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Abstract

Cancer remains one of the major challenges of modern medicine claiming millions of lives every
year worldwide. Genomic alterations drive cancer initiation, progression, and metastasis, due to
cellular exposure to exogenous and endogenous processes that disrupt the balance between
DNA damage and repair. The resulting mutations disrupt cellular processes, initiate cascades of
carcinogenic signaling, and further impair DNA damage and repair. Cancer genomics and
signaling have been studied with the methods of molecular biology for the last 50 years,
however recent advances in technology and computational methods allow for more systematic
analysis of different factors at play. Mutational signature analysis is a recent technique that
allows linking mutagenic processes to molecular scars on the DNA and has gained wide
popularity as a scalable tool in cancer genomics research. The high-throughput sequencing of
cancer genomes allows to systematically analyze thousands of genomes across tissues,

allowing to decipher patterns that would be too elusive to find otherwise.

We start this work by presenting an overview of cancer and cancer research followed by the
computational methodology of mutational signatures as a versatile tool to study mutational
processes. Next, we discuss the first project where we apply mutational signatures to interrogate
the genomic impact of obesity through mutational signatures in a high-fat diet mouse model and
show that the high-fat diet alone has no impact on the mutational process of intestinal stem cells

in mice.

Secondly, we used mutational signatures to examine interaction patterns of mutational
processes with other mutational processes and with signaling pathway alterations. We present
the framework that was developed for systematic analysis of these interactions and the web
application allowing researchers to access the results of this study. We demonstrate the
complexity of these interactions and the robustness of our methodology to identify previously
known and novel interactions and demonstrate that some of these interactions have implications

for patient survival and have the potential to be used in clinical settings.

Finally, we discuss the limitations of our approach and mutational signatures technique in
general, followed by the future directions in which the research could expand to deliver a better

understanding of the disease with ultimately better care for cancer patients.
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Zusammenfassung

Krebs bleibt eine der greCten Herausforderungen der modernen Medizin und fordert jedes Jahr
weltweit Millionen von Menschenleben. Genomische Ver2nderungen ferdern die Entstehung,
das Fortschreiten und die Metastasierung von Krebs, da die Zellen exogenen und endogenen
Prozessen ausgesetzt sind, die das Gleichgewicht zwischen DNA-Sch&digung und -Reparatur
st®ren. Die daraus resultierenden Mutationen st®ren zellul?re Prozesse, [°sen Kaskaden
krebserregender Signal¢bertragung aus und beeintr®chtigen die DNA-Sch&digung und
-Reparatur weiter. Die Krebsgenetik und -signalisierung wird seit 50 Jahren mit Methoden der
Molekularbiologie untersucht. J¢ngste Fortschritte in der Technologie und den Rechenmethoden
erm@glichen jedoch eine systematischere Analyse verschiedener beteiligter Faktoren. Die
Mutationssignaturanalyse ist eine neue Technik, die es erm®glicht, mutagene Prozesse mit
molekularen Narben auf der DNA zu verknipfen und als skalierbares Werkzeug in der
Krebsgenomikforschung groCe Popularit®t erlangt hat. Die Hochdurchsatzsequenzierung von
Krebsgenomen erm®glicht die systematische Analyse von Tausenden von Genomen in
verschiedenen Geweben und erm®©glicht so die Entschl¢sselung von Mustern, die sonst nur

schwer zu finden w2ren.

Wir beginnen diese Arbeit mit einem j berblick ¢ber Krebs und Krebsforschung, gefolgt von der
rechnerischen Methodik von Mutationssignaturen als vielseitigem Werkzeug zur Untersuchung
von Mutationsprozessen. Als n2chstes diskutieren wir das erste Projekt, in dem wir
Mutationssignaturen verwenden, um die genomischen Auswirkungen von Fettleibigkeit durch
Mutationssignaturen in einem Mausmodell mit fettreicher Ern®hrung zu untersuchen, und
zeigen, dass die fettreiche Ern2hrung allein keinen Einfluss auf den Mutationsprozess von

Darmstammzellen in M2usen hat.

In einem zweiten Projekt haben wir Interaktionsmuster von Mutationsprozessen mit anderen
Mutationsprozessen und mit Ver2nderungen in Signalwegen untersucht. Wir stellen das
Framework vor, das fir die systematische Analyse dieser Interaktionen entwickelt wurde, sowie
die Webanwendung, die Forschern den Zugriff auf die Ergebnisse dieser Studie erm®glicht. Wir
demonstrieren die Komplexit®t dieser Interaktionen und die Robustheit unserer Methodik zur
Identifizierung bisher bekannter und neuer Wechselwirkungen. Weiterhin zeigen wir, dass einige
dieser Wechselwirkungen Auswirkungen auf das Patienten¢berleben haben und das Potenzial,

in klinischen Umgebungen eingesetzt zu werden.



AbschlieCend diskutieren wir die Grenzen unseres Ansatzes und der Technik der
Mutationssignaturen im Allgemeinen, gefolgt von zuk¢ nftigen Richtungen, in die die Forschung
ausgeweitet werden k®nnte, um ein besseres Verst®ndnis der Krankheit und letztendlich eine
bessere Versorgung von Krebspatienten zu erm®glichen.



Chapter 1: Introduction

From the origin of life to the origin of cancer

The first biochemical reactions started to take place on Earth only a few hundred million years
after its formation - a relatively short time in the cosmic scale. Some of these reactions have
been inducing energy transformation, some of them were replicating structures, some were
facilitating membranous structures, and even though the exact sequence of events leading to
the formation of the first-ever elements of life is unclear, these processes occurred with utmost
certainty allowing natural selection to start the grand conquest of transforming non-life into life.

The engagement of more and more elements into this special state enabled the emergence of
more and more complex structures until the first units of what we now recognize as life - cells -
were formed. Cells were true vessels of life, bounded by membranes, some form of genetic
material, internal energy systems, and methods to selectively allow chemicals in and out,
maintain homeostasis, as well as create more of themselves with some level of fidelity. These
properties allowed the first cells to explode into immense diversity, conquer the oceans, and
develop a plethora of biochemical pathways. However, early prokaryotic cells were limited in
their efficiency in carrying out biochemical reactions due to limited internal compartmentalization.
This limitation was overcome by a monumental event of eukaryotic cell formation. Acquisition of
the nucleus, mitochondria, and other membranous organelles not only allowed to increase in
the cell size, the size of the genome, the complexity of internal structures, efficiency of reactions,
and energy production, but it also allowed for improved cell-cell communication, enabling the
emergence of multicellularity. Multicellularity meant that cells could now evolve specialized
functions, share resources, agglomerate into larger organisms, and conquer a wider spectrum of
ecological niches. In the process, it required the cells to give up autonomy and grow into a
co-dependent system, where the goals of a cell had to be compromised for the goals of the
whole system. As Donella Meadows outlines in her remarkable book Thinking in Systems -
fisuccessful systems ensure harmony between the goals of subsystems and those of the
overarching system, with a greater focus on the long-term welfare of the entire system rather
than the short-term goals of individual parts/subsystemso (Meadows, 2008). Previously, survival
and replication of the cell were two of its essential functions that had to be maintained at all
costs, while in this new reality of multicellularity, the cellsi goals to survive and divide had to be
sacrificed if they were to contradict the greater good of the organism. It is this property of a
system that has been violated over and over again by occasional malignant cells since the rise

of multicellularity that leads to one of the most deadly diseases of the modern world - cancer.


https://paperpile.com/c/GQns9m/GaCh

Cancer research - historical recap

In modern times, cancer is one of the medical challenges, where the extensive search for a cure
has outpaced efforts for an in-depth understanding of the etiology over a few decades. After
Sydney Farber published his first results showing that a folic antagonist (aminopterin) might
induce temporary remission in acute leukemia in children in 1948 (Farber and Diamond, 1948), it
took 23 years before the National Cancer Act was passed in 1971, signaling a consolidation and
a national policy to orchestrate cancer research by strengthening the National Cancer Institute
and starting the fiwar on cancert (National Cancer Act of 1971, 2016). The impact of the National
Cancer Act was far from immediate due to the lack of appropriate tools and understanding to
even ask and answer relevant questions. The nature of cancer was largely uncharted before the
first oncogene was reported in 1970 (Duesberg and Vogt, 1970). This study showed that a virus
that causes sarcoma in chicken, unsurprisingly called, Rous sarcoma virus (RSV), required a
certain RNA subunit for the transformation - later termed src (for sarcoma). These results
demonstrated that a genetic factor could be a causative agent for tumorigenic transformation,
albeit in chickens. The rest of the 1970s was marked by research in a range of tumorigenic
viruses in rodents (Malumbres and Barbacid, 2003), followed by a marvelous convergence
between oncogenes of rodents and humans with the discovery of RAS as the first human
oncogene published in 1982 (Pulciani et al., 1982; Shih and Weinberg, 1982; Taparowsky et al.,
1982). These findings were essential blocks in conceptualizing the causes of cancer, however,
they were lacking in the contextual and mechanistic understanding of how a mutation in an
oncogene could trigger a deadly cascade of events resulting in cancer. It was only natural to

imagine that more oncogenes would be waiting to be discovered, and indeed, they were.

In parallel, an alternative - fitwo-hitd hypothesis was proposed for retinoblastoma cases a decade
earlier purely by statistical analysis of sporadic and familial retinoblastoma occurrence
(Knudson, 1971; Lipsick, 2020). When a mutated germline variant is passed on to an offspring
(first hit), the chances of a loss-of-function mutation happening to the other allele of the same
gene (second hit) approaches one, given the huge number of cells in the human retina. These
patients would have a propensity to develop bilateral retinoblastoma as well as cancer of the
bone - osteosarcoma. Some retinoblastoma cases, however, would be sporadic and affect only
one eye without increasing the risk of developing osteosarcoma. Meticulous analysis of the
distribution of unilateral or bilateral retinoblastoma cases as well as the hereditary nature of the

condition suggested that two loss-of-function mutations would be required to cause the disease.
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Further cytogenetic analysis has demonstrated a deletion at the chrl3ql4 locus of
retinoblastoma patients implying a loss of function, which could explain the statistical distribution
of hereditary and sporadic cases (Sparkes et al., 1980). The extensive hunt for the gene
responsible for retinoblastoma resulted in finding and cloning the gene, coined RB (how known
as RB1) after retinoblastoma (Friend et al., 1986). This was the first example of another class of
genes - tumor suppressor genes (TSG) - impacting tumorigenesis, functionally opposite from
oncogenes. Tumor suppressor genes, as the name indicates, protect the organism from cancer

initiation.

The next challenge would be to identify and catalog the oncogenes and tumor suppressor
genes, however, with the technology of gene cloning and mapping, this presented an enormous
challenge. The conception of the Human Genome Project (HGP) was promising to assist this
task and deliver unprecedented precision in gene identification (Lander et al., 2001). Indeed,
mapping the human genome was a colossal achievement, however, it was soon clear that a
disease with the complexity and heterogeneity of cancer would require characterizing not one
human genome but thousands of cancer genomes to elucidate the genomic underpinnings of
the disease. The HGP paved the way for concerted efforts to perform comprehensive molecular
characterization of cancers, resulting in The Cancer Genome Atlas launched by the end of 2005
(TCGA Timeline and Milestones, 2018). With a pilot program targeting only three tissues, TCGA
was extended to chart the genomic (in many cases transcriptomic and epigenomic) landscape of
33 of the most prevalent cancer types with over 11,000 samples (Welcome to the Pan-Cancer
Atlas, Accessed: 15 August 2023). The TCGA was focused on the characterization of coding
regions. However, emerging evidence was indicating the role of non-coding regions in cancer
initiation and progression, such as expression of certain long noncoding RNAis (Tano and
Akimitsu, 2012), as well as non-coding somatic point mutations, such as those in the promoter of
the TERT protein - the catalytic subunit of telomerase (Horn et al., 2013; Huang et al., 2013). It
became increasingly evident that both coding and non-coding genome contain clues for
deciphering cancer, hence another massive effort was launched by the International Cancer
Genome Consortium (ICGC) - the Pan-Cancer Analysis of Whole Genomes (PCAWG), aiming at
analysis of the effect of somatic, as well as germline mutations, with an emphasis on non-coding
and regulatory regions (ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium,
2020). PCAWG has analyzed 2600 whole genome samples from 40 projects across 20 primary
sites. The need for comprehensive genomic mapping was recognized through the launch of

national genomic projects, such as Genomics England with the aim to obtain 100,000 whole
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genome sequences (WGS) from ~85,000 patients with rare diseases and cancer (England,
2022). The enormous efforts of the last 50 years have increasingly pushed the frontier of our
knowledge on cancer initiation, mechanisms, processes, etiologies, and fates, and yet, we are
far from having all the answers, and cancer continues to claim millions of lives every year (Sung
et al., 2021).

Cancer as a genetic disease

Cancer is considered a genetic disease (this view is recently being actively debated with more
emphasis being put on metabolic and epigenetic roots) originating largely from a set of driver
mutations. These mutations can be germline or somatic, in oncogenes or tumor suppressor
genes. However, one single driver mutation does not usually cause cancer in 100% of its
carriers and this can be demonstrated particularly for hereditary cancers. These are cancers
running in families due to germline mutations predominantly in TSGs and genes involved in DNA
damage and repair (DDR) pathways (Hodgson, 2008). The penetrance of these cancer variants
varies largely. For example, carriers of BRCA1 and BRCAZ2 gene defects (Breast Cancer gene 1
and 2) will develop breast cancer in 55-72% and 45%71T69% cases by the age 70-80 respectively
(Antoniou et al., 2003; Chen and Parmigiani, 2007; Kuchenbaecker et al., 2017). The risks of
developing ovarian cancer with the same variants are slightly lower at ~39% and ~11% for
BRCA1 and BRCA2. Other mutations such as those in the APC gene, associated with familial
adenomatous polyposis (FAP), are known to have extreme penetrance with ~95% of the
patients developing polyps by the age of 35 leading to colorectal cancer in nearly all the patients
by the age of 50 (Kerr et al., 2013; Yen et al., 2022). Despite these differences, it was clear that
individual driver mutations cannot lead to cancer in isolation and a combination of mutations
would be necessary. Over the years, multiple studies have attempted to find the minimal number
of driver mutations necessary for cancer development. Early studies from the 50s arrived at a
rather accurate estimate of only 6-7 mutations required for cancer, based solely on
epidemiological data and by analyzing the incidence-age relationship. In one seminal paper
(Nordling, 1953), the hypothesis that cancer is initiated from successive mutations was tested.
This hypothesis would predict that in the case of n required mutations, the incidence of cancer
mortality would be proportional to the age to the power of n-1. The epidemiological evidence
suggested that all-cancer incidence is proportional to the patient's age to the sixth power,
implying that six to seven mutations were required for cancer initiation. Since then the question
has been addressed through interrogation of epidemiological and sequencing data (Tomasetti et

al., 2015), indicating that 3 driver mutations would be required for cancer initiation in the lung


https://paperpile.com/c/GQns9m/EVKu
https://paperpile.com/c/GQns9m/EVKu
https://paperpile.com/c/GQns9m/AQRx
https://paperpile.com/c/GQns9m/AQRx
https://paperpile.com/c/GQns9m/LFG8
https://paperpile.com/c/GQns9m/aciX+otcw+whTd
https://paperpile.com/c/GQns9m/jTp1+pF0s
https://paperpile.com/c/GQns9m/dnRy
https://paperpile.com/c/GQns9m/wZXu
https://paperpile.com/c/GQns9m/wZXu

and colon. The availability of an ever bigger number of WGS data offered greater opportunities
and challenges to the problem. Most of the cancer genomes are laden with somatic mutations
ranging from a few hundred to hundreds of thousands, making the identification of driver
mutations akin to a search for a needle in a haystack. One method that proved to be effective
was based on the ratio of nonsynonymous (dN) to synonymous variants (dS). In the absence of
selection this ratio - dN/dS, is expected to be very close to one, while in the case of positive or
negative selection, the ratios would be significantly larger or lower than one, respectively. In
cancer, mutations in driver genes are expected to be under positive selection - hence larger than
one. Application of this technique indicated that about 1-10 mutations are responsible for cancer
across tissues (Martincorena et al., 2017). However, the next big question is the nature of these
mutations and the genes where mutations can have such a major impact. And yet another major
challenge is understanding the functional implications and necessary or sufficient factors that

allow cancer to originate and progress.

Hallmarks of cancer

The discovery of the first oncogenes dates back to the 1970s, followed by multiple other
oncogenes and tumor suppressors, however, it would take many more years of research to
discover the principles that govern tumorigenesis and tumor behavior. One of the most
fundamental efforts of organizing the knowledge in the field and defining molecular
underpinnings of cancer was the derivation of cancer hallmarks at the turn of the century by
Hannahan and Weinberg (Hanahan and Weinberg, 2000). Initially, 6 cancer hallmarks were
defined: 1) evading apoptosis, 2) sustained proliferative signaling, 3) evading growth
suppression, 4) inducing or accessing vasculature, 5) activating invasion and metastasis,
6) enabling replicative immortality. Following up, 11 years later, four new emerging hallmarks
were added to the list (Hanahan and Weinberg, 2011). These were 7) deregulating cellular
metabolism, 8) avoiding immune destruction, 9) tumor-promoting inflammation, 10) genome
instability and mutation. Another 11 years later the list has been expanded with four more
hallmarks (Hanahan, 2022): 11) unlocking phenotypic plasticity, 12) non-mutational epigenetic

reprogramming, 13) senescent cells, 14) polymorphic microbiomes (Fig. 1).
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Figure 1: Hallmarks of cancer (adapted from Hanahan 2022).

We will now proceed to discuss these hallmarks in detail, with a focus on the now-classical 10

hallmarks that are more relevant to this work.

1. Evading Apoptosis: The emergence of multicellularity was possible thanks to several major
innovations, including a rather peculiar process - programmed cell death, also called apoptosis
(Koonin and Aravind, 2002). All multicellular organisms have some form of apoptotic pathways
that ensures tissue homeostasis, healthy development, and elimination of damaged or infected
cells (Elmore, 2007), while its disruption is laden with dangerous outcomes such as cancer.
There are two main apoptotic pathways- intrinsic and extrinsic. The intrinsic pathway is induced
by intracellular signaling and ends in the puncturing of the mitochondrial membrane, by the
members of BCL-2 family BAK and BAX. The extrinsic pathway is triggered by ligands binding
cell-surface receptors, such as the tumor necrosis factor (TNF) receptor family members

resulting in death-receptor-mediated apoptosis (Singh, Letai and Sarosiek, 2019).

Apoptosis is a tightly regulated process by the members of BCL-2 family, consisting of



pro-apoptotic and pro-survival proteins. However, the tight control of the two opposing processes
- survival and apoptosis - is effective until a certain point. Once the mitochondrial outer
membrane permeabilization (MOMP) is achieved the cell has passed a point of no return and

cell death cannot be stopped.

Cancer initiation usually implies enhanced cellular proliferation and excessive growth signaling
which inherently means cellular stress, which in turn implies induction of apoptosis. Hence,
suppression of apoptosis is essential already in the stage of malignant transformation and is
achieved by modulation of both pro-apoptotic and pro-survival components, with a range of
mechanisms shared between different cancer types (Mohammad et al., 2015). Unsurprisingly,
the most commonly mutated protein across cancer types and one of the earliest drivers is the
TP53, a tumor suppressor and the most potent orchestrator of cell cycle arrest and apoptosis
(Chen et al., 2022).

2. Sustained proliferative signaling: Cell proliferation in a tissue is a tightly controlled process
that facilitates growth, development, and tissue homeostasis. Cells mainly get proliferation
promoting and suppressing signals from their environment and possess several layers of
pathway circuits and checkpoints that ensure that cells respond to these signals faithfully
(Duronio and Xiong, 2013). In order to induce and maintain tumor growth in the absence of
growth signals or the presence of anti-growth signals, cancer cells have devised several
mechanisms to circumvent this tight control. Many cancers induce and sustain proliferation
through mutations in key regulators of growth signaling pathways that render them in a
permanent fiond state. A prominent example of this kind of dysregulation is mutations in the
RAS-RAF-MEK-ERK or PI3K/PTEN/AKt/MmTOR pathways, discussed in the next section of this
chapter (McCubrey et al., 2012). Other strategies include overexpression or amplification of
growth factor receptors or members of growth pathways such as that of human epidermal
growth factor receptor 2 (HERZ2) (Igbal and Igbal, 2014). Yet other cancers might apply promoter
hypermethylation to maintain constitutive expression of growth signals. Finally, some cancer
cells can switch to autocrine control by producing the growth signals that they themselves

respond to (Schlange et al., 2007).

3. Evading growth suppression: Complementary to sustained proliferative signaling, cancers
have to develop ways to avoid anti-growth signals. To ensure tight control of tissue growth, cells

are equipped with proliferation promoting as well as suppressing tools, such as interference with


https://paperpile.com/c/GQns9m/dEIK
https://paperpile.com/c/GQns9m/IxQ7
https://paperpile.com/c/GQns9m/KXbn
https://paperpile.com/c/GQns9m/zahl
https://paperpile.com/c/GQns9m/BaBy
https://paperpile.com/c/GQns9m/qX2E

progression in the cell cycle. Two of the most commonly mutated proteins in cancer -
Retinoblastoma protein (Rb) and TP53 are master regulators of cell cycle arrest and induction of

apoptosis (Engeland, 2022).

Other growth inhibitory signals that are commonly disabled in cancers include contact inhibition.
In its canonical form, contact inhibition triggers autophagy and ensures that cells that
mechanically touch each other stop growing and proliferating. It is an essential mechanism in
stopping cell growth during wound healing. In cancer cells, the regulators of the process - the
YAP/TAZ signaling axis are regularly inhibited, overcoming growth suppression (Pavel et al.,
2018).

4. Inducing or accessing vasculature: All cells, including cancer cells, need access to
nutrients and oxygen to maintain housekeeping function, grow and proliferate. Initially, cancer
cells may take up these resources from the environment, but as the tumor grows beyond a few
millimeters in size, access to nutrients and oxygen becomes increasingly hard, making the
cancer dependent on better blood supply (Nishida et al., 2006). Tumors address this problem by
promoting the formation of new blood vessels - a process called angiogenesis. Angiogenesis is
a critical step in disease progression for solid tumors since it enables growth, allows cancer cells

to enter the blood flow, and invades nearby and distant organs, thus promoting metastasis.

There are dozens of regulators of angiogenesis with the vascular endothelial growth factor
VEGF being one of the main inducers of apoptosis. In solid tumors, angiogenesis is commonly
initiated due to hypoxia that results from tumor growth and limited access to oxygen. Hypoxia
activates hypoxia-inducible factors, HIFs, that are activators of VEGF (Zuazo-Gaztelu and
Casanovas, 2018). Additionally, tumor cells produce and secrete a range of other cytokines, and

proangiogenic factors, and inhibit suppressors of angiogenesis.

5. Activating invasion and metastasis: One crucial fact about cancer is that most deaths are
caused by metastases and not the primary tumor (Seyfried and Huysentruyt, 2013). Metastasis
represents the final stage of cancer, where the cells leave the primary site, enter the blood or
lymphatic vessels, passively travel to nearby or distant organs, and act as seeds for new tumors.
This is a rate-limiting process for most solid tumors of epithelial origin since they will need to
acquire cell motility to enter the blood flow through epithelial to mesenchymal transition (EMT),

survive in the blood flow, and extravasate from the blood vessels through a reverse process
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called mesenchymal to epithelial transition (MET). These processes are regulated through the
activation and repression of transcription factors that modulate the expression of epithelial or

mesenchymal markers that control cell adhesion (Lamouille, Xu and Derynck, 2014).

6. Enabling replicative immortality: In 1961, Leonard Hayflick showed that normal human
fibroblasts cultured in vitro stop dividing after a certain number of cell divisions - a number now
known as the fiHayflick limito (Shay and Wright, 2000). For fetal human fibroblasts, this number is
between 40 and 60, after which cells become senescent. The mechanism behind this
phenomenon lies in DNA replication, where the replicative machinery incompletely copies the
ends of the chromosomes resulting in 37-120 bp loss after each population doubling
(Samassekou et al., 2010). To prevent loss of essential genetic material, chromosome ends are
protected by repeat regions - telomeres, that are bound by special proteins that protect the DNA
ends from exonucleases and hinder the recognition of chromosome ends as DNA double-strand

breaks, preventing dangerous DDR signaling (Lewis and Wuttke, 2012).

Unlike normal cells, cancer cells can divide indefinitely, by preventing telomere loss after cell
division by either activating telomerase - the enzyme that is responsible for telomerase
elongation, or by an alternative lengthening of telomeres (ALT) - mechanisms based on HR and

homology-directed telomere synthesis (Gaspar et al., 2018).

7. Deregulating cellular metabolism: Rapid growth of mass and cell numbers in tumors
increases the demand for energy and biomolecules that would facilitate that growth. Normal
tissues process glucose to pyruvate in the cytosol which under aerobic conditions proceeds to
the Krebs cycle in the mitochondria that in a vast simplification burns the pyruvate to inorganic
CO, and converts the resulting energy to ATP. Many cancers, however, balance this process by
relying on glycolysis for their energy production even in the presence of oxygen - a phenomenon
first observed by Otto Warburg that was later coined iWarburg effecto (Hanahan and Weinberg,
2011). Meanwhile, the pyruvate is then transformed into lactate and used for the synthesis of
fatty acids, nucleic acids, and amino acids. A book by Nick Lane called fiTransformer: The Deep
Chemistry of Life and Deatho, beautifully demonstrates how this switch happens through the
utilization of the incomplete Krebs cycle (Lane, 2022). Furthermore, since glycolysis provides
only a fraction of the ATP molecules compared to the complete Krebs cycle (2 vs 36 ATP

molecules), cancer cells then increase their glucose uptake (Lin et al., 2020).
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8. Avoiding immune destruction: Adult humans have a few dozen trillion cells (Hatton et al.,
2023) that would accumulate trillions of somatic variants, of which hundreds and thousands if
not millions would be in driver genes that could lead to cancers. To prevent this catastrophic
outcome the immune system had to evolve to recognize and destroy cells that were on the path
to malignant transformation with several layers of safety nets that get activated in case other
safeguards fail to function. A pre-malignant cell, thus, has to overcome all the hurdles set by the

immune system on its way to becoming malignant.

Both the adaptive and innate branches of the immune system are involved in cancer recognition.
One prominent protection mechanism relies on the application of major histocompatibility
complex (MHC) class | molecules that are tasked to protect the organism against intracellular
pathogens and cancers by processing and presenting the protein parts synthesized inside the
cell into the cell surface (Dhatchinamoorthy, Colbert and Rock, 2021). Here, these peptides can
be evaluated by the antigen-presenting cells such as dendritic cells. Upon recognition, dendritic
cells can recruit cytotoxic CD8+ T-cells that will further eliminate the cancerous cells. This
strategy is particularly effective against tumors with high tumor mutational burden (TMB) which
results in high levels of novel antigens that can be picked up and presented by the MHC. One
strategy for the tumor cells to avoid recognition then might be a complete loss of the MHC
molecules. The immune system, in turn, has evolved the natural killer (NK) cells to recognize
and kill the cells that have downregulated their MHC class | molecules (Topham and Hewitt,
2009). Yet, the game does not stop there, since precancerous cells that eventually become
malignant find ways to circumvent the immune system especially if the latter has been
weakened. There are dozens of other strategies employed by the immune system and cancer
that resemble a game of chess and that are extremely interesting to follow up on, yet that would

make this thesis overly long.

9. Tumor promoting inflammation: The field of immunoediting defines three phases during
tumorigenesis: elimination, equilibrium, and escape (Dunn, Old and Schreiber, 2004), and even
though each of these phases is very nuanced, once the tumor has reached the escape phase,
the tumor has overcome the main hurdles of the immune system. As Dunn et al. describe it fithe
immunologically sculpted tumor expands in an uncontrolled mannero and furthermore, the tumor

microenvironment becomes pro-tumorigenic. The presence of immune cells in the tumor
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microenvironment (TME) has been characterized across a range of cancer types, and notably,
the inflammatory TME can provide cytokines and chemokines that promote growth signals,
tissue repair, and angiogenesis, as observed in conditions like wound healing (Denk and Greten,

2022), promoting cancer growth instead.

10. Genome instability and mutation: Cancer is considered a genetic disease (recent
evidence indicates that some cancers might have purely epigenetic origin) that starts with driver
mutations and undergoes evolution to evade the immune response, to acquire and maintain the
features required for cancer progression such as angiogenesis, metastasis, etc. The concrete
mechanisms that initiate these mutations can be of various origins ranging from single point
mutations to larger chromosomal events such as duplications, translocations, inversions,
deletions, and even catastrophic chromosomal events such as kataegis (Nik-Zainal, Alexandrov,
et al.,, 2012). The exact nature of genomic instabilities can largely vary between cancers, with
some cancers starting with germline mutations in DNA repair genes, such as cancers linked to
Lynch-syndrome that are triggered by germline mutations in the MMR genes (Garutti et al.,
2023). Other cancers may start with environmental exposures that eventually lead to mutations
of DDR genes. Despite the variety in expression and intensity, genomic instability is one of the

hallmarks that paves the way for disease progression (Knijnenburg et al., 2018).

We have now discussed the hallmarks of cancer, providing a broad understanding of what
defines cancer and the environmental and internal demands that enable a group of cells to defy
the host. Moving forward, we will explore the common signaling pathways that underlie these

mechanisms.
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Oncogenic signaling pathways

Extensive analysis of thousands of driver events in cancer genomes from the TCGA showed
that the majority of these driver mutations affect genes, which are functionally grouped into only

a handful of signaling pathways (Sanchez-Vega et al., 2018). Notably, these pathways represent

different parts of the cancer hallmarks, and we will discuss them in detail below.
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Figure 2: The ten oncogenic signaling pathways commonly dysregulated across cancer types
as detected in TCGA. Adopted from (Sanchez-Vega et al., 2018)
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P53 pathway: The p53 pathway brings together DNA damage signaling with the control of cell
fate resulting in senescence and apoptosis from one side and survival and proliferation from the
other. The most commonly altered genes that were grouped into this pathway are i) the most
commonly mutated cancer gene TP53, ATM that coordinates cellis response to DNA
double-strand breaks (DSB), CDKN2A an important tumor suppressor that can induce cell-cycle
arrest in G1 phase, MDM2/4 oncogenes - regulators of TP53, CHEK2 - a checkpoint kinase that
can induce a cell cycle arrest upon DNA damage, RPS6KA3 - an interactor of RSK2 protein that
has an anti-anoikis function. Mutations in this pathway interfere with the apoptosis of cells with
DNA damage.

Cell cycle pathway: This crucial pathway involves several genes that control the progression of
the cell through the cell cycle. Genes that were mutated in TCGA and fell into this pathway were
mostly cyclins such as cyclin E1, cyclin D1/2/3 (CCNE1, CCND1/2/3), and cyclin-dependant
kinases such as CDKN1A/B, as well as several transcriptional regulators such as the famous Rb

gene. Mutations in this pathway promote continuous cell division and proliferation.

Hippo pathway: The Hippo pathway prominently regulates organ size, and has major functions
during embryogenesis, and tissue regeneration by controlling cell growth, proliferation, and
differentiation (Fu et al.,, 2022). Notably, the Hippo pathway is triggered by upstream
environmental signals such as mechanical stress, cell-cell contact, stress signals, and soluble
factors. Several proteins have been grouped into this pathway based on their mutation
frequencies, however, most affected proteins are large tumor suppressor kinase 1/2 (LATS1/2),
its downstream targets YAP/TAZ transcriptional co-activators, TEAD2 transcription factor that
has many downstream targets controlling differentiation, apoptosis, and stem cell self-renewal.
Additional proteins with frequent mutations included cell-adhesion molecules (DCHS1/2),

atypical cadherins such as FAT1/2/3/4 as well as several regulators of YAP/TAP.

Notch pathway: Notch is a highly conserved and versatile pathway involved in differentiation,
cell growth, and apoptosis. Notch pathway mediates cell-cell communication between adjacent
cells via a receptor that upon binding to a ligand undergoes a cleaved, releasing a protein that
can directly translocate into the nucleus and act as a transcription factor. The aberrant proteins
in cancers in this pathway include various NOTCH regulators such as CCR3 (also known as
NOV), NOTCH ligand CNTNG6, Notch receptors (NOTCH1, NOTCH2, NOTCH3, NOTCH4),

epigenetic modifiers and transcriptional co-activators such as EP300 and CREBBP.
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Nrf2 pathway: The Nrf2 pathway modulates an essential oxidative stress response since the
genes regulated by this pathway are involved in the neutralization of reactive oxygen species
and electrophilic agents (Nguyen, Nioi and Pickett, 2009). The only three aberrant genes in this
pathway are the NRF2 transcription factor with a downstream array of antioxidative targets,
KEAP1 which acts as a cytoplasmic repressor of NRF2, and CUL3 which controls NRF2 levels
by ubiquitination and downstream degradation. The activation of the NRF2 pathway neutralizes
reactive oxygen species (ROS), plays a cytoprotective role, and promotes survival. It has also
been linked to acquired chemotherapy resistance in cases where the drugs induce cytotoxicity
via ROS (Xue, Zhou and Qiu, 2020).

PISK/Akt pathway: Phosphatidylinositol 3 kinase (PI3K) along with its downstream target Akt
constitutes one of the most essential pathways activated in cancers that stimulate cell survival
and growth (Alberts et al., 2022). PI3K is a kinase that phosphorylates inositol phospholipids in
the plasma membrane. It phosphorylates phosphatidylinositol (PI) - 4,5 bisphosphate (PI(4,5)P,)
into PI(3,4,5)P; which in turn serves as a docking station for a range of intracellular signaling
enzymes, including Akt and phosphoinositide-dependent protein kinase 1 (PDK1), which
induces Akt activation. Activated AKT, in turn, proceeds to phosphorylate a range of proteins
docked to the plasma membrane, in the cytosol and the nucleus. However, one major player that
controls the effects of the PI3K-Akt pathway is the protein called mammalian target of rapamycin
(mTOR), which integrates signaling from different growth factors, and cellular metabolites such

as cytosolic amino acid.

In their TCGA pathway analysis, Sanchez-Vega et al. (Sanchez-Vega et al., 2018) have grouped
13 genes into this pathway including PIK3CA/B, its inhibitors PTEN, several activators, AKT, the
MTOR along with RICTOR and raptor - RPTOR, that form complexes with mTOR and inhibit

apoptosis, promote cell growth and survival.

RTK-RAS pathway: A large number of growth signals in the cells are received through the
family of the receptor tyrosine kinase (RTK) family, which passes the signal from the membrane
to the nucleus through a cascade of kinases. A typical signal involves sequential
phosphorylation and activation of RAS - RAF - MEK (also known as MAP2K, MAPKK) - ERK

(also known as MAPKs or extracellular signal-regulated kinases). The ERK, in turn, activates a
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range of transcription factors that control cell growth, proliferation, and differentiation (Molina
and Adjei, 2006). Notably, some of the proteins such as RAS and RAF variants involved in this
pathway are some of the most common and best-studied oncogenes that are marked with high
penetrance (Al Mahi and Ablain, 2022).

The proteins that have been grouped into RTK-RAS pathways that are often mutated in cancers
involve multiple RTKs, scaffolding proteins, several types of RAS and RAF proteins, ERKs, and

their regulators (Sanchez-Vega et al., 2018).

TGF-b signaling pathway: The transforming growth factor-b (TGF-b) is a family of proteins
comprised of TGF-b, activins/ inhibins, and bone morphogenic proteins (BMPs), that control
several functions essential in cancer, such as apoptosis, proliferation, differentiation, epithelial to
mesenchymal transcription (EMT) and migration (Syed, 2016). The receptors of TGF-bis are
single-pass transmembrane serine-threonine kinases, that perform downstream phosphorylation
of SMAD proteins, which upon activation form the Smad complex that translocates into the
nucleus and act as a transcription regulator (Alberts et al., 2022). Interestingly, the effects of
TGF-b signaling in cancer are dual due to its highly context-dependent and pleiotropic action
(Seoane and Gomis, 2017). In normal cells, TGF-b signaling plays a tumor suppressive role by
inhibiting cell-cycle progression and promoting apoptosis, while in later stages it promotes EMT
and migration, promoting metastasis. The TCGA analysis of commonly mutated genes revealed

five genes involved in this pathway.

b-catenin/Wnt pathway: b-catenin/Wnt signaling is a major regulator of embryogenesis and
stemness (Zhan, Rindtorff and Boutros, 2017). In its canonical form, a ligand from the WNT
protein family binds to the receptor of the Frizzled protein family on the cell membrane, which
triggers a cascade of reactions that stabilizes the b-catenin, which in turn translocates to the
nucleus and acts as a transcription factor controlling stem cell renewal and organ growth. Some
members of this pathway, such as Adenomatous polyposis coli (APC) have been implicated in
familial adenomatous polyposis (FAP), which dramatically increases the risk of colorectal cancer
(Zzhang and Shay, 2017). The role of the pathway has been studied in depth, particularly in
colorectal cancer, however, the dysregulation of this pathway has been characterized also in

breast cancer, leukemia, and melanoma.
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Myc pathway: Myc family proteins are among the most commonly mutated oncogenes across
cancer types with >50% of samples carrying a variant (Chen, Liu and Qing, 2018). Myc family
members c-Myc, n-Myc, and |-Myc are among the so-called fisuper-transcription factorso that
control ~15% of the genome, thus controlling almost every aspect of the oncogenic process,
including proliferation, apoptosis, and metabolism. Myc binds to the DNA in a Myc/Max complex

and recruits a chromatin-modifying complex before binding to the E-box target sites.

In the oncogenic pathway analysis in the TCGA, the authors have grouped Myc, Max, and
several proteins involved in chromatin-remodeling, such as MGA that along with Max is part of
the polycomb repressive complex (Llabata et al., 2021), as well as proteins involved in

metabolism regulation that stimulate aerobic glycolysis (Wilde and Ayer, 2015).

DNA damage and repair processes

So far we have discussed the impact of mutations and have overlooked where those mutations
are coming from. Aberrant mutagenesis resulting in genomic instability is one of the hallmarks of
cancer and is characteristic of nearly all cancer types. In this section, we will discuss the origins

of mutagenesis as an imbalance between processes controlling DNA damage and repair (DDR).

DNA carries the information and the rules for synthesis for functional components of the cell -
protein, and RNA, akin to the musical scores of a symphony, which instructs individual
musicians on the rhythms, the notes, and the nuances of passages to create the harmonious
sounds of a masterpiece. Similarly, the instructions of a DNA orchestrate billions of cells to
produce the functional units - proteins and RNA and guide the cells into their correct role and
function in an organism to sustain the symphony of life. Irreparable damage to the DNA thus
prompts normal cells to commit to programmed cell death - apoptosis, in favor of protecting the

organism (Wang, 2001).

The cells have evolved a plethora of mechanisms to protect the DNA, minimize the damage, and
repair, if possible. Firstly, the DNA in eukaryotic cells is packaged in a nucleus, separated from
active biochemical processes. Secondly, the parts of DNA, that are less critical for the
functioning of a particular cell type - heterochromatin - are tightly packaged and deposited at the
peripheries of the nucleus, while the active, open, and accessible DNA - euchromatin - is

deposited into the nucleus center, potentially being shielded from radiation damage such as UV.
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Despite these efforts, DNA gets a considerable amount of damage throughout a cell's life

through both normal endogenous processes, as well as exogenous sources.

Endogenous and exogenous DNA damage

Normal cellular functioning and maintenance involve processes and reactions posing challenges
for the DNA. DNA replication is one of the dominant sources of endogenous damage. Despite
having high fidelity and efficiency, DNA polymerases are not error-free. The human polymerases
responsible for large parts of leading and lagging-strand synthesis - Pol U and Pol U, make about
1 mutation per 100kb. Considering that the diploid human genome comprises 6 billion
nucleotides, that would amount to about 100.000 mutations per cell division - an excessively
high number. Notably, these polymerases are equipped with a proofreading subunit with
exonuclease activity that excises mismatched nucleotides. In the case of mutations in the
proofreading domains of some cancers, the mutation rate becomes orders of magnitudes higher.
To decrease the replication error rate, nearly all cells deploy another layer of proofreading
overseeing the accuracy of the DNA synthesis - mismatch repair pathway (MMR) (Li, 2008). As
the name indicates, MMR detects mismatches between the two DNA strands, as well as short
insertions and deletions, particularly occurring in microsatellite regions. The functioning MMR
system further brings down the error rate to about 1 mutation per 1 billion bases (McCulloch and
Kunkel, 2008), reducing the number of novel mutations introduced during cell division to only a
few, with some estimates from human multi-region sequencing projects suggesting mutation

counts a little over 1 (Werner et al., 2020).

Transcription is another process that induces increased DNA damage as the DNA unwinds in
the process exposing vulnerable single-stranded DNA (Milano, Gautam and Caldecott, 2024).
Both transcription and translation require opening the two strands of DNA with helicases which
results in supercoils and torsional stress. Topoisomerases are enzymes that relieve this stress
and resolve knots and tangled DNA by inducing single or double-strand breaks, followed by
ligation. Topoisomerases, thus can greatly aid the DNA repair but also induce damage, if the
ligation is catalyzed incompletely (Pommier et al., 2022). Several antibiotics and

chemotherapeutic agents act by blocking and targeting topoisomerases.

Byproducts of cellular metabolism are another source of DNA damage in somatic cells resulting

in DNA hydrolysis, oxidation, and alkylation. Particularly, reactive oxygen species (ROS) is one
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class of such chemicals with a high potential for DNA oxidation and hydrolysis, primarily caused

by oxidative phosphorylation in mitochondria.

Despite several layers of protection, DNA is susceptible to damage caused by environmental
agents - chemicals and radiation. The most common sources of this type of damage affecting
humans are ultraviolet (UV), ionizing radiation (IR), and various environmental and food

carcinogens (Barnes et al., 2018).

DNA repair pathways

Throughout evolution, cells have acquired a robust toolbox of pathways to repair or ameliorate
DNA damage with varying success across damage types. DNA damage repair (DDR) pathways
create an interconnected web (Olivieri et al., 2020), yet the major types of DNA damage are

repaired by 5 major DNA repair pathways.

Base excision repair (BER) pathway attends to simple DNA insults caused by deamination,
oxidation, or alkylation, as well as abasic sites, which do not cause helix distortion. The modified
bases are being recognized and removed by highly conserved DNA glycosylases, resulting in an
abasic site followed by short-patch or long-patch repair (Krokan and BjRr-s, 2013). BER is a

highly error-free repair pathway.

Nucleotide excision repair (NER) pathway is the pathway of choice to remove bulky DNA
adducts. NER has two main branches - global genome nucleotide excision repair (GG-NER) and
transcription-coupled NER (TC-NER), where the former is initiated by identifying a distortion in
DNA double helix, while the latter is initiated by stalled RNA polymerase |l during transcription.
This allows NER to clear adducts of wide-ranging origins, such as cyclobutane-pyrimidine
dimers (CPD), 6-4 pyrimidine-pyrimidone photoproducts (6-4PP) caused by UV exposure,
cyclopurines resulting from ROS damage as well as adducts resulting from various chemicals
(Marteijn et al., 2014). NER is initiated by structure-specific endonucleases, that remove the
adduct along with a few bases proceeding and following the damaged site. The gap is then filled
using the intact DNA strand as a template, hence providing error-free clearance. NER exploits
the common topological effects that various damaging agents have on the DNA, thus making it a

highly versatile pathway.
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Mismatch repair (MMR) pathway is the main workhorse tasked with dusting after the DNA
replication machinery. MMR mostly attends to mispaired bases as well as small deletions and
insertions resulting from slippage of the replication machinery, especially in microhomology
sites. MMR is highly conserved from archaea (Hofstatter and Lahr, 2021), bacteria to eukaryotes
(Fukui, 2010) highlighting the essential role this machinery plays in sustaining life. MMR is
carried out in four stages: 1) recognition of the mismatch by MSH proteins (homologs of MutS),
2) recruitment of MLH proteins (homologs of MulL) that facilitate the successive DNA excisions,
3) excisions of the DNA strand containing the mismatch, 4) filling the gap by replicative DNA

polymerases using the intact strand.

Single-strand break repair (SSBR) is an orchestration of proteins playing an active role across
a range of pathways. Single-strand breaks occur as a consequence of exposure to both
DNA-damaging exposures, such as oxidative stress, and as intermediates of DNA repair
processes, that often involve introducing cuts in one of the strands. Another major source of
SSB is the erroneous or aborted activity of topoisomerases ( largely type 1 - TOP1), which
cleave a DNA strand to relax the torsional stress accumulating during DNA transcription and
replication (Wang, 2002; Caldecott, 2008). SSBR involves four main stages: 1) SSB detection, in
many cases mediated by Poly (ADP-ribose) polymerase 1 (PARP1). PARP1 recognizes SSB in
cases of active damage and those introduced during BER (Caldecott, 2008), 2) DNA end
processing restores the 3i and 50 ends to their conventional 3'-hydroxyl (3i-OH) and
5'-phosphate states, to enable the upcoming DNA synthesis. This step can involve a large
diversity of enzymes, reflecting the diversity of DNA insults that could have caused the SSB.
3) Gap filling can be carried out by a diversity of DNA polymerases, depending on the source
and type of damage and the length of the gap. Pol & or Pol s have been implicated in short-patch
and Pol 0/0 and Pol b in long-patch restoration. 4) Ligation carried out by the ligase enzymes.
The human genome contains three ligase genes (Ligl, Lig3, Lig4) that encode 5 isoforms
(Sallmyr et al., 2020). Among these LIG1 and two LIG3 isoforms - LIG3U and mtLIG3
(mitochondrial isoform) have been implicated in SSBR. LIG3, thus, is involved in the
maintenance of both nuclear and mitochondrial genomes. Despite the intricate toolbox available
for SSBR, some of the SSBs remain unresolved and deteriorate into double-strand breaks
(DSB).

DSBs are extremely cytotoxic, and four major pathways are known to clear DSBs, reflecting the

catastrophic nature of these damage types for the chromosomal integrity and subsequent cell
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survival. DSBs can result from endogenous and exogenous stress, as discussed above,
programmed DNA breakage during meiosis, DNA stress relaxation through topoisomerases or
class-switch recombination, as well as through incomplete repair and clearance of other DNA
damage types, such as SSBs. Ultimately, any DNA damage type can eventually result in a DSB
upon failure in repair machinery, especially during transcription and replication, where the
damage site can cause a replication fork stalling and collapse, or upon collapse with the
transcription bubble (Cannan and Pederson, 2016). The DSB repair pathways are highly
overlapping, and their deployment depends on the cell type, cell-cycle phase, as well as the

nature of the break (Scully et al., 2019; Ferreira da Silva, Meyenberg and Loizou, 2021).

Non-homologous end joining (NHEJ) - is an error-prone DSB repair pathway, where the DNA
ends are held in close proximity followed by direct ligation. This regularly results in deletions,
insertions, transitions, substitutions, and in some cases translocations (Lieber, 2010). NHEJ is
available at all stages of cell cycle, hence it is deployed upon most exposure-induced induced
DNA-injuries, such as ionizing radiation (IR). In some cases, such as V(D)J or class-switch
recombination - NHEJ is deployed to ensure the diversity of resulting receptors or antibodies.
NHEJ, like other DNA repair pathways, requires the following steps. 1) Recognition of the
damage site is normally achieved through the Ku complex (Ku70/Ku80 also known as
XRCC5/XRCC6), which binds and stabilizes the DSB and serves as the scaffold for the
recruitment of other components. The next stages depend on the recruitment of nuclease,
ligase, or polymerase machineries by the Ku complex. 2) DNA end resection is carried out by
Artemis, to trim the flanking DNA ends and prepare for ligation. 3) DNA synthesis is most often
carried out by Pol € and Pol &. Pol € can perform template-free DNA synthesis (Zhao, Watanabe
and Lieber, 2020), making it particularly suitable for the task, although Pol & is also much more
flexible compared to replicative polymerases. 4) Ligation is achieved through LIG4, which joins
the ends and seals the gap. The NHEJ involves many more co-factors, kinases, and enzymes,

that have been omitted for simplicity.

Homologous recombination (HR) repair - is an error-free DSB repair pathway only available
during the S and G2 phases of the cell cycle (Li and Heyer, 2008). The general principle behind
the HR repair is that the diploid organism contains two copies of each chromosome and this
information redundancy can be used to recover the damaged chromosome. However, in a
non-dividing cell, the chromosomes are relaxed making the task of finding the homologous

region of the damaged DNA essentially impossible, thus restricting the leverage of diploidy to
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only S and G2 phases where the cell prepares for division and the homologous chromosomes
are being aligned. HR repair is a highly elegant and complex pathway that conceptually involves
three stages 1) presynapsis - involves DNA end resection creating a 30 single-stranded DNA
(ssDNA) overhangs, that are then bound to Rad51 to form nucleoprotein filaments tasked with
search for homology and strand invasion, typically on sister chromatid. 2) synapsis involves the
Rad51-ssDNA filament invasion into the homologous region forming a structure called a D-loop
for displacement loop. 3) postsynapsis can proceed with three scenarios, where different DNA
ends can be engaged, and different outcomes can be achieved, but they will involve DNA
synthesis with replicative polymerases Polti/J, DNA ligases sealing the remaining nicks, and,

finally, restoration of the chromosome structure.

DNA polymerase theta (Pol d)-mediated end joining (TMEJ) pathway is another error-prone
pathway for DSB repair that acts independently of Ku and Ligase IV (Wang and Xu, 2017). One
hypothesis suggests that this pathway operates in the cells where the NHEJ and HR are not
available, however, in some cases, TMEJ activity has been observed even when HR was
available (Truong et al.,, 2013). A parallel hypothesis suggests TMEJ involvement in clearing
DSBs at stalled and collapsed replication forks that are not attended by the HR (Schimmel et al.,
2019).

TMEJ has been also called alternative end joining (alt-EJ) as well as microhomology-mediated
end joining (MMEJ) due to its reliance on microhomologies between the flanking ends of the
DSB. This pathway operates through the following steps (Sfeir and Symington, 2015). 1) DNA
end resection, as in the HR pathway, exposes the 3i and 56 ends of the break. It is initiated by
the MRX complex and Sea2 in S. cerevisiae. 2) Annealing of microhomologies is performed by
Pold that finds 2-6 bp microhomologies. 3) Removal of heterologous flaps is performed by the
Pold that is equipped with dNTP-dependent endonucleolytic activity to process 3i ends (Zahn et
al., 2021). 4) Gap filling is conducted by the polymerase domain of Pold.

Single-strand annealing (SSA) pathway is the choice of repair for DSBs with long (often longer
than 200 bp) flanking homologous ends. The annealing is carried out by Rad52 and the flanking
ends are respected by the ERCC1-XPF complex (Bhargava, Onyango and Stark, 2016). The

polymerases and ligases involved in SSA are still elusive.
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The complexity and the intricate choices of the repair pathways underline the vital importance of
ensuring that the DSBs are mitigated and the chromosomal structures are maintained. The cells
are thus equipped with several layers of safety nets in the form of repair pathways, although the
activities of these pathways sometimes themselves cause massive chromosomal aberrations in
the form of translocations, large deletions, and insertions. These mutations have been
instrumental during eukaryotic evolution, as suggested by their role in intron formation (Farlow,
Meduri and Schl®tterer, 2011), and on the other hand, are mediators of genomic instability and
cancer development (Aparicio, Baer and Gautier, 2014), representing the dual nature of DNA

mutability for the individual and the species.

Having extensively discussed the processes that affect DNA damage and the different repair
pathways, we will now proceed to introduce how these processes can be inferred and studied

computationally as genomic readouts - mutational signatures.

Mutational signatures as readouts of mutagenesis

The genomic effect of various carcinogenic agents, such as UV-light and benzo(a)pyrenes in
tobacco smoke, has been studied on model systems and characterized starting from the 1980s
(Miller, 1985; Bredberg, Kraemer and Seidman, 1986; Mazur and Glickman, 1988). Specifically,
it has been shown that UV exposure preferentially induces C>T as well as CC>TT mutations,
and chemicals in tobacco smoke, particularly polycyclic aromatic hydrocarbons (PAHSs) induce

C>A mutations.

The propensity of cytosines to spontaneously deaminate into uracils was observed in the 1970s
(Lindahl and Nyberg, 1974), followed by the discovery of a uracil-DNA glycosylase (UNG), a
member of the base excision repair pathway, that corrects these mutations. However, in 1980 it
was shown, that UNG cannot repair deamination in the context of methylated cytosines
(5-methylcytosine), resulting in C>T substitutions (Duncan and Miller, 1980), suggesting the

mutagenic nature of this uncontrolled event.

Further studies in the tumors performed on loci-by-loci basis showed that these characteristic
mutations can affect oncogenes and tumor suppressors (Brash et al., 1991; Kure et al., 1996;
Hainaut and Pfeifer, 2001; Pfeifer et al., 2002), indicating that the effects of exposure and

ongoing mutagenesis are imprinted and preserved in the genomes.
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The extensive tumor sequencing efforts of the following decade enabled a more systematic
approach to decipher the patterns of mutagenesis across a range of mutagenic processes at a
higher resolution. The first seminal work in this direction was the analysis of whole genome
sequences of 21 breast cancer tumors that showed considerable variation in the single-base
substitution (SBS) frequencies (Nik-Zainal, Alexandrov, et al., 2012). To understand how the
mutations have been characterized systematically let us start by defining mutation types. DNA is
built out of four nucleotides, hence, 12 different substitutions are possible, yet due to
complementarity this number can be halved, since if the C nucleotide on one strand of the DNA
is transitioned into a T, it means that on the complementary strand, the G nucleotide has been
transitioned into an A, hence C>T and G>T mutations are identical (this is an oversimplification
since in actuality the strand of the mutated base can be informative with respect to codings or
template strands during transcription). The convention is to define the mutation starting from the

pyrimidine (Table 1).

C>A C>T T>C

C>A C>T T>C
G>T G>A A>G
C>G T>A T>G

C>G T>A T>G
G>C A>T A>C

Table 1. 6 different substitution types.

The observed differences in SBS mutation frequencies between breast cancer samples were
indications of differential exposure to various mutagenic processes that are preserved in the
genome, like scars. However, having only 6 different mutation types was not enough to fully
decipher the mutational processes and exposure levels. To expand the profiles the authors
extended each of the 6 substitution types with a base preceding and a base following the

substitution, resulting in 96 different mutation types for SBS (Figure 3).
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Figure 3. Construction of 96-channel mutation types.
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Visual inspection of the 96-channel indicated a non-random distribution across the trinucleotides
with elevated C>T mutations observed across all cancers at the CpG sites, reflecting the
spontaneous mutations resulting from the deamination of methylated cytosines, meaningfully
capturing a representation of a biological process, hence, promising to become a more versatile

tool to probe and analyze mutational signatures of various origins.

Extracting mutational signatures

Cancer mutational load presents itself as an aggregate record of all the mutational processes
that were active throughout the lineage of the cell, starting from the zygote to the point of
sequencing (Helleday, Eshtad and Nik-Zainal, 2014). Hence, the extraction of mutational
signatures, would mean decoupling the profiles of individual mutational processes. Throughout
the years, several approaches have been proposed to disentangle the mutational profiles, yet
one of the most common ways relies on the non-negative matrix factorization (NMF), initially
applied to 21 whole genome sequencing breast cancer samples (Nik-Zainal, Alexandrov, et al.,
2012) followed by analysis of thousands of whole exome and whole genome sequences of
cancer samples from TCGA and PCAWG (Alexandrov, Nik-Zainal, Wedge, Aparicio, et al., 2013;
Alexandrov et al.,, 2020). The NMF has been implemented for mutational signature extraction
with numerous modifications. In this section, we will discuss the principles behind the NMF
algorithm, followed by a discussion of several adaptations that have been made for mutational
signature extraction tasks. Finally, we will discuss other algorithms that have been proposed for

mutational signature extraction.
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Non-negative matrix factorization (NMF)

Let us first formulate the problem of mutational signature extraction. The total mutational profiles

of G cancer genomes, where the mutations have been categorized into [ types can be

represented through a matrix MGXD, where the element mij is the number of mutations of type i

in j-th genome:

1 1 1

my My ... Mp
M= -
G G G
my ms ... Mp
Our task is to decompose the matrix M to an exposure matrix E“® and signature-processes
matrix P%*P.

M~ExP

Let us set Kto be the number of different mutational processes operative in cancer genomes.

Then the element eij of the exposure matrix F indicates how much the i -th genome was

exposed to the j-th mutational process.

The matrix P, on the other hand, links the mutagenic process to the mutational profile - the
mutational signature of that process. The element pij for the i-th mutational process indicates

the probability of j -th mutation type.

pLoPy ... Db
P=1: -
propy ... ph

Notably, each row of the matrix PP sums to 1. To phrase it differently, for each mutational
process, the matrix indicates the probability distribution over the defined mutation types. The
values in one of the matrices PP defined for the 96-channel mutational profiles can look like
Fig. 4.
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Figure 4. 96-channel mutational profile for single base substitutions.

The three matrices at hand are non-negative, hence setting the constraints imposed on NMF.

Throughout the years several algorithms have been proposed for NMF (Lee and Seung, 1999;
Lee and Sebastian Seung, 2000; Brunet ef al., 2004; Kim and Park, 2007) with biological
applications demonstrating NMF’s ability to factor the data into biological meaningful parts.
Notably, these algorithms start by randomly initializing the matrices P and E followed by
iterative updates of matrix elements minimizing the divergence between the matrices M and
FE x P. NMF implementations are stochastic, hence the factorization is computed across many
runs, and the results are clustered and averaged. These algorithms have been implemented in
the R package NMF (Gaujoux and Seoighe, 2010) and several mutational signature analysis
packages rely on these implementations (Gehring et al., 2015; Blokzijl et al., 2018; Chevalier et
al., 2021; Lal et al., 2021). However, it has become clear that the definition of this biological

problem poses several challenges and necessitates several considerations.

First, the parameter K defining the number of signatures (number of parts in the general case)
has to be preset for the NMF. In the case of mutational signatures, if the K is lower than the
actual number of mutagenic processes, then we will not capture all the processes and the
resulting signatures will be assemblages of true signatures. Conversely, if the K is too high,
then the algorithm will start to capture noise and the true signatures will be broken down into
meaningless components. Brunet et al. suggested a way to select the number K by assessing
the stability of clusters for each K across several iterations of NMF decomposition for the given
value and proposed using cophenetic correlation to assess clustering stability (Brunet et al,,
2004). For an increasing range of i values, the cophenetic correlation is calculated and the
cophenetic distance is evaluated. The optimal K is then chosen to be the value with the largest
cophenetic correlation, after which the value drops. In fig. 5 for given cophenetic values the

optimal K would be 5.
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Figure 5. Cophenetic correlation across a range of values K. In this case, the optimal is
K = b5, after which the correlation decreases. Adapted from Brunet et al., 2004.

This method has been adapted by tools such as MutationalPatterns (Blokzijl et a/., 2018). More
sophisticated methods have been proposed to automatically select the K value using neural
networks, implemented in the tool NMFk (Nebgen et al,, 2020) used in the implementation of
SigProfileExtractor (Islam ef al., 2022).

Another consideration is the defined set of channels of mutation types (Koh, Zou and Nik-Zainal,
2020). For single-base substitutions, the trinucleotide context has been widely adopted,
however, some work has been performed for signature extraction in the pentanucleotide context
(Alexandrov et al., 2020). Further, evidence suggests that some structural configurations of the
DNA might affect mutational processes, hence a framework for incorporating structural features
along with sequence context has been proposed (Karolak, Levati¢é and Supek, 2022). In this
work, | only discussed and worked with SBS mutations, but similar approaches have been used
to define mutational channels and consequently mutational signatures for indels (ID),
double-base substitution (DSB) (Alexandrov, Nik-Zainal, Wedge, Aparicio, et al, 2013;
Alexandrov et al., 2020), copy number variations (CNV) (Steele et al., 2022) and structural
variations (Y. Li ef al, 2020). Nonetheless, the channel definition poses a considerable
challenge, since defining too many channels will result in spurious signatures and computational

complexity, while too few channels limit the possibility of decoupling biologically relevant signals.

The procedures of mutational signature extraction come with several challenges. The number of
mutations in a sample can be a limiting factor for accurate detection of relevant signatures.
Simulations and experiments have shown the relationship between the number of mutations
available in a sample and the power to detect mutational signatures (Alexandrov, Nik-Zainal,
Wedge, Campbell, et al., 2013; Perner ef al., 2020). As expected, the power to detect signatures
decreases with decreasing number of available mutations, especially for signatures with low

exposure. Similarly, in the sequencing protocols (e.g., WGS vs WES), the depth of coverage can
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impact the mutation counts, consequently impacting the signature extraction. Recently, the
mutREAD method for reducing the cost of sequencing has been proposed, based on sampling
the genome using restriction enzymes (Perner et al., 2020), allowing to extract sufficient number

of mutations for accurate signature detection, while avoiding the cost of WGS.

Other important factors are the number of samples as well as the strength of exposure. It has
been shown that an exponentially larger number of samples is required for the detection of an
increasing number of rare signatures (Alexandrov, Nik-Zainal, Wedge, Campbell, et al., 2013).
Similarly, signatures with lower exposures are hard to detect. To aid the detection power and
assess the stability of detected signatures, profile bootstrapping could be applied (Zou et al.,
2018).

However, characterizing a sample does not always require a de-novo extraction of mutational
signatures through NMF, and an alternative approach of mutational signature refitting can be

used instead.

Mutational signature refitting

Mutational signatures have been extracted from tens of thousands of cancer genomes
(Alexandrov, Nik-Zainal, Wedge, Aparicio, et al., 2013; Alexandrov et al., 2020; Degasperi et al.,
2022) across tissues, histological sites, and cancer stages, offering a comprehensive catalog of
mutational signatures that can guide the analysis of new samples. The procedure of fitting the
known signatures to samples has been called signature refitting and has been implemented
across most packages designed to work with mutational signatures (Rosenthal et al., 2016;
Blokzijl et al., 2018; Islam et al., 2022).

The mathematical principle behind signature refitting is to find a linear combination of known
signatures approximating the mutational profile of the sample while minimizing the
reconstruction error. The coefficients of refitted signatures would correspond to the exposure of

the sample to the relevant signature.

Signature refitting is a powerful tool to perform signature analysis in cohorts where the de-novo
signature extraction would not be reliably applicable due to low sample numbers or low number
of mutations. Yet, certain caution has to be applied in selecting the initial set of signatures for

refitting. This requires prior knowledge about signatures that are physiologically relevant in the
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tested samples (Maura et al., 2019) and that should guide the selection of signatures provided to
the algorithm. Conversely, the algorithms may cause overfitting and signature bleeding, resulting
from assigning exposures to a large number of signatures available in the catalog minimizing the

reconstruction error, yet yielding biologically irrelevant results.

Hierarchical Dirichlet processes for mutational signature extraction

In recent years, an alternative-to-NMF approach for mutational signature discovery and
extraction has been proposed, which was conceptually inspired by probabilistic topic modeling in
document classification (Y. Li et al., 2020; Liu et al., 2023). The classical problem in probabilistic
topic modeling is as such: given a number of documents, the task is to predict how many and
which themes do the texts in the documents belong to. In the simplest case, we know that
different themes are characterized by different probabilities of word usage, hence the word
structure in the documents can be indicative of themes that generated them. The analogy of this
setup with mutational signatures is direct. Each document corresponds to a tumor sample, each

theme corresponds to a mutational signature and each word corresponds to a mutation.

Among different models that propose a solution for this problem, hierarchical Dirichlet processes
(HDP) allow to infer both the themes but also the number of themes, thus being relevant in the
context of mutational signatures, where the number of mutagenic processes are usually a priori
unknown. The key concept of the HDP is that it relies on Dirichlet Processes (DP). The latter is
essentially a distribution over probability distributions and can be used as a prior for mixture
models. Further, HDP is the hierarchical version of a DP and it allows to model clusters of
mixtures. The HDP models individual samples as mixtures of mutational signatures that are
drawn from hierarchically organized Dirichlet Processes and our task is to track back these
processes from observed samples (Roberts, 2018). The workhorse of this task is the Gibbs
sampling (Teh et al., 2006) which starts by randomly allocating all mutations to existing classes
and iteratively updates the class assignment for individual mutations. The probability of
assigning a mutation to a class is i) higher for classes that contain a higher proportion of that
mutation type, ii) increased for a class if many of the mutations from that sample have been
assigned to the class. The process can assign the mutation to a novel class with a small

non-zero probability, thereby creating a new class.

In recent years, Bayesian estimation of HDPs for mutational signatures has been implemented

and applied (Brunner et al., 2019), offering an alternative to the NMF. An improved
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implementation of HDP for mutational signatures called mSigHdp has been made available
recently, however, one major limitation of the algorithm is its much longer runtime compared to

NMF (Liu et al., 2023), while NMF-based methods remain popular.

The catalogs of mutational signatures

The signatures extracted from the cancer samples have been deposited into two main portals
and are easily accessible. The Catalog of Somatic Mutations in Cancer (COSMIC) (COSMIC,
Accessed: 19 September 2023; Tate et al., 2019) harbors SBS, DBS, ID, and copy number (CN)
signatures. The portal offers the signature profiles, the proposed aetiologies, metrics on the
validity of signatures along with the publications supporting the signature, the tissue distribution,
the comparison between the corresponding signature in model organisms, and a range of
results describing the behavior of the signature in the genomic contexts, such as association

with replication timing, CTCF-binding, and histone modifications (Otlu et al., 2023).

The second major portal is the Signal database (Signal, Accessed: 19 September 2023)
providing the mutational signatures for substitutions (SBS), double substitutions (DBS), and
rearrangements (SV) with detailed information on tissue activities across cohorts used for
extraction, tissue-specific sighature profiles, as well as mutational profiles for individual samples
in the cohorts (Degasperi et al., 2022). This portal also provides the compiled signatures of

environmental carcinogens (Kucab et al., 2019).

Etiologies of mutational signatures

The pinnacle of mutational signatures is that these outputs of algorithmic procedures result in
profiles that can link the etiologies of mutational processes to genomic alterations. Thus,
validating individual mutational signatures, identifying their origin, the biochemical processes
and the molecular machinery for these profiles are of utmost importance to the field. We can
identify three main approaches that have been used to assign etiologies to signatures, although

in reality they are deployed in combinations.

Prior knowledge about the chemistry of DNA interaction with chemicals or agents: One of
the few cases of this approach is the prior observation that methylated cytosines can
spontaneously deaminate resulting in C>T substitutions (Duncan and Miller, 1980). Since the

cytosine methylation is primarily occurring at the CpG sites, the C>T substitution due to this
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mechanism would be primarily observed at the CpG context, hence the SBS signature 1 could
be reliably assigned to this spontaneous process (Fig. 6).

C>A ) C>G C>T T>A T>C >G
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Figure 6. SBS1 signature is linked to spontaneous deamination of methylated cytosines in the
CpG sites (Adopted from the COSMIC website).

Observed associations of mutational signatures with exposures and defective DNA repair
pathways: Most of the etiology assignments have been suggested and supported by this
approach in combination with prior knowledge. For example, SBS4 has been observed in cancer
types in the lung, liver, head, and neck, with a prior epidemiological link to tobacco smoking,
hence suggesting an association between SBS4 and tobacco smoking (Alexandrov, Nik-Zainal,
Wedge, Aparicio, et al., 2013).

Finally, mutational signatures of exposures and dysfunctional DDR pathways can be observed
through direct experiments. Several studies have probed the mutational processes in in-vitro
models and model organisms upon environmental exposures (Kucab et al., 2019; Volkova et al.,
2019), and knock-outs in DNA repair pathways (Zou et al., 2018). Critically, the exact profiles of
mutational signatures are shaped simultaneously by the DNA damage and repair processes that

can result in context-specific profiles (Volkova et al., 2019).

Currently, among the 60 SBS signatures believed to have a biological origin, nearly 20 have
unknown etiologies, while some of the suggested etiologies are speculative with no experimental

validation, hence the work on mapping the signature etiologies is still an active research topic.

Clinical value of mutational signatures

Since the establishment of mutational signatures their applicability has been thoroughly
investigated. A recent review has identified 3 main ways for mutational signatures to guide
clinical decision-making by serving as 1) prognostic markers, 2) indicators of therapeutic

sensitivity, and 3) therapy contraindication (Fig. 7, Brady, Gout and Zhang, 2022).
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Figure 7. The application domains of mutational signatures in a clinical setting (Brady, Gout and
Zhang, 2022).

Prognostic value of mutational signatures

Several studies have explored the relationships between mutational signature activities and
patient survival outcomes. In colorectal cancer (CRC), the acquired resistance to cetuximab
treatment has been linked to the activity of SBS17b signature (Woolston et al., 2021). The study
showed that resistance mutations in KRAS, NRAS, and EGFR genes have been predominantly
accumulated through chemotherapy-associated increase in SBS17b. Further, the SBS17b

activity in treatment-naive tumors was a predictor of worse progression-free survival.

In multiple myeloma, a classification of samples based on mutational signatures of single
nucleotide variants (SNV) and structural variants (SV) has also been proven to confer prognostic
value (Hoang et al.,, 2019). These classes reflect markers of multiple myeloma, such as
APOBEC mutagenesis, but also certain translocations and differential activity of a

disease-associated transcription factor MAF.
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In esophageal adenocarcinoma, extensive analysis of mutational processes at different stages
of tumor progression has shown that samples with mutational signatures of defective BER
pathway (SBS30) accounting for at least 5% of the mutations, fair poorly compared to
non-carriers of SBS30 (Abbas et al., 2023).

Mutational signatures can be indicative of therapeutic sensitivity

The promise of mutational signatures to aid therapeutic decision-making was first applied in the
context of homologous recombination deficient (HRD) breast cancers with BRCA1 or BRCA2
mutations. HRD makes tumors susceptible to treatments with PARP inhibitors and leaves a
characteristic mutational footprint that can be detected by targeted computational methods, such
as HRDetect (Davies et al., 2017). The features that are integrated into HRDetect involve the
COSMIC signature SBS3, a characteristic indel signature 1D6, and two SV signatures. This tool
was shown to offer a more robust prediction of HR status than a sole focus on germline variants
of BRCA1 and BRCA2 genes. HRDetect has been shown to predict the therapy response to
primary (Zhao et al., 2017) and adjuvant chemotherapy (Staaf et al., 2019). More promising
evidence of HRD applicability as a predictor for PARP inhibitor applicability has been collected

from clinical trial data in triple-negative breast cancer (Chopra et al., 2020).

A study in esophageal adenocarcinoma demonstrated that sample classification based on
mutational signatures can offer an orthogonal layer of information to guide therapeutic
approaches (Secrier et al., 2016). In this study, samples were classified into three groups. The
first group lacked HR, making it a candidate for PARP inhibitor treatment. The second group was
characterized by high levels of SBS17b signature and high tumor mutational burden. Cell lines
belonging to this group were sensitive to WEE1 and CHKZ1/2 inhibitors. The third group, lacking
defining mutational features, contained SBS1 (aging-associated signature resulting from
spontaneous deamination of methylated cytosines) and SBS18 (associated with reactive oxygen
species) currently lacking therapeutic indications. The three groups were not separable by
standard clinical features (age, smoking status, etc), hence, suggesting that mutational
signatures could provide essential information for patient stratification into therapeutic
categories. Additional clinical studies are necessary to allow definitive claims about the

therapeutic value of mutational signatures in such situations.

Another signature with a promising therapeutic impact is SBS18 (ROS signature) in

neuroblastoma. Despite being abundantly present across cancer types, SBS18 contributes to a
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relatively high number of mutations in this cancer type (Brady et al., 2020). Furthermore, SBS18
levels have been associated with gains of the 17q chromosome arm that harbors a range of
mitochondrial genes resulting in subsequent increase in the expression of these genes. This
increase in mitochondrial activity is the potential cause of SBS18 accumulation. On the other
hand, SBS18 activity has been linked to MYCN amplification (Brady et al., 2020) potentially
explaining the sensitivity of MYCN-amplified neuroblastoma to inhibitors of the electron transport
chain and MCTL1 inhibitors that perturb mitochondrial function (Dalton et al., 2021). A more
in-depth understanding of the mechanistic cause of SBS18 in other tumors potentially offers

similar therapies in these cancers as well.

Another mutational signature group with a promising utilization potential in a clinical setting is
that caused by DNA mismatch repair deficiencies (MMRd), particularly due to the inactivation of
MLH1, MSH2, MSH6, and PMS2 genes. Several sensitivities for MMRd cancers have been
identified in recent years. First, genetic screens have shown a synthetic lethal interaction
between DNA helicase WRN and MMRd, further validated in vivo models (Chan et al., 2019).
The mechanism of this interaction is incompletely understood, however, some evidence
suggests that the enhanced burden of DSBs upon inactivation of WRN might cause cell death
and cell cycle arrest in MMRd background. The next potentially targetable dependency in MMRd
tumors is the NEDDS8 protein, which facilitates misfolded protein clearance by controlling
culling-RING ubiquitin ligases (McGrail et al., 2020). In silico experiments have shown that
mutations caused by MMRd signatures tend to produce more destabilizing variants, hence
promoting this sensitivity (McGrail et al., 2020). Lastly, MMRd tumors have enhanced response
to anti-PD-1 therapy in several cancers, potentially due to an increase in TMB (Le et al., 2017;
Yu et al., 2023). Integrating MMRd mutational signature identification in clinical practice for these

cancers can offer a robust method to identify the appropriate targeted therapies.

Recently, a large-scale computational analysis has been performed to systematically identify
vulnerabilities based on mutational signatures using the Genomics of Drug Sensitivity in Cancer
(GDSC) database (Yang et al., 2013; Levatil et al., 2022). This effort has revealed multiple
associations between mutational signatures and cancer sensitivity or resistance in cancer cell
lines, offering a range of interactions to be tested in vivo and clinical settings with a promise of
an even larger number of applicable targeted interventions for more cancer types based on

mutational signatures.


https://paperpile.com/c/GQns9m/7Vvk
https://paperpile.com/c/GQns9m/7Vvk
https://paperpile.com/c/GQns9m/XDOf
https://paperpile.com/c/GQns9m/TSAL
https://paperpile.com/c/GQns9m/Leui
https://paperpile.com/c/GQns9m/Leui
https://paperpile.com/c/GQns9m/Tg1n+bq4C
https://paperpile.com/c/GQns9m/Tg1n+bq4C
https://paperpile.com/c/GQns9m/s2jY+sqmV

35

Mutational signatures can indicate therapy contraindications

The effectiveness of cancer therapy is a result of interaction between multiple factors such as
the treatment agent, the target, the DNA repair pathways active in the cell, the tumor
microenvironment, etc. With genotoxic agents in particular, the DNA repair capabilities of the cell
can be crucial, since the mutagenic impact of the chemical can be dampened or accelerated
with implications in downstream mutation acquisition, which in some contexts can translate into

better response, and in other contexts into therapy-induced resistance.

Several interactions have been observed, where the chemotherapy agents result in enhanced
mutagenesis and acquisition of driver mutations. One such example is the temozolomide
treatment that induces an excessive number of mutations (COSMIC SBS11 signature) in the
background of MMRd in glioblastoma, potentially inducing mutations in CDKN2A and PI3K
pathway that facilitate treatment evasion and resistance (Touat et al., 2020). The interactions
between temozolomide response, the MMR status, and acquired resistance are still elusive
since MMRd is often induced during temozolomide treatment. What is clear, however, is that
MMR facilitates hypermutation and further resistance. Close monitoring of the MMR status and

treatment adjustments then might be instrumental for glioma care.

A similar phenomenon has been observed upon thiopurine treatment in acute lymphoblastic
leukemia (ALL) (B. Li et al., 2020). Genomic analysis of relapsed ALL samples has shown that
thiopurine-induced driver mutations confer resistance to glucocorticoids (NR3C1), cytotoxic
chemotherapy (TP53), and thiopurine resistance (NT5C2). This mutagenesis is shown to be
accelerated by MMRd. An earlier study focusing on thiopurine dosage adjustment revealed that
patients receiving higher doses of thiopurine were more prone to relapsing, highlighting the need
for careful titration and close monitoring of the mutational status for both thiopurine-induced
mutations (COSMIC SBS87) and MMRd.

Lastly, MMR deficiency and microsatellite instability (MSI) status have been implicated in

compromised survival upon adjuvant chemotherapy in gastric cancer (Smyth et al., 2017).
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A short recapitulation of mutational signatures

| have hereby introduced mutational signatures, how to extract them, and what they can be used

for. I hope | have convinced the reader that:

o]

O«

O«

Mutational signatures are portals into the history of the DNA in the sample. They give an
idea about previous insults and repairs.

Mutational signatures are fast and easy to extract from whole genome or whole exome
DNA sequencing data, yet not easily interpretable in all cases. They still need careful
assessment.

Mutational signatures are robust tools to assess the DNA repair status of the sample.
They can be a valuable modality to enhance our understanding of the interplay between
cellular processes and DNA, enable in-depth sample characterization, and aid clinical

decision-making.
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Aims of the thesis

The rapid advances in cancer genomic research since the completion of the Human Genome
Project have expanded our toolkit for investigating cancers with a multitude of computational
tools that could be applied orthogonally to probe different aspects of the disease. In this work,
we rely on one of these tools - mutational signatures, that allow to connect the physical, and
chemical exposures, larger-scale insults, and cell states to their microscopic effects on the DNA.
Mutational signatures, a readout that can be obtained from genomic sequencing data, offer a
look into the past insults and exposures of the cells starting from the zygote up until the point
when the cells were sequenced. The capabilities of mutational signatures have been expanded
by extensive research in the past decade that linked dozens of mutational signatures to their
etiologies. These annotations are easily accessible through several platforms such as COSMIC

and Signal.

We started the thesis with a historical overview of cancer research followed by a brief discussion
of the hallmarks of cancer. We then dived deeper into the molecular underpinnings that allow
cancer to grow and exist by giving an overview of the signaling pathways that are frequently
aberrant in cancers. We then presented how genomic aberrations happen in cancer through a
discussion of DNA damage and repair processes which brings us to the scars that are left as a
result of these processes. One way in which these scars can be read and contextualized is
through mutational signatures. We gave an overview of mutational signatures by delving into the
mathematical framework, signature extraction procedures, identification of etiologies, and
interpretation. Finally, we expanded on how mutational signatures can be applied in a clinical
setting making them essential tools not only for our understanding of cancer but also a valuable

part of clinical decision making.

Next, we aim to demonstrate the applicability of mutational signatures in deciphering mutational
processes and the importance of mutational signature profiling in cancer samples, particularly by
showcasing the relevance of the information contained in the interaction patterns of mutational
signatures. Thus, we present two projects. In the first project titled iMutational Landscape of
Intestinal Stem Cells After Long-term In Vivo Exposure to High Fat Dieto, we explore mutational
processes active in a high-fat diet mouse model with the hope of advancing our understanding
of how this lifestyle factor contributes to colorectal cancer. Our results demonstrate that in the

absence of additional genotoxic and cytotoxic insults the high-fat diet alone does not induce
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DNA damage compared to the standard diet.

In the second project titled fiPan-cancer analysis of the interplay between mutational signatures
and cellular signalingo, we define a framework to explore interactions between mutational
signatures from one side and between mutational signatures and signaling pathways from
another. This framework improves our understanding of the interplay between mutational and
signaling processes. We then demonstrate that our framework could be used for hypothesis
generation aiding understanding of processes that lead to driver events. Finally, we demonstrate
that these interactions impact patient survival, offering new dimensions through which targeted

interventions should be developed to advance cancer care.
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Chapter 2: Results

Mutational landscape of intestinal stem cells after long-term in vivo exposure
to high fat diet

Mathilde Meyenberg*, Anna Hakobyan*, Nikolina Papac Milicevic, Laura G°derle, Franziska L.
Langner, Mateo Markovic, Ji Hyun Lee, Bon Kyoung Koo, Georg A. Busslinger, Israel Tojal da
Silva, Christoph J. Binder, J°rg Menche & Joanna |. Loizou ; Sci Rep 13, 13964 (2023).
https://doi.org/10.1038/s41598-023-41123-3
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Colorectal cancer is the second most commonly diagnosed cancer type and the second most
common leading to cancer mortality in Europe (Cardoso et al., 2021). There are several risk
factors for colorectal cancer including age, smoking (Yang et al.,, 2021), and metabolic risk
factors such as obesity and diet (Ye et al., 2020). According to recent estimates, obesity is one
of the major preventable risk factors for a range of cancer types along with smoking, which could
prevent 21% of all diagnosed cancer cases in the US (Pati et al., 2023). However, the exact
mechanism through which obesity causes cancers, and colorectal cancer in particular remains

elusive.

In this work, we propose a hypothesis that obesity impacts the DNA damage and repair
pathways in the colon, leading to driver mutations which, in turn, cause cancer. If so, we would
expect different types of mutational signatures or different intensities of mutational signatures in
the genomes of obese compared to lean samples. To investigate this hypothesis, we set up a
high fat diet-induced obesity mouse model with subsequent isolation of individual intestinal stem
cells followed by organoid culturing. The DNA from the organoids was isolated and sequenced

and mutational signatures of single-base, double-base substitutions and indels were extracted.

Our results demonstrated that the main signatures active both in high-fat diet (HFD) fed mice
and standard diet (SD) fed mice were markers of normal aging, cellular replication, oxidative and
metabolic stress, represented by SBS1, SBS5, and SBS18 signatures for single-base
substitutions, ID1 and ID2 for indel signatures. Furthermore, the differences in intensities of
these signatures between the two diet groups were marginal and not significant, indicating that

high fat diet-induced obesity alone is not sufficient to induce genomic stress and instability.
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Global obesity rates have been steadily increasing for the past 40 years'. Obesity is accompanied by many comor-
bidities such as increased likelihood of type Il diabetes, hypertension, and nonalcoholic fatty liver disease® 2.
Among the biggest health impacts is the increase in cancer risk which accompanies body fat accumulation® 8, e
International Agency of Research on Cancer (IARC) has recognized the overwhelming epidemiological evidence
which links the chronic obese condition with increased cancer risk, in particular for organs along the gastro-
intestinal axis’. Especially the risk of developing colorectal cancer (CRC) is highly in uenced by dietary risk
factors and high body mass index (BM1)8. With the clear association between high BMI and CRC risk, gaining
understanding of the underpinning disease etiology could inform preventative as well as therapeutic programs.

Colorectal cancer development is de ned by a well described progression of mutations, known as the
adenoma-carcinoma sequence®. Deactivating mutations in adenomatous polyposis coli (APC) are initiating
mutations, leading to constitutive Wnt/ -catenin signaling. Colorectal cancer develops through three di erent
molecular pathways, the chromosomal instability pathway (CIN), the microsatellite instability pathway (MSI),
and the CpG island methylation pathway (CIMP)%. Although the development of CRC is heterogeneous and
sometimes involves overlapping pathways, all three pathways are de ned by genomic instability which enables
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the acquisition of further mutations in a set of tumor suppressor and oncogenes, including KRAS and BRAF
(o en mutually exclusive), TP53, PIK3CA, and SMADA4% 11, Interestingly, it was shown that concomitant loss of
APC and p53issu cient to induce high levels of chromosomal instability, characteristic for the CIN pathway*?.
Despite well-de ned molecular genetics in CRC development, it remains unclear how a high fat diet (HFD)
impacts this series of events.

With the advent of advanced tissue culturing techniques, it has become possible to study the most relevant
cell populations in vitro®3. In the case of CRC, the cell population of origin are the rapidly cycling LGR5 positive
(leucine rich repeat containing G protein coupled receptor 5) intestinal stem cells (ISCs), residing at the bottom
of the crypt®.  ese cells have been demonstrated to be sensitive to dietary and metabolic perturbation, modu-
lating the risk of cancer initiation®® 8, A prolonged exposure to HFD constituents has been shown to confer
stemness features on non-stem cell progenitors, thus increasing the pool of actively replicating cells!®°. e HFD
component palmitic acid was found to initiate this e ect via the activation of PPAR- (peroxisome proliferator-
activated receptor delta) signaling, which induces canonical Wnt-signaling®® *°. Another prominent metabolite
commonly associated with diet induced obesity is cholesterol. Extended exposure to high cholesterol levels were
found to also drive proliferation of ISCs and increase the rate of tumorigenesis in an APC de cient background?’.

Although it has been demonstrated that a HFD directly modulates signaling in the stem cell niche, the e ect
on genomic stability has not been studied yet. Beyond describing mutations in individual genes, mutational
signatures o er a framework to systematically study how genomic instability arises in cancer development.
Mutational signatures are a mathematical framework that allows to de ne patterns of mutations within their
sequence context. e speci ¢ mutational imprint of a signature on the genome is the re ection of the dysregu-
lation or dysfunction of DNA damage and repair pathways and other biological processes®. Since the concep-
tion of mutational signatures in 2013%> 2, it has become possible to investigate cancer genomes at a global level
and capture patterns which describe complex underlying biological mechanisms. Bottom-up in vitro studies,
measuring the mutagenic e ect of an exposure or gene knockout, have proven to be especially useful in de ning
signature etiologies® 26,

Here, we investigated whether exposure to prolonged high fat diet generates distinct mutational processes in
intestinal crypt cells. Because mutational signatures e ectively capture biologically complex processes, they serve
as a good readout for studying e ects on genomic stability. We sequenced and analyzed clonal intestinal orga-
noids derived from mice which were fed an experimental HFD for 48 weeks. A er data processing and variant
calling, we obtained su cient numbers of single base substitution (SBS) and indel (ID) mutations to investigate
SBS and ID signatures, as well as coding mutations. For both diet groups, we recover expected signatures related
to aging, tissue culture processing, and cellular replication. We demonstrate that di erential mutagenesis is not
initiated by HFD alone in the absence of other disturbance events, such as chemical exposure or mutations in
CRC driver genes.

2400100

—TOO0A TTAAI Tr AEROAOU ETAOAAA TAAOEOUS  To study the long-term e ect of obesity on genomic stability
in the intestinal crypt, we set up a cohort of age matched male C57/BL6J mice (Fig. 1A). A er random assign-
ment to cages with either standard chow (SD) or HFD, the mice were started on the respective diet course at the
age of 5 weeks for 48 continuous weeks. At set time intervals of 6, 12, 28, and 48 weeks, a random subsample of
HFD and SD mice was drawn and sacri ced to harvest ISCs for culturing. Organoids were picked and cultured
to clonality before obtaining whole genome sequences (30 ) for 5 obese and 5 lean mice from the last timepoint
(48 weeks). For each mouse, 4 independent organoid clones and the matched tail were sequenced to distinguish
acquired variants from germline variants. e clonal organoid lines take on a cystic morphology characteristic of
intestinal organoids with high stem cell content™® and are positive for Lgr5 expression (Supplementary Fig. 1A,
B).

Our model of diet induced obesity relies on the choice of supplied diet. In the high fat diet condition, mice
derive 60% of all calories from fat, while the majority of calories in the normal diet (SD) derive from carbohy-
drates (55.5%) (Fig. 1B). e exact diet composition is described in Supplementary Tables 1 and 2. Despite lower
overall food consumption in the HFD group (Fig. 1C), mean weekly caloric intake was higher in the HFD group
(92.7 kcal/week) compared to the SD group (80.2 kcal/week). C57BL/6J mice have been well characterized as
model organisms for diet induced obesity, capturing essential aspects of metabolic dysregulation and weight
gain?"28, Our cohort also exhibited the marked increase in total cholesterol upon exposure to HFD (Fig. 1D) and
asigni cant increase in body weighta er 3 weeks on the HFD (Fig. 1E), recapitulating the metabolic dysregula-
tions and resulting phenotype associated with obesity.

1 OAIE0AOEOA ATAIUGEO TF TOOAGETTAI BOTAIAO ET 3% ATA (&% FAA TEAAS  Since the genome records
past and ongoing mutational processes, we reasoned that longer exposure to HFD would result in a stronger
signal. Hence, we focused our sequencing e orts on the last time point (48 weeks). e obtained raw reads
were processed according to GATK (e Genome Analysis Toolkit) best practices (Fig. 2A). To obtain a high
con dence set of mutations, we utilized two mutation callers, Mutect2? %0 and Strelka2%!. Mutations which were
found by both Mutect2 and Strelka2 and passed the respective quality Iter settings were included for further
analysis.  is yielded a total of 48,742 single nucleotide variants (SNV), 165 double nucleotide substitutions
(DSB), and 6662 indels (insertions and deletions). Due to low numbers of mutations, DSBs were excluded from
further analysis. As an additional quality control step, we checked the variant allele frequency (VAF) distribu-
tion of all organoid clones and included only clonal samples, where the VVAF distribution is centered around 0.5
(Supplementary Fig. 1C).
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Figure 1. (A) Schematic display of experimental work ow. (B) Macronutrients of experimental diets shown

by percent contribution to total calories. HFD is shown in light blue and SD is shown in light brown. (C) Food
consumption per diet group, measured per cage and divided by the number of mice per cage. e group average
and statistical signi cance is indicated above (unpaired t-test, two-tailed) (D) Plasma cholesterol content in mg/
dl shown per diet group at each point of the time course. N =3 for each group at timepoints week 6, 12, 28 and
N =5 at week 48 (pairwise t-test, two-tailed). (E) Weekly weight measurements for diet groups. Dots indicate
measurements for individual mice. Statistically signi cant weight gain was observed a er 3 weeks on the HFD
(indicated by red line) Statistical signi cance was tested using multiple unpaired t-tests with alpha=0.001
(Holm Sidak correction method for multiple testing, not assuming consistent standard deviation between

groups).
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Figure 2. (A) Raw reads from paired end 150 bp Illumina sequencing were processed according to GATK best
practices, including marking and removal of duplicates and recalibration of base quality scores. Analysis ready
reads were processed by two mutation callers, Mutect2 and Strelka2. Variants called by both tools were included
in the analysis. In total, 48,742 single nucleotide variants, 165 double base substitution variants, and 6662
insertions and deletions could be detected. (B) Relative contribution of SNVs in six mutation classes for HFD
samples (le panel) and SD samples (right panel). C>T mutations within CpG sites are shown as a separate
category. Individual dots indicate organoid samples, error bars show—1 sd from the mean, asterisks indicate
results from pairwise t-test (two-sided) comparing mutation numbers for each mutation category, alpha=0.05
(C) Average mutational pro le of SNVs in 96 channels shown for HFD (upper panel) and SD (lower panel).
Error bars indicate—1 sd.

We rst explored the overall mutational landscape for SNVs per diet group. Surprisingly, we found a slightly
higher number of total mutations in the SD group than in the HFD group. We observed a signi cantly higher
number of mutations in the SD group for C>G, C>T outside of CpG regions, T>C, and T>G (Fig. 2B). e
pro le of relative contributions, across the 7 mutation channels, however, is similar between the two diet groups.
Next, we examined the mutational pro les in 96 channels. e mean mutational pro le per diet group exhibits
few characteristic peaks, with the exception in the C>A and C>T components. e aggregated pro le of the
HFD group has a cosine similarity of 0.9929 to the SD group (Fig. 2C). We furthermore observe highly similar
pro les between mice of either diet group (Supplementary Fig. 2A,B). To quantify how similar the mutational
pro les of samples across diet groups are, we computed the pairwise cosine similarity between all samples, which
ranges from 0.9020 to 0.9776 (mean =0.9558) (Supplementary Fig. 2C).

e high cosine similarity between all samples implies the absence of strong di erential mutational pro-
cesses. To test this, we used a bootstrap resampling method of the 96-channel mutation matrix, adapted from
Zou et al., for SD and HFD samples?. s allows us to detect potential qualitative di erences in mutational
pro les which remain uncovered due to low sample size and high signal to noise ratio. e global bootstrapped
mutational pro le of the SD mice has a cosine similarity of 0.9933 when compared to the pro le of the HFD
mice (Supplementary Fig. 2D).

In summary, this suggests that no strong qualitative di erences exist for mutagenic processes in either diet
group.

—OO0ACETTAT OECTAOOOA ATAIUOEO TE OFTCIA TOAIATOFAA OAOFATO BOTAIAGS  De-novo signature extraction
of SNV signatures. Despite the lack of qualitative di erences in the mutational pro les of the two diet groups,
we next sought to explore which mutational signatures are active in the diet groups to determine whether quan-
titative di erences exist. We  rst employed non-negative matrix factorization (NMF) with automated rank selec-
tion based on the NMFk method to determine the optimal number of de-novo signatures to extract®> *, Classi-
cally, NMF algorithms use heuristics to determine the optimal rank based on either stability of the solution, or
on automatic relevance determination (ARD), which is a measure of precision of the chosen model to explain
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the data®. In contrast, the NMFk method for automatic rank determination seeks to optimize the tradeo be-
tween both, the stability of the solution and the accuracy of the reconstructed data, measured as the distance be-
tween original and reconstructed pro les (mean sample cosine distance).  is method allows to robustly extract
a meaningful number of signatures from noisy data while minimizing the number of false positive signatures®.
Applied to our data, both stability and mean sample cosine distance decline the more signatures are extracted.
us, the most optimal solution consists of extracting a single signature (Fig. 3A). e presence of a single
consensus pro le in the cohort would indicate that there are no distinguishing signatures between diet groups.
e de-novo extracted signature can furthermore be decomposed into known signatures from the catalog of
somatic mutations in cancer (COSMIC) database®. According to this decomposition, the de-novo signature
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Figure 3. (A) NMF for signature extraction ranging from 1 to 4 signatures. Red line indicates mean sample
cosine distance (MSCD)), blue line indicates average stability (AS), gray bar indicates preferred solution,
maximizing the tradeo between MSCD and AS. e decomposition of the extracted signature into known
COSMIC signatures and their calculated percent contribution is shown to the right. (B) NMF results from

A shown as per sample absolute signature contributions (humber of mutations), diet status of the samples is
indicated at the bottom. (C) Best subset signature re tting using signatures commonly active in colorectal
cancer. Per sample absolute signature contributions (number of mutations) are shown for HFD samples
(upper panel) and SD samples (lower panel). (D) Signature Presence test for 4 most active signatures. e
y-axis indicates the likelihood ratio between the signature tting with and without the tested signature. e
translucence of the bars, shown for individual organoid clones, is indicative of the level of signi cance (-log p).
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consists of 48.1% SBS5, 42.56% SBS18, and 9.34% SBS1 (Fig. 3A). Comparing the per sample contribution of
the decomposed signatures reveals an equal distribution of signature activities across samples, regardless of diet
used (Fig. 3B).

Signature re tting of SNV signatures.

In cohorts with lower sample numbers such as ours, an alternative

approach to de-novo extraction is signature re tting, where the mutational catalog of the samplesis tted to the
catalog of known signatures (COSMIC) to nd a subset which best explains the observed mutational catalog.

is approach takes a de ned set of known signatures and performs a re t in an iterative manner. A er each
iteration the reconstructed and original pro le are compared and the lowest-contributing signature is eliminated
from the set. Signatures will stop being removed when the cosine similarity between the reconstructed and
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Figure 4. (A) Main indel context (16-channels) pro les aggregated by diet group (mean), error bars indicate—1
sd. Statistical signi cance was assessed using multiple pairwise t-tests, not assuming consistent standard
deviation (Holm Sidak correction method for multiple testing, alpha=0.01) (B) Mean extended context indel
pro le by diet group (83 channels), error bars indicate—1 sd from the mean. (C) NMF diagnostic plot for
signature extraction ranging from 1 to 4 signatures. Red line indicates mean sample cosine distance (MSCD),
blue line indicates average stability (AS), gray bar indicates preferred solution, maximizing the tradeo between
MSCD and AS. e decomposition of the extracted signature into known COSMIC indel signatures and their
calculated percent contribution is shown to the right. (D) NMF results from A shown as per sample absolute
signature contributions (number of mutations), the diet status of the samples is indicated on the x-axis. (E)

Best subset signature re tting using all 18 known indel signatures. Per sample absolute signature contributions
(number of mutations) are shown. Diet status is indicated on the x-axis. (F) Bootstrapped re tting of indel
signatures (best subset approach using all known indel signatures, 100 iterations). Size of dots indicates the
mean contribution of the signature for all bootstrap iterations where this signature was found. e color scale
represents the percentage of bootstrap iterations where the signature was found active. (G) Signature Presence
test for 4 most active signatures found in re tting and bootstrapped re tting. e x-axis indicates the sample,
the y-axis indicates the likelihood ratio between the signature tting with and without the tested signature. e
translucence of the bars, shown for individual organoid clones, is indicative of the level of signi cance ( log p).

original pro le between two iterations has changed more than a given threshold.  us, only signatures which
are necessary to model the observed data are retained in the set. By repeating this process n 1 times for all sets
ofn 1,n 2,n 3etc, where nis the total number of known signatures, we nd that SBS1, SBS5, SBS18, and
SBS40 explain 99.6% of observed mutations in both diet groups (Fig. 3C). Only four samples showed minimal
activity of SBS15 (defective mismatch repair), a signature directly attributable to an increase in genomic instabil-
ity. e equally minimal number of mutations attributed to SBS15 in both diet groups, however, suggest no dif-
ferential potential in mismatch repair among SD and HFD. In summary, the distribution of the tted signatures
is highly similar across samples and is not diet speci c.

To quantify the activity of the most active signatures, we applied the signature presence test from the mSigAct
package®® % to SBS1, SBS5, SBS18, and SBS40. s statistical test builds two re t models, one including and one
excluding the signature of interest, while minimizing the reconstruction error. Following this, the likelihood ratio
test between the two models is computed. For ratios greater than 1, the likelihood of the signature being active is
signi cantly higher than the alternative hypothesis. e signature presence test con rmed the results obtained
from signature re tting. Of the 4 tested signatures, SBS5 is the least active, as already observed before (Fig. 3D).
Although some variation in signature activity can be observed between individual samples, no signature shows
a systematic di erence between diets.

All signatures we found are equally active in both diet groups and are likely attributable to normal aging
processes and the culturing process prior to sequencing. SBS1 is a clock-like signature which is attributed to
aging due to spontaneous deamination of 5-methylcytosines, which leads to a C> T transition?. e activity of
SBS1 observed in both groups thus likely re ects the normal aging process. Additionally, both groups showed
high numbers of C > A mutations, which were largely attributed to SBS18. s signature has been proposed to be
caused by damage due to reactive oxygen species?® 2 and might thus have arisen during the routine experimental
handling of the samples or due to exposure to metabolic byproducts in the intestine. e remaining signatures
SBS5 and SBS40 share similarly at pro les. Although only SBS5 has been clearly identi ed as a clock-like sig-
nature, SBS40 was also found to correlate with age?>7,  us, the activity of both signatures may be explained by
normal aging processes. Taken together, the results from de-novo extraction and signature re tting, con rm that
the experimental HFD did not induce or impact di erent mutational processes for single nucleotide substitutions
compared to the standard diet.

groups. Aside from SNVs, numerous mutational processes also generate insertions and deletions.  is class
of mutations generates signatures di erent to SNV signatures. We therefore analyzed the 6662 indel mutations
in our cohort to compare whether di erences in indel generating mutational processes exist between the diet
groups. We only considered clonal samples with a VAF distribution centered around 0.5 (Supplementary Fig. 3).
Indel mutations can be analyzed in 16 or in 83 curated channels, representing the main and extended sequence
context respectively®, e curated indel types range from a single base pair deletion or insertion, up to indels
longer than 5 bp. Additionally, 1 5 bp deletions anked by microhomologies are considered, since such muta-
tions are indicative of defective double strand break repair processes®. Indel pro les in both sequence contexts
were highly similar between diet groups, with a cosine similarity of 0.9925 for main indel contexts (Fig. 4A),
and 0.9941 for extended indel contexts (Fig. 4B). Only 5+bp deletions anked by microhomologies were sig-
ni cantly increased in the SD compared to the HFD cohort (Fig. 4A). However, since the total number of muta-
tions in that category is less than 10, this likely represents a random variation and carries no speci ¢ biological
meaning. Indeed, all mice, regardless of diet group, exhibited highly similar indel pro les, both for the main
and the extended sequence context (Supplementary Fig. 4A D). Furthermore, all samples showed a pairwise
cosine similarity greater than 0.84 (Supplementary Fig. 4E). Conclusively, the high cosine similarity between
indel pro les of the diet groups as well as among individual samples suggest that no indel generating processes
are unique to either diet.
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De-novo signature extraction of indel signatures. We next applied the same analysis work ow we established for
SNV signatures to all insertions and deletions. NMF with automated rank selection, found one indel signature
as the optimal solution because extraction of more than one signature led to a sharp decrease in average stability
(Fig. 4Cle panel). e decomposition of the single de-novo signature estimated three known COSMIC signa-
tures to be active, ID1 (22.46%), 1D2 (40.88%), and ID12 (36.66%) (Fig. 4C right panel). e distribution of the
signature contribution to the individual samples does not di er between diet groups (Fig. 4D).

Signature re tting for indel signatures. Exploring indel signatures further with re tting analysis allowed us to
con rm the results obtained from de-novo extraction. Using best subset re tting with all 18 known indel signa-
tures, we nd ID1, ID2, and ID12 most active and similarly distributed across samples (Fig. 4E). Minor activity
observed for ID7 (MMR de ciency®) and ID9 (etiology unknown?®7), may be due to signature misattribution for
the common C and T deletions found in our cohort. Since the low number of mutations may be limiting in this
analysis, we also pooled the mutational matrix of each diet group and performed a best subset re t to all COS-
MIC indel signatures. e results show an equal distribution of ID1, ID2, and ID12 activity across diet groups
(Supplementary Fig. 4F). To con rm the stability of the re tting, we performed bootstrapped re tting. e
mutational matrix is resampled 1000 times with replacement, using the original mutational pro le as weight. For
each bootstrap iteration are tis calculated, recording the estimated signature activity. e higher the consensus
of re tsacross bootstrap iterations, the more stable there t. e resultscon rmthat ID1, ID2, and ID12 are the
most active signatures in our cohort, regardless of diet consumed. ID7 was found active only in the SD group and
was attributed less than 10% of all mutations in that group (Fig. 4F). Finally, we quanti ed the signature activity
of ID1, ID2, ID7, and ID12 for all samples, using the signature presence test (Fig. 4G). e results con rm that
ID2, and ID12 (etiology unknown®") are the most active signatures in both diet groups, since the majority of
mutations is attributed to these signatures across all samples. ID1 is the third most active indel signature, fol-
lowed by ID7, which is active only in some samples and completely absent in 23% of all samples.

None of the identi ed indel signatures are di erentially active between tested diets. Signatures ID1 and 1D2
are both proposed to arise due to slippage of the replicated (ID1), and template strand (ID2) during replication,
producing the characteristic 5+ bp T-insertions and 6 +bp T-deletions.  ese signatures have been observed
to be active in all samples and are only increased in backgrounds with mismatch repair de ciency (MMR)¥. In
our cohort, we have not observed a strong activity of either SNV or indel signatures associated with defective
mismatch repair. e low activity of MMR de ciency signature ID7 in some samples may partially explain the
high activity observed for ID1 and ID2. However, this process is equally active in both diet groups (Fig. 4E,G).
Notably, ID1 and ID2 activity were found increased in conditions of chronic in ammation of the intestinal tract
in patients*’. Even though obesity is associated with changes in metabolic and hormonal signaling associated
with forming an in ammatory environment®, we do not observe an increase in ID1 and D2 activity that would
indicate strong changes in in ammatory signaling.  us, the activity of ID1 and ID2 we nd in both diet groups
suggest mutational processes ongoing during normal cellular replication. In summary, the results indicate that
the experimental HFD did not invoke or in uence mutational processes of indel generation.

#TAETC TOOAOETTOS  Finally, we wondered whether the absence of speci ¢ mutational processes also pre-
cluded the accumulation of speci ¢ deleterious mutations which might initiate the adenoma-carcinoma
sequence and thus predispose to tumor development. To test this, we explored the coding mutations which
accumulated in either diet group. Due to low numbers of coding mutations in our cohort, we included all muta-
tions which passed the Itering criteria from the Mutect2 variant caller. Filtering for the most mutated genes
revealed a remarkable overlap, 9 out of the top 10 most mutated genes are shared between the SD and HFD
group (Fig. 5A,B). e largest fraction of alterations are missense mutations. None of the mutated genes have
a known role in intestinal cancer development. Taken together, we found no speci ¢ mutations which might
explain how obesity increases risk of cancer development in the intestinal tract.

Obesity is a chronic disease which epidemiologically has been shown to increase the risk of developing cancer
in the intestinal tract® ”. High BMI and dietary factors such as consumption of a western style diet high in fats
have been demonstrated to have a positive association with CRC risk through modulation of signaling in the
intestinal stem cell niche'® *°. However, the e ect of obesity on the genomic stability of intestinal stem cells has
not been investigated yet. We hypothesized that chronic exposure to a HFD impacts on DNA damage and repair
signaling or associated processes and thus shapes the landscape of genomic stability in intestinal stem cells. To
investigate the mutational landscape in response to diet induced obesity we used whole genome sequencing
on clonal organoid populations derived from intestinal crypt cells of mice exposed to experimental high fat or
control diets, respectively.

Our results show that HFD alone, on an isogenic background, and in the absence of other predisposing muta-
tions, does not induce di erential mutational signatures compared to a standard control diet. All mutational
signatures we recovered are equally active in both diet groups and represent normal ongoing mutational pro-
cesses associated with aging (SBS1, SBS5), cellular replication (ID1, ID2), or oxidative stress experienced either
in-vivo or during the culturing process during sample preparation (SBS18). Overall, signatures we recover are
in agreement with previous ndings, reporting the activity of SBS1, 5, and 18, as well as ID1 and ID2 as normal
aging and metabolism associated processes in colonic crypts*, Other signatures recovered were SBS40 and 1D12,
which are both signatures with unknown etiology and were active in both diet groups. We furthermore found
no coding mutations in common CRC driver genes or other genes associated with developing genomic instabil-
ity.  us, in the absence of any other predisposing mutations, diet-induced obesity associated alterations to any
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Figure 5. (A) Top 10 coding mutations in HFD (B) and SD mice. e type of substitution is indicated by color.
e percentage of samples with a mutation in the gene is indicated to the right.

molecular pathways in the stem cell niche are not enough to generate an excess of mutations, speci ¢ mutational
patterns or coding mutations that would predispose to cancer. e lack of mutagenesis in the HFD condition,
both in terms of numbers of mutations and mutational signatures, would suggest that the DNA repair machinery
isworking e ciently in the diet-induced obesity condition, ensuring genomic stability. While we did not pro le
epigenetic changes in this study, it is known that HFD induces epigenetic remodeling of the enhancer landscape
in murine colonic epithelial cells, activating enhancers of CRC-associated genes*® 2. Prolonged exposure to HFD
eventually leads to transcriptional reprogramming, downregulating tumor-suppressors, while at the same time
upregulating genes associated with enhanced proliferation, without initiating tumors in the absence of further
stressors*, Considering our results in the context of previous studies, this would indicate that both, epigenetic
changes and the regulation of the DNA damage and repair machinery change in concert in response to HFD and
prime the intestinal epithelium toward cancer initiation. How a HFD impacts on the mutagenesis in a cancer
predisposed background (e.g. ApcMin) or in the presence of DNA damaging agents remains to be investigated.

In the face of convincing epidemiological evidence, it remains important to understand how a western style
diet modulates cancer risk in the gastrointestinal tract. By investigating mutagenesis in intestinal crypt cells
upon long-term exposure to a high fat diet in vivo, we show that HFD alone, in the absence of other perturba-
tion events, such as mutations or chemical exposure, is not su cient to initiate speci ¢ mutational patterns.
Our results might lead to future studies to investigate combinatorial e ects of HFD with other perturbations, to
continue elucidating the etiology of obesity induced cancers.

—AOETAQ
—TOO0A <TOES  All experimental protocols were approved by the institutional animal experimentation com-
mittee of the Medical University of Vienna and the Austrian Ministry of Science under ethical permit number
66.009/0179-V/3b/2019. All methods were performed in accordance with relevant guidelines and regulations.
e study was reported in accordance with the ARRIVE guidelines. Experimental mice were age-matched males
on a C57BL/6J background. e total number of mice included the study was 28. Control and treatment groups
(diet groups) were randomly assigned cage numbers before the addition of the experimental research diets.
Researchers were not blinded to the assigned treatment.

Shortly, from 5 weeks of age, a er a 1-week acclimatization period on SD, mice were fed SD or HFD for 6, 12,
28, and 48 weeks (Research diets, D12492i, rodent diet with 60 kcal% fat, for diet composition see Supplementary
Tables 1, 2). Mice were housed at the Department of Laboratory Animal Science and Genetics of the Medical
University of Vienna, Austria with a 12-h dark-/light-cycle with ad libitum access to water and food. Weight
gain and food consumption of experimental animals were monitored on a weekly basis. At experimental exitus
mice were sacri ced a er 3 h of fasting. Blood, plasma, intestinal tissues, and intestinal crypts from the jejunum
for organoid culture were isolated. Blood was collected from the vena cava with a syringe, stored in collection
tubes containing EDTA, and spun down to 15 min at 2000g. e supernatant plasma was retrieved and snap
frozen in liquid nitrogen.

/0CATTEA AQIOO0AS  1solated tissue from jejunum was gently rinsed with ice cold PBS (20 mL, without Mg++
and Ca++) using asyringe. e intestinal tube was cut lengthwise and covered with fresh PBS (1 2 mL, without
Mg++ and Ca++)). e villi were gently scraped o using a microscope coverslip. Following this, the tissue was
cut into ca. 0.5 cm long pieces and added to a tube containing ice cold PBS (50 mL, without Mg++ and Ca++).

e tissue pieces were washed by gently inverting the tube before collecting the tissue pieces and repeating this
washing process 2 more times with fresh PBS. A er washing, tissue pieces were collected and incubated in
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enzyme-free dissociation bu er (StemCell Catalog #100-0485) for 10 min at room temperature on a tube roller.
A er incubation, the tube was vigorously shaken to loosen the crypts from the remaining tissue. e resulting
solution was Itered through a 70 m cell strainer and centrifuged for 3 min at 1200 rpm. Supernatant was
discarded and the pellet was resuspended in fresh PBS (1 mL). Multiple aliquots of 50 L, 100 L, and 200 L
were transferred to 1.5 mL tubes and centrifuged for 5 min at 500 rcf. e supernatant was removed carefully
and Matrigel (20 L) was added and mixed with the pellet. e mixture was plated into 48-well tissue culture
plates (20 L per well), the plate inverted and incubated for 5 min at 37 C to allow the Matrigel to polymer-
ize. Finally, the droplets were covered with 250 300 L of WENR culturing medium (Advanced DMEM/F12,
1%Glutamax(200 mM), 1% HEPES (1 M), 1% Penicillin/Streptomycin, 2% B27(50x, ermo Fischer Catalog
#17504044), 0.25% n-acetyl- -cysteine (500 mM), 0.05% Recombinant Murine EGF (500 g/mL), 0.1% Recom-
binant Murine Noggin (100 g/mL, Peprotech Catalog #250-38), 0.2% Primocin (50 mg/mL, InVivoGen Cata-
log #ant-pm-05), 0.01% Y-27632 (100 mM, Adooq Bioscience Catalog #A11001-50), 1% Nicotinamide (1 M),
50% Wnt3A conditioned medium as described previously, 10% R-spondin conditioned medium prepared as
described previously).

A er5 7daysin culture, organoids were recovered from Matrigel and dissociated into single cells using 0.05%
Trypsin EDTA (incubation at 37 C for 5 12 min) and mechanical disruption via vigorous pipetting. Single
cells were plated in increasingly diluted aliquots and checked under the microscope for complete dispersion.
Resulting clonal organoids were picked with a pipette a er 7 10 days in culture (medium change every 2 3 days),
disrupted with 0.05% Trypsin EDTA, and cultured until enough material was available for DNA extraction.

7RO0AOT AITOOFTC8  Organoids were harvested in cold DMEM/F12, pelleted by centrifugation at 500 rcf for
5 min and digested with1x TrypLE for 5 min at 37 C. A er digestion, organoids were washed with cold PBS
and pelleted by centrifugation at 500 rcf for 5 min. Cell pellets were resuspended in 50 L RIPA bu er (150 mM
NaCl, 1%Triton X-100, 0.5% sodium deoxycholate, 0.1% SDS, 50 mL TRIS pH 8.0), snap-frozen in liquid nitro-
genandstoredat 20 C until further analysis. Protein concentration of 1:3 and 1:10 dilutions were determined
by BCA assay (#23227, ermo Scienti c) in duplicates according to manufacturers instructions. 10 g of pro-
tein was diluted in RIPA bu er to a total volume of 15 L (12 L+3 L 5xLane marker reducing sample bu er
(#39000, ermo Scienti c)). esampleswere heated to 95 C for 5 min and loaded onto a4 15% precast poly-
acrylamide gel (#4568086, BioRad) alongside the Prestained Protein Ladder (PageRuler 10 to 180 kDa, #26616,
ermo Scienti ¢). e SDS-pagewasruninl runningbu erat 100 V for 5 min and subsequently at 85 V for
1.5h (10 running bu er: 0.25 M TRIS, 1.924 M Glycine, 0.03467 M SDS). e nitrocellulose membrane was
activated in Methanol for 5 min, washed in 1 transfer bu er and semi-dry transfer was performed at 22 V for
22 min (10 transfer bu er:1.924 M Glycine, 0.25 M TRIS, 10% MeOH). e blot was shortly washed in PBS-T,
blocked for 1 h in 5% milk PBS-T at RT and incubated with primary antibody in 10 mL 5% milk in PBS-T over
night at 4 C (Lgr5: ab75850, abcam 1:1000). e next day, the blot was washed 3 5 min in PBS-T, incubated
with secondary antibody (#7074S, Cell Signaling 1:10,000) in 10 mL 5% milk in PBS-T for 1 h at RT and washed
3 5minin PBS-T. Detection was performed using the SuperSignal West Femto Maximum Sensitivity Substrate
(#34095, ermo Scienti c). Chemiluminescence was recorded using a Chemidoc XRS +system (BioRad). A er
detection, the blot was shortly washed in PBS-T, stripped in 50 mL stripping bu er (#21059, ermo Scienti c)
at 37 C, washed in PBS-T, re-blocked for 1 h in 5% milk PBS-T at RT and re-probed as described above (Gapdh:
sc-32233, SantaCruz 1:8000, secondary: #7076S, Cell Signaling 1:10,000).
ZETIACATT T A OANOATAETC ATA OAGFATO AATIETC8  Organoids were extracted from the Matrigel by add-
ing protease K (800 U,~20 g), centrifuging the solution at 500 rcf for 5 min, and discarding the supernatant.
Total DNA (~1 g/sample) was extracted using a QlAamp DNA Micro Kit (Qiagen Catalog #56304). Library
preparation (350 bp inserts) and sequencing (150 bp PE) on a NovaSeq6000 platform (lllumina) was carried out
with Novogene, Cambridge, UK. Raw reads were processed according to GATK4 best practices recommenda-
tion for data pre-processing for variant discovery. Reads were mapped to the mm10/GRCm38 mouse reference
genome. All bam les were downsampled to match the le with the lowest coverage using the DownsampleSam
command from Picard tools with accuracy=0.001. Variants in organoid clones were called with Mutect2 and
Strelka2, using the tail DNA as a reference. Variants with Iter status PASS which were called by both tools were
included in the analysis. For each sample, the variant allele frequency (VAF) distribution was plotted. All sam-
ples which did not have a distribution centered around 0.5 were excluded from further analysis.

—O0AGETTAI OECTAOOOA ATAIUGE08 De-novo mutational signature extraction using NMF was performed
using Sigpro lerExtractor®. Signature re tting and plotting was performed using the MutationalPatterns pack-
age in R*. e bootstrapping analysis of the SNV signatures was conducted as described previously?. Brie y,
bootstrapped resampling was applied to generate 10,000 replicates of the mutational matrix for SD samples and
HFD samples respectively, using the underlying distribution of signatures across the 96 channels as weight. e
results were aggregated by diet group to generate an average bootstrapped mutational pro le, which was then
compared between groups using cosine similarity.

$AOA AGALIAAEIEOU
All code used to analyze the data and produce the gures is available on https://github.com/menchelab/hfd-
mutagenesis.
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Pan-cancer analysis of the interplay between mutational signatures
and cellular signaling
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This manuscript is under revision with iScience.

Our work on mutational processes in high fat diet-induced obesity mouse models elucidated the
plethora of factors influencing mutational processes ranging from concurrent and consequent
exposures to the activity of signaling pathways in the cell. This complexity necessitates a more

in-depth systematic understanding of the interactions between these factors.

In this work, we performed a systematic interrogation of interactions between mutational
signatures and between sighatures (signature-signature) and signaling pathways
(signature-pathway) in PCAWG and TCGA datasets. We created a framework that allows to
assess interactions using several metrics that could probe different interaction modalities. For
example, correlation-based metrics assess the linear relationship, while mutual
information-based metrics probe non-linear relationships. Additionally, we adapted a metric from
compositional data analysis (CDA) to account for the compositional nature of mutational
signatures. For each metric, we have defined a null model by performing random shufflings of
mutational signature intensity values for each tissue type. The results were summarized both

within datasets and between datasets.

We have identified dozens of common signhature-signature and signature-pathway interactions
across datasets, recovering known and expected relationships. Some signature-signature
interactions, namely between SBS1 and SBS5, were recovered in dozens of tissues
recapitulating our knowledge about normal cellular aging. Other interactions such as that
between SBS3 (HRD signature) and APOBEC signatures (SBS2 and SBS13) are more specific
for gynecological cancers and esophageal adenocarcinoma. We also detected novel and
unexpected interactions such as the negative interaction between UV signatures (SBS7a-d) with
SBS38, which was previously speculated to be a result of indirect UV exposure. For
signature-pathway interactions, we similarly recapitulated known and novel interactions.
Interestingly, we identify several interactions that are manifested with opposing directionalities
across tissues. One such example is the interaction between the HRD signature (SBS3) and the

PI3K pathway. In breast cancer, this interaction is positive, since in homologous recombination



53

deficient breast cancer the tumorigenesis is primarily mediated through TP53 alterations and
less so with PI3K, while in esophageal adenocarcinoma this interaction is positive since PI3K
alterations are essential drivers of the disease. Our results, thus shed light on how different

mutational processes favor different pathway routes of disease progression.

Finally, we performed a survival analysis of all the detected interactions and identified several
cases where signature-signature and signature-pathway interactions significantly impact patient
survival. One such prominent example is the negative interaction between ROS signature
SBS18 and SBS40. The effect of these signatures on patient survival was synergistic, and
patients who carried both of the signatures had significantly worse survival compared to patients

carrying either of the signatures or none.

We made our analysis results accessible through a shiny app:

https://ahakobyan.shinyapps.io/mutsigapp/.

Our framework thus offers a way to explore interactions of mutational processes, identify
relevant interactions, draw novel hypotheses about the nature of driver mutations, and assess

the impact of these interactions on patient survival.
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Abstract

Cancer is a multi-faceted disease with intricate relationships between mutagenic processes,
alterations in cellular signaling, and the tissue microenvironment. To date, these processes
have been largely studied in isolation. A systematic understanding of how they interact and
influence each other is lacking. Here, we present a framework for systematically characterizing
the interaction between pairs of mutational signatures, and between signatures and signaling
pathway alterations. We applied this framework to large-scale data from TCGA and PCAWG,
and identified multiple positive and negative interactions, both cross tissue and tissue specific,
that provide new insights into the molecular routes observed in tumorigenesis and their
respective drivers. This framework allows for a more fine-grained dissection of common and
distinct etiology of mutational signatures. We further identified several interactions with both
positive and negative impacts on patient survival, demonstrating their clinical relevance and
potential for improving personalized cancer care.
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Introduction

Cancer genomes reflect the history of endogenous and exogenous genomic stressors from the
zygote through organismal development to disease initiation and progression until sample
collection. Endogenous stressors that create DNA damage during normal cellular functioning
include transcription® and replication?, deamination of methylated cytosines®#, oxidative stress,
and in some cases deficiencies in DNA damage sensing and repair machineries®®. Exogenous
threats to DNA integrity range from radiation”® to numerous cytotoxic or genotoxic agents such
as those involved in tobacco smoke®*°, food production or environmental toxins*2.

In the past ten years, mutational signatures revolutionized the understanding of genomic
stressors. Signatures of single base substitutions (SBS), indels, double base substitutions and
copy number variations have been compiled, and some of the etiologies have been
identified'®*™°. SBS signatures, defined by patterns of mutations in a trinucleotide context, are
particularly powerful tools due to comparatively clearer readouts and ongoing success in
annotations. These signatures exhibit characteristic probability distributions over mutation
types and many of them have been linked to specific mutagenic processes®'*. Hence, our
study is based on SBS signatures as defined and compiled in the COSMIC database?®.

Cancer genomes, findings based on in vivo, in vitro, and organoid models have identified
mutational signatures of environmental carcinogens®’, deficient DNA repair pathways®!8%,
endogenous mutagenic processes®®?, as well as combinations of genotoxic agents and
deficient DNA repair?®. These studies have mapped the effects of processes involving proteins
and exposures directly affecting DNA. Yet, other variables such as impaired signaling pathways
additionally affect and can be impacted by mutational processes through their crosstalk with
DNA damage sensing and repair?2*, Furthermore, signature activities resulting from mutagenic
processes might preferentially lead to the accumulation of driver mutations?.

The clinical value of mutational signatures as biomarkers for therapy response, prognosis, and
therapy contraindication has been recently reviewed®. Several synthetic lethal interactions
within DNA damage and repair pathways as well as their associated signatures have been
identified as biomarkers for targeted therapies, highlighting the clinical value of these
interactions. Exploiting the interaction between homologous recombination deficiency (HRD)
and PARP, a gene involved in DNA repair, has led to successful targeted therapy®’. Hence, a
more comprehensive analysis of signature interactions could uncover novel targetable
interactions.

While the landscape of individual DNA damage, repair, and oncogenic signaling pathways
have been extensively studied, a systematic analysis of their interactions, co-expression and
correlation patterns, and the resulting mutational landscape are still missing. Identifying these
interaction patterns can shed light on concurrent and consecutive events and molecular
processes that underlie cancer initiation and progression, as well as offer potentially targetable
interactions. Here, we developed a framework to systematically explore the patterns of
interactions between mutational signatures (signature-signature), and between mutational
signatures and signaling pathways (signature-pathway) (Fig. 1A). We applied this framework to
observational data from The Cancer Genome Atlas (TCGA) and the Pan-Cancer Analysis of
Whole Genomes (PCAWG)*1428 Finally, we evaluated the clinical impact of these interactions
based on their effect on patient survival.
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Results

We obtained mutational signatures extracted from the TCGA and PCAWG datasets'®. After
filtering samples with low reconstruction accuracy (<0.85), a low number of total mutations
(<90), and excluding tissues with less than 25 samples, we retained 2591 (out of 2780) and
3547 (out of 9493) samples, for 25 and 15 tissues in PCAWG and TCGA, respectively (Fig. 1B,
S1A). Since we were interested in interactions between mutational processes rather than
individual signatures, we aggregated all signatures with a common etiology as annotated in the
COSMIC?® database (Supp. Table 1). The number of active signatures varied depending on the
tissue and cancer type, as well as individual sample exposures, however, more than 77% of all
samples in both datasets had three to four active aggregated signatures (Fig. 1C, S1B). We
also note that the number of signatures scaled linearly with the number of available samples
for a particular cancer type (Fig. S1C), hence, future analyses with larger sample sizes should
recover rare signature interactions.
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Figure 1. Overview of the study and input data. A Schematic demonstration of
interactions between mutational signatures, pathway alterations, and immune state. B.
Number of samples in PCAWG across cancer types. C Number of active mutational
signatures in PCAWG across cancer types. Colors in B and C correspond to individual
cancer types with >25 samples. See also Figure S1.
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A framework for signature-signature interaction analysis

The dynamics of mutational signature accumulation in cancer genomes depend on the
signature etiology and are incompletely understood. Clock-like signatures have been shown to
accumulate linearly over time?**°, APOBEC-related signatures in episodic bursts®+3?, and
signatures associated with environmental exposures accumulate over the periods of active
exposure. As a result, the interactions between signatures may be linear or nonlinear in nature,
depending on their specific combination. To overcome the limitations of individual metrics in
capturing different linear or nonlinear aspects of interaction, we used four complementary
metrics (Fig. S1D): (i) First, we quantified the co-occurrence between mutational signature
activities treated as a binary function using Fisheris exact test. (i) We quantified the bias
corrected mutual information (BCMI) to assess potentially nonlinear and nonmonotonic
associations based on jackknife bias correction®. (iii) Next, we used the Spearman coefficient
to assess rank correlations. (iv) Finally, we used a CoDa (compositional data) approach to
detect interactions between mutational process activities. Mutational signature activities are not
independent, and many mutation types in the 96-trinucleotide channel are shared among
several signatures. Furthermore, cosine similarities between signature pairs are greater than
0.5 in ~11% of all comparisons, indicating high intermixing** potential between several
signature pairs including SBS1 and SBS6, SBS3 and SBS40, SBS8 and SBS4, etc. High
cosine similarity between signature pairs not only means impaired algorithmic decoupling but
also that the number of mutations attributed to each signature will depend on mutation counts
attributed to all the other signatures with high cosine similarity. This suggests that mutational
signature attribution for individual signatures depends on the attribution to similar signatures.
Hence, mutational signatures are compositional and must be treated through the lens of
compositional data analysis. To evaluate whether the activities of these signatures change in
accordance with each other, we devised an interaction metric based on calculating symmetric
pivot coordinates® followed by Pearsonis correlation. Importantly, the CoDa metric can only be
applied to samples where both signatures are present. We calculated all signature-interaction
metrics through bootstrapping (Fig. S1E). Further, we set the significance threshold at 5% or
95% percentile of the null model for each interacting signature-signature pair calculated by
signature shuffling for each tissue independently (Methods).

All applied metrics may result in either positive or negative interactions, generally indicating
either synergistic or antagonistic relationships, respectively. Depending on the precise
signature pair, either direction may have several interpretations. Positive interactions can
indicate that the respective sighatures have a common initiation mechanism. This is clearly
observed for signatures with shared etiology or split-signatures, tvdi bt TCT8b.d boe TCT21b.e-
and may extend to signatures with still unknown but linked etiologies. Alternatively, one
mutational signature could instigate another in the course of its progression. For example, a
large-scale study of clonal evolution in cancers related to environmental exposures revealed
that early clonal mutations are caused by the exposure, whereas subsequent mutations
occuring during tumor progression arise from downstream endogenous processes, e.g. cell
division or disruption of DNA repair pathways®. Similarly, negative interactions may reflect
different underlying mechanisms. Some could be indicative of synthetic lethality, where
concurrent mutations in different pathways result in cell death, as in the case of homologous
recombination combined with PARP or POLQ mutations. Alternatively, negative interactions
may be a result of independent driver events.
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Mutational signature interaction networks reveal complex relationships between
mutagenic processes

We calculated signature interaction metrics separately for each tissue in the PCAWG and
TCGA datasets. Significant signature-signature interaction metrics are reported for both
datasets across tissues in Supp. Tables 2, 3. The results can be summarized by
signature-signature interaction networks, allowing to assess interaction patterns within a given
tissue, and how different metrics capture different aspects of interactions. We aggregated all
metrics for a given signature pair by selecting interactions that are supported by at least two
metrics and classified them into positive and negative interactions. In PCAWG, we identified 88
positive and 50 negative interactions across 25 tissues ranging from 1 interaction in biliary
adenocarcinoma to 18 in B cell non-Hodgkin lymphoma (Supp. Table 4). In TCGA, we
identified 50 positive and 47 negative interactions (Supp. Table 4). We summarized all detected
interactions in Figures 2A, S2A. The network reveals several basic principles. Firstly, we
observe an interconnected core of clock-like signatures Ageing (SBS1), SBS5, and SBS40 that
are abundantly active across tissues. These interactions are likely by-products of basic cellular
repair and cellular metabolic processes that are shared across tissues, found in cancer and
normal tissues, and constitute the collective signature of cellular ageing®. Ageing and SBS5
are both so-called clock-like signatures accumulating over a lifetime that have been linked to
stem-cell divisions and environmental exposures, respectively?®. Secondly, endogenous
processes are densely connected both with clock-like signatures and with other endogenous
signatures. Notably, signatures of APOBEC mutagenesis or DNA repair pathways such as HR
can be active across multiple tissues. The high interconnectedness of DDR pathways
potentially facilitates these interactions between signatures of endogenous processes.

In Fig. 2, we present examples of the signature activities for pancreatic adenocarcinoma as a
heatmap (Fig. 2B) and extracted signature-signature interactions (Fig. 2C). While some
interactions are supported by only one or two metrics, others are supported by three or four.
Notably, metrics such as CoDa, appear to capture unique aspects of the interactions. Looking
at these networks allows to spot the intricacies of signature interactions. In Fig. 2C we observe
a positive interaction between APOBEC and HRD, Ageing and SBS40, while the latter
negatively interacts with ROS and HRD. These interactions reflect the complex structure of
how stressors like oxidative stress, genomic instability, APOBEC mutagenesis, ageing and
unknown endogenous mutagenic processes act in unique combinations in different patient
groups.

Cross-tissue signature-signature interactions reveal principles behind signature
manifestation

We binned the detected interactions into three main categories based on their prevalence:
Common interactions across multiple tissues (>10), intermediate interactions appearing in 2-4
tissues, and interactions unique to a specific tissue.

Fig. 2D shows the interactions aggregated across all tissues for PCAWG (Fig. S2B for TCGA).
Three interactions were highly abundant - a positive interaction between ageing (SBS1) and
SBS5, ageing and SBS40, and a negative interaction between SBS5 and SBS40, reflecting the
signatures of cellular ageing discussed in the section above. Notably, SBS5 has also been
linked to naturally occurring environmental/external processes, supported by the association
with oxidative processes and nucleotide excision repair pathway?®.
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Figure 2. Signature-signature interactions in PCAWG. A. Network summary of all
detected signature-signature interactions in PCAWG. B. Heatmap of signature activities
in pancreatic adenocarcinoma. C. Signature-signature interaction network for samples
in B. D. Summary of common interactions in PCAWG across tissues. Positive (red) and
negative (blue) interactions are summarized separately and the numbers indicate the
number of tissues in which this interaction was detected. We filtered the displayed



signatures to have at least 4 interactions. The icons on the edges indicate the tissue
where the interaction is observed. The infographic at the bottom right side
demonstrates how common signatures across tissues were calculated. E. Network of
interactions found both in PCAWG and TCGA. See also Figure S2.

Most of the consensus interactions found in 2-4 tissues involve exposures and cellular
processes that correspond to localized perturbations. For example, in PCAWG the exposure to
reactive oxygen species (ROS, signature SBS18) varies greatly across tissues. Consequently,
interactions of the ROS signature with other signatures are restricted to tissues where this kind
of damage is more common. Specifically, ROS is positively interacting with SBS5 in pancreatic
(Panc_AdenoCA), prostate (Prost AdenoCA) and stomach (Stomach_AdenoCA)
adenocarcinomas, and negatively interacting with SBS40 in medulloblastoma (CNS_Medullo),
ovarian (Ovary_AdenoCA), pancreatic (Panc_AdenoCA) and prostate (Prost_AdenoCA)
adenocarcinomas. Further, interactions between signatures caused by homologous
recombination deficiency (HRD) and the signature associated with APOBEC family of cytidine
deaminases (APOBEC) have been identified in three tissues - breast, esophageal and
pancreatic adenocarcinomas. This interaction recapitulates recent results demonstrating that
dysregulated APOBEC promotes genomic instability and DNA damage, thereby further
activating homologous recombination®¥"*, hence demonstrating the potential of our framework
to detect valid interactions. In this category, we also notice that some interactions have
opposing directionality across tissues. Specifically, Ageing and APOBEC signatures interact
positively in pancreatic endocrine tumors and melanoma, while they interact negatively in
breast adenocarcinoma. We notice, that APOBEC mutation levels are relatively high in breast
adenocarcinoma (interquartile range IQR = [212, 1204], mean = 2257) while, in the two other
tissues, the mean mutation count is under 200 mutations (IQR = 0). We hypothesize that
higher levels of APOBEC mutagenesis might interfere with cell cycle and consequently with
accumulation of Ageing signature, supported by recent work showing how increased APOBEC
activity can impair cell-cycle progression®?.

In TCGA samples, we identified a novel negative interaction between APOBEC and MMR
signatures in breast, stomach, and uterine adenocarcinomas (Fig. 3D). The closer inspection of
samples has revealed that these signatures are mutually exclusive, potentially indicating two
alternative mutagenic processes in these tissues.

Finally, the unique interactions are linked to highly tissue-specific exposures. In particular, the
UV signature and its interactions are only found in melanoma.

We compared detected signature interactions between PCAWG and TCGA cohorts (Fig. 2E).
Of note, the two cohorts have vastly different numbers of samples sequenced per tissue, which
may compromise the detection power for some interactions. Nonetheless, we identified 27
interactions that were shared between the two datasets with matching tissue and directionality.
The most common interaction partner detected in both datasets was SBS5, that is positively
linked to signatures of both environmental (tobacco smoking or UV signatures) and
endogenous origin (mismatch repair deficiency - dMMR, ageing signature linked to cell
division). Thus, SBS5 might be a by-product of a wide array of mutagenic processes
irrespective of their origin.
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We detected an unexpected negative interaction between SBS38 and UV signature.
Previously, SBS38 has been speculated to be caused by indirect effect of UV light, however,
our results suggest that SBS38 signature is UV independent *,

Mutational signatures and pathway alterations

Cancer mutations agglomerate in a small set of important signaling pathways*:. We probed the
interactions between mutational signatures and signaling pathways using signatures extracted
from TCGA and PCAWG, and pathway alteration status of 10 pathways that were previously
shown to be frequently aberrant in cancers: cell cycle, Hippo, Myc, Notch, Nrf2,
PI-3-Kinase/Akt, RTK-RAS, TGFb signaling, p53 and b-catenin/Wnt. We first harmonized the
two datasets by mapping the driver mutations in the PCAWG dataset** within these pathways.

The occurrence of pathway alterations in PCAWG were concordant with TCGA* across tissues
(Fig. 3A, S3A). We identified samples with both signature and driver mutation information
available, and limited our analysis to tissues with at least 30 samples, resulting in 1471
samples from 14 tissues in PCAWG, and 3132 samples from 12 tissues in TCGA.

As in the case of signature-signature interactions, there can be diverse modes of interactions
between signatures and oncogenic pathways that cannot be captured by a single metric. We
therefore used two complementary strategies. First, we assessed the co-occurrence or
exclusivity patterns of signatures and pathways by treating them as binary features (i.e.,
present or absent). Secondly, we applied regression models between signature activities and
the number of driver events in pathways to have a more detailed quantification of the
interaction. Significant interaction for all interaction metrics are provided in Supp. Tables 5, 6.

Signature-pathway co-occurrence uncovers diverse routes of tumorigenesis

We assessed the co-occurrence between signatures and pathways by creating contingency
tables for individual tissues over signature-pathway occurrence and applied Fisheris exact test.
The results are summarized in Fig. 3B, S3B, lists of tissues for each interaction are provided in
Supp. Table 7 and summarized in bipartite networks in Fig. 3C, S3D.

First, we note that certain signature-pathway interactions exhibited opposing directionality in
different tissues. For example, in PCAWG, the homologous recombination signature and the
TP53 pathway interact positively in breast adenocarcinoma and negatively in pancreatic
neuroendocrine tumors. Similarly, in TCGA, PI3K pathway alterations and the homologous
recombination signature interact positively in esophageal adenocarcinoma and negatively in
breast cancer. These opposing modes of interaction between signatures and pathways
potentially indicate alternative routes of disease initiation and progression. Specifically, our
results indicate that in HRD-driven breast cancer, tumorigenesis is more commonly mediated
through TP53 (supported by both TCGA and PCAWG), cell cycle and MYC alterations, and
less often through mutations in the PI3K and TGF-beta pathways (Fig. SSE, S3F). Conversely,
in esophageal adenocarcinoma, homologous recombination deficiency seems to favor PI3K
mutations, indicating a potential synergy between these pathways in the development of this
cancer type.

Next, a closer inspection of samples highlights how different mutational signature compositions
favor different pathway routes in the disease progression in a tissue-specific manner.
Specifically, in TCGA, we observe an association of mismatch repair deficiency (dMMR)
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