fragments. The raw reads are then mapped to the human refer-
ence genome and variants are detected. In order to obtain the full list of so-
matic mutations from cancer genomes, DNA of the tumor sample and DNA 
from a normal sample in the same individual are sequenced. The two result-
ing DNAs are compared to the reference genome and the differences are 
detected. Further, mutations that are only found in the tumor sample, but not 
in the normal sample, are selected as somatic mutations and kept for further 
processing.  

RNA-seq 
Reading all letters of the genome by DNA sequencing does not provide in-
formation on what parts of the genome are transcribed. RNA-seq allows 
detection and measurement of transcripts on a genome wide scale49. The 
benefit of this technology lies in its ability to capture different types of 
RNAs. RNAs present in a tissue are isolated, and particular types of RNAs 
are selected or depleted depending on the strategy, and finally the RNAs are 
reverse transcribed into their complementary DNA for sequencing. The raw 
reads from sequencing are mapped to the genome and counted to measure 
the transcription level for each genomic element. The generated data allow 
for identifications of genes that are downregulated, upregulated or have not 
changed their expression. Therefore, RNA-seq has become widely used to 
investigate the effect of DNA mutations on genes in cancer and other com-
plex diseases. 
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CAGE 
Small fragments at the 5’ end of messenger RNAs are captured to identify 
transcription start sites50. The fragments are reverse transcribed to DNA for 
high-throughput sequencing. While active promoters are identified from the 
resulting reads, enhancers have also been identified based on computational 
patterns51,52. However, the small fragment lengths limit capturing entire 
regulatory elements. 

ChIP-seq 
The large number of TFs that are active in the cell bind to hundreds of thou-
sands sites in the genome. Capturing their exact binding locations provides 
insights into the gene regulatory landscape. ChIP-seq is particularly interest-
ing to find defected regulatory elements in complex diseases. While DNA 
sequencing reports mutations found in regulatory elements, they are not 
providing information whether the mutations have any effect on the regula-
tory element. Therefore, ChIP-seq experiments are needed to identify en-
riched and depleted DNA-protein interactions across the genome. 

In ChIP-seq experiments, antibody of a protein of interest is used to iden-
tify crosslinked DNA-protein complexes. Consequently, DNA fragments are 
extracted and sequenced. DNA elements that are enriched for large number 
of reads compared to the background DNA are identified as binding sites or 
peaks. TF and histone modification markers could all be targeted depending 
on the selected antibody. 

DNase1-seq 
In order for DNA-protein interactions to happen, the wrapped DNA becomes 
open and accessible for easier digestion by DNase1 enzymes. DNase1-seq 
experiments identify the regions of the genome that are bound by DNase1 
enzymes53. This in turn indicates functional regulatory elements across the 
genome. In contrast to ChIP-seq where an experiment has to be performed 
for each of the more than 1,500 TFs, a single DNase1-seq experiments de-
tects all accessible regions. However, it does not provide detailed view on 
which TFs bind although footprinting techniques estimate binding affinity of 
proteins and are able to distinguish free DNA from bound DNA. Neverthe-
less, some regulatory elements are not detected by DNase1-seq 
experiments54. 

Repli-seq 
DNA replication process initiates in thousands of replication zones in a se-
quential order during cell division. Open chromatin and active genomic re-
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gions are associated with earlier replication55. Integrity of the synthesized 
DNA is also influenced by the time of replication since later replicated re-
gions have a higher enrichment of mutations56. Repli-seq measures the time 
where each genomic block is replicated. Proliferating cells are marked and 
processes and, the DNA is extracted for sequencing. Replication timing 
measurements are reported for each DNA fragment and based on that ge-
nomic regions are classified into domains of early, late, down transition, and 
up transition states57. 

HiC 
Enhancers and promoters interact over long genomic distances to regulate 
gene expression. Such interactions typically occur by looping the interspace 
DNA stretches. Cells are fixed in a given time point and DNA fragments that 
are linked by covalent protein bonds are captured58. Through high-
throughput sequencing the interacting regions are identified. Investigation of 
the interactome has divided the genome into active and inactive compart-
ments. Early and late replicated regions correlate respectively with the com-
partments59. HiC mappings have also revealed topological structural do-
mains that have a higher enrichment of interactions and they correlate with 
gene activity60,61. 
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Computational Background 

Software development in life sciences  
Bioinformatics serves two purposes in life sciences. The first purpose is de-
veloping novel programs to solve problems that require new algorithms and 
models. Typically, this is applied in cases where new technologies emerge as 
well as when investigating novel research questions. The second goal is to 
develop pipelines for automating execution of custom developed scripts and 
preexisting tools. Such solutions are applied for performing systematic and 
repetitive analyses, for instance detecting somatic mutations from whole 
genome sequencing experiments using the GATK pipeline62. Pipelines also 
exist for measuring transcripts from RNA-seq experiments, identifying TF 
binding sites from ChIP-seq experiments, etc. 

Usable and maintainable software tools and programs are designed by fol-
lowing several good programming practices. These include proper documen-
tation, defined design patterns, code readability, and testing63. However, in 
scientific research these practices are rarely followed. The main reasons for 
this are related to difficulties in defining clear specifications due to the ongo-
ing changes, timing constraints, and the lack of interest and appreciation. 
While usability and applicability of the software tools are important and 
should be considered, the other practices should also be taken into account. 
Following these practices have proven to result in sustainable and widely 
used tools64. Implementing an agile-based methodology for developing Bio-
informatics software makes it possible to cope with the continuous changes 
in the scientific research. Finally, sharing the programs publicly as open 
source from the beginning of projects aids to deliver well designed and doc-
umented programs. 

In this thesis, we have developed two software programs. tfNet was im-
plemented in C# to detect regulatory elements whereas funMotifs framework 
was implemented in Python. Additionally, several Python and Linux-based 
scripts were built to perform systematic analysis and statistical tests, and to 
execute the programs in parallel on high performance computer clusters. 
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Database development for omics data 
Relational and object oriented database management systems provide means 
to index and query large amounts of data rapidly. In relational databases, a 
table is created for each class of data and the relevant classes are linked to-
gether through relations. Relational databases are highly structured because 
all records in a given table follow the same paradigm. NoSQL databases also 
exist to allow for storage of less structured data models. The main advantage 
of databases systems is that they enable implementation of distrusted sys-
tems. In a distributed system, the data is distributed across many computer 
nodes in order to increase accessibility and availability. Due to the large 
number of data files and data types in genomic projects, designing and im-
plementing database systems for storing and processing genomics data is of 
high importance since storing genomic datasets in databases ensures data 
integrity, maintainability and accessibility. Data indexing is another feature 
of database systems to provide rapid data retrieval in large data tables. For 
instance, integer-indexing methods are available in PostgreSQL to store and 
search for genomic intervals.  

Furthermore, many database management systems provide readily availa-
ble packages for processing geospatial data in very efficient ways. PostGIS, 
which is available for PostgreSQL databases, enables handling coordinate 
systems and objects, and it is used widely to work with very large datasets. 
The similarity between the geospatial and genomic data makes it possible to 
apply such high level packages to process multi-omics data.  

However, running large databases requires online database servers and 
designing proper graphical interfaces therefore currently many datasets are 
provided as text or binary files except in cases of successful genomic brows-
er solutions such as ENSEMBL and UCSC, and data portals such as ICGC 
and TCGA. In this thesis, a MySQL database was implemented to process 
KEGG pathways in order to match gene symbols with KEGG identifiers in 
accurately. Another MySQL database was implemented to find genes in 
close proximity of regulatory elements. Although powerful tools such as 
DAVID and MSigDB provide such functionalities but their limited flexibil-
ity restricts their usage for large-scale analyses. 

Processing multi-omics data requires several layers of data integration 
since each layer provides a different type of information. For instance, data 
from DNase1 experiments provide information about DNA accessibility 
whereas CAGE provides information about transcription. Storing such in-
formation properly in a database allows searches and investigation in a high-
ly efficient manner. However, integrating such heterogeneous data types is a 
big challenge. Therefore we built a PostgreSQL database to integrate tissue-
specific annotations for transcription factor motifs on a genome-wide scale. 
Indexing the motifs by genomic coordinates enabled processing more than a 
thousand queries per second. 
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Machine learning methods for data integration 
The large amount of existing data provides a unique opportunity for comput-
er programs and models to generate new knowledge. Machine learning 
methods are key to analyze and learn from these big datasets. They have 
been used to identify promoters and enhancers65,66, to predict functional an-
notation of genes67, and to understand gene expression based on ChIP-seq 
experiments68, etc. Generally, supervised or unsupervised methods are ap-
plied depending on the context. For instance, clustering techniques that are 
unsupervised allow identification of cell types using gene expression data. In 
such cases no previous knowledge is required about the samples. However, 
in supervised methods prior knowledge about classes of a certain number of 
samples needs to be provided. With the help of a supervised method, a clas-
sifier model is built based on the known samples to predict the class for new 
samples.  

Signals and data points from the high-throughput technologies come in 
different formats and types. One way to integrate these data is to check 
whether they overlap or support a given genomic region of interest. This 
methodology is applied in regulomeDB, which is a tool that provides func-
tional annotations for queried variants or regions69. However, in such cases 
the user has to decide which annotations matter and whether there is enough 
functionality evidence for the queried region. In order to overcome this is-
sue, we trained a logistic regression model which is a supervised machine 
learning method. The model enables systematic integration of annotation 
features from different data types to generate a summary score. It was ap-
plied to systematically rank the functionality of genomic regions. 

In order to obtain a set of known samples we curated motifs located in 
regulatory elements that had been generated in massively reporter array ex-
periments (MPRA)70-72. MPRA allows testing activity of 145bp sequences by 
high-throughput sequencing73. Therefore, motifs in these elements are con-
sidered as positive samples. Consequently, motifs in proximal promoter re-
gions of inactive genes were considered as negative samples. The logistic 
regression optimized a model to describe the outcome, that is, active and 
inactive motifs. The model finds the log likelihood of each annotation fea-
ture for describing the motif activity. Using the log likelihoods to weight 
annotation features of other motifs enabled summarizing multiple annota-
tions into a single score.  

An alternative method to extract information from multiple data types is 
to apply a feature selection or a dimensionality reduction method. However, 
due to the relevance of the genomic annotation features we argued that all 
features are important albeit to different degrees. Therefore, the integrative 
method was better suited. 
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Data visualization  
Visualization is the process of presenting the knowledge hidden in the data. 
It is especially of importance for large-scale datasets. Python provides an 
established plotting package called matplotlib. Matplotlib allows plotting 
basic to advanced figures. It was used to implement an oncoplotter program. 
The oncoplotter shows enrichment of mutations in pathways with properties 
of the mutated samples. Matplotlib and Seaborm, which is built on top of 
Maptplotlib, were extensively used to generate the different types of figures 
presented in this thesis including heatmaps, violin plots, box plots, etc. Plot-
ting mutation frequency per TF motif position was especially important to 
discover the significant enrichment of somatic mutations in TF motifs.  

Statistical analysis 
The large amounts of data generated from high-throughput sequencing allow 
many tests and comparisons to be performed simultaneously. However, the 
observations are based on a sample of the population. For instance, conclu-
sions are made a bout a specific cancer type based on data extracted from a 
few hundred patients of that cancer type. In order to be confident about the 
conclusions we need to sample the whole population, which is not feasible 
due to various limitations. Therefore, inference is made from the observed 
set of samples. Statistics provide methods to measure the confidence levels 
of the inference that is to learn about a population based on a sample set. 

Statistical inference consists of two areas: estimation and hypothesis test-
ing. In estimation, the goal is to estimate the unknown parameters about the 
population based on the statistics or measures gathered in the sample. On the 
other hand, hypothesis testing is the process of testing the observed statistics 
against a base or a null model to determine how well they explain the popu-
lation characteristics. In hypothesis testing, a null hypothesis is tested against 
an alternative hypothesis to decide whether we can reject the null hypothesis 
from the sample data. Also, a threshold level (P-value) is defined to decide 
on the level or frequency of accepting the null hypothesis. Next, a test statis-
tic, which is a quantity calculated from the observed data, is used to decide 
whether to accept or reject the null hypothesis. A theoretical sampling distri-
bution is identified and the test statistic is compared to it. A P-value is calcu-
lated based on deviation of the test statistic from the sampling distribution. If 
the calculated P-value is lower than the pre-defined threshold value, signifi-
cant evidence is obtained to reject the null hypothesis. 

In genomic data analyses, we usually perform hundreds to thousands 
tests. In such cases, depending on the acceptance level of the null hypothesis, 
several of the significant results are expected to be false. Therefore, the cal-
culated P-values are usually corrected for multiple testing. In multiple test-
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ing procedures, the calculated P-values are adjusted based on the total num-
ber of tests that were performed. 

In the studies presented here, multiple hypotheses were tested. For in-
stance, we evaluated the significance of mutation frequencies in motifs of 
hundreds of TFs in Paper II and Paper IV. Also, tests were made to investi-
gate whether genes with regulatory defects had differential expression levels 
in comparison to normal samples and tumor samples that were lacking those 
mutations. 

Data simulations and empirical Testing 
A big challenge in hypothesis testing within the genomics area lies in deriv-
ing the sampling distribution under the null hypothesis or the background 
model. For instance, to identifying significantly mutated genomic elements 
in cancer genomes, several parameters have to be taken into account includ-
ing the mutation rate in the samples, sizes of the genomic elements, the nu-
cleotide sequence surrounding the mutated bases, and other co-variants that 
may influence the mutation rate in the elements e.g. replication timing. In 
such cases, generating simulated datasets with properties of the observed 
data allow for empirical testing of the hypothesis. By taking into account the 
nucleotide sequence, the local mutation rates and sample mutation rates, we 
generated hundreds of simulated mutation sets. They were used to evaluate 
the mutation frequency observed in motifs of each TF as well as to evaluate 
mutation recurrence in regulatory elements.  

Exploratory data analysis 
The current large volumes of data generated from various high-throughput 
experiments provide the opportunity to provide answers to many questions. 
Exploratory analysis provides means to identify hypothesis and form ques-
tions that can be evaluated with further statistical tests. For examples, plot-
ting the distribution of a variable may indicate certain characteristics of the 
samples. Summary numbers such as lower and upper quartiles refer to the 
variability among the data points. However, these are applicable for a single 
variable and current datasets consists of thousands of variables. Other meth-
ods exist to extract summary information from multidimensional datasets. 
Examples of such methods are principal component analysis (PCA) and t-
distributed stochastic neighbor embedding (t-SNE). Despite their ability in 
reducing dimensionality of the data, they don’t provide any conclusions on 
specific variables in the dataset. Analysis of multi-omics data is especially 
challenging because multidimensional datasets explaining different process-
es are integrated to draw conclusions. In a step towards this direction, we 
devised a framework to apply statistical machine learning techniques to inte-
grative multiple datasets and summarize them into a single summary score. 
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Association analysis 
Association studies are conducted to identify the association between a ge-
netic loci and a phenotype. The phenotype can be continuous or categorical. 
In genome-wide association studies (GWAS), individuals with a disease or a 
particular phenotype are employed and compared to a similar group of indi-
viduals that don’t have the phenotype. DNA samples are extracted from both 
groups and they are screened for common genetic variants. Genetic variants 
that are significantly more frequent in the group with the phenotype com-
pared to the control group are marked as associated. Usually, other genomic 
variants that are linked to the associated allele should also be considered. 
Association studies are also applied to associate genetic variants to differen-
tial expression of genes in expression quantitative trait loci (eQTL) experi-
ments. In eQTL experiments, genetic variants within a specific window of 
each gene are tested for differential expression of the gene. Variants that are 
significantly associated to the gene are reported.  
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Aims 

The general aim of this thesis work was to computationally identify the role 
of noncoding elements. The more specific aims were to: 
 

I. Systematically investigate the gene regulatory landscape 
II. Identify the impact of cancer somatic mutations on gene regula-

tion 
III. Implement computational software to integrate publicly availa-

ble databases for analyzing the noncoding genome.  
IV. Provide an online database to annotate the noncoding genome 
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Methods and Results 

The thesis is based on results of four research papers. Paper I and Paper III 
provide readily usable software tools and databases, and investigate the regu-
latory landscape. The other two papers investigate the role of somatic muta-
tions in the regulatory landscape through systematic analysis of thousands 
cancer whole genome sequences across many cancer types. All papers are 
based on publicly available datasets and the source codes are made publicly 
available. 

Paper I 

Aim 
Develop a computational tool to identify context-specific TF interactions and 
regulatory elements. 

Methods 
ENCODE is a large-scale project designed to investigate the role of noncod-
ing elements in the genome74. Several high-throughput sequencing and other 
experiments have been conducted within the project. Initially, experiments 
for understanding the chromatin, in particular TF binding sites, were exten-
sively performed in six human cell lines.  

Since accumulation of several TFs in a genomic region indicates regulato-
ry activity62,75,76, we designed a method (tfNet) to combine peaks detected 
from available ChIP-seq and DNase1-seq datasets, and report regulatory 
elements (Figure 7). The method uses the distance between consecutive 
peaks to calculate the number of TFs that are bound to a genomic element. 
Genomic regions harboring two or more peaks are considered as regulatory 
elements. Furthermore, each regulatory element is assigned a chromatin 
status based on its overlap with ChromHMM annotations in the correspond-
ing cell lines, if available6. 

Additionally, the method identifies TF-TF interaction networks based on 
the location of binding sites within the regulatory elements. Three types of 
networks are constructed: co-occurring, neighbouring and overlapping. For 
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each TF pair, the number of times where their peak summits overlap (located 
within 20bps), neighbor (located within 20 to 60 bps) or co-occur (located in 
the same regulatory element) is counted respectively. Next a hypergeometric 
test is applied to identify the significant overlapping and neighboring pairs 
whereas a binomial test is applied for the co-occurring pairs since one TF 
may pair with several other TFs. TF pairs having a significant adjusted P-
value are reported. 

Figure 7: Identification of regulatory elements from TF peaks. 

Results 
Regulatory elements were generated for five human cell lines from EN-
CODE (GM12878, H1-hESC, HeLa-S3, HepG2 and K562). We only includ-
ed cell lines where ChIP-seq datasets for more than 50 TFs existed. Overall, 
around 144,000 regulatory elements with an average size of 300bps were 
detected. DNase1 signals were present in 76% of the elements. Interestingly, 
20% of the elements were assigned to heterochromatin states where strong 
interaction between CTCF and cohesin were found. A large number (86%) 
of previously manually confirmed peaks were found overlapping the identi-
fied elements77. The robustness of the tool was confirmed by comparing 
enrichment of peaks in elements identified from simulated TF peak datasets 
and the observed datasets. Furthermore, the regulatory elements had a signif-
icant enrichment for disease-related variants detected in genome-wide asso-
ciated studies. The activity of a selected subset of the elements was validated 
using luciferase reporter assays. Finally, we found on average 90% of con-
tacting points of topologically associated domains from HiC experiments 
enriched for the regulatory element in their respective cell types. 

To show applicability of tfNet to other conditions and species, we gener-
ated regulatory elements for prostate and colorectal cancer cell lines, five 
Mus. musculus cell lines, and four developmental stages of D. melanogaster. 
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Paper II 

Aim 
Investigate regulatory defects in liver cancer and characterize the role of 
noncoding mutations. 

Methods 
Liver cancer is the second most frequent cause of cancer death in men 
worldwide78. Several studies have investigated the impact of somatic muta-
tions in genomic coding regions79,80. However, whole genome sequencing 
technologies have enabled detection of somatic mutations across the ge-
nome. Due to the importance of regulatory elements on gene regulation, we 
performed a systematic analysis on enrichment of somatic mutations in regu-
latory elements. We collected somatic mutations detected from whole ge-
nomes of 326 liver cancer patients. Whole genome sequencing had been 
conducted on tumor and matching normal samples from the same individu-
als80,81.   

Since regulatory elements are tissue specific, we regenerated the regulato-
ry landscape based on TF peaks of 60 TFs following the strategy developed 
in tfNet. The set was limited to active regulatory landscape that contained a 
TF motif. Next, motifs that had an overlapping peak from a matching TF 
were searched for mutation enrichment (Figure 8)82. Combining mutated 
motif located in the same elements identified mutated regulatory elements.  

Mutated motifs of each TF were aligned across the genome to generate a 
mutation profile per TF. A binomial test was applied to evaluate significance 
of the enrichments in motifs of each TF. Also, simulated mutation sets were 
generated by randomly shuffling the mutations across the genome and em-
pirical P-values were obtained for each mutated motif by comparing its en-
richment for mutations in the observed mutations set and the simulated sets. 

Figure 8: selection of candidate mutations. 
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Additionally, CTCF motifs were searched for somatic mutations detected in 
129 pancreatic, 92 gastric, and 95 esophagus cancer whole genomes81,83. The 
motifs were conditioned on overlapping CTCF peaks or DNase1 peaks from 
cell lines respective to the cancer types. 

A MySQL database was developed to store the mutated regulatory ele-
ments and all human genes84,85. SQL queries were applied to identify the 
three closest non-pseudo genes from each direction of the mutated regulatory 
elements in liver cancer and the mutated CTCF motifs in the remaining can-
cer types. Furthermore, the Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathways of Homo sapiens were downloaded via the REST-style 
KEGG API (Release 74.0)86,87. In order to map the gene names to KEGG 
gene identifications, database tables were built to map the names and search 
for the associated genes per pathway. Finally, the genes were searched for 
enrichment in the set of consensus cancer genes88, tumor suppressor genes89, 
and chemical and genetic perturbation gene set collections in the molecular 
signature database90,91. 

To identify the effect of the candidate mutations on gene regulation, we 
checked expression levels of genes located within TADs overlapping CTCF 
mutations. For this purpose, transcriptomes for 110 of the liver cancer pa-
tients were obtained from RNA-seq and microarray experiments80,92,93. 
STAR94 was used to map reads from the 22 RNA-seq samples 
(EGAD00001001035) based on GENCODE release 19 (hg19)95. Normalized 
gene counts were calculated using RSEM96. Also, from the microarray ex-
periments (GSE25097), for each protein-coding gene the mean of all match-
ing probes was taken. 

Results 
We identified 907 candidate mutations from the entire list of more than 3 
million somatic mutations. The candidates were located in 882 regulatory 
motifs. Overall, 184 recurrent events were identified; motifs mutated in two 
or more tumor samples. KEGG cancer associated pathways (Adj. P-value = 
2.7×10-2), cancer associate gene sets (Adj. P-value < 5×10-2), consensus 
cancer genes (P-value= 2.6×10-2), and tumor suppressor genes (P-value = 
3.8×10-4) were all significantly enriched for genes nearby the candidate mu-
tations.  

Notably, CTCF motifs had a high enrichment for the candidate mutations. 
It was mutated in 65% of the liver cancer samples. In particular, position 9 
of the motif was most significantly mutated. 55% of the mutations were at 
this position. Mutations at position 9 of CTCF motif have also been reported 
in colorectal and other cancers97-99. We also verified this CTCF mutation 
signature in three other gastrointestinal cancers (pancreatic, gastric, and 
esophagus). CTCF motifs with binding evidence from cell lines matching the 
cancer types were highly mutated. 
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CTCF is a multifunctional protein and plays a crucial role in gene regula-
tion and expression100. It binds to more than 55,000 positions in the 
genome101. Its ability to bind to promoters and enhancers brings distal regu-
latory elements into contact and leads to DNA looping that facilitates gene 
transcription. Acting as an insulator is another important function of CTCF 
where it inhibits interaction between regulatory elements102. By comparing 
expression of genes located within the same topologically associated do-
mains, we found a significant difference in expression levels depending on 
the occurrence of CTCF mutations within the topologically associated do-
mains (9). Our results indicated a large impact of noncoding mutations on 
gene regulation in cancer. 

We experimentally validated the A>G and A>T mutations at position 9 of 
CTCF motif through electrophoretic mobility shift assay (EMSA) in HepG2 
cells. A clear disruption of the CTCF binding was observed due to the muta-
tions. A rare heterozygous genetic variant (A/C) detected from sequencing 
the HepG2 cell line at position 9 of CTCF motif showed a significant bind-
ing for the A allele in comparison to the C allele. These findings together 
suggest a functional role for mutations at this highly conserved position of 
the CTCF motif. 

 

 
Figure 9: The effect of CTCF mutations on disruption of topologically associated 
domains and gene expression. Mutated (top) versus not mutated CTCF motif (bot-
tom) 



 37 

Paper III 

Aim 
Develop a framework to identify functional TF motifs using tissue specific 
annotations for prioritizing noncoding variants. 

Methods 
TF motifs are crucial for gene regulation. As shown in Paper II and in other 
studies103, mutations affecting TF motif may have strong impacts. However, 
the usage or the functionality of TF motifs is tissue specific. Also, for each 
TF there is a large number of possible binding motifs.  

To identify tissue-specific motifs across the genome, we built an open 
source framework (funMotifs) to curate and integrate multi-omics datasets in 
a large number of cell types. They included data from ChIP-seq, DNase1-
seq, chromatin states, CAGE, Repli-seq, RNA-seq, and HiC experimental 
assays11,51,52,57,60,74,104-107. We also obtained motif models (PFMs) for 519 TFs 
from JASPAR database108. For the integration purpose, we trained a logistic 
regression model. Active regulatory elements that have been detected in 
massively parallel reported assays70-72 and motifs in promoters of inactive 
genes were used to train the model. Consequently, the importance of differ-
ent chromatin assays was obtained based on the positive and significant co-
efficients in the logistic regression model. A functionality score for each 
motif in each tissue type was computed. The scores indicated activity of the 
motif in the given tissue (Figure 10). 

Finally, a PostgreSQL database was created. Motifs on each chromosome 
were stored in a separate table. They were indexed by genomic coordinates 
using the int4range method. A table was created for each tissue to score 
annotations for all motifs. The tissue tables and the motif tables were linked 
using a unique motif ID. An online interface was created using Shiny in R to 
allow users upload a list of variants or genomic regions and find overlapping 
motifs and annotations. A programmatic interface was also implemented 
(funMuts) to allow for querying larger sets of variants and regions. Both 
interfaces iterate through the list of the given coordinates and return the list 
of overlapping motifs. For each returned motif, the annotations and the func-
tionality score in the selected tissue are also reported. The effect of variants 
on TF motifs is also computed by subtracting the likelihood of binding the 
mutant allele from the likelihood of binding the reference allele. 

Human genetic variants were obtained from the 1000 genomes project, 
the GTEx data portal, and the GWAS catalogue21,107,109-111. The variants were 
intersected with TF motifs in the tissues, and the functionality scores of the 
overlapping motifs and the effect of the variants on the motifs were obtained.  
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Figure 10: the funMotifs pipeline to detect tissue specific motifs  

Results 
The funMotifs framework was applied to characterize 85,459,976 motifs of 
519 TFs covering 14% of the genome. The motifs were annotated in fifteen 
tissues. They included 14.9 million TF peaks and 6.6 million DNase1 hyper-
sensitive sites in addition to other chromatin annotations. The logistic regres-
sion mode reported TF peaks to have the highest predictive power for identi-
fying functional motifs. Also promoter and enhancer-like chromatin states 
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were strong indicators of motif activity in contrast to quiescent states. Nota-
bly, early replicated regions also had much higher incidence of active motifs 
(log odds ratio: 0.79) in comparison to late replicated regions (log odds ratio: 
0.01).  

In each tissue the set of functional motifs was identified by conditioning 
on presence of a DNase1 hypersensitive sites, and a significant functionality 
score or overlap with a matching TF peak. The functional motifs across the 
tissues merged onto 1,660,964 genomic sites covering 0.74% of the genome. 
However, the number of functional motifs varied across the tissues due to 
differences in data availability. A larger number of functional motifs were 
identified in tissues that had a large number of datasets such as blood and 
myeloid. Nevertheless, our model identified functional motifs for some TFs 
even in the absence of ChIP-seq datasets. Combining all tissues, KLF5, AP-
1 and CTCF had the largest number of functional motifs. More than 50% of 
the functional sites were specific to a single tissue. As expected, TSS and 
enhancer-like chromatin states had the highest enrichment of functional mo-
tifs.  

In comparison to the existing methods69,112-114, funMotifs is centered on 
TF motifs and it concentrates on tissue specific annotations. We applied the 
database to investigate the role of genetic variants on TF motifs. Analysis of 
84,346,970 variants from the 1000 Genomes project revealed 356,287 can-
didate variants affecting functional TF motifs. Also, analysis of eQTL SNPs 
from the GTEx project indicated 5,366 candidates. Finally, we were able to 
identify 1,176 variants that have been associated to diseases or other pheno-
types in GWASs. The generated resources provide means to easily character-
ize noncoding genetic variants in TF motifs (Figure 11). 
  

 Figure 11: funMotifs web interface to identify the impact of genetic variants on 
transcription factor motifs. 
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Paper IV 

Aim 
Systematically characterize the role of somatic mutations on gene regulation 
across cancer types. 

Methods 
Somatic mutations were obtained from the Pan-Cancer Analysis of Whole 
Genome Sequences Project (PCAWG)115. In total 25,277,342 SNVs and 
indels were detected from 2,515 cancer whole genomes excluding hyper-
mutated samples that had more than 100,000 mutations. Only mutations that 
were detected by at least two mutation callers were retained. The mutations 
were distributed into 44 cohorts (29 cancer-type specific and 15 meta)116.  

The curated set of somatic mutations was used to generate 100 simulated 
mutation sets. For generating each simulation set, each mutation was moved 
to a random position that had the same tri-nucleotide context within 50kb, 
and 50bp away from the original position. Each simulated set was distributed 
onto the 44 cohorts. 

All mutations (observed and simulated) were intersected with TF motifs 
of 519 TFs. The mutated motifs were annotated and given a functionality 
score using the funMotifs pipeline. Functional annotations from cell and 
tissue types relevant to each cancer types were used. In cases where func-
tional annotations were missing, the values were imputed from the other 
tissue types. The effect of each mutation on the overlapping motif position 
was also added to the functionality score. Mutations that had breaking or 
enhancing effect less than 0.3 were discarded. In cases where a single muta-
tion overlapped multiple motifs, the average score was assigned. A P-value 
was calculated for each mutated motif by comparing the functionality score 
of the motif in the simulated sets and the observed set. Mutated motifs with a 
significant functionality score (Adj. P-value < 0.05) and an overlap with 
DNase1 hypersensitive site were considered functional. Also, mutated motifs 
that had a matching TF peak were considered functional (Figure 12).  

Figure 12: Strategy to detect candidate regulatory mutations. The red box represents 
TF motifs, the red peak represents binding site of a TF matching the motif, the grey 
peak represents binding site of a TF not matching the motif, and the green peaks 
represent DHSs. 
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Finally, merging the candidate functional mutations within 200bp identified 
mutated regulatory elements. A summary score was computed for each ele-
ment by aggregating functionality scores of the overlapping mutations. A P-
value was computed for each element by comparing its accumulative score 
in the observed set to the simulated set. Identification of the candidate muta-
tions and regulatory elements were cohort-specific. In order to obtain a pan-
cancer list of candidates, we combined the significant results from all co-
horts and counted the overall frequencies. Additionally, mutations that were 
located in the merged elements but not selected as functional were also in-
cluded. 

The overlapping genes or the closest gene within a 2kb distance were as-
signed to each mutated regulatory element. KEGG pathways were searched 
for enrichment of the genes. A hypergeometric test was applied to evaluate 
significance of the enrichments and the P-values were adjusted for multiple 
testing. Normalized gene expression values were obtained from RNA-seq 
expression in the PCAWG project115,117. For each gene samples that had 
mutations in any of its associated elements were considered as mutated sam-
ples and others were considered as not mutated.  The expression level of 
each gene was compared between the mutated and the non-mutated samples 
and a t-value was obtained using a t-test statistic. Significance of the ob-
served t-value was evaluated by comparing it to a background distribution of 
t-values that was generated by randomizing the expression values in the two 
groups for 100,000 times117.  

Results 
Genome-wide alignment of functional mutated-motifs per TF, revealed a 
distinctive mutational pattern in TF motifs. We found high enrichment of 
mutations in the CpG site of the CCAAT/Enhancer Binding Protein Beta 
(CEBPB) motif. The significant enrichment was observed in the majority of 
the cohorts and cancer types. Additionally, we re-identified the high enrich-
ment of mutations in position 9 of the CTCF motif. However, the enrichment 
was highly specific to gastrointestinal cancers. In contrast, melanoma 
showed a different mutational pattern in the CTCF. 

Merging the candidate functional regulatory mutations (CFRMs) identi-
fied 10,806 defected regulatory elements in cancer. They included 406 high-
ly recurrent elements. On average 11 candidate mutations were detected per 
tumor and 10% of the samples had more than 20 candidate mutations. About 
50 of the CFRMs were enriched in TSS or enhancer-like chromatin states. 
While the TERT promoter was the highest mutated element30,31, we also 
identified a highly recurrent element in the first exon of VHL in kidney can-
cer. VHL is a consensus tumor suppressor gene118. The element had a high 
enrichment of TF peaks and active chromatin states. The gene showed a 
significant down regulation of expression depending on the mutation status. 
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Highly mutated elements were found in introns of CSF2RA, GALNTL6, 
FGF1, ZNF9, 5’ UTR of TBC1D12 and six intergenic regions. Additionally, 
in the lymphoma cohort elements of IGHG1, BTG2, CD83, MYC, DNMT1, 
BCL2 and RP11-731F5 were highly mutated. Despite the large number of 
mutations in the melanoma samples, the majority of them were not CFRM 
and only one element (RPL13A) was found mutated in more than 10 sam-
ples. 

We found seventy-five genes that had a high enrichment of CFRMs in 
their proximal-associated regulatory elements (within 2kb) and several of 
them have established roles in cancer. Pathway enrichment analysis identi-
fied a significant enrichment of cancer and signaling pathways for the genes 
that were associated to the mutated elements. The major KEGG cancer 
pathway was most significantly enriched and it was mutated in 27% tumors. 
Additionally, many cancer-type specific pathways were significantly en-
riched. 
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Concluding remarks and future prospects 

Regulatory elements are known to control gene activity. However, the 
mechanisms underlying the process are not well explained and that is mainly 
due to the complexity and sparsity of the noncoding human genome. Large-
scale genomic projects have conducted thousands experiments to profile 
cellular functions at the molecular level. We developed software programs 
and pipelines to integrate these large datasets and investigate the gene regu-
latory landscape. We generated cell-type specific maps of regulatory ele-
ments and TF-TF interactions in several cell lines. We also developed a 
framework to identify most crucial and functional sites within regulatory 
elements, i.e. TF motifs. Chromatin signals from many experiments were 
integrated using a logistic regression model to identify functional motifs in 
fifteen tissue types. Based on motifs of 519 TFs, less than 1% of the genome 
exhibited activity. An online database system was implemented to enable 
researchers prioritize noncoding variants affecting TF motifs using function-
al annotations from a tissue of interest.  

To identify affected TF motifs and regulatory elements we analyzed ge-
netic profiles in cancer. Cancer is developed through DNA mutations that 
enable cells to loss resistant functions such as death and enhance beneficial 
functions such as growth. However, developing these new traits require 
modulation of certain genes. While mutations in coding regions may alter 
the gene function, noncoding mutations in regulatory elements may also 
impact the gene expression level. The impact depends on context of the 
regulatory element. For instance, mutations affecting binding sites of re-
pressor TFs lead to gene up-regulation, while mutations affecting binding 
sites of activator TFs cause down-regulation of the target gene. We found 
mutations in regulatory elements of many cancer-associated genes. Gene 
expression data suggested deregulation of the target genes in the mutated 
samples but not in the non- mutated samples. More significantly, some TFs 
have several functions in the genome and mutations in their binding site may 
cause genomic instability in an anticipated way. Through analysis of somatic 
mutations in liver cancer, we found mutations in CTCF motifs to disrupt 
topological associated domains. Such disruptions cause deregulation of sev-
eral genes.  

Although cancer is a heterogeneous disease, recurrent mutations need to 
occur to acquire certain traits, such as invading apoptosis and cell growth. 
Therefore, non-recurrent mutations that are most abundant in the cancer are 
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not the main drivers of cancer. Although they may affect target genes when 
located in regulatory elements but in order to drive cancer development they 
have to be observed consistently in several patients. Recurrent mutational 
patterns provide an alternative way to recurrent single elements that are very 
rare in the noncoding genome. Employing techniques from artificial intelli-
gence enables us to identify recurrent patterns. Our identification of recur-
rent mutational patterns in CTCF and CEBPB motifs suggests a new way of 
analyzing cancer mutations; that is from a single element view to a global 
view of the genome. 

Larger gene expression datasets are needed to test the role of the candi-
date mutations that are identified in the studies presented in this thesis. In 
most cases, gene expression data existed only for a few samples that had 
mutations in a particular regulatory element therefore conducting statistical 
analysis was impaired by small sample sizes. Also, performing genome-
editing experiments such as CRISPR will enable characterization of the can-
didate mutations particularly those found in CTCF motifs. 

While we performed comprehensive analysis of mutations in TF motifs 
that are present in the genome, further analysis to investigate mutations that 
create de novo motifs is needed. Also, as new experiments that profile chro-
matin functions are continuously generated, the tools that are implemented in 
this thesis will enable researchers to improve the regulatory maps and the 
annotated TF motif sets. In particular, ChIP-seq experiments in tissue types 
that have not been conducted earlier or for TFs that have not been assayed 
will lead to significant improvements.  

Overall, the studies performed during the course of this thesis work indi-
cated the large role of genetic variants in the noncoding regions of the hu-
man genome on complex diseases. In particular, searching for patterns of 
functional mutations led to identification of the overall effects of gene regu-
lation on cancer development and progression. The methods and the re-
sources produced from this work will aid pinpointing functional noncoding 
variants associated to cancer and other phenotypes. Further computer analy-
sis in combination with experimental validations will enable us to decode the 
noncoding genome as more multi-omics data is generated for normal and 
tumor samples. 
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Sammanfattning på svenska 

Cancer initieras och utvecklas av genetiska avvikelser i genomet. Nya tek-
nologiska framsteg har tillåtit oss att upptäcka tusentals genetiska föränd-
ringar närvarande i cancer genomet. Den stora majoriteten av dessa föränd-
ringar finns i den icke-kodande delen, som täcker 98% av genomet. Dessa 
förändringar kan påverka funktionen av kromatinmarkörer som samarbetar 
för att skapa reglerande element och modulera genuttryck. Dessvärre har 
komplexiteten hos genregleringen försvårat identifikationen av meningsfulla 
mutationer inom det icke-kodande genomet.  

Nya beräkningsprogram behövs för systematisk analys och undersökning 
av genregleringsprocesserna och karaktären av de olika icke-kodande mutat-
ionerna i cancer. Studierna som genomförts i denna avhandling var fokuse-
rade på att skapa beräkningsverktyg och på att genomföra statistiska analyser 
av tillgängliga dataset för att kunna förstå de underliggande mekanismerna 
som styr genregleringen samt hur defekter i denna reglering bidrar till can-
cerutveckling. 

Först så ville vi identifiera den effekt som somatiska cancermutationer 
hade på genregleringen genom att analysera hela genomsekvenser från 326 
patienter med levercancer. Vi upptäckte mutationer som påverkade TF-
bindningställen (motiv) i reglerande element i HepG2 cellinjer. Vi fann en 
ansamling av en signifikant mängd av motivbrytande mutationer i en högt 
konserverad position för CTCF motivet. Samma mönster observerades även 
i andra gastrointestinala cancertyper. Experimentell validering visade en 
signifikant minskning av proteinbindning vid dessa motivbrytande mutation-
er. Dessutom så var generna i närheten av dessa mutationer signifikant beri-
kade för cancerassocierade vägar och genset. Slutligen så identifierade vi 
förändringar i uttrycksnivåerna av gener inom de topologiskt associerade 
domäner som överlappade CTCF mutationerna. Resultaten från denna integ-
rativa beräkningsanalys kombinerat med den funktionella validering vi ut-
förde är starka bevis på förmågan av vår metod att upptäcka potentiellt dri-
vande mutationer. 

För att skapa en systematisk metodologi för analys av icke-kodande vari-
anter i TF motiv så utvecklade vi ett ramverk för att identifiera funktionella 
motiv (funMotifs) i det mänskliga genomet. funMotifs integrerar funktionella 
annoteringar från allmänt tillgängliga databaser och beräknar vävnadsspeci-
fika funktionsbetyg för varje motiv. Med detta ramverk så beräknade vi 
funktionsbetyg för 519 transkriptionsfaktorer i femton olika vävnader. De 
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annoterade motiven täckte 14% av genomet. Vi visade att endast en liten 
proportion av motiven är funktionella i en given vävnad och att de är högst 
vävnadsspecifika. Annotering av genetiska varianter från 1000 Genomes 
Project, GTEx, och GWAS, identifierade tusentals kandidater av funktion-
ella motiv i relation till de observerade fenotyperna och sjukdomarna. De 
vävnadsspecifika annoteringarna och betygen sparades i en PostgreSQL 
databas. Ett webbaserat och ett programmatiskt gränssnitt implementerades 
för att komma åt denna databas och tillåta prioritering av genetiska varianter 
för användarna. 

Slutligen så använde vi funMotifs för en övergripande analys av soma-
tiska mutationer på genomsekvenser av 2,515 cancerprover från Pan-Cancer 
Working Group (PCAWG). Vi identifierade 10,806 muterade reglerelement 
och 407 av dem var kraftigt återkommande. En signifikant berikning av mu-
tationer inom motiv för CEBPB upptäcktes i många cancertyper; detta var 
utöver de CTCF mutationer i gastrointestinala och melanoma cancertyper 
som upptäcktes även i denna studie. Våra resultat visade en stark berikning 
av funktionella mutationer i aktiva kromatinregioner. Cancerassocierade 
vägar var kraftigt berikade för gener nära till de muterade elementen. Dessa 
analyser bidrar med ytterligare förklaringar till rollen av reglerande element 
och hur de påverkar cancerutveckling.  

Resultaten från denna avhandling indikerar den viktiga rollen mutationer 
har i det icke-kodande genomet på komplexa sjukdomar. Specifikt så ledde 
sökningen efter funktionella mönster av mutationer till identifieringen av de 
övergripande effekterna som genregleringen har på cancerutveckling och 
framskridande. De metoder och resurser som producerats här kommer att 
bidra till upptäckten av funktionella icke-kodande varianter associerade till 
cancer och andra fenotyper. Vidare datoranalys i kombination med experi-
mentell validering kommer låta oss förstå det icke-kodande genomet ju mer 
data som blir tillgängligt. 
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