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Preventing cancer before malignancy is established requires identifying which early somatic
events drive cancer progression. This problem is especially important in inherited cancer
predisposition syndromes, where germline pathogenic variants put individuals at elevated
cancer risks compared to the general population. In this dissertation, I first investigate
how an inherited T'P53 pathogenic variant alters the somatic evolutionary dynamics across
normal tissues in a family with Li-Fraumeni syndrome, a cancer predisposition syndrome
associated with high cancer penetrance and early onset. Using ultra-deep duplex sequenc-
ing, I show that a germline TP53 variant is associated with parallel evolution of a second-
hit TP53 hotspot mutation across organ sites and with elevated mutagenesis in regions of
the genome that evolve neutrally in the general population. Then, I investigate whether
in situ gene correction reduces cancer risk in Fanconi Anemia, a bone marrow failure and
cancer predisposition syndrome, using a computational agent-based model of the oral mu-
cosa. I show that cellular competition between gene corrected and uncorrected cells in an
epithelial tissue context is a central determinant of therapeutic success and that gene ther-
apy has the potential to suppress the accumulation of pro-tumorigenic mutations in a can-
cer predisposed context. Together, this work advances understanding of how germline vari-
ation shapes pre-malignant somatic evolution across tissue contexts and provides a quanti-

tative framework for therapeutic prevention in individuals with inherited cancer risk.
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Chapter 1

INTRODUCTION

Cancer is fundamentally an evolutionary process, driven by the accumulation of somatic
mutations and selection of the cells harboring those mutations. Certain pathogenic germline
variants can reshape this evolutionary trajectory starting from birth, resulting in an in-
creased risk of developing cancer. However, how these germline variants alter this evolu-
tionary trajectory toward malignancy and how any altered dynamics can be therapeuti-
cally actionable remain difficult challenges. This dissertation examines how germline vari-
ants causing cancer predisposition syndromes reshapes somatic evolution and examines

ways in which these dynamics can be modified for cancer prevention.

1.1 Cancer progression is an evolutionary process

1.1.1 Somatic mosaicism

Throughout normal aging, individual cells acquire somatic mutations during DNA replica-
tion and in response to endogenous and exogenous mechanisms. When a mutation arises
in a cell, it is passed on to its progeny during cell division. This process generates a new
lineage of cells containing that mutation, referred to here as a somatic clone. As muta-

tions continue to arise over time, new clones are continuously generated within tissues and



the genetic composition of a given tissue becomes heterogeneous. This mixture of clones,
termed somatic mosaicism, represents the cumulative outcome of cellular evolution over
the span of an individual’s life [1-5].

The dynamics of somatic mosaicism are constituted by two critical factors: mutation,
which generates genetic variation, and selection, which impacts what happens to that vari-
ation over time. The mutations contributing to this mosaicism are diverse in type and
can include genetic alterations such as single nucleotide variants (SNVs), small insertions
and deletions, copy-number alterations, and larger structural variants. The processes by
which these mutations are introduced vary and can leave characteristic signatures within
the genome, especially among SNVs [6]. These mutational signatures can be associated
with external forces such as ultraviolet radiation, tobacco smoking, therapeutic agents, or
intrinsic cellular processes such as aging-related clock-like mutations or oxidative damage
[1-3, 6-11].

Once these mutations arise, the clones harboring them may expand, shrink or even
disappear over time. In many cases, mutations have little or no impact on the behavior
of the cell [12, 13], and the clone sizes fluctuate without consistent directionality due to
stochastic drift processes [14-16]. Neutral mutation clones, especially at small clone sizes,
are the most susceptible to these chance fluctuations.

In contrast, mutations that change the cell’s ability to survive or divide compared to
neighboring cells are subject to positive selection, a stronger force affecting clone sizes. If
a mutation confers a selective benefit compared to its neighbors, the clone carrying that
mutation can increase in size through clonal expansion [17-19|. Clonal expansion in nor-
mal tissues has been most extensively studied in the context of mutations in the blood, a
process known as clonal hematopoiesis of indeterminate potential (CHIP) [20, 21]. Large-
scale population studies have identified somatic mutations in genes commonly mutated in

myeloid malignancies in more than 10% of individuals older than 65, but rare in individu-



als younger than 40 [22-24|. Importantly, CHIP is a strong risk factor in the development
of subsequent hematologic cancer [22, 23, 25]. These findings established clonal expansions
in otherwise normal tissue as a common feature of both human aging and disease risk.

Following the characterization of CHIP, many studies have investigated somatic mo-
saicism in other non-cancerous contexts. Martincorena et al. characterized the mutational
landscape of histologically normal human eyelid skin and found it to contain hundreds of
expanded cancer-associated mutant clones within a given 1 cm? skin area of individuals
over the age of 55 [1]. Although cancer-associated mutations in histologically normal skin
had been observed previously [26, 27|, the extent to which the mutations riddled the skin
was not expected and reshaped the field’s perspective about early cancer progression. This
pattern is also not unique to the harsh sun-exposed conditions of the skin. Similarly, in
the normal esophagus of older individuals, 40-80% of the esophageal epithelium was found
to be remodeled by mutated clones [2, 5|.

However, the persistence and expansion of mutant clones are not entirely dependent
on the nature of the mutation alone. Tissue architecture can spatially constrain the abil-
ity of clonal expansion, such as in stratified squamous epithelia [28-32] or in the ductal
compartments of mammary tissue 33, 34]. Similarly, as multiple clones begin to arise and
expand, clones will come into contact and compete with each other for limited space and
resources, resulting in further restrained expansion [29, 30, 35|. Further, the exposure to
cytotoxic agents such as chemotherapy can not only cause mutations directly, but also
impact the competitive landscape of clonal evolution by altering the selective pressures
[9, 10, 36-38|. Thus, the combination of mutation, drift, selection, and tissue architecture
are among some of the key processes contributing to the types of somatic mutations we

observe in somatic tissues.



1.1.2  Pre-maligant clonal expansion

The recent efforts to characterize this somatic variation across multiple human tissues have
revealed that not only do many histologically normal tissues contain extensive repopula-
tion by mutated cells, but much of the underlying clonal expansions occur from genes re-
currently altered in cancer [1-3, 11, 15, 39]. This observation suggests that the early stages
of oncogenic evolution occur long before overt malignancy and appear to develop from a
background of pre-existing mutant lineages.

Although the extent to which these pre-cancerous mutations populate normal tissues
was not appreciated until recently, the foundation of this idea dates back several decades.
Field cancerization, first proposed by Slaughter et al., found histologically abnormal, but
non-cancerous tissue frequently surrounded tumors in oral epithelia [40]. This suggested
that cancer did not arise from a single isolated transformational event, but within a large
‘field’ of cells biologically primed for malignant transformation. Modern genomic detec-
tion has refined this concept by demonstrating that these fields correspond to the somatic
clonal expansions of pathogenic driver mutations [41, 42|. These clonal expansions in-
crease the population of cells carrying cancer-associated mutations, and thereby increase
the probability that subsequent genetic and/or epigenetic alterations will accumulate on
that lineage. This stepwise progression of accumulating mutations is the evolutionary basis
for the earliest stages of cancer progression [43-45].

However, the presence of clonally expanded driver mutations do not deterministically
result in malignant tumor formation, where clones can persist and expand for years with-
out any histologically abnormal neoplastic growth [1, 2, 26, 46-48]. Additionally, not all
mutations that undergo pervasive clonal expansion in normal tissues confer an increased
risk of malignant transformation. NOTCHI mutations have strong selective advantages
in the context of squamous epithelium and are frequently observed in normal esophageal

tissue, yet are observed less commonly in esophageal cancers |2, 47]. As such, expanding

4



NOTCH1 clones may even exhibit protective effects against the emergence of malignant
clones and the progression of esophageal tumors [35, 47|. The observation that not all
clonally expanded mutations uniformly result in malignancy raises a critical question of

how certain lineages acquire the additional alterations necessary for malignant progression.

1.1.8  Ewvolutionary trajectories toward cancer progression

An early key foundation to understanding how step-wise mutational events lead to can-
cer progression is from Knudson’s two-hit hypothesis [49]. Knudson proposed that tumor
suppressor genes typically require two “hits” to fully inactivate. This helped to explain
the occurrence of both inherited and sporadically occurring forms of retinoblastoma. This
framework allowed for an individual to inherit a mutation in a cancer-associated gene, but
would still require a second-hit prior to malignant transformation and would still be able
to explain sporadic cases, where both hits occur somatically.

This initial stepwise framework has been further characterized in the context of col-
orectal cancer progression, which was originally described to follow a reproducible sequence
of mutations involving genes such as APC, KRAS, and TP53 |44, 45, 50|. Fearon and Vo-
gelstein associated additional genetic mutations with incrementally reshaped cell behavior
leading to progressively more malignant phenotypes [44]|. Although colorectal cancer pro-
gression does not deterministically follow the same genetic path to malignant progression,
and other cancer types can also occur through various evolutionary trajectories, there are
biological mechanisms that are commonly altered among diverse cancer types.

Across developing cancers, mutations frequently occur in three broad functional gene
classes that include DNA repair genes, tumor suppressors, and oncogenes [51]. Mutations
affecting DNA repair genes, such as those in the FA /BRCA pathways, are responsible for
the repair of DNA intrastrand cross-links and homologous recombination repair, where

these hindered repair mechanisms lead to increased genomic instability [52-54]. Muta-



tions affecting tumor suppressors impair cellular safeguards against malignant transfor-
mation, including cell-cycle arrest, senescence, and apoptosis. A notable example is TP53,
the most widely mutated gene across all human cancers [55, 56]. This allows cells to pro-
liferate in the presence of DNA damage, when the cell would otherwise halt this process.
Conversely, oncogenes, such as mutated KRAS, promote proliferative signaling directly,
leading to uncontrolled growth [57].

Through the gradual accumulation of these and other genomic alterations, evolving
cell populations begin to develop shared functional behaviors that define the earliest stages
of cancer progression. Commonly defined functional capabilities on the way to cancer pro-
gression include: sustaining proliferative signaling, evading growth suppressors, resisting
cell death, enabling replicative immortality, inducing/accessing vasculature, activating in-
vasion and metastasis, reprogramming cellular metabolism, and avoiding immune destruc-

tion, commonly known as the "hallmarks of cancer" [58].

1.2 Inherited driver mutations shorten the path to tumorigenesis

1.2.1  Cancer predisposition syndromes

The stepwise evolutionary progression of cancer can be accelerated when a mutation in
a driver gene is inherited. Rather than requiring the initial acquisition of a mutation in
a cell somatically, inheriting a variant results in all cells of the individual containing this
variant and thus put all cells on the first step toward cancer progression at the beginning
of the individual’s life.

Since inheriting a pathogenic variant results in one key pathway already compromised,
fewer secondary events may be necessary for tumorogenic transformation and it can pre-
dispose multiple separate locations within the body to concurrently begin cancer progres-

sion [59, 60]. This hereditary cancer accelerant, or cancer predisposition syndrome, in-



creases the risk of cancer development and developing multiple primary tumors, reduces
the age of onset, and is responsible for approximately 5-10% of all cancers [61].

Some of the most well characterized examples of cancer predisposition syndromes in-
clude hereditary breast and ovarian cancer syndrome caused by germline mutations in
BRCA1 or BRCA2 and Lynch syndrome caused by mutations in DNA mismatch repair
genes [62-66]. Other notable high cancer penetrance syndromes such as Li-Fraumeni syn-
drome, caused by mutations in TP53, and Fanconi Anemia caused by mutations in the
FA/BRCA pathway are associated with a wide array of cancer types and especially early
onset [67-72|. Also, due to the functional importance of the pathways altered in these syn-
dromes, there are often additional clinical manifestations that include but are not limited
to cancer risk. This can include congenital abnormalities [72, 73] or bone marrow failure
[71, 72, 74]. Importantly, it can also impact treatment decisions [75-77]. For example,
chemotherapy and radiation may induce additional mutational burden that can impact an
individual’s ability to tolerate standard of care therapy or result in increased risks of sub-
sequent primary tumors |9, 10, 36, 37, 75, 76]. Moreover, different mutation types within
the same gene can result in a variety of phenotypic severity, such as cancer penetrance or
age of onset |68, 70, 78, 79].

The unique features associated with cancer predisposition syndromes mean they serve
as a valuable resource and model for studying the earliest stages of cancer progression. In
the general population, tracking mutational accumulation on the evolutionary path toward
cancer requires identifying relatively small cell populations of initial clonal expansions and
attempting to observe subsequent mutations within those. Whereas in cancer predisposi-
tion syndromes, starting all cells at the same controlled first mutation, allows for a unique
snapshot into how early progression may vary within these clones. However, the relatively
rare number of individuals with these syndromes in the population make these compar-

isons difficult and is currently an open field of research.



1.3 Open questions in the field of cancer predisposition syndromes

Despite decades of characterization of many cancer predisposition syndromes, there are
many open questions regarding how the underlying germline causal variant of these syn-
dromes affects somatic evolution and how to best prevent cancer progression.

It is unclear how specific germline variants may shift the mutation rate and selection
pressures within otherwise normal tissues and how they may affect aging related processes
such as CHIP. Additionally, it is important to understand how this somatic evolution dif-
fers across tissue specific environments, as certain tissues are more susceptible to cancer
development in certain cancer predisposition syndromes, but follow different risks in oth-
ers.

It is also unclear the extent to which chemo- and radiotherapies may affect mutagene-
sis or selection within individuals with cancer predisposition syndromes. In Li-Fraumeni
syndrome cancer therapies can both aid in the elimination of present tumors, but also
increase risk of subsequent therapy-related tumors, especially in the formation of acute
myeloid leukemia |76]. In individuals without a germline TP53 variant, TP53 clonal spread
under the selective pressure of cytotoxic therapy is the primary driver of therapy-related
acute myeloid leukemia (t-AML) [9, 36-38, 80]. In the context of LF'S, where one copy of
TP53 is already partially or fully inactivated, it is unclear if this selective pressure sim-
ilarly acts on second-hit T'P5% mutations, or if other mechanisms drive t-AML in LF'S,
such as clonal expansion of additional mutated driver genes.

Similarly, because TP53 is a tumor suppressor, second-hit inactivation is typically
required for tumor progression, but it is unclear if selection favors specific types of second-
hits over others. For example, LOH events such as full gene or chr17p deletions are the
most common second-hit in LFS tumors [81-83] and that likely suggests a differential se-

lective pressure compared to second-hit point mutations, even if those correspond to highly



disrupted proteins.

1.4 Technologies to understand clonal evolution in the context of cancer predis-
position syndromes

Studying clonal evolution in the context of cancer predisposition syndromes is challenging
because early somatic events occur at very low variant allele frequencies and long before
clinical manifestations of disease. Additionally, the rarity of affected individuals, combined
with the clinical invasiveness, expense, and technical difficulty of normal tissue analysis
has resulted in relatively little investigation in this area (although see [81, 84, 85]). To
progress, experimental and computational methods are required that can detect rare so-
matic mutations in normal tissues and that can provide a quantitative framework to un-

derstand them at scale.

1.4.1 In silico modeling approaches

The direct experimentation of somatic evolution in humans and model organisms requires
high-depth sampling across normal tissues. The long timescales, high cost, and invasive
sampling can be logistically infeasible. The rarity of individuals with predisposition syn-
dromes compounds the difficulty to understand clonal evolution in this context. As a re-
sult, computational models have provided key mechanistic understanding of clonal evolu-
tion and early tumor progression.

Computational models provide a way to explore otherwise inaccessible clonal evolu-
tionary dynamics through simulation across many cellular generations. These models can
allow for estimation of important parameters central to somatic evolution, such as the se-
lective advantage conferred by driver mutations [86]. Such parameters would otherwise be
difficult to directly measure as selection occurs over many cellular generations and would

require longitudinal sampling in a given tissue site. For example, Beerenwinkel et al. ap-



plied a Wright-Fisher population genetic approach to find the selective advantage of driver
mutations, which modeled stochastic mutational accumulation of driver mutations in a a
growing colonic adenoma [86]. This approach showed that many genes containing small
selective advantages (~1%) produced waiting times to malignancy that aligned with the
decadal timescales in colorectal cancer progression [86].

Beyond estimating evolutionary parameters, computational models can provide a
means to understand the timing of mutational events that shape clonal outcomes. Mod-
eling the emergence and expansion of revertant patches in epidermolysis bullosa, an in-
herited skin disease, revealed that the high frequency of observed revertant patches can
be explained by the revertant mutations arising after development, but having a sufficient
advantage compared to the background cells to overtake areas of the skin cell population
[87].

However, many of these models assume that cells act in a well-mixed population and
do not account for spatial structure of tissues, where the physical organization of cells may
impact their growth. Spatial modeling techniques such as hybrid agent-based models can
combine many important aspects to more accurately understand the dynamics of cellu-
lar evolution in a given tissue environment [88]. Spatial modeling in epithelial tissues have
shown that clonal expansion is largely shaped by interactions with neighboring cells and
are constrained by tissue structure and homeostatic processes [29, 30, 35, 88-90]. As a re-

sult, even heavily favored clones may have limitations to their expansion.

1.4.2 Sequencing-based approaches

Direct detection of early somatic evolution requires technologies capable of detecting vari-
ants that are present in only a fraction of cells within a sample. Next-generation sequenc-
ing (NGS) is capable of detecting variants within heterogeneous mixtures of cells and has

been paramount to understanding the later stages of cancer progression, inherited mu-
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tations, and somatic mosaicism in aging individuals [1, 2, 51, 56|. Large-scale tumor se-
quencing efforts have catalogued cancer-specific driver mutations and in conjunction with
bioinformatic tools have enabled the analysis of mutation and selection processes acting
within tumors [91, 92].

However, NGS suffers from errors introduced throughout the preparation and se-
quencing of DNA fragments. These errors occur at rates of ~1% and obscure the ability
to detect mutations at frequencies below these error rates as true mutations become indis-
tinguishable from the errors [93, 94|. To fully understand the extent of somatic evolution
happening far before tumor formation, these low frequency mutations need to be reliably
detected as early arising mutations start in a single cell and thus begin at low variant al-
lele frequencies.

Consequently, error-corrected sequencing methods have been developed to improve
variant detection at low frequencies [46, 93, 94]. Duplex sequencing reduces standard NGS
errors by tagging both strands of a DNA molecule, which allows a consensus sequencing
read to be constructed using information from both strands [94]. This enables the de-
tection of true mutations that are present in complement on both strands of the DNA
molecule, whereas a mutation present on only one strand can be subsequently deemed an
error. By accounting for this complementary aspect of the DNA molecule, error rates can
be reduced to less than 1 error per 10° nucleotides sequenced. This substantial reduction
in error rate justifies sequencing at much higher depths (>10,000%) and allows low fre-
quency mutations to be confidently distinguished from sequencing errors. In particular,
duplex sequencing methods have found widespread TP53 mutations at frequencies unde-
tectable by standard NGS approaches across normal tissues and with age-associated in-
creases [46, 95, 96]. These approaches provide direct observation into the earliest stages
of somatic evolution, making them a critical tool to understand early tumorigenic events

in the general public and within cancer predisposition syndromes. They may also prove
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useful as a future framework to understand how therapeutic interventions alter these early

events.

1.5 Preventative therapeutic approaches for cancer predisposition syndromes

1.5.1 Natural reversion and therapeutic strategies

A remarkable parallel to therapeutic cancer prevention within cancer predisposition syn-
dromes is the somatic and spontaneous correction of an inherited pathogenic variant that
can occur naturally in some cells. This phenomenon called revertant mosaicism, or ‘natu-
ral gene therapy’ has been observed in Lesch-Nyhan syndrome, Fanconi Anemia, genoder-
matoses such as epidermolysis bullosa, and other inherited disorders [87, 97-108|. Rever-
tant mosaicism is often associated with less severe disease phenotypes and reduced subse-
quent cancer risks.

Since inherited cancer predisposition syndromes are often monogenic disorders with a
majority of causal variants being single nucleotide substitutions [68, 109], various molec-
ular mechanisms can result in revertant mosaicism. For example, in Fanconi Anemia, re-
version can occur via back mutation, gene conversion, intragenic crossover, and second-site
mutation [101-104]. The incidence of revertant mosaicism within inherited disorders can
be substantial with up to 25% of Fanconi Anemia patients and 35% of patients with epi-
dermolysis bullosa, implicating a potential selective force for the repeated emergence and
persistence of these mutations [108, 110]. Notably, revertant cells found in the hematologic
compartment of individuals with FA are capable of conferring a proliferative advantage to
repopulate blood cell lineages and reduce disease risks [110, 111]. An early clinical piece
of evidence to support this was found in monozygotic twins with FA, where a revertant
HPSC in one twin repopulated the hematopoietic compartments of both siblings, both

containing the same revertant mutation [111]. A revertant proliferative advantage is not
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restricted to just blood cells, where the open nature of the tissue may allow for cellular ex-
pansion with less architectural limitations than other tissues. For example, in the spatially
structured epidermis, revertant mutations in epidermolysis bullosa not only arise, but ex-
pand to form phenotypically normal epidermal patches that can reach sizes large enough
to be visualized clinically and improve patient well-being [87, 107].

The promise of natural gene therapy has inspired progress toward therapeutic-induced
reversion. The monogenicity associated within inherited disorders makes for an attractive
target for gene therapy and the conferred proliferative advantage of revertant cells may
thus amplify the corrective potential and not require immediate reversion of all cells to
be efficacious. Excitingly, the first successful engraftment of gene corrected hematopoietic
stem cells into an FA patient managed to show the proliferative advantage of cells, where
lineages expanded over time via the restoration of DNA damage repair, as well as a halt
in bone marrow failure progression [112-116]. The complete regeneration of the epider-
mis in a patient with junctional epidermolysis bullosa has further shown the therapeutic
potential of gene correcting cells to treat inherited disorders, where the majority of tis-
sue was grafted to the patient and resulted in stable skin that maintained over long-term
follow-up [117]. These ex vivo approaches, where the patient’s own cells are corrected and
reintroduced, are paving an exciting path for in vivo delivery strategies that are poised to

reshape the future of gene therapy to a wider range of tissue sites and inherited disorders.

1.6 Thests motivation

In this thesis, I tackle how cancer predisposition syndromes reshape somatic mutation
accumulation and clonal selection prior to malignancy using both spatial computational
modeling and sequencing-based approaches. I focus primarily on two complementary ques-

tions: 1. How do germline driver mutations alter somatic mutation and clonal selection
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in normal tissues? 2. Can we leverage tissue clonal dynamics to maximize cancer preven-
tion in normal tissue? In answer to the first, I analyze multi-tissue duplex sequencing data
from a Li-Fraumeni syndrome family to define how an inherited TP53 variant alters so-
matic evolution in normal tissues. In answer to the second, I develop a quantitative agent-
based modeling framework to evaluate how gene correction strategies can reshape the com-
petitive dynamics within epithelial tissue and suppress cancer-associated mutational accu-

mulation in Fanconi Anemia oral mucosa.

1.7 Previous publication and co-authorship of dissertation content

This dissertation incorporates text and materials from the following previously published

and pre-print manuscripts [118; 119], with contributions from all authors:

e Hunter L. Colegrove, Marianne E. Dubard-Gault, Henry Marshall, Brendan F. Kohrn,
Thomas H. Smith, Zachary K. Norgaard, Fang Yin Lo, Elizabeth K. Schmidt, Ja-
cob E. Higgins, Charles C. Valentine, Desiree A. Marshall, John I. Clark, Eric Q.
Konnick, Jesse J. Salk, Marshall S. Horwitz, Raheleh Rahbari, Alison F. Feder, and
Rosa Ana Risques. Ultra-deep duplex sequencing reveals unique features of somatic
evolution in the normal tissues of a family with Li-Fraumeni syndrome. bioRxiv, Jan-
uary 2026. doi: 10.64898,/2026.01.12.699071

e Hunter L. Colegrove, Raymond J. Monnat Jr, and Alison F. Feder. Epithelial com-
petition determines gene therapy potential to suppress Fanconi Anemia oral cancer
risk. PLOS Computational Biology, 21(9):€1012915, September 2025. ISSN 1553-
7358. doi: 10.1371/journal.pcbi. 1012915
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Chapter 2

ULTRA-DEEP DUPLEX SEQUENCING REVEALS
UNIQUE FEATURES OF SOMATIC EVOLUTION IN
THE NORMAL TISSUES OF A FAMILY WITH
LI-FRAUMENI SYNDROME

2.1 Introduction

Li-Fraumeni syndrome (LFS) is a cancer predisposition syndrome caused by an inherited
or de novo germline pathogenic variant in TP53. Individuals with LFS are at risk of devel-
oping multiple cancer types starting early in life, with an up to 24 times higher incidence
of cancer than the general population [67, 69, 78]. The increased cancer risk is due to the
higher likelihood of completely inactivating TP53 via a second-hit mutation or loss of het-
erozygosity, given that the first copy is already mutated in all the cells in the organism
[56]. Despite the high cancer prevalence, relatively little is known about the early somatic
evolutionary processes that predate and ultimately lead to LF'S carcinogenesis, partly be-
cause LFS is rare and partly because most sequencing efforts profile cancers rather than
normal tissue [81, 120]. Recent deep-sequencing studies capable of detecting cellular clones
composed of only a few cells have revealed new insights into the mutational and selective
forces operating across diverse healthy tissues in the general population, shedding light on

how somatic variation arises and can later drive cancer development [7, 15, 46, 121|. Sim-
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ilar efforts to quantify somatic evolutionary processes in individuals with LF'S could lead
to a better understanding of their risk of cancer development and inform diagnostic and
monitoring strategies.

Deep sequencing of normal tissue in individuals with LFS offers a unique approach to
understand how a single altered copy of TP53 affects somatic evolution across tissues. So-
matic TP53 mutations are a common first hit across numerous cancer types in the general
population [51], and they may accelerate mutagenesis or clonal selection elsewhere in the
genome. Because all cells in individuals with LFS carry a germline TP53 variant, studying
somatic evolution in these individuals allows a comprehensive examination of how second-
hit mutations arise and expand. Further, when TP53 pathogenic variants are present in
the germline, carrier cells exist in all anatomical locations, providing an opportunity to un-
derstand how subsequent somatic evolutionary processes differ across tissue contexts and
predispose LFS individuals to specific cancer types [67].

However, the detection of somatic mutations in normal tissue is challenging because
those mutations are rare and escape detection by conventional sequencing methods. Du-
plex sequencing is an error correction sequencing method that enables ultradeep sequenc-
ing (> 10,000x) and unprecedented resolution for mutation detection [94]. Here, we use
duplex sequencing of multiple genomic regions in blood DNA from a family of individu-
als carrying the TP53 germline pathogenic variant ¢.542G>A (p.Argl81His or p.R181H
hereafter) and a cohort of unaffected individuals to identify differential patterns of somatic
mutation and selection in cells with and without TP53 p.R181H. Among inherited TP53
pathogenic variants, p.R181H is notable for its relatively high prevalence, partial loss-of-
function phenotype, reduced cancer penetrance, and later cancer onset compared to other
LFS-associated pathogenic variants |70, 79, 122, 123]. Despite attenuated effects, individ-
uals with germline partial loss-of-function TP53 variants such as p.R181H maintain sub-

stantially increased cancer risk compared to the general population, developing cancer at
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younger ages, especially breast cancer [124]. The p.R181H variant has also been associ-
ated with cancers outside the main LFS spectrum, including prostate, colorectal, and thy-
roid [125]. In the LFS family studied here, the proband developed esophageal cancer at
age 34 and succumbed to metastatic disease. Multi-tissue collection at autopsy and blood
samples procured from family members and healthy donors provided a valuable opportu-
nity to investigate mutagenesis and clonal expansions in the context of the TP53 p.R181H

germline variant.

2.2 Results

2.2.1 Ultra-deep sequencing of a family carrying p.R181H and healthy controls

The study included an individual with LF'S who carried the germline TP53 p.R181H pathogenic
variant and died of metastatic esophageal carcinoma at age 34, as well as members of his

family. Ultradeep DNA duplex sequencing of autopsy-collected tissues provided a unique
opportunity to investigate how the germline p.R181H status influences somatic evolution

and clonal dynamics in blood and solid tissues. Our cohort included the proband (LFS01),

two family members carrying the same pathogenic variant and not known to have cancer
(LFS02, LFS03), one relative without the pathogenic variant (RELO1), and seven addi-

tional unrelated healthy controls of variable age between 25 and 76 ((CON01-CONO07),

Figure 2.1A, Supplemental Table S1).
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Figure 2.1: Ultra-deep sequencing of somatic mutations in subjects with and without Li-Fraumeni Syndrome.

Figure 2.1: (A) The study included a Li-Fraumeni patient (LFS01, proband), his family (REL01, LFS01-02), and
7 unrelated controls (CONO01-07). The pedigree indicates germline TP53 p.R181H pathogenic variant carriers
and ages at sampling. Blood from all individuals, along with primary esophageal (red), metastatic (yellow),

and non-cancer (blue) tissues collected from the proband at autopsy, were analyzed with ultra-deep duplex
sequencing, which uses double stranded molecular tags that enable mutation calling in both strands of DNA
independently. *Tissues not shown in the diagram include skeletal muscle (right pectoralis), sun-exposed skin
(left shin), non-sun-exposed skin (left buttock), omentum, peritoneum, and testis. (B) Duplex sequencing was
performed with 3 different panel combinations depending on sample: TP53 panel only, TP53 panel with the
mutagenesis panel (MUT), or TP53 panel combined with both the MUT and the AML-29 Assay (CHIP) panel.
Duplex depth (calculated as the mean number of duplex reads per position) is shown for each sample. For
some tissues, two samples (labeled 1 or 2) were analyzed. Yellow line represents 1000x duplex depth sample
threshold. BM: bone marrow; WB: whole blood; PBMC: peripheral blood mononuclear cells; Esoph: esophagus;

Ca: cancer; Met: metastasis; Med: mediastinal; SkinNS: non-sun-exposed skin; Gast: gastric tissue.

Hematopoietic samples were collected from all study participants: buffy coat, plasma,
whole blood, and bone marrow from LFS01 and peripheral blood mononuclear cells (PBMCs)
from all other subjects (Figure 2.1B, Supplemental Table S2). Low frequency mutations
were detected on all hematopoietic samples using ultradeep duplex sequencing with two
targeted panels: 1) TwinStrand’s AML-29 Assay [126], a panel of 29 genes recurrently mu-
tated in acute myeloid leukemia (AML) and clonal hematopoiesis of indeterminate poten-

tial (CHIP, 59 kb footprint, Supplemental Table S3), referred to as CHIP genes hereafter;
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and 2) Twinstrand’s Human Mutagenesis Assay, which contains 20 genomic regions se-
lected to be an unbiased footprint of human genomic sequence contexts, avoiding repeats
and homopolymers, and with no known role in human cancer (48 kb footprint). The mean
duplex consensus sequencing depth (duplex depth) for hematopoietic samples was 15,683X
(12,606.X - 18,282X, Figure 2.1B). Most targeted genes and regions showed consistently
high depth across all samples (Supplemental Figure A.1A-B, Supplemental Table S4). The
extremely high depth of sequencing with these target panels enabled us to characterize
how the p.R181H variant impacts clonal evolution and mutagenesis in the blood. Unless
otherwise specified, all reported sequencing depths and mutation frequencies refer to du-
plex consensus sequences.

We also conducted extensive multi-tissue sampling in LFS01 (Figure 2.1A). Two pri-
mary esophageal tumor samples and four metastatic samples across three metastatic sites
(liver, lung, and mediastinal) were collected. In addition, an extensive range of 18 non-
cancerous samples spanning 16 tissues were collected (Supplemental Table S2). Duplex
sequencing of TP53 was performed in all samples, and a subset of 11 tissues (all tumor
and metastases plus five non-cancer samples: esophagus, liver, colon, sun-exposed skin,
and non-sun-exposed skin) were sequenced with the mutagenesis panel. The mean duplex
depth was 15,264.X. Four tissue samples had reduced coverage with depths between 2,118-
7,376X (thyroid, bronchus, colon, and non-sun-exposed skin, Figure 2.1B, Supplemental
Table S4), which was due to DNA loss during library preparation. Across all individuals,
tissue types, and sequencing panels, we identified 1,992 somatic coding mutations in CHIP
genes including TP53 and 6,487 somatic mutations in the mutagenesis panel (Supplemen-
tal Tables S5-S7). Sequencing also confirmed that all tissues from affected individuals were

heterozygous for TP53 R181H.
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2.2.2 Germline p.R181H does not affect most CHIP clonal expansion but is associated with
increased mutation frequency in the mutagenesis panel and reduced positive selection
in TP53

We first examined if the germline p.R181H variant altered the number of mutations ac-
quired in CHIP genes and the degree to which cells carrying those mutations could clon-
ally expand. To do so, we analyzed duplex sequencing of 29 genes associated with CHIP
and/or AML in hematopoietic samples, using buffy coat from LFS01 as the closest com-
parable sample to the PBMCs analyzed from all other subjects. The number of muta-
tions in the coding regions of CHIP genes varied across individuals, with more mutations
found in samples from older individuals and in the blood of LFS01 (Figure 2.2A). How-
ever, this excess of mutations could be due to multiple confounders, including higher se-
quencing depth and exposure to chemotherapy. To control for differences in sequencing
depth, for each sample we calculated CHIP Mutation Frequency (MF) as the number of
coding mutations identified in CHIP genes divided by the total number of nucleotides se-
quenced in the coding regions of those genes. CHIP MF significantly increased with age
(Figure 2.2B). The association with age was also significant for mutations in DNMTS3A
and TET2 (Supplemental Figure A.2), which are some of the most common CHIP genes
in the population [127]. Multivariate analysis demonstrated that CHIP MF was associated
with age and chemotherapy but not with the germline p.R181H variant (Figure 2.2C, Sup-
plemental Table S8). To determine if the p.R181H variant affected not just the number
of mutant clones but also their degree of clonal expansion, we quantified CHIP Mutation
Burden (MB), which takes into consideration the number of mutations and the clone size.
CHIP MB was calculated as the total number of duplex reads with coding mutations in
any CHIP gene divided by the total number of coding nucleotides sequenced. CHIP MB
was significantly associated with age in univariate and multivariate models but it was not

associated with chemotherapy or the p.R181H variant (Supplemental Figure A.3, Supple-
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mental Table S8).
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Figure 2.2: Ultra-deep characterization of CHIP mutation and selection in the blood of individuals with and

without Li-Fraumeni Syndrome.
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Figure 2.2: (A) Number of coding mutations in CHIP and/or AML-associated genes by individual. Heatmap
indicates age and average duplex sequencing depth across CHIP panel genes. Li-Fraumeni Syndrome (LFS)
and chemotherapy history (CTx) are indicated by the color of the squares. (B,D) Linear regressions of coding
CHIP mutation frequency (MF) (B) and mutagenesis panel MF (D) with age. Circles are colored by LFS status
and filled circles indicate CTx history. Age-associated baseline regression is fit using all individuals and linear
regression p-value is indicated. (C,E) Multiple regressions of coding CHIP MF (C) and mutagenesis panel MF
(E) using age (scaled by decade), LFS, and CTx status as covariates. MF was scaled per 10,000,000 bases.
Asterisks indicate significance value (*p< 0.05, **p<  0.01) and error bars indicate 95% confidence intervals.
(F) Proportion of mutations associated with a mutational signature using mSigHDP by subject and tissue. (G)
Mutational spectra of SBSG. The full 96 trinucleotide substitution spectra are shown, but only the six base
substitution classes are labeled. (H) dN/dS grouped by gene and germline TP53 p.R181H status. Error bars
indicate the interquartile range of dN/dS values obtained through bootstrap resampling. Error bars extend
beyond the plotted range for DNMTS3A. Fraction indicates the number of observed non-synonymous (top) and

synonymous (bottom) mutations used in calculation. Dotted line indicates absence of selection (dN/dS=1).

In addition to CHIP genes, hematopoietic samples were also sequenced with a muta-
genesis panel covering twenty 2.4kb targets avoiding genomic regions under strong selec-
tion to serve as a genome-representative cross section of mutational contexts [128]. So-
matic mutations identified in those regions were used to calculate a MF (see Methods)
called “mutagenesis MF” to distinguish it from CHIP MF. Mutagenesis MF was signifi-
cantly associated with age in univariate and multivariate models and, interestingly, it was
also associated with the germline p.R181H variant but not with chemotherapy (Figure
2.2D-E, Supplemental Table S8). Overall, these results indicate that the germline p.R181H
variant does not globally elevate the number or size of CHIP clones but it is associated
with more mutations across the genome (Figure 2.2E).

Given that the p.R181H variant status was associated with elevated mutagenesis MF,
we considered that the presence or intensity of active mutational signatures may differ
based on carrier status. We performed de novo single base signature extraction using Mu-

tational Signature Hierarchical Dirichlet Process (msigHDP), a Bayesian model employed
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for de novo extraction of mutational signatures, on the mutations identified with the CHIP
and mutagenesis panels (Figure 2.2F). Additional hematopoietic samples were analyzed for
mutational signatures including plasma, whole blood, and bone marrow from LFS01. Ex-
tracted signatures resembled COSMIC signatures SBS1, SBS5, SBS7a and one signature
(reported here as SBSG, Figure 2.2G) previously linked to 5-fluorouracil chemotherapeutic
exposure [10]. Clocklike signatures SBS1 and SBS5 were detected in all samples, with sim-
ilar relative contribution in p.R181H carriers vs non-carriers (mean SBS1 and SBS5 pro-
portion in carriers are 10.5% and 63.8% vs 19.5% and 71.6% in non-carriers, respectively).
SBS7a was discovered in five individuals. SBS7a is caused by exposure to ultraviolet light
and potentially reflects skin resident T cells recirculating into the blood [11]. Two sam-
ples from LFSO01 (buffy coat and plasma) showed evidence of chemotherapeutic signature
SBSG, but no other p.R181H carrier-specific mutational signatures were detected across
the affected individuals. However, we further tested for differences between the underlying
mutational profiles found in p.R181H carriers and non-p.R181H carriers using the random-
ization test AMSD and found a small but significant difference between signatures based
on carrier status (cosine similarity of 0.919, p = 0. 032, [129]), potentially driven by the
presence of SBSG in LFS01 or the absence of SBS7a. We therefore conclude that while
the p.R181H variant may be associated with minor alterations in mutational processes, no
single mutational signature clearly explains the difference.

Next, we examined if the p.R181H variant might affect positive selection in specific
CHIP-associated genes, even if it did not appear to associate significantly with clonal ex-
pansions across the panel as a whole. For genes with at least 10 mutations in p.R181H
carriers and non-carriers, we computed dN/dS in both groups to look for evidence of car-
rier status-specific positive selection. dN/dS revealed positive selection in DNMT3A and
TET?2 and negative selection in GATAZ2, but these findings were comparable between p.R181H

carriers and non-carriers. Two genes, however, had non-overlapping bootstrapped interquar-
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tile ranges between the two groups: RAD21 and TP53 (Figure 2.2H). RAD21 showed
more evidence for positive selection among p.R181H carriers whereas TP53 showed more
evidence for positive selection among p.R181H non-carriers.

Nevertheless, pathogenicity analyses did not show significant differences in pathogenic-
ity scores or percentage of pathogenic mutations for each gene between p.R181H carri-
ers and non-carriers (Supplemental Figure A.4). The gene with the most pathogenic mu-
tations was DNMTS3A and the gene with the least pathogenic mutations was GATA2,
supporting the dN/dS-based evidence of strong, but p.R181H independent, positive and
negative selection in these genes, respectively (Figure 2.2H). While positive selection for
DNMT3A is well-recognized [127], the negative selection of GATAZ has not been observed
in population-based somatic sequencing and highlights a striking divergence in selective
pressures across genes operating within healthy tissues. Nevertheless, the selection dynam-
ics on CHIP genes in the blood is mostly unchanged by germline p.R181H status with the
exception of RAD21 mutations, which are suggestive of positive selection in p.R181H car-
riers, and T'P53 mutations, which appear to have reduced positive selection in p.R181H

carriers.

2.2.8 Chemotherapy increases TP53 clonal expansions in the blood of a germline p. R181H
carrier and non-carrier

Given the central role of TP53 in LFS and the observed differences in TP53 dN/dS be-
tween LFS and non-LFS groups, we further characterized the individual somatic TP53
mutations identified in blood within this cohort.

Each individual carried between 2 and 20 TP53 coding mutations in blood, with the
highest counts observed in the two individuals with previous chemotherapy exposure (LFS01
and CONO7, Figure 2.3A). Most mutations appeared to be pathogenic based on mutation

type and the AlphaMissense algorithm (see Methods, Figure 2.3A) and they clustered in
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the DNA binding domain of the protein (75% compared to 46% expected, binomial test,

p = 1075 Figure 2.3B-C). The observed missense mutations, especially those seen on more

than one duplex read, were enriched for higher pathogenicity scores compared to the dis-

tribution of scores for all possible TP53 single-nucleotide substitutions (Figure 2.3D).

These results suggest that the T'P53 mutations observed in the blood mostly correspond

to positively selected pathogenic somatic mutations.
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Figure 2.3: Ultra-deep characterization of TP53 mutation and selection in the blood of individuals with and

without Li-Fraumeni Syndrome.



Figure 2.3: (A) Number, size, and pathogenicity of coding TP53 mutations by individual. Each box represents
a unique TP53 mutation within an individual. Box color indicates pathogenicity based on mutation type and
AlphaMissense scores (see Methods). The number inside of each box represents the number of duplex reads
supporting the mutation. Mutations seen in more than 1 duplex read are considered large clones. Heatmap
indicates age and average duplex sequencing depth of TP53. Li-Fraumeni Syndrome (LFS) and chemother-
apy history (CTx) are indicated by the color of the squares. (B) Single nucleotide variant (SNV) counts within
the TP53 coding region across all individuals (top) and mutation counts in the COSMIC database (bottom) by
codon position. Major functional regions shown: topologically associating domain (TAD), DNA-binding domain
(DBD), and tetramerization motif. (C) Expected and observed SNV proportion within the DNA-binding domain
of TP53. Expected proportion corresponds to the DNA-binding domain’s base pair proportion of the total TP53
coding region. Binomial test p-value and error bars representing 95% confidence interval are shown. (D) Al-
phaMissense pathogenicity scores of all possible TP53 missense mutations, missense mutations observed

in one duplex read, and missense mutations observed in > 1 duplex read. (E,F) Linear regressions of coding
TP53 mutation frequency (MF) (E) and non-coding TP53 MF (F) with age. Circles are colored by LFS status
and filled circles indicate CTx history. Age-associated baseline regression is fit using all individuals and linear
regression p-value is indicated. (G,H) Multiple regressions of coding TP53 MF (G) and non-coding TP53 MF
(H) using age (scaled by decades), LFS, and CTx status as covariates. For MF calculations, sequencing depth
was scaled per 10,000,000 bases. Asterisks indicate significance value (*p< 0.05, **p<  0.01, ***p< 0.0001)
and error bars indicate 95% confidence intervals. (I) Ratio of TP53 coding and non-coding MF by LFS status.
(J) TP53 dN/dS grouped by germline p.R181H status and CTx status. Error bars indicate the interquartile
range of dN/dS values obtained through bootstrap resampling. Fraction indicates the number of observed non-
synonymous (top) and synonymous (bottom) mutations used in calculation. Inset shows a magnified view of the
no-CTx groups only. (K) AlphaMissense pathogenicity scores of observed TP53 SNVs by germline p.R181H

status and CTx status.

Given that observed TP53 coding mutations appear to be positively selected, we next
calculated TP53 coding and non-coding MF in blood samples (the latter counting only
non-coding mutations captured by the TP53 panel, Supplemental Table S9) to better re-
solve the contribution of selection and baseline mutagenesis respectively. Similar to the
CHIP-panel results in aggregate, TP53 coding and non-coding MF increased with age, al-
though not significantly (Figure 2.3E-F). In multivariate models, TP53 coding MF was

only significantly associated with chemotherapy whereas TP53 non-coding MF was asso-
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ciated with p.R181H status (Figure 2.3G-H, Supplemental Table S8), mirroring the asso-
ciations observed in the CHIP panel more broadly. To enable a better understanding of
the relationship between T'P53 coding and non-coding MF based on LFS status, we cal-
culated the ratio of TP53 coding to non-coding MF for each individual (Figure 2.3I). We
observed that chemotherapy increases the ratio regardless of LFS status, concordant with
chemotherapy promoting the expansion of TP5% mutant clones. Additionally, we observed
that most individuals without LFS and no chemotherapy had a ratio >1 whereas the two
individuals with LFS and no chemotherapy had a ratio <1.

These results agree with the prior observation of reduced positive selection of TP53
mutations in the blood of LFS individuals (Figure 2.2F) and indicate that, to properly
compare dN/dS between groups, the individuals with chemotherapy should be considered
separately. Thus, we recalculated the dN/dS for TP53% mutations in blood by separating
LFS and chemotherapy status (Figure 2.3J). We observed that chemotherapy greatly in-
creased dN/dS across both LFS and non-LFS relative to their respective no chemotherapy
groups. This supports chemotherapy as a promoter of the expansion of clones with TP53
pathogenic mutations. Without the confounding of chemotherapy, we observed reduced
positive selection in LFS individuals compared to non-LFS individuals (Figure 2.3J). Con-
sistent with the dN/dS result, pathogenicity scores demonstrated high levels for individu-
als with chemotherapy and lower levels for individuals without chemotherapy with the low-
est proportion of TP53 pathogenic mutations found in LFS individuals without chemother-
apy (Figure 2.3K).

In summary, the two LFS individuals without chemotherapy (LFS02 and LFS03) had
high levels of non-coding mutations and no comparable increase of TP53 coding muta-
tions. Only 4/7 (57%) of the TP53 coding mutations found were non-synonymous com-
pared with 20/24 (83%) in non-LFS patients (20/24). While the difference was not statis-

tically significant, it explains the lower dN/dS values observed in these individuals.
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Overall, these results suggest that the p.R181H germline variant might be associ-
ated with an increase in mutagenesis but a reduction in the positive selection of TP53
pathogenic clones. Unfortunately, the strong selective action of chemotherapy precludes

confirmation of this finding in the blood of the treated patient.

2.2.4  Mutation frequency and signatures vary across tissue contexts

A unique feature of this study was the availability of both normal and cancerous tissue
from 22 different anatomical locations (Figure 2.1A-B), which enabled us to explore TP53
somatic evolution across different tissues in the context of a germline p.R181H pathogenic
variant. We discovered considerable variation in the number of somatic TP53 mutations
in different tissues (Figure 2.4A). The majority of these mutations were missense, many
of which were classified as pathogenic by AlphaMissense (Figure 2.4A). Sun-exposed skin
contained more than twice as many 7T'P53 mutations as the next most mutated sample.
Many of these mutations were CC>TT dinucleotide variants, likely related to UV-induced
mutagenesis (Figure 2.4B). Four samples had disproportionately low sequencing depth
compared to the rest (Figure 2.4A), which likely was responsible for their low mutation
count. These samples were discarded for mutation frequency analyses. For the rest of the
samples, we calculated TP53 coding and non-coding MF (Figure 2.4C, Supplemental Ta-
ble S10). With the exception of sun-exposed skin, samples had relatively low and homoge-
neous levels of non-coding MF (mean: 1.37 * 1077). TP53 coding MF was low and com-
parable to non-coding MF in bone marrow, peritoneum, testis, kidney and some cancerous
samples. In contrast, TP53 coding MF was elevated in sun-exposed skin, peripheral blood
samples (whole blood, buffy coat and plasma), and normal esophagus, which was the tis-
sue of origin of the cancer. Interestingly, the patient had chronic gastritis and TP53 cod-
ing MF was also elevated in the two normal gastric samples. The primary and metastatic

cancer samples did not have higher TP53 coding MF compared to healthy tissues. All
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cancer and metastatic samples, however, had loss of heterozygosity (LOH) of the wild-type
TP53 allele as reflected by variant allele frequencies >0.5 for the germline p.R181H vari-
ant (Supplemental Figure A.5). These results indicate that the loss of the wild-type allele
likely drove tumorigenesis in this individual. LOH-driven carcinogenesis may also explain
the lower coding MF of the primary tumor compared to non-cancer esophagus as biallelic
TP53 inactivation may eliminate the selective advantage for additional TP53 pathogenic
mutations. Several non-cancer tissue samples (lung, bronchi, esophagus, omentum, and
gastric tissue) also showed variant allele frequencies >0.5 for p.R181H which might reflect
early LOH expansion or, most likely, cancer dissemination (micrometastases) in those tis-
sues, which are in proximal location to the primary and metastatic sites.

Mutational signature extraction and decomposition across a subset of the sampled
tissues further supported variation in active mutational processes in different tissue con-
texts (Figure 2.4D). All tissues contained clocklike mutational signatures SBS1 and SBS5,
with SBS5 being more prevalent than SBS1 in all tissues. As expected, mutations in sun-
exposed skin were dominated by UV-associated signatures SBS7a/b/d. Both primary esophageal
cancer samples, four metastatic cancer samples and one healthy esophageal sample showed
contributions from SBS17a/b, which have previously been linked to esophageal carcinoma
and premalignant Barrett’s esophagus [130]. SBS17b has also been associated with 5-FU
treatment [9], making it difficult to unambiguously disentangle the observed drivers of mu-
tagenesis. The high resemblance in mutational signatures between replicate samples (two
esophageal cancer samples and two liver metastases) demonstrates the robustness of our
approach for high resolution mutation detection and signature extraction and decomposi-

tion.
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Figure 2.4: Multi-tissue ultra-deep characterization of TP53 mutation and selection in an individual with Li-

Fraumeni Syndrome and esophageal adenocarcinoma.
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Figure 2.4: (A) Number, size, and pathogenicity of coding TP53 mutations by tissue in LFS01. Each box rep-
resents a unique TP53 mutation within a tissue. Box color indicates pathogenicity based on mutation type and
AlphaMissense score (see Methods). Mutations seen in more than 1 duplex read are considered large clones.
Heatmaps indicate duplex depth (purple) and mutation frequency (MF, black). Bar plot represents the proportion
of TP53 mutation type by tissue. Cancer samples indicated in red text. (B) TP53 dinucleotide variant counts by
tissue in which they were observed. (C) TP53 coding and non-coding MF by tissue. (D) Proportion of mutations
associated with a mutational signature using mSigHDP. Only samples sequenced with TP53+MUT panel were
included. Cancer samples indicated in red text. (E) Single nucleotide variant (SNV) counts within the TP53 cod-
ing region across all tissues in LFS01 (top) and mutation counts in the COSMIC database (bottom) by codon
position. Major functional regions shown: topologically associating domain (TAD), DNA-binding domain (DBD),
and tetramerization motif. (F) Expected and observed SNV proportion within the DNA-binding domain of TP53.
Expected proportion corresponds to the DNA-binding domain’s base pair proportion of the total TP53 coding re-
gion. Binomial test p-value and error bars representing 95% confidence interval are shown. (G) AlphaMissense
pathogenicity scores of all possible TP53 SNVs, SNVs observed in one duplex read, and SNVs observed in > 1
duplex read. (H) Size and tissue location of TP53 mutations by amino acid substitution at codon position 248.
The number inside of each box represents the number of duplex reads associated with that given mutation.
Cancer samples indicated in red text. (I) TP53 dN/dS grouped by tissue categories, with all tissues aggregated
within All. Error bars indicate the interquartile range of dN/dS values obtained through bootstrap resampling.
Fraction indicates the number of observed non-synonymous (top) and synonymous (bottom) mutations used

in calculation. (J) Phasing analysis schematic. The chromosome copy carrying p.R181H and non-carrier copy
may acquire new somatic mutations (yellow). When a somatic mutation is observed on the same duplex read
as the germline mutation site, the allelic phase relative to p.R181H can be determined. (K) Number of somatic
TP53 mutations phased on the carrier copy, non-carrier copy, or not capable of being phased. Binomial test

significance between alleles indicated with p-value.
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2.2.5 TP53 R248Q/W is a mutational hotspot recurrently found in several tissues

A powerful attribute of examining multiple tissues from a single individual is the ability

to characterize evolutionary processes of particular genetic alterations occurring indepen-
dently in matched genetic backgrounds, potentially indicating their selective importance.
We therefore examined if the observed mutations preferentially clustered in particular re-
gions of TP53. The majority of discovered SNVs were observed in the DNA-binding do-
main, similar to TP53 mutations in COSMIC as a whole (Figure 2.4E), our findings in
blood (Figure 2.3B), and in prior studies of somatic TP53 mutations in normal tissue

[39, 46, 131]. The enrichment of TP53 mutations in the DNA-binding domain was statis-
tically significant (Figure 2.4F) indicating positive selection of functionally disruptive mu-
tations as a second hit in the context of a germline p.R181H background. In addition, ob-
served mutations were enriched for higher AlphaMissense scores than expected compared
to the distribution of scores for all possible TP53 single-nucleotide substitutions, especially
if the mutations were supported by more than one duplex read, indicating the expansion of
pathogenic clones (Figure 2.4G). Strikingly, we found that 18/28 tissue samples contained
a mutation at codon 248, the second most widely-mutated TP53 hotspot in the COSMIC
database (Figure 2.4E,H). We observed two different amino acid identities (p.R248(Q and
p.R248W), both of which are inactivating and dominant negative (21,31,32).

R248Q) was observed more frequently than R248W across tissue contexts, although
the plasma sample contained both simultaneously (Figure 2.4H). While these mutations
remained at low variant allele frequencies that would be undetectable by standard se-
quencing methods, 9/19 were observed in >1 duplex read, indicating some degree of clonal
expansion. While it is possible for leukocyte clones to infiltrate the tissues and be sam-
pled and detected by ultra-deep sequencing, it is unlikely for a clone of such low variant
allele frequency (<0.0008) to repeatedly be sampled across different tissues. In addition,

we found little evidence that biological or technical contamination was responsible for
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this widespread mutational sharing, as most other mutations in the blood were not found
across tissues (Supplemental Figure A.6). In general, no other mutation showed such a
widespread presence across tissues. The second most frequent mutation was S314F, which
was found only in four tissues (Supplemental Figure A.7). These results broadly suggest
convergent evolution favoring disruption of R248 across diverse tissue contexts in the back-

ground of a germline p.R181H variant.

2.2.6  Chromosomal but not tissue-context accounts for differences in selection pressures in

TP53

We next examined if TP53 mutations were subject to different selective pressures across
tissue contexts. To ensure sufficiently large sample sizes for robust computation of dN/dS,
we aggregated samples into the larger anatomical categorizations of blood, solid tissues,
sun-exposed skin, and cancer (Supplemental Table S11). Consistent with our blood find-
ings for LFS01 (Figure 2.3J), we found significant elevation of dN/dS across multiple tis-
sue contexts, suggesting positive selection for secondary TP53 mutations (Figure 2.41).
Given the negative selection for TP53 mutations observed in the blood of p.R181H carri-
ers without chemotherapy, it is likely the positive selection observed in these samples to
be a consequence of chemotherapy exposure. The magnitude of dN/dS was similar across
tissue groupings, although these groupings may mask more localized tissue effects.
Finally, using the large sample size of T'/P53 mutations observed across tissues in all
LF'S individuals within our cohort, we asked if the chromosomal context of TP53 mu-
tations affected their ability to rise to observable frequencies. Specifically, we hypothe-
sized that there might be greater positive selection for TP53 mutations occurring on the
chromosomal copy not already carrying p.R181H, as opposed to the partially inactivated
p.R181H carrier copy (Figure 2.4J). The relatively short length of duplex reads limited

the number of somatic mutations that could be confidently phased to 29. Of these muta-
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tions, significantly more (25/29; binomial test, p = 0. 0001) occurred on the chromosomal
copy not already carrying p.R181H, indicating increased selection for second hit mutations
affecting the non-carrier TP53 copy (Figure 2.4K). This significant allelic imbalance sup-

ports ongoing selection for second-hit 7T'P53 inactivating mutations in cells with p.R181H.

2.3 Discussion

Ultra-deep sequencing of normal tissues has revealed that somatic evolution is widespread
[15, 39, 46]. Measuring mutational and selective processes across tissues, sexes, environ-
mental exposures and populations is providing new understanding of the mechanisms driv-
ing cancer formation |7, 121, 132]. Here, we apply this ultra-deep sequencing approach to
investigate somatic evolution in a family of individuals with Li-Fraumeni Syndrome caused
by the germline TP53 pathogenic variant p.R181H, one of the most prevalent mutations
causing cancer predisposition |79, 124, 133]. We find that the germline p.R181H variant is
associated with increased mutational frequency in the mutagenesis panel but not in the
coding regions of CHIP and/or AML-related genes. A stark exception, however, is the
study proband, who had a large number of mutations in CHIP panel genes likely related
to chemotherapy exposure, which precluded disambiguation of the effect of the germline
mutation vs the cancer treatment. Despite that limitation, we observed an interesting pat-
tern of second hit mutations in the proband with recurrent pathogenic substitutions in
p.-R248 across tissues. We also confirm expected patterns of somatic evolution in p.R181H
carriers and non-carriers that suggest our analyses are robust, including the finding of
chemotherapy mutational signatures in blood, UV light signatures in sun-exposed skin,
increased mutation frequency with age, and positive selection in DNMT3A and TET?2, the
most common CHIP genes [22, 24]. In addition, we report the novel observation of strong

negative selection in GATA2, which is consistent with its essential role in hematopoietic
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stem cell survival [134] and implies that even low-frequency deleterious variants are likely
purged before clonal expansion can occur. Conversely, the enrichment of DNMTS3A muta-
tions mirrors its well-established role as an early driver in CHIP. Together, these findings
underscore that the mutational landscape in healthy individuals already reflects lineage-
defining constraints that foreshadow later MDS/AML evolution, and that this landscape
does not appear to be perturbed by the germline 7P53 p.R181H variant.

The increased frequency of mutations in the mutagenesis panel for LFS carriers indi-
cates that p.R181H may affect mutagenesis. The primary phenotypic alterations of R181H
mutants are their inability to transactivate p53 target genes and initiate cell cycle arrest,
although these effects may be lessened in a heterozygous state [133]. A potential result
of this could be the accumulation of mutations in cells that would otherwise not proceed
through division, although it is unclear why this would lead to an observed increase in the
frequency of mutations in the mutagenesis panel, but not the CHIP panel. One possibil-
ity is that increased mutagenesis affects both panels, but the patterns in coding regions
are obscured by the dynamics of selection. This would be consistent with the findings of
reduced positive selection for TP5% in the relatives with germline p.R181H although it is
unclear whether this would apply to other genes as well. Sequencing of more p.R181H car-
riers without chemotherapy exposure as well as different tissue samples and genes would
be key to further explore these findings.

We found divergent strengths of positive selection on T'P53 mutations between the
proband LFSO01 and their relatives LFS02 and LFS03, all p.R181H carriers. The relatives
showed reduced positive selection in TP53, as evidenced by a deficit of coding mutations,
dN/dS < 1, and lower predicted mutational pathogenicity compared to LFS01 and the
non-p.R181H carriers profiled. In contrast, LFS01 showed abundant evidence for positive
selection in TP53 both in the blood and across tissues. A likely driver of these divergent

dynamics is that LFS01 is the only relative to have received chemotherapy, which has been
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extensively shown to be associated with TP53 clonal expansions [36-38, 80|. Finding re-
duced positive selection for TP53 mutations among untreated individuals carrying the
p.R181H variant may point to the importance of LOH rather than secondary SNVs to in-
activate the second copy of TP53. It has been reported that loss of heterozygosity of TP53
is an early and near-ubiquitous event in LFS cancers [81] and LOH was indeed the sec-
ond hit in the tumor of the study proband. While LOH might be the critical second hit in
the progression to cancer, we did find some evidence that SNV-based TP53 mutations are
important in p.R181H carriers. We found a surprising recurrence of the p.R248Q/W mu-
tations and we demonstrate that most SNVs occur in the alternate allele carrying the W'T
R181 amino acid. These results suggest that second hit TP53 mutations do initiate clonal
expansions but to what extent this is restricted to the selective pressure of chemotherapy
is unknown.

Profiling cancerous and healthy tissue samples from distinct anatomical locations
revealed some expected differences in the mutational and selective patterns of different
organs in a p.R181H donor. Specifically, we observed greater intensity of CC>TT dinu-
cleotide variants associated with UV-induced mutagenesis in the skin, and cancer-specific
mutational signatures in tumor samples. We also observed that the biopsies with the high-
est levels of TP53 mutation frequency, aside from sun-exposed skin, were those procured
from the esophagus and the stomach. Interestingly, the patient had chronic acid reflux,
which is a risk factor for esophageal cancer, and chronic gastritis. Both conditions are as-
sociated with a carcinogenic process driven by TP53 mutations, although in the esopha-
gus, this typically involves Barrett’s metaplasia [135, 136] and in the stomach it is often
related to Helicobacter pylori infection [137, 138]. However, pathological assessment of the
tissues did not identify Barrett’s esophagus or H. pylori infection in this patient. Never-
theless two independent biopsies of these two tissues showed high levels of TP53 mutation

supporting the link between chronic tissue damage and TP53 clonal expansion. We could
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speculate that the germline p.R181H variant might have contributed to a faster carcino-
genic process in the esophagus in the context of preexisting epithelial damage, but func-
tional studies would be needed to test this hypothesis. Regarding selection, we did not ob-
serve differences across tissues using dN/dS calculations. However, these calculations were
performed by grouping mutations into tissue categories due to sample size considerations,
which might have hidden associations present only in specific anatomical locations or cell
types. In addition, these associations might also be overshadowed by the selective effect of
chemotherapy. Access to normal tissue of LFS subjects without chemotherapy and sam-
pling of multiple biopsies will be key to solve these questions in future studies.

Examining multiple tissues from a single individual also revealed widespread paral-
lelism in the clonal evolutionary processes, especially for TP53 mutations p.R248Q/W
which was found in >60% of LFSO01 tissues. These mutations are dominant negative, as-
sociated with increased cellular proliferation and reduced apoptotic response [55, 126,

139, 140], and are widely mutated in human cancers. Given their prevalence in cancer, it
may be unsurprising to observe their simultaneous expansions in multiple normal tissues.
However, we did not see similar expansions at other putatively dominant negative TP53
hotspots (i.e., R175H, Y220C, M2371, R273H, R282W), potentially pointing to a distinct
interaction between p.R181H and p.R248Q/W. While this finding could be the result of
technical or biological cross-contamination across samples, both possibilities seem un-

likely given SNP quality control, the lack of other shared mutations across tissues, and the
low variant allele frequency of p.R248Q/W in all samples. It would be of interest to see
whether similar preferences for second hits are observed for other TP53 germline pathogenic
variants.

The study had some limitations. First, while we had control samples for blood, we
did not have control samples for the normal tissue, and available studies with comparable

sequencing depths in concordant tissues are non-existent. Second, LFS01 had chemother-
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apy, confounding potential selective dynamics in a p.R181H background. Inclusion of a
chemotherapy exposed control (CON07) was useful to partially delineate the selective ef-
fects in blood, but further studies would benefit from sampling normal tissue in LFS pa-
tients prior to chemotherapy. Blood, buccal swabs, urine, and biopsies from colonoscopies
are all feasible procedures for normal tissue collection. Lastly, tissues were only sequenced
for TP53 and a subset for the mutagenesis panel. Now that sequencing is more affordable,
extended panels are likely to provide more comprehensive information. Additionally, we
only profiled one LFS pathogenic germline variant. While this is one of the more common
germline T'P53 pathogenic variants, it also is unusual in its reduced penetrance, atypical
cancer profile, and later age onset of cancer [70, 79, 122, 123]. Profiling somatic evolution
in people with LFS and different germline TP53 pathogenic variants will be necessary to
understand the generalizability of our findings related to the increased non-coding muta-
genesis, the lessening of T'P53 mutation selection, and the preference for second hits in
p-R248. Other germline variants with higher penetrance might lead to different pheno-
types that could be exploited to personalize surveillance and cancer prevention.

In summary, we demonstrate how ultra-deep sequencing can reveal the evolutionary
processes operating in healthy and cancerous tissues of individuals carrying the germline
TP53 p.R181H variant. This study paves the way for other analyses in LFS patients and
other cancer predisposition syndromes. We discovered distinct features of mutagenesis and
selection in LFS tissues, which reflect underlying biological processes that are incompletely

understood and deserve further investigation.
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2.4 Materials & Methods

2.4.1 Sample collection

The study includes samples collected at autopsy from a male patient known to have LFS,
who died from metastatic esophageal cancer at the age of 34 (23 normal tissues, 6 tumor
tissues) (Figure 2.1, Supplemental Tables S1 and S2). The study also includes blood sam-
ples (PBMCs) collected from three family members and from 7 unrelated control donors
(Figure 2.1, Supplemental Tables S1 and S2). Samples from the LFS-affected patient were
collected through the willed body program at UW. The collection and analysis of sam-
ples from the patient, family members and donors was approved under IRB study number
STUDY00020611.

Anatomic samples from the LFS-affected patient were collected at autopsy and im-
mediately frozen at -80°C with an estimated post-mortem interval of 22h. The patient
had a smoking history, chronic acid reflux, and chronic gastritis. Gastric tissue immuno-
histochemistry was negative for Helicobacter pylori and there was no evidence of goblet
cell metaplasia or Barrett’s esophagus. The main tumor was moderately differentiated
(grade II of III) adenocarcinoma in esophageal/gastric junction in a background of glandu-
lar dysplasia and ulceration. There was a satellite nodule in the cardia of the stomach 10
mm away from the lower border of the main cancer. The nodule had high-grade glandu-
lar dysplasia which is a precancerous lesion to adenocarcinoma. The patient had received
chemotherapy consisting of folinic acid/5-fluorouracil/oxaliplatin (FOLFOX) for six cycles,
followed by treatment with folinic acid/5-fluorouracil/oxaliplatin, and achieved a partial
response. As disease progressed, he was treated with a regimen consisting of ramucirum-
ab/docetaxel /zoledronic acid and received palliative radiotherapy for metastatic bone le-
sions. None of the other subjects in the study had cancer except for the 76-year-old con-

trol donor, who had a history of non-Hodgkin lymphoma and was treated with two cycles
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of cyclophosphamide/doxorubicin/vincristine /prednisone (CHOP).
Frozen solid tissue samples were manually macrodissected using tissue punchers for a
target size of 3mm? or ~ 25 mg of tissue. Single use tools were used to avoid cross-contamination
between samples. Tissue DNA was extracted using the DNeasy Blood and Tissue Qiagen
kit following the tissue protocol. Hematopoietic samples from the patient (whole blood,
buffy coat, plasma, bone marrow) and PBMCs from family members and donors were
also extracted with the DNeasy Blood and Tissue Qiagen kit following the blood proto-
col (buffy coat) or the cell protocol (rest of samples). DNA was quantified with a Thermo

Qubit and quality checked with an Agilent TapeStation Genomic Tape.

2.4.2  Duplex sequencing and variant calling

Libraries for duplex sequencing were prepared using TwinStrand kits (V1 chemistry) with
500ng input DNA. Libraries were captured with 3 different panel combinations depending
on the sample type (Supplemental Table S2). All solid tissue samples were captured with
the TP53 panel, which includes the coding region and adjacent non-coding areas of the
TP53 gene (~3,000 bp). The tumor tissues and a subset of normal tissues were captured
with the TP53 panel and a mutagenesis panel (TwinStrand’s Human Mutagenesis Assay),
which includes probes covering 20 human genome regions spanning across 20 chromosomes
designed to be an unbiased representation of sequence contexts and covering no loci with
known selective advantages (48,000 bp, [128]). All blood samples were captured with the
mutagenesis panel and a CHIP panel that includes the full coding sequence or hotspots

of 29 genes recurrently mutated in adult AML and CHIP (TwinStrand’s AML-29 Assay,
~59,000 bp). The CHIP panel includes TP53 probes. Briefly, samples were digested with
enzymatic fragmentation, end-repaired, A-tailed, ligated to TS adapters, amplified, and
captured by hybridization with the corresponding probe panels. Two rounds of capture

were performed to increase on-target reads. Then libraries were amplified, quantified, and
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pooled for sequencing on an Illumina NovaSeq 6000 using S4 flow cells. Raw reads were
processed with the DNAnexus platform for duplex sequencing analysis with TwinStrand
software version 3.20.1, which uses a variant caller based on VarDict [141]. The pipeline
produced duplex error-corrected VCF and depth by position files, which were used for

downstream analyses.

2.4.3 Mutation classification and pathogenicity

VCF file outputs were converted to MAF files for each sample with Vef2Maf v1.6.22 us-
ing the Ensembl Variant Effect Predictor (VEP) tool version 112 to assign variant conse-
quences. For each mutation, the variant allele frequency was determined by calculating the
ratio of mutant duplex reads to the total duplex depth at the corresponding mutated posi-
tion. Variants were discarded if they were in positions with depth lower than 1000 duplex
reads, a no call fraction greater than 0.1, a variant allele frequency greater than 0.3 (cor-
responding to germline polymorphisms), or located in repeat regions defined using UCSC
RepeatMasker and regions associated with known sequencing artifacts (bedfile provided at
https://github.com/Colegrove/LiFraumeni evolution/inputs/BEDs/LiFraumeni.mask.bed).
To account for sequencing artifacts from potentially problematic regions, variants were
discarded if they appeared in three or more samples and the DN Anexus-hosted pipeline
annotated them as having 8 or more mismatches in the duplex read containing the muta-
tion, suggesting a consistent pattern of mismatches. To account for potential SNP cross-
contamination, variants at frequency greater than 0.3 in any sample were excluded from
all other samples. Variants located within coding exons or extending up to two nucleotides
into adjacent splice sites and indels that overlapped coding regions were considered coding
variants. Mutation frequencies (MF) were calculated for the mutagenesis panel, CHIP cod-
ing mutations, TP53 coding mutations, and TP53 non-coding mutations as the number

of unique mutations in each of those genomic regions divided by the total number of du-
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plex nucleotides sequenced in those regions. We also calculated coding MF for each of the
genes in the CHIP panel. Mutation burden (MB) was calculated for coding genes within
the CHIP panel as the number of mutant duplex bases divided by the total sequencing
depth across all coding positions in aggregate. All postprocessing analyses unless noted
otherwise were performed with RStudio version 2025.09.1 using R version 4.5.1 and pack-
ages as indicated in Supplemental Table S12.

Variants in TP53 were assigned a pathogenic annotation and score based on AlphaMis-
sense [142] and mutation type. For missense variants, pathogenicity was annotated us-
ing AlphaMissense, which assigns a pathogenicity score between 0 and 1 such that values
>0.564 are considered Likely Pathogenic, >0.34 but <0.564 are considered Ambiguous,
and scores <0.34 are Likely Benign. Nonsense variants, indels, splice mutations, and mul-
tiple nucleotide substitution variants were additionally assigned as Likely Pathogenic and
assigned a score of 1. Synonymous mutations were assigned Likely Benign and a score of 0.
Large clones were defined as mutations supported by more than one mutant duplex read,

as each duplex read represents an independent DNA molecule.

2.4.4 Testing for selection

To assess evidence for selection on somatic mutations, we calculated gene-specific dN/dS
ratios for LFS and non-LFS groups within CHIP panel genes. Synonymous and nonsyn-
onymous SNVs were aggregated by gene and LFS status. Nonsynonymous mutations in-
cluded missense, nonsense, and splice region mutations. The number of possible synony-
mous and nonsynonymous mutations for each gene was determined using release 115 of
the Ensembl Variant Effect Predictor (VEP) web tool within the coding regions of the se-
quenced gene area. For mutations with multiple VEP annotated consequences, the most
severe consequence as ranked by Ensembl was used. To enable dN/dS calculations even

in the absence of synonymous mutations, for each gene tested we added a pseudocount
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equal to the expected proportion of non-synonymous mutations to the numerator and the
expected proportion of synonymous mutations to the denominator. For each gene and
group, we resampled observed mutations with replacement 5,000 times to generate a boot-
strapped dN/dS distribution. For the TP53 dN/dS analysis within LFS01’s tissues, sam-
ples were aggregated into broader anatomical categories (blood, solid tissue, sun-exposed
skin, and cancer) to ensure sufficient sample sizes (Supplemental Table S11).

Phasing of TP53 somatic mutations relative to the germline p.R181H allele was per-
formed at the duplex consensus sequence-level using BAM files in Python version 3.12.3
with the pysam package v0.22.1. Somatic SNVs and indels located within 150 base pairs
of the germline p.R181H site (hg38 chrl7:7675070) were selected as candidate variants for
phasing, corresponding approximately to the maximum duplex read length. If at least one
duplex read spanned both the variant and the p.R181H site, we used the base identity of
the p.R181H site to assign the variant to the LFS carrier or non-carrier TP53 copy. Oth-
erwise, the variant was designated as unphased. For variants containing more than one
spanning duplex read, all duplex reads that could be phased were in agreement on the
phase.

To contextualize patterns of mutation recurrence and see if mutations in the blood of
all subjects and within the tissues of LFS01 overlapped with established recurrently mu-
tated sites such as hotspots, we compared our observed T'P53 mutation distribution to
reference data from the Catalogue of Somatic Mutations in Cancer (COSMIC) database
v102 (GRCh38). COSMIC mutation data including missense, nonsense, and synonymous
substitutions were downloaded as counts per amino acid mutation across all tumor types.
We grouped entries by amino acid position and summed counts to generate total codon
mutation frequencies. These frequencies were used to create reference lollipop plots aligned

to the TP53 SNVs across all LFSO1 samples or across all subject blood samples.
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2.4.5 Regression analysis

First, to examine the relationships between coding mutation frequency (MF), mutagenesis
MF, or mutation burden (MB) and age, we fit linear regression models. For each subject,
we calculated coding and mutagenesis MF as the number of unique coding or mutagenesis
mutations across all genes in the CHIP panel divided by the total number of coding or
mutagenesis nucleotides sequenced and MB as the number of mutant coding bases divided
by the total number of coding nucleotides sequenced. Linear models in the form Y1 + X
were fit separately for coding and mutagenesis MF or MB (Y) against age in years (X)
using ordinary least squares regression implemented though the lm() function in R.

To further account for confounding variables, we performed multiple linear regression.
The number of unique coding mutations and the number of mutant coding or mutagenesis
bases across all genes in the CHIP panel were modeled separately with age (in decades),
LFS status, and CTx status as covariates. We fit models in the form Y1+age+LFS+CTx
where LFS and CTx were treated as binary covariates using Gaussian generalized linear
models with an identity link function as implemented in glm() in R. Analyses were also

performed separately for each gene.

2.4.6  Mutational spectrum and signature analysis

For a signature agnostic comparison between mutational spectra, we used AMSD v0.3.0
[129] performed using the “mean” option between p.R181H carrier and non-carrier groups
and excluding samples with previous exposure to chemotherapy.

Mutational signatures were extracted to evaluate mutagenic processes in p.R181H car-
rier and non-carrier individuals. Only solid tissues sequenced with TP53+MUT panels
were included in signature analysis and all hematopoietic samples. A separate signature

extraction was performed for solid tissue samples and for hematopoietic samples. In both

44



instances, single base substitutions were initially classified by their 96 trinucleotide con-
texts for pyrimidine-mutated base pairs using SigProfilerMatrixGenerator v.1.3.3. Muta-
tional signatures were then extracted in each case using a Bayesian Hierarchical Dirichlet
Process (mSig HDP, [143]). Tissue samples were pre-annotated as either ‘non-cancerous’
or ‘malignant,” to facilitate hierarchical clustering of samples to enhance the accuracy of
signature extraction [143]. Extracted signatures from hematopoietic samples were decom-
posed using a recently published reference signature database for blood and chemotherapy-
associated mutational signatures |10, 144]. Four mutational signatures were extracted
across hematopoietic samples: SBS1, SBS5, SBS7a, and SBSG. Extracted mutational sig-
natures from solid tissue samples were decomposed using SigProfiler Extractor v.1.1.21
with COSMIC v3.4 reference database [144].

Seven mutational signatures were extracted from solid tissue samples: SBS1, SBS5,
SBS7a/b/d, and SBS17a/b. Although LFS01 had received 5-Fluorouracil chemotherapy,
the signature for this agent (SBSG) was not incorporated into tissue analysis due to its
similarity with SBS17a and SBS17b, which are known to be involved in esophageal adeno-

carcinoma [130].

2.4.7 Data access

All data associated with this study are provided in the paper or the Supplemental Materi-
als. Sequencing data from this study will be made available through the NCBI BioProject

database (https://www.ncbi.nlm.nih.gov/bioproject) prior to publication.

2.4.8 Code availability

The code to reproduce all analyses can be found at .
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Chapter 3

EPITHELIAL COMPETITION DETERMINES GENE
THERAPY POTENTIAL TO SUPPRESS FANCONI
ANEMIA ORAL CANCER RISK

3.1 Introduction

Fanconi Anemia (FA) is an inherited genetic disorder and cancer predisposition syndrome
linked to increased risk of bone marrow failure, leukemia, and epithelial cancers. FA arises
from biallelic pathogenic mutations in any of 23 FANC' genes that work in concert as a
pathway (the ‘FA pathway’) to detect and coordinate the repair of many types of DNA
damage including DNA interstrand crosslinks and double-strand breaks [52, 53, 72|. This
compromised repair capacity is associated with an elevated risk of certain cancers, par-
ticularly head and neck squamous cell carcinomas (HNSCC). FA patients experience HN-
SCC rates several hundred to over a thousand fold greater than the general population
[62, 71, 145-147], and a corresponding elevation in mucosal anogenital squamous carcino-
mas. These cancers often contain pathogenic mutations in T'P53, a crucial tumor suppres-
sor gene [148-150|, and are genomically unstable. Further, they are difficult to treat via
standard care chemotherapy and radiation due to the FA-associated constitutional DNA
repair defect [62, 77, 151, 152].

Given these challenges, corrective gene therapy represents a promising strategy for
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Figure 3.1: Modeling gene therapy in FA HSCs and oral epithelium. (A) Hematopoietic stem cell (HSC)
gene therapy in FA. FA HSCs (grey) are harvested from FA patient bone marrow, corrected ex vivo (green),
then re-implanted to expand in vivo. (B) Corrected HSCs (green) have a proliferative advantage compared to
FA HSCs (grey) and outcompete uncorrected HSCs over time in vivo. (C) Oral mucosal gene therapy in FA. In
situ gene delivery (here via microneedles) into oral epithelium to correct the underlying FANC gene defect. Over
time, corrected cells (green) may or may not clonally expand within FA oral epithelium to replace FA host cells
(grey). (D) In our model, FA epithelial cells (light grey) are displaced (light grey with bands) by dividing FA cells
(dark grey, top), in contrast to gene-corrected epithelial cells (green) that can resist displacement by dividing

neighbors (dark grey) to persist and expand in the basal layer proliferative niche (bottom).

the prevention of FA-associated HNSCC. This strategy has already shown success in FA-
associated bone marrow failure, where gene-corrected hematopoietic stem cells (HSCs)
can reverse marrow failure and suppress the risk of developing leukemia: HSCs are re-
moved, the specific mutant FANC gene is corrected ex vivo, and corrected cells are re-
implanted into the bone marrow (Figure 3.1A). Recent FA gene therapy clinical studies
have found that gene-corrected FA HSCs possess a proliferative advantage over uncor-
rected FA HSCs (Figure 3.1B, [112-114, 116, 153|). As a result, small numbers of im-
planted corrected HSCs have been shown to expand over time to reverse FA-associated
bone marrow failure.

The success of HSC gene correction in treating marrow failure suggests that oral gene
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correction may provide a parallel way to prevent FA-associated HNSCC. However, gene
correcting mucosal epithelial cells may prove more challenging than HSCs due to the con-
straints of tissue architecture. Epithelial tissues are tightly organized, which could limit
corrected cell expansion when compared with HSCs in bone marrow (Figure 3.1C). Nu-
merous theoretical and empirical studies have suggested that cells growing under spatial
restriction grow more slowly than their unstructured counterparts [28, 29, 154-157]. How-
ever, cellular lineages can clearly expand within epithelial tissues, e.g., those lineages har-
boring cancer driver mutations [29, 47, 48], or spontaneous revertant mutations in the con-
text of heritable skin diseases such as epidermolysis bullosa [87, 105, 107]. Thus under-
standing the degree of proliferative advantage required for FA-corrected oral epithelial cells
to expand and persist will be essential in devising mucosal gene correction protocols for
FA epithelium.

A second major challenge of preventative gene therapy against FA-associated HN-
SCCs is that oral epithelial cells must be corrected in situ rather than removed and reim-
planted (Figure 3.1C). This will require identifying efficient mucosal gene correction proto-
cols that favor the expansion and persistence of gene-corrected epithelial cells. One promis-
ing new approach is to adapt microneedle arrays originally developed for mucosal vaccina-
tion to deliver gene correction reagents [158-163|. Microneedle arrays can deliver customiz-
able doses of correction reagents in different spatial configurations, but the optimal array
configurations and microneedle properties required to achieve efficient delivery will need to
be determined.

Computational modeling provides an efficient framework in which to integrate both
different delivery approaches and the effect of epithelial structure on gene correction to op-
timize therapeutic success. Agent-based models have a long history of providing valuable
insight into cell-cell competition and the emergent spatial dynamics shaping tissue behav-

ior [16, 88, 90]. We therefore extended an existing agent-based model of squamous epithe-
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lium [30] to include gene correction delivered by arrays of diffusible microneedles in order
to answer several key questions: 1) what degree of proliferative advantage must corrected
cells possess to persist and spread effectively in the oral epithelium; 2) how do different
gene correction efficiencies and spatially-structured delivery strategies such as microneedle
arrays affect long-term gene correction success; and 3) can mucosal gene correction pre-
vent the clonal spread of pathogenic T'P53 mutations and the progression to oral cancer in
individuals with FA? Our results provide a framework for understanding the dynamics of
gene therapy in FA oral epithelium, and how best to use mucosal gene correction to reduce

cancer risk and improve FA patient health outcomes.

3.2 Results

3.2.1 In silico model of gene correction in the oral epithelia

In order to simulate the impact of gene therapy in epithelial tissues we employed the Home-
ostaticEpidermis model, a three-dimensional lattice-based hybrid cellular automaton orig-
inally developed to model epidermal dynamics over human lifespans [30]. In this model,
each epithelial cell is an independent agent whose rate of division and death are deter-
mined by a diffusible growth factor emanating from the basal layer. Dividing cells reside
on a basal layer where the resultant progeny are displaced upward, undergo terminal dif-
ferentiation and are eventually shed at the epithelial surface. This model robustly captures
key epithelial features including structure, homeostasis with cell turnover, and realistic
clonal expansion of cells that resist death or differentiation. We modified cellular turnover
rates to adapt the epidermal model to better recapitulate properties of the oral mucosa
(see Discussion and Materials and Methods).

We further adapted the HomeostaticEpidermis model to explore FA oral gene ther-

apy by introducing simulated gene correction to confer a potential proliferative advantage
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over uncorrected FA cells. In stratified squamous epithelium, clonal expansion may result
from a bias in basal layer cell fate decisions that favors the production of progenitor over
differentiated cell progeny [164-166]. While the mechanisms driving a potential epithe-
lial proliferative advantage in the context of FA gene correction are unknown, evidence
from FA HSC correction experiments shows that a selective advantage can be driven by
resistance to apoptosis, increased survival in the presence of DNA damaging agents, and
longer-term maintenance of self-renewal capacity [53, 72, 167-170|. All of these factors
would contribute to longer-term residence of corrected cells in the basal layer, allowing
them to retain proliferative capacity. We therefore modeled a proliferative advantage as

a persistence coefficient, p...., which represents the probability that a corrected cell re-
sists displacement out of the basal layer during neighboring cell divisions (Figure 3.1D).
This mirrors the approach from Schenck et al. for modeling the proliferative advantage of
NOTCH1 mutations in skin [30], and permitted us to explore the potential effect of gene
correction in an FA background, where gene-corrected cells had anywhere from no advan-
tage (or a neutral p.» = 0) to an extremely strong advantage (peorr = 1). We first in-
vestigated the proliferative advantage necessary to promote reliable expansion of corrected

cellular lineages in an FA mucosal background.

3.2.2  Gene correction requires a strong proliferative advantage to spread over clinically rel-
evant time periods

We hypothesized that gene-corrected cells will require a proliferative advantage compared
to uncorrected FA cells to spread through FA oral mucosa. To set baseline expectations
for cellular competition without a proliferative advantage, we first considered the case

in which a corrected cell has equivalent division behavior to the FA background: that is,
when peor = 0. We simulated 0.67 mm? (100 x 100 cells) FA tissue sections and delivered

gene correction to 10 cells clustered in the tissue center (mirroring single microneedle de-
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livery, Figure 3.2A). Because the median age at which FA patients develop solid tumors
is ~30 years |71, 147|, we reasoned that corrected cells would need to displace FA cells in
the first decade or two after gene correction to be most clinically impactful. We thus fol-
lowed simulated tissue sections for up to 50 years to determine the fate of corrected cells
and their descendants (Figure 3.2A). We considered three fates: all corrected cells could
be displaced from the basal layer (i.e., “loss”); corrected cells could overtake 80% or more
of the basal layer (i.e., “confluence”); or neither of these outcomes might be reached (i.e.,
“ongoing” dynamics). Note, our use of the word confluence parallels its standard defini-
tion as the percentage of a culture dish covered by a cellular population, as we are inter-
ested in the state of gene correction reaching widespread basal layer coverage (a metric for
therapeutic success). Under neutral conditions in which corrected cells have no replicative
advantage over uncorrected cells (peorr = 0), nearly all simulations (97%) led to the loss
of corrected cells by 50 years (Figure 3.2B) with most corrected cell loss occurring within
months of correction (Figure 3.2C). In the remaining 3% of simulations, neutral corrected
patches remained, but were of modest size with the largest corrected clone reaching only
0.15 mm?. Thus, in the absence of a proliferative advantage, gene correction will not be
able to efficiently convert FA epithelium.

We next investigated how increasing the proliferative advantage might enable more ef-
ficient spread of corrected cells through epithelium on clinically-relevant timelines. While
we have strong evidence that FANC gene reversions possess a proliferative advantage in
non-epithelial contexts (e.g., HSCs), we have little direct knowledge about the degree of
proliferative advantage conferred by FANC gene correction in epithelial tissues. We there-
fore investigated a wide range of persistence coefficients ranging from unlikely to guaran-
teed persistence (peor» = 0.001,0.01,0.1,0.2,0.5, 1) to identify how strong a proliferative
advantage must be to ensure durable spread. More biological context for the strength of

these persistence coefficients is given in Supplemental Table 1. In all experiments, FA cells
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Figure 3.2: Mucosal gene therapy depends on a strong proliferative advantage of gene-corrected cells.

(A) 10 gene-corrected cells (green) were tracked over 50 years in a 0.67 mm? FA mucosal tissue section (100

replicate simulations per condition). The gene correction fates were tracked to identify simulations reaching

confluence (80% of basal layer cells corrected, red box) or loss (no remaining gene-corrected cells, blue box).

(B) Number of simulations achieving confluence (red), loss (blue), or ongoing expansion (orange) at 50 years as

a function of persistence coefficient (p.or = 0, 0.001, 0.01, 0.2, 0.5, 1). (C) Time at which simulations reached
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did not resist displacement (i.e., had a persistence coefficient of 0).

As expected, larger persistence coefficients decreased the probability of corrected cell
loss (Figure 3.2B), with a p.y > 0.1 required to avoid most loss events. When loss did
occur at large persistence coefficients, it occurred early with 88% of losses within the first
year after gene correction (Figure 3.2C). This is analogous to the establishment frequency
in population genetics, where once beneficial mutations reach a certain frequency, loss be-
comes increasingly unlikely. In contrast, gene correction with persistence coefficients closer
to neutrality can persist for years or decades before loss though rarely expand to any sig-
nificant degree. Full clone size distributions one year after correction are shown in Figure
3.2D as a function of peoy.

For gene-corrected cells that escape loss, larger persistence coefficients also increased
the speed of corrected cell spread. Corrected cells with smaller persistence coefficients
(Peorr < 0.1) that escaped loss almost never reached confluence in the tissue sections by 50
years. In contrast, gene correction with p,.. > 0.1 that avoided early loss always reached
confluence by 50 years (Figure 3.2B). As the persistence coefficient increased, corrected
cell confluence was achieved at progressively earlier times (Figure 3.2C), with p.ym. = 1
growing at approximately five times the speed of p.o = 0.1 (0.25 £ 0.027 SE mm?/year
versus 0.048 + 2.0 - 1072 SE mm?/year, Figure 3.2E). These results indicate that effective
oral mucosal gene correction must confer a substantial proliferative advantage (peorr > 0.1)

to ensure persistence and spread on clinically-relevant timescales.

3.2.8  Optimizing transgene delivery for maximal corrected tissue coverage

Having demonstrated above that individual gene-corrected patches with a strong prolifera-
tive advantage could spread locally, we next considered how patch spread was determined
by transgene dose and the spatial distribution of corrected cells, where microneedle deliv-

ery allows gene dose, spacing, and in-tissue diffusibility to be modified as part of micronee-
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dle design and fabrication.

We first investigated how a greater number of corrected cells, equated here to trans-
gene dose, affected the probability of corrected cell loss and time to confluence when de-
livered in a single compact patch (Figure 3.3A). As expected, correcting more cells de-
creased the probability of loss across persistence coefficients (Figure 3.3B), where 30 as
opposed to 10 corrected cells decreased the probability of loss for pe,.» = 0.1 from 50% to
10%, but not the time to confluence under favorable conditions (Figure 3.3C). This reflects
that the time needed to grow from 3 cells to 30 is short, compared to the longer period
needed to replace a majority of cells in a target tissue of size 0.67 mm? (circa 10 years for
Peorr = 0.1). Avoiding early corrected cell loss is the primary advantage conferred by a
larger dose at a single injection site.

We next investigated how transgene diffusion from a microneedle injection site might
improve corrected cell spread by distributing a fixed number of corrected cells over a larger
tissue area. We reasoned that more spatially distributed delivery might allow corrected
cells to more effectively compete for space and replace FA cells. We modeled transgene dif-
fusion from a point of delivery with an approximation to Brownian diffusion. The diffusion
constant D (see Materials and Methods) was examined for D € (2,10, 20) to capture low,
intermediate and high degrees of spatial diffusion from 10 initial corrected cells (Figure
3.3D). Surprisingly, increased diffusibility did not affect the probability of corrected patch
loss or its rate of spread (Figure 3.3EF). One explanation is that early stochastic loss of
individual corrected cells is more likely driven by being displaced by neighboring cells (re-
gardless of correction status), rather than a failure to displace corrected neighboring cells
when dividing. These results indicate that efforts to enable wider transgene diffusion from
single microneedles is unlikely to improve the spread of corrected cell patches.

A key advantage of microneedles is their ability to be arrayed in different configura-

tions to optimize transgene delivery. In light of finding that transgene diffusibility min-
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Figure 3.3: Higher corrected cell numbers and optimal spacing can increase the likelihood of tissue
replacement despite clonal interference. Gene-corrected patch loss probability and time to confluence as a
function of corrected cell number (A-C) and spatial delivery distribution (D-F). 100 simulations/condition were
run for each persistence coefficient p....-, with error bars indicating binomial errors (B,E) or interquartile ranges
(C, F). (A) Initial spatial distribution of gene-corrected cells (¢ = 3,10, 30 cells, in green) with a constant diffu-
sion coefficient (D = 2). Probability of gene-corrected patch loss (B) and time to confluence (C) as a function
of persistence coefficient (p..r-) and initial corrected cell number (k). (D) Initial spatial distribution of ten gene-
corrected cells (green) as a function of diffusion coefficient (D = 2,10, 20), corresponding to low, medium and
high diffusion). Probability of gene-corrected patch loss (E) and time to confluence (F) as a function of persis-
tence coefficient (p...-) and diffusion coefficient (D). Visualizations of gene-corrected cell patches ten years
after correction as a function of microneedle spacing (G) or density (H) on 10.67 mm? tissue sections. Initial
arrayed delivery shown in panel insets, and each color represents the descendants of a single microneedle that
corrects k = 30 cells with D = 2. Areas of corrected cell patches at ten years are quantified in the lower right

corner of each tissue section.
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imally affected the rate of spread from single needles, we investigated how microneedle
arrays could be used to optimize transgene delivery and tissue correction over a 10 year
period.

We first asked how needle spacing might be configured to avoid competition and pro-
mote spread within a tissue section. We reasoned that individual microneedles could be
designed to minimize loss, with interference between microneedle sites a potentially more
important determinant of the spread of corrected cells as illustrated in Figures 3D-F. We
investigated the impact of needle spacing on transgene delivery, corrected cell persistence
and rate of spread using a 4x4 array of 16 low diffusibility (D = 2) microneedles in which
each needle corrected 30 cells to confer a strong proliferative advantage (peorr = 0.1).

The needle spacings we explored, of 175 pm, 350 pm, and 700 pm, reflect commonly en-
gineered interneedle distances, where our target for gene correction and spread was a 10.67
mm? tissue section (Figure 3.3G). We found that the most widely spaced microneedle ar-
rays corrected more than five times as much tissue area in a 10 year period than the most
tightly spaced arrays for a given number of microneedles. In tightly spaced arrays, cor-
rected cells at the perimeter expanded more than those in the interior; this apparent com-
petition among corrected cells was not observed in the most widely spaced arrays. Thus
appropriate transgene delivery spacing has the potential to minimize interference or com-
petition of corrected cells and maximize the area of corrected tissue.

Microneedle arrays can be engineered with substantially higher densities than the ones
we examined above. Although tightly spaced arrays led to a slower rate of confluence, they
achieved greater localized tissue coverage than did widely spaced arrays (Figure 3.3G). We
found that further increasing needle densities led to more complete conversion of a given
tissue area, but did not limit the approach to confluence (Figure 3.3H). For example, in-
creasing microneedle density to 8x8 on a fixed backing size of 4.43 mm? increased tissue

correction by ~25%, whereas decreasing microneedle density to 2x2 on the same backing

o8



patch size decreased the tissue correction by ~70%. These results indicate that dense mi-
croneedle array transgene delivery in conjunction with a strong proliferative advantage can
provide widespread tissue level correction even when promoting potential spatial competi-
tion among corrected cells and clones. Thus our model should be useful for testing a broad
array of potential gene correction arrays to optimize gene delivery under different clinical

constraints (see Discussion).

3.2.4  Gene correction reduces TP53~ clonal expansion in genomically unstable FA epithe-
lium
If FA gene-corrected cells can spread through an FA oral epithelium, how might this counter
HNSCC risk or progression? An early stage in the development of FA-associated and spo-
radic HNSCCs is the clonal expansion of pathogenic mucosal T'P53 mutations [148-150].
We thus asked if FA gene correction could counter the spread of TP53 mutations in oral
epithelium. In our model, mutations in a single copy of TP53 can occur in either corrected
(here denoted FANC™) or FA (here denoted FANC™) cells according to mutation rates
FANC* and FANC~ (Figure 3.4A), with TP53 mutations conferring persistence coeffi-
cient advantages of pfL%7, . and pLi57 . respectively. As before, corrected FANC™T cells
without T'P58 mutations have a persistence coefficient of pe,,,, so corrected FANC™ cells
with a TP53 mutation have a total persistence coefficient of peo + pFiogs (Figure 3.4B).
We estimated a mutation rate (ppanc+) and persistence coefficient (pf57..) of TP53 mu-
tations in a FANC™ background based on the rate of occurrence and size of TP53 clones
in healthy human esophageal tissue (see Materials and Methods). In the absence of direct
measures, we initially assumed that the rates of occurrence and clonal expansion of TP53
mutations were similar in FANC™T and FANC™ tissues (i.e., ipanc+ = pranc- and
TP53~ TP53~

Pranct = Ppanc-)- We reasoned that even if FA gene-corrected and uncorrected cells

produced the same number of TP53 mutations with comparable proliferative advantages,
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gene correction might make TP53 mutant cells less able to displace FANC™ as opposed
to FANC™ cells, thus restricting their expansion potential.

To test this idea, we asked if gene correction could limit 7P53 mutational prevalence
in FA tissue when TP53 mutation rates and proliferative advantages were comparable for
FANC™ and FANC™ cells (Figure 3.4CF). We simulated 0.33 mm? (70x70 cells) tissue
sections in which a single microneedle gene corrected 30 cells (D = 2) with persistence
coefficients of p.orr = 0.01 Or peorr = 0.1 at the tissue center, then followed these sec-
tions up to 50 years. We compared these corrected tissue sections to uncorrected tissue
section controls, and also plotted TP53~ expansion in healthy esophageal tissue as a ref-
erence [2]. We found that TP53 mutations reached similar tissue frequencies over 46 years
regardless of gene correction status (Figure 3.4CF), as might be expected under an addi-
tive fitness model. Gene correction restricted TP53~ spread in FANC™ cells, while mu-
tations still arose and expanded within corrected FANC™ cells leading to similar overall
tissue frequencies (compare cyan FANC™ /TP53~ cells with p.y. = 0.1 in Figure 3.4F
tissue sections to uncorrected magenta FANC™/TP53~ cells). Gene correction might be
beneficial if FANC~/TP53~ double mutants are more likely to progress to cancer than
FANC*/TP53~ mutants. However, this is unlikely to lower the overall TP53~ burden
if TP53 mutation rates and proliferative advantages are comparable between corrected
and uncorrected tissue. Full 46-year tissue coverage trajectories from these simulations are
shown in Supplemental Figure B.1A-C, and demonstrate that TP53~ tissue coverage over
time is similar for each value of p.orr.

The above results assumed that the TP53 mutation rate and mutant proliferative ad-
vantage are identical regardless of FANC genotype. However, the dramatically increased
risk of HNSCC in FA individuals likely reflects genomic instability in FA that could gen-
erate and promote the spread of pathogenic mutations through FA epithelia. We therefore

investigated how FA genotype affects the rate of TP53 mutation generation and spread,
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Figure 3.4: Gene correction reduces spread of TP53 mutations through FA tissue. (A) Model of four cellu-
lar genotypes at two loci: FA cells (FANC—/TP537) in grey; FA cells with TP53 mutations (FANC~/TP53™)
in magenta; gene-corrected cells (FANC™/TP53™) in green; gene-corrected cells with TP53 mutations
(FANC*/TP537) in cyan. Arrows indicate transitions that can occur via mutation or gene correction. (B)
Genotype-specific persistence coefficients for (A). (C-H) TP53~ tissue coverage as a function of gene cor-
rection at 46 years in 0.33 mm? simulated tissue sections, comparing no correction (@) to correction with
Peorr = 0.010r peorr = 0.1. Panels used 100 simulations at a given persistence coefficient except in panels
C,F where 300 simulations were performed. C-E show the proportion of tissue coverage at 46 years with (C)
comparable TP53 mutation rates and persistence coefficients regardless of FA genotype, (D) an elevated TP53
mutation rate in FANC™~ cells (upanc- = m * ppanc+, m = (1.5,2,4,8)) and equivalent TP53 persistence
coefficients or (E) equal TP53 mutation rates in FANC~ and FANC™ cells with elevated TP53 persistence
coefficients in FANC™ cells (p/37— = r = prh50-s,r = (1.5,2,4)). Error bars represent standard errors.
Yellow bars represent TP53 tissue coverage range from Martincorena et al. [2] for normal esophagus. (F-H): six
representative tissue sections at 46 years from C-E, with colors corresponding to genotypes shown in (A). (G)

Consequence of an 8-fold increase in 4 nc-, and (H) a 4-fold increase in pLi%7 .
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and thus could determine the outcome of FA gene correction.

We first considered that FANC™ cells have a higher mutation rate than FANC™
cells [97, 98, 171|. As there have been a range of values reported for this increase (up to
8-30x), we reran the experiments above to determine outcomes with T'P53 mutation rates
in uncorrected FANC™ cells (ipanc-) of 1.5-, 2-, 4-; or 8-fold higher than in corrected
FANCT cells (upanc+, Figure 3.4DG). In the absence of FA gene correction, FANC™ in-
creased by a factor of eight led to a corresponding increase in the tissue burden of TP53~
cells to cover 23% of tissue sections at 46 years, or nearly 10-fold higher than the cover-
age estimate of 2.7% under the background mutation rate (Figure 3.4D). While elevated
mutation rates produced more TP53~ clones, individual clone sizes remained similar to
those under baseline mutation rates (Supplemental Figure B.2AB). We found that by in-
troducing gene correction with a small persistence coefficient (pe,» = 0.01, Figure 3.4D),
TP53~ tissue coverage was modestly reduced compared to uncorrected tissue (a reduction
of 42% in simulations where FANC™ cells had a 8x elevated mutation rate). In contrast,
gene correction with a larger persistence coefficient (peorr = 0.1, Figure 3.4D) resulted in
tissue sections with almost no additional 7'P53 mutations above baseline simulations that
used background mutation rates. This effect depended on gene-corrected FANC™ cells re-
placing more mutable FANC™ cells: in the 2% of p.,» = 0.1 simulations in which gene
corrected cells were stochastically lost, FANC™/TP53~ cells expanded as if they were in
uncorrected tissue (see panel inset in Figure 3.4G). Full 46-year tissue coverage trajectories
from these simulations are shown in Supplemental Figure B.1D-F.

We next considered that TP53 mutations might confer a stronger proliferative advan-
tage in FA cells than in gene-corrected cells (ie., pFi% . < pih2.-). The basis of this
assumption is observed non-additive effects on the rate of cell turnover and tumor forma-
tion in cells harboring both T'P53 mutations and FA mutations (see Discussion, |74, 172

174]). We parameterized possible fitness advantages using human lymphoblastoid and
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mouse HSC experimental data (see Materials and Methods). To test the impact of this
effect, we reran the experiments above with identical FANC™ and FANC™ mutation

rates, but with p/i57,_ increased by a factor of 1.5-, 2-, or 4-fold compared to pFi57 ..

(Figure 3.4EH). In the absence of gene correction, when pL%% . was increased by a fac-
tor of 4, there was a corresponding increase in the tissue burden of TP53~ cells to cover
33% of tissue sections at 46 years, compared with 2.7% under the background prolifera-
tive advantage. In contrast to the mutation rate experiments, increased T'P53~ coverage
was driven primarily by larger clones in conjunction with a more modest increase in clone
number (Supplemental Figure B.2CD). As was the case for gene correction affecting muta-
tion rates, gene correction with a small persistence coefficient (po» = 0.01, Figure 3.4E)
modestly reduced the TP53~ tissue burden by ~31% among cells with a 4x elevated pro-
liferative advantage compared to uncorrected tissue. Gene correction with a large persis-
tence coefficient (peorr = 0.1, Figure 3.4E) resulted in tissue sections with almost no excess
TP53~ mutational coverage beyond baseline simulations in which FANC~ and FANC™
cells have identical persistence coefficients associated with TP53 loss. Again, the rapid
spread of gene-corrected cells largely abrogated the proliferative advantage of TP53 mu-
tations in a FANC™ background. Full 46-year tissue coverage trajectories are shown in
Supplemental Figure B.1G-I. These results collectively indicate that FA-directed mucosal
gene therapy has the potential to reduce TP53-associated HNSCCs in FA, and that likely
mechanisms include a suppression of FA-associated genomic instability and the strong se-

lective pressure for loss of TP53 function.

3.8 Discussion

We extended an agent-based model of squamous epithelial clonal competitive dynamics

[30] to study epithelial gene correction in oral mucosa. We chose this approach over the
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more analytically-tractable branching-process models widely used to study tumorigenesis
[175, 176] because it permitted us to more faithfully capture biologically important spatial
constraints on the spread of mutations and gene correction in an epithelial context. These
constraints are critical to understand in order to develop highly effective gene correction
protocols for FA or other epithelial diseases, as spatial and non-spatial growth patterns
have well-characterized diverging dynamics [28, 29, 154-157]. This approach recapitulated
certain results well-appreciated from branching process models (i.e., correcting more cells
limits stochastic loss, cells with small fitness advantages can persist at low frequencies at
length), but it also provided practical observations into potential spread rates of corrected
patches, optimal strategies for designing correction arrays (see more below), and the role
of interference both among patches and with pathogenic clones, all of which rely on incor-
porating spatial competition explicitly.

A compelling biological rationale for extending the HomeostaticEpidermis (HE) model
is the many shared features of oral mucosa and epidermis. These tissues are contiguous at
the proximal end of the GI tract, and share common embryological origins, many biologi-
cal features and pathogenic mechanisms. Alterations in progenitor cell dynamics in these
epithelia can promote both pre-neoplastic and neoplastic disease by facilitating the expan-
sion of mutant clones [29, 35, 47, 48, 177, 178|. Nevertheless, tissue-specific differences do
exist between the oral mucosa and the epidermis, which could affect specific quantitative
conclusions reached by our model, especially related to rate of spread of gene correction
through tissue. To minimize these effects, we modified the HE model to incorporate oral
mucosa-specific data where they exist (e.g., on oral mucosal turnover, cellular density) and
further note that many epidermis-specific features (e.g., keratinization, presence of hair fol-
licles, certain wound healing properties) are not represented in the HE model and thus do
not impact our findings.

Implementation of our adapted HE model provided several important insights into
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oral mucosal dynamics, and the potential to counter cancer risk in individuals with FA:

1) gene correction needs to confer a strong proliferative advantage to escape stochastic cor-
rected cell loss, and to promote tissue replacement on clinically-relevant decadal timescales;
2) tissue replacement success can be maximized by increasing delivery dose and by dis-
tributing tissue delivery spacing to speed tissue replacement while reducing competitive
interference among corrected lineages; and 3) gene correction has the substantial potential
to reduce the high risk of HNSCC in FA if it lowers the mutation rate and/or proliferative
advantage of oncogenic mutations. Each of these results and their translational importance
are discussed in greater detail below.

We found that gene corrected cells will require a strong proliferative advantage (i.e.,
Peorr > 0.1) and rapid spread within the oral epithelium for effective FA oral gene cor-
rection. Whether FA gene correction can confer a strong proliferative advantage has been
most convincingly demonstrated in the hematopoietic system [112-114, 116, 153], and is
plausible though less well-documented in oral mucosa. The potential for persistence and
rapid spread in related squamous epithelia is exemplified by heritable skin diseases such as
epidermolysis bullosa, where patients may display mutationally revertant skin patches 2
cm? or larger, even at ages as young as 8, and with geometries inconsistent with emergence
during development [87, 105, 107]. Similar data exist from individuals with ‘ichthyosis-
with-confetti’, who have large revertant skin patches caused by mitotic recombination
that can reach up to 4 cm? in size and have been documented in individuals as young
as 18 [106]. Comparably rapid tissue replacement may occur in the oral mucosa, which
has faster measured cell turnover than does epidermis [164, 179-181]. If FA gene correc-
tion confers only a weak intrinsic mucosal fitness advantage, this might be augmented by
engineering additional genetic alterations. For example, recent studies have found that
NOTCH1 mutations can confer a fitness advantage that promotes clonal expansion while

minimally affecting cancer risk [47].
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Our model predicts that gene correction will be most beneficial at suppressing cancer
risk in FA if it reduces genomic instability or counters the spread of pathogenic epithe-
lial mutations. There is a strong biological rationale for these suppositions. FA cells accu-
mulate chromosomal aberrations due to a DNA damage sensing and repair deficit [54, 73,
148, 182], and tumors that arise on this background are further mutated and chromosoma-
lly rearranged [148]. Complementing the FA defect suppresses these phenotypes, whether
by gene correction [112-114, 116, 153] or spontaneous genetic reversion [99, 100, 102, 103,
183-185], in FA patient HSCs. The restoration of FA function reduces DNA damage mark-
ers, restores chemoresistance and suppresses genomic instability. Moreover, FA gene cor-
rection also has the potential to suppress the spread of pathogenic mutations and tumor
progression. The plausibility of these additional effects has been observed in Fancd2/Tp53,
Fance/Tp53 and Fanca/Tp53 double knock-out mice: all have significantly lower rates of
cancer-free survival than either single mutant or control mice for epithelial as well as non-
epithelial tumors [173, 174, 186]. The importance of the FA-TP53 interaction is illustrated
in mouse HSCs, where Tp53 elimination on a Fanca mutant background increases cellular
turnover rates to a greater extent than on a Fanca-competent background [172]. A poten-
tial mechanism for this increased fitness advantage is that persistent DNA damage in FA
activates TP53 to arrest cell cycling for DNA damage repair |74, 187]. TP583 loss, in con-
trast, confers a growth advantage by suppressing proliferation arrest to allow continued
cell division in genomically unstable or mutant cells [74, 172, 188]. Gene therapy to restore
FA pathway function could thus suppress multiple FA-dependent mechanisms that pro-
mote genomic instability, and that provide strong selective pressure for the emergence of
TP53 mutations.

Our oral mucosal epithelial agent-based model could be extended or improved in sev-
eral ways. First, we could more explicitly model the basal layer stem cell hierarchy. This

would likely improve the biological accuracy of the model without substantially altering
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global tissue dynamics [30]. Second, our use of a persistence coefficient could be improved
using experimental data that quantify the survival benefits of gene correction in an FA
background, when such data become available in an epithelial context. In FA-corrected
HSCs, proliferative advantage appears to reflect a combination of reduced apoptosis, in-
creased survival after DNA damage, and/or improved self-renewal capabilities [167-169].
Better characterization of these potential mechanisms in FA epithelia should improve mod-
eling insight and predictive outcomes. Third, we used existing related data outside FA
oral mucosa to fit certain model parameters. We fit the fitness benefits of TP53 muta-
tions using clonal expansion data from the esophagus. Oral and esophageal mucosa are
contiguous and related, but we note that TP53 mutations can expand differentially across
more distinct tissue types [1, 2]. We also approximated the potential fitnesses of epithelial
TP53 /FA double mutants and FA mutation rate elevation using non-epithelial cell type
data (see Methods), although we explored a wide range of potential interaction effects for
both of these experiments (Fig 4D and 4E). Direct measures of these parameters in their
exact tissue contexts would improve specific quantitative model predictions, but would be
unlikely to qualitatively change the patterns that we observe.

More sophisticated genetic models of FA or other diseases could also be developed to
provide additional mechanistic insight while capturing between-individual differences. For
example, we explored only the effects of single deleterious T'P53 mutations as some TP53
mutations exhibit dominant-negative effects with heterozygous clonal expansion in mice
[48, 189, 190]. A second way to more accurately model FA would be to incorporate loss of
function of one of the 23 FA genes with loss of function variants in ADH5 and ALDHZ2.
These two genes are key members of aldehyde detoxification pathways that limit the toxi-
city of formaldehyde and acetaldehyde, both common and unavoidable sources of endoge-
nous and exogenous DNA damage that activates TP53-dependent DNA damage signaling

and FA pathway activity [191]. Our modeling approach can be extended to predict a range
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of fitness effects of these inputs in both FA and FA gene-corrected cells. A final note is
that our modeling framework can accommodate a wide range of new data from many gene
delivery platforms in addition to microneedle-mediated gene delivery [158-163].

Gene therapy represents a promising approach to treat or prevent a growing num-
ber of disease states and predispositions. Computational modeling, as illustrated here, can
provide a useful framework that identifies important determinants of therapeutic success
across many diseases and their target cells, tissues or organs. A critical next step in deter-
mining the potential of FA oral epithelial gene therapy is to quantify the proliferative ad-
vantage of gene-corrected cells in FA epithelia. It may be possible to estimate proliferative
advantages now for a subset of FA patients using deep sequencing of oral mucosal biopsies,
and from these data estimate reversion rates and the likely revertant proliferative advan-
tage for FA-revertant cells. Several new mouse models of FA (see, e.g., [186]) should soon
allow modeling predictions to be tested directly by lineage tracking to quantify the fitness
effect of FA gene correction. These mouse models have the advantage of adding spatial
distribution data on the spread of FA-corrected cells. All of these approaches should pro-
vide new insight into the competitive dynamics of FA gene-corrected cells.

A final important point is that many gene therapy or editing protocols are now fo-
cused on in vivo gene delivery, where success will depend on integrating target cell and
tissue type-specific features with delivery method-specific details [192, 193]. Our approach
allows many of these protocol-, patient- and disease-specific details to be captured and ex-
plored in silico, and to aid the design of clinical protocols with the highest likelihood of
success [194]. Modeling also has the potential to minimize excessive animal testing and pa-
tient sampling. Key protocol details (delivery vehicle, delivery route, dose and timeline)
can be identified and then tracked to measure protocol effectiveness. Clinical data from
small n trials - or even single patients - can then be used to improve protocol design, im-

plementation and tracking of patient-specific outcomes (see, e.g., the recent n = 1 in vivo
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editing of CPS1 deficiency [195]). All of these efforts should substantially improve the de-
sign, implementation and eventual success of gene therapy protocols to treat or prevent a

wide range of human diseases.
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3.5 Materials € Methods

3.5.1 Owerview of the model

Model Framework: We extended a cellular automaton model of epithelial cell division
and homeostasis in the Hybrid Automata Library [89], HomeostaticEpidermis (HE) [30],
to simulate the dynamics of oral epithelial cells and corrective gene therapy. Briefly, HE
simulates cells as independent agents on a three dimensional lattice that divide and die
according to the available concentration of a growth factor diffusing from the basal layer
(see [30] for full parameterization of this growth factor gradient). During a cellular division
event, one daughter cell occupies the location of the parent cell, while the other is posi-
tioned either vertically above or in one of the four orthogonal neighboring positions within
the basal layer Von Neumann neighborhood. The placement of this second daughter cell is
governed by the division location probability w, where w = 0.2518617 represents the prob-
ability of vertical placement, and each orthogonal direction has a probability of (1 —w)/4.

If a daughter cell occupies a neighboring position within the basal layer, the displaced cell
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stratifies out of the basal layer and all cells above it are displaced upwards. The epithe-
lial dynamics of this study focus only on the basal layer, as once a cell stratifies to the
suprabasal layers, cells do not de-differentiate and re-enter the basal layer. Cells can mu-
tate during division, which we examine in the latter half of our study. This model repro-
duces key behaviors of epithelial tissues, including the distribution of mutated clone sizes
over time. As such, most existing model parameters are kept at their default values to pre-
serve homeostatic tissue function. New functions and parameters specific to our model are
described below.

In our model, all cells begin with mutant FANC' gene function (i.e., an FA pheno-
type), as expected in an inherited disorder. Throughout most of the analyses, this FA
phenotype does not affect the normal maintenance of homeostatic equilibrium or cellular
behavior, although in section Lineage competition between gene-corrected cells and TP53
mutants, we describe how uncorrected FA cells may affect genome stability and control of

TP53~ mediated clonal expansions.

Adaptation of epidermal model for the oral epithelium: We sought to preserve
homeostatic behavior of the HE model while accounting for the increased turnover rate

of oral epithelial cells compared to epidermal cells. Under the default parameters in the
HE model, basal cells divide on average 0.4 times per week (Supplemental Figure B.3).
However, basal cells in the oral epithelium and esophagus divide approximately twice per
week [48, 164, 179]. We therefore rescaled time in our model such that each reported year
of simulation time in the oral epithelium corresponds to 4.5 years of simulation time in the
HE model. To reflect the higher density of cells in the oral epithelium versus epidermal
tissue, tissue section sizes are determined using a density of 15,000 basal layer cells/mm?

[29, 164], instead of 10,000 basal layer cells/mm? in the HE model 30, 196].
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Gene Correction: To mimic in vivo microneedle gene delivery that corrects FA oral ep-
ithelial cells, we allowed FA cells to be transformed into corrected cells by exposure to a
simulated transgene at a pre-specified treatment time. We apply the in silico transgene
delivery to the center of simulated tissue sections except when otherwise noted at the start
of the simulation. Transgene spread through the tissue is governed by an approximation
to Brownian diffusion away from the injection site. Specifically, for each cellular position
on the tissue basal layer, we determine the relative probability of correction by integrating
the PDF of a bivariate Gaussian distribution over the cell’s x and y coordinate boundaries
on the lattice. We then sample k cell coordinates for correction from this probability dis-
tribution without replacement. To simulate a transgene injection with greater or lesser
diffusion, we examine Gaussian distributions with different variances (D) centered on the

injection site coordinates (%, Yinj) as follows:

p= "1 n= Py (3.1)
Yinj 0 D
Corrected cells can have altered dynamics in the basal layer that may allow them to
spread, in analog to the ability of gene-corrected cells to spread in the hematopoietic com-
partment. In stratified squamous epithelium, clonal expansion occurs due to an imbalance
in the fate of progenitor cells in the basal layer [29, 164, 166]. We model this mechanism
via a persistence coefficient (peor), which prevents a cell from being displaced by its neigh-
bor cell’s division. Specifically, when a cell divides and randomly chooses to displace a
neighboring cell possessing a persistence coefficient p.,.., the neighboring cell will not be
displaced vertically with probability p..., and will be displaced vertically with probabil-
ity 1 — peorr. If the neighboring cell is not displaced, the dividing cell instead places its
daughter cell vertically and does not displace any neighboring cells. This mirrors the im-

plementation of NOTCH1 mutations in Schenck et al. [30]. FA cells are assumed to have
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Peorr = 0 throughout.

3.5.2 Interrogating clonal expansion of corrected cells in an FA background

To investigate the spread of gene correction through the oral epithelium, we simulated FA
tissue sections of size 0.67 mm? (100 cells x 100 cells). We introduced a single corrected
patch of k cells with persistence coefficient p.,,.. in the center of the basal layer of the tis-
sue as described above and recorded tissue states longitudinally for up to 50 years at six
month intervals. Unless otherwise noted, & = 10 and D = 2, reflecting a tightly clus-
tered patch of few corrected cells. Simulations were stopped if no corrected cells remained
in the basal layer (‘loss’) or if the corrected patch of cells occupied 80% of the basal layer
(‘confluence’). Simulations reaching neither endpoint in 50 years were designated as ‘on-
going’. We ran 100 correction replicates for p.,., = (0,0.001,0.01,0.1,0.2,0.5,1.0) and
recorded the proportion of simulations in which correction was lost or reached confluence
and the time at which that event occurred. We repeated these analyses examining differ-
ent numbers of corrected cells (k = 3,10,30) and different degrees of transgene diffusion
(D = 2,10,20). Clone size distributions were determined by computing the number of cells
associated with each of the corrected patches for each persistence coefficient after one year.
To determine the expansion rates of corrected patches, we examined only simulation repli-
cates reaching confluence and converted the number of corrected cells at each timepoint

(six-month intervals) into area assuming each cell was 66.7 pm? [29, 164].

3.5.8 Lineage competition between gene-corrected cells and TP53 mutants

We investigated how gene correction might decrease the prevalence of TP53 mutant cells
in the oral epithelium of people with FA. To run these analyses, we expanded our model to

permit cells to acquire TP53 inactivating mutations at cell division in both FANC~ (FA)
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and FANC™ (corrected) cells. Each cell division, each FANC™ and FANC™ cell acquires
an expected number of TP53 inactivating mutations, pupanyc- and ppanc+, respectively.
We determined the probability of TP53 inactivation to be 7.48 - 10~ "division™! as the
product of the normalized genewide TP53 mutation rate 2.99 - 10 5division™" [30, 197]
and the probability of gene inactivation conditional on mutation as determined from deep
mutational scanning data (~0.25, [198]). More information on this calculation is available
in ‘Parametrizing the proliferative advantage and mutation rate of TP53~ mutations’. A
Poisson number of inactivating mutations with A\ = ppanyc- or A = ppanyc+ is drawn
for each cell division and cells gain a fitness advantage if an inactivating mutation occurs.
Acquiring multiple mutations in TP53 did not alter clonal fitness beyond a single hit (see
Discussion). FANC™ and FANC™ cells containing a TP53 inactivating mutation had an

additional increase in their persistence coefficient of pfo7-_ and pffo7-., respectively. Ini-

tially, we assumed that pZi%7 = pIiod., = 0.01, based on model fitting to the prevalence
of TP53% mutations in noncancerous tissue (see section ‘Parametrizing the proliferative ad-
vantage and mutation rate of P53~ mutations’ for full details).

We considered three experimental conditions in which gene correction could slow the

rate at which TP538 mutations accumulated in tissue:

1. If FANC™ cells were more difficult to displace than FANC™ cells, but were other-

wise identical in terms of the TP5% mutation rate and clonal expansion speed. In

this case, we examined simulation runs in which FANC~ = FANC™ and pf}% . =
TP53~
Pranc+-

2. If FANC™ cells were more genetically stable than FANC™ cells and thus acquired
fewer TP53 mutations. In this case, we examined simulations in which ppanc- =
m - ppanc+ and pFod . = plhad . where m = (1.5,2,4,8).

3. If FANC™ cells permitted a faster rate of clonal expansion of TP53 inactivating

73



mutations than FANC™ cells. In this case, we examined simulations in which prsnc- =

TP53~ _ TP53~ _
pranct and pru N =1 prano+, Where r = (1.5,2,4).

We conducted 300 replicates of experimental condition 1 and 100 replicates of exper-
imental conditions 2 and 3, both with and without gene correction. Among simulations
with gene correction, we examined small and large persistence coefficients for corrected
cells (Peorr = 0.01 and peorr = 0.1, respectively). We ran simulations on 0.33 mm? (70 x 70
cells) tissue sections for up to 50 years with k& = 30 initially corrected cells distributed with
D = 2. Simulations without correction ran uninterrupted for the full 50 years. Simulations
with correction were run for up to 50 years, but were stopped if all corrected cells were
lost from the basal layer. This stoppage criterion reflects our assumption that once all cor-
rected cells are lost from the basal layer, the tissue behaves similarly to one never having
undergone correction. To address variation in replicate numbers caused by early stoppage,
mutational characteristics for samples in which gene correction was lost were sampled from
a random replicate that did not undergo correction at each timepoint. We then quantified
the proportion of the tissue with at least one T'P53 mutation at six month intervals for up

to 46 years.

3.5.4  Parametrizing the proliferative advantage and mutation rate of TP53~ mutations

To quantify how gene correction could disrupt TP53 mutation clonal expansions in FA
oral epithelium, we first parameterized TP53~ mutation rates (FANC™) and prolifera-
tive advantages (p}%7,+) in the context of our model. We estimated these parameters via
comparison to a published study of TP53% mutational expansion in healthy (i.e., non-FA)
esophagus [2], another non-keratinized stratified squamous epithelium that is spatially-

contiguous with the oral mucosa.

Martincorena et al. [2] collected 2 mm? sections of esophageal tissue from study par-
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ticipants of different ages and deep sequenced each section to measure the number of unique
TP53 mutations and their corresponding variant allele frequencies (VAFs). Because 2 mm?
tissue sections are computationally expensive to simulate under the HE model, we simu-
lated smaller tissue sections (70 x 70 cells or ~0.33 mm?) and compared them to a spa-
tially downsampled version of [2|, intended to mimic results from Martincorena et al. if
smaller sections were sequenced.

To approximate downsampling of the clinically-derived 2 mm? samples, we first spa-
tially reconstructed possible tissue sections that reflect the mutation data observed in
each full 2 mm? sample (i.e., each tissue section at a given age has ¢ distinct TP53 mu-
tations indexed 1, ..., 4, at frequencies fi, ..., f;). With our expected cellular density, each
2 mm? tissue section is represented by a 173 x 173 cellular grid. We then place 7 muta-
tions in cells on the grid such that each mutation is spatially contiguous and at its ob-
served frequency, f;. Specifically, starting with the most frequent mutation, we choose
a random starting point on the grid to assign the mutation and then mutate a random
neighboring cell of the currently mutated cells to extend the spatially contiguous muta-
tional patch until the mutation reaches its observed frequency f;. This process is repeated
serially for each additional mutation observed in a tissue section, with the additional con-
straint that if the frequency of total mutations reaches 0.5 or more, the mutation that
would exceed this threshold is instead assigned to an existing mutant clone background
of higher frequency. After reconstructing potential tissue sections that could produce the
correct number of TP53 mutations and their VAFs in the 2 mm? sections, we randomly
sampled a 0.33 mm? (70 x 70 cell) square subsection from each larger reconstructed sam-
ple and counted the number of mutations and their VAFs in this subsection. To align with
Martincorena et al. [2], who excluded mutations sampled at frequencies below 0.0018 (108
genomic copies/ (29929 cells * 2 genomic copies/cell)) in 2 mm? tissue sections, we applied

the equivalent threshold in our 0.33 mm? sections, corresponding to a frequency 0.011 (i.e.,
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108 genomic copies/ (4900 cells * 2 genomic copies/cell)).

To identify the TP53 persistence coefficient value that most accurately reflects the
mutation patterns observed in empirical data, we simulated 70x70 tissue sections across a
range of pi%7,, values and compared the simulated data with the downsampled empiri-
cal observations. Martincorena et al. [2| collected 844 samples from nine donors of vary-
ing ages. We examined the 560 samples from the six donors aged 20 to 55 to match the
correction timescales profiled in this study. 177 samples contained detectable TP53 muta-
tions, which were spatially reconstructed and then downsampled as described above. Only
TP53 nonsense, missense and synonymous SNV mutations were included, with non-SNV
and splice mutations excluded. Total empirical mutational prevalences (i.e., the number of
unique T'P53% mutations per tissue) were computed by combining the downsampled tissue
sections and the tissue sections containing no 7'P53 mutations.

We conducted 100 simulation replicates for each p£i%7, . = (0,0.007,0.01,0.0125,0.015)
and matched two metrics between the simulated and observed data: the number of unique
TP53 mutations in the tissue and the average mutational VAF of an observed TP53 mu-
tation. Using the default mutation rate of the HE model resulted in an excess number of
TP53 mutations compared to empirical data, even when these mutations conferred no
proliferative advantage (Supplemental Figure B.4A). To better align the number of muta-
tions in a tissue sample with observed data, we reasoned that the mutation rate producing
mutations capable of expanding was likely lower than expected from the gene length and
average mutation rate alone. To compute an adjusted mutation rate, we referenced deep
mutational scanning data of TP53 and found that approximately 25% of TP53 mutations
were expected to confer a selective benefit [198]. We therefore reduced the model’s default
expected number of T'P53 mutations by a factor of four, and found that this reduced mu-
tation rate (7.48 - 10~ division™') was capable of producing mutation counts and sizes that

roughly matched Martincorena et al. 2], as shown in Supplemental Figure B.4B.
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To compare the number of distinct mutations arising, we calculated the squared dif-
ferences between the mean number of mutations in the downsampled empirical data and
the mean number of mutations in the simulated data for each timepoint and for each pLi57 .
value. We then averaged these squared differences across all timepoints and identified
which plf57., value minimized the mean squared error (Supplemental Figure B.4D).

To find the pgjﬁf\%+ value best able to produce empirical TP53 mutational size distri-
butions (i.e. VAFSs), we took a two step approach. First, we fit exponential distributions
that described the simulated VAFs for each pi%7,, value separately at each timepoint.
We fit these distributions using the R fitdist function within the fitdistrplus package [199].
Before fitting, we recentered the simulated VAFs by subtracting off the lower limit of de-
tection frequency (0.011) to better conform to the shape of the exponential distribution
(i.e., bounded below at 0). Second, we then used the best fit at each time point and for
each simulated pgi‘?\%+ to compute the probability that an interval encompassing each em-
pirical downsampled VAF measurement was drawn from each of the best fit distributions.
Specifically, for an observed VAF measurement f and best fit parameter A for a given age

group and pgﬁﬁ(;ﬂ we computed the probability of the observed data as:

fre
PN = [ de s (32)

We used e = 0.0002 although we found that results were robust to our choice of small
€. As when fitting the distributions initially to find the best fit As, we recentered the ob-

served VAFs by subtracting off the lower limit of detection before evaluating the proba-

bility expressions above. We then summed the log probabilities for a given pi5% ., across

all age groups to find the pfi%7 . that generates simulated data that best conforms to the

empirical data through time (Supplemental Table 2, Supplemental Figure B.4CE). We did

not perform exponential best fit calculations to p%ﬁf\%+ = 0 as there was only one ob-
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served mutation for the age ranges 20-23 and 24-27. Two outlier measurements diverging
substantially from the overall temporal signal were excluded when determining the best fit
parameters: the number of mutations in a heavy smoker aged 44-47 and the variant allele
frequencies among ages 20-23 (Supplemental Figure B.4BC).

We found that pZ/%7., = 0.01 both minimized the squared error for the number
of mutations and minimized the negative log-likelihood fit to the mutational VAFs, so
we proceeded with pZf%7,. = 0.01 as our proliferative advantage of TP53 mutations in
healthy tissue.

Due to interactions between the FA and TP53 pathways, loss of TP53 function in
cells already carrying FANC mutations is likely to confer a more extreme growth phe-
notype (Le., priar.— > piiSdo+, see Discussion). To parameterize pri%7 ., we drew on
both in vitro and in vivo data from human lymphoblastoid and mouse HSC experiments

[74, 172] which provide consistent, quantitative evidence that TP53 inactivation enhances

proliferation to a greater degree in FA cells than non-FA cells:

1. FA and non-FA lymphoblastoid cell lines, both with and without TP53 knockdown,
were exposed to a pulse of interstrand crosslinking agents then grown in culture for
72 hours |74]. In non-FA cells, TP53 knockdown increased growth by 17%, but in
FA cells, TP53 knockdown increased growth by 40%. These values were extracted
from time point H72 in Figure 3C of the original publication [74]| using WebPlotDigi-

tizer [200]. This suggests pfi%7,- ~ 0.40/0.17 - pL5%% . = 2.35 - pLhor ..

2. HSCs from mice constructed with all combinations of Fancat/* or Fanca™/~ and
Tp53~/= or Tp53%/* were tracked for 20 weeks [172]. The depletion of HSCs was
measured to track proliferative exhaustion due to more rapid cycling. Addition of
Tp53~/~ to a Fanca™ T background resulted in a decrease in abundance of 35%

between weeks 8 and 20, while addition of Tp53~/~ to a Fanca~/~ background re-
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sulted in a decrease in abundance of 86% between weeks 8 and 20. These values were
extracted from Figure 1D of the original publication [172| using WebPlotDigitizer
[200]. This suggests pLi%7 - ~ 0.86/0.35 - pLiod = 2.45 - pLiSd.., although provides

less direct evidence than the growth experiments described above.

The consistency between these two studies, in different cell types from different or-
ganisms, prompted our use of an increased proliferative advantage (i.e., ) in the range of
~2.4. Specifically, we tested r = (1.5,2,4) to explore potential increases or decreases in

proliferative advantage that may accompany an epithelial context.

3.5.5 Code availability

The code to reproduce these analyses can be found at

https://github.com/federlab/HomeostaticEpithelium_FAcorrection.
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Chapter 4

CONCLUSIONS

4.1 Importance of predicting malignant transformation and early cancer detec-
tion
Early cancer detection is one of the most effective means to improve survivability across
human cancers, yet up to 50% of cancers are not detected until a late stage [201, 202].
Although imaging based detection methods have improved the ability to detect smaller
lesions, they remain insufficiently sensitive for the earliest lesions and population based
screening at intervals necessary for tracking are unfeasible for most cancers [201, 202].
However, because cancer progresses through a gradual evolutionary process, there remains
an opportunity to identify molecular evidence prior to or at the earliest stages of neoplas-
tic growth and enable therapeutic intervention. Translating this opportunity into clinically
useful biomarkers remains a central challenge of the field. A key early event during tu-
morigenesis is the clonal expansion of a pathogenic mutation, however, the early detection
of pathogenic mutations alone is an inadequate indication of malignant progression. Se-
quencing across normal tissues such as blood, skin, esophagus, colon, and uterine lavage
has found that cancer-associated mutations are widespread and can persist for decades,
but malignant transformation of those mutant clones is comparatively rare |1, 2, 26, 46—

48|. This suggests that early detection methods must extend beyond somatic driver de-
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tection and account for the relevant genetic and microenvironmental context in which the
somatic mutations arise and spread. Progression risk can be be shaped by the background
genetic context [203], tissue architecture [33], epigenetic mechanisms [204-208|, and quan-
tifying pre-malignant cancer risks will require understanding the interplay of these and
other factors. Cancer predisposition syndromes, where a germline genetic variant is fixed
across all cells, offer a powerful system to improve the tractability of understanding these

interactions.

4.2 Major goals for the study of cancer predisposition syndromes

Inherited cancer predisposition syndromes (CPS) provide a unique window to understand
how genetic variation influences the progression of cancer as all cells share the same pathogenic
variant amidst an otherwise heterogeneous somatic background. As a result, CPSs have
served as foundational model systems for cancer biology that often generalize to sporadic
cancer in the general public [62]. One important example comes from BRCA1/2-associated
hereditary breast and ovarian cancer syndromes, where studies of BRCA1 and BRCA2
linked inherited cancer risk to impaired homologous recombination mediated DNA repair
[63—-65]. This mechanism provided the rationale for synthetic lethal targeting of BRCA-
deficient tumors with PARP inhibitors, now a common biomarker guided therapeutic strat-
egy across BRCA-mutant and homologous recombination deficient cancers [63-65]. Al-
though cancer predisposition syndromes serve as a generalizable model for sporadic cancer
progression, there is an urgent clinical need to develop therapeutic prevention strategies

to address the lifelong elevated cancer risk compared to the general population. This need
is particularly heightened in syndromes where the same germline defect increasing can-

cer risk also limits the therapeutic options after malignancy develops, which can require

reductions in dose intensity or avoiding specific therapies entirely. Individuals with Fan-
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coni Anemia poorly tolerate DNA-damaging chemotherapy and radiation, and those with
Li-Fraumeni Syndrome face elevated risks of of therapy-related secondary malignancies

[71, 75-77, 146, 209]. These constraints highlight the importance for developing interven-
tions to suppress cancer risks. Bringing the future scientific and clinical potential of inves-
tigating CPSs to fruition will include two important research directions: 1) How does an
inherited pathogenic variant alter the mutagenic and selective forces acting across contexts
(i.e., different tissues, epigenetic and transcriptomic states, cytotoxic exposures, immune
microenvironment)? 2) Can these signals be leveraged for predicting malignant progression

and be therapeutically targeted?

4.2.1 Background specific effects across contexts

What was learned and impact to the field: Chapter 2 of this dissertation outlines
the collective effort from myself and collaborators to investigate somatic evolution within
Li-Fraumeni Syndrome (LFS), a cancer predisposition syndrome caused by germline TP53
pathogenic variants. LFS serves as one the most broadly impactful CPSs as TP53 is the
most widely mutated gene across all human cancers [56]. My work specifically conducted
somatic genetic profiling of a family with a germline 7P53 p.R181H variant, one of the
most prevalent germline variants characterized in LE'S [79, 124, 125]. This work demon-
strated that a germline p.R181H T'P53 variant increases mutagenesis in regions of the
genome not expected to be under positive or negative selection in blood compared to non-
carriers, providing direct evidence that background genetic variation shapes the somatic
evolutionary process. This aligns with findings in other CPSs such as Shwachman-Diamond
syndrome [210] and other germline variants associated with increased acute myeloid leukemia
risk, where germline variants altered the somatic mutation selection landscape in blood
[203, 211-213].

Additionally, this project extends our knowledge of how germline genetic variation im-
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pacts somatic evolution across multiple tissue contexts and presents the first, to my knowl-
edge, multi-tissue ultra-deep sequencing based characterization of non-cancerous tissues in
LFS. Characterizing somatic evolution across pre-malignant solid tissues within CPSs has
been relatively limited, but has been informative for determining if inherited risk leaves
detectable evolutionary signatures prior to cancer development [62, 81, 84, 85]. Whole
genome sequencing of normal intestinal crypts of individuals carrying germline variants

in MUTYH had elevated somatic mutations in normal tissue by a factor of greater than
2-fold compared to crypts without the germline variant and had characteristic mutational
signatures associated with the variant [84]. Conversely, sequencing of colorectal crypts in
Lynch Syndrome found similar mutational processes and mutation rates to individuals
without Lynch Syndrome, but identified DNA mismatch repair deficiency as a potential
pre-malignant biomarker [85]. While these studies demonstrate the value of characterizing
somatic evolution in pre-malignant tissues, the field has largely focused within the domi-
nant tissue at risk within a given syndrome. Many CPSs increase cancer risk across mul-
tiple organs and additional multi-tissue studies are needed to determine whether inherited
pathogenic variants reshape somatic evolution in tissue dependent ways.

We found that tissue specific contexts were a primary determinant of the mutational
patterns found across LFS solid tissue samples. Mutational signatures differed by tissue,
particularly in skin and blood, and cancer sample signatures were consistent with sporadic
cancers of similar tissue origin. This suggests that germline TP53 p.R181H germline vari-
ants do not universally impose detectable mutational signatures across tissues and instead
the local exposures of the tissue environment are largely responsible for mutagenic pat-
terns. Our results suggest that the germline variant may provide a stronger influence on
the selective pressures governing clonal expansion than the mutational processes them-
selves.

Interestingly, we showed evidence that the p.R181H germline variant altered selec-
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tive patterns tissue-wide in the LF'S individual including preferential mutation on the WT
TP53 allele and the dominant-negative hotspot (p.R248Q /W) across most tissues. The
repeated emergence of p.R248Q /W is notable, considering the large number of other in-
activating mutations that are possible, including other hotspots with similar dominant-
negative properties. Although the mechanism underlying this preference is unresolved, fu-
ture approaches such as computational protein modelling of multimeric complexes contain-
ing different mutation combinations may help explain the preferential selection in TP53
and may provide a framework for understanding the selection of second-hits across other
CPSs. While this result needs to be investigated beyond the single individual in this study,
it suggests more broadly that specific CPS-associated germline variants may reshape clonal
evolution and constrain the evolutionary trajectory of second-hit mutations across multiple

contexts.

Interesting challenges and opportunities remaining: Multiple important challenges
remain unresolved in this study specifically, and in the general approach of using clinical

samples to understand context-dependency in people with an inherited driver mutation.

1. Multi-tissue characterization was performed in a single LF'S individual and without
comparable non-LF'S controls sequenced at comparable duplex sequencing depths,
there is a limited ability to distinguish the contribution of the germline variant from
the tissue-specific somatic processes that occur with age. The most direct path to
resolve this is by expanded cohort sequencing of multiple LF'S and non-LFS individ-
uals that span across multiple TP53 germline variants. Additionally, the multi-tissue
sequencing was primarily focused on TP53, which limits the ability to detect other
important driver genes that may be under selection in LFS. Particularly useful genes
to investigate are those involved in Wnt and PI3K/AKT signaling, and homologous

recombination due to their prevalence to arise somatically in LFS tumors [81].
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More broadly, the limitations of compiling extensive study cohorts of rare CPSs are
partially alleviated with ongoing CPS registries and biobanking efforts [214], along
with the NIH SMaHT network, which aims to generate a reference of somatic evo-
lution across normal tissues in the general population [215], and will serve as a non-
CPS resource where evolutionary patterns can be compared. Separately, the use of
transgenic mouse models of CPS offers advantages that human cohort studies cannot
yet provide. In mice, subject numbers can be scaled, longitudinal sampling becomes
more feasible, and confounding variables can be controlled in ways not possible in
human studies. Additionally, mouse models allow the use of emerging technologies
such as lineage recording systems to reconstruct clonal phylogenies [216] and po-
tentially record temporally ordered cell signaling states during pre-malignant tissue

maintenance [217, 218|.

. Microenvironmental tissue characterization of LF'S normal tissues, such as altered
transcriptional or epigenetic states may inform clonal expansion and transformation
risks. Liquid biopsy studies in LF'S have demonstrated that LFS individuals have a
distinguishable methylation status in cell-free DNA compared to the general popu-
lation, suggesting that germline T'P53 variation alters the environment in ways that
could reshape the selective conditions for additional somatic mutations [219, 220].
However, these blood-based signatures reflect cells in aggregate and cannot resolve
any spatially heterogeneous signatures within a given tissue. Spatial transcriptomic
and epigenomic platforms [221] offer opportunities to bridge this gap by co-localizing
genetic clonal expansions with specific tissue niches in which they arise. This ap-
proach could provide the resolution to ask whether specific tissue states alter selec-

tion in distinct regions that cannot be represented by bulk sequencing alone.

More broadly, microenvironmental differences may provide insight into whether spe-
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cific altered epigenetic or transcriptomic states favor the expansion of LOH clones
over point mutations, as LOH is the predominant second-hit in LFS and other tu-
mor suppressor driven CPS tumors [48, 81]. Testing this possibility will require more
sensitive approaches to detect somatic LOH events at low frequencies and preserve
tissue context information. Emerging spatial technologies that could enable this in-
vestigation include bioinformatic advances that complement spatial transcriptomic
methods by inferring copy number alterations while preserving the tissue gene ex-
pression niche [222, 223|. Though long-read sequencing does not yet have the sensi-
tivity to detect small clones in bulk tissue, it can resolve larger structural variants,
variant phasing, and copy number architecture beyond what is achievable by short-

reads [224-226].

4.2.2  Therapeutic considerations

What was learned and impact to the field: Chapter 3 of this dissertation outlines
my effort along with my collaborators to develop a computational framework for thera-
peutic oral cancer prevention in Fanconi Anemia, a CPS caused by germline variants in
the FA pathway. FA is an important model for preventative intervention because affected
individuals have a several hundred to over thousand fold greater risk of developing head
and neck squamous cell carcinomas compared to the general public and standard cytotoxic
therapies are often intractable due to the underlying genetic defect |71, 75, 77, 146, 151,
209].

Gene correction as a preventative approach in CPSs has primarily shown effectiveness
by ex vivo correction in the hematopoietic system, including Wiskott-Aldrich syndrome
[227, 228|, and in FA [112, 113], where lentiviral corrected cells demonstrate a prolifera-
tive advantage and repopulate the hematopoietic compartment. Extending gene therapy

strategies into solid tissues, however, poses unique challenges, as corrected cells will be
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subject to the local cellular competition within structured tissue architectures not present
in blood.

Using the agent-based modelling approach of in vivo gene therapy in FA epithelium
outlined in Chapter 3, we found that epithelial competition is the central determinant of
therapeutic success, where only gene corrected lineages with strong proliferative advan-
tages manage to avoid stochastic loss via displacement of neighboring uncorrected cells.
While studies of clonal competition in a therapeutic context of an inherited disorder are
limited, this finding is consistent with other modelling approaches of normal somatic evo-
lution, where the extent of pre-malignant clonal expansion was susceptible to tissue archi-
tecture and spatial constraints |29, 30, 33, 35]. We further found these constraints could
be mitigated through the design of microneedle array delivery platforms, where the spatial
configuration of initial correction locations influenced cell spread and corrected coverage
potential, providing a quantitative framework for optimizing delivery geometries that has
the capability to generalize to other tissue applications.

We also find that corrected epithelial patches with strong proliferative advantages re-
duce the elevated accumulation of TP53 mutations in FA to levels aligned with the gen-
eral population, demonstrating that gene correction has the potential to not only restore
gene function, but realign the evolutionary trajectory of cancer-associated mutations in an
at risk tissue. This broadly encourages future therapeutic strategies to consider targeting
the tissue specific environmental factors shaping selection of clonal expansion in addition

to the genetic underpinnings of disease.

Interesting challenges and opportunities remaining: Several important challenges

remain to advance the development of preventative therapeutic strategies in CPSs.

1. Unlike the hematopoietic system where ex vivo correction and re-infusion provide di-

rect correction of the target cell population, in situ correction of solid tissues requires
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gene delivery systems to perfuse into the target cells within the native tissue context
and are thus not universally applicable across tissues. As described in Chapter 3,
absorbable microneedle arrays are well suited for clinically accessible mucosal epithe-
lium such as the oral cavity, but more broad application to less accessible tissues will
require delivery methods tailored to anatomical sites. Emerging examples such as in-
halable gene therapy being developed for lung epithelia in Cystic Fibrosis [229] and
oral delivered vectors for gastrointestinal epithelium in Lynch Syndrome and Familial
Adenomatous Polyposis [230] are expanding the number of available target sites for
correction and the continued development of tissue-specific delivery platforms will be

broaden the number of CPSs eligible for preventative gene therapy.

However, successful prevention will depend not only on whether therapeutic ap-
proaches perfuse into the appropriate tissue, but if those corrected cells can persist
and expand within that context. Corrected lineages modeled in the oral stratified
squamous epithelium in Chapter 3 spread largely through lateral displacement of
neighboring cells in the basal layer, whereas in the crypt organization within colorec-
tal epithelium, clonal expansion occurs first within an individual crypt and expan-
sion beyond the crypt requires additional mechanisms such as crypt fission [231-234].
Thus in the context of gene correction, high delivery coverage, repeated dosing, or
mechanisms that promote processes other than stem cell renewal may be required for

adequate prevention depending on the tissue site.

This creates a need for experimental and computational frameworks for evaluating
the efficiency of gene therapy delivery and the clonal dynamics of corrected cells
within tissue specific contexts. Mouse models of CPSs paired with technologies such
as fluorescently labeled markers, lineage tracing, live cell imaging, and deep sequenc-
ing can be used to track therapeutic correction efficiency and how those corrected

clones are retained and spread over time [179, 186, 216, 218]. These measurements
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can then parameterize models like the framework developed in Chapter 3 to test pa-
rameters relevant to a specific CPS’s tissue context such as delivery dosing and fre-
quency, spatial distribution, and interactions with somatic pathogenic mutations at
scales that are difficult to produce empirically. In this way, modeling can serve as a
parallel framework to optimize therapy prior to advancing to additional mouse mod-

eling or preclinical studies.

. While gene therapy approaches offer exciting preventative opportunities for CPSs,
combination with non-genetic forms of therapy may further increase efficacy as many
CPSs have been associated with altered tissue biology beyond the direct function of
the mutated gene in histologically normal epithelium [62, 84, 85, 219, 235|. FA pro-
vides a notable example, where distinct methylation signatures have been identified
in plasma compared to non-FA individuals and these signatures persist in FA indi-
viduals with revertant mosaicism [235]. While it is unclear whether these methyla-
tion patterns impact malignant progression, it suggests that restoring FA pathway

function may not fully restore all molecular consequences of the FA background.

More broadly, this supports the investigation to what therapeutic cancer prevention
strategies can complement gene correction in a CPS context. A notable example is
the daily use of aspirin to reduce colorectal cancer risk in Lynch syndrome by over
35% [66] without targeting the genetic defect directly. Other non-genetic approaches
such as epigenetically targeted therapies provide one possible approach, where recent
work has emerged in oncology by using small molecules to target mechanisms such
as DNA methylation, histone modification, and chromatin reorganization [236, 237].
Although these therapies have primarily been applied to established malignancies,
they may be useful earlier in cancer development if persistent epigenetic alterations

contribute to CPS-associated risk. Similarly, variant specific small molecules such as
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rezatapopt, which restores function to the p53 Y220C mutant protein, have shown
promise reducing sporadic TP53 Y220C mutant cancers [238]. This may offer future
prophylactic relevance for LFS individuals harboring this variant and could be eval-
uated in LFS mouse model systems. Although variant specific small molecules are
likely limited to those variants which produce stable and targetable proteins, they
could expand preventative opportunities for tissue sites where gene replacement is

difficult.

4.3 Concluding remarks

Identifying the molecular signals that foretell malignant progression amongst the noise

of benign somatic evolution in normal tissues remains one of the central unresolved chal-
lenges in oncology. Progression toward this goal will require understanding how genetic
background, somatic mutation, epigenetic state, and the tissue specific architecture and
microenvironment collectively shape the selective landscape for cancer to progress and de-
velop frameworks to calculate risk. Cancer predisposition syndromes, where a pathogenic
germline variant is fixed across all cells, reduce one axis of this complexity, and expanding
normal tissue characterization in these populations should be a priority. The mutagenic
and selective remodeling revealed through molecular characterization can directly inform
prevention strategies for CPS individuals and provide a generalizable framework for spo-

radic cancer progression.
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Appendix A

SUPPLEMENTARY FIGURES FOR CHAPTER 2
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Figure A.1: Duplex depth comparison across genomic regions and samples. (A) Mean duplex sequenc-
ing depth of CHIP panel genes colored by sample. (B) Mean duplex sequencing depth of MUT panel regions
colored by sample. (C) Mean duplex depth of TP53 by sample. BM: bone marrow; WB: whole blood; PBMC:

peripheral blood mononuclear cells; Esoph: esophagus; Gast: gastric tissue; SkinNS: non-sun-exposed skin;

Med: mediastinal; Met: metastasis; Ca: cancer.
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Figure A.2: CHIP coding regression of MF and age by gene. Linear regressions of coding mutation fre-

quencies (MF) in CHIP genes by age. Circles are colored by LFS (maroon) and non-LFS (teal) status and

filled circles indicate chemotherapy (CTx) treatment. Age-associated baseline regression (blue line) is fit using

all individuals and linear regression p-value is indicated. Grey areas indicate the confidence intervals of the

regression line. Mutation frequency is measured as mutations per 10,000,000 bp sequenced.
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Figure A.3: CHIP coding mutational burden association with age, chemotherapy, and LFS. (A) Linear
regressions of coding CHIP mutation burden (MB) with age. Circles are colored by LFS (maroon) and non-LFS
(teal) status and filled circles indicate chemotherapy (CTx) treatment. Age-associated baseline regression is
fit using all individuals. (B) Multiple regression of coding CHIP MB using age (scaled by decades), LFS, and
CTx status as covariates. MB was scaled per 10,000,000 bases. Asterisks indicate significance value (*p<0.05,

**p<0.01) and error bars indicate 95% confidence intervals.
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Figure A.4: Comparison of pathogenicity of blood mutations in CHIP/AML genes in subjects with and

without TP53 p.R181H germline mutation. (A) AlphaMissense pathogenicity scores of observed CHIP SNVs
by germline p.R181H status (LFS: maroon; non-LFS: teal) within individual gene. Box plots indicate the median
and interquartile range. (B) Percentage of pathogenic mutations from A. Pathogenicity is determined based on

mutation type and AlphaMissense scores (see Methods).
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Figure A.5: Loss of heterozygosity (LOH) in Li-Fraumeni patient samples based on p.R181H allele
frequency. Variant allele frequency (VAF) of the p.R181H germline variant across LFS01 samples. Cancer

samples indicated in red text.
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Figure A.6: Concordance of TP53 mutations identified in blood samples and tissues from LFS01. The
plot includes all TP53 mutations identified in bone marrow (BM), whole blood (WB), buffy coat (buffy), and
plasma. Box color is determined by AlphaMissense pathogenicity score. Number inside of each box represents
the number of duplex reads associated with that given mutation. Mutations with a mutant duplex read count
greater than 1 are deemed a large clone and are colored a darker orange or blue depending on pathogenicity

status. Cancer samples indicated in red text.
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Figure A.7: Size and tissue distribution of TP53 mutations observed in three or more samples. Box color
is determined by AlphaMissense pathogenicity score (likely pathogenic: orange; likely benign: blue). Number

inside of each box represents the number of duplex reads associated with that given mutation. Mutations with a
mutant read count greater than 1 are deemed a large clone and are colored a darker orange or blue depending

on pathogenicity status. Cancer samples indicated in red text.
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Appendix B

SUPPLEMENTARY FIGURES FOR CHAPTER 3
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Figure B.1: Gene correction reduces spread of TP53 mutations through FA tissue over time. (A-l) TP53~
tissue coverage tracked over time for 46 years on 0.33 mm? simulated tissue sections with or without single
gene correction (¢ = 30cellsand D = 2). Columns represent conditions with no correction, p.o» = 0.01
and p.orr = 0.1. Rows represent the experimental conditions as described in Fig 4. Black crosses represent
TP53 tissue coverage ranges from Martincorena et al. [2] normal esophagus, with vertical lines indicating the
observed range. 300 simulations were performed for each condition within each persistence coefficient for A-C

and 100 simulations were performed for D-I.
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Figure B.2: Elevated mutation rates increase the number of TP53~ clones, while increased persistence
coefficients increase TP53~ clone sizes. (A-D) The average number and size of TP53~ clones after 46

years on 0.33 mm? simulated tissue sections with (pcoyr 0.01 or 0.1) or without gene correction. The 1X
condition in each panel (green) represents simulations where TP53 mutation rates and persistence coefficients
are equal across FANC~ and FANC™ cells. The empirical condition in each panel (yellow) represents data from
downsampled normal esophageal tissue in ages 36-55 from Martincorena et al. [2]. 300 tissue simulations of
the 1X condition and 100 tissue simulations of all other conditions were performed. Bars indicate interquartile
ranges. (A) Average number of distinct TP53~ clones when the TP53 mutation rate is elevated in FANC™ cells
(UpaNc- = M * ppanc+,m = (1.5,2,4,8)). (B) Median TP53~ clone size under the same conditions as (A).

(C) Average number of distinct TP53~ clones when TP53 persistence coefficients are elevated in FANC~ cells

( TP53~ TP53~

PraNc— =T *Ppanc+ T = (1.5,2,4)). (D) Median TP53~ clone size under the same conditions as (C).
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Figure B.3: Basal cell division rates in the default HomeostaticEpidermis model. Distribution of average

cell division rates across basal layer positions in the HomeostaticEpidermis model over 100 model timesteps on
a 50x50 cell grid. The red line indicates the mean division rate (0.4 divisions per week).
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Figure B.4: Parameterizing the proliferative advantage and mutation rate of TP53 mutations. (A) The
number of TP53 mutations per 0.33 mm? tissue sample in simulations with varying persistence coefficients
(p;ﬁ?\?’c+ = 0,0.007,0.01,0.0125,0.015) using the default mutation rate of the HomeostaticEpidermis model
(colored by persistence coefficient), compared to empirical data (grey). 100 tissue simulations were performed
for each age range and persistence coefficient. (B) The number of TP53 mutations per sample in simulations
with varying persistence coefficients using the calibrated mutation rate (FANC™). (C) Variant allele frequencies
of mutation meeting the lower limit of detection in simulated (colored by persistence coefficient) and empiri-

cal (grey) tissue. (D) Mean squared error between the simulated and empirical data for the number of TP53
mutations across various p/.5%7 . values. Age range 44-47 was excluded from the mean squared error com-

putation. (E) Negative log-likelihood comparisons of empirical variant allele frequencies against simulated

distributions across pgi‘?f& values. Age range 20-23 was excluded from negative log-likelihood computation.
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