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Abstract
The utopian balance between the individual cells of meta-organism, such as humans,
is maintained by a sophisticated web of regulatory mechanisms, that are the results of
at least 3.5 billion years of Darwinian evolution. The complexity of these mechanisms
is what makes the study of living organisms and life in general a fascinating pursuit,
but it is also the main cause why we could not find an ultimate cure against cancer,
this ancient disease yet. Due to the vast number of varying pathways comprising
the regulatory machinery, a healthy cell may follow multiple directions to reach the
state of malignancy, which makes cancer one of the most complex diseases, humanity
ever had to face. Over the past few decades, however, due to the advancements
in DNA sequencing technologies, we have made a significant progress towards the
understanding of its underlying biological processes.
Meticulous studies of the genome of malignant cells have revealed, that some of
their genetic and epigenetic alterations can be utilized as specific targets against them.
These strategies involve the usage of phenotypical changes, that are induced by these
alterations, in targeted therapies, or to help the immune system of their host to target
cancer epitopes displayed on their surface.
The work presented in this thesis can be separated into a technical and exploratory
part. Exploratory projects focus on the identification of deficiencies in the homologous recombination (HR) double-strand break (DSB) repair pathway through the
detection of genetic markers of HR-deficiency (HRD). Technical manuscripts, on the
other hand, aim to resolve analytical issues that may distort the detectability of these
markers. Part I of the thesis is a general introduction to cancer genomics and its related fields. It is meant to summarize my understanding of the topic, and to describe
all the features and concepts that are necessary to comprehend the contents of the
manuscripts that comprise Part II.
The first biomarkers of HR-deficiency that relied on large scale genomic scars
have been developed on microarray data, and it was debatable whether they could
be directly applied on next-generation whole exome or whole genome sequences. Paper I forms a bridge between these two technologies, as it compares the genomic
scars extracted from matched TCGA whole exome sequences and single nucleotide
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polymorphism (SNP) arrays.
Paper II and III are the first to report the presence of clear genomic signs of
HR-deficiency in two different tumor types. Paper II investigates whether breast cancer brain metastases (BCBM) have differing HR phenotypes than their primary tumors, and concludes that the HR-deficiency-associated genomic scars are significantly
higher in BCBM tumors than in their primary counterparts. Paper III addresses
HR-deficiency in non-small-cell lung cancers (NSCLC), and it reports HRD-related
markers in lung squamous cell carcinomas and adenocarcinomas. The primary goal
of these papers is to draw the attention of future clinical trials to the existence of
likely PARP-inhibitor sensitive subgroups of patients within the investigated tumor
types.
Paper IV is highly technical with important clinical utility, and it is also connected to the extraction of HRD-related biomarkers. It describes a machine learning
application that can be used for the filtration of formalin-induced sequencing artifacts from paired-end next-generation sequencing data. Although formalin-fixed
paraffin-embedded tissue processing is a highly efficient way of cancer specimen storage, without an artifact filtration step, neither the detection of individual mutations
nor the extraction of DNA aberration-based biomarkers is reliable enough to make
conclusions based on them.

Dansk resumé
Den utopiske balance mellem de individuelle celler i metaorganismer, såsom mennesker, opretholdes af et raffineret net af regulerende mekanismer som er resultaterne
af mindst 3,5 milliarder års darwinistisk evolution. Kompleksiteten af disse mekanismer er det, som gør studiet af levende organismer, og af livet generelt, så fascinerende,
men det er også den hovedsagelige grund til, at vi endnu ikke har kunnet finde en
ultimativ kur mod den gamle sygdom cancer. På grund af det meget store antal af
forskellige forbindelser, som det regulerende maskineri består af, kan en sund celle
følge flere forskellige stier for at nå et ondartet stadie, hvilket gør cancer til en af de
mest komplekse sygdomme, som menneskeheden nogensinde har skullet beskæftige sig
med. I løbet af de seneste par årtier har vi dog, grundet udviklingen inden for DNAsekvensteknologier, gjort betydeligt fremskridt mod forståelsen af dens underliggende
biologiske processer.
Grundige studier af ondartede cellers genom har afsløret, at nogle af deres genetiske
og epigenetiske ændringer kan bruges som specifikke mål imod dem. Disse strategier
involverer brugen af fænotypiske ændringer, som frembringes af førnævnte ændringer,
i målrettede terapier eller til at hjælpe deres værts immunsystem med at bekæmpe
cancer-epitoper som vises på deres overflade.
Det arbejde, som præsenteres i denne tese, kan deles op i en teknisk og en undersøgende del. Undersøgende projekter fokuserer på identifikation af svagheder i
reparationsmekanismen for dobbeltstrengsbrud (DSB) i den homologiske rekombination (HR) gennem detektion af genetiske markører for HR-mangel (HRD). Tekniske
manuskripter har på den anden side til formål at løse analytiske problemer, som kan
forvrænge detektabiliteten af disse markører. Del I af tesen er en generel introduktion til cancer-genomer samt relaterede emner. Den er tænkt som en opsummering
af min forståelse af emnet samt en beskrivelse af alle de funktioner og koncepter som
er nødvendige for at forstå indholdet i de manuskripter som udgør Del II.
De første biomarkører for HR-mangel som var baseret på store genomiske ar blev
udviklet på mikroarray-data, og det kunne diskuteres, om de kunne anvendes direkte
på næste-generations helexom- eller helgenomsekvenser. Afhandling I bygger bro
mellem disse to teknologoer, da den sammenligner de genomiske ar som stammer fra
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matchede TCGA helexomsekvenser og enkeltnukleotidpolymorfi (SNP)-arrays.
Afhandling II og III er de første som rapporterer tilstedeværelsen af klare genomiske
tegn på HR-mangel i to forskellige tumortyper. Afhandling II undersøger, hvorvidt
brystcancer-metastaser (BCBM) har anderledes HR-fænotyper end deres primære
tumorer og konkluderer, at de genomiske ar, som er forbundet til HR-mangel, er
betydeligt højere i BCBM-tumorer end i deres primære modstykker. Afhandling
III omhandler HR-mangel i ikke-småcellede lungekræfttyper (NSCLC), og den rapporterer HRD-relaterede markører i basalcellekarcinomer. Det primære formål med
disse afhandlinger er at lede opmærksomheden i fremtidige kliniske undersøgelser hen
på eksistensen af sandsynlige PARP-hæmmersensitive patient-undergrupper inden for
de undersøgte tumortyper.
Afhandling IV er yderst teknisk og har vigtig klinisk anvendelse, men er også
forbundet til ekstraktionen af HRD-relaterede biomarkører. Den beskriver en maskinlæringsapplikation som kan bruges til filtrering af formalininducerede sekvens-artefakter
fra endeparret næste-generations sekvensdata. Formalinfikseret, parafinindlejret vævsbehandling er en yderst effektiv metode til lagring af cancer-prøver, men uden en artefaktfiltrering er hverken detektionen af individuelle mutationer eller ekstraktionen af
DNA-afvigelsesbaserede biomarkører pålidelige nok til at drage konklusioner baseret
på dem.
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Part I

Introduction

CHAPTER

1
The biology of
cancer

Cancer is likely the most ancient disease that accompanies humanity since the dawn of
our history. Although the first written documents describing human cancer is ”only”
4000 years old [1], there is unquestionable evidence, that it had been part of our life
a long time before that. The earliest discovered cancer case in the human lineage, for
example, dates back approximately 1.7 million years [2], but we can go even further
back in time, to the times of the oldest fossils to have a look at the very first signs
of the disease. According to a recently published article by German paleontologists,
approximately 240 million years ago, somewhere on the supercontinent Pangea, which
later became a part of present-day Germany, a turtle-predecessor had probably died
because of a highly malignant form of bone cancer, which had surprisingly similar
characteristics to present-day human periosteal osteosarcomas [3]. This discovery was
not the first and it is not going to be the last to describe prehistoric cancer in dinosaur
remains [4]. Today we know, that the collection of diseases that we commonly refer
to as cancer are most likely the side effects of biological evolution, and they appeared
simultaneously with the first complex organisms.

1.1 Carcinogenesis
We tend to think about humans as individual organisms but the reality is, that every
single one of us are comprised of approximately 1013 - 1014 cells [5], and each of
them are lives on their own1 . Lives that have evolved to exist in a strictly regulated
collective, in order to maximize their chances for passing on their genetic material,
even if they have to give up some of their individual needs in exchange.
The majority of these cells are terminally differentiated, meaning that they have
reached the terminus of the differentiation pathway, and in their current state, they
1 In fact, we are all meta-organisms, communities of interacting biological entities, which also
includes the unique flora of bacteria living in our guts.
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Figure 1.1: Panel A: Examples of small-scale mutations that can occur within a normal DNA
sequence. The figure shows a T>C (or A>G) transition, a frameshift deletion of 4 base pairs
and an in-frame insertion of 3 base pairs. Panel B: Graphical representation of the typical largescale mutations, such as large-scale deletions, gene amplifications, chromosomal inversions and (inter)chromosomal translocations.

are specialized to fulfill a handful of tasks [6]. Their proliferative capabilities in many
cases are strictly inhibited, or controlled by both intra- (e.g., cell cycle checkpoints)
and extracellular (e.g., contact-inhibition) factors [7]. Cancer cells, however, have the
capacity of uncontrolled proliferation, to regulate their own cell cycle, to escape apoptosis, to induce angiogenesis, to invade surrounding tissues, and to form metastases
in distant parts of the body.
The main attribute that makes cancer cells different from healthy cells is that they
give up the collaborative behavior that resembles normal tissues, and instead initiate
a competitive strategy against everything that surrounds them, including other cancer cells. In order to achieve this transformation, they have to go through a multistep
process, which follows the same logic as Darwinian evolution, however, instead of taking millions of years, after the appearance of the first alterations, malignant cells can
arise in a matter of years [8]. This microevolutionary process is called carcinogenesis
(also known as tumorigenesis or oncogenesis), and it relies upon the acquisition of
small inheritable genomic alterations by the individual cells comprising the normal
tissues [9–11].
Such alterations can either be genetic (resulting in a change within the DNA
sequence), or epigenetic (resulting in an altered phenotype without changes in the
DNA sequence) [12]. The importance lies in their mitotic inheritability so that they
can be passed on to the progenies of the affected cells, which can either improve
or worsen the competitiveness of their lineage through the acquisition of additional
alterations. Just as in Darwinian evolution, if a change enhances a cell’s functional
abilities, natural selection may cause such an alteration to increase in frequency within
the population.
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1.1.1 Genetic Alterations
Genetic alterations, also known as mutations, commonly refer to modifications that
result in altered phenotypes through genotypical changes, that can involve a base
substitution in the sequence within a gene or a removal or addition of one or more
base pairs. Based on their effect on chromosomal structure, they can be categorized
into small-scale or large-scale mutations (Figure 1.1).
Small-scale mutations:
• Single base substitutions: These are changes that affect only a single base
pair within the DNA, also known as point mutations. When a pyrimidine (C,
T) changes into another pyrimidine or a purine (A, G) into another purine, they
can be referred to as a transitions. Otherwise, when purines and pyrimidines
are interchanged, the mutations are transversions[12].
• Multiple base substitutions: In effect, very similar to point mutations, however in these cases two or more bases are replaced by the same number of bases.
• Small insertions and deletions: When a short sequence of DNA is added
to or deleted from the chromosomal DNA, we are talking about deletions or
insertions respectively. These two events are often commonly referred to as
indels [13, 14]. According to their molecular biology definitions, the size of these
events varies between 1-10,000 base pairs, however, due to the limitations of
modern DNA sequencing technologies, which will be discussed in a later section,
what is commonly referred to as indels nowadays, are insertions/deletions in a
size range of 1-50 bp2 [15].
Due to their dimensional restrictions, small-scale mutations can either occur within
or outside a gene. When they occur within the coding sequence of a structural gene,
they can affect the amino acid sequence encoded by the gene, and hence exhibit an
effect on the structure of the final protein product. A point mutation within a gene
can either be synonymous or nonsynonymous.
Synonymous mutations, also known as silent mutations are those that do not
alter the amino acid sequence of the polypeptide, while nonsynonymous mutations
lead to amino acid change. When as a result of the substitution the affected codon
changes into a stop codon, the mutation is called a nonsense mutation. Such
mutations are hazardous, especially when they occur in one of the earlier exons of the
gene, in which case they can truncate the final protein product, which will unlikely
to function properly. When the change in the codon results in a change in the amino
acid, the point mutation responsible for it is a missense mutation. Compared to
2 Anything

above this range can only be detected reliably via structural variant callers
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nonsense mutations, a missense mutation is less likely to alter function, because the
change of a single amino acid in a polypeptide that contains hundreds of them is less
likely to alter its structure. When a missense mutation substitutes an amino acid
that has similar chemistry as the original, and it has no detectable effect on protein
function, it can be referred to as a neutral mutation [12].
Insertions and deletions that contain a number of nucleotides that is not divisible
by three can have a similar effect on function as nonsense mutations do. Such indels
are termed as frameshift mutations, because they shift the reading frame during
the transcription of the DNA sequence, resulting in a completely different amino acid
sequence downstream from their occurrence.
Outside of the coding regions, small-scale mutations can still influence gene expression. When a mutation occurs within or in the proximity of the promoter region
of a gene, it has the possibility to either up-regulate (up promoter mutations) or
down-regulate (down promoter mutations) its expression by changing its affinity
for regulatory factors [12].
Using the regular nomenclature of genetics, when a mutation enhances the survival
and reproductive chances of its host, it is called a beneficial mutation, and when it
has negative effects on survival it is a deleterious mutation [12]. In translational
cancer genomics3 , however, scientists are mostly concerned about how a mutation
affects a single protein’s (or RNA’s) function. When due to a mutation, a protein
obtains an abnormal function, the mutation is called gain of function mutation,
when the gene product loses its original function, the mutation is called loss of function mutation. The term deleterious mutation is often interchanged with the notion
of loss of function mutations, referring to any mutation, that inhibits the normal functionality of a gene and increases the susceptibility of the host to the disease [16].
Large-scale mutations:
Large-scale mutations involve alterations in large chromosomal regions, and can
affect the functions of multiple genes, resulting in significant phenotypic consequences
[17].
• Amplifications: Also known as gene duplications, are events when a chromosomal region that contains one or more genes is duplicated once or several times
[17]. These alterations frequently result in the increased expression levels of
the affected genes. Good examples are the HER2 (Human Epidermal Growth
Factor Receptor 2) positive breast cancer cases, in which the HER2 gene, a
growth promoting factor, is duplicated multiple times, which contributes to
uncontrolled cell growth and proliferation [18].
3 Translational cancer genomics is a field of cancer research that focuses on research topics that
may result in advances that are beneficial in the clinical practice.
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• Large-scale deletions: These events refer to the deletion of whole chromosomal regions, that may involve the loss of multiple genes. When only one of the
chromosomes is affected, they lead to a state of loss-of-heterozygosity (LOH),
indicating that instead of the two original parental alleles, the cell retains the
genetic information of only one allele, i.e., the whole affected region becomes
homozygous [19]. When both chromosomes are affected, the phenomenon is
referred to as a deep deletion, indicating the complete loss of the genes involved.
• Large-scale chromosomal rearrangements: These involve intra-chromosomal
and inter-chromosomal translocations, during which non-homologous genetic
parts within or between a chromosome are interchanged respectively, and inversions, where the orientation of a chromosomal segment is reversed.
• Copy number variations (CNVs): They indicate differences in the copy
numbers of a particular DNA segment between two or more genomes. In cancer
genomics, one of these genomes is of the tumor biopsy, and the other is either
a normal surrounding tissue or a blood sample from the patient. Large-scale
duplications and deletions also lead to copy number variations.

1.1.2 Causes of mutation
Geneticists categorize mutations in one of two ways. Spontaneous mutations result
from abnormalities in biological processes, whereas induced mutations are caused
by environmental agents, also known as mutagens [12]. Among the most common
sources of spontaneous mutations are the following:
- Aberrant recombination or segregation during meiosis or mitosis that may result
in deletions, duplications, translocations and inversions [20, 21].
- Errors made by DNA polymerase that may result in point mutations, small
insertions and deletions [12].
- The insertion of transposable elements into the genome, such as the integration
of retroviral genes into the host’s genome. [22].
- Depurination: A spontaneous reaction between purines and water that releases
the base from the sugar, creating an apurinic site [23], which if not repaired,
leads to a point mutation [12].
- Deamination: A spontaneous reaction that involves the removal of an amino
group from a cytosine base, changing it into uracil. When not recognized and
repaired, DNA polymerase sees uracil as thymine, resulting in a point mutation.

8
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Also, when a methylated cytosine: 5-methylcytosine is deaminated, the resulting product is immediately a thymine, which is a normal constituent of DNA,
and DNA repair enzymes cannot decide whether the thymine or the opposing
guanine is the correct base [24].
- Tautomeric shifts: Spontaneous changes in the base structure, that causes mutations when they occur immediately prior to DNA replication [12].
- Toxic metabolic products: Unfavorable by-products of regular energy production, such as reactive oxygen species (ROS). If ROS accumulate, they can damage cellular molecules, including DNA. The most common oxidative DNA
damage occurs with guanines, that have multiple oxidation products, such as
the 8-oxoG, which base pairs with adenine during DNA replication, resulting
in a point mutation [25, 26].
Mutation inducing environmental agents can either be chemical agents capable of
causing changes in the structure of the DNA, or physical agents, such as UV-light
and ionizing radiation [12].

1.1.3 Mutations in cancer genes
Mutations can also be categorized based on their occurrence in the body. When
they are present in every cell of the host organism, including the germ cells, they are
referred to as germline mutations. When they are constrained to a particular part
or tissues of the body, they are said to be somatic mutations [30]. In translational
and clinical cancer research, a tumor biopsy is often compared to a surrounding
normal tissue or a blood sample of the patient. In that regard, especially when the
normal sample is a surrounding solid tissue, that may contain some somatic mutations
itself, only the mutations that are solely present in the tumor are called somatic, while
mutations that are also present in the normal sample are stated as germline.
Since the discrete evolutionary steps that are driving carcinogenesis arise through
the acquisition of somatic alterations, cancer, especially adult cancer, can be properly
regarded as a genetic disease of somatic cells [31]. Somatic mutations are continuously
accumulating in the cells of a human body, resulting in a slightly differing genetic
makeup in most of the cells within the same individual [32]. In principle, the acquisition of these mutations is random, although some genes are more susceptible for
mutations than others, due to their size or the chromosomal region they occupy [12].
It has been estimated that an average human cell is subject to approximately
70,000 DNA alterations on a single day [33], and even though the vast majority of
these lesions eventually get repaired, seldom they can get passed to a daughter cell,
solidifying their presence in the cell’s lineage. Combining this low mutation rate with
the stochasticity of their position and the meer number of the cells present in an
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Figure 1.2:

Examples for somatic mutations in oncogenes and tumor suppressors, collected
from the cBio data portal [27]. KRAS and PIK3CA are two of the most commonly mutated protooncogenes in human cancers [28]. Both of them are involved in cell proliferation, and activated by
missense mutations at oncogenic hotspots. TP53 and BRCA2 are two prototypical tumor suppressors.
Since their inactivation promotes carcinogenesis, they are mostly altered by truncating mutations
at various genic positions. The three mutational hotspots in TP53 at codons 248, 273 and 282 are
C>T transitions, caused by deamineted 5-methylcytosines [29].

average human body, one can easily deduce, that it is only a matter of time when
will a mutation hit one of the cancer genes. Indeed, the prevalence of cancer cases
increases sharply at older ages, it is not just a disease of the somatic cells, but also
of the elderly [34, 35].
A single mutation, however, will not likely to induce cancer, since many malignant
tumors cannot be linked to a single genomic alteration. Instead they likely involve
multiple gene mutations.
Genes that contribute to cancer development can be classified into the following two
categories:
• Oncogenes: Many of these genes begin their existence as proto-oncogenes,
genes that encode intracellular regulatory proteins, such as growth factors and
growth factor receptors in healthy cells, but some of them are also involved in
cell differentiation, metabolism, cell cycle progression, and in the regulation of
the cellular response to both extra- and intracellular stresses [36, 37].
Proto-oncogenes can be activated via a gain of function mutation, that may
result in either of an increased expression of the gene, i.e., in an increased pro-
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duction of the unaltered product, or the production of an altered product, that
is more capable in providing the same function than its unaltered counterpart
[36]. While the expression levels are mostly increased due to large-scale chromosomal rearrangements, such as gene amplifications, altered products are caused
by small-scale, single nucleotide substitutions. Such point mutations, however,
cannot strike the gene at an arbitrary position, because only a few amino acid
variations exist that can increase the fitness of the final product. Because of this,
somatic mutations in activated proto-oncogenes, which from that point can be
referred to as oncogenes, are concentrated at oncogenic hotspots [38] (Figure
1.2). From a translational cancer genomics perspective, it is enough to alter
one of the parental alleles of an oncogene to induce abnormal cell proliferation
and tumor development. Therefore, somatic mutations in oncogenes, are often
monoallelic [39].
• Tumor Suppressors: These are protective genes, that regulate cell growth
and cell division, involved in DNA repair, control when to induce apoptosis,
and inhibit metastasis formation [40]. In direct contrast to proto-oncogenes,
tumor suppressors have to be inactivated either through a loss of function mutation within the gene, or the complete loss of the gene. Since the function of
a gene can be inactivated through mutations striking at numerous genic position, mutational hotspots are not characteristic properties of tumor suppressors
(Figure 1.2). Because of their negative regulatory effects, in order to fully exert
their functionality, they usually require the presence of one functioning gene;
therefore, in order for their complete inactivation, both parental alleles have
to be rendered ineffective. This phenomenon is known as the Knudson two-hit
model [41].
Mutations in tumor suppressors, therefore, are often biallelic, typically one
mutated allele is inherited through the germline, while the other allele acquires
a somatic mutation [40]. In other cases, the mutated allele (either germline
or somatic) is accompanied by an LOH, resulting in the complete loss of the
functioning gene [42]. Germline mutations in tumor suppressors are therefore
recessive, but they enhance the susceptibility of their host for cancer, because
only one additional allele needs to be inactivated for the complete loss of gene
function.

1.1.4 Epigenetic Alterations
Along with genetic alterations, disruptions in the epigenome can contribute to cancer
development too. These changes do not alter the primary DNA sequence, but they
indirectly influence gene expression, and they are mitotically (or meiotically) heritable.
Epigenetic alterations may involve the covalent modifications of amino acid residues
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in histones, around which DNA is wrapped, or the methylation of cytosines in the
context of CpG dinucleotides, especially those, that are clustered in CpG islands close
to the promoter of a gene. The methylation of such CpG islands has been associated
with heritable gene silencing [43].
Cancer cells are characterized by global genomic hypomethylation and focal hypermethylation of their CpG islands. Hypomethylation can lead to the upregulation
of certain genes, such as the MDR1 gene [44], or the transcription of parasitic (e.g.,
viral) sequences that were incorporated into the DNA, and they may also facilitate
illegitimate mitotic recombination, leading to chromosomal breaks, translocations or
allelic losses [45]. On the other hand, the hypermethylation of the promoters of tumor
suppressors can be considered as functional equivalents to loss of function mutations
in those genes. Indeed, hypermethylation adds a new scenario to Knudson’s two-hit
hypothesis, in which one of the alleles acquires a germline/somatic mutation, while
the other one is silenced through promoter hypermethylation [43].

1.1.5 The hallmarks of cancer
In their widely recognized publication in 2000, Robert A. Weinberg and Douglas Hanahan had collected the most important steps of carcinogenesis into a single framework,
that they called ”The Hallmarks of Cancer” [46]. In their original perspective, they
mentioned six major developmental milestones that have to be passed by an initially
healthy cell in order to become cancerous. While the detailed description of these
characteristics is out of the scope of the thesis, an introduction about cancer would
not be complete without at least briefly mentioning them.

Sustaining proliferative signaling
In order to be able to pass on their genetic material, cancers cells have to be able
to proliferate. Also, to reach to a sufficiently large number of progenitors for the
statistics of carcinogenesis to work, this proliferation has to be a continuous process.
While normal cells carefully control the release of growth-promoting signals, in many
cancer cells, a deregulated growth factor production can be observed. Malignant cells
can achieve this by either producing the proliferative signals themselves (e.g., through
an activating mutation in the Raf-MAP-kinase or PI3-kinase pathways) or by stimulating the surrounding normal cells for their production. Another possibility is the
disruption of negative-feedback mechanisms that should dampen the various types of
growth-promoting signals (e.g. a loss of function mutation in PTEN, which under
normal circumstances counteracts the PI3-kinase pathway).
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A
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Figure 1.3:

Left panel: Graphical representation of the original hallmarks of cancer, from
the first publication [46]. Right panel: The extended list of the hallmarks, from the 2011 publication[47]. The authors did not designate full hallmark statuses to the newly proposed four steps.
Instead, the capabilities involved in the reprogramming of the cellular metabolism and in the avoidance of immunological destruction were called ”emerging hallmarks”, while the ones involved in the
rate of mutability and inflammation were named enabler characteristics.

Evading growth suppressors
Prior to their proliferation, a cell also has to grow. While healthy cells are strictly
regulated by negative regulators in both their growth and proliferation-related pathways, cancer cells have to find a way to circumvent these powerful programs. The
second hallmark capability is therefore strongly connected to the inactivation of tumor suppressor genes, that can negatively regulate cell proliferation. A good example is the prototypical tumor suppressor, the retinoblastoma protein (RB1), which is
involved in the control of the cell cycle (through its phosphorylation by the CyclinD/Cdk4 complex, which is necessary for the cell to go from the G1 phase to the
S-phase of mitosis [48]). Another important example is the TP53 gene, which is often
referred to as the guardian of the genome [49]. P53, the protein product of the gene
is a strong regulatory factor, activated by cellular abnormality and stress-sensitive
kinases, such as checkpoint kinase 1 and 2 (Chk1 and Chk2) [50].
Resisting cell death
The third hallmark capability is connected to cellular changes, that can assist
tumor cells to circumvent the apoptotic pathways [51]. Due to the great diversity
of the apoptosis-inducing signals, cancer cells can develop a variety of strategies to
achieve this. The most common is an inactivating mutation in TP53 that eliminates
the most powerful damage sensor from the apoptotic machinery. Another strategy is
to increase the expression of certain anti-apoptotic regulators, or survival signals [52].
Furthermore, cancer cells became masters of the autophagy pathways, allowing them
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to break down their cellular organelles to use for biosynthesis and energy metabolism,
or in extreme cases even to shrink into a state of reversible dormancy, in order to
protect themselves against both starvation and cytotoxic drugs or radiotherapy [53].
Enabling replicative immortality
The uncontrolled proliferation of normal cell lineages in the human body cannot
continue in an unlimited fashion. After a finite amount of divisions (Approximately
40-50 generations, depending on the cell lineage [54]), cells enter into a viable, but
non-proliferative phase, called replicative senescence [55]. Some of these cells manage
to pass this stage, and enter into a state of crisis, which is in many cases followed by
cellular death. Occasionally, however, cells emerge from this critical stage with the
capability of true immortality [56]. The underlying phenomenon of unlimited proliferation is connected to the chromosomal telomeres, regions that are composed of repetitive nucleotide sequences at the ends of the chromosomal arms. In non-immortalized
cells, these sequences are protecting the chromosomal arms from end-to-end fusions,
however, they shorten progressively following each cell cycle. After a certain point,
they become completely eroded and lose their protective functionality. The number
of possible cell divisions before this would occur is known as the Hayflick-limit [57].
The telomerase enzyme is a specialized polymerase that appends telomeric repeat
segments to the ends of the chromosomes. It is almost completely silenced in nonimmortalized cells; however, cancer cells often find a way to increase its activity by
upregulating its expression. The upregulation of telomerase happens in about 85-90%
of cancer cases. In the remaining 10-15%, cancer cells find an alternative, telomeraseindependent, recombination-based mechanism to lengthen their telomeres and avoid
replicative senescence [58].
Inducing angiogenesis
In order to supply their uncontrolled proliferation, tumor cells require an excessive
amount of nutrients and oxygen, which is supplied by an extensive tumor-associated
neovasculature, that is characterized by abnormal vessel branching, enlarged vessels,
erratic blood flow, leakiness, and microhemorrhages. The formation of this web of
capillaries is initiated by an angiogenic switch, relatively early among the stages of
tumorigenesis [59]. This switch is controlled by counteracting factors that can either
promote or inhibit angiogenesis. Among these regulative factors are proteins that can
bind to the regulatory or inhibitory receptors on the surface of endothelial cells. Well
known examples are the vascular endothelial growth factor-A (VEGF-A), which as
an inducer, plays a significant role in vasculature formation, and thrombospondin-1
(TSP-1), which counteracts the process [60]. VEGF signaling may occur through
three receptor tyrosine kinases, and it may be activated by hypoxic conditions, or
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oncogenic signaling. [61].
Activating invasion and metastasis
The most complex of the hallmark capabilities is a collection of changes, that allow
cancer cells to invade their surrounding tissue, enter into the bloodstream (intravasation) or lymphatic system, survive in the circulation, travel to distant parts of the
body, where they leave the vessel through its basal membrane (extravasation) and
form a secondary tumor in the alien tissue parenchyma (colonization). This multistep
process is envisioned by the theory of the invasion-metastasis cascade [62].
Benign tumor cells are attached to neighboring cells and to the extracellular matrix (ECM) via cell-cell and cell-ECM adhesion molecules. In order to invade the
surrounding tissues, cancer cells have to increase their motility. Indeed, the expression levels of the genes encoding such adhesion molecules is often downregulated in
highly aggressive carcinomas. The best-known example is the loss of the E-cadherin
adhesion molecule [63].
The simple loss of E-cadherin, however, would not make any carcinoma cell capable of intra- or extravasation, nor to infiltrate the surrounding tissues. At this point,
the cells still exhibit the morphology of the epithelial phenotype, which is not suitable
for these processes. Evidence suggests that in their next step cancer cells may undergo
a developmental regulatory program, termed as the Epithelial-Mesenchymal Transition (EMT), during which they ultimately lose their epithelial markers and gain a
fibroblastic morphology [64]. Furthermore, during the EMT, the cells express matrixdegrading enzymes, gain increased motility, and heightened resistance to apoptosis.
The formation of macroscopic metastatic tumors, however, is a barrier, that these
fibroblast-like tumor cells cannot break down easily. Even when they manage to
create micrometastases4 , in most cases, they never grow into full-size secondary tumors. The barrier might be there, because in some cancer cases, the primary tumor
may release suppressor factors that render these metastases dormant [65]. For other
cases, a plausible explanation is that such cells are not well prepared to the foreign
microenvironment of the tissue they have landed in, therefore for a secondary tumor
formation they have to adapt to their situation on their own, by using the same
microevolutionary process that made their existence possible in the first place. In
order to succeed, this adaptation process may involve hundreds of separate, actively
ongoing colonization processes, among which only a few if any will be capable of
macroscopic metastasis formation [66].
The cells of macroscopic metastases, however, exhibit a histopathology that resembles to cells in the primary tumor, which indicates a certain level of plasticity in
4 A micrometastasis is a small, macroscopically undetectable metastatic tumor, which is comprised of only a handful of cancer cells.
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EMT. Cancer cells that have gone through the process of EMT, after their extravasation, may undergo the reverse process, termed Mesenchymal Epithelial Transition
(MET) [67].
A decade after the publication of their original cancer-hallmarks article, the authors have amended their theory by two new, emerging hallmarks, and two enabling
characteristics, which in their terminology underlie the entirety of the capabilities
(Figure 1.3B) [46].
Reprogramming energy metabolism
Cancer cells reside in an oxygen-deprived environment, in which they are continuously competing with other cells for sufficient amounts of nutrients and oxygen.
Although, as it was established earlier, they can sacrifice some of their organelles
through autophagocytosis in order to supplement their needs, the recycling of their
own constituents is not enough to keep them alive for longer periods of time.
Under aerobic conditions, healthy cells utilize the citric acid cycle and the electron
transport pathway as a primary source of their energy production. Under anaerobic
conditions, however, oxidative phosphorylation cannot take place; hence the only
ATP source for a cell is provided by the glycolysis pathway, which is about 18 times
less effective in ATP production, than the normal metabolic machinery. It has been
shown, that in order to account for the loss of efficiency, many cancers cell manage
to increase their glucose uptake by upregulating the expression of their glucose transporters, such as GLUT-1. While some of the pyruvates, which are the end products of
glycolysis, then enter into the citric acid cycle, the majority goes through the anaerobic respiratory pathway, that converts them to lactate. Otto Warburg first observed
this phenomenon in 1923, and to his honor, it is termed as the ”Warburg-effect” [68–
70].
Interestingly, studies indicate that some tumors are comprised of two subpopulations of cancer cells. The first type of cells use the glycolysis pathway as their primary
energy source and secrete lactate, while cells belonging to the second population use
this lactate, and utilize a part of the citric acid cycle, to convert it to ATP [71].
Evading immune destruction
Multiple studies support that the immune system might be able to form a barrier
against tumor progression. It has been shown for example, that various cancer patients, whose tumors were heavily infiltrated by cytotoxic T-lymphocytes (CTLs) and
natural killer (NK) cells had significantly better overall survival than cases without
the abundance of those killer lymphocytes [72–74].
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From another aspect, patients with developmental deficiencies in their CD8+
CTLs or CD4+ helper T cells or NK cells seem to be more susceptible to cancer
development. Evidence suggests that highly immunogenic cancer cells may be able
to disable the lymphocytes that were sent against them, by secreting certain immunosuppressive factors, such as TGF-β [75].
Tumor-promoting inflammation
Many macroscopic tumors are densely infiltrated by immune cells both from the
innate and adaptive parts of the immune system. One would logically assume, that
such an immune response negatively correlates with cell proliferation since it must
indicate that the cancer cells have been identified by the immune cells, which are
actively fighting against them. The truth, in direct contrast with the belief, is that
in many cases, the tumor-associated inflammatory response enhances the progression of the neoplasia rather than decreases the number of the suspicious cells. As it
had been shown, inflammation can provide the cells with bioactive molecules such
as growth, survival, and proangiogenic factors, as well as inductive signals that trigger the epithelial-mesenchymal transition [76–78]. Inflammation, paradoxically, contributes to multiple hallmark capabilities.
Genome instability and mutation
As we have established through the various hallmarks, cancer cells have to go
through a plethora of phenotypical changes in order to adapt to their environment,
and to fulfill most of their greedy requirements. These changes occur through the
accumulation of random heritable changes in their (epi)genome, that have to occur
at a significantly faster pace than in healthy cells. In accordance to this, most of
the cancer cells find a way to increase their rate of mutability by multiple orders of
magnitude by increasing their sensitivity to mutagenic agents, or by breaking down
one or more components of the genomic caretaker machinery. Such caretakers include
the DNA damage response and DNA repair pathways, or enzymes that inactivate
mutegenic molecules before they would damage the DNA [47]. This phenomenon is
referred to as genomic instability and it is one of the most important driving forces
of carcinogenesis.

CHAPTER

2
DNA repair
pathways

The genome of our cells is under continuous attack from both exogenous and endogenous sources. Without mechanisms that would revert these changes, counting
with the approximately 70,000 genuine alterations that arise in each cell every day
[33], their DNA would mutate in such a pace, that would not only increase our risk
for developing cancer, but it would completely exclude the existence of any complex
organisms or meta-organisms, including humankind.
Our very existence, therefore, depends on how effectively our cells can reverse
these changes. Healthy cells contain multiple repair systems that are specialized to
fix a specific type of DNA damage. Although in some cases aberrant DNA bases
can be repaired directly with the help of a single protein (e.g., the protein known
as alkyltransferase can directly remove methyl or ethyl groups from guanine bases,
that were caused by mutagens, such as nitrogen mustard or ethyl methanesulfonate
[80]), most types of damage, are repaired by complex, multistep processes. The
first of these steps always involves a well-coordinated cascade of events, known as
DNA damage response (DDR). DDR proteins first detect the abnormality, signal its
presence, and mediate the repair process. Well-known members of the DDR family are
the ATM and ATR genes, which are both serine/threonine kinases, that are activated
by DNA damage and phosphorylate various components of the repair machinery.
Among others, ATM and ATR are responsible for the activation of Checkpoint 1
(CHK1) and Checkpoint 2 (CHK2), two kinases that are necessary for the activation
of P53 [81], which (with the help of P21) can halt the cell cycle until the damage
is resolved. The second step involves the actual repair of the damage, and it is
conducted by specialized DNA repair enzymes. In the final step, a new DNA strand
is synthesized via DNA translesion/replication polymerases [82].
Most would agree that mammalian cells, depending on the type of lesion, utilize
5 major DNA repair mechanisms: base excision repair (BER), nucleotide excision repair (NER), mismatch repair (MMR) and double-strand break repair, which involves
homologous recombination (HR) and non-homologous end-joining (NHEJ) (Figure
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Figure 2.1:

The major DNA repair mechanisms of mammalian cells, with their primary aberration target. Base excision repair is specialized in the repair of oxidative errors, abasic sites, singlestrand breaks, and the removal of DNA-alien bases. The primary targets of the nucleotide excision
repair pathway are intrastrand crosslinks and bulky adducts. Mismatch repair resolves the errors
that appear during DNA replication, such as the synthesis of one or multiple mismatching nucleotides,
short insertions, and deletions. Double-strand break repair pathways are destined to find a way to
repair chromosomal breaks, which if left unresolved, could easily be lethal for the host cell. Under
each mechanism, a list of causative chemical agents or physical mutagens is displayed. The figure is
based on Figure 2.1 of the book ”DNA Repair of Cancer Stem Cells” [79].

2.1) [79].
This chapter is meant to provide a brief introduction to each of these major DNA
repair pathways, with an emphasis on double-strand break repair mechanisms, which
will be extended by microhomology-mediated end joining (MMEJ) and single-strand
annealing (SSA).

2.1 Base excision repair (BER)
Base excision repair is primarily connected to the correction of damages that were
caused by spontaneous reactions. These involve the appearance of bases that are
not normal constituents of the DNA, such as the formation of uracil bases as the
end product of cytosine deamination, the formation of abasic sites, such the ones
that occur after the spontaneous reaction between a pyrimidine base and a water
molecule, which removes the base from the sugar, and base oxidation, especially 8Oxoguanines. BER is also the primary pathway cells can turn to when it comes to
the repair of single-strand DNA breaks. As we will see, this can be explained by the
fact, that repair by BER always results in a single strand cut, the repair of which can
be initiated without the binding of any special protein complexes to the damage site,
that are connected to one of the earlier steps of the pathway [12, 79, 83, 84].

2.1 Base excision repair (BER)
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Figure 2.2:

Illustration of the eukaryotic base excision repair pathway, showing the repair process
of the appearance of a uracil base on the DNA backbone. Since uracil is not a normal constituent
of DNA, it gets recognized by a DNA N-glycosylase, which is specialized in its identification. The
base is then cleaved off from the sugar, and an AP endonuclease performs a cut 5’ to the damage
site. Finally, either DNA polymerase β, or DNA polymerase δ or ϵ perform the synthesis step, in
the short patch BER and long patch BER sub-pathways respectively. The nick is sealed by a DNA
ligase.

The first proteins that are involved in the DDR step of BER are the enzymes
known as DNA N-glycosylases. Each of the various types of glycosylase enzymes is
specialized in recognizing a specific form of DNA-lesions. Figure 2.2 illustrates the
repair process when an N-glycosylase notices a uracil sitting on the DNA backbone.
After the initial recognition, it is the same N-glycosylase that cleaves the bond between the sugar and the erroneous base and flips it into an extra helical position for
excision. The process leaves behind an apyrimidinic site, which brings the second
major enzyme of the machinery into the foreground, the apurinic/apyrimidinic (AP)
endonuclease (APE1). This enzyme hydrolyzes the DNA backbone immediately 5’
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to the abasic site, and creates a single-strand break1 . At this point, the pathway
arrives at a junction, from which in eukaryotes it can follow two distinct paths. The
first is termed as the ”short patch,” and as its name suggests, this is the simplest
and most frequent one. As part of its error-checking process, DNA polymerase β has
the enzymatic ability to remove missing bases and to replace them with the correct
one, which is what happens during short patch BER. The remaining single-strand
break is then sealed by DNA ligase I or the complex of DNA ligase III and XRCC3.
During ”long patch” BER, however, DNA polymerase δ and ϵ, along with a proliferating cell nuclear antigen (PCNA) heterotrimer are responsible for DNA synthesis.
These polymerases cannot remove missing bases, therefore, what happens is that they
synthesize a longer DNA strand in the 5’→ 3’ direction, which contains several nucleotides, including the AP site. As a result of this process, a DNA flap is created,
which is eventually removed by a flap endonuclease (FEN1). DNA ligase I ligates the
now displaced gap.

2.2 Nucleotide excision repair (NER)
Nucleotide excision repair is specialized in the recognition and correction of numerous
bulky, DNA-distorting lesions, such as the pyrimidine dimers caused by UV photons,
or the intrastrand crosslinks caused by platinum-based chemotherapeutic agents, and
all the adducts caused by chemicals binding to DNA, that are inhibiting DNA replication. Although mechanistically similar to BER, NER is more complex, it involves the
interaction among approximately 30 proteins to carry out its mechanism. The main
pathway can be separated into two sub-pathways, according to how the encounter
with the lesion occurs. NER-specific DNA damage on non-transcribed strands is
recognized by factors involved in the global genome NER (GG-NER) subpathway,
while lesions on actively transcribed strands are encountered by RNA-polymerase II
and involves the initiation of the Transcription Coupled NER (TC-NER) subpathway
[12, 79, 85, 86]. Figure 2.3 illustrates the steps involved in the repair of a UV-light
induced pyrimidine dimer in both of these pathways.
In GG-NER, what is primarily responsible for damage recognition, is a protein
complex of the XP complementation group C (XPC), Rad23 homolog B (RAD23B),
and Centrin-2 (CEN2). From these, XPC binds to the distorted damage site, while
the other two proteins increase the affinity and specificity of the binding of XPC. In
general, the higher the degree of the helix-distortion is, the higher the affinity of XPC
to bind. UV-light induced pyrimidine dimers are considered minor lesions, and the distortion they cause is not enough to attract the attention of the XPC/RAD23B/CEN2
1 We have to mention here, that some DNA glycosylases are bi-functional, meaning that apart
of their ”normal” base flipping functionality, they also have AP-lyase activity, and are capable of
cleaving the AP sites on their own [79].
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Illustration of the eukaryotic nucleotide excision repair pathway. Damage recognition
can occur in two alternative ways, which separate the earliest section of the machinery into the
GG-NER and TC-NER sub-pathways. The steps involved in the repair of the lesions, however,
are the same. Damage recognition facilitates the recruitment of the TFIIH protein complex to
the site, two helicases of which, ERRC2, and ERCC3 orchestrate the creation of a bubble, and
subsequently facilitate the formation of the pre-incision complex. In the next step, two endonuclease
cuts are performed at both ends of the lesion, which is subsequently gets removed with its immediate
neighboring nucleotides. DNA synthesis is performed by DNA polymerase δ or ϵ, and the nick is
sealed by DNA ligase I.
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complex. Hence, they are initially detected by an auxiliary protein complex, the DNA
damage-binding protein (UV-DDB), which has two subunits (DDB1 and DDB22 ).
The strategy here is that UV-DDB binds to the damage site, and by doing that,
causes a higher degree of distortion, which is enough to facilitate the recruitment of
the XPC complex to the damage site.
In TC-NER, damage recognition is initiated when RNA polymerase II encounters
a DNA lesion and gets arrested. This recruits DNA excision repair proteins 6 and 8
(ERCC6 and ERCC8) to the damage site, which displace the polymerase, in order to
allow access for the DNA repair enzymes.
Following damage recognition, the GG-NER and TC-NER subpathways unite
and follow the central NER machinery, in which the first step is the recruitment of
the transcription factor II H protein complex. TFIIH is composed of a core unit
containing seven proteins, and a cyclin activating kinase subunit of 3 proteins3 . Two
ATP-dependent helicases of this complex: ERCC2, and ERCC3 then orchestrate the
formation of a bubble, containing approximately 30 nucleotides around the lesion,
which allows XPA to perform a secondary damage recognition step (making sure,
that the repair process will not be initiated on the undamaged strand). The binding
of XPA to the lesion is accompanied by the binding of replication protein As (RPA)
to the opposite strand. This facilitates the stabilization of the so-called pre-incision
complex. The incision steps are executed by the ERCC4/ERCC1 and the ERCC5
endonucleases, 5’ and 3’ from the damage site, respectively. The 30 nucleotide single
strand containing the lesion subsequently get ejected, and DNA polymerase δ or ϵ
accompanied by PCNA synthesizes the now missing strand using the undamaged
strand as a template. The remaining nick is then ligated by DNA ligase.

2.3 Mismatch repair (MMR)
Although the replication of the eukaryotic nuclear genome is highly accurate, occasionally mismatched bases escape the proofreading capabilities of the DNA polymerases.
Such mismatched bases are the primary targets of the mismatch repair system, but
MMR proteins are also involved in the correction of insertion/deletion loops (IDLs)
that result from DNA polymerase slippages at repetitive DNA sequences [12, 79, 87].
In the case of MMR, damage recognition is performed by a MutS protein complex.
Depending on the type of damage, it can be either MutSα (heterodimer of MSH2 and
MSH6) or MutSβ (heterodimer of MSH2 and MSH3). MutSα can recognize single
base mismatches and short IDLs, while MutSβ is specialized in the recognition of
longer IDLs.
2 DDB2

is also known as XPE.
of the core unit: ERCC2, ERCC3, GTF2H1, GTF2H2, GTF2H3, GTF2H4, GTF2H5.
Proteins of the subunit: CDK7, MAT1 and cyclin H
3 Proteins
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Damage recognition is followed by the recruitment of a MutL heterodimer, which
can be either MutLα (MLH1-PMS2), MutLβ (MLH1-MLH2), or MutLγ (MLH1MLH3). Approximately 90% of the MMR activity is due to MutLα [79]. The other
two homologs most likely play minor roles in the pathway. In the subsequent step,
the two dimers MutS and MutL form an ATP-dependent ternary complex with the
DNA duplex, which activates the exonuclease cleavage of the error-containing strand.
In humans, Exo1 is responsible for this exonuclease activity, but before it could start
degrading the strand, it requires a nick that can be used as an entry point. This
nick, which can be thousands of nucleotides away from the actual DNA damage, is
provided by a MutLα homolog, which also has a PCNA/replication factor C (RFC)
dependent endonuclease activity.
After the removal of the damaged strand, the opposing strand is bound by RPAs,
and DNA polymerase uses it to synthesize the missing nucleotides. The nick, as usual,
is sealed by DNA ligase I.

2.4 Double-strand break repair
Of the various aberrations that can occur within living cells, chromosomal breaks,
known as double-strand breaks (DSB) are the most biologically hazardous. The primary causative factors of DSBs are ionizing radiation (X-rays and above in frequency),
mutagenic agents, reactive oxygen species, and certain chemotherapeutic drugs4 [12].
It is estimated that under natural circumstances, approximately 10 to 50 DBSs occur
in mammalian cells on a daily basis [88]. If left unrepaired, a single double-strand
break can lead to cell-cycle arrest, and cell death [79]. Even, when repaired, inaccurate DSB repair can lead to chromosomal rearrangements, such as translocations and
inversions.
Illustrating the beauty in stochasticity, despite the hazardous nature of DSBs,
mammals have developed clever techniques to generate DSBs, in order to control their
biological processes, such as the V(D)J recombination in developing lymphocytes,
which is necessary for the creation of B- and T-cell receptors and antibodies, i.e., for
a well functioning adaptive immune system[89]. The genetic diversity that resembles
the individuals of a species can also be contributed to a well-organized utilization of
DSBs [90].
The two primary repair mechanisms of DSB are homologous recombination (HR)
and non-homologous end-joining (NHEJ). These two repair systems differ in their
need for a homologous template and the fidelity of their repair process. HR is the
only way a cell can fully repair a destructive double-strand break, that results in
the complete loss of one or more DNA bases. It achieves an error-free DSB repair
4 Although,

as it will be discussed later, DSBs are only indirect results of these agents.
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by finding a sequence that is homologous with the DSB-affected region and uses it
as a template to restore the lost information. This homologous sequence is usually
provided by a sister chromatid, which indicates, that HR is mostly active in the late
S and G2 phases of the cell cycle. Although less frequently, HR can occur between
non-identical homologous regions as well, such as between two parental chromosomes
[91]. NHEJ is often said to be the predominant DSB-repair pathway, since it is active
in all phases of the cell cycle. In contrast to HR, it is error-prone and involves the
direct ligation of the two DNA ends.
In the following, the underlying mechanisms of these two pathways will be introduced, and then two alternative DSB-repair pathways will be discussed.

2.4.1 Non-homologous end-joining
Non-homologous end-joining (NHEJ) is the simplest form of double-strand break
repair, since unlike the other DSB repair mechanism, its canonic pathway does not
require the presence of any homologous sequences in order to exert its effect [79, 92,
93]. The core of this repair mechanism is involved in the direct ligation of the two
chromosomal ends. The process is initiated by the formation of the Ku70/80-DNA
complex, which forms a ring structure that can specifically bind to DNA ends. The
primary function of this complex is to recruit and activate the DNA-dependent protein
kinase catalytic subunit (DNA-PKcs), which is involved in the juxtapositioning of
the two ends. It also causes the Ku complex to move approximately one helical
turn inward from the DNA break, which allows the binding of other proteins to the
site. As soon as juxtaposition occurs, the DNA-PKcs complex phosphorylates itself
(autophosphorylation) and undergoes a conformational change. As a result, DNA
strands become ready for ligation.
When a double-strand break occurs, however, the two ends are frequently not
eligible for direct ligation. The reason behind this is that the effect which has caused
the DNA break often damage the remaining sugars and nucleic acids as well that are
close to the damage site. Such dirty DNA ends, therefore, require a preprocessing
step, which can be orchestrated by the polynucleotide kinase (PNK), or in case there
are 3’ or 5’ overhangs as well, the Artemis endonuclease. The involvement of the
WRN enzyme in the polishing process has also been demonstrated [94]. In addition,
several alternative DNA polymerases have crucial roles in DNA end processing, such
as the terminal deoxynucleotidyl transferase (TdT), and DNA polymerases µ and λ.
It is likely that other factors, such as the damage sensor ATM or even the MRN
complex, can participate in the process, all recruited by the DNA-PKcs complex [95].
The ligation of the juxtapositioned ends is executed by a complex formed by DNA
ligase IV and XRCC4, accompanied by an XRCC4-like protein, XLF. The discrete
steps of NHEJ are illustrated in Figure 2.5.
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Illustration of the non-homologous end-joining (NHEJ) pathway. Recognition of the
DSB is performed by the Ku70/80 heterodimer, that forms a complex with the DNA at its two ends.
The activated DNA-PKcs complex juxtapositions the two ends, end triggers an end polishing step
if needed. DNA End pre-processing is executed and regulated my multiple factors, including the
Artemis nuclease, TdT and DNA polymerases µ or λ. The protein complex of XRCC4 and LIG4,
along with XLF are involved in the final ligation step.
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If the causative effect of the DSB was not destructive, meaning that it has not
removed any nucleotides, the repair process could be error-free. When, however, a
double-strand break involves the elimination of one or more complementary DNA
bases, the NHEJ machinery is not capable of restoring this lost genomic information.
Repair executed by NHEJ, therefore, often results in short, 1-4bp deletions, or due to
the polymerase activity involved in the end-preprocessing step, even similarly short
insertions may appear [96].

2.4.2 Homologous Recombination
The repair mechanism of the homologous recombination pathway in mammalian cells
is the most complicated of all the DNA repair pathways. Many of its constituents are
still actively researched. The steps described in the following section constitute only
the core of the repair process and are illustrated in Figure 2.6. After the presentation
of this mechanism, some of the primary genes involved in the process will be discussed
in greater detail.
After a double-strand break occurs, one of the first protein complexes recruited
to the site is the MRN (MRE11/RAD50/NBS1) complex [97]. The core constituents
of this heterotrimer are the Meiotic Recombination 11 (MRE11) and RAD50 proteins, which associate with NBS1 (Nijmegen Breakage Syndrome 1). MRE11, among
its many biological capabilities, is a DNA exonuclease [98], while RAD50 is known
for its DNA endonuclease and DNA unwinding activity, which are both promoted
by NBS1 [99]. NBS1 also binds to γH2AX histones, which are phosphorylated by
an activated ATM serine/threonine kinase [100]. The MRN-complex had also been
shown to catalyze the activation of this DNA damage sensor [101]. To execute the
next step, the C-terminus binding protein-interaction protein (CtIP) binds to NBS1,
and facilitates the displacement of the MRN complex upwards from the damage site,
to a distance of a few hundred bases [102]. Here, the MRN-CtIP complex executes
an endonuclease cut, and via its exonuclease activity cleaves off the nucleotides in the
5’ to 3’ direction. At the same time, other exonucleases, such as Exo1 and DNA2
continue the resection of the strand in the 3’ to 5’ direction [103]. The same process
occurs on both DNA fragments, resulting in two long 3’ single-strand DNA (ssDNA)
nucleofilaments. These 3’ overhangs are bound by replication protein As (RPA) in
order to prevent the formation of secondary structures [104]. Next, several mediator proteins, such as RAD52, BRCA2, PALB2, and the RAD51 paralogs (RAD51B,
RAD51C, RAD51D, XRCC2, and XRCC3) contribute in the replacement of the RPA
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proteins by RAD51, forming a RAD51 nucleoprotein filament. These RAD51 coated 3’
DNA overhangs then execute a DNA sequence homology search, which is the essential
step in HR [92].
Once the homologous sequence had been identified, RAD51 mediates the invasion
of the template DNA, by displacing one of the strands and forming a DNA heteroduplex, also known as the D-loop. The invading strand is then extended by DNA
polymerases using the homologous template. As a result of the displacement of the
other strand, an X-like structure, called Holliday junction is created, which can slide
to either direction. Its transport is mediated by several factors, including RAD54,
WRN, and the BLM helicase [92]. Depending on which direction it is transported,
the repair pathway can continue through either the synthesis-dependent strand
annealing or the double holiday junction model branches (Figure 2.6).
If the Holliday junction is transported in the same direction as the replication
of the invading strand, then the newly synthesized end ends up released. After
that, RAD52 facilitates the annealing of the complementary strands, and a PCNAdependent DNA polymerase (δ or ϵ) continue the synthesis of the missing nucleotides.
If the process generates single-strand flaps extended into the 3’ direction, they are
removed by endonucleases, like the ERCC4/ERCC1 complex. The reaming nick is
then sealed by DNA ligase 1.
If the Holliday junction moves into the opposite direction than DNA replication,
the invading strand and the template form a double Holiday junction. In order for
the repair process to finish, these junctions need to be resolved, which can either occur through specific endonuclease cuts, executed by structure-specific endonucleases,
called Holliday-junction resolvases (e.g.: GEN1/Yen1, Slx1/Slx4, Mu81/Eme1), or
through the combined activity of BLM helicase and topoisomerase (BLM/TopIIIα).
In eukaryotic cells, XRCC3 and RAD51C, two RAD51 paralogs had been shown to be
associated with resolvase activity. The resolution of the double Holliday junctions by
resolvases always result in gene/intergenic conversion5 , but depending on the location
of the endonuclease cuts, the flanking region might be preserved (non-recombinant
crossover) or changed, resulting in a crossover event. When the junction is resolved
with displacement by BLM/TopIIIα, crossover products do not appear [79].

2.4.3 The regulation of double-strand break repair
The choice between HR and NHEJ is tightly regulated. Although the exact mechanism of this regulatory process is still under active research, it is widely accepted,
that the balance between two mediator proteins: breast cancer susceptibility protein
1 (BRCA1) and P53-binding protein 1 (53BP1) is the primary factor that controls
5 The term gene conversion refers to the undirected transfer of genetic material from a donor
sequence to an acceptor. If the sequence in question is purely intergenic, the event is an intergenic
conversion.

30

2 DNA repair pathways

the pathway selection step [105]. Genomic defects disrupting this balance can lead
to genomic instability and hence contribute to carcinogenesis.
53BP1 is a mediator protein that promotes the direct ligation of the chromosomal
fractions, i.e., NHEJ, and inhibits 5’ end resection, that is needed for HR. It is one of
the earliest proteins to be recruited to the damage site, by recognizing dimethylated
H4K20 histones (H4K20me2) [106]. During the G1 phase of the cell cycle, it gets
activated by receiving a phosphoryl group from an activated ATM kinase. Phospho53BP1 then acts as a scaffold protein, by recruiting two additional effectors to the
site: RAP1-interacting factor 1 (RIF1) and PAX transcription activation domain
interacting protein (PTIP). Both of these proteins had been demonstrated as having significant roles in 53BP1-mediated inhibition of BRCA1-directed HR [106, 107].
RIF1 inhibits the exonuclease activity of Exo1, CtIP, BLM, and other exonucleases
involved in the end resection process, and it also inhibits the accumulation of the
BRCA1/BARD1 complex at the damage site. PTIP had been shown to have a role
in B-cell maturation and antibody-formation, and it likely has vital importance in
the promotion of NHEJ in the G1 phase [105].
BRCA1 is a versatile tumor suppressor protein that has crucial roles in both the
early and late stages of HR. It harbors a highly conserved amino-terminal RING domain, through which it associates with BRCA1-associated RING domain protein 1
(BARD1), forming a heterodimeric complex. Evidence suggests that this BRCA1/BARD1 complex antagonizes 53BP1 in the late S and G2 phases, inhibiting its activation by ATM [108]. Since the activation of 53BP1 is required for the recruitment
of RIF1 and PTIP, BRCA1/BARD1 both, directly and indirectly, promotes the 5’
end-resection and tilts the scale towards HR [108]. It had also been shown, that
BRCA1/BARD1 interacts with RAD51, and the complex is required for a successful
RAD51-mediated strand invasion of the homologous sequence. BARD1 had been
shown to have a structure-specific role, with the highest affinity to D-loops [108].
Mutations found in the RAD51 interaction domain of BRCA1 are shown to occur in
human cancer [109], implying that patients affected by deleterious mutations in that
domain might lose their BRCA1/BARD1 functionality during the strand invasion
process. Furthermore, ATR-activated BRCA1 also has a role in the recruitment of
PALB2, BRCA2, and RAD51 to the DSB site [110].

2.4.4 Alternative end-joining pathways
The two canonical double-strand break repair pathways: NHEJ, and HR dominate
the repair process in healthy mammalian cells. Over the past few decades, however,
studies involving cancer cell lines and yeast, where HR is the predominant DSB repair
pathway, have identified other, minor DSB repair mechanisms, that can be utilized
by eukaryotic cells, when either HR or NHEJ is defective [111]. Just like NHEJ, these
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Illustration of the single strand annealing (SSA) DSB mechanism. With minor
alteration, the illustration can also describe the microhomology-mediated end-joining pathway. Both
pathways are initiated by the endo- and exonuclease activity of the MRN complex, which results
in the formation of an RPA-coated 3’ single strand DNA overhang. In case of SSA, these strands
contain >25 bp long homologous sequences, while in case of MMEJ, the length of the homologies
is much shorter (microhomologies). The anneling of microhomologies occur spontaneously (MMEJ),
while the longer sequences are annealed together with the mediation of RAD52. The remaining
flaps are removed using the ERCC1/ERCC4 heterodimeric complex, the gaps are filled via a DNA
polymerase, the nick is sealed by a DNA ligase.
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mechanisms are error-prone, and they do not require a homologous sequence template
for their repair process. As secondary pathways, they can replace either HR or NHEJ,
depending on the sequential context around the DSB, and they might constitute the
major driving force behind the carcinogenesis of certain cancer cell lineages [112–114].
The collection of these mechanisms can be referred to as alternative end-joining (aEJ).
Although it is likely that multiple such pathways exist, within the thesis, only two of
them will be discussed: single-strand annealing (SSA) and microhomology-mediated
end-joining (MMEJ).
When it comes to their repair strategy, both of these pathways are similar to
NHEJ. Neither of them requires a template sequence, and both of them are primarily
involved in the ligation of the juxtapositioned DNA ends. Unlike NHEJ, however, this
ligation is not direct, aEJ pathways rely on a within-sequence homologous context.
SSA and MMEJ also share similarities with HR, as they are all initiated by a 5’-3’ end
resection step, performed by the MRN/CtIP complex, and DNA exonucleases, such
as Exo1, DNA2, BLM [111]. Up until the formation of the RPA-coated single-strand
DNA nucleofilaments, all the sensors and mediators are shared with HR, although
the degree of end resection might differ, depending on the sequential context of the
forming single-strands [111]. They differ from both NHEJ and HR in the regard
that their efficiency relies on homologous sequences, that are present on the two
opposing 3’ ssDNA overhangs. In case of SSA, these homologous regions are at least
25 nucleotides long, and positioned in highly repetitive regions of the genome, while
in case of MMEJ the homologous sequences are much smaller, often containing only
a few bases. Such short homologous regions within the same sequence are called
microhomologies[111, 115]. The pathways of the two types of machinery are highly
similar; therefore, only single-strand annealing is illustrated in Figure 2.7.
The major difference between the pathways is, that while the annealing of microhomologies is executed without any mediators, >25 bp long sequences are annealed
together through the mediation of RAD52 [115]. The process might generate two nonhomologous ssDNA flaps, which are removed with the help of ERCC1 and ERCC4,
the heterodimer of which is proficient at nucleolytic cleavage of 3’ ssDNA strands
[115]. The remaining gaps are filled by DNA polymerases, and the nicks are ligated
by a DNA ligase.

CHAPTER

3
Cancer therapy

The first documented guidelines regarding the treatment options of cancer patients
date back to the times of Hippocratic physicians, from whom the term cancer (καρκι−
νoσ or karkinos - crab, or crayfish) originates. The Hippocratic approach advised
against the surgical removal of any un-ulcerated tumors, because the disease was
thought to be incurable, and as they argued, any interference would lead to the death
of the patient [116, 117]. This view was later refined by Galen (~2nd century, AD),
who although still believed that most cancer patients were untreatable, successfully
managed to remove some early-stage breast tumors from woman with abnormal or
completely absent menstruation periods, and concluded, that if the tumor can be
surgically removed at an early stage, cancer might be treatable.
Since the classical age, treatment options for cancer patients underwent a slow
improvement, and the Galean beliefs had prevailed for more than a millennium. Up
until the 20th century, surgery was the only option for treating both malignant and
benign tumors [118]. With the discovery of X-rays in 18951 and radium as a source
of radiation in 18982 , however, clinicians have acquired a new tool that could be
utilized against the disease [119]. Surgery and radiation therapy were supplemented
by an alternative approach in the 1940s, when it was discovered, that the prognosis of
patients with advanced prostate cancer can be improved by removing their testicles
[120], implying the involvement of male hormones in tumor progression. Later, less
invasive methods had been developed in the form of drugs, that were able to block
these hormones, both in males and females.
Despite of the therapeutic advances, nothing was effective against advanced, metastasized cancer cases. Even after the surgical removal of the primary tumor and macroscopic metastases, new metastatic sites could appear in various organs of the body.
The first such metastatic case was cured in 1958, by using a chemotherapeutic agent
[121], which have supplemented the toolkit of anti-cancer methods with a new kind
of therapy.
Due to the technical advancements of the 21st century, all branches of this toolkit
have evolved and changed significantly. Surgeons nowadays can utilize a plethora
1 by
2 by
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Figure 3.1:

The hallmark capabilities as therapeutic targets. Since most of the targeted therapies
inhibit a signaling pathway that are either directly or indirectly connected to one or more of the
hallmark capabilities, they can be easily incorporated into the framework of the hallmarks of cancer.
Source: Hanahan and Weinberg, 2011 [47].

of tools in order to maximize their efficiency and to reduce the risk imposed on
patients and ensure their safety. E.g., instead of performing exploratory surgery,
fiberoptics and miniature cameras can be used to inspect a tumor inside the body
[122]. Instead of scalpels, incisions can be performed by lasers, in order to increase
accuracy. Surgeons can even perform cryosurgery, where they use liquid nitrogen to
freeze malignant tissues [123]. Since the first, elementary applications of X-rays on
melanoma patients, radiation-based technologies became important diagnostic and
screening tools, due to the invention of instruments like the computed tomography
(CT) and positron emission tomography (PET) scans. Surgery and radiotherapy can
even be combined in the form of stereotactic surgery and intraoperative radiation
therapy [124]. The most substantial changes, however, probably have affected the
evolution of the chemotherapeutic agents and our mindset about the disease.

3.1 Targeted therapy
Up until the 1990s, apart of hormone therapy, almost all cancer drugs focused on
interfering with rapidly proliferating cells. Although their chemical ingredients were
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equally toxic to both malignant and healthy cells, unlike surgery or radiation therapy,
they were not localized to a single organ or somatic region. Hence they meant the
number one strategy against leukemias, lymphomas, and micro- or macro-metastases
[121]. As our knowledge about cancer expanded, it became clear, that cancer cells
have unique characteristic properties, that they do not share with the majority of
the normal cells, such as those that constitute the hallmark capabilities (Figure 3.2
[47]). The general idea behind the next line of cancer drugs was to specifically target
one of these abilities, instead of focusing on proliferation in general. The concept of
targeted therapies ensures, that following a deliberate diagnosis, patients receive a
remedy that is specific to their disease, guaranteeing that the chemotherapeutic agent
will exert its maximum potential on their tumor while keeping the damage on normal
cells at a minimum. The first such targeted therapy, an angiogenesis inhibitor called
bevazizumab was approved in 2004 [125]. Since then, a stellar amount of different
therapies have been approved, or are under ongoing clinical trials.
In general, targeted therapies are of two types. The first are small molecule drugs,
which are small enough to enter into cells, where they can inhibit the activity of their
protein or protein complex target. These targets are specifically selected, as having a
bottleneck (i.e. non-redundant) role in their respective pathways [126]. The second
type constitutes of monoclonal antibodies, which can either work by themselves or
be conjugated with radioisotopes or chemotherapeutic agents [127]. Some of these
antibodies are artificially designed to bind to specific epitopes found on the surface
of cancer cells, and when acting alone, their sole role is to attract immune cells to
the cancer cells and promote their immuno-destruction. Conjugated antibodies, on
the other hand, are used to increase the specificity of the applied targeted therapy.
Radiolabeled antibodies, for example, are effective against certain lymphomas, as
they have a heightened sensitivity for radiation [128, 129] 3 .
Although targeted therapies are considered to be more effective and less destructive as standard cytotoxic chemotherapies, in many cases an initially good response
is followed by a sudden relapse [47]. Such relapses can be contributed to multiple factors. The first is, that a single agent might not be able to shut off the corresponding
tumor-specific capability, as many signaling pathways are redundant [47, 130, 131] .
This allows cancer cells to adapt to the new circumstances, and to develop resistance
eventually. It is also possible, that as a response to therapy, cancer cells reduce their
dependence on the targeted capability. For example, as bevacizumab therapy inhibits
angiogenesis, those tumor subclones could gain greater fittness, that emphasize their
invasive and metastatic capabilities (as by invading normal tissues, they gain access
to already existing vasculature) [47].
The core problem, however, might stem from the multistep nature of carcinogenesis. While a tumor originally arises as a monoclonal growth [8], as it develops it
3 Naked

antibodies are generally considered to be a part of immunotherapy.
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Therapy

Relapse

resistant subclones

Figure 3.2:

Intratumor heterogeneity may result in resistance to a particular form of targeted
therapy. When a small subclone, which initially had negligible dimensions compared to the whole
tumor, is resistant to the therapy, it may overtake the targeted clone.

becomes more and more heterogeneous. Although it is a possibility that two or more
subclones might have very similar fitness values within the same tumor, it is more
likely that a single clone will eventually overgrow the others. As a result, clones with
smaller fitness will reduce in numbers, they might even enter into a dormant state
[47]. When the initial diagnosis of the cancer is made, and targeted therapy is applied, the selected therapy will be specifically targeting the major clone. Given that
the selected drug has a high specificity against the cells within the targeted clone, the
tumor initially responds well, and shrinks in size. At the same time, however, the once
suppressed subclones, that might be resistant to the cancer drug, that is efficiently
killing the cells of the major clone, can increase in numbers, overtake the place of
the dead cells, and the newly regrown tumor becomes resistant to the initial therapy.
A similar mechanism lead to the resistance against non-specific, chemotherapeutic
agents.

3.2 Homologous recombination deficiency in the
crosshairs
As the only error-free double-strand break repair pathway, homologous recombination
is a suitable object for targeted therapy. The strategy against cancer cells that exhibit
homologous recombination deficiency (HRD) is to utilize their sensitivity to DSBs,
by inducing as many chromosomal breaks in their genomes as possible. Even if they
manage to repair these breaks, in the absence of HR, they will use non-homologous
end-joining, or an alternative end-joining repair pathway to correct the damage, which
are all error-prone. The result of the therapy is that tumor cells start stocking up
extra mutations, mainly deletions, while healthy cells use HR to counteract the mutagenic effects. The increased mutational burden eventually leads to the death of the
malignant cells.
The first reported cancer cases harboring HRD were tumors with germline BRCA
1/2 mutations [132], although both of these tumor suppressor genes can be silenced
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Figure 3.3:

Chemotherapeutic and targeted strategies against HR. A: Platinum based cytotoxic
chemotherapies along with many other types of mutations cause interstrand crosslinks (ICLs), which
are repaired by the Fanconi anemia pathway. In the last step of the repair process a DSB emerges,
which is generally repaired by HR. B: The inhibition of PARP1 also leads to the inhibition of the
repair process of single-strand DNA breaks. During DNA replication, these single-strand breaks lead
to replication fork collapse, the result of which is a one-ended DSB. In HR-proficient cells, this break
eventually gets repaired by HR.

through somatic mutations and epigenetic alterations as well 4 . It is estimated, that
approximately 13% of ovarian and 15% of triple-negative breast cancer cases have
germline BRCA1/2 mutation-associated HRD, however, approximately half of the
HRD cases in both of these diseases cannot be associated with germline or somatic
alterations in either of the BRCA1 or BRCA2 genes [133, 134]. Furthermore, it is
estimated, that up to 25% of advanced prostate cancer cases might harbor DNA repair deficiencies, approximately half of which (~12% of all cases) harboring germline
or somatic alterations in BRCA2. Most of these mutations (~90%) are accompanied
by a loss in the other allele too (somatic mutation + LOH or deep deletion) [135].
4 Keeping

in mind, that for their complete inactivation, both alleles have to be silenced
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Drug

Date of
Approval

BRCA
status

Clinical
setting

Platinum sensitive,
relapsed HGSOC
post CR/PR

germ./som
BRCAmt

Maint.

Advanced ovarian
cancer

germ.
BRCAmt

4th line

Recurrent epithelial
ovarian, fallopian tube or
primary peritoneal cancer.

-

Maint.

Advanced epithelial ovarian,
fallopian tube or
primary peritoneal cancer

germ.
BRCAmt

4th line

Platinum sensitive relapsed
HGSOC (post CR/PR)

-

Maint.

2018

germ./som.
BRCAmt

3rd line

December,

Advanced epithelial ovarian,
fallopian tube or
primary peritoneal cancer
Recurrent epithelial ovarian,
fallopian tube or
primary peritoneal cancer

-

Maint.

EMA

Platinum sensitive relapsed
or progr. HGSOC

germ./som.
BRCAmt

3rd line

FDA

Recurrent epithelial ovarian
fallopian tube or primary
peritoneal cancer (post CR/PR)

-

Maint.

December,
2014

Agency

Population

EMA

FDA

Olaparib
capsule

December,
2014

August
Olaparib
tablet

February

Rucaparib

EMA

FDA

2016

May,
2018
Niraparaib

FDA

2017

March
2017
November,
2017

EMA

Platinum sensitive relapsed
HGSOC (CR/PR)

Maint.

Table 3.1:

Summary of the currently (as of summer of 2019) clinically approved PARP-inhibitors,
and their targeted populations. The abbreviations are as follows. EMA: European Medicine Ageny,
FDA: Food and Drug Administration, HGSOC: High Grade Serous Epithelial Ovarian Cancer, CR:
Complete Response, PR: Partial Response, germ.: germline, som.: somatic, Maint.: Maintenance.
Source: Jiang et al., 2019 [136]

The traditional therapy for these patients constitutes platinum-based chemotherapy: mostly cisplatin, carboplatin, or oxaliplatin [137]. These agents are coordination
complexes of platinum, and all of them are severe cytotoxic drugs. Platinum-based
agents cause multiple types of DNA alterations, such as DNA adducts, intrastrand
crosslinks, interstrand crosslink, or even DNA-protein crosslinks. What makes these
treatments effective against HRD cases can be contributed mostly to their interstrand
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crosslink-inducing (ICL) capability. ICLs are severe defects, as they prohibit DNA
unwinding during transcription or DNA replication [138]. A single ICL can lead to
cell cycle arrest, and if left unrepaired, similarly to DSBs, can trigger apoptosis [138].
Due to their severity, mammalian cells have developed an ICL-specific repair system,
the Fanconi Anemia (FA) pathway, which is named after the recessive genetic disease
caused by its deficiency [139, 140]. The FA pathway operates in the S-phase of the
cell cycle, and in order to repair an ICL, it utilizes multiple types of DNA repair machinery. In the last step of the pathway, a two-ended double-strand break emerges,
which is usually repaired by HR [139, 140] (Figure 3.3A). In HR-deficient cancer cells,
however, depending on what part of the pathway causes the deficiency, the damage
has to be repaired via NHEJ or an aEJ pathway.
The targeted therapeutic approach aims at the inhibition of the poly(ADP-ribose)
polymerase 1 (PARP1) protein, which is an essential player of the base excision repair
(BER) pathway. Although it has been shown to bind to several forms of DNA lesions,
including DSBs, single-strand breaks (SSBs), DNA crosslinks and stalled replication
forks, where it facilitates the reorganization of DNA structure and facilitates DNA
repair [141], its primary function is the recognition of single-strand DNA breaks [79].
A theoretical inhibitor of PARP1 was first proposed to be a potential anti-cancer
drug in 2002 [142], and the first clinical approval was issued in 2014 to olaparib[143].
The general approach using PARP-inhibitors is to inhibit the SSB repair activity
of PARP1, which will lead to the accumulation of SSBs in the genome. During
DNA replication, DNA polymerase encounters these breaks, which results in the
collapse of the replication fork, and the appearance of a one-ended DNA doublestrand break (Figure 3.3B) [141]. The inhibition of PARP1 is therefore highly toxic
to HR-deficient cancer cells, such as those with biallelic loss-of-function mutations
in BRCA1, BRCA2 or PALB2, as they cannot repair the damage error-free. The
mentioned tumor-suppressors are frequently found in familial and sporadic breast
and ovarian cancers [144], hence the first clinical trials had been organized around
these diseases.
Currently, three PARP-inhibitors have been approved by both the Food and Drug
Administration (FDA - United States) and the European Medicine Agency (EMA European Union) (Table 3.1), and there are several more in various stages of clinical
development [143].
While ~15% of advanced ovarian cancer patients who receive olaparib live more
than five years symptom-free, multiple studies have reported the development of resistance against the treatment [145–149]. Although the underlying processes differ, in
all of these cases, additional randomly acquired mutations are behind the emergence
of the resistance.
Reverse-mutations: As it was discussed in chapter 2, frameshift deletions are
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exceptionally dangerous mutations, as they can shift the reading frame of RNA polymerase during transcription, which will produce a completely altered mRNA following
the deletion. In some cases, a second frameshift mutation might put the reading frame
back to its place. If the two deletions are close enough and the resulting minor change
does not affect the protein function substantially, the function might be restored, and
in case of BRCA1 or BRCA2, reverse-mutations may restore HR completely. [145].
Loss of 53BP1: In biallelic BRCA1 mutant cases, the loss of 53BP1 may result
in a complete restoration of HR function, as the choice of repair will shift from NHEJ
to HR [146].
Overexpression of miR-622: The overexpression of microRNA 622 in highgrade serous ovarian cancers with a BRCA1 mutant background has been shown to
restore HR by downregulation the KU complex. As a result, the DSB-repair choice
shifts from NHEJ to HR [147].
BRCA hypomorphs: Hypomorphs are mutant proteins, that retain some of their
original functionality [150]. BRCA1185delAG is a perfect example of such proteins,
as it is created from a truncated polypeptide. Despite the expectations, however,
BRCA1185delAG s are able to fulfill some of the functionalities of the BRCA1 gene.
They can interact with other HR genes, for example, but they lack the RING domain
which is needed for their dimerization with BARD1. The mutation was also shown
to promote the resistance to PARP inhibitors and cisplatin [148].
Overexpression of RAD51: It has been shown that the overexpression of
RAD51, the effector of HR, promotes resistance in triple-negative breast cancer [149].

3.3 Immunotherapy
Although it is out of the scope of this thesis, immunotherapy is nowadays the most
rapidly advancing field of cancer therapy; therefore, it deserves to be mentioned in this
chapter. In general, every treatment belongs here that uses the patient’s own immune
system to attack the disease. As it was mentioned above, monoclonal antibodies that
mark cancer cells for immune-destruction belong here. The other promising strategies
use checkpoint-inhibitors which can interfere with the tumor’s abilities to avoid the
attack of the immune system[151], and adoptive cell transfers, in which the patient’s
T cells are screened to find the one, that is most effective against the tumor. The
selected T-cell will be grown in large batches in a lab, then re-injected into the veins
of their donor [152].

CHAPTER

4
Next-Generation
Sequencing

Next-generation sequencing (NGS) refers to a collection of deep, high-throughput,
DNA sequencing technologies, that have replaced the first-generation sequencing techniques (such as chain-termination sequencing1 ) as the primary set of tools for genomic,
transcriptomic, and epigenomic analyses. These tools allow the massively parallel sequencing of biological samples, which makes them significantly faster and cheaper
alternatives to earlier approaches [153]. NGS has revolutionized the fields of genetics
and biology, by enabling the emergence of a new era of genomic research, including
cancer genomics.

Second generation sequencing
The term NGS was coined to signify the evolutionary breakthrough these techniques
have represented in DNA sequencing. Nowadays, the original NGS technologies, however, are more and more often referred to as second-generation sequencing methods.
Their basic characteristics are the following [153, 155]:
• Whole genome and targeted sequencing require the fragmentation of the DNA
into random, smaller, overlapping segments. The fragmentation may be executed through physical/mechanical, enzymatic, or transposase methods. Depending on the sequencing method, the size of the fragments varies between
150 and 800 bps [156, 157].
• During RNA/transcriptome sequencing cDNA is reverse-transcribed from mRNA.
Since the average size of mRNA strands is small, their fragmentation is usually
not necessary [158].
1 Also

known as Sanger sequencing, named after Frederick Sanger, the inventor of the method.
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Figure 4.1: NGS approaches in cancer genomics. In order to understand the biology of a tumor
colony, it is often required to conduct several independent analyses in parallel, such as genomic,
transcriptomic and epigenomic approaches. The results then can be integrated into a single framework, which will allow us to reach to a final conclusion. E.g., if a tumor-suppressor acquires a likely
pathogenic somatic mutation, and at the same time its expression decreases compared to normal
cells’ and there are signs that the promoter of the gene is methylated, we can conclude, that it is
likely that the gene has been inactivated. The illustration is based on Figure 1 of the article Shyr et
al., 2013 [154].

• The construction of a template library is necessary. During this process, the
ends of the fragments are polished, and linker/adapter sequences are ligated to
them [159].
• The fragments of this library are subject to clonal amplification. At this step
single strand DNA fragments are bound either to beads, ion surfaces, or a flow
cell. Depending on the sequencing platform, emulsion PCR or bridge PCR is
used to amplify these anchored segments [160, 161].
• Nucleotide incorporation is registered through luminescence detection or via
changes in the electric charge during the procedure. The nucleotide assignment
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process is called base calling, during which apart of the actual nucleotide designation, the base also receives a probability score of making an error. This
score is calculated based on the peaks at each base calls within a chromatogram
file. The probabilities (P ) are transformed into Phred-scores (Q), which usually
vary between 4 and 60 [162, 163]:
Q = −10 log10 P.

←→

Q

P = 10− 10

(4.1)

• During the actual sequencing step, millions of short reads can be registered in
parallel.
• Both single or paired-end reads can be created.
• Most importantly, these reads are digital, which allows their direct quantitative
analysis.
Apart of whole-genome sequencing (WGS), second generation techniques also allow to conduct RNA sequencing (RNA-seq), targeted sequencing, including wholeexome sequencing (WES) or candidate genes sequencing (CGS). Furthermore, they
allow the study of the human methylome via methylation sequencing (MeS), which
can complement a traditional WES, WGS approach [154].

Third generation sequencing
These techniques are designed to further reduce the costs and the complexity of
second-generation methods. Their main feature is that they read the nucleotides
at a molecular level, which allows them to produce significantly longer reads than
second-generation techniques do, an to produce better assembly qualities. Furthermore, these technologies allow the detection of epigenetic alterations on native DNA.
Third-generation sequencing is the ultimate dream of everyone involved in genomics,
as they promise to bring freedom from amplification artifacts and bias. It is very
likely that the spread of their commercial applications will lead to a third revolution
in sequencing technology [164].
Since the third generation approaches are still under active development, all of the
samples I have been working with while I was conducting my projects were sequenced
with second-generation Illumina sequencers. The remaining sections of the chapter
are intended to give a brief summary about the analytical approaches of secondgeneration sequencing reads.
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4.1 Assembly
After the actual sequencing process had finished, the reads are stored in standard
ASCII-encoded FASTQ files. Depending on the sequencer and the post-sequencing filtering methods it applies, the FASTQ files might contain everything the sequencer registers, including adapter sequences, and low-quality base calls. In order to maximize
the fidelity of the final assembly, it is mandatory to remove the adapter sequences and
perform a trimming on the reads, as Illumina sequencers tend to become out-of-sync
towards the 3’ ends of the DNA inserts [165].
The assembly of the reads then can follow two general directions. When the
organism that has been sequenced does not have a reference genome, or for some
reason the reference genome cannot be used, then it is possible to perform a de novo
assembly, during which the reads are aligned together via an algorithm, that can either
aim for a local (greedy approach), or a global optimum (graph-based approach) in the
assembly [166, 167]. Cancer genomics, however, generally does not follow this practice.
Since the human reference genome has already been assembled, we have a very good
idea about the DNA sequences that constitute healthy human cells. Therefore, the
individual reads can be realigned to this sequence, via short-read alignment tools,
such as bwa [168] or Bowtie [169].
The small read-lengths that characterize second-generation sequencing approaches,
however, makes both assembly strategies difficult. De novo assembly of short reads of
complex organisms, such as humans, plants, and animals is far from being trivial [166,
167], and due to the presence of homologous regions within the genome, short reads
might be mapped to multiple loci during the alignment process. Aligner software map
such reads to the most likely region in the reference sequence, and after the process,
they assign a mapping quality score to each of them. These scores are analogous to the
Phred quality scores of base calling (Equation 4.1), and they encode the probabilities
that their respective reads do not originate from the sequence where they have been
aligned [168, 169]. The efficiency of the assemblers can be significantly increased when
both ends of the DNA fragments are sequenced. A DNA insert separates such pairedend reads from each other, which has a size-distribution that follows the distribution
of the original fragment sizes. Therefore, they vary in a limited range, usually a
few hundred bp [170]. The alignment of paired-end reads also contributes to the
reliable detection of large-scale chromosomal abnormalities, such as large deletions,
translocations, and inversions [170].
Due to the random fragmentation of the DNA during the library preparation step,
the resulting reads overlap, which allow them to cover the same genomic coordinates
multiple times. In general, this is necessary for eliminating the chance that a mutation
caller registers a sequencing error as a true mutation, but in cancer genomics, it is also
essential for the estimation of normal tissue contamination within the tumor sample,
and to overcome the issues resulting from intratumor heterogeneity [171–173]. Figure
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Figure 4.2:

A: Due to the multistep development of carcinogenesis, the evolutionary tree might
result in multiple branches, which results in the appearance of several clones within the same tumor.
Every circle in the figure represents a tumor cell, and each color corresponds to a combination
of heritable mutations. B: Tumor cells are always surrounded by normal tissues, especially after
cancer cells became capable of invading them. Tumor biopsies, therefore, often ”contaminated” by
healthy cells. Furthermore, the heterogeneous distribution of tumor colonies practically ensures that
two biopsies taken from the same tumor will never be identical. C: In extreme cases, the different
constituents can lead to differing genotypic results.

4.2 illustrates the complications that normal tissue contamination and intratumor
heterogeneity cause in cancer genomics.
The average number of reads covering unique genomic coordinates is often termed
as sequencing depth (d), or coverage (c), and can be estimated with the following
formula [174]:

d=c=

Ln
,
G

(4.2)

where L is the mean read length, n is the number of the aligned reads, and G
is the size of the genome. It is important to emphasize, that this quantity is only
an average. For whole genomes, the actual depths (di ) at given positions (i) can be
modeled as independent, identically distributed Poisson random variables [175]:

di ∼ Poisson(d) =

dk −d
e .
k!

(4.3)
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Genomic analysis

The newly assembled genome with its overlapping reads, their qualities, and various
properties resulting from the alignment process are stored in so-called sequence alignment map (SAM) files, or in their binary equivalent BAM files [176]. This raw output has
to go through a post-processing pipeline, which involves the sorting and indexing of
the reads, a local indel realignment step, the removal of the optical/PCR duplicates,
and the recalibration of the base quality scores [177]. After all the tools performing
these steps have finished, the post-processed files are ready for analysis.

4.2.1 Small-scale variant discovery
In most cancer genomics applications, it is necessary to simultaneously analyze the
matched normal and tumor samples of the same patient. The normal sample, comprising healthy cells, can be solid tissue or peripheral blood. It helps us to identify
heritable (germline) variants, that might be connected to the patient’s disease. A normal sample is also required to distinguish the somatic mutations from likely germline
variants within the tumor sample.

Germline Variant Calling

Germline variants can be reliably called from the normal sample only. Although
nowadays a large number of germline mutation callers exists [178], most of them treat
SNP (Single Nucleotide Polymorphism) and indel calling as a large scale Bayesian
modeling problem, where the task is to determine the joint posterior probabilities
of the considered genotypes, given the reads that are covering the analyzed position
[178]:
P (G|D) = ∑

P (D|G)P (G)
.
P
g∈G (D|G = g)P (G = g)

(4.4)

Here, D is the collection of read values at the position, e.g. D = {T20 , T20 , T10 , G10 ,
T30 }, where the numbers indicate the Phred quality scores of the called bases, G is the
collection of all the possible diploid genotypes, i.e. G = {H1 H2 }, Hi ∈ {A, T, C, G},
P (G|D) is the posterior distribution, P (D|G) is the likelihood, and P (G) is the prior
distribution of the genotypes. The likelihood can be written up as the product of the
haploid likelihoods:
P (D|G) =

∏ ( P (Dj |H1 )
j

2

+

P (Dj |H2 )
2

)
,

(4.5)
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 1 − ϵj
P (Dj |Hi ) =
ϵ
 j
3

if Dj = Hi ,
otherwise.

(4.6)

Somatic Variant Calling

Somatic variant callers utilize the paired normal, and tumor samples in order to reliably isolate genuine somatic mutations from those that are also present in the normal
sample. The isolation of somatic mutations is crucial for the identification of driving
mutations within the cancer genome, and also for the detection of cancer biomarkers,
which will be discussed later in this chapter. Similarly to germline mutation callers,
multiple types of somatic mutation callers exist.
The most straightforward tools follow a heuristic strategy, in which the potential
variants within the tumor first have to surpass a set of pre-defined thresholds, then
those variants that have passed these thresholds, are analyzed in the normal sample
[179, 180] as well. The more sophisticated tools, however, also rely on a simple
Bayesian formula. In case of a joint-genotype analysis, when the diploidy of both the
normal and tumor sample is assumed, the formula is the following:
P (GT , GN |DT , DN ) =
P (DT , DN |GT , GN )P (GT , GN )
,
n,t∈G P (DT , DN |GT = t, GN = n)P (GT = t, GN = n)

∑

(4.7)

where the LHS contains the joint posterior probability of the joint genotypes, the
numerator of the RHS contains the product of the joint likelihood and the prior of
the join genotypes, which may depend on multiple factors, such as the genomewide
SNP-rate, somatic mutation rate, the transition/transversion ratio, and others [179].
The denominator contains the mean likelihood, also known as evidence, and serves
normalization purposes.
Other tools abandon the diploidy assumption, and instead of genotypes, they work
with allele-frequencies (fN , fN : allele-frequencies of the normal and tumor samples
respectively). Their joint posterior hence becomes to P (fT , fN |DT , DN ). The most
sophisticated tools, also realign the reads at active regions and generate candidate
haplotypes that may be represented by de Bruijn-like graphs. The individual reads
are then aligned to these candidates, an the likelihoods are estimated based on the
number of reads supporting each haplotype.
It also has to be mentioned, that when a matched normal sample is not available for
somatic mutation calling, a consensus human reference sequence in combination with
databases of previously described, frequent single nucleotide polymorphisms (SNPs)
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can be used instead. However, this strategy might generate a substantial amount of
false-positive somatic mutation calls, which makes the extraction of cancer biomarkers
and the functional analysis of the discovered mutations a problematic task.

4.2.2

Large-scale variant discovery

While the detection of small-scale variants in short-read alignments is well established,
large-scale variant calling, especially structural variant (SV) calling is still an actively
researched area.
4.2.2.1 Structural variant calling

The reliable detection of structural variants (large deletions, insertions, duplications,
inversions, and translocations) from short-read alignments is difficult, as the mean
length of reads can easily be several orders of magnitude smaller than the variants
themselves. In contrast to small-scale variant calling, SVs are largely detected through
the indirect evidence of disturbances in the alignment of the reads around the SV
breakpoints. In general, SV calling methods can be classified into four types of algorithms: read-pair, split-read, read-depth, and local assembly. The most recent tools
often employ multiple of these in order to increase their sensitivity and specificity
[181, 182].
Read-pair method
These approaches rely on the potential of the constrained alignment of paired-end
reads. If the breakpoint of the SV is between the two reads, the insert size between
them will be significantly different from the distribution of insert sizes resembling
the original DNA fragments. This is especially true, when due to a translocation,
the two reads are mapped to distant regions of the same chromosome, or onto two
completely different chromosomes. The distribution of insert sizes determines the
minimum size of detectable deletions and insertions, although it does not affect inversions and translocations. Read-pair methods, therefore, are unable to detect smaller
deletion or very large insertions. They also have to employ sophisticated filtering
strategies in order to remove the false positive calls that are caused by incorrectly
mapped reads due to homologous or repetitive sequences within the genome [183–186].
Split-read method
The alignment software of short reads allow the separation of the original reads into
two or more shorter fragments, which can be mapped separately onto the reference
genome. This approach is called soft-clipping. Split-read methods, utilize these reads
for SV detection, by treating the genomic locations that are enriched in soft-clipped
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reads as candidate SV breakpoints. These methods are capable of detecting small
and medium-size variants unless they are located within highly repetitive regions
[187–191].
Read-depth method
Read-depth methods are closely connected to copy number analysis, as they rely on
the relative changes in the coverage at confined genomic regions. They are extremely
suitable for detecting changes that involve an increase or decrease in the local copy
numbers, such as duplications and deletions, that are longer than > 1kb. Copy number neutral alterations cannot be detected with this strategy [192–194].
Local assembly method
As the average read-length have increased even in second-generation sequencing technologies (from the original 2 × 36bp, Illumina sequencers have gone up to 2 × 300bp
in MiSeq sequencers2 ), local assembly-based methods have become more and more
reliable. In the first step, these algorithms collect reads that encountered problems
during alignment, and then they define suspicious genomic regions using the results.
Reads that are covering these regions are locally re-assembled, and the variants are
called from the resulting assembly contigs [195, 196].
4.2.2.2 Copy Number Variations

The analysis of copy number variations in cancer genomics is basically equivalent
to the establishment of sophisticated digital karyotypes of tumor cells. Originally,
such analyses involves the usage of comparative genomic hybridization (CGH) or
single nucleotide polymorphism (SNP) arrays, however, the widespread applications
of second-generation sequencing technologies had led to the development of tools,
that are capable of extracting local copy numbers from WGS and WES samples as
well [197–200]. In principle, plain copy numbers can be calculated by considering the
logR ratios (r) only, which are the ratios of the normalized expected and observed
hybridyzation intensities in CGH and SNP arrays, and usually calculated as the
binary logarithm of the ratio between the normalized coverages of the tumor and
normal samples in whole exome or whole genome sequences:
(
ri = log2

covtumor
covnormal

)
= C log2

ni
Ψt

←→

ni = Ψt 2ri /C .

(4.8)

Here, ni is the copy number at genomic location i, Ψt is the ploidy of the tumor, and
C is a constant. Additionally, while calculating the copy numbers, one also has to
2 Source:

https://emea.illumina.com/systems/sequencing-platforms/miseq/specifications.html
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consider the infiltration of diploid (n = 2) normal cells within the sample, which can
be done by incorporating the cellularity of the tumor (ρ, the fraction of aberrant cells
in the sample), in equation 4.8:
ri

ni ρ + 2(1 − ρ)
,
Ψt
Ψt 2ri /C − 2(1 − ρ)
.
ρ

= C log2

ni

=

(4.9)

These copy numbers, however, do not consider the copy number neutral events,
such as those, when one parental allele suffers a long deletion, while the other a
duplication, resulting in a copy number neutral LOH. For the detection of such events,
it is necessary to estimate the copy numbers of the two parental alleles separately,
which is only possible, when we consider the germline heterozygous positions only
and calculate the so-called B-allele frequencies (BAF, the allelic frequency of the less
abundant allele) at their genomic coordinates. In a homogeneous sample (ρ = 1), it
can be calculated as follows:
BAFi = bi =

nB,i
,
nA,i + nB,i

(4.10)

where nA,i and nB,i are the allele-specific copy numbers of the major and minor
alleles respectively, at locus i. In general, the equations for logR and BAF become
the following [201]:
(
ri = C log2
bi =

ρ(nA,i + nB,i ) + 2(1 − ρ)
2(1 − ρ) + ρΨt

)
,

1 − ρ + ρnB,i
.
ρ(nA,i + nB,i ) + 2(1 − ρ)

(4.11)

(4.12)

From these, the allele-specific copy number estimates can be written up explicitly:
nA,i =

ρ − 1 + 2ri /C (1 − bi )(2(1 − ρ) + ρΨt )
,
ρ

(4.13)

ρ − 1 + 2ri /C bi (2(1 − ρ) + ρΨt )
.
ρ

(4.14)

and
nB,i =

Finally, in order to limit the sensitivity of the estimated copy numbers to noise,
both the observed r and BAF values are preprocessed with a piecewise constant
fitting algorithm, which merges the individual observations into chromosome-specific
segments. The final ploidy and cellularity estimates of the sample are those, that are
most likely to produce the observed segmented data.
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4.2.2.3 Functional consequences of mutations

The identification of disease-causing (i.e., pathogenic) variants detected by NGS variant caller tools involves multiple steps, such as variant filtration, annotation, in silico
prediction and preferably clinical interpretation by human experts. In practice, this
can be realized by using a pipeline of tools that are designed to assist clinicians and
laboratories to understand the functional consequences of mutations with respect to
a specific disease [202].
• Variant annotation: Tools performing variant annotation are designed to
assess the effects of DNA aberrations on the genes and their genic products.
They categorize variants into intergenic, exonic, intronic and splicing variants,
and for exonic variants, they calculate the amino acid change caused by the
mutation (mostly for single-nucleotide substitutions) [203–205].
• Making initial predictions: Various, score-based in silico methods are available to make initial predictions about the deleterious nature of a variant, based
on evolutionary data, sequential context or the biochemical changes resulting from an altered amino acid sequence. Such measures are the SIFT [206],
PolyPhen-2 [207], CADD [208], and FATHMM [209] scores, which all have
their limitations, either in the form of moderate accuracy, low specificity or
over-prediction [202].
• Final predictions: The initial predictions are refined using archived data of
clinically or functionally validated pathogenic variants from public gene-specific
databases, such as the Human Gene Mutation Database (HGMD) or clinVar
[202].
Given the vast number of available annotator tools, and the often contradicting in
silico predictions, the evaluation of variants for pathogenicity is far from being trivial.
In order to standardize the interpretation of genetic variants, in 2015, the American
College of Medical Genetics and Genomics (ACMG) and the Association of Molecular
Pathology (AMP) have designed a set of decision-tree-like guidelines, containing 28
criteria, that clinicians and laboratories can follow [210]. The accurate following of
these guidelines is also complicated an prone to errors, therefore it is advisable to use
a tool that follows them automatically, such as intervar [202].
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4.3

NGS tools used in the projects

Table 4.1. contains a collection of the most important NGS tools that I have been
using while I was working on my projects.
Task:
Short read
quality assessment
Short read alignment
Manipulation of
SAM/BAM files
BED file manipulations
Local indel
realignment
PCR duplicate
remocal
Base quality score
recalibration
Germline point mutation
and indel calling
Somatic point mutation
and indel calling

Tool:

Method (if applicable):

fastqc (v11.6) [211]

-

bwa (v0.7.15) [168]

Burrows-Wheeler transform

samtools (v1.8) [176]
picard tools (v2.17)

-

bedtools v2.26.0 [212]

-

GATK (v3.8) InderRealigner [213]

-

sambamba (v0.6.7) [214]

-

GATK (v3.8) BaseRecalibrator [213]

-

GATK (v3.8) HaplotypeCaller [213]

AF and haplotype based

GATK (v3.8 – 4.1) MuTect2 [213]

AF and haplotype based

BRASS (v6.0.0)

Local assembly

Copy number variant
calling

Sequenza (v3.0) [197]

Bayesian ploidy and
cellularity estimation

Functional analysis

Intervar (v2.0.1) [202]

ACMG-AMP 2015 guidelines

Structural variant calling

Table 4.1:

A collection of NGS tools that were used in the projects presented in the thesis

CHAPTER

5
Cancer
biomarkers

Cancer biomarkers are biomolecules or molecular features exhibited by either the
tumor cells or by other cells in response to the tumor. They can be genes, gene
products, enzymes, hormones or even specific cells that can be detected from tissues or body fluids, or since the advent of next-generation sequencing, also genomic
alterations. Reliable cancer biomarkers can be used for diagnostic, prognostic and predictive purposes, and some of them can be exploited as therapeutic targets [215, 216].
Screening and diagnostic biomarkers
Screening biomarkers are used to detect cancer in an early, asymptomatic stage.
Their wide-range applications are meant to increase survival rates and to decrease
the morbidity and mortality of the patients. They are mostly used in the form of
screening tests, which are designed to being highly sensitive, in order to reduce the
number of false-positive predictions into a minimum [216]. Diagnostic biomarkers,
on the other hand, are applied for symptomatic patients. The distinction between
screening and diagnostic biomarkers is rather vague, as many diagnostic biomarkers
are also good screening biomarkers [216]. A good example is the elevation of prostatespecific antigen (PSA) levels, which is a screening biomarker for prostate cancer, but
if combined with a digital rectal examination, it also becomes a diagnostic tool [217].
Prognostic and Predictive biomarkers
A prognostic biomarker provides information about the patients overall cancer
outcome, regardless of therapy. The presence or the absence of such a prognostic
marker can be useful for the selection of patients for a certain treatment, but does
not predict the response to this treatment, while predictive biomarkers are used for
predicting the patient’s response to a specific form of anticancer therapies. As such,
predictive biomarkers constitute a cornerstone of personalized medicine. Similarly to
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Mutation type
Small-scale

Large-scale

Table 5.1:

HRD signature

Single nucleotide substitutions

Substitution signatures [218]

Small indels

Microhomology-mediated deletions [219]

Structural variants

Rearrangement signatures [220]

Copy number variations

Genomic scar scores [221–223]

Summary of the genomic alteration-based HR-deficiency biomarkers discussed in the

thesis

the previous categories, the boundary between prognostic and predictive biomarkers
is not well defined, as many prognostic biomarkers are also suitable for predictive purposes[216]. A good example is the estrogen receptor (ER), which is a good prognostic
biomarker for breast cancer patients. When it is negative (ER-), it indicates a poor
prognosis, and when it is positive (ER+), a good prognosis. It is also an excellent
predictive biomarker, in which role it is used for estimating whether a patient will
respond to hormonal therapy. Patients with an ER+ tumor likely respond to ER
modulators or aromatase inhibitors [216].

5.1 Biomarkers of homologous recombination
deficiency
Originally, homologous recombination deficiency (HRD) was reported in tumors that
were harboring germline mutations in either of the two tumor suppressor genes,
BRCA1 or BRCA2 [132]. Due to the essential role played by their protein products
in homologous recombination (HR), it is not surprising, that even today, germline
BRCA1/2 mutations are still the best clinical biomarkers of PARP inhibitor sensitivity [224–226]. Their importance is reflected by the patient cohorts for whom the
application of PARP inhibitors is approved by both the FDA or EMA (Table 3.1). Relying on germline or somatic mutations in these genes, however, inherently results in
the acceptance of patients for therapy, who will not benefit from it, if the pathogenicity of the variant cannot be assessed1 , or a second, reverse mutation renders the gene
functional again[145, 227]. Furthermore, given the great plethora of proteins involved
in HR, the inactivation of BRCA1/2, cannot be the only way of rendering the HR
pathway inoperable. Therefore, the development of reliable biomarkers that are capable of predicting the HRD status in a BRCA1/2 wild-type background is important
for expanding the patient cohort that can be considered for PARP inhibitor therapy,
1 Such

variants are termed as ”variants with unknown significance”, or simply: VUS.
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it is important for increasing the sensitivity and specificity of the current clinical
practice, and it is also crucial for assessing the incidence of HRD in cancer types, in
which BRCA1/2 are less frequently mutated.
Several candidate biomarkers have been discovered/developed, that may fulfill
this role. Instead of the genes that are involved in HR, these biomarkers focus on
the identification of genomic aberration footprints, that are likely left behind by an
inoperable HR pathway. By virtue of the corresponding studies [218–223], today
we know, that HRD reveals its signs in essentially all forms of genomic aberrations,
small-scale and large-scale alike (Table 5.1). Throughout the remaining pages of this
chapter, these biomarkers, their underlying biological processes, and their detection
techniques will be introduced.

5.1.1 Somatic Signatures
The theory of somatic signatures is based on the proposal, that the multi-step process
of carcinogenesis might be influenced by several distinct exogenous and endogenous
factors, that may leave behind their characteristic fingerprints within the genome, in
the form of DNA aberrations. The first such model was developed on an alphabet
of single nucleotide substitutions, in which not only the mutational context but their
immediate 5’ and 3’ nucleotide neighbors were considered as well [218]. Since then,
similar signatures, using the same mathematical background, have been developed
for indels, double substitutions and large-scale structural variants [220, 228].
5.1.1.1 The mathematical formulation of somatic signatures

The mathematical background behind the notion of somatic signatures will be introduced through the original single-nucleotide substitution model [218], however, the
equations will follow a generalized formulation and can, therefore, be extended to any
other types of signatures as well.
The initial and most crucial step in every mutational signature-based analysis
that requires a broad understanding of the underlying biological processes is the designation of a suitable mutational alphabet. In the single substitution model, this
alphabet contains the six non-redundant substitution contexts (C>A, C>G, C>T,
T>A, T>C, and T>G), and their immediate neighbors. Therefore, each mutation is
considered in the form of triplets (e.g., instead of C>T, we are looking at NpCpN >
NpTpN contexts, where N denotes any of the four nitrogenous bases), which extends
its alphabet to a 96-dimensional feature-set. This idea can be extended to any alphabet of mutational features, which have some biological meaning. While the original
triplets define an alphabet of 96 features, generally we can assert, that our alphabet
(Ξ) is comprised of K features.
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Ξ := {1, 2, . . . k, . . . , K}

(5.1)

A tumor colony during its evolution might be affected by various mutational processes. We are not necessarily aware of the exact nature of their mechanisms, however,
we presume, that they leave behind their unique fingerprints on the genome of cancer cells. (Such processes can be cigarette smoking, aging, EM-radiation, oxidation,
DNA repair deficiencies, etc. . . ) The exact number of the processes is unknown, but
the formulation requires us to settle on a finite number, which will be denoted as N .
The importance of a good alphabet is revealed, when we map the abnormal cancer
genome (g) onto the finite set Ξ. A good alphabet is carefully designed to be capable
of quantifying the underlying mutational processes adequately, i.e., it is capable of
capturing the distinct fingerprints of each of the considerable mutagens without having too much variability. By mapping the altered cancer genome (g) to the alphabet
of mutational features, we end up with a K-dimensional vector (mg ) as a result. This
vector is addressed as the mutational catalog.
T
mg = [m1g , m2g , . . . , mK
g ]

(5.2)

By doing this, we can aggregate the variable amount and types of mutations
found in multiple cancer genomes into the same, K-dimensional vector space, which
simultaneously makes them comparable and numerically easier to handle. In the
model of the substitution signatures, mg is nothing else but the triplet spectra of a
single tumor sample (Figure 5.1, bottom panel).
We can assign similar K-dimensional vectors to the N mutational processes in the
following form:
Pi = [Pi1 , Pi2 , . . . , PiK ]T ,

where

i = 1, 2, . . . , N

(5.3)

Each element of this vector has a unique meaning: Pij is the probability of mutational process i to cause feature j of the alphabet in the cancer genome. (For example;
the probability of aging to cause CpCpG > CpTpG mutations.) Since these are true
probabilities, the vector Pi has to meet the normalization criterion:
N
∑

Pij = 1

(5.4)

j=1

If we take a look at our mutational catalog mg , every element of it contains a
single number: mkg ∈ N. This is the number of mutations that have been found in
the genome and correspond to feature k. It is a result of the combined effects of the
N mutational processes, hence it can be written up as the linear combination of their
exposures (the exact number of mutations caused by the individual processes). For
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example, eig is the total number of mutations caused by process i in cancer genome
g:
mkg =

N
∑

Pjk ejg

(5.5)

j=1

This is the case when we only have one cancer genome to deal with. The generalization
of this formula, however, also allows the simultaneous analysis of multiple (G) cancer
genomes, i.e. G mutational catalogs:
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Here, matrix M contains the individual catalogs in its columns. Similarily, P
contains the N different mutational signatures in its columns (the sum of the elements
in each column has to be 1), and E stores the exposures of the mutational processes
in its rows.
For de novo mutational signature analysis, following the mapping of the mutations
onto Ξ, we only possess M, from which determining P and E in a robust way is
a challenging task. Originally, Alexandrov et al. [218] used a non-negative matrix
factorization (NMF) algorithm to achieve this, which required thousands of iterations
and bootstrapping to reach to the final P and E matrices. In general, due to the
tremendous work done by others, we already possess P, therefore, we can use some
generalized strategy to calculate the inverse of the matrix: P−1 , and obtain the
exposures using the following formula:
E = P−1 · M

(5.7)

It is important to note, however, that extracting the mutations of a cancer genome
is as much of a subject to sequencing errors and technical or numerical issues as the
de novo signature extraction strategies. In order to get to accurate results, a cancer
genome has to suffer a sufficient amount of mutations, from which the underlying
processes can be reliably inferred, and it is also advisable to restrict the number
of considered processes to a minimum, otherwise many of them would end up with
non-significant contributions. Figure 5.1 illustrates the signature extraction process
with an already determined P matrix. In this example, four mutational processes (A,
B, C, and D) simultaneously influence the development of the tumor, with different
weights (30%, 30%, 10%, and 20% respectively). The mutational catalog of the
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Cancer genome =
+
+
+
+

300 mutations inﬂicted by Mutational process A
300 by process B
100 by process C
200 by process D
100 contributable to noise

Figure 5.1:

Illustration of the theory of somatic signatures using the triple-nucleotide spectra
of the single base substitution model. Here, it is assumed that four distinct mutational processes
exert their effects on the tumor genome. 30% of the mutations originate from Mutational Process A,
another 30% from process B, 10% can be contributed to process C and 20 % to process D. (These
signatures are four of the second generation single substitution signatures. Process A: Signature 1,
characterized by C>T mutations and etiology connected to aging, Process B: Signature 4, characterized by C>A transversions, attributable to tobacco smoking, Process C: Signature 22, characterized
by T>A transversions, connected to aristolochic acid exposure, and Process D: Signature 3, characterized by a flat mutational catalog, primarily present in HR-deficient tumors.) The remaining 10%
of the mutations are caused by random noise, sequencing errors, or other, non-significant processes,
with an assumed aggregated uniform distribution.

resulting cancer genome is the linear combination of these four mutational signatures.
In addition, it is assumed, that other, non-significant processes also leave behind
their fingerprints in the genome, or the sample might contain sequencing artifacts.
Therefore, an additional contribution is added to the catalog, in the form of a uniform
noise (10%).
The signatures of the four processes are used to extract the exposures of the cancer
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Estimated contributions of the 4 mutational processes in the example cancer genome
Mut. process D

Mut.process C

Mut. process B

Mut. process A
0.0

0.1

0.2

Signature contribution

0.3

0.4

Figure 5.2:

The uncertainty behind the inferred contributions. The four box plots illustrate
the distributions of 300 predictions, inferred from randomly sampled sub-mutational catalogs, that
have contained only 80% of the original mutations of the example in Figure 5.1. Blue bars illustrate
the original ratios, red points indicate outliers. The reconstruction step did not involve an error
catalog, therefore the addition of the random noise have increased most of the predictions, especially
of Mutational Process D, which is characterized by a flat, close to uniform mutational profile.

genome using (5.7), i.e., the number of mutations contributable to the four distinct
mechanisms. Due to the stochastic nature of the exposures and to the simulated
random noise, these final predictions, however, lack to inform us about their unavoidable uncertainty. The robustness of the predictions might be tested, when we infer
the contributions of the signatures, by considering only a subset of the mutational
catalog, similarly to a bootstrapping strategy, with random sampling, but without
replacement. Figure 5.2 illustrates the predicted uncertainty in the inferred signature
ratios, by showing the distributions of the predictions of 300 randomly sampled subset
catalogs, that have contained 80% of the original mutations.
This example was meant to illustrate the effects of an additional 10% uniform noise
on top of the genuine exposures, and on their uncertainties. In real life tumor samples,
however, the noise might easily get above the levels of the actual signals coming
from the signatures, especially for cancers that have lower mutational prevalence
than others [218]. The number of somatic mutations found in a cancer genome,
therefore, predetermines the number of signatures that may be considered in the
analysis. The COSMIC website [229] contains a summary of the signatures, that have
been documented to be present in various cancer types, which might help in making
this decision. When despite of the best efforts of the investigator, the mutation
counts and the signal to noise ratio in some tumor samples remains low, equation
(5.7) might prove to be too simplistic for the calculation of the exposures as it has
no constraints on the non-negativity of the elements of the E matrix. Under such
circumstances, the positive values of the signature exposures might be enforced by
utilizing a non-negative least squares approach, where the goal is to find
minE∗,i ||P · E∗,i − M∗,i ||2 ,

subject to E∗,i ≥ 0, for all i.

(5.8)

Here, E∗,i and M∗,i are the ith columns of the exposure and mutational catalog
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matrices respectively.
It also has to be noted, that as a result of the NMF de novo signature extraction
technique, the signatures themselves are not exactly determined either. All the probabilities within the signature vectors (P) are merely the means of their respective
distributions, although this type of uncertainty is never considered in practice [230].
Finally, it is advisable to evaluate the accuracy of the predicted exposures, by
putting back the exposure matrix (E) into equation (5.6), and calculate matrix M′ ,
the matrix of the reconstructed catalogs. In the articles presented in the thesis, the
similarity between the reconstructed and original catalogs was assessed by calculating
the cosine between their corresponding 96-dimensional vectors.

5.1.1.2 Single Base Substitution Signatures

Using the the idea presented in the previous section, Alexandrov et al. have determined 21 single base substitution signatures based on the somatic 96-dimensional
alphabets of 507 cancer whole genomes and 6,535 whole exomes, from 30 different
cancer types in 2013 [218]. Within a few years, these numbers have increased to 1048
whole genomes, 10,952 whole exomes, 40 cancer types and 30 signatures [231–233],
which are comprising version2 of the COSMIC signatures [229]. In 2019, COSMIC
has released the third update, based on a recent work from the same authors [228],
which is now based on 4,645 whole genomes, 19,184 whole exomes, and comprises of
49 single base substitution, 11 double base substitution, and 17 small indel mutational
signatures.
While the etiology of some of the found signatures remains unknown, others have
been well identified. Among the latter are two dingle base substitution signatures,
that are candidate biomarkers of HR-deficiency. The first is signature 3, which is
characterized by a flat mutational spectrum, associated with BRCA1/2 deficiency
[218, 234], and with small deletions, that are exhibiting microhomologies at their
breakpoints. The uniform nature of the signature is most likely contributable to the
recruitment of error-prone polymerases to the damage site, such as Pol η, Pol ι, Pol
κ, which lack the proof-reading ability of regular DNA replication polymerases [231,
235]. During translesion synthesis, their main role is to replicate the damaged strand,
even if it results in mismatched base-pairs. The second signature is signature 8,
which appears to be elevated in tumors with BRCA1/2 deficiency, but also present
in other tumors, although with slighter contributions [234].
Although two of the new indel signatures (ID6 and ID8) are also connected to
HRD [231], at the time I was working on my PhD projects, they were not part of
the COSMIC signatures, therefore, they will not be discussed. Their underlying
biological processes, on the other hand will be covered in the section written about
microhomology-mediated deletions.
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Figure 5.3: Determining the rearrangement signature clusters. The breakpoints of the structural
variants are sorted according to their genomic positions, then the distance between the neighbors is
measured. The points in the figure illustrate how these distances are distributed in the example whole
genome. A piecewise constant fitting algorithm then applied on the breakpoints with parameters
γ = 25 and kmin = 10. If a fitted segment at a region fells below log10 (distance) = −1, the
structural variants having breakpoint(s) in those regions are considered clustered events (indicated
by pink rectangles) [233].

5.1.1.3 Rearrangement Signatures

Rearrangement signatures to date have only been described in 560 breast cancer
whole genomes, among which 90 had inactivating genetic or epigenetic alterations in
either BRCA1 or BRCA2 [233]. The mathematical principles are identical to those
of the single base substitutions, they only differ in their mutational alphabets (Ξ),
which in case of the rearrangement signatures, consists of 32 structural variant-derived
features:
Clustered
Ξ1 = del : 1 − 10kb
Ξ2 = del : 10 − 100kb
Ξ3 = del : 100kb − 1M b
Ξ4 = del : 1M b − 10M b
Ξ5 = del :> 10M b
Ξ6 = tds : 1 − 10kb
Ξ7 = tds : 10 − 100kb
Ξ8 = tds : 100kb − 1M b
Ξ9 = tds : 1M b − 10M b
Ξ10 = tds :> 10M b
Ξ11 = inv : 1 − 10kb
Ξ12 = inv : 10 − 100kb
Ξ13 = inv : 100kb − 1M b
Ξ14 = inv : 1M b − 10M b
Ξ15 = inv :> 10M b
Ξ16 = trans

Non-clustered
Ξ17 = del : 1 − 10kb
Ξ18 = del : 10 − 100kb
Ξ19 = del : 100kb − 1M b
Ξ20 = del : 1M b − 10M b
Ξ21 = del :> 10M b
Ξ22 = tds : 1 − 10kb
Ξ23 = tds : 10 − 100kb
Ξ24 = tds : 100kb − 1M b
Ξ25 = tds : 1M b − 10M b
Ξ26 = tds :> 10M b
Ξ27 = inv : 1 − 10kb
Ξ28 = inv : 10 − 100kb
Ξ29 = inv : 100kb − 1M b
Ξ30 = inv : 1M b − 10M b
Ξ31 = inv :> 10M b
Ξ32 = trans

(5.9)

This alphabet is divided into 16 clustered and 16 non-clustered features in or-
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der to account for the causative processes of regionally clustered structural variants.
Clustered events are selected as those, whose inter-rearrangement distance is 10 times
smaller than the whole genome average (Figure 5.3) [233].
Among the six rearrangement signatures that have resulted from the de novo extraction process performed by the authors [233], rearrangement signatures 3 and
5 (RS3 and RS5 respectively) were shown to be correlated with BRCA-deficiency.
While RS3, characterized by ”short” (1-100 kb) tandem duplications was mostly
present in tumors with a BRCA1 mutated background, RS5, rich in 1-100 kb deletions
were mostly present in BRCA2 mutated tumors.

5.1.2 Genomic scar scores
The genome of cancer cells that are exhibiting a deficiency in the HR pathway are often enriched by large-scale chromosomal aberrations, usually termed as genomic scars.
The first assay aiming for the detection of these scars was developed in 2009 and was
based on copy number profiles extracted from comparative genomic hybridization
(CGH) array data [236, 237]. Based on the aberrations this method could capture,
tumor samples were categorized into four groups, two of which were associated with
BRCA1 or BRCA2 mutations. These two groups were used to design the BRCAlikeCGH score [238]. Selected patients by this method were shown to have significantly better overall survival when they received platinum-based chemotherapy than
a control group, comprised of non-BRCA-likeCGH patients [238].
In 2012, simultaneously three analogous scores were developed, which were based
on single nucleotide polymorphism (SNP) arrays: HRD loss of heterozygosity (HRDLOH) [222], number of telomeric allelic imbalances (ntAI) [221], and large-scale state
transitions (LST) [223]. As such, these scores have the potential for capturing allelespecific genomic scars, and copy number neutral aberrations, the CGH-based method
could not detect. All of them were developed using BRCA1/2 mutated tumors, and
are individually associated with BRCA1/2-deficiency. Since they target different
types of aberrations (approximately 70% of the identified scars are not shared among
the three approaches [239]), the three measures are often aggregated to form a single
entity, the ”genomic scar score”. With slight modifications in the LST and ntAI
scores, Myriad Genetics has incorporated the three scores into their myChoice HRD
assay [240]. Over the years, the combined score has been validated multiple times. It
was used to predict the sensitivity to neoadjuvant platinum therapy of triple-negative
breast cancer (TNBC) patients [237, 241, 242], a high HRD-score was associated with
significant benefit with niraparib treatment in the NOVA trial, even with a BRCA
wild-type background [224], and it has also been associated with sensitivity to olaparib
[243]. Although the scores were developed on SNP arrays, we have demonstrated their
applicability on WES and WGS-derived CNV profiles as well (Paper I).
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Figure 5.4:

A: Visual representation of a telomeric allelic imbalance event through short theoretical chromosomes. B: Illustration of allele-specific copy number changes that contribute to the
ntAI scoring system.

5.1.2.1 Number of telomeric Allelic Imbalances: ntAI

The first allele-specific genomic scar was published in April of 2012 by our research
group [221]. In this study, Nikolai Birkbak et al. were investigating the association
between the number of allelic imbalances (AI: the unequal contribution of parental
allele sequences with or without changes in the overall copy number of the region) in
a tumor and its responsiveness to cisplatin therapy. They found that the number of
AIs in the cells of TNBC and serous ovarian cancer patients that have extended to
the telomeres is a good marker of platinum sensitivity, and it implies HRD. The formal definition of the number of telomeric allelic imbalances score is the following [221]:
The number of telomeric allelic imbalances is the number of AIs that
extend to the telomeric ends of a chromosome, without crossing its centromere.
Figure 5.4A. illustrates the concept of the telomeric allelic imbalance through a pair
of chromosomes, and Figure 5.4B illustrates the calculation of the score through the
theoretical allele-specific copy number profile of two chromosomes.
5.1.2.2 Homologous Recombination - Loss of Heterozygosity: HRD-LOH score

The second scar score has been published in October of 2012, by Abkevich et al. [222].
The authors have argued that although the changes in copy numbers within a tumor
are not permanent, regions with loss of heterozygosities are, therefore they have the
potential of providing us a more stable history of HR deficiency than CGH-based
methods do, regardless of which component of the HR pathways was inactivated.
They have found that the number of long LOH regions were strongly associated with
mutations in the BRCA1/2 genes in epithelial ovarian cancer patients, and a similar
association was established in 51 cancer cell lines (breast, ovarian, colon and pancre-

64

5 Cancer biomarkers

A

B

>15 Mb

CN

chrom. 2

chrom. 1

2
1
0

a

b

l > 15 Mb

c

d

l < 15 Mb

LOH covers the whole
chromosome

Figure 5.5:

A: Visual representation of an ”HRD-LOH”-compatible LOH event in short theoretical chromosomes. B: Calculating HRD-LOH from a biallelic copy-number profile; LOH regions a,
and c, would both increase the score by 1, while neither b, or d, would add to its value (b, does not
pass the length requirement, and d covers the whole chromosome).

atic). The definition of the HRD-LOH score is as follows [222]:
The HRD-LOH score is the number of 15 Mb exceeding LOH regions that
do not cover the whole chromosome.
Figure. 5.5. visualizes the concept both theoretically and from a bioinformatical
viewpoint. While the authors referred to their scoring system as plain HRD score,
throughout the thesis, the HRD-LOH notation is going to be used, while the HRD
score will refer to the sum of the three scars (or the Myriad myChoice assay).

5.1.2.3 Large-scale State Transition: LST-score

Popova et al. inspected HR-deficiency from a different aspect in SNP-array based
copy-number data of triple-negative breast cancer (November 2012) [223]. They discovered that genomic instability caused by HR deficiency could be quantified by the
number of breakpoints present in the genome if we confine our attention to adjacent
breakpoints, that are closer to each other than 3 Mb. They determined that the
length of the segments separated by such shorter breaks should exceed 10 Mb on
both sites, and the centromeric regions of the chromosomes should be excluded from
the analysis. The formal definition of a state transition [223]:
A state transition of size S is such a genomic event, when two adjacent
chromosomal segments, each not less than S Mb in length, have different
copy numbers or allelic contents.
The definition of the LST score:
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A: Visual representation of a large scale transition event in short theoretical
chromosomes. B: Calculating LST scores from a biallelic copy-number profile; events that are marked
with green ”marked” signs would increase the score, while events marked with red crosses would not.
The grey areas represent the centromeric regions. (From left to right; Chromosome 1: the first event
passes the definition of an LST, the second bounded by a shorter than 10 Mb segment from the right,
the third is bounded by a segment from the left, which extends to the centromere, the fourth’s gap
is greater than 3 Mb. Chromosome 2: The first event is a valid LST, the second and third are not
because they are bounded by centromeric segments, and the fourth is a valid LST).

A large-scale state transition is defined as a chromosomal break between
adjacent regions of at least 10 Mb, with a distance between them not
larger than 3Mb.
A threshold set on the number of large-scale state transitions evaluated in their samples (LSTthresh. = 15 for near-diploid, and LSTthresh. = 20 for near-tetraploid samples) separated BRCA1/2 mutants from the control group clearly [223]. Figure 5.6.
illustrates the definitions described above, and shows the calculation process of the
LST scores through a theoretical copy number profile, that involves most of the possible scenarios.

5.1.3 Microhomology-mediated deletions
Double stranded break repair by alternative end-joining (aEJ) pathways, such as microhomology mediated end-joining (MMEJ) and single strand annealing (SSA) leaves
behind a unique type of DNA aberration, that is characterized my short regions of
DNA sequence homologies. This type of HRD footprint can be captured when we
study the surrounding sequential context of deletions [111–115, 219].
Based on their neighboring bases, deletions can be classified into three sets:
• Complete repeats, when the complete deleted sequence is repeated after or
in front of the deletion within the reference genome.
• Microhomologies, when only the first n bases of the deleted sequence is repeated after the deletion, or the last n bases precede the deletion (Figure 5.7).
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Figure 5.7:

A: The initiating and ending points of the two aEJ pathways (MMEJ and SSA)
discussed in the thesis. B: The realization of double strand breaks (DSBs) repaired by a homologymediated repair pathway in NGS data. Due to the DSB one of the homologous sequences and the
context enclosed between them is deleted from the genome. During the alignment of the short reads,
that were sequenced from the fragments of the affected genome, deletions can be aligned in two
ways to the reference genome. They either begin with the homologous bases, or they end with them,
therefore during the analysis of the deletions both of their ends need to be assessed.

• Unique deletions, when the sequence following or preceding the deletion has
no resemblance to the deleted series of bases
The association between microhomology-mediated (mhm) deletions and biallelic
BRCA1/2 mutations have been demonstrated in multiple studies [244–247]. Evidence
suggests, however, that inactivating mutations in the two tumor suppressors, likely
divert the choice of repair to aEJ through two differing mechanisms. In a 2017 study
conducted on the DT40 cell line (chicken lymphoma), cells with a BRCA2−/− genotype were shown to exhibit a stronger association with the microhomology pattern
than their BRCA1−/− counterparts (Figure 5.8).
While BRCA2 indirectly promotes strand invasion during HR via facilitating the
binding of RAD51 to the 3’ single strand DNA nucleofilaments, BRCA1 is mostly
acting as an inhibitor of the aEJ pathways through its high-fidelity repair promoting
complexes [219, 248]. The loss of BRCA1 therefore more likely diverts the repair
to non-homologous end-joining (NHEJ), since without BRCA1 the DNA damage
response (DDR) lacks the ability to inhibit the activation of 53BP1, which in turn
inhibits end resection by the MRN complex. Repair by NHEJ is less likely to result in
sequence homology contexts. On the other hand, a loss of BRCA2 only comes to light,
after DNA resection has already occurred, and the two 3’ strands are coated by RPA
proteins. At that point the only reasonable choice of repair is one of the aEJ pathways,
which might elucidate the observed increase in mhm deletion in BRCA2−/− clones.
Based on my experiences, given a sufficient coverage, the deletion patterns induced
by the repair activity of the aEJ pathways can be robustly detected in whole genome
sequences. The observations and insights discussed above, however, strongly indicate,
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MMS

Figure 5.8:

Microhomology-mediated deletions in BRCA1/2 mutant chicken lymphoma cells. In
the corresponding study [244] the authors were using the DT40 cell line to evaluate the phenotypical
consequences of BRCA1/2 mutations. The cells either received mock treatment, or they were treated
by a methyl methanesulfonate (MMS) solution, which is a potent cytotoxic agent, known inducer
of interstrand crosslinks [249]. Multiple observations were made simultaneously. (1) Heterozygous
BRCA1/2 mutants showed no signs of haploinsufficiency, (2) Biallelic BRCA2 mutants had more
microhomology-mediated deletions than BRCA1 biallelic mutants, (3) BRCA mutant clones were
highly sensitive to MMS treatment, and although the agent increased the overall number of deletions,
it maintained the difference between the BRCA1−/− and BRCA2−/− aEJ-like deletion patterns.
Source: Zamborszky et al [244].

that the increase in the number of mhm deletions is only a strong marker of BRCA2deficiency, while its effectiveness as a biomarker of BRCA1-deficency, and likely HRdeficiency in general, remains mediocre.

5.1.4 HRDetect
Due to various reasons, such as the utilized next-generation sequencing strategy, the
coverage of the corresponding normal and tumor samples, the heterogeneity of the
tumor, its mutational prevalence, and noise in general, the sensitivity and specificity
of the individual HRD biomarkers is far from being ideal. The evolution of sequencing
technologies will likely improve on their predictive power, however, until then, the best
choice of action is to utilize the fact that they all capture different HRD-attributable
genomic features, and fuse them into a single predictive model. This had already
been done once with the genomic scars, where the simple aggregate sum of the scores
appeared to be a stronger marker of BRCA-deficiency, than the individual scores
were [240]. The combination of all the discussed biomarkers, however, requires a
more sophisticated approach. In 2017, a lasso-regularized logistic regression model,
called HRDetect, was trained on 560 breast cancer whole genomes to identify tumors
that exhibit the signs of BRCA-deficiency based on their substitution signatures 3
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Predictor
Mhm deletion ratio
Substitution signature 3
Rearrangement signature 3
Rearrangement Signature 5
HRD-LOH score
Substitution signature 8
Intercept

Weight
2.398
1.611
1.153
0.847
0.667
0.091
-3.364

Table 5.2:

The breast cancer whole genome weights of the HRDetect lasso-regularized logistic
regression model. The name of the predictors have been changed in order to follow the nomenclature
of the chapter. Source: Davies et al., 2017 [245]

and 8, rearrangement signatures 3 and 5, HRD-LOH scar score, and mhm deletion
contents [245]. The weights assigned to the individual predictors by the model reflects
their robustness, and their individual predictive power Table (5.2).
The authors of the HRDetect article have concluded, that while a high HRDetect
score was assigned to almost all of the truly BRCA1/2-deficient samples, they were not
alone at the upper end of the HRDetect ∈ [0, 1] range. In fact, multiple breast cancer
genomes with a BRCA wild-type background have exhibited the same HRD signatures
as their BRCA1/2 mutant counterparts, indicating the ability of the combined model
for detecting the BRCA-like HR-deficiency phenotype in samples without mutations
in the two tumor suppressor genes [245].

5.1.5 HR-deficiency versus BRCA-deficiency
In this section, we have established that there is a clinical demand for biomarkers that
are independent from the inactivation of the BRCA1 and BRCA2 tumor suppressor
genes, which was followed by an introduction of genomic aberration-based markers,
that are promising candidates for this role. After a closer inspection of these measures
however, it was also revealed, that during the validation of these markers, with the
exception of the ntAI score, all were associated, or carefully designed to be associated
with the BRCA-like HRD phenotype, also known as BRCAness [245]. With our
current biological knowledge about the inducible phenotypes of DNA repair pathway
deficiencies, it cannot be ruled out, that not all HRD tumors exhibit the signs of
BRCAness. Hence, it is possible, that the BRCA-deficiency assessed by these markers
only constitute a subtype of all HR-deficiency cases. Hopefully, in the near future at
some point, we will be able to develop biomarkers that predict the sensitivity to PARP
inhibitors in general, which would simultaneously clarify this issue and maximize the
efficiency of PARP inhibitor therapies. This approach, however, requires data (WGS
and clinical) from large PARP-inhibitor-treated cohorts.
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6
Paper I

6.1 Prelude
In the year 2016, when I started my Ph.D. studies, it was clear that the era of
microarrays has ended, and the primary sources of genomics data have become nextgeneration sequencing tools. The original definitions of the genomic scar scores, however, were defined using SNP-arrays, and it was not self-evident, that the data generated by whole exome and whole genome sequencing-based allele-specific copy number
analytical tools were directly transferable to their SNP-array based alternatives. It
had to be shown, therefore, that the scar scores calculated by these two methods
result in similar predictions. Furthermore, as one of the groups that were actively
using these HRD biomarkers on a daily basis, we wanted to merge their calculations
into a single tool and make it available for other research groups as well. In this
mindset was the following short article born.
It was published in npj Breast Cancer in July 2018
Since the supplementary materials are available on the website of the journal, supplementary notes, figures and tables are not displayed here. All the references to figures
and tables numbered as S[X] are pointing to the original publication.
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Abstract
The first genomic scar-based homologous recombination deficiency (HRD)
measures were produced using SNP arrays. As array-based technology has been
largely replaced by next generation sequencing approaches, it has become important to develop algorithms that derive the same type of genomic scar scores
from next generation sequencing (whole exome “WXS”, whole genome “WGS”)
data. In order to perform this analysis, we introduce here the scarHRD R package and show that using this method the SNP array-based and next generation
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sequencing-based derivation of HRD scores show good correlation (Pearson correlation between 0.73 and 0.87 depending on the actual HRD measure) and that
the NGS-based HRD scores distinguish similarly well between BRCA mutant
and BRCA wild-type cases in a cohort of triple-negative breast cancer patients
of the TCGA data set.

In order to avoid copyright issues, the remaining pages of the publication are
available at the publisher’s website:
https://www.nature.com/articles/s41523-018-0066-6
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7
Paper II

7.1 Prelude
The investigations that formed the basis of this article were conducted in the
years of 2016 and 2017. At the time, when I started working on the project,
I have just received my MSc degree in computational physics and had little
knowledge about the field of bioinformatics nor cancer genomics. All I knew, is
that Professor Zoltan Szallasi, my soon to be supervisor needed someone in his
group who was good in computational analysis, and to test my skill, he asked
me to calculate the so-called ”HRD-scores” of some brain metastasis samples.
The work presented here, therefore, has emotional value, since these samples
were the ones that have opened the gates of translational cancer genomics for
me.
The results had been published in Annals of Oncology on September 1.,
2018.

Since the supplementary materials are available on the website of the journal, supplementary notes, figures and tables are not displayed here. All the
references to figures and tables numbered as S[X] are pointing to the original
publication.

The manuscript presented here had tight constraints on its length; hence
the following section will introduce all the background information that is
necessary to understand the motivation that had driven our curiosity, which
we could not elaborate in the original work.
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Brain metastases in breast cancer patients
The prognosis of cancer patients strongly depends on the metastatic behavior
of their tumor. Among all the metastatic sites, metastases in the brain have
historically one of the worst overall survival, estimated to be in the range of
2 to 7 months [250]. Brain metastases (BM) affect approximately 40% of all
metastatic cancer patients, and 10-30% of these cases have a breast primary
origin [251]. Although in patients with breast cancer BM is not as typical
as bone or visceral metastases, they are in most cases represent a late event
[252].
The primary strategy against brain metastases is either surgery, stereotactic radiosurgery, whole-brain radiotherapy, targeted therapies, and chemotherapy [253]. The response rates to the latter reflect the sensitivity of the primary
tumor, although, in breast cancer, these rates are intermediate (30%-50%),
due to and unpredictable genomic concordance between the metastatic and
primary tumors [254]. Among these phenotypical differences between the
cells of the two sites are those that allow the invasive circulating tumor cells
to penetrate the blood-brain barrier (BBB) and to form a new colony in the
microenvironment of the central nervous system (CNS).

The Blood Brain Barrier
Breaking through the BBB is, however, a hard task. Blood vessels of the
central nervous system, such as the ones in the brain, are characteristically
different from the blood vessels found in other parts of the human body. While
the endothelial cells lining regular blood vessels are loosely packed and have hydrophilic pores between them, CNS endothelial cells are tightly packed, without pores that would allow the passage of larger cells and molecules into the
Cerebrospinal Fluid (CSF) (Figure 7.1). While this security system prevents
the invasion of the CNS by pathogens and protects the brain from the highly
fluctuating chemistry of the bloodstream, which is a normal phenomenon in
humans, as well as in all vertebrates, it also allows passage for essential substances such as glucose, oxygen, amino acids, hormones, etc... via sophisticated, tightly regulated transport systems [255].
The blood-CNS barrier constitutes of two parts: the blood-brain barrier,
and the blood-spinal cord barrier (BSCB), which are not counting with some
morphological differences, the functional equivalents of each other. As a neces-
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Figure 7.1:

Left panel: Illustration of a regular blood vessel, lined by normal endothelial cells.
Right panel: Illustration of a Central Nervous System (CNS) blood vessels, and the Blood-Brain
Barrier (BBB). While regular blood vessels are lined by normal endothelial cells with hydrophilic
pores, the BBB is composed of a specialized, tightly packed endothelium without pores, and biochemically supported by astrocytes and pericytes, forming a highly selective permeable wall between
substances within the blood vessels and the Cerebrospinal Fluid (CSF)

sity of brain metastasis formation, circulating tumor cells have to be able to
overcome the BBB, and in order to effectively treat cancerous tissues within
the brain, anti-cancer drugs have to be able to cross this border too. The exact
mechanism, however, how tumor cells infiltrate the BBB is still a mystery.

The migration of tumor cells through the BBB
The formation of brain metastases is a multistep process that involves the
detachment of tumor cells from the primary source, the survival of circulating
tumor cell (CTCs) in the bloodstream or lymphatic system, the invasion of
the CNS through the BBB, and a sustained proliferation and secondary tumor
growth.
Recent studies show that breast cancer brain metastases develop via extravasation through the CNS capillaries and the BBB, assisted by multiple
mediators, such as cyclooxygenase-2 (COX-2), epidermal growth factor receptor (EGFR), Heparin-binding EGF-like growth factor (HB-EGF), and the
α2,6-sialyltransferase
(ST6GALNAC5) [256]. Except for the glycosyltransferase, all the mediators
were shown to be involved in metastasis formation in other parts of the body
as well [257, 258]. ST6GALNAC5, however, seems to be solely connected to
brain metastasis formation; hence, it is suggested to have an essential role
in the penetration of the BBB. In addition, it has also been shown, that
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the leukocyte adhesion molecule (CD44) [259] and the vascular endothelial
growth factor (VEGF) [260] are also expressed in breast cancer brain metastases and are connected to the adhesion of metastatic breast cancer cells to
the endothelium of CNS blood vessels. They are also likely to promote their
trans-endothelial transition into the CSF.
However, even if a metastatic cancer cell manages to cross over the BBB,
and enters into the brain parenchyma, it is not guaranteed that it will be able
to form a colony there. In fact, most of the tumor cells die not long after
they enter the CSF, due to the local defensive mechanisms of the brain [261].
Cancer cells, therefore, have to have a specific phenotype that allows them
to remain in the CSF and to proliferate towards a metastatic lesion. It has
been shown, that tumor cells with a breast cancer brain metastatic phenotype
express upregulated levels of neuroserpin (NS) and serpin B2, compared to
their parental cells within the primary tumor. NS was previously thought to
be restricted only to neurons, where it protects them from the plasminogen
activator cytotoxicity of the surrounding reactive astrocytes [262]. Similarly
to neurons, the expression of NS by breast cancer metastatic cells help them
in adapting to the microenvironment of the CNS.

A suggested adaptation strategy
This adaptation is a stochastic process. We theorized that if a tumor colony
has an even higher degree of genomic instability than the others in the primary
tumor, then its cells and their descendants will have an evolutionary advantage to adapt to any circumstances they may encounter much quicker then
cells originating from other colonies. Although it is hard to quantify genomic
instability, a defective homologous recombination deficiency pathway can lead
to catastrophic genomic events, and since breast cancers are prone to have this
deficiency, HRD was our primary candidate to prove this theory. If we can
show, that at least some of the breast cancer BM patients are homologous
recombination deficient, then we can suggest the expansion of the treatment
options of these patients by considering them for PARP-inhibitor therapy.
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Cancer drugs and the BBB
Before these patients could be considered for PARP-inhibitor treatment, however, from a therapeutic perspective, it is crucial whether these cancer drugs
can get into the CSF, and stay in there for a sufficient amount of time.
Molecules that can slip in between the endothelial cells are in general small
and have high solubility in lipids. However, even when cancer drugs do manage to cross this border, they might not spend enough time in the vicinity
of the tumor, because of the activity of the efflux pumps present in the CSF
[263].
While the majority of the cancer drugs cannot penetrate the BBB, it has
been shown, that poly (ADP-ribose) polymerase (PARP)-1/-2 inhibitors do,
although with differing efficacy. E.g., the efflux rates of niraparib were shown
to be 2-5 times lower than those of olaparib [264], and the former remained
in CNS tissues in sufficient concentrations even after 24 hours of the original
application of the drug.

Motivation
Our primary aim was to investigate whether HRD-related biomarkers have
higher levels in breast cancer BM tumor biopsies than in samples collected
from the primary tumors of the same patients. If they do, we hoped that
our results might become the first to promote clinical trials to confirm this
theory. In order to do that, we needed a cohort of matched primary-metastatic
samples, and we have used the samples of a then recently published study of
86 patients with brain metastasis [265], among which, 21 had a breast cancer
primary origin. Later on, these 21 patients had been extended by our own
cohort of 17 breast cancer BM cases.
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Abstract
Background: Based on its mechanism of action, PARP inhibitor therapy
is expected to benefit mainly tumor cases with homologous recombination deficiency (HRD). Therefore, identification of tumor types with increased HRD is
important for the optimal use of this class of therapeutic agents. HRD levels
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can be estimated using various mutational signatures from next generation sequencing data and we used this approach to determine whether breast cancer
brain metastases show altered levels of HRD scores relative to their corresponding primary tumor.
Patients and methods: We used a previously published next generation
sequencing dataset of twenty-one matched primary breast cancer/brain metastasis pairs to derive the various mutational signatures/HRD scores strongly
associated with HRD. We also performed the myChoice HRD analysis on an
independent cohort of seventeen breast cancer patients with matched primary/brain metastasis pairs.
Results: All of the mutational signatures indicative of HRD showed a significant increase in the brain metastases relative to their matched primary tumor
in the previously published whole exome sequencing dataset. In the independent validation cohort the myChoice HRD assay showed an increased level in
87.5% of the brain metastases relative to the primary tumor, with 56% of brain
metastases being HRD positive according to the myChoice criteria.
Conclusions: The consistent observation that brain metastases of breast
cancer tend to have higher HRD measures may raise the possibility that brain
metastases may be more sensitive to PARP inhibitor treatment. This observation warrants further investigation to assess whether this increase is common
to other metastatic sites as well, and whether clinical trials should adjust their
strategy in the application of HRD measures for the prioritization of patients
for PARP inhibitor therapy.

Key Message:
Brain metastases of breast cancer show significantly higher levels of DNA aberration based
homologous recombination deficiency (HRD) measures relative to the primary tumor both
in previously published DNA sequencing data and an independent validation cohort. These
results suggest that breast cancer patients with brain metastases may particularly benefit
from PARP inhibitor therapy.

In order to avoid copyright issues, the remaining pages of the publication are
available at the publisher’s website:
https://academic.oup.com/annonc/article/29/9/1948/5039891
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8.1 Prelude
Inactivating mutations in the BRCA1 and BRCA2 genes are well known inducers of HRD, and even heterozygote mutations heighten the risk of their hosts
for developing ovarian, breast, prostate, and pancreatic cancers or melanomas
[266]. Over the years, however, multiple studies have reported, that both of
these tumor suppressors among many other genes involved in the homologous
recombination pathway are mutated in other cancer types as well [266, 267]
. A pan-cancer study of HR-related genes in 21 cancer types and 52,426 tumors have revealed, for example, that the HR pathway might be compromised
in at least 10-15% of all cancer cases through genomic alterations in one of
the HR-related genes, such as ATM, NBN, MRE11, BLM, BRCA1, BRCA2,
PALB2, WEN, CHEK2, and others (Figure 8.1) [266]. A similar study based
on TCGA data have found, that BRCA1 and BRCA2 apart of the previously
mentioned tumor types are often mutated in bladder, and non-small-cell lung
cancers, although the functional consequences of these mutations and whether
they result in the HRD phenotype remained unknown. In 2018, we have decided to look for the markers of HRD in these cases, and the following study
summarizes the non-small-cell lung cancer results.
At the moment of writing the thesis, the manuscript is under peer-review at
Genome Medicine, therefore the the supplementary materials belonging to the
study are appended to the end of this chapter.
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al, 2013 [267].
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Abstract
Background: Consistent with their assumed mechanism of action, PARP
inhibitors show significant therapeutic efficacy in breast, ovarian and prostate
cancer, which are the solid tumor types most often associated with the loss
of function of key homologous recombination genes. It remains unknown, however, how frequent homologous recombination deficiency (HRD) is in other solid
tumor types. Since it is well established, that HRD induces specific DNA aberration profiles and genomic scars that can be captured by various next-generation
sequencing (NGS) based biomarkers, it is possible to assess the presence or absence of this DNA repair pathway aberration in any given tumor biopsy.
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Methods: We derived the various HRD associated mutational signatures
from whole genome and whole exome sequencing data in the lung adenocarcinoma (LUAD) and lung squamous carcinoma (LUSC) cases from TCGA, in a
patient of ours with stage IVA lung cancer with exceptionally good response to
platinum-based therapy and in lung cancer cell lines.
Results: We have found evidence that a subset of the investigated cases
shows robust signs of HR deficiency, some of which exhibiting similar patterns
to those with a complete loss of function of either BRCA1 or BRCA2 genes, however, without any signs of genetic alterations being present in either of those
genes. The extreme platinum responder case also showed a robust HRD associated genomic mutational profile. HRD associated mutational signatures were
also associated with PARP inhibitor sensitivity in lung cancer cell lines.
Conclusions: Lung cancer cases with high levels of HRD associated mutational signatures could be candidates for PARP inhibitor treatment, and in
general, the prioritization of patients for clinical trials might be achieved using
the combined analysis of the HRD-related next-generation sequencing-based
mutational signatures.

In order to avoid copyright issues, the remaining pages of the publication are
available from bioRχiv:
https://www.biorxiv.org/content/10.1101/576223v1
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9.1 Prelude
In 2016-2017, while I was working with the Brastianos et al. [265] dataset, which
has constituted the primary cohort of our DNA aberration investigations in brain
metastases [268], I had to realize, that some of my samples, which were stored via
formalin fixation (FFPE), had significantly more (somatic) single-nucleotide substitutions than those, that were fresh-frozen (FF), right after their extraction. While
there were no significant differences between the genomic scars of the fresh-frozen
and formalin-fixed groups, the additional mutations had unquestionably distorted
the substitution signature mutational catalogs of the formalin-treated samples, which
had also affected their HRDetect prediction scores. Therefore, I had to find a way
to eliminate as many storing-related artifacts as possible and to bring the observed
mutational burdens of the two sample groups to the same level. Since our samples were paired-end sequenced, I have designed a scoring system, that relied on the
relative orientation of the forward-reverse read-pairs that were supporting the variants. The system was validated on TCGA data, and soon after the publication of
the brain-metastasis results, its methodology was incorporated into a tool, that we
named Strand Orientation Bias Detector (SOBDetector, v1.0).
My longer-term plan was, however, to design a machine learning model, that combines the strand orientation bias (SOB) scores with other extractable but common
variant features, such as their coverage or allele-frequencies, in order to evaluate the
probability that a variant is a sequencing, shearing or storage-related artifact. The
following manuscript describes this machine learning model and introduces SOBDetector v1.1, which utilizes its prediction capabilities.
At the time of writing this thesis, the manuscript is under peer review at Nucleic
Acid Research, therefore the supplementary materials can be found at the end of this
chapter.
The remaining pages of this section contain a very brief introduction to the theory
of machine learning and compare the major differences between the classical machine
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Figure 9.1:

The relationship between the fitted model’s complexity and the Vapnik-Chernovenkis
dimension (VC-dimension) of the model.

learning and Bayesian approaches.

9.1.1 Bayesian versus traditional machine learning approaches
d
Given a dataset D = {(x1 , y1 ), (x2 , y2 ), . . . , (xN , yN )} = {(xi , yi )}N
i=1 , where xi ∈ R
are d-dimensional observation vectors, and yi ∈ R are the outcomes attributable
to the observations, the primary goal of machine learning approaches is to find a
hypothesis h(x), that approximates the theoretical f (x) = y function better, than
any other hypotheses of the same class would do.
Traditional machine learning models approach this problem by defining and minimizing an error-measure, for example the squared error:
2

e(f (x), h(x)) = (f (x) − h(x)) ,

(9.1)

e(f (x), h(x)) = ln(1 + e−f (x)h(x) ).

(9.2)

or the cross-entropy error:

The functional to be minimized (assuming that the dataset contains the same set of
observations):
N
1 ∑
E(β) =
e(f (x), h(x, β)),
(9.3)
N i=1
where β are the weights of the model, an n-dimensional array (usually n = 1), the
size of which represent the complexity of the model, and N is the sample size.
In order to avoid the so-called overfitting of the data, which can arise due to the
imbalance between the sparsity of the data and the complexity of the model, E(β) is
minimized on a subset of D, called the training set (Dtraining ), while the remaining
portion is set aside for evaluation purposes (Devaluation ). The mean of the error,
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measured on Dtraining is called the in-sample error, while the average error measured
on Devaluation can be termed as the out-of-sample error [269]:
In general, as the complexity of the hypothesis evaluated on the same dataset
increases, the two errors decrease, but after passing a certain level of complexity, the
out-of-sample error starts to gain larger values (Figure 9.1). This is the point where
the data begins to become overfitted. The best, generalizable hypothesis is the one
that minimizes the out-of-sample error. The complexity belonging to this hypothesis
is called the Vapnik Chernovenkis (VC) dimension of the model [269].
Overfitting can be further refined by following a K-fold cross-validation strategy,
where the training set is randomly divided into K subsets of equal size. The training
itself is performed K-times, each time one of the K subsets designated as a test-set,
the others as an actual training-set. The out-of-sample error then can be estimated
by using the average of the K errors, and its uncertainty can be approximated using
the spread of the K errors.
Another strategy is to constrain the complexity of sophisticated models by limiting
the range of their weights. This is called regularization, which is usually achieved by
setting an upper limit of the Lp -norm of the model weights:

||β||p = 

|β|
∑

 p1
|βi |p 

→

||β||pp ≤ C, where C ∈ R.

(9.4)

i=0

The goal of the training process is then the minimization of the following formula:
]
[
(9.5)
→
∇β E(β) + λ||β||pp = 0.
E(β) + λ||β||pp ,
where β are the weights of the hypothesis h(x), and λ is regularization parameter.
The smaller it is, the less strict the regularizer. The most common L-norms used for
constraint-definition, are the Ridge: L2 and the LASSO: L1 .
Despite of the best strategies traditional machine learning techniques utilize, they
always result in the frequentist, maximum-likelihood estimates of the model weights
(or in Bayesian terms model parameters), and unless we construct a complicated ensemble of individual models [270, 271], they never include the unavoidable uncertainty
in their values. Bayesian machine learning models on the other hand always return a
so-called posterior distribution of their model parameters, which allows us for making
more precise predictions [272]:
likelihood

p(β|X, y) = ∫
| {z }
posterior

|

prior

z }| { z}|{
p(y|X, β) p(β)
p(y|X, β ′ )p(β ′ )dβ ′
|β|

{z

}

evidence or mean likelihood

,

(9.6)
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N
where X = {xi }N
i=1 and y = {yi }i=1 . The prior distribution of the parameters might
be based on earlier experiences or assumptions about their magnitude, and it can
also serve regularization purposes. Priors also allow the incremental update of the
posterior in light of new observations. In such scenarios, the previously estimated
posterior can be set to be the prior of the new model.
Posterior distributions, that cannot be calculated explicitly can usually be approximated through the utilization of the following three numerical strategies: 1) grid
approximation, 2) quadratic approximation, 3) sample collection via random walkers,
such as the Metropolis-Hastings walker, or its more sophisticated alternatives, commonly known as Markov chain Monte Carlo methods [272, 273]. As the complexity
of the model, i.e., the likelihood increases, however, the accurate estimation of the
posterior becomes computationally challenging; hence the actual computational capabilities of our computers will always put an upper threshold on the considerable
model complexities.
The denominator of equation (9.6) is called the evidence, and it ensures that
the posterior remains normalized. For numerical approximations, however, it can be
ignored.

9.1.2 The logistic regression model
The machine learning model described in the manuscript is a Bayesian logistic regression model. Our selection naturally fell upon the logistic regression, since it is
designed to find a soft threshold that separates a dataset, that is close to linear separability, and it assigns genuine probability values to those observations that are close
to the separation boundary. In the traditional approach, the error to be minimized
is the mean of the cross-entropy error [269]:
[
]
∇β E(β) + λ||β||pp = ∇β

[

]
N
)
T
1 ∑ (
ln 1 + e−yi (β xi +α) + λ||β||pp = 0,
N i=1

(9.7)

where α is the bias or intercept term. The predictions h(xi , β, α) = ŷi are defined as:
yˆi = θ(α + β T zi ),

θ(s) =

1
.
1 + e−s

(9.8)

The Bayesian approach aims to find the posterior [272]:
p(α, β|y, X) ∝ p(α)p(β)

N
∏

Bernoulli(yi |θ(α + β T xi )).

(9.9)

i=1

and predictions can be calculated as the expected values of the logistic scores (θ(•))
over the resulting distribution:
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∫ ∫
p(α, β|y, Z)θ(α + β T zi )dαdβ.

yˆi =
α

(9.10)

β

Since, the uncertainty of the model parameters is incorporated in Bayesian predictions,
Bayesian models have the potential of generalizing better than traditional approaches
do. Such comparisons are possible, when the same type of error is calculated in both
the Bayesian and traditional models. For the mean of the cross entropy error, for
example, we simply need to insert (9.10) to (9.2), and calculate the mean of the
individual errors [272]:

E(ŷ) = E(α, β) =

[
(
)]
∫ ∫
N
1 ∑
ln 1 + exp −yi
p(α, β|y, Z)(α + β T zi )dαdβ .
N i=1
α β
(9.11)
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Abstract
Formalin-fixed paraffin-embedded (FFPE) tissue, the most common tissue
specimen stored in clinical practice, presents challenges in the analysis due to
formalin-induced artifacts. Here we present SOBDetector, which is designed to
remove these artifacts from a list of variants, using the posterior predictive distribution of a Bayesian logistic regression model trained on TCGA data. Based on
concordance analysis, SOBDetector outperforms the currently publicly available
FFPE-filtration techniques (Accuracy: 0.9 ± 0.015, AUC = 0.96). SOBDetector
is implemented in Java 1.8 and is freely available online.

9.2 Manuscript

93

In order to avoid copyright issues, the remaining pages of the publication are
available from bioRχiv:
https://www.nature.com/articles/s41523-018-0066-6
The tool is available on github:
https://github.com/mikdio/SOBDetector
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In Part I of the thesis, it was concluded that genetic and epigenetic alterations within
the key components of the regulatory machinery of human cells are the underlying
causative factors of malignancy. Although the combination of these pathways brings
the number of ways a cell can reach to a cancerous state to stellar amounts, through
the summary of the hallmarks of cancer it has been established, that a general path
needs to be followed by every initially healthy cell to completely break down the
balance between each other and their neighbors. These hallmarks, including the
DNA repair pathway aberrations, are the primary targets of modern day’s targeted
therapies.
The first three manuscripts, introduced in Part II, have focused on the extraction of the currently available prognostic and predictive biomarkers of homologous
recombination deficiency from various tumor types. Through these works our research group has shown, that the concept of genomic scar scores, originally derived
on microarrays, is directly transferable to NGS data (Paper I), that at least a subset
of breast cancer brain metastases are presumably more sensitive to PARP inhibitor
therapies than their primary origin (Paper II), and we have shown that the same
genomic patterns that characterize BRCA-deficient breast, ovarian or prostate cancers are also present in a subset of non-small-cell lung cancer cases (Paper III). Our
results suggest that HR-deficiency can occur in almost any tissue type, although with
differing frequency. Finding at least the majority of these cases is an issue, that will
most likely be solved in the future.
The concluding thoughts of Chapter 5 also need to be mentioned here. Based
on our current knowledge, we cannot be sure that tumors that exhibit the signs of
BRCAness constitute the only type of HR-deficiency. Papers II and III revealed that
many tumors exhibit elevated signs of some of the HRD-related biomarkers but not
all. The response of these cases to PARP inhibitors, however, remains a mystery until
large PARP inhibitor-treated cohorts become available for detailed analyses.
Paper IV introduced a machine learning strategy, that can be used to eliminate
formalin-induced single-nucleotide variation artifacts from formalin-fixed paraffin-embedded tissues. The model has been integrated into a portable java tool, called
SOBDEtector, which can be incorporated into various mutation calling pipelines,
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even outside of the context of cancer genomics. In order to increase its applicability,
however, the next version of the tool will have to be able to filter on small-scale
insertions and deletions too, which will require a new machine learning model or a
completely different approach, that can simultaneously deal with point mutations and
indels at the same time.
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