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Abstract

Post-zygotic mutations (PZMs) accumulate inevitably over a lifetime across all tissues.
When PZMs are maintained in genetically distinct clones, it is known as genetic
mosaicism (GM). Recent technological advances have facilitated accurate
characterisations of GM in large datasets, revealing a complex relationship with normal
aging. However, the contribution of GM across a spectrum of debilitating disorders has
also become increasingly clear. GM is chronically under investigated in continental
African cohorts and our understanding of the scale and impact of GM in healthy and
disease affected Africans remains wholly inadequate. This thesis aimed to address
these gaps by implementing state-of-the-art bioinformatics tools to sensitively detect
GM in two distinct African cohorts. The first objective was to investigate the contribution
of GM to developmental disorders (DD) in South Africans by leveraging 62 whole-
exome trios from the Deciphering Developmental Disorders in Africa cohort to screen
for candidate pathogenic PZMs. Screening successfully identified 5 proband PZM
candidates, 3 germline de novo variants, and 5 parental PZM candidates with evidence
of gonadosomatic mosaicism. In total, 12 novel variants were classified as likely
pathogenic and recommended for future validation. The second objective was to detect
and characterise mosaic chromosomal alterations (MCAs) associated with clonal
haematopoiesis in healthy adults from the Africa Wits—INDEPTH Partnership for
Genomic Studies (AWI-Gen) study. MCAs were successfully characterised in 10.1% of
9917 AWI-Gen participants, and were more prevalent in the elderly, in males, and in
Western Africans. The genomic distributions of distinct MCA loci differed significantly
between participants from Eastern, Western, and Southern Africans. Finally, novel
genes were identified as candidate drivers of MCA expansion in Africans. This is the
largest characterization of MCAs in a diverse cohort of continental Africans to date,
and the first study to investigate the contribution of GM to a South African DD cohort.

These results significantly contribute to our understanding of GM in Africans.
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Preface

DNA is well-suited to its dual evolutionary role as the repository of hereditary genetic
information accumulated over eons, and as the primary substrate for natural selection
(Herrick, 2024). While it cannot be static as a source of variation for adaptation, DNAs
fidelity must be maintained to preserve conserved sequence over successive
generations (Lynch et al., 2016). To this end, we have evolved several responses to
DNA damage, including DNA damage repair pathways (DDRs), cell-cycle checkpoints,
damage tolerance pathways, and apoptosis pathways (Buoninfante et al., 2023).
However, the combination of the reactive chemical composition of DNA and its
organisation in the 3D genome make it vulnerable to damage (Chatterjee and Walker,
2017, Swenberg et al., 2011). Moreover, cell division is a complex process prone to
DNA replication errors and mitotic segregation errors (Currie et al., 2022). While DDR
pathways are efficient, they are also imperfect, often introducing errors of their own or
compounding existing damage (Chatterjee and Walker, 2017, Currie et al., 2022, Saini
et al., 2021). DNA mutations are inevitable and accumulate with age from the very first
post-zygotic division during embryogenesis (Coorens et al., 2021, Lynch et al., 2016,
Moore et al., 2021).

Post-zygotic mutations (PZMs) are subject to selection and genetic drift, with most
having no impact on cell function or fitness (Loewe and Hill, 2010, Watson et al., 2020).
Selectively neutral PZMs can become fixed in cell clones through random drift alone
as passenger mutations (Martincorena and Campbell, 2015). PZMs with a net selective
advantage for cells in their dynamic niches, drive clonal expansions over time (Challen
and Goodell, 2020, Watson et al., 2020, Watson and Blundell, 2023). Consequently,
multicellular organisms are composed of heterogeneous cell clones, each with slightly
different genomes (Biesecker and Spinner, 2013, Martinez-Glez et al., 2020). When
genetically distinct clones are observed in an organism having developed from a single
zygote, it is known as genetic mosaicism (GM) (Biesecker and Spinner, 2013,
Martinez-Glez et al., 2020).

Genetic mosaicism has long been recognised as a contributor to malignancy, skin
disorders, and neurodevelopmental diseases (Alissa and Walsh, 2018, Happle, 1993,
Martincorena and Campbell, 2015). However, the full extent and impact of GM in
human health and ageing have historically been underestimated due to the technical

challenges of its detection(Dou et al., 2018, Martinez-Glez et al., 2020). Over the past
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decade, significant advancements in sampling protocols, genotyping and sequencing
technologies, and bioinformatics tools have enabled more accurate detection of GM in
non-malignant or histologically “normal” tissues (Abascal et al., 2021, Ellis et al., 2021,
Yang et al., 2023, Loh et al., 2020, Hsieh et al., 2020). Additionally, the establishment
of biobanks and tissue repositories has enabled the detection of GM, both
prospectively and retrospectively, in large cohorts with significantly greater statistical
power (Jakubek et al., 2023b, Loh et al., 2020, Terao et al., 2020, Uddin et al., 2022,
Zekavat et al., 2021, Bick et al., 2020b, Kessler et al., 2022, Niroula et al., 2021). These
technological breakthroughs have reinvigorated research interest in GM, across
tissues, in both diseased and healthy cohorts (Evans and Walsh, 2022). Perhaps the
most surprising findings from these large characterizations is that GM is more common
in non-malignant tissues than previously thought, with PZMs being the norm rather
than the exception as we age (Abascal et al., 2021, Coorens et al., 2021, Ellis et al.,
2021, Herms and Jones, 2023, Loh et al., 2020, Martincorena and Campbell, 2015,
Moore et al., 2021, Bick et al., 2020b, Jakubek et al., 2023b, Kessler et al., 2022,
Mitchell et al., 2022, Terao et al., 2020).

Pathogenic PZMs have also continued to be linked to aberrant phenotypes and
disease pathologies (Martinez-Glez et al., 2020, Mustjoki and Young Neal, 2021).
Pathogenic PZMs that arise early in embryogenesis can expand to significant
proportions of developing tissues, leading to somatic or gonadosomatic mosaicism
(Martinez-Glez et al., 2020). This is an established mechanism underlying non-
malignant diseases, including developmental disorders, autism spectrum disorders,
and congenital malformations (Dou et al., 2017, Eberhardt et al., 2023, Lim et al., 2017,
Sherman et al., 2021, Wright et al., 2019). Several studies have leveraged trio whole
exome sequencing (WES) to accurately detect both de novo somatic mosaicism in
affected probands and inheritable parental mosaicism in these conditions (Domogala
et al., 2021, Gambin et al., 2020, Lim et al., 2017, Wright et al., 2019). Thus, improving

diagnostic yields within existing datasets.

Selectively advantageous PZMs in adult stem or progenitor cells may lead to clonal
expansions, contributing to a greater proportion of daughter cells which can be
detected in mature tissues. The best-characterized clonal expansions are in the
haematopoietic system, which is also known as clonal haematopoiesis (CH) (Bick et
al., 2020b, Jakubek et al., 2023b, Kessler et al., 2022, Loh et al., 2020, Terao et al.,

2020). Blood samples can be collected noninvasively, and large cohorts with
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microarray genotyping or bulk sequencing data facilitate the retrospective detection of
PZMs in CH with minimal additional cost (Evans and Walsh, 2022). The Mosaic
Chromosomal Alterations (MoChA) caller was developed to sensitively detect mosaic
chromosomal alterations from SNP-array data commonly generated for large genome-
wide association studies (GWAS) (Loh et al., 2018, Loh et al., 2020). MoChA has
become the gold standard tool for detecting MCAs and has been used to successfully
characterize MCAs in several large cohorts (Jakubek et al., 2023b, Loh et al., 2020,
Niroula et al., 2021, Terao et al., 2020, Uddin et al., 2022, Zekavat et al., 2021). These
studies showed that MCAs are both a normal feature of aging, and a significant risk
factor of malignancy, infection, and mortality (Jakubek et al., 2023b, Loh et al., 2020,
Niroula et al., 2021, Terao et al., 2020, Uddin et al., 2022, Zekavat et al., 2021).

Technological breakthroughs have advanced GM research exponentially within a short
period of time. The full extent of GM is rapidly being uncovered (Evans and Walsh,
2022, Mustjoki and Young Neal, 2021, Alissa and Walsh, 2018). However, there is
significant gap in our understanding of GM. There is a paucity of GM data from
continental African participants in both population genetics and clinical genetics
cohorts. This mirrors the overall underrepresentation of continental African data in
genomics datasets (Fatumo et al., 2022). African based genomics groups may not
have access to the appropriate datasets, expertise, or infrastructure required to detect
and analyse GM effectively. This requires significant funding which is limited in low to
middle income countries. Conversely, research groups outside of Africa may have the
requisite resources and expertise, but not access to continental African data.
Additionally, the African ancestry (AA) data from admixed African American cohorts,
that is currently in the literature, may not be a fair reflection of GM in continental

Africans.

This thesis aimed to address this gap through an exploratory investigation into the
extent and impact of GM in continental African datasets. A central hypothesis of this
thesis was that GM can be retrospectively characterised in continental African datasets
by integrating state-of-the-art GM detection tools into existing analysis pipelines.
Additionally, that this can be achieved at minimal additional cost in a resource-
constrained setting. This was achieved by leveraging access to two continual African
datasets. A clinical cohort and a population genetics epidemiological cohort. Cohort
specific GM analysis strategies were applied to each to maximise utility. The two

analyses strategies presented in this thesis allowed for the characterisation of GM in
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Africans across a spectrum of age, demography, and health status. The data presented
herein both contributed to the global GM knowledgebase, while also aligning with the
specific objectives of the studies from which the data derived. The following is a general

overview of the structure of the thesis.

Chapter 1 is a comprehensive literature review of GM, how it is defined and classified,
how it arises, and the impact it has in human health, aging and disease. The review is
extensive and summarises the challenges in GM detection and some innovative
strategies which have been developed to overcome them. The review contextualises
GM in line with the analyses in Chapters 2 and 3. An overview of GM in continental
African cohorts is then presented, and the gap in the literature is highlighted. Finally,
the rationale for the thesis is explored, and the aims and objectives are outlined in
depth.

Chapter 2 details the first objective of this thesis, a screening strategy for detecting
pathogenic PZMs in South African children with DDs from the Deciphering
Developmental Disorders in  Africa (DDD-Africa) study (DDD-Africa,

hitps://h3africa.org/index.php/ddd-africa/). It centres on an adapted variant

prioritization pipeline, which incorporated the EM-Mosaic tool in trio-WES data, to
screen for de novo PZMs in affected probands and inherited parental PZMs (Hsieh et
al., 2020, Wright et al., 2019). Alist of candidate mosaic small variants is recommended

for future validation.

Chapter 3 details a retrospective characterisation of MCA driven CH in the Africa Wits-
INDEPTH Partnership for Genomic Research (AWI-Gen) study. This chapter details
the largest and most diverse autosomal MCA characterisation in continental Africans
to date (Loh et al., 2018, Loh et al., 2020, Mulder et al., 2018). An exploratory analysis
of detected MCAs is detailed, highlighting the diversity of autosomal MCA distributions
across participant sex and region of recruitment. Finally, novel candidate drivers of

MCA selection in continental Africans are identified.

The thesis concludes with Chapter 4, a final discussion of the analyses detailed in
Chapters 2 and 3. Chapter 4 highlights the limitations of both chapters, outlines future
perspectives, and discusses the success of this thesis in achieving its aims.
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Chapter 1: Literature review and rationale

In his defining work, On the Origin of Species, Darwin formulated the elegant theory of
natural selection, which acts on heritable variation to drive the adaptive evolution of
species through time (Darwin, 1859). Key to this theory, was Darwin’s observation that
interindividual variation is passed down through successive generations. However,
how this variation arose or the mechanisms behind its inheritance was not
known.(Bromham, 2009). The discovery of DNA and the gene as the molecular basis
of heritable variation was a revelation, validating Darwin’s insight, and ushering in a
golden age of biological discovery in modern genetics (Brenner et al., 1961, Flemming,
1882, Franklin and Gosling, 1953, Miescher, 1871, Morgan, 1910, Nirenberg and
Matthaei, 1961, Watson and Crick, 1953).

We now understand how natural selection acts on the genetic variation to drive
evolution through adaptation, a process that is manifested from the cellular level
throughout the hierarchical organization of life (Gregory, 2009, Kovuri et al., 2023)..
The foundational principles of Darwinian biology remain at the heart of modern
population genetics theory; where the forces of mutagenesis, selection, gene flow, and
genetic drift shape human allele frequencies through time and space (Kern and Hahn,
2018, Lynch et al.,, 2016, Simon and Coop, 2024). These same population-level
principles have adapted to explain the observable patterns of somatic mutations in GM
and to model clonal dynamics within tissues (Maher et al., 2016, Martincorena and
Campbell, 2015, Martincorena et al., 2017). Technological breakthroughs over the past
decade have led to significant advancements in GM research in genomic medicine,
aging, cancer research, and genomic epidemiology (Evans and Walsh, 2022, Lee et
al., 2023, Mohiuddin et al., 2022, Vijg, 2021). Central to these advancements is the
enduring relevance of Darwinian biology, facilitated by our modern understanding of
DNA.

The information encoded within DNA is critical for cellular function, homeostasis, and
development. It must be maintained through successive cell divisions with high fidelity.
However, as genetic variation also serves as a fundamental substrate for natural
selection, DNA sequence cannot be entirely static. A balance must be maintained
between conserving the DNA sequence that is essential for short-term cell survivability,
and the generation of sufficient variation for long-term adaptation to dynamic niches
(Lynch et al., 2016). This duality in evolutionary function is facilitated by DNA’s reactive
1



composition and structure. However, DNAs reactivity also means that it is vulnerable
to damage from endogenous and exogenous sources (Chatterjee and Walker, 2017).
While natural selection acts to minimize mutation rates, DNA repair mechanisms are
not infallible (Lynch et al.,, 2016). Ultimately, DNA mutations are inevitable and

universal (Herms and Jones, 2023).

1.1 Genetic mosaicism

Recent work has conclusively shown that genetic variations arise inevitably in all
studied tissues, steadily accumulating from the very first post-zygotic cell division until
death (Coorens et al., 2021, Mitchell et al., 2022, Moore et al., 2021, Park et al., 2021,
Ren et al., 2022). All PZMs are acted on by the forces of selection and genetic drift at
the cellular level, which govern the clonal dynamics of the cells in which they arise
(Loewe and Hill, 2010, Mustjoki and Young Neal, 2021). Most PZMs are benign or
selectively neutral, with no observable impact on cell function or fitness. These low
effect mutations are often maintained in successive cell generations through drift alone
as passenger mutations (Loewe and Hill, 2010, Mustjoki and Young Neal, 2021,
Mitchell et al., 2022). Deleterious mutations in the germline are often lost at the
population level through purifying selection; however, the effect of purifying selection
is much weaker in somatic cells, and deleterious PZMs are much less likely to be
purged if their fitness effect is low (Yadav et al., 2016). The last outcome of a new PZM
is where it is selectively advantageous to the cell, resulting in clonal expansions

proportional to its fitness effect (Mitchell et al., 2022, Mustjoki and Young Neal, 2021).

Thus, newly arising unrepaired PZMs in somatic progenitor cells are relatively likely to
be maintained across successive cell divisions with very few being lost. The result is
that multicellular organisms are not composed of cells with identical genomes but are
instead made up of a mosaic of heterogenous cells with very slightly different genomes
(Biesecker and Spinner, 2013). This phenomenon is known as genetic mosaicism,
formally defined as the presence of two or more genetically different cell clones which
are derived from a single zygote (Biesecker and Spinner, 2013). The term has its roots
in clinical genetics, where it most often describes clinically relevant PZMs which have
been detected in significant proportions of cells (Martinez-Glez et al., 2020). However,
the definition also technically encompasses PZMs across a spectrum of impact or

phenotype (Martinez-Glez et al., 2020). Thus, for the purpose of this thesis, GM will be
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used to describe all PZMs which originate in a single cell and are propagated to

detectable levels in all tissues (Figure 1.1).
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Figure 1.1: A simple representation of genetic mosaicism in human development from embryogenesis
to adulthood.

Lightning bolts represent postzygotic mutation (PZM) events. Individual ovals represent
cells. Colours represent cells resulting from different GM scenarios. a) An early PZM is
maintained through successive cell divisions and is present across multiple adult tissues
at relatively high cell fractions. b) A PZM arising later in development is maintained
through cell divisions is present at a lower cell fraction and is restricted to a single adult
tissue. c) a significantly deleterious PZM arising later in development results in cell death
and is not propagated further. d) an additional independent second-hit PZM arises in a
cell lineage already impacted by a previous PZM leading to pleotropic modulation of its
phenotypic expression. e) an additional independent PZM arises in a cell lineage already
impacted by a mutation which changes the genotype back to the wild type in somatic
genetic rescue. f) new PZMs continue to accrue in adult tissues due to endogenous and
exogenous genotoxic exposure and age which are subject to Darwinian selection and can
result in clonal expansions in a confined tissue environment. Image from (Thorpe et al.,
2020) with the permission of Annual Reviews, Inc., conveyed through Copyright
Clearance Center, Inc.



The earliest conceptualisation of GM in humans likely dates to 1914, when Theodor
Boveri speculated that cancer is a cell-based disease resulting from somatic alterations
to chromosomes (Boveri, 1914). Supporting evidence for this hypothesis emerged later
in subsequent studies (Knudson, 1971, Nowell, 1976). Beyond the broad scope of
cancer, human “mosaics” were identified in cases of sex chromosome aneuploidies as
early as the 1960s (Ford et al., 1959, Hirschhorn et al., 1960). It is now a well
characterised contributor across the spectrum of disease pathologies (Alissa and
Walsh, 2018, Happle, 1993, Martincorena and Campbell, 2015). Importantly, GM is not
limited to a disease context and is also recognized as an inevitable age-related
phenotype (Vijg, 2014). The first links between aging and PZMs were hypothesised in
the late 1950s (Szilard, 1959, Failla, 1958). A direct association between aging and the
accumulation of PZMs has also been consistently reported in normal non-malignant
tissues in multiple investigations (Coorens et al., 2021, Moore et al., 2021, Park et al.,
2021, Loh et al., 2020, Mitchell et al., 2022, Terao et al., 2020, Watson et al., 2020).

The breadth in GM research scope has led to variability in the terminology used to
describe similar phenomena. A six-attribute classification of GM was proposed to
standardize the nomenclature of PZMs classification, aiming to provide a unified
framework that can guide future research and clinical interpretations (Figure 1.2)
(Martinez-Glez et al., 2020). The proposed classifications were centred on the specific
factors influencing the phenotypic impact of PZMs in the context of reported clinically
manifesting GM. These factors include the type of affected tissues, the risk of
heritability, the distribution pattern of the PZM in affected tissues, the direction of
pathogenicity, the developmental mechanism of the PZM related phenotype or
disease, the aetiology or class of PZM, and the proportion of tissue affected by the
PZM (Martinez-Glez et al., 2020). While the specific classifications themselves still
relate to clinical contexts, they are nevertheless useful in understanding the potential

impact of a PZM across the board.
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Figure 1.2: A visualisation of a newly proposed system of classifying clinacally relevant genetic
mosaicism in humans.

A new system consisting of six genetic mosaicism attributes has been proposed to
standardise nomenclature in the clinical setting. These classifications are useful in
understanding the contexts in which GM arises and what its impact may be in humans.
Broadly defined genetic mosaicism can be defined by its (A) affected tissues at the
germline, somatic, gonadosomatic, or confined placental. These broad tissues classes
can be further delineated by the (B) body pattern of affected tissue, as segmental, single
point, and segmental. The impact of the mutation is dependent on (C) the direction of the
change in realtion to the wild type genome, as wither benign to pathogenic, pathogenic
to benign or as revertant mosaicism. Clincal impact can be further defined by (D) its
development mechanism, which is linked to the kinds of disorders observed in genetic
mosaics. Heterozygous dominant, a second-hit to an existing mutation, functional X-
chromosome linked in for males, and mutations that can only exist as mosaics which are
lethal otherwise. The (E) eitiology of GM is by mutations of all sizes and classes from
small varaints to anueplodies, as well as epigenetic changes. The severity of GM is linked
to (F) the proportion of cells and tissues in which it is found. Image from (Martinez-Glez
et al., 2020) with permission from Springer Nature.

Post-zygotic mutations arise across all stages of development, as well as in mature
cell lineages in adulthood (Martinez-Glez et al., 2020). The developmental timing of
PZM origin significantly impacts which tissues are subsequently affected. There are
four broad classes of GM which are entirely dependent on the tissue types in which a
PZM of interest is detected: somatic mosaicism, gonadal mosaicism, gonadosomatic
mosaicism, and confined placental mosaicism (Figure 1.2) (Martinez-Glez et al., 2020).

PZMs that arise very early in embryogenesis can expand into a significant proportion
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of the resulting daughter cells and may be detected in multiple tissues (Figure 1.1).
PZMs that present in only somatic cells are classified as somatic mosaicism, whereas
PZMs that are present in both somatic and germ cells are known as gonadosomatic
mosaicism (Martinez-Glez et al., 2020). PZMs can also emerge later in postnatal
development or adulthood as de novo clonal events that are confined to a single tissue.
De novo PZMs originating in germ cells are classified as gonadal or germline
mosaicism (Martinez-Glez et al., 2020). De novo PZMs arising postnatally in a
developed somatic tissue is classed as somatic mosaicism. This also encompasses
clonal expansions such as PZM-driven clonal haematopoiesis (CH) (Jaiswal and Ebert,
2019). Confined placental mosaicism occurs when a PZM arises in the mother’s
placenta that is not present in the developing foetus (Toutain et al., 2018). Only
germline and gonadosomatic mosaicism can be passed on to future generations
(Martinez-Glez et al., 2020). These are inherited as constitutional germline variation in
the proband. It is important to note that de novo germline variation arises as PZMs in
parental germ cells, either as a singular event, or as appreciable

gonadal/gonadosomatic mosaicism (Yu et al., 2024).

The timing of PZM origin also impacts the body pattern or distribution in affected
tissues (Figure 1.1) (Figure 1.2). This body pattern classification reflects the patterns
and extent to which the GM phenotype can be seen across affected tissues (Martinez-
Glez et al., 2020). There are two main categories of body pattern classifications;
nonsegmental and segmental patterns (Martinez-Glez et al., 2020). Nonsegmental
patterns are more common and include single point mosaicism where a PZM arises in
a single tissue location postnatally (Martinez-Glez et al., 2020). Single point mosaicism
encompasses single tissue tumours as well as clonal expansions in confined tissue
structures such as colon crypts. Nonsegmental patterns also include disseminated
mosaicism, where PZMs impact multiple tissues such as those dealt with in Chapter 2
(Martinez-Glez et al., 2020). Segmental patterns are most often used to describe
mosaicism that is directly observable on the skin, such as Blaschko lines in broad or
narrow bands (Martinez-Glez et al.,, 2020). Other known segmental distributions
include checkerboard, block-like, phylloid, and lateralization patterns which are often

indicative of an underlying mosaic disorder (Martinez-Glez et al., 2020).

Most instances of GM involve a PZM that changes a wild-type allele to a functionally
impactful or pathogenic variant (Martinez-Glez et al., 2020). In these cases, the

directionality of the PZM is classed as benign to pathogenic. However, the reverse
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scenario has also been observed, where the directionality of the PZM is from
pathogenic to benign (Martinez-Glez et al., 2020). This is known as somatic genetic
rescue or revertant mosaicism, where the deleterious impact of a pathogenic germline
mutation is partially or completely offset by the introduction of a PZM (Revy et al.,
2019). Somatic genetic rescue can be direct reversion of the pathogenic PZMs to the
wild type, or indirectly through PZMs arising in linked genes in a relevant pathway
(Revy et al., 2019). While the reversion may improve selective advantage at the cell
level, it does not guarantee clinical improvement in a patient with a Mendelian disorder
(Revy et al., 2019).

The third classification of GM centres on its developmental mechanism (Martinez-Glez
et al.,, 2020). These include type 1 segmental mosaicism, which occurs through
dominant nonlethal PZM (Martinez-Glez et al., 2020). Type 2 segmental mosaicism
occurs in individuals with constitutional heterozygous pathogenic variants that are
modulated by a newly arising PZM in trans (Martinez-Glez et al., 2020). In autosomal
recessive conditions, the constitutional variant does not cause the phenotype on its
own, and a newly arising second-hit PZM results in the aberrant phenotype in parts of
the tissue in which it is present. In autosomal dominant conditions the second-hit PZM
results in @ more severe phenotype in the tissue in which it is present (Martinez-Glez
et al., 2020). Random X-chromosome inactivation in female embryos can manifest as
functional X-chromosome mosaicism with or without X-linked disorder traits that are
often lethal in males (Martinez-Glez et al., 2020). Obligatory mosaic disorders result
from PZMs that are lethal if constitutional (Martinez-Glez et al., 2020).

The final two classifications are related to the fraction or proportion of cells in which
the PZM is detected, and the PZM class. The fraction of cells harbouring the PZM is
often linearly correlated with the severity of its phenotypic expression (Martinez-Glez
et al., 2020). This ranges from mild involvement in which less than 10% of the tissue
is impacted, to very severe involvement in which more than 50% of the tissue is
impacted (Martinez-Glez et al., 2020). The aetiology of GM classification is directly
related to the class of the variant, which can differ in size and mechanism of formation
from single-nucleotide polymorphisms (SNPs) to aneuploidies (Chatterjee and Walker,
2017, Coorens et al., 2021, Martinez-Glez et al., 2020).



1.2 Mechanisms of PZM formation

DNA is under near constant attrition by endogenous and exogenous sources of
damage (Figure 1.3) (Chatterjee and Walker, 2017). Additionally, mitotic cell division is
a significant source of mutation due to the complexity of DNA replication and errors in
chromosome segregation (Levine and Holland, 2018, Mustjoki and Young Neal, 2021).
Several mechanisms are in place to reduce the impact of DNA damage, including DNA
damage response (DDR) pathways, DNA damage tolerance pathways, mitotic cell-
cycle checkpoints, and apoptosis pathways (Chatterjee and Walker, 2017). DDR
pathways are diverse and include base excision repair (BER), nucleotide excision
repair (NER), mismatch repair (MMR), repairing of double stranded breaks through
homologous recombination (HR), non-homologous end joining (NHEJ),
microhomology-mediated end-joining (MMEJ) (Burssed et al., 2022, Chatterjee and
Walker, 2017).

Many DDR pathways are substrate or lesion specific, with each having specialised
roles in repairing distinct DNA lesions (Figure 1.3). There can be overlap, depending
on several tightly regulated cellular processes. While they are usually efficient at
repairing most lesions, they are not infallible, and erroneous DDR can lead to the
formation of PZMs (Burssed et al., 2022, Chatterjee and Walker, 2017). PZMs can be
maintained and propagated through DNA replication and cell division when DDR
mechanisms or cell cycle checkpoints are inactive, when additional mutations
dysregulate DDR proteins, or when the mutation load overwhelms DDR capacity
(Tubbs and Nussenzweig, 2017).
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Figure 1.3: Common genotoxic agents produce characteristic DNA lesions which are repaired by
diverse DNA damage repair pathways.

Image from Chatterjee and Walker (2017) with permission of John Wiley and Sons through
Copyright Clearance Center, Inc.

Genetic variations of all shapes and sizes have been detected as PZMs, including
epigenetic variations, SNPs and small insertions or deletions (INDELs),
retrotransposons, as well as larger copy number variations, structural variations and
aneuploidies (Coorens et al., 2021, Loh et al., 2020, Mitchell et al., 2022, Park et al.,
2021, Terao et al., 2020, Duffy et al., 2021, Macia et al., 2011, Nam et al., 2023). Each
class of PZM can be formed through distinct mutational mechanisms involving DNA
damage and DDR, (Chatterjee and Walker, 2017, Nesta et al.,, 2021, Tubbs and
Nussenzweig, 2017). The following is a summary of the mechanisms behind the
formation of mosaic small variations (SNPs and INDELs) and MCAs, the two classes
of PZMs dealt with in this thesis (Figure 1.4).
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Figure 1.4: lllustratation of the small variations and large structural variations observed as
somatic mutations.

Image from (Alexandrov and Zhivagui, 2019) with permission from Elsevier.

1.2.1 Mosaic SNPs and INDELs

The most observed PZMs are small variants such as SNPs and INDELs (Figure 1.4)
(Alexandrov et al., 2013). Post-zygotic SNPs and INDELs are primarily formed through
endogenous DNA damage and subsequent erroneous DDR pathways. However, DNA
replication is a major endogenous source of both SNPs and INDELs. DNA replication
is facilitated by a suite of DNA polymerases with varying degrees of fidelity and 3'-5'
exonuclease proofreading capabilities (Kunkel, 2009). Despite this inbuilt error
correction mechanism, base mismatch SNPs may be introduced when an incorrect
nucleotide is incorporated (Figure 1.5) (Kunkel, 2009). DNA polymerase replication
slippage at repetitive sequences can lead to INDEL formation (Kunkel, 2009, Viguera
et al., 2001, Montgomery et al., 2013). Microsatellites are abundant in the human
genome and are known hotspots for INDEL formation (Montgomery et al., 2013, Nesta

et al., 2021). It has been estimated that as much as 70% of INDELs are concentrated
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in regions prone to replication slippage (Montgomery et al., 2013). SNPs and INDELs
that escape the MMR pathways may be maintained as PZMs in future replications
(Chatterjee and Walker, 2017, Kunkel, 2009). Additionally, individuals with deleterious
variations in DNA polymerase or MMR genes have been shown to accumulate PZMs

at greater rates (Lee et al., 2022, Robinson et al., 2021).

Spontaneous base deamination is a significant source of endogenous damage and
occurs frequently in resting cells (Chatterjee and Walker, 2017). During this process
Cytosine (C), adenine (A), guanine (G), and 5-methyl cytosine (5mC) lose an exocyclic
amine, changing to uracil, hypoxanthine, xanthine and thymine (T), respectively
(Lindahl, 1993). The most common deamination occurs at C and 5mC bases, leading
to C>T or CpG>TpG substitutions (Figure 1.5) (Alexandrov and Stratton, 2014).
Exposure to exogenous sources of DNA damage including ultraviolet (UV) radiation
and intercalating agents can induce further deamination (Moyer et al., 1993, Pfeifer et
al., 2005). CpG islands are hotpots for PZMs through deamination of 5mC (Tomso and
Bell, 2003). However, it has been shown that SNPs in CpG islands are ~7 times less
frequent than SNPs in other CpG dinucleotide motifs (Tomso and Bell, 2003).

Break excision repair is employed to repair deamination through the action of DNA
glycosylases and DNA polymerase 3 (Dianov and Hubscher, 2013). In normal BER,
DNA glycosylase removes the deaminated base, producing an abasic site which is
cleaved along with 1 to 13 bp to creates a single-stranded DNA break (SSB), allowing
access for DNA polymerase B to resynthesis the strand (Figure 1.5) (Dianov and
Hubscher, 2013). DNA polymerase 3 lacks exonuclease proofreading, leading to an
increased risk of incorrect base incorporation (Chatterjee and Walker, 2017). Abasic
sites are unstable and prone to SSB conversion (Dianov and Hubscher, 2013). When
deamination occurs within a repetitive sequence, the risk of DNA polymerase [
slippage and subsequent INDEL formation increases. Additionally, unrepaired SSBs
can progress to double-strand breaks (DSBs) through replication fork collapse,
potentially resulting in further mutation through error-prone NHEJ repair (Chatterjee
and Walker, 2017, Dianov and Hibscher, 2013, Caldecott, 2024).

Reactive oxygen species (ROS), a highly reactive group of molecules derived from
molecular oxygen, are a significant source of DNA damage (Chatterjee and Walker,
2017). ROS are formed endogenously by several metabolic enzymatic reduction-
oxidation reactions, including the electron transport chain (Sies and Jones, 2020). ROS

are also introduced exogenously through ionizing radiation, UV radiation, certain
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chemotherapeutics, alcohol consumption, air pollution, and other environmental
exposures (de Almeida et al., 2022). Excess ROS react with DNA, damaging
nucleotide bases, and inducing SSBs and DSBs (Figure 1.5) (Tudek et al., 2010). The
formation of 8-oxoguanine (8-oxoG), which incorrectly pairs with A instead of C during
DNA replication leads to a G>T substitution in subsequent rounds of replication (Figure
1.5) (Cheng et al., 1992, Tudek et al., 2010). Repair of DSBs by NEHJ is error-prone,
often resulting in small INDELSs at the site of the repaired breakpoints (Burssed et al.,
2022). Other potent exogenous sources of DNA damage include UV radiation,
alkylating agents, aromatic amines, polycyclic aromatic hydrocarbons, microorganism
toxins, and environmental factors such as heat, cold, and oxidative stress (Figure 1.4)
(Chatterjee and Walker, 2017).

Newly arising SNPs and INDELs can alter protein function and expression by
disrupting coding sequences, splicing, mRNA stability, or regulatory elements. Their
effects range from subtle changes in translation efficiency to frameshifts and premature
stop codons that truncate proteins or abolish their function (Ramirez-Bello and
Jiménez-Morales, 2017, Lin et al., 2017).
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Figure 1.5: DNA damage and erroneous repair pathways resulting in mutations.

A) Spontaneous deamination of 5-methylcytosine (Cx*) generates an aging signature,
characterized by CpG>TpG transition mutations. 5-methylcytosine deamination converts
C>T, which is recognized by thymine DNA glycosylase (TDG). Apurinic/apyrimidinic
endodeoxyribonuclease (APE) excises the abasic nucleotide, which is replaced by
polymerase beta (POLB). (B) Reactive oxygen species (ROS) oxidizes guanine to form
8-0x0G. 8-0x0G can pair with adenine and may generate G>T mutations if 8-0x0G:C
pairing is not detected by OGG1 before replication or if the 8-oxoG:A pairing is not
recognized by MUTYH after the first round of replication.(C) Exposure to UV light
generates cyclobutane pyrimidine dimers, which are recognized by nucleotide excision
repair (NER) factors and excised by XPG and XPF flap endonucleases. Polymerase delta
(POLDJ) synthesizes DNA to restore C:G pairing. Failure to complete NER results in C>T
transition mutations at CC dinucleotides. (D) DNA polymerase errors induce mismatch
repair (MMR) through MSH2/MSHG6. Exonuclease | (EXO1) removes a short patch of DNA
that is resynthesized by POL®&. Failure to complete MMR results in base substitutions.
(E) DNA DSBs are repaired using non-homologous end joining (NHEJ) or homologous
recombination (HR). Normal NHEJ may result in small insertions or deletions, as does an
inherently error-prone form of end-joining (alternative end joining), which relies on short
homologous sequences (microhomologies) for base pairing. Normal HR is an error-free
repair mechanism, but abortive HR may yield chromosomal rearrangements, such as
tandem duplications or large deletions, which are common in HR-deficient cancers.
BRCA1 and CtIP promote DNA end resection during HR, whereas BRCA2 promotes strand
invasion to facilitate normal HR. Reprinted from (Tubbs and Nussenzweig, 2017), with
permission from Elsevier.
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1.2.2 Mosaic chromosomal alterations

Mosaic chromosomal alterations (MCAs) are postzygotic copy-number variants,
structural variants and aneuploidies that arise within a subset of cells. They include
interstitial deletions and duplications, whole-arm deletions/duplications, mosaic
aneuploidies and polyploidies, copy-neutral loss of heterozygosity (CN-LOH), and
more complex rearrangements such as inversions and translocations (Figure 1.6).
typically span =250 bp and frequently extend to kilobase (Kb) or megabase (Mb) scale
regions, giving them much larger genomic footprints than SNPs or INDELs (Liu et al.,
2021). Importantly, MCAs are an umbrella category. Thus, these larger mosaic variants
are often grouped together in analyses, but they arise by distinct mechanisms and
have different functional consequences (Dubois et al., 2022, Liu et al., 2021). Sub-
chromosomal MCAs are characterized by physical alterations of DNA sequence
between two breakpoints, whereas aneuploidies affect whole chromosomes or large

chromosome arms (Figure 1.6) (Dubois et al., 2022, Liu et al., 2021).
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Figure 1.6: lllustrative representation of diverse mosaic chromosomal alterations.

(A-E) MCAs with copy number changes. (F-H) MCAs of abnormal chromosomal size or
morphology. Reproduced from (Liu et al., 2021) with permission from Nature Springer.

Mosaic aneuploidies arise from mitotic segregation errors, most commonly due to
anaphase lagging, nondisjunction, endoreplication, cell fusion, telomere dysfunction,
14



or cytokinesis failure (Andriani et al., 2017, Campbell et al., 2015). Mosaic aneuploidies
arise through anaphase lagging, non-disjunction, endoreplication, cell fusion, telomere
dysfunction, merotelic attachments and cytokinesis errors during mitosis (Andriani et
al., 2017, Campbell et al., 2015). These errors typically reflect broader defects in
genome maintenance and are further exacerbated by mutations in genes regulating
chromosome condensation, cohesion, kinetochore assembly, spindle dynamics,
cytokinesis, and spindle assembly checkpoint signalling (Holland and Cleveland,
2012). Mosaic aneuploidy likelihood is further modulated by interplay between
sequence and chromatin level determinants. These include centromere and
kinetochore composition, cohesin function and telomere integrity, higher-order 3D
genome organization, integrity of mitotic cell-cycle machinery, and environmental
stresses (Devillers et al., 2024, Baker et al., 2024).

Sub-chromosomal MCAs form predominantly through errors of DSB repair (Jackson
and Bartek, 2009). These repair mechanisms differ and can lead to diverse MCA
outcomes (Figure 1.7) (Jackson and Bartek, 2009). The primary repair pathway
involved is NHEJ, which directly ligates DNA ends without needing extensive homology
and is available throughout the cell cycle. However, NHEJ is prone to errors. Alternative
repair mechanisms such as MMEJ operate via short homologous overhanging
sequences, often deleting DNA sequence. Both pathways are known to erroneously
join distant ends when multiple DSBs are present, leading to interstitial deletions,
duplications, and translocations (Figure 1.7) (Pds et al., 2021, Cosenza et al., 2022).
Double-stranded DNA breaks repaired by erroneous non-allelic homologous
recombination (HR) can form recurrent MCAs in the form of inversions, deletions, and
translocations, which are most often seen in regions of the genome with high sequence

similarity such as segmental duplications (Pos et al., 2021, Cosenza et al., 2022).

Replication stress, which occurs when DNA replication forks stall, induces single-
stranded DNA breaks that are repaired by break induced replication or template-
switching mechanisms, produces more complex structural rearrangements,
nonreciprocal translocations and tandem duplications (Cosenza et al., 2022). Telomere
attrition can lead to the deletion or fusion of the terminal ends of chromosomes which
form variety of dicentric-chromosome variations, isochromosomes, ring chromosomes,
and initiate breakage—fusion—bridge cycles (Cosenza et al., 2022). More complex
MCAs can form in single catastrophic events such as chromothripsis,
chromoanasynthesis, and chromoplexy (Figure 1.7). These MCAs involve dozens of
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breakpoints in highly complex patterns, far beyond simple end-joining repair models
(Cosenza et al., 2022).
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Figure 1.7: Major pathways leading to SV formation.

A) erroneous repair of DSBs by four main DNA repair pathways leads to simple SVs.
B) Replication stress induced SSBs are erroneously repaired by BIR leading to
characteristic MCAs of intermediate complexity. C) Telomere erosion and terminal
duplications lead to chromosome end fusions resulting in dicentric-chromosome SVs,
which can be remodelled by BFB cycles into complex SVs. D) Mitotic chromosome
segregation errors result in aneuploidy or micronuclei prone to chromothripsis. BFB,
breakage—fusion-bridge; BIR, break-induced replication; DM, double minute; HSR,
homogeneously staining region; MMBIR, microhomology-mediated break-induced
replication; MMEJ, microhomology-mediated end joining; NAHR, nonallelic
homologous recombination; NHEJ, nonhomologous end joining; SSA, single-strand
annealing; SV, structural variant. Image adapted from (Cosenza et al., 2022).

A commonly observed MCA is copy-neutral loss of heterozygosity. In diploid cells
replace one parental allele with the other without a net change in copy number, leaving
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the affected region homozygous. CN-LOH may encompass entire chromosomes
(Uniparental disomy) but more commonly affects terminal stretches of chromosome
arms. Intrachromosomal and interstitial CN-LOH segments are rarer because they
require additional recombination events or gene conversions (O'Keefe et al., 2010).
Mechanistically, uniparental disomy arises through meiosis error followed by trisomy
rescue, whereas segmental or terminal CN-LOH usually arises from erroneous mitotic
HR or BIR which copy the homolog from the breakpoint to the telomere or breakpoint
to breakpoint (gene conversion) (Dutta and Schacherer, 2025). CN-LOH has important
functional consequences as it converts heterozygous loci to homozygosity, thereby
unmasking recessive alleles, amplifying the effect of pathogenic or driver SNPs and

INDELSs, and altering imprinted epigenetic states (Dutta and Schacherer, 2025).

Local chromatin and sequence context, replication timing, 3D architecture and
repetitive elements such as segmental duplications or fragile sites bias where DSB
occur and which DDR pathway predominates, thereby modulating the likelihood of
MCA formation (Dubois et al., 2022, Baker et al., 2024). Thus, MCA formation is not
entirely stochastic. MCAs influence cell function primarily by altering gene dosages
and disrupting 3D genome folding, which together change patterns of gene expression
(Dubois et al., 2022, Sreenivasan et al., 2025). These effects can occur in trans, by
disrupting chromatin regulators or topologically associating domains (TADs)
(Sreenivasan et al., 2025). However, they most often act directly by disruption CRE

interactions, altering the regulatory control of target genes (Dubois et al., 2022).

Importantly, the functional impact of MCAs depends on the fraction of cells in which
they occur, as not all cells within a tissue harbour them. Constitutional structural
variations and aneuploidies that would be incompatible with viability can be tolerated
when restricted to a mosaic fraction, with their consequences further dependent on
tissue context and developmental timing (Martinez-Glez et al., 2020). This cellular
heterogeneity allows otherwise deleterious events to persist as mosaics, where they
disrupt tissue function or confer a selective advantage (e.g. malignancy) proportionate
to cell fractions. The same alterations in the germline are typically uniformly pathogenic
or embryonically lethal (Mustjoki and Young Neal, 2021). This is exemplified most
extremely by aneuploidies, where germline autosomal monosomies are universally
non-viable, yet they can occur and persist as mosaic events, often with severe

functional consequences (Toral-Lopez et al., 2012).
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1.2.3 DNA damage response pathways are efficient

The rates at which PZMs form across the genome differs between SNPs, INDELs and
MCAs, is dynamic across development and age, and are tissue-specific (Ren et al.,
2022). At the cellular level, SNPs have been consistently observed about 10 times
more frequently than INDELs across tissues, whereas MCAs are comparatively rare
(Ren et al., 2022). Humans have evolved efficient DDR pathways and cell cycle
checkpoints to ensure that most DNA lesions are repaired, and that chromosomes are
successfully segregated into daughter cells during mitosis (Matthews et al., 2022).
These pathways survey the genome throughout the cell cycle and can delay
progression when damage is detected, allowing repair to occur (Matthews et al., 2022).
The DDR and checkpoint pathways are interconnected through signalling networks,
are tightly regulated, and involve numerous essential genes, which are extensively

reviewed elsewhere (Matthews et al., 2022, Tubbs and Nussenzweig, 2017).

Cells and tissues are exposed to a diverse array of exogenous genotoxins and, more
importantly, to near-constant endogenous DNA damage from reactive byproducts of
essential metabolic reactions (De Bont and van Larebeke, 2004, Swenberg et al.,
2011). Estimates suggest that each cell accrues around 10,000 - 100,000 DNA lesions
per day (De Bont and van Larebeke, 2004, Swenberg et al., 2011). The most frequent
lesions, aside from polymerase errors, are abasic sites and SSBs, while other common
damage includes deamination, alkylation, and oxidation (De Bont and van Larebeke,
2004, Swenberg et al., 2011). Of course, the relative burden of specific lesions varies
by cell type and tissue environment. The high probability of lesion exposure
necessitates efficient DDR pathways that coordinate with cell cycle checkpoints,
apoptosis, senescence, as well as other important cellular processes such as
transcription and DNA replication (Vijg, 2021). Indeed, most DNA lesions are quickly
repaired upon detection by DDR pathways in the span of a few minutes to hours
(Hamilton et al., 2001, Swenberg et al., 2011). Under normal physiological conditions,
DDR pathways are highly efficient in recognising and repairing most DNA lesions (Vijg,
2021, De Bont and van Larebeke, 2004, Swenberg et al., 2011).

Not all DNA lesions are equivalent in their frequency, repair kinetics, or potential to
disrupt cellular homeostasis. This variability is thought to be linked to the relative
burden of DNA lesion exposure and/or toxicity (Spencer Chapman et al., 2025). Base
excision repair rapidly resolves single lesions within minutes, though more complex

lesions may require several hours (Dianov and Hubscher, 2013). Mismatch repair has
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the highest fidelity, with repair rates depending on replication status (Hsieh and Zhang,
2017). High fidelity NER rates are dependent on chromatin state, with transcription
coupled repair taking several hours and global repair taking up to two days (Adar et
al., 2016).

Double-stranded breaks are rarer, occurring 10-50 times per cell per day, but are more
challenging to repair (Tubbs and Nussenzweig, 2017). NHEJ resolves most DSBs
within an hour, whereas HR is more accurate but may take several hours due to its
dependence on template homology (Cho et al., 2014, Scully et al., 1999, Okayasu and
lliakis, 1994, Lobrich and Jeggo, 2017, Scully et al., 2019). Despite the impressive
efficiency of the DDR response pathways, many DNA lesions and errors of replication
go unrepaired, evading the surveillance of the cell cycle checkpoints and becoming

fixed as permanent PZMs in subsequent cell divisions.

1.2.4 DNA damage response pathways are imperfect

Despite the efficiency of DDR pathways and cell cycle checkpoints, PZMs are
ubiquitous across all tissues and species studied to date (Cagan et al., 2022, Moore
et al., 2021). These findings have been consistently observed in both malignant and
non-malignant tissues, from population-scale biobank studies to single-cell analyses
(Abascal et al., 2021, Cagan et al., 2022, Jakubek et al., 2023b, Li et al., 2021, Loh et
al., 2020, Moore et al., 2021, Martincorena et al., 2018, Rodin et al., 2021, Coorens et
al., 2024, Lee-Six et al., 2019, Ng et al., 2021, Aaltonen et al., 2020). This raises a key
question. Given their potential to disrupt cell function and fitness, why are somatic

mutation rates not zero?

There are several interconnected hypotheses that plausibly explain this phenomenon.
Darwinian selection acts on genetic variation to drive evolutionary adaptation. At the
cellular level, this translates to genetic variation promoting cellular heterogeneity
(Goldman et al., 2019). Slight variability in the morphology or function of cells from the
same tissue source is essential for rapid adaption to changing environmental dynamics
in cellular niches (Li et al., 2016). Cellular heterogeneity is a multifaceted phenomenon
that results from complex interactions between environmental, pathological,
stochastic, and genetic factors. Genetic factors including PZMs (Goldman et al., 2019).
While there is a risk of PZM driven cellular dysregulation, PZMs also contribute to
tissue plasticity and improved fitness.
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Overall, mutagenesis is a stochastic process and DNA damage is induced randomly
across the genome. It is estimated that only ~1-2% of the human genome is protein
coding, and that most small variants are functionally benign (Hatje et al., 2019,
Martincorena et al., 2017). It follows that the most frequently observed PZMs are
selectively neutral, having no impact on cellular function. DNA repair is costly, requiring
time, cellular resources, and energy (Vijg, 2021). If a cell were to repair all the
thousands of lesions it was exposed to a day, this cost may be too high leading to
depletion of resources and cell death (Sniegowski et al., 2000). Additionally, cells would
constantly be pausing at DNA damage cell cycle checkpoints to facilitate repair which
would interfere with replication and transcription programmes (Vijg, 2021). Cells tightly
regulate and limit DDR pathways through several mechanisms, including preferentially
limiting physical access to DNA lesions across the organisational structures of the 3D
genome. This is supported by mathematical modelling which shows that DDR limiting
stem cells are more fit (Madden-Hennessey et al., 2022). Functionally normal somatic
cells direct specific DDR pathways to the more functionally important and constrained
regions of the genome, where they efficiently repair the most damaging DNA lesions
most of the time (Spencer Chapman et al., 2025). This strategy of cell survival by
tolerating PZM allows the cell to regulate DDR cost and provides a substrate for the

selection of cellular heterogeneity (Roux et al., 2021).

Lastly, there is the practical consideration that DDR pathways, cell cycle checkpoints,
DNA replication, and mitosis are biological processes that are imperfect. While they
are tightly regulated and efficient, they are not error free. Given the large numbers at
play in development and maintaining homeostasis over the average human lifetime, it

should not be surprising that PZMs occur even stochastically.

1.2.5 Mutational signatures

Each mutational process leaves behind characteristic patterns of base substitutions,
small indels, or MCAs known as mutational signatures (Figure 1.8) (Alexandrov et al.,
2020a). Distinct signatures have been linked to both endogenous and exogenous
sources of DNA damage, as well as to specific DDR errors (Alexandrov et al., 20203,
Li et al., 2020, Coorens et al., 2021, Moore et al., 2021, Park et al., 2021, Li et al.,
2021). Importantly, distinct tissues harbour diverse profiles of mutational signatures,

which also show considerable interindividual variability among donors. This diversity
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reflects the wide range of mutational mechanisms and exposures shaping PZM
formation across the human body (Coorens et al., 2021, Li et al., 2021, Moore et al.,
2021).

These characteristic signatures have been used to uncover sources of PZM
accumulation, furthering our understanding of the scale and impact of PZMs in normal
tissues and elucidating the aetiologies of cancers (Figure 1.8) (Alexandrov et al.,
20204, Li et al., 2020). In addition to the finding that PZM rates differ across normal
tissues, studies have found that certain genomic loci are more susceptible to PZM
formation than others (Supek and Lehner, 2019). Recurrent PZMs are more frequently
seen in common loci often reflecting known drivers in cancer associated genes, while
recurrent MCAs often share common breakpoints in separate samples (Loh et al.,
2020). Mutational signature analysis has shown that not only do distinct mutational
processes differ in burden between individuals, but they also accumulate at different
rates (Chen et al., 2025).
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Figure 1.8: A summary representation of mutational signature features of somatic mutations.

SNV signatures consider trinucleotide combinations with the mutation in the centre. SV
signatures consider SV types, the distance between two breakpoints, and the clustering
status. CNVs signatures consider heterozygosity, copy number, and size. The COSMIC
catalogue uses fitting to determine combinations of signatures that identify specific
cancer aetiologies. Image adapted from (Ma et al., 2024) under CC by 4.0.
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1.3 Biological factors impacting observable PZM frequencies in GM

The frequency at which distinct PZMs are observed in an analysis is the product of
biological factors and platform specific technical factors impacting detection sensitivity
and resolution. Mechanistic biases influence mutation rates, and selection factors
impact the likelihood of being maintained in the cell population (Figure 1.9) (Watson et
al., 2020, Watson and Blundell, 2023). PZMs with high mutation rates form more
frequently, while those with low mutation rates form less frequently as a function of
time (Figure 1.9). Those with large negative fithess effects may be purged and go
undetected. Those with neutral fitness effects may be maintained as passengers
through the effects of genetic drift, being detected by chance (Baker et al., 2024).
Those with positive fitness effects may expand to large clone sizes and are more likely
to be detected (Figure 1.9) (Baker et al., 2024). Thus, the frequency of PZM detection
at any given loci is determined by how often it mutates, and its relative effect on cell

function impacting its odds of being maintained over successive divisions (Figure 1.9).
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Figure 1.9: Hypothetical impact of mechanistic factors and selective factors on observed PZM
frequencies in tumour cells.

A) Three hypothetical PZM with differing mutation rates and fitness effects. B) The
potential impact of each PZM on observed frequencies is illustrated. PZM A with a high
mutation rate will arise frequently in early individual tumour cells but will not expand to
large clones with overall negative fitness effects. PZMs B and C have similar mutation
rates, but B has a higher positive fitness effect and will expand to a higher proportion of
the late tumour clones than C. Image adapted from (Baker et al., 2024)with permission
from Nature Springer.
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Importantly, while there is some overlap, the biological factors impacting mutation rates
and fitness effects may differ for SNPs, INDELs, and the various MCA classes (Watson
et al., 2020, Watson and Blundell, 2023). Each has its own mechanism of formation
and functional consequence. They also differ across tissues and may change over
time, resulting in the differences in mutation rates and distributions observed across
tissues with age (Yu etal., 2024, Ren et al., 2022). These biological factors have mostly
been characterised in cancer samples and have only recently started to be investigated
in ‘normal’ tissues in depth (Coorens et al., 2024, Yu et al., 2024). While cancers are
essentially large single cell derived clonal expansions, and Darwinian selection models
most accurately fit cancerous clonal dynamics, we now known that most clonal
expansions of normal cells do not progress to malignancy (Evans and Walsh, 2022).
The physiological background in which the mechanistic and selection effects occur in
cancers versus normal cells is not identical. However, similarities in mutation
signatures, mutation hotspot prediction, and driver mutations between matched tumour
and normal tissue samples have been reported (Alexandrov et al., 2020b, Coorens et
al., 2021, Moore et al., 2021). Thus, cancer data still useful in understanding PZMs
and clonal dynamics in normal tissues. Ultimately, it is important to understand that
DNA mutation is not an entirely stochastic process, with non-uniform probability across
the genome. The biological factors impacting PZM rates and selection effects are

discussed briefly here.

1.3.1 Mechanistic factors impacting PZM rates

Variable mutation rates are the product of predisposition to DNA damage and/or
differential access to DNA repair (Supek and Lehner, 2019). The mechanistic factors
that impact PZM likelihood at any locus are physical genome features, such as local
sequence composition, epigenetic marker makeup, organisation in the 3D genome,
and the cell cycle stages (Supek and Lehner, 2019, Seplyarskiy and Sunyaev, 2021).
The physical genome features scale from trinucleotide composition to chromosomal
territory position, with differential effects on the probability of SNP, INDEL, or MCA
formation (Supek and Lehner, 2019).

The 3D organisation of the genome is linked to mitosis and the replication timing (RT)
programme, the regulation of transcription and DNA repair efficiency, and the

facilitation of interaction between linearly distant genomic loci (Dubois et al., 2022).
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DNA is a physical molecule that must be packaged efficiently into nanometre-sized
nuclei and organised in such way to allow for gene expression regulation. This is
achieved by ordered, non-random, and self-organising iterative folding and compaction
of DNA at multiple levels across each chromosome into a fractal globule 3D
conformation (Misteli, 2020). The role of 3D genome architecture is particularly
impactful in MCA formation and selection, as MCAs span large genomic regions and
are more likely to disrupt 3D conformation (Dubois et al., 2022). The 3D genome
organisation is expertly reviewed in detail elsewhere (Misteli, 2020). Together, local
sequence level, 3D genome level, and cell cycle level features shape non-random PZM
rates across the genome by biasing loci to DNA damage and DDR access (Supek and
Lehner, 2019).

Somatic SNPs and INDELs are strongly shaped by local sequence context
(Seplyarskiy and Sunyaev, 2021). Regions rich in GC-content, particularly methylated
CpG dinucleotides, are enriched for C>T transitions, while INDELs frequently occur
within repetitive DNA such as microsatellites, homopolymer runs, and short tandem
repeats that are prone to polymerase slippage during replication (Tubbs and
Nussenzweig, 2017). Chromatin accessibility, replication timing, and 3D genome
organization, influence both the susceptibility of a locus to DNA damage and the
accessibility of DDR pathways (Seplyarskiy and Sunyaev, 2021, Tubbs and
Nussenzweig, 2017). Early replicating euchromatin, characterized by high
transcriptional activity and open chromatin, is efficiently surveyed by MMR and NER
due to increased accessibility and shows lower rates of SNPs and INDELs (Tubbs and
Nussenzweig, 2017). In contrast, late-replicating heterochromatin is enriched for SNPs

and INDELs, particularly G>T deamination events (Tubbs and Nussenzweig, 2017).

Mosaic chromosomal alterations commonly form at DSB hotspots and are significantly
impacted by 3D genome features and RT (Dubois et al., 2022). DSBs are enriched in
repetitive motifs found at fragile sites, near the centromeres, and at the telomeres.
DSBs also cluster around TAD anchors such as cohesin sites (Lezaja and Altmeyer,
2021). Replication and transcriptional stress further promote DSB enrichment, with
topoisomerase Il activity during transcription maintenance providing a major source of
DSBs in euchromatic regions (Dubois et al., 2022). Unlike small variants, MCAs are
paradoxically enriched in early-replicating and actively transcribed regions despite the
presence of efficient NHEJ and HR activity (Tubbs and Nussenzweig, 2017). Thus, the

enrichment of MCAs in these regions may be due to increased abundance of DSBs.
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Larger aneuploidies are impacted by chromosomal features such as centromere
integrity, telomere maintenance, spindle assembly, and 3D nuclear organization, which
influence mis-segregation risk (Devillers et al., 2024, Baker et al., 2024). Thus, PZM
rates are not random are a product of local DNA sequence context, 3D genome
architecture, replication timing, and DDR accessibility, with each class of PZM shaped

by distinct yet overlapping mechanistic biases.

1.3.2 Factors impacting PZM fitness and clonal dynamics

Most adult tissue homeostasis is maintained through asymmetric stem cell/progenitor
cell divisions within spatially defined niches (Acha-Sagredo et al., 2022). According to
Darwinian biology, heterogenous cell clones compete for space and resources within
these niches. Fitter clones are more likely to divide, contributing proportionally more
progeny to the niche. Accumulated PZMs alter individual cell fithess through functional
impact (Martincorena et al., 2017). The direction and strength of the fitness effect
dictate the clonal dynamics of the host cell (Watson et al., 2020, Watson and Blundell,
2023). Positively selected PZMs confer a competitive advantage through enhanced
proliferation, survival, altered differentiation, or self-renewal, driving clonal expansions
(Martincorena et al.,, 2017). Although Darwinian selection traditionally models’
malignant clonal evolution, it is increasingly recognized as a suitable framework for
non-malignant clonal dynamics, where the mechanisms of fitness advantage often
mirror those that drive malignancy (Watson et al., 2020, Watson and Blundell, 2023).
Many classic malignancy driver genes have also been associated with clonal
expansions in normal tissues (Kapadia and Goodell, 2024). However, most clonal
expansions occur in the absence of known malignancy driver mutations (Kapadia and
Goodell, 2024). It is likely that selective advantage is conferred through other means,
modulated by the niche in a tissue-specific and temporally dynamic manner. Aging,
exogenous exposure, and niche remodelling continuously shape clonal adaptations to
PZM fitness effects (Herms and Jones, 2023).

The clonal dynamics within distinct niches are shaped by a complex interplay of
intrinsic PZM-driven fitness adaptations and extrinsic niche factors that change over
time. Therefore, PZM fitness effects are very rarely uniform across the lifespan. PZMs
which originate in early embryogenesis, are not subject to the selection pressures as

in adult tissues due to the requirements of development (Kapadia and Goodell, 2024,
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Park et al., 2021). These PZMs, if non-lethal, are fixed by neutral drift across
differentiating tissues and acted upon by selection as niche conditions evolve. Fitness
effects of shared drivers change with age and differ across tissues, reflecting shifting
niche conditions (Kapadia and Goodell, 2024). Exposures to chemicals, radiation,
inflammation, and infection further remodel niches, altering the fithess landscape within
the host environment (Herms and Jones, 2023). Finally, most fit clones are constrained
from perpetual expansion by clonal competition, physical niche architecture barriers,
and immune surveillance (Herms and Jones, 2023). Expansions in spatially restricted
tissues such as the colon or liver are constrained by physical barriers inherent to the
tissue structure. Additionally, clones expand until encountering neighbours within a

shared niche that are equally as fit (Herms and Jones, 2023).

Thus, the observed frequency of PZMs in tissues reflects both their mutation rate and
fitness effects, as clones continuously compete and adapt within dynamic niches to
maintain tissue homeostasis over the human lifespan. The final factor shaping
observed PZM frequencies is not biological but technical, reflecting the limitations of

current genotyping platforms.

1.4 Detecting PZMs from bulk genotyping data in single- sample

normal tissues

Accurately detecting PZMs in single-sample, non-malignant tissues is technically
challenging (Dou et al., 2018). Unlike drivers of malignancies, where large clonal
populations allow confident identification of PZMs against a matched germline
reference, PZMs in normal tissues are usually confined to small fractions of cells and
can be difficult to distinguish from sequencing errors or genotyping artefacts (Dou et
al., 2018). Detection is further complicated by biological context, particularly the timing
of mutation origin and its tissue distribution (Martinez-Glez et al., 2020). Early
embryonic PZMs are often shared across multiple developed tissues, confounding the
choice of suitable controls for matched-sample analysis, whereas later-arising variants
may be tissue-specific and would remain undetected if the relevant tissue is not
sampled (Dou et al., 2018, Martinez-Glez et al., 2020).

Thus, detecting PZMs in normal tissues demands careful study design and specialised
analytical tools beyond those used in matched-tumour comparisons (Ha et al., 2023).

Considerations must include mechanisms of PZM formation, cohort demographics and
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disease context, as well as the genotyping platform choice. Because GM
encompasses diverse forms of PZM, no single strategy has been able to account for
all GM contexts. The history of PZM detection reflects this. Over time, these challenges
have progressively been addressed through the development of increasingly
sophisticated detection strategies, evolving alongside advances in genotyping
technologies (Ha et al., 2023, Dou et al., 2018). From early cytogenetic approaches
capable of identifying only large aneuploidies to modern strategies that sensitively
resolve low fraction SNPs at high resolution, technological breakthroughs have been
forthcoming. Currently, multiple experimental platforms with accompanying analytical
tools are available for detecting PZMs, each differing in sensitivity, resolution, and
applicability (Table 1.1). Broadly, these can be grouped into cytogenetics, SNP-array

based genotyping, bulk sequencing, and single-cell sequencing approaches.

Table 1.1: A selection of bioiformatic tools for detecting GM from SNP-array and NGS data.

Tool Data Method Reference
MCAs
MAD-GADA SNP-array GADA segmentation on BAF deviation (Gonzalez et al., 2011)
MONTAGE SNP-array Allelic imbalance in sliding windows (Glessner et al., 2021)
SNP- - .
MoChA array/WGS Vertibi HMM captures phased BAF deviations (Loh et al., 2020)
MrMosaic WES WES |mplementatlpn of MAD-GADA (King et al., 2017)
algorithm

HaHMMR RNA-seq Haplotype aware HMM in Numbat (Gao et al., 2023)
Small variants

. Haplotype-based cardiant caller with (Van der Auwera et al.,
GATK-HC WES/WGS modified ploidy setting 2013)
Mutect2 WES/WGS Allele frequency analysis (Benjamin et al., 2019)
MosaicHunter WES/WGS Bayesian genotyping (Huang et al., 2017)
MosaicForecast WES/WGS Random forecast CNN (Dou et al., 2020)
DeepMosaic WES/WGS Image-based CNN (Yang et al., 2023)
EM-Mosaic WES/WGS Expectation-maximization algorithm (Hsieh et al., 2020)

Ultra-deep . . . .

RePlow TGS Joint analysis of replicates (Kim et al., 2019)

GADA - Genome Alteration Detection Analysis; BAF — B-allele fraction; WGS — Whole Genome Sequencing; WES — Whole Exome
Sequencing; RNA-seq — RNA sequencing; HMM — Hidden Markov Model; MAD — Mosaic Alteration Detector; CNN — Convolutional

Neural Network; TGS — Targeted Genome Sequencing
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This brief review will focus on approaches most relevant to this thesis. That being the
detection of MCAs from SNP-array data and small variants from conventional bulk
sequencing (Table 1.1). Expert review of single-cell methods can be found elsewhere
(Huang and Lee, 2022, Valecha and Posada, 2022).

1.4.1 Detecting MCAs from bulk genotyping data in non-matched

single samples

Detecting MCAs is particularly challenging, as they are typically rarer than small
variants and often present at low cellular fractions (Liu et al., 2021). Historically,
detection was limited to large aneuploidies using cytogenetic techniques. G-banded
karyotyping, the long-standing standard for identifying chromosomal alterations, can
detect mosaicism but is constrained to events larger than ~5 Mb (Steventon-Jones et
al., 2022). Karyotyping examines metaphase cells and is therefore prone to sampling
bias. It also is prone underestimation of low-level mosaicism, requiring 30 cell counts
to detect GM at 10%, and 500 cell counts to detect GM at 1%, which is a significant
time investment (Steventon-dones et al., 2022). Fluorescence in situ hybridization
(FISH) improved both resolution (~50-100 kb), sensitivity, and turnaround time through
targeted probe-based analysis (Steventon-Jones et al., 2022). FISH requires 100 cells
to detect GM at 5% fractions, but it requires prior knowledge of the locus and cannot
provide genome-wide coverage or screening (Vijg et al., 2023, Steventon-Jones et al.,
2022). Moreover, in vitro culturing can introduce spurious alterations that resemble true
MCAs, and both methods are labour intensive, require extensive training, and are

unsuitable for large scale characterizations (Steventon-Jones et al., 2022).

The advent of SNP-arrays represented a major advance for detecting both germline
CNVs and MCAs, as they provide genome-wide coverage by measuring fluorescent
signal intensities across hundreds of thousands to millions of SNP probes. Two key
intensity metrics are generated for each probe, the logz2R ratio (LRR) and the B-allele
frequency (BAF) (Steventon-Jones et al., 2022). The LRR is a normalized ratio of
observed signal intensity to expected signal intensity for each SNP probe and is a
measure of total allelic intensity (Steventon-Jones et al., 2022). The BAF is the
normalized ratio of the frequency of the signal intensity of the less-common B allele for
a SNP with two alleles named A and B and is a measure of relative allelic intensity.

Homozygous probes have BAFs centered around 0 and 1, while heterozygous probe

28



BAFs center around 0.5 (BAF ratios: AA=0, AB=0.5, BB=1) (Steventon-Jones et al.,
2022). Although SNP-arrays were initially designed for SNP genotyping in GWAS, they
have since been adapted for CNV and MCA detection by computationally detecting
deviations in LRR and BAF (Steventon-Jones et al., 2022, Balagué-Dobdn et al.,
2022).

Chromosomal alterations disrupt allelic balance, producing characteristic mean BAF
deviations at heterozygous probes within breakpoints while leaving surrounding
regions unchanged (Steventon-Jones et al., 2022). Germline duplications, deletions,
and CN-LOHs cause distinct BAF and LRR deviation patterns (Laurie et al., 2012).
Deletions decrease in LRR, duplications increase it, and CN-LOH alters BAF without
affecting LRR. In contrast, MCAs affect only a fraction of cells, resulting in intermediate
deviations in both BAF and LRR, proportional to the impacted cell fraction (Laurie et
al., 2012).

Several computational methods have been developed to detect BAF and LRR
deviations with segmentation algorithms or Hidden Markov Models (HMM) (Balagué-
Dobon et al.,, 2022). Popular segmentation algorithms include MAD-GADA and
MONTAGE (Table 1.1) (Gonzalez et al., 2011, Glessner et al., 2021). Currently, the
gold standard tool for MCA detection from SNP-array data is the Mosaic Chromosomal
Alteration Caller (MoChA) (Loh et al., 2018, Loh et al., 2020).

The MoChA package can sensitively and accurately call MCAs from SNP array and
high-coverage WGS data at estimated cell fractions as low as 1% (Loh et al., 2018,
Loh et al.,, 2020). A key innovation of MoChA is its incorporation of long-range
haplotype phase information, which substantially improves sensitivity. Statistical
phasing enhances mosaic variant detection by exploiting the fact that true PZMs arise
on a single haplotype, producing the expected three haplotypes when co-observed
with a germline heterozygote (Loh et al., 2018, Loh et al., 2020, Dou et al., 2018). In
contrast, sequencing or genotyping artifacts often appear on both alleles, generating
two or four haplotypes, which can be confidently rejected (Dou et al., 2018). MoChA
applies this principle at a chromosomal scale, using phased SNP haplotypes within a
HMM to distinguish genuine allelic imbalance from spurious noise. True MCA events
alter the balance of parental genomic material in a cell population, causing systematic
deviations in phased BAF values that the HMM captures (Loh et al., 2018, Loh et al.,
2020). Importantly, MoChA intentionally ignores global LRR variation during initial

detection, as it is highly sensitive to technical artifacts, instead relying on allelic
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imbalance as the primary signal (Loh et al., 2018, Loh et al., 2020). LRR is only
incorporated later to classify detected events. This approach improves on unphased
BAF segmentation by effectively increasing the number of informative markers, as
long-range haplotype phasing aggregates subtle deviations across a parental
haplotype, thereby amplifying the signal-to-noise ratio. This allows MoChA to
sensitively detect low cell-fraction MCAs and large CN-LOHSs that would be difficult to
distinguish from noise using segmentation of unphased BAF values alone (Loh et al.,
2018, Loh et al., 2020).

Estimating sensitivity and specificity of MCA-calling tools remains challenging. MoChA
reports a false discovery rate (FDR) between 4.5-8.6%, although these estimates lack
orthogonal experimental validation (Loh et al., 2018, Loh et al., 2020). Independent
benchmarking by the MONTAGE authors reported a sensitivity of 0.975 and false
positive rate (FPR) of 0.344 for MONTAGE, 0.920 sensitivity and 0.598 FPR for
MoChA, and 0.280 sensitivity with 0.627 FPR for MAD-GADA (Glessner et al., 2021).
These comparisons should be interpreted cautiously, as comprehensive, standardized

benchmarking of MCA detection tools is still limited.

However, MoChA has consistently demonstrated the ability to detect MCAs at higher
resolution and lower cell fractions than earlier tools such as MAD-GADA (Dou et al.,
2020, Eberhardt et al.,, 2023, Machiela et al.,, 2015). Its performance, though, is
influenced by probe density, local heterozygosity rates, and the accuracy of phasing
Probe density, in particular, is a well-recognized determinant of SNP-array resolution
and sensitivity, with higher-density arrays and WGS consistently outperforming lower-
density platforms (Steventon-Jones et al., 2022, Dou et al., 2020). Despite these
limitations, SNP-arrays generally outperform cytogenetic approaches in both sensitivity
and resolution. They also offer several practical advantages. SNP-arrays assess far
more cells across different cell cycle stages, avoid artifacts introduced by cell culture,
require less labour, provide genome-wide coverage in a single assay, are relatively
cost-effective, and uniquely allow detection of CN-LOH events (Steventon-Jones et al.,
2022).

Beyond SNP-array data, several methods have been developed to detect MCAs from
WGS, WES, and RNA-seq (Table 1.1). MoChA can be applied to high-coverage (~30X)

WGS data, detecting MCAs through allelic imbalance derived from informative reads
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spanning heterozygous sites (Dou et al., 2020). Compared with SNP-arrays, WGS
provides a far greater density of informative sites, enhancing sensitivity and breakpoint
resolution (Jakubek et al., 2023b). MoChA cannot be applied to WES due to sparse
and uneven probe distribution across the exome and its inability to model reference
allele bias (Dou et al., 2020). For WES, MrMosaic was specifically developed to identify
MCAs similarly to MAD-GADA, though its resolution and sensitivity remain limited due
to uneven read coverage and low informative marker density (King et al., 2017). More
recently, RNA-seg—based tools such as HaHMMR have been used to detect mosaic
CNVs by leveraging allelic imbalance in expressed transcripts, but this approach is
highly dependent on expression levels and remains less comprehensive than DNA-
based methods (Gao et al., 2023). Overall, WGS provides the most powerful platform
for MCA detection, with uniform coverage, high resolution, and superior sensitivity
compared with SNP-arrays, but remains considerably more costly and computationally
intensive. SNP-arrays therefore continue to be widely used, offering a cost-effective

balance of resolution, sensitivity, and throughput, especially in large-scale studies.

1.4.2 Detecting mosaic small variants from bulk sequencing data in

non-matched single samples

In bulk sequencing data, the read support for reference and variant alleles at any site
follows binomial sampling, with the expected variant allele fraction (VAF) depending on
zygosity and total sequencing depth (Huang and Lee, 2022). The VAF is an indication
of the proportion of cells in which the variant allele is present. Thus, constitutional
heterozygotes in diploid cells have expected VAFs of 0.5, while homozygotes approach
1.0. By contrast, PZMs deviate from these distributions because they are present in
only a subset of cells (Dou et al., 2018). Theoretical VAF expectations of PZMs depend
on when it originated, fitness effect, and cell division (Dou et al., 2018). A PZM arising
in the first cell division of embryogenesis would be present in 50% cell fractions,
corresponding to a VAF of ~0.25 (Dou et al., 2018). The expected VAF of a PZM would,
thus, halve with each subsequent symmetric division (Dou et al., 2018). This principle
underpins strategies for parsing PZMs from the germline, as deviations from the
expected binomial distribution can be formally tested using two-tailed binomial tests
(Hsieh et al., 2020). However, embryogenesis is an asymmetrical process, PZMs are

subject to tissue specific selective pressures and clonal dynamics, and technical
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artifacts from sequencing strongly resemble PZMs with similar VAF distributions (Dou
etal., 2018, Martincorena et al., 2017, Ju et al., 2017). Early arising PZMs are expected
to have higher VAFs than newly acquired mutations, whereas most PZMs accumulate
later in life and thus occur at very low VAFs (often less than 1%), making them difficult
to distinguish from sequencing errors (Huang and Lee, 2022). These factors can also
distort the observed VAFs of germline heterozygous variants away from the expected
0.5, leading to false classifications (Huang and Lee, 2022). Common artifacts from
DNA contamination, DNA damage, misaligned reads, and platform-specific errors
frequently confound variant calling (Dou et al., 2018). Thus, candidate PZMs are often
enriched for false positives and require stringent filtering and careful review in the

absence of matched tissue controls.

Recent advances have substantially enhanced the sensitivity of PZM detection in NGS
by combining multiple complementary strategies to overcome these challenges.
Sequencing depth is a critical determinant of PZM detection sensitivity, with increased
depth substantially enhancing the ability to identify low-frequency variants, whereas
insufficient depth can lead to under-detection and biased frequency estimates,
ultimately impacting biological and clinical interpretations. Empirical studies indicate
that ~30X sequencing is largely powered to detect VAFs>0.1, whereas deeper
sequencing ~400X is required to reliably capture variants with VAFs in the 0.02—-0.05
range (Bick et al., 2020b). Increasing read depth from ~100X to >200X has been shown
to improve recall for VAF<0.1 by up to 44%, though precision declines slightly due to
accumulation of sequencing artifacts (Chen et al., 2020). Whole-genome sequencing
provides more uniform read coverage across the genome, whereas whole-exome
sequencing is subject to capture biases that generate uneven read distributions,
particularly at exon boundaries, which can compromise detection power uniformity and
sensitivity (Ha et al., 2023). While increasing sequencing depth is a powerful strategy
to enhance PZM detection sensitivity, it also comes at substantially higher costs
proportional to genome coverage needs. Choice of platform should therefore be guided
by study objectives. The chosen platform then dictates appropriate variant calling tools
and quality control strategies.

A diverse array of computational tools is available for PZM detection across bulk
sequencing data, each with distinct methodological approaches and performance
characteristics that must be carefully considered (Table 1.1) (Ha et al., 2023). In

addition to in-built caller-specific features, a variety of quality control measures can be
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applied to further enrich variant calling for true PZMs (Ha et al., 2023). These include
leveraging phasing information, filtering against a matched panel-of-normals (PON) to
remove recurrent germline variants and platform-specific artifacts, and excluding
common variants present in large population databases (Dou et al., 2018). Variants
consistent with known platform-specific mutational signatures, as well as those located
in regions which map poorly or known low complexity, can be excluded to significantly
reduce false positives (Dou et al., 2018). Standard sequence-level feature filters, such
as minimum total read depth, base quality, strand bias metrics, and minimum VAF
thresholds, are recommended as well (Dou et al., 2018). Together, these strategies
provide a multi-layered framework that complements variant calling algorithms and
improves confidence mosaic small variant calling. While some of these filtering
strategies are integrated into specific variant callers, others were developed as tool-
specific features. Importantly, recent benchmarking studies demonstrate that
combining the most effective quality control features across multiple callers
substantially improves both sensitivity and specificity, underscoring the value of

integrative approaches (Ha et al., 2023).

Popular strategies employ somatic paired-sample or germline variant callers that have
been adapted for PZM detection. Mutect2 in tumour-only mode uses haplotype-based
Bayesian genotyping to sensitively detect somatic SNPs and INDELs (Benjamin et al.,
2019). The GATK HaplotypeCaller (GATK-HC) can also be used with increased ploidy
settings for improved sensitivity of low VAF SNPs and INDELs (Van der Auwera et al.,
2013). Specialized PZM variant callers have also been developed. MosaicHunter
utilizes Bayesian genotyping and beta-binomial modelling with stringent error filtering
for low sensitivity and high specificity calling (Huang et al., 2017). MosaicForecast
leverages machine learning on read-based phasing with over 30 read-level features to
differentiate true PZMs from artifacts (Dou et al., 2020). DeepMosaic introduces a
convolutional neural network-based framework that directly learns image-like
representations of read pileups, enabling robust detection of mosaic SNPs (Yang et
al., 2023). Recent benchmarking of the above tools demonstrated that no single PZM
caller is best in all contexts. Tools vary substantially in sensitivity and specificity, with
many showing reduced accuracy for INDELs relative to SNPs, and even the best-
performing methods fail to detect very VAF<0.04 INDELs (Ha et al., 2023). Moreover,

concordance of call sets between different algorithms is low, and overlap-based
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consensus approaches are not recommended. Instead, best practice is to deploy

complementary callers targeted to their respective strengths (Ha et al., 2023).

Beyond single-sample approaches, cohort-based trio whole-exome sequencing (trio-
WES) can be uniquely leveraged to improving PZM calling (Wright et al., 2019). This
design is most often implemented in clinical cohorts, where sequencing of affected
probands alongside both parents allows stringent filtering of candidate variants (Wright
et al., 2019). By excluding variants with any read support in either parent, as well as
the expectation that true PZMs are very unlikely to be shared across the cohort, trio-
WES substantially reduces cohort and platform specific false positives (Dou et al.,
2018). Trio-WES can also reveal evidence of parental gonadosomatic mosaicism,
which has direct implications for recurrence risk counselling (Wright et al., 2019).
However, trio-WES alone does not guarantee complete accuracy, as its performance
remains constrained by WES limitations such as sequencing depth and the uneven
coverage intrinsic to exome capture (Dou et al., 2018). Consequently, additional
statistical and filtering strategies are required to further increase confidence in PZM

detection.

Observed VAFs in WES datasets display greater variance than expected under a
simple binomial model, reflecting overdispersion introduced by exome enrichment in
library preparation, capture efficiency, and study-specific artifacts (Hsieh et al., 2020,
Huang and Lee, 2022). The VAF overdispersion complicates downstream estimation
of PZM fractions and destabilizes correction. To address this challenge, EM-Mosaic
was developed as a statistical framework that explicitly models VAF overdispersion
within WES data by fitting VAFs to a study-specific beta-binomial model, applying an
expectation—maximization (EM) algorithm to iteratively refine cohort-wide mosaic
fraction estimates and assign posterior probabilities for individual variants being

mosaic over germline (Hsieh et al., 2020).

First, EM-mosaic pools all candidate de novo SNPs and fits a beta-binomial model for
the alternate read counts, estimating an overdispersion parameter from the data. It
also estimates a global prior mosaic fraction from the cohort using VAF distributions
under the beta-binomial model. Then in each EM iteration, EM-mosaic computes the
likelihood of each variant’s read counts under two models. A germline de novo model
and a mosaic model. By combining these likelihoods with the prior, the algorithm
computes a posterior odds (post-odds) of mosaicism for each site. Variants exceeding

a chosen FDR threshold on the post-odds (>10) are reported as high-confidence
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mosaic SNPs. This framework allows EM-Mosaic to explicitly account for cohort-level
mosaicism rates, data-specific variability, and provides statistical evidence for
mosaicism (Hsieh et al., 2020). The EM-Mosaic authors reported a confirmation rate
of 88% and state that at depths of 60X the sensitivity for VAF<0.05 is low, but that it
would be over 80% at 500X (Hsieh et al., 2020). A major limitation of EM-Mosaic is
that it can only be applied to de novo SNPs and not INDELs (Hsieh et al., 2020).
Furthermore, EM-Mosaic is not a variant caller itself and requires as input a set of
SNPs that have already been confirmed as de novo. The method also does not
incorporate additional filtering steps, necessitating that input data be rigorously quality-
controlled prior to analysis (Hsieh et al., 2020). Thus, it is most appropriately used in

conjunction with trio-WES in which PZM filtering is applied.

Even with careful modelling, independent validation by ultra-deep resequencing or
digital droplet PCR is essential to confirm PZMs (Dou et al., 2018). At the very least
read support must be visualised with tools such as Integrative Genomics Viewer (IGV)
to reduce the odds of false positives. Even the most sophisticated PZM variant callers
require high sequencing depth to power low-VAF PZM detections and rely on large
cohorts to fit the models. Overall, detecting PZMs from bulk sequencing of single-
sample tissues remains technically challenging, with no one-size-fits-all approach.
Cost and computational demands further constrain routine application, as WGS and
ultra-high-depth validation across multiple tissues are expensive. Emerging
technologies are poised to substantially improve PZM detection sensitivity and
accuracy (Yu et al., 2024). Collectively, these technological advances have made it
possible to characterize PZMs across tissues at unprecedented scale, rapidly
expanding our understanding of the landscape of genetic mosaicism in both healthy

and diseased contexts.

1.5 Genetic mosaicism across the human lifespan

The true landscape of GM in normal tissues has only recently begun to emerge, driven
by advances in tissue sampling techniques, the establishment of biobank-scale
cohorts, and reductions in sequencing error rates (Acha-Sagredo et al., 2022, Ren et
al., 2022). Unlike cancer genomes where mutations are clonally expanded and readily
detectable, PZMs in normal tissues typically exist at single-cell resolution at low VAF,

requiring specialized detection approaches with sequencing error rates below 10-%7
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errors per base pair (Acha-Sagredo et al., 2022, Ren et al., 2022). High-fidelity single-
cell sequencing, combined with laser capture microdissection and advanced
computational algorithms, now allows detailed mutational analyses across diverse
tissues and developmental stages. These approaches have revealed tissue-specific
mutational processes, burdens, and phylogenetic trajectories that can be traced from
early embryogenesis through to old age (Coorens et al., 2021, Moore et al., 2021,
Abascal et al., 2021).

We now know that PZMs and clonal expansions accumulate across all tissues. Some
mutational processes, such as the deamination of 5mC, are universal “clock-like”
signatures, whereas others are tissue-specific and shaped by local exposures and
DNA repair environments (Coorens et al., 2021, Moore et al., 2021, Abascal et al.,
2021). Most PZMs are SNPs, with INDELs occurring ~10 fold less frequently, while
MCAs are much rarer (Coorens et al., 2021, Moore et al., 2021, Abascal et al., 2021).
Considerable inter-individual variation also exists in mutation rates across tissues,
reflecting both intrinsic and environmental influences. The highest mutation rates are
observed in the colon, liver, and oesophagus (~50 SNPs/cell/year), while sperm cells
maintain the lowest rates (~3 SNPs/cell/lyear), consistent with strong evolutionary
pressures to maintain genome integrity in heritable lineages (Coorens et al., 2021,
Moore et al., 2021, Abascal et al., 2021). Overall, mutation load, signatures, and
selective pressures differ markedly between embryogenesis, mature tissues, and
aging tissues, making GM a temporally and spatially dynamic phenomenon with

distinct consequences in early development and in aging contexts.

This section explores GM in two distinct spatio-temporal contexts that form the focus
of subsequent chapters. First, pathogenic PZMs in embryogenesis that underlie
developmental disease. Second, PZMs that drive clonal haematopoiesis as an aging

phenotype.

1.5.1 Early genetic mosaicism: developmental disorders

The transition from a single-celled zygote to fully developed adult comprised of trillions

of cells involves a cascade of rapid and tightly regulated cell divisions against a

backdrop of transcriptional programs, differentiation, and continuous PZM

accumulation (Hatton et al., 2023, Waldvogel et al., 2024). The PZM landscape of early

embryogenesis exhibits distinct temporal patterns. The earliest cell divisions, occurring
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between the 2-4 cell stage, experience elevated mutational rates of ~3 SNPs per cell
division, reflecting suppressed expression of DDR pathways, cell cycle checkpoints
optimized for rapid division, and delayed zygotic genome activation (Coorens et al.,
2021, Munisha and Schimenti, 2021). The tolerance for DNA damage favours timely
embryonic differentiation over genomic fidelity. Prior to genome activation, occurring
between the 4-8 cell stage, embryos rely predominantly on maternally deposited
MRNAs and proteins, operating with minimal transcriptional activity (Munisha and
Schimenti, 2021).

Zygotic genome activation represents a critical shift from maternal to zygotic control of
embryogenesis, with decreased rates ~1 SNPs per division endogenous DNA repair
systems become fully operational (Coorens et al., 2021, Munisha and Schimenti,
2021). Chromosomal segregation errors are also unusually common during the first
mitoses, exceed those observed in mature tissues, and decline from the 2-4 cell stage
onwards (Currie et al., 2022). These errors result in MCAs that surprisingly remain
compatible with live birth. The spatial control of first mitosis demonstrates vulnerability
to maternal age effects, with declining fidelity contributing to increased mosaicism

frequencies in pregnancies of older mothers (Gruhn et al., 2019).

The timing of a PZM is therefore critical in shaping its distribution and phenotypic
impact. PZMs arising during pre-gastrulation (~ 10-15 cell divisions) are seen at higher
VAFs across multiple organ systems and are more likely to involve loss-of-function
(LOF) tolerant genes, whereas later-arising events are progressively restricted to
single tissues or organs (Waldvogel et al., 2024). Early embryonic PZMs expand
through stochastic drift and asymmetrical cell divisions and with observable VAFs that
are later governed by complex interactions involving tissue-specific fitness effects and
developmental bottlenecks (Waldvogel et al., 2024). While most embryonic PZMs are
tolerated, occasionally a damaging variant in a gene essential for development can
disrupt organogenesis or neurodevelopment, manifesting as a developmental disorder
(Wright et al., 2019).

Developmental disorders (DDs) are a heterogeneous group of conditions
characterized by impaired growth, cognition, behaviour, or physical development
arising during prenatal or early postnatal periods (Solarsh and Hofman, 2006, Srour
and Shevell, 2014, Holm, 1989). Clinical presentations of DDs range from isolated
physical malformations to complex multi-system phenotypes involving transient global

developmental delay (GDD), chronic intellectual disability (ID), congenital
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abnormalities, and autism spectrum disorders (ASD) (American Psychiatric
Association and American Psychiatric, 2013, Srour and Shevell, 2014). Affected
individuals present with symptoms along a spectrum of severity and often share
comorbidities with other DDs, suggesting common underlying molecular aetiologies
(Hormozdiari et al., 2015, Parenti et al., 2020). A range of interacting environmental
and genetic factors are involved in DD aetiology (Solarsh and Hofman, 2006). While
early estimates attributed ~50% of DDs to genetic causes, more recent studies suggest

the proportion may be closer to 80% (Srour and Shevell, 2014, Copeland et al., 2021).

The clinical complexity observed in DDs is driven by underlying genetic heterogeneity,
pleiotropy, and gene-environment interactions (Parenti et al., 2020). Phenotypic
outcome is modulated by gene specific vulnerability, mutation load, and epistatic
interactions (Parenti et al., 2020). Many developmental genes are dosage-sensitive
and highly intolerant to loss-of-function variants, explaining the prominent role of de
novo mutations (DNMs) in DD aetiology and highlighting precise gene dosage
requirement during embryogenesis (Wright et al., 2023). DD associated genes are
often enriched for DNMs, and DD cohorts experience a greater burden of deleterious
DNMs compared to unaffected controls (McRae et al., 2017, Wilfert et al., 2017). DNMs
in monogenic DD associated genes had the highest diagnostic yield in the Deciphering
Developmental Disorders UK (DDD-UK), with 76% of trios having an underlying
pathogenic DNM (Wright et al., 2023). Even in apparently monogenic cases,
phenotypic expressivity and penetrance can vary significantly, likely reflecting
contributions from additional mutations in the same or other loci, consistent with the
two-hit hypothesis (Karaca et al., 2018, Ribierre et al., 2018).

The classical two-hit model, originally described in cancer biology, applies to DDs
where complete gene inactivation requires a PZM interacting with a germline recessive
variant within a single recessive gene (Parenti et al., 2020). Oligogenic inheritance
expands this concept to encompass scenarios where multiple genetic variants, each
individually insufficient to cause disease, collectively exceed pathogenic thresholds
(Parenti et al., 2020). These models account for cases where apparent monogenic
explanations fail to fully explain observed phenotypic severity or familial segregation
patterns, encompassing more complex relationships involving gene networks, protein

complexes, and regulatory cascades (Parenti et al., 2020).

Most apparent DNMs originate as stochastic single event PZMs in the parental

germline, which are inherited by a single offspring as constitutional heterozygote
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variant (Mohiuddin et al., 2022). In this scenario, a single germ cell acquires a single
PZM, which then forms part of the zygote as a heterozygous. However, recent
expansions of GM research in clinical settings show a significant proportion of apparent
single-event DNMs arise post-zygotically in the proband, with estimates suggesting
>10% of DNMs represent PZMs at significant VAFs constituting somatic mosaicism
(Hsieh et al., 2020, Krupp et al., 2017). Somatic mosaicism often underpins some of
the most severe DD phenotypes, especially where pathogenic mutations in essential
genes would be embryonically lethal in the constitutional state (Moog et al., 2020).
These obligatory mosaic DDs include McCune-Albright syndrome, Focal cortical
dysplasia type I, Pallister—Killian syndrome, and Proteus syndrome amongst others
(Waldvogel et al., 2024). Many well characterized DDs with constitutional aetiologies
such as Beckwith—Wiedemann syndrome, Alport syndrome, and Dravet syndrome,
also have recognised mosaic aetiologies, with phenotypic severity correlating with

proportionality of affected tissues (Waldvogel et al., 2024).

The contribution of GM to rare genetic disorders is likely underestimated due to
technical challenges in detection, as many large clinical cohorts still rely on bulk NGS
data with limited read depth and insufficient sensitivity for low-level mosaicism.
Additionally, low VAF PZMs often mimic sequencing artifacts and are therefore
excluded by standard variant-calling pipelines, leading to the systematic loss of
clinically relevant variants (Martinez-Glez et al., 2020, Huang and Lee, 2022). Trio-
WES has been a particularly powerful approach for uncovering pathogenic PZMs, as
demonstrated by the Deciphering Developmental Disorders (DDD-UK) study, where
trios were 4.7 times more likely to receive a diagnosis compared to singletons or duos
(Wright et al., 2023). Mosaic diagnoses accounted for ~1% of DDD-UK cases, a yield
mirrored in a Korean DD cohort (~1.2%), with even higher contributions reported in
ASD, where up to 10% of diagnoses involve GM (Kim et al., 2023, Lim et al., 2017,
Wright et al., 2023). Finally, PZMs arising later in development which may be confined
to tissues may not be present in blood from which most DNA is sampled, thus confined
somatic mosaicism may not be detected unless the representative tissue has been
sampled.

An additional benefit of trio-WES is the ability to identify parental gonadosomatic
mosaicism, which represents a critical yet underdiagnosed contributor to DDs. It arises
when PZMs occur before primordial germ cell (PGC) specification, resulting in both

somatic tissues and gametes inheriting the mutation (Mohiuddin et al., 2022).
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Apparently unaffected or mildly affected parents may carry pathogenic PZMs in their
gametes. In contrast, germline mosaicism arises after PGC specification and in
adulthood, when mutations are restricted to gametes (Mohiuddin et al., 2022). Maternal
oogenesis involves only ~20 post-PGC divisions followed by prolonged meiotic arrest,
limiting further mutational accumulation primarily to non-replicative events such
erroneous DSB repair. Conversely, paternal spermatogenesis continues throughout life
(Mohiuddin et al., 2022). This continuous replication creates opportunities for both age-

dependent PZM accumulation and selfish spermatogonial selection.

Gonadosomatic mosaicism has been reported across several well-known DDs
including Duchenne muscular dystrophy, Tuberous sclerosis, and Neurofibromatosis
type 1, and has been estimated to account for ~4% of DDs and up to 22% ASD cases
(Rahbari et al., 2016, Breuss et al., 2020, Geiger et al., 2024). A recent study
demonstrated that as many as 1 in 15 men harbour pathogenic variants in ~5% of their
sperm cells, with sperm showing relatively stable clonal fractions while matched blood
samples from the same individuals exhibited evidence of clonal expansion (Yang et al.,
2021). This divergence highlights that blood may not be the optimal tissue for detecting
gonadosomatic mosaicism, as fitness effects and clonal dynamics differ across tissues,
necessitating multi-tissue sampling strategies including buccal swabs (ectoderm),

blood (mesoderm), and urothelial cells from urine (endoderm).

Recurrence risk is not a single fixed number but a continuum determined by the timing
of the PZM, the proportion of parental gametes that carry it, the parent-of-origin, and
the type of mosaicism (Rahbari et al., 2016, Bernkopf et al., 2023). Early embryonic
events that include the germline can place a substantial fraction of gametes at risk and
therefore may approach high recurrence probabilities with a theoretical upper bound
~50%. By contrast, true one-off DNMs confined to the proband have essentially
negligible recurrence probability (Rahbari et al., 2016, Bernkopf et al., 2023). Recent
empirical quantification using high-depth long-read sequencing and sperm analysis
estimated that paternally derived DNMs carry recurrence risk of ~0.3% while paternal
gonadosomatic and germline mosaicism demonstrate direct correlation with sperm
VAF, ranging from 0.2-16.6% with mean levels of 4.7% (Bernkopf et al., 2023).
Maternal recurrence risks, estimated at ~1.1% for all categories combined, cannot be
directly measured due to oocyte inaccessibility but are inferred from post-PGC
mutational modelling (Bernkopf et al., 2023). Gonadosomatic mosaicism exhibits
highly variable gametic burden (0.6-10.2% VAF range) rather than uniformly high risk
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(Bernkopf et al., 2023). While advanced paternal age increases overall burden of
DNMs, younger fathers with evidence of mosaicism in the absence of sperm
sequences have increased risk of recurrence due to increased likelihood of
gonadosomatic patterns (Bernkopf et al., 2023). This evidence-based stratification
enables precision counselling, fundamentally transforming genetic counselling practice
from generic 1-2% estimates toward individualized, couple-specific risk determination
(Bernkopf et al., 2023).

1.5.2 Somatic mosaicism in adulthood: clonal haematopoiesis

Haematopoiesis is the lifelong process of proliferation, differentiation, and turnover of
all blood cell lineages (Jagannathan-Bogdan and Zon, 2013). The production of all
mature blood and immune cell lineages in adults is maintained by haematopoietic stem
cells (HSC) in spatially defined bone marrow (BM) niches (Morrison and Scadden,
2014). The adult haematopoietic system is comprised of more than 10 blood cell types,
with diverse cell morphologies and functions. Broadly defined, these include
erythrocytes for tissue oxygenation, thrombocytes for hemostasis, and leukocytes
which are responsible for innate and acquired immunity (Jagannathan-Bogdan and
Zon, 2013). Haematopoietic homeostasis requires continuous replenishment of these
cells for health and survival (Jagannathan-Bogdan and Zon, 2013). It is estimated that
adults produce approximately 200x10° erythrocytes, 150x10° thrombocytes, and
140x10° leukocytes daily to offset the loss of short-lived lineages to apoptosis (Fliedner
et al., 2002). Haematopoiesis tightly regulated and adaptive, with production increasing
by more than 10X in response to haematopoietic stressors such injury and infection
(Baldridge et al., 2010, Kaushansky, 2006, Cheshier et al., 2007).

Haematopoiesis is highly efficient, being maintained by approximately 20,000 —
200,000 multipotent HSCs with significant self-renewal potential (Mitchell et al., 2022).
These multipotent HSCs can remain quiescent, self-renew to sustain the stem cell
compartment, differentiate along haematopoietic lineages as required, migrate from
the bone marrow niche in response to signalling cues, or undergo apoptosis (Kulkarni
and Kale, 2020). The regulation of these HSC trajectories is determined by a dynamic
interplay between cell-intrinsic factors, including epigenetic, metabolic, and
transcriptional programs, and cell-extrinsic cues derived from the bone marrow niche

(Pinho and Frenette, 2019). HSCs rarely enter the cell cycle, with only 1% actively
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participating in the replenishment of progenitor cells each day and only outputting new
progeny every 2-4 months (Busch et al., 2015). However, a balance between
differentiation and self-renewal must be maintained (Pinho and Frenette, 2019).
Quiescence serves to protect HSCs from extrinsic damage, the accumulation of
replication-based DNA damage, and prevents premature depletion of the HSC
compartment (Arai et al., 2004, Cheng et al., 2000). Despite their high degree of
quiescence, HSCs continually replenish specialized progenitors, which expand and
differentiate in a hierarchical cascade to generate the full spectrum of mature blood

and immune cells (Cheng et al., 2020).

The modern model of haematopoiesis has downstream progenitors as transitory states
between biased HSC pools and mature cells, reflecting the molecular and functional
heterogeneity of HSCs and multipotent progenitors (MPP) (Haas et al., 2018).
Homeostatic production is driven by MPP differentiation, which generates intermediate
biased progeny for myeloid and lymphoid lineages (Cheng et al., 2020). Notably, a
substantial fraction of megakaryocytes bypasses MPP intermediates and derives
directly from HSCs, indicating that lineage choice is not stochastic but rather reflects
early HSC bias (Rodriguez-Fraticelli and Camargo, 2021). Cell fate mapping and
single-cell transcriptomics have resolved HSCs into differentiation-inactive,
multilineage, myeloid-erythroid restricted, and megakaryocyte-restricted lineages that
are set early in embryogenesis and remain remarkably stable into adulthood (Bowling
et al., 2020, Pei et al., 2020). Nonetheless, extrinsic cues from the BM niche remain
essential in maintaining HSC integrity and balancing differentiation trajectories
(Baryawno et al., 2017, Kandarakov et al., 2022).

Haematopoietic stem cells do not have the capacity for infinite differentiation. The
haematopoietic niche ages, experiencing a gradual loss in mature cell production and
function (Fujino et al., 2022). Haematopoietic stem cell aging is a ubiquitous
phenomenon that is characterized by both quantitative and qualitative changes in the
HSC compartment (Fujino et al., 2022). Although the magnitude of these changes
varies among individuals, common hallmarks include mitochondrial dysfunction,
genomic instability, epigenetic drift, reduced intercellular communication, senescence,
and altered proteostasis (Schmauck-Medina et al., 2022). A key feature of aging is the
expansion of the HSC pool relative to total bone marrow cellularity (Pang et al., 2011).
However, these enlarged pools exhibit diminished proliferative capacity, reduced self-

renewal, and loss of quiescence, leading to replicative stress and epigenetic alterations
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that compromise the long-term functionality (Pang et al., 2011, Rundberg Nilsson et
al., 2016, Flach et al., 2014).

Aging also alters the lineage output of HSCs, with a skew toward myelopoiesis at the
expense of lymphopoiesis, and an increase in megakaryocyte-biased HSCs (Young et
al., 2016, Grover et al., 2016). The myeloid cells produced are functionally inferior, and
reduced lymphopoiesis impairs de novo production of naive B and T cells, weakening
both innate and adaptive immunity and increasing susceptibility to infection and
myeloid malignancies in older individuals (Bleve et al., 2023, Linton and Dorshkind,
2004, Kogut et al., 2012, Weiskopf et al., 2009, Zeidan et al., 2019). HSC aging is
driven by complex interactions between intrinsic and extrinsic factors (SanMiguel et
al., 2020). Age-related changes in the bone marrow niche, including altered stromal
support and increased inflammatory cytokine production, contribute to chronic low-
grade inflammation, termed “inflammaging” (Franceschi et al., 2000, Li et al., 2023).
Acute or chronic inflammation accelerates HSC differentiation and shifts metabolism
toward oxidative respiration, increasing ROS exposure that drives DNA damage,
senescence, and functional decline (Mistry et al., 2019, Shao et al., 2011, Bogeska et
al., 2022). Progeny of senescent HSCs, along with other aging niche constituents,
secrete inflammatory cytokines that further compromise HSC pool integrity and reduce
clonal diversity over time (Bulati et al., 2011, Desdin-Micé et al., 2020, Valletta et al.,
2020). The progressive accumulation of intrinsic and extrinsic damage ultimately drives
the characteristic features of aged haematopoiesis, reduced regenerative capacity,
lineage bias, impaired immunity, the elevated risk of myeloid disease and the sudden

age-related loss of HSC clonal diversity.

Throughout most of adult life, haematopoiesis is maintained by a polyclonal HSC pool,
with many individual stem cells contributing relatively evenly to mature lineages
(Mitchell et al., 2022). However, aging is accompanied by a pronounced decline in HSC
clonal diversity, with a few expanded clones increasingly dominating haematopoietic
output. This shift, which typically occurs between 65-75 years of age, can result in 30—
60% of blood production being derived from as few as 12—18 independently expanded
HSC clones (Mitchell et al., 2022). These dominant clones gain a Darwinian fitness
advantage within the bone marrow niche, enabling them to outcompete neighbouring
HSCs and contribute disproportionately to peripheral blood, a phenomenon known as
clonal haematopoiesis (CH) (Jaiswal and Ebert, 2019). CH is driven by clonal

expansion of PZMs in the HSC compartment. Ageing HSCs steadily accumulate
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somatic mutations over the lifespan (Mitchell et al., 2022). Estimates suggest that
HSCs acquire ~17 SNPs and 0.7 INDELs per cell per year postnatally, accompanied
by gradual telomere attrition of ~30 bp per year (Mitchell et al., 2022). Exonic mutations
occur less frequently, at roughly 1 per HSC per decade (Welch et al., 2012). While
most mutations arise stochastically, HSCs are also exposed to exogenous and
endogenous genotoxic stressors, adding further DNA damage that, if unrepaired, is
maintained as somatic mutations (Nohmi, 2018). The cumulative effect is a genetically
heterogeneous HSC population, producing mature blood and immune cells with

variable fitness within the BM niche.

Clonal expansion in HSCs arises from selective advantages conferred by driver
mutations, which may enhance proliferative capacity, apoptosis evasion, or, most
critically, self-renewal potential (Challen and Goodell, 2020). Cell characteristics that
confer proliferative advantage are usually associated with malignancy. Mutations that
confer such advantages are frequently located in genes also implicated in
haematologic malignancies, encompassing both myeloid and lymphoid lineages
(Niroula et al., 2021). The most recurrent CH driver mutations occur in epigenetic
regulators DNMT3A, TET2 and ASXL1, followed by splicing factors SF3B71 and
SRSF2, and apoptosis regulators TP53 and PPM1D (Kessler et al., 2022, Bick et al.,
2020b). Expanded studies in larger and more diverse cohorts have revealed a growing
list of genes implicated in CH, with differential enrichment across myeloid and lymphoid

lineages (Niroula et al., 2021).

The fithess of an HSC clone is influenced by the specific driver mutation, its genomic
context, and evolving evolutionary pressures within the BM niche. Clones harbouring
DNMT3A or TP53 mutations expand slowly (~5% per year), whereas TET2, ASXL1,
PPM1D, and SF3B1 mutations confer faster expansion (~10% per year), and SRSF2
mutations show the highest growth rates (~15-20% per year) (Fabre et al., 2022).
These rates are dynamic across the lifespan, with DNMT3A clones expanding more
rapidly in younger individuals (~15% per year) than in the elderly (~6.2%), while TET2
clones expand consistently, and SRSF2 clones only acquire selective advantage late
in life (Fabre et al., 2022, Watson et al., 2020). These nonlinear dynamics underscore

the importance of changing intrinsic and extrinsic pressures in clonal selection.

While natural selection drives most clonal expansions, stochastic genetic drift may
occasionally eliminate or expand a clone (Ni Leathlobhair and Lenski, 2022). However,

recent studies have shown that selection is the most dominant factor driving the clonal
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expansion of HSCs (Watson et al., 2020, Mitchell et al., 2022). Moreover, germline
variants influence clonal expansion. For example, TERT variants modulate telomere
maintenance and predispose HSCs to acquiring additional driver mutations, illustrating
a synergistic interaction between germline and somatic genomes consistent with
Knudson’s two-hit hypothesis (Bao et al., 2020, Ni Leathlobhair and Lenski, 2022,
Knudson, 1971). Lastly, extrinsic exposures to the BN niche, including infection,
chemotherapy, and smoking, further modulate clonal expansion rates by altering
selective pressures over time (Dharan et al., 2021, Coombs et al., 2017, Kessler et al.,
2022). Driver mutations may arise decades before clonal expansion is detectable,
often established before age 40, with expansion delayed until later in life (Mitchell et
al., 2022). This delay has been hypothesized to reflect a “selective shadow,” where the
force of natural selection wanes as reproductive potential declines, allowing
deleterious or fitness-altering mutations to expand unchecked in late life (Kirkwood and
Melov, 2011, Mitchell et al., 2022). Consequently, CH is strongly age-associated, and

low-level clonal expansions are ubiquitous in individuals over 70 (Mitchell et al., 2022).

It is important to note that most expanded clones do not progress to malignancy but
increase the risk of myeloid (HR = 7.0) or lymphoid (HR = 1.1) cancers in a mutation-
dependent manner (Niroula et al., 2021). Approximately 60—-80% of driver mutations
occur outside known malignancy-associated genes (Jaiswal and Ebert, 2019). Non-
malignant clonal expansions driven by mutations in cancer-associated genes are
defined as clonal haematopoiesis of indeterminate potential (CHIP) to distinguish them
from overt malignancy and reflect the associated uncertainty (Steensma et al., 2015).
By definition, CHIP requires a VAF 22% and is limited to SNPs and INDELs (Genovese
et al.,, 2014). Malignancy risk is modulated by the fraction of cells harbouring the
mutation, the growth rate of the clone, the number of distinct drivers, and the function
of affected genes, with TP53 and splicing factor mutations conferring higher risk
(Goldman et al., 2023, Miller and Steensma, 2020).

Haematological malignancy is not the only endpoint of CHIP. HSCs and their progeny
are free to move throughout the body and immune cells influence almost every organ
(Wright et al., 2001). Therefore, there is the potential of mutations in HSCs to impact
the health status of these organs as well as impacting immune response and
inflammation. Driver mutations in DNMT3A, TET2, and JAK2 are associated with
elevated risk of cardiovascular disease, early-onset myocardial infarction, stroke,

chronic pulmonary disease, lung cancer, and osteoporosis (Bhattacharya et al., 2022,
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Jaiswal et al., 2017, Kessler et al., 2022, Miller et al., 2022, Kim et al., 2021). The
health consequences of CHIP appear driver-specific, reflecting how somatic mutations
in single genes can propagate functional changes across tissues. This raises questions
about the effects of more complex mosaic events, such as large structural variants, on

CH dynamics and systemic health.

While the aetiology of CH has predominantly focused on small variants in the form of
CHIP, MCAs represent a distinct and highly impactful form of clonal expansion in the
haematopoietic system. MCAs typically span megabase scales and therefore have far
larger genomic footprints than CHIP drivers, with correspondingly greater potential to
disrupt gene dosage, unmask recessive alleles through CN-LOH, or alter 3D
chromosome topology (Liu et al., 2021). Large cohort SNP-array and WGS MCA
screens have identified thousands of autosomal and sex-chromosome MCAs across
hundreds of thousands of people, demonstrating that MCAs are a common, age-
associated driver of CH (Liu et al., 2024, Loh et al., 2020, Terao et al., 2020, Zekavat
et al., 2021, Jakubek et al., 2023a, Jakubek et al., 2025). Autosomal MCAs (aut-MCA)
are typically distinguished from mosaic loss of Y chromosome (MLOY) in men and
mosaic loss of X chromosome (MLOX) in women, which show marked sex-specific
prevalence, and are linked to distinct systemic health outcomes (Jakubek et al., 2023b,
Jakubek et al., 2025). Because of these differences in frequency, fitness, and clinical
associations, MLOY and MLOX are usually analysed separately from aut-MCAs.
Interestingly, aut-MCAs have been recurrently detected at specific loci, suggesting
non-random patterns of mutagenesis and selection across the genome (Jakubek et al.,
2023a, Jakubek et al., 2025, Watson and Blundell, 2023). Autosomal-MCAs are rarely
observed in healthy individuals under 40 years of age (<1%), but their frequency rises
to 2-5% between ages 40 to 60 and increases exponentially thereafter, reaching 8-
10% in those over 60 and 10-20% beyond 80 (Jakubek et al., 2023b). In contrast, sex-
chromosome losses are far more common, with MLOY in approximately 40% of men
and MLOX in over 25% of women over 80 years of age (Jakubek et al., 2023b, Jakubek
et al., 2025). While age remains a significant determinant of MCA prevalence, the

distribution of events is not explained by aging alone.

Ancestry, sex, germline predisposition, and extrinsic exposures all shape MCA
occurrence and clonal trajectories, underscoring the multifactorial basis of MCA-driven
CH. Large population studies have shown that individuals of European ancestry show

higher rates of aut-MCAs compared with African ancestry (AA) and East Asian groups,
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whereas and Hispanic American individuals display elevated frequencies of
chromosome X MCAs (Jakubek et al., 2023b, Jakubek et al., 2025). Males are at
significantly greater risk of any aut-MCA occurrence, and half of all MCA types
demonstrate significant sex-specific differences in mutation rates or fitness effects, with
differences in mutation rates reaching up to 12-fold for 15q gains in men, while fitness
effects generally vary more modestly (Watson and Blundell, 2023). This suggests a
significant role of sex-hormones such as oestrogens and androgens in MCA
mutagenesis or selection. Germline genetic predisposition further contributes through
both cis- and trans-acting variants as identified through multiple MCA GWAS (Loh et
al., 2018, Loh et al., 2020). Rare mutations in DNA repair genes ATM, NBN, and
MRE11 promote CN-LOH of damaged alleles, whereas MPL variants bias duplication
of wild-type alleles, and common variants in telomere maintenance genes TERT, and
TERC and immune function loci in SP740 increase genome-wide MCA risk (Loh et al.,
2020, Jakubek et al., 2023b). Environmental exposures such as smoking,
chemotherapeutic therapy, and exposure to genotoxins have also been associated
with increased risk of MCA driven CH (Jakubek et al., 2023a, Hubbard et al., 2023).

Recent quantitative analyses showed that although MCAs occur at mutation rates
roughly ten-fold lower than CHIP drivers, the fittest MCAs confer selective advantages
comparable to the fittest SNPs in CH (Watson and Blundell, 2023). The clonal
dynamics of MCA in CH reflect strong positive selection rather than neutral drift, with
recurrent events clustering at loci where dosage changes or CN-LOH unmask classical
CH driver genes (Watson and Blundell, 2023). Much like CHIP-associated variants,
these events frequently disrupt tumour suppressors or enhance oncogenic signalling,
providing a mechanistic link between MCA-driven expansion and malignant
transformation (Loh et al., 2018, Loh et al., 2020). Overall autosomal MCAs are
associated with approximately 10-fold increased risk of haematological malignancy
(Loh et al., 2018, Loh et al., 2020). Autosomal MCA carriers face substantially elevated
haematological malignancy risk, with lymphoid cancers showing odds ratios of ~3,
increasing to 3.78 for high cell fraction events, and reaching 5.64 for lymphoid-specific
MCAs (Jakubek et al., 2023b, Niroula et al., 2021). Myeloid malignancies demonstrate
even stronger associations, with odds ratios of 5.42 for aut- MCAs overall and 7.77 for
high cell fraction events (Jakubek et al., 2023b, Niroula et al., 2021). Sex chromosome
alterations show more modest effects with MLOX in women conferring 3.85-fold

increased haematological malignancy risk, while MLOY shows weaker associations

47



(1.5-fold) with myeloid malignancies (Zekavat et al., 2021). Autosomal MCAs show
substantial heterogeneity, with risks varying according to chromosomal location and
the nature of the copy-number change. Even events affecting the same arm or copy-
number state can have divergent effects, depending on which genomic elements are
altered. For instance, CN-LOH at 9p, 11q, or 14q and deletions of 7q are strongly linked
to myeloid neoplasms, whereas chromosome 12 gains and 13q deletions preferentially
associate with lymphoid malignancies, particularly chronic lymphocytic leukaemia
(Niroula et al., 2021). While most MCAs do not progress to overt malignancies, they
confer a substantially increased future locus- and malignancy-specific risk, particularly

when expanded to >10% cell fraction.

Mosaic chromosomal alterations have also been associated with several diverse non-
haematological disease outcomes and overall mortality which has been extensively
reviewed elsewhere (Hubbard et al., 2023, Evans and Walsh, 2022). Autosomal MCAs
have been associated with increased risk of solid-malignancy such as bladder cancer
incident infection including septicaemia and pneumonia, as well as modest risks for
metabolic conditions such as type 2 diabetes mellitus (T2DM) (Song et al., 2024, Lin
etal., 2021, Zekavat et al., 2021). Mosaic loss of Y chromosome exhibits a paradoxical
risk pattern, with protective associations with key metabolic disorders including T2DM,
primary hypertension obesity, and gout, while simultaneously increasing
cardiovascular disease (CVD) mortality risk in high cell fraction carriers (Lin et al.,
2021, Sano et al., 2022). Mosaic loss of X chromosome in women is primarily
associated with infectious disease susceptibility, with elevated risks for pneumonia and
other respiratory infections (Lin et al., 2021). Granular analyses have revealed locus-
specific associations between aut-MCAs and disease outcomes, including 13q CN-
LOH with chronic kidney disease, 9p CN-LOH and 13q loss with increased CVD risk,
and 13q loss or 15q gains with increased infection susceptibility (Zhao et al., 2025).
These distinct phenotypic patterns underscore the diverse mechanisms by which
MCAs influence disease and establish them as multisystem biomarkers of age-related
pathology, with clinical relevance extending well beyond haematological malignancy.
Importantly, most associations have been identified in cohorts of predominantly
European ancestry, with limited data available for other populations and a particular
paucity of studies in individuals of African ancestry, underscoring a critical gap in

understanding ancestry-specific MCA aetiology and health outcomes.
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1.6 Genetic mosaicism in Africans

In the past decade, technical advances have eased entry into somatic mutation
research. Specialised tools have been developed that account for the intricacies of its
detection (Dou et al., 2020, Loh et al., 2020). Access to large biobank array and
sequencing data has facilitated large GM epidemiological studies, especially in CH
(Loh et al., 2020). Advances in single-cell sequencing and long-read sequencing have
expanded the study of somatic mutation across tissues (Coorens et al., 2024,
Martincorena et al., 2018, Wang et al., 2021b). Interest is at an all-time high, with rapid
methodological innovations driving discovery (Yu et al., 2024). Although these
advances have reshaped our understanding of genetic mosaicism across all fields,
studies in continental African populations remain sparse. This gap limits insight into
population-specific patterns, disease associations, and the broader impact of genetic
mosaicism to health in Africa. The following section reviews the literature on genetic
mosaicism in Africans, beginning with its role in rare diseases and DDs and then in

clonal haematopoiesis.

1.6.1 Rare disorder mosaicism in Africa

Finding relevant papers from either African based institutions or that report genetic
mosaicism in African ancestry cases is challenging. A search term was generated to
identify papers describing “mosaicism” in “Africans” in a rare disorders context from

the PubMed database (htips://pubmed.ncbi.nlm.nih.gov/) and the Scopus database

(https://www.scopus.com/). The search was expanded to include somatic mutation,
gonadosomatic, germline mosaicism, chromosomal mosaicism, mosaic aneuploidy,
and mosaic as terms. The term then added the names of 54 African countries, African
ancestry, and African regions not limited to sub-Saharan Africa to capture regional
requirements. Finally, a list of terms was added to filter out papers from other fields in
which “mosaic” is used to describe some form of non-related process. A final total of
90 papers that describe clinical mosaicism cases in African ancestry people, from
cases identified in African countries, or by African institution affiliated authors was
generated. The list of publications can be found in the Appendix D. No restrictions were
put on the year of publications, which ranged from 1967 to 2023. The earliest report of
GM in an African ancestry case comes from South Africa, which described a case of

mosaic Klinefelter syndrome in 1967 (Segal et al., 1967).
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Most publications describing genetic mosaicism in continental Africans originated from
Northern African countries, with only a handful from Sub-Saharan African (SSA)
countries outside of South Africa (Appendix D). These reports were largely case
studies of GM identified during routine clinical diagnostics, typically following a
phenotype-to-genotype approach. The molecular methods employed were
predominantly cytogenetic, with occasional use of targeted single-variant PCR or
Sanger sequencing. Only two studies reported next-generation sequencing data from
larger clinical cohorts, both involving African ancestry cases in the United States
(Posey et al., 2016, Odgis et al., 2023). Only one of those publications explicitly set out
to screen for GM in rare disease cases (Odgis et al., 2023). This is in stark comparison
to the large screenings for GM contributions to DDs, ASD, and congenital
malformations that have been described in European ancestry cases and cohorts
(Cook et al., 2021, Dou et al., 2017, Freed and Pevsner, 2016, Gambin et al., 2020,
Sherman et al., 2021, Wright et al., 2019, Hsieh et al., 2020, King et al., 2015, King et
al., 2017, Eberhardt et al., 2023). To date, no genotype-first studies designed to
systematically screen for GM in large continental African rare disease cohorts have

been published (Appendix D).

While this was not a comprehensive systematic review, such as one adhering to the
STROBE guidelines and incorporating multiple databases, it nonetheless highlights a
striking gap in knowledge of clinically relevant GM in African ancestry populations (Von
Elm et al., 2007). Over the past 60 years, only 90 publications have reported cases of
GM in African ancestry individuals or GM cases from African institutions (Appendix D).
In contrast, applying the same search terms to European ancestry studies from Europe
and North America resulted in 367 PubMed papers and 197 Scopus papers. African
genomics is commonly underrepresented in the literature, to the detriment of the global
community (Rotimi et al., 2017, Wonkam et al., 2022). A similar disparity was identified
in a comprehensive review of African publications in developmental disorders, with only
23% of the 287 publications coming from researchers outside of South Africa, Egypt,
Tunisia, and Marocco (Baine-Savanhu et al., 2023). Several explanations for this
disparity in DD research have been proposed, which could apply to GM in Africans.

Firstly, even in environments with adequate resources and trained personnel,
developmental disorders are notoriously difficult to diagnose due to heterogenous
phenotypes, variable expressivity, incomplete penetrance, and pleiotropic or epistatic

genetic aetiologies (Lumaka et al., 2022, Lumaka et al., 2017). This is particularly
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relevant for African ancestry DDs, where many phenotypes remain poorly
characterized and often present atypically compared to European ancestry cases in
which they were initially discovered (Lumaka et al., 2022, Lumaka et al., 2017). While
this is a shared challenge across the globe, the paucity of reported African cases in
comparison to European cases amplifies the problem in Africans. This is further
complicated in mosaic cases, which often present with an attenuated phenotype
correlated with the proportion of and types of affected tissues (Takagi et al., 2012,
Lubala et al., 2018). In African populations, phenotypes may deviate from Eurocentric
dysmorphology references. In a scoping review of African ancestry DDs, 53
publications documented atypical cases that expanded known phenotypes or identified

novel variants in established DD genes (Baine-Savanhu et al., 2023).

Identification of mosaic attenuations in African DD cases is rare. For example, a Central
African patient with mosaic Fragile X syndrome presented with a phenotype so atypical
that a facial recognition algorithm trained on DD facial dysmorphia could not aid in
diagnosis (Lubala et al., 2018). Despite Fragile X syndrome being a well-characterized
monogenic intellectual disability for over 40 years, molecular confirmation in African
ancestry patients has been reported only in South Africa, Ghana, and Cameroon cases
(Peprah et al., 2010, Essop and Krause, 2013, Chiurazzi et al., 1996). The Central
African case, identified as potentially mosaic by an experienced clinical team,
prompted targeted molecular testing, confirming size-mosaic Fragile X syndrome
(Lubala et al., 2018). This case extended the known Fragile X phenotype and
represented the first molecularly confirmed diagnosis in Central Africa (Lubala et al.,
2018). Even with the significant underreporting of rare disease incidence, and the lack
of reliable epidemiological data in Africa, it is extremely unlikely that there are no other
cases in a region that large and that populous (Omotoso et al., 2022, Malherbe et al.,
2021). Rather, as the authors point out, it is likely an underreported condition due to
known barriers to medical genetics in Africa (Kamp et al., 2021, Lubala et al., 2018).
These barriers are pervasive across continental Africa and include a scarcity of medical
genetics services, limited funding, logistical constraints, low public awareness, and
cultural factors such as fear of discrimination (Kamp et al., 2021, Omotoso et al., 2022,
Lubala et al., 2018, Lumaka et al., 2022). The key issue underlying these challenges
is the scarcity of resources, especially for rare disease, on a continent where infectious

disease is pervasive and the focus of most healthcare policies (Lumaka et al., 2022).
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Sub-Saharan African (SSA) nations spend an average of 0.44% of their gross domestic
product (GDP) on research and development and, to date, no SSA country has spent
more than 1% GDP (current global average = 2.21%) (World Bank, 2024a). Despite
being classified as an upper-middle-income country, South Africa currently spends only
0.60% of its GDP on research and development which is on a downward trend from its
peak of 0.83% in 2018 (current upper-middle-income average = 2.06%) (World Bank,
2024a, World Bank, 2024c). In terms of healthcare, SSA spends 5.11% GDP, while
South Africa spends 8.27% (upper-middle-income = 5.82%). This is across all sectors,
with health sciences making up only a small portion of allocated funding. Most impactful
African genomics research relies on some form of international agency grant funding,
and the lack of public infrastructure means most medical genetics services are tied to
academic institutions (Kamp et al., 2021, Krause et al., 2018). There is limited funding
for the training of medical geneticists and genetic councillors and yet, at least in South
Africa, the rate of graduating continues to increase (Gomes et al., 2024). Training
opportunities for medical geneticists and genetic counsellors remain limited, and
employment shortages drive qualified personnel out of Africa, reducing capacity to
detect rare diseases and mosaicism phenotypically (Gomes et al., 2024). In South
Africa, there are currently 13 registered medical geneticists and 31 genetic councillors,
which is estimated to cover only 10% and 5% the national needs (Gomes et al., 2024).
Of these professionals, only 1 medical geneticist and 3 genetic councillors practice
outside the greater Johannesburg and Cape Town regions in the Gauteng and Western
Cape provinces (Gomes et al., 2024). Rural populations are particularly underserved,
resulting in under identification and under-referral of heterogeneous DD, rare disease,
and GM cases (Baine-Savanhu et al., 2023, Gomes et al., 2024, Kamp et al., 2021,
Krause et al., 2018). This underreporting is a significant contributor to the observed

paucity in the literature.

Infrastructure limitations further impede African research. Many SSA countries lack the
capacity for somatic mutation or sub-chromosomal MCA screening, which requires
validated microarrays, expensive NGS platforms, and trained personnel (Sun et al.,
2015, Srivastava et al., 2019, Waggoner et al., 2018, Savatt and Myers, 2021). Most
publications in the review relied on cytogenetics, Sanger sequencing, or targeted PCR,
paralleling findings from the African DD review, where only 21,2% reported microarray
or NGS use (Appendix D) (Baine-Savanhu et al., 2023). While techniques like
karyotyping, Sanger sequencing, MLPA, Southern blot, and PCR can detect
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mosaicism they are confirmatory and phenotype-dependent, limiting large-scale or
genome-wide discovery. (Verhoef et al.,, 1999, van Veghel-Plandsoen et al., 2011,
Lubala et al., 2018, Essaddam et al., 2023). Thus, these techniques are not suitable

for screening for GM in African rare disease at scale.

We have known about GM in African since at least 1967, regularly detecting mosaic
cases in rare disease through mostly incidental findings (Appendix D) (Segal et al.,
1967). The paucity of literature is not due to a lack of scientific interest in Africa but
rather is likely a reflection of limited access to large, clinically characterized cohorts
and insufficient capacity for molecular GM diagnosis. Studies of this scale require
multidisciplinary teams, extensive funding, and specialized infrastructure, resources
that have historically been low in Africa (Dou et al., 2018, Savatt and Myers, 2021,
Thorpe et al., 2020, Kamp et al., 2021, Krause et al., 2018). African studies need
funding and support at many levels and can be extremely successful if properly
resourced. The success of large initiatives such as DDD-UK demonstrates the potential
of well-supported studies to elucidate GM at scale (Wright et al., 2023). The
unfortunate result is the observed paucity of data on African mosaicism in rare
diseases literature. We do not know what the true extent of genetic mosaicism in

African rare disease is.

The good news is that initiatives such as H3Africa have started to address this inequity
through the pooling of resources across the continent, providing access to
bioinformatics infrastructure, establishing training networks, facilitating the
establishment of larger cohorts, and developing appropriate Afrocentric tools (Mulder
et al., 2018). DDD-Africa, one of its major outputs, is a multidisciplinary study aimed at
determining the genetic aetiology of DDs in continental Africans from South Africa and
the Democratic Republic of the Congo (DRC). Leveraging trio-WES, partnership with
DDD-UK, and an experienced African medical genetics team, the study enables
detection of post-zygotic mosaicism in probands and parental gonadosomatic
mosaicism. This design provides the necessary resolution and scale to uncover GM
contributions to DDs in Africans, simultaneously addressing the underrepresentation
of African DD and GM data in the literature. (DDD-Africa,
https://h3africa.org/index.php/ddd-africa/). The recruitment strategy and methodology
of DDD-Africa is detailed in Chapter 2.
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1.6.2 Clonal haematopoiesis in Africa

Prior to 2020, large-scale characterizations of GM in African ancestry populations were
extremely limited. Most major genetic epidemiological studies of somatic mosaicism,
including clonal haematopoiesis, were conducted in European ancestry cohorts, with
African ancestry participants included only as small sub-cohorts (Machiela et al.,
2015). The only study reporting MCA prevalence in African ancestry individuals was
from a meta-analysis of approximately 120,000 participants, predominantly of
European ancestry, which included a small group of African American and Afro-
Caribbean participants (Machiela et al., 2015). In this study the authors reported that
genotype-inferred African ancestry participants, had significantly lower odds of MCA
occurrence than their European ancestry counterparts (OR = 0.28) (Machiela et al.,
2015). However, the study had significant limitations. The SNP arrays used were
optimized for European populations and may not have captured the full spectrum of
African genomic variation, while the MCA-calling algorithm relied on heterozygous
sites to detect B-allele frequency imbalances (Gonzalez et al., 2011). Given the higher
heterozygosity of African genomes, these methodological constraints likely contributed
to under-detection of MCAs, suggesting that the reported lower prevalence may not
reflect the true frequency in African ancestry populations. This culminated in the

rationale for and design of Chapter 3.

Since 2020, the representation of African ancestry participants in studies of CHIP and
MCA-driven CH has increased substantially, driven by the release of larger, more
diverse cohorts (Table 1.2). Notably, the Trans-Omics for Precision Medicine
(TOPMed; ~51,000 African ancestry samples) and the Million Veterans Program (MVP;
~180,000 African ancestry samples) include significant African ancestry cohorts (Taliun
et al., 2021, Gaziano et al., 2016). Advances in sequencing technologies and the
development of specialized pipelines for calling somatic mutations in single-sample,
non-matched tissues have facilitated large-scale CHIP analyses in these diverse
biobank cohorts (Loftfield et al., 2018, Francis et al., 2024, Liu et al., 2024, Jakubek et
al., 2025, Bhattacharya et al., 2024). Improvements in MCA-calling algorithms applied
to widely available SNP-array data originally designed for GWAS have similarly
enabled the characterization of MCAs in thousands of African ancestry participants
(Loftfield et al., 2018, Francis et al., 2024, Liu et al., 2024, Jakubek et al., 2025,
Bhattacharya et al., 2024, Jakubek et al., 2023b, Zhou et al., 2023). However, only a
few studies to date have included samples from continental African cohorts
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(Bhattacharya et al., 2024, Zhou et al., 2023). MCAs in inferred African ancestry
samples have generally been analysed in comparison to European ancestry
distribution s(Jakubek et al., 2023b, Machiela et al., 2015). Most studies continue to
report lower prevalence of MCA-driven CH in African ancestry participants (Jakubek et
al., 2023b, Machiela et al., 2015). The results from these studies can be found in Table

1.2 and are summarised here.

In TOPMed, no differences in overall CHIP prevalence were observed between
European and African ancestry participants after adjusting for age and smoking,
although European ancestry participants showed higher risk than Hispanic or Asian
ancestry individuals (Bick et al., 2020b). They did, however, identify an African specific
TET2 variation rs79901204 that increased the risk of CHIP status in carriers by 2.4-
fold (p = 4.0 X 107%) through disruption of the TET2 enhancer in HSCs which
decreased TETZ2 expression and increased self-renewal (Bick et al., 2020b). Analyses
in the UK Biobank and Geisinger Community Health Initiative (GHS) cohorts reported
higher CHIP rates in European ancestry than African ancestry participants, but these
differences were not significant after multivariate adjustment, reflecting a potential
sample size skew (Kessler et al., 2022). Similarly, in the All of Us (AoU) cohort, CHIP
was associated with age, smoking, and Hispanic ethnicity, but not African ancestry,
highlighting the continued need for diverse cohorts (Vlasschaert et al., 2023). Earlier
studies linking environmental exposures to CHIP enrichment did not find significant
differences in CHIP prevalence between African and European ancestry participants
(Bolton et al., 2020).
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Table 1.2: Clonal haematopoeisis studies with African ancestry participants.

Study AOdds Incidence (%) OR | P-value | Nax | Cohort
CHIP
Bick et al. (2020) AA =EA - 0.96 4.2x10°%" 31261 TOPMed
Bolton et al. (2020) | AA=EA AEAA==§71'%((’)/ 090 | 5.3x10%2 1491 | MSK-IMPACT
Pincez et al. (2021) | SCD 1 nSCD - 13.50 5.3x107% 1398/6211 SCD/nSCD
Kessler et al. (2022) AA=EA AA=2.48/ EA=5.98 - ns 15463 UKB
) AA=EA AA=2.25/ EA=7.84 - ns 7984 GHS
Vlasschaert et al. (2023) AA =EA - 1.01 ns 21035 All of Us
Bhattacharya et al. (2024) SSA | NA - 0.57 1.9x10%° 1878 REPRIEVE
MLOY
Lotfield et al. (2018) AA | EA AA=0.40/ EA=1.80 - 3.0x10% 3285 UKB
Cheng et al. (2024) | AA | EA . 034 | 1.0x10% 576 ILCCO
. AA=14.10/
Francis et al. (2024) AA | EA EA=26.40 - - 99103 MVP
Jakubek et al. (2025) AA | EA AA=5.80/ EA=15.43 0.69 1.6x10%7 7653 TOPMed
MLOX
Jakubek et al. (2023) AA 1T EA AA=15.94/EA=13.67 1.67 2.5x10°% 20217 TOPMed
Cheng et al. (2024) | _AA=EA - 0.75 ns 576 ILCCO
A-MCA
Machiela et al. (2015) AA | EA - 0.23 3.0x10% 14588 | Meta-analysis
Gao et al. (2021) EA1TAA AA=0.71/EA=1.19 1.50 3.3x10%? 2088 MSK-IMPACT
Jakubek et al. (2023) AA | EA AA=3.64/EA=5.30 0.76 1.2x10°% 20132 TOPMed
Cheng et al. (2024) AA=EA - 0.92 2.3x10" 576 ILCCO
SSA=14.20/ .
Zhou et al. (2023) SSA 1 EA EA=6.20 - - 674 | Ghanaian men
BL t BL-f BL=8.40/ BL-f=3.40 2.80 5.70x107" 931/3822 BL / BL-f

AOdds = lower or higher odds of occurrence in ancestry A vs B, with B as reference; OR = odds ratio; A-MCA = autosomal
mosaic chromosomal alteration; MLOY = mosaic loss of Y chromosome; MLOX = mosaic loss of X chromosome; CHIP = clonal
haematopoiesis of indeterminant potential; N = African ancestry count in cohort; UKB = UK Biobank; MVP = Million Veterans
Programme; MSK-IMPACT = Memorial Sloan Kettering-Integrated Mutation Profiling of Actionable Cancer Targets; GHS =
Geisinger MyCode Community Health Initiative; TOPMed = Trans Omics for Presession Medicine; REPRIEVE = Randomized
Trial to Prevent Vascular Events in HIV; ILCCO - International Lung Cancer Consortium; BL = Burkett's Lymphoma children; BL-
fr = Burkett’s Lymphoma free children; AA = African ancestry; EA = European Ancestry; SSA = sub-Saharan African; NA = North
American; SCD = sickle cell disease affected AA; nSCD = non-sickle cell AA controls; ns = reported not significant but does not
report p-value.

Only one study has reported a significant difference in CHIP prevalence between
African and European ancestry participants (Table 1.2). In a cohort of people living with
HIV, CHIP odds were significantly lower among participants from SSA than among
those from higher-income North American countries (OR = 0.57 [0.40-0.81], p =
0.0019) (OR = 0.57 [0.4-0.81], p = 0.0019). Interestingly, CHIP was also associated
with greater HIV severity, although ancestry modification of this association was not
reported (Bhattacharya et al., 2024). This study is one of only two that have included
participants from continental Africa. The other, a case—control study, demonstrated that
African ancestry individuals with sickle-cell disease were more likely to develop CHIP
than unaffected African ancestry controls (Pincez et al., 2021). Overall, a binary CHIP-
status outcome does not appear to be significantly different between African and

European ancestry participants (Table 1.2).
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In contrast risk of MLOY has consistently been reported at lower prevalence in African
ancestry men (Table 1.2). In both the UKB and the MVP cohorts, MLOY was detected
less frequently in African ancestry than European ancestry participants (Francis et al.,
2024, Loftfield et al., 2018). In MVP, the largest ancestry-stratified analysis of MLOY to
date with 99,301 African ancestry and 400,970 European ancestry men, MLOY was
detected in 14.1% and 26.4% of participants, respectively. An unadjusted analysis
indicated European ancestry men were approximately twice as likely to have MLOY
(OR = 2.19, p < 0.0001) than African ancestry men, with similar effects across age
strata (Francis et al., 2024). The MVP study also identified 46 SNP loci which were
associated with MLOY risk in African ancestry participants, including 5 SNPs in the
GGT5, MPL, NKX2-3, ETV6, and BLCAP genes that were reported as African ancestry
specific (Francis et al., 2024). This highlighted ancestry-related genetic contributions
to MLOY risk.

Other large cohorts from TOPMed and the International Lung Cancer Consortium
(ILLCO) studies confirmed significantly lower MLOY prevalence in African ancestry
men after adjustment for age (Cheng et al., 2023, Jakubek et al., 2025). Methodological
considerations, such as higher heterozygosity rates in African genomes leading to
greater call loss when down-sampling sites for MoChA-based detection (17% African
ancestry versus 3% European ancestry), did not alter the direction of effect, and
admixture analyses showed European ancestry proportion was positively correlated
with MLOY in African Americans (Jakubek et al., 2025). They identified two autosomal
loci, rs2296311 in TCL1A and rs2376992 in BCL2L1 that were associated with lower
odds of MLOY in TOPMed, and that are found at higher allele frequencies in African
versus European ancestry participants (Jakubek et al., 2025). Together, these findings

suggest both shared and ancestry-specific germline loci may shape MLOY risk.

Mosaic loss of the X chromosome shows a different pattern. In TOPMed, African
ancestry women had significantly higher odds of chrX MCAs than their European
counterparts (OR = 1.67, p = 2.5 X 107*), with consistent associations for both chrX
losses (OR = 1.59) and gains (OR = 2.06) (Jakubek et al., 2023b). These associations
persisted after random down-sampling of heterozygous sites, though African ancestry
women lost 26% of calls compared to 7% in Europeans. Lower MCA prevalence was
observed in admixed women with reduced African ancestry, and one associated SNP

was more frequent in Africans, indicating possible ancestry-linked germline influences
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(Jakubek et al., 2023b). By contrast, the much smaller ILCCO cohort did not identify
ancestry-related differences in MLOX (Cheng et al., 2023).

Autosomal MCAs odds were more varied in African ancestry participants (Table 1.2).
One of the early meta-analysis of approximately 120,000 participants reported
significantly lower odds of MCA occurrence in African ancestry inferred participants
compared with European ancestry participants (OR = 0.23, p = 0.003) (Machiela et al.,
2015), However, this study was limited by the use of SNP arrays that do not fully
capture African variation, thus reducing resolution, and a European ancestry skewed
cohort (Machiela et al., 2015). Subsequent sequencing-based studies also reported
similar trends of lower MCA prevalence in African Americans (Table1.2). One such
study detected MCAs from whole blood of cancer patients from targeted deep
sequencing data generated for a cancer risk study (Gao et al., 2021). European
ancestry participants had higher odds of having MCAs with cell fractions above 10%
than African ancestry participants (OR = 1.50, p = 0.033) (Gao et al., 2021). No
significant difference in autosomal MCA rate was found between African ancestry and
European ancestry participants in the ILCCO cohort, and this lack of significance was

repeated when stratified by MCA type and chromosome arm (Cheng et al., 2023).

The strongest evidence comes from TOPMed, where autosomal MCAs were again
less common in African ancestry participants (OR = 0.76, p = 1.2 X 10:%), despite
accounting for probe coverage (Jakubek et al., 2023b). Heterozygosity rates were
once again down sampled to match the lowest median rates in Southeast Asians, as
done for MLOY and MLOX. The result was African ancestry participants losing 23% of
all autosomal MCA calls, versus just 4% in European ancestry participants, with the
authors reporting significance and direction of odds remaining the same both prior and
after down sampling (Jakubek et al., 2023b). After down sampling African ancestry
participants were reported to have significantly lower risk of autosomal MCA incidence
than European ancestry participants (OR = 0.76, p = 1.2x10-%%) (Jakubek et al., 2023b).
Stratified analyses revealed specific differences in MCA incidence by ancestry, with
African ancestry participants having higher incidence of 8q gains, and lower incidence
of 12q gains, 14q CN-LOH, 20q losses, and 13q CN-LOH than European ancestry
participants (Jakubek et al., 2023b).

A subsequent GWAS of autosomal MCAs in cis germline loci revealed six deleterious
coding, promoter, and splice SNPs in the ATM gene that were significantly associated

with 11g CN-LOH in Africans (Jakubek et al., 2023b). These SNPs had ORs ranging
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13.94-29.11 and were common in Africans (MAF = 5.52-7.73%), but rare in Europeans
(MAF <0.1%). Allelic ratio analysis revealed that the 11q CN-LOH replaces wild-type
ATM alleles with the deleterious allele, disrupting ATM function and leading to 11q CN-
LOH selection. A single rare MPL SNP rs6086 was associated with 1p CN-LOH (OR =
533.64) in Africans (MAF = 1.21%), with 1p CN-LOH replacing the deleterious wild-
type with the alternate allele (Jakubek et al., 2023b). Aggregate rare variant burden
analysis revealed further associations with ATM and 11q CN-LOH, and MPL and 1p
CN-LOH. Additional rare variant burdens were reported in DCPS, ADAM17,
PPP1R16B, and TETZ2 with any autosomal MCA, as well as in OR4C16 with MLOX.
For the commonly observed MCAs in African ancestry participants, CHIP mutation co-
occurrence was reported for 1q CN-LOH and ZBTB33 CHIP, 5q loss and ASXL2 CHIP,
8q gain and DNMT3A, CUX1, YLPM1, or U2AF1 CHIP, 9p CN-LOH with TET2, ASXL1,
JAK2, and U2AF1 CHIP, and KRAS with 12p and 12q gains (Jakubek et al., 2023b).
Suggesting that somatic mutations in these genes predispose African ancestry
participants to MCAs or vice versa, which could be used as markers of future

haematological malignancy risk (Jakubek et al., 2023b).

The additional stratification of autosomal MCAs into more granular structures
reinforced evidence of significant heterogeneity underlying the broader association of
autosomal MCA status with genetic ancestry (Jakubek et al., 2023b). Certain loci were
enriched for distinct autosomal MCA classes in either European or African ancestry
participants (Jakubek et al., 2023b). The observed increased risk of aggregated
autosomal MCAs in European ancestry participants was reinforced by the results
showing enrichment of more unique MCA loci as well (Jakubek et al., 2023b). Without
the additional stratification of MCAs, the heterogeneity underlying the aggregate
associations would be missed, and the results may be interpreted as European
ancestry participants having increased risk of all MCA classes. This is clearly not the
case. The non-random autosomal MCA distributions across ancestries point to both
shared and ancestry specific germline variant predispositions or environmental
exposure risk factors which impact the rates of MCA formation and selection across
the genome. In both cases the information expands our understanding of MCAs in CH
and is more useful than broader categorical associations, which are prone to

aggregation bias(Gelman and Auerbach, 2016).

The results from TOPMed, UKB, and MVP are robust, and are suggestive of underlying

factors which increase the risk of aggregate MCA occurrence in European ancestry
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participants versus non-European ancestry participants (Francis et al., 2024, Jakubek
et al.,, 2025, Jakubek et al., 2023b, Kessler et al.,, 2022). Some of the strongest
evidence stemmed from the proportion of European or African genetic ancestry
correlating with MCA risk alleles associations in admixed individuals (Francis et al.,
2024, Jakubek et al., 2025, Jakubek et al., 2023b, Kessler et al., 2022). However, the
results from these studies are only reflective of MCA rates and/or distributions in African
ancestry people or African diaspora living in the environmental conditions of Northern
America or Europe (Jakubek et al., 2023b, Francis et al., 2024). These associations
cannot be generalised to continental African populations that live in diverse
environments and that have substantial genomic diversity (Figure 1.10) (Choudhury et
al., 2020, Wonkam et al., 2022, Agyemang et al., 2016, Marza-Florensa et al., 2021,
Fortes-Lima et al., 2024).
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Figure 1.10: Environmental factors that shape genomic diversity within Africa.

Several intersecting factors have shaped genomic diversity within African populations
across human history. (a) Migratory events within and out-of-Africa have led (b and c)
exposure to diverse pathogen burdens across Africa impacts adaptive selection of African
genomes. (d) significantly different socioeconomic status with a wide array of diets and
exposure to rural and urban. (e) the African climate and ecosystem vary significantly.
Figure from (Wonkam et al., 2022) under Creative Commons Attribution 4.0 International
License.
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It might be worthwhile, at this point, to discuss the inclusion of ancestry as a factor in
CH studies. Variation has been observed between subpopulation groups for many
human traits and disorders, including CH (Bick et al., 2020b, Jakubek et al., 2023b).
Variability in the observed rates and distributions of CH, underlying somatic mutations,
clonal trajectories, and fitness effects have been reported across ages, between sexes,
and now between broadly defined genetic ancestry groups (Bick et al., 2020b, Jakubek
et al., 2023b). The categorization of cohorts into age, sex, ethnicity/ancestry, or other
groups is common in association analysis to capture aggregate variation in the
outcome that may be explained by underlying biological mechanisms common to that
grouping. The underlying mechanism does not necessarily need to be fully understood.
If the association with the aggregate grouping is robust, then it needs to be accounted
for so as not to confound additional independent variables of interest. The broader
categories act as proxies of the actual underlying mechanisms and should not

necessarily be considered inherent modifiers in themselves.

The inclusion of such categorizations in a study should have clear rationale, as they
describe heterogenous human traits often derived from political and historical
definitions (Gombault et al., 2023). For example, ethnicity is a multifaceted social
construct encompassing shared geographical, historical, and social traits, such as
country of origin, genetic ancestry, language, religion, and traditions (Gombault et al.,
2023). Some of these aspects of ethnicity would clearly have no logical impact on CH
risk with a biologically sound mechanism of action. Additionally, the definitions for
racial/ethnic categorizations differ across the globe, change over time, and often do
not sufficiently account for complexity in genetic admixture (Gombault et al., 2023). In
the context of CH, ancestry is often a broad proxy categorization or measure of shared
genetic similarities within individuals, which are derived from common ancestor
population groups and should be reflective of alleles or haplotypes that were fixed
across time and space as these groups migrated, mixed, and settled through the forces
of drift, bottlenecks, and selection (Mathieson and Scally, 2020). In the absence of an
empirical estimation of genetic ancestry, from methods such as principal component
analysis, self-reported ancestry is often used as the proxy of these shared alleles.
However, ancestry categorisation is also reflective of the current geographical location
of the participants in cross-sectional analysis, which is sometimes an overlooked
property. The selective pressures which modify CH risk are not identical for individuals,
even with significant shared genetic ancestry, in every environment. In much of the CH
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literature, ancestry grouping has been used as a proxy for shared germline alleles and
not for the later. Little effort has been made to further define ancestry categorisations

in a geographical context, or to acknowledge the bias that may arise from this.

European ancestry participants from North America may share more alleles with
European ancestry participants from Iceland than with individuals of African descent
residing in North America. Even though the environmental pressures they face can
differ markedly from those in Iceland. It is not correct to assume that CH mutation rates
and distributions from individuals with shared genetic ancestry from one environmental
context will apply to those in a different environmental context. Thus, aggregate
ancestry categorisations should be interpreted in context of region of recruitment,
serving as further proxies for environmental modifiers of CH mutation rate and fitness
effects. This is especially important in African ancestry populations, which are known
to have the greatest genetic diversity. As a hypothetical example, a CH risk allele
identified in Ghanaians residing in Accra may be shared to a high degree with African
ancestry groups in the UK, but could be totally absent from Kenyans residing in Nairobi
(Fortes-Lima et al., 2024, Rotimi et al., 2017). Additionally, that same risk allele may
be more significant in the UK environment than in Ghana, where other risk alleles may
be more important in modifying CH risk (Marza-Florensa et al., 2021, Agyemang et al.,
2016). In the above example, the aggregate African ancestry grouping may obscure

important subpopulation-specific modifiers of CH risk.

Modern human populations have lived longer on the African continent than anywhere
else (Campbell et al., 2014). Long-established continental African populations have
genomes that have been shaped by migratory events across diverse ecological zones,
promoting extensive admixture and gene flow over thousands of years (Figure 1.10)
(Campbell et al., 2014, Fortes-Lima et al., 2024). Important migrations, including the
Bantu-speaking agriculturalist expansions from Western and Central Africa into
Eastern and Southern Africa, the migration of Nilo-Saharan speakers from Sudan to
Lake Chad, Kenya, and Tanzania, and subsequent out-of-Africa dispersals with
reintroductions of Middle Eastern, European, and Southeast Asian lineages, have all
occurred under selective pressures in varied ecosystems, climates, and pathogen
exposures (Campbell et al., 2014, Choudhury et al., 2020, Fortes-Lima et al., 2024,
Wonkam et al., 2022). This has ultimately contributed to unparalleled genetic diversity
in continental Africans. There are almost as many defined genetic ancestries within

African populations as there are in the rest of the world combined, with African
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populations having smaller and more diverse haplotype blocks and a lower incidence
of runs of homozygosity (Rotimi et al., 2017, Auton et al., 2015). The extent to which
this diversity extends to germline MCA and CH risk modifier alleles is not yet known.
Recent analysis has suggested that most pathogenic mutations in DDR pathways
arose after the latest out-of-Africa migration, with relatively few being shared between
African and non-African populations (He et al., 2024). Thus, the landscape of germline
CH risk alleles may be just as diverse in continental Africans. Additionally, the
application of recently identified alleles in African ancestry participants from Northern
America might not apply to continental African populations, especially from non-
Western African populations (Francis et al., 2024, Jakubek et al., 2025, Jakubek et al.,
2023b).

Environmental pressures such as infection burden, genotoxic exposure,
sociodemographic factors, and human behaviour traits have all been shown to
significantly impact MCA driven CH risk (Demanelis et al., 2023, Dharan et al., 2021,
Jakubek et al., 2023a, Zekavat et al., 2021, Young et al., 2024). The diversity of African
genomes has been shaped by the diversity of environmental selective pressures
across very long periods of time (Figure 1.10) (Rotimi et al., 2017, Wonkam et al.,
2022). Many continental African populations are in an epidemiological transition,
brought upon by rapid urbanisation. However, a large proportion of Africans also still
live in more rural agrarian communities. Rural communities make up 70% of Kenyans,
67% of Burkinabe, 41% of Ghanaians, and 31% of South Africans (World Bank,
2024b). Within African regions, the environmental exposures of its rural and urban
populations can also be significantly different. A significant contributor to CH risk is air
pollution. Urban populations are exposed to air pollutants from industrial activities,
vehicle exhaust, and waste disposal, whereas rural populations generally experience
lower overall air pollution but may have greater exposure to biomass burning from
smaller fires (Health Effects Institute, 2022). The burden of air pollution varies across
African countries. For example, Ghanaians face high levels of ambient particulate
pollution (PMzs), primarily due to Saharan desert dust, while South Africans are
exposed to PM2.s mainly from industrial emissions and vehicle exhaust (Health Effects
Institute, 2022). In contrast, Kenyans experience lower ambient PM2s5 levels but
significantly higher exposure to household air pollutants from burning biomass or
indoor cooking (Health Effects Institute, 2022). Particulate air pollution has been
significantly associated with increased risk of MLOY, while the impact on other CH is
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not as clear (Wong et al., 2018, Guan et al., 2024). Thus, CH risk through air quality
likely differs across the continent and is likely very different from air pollution exposures

in other global regions (Health Effects Institute, 2022).

Genotoxic exposure often occurs as an occupational hazard. Rural agricultural workers
in Africa are often exposed to pesticides and herbicides and poorly purified water
sources, while urban workers in Africa are often exposed to industrial carcinogens,
heavy metals in the mining industry, or water that is contaminated with industrial waste
such as arsenic (Fasinu and Orisakwe, 2013). Many occupational genotoxins have
been associated with CH, including the broad-spectrum herbicide glyphosate, which is
commonly used in agriculture and is associated with increased risk of MLOY
expansions in farmers (Chang Vicky et al., 2023). Water contaminated with arsenic has
also been associated with increased MLOY risk (Demanelis et al., 2023). Additionally,
exposure to polycyclic aromatic hydrocarbons, found in fossil fuel emissions, has been
associated with increased risk of MLOY in male coke-oven workers (Liu et al., 2020b).
While no other specific links with MCAs driven CH and occupational carcinogens have
been reported, known carcinogenic compounds such as heavy metals, cadmium,
chromium, pyrethroids, organophosphate insecticides, organochlorines, and many
others are likely to impact MCA formation through direct DNA damage inducing DSBs
and dysregulation of DDR pathways (Tabrez et al., 2014). Thus, industry and

agriculture practices, that may impact CH risk, also differ across the continent.

The African continent's diverse climates shape both biodiversity and agricultural
practices, leading to a wide variety of diets among African populations (Figure 1.10)
(Niohuru, 2023). Urban areas offer a greater abundance and diversity of food options
compared to rural areas, but they also have a higher prevalence of highly processed
foods. Urbanising populations in Africa have been shown to consume more pro-
inflammatory diets, characterized by higher intakes of processed sugars, and
unhealthy fats, leading to increased immune system activation, which may impact CH
selection (Pourmontaseri and Khanmohammadi, 2024, Ramaboli et al., 2024). In
contrast, rural populations typically adhere to more traditional diets that are richer in
whole grain cereals such as millet and sorghum, fruits, vegetables, and legumes, which
have been shown to lower levels of inflammatory cytokines such as interleukin-1 (IL-
1) and interleukin-6 (IL-6) (Malongane et al., 2024). Dietary intake across Africa varies
considerably. Populations in Ghana typically consume diets rich in fish and other

seafood, while those in Kenya increasingly rely on maize supplemented with traditional
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staples like beans and plantains (Niohuru, 2023). In contrast, rapid urbanization in
South Africa has led to a shift towards more pro-inflammatory diets which are
characterized by higher intakes of fats, sugars, and salts, coupled with lower
consumption of proteins, fruits, and vegetables (Niohuru, 2023). Undernourishment is
still prevalent in many countries across SSA, especially in poorer rural settings, where
it primarily impacts younger people (Niohuru, 2023). Undernourishment impairs
immune system response, gut health, and increases oxidative stress, all of which
contribute to chronic inflammation (Stumpf et al., 2023). Deficiencies in key nutrients,
such as proteins, vitamins, and minerals, can trigger inflammatory pathways and
increasing the production of pro-inflammatory cytokines (Stumpf et al., 2023). The
extent to which diet impacts CH remains unclear and needs to be studied further. Diet
may be a key modulator of CH risk in both rural and urban African settings, especially
in combination with other lifestyle factors such levels of physical activity, alcohol

consumption, and tobacco smoking.

The impact of tobacco smoking on CH risk is well established (Young et al., 2024).
Smoking is strongly linked to an increased risk of all forms of CH, including CHIP,
autosomal MCAs, MLOX, and MLOY, with current smokers exhibiting the highest risk
across all categories (Young et al., 2024). In contrast, the relationship between alcohol
consumption and CH remains less clear and appears to be modified by sex, with
heavy-drinking women showing a significantly higher risk for MLOX, whereas no such
association has been observed in men and MLOY (Young et al., 2024). Smoking
prevalence varies across African countries and regions, though men consistently report
higher smoking rates than women in all surveyed populations (Niohuru, 2023). South
Africa has the highest smoking prevalence, with approximately 34% of men and 6.5%
of women smoking (World Bank, 2020a). In Kenya, smoking rates are lower, with
19.5% of men and 2.7% of women smoking, while in Burkina Faso, the prevalence is
22.1% in men and 6.4% in women. Ghana reports the lowest smoking rates, with only
0.3% of women and 6.6% of men smoking (World Bank, 2020a). However, substantial
regional differences exist within countries. For instance, in Ghana, smoking prevalence
is significantly higher in the remote northeastern region, reaching 31.2% (Niohuru,
2023). Similar trends are observed for alcohol consumption, with men generally
consuming more than women. Per capita alcohol intake varies widely across SSA, with
significantly lower consumption in countries with a higher proportion of Islamic
practitioners. Among the surveyed countries, Burkina Faso reports the highest per
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capita alcohol consumption at 11.27 litres, followed by South Africa at 7.13 litres. In
contrast, intake is lower in Ghana at 4.26 litres and Kenya at 2.26 litres (World Bank,
2020b). Although the evidence is less conclusive, heavy alcohol consumption may
modulate inflammatory pathways and alter clonal dynamics in a sex-specific manner,
potentially impacting the prevalence and expansion of MCAs and CH (Evans and
Walsh, 2022).

The relationship between environmental exposures and lifestyle factors that do not
directly induce DNA lesions or disrupt DDR pathways with CH is often mediated
through inflammation (Avagyan and Zon, 2023). CH is associated with elevated pro-
inflammatory cytokines, which serve as key drivers of clonal expansions (Bick et al.,
2020a). Exogenous environmental exposures, including air pollutants, pro-
inflammatory or nutrient-poor diets, tobacco smoking, and excessive alcohol
consumption, can induce oxidative stress and chronic systemic inflammation, thereby
increasing DNA damage and mutation rates in HSCs (Avagyan and Zon, 2023, Evans
and Walsh, 2022, Jakubek et al., 2025, Jakubek et al., 2023b, Malongane et al., 2024,
Niroula et al., 2021, Uddin et al., 2024, Young et al., 2024, Bick et al., 2020a). This pro-
inflammatory environment, compounded by the inherent aging process that impairs
DNA repair and immune surveillance, creates a selective environment that favours the
expansion of clones with mutations impacting genes such as DNMT3A, TET2, and
PPM1D (Bick et al., 2020a, Zhang et al., 2019). The diverse environmental exposures,
dietary patterns, and aging trajectories across the African continent may contribute to
region-specific inflammation profiles, which, in turn, shape the selection of specific CH
driver mutations. These processes occur within the broader context of regionally

distinct infection burdens, further influencing clonal dynamics and selection pressures.

In African regions with high burdens of chronic infections such as tuberculosis (TB),
malaria, and Human Immunodeficiency Virus (HIV), persistent inflammatory responses
may further exacerbate these processes. Sustained immune activation and elevated
cytokine/chemokine production can disrupt HSC homeostasis, promoting the
development and expansion of CH clones by altering hematopoietic differentiation and
selective pressures within the bone marrow microenvironment (Caiado et al., 2021).
The relationship between chronic infections and CH is an emerging area of research,
with increasing interest in how infection induced inflammation may shape CH selection
and, conversely, how CH induced immune system dysregulation might influence
infection susceptibility (Zekavat et al., 2021, Caiado et al., 2021). HIV burden varies
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markedly across SSA, with the highest incidence, prevalence, and death rates
recorded in Southern African populations (Niohuru, 2023). Eight Southern African
countries have estimated HIV prevalences greater than 10% of the adult population
between the ages of 15 to 49 (World Bank, 2022). HIV prevalence in South Africa is
17.8% of the adult population, with women being particularly impacted. In comparison,
HIV prevalence is much lower in Eastern and Western African nations, with Kenya
reporting 3.7%, Ghana 1.7%, and Burkina Faso 0.6% among the adult population
(World Bank, 2022). This substantial regional disparity suggests that Southern African
populations likely experience significantly higher rates of chronic HIV modulated
inflammation, which has been shown to increase CHIP but not MCA risk (Han et al.,
2024, Lin et al., 2023). People with advanced or untreated HIV are at increased risk of
opportunistic infections, which can trigger immune reconstitution inflammatory
syndrome (Hsu et al., 2018). Recent findings suggest a twofold increased risk of CHIP
in individuals with HIV, with CH risk being linked to HIV disease severity (Han et al.,
2024). Specifically, higher CD8+ T-cell counts and lower nadir CD4+ T-cell counts have
been associated with an increased likelihood of CH in people with HIV (Rocco et al.,
2024). Both HIV infection and CH have been shown to independently drive systemic
inflammation, potentially creating a pathological feedback loop in which the presence
of either CH or HIV exacerbates the risk of acquiring or accelerating the other (Avagyan
and Zon, 2023, Grund et al., 2016, Han et al., 2024, Rocco et al., 2024). However, the

directionality of this association remains unclear and warrants further investigation.

Direct associations between CH and Mycobacterium tuberculosis (Mtb) infection have
not been extensively studied. However, research indicates that Mtb can infiltrate the
bone marrow niche as early as 10 days post-infection, where it reprograms HSCs for
extended periods, leading to suppressed myelopoiesis and impaired development of
protective immunity via type | interferon signalling (Khan et al., 2020) Interestingly, this
dysregulation of myelopoiesis may also mitigate the progression of cytopenia to more
severe leukaemia phenotypes (Xiu et al., 2023). Consequently, the successful
treatment of TB may also increase the odds of CH progressing to malignancy (Xiu et
al., 2023). Additionally, Mtb infection induces a distinctive pro-inflammatory and
oxidative stress environment, which is associated with disease severity and anaemia
(Ashenafi et al., 2023, Caiado et al., 2021, Gil-Santana et al., 2019). Given that chronic
inflammation can drive clonal expansion, the persistent inflammatory state induced by
TB may contribute to the development or progression of CH, particularly in aging
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individuals with other predisposing factors or co-infection with HIV, potentially selecting
for CH-associated mutations that confer protection against myelopoiesis loss (Ashenafi
et al., 2023, Caiado et al., 2021, Gil-Santana et al., 2019). The incidence of pro-
inflammatory profiles induced by TB likely varies across SSA populations,
corresponding to the wide variation in TB incidence rates per 100,000 people across
the region (Figure 1.10) (Niohuru, 2023). Southern and Central African populations
exhibit some of the highest TB incidence rates in SSA with South Africa reporting 427
cases per 100,000 individuals and the Central African Republic reaching 540 cases
per 100,000 (World Health Organization, 2024a). In contrast, TB burden is
comparatively lower in Western and Eastern Africa, with Ghana reporting 129 cases
per 100,000, Burkina Faso 43, and Kenya 223 (World Health Organization, 2024a).
Thus, the potential impact of TB and TB treatment on CH risk is likely to vary among
continental African ancestry populations. However, this relationship has not yet been

systematically investigated.

Malaria infection induces profound alterations in haematopoiesis that may also create
conditions favourable for CH, with infection inducing highly proliferative states in HSCs
in mouse models (Vainieri et al., 2016). While overall, malaria induces increased HSC
proliferation, it also skews differentiation. Acute malaria infection depletes
mesenchymal stromal CXCL12-abundant reticular (CAR) cells, leading to a reduction
in CXCL12 chemokine and interleukin-7 cytokine signalling (Lee et al., 2024). This
disruption shifts haematopoiesis toward increased myelopoiesis and erythropoiesis
while depleting lymphopoiesis(Lee et al., 2024). Malaria severity has also been
correlated with specific pro-inflammatory cytokine profiles, with IL-17A and IL-1(3
increasing significantly in severe cases (Obeng-Aboagye et al., 2023). Malaria
incidence per 1,000 people at risk contrasts sharply with the burden of HIV and TB
across the African continent, being lower in Southern Africa and substantially higher in
Western and Eastern Africa (World Health Organization, 2024b). In South Africa,
overall incidence is well under 1.0 per 1,000 people at risk, though regional variation
exists, with the Vhembe region in Limpopo experiencing a higher incidence of 3.79 per
1,000 people at risk (Niohuru, 2023, World Health Organization, 2024b). In contrast,
malaria incidence is markedly higher in Kenya, Ghana, and Burkina Faso, with
reported rates of 69, 159, and 354 per 1000 people at risk respectively (World Health
Organization, 2024b). While no direct association between malaria and CH has been

reported, there is also very little data available.
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The interplay between chronic infection burden and CH in Africa is likely region-
specific, shaped by interactions with climate, diet, and lifestyle factors that influence
inflammation-driven selection for CH across populations. The relationship between
HIV, TB, malaria, and CH exemplifies how chronic infection can establish a persistent
pro-inflammatory state that selects CH, illustrating the complex interplay between
infection, inflammation, and PZMs that lead to clonal expansions (Avagyan and Zon,
2023, Grund et al., 2016, Han et al., 2024). Of course, there are many other infection
burdens which may impact CH specifically through inflammation in Africa, with regional
incidence dependant on climate, population density, diet, water and sanitation, access
to medical care, and many other factors (Ashenafi et al., 2023, Niohuru, 2023). The
diverse spectrum of infection burdens and environmental factors across Africa
presents a unique opportunity to explore the interconnected relationship between

environment, inflammation, infection, and CH risk.

Given the significantly different exposures in Africa compared to North America and
Europe, along with the immense genetic diversity within African populations, it is not
appropriate to assume that CH and MCA profiles observed in these regions would be
directly applicable to continental African populations. Similarities in MCA distributions
between European ancestry, African American, and continental African ancestry
cohorts could help identify inherent risk factors influencing MCA rates across
populations. Distributions that are similar between African American and continental
African ancestry cohorts, but distinct from those observed in European ancestry
populations, may reveal African ancestry-specific variables, such as shared germline
modifiers of MCA risk. Conversely, differences between African American and
continental African ancestry MCA distributions could point to environmental modifiers
of MCA selection specific to each region or help fine-map germline loci that modify
MCA risk in multi-ancestry cohorts. However, there is a lack of comprehensive data on
CH in continental African ancestry populations, making it difficult to discern the
similarities or differences between continental Africans and African ancestry

populations not living within the African continent.

To date, only a single study has investigated MCAs in CH in small cohort of SSAs. In
this analysis, MCAs were detected in 931 children with Burkett's Lymphoma (BL), and
3822 children without (BL-f) from Uganda, Kenya, Tanzania, and Malawi. This was then
compared to 674 cancer-free Ghanian men and 2618 cancer-free European men

(Zhou et al., 2023). Autosomal MCAs larger than 2Mb in size were more likely to be
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detected in BL children than BL-free children after adjusting for age, sex, country, and
P. falciparum infection history (8.40% vs 3.40%, OR = 2.80, p = 5.70 x 10~"") (Zhou et
al., 2023). Chromosome X MCAs were also more likely to be detected in BL girls than
BL-f girls (3.7% vs 1.7%, OR = 2.15, p = 3.74x10-%2), while chromosome Y MCAs did
not differ between BL and BL-f boys (4.50% vs 4.70%, OR = 1.01, p = 0.91) (Zhou et
al., 2023). Country of origin was not found to have a significant impact on MCA
detection in SSA children. Autosomal MCAs were detected in 14.20% of the Ghanaian
men and 6.80% of cancer-free European men, with African rates consistently higher

across all age groups (Zhou et al., 2023).

The distribution of MCAs across the autosome differed between BL children, BL-free
children and cancer-free Ghanaian male adults (Zhou et al., 2023). The most prevalent
MCAs in BL children were gains on chromosomes 1g and 8, CN-LOH on chromosomes
1, 6, and 11, and losses on chromosomes 9 and 13. In BL-f children the most frequent
MCAs were gains on chromosome 5, CN-LOHs on chromosomes 10, 14, and 16, and
losses on chromosome 19. In Ghanaian men, the most frequently occurring MCAs
were gains on chromosomes 5, 12, and 21 (Zhou et al., 2023). No data on germline
variant associations with MCA rates were generated in this study, mostly likely due to
the smaller sample sizes. Additionally, the autosomal MCA distributions of the
European ancestry controls were not reported on, and no additional comparisons
between cohorts were made. The authors note that the study served as a proof of
principal, or pilot study, for characterising MCA driven CH in continental Africans (Zhou
etal., 2023). The overall MCA incidence in continental cancer free Africans in this study
was higher than the reported incidence of autosomal MCAs in African ancestry
participants from TOPMed and MSK-IMPACT (Gao et al., 2021, Jakubek et al., 2023b,
Zhou et al., 2023). Gains of chromosome 12 were reported as commonly occurring in
both TOPMed and Ghanaian men and TOPMed reported low fraction gains of 21,
which was also common in Ghanaian men. Apart from these two autosomal MCAs, the
distributions and rates appear to be different between the cohorts (Jakubek et al.,
2023b, Zhou et al., 2023). However, a directed comparison between the SSA and
TOPMed studies is not advisable.

While both studies detected MCAs with MoChA, their respective methodology was very
different. The TOPMed studies detected MCAs from WGS data, while the SSA study
used high density SNP-array data (Jakubek et al., 2023b; Zhou et al., 2023). A
comparison of MCAs detected from either WGS or SNP-array in the TOPMed studies
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showed that while SNP-arrays detect many of the same MCAs as WGS, with high
concordance, WGS data resulted in significantly more autosomal and chrX MCAs
overall(Jakubek et al., 2023b). WGS generates more informative heterozygous sites
than SNP-arrays but also has lower effective depth than SNP-arrays. Each technique
is susceptible to platform specific errors and has different QC considerations. Each
study also required different MCA parameter thresholds in post-processing. For
example, the study in SSAs only included MCAs >2 Mb in size, while the TOPMed
studies required MCA calls to have a minimum of 2000 informative markers after
random down sampling of heterozygous SNPs (Jakubek et al., 2023b; Zhou et al.,
2023). More confidence in the MCAs calls, came at the cost of smaller MCAs being
excluded in both studies. Additionally, the effective sample sizes, and confounder
distributions such as age and sex of African ancestry participants, differed between the
studies (Jakubek et al., 2023b; Zhou et al., 2023). These technical factors such as
methodology, data sources, cohort makeup, quality control, and analysis approaches
were different across all the studies in Tabe 1.2. Without effective data harmonization,
it is extremely challenging to untangle variance in somatic mutation rates and

distributions introduced by technical differences from biologically significant results.

Overall, with the addition of newer studies, there is a trend of lower frequencies or
lower odds of autosomal MCAs and MLOY, and higher odds of MLOX in African
ancestry cohorts when compared to European ancestry cohorts (Table 1.2). However,
there is no full consensus across these studies, as differences in technical limitations,
methods, and quality control processes may influence the outcomes. While most
studies account for known CH risk factors, our understanding of CH remains
incomplete. As such, there may be unidentified risk-modifying factors that impact
mutation rates and/or fitness effects, which could influence the likelihood of observing

these mutations.

Afinal consideration is the level of stratification performed in each study. Some studies
utilize a simple binary classification of overall or aggregated CH or CHIP status,
followed by association analysis adjusted for confounding factors. However, further
stratification of CH status based on mutation class or consequence, as well as grouping
by broader shared loci such as chromosomal arm, may significantly alter these
associations. Insufficient stratification or variable annotation can lead to aggregation
bias or mask heterogeneity (Gelman and Auerbach, 2016). For example, grouping

MCAs by chromosome losses may indicate a higher likelihood of losses on
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chromosome 2 in men. Further stratification by chromosomal arm could reveal that the
association is limited to the 2p arm, which may only be a hotspot of losses with shared
breakpoints near the terminal region. This stratification could reveal that terminal
losses are more prevalent in men, thus driving the observed association at the arm
and chromosome level. Without this detailed annotation, a misleading conclusion could
be drawn that all 2p losses are enriched in men. However, there are limitations to
further stratification in the analysis of rare mutational events, even in large cohorts.
Increased multiple testing raises the risk of false positives, while smaller group sizes
reduce statistical power and introduce sparse data bias, potentially inflating association
signals (Gosho et al., 2023). Given the volume of data generated in these studies, it is
understandable that a balance must be struck between aggregation and sparse data

biases in the analysis and publication process.

An insightful example of this effect was published recently on CH and haematological
malignancy risk (Niroula et al., 2021). Earlier publications reported associations of
aggregate autosomal MCA with lymphoid malignancies, while CHIP status was
primarily associated with myeloid malignancies (Desai et al., 2018, Loh et al., 2020).
Niroula and colleagues further stratified aggregated CHIP and autosomal MCA status
into more granular groupings, identifying those that were linked to either lymphoid or
myeloid malignancy. This stratification enabled the accurate prediction of malignancy
risk with much greater precision (Niroula et al., 2021). This reduced aggregation
biases, emphasizing that not all drivers of CH carry the same risk. Thus, when
interpreting the associations reported in studies summarized in Table 1.2, it is crucial
to consider the variability introduced by methodology. Given the skewed ratio of
European ancestry to African ancestry participants in many cohorts, it is advisable to
evaluate each study independently until appropriate data harmonization is achieved,
and replication studies from continental African ancestry cohorts in diverse

geographical regions are incorporated into the literature.
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1.7 Thesis rationale

The role of GM in human aging, health, and disease is becoming increasingly clear as
advances in technology have allowed for its detection in increasingly larger cohorts.
However, these characterisations have overwhelmingly focused on European ancestry
populations, with little inclusion of more diverse cohorts from across the globe. This is
especially true for continental African ancestry cohorts, for which there is a severe
paucity of data. The paucity is prevalent in all GM research contexts, spanning GM
across the human lifespan, from early rising PZMs which contribute to rare childhood
disorders to somatic mutation accumulation in normal aging tissues. We do not know
what the full extent and impact of GM in continental African ancestry populations is.
This has important implications for African rare diseases and the genetic epidemiology
of aging related phenotypes, both of which have important implications for Africans at
the individual and public health levels. As more continental African ancestry genomics
studies are facilitated through collaborative initiatives such as H3Africa, it is essential
that the role of GM is investigated by African genomics researchers, who have a unique

insight into African specific challenges and are motivated to address them.

Large clinical genomics projects in Africa, such as DDD-Africa, are shedding light on
the genetic ethology of DDs in African populations. Similarly, large genetic
epidemiological studies like AWI-Gen are exploring the genetic contributions to
cardiometabolic diseases across diverse African populations. While GM has been
found to play a significant role in these contexts in other populations, the extent and
impact of GM in continental African ancestry populations remain unclear. More
specifically, we lack knowledge regarding the burden and contribution of GM to the
aetiology of DDs in Africans, as well as the extent and distribution of MCAs in age-
related CH. From small variants to MCAs, and from the mechanisms of their formation

to their fitness effects, the paucity of data on African GM is ubiquitous.

Most of what has been reported on GM in African ancestry people has come from
African American and African diaspora cohorts from European and North American
studies. While this data is deepening our understanding of GM, we do not know the
extent to which it can be generalised to continental African ancestry cohorts. African
ancestry is not a monolithic classification. Continental African ancestry populations are
genetically diverse, shaped by a wide range of ecosystems and evolutionary pressures
across the continent since the dawn of modern human history. Given that GM is

influenced by both germline risk alleles and environmental selection pressures, its
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incidence and distribution are likely just as diverse across different continental African
populations. However, very few studies have included participants from continental
African populations, largely due to challenges in recruiting and accessing appropriate
cohorts. Those that have often fail to use tools that accurately account for the vast
genetic diversity of these populations. Without sufficient African ancestry data, our
global understanding of GM remains incomplete in both clinical and epidemiological
contexts, to the detriment of all. This gap in research must be addressed. African GM
research cannot be sidelined or used solely for comparisons and replications by
international research groups, without respecting the priorities and mandates of African
genomics. Thus, protocols for characterizing GM in African ancestry datasets need to

be established and tested.

1.7.1 Research questions

A central research question was generated to try to address the lack of African GM

data:

Can the scarcity of continental African ancestry data be overcome by deploying
advanced bioinformatics tools to detect GM in existing continental African ancestry

datasets?
Several additional questions further shaped the aims and objectives:

) Which types of African datasets are suitable for detecting GM in both clinical
and epidemiological contexts?

) Are there any existing datasets which can be used for GM detection?

)  Which classes of GM can be detected in these datasets?

IV)  What additional considerations must be taken into account when detecting
GM in these datasets?

V) What are the appropriate tools for detecting GM in these datasets? Which
are suited for trio-WES data, and which are appropriate for SNP-array data?

VI)  Can these tools be run locally using existing computational infrastructure?

VIl)  Can GM detection strategies be incorporated into existing African genomics
research analysis pipelines?

VIII)  What are the limitations of detecting GM from each of these datasets with

these strategies?
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IX)  Should African genomics research groups incorporate GM pipelines into
their analyses?
X) What recommendations can be made to improve GM detection strategies in

the future?

1.7.2 Hypothesis

The central hypothesis of this thesis is that state-of-the-art bioinformatics tools can be
successfully integrated into existing local analysis pipelines to detect and characterize
GM in appropriate continental African ancestry datasets. Mosaic small variants can be
identified in trio-WES data, and MCAs can be characterized in SNP-array data.

1.7.3 Aim and objectives

Therefore, the aim of this thesis was to identify appropriate detection strategies to
explore the extent and impact of GM in large continental African ancestry trio-WES and

SNP-array datasets.

To achieve this aim and address the research questions, the following two core

objectives were established:

1) To implement a bioinformatics pipeline to screen for pathogenic mosaic small
variants that may contribute to DDs in South African trio-WES data from the
DDD-Africa study.

2) To implement a bioinformatics pipeline for the exploratory characterisation of

autosomal MCAs in diverse continental African populations using H3Africa
SNP-array data from the AWI-Gen study.

The first objective is presented in Chapter 2, and the second objective is presented in
Chapter 3.
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Chapter 2: Screening for pathogenic genetic
mosaicism in the Deciphering Developmental

Disorders in Africa study

2.1 Introduction

Genetic mosaicism is a well-established contributor to developmental disorders (Moog
et al., 2020, Wright et al., 2019). However, its clinical impact remains significantly
underestimated due to systematic underdiagnosis and profound research inequities
across global populations (Lumaka et al., 2022, Baine-Savanhu et al., 2023, Geiger
et al., 2024). Pathogenic post-zygotic mutations arising during embryogenesis can
manifest as somatic mosaicism in affected probands or gonadosomatic mosaicism in
asymptomatic parents, fundamentally altering recurrence risk counselling and
therapeutic management strategies (Bernkopf et al., 2023, Geiger et al., 2024). Large-
scale characterizations of DDs in European cohorts indicate that mosaic diagnoses
account for approximately 1-3% of cases (Wright et al., 2023). However, the
prevalence and spectrum of genetic mosaicism in developmental pathology remain
largely unexplored in African populations, particularly in the context of substantial

clinical heterogeneity and resource-limited settings.

African DD molecular epidemiology is characterized by a profound paucity of data,
largely due to the lack of large, ancestrally diverse cohorts (Baine-Savanhu et al.,
2023). As many as 63% of African countries have no published DD data, while within
South Africa 66% of published studies have focused on predominantly European
ancestry patients (Baine-Savanhu et al., 2023). The contribution of PZMs to DDs in
continental African populations is even less well characterized, with no published large-
scale studies to date. Technical challenges in PZM detection further compound these
disparities. Many pathogenic PZMs present at low variant allele fractions and are
frequently filtered out by standard variant-calling pipelines designed to remove
sequencing artifacts (Huang and Lee, 2022). As a result, clinically relevant mosaic
variants may be systematically missed unless dedicated detection strategies are
deployed. Trio-based whole exome sequencing is a powerful solution to these

challenges, enabling high-confidence identification of both somatic mosaicism in
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probands and gonadosomatic mosaicism in parents through family-aware variant
filtering strategies. The DDD- UK study demonstrated that trio analysis increases
diagnostic yield 4.7-fold compared to singleton sequencing, and specialized mosaic
detection tools for trio-WES, such as EM-Mosaic, can recover clinically relevant PZMs
that would otherwise be discarded at negligible additional cost (Wright et al., 2023,
Hsieh et al., 2020).

The analysis in this chapter forms part of the DDD-Africa initiative and leverages trio-
WES to screen for pathogenic mosaic small variants in South African trios and evaluate
their clinical impact on DDs. This approach is particularly critical in African populations,
where diagnostic pipelines and allele frequency databases are often Eurocentric,
limiting variant interpretation. By combining a custom variant filtering strategy with
robust statistical analysis and the EM-Mosaic tool, this chapter screens for candidate
post-zygotic SNPs and INDELs in affected probands and candidate gonadosomatic
variants in parents from 64 South African trios. Identifying causative DNMs and PZMs
in African DD trios will not only improve local diagnostic yields but also contribute
globally by enhancing variant interpretation across diverse populations (Choudhury et
al., 2020, Baine-Savanhu et al., 2023). For affected families, a molecular diagnosis
would shorten years-long diagnostic odysseys and inform precise, lifelong clinical care
(Blesson and Cohen, 2020, Carmichael et al., 2015).
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2.2 Methodology

2.2.1 Study design and ethics

A cross-sectional variant prioritisation analysis was performed on a sub-set of 64 South
African WES-trios as part of the ongoing DDD-Africa study (DDD-Africa,
https://h3africa.org/index.php/ddd-africa/). Ethics approval for this study was granted
by the University of the Witwatersrand Human Research Ethics Committee (HREC)
under clearance certificate number M2011144 (Appendix A). Ethics approval for DDD-
Africa was granted by the University of the Witwatersrand HREC under clearance
certificate number M180678 (Appendix B).

2.2.2 The DDD-Africa cohort

The DDD-Africa study aimed to recruit approximately 500 trios with severe
undiagnosed DDs from South African and the DRC (DDD-Africa,
https://h3africa.org/index.php/ddd-africa/). Affected participants underwent detailed
clinical phenotyping by registered medical geneticists, to facilitate clinical interpretation
of candidate variants. WES data was generated for multiple parallel variant calling
strategies to uncover pathogenic variants in DD associated genes. At the time of
writing, 64 South African trio-WES from the first batch were available for the analysis
in this chapter. Of the 64 trios, 62 probands were from unrelated families, and 2

probands were indicated as dizygotic twins.

The following is a summary of the research protocol, that was carried out members of
DDD-UK and DDD-Africa research team, which produced the 64 trio-WES files used
in this analysis. Participants from the DRC were not included in this study. The South
African participants were recruited from three sites in Johannesburg, South Africa.
These were the Chris Hani Baragwaneth Academic Hospital, the Charlotte Maxeke
Academic Hospital, and the Rahima Moosa Mother and Child Hospital, Johannesburg.
Participants were included in the DDD-Africa if they met defined inclusion criteria
without overlap with defined exclusion criteria (Appendix E). Parents were required to
give informed consent for participation. Relevant medical history and
sociodemographic data was voluntarily captured through questionnaires. Participants

were assessed by a registered clinical geneticist. Clinical information was then
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captured and curated, and phenotypes were linked to appropriate Human Phenotype
Ontology (HPO) terms (Robinson et al., 2008). Participant clinical data and
documentation was then uploaded to the REDCap electronic data capture platform
hosted at the University of the Witwatersrand, and the Database of Chromosomal
Imbalance and Phenotype in Humans Using Ensembl Resources (DECIPHER) and
made available for this study (Harris et al., 2019, Firth et al., 2009).

Samples for DNA extraction and WES were taken from two tissue sources. Whole-
blood samples (5-10ml) were drawn from the primary trio and other any other relevant
or affected family members. A second sample for affected probands was obtained from
saliva swabs. Whole-blood and saliva swap samples were stored on site at the Division
of Human Genetics, University of the Witwatersrand, Johannesburg following
established in-house protocols. The DDD-Africa study used the whole-blood samples
as the primary DNA source for WES and parallel variant calling analysis. Saliva swab
sample WES data was not available for this analysis. Registered lab technicians
extracted whole-blood sample DNA for each participant following a verified in-house
adaptation of the established salting-out protocol (Miller et al., 1988). DNA samples
were stored on-site, where they were quantified and processed for WES following

recommended practices (Li and Durbin, 2009).

2.2.3 DDD-Africa whole exome sequencing

Genomic data for the DDD-Africa study was generated in partnership with the DDD-
UK study at the Welcome Sanger Institute in the United Kingdom (WSI). Processed
DNA samples were sent to the WSI for WES. WES data was generated for each
participant using Index Sequence Capture with the Twist exome library capture kit
(Twist Bioscience, USA), followed by 150bp paired-end sequencing on the lllumina
NovaSeq 6000 platform (lllumina, USA). A mean depth of coverage of 45X was
achieved across the cohort. Primary bioinformatics analysis of the raw unmapped WES
read data was performed at the WSI to produce multi-sample VCF files and CRAM
files with linked identifiers. Pre-processing and variant calling procedures for germline
short-calling discovery was performed following the Genome Analysis Toolkit (GATK)
best practices pipeline (McKenna et al.,, 2010, Van der Auwera et al., 2013).
Importantly, the variant calling pipeline was not setup by DDD-Africa with somatic

variant calling as a primary objective and was intended for larger scope multiple parallel
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analyses. As such this protocol was not as sensitive to somatic variants as a dedicated
somatic caller such as Mutect2 would have been (Cibulskis et al., 2013). However, it
was determined that an exploratory screening strategy could still be designed for future
refinement and deployment in the full cohort; thus, achieving the objective of this

chapter.

Pre-processing for germline variant discovery involved mapping of short-read
sequences to the GRCh38 reference genome with the Burrows-Wheeler aligner
backtrack algorithm, producing initial raw BAM files (Li and Durbin, 2009). BAM file
improvement including duplication marking, INDEL realignment, and base quality
score recalibration, was performed using GATK and SAMtools (Li et al., 2009,
McKenna et al., 2010). The GATK HaplotypeCaller was used to call SNPs and INDELs
in per sample in full DDD-Africa dataset using a multi-sample calling mode (GVCF) to
improve sensitivity of variant detection (McKenna et al., 2010). The HaplotypeCaller
sample-ploidy setting was set to 2.0 in this step, which is the default diploid setting that
tells the variant calling algorithm to exclude heterozygous calls at the extreme ends of
VAF deviations from an expected 0.5 as artificial errors. This limitation was known, and
it was expected that the variant calling would be less sensitive to mosaic PZMs going
forward. Single sample GVCFs were then merged with GATK GenomicsDBImport, and
multi-sample joint calling was done with GATK GenotypeGVCFs. The raw variant call
set was filtered for machine artifacts using GATK Variant Quality Score Recalibration
(VQSR) and ApplyVQSR following best practices (Van der Auwera et al., 2013). VQSR
truth sensitivity thresholds were set to 99.7% for SNPs and 99.5% for INDELs, and

variants over these scores were labelled as PASS for the filter.

The resulting data was transferred back to the WITS high-performance cluster, where
it was further processed by the DDD-Africa bioinformatics team. The SNP VCF and
INDEL VCF were concatenated into a single multi-sample VCF with BCFtools merge.
Filtered variants were annotated with Ensembl Variant Effect Predictor (VEP) plugins
to include per site transcript predictions, functional consequence predictions, splice
site annotations, ClinVar predictions, selected in silico tool pathogenicity predictions
from the dbNSFP database, and population frequency data (McLaren et al., 2016, Liu
et al., 2020a). Trio-VCF files were extracted from the main multi-sample VCF using a
trio pedigree file and BCFtools +split. The BCFtools trio-dnm2 plugin was deployed to
annotate trio-VCFs with formatted statistics that were used by DDD-Africa to call likely

DNMs (Danecek et al., 2021). The trio-dnm2 plugin annotates each variant site shared

80



between the proband, mother, and father, with a VAF and assigns a negative log-scaled
quality score (DNM score) for each variant that can be used to screen for putative
DNMs. The 64 fully annotated trio-VCF files produced by this extensive bioinformatics
pipeline and accompanying CRAM files were made available by DDD-Africa for variant

screening and prioritization in this analysis.

2.2.4 Candidate variant prioritization strategy

The scope of this analysis was to leverage the existing DDD-Africa trio-WES data to
screen for candidate mosaic small variants in affected DD probands that would be
missed by standard DNM variant prioritization strategies. And to screen for
gonadosomatic small variants in either parent, which would appear as inherited
germline small variants in DD affected probands. To achieve this, two separate variant
prioritization strategies were implemented which incorporated two statistical filtering
methods to identify evidence of mosaicism from small variant VAFs. Each strategy has

three components:

e Variant quality control and initial filtering
e Statistical determination of mosaicism

e Variant prioritization and curation

The two prioritization strategies were: i) a proband level DNM and PZM variant filtering
strategy to identify a wide range of de novo variants and capture mosaic candidates,
and ii) a gonadosomatic parental variant prioritization strategy. These were designed
specifically for this analysis by adapting and combining elements from two publications
which identified PZMs from trio-WES data DNM pipelines (Hsieh et al., 2020, Wright
et al.,, 2019). The EM-Mosaic tool, which was specially designed to detect mosaic
SNPs from WES, and a high sensitivity variant prioritization strategy employed by
DDD-UK on WES-trios with similar read depth (Hsieh et al., 2020, Wright et al., 2019).
Additional quality control parameters were evaluated at each level to account for
potential mosaicism, and to support downstream statistical analysis. Variant filtering
was performed using BCFtools (Danecek et al., 2021). A comprehensive workflow for

both strategies can be seen in Figure 2.1 and Figure 2.2.
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2.2.4.1 Candidate variant quality control and filtering strategy

Variant level statistics generated by GATK VQSR were used to exclude likely false
positive variant calls following GATK best practices (Van der Auwera et al., 2013).
SNPs and INDELs were hard filtered to pass their respective VQSR filters. Additional
SNP and INDEL specific hard filters for strand bias were applied to account for the high
number of variants passing VQSR with evidence of strand bias observed in
downstream validation. SNPs were required to have VQSR StrandOddsRatios (SOR)
annotations of less than 3, while INDELs were required to have FisherStrand (FS)
annotations of greater than 200. These cutoffs were chosen following GATK hard
filtering recommendations and further scrutiny was applied to variants near these
cutoffs (Van der Auwera et al., 2013).

Additional hard filters were applied to reduce mapping and alignment errors (Treangen
and Salzberg, 2012). Variants falling in known segmental duplication (SegDup) regions
were excluded as they are known to map to multiple parts of the genome and can lead
to alignment artifacts (Numanagi¢ et al., 2018). Variants in low complexity repeat
regions (LCR) were excluded as they are known to create ambiguity in read mapping
and induce realignment errors (Li, 2014). Known SegDup and LCR regions were
downloaded in BED file format, using the Table Browser tool hosted on the USCS
Genome Browser, from the genomicSuperDups and Repeat Masker tracks
respectively (Karolchik et al., 2004, Kent et al., 2002). Variants in these regions were
then excluded using BCFtools. Additionally, variants in the MUC and HLA loci were
also excluded as they are known to be highly polymorphic, have complex architecture,
and are prone to structural variations which can confound accurate read mapping
leading to an enrichment of false positive mosaic calls. A custom script from the EM-
Mosaic tool was run to remove variant clusters, which were defined as two or more
neighbouring variants located within 10bp of each other. This removed additional
erroneous calls that were likely sequencing artefacts, misaligned read mapping, and
WES library preparation errors (Hsieh et al., 2020). Finally, a maximum minor allele
frequency (MAF) cutoff of less than 0.001, from the VEP annotation
POPMAX_AF<0.001, was applied to restrict candidate variants to very rare disease
causing across all populations within the gnomAD v2.1.1 database (Karczewski et al.,
2020, Liu et al., 2020a).
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i. Candidate proband variant quality control and filtering strategy

To identify high probability DNMs in affected probands, trio-VCFs were hard filtered to
include only heterozygous variants in probands with no alternate read (ALT) support in
both parents. All variants were required to have a minimum DP of 10 across the trio. A
high sensitivity proband VAF threshold of 0.10<VAF<0.90 was set to capture candidate
PZMs that would otherwise be missed by a standard filter of 0.30<VAF<0.70. VAFs
were limited to >0.10 as it has been shown that calls below this threshold cannot be
distinguished from known WES platform errors at average depths of 50X (Wright et al.,
2019). Proband DNMs were required to have at least 5 ALT reads supporting a call,
thereby enriching for higher probability PZMs, considering the expected rate of false
positives introduced by WES library preparation and sequencing (Hsieh et al., 2020).
To further reduce false positives, variants were required to have a maximum DDD-
Africa cohort wide allele count (AC) of one in unrelated trios, and two in the sibling pair.
A similar approach in singleton sequencing cohorts is achieved with cohort specific
panel of normals filtering (Dou et al., 2018). A limitation to this approach is that potential
reoccurring constitutive DNMs, which have been reported in larger DD cohorts, were
excluded in this analysis (Wilfert et al., 2017). Finally, SNPs and INDELs that were

called in intronic regions with no predicted impact on splicing were excluded.

ii. Candidate parental low- and high-level gonadosomatic quality control

and variant filtering strategy

A second filtering strategy was deployed to identify constitutive heterozygous SNPs
and INDELs in affected probands that were inherited from low-level and high-level
parental gonadosomatic mosaicism. Trio-VCFs were hard filtered for high probability
germline heterozygous variants with by requiring 0.27<VAF<0.73 in probands with at
least 5 REF and 5 ALT reads (DP = 10). This VAF range was selected based
recommendations from the DDD-UK study, in which variants with VAF>0.27 were more
likely to be validated as germline DNMs (Wright et al., 2019). For gonadosomatic
mosaicism in the mother, proband heterozygous variants were required to have a
minimum of 2 ALT reads in the mother and 0 ALT read support in the father. For
gonadosomatic mosaicism in the father, the reverse was applied. For low-level parental

mosaics, no minimum DP or VAF threshold was required for the parent under
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investigation, while a minimum DP of 10 reads was required for the second parent and
the proband. For high-level parental PZM, a minimum DP of 10 was required across
the trio with VAF>10 in the affected parent. The ALT read threshold was chosen at the
recommendation of the DDD-UK mosaicism study, which reported that candidate low-
level parental mosaic variants with 1 ALT read support were validated as true only 5%
of the time, while those with 2 or more ALT reads were validated 42% of the time
(Wright et al., 2019). Variants were required to have minimum DDD-Africa cohort-wide
observed AC of 2 and a minimum AC of 3 for the twin sibling pair with a common
corresponding parent. Finally, SNPs and INDELs that were intronic with no predicted

impact on splicing were removed.

2.2.4.2 Statistical determination of mosaicism evidence

As true PZMs are present in only a fraction of the total cells tested in WES. their
presence causes allelic imbalances that can be detected through VAF deviations in
from an expected theoretical binomial distribution (Dou et al., 2018). Statistically
significant deviations from an expected VAF outcome of 0.5 for putative heterozygous
DNMs can be determined using a two-tailed binomial test. The DDD-UK study
screened for PZMs using an unadjusted p<0.0001 from the two-tailed binomial test
(sensitivity = 69%, specificity = 84%) with the number of observed ALT reads
supporting evidence of mosaicism considered as a function of the total read depth
(Wright et al., 2019). In WES datasets the variability in observed VAFs is much higher
than expected for a binomial distribution (Hsieh et al., 2020). The variance in VAFs
exceeds the mean VAF for that cohort and individual observed VAFs are spread out
more than what you would expect at the total read depth under a binomial distribution
(Hsieh et al., 2020). The EM-Mosaic computational tool accounts for this
overdispersion using a beta-binomial distribution correction based on the observable
VAFs from detected DNMs. It employs an expectation-maximization algorithm to detect
mosaic SNPs based on VAF and total read depth and assigns a per-site posterior odds

of a variant being mosaic compared to germline (Hsieh et al., 2020).

Thus, two statistical methods were employed to detect deviations of VAF from the
expected distributions. Candidate mosaic SNPs in trio probands were screened using
the EM-Mosaic computational tool (Hsieh et al., 2020). As a quality control step, EM-

Mosaic calculated expected DNMs per sample controlling for cohort size and a
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genome wide mutation rate, and samples with more DNMs than expected were
excluded (Hsieh et al., 2020). Additionally, it deploys an FDR-based minimum ALT read
threshold cutoff for the total read depth supporting a DNM call. This cutoff was
calculated taking expected DNM mutation rates and sequencing error rates into
consideration, and controls for FDR of 10% (Hsieh et al., 2020). The minimum FDR
ALT read threshold removes additional variants that are likely to be sequencing errors.
One major disadvantage to EM-Mosaic is that it can only be used to detect mosaic
SNPs, as the authors report that the downstream parameter estimates for INDELs are
unstable (Hsieh et al., 2020). It also cannot be used to detect parental gonadosomatic
mosaicism without grandparent WES data. Thus, a standard two-tailed binomial test
p-value was used to screen for candidate mosaic INDELS in probands, and parental
gonadosomatic SNPs and INDELS.

iii. Screening for candidate proband PZMs

Candidate mosaic SNP and INDELs were screened for evidence of mosaicism in
affected probands through two separate statistical approaches centred on VAF and
total read depth. High quality de novo SNPs were run through the EM-Mosaic pipeline
to screen for evidence of mosaicism (Hsieh et al., 2020). All candidate SNPs passed
the minimum FDR-based ALT threshold QC set by EM-Mosaic, as they had at least 5
ALT reads supporting the call. Of the probands run through the tool, five were
determined to be outlier samples with excessive de novo SNP candidate counts (Table
2.1). These five samples were excluded from further analysis proband PZM variant
prioritization. The remaining SNPs were stratified into likely mosaic and likely germline
de novo by EM-Mosaic by their posterior odds scores. Candidate mosaic SNPs were
required to have a posterior odds =210 to be considered likely mosaic, to restrict the
FDR to 9.1% (Hsieh et al., 2020). SNPs with posterior odds <10 were considered
germline de novo. Both candidate mosaic and germline de novo SNPs were carried

forward to clinical curation.
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Table 2.1: Probands with excessive DNM counts flagged by EM-Mosaic.

Proband ID Total de novo SNPs (cohort %) | Total de novo INDELs (cohort (%)
11 80 (13.45) 3 (6.93)
29 100 (16.81) 4 (9.30)
33 76 (12.77) 2 (4.65)
70 89 (14.96) 1(2.33)
96 68 (11.43) 4 (9.30)
Total (% of cohort) 413 (69.41) 14 (32.56)
Mean DNMs [SD] 82.60 [11.02] 6.51 [2.71]

SD = standard deviation, DNM = de novo mutation

Candidate INDELs could not be run through the EM-Mosaic pipeline due to INDEL
downstream parameter instability hampering overdispersion correction (Hsieh et al.,
2020). The EM-Mosaic QC statistics were built on prior probabilities for mosaic SNPs
that cannot be carried over for INDELs. Therefore, INDELs were tested separately from
SNPs using the approach published by DDD-UK (Wright et al., 2019). The same 5
outlier samples that were excluded from the mosaic SNP analysis were excluded from
the INDEL analysis for consistency (Table 2.1). To detect candidate mosaic INDELSs in
affected probands, a two-tailed binomial test p-value was calculated for each INDEL
VAF centred around an expected 0.5. Binomial p-values were FDR adjusted using the
Benjamini-Hochberg method, and an FDR<0.1 cutoff was chosen to account for 10%
false positives due to multiple testing. INDELs with FDR adjusted binomial p-
values<0.1 were considered significant, and likely mosaic candidates. INDELs with
FDR adjusted p=0.1 were considered germline de novo. Following DDD-UK
recommendations, INDELs with unadjusted binomial p-values <0.0001 were
considered high confidence mosaics (Wright et al., 2019). Both candidate mosaic and

confirmed de novo INDELs were carried forward to clinical curation.

iv. Screening for low- and high-level parental gonadosomatic PZMs

No binomial test was applied to candidate low-level parental VAFs. Variants inherited
from mothers and fathers were analysed separately. The five samples that were
identified as outliers in the proband PZM pipeline were not excluded in this pipeline
(Table 2.1). Variants with insufficient evidence of low-level parental gonadosomatic

mosaicism were excluded from further analysis and clinical curation.

To detect candidate high-level parental mosaicism, parental VAF deviations from an
expected 0.5 were detected by calculating a binomial test p-value for each candidate
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SNP or INDEL. Binomial p-values were FDR adjusted using the Benjamini-Hochberg
method, and an FDR<0.1 cutoff was chosen to account for 10% false positives due to
multiple testing. SNP and INDELs with parental FDR adjusted binomial p-values <0.1
were considered significant, and likely high-level parental PZM candidates. Following
DDD-UK recommendations, variants with unadjusted binomial p-values <0.0001 were
considered high confidence parental mosaics (Wright et al., 2019). SNPs and INDELs
were analysed separately. Variants inherited from mothers and fathers were also
analysed separately. The five samples that were identified as outliers in the proband

PZM pipeline were not excluded in this pipeline (Table 2.1).

This study overlaps with a small variant analysis previously undertaken by members
of the DDD-Africa research study. The DDD-Africa analysis used a parallel pipeline to
detect pathogenic germline DNMs in the same 64 WES trios as part of a separate PhD.
Identification of previously detected germline DNMs with this pipeline served as
positive validation for the DNM results presented in this thesis. Previously identified
DNMs that were considered constitutional DNMs in parallel analysis with new evidence
of mosaicism in this analysis were flagged for future validation to confirm VAF. A table

of 16 variants identified in parallel analysis can be found in Appendix D.

2.2.4.3 Candidate variant interpretation and clinical curation

Two virtual gene panels were used to prioritize candidate variants. The first panel was
genes known to be associated with monoallelic DDs in the curated Development
Disorder Genotype - Phenotype Database (DDG2P) database
(https://www.ebi.ac.uk/gene2phenotype/) (Thormann et al., 2019). Alist of 1025 genes

was extracted from the full set of known 2362 DDG2P genes reported in the database
as of 20-12-2023 (https://www.ebi.ac.uk/gene2phenotype/) (Thormann et al., 2019). In

the DDG2P database, “monoallelic” genes are that where pathogenic variation in a
single allele is sufficient to cause disease, regardless of mechanism (loss-of-function,
dominant-negative, or gain-of-function), and serves as a mode of inheritance
descriptor (Thormann et al., 2019). Dominant refers more broadly to the clinical
inheritance pattern observed in families. A secondary panel of candidate genes was
selected to identify variants in genes that are linked DD cases but are not in the DDG2P
database due to limited evidence or incomplete curation. Additionally, this filter was

selected to identify potential novel dosage sensitive genes in the DDD-Africa cohort

87


https://www.ebi.ac.uk/gene2phenotype/
https://www.ebi.ac.uk/gene2phenotype/

that may not currently be associated with classical DD phenotypes in the DECIPHER
database. This secondary gene panel consisted of non-DDG2P genes with significant
evidence of loss-of-function (LOF) intolerance, that was defined from the estimated
probability of loss-of-function intolerance score (pLI) >0.9 from the gnomAD V4.1.0
database. A total of 2365 non-DDG2P overlapping genes with annotated pLI| >0.9 were
extracted from the most up-to-date gnomADv4.1.0 database (Karczewski et al., 2020,
Chen et al., 2024). LOF genes with functionally relevant candidate variants were
furthered assessed for links to DD phenotypes in the literature. Heterozygous variants
with evidence of mosaicism in DDG2P biallelic genes, associated with recessive DDs,
were also identified. Manual curation of the affected trio-VCF was carried out to identify
potential compound heterozygote candidates inherited from a parent to account for
potential two-hit cases. However, as no recessive two-hit candidates were identified,

these variants were not taken forward or reported here.

Candidate variants were then visualised with the Integrative Genomics Viewer (IGV)
tool (v2.16.0) across all members of the trio for further quality control (Robinson et al.,
2011). Sites were evaluated for evidence of alignment errors, base and read quality
confirmation, strand bias, errors due to tail end proximity in supporting reads, and
errors of soft clipping reads. Variants failing the IGV inspection were excluded. The
resulting candidate variants in DDG2P or LOF-intolerant genes were clinically curated
with Ensembl VEP canonical transcript annotations, genotype-to-phenotype
associations, previous ClinVar classification, and a suite of calibrated computational in
silico tool predictions (Pejaver et al., 2022, Liu et al., 2020a). Functional predictions
were interpreted in line with the published and updated American College of Medical
Genetics and Genomics and the Association for Molecular Pathology (ACMG/AMP)
guidelines for sequenced variants (Richards et al., 2015). Additional guidance on
interpretation and application of ACMG/AMP codes was obtained from the Association
of for Clinical Genome Science (ACGS) Best Practice Guidelines for Variant
Classification in Rare Disease 2024 framework, which aggregated results from recent
ACMG/AMP working groups and variant curation expert panels into a unified and
updated guidelines for clinical curation based on ACMG/AMP classification (Durkie et
al., 2024).

The ACMG/AMP guidelines recommend determining direct support for functional
prediction from multiple lines of evidence including population frequency data,

established disease databases, computational in silico predictions, functional study
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results, disease and gene specific case data, and segregation data (Richards et al.,
2015). Each source is assigned a corresponding classification code that indicates
evidence for variant pathogenicity or benignity. Classification codes are further
stratified by strength of evidence as: supporting, moderate, strong, very strong or
standalone (Richards et al., 2015). Classification codes can be combined and adjusted
to enhance prediction of pathogenicity or benignity that have been adapted for specific
diseases or genes (Richards et al., 2015, Tavtigian et al., 2018). The guidelines have
since been updated to include a system that stratifies strength of evidence as a scale
of additive points that fit a Bayesian formulation (Tavtigian et al., 2020). Codes applied
to a variant are assigned a score on this scale, based on supporting evidence of
pathogenicity or benignity, which are added together cumulatively. This cumulative
score is proportionate to established posterior probability boundaries of pathogenicity
prediction which was used to assign predicted variant functional consequence as ether
benign, likely benign, uncertain significance (VUS), likely pathogenic, and pathogenic
(Tavtigian et al., 2020). Rare variants that were precited to be LOF in candidate genes
were considered high priority for clinical curation and validation recommendation. LOF
variants included those that were predicted to be nonsense SNPs, frameshift INDELSs,
or variants impacting the canonical splice-sites within 2bp of an exon-intron junctions.
These variants were assigned putative PVS1 codes following updated
recommendations on LOF variant interpretation published by the ClinGen Sequence
Variant Interpretation Working Group (Abou Tayoun et al., 2018). The updated
recommendations were implemented by assessing each candidate LOF variant with

the automated PVS1 strength classifier AutoPVS1
(http://autopvsi.genetics.bgi.com/) (Xiang et al., 2020).

All variants were required to be rare in initial the filtering (POPMAX_AF <0.001). A
PM2-moderate code was applied for novel variants after confirmation of annotated
MAF being absent from the gnomAD V4.1.0 database. PM2-moderate was also
applied where the variant specific gnomAD V4.1.0 GroupMax filtering allele frequency
was lower than a gene specific MAF threshold calculated from reported prevalence,
penetrance, allelic and genetic heterogeneity estimates (Chen et al., 2024). Gene
specific MAFs were calculated with data from OMIM and DECIPHER with the
recommended online tool (https://cardiodb.org/allelefrequencyapp/) (Whiffin et al.,
2017). The ACMG/AMP guidelines recommend downgrading PM2 from moderate to

supporting to avoid double counting with PP3 when in silico tools incorporate
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population allele frequencies into their models. However, a report by the ACGS
determined that this approach would be overly conservative in cases where PP3 is
also capped at supporting level (Durkie et al., 2024). They then showed that employing
empirically calibrated in silico prediction thresholds to dynamically determine PP3
levels up to strong, only mitigated some of the impact (Durkie et al., 2024, Pejaver et
al., 2022). They conclude by recommending keeping PM2 at moderate level, until a
planned review and overhaul of scoring PM2 is completed, and utilizing calibrated PP3
thresholds from models that were not trained with population allele frequency (Durkie
et al., 2024). This study followed this ACGS guideline for both PM2 and PP3.

Evidence of the pathogenicity of missense variants was assessed by in silico tool
prediction and PP3/BP4 scores. Recent advances have converted in silico tool outputs
into quantitative thresholds aligned with the ACMG/AMP Bayesian framework, allowing
calibration of PP3 and BP4 evidence strengths (Tavtigian et al., 2020). Following these
recommendations, a single predictor with empirically calibrated thresholds was
employed to classify variants into benign-supporting, uncertain, pathogenic-
supporting, pathogenic-moderate, or pathogenic-strong categories (Table 2.2)
(Tavtigian et al., 2020). This approach was chosen for two reasons. First, it prevented
double counting of population allele frequencies between PM2 and PP3, allowing PM2
to be retained at moderate strength (Pejaver et al., 2022). Second, it avoided biases
from tools trained on allele frequency data from outdated population databases with
limited African representation, which could confound predictions in the predominantly
African ancestry DDD-Africa cohort (Bope et al., 2019).

Table 2.2: Calibrated in silico score thresholds selected for this study.

Tool B.Sp. VUS P.Sp. P. Md. P. St. Reference

BayesDelnoAF | <-0.18 | -0.18-0.13 20.13 | 20.27 | =20.50 | (Pejaver et al., 2022)

REVEL <0.290 | 0.290-0.644 | =0.644 | 20.773 | 20.932 | (Pejaver et al., 2022)
CADD <227 | 227-253 | 2253 | 2281 - (Pejaver et al., 2022)
SpliceAl A <0.1 0.1-0.2 >02 | 205 | 208 | (Logan etal, 2023)

B = benign; P = pathogenic; Sp. = supporting; Md. = moderate; St. = Strong; VUS = variant of uncertain

significance.

90



The ensemble machine-learning algorithm BayesDel, that integrates predictions from
nine tools into a naive Bayesian framework trained on curated pathogenic and neutral
variant datasets, was chosen as the primary in silico predictor for scoring missense
SNPs with PP3 (Feng, 2017). It has two modes: BayesDeladdAF, which incorporates
population allele frequency, and BayesDelnoAF, which excludes it. BayesDel has
consistently been ranked among the top ensemble in silico tools in terms of accuracy,
sensitivity, and specificity (Anderson and Lassmann, 2022, Borges et al., 2021, Tian et
al., 2019). BayesDeladdAF was ranked the top in silico predictor of nonsense and
missense SNP deleteriousness in abnormalities of metabolism, the immune system,
and nervous system (Anderson and Lassmann, 2022). While not as accurate as the
model that included allele frequencies, BayesDelnoAF still performed exceptionally
well in these scenarios and was the top predictor out if the tools that do not incorporate
allele frequencies (Anderson and Lassmann, 2022). Variants were annotated with
BayesDel scores using Ensembl VEP dbNSFP v4 and interpreted using published
calibration thresholds that map BayesDelnoAF outputs onto the spectrum of PP3/BP4
evidence strengths (Table. 2.3) (Pejaver et al., 2022, Liu et al., 2020a, McLaren et al.,
2016).

Variants were also annotated with scores from REVEL and CADD (v1.6), two top meta-
predicting tools (loannidis et al., 2016, Rentzsch et al., 2021). REVEL was included as
a secondary predictor for comparison as it combines predictions from 13 algorithms in
a random forest model without incorporating population allele frequency data
(loannidis et al., 2016). The third tool CADD uses a machine-learning model that
incorporates scores from a more than 60 annotations into a logistic regression model
to predict deleteriousness (Kircher et al., 2014). The 1.6 version is significantly
improved for determining the effects of splicing variants (Rentzsch et al., 2021).
However, these additional scores were not used for PP3 scoring and were included for

comparison purposes in cases of uncertainty (Table 2.2).

The ACMG/AMP PM4 code was used as evidence for in-frame INDELs predicted to
disrupt protein length in evolutionary conserved non-repeat regions. A PM4-moderate
code was applied in cases where INDELs impacted multiple amino acid. Scores from
the in-silico tool MutationTaster2021 were generated for INDELs of interest as well, as
further evidence of pathogenicity (Cannon et al., 2023, Durkie et al., 2024, Steinhaus
et al., 2021). Benchmarking has shown that MutationTaster2021 predicted in-frame
INDEL pathogenicity in DD cohorts with high sensitivity and specificity. However, it
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could only be applied at a moderate strength to support PM4 evidence in line with
recommended guidelines (Cannon et al., 2023, Durkie et al., 2024, Steinhaus et al.,
2021). In-frame INDELs occurring in repetitive regions were not scored with PM4,
whereas those predicted to disrupt splice sites were instead assessed with SpliceAl
(Jaganathan et al., 2019). The impact of SNPs and INDELs on non-canonical splice
sites was assessed with SpliceAl, a deep neural network in silico predictor of global
splice site alteration trained on GENCODE isoform data (Jaganathan et al., 2019,
Strauch et al., 2022). SpliceAl is the top performing in silico predictor of splice site
disruptions and is particularly accurate for non-canonical splicing variants (Jang et al.,
2022, Rowlands et al., 2021, Riepe et al., 2021). Candidate variants with predicted
splicing impact scores A=0.2 were considered PP3 at supporting level, while those with
A=0.5 and A=0.8 were considered PP3 at moderate and levels, respectively (Table 2.2)
(Logan et al., 2023). Variants affecting canonical splice sites were interpreted

according to PVS1 criteria (Logan et al., 2023).

Evidence for a causal relationship between genotype and phenotype was evaluated
using the ACMG/AMP codes PS2 and PM6, which assess de novo status in
conjunction with confirmation of parentage, as well as specificity of phenotype
explained. Because the dataset was derived from trio-WES, parentage of probands
was directly confirmed, allowing application of PS2 to both DNMs and postzygotic
mutations. Variants with evidence of gonadosomatic mosaicism were assigned a lower
strength PM6 —moderate or supporting score. In these cases, the candidate variant
was assumed to have arisen as a de novo PZM in the parents, which could not be
confirmed due to our inability to test parental germline cells. The strength of PS2/PM6
evidence was further refined by considering the degree to which the variant accounted
for the proband’s reported phenotype from medical records. Variants associated with
a high degree of overlapping phenotypes to those in the trios were assigned PS2-
strong or PM6-moderate, whereas variants explaining only a subset of the reported

clinical features had their evidence level reduced accordingly.

Phenotypic specificity was evaluated subjectively, based on established genotype—
phenotype correlations for the gene in question as well as the individual’s clinical
presentation. This component of the analysis was captured under the PP4 criterion. In
presumed cases of parental gonadosomatic mosaicism where the parent exhibited a
consistent, overlapping phenotype with the proband, a PP1-supporting score was also

applied, reflecting evidence of familial segregation from a single meiotic transmission
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event. By contrast, PP1 was not applied when the putative mosaic parent was clinically

unaffected, given the absence of segregation evidence.

Finally, additional functional evidence was integrated from multiple resources. The
online Varsome platform was used to rapidly annotate features such as protein length
alteration, mutational hotspots, critical protein domains, and gene constraint metrics
(Kopanos et al., 2019). Findings were validated through assessing data on each
candidate from DECIPHER, gnomAD, ClinVar, UniProt, and OMIM databases
(Gudmundsson et al., 2022, Hamosh et al., 2005, Landrum et al., 2014, The UniProt,
2023, Firth et al., 2009). Currently, in silico tools are very poor predictors of gain-of-
function (GOF) pathogenicity (Stein et al., 2023). In cases where the mechanism of
pathogenicity was through GOF, the LoGoFunc in silico tool was used assess

pathogenicity (Stein et al., 2023).

The functionality of affected genes was assessed through online queries to the UniProt,
DECIPHER, ClinGen and OMIM databases (Hamosh et al., 2005, Rehm et al., 2015,
The UniProt, 2023, Firth et al., 2009). Associations of impacted genes with DDs was
determined through queries primarily to the DECIPHER database, followed by ClinGen
curation reports, OMIM database reports, and case reports in the literature. Genes
linked known disorders were prioritized through manual assessments of these reports
and comparison to the affected participants DD presentation. Information on the mode
of inheritance, reported variable expressivity, and penetrance of phenotypes in related
disorders was noted. Trio phenotypic data was extracted from the DECIPHER and
REDCap databases in the form of curated HPO terms, which were then manually
compared to the reported phenotypes of linked gene disorders. If a plausible overlap
of one or more phenotypes was found, the associated variant was shortlisted for
deeper investigation. For the secondary set of variants in non-DDG2P LOF intolerant
genes queries to OMIM were prioritised, followed by extraction of associated
phenotypes in open access DECIPHER patients with variants in the same gene, and

a brief review of new literature in which new links to phenotypes may have been made.

The combination of evidence from these approaches was used to assess if candidate
variants explained DD pathology in part, in combination, or in full. The evidence was
interpreted in the context of the candidate variants being standalone mosaic, germline
de novo, inherited parental mosaic or in combination. In the cases where phenotypes
were positively correlated with a candidate variant, a putative PS2 code was applied

to confirmed DNM and PZM variants with strength proportionate to the phenotypes
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explained. PS2 codes could not be assigned to inherited parental PZMs. In affected
parents, segregation rules were applied. In unaffected parents the variant was treated
as if it was de novo in the proband. The combined variant identification and curation
strategies were used to generate a candidate list of putative somatic mosaic variants
and DNMs in trio probands, and parental gonadosomatic variants inherited as
constitutional heterozygous variants in trio probands that may be contribute to DD
phenotypes. Variants were considered good candidates if the met the likely pathogenic
or pathogenic criteria during curation. These variants were taken forward as
candidates for future validation and clinical curation by the DDD-Africa multidisciplinary
team. An overview of the variant prioritization strategies used in this thesis chapter is

summarized in Figure 2.1.
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Proband: de novo

variant filter

64 Trio-WES

Parent: inherited variant filter

a) VQSR PASS
b) SNP SOR <3 or INDEL FS >200
c) DP 210

e) Proband REF AND ALT reads 25

f) Proband 0.10< VAF <0.90

g) Cohort-wide AC = 1, or sibling pair AC=2
h) POPMAX_AF <0.001

i) Excluded SegDup and LCR regions

j) Excluded MUC and HLA regions

d) Proband HET variants with parental ALT reads =0

a) VQSR PASS
b) SNP SOR <3 or INDEL FS >200

c) DP 210 for trio - high-level PZM; No min DP for parentA - low-level PZM.
d) Proband HET variants with REF AND ALT reads 25

e) Proband 0.27< VAF <0.73

f) Parenta ALT reads 22 AND parents ALT reads =0
g) Cohort-wide AC = 2, or sibling pair AC=3

h) POPMAX_AF <0.001

i) Excluded SegDup and LCR regions

j) Excluded MUC and HLA regions

Mosaic screen: SNP

Mosaic screen: INDEL

Parental mosaic screen: SNP or INDEL

a) Intronic SNPs excluded

b) SNP clusters removed

c) FDR-based min ALT threshold
d) Outlier trios excluded

e) EM-Mosiac posterior odds 210

SNP prioritization

a) Monoallelic DDG2P genes or
LOF-nonDDG2P genes

b) LOF: nonsense

c) LOF: (+-1,2) splice-site

d) Functional: missense with
BayesDeladdAF 20.16

e) Functional: non canonical splice
site with SpliceAi 20.2

a) Intronic INDELs excluded

b) INDEL clusters removed

c) FDR-based min ALT threshold
d) Outlier trios excluded

e) Proband VAF deviation from
binomial 0.5 at FDR <0.1

INDEL prioritization

a) Monoallelic DDG2P genes or
LOF-nonDDG2P genes

b) LOF: frameshift INDEL

‘ c) LOF: (+-1,2) splice-site

| ¢) Functional: inframe INDEL

| d) Functional: non-canonical splice
| site with SpliceAi 20.2

Candidate PZM

: proband

a) Intronic SNPs or INDELS excluded

b) SNP or INDEL clusters removed

c) Low-level inherited: Parent ALT reads 22 AND VAF <0.27
d) High level inherited: Parent VAF deviation from binomial 0.5 at FDR <0.1

AND VAF <0.40

SNP prioritization

a) Monoallelic DDG2P genes or
LOF-nonDDG2P genes

b) LOF: nonsense

c) LOF: (+-1,2) splice-site

d) Functional: missense with
BayesDeladdAF 20.16

e) Functional: non canonical splice
site with SpliceAi 20.2

INDEL prioritization

a) Monoallelic DDG2P genes or
LOF-nonDDG2P genes

b) LOF: frameshift INDEL

c) LOF: (+-1,2) splice-site

c) Functional: inframe INDEL

d) Functional: non-canonical splice
site with SpliceAi 20.2

Candidate PZM: parent

a) IGV validation b) Clinical inter

pretaton c) ACMG codes

a) IGV validation

b) Clinical interpretaton

c) ACMG codes

Figure 2.1: Workflow of variation prioritization strategies deployed to identify candidate mosaic variants from trio-WES in the

DDD-Africa cohort.




2.3 Results

2.3.1 Study demographics

A summary of the 62 trios can be seen in Table 2.3. Of the 62 probands, 37 (59.68%)
were males and 25 (40.32%) were females. The ages of affected probands ranged
from 0-14 years at time of recruitment (Mean = 5.87, SD = 3.29). There was no
significant difference in the distribution of ages of recruitment between male and female
probands (p=0.32). The mothers of affected probands ranged in age from 17-40 years
(Mean = 29.25, SD = 5.55) at the time of birth. The fathers of the affected probands
ranged in age from 21-58 years (Mean = 34.18, SD = 6.52) at the time of birth. On
average, the fathers were older than the mothers at the time of birth (p = 1.32X10-9),
Only three (4.84%) of the probands were born outside South Africa. A total of 58
(93.55%) probands self-reported as black or African ancestry, one proband was
reported as multi ancestry (self-reported as Coloured in the Southern African context),
one proband was reported as Indian ancestry, and two probands were reported as

white or European ancestry.

Table 2.3: Summary of DDD-Africa demographics

Proband sex N (%)
Male 37 (59.68)
Female 25 (40.32)
Mean Age (years) Mean (SD)
Proband at recruitment 5.87 (3.29)
Mother at birth 29.25 (5.55)
Father at birth 34.18 (6.52)
Country of birth N (%)
South Africa 57 (91.94)
Other Africa 3 (4.83)
Unknown 2 (3.23)
Self-reported proband ancestry N (%)
Black 58 (93.55)
White 2(3.23)
Coloured 1(1.61)
Indian 1(1.61)
Total 62 (100)

Probands presented with an array of diverse phenotypes at time of recruitment which
are summarized in Table A. 2 in Appendix E. A significant proportion of the probands
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(40.32%) had prior confirmed genetic diagnoses by parallel DDD-Africa analysis (Table
2.5). There was no significant difference in the proportion of male and female
participants that had a prior confirmed diagnosis (p = 0.27). Additionally, the mean age
of the probands at recruitment with no confirmed diagnoses was not significantly
different from the mean age of those with prior diagnoses (p = 0.58). However, the
mean ages of both the mothers (p = 0.04) and fathers (p = 0.01) of those with prior

genetic diagnoses were significantly higher than those with unsolved cases.

Table 2.4: Probands with prior genetic diagnoses.

Prior diagnoses Yes (N = 25) No (N = 37)
Proband sex N (%) N (%)
Male 17 (45.95) 20 (54.05)
Female 8 (32.00) 17 (68.00)
Total 25 (40.32) 37 (59.68)
Age Mean (SD) Mean (SD)
Proband at recruitment 5.88 (2.80) 5.86 (3.63)
Mother at birth 31.08 (5.51) 27.98 (5.28)
Father at birth 36.17 (5.22) 32.86 (6.59)

N = count; SD = standard deviation

2.3.2 Proband variant prioritization results

The results of the proband variant prioritization are summarized in Figure 2.2. An initial
QC filtering strategy was employed to detect rare coding de novo SNPs and INDELs
in affected probands. This filtering strategy was expanded to sensitively include mosaic
SNPs (m-SNPs) and INDELs (m-INDELS), while stringently controlling for sequencing
artifacts. Five trios were excluded as they were determined to have an excess of DNMs
by EM-Mosaic which was indicative of either contamination or sample handling errors
(Table 2.1). The proband de novo variant filter resulted in 182 de novo SNP candidates
in 53 probands, and 29 de novo INDEL candidates in 22 probands. Probands from
families 36, 58, 84, 88, 102, and 116 had no detectable de novo SNP candidates
passing initial QC. Additionally, probands from families 84, 88, 102, and 116 had no
detectable de novo INDEL candidates passing QC. Thus, no candidate proband DNMs
were detected in these four trios. A total of 40 probands had no detectable de novo
INDELSs passing QC. This equated to an initial detection rate of 3.43 de novo SNPs per
proband and 1.32 de novo INDELs per proband.
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Proband DNM filter

29 INDELs

Mosaic SNPs: EM-Mosaic P.Odds>10

Mosaic INDELs: VAF Binom.P FDR<0.1

Variant curation: functionally significant and explains phenotype

DDG2P mono

i

non-DDG2P LOF

7proband DNMSs recommended for validation

Figure 2.2: Results from the proband de novo variant prioritization pipeline for 62 DDD-Africa
trios.

m- = mosaic, g- = germline, P.Odds = EM-Mosaic posterior odds, Binom.P = p value from
binomial test, mono = monoallelic genes, LOF = loss-of-function intolerant genes.
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The 182 candidate de novo SNPs were used as inputs for EM-Mosaic and assessed
for evidence of mosaicism. All 182 candidate SNPs passed the FDR-based minimum
ALT allele filter for total read depth (DP), which further strengthened evidence against

being sequencing errors or other artefacts (Figure 2.3).
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Figure 2.3: Candidate SNPs passing the EM-mosaic FDR-minimum alternate read depth threshold.

Alternate read support for each variant is plotted against the corresponding total read depth
at that locus. The red line indicates the minimum alternate reads required to minimize artifact
error false positives. DP = total read depth. Nalt = alternate read. FDR = false discovery rate

The VAF distribution of the 182 candidates indicated an initial mosaic variant fraction
of 51.55% (Figure 2.4). The initially high estimate of mosaic variant fraction was likely
inflated by germline DNMs whose VAF deviations, caused by technical artifacts, were
incorrectly classified as mosaic under binomial assumptions, resulting in an

overdispersion of VAF distribution (Figure 2.5).
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Figure 2.4: EM-Mosaic generated variant allele fraction density plots of likely mosaic and likely
germline candidate SNPs.

The relative counts of SNPs in defined variant allele fraction bins. EM-mosaic estimates
a prior probability from these distributions which is inputted into the EM algorithm.

Overdispersion in the data was addressed by EM-mosaic through modelling the VAF
distribution using a beta-binomial framework. The degree of overdispersion (8) was
estimated directly from the observed variance in VAFs among candidate SNPs. As
shown in Figure 2.5, the study-specific beta-binomial model provided a substantially
better fit to the observed VAF variance across total depth compared to a standard
binomial model. A theta value of 33.76 was derived from the candidate SNP data and
used to correct for overdispersion. This corrected model was then employed by the
expectation-maximization algorithm to iteratively update the posterior probability that
each SNP was mosaic rather than germline de novo, using individual VAF observations

deviating from the expected 0.5.
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Figure 2.5: Overdispersion plot of calculated VAF variance across observed read depth values.

A higher variance in the VAF of observed VAFs of candidate SNPs was observed given a
binomial model (blue). A beta-binomial model (red) was fitted to better account for this
variance and was used to correct prior mosaic probabilities and overall mosaic fraction
through the EM-Mosaic expectation-maximization algorithm. DP = read depth. Nalt =
alternate read. Var = variance.

Using a stringent posterior odds threshold of >10, the EM-Mosaic expectation-
maximization algorithm classified 36 (19.78%) of the candidate SNPs as likely mosaic
and 146 as likely germline de novo SNPs (Figure 2.6). This refined the estimated
proportion of m-SNPs to 19.78% under the beta-binomial framework (Figure 2.4). The
high-confidence m-SNPs had an average VAF of 0.16 (SD = 0.02), while the germline
de novo variants exhibited a higher mean VAF of 0.38 (SD = 0.13). Interestingly, among
the 146 germline calls, 52 (35.62%) displayed posterior odds >1 and a lower average
VAF of 0.24 (SD = 0.03), suggesting possible mosaicism (Figure 2.6A, lower left
quadrant). Although these variants may represent true mosaics, they did not meet the
high-confidence threshold due to limited read support. Each was further reviewed for

borderline posterior odds (just below 10) and evaluated alongside their sequencing
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depth, especially in cases with potential clinical relevance. Improved read depth at

these loci may ultimately clarify their mosaic status.
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Figure 2.6: Candidate proband SNPs predicted to be mosaic versus germline de novo by EM-
Mosaic with posterior odds >10.

A) Candidate SNP VAF with corresponding posterior odds of being mosaic versus
germline under a beta-binomial model. SNPs predicted to be high confidence mosaic are
red and germline de novo SNPs are in black. The red lines indicate the posterior odds
cutoff of 10 on the x-axis and a VAF cutoff of 0.35 on the y-axis, B) The read depth versus
VAF distribution of each candidate SNP. The blue line denotes a mean VAF of 0.49. The
red lines denote a 95% confidence interval of the beta-binomial model. SNPs predicted
to be high confidence mosaic are red and germline de novo SNPs are in black DP = read

The depth of sequencing coverage for each candidate SNP substantially influenced
the ability to confidently identify evidence of mosaicism. At the average WES depth of
~45X in the DDD-Africa cohort, the estimated power to detect m-SNPs with a variant
VAF of 0.2 and posterior odds >10 was only around 33% (Figure 2.7). This analytical
approach had even less sensitivity for variants with a VAF of 0.1 and for distinguishing
false positive de novo calls near a VAF of 0.27. EM-Mosaic modelling indicated that
increasing sequencing depth would significantly improve detection power across all
VAF levels (Figure 2.7). To achieve 95% power for detecting mosaic SNPs using this
method, an average WES depth of over 300X would be required. As such, the actual

burden of m-SNPs in the probands is likely underestimated, and the current variant set
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may include an inflated number of false positive de novo SNPs due to the limited

sequencing depth.
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Figure 2.7: Mosaic detection power curves.
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The estimated power to detect mosaic SNPs at various VAFs as a function of average
read depth from this studies data. DP = read depth. VAF = variant allele fraction.

Evidence of mosaicism in candidate INDELs could not be assessed using EM-Mosaic.
The VAF distributions of candidate INDELs were assessed for significant deviations
from an expected heterozygous 0.5 with two-tailed binomial tests. Candidate INDELs
with an FDR-adjusted p-value below 0.1 were considered to show suggestive evidence
of mosaicism. A more stringent threshold of the unadjusted p-value<0.0001 was used
to identify higher-confidence m-INDELs. Among the 29 candidate INDELs analysed,
11 (37.93%) met the FDR threshold, with a mean VAF of 0.16 (SD = 0.05). Eight of
these met the more stringent unadjusted p-value threshold and were classified as
higher-confidence m-INDELs. In contrast, the candidate INDELs presumed to be

germline de novo exhibited a higher average VAF of 0.42 (SD = 0.07). Although a
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greater proportion of candidate INDELs were flagged as mosaic compared to
candidate SNPs (37.93% vs. 19.78%), the overall VAF distributions of these two variant
types did not differ significantly (p = 0.65). After classifying SNPs and INDELSs into likely
mosaic or germline de novo categories, adjusted estimated mutation rates were
calculated for the proband cohort. On average, each proband harboured 2.75 germline
de novo SNPs and 0.82 germline de novo INDELs, along with 0.67 m-SNPs and 0.5
m-INDELs.

These combined candidate variants were then prioritized for future validation through
clinical curation and variant interpretation. To focus on variants with the highest
likelihood of pathogenicity, both mosaic and germline de novo candidates were filtered
using two virtual gene panels, monoallelic DDG2P genes, and non-DDG2P LOF genes
(Figure 2.2). This filtering approach identified 7 m-SNPs, 3 m-INDELs, 21 germline de
novo SNPs, and 4 germline de novo INDELs in DDG2P monoallelic genes. An
additional 9 m-SNPs, 3 m-INDELs, 24 germline de novo SNPs, and 5 germline de novo
INDELs were identified in LOF-intolerant non-DDG2P genes. Variants not found within

these two gene sets were excluded from further analyses.

2.3.3 Parental gonadosomatic variant prioritization results

Putative parental gonadosomatic mosaic variants that were transmitted to affected
DDD-Africa probands as apparent germline mutations were identified using a
specialized parental gonadosomatic prioritization pipeline (Figure 2.8). This pipeline
was designed to detect variants consistent with low- or high-level gonadosomatic
mosaicism, analysing maternal and paternal contributions independently. From the
maternal samples, 5197 heterozygous SNPs were identified as inherited by 62
probands, and 167 heterozygous INDELs were inherited by 58 probands. Notably, no
INDELs meeting QC thresholds were inherited from the mothers of probands 29, 87,
115, or 118. On the paternal side, 4,941 heterozygous SNPs were identified in 61
probands, alongside 181 heterozygous INDELs in 54 probands (Figure 2.8).
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10138 SNPs 352 INDELs

High level mosaic: 0.10<VAF<0.40 and Binom.P FDR<0.1 Low level mosaic: DP<10 with 22ALT reads

270 h-SNPs 16 h-INDELs
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Variant curation: functionally significant and explains phenotype
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Figure 2.8: The parental gonadosomatic variant prioritization pipeline for 62 DDD-Africa trios
outlining the results at each step.

h- = high-level mosaic, I- = low-level mosaic, Binom.P = p-value from binomial test, mono
= monoallelic genes, LOF = loss-of-function intolerant genes, DP = read depth, VAF =
variant allele fraction, ALT = alternate allele read support
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No SNPs were found to be inherited from the fathers of proband 29, and only two SNPs
were inherited from the fathers of probands 11 and 70, respectively. Furthermore, no
INDELs were inherited from the fathers of probands 11, 29, or 70. These three trios
had previously been excluded from the proband analysis pipeline due to an abnormally
high number of DNMs, reinforcing the possibility of sampling errors. To identify putative
gonadosomatic mosaicism in parents, two complementary variant prioritization
strategies were employed (Figure 2.1). The EM-Mosaic algorithm could not be applied
to parental samples because it assumes that all input variants are confirmed de novo,
which could not be validated in the absence of grandparental data. Additionally, EM-
Mosaic automatically excludes individuals with excessive counts of de novo variants,
which would result in the exclusion of multiple parental samples. As an alternative,
evidence for high-level parental mosaicism was assessed through two-tailed binomial
testing of parental VAFs. Variants with FDR-adjusted binomial p-values <0.1 were

considered indicative of potential mosaicism.

This analysis identified 270 SNPs and 16 INDELs, all of which were transmitted as
heterozygous variants to affected probands. Among these, 156 candidate m-SNPs and
7 m-INDELs were identified in the mothers of probands 56 and 7, respectively.
Likewise, 114 m-SNPs and 9 m-INDELs were detected in the fathers of probands 52
and 9, respectively (Figure 2.8). High-level m-SNP candidates had a mean VAF of 0.30
(SD = 0.05) in maternal samples and 0.29 (SD = 0.06) in paternal samples. High-level
m-INDEL candidates showed a mean VAF of 0.29 (SD = 0.08) in mothers and 0.32
(SD = 0.06) in fathers. There were no statistically significant differences in the
distribution of VAFs between maternal and paternal high-level m-SNPs (p = 0.37) or
m-INDELs (p = 0.63). However, the median VAFs of candidate m-SNPs and m-INDELs
detected in probands were significantly lower than those observed in either parent.
Specifically, the median VAF of m-SNPs was lower than that of the mothers (p =
0.0001) and fathers (p = 0.0001), and the median VAF of m-INDELs was similarly lower
compared to mothers (p = 0.021) and fathers (p = 0.0005). On average, parental
gonadosomatic mosaic variants exhibited higher VAFs than the PZMs observed in
probands.

To detect potential low-level parental gonadosomatic mosaicism, candidate SNPs and
INDELs of interest with at least 2 ALT reads were evaluated. This approach yielded
102 candidate low-level SNPs and 4 candidate low-level INDELs across the cohort

(Figure 2.8). These variants were retained with the understanding that they may be
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enriched for false positives. Only low-level variants predicted to have functionally
significant consequences in relevant genes were considered for downstream clinical
curation. To prioritise putative pathogenic variants, parental candidates were filtered
using the same two virtual gene panels (Figure 2.8). Within monoallelic DDG2P genes,
21 high-level m-SNPs, 2 high-level m-INDELs, and 8 low-level m-SNPs were identified.
Within non-DDG2P LOF-intolerant genes, 36 high-level m-SNPs, 1 high-level m-
INDEL, 13 low-level m-SNPs, and 1 low-level m-INDEL were identified. All other
variants with evidence of mosaicism that fell outside these gene lists were excluded

from clinical curation.

2.3.4 Candidate variants passing clinical curation and variant

interpretation

Variants within the candidate gene lists were clinically curated according to the
ACMG/AMP guidelines. Likely pathogenic and pathogenic curations represented the
endpoint of the analysis and were considered significant candidates for recommended
validation (Table 2.5). A total of seven candidate variants were identified through the
proband variant prioritization pipeline, including two m-SNPs, three germline de novo
SNPs, and one m-INDEL in monoallelic DDG2P genes. Additionally, a single m-SNP
was identified in a non-DDG2P LOF-intolerant gene. Of these candidates, four were

classified as likely pathogenic and three were classified as pathogenic (Table 2.5).

Five candidate variants were identified through the parental gonadosomatic variant
prioritization pipeline (Table 2.5). These included one high-level m-SNP in a non-
DDG2P LOF-intolerant gene and two high-level m-INDELs in monoallelic DDG2P
genes. Two low-level candidate m-SNPs were also identified in monoallelic DDG2P
genes. Among these variants, two high-level parental gonadosomatic variants were
classified as pathogenic, one as likely pathogenic, and both low-level candidates as
likely pathogenic (Table 2.5). Five variants were classified as variants of unknown
significance (VUS) (Table A.4, Appendix G). In total, four proband PZMs, three proband
germline DNMs, and five parental gonadosomatic candidate variants were
recommended for future validation (Table 2.5). The clinical phenotypes of the affected

probands in which these variants were identified is summarized in Table 2.6.
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Table 2.5: A final list of candidate variants recomended for furthur validation.

ID Variant Consequence Panel BayesDel® | SpliceAl A ACMG/AMP code Class" | VAF; FDR EMpost | VAF: | VAFy
Proband PZM candidates
1 CNOT1:c.2654G>T missense DDG2P 0.14 - PS2, PM1, PM2, PP3 LP 0.17 | 7.99x10% | 35.35 0.00 0.00
1 CHM:c.434C>A stop gained DDG2P 0.78 - PVS1, PS2, PM2 P 0.20 - - 0.00 0.00
21 NSD2:¢c.3160_3183del in-frame deletion DDG2P - - PM2, PM4, PS2 LP 0.24 | 4.21x10% - 0.00 0.00
66 RFX7:c.812-3C>A splice region LOF - AG - 0.54 PM2, PP3, PS2 LP 0.20 | 1.58x1072 | 7.84 0.00 0.00

Proband germline DNM candidates

23 KIF5C:c.1288G>T missense DDG2P 0.30 - PS2, PM2, PP3, PP2 LP 0.25 | 8.97x102 | 2.20 0.00 0.00
4 CDKL5:c.978-14T>A splice polypyrimidine tract | DDG2P - AL - 0.89 PS2, PM2, PP3 P 0.48 | 9.54x10" 0.03 0.00 0.00
130 KMT2A:c.3576A>C missense DDG2P 0.28 - PS2, PM2, PP3, PM1, PP2 P 0.63 | 2.07x10°" | 0.00 0.00 0.00

High-level parental gonadosomatic candidates

17 PMP22:c.448G>C missense LOF 0.58 - PM1, PM5, PP5, PP3, PM6, PM2 P 0.41 | 1.30x10% - 0.14 0.00
66 EHMT1:¢.2073dup frameshift DDG2P - - PVS1, PM2, PM6 P 0.56 | 1.03x1072 - 0.00 0.1
112 | NFE2L2:c.1688-1690del in-frame deletion DDG2P - - PM2, PM6, PM4 LP 0.64 | 3.08x10°2 - 0.00 0.22

Low-level parental gonadosomatic candidates

18 MTOR:c.5734G>T missense DDG2P 0.33 - PM6, PM2, PP3, PS4 LP 0.25 - - <0.10* | 0.00

53 NIPBL:c.2584A>G missense DDG2P 0.25 - PM6, PM2, PP3, PP2, PP1 LP 0.5 - - <0.10* | 0.00

ID —Family identifier; ® BayesDel no allele fraction model; “Class — ACMG/AMP classification; FDR — adjusted binomial p-value for either proband or parental dependant on classification; * EMpest — EM-
mosaic posterior odds; LP — likely pathogenic; P — pathogenic; VAFe — proband variant allele fraction; VAFg — father variant allele fraction; VAFy — mother variant allele fraction; AG — acceptor gain, AL

— acceptor loss; DL - donor loss. *2 ALT read
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Table 2.6: A summary of clinical phenotypes for DDD-Africa trios with potentially pathogenic candidate variants.

D | Sex Proband phenotype phF;anrc?tr;(tpe :ﬁ:‘g def;::‘:iron HGVSc Category #0OMIM
. Holoprosencephaly 12,
Severe global developmental delay; Delayed speech and with or without
language development; Broad-based gait; Dandy-Walker pancreatic agenesis
malformation; Microcephaly; Hypertonia; Cervical C3/C4 CNOT1 No NM_016284.5:c.2654G>T PZM (#618500)
1 M vertebral fusion; Clinodactyly of the 5th finger; Short No Vissers-Bodmer
stature; Myopia; Visual impairment; Cryptorchidism; syndrome (#619033)
Decreased body weight; Short stature; Dysmorphic facial Choroideremia
features CHM No NM_000390.4:¢c.434C>A PZM
(#303100)
Moderate global developmental delay; Decreased body Cdril:ercac;te-l\/:an:-;rz?éh
weight; Failure to thrive; Short stature; Severe left (#118220’) (?1 45900);
17 F ventricular outflow tract obstruction; Atrioventricular canal No PMP22 No NM_000304.4:¢c.448G>C GON N X
. A . ST europathy, recurrent,
defect; Malar flattening; High palate; Demyelinating with pressure palsies
peripheral neuropathy; Dysmorphic facial features (#162500)
Severe global developmental delay; Delayed speech and
language development; Microcephaly; Ventricular septal Smith-Kingsmore
18 F defect; Preauricular pit; Micrognathia; Craniosynostosis; No MTOR No NM_004958.4:¢.5734G>T GON syndrome (#616638)
Strabismus; Umbilical hernia; Bilateral hearing loss; Y
Hypotonia; Dysmorphic facial features
Moderate global developmental delay; Delayed speech
and language development; Decrease body weight; Rauch-Steindl
21 M Failure to thrive; Hypospadias; Cryptorchidism; No NSD2 Yes NM_001042424.3:¢c.3160_3183del PZM syndrome (#619695)
Clinodactyly of the 5th finger; Few cafe-au-lait spots; y
Ectopic kidney; Dysmorphic facial features
Mild global developmental delay; Ureterovesical junction Cortical dysplasia,
obstruction; Thoracolumbar scoliosis; Lower limb . complex, with other
23 F asymmetry; Malar flattening; Short 5th finger; Dystrophic No KIFSC No NM_004522.3:¢.1288G>T DNM brain malformations 2
toenail; Dysmorphic facial features; (#615282)
Moderate global developmental delay; Delayed speech Type Il Developmental and
a1 F and Iang.uage de_velopme_nt; H}/popigr_nented skir.1 diat_)ete_s CDKL5 No NM_001323289.2:¢.978-14T>A DNM epileptic
patches; Preauricular skin tag; Infantile spasms; mellitus in encephalopathy 2
Hypotonia; Dysmorphic facial features Mother (#300672)
Moderate global developmental delay; Delayed speech
and language
development; Strabismus; Esodeviation; Micrognathia; Hearing Comelia de Lange
53 M 5th finger camptodactyly; Slit-like lateral impairment in NIPBL No NM_133433.4:c.2584A>G GON g
L f . syndrome 1 (# 122470)
ventricle; Spontaneous cerebrospinal fluid Father
leak; Generalised hypotonia; Dysphagia; Poor
suck; Brisk reflexes; Dysmorphic facial features
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Intellectual
Severe global developmental disorder; Absent speech; disc(‘)er:ilg:‘o‘;:][igf)ar:’lal
66 | F | Microcephaly; Pectus excavatum; Clinodactyly of the 5th No RFX7 No NM_022841.7:¢.812-3C>A PZM dominant 71, with
finger; Hypotonia; Hearing impairment; Joint behavioural
hypermobility; Dysmorphic facial features abnormalities (#
620330)
Severe global developmental disorder; Absent speech;
66 F M|croc<_epha|ly; Pectus_e?(cavat_umg Clln_odactylly o_f the 5th No EHMT1 Yes NM_024757.5:¢.2073dup GON Kleefstra syndrome 1
finger; Hypotonia; Hearing impairment; Joint (#610253)
hypermobility; Dysmorphic facial features
Moderate global developmental delay; Delayed speech
and language development; lleal atresia; Abnormal -
cardiac ventricle morphology; Butterfly vertebrae dL”\:;‘g;;ii?g;?;gy
112 | m | (possible); Short 3rd finger; Short 4th finger; Short 5th No NFE2L2 No NM_006164.5:c.1688_1690del GON and
finger; Long 2nd finger; Cryptorchidism; Scrotal hvoohomocysteinemia
hypoplasia; Microphthalmia; Visual impairment; P # 617)/744)
Abnormality of skin pigmentation; Facial asymmetry;
Dysmorphic facial features
Profound global developmental delay; Absent speech;
Autistic features; Bicoronal synostosis; Bilambdoid Wiedemann-Steiner
130 M synostosis; Exotropia; Incisor macrodontia; Clinodactyly No KMT2A No NM_001197104.2:¢c.3576A>C DNM syndrome (# 605130)
of the 5th finger; Hyperpigmentation of the skin; Y
Dysmorphic facial features

ID —Family identifier, M — male; F — female; HGNC - HUGO Gene Nomenclature Committee gene name; HGVSc - Human Genome Variation Society coding nomenclature; PZM — post-zygotic mutation
in proband; DNM — germline de novo mutation in proband; GON — inherited heterozygote in proband with gonadosomatic mosaicism in parent; #OMIM - Online Mendelian Inheritance in Man MIM

number
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2.3.5 Clinical curation of selected candidate variants

The primary objective of this analysis was to prioritize the most plausible candidate
variants for future validation. The NSD2 and EHMT1 variants, which were identified in
parallel DDD-Africa analysis, both demonstrated evidence of mosaicism that was not
reported prior (Table 2.6) (Table A.3, Appendix F). As a result, these variants were
recommended for validation to confirm mosaic status. The IGV plots for variants
classified as VUS are provided in Appendix H. The following results summarize the
variant interpretation and curation presented in Table 2.5, utilizing the recorded data
from Table 2.6.

2.3.5.1 Proband 1: CNOT1:c.2654G>T and CHM:c.434C>A

Two candidate m-SNPs from the proband variant prioritization pipeline were identified
in proband 1. The first, a CNOT1:¢.2654G>T missense SNP in exon 21, results in a
p.Arg885Leu substitution in the Transcription Complex Subunit 1 (CNOT1) protein.
CNOT1 is the central scaffolding component of the carbon catabolite repression 4-
negative on TATA-less (CCR4-NOT) protein complex (Shirai et al., 2014). The CCR4-
NOT complex plays a multifaceted role in mRNA stability regulation and protein
ubiquitination (Shirai et al., 2014, Vissers et al., 2020). A highly conserved function of
the CCR4-NOT complex is the regulation of global mRNA stability through
deadenylation of the poly(A) tail, thereby modulating post-transcriptional gene
expression (Stowell et al., 2016). The CNOT1 gene is highly LOF-intolerant, with
homozygous loss reported to be embryonically lethal (pLI = 1.0) (Kruszka et al., 2019).
CNOT1 knockdown disrupts efficient CCR4-NOT complex assembly and impairs its
regulatory activity, resulting in increased mRNA stability and global translation, which
ultimately triggers endoplasmic reticulum stress—mediated cell death (lto et al., 2011).
Consistent with this essential role, CNOT1 has a missense Z-score of 9.16, indicating
strong intolerance to missense variation and suggesting that such mutations are likely

to exert functional effects contributing to disease.

CNOT1 is highly expressed during early embryogenesis and plays an essential role in
forebrain development (Kruszka et al., 2019). It is listed in DDG2P and has been
definitively linked to autosomal dominant holoprosencephaly 12 (OMIM: 618500) and
Vissers-Bodmer syndrome (OMIM: 619033) by ClinGen expert panels (CCID:004485
and CCID:004484). Pathogenic variants in CNOT1 are most often de novo and are
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associated with a broad spectrum of developmental phenotypes, ranging from mild to
severe GDD/ID and behavioural problems (Vissers et al., 2020). Affected individuals
frequently present with structural brain anomalies such as corpus callosum
malformations, white matter abnormalities, and holoprosencephaly, together with
growth restriction, microcephaly, spinal defects, brachydactyly, clinodactyly, and vision
impairment (OMIM:619033) (Vissers et al., 2020). Proband 1’s reported phenotype

showed substantial overlap with these symptoms (Table 2.6).

The CNOT1:c.2654G>T SNP showed significant evidence of mosaicism (EM-Mosaic
posterior odds = 35.35, VAF = 0.17, ALT = 6, DP = 36) and no ALT read support in
either parent (Table 2.5) (Figure 2.9). Accordingly, a PS2-strong code was applied for
confirmed de novo status and parentage with significant phenotype overlap. A PP3-
supporting code was applied based on a BayesDelnoAF score of 0.14 (CADD = 27,
REVEL = 0.49). A PM1-supporting code was assigned as the variant lies in a UniProt
region of interest in which two pathogenic variants have previously been reported
(UniProt: A5YKKG6-1). Finally, a PM2-moderate code was applied, as the variant was
absent from gnomAD 4.1.0 in regions with good WES and WGS coverage. The
cumulative ACMG/AMP evidence codes yielded a total score of eight, consistent with

a classification of likely pathogenic.

The second candidate variant was CHM:c.434C>A, a nonsense SNP in exon 5 of the
X-linked gene CHM (Table 2.5) (Figure 2.10). CHM s ubiquitously expressed and
encodes component A of the Rab escort protein 1 (REP-1), a chaperone protein
essential for intracellular membrane protein trafficking and photoreceptor homeostasis
(Sarkar and Moosajee, 2022). REP-1 deficiency disrupts trafficking, resulting in
degeneration of the photoreceptor layer through progressive cell death (Meschede et
al.,, 2020). CHM is highly LOF-intolerant (pLI = 1.0) and has been definitively
associated with monoallelic X-linked choroideremia in hemizygous males by the
ClinGen Retina Gene Curation Expert Panel (OMIM:303100; CCID:004449).
Choroideremia is characterised by progressive degeneration of the retinal pigment
epithelium, photoreceptors, and choriocapillaris, with symptoms typically beginning as
myopia and night blindness and advancing to central visual field constriction (Sarkar
and Moosajee, 2022).
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Figure 2.9: The CNOT1:¢.2654G>T PZM candidate

in Family 1.
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A) Its genomic position in exon 21 of the CNOT1 protein impacting a domain of interest
in relation to two previously reported pathogenic variants. Image adapted from the
DECIPHER database (Firth et al., 2009). B) IGV plot of the coverage and mapped
reads supporting the T change at chr16:58555488G>T in the proband (top), mother
(middle), and father (bottom). Evidence of mosaicism is seen in proband 1 with 6
alternate reads at a read depth of 36. No evidence of sequencing artifacts, strand
bias, read end bias, low variant call quality, or low mapping quality was observed.
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Accordingly, the reported myopia in proband 1 overlapped with a known phenotype of
CHM loss. The CHM:c.434C>A variant was confirmed de novo in proband 1 with
evidence of mosaicism (VAF = 0.20, ALT = 7, DP = 35) and no supporting ALT reads
in the either parent (Figure 2.10). As CHM is on the X chromosome in a male proband,
VAF distribution does not follow a binomial model. This meant the VAF distribution
could not be tested with EM-mosaic. Evidence of mosaicism was confirmed through
manual examination of IGV plots and a Poisson test, which estimated the probability
that the 7 ALT reads at the SNP locus arose from recurrent sequencing errors rather
than a true variant (Figure 2.10). The test incorporated ALT read support, the lllumina
NovaSeq 6000 error rate (0.01), and the estimated CHM nonsense mutation rate
(0.000001893) from the gnomAD database.

The resulting p-value of 1.26 X 10-'2 provided strong statistical evidence that the seven
ALT reads were highly unlikely to be due to sequencing error, supporting the presence
of a true mosaic variant. Thus, confirming de novo status for PS2 scoring.
Choroideremia has a distinct clinical presentation that could not be fully ascertained
from proband 1’s records alone. Accordingly, PS2 was applied at a supporting level for
the overlapping myopia phenotype. In silico tools predicted that the premature stop
would trigger nonsense-mediated decay, and as loss-of-function is a known CHM
disease mechanism, a PVS1-very strong code was applied. PM2-moderate was also
applied, as the variant was absent from gnomAD 4.1.0 in regions with adequate
sequencing coverage. The cumulative ACMG/AMP score of 11 classified the variant

as pathogenic.

Taken together, the CNOT1:.c.2654G>T and CHM:c.434C>A variants plausibly
contributed to proband 1’s reported phenotypes and showed strong evidence of being

true mosaic SNPs. Both variants are therefore recommended for future validation.
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Figure 2.10: The mosaic CHM:c.434C>A stopgain SNP detected in Family 1.

A) Its genomic position in exon 5 of the CHM gene leading to a premature stop
codon and nonsense mediated decay. Image adapted from the DECIPHER
database Firth et al. (2009). B) IGV plot of the coverage and mapped reads
supporting the A change at chrX: 85963933C>A in the proband (top), mother
(middle), and father (bottom). Evidence of mosaicism is seen in proband 1 with
7 alternate reads at a read depth of 35

2.3.5.2 Proband 17: PMP22:c.448G>C

A single candidate variant was identified in proband 17, with strong evidence of
gonadosomatic mosaicism in his father (Table 2.5) (Figure 2.11). The
PMP22:c.448G>C missense SNP in exon 5 results in a p.Gly150Arg substitution in
peripheral myelin protein 22 (PMP22). PMP22 is highly expressed in the plasma
membranes of myelinating Schwann cells in the peripheral nervous system and is
essential for the formation and maintenance of compact myelin sheaths (Snipes et al.,
1992). Dysregulation of PMP22 is associated with a spectrum of autosomal dominant
neuropathies that vary with mutation type and gene dosage, including Charcot-Marie-
Tooth disease Type 1A (OMIM:118220), Type 1E (OMIM:118300), Dejerine-Sottas

disease (OMIM:145900), hereditary neuropathy with pressure palsies (OMIM:162500),
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and Roussy-Lévy syndrome (OMIM:180800) (Hara et al., 2014). While PMP22
duplications are linked to Schwann cell apoptosis and peripheral nerve demyelination,
loss-of-function is associated with milder hereditary neuropathy with pressure palsies
(Hara et al., 2014). Small missense variants often lead to more severe phenotypes,
likely due to accumulation of misfolded protein in the endoplasmic reticulum (Hara et
al., 2014). PMP22 has been definitively linked to Charcot-Marie-Tooth disease Type 1
and recurrent neuropathy with pressure palsies by the ClinGen Charcot-Marie-Tooth
Disease Gene Curation Expert Panel (CCID:005837 and CCID:008314). Paediatric
Charcot-Marie-Tooth Type 1 typically presents with hand and foot deformities,
peripheral neuropathy-induced muscle atrophy, hyporeflexia, and, in severe cases,
global developmental delay and hypo-myelinating neuropathy (OMIM:118220).
Although uncommon, some patients have been reported with cardiac abnormalities,

such as left ventricular hyper-trabeculation (Eltawansy et al., 2015).

Proband 17 presented with moderate GDD, normal speech development, and
demyelinating peripheral neuropathy, consistent with a pathogenic PMP22 variant
(Table 2.6). While cardiac malformations are not commonly observed in PMP22, they
have been reported in some Charcot-Marie-Tooth disease cases (Eltawansy et al.,
2015). Neither parent exhibited overlapping phenotypes. PMP22 was identified from
the non-DDG2P LOF-intolerant gene panel (pLI = 0.99, missense Z-score = 0.70). The
variant was germline heterozygous in proband 17 (VAF = 0.41, ALT = 24, DP = 58) and
observed at low VAF in the father (VAF = 0.14, ALT = 10, REF = 71, FDR binomial p-
value = 1.30 X 107°7) supporting gonadosomatic mosaicism (Table 2.5, Figure 2.11).
Accordingly, a PM6-moderate code was applied as the de novo status and parentage
of proband 17’s father could not be determined definitively, and it was determined that
the phenotypic overlap was significant. Functional in silico prediction supported a PP3-
strong code (BayesDelnoAF = 0.54, REVEL = 0.96, CADD = 27). The variant is present
in a known mutation hotspot of a UniProt region of interest, in which 10 other
pathogenic variants have been previously reported (UniProt: Q01453). This resulted in
a classification of PM1-moderate, while PM2-moderate was applied as the variant was
absent from gnomAD 4.1.0. Additionally, a PM5-strong code could be applied as three
other pathogenic missense alleles reported at this position in the ClinVar database
(PMP22:p.Glu150Cys, p.Glu150Asp, p.Glu150Val) (ClinVar: RCV004819225.1).
Finally, a PS5-moderate code was applied as PMP22:p.Gly150Arg has been
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previously classified as pathogenic in ClinVar (VCV000384327.6). The cumulative
ACMG/AMP score of 15 classified the variant as pathogenic.
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Figure 2.11: The PMP22:¢.448G>C gonadosomatic SNP candidate detected in Family 17.

A) The genomic position (yellow line) in exon 5 of the PMP22 leading to the
pathogenic p.Glu150Arg amino acid change in a missense hotspot. Image adapted
from the DECIPHER. B) IGV plot showing coverage and mapped reads supporting
the G at chr17:15230952C>G in the reverse strand for the proband (top), mother
(middle), and father (bottom). Strong evidence of gonadosomatic mosaicism is seen
in father 17 with 10 alternate reads at a read depth of 71. No evidence for mosaicism
in proband with 24 alternate reads at a depth 58. There is some strand asymmetry
with a larger proportion of the call on the forward strand, there is no evidence of
strand bias with an SOR=1.21 and a Fischer’s strand Phred score of 5.12.
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2.3.5.3 Proband 18: MTOR:c.5734G>T

In proband 18, a single germline heterozygous variant was identified, with some
compelling evidence of low-level gonadosomatic mosaicism in his father (Table 2.5).
The MTOR:c.5734G>T missense SNP results in a p.Asp1912Tyr substitution in the
mechanistic target of rapamycin (mTOR), a serine/threonine kinase that nucleates
MTOR complex 1 (mMTORC1) and mTOR complex 2 (mTORC2) (Laplante and
Sabatini, 2012). These complexes are central to signalling networks that respond to
nutrients, energy status, oxidative stress, and growth factors, regulating protein
synthesis, cell-cycle progression, metabolism, cytoskeleton organization, and cell

survival (Laplante and Sabatini, 2012).

MTOR is critical during embryonic development, controlling neural stem cell
proliferation, differentiation, and dendritic and axonal growth (Lipton and Sahin, 2014).
Proper MTOR activity is essential for balancing these processes. Hyperactivation leads
to excessive synaptic protein synthesis, increased neuronal size, and excitatory-
inhibitory imbalance, while reduced activity is associated with hypomyelination,
defective synapse formation, and decreased neuronal survival (Laplante and Sabatini,
2012; Lipton and Sahin, 2014).

MTOR is a highly dosage-sensitive monoallelic DDG2P gene (pLI = 1.0, pTriplo = 1.00,
missense Z-score = 9.51), in which gain-of-function mutations are recognized as the
definitive mechanism underlying overgrowth syndromes and cerebral malformations
by the ClinGen Brain Malformations Gene Curation Expert Panel (CCID:005501).
Pathogenic MTOR gain-of-function variants can result in either systemic Smith-
Kingsmore syndrome (OMIM:616638) or somatic focal cortical dysplasia type I
(OMIM:607341), depending on the location of the variant, the proportion of affected
tissues, and impacted tissue. Clinical presentations include severe GDD/ID with
speech delay, seizures, focal brain malformations or generalized white matter loss,
macrocephaly, cryptorchidism, strabismus, cardiac malformations, hypotonia,
dysmorphic features, and abnormal growth (OMIM:601231).

Thus, proband 18 exhibited a phenotype consistent with MTOR disorders, including
macrocephaly and moderate GDD, although not all features were fully explained by
this variant (Table 2.6). Additionally, neither parent displayed overlapping phenotypes.
Curation of MTOR:c.5734G>T followed gene-specific ClinGen guidelines and the
ACMG/AMP Variant Interpretation Guidelines Version 1.1.0, with adjustments to
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account for GOF mechanism, mosaicism, and oncogenic potential. A PM6-moderate
code was applied, reflecting potential inheritance from a low-level gonadosomatic
mosaic father (proband VAF = 0.25, ALT = 6, DP = 24; father VAF<0.1, ALT = 2, DP =
21), and partial phenotype overlap (Table 2.5 and Table 2.6). Two putative ALT reads
were seen in the father’'s BAM file in IGV (Figure 2.12). These reads were not present
in the WES file of proband 18’s father, potentially a result of the GATK-HC ploidy
settings but were subsequently confirmed to be high-quality with no evidence of
artifacts (Figure 2.12).

PM2-moderate was assigned due to the variant’s absence from gnomAD, though it
was noted that WES coverage across the region was reported to have failed gnomAD
QC. A PP2-supporting code was applied as the MTOR missense Z-score of 9.51
exceeded an updated threshold of 3.09, and regional missense constraint was 5.35 in
the surrounding genome. A PS4-supporting code was applied as an alternative variant
at the same residue (MTOR:c.5734G>A) had been reported as a somatic GOF
mutation in COSMIC (COSV63879685).

The LoGoFunc in silico predictor was queried to support PS3 scoring for the known
GOF mechanism of MTOR (Stein et al., 2023). The MTOR:c.5734G>T variant was
predicted to be GOF, with a score of 0.77. Additionally, the MTOR:c.5734G>A variant
has been reported in the COSMIC database, where it was also predicted to be GOF.
Thus, a PS3-strong code was applied as in silico and protein folding predictions for this
conserved amino acid suggest a mechanistic impact. This candidate variant was

classified likely pathogenic.
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Figure 2.12: The MTOR:c.5734G>T gonadosomatic SNP candidate detected in Family 18.

A) The genomic position (black line) in exon 41 of the MOTR leading to the pathogenic
p.D1912Y amino acid change in a missense hotspot. Image adapted from the DECIPHER
database Firth et al. (2009). B) IGV plot showing coverage and mapped reads supporting
the A at chr1:11128932C>A on the forward strand for the proband (top), mother (middle),
and father (bottom). Some evidence of gonadosomatic mosaicism is seen in father 18
with 2 alternate reads at a read depth of 21. No evidence for mosaicism in proband with
6 ALT reads at a depth 24. No evidence of sequencing artifacts, strand bias, read end
bias, low variant call quality, or low mapping quality was observed. The variant caller did
not pick up the ALT reads in the father, likely due to ploidy settings removing extreme
VAFs as sequencing error.
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2.3.5.4 Proband 23: KIF5C:c.1288G>T

A single candidate germline de novo SNP was identified in proband 23 with no
evidence of mosaicism across the trio (Table 2.5). The KIF5C:c.1288G>T missense
SNP results in a p.Asp430Tyr substitution in exon 12 of KIF5C, a kinesin motor protein
essential for neuronal development, axonal and dendritic function, and synaptic
transport through microtubule-mediated trafficking of mRNAs, vesicles, mitochondria,
and protein complexes (Banerjee et al., 2024, Hirokawa et al., 2010). The DDG2P
KIF5C gene is highly LOF-intolerant (pLI = 1.0, missense Z-score = 3.63) and is
moderately associated with autosomal dominant complex cortical dysplasia with other
brain malformations 2, according to the ClinGen Brain Malformations Gene Curation
Expert Panel (CCID:005233). However, since the published last curation, six additional
pathogenic variants have been reported in KIF5C in the literature. Thus, pathogenic
variants in KIF5C are rare, with only 12 cases being reported to date (Banerjee et al.,
2024).

Reported phenotypes associated with pathogenic KIF5C variants include severe
GDD/ID with absent speech, cortical abnormalities, corpus callosum anomalies,
seizures, severe behavioural problems, stereotypical hand movements, foetal
akinesia, microcephaly, and arthrogryposis (OMIM:615282) (Banerjee et al., 2024). In
proband 23, the phenotype only partially overlapped with KIF5C associated features
(Table 2.6). Proband 23 exhibited mild GDD with normal speech, and no seizures or
brain malformations. Additionally, the scoliosis and cardiac malformations reported in
proband 23 have not been previously associated with KIF5C. However, given the rarity
of pathogenic variants in KIF5C, and their clustering in the microtubule binding domain,

variants in other regions may manifest with atypical, milder presentations.

Consequently, a non-specific association between the GDD phenotype and KIF5C was
considered as partially causal or contributing to proband 23’s condition. Thus, PS2 was
only applied at supporting level, with a confirmation de novo status through no ALT
read support in either parent (Figure 2.13). Next, PM2-moderate was applied as the
variant was not found in gnomAD. A PP3-moderate code was applied as the
BayesDelnoAF prediction score was 0.30 (CADD = 31, REVEL = 0.629) (Table 2.5).
Finally, a PP2-supporting score was applied as the KIF5C missense Z-score from
gnomAD (3.63) was greater than the required 3.09. Thus, the cumulative ACMG/AMP

score of six points resulted in a likely pathogenic classification.
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Figure 2.13: The KIF5C:c.1288G>T germline de novo missense SNP detected in proband 23.

A) Its genomic position in exon 12 of the KIF5C gene leading to a Asp430Tyr substitution.
Image adapted from the DECIPHER database Firth et al. (2009). B) IGV plot of the
coverage and mapped reads supporting the T change at chr2:148973506 in the proband
(top), mother (middle), and father (bottom). Some evidence of mosaicism is seen in
proband 23 with 5 alternate reads at a read depth of 20, however it was not deemed
significant by EM-Mosaic. No evidence of sequencing artifacts, strand bias, read end
bias, low variant call quality, or low mapping quality was observed.
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2.3.5.5 Proband 41: CDKL5:c.978-14T>A

In proband 41, a candidate SNP was identified as germline de novo, with no evidence
of mosaicism and zero ALT read support both parents (Table 2.5) (Figure 2.14). The
CDKL5:c.978-14T>A variant is located 14 bp upstream of exon 12 in the cyclin-
dependent kinase-like 5 (CDKL5) gene, which encodes a serine/threonine protein
kinase involved in phosphorylation of substrate proteins critical for microtubule
dynamics, neuronal morphology, and synaptic function (Van Bergen et al., 2022).
CDKL5 is widely expressed in neurons during brain development and regulates actin
dynamics, synaptic vesicle recycling, dendritic growth, excitatory/inhibitory synaptic

balance, and overall network formation (Van Bergen et al., 2022).

Loss of CDKL5 function, which impairs dendritic branching and axonal morphology,
has been definitively associated with infant-onset X-linked dominant CDKL5 deficiency
disorder by the ClinGen Rett/Angelman Expert Panel (CCID:004403) (Van Bergen et
al., 2022). It is also known as developmental and epileptic encephalopathy 2
(OMIM:300672), and a Rett-like syndrome. However, it does not present with defining
Rett features such as regression and intense gaze (Van Bergen et al., 2022). Although
historically considered rare, pathogenic CDKL5 variants have now been reported in
the hundreds, establishing CDKL5 deficiency as one of the more common causes of

childhood epilepsy and severe neurodevelopmental delay (Van Bergen et al., 2022).

It is characterized by early-onset seizures (typically <3 months), often presenting as
infantile spasms, tonic, tonic-clonic, or myoclonic seizures, alongside severe GDD/ID,
speech delay, motor dysfunction, stereotypic hand movements, gastrointestinal issues,
musculoskeletal abnormalities, microcephaly, hypotonia, dysmorphic facial features,
and characteristic sleep disturbances (Van Bergen et al., 2022). Mosaic variants have
been described in males, with phenotypic severity influenced by X-inactivation patterns

in females (Van Bergen et al., 2022).

The reported CDKLS deficiency disorder symptoms overlapped significantly with
proband 41’s recorded phenotype (Tabel 2.6). Neither parent had any significant
overlapping phenotype, with the mothers reported Type Il diabetes mellitus not being
considered relevant to this case. Variant classification followed the ClinGen Rett and
Angelman-like Disorders Expert Panel Specifications to the ACMG/AMP guidelines for
CDKL5 (v4.0.0). The variant was confirmed germline de novo with no evidence of
mosaicism in proband 41 (VAF = 0.48, ALT = 21, DP = 44, EM-mosaic posterior odds
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= 0.03) and no read support in either parent (Figure 2.14). Thus, a PS2-strong code
was applied in line with the CDKL5 guidelines, in which pathogenic variants are mostly
de novo. A PM2-moderate code was applied as the variant was novel, not being

reported in the gnomAD database in a region with good coverage.

A PS3-strong code was applied for a SpliceAl acceptor loss prediction score of 0.89.
The variant, located 14 bp from a canonical splice acceptor site in the polypyrimidine
tract of exon 12, was predicted to create disrupt this site but introducing a cryptic
acceptor 2 bp downstream. Additional annotation with SpliceVault, predicted exon 12
skipping as the most likely outcome (Dawes et al., 2023). Finally, two canonical splice
acceptor site disruption variants CDKL5:¢c.978-2A>G and ¢.978-1G>A have recently
been reported as likely pathogenic and pathogenic in ClinVar (RCV004724912.1 and
RCV002249337.1, respectively). Thus, the CDKL5:c.978-14T>A SNP was classified
as pathogenic with 10 ACMG/AMP points.

It is noted that a single reverse orientation read also carried the reference T allele,
suggesting possible strand bias. However, the variant strand odds ratio (SOR = 0.13)
was low, and no supporting reads were observed across other DDD-Africa samples,
making sequencing error unlikely. Nevertheless, orthogonal validation remains

essential to this out.
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Figure 2.14: The CDKL5:c.978-14T>A de novo splice polypyrimidine tract SNP detected in

proband 41.

A) Its genomic position in intron 11 of the CDKL5 gene leading to disruption of the
canonical splice acceptor gain site of exon 12. Image adapted from the DECIPHER
database Firth et al. (2009). B) IGV plot of the coverage and mapped reads supporting
the A change at chrX:18603888 in the proband (top), mother (middle), and father
(bottom). No evidence of mosaicism is seen in proband 41 with 21 alternate reads at a
read depth of 44. The region is only covered by forward reads at the intron exon
boundary. A single reverse read as present in the proband, which carried the variant.

This may indicate strand bias. However, SOR was 0.13.

No evidence of sequencing

artifacts, read end bias, low variant call quality, or low mapping quality was observed.
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2.3.5.6 Proband 53: NIPBL:c.2584A>G

A single candidate variant was identified in proband 53, with some evidence of low-
level gonadosomatic mosaicism in the father (Table 2.5) (Figure 2.15). The
NIPBL:c.2584A>G missense SNP introduces a p.Lys862Glu amino acid substitution in
exon 10 of the Nipped-B-like cohesion loading factor (NIPBL) protein. The NIPBL
protein forms a heterodimeric cohesion loading complex that facilitates the recruitment
of the cohesin complex onto DNA (Gao et al., 2019). It plays a crucial role in regulating
cohesin activity and maintaining 3D genome organization, influencing chromatin
remodelling, DNA repair, and transcriptional regulation at CTCF-binding sites (Gao et
al., 2019). Mutations in NIPBL have been shown to dysregulate transcription and
translation, induce DNA repair errors, and lead to genome instability (Garcia et al.,
2021). NIPBL is a highly LOF-intolerant DDG2P gene (pLI =1.0, missense Z-score =
6.70) that has been definitively linked to autosomal dominant Cornelia de Lange
syndrome 1 by the ClinGen Intellectual Disability and Autism Gene Curation Expert
Panel (CCID:005644). Variants in NIPBL are most often de novo and are associated

with more severe phenotype (Gruca-Stryjak et al., 2024).

Classic Cornelia de Lange syndrome presents with characteristic features, developing
prenatally. This includes foetal growth restriction, limb deformities, hand abnormalities,
cardiac malformations, microcephaly, micrognathia, congenital diaphragmatic hernia,
renal anomalies, hypertonicity, GDD/ID with speech delay, and distinctive facial
dysmorphism (OMIM: 122470) (Gruca-Stryjak et al., 2024). Mild to moderate
sensorineural hearing loss has also been reported in up to 65% of patients, and mosaic
pathogenic NIPBL variants have been identified in up to 20% of cases (Huisman et al.,
2013, Gruca-Stryjak et al., 2024). Thus, clinical curation revealed significant overlap
between proband 53’s reported phenotype and Cornelia de Lange syndrome (Table
2.6). Importantly, the father of proband 53 was also recorded as having hearing
impairment, which was identified as a relevant phenotypic overlap further supporting
the mosaic diagnoses. However, it has also been shown that missense variants in
NIPBL may present with milder phenotype (Gruca-Stryjak et al., 2024). Thus, it is
possible that the variant is constitutionally heterozygous in the father. Unfortunately,
the low sequencing coverage in the father (DP = 8, ALT = 4) made it impossible to
determine the true VAF with high confidence. In fact, most WES pipelines would
exclude this variant. The low-level mosaicism pipeline in this study only required 2 ALT

read support in a parent for a clinically relevant variant in the proband for inclusion.
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Thus, for the purpose of this analysis, it was assumed that the NIPBL:c.2584A>G
missense SNP was gonadosomatic going forward, in line with the pipeline which led to
its discovery. This did make curation a challenge, with conservative PM6-supporting
code being assigned to account for inheritance and phenotypic uncertainty. The
father's overlapping, but less severe hearing impairment phenotype, was evidence for
the variant segregating as a single meiotic event within the family, justifying the scoring
of PP1-supporting as well. The variant was present in gnomAD 4.1.0, at a WES derived
MAF of 6.842x10°7, reflecting a total allele count of 1. However, as this frequency was
less than the calculated maximum credible allele frequency for NIPBL and Cornelia De
Lange Type 1 of 7.0X10°%7, a PM2-moderate code could be applied. A PP3 code was
applied at the supporting level for a BayesDelnoAF score of 0.25 (REVEL = 0.48,
CADD = 22.3). Finally, a PP2 code was applied at a supporting level for a gnomAD
missense Z-score was 6.70, suggesting significant missense intolerance in NIPBL, and
missense mutations being a known mechanism of disease. The variant was reported
as VUS on ClinVar (2stars) (VCV000450053.8), which was not sufficient as evidence
for pathogenicity or benignity. The resulting ACMG/AMP score of six points lead to a

classification of likely pathogenic.

Although the four ALT reads in the father suggest VAF constitutional heterozygosity,
the low coverage makes definitive confirmation impossible. Multiple lines of evidence
indicate that a gonadosomatic mosaic origin is at least equally, if not more, plausible.
First, the variant is extremely rare in population databases (disease prevalence ~0.6
per 100,000), NIPBL is highly dosage-sensitive with an autosomal dominant
mechanism of inheritance, and severe phenotypes usually manifest prenatally when
NIPBL is disrupted (Gruca-Stryjak et al., 2024). Mild or late-onset presentations are
uncommon, making it unlikely that a constitutive germline variant would remain largely
silent for over 40 years in the father. This is consistent with prior reports showing that
most pathogenic NIPBL variants arise de novo and are frequently mosaic (Gruca-
Stryjak et al., 2024). Second, the father’s phenotype of isolated, milder sensorineural
hearing loss aligns with the attenuated or tissue-restricted effects expected in
mosaicism, which is in stark contrast to the proband’s broader syndrome consistent
with full constitutional heterozygosity (Table 2.6). While variable expressivity is
recognised in Cornelia de Lange syndrome, there is sparse evidence for true
incomplete penetrance of NIPBL variants, further arguing against a lesser impactful
germline heterozygote state (OMIM: 122470) (CCID:005644) (Gruca-Stryjak et al.,
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2024). Third, the shallow sequencing depth at this locus reduces confidence in allele
balance estimates, meaning the apparent VAF of 0.5 could reflect stochastic sampling
rather than true constitutional heterozygosity. Taken together, a reasonable
assumption is a gonadosomatic PZM in the father, present at sufficient frequency in
germ cells to for high risk of inheritance, but at lower or variable levels in peripheral
blood. However, a germline heterozygote with unusually mild expressivity cannot be
excluded, as mosaic and germline cases often present with similar severity (Gruca-
Stryjak et al.,, 2024). For this reason, PMG6-supporting rather than PS2 was
conservatively applied, reflecting this uncertainty and the strength of evidence for
inheritance. This interpretation best explains the observed family phenotype, avoids a
potential false positive de novo germline event with major counselling implications, and
justifies prioritisation of this variant for targeted orthogonal validation. It noteworthy that
variant is reported as VUS on ClinVar (VCV000450053.8), and that proband 53 also
has a prior diagnosis for a confirmed de novo pathogenic AUTS2 variant from parallel
analysis (Appendix F). However, given the father’s phenotype which is not explained
by the de novo AUTSZ2 variant, the NIPBL variant could plausibly contribute to the

phenotype through epistatic interaction.
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Figure 2.15: The NIPBL:c.2584A>G gonadosomatic missense SNP in Family 53

A) The genomic position (golden line) of the NIBPL:p.Lys862Glu amino acid
change in a missense hotspot in exon 10. Image adapted from the DECIPHER
database Firth et al. (2009). B) IGV plot showing coverage and mapped reads
supporting the G at chr5:36985764 on the forward strand for the proband (top),
mother (middle), and father (bottom). Some evidence of gonadosomatic
mosaicism is seen in father 53 with 4 alternate reads at a read depth of 8. No
evidence for mosaicism in proband53 with 7 ALT reads at a depth 14. No evidence
of sequencing artifacts, strand bias, read end bias, low variant call quality, or low

mapping quality was observed. Read depth was very low in this region especially
for the father.

2.3.5.7 Proband 66: RFX7:c.812-3C>A

A candidate non-canonical splice site variant was identified in proband 66 with
moderate evidence of mosaicism (Posterior Odds = 7.84, VAF = 0.20, ALT = 5, DP =
25) (Table 2.5) (Figure 2.16). Although the EM-mosaic posterior odds did not exceed
the >10 threshold, post odds of 7.84 at this depth was considered sufficiently strong to
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support mosaicism and warranted further investigation. The RFX7:c.812-3C>A variant
was predicted by SpliceAl to create a cryptic splice acceptor site 65 bp upstream (AG
= 0.54). The variant was identified through the non-DDG2P LOF panel (pLI = 1.0) as
RFX7 is not currently included in DDG2P. It encodes Regulatory Factor X 7 a highly
conserved transcription factor with numerous gene targets and high expression in the
brain (Sugiaman-Trapman et al., 2018). It has been shown to play an important role in
cilia development during early embryogenesis and regulates central nervous system
gene expression (Chu et al., 2010). Dysregulation of RFX7 has very recently been
associated with a spectrum of neurodevelopmental phenotypes, including GDD/ID with
speech delay, hypotonia, abnormal brain morphology, ASD features with behavioural
disturbances, hand and foot malformations, joint hyperlaxity, micrognathia,
microcephaly, failure to thrive, and variable dysmorphic features (OMIM: 620330).
Despite the relatively sparse literature, these findings indicate RFX7 is functionally
important during development. Apart from hearing impairment and pectus excavatum,
proband 66’s phenotype overlapped significantly with RFX7 associated phenotypes
(Table 2.6).

The RFX7:.c.812-3C>A splice variant was confirmed de novo and mosaic with
significant overlapping phenotype and no read support in either parent, resulting in a
score of PS2-strong. The SpliceAl prediction of cryptic acceptor gain within exon 8
resulted in a PP3 classification at moderate level. Further annotation of the variant with
SpliceVault, confirmed a predicted cryptic acceptor gain that results in aberrant splicing
and loss of 62 bp of exon 8 (Dawes et al., 2023). Finally, a PM2-moderate score was
applied as the variant present in gnomAD in a region with good overall sequencing
coverage. The final ACMG/AMP score of eight led to a classification of likely

pathogenic.

A pathogenic maternally inherited EHMT1 variant was identified through parallel
analyses (Appendix F). In this study, EHMT1:c.2073dup was shown to have strong
evidence of gonadosomatic mosaicism in the mother (VAF = 0.11, ALT = 10, DP = 88,
FDR binomial p-value = 1.03 x 10-'?, unadjusted binomial p-value = 3.33 x 10-'%) (Table
2.5). This variant also explains proband 66’s phenotype. Thus, it was recommended
for mosaicism confirmation, with significant implications for recurrence risk counselling.
It is unclear whether proband 66’s phenotype is primarily attributable to the mosaic
RFX7 splicing variant, the inherited EHMT1:¢.2073dup variant or a potential interaction
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between the two. Further functional validation and segregation testing are required to

resolve the causal contribution of each variant.
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Figure 2.16: The RFX7:c812-3C>A mosaic splice altering SNP candidate in family 66.

A) The genomic position (black line) in exon 9 of the RFX7 leading to an acceptor gain
splice variant. Image adapted from the DECIPHER database Firth et al. (2009). B) IGV
plot showing coverage and mapped reads on the forward strand for the proband (top),
mother (middle), and father (bottom). Evidence of mosaicism is seen in Proband 66 with
5 alternate reads at a read depth of 25. No evidence of sequencing artifacts, strand bias,
read end bias, low variant call quality, or low mapping quality was observed. Read depth

was very low in this region especially for the father
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2.3.5.8 Proband 112: NFE2L 2:c.1688-1690del
In proband 112, the NFEZ2L2:c.1688-1690del variant was identified with strong

evidence of maternal gonadosomatic inheritance (Tabel 2.5) (Figure 2.17). This in-
frame deletion removes a single, highly conserved glutamic acid at position 536 of the
Nuclear factor erythroid 2-related factor 2 (NRF2) transcription factor protein, which is
encoded by the NRF2 like basic leucine zipper transcription factor 2 (NFE2L2) gene.
NRF2 is a master regulator of the cellular stress response, orchestrating the
expression of over 200 genes in response to oxidative stress, hypoxia, genotoxins,
nutrient imbalance, and infection (Dai et al., 2020, Huppke et al., 2017). Normally
NRF2 activity is suppressed. However, during embryogenesis it is strongly expressed
in embryonic stem cells, where it is essential for survival, self-renewal, and
differentiation through the regulation of pluripotency genes. NRF2 also links stem cell
cycles to neuroectodermal development and, in later life, supports neuronal and
mesenchymal stem cell survival, regeneration, and proliferation under stress (Dai et
al., 2020, Huppke et al., 2017).

Gain-of-function missense variants in NFE2L2 have been shown to disrupt NRF2’s
inactivation, resulting in aberrant upregulation of downstream stress-response genes.
Pathogenic NFE2L2 variants are associated with immunodeficiency, developmental
delay, and hypohomocysteinemia, with affected individuals presenting with recurrent
infections, GDD/ID with speech and learning difficulties, white matter abnormalities,
and leukoencephalopathy (OMIM:617744) (Huppke et al., 2017). Additional phenotypic
presentations include failure to thrive, short stature, muscular dystrophy and

weakness, cardiac abnormalities, and abnormalities of the eyes (Huppke et al., 2017).

The clinical features of proband 112 showed significant overlap with published cases
of NFE2L2 dysregulation, including mild GDD with speech delay, failure to thrive,
cardiac ventricular abnormalities, visual impairment, and pigmentation anomalies
(Table 2.6). However, immunodeficiency and hypohomocysteinemia, which are
hallmark features of previously reported cases, were not present (OMIM:617744).
Proband 112’s reported musculoskeletal abnormalities and facial dysmorphia have not
been explicitly associated with NFE2L2, though DECIPHER records report hand and
musculoskeletal anomalies in two unrelated individuals with pathogenic variants
(https://www.deciphergenomics.org/gene/NFE2L2/phenotypes/). No relevant features

were recorded in either parent (Table 2.6).
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The NFE2L2:c.1688_1690del variant was confirmed germline heterozygous in
proband 112 (VAF = 0.64, ALT = 9, DP = 14) and exhibited supporting evidence of
gonadosomatic mosaicism in the mother (VAF = 0.22, ALT = 4, DP = 18, FDR-adjusted
binomial p-value = 0.11). Although read depth was low in both proband and parents,
and the FDR adjusted p-value did not reach the <0.1 significance threshold, the
observed VAF of 0.22 was considered suggestive of mosaicism and sufficient to
warrant future validation using an orthogonal method. On this basis, a PM6-moderate
code was applied for assumed gonadosomatic de novo origin and overlapping
phenotype. A PM2-moderate code was also applied due to the absence of the variant

in gnomAD.

A PM4-moderate code was applied as this in-frame deletion is in a non-repetitive region
and altered protein length. Further support for the maximum allowed level of PM4 as
moderate was provided by MutationTaster2021 annotation, which classified the variant
as deleterious. Additionally, the deleted glutamic acid is highly conserved across
species. The reported mechanism of disease for NFE2L2 is GOF. Although all four
previously reported cases involved missense changes at residues 80 and 81, the
c.1688 1690del variant lies just two residues from the boundary of the basic leucine
zipper domain and upstream of predicted glycosylation sites (Figure 2.17). This
suggests that deletion of Glu563 could plausibly alter domain conformation or interfere
with glycosylation. While the specific mechanism by which this variant may act through
GOF remains unclear, further investigation was recommended. A final ACMG/AMP

score of six supported a classification of likely pathogenic.
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Figure 2.17: The NFE2L 2:c.1688-1690del gonadosomatic in-frame INDEL in Family 112

A) The genomic position (golden line) of the NFE2L2:¢c.1688-1690del of Glu563 in exon
5 just downstream the bzip domain. Image adapted from the DECIPHER database Firth
et al. (2009). B) IGV plot showing coverage and mapped reads supporting the deletion of
CTT at chr2: 177230912 on the reverse strand for the proband (top), mother (middle),
and father (bottom). Some evidence of gonadosomatic mosaicism is seen in mother 112
with 6 alternate reads at a read depth of 20. No evidence for mosaicism in proband53
with 9 ALT reads at a depth 14. No evidence of sequencing artifacts, strand bias, read
end bias, low variant call quality, or low mapping quality was observed. Read depth was
very low in this region.
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2.3.5.9 Proband 130: KMT2A:c.3576A>C
A candidate missense SNP, KMT2A:c.3576A>C, which results in a p.Arg1192Ser

substitution in exon 6 was identified in proband 130. KMT2A encodes lysine
methyltransferase 2A, a ubiquitously expressed protein that catalyses the methylation
of histone H3 at lysine 4 (H3K4), activating transcription through modulation of
chromatin accessibility (Castiglioni et al., 2022). This activity is essential for early
embryogenesis and haematopoiesis, with additional functions reported in the

regulation of circadian rhythms (Castiglioni et al., 2022).

KMTZ2A is a highly LOF and missense intolerant DDG2P gene (pLI = 1.0, missense Z-
score = 8.79) that has been definitively linked to autosomal dominant Wiedemann-
Steiner syndrome by the ClinGen Syndromic Disorders Gene Curation Expert Panel
(CCID:005249) (OMIM: 605130). The disease mechanism is typically LOF, but
pathogenic missense variants have also been reported (CCID:005249). This rare
syndrome is characterised by a spectrum of clinical findings, including mild to profound
GDD/ID with speech delay, ASD features, behavioural dysregulation, agenesis or
hypoplasia of the corpus callosum, musculoskeletal anomalies of the hands and feet,
cardiac abnormalities, failure to thrive, hypotonia, and distinctive facial dysmorphia with
abnormal dentition (OMIM: 605130) (Castiglioni et al., 2022). Dysregulation of KMT2A
has also been reported in other chromatinopathies, including Coffin-Siris syndrome,
Kabuki syndrome, Cornelia De Lange syndrome, and Rubinstein-Taybi syndrome
(Castiglioni et al., 2022). Thus, proband 130’s phenotype showed significant and

specific overlap with these reported features (Table 2.6).

The KMT2A:c.3576A>C missense SNP was confirmed germline de novo in proband
130, with no evidence of mosaicism and no read support in either parent (VAF = 0.63,
ALT = 26, DP = 41, EM-Mosaic posterior odds = 0) (Table 2.5) (Figure 2.18). Thus, a
code of PS2 at the moderate level was applied. Additionally, a PM2-moderate code
was applied as the variant was absent from the gnomAD database. The BayesDelnoAF
prediction score for pathogenicity was 0.28 (CADD = 23.4, REVEL = 0.86) resulting in
the application of a PP3-moderate code. A PP2-suporting code was applied as
pathogenic missense mutations have been previously reported in KMT2A (missense
Z-score of 8.79). Lastly, a PM1-moderate code was applied as Arg1192Ser is predicted
to disrupt zinc and DNA-binding affinity of the CXXC-type zinc finger domain (UniProt:
Q03164-3). The final ACMG/AMP score was 11, supporting a pathogenic classification.
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Figure 2.18: The KMT2A:c.3576A>C germline de novo missense SNP detected in proband 130.

A) Its genomic position in exon 6 of the KMT2A gene leading to a Arg1192Ser substitution
in a UniProt domain of interest. Image adapted from the DECIPHER database Firth et al.
(2009). B) IGV plot of the coverage and mapped reads supporting the C change at chr11:
118480180 in the proband (top), mother (middle), and father (bottom). No evidence of
mosaicism is seen in proband 130 with 26 alternate reads at a read depth of 41. No
evidence of sequencing artifacts, strand bias, read end bias, low variant call quality, or
low mapping quality was observed.
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2.3.5.10 Variants of uncertain significance

Five of the candidate variants that passed both variant prioritization and quality control
were classified as variants of uncertain significance (VUS) (Appendix H). Three of
these occurred in RORB, POLR3B, and OTX2, which are known DDG2P genes. These
cases showed partial phenotypic concordance with reported features but ultimately

lacked sufficient evidence to support a likely pathogenic classification.

A novel RORB:c.601G>T missense SNP appeared to partially account for the GDD/ID
observed in proband 17, particularly in the context of the PMP22:¢.448G>C SNP (Table
2.6). However, RORB has been specifically associated with susceptibility to idiopathic
epilepsy, and seizures were not reported in proband 17 (OMIM: 618357). Furthermore,
the variant did not meet the criteria for PP3 even at a supporting level, although both
CADD (27.1) and REVEL (0.66) suggested pathogenicity. In the absence of stronger
functional evidence or a more specific phenotypic association, the variant remained
classified as a VUS. Nevertheless, it may be contributing to proband 17’s phenotype

through epistatic interactions.

A second candidate variant, POLR3B:c.2714-16A>G, which was predicted to affect
splicing (SpliceAl AG = 0.65) was identified in proband 58. POLR3B is associated with
demyelinating Charcot—Marie—Tooth disease type 11 (OMIM: 619742). The variant was
also exceptionally rare, being reported only five times in gnomAD v4.1.0. Inheritance
was consistent with suspected gonadosomatic mosaicism in the unaffected father.
While these findings suggested the potential for a likely pathogenic classification,
proband 58 had a prior confirmed diagnosis of MFSD8-related neuronal ceroid
lipofuscinosis through parallel analysis. This diagnosis also explained the presence of
similarly affected siblings. Thus, the POLR3B variant could not be confidently classified
as likely pathogenic, despite its apparent functional impact. The third case involved the
OTX2:c.421C>T SNP in proband 75, which showed strong phenotypic concordance
and good evidence for pathogenicity. However, the variant has been reported with an
allele count of 5 in gnomAD, which is sufficient for a BS2-supporting code in autosomal

dominant disorders. Thus, it could not be classified past VUS.

Two additional VUS variants were identified in MATN3 and TSC2, both of which were
predicted to be functionally impactful but occurred in genes with highly specific disease
associations that did not sufficiently overlap (Appendix H). The MATN3 variant,

associated with autosomal dominant multiple epiphyseal dysplasia, was identified in
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proband 46, who was reported to have signs of undergrowth. While this phenotype
overlapped, the variant did not account for additional features of proband 46, including
GDD with delayed speech, cerebral atrophy, and dysmorphic features. The variant may
nevertheless be partially contributing to the phenotype, particularly as it was confirmed
to be postzygotic mosaic. However, it was determined to be insufficient for a likely
pathogenic classification. Proband 108 harboured a TSC2 variant yet exhibited no
features consistent with Tuberous Sclerosis Complex 2, which has a highly specific

and recognisable phenotype.

Taken together, these five variants highlighted the interpretive challenges of variants
of uncertain significance. They may partially explain observed phenotypes or suggest
intriguing mechanisms, such as mosaic contribution, but without stronger support from
functional, segregation, or population-level evidence, their pathogenicity remains
inconclusive. Future clinical curations with emergent evidence may allow for

reclassification.

2.3.6 Diagnostic yield potential in a best-case scenario

Of the 62 trios included in the final analysis, 24 already had confirmed molecular
diagnoses through parallel DDD-Africa pipelines, giving a pre-screening diagnostic
yield of 38.71%. Twenty-one of these were small variants, comprising 16 DNMs and
five inherited variants (Appendix F). Thus, prior yields in this cohort were ~25.81% for
DNMs and 8.06% for inherited small variants. The proband and parental variant
prioritization pipelines presented in this chapter successfully captured all 16 previously
confirmed DNMs and additionally identified one autosomal-dominant heterozygote
missed by parallel analysis, demonstrating both the sensitivity of the approach and its

viability as an alternative pipeline for trio-WES.

Beyond recapitulating the known diagnoses, this analysis added nine new candidate
variants in probands 1, 17, 18, 23, 41, 53, 66, 112, and 130. Excluding proband 53,
who already had a confirmed pathogenic diagnosis, eight were in previously
undiagnosed probands. These comprised three putative germline DNMs, three
inherited gonadosomatic variants, two mosaic PZMs, and one previously reported
DNM reclassified as mosaic in this study. The probability that these candidates validate

is difficult to predict, but insights from large-scale studies provide a benchmark.
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Validation rates for mosaic candidates vary widely depending on detection method,
mosaic variant characteristics, sequencing depth, VAF, and validation methodology
(Wright et al., 2019). For proband SNPs, EM-Mosaic reported ~88% validation when
posterior odds 210 were used with trio-WES at ~60x depth (Hsieh et al., 2020).
However, validation rates for INDELs and inherited parental mosaics are more modest.
The DDD-UK study reported sensitivity of 69% and specificity of 84% for child PZMs
using binomial p-values <0.0001, with a positive predictive value (PPV) of 73% (Wright
et al., 2019). For inherited parental mosaicism, only ~5% of candidates with a single
ALT read validated as mosaics, compared with ~42% when =2 ALT reads were present.
These results underscore that validation rates are strongly tied to VAF, which is itself
dependant on read depth and related to binomial p-values (Wright et al., 2019).
Additional biological and technical factors further influence rates of validation. Variants
with low VAF (<10%) are challenging to confirm with Sanger sequencing which lacks
the sensitivity to detect them, necessitating ultra-deep targeted NGS or digital droplet
PCR (Wright et al., 2023). Tissue distribution adds another layer of complexity as
mosaic variants confined to affected tissues may be undetectable in blood, while
expanded CH in older individuals can confound interpretation of multi-tissue PZMs
(Hsieh et al., 2020). Finally, validation rates depend on platform-specific error rates,

and overall sequencing quality.

Given these considerations, realistic validation expectations for this study may range
from 60-80% for the SNPs candidates, and from 40-60% for the inherited parental
variants, dependant on VAF. DNMs are expected to validate at close to 100%. Thus,
in a best-case scenario where all new candidates are confirmed, the yield across the
62 trios would rise to 51.61% (32/62), comprising 18 DNMs (29.03%), 3 proband PZMs
(4.84%), and 8 inherited variants (12.90%). Even if fewer candidates validate, the
ability to recapture all previously reported DNMs demonstrates the robustness of the
strategy and highlights its potential to meaningfully increase diagnostic yield in African

cohorts.
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2.4 Discussion

The analyses described in this objective show that putative pathogenic PZMs could be
screened for from standard trio-WES data in a resource limited African setting, with
significant implications for DD affected families. This analysis leveraged the DDD-
Africa trio study design to expand on conventional proband de novo small variant

analysis to include putative PZM while accounting for likely false positives.

Two complementary variant prioritization strategies were successfully implemented
within the DDD-small variant analysis to screen for evidence of post-zygotic mosaicism
in affected DD probands and gonadosomatic mosaicism in their parents. The EM-
Mosaic tool, applied through the proband variant prioritization strategy, successfully
identified all previously confirmed germline DNMs from parallel DDD-Africa analysis,
as well as three additional germline DNMs. By expanding the VAF thresholds beyond
those used in conventional DNM prioritization pipelines as part of standard QC, this
analysis effectively detected variants consistent with post-zygotic mosaicism,
identifying three pathogenic or likely pathogenic small variant candidates in two
probands. Additionally, one variant initially assumed to be a DNM in parallel analyses
in NSD2 demonstrated strong evidence of mosaicism, with important implications for

recurrence risk assessment.

The use of trio-WES also enabled the screening of parental gonadosomatic mosaic
variants, which are inherited as germline heterozygotes in affected probands. These
variants would typically be missed by standard prioritization strategies employing
stricter VAF filtering thresholds. Although the EM-Mosaic tool could not be incorporated
into this aspect of the analysis, the approach nonetheless identified two high-level
novel gonadosomatic candidates and two low-level candidates in four probands with
no prior molecular diagnoses. Furthermore, this strategy detected evidence of
gonadosomatic mosaicism in a previously identified EHMT1 variant that had initially
been assumed to be constitutionally inherited, with significant implications for

recurrence risk assessment.

Overall, the expansion of DNM and inherited variant prioritization strategies to include
variants with significant VAF deviations, combined with the implementation of filtering
approaches and statistical tools to mitigate false positives from technical artifacts,
improved the potential diagnostic yield of trio-WES in 62 DDD-Africa families. In total,

twelve candidate variants were recommended for further validation using more
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sensitive methods for detecting mosaicism. Novel candidate variants were identified in
eight probands without prior diagnoses in DDD-Africa, and two previously reported
variants were reclassified as having evidence of mosaicism, with important implications
for recurrence risk counselling. The potential diagnostic yield increased from 37.81%
to 51.62% across the 62 probands in a best-case scenario. These findings support the

inclusion of mosaicism as a contributing factor to DD burden in trio-WES analyses.

2.4.1 Estimated DNM rates in DDD-Africa

Using this pipeline, 182 high confidence de novo SNPs and 29 high confidence de
novo INDELs were identified in 53 probands and 22 probands respectively. This
equated to 3.43 coding de novo SNPs and 1.32 coding de novo INDELs per DDD-
Africa proband. The average mutational rates of SNPs and small INDELs across the
genome are approximately 1.29X10% and 0.69X10°%° respectively, giving rise to
approximately 40 de novo SNPs and 3 de novo INDELS genome wide per person per
generation (Jonsson et al., 2017, Kloosterman et al., 2015). This translates to
approximately 1 expected de novo variant in the protein coding region of the genome

per person per generation, with coding INDELSs being even rarer (Koboldt, 2020).

The coding de novo variant rate per proband in this analysis is 3-4 times higher than
these estimates. Part of this discrepancy is the inclusion of PZMs to the calculation.
However, even after stratifying into only the likely germline coding de novo variants
(2.75 de novo SNPs and 0.82 germline de novo INDELs per proband) the rate of
detection is still higher than previous estimates. It is possible that a significant
proportion of these detected variants were false positives caused by sequencing
artifacts that passed VQSR recalibration. Evidence for this hypothesis was supported
by the number of variants that passed VQSR but had significant evidence of strand
bias, in the form of elevated SOR, upon visual inspection in previous runs of this
analysis. This led to the addition of hard strand bias filters during curation, a common
and essential QC step when mosaic variants often incorporated into the analysis.
However not all the 211 candidate de novo variants were visually inspected, especially

those outside of candidate genes.

An intriguing hypothesis has been that local DNM rates differ across populations.
African ancestry populations are known to harbour significantly higher genetic diversity
than the European ancestry cohorts that make up most of the studies from which the
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DNM rates have been calculated, with higher heterozygosity rates and smaller
haplotype blocks across the genome (Choudhury et al., 2020). The “Heterozygote
Instability” hypothesis states that gene conversion events at heterozygous sites during
meiosis could increase local mutation rates (Amos, 2013). Substitution rates were
investigated in the 1000 genomes project and were found to be consistently higher in
African populations than non-Africans (Amos, 2013). However, a recent investigation
into population specific DNM rates found no significant difference in DNM rates
between populations even after accounting for parental age (Kessler et al., 2020). They
also found no significant relationship between heterozygosity rate and DNM rate when
accounting for parental age (Kessler et al., 2020). Finally, they found that DNM rates
are not heritable and are more likely to be influenced by environmental factors (Kessler
et al., 2020). All together this suggests that the increased rate of DNMs seen in the
DDD-Africa cohort it most likely due to technical factors, methodology, and cohort

specific environmental factors that may influence DNM enrichment.

The largest factor that would impact DNM rate in this cohort is parental age.
Constitutional proband DNMs originate as germline mosaic variations in a single
parent, usually not being detectable in the parental somatic cells, and are transmitted
to the offspring as constitutional heterozygote variants (Mohiuddin et al., 2022).
Intuitively, a significant parental age effect at conception is seen in offspring with the
number of DNMs detected increasing by approximately 1-3 per year for fathers and
0.24 DNMs per year for mothers (Acuna-Hidalgo et al., 2016). The sex disparity results
from oogonia arresting in meiosis-l and only undergoing another round of DNA
replication when maturing during meiosis-Il, whereas spermatogonia stem cells are
prolifically proliferative, generating ~1000 new cells per second (Fayomi and Orwig,
2018, Lee et al., 2023). Additionally, 80% of DNMs phase to the paternal haplotype
(Sasani et al., 2019). The -contribution of parental mosaicism to apparently
constitutional DNMs has been significantly underestimated, with studies suggesting
that 10-20% of reported single-event DNMs may originate from undetected parental

germline or gonadosomatic mosaicism (Acuna-Hidalgo et al., 2016, Lee et al., 2023).

It was not possible to determine the parental origin of germline DNMs in the DDD-
Africa probands in this analysis. This should be a future direction, as variants
originating from the paternal haplotype could point to potential germline confined low-
level mosaicism in the spermatogonia stem cells. These fathers could have their sperm

cells genotyped at higher coverage, and in cases where low-level mosaicism is found
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updated recurrence risk estimates could be given to affected families. Of particular
interest would DNMs in DD associated genes. Previous investigations have found
enrichment of damaging DNMs in DD cohorts (McRae et al., 2017). There is some
weak preliminary evidence to suggest that this may be the case in the DDD-Africa
cohort as well. Of the 211 DNMs, 59 (27.96%) were in known DDG2P genes. Another
41 (19.11%) were in non-DDG2P genes that are predicted to be high intolerant to LOF,
in which additional DD associated genes are likely to be found in the future. The
evidence becomes slightly stronger when considering only the most deleterious LOF
SNPs and INDELs. Of the 39 predicted LOF variants, 14 (35.89%) were in known
DDG2P genes.

A larger cohort of probands from full trios will be needed to fully investigate the DNM
rate and enrichment in the DDD-Africa cohort, considering cohort specific mutation
rates, genetic diversity in Africans, cohort specific selection pressures, parental age
effects, and genetic drift. It will be very interesting to see these results as the higher
genetic diversity seen across African populations and the lack of representative African
samples in population matched control databases means that there is a significant

chance for novel DD variant and gene discovery.

2.4.2 Technical considerations

This analysis used the EM-Mosaic tool to identify candidate de novo SNPs with
significant evidence of arising post-zygotically in DD-affected probands. However, EM-
Mosaic could not be applied to mosaic INDELs, as the authors note that the
downstream beta-binomial model parameters for INDELs were unstable (Hsieh et al.,
2020). Because EM-Mosaic estimates prior model parameters directly from the input
data, the algorithm is highly sensitive to variation in the input set. When INDEL data
are included, inaccurate overdispersion estimates are produced, which in turn lead to
incorrect adjustment of mosaic SNP posterior odds (Hsieh et al., 2020). For this
reason, and because INDELs have distinct mutational mechanisms and rates, INDELs
were analysed separately from SNPs in the proband variant prioritisation strategy,
although similar quality-control thresholds were applied to both to maintain

consistency.

An additional advantage of EM-Mosaic is the incorporation of an excess DNM filter,
and an FDR-based minimum ALT read support filter. The excess DNM filter identified
143



probands 11, 29, and 70 as having markedly elevated candidate DNM counts
compared with the rest of the cohort (Table 2.2). Further investigation of inherited
variant counts suggested that the paternal samples used in the trio-WES for these
probands were likely incorrect, potentially due to sample handling errors or
mislabelling. As contamination was already accounted for during variant-calling QC,
sample misidentification remains the most plausible explanation. Another possible
explanation is incorrect disclosure of paternity: if the reported fathers were not the
biological fathers, paternally inherited variants would have been misclassified as
DNMs. This hypothesis was supported by the observation that these probands had
markedly fewer paternally inherited variants than the rest of the cohort, with no
paternally inherited SNPs or INDELs passing QC in probands 11, 29, or 70, compared
with cohort means of 14.10 and 0.50, respectively. As a result, these trios were
excluded from the proband variant prioritisation strategy but were retained in the

maternal gonadosomatic mosaicism pipeline.

The FDR-based minimum ALT read support filter further removes variants at total read
depths that are more likely to be technical artefacts introduced by the lllumina NovaSeq
6000 platform. In comparison, the DDD-UK approach included all variants with ALT
reads =2 (Wright et al., 2019). However, at low total read depths, in genomic regions
that are difficult to sequence, and at the beginnings and ends of exons, it is difficult to
distinguish sequencing errors from true mosaics. The DDD-UK strategy prioritised
sensitivity over specificity, with confirmation achieved by ultra—high-depth sequencing
of all candidates. In a resource-constrained setting, this approach is not always
feasible. The FDR-based minimum ALT read support filter therefore adds a layer of

statistical confidence, improving the specificity of mosaic calls.

A prior run of EM-Mosaic in this analysis, without applying a minimum ALT read support
threshold for QC, resulted in all candidate DNMs with <3 ALT reads being excluded.
None of these variants passed the filter at the total read depths achieved by WES on
the lllumina NovaSeq 6000 platform. Including variants with ALT reads of 4 required
substantial overdispersion correction and led to a significantly higher proportion of
DNMs being classified as mosaic rather than germline. The initial mosaic fraction
estimate by the EM algorithm exceeded 90% in this scenario. Variants with ALT = 4 at
total read depths >10 tended to fall in a VAF range 0.20-0.30, which negatively affected
EM-Mosaic’s estimation of initial model parameters and inflated the initial mosaic

fraction. These variants were therefore assumed to be enriched for false positives.
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Restricting to variants with ALT =26 corrected this problem, resulting in VAF variance
that fit the beta-binomial model more closely, less overdispersion correction, and
downstream model estimates that aligned better with the literature. However, as EM-
Mosaic WES in the original study was performed at higher coverage, this threshold
caused a loss of sensitivity in the DDD-Africa data, leading to many true positive
mosaic and germline variants being excluded. A compromise threshold of ALT =5 and
REF =5 was therefore applied, balancing sensitivity and specificity. Variants passing
this filter produced model estimates and downstream mosaic fractions more consistent
with published reports. The trade-off was that true variants with fewer than 5 ALT reads
in low-coverage regions that are a known issue in WES, were likely missed, as
reflected by the estimated mosaic detection power of approximately 33% (Figure 2.7).
Nevertheless, most sequencing artefacts were likely removed by the chosen approach,
enriching the candidate list for true positives and enabling more confident

recommendations for costly validation assays.

The estimated fraction of mosaic SNPs and INDELs in the DDD-Africa probands was
0.19 and 0.38, respectively, giving a combined fraction of 0.22 DNMs predicted to have
arisen post-zygotically. In total, 47 PZMs were detected in 30 probands, equating to
1.57 PZMs per proband. Both SNP- and INDEL-based statistical approaches relied on
detecting deviations of VAF from expectation, but only SNPs incorporated correction
for overdispersion introduced by the WES protocol. This may partly explain the
discrepancy between fractions. Attempts to incorporate INDELs into EM-Mosaic were
abandoned, as their inclusion affected the mosaic status of SNPs in both directions,
consistent with the tool being specifically designed to exclude INDELs (Hsieh et al.,
2020). However, the detection of mosaic INDELs is a known limitation of all somatic
variant callers presently available, especially at lower VAFs (Ha et al., 2023). Thus,
even if another caller was used in this analysis, the INDELs would still need to be
cautiously interpreted. More work is needed in the development of tools to overcome

this limitation.

When using an FDR-adjusted binomial p-value <0.1 for SNPs, the estimated mosaic
fraction was 0.47, more than double the EM-Mosaic estimate and higher than reported
estimates of around 0.1 (Hsieh et al., 2020). The posterior odds cutoff of >10 chosen
here is reported to correspond to an FDR of 9.1%, which may be considered too
conservative (Hsieh et al., 2020). The EM-Mosaic authors predicted that around 61%

of variants with posterior odds between 1 - 10 are mosaic (Hsieh et al., 2020). In this

145



thesis 52 candidate classified as germline by EM-Mosaic had posterior odds >1 and
evidence of mosaicism. A substantial proportion of these are likely true mosaics,
particularly given the limited power of detection at this depth. Indeed, 44 of these would
also have passed the INDEL binomial test. Of the 11 INDEL PZM candidates, 8 were
considered high confidence with binomial p<0.0001, as were 16 of 36 SNP PZM
candidates. In the DDD-UK study, variants of this type validated as mosaic 73% of the
time. Assuming a similar validation rate here, ~17 PZMs would be expected to validate,
giving a mosaic fraction of 0.08 which is more comparable to estimates from other
studies (Hsieh et al., 2020).

However, like for like comparisons between studies cannot be made without controlling
for the variables which effect mosaic fraction estimates. These are the WES protocol
from sample collection to variant calling, and the statistical approach used to detect
evidence of mosaicism. This does also not take into consideration that both DNMs and
PZMs may be enriched for in African DD cohorts. This cannot be determined from the
data in this analysis for the above reasons. It must also be noted that the estimates
from this analysis are from standard 45X WES data, with the VAFs of DNMs not being
validated by higher depth sequencing. Additionally, EM-Mosaic power analysis
revealed that the DDD-Africa WES depth was powered to detect only a third of mosaic
SNPs in probands (Figure 2.7). A larger cohort of probands, with a larger number of
DNM candidates from which to estimate model parameters and overdispersion would
improve model estimates and fitting (Hsieh et al., 2020). In this context, the mosaic
fractions and VAF distributions reported in this analysis are pre-validation estimates
specific to only this cohort. To make fair comparisons to the estimates from the
literature, the cohort size must be expanded to comparable numbers, and the
methodology must be as similar as possible controlling for as many overdispersion

factors as possible.

A preliminary analysis was performed to investigate factors that may have influenced
the detection of PZMs in the DDD-Africa cohort. No significant relationships were found
between proband sex (Coeff. = 0.052, p = 0.85), proband age at recruitment (Coeff.
=-0.02, p = 0.62), paternal age at birth (Coeff. =-0.04, p = 0.11), or maternal age at
birth (Coeff. =0.057, p = 0.06) and the number of PZMs per proband with multivariate
linear regression analysis (R2 = 0.085, p = 0.29). These findings are consistent with
expectations for independent post-zygotic mutational events, and in line with previous

reports showing no parental age effect on PZMs (Wright et al., 2019). While certain
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loci may be more susceptible to post-zygotic mutagenesis, enrichment analyses were
not conducted in this study. Identification of mutational signatures associated with
platform specific errors could be a viable strategy to further reduce false positive calls.
This could be achieved with the full DDD-Africa parental cohort to generate a platform,
and cohort specific PON filter in place of relying on a sample size dependant allele

count filter as was done in this analysis.

The VAF distributions of mosaic SNPs and INDELs were highly similar, with mean
VAFs of 0.16 and a range of 0.11-0.27, consistent with the range most likely to validate
in the DDD-UK study (Wright et al., 2019). Theoretically, these VAFs suggest mutations
arising during the 2nd or 3rd embryonic cell divisions, affecting ~22-54% of cells at
recruitment. However, embryogenesis is asymmetric and subject to tissue-specific
selection pressures, which can drive clonal expansions or contractions (Abascal et al.,
2021, Coorens et al., 2021, Li et al., 2021). In this study, VAFs showed no significant
relationship with proband age (Coef. = -0.0025, p = 0.20) or sex (Coef. = 0.01, p =
0.34), likely reflecting the young age of the cohort, where large-scale clonal shifts in
haematopoiesis are less common. Longitudinal data would be required to further

assess these dynamics.

As DNA was sampled exclusively from blood, candidate variants were only detectable
in the haematopoietic system. Since developmental disorders affect multiple organ
systems, a PZM would need to be present in the relevant tissues at the time point in
which it is important to be pathogenic. Each proband in this analysis, bar the two
monozygotic twins from family 110, presented with wide ranges of neurological
complications pointing to the central nervous system tissues being significantly
impacted. For clinical curation of the candidate PZMs it had to be assumed that the
candidate PZMs were present in other relevant tissues as well, at significant fractions,
for the diseased phenotypes to manifest. Although confinement to blood cannot be
excluded, two lines of evidence support systemic distributions. Firstly, there was no
association between proband age and PZM VAFs. Secondly, the study design
inherently excluded variants with VAF <0.10, meaning only high-level mosaicism
(>20% cells) was captured. Given the high VAFs observed and the young age of the
affected probands, these candidates are more likely to have arisen early in
embryogenesis than as haematopoietic expansions. Following recent PZM
classification guidelines, these variants would then fall into the moderate-to-severe

tissue involvement categories (Martinez-Glez et al., 2020). The fractions of the most
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impacted tissues in DDs, such as the central nervous system, the brain, the
musculoskeletal system, and the heart could not be determined in this analysis without
additional tissue sampling. While saliva swab DNA samples were attained for DDD-
Africa probands, they had not been sequenced at the time of writing and, therefore,
could not be used for comparison with blood-derived variants. Validation of candidates

should be carried out on both blood and saliva samples in the future.

The sensitivity of PZM detection in this analysis was constrained by the sequencing
protocol and variant calling framework employed by DDD-Africa. The project was
designed to generate cost-effective, high-quality WES data to maximise diagnostic
yield within a resource-limited context, with average sequencing depth typical of clinical
WES. While sufficient for germline variant detection in trios, this depth was suboptimal
for PZM discovery. Thresholds of VAF >0.10 and 25 ALT reads meant that reliable
detection was restricted to regions with coverage of ~50X or greater, resulting in the
likely under-calling of true variants at lower VAFs (Abascal et al., 2021, Hsieh et al.,
2020, Wright et al., 2019). Detection power was further compromised by uneven
coverage across exons, particularly at exon—intron boundaries, a known limitation of
WES, which complicates the interpretability of candidates identified in these regions.
More generally, sequencing strategy involves a trade-off between breadth and depth
of coverage, with significant cost implications depending on the platform used. While
the DDD-Africa protocol was appropriate for its diagnostic goals, higher-depth
sequencing would substantially improve the sensitivity and accuracy of PZM calling. It
would also improve VAF estimates, which is essential for recurrence risk estimation in

gonadosomatic cases (Bernkopf et al., 2023).

Another important limitation arose from the use of GATK HaplotypeCaller for variant
calling. GATK-HC, at the default ploidy of 2, is optimised for germline calling in diploid
genomes and expects heterozygous variants to cluster around a VAF of ~0.5. Variants
at the extremes of the VAF distribution are frequently filtered as artefacts, which is
appropriate for germline analyses but results in loss of true somatic or mosaic variants.
Consequently, many potential PZMs were likely never annotated in the VCF and were
missed. Discrepancies between read counts in VCF files and those observed in IGV
plots further compounded this issue. for example, the NIPBL:c.2584A>G variant in
father 53 showed ALT = 3, DP = 6 in the VCF but 4/8 reads in IGV. At the modest
sequencing depth available, such discrepancies had a disproportionate impact. Similar

issues were evident in trio plots, where variants labelled as ALT = 0 in parents often
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showed one or two ALT reads on manual inspection; these were usually sequencing
errors, but their exclusion at the VCF level also prevented downstream filtering

strategies from evaluating them.

Thus, sensitivity was limited not only by sequencing depth but also by the constraints
of the variant caller itself. These shortcomings are well recognised for GATK-HC in
somatic contexts, where increased ploidy settings (9-10 for 45X coverage) can improve
sensitivity (Wang et al., 2021b, Ha et al., 2023). However, even with this adjustment,
adjustments GATK-HC remains a poor somatic caller. Dedicated tools such as Mutect2
would have substantially improved performance but were beyond the scope of this
study. This has been shown in clinical WES data like the data from this study (Sandran
etal., 2024). Instead, this objective aimed to explore the feasibility of mosaic screening
from data not specifically optimised for that purpose. Future work would benefit from
higher, more uniform coverage, incorporation of a dedicated somatic-aware variant
caller, larger cohorts to strengthen EM-Mosaic filtering and statistical power, and

integration of mutational signature analyses to reduce artefactual noise.

2.4.3 Further validation of candidates is essential

The aim of the analysis in this Chapter was to sensitively screen candidate variants
with evidence of mosaicism that could plausibly contribute to unexplained DDs in a
resource-constrained setting, particularly for cases unresolved by parallel analyses.
The candidate variants identified through these pipelines were not validated with
appropriate orthogonal methods, as this was determined to be outside the scope of
this study. The explicit goal was to determine if evidence of mosaicism could be
identified in the DDD-Africa trio-WES data, which was not specifically designed to
capture PZM, and then to prioritize the most significant mosaic candidates for
downstream confirmation later by DDD-Africa. Ultimately reducing the potential cost of
expensive validation protocols, which were not readily accessible in our setting. The
screening strategy was set up to limit false positive candidate recommendations as
much as possible. This was achieved by applying stringent filtering criteria and quality
control specific to the DDD-Africa WES data, as well as requiring significant statistical
evidence of mosaicism. Despite these efforts we do recognise that the candidate
variants are most likely still enriched for false positive, which is inherent limitation of

the WES data and the properties of mosaic variants. Sequencing artifacts are
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introduced across the protocol, including in DNA extraction, DNA amplification, library
preparation, and the actual sequencing (Dou et al., 2018). Thus, orthogonal validation

through sensitive methods must be carried out. This limitation colours all conclusions.

One of the main considerations for not including validation in this study was the limited
access to the platforms that would be sensitive enough to do so on hand in our
research setting. That being Sanger sequencing, which offers limited validation
applicability, as detection is generally restricted to variants with VAFs over 0.20 and
requires quality primer design and high-sequencing fidelity (Martinez-Glez et al.,
2020). Even under optimal conditions, the low-level peaks indicative of mosaic variants
can be difficult to interpret. More sensitive approaches, such as ultra-deep targeted
sequencing, ddPCR, or Multiple Independent Primer PCR Sequencing, provide
superior validation power but require infrastructure and expertise that are not readily
available in the resource constrained settings (Zemet et al.,, 2022). The
recommendation for validation is to use a more sensitive platform than Sanger

sequencing.

Another important consideration is tissue source. In cases of parental gonadosomatic
mosaicism, accurate recurrence risk estimation depends on VAFs derived from
gametes rather than peripheral blood (Bernkopf et al., 2023). Several studies have
shown that blood-derived VAFs, particularly in men, correlate poorly with sperm VAFs,
and lead leading to potential underestimation or overestimation of reproductive risk
(Bernkopf et al., 2023, Yang et al., 2021). For this reason, future clinical studies should
prioritise direct sequencing of paternal sperm samples whenever mosaicism is
suspected. Similarly, in affected children, mosaic variants may be unevenly distributed
across tissues due. Analysis risks missing low-level or tissue-restricted mosaics that
could be clinically relevant, especially for neurodevelopmental disorders where brain-
specific mosaicism may play a role. Thus, validation of candidate mosaics identified in
this dataset should incorporate orthogonal testing from buccal swabs. If possible,
additional sampling of sperm derived DNA in cases with suspected paternal
gonadosomatic or germline mosaicism cases should be considered. This would
improve sensitivity for detecting low-level mosaicism, enable more accurate
assessment of tissue distribution, and provide better estimates of recurrence risk in

suspected parental cases (Bernkopf et al., 2023).
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2.4.4 Challenges in mosaic variant interpretation and curation

The clinical curation and variant interpretation of the candidate variants posed
significant challenges. A key limitation was the absence of standardized clinical
guidelines for evaluating genotype-phenotype associations in mosaic cases, where
heterogeneity is considerable and is known to be attenuated by proportions of affected
tissue in some cases (Waldvogel et al., 2024). A probabilistic framework that connects
estimated VAFs, to phenotypic expression not been established to date. This
uncertainty was compounded by additional challenges such as observable variable
expressivity in developmental disorders phenotype, undefined or atypical genotype-
phenotype correlations in African populations, uncharacterised epistatic interactions,
pleiotropy, digenic inheritance, and the lack of direct sampling from affected tissues
(Lumaka et al., 2022, Parenti et al., 2020).

Scoring ACMG/AMP codes to reflect phenotype associations in this context was
inherently interpretive, with considerable potential for variability in future analyses. For
the purposes of this screening, the objective was to prioritize plausible mosaic
candidates rather than to provide final clinical curations. A deliberately cautious
approach was adopted, assigning code strengths only where HPO terms indicated
reasonable overlap between candidate variants and recorded phenotypes. These
classifications should therefore be considered provisional. As ACMG/AMP guidelines
continue to evolve, with expert panel-derived specifications for individual genes and
conditions being updated, the curation of these variants may need to be revisited by
the expert DDD-Africa clinical team to ensure accurate and clinically actionable

interpretation post-validation.

In cases of potential gonadosomatic mosaicism, it was assumed that the proband
inherited the variant from a parent carrying the variant in the germline at appreciable
levels. This assumption could not be empirically tested, as germline derived DNA was
not available, thus whole blood-derived VAFs were instead used as a proxy for
systemic mosaicism. This approach rests on the rationale that variants fixed early in
parental embryogenesis across both soma and germline can persist without impairing
reproductive fithess (Sakumi, 2019). And that phenotype in asymptomatic parents may
not be present due to tissue specific distributions, which were also not known. Whole
blood-derived DNA is primarily derived from the mesoderm and may not fully capture
PZMs in ectodermal tissues (Sakumi, 2019). Analysis of buccal-derived DNA,

representing ectodermal lineages, would be needed to confirm systemic mosaicism
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(Sakumi, 2019). While the design of this analysis relied on the theoretical validity of
gonadosomatic mosaicism as a driver in parental cases, the variant prioritization
strategy explicitly accounted for this uncertainty, with ACMG/AMP codes PM6/PS2

adjusted conservatively to reflect the limitations.

The paucity of African genomic data on DDs and in population databases further
complicated curation. Many in silico prediction tools used to inform PP3 and BP4 rely
on training datasets with sparse African allele representation, introducing biases that
can misclassify variants in African cohorts (Bope et al., 2019). Thus, calibrated
thresholds from predictors not trained on population allele frequencies were employed,
thereby reducing dependency on skewed allele frequency priors. This strategy tried to
account for the underrepresentation of African data in both population databases and
predictive models. This paucity may also impact phenotypic curation, as databases
such as ClinVar and the published literature contain very few clinically curated African
cases for comparison, meaning that interpretation necessarily relies on limited non-

African references.

Lastly, cases with multiple candidate variants, or those with prior confirmed diagnoses,
introduced additional complexity to curation. It was often unclear which variant would
contribute to a phenotype, given the potential for digenic contributions or epistatic
interactions that are less recognised in DDs (Moreno-Ruiz et al., 2022). Known DD
variable expressivity further compounded this uncertainty, as overlapping or atypical
features could plausibly arise from more than one underlying genetic contributor.
Although the prioritization in this study emphasized variants most likely to explain the
phenotype in unsolved cases, plausible mosaic candidates in previously solved cases
were also evaluated in full, acknowledging their potential to modify disease
presentation or interact with constitutional variants. This interpretive challenge
highlights both the limitations of current frameworks for variant curation and the
opportunity for future studies to better integrate mosaicism into models of multilocus

pathogenicity in rare disease.

152



2.4.5 Feasibility of trio-WES mosaic screening in African clinical
settings

An important consideration is whether pipelines like the one described here can be
translated from research to clinical use, particularly in resource-constrained African
settings. This pipeline was specifically designed for cohort-based trio-WES screening
in DDD-Africa, relying on EM-Mosaic for statistical modelling. It is not feasible for
singletons, duos, or individual diagnostic cases and requires high-performance
computing, labour-intensive variant prioritization, and specialized expertise that are
generally unavailable in most African diagnostic laboratories. While DDD-Africa
benefited from strategic partnerships and access to infrastructure, broader clinical
implementation would demand substantial investment in sequencing platforms,

computational resources, personnel training, and multidisciplinary capacity.

Routine clinical WES is optimized for germline variants, whereas mosaic detection
requires higher sequencing depth, somatic-aware variant callers, statistical modelling,
orthogonal validation, and expert interpretation. These requirements are compounded
in African healthcare contexts by practical barriers such as incomplete documentation,
limited medical record systems, and difficulty obtaining full trios. Even where local
sequencing and bioinformatics capacity exist, this pipeline cannot be applied directly

across different platforms without adaptation.

Given these limitations, the pipeline is best viewed as a research tool for prioritizing
PZM candidates rather than a ready-to-use clinical workflow. Mosaic detection is highly
sensitive to sequencing depth and quality. Clinically optimized approaches would
include higher-depth sequencing (2200-500X), targeted panels of known DDG2P
genes for cost-effectiveness, somatic-aware callers such as Mutect2, and platform-
specific panels of normals derived from local populations. Alternatively, long-read trio
sequencing could further allow simultaneous detection of germline and somatic
variants, including SNPs, INDELs, and structural variants. Overall, future clinical
implementation will require careful adaptation, substantial resource investment, and
integration with local genomic and clinical infrastructure to achieve reliable and

interpretable mosaic variant detection.
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Chapter 3: Characterising mosaic chromosomal

alterations in an African cohort

3.1 Introduction

Mosaic chromosomal alterations are an important and distinct class of somatic
variation with broad biological and clinical implications (Liu et al., 2021). When MCAs
arise in haematopoietic stem cells, they can confer a selective advantage and drive
clonal haematopoiesis, a phenomenon characterised by expanded clones contributing
disproportionately to peripheral blood lineages (Loh et al., 2018, Terao et al., 2020)..
Mosaic chromosomal alterations impact long stretches of DNA, altering the expression
of hundreds of genes and disrupting 3D chromosomal topology (Liu et al., 2021).
Selective advantage is gained when the expression of genes impacting HSC
proliferative ability, self-renewal potential, or survival ability are altered in the
background of the aging bone marrow niche (Jakubek et al., 2023a). Unsurprisingly,
MCA driven CH has consistently been linked with an increased risk of haematological
malignancy (Loh et al., 2020, Niroula et al., 2021, Terao et al., 2020).

The development of MoChA has allowed for the most accurate and sensitive detection
of MCAs from high throughput genotyping data to date (Loh et al., 2018, Loh et al.,
2020). Characterizations of autosomal MCAs in large biobank-scale cohorts have
shown that MCA driven CH is a normal part of the aging process that does not always
lead to malignancy (Loh et al., 2018, Terao et al., 2020). However, MCAs have also
been increasingly associated with other adverse health outcomes including abnormal
cell counts, immune deficiency, risk of diverse infection, and all-cause mortality
(Dawoud et al., 2022, Lin et al., 2021, Loh et al., 2018, Terao et al., 2020, Zekavat et
al., 2021).

These studies have transformed our understanding of MCA driven CH. However, an
important limitation of the current literature is its lack of ancestry diversity, and most
large MCA screens are heavily biased towards European-ancestry cohorts, with few
studies that robustly sample continental African populations (Dawoud et al., 2022, Lin
et al., 2021, Loh et al., 2018, Terao et al., 2020, Zekavat et al., 2021). The inclusion of
African ancestry samples has been very limited, reflecting the paucity of African
ancestry samples in large biobank-scale GWAS cohorts (Martin et al., 2019, Sollis et
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al., 2023). Early evidence from small African-ancestry sub-cohorts suggests differing
MCA risk of occurrence when compared with European samples, but methodological
caveats and use of inferred ancestry from diaspora cohorts caution against
overgeneralisation to continental populations (Jakubek et al., 2023b, Machiela et al.,
2015). To date, there have been no studies characterizing MCAs in large continental
African ancestry cohorts utilising SNP-arrays designed to capture African-specific
genetic variations. It is likely that continental African ancestry populations have diverse
genetic drivers of MCA selection, impacted by unique socio-economic and infection
pressures, that have yet to be uncovered. Consequently, the complete landscape of

MCA driven CH in African ancestry populations remains yet to be fully elucidated.

This chapter aimed to address this gap in the MCA knowledge base through an
exploratory characterisation of autosomal MCAs in participants from the AWI-Gen
cohort who had previously been genotyped H3Africa SNP-microarray. This analysis
provided the first insights into the landscape of MCAs in continental African ancestry
participants using appropriate genotyping and bioinformatic tools. These results
significantly contribute to the global landscape of MCAs by adding African ancestry
data to the literature. Results of this analysis will serve to identify regions of the African
genome which are prone to MCA formation and will be used in future analyses to
identify African-specific drivers of MCA selection that can be used as biomarkers of

poor health outcomes in Africans.
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3.2 Methodology

3.2.1 Study design and ethics

This was a retrospective analysis to detect MCAs in the cross-sectional AWI-Gen
cohort from H3Africa SNP-array genotyping data using the MoChA tool. Ethics
approval for this study was granted by the University of the Witwatersrand Human
Research Ethics Committee (HREC) under clearance certificate number M2011144
(Appendix A).

3.2.2 Study cohort: AWI-Gen

AWI-Gen is a cross-sectional population study set up to investigate the genetic,
environmental, and behavioral contributions to body composition and cardiometabolic
disease on the African continent (Ramsay et al.,, 2016). The cohort is made up of
11,723 seemingly healthy male and female AA participants recruited from six sites
located in Nanoro (Burkina Faso), Navrongo (Ghana), Nairobi (Kenya), Agincourt
(South Africa), and Dikgale (South Africa), reflecting diversity from the Western,
Eastern, and Southern African regions (Ramsay et al.,, 2016). Participants were
randomly sampled with no recruitment criteria for infection history, disease history,

behavioral history, body composition, or environmental exposures (Ali et al., 2018).

Data was available for 10,702 participants between the ages of 40 and 60 years
recruited from all six sites, plus an additional 1021 participants over the age of 60 years
from Agincourt (Ali et al., 2018). Extensive socio-demographic data was available for
the cohort (Ali et al., 2018). Participant age, sex, region, and site of recruitment were
extracted as variables of interest for this analysis as they have been shown to impact
MCA driven CH in other cohorts (Loh et al., 2018, Terao et al., 2020). More details on
the scope, methodology, and recruitment outcomes of AWI-Gen can be found in the

relevant white papers (Ramsay et al., 2016, Ali et al., 2018).

3.2.3 Genotyping with the H3Africa SNP array

The full AWI-Gen cohort was previously genotyped on the Infinium H3Africa SNP array
V1 (https://chipinfo.h3abionet.org/) at the lllumina® FastTrack™ Microarray services
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(Hlumina, San Diego, USA) as part of the AWI-Gen study. The H3Africa SNP array was
developed by the H3Africa Consortium, in partnership with lllumina®, to address the
need for a cost-effective African-centric array that accounted for the much larger
genetic diversity and smaller haplotype blocks seen in African genomes (Mulder et al.,
2018). The high-density array contains approximately 2,270,000 SNP markers. The
base content of the array consists of approximately 1,700,000 SNP markers, common
to African populations, that were selected from existing Illumina bead pools for their
efficiency as tag-SNPs (Mulder et al., 2018). The array also contains approximately
700,000 additional SNPs selected to improve African genome coverage and
downstream imputation accuracy (Mulder et al., 2018). The AWI-Gen H3Africa SNP
array genotyping data is hosted on the H3ABioNet ZA-Wits-core high performance

computing node and was made available for this analysis.

3.2.4 Detecting MCAs from SNP array data: MoChA

MoChA is a BCFtools extension designed to sensitively and accurately detect mosaic
chromosomal alterations from SNP-array and high-coverage WGS data

(https://github.com/freeseek/mocha/) The algorithm incorporates haplotype phase

information from heterozygous SNPs into a Hidden Markov Model (HMM), allowing it
to distinguish true mosaic events from technical artifacts (Loh et al., 2018, Loh et al.,
2020). True MCA events alter the balance of maternal versus paternal genomic
material in a cell population, causing a deviation in BAF values at heterozygous sites
which are detected in computationally phased intensity data through the HMM (Loh et
al., 2018, Loh et al., 2020). The full details of the statistical models underlying the
MoChA tool can be found in its seminal papers (Loh et al., 2018, Loh et al., 2020).
MoChA was selected for this study because it can detect smaller MCAs at lower cell
fractions more accurately than other available methods (Loh et al., 2018, Loh et al.,
2020).

3.2.5 Pipeline for detecting autosomal MCAs with MoChA

The AWI-Gen cohort was previously genotyped for various GWAS analyses
(Choudhury et al., 2022). This generated a fully quality controlled multi-sample Binary

Variant Call Format (BCF) file that was phased and imputed using the African Genome
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Resources reference panel, currently the best reference panel for the phasing and
imputation of African genomes (Sengupta et al., 2023a, Gurdasani et al., 2019). This
BCF file was made available by AWI-Gen for this study; however, it did not contain
LRR or BAF metrics for genotyped SNPs. These intensity values are not usually
needed for downstream GWAS analysis but are essential to calling structural variations
from SNP array data (Balagué-Dobodn et al., 2022).

A new multi-sample BCF file with the required LRR and BAF metrics was created from
the lllumina raw intensity files wusing the BCFtools plugin gtc2vcf

(https://github.com/freeseek/gtc2vcf) following the authors recommendations. The

AWI-Gen site and sample level quality control were applied to the new BCF file, which
was subsequently used as the input for the MoChA pipeline. A NetFlow
(https://www.nextflow.io/) workflow was generated to implement the gtc2vcf and
MoChA pipelines on the H3ABioNet ZA-Wits-core high performance computing node.
This workflow was set up with the help of Dr. Phelelani T. Mpangase (Sydney Brenner
Institute for Molecular Bioscience, University of the Witwatersrand) and can be found

at this GitHub repository (https://github.com/phelelani/nf-mochachoca). The workflow

is summarized in Figure 3.1 and outlined in detail below.
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Figure 3.1: The MCA detection workflow for the AWI-Gen dataset.

Summary of the workflow implemented to detect MCAs using the MoChA pipeline. Red
shapes indicated files. Blue shapes indicate processes. Yellow shapes indicate tools.
Green boxes indicate specific parameters implemented in the workflow.



3.2.5.1 Converting lllumina H3Africa SNP array intensity data files for MoChA
input.

The first step of the workflow implemented the gtc2vcf plugin pipeline to convert the

raw H3Africa SNP array V1 intensity data (IDAT) files stored on the H3ABioNet ZA-

Wits-core high performance computing node to a single multi-sample BCF file. The

gtc2vcf pipeline implemented the lllumina Array Analysis Platform (IAAP) software

(https://emea.support.illumina.com/array/array software/illumina-array-analysis-

platform.html) to call SNP genotypes from raw IDAT files using the Illumina GenCall
algorithm. lllumina Genotype Call (GTC) files were generated for each participant from
IDAT file pairs using a Bead Pool Manifest (BPM) file and a cluster (EGT) file. The
manifest file contains SNP probe identities and genomic locations in relation to the
GRCh37 reference genome, while the cluster file contains the expected intensity of
each genotype cluster and was generated by the run at lllumina. The manifest and
cluster files for the H3Africa SNP array V1 were made available by H3ABionet at
https://chipinfo.h3abionet.org/downloads.

The original AWI-Gen genotyping was run in four independent batches containing
overlapping samples to identify potential batch effects, resulting in 13,492 IDAT file
pairs. All 13,492 IDAT file pairs were converted to GTC files using the gtc2vcf pipeline
in a single run. The next step of the gtc2vcf pipeline converted the GTC files to a single
multi-sample BCF file with the gtc2vcf plugin. All 13,492 files were called and converted
to a single multi-sample BCF file in a single run to avoid additional batch effects. SNP
probes were aligned to the GRCh37 version of the human genome reference. The
GRCh37 reference genome was downloaded at

(ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/technical/reference/human g1k v37.fasta.g

z) and prepared according to the gtc2vcf authors recommendations. In total 2,262,924
SNPs were called. A statistics file with per sample information on call rates and
computationally inferred sex from sex chromosome probe intensity was generated for
downstream quality control. The BCFtools annotation plugin was then used to create
a minimal BCF file with only the required annotations for each SNP probe, including

sample genotype, surrounding GC content and the LRR and BAF values.
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3.2.5.2 Applying AWI-Gen GWAS quality control.
Site and sample level GWAS quality control (QC) was applied to the multi-sample BCF

file, as required by MoChA prior to calling MCA events. Extensive site and sample level
QC was previously performed using PLINKv1.9 on the H3ABioNet/H3Agwas pipeline
(https://github.com/h3abionet/h3agwas) for downstream GWAS analysis (Chang et al.,

2015). The AWI-Gen SNPs and samples passing this QC were deemed appropriate

for this exploratory analysis. The AWI-Gen QC are outlined below.

SNP sites were excluded if they showed evidence of missingness (>0.01), which
removed SNPs with low call rates across the cohort (Marees et al., 2018). Rare SNPs
with minor allele frequencies (MAF) < 0.01 were excluded, as these SNPs are prone
to genotyping errors and have low power to detect associations while still impacting
multiple correction testing (Marees et al., 2018). Duplicate SNPs and INDELS were
removed, along with SNPs that deviated from Hardy-Weinburg equilibrium (HWE) with
p-values < 5X10%4, as these may be indications of genotyping error (Marees et al.,
2018). Mitochondrial SNPs and sex chromosome SNPs were excluded to limit analysis
to the diploid autosome (Sun et al., 2023). The exclusion of sex chromosome sites
limited this exploratory analysis to autosomal MCAs. Future analysis, preceded by sex
chromosome SNP QC, will be required to characterize mosaic loss of the X and Y

chromosomes.

Samples with discordant sex information between recorded sex and genetically
inferred sex were excluded. Genetic sex was inferred with PLINK using the F-statistic,
a measure of the rates of heterozygosity/homozygosity on the X-chromosome (Chang
et al., 2015, Marees et al., 2018). Individuals with F-statistics > 0.8 were inferred
genetic males, while those with F-statistics < 0.2 were inferred genetic female (Marees
et al., 2018). Samples with a hard mismatch between inferred genetic and reported
sex, which may imply incorrect sample handling or labelling, were excluded (Marees
et al., 2018). Samples with SNP call rates <97% were excluded. Participants with the
PLINK calculated PIHAT score > 0.9 were considered as either biological replicates,
sampling handling errors, or duplicates and were excluded. Samples with
heterozygosity levels > 0.343, indicative of sample contamination, were excluded
(Marees et al.,, 2018). Samples with heterozygosity levels < 0.15, indicative of
inbreeding, were excluded (Marees et al., 2018). Finally, population stratification was

assessed through principal component analysis based on a linkage disequilibrium
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pruned set of SNPs. Additionally, genotype concordance of overlapping samples in the

four batches sent for genotyping was used to rule out any batch effects.

AWI-Gen QC produced lists of 10,902 participant IDs and 1,731,032 SNP probe IDs
that passed quality control for use in GWAS analyses. These lists were applied to
filter the multi-sample BCF file in this study using BCFtools. During downstream
analyses, it was discovered that an outdated participant file had been used to match
AWI-Gen study IDs to IDAT file pair names during the sample filtering process. This
outdated file did not include participants from batch 4. Consequently, the final set of
participants included in the MoChA pipeline comprised only those from batches 1 to 3
who passed AWI-Gen QC, resulting in 10,152 participants and 1,731,032 SNPs taken

forward for analysis.

3.2.5.3 Additional quality control as recommended by MoChA for redundancy.

An additional list of SNPs and samples to be excluded from the haplotype phasing and
MCA-calling pipeline was generated following the recommendations of the MoChA
authors. MoChA SNP QC filtered out SNPs with >3% missingness and those with HWE
p-values < 1x107®. Although these thresholds were less stringent than those applied
during AWI-Gen QC, the filtering was repeated as a precaution. SNPs located within
segmental duplication regions with less than 2% divergence were also excluded.
Segmental duplications are large, highly homologous genomic segments that are
common drivers of structural variation and play important roles in genome evolution
(Bailey et al., 2001). However, they can confound haplotype phasing and mosaic
variant detection, and their exclusion is recommended by MoChA (Loh et al., 2018). A
list of known segmental duplications was downloaded from the UCSC genome
annotation database

(http://hgdownload.cse.ucsc.edu/goldenPath/hg19/database/genomicSuperDups.txt.

gz) and annotated with minimal divergence intervals using BCFtools and MoChA
preprocessing scripts. Using BCFtools, a BCF file was generated containing 10,527
additional SNPs to exclude from the phasing and MCA-calling pipelines. Sample-level
QC confirmed that all participants had lllumina GenCall call rates >97%, and no
additional samples were excluded, as all samples passing AWI-Gen QC met this
threshold.
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3.2.5.4 Statistical haplotype phasing the multisampling VCF with SHAPEIT4.

The core principle of MoChA for detecting MCAs is leveraging accurate long-range
haplotype phase information to identify imbalances in maternal and paternal allelic
fractions (Loh et al., 2018, Loh et al., 2020). Haplotype phasing estimates the
sequences of alleles co-located on the same chromosome, allowing detection of allelic
imbalance across the genome (Browning and Browning, 2011). Reference-based
genotype phasing was performed on the filtered multi-sample BCF file using
SHAPEIT4, as recommended by the MoChA authors (Delaneau et al., 2019).
SHAPEIT4 allows for accurate haplotype phasing of large SNP-array data sets,
allowing the incorporation of additional phasing information from population reference
panels (Delaneau et al., 2019). For this analysis, the 1000 Genomes Phase 3 reference
panel was used, containing 2,504 genomes, including 661 individuals of African

ancestry, predominantly from West Africa (Auton et al., 2015).

Genotypes were extracted from the filtered multi-sample BCF file and split into 22
autosomal chromosome-specific BCF files for input into SHAPEIT4. Phasing was
performed per chromosome using SHAPEIT4 v4.2.1 with default settings and a
minimum phasing window of 2.5 cM, incorporating the 1000 Genomes Phase 3
reference panel. Chromosomal recombination rates were provided via GRCh37
genetic map files downloaded from the Broad Institute
(https://data.broadinstitute.org/alkesgroup/Eagle/downloads/tables/genetic_map hg1
9 withX.txt.gz). The GRCh37 version of the 1000 Genomes Phase 3 reference panel
was downloaded from (fip.1000genomes.ebi.ac.uk/voll/ftp/release/20130502/) and

prepared for each chromosome with code provided by the MoChA pipeline. SHAPEIT4
reference-based phasing only considers SNP sites that overlap between the input
cohort BCF and the reference panel. in this case, 1,698,174 SNPs overlapped, of
which 450,765 were heterozygous. The resulting phased chromosome BCFs were
concatenated into a single BCF file using BCFtools, and phased genotype annotations
were incorporated back into the filtered multi-sample BCF file via BCFtools annotation.
This final phased BCF served as input for MCA calling using MoChA. No imputation
was performed, as it was unnecessary for MCA detection and germline SNP

association analysis was outside the scope of this study.
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3.2.5.5 Calling candidate autosomal MCAs with MoChA.

MCAs were called from all samples in the filtered and phased multi-sample BCF file
with MoChA in a single run to ensure no additional batching. Call rates and
computationally inferred sample sex were inputted from the statistics file generated by
the gtc2vcf pipeline. Likely germline structural variants for downstream removal were
flagged by MoChA through the addition of a BED file containing regions of the genome
that contain recurring deletions and duplications. This file was generated from 1000
Genomes phase 3 data downloaded at

(ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/phase3d/integrated sv map/ALL.wgs.merge

dSV.v8.20130502.svs.genotypes.vcf.gz{,.tbi}) and prepared in accordance with the
MoChA pipeline instructions. Additional options were included to flag the GRCh37
regions containing the ~6Mb Multiple Histone Complex region on chromosome 6 and
the ~1Mb leukocyte receptor complex region on chromosome 19 following the MoChA
pipeline recommendations. MCA calls within these regions were excluded by MoChA
as they have been found to be enriched for false positives due to high sequence
divergence between the HLA class | and Il genes and the highly homologous Killer Cell

Immunoglobulin-like Receptor genes (Loh et al., 2018).

The MCA detection run generated a genome statistics file with relevant run statistics
for each sample in the BCF file and an MCA call set file with a list of 84,974 putative
chromosomal alterations detected by MoChA. The total call set included both germline
and false positive mosaic chromosomal alterations that required additional filtering and

curation.

3.2.5.6 Post-processing and filtering the putative autosomal MCA call set.

Additional sample-level quality control was applied to the MoChA call set using the per-
sample genome statistics file generated by the pipeline, following the authors’
recommendations. Samples with phased BAF autocorrelation greater than 0.05 were
excluded, as high autocorrelation across consecutive heterozygous sites can indicate
DNA contamination or poor DNA quality. Samples showing discordance between the
lllumina GenCall-inferred sex and self-reported sex at recruitment were also removed.
This step resulted in the exclusion of 235 additional samples, yielding a final dataset

of 9,917 participants.
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To remove probable germline structural variations from the initial MoChA call set of
84,974 MCAs, a filtering strategy was implemented. Calls flagged by MoChA as
overlapping likely recurrent germline structural variants, based on the 1000 Genomes
Phase 3 common variation list, were removed. Putative calls with log10-odds (LOD)
scores below 10 were excluded. Likely germline duplications were filtered using size-
specific relative intensity and phased BAF deviation (bdev) thresholds as
recommended by MoChA: MCAs <0.5 Mb with relative coverage >2.1 or bdev >0.05,
MCAs 0.5-5 Mb with relative coverage >2.5 or bdev >0.1, and MCAs >5 Mb with bdev
>0.15 were removed. Germline deletions were excluded by removing calls with relative
coverage <0.5. No explicit size or cell fraction threshold was set for MCA exclusion.
No limit on the number of informative heterozygous probe sites in a call was set. There
were also many calls where the type could not be explicitly determined, due to the
power of imbalance detection exceeding the power to distinguish between CN-LOHs
and gains or losses (Loh et al., 2018). These were also removed. Following this post-

processing, 83,729 putative MCAs were removed from the dataset.

3.2.6 Statistical analysis

Statistical analysis was performed using packages in the R V4.2.2 environment for
statistical computing on the RStudio platform (Team, 2022a, Team, 2022b). Sample
demographic statistics were extracted from AWI-Gen generated reports. These were
combined with the sample statistics generated from the MoChA run used in

downstream analysis.

3.2.6.1 Initial univariate analyses.

Variables were initially assessed for significant associations using univariate and
bivariate analyses. Visualization and statistical testing were performed in R using the
ggstatsplot and ggplot2 packages (Patil, 2021). The distribution of continuous variables
including participant age, MCA length, and MCA cell fraction was assessed by
visualization with histogram plots and with Shapiro-Wilks tests of normality. As none of
the continuous variables were normally distributed (p-value < 0.0001), non-parametric
statistical tests were used in downstream hypothesis testing. Spearman’s rank
correlation was used to measure significant correlation between continuous variables.

The Chi-squared test of independence was used to test for association between
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categorical variables. Where sample size was under 5, a Fischer’s exact test was used
instead. Fisher’s exact tests were used to calculate odds ratios of categorical counts.
Mann-Whitney U tests were used to test significant differences in the distributions of
two categorical groups of continuous variables. The Kruskal-Wallis H tests were used
to test for significant differences in the distributions of three or more categorical groups
of continuous variables. P-values were adjusted for multiple comparisons with the
Bonferroni - Holm and Benjamini-Hochberg false discovery rate procedures. Univariate
binomial logistic regression was used to test relationships between categorical

dependent variables and independent variables with a generalized linear model.

3.2.6.2 Multivariate logistic regression analysis for odds of autosomal MCA

occurrence.

Following the identification of significant relationships between study variables and the
occurrence of autosomal MCAs, multivariate analysis was conducted to investigate the
combined effects of variables on MCA prevalence. Participants with at least one
detected autosomal MCA were defined as positive cases versus those without any
detected MCAs. Positive MCA cases were defined as the dependent variable.
Participant age, sex, region of recruitment, site of recruitment, and sample batch were
investigated as independent variables. Age, sex, and region of recruitment were
assessed as fixed-effect variables in multivariate logistic regression models. Sample
batch and site of recruitment were assessed as both fixed and random effects using

the Ime4 R package.

Models were built stepwise by establishing significant impacts on MCA occurrence and
investigating interactions with interaction terms and marginal effect plots, starting with
null models. Model fit and diagnostic plots were assessed with the performance R
package flowing the recommended workflow. Models were compared by assessing
Akaike Information Criterion (AIC) scores, with the goal of reducing complexity and
maximizing likelihood. Lower AIC was considered better. Chi2 tests of goodness of fit
p-values < 0.05 were used to establish significant predictors and to compare significant
model improvements. with lower values indicating better fits. Models were assessed
for collinearity with variance inflation factor (VIF) scores. Variables were required to

have VIF< 3. Model plots, marginal effect plots, and model summaries were generated
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with the sjPlot and jtools R packages. Odds ratio heatmap plots were generated with
ggplot2 R package.

The impact of participant age and sex on MCA odds were assessed individually and
then in combination with no interactions detected. A model of MCA ~ Age + Sex was
taken forward. Region of recruitment was added to the model as a fixed effect, with no
evidence of collinearity or interactions. The impact of batching effects was assessed
by adding sample batch to the model. Batch was assessed as a fixed effect variable
and as a random-effect variable in mixed models. Three primary models were
assessed. A fixed-effect model of MCA~ Age + Sex + Region + Batch, a random
intercept mixed effect model of MCA~ (1+Batch) + Age + Sex + Region, and a random
slope mixed effect model of MCA ~ Age + Sex + Region + (Age + Sex + Region |
Batch). The variance introduced by the random effect was assessed with the Intraclass
Correlation Coefficient (ICC). ICC for batch in both cases was very small indicating no
significant clustering of variables within batches. The simpler fixed effects model was

taken forward.

Similarly, site of recruitment, which is nested within the region variable, was assessed
as a random-effects variable a random intercept mixed effect model of MCA~ (1+Site)
+ Age + Sex + Batch + Region, and a random slope mixed effect model of MCA ~ Age
+ Sex + Region + (Site | Region). As the ICC was low in both cases, and no significant
odds differences were observed between sites within a region in a fixed effects model
of MCA ~ Age + Sex + Batch + Site, the site variable was dropped from the model to
reduce complexity and improve fit. Addition of both site and region as fixed effects led
to significant collinearity as expected. The addition of both Site and Batch as random
effect variables did not improve model fit. The final model was MCA ~ Age + Sex +
Region + Batch which captured the variable categories most associated with MCA
occurrence odds. Region was the variable considered for comparisons in further

analysis.

3.2.6.3 Visualization of autosome wide MCA distribution with Circos plots

Visualization of individual MCA calls was achieved through the plotting of Circos pileup
plots (Krzywinski et al., 2009). Individual MCA calls were converted to BED file format
and plotted in circular figures with the R package circlize (Gu et al.,, 2014). The
proportion of the genome impacted by MCAs occurrence was assessed in 1Mb
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windows. Each chromosome was split into 1Mb windows through a custom R script,
generating a 1Mb window BED format file. The count of MCAs overlapping each 1Mb
window was determined with BEDtools intersect (Quinlan and Hall, 2010). The
proportion of MCAs in each window was calculated from the total MCA count per
chromosome. Proportions were rescaled with the most common MCA in a
chromosome always equaling 1. The average informative probe coverage across the
autosome was assessed by extracting successfully phased heterozygous SNP
positions passing QC from the phased multi-sample BCF file with BCFtools (Danecek
et al., 2021). Extracted SNPs were outputted in BED file format, with positions
reflecting all SNPs with at least one heterozygous genotype in the 9917 participants.
This resulted in 418,595 informative SNPs used in the calling of phased BAF deviations
across the genome by MoChA. The mean probe coverage per 1Mb genome window
across the 9917 participants was determined by counting the SNPs overlapping each
1Mb window with BEDtools intersect (Quinlan and Hall, 2010). The mean SNP

coverage, and MCA coverage was then plotted across the autosome.

3.2.6.4 Identifying plausible candidate genes underlying the selection of

commonly occurring autosomal MCAs.

Two approaches were combined to comprehensively screen commonly deleted and
duplicated regions of the autosome for candidate genes that could explain their
increased prevalence in the AWI-Gen cohort. The first approach mirrored the method
employed by the BBJ analysis, evaluating the impact of overlapping genes in an MCA
by taking the total genes involved into account (Terao et al., 2020). MCAs were
annotated with overlapping genes from the GrCH37 version of the National Center for
Biotechnology Information (NCBI) RNA references sequences (RefSeq) curated
database (O'Leary et al., 2016). Curated genomic coordinates were downloaded in
BED file format from the UCSC Genome Browser Table Browser
(https://genome.ucsc.edu/cgi-bin/hgTables/) RefSeq curated track aligned to GrCH37
(Kent et al., 2002). A BED file was generated for detected MCAs. BEDOPs bedmap
was then used to annotate MCAs with overlapping genes regions (Neph et al., 2012).
The number of genes overlapping each MCA was tallied. An adjusted score was given
to each MCA which equaled 1/gene count. If a single gene was present in an MCA, it
would be weighted as being the only contributor. Genes were then assigned numeric
scores by adding all the count adjusted MCA scores of the MCAs that contained them.
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A custom Python script was used to assign scores. Genes were considered candidate
contributors if they overlapped with 3 or more MCAs in a chromosome and had a score
of 0.4 or more. Genes were then manually curated and common regions were

confirmed by inspecting pileup plots.

The second approach was adapted from the UKB study (Loh et al., 2018). Due to the
comparatively smaller MCA count in this study, the first approach heavily penalized
common regions with larger overlapping MCAs while inflating the scores of smaller
MCAs. The number of genes in the annotation significantly impacted which regions
were picked up by the algorithm. As a result, many significantly CH associated genes
in CDRs were excluded. To account for this, larger 1Mb regions in common regions
were investigated. The list of genes in the annotation was restricted to known pan-
cancer drivers to limit the large number of genes found annotated in 1Mb windows. A
candidate gene list was generated by combining published hematological malignancy
driver genes, pan-cancer driver genes, and a list of literature review-based leukemia
associated genes from the OncoVar (https://oncovar.org/) and dbLGL databases
(http://soft.bicinfo-minzhao.org/lgl/) (Liu et al., 2018, Wang et al., 2021a).

Gene regions for the list of candidate genes were extracted from the GrCH37 NCBI
RefSeq BED file. Additional annotations for the T-cell and B-cell V(D)J antigen receptor
loci that were not present in the BED file were manually added. To account for length,
MCAs were given a weighted score of 6Mb/MCA length. A maximum score of 1 was
given to MCAs under 6Mb in length. The autosome was then divided into 1TMb windows
in BED file format. BEDtools intersect was used to annotate each 1Mb window with a
list of overlapping MCAs (Quinlan and Hall, 2010). The adjusted scores of overlapping
MCAs were then added together for each 1Mb window. Windows with scores of 3 or
more were defined as commonly impacted MCA regions. BEDOPS bedmap was used
to annotate commonly impacted windows with overlapping candidate driver genes
underlying the MCA calls. Only recurrent losses and gains were suitable for candidate
driver analysis as they directly impact gene dosage. Losses and gains were analyzed
separately. The mechanism behind CN-LOH selection involves unmasking rare
homozygous alleles in driver genes, which requires GWAS level association and allele

shift associations outside the scope of this exploratory analysis.

169


http://soft.bioinfo-minzhao.org/lgl/

3.2.6.5 Determining statistically significant MCA distributions

To identify the recurrent MCA regions with enrichment between male and female
participants, MCAs were stratified by type. The autosome was then divided into 1Mb
windows by chromosome. Each discrete MCA was counted in the 1Mb windows in
which they were detected. The total loss, gain, and CN-LOHs overlapping each 1Mb
window was tallied separately for male and females. Fischer’s exact tests were
conducted on the proportion of MCAs in each 1Mb window between male and female
participants to account for the reduced MCA counts introduced by stratification.
Concurrent windows were manually curated and combined into larger window loci with
evidence of MCA sex enrichment The process was repeated in a similar manner for
participants from each region of recruitment. This analysis was univariate and dd not
consider additional confounding factors. Significant regions were plotted as Circos
pileup plots. Individual MCA calls were converted to BED file format and plotted in
circular figures with the R package circlize (Gu et al., 2014). BEDtools intersect was
used to annotate each significant MCA region with a gene region derived from

oncogenic or tumor suppressive lists from earlier analysis (Quinlan and Hall, 2010)

3.2.6.6 Phase switch error analysis

Univariate analysis of phase switch errors was carried out similarly to the
demographics analyses. The R packages ggstatsplot and ggplot2 were used for the
visualization of relevant distributional plots and statistical hypothesis testing (Patil,
2021). Mann-Whitney U tests were used to test significant differences in the
distributions of two categorical groups of continuous variables. The Kruskal-Wallis H
tests were used to test significant differences in the distributions of three or more
categorical groups of continuous variables. P-values were adjusted for multiple
comparisons with the Bonferroni - Holm and Benjamini-Hochberg false discovery rate

procedures.

Multivariate models of association were fitted to the independent variable of phase
switch error counts adjusting for MCA size (Mb), MCA type (Loss/gain/CN-LOH), region
of recruitment, and batch. Models were built stepwise by establishing significant
impacts on MCA occurrence and investigating interactions with interaction terms and
marginal effect plots, starting with null models. Model fit and diagnostic plots were
assessed with the performance R package flowing the recommended workflow.
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Models were compared by assessing Akaike Information Criterion (AIC) scores, with
the goal of reducing complexity and maximizing likelihood. Lower AIC was considered
better. Chi2 tests of goodness of fit p-values < 0.05 were used to establish significant
predictors and to compare significant model improvements. with lower values
indicating better fits. Models were assessed for collinearity with variance inflation factor
(VIF) scores. Variables were required to have VIF< 3. Model plots, marginal effect
plots, and model summaries were generated with the sjPlot and jtools R packages.

Odds ratio heatmap plots were generated with ggplot2 R package.

An initial Poison model was tested with independent variables as fixed effects: Phase
switch flip count ~ MCA size + Region + MCA type + Batch using a generalized linear
model with the family set to Poison As the distribution of phase switch error flip counts
was non-normally distributed when fitting a Poisson multivariate model which detected
significant overdispersion., a negative binomial model was fitted instead using the R
package MASS. Zero inflation models were additionally tested , with no evidence

arising.

3.2.6.7 Determining MCA distribution differences between population cohorts

Data for the UKB and BBJ cohorts was taken directly from the relevant supplementary
tables from each publication and was not changed in any way, with permission from
Nature Springer (Loh et al., 2020, Terao et al., 2020). Univariate analysis was carried
out as previously derived with the R packages ggstatsplot and ggplot2 were used for
the visualization of relevant distributional plots and statistical hypothesis testing (Patil,
2021). Mann-Whitney U tests were used to test significant differences in the
distributions of two categorical groups of continuous variables. The Kruskal-Wallis H
tests were used to test significant differences in the distributions of three or more
categorical groups of continuous variables. P-values were adjusted for multiple
comparisons with the Bonferroni - Holm and Benjamini-Hochberg false discovery rate
procedures. To identify the differential distributions of MCA frequencies between
studies, MCAs were stratified by type and chromosome into an MCA phenotype.
Fischer’s exact tests were conducted on the proportion of MCAs phenotypes between

each study using the total number of detected MCAs in each study as reference.
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3.3 Results

3.3.1 Study cohort demographic characteristics

The demographic distribution of the final study cohort is summarized in Table 3.1. The
study cohort totaled 9,917 participants, of which 45.2% were male (Table 3.1).
Participants ranged in age from 29 years to 81 years, with a total cohort median age
of 51. The majority of study participants were recruited from sites in Southern Africa (N
= 4,797), followed by West Africa (N = 3,209), and then East Africa (N = 1,911). The
demographic makeup of participants varied across the three African regions (Table
3.1).

Table 3.1 Study cohort demographics stratified by African region and site of recruitment.

Study cohort N (%) | Median age (range) | Male/ female (% male)
AWI-Gen 9,917 (100) 51 (29-81) 4,482/ 5,435 (45.2)
Southern Africa 4,797 (48.4) 53 (29-81) 2,030/ 2,767 (42.3)
Agincourt 2,177 (22.0) 57 (40-81) 909 /1,268 (41.8)
Dikgale 1,183 (11.9) 52 (29-81) 351/832(29.7)
Soweto 1,437 (14.5) 49 (39-61) 770/ 667 (53.6)
Eastern Africa 1,911 (19.3) 48 (35-67) 880/ 1,031 (46.1)
Nairobi 1,911 (19.3) 48 (35-67) 880 /1,031 (46.1)
Western Africa 3,209 (32.4) 50 (38-69) 1,572 /1,637 (48.9)
Nanoro 1,582 (16.0) 50 (38-69) 831 /751 (52.5)
Navrongo 1,627 (16.4) 51 (40-61) 741 /886 (45.5)

N = number of participants; % = percentage of cohort stratified by region or site

Differences in participant age and sex distributions, which have been shown to impact
the risk of autosomal MCA occurrence, were investigated through stratification,
univariate, and bivariate association analysis. Most of the cohort were between the
ages of 40 and 60 years at the time of recruitment (89.2%) (Table 3.1). Only 10.3% of
the cohort participants were over the age of 60 at the time of recruitment (Table 3.1).
These elderly participants were of particular interest as they were considered the
highest risk for MCA detection (Loh et al., 2018, Terao et al., 2020). Reflecting the AWI-
Gen recruitment strategy, only 51 participants (0.5%) were under the age of 40 (Table
3.1, Figure 3.2A). The distribution of age was consistent between male and female
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participants (Figure 3.2A), with no significant differences in the median age of males
and females in the overall cohort (51 vs 51, p = 0.20) (Figure 3.2B).
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Figure 3.2: The age distributions of male and female AWI-Gen participants in this study.

A) histogram plot of the distribution of participant age stratified by sex. Median age is
denoted by the dashed vertical line. B) Violin-box plot of participant age stratified by sex
showing no significant differences in age distributions. Mann-Whitney U test statistics
shown above plot.

The proportion of male and female participants from each of the three African regions
differed significantly, with fewer male participants making up the Southern Africa cohort
(42.3%) than either the Eastern African (46.1%) or Western African (48.9%) cohorts (p
= 2.25 x 10%) (Tabe 3.1) (Figure 3.3A). The observed regional differences in
participant sex proportions were driven by significant differences in participant sex
proportions at each site of recruitment, with more female participants from each site
apart from Soweto and Nanoro (p = 1.47 x 10#") (Table 3.1). Overall, none of the sites
or regions were made up of equal proportions of male and female participants, which

was accounted for in downstream analysis.
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Figure 3.3: Univariate analysis results showing significant differences in the demographic
makeup of participants from each region of recruitment.

A) the proportion of male and female participants differ significantly across the regions
of recruitment. Chi Square test of independence statistics above plot show significant
relationship between region of recruitment and participant sex. B) the proportion of male
and female participants differ significantly across the sites of recruitment. Chi Square
test of independence statistics above plot show significant relationship between site of
recruitment and participant sex. C) a histogram plot of participant age groups across the
three regions of recruitment showing 94.8% of participants over the age of 60 coming
from Southern Africa. D) the distribution of age across the three regions of recruitment
differs significantly. Kruskal-Wallis test statistics showing a significant relationship
between region of recruitment and median age. Dunn’s test p-values showing significant
differences in the median age of each region compared.

The age distributions of participants also differed significantly across the three regions
of recruitment (Table 3.1) (Figure 3.3). Of the 1,016 elderly participants over the age
of 60, 963 (94.8%) were recruited in Southern Africa (Figure 3.3C). Comparatively, 48

(4.7%) of participants over the age of 60 were recruited in Eastern Africa, with only 5
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(0.5%) coming from Western Africa (Figure 3.3C). Most of the study cohort were
between the ages of 40 to 60 years at time of recruitment across all three regions,
reflecting the recruitment strategy of the AWI-Gen study (Ali et al., 2018). The age
distributions of participants from each African region were significantly different (p =
1.55 x 10-%%) (Figure 3.3D). The median age of participants from Southern Africa was
significantly higher than the median age of participants from both Eastern Africa (53
vs. 48 years, p = 7.48 x 10-%7) and Western Africa (53 vs 50 years, p = 3.4 x 10-%)
(Figure 3.3D). Additionally, the median age of participants from Eastern Africa was
significantly lower than the median age of participants from Western Africa (48 vs 50
years, p = 8.95 x 10'®) (Figure 3.3D). The higher median age of Southern African
participants was driven by the higher ages of participants recruited from the Agincourt
and Dikgale sites, from which almost all the participants over the age of 60 (94.69%)
were recruited. Overall, the demographic distributions of the study cohort were

significantly different across the three regions of recruitment.

3.3.2 Autosomal MCAs were successfully detected in the AWI-Gen

cohort

This study was able to successfully call autosomal MCAs with MoChA using the
workflow outlined in Figure 3.1. A total of 1245 autosomal MCAs were detected in 998
of the 9917 AWI-Gen participants at a frequency of 10.06%. Autosomal MCAs were
detected in participants ranging in age from 37 years to 80 years, with a median age
of 53 years (Table 3.2). Most of the autosomal MCAs were detected in participants over
the age of 50 years (62.01%). Of the 1245 autosomal MCAs, 646 (51.89%) were
detected in male participants and 599 (48.11%) were detected in female participants
(Table 3.2). MCA types were not detected at equal frequencies across the overall
cohort. Most MCAs were CN-LOH events (42.01%), followed by losses (37.11%) and
gains (20.88%) (Table 3.2). MoChA was able to call focal autosomal MCAs as small as
26.88Kb and mosaic aneuploidies as large as 243.19Mb (Table 3.2). MCAs over 5Mb
in length made up the largest proportion of detected events (69.07%), while MCAs
under 500Kb were the least frequently detected (11.89%). MoChA was able to detect
autosomal MCAs at estimated cell fractions of 0.4%, though MCAs below an estimated
cell fraction of 1% were the least frequently observed. Most MCAs were detected at
cell fraction percentages between 1-10% (63.94%), with 237 (19.04%) MCAs being
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classified as expanded MCA events at cell fraction percentages over 10% (Table 3.2).
A summary of the overall characteristics of 1245 autosomal MCAs can be found in
Table 3.2.

Table 3.2: Summary statistics of 1245 autosomal MCAs detected in the AWI-Gen cohort.

Sex N (%)
Male 646 (51.89)
Female 599 (48.11)
Total 1245 (100.00)

Median age (years) (range) 53 (37-80)

Age group (years) N (%)
<50 473 (37.99)
> 50 772 (62.01)
Total 1245 (100.00)

MCA type N (%)
Gain 260 (20.88)
Loss 462 (37.11)
CN-LOH 523 (42.01)
Total 1245 (100.00)

Median MCA length (Mb) (range) 27.80 (0.02 - 243.19)

MCA length group (Mb) N (%)
<0.5 148 (11.89)
05-5 237 (19.04)
>5 860 (69.07)
Total 1245 (100.00)

Median MCA cell fraction (%) (range) 2.72 (0.40- 48.02)

MCA cell fraction group (%) N (%)
<1 212 (17.02)
1-10 796 (63.94)
210 237 (19.04)
Total 1245 (100.00)

N = count of MCAs; % = percentage of 1245 MCAs; MCA cell fractions estimated by MoChA were converted to

percentages.

3.3.3 Participant demographic variables were significantly
associated with the odds of autosomal MCA occurrence in the
AWI-Gen cohort

The relationship between participant age, sex, and region of recruitment with the

likelihood of autosomal MCAs occurrence was investigated in the AWI-Gen cohort to

determine if the significant relationships reported in European and Asian cohorts are
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true for Africans as well. Variables were first assessed independently to establish
significant relationships between cohort demographics and the odds of MCA
occurrence, which was defined as having detected at least one autosomal MCA in the
participant. Variables were then assessed in combination to investigate the combined
effects of significant relationships on MCA occurrence odds, and to establish any
significant variable interactions. A multivariate logistic regression model was built by
establishing stepwise significance of demographic factors on MCA odds. No significant
relationship was found between sample batch and autosomal MCA occurrence in
univariate analysis. However, batch was added to the multivariate analysis model to
account for any uncategorized variance that may have been introduced by the different
AWI-Gen genotyping runs. A summary of the demographic variables investigated for

impact on the odds of MCA occurrence are seen in Table 3.3.

Table 3.3: A summary of the demographic makeup of 998 AWI-Gen participants with at least
one detected autosomal MCA.

At least one autosomal MCA Yes No Total
Median age (range) 53 (37-80) 51 (29-81) 51 (29-81)
Participant sex N (%) N (%) N (%)
Female 477 (8.78) 4958 (91.22) 4482 (45.20)
Male 521 (11.62) 3961 (88.38) 5435 (54.80)
Region of recruitment N (%) N (%) N (%)
Eastern Africa 153 (8.01) 1758 (91.99) 1911 (19.27)
Southern Africa 483 (10.07) 4314 (89.93) 4797 (48.37)
Western Africa 362 (11.28) 2847 (88.72) 3209 (32.36)
Site of recruitment N (%) N (%) N (%)
Agincourt 256 (11.76) 1921 (88.24) 2177 (21.95)
Dikgale 109 (9.21) 1074 (90.79) 1183 (11.93)
Nairobi 153 (8.01) 1758 (91.99) 1911 (19.27)
Nanoro 172 (10.87) 1410 (89.13) 1582 (15.95)
Navrongo 190 (11.68) 1437 (88.32) 1627 (16.41)
Soweto 118 (8.21) 1319 (91.79) 1437 (14.49)
AWI-Gen batch N (%) N (%) N (%)
Batch1 127 (9.44) 1218 (90.56) 1345 (13.56)
Batch2 476 (10.36) 4117 (89.64) 4593 (46.31)
Batch3 395 (9.93) 3584 (90.07) 3979 (40.12)
Total 998 (10.06) 8919 (89.94) 9917 (100.00)

N = number of participants; (%) = percentage of participants with or without at least one autosomal MCA by

demographic variable.
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3.3.3.1 The odds of autosomal MCA occurrence were significantly greater in

male participants.

Of the 998 individuals who had at least one detectable autosomal MCA, 521 (52.2%)
were male and 477 (47.8%) were female (Table 3.3) (Figure 3.4A). Computationally
inferred participant sex was significantly associated with the MCA occurrence, with a
greater proportion of male participants having at least one detectable autosomal MCA
than female participants (p = 2.71 x10-%) (Table 3.3) (Figure 3.4A). Univariate logistic
regression of the MCA occurrence with sex as the explaining variable confirmed the
association, with male participants having 1.37 times greater odds of having at least
one detectable autosomal MCA than female participants (11.62% of males vs. 8.78%
of females) (OR = 1.37, 95%CI [1.20-1.56], p = 2.90 x 10%) (Table 3.3) (Figure3.4B).
The sex bias in autosomal MCA prevalence that was observed across European and
Asian populations was repeated in the AWI-Gen cohort when investigated in univariate

analysis.

A R ieon(1)=2201, p=2 71806, Voramer = 0.05, Closs, [0.03, 1.00], ngps= 9,817 B

sex

Male
Female

Proportion
Probability of 21 Autosomal MCA

0.08

(n=8919)

No

Female Male
21 Autosomal MCA Sex

Figure 3.4: Univariate analysis showing the impact of participant sex on the odds of autosomal
MCA occurrence in AWI-Gen.

A) the proportion of male participants with at least one detectable autosomal MCA was
higher than the proportion of females. Pearson’s Chi? test statistics are shown above the
plot, showing a significant association between sex and MCA incidence. B) the marginal
effect of sex on the likelihood of MCA occurrence showing that the likelihood of autosomal
MCA occurrence was higher in males than in female following univariate logistic
regression. Dots indicate mean probability scaled from 0 to 1. Error bars denote 95% CI.
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3.3.3.2 The odds of autosomal MCA occurrence increased significantly with
increasing participant age.
Increasing participant age was significantly associated with increased MCA prevalence
in the AWI-Gen cohort (Figure 3.5). The prevalence of autosomal MCAs steadily
increased from a combined 7.20% in participants under the age of 45 to a combined
prevalence of 15.21% in participants aged 60-64 years (Table 3.5) (Figure 3.5A). The
prevalence then decreased in participants between the ages of 65-69, followed by an
exponential increase in participants over the age of 70 (Figure 3.5A). The oldest group
of participants over the age of 75 years had the highest MCA occurrence in both males

and females despite making up 1.95% of the overall cohort (Table 3.4) (Figure 3.5A).

Table 3.4: The number of male and female AWI-Gen participants with at least one autosomal
MCA stratified by increasing age groups.

21 autosomal MCA Total cohort
Age group N male (%) N female (%) N male (%) N female (%)
<45 77 (8.03) 71 (6.47) 958 (9.66) 1097 (11.06)
45-49 100 (9.87) 93 (7.51) 1013 (10.21) 1239 (12.49)
50-54 107 (10.73) 106 (8.73) 997 (10.05) 1214 (12.24)
55-59 130 (14.72) 112 (9.94) 883 (8.90) 1127 (11.36)
60-64 60 (18.13) 44 (12.46) 331 (3.34) 353 (3.56)
65-69 12 (10.34) 15 (9.09) 116 (1.17) 165 (1.66)
70-74 16 (17.58) 17 (12.14) 91 (0.92) 140 (1.41)
275 19 (20.43) 19 (19.00) 93 (0.94) 100 (1.95)
Total 521 (11.62) 477 (8.78) 4482 (45.20) 5435 (58.40)

N = number of participants in each age group; (%) - percentage of participants in each age group

The odds of a participant over the age of 70 having a detectable autosomal MCA was
1.86 times greater than those under the age of 70 (OR= 1.86, 95%CI [1.44-2.43], p =
1.49 X10%5). Correspondingly, the median age of participants with at least one
detectable autosomal MCA was significantly higher than in those in which no MCA was
detected (53 vs. 51 years, p = 4.83 x 10-'6) (Figure 3.5C). The age effect was observed
in both female and male participants, indicating that the relationship is independent of
participant sex. This was further investigated using a multivariate logistic regression
approach that added sex as another fixed effect variable (Table 3.5). The logistic
regression model confirmed that both increasing age and participant sex were
significantly associated with increased likelihood of observing at least one autosomal
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MCA in the cohort (Table 3.5) (Figure 3.5D). The odds of MCA occurrence increased
by 1.03 times per year when adjusting for the effect of participant sex (OR = 1.03, 95%
Cl [1.02-1.04], p = 1.19 x 10"%). This equated to an estimated increased odds of at
least one autosomal MCA occurrence by approximately 1.34 times per decade. The
impact of sex remained significant when accounting for age, with male participants
having 1.38 times higher odds than women (OR = 1.38, 95% CI [1.21-1.57], p = 1.59
x 10°09) (Table 3.5).

Table 3.5: A logistic regression model showing the combined effect of participant age and sex
on autosomal MCA occurrence odds.

Coefficients Estimate Std. Err. Z-value P-value
Intercept -3.94 0.21 -18.72 <2.00 x 1016
Ref. Female

Age 0.03 4.0 X 10703 7.95 1.19x 1015
Sex (Male) 0.32 0.07 4.80 1.59 x 1009

Std. Err. = standard error of estimate; Ref = category varaible reference

There was no evidence of any significant interaction between participant age and sex
in the model as shown by the overlapping 95% CI’s in Figure 3.5D. Additional evidence
was determined through introducing an interaction term for age and sex to the model,
which was subsequently found to not be significant or improve the model (Age: Sex, p
= 0.47). Thus, participant age and sex were confidently observed as independent
predictors on the odds of autosomal MCA occurrence in the AWI-Gen cohort which is
consistent with the literature. Visual inspection of the age plot in Figure 3.5A revealed
a relatively linear relationship between increasing age and increasing autosomal MCA
occurrence in participants up to the age of 50, after which MCA occurrence increased
at an accelerated rate. However, adding an age? variable did not significantly improve
on the linear model, and visual inspection of the model residuals confirmed a linear
relationship between age and autosomal MCA occurrence in this data. Additionally, the
low proportion of participants over the age of 60, especially from WA and EA, may have
introduced error into the estimates of increasing age (Figure 3.3A and B).
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Figure 3.5: Increased age was significantly associated with greater odds of at least one
autosomal MCA in both male and female AWI-Gen participants.

A) The percentage of male and female participants with at least one detectable autosomal
MCA stratified by age group. The relative proportion of both male and female participants
with at least one autosomal MCA increased with increasing age at recruitment. Error bars
denote 95%CI of means. B) The total proportion of male and female participants recruited
in each age group for the overall cohort of 9917 participants. Error bars denote 95%CI of
means. C) the median age of participants with at least one autosomal MCA was
significantly higher than the median age of participants with no detectable autosomal
MCAs. Mann-Whitney U test statistics showing a significant relationship between age and
MCA occurrence are shown above the violin-boxplot plot. D) the marginal effects of
participant age and sex on the predicted likelihood of having at least one autosomal MCA
following multivariate logistic regression with age and sex as independent variables.
Shaded areas indicate 95%CI. Increasing participant age resulted in increased likelihood
of having at least one autosomal MCA in both male and female participants. Overlapping
95%CI show that the relative strength of the age effect was not significantly different
between male and female participants.
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3.3.3.3 The odds of at least one autosomal MCA occurring differed significantly
between participants from Southern Africa, Western Africa, and Easten

Africa.

AWI-Gen participants were recruited from six independent study sites in Eastern,
Southern, and Western African countries. The relationship between the region of
participant recruitment variable and autosomal MCA occurrence was investigated in
an initial univariate association analysis. The proportions of participants with at least
one autosomal MCA were significantly associated with the region of recruitment (p =
8.29 x 10°%4) (Table 3.3) (Figure 3.6A).

A follow-up univariate logistic regression showed that region of recruitment had a
statistically significant impact on the autosomal MCA occurrence when compared to
null model (p = 7.0 x 10%4). The odds of Southern African participants having at least
one autosomal MCA was 1.29 times greater than participants from Eastern Africa (OR
=1.29, 95%CI [1.07-1.56], p = 9.40 x 10%%). The odds of at least one autosomal MCA
were found to be even greater in participants from Western Africa when compared to
Eastern Africans (OR = 1.46, 95%CI [1.20-1.78], p = 1.0 x 10%4) (Table 3.6) (Figure
3.6B). Western Africans had a marginally increased, but non-significant, likelihood of
MCAs than Southern Africans, (OR = 1.14, 95%CI [0.98-1.31], p = 0.08) (Table 3.6)
(Figure 3.6B).

Table 3.6: Univariate logistic regression models showing the impact of region of recruitment
on the odds autosomal MCA incidence in AWI-Gen.

Coefficient Estimate Std. Err. Z-value P-value
Ref. Eastern Africa
Intercept -2.44 0.08 -28.97 <2.00x 107
Southern Africa 0.25 0.09 2.60 9.40 x 1093
Western Africa 0.40 0.10 3.75 2.00 x 1004
Ref. Southern Africa
Intercept -2.20 0.04 -45.64 <2.00 x 1016
Eastern Africa -0.25 0.09 2.60 9.40 x 1003
Western Africa 0.13 0.07 1.73 0.08

Ref. = reference variable category; Std. Err. = standard error of estimate coefficient.
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Figure 3.6: The proportion of participants with at least one autosomal MCA differed
between both region of recruitment and study site in AWI-Gen.

The proportion of participants with at least one autosomal MCA was significantly
associated with A) region of recruitment and C) site of recruitment. Pearson’s Chi2
test statistics shown above the plots. The odds of at least one detectable MCA were
significantly lower in B) Eastern Africans than in Western or Southern Africans and
differed significantly by D) site of recruitment. Plots B) and D) show heatmaps
representing the differences in the odds of autosomal MCA prevalence between
region and sites of recruitment pairs. Comparisons are made from left to right on
the x-axis and from top to bottom on the y-axis. Tile colours represent Fischer’s
Exact test odds ratio statistics with gradients reflecting the strength of the
estimates. Tiles are annotated with FDR adjusted p-values. FDR<0.001 = “***” FDR
<0.01 = “**”, FDR <0.05 = “*”, non-significant odds ratios = “ns”

These novel results from the initial exploratory analyses indicated the presence of
underlying region variables that were differentially impacting the odds of MCA
incidence in the AWI-Gen cohort. Participants were further stratified into their

respective study recruitment sites to further investigate this association and to
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determine if it holds true across sites within the same region. The significant
association between proportions of participants with at least one autosomal MCA and
region of participant recruitment was repeated when stratifying by study site (p = 3.53
x 10°9%) (Figure 3.6C). Participants recruited from the Agincourt site in Southern
Africa and the Western African sites of Nanoro and Navrongo had greater proportions

of autosomal MCA events than participants from other sites (Figure 3.6C).

Univariate logistic regression once again showed that site of recruitment had a
significant effect on the odds of detecting at least one autosomal MCA when compared
to a null model (p = 2.94 x 10-%°). Participants from the Agincourt site had significantly
higher odds of having at least one detectable autosomal MCA than participants from
Dikgale, Soweto, and Nairobi (Figure 3.6D). While participants from the Western
African sites of Nanoro, and Navrongo had significantly higher odds of having a
detectable autosomal MCA than those from all other sites except Agincourt and each
other (Figure 3.6D). However, prior analysis showed that the age and sex distributions
of participants from the various were significantly different which could confound
univariate associations (Figure 3.3). Multivariate logistic regression analysis was
employed to investigated combined effect of the participant age, sex, and region of
recruitment on the odds of having at least one MCA event in Africans (Table 3.7). The
SNP-array batch variable was included in the model to account for any potential

technical biases introduced across the three separate genotyping runs.

A fixed effects logistic regression model was fitted to the data, with age, sex, batch,
and region of recruitment as independent variables. This was significantly better at
modeling the occurrence of at least one autosomal MCAs than a null model (p < 2.20
x 10-'6), Batch was investigated as both a random-effect and fixed-effect variable. The
fixed-effect model (AIC = 6387) was better fitting than both the mixed-effect random-
intercept model (1 | Batch, ICC = 7.39 x 10-94) (AIC = 6390, p = 0.04), and the random-
slope model (Age + Sex + Region | Batch, ICC = 3.37 x 10-%) (AIC = 6414). The
random-effects and random-slope models captured very little variance in MCA
occurrence that was not already accounted for by the simpler fixed-effects model.
Thus, the fixed-effects model was selected to reduce model complexity and is
summarized below in Table 3.7. The effects of participant age and sex remained
independently associated with autosomal MCA incidence odds (Table 3.7) (Figure

3.7A). There was no evidence of interaction between combinations of region and age
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(p=0.70), region and sex (p = 0.40), region and batch (0.27), or any other three- or

four-way combinations of variables when iteratively adding interaction terms.

Table 3.7: A fixed-effects multivariate logistic regression of sex, age, region of recruitment, and sample
batch on autosomal MCA occurrence odds.

Coefficients Estimate Std. Err. | Z-value P-value

Ref. Eastern Africa, Female, Batch 2
Intercept -4.20 0.23 -18.55 <2.00x 1018
Sex (Male) 0.31 0.07 4.55 5.32 x 109
Age 0.03| 4.17x10% 8.07 7.18 x 1016
Region (Southern Africa) 0.11 0.10 1.07 0.28
Region (Western Africa) 0.35 0.10 3.42 6.24 x 10:04
Batch (Batch 1) -0.09 0.11 -0.83 0.40
Batch (Batch 3) -0.16 0.07 -2.17 0.03

Ref. Southern Africa, Female, Batch 2
Intercept -4.09 0.24 -17.12 <2.00x 1018
Sex (Male) 0.31 0.07 4.55 5.32 x 1096
Age 0.03| 4.17x10% 8.07 7.18 x 1016
Region (Eastern Africa) -0.11 0.10 -1.07 0.28
Region (Western Africa) 0.24 0.08 3.14 1.68 x 10-%8
Batch (Batch 1) -0.09 0.11 -0.83 0.40
Batch (Batch 3) -0.16 0.07 -2.17 0.03

Ref. = reference variable category; Std. Err. = standard error of estimate coefficient.

The odds of male participants having at least one detected autosomal MCA remained
1.36 times greater than females when accounting for the marginal effects of age, batch,
and region of recruitment (OR = 1.36, 95%CI [1.19-1.55], p = 5.32 x 10-%) (Figure
3.7A). Increasing age also remained significantly associated with increased odds of
autosomal MCA occurring with each increasing year increasing the odds by 1.03 times
when accounting for the marginal effects of sex, batch, and region of recruitment (OR
=1.03, 95%CI [1.03-1.04], p = 7.18 x 107'®) (Figure 3.7A).

Overall, the combined effect of batch was not a significant predictor of MCA occurrence
(p = 0.09). However, the odds of samples from Batch 2 having at least one detectable
MCA were 1.18 times greater than those from Batch 3 after accounting for the marginal
effects of age, sex, and region (OR = 1.18, 95%CI [1.02-1.36], p = 0.03). No difference
was seen between the other Batch pairs. After accounting for the marginal effects of
sex, age, and batch, participants from Western Africa had a 1.42 times greater odds of
autosomal MCA occurrence than participants from Eastern Africa (OR = 1.42, 95%ClI
[1.16-1.74], p = 6.24 x 10°%) and a 1.27 times greater odds than participants from
Southern Africa (OR = 1.27, 95%CI [1.09-1.48], p = 1.68 x 10:%%) (Table 3.7) (Figure
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3.7). Southern Africans and Eastern Africans no longer had significantly different odds
of autosomal MCA occurrence when accounting for differences in age and sex
distributions (p = 0.28) (Table 3.7) (Figure 3.7B). Overall, region of recruitment was a
significant and independent autosomal MCA odds (p = 8.0 x 10-%4). The significantly
greater odds of MCA occurrence observed in Western Africans in the multivariate

analysis once again supported evidence of regional specific factors on MCA formation

or selection in Africa (Figure 3.7C).
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Figure 3.7: Multivariate logistic regression analysis showing the combined impact of region of
recruitment, age, sex, and batch on differential odds of autosomal MCA occurance.

A) plot of multivariate logistic regression odds ratio estimates for autosomal MCA
occurance predicted by sex, age, batch, and region of recruitment. Model reference
variables (Ref.) are Wastern African females and batch 2. B) heatmap representing the
differences in the odds of autosomal MCA occurance between regions when accounting
for age, sex, and batch. Comparisons are made from left to right on the x-axis and from
top to bottom on the y-axis. Tile colour represents multivariate logistic regression odds
ratio statistics with gradients reflecting the strength of the estimates. C) the marginal
effect of region on the likelihood of autosomal MCA occurance adjusted for age, sex and
batch marginal effects. Dots indicate mean predicted probabilty. Error bars denote 95%
Cl. P-value symbols are p<0.001 = “***” p<0.01 = “**”, p<0.05 = “*”, p<0.1 = non-
significant “ns”.
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Participants were stratified into lower-level site of recruitment variables and added to
a logistic model with age, sex, and sample batch to determine if regional associations
hold true. This model also served to further investigate the differences in the odds of
autosomal MCA occurrence that was observed between the Southern African study
sites in univariate analysis. The fixed-effect model of accounting for participant age,
sex, batch, and site of recruitment was significantly better at predicting the occurrence
of an autosomal MCA than a null model (p < 2.2 x 10-'6). However, it did not improve
on performance of the higher-level region of recruitment model and only added
additional complexity to the analysis (AIC = 6392 vs 6387, p = 0.66). Once again it was
shown that male participants had an approximately 1.37 times greater odds of having
at least one autosomal MCA than females adjusting for the effects of age and site of
recruitment (OR = 1.37 95%CI [1.20-1.56], p = 3.17 x 10%). Increasing age remained
significantly associated with increased odds of having at least one autosomal MCA,
with each increasing year increasing the odds by 1.03 times adjusted for sex and study
site effects (OR = 1.03, 95%CI [1.02-1.04], p = 1.82 x 10-12).

The marginal effect of site of recruitment on the odds MCA occurrence better reflected
the observed marginal effects of the regions to which they belonged when accounting
for age, sex, and batch (Figure 3.8). Participants from Nanoro had significantly greater
odds of having at least one detectable MCA than participants from Soweto (OR = 1.40,
95%CI [1.09-1.79], p = 8.44 x 10°%%) and Nairobi (OR = 1.41, 95% CI [1.12-1.79], p =
4.06 x 109%) when accounting for age, sex, and batch effects. No significant difference
in the odds of MCA occurrence was observed between Nanoro participants and those
from Agincourt, Dikgale, or Navrongo once adjusting for age and sex (Figure 3.8B).
Interestingly, participants from Navrongo had the highest overall odds of at least one
autosomal MCA occurrence when accounting for age, sex, and sample batch effects
(Figure 3.8). Their odds of MCA occurrence was significantly greater than participants
from Soweto (OR = 1.41, 95% CI [1.10-1.80], p = 5.87 x 10°%3), Nairobi (OR = 1.43,
95% CI [1.14-1.79], p = 1.87 x 1093), Agincourt (OR = 1.21, 95% CI [0.97-1.50], p =
0.09), and Dikgale (OR = 1.25, 95% CI [0.97-1.61], p = 0.08 trending towards
significance) (Figure 3.8A).
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Figure 3.8: Multivariate regression anaylsis showed that particiapnts across study sites had
differential odds of autosomal MCA occurance when adjusting for sex, age, and batch.

A) A plot of multivariate logistic regression odds ratio estimates for autosomal MCA
incidence accounting for sex, age, batch, and site of recruitment. Model reference groups
(Ref.) are females from the Navrongo site and Batch 2. Navrongo participants had higher
odds of MCA ocurrence than pariticpants from Nairobi and Soweto, and higher odds than
participants from Agincourt and Dikgale approaching signficance. Bars represent 95% CI
of odds ratio estimates (dots). B) heatmap representing the differences in the odds of
autosomal MCA prevalence between sites of recruitment when accounting for age, batch,
and sex. Comparisons are made from left to right on the x-axis and from top to bottom
on the y-axis. Tile colours represent multivariate logistic regression odds ratio statistics
with gradients reflecting the strength of the estimates. C) the marginal effect of site on
the probabilty of autosomal MCA incidence adjusted for age, batch, and sex in Western
Africans. There was no significant difference in the likelihood of MCA ocurrence between
sites within the Western African region. Dots indicate mean predicted probabilty. Error
bars denote 95% CIl. D) the marginal effect of site on the probabilty of autosomal MCA
incidence adjusted for age, batch, and sex in Souther Africans. There was no significant
difference in the likelihood of MCA ocurrence between sites within the Western African
region. Dots indicate mean predicted probabilty. Error bars denote 95% CI. P-value
symbols - p<0.001 = “***” p<0.01 = “**”, p<0.05 = “*”, p<0.1 = non-significant “ns”. p-

value approaching 0.05 = “.

Importantly, no significant differences in the odds of MCA occurrence were observed

within the three Southern African sites or within the Western African sites once
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observed differences of age and sex distributions were accounted for (Figure 3.8B).
Addition of site of recruitment as a random effects variable nested within the region
variable (Site | Region) with a mixed effect model did not improve on the model fit with
age, sex, batch, and region as fixed effects (AIC = 6430 vs. AIC = 6388). This was
confirmed by stratifying the cohort by region and running the model with age, sex,
batch, and site as independent fixed effects (Figure 3.8C and D). The study site
variable did not lead to increased predicted probability of MCA occurrence within the
larger regions, with overlapping marginal effect probability intervals in both isolated
Southern and Western African cohorts (Figure 3.8C and D). Higher levels of
stratification reduced the effective sample sizes for testing when compared to grouped
regional categories, which reduced statistical power. Consequently, the region of
recruitment variable was not stratified by study site for the rest of the study analysis.
Furthermore, it was determined that other observable study site effects between

regions could be attributed to larger regional effects with more confidence.

Overall, the consensus from the multivariate logistic regression models was that
participant age, sex, and the broader African region of recruitment all had significant
and independent impacts on the odds of at least one autosomal MCA in the AWI-Gen
cohort. Although robustly significant, the model’s explanatory power was very weak,
suggesting that that there were many other factors impacting the odds of MCA
occurrence in the AWI-Gen cohort. These simple models were not tasked with
accounting for mechanistic biases influencing MCA mutation rate risk or identifying the
drivers of MCA selection and CH into account. This analysis did not explicitly set out to
build a comprehensive model for predicting MCA prevalence in Africans but rather
served to explore the demographic risk factors associated with MCA occurrence.
Additional exploratory analysis was conducted to provide insight into these important
factors which are the drivers of observed autosomal MCAs frequencies and

distributions.

3.3.4 The sizes and cell fractions of autosomal losses, gains, and CN-
LOHs differed significantly in the AWI-Gen cohort
A detailed investigation of the 1245 autosomal MCAs was carried out to

comprehensively describe their physical characteristics and genomic distributions.

MCAs were broadly categorized into losses, gains, or CN-LOHs based on their effect
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on copy number. Further identification of complex MCAs and structural alterations with
no impact on copy number was not possible with this data. A summary of the 1245

detected autosomal MCA characteristics is in Table 3.8.

Table 3.8: The characteristics of 1245 autosomal MCAs stratified by MCA type.

MCA type Gains Losses CN-LOHs Total
N (%) 260 (20.88) 462 (37.11) 523 (42.01) 1245 (100)
Male (%) 51.92 50.65 52.96 51.89
Median age 53.5 (40-79) 53 (40-80) 53 (40-79) 53 (37-89)
Median length (Mb) | 33.84 (0.28-198.02) | 1.25 (0.02-141.21) | 42.14 (0.18-243.19) | 27.80 (0.02-243.19)
Median CF % 2.28 (0.65-48.02) | 8.56 (0.99-29.51) 1.24 (0.40-39.70) 2.72 (0.40-48.02)

Median (range). N = total count, Mb = mega base pairs, CF = cell fraction percentage

The most frequently detected autosomal MCAs in the AWI-Gen cohort were CN-LOH
events (42.01%), followed by losses (37.11%), and gains (20.88%) (Table 3.8). No
association was observed between overall proportions of losses, gains, and CN-LOHs
detected and participant sex (Figure 3.9C) (p = 0.77). The size distributions of detected
MCAs differed significantly between losses, gains, and CN-LOHs (p = 7.42 x 10°8)
(Tabel 3.8) (Figure 3.9A). Losses were smaller on average, with significantly smaller
median lengths than both gains (p = 4.45 x 10%7), and CN-LOHSs (p = 6.32 x 10-192)
(Figure 3.9A). Conversely, gains and CN-LOHSs did not differ significantly in their size
distributions (p = 0.71). Gains made up most of the detectable whole chromosome
aneuploidies (84.62%), not counting acrocentric chromosomes 13,14,15,21,22 with no

p-arm probe coverage.

Mosaic monosomy was very rare, with 2 cases in chromosomes 9 and 16 being
detected in this cohort. Conversely, losses made up most interstitial focal events that
spanned less than 1Mb in size (87.50%). Small interstitial CN-LOHs (5.60%) and gains
(6.90%) under 1Mb were detected much less frequently. The distribution of the cell
fraction estimates, that is the proportion of cells in which an MCA is estimated to occur,
also differed significantly by MCA type (p = 1.11 x 10-"7) (Table 3.8) (Figure 3.9B).
Losses were detected at significantly higher median cell fractions than both gains (p =
1.69 x 102°) and CN-LOHSs (p = 2.72 x 107"8) (Figure 3.9B). CN-LOHs were found at
significantly lower cell fractions than gains (p = 2.08 x10-'%). Losses made up 79.75%

of expanded MCAs with cell fractions over 10%, while CN-LOHs made up 92.92% of
190



the MCAs that were detected at cell fractions less than 1%. Only a single loss was

detected with an estimated cell fraction under 1%.
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Figure 3.9 Univariate analysis showing CN-LOHs, gains, and losses differing in size and
estimated cell fraction distributions.

A) Violin-boxplots of MCA size distributions stratified by MCA event type. Kruskal-Wallis
test statistics are above, showing significant difference in size distributions. Losses were
smaller on average than gain, and CN-LOHs B) Violin-boxplots of MCA cell fraction
distributions stratified by MCA event type. Kruskal-Wallis test statistics are above,
showing significant difference in cell fraction distributions. Losses were detected in
higher cell fractions on average than gains or CN-LOHs. C) The proportion of MCA types
in male and female participants has a similar distribution. Pearson’s Chi? statistics are
above. D) a correlation matrix of continuous MCA characteristics showing a strong
negative correlation between MCA size and MCA cell fraction. On average, smaller MCAs
were to be detected in higher fractions of cells, while larger MCAs were detected at lower
fractions of cells. Participant age was not correlated with either MCA size or cell fraction.
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No significant correlation was found between participant age and the MCA size or cell

fractions (Figure 3.9D) in univariate analysis. However, a strong significant negative

correlation was found between overall MCA size and the cell fraction (Rho = -0.69, p

=5.67 x 107'74). Smaller MCAs were supported in higher cell fractions on average,

while larger MCAs were supported in lower cell fractions on average. This may also

be a result of the algorithm not detecting smaller MCAs at lower cell fractions.

Though it is not possible to know which explanation is the contributing factor. The

significant differential size and cell fraction distributions that were observed between

MCA types suggested that the strengths or directionality of the size and cell fraction

correlations may be different between losses, gains, and CN-LOHSs as well. MCAs

were stratified by type, and their individual sizes were plotted against their estimated

cell fractions. Visual inspection of these plots revealed a nonlinear negative

relationship between MCA size and cell fraction that was true for losses, gains, and

CN-LOHs. A more detailed regression of size and cell fraction for each type was

performed and can be seen in Table 3.9 and Figure 3.10.

Table 3.9: Parameter estimates for a power curve fitted regression of MCA event size predicted
by MCA event cell fraction with the formula Y=aXP.

MCA type Estimate Std. Err. T-value P-value
CN-LOH

a 58.71 1.82 32.18 <2.20x 107
b -0.31 0.05 -5.90 6.63 x 1009
Gain

a 112.65 8.50 13.25 <2.20x 107
b -0.63 0.11 -5.49 9.50 x 10-08
Loss

a 63.72 3.42 18.67 <2.20x 107
b -1.21 0.07 -17.79 <2.20x 107

Std. Err. = standard error of estimate. a,b = estimated parameters for MCA type specific power curve

regressions.
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red.
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The negative correlation between MCA size and its supported cell fraction remained
significant when stratified by MCA type (Figure 3.10). The strength of that correlation
differed by MCA type, with losses having the strongest negative correlation (Rho = -
0.71, p = 2.84 x 107") followed by moderate negative correlations in gain events (Rho
=-0.47, p = 1.35 x 10'%) and CN-LOH events (Rho = -0.31, p = 4.88 x 10-'3) (Figure
3.10). A non-linear negative power curve with the formula Y=aXb best predicted MCA
event size by MCA cell fraction when the variables were regressed (Tabel 3.9) (Figure
3.10). This confirmed the observation that smaller MCAs were detected at higher cell
fractions, with loss of genomic material having the strongest impact on clonal
expansion overall. Larger MCAs encompass larger areas of the genome sequence

features, modulating the impact of selection across its length.

3.3.5 The distribution of 1245 detected MCAs across 998 African

autosomes in the AWI-Gen cohort

Autosomal MCAs were detected in all 22 chromosomes covered by the H3Africa -SNP
array. However, the total number of MCA calls in each chromosome was different.
Additionally, MCAs were unevenly distributed across the autosome, with relative
proportions of losses, gains, and CN-LOHs detected in each chromosome differing
significantly (Chi? = 482, p = 3.43 x 1077%) (Figure 3.11). Chromosomes 1 (11.49%), 5
(8.17%), 14 (9.16%), and 21 (7.39%) had the highest overall MCA counts, while MCAs
were detected least frequently on chromosomes 4 (1.85%), 10 (2.33%), 15, (1.61%),
and 18 (1.45%) (Figure 3.11). This is in line with what has been reported in other MCA
characterizations. However, the negative correlation between loss and gain
frequencies within each chromosome that was previously reported in the UKB cohort
was not repeated in the AWI-Gen cohort (Rho = 0.11, p = 0.63) (Loh et al., 2018). In
this study, the proportion of CN-LOHSs, gains, or losses appeared to be specific to each
chromosome, which was suggestive of underlying mechanistic factors influencing
relative mutation rates and selective forces shaping the differential frequency of MCAs

in each chromosome (Figure 3.11).

194



129

MCA type
CN-LOH

| h‘%i. iiiu Lﬂiiﬂ

1 2 3 456 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22
Chromosome

Frequency of total MCA events (%)

Figure 3.11: The proportion of MCAs detected in each chromosome in the AWI-Gen cohort

CN-LOHSs were detected most frequently on chromosomes 1 (8.19%) and 9 (3.53%).
Losses were detected most frequently on chromosome 14 (6.27%), followed by
chromosomes 7 (3.21%), 6 (2.73%), and 13 (2.73%). Most gains were detected on
chromosomes 1 (1.85%), 5 (5.14%). and 21 (5.14%) and were comparatively rarer in
the other chromosomal regions (Figure 3.11). Striking differences in proportions of
MCA types were seen across the autosome. For example, chromosome 13 MCAs were
mostly losses, with few gains or CN-LOHs. Conversely, chromosome 15 MCAs were
mostly CN-LOHs, with very few losses or gains (Figure 3.11). These differential
proportions of MCAs suggested non-random distributions of MCAs across the
autosome, which had previously been reported in MCA characterizations in other
populations (Loh et al., 2018, Terao et al., 2020).
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3.3.5.1 MCAs were non-randomly distributed across the autosome.

The chromosomal region spanned by each MCA was visualized through the generation
of a Circos pileup plot, revealing non-random patterns of distribution across the
autosome in more detail (Figure 3.12). Several MCAs appeared to be sporadically
distributed across specific autosomal loci (Figure 3.12). These MCAs were generally
smaller focal losses or gains in the larger chromosomes 2, 3, and 4 (Figure 3.12).
However, many more MCA were observed to span common loci in each chromosome,
with distinct regions frequently impacted by specific MCA types (Figure 3.12). Most of
these MCAs were detected in different participants and appear to be recurrent. Alarge
proportion of the commonly occurring gains detected in chromosomes 5 (75.00%), 12
(72.73%) and 21 (98.44%) were predicted to be mosaic aneuploidies that span the

entire length of their respective chromosomes (Figure 3.12).

Most detected CN-LOHs extended to the terminal ends of the chromosomal arms
(Figure 3.12). The larger median size of CN-LOHs that was observed in the MCA
characterization could also clearly be seen. Overall, CN-LOHs were less frequently
focal or interstitial than either losses or gains (Figure 3.12). Only 8.41% of all detected
CN-LOHSs did not span the terminal end of a chromosome arm. Conversely, small
losses were frequently clustered across common recurrent interstitial loci, as well as
in commonly deleted loci near the terminal ends of many chromosomal arms. These
loss hotspots were seen in the arms of chromosomes 1p, 4p, 5p, 6q, 7p, 79, 8p, 8q,
9q, 10q, 11p, 12q, 16q, 17p, 17q, 189, 19q, 20q, and 21q (Figure 3.12). These terminal
regions may be prone to telomere shortening in aging HSCs, resulting in increased
incidence of DSB and losses (Muraki et al., 2012).
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Figure 3.12: Autosomal distribution of 1245 MCA loci detected in 998 AWI-Gen participants.

A circular pileup plot of the genomic locations of the 1245 autosomal MCAs detected
in 998 participants. Each chromosome is numbered above with an accompanying
ideogram and chromosome coordinates. Each line represents a discrete MCA event
from their estimated start to end coordinates. Losses are plotted in blue in track 1,
CN-LOHSs in gold in track 2, and gains in red in track 3.

The distribution of MCAs is known to be influenced by loci specific mechanistic biases
introduced by the physical properties of DNA sequence, in the context of 3D genome
organizational architecture, and differential DDR pathways that influence DSB hotpots
and non-random mutation rates, and selection biases modulated by driver mutations
(Watson and Blundell, 2023). While the combination of differential loci specific mutation
rates and fitness effects is most certainly the main driver of the observed MCA
distributions in the AWI-Gen cohort as well, it may also be impacted by the coverage
of the array probes, the quality of the array data, and the sensitivity of the MCA caller

(Loh etal., 2018). The potential impact of probe bias in MCA detection was investigated
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using the average informative probes per 1Mb genomic region. The informative probe
coverage was plotted using the phased heterozygous probes underlying MCA calls in
each of the 9917 participants and calculating the mean per 1Mb windows. This was
compared to the proportion of each 1Mb window encompassed by losses, gains, or
CN-LOHs to visualize recurrent MCA loci (Figure 3.13). The H3Africa array’s high SNP
probe density, coupled with the intentional design choice to include more efficient
African tag SNPs, resulted in excellent mean genome wide probe coverage for this
analysis. The coverage was not uniform, with mean hets/Mb fluctuating noticeably
across adjacent 1Mb windows (Figure 3.13). This was expected as the array was
designed for representative GWAS and not explicitly for MCA calling. However, very
few windows outside of the centromeric and telomeric regions had less than 100 mean
hets/Mb (Figure 3.13). The result was more heterozygotes for phasing, translating to
more informative sites for MoChA to call smaller MCAs. Thus, there were sparce loci

where calling small MCAs was limited by probe density.

Many of the loci with high proportions of small focal recurrent terminal losses can be
seen in windows with lower-than-average informative probe coverage (Figure 3.13).
Dips in the plotted mean hets/Mb line can be seen towards the terminal ends of all the
covered chromosomal arms, coinciding with peaks in the proportion of loss events
(Figure 3.13). A total of 114 terminal losses under 5Mb were detected in this analysis.
Only 17 (14.91%) of these losses were smaller than 2Mb in length with a corresponding
average of 47 (SD = 18) phased heterozygous SNPs underlying the call. The mean
heterozygous SNPs informing the calls of all 114 focal deletions was higher, at 194
(Std. Dev. = 157). Thus, the coverage of phased heterozygous SNPs underlying these
regions was determined to be sufficient for MoChA to make confident and statistically
significant calls, with all MCAs having LOD scores over the recommended threshold of
10. It is likely that these terminal losses were likely real MCA calls. The calls that had
too few data points to be confidently classified by MoChA were excluded from analysis
during QC. However, caution was taken in their interpretation. The phenomenon of
commonly deleted regions (CDR) has been observed across MCA studies, with
population specific CDRs being reported in European and Asian cohorts (Loh et al.,
2018, Terao et al., 2020). Recurrent MCA loci were identified in the AWI-Gen cohort
and annotated with commonly impacted genes to uncover underlying driving their

differential distribution across the African autosome.
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Figure 3.13: Circos plot showing the mean phased heterozygous SNP probe coverage per 1Mb
window in the AWI-Gen cohort achieved with the H3Africa SNP array.

The mean phased heterozygous probes in each 1Mb window of the autosome was
calculated compared to the proportion of autosomal MCA coverage by MCA type.

Proportions are scaled to the total MCA count per chromosome.
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3.3.5.2 Novel candidate drivers of common autosomal gain and loss loci.

While it was not possible to identify underlying mechanistic factors influencing MCA
mutation rates with the SNP array data, it was possible to infer regions of the genome
which may confer selective advantage to HSCs if altered by a loss or gain. This was
achieved by identifying regions of the genome that were commonly deleted and
commonly gained in the AWI-Gen cohort and then identifying potential driver genes
that were impacted by these MCAs that could drive clonal expansions. Two
approaches were combined to achieve this. The first approach was adapted from Terao
et al. (2020) and involved annotating losses and gains with every gene encompassed
by their breakpoints. Genes were given an MCA specific score of 1/total gene count
underlying each MCA. This accounted for MCA length and the combinatorial impact of
all disrupted genes on HSC function. Scores for each gene were tallied and those in 3

or more losses with scores over 0.4 were identified and manually curated as drivers.

Atotal of 49 candidate genes were impacted by 3 or more losses and had gene scores
over the required 0.4 threshold (Table 3.10). Of these, 4 were V(D)J recombination
loci, 6 were annotated as long intergenic non-coding RNAs (lincRNAs) locus, 5 were
annotated as long-coding RNAs (IncRNAs), 6 were microRNAs (MIR), and 30 were
canonical protein expressing genes (Table 3.10). No candidate drivers were identified
for losses in chromosomes 1, 3, 9, 10, 11, 15, 16, 19, or 20. No candidate genes were
identified in for gains, potentially due to the large size of most gains and rarity of focal
loci penalizing individual gene scores. Thus, drivers could be lost in a sea of

unimportant or uninvolved genes.

The drivers of AWI-Gen CDRs were compared to published CDRs in the UKB and BJJ
cohorts (Loh et al., 2020, Terao et al., 2020). Drivers shared by all three cohorts were
DNMT3A, TET2, TNFAIP3, ARHGEF10, TRA, and TRD. Additionally, PERP was
common to the AWI-Gen cohort and the BBJ cohort. The rest of the regions were novel
in the AWI-Gen cohort and were not identified as drivers in CDRs in either cohort. Of
the commonly deleted loci in AWI-Gen with the first approach, ARHGEF10, ASXL?2,
DNMT3A, IGL, TET2, TNFAIP3, TRA, TRB, and TRD are known drivers of CH
commonly mutated in CH. None of the other genes have been previously associated
previously associated with CH in literature.
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Table 3.10: Candidate genes driving the selection of commonly deleted loci scored by the gene
approach.

Chromosome | Commonly deleted loci — gene scoring

ASXL2, DNMT3A, MIR1301

PPA2, TET2

IRX4, LINC0O2116

TNFAIP3, WAKMAR2

DLL1, LINC0O1624, LINC02539, LINC02865, LOC154449, LOC285804, MIR4644, PERP,

DNAJB6, FAM20C, LOC101927914, MIR11400, MIR153-2, PTPRN2, TRB, TARP

IN| O |ga|lh]|DN

ARHGEF10, DMTN, FHIP2B

12 | LINC02361, LOC101928416

13 | CDC16, RASA3

14 | TRA, TRD

17 | METRNL, TBCD

18 | ADNP2, CTDP1, NFATC1, PARD6G, TXNL4A

21 | COL18A1, MIR6815

22 | IGL, IGLL5, LINC0O1634, MICAL3, MIR650, VPREB1

A second analysis was adapted from Loh et al. (2018) to identify additional candidate
drivers that may have been missed by the strict penalization of larger MCAs inherent
to gene centric approach. The genome was divided into 1Mb windows. Each MCA was
given a score defined by 6Mb/MCA(Mb), with all MCAs under 6Mb being scored 1.
While this also accounted for MCA size and relative gene density, it was much less

stringent than the gene centric approach.

Common 1Mb genomic windows were identified by generating window scores for each
MCA overlap. Windows with scores of 3 or more from loss overlaps were annotated
with predicted tumor suppressor genes in pan-cancers and leukemias (Table 3.11). A
total of 92 genomic windows were identified with weighted scores of 3 or more,
encompassing 54 commonly deleted driver genes predicted to be tumor suppressors
in the combined databases (Table 3.11). No commonly deleted windows were identified

in chromosomes 3, 10, 15, or 18.
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Table 3.11: Candidate genes driving the selection of commonly deleted loci scored by the
window approach.

Chromosome Commonly deleted loci — window scoring
1| TNFRSF14
2 | ASXL2, BCL2L11, DNMT3A
4 | TET2
5 | SDHA, TERT
6 | CITED2, ECT2L, IFNGR1, TNFAIP3
7 | CASP2, EZH2, POT1
8 | ARHGEF10, DOK2
9 | NOTCH1
11 | ATM, CADM1, CBL, CDKN1C, H19, MIR210, MIR34B, MIR34C, ZBTB16
12 | CHFR, POLE
13 | DLEU1, DLEU2, KCNRG, MIR15A, MIR16-1, OLFM4, RB1
14 | IGH, TRA, TRD
16 | AXIN1, CBFA2T3, FANCA
17 | ALOX15, DPH1, GPS2, MIR22, MIR132, NF1, SUZ12, TP53
19 | STK11, TCF3
20 | PTK6, SS18L1
22 | BCR

The known CH driver genes DNMT3A, TET2, TNFAIP3, ARHGEF10, TRA, and TRD
were identified by both approaches, suggesting a significant role of these genes in
recurrent losses (Table 3.11). The POT1 gene identified as a candidate driver across
the AWI-Gen, UKB, and BBJ, and IFNGR1 was identified in AWI-Gen and BJJ only. Of
the identified candidates associated with hematological malignancies only ASXL2,
ATM, BCR, CBFA2T3, CBL, DNMT3A, EZH2, FANCA, GPS2, IGH, NF1, NOTCH1,
POT1, RB1, SUZ12, TET2, TNFAIP3, TNFRSF14, TP53, TRA, TRD, TERT, ZBTB16

had been identified as known canonical CH drivers through MCAs or in CHIP cases.

The other loci in Table 3.11 have not specifically been identified as drivers of CH, but
their roles in malignancies suggests plausible mechanisms of dosage sensitive
selection in CH. Whether or not the genes in Tables 3.10 and 3.11 outside of known
CH genes are expressed in HSCs or their progeny or are significantly impacting the
selection of loss events warrants further investigation. Additional larger genomic
regions known to be associated with CH which were detected in AWI-Gen are del(5q),
del(13914), and del(20q). The location of these loci across the autosome are shown in
Figure 3.14.
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Figure 3.14: Recurrent focal loss loci in the AWI-Gen cohort commonly impacting candidate
driver genes.

Deletion events across the autosome are plotted as blue segments in track 2. Each line
is a discrete loss. Commonly deleted loci identified through scoring genes in Table 3.10
are shown on the inner track and are coloured green. Commonly deleted known pan-
cancer and leukaemia associated driver loci are shown in the outer track and are labelled
blue.

Far fewer focal duplication windows were identified with window scores over 3. In these
windows, 20 genes that were reported as pan-cancer or leukemia associated
oncogenes were identified in 4 chromosomes in the AWI-Gen cohort (Table 3.12). Of
the identified candidate driver genes in recurrently duplicated loci, only TERT was

shared between focal gains and losses suggesting a complex dual role in MCA
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formation and selection in Africans. Additionally, ERG, U2AF1, RUNX1, MTOR, and
TERT had all previously been reported as known CH drivers. No comparisons were
made with UKB and BBJ as they only investigated CDRs in their studies. Making this

one of the first studies to do so.

Table 3.12: Candidate pan-cancer and leukaemia associated driver genes recurrently
duplicated in common loci scored by 1 Mb windows in the AWI-Gen cohort.

Chromosome Commonly duplicated loci
1| EPHA2, MIR34A, MTOR
5| CTNND2, IL7R, PRDM9, SKP2, TERT
21 | ERG, ETS2, MIR155, MIR99AHG, OLIG2, RUNX1, TMPRSS2, U2AF1
22 | APOBEC3B, MRTFA, PDGFB, PIM3

It is likely that a great many loci that impact the formation of both loss and gain events
in the AWI-Gen cohort were not identified in the above analysis. A combination of
changes to the expression of all the genes underlying these MCAs, should they be
expressed in mature blood and immune cell lineages, is likely to drive their expansion.
However, the above analysis does provide initial insight into the commonly occurring
focal regions in African populations and identifies novel associations with protein
coding and regulatory loci that may contribute to MCA formation and selection not only
in Africans, but also potentially in all aging populations. The non-random distribution of
MCAs across the AWI-Gen cohort could be explained, in part, by the underlying
genomic architecture features at these common loci being susceptible to MCA
mutation in combination with changes in the expression of these genes conferring
selective advantage. These locations would be acted upon by unique selection
pressures. The demographic factors that were identified as significant in the regression
analysis may play a role in that selection or serve as proxies for exogenous selection
pressures acting on the AWI-Gen cohort. The impact of these factors on the non-

random MCA distribution was investigated further.
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3.3.5.3 Differential autosomal MCA distributions were associated with

participant sex and age.

The overall proportions of detected MCAs stratified by the broad categories of loss,
gain, or CN-LOH did not significantly differ between male and female participants
(Figure 3.9C). However, specific differences in MCA distributions between male and
female participants and by participant age were apparent when stratifying by MCA type
and position relative to chromosomal arm (Figure 3.15). These associations were
screened for in MCA phenotypes with cohort wide counts of 4 or more were grouped
into MCA phenotypes to investigate the potential relationship between age, sex, and
specific MCA occurrence in the AWI-Gen cohort (Figure 3.15). A table of the full 82
MCA phenotypes can be found in Appendix I.
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Figure 3.15: Bubblegraph showng autosomal MCA phenotype proportions by mean age and
fraction male sex distributions.

MCAs were stratified by chromosome arm and type into MCA phenotypes. Bubbles
represent discrete MCA phenotypes with counts of 4 or more plotted by the fraction of
males and the mean age of the participants they were detected in. Bubble size reflects
the MCA phenotype count. Bubble colour represents MCA type. g = q -arm, p = p-arm;
- represents a loss, = represents a CN-LOH, + represents a gain. Dotted lines indicate
study means for age and fraction of males.
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The enrichment of detected MCAs in the elderly observed in the regression was
reflected in the phenotype stratification analysis. Most stratified MCA phenotypes had
male fractions upwards of the cohort mean male fraction of 0.45 and mean ages
greater than the cohort mean age of 51 years (Figure 3.19). However, a wide range of
sex and age distributions was observed across the stratified MCA phenotypes with
some detected primarily in females or in younger participants (Figure 3.15). This
suggested potential for sex and age-related bias of specific MCA phenotypes which
did not follow the overall trend towards males and the elderly. To identify the recurrent
MCA regions with enrichment, MCA phenotypes were stratified into 1TMb windows in
which they were detected across the autosome. Fischer’s exact tests were conducted
on the proportion of MCAs in each 1Mb window between male and female participants
to account for the reduced MCA counts introduced by stratification. Concurrent
windows were manually curated and combined into larger window loci with evidence
of MCA sex enrichment (Table 3.13).

Table 3.13: Autosomal window loci with evidence of differential distributions between 521 male
and 477 female participants with at least one MCA.

MCA Start End | Count (M/F) OR [95% CI] | P-value | Mean CF (SD)
Loss

5p- 1 2022782 9 (1/8) 0.11 [0.00-0.85] 0.02 9.41 (4.80)
79- 157082936 | 159138663 7 (1/6) 0.15[0.00-1.25] 0.06 12.03 (8.52)
9g- 71033043 | 105114367 8 (7/1) | 6.47 [0.84-292.38] 0.07 9.08 (8.46)
10q- 133933713 | 135534747 8 (1/7) 0.13 [0.00-1.01] 0.03 7.18 (2.90)
13q- 50323749 | 52448017 21 (15/6) | 2.99[1.04-10.51] 0.03 4.49 (4.06)
13q- 113326671 | 115169878 5 (5/0) Inf [0.84-Inf] 0.06 8.20 (4.75)
14q- 105955668 | 107349540 4 (0/4) 0.00 [0.00-1.38] 0.05 | 17.04 (11.37)
Gain

6p+ 1 6978633 8 (7/1) | 6.47 [0.83-292.38] 0.07 3.69 (2.94)
CN-LOH

2g= 142359467 | 243199373 17 (5/12) 0.38 [0.10-1.16] 0.08 213 (2.77)
9p= 1| 26576086 10 (9/1) | 9.30 [1.31-404.36] 0.01 | 10.83 (13.64)
10g= 89534244 | 135534747 13 (11/2) | 5.12[1.11-47.73] 0.02 1.69 (1.58)

q =q-arm, p = p-arm; - represents a loss,

= represents a CN-LOH, + represents a gain; Start/End of window base

pair coordinates; M = male; F = female; OR = Fischer’s Exact odds ratio with male reference; Cl = confidence

interval; P-value from Fischer’s Exact test not adjusted for multiple tests; CF = cell fraction (%); SD = standard

deviation of mean CF. Inf = infinity as Fischer’s Exact cannot give exact OR estimates with counts of 0.
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This analysis identified 11 autosomal window loci with evidence of differential
distributions in either male or female participants suggestive of sex specific selection
pressures in the AWI-Gen cohort (Table 3.13) (Figure 3.16). Males had significantly
greater odds of having large losses on 13:50323749 — 52448017bp (OR = 2.99 [1.04-
10.51], p = 0.03), CN-LOH on 9:1 — 26576086bp (OR= 9.30 [1.31-404.36], p = 0.01),
and CN-LOH 10: 89534244 — 135534747bp (OR =5.12 [1.11-47.73], p = 0.02) (Table
3.13) (Figure 3.16A). They also had greater odds of having losses which trended
towards significance on 9:71033043 — 105114367bp (OR = 6.47 [0.84-292.38], p =
0.07), small terminal losses on the end of 13:113326671-115169878bp (OR = Inf [0.84-
Inf], p= 0.06), as well as large gains on 6:1 — 6978633bp (OR = 6.47 [0.83-292.38], p
= 0.07) (Table 3.13) (Figure 3.16B). Conversely, regions were identified where males
had significantly lower odds of MCA presence than females (Table 3.13) (Figure 3.16).
These included small terminal losses on 5:1- 2022782bp (OR = 0.11 [0.00-0.85], p =
0.02), small terminal losses on 10:133933713 — 13553474 7bp (OR = 0.13 [0.00-1.01],
p = 0.03), and small focal losses of the IGH region on 14: 105955668 — 107349540bp
(OR =0.00[0.00-1.38], p = 0.05) (Table 3.13) (Figure 3.16A).

Men had lower odds of small terminal losses that trended towards significance on
7:157082936 — 159138663bp (OR = 0.15 [0.00-1.25], p = 0.06), as well as large CN-
LOH on 2:142359467 — 243199373bp (OR = 0.38 [0.10-1.16], p = 0.08) (Table 3.13)
(Figure 3.16B). None of these apparent sex biases remained significant at FDR<0.1
after adjustment for multiple testing due to the substantial number of tests run by the
per 1Mb window methodology. The lower MCA counts induced by this level of this
stratification combined with multiple testing requirements for 2875 1Mb autosomal
windows may have confounded testing. Only the individual combined window post
curation Fischer’s Exact p-values were reported in Table 3.13 as good evidence for
association between specific genomic loci and participant sex that future validation or
replication. Plausible driver genes from the generated candidate driver gene list were

annotated across the MCA regions which showed sex bias (Figure 3.16).
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Figure 3.16: Autosomal MCA loci with evidence of sex biased selection in the AWI-Gen cohort.

A) Circular pileup plot of regions of the autosome which showed evidence for increased odds of losses (blue) in either males (orange) or
females (orange). B) Circular pileup plot of regions of the autosome which showed evidence for increased odds of gains (red) or CN-LOHs
(gold) in either males (orange) or females (orange). Chromosomes are numbered above. Each stacked coloured line represents a discrete
MCA event in the outer track. All MCAs on each chromosome are shown for context and comparison of significant and non-significant regions.
The second track shows the same MCAs as in track 1 coloured by the sex of the participant in which it was detected. Candidate diver genes

encompassed by the region are annotated on a chromosomal ideogram in the inner track.
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Most of the 82 autosomal MCA phenotypes (74.39%) with four or more counts were
detected in participants over the median age of the cohort (51 years) reflecting the
well-established age enrichment (Figure 3.14). Wilcoxon signed-rank one-sample tests
were conducted to detect skewing of MCA class age distributions from an overall cohort
median of 51 years. Despite being detected more often on average in the elderly, most
MCA classes did not deviate significantly from the median cohort age. There were
several MCA classes that were significantly enriched in the elderly in unadjusted
analysis. These included gains in chromosomes 8 (median = 67 years, IQR [16.5], p =
0.04), 12 (median = 55 [3], p = 0.01), and 21 (median = 55 [8.5], p = 9.51 x 10-%).
Additional significance was observed in CN-LOH events in 1q (median = 55 [8], p =
0.02), 7p (median = 56 [8.25], p = 0.02), and 9q (median = 56 [12], p = 0.02). Finally,
participants with losses in 6q (median = 56.5 [8.25], p = 2.94 x 1093), 7q (median = 56
[9.25], p = 0.04), 8p (median = 55 [6], p = 0.04), 14q (median = 54 [10.75], p = 0.02),
and 20q (median = 57.5 [8], p = 0.01) were also observed to have age distributions
higher than the median of the full cohort. Once p-values were adjusted for multiple
comparisons, only gains in chromosome 21 remained significant at an FDR = 0.08.
Losses in 6q, 14q, 20g were all at FDR = 0.12, potentially trending towards significance

with a less stringent acceptance of false discovery.

Therefore, a cautious approach to the interpretation of apparent sex and age biases of
specific MCA classes across the genome is warranted. Overall, there was compelling
evidence that autosomal loci were enriched for specific MCAs in males and females or
were more likely to be seen in the elderly. Increasing age and participant sex appeared
to confer unique selection pressures on specific regions of the genome that were also
copy-number dependent. The significant increase in the odds of MCA occurrence
observed in the regression analysis may be driven by these unique selection pressures
at these loci. Conversely, in regions of the autosome with similar observed MCA
distributions across all ages and sexes, these factors may not have been as important
in their selection. It was, therefore, hypothesized that participants from the three broad
regions of recruitment were likely to experience additional selection pressures, unique
to the regional environments, which may have contributed to the significant increased
odds of MCA occurrence observed in WA participants in the regression analysis. The
impact of participant region of recruitment on the observed distribution of detected

autosomal MCAs enrichment was investigated at the stratified MCA level.
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3.3.5.4 Autosomal MCA distributions differed across regions of recruitment.

Several analyses provided convincing evidence for differential distribution of MCAs at
specific autosomal loci based on the region of participant recruitment. Autosomal loci
were enriched for MCAs that were specific to Eastern, Western, and Southern African
participants. The proportion of losses, gains, and CN-LOHSs that made up the regional
totals of detected MCAs was significantly different (Chi> = 11.52 p = 0.02). The
frequencies of losses, gains, and CN-LOHs stratified by chromosome were plotted and
compared between participants from SAvs EA, SAvs WA, and WA vs EA (Figure 3.17).
Spearman’s rank correlation analysis revealed strong significant correlations between
CN-LOHs across all three regions after adjusting for multiple comparisons (Figure
3.17).

The strongest correlation between CN-LOH frequencies was observed between SA
and WA (Rho = 0.85). A strong significant correlation was observed for loss frequencies
between SA and EA participants (Rho = 0.84), while a moderate significant correlation
was observed for loss frequencies between SA and WA (Rho = 0.57). The frequencies
of losses per chromosome were also moderately correlated between EA and WA (Rho
= 0.44) and trending towards significance. The biggest overall difference in MCA
distributions across the autosome were observed for gains. The frequencies of
detected gains were very strongly correlated between SA and EA (Rho = 0.94), while
no significant correlations were observed for gains between WA and any of the regions
(Figure 3.17).
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Figure 3.17: Autosomal MCA phenotype frequency correlations by region of recruitment.

The frequencies of autosomal MCAs as a function of the total MCA events detected in
each region were compared between the three regions of recruitment by MCA type.
Individual points represent each chromosome. Spearman’s rank correlation statistics for
each comparison by type and region are shown in each plot. q = g-arm, p = p-arm,; -
represents a loss, = represents a CN-LOH, + represents a gain. EA = Eastern Africa, SA
= Southern Africa, WA = Western Africa.

The correlation analysis showed that MCAs broadly categorized by type and
chromosome were similarly distributed between participants from all three regions.
These regions were identified as common MCA regions in African populations, where
MCA formation was not being significantly impacted by the exogenous selection

pressures or germline variation differences that may exist between the three regions.
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Significantly different frequencies could potentially indicate regions subjected to unique
selection pressures. However, these overall MCA frequency comparisons by
chromosomes did not reveal specific loci in which the regional differences could be
accruing. MCAs were once again stratified by chromosomal arm and MCA type, and
then by 1Mb autosomal windows in a manner done by participant sex. The counts of
each MCA category were then evaluated for regional enrichment with Fischer’s exact
tests within the 998 participants with at least one MCA, within each 1Mb window. This
was used to identify more specific manually curated autosomal loci within each MCA
category that showed evidence of region biased selection (Table 3.14) (Figures 3.18-
3.20).

Following manual curation and combination of the Fischer’s exact tests run on each
1Mb window across the autosome, 16 windowed loci showed evidence of differential
distribution between either EA vs SA, SAvs WA, or WA vs EA participants (Table 3.14).
Small focal losses on chromosome 2: 25000001-27000000bp, encompassing the
established DNMT3A CH driver gene, were significantly more likely to be found in SA
vs WAs (OR = Inf [1.08-Inf], p = 0.02) with 7 of the 8 losses observed in SA participants
and none being observed in WAs (Table 3.14) (Figure 3.18). The loss of DNMT3A has
been reported as one of the most prolific CH drivers across many MCA and CHIP
cohorts. Thus, there may be factors impacting its selection in these studied cohorts as

well as the SA participants that are not shared by the EA and WA participants.

The loss event hotspots on the g-arm of chromosome 7 clustered together as a single
phenotype were not significantly differentially distributed. However, upon closer
inspection two distinct regional specific loss loci were uncovered (Figure 3.18A). Large
loss events on chromosome 7:109000001-140000000bp were significantly more likely
to be detected in WA vs SA participants (OR = 12.26 [1.69 - 538.36], p = 2.85 x 10-%)
(Table 3.14) (Figure 3.18). An additional recurrent small focal loss event loci was
identified on chromosome 7:142035845-142513256bp which only spans the T-cell
receptor beta (TRB) locus that had increased odds of being from SA vs WA participants
(8 vs 1) trending towards significance (OR = 6.07 [0.81 — 270.20], p = 0.09) (Figure
3.18).
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Table 3.14:

Autosomal windows with evidence of differential MCA distributions between 483 SA, 362 WA, and 153 EA participants.

MCA Start End | Count (WA/EA/SA) OR [95% CI] P-value OR [95% CI] P-value OR [95% CI] | P-value
Loss WA vs. EA SAvs. WA SAvs. EA

2p- 25000001 27000000 8 (0/1/7) 0.00 [0.00-16.67] 0.30 Inf [1.08-Inf] 0.02 | 2.25[0.29-102.00] 0.69
79- 109000001 | 140000000 11 (9/1/1) 3.87 [0.53-170.85] 0.29 0.08 [0.00-0.59] 2.85 x103 0.32 [0.00-25.07] 0.43
11p- 1 2000000 6 (5/0/1) Inf [0.39-Inf] 0.33 0.15[0.00-1.33] 0.09 Inf [0.01-Inf] 1.00
1q- 111000001 | 124000000 14 (2/2/10) 0.42 [0.03-5.91] 0.59 3.78 [0.80-35.72] 0.08 1.61[0.34-15.23] 0.74
13g- 45000001 84000000 20 (15/417) 1.61[0.50-6.77] 0.61 0.34 [0.12-0.90] 0.02 0.55[0.14-2.59] 0.31
14qg- 22000001 23000000 69 (7/23/39) 0.11[0.04-0.28] | 6.68 x10-%8 4.43 [1.93-11.88] 5.24x105 0.50 [0.28-0.91] 0.02
17p- 4000001 8000000 7 (0/0/7) 0.00 [0.00-Inf] 1.00 Inf [1.09-Inf] 0.02 Inf [0.46-Inf] 0.21
17g- 80000001 81000000 10 (1/0/9) Inf [0.01-Inf] 1.00 | 6.81[0.94-299.43] 0.05 Inf [0.63-Inf] 0.12
18qg- 77000001 78000000 8 (6/0/2) Inf [0.50-Inf] 0.19 0.25[0.02-1.39] 0.08 Inf [0.06-Inf] 1.00
Gain

5p+ 1 47000000 60 (50/2/8) | 12.07 [3.10-103.77] | 1.63 x10-%¢ 0.10 [0.04-0.23] 2.20 x10-12 1.28 [0.25-12.49] 1.00
5+ 47000001 | 180000000 54 (50/2/2) | 12.07[3.10-103.77] | 1.63 x10-% 0.03[0.00-0.10] | <2.20 x10-'6 0.31 [0.02-4.37] 0.25
6p+ 1 25000000 8 (6/1/1) 2.59[0.31-119.89] 0.68 0.12[0.00-1.02] 0.05 0.32 [0.00-25.07] 0.43
21+ 14000001 48000000 64 (5/22/37) 0.08 [0.02-0.24] | 1.52 x10-08 5.89[2.27-19.39] 1.72 x10%° 0.50 [0.27-0.92] 0.02
CN-LOH

19= 144000001 | 249000000 55 (29/9/17) 1.41[0.63-3.47] 0.46 0.42[0.21-0.80] 0.01 0.59 [0.24-1.53] 0.24
5q= 121000001 | 180000000 16 (12/1/3) 5.26 [0.77-226.61] 0.12 0.18 [0.03-0.68] 0.01 0.96 [0.08-50.51] 1.00
11p= 1 1000000 22 (9/0/13) Inf [0.85-Inf] 0.06 1.08 [0.42-2.90] 1.00 Inf [0.98-Inf] 0.05

g = q -arm, p = p-arm; - represents a loss, = represents a CN-LOH, + represents a gain; Start/End of window base pair coordinates; WA = Western Africa, EA = Eastern Africa,

SA = Southern Africa; OR = Fischer’s Exact odds ratio; Cl = confidence interval; P-value from Fischer’s Exact test not adjusted for multiple tests; CF = cell fraction (%); SD =

standard deviation of mean CF. Inf = infinity as Fischer’s Exact cannot give exact OR estimates with counts of 0.
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Losses on chromosome 11 trended towards significant differential odds from either WA
or SA participants based on the arm loci (Table 3.14). Small terminal focal losses on
the p-arm of chromosome 11:1-2000000bp were more likely to be detected in WA vs
SA participants (OR = 6.74 [0.75 — 319.44], p = 0.09). Conversely, the large losses on
the g-arm of chromosome 11:111000001-124000000bp were more likely to be found
in SA vs WA participants (OR = 3.78 [0.80-35.72], p = 0.08) (Figure 3.18). Detected
CN-LOH events on both arms of chromosome 11 were evenly distributed among
participants from SA and WA sites, however, none were detected in participants from
EA (Table 3.14) (Figure 3.20). No CN-LOHSs on the chromosome 11:1-1000000bp were
seen in EA participants resulting in lower odds that trended towards significance in
both EA vs WA (OR = 0.00 [0.00 — 1.19], p = 0.06) and EA vs SA participants (OR =
0.00[0.00 — 1.02], p = 0.05).

Interestingly, the same losses encompassing 13q14 that showed evidence of higher
odds of detection in men were also more likely to be from WA vs SA participants (OR
= 2.94 [1.11-8.61], p = 0.02) suggesting independent sex and regional factors playing
arole in 13q loss selection or mutagenesis. The most observed loss event in the AWI-
Gen cohort were small focal losses of the TRA region on chromosome 14: 22000001-
23000000bp which made up 5.54% of all detected MCAs in the cohort. This recurrent
localized loss had significantly lower odds of being seen in WA participants than both
SA (OR =0.22[0.08-0.52], p = 5.24 x 10%°) and EA participants (OR = 0.11 [0.04-0.28],
p = 6.68 x10°%8) (Table 3.14) (Figure 3.18). Accounting for the lower overall count of EA
participants in the cohort, this loss event was most likely to be seen in EA participants
with significantly lower odds of SA vs EA (OR = 0.50 [0.28-0.91], p = 0.02). This
suggested that there were specific regional factors shared between SA and EA
participants which impacted the selection of this focal TRA deletion more significantly
than in WA, which did not affect the selection of other 14q losses or large 14q CN-
LOHs (Figure 3.18) (Figure 3.20).
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Figure 3.18: Autosomal loss loci with evidence of region of recruitment biased selection in the AWI-Gen cohort.

A) Circular pileup plot of all detected loss events detected in participants of each region of recruitment. Chromosomes with coordinates
are numbered above accompanied by ideograms. All WA loss events are in track 1, all SA loss events are in track 2, and all EA loss

events are in track 3. B) Circular pileup plot of loss loci with evidence for differential distributions by region of recruitment. Chromosomes
with coordinates are numbered above. Each stacked blue line represents a discrete loss from start to end in track 1. Track 2 represents

the same losses as in track 1 coloured by the region of recruitment of the participant in which it was detected. Candidate diver genes
encompassed by the region are annotated on a chromosomal ideogram in track 3.
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Loss events in chromosome 17 were mostly seen in participants from Southern African
sites. Small focal losses on the p-arm at 17: 4000001-8000000bp showed significantly
greater odds of being from SA vs WA participants (OR = Inf [1.09-Inf], p = 0.02) and
were not detected in any WA or EA participants (Table 3.14) (Figure 3.18). Interestingly,
all CN-LOHs detected on the p-arm of chromosome 17 were from SA participants as
well, although this did not reach statistical significance (Figure 3.20). Additionally, small
focal terminal losses on the g-arm of 17: 80000001-81000000bp had greater odds of
being from SA vs WA participants that trended towards significance (OR = 6.81 [0.94-
299.43], p = 0.05). The 17q losses include a newly identified novel CDR region which
encompasses the METRNL and TBCD genes that may be specific to SA participants.
Another novel African focal CDR on the terminal g-arm of chromosome 18: 77000001-
78000000bp showed some evidence of greater odds in WA vs SA participants (OR =
4.04 [0.72-41.25], p = 0.08) while not being found in any EA participants (Table 3.14)
(Figure 3.18). This CDR encompassed 5 plausible candidate genes not yet identified

as CH drivers that may be driving selection specifically in WA participants.

The two most frequent gain events in the AWI-Gen cohort were detected on
chromosomes 5 and 21, with each making up 5.15% of all MCAs (Figure 3.11). Both
showed strong evidence of differences in their distributions based on region of
participant recruitment that may be suggestive of regional specific selection pressures
(Figure 3.19). Most of the gain events detected on chromosome 5 (75%) spanned the
entire length of the chromosome (Figure 3.19). These somatic aneuploidies were
detected almost entirely in WA participants, with only 1 out of the 48 being detected in
an EA participant and 0 being detected in SA participants (Figure 3.19). When
accounting for the number of WA, SA, and EA participants with at least one MCA,
aneuploid gains of the chromosome 5 had significantly greater odds of being observed
in WA vs SA participants (OR = Inf [18.55-Inf], p < 2.20x10-'%) and WA vs EA
participants (OR = 22.61 [3.79-916.81], p = 5.89x10°%7). While much rarer than in WA,
gains were detected in SA participants that encompassed the p-arm of chromosome 5
(Figure 3.19).
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Figure 3.19: Autosomal gain loci with evidence of region of recruitment biased selection in the AWI-Gen cohort.

A) Circular pileup plot of all detected gain events detected in participants of each region of recruitment. Chromosomes with coordinates
are numbered above accompanied by ideograms. All WA gain events are in track 1, all SA gain events are in track 2, and all EA gain
events are in track 3. B) Circular pileup plot of gain event with evidence for differential distributions by region of recruitment.
Chromosomes and coordinates are numbered above. Each stacked red line represents a discrete gain from start to end in track 1. Track
2 represents the same gains as in track 1 coloured by the region of recruitment of the participant in which it was detected. Candidate
diver genes encompassed by the region are annotated on a chromosomal ideogram in track 3.
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Several large gains were detected in SA participants on the p-arm of chromosome 5:1-
47000000bp (Figure 3.19). These gains were formed through a different mechanism
to the whole chromosome aneuploidies. When excluding the aneuploidies
encompassing the same region, 8 of 10 were detected in SA participants. This resulted
in greater odds of chromosome 5:5:1-47000000bp gains in SA vs WA participants (OR
= 6.07 [0.81-270.20], p = 0.09) that trended towards significance. No significant
differences in distributions were observed in SA vs EA participants. When considering
the total coverage of gains in the chromosome 5:1-47000000bp region, WA
participants had significantly greater odds than both SA (OR = 9.49 [4.39-23.50], p =
2.00 X 10'?), and EA participants (OR = 12.07 [3.10-103.77], p=1.63 x 10%6).

Overall, chromosome 5 gains were significantly enriched for formation and selection in
WA participants. Interestingly, CN-LOHSs of the g-arm of chromosome 5:121000001-
180000000bp also showed significant enrichment in WA vs SA participants (OR =5.48
[1.46-30.47], p = 0.01) (Table 3.14) (Figure 3.20). Taken together, these results
suggested a WA population specific haplotype in the g-arm of chromosome 5 which
may be positive selected for when activated or duplicated. The specificity of that
haplotype remains to be identified in future analysis. Several candidate driver genes
were identified in the region which, when duplicated, may confer selective advantage
(Figure 3.19B).

Gains on chromosome 21 showed very strong evidence for regional specific
differences in distribution. All but 1 gain extended to the terminal end of the g-arm,
while only 6 did not extend to the centromere. The remaining 57 gains of the whole g-
arm region were assumed to be an aneuploidy of the whole chromosome 21 region;
however, this could not be verified as the p-arm is not covered by the array (Figure
3.19). Chromosome 21 gains were detected in participants from all three regions but
were significantly less common among WA participants (Table 3.14) (Figure 3.19).
Significantly increased odds of occurrence in SA vs WA participants (OR = 5.89 [2.27-
19.39], p =1.72 x10%%) and EA vs WA participants (OR = 11.93 [4.29-41.14], p = 1.52
x 1098) were observed. Additionally, EA participants had significantly greater odds of
gains than SA participants (OR = 2.02 [1.09-3.66], p = 0.02) when accounting for

relative EA vs SA cohort size.
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Figure 3.20: Autosomal CN-LOH loci with evidence of region of recruitment biased selection in the AWI-Gen cohort.

A) Circular pileup plot of all detected CN-LOH events detected in participants of each region of recruitment. Chromosomes with
coordinates are numbered above, accompanied by ideograms. All WA CN-LOH events are in track 1, all SA CN-LOH events are in track
2, and all EA CN-LOH events are in track 3. B) Circular pileup plot of CN-LOH event with evidence for differential distributions by region
of recruitment. Chromosomes and coordinates are numbered above. Each stacked gold line represents a discrete CN-LOH from start to
end in track 1. Track 2 represents the same CN-LOHs as in track 1 coloured by the region of recruitment of the participant in which it
was detected. Candidate diver genes encompassed by the region are annotated on a chromosomal ideogram in track 3.
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Chromosome 6 gains extending to the terminal end of the p-arm were identified as
another locus showing differential distributions across both sex and region (Table 3.13)
(Table 3.14) (Figure 3.19). Participants from WA had significantly greater odds of
having gains on 6:1-25000001bp than SA participants (OR = 8.11 [0.98-373.75], p =
0.05). While only 1 of these was detected in EA participants, the EA cohort was
comparably smaller. These gains formed more commonly and/or confer stronger
selective advantage to WA males than females as well (Tabel 3.13). Several
oncogenes were identified from the candidate list which may play a role in this process
(Figure 3.19B). Lastly, large CN-LOHs extending from the terminal end of the
chromosome 1 g-arm showed considerable evidence of regional differential
distribution. While these were detected in participants from all regions, they showed
evidence for enrichment in WA vs SA participants with significantly greater odds of
detection (OR = 2.39 [1.24-4.71], p = 0.01).

Taken together, these results demonstrate significant variation in MCA distributions at
the regional level within the AWI-Gen cohort. The most robust signals were observed
for recurrent losses at the TRA region on chromosome 14 and for gains on
chromosomes 5 and 21 (Table 3.14). Whole-chromosome 5 gains were strongly
enriched in WA participants, whereas TRA losses and chromosome 21 gains were
enriched in SA and EA participants. In addition, several recurrent MCA hotspots
appeared to be population-specific, suggesting either underlying germline variation
predisposing to their expansion or differential selective pressures acting on the genes
and regulatory elements within these regions. While candidate driver genes were
identified for each locus, it remains possible that additional, uncharacterized drivers

also contribute to these population-specific distributions.

3.3.6 Phase switch errors in autosomal MCAs differed by region of

recruitment

Accurate long-range haplotype phasing is essential for the calling of larger MCAs at
low cell fractions by MoChA (Loh et al., 2018, Loh et al., 2020). The accuracy of the
haplotype phasing achieved in this analysis could not be directly assessed from the
SHAPEIT4 output. MoChA was able to detect phase flips or phase switch errors in

putative MCA calls which were reflective of phasing accuracy, with more flips in the
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underlying call equating to more phasing errors across its length. The size and
population makeup of both the cohort and reference panel are important for statistical
phasing accuracy (Sengupta et al., 2023a). As the size of the sub-cohorts from each
African region were different, and the representation of samples from each region in
the 1000 genomes phase 3 reference panel was not equal, it was hypothesized that
phasing accuracy in participants from each region may have differed significantly.
Thus, the factors impacting phase flip counts of MCAs were investigated as it may
have impacted the differential distribution of MCAs observed across the three regions
of recruitment. Factors associated with phase flip count distributions were identified
through univariate analysis followed by multivariable negative binomial regression

analysis (Figure 3.21).

Univariate analysis showed no significant differences in phase flip distributions
between male and female participants (p = 0.88) (Figure 3.21A). However, significant
differences in phase flip counts were observed across MCA types (p = 4.67 x 10-03)
and the three regions of recruitment (p = 4.38 x 10-'3) (Figure 3.21B-C). On average,
losses had significantly lower phase flip counts than both gains and CN-LOHs while
no significant difference was observed between gains and CN-LOHs (Figure 3.21B).
MCAs in Southern African participants had lower median phase flip counts than those
from both Eastern and Western African participants (Figure 3.21C). While not
significant, there was evidence that the genotyping Batch may have impacted phase
flip count distributions. Additionally, a significant moderate correlation was observed
between phase flip counts and the size of the MCA call (Rho = 0.31, p <2.20 x 10-6),
but not between any other continuous variables. Thus, MCA size, MCA type, and region
of recruitment showed good evidence for association with underlying phase switch

error counts. These factors were taken forward to a multivariable model.
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Figure 3.21: Univariate analysis of factors associated with phase flip counts in the AWI-Gen
cohort.

A) Mann-Whitney U test statistics showing no significant relationship between sex and
phase flip counts. B) Kruskal-Wallis test showing significant association between MCA
type and phase flip counts. C) Kruskal-Wallis test showing significant association
between region of recruitment and phase flip counts. D) Kruskal-Wallis test showing
association between genotyping batch and phase flip counts trending towards
significance. Test statistics are shown above violin plots.

The distribution of phase flip counts was non-normal, with substantial overdispersion
observed when fitting a Poisson model (Mean phase flips = 1.36, Variance = 6.59,
dispersion ratio = 3.09, p < 0.001). To account for this, a negative binomial regression
model fitted to phase flip counts, using participant region of recruitment, MCA type,
MCA size, and batch as independent variables. This model provided a significantly
better fit than both the null model (p < 2.20 x 10-'%) and a Poisson model with the same
predictors (AIC = 3687.5 vs 4559.7, LRT p < 2.20 x 10-'%). No evidence of zero inflation
was observed, with 673 MCAs having no phase flips compared to 661 expected (ratio
= 0.98). Importantly, the regression model was not intended as a definitive predictor of
phase flip errors, as several relevant factors were not included in the dataset. Instead,

the analysis was performed to test whether variables identified in the univariate
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analysis remained significantly associated with phase switch errors after adjusting for

one another. A summary of the regression results is provided in Table 3.15.

Table 3.15: Fixed-effects multivariate negative binomial regression of MCA size (Mb), MCA type,
region of recruitment, and batch on MCA phase flip counts.

Coefficients Estimate Std. Err. | Z-value P-value

Ref. Eastern Africa, CN-LOH, Batch 1
Intercept -0.39 0.18 -2.11 0.04
MCA size (Mb) 0.01 0.00 10.49 <2.00x 108
MCA type (Loss) 0.34 0.12 2.90 3.69 x 1093
MCA type (Gain) -0.13 0.12 -1.06 0.29
Region (Southern Africa) -0.78 0.13 -5.89 3.80 x 1099
Region (Western Africa) -0.30 0.13 -2.21 0.03
Batch (Batch 2) 0.59 0.15 3.85 1.18 x 1004
Batch (Batch 3) 0.33 0.16 2.05 0.04

Ref. Southern Africa, Loss, Batch 2
Intercept -0.23 0.10 -2.42 0.02
MCA size (Mb) 0.01 0.00 10.49 <2.0x10"
MCA type (CN-LOH) -0.34 0.12 -2.90 3.69 x 1093
MCA type (Gain) -0.47 0.15 -3.21 1.34 x 1003
Region (Eastern Africa) 0.78 0.13 5.89 3.80 x 1099
Region (Western Africa) 0.48 0.10 473 2.29 x 106
Batch (Batch 1) -0.59 0.15 -3.85 1.18 x 1004
Batch (Batch 3) -0.27 0.10 -2.69 0.01

Ref. = reference variable category; Std. Err. = standard error of estimate coefficient. Mb = mega bases

The size of MCAs, their type, participant region of recruitment, and the genotyping
Batch were all significantly associated with the number of phase flips/switch errors in
the negative binomial regression model (Table 3.15) (Figure 3.22). Increasing MCA
size remained significantly associated with slightly increased phase flip counts after
accounting for the marginal effects of MCA type, region of recruitment, and Batch
(Table 3.15) (Figure 3.22). For every increase in 1 Mb the expected count of phase
flips increased by 1.01 times (Incidence Rate Ratio (IRR) = 1.01 [1.01-1.01], p < 2.0 x
10-"%). The impact of MCA type on phase flip counts remained significant, but the
direction of the impact of Losses versus Gains and CN-LOH changed when accounting
for size, region, and Batch (Tabe 3.15). The expected number of phase flips for losses
was 1.40 times greater than CN-LOHs (IRR = 1.40 [1.10-1.78], p = 3.69 x 10:%3) and
1.59 times greater than for gains (IRR = 1.59 [1.18 — 2.15], p = 1.34 x 10°%3). There
was no significant difference in the expected phase flip counts for gains versus CN-
LOH when adjusted for size, region, and batch (Tabe 3.15). Region of recruitment
remained significantly associated with phase flip counts after accounting for the

marginal effects of the other variables (Tabel 3.15) (Figure 3.22). Participants from
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Eastern Africa had 2.17 times the expected counts of phase flips than Southern
Africans (IRR = 2.17 [1.67-2.84], p = 3.80 x 10-%°) and 1.34 times the expected counts
than Western Africans (IRR = 1.34 [1.04-1.75], p = 0.03). Southern Africans had the
lowest counts of phase flips with 0.62 times lower expected counts than Western
Africans (IRR =0.62 [0.50-0.76], p = 2.29 x 10-%). Overall, the batch that the participant
was genotyped in also was significantly associated with phase flip counts with Batch 2

containing the most phase flips, followed by 3 and then 1 (Table 3.15). (Figure 3.22).
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Figure 3.22: The effect of MCA size, type, and region of recruitment on phase flip counts.

A) plot of multivariate negative binomial regression incidence rate ratio estimates for
MCA phase flip counts predicted by MCA size, MCA type, batch, and region of
recruitment. Two model references variables are show in blue and red. B) the marginal
effect of MCA size in mega bases on predicted phase flips after adjusting for type,
region, and batch. Shaded areas indicate 95%CI. C) the marginal effect of region on
phase flips adjusted for size, type, and batch marginal effects. Dots indicate mean
predicted probability. Error bars denote 95% CI. D) the marginal effect of MCA type on
predicted phase flips adjusted for size, region, and batch marginal effects. Dots
indicate mean predicted probability. Error bars denote 95% CI. P-value symbols are
p<0.001 = “***” p<0.01 = “**”, p<0.05 = “*”
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Although the regression model was not designed to explicitly predict phase flip counts,
it confirmed that MCA size and region of recruitment had significant effects. The
influence of MCA size on phase switch errors was expected, as larger genomic regions
are more challenging to phase accurately. Similarly, the effect of region was consistent
with prior knowledge of the cohort composition: Southern African participants, who
were most numerous, showed the fewest phase flips, while Eastern African
participants, who were least numerous, exhibited the most. This pattern suggests that
phasing was most accurate in Southern Africans and least accurate in Eastern
Africans. Batch effects could be explained by differences in participant composition,
but the higher error counts in losses compared to other MCA types, even after adjusting
for size, lacked a clear biological or technical explanation. To explore this anomaly
further, phase flips were plotted against MCA size, stratified by type and region (Figure
3.23).

The scatter plots again highlighted the impact of MCA size and region (Figure 3.23).
Across most categories, larger MCAs were significantly associated with increased
phase flips. The exceptions were losses in Southern and Western Africans, where this
relationship was absent. Instead, small losses with unexpectedly high phase switch
errors were observed, likely confounding the correlation analysis and explaining why
losses showed significant associations in the regression model (Figure 3.22). This
clustering of small losses with high error rates pointed to an additional source of
phasing inaccuracy. To investigate this further, phase flips were averaged across 1 Mb
windows along the autosomes and plotted against the proportion of MCA coverage
(Figure 3.24).
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Figure 3.24: Phase switch errors are more common on the terminal ends of autosomes.
The mean phase switch flips in each 1Mb window of the autosome were calculated

compared to the proportion of autosomal MCA coverage by MCA type. Proportions are
scaled to the total MCA count per chromosome.

Analysis of mean phase switch errors per 1 Mb window, averaged across the cohort
and across all MCA types, revealed elevated error rates at the terminal ends of most
chromosome arms (Figure 3.24). Peaks in mean phase flips coincided with regions of
high loss frequency, suggesting that recurrent terminal focal deletions were particularly
prone to phasing inaccuracies. These spikes also overlapped with regions of reduced
heterozygous probe density at chromosome ends (Figure 3.13), indicating that poor

probe coverage contributed to reduced phasing accuracy. Consequently, the small
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losses with high phase flip counts identified in the correlation analysis (Figure 3.23)
largely reflected terminal deletions near telomeres, where phasing was least reliable.
These events inflated the apparent effect of losses in the regression model (Table 3.15)
(Figure 3.22).

When accounting for these terminal outliers, the multivariate regression indicated that
MCAs in Eastern African participants remained most strongly associated with elevated
phase flip counts. This highlights that reduced phasing accuracy at chromosome ends,
where probe coverage is sparse and focal deletions are common, likely contributed to
both the observed excess of errors and the regional differences in MCA detection and
autosomal distribution. Given that MoChA relies on accurate long-range phasing, these
technical limitations may have influenced the regional variation in MCA calls across the

cohort.

3.3.7 Comparison of detected MCAs between cohorts from Africa,

Europe, and Asia

Autosomal MCAs have previously been characterized in two large biobank-scale
studies: the UK Biobank (UKB) and Biobank Japan (BBJ) (Loh et al., 2018, Terao et
al., 2020, Loh et al., 2020). These landmark studies employed earlier versions of what
would become MoChA, applied to much larger cohorts, with lower-density SNP arrays
but highly accurate long-range phasing. Consequently, direct comparisons with the
AWI-Gen dataset may not fully capture true similarities or differences in MCA
landscapes without additional efforts to harmonize datasets and account for technical
variation. Nonetheless, biological factors, environmental exposures, and pathogen
burdens, all known to influence MCA formation, are expected to differ substantially
between European, Asian, and African cohorts. For this reason, exploratory
comparisons of basic MCA characteristics and autosomal distributions were
undertaken both to evaluate the impact of technical differences and to probe for
evidence of population-specific MCA patterns. UKB and BBJ MCA data were drawn
directly from the extended datasets accompanying each publication and were used
without modification (Loh et al., 2020, Terao et al., 2020).
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3.3.7.1 Autosomal MCA characteristics differed between the AWI-Gen, UKB, and
BBJ cohorts.
Autosomal MCAs were detected in 10.06% of the 9917 participants in the AWI-Gen
cohort, in 3.54% of the UKB cohort and in 15.56% of the 179,417 BBJ cohort (Table
3.16). The distribution of MCAs across the autosome differed significantly between the
cohorts with more losses being detected in the AWI-Gen cohort when compared to the
BBJ (37.12% vs 26.55%) and UKB cohorts (37.12% vs 26.01%) (p=1.48 x 10-38) (Table
3.16). Fewer CN-LOH events were detected in the AWI-Gen cohort than the BBJ cohort

(42.01% vs 52.93%) and the UKB cohort (42.01% vs 57.27%) (Table 3.16).

Table 3.16: Autosomal MCA characteristics summary across the AWI-Gen, U.K Biobank, and

Biobank Japan cohorts.

Study AWI-Gen U.K Biobank Biobank Japan
MCA type N (%) N (%) N (%)
Gain 260 (20.88) 2389 (16.72) 4043 (20.52)
Loss 462 (37.11) 3718 (26.01) 5233 (26.55)
CN-LOH 523 (42.01) 8185 (52.27) 10431 (52.93)
Total 1245 14292 19707
Median MCA length (Mb) ) 35.16 (0.05- 34.90 (0.02-
(Range) 27.80 (0.02 - 243.19) 248.47) 248.47)
MCA length group (Mb) N (%) N (%) N (%)
0-05 148 (11.89) 211 (1.48) 556 (2.82)
05-5 237 (19.04) 1810 (12.66) 1541 (7.82)
5-10 55 (4.42) 654 (4.58) 934 (4.74)
>10 805 (64.66) 11617 (81.28) 16676 (84.62)
Median MCA CF (%) (Range) 2.72 (0.40- 48.02) 4.80 (0.60-103) 1.90 (0.20-93.2)
MCA CF group (%) N (%) N (%) N (%)
0-1 212 (17.02) 224 (1.57) 5795 (29.41)
1-10 796 (63.94) 9713 (67.96) 11263 (57.15)
>10 237 (19.04) 4355 (30.47) 2649 (13.44)

CF = cell fraction. N = count.

The size distribution of MCAs in each study differed significantly (p=3.66 x 10-34) (Table
3.16). The median length of detected MCAs in the AWI-Gen cohort (27.80Mb) was
significantly smaller than those in UKB (35.16Mb, p=1.23 x 10-28) or BBJ (34.90Mb, p=
1.10 x 10-34). A larger proportion of MCAs <0.5Mb, were detected in the AWI-Gen

cohort (11.89%) than in the UKB (1.48%) or BBJ (2.82%) cohorts (Table 3.16).
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Conversely, fewer MCAs in AWI-Gen (64.66%) were large chromosome spanning
events compared to those om UKB (81.28%) or BBJ (84.62) (Table 3.16). The lower
limit of detection was similar in AWI-Gen and BBJ (0.02Mb), whereas no MCAs smaller
than 0.05Mb were detected in the UKB cohort (Table 3.16). The difference in median
MCA size distribution between cohorts was mirrored across MCA types. The median
length of CN-LOHs detected in AWI-Gen (42.14Mb) was significantly smaller than
those detected in BBJ (53.20Mb, p = 0.01), but not UKB (43.62Mb, p = 0.51). The
median length of gains in AWI-Gen (33.84Mb) was significantly smaller than those in
UKB (79.36Mb, p = 3.51 x 10-46), but not BBJ (58.10Mb, p = 0.18). Interestingly, the
median length of losses in AWI-Gen was significantly smaller than losses in both UKB
(13.32Mb, p=2.44 x 10*8) and BBJ (13.30Mb, p=6.43 x 104°).

The distribution of cell fraction estimations differed significantly between studies as well
(p <0.0001). The median CF of MCAs in the AWI-Gen cohort (2.72%) was significantly
higher than the BBJ cohort (1.9%, p =1.11 x 10-?") (Table 3.16). A larger proportion of
MCAs <1% were detected in the BBJ cohort (29.41%) when compared to the AWI-Gen
cohort (17.0%), whereas a smaller proportion of MCAs were expanded above 10% in
the BBJ cohort (13.44%) than the AWI-Gen cohort (19.1%) (Table 3.16). The highest
supporting CF detected in AWI-Gen was 48% versus 93% in BBJ (Table 3.16). The
median CF of MCAs was significantly lower in AWI-Gen (2.72%) compared to UKB
(4.80%, p=8.85x1064). A larger proportion of MCAs<1% were detected in AWI-Gen
(17.0%) than in UKB (1.57%), while a smaller proportion were expanded above 10%
in AWI-Gen (19.1%) compared to UKB (30.47%) (Table 3.16). Overall, MCAs differed
significantly in the rates of MCA type, size, and CF distributions between cohorts of
African, European, and Asian descent. These differences were driven by commonly

occurring MCAs across the autosome which were population specific.
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3.3.7.2 Autosomal MCA frequencies differed between the AWI-Gen, UKB, and
BBJ cohorts.

A closer examination of the frequency of detected MCAs across the autosomes of the
AWI-Gen, UKB and BBJ cohorts revealed that specific MCAs were more common in
continental Africans, British Europeans, or Japanese Asians. Autosomal MCAs were
stratified by chromosomal location and MCA type. The correlation of MCA frequencies
across each chromosome were compared between studies (Figure 3.25). The CN-
LOH frequencies across autosomes were positively and significantly correlated
between the AWI-Gen cohort and the UKB cohort (R=0.81, p = 4.40 x 106), as well
between the AWI-Gen cohort and BBJ cohorts (R = 0.58, p = 0.01). This indicated that
most autosomal CN-LOH frequencies were similar. There were no significant
correlations between the frequencies of gains between the AWI-Gen and UKB cohorts,

suggesting that most gain frequencies were different between cohorts.

The frequencies of gains between AWI-Gen and BBJ were significantly correlated
across autosomes (R= 0.46, p = 0.03). There were no significant correlations of loss
frequencies across the autosome between either the UKB or BBJ cohorts. This
suggested that loss frequencies were mostly different between AWI-Gen and either
UKB or BBJ. Autosomes on which the frequencies differed most can be seen as
deviations from the center line in Figure 3.25. The presence of outliers suggested that
a number of autosomal MCA frequencies differed significantly across the cohorts. This
was examined further with individual Fishers exact tests for each autosomal MCA
frequency pair to identify significantly different frequencies (Table 3.17). The relative
frequencies of each autosomal MCA phenotype comparison can also be seen in Figure
3.26.
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Figure 3.25: Autosomal MCA frequency correlations between AWI-Gen, UKB, and BBJ cohorts.

The frequencies of autosomal MCAs as a function of the total MCA events detected in
each study were compared between the studies stratified by MCA type. A) AWI-Gen
versus UKB. B) AWI-Gen versus BBJ. Individual points represent MCA frequencies for
single chromosomes. Pearson’s correlation statistics for each comparison by type and
region are shown in each plot. AWI-Gen frequencies are on the x-axis, UKB and BBJ are
on the y-axis. q = g-arm, p = p-arm; - represents a loss, = represents a CN-LOH, +
represents a gain. UKB = U.K Biobank, BJJ = Biobank Japan.
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Table 3.17: Autosomal MCA counts that were significantly different between the AWI-Gen and

UKB or BBJ cohorts.

MCA AWl vs UKB AWI vs BBJ
OR [95% CI] P-value OR [95% CI] P-value

Gain
1+ 3.31[1.93-5.50] | 4.18 X105 1.68 [1.02-2.65] 0.07
5+ 8.52[5.88-12.31]1 | 1.61 X 106 15.00 [10.35-21.69] | 2.34 X 10%
6+ 4.06[1.98-7.92] | 2.61 X10°% 3.59[1.83-6.60] | 8.98 X 104
8+ 0.40 [0.15-0.85] 0.03 0.27[0.11-0.58] | 7.00 X 10-%4
12+ 0.16 [0.08-0.29] | 7.38 X104 1.42 [0.68-2.68] 0.36
14+ 0.16 [0.03-0.48] | 1.96 X 104 0.43[0.09-1.29] 0.27
15+ 0.08 [0.01-0.28] | 8.50 X 10-°8 0.03[0.00-0.10] | 4.25 X102
18+ 0.13[0.03-0.38] | 7.55 X 106 0.23 [0.05-0.69] 0.01
19+ 1.15[0.40-2.73] 0.71 5.94 [1.89-16.15] | 6.62 X 10
21+ 4.77 [3.38-6.68] | 6.30 X107 0.88 [0.64-1.18] 0.47
Loss
5- 0.88 [0.51-1.44] 0.80 0.45[0.26-0.71] | 1.22 X 10
6- 2.40[1.57-3.59] | 2.03 X104 0.93 [0.62-1.34] 0.79
7- 1.91[1.30-2.75] | 2.37 X107 1.79 [1.23-2.55] | 5.99 X 103
10- 0.34[0.18-0.60] | 1.04 X 10 2.68 [1.33-5.00] | 9.98 X 109
12- 1.93 [1.09-3.24] 0.04 1.78 [1.03-2.94] 0.07
13- 0.42[0.28-0.60] | 1.02 X 106 0.84 [0.57-1.21] 0.49
14- 4.49[3.31-6.04] | 2.73X10"° 2.97 [2.24-3.90] | 2.47 X 102
16- 0.94 [0.56-1.49] 0.91 2.66 [1.56-4.36] | 1.33 X107
19- 9.33[4.55-19.26] | 7.41 X 10°%° 18.64 [8.53-42.39] | 8.19 X 1013
20- 0.29[0.17-0.47] | 2.53 X107 0.17[0.10-0.27] | 1.20 X 1020
CN-LOH

= 1.44[1.14-1.81] | 9.80 X103 1.45[1.15-1.82] | 5.26 X 103
5= 2.44[1.43-3.97] | 5.54 X107 4.03[2.34-6.61] | 8.63 X 10
6= 1.65[1.10-2.41] 0.05 1.34 [0.89-1.94] 0.25
7= 2.09[1.28-3.28] | 9.80 X 102 3.11[1.90-4.90] | 5.21 X109
8= 1.62 [0.83-2.89] 0.18 2.86 [1.46-5.19] | 5.26 X 10°%°
1= 0.49[0.32-0.72] | 8.93 X 10 0.62[0.41-0.90] 0.03
13= 0.20 [0.07-0.45] | 2.36 X 10%° 0.53[0.19-1.18] 0.26
14= 0.72[0.48-1.03] 0.16 0.19[0.13-0.28] | 2.01 X102
21= 1.96 [1.10-3.28] 0.05 6.11[3.31-10.75] | 5.39 X107

UKB = U.K Biobank, BBJ = Biobank Japan; - represents a loss, = represents a CN-LOH, + represents

a gain; OR = Fischer’s Exact odds ratio calculated from MCA counts as proportion of total loss, gain or

CN-LOH specific to study (Tabel 3.16); Cl = confidence interval; P-value from Fischer’s Exact FDR
adjusted. UKB and BBJ MCA counts from Loh et al. (2020) and Terao et al. (2020) extended data.
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Figure 3.26: Comparison of autosomal MCA frequencies between participants from the AWI-Gen, U.K Biobank and
Biobank Japan cohorts.

A) AWI-Gen versus U.K Biobank. B) AWI-Gen versus Biobank Japan. UKB = U.K Biobank. BBJ = Biobank
Japan. Frequency data for UKB and BBJ frequencies from Loh et al. (2020) and Terao et al. (2020)
extended data.
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Several autosomal MCA counts, as a proportion of the total MCAs detected in each
cohort, were significantly different across the AWI-Gen, UKB, and BBJ cohorts (Table
3.17) (Figure 3.26). Gain frequencies between AWI-Gen and UKB were significantly
different across 9 chromosomes, while 6 gain frequencies were significantly different
in AWI-Gen and BJJ (Table 3.17). Participants from AWI-Gen were significantly more
likely to have gains on chromosomes 1, 5, 6, and 21 than participants from UKB, and
they were significantly less likely to have gains on chromosomes 8, 12, 14,15, and 18
than participants from UKB (Table 3.17) (Figure 3.26). Participants from AWI-Gen were
also significantly more likely to have gains on chromosomes 5, 6, and 19 than
participants from BBJ, while they were significantly less likely to have gains on
chromosomes 8, 15, and 18 than participants from BBJ (Table 3.17) (Figure 3.26).

Loss frequencies were significantly different in 8 chromosomes between AWI-Gen and
UKB participants, and loss frequencies were significantly different in 7 chromosomes
between AWI-Gen and BBJ participants (Table 3.17). Participants from AWI-Gen were
significantly more likely to have losses on chromosomes 6, 7, 12, 14, and 19, and
significantly less likely to have losses on chromosomes 10, 13, and 20 than participants
from UKB (Table 3.17) (Figure 3.26). Participants from AWI-Gen were significantly
more likely to have losses on chromosomes 7, 10, 14, 16, and 19, and significantly
less likely to have losses on chromosomes 5 and 20 than participants from BBJ (Table
3.17) (Figure 3.26).

CN-LOH frequencies were significantly different in 7 chromosomes between AWI-Gen
and UKB participants, while being significantly different in 7 chromosomes between
AWI-Gen and BBJ (Table 3.17). Participants from AWI-Gen were significantly more
likely to have CN-LOH on chromosomes 1, 5, 6, 7, and 21, while being significantly
less likely to have CN-LOHs on chromosomes 11 and 13 than participants from UKB
(Table 3.17) (Figure 3.26). Finally, participants from AWI-Gen were significantly more
likely to have CN-LOHs on chromosomes 1, 5, 7, 8, and 21, while being significantly
less likely to have CN-LOHs on chromosomes 11 and 14 than participants from BBJ
(Table 3.17) (Figure 3.26).

Several autosomal MCAs showed compelling evidence of being African specific based
off this exploratory analysis. MCAs that were the most frequent in the AWI-Gen cohort
tended to show evidence of population specificity. In particular, the large gains
observed in Western African participants were not commonly seen in the UKB or BBJ

cohorts. Large gains of chromosome 21 more commonly seen in Eastern and Southern
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African participants were also significantly more common than in UKB but not in BJJ.
In contrast, gains that were commonly detected in UKB and BJJ such as on
chromosomes 8, 15, and 18 were not common in any AWI-Gen participants.
Additionally, large gains of chromosome 12 were common in UKB but not in AWI-Gen
participants. The focal losses on chromosomes 7 and 19 which were more common in
Western and Southern Africans were less common in UKB and BJJ. The small focal
losses of the TRA region on chromosome 14 which were more likely to be seen in
Southern and Eastern Africans were much less likely to be seen in UKB. They were
reported to be detected in BJJ but at much lower proportions of total losses than in the
AWI-Gen participants. Losses of chromosome 20 which were observed across UKB
and BBJ were rare in AWI-Gen. Additionally, losses of chromosome 13 were more
common in UKB than either AWI-Gen or BBJ. In AWI-Gen the cases with 13q loss were
Western African. Regions of CN-LOHs that showed evidence of African specificity

were found on chromosomes 1, 5, 7, and 21.

These may have novel underlying African population specific germline variation in
genes that confer selective advantage that remain to be uncovered. These results add
to the body of evidence for population specific MCA formation or selection that requires

further investigation.

3.3.8 Participants with multiple distinct autosomal MCAs

3.3.8.1 Multiple autosomal MCAs were less common in AWI-Gen

Most of participants presented with a single MCA (83.67%). There were 116 (11.26%)
participants with two MCA events, however, some of these might be a single complex
structural variation (e.g., a single unbalanced translocation) that appears as two
separate events. Therefore, participants were defined as having multiple MCAs if they
had three or more separate MCA events. Only 47 (4.71%) participants had three or
more unique non-overlapping MCA events in 47 participants (Table 3.18). The highest
number of unique autosomal MCAs detected in a single individual was seven, which
was seen in two different participants.
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Table 3.18: Number of distinct MCAs detected in 998 participants

MCA count 1 2 3 4 5 6 7 Total
Female (%) | 402 (84.28) | 49 (10.27) | 16 (3.35) | 5(1.05) | 1(0.21) | 2(0.42) | 2 (0.42) | 477 (100)
Male (%) 433 (83.11) | 67(12.86) | 11(2.11) | 5(0.96) | 3(0.58) | 2(0.42) | 0(0.00) | 521 (100)
Total (%) 835 (83.67) | 116 (11.62) | 27 (2.71) | 10 (1.00) | 4 (0.40) | 4 (0.40) | 2 (0.20) | 998 (100)

Univariate analysis (Appendix J) showed no significant associations between
participant age (p = 0.63, Figure A.2A), or sex distributions (p = 0.23, FigureA.2C)
and having three or more MCAs. There was weak overall association between region
of recruitment and the proportion of participants with three or more MCAs (p = 0.04,
Figure A.2B). However, only a single participant from Eastern Africa was found with
three or more MCAs, likely biasing this analysis. Upon limiting the analysis to only
Southern and Western Africans, the association was lost (p = 0.92). This was
confirmed in multivariable logistic regression in which no association between age,
sex, or region of recruitment was observed when further accounting for Batch (Table
A.6, Appendix J). Thus, it does not appear that the cohort sociodemographic makeup
had any impact on the odds of multiple distinct MCAs in this cohort. Overall, with only
4.71% of the cohort having three or more distinct MCAs, this was a rare occurrence
in the AWI-Gen cohort.

3.3.8.2 Participants with multiple sub-clonal CN-LOHs

A subset of participants had multiple interstitial CN-LOH events on the same
chromosome with a stepwise increase in the supporting cell fraction in the direction of
the telomere. The MoChA tool identified these events as multiple interstitial CN-LOH
events with boundaries directly adjacent to each other. However, each of these CN-
LOHs extend from the breakpoint to the telomere and are likely distinct sub-clonal
MCAs occurring successively in separate clonal expansions over time. A search for
CN-LOH on the same chromosome arm in the same individual with supporting cell
fractions increasing in a stepwise manner (bdev increase of more than 0.005) towards

the MCA at the telomere identified six cases such cases (Table 3.19).
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Table 3.19: Six participants with evidenc of multiple overlapping sub-clonal CN-LOH expasions

Study ID Chromosome coordinates Size (Mb) LODgAF-phase CF (%)
GQLON 1:149942679-249250621 99.31 24.21 0.6
GQLON 1:217911017-249250621 31.34 159.65 1.9
QLFOD 2:142359467-243199373 100.84 45.21 0.8
QLFOD 2:220334821-243199373 22.86 97.05 1.88
AB1352 6:79878217-171115067 91.24 180.36 1.92
AB1352 6:134822264-171115067 36.29 333.91 2.92
AB2670 6:0-35906389 35.91 4614.86 12.24
AB2670 6:0-57229990 57.23 1643.57 8.75
RGFOV 9:0-28221934 28.22 2152.32 39.7
RGFOV 9:0-31889350 31.89 932.96 27.95
RGFOV 9:0-35480564 35.48 718.93 22.43
RGFOV 9:0-37317241 37.32 351.92 15.94
RGFOV 9:0-44889451 44.89 37.14 4.69
AB1399 15:36651732-102531392 65.88 109.48 1.92
AB1399 15:68037578-102531392 34.49 423.83 3.26

Coordinates — chromosome (start — end); LOD - log odds of MCA versus germline using phased B allele

fraction model; CF — cell fraction as a percentage

The most striking example of this can be seen in participant RGF0OV, which shows five
distinct sub-clonal CN-LOHSs detected in a 46-year-old male from Digkale in Southern
Africa (Figure 3.27). A stepwise increase in phased bdev from 0.5 at each breakpoint
from the centromere to the telomere of chr9p is a tell-tale pattern of distinct CN-LOH
expansions, each supported at different the fraction of cells (Figure 3.27). This points
to a particularly impactful 9p allele or haplotype, within the smallest region overlapped
by all five CN-LOHSs, that has been made homozygous five separate times. An
intriguing explanation may be somatic genetic rescue, whereby a deleterious germline
heterozygous allele is nullified by the CN-LOH, leading improved selective advantage
over the wild type. Thus, the CN-LOH is more likely to occur repeatedly in multiple HSC
clones. The reverse can also be true. The smaller and more focused the CN-LOH
event, the greater the selective advantage, which is seen as an increase in cell fraction

towards the likely location of the germline mutation.
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Figure 3.27: Five distinct but overlapping sub-clonal CN-LOH expasions in a 46-year-old male
from Dikgale.

Plots of LRR, BAF, and phased BAF deviations for across chromosome 9. Blue lines
are median LRR and phased BAF deviations for each CN-LOH. Increasing phased BAF
indicate tell-tale pattern of sub-clonal events. Each sub-clonal CN-LOH (colors)
extends from furthermost coordinate breakpoint to the telomere. All five overlap from
9:0-28,221,934.

3.3.8.3 Co-occurring MCAs in the AWI-Gen cohort

Autosomal MCAs were grouped into phenotypes by chromosomal arm and MCA type
as done previously. Each participant with two or more MCA calls was assessed for their
combination of MCA phenotype groups. This resulted in a co-occurrence MCA
phenotype made up of two distinct MCAs, which was tallied and assessed for evidence
of recurrence in the AWI-Gen cohort. A total of 313 combinations of MCA phenotypes
were found in the 409 participants with two or more MCAs. Of these 313 combinations,
only four were found in three or more participants, which was the threshold for
recurrence. These combinations were investigated further to determine if they were
separate sub-clonal events with potential synergistic selection advantage, singular

complex MCA events, or random occurrences based on relative MCA frequency.
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The four cooccurring MCAs were: 14q loss and gains in 21 (14g-21+), 5p loss and 11p
loss (5p11p), 69 loss and 13 q loss (6g-139-), and 16p loss and 19p loss (16p-19p-).
Of these, 149-21+ was seen four times in the AWI-Gen cohort, while the other three
were seen three times each. There were no co-occurring CN-LOH events and only one
observed gain event co-occurrence. Out of the co-occurring autosomal MCAs seen in
the AWI-Gen cohort, only the 14g-21+ combination was reported as an enriched
combination in the UKB and BJJ cohorts(Loh et al., 2018, Terao et al., 2020). The
remaining three combinations appeared to be specific to the AWI-Gen cohort
suggesting potential population specific mechanisms underlying their selection.
Additional analyses of their properties, distributions, and location across autosome
carried out. To determine if these were contained within the same clonal expansions,
the estimated fraction of cells containing each MCA was plotted for comparison (Figure
3.28).
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Figure 3.28: Estimated fraction of cells containing co-occurring autosomal MCAs

Each point is from a unique participant. MCA1 denotes the first MCA in the reported
pair by number (e.g., 14g- in 14qg-21+). MCA2 denotes the second MCA in the
reported pair (e.g., 21+ in 14g-21+). Point shape represents the number of unique
autosomal MCAs detected in each participant. - represents a loss, = represents a
CN-LOH, + represents a gain
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Interestingly, the 16p-19- combination was only observed in female participants, while
the 6g-139- combination was only observed in male participants, hinting at a possible
sex bias in the mechanism of formation. However, as these combinations were found
at low counts, caution is needed in their interpretation. Cell fractions of co-occurring
MCAs are expected to be similar in cases where the two MCAs are present in a single
expanded HSC clone. Evidence for the co-occurrence in single clonal expansion
events was seen for 5p-11p- and the 16p-19p-, with cell fractions in unique participants
being closely correlated (Figure 3.28). These combinations may have occurred at the
same time, or they may have had similar effects on selection in the cellular niche or
may be a single complex MCA event. This suggested a mechanism by which the two
MCAs in the pair occur more frequently together in the same cell, possibly sequentially,
leading to a synergistic effect on cell survival and proliferation. Conversely, the
individual cell fractions of the combinations of 14g-21+ and 6qg-13q- differed in each
participant, which suggested that these were in distinct clonal expansions, and possibly
random occurrences. Evidence for enrichment was determined through statistical

testing of cooccurring MCA frequencies (Table 3.20).

Table 3.20: Pairwise enrichemnt of cooccuring MCAs in AWI-Gen

MCAa MCAs Nazs Na Ns OR 95%CI P-value
14q- 21+ 4 73 60 0.79 0.20-2.21 0.81
5p- 11p- 3 6 6 78.60 10.38-495.99 4.16x10%°
6q- 13qg- 3 29 31 3.1 0.58-10.92 0.09
16p- 19p- 3 11 12 21.78 3.47-98.50 9.07x1004

MACAa — first MCA phenotype in the pair; MCA, — second MCA phenotype in the pair; OR = odds ratio of

Bs occurrence when A is present; Cl = confidence interval; - is a loss; + is a gain

Pairwise enrichment analyses were performed to assess whether the presence of one
MCA phenotype was significantly enriched in individuals carrying another. These
results complemented the pairwise cell fraction analyses (Figure 3.28). Despite 14q9-
and 21+ being among the most frequently observed MCAs in the cohort, their joint
occurrence in only four individuals was consistent with chance, providing no evidence
of a causal or preferential association (OR =0.79, p = 0.81). The 6g—13g- combination

demonstrated a non-significant trend toward co-occurrence (OR = 3.11, p = 0.09).
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However, the lack of correlation in cell fraction patterns between these two phenotypes
supported the interpretation that they do not co-occur more often than expected by
chance (Figure 3.28). In contrast, both 16p-19p- (OR =21.78, p = 9.07x10-%*) and 5p-
11p- (OR = 78.6, p = 4.16x1095) combinations showed strong and statistically
significant co-occurrence, suggesting that these pairs preferentially arise together. This
pattern may reflect biological co-selection or represent two signals of a single complex
MCA involving concurrent deletions at distinct autosomal loci. To explore this further,
the affected regions for each of the four recurrent co-occurring pairs were visualised
across participants to assess whether the same loci were consistently impacted
(Figure 3.29).
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Figure 3.29: Circos plot of coocuring MCAs in the AWI-Gen cohort

Chromosomal regions impacted by putative cooccurring MCA are plotted by lines.
Each line is a distinct MCA event. Cooccurring MCAs are ordered from top to
bottom by the participant in which they are shared. E.g. the top deletion in chr5
and the top deletion in chr11 are shared by the same participant and for a
cooccurring pair. Blue lines are deletions. Red are gains.
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Plotting the genomic regions impacted by co-occurring MCA pairs provided a final layer
of evidence to distinguish those with significant enrichment from those occurring by
chance. Although 14g- and 21+ MCAs affected overlapping regions, both represent
the most frequently observed MCAs in the cohort, and their joint occurrence is most
plausibly attributable to chance. This interpretation was reinforced by the disparate cell
fractions observed across all four carriers, suggesting that the two events arose
independently. Similarly, the 6g—13g— MCA pair showed no evidence of non-random
co-occurrence, and the locus-level visualisation revealed heterogeneity in the position,
size, and cell fractions of the respective deletions, indicating that these represent
distinct MCA events despite being grouped under broader phenotype categories
(Figure 2.29). These findings illustrate the importance of fine-grained locus-level
analyses, as phenotypically similar MCAs can differ markedly at the genomic level. In
contrast, the enrichment of both 16p-19p—- and 5p-11p— combinations was
corroborated by the Circos plot, which demonstrated consistent terminal p-arm
deletions across independent individuals (Figure 2.29). The similarity in size and cell
fraction of these focal deletions supports their origin within single clonal expansions,
providing strong evidence of non-random co-occurrence. Together, these results
suggest that these pairs may either represent synergistic selective interactions or
reflect single complex MCA events resulting in concurrent terminal p-arm loss which

appear to be specific to the AWI-Gen cohort.
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3.4 Discussion

In this chapter, an exploratory characterisation of autosomal MCAs in Africans from the
AWI-Gen study was undertaken to address the marked absence of data from
continental African cohorts in the literature. This objective was achieved through
systematic characterisation of MCAs with methodology tailored to the AWI-Gen data.
The exploratory nature of the investigation reflects the absence of comparable studies.
To date, only a single other study has characterized MCAs in continental African
cohorts using appropriate tools (Zhou et al., 2023). However, the results of this study
come from a much larger and diverse continental Africa cohort. There are several
reasons for this scarcity, most notably the limited availability of accessible African SNP-
array or WGS datasets required for large-scale MCA characterisation. This mirrors a
broader pattern across human genomics, where African cohorts remain severely

underrepresented, including in population-scale GWAS (Rotimi et al., 2017).

The past decade has seen an explosion of somatic variation studies across the
spectrum of fields, driven by technological breakthroughs and the establishment of
biobank cohorts. Landmark studies in cohorts such as the UK Biobank, Biobank Japan,
Mass General Brigham Biobank, Vanderbilt DNA Databank, the Million Veteran
Programme, FinnGen, and TOPMed have collectively characterised MCAs in more
than one million individuals (Loh et al., 2020, Terao et al., 2020, Uddin et al., 2022,
Zekavat et al., 2021, Jakubek et al., 2023b). These efforts have provided the statistical
power to uncover key relationships between MCAs, ageing, germline variation, and
clonal haematopoiesis, yielding insights into disease risk and biology. However, the
overwhelming majority of these samples derive from participants of European ancestry.
And the African ancestry data is derived from highly admixed populations with mostly

Western African genetic ancestry.

To build a global picture of MCA biology, it is essential to incorporate cohorts with
diverse ancestries and geographical backgrounds. Cross-cohort analyses of this kind
will clarify which patterns of MCA occurrence and behaviour are consistent across
human populations, and which reflect ancestry-specific, environmental, or
demographic influences. ldentifying universal features of MCA biology strengthens
confidence in their interpretation as intrinsic to the mechanisms of CH, while
differences may provide unique insights into selective pressures, mutational
processes, or health outcomes. This chapter makes a substantive contribution toward

redressing this imbalance. It represents the largest and most representative
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characterisation of autosomal MCA-driven CH in continental Africans to date. These
findings provide a foundation for future comparative analyses across ancestries and
highlight the importance of extending MCA characterisation efforts to achieve a truly

global understanding of somatic variation and clonal evolution.

3.4.1 Study strengths

This study’s strengths stem from three key design elements. First, the AWI-Gen cohort
provided a large, diverse sample of continental Africans recruited across six sites
spanning Southern, Western, and Eastern Africa. Importantly, recruitment captured not
only genetic but also environmental diversity, ranging from semi-urban and urban
settings in Southern Africa, to rural agrarian communities in Western Africa, and a
rapidly urbanizing informal settlement in Eastern Africa (Ali et al., 2018). The MCA
associated exposome, including genotoxic exposure, inflammatory modulating diet,
behavioural and cultural practices, and infection burdens, very likely differs significantly
between the AWI-Gen regions (Figure 1.10) (Section 1.6.2). Thus, a wider spectrum of
genomic variation and environmental exposures than typically seen in North American,
European, or Japanese cohorts was included here, allowing for unique insights into
how both the genome and the exposome contribute to MCA mutagenesis and

selection.

Second, participants were genotyped using the H3Africa SNP-array, specifically
designed to capture African-specific variation (Mulder et al., 2018). Its high density and
tailored representation improved sensitivity for detecting both smaller MCAs and larger
lower cell fraction MCAs, leveraging the high rates of heterozygosity in African
genomes (Jakubek et al., 2023b, Choudhury et al., 2020). Studies of Africans with less
representative SNP-arrays do not make use of this strength. The trade-off is that lower
accuracy phasing, which is inherent to smaller African LD blocks, results in lower power
to detect larger and lower fraction MCAs (Jakubek et al., 2023b, Tang et al., 2025).
Thus, it is essential to include as many African SNPs as possible to offset this. While
high depth (30X or higher) WGS is the best dataset to call MCAs from, it is expensive
and thus not a viable genotyping methodology for large African studies at this stage
(Tang et al., 2025, Steventon-Jones et al., 2022). The H3Africa-SNP array provides a
good balance between cost effectiveness and resolution, allowing for larger AWI-Gen
cohort than would be possible WGS (Mulder et al., 2018).
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Finally, the powerful algorithm employed by the MoChA tool was used to call smaller
MCAs and MCAs at lower cell fractions than previously reported in African ancestry
participants (Loh et al., 2018, Loh et al., 2020). Together, these components led to the
most comprehensive characterization of MCAs in continental Africans to date.
However, due to the exploratory nature of applying the MoChA protocol to an untested
dataset, several methodological errors and limitations were encountered in this study.
Certainly, the methodology should be refined in future work. Despite these challenges,
we were successfully able to characterize autosomal MCAs in 10.06% of the 9,917

participants.

3.4.2 Technical considerations

Previous studies detected MCAs at rates that varied quite markedly, with autosomal
MCAs detected in 3.54% of the UKB cohort, 15.56% of the BBJ cohort, 4.56% of the
MGBB cohort, 1.80% of the FinnGen cohort, and 4.47% of the TOPMed cohort
(Jakubek et al., 2023b, Loh et al., 2020, Terao et al., 2020, Zekavat et al., 2021). In
addition to the overall detection rates differing across studies, the actual distributions
of specific MCAs across the autosome differed quite markedly in some cases (Terao
et al., 2020). In this study, we showed that loss, gain, and CN-LOH frequencies differed
significantly between the AWI-Gen, UKB, and BJJ cohorts as well. However, direct
comparisons of MCA detection rates and distributions is not recommended. The
detection of MCAs from blood derived DNA is explicitly impacted by several factors
that are challenging to harmonize both between studies and within cohorts. These can

be broken down broadly into technical and biological factors.

These technical factors are intimately linked to the MCA detection algorithm employed
by MoChA (Loh et al., 2020). At its core, MoChA calls putative MCAs from informative
data points in the form of consecutively phased heterozygous SNPs (Loh et al., 2018,
Loh et al., 2020). Fewer data points underlying an MCA call results in less accurate
estimations of phased BAF deviations, especially across longer regions, thus resulting
in more uncertainty in the call and lower resolution of and its breakpoints (Loh et al.,
2018, Loh et al., 2020). This is a large part of the reason the MoChA authors state that
it cannot be used to call MCAs from WES data as there are too few informative
heterozygous SNP,s that are also non-uniformly distributed, to confidently call MCAs
at low cell fractions (Loh et al, 2018, Loh et al, 2020)
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(https://github.com/freeseek/mocha). Higher SNP density means smaller MCAs can be

detected, and larger MCAs can be detected at very low cell fractions (Loh et al., 2018,
Loh et al., 2020). The SNP-array used in the genotyping must be representative of the
population genetic diversity to capture more informative data points and higher density

arrays should perform better than lower density arrays.

The genotype data in the studies were derived from different SNP arrays with different
densities or from WGS (Jakubek et al., 2023b, Loh et al., 2020, Terao et al., 2020,
Zekavat et al., 2021). The UKB cohort was genotyped on the Affymetrix UK BiLEVE
(~800,000 markers) and UK Biobank Axiom (~825,000 markers) arrays, the BBJ cohort
was genotyped on the lllumina Infinium Omni Express (~730,000 markers) and
Infinium Omni Express Exome v.1.0 (~950,000 markers) and v.1.2 arrays (~964,000
markers) but only included SNPs that intersected all three (Loh et al., 2020, Terao et
al., 2020). The MGBB cohort was genotyped on the lllumina Multi-Ethnic Genotyping
Array (MEGA) (~1,730,000 markers), the FinnGen cohort was genotyped on the
FinnGen Thermo Fisher Axiom custom array (~650,000 markers), and the TOPMed
cohort data was derived from WGS (Jakubek et al., 2023b, Zekavat et al., 2021).

In comparison the H3Africa SNP array v1 is comprised of ~2,270,000 markers which
is considerably higher density. The BBJ authors found a high concordance of mean
heterozygous SNP density across 1Mb windows between the BBJ and UKB studies.
No similar comparison was performed in this study; however, it would be relatively safe
hypothesis that the mean coverage achieved in the same 1Mb windows by the
H3Africa array would be at least comparable but mostly likely higher. This is noticeable
with a rudimentary comparison of the Extended Data Figure 2 from the BBJ publication
and Figure 3.13 from this study (Terao et al., 2020). The higher SNP density should
equate more smaller MCAs on average being detected in this study when compared
to UKB and BJJ. This may partially explain the smaller median MCAs across types as
well as the lower size limit in AWI-Gen when compared to UKB and BBJ Section (3.3.7)
(Loh et al., 2020, Terao et al., 2020). The results from the comparison of UKB and BBJ
studies and this study must be interpreted in this context. It is very likely that this study
was better powered to detect smaller MCAs than UKB and BJJ. However, the phasing
in this study was done on the small 1000Genomes reference panel, which few African
genomes mostly from Western African and no Southern African genome
representation. The phasing from UKB and BBJ was much higher accuracy over longer
regions. As MoChA relies on phasing, the higher density of the H3Africa array may
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have been slightly offset by lower accuracy of long-range phasing, in combination with
a much smaller sample size. While the distributions of MCAs across studies are
interesting and informative of future analyses, direct comparison in the absence of

significant data harmonisation is not recommended.

Machiela et al. (2015) employed an older, less sensitive MCA detection algorithm to
call MCAs from genotype-inferred ancestry participants on commercially available
arrays which were designed to capture common variation in European and admixed
populations. Thus, the resolution of informative heterozygous sites used to detect
MCAs is likely reduced in the African ancestry participants, resulting in smaller MCAs
being missed. Additionally, MCAs were limited to only those above 2Mb in size. If the
increased proportion of smaller MCAs in this study is not due to increased probe
resolution and is instead a feature of African genomes, then applying this size threshold
may cause many African MCAs to be missed. Jakubek et al. (2023) called MCAs from
the TOPMed WGS data. In order to make comparisons between inferred ancestry
participants, the authors artificially reduced the number of heterozygous sites by
random downsampling to match the population group with the lowest heterozygosity
rate (Jakubek et al., 2023b). MCAs were recalled post downsampling, resulting in a
decrease in African ancestry MCAs by 23% while European ancestry MCAs were only
decreased by 4%. The authors note that African ancestry participants had significantly
lower MCA rates than European ancestry participants both prior and post
downsampling. They reported an autosomal MCA rate of 3.76% in the African
American participants. This harmonisation approach was understandable, but it does
appear that it impacted the African ancestry samples the most. The lower accuracy
phasing of African ancestry genomes in comparison to European ancestry genomes
may mean that African samples are more sensitive to loss of sites, contributing to

greater rates of MCA loss.

These two studies compared African American participants to European ancestry
participants. African American cohorts have variable degrees of admixture and may
not fully represent the full extent of genetic diversity found in Africa (Rotimi et al., 2017).
A recent study investigating MCAs in African children with Burkitt lymphoma detected
autosomal MCAs in 14.2% of 674 cancer-free Ghanian men controls (Zhou et al.,
2023). These MCAs were limited to >2Mb in size. For comparison we detected
autosomal MCAs >2Mb in 10.4% of the 741 men from the Ghanaian town of Navrongo.

The samples were genotyped on a similarly dense Infinium HumanOmni5-4v1 array
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(~2,100,000 markers); however, the detection pipelines differed on many levels (Zhou
et al., 2023). While a direct comparison remains challenging, the higher autosomal
MCA rates in both Ghanian cohorts compared to the African American cohort suggest
that MCA incidence may differ in admixed African Americans, African diaspora, and
continental Africans. African ancestry populations living in Western countries may be
exposed to differential lifestyle factors, environmental exposures, and infection
burdens when compared to continental African cohorts, which may result in

significantly different MCA distributions in across the autosome.

The next important technical factor considerations are the version of the MoChA
detection, the MCA filtering strategy, and QC employed by each of the studies. The
MoChA tool is regularly updated. The most important impact of this is with respect to
the version deployed as MoChA and the models used in its development by the UKB
and BJJ teams (Loh et al., 2018, Loh et al., 2020, Terao et al., 2020). They previous
iterations used in its development used a 3 state forward-backward HMM model, while
the current version of MoChA uses a Viterbi HMM model. In addition, there are several
other small differences in the underlying statistics and BAF correction protocols. These
differences are acknowledged and outlined on the MoChA site

(https://github.com/freeseek/mocha). How this specifically would impact the results

from these two studies when compared to this analysis is not clearly apparent,
however, it is possible that it may be consequential and must be accounted for. Post
MCA calling QC and filtering strategies also differed across the studies (Jakubek et al.,
2023b, Loh et al., 2020, Terao et al., 2020, Zekavat et al., 2021). The protocol removes
likely germline CNVs from putative calls in two ways. Firstly, it used a list of likely
recurrent germline candidates from 1000 Genomes Phase 3 to flag and filter
overlapping MCAs. How well this list applied to African samples needs to be
investigated further as there may be population specific recurrent CNVs that differ in
Africans. The same applied to the list of likely regions within segmental duplications.
More accurate filtering may be achieved by including up to date African specific filters

derived from newer long-range sequencing studies.

The second way the protocol removes germline calls is by applying MCA size specific
relative intensity statistic filtering thresholds (Figure 3.1). These should be derived from
the data itself and differ slightly across the studies. Additionally, putative MCA calls are
assigned a log1o-odds (LOD) score for the model based on BAF and phase by MoChA.

This score is a measure of the likelihood that the call is a true MCA for the chosen
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model. The MoChA authors recommend excluding all calls with an LOD < 10. However,
this can be adjusted based on the needs of the study. The MGBB and FinnGen cohorts
had a more stringent LOD threshold of >20 (Zekavat et al., 2021). Setting the LOD
threshold to >20 in this study would have excluded an additional 411 MCAs and
reduced the incidence rate to 7.22% of the AWI-Gen cohort. While this does result in
an incidence closer to the MGBB and FinnGen cohorts, there is still enough variability
to suggest additional factors at play. Some studies have chosen to only include MCAs
above a certain size or cell fraction threshold, including only larger or high cell fraction
MCAs which are more likely to impact phenotype or pathology (Jakubek et al., 2023b,
Zhou et al., 2023). However, as this study did not aim to investigate the impact of
autosomal MCAs on any AWI-Gen phenotype and intended to capture the full spectrum
of autosomal MCAs in Africans, no additional size or cell fraction thresholds were
applied to the MCA calls. All together the QC and filtering strategy employed after MCA
calling can significantly impact the resulting MCA incidence rates and distributions and
must be considered when comparing results. In any case, it is extremely challenging
to harmonise MCA data across studies with varying technical factors to make direct
comparisons. Therefore, generalisations from one cohort to the next must be cautioned
against. Until such a time that a sufficiently large meta-analysis of harmonised data
from diverse populations is published, the results from current studies should be

considered cohort specific.

3.4.3 Future methodology improvements

Several technical and methodological factors in this study likely influenced the
observed incidence and distribution of autosomal MCAs, and future analyses will
benefit from targeted refinements. Some limitations reflected time constraints, the
exploratory scope of the project, and an inevitable learning curve during
implementation. First, the available sample size was inadvertently reduced. An
incorrect file was used during QC, leading to the exclusion of ~1,000 Batch 4 samples
that had otherwise passed AWI-Gen quality control. This reduction in sample size
inevitably lowered power, particularly when stratifying MCAs by genomic location and
event type. Future work should incorporate these excluded samples and, where
possible, expand the dataset with additional cohorts. Although this error was identified
during final analysis, rerunning the entire pipeline was not feasible within the timeframe

of this thesis.
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Second, the QC strategy applied here was not optimally tailored for MCA detection.
The AWI-Gen pipeline was originally designed for association studies with different
priorities, applying more stringent SNP and sample filters than recommended by
MoChA. For instance, AWI-Gen excluded SNPs with >1% missingness, while MoChA
can tolerate up to 3%. Relaxing thresholds would allow retention of more informative
sites, thereby increasing sensitivity for MCA detection. Importantly, the exclusion of
chromosome X SNPs during QC prevented analysis of MLOX and MLOY, which are
the most common MCAs with well-documented phenotypic associations. While X
chromosome QC requires additional steps to account for haploidy in males and X

inactivation in females, its inclusion should be prioritized in future work.

Finally, the phasing strategy could be improved. In this study, SHAPEIT4 was used
with the 1000 Genomes Phase 3 reference panel, as recommended in the MoChA
documentation. While suitable and locally deployable, this panel is suboptimal for
African populations compared with the African Genome Resources and TOPMed
panels, which have been shown to outperform 1000 Genomes in imputation accuracy
for African genomes (Sengupta et al., 2023b). Although data transfer and privacy
constraints limited their use here, future analyses should evaluate whether improved
phasing reference panels measurably enhance MCA calling accuracy, particularly in
African datasets where linkage disequilibrium patterns are shorter and more complex.
In summary, refinements in sample inclusion, QC thresholds, chromosome X analysis,
and phasing strategies represent clear avenues to increase both the sensitivity and
accuracy of MCA detection in future studies. Once accounted for, insights into the
biological factors impacting MCA formation and selection can be made at the cohort

level.

3.4.4 Biological factors impacting MCA distributions in AWI-Gen

The biological factors are the inherent similarities or differences in MCA formation
mechanisms impacting mutation rates, and the biological or environmental exposures
impacting MCA selection. It is these biological differences or similarities that we are
interested in which would improve our understanding of MCA formation, selection, and
their impact on health and aging. The continued publication of large-scale MCA in CH

studies have confirmed previously suspected MCA risk factors and have begun to
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identify important factors impacting MCA mutagenesis and selection across diverse

cohorts.

This analysis confirms prior associations of increasing MCA risk with age and
increased MCA risk in males. The age-related increase in MCA risk observed in this
study reflects the convergence of multiple degenerative processes that fundamentally
compromise genomic stability within the haematopoietic system. The primary driver
involves progressive DNA damage accumulation in HSCs. This genomic deterioration
results from intrinsic cellular processes including oxidative stress and replication
errors, as well as extrinsic exposures to inflammation, genotoxins, and environmental
mutagens (Section 1.5.2). Critically, age-related decline in DNA repair capacity
exacerbates genomic instability, with aging HSCs demonstrating declining efficiency
DSB leading to the increasing risk of non-random DSB accumulation (Ribe et al.,
2011, White and Vijg, 2016). It has been shown that NHEJ efficiency decreases ~3 fold
in aged tissues with a compensatory shift toward the more error-prone MMEJ pathway
(Rall-Scharpf et al., 2021). Simultaneously, the aging bone marrow niche undergoes
profound microenvironmental changes characterized by fatty bone marrow
accumulation, increased inflammatory cytokine production, and chronic
"inflammaging" that creates selective pressures favouring HSC clones with resistance
mutations (Cain et al., 2025). The theory of the ‘selective shadow’ provides a plausible
evolutionary framework for understanding why MCA-driven clonal expansion
accelerates dramatically after reproductive age, as selection pressure diminishes after
reproductive age, allowing previously neutral or deleterious mutations to expand later
in life (Kirkwood and Melov, 2011).

The observed male predominance in overall MCA frequency and the distinct sex-
specific MCA patterns may be a result of biological differences in HSC regulation, DDR
capacity, and hormonal influences on genomic stability. Males demonstrate
consistently higher autosomal MCA rates with up to 12-fold differences for specific
MCAs, attributable to testosterone's promotion of oxidative stress and chromosomal
instability contrasted with oestrogen’s protective effects through antioxidant gene
induction, enhanced mitochondrial function, and activation of DNA repair pathways
(Watson and Blundell, 2023, Ray et al., 2008, Cui et al., 2022). The mechanistic basis
involves sex hormone-mediated differential regulation of DDR efficiency, with females
showing greater age-related decline in NHEJ, MMEJ, and critical repair proteins ATM,

BLM, and KU70, particularly following menopause when oestrogen’s protective effects
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are abruptly withdrawn (Rall-Scharpf et al., 2021). HSC biology itself exhibits profound
sex-specific regulation, with ERa directly expressed on HSCs mediating enhanced
proliferation and self-renewal in females, while the abrupt hormonal transition at
menopause creates a vulnerable period for genomic instability compared to males'
gradual testosterone decline (Cui et al., 2022, Ray et al., 2008). The sex-specific MCA
enrichment patterns likely reflect differential selective pressures within aging bone
marrow niches, where oestrogen loss promotes fatty bone marrow accumulation and
T-cell activation leading to altered cytokine environments, while sex chromosome
complement influences expression of DDR and inflammatory responses that ultimately

shape the fitness landscape for MCAs (Bacharach et al., 2024).

The apparent paradox between females demonstrating greater age-related decline in
DDR pathways yet males consistently showing higher MCA risk is interesting, and its
explanation lies in the understanding of MCA mutagenesis being a product of DNA
damage and repair efficiency. While females show greater NHEJ decline, testosterone
directly increases ROS production and promotes oxidative stress in HSCs, creating a
chronic pro-mutagenic environment that operates continuously from early adulthood,
whereas female DDR decline occurs primarily post-menopause (Cui et al., 2022, Ray
et al.,, 2008). Crucially, oestrogen maintains protective effects through damage
prevention mechanisms including antioxidant gene induction and ROS reduction,
meaning that even with declining repair efficiency, the overall genomic damage burden
requiring repair remains lower in women due to reduced damage generation (Cui et
al., 2022, Ray et al., 2008).

The specific sex-enriched MCA patterns observed in this study (Section 3.3.5.3) likely
reflect locus-specific mechanisms involving both sex hormone-mediated mutagenesis
at DSB fragile sites and sex-specific selective pressures driven from altered gene
dosage within these regions. Sex hormones may influence DSB formation at particular
genomic hotspots through their effects on DNA repair checkpoint controls (Cocchi et
al., 2005). Further research is required to elucidate whether these sex-specific MCA
enrichment patterns result from differential chromosomal fragility at hormone-sensitive
DSB hotspots, sex-specific bone marrow niche selective pressures favouring clones
with altered metabolism or stress resistance pathways, or population-specific genetic
architecture that predisposes certain chromosomal regions to sex-biased instability in
African ancestry individuals.
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The differential autosomal MCA distributions observed across Western, Eastern, and
Southern African participants likely reflect region-specific environmental factors
impacting mutagenesis and selection interacting with genetically diverse
haematopoietic systems over decades of exposure (Section 3.3.5.4) (Figure 1.10).
These factors that are discussed in detail in section 1.6.2, include infection burdens,
diets and behavioural intake, and occupational and environmental genotoxic exposure,
often modulated through inflammation. In Southern Africa, the unique combination of
the world's highest HIV burden and TB incidence creates a chronic inflammatory
environment characterized by persistent immune activation, CD4+ T-cell depletion,
and altered bone marrow niche dynamics that favour specific clonal expansions
Conversely, Western and Eastern African populations face high malaria transmission
rates that induce fundamentally different haematopoietic stresses including HSC
hyperproliferation, lineage skewing toward myelopoiesis/erythropoiesis, and
inflammatory profiles that differ from HIV-associated cytokine patterns. Western African
participants, predominantly from rural agrarian communities with lower industrial
pollution, higher exposure to biomass smoke, and diets richer in traditional anti-
inflammatory staples, contrast sharply with South and East African participants residing
in urban and semi-urban settings characterized by elevated industrial emissions,
processed foods, and lifestyle-associated genotoxins. These differences likely further
modulate MCA selection pressures through distinct inflammatory and oxidative

environments.

The observed regional MCA enrichment patterns likely also reflect the interaction these
factors with population-specific DNA damage repair variants and CH driver variants.
The complex population structure within Africa, ranging from ancestral West African
Bantu origins to East African Bantu-Nilotic admixture to South African Khoe-San,
Bantu, European, and Asian admixture, likely results in region-specific haplotype
architectures, recombination hotspots, and chromosomal fragile sites that may
predispose to different MCA formation patterns (Choudhury et al.,, 2020). Gene-
environment interactions likely amplify these genetic differences, as population-
specific DDR variants may confer differential responses to region-specific stressors.
Hypothetical examples include West African DDR/CH variants interacting with malaria-
induced replication stress, East African variants responding to mixed infectious and
environmental pressures, and South African admixed populations harbouring variants

that respond uniquely to HIV-associated inflammation or industrial genotoxic
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exposures. The observation that 5p gains predominate in West Africans while 21q
gains show the reverse pattern, alongside sex-specific regional differences in losses
(7g-, 139-), suggests that the intersection of ancestry-specific genetic architecture with
regionally distinct environmental selective pressures creates the complex mosaic of
MCA patterns observed across African populations, highlighting the importance of
population-specific analysis approaches rather than broad continental ancestry
classifications. While comprehensive identification of region-specific germline risk
alleles and precise exposome factors remains an imperative for future research, these
findings represent a novel demonstration of how diverse environmental and genetic
contexts within a single continental cohort can reveal underlying selection pressures
shaping MCA landscapes, offering new insights into the multifactorial determinants of

clonal haematopoiesis.
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Chapter 4: Conclusion

It is now well-established that PZMs are a normal part of the spectrum of human
variation. Despite this consensus, the contribution of PZMs to variability in the human
phenotype is often overlooked. There are several reasons for this. Most notably, PZMs
are technically challenging to detect from the conventional assays commonly utilized
in clinical studies. Implicitly, you are trying to detect a mutation that is present in only a
fraction of the total cells under investigation that may appear to share properties with
sequencing artifacts (Dou et al., 2018). Thus, additional specialised assays,
specialised analysis pipelines, and specially trained interdisciplinary personnel may be
needed to confidently call and interpret PZMs. This can add significant costs and
increase turnaround time in large clinical studies. Groups might look at the literature
and see that historically, PZMs have accounted for few positive diagnoses in
comparison to germline variants. Additionally, even if you can confidently detect PZMs,

their interpretation is challenging (Zemet et al., 2022).

Interpreting the phenotypic impact of PZMs presents a significant challenge.
Investigating the contribution of PZMs adds complexity that some research groups may
deem unijustifiable given budgetary and time constraints. This thesis argues that, even
under resource limitations, awareness of PZM detection challenges and cohort-specific
protocol limitations enables effective incorporation of GM analyses in African studies.
This is particularly urgent for African cohorts, where data remains scarce. A
comprehensive literature review prompted several research questions aimed at

bridging this gap in the knowledge.

The central question was whether advanced bioinformatics tools could identify GM in
existing datasets of continental African ancestry, with an affirmative hypothesis. Recent
advances in bioinformatics pipelines, designed for both clinical and epidemiological
applications, now permit reliable GM characterization with appropriate datasets. These
datasets have been historically absent for Africans. However, this is changing.
Collaborative initiatives such as the H3Africa consortium have catalysed the
establishment of diverse, high-quality African cohorts such as DDD-Africa and AWI-
Gen which are derived from NGS sequencing and microarray platforms required for
GM characterisation. This confluence of technological progress and enhanced cohort
diversity facilitates a more comprehensive understanding of GM on the African

continent.
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Inclusion of African GM data is essential for refining pathogenic mutation classification
and understanding somatic mutagenesis amid diverse environmental and germline
backgrounds. Not only in African populations, but across the global context.
Consistently, expanding cohort diversity has proven beneficial for interpreting genomic
data across all populations. The findings presented herein provide robust evidence that
these benefits extend to GM. Accordingly, this thesis was designed to determine
whether GM could be effectively screened for in continental African datasets, and the

results confirmed that such characterisation is achievable.

4.1 Key findings

The aim of this thesis was to identify appropriate detection strategies to explore the
extent and impact of GM in large continental African ancestry trio-WES and SNP-array
datasets. Two objectives were designed to achieve this aim. Firstly, to implement a
bioinformatics pipeline to screen for pathogenic mosaic small variants that may
contribute to DDs in South African trio-WES data from the DDD-Africa study. Secondly,
implement a bioinformatics pipeline for the exploratory characterisation of autosomal
MCAs in diverse continental African populations using H3Africa SNP-array data from

the AWI-Gen study. Both objectives were successfully achieved.

The data from Chapter 2 demonstrates that mosaic small variants can be identified in
African trio-WES datasets by incorporating statistical tests, such as those used in the
EM-Mosaic tool, into variant prioritization pipelines to detect significant deviations in
VAF distributions while accounting for confounding factor impact. Integrating a pipeline
for detecting PZMs in affected probands extends standard DNM pipelines. While it
relaxes VAF thresholds, it incorporates more stringent filtering to mitigate known false
positives. This approach ensures the detection of conventional DNMs while also
identifying potential PZMs that would otherwise be missed by standard VAF filtering.
This approach has the potential to significantly enhance the yield of a trio-WES strategy
with minimal drawbacks. In Chapter 2, 182 de novo SNPs and 29 de novo INDELs
were identified in 62 DD probands from African trio-WES data. Of these, 36 SNPs and
11 INDELs showed strong evidence of mosaicism, variants that would have been
missed using a standard DNM approach with stricter VAF thresholds. Both PZMs and
DNMs identified through the variant prioritization pipeline were subsequently curated

for potential contributions to the DD phenotype.
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The pipeline in Chapter 2 leverages the strengths of large trio-WES datasets for DNM
detection. Expanding VAF thresholds increases sensitivity but also enriches for false
positives due to methodological artifacts, necessitating additional filtering steps. The
de novo origin of variants in affected probands was assigned by ensuring no read
support in either parent, substantially reducing false positives. Although confirmation
would require validation through secondary analysis. Additionally, sequencing data
from 186 individuals processed in the same facility, batch, and protocol allowed for the
removal of sequencing artifacts by requiring candidate variants to be absent in all other
participants, whether affected or healthy. Expanding this approach to the full DDD-
Africa cohort, including non-trios, would further improve artifact filtering and variant
prioritization. The EM-Mosaic tool enhances confidence in mosaic SNP detection by
accounting for confounding factors affecting VAF distributions. It employs a beta-
binomial model instead of a standard binomial model, allowing for more accurate
statistical testing of VAF deviations. While this method is limited to SNPs and cannot
be applied to INDELs, it significantly strengthens the reliability of mosaic SNP
candidate identification. As a result, INDELs required more careful evaluation due to
the overlap between their formation mechanisms and sources of false positives in
WES. This limitation is inherent to WES, where variant callers like GATK
HaplotypeCaller are known to detect fewer INDELs, further necessitating stringent
filtering criteria such for the binomial p-value, resulting in a higher DP requirement.
These limitations must be carefully considered, as they depend on the source and
characteristics of the dataset. Nonetheless, expanding the DNM pipeline to include
PZMs significantly increased the number of candidate variants available for evaluation

in relation to DDs.

Another advantage of trio-WES was its ability to screen for gonadosomatic variation in
the parents of affected probands. These variants are particularly prone to false
positives and therefore require careful evaluation and validation. A larger cohort would
further strengthen filtering by ensuring that such variants are present only in a single
parent and the proband and absent in all other participants in the sequencing run.
Standard heterozygous variant pipelines rely on variable expressivity and penetrance
to prevent segregation analysis from excluding certain variants. However, since
gonadosomatic variants in unaffected parents are not necessarily pathogenic, they can
be more readily included in this analysis. Detecting gonadosomatic variation also has

important implications for recurrence risk counselling in autosomal dominant disorders.
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Unlike fully inherited variants, the recurrence risk for siblings is reduced from the
expected 50% for monoallelic dominant disorders, aligning instead with the parental

VAF, which reflects the level of mosaicism in the germline.

These variants are usually excluded from standard trio pipelines to reduce the risk of
false positives, which are enriched in these VAF distributions. However, screening for
candidate gonadosomatic variants significantly increases the potential for increased
yield, by making use of trio-WES. In Chapter 2 it resulted in the inclusion of 372
additional SNP candidates and 20 INDEL candidates. Candidate SNPs and INDELs
from both the proband DNM and gonadosomatic mosaic parent pipelines were further
prioritized using virtual gene panels and downstream curation analyses. In Chapter 2,
this process included filtering through DDG2P and LOF-intolerant gene panels,
followed by clinical curation using ACMG/AMP guidelines and a prioritization strategy
tailored to the challenges of variant interpretation in African DD presentations. This
approach led to the identification of 12 candidate variants with strong evidence for
contribution to DD in the DDD-Africa cohort. Among these, three novel variants
exhibited strong evidence of somatic mosaicism in probands, three were previously
undetected germline DNMs, and one was a known variant with strong mosaicism
evidence. Additionally, five inherited variants were identified in affected probands,
originating from gonadosomatic parents. If confirmed using orthogonal approaches,
these variants would significantly enhance the yield of trio-WES in this DD cohort while
also providing a definitive diagnosis for the 10 affected families and ending their
diagnostic odyssey. Notably, the pipelines developed in Chapter 2 were seamlessly
integrated into standard variant prioritization workflows without incurring additional

costs.

The data from Chapter 3 demonstrated that autosomal MCAs could be detected across
diverse continental African populations using H3Africa SNP-array data from the AWI-
Gen study. The strength of this analysis lies in the combination of MoChA, the most
accurate MCA detection tool, with the large and diverse AWI-Gen cohort, which
includes participants from Southern, Eastern, and Western Africa, genotyped on the
H3Africa array to provide comprehensive coverage of African genomes. This resulted
in the largest characterization of African autosomal MCAs to date, identifying
autosomal MCAs in 10.1% of the AWI-Gen cohort.

The odds of autosomal MCAs increased with age and were independently associated

with males, confirming previously reported associations. However, certain MCAs, such
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as small 5p terminal losses and 10q losses, were more frequent in females. Notably,
the odds of at least one autosomal MCA were significantly higher in Western Africans,
although this was not true for all autosomal loci. Specific MCAs were more common in
distinct populations: gains on chromosome 5 in Western Africans, small 17q losses in
Southern Africans, and gains on chromosome 21 in Eastern Africans. This suggests
that unique factors may predispose individuals from each region to MCA mutagenesis,
such as germline haplotypes in DNA damage response DDR pathways or region-
specific selection pressures. These could include factors like infection burdens (e.g.,
HIV, malaria, TB), environmental exposures (e.g., pollutants, occupational hazards), or
dietaryl/lifestyle differences, which may drive the selection of certain autosomal MCA
loci in participants from each region. Importantly, the high incidence of autosomal
MCAs in the AWI-Gen cohort, compared to African ancestry and Arican diaspora
populations in large studies from other cohorts, suggests that unique factors within the
African continent are influencing MCA formation and selection. These factors are likely
distinct from those in the global North. Thus, MCA distributions from those populations
cannot be generalised to continental African cohorts. The success of this analysis lies
in the size and diversity of the AWI-Gen cohort, which enabled the identification of
novel autosomal MCA hotspots and drivers in participants from continental Africa. The
analysis was conducted retrospectively on the AWI-Gen study cohort, which was not
originally recruited for MCA detection. Nevertheless, the findings demonstrate that with
a sufficiently large, high-density SNP-array dataset representative of African genetic
variation, MCAs can be effectively detected in African cohorts. Moreover, the novel
hotspots and drivers identified may unveil significant biological factors influencing CH

in both African and non-African populations in future studies.

4.2 Study limitations

While both objectives were achieved, successfully enriching the knowledge base on
African GM, they were not without limitations.

The primary limitation of Chapter 2 was the WES data itself. While trio-WES is highly
effective for GM screening due to its ability to filter false positives, its read depth and
uniformity of coverage impose significant constraints on mosaic variant detection. The
relatively low coverage of 45X meant that, according to EM-Mosaic’s power

calculations, only about a third of mosaic SNPs were detectable. In many cases, even
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this coverage was not achieved, restricting detection to high-level mosaicism and
reducing confidence in calls within low-coverage regions, such as exon-intron

boundaries.

Although a VAF threshold of 0.1 is standard for WES, most somatic mutations fall
below this threshold, meaning many true mosaic variants potentially contributing to DD
pathology were likely missed. Additionally, because this was a retrospective screening
strategy using existing data, a dedicated mosaic variant caller was not applied at the
outset. Instead, the GATK ploidy setting was configured to exclude variants at extreme
VAF distributions. While this is standard for trio-WES, it likely led to the omission of
lower VAF candidates and the inclusion of false positives—variants that would typically

be filtered out by dedicated mosaic variant callers such as Mutect2 or MosaicForecast.

Furthermore, INDELs and parental gonadosomatic variants could not be analysed
using EM-Mosaic, meaning that overdispersion of VAF distributions for these variants
was not accounted for. Most critically, none of the identified candidate variants have
been experimentally validated, as this fell outside the scope of the current objective.
As a result, all conclusions must be interpreted with caution, acknowledging the
potential for false positives. The goal of this objective was to identify the most promising
candidate variants influencing DDs within the cohort, which could then be validated
using higher-depth targeted sequencing or digital droplet PCR methods that are not
currently available on site. As a result, these variants may well be false-positive
artifacts, particularly given that variants in these VAF regions are known to be enriched
for such errors. Additionally, the non-trio WES data from DDD-Africa could not be
analysed for GM contributions using these pipelines. Future analyses will need to
incorporate a panel-of-normals approach and tools like MosaicForecast to detect GM

in WES duos, though this approach comes with its own limitations and considerations.

The curation of variants in African DDs presents unique challenges. Phenotypic
heterogeneity introduces variability in the clinical data, making it more difficult to
confidently associate candidate variants with specific phenotypes. The more detailed
and precise the phenotypic information, the easier it becomes to assign pathogenicity
in accordance with ACMG/AMP guidelines. There are currently no clear guidelines for
interpreting GM in variant curation. For instance, there are no established
recommendations on how to assess atypical phenotypes or the unclear segregation of
partial phenotypes in cases of gonadosomatic variation. As a result, GM interpretation

remains highly subjective, adding another layer of complexity to variant classification.
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Finally, the contribution of other classes of GM to DDs, such as MCAs was not

assessed in these analyses.

In Chapter 3, limitations mirrored the strengths, as they were inherently linked to the
MoChA tool, the H3Africa SNP array, and the AWI-Gen cohort. The MoChA tool
depends on accurate phasing of heterozygous SNPs to detect allelic imbalances. In
this analysis, phasing was performed using the 1000 Genomes Phase 3 reference
panel, which lacks comprehensive representation of African populations, particularly
Southern Africans. This limitation was evident in the association between phase switch
errors and the region of recruitment. Improved phasing using the African Genome
Resources Panel or the H3Africa panel could enhance the sensitivity of MCA detection

in this cohort.

Additional limitations include the unintentional exclusion of approximately 1,000 Batch
4 samples from the AWI-Gen cohort due to sample filtering errors, which should be
incorporated in future analyses. Moreover, the estimation of MCA size and breakpoints
was constrained by the coverage of the H3Africa SNP array. Finally, the unequal
distribution of sub-cohorts, with significantly fewer Eastern Africans compared to
Western and Southern Africans, limits direct comparisons between these groups.
Additionally, comparing MCA distributions across AWI-Gen, BBJ, and UKB is
complicated by differences in array design and methodological approaches. A direct
comparison would require harmonizing these datasets or controlling for technological
factors such as array density and quality control strategies, which is extremely

challenging.

While many novel drivers of MCA expansion were identified, the selection of gene
sources was limited to those previously implicated in blood malignancies, potentially
overlooking drivers outside these lists. Furthermore, although the AWI-Gen cohort
includes extensive phenotypic data, key variables, such as smoking status and
infection history, were not incorporated into the association analyses in Chapter 3. For
instance, smoking prevalence is significantly higher among South African men than
women, and smoking is known to increase the risk of autosomal MCA occurrence.
Similarly, HIV infection, which is associated with an increased risk of MCA, may have
confounded the observed associations. Although the potential links between
tuberculosis, malaria, and CH remain theoretical yet biologically plausible, they could
also contribute to the differential MCA distributions observed between regions and

sexes. Investigating these associations further may offer valuable insights into the
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pathophysiology of CH and inform potential preventive strategies in regions where
these infections are prevalent. The impact of autosomal MCAs on AWI-Gen health
outcomes was not assessed in this analysis. Finally, the quality control resulted in the
exclusion of sec chromosome SNPs. Thus, MLOY and MLOX were not assessed in

this analysis.

4.3 Future directions

The most pressing future direction for Chapter 2 is the orthogonal confirmation and
validation of candidate variants using alternative methodologies, such as ultra-high
depth targeted sequencing or digital droplet PCR. This step is crucial for subsequent
statistical analyses aimed at assessing gene set burdens, selection pressures, and the
enrichment of DNMs or PZMs in DD genes. Additionally, phasing variants in the trio-
WES data could be incorporated into mosaicism calls, thereby increasing confidence
and reducing false positives. Expanding the trio-WES dataset with additional trio
samples from DDD-Africa is necessary to further improve EM-Mosaic's estimates and
false-positive filtering and improve diagnostic yields. Finally, the contribution of MCAs
to DDs in the DDD-Africa cohort should be evaluated, either through array-based
methods with MoChA or using MrMosaic, with the understanding that MoChA requires
data from at least 100 probands for effective analysis. Incorporating duos into the
analysis using parallel methodologies that do not require trios, such as MosaicForecast
coupled with a panel of normal, could significantly enhance yield and provide
independent confirmation of variants identified in this study. Finally, sequencing the
saliva swab samples from probands will enable confirmation of systemic mosaicism in

candidate variants and facilitate comparisons between different DNA sources.

The AWI-Gen dataset has recently been expanded by several thousand samples,
providing an important opportunity to refine our understanding of MCA distribution
across Africa. To maximize the power of this analysis, the cohort should be further
expanded by incorporating additional samples genotyped with the H3Africa array from
other consortium studies. Increasing the sample size, particularly with participants from
diverse African sites, will enhance the representativeness and resolution of MCA
analyses. Phasing accuracy remains a critical factor in MCA detection, and
improvements can be made by utilizing a larger cohort and phasing with more

representative reference panels, such as the African Genome Resources panel or the
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newly released H3Africa reference panel. This would improve the precision of MCA

calling and allow for more reliable detection of mosaic events.

Beyond improving technical accuracy, integrating AWI-Gen phenotype data will be
essential in expanding our understanding of African MCAs and their potential impact
on health outcomes. Identifying additional risk factors associated with MCAs could
provide new insights into their biological and clinical significance. Furthermore,
longitudinal analyses using AWI-Gen Phase 2 five-year follow-up samples will allow for
the characterization of clonal dynamics over time in African populations, shedding light
on how MCAs evolve under different environmental and genetic contexts. Finally,
future analyses must also incorporate sex chromosome MCAs, which were not
included in this study. Given the biological relevance of sex chromosome anomalies in
hematopoietic clonal expansion and disease risk, their inclusion will provide a more

comprehensive picture of mosaicism across African populations.

There remains substantial scope to build upon the analyses presented in Chapters 2
and 3. The work described here is exploratory in nature and represents only an initial
step toward uncovering the full landscape of genetic mosaicism in African populations.
Future studies with larger sample sizes, refined methodological pipelines, and
integrative analyses that combine genomic, environmental, and clinical data will be
essential to deepen and broaden these findings. Despite these limitations in
methodology and scope, this thesis has successfully achieved its primary aim. By
establishing both the feasibility and the value of such analyses, this work lays a
foundation for future research that will advance our understanding of GM, and its

broader implications for human health and disease in Africa and globally.
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Appendix E: DDD-Africa recruitment criteria and demographic distribution

Table A. 2: DDD-Africa inclusion and exclusion criteria categories.

Inclusion criteria:

Table A. 1: Reasons for recruitment in 62 probands.

A) Moderate to profound developmental delay; with or without
dysmorphic features.

B) Multiple major malformations in two or more different organ
systems; with or without developmental delay.

C) One major malformation with additional clinically relevant
minor anomalies and/or dysmorphic features; with or
without developmental delay.

D) Mild developmental delay and additional clinically relevant
minor anomalies and/or dysmorphic features; medical
geneticist consensus on relevance required.

Exclusion criteria

A) Known conditions with no strong evidence for monogenic
aetiology.

B) Suspicion of an acquired brain lesion.

C) Suspected cases with a multifactorial aetiology.

D) Suspected environmental contribution including extreme
prematurity and teratogen exposure.

E) Mild intellectual disability or developmental delay with no
other clinically relevant abnormalities or dysmorphic
features.

Total inclusion criteria category N (%)
A - Moderate to profound developmental delay; with or without 37
dysmorphic features. (59.6)
B - Multiple major malformations in two or more different organ 12
systems; with or without developmental delay. (19.35)
C - One major malformation with additional clinically relevant minor 21
anomalies and/or dysmorphic features; with or without developmental
delay. (33.87)
D - Mild developmental delay and additional clinically relevant minor 21
anomalies and/or dysmorphic features; medical geneticist consensus (33.87)
on relevance required. '
Inclusion criteria combinations N (%)
Aonly 16
(25.81)
7
Aand B (11.29)
14
Aand C (22.58)
Aand D 0(0)
B only 2 (3.23)
Band C 0(0)
B and D 3 (4.84)
C only 2 (3.23)
Cand D 5 (8.06)
13
D only (20.97)
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Appendix F: Variants identified in a parallel DDD-Africa study

Table A. 3: Pathogenic small variants previously detected in parallel DDD-Africa analysis

Proband ID | Gene | Variant | Consequence | VAF

De novo variants
13 MTOR ENST00000361445.9:c.5395G>A missense variant 0.58
14 SETBP1 ENST00000649279.2:¢.2612T>C missense variant 0.41
15 NFIX ENST00000592199.6:¢c.293del frameshift variant 0.44
21 NSD2 ENST00000508803.6:¢.3160 3183del In-frame deletion 0.24
28 PPP2R1A ENST00000322088.11:c.773G>A missense variant 0.51
34 CHD7 ENST00000423902.7:¢.8528del frameshift variant 0.54
38 CHAMP1 ENST00000361283.4:c.775 782del frameshift variant 0.51
43 CDH?2 ENST00000269141.8:¢.1885G>C missense variant 0.50
47 ARID1B ENST00000636930.2:¢c.2780del frameshift variant 0.47
50 CHD7 ENST00000423902.7:¢.232C>T stop gained 0.42
51 CHD7 ENST00000423902.7:¢.5833C>T stop gained 0.42
53 AUTS2 ENST00000342771.10:c.376C>T stop gained 0.40
66 EHMT1 ENST00000460843.6:¢.2073dup frameshift variant 0.56
81 SCN2A ENST00000375437.7:c.727C>T stop gained 0.43
86 STXBP1 ENST00000373299.5:c.416C>T missense variant 0.45
92 FOXC1 ENST00000645831.2:¢.392C>G missense variant 0.32
117 NSD1 ENST00000439151.7:c.4913A>G missense variant 0.39

Inherited variants
52 MECP2 ENST00000453960.7:¢.961C>T missense variant 1.00
118 FLNA ENST00000369850.10:¢.620C>T missense variant 1.00

Del — deletion; dup — duplication; ID — trio identifier; VAF — variant allele fraction in proband; ENST — transcript identifier
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Appendix G: Table of variants classified as VUS

Table A. 4: Candidate proband PZMs and parental PZMs classified as variants of uncertain significance.

ID Variant Consequence Panel | BayesDel® | SpliceAlA ACMG/AMP code Class" | VAFp FDRp EMrpost | VAFF | VAFm
Proband PZM candidates

17 RORB:c.601G>T missense DDG2P 0.04 - PM2, PS2, PP2 VUS 0.18 | 9.67x10%4 | 22,15 | 0.00 | 0.00
46 MATN3:c.1379C>A stop gained DDG2P 0.59 - PVS1, PM2 VUS 0.16 | 9.67x10%4 | 39.13 | 0.00 | 0.00
High-level parental gonadosomatic candidates

58 | POLR3B:c.2714-16A>G | splice polypyrimidine tract | DDG2P - AG-0.65 PM2, PP3, PM6 VUS 0.48 | 2.04x10°2 - 0.00 | 0.32
108 TSC2:c.3037G>C missense DDG2P 0.34 - PM2, PP3, PM6 VUS 0.51 | 9.65x10°? - 0.00 | 0.33
75 OTX2::c.421C>T missense DDG2P 0.13 - PM1, BS2, PP3,PM6 | VUS | 0.54 | 1.74x10° - 0.00 | 0.33

ID —Family identifier; $ BayesDel no allele fraction model; *Class — ACMG/AMP classification; FDRP — FDR adjusted binomial p-value; # EMPost — EM-mosaic posterior odds; VUS —

variant of unknown significance; VAFP — proband variant allele fraction; VAFF — father variant allele fraction; VAFM — mother variant allele fraction; AG — acceptor gain
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Appendix H: IGV plots for candidate VUS variants
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Figure A. 1: IGV plots for VUS candidate varaints
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Appendix I: Stratified MCA phenotypes for bubble

graph

Table A. 5: The characteristics of 82 MCA phenotypes stratified by chromosomal arm and type

MCA | Count | Mean age (SE) | Mean CF (SE) | Fraction M | EA (%) | SA (%) | WA (%)
1+ 23 55.74 (2.16) 5.48 (1.25) 043 | 13.04 | 43.48| 43.48
1p- 14 52.00 (1.60) 9.09 (1.37) 0.50 0.00 | 64.29| 35.71
1p= 45 54.53 (1.46) 3.03 (0.74) 0.51| 13.33| 46.67 | 40.00
19- 4 56.00 (1.35) 11.12 (5.70) 1.00 0.00 | 25.00| 75.00
19= 57 53.89 (1.02) 1.74 (0.32) 046 | 17.54| 3158 | 50.88
2+ 7 55.29 (3.83) 5.83 (1.77) 0.57 | 1429 | 2857 | 57.14
2p- 10 58.40 (3.13) 10.40 (1.40) 0.60 | 10.00 | 90.00 0.00
2p= 6 54.17 (4.00) 1.29 (0.31) 0.50 | 50.00| 16.67 | 33.33
2q- 12 51.50 (2.84) 13.84 (1.95) 042 | 33.33| 16.67 | 50.00
2qg= 17 48.94 (1.42) 2.13 (0.67) 029 | 17.65| 41.18| 41.18
3+ 10 51.80 (2.89) 3.94 (1.12) 0.60 | 10.00| 40.00| 50.00
3p- 4 57.50 (1.32) 7.39 (2.25) 0.00 | 50.00 0.00 | 50.00
3p= 7 58.14 (5.55) 1.85 (0.41) 0.57 | 14.29| 7143 14.29
3qg- 4 60.00 (6.40) 19.45 (5.90) 0.00 0.00 | 25.00| 75.00
3qg= 7 57.43 (3.65) 2.23 (0.69) 0.71 | 42.86| 42.86 14.29
4p- 5 53.00 (2.28) 12.60 (3.36) 0.60 | 20.00| 80.00 0.00
4p= 4 51.00 (5.08) 1.61 (0.29) 0.25| 25.00| 50.00| 25.00
4q- 7 58.00 (4.30) 10.73 (2.92) 0.57 | 1429 | 57.14| 28.57
4q9= 5 55.80 (6.54) 1.21 (0.30) 0.80 0.00 | 20.00| 80.00
5+ 64 52.33 (0.91) 2.47 (0.27) 0.58 469 | 1563 | 79.69
5p- 9 52.44 (1.68) 9.41 (1.60) 0.11 0.00 | 55.56 | 44.44
5p= 8 51.38 (1.88) 0.63 (0.05) 0.63 0.00 | 25.00| 75.00
5q- 10 53.30 (2.49) 4.28 (1.09) 0.30 0.00 | 70.00| 30.00
5q= 19 51.68 (1.57) 2.01 (0.65) 0.53 526 | 26.32| 68.42
6+ 14 53.29 (1.22) 13.45 (4.31) 0.57 | 1429 | 35.71 50.00
6p= 23 54.48 (1.96) 2.19 (0.62) 048 | 21.74| 56.52| 21.74
6q- 32 55.56 (1.39) 10.09 (1.32) 0.53 6.25 | 56.25 37.5
6q= 56.44 (3.61) 1.65 (0.38) 0.67 | 2222 | 5556 | 2222
7+ 55.00 (2.37) 7.20 (3.30) 0.50 0.00 | 83.33 16.67
7p- 14 49.86 (1.89) 10.53 (1.48) 0.71| 1429 | 50.00| 35.71
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7p= 12| 56.58 (2.14) 1.61 (0.65) 0.33| 25.00| 41.67| 33.33
79- 26| 54.88(1.67)| 11.09 (1.31) 0.54| 3.85| 50.00| 46.15
7q= 13| 54.08(2.84)| 2.40(0.77) 0.62| 15.38| 61.54| 23.08
8+ 7| 62.86(4.08)| 5.38(2.37) 0.57| 14.29| 57.14| 2857
8p- 10| 54.40(1.19)|  9.60 (1.86) 0.40| 0.00| 80.00| 20.00
8p= 7| 54.00(3.09)| 4.28(2.02) 0.71| 14.29| 57.14| 2857
8q- 5| 48.40(0.93)|  8.92(1.69) 0.60| 0.00| 40.00| 60.00
8q= 6| 53.33(1.69)| 0.64(0.05) 0.33| 16.67| 66.67| 16.67
9+ 8| 50.25(4.12)| 10.05 (5.76) 025| 000| 625| 375
9p= 12| 54.83(3.53)| 10.04 (3.84) 0.83| 0.00| 83.33| 16.67
9q- 11| 53.09(1.59)| 8.75(2.29) 0.73| 0.00| 45.45| 5455
9qg= 33| 55.58(1.65) 1.90 (0.34) 0.64| 1212| 5455| 33.33
10g- 10| 50.50(2.24)|  8.39(1.94) 0.20| 0.00| 60.00| 40.00
10qg= 14|  53.71(2.27) 1.79 (0.42) 0.86| 14.29 | 50.00| 35.71
11p- 9| 47.56(1.97)| 11.06 (1.30) 044 | 11.11| 33.33| 55.56
11p= 22|  52.91(1.20)|  4.32(1.46) 0.50 | 0.00| 59.09| 40.91
11g- 18| 55.94(3.01)| 6.46(1.12) 056| 11.11| 7222| 16.67
11q= 71 51.00212)| 2.81(1.12) 029| 000| 57.14| 42.86
12+ 11| 5564(1.19)| 6.10 (2.19) 0.36| 18.18| 45.45| 36.36
12p- 4| 5275(3.64)| 9.84(2.58) 0.50| 0.00| 50.00| 50.00
12p= 5| 53.40(1.86)|  3.14(0.71) 0.40 | 40.00| 20.00| 40.00
12q- 15| 52.87(2.83)|  9.80 (1.49) 047 | 0.00| 60.00| 40.00
12qg= 11| 52.09 (1.42) 1.62 (0.27) 0.36| 36.36| 36.36| 27.27
13+ 4| 5800(4.81)| 6.36(1.45) 0.00| 0.00| 75.00| 25.00
13q- 34| 5382(1.57)|  7.18(1.10) 076 | 11.76 | 3529 | 52.94
13g= 6| 57.50 (4.22) 1.19 (0.23) 0.83| 000 66.67| 33.33
14q- 78| 54.03(0.93)| 11.48 (0.49) 046 | 29.49| 5256 | 17.95
14q= 33| 52.91(1.49)| 2.26(0.33) 042 | 24.24| 5152| 24.24
15g= 16| 53.56(2.64)|  2.23(0.90) 0.56| 25.00| 375| 375
16p- 15| 54.87(2.00)|  8.25(1.40) 0.33| 0.00| 46.67| 53.33
16p= 15| 53.80(2.02)| 5.77 (2.19) 0.40| 13.33| 53.33| 33.33
16q- 7| 53.86(3.50)| 7.35(2.30) 0.86| 0.00| 42.86| 57.14
16q= 20| 52.95(1.99) 1.65 (0.29) 0.60| 15.00| 50.00| 35.00
17+ 9| 52.56(3.48)|  4.89(1.29) 044 | 000| 33.33| 66.67
17p- 10| 59.00 (4.21) | 10.36 (1.67) 0.40| 0.00| 80.00| 20.00
17p= 4| 58.75(5.94)| 2.66(1.22) 0.50 | 0.00 | 100.00|  0.00
17q- 15| 54.00(2.90)|  9.94 (1.32) 0.53| 13.33| 80.00| 6.67
17q= 29|  49.34(1.33)| 2.72(0.57) 0.66| 13.79| 37.93| 48.28
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18q- 51.38(1.82) |  9.96 (2.19) 0.63| 0.00| 25.00| 75.00
18q= 48.43 (2.84) 1.67 (0.47) 0.57| 2857 | 57.14| 14.29
19+ 53.50 (4.89) |  7.56 (3.00) 0.33| 50.00| 33.33| 16.67
19p- 16| 54.69(2.25)|  8.46 (1.21) 044 | 125| 43.75| 4375
19p= 53.80 (2.99) |  2.89 (0.87) 0.60| 0.00| 40.00| 60.00
19qg= 57.67 (4.06) |  2.81(0.53) 044 | 11.11| 44.44| 44.44
20g- 16| 58.88(243)| 7.26 (1.23) 0.69| 125| 50.00| 375
20q= 53.33 (4.79) |  3.86(1.82) 0.67| 16.67| 66.67| 16.67
21+ 64 | 54.44(0.95)| 2.37(0.15) 0.61| 34.38| 57.81| 7.81
21g- 11| 54.45(3.16)|  8.69 (1.83) 045| 0.00| 63.64| 36.36
21g= 17|  53.94 (2.29) 1.96 (0.81) 0.53| 17.65| 47.06| 35.29
22+ 11| 56.91(2.96)| 3.26(0.67) 027| 909| 7273| 18.18
22¢- 8| 53.50(3.81)| 12.06 (2.00) 0.63| 0.00| 50.00| 50.00
22q= 16| 52.06(1.81)|  2.09 (0.46) 0.50 | 18.75| 50.00| 31.25

1-20 = chromosome; q = q -arm, p = p-arm; - represents a loss, = represents a CN-LOH, + represents a gain; M =

male; CF = cell fraction (%); SE = standard error of mean; SA = Southern Africa; EA = Eastern Africa; WA = Western

Africa
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Appendix J:Multiple MCA association analysis results
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Figure A. 2: Univariate analysis of multiple MCAs by age, sex, and region of recruitement for 998 participants with at least one autosomal MCA
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Table A. 6: Multivariate logistic regression model for multiple (three or more)
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(n=362)

Western_Africa

3 or more MCAs

Yes
No

Coefficients Estimate Std. Err. | Z-value P-value
Ref. Southern Africa, Female, Batch 1
Intercept -4.20 1.25 -3.33 8.72 x 10
Sex (Male) -0.26 0.31 -0.83 0.41
Age 0.02 0.02 0.78 0.43
Region (Western Africa) 0.04 0.32 0.12 0.90
Batch (Batch 2) 1.13 0.61 1.85 0.06
Batch (Batch 3) -0.25 0.68 -0.36 0.72

Ref. = reference variable category; Std. Err. = standard error of estimate coefficient.
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Appendix K:Expanded autosomal MCAs
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Figure A. 3: The cell fraction distribution of detected autosomal MCAs by type, size, and
chromosomal location

Bubbles represent discrete MCA events plotted by genome location over the estimated

fraction of cells with the MCA event. Size of the MCA event is reflected by the size of the
bubble. Colour illustrates the predicted MCA type.
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