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Abstract

Cancer arises through the sequential accumulation of mutations that induce neoplastic transformation
and uncontrolled proliferation. These somatic mutations however do not occur in a normal
distribution across the genome and are affected by several variables including GC content, replication
time, distance to telomere and chromatin compaction. Recent study demonstrated that TF binding to
DNA increases the rate of mutations in melanoma due the impairment of nuclear excision repair
mechanism. However, it is unclear if this phenomenon is specific to only high-mutation rate cancers

or certain chromosomal regions.

Prostate cancer (PCa) is the most frequently diagnosed cancer in European men and the second
leading cause of cancer-related death. Androgen receptor (AR) mediated transcription is critical at all
stages of PCa progression. Following activation, AR binds to specific DNA response elements where
it recruits numerous co-activators that induce gene transcription. However, despite the importance of
AR signaling in prostate cancer it plays no role in almost all other cancer types. Given this specificity,

the AR is an ideal model to study TF mediated DNA damage characteristics and frequency.

Therefore, the aim of this work was to investigate how TF binding affects somatic mutations in
prostate cancer (PCa). To test this, we analyzed whole genome sequencing data from prostate primary
PCa (n=196) to investigate both the type and frequency of mutations at AR binding sites (ARBS). We
demonstrated that PCa has the highest frequency of mutations at ARBS of any cancer type. Further,
among all TF tested, ARBS had by far the highest mutation frequency. Interestingly, we also found a
novel mutation signature at ARBS that is different from the remainder of the genome. Specifically,
there was a markedly higher rate of TpG->ApG mutations potentially mediated by spontaneous
depurination. This mutational signature is independent of the nucleotide composition of ARBS. While
speculative, we believe the higher rate of mutations occurs due to an inability of the Base Excision
Repair machinery to access the spontaneous mutations at ARBS and not DSB. Herein we reveal
distinct mutation phenomena in prostate cancer patients that require validation and further

investigation.
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Zamanla biriken mutasyonlar kanserin ilerlemesi ve proliferasyonuna biiyliik 6l¢iide katkida
bulunmaktadir. Ancak s6z konusu mutasyonlarin olusmasi bir ¢ok faktorden etkilenip, insan genomu
iizerinde esit olarak dagilmamaktir. Genom {iizerindeki bu faktdrler sirasiyla G-C orani, replikasyon
zamanlamasi, telomere uzaklik ve kromatin paketlenmesi. Son zamanlarda yapilan bir ¢aligma ise,
transkripsyon faktorlerinin (TF) DNA’ya baglanmast sonucunda baz eksizyon onarim
mekanizmasinda aksakliklar oldugunu gostermistir. Bu durum ise melenomadaki mutasyon oraninin
artis1 ile iliskilendirilmistir. Ancak bu durumun sadece yiliksek mutasyon oranli kanserlere ya da

belirli kromozom bdélgelerine spesifik olup olmadigi bilinmemektedir.

Prostat kanseri Avrupali erkeklerde en sik oranda tanilanmig olmakla birlikte kanser iligkili 6liimlerde
ikinci sirada yer almaktadir. Prostat kanserinin ilerlemesinde Androjen reseptorii (AR) araciligiyla
indiiklenen transkripsiyon kritik rol oynamaktadir. Androgen aktivasyonunu takiben AR genom
iizerinde sorumlu bolgelere baglanir. Bu baglanma sonucunda gerekli koaktivatorlerin o bolgeye
gelmesini saglayarak, gen transkripsiyonunu baglatir. AR yolaklar1 prostat kanserinde ¢ok onemli
olmasina ragmen ayni dnem bagska kanser tiirlerinde gézlemlenmemektedir. Bu spesifik etki goz
oniinde bulunduruldugunda AR, TF-aracili DNA hasari karakterizasyonu ve siklig1 ¢aligmalari igin en

ideal modeldir.

Bu ¢aligmanin amaci TF baglanmasinin prostat kanserindeki somatik mutasyonlar {izerindeki etkisini
aragtirmaktir. Androjen baglanma bolgelerindeki (ARBB) mutasyonlarin tiir ve sikliginin incelenmesi
i¢in, 196 primer prostat kanseri tiim genom dizileme sonuglari analiz edilmistir. Buldugumuz sonuglar
neticesinde prostat kanserinde, diger kanser tiirlerine oranla ARBB’de mutasyonlarin daha sik
oldugunu gosterdik. Buna ek olarak test edilen tiim TF arasinda en yiiksek frekanstaki mutasyonlar
ARBB’de goriilmiistiir. Ilaveten genomun geri kalanindan farkli olarak, ARBB’de o6zgiin bir
mutasyon karakteri bulunmugtur. Yiiksek oranda saptadigimiz TpG->ApG mutasyonlari, bu
bolgelerdeki kendiliginden depiirinasyon kaynaklidir. Bu mutasyonlar ARBB’nin niikleotid
komposizyonundan bagimsizdir. Kesin olmamakla beraber bu yiiksek mutasyon oranin, baz eksizyon
onarim mekanizmasinin ARBB bdlgelerindeki mutasyonlara erisememesi sebebiyle oldugu
diisiiniilmektedir. Bu projede, prostat kanseri hastalarinda farkli mutasyon tiirleri agiga ¢ikardik.

Ancak, bu bulgularin deneysel ¢alismalarla desteklenmesi gerektigine inaniyoruz.
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Chapter 1: Introduction

1.1 Prostate Cancer

Prostate cancer (PCa) is the most frequently diagnosed cancer in men and one of the leading causes of
cancer-related death. In 2018 there were approximately 165,000 cases diagnosed and 29,430 deaths
due to PCa'. Almost all prostate cancers are hormone driven. Activation of the androgen receptor
(AR) initiates a transcription program, which drives the proliferation of the cancer. Therefore, PCa
growth is critically affected by hormone induced transcription factor (TF) activation’. Given this
essential role, reducing the levels of circulating hormone or directly inhibiting the androgen receptor

is the standard of care for recurrent prostate cancer.

1.2 Androgens

Testesterone is the primary circulating androgen in men. Approximately 95% of this hormone is
produced in testis (Leyding cells) with the remaining 5% made in the adrenal glands. Testesterone is
synthesized via gamma-5 metabolic pathway in both of these tissues’. After that it enters cells with
diffusion. Testesterone is converted to the more potent form of androgen, 5-alpha-dihydrotestosterone
(DHT) by the 5-o-reductase in prostate tissue. DHT has two times more activity in cellular pathways
and gets degraded five times slower than testesterone®” In addition to their role in cancer, androgens

are required for healthy prostate development and maintenance.

1.3 Androgen receptor

The AR is a member of the nuclear receptor family of ligand-activated transcription factors®. Like all

nuclear receptors, it contains three domains (Figure 1). This includes:

* N-terminal domain (NTD)
*  DNA-binding domain (DBD)
* Ligand binding domain (LBD)

The first exon of the AR gene codes the transcriptional regulatory region of the protein, which is the
N- terminal domain (NTD). The NTD is the least conserved region of hormone receptors and it is
responsible for the transactivation activity of the androgen receptor. This domain contains the
activation function 1 (AF-1) region that is critical for gene transcriptional. Exon 2 and 3 code for the
central DBD. This region is highly conserved and it is located at the center of AR. The DBD contains
two zinc-finger motifs that recognizes specific DNA sequences and facilitates binding to chromatin.
Finally, exon 4 - 8 code the C-terminal ligand binding domain (LBD) that mediates the interaction
with heat shock chaperone proteins and DHT**(Figure 1). This domain contains the activator
function 2 (AF-2) that facilitates interaction with histone acetylases’ (Discussed later). The hinge

region of the LBD is crucial to the nuclear translocation, as it contains the nuclear localization signal
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that is exposed upon hormone binding®
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Figure 1: Genomic organization of the AR gene. Diagram of the protein structure demonstrates how the exon organization
translates into discrete functional regions of the receptor. Figure taken from'.

1.4 AR mediated transcription

When inactive, the AR resides in the cytoplasm bound to heat shock proteins. This complex protects
AR from proteolysis as well as preparing it for hormone activation by maintaining an apo-
confirmation. The activation of the AR follows a well-characterized pathway (Figure 2). Upon
hormone stimulation, AR binds to DHT and disassociates from heat shock proteins. This causes an
allosteric movement of alpha-helix 12 in the LBD, which exposes the NLS in the hinge domain. The
AR then forms homodimers and translocate in to the nucleus. Once in the nucleus the AR binds to
specific DNA response elements where pioneer factors have “primed” the site for transcription factor
binding. These pioneer factors, including FOXA1, GATA2 and HOXB13, bind to DNA prior to AR
and alter chromatin structure to allow transcription. Once bound, the AR recruits’ co-activator

complexes that initiate transcription via RNA polymerase II*
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Figure 2: Androgen receptor’s transcription program activation. AR stays in complex with heat-shock proteins when
there is no androgen stimulation is present. When testosterone goes in to the nucleous it is degraded to dihydtrotestesterone
by 5-alpha-reductase. Then DHT binds to AR. This complex dimerizes and translocates in to the nucleus. DHT bound AR
binds specific locations on the genome. Thus, transcriptional activation occurs''.

The AR-DBD binds to DNA at the androgen responsive elements (ARE). Canonical AREs consist of
a 15-bp palindromic sequence that contains two hexameric half sites 5’-AGAACA-3’arranged as an
inverted repeat with a 3bp spacer. The highest affinity between AR and ARE occurs with this
“perfect” motif, however binding is not enough and several factors including local chromosomal
environment, chromatin accessibility of specific co-operating factors and basal transcriptional factors
all impact transcription'?. Interestingly, most of the AR binding sites are found far from the
transcription start site (TSS) of androgen regulated genes'. Wang et al indicated that on chromosome
21 and chromosome 22, only 34 of 90 (38%) AR binding sites (ARBS) were located within 500 kb of
TSS of AR regulated genes". Later studies with ChIPseq demonstrated that the vast majority of
ARBS are located on intronic and intergenic regions on the genome with only 1% of binding sites
located either in a promoter or exonic region. Overall this suggests that that ARBS are primarily

enhancers that activate transcription by chromosome looping'*".

1. 5 Pioneer Factors

In general, pioneer factors bind to closed heterochromatin and make it accessible through histone
acetylation. In addition, they also facilitate chromatin looping with AR-bound distal enhancers and
AR-regulated gene promoters'®. GATA2, FOXAI and HOXBI3 genes are the most commonly studied
pioneer factors involved in nuclear receptor mediated transcription (Figure 3)'7'®'®. Initial studies
demonstrated that FOXA1 is essential for allowing AR to bind and induce transcriptional program of
well-characterized AR regulated gene, KLK3"”. FOXA1 dependence was later demonstrated by
various chromatin immunoprecipitation experiments that investigates co-localization of FOXA1 with
AR". However, later studies have shown that FOXA1’s pioneer activity is more complex throughout
the genome. Specifically, it is not essential at canonical ARE regions but rather it is required at low-
affinity half-ARE regions. Overexpression of FOXA1 creates excessive open chromatin that allows
AR to bind at redundant half-ARE regions, thereby decrease the overall activity ARBS. Therefore
down regulation of FOXA1l cause aberrant AR activation that results more AR binding to
chromatin®*'. Supporting this, silencing FOXA1 did not effect the expression of TMPRSS2 and PSA,
which suggests that this pioneer factor is not essential for all AR targets but only some of them".
Similar to FOXA1, GATA2 was demonstrated to co-localize with AR at ARE upon androgen
stimulation. In contrast, GATA?2 itself alters AR expression®. Silencing GATA2 decreases the mRNA
and protein level of AR in both androgen stimulated and deprived cells. Correspondingly, silencing
GATA?2 decreased the expression of all known AR regulated genes, suggesting that it more essential
than FOXA1". Unlike GATA2, HOXB13 was initially demonstrated to act as an repressor for

prostate cancer cell proliferation®. However, contrary to this another study demonstrated HOXB13 is
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essential for prostate cancer cells proliferation'®. What is more, three potential mechanisms of action
were proposed for HOXB13 regulation of AR-mediated transcription. The first mechanism is a
collaborative model (Figure 4A), whereby a binding motif of both AR and HOXB13 is present and
the AR-HOXB13 complex enhances gene expression. Supporting this model, the expression of
NKX3.1 and TMPRSS2 were down-regulated in siHOXB13 treated cells. The second mechanism is a
tether model (Figure 4B), where HOXB13 binds to the DNA binding domain of AR and activates
enhancers that have a HOXB13 binding motif. This is seen with ORM1, that has no ARE binding
motif but has a HOXB13 binding motif in the gene enhancer. Upon disruption of the AR-DBD
domain, ORM1 expression is reduced. The final mechanism is a repressive model (Figure 4C). This
is based on earlier studies that showed AR activation can actually cause decrease the activity of
certain genes that have ARE motifs such as PSA, STEAP4 and FASN. Given that HOXB13 interacts
with the DNA binding domain of AR, in this model HOXB13 is proposed to physical block AR
interactions with DNA. Despite the reduced binding affinity due to blockage of AR to ARE, some
genes will pass the binding affinity threshold and eventually be expressed. This will be determined by
AR-ARE motif binding affinity, therefore there will be variability between the AREs'®.
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Figure 3: Interaction of AR with co-activators. Figure taken from®.
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1.6 Co-activators

The AR protein does not directly interact with RNA polymerase II, but rather acts as a “hub” that
recruits co-activators to initiate transcription of AR regulated genes. Many of these co-activators are
epigenetic modifiers that acetylate histone to allow gene activation. Contrastingly, deacetlyation is
generally linked with gene repression’*”. Histone acetyl transferase (HAT), CREB binding protein
(CBP), p160, p300 and pCAF (P300/CBP-associated factor) are found active at promoter of activated
genes. They are recruited by DHT-bound AR in the following the order; p160 and p300, CBP and
pCAF?®. For transcription to occur CBP and p160-p300 binding is necessary and it was shown that
upon deletion of the interaction domain, transcription does not initiate®. In addition, Tat interactive
protein (TIP60) has HAT activity that interacts with the AR-LBD. Tip60 interacts with lysine residues
of AR hinge region”. This interaction increases AR-mediated transcription activity. For
transcriptional repression, histone deacetylase (HDAC) proteins SIRT1 (sir2 a class II HDAC)
inhibits androgen-stimulated transcription by deacetylating p300 and PCAF acetylated regions®. In
addition, histone deacetylase 1 (HDAC1) counters aforementioned acetylation of Tip60¥. Overall,
histone 3 and 4 residues are often targeted by HAT and HDAC to modulate AR-mediated
transcription (Table 1).
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Table 1: Aceltylation modifiers and their histone marks.

MODIFICATION
HISTONE MODIFIED SITE MODIFYING ENZYME

PATTERN

Lys5 (mammals) Acetylation Tip60, p300/CBP
H2B Lys5 Acetylation p300
H2B Lys12 (mammals) Acetylation p300/CBP
H2B Lys15 (mammals) Acetylation p300/CBP
H2B Lys20 Acetylation p300
H3 Lysl4 Acetylation PCAF, Tip60, p300
H3 Lysl18 Acetylation p300/CBP
H3 Lys23 Acetylation p300/CBP
H4 Lys5 Acetylation Hatl, Tip60, p300
H4 Lys8 Acetylation PCAF, Tip60, p300
H4 Lys12 Acetylation Hat1, Tip60, p300
H4 Lys16 Acetylation Tip60
H4 Lys91 (S. cerevisiae) Acetylation Hat1/Hat2

Even though histone acetylation is generally correlated with transcription activation, histone
methylation can also regulate transcription in both a positive and negative manner. Both the
methylation position and number of marks (mono-, di-, tri-) determines if this regulation is positive or
negative. For instance, H3R2me2 (di methylation of arginine 2 of histone 3)* and H3R17me2-

3*'methylations are associated with positive regulation, whereas H3K9me2-3** are associated with
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repression of genes. Specifically, coactivator-associated arginine methyltranferase-1 (CARM-1) was
demonstrated to promote transcription of AR regulated genes in an indirect fashion. Upon androgen
stimulation, CARM-1 is recruited to ARE where it interacts with p160 family members and
p300/CBP complex to activate gene transcription. It was demonstrated that loss of CARM-1 cause a
reduction in AR-mediated gene transcription”. Similar to CARM-1, protein arginine
methyltransferase (PRMT-5) induces AR-mediated gene expression via p160 family proteins®™. In
contrast, H3K27me3 by EZH2, a member of Polycomb Repressive Complex 2 (PRC2), was related to
transcriptional repression”. However, EZH2 does not always negatively regulate AR transcription,
and a recent study found EZH2 can also act as an AR co-activator, independent of H3K27
methylation®. Similar to EZH2, SUZ12 which is another member of PRC2 complex is also necessary
for H3K27me3”. Demethylation of the histones can correspondingly impact AR-mediated
transcription. Lysine specific demethylase 1 (KDM1A) demethylates H3K9me2 and induce AR-
dependent transcription. Knockdown of KDMI1A decreases androgen stimulated transcription
program in prostate cells. Upon androgen stimulation, KDMI1A co-localizes with AR and
demethylates H3K9mel, H3K9me2 and H3K9me3 at AR target gene promoters. By removing these
repressive histone marks there is an increase in of AR-regulated transcription®. In addition to histone
mark associated co-activators, recent study discovered another co-regulator called Grainyhead-like 2
(GRHL2) transcription factor. GRHL2 is an AR regulated gene that is upregulated in PCa.
Surprisingly, GRHL2 maintains AR expression in various PCa cell lines whereby it can bind DNA
without AR localization. Suggesting that AR and GRHL?2 are linked in a positive feed-back loop that

regulate genes towards disease progression™.

HISTONE  MODIFIED SITE MODIFICATION PATTERN MODIFYING ENZYME

H1 Lys26 Methylation Ezh2

H3 Arg8 Methylation PRMTS
H3 Argl7 Methylation CARM1
H3 Lys27 Methylation Ezh2, G%a
H4 Arg3 Methylation PRMTS

1.7 Coding and non-coding driver mutations

The growth and proliferation of a cell works in a complex balance that can be affected by genetic
variations. Although most potential mutations are corrected by the DNA repair mechanisms, some
remain uncorrected and aggregate throughout the time. Depending on the location and type of
mutation, these can induce neoplastic transformation, whereby cellular growth becomes uncontrolled
and tumorigenesis occurs®’. Therefore, cancer is thought of a disease of genetic mutations.

Comparison of cancer from large-scale sequencing projects demonstrated that few mutations
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commonly occur in all cancers* ™

. Potential reasons for this heterogeneity include 1) the same
networks could be affected by different mutations that will give same output, 2) random factors could
cause alterations on different regions of the genome. Therefore, mutations can be classified in terms
of their damage into two groups; passenger and driver. Passenger mutations are neutral mutations that
do not contribute to proliferative advantage. While the vast majority of these mutations are passenger
mutations that do not alter cell growth, a few of them cause cancer transformation. These driver

mutations give increased genetic fitness to the tumor *. These provide an evolutionary advantage by

either increasing survival or proliferation of the cancer®.

The exponential decrease in the cost of DNA sequencing price has allowed a large number of cancers
to be sequenced in an effort to identify neoplastic driver mutations. Large-scale sequencing projects
such as The Cancer Genome Atlas (TCGA) and International Cancer Genome Consortium (ICGC)
conducted whole genome or exome sequencing of >20,000 patients from 22 cancer types.
Characterization of the mutations showed that only ~7% percent of the mutations are recurrently
enriched among patients. Of the remaining 93% it is impossible to currently know if these are driver

mutations in the so-called “long-tail” or simply passenger mutations*.

Of the validated driver mutations, sequencing studies in prostate cancer have primarily focused on
protein coding mutations*’™'. In these studies, single nucleotide variations (SNVs) on SPOP, FOXAI,
IDH, TP53, KDM6A, KDMT2D and gene fusions on ETS family genes are commonly occurring
mutations. When, prostate cancer patients are grouped in 7 subtypes based on alteration of those
genes, alterations of SPOP and FOXA1 genes were shown to have highest expression of AR-mediated
transcripts™. Moreover, from the same study, 20% of the patients had inactivated DNA repair genes™.
For gene fusions, TMPRSS2:ERG is the most common fusion events in prostate cancer and is seen in
50% of North American patients® (Figure 6). The resulting fusion produces an oncogene whereby
androgen regulated TMPRSS2 causes increased expression of ERG™. Even though this fusion is very
common among prostate cancer patients, its clinical role is poorly clarified. Some studies found that

54-56

there is a strong correlation between this fusion with disease outcome while others found the

opposite’* .
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Figure 6: AR-driven TOP2b recruitment causes TMPRSS2-ERG fusion. Genotoxic stress and faulty DNA repair on
these regions give rise to illegitimate recombination that give rise to fusion of TMPRSS2 and ERG genes.

Yet, considering that coding regions covers only 2% of the genome, noncoding regions can also be
important. Non-coding genome consists of promoters, enhancers and insulators. Although their
contribution to tumor progression is more challenging to elucidate, there is increasing evidence that
non-coding mutations can also act as drivers. In 2013, a SNV in the promoter region of telomerase
reverse transcriptase (TERT) was found to commonly occur in melanoma®. This C->T somatic
mutation gave rise to a de novo ETS transcription motif that increased the expression of TERT gene.
As a result, the chromosomal telomeres were elongated thereby resulting in a reduced rate of
apoptosis™. After this initial study, the regulatory regions of the genome have been investigated in
many cancer projects. Recurrent non-coding mutations on the enhancer of TALI in T-cell
lymphoblastic leukemia was demonstrated that small insertions could cause de novo MYB binding
sites that acts as super-enhancer initiator®. Similar to T-cell lymphoblastic leukemia, chronic
lymphotic leukemia patients also have a recurrent mutation on the enhancer of PAXS5 transcription
factor that is essential for B-cell-development. Finally, same leukemia patients were found to have
recurrent mutations on 3° UTR of NOTCHI gene. These mutations cause abnormal splicing events
that lead to increased NOTCH] activity, and correspondingly a more aggressive form of the disease®'.
From 19 prostate cancer patients, 2 recurrent SNVs were found in FAM48A binding site that lies in
the promoter of WDR74 gene®, which has been previously associated to cell cycle control and
apoptosis®. Further, in the prostate cancer cohort of ICGC revealed that recurrent mutation on 3’UTR
of FOXA1 gene was found in prostate cancer patients*. These non-coding driver mutations were
obtained based on genome-wide hotspot calculations. However recent work in colorectal cancer,

demonstrated that mutation density of CTCF binding regions has higher rate of mutation than average
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genome®. Therefore the identification of potential non-coding drivers can be influenced by

transcription factor binding sites.

1.8 Mutation calling process & limitations on the field

Mutation calling is the first step of any cancer genomic studies. Briefly, the aim of this is to determine
the difference between reference and the sample considering multiple parameters such as read quality,
flaking read quality, read depth and variant allele frequency (VAF)®%. Ideally, these mutations
should be identified regardless of VAF if the read depth is high enough. Further complicating
mutation calling, the mappability of the genome is not evenly distributed due to the long repeating
segments®’. Simple mutation calling consists of 3 steps; read processing, mapping and variant calling.
Read processing will remove and trim low-quality reads to eliminate noise. The resulting high-quality
reads are then mapped to the reference genome with one of the standard tools including BWA or
Bowtie® . Depending on the type of the mutations, splice-aware mappers can also be used in order
to study indel and rearrangements. At the mutation-calling step, somatic and germline mutation
calling are separated. Briefly, germline variants have either 50% or 100% VAF with a genotype that is
AA, AB or BB"'"*. In contrast, somatic variants VAF are much more heterogeneous and often found
at much lower frequencies than germline mutations. This variability is often due to the nature of
tumor heterogeneity. Consequently, crude filtrations of germline variants cannot be applied and
variables such as; rare tumor subclones, sample impurity and possible sequence errors should be
extensively evaluated. While advances in the NGS technology have allowed cheaper sequencing and
correspondingly increased read depth, somatic mutation calling still remains challenging. One may to
reduce any potential caller bias is to use multiple algorithms and then use the consensus mutation
calling. This conservative method increases the confidence of the mutations and reduces false
positives. For example, some of the algorithms perform better at low VAF conditions, but may be
more vulnerable to normal-tumor sample contamination”. Therefore, using a consensus is a simple
but effective method to reduce noise and increase confidence’. As such it has been extensively used

with the ICGC project™.

1.9 Factors that affect mutation rates

Mutations are not evenly distributed throughout on the genome and can be affected by multiple
factors including: sequence context, GC content, distance to telomere, replication timing, chromatin

state and transcription factor binding.

1.9.a) GC content and sequence context

The base composition of the genome is not evenly distributed and GC percentage is relatively higher
than the AT in humans. Therefore, the base composition is not at equilibrium. To balance the
equilibrium, there must be GC=> AT substitutions at GC high regions””®. Therefore, during DNA

replication recombinant DNA mismatches have a tendency to be GC-biased. Specifically as there is
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greater GC content, there are more GC mutations than AT mutations’’. In addition to the effect of GC
dinucleotide context on mutation rates, the effect of the flanking bases can also impact mutation rate.
Specifically, the flanking bases in both directions can alter the mutation rate by stabilizing
mismatches™*. Furthermore, the GC content can also enhances methylation-mediated mutation rate
as DNA frequently occur on CpG dinucleotides which frequently give rise to C->T substitutions

following spontaneous deamination of 5-methylcystosine (Figure 7).
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Figure 7: Deamination of methylated cytosine. Upon spontaneous deamination, methylated cytosine turns to thymine base. Figure taken
from®? .

1.9.b) Distance to telomere
Telomeres are six-base pair repeated sequences that protect chromosome ends from chromosomal
fusions. It has been previously shown that length of the telomere affects double stranded break

83,84

sensitivity™*". Multiple modeling studies have shown that distance to telomere is an accurate

predictor of variation rate and it is negatively correlated with mutation rates®*¢.

1.9.c¢) Replication timing

Replication occurs in a segmented process that occurs at different time across the whole genome the
timing of replication affects the rate of mutation on the genome. This is due to an accumulation of
mutation on single-stranded DNA (ssDNA) regions at replication fork. ssDNA is vulnerable to DNA
damage alkylation, oxidation and deamination. Thus, aggregation of mutations is more potent in late
replicated regions than early replicated regions®’(Figure 8). This has also been demonstrated in
colorectal cancer patients whereby regions that late replicating regions have higher rate of mutation

than early replicating regions®.
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Figure 8: The effect of replication timing on mutation burden. It is clearly seen that mutation rate increases as the part of the genome
replicates in the late stages. Figure taken from®’.

1.9.d) Chromatin state

Chromatin structure is very crucial for activation and repression of genes. Euchromatin is lightly
packed form of chromatin that allows active transcription®. However, despite this accessibility it does
not mean there is a higher rate of mutations. In fact, there are generally less mutations at euchromatin
as compared to heterochromatin as while mutations may happen more frequently, the damaged DNA
is more accessible to DNA repair enzymes. Therefore, euchromatin generally has less

mutations®® %+

Recent advances in the sequencing technology showed that genome structure is not linear”', but it is
rather 3D. Therefore, two distant locations of the genome could interact with looping under
appropriate conditions. These interactions could also give rise to large-scale deletions and
rearrangements in cases when high chemotoxic stress is present and DNA repair mechanisms are

faulty”.

1.9.e) Transcription factor

A recent study discovered that there were higher rates of mutations at TF binding sites. Specifically,
CTCF binding sites have 3.5 fold enrichment compared to the corresponding relative control
regions”. Moreover, another study also demonstrated that CTCF binding sites have a significantly
higher rate of mutations in colorectal cancer®. Furthermore, a landmark paper by Sabarinathan et al.
demonstrated that this increase in mutations was due to TF binding and preventing DNA repair. This
was demonstrated by combining a published nucleotide excision repair (NER) map with somatic
mutation data from melanoma patients®*. The authors demonstrated that accessibility to UV damaged

regions by NER is critical to repair DNA damage and the regions with higher accessibility have
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decreased mutation rates. However, when TF is bound to chromatin regions the overall accessibility
was limited due to steric conflicts, which thereby prevented NER. This led to an increase in mutations

at the TF binding regions’ (Figure 9).
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Figure 9: Mutations caused by TF binding blocking NER. In open chromatin, DNA is more accessible by other proteins
or mutagens. However, these regions also accessible to DNA repair machinery. Upon TF binding, accessibility of the DNA
becomes reduced. DNA repair machinery cannot reach at the mutated regions. Hence mutations are aggregated in proximity
of TF protein. Figure taken from®*.

1.10 AR and DNA Damage

In addition to it’s role in PCa growth, AR-mediated transcription has also been demonstrated to
regulate expression of DNA damage repair (DDR) genes such as ATM, CHK2 and PARP’.
Interestingly, hormone stimulation is not always necessary for AR mediated gene transcription. Upon
genotoxic insult, DNA damage occurs and this up regulates p53 and E2F[. These proteins in turn alter
AR regulation, causing an increase in AR-mediated transcription via E2F1 and p53 **®. Activated AR
the up regulates DDR genes that repair genotoxic stress’’. Thus instead of hormone activation, AR

activity was stimulated by DNA damage.

AR-mediated regulation of repair genes is not specific to one DNA repair mechanism. For example,
both Flap endonuclease (FENI), a base excision repair enzyme, and XRCC6, a non-homologous end
joining component, are both up-regulated by AR'***, Expressions of DNAPKC are also important
for AR-mediated DNA repair'®. It was demonstrated that DNAPKC also act as an AR co-activator
and when down-regulated the AR transcriptional program is significantly decreased. AR mediated
DNA repair genes activation and DNAPKCs are therefore suggested to work in a positive feedback

loop that amplifies each other’s activity”” (Figure 10).

In addition to the AR’s regulation on DNA repair pathways, AR has been shown to directly cause
DNA damage. To initiate transcription, AR recruits multiple proteins to the binding site including
topoisomerase IIb (TOP2b). This enzyme relieves the torsional stress caused by transcriptional
machinery by introducing double stranded breaks (DSB) on DNA'"'. In normal conditions, DSB are
not recombinogenic and are easily repaired by DNA repair machinery. However, in neoplastic cells

TOP2b induced breaks are not repaired successfully due to the high genotoxic stress and can cause
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fusion events ', Similar to TOP2b, topoisomerase I (TOP1b) also introduces DNA breaks to relief
torsional stress. However, TOP1b only introduces single stranded breaks. TOPIb is required at
AR/NKX3.1 occupied enhancers to activate androgen-induced genes such as KLK3 and KLK2'".
Unlike TOP2b, it is not believed that TOP1b induces gene fusions. However, TOP1 could cause
deleterious effects if it is not removed after its utilization and act as an obstacle for transcription

machinery which could lead to collapse of the replication fork at these regions'®.
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Figure 10: Positive feedback loop of AR and DNA damage response.

Aim of this work

Somatic mutations affect the progression all cancer types. Recent studies have demonstrated that TF
binding can increase somatic mutations. However, it is not clear if the increase in mutations is due to
the TF or the genetic location. Given the importance of AR in almost all prostate cancers, this nuclear
receptor presents a powerful model to investigate TF-mediated mutations. Therefore, the aim of this
work is to investigate AR binding site mutations in clinical cancer data and characterize variants in

these regions understand their impact on prostate cancer progression.

Chapter 2: Methods

2.1 File Formats

2.1.1 FASTQ

Fastq file format is a common file storage format that keeps biological sequence information with
their sequencing quality. This format is human readable therefore can be view with text editors. It is
consisted of 4 rows for each read. The first row represents the id of the read, which was generated by
the sequencing machine. The second row contains the sequence information. The third row is a
placeholder that is built for additional information. The forth row contains quality scores of each

complementary base.
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2.12BED

BED format is the simplest form of storing genomic location information. Minimum bed file requires
at least three-column information that keeps chromosome, start and end information. Depending on
the necessity, information such as region id, region score, region strand and desired region colour can
also be stored in this format. However, most tools demand only the first 5 column of bed file,

therefore additional information is either removed or discarded during analysis.

213 VCF

Variant call format (VCF) was initialized with 1000 genomes project. The aim was to come up with a
standard method of storing variant information. VCF files have 8 fixed fields for each mutation call.
These are chromosome, position, unique identifier, reference base, alternated base, quality, filter and
info. While most of the fields are self explaining, filter and info fields deeper explanation. Each
mutation caller determines variants under specific assumptions whereby a standardisation is required.
Filter column tags each variant their eligibility to considered as high confidence mutation as “PASS”.
Info field contains attributes of that variant such as the overall flanking base quality or variant allele

frequency.

2.2 Mutation Information of ICGC Patients

Whole genome sequencing data was obtained from Pan Cancer Analysis of Whole Genomes
(PCAWG) release on August 24, 2016'™. For PCa, only those patients with primary cancer (n=196)
were included in the study due to the limited number of patients with metastatic or late-state prostate
cancer. SNV and indels were previously called with three different mutation-calling algorithms
(Sanger: INDEL=Pindel, SNV=Caveman; DKFZ:INDEL+SNV=Platypus; Broad: INDEL=Snowman,
SNV=Mutect). Only those mutations which had been called by two or more callers and not found in

dbSNP (v147) were used in this work.

2.3 Transcription factor binding sites

ChIP-seq data was obtained for the following published work: FOXA1(GSM1410788),
CHD1(GSM1573653), CTBP1(GSM1410762), CTBP2(GSM1410763), CTCF(GSM1006887),
ETV1(GSM1145322), EZH2(GSM969570), GATA2(GSM941194), HOXBI13(GSM1716764),
MRE11A(GSM1543776), POLR2A(GSM1415124), RUNX1(GSM1527840), SUZ12(GSM969572),
TCF7L2(GSM1249449), TET2(GSM1613322), TOPI1(GSM1543792), WDR5(GSM1333369),
KDM1A(GSM1279769), EP300(GSM686943), MEDI12(GSM686945), AR(GSES83860),
GRLH2(GSM2122802), H3K9ME3(GSM353610), H3K4ME1(GSM1410780),
H3K4ME3(ENCODE: ENCFF401MDR), H3K27AC(GSM1249448), H3K36ME3(GSM875814).
Clinical ARBS were identified from AR ChIP-seq of 13 tumour and 7 normal human tissue samples

(GSE70079). Overlapping peaks were identified by HOMER’s (v4.7) mergePeaks function (—d
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parameter 200) ™. All binding sites that overlapped with UCSD blacklisted regions were removed.
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Motif driven peaks were predicted by PWMtools
from JASPAR DB'”.

with given positional weight matrixes obtained

2.4 Peak Annotation

We used annotatePeak function of HOMER'® to annotate peaks based on their chromosomal
location. Hg19 genome build was used during annotation along with HOMER’s default libraries. To

get proportions of each chromosome location, we added —annStat option.

2.5 Investigation of TF binding motifs on genomic regions

We used HOMER'’s findMotifsGenome to search previously published binding motifs on genomic
intervals. Similar to peak annotation we used genome build hgl9. We did not use any additional

options and used findMotifsGenome function with default settings'®.

2.6 Determination of intersecting regions

Bedtools'™ (version 2.26.0) and bedops'” (version 2.4.26) were used to intersect, manipulate and
filter specific regions in bed and vcf files. To extend binding regions bedtools slop function was used.

For intersection and filtration, we used bedtools intersect and bedops bedmap function.

2.7 Comparing specific region mutation frequency with background

Bedtools'™ shuffle function was used to generate randomized regions across the genome. Each bed
file was randomized 1000 times to generate a null distribution. All gapped regions (UCSC gapped
regions) were removed. To generate random bed files with similar base composition (ATCG) of each
random region we extensively randomized the AR binding data and then calculated base composition.
We then z-normalized each nucleotide type columns identify those random bed files similar to ARBS
250 bed file (as null value). The peak files which have the base composition that are in the + 2

standard deviation (sd) range were selected.

2.8 Mutation Signature Analysis

Mutation signature analysis was done using the bioconductor package SomaticSignature (version
2.12.1) with R version 340" Mutation signature were obtained
from plotMutationSpectrum() function with default parameters. Those TFs with less than 480
mutations across all patients were not included in our analysis. This value was used as it was

demonstrated to have a deciphering accuracy of >0.95 for two mutation signature'"

. As previously
published, the cosine() function from the ‘Isa’ package was used to calculate the similarity between

signatures obtained from SomaticSignature motifMatrix() function'".

2.9 Mutation aggregation analysis on TF binding regions

For each of the binding regions, overlapping mutations were mapped and mutation distances to the
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center of the TF binding region were calculated. For a given TF, each of the binding regions were
overlapped based on their center. Mutation densities of 100 bp windows were calculated with smooth

kernel density method. Calculation and visualization was conducted with ggplot2 R package.

2.10 Methylation Analysis

CpG positions were identified from a  published custom made perl script
(https://www biostars.org/p/68352/#256983). DNA methylation was quantified from whole genome
bisulfide sequencing from LNCaP cells (GSE86832). Methylation data points with coverage less than
10 were excluded from our analysis. Those locations with a DNA methylation less than 0.52 (median
of LNCaP) were classified as unmethylated. Intersecting CpG of each peak was combined as a vector.
Then all of the methylated and unmethylated sites were summed up to obtain single value of overall
methylated rate of a TF. For given TFs, the intersection between TF and whole genome CpG was

obtained.

2.11 Heatmap
‘pheatmap’ package (version 1.0.8) was used for drawing heatmap from CRAN package repository
pheatmap function was used in default settings to produce heat maps based on pairwise cosine

similarity values of mutation signatures.

2.12 Statistical Analysis

The distribution of mutation events limits the usage of parametric tests. For preventing biasing, we

used R statistical language default wilcox.test() function is used for Wilcoxon rank sum test.

2.13 Visualization

Data was visualized with ggplot2 (version 2.2.1) and Venn diagrams were drawn in RShiny app,

https://github.com/jolars/shiny-server.
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Chapter 3: Results

Overview

Somatic mutations have diverse affects on cancer progression. While some of them are neutral, even a
few of them could drastically increase cancer proliferation. Previous studies have indicated that TF
binding can increase somatic mutation rates. While aforementioned factors still affect genomic
alteration rates, mechanism behind TF mediated mutations has not been revealed yet. As prostate
cancer progression is critically affected by AR’s action, this transcription factor could represent TF
mediated mutations. Therefore, the aim of this work is to investigate AR binding site mutations in
clinical cancer data and characterize variants in these regions understand their impact on prostate

cancer progression. To achieve our aim, we three distinct steps in the project as following:

1. Determination of AR binding regions in clinical patients
2. Generation of mutation framework
3. Analysis of Prostate cancer and other Pan-Cancer mutations

3.1 Determination of AR binding regions

The goal of this work is to investigate mutations at transcription factor binding sites in clinical
primary prostate cancer (PCa). Therefore, to identify those clinical binding sites we initially used
ChIPseq from patient tumours. We found two projects in the GEO Database that have done AR
ChIPseq (GSE28680) with clinical samples and picked the study with higher number of samples
(GSE70079). This study from Pomerantz et al.''* contained ChIPseq datasets from 13 tumor and 7
normal prostatic samples (Figure 11). Each sample had information of AR binding site (ARBS) in the
standard 4-column BED format that contained chromosome, start, end and binding intensity
information. As an exploratory analysis, we compared the overlap in all peaks between the
tumour/normal tissue and LNCaP cells to find the intersecting binding regions across different sample
(Figure 12); (See methods). Overall, we found that in commonly occurring peaks that were present in
multiple samples generally had an increase in in peak signal strength (Figure 13.A-B). To limit
heterogeneity, which could alter our analysis of TF binding sites, we chose to stratify the peaks into
high and low confidence binding regions. High confidence peaks was defined as those binding sites
that were found in either all of the tumour or normal samples. In contrast, low confidence peaks were
simply the remaining peaks. While strict, this dramatically limited the AR clinical peaks to the most

robust 5%.
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Figure 11: AR ChIPseq in clinical samples. Red colored tracks represent normal samples, where as blue ones are tumor.
Binding regions are the ChIPseq peaks.
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Figure 12: Weighted Venn diagram union of clinical and LNCaP ChIPseq. It is clearly seen that only 50% of the
LNCaP regions overlap with tumor or normal samples.
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and averages of each overlap were calculated. A) 13 tumor samples. B) 7 normal samples.

When we intersected the high and low confidence peaks for tumor and normal we found that there
was a similar ratio between normal and tumour peaks suggesting that there was little bias in the peak
stratification (Figure 14). To reduce signal noise, we therefore continued our project using the high

confidence-binding ARBS.

A. B.

Normal Normal

Figure 14: Overlap between tumour and normal peaks. High confidence peak overlaps on A and low confidence peak
overlaps on B.

After identifying high-confidence sites we then characterized the properties of these ARBS. First, we
looked for DNA motifs at these genomic regions. As expected, the canonical ARE motif was the most
common (Figure 15). However, this motif was not universal and only 30% of all peaks have an ARE
motif, suggesting that AR does not directly binding to DNA at most sites. To investigate the effect of
ARE motif to AR binding intensity, we compared peaks height of those samples with an ARE motif
(n=1079) or no ARE motif (n=3060). ARE motif peaks appeared to have higher average peak height
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than no ARE motif peaks (Wilcox.test p-value < 2.2e-16) (Figure 16). Next, we annotated the high
confidence ARBS based on the location of the binding regions. Similar to previously published work
in both clinical samples and cell lines, >95% of the binding regions were located at intronic and
intergenic regions (Figure 17). This supports the hypothesis that the primary role of AR is to bind

enhancers to induce transcription, as few ARBS are located in promoter regions.
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Figure 17: Characterization of AR binding sites. Most of the binding regions are located at intergenic and
intronic regions of the genome.

In addition to the high-confidence clinical ARBS we wanted to investigate how other TFs
affected mutation rate in prostate cancer. However, due to a lack of clinical ChIPseq we chose

to use studies with the common secondary cell line LNCaP. Therefore, we downloaded all
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available ChIPseq data for LNCaP cell line (Table 3). The majority of these studies were
generated from the ENCODE project.

Table 2: List of GEO identifiers for all ChIPseq used in this project

GEO id TF/Histone Type

GSM353610 H3K9me3
GSM1410780 H3K4mel
ENCFF401MDR H3K4me3
GSM1249448 H3K27ac
GSM875814 H3K36me3
GSM1410788 FOXA1
GSM1573653 CHD1
GSM1410762 CTBP1
GSM1410763 CTBP2
GSM1006887 CTCF
GSM1145322 ETV1
GSM969570 EZH2
GSM941194 GATA2
GSM1716764 HOXB13
GSM1543776 MRE11A
GSM1415124 POLR2A
GSM1527840 RUNX1
GSM969572 SUZz12
GSM1249449 TCF7L2
GSM1613322 TET2
GSM1543792 TOP1
GSM1333369 WDR5
GSM1279769 KDM1A
GSM686943 EP300
GSM686945 MED12
GSE83860 AR
GSM212280 GRLH2

Summary

We obtained clinical AR ChIP seq data from normal and cancer patients. This was subsetted
to focus on high confidence ARBS that were present in all samples from the normal and
tumour samples. In these high-confidence ARBS, we showed that the ARE motif was the
present in only 30% of the ARBS and peak height increased with motif presence. In addition

to the ARBS, we obtained TF binding site information from all available ChIPseq studies in
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LNCaP cells. The binding sites of clinical samples in combination with those identified from

cell lines will be used for mutation analysis.

3.2) Generation of mutation framework

3.2.1) Mutation calling and optimization

The Pan Cancer Analysis of Whole Genomes (PCAWG) is a recently completed large-scale
project to do whole genome sequencing on >2500 cancer patients from 20 different cancers.
This large dataset was ideal for our proposed project as it contained 214 prostate cancer
samples. However, the initial data releases had only mutation data that been called one of
three different algorithms. Given the variability of each algorithm it would not be possible to
compare data called with different methods. As we were unsure when the final data would be
released we conducted a pilot study to download and call mutations from whole genome
sequencing data. Raw sequencing data (FASTQ) was downloaded to the Amazon Cloud
Computation framework using the prebuilt mutation calling pipeline, bcbio suite'”. From
these test runs and optimization we calculated that running project on Amazon would be

extremely expensive, though time efficient (Table 4).

Table 3: Calculated cost of calling 196 patient mutations from whole genome sequencing data.

Process Rented Entitiy [Unit Charge |Unit |Cost
Cpu Cost 48 |hr 1.7|S/hr $81.60
Storage Cost - EBS 750 |Gb 0.1{S/gb 5
Storage Cost - AWS 350|Gb 0.03|$/gb 0.7
$87.30
+15%' | 100.395
TOTAL
For 214 Patients 196|$ 19,677.42

Therefore, we attempted to utilize our local High Performance Cluster. In a set of
optimization experiments, we first investigated the CPU ~ time relation on chr6 exon data.
We found that 4 CPUs per patient was the most optimized value of CPU utilization and
increasing the number of cores >4 does not dramatically improve the processing time. With
this we calculated the expected time required to process 100 patients. We found that in the
most optimized settings it would take 5 days to finish exomic data for all patients. However,
WGS is much more complex than only exomic data. When we ran one of the WGS datasets in
our HPC with 4 CPUs, it took 2 days. Therefore, it would take ~60 days of 24/7 sequencing
and mutation calling for all 200 patients assuming both no delays between processes or

mistakes (Figure 18). Fortunately, as we began to initiate this process, ICGC released
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consensus data of SNV and INDEL mutation calls. Therefore, at this point, mutation calling

was not necessary and we could simply build our framework on this published data.

Time to analyze one sample Calculated time for 100x
patients on 36 core HPC*
500 " 10000
1\
400 “ 8000
— \ —
£ \ =
§300 “ E 6000
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,“g’ 200 LY £ 4000
- \ -
-
100 T - 2000
0 0
0 4 8 12 16 20 24 28 32 0 4 8 12 16 20 24 28 32

Number of Cores Number of Cores

*Assuming no delay between running each sample
or potential gains from further optimization
Figure 18: Optimization of somatic mutation calling. (Left) CPU ~ time optimization was investigated. (Right)
In sum of 36 cores, time required to finish 100 patient data that x number per patient was shown.

3.2.2) Exploratory analysis of ICGC mutations

With the called ICGC-PCAWG data we combined 49,508,580 SNVs and 3,562,413 indels
from 2576 patients with 20 different cancer types in a single database. As expected the overall
mutation values were extremely variable between the different cancer types with prostate
cancer have a relatively low frequency of both SNVs and INDELs (Figure 19A). Other
cancers, such as skin cancer, had several log more mutations than prostate cancer (Figure

19B). This low mutation number makes prostate cancer difficult to study as a large patient

population is needed to provide sufficient statistical strength.
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Figure 19: Mutations frequency for different cancer types. On the left side SNVs were compared, where as on
the right side INDELs were compared.

Summary
We created a framework to keeps the large number of patient mutations from PCAWG for

further analysis.

3.3) Analysis of Prostate cancer and other Pan-Cancer mutations

3.3.1) Investigation of mutation burden at Transcription Factor binding sites

With the previously identified binding sites (Chapter 2), we characterized the relative
mutation rate at the TF binding sites (Figure 20). Initially, these mutation rates were
compared to to randomly shuffled genomic regions. Many TF including HOXB13, EZH2
and SUZ12 were found to have more mutations than would be expected randomly. As
previously published, DNAse Hypersensitive Sites (DHS) regions had a lower mutation
frequency than the null distribution. This has been shown to occur as DNA repair
mechanisms can access mutated region more efficiently in open chromatin regions'".
Contrary to previously published results in melanoma and colorectal cancer, we did not see
increased mutation rates at CTCF binding sites (Figure 21)*. However, ARBS from both
LNCaP cell lines and clinical samples were found to have the the highest rate of mutations

among all TF binding sites
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3.3.2) Comparison of AR proximity mutation rates in prostate cancer and other pan-

cancers.

AR is essential for the growth of PCa. However, AR plays no role in almost all other cancers.
Therefore, if the increased mutations observed are driven by AR binding rather than the
chromosomal location, we would expect to see no increase in mutations at ARBS in other
cancer types. To test this hypothesis, we compared the mutation frequency in 20 cancer types
from 2576 patients. As predicted, prostate cancer ranked highest among Pan-Cancer cohort in
ARBS mutations in individual and grouped comparisons (Wilcox t-test; p<2x107'®) (Figure
22A+B). In fact, no cancer, except prostate, had higher rate of mutation in ARBS than
randomly shuffled regions suggesting that ARBS mutations in prostate cancer are due to AR

occupancy (Figure 22C).
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Figure 22: Mutation rate at ARBS in different cancer types. A) Normalized ARBS mutation numbers of Pan-
Cancer versus and Pan-Cancer was compared. B) Prostate cancer had the highest number of ARBS mutations
among Pan-Cancer cohort. C.Random mutation distribution (gray) of each cancers were compared with that
cancers ARBS mutations (blue arrow). Only in prostate cancer (red) ARBS mutations were actually higher than
the random. None of the 1000 randomized regions on the genome have higher rate of mutation than ARBS.

To the role of AR binding on SNVs, we investigated the mutation density at ARBS.
Suggesting that the increase in mutations was due to AR occupancy, we observed a clear
increase +375bp to the AR peak. In contrast, there was no enrichment observed in Pan-cancer
cohort (Figure 23A). To prove that this event was independent from the base composition of
the ARBS, we identified those genetic regions that contain an ARE motif but no AR binding.
We then quantified the mutation density at these ARE containing regions in both prostate and
the Pan-Cancer cohort. Overall, there was no increase in mutations in either the Pan-Cancer
or PCa patients. As mutation enrichment was only seen on those regions where AR protein
binds, this suggests that AR protein is required for this mutation event and this is independent
from the sequence context (Figure 23B). Supporting this theory, we observed a positive
correlation between mutation frequency and AR ChlIPseq peak height (Figure 23C). Using
the AR peak height as a surrogate for protein occupancy, our results suggest that protein

binding causes an increased rate of mutations.
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Figure 23: Distribution of mutations at AR binding sites. A) Clinical AR binding mutation density was
investigated in both prostate cancer (red) and all other cancers (blue). B) ARE motif regions mutation density was
investigated in prostate cancer (red) and all other cancer (blue). C) AR binding affinity is positively correlated with
mutation rates.
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Like prostate cancer, breast cancer is also a hormone dependent cancer. Therefore, to see if
the observed increase in SNVs at cell-type specific TF binding sites is a broad phenomenon,
we quantified the mutation rate at ER binding sites (ERBS) in breast cancer. We obtained
ERBS of hormone dependent breast cancer cell lines MCF7 and T47D from GEO
(GSM2670862) and ENCODE, (ENCFFO002CNW). The mutation burden at ERBS was
quantified in different clinical sub-type of breast cancer in PCAWG cohort. In agreement with
our work in PCa, ER+ breast cancer had enrichment of mutation on ER binding regions.
Surprisingly, ER negative breast cancer also had significant enrichment in ERBS. We then
compared whole Pan-Cancer cohort and ranked them based on the mutation rate at ERBS
(Figure 24). Similar to AR, breast cancer had the highest number of mutations at ERBS. We
then obtained all of the available TF binding data for ER+ MCF7 cells from ENCODE and
compared mutation frequency of each TF. Although, MCF7 derived ER and T47D derived
ERBS were greater than random background mutation frequency threshold, they were not the
top ranked TF (Figure 25). In addition, comparison of mutation distribution of breast versus
rest of the Pan-Cancer cohort demonstrated that the enrichment of mutations is not as drastic
as ARBS’s mutation enrichment. We suggest that ER does not affect mutation events in
breast cancer to the same degree of AR in prostate cancer. Although breast cancer and ER are
not the main scope of this project, these results do implicate that TF mediated mutations are

specific to the cell of origin (Figure 26).
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Table 4: Table of GEO and ENCODE ids which were used in breast cancer investigation.

GEO/ENCODE ID TF GEO/ENCODE ID TF
ENCFF884RA0 ARID3A ENCFF839EPV NFXL1
ENCFF353CQJ BMI1 ENCFF476URH NONO
ENCFF362XAG CHD1 ENCFF651PWG NRF1
ENCFF755DGT COPS2 ENCFF282SXB PAX8
ENCFF127RVQ CREB1 ENCFF922GXT PKNOX1
ENCFF785ZQF CTBP1 ENCFF002DBP POLR2A
ENCFF002DDK CTCF ENCFF500ZLG RAD51
ENCFF572YVL CuUXx1 ENCFFO65UFF RCOR1
ENCFF812MZB DPF2 ENCFF150TBK RFX1
ENCFF267FXT ELK1 ENCFF580NQL SIN3A
ENCFF040STP ESRRA ENCFF2780DX SIX4
ENCFF580EYI EZH2 ENCFF351NCM SMARCAS
ENCFF170POB FOS ENCFF193MKL SP1
ENCFF5960JV FOXA1 ENCFF870CER SREBF1
ENCFF671BJT FOXK2 ENCFF956LMS SUZ12
ENCFF313TUJ GATA3 ENCFF544CYG TARDBP
ENCFF231VAA GATAD2B ENCFF002CZM TCF7L2
ENCFF456LHH GTF2F1 ENCFF129AXO YBX1
ENCFF002CZL HA-E2F1 ENCFF126PJF ZBTB11
ENCFF365WFM HCFC1 ENCFF447FPV ZBTB33
ENCFF445ANP HDGF ENCFF397XTF ZBTB40
ENCFF902IMW HES1 ENCFFO70WUF ZBTB7B
ENCFF688CIA HSF1 ENCFF235RIU ZHX2
ENCFF836SJY JUN ENCFF353QLW ZKSCAN1
ENCFF688MSK MAZ ENCFFO51JAE ZNF207
ENCFF474AYD MDB2 ENCFF002CZN ZNF217
ENCFF686LJE MLLT1 ENCFF854CXA ZNF579
ENCFF412CLP MNT ENCFF615FIR ZNF592
ENCFF712UDN MTA1 ENCFF955YVT ZNF687
ENCFF997RPK MTA2 GSM2670862 ER
ENCFF527ALV MTA3 ENCFFO02CNW ER
ENCFF002DBI MYC ENCFF879VLB NFIB
ENCFF5180UJ NBN ENCFF446FHX NFRKB
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Figure 26: Minor enrichment of ER binding in breast cancer was demonstrated.

AR-mediated transcriptional is regulated by various factors such as pioneer factors, histone
modifications and co-activators. Therefore, we wanted to see if any of these factors impacted
the mutation frequency. To test this, we separated each ARBS regarding their mutation status.
Then, we scored them if these ARBS intersected with various TF factors and histone
modifications. No, clear co-binding pattern was observed that correlated with SNVs (Figure
27). To further study this, we implemented a random forest (RF) machine learning model to
develop a model that could predict mutation occurrences based on ARBS and TF/Histone
mark intersections. In this we first transformed the data to be able to run a RF algorithm on it.
First, we categorically transformed overlap of ARBS to a binary score. For example, if an
ARBS peak overlaps with a GATA?2 peak, then that ARBS will be classified as 1 with its
comparison with GATA2. As a result of transforming the data to this matrix, we classified all
ARBS (n=4139) based on their overlap with 22 TF and 5 histone marks under 27 columns.
However, despite extensive optimization we couldn’t find any features that significantly
predict ARBS mutations due to the in balanced from of data as 1010 peaks were mutated as
compared to 3029 peaks are not mutated. Despite our attempts to implement under sampleing
and over sampleming methods to overcome this balanced data issue, we couldn not increased
our accuracy. At the end of RF predictions the error rate of our model was appeared to be
9%80. Therefore our current data suggests that the increase in SNVs is solely due to AR

occupancy.
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Figure 27: No clear link effect of co-localization of TF and Histone mortifications on mutation rates on
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3.3.3) Characterization of ARBS mutation types in prostate and other pan-cancer
cohort

Somatic mutations can give tremendous insight into the cause of a cancer. Numerous studies
have identified mutational signatures that are caused by specific etiological agents. In 2015,
the COSMIC database released 30 mutation signatures that were associated with specific
DNA damage. Therefore, to better understand the mutations at ARBS we characterized the
mutation signatures on these regions. Strikingly, we found that mutation signature changed
dramatically at ARBS compared to the remainder of the genome. Specifically, there was an
increase of TpG > ApG and CpG> GpG mutations at ARBS, as compared to the remainder of
genome in prostate cancer. To investigate if this enrichment was due to an ARE motif, we
analyzed the mutation signature at those sites that have an ARE motif but no AR binding. We
found that the signature at the ARE motif was almost identical to the whole genome signature
suggesting that the mutational signature is not due to nucleotide composition but rather AR
protein binding (Figure 28A). In addition, presence of an ARE motif on ARBS did not seem
to alter the mutation signature as well (Figure 28B). To further test if base composition
affects mutation signature, we generated 1000 randomly selected binding regions sets that
were identical in size to ARBS. These random regions were separated based on similarity in
nucleotide composition to ARBS. Of these, we found no difference between the whole

genome mutation signatures and those sites with similar (n=159) and dissimilar (n=851)
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nucleotide composition suggesting that ARBS base composition does not influence the

signature (Figure 28C). In addition, showing the specificity none of the random regions have

enriched for TpG -> ApG mutations (Figure 28D).
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AR signaling is only important in PCa. Therefore, by comparing the mutational signature in
other cancers at the same chromosomal locations we can be confident that the ARBS
mutation signature is caused by this specific nuclear receptor and not the regional
chromosomal instability. Therefore, after removing all the cancer types that have less than
480 mutations on ARBS region (previously defined as the threshold to identify mutation

"), we compared ARBS mutation signature of each cancer with the

signature >95% accuracy
remainder mutation signature. Among all of the cosine similarity values, only in prostate
cancer ARBS had a different mutational signature than the remainder of the genome (Figure
29). Overall our results show that neither base composition nor the chromosomal location of

ARBS have an effect on mutation signature.
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Figure 29: Comparison of mutational signature at ARBS and the remainder of the genome. Prostate cancer
has the lowest similarity among all cancer types between whole genome signature and ARBS signature.

To determine if only AR caused this mutational signature, we then characterized the mutation
signatures of all other TFs in PCa. Importantly, previously work had shown that you could
characterize a mutational signature if there was mutation rate greater than the theoretical limit
of detection (Figure 30A). When we compared the different mutational signatures in all TFs,
we found three distinct signature subgroups. In group 1, KDM1A, GATA2 and HOXB13
were found to have an extremely similar mutation signature to AR (Figure 30B). As all of
these proteins have been shown to be involved in AR-mediated transcription we investigated
the affect of co-localization with ARBS on mutation frequency and signature. Specifically,
we removed those binding sites that overlapped with ARBS. Similar to the earlier work with
AR, we also characterized those sites that have a binding motif, but no protein bound. We
found that mutational enrichment and signature of AR did not affect any of the TFs in this
group (Figure 31A). This suggests that the increase of mutations in GATA2 and HOXB13

sites are not due to AR binding. Also, neither pioneer factor binding motif presence affected
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the signature or mutation frequency (Figure 31B). Similar to AR, members of group 1 only

had altered mutation signatures in prostate cancer. These data suggest that AR and co-

activators mutation signature are caused by the binding of the protein and it is only specific to

prostate cancer (Figure 31C).
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Figure 30: Characterization of mutation signature at TF binding sites. A) TF with higher frequency than
background prostate cancer mutation distribution were further investigated for their mutation signature. Three
groups were formed. B) Mutation signature of groupl and group 2 were shown.
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In the second group, polycomb repressive complex 2 (PRC2) members EZH2 and SUZ12
were found to have remarkably similar mutational signatures (Figure 30B). Specifically,
there was a very high number of C>T transitions. Because of the similarity in signature and

function of these two proteins, we tested if this was due to overlap between SUZ12 and
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EZH2. While these proteins are both members of the PRC2, only 10% of EZH2 and 17% of
SUZ12 binding sites overlapped, suggesting that the mutations signature is not simply due to
overlap of these proteins (Figure 32A). We then examined if these regions have some
chromosomal characteristic that cause this signature. We found that this signature is not

prostate specific and was observed in other cancers as well (Figure 32B).
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Figure 32: Characterization of SUZ12/EZH2 mutation signature. A) Intersecting regions of EZH2 and SUZ12
were calculated. ~15% of overlap was found between EZHE2 and SUZ12 binding regions. B) Unlike AR, EZH2
and SUZ12 mutation signature was not spesific to prostate cancer and seen in other cancers as well.

The third group consisted of POLR2A and CTBP1. Their signature was more similar to the

whole genome signature of PCa than the other groups.

While we demonstrated that the mutation signatures are independent of their base
composition with AR we wanted to confirm this with other TFs. We therefore, calculated the
ATGC ratios of each TF binding regions to see if mutational signatures clustered. Our
findings did not appear to be solely due to nucleotide composition. For example, POLR2A
and SUZ12 had similar GC content but very different mutation signatures. Overall, base

composition is not a significant factor that affects signature (Figure 33).
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Figure 33: Nucleotide distribution of all TF and Histone marks in PCa.

To better understand the etiological cause of the increased mutation at TF binding sites we

compared our results to previously published COSMIC signatures'”. Interestingly, signature

1 was very similar to what was observed with EZH2-SUZ12 (Figure 34A). This signature has

previously found in multiple cancer types and has been shown to be caused by spontaneous

deamination of 5-methylcystosine (Figure 34B). In support of this, almost all of the C->T

mutations at EZH2-SUZ12 binding sites occurred at CpG sites (Figure 34C). To better

understand this, we investigated the methylation rates of the CpG regions with genome-wide

bisulfite sequencing from LNCaP cells. We found that EZH2-SUZ12 had the one of the

highest level of methylation of all TF binding sites (Figure 34D). Our findings demonstrate

that a mutational signature can be successfully determined at a localized site.

50



vEZH2/SUZ1 2 Signature 1

T>G i

NH, NH, o)
T>C ic
NH
T>A |ic Kethylanon /gammatlon /&
C>T N O
Cytosme 5- methyl Thymine
C>G | Cytosine

C>A "

pA
04 03 02 01 0 01 02 03 0.4

Contribution

C>A C>G C>T T>A || T>C |[ T>G
| EZH2 CpG . KDM1A -
(n=101) o
. 1 g sue ]
S MRE11 -
S s CTBP2
5 Ezr"igg“c)pe 2 GATA2 -
- S | SR P T 1S B (DSRP FO 2 B
£ 8 CTBP1 -
8 SUZ12 CpG S HOxB13 -
I I (n=264) i
" 1 - AR .
POLR2A l
SUZ12 no CpG WDR5 |
(n=819)
0 10 20 30 40

Methylation/Total CpG (%)

Figure 34: Characterization of EZH2/SUZ12 mutational signature. A) EZH2/SUZ12 signature similarity to
Signature 1 was visualized. B) Schematic representation of spontaneous deamination was presented. C) C>T
transitions of EZH2 and SUZ12 were mainly located on CpG regions. D) Among all TFs SUZ12 and EZH2 ranked
top 3 on CpG methylation percentages.

Next, we characterized the mutational signature at AR/KDM1A/HOXB13/GATA2 binding
sites. Interestingly, we couldn’t find any COSMIC signatures similar to what we observed.
The closest signature was associated with the carcinogen aristolochic acid (Signature
22)(Figure 35A)'"°. We decided that this was unlikely, as while the ARBS signature has an
increase in T>A mutations (Figure 35B), it is very different than that found with the
Signature 22. However, TpG -> ApG purine transversions have been previously associated
with unsuccessful repair of abasic sites. This phenomenon is best shown with the carcinogen
dimethylbenzantracene (DMBA). DMBA induces depurination of dexoyadenosine causing an
abasic site!'*!'"”. When this occurs, the massive increase of these abasic sites overloads the
base excision repair machinery and causes TpG>ApG transversions due to the “A-rule”

120 However, it is

whereby unpaired abasic sites are primarily fixed with adenine substitution
extremely unlikely that aromatic hydrocarbon is present in the prostate gland. Yet the

similarities in the mutation signature could be due to a shared failure of DNA repair
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machinery. DMBA overwhelms base excision repair machinery due to the massive number,
but if AR prevents access to spontaneously depurinated sites it would cause a similar

mutation. Spontaneous depurination is extremely common and occurs >10,000

1121

times/day/cell . Hence, unrepaired regions will give rise to purine transversions similar to

what was seen in DMBA. In support of this model, the ARBS signature observed is similar to

DMBA treated animals (Figure 35C).
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Summary

AR is critical to prostate cancer progression, however there are many different transcription
factors. To be unbiased in our investigation, we examined the mutation rate at all available TF
binding sites. Among all of these TF, the AR had by far the highest rate of mutations. What
is more, some of the known AR regulators also had mutation frequency enrichment with
respect to genome background. When we compared the mutation rate at ARBS all other

cancer types only prostate cancer showed enrichment in mutations. Moreover, this enrichment
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is only present in close proximity to the ARBS and depending on AR protein binding and not
the motif. Considering AR’s protein is crucial for mutation enrichment, we then investigated
the affect of co-localization of other TF with AR on ARBS. We found no clear evidence of
co-binding causes mutation enrichment on ARBS. Next, to be able propose a model for TF
mediated action; we examined breast cancer that is highly affected by TF mediated action.
Similar to AR in prostate cancer, ER is equally important in breast cancer. Therefore, we
investigated mutations in ERBS regions. Similar to PCa, analysis of ERBS mutations in
breast cancer also demonstrated that TF mediated mutation enrichment is present in breast
cancer which was shown by the comparison other cancers. However, ER’s contribution to
mutation enrichment is not aberrant as AR’s as the comparison of multiple breast cancer cell
line TF showed higher rate of mutations than ERBS. Yet, there is still significant enrichment
in mutation on ERBS, which supports that TF mediated mutations require more attention. So
far, we have shown the increment in mutation numbers, but we have not characterized the
type of the mutations. Mutation signatures give great insight about the cause of damage that
lead to genomic alterations. Here in prostate cancer, we see altered mutation signature at TF
binding regions for various TFs which from three distinct group of mutation signatures.
Specifically, AR’s mutation signature has been demonstrated that is independent from ARBS
base composition and canonical ARE presence. In fact, we showed that unique AR signature
is only present on the regions whereby AR protein is present. Affect of AR co-activators led
us examine their affect on AR’s unique signature as they have a very similar mutation
signature like AR. However, removing intersected regions between AR and co-activators did
not alter the phenotype, which suggest that each AR and AR co-activators have a unique

signature individually. More interesti''®

ngly, AR’s unique signature was only present in
prostate cancer, which indicates the presence of TF mediated damage. Another interesting
mutation signature was group EZH2/SUZI12 signature. Almost identical signature of this
group led us investigate commonality of EZH2 and SUZ12 regions. Yet overlapping regions
are low as 15% for each TF. We then used this second as a control of our methodology and
showed that it is very similar to previously published spontaneous deamination caused
mutation Signature 1. Having most of the C>T mutation on CpG regions and having two of
the highest methylated regions, we can clearly say that our method is reliable on analyzing
localized mutation signatures. Lastly, we examined the cause of AR’s mutation signature and
found observed T>A mutations have been erroneous abasic sites. This has been previously
demonstrated with a chemical called DMBA that cause spontaneous depurination of

adenosine''®

. As base excision repair mechanism is responsible for fixing these mutations, we
propose that previously published TF mediated NER blockage can also be present in our case

whereby, AR binding would block those abasic site to be repaired.
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Chapter 4: Discussion

Cancer is caused by the accumulation of mutations. Therefore, large-scale sequencing
projects such as TCGA and ICGC provide an extremely valuable resource to identify those
mutations that drive the cancer. However, mutations do not occur in evenly across the
genome and are affected by multiple factors. Recent work in melanoma demonstrated that TF
binding can cause local mutations due to the impairment of DNA repair machinery. Yet, this
has been only studied in those cancers that have an extremely high mutation rate as a small
number of whole-genome datasets can give sufficient statistical power. It is unclear if the TF
mediated damage is specific to only these cancers with high mutation rates or if it is a broad
phenomenon. Therefore, the goal of this work was to investigate the mutation rates at TF
binding sites in prostate cancer. By focusing on AR, a TF that is only important in prostate
cancer, we can determine how much the nucleotide composition or chromosomal location

influences the observed mutations.

Comparison of the mutation rate at TF binding sites demonstrated that both ARBS from cell
lines and clinical samples have the highest mutation rates of all TFs. Although AR-mediated
transcription is dependent on protein interactions, the drastic enrichment of mutation at ARBS
was striking. Therefore, we investigated various aspects of these mutations in ARBS.
Importantly, we found that this enrichment was independent of ARBS chromosomal locations
or base composition and was dependent on AR protein. Moreover, other cancer types, which
do not require AR, showed no increase in mutations at ARBS, thereby clearly showing that
TF binding mutations are cell-type specific. In addition, among AR’s co-regulators, HOXB13
and GATAZ2 had significant enrichment over background mutation distribution. Contrary to
previous studies in melanoma and colorectal cancers, we did not observe increased mutations
at CTCF binding sites in prostate cancer. Interestingly, another studied investigated CTCF
mutations of various cancer and found that given CTCF binding regions are not always highly

mutated in all cancers'?

. Cancers such as in gastric and colorectal are highly mutated where
as breast, liver, lung, pancreas and lymphoma have low mutation enrichment in CTCF
binding region. This gives further evidence that TF binding site mutations are cell-type

specific'*.

To find the potential causes of these localized mutations, we characterized the mutation
signature at ARBS and other TF binding sites. We demonstrated that the ARBS mutation
signature were different than the rest of the cancer genome. Specifically, we found a high
frequency of TpG->ApG and CpG->CpG purine transversions at ARBS and the binding sites
of AR regulators HOXB13, GATA2 and KDMI1A. These mutation types were independent
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from various factors including; ARE presence, co-localization of co-activators with AR and
base composition of binding regions. This was critical because AR mediated transcription is
heavily dependent on co-localization of pioneer factors. We also examined all possible
intersections between AR, GATA?2 and HOXB13 but due to the very few number of mutation
numbers it was not possible to accurately quantify the mutation signature. (Data not shown).
The novel mutation signature of AR-related proteins, are only observed at protein binding
sites as the mutation rate and signature was not altered at those sites that had a known binding
site motif but no protein. Moreover, none of the other cancers from PCAWG had an altered
mutation signature at either AR or AR coregulator binding sites. This underlines the
importance of cell type specific enrichment of TF mediated mutations. In the second group,
the mutation signature at SUZ12 and EZH2 binding sites were very similar. This led us to
examine if these regions have any overlap. As both proteins are members of the PCR2
complex, surprisingly we found little overlap between SUZ12 and EZH?2 binding regions. The
C>T dominated signature at EZH2/SUZI12 sites showed striking similarity to COSMIC
signature 1. This mutational signature is associated with spontaneous deamination of 5-
methylcytosine in multiple cancer types and is therefore correlated with high methylation at
CpG regions. Supporting this theory, EZH2/SUZ12 binding sites had some of the highest
rates of DNA methylation.

There could be two possible mechanisms for observed mutation events at ARBS. During AR
mediated transcription, AR could directly cause DNA damage as previously proposed™.
However, as the mutation signatures of AR co-regulators were nearly identical to ARBS, this
suggests the AR itself cannot be the cause as those sites where is not co-bound still have the
same mutational signature. It is therefore more likely that binding of the TF blocks DNA
replication machinery, which therefore gives rise, to the specific type of mutation. Supporting
this model, previous work demonstrated that TF binding blocks nucleotide NER machinery in
melanoma patients’. From our study, we propose an expanded mechanism whereby TF
binding also prevents the repair of DNA damage by BER in addition to NER. This is
supported by previous work that demonstrated the TpG>ApG signature is associated incorrect
repair of abasic sites with BER. Mice with dysfunctional BER have an increase in
endogenous T->A and C->G purine transversions similar to what was observed at ARBS'>.
Surprisingly, the deamination-related signature of EZH2/SUZ12 has also been previously
associated with the malfunction of BER'*. Therefore, we prose that blockage of DNA repair

machinery by TF could be a more general event that impairs BER in addition to NER.
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Breast and prostate cancers are similar in terms of the critical role hormone induced
transcription plays in the growth of the cancer. Like AR in prostate cancer, ER can initiate
transcription upon steroid hormone induction. Therefore, we investigated the mutation rate at
ERBS in ICGC'’s breast cancer cohort and found that there is significant enrichment at ERBS.
In comparison of SNV numbers, breast cancer had the highest rate of mutations at ERBS of
all cancers. We then examined clinical subtypes in breast cancer. Given that the prostate
cancer tumours in this work were all primary cancer, they are almost always hormone
dependent and such a classification of hormone dependent and independent is not necessary.
However, in breast cancer case there are hormone dependent and independent subtypes
included in ICGC cohort. Therefore, investigated the different cancer types on ERBS
mutations. Interestingly, in all subtypes of breast cancer ER mutation numbers were
significantly enriched. This suggests that even in triple negative breast cancer the ER may be
important in the development of the cancer. However, these results require deeper
investigation with more patients. Although they were not as striking as AR and prostate, this

still supports our theory about TF mediated mutations.

Numerous proteins are needed to initiate transcription. In addition to transcription factors,
histone modifications on chromatin can also influences mutation rates'”. We therefore
investigated if any histone marks correlated with ARBS mutations. Previously random forest
methodologies have been implemented in various genomic projects to predict output come of

multi-variable events'?.

However, when we tested this and other machine learning
methodologies, we could fine no correlation between any specific TF or histone marks with
ARBS. However, scarcity, sample size and balance of data are very critical for accurate
prediction. All of these parameters are linked. When we classified our peaks we described
them in a binary manner. This therefore, limits our ability to understand the number of
mutations at a binding site, as we cannot distinguish those sites that have multiple mutations.
While we lose this information, it was necessary as there are few peaks that had multiple
mutations which would affect the training. Further, balanced data is crucial in a random forest
predictive model. Therefore, the number of mutated peaks and non-mutated peaks should
have been equal. However, in our case we had 1-3 ratio of mutated peaks to non-mutated
peaks. This caused a skewed distribution in the random sampling stage, which decreased the

predictor accuracy. Overall, more patients are needed to improve the resolution of such a

model.

Herein, we demonstrated that TF binding sites have an increase in mutations that are cancer

specific as not all of TFs have equal amount of mutation enrichment and altered signature.
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Considering the critical importance of AR in prostate cancer growth, some of these ARBS
mutations may have a crucial role in cancer progression. However, experimental validations
of ARBS regions are required to demonstrate the affect of these mutation transcription and

other cellular processes.

4.1) Future work

While novel, further studies are needed to understand the impact of ARBS mutations. One of
the largest outstanding questions is if these non-coding mutations can act as drivers. When we
investigated the ARBS mutation recurrences we found only one binding site that has more
mutations than expected (p=0.015). However, due to our low SNV number overall, potential
driver mutations may still occur but may be “long-tail” mutations. Thus, more patient samples
are required to investigate these relatively rare SNVs. However, to truly understand the
impact of these mutations we will need to characterize how they impact gene expression.
ICGC currently has released RNAseq data from only 21 patients. However, to conduct
expression quantative loci experiments analysis, we need far more RNAseq samples.
Complicating the analysis somatic mutations typically have lower VAF thereby limiting the
signal strength in a heterogeneous tumour. Further, enhancer-promoter interactions are
difficult to define due to chromatin looping. While several HiC datasets are available for
LNCaP, the low resolution of HiC (i.e. 20Kb window) makes it too noisy to analyze specific
TF binding regions. Therefore, we will need ChIA-pet or HiCHip data to gives genome wide
interactions of only specific TF binding regions and define the enhancer-promoter
interactions. Future studies should also incorporate genome wide association studies to better

understand the somatic mutations identified in this work.
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