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ABSTRACT

Cancer typically forms when mutational processes modify key cancer
driver genes, resulting in positive selection and tumor growth. As such,
mutational processes are at the core of the disease. Trinucleotide
mutational signatures have emerged in the last decade as essential tools
for analysis of mutational processes. These models describe the relative
probability of mutagenesis at different trinucleotide contexts for a
variety of mutational processes.

In UV exposed cancers, the DNA sequence “TTCCG” constitutes UV
mutation hotspots in active promoters, which cannot be represented by
trinucleotide-based mutational signatures. In the first study, we expand
the mutational signature of UV and demonstrate that its trinucleotide
profile depends on cytosine methylation, and that this stems from
increased CPD formation at methylated sites. We also show that
incorporation of longer sequence patterns into the signature model better
describes the UV mutational process. Furthermore, we show that such
extended signature models increase accuracy when separating driver
mutations from passengers. Strongest effect on mutation probability was
from TTCCG in expressed promoters, but other sequence patterns also
significantly modulate mutation probability in UV exposed melanoma.

In the second study, we build on this concept further and develop a
bioinformatics tools capable of estimating longer sequence patterns’
effect on mutation rates in conjunction with trinucleotide contexts. We
then applied our tool on 27 cancer types to explore sequence patterns
with modulating effects on mutation frequencies. Homopolymer
patterns were found to be the strongest effectors, but pentamers of higher
complexities were also found to increase mutation rates among multiple
cancers.



Finally, in the last study we analyze the mutational properties of small
intestine neuroendocrine tumors (SI-NETs). Mutational signature
analysis reveals a lack of mutagenic processes active in these tumors,
which goes together with its notably low mutation burden and low
frequency of driver mutations. The most striking result in this study is
that despite the multifocal nature (multiple tumors in close proximity)
of this cancer type, each tumor has evolved independently.

In summary, this thesis demonstrates the utility of mutational signatures,
and highlight novel approaches to signature analysis that incorporate
longer sequence patterns.

Keywords: Cancer, genomics, mutational signatures, ultraviolet light,
multifocal tumors
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SAMMANFATTNING PA SVENSKA

Cancer utvecklas vanligtvis genom mutagena processer som fordndrar
cancerdrivande gener, vilket resulterar 1 positiv selektion och
tumdrbildning. Mutagena processer stir déarfor i centrum av denna
sjukdom. Trinukleotid-mutationssignaturer har under senaste artiondet
utvecklats som viktiga verktyg for analys av mutagena processer. Dessa
modeller beskriver den relativa sannolikheten for olika mutationer att
uppsta 1 olika trinukleotidkontext for olika typer av mutationsdrivande
processer.

I UV-exponerade cancertyper utgdr DNA-sekvensen "TTCCG” starkt
forhojd mutationssannolikhet 1 uttryckta promotorer, ndgot som inte géir
att representera med trinukleotidbaserade mutationssignaturer. I den
forsta studien analyserar och utokar vi mutationssignaturen kopplad till
UV-strélning och visar att dess trinukleotidprofil varierar beroende pé
metylering av cytosiner, och att denna variation hdrrér fran Okad
bendgenhet att bilda CPD:er da cytosiner dr i metylerade. Vi pavisar
ocksa att inkludering av lingre sekvenskontext i signaturmodellen béttre
beskriver UV-stralnings mutagena egenskaper. Vidare demonstrerar vi
att sddana “utokade” signaturmodeller dr mer triffsikra dd@ man
separerar cancerdrivande mutationer frdn passagerarmutationer.
TTCCG var det monster med storst effekt pa mutationssannolikhet, men
andra monster hade ocksd signifikant modulerande effekt pa
mutationsfrekvenser 1 UV-exponerat melanom.

I den andra studien bygger vi vidare pa det nidmnda konceptet, och
utvecklar ett bioinformatiskt verktyg som kan anvéndas for att uppskatta
effekter av ldngre sekvenskontext p& mutationssannolikhet. Vi
applicerade detta verktyg pd 27 cancertyper for att utforska
sekvenskontext som modulerar mutationsfrekvenser och fann flera
sekvensmonster som stimulerade mutationsbildning i flera cancertyper.
Homopolymermonster utgjorde starkast effekt, men dven mer komplexa
pentamerer som uppvisade stimulerande effekt pa mutationsfrekvenser
var funna i flera cancertyper.

Slutligen, 1 den sista studien analyserar vi mutationsegenskaper i
neuroendokrina tumodrer fran tunntarmen (SI-NET). Analys av
mutationssignaturer avslojade en franvaro av mutagena processer i
denna tumoértyp. Vi observerade ocksd en maédrkbart l4g
mutationsfrekvens och fd4 cancerdrivande mutationer. Det mest



uppseendevickande resultatet i denna studie var att trots SI-NETs
multifokala fenotyp (flera tumdrer som aterfinns nira varandra) sa har
varje tumor utvecklats individuellt.

Sammanfattningsvis, denna avhandling behandlar anvindandet av
mutationssignaturer och nya tillvigagangssatt for
mutationssignaturanalyser som inkluderar langre sekvenskontext.
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1 INTRODUCTION

Cells in our bodies have molecular programs and communication
systems in place to ensure that metabolism, gene expression, cell
division and cell death are properly regulated to uphold the health of the
host!2. Such systems are — as all complex systems — imperfect. Through
mutational processes, our cells accumulate mutations that in rare cases
may liberate a cell from the regulatory systems that limit cell
proliferation and survival. Such a cell will multiply more freely,
resulting in a greater proportion of its daughter cells in the host tissue.
The mutant genetic material is passed along in every cell division and
natural selection will favor this aggressively multiplying phenotype,
allowing a tumor to form.

Besides driving tumor development, mutational processes also
imprint patterns on the genomes they affect’®. These patterns can reveal
aspects of the cells history’, help in classifying tumors®, and are useful
when identifying mutations important for cancer development’. Due to
the significant role mutations have on carcinogenesis, and what
mutations can reveal in tumors, mutational analysis has become
paramount in cancer genomics.

This thesis will focus on the patterns of mutations generated
from mutational processes, called mutational signatures. Paper I outline
the mutational properties of ultraviolet light (UV), highlighting its
variability across the genome and the sequence properties that governs
the mutational landscape in UV exposed cancers. Paper II presents a
novel bioinformatical tool for identifying sequence patterns that
modulate mutation probability in tumor data. In paper III, we analyze
mutations from patients with multifocal small intestine neuroendocrine
tumors (SI-NETs) to outline the metastatic and mutational properties of
this mysterious cancer type.
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1.1 GENES AND GENOMES

Genetic information is encoded by a four-letter alphabet
comprising the nucleotides adenine (A), cytosine (C), guanine (G) and
thymine (T). Nucleotides are classified based on their biochemical
properties into purines (A and G) and pyrimidines (C and T), and paired
together along the DNA double helix into so-called Watson-Crick pairs
such that A is always opposite T, and C is always opposite G, making
the two DNA strands mirror images of each other'®. Along most of the
genome are protein complexes known as nucleosomes that DNA is
bound to. They help in packaging the DNA and constitute, together with
DNA, the chromatin. In eukaryotes, the chromatin is further packaged
and organized into chromosomes (Fig 1). Each chromosome has a
centromere, a center point that joins the two sister chromatids together
during cell division'!, and telomeres!'?, regions of the terminal ends of
each chromosome arm that consists of repetitive DNA sequences and
act as a protective buffer against chromosomal shortening.

DNA replication is the process of copying the DNA, which
foregoes each cell division, “mitosis” (or “meiosis” for gametes). The
protein DNA polymerase replicates the genome, starting from
chromosomal regions known as “origins of replication”. Replication of
DNA causes a small number of mutations, contributing to a steady
increase of mutations as we age. The process of cellular growth,
replication and cell division — the cell cycle — is a tightly regulated
operation. It can be divided into separate phases, where the transition
from one phase to the next completes only when cell cycle checkpoints
are passed. These checkpoints are regulated through proteins known as
cyclin-dependent kinases (CDKs) and cyclins. After replication, the two
sister chromatids are separated from each other via mitotic spindles to
opposite ends of the cell. After a growth phase and before the cell
divides, a checkpoint ensures that replication is complete and DNA is
ntact.

The protein coding part of the genome accounts for less than 2%
of the approximately 3 billion nucleotides long human genome. The
remaining non-coding part of the genome contain mostly artefacts from
our evolutionary history that has little or no function, but also regions
that act as binding sites for certain proteins, as well as noncoding RNA
genes.
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Figure 1. Schematic overview of the different levels of DNA organization. From top to bottom:
nucleotides are paired according to Watson-Crick base-pairing along the DNA double helix.
The DNA is then wound around nucleosomes and condensed into chromosomes.

1.1.1 THE CODING GENOME

Protein coding genes consists of blocks of coding DNA
(“exons”) interspersed between non-coding blocks (“introns”). In order
to form a protein, the DNA is first transcribed by RNA polymerase.
RNA polymerase finds a binding site in the regulatory sequence just
upstream the gene transcription start site (TSS), known as the promoter.
There it is recruited to DNA by transcription factors (TFs) in order to
initialize transcription. When it reaches the TSS, the polymerase starts
transcribing the DNA template into messenger RNA (mRNA) — similar
in structure to DNA, but with a different sugar backbone, single
stranded, and with the nucleotide thymine swapped for uracil (U). After
removal of intron sequences, catalyzed by an enzymatic complex
referred to as the spliceosome, as well as adding a 5 cap and poly-A
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tail, the now mature mRNA is ready to be translated into a protein.
Ribosomes attach to the mRNA and reads it in nucleotide triplets
(“codons”). For every codon, a corresponding amino acid is attached
into a polypeptide chain that, when folded, forms the final product — the
protein. Since the genomic alphabet consists of four letters, and every
codon is three letters long, there are 64 possible codons. However, there
are only 20 naturally occurring amino acids, granting some redundancy
to the genetic code — most amino acids are encoded by multiple codons.

The degree of transcriptional activity of a gene, its expression
level, determines the amount of protein products in the cell and therefore
the overall function and behavior — the cells’ phenotype. Multiple
factors affect gene expression levels. Since RNA polymerase is
recruited by TFs, regulation of TFs affects gene expression for genes of
the promoters they target. In order for TFs to attach to DNA, it must find
a suitable transcription factor binding site (TFBS). For this, the DNA of
the promoter needs to be accessible, i.e. not tightly packed in chromatin.
Only if the TFBS is exposed can the TF bind and thereafter trigger
transcription. Binding motifs consists of short DNA segments of
relatively well-defined sequence patterns. One example is the ETS
transcription factor family, which binds to a core motif of “TTCC”!3:14,

1.1.2 THE NON-CODING GENOME

The majority of cancer genomics research has been devoted to
the coding regions of the genome. This is no surprise, since protein
coding genes have a direct link to cell phenotype. However, the non-
coding genome is not entirely non-functional. As mentioned above,
promoters are non-coding genomic regions upstream of protein coding
genes that directly affect gene expression. These regulatory regions are
accompanied by enhancers and silencers. Enhancers, much like
promoters, stimulate transcription and act as mount points for TFs, but
may be positioned far away, either upstream or downstream of the gene
it regulates. The bending of DNA allows TFs bound to enhancers to
interact with the protein complex positioned on the promoter to
stimulate transcription. TFs that associate with the promoter directly
rather than bind to enhancer regions are also known as “general
transcription factors” (GTFs). Silencers, on the other hand, are segments
of DNA that can be bound by regulatory proteins called repressors,
which have a negative effect on transcription. Further regulatory regions
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are insulators, which also repress transcription. CTCF binding domains
may act as insulators'>. These are anchor points for CTCF proteins that
change the three-dimensional structure of DNA, creating boundaries for
TFs at enhancers to interact with promoters!®.

Other functional components of the non-coding genome include
genes that are transcribed, but the resulting RNA isn’t translated to a
protein, called non-coding RNA (ncRNA) genes. This includes
ribosomal RNA (rRNA) that constitute essential parts of ribosomes,
transfer RNA (tRNA) that carry amino acids to the mRNA template
during protein synthesis, as well as other ncRNA genes that has
functional roles in shaping the cell phenotype through altering the
transcripts of other genes or through gene silencing!’. Although
regulatory regions and non-coding RNA genes constitutes important
non-coding regions for cell development, the vast majority of the non-
coding genome is, after all, non-functional. Traces from ancestral viral
infections and retrotransposon activity constitute approximately half of
the genome and generally have no active function in the cell!®.

1.1.3 THE EPIGENOME

In 1942, embryologist C. H. Waddington formulated the concept
of epigenomics in the following way: “We certainly need to remember
that between genotype and phenotype, and connecting them to each
other, there is a whole complex of developmental processes. It is
convenient to have a name for this complex: ‘epigenotype’ seems
suitable“". Tn the modern day, epigenetics refers more specifically to
the mechanisms which governs gene activation and inactivation, and
therefore the link between genes and their products®’. There are two
types of epigenomic information incorporated on top of the DNA
sequence that affects gene expression: nucleotide methylation and
histone modifications.

Proteins known as DNA methyltransferases (DNMTs) can
transfer methyl groups and attach them to cytosines at the fifth carbon
of the cytosine, forming 5-methylcytosines (5SmCs)?!. 5SmCs represent
the minority of cytosines in the genome, as they form almost exclusively
at CpG sites (‘p’ here referring to the phosphate bridge that joins
adjacent nucleotides), which are rare due to 5mCs frequently
deaminating into thymines®2. The exception are CpG-islands, regions of
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unusually high GC-content that remain unmethylated®’. When cytosines
are methylated in promoter regions, gene expression is reduced?*?>,
Alterations in promoter methylation can bring selective advantages to a
cell and therefore play a role in tumorigenesis?®.

The other type of epigenetic modification is encoded in the
nucleosome subunits, known as histones?’. Every nucleosome consists
of eight histones, H3, H4 H2A and H2B, each appearing twice. These
histones have long peptide chains, termed N-terminal tails, extending
from the histone core. Amino acids on these tails can be modified by
specialized proteins. Certain amino acid modifications results in
stimulated expression, such as acetylation of lysines at position 9 and 14
of nucleosome H3, or reduced expression when lysines at position 9 or
27 are methylated?-2°,



Markus Lindberg

1.2 CANCER EVOLUTION

Cells that aren’t gametes (egg or sperm) are so called “somatic”
cells. Their genomic composition is not inherited by future human
generations, but when they divide, they pass their genetic material onto
the next cellular generation. Between cellular generations, mutations
induce variability among genotypes, providing natural selection an
opportunity to favor some of these variants. Tumor development is
therefore best understood as an evolutionary process, where a somatic
cell with a selective advantage spreads more effectively than its
neighbors and, if the right set of characteristics is acquired, may initiate
cancer formation. Once tumor growth is initiated, the cycles of mutation
and selection continues and may result in subclonal populations arising.
The subclonal cells have a genotype inherited from the original tumor
clone but with additional acquired mutations and characteristics (Fig 2).
On the scale of millennia, metazoans have evolved systems to handle
cells that go awry, inhibiting their expansion or completely eliminating
them?® in order to increase the fitness of the host rather than individual
cells — barriers which cells must overcome in order to become
malignant.

Mutation Selection and clonal Clonal and subclonal
expansion expansion

Figure 2. Somatic evolution through mutation and selection. Blue cells are mutants
with a selective advantage, resulting in clonal expansion. Yellow cell is eventually
eliminated (negative selection), and the cell cycle of the green mutant cell is halted.
Further cycles of mutation and positive selection generate a subclonal population
(purple) originating from the blue mutants
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1.2.1 THE HALLMARKS OF CANCER

In 2000, and later updated in 2011, an influential review paper
was published where the authors classified cancer-related cellular
characteristics into six, and later ten, distinct categories®'3? (Fig 3).
These categories are termed “the hallmarks of cancer”.

Sustaining proliferative signaling is crucial for tumorigenesis,
and refers to a cancer cells ability to continually grow and divide via
growth signaling. Typically, growth factor receptors (GFR) on the cell
membrane signals the cell to grow and divide only when extracellular
growth factors (GF) is bound to it. Cancer cells, however, break free
from their dependence of neighboring cells and may signal growth
despite a lack of GFs from the environment. When doing so, defense
mechanisms are in place that, unless proliferation is appropriate,
typically stop cell growth and division. Inactivation of genes involved
in regulation of cell-cycle checkpoints is an example of how tumors may
avoid growth suppressors>>.

Sustaining Evading
proliferative growth
signaling SUPPressors

Deregulating Avoiding
cellular immune
energetics destruction

)

Resisting Enabling
cell replicative
death immortality
Genome Tumu_r-
instability & : pmmotm_g
mutation inflammation
Inducing Activating
angiogenesis invasion &
metastasis

Figure 3. The hallmarks of cancer. Adapted from Hanahan & Weinberg (2011).
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If the two mentioned hallmarks are achieved, the cell will
proliferate at an abnormally high rate. It then faces a new problem: the
terminal ends of the chromosomes, the telomeres, shorten each time a
cell divide. When enough material is removed, the cell typically enter
senescence or apoptosis®4, or this will otherwise lead to chromosomal
damage®-. One way in which a cell might reach replicative
immortality is through overexpression of the gene 7ERT, which
encodes for telomerase reverse transciptase’’. This is a crucial subunit
of the telomerase complex, responsible for elongating the telomeres.
The capacity to elongate telomers is crucial for gametes and stem cells
where TERT is typically expressed, but is downregulated in
differentiated cells. There are also mechanisms that trigger apoptosis for
other reasons, such as errors during cell division. A developing tumor
cell need to resist cell death (apoptosis) signals in order to continue
proliferation.

The availability of oxygen and other nutrients limits the size a
tumor can reach. Tumors can increase its growth capacity if it induces
angiogenesis, the process where additional blood vessels are recruited
to the tumor to increase nutrient availability’®. Secretion of certain
growth factors can stimulate angiogenesis and increase nutrient supply
to the growing tumor. An aggressive tumor may finally activate
invasion and metastasis and thereby spread to the surrounding tissue
and distant organs.

Other hallmarks specify characteristics that are ‘“enabling”
tumorigenesis, i.e. create conditions where the progression toward a
cancer is more likely via the already mentioned hallmarks. Genome
instability and mutation causes cells to more readily generate new
genotypes that may be beneficial for the tumor. Similarly,
inflammation leads to generation of reactive oxygen species (ROS).
ROS have been observed in most cancer types and causes mutations
when interacting with DNA?°, Finally, many cancers display alternative
metabolic processes (deregulating cellular energetics) and manage to
avoid the immune system, these two characteristics are termed
“emerging” hallmarks.
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1.2.2 TUMOR SUPPRESSORS AND ONCOGENES

The two main classes of cancer genes are tumor suppressors
(TSG)* and oncogenes. Tumor suppressors, as the name implies,
restrict cell activities that lead to the formation of a tumor, such as
growth and proliferation. Oncogenes, on the other hand, are genes that
promote such activities. They encode proteins necessary for normal cell
progression, but can be overly active in tumors.

TUMOR SUPPRESSORS

TSGs encode proteins whose function is to prevent the cell from
forming tumor characteristics. The roles of tumor suppressors include
repressing growth stimulating activities, regulating cell cycle
checkpoint, DNA maintenance and repair, and apoptosis. Mutations that
inactivate tumor suppressors are often crucial for a cell to develop into
a tumor.

An example of a frequently mutated TSG is PTEN, a key gene
in the PI3K-AKT-mTOR signal transduction pathway*!. In this
pathway, PI3K attaches a phosphate, or “phosphorylates”, PIP2 into
PIP3, which eventually leads to cell growth stimulation via downstream
targets. PTEN antagonizes this pathway by restricting phosphorylation
of PIP2 and therefore keeps cell growth in check*'**2. Mutations in PTEN
are frequent in multiple cancer types, including glioblastoma, prostate,
and breast cancer*’.

Other TSGs takes the role of “caretakers”, such as DNA repair
genes. Rather than restricting cell growth directly, they aid in keeping
the integrity of DNA intact and therefore reduce the risk of TSG
inactivation or oncogene upregulation. BRCA I and BRCA?2 are caretaker
genes commonly mutated in ovarian and breast cancer***°. They are
crucial components in a DNA repair pathway known as “homologous
recombination” (HR). HR is responsible for fixing double strand breaks
(DSB). An inability to repair such damages translates to an increased
frequency of genomic alterations.

Of all TSGs, the most frequently mutated in cancer is 7P53*
which encodes the tumor protein p53 and is mutated in as much as 50%
of cancers. The role of p53 is multifaceted, including genomic
maintenance and cellular stress response*’#8. An important role of p53

10
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is its ability to activate apoptosis in damaged cells, inhibiting possible
tumor progenitors from polluting the cell population®’.

ONCOGENES

Oncogenes are normal genes that promote cell growth and
division. They typically take the role of growth factors (GFs),
transcription factors (TFs), receptor tyrosine kinases (RTKs), or signal
transducers. Upregulation or incorrect activation of oncogenes may give
the cell a selective advantage.

The protein family RAS, containing HRAS, KRAS and NRAS, are
among the most frequently mutated oncogenes in cancer’®!. In
pancreatic cancer, KRAS is mutated in roughly 90% of all patients>>>3.
RAS proteins together with RAF, MEK and ERK constitute the MAPK
pathway that stimulates cell growth, where RAS proteins act as an
intermediate signaling protein early in the signal transduction cascade.
RAS is typically mutated at a few hotspot positions that leads to over-
efficient signaling to downstream targets®.

The transcription factor MYC is often upregulated in cancer
cells®®. MYC stimulates transcription of multiple genes that leads to
increased growth and proliferation and is particularly important in stem
cell differentiation®’, and is therefore under normal circumstances
tightly controlled by various proteins®®.

11
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1.3 MUTATIONS IN CANCER

Mutational processes are driving forces in carcinogenesis. In
most cancers, a combination of mutated TSGs and oncogenes is the
underlying cause for tumor formation. Non-coding mutations in regions
that regulate expression of TSGs or oncogenes may also be under
positive selection during tumor formation®®, although this is far less
frequent than coding mutations®®. Mutations can range from large copy
number changes and structural variants (affecting regions larger than 1
kb), to small insertions and deletions (indels) and nucleotide
substitutions.

The first recurrent genomic alteration to be discovered in cancer
was the “Philadelphia chromosome” — a translocation where the ends of
chromosome 9 and 22 are swapped, resulting in two genes, BCR and
ABL, being fused together on chromosome 22 and producing a new
oncoprotein encoded by the combined genes®!®2. Similarly, prostate
tumors often carry large 3 Mb deletions on chromosome 21, causing the
two genes TMPRSS?2 and ERG to form a fusion oncogene®.

Base substitutions are mutations that substitute one nucleotide
for another, resulting in a single nucleotide variant (SNV). Typically,
SNVs are denoted as “reference-nucleotide > variant-nucleotide”, for
example “C>T” would imply a cytosine to thymine substitution. It is
common practice to denote substitutions with reference to the
pyrimidine strand (C>T instead of G>A [on the complementary strand],
for example). SNVs are very common in most cancers and can originate
from numerous different processes. The effect of an SNV in the coding
region of a gene can be classified based on its effect on the resulting
protein. If the resulting amino acid remains unaffected by an SNV, the
mutation is said to be “silent” or “synonymous”. If the amino acid
sequence changes, the SNV is referred to as a “missense” or “non-
synonymous” mutation. The TSG 7P53 often carries a non-synonymous
substitution in one of its alleles.

It is common to denote the affected amino acid change in
superscript of the gene symbol, for example, BRAF"%’E denotes a
mutation in the gene BRAF that substitutes the amino acid valine (V) for
glutamic acid (E) at the amino acid position 600, or simply BRAF"%%,
depending on the context.
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“Nonsense” mutations are those where either the start codon is
removed (“start-loss”) or a premature stop codon is generated (“stop-
gain”), resulting in a disrupted product.

Indels are mutations that adds or removes short nucleotide
sequences in DNA. Indels cannot be determined down to complete base-
pair resolution if they arise in repetitive regions. They occur in tumors
less frequent compared to SN'Vs, but if they hit coding regions of a gene,
they will often result in the reading frame being shifted, a “frameshift”
mutation. Frameshift mutations leads to new amino acid chains and can
therefore never be silent. The most common effect from non-silent
mutations are “loss-of-function” mutations, meaning that whatever
function the protein had was lost after the gene encoding for it was
mutated. Loss-of-function mutations in TSGs are common in cancer.
Rarely, a mutation may cause a gain-of-function instead, where novel
functionality of a gene is obtained as a result of being mutated. This is
the case for proto-oncogenes that, when mutated, give rise to oncogenes.

Cells genomes vary greatly in their mutational landscapes, in
terms of mutation types as well as mutational load*%*. Since mutations
arise over time, older individuals carry a greater mutational load.
Furthermore, tumors may develop mutator phenotypes with increased
mutation rates®. A significant determinant on the mutational landscape
of a cell comes from its past exposure to mutagenic processes. As tumors
from different cancers are exposed to different mutagenic processes,
they vary considerably with regard to mutation load and type (Fig 4).
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Figure 4. Variation in mutation load and mutation type among tumors (SNVs only). On top,
number of mutations per sample (log scale). On bottom, pyrimidine-based mutation type. Data
from PCAWG downloaded via dcc.icgc.org.
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1.3.1 DNA DAMAGE AND REPAIR

The catalogue of mutations in a cell is the result of DNA
damaging agents and a failure to repair the damages they induce. Once
a mutation is embedded in the genome, there is no going back to its
original state. DNA repair pathways are therefore essential in keeping
cells intact. As mentioned earlier, DNA polymerase does in rare cases
insert incorrect nucleotides opposite the template it is reading from
during replication. Mismatch repair (MMR) is responsible for
identifying and repairing such errors as well as indels®®, which otherwise
leads to mutation. Inactivated MMR cause genomic instability. People
born with inhibited MMR are predisposed for multiple cancer types such
as colorectal and endometrial cancer®’. Nucleotide excision repair
(NER) is a repair system that is specialized at repairing bulky lesions,
such as those generated by UV light or tobacco smoke®®. Xeroderma
pigmentosum is a disorder characterized by inhibited NER that leads to
several implications, ultra-sensitivity to UV being one of them®.
Another repair pathway specialized at repairing small lesions is base
excision repair (BER). BER repairs damages on individual bases that
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have formed through deamination, oxidation or methylation”. The
phosphodiester backbone of DNA can also be damaged, leading to
single strand breaks (SSBs) or double strand breaks (DSBs). SSBs,
which can be repaired by BER, may cause the replication machinery to
collapse if the damage is encountered during replication’’’2, A DSB
results in free ends of the DNA which can be catastrophic, and often
lead to cell death. DSBs can be repaired via homologous recombination
(HR), non-homologous end joining (NHEJ) or microhomology-
mediated end joining (MMEJ)”3. HR works by utilizing the homologous
sequence of the other chromosome as a template for synthesizing DNA,
whereas NHEJ and MMEJ ligates the two ends of the DSB together’.

1.3.2 DRIVERS AND PASSENGERS OF CANCER

Mutations that are under positive selection, such as inactivation
of TSGs or upregulation of oncogenes, are termed “driver” mutations.
A tumor typically contains only a handful of driver mutations’, and
these are severely outnumbered by so called “passenger” mutations,
referring to those that have cumulated during the cells past history but
doesn’t affect tumor progression. A significant portion of cancer
genomics research is devoted to identifying driver mutations and
separating them from passengers, as this could reveal potentially new
targets for cancer treatment’>. Pinpointing driver events is a needle-in-
a-haystack type of problem, as passenger mutations constitute such a
dominant proportion of all mutations found in a tumor. A common
technique when separating drivers from passengers is to search for
patterns of recurrence in large cancer cohorts’®, assuming positive
selection should favor drivers and make them overrepresented compared
to passengers. This approach works generally well for the most
frequently mutated cancer genes. However, when genome-wide driver
detection was in its infancy, researchers demonstrated that overly
simplistic assumptions with regard to mutation rates across the genome
and among tumors could easily lead to false findings of driver events if
recurrence alone is used as a metric for positive selection’”’8,

An example of recurrent passenger mutations across cancer
cohorts is the frequently mutated gene 77N. Because of mutations in
TTN so often being found in tumors, it was initially believed to be a
driver gene”. Despite having a role in other illnesses®, the reason for it
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frequently appearing as mutant in cancer cohorts is because of its sheer
size — TTN is the largest gene in the genome, with over 300 exons and
covering more than 100,000 nucleotides®!. Cancer genomes are
therefore relative likely to carry mutations somewhere in this vast gene
out of pure chance.

1.3.3 VARIABLE MUTATION RATES ACROSS THE
GENOME

Although mutations arise randomly, multiple factors influence
mutational probability, leading to variable mutation frequencies across
the genome. Highly mutable regions will more often present as mutated
in cancer cohorts and can therefore appear similar to driver events with
regard to mutational recurrence. In order to separate drivers from
passengers, it is therefore vital to assess the likelihood of a gene or DNA
locus being mutated when selection is absent. Only when we have
reliable null models describing mutation frequencies in the absence of
selection can we draw conclusions about selection influencing mutation
rates.

Proteins bound to DNA, such as transcription factors and
nucleosomes, are known to affect mutation rates both through
differential damage formation as well as DNA repair®?-*°, NER, which
repairs lesions formed by UV and tobacco smoke, can access DNA more
easily in regions spanning between nucleosomes than DNA wound
around the nucleosome core, creating a periodic pattern of repair
efficiency that influence mutation rates (Fig 4)%. Furthermore, binding
of the insulator protein CTCF is also associated with elevated mutation
rates in some cancers®’®8, and E-twenty-six (ETS) transcription factors
bound to active promoters increase mutation frequencies in
melanoma®>#,

Other factors that influence mutation frequencies are chromatin
state and replication timing. These features affect mutations on a much
wider scale. Late replicating heterochromatic regions display larger
mutation burden than does early replicating euchromatic regions due to
variation in repair activity®*°!.
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Figure 5. Nucleosomes bound to DNA affect repair efficiency and the resulting mutation rate.
Adapted from Gonzales-Peres et al. (2019)

SEARCHING FOR SIGNALS OF SELECTION

The naturally occurring mutation variability under neutral
selection means that frequent passengers and infrequent drivers cannot
be separated based on mutational recurrence alone. This has led to the
development of bioinformatical tools that incorporate these covariates
in their models. MutSigCV was the first tool that integrated important
features of mutational heterogeneity for assessing the significance of
recurrent mutations in tumor cohorts, including replication timing and
sequence composition®?.

An important aspect of mutations in coding genes is the effect it
has on the protein product. As mentioned earlier, mutations in coding
regions can be either synonymous (leaving the resulting protein
unaffected) or non-synonymous (changing the polypeptide chain). If the
normalized fraction of non-synonymous mutations over synonymous
mutations at a locus (denoted dN/dS) is above 1, this indicates positive
selection, around 1 means neutral selection, and below 1 means negative
selection (also known as purifying selection). The tool dNdScv
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specializes on mutations in coding regions and estimate signals of
selection based both sequence composition and dN/dS ratios’®.

1.3.4 MELANOMA AND ULTRAVIOLET LIGHT

Melanoma is a skin cancer with more than 100,000 new
diagnoses in Europe 2020. It arises in melanocytes, a cell type
responsible for generating the pigment melanin. The main source of
mutations in melanoma is exposure to UV light. When DNA is radiated
by UV, adjacent pyrimidines may form cyclobutane pyrimidine dimers
(CPDs)?? or 6-4 pyrimidine-pyrimidones (6-4 PP)’*. These bulky lesions
are unnatural configurations of the DNA strand that, unless repaired
through NER, may cause mutations. CPDs, the most common UV
lesions, are considerably unstable. Cytosines within CPDs are prone to
deamination, a process that cause the cytosine to resolve into the
nucleotide uracil®. Uracil, which doesn’t naturally occur in DNA is a
thymine analog, and will cause DNA polymerase to introduce an
adenine opposite the uracil during replication. When the adenine-
containing strand is used as a template in the next iteration of genome
replication, it will be paired with a thymine. The complete process
results in a cytosine being substituted for a thymine on one strand, and
its complementary guanine being substituted to an adenine. Using the
pyrimidine strand as reference, this is a C>T mutation. Since UV almost
exclusively generates C>T mutations (and some CC>TT), they have
sometimes been referred to as “UV-signature” mutations®.

DRIVER MUTATIONS IN MELANOMA

The most frequent driver mutations in melanoma are substitution
mutations BRAFV600E 9697 NRAS9%! %8 as well as mutations in the TERT
promoter” !9, Both BRAF and NRAS are involved in the MAPK
signaling pathway leading cell growth stimulation through activation of
MEK and ERK®7192 Although the most highly recurrent mutation in
melanoma, BRAF"5F alone isn’t enough to develop a tumor, as these
mutations are also frequent in common nevi'®. Less frequent BRAF
driver-mutations are BRAF"%%K and BRAF"0"R 194 Other melanoma
drivers also exists, including 7P53, but mutations in these genes are not
as common’®. The second most frequent mutation in melanoma is in the
promoter of the gene RPL13A4%. This gene encodes a ribosomal protein,
and is a frequent passenger mutation. I repeat: the second most common
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mutation in melanoma is a passenger mutation! In fact, if you were to
sample melanoma patients in order search for driver mutations based on
the most recurrent mutations, you would mostly find passengers, save
for the few drivers already mentioned.

TTCCG PROMOTER HOTSPOTS

Melanomas harbor an unusual number of recurrent mutations in
promoter regions!%. In 2017, Fredriksson et al. showed that most of the
recurrent mutations in promoters from melanoma all share a common
sequence pattern of “TTCCG™*, where 28 of the 32 highly recurrent
promoter mutations were within or flanking this motif. The most
common mutations are in cytosines just upstream this motif, or
sometimes two positions upstream. It had already been reported that
binding sites for ETS transcription factors was commonly mutated in
melanoma, which have a consensus binding motif of “TTCC”!3:106,
Since most of the recurrent promoter mutations was of genes that lacked
any obvious relationship to tumor development, and because the same
motif reappeared as mutated in multiple promoters and at very distinct
positions, relative the motif, these were suspected hotspot passenger
mutations that somehow was ultrasensitive to UV irradiation due to TF
binding from ETS transcription factors. This hypothesis was confirmed
after an experiment where cells were subjected to UV light followed by
ultrasensitive amplicon sequencing, resulting in elevated mutation rates
primarily at CTTCCG sites (mutated base underscored)®. Two
independent studies later showed that these effects could be explained
by binding of ETS factors that made the DNA susceptible to CPD
formation as well as reducing repair efficiency, leading to an increased
mutation rate®*3° (Fig 6).
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Mutation frequency

Figure 6. When ETS transcription factors are bound to promoters, cytosines
upstream the ETS binding site becomes ultrasensitive to UV and are prone to form
CPDs which lead to increased mutation rates at these sites.
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14 MUTATIONAL SIGNATURES

Mutational processes engrave unique fingerprints in the pattern
of mutations generated from their activity, known as mutational
signatures®®. The concept of mutational signatures originated in 2012,
where researchers analyzed the genomes of 21 breast cancers®. By
separating mutations into six possible substitution types, i.e. C>A, C>G,
C>T, T>A, T>C and T>G, and counting the number of SNVs falling
into each category for each tumor sample, they showed that different
breast cancer subtypes display vaguely different patterns in terms of the
relative mutation frequency in each of the six “channels”. Following
this, they increased the resolution by also considering the adjacent
nucleotides of mutated bases, separating each individual mutation type
into 16 channels (four possible nucleotides on each side of the reference
base) amounting to 96 trinucleotide channels in total. They then
assumed that the variation in trinucleotide mutation profiles between
different tumor samples could be derived from the variability in
exposure to different mutational processes. This led to two questions: 1)
what does the trinucleotide profiles of the individual underlying
mutational processes look like, i.e. their mutational signatures? And 2)
how does the relative contribution from these mutational processes vary
among tumor samples? Notably, any one question is trivial to solve if
one knows the answer to the other, but the authors had answers to
neither. They therefore applied a technique known as non-negative
matrix factorization (NMF) to answer both questions in one go.

1.4.1 MUTATIONAL SIGNATURE ANALYSIS

Mutational signature analysis commonly refers to one of two
things: signature “extraction” or signature “fitting”. The NMF
algorithm, as mentioned above, does both!?’. It’s an unsupervised
learning technique, which relies on the assumptions that trinucleotide
mutational profiles in a set of tumors are derived from exposure to a
limited set of mutational processes, which all have their unique
signatures, and that the relative exposure from all processes varies
between tumors. Results from NMF will reveal both the trinucleotide
mutational profile for the underlying processes, extracting their
signatures, as well as their relative contribution in each tumor sample,
fitting signatures to tumors. The individual trinucleotide profiles of each
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tumor can then be approximated through weighted sums of the
mutational signatures.

Other techniques rely on the profiles of mutational processes
being already known, and only perform the fitting of signatures to
individual tumor samples!'®-11° In these circumstances, there is no need
to assume variability in exposure to mutagenic processes between
tumors, since signatures are fitted to tumor samples independently.
However, when there is a large number of possible signatures available
during fitting, multiple different signature combinations may provide
satisfactory results, if one only considers goodness of fit. Noisy data can
therefore give results that “looks good” but doesn’t necessarily reflect
the true underlying exposures.

1.4.2 A COMPENDIUM OF MUTATIONAL
SIGNATURES

The following year, a landmark paper was published where
researchers analyzed more than 7000 cancer samples with regard to
trinucleotide mutational signatures®. Using similar methods as the 2012
paper, they identified and validated 21 different mutational signatures,
most of which represented processes of unknown etiology, but were also
able to link signatures to known processes (some of which can be seen
in Fig 7). Signature 1 correlated with age and was found in over 60% of
tumors, characterized by C>T mutations at XpCpG contexts (X being
any base), explained by deamination of methyl-cytosines into thymines
frequently located at CpG sites!''. A C>A dominated signature
correlated with exposure to tobacco smoke. Tobacco smoke cause bulky
adducts of the DNA that may result in C>A mutations!!'?. One signature
correlated with samples carrying germline BRCA mutations — genes
frequently mutated in breast and ovarian cancer, which leads to inhibited
repair of DSBs via homologous recombination*. Defective MMR was
linked to another signature, and a UV specific signature was also
identified, both signatures dominated by C>T mutations. However, the
trinucleotide context makes these signatures separable. Apart from
aging, the most common signature found was one related to the protein-
family known as apolipoprotein B mRNA-editing enzyme catalytic
peptide (APOBEC). APOBEC proteins, unique to vertebrates!!®, are
enzymes that are able to alter DNA and RNA molecules by deaminating
cytosines' 4.
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Figure 7. Trinucleotide signatures for 5 mutagenic processes. Each bar represents the relative
probability of a substitution in the given trinucleotide context. The dot in each trinucleotide
context symbolize the corresponding substitution, color encoded. Data from COSMIC,
downloaded through cancer.sanger.ac.uk/signatures. These are “version 2 signatures
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Some signatures displayed transcriptional strand bias. During
transcription of a gene, transcription coupled repair (TCR) repair
damages on the transcribed strand, but leaves the non-transcribed strand
untouched'!>.

The trinucleotide profiles of mutational processes provide
essential insights into the mutagenic properties active in tumors and how
their mutational landscapes are formed. The catalogue of somatic
mutations in cancer (COSMIC) lists all known and unknown
trinucleotide signatures to date (cancer.sanger.ac.uk/signatures). Since
its initial release in 2015, mutational signature research has continued to
explore avenues of mutational heterogeneity and its properties, and as
of September 2021, there are now 57 validated signatures (60, if you
consider the different variants of SBS 7).

Although commonly associated with SNVs, mutational
signatures of other mutation types exist as well, including indel
signatures. Indel positions, however, cannot easily be determined on the
same single-base resolution as SN'Vs, nor are the mutation types as clear
cut as for SNVs, which has led to other types of representations for indel
signatures than the classical trinucleotide context used for SNVs. The
work presented in this thesis revolves around SNV-based signatures
only.

NORMALIZED AND UNNORMALIZED SIGNATURES

As demonstrated by the variation in trinucleotide profiles of
different mutational signatures (Fig 7), the sequence composition at a
genomic position has a major influence on mutational probability. For
many processes there are certain mutations in specific sequence contexts
that account for almost all mutations. Both UV and spontaneous
deamination very exclusively generate C>T mutations. UV is specific
with regard to dipyrimidine contexts (trinucleotides where the middle
cytosine is adjacent to a T or a C), and spontaneous deamination happens
almost always at CpG sites. However, it’s easy to underestimate how
specific spontaneous deamination is to CpG sites based on the
trinucleotide signature in Figure 7. Although C>T mutations at CpG
sites clearly dominates, there seems to be a baseline of all kind of
mutations. However, CpGs are rare in the genome. If we instead were
to look at mutation rates normalized to the trinucleotide background
frequency of the genome, the “vague baseline” of mutations would
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disappear almost completely in the deamination signature (Fig 8). And
TCC, the highest peak in the UV signature, is actually not the sequence
context that most easily mutate. TCC trinucleotides are rather common.
TCG trinucleotides, however, are not, and the latter context is in fact the
most UV-sensitive trinucleotide.

Cytosine deamination UV radiation
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Figure 8. C>T component of two mutational signatures. Colors indicate raw weights versus
weights normalized to the trinucleotide background firequencies

The choice of using normalized versus non-normalized
representations of trinucleotide profiles depends on the type of analysis
one is conducting. In order to determine properties of specific
mutational processes, it’s necessary to normalize for the background
frequency, as it’s otherwise impossible to separate mutagenic attributes
from the underlying genome being analyzed. If, for example, one
compares different genomic regions with regard to mutational
signatures, it’s important not to let differences in background
frequencies between these regions pollute the signal.

However, when performing signature extraction via NMF, or
using already known trinucleotide signatures and “matching” them
against some mutation data of interest, for example to reveal the
processes underlying the observed mutations in a certain cancer cohort,
using non-normalized signatures becomes more reasonable. If
normalized trinucleotide profiles are compared to normalized
signatures, the “signature weight” for the trinucleotide profiles analyzed
cannot be easily interpreted. Using un-normalized data and signatures,
however, will yield weights that represent the amount of mutations in
data that can be attributed to each process.
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1.5 CANCER GENOMICS IN THE POST-
GENOMIC ERA

The complete sequence of the human genome was determined in
2003 after over a decade of collaborative effort from multiple research
organizations and a $3 billion budget'®, and marks the start of what we
now call the “post-genomic era”. Since then the cost-efficiency of DNA
sequencing has developed at an almost unimaginable rate (Fig 9).
Thanks to genome sequencing now being affordable to many research
groups, the annual output of sequencing data are reaching tens of
exabytes (exabyte = 1 billion gigabytes) worldwide, making genomics a
“big data” research field!''®. This progress in sequencing efficiency is
due to the advent of massively parallel sequencing, also known as high
throughput sequencing (HTS). HTS can be applied to different targets
of a tissue, such as its available mRNA (“RNA-seq”), its coding
sequences (whole exome sequencing, “WES”/”WXS”), or the complete
genome (whole genome sequencing, “WGS”). Other variants exist as
well. This thesis deals with WGS data only.

$100,000K -

$1,000K -

Sequencing cost per genome

$10K -

2005 2010 2015 2020

Figure 9. The cost of sequencing one human genome (log-scale). Data from the NHGRI
Genome Sequencing Program (GSP). Available at: www.genome.gov/sequencingcostsdata.
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1.5.1 HIGH THROUGHPUT SEQUENCING

Multiple approaches for HTS exist. The dominating technology
is the “sequencing by synthesis” method produced by Illumina. The
output from I[llumina sequencing is massive amounts of short pieces of
sequence data (75-300 bp “reads”). These reads are typically compared
against a reference genome (“alignment”) or assembled into longer
contigs (“genome assembly”) before further analysis. Illumina
sequencing starts with DNA being fragmented and the ligation of
adapters — short oligonucleotides with a known sequence — to the ends
of the fragments. This allows amplification of the fragments by PCR and
subsequent binding to complementary oligonucleotides on a two-
dimensional surface in a flow cell. After another round of amplification
which results in clonal clusters of DNA molecules on the surface
(“bridge amplification”), the DNA is then used as a template for
synthesizing complementary strands, where fluorescently tagged dNTPs
are added in cycles, one at a time. The number of cycles for adding
dNTPs determine the final read length. At each cycle, the sequencing
machine scans the 2D surface, effectively taking a color picture of all
clusters where the colors emitted by the fluorophore at each cluster
reveals the identity of the last incorporated nucleotide. After the
sequencing is complete, each read is represented in a digital file format
known as “FASTQ”. In case of paired-end-sequencing, both ends of the
DNA fragments are sequenced, resulting in the additional information
of the two reads being separated by a relatively well-defined gap length,
usually between 300 and 500 bp'!”. The number of reads produced
relative to the genome size is known as the sequencing “coverage”. 30X
coverage means that each position in the genome is on average covered
by 30 reads. For multiple reasons, the actual read depth (the local
coverage) will vary across the genome.

DATA PROCESSING

The FASTQ data contains both nucleotide-sequence data and
base- quality data. Reads of low quality are typically removed before
further processing. During Illumina sequencing, the start and end of
each read more often contain errors than the rest of the read!'®. Via
inspection of base qualities and nucleotide overrepresentations, a few
bases at the read flanks may be cut away, known as “trimming” the
reads. In species with an already known genome, such as human, the
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reads are then aligned against the reference genome. Aligning is the
process of matching the sequence reads against a reference in order to
infer its origin. There are a few challenges when it comes to accurately
determine a sequence reads’ origin. Errors before or during sequencing
is an obvious source of misalignment. But even with ideal data, the
reference genome contains multiple regions of high similarity (in
human) which may cause problems when a read is matched against the
reference, giving multiple possible matching coordinates with high
sequence similarity to the read being aligned. Here, paired-end
sequencing is valuable, since both reads of a read-pair, separated by a
gap, need to match against the reference, resulting in higher alignment
accuracy. Nevertheless, many regions, such as long stretches of
repetitive DNA, remain problematic even when paired-end sequencing
is utilized. Other advantages of paired-end sequencing include analysis
of structural variants, where the two reads of a pair may align in unusual
orientation relative to each other, revealing a (possible) source with
DNA segments being translocated.

1.5.2 SOMATIC MUTATIONAL ANALYSIS

The steps taken after alignment depends on the questions being
asked. For mutational analysis, “mutation calling” is the process where
aligned reads are analyzed for mismatches against the reference,
indicating mutations in the original sample. Notably, a base being
wrongly identified during sequencing will appear identical to a mutation
during mutation calling. It’s therefore common to require multiple reads
to support a variant in order to assign mutation to a genomic site. To
ensure that the mutations called are somatic rather than inherited, a
normal sample is also sequenced, containing the patient’s germline
genotype. Only mutations found in the tumor that aren’t in the normal
sample are called somatic mutations.

Variant calling of tumors is challenging due to the genomic
material often being a composite of tumor DNA and DNA from the
surrounding tissue. This is known as tumor purity. For example, a tumor
purity of 50% means that half of the genetic material comes from the
tumor being investigated, and the other half comes from healthy cells
surrounding the tumor. The expected fraction of reads supporting a true
somatic mutation, known as the variant allele frequency (VAF), in a
completely pure sample is 50% of the total amount of reads, since only
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one of the two chromosomes is (typically) affected by mutation. This
means that a lower purity sample, say with 50% purity, have an expected
VAF of only 25%. To make things more complex, genomic
amplifications or deletions will affect the VAF distributions further, and
mutations that are unique to a subclone of the tumor will have an even
smaller expected VAF. Furthermore, even if the expected fraction of
reads supporting a mutation is 50% of all reads (for a clonal mutation in
a diploid region of a completely pure sample), this will follow a
probability distribution where anything between 0 and 100% of all reads
supporting a true mutation is still possible. In the end, some mutations
will avoid detection due to random sampling, and this problem scales
relative to the inverse of sample purity and read coverage.

At the opposite end, many false mutation calls will still pass the
tumor-normal filter (where somatic mutations found in the normal
sample are removed), also due to random chance. It may therefore be
necessary to remove common population variants. These are known
deviations from the reference genome that are common in the human
population. The reference genome is, after all, just one of many possible
human genomes. Despite the many challenges of somatic variant
calling, lots of clonal mutations in non-problematic regions will still be
detectable, given reasonably high tumor purity.

1.5.3 CANCER DATA FORALL

While HTS is becoming affordable to many researchers, the field
of cancer genomics benefit even further from large online repositories
of freely available cancer data. The Cancer Genome Atlas (TCGA)
initiative started in 2006 with the aim of combining competence and
institutions from multiple cancer-related disciplines together to enhance
cancer research. Throughout the years, TCGA has generated petabytes
of cancer-data of different kinds, including WES and WGS data, and
made it all publicly available. This has had huge impacts on cancer
research, providing researchers from around the world with enormous
amounts of cancer data to use in their own analyses
(www.cancer.gov/tcga).

Pan-Cancer Analysis of Whole Genomes (PCAWG) is another
collaborative effort for cancer genomics research made available to the
public. Focused on whole genome-sequencing and well calibrated
pipelines for mutation calling, high quality mutation data which include
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the vast non-coding genome makes PCAWG enormously useful for lots
of researchers around the world.

Cancer genomics today is a data-driven science. However, when
data is huge, finding correlations is easy. Whether or not those
correlations reflect relevant biology is harder to assess, and without
accurate models to manage our expectations, mistakes are bound to
happen. Studies of mutational sequence signatures in cancer genomes is
one attempt at improving our understanding of how mutations arise in
tumors, and correct our assumptions and expectation of mutational
heterogeneity in tumors with regard to DNA sequence patterns.
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2 AIM

The aim of this thesis is to investigate and expand on the current
knowledge of mutational signatures with regard to their sequence
properties, most notably sequence contexts beyond trinucleotides (paper
I & II). Earlier studies have demonstrated that, in melanoma, the
trinucleotide mutational signature fails at capturing important aspects of
ultraviolet light mutagenesis, to the point that recurrence-based methods
cannot separate drivers from passengers. Additionally, UV-induced
C>T mutations are results of CPDs, which are known to form at different
rates depending on the methylation status of cytosines. Cytosine
methylation, being unevenly distributed across the genome, warrant
region-specific analysis of the UV trinucleotide mutational signature.
Furthermore, this thesis explores mutational properties of multifocal and
metastatic cancer in the small intestine (paper III). More specifically,
the objectives are as follows:

1. Explore trinucleotide signature variation across
chromatin states in UV exposed melanoma (paper I)

2. Identify and quantify sequence patterns with modulating
effects on mutation probability (paper I and II)

3. Develop bioinformatical tools that aid in exploration and
estimation of extended sequence contexts effect on
mutation likelihood in tumor data (paper II)

4. Describe the mutational properties and signatures that
underlies small intestine neuroendocrine tumors (SI-
NETs) (paper I1I)
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3 RESULTS AND DISCUSSION

3.1 VARIATION AND EXTENSION OF THE
MUTATIONAL SIGNATURE OF
ULTRAVIOLET LIGHT (PAPERI)

It’s well known that UV light is highly mutagenic, and exposure
to UV light is a risk factor for developing melanoma!!®. The primary
injury to UV exposed cells is formation of CPDs, bulky lesions formed
between two pyrimidines. Unrepaired, these lead to C>T mutations,
which makes the mutational trinucleotide signature for UV almost
exclusively represented by C>T mutations in dipyrimidine trinucleotide
contexts’.

Most of the recurrent mutations in melanoma stem not from their
selective advantage during tumor development, but from distinct
genomic positions ultrasensitive to UV mutagenesis®**>%. Despite
recent progress in modeling of mutational heterogeneity through
mutational signatures, these recurrently mutated positions remain
problematic due the limited scope of trinucleotide models; they cannot
account for sequence patterns beyond trinucleotides, whereas UV
hotspot mutations are typically formed one or two bases upstream the
TTCCG pentamer (see section 1.3.4). Furthermore, these motifs
constitute UV hotspots only in actively transcribed promoters and, as
such, cannot be estimated on a genome wide basis. We therefore set out
to refine the mutational signature of UV light by analyzing its variation
across different chromatin states and integrate longer contextual
sequence patterns in the UV signature model.

3.1.1 DATA SELECTION

We started by selecting a melanoma WGS dataset dominated by
UV mutations. Compared to other cancer types, the mutational
catalogue in UV exposed melanoma is almost exclusively the product
of a single process — UV radiation — rather than a mixture from multiple
processes®. By combining publicly available data from TCGA and
Australian Melanoma Genome Project (AMGP) containing 221
melanoma patients, we selected 130 patients with high mutational
burden and their mutational profiles dominated by C>T mutations in
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dipyrimidine contexts and CC>TT mutations, generating a “high-UV”
dataset. All mutational analysis was thereafter performed exclusively on
C>T mutations.

3.1.2 THE UV TRINUCLEOTIDE SIGNATURE VARIES
BETWEEN CHROMATIN REGIONS AND
DEPENDS ON METHYLATION LEVELS

We first inspected how the trinucleotide mutational signature
varied across different chromatin states. For this we partitioned the
genome into 15 different regions following a “ChromHMM”
segmentation!2%12!; a classification of genomic regions based on histone
marks (see section 1.1.3). The two most easily mutated trinucleotide
contexts from UV light are TCC and TCG contexts, a pattern captured
by the canonical UV trinucleotide signature. However, when analyzing
the trinucleotide signature independently in different chromatin regions,
we demonstrate that promoter-related regions uniquely stands out from
the rest of the genome, with TCC-contexts being the dominant
trinucleotide in promoters, and TCG-contexts dominating in the genome
at large (Fig 10). Furthermore, this scales with expression, with highly
expressed regions showing the strongest peak at TCC contexts, and
therefore the strongest deviation from the canonical UV trinucleotide
signature. Furthermore, we illustrate that this is likely due to variation
in cytosine methylation. CpG contexts, such as TCG, are commonly
methylated throughout the genome, with the exception of actively
transcribed promoters. By dividing the genome into different bins
depending on their CpG methylation-level, we show that there is a
strong correlation between cytosine methylation and the relative TCG
weight in the trinucleotide signature (Fig 10c). These results are in
agreement with earlier studies highlighting the effect of cytosine
methylation affecting CPD-formation and subsequent mutation
ratesi 22123,
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Figure 10. The trinucleotide signature of UV varies across the genome. (A) Genomic regions
related to TSS display a reduction in the relative probability of mutations in TCG-contexts
(arrow). (B) TCG-weight differs between highly expressed and lowly expressed promoters. (C)
TCG-weight correlate with CpG methylation.

We also examined the role of damage formation in the
trinucleotide signature by experimentally inducing CPDs in cells. By
exposing A375 melanoma cells to UV-B radiation, we show that the
relative weight of YCG CPDs (Y referring to either C or T, CPD
formation at underscored nucleotides) increase with methylation levels
when compared against other trinucleotides. This solidify our
conclusions that the variability of the mutational trinucleotide signature
of UV light is mainly explained by methylation levels and its effect on
CPD formation.

3.1.3 EXTENDED PATTERNS OF THE UV
MUTATIONAL SIGNATURE

Next, we sought to expand on the UV mutational signature by
incorporation of longer sequence patterns. To do so, we first
reformulated the UV signature into a logistic regression model, where
the trinucleotide part of the model can estimate a “base mutation
probability” based on the trinucleotide context, and the added terms —
presence or absence of longer sequence patterns — modulate this base
probability. Next, we sampled mutated and non-mutated positions from
the 15 ChromHMM genomic regions separately, and encoded each
position with its trinucleotide context as well as presence/absence of
certain pentamers within a flanking region of +/- 10 bp surrounding the
interrogated site. Through feature-selection, repeated sub-sampling of
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genomic positions, and cross-validation across all 15 ChromHMM
regions, we arrived at a set of pentamers with varying effect on mutation
probability in the different regions.

Expectedly, the strongest effect was observed from TTCCG
pentamers, uniquely so in active promoter regions. However, other
sequence patterns increased mutation probability as well. For example:
TTCGT, TTTCG, and ATCGT all increased mutation rates on a genome
wide scale. Through hierarchical clustering based on pentamer co-
occurrence in the genome, we were able to infer longer patterns as well.
The hexamers TTTCGT and TTTCAT both displayed a stimulating
effect on mutagenesis, validating earlier results where stretches of
thymines has been shown to induce CPD formation!?+!%5,

Finally, we demonstrated that the use of an extended mutational
signature model is warranted in driver-separation endeavors. By
comparing the trinucleotide model to our extended model when
separating promoter driver mutations from passengers, we show that
many of the frequently mutated promoter positions are much more likely
to mutate given the extended model compared to the trinucleotide
model, but the two known driver mutations in the TERT promoter
remain largely unaffected.

In this study, we demonstrate that the mutational signature of UV
is not fixed, but varies across the genome. The variation in trinucleotide
mutation propensity is largely explained by CpG sites being more
susceptible to CPD formation when methylated. Moreover, the
inaccurate estimation of mutation probability at UV mutation hotspots
can be mitigated by extension of the trinucleotide signature, where
incorporation of longer sequence patterns in a logistic regression
framework better explains UV mutagenesis than does the UV
trinucleotide signature.
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32 EXTENDED SEQUENCE PATTERNS IN
MUTATIONAL EXPECTATION MODELS
(PAPER 1 & 1I)

The advent of mutational signatures has led to an increased
understanding of the mutational processes underlying tumor
development. The trinucleotide mutational models used for SNV
signatures report the relative mutation probability for a specific
substitution type based on the reference nucleotide and the two adjacent
bases — its trinucleotide context. However, longer sequence patterns
have also been reported to affect mutation rates®®!26:127 but this is an
understudied area of research.

In paper I, we demonstrate that mutational signature models can
be represented in a logistic regression framework. Mutation probability
can then be estimated with the trinucleotide context as a basis, and
explanatory variables can be added on top of trinucleotide variables that
impose modulating effects on the estimated mutation probabilities. We
use this property in order to estimate the effects of pentamer patterns in
the vicinity of mutated positions in a cohort of UV exposed melanoma
patients.

3.2.1 ATOOLKIT FOR MUTATIONAL ANALYSIS AND
ESTIMATION OF EFFECTS FROM LONGER
SEQUENCE PATTERNS

In paper II we build on this concept further, and develop a toolkit
called contextendR for estimation of mutation probabilities through a
similar approach as in paper I. For such a tool to be useful across cancer
types there are three problems that needs to be solved compared to the
framework in paper I. 1) Mutations (SNVs) come in six different types
(C>A, C>G, CT, T>A, T>C, T>G), something a normal logistic
regression model cannot represent. 2) Longer sequence patterns (k-
mers) are infrequent compared to trinucleotides, and may easily overfit
as a result. And 3) the choice of which k-mers to include in these models
is crucial when doing this kind of k-mer analysis, and some way of
exploring the importance of different k-mers is necessary in order to
make modelling decisions.
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ContextendR uses a multinomial logistic regression (MLR)
model, enabling modelling of multiple outcomes. LASSO-
regularization is applied to k-mer coefficients, resulting in infrequent k-
mers or weak signals having their coefficients shrunk towards zero
rather than overfit. In order to explore k-mer importance, contextendR
implements two-step approach. First, k-mers are scored based on their
effect size and significance via a Fisher-exact test, comparing mutated
versus non-mutated positions for every k-mer of a given size and every
mutation type. The importance of each k-mer is then estimated via a
random-forest fit. A scatterplot will highlight the most informative k-
mers, giving the user a basis for selecting the most relevant k-mers in
the MLR model.

3.2.2 PAN-CANCER SCREEN OF K-MER EFFECTS

We applied our toolkit on 28 cancers, using data from PCAWG.
A total of 53 k-mers passed initial selection procedure, which were then
used for all cancer types during MLR fitting. Although repetitive regions
were removed from the genome prior to analysis, the strongest effects
were from homopolymer patterns and other low-complexity pentamers.
Nevertheless, multiple patterns of higher complexity and with varying
effect were also found (Fig 11). Of these, thymine substitutions were
highly stimulated by ACTTA in stomach and esophageal cancer. Both
ATCAA and CTCAA increased C>G mutational probability across
many cancer types, most notably in cervical- breast- and uterus-cancer,
as well as squamous cell carcinoma of the head. These cancers also
showed increased frequencies of C>G and C>T mutations in the
presence of CTCAG pentamers, a sequence context that otherwise had
attenuating effects on C>A substitutions in other cancer types. In POLE
mutant colorectal cancer, TTCGA has previously been observed with
heightened C>T mutation frequencies in its middle C position!?¢. This
pentamer was indeed found to stimulate said mutation type, notably so
in colorectal cancer. TTTCG, a pattern previously described to increase
C>T mutation rates in both melanoma'?’ and colorectal cancer'?,
increased mutation rates for C>T mutations in most cancer types in this
dataset.

The factors leading to most of these signals are as of yet largely
unknown. It should be noted that some pentamers previously described
as susceptible to mutagenesis were found in this analysis as well.
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3.3 LACK OF DRIVERS, MUTAGENIC
PROCESSES, AND SHARED SOMATIC
ANCESTORS IN MULTIFOCAL SI-NET
(PAPER Ill)

Small intestine neuroendocrine tumors (SI-NETs) often display
a “multifocal” phenotype, where multiple tumors are located in close
proximity in a limited region of the small intestine!?8. SI-NETs also
carry a low mutational burden, and the scarcity of driver events linked
to the development of SI-NET makes this cancer puzzeling!?®!3°, In
paper III, we analyzed the mutational profiles from 11 SI-NET patients,
totaling 61 tumors, comprising 42 primary cancer foci, 14 lymph node
metastases, two peritoneal metastases, and three liver metastases.
Through whole genome sequencing from these tumors, we inspect inter-
tumor relationships and the mutational properties of this intriguing
cancer type.

By analyzing overlapping mutations between different tumors
within each patient, a striking pattern emerged: these multifocal tumors
lack shared mutations, indicating the absence of a common somatic
ancestor (Fig 12). Metastases, on the other hand, could be traced back
to individual primary tumors in all but one patient. In three of the
patients, metastases had arisen from multiple primary tumors,
suggesting that tumors gain metastatic characteristics relatively often in
this cancer type.

In one of the patients (patient 8), the phylogenetic relationship
between tumors suggested two independent metastatic events from one
of the primary tumors.
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Figure 12. Shared mutations and phylogenetic relationships among primary and
metastatic tumors for patient 1.

3.3.1 DRIVER EVENTS AND MUTATIONAL
SIGNATURES

The trinucleotide mutation profiles of all tumors were all very
similar. By matching their profiles to known mutational signatures
provided from the COSMIC database, most mutations in these tumors
were attributed to generic processes related to aging (Fig 13). The
mutational signatures 1 and 5/40 that dominate these tumors are
signatures commonly found in healthy tissues'3!. Adding to this
observation is the low mutation burden observed in SI-NETs, with
similar mutation rates as in healthy neurons'32. Driver events were few,
with 8 tumors carrying CDKNIB mutations being the most frequent
driver mutation observed in this dataset, confirming earlier reports of
CDKNIB being the most common driver mutation in SI-NET!°, This
highlights an important property of SI-NETs; they lack typical cancer
characteristics in terms of mutational signatures and drivers, and are in
that regard more alike normal cells!3!.

The most recurrent genomic alteration observed was
hemizygous loss of chromosome 18, occurring in 32 of the 61 tumors.
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However, there were no consensus in which of the two homologs that
were lost among tumors within a single patient, arguing against loss of
chromosome 18 being a driver event.
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In this study, we show that individual tumors of multifocal SI-
NETs arise independently from each other, while at the same time
developing metastatic phenotypes relatively often. In terms of
mutational signatures, burden, and drivers, they lack typical cancer
attributes. The factors driving SI-NET development remains puzzling.
Speculative explanations are early mutational events in embryonic stem
cells that appear in both tumors and blood, and therefore avoid detection
during somatic mutation calling, or phenotypic alterations as a result of
interactions with the tumor microenvironment.
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4 CONCLUSION AND FUTURE
PERSPECTIVES

Trinucleotide-based models has emerged as the de-facto
representation for mutational signatures regarding SNVs, that due to
their simplicity are both very practical and accessible in mutational
analysis, but also limited in the types of mutational effects they can
detect. We demonstrate that by representing mutational signatures in a
regression framework, longer sequence patterns outside the
trinucleotide context can easily be included, while retaining the
important information that trinucleotides encode. Such “extended”
mutational signature models perform better when separating driver
mutations in melanoma promoters, and may therefore be important
when modeling the mutational heterogeneity in other cancer types as
well. By developing a tool with this precise objective in mind and use it
in a genome-wide pan-cancer setting, we detected multiple pentamers
that carry important information about mutational heterogeneity of 28
cancers.

Mutational signature analysis with regard to longer sequence
contexts is still in its infancy. Most notably, longer k-mers that are
known to affect mutation rates are currently very few, and of the novel
patterns we identify, the underlying mutational processes they link to
are still unknown. Future research should therefore focus on further
exploration of effects from longer sequence contexts, with the aim of
identifying the mutational processes responsible for these patterns.
Furthermore, the trinucleotide representation of mutational signatures
was established in conjunction with the methods for signature
convolution, NMF. The regression-based representation for extended
signatures is not easily transferrable to an NMF-setting, which warrants
other computational approaches for unsupervised learning techniques of
extended signatures.
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Tack for alla langa samtal vi haft om allt sdnt som betyder nagot, och
for alla minnen jag delar med dig.

Martin, Gunnel och Mikael, tack for stunderna vi haft ihop, och
for att jag fér vara en del i familjen. Tack ocksé for sysslorna i Ljurhalla
som  fungerat bra som stressddmpande medicin  under
doktorandperioden.

Farmor och Farfar, tack for alla somrar jag fick spendera pa
kolonin och pa franska gatan. Att griava i komposten och odla och skérda
diverse gronsaker fick mig intresserad av biologi. Utan det intresset hade
jag inte varit dér jag dr idag.

Mormor, tack for musikintresset du gav mig. Och tack for mitt
“Naturlexikon” jag fick som liten, som definitivt bidrog till min
nyfikenhet pd biologi. Den stér fortfarande i bokhyllan, och jag tittar
fortfarande i den emellanat!

Slutligen gér det storsta tacket till den minsta personen. Tore,
tack for allt du givit och ger mig. I skrivande stund &r du endast 50 dagar
gammal, och har sdledes nitt och jdmnt funnits hdr under hela
forfattandet av denna bok. Under de dagarna har det varit stressigt,
Hanna har tagit hand om dig medan jag suttit nedsjunken 1
cancergenomik och mutationssignaturer dagarna i dnda. Nér stressen
blivit overdrivet pataglig har det rickt att umgds med dig i ndgon minut
for att fa perspektiv pd tillvaron och aterga till ett mer sansat tillstdnd.
Varje dag skinker du sa mycket glddje, och jag ar odndligt tacksam for
att du &r en del 1 vart liv.

Figures 1, 2, 5 and 6 was generated through Biorender
(www.biorender.com).
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