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Abstract

The genetic architecture of populations has been significantly shaped by
various evolutionary mechanisms. Bottleneck and founder effects cause an
enrichment of variants known as founder variants, and their frequency tends to
be higher than expected in certain populations. Founder variants are inherited
across generations as part of a haplotype block. This leads to the occurrence of
a shared pattern of genetic variation between individuals who share a common
ancestor, a process known as ldentity-by-Descent (IBD).

The small population and geographical position of Malta made the island
susceptible to many invasion and migration events, increasing the likelihood of
founder effects. One Maltese founder variant has been recorded; related to
5,6,7,8-tetrahydrobiopterin deficiency (QDPR p.Gly23Asp). Identification of
more founder variants would allow for a more specific approach in genetic
testing of the Maltese population and the development of preventive measures
and treatments, saving lives and resources. In this dissertation 1,076 Maltese
genomes were used to analyse a list of variants and identify whether IBD
segments can be used to determine the variant’s founder status in the Maltese.

The benchmarking tool IBD Benchmark was used to test six IBD detection
tools and identify the best performing one. This was optimised and used to
perform IBD detection on a representative Maltese dataset. A list of variants of
interest to the Maltese population was compiled, consisting of 15 variants locally
relevant to a variety of disorders. A bioinformatics pipeline was developed to
generate horizontal bar plots, heatmaps and variant genetic frameworks for
founder variant analysis.

Six variants were found to be very likely founder variants of the Maltese
population. The heatmaps showed these variants as part of a genetic framework,
which is shared among all of the individuals that have the variant. Four variants
remained inconclusive upon interpretation of the results, while no IBD segments
were detected for five other variants. Having successfully met the key objectives
of this study, numerous avenues for further research into founder variants have
emerged. The bioinformatics pipeline developed in this project can be applied to

any other variant, facilitating the process of identifying founder variants.
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1. Introduction

The genetics of populations has been significantly shaped by human
migration. Evolutionary mechanisms, including population fusion, variation in
effective population size, selection pressure, recombination rates and migration,
which ultimately shape the genetic architecture, have an impact on the
inheritance of variants from ancestors to modern people (Andrés and Nowick,
2014). Over the years, this has resulted in the possible selection of favourable
variants over unfavourable ones (Vatsiou et al., 2016). However, variant
frequencies are not only affected by these factors but also through genetic drift
caused by bottlenecks and founder effects. The bottleneck effect is caused by
an extreme reduction in size of a population through events such as
environmental catastrophes, disease spread and famine, among others. This
leads to a less diverse gene pool for that population and the frequency of the
remaining variants increases (Nei et al., 1975). The founder effect, on the other
hand, is caused by the geographical or cultural isolation of a few individuals from
a large population. These individuals serve as the founders of a new population
and are considered as the ancestors. This results in inbreeding and an overall
reduction in genetic diversity, therefore causing enrichment of variants carried
by the founders. Therefore, both the bottleneck and founder effects cause an
enrichment of certain variants, known as founder variants, and their frequency

tends to be higher than expected in certain populations (Jain et al., 2021).

As they pass through the generations, founder variants are inherited as
part of a haplotype block. A haplotype block is a continuous region of the
genome consisting of many single nucleotide variants that are inherited together,
without any recombination events occurring within that region. This leads to the
occurrence of a shared pattern of genetic variation between individuals and the
segments can range from a few kilobases up to megabases in a single
chromosome. This phenomenon is known as Identity-by-Descent (IBD), meaning
that individuals within a population who share such regions obtained these
variants through inheritance from a common ancestor. The size of the segments

depends on how recent this was inherited from a common ancestor. The larger



the segment, the more recent the common ancestor. This is different to Identity-
by-State (IBS), where the same genetic variant is not inherited from a common
ancestor, but by chance through recombination, repeated de novo occurrences,

or other events (Henden et al., 2018).

The founder effect can lead to an increase in the frequency of certain rare
genetic variants within a population. The discovery of such variants within a
population, particularly when they are pathogenic variants, allows for a more
specific approach in genetic testing. One such example is the discovery of three
founder BRCA1 and BRCA2 variants in the Ashkenazi Jewish population in the
United Kingdom (UK). These variants are associated with an increased risk in
breast and ovarian cancer and genetic testing is performed on a family history-
based approach. The first variant that was discovered from these three is
c.185delAG in BRCA1, which is the cause of around 16% to 20% of breast cancer
cases before the age of 50 in this population (Thorlacius et al., 1997). The other
two variants, the BRCA1 ¢.5382insC and BRCA2 c.6174delT affect 0.13% and
1.52% of breast cancer cases in the Ashkenazi Jewish population respectively
(Roa et al., 1996). If detection of such pathogenic founder variants is performed
in the entirety of the relevant population through genetic testing, many human

lives and resources can be saved.

Given the small population and geographical position of Malta, the island
has been susceptible to many invasion and migration events, hence increasing
the likelihood of founder effects (Fiorini and Mallia-Milanes, 1991). A single
Maltese founder variant has been recorded in the Mediterranean Founder
Mutation Database (Charoute et al., 2015). This variant is located in the QDPR
gene (p.Gly23Asp) and related to 5,6,7,8-tetrahydrobiopterin (BH4) deficiency,
having a carrier rate of 3.3%. The variant causes atypical hyperphenylalaninaemia
and phenylketonuria, which if left untreated, can cause brain and nerve damage
(Farrugia et al., 2007). Identification of such founder variants would allow for a
more specific approach in genetic testing of the Maltese population and the
development of preventive measures and treatments, as well as saving human

lives and resources related to healthcare.



1.1 Motivation

In this dissertation 1,076 Maltese genomes will be used to analyse a list of
variants and identify whether IBD segments can be used to determine their
founder status in the Maltese population. Since only one founder variant has
been confirmed in the population so far, one of the aims of the project will be to
identify more founder variants. The compiled list of variants will contain
pathogenic variants of the population, particularly those reported as having a
higher frequency when compared to other populations, as well as other variants

of research interest.

To achieve the first aim of this project, a comparative analysis will be
performed between the most used IBD detection tools in the last five years to
find the best performing one. Tang et al. (2022) developed the first open-source
benchmarking method called IBD Benchmark, which can calculate the accuracy
and power of these tools. In 2022, Tang et al. tested the latest developed tools
of the time, which included hap-IBD (Zhou et al., 2020), iLash (Shemirani et al.,
2021), RaPID (Naseri et al., 2019), TPBWT (Freyman et al., 2021) and FastSMC
(Nait Saada et al., 2020). In this project, hap-IBD, RaPID, RaPID-Query, FastSMC,
RefinedIBD and IBDSeq will be tested for accuracy and power using IBD
Benchmark. The best performing tool will be selected to carry out IBD detection
among the Maltese genomes, which will be followed by the identification of
possible founder variants from the compiled list of variants. A bioinformatics
pipeline will be developed to aid the process of identifying founder variants

through IBD segment detection.

1.2 Aims and Objectives

The aim of this project is to perform IBD analysis, using data from 1,076
Maltese genomes, to determine whether IBD segment analysis can be used to
identify the founder status of a set of variants of interest. Several tools will be
used to perform this analysis. Each of these tools will be validated and compared

with each other to evaluate their accuracy and performance. Furthermore, run



of homozygosity (ROH) analysis will also be performed to identify individuals that
are homozygous for a haplotype block. A computational bioinformatics pipeline
will also be built to interconnect the processes involved in the identification of
founder variants into one programme which can be used to analyse any variant

in future. This will be achieved by following these objectives:

1) Compare the performance of the IBD detection tools RaPID, RaPID-Query,
FastSMC, RefinedIBD, hap-IBD and IBDSeq by recording accuracy, power
and computational efficiency. The best performing tool will be optimised and

used to perform IBD detection on a Maltese dataset.

2) Construct a list of variants of interest and perform IBD detection to
investigate whether IBD segments can be used to classify founder variants of
the Maltese population or not. ROH analysis will be performed where

possible through the analysis of IBD segments in homozygous individuals.

3) Construct a bioinformatics pipeline that aids the process of identifying

founder variants and ROH.

1.3 Proposed solution

Many tools have been developed throughout the years that allow for the
detection of such IBD segments. A comprehensive list of these tools will be
gathered, and some of the most relevant tools will be tried and tested in this
project through IBD Benchmark, with the aim to use the best performing tool to
identify such segments. These IBD segments will be analysed through various
means, including plots, heatmaps and genetic frameworks, to find out whether a
set of variants prevalent in the Maltese can be categorised as founder variants
of the population. Moreover, a bioinformatics pipeline that automates the
generation of the aforementioned outputs and aids the process of identifying

founder variants will also be developed.



1.4 Document Structure

The subsequent “Background and Literature Review” chapter discusses
founder variants in more detail, with examples from populations around the
world, and their effects on public health. This chapter will also cover the different
approaches that can be taken to identify such variants, based on previously
documented research, particularly in relation to IBD detection analysis. A
thorough description of the IBD detection tools and the benchmarking method

used in this study will be given.

Chapter 3 “Methodology” will cover the methodology of the research
project. This will provide a detailed description of the steps taken to achieve the
aims and objectives of this project. The method of selection of the tools and
datasets used will be explained, along with a description of the steps taken to

develop the bioinformatics pipeline for the detection of founder variants.

In the “Results and Discussion” chapter, outputs obtained from the
previously described steps will be presented and interpreted. This includes the
results obtained through IBD Benchmark for the identification of the best
performing tool, as well as IBD segment plots, heatmaps and genetic frameworks
in relation to the variants being studied. The founder status of such variants will

be determined here.

In the final chapter, “Conclusion”, the achievement of the aims and
objectives of this study will be summarised. This section will also go through any
limitations that were encountered, and any possible future endeavours beyond

the project will be analysed.



2. Background and Literature Review

Founder variants are either caused by the geographical or cultural
isolation of a few individuals from a large population, or through bottleneck
effects. The latter are caused by an extreme reduction in size of a population
through events such as famine, disease spread and environmental catastrophes.
This leads to a less diverse gene pool for that population and the frequency of
the remaining variants increases (Nei et al., 1975). When a group of a few
individuals are geographically or culturally isolated from a large population, a new
population is formed and these individuals serve as its founders and are
considered as the ancestors. This is known as the founder effect, and it drastically
reduces the gene pool and increases inbreeding within the newly formed
population, causing enrichment of variants carried by the founders. Both the
bottleneck and founder effect cause an enrichment of certain variants, known as
founder variants, and their frequency tends to be higher than expected in certain

populations (Jain et al., 2021).

Founder variants are inherited from the ancestors through generations as
part of a haplotype block. This consists of a continuous region of the genome
where many single nucleotide variants are inherited together, without any
interference from recombination events. This leads to the occurrence of a shared
pattern of genetic variation between individuals and the segments can range
from a few kilobases up to megabases in a single chromosome. When a group of
individuals within a population shares such regions through inheritance from a
common ancestor, the phenomenon is known as IBD. The size of the segments
depends on how recent this was inherited from the common ancestor, with larger
segments having a more recent common ancestor. This is different to IBS, where
the same genetic variant is not inherited from a common ancestor, but by chance
through recombination, repeated de novo occurrences, or other events (Henden
et al., 2018).

This chapter will cover founder variants with real world examples across
different geographically and culturally isolated populations, and what factors led
to the presence of such variants. Implications of founder variants on public health
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and how the identification of such variants can contribute to better healthcare
and economic well-being of a population will also be addressed. Moreover, the
different methodologies of how founder variants are identified will be described,
with emphasis on IBD detection analysis and the tools that were used in this

study.

2.1 Founder Variants in Real World Populations

Several founder variants have been identified in different populations and
ethnic communities around the world. Founder variants discovered within a
population can be traced back to their origins and give researchers evolutionary,
migration and genetic information about that population (Jain et al., 2021). Every
population has a distinct genetic architecture because of its ancestry and cultural
behaviour. Isolated populations, such as the Ashkenazi Jews, the Finnish
(Kaaridinen et al., 2017) and the Inuit (Wallace and Bean, 2021), have been
invaluable in advancing our understanding of the genetic basis of disease. Studies
of founder variants in these populations have led to the identification of many

disease-causing genes, providing crucial insights into genetic disorders.

2.1.1 Founder Variants in the Finnish Population

The Finnish ancestral population is built around two migration events that
occurred around 4,000 and 2,000 years ago. The founding population had an
estimated size of around 3,000 to 24,000, and when compared to European
populations, their low genetic diversity shows that the population was isolated.
The Finnish population experienced several demographic events, including rapid
expansions, bottleneck effects and famine events, which shaped their genetic
pool. Since then, the population experienced rapid growth, reaching an
approximate figure of 5,400,000, while experiencing minimal immigration. These
events led to the rise of various genetic diseases which are highly enriched in

Finland. The Finnish Disease Heritage database records 43 monogenic diseases



that are more common in the Finnish than in any other population, due to the

presence of founder variants (Figure 2.1) (Uusimaa et al., 2022).
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Figure 2.1: The timescale of the discovery of the genetic causes of Finnish diseases, based on their
publication by the Finnish Disease Heritage. Figure reproduced from Uusimaa et al. (2022) under the
terms of the Creative Commons Attribution License.

The Finnish population has been beneficial in the discovery of novel
genetic loci and rare disease-causing variants which are prevalent in their
population. Such examples include the discovery of DSC1 and SERPINB7 genes,
in which atopic dermatitis causing variants have been identified (Sliz et al., 2022),
and the discovery of cervical-cancer-predisposing variants in HLA, CLPTM1L and
PAX8 genes (Bowden et al., 2021). This suggests that such isolated populations
with reduced genetic diversity and many founder variants provide a valuable

resource for the discovery of new genetic loci and rare disease-causing variants.

2.1.2 Genetic Testing of Founder Variants in the Ashkenazi Jewish

Population

Founder variants have been affecting the Ashkenazi Jewish population for
over two millennia. By having a large presence in eastern and central Europe,
their ancestry is derived from several different European countries. It became

evident that their cultural isolation and therefore lack of genetic diversity led to



an increased prevalence of certain genetic diseases within their population,
which include Fanconi anaemia type C, familial hyperinsulinism, lysosomal
storage diseases, familial hypercholesterolemia, factor Xl deficiency and

glycogen storage disease type VII, among others (Cavalli-Sforza, 1979).

It was later discovered that breast and ovarian cancers are also prevalent
in the Ashkenazi Jewish population, where they have a higher prevalence rate
for three founder mutations that affect the BRCA1 and BRCA2 genes mainly
responsible for the diseases (Rubinstein, 2004). A study on Ashkenazi Jews from
Israel and the United States (U.S.) found the BRCA1 p.E23fs variant at a carrier
frequency of 0.9%, estimated to cause around 16-20% of breast cancer cases in
individuals under the age of 50. The founder variants BRCA1 p.Q1756fs and
BRCAZ2 p.Ser1982fs were found to have a carrier frequency of 0.13% and 1.52%
respectively. Comparative testing showed that these variants are completely
absent in mixed-ethnic individuals from the U.S. (Roa et al., 1996). When founder
variant screening for BRCA1/2 in the Ashkenazi Jewish population was
performed, approximately 1-2.5% of women of Ashkenazi Jewish descent had

one of the three founder variants (Metcalfe et al., 2010; Palomaki, 2015).

Manchanda et al. (2015) studied the cost-effectiveness of population-
based testing in the UK Ashkenazi Jewish women for the three BRCA1/2 founder
variants and found that the incidence of ovarian and breast cancers could be
potentially reduced by 276 and 508 cases respectively, with an overall cost
reduction of £3.7 million. If the entire UK population was to undergo testing, 388
ovarian and 715 breast cancer cases have the potential to be prevented, with a
cost reduction of £5.2 million. This is because medical costs for genetic testing
would be far less than the costs at the later stages of a disease. This suggests
that many human lives and resources can be saved if the genetic testing of these
variants is extended, not only to the Ashkenazi Jewish population, but also to the
entire UK population. In fact, the Dor Yeshorim genetic testing programme in the
Jewish community has reduced the prevalence of certain genetic diseases in the
population, including Tay Sachs disease (Ekstein and Katzenstein, 2001).

Similarly, Jewish, Arab and Druze communities have also witnessed a reduction



in Thalassemia following genetic testing of 15 different beta globin variants in
their communities (Koren et al.,, 2002). This highlights the effectiveness of
ethnicity-based genetic testing programmes against highly prevalent disease-

causing founder variants.

2.1.3 Founder Variants and a Case of Compound Heterozygosity in

the Dutch

There are many studies across multiple European countries that have led
to the discovery of founder variants. Several founder variants contributing to
various diseases can be found in the younger and genetically isolated Dutch
population (Kusters et al., 2011). Having experienced a bottleneck effect, 13
founder variants contributing to 13 different monogenic diseases have been
identified in this population. The variants with the highest carrier frequency of
0.8% in the Dutch population are TSEN54 p.A307S and ABCC6 p.W1259Gfs,
causing pontocerebellar hypoplasia type 2 and pseudoxanthoma elasticum
respectively (Mathijssen et al., 2017). Another Dutch founder variant MVK
p.V377I1 with a carrier rate of 0.65% causes Hyperlmmunoglobin D syndrome
and is often found together with the founder variant p.I268T in the same gene.
Compound heterozygosity of the two variants led to individuals suffering more
often from amyloidosis (Ter Haar et al., 2016). This shows that the identification
and understanding of the combined effect of founder variants may offer insights

into disease mechanisms and help refine treatment strategies for them.

2.1.4 Mediterranean Founder Mutation Database

Being a central hotspot for trade routes, migration and transport since
prehistoric times, the Mediterranean region is a melting point for genetic
diseases. Falling at the intersection of the three continents of Europe, Africa and
Asia, this region has witnessed several invasion and migration events. The

originating populations of Africa first laid the genetic structure, followed by many
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invasions, namely the expansion of the Phoenicians and Greeks and the Arab
conquest (Capelli et al., 2006). This brought the rise of many founder variants in
the region, which have been discovered across 429 studies from 20 different
countries in the Mediterranean. The Mediterranean founder mutation database
(MFMD) was hence created by Charoute et al. (2015) in order to compile such
variants. The database currently consists of 395 founder variants, affecting 215
different genes and contributing to 224 different diseases, of which one has been
reported in the Maltese. These include diseases that affect endocrine, nutritional
and metabolic systems, the nervous system, the immune system, congenital

malformations and chromosomal abnormalities, among others.

2.1.5 Founder Variants in the Maltese Population

Located at the centre of the Mediterranean, the Maltese population is
small and geographically isolated. Having been exposed to many invasive and
migration events, it is more susceptible to the presence of founder variants due
to the high rate of inbreeding and reduced genetic diversity. Due to genetic
similarity between the populations, the origin of the Maltese has been heavily
linked to Sicily and Southern Italy, populations that primarily originated from
migrating founder African populations. The small population of Malta was
impacted by many invasion events from the Phoenicians, Romans, Arabs and
Normans who left their genetic mark and introduced a variety of variants (Fiorini
and Mallia-Milanes, 1991). At the start of the second millennium, the population
was still quite small, and only recently started to grow exponentially. This led to

the enrichment of many variants which were introduced by invasive populations.

So far, only one Maltese founder variant has been recorded, which can be
found in the MFMD. The QDPR p.G23D variant which can be found in the
MFMD, related to 5,6,7,8-tetrahydrobiopterin (BH4) deficiency, was found in
four unrelated Maltese patients (Farrugia et al., 2007). This molecule is involved
in the homeostasis of brain neurotransmitters and hepatic phenylalanine, and

variants in the Quinoid Dihydropteridine Reductase gene (QDPR) can result in
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the deficiency of this enzyme. This causes defective recycling of BH4, leading to
atypical hyperphenylalaninaemia and phenylketonuria, causing brain and nerve
damage. All the studied patients were homozygous for the causative variant
QDPR p.G23D. The parents of the patients were all heterozygotes for the variant.
Moreover, 272 random newborn DNA samples were also investigated to
determine the frequency of the p.G23D variant, of which nine heterozygotes
were identified. The variant has an allele frequency of 0.016 and a carrier rate of
3.3% in the Maltese, significantly higher than the global minor allele frequency
(MAF) of 0.00003. Three polymorphisms were also identified, p.A32A, p.S115S
and p.L132L. This establishes four distinct frameworks. The p.G23D variant was
only found on framework I, the wildtype framework, and together with a high

MAF value, it suggests the presence of a founder effect.

A possible founder variant having a high frequency in the Maltese is the
GNRHR p.Q106R variant. This causes partial loss-of-function of gonadotropin-
releasing hormone, which leads to luteinizing hormone (LH) and follicle-
stimulating hormone (FSH) deficiency, a disorder known as idiopathic
hypogonadotropic hypogonadism (IHH). These hormones are involved in the
production of testosterone and oestrogen in males and females respectively and
their deficiency leads to a delay or absenteeism of puberty and subsequent
infertility. From 493 Maltese newborn cord-blood samples, this variant had a
MAF of 0.029, approximately 10 times higher than the global population MAF of
0.003 and six times higher than the southern European population MAF of 0.005.
It is suspected that this high carrier frequency is due to the variant being a
founder variant of the Maltese population (Axiak et al., 2023). This variant, along
with similar others, will be investigated in this project to confirm their status as

founder variants.

Based on all of the previous examples, upon identification of Maltese
founder variants, genetic test screening can offer many benefits if extended to
such variants. Healthcare services can offer more targeted genetic practices and
screening programmes to the population. People with such variants that

contribute to a particular disease can get early detection and diagnosis, hence
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receiving better treatment and prognosis. Moreover, this would also have a
positive impact on a financial basis as medical costs for genetic testing would be

far less than the costs at the later stages of a disease.

2.2 Detection of Founder Variants

Several methods are available for the identification of founder variants.
These can involve either a genetics-based approach or an IBD and IBS genome-
based approach. Both approaches involve the use of linkage disequilibrium (LD).
By definition, LD is the non-random association of alleles at two or more loci on
the same chromosome (Slatkin, 2008). In a population with random mating and
no natural selection, no mutation and no migration (achieving Hardy-Weinberg
equilibrium), the alleles have a random association with each other and are
therefore in linkage equilibrium. If a group of alleles that are located close
together on a chromosome are more frequently or less frequently found
together, then they are in association and hence, in LD. In reality, the Hardy-
Weinberg equilibrium is never achieved and only acts as an ideal state. Therefore,

alleles will always be in LD (Ramakrishnan, 2013).

LD (Dag) between alleles A and B at two loci can be calculated using the
equation Dag = pas — paps, Where pas is the frequency of the AB haplotype, and
paand pgare the frequencies of the alleles. D has a range of value between -1
and 1, where a value of O indicates that the two loci are in linkage equilibrium
(independent) and a value closer to -1 or 1 indicates that the two loci are in LD.
If the value of D is positive, then there is a higher chance for the alleles to be

found together, whereas a negative value indicates the opposite (Slatkin, 2008).

2.2.1 Genetics Based Approaches

There are three different genetics-based approaches that can be taken.
The first is the single-marker analysis where LD mapping is used to compare a

single genetic variant to a particular trait or disease. This method examines
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whether there is a significant difference in the frequency of the allele or
genotype of the variant between individuals with and without the trait or disease,
and takes into account other factors such as genetic distance, recombination
rates, number of generations and geographical and historical sources (Chapelle,
1993). Hastbacka et al. (1992) used this method to find a strong LD between the
DTD gene and the CSF1R marker which is associated with diastrophic dysplasia

in the Finnish population.

Similarly, the second approach multiple-marker analysis uses the
likelihood estimate of gene location with multiple marker allele frequencies. This
is calculated using the Malecot model. Originally, the model was created to
describe kinship between two populations, however here it is modified to
describe the distance between marker and disease loci (Collins and Morton,
1998). Terwilliger (1995) and Xiong and Guo (1997) found that this method can
offer better resolution mapping of founder variants than the single marker
analysis. In fact, Morral et al. (1994) used multiple-marker analysis to detect the
founder variant CFTR AF508 related to cystic fibrosis and was able to estimate

its age more accurately than with single-marker analysis.

Short tandem repeats (STRs) are one of the most common molecular
markers used in genetic studies. These consist of short repeats of two or more
nucleotides that form a repetitive unit (Fan and Chu, 2007). The analysis starts
with the selection of chromosomal specific STR markers from a database such as
STRBase (Ruitberg et al., 2001), which would be flanking the variant of interest.
With the use of fluorescently labelled primers, amplification is done using
polymerase chain reaction (PCR) and once amplified, the STR fragments are
separated by size using capillary electrophoresis. The size of such fragments can
be measured, corresponding to the number of repeat units. The number of
repeats remains consistent in cases that have the same founder variant. In
contrast, the repeat numbers vary in negative control cases that do not have the
variant. If a STR marker is always found to be associated with the adjacent
variant, this contributes towards confirming the founder status of the variant

(Almeida and Korch, 2004). Mejri et al. (2012) conducted a STR marker analysis
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in relation to B-thalassaemia major and B-thalassaemia intermedia, and found
that the STR marker D14S72 is specific to the former disease form while
D14S990 and D14568 are related to the latter.

The third approach, ancestral haplotyping, involves the use of several
analyses, such as genealogical studies and linkage and association analyses. An
association is performed between a trait or disease of interest and a genomic
marker, by studying the haplotypes and genomic history of a group of affected
individuals from a population, of which their families are known to have a history
for this particular trait or disease. Clinical and ancestral data of these individuals
is required. Genotyping is then performed and linkage and allele association
studies are performed on a set of markers, suspected of causing the trait or
disease of interest. Nystrom-Lahti et al. (1994) took this approach to study 18
Finnish families with a familial history of hereditary nonpolyposis colorectal
cancer (HNPCC), which is responsible for up to 13% of colorectal cancers. This
resulted in the identification of a 10 centimorgan (cM) haplotype around the
HNPCC locus in five of the nine families on which linkage studies were possible.
The cM is a unit of genetic distance between two positions in the same
chromosome. If the chance of recombination between two loci is 1%, the loci are
said to be 1cM apart. On average, 1cM is equal to about 1,000,000 basepairs (1
megabase, Mb), but recombination rates vary throughout the genome, so in low-
recombination regions 1cM may span up to 5Mb. These five families were also
found to have a shared ancestry. The same haplotype was also found on two
other families in which linkage analysis was not possible. This is suggestive of an
ancestral founding mutation around the HNPCC locus. Virtaneva et al. (1996) also
took such approach in a study consisting of 53 unrelated Finnish families and
found an association between the EPM1 gene responsible for progressive
myoclonus epilepsy, and the haplotype markers D2152040 and D21S1259 in the

founder Finnish population.
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2.2.2 IBD and IBS Genome-based Approach

The genome-based approach is a more modern approach where
pathogenic genetic founder variants are analysed in unrelated patient genomes.
These can be compared to examine whether they share the same haplotype,
which depends on the LD of the variants that flank the founder variant. This is
known as IBD and IBS analysis. Alleles in LD which tend to be inherited together
more often than expected and with minimal crossing over during meiosis start to
form haplotype blocks. In IBD, unrelated individuals have the same haplotype
block that descends from a common ancestor, hence carrying the founder
variant. In IBS, individuals can also have the same haplotype block and variant,
but do not share a common ancestor. This can happen by chance due to random
shuffling of genetic material or de novo occurrences of the same variant in
different individuals (Henden et al., 2018). If a segment is IBD, it originates from
the ancestors of the population and will be found in many population individuals.
Since IBS segments arise by chance, there will not be many occurrences of the
segment within the population. IBD and IBS segments can be detected through
several IBD detection tools that are publicly available (Jain et al., 2021).

As with founder effect analysis, IBD detection also has other applications,
such as the prediction of genotype frequencies, estimating genetic variance,
gene mapping and predicting inbreeding depression (Sticca et al., 2021). By
knowing the length of the IBD segment, one can also estimate the age of the
variants and the most recent common ancestor. The longer the IBD segment, the
more recent the common ancestor is. Tools such as DMLE+ (Reeve and Rannala,
2002) are able to infer such calculation. If the boundaries of the IBD segment are
known and demographic information about the population is available (growth
rate, population size and MAF of the variant), DMLE+ is able to infer the age of
the segment in generations. This in turn can be used to confirm any founder
variants and estimate a population’s demographic history over time, including

population size, bottlenecks and subsequent founder effects (Sticca et al., 2021).
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2.3 IBD Detection Tools

Table 2.2 provides some information about the most commonly used IBD

detection tools in literature from the last five years (2019-2024). These tools use

several different algorithms to detect IBD segments, some of which include seed-

and-extend algorithms, Hidden Markov Models (HMM), Position Burrows
Wheeler Transform (PBWT) and hashing.

Table 2.1: The most used IBD detection tools in literature from the last five years.

Tool Brief Description Reference
IBDSe Uses a probabilistic algorithm method to estimate IBD Browning and
q segments by using a logarithm of the odds (LOD) score. Browning (2013)
Uses position burrows wheeler transform (PBWT), seed- Zhou et al
hap-IBD and-extend algorithms and allows multi-threaded IBD (2020) )
analysis to increase computational efficiency.
GERMLINE Identifies identical ge'nomlc regions and extends them to Gusev et al.
determine the IBD segment. (2009)
FastSMC Uses an improved and more efficient GERMLINE Nait Saada et al.
algorithm, also known as GERMLINE2, to detect IBD. (2020)
) . Browning and
FastIBD F hort IBD . Ref IBD.
ast inds short segments. Superseded by Refined Browning (2011)
Refined Uses a combined FastIBD and GERMLINE algorithm to Browning and
find the extended IBD segment. Also uses a LOD score for . &
IBD . oo Browning (2013)
the identified segments.
Uses local sensitive hashing to identify small DNA L
. . Shemirani et al.
llash segments and uses hash values to compare and identify (2021)
pairs of individuals who possibly share IBD.
N i l.
RaPID Uses PBWT and considers exact sequence match as IBD. a(szeéllzt) 2
TRUFELE Identifies IBD segments and calculates the average IBD Dimitromanolaki
shared between individuals. s et al. (2019)
i I
IBIS Uses relatedness inference to infer IBD segments. Seidman et a
(2020)
IBLDL Uses an HMM with a background LD model to estimate Han and Abney
IBD segments. (2011)
Uses a continuous time Markov model to identify IBD Albrechtsen et
RELATE
segments. al. (2009)

The six most commonly used IBD detection tools in literature include hap-
IBD (Zhou et al., 2020), RefinedIBD ( Browning and Browning, 2013), FastSMC,
(Nait Saada et al., 2020), RaPID (Naseri et al., 2019), RaPID-Query (Wei et al.,
2023) and IBDSeq ( Browning and Browning, 2013). Therefore, these tools were
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tested to find the best performing one and ultimately perform IBD detection on
a Maltese dataset to determine the founder status of a list of highly prevalent

variants.

Apart from the tools in Table 2.2, there are several other IBD detection
tools that have not been mentioned in literature for IBD detection in the last five
years. These include SILO (Wang et al., 2023), HapFABIA (Hochreiter, 2013),
Parente (Rodriguez et al., 2015), FISHR (Bjelland et al., 2017), diCal-IBD (Tataru
et al., 2014), KING (Manichaikul et al., 2010), TBPWT (Freyman et al., 2021),
IBD_Haplo (Brown et al., 2012) and HaploScore (Durand et al., 2014).

2.3.1 hap-IBD
The Java implemented tool hap-IBD uses a PBWT (Durbin, 2014)

algorithm and a seed-and-extend technique to identify IBD segments. Just like
the standard Burrows-Wheeler Transform, PBWT creates a matrix of cyclic
rotations by first permuting the input sequence, and then sorts these rotations
in lexicographic order and extracts the last column of the sorted matrix, which
forms the transformed sequence. This groups similar sequences together, hence
promoting compressibility of the data. Additionally, the positional information of
this data is also maintained. This provides an efficient way to store and retrieve
such data. PBWT also allows for parallelization, hence also making it more time

efficient.

hap-IBD does not require any pre-processing steps and takes variant call
files (VCFs) by default. A genetic map file in Plink (Purcell et al., 2007) format is
required. Once the VCF is fed to the tool, the PBWT algorithm goes through each
marker in chronological chromosome order, and for every marker, the reverse
haplotype prefixes are sorted lexicographically. This efficiently identifies all seed
IBD segments. The tool tries to extend the segment if another long seed for the
same haplotype pair is separated by a short IBS gap. By default, the tool allows a
minimum value of 1cM and 1,000 basepairs in length for these extensions, and

these values can be changed by the user. hap-IBD tries to extend every seed if

18



possible, and the same segment can be extended more than once until it can no
longer be extended. This makes the tool more robust against possible gene
conversions and genotype errors. The tool has a minimum output length of 2cM
by default, which can be changed by the user. Other optional parameters are also
offered by the tool, including a min-markers parameter where the identified
segments need to have a minimum number of markers. hap-IBD provides two
outputs, one containing between-individual IBD segments and another

containing within-individual ROH segments (Zhou et al., 2020).

2.3.2 RefinedIBD

Like hap-IBD, RefinedIBD is a Java implemented tool. This tool uses the
GERMLINE (Gusev et al., 2009) algorithm, together with a probabilistic approach
to detect IBD segments. The tool also employs Beagle's (Browning and Browning,
2007) haplotype phasing method, where the haplotypes of the inputted VCF are
phased and missing data is inputted. The first step of IBD detection applies
GERMLINE's dictionary approach, which does not allow any mismatch of alleles
between shared haplotypes. The algorithm identifies shared segments between
pairs of individuals by detecting consecutive markers that match above a certain
threshold specified by the user. In the second step, Beagle’s Hidden Markov

Model is used.

The phased haplotypes are used to build a haplotype frequency model,
from which candidate IBD segments are identified. Then, the likelihood logarithm
of the odds (LOD) score, which is the base 10 log of the likelihood ratio, is
calculated for each candidate segment. By default, candidate segments having a
score greater than the specified threshold, or 3.0 by default, are counted as IBD
segments and given as output. The tool also uses a default minimum cM length
of 1cM for the segments, unless changed by the user. RefinedIBD also allows the
option to include a genetic map file in Plink format for better marker mapping
and outputs cases of ROH as well in a separate output file ( Browning and

Browning, 2013).
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2.3.3 FastSMC
FastSMC uses a hashing algorithm to identify IBD segments, together

with a coalescent-based HMM to verify such segments. Implemented using C++
and optional Python bindings, the tool requires for the VCF to be converted into
an Oxford phased haplotype file (.hap/.hap.gz, .samples). This can be done by
using the convert command paired with the --hapsample subcommand found in
BCFtools (Danecek et al., 2021). A genetic map needs to be prepared to have the
exact sites as in the original VCF. The identification step of FastSMC is adapted
from the GERMLINE algorithm and developed into GERMLINE2. For a given
window (w), the algorithm divides the inputted haplotype data into windows of
either 16 or 32 single nucleotide polymorphisms (SNPs), depending on the
available memory resources. Every haplotype is converted into binary sequences
and effectively hashed into groups of identical segments. This step is repeated
for w + 1 for each bin that has more individuals than a predetermined threshold
(i.e. a low complexity bin) until no more low complexity bins are identified. Then,
every pair of individuals sharing a bin is noted and inputted in a different hash
table that contains potential segments. Pairs of individuals that share sufficiently
lengthy contiguous windows are reported and submitted for validation (Nait

Saada et al., 2020).

After the identification step, the identified segments are fed into the
Ascertained Sequentially Markovian Coalescent (ASMC) algorithm to be
validated. This coalescent based HMM model estimates the time to most recent
common ancestor (TMRCA) for a pair of individuals at each marker using
sequencing or array platforms. The algorithm takes demographic information
from a decoding quantities file which needs to be inputted by the user, using it
to improve the accuracy in detecting regions of low TMRCA. The HMM emits
probabilities that correspond to the probabilities of finding both genotypes of
the analysed pair of individuals and variant frequencies given the TMRCA at each
site. According to the Simonsen-Churchill model, transitions between hidden

states in the HMM correlate to changes in TMRCA along the genome that are
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caused by recombination events. The inputted decoding quantities file is then
used to obtain the demographic history of the analysed haplotypes and to
calculate state distributions and transition and emission probabilities. Using
dynamic programming, the most likely posterior sequence of TMRCAs in the
genome inferred. For each candidate segment, the posterior probability of the
coalescence time is calculated. This represents the time when two lineages in
genealogy merge into a common ancestor. The algorithm checks if the posterior
probability of the coalescent time between the present time and the user-
specified time is higher than the prior position. If the posterior probability at a
site satisfies the threshold condition, the site is considered to be part of an IBD
segment. The algorithm then extends the IBD segment to the next site until the
condition is no longer satisfied, at which the segment breaks. The higher the
average probability, the more likely the segment is IBD. As an output, FastSMC
includes the age estimate and the IBD quality score of every reported segment.
The tool contains some optional parameters which can be changed by the user,
such as IBD segment length and various output style options (Nait Saada et al.,

2020).

2.3.4 RaPID
Similar to hap-IBD, RaPID (Naseri et al., 2019) also uses the PBWT

algorithm. However, since PBWT does not allow exact or single variant
mismatches, low resolution random projections of the original sequences are first
produced by RaPID and combined with PBWT's results. This provides an added
benefit which accounts for some marker density and error rates, based on the
parameter configurations given by the user. These include r, s and w, which stand
for the number of runs, the minimum number of runs required for a match to be
taken into consideration and the number of SNPs per window respectively. In
the first step of RaPID, the input genotype panel is subjected to multiple random
projections. The panel is divided into windows based on w, and within each
window RaPID selects a variant site based on the highest minor allele frequency.

This is followed by PBWT which identifies exact matches above a certain user
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specified threshold. A hit is counted if it occurs at least s number of times per r
number of runs. Since the start and end positions of two hits from two different
runs will unlikely be the same, the overlapping segment of the hits is taken. The
tool requires a genetic map file, which can be prepared with the use of two
python scripts that are provided with the tool. The first script
filter_mapping_file.py filters the inputted Plink genetic map file, followed by the
interpolation of loci when using the second script interpolate_loci.py, based on
the respective VCF used. The output consists of a file containing reported IBD
segments. The minimum length of detected IBD segments (d) is also mandatory

and needs to be specified by the user.

2.3.5 RaPID-Query
RaPID-Query (Wei et al., 2023) uses a combination of two existing

methods, RaPID’s algorithm of detecting IBD segments and a modified version
of the PBWT algorithm, different than the one used in RaPID. Sanaullah et al.'s
(2021) version of the original PBWT algorithm introduced by Durbin (2014) uses
a sweep match query algorithm where the query haplotype is inserted into the
panel. The location of the query haplotype is tracked along the panel until a
match block is found. A match block is created if the cutoff long match length L
is at least equal to the length of the start position e of the set-maximal match to
the current scanned site location k. The block is then extended in both directions,
based on the divergence values of the neighbouring haplotypes. The block is
extended only if the divergence value indicates that the length of the
neighbouring haplotype outside of the match block edge and the haplotype in
the match block edge is at least k + 1 - L.

The newly modified x-PBWT-Query method eliminates the tracking of the
query haplotype, as well as the divergence values if they are already present in
the set-maximal match block. When the constraint k + 1 - L is met, the match
block includes all haplotypes in the set-maximal match block. The algorithm also

uses a site distance tracking feature, which enables it to handle long match length
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cutoffs in either physical or genetic units. This feature tracks the site index i that
is L units away from the currently scanned site k, while maintaining the same
algorithmic complexity. It keeps track of the closest site i that is L cM distance
away from site k, updating this information as the site scanning progresses. Since
the scanning process only moves forward, the maximum number of updates is
bounded by the number of sites, resulting in a linear operation. When expanding
a match block, the site distance track index i marks the start position of the
matches within the block. In the x-PBWT-Query algorithm genetic maps are
applied to the distance tracking variable i to facilitate the querying of the panel

using the genetic distance cutoff length L (Wei et al., 2023).

Since the PBWT algorithm does not allow for any mismatches, which can
arise due to genotyping error, mutation or gene conversion, RaPID-Query uses
an algorithm similar to RaPID’s. The same parameters of the number of runs (r),
the minimum number of runs required for a match to be taken into consideration
(c) and the number of SNPs per window (w) are used. The haplotype sequences
are divided into multiple lower-resolution sequences of w equal sizes, where for
each window a variant site is sampled according to the highest allele frequency.
This needs to match the minimum IBD markers in number of sites (Im) parameter
specified by the user. Exact matching segments are found from these low-
resolution panels and compared to the full-resolution panels, the latter chosen
by the minimum IBD markers in number of sites for high resolution (Imh) and the
minimum [IBD length in cM for high resolution (dh) parameters. The full-
resolution panels are used to refine the boundaries of the low-resolution
segments, and IBDs are merged if the distance between them is within the
allowed distance dg. An IBD is counted if it occurs at least ¢ number of times per
r number of runs. The minimum length of detected IBD segments (d) also needs

to be specified (Wei et al., 2023).
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2.3.6 IBDSeq

IBDSeq ( Browning and Browning, 2013) is a Java based tool which uses
a probabilistic algorithm to estimate the observed genotypes with error for each
pair of individuals. The first step of the algorithm involves variant filtering of the
VCF, where all of the variants with one minor allele carrier are eliminated. Then,
for each variant, the squared-correlation for the per-sample minor allele count is
calculated between the said variant and each of the 250 previous variants. If this
value exceeds a specified threshold (r?2 = 0.15 by default), and if none of the
variants have been previously marked as excluded, the variant is marked with the
higher MAF as excluded. This is followed by the computation of single-marker
LOD scores. By default, segments with a LOD score of 3 or higher are counted
as IBD, unless stated by the user. IBDSeq requires the use of unphased
genotypes, therefore unphasing of the VCF needs to be performed (Appendix A).
Optional parameters include the aforementioned minimum LOD score and r2
value, as well as some output style options. Unlike the other tools, IBDSeq does

not calculate the cM distances of the IBD segments.

2.4 I1BD Benchmark

Over the years, no independent review of IBD detection tools has been
performed to determine the best performing one, until the release of IBD
Benchmark by Tang et al. (2022). IBD Benchmark is an open-source tool that can
be used to compare IBD detection tools by calculating multiple measurements
related to accuracy and power, using direct and reproducible methods. These
accuracy and power metrics defined in this tool consider both coverage and
length in single and multiple IBD segments. Tang et. al tested RaPID (Naseri et
al., 2019), FastSMC (Nait Saada et al., 2020), TPBWT (Freyman et al., 2021), hap-
IBD (Zhou et al., 2020) and iLash (Shemirani et al., 2021), and concluded that all
of the tools had high accuracy for long segments (>5cM). For shorter segments,
hap-IBD, iLASH and FastSMC had the highest accuracy, but were affected with

the introduction of genotyping errors.
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2.4.1 Simulated Datasets

To evaluate the performance of the tool, ground-truth IBD segments are
required. These are the true segments of the test dataset, and the results of any
IBD detection tool are compared to them to evaluate the tool’s performance.
Ground-truths in real data are hard to come by and are very limited, mostly to
close relatives and long IBD segments. Moreover, the genealogy of such
individuals is required to confirm them. However, with genetic coalescent
simulators one can simulate a dataset based on real-world populations and
generate its ground-truth segments. This also promotes direct comparability and
reproducibility in the results. Tang et al. (2022) used the coalescent simulator
tool msprime v.1.0.1 (Kelleher et al., 2016) to simulate a number of IBD datasets
and generate their ground-truths. msprime simulates the ancestry and genetic
diversity of individuals backwards in time by using certain population factors
such as population size changes, migration and bottleneck effects. It also
considers LD, segregation and mutations, and generates a whole population tree
for them. Its memory-efficient algorithm also makes the tool computationally

efficient to generate large and complex datasets.

Tang et al. (2022) simulated four population datasets: European , African,
East Asian and a mixture of the three. These consisted of chromosome 20
sequences of 4,000 individuals each and was based on the out-of-Africa
population model created by Gutenkunst et al. (2009), which contains
information about the human expansion out of Africa and how the new world
populations developed from it. It takes into account several migration and
bottleneck events and tries to predict the non-synonymous variation across the
new populations. HapMap'’s phase || GRCh37 map (Frazer et al., 2007) was used
as a recombination map and a standard mutation rate of 1.38 x 108 was used to
generate the datasets. Ground-truth IBD segments were generated using
msprime. From the generated sequences, trees were sampled for every 5,000

basepair distance and true IBD segments were only extracted if their genetic
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lengths were equal to or larger than 1cM. After dataset simulation, sites

containing singletons and multiple allele values were filtered out.

Array density datasets were also generated by down sampling the original
sequencing datasets. These consisted of 17,197 markers, the same number of
markers on chromosome 20 of the UK Biobank data (Sudlow et al., 2015). A cM
interval (I) that indicates the ideal distance between two markers was calculated
by dividing the total chromosome genetic length (in cM) by the number of sites.
This however required a window size as there may not be any markers in
continuous cM intervals, and this was calculated by taking w markers from a w-
by-I range. As a result, IBD Benchmark first tries to find a marker from its original
cM interval, and if none are found, it takes a marker from the w-by-I leftover
range. When selecting a marker, the program takes the one with the highest
MAF, which is defined as the most frequent allele. Tang et al. (2022) tested

multiple window sizes, with the window size of 5 giving the best results.

2.4.2 Genotype and Phasing Error Simulation

When the genotype of an individual observed through molecular analysis
differs from the true genotype, this is known as genotyping error. These errors
can be generated through every stage of the genotyping process, starting from
sampling and DNA extraction to molecular and data analysis, as well as chance
and human error. This can cause a reduction in detection power in downstream
analysis, and needs to be accounted for (Bonin et al., 2004). To simulate them,
Tang et al. (2022) generated copies of the simulated datasets with randomly
introduced genotyping errors. The rates included 0.1%, 0.2%, 0.3% and 0.4% for
both sequencing and array data. Additional genotype error rates of 0.0125%,
0.025% and 0.05% were also included for sequencing data as this represents

better the high accuracy of the dataset when compared to array datasets.

Similarly, phasing errors occur when variants are assigned to the incorrect
haplotype. Although to a much lesser extent, phasing errors can also reduce the

power of downstream analysis. Therefore, phasing errors were also simulated in
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the datasets to investigate their effect on the IBD detection tools. The HapMap
genetic map (GRCh37) (Frazer et al., 2007) of chromosome 20 was used to
simulate a population of 2,000 Europeans using stdpopsim (Adrion et al., 2020)
and its OutofAfrica_2T12 model, and 0.1% genotyping errors were simulated in
the population. SHAPEIT4 (Delaneau et al.,, 2019) was used to phase the
genotype data. Tang et al. (2022) calculated an average phasing error rate

(switching error) of 0.17% using VCFtools (Danecek et al., 2011).

2.4.3 Accuracy and Power Metrics

The tool's ability to detect IBD segments is evaluated using seven
measures. The first measure, accuracy, is calculated by dividing the number of
covered reported IBD segments by the total number of reported segments. By
default, IBD Benchmark uses a 50% cutoff to calculate these measures, therefore
a covered IBD segment is counted if a ground truth segment covers at least 50%
of its length. The second measure, length accuracy, is calculated by taking the
best-matching ground-truth segment which covers the reported segment with
the highest overlap, and calculating the percentage covered. An average
percentage coverage is then taken across all reported segments. This accounts
for any false positive reported segments. The third measure, length discrepancy,
is calculated by the root-mean-square deviation in length of the reported IBD
segment and the best-matching ground-truth IBD segment. This measure is
calculated in cM and the quality increases the smaller the deviation in length
(Tang et al., 2022).

Recall is calculated by the proportion of the number of ground-truth IBD
segments that have been reported by the tool. If the reported segment covers at
least 50% of the ground-truth segment, as per the cut-off, then it is assumed to
be detected. The power measure is calculated by the average proportion of
ground truth IBD segments covered by the best-matching reported segment, the
latter being the segment that has the most overlap. The measure of accumulative

power is similarly calculated as the power measure, but any reported IBD
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segments that overlap with the ground-truth segment are taken into account at
the same time. Similarly, the accumulative recall measure is calculated as the
recall measure, but takes into account all the reported segments that cover at

least 50% of the ground truth segment (Tang et al., 2022).

Figure 2.2 demonstrates how IBD Benchmark calculates the accuracy and
power of IBD detection tools. The blue segments represent the ground truth and
reported IBD segments, the green segments represent the considered segments
for the calculations and the grey segments are not considered in the calculations.
The tool calculates these metrics across different cM bins as follows: (2, 3), (3, 4),
(4, 5), (5, 6), and (7, «) cM bins. This makes it possible to know the performance
of the tool at different cM lengths of IBD segments (Tang et al., 2022).
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Figure 2.2: Accuracy and power metrics. The reported and ground-truth IBD segments are represented
at the top in blue. The segments that are considered in calculations are marked in green, whereas those
marked in grey are not considered. Figure reproduced from Tang et al. (2022) under the terms of the
Creative Commons Attribution License.

2.4.4 Benchmark Results
Tang et al. (2022) tested out five of the most recent IBD detection tools

on the generated sequencing and array datasets using the IBD Benchmark tool.
These include RaPID (Naseri et al., 2019), FastSMC (Nait Saada et al., 2020),
TPBWT (Freyman et al., 2021), hap-IBD (Zhou et al., 2020) and iLash (Shemirani
et al., 2021). The results concluded that all the tools had high accuracy for long
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segments (>5cM). For shorter segments, hap-IBD, iLASH and FastSMC had the
highest accuracy, but were affected with the introduction of genotyping errors.
RaPID was the most robust tool, maintaining high accuracy and power across the

various genotype error rates.

Phasing errors did not have a significant effect on the overall power and
accuracy of the tools. For shorter segments ranging from 2 to 3cM, the reduction
in power was from 4% to 7% among the tools. This was greater for very long
segments (>15cM), with a reduction in power ranging from 5% to 20%. However,
larger segments are less commonly found and should not have a significant effect
on downstream analysis. A minor reduction in accuracy and length accuracy was
also noted among the tools. This comes down to the high accuracy of current
phasing algorithms and the robustness of IBD detection tools against phasing

errors (Tang et al., 2022).

2.4.5 Run Time and Memory Consumption

Tang et al. (2022) tested the computational efficiency of the tools using
UK Biobank’s chromosome 1, consisting of 487,409 individuals and 53,260
markers, and a similar simulated dataset of 500,000 individuals containing
51,190 markers. The total size of each file was 100 gigabytes (GB). These were
tested out on a server containing 500 GB of memory, except for FastSMC as it
required the latest updated operating system and libraries, which were not
available. Due to limited resources, this was run on a 32 GB memory PC and
smaller sample sizes ranging from 1,000 to 31,000 individuals. The estimated run
time and memory usage of the tool was calculated by extrapolation using
second-order polynomial regressions. According to the estimations, this would
have a run time of 126 days and a memory consumption of 6.5 terabytes.
TPBWT (Freyman et al., 2021) was not run on the UK Biobank data due to license

conflicts, therefore its results were based on the simulated dataset.

The results showed that hap-IBD had the shortest wall clock time of 0.5
hours for IBD segment detection, followed by iLash, RaPID and TBPWT. In terms
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of memory consumption RaPID requires the least amount. Its maximum memory
usage was limited to less than 8 GB, followed by hap-IBD at 112 GB, iLash at
191 GB and TBPWT at 488 GB. Both TPBWT and iLash were unable to finish
the processing of the largest datasets with 500 GB of memory. (Tang et al., 2022).

2.5 Summary

Given the small population and isolated geographical position of Malta,
the Maltese population is susceptible to the presence of founder variants. With
only one founder variant identified in the population so far, related to 5,6,7,8-
tetrahydrobiopterin deficiency with a carrier rate of 3.3% (Farrugia et al., 2007),
further population studies are required to identify more. Studies on isolated
populations like the Finnish, Ashkenazi Jews and the young Dutch population
give an insight on the benefits of founder variant analysis, including the discovery
of new genetic loci and rare disease-causing variants, the effectiveness of
ethnicity-based genetic testing programmes, disease mechanisms and treatment

strategies.

In this chapter, a brief overview of these populations was given. The
different methods of founder variant identification were described, namely the
use of haplotype blocks in IBD and IBS detection and the availability of tools for
this process. The application of IBD Benchmark to compare the power and

accuracy of IBD detection tools was also described.

3. Methodology

This chapter will go through the design and implementation of our
bioinformatics pipeline, with the aim of investigating founder variants in the

Maltese population. The following is discussed in this chapter:

e A representation of the collected variants that will be explored in this

project for their founder status.
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e The method of assessment used to select the best performing IBD

detection tool with the use of test data and IBD Benchmark analysis.

e A description of the dataset used, as well as the preprocessing steps
taken to prepare the dataset for IBD detection, including filtering

steps, chromosomal extraction and haplotype phasing.

e The Python script used to develop and output plots, heatmaps and
genetic frameworks for any variants classified as founder variants, as
well as a text file output containing the variant allele genetic

framework.
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3.1 Summary of the Bioinformatics Pipeline

Figure 3.1 presents an overview of the bioinformatics pipeline and steps

taken to develop it. This includes the scripts and tools used to generate results.
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Figure 3.1: Overview of the process involving IBD tool selection, dataset handling and IBD detection
for the identification of founder variants.

32



3.2 Technology Stack

Python 3 (Rossum and Drake, 2009) is the primary computing language
that was used for bioinformatics analysis. Python has emerged as a popular
choice for bioinformatics analysis due to its ability to handle large datasets and
its flexibility in creating algorithms to manipulate the data, making its versatility
and reliability an ideal choice for bioinformatics analysis. A bioinformatics
pipeline was built using this programming language. The aim of the pipeline is to
automate and interconnect the processes involved in founder variant analysis.
The Python version 3.9 was used. All of the code that was developed and used
throughout the project can be found in the following GitHub repository:

https://github.com/danielc1999/Dissertation-Founder-Variants

Accuracy and power testing of the six IBD detection tools was performed
on an Ubuntu v.20.04.6 server with 1 TB of random-access memory (RAM) and
managed by the University of Malta. The accuracy and power plots were plotted

using the Python script plots.py.

IBD detection of the Maltese dataset was done with the best performing
tool on an Ubuntu v.20.04.2 server with 791 GB of RAM and managed by the
University of Malta. The bash script generate_ibds.sh was used to filter, extract

and phase the dataset, as well as identify IBD segments.

The Python script variant_search.py was used to generate horizontal bar
plots, heatmaps and genetic frameworks for each of the variants that were

investigated in this study.

3.3 IBD Tool Selection

There are many publicly available IBD detection tools that can be used to
detect IBD segments from whole genome VCFs. From these, six of the most
relevant and referenced tools in literature were selected. These include hap-IBD
v1.0 (Zhou et al., 2020), RefinedIBD 17Jan20.102 version (Browning and
Browning, 2013), FastSMC v.1.3.1 (Nait Saada et al., 2020), RaPID v.1.7 (Naseri
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et al., 2019), Rapid-Query v.1.0 (Wei et al., 2023) and IBDSeq r1206 version
(Browning and Browning, 2013). Evaluation of these tools was done with IBD
Benchmark. Default parameters were used for the tools, except for RaPID and
RaPID-Query which do not have any default parameters. For both of these, the
parameters set by Tang et al. (2022) were used. The command line arguments to

run the tools can be found in Appendix A.

3.4 IBD Benchmark

The selected tools were tested and validated using the IBD Benchmark
tool created by Tang et al. (2022). This tool performs accuracy and power metrics
to test the performance of IBD detection tools. IBD Benchmark requires four
input files to calculate these performance measures. Three of these files need to
be specified in the Config.txt file provided by the tool. These include the VCF file
that was used as input to the IBD detection tool, the IBD output file generated
from that tool, and a ground truth file which provides the ground truth IBD
segments of the VCF. The fourth file is a genetic map of the chromosome. IBD

Benchmark reads the configuration file and parses the input files on execution.

A readily available phased sequencing European dataset (closest to the
Maltese population) of chromosome 20 of 4,000 individuals provided by Tang et
al. (2022), and generated using msprime (Kelleher et al., 2016), was used as input.
msprime simulates the ancestry and genetic diversity of individuals backwards in
time by using certain population factors such as population size changes,
migration and bottleneck effects. It takes into account LD, segregation and
mutations, and generates a whole population tree for them. The ground truth
IBD segments of this dataset were also provided. The IBD detection tools were
tested on this dataset with 0%, 0.01% and 0.1% genotype error rates. The
genotype errors were simulated using IBD Benchmark itself. Genotype errors in
sequencing datasets with high quality scores generally do not exceed the value
of 0.1%. The genotype quality (GQ) score is one such score which is provided in

the Maltese VCF dataset used in this project. It is defined by GQ = -10log1o(Error
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Rate), where a GQ score of 10 is estimated to be around 10% genotype error
rate, a score of 20 corresponds to an estimated 1%, and so on. Since most of our
reads in the dataset have a GQ score of over 30, the estimated genotype error

rate should be equivalent to or less than 0.1% (Wall et al., 2014).

IBD Benchmark uses different format parsers for the IBD output file,
depending on the tool that generated the file. Five prebuilt format parsers for
RaPID, FastSMC, hap-IBD, iLash and TPBWT are readily available with IBD
Benchmark. For RaPID, FastSMC and hap-IBD, the respective parsers were used
to parse the files. For RefinedIBD and IBDSeq, the format of the output file was
modified using the Python scripts refinedibd.py and ibdseq.py to match hap-IBD’s
parser. However, since IBDSeq’s output does not include a cM distance column
for the detected IBD segments, the script also calculates them using the genetic
map of GRCh37 chromosome 20. RaPID-Query’s output file was modified using
the Python script query.py to match RaPID’s parser.

By default, IBD benchmark uses a 50% threshold, where a covered IBD
segment is counted if a ground truth segment covers at least 50% of its length.
This cutoff was changed through the tool's C# (Microsoft, 2024) files; the
programming language used to develop the tool. Our thresholds varied from 50%
to 100% at every 10% interval, as well as 95% and 99%. Mono compiler (Mono
Project, 2024) was used to compile the C# files for each percentage threshold,
as per the tool’s documentation. The IBD detection tools were tested across all
percentage thresholds and genotype error rates. When possible, the tools were
run using their default parameters. A 2cM threshold was applied to all of the
tools to prevent the inclusion of smaller false positive segments. Since RaPID and
RaPID-Query do not have default parameter values, the parameters used by
Tang et al. (2022) for RaPID were applied to both of these tools. Since IBDSeq
requires unphased genomes, the partial phasing of the dataset was removed
using the sed command, a stream editor command in Linux that performs text

transformations on an input. It was used to replace all of the “|” symbols that
represent phasing with “/” that represent unphasing. The parameters and

command line arguments used to run the tools can be found in Appendix A.
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Once IBD Benchmark results were generated for the six IBD detection
tools, the results of the seven accuracy and power metrics were plotted in the
form of graphs using the Python script plots.py. These provide a visualisation of

the tools’ performance at every percentage threshold and genotype error rate.

3.5 MAMI Study Dataset

In this study, 1,076 genomes extracted from the Maltese population that
formed part of the Maltese Acute Myocardial Infarction (MAMI) project (Attard
et al., 2014) were investigated for possible founder variants. These were made
available by the MAMI study group as a single VCF of 840 GB in size. VCFs are
the standard format used to store information about DNA polymorphisms,
including SNPs, insertions and deletions, sometimes also with rich annotations.
It allows for data from multiple genomes to be aggregated in a single VCF. As
represented in Figure 3.2, a standard VCF consists of two sections, a header
section and a data section. The header section starts by displaying several meta-
information lines which start with the characters “##”. These lines contain
information about the descriptive tags and annotations used, date of creation,
software used, reference sequence version and any other information related to
the file's history. These are followed by a single TAB delimited line, comprising
of a mandatory eight columns. This is marked by a single “#” character and
contains data columns that represent the chromosome (CHROM), the
baseposition of the variant (POS), the unique identifier of the variant (ID), the
reference allele (REF), the alternate alleles (ALT), which can consist of multiple
comma-separated characters, a Phred quality score (QUAL), site filtering
information (FILTER), additional annotations (INFO) and FORMAT. The latter
contains a colon separated field with information about the subsequent
genotype columns. This can include information such as genotype alleles (GP),
genotype quality (GQ) and read depth (DP), among others. This is followed by
tab-delimited columns for every sample present in the data and will represent
the genotype of the corresponding individual respective to each variant listed in

the file. The genotypes are represented as O for the reference allele, 1 for the
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first allele in the ALT column, 2 for the second allele in the ALT column, etc. A

dot is used to represent any missing genotypes or values (Danecek et al., 2011).

¢ ##fileformat=VCFv4.1

##fileDate=20110413

##source=VCFtools

##reference=file:///refs/human NCBI36.fasta

##contig=<ID=1, length=249250621,md5=1b22b98cdeb4a9304cb5d48026a85128, species="Homo Sapiens">
#H#contig=<ID=X, length=155270560,md5=7e0e2e580297b7764e31dbc80c2540dd, species="Homo Sapiens">
##INFO=<ID=AA,Number=1, Type=String,Description="Ancestral Allele">

##INFO=<ID=H2,Number=08, Type=Flag,Description="HapMap2 membership”>

##FORMAT=<ID=GT,Number=1, Type=String,Description="Genotype">
##FORMAT=<ID=GQ, Number=1, Type=Integer,Description="Genotype Quality">
##FORMAT=<ID=DP,Number=1, Type=Integer,Description="Read Depth">

##ALT=<ID=DEL ,Description="Deletion">

F##INFO=<ID=SVTYPE,Number=1, Type=String,Description="Type of structural variant">
##INFO=<ID=END,Number=1, Type=Integer,Description="End position of the variant">

Header
A

\ #CHROM POS ID REF ALT QUAL FILTER INFO FORMAT SAMPLE1 SAMPLE2
> 1 ) S ACG ALAT 48 PASS . GT:DP 1/1:13 2/2:29
8 1 2 . C T,CT . PASS H2; AA=T GT o)1 2/2
@ 1 5 rsl12 A G 67 PASS . GT:DP 1]0:16 2/2:20
X 180 . T <DEL> . PASS SVTYPE=DEL ; END=299 GT:GQ:DP 1:12%, 0/6:20:36

Figure 3.2: An example of a VCF showing meta-lines in the header section and samples in the body
section of the file. Reproduced from Danecek et al. (2011) under the terms of the Creative Commons
Attribution Non-Commercial License.

3.6 Haplotype Phasing

Also known as genotype phasing, haplotype phasing is a process of
inferring haplotypes from genotype data and determining the parental origin of
alleles as paternal and maternal, as in Figure 3.3. Genotypes obtained from
sequencing are usually unphased, however phasing provides benefits in
downstream analyses, including detection of deleterious compound
heterozygotes, genotype imputation, genetic association testing, inference of
population ancestry at a locus and detection of IBD segments. In the latter,
haplotype phasing is particularly useful in the tracing of specific segments in
multiple individuals that are inherited from a common ancestor, and in the
identification of short segments characterized by rare variants (Hochreiter,
2013). Phased genotypes provide more accurate results and faster
computational times, and this is why the majority of IBD detection tools require

the use of phased data over unphased genomes (Browning and Browning, 2010).

TUnphased
Haplotypes are mixed
in a single sequence

> » Incomplete genetic picture
Maternal chromosome |GGG
Paternal chromosome | Phased
Separate haplotypes
, T , Complete genetic picture
I of variants

Figure 3.3: A simple visual representation of haplotype phasing. Phased haplotypes provide a better
genetic picture of the variants.
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The Maltese genomes were partially phased, meaning that phasing was
only done on some of the variants and not the entire dataset. Since complete
haplotype phasing of the entire dataset is a requirement of modern IBD
detection tools, this was done beforehand with the use of the haplotype phasing
tool Beagle v.5.4 (Browning et al., 2021). The haplotype phasing method present
in Beagle is designed to handle large sequence datasets which can contain
hundreds of millions of markers. It applies a two-stage algorithm which uses Li
and Stephens (2003) HMM to limit the amount of data that is stored in memory,
hence improving computational efficiency. The algorithm also allows for
multithreading, making the programme more memory efficient. The first part of
phasing involves high-frequency markers, where a progressive phasing method
is used to incrementally expand the set of phased heterozygotes. Each
heterozygote’s genotype is set to either “finished” or “in progress”. At the start
of the phasing progress, all of the heterozygotes are set to in progress. The
programme then iterates through each heterozygote and the phase is estimated
and updated with reference to the previous heterozygote. Those heterozygotes
that are most confidently phased are set to finished, and can no longer be
changed by further iterations (Browning et al., 2021). This ratio of confidence is
calculated using the forward-backward HMM algorithm (Rabiner, 1989) by
multiplying the probabilities of the two haplotypes in a diplotype. Assuming
Hardy-Weinberg equilibrium, the updated phase of the target heterozygote in
relation to the prior heterozygote is determined by the diplotype with the higher
probability. Confidence in the inferred phase is expressed as the ratio of the
bigger diplotype probability to the smaller diplotype probability. This is followed
by the second stage of phasing high-frequency markers as a haplotype scaffold
for allele imputation, and this allows the phasing of low-frequency markers from

inferred allele probabilities (Browning et al., 2021).

Figure 3.4 shows the difference between a phased and an unphased VCF.

In an unphased dataset the haplotypes are separated by a “/” character whereas

((l”

in a phased dataset they are separated by a “|” character. The partial phasing of

((|"

the dataset was removed using the sed command to replace all of the

with “/”. This was followed by the filtering of 232 samples from the 1,076 in the

symbols
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dataset, relatives of the other 844 individuals. Since IBD segments are inherited
from the parents to the offspring, removal of relatives would ensure detection
of true IBD segments in unrelated individuals. A file with relationship information
of the MAMI study participants was provided by the MAMI study group (Attard
et al., 2014). The remaining 844 samples were used for IBD detection.

Fi 3.: rentote same i the unsed (op) and phased (bottom) versions.
The unphased and filtered VCF was then divided by chromosome with the
use of VCFtools v.0.1.17. Once complete, phasing with Beagle was done. The
input VCF is specified by the ‘gt’ parameter, whereas the output VCF is specified
by the ‘out’ parameter. The option ‘map’ parameter is used to specify Plink
genetic maps, according to the chromosome being phased. Beagle uses such
maps to estimate the genetic distance between positions. If no map is specified,
Beagle assumes a recombination rate of 1cM per Mb. The ‘nthreads’ parameter

specifies the number of allocated computational threads, whereas the ‘window’

parameter specifies the cM distance of each sliding window (default set to 40.0).

The command line arguments used to perform dataset relative filtering,

chromosomal extraction and haplotype phasing can be found in Appendix A.

3.7 Variants Under Study

The compilation of a list of variants consisted of variants that were

identified in a number of Maltese patients with rare conditions (Table 3.1). They
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are related to a range of disorders, which include neurological, reproductive and

endocrine, haemoglobin, kidney, metabolic and innate disorders.
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Table 3.1: The list of variants that were investigated in this study, including their variant identifier, genetic locus, affected gene and nucleotide and predicted protein
changes. N/A indicates that the variant was never found in that population. A value of 0.000 indicates that the MAF of the variant is very close to O, but on rare occasions
may have been found in the population. Abbreviations: MAF: minor allele frequency, MAL: Maltese, NFE: Non-Finnish Europeans, AFR: African, PD Parkinson’s disease,
IHH Idiopathic hypogonadotropic hypogonadism, HPFH hereditary persistence of foetal haemoglobin, SR Sepiapterin reductase, DHPR Dihydropteridine reductase,

CAAHD Congenital arthrogryposis with anterior horn cell disease, LCCS Lethal congenital contracture syndrome 1, NS Nephrotic syndrome.

Variant Associated Basepair DNA Predicted
. Gene . Chr. p Nucleotide . MAF_MAL | MAF_NFE | MAF_AFR
Identifier condition/phenotype position Protein Change
Change
rs66812916 CDCP2 PARK10 locus; PD 1 54,139,647 G>GT p.P408RfsX46 0.008 0.000 0.000
rs71745629 KiSS1 Fertility/IHH 1 204,190,483 CT>C p.X139fs 0.255 0.214 0.095
rs4889 KisS1 Fertility/IHH 1 204,190,659 G>C p.P81R 0.298 0.252 0.372
rs35431622 KisS1 Fertility/IHH 1 204,190,794 T>C p.Q36R 0.063 0.051 0.204
rs398122922 SPR SR deficiency 2 72,891,345 A>G r.spl 0.015 0.000 0.000
rs104893836 GNRHR IHH 4 67,754,019 T>C p.Q106R 0.017 0.004 0.001
rs104893863 QDPR DHPR deficiency 4 17,511,987 C>T p.G23D 0.007 0.000 0.000
rs2276973 TACR3 IHH 4 103,656,225 T>C p.K286R 0.008 0.001 0.024
rs1564162129 GLE1 CAAHD/LCCS 9 128,541,151 C>T p.S693F 0.003 N/A N/A
rs35553496 HBB Haemoglobin Valletta 11 5,226,630 T>G p.T88P 0.015 0.000 0.000
rs36049074 HBG2 Haemoglobin F-Malta1 | 11 5,253,368 T>C p.H118R 0.014 N/A N/A
rs753540084 LRRK2 PD 12 40,274,905 A>G p.N618S 0.019 N/A N/A
919.929- GCGCGCCTACT
rs770541847 KISS1R IHH 19 ’ GCAGTGAGGCC | p.Y190_A199del 0.001 0.000 0.000
919,965 TTCCCCAGC>G

rs267607202 KLF1 HPFH 19 12,885,368 T>A p.K288X 0.001 N/A N/A
rs267606919 NPHS1 NS 19 35,831,056 G>A p.R1160X 0.019 0.000 0.000
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https://www.ensembl.org/Homo_sapiens/Variation/Explore?db=core;g=ENSG00000169836;r=4:103586031-103719985;t=ENST00000304883;vf=91611795
https://www.ncbi.nlm.nih.gov/medgen/C0002736/
https://www.ncbi.nlm.nih.gov/snp/rs770541847

3.8 Investigating the Founder Status of Variants

RaPID, the best performing IBD detection tool, was used for the
remainder of the project to generate IBD segments and from there investigate
the variants and identify which are founder variants of the Maltese population.
After sample filtering, chromosome extraction and haplotype phasing of the
dataset was performed, IBD detection was performed with RaPID’s optimal
parameters. These include a window size (-w) of 5, 10 number of runs (-r) and 2
number of successes (-s). The phased chromosomal files were gzipped, as per the
RaPID’s requirements. Along with directory sorting, these steps were done with
the use of the bash script generate_ibds.sh. IBD detection of chromosome Y was

not possible as genetic maps for this chromosome do not exist

IBD segment detection was performed on a chromosomal basis with a
minimum cM threshold of 2, as specified in the tool’s -d’ parameter. Most IBD
tools choose this as the default value since segments inherited from common
ancestors from 500 to 1,500 years ago are longer than 4 cM, whereas segments
from the last 500 years are longer than 10 cM. Only a small number of segments
longer than 2 cM are inherited from ancestors longer than 4,000 years ago (Ralph
and Coop, 2013). IBD detection with RaPID was also performed with a minimum

threshold of 0.5 cM, and the results of both thresholds was compared.

3.8.1 Generating Figures and Results

The script variant_search.py is used to generate outputs to determine the
founder status of variants. The first step of the script is to read the “variants.txt”
file, which consists of a list of variants to be investigated. This includes the
chromosome number, basepair position, reference allele and alternate allele of
the variants in tab-delimited format. Using this information, the script goes to the
respective chromosomal VCF and variant position to extract the sample identifier
of the individuals that have the variant, as well as the genotype data of such
individuals. It also goes to the respective IBD file containing all of the identified

segments of that chromosome, and extracts the segments that pass through the
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variant basepair position. This information includes the start and end basepair
positions of the segment, as well as a pair of sample identifiers in which this
segment was identified. At least one of the individuals in this pair needs to have
the variant for the segment to be extracted. This condition ensures that the
extracted IBD segments are of the variant, and eliminates any other overlapping

segments that the variant does not form part of.

Using the start and end basepair positions of the segments, a horizontal
bar plot is plotted for every segment and the respective pair of individuals. The
common range of the identified IBD segment, which is found among all of the
individuals in the generated horizontal bar plot, is highlighted in orange. The plot
also highlights any ROH segments, which will be reported. The common range of
positions is then plotted in the form of a heatmap, showing the genotype
sequence of all 844 unrelated individuals in the dataset. The individuals are
grouped together into homozygous alternate, heterozygous and homozygous
reference individuals for the variant being investigated. This will highlight the
difference in genotype sequences between the three groups and highlights IBD
segments of the variant which should only be found in individuals with the
variant (therefore not in homozygous reference individuals). The script also has
the option of generating a smaller heatmap, focusing on the basepair positions
around the variant and limited to a random 50 homozygous reference individuals
(chosen by equal probability sampling) and all individuals with the variant
(heterozygous and homozygous alternate individuals). This allows the user to
visualise better the segments that go through the variant’s position, and the
option can be turned on and off by the user. Any positions that are of the
homozygous reference sequence among all individuals are filtered out of the

heatmaps as we are mainly interested in the variants and their alternate alleles.

At some basepair positions throughout the VCFs, more than one variant is
sometimes presented. This is caused by indel calling in low complexity regions.
These regions have highly repetitive sequences, which lead to misalignment of
the reads to the reference sequence. While some of the reads are correctly

aligned, the misaligned reads will produce fragments of the original indel, which
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are incorrect and do not really exist in the genome. This generates many false
positives and false negatives, and also impairs annotations in downstream
analysis (Fang et al., 2014; Gong et al., 2024). Therefore, it is important to identify
the true reads. At these positions, filtering steps were taken to identify the
correct indel variant. This was done by reading through the respective Binary
Alignment Map files. This type of file is a binary compressed version of the
Sequence Alignment Map file which contains sequences (up to 128Mbp)
generated from next generation sequencing technologies and aligned to a
reference sequence (Li et al., 2009). The script uses these files to read the aligned
sequences and select the indel with the most reads, which would be the correct

indel.

The IBD framework is then plotted using the data in this range of
positions, by taking the allele of each individual that contains the variant and
finding the most common allele sequence between the individuals. This ensures
that only the alleles on the same chromosome as the variant are taken into
consideration, meaning that the framework is of the variant allele. For an allele
to be included in the framework, it must be present in at least 90% of the
individuals with the variant being investigated. This makes the framework similar
among the individuals that have the same IBD segment and variant, therefore
suggesting that the variant being investigated is indeed a founder variant. The
reference sequence of these positions is also plotted for comparison. Any alleles
on the variant’s chromosome that are equal to the reference sequence are
filtered out as these do not give any additional information to the framework.
The framework and respective reference sequences are written to a text file

‘variant_framework.txt'.

Altogether, these different outputs and their interpretations will be used
to identify whether IBD segment detection can be used to classify whether a
variant is a founder variant or not. All of the aforementioned implementations
were used to design a bioinformatics pipeline which facilitates the identification

of founder variants within IBD segments.
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3.9 Summary

In this chapter, the use of IBD Benchmark to choose the overall best tool
was described. A description of the Maltese dataset was given, with the involved
preprocessing steps that include dataset filtering, chromosomal extraction and
haplotype phasing. This was followed by the list of variants to be investigated in
the Maltese population for founder status. Finally, a description of the scripts
used to generate horizontal bar plots, heatmaps and variant frameworks for

founder variant analysis were described.

Ethical approval to carry out this study was obtained from the Centre of
Molecular Medicine and Biobanking Research Ethics Committee, with the ethics

application I.D. of CMMB-2023-00005.
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4. Results and Discussion

The six IBD detection tools hap-IBD, RaPID, RaPID-Query, RefinedIBD,
IBDSeq and FastSMC were tested for accuracy and power, with the best
performing tool chosen to generate IBD segments and investigate whether they
can be used to determine the founder status of variants in the Maltese. IBD
Benchmark (Tang et al., 2022) was used to test the tools for power and accuracy
across different thresholds and genotype error rates, using Tang et al.'s readily
phased sequencing European dataset of 4,000 individuals. The best performing
tool was optimised and used for the remainder of the study to generate IBD
segments of the Maltese dataset. Generated horizontal bar plots, heatmaps and
variant framework sequences will also be presented, with the aim of identifying
the founder status of variants in the Maltese. Identification of such founder
variants will allow for a more specific approach in genetic testing of the Maltese

population and the development of preventive measures and treatments.

4.1 Accuracy and Power of IBD Detection Tools

RaPID, RaPID-Query, hap-IBD, RefinedIBD, IBDSeq and FastSMC were
the most commonly used IBD detection tools in literature, and their performance
was tested using IBD Benchmark’s seven measures. These include accuracy,
length accuracy, length discrepancy, recall, power, accumulative recall and
accumulative power. The most notable metrics are accuracy and recall, as these
directly measure the tool's ability to detect ground truth IBDs. Length
discrepancy and length accuracy are also important as these measure the tool’s
ability to detect the entirety of the segment. IBD Benchmark calculates the
metrics across different cM bins to test the tool’s ability across different cM
lengths as follows: (2, 3), (3, 4), (4, 5), (5, 6), (6, 7) and (7, ») cM bins. By default,
IBD Benchmark uses a 50% threshold to calculate these measures, therefore a
covered IBD segment is counted if a ground truth segment covers at least 50%
of its length (Tang et al., 2022). The tools were tested across multiple percentage

benchmark thresholds ranging from 50% to 100% and different genotype error
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rates of 0%, 0.01% and 0.1%. The latter are generated through the genotyping
process, starting from sampling and DNA extraction to molecular and data
analysis, as well as chance and human error. This can cause a reduction in
detection power in downstream analysis, and should be accounted for. In the
subsequent section, IBD benchmark results will be presented and compared to
those produced by Tang et al. (2022). In their publication, Tang et al. (2022)
tested five IBD detection tools, which include RaPID, hap-IBD, FastSMC, TBPWT
and iLash. We repeated testing on RaPID, hap-IBD and FastSMC, and added
RaPID-Query, RefinedIBD and IBDSeq which have not been tested yet, since
these are the six most referenced tools in literature. Therefore, the comparison
will be limited to the tools that we tested and to the 50% threshold since higher
benchmarking thresholds were not tested by Tang et al. (2022).

4.1.1 Genotype Error Rate: 0%

Figure 4.1 shows the different metrics that were used to test the tools at
50% threshold and no genotype error rate. Except for IBDSeq, the tools show
high accuracy and length accuracy across all cM bins. IBDSeq and RefinedI|BD
expressed high length discrepancy when compared to the other tools, especially
with segments larger than 7cM. The best performing tools, RaPID and FastSMC,
had high recall and power values, with IBDSeq showing the lowest performance
overall. These results are comparable to Tang et al.'s (2022) results while testing
out RaPID, hap-IBD and FastSMC at the default 50% threshold and no genotype

error rates. RaPID is the best performing tool overall.
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IBD Benchmark at 50.0% Threshold and 0% Genotype Error Rate
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Figure 4.1: The seven different accuracy and power metrics in IBD Benchmark developed by Tang et
al. (2022) to test IBD detection tools, at 50% threshold and no genotype error rate. RaPID and
FastSMC are the overall best performing tools.

As the percentage benchmark threshold increases, there is an overall
slight decrease in performance across all of the tools up to 90% threshold as it
becomes increasingly difficult to identify larger parts of IBD segments. RaPID
was the most affected, with a decrease in accuracy at the lower cM bins, with a
minor decrease for the other tools (Figure 4.2). FastSMC and RaPID retained
good recall measures, with RefinedIBD experiencing the largest decrease in
performance. Overall, RaPID and FastSMC are the best performing tools up to

the 90% threshold as they performed the best across most of the metrics.

IBD Benchmark at 90.0% Threshold and 0% Genotype Error Rate
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Figure 4.2: IBD Benchmark results of the IBD detection tools at 90% threshold and 0% genotype error
rate. RaPID’s accuracy decreased with a higher percentage threshold, but maintained good results
across the other metrics. RaPID and FastSMC are the best performing tools overall.
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At 99% threshold (Figure 4.3), all of the tools experience a large decrease
in accuracy, with RefinedIBD showing the highest value while RaPID and IBDSeq
showing the lowest. However, RaPID was the most robust in terms of recall, still
showing near perfect values at this threshold. The benchmark threshold did not
seem to have a large effect on the length accuracy and power of the tools. At the
99% threshold, RefinedIBD is the best tool in terms of accuracy while RaPID is

the best tool in terms of recall, power and length discrepancy.

IBD Benchmark at 99.0% Threshold and 0% Genotype Error Rate
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Figure 4.3: IBD Benchmark results of the IBD detection tools at 99% threshold and 0% genotype error
rate. RefinedIBD has the best accuracy. RaPID has the best recall, power and length discrepancy.

When the tools were tested to identify the entire IBD segments (100%
threshold, Figure 4.4), they all showed low accuracy and recall values, except for

RaPID which maintained high recall. This makes RaPID the best performing tool.

IBD Benchmark at 100% Threshold and 0% Genotype Error Rate

Accuracy Length Accuracy Length Discrepancy Recall
5 +
1 J
10 10 = 10
—— * B
3 H . 1z 5
s oo gu Zos
£ g o £
E F 2 E]
£ £ g £
3 06 3 e F 3 05
a 8 s a
i p g o
g g £ 7
Eoa £ oa e 5 0a
[ g & . g
14 £ 4 £
021 & L I Mo 02
2] =
0 . N o e e - 1 RN
2 3 3 5 7 2 3 3 s 6 7
Centimorgan Rins {cM) Centimorgan Bins (cH) Centimargan Bins (c4)
Power Accumulative Recall Accumulative Power
10 e g g [ 10 ] s . ———— e i 10 oo g s —————
% s Sos 3
2 £ £
£ £ £
506 g 06 G o6
a 8 4
g g g
Eos £ oa 504
H H 8 —e— Hap-IBD
- R S N RefinedIBD
02 » 02 02 o o FastSMC
- RaPID
00 oo oo -<- IBDSeq
3 3 i 3 7 3 3 s 7 2 3 i 3 [3 7
Centimorgan Bins (ch} Centimorgan Bins (M) Centimorgan Bins (cM) v RaPID_Query

Figure 4.4: IBD Benchmark results of the IBD detection tools at 100% threshold and 0% genotype
error rate.
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Overall, the results show that the performance of the tools generally
decreases as the threshold increases, while the genotype error rate is kept
constant. This is because it becomes increasingly difficult for the tools to identify
larger parts of IBD segments or the entirety of them due to the different genetic
diversity between individuals in a population. Based on the results it also seems

easier to detect the larger IBD segments as these would be more obvious.

With 0% genotype error rate, we can conclude that hap-I1BD, FastSMC,
RefinedIBD and Rapid-Query are able to maintain high accuracy up to the 90%
threshold. FastSMC also maintained a high recall value up to this threshold,
however RaPID remained the most robust across all thresholds. RaPID and
FastSMC expressed the highest power values overall, followed by Rapid-Query,
hap-IBD, RefinedIBD and IBDSeq respectively. Except for IBDSeq, all of the tools

maintained high length accuracy across all of the thresholds.

However, real data always contains some degree of genotype error rate.
High throughput sequencing datasets with high quality scores, such as the one
being used in this study, generally do not exceed a genotype error rate of 0.1%.
Therefore, in the subsequent subsection the effect of genotype error rate on the

tools will be investigated at 0.01% and 0.1% genotype error rates.

4.1.2 Genotype Error Rates: 0.01% and 0.1%
Figure 4.5 shows the effect of the introduction of 0.01% genotype error

rate on the performance of the tools at the 50% threshold. This does not seem
to have an effect on the accuracy and length accuracy of the tools when
compared to 0% genotype error rate. FastSMC and hap-IBD show higher length
discrepancy, especially at the higher cM bins. Except for RaPID, the tools
experienced a negative effect in performance in power and recall. At the 50%

threshold and 0.01% genotype error rate RaPID is the best performing tool.
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IBD Benchmark at 50.0% Threshold and 0.01% Genotype Error Rate

Accuracy Length Accuracy Length Discrepancy Recall
15 k4
1 /
10 10 - o 9 = 10
g g . 1z 5
H g - 3. g
Zos Zoen gn Sos
£ g g £
E £ g ° £
06 g o6 c 8 g 06
i 4 5, 1
g g £ g
E o E o E 5 @ o
£ £ 4 g
02 *TTTTTTTTT L It 3 02
2
0.0 00 o o0
2 I 2 3 3 s 2 3 3 [ H 3 3 s
centimorgan sins fcM) Centimorgan sins (cu1) Centimargan sins (cm) centimergan sins (cv)
Power Accumulative Recall Accumulative Power
10 x » T i S B 1o
_ L | - - - * ~
g = g . g
] - o - g ]
~ 08 - : Zon ~ o8
£ i £ £
= o = =
E E £
T 06 T o6 S o
a 2 a
i i 3
g i g
Eoa 5o 504
i i 1 —e— Hap-IBD
~<- RefinedIBD
02 o2 o2 o FastSMC
----- RaPID
00 o o -+ IBDSeq
3 3 i 5 7 3 3 3 5 7 2 3 H 5 [3 7
Centimorgan Bins (eM) Centimorgan Bins (c11) Centimorgan Bins (cM) v~ RaPID_Query

Figure 4.5: IBD Benchmark results of the six IBD detection tools with the introduction of 0.01%
genotype error rate at 50% threshold. This has a slight negative effect on the performance of the tools.
RaPID is the best performing tool overall.

The negative effect of genotype error can be seen to increase with the
introduction of 0.1% genotype error rate (Figure 4.6). While the accuracy and
length accuracy of the tools was unaffected, the tools experienced a negative
effect in length discrepancy, recall, power, accumulative recall and accumulative
power. RaPID was the most robust tool, maintaining the highest performance.
This shows that genotype errors have a significant impact on detecting IBD
segments as true genotypes can be altered and may disrupt such segments. This
can cause true IBD segments to be missed (false negatives), unless the IBD
detection tool is robust enough to cater for the genotype error. These findings

are comparable to Tang et al’s (2022) sequencing data results.

IBD Benchmark at 50.0% Threshold and 0.1% Genotype Error Rate

Accuracy Length Accuracy Length Discrepancy Recall
15 #
1 ;
10 101 o ] - 10
3 5 . 2 5
Zoe Zos gn Zos . -
2 - 510 2
£ £ 5 £
5 05 5 o6 T e 5 06
i i 59 H
i i g i
g g £ 7
E 04 E o4 E s E 04 Y
£ £ 4 £ e T T T~ -
I . ol T [ G S, N e g
02 02 021 - - ~.
H St
1 o
0.0 oo o oo —
H 3 i 5 ) 7 z 3 3 s 7 2 3 5 7 2 3 3 5 7
Centimorgan Bins () Centimorgan Bins (ct1) Centimorgan Bins (cM) Centimergan Bins (ch)
Power Accumulative Recall Accumulative Power
10 10 10
g g g
= 08 | Zos = o
E £ E
£ £ £
3 05 3 o g s
a & 4
£ o £ £ o .
z - . i - e e T —e— Hap-IBD
i S g o o ~- RefinedIBD
02 N v oz - e | ea| o e e e FastsMC
g o - RaPID
g - -~ g e ey
oo S oo Lpe oo L g -+ IBDSeq
2 3 i : ‘ 2 3 B < H 7 2 3 H 3 3 7
centimergan Bins (ch} centimorgan Bins (ca) Centimorgangins (cM) e RaPID_Query

Figure 4.6: IBD Benchmark of the IBD detection tools with the introduction of 0.1% genotype error
rate at 50% threshold. RaPID stands as the best performing tool.
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The tools experience a gradual slight decrease in performance with every

threshold interval, up till the 90% threshold, as it becomes increasingly difficult

to identify larger parts of IBD segments. Figures 4.7 and 4.8 show the

performance of the tools at 90% threshold and 0.01% and 0.1% genotype error

rates respectively. RaPID and IBDSeq show a decrease in performance in terms

of accuracy and length accuracy at this threshold. The rest of the tools show a

decrease in length discrepancy, recall and power metrics.

IBD Benchmark at 90.0% Threshold and 0.01% Genotype Error Rate
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Figure 4.7: IBD Benchmark results of the IBD detection tools at 90% threshold and 0.01% genotype
error rate. RaPID has the best performance in length discrepancy, recall, power, accumulative recall
and accumulative power. RefinedIBD is the best in terms of accuracy and length accuracy.
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Figure 4.8: IBD Benchmark results of the IBD detection tools at 90% threshold and 0.1% genotype
error rate. RaPID has the best performance in length discrepancy, recall, power, accumulative recall
and accumulative power. RefinedIBD is the best in terms of accuracy and length accuracy.
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The 99% threshold has a major effect on the performance of the tools, as

shown in Figures 4.9 and 4.10. With 0.01% genotype error rate, the tools

experience major decrease in accuracy and recall. RaPID and IBDSeq have the

lowest accuracy values. RaPID maintained high recall while the rest of the tools

showed a major decrease. Similarly, there was a decrease in performance with

0.1% genotype error. Compared to the 90% threshold, there was a decrease in

accuracy, recall and power across all of the tools. RaPID and IBDSeq were the

lowest in accuracy, however RaPID maintained high recall and power and

RefinedIBD maintained high accuracy when compared to the rest of the tools.
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Figure 4.9: IBD Benchmark results of the IBD detection tools at 99% threshold and 0.01% genotype
error rate. RaPID has the best performance in length discrepancy, recall, power, accumulative recall
and accumulative power. RefinedIBD is the best in terms of accuracy and length accuracy.
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Figure 4.10: IBD Benchmark results of the IBD detection tools at 99% threshold and 0.1% genotype
error rate. RaPID has the best performance in length discrepancy, recall, power, accumulative recall
and accumulative power. RefinedIBD is the best in terms of accuracy and length accuracy.
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When the tools were tested to identify 100% of the IBD segments at
0.01% genotype error rate (Figure 4.11), RefinedIBD showed the highest
accuracy, whereas RaPID showed the highest recall and power values. With 0.1%
genotype error rate (Figure 4.12), the tools showed a decrease in performance
when compared to 0.01% error rate, except for the accuracy metric where hap-
IBD, FastSMC, RefinedIBD and RaPID-Query showed higher accuracy values.
RaPID still remained the best tool in terms of recall and power, significantly
outperforming the rest of the tools. Naturally, all of the tools experienced a

decrease in performance when compared to the lower 99% threshold.
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Figure 4.11: IBD Benchmark results of the IBD detection tools at 100% threshold and 0.01% genotype
error rate. RaPID has the best performance in length discrepancy, recall, power, accumulative recall
and accumulative power. RefinedIBD is the best in terms of accuracy and length accuracy.
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Figure 4.12: IBD Benchmark results of the IBD detection tools at 100% threshold and 0.1% genotype
error rate. RaPID has the best performance in length discrepancy, recall, power, accumulative recall
and accumulative power. Hap-IBD is the best in terms of accuracy and length accuracy.

54



Thus, the performance of the IBD detection tools decreases as the
benchmarking threshold increases. This is because it becomes increasingly
difficult to identify larger parts of IBD segments as these may be affected by
recombination events that can break the IBD segment into smaller segments.
The performance also decreases with an increase in the genotype error rate.
Genotype errors can alter the genotype sequence and generate false negative
segments instead of the true IBD segments. Unless the IBD detection tool is able
to cater for such errors, it will not be able to identify these segments and thus its
performance decreases. As with the thresholds, it is easier to detect the longer
IBD segments. Up until the 90% threshold, Rapid-Query, RefinedIBD, hap-IBD
and FastSMC maintained high accuracy at the 0.01% and 0.1% genotype error
rates. RaPID had a decrease in accuracy when detecting the smaller segments
(less than 6¢cM in size). This was not the case in recall and power as only RaPID
managed to maintain high performance in these metrics, even at 100% threshold.
RaPID also had the least length discrepancy overall. IBDSeq’s performance was
low across all of the metrics. With RaPID outperforming the other tools in most
of the metrics offered by IBD Benchmark, it was chosen as the best performing
tool, followed by FastSMC. The parameters of both of these tools were tested

further, with the aim of increasing their performance across the metrics.

4.1.3 Tool Wall-Clock Run Time

Table 4.1 represents the wall-clock run time of the six IBD detection tools
when detecting IBD segments on the test European dataset of 4,000 individuals
using default parameters. The wall clock time represents the amount of time that
a process takes in real world time. These were run on a server having 1 TB of
RAM and the time was measured using the time command in linux. hap-IBD was
the most efficient tool, followed by RaPID, RaPID-Query, RefinedIBD, FastSMC
and IBDSeq in that order. The processing time of RaPID, RaPID-Query, hap-IBD
and FastSMC generally decreases as the genotype error rate increases, whereas
RefinedIBD’s and IBDSeq’s processing time increases. With RaPID and FastSMC

being the best performing tools, RaPID is much more efficient than FastSMC and
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is therefore the preferred tool. Tang et al.'s (2022) findings also show hap-IBD as
the most efficient tool, followed by iLash, RaPID and TPBWT. However direct

comparison of the results cannot be made since different datasets were used to

test the tools’ run time.

Table 4.1: The wall clock time of IBD detection tools across different genotype error rates.

Tool /

O, o, [¢)
Genotype Error 0% Genotype 0.01% Genotype 0.1% Genotype
Error Error Error
Rate
RaPID 3min. 50s. 3min. 49s 3min. 9s
FastSMC 8hrs. 35min. %hrs. 24min. 5hrs. 39min.
hap-IBD 1min. 54s 1 min. 55s. Imin. 32s
RefinedIBD 1hr. 56min. 1hr. 57min. 2hrs. 4min.
IBDSeq 9hrs. 15hrs. 21min. 15hrs. 52min.
RaPID-Query 1hr. 45min. 1hr. 45min. 1hr. 36min.

4.2 Determining RaPID’s Parameters

With RaPID being the best performing tool, its parameters were tested
further in IBD Benchmark by giving them different values. These include the
number of runs (r), the number of successes (s, minimum number of runs required
for a match to be taken into consideration) and the window size (w, number of
SNPs per window). The tool does not have any default values for these
parameters. In the first part of this task, the window sizes of the tool were tested,
with the values of 1, 3, 5 and 30. The values correspond to the margin of error
that is allowed by the tool, with higher window size values allowing a higher
margin of error (Seidman et al., 2020). The other two parameters, number of runs
and number of successes were kept constant at the values of 10 and 2
respectively. These were tested across the different thresholds from 50% up to
100%, as well as the genotype error rates of 0%, 0.01% and 0.1%. Since FastSMC
was the second-best performing tool, its results were also compared. FastSMC's

optional parameters do not affect the quality of the results but primarily handle
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data organisation and output format, and thus were kept as default. Plots for the

different window sizes were generated using the Python script rapid_windows.py.

4.2.1 Window Sizes at 0% Genotype Error Rate

RaPID’s window sizes were first tested at the 0% genotype error rate.
Figure 4.13 represents the 50% threshold. The accuracy and length accuracy
were high across the different window sizes. The recall and power metrics were
lowest at the window size of 30, with the rest of the windows showing high
values. This was also the case in the length discrepancy parameter, which was

higher at the window size of 30.

IBD Benchmark at 50.0% Threshold and 0% Genotype Error Rate
Accuracy Length Accuracy Length Discrepancy Recall

1100}
)

we vews BEEER

recentage Decimal (%
e
recentage Decimal (5%
Centimorgan Length (cM]
precentage Decimal (5
o o
2 5

3 a 5 6 6 a s
Centimorgan Bins cM} Centimorgan Bins (cM) Centimargan Bins (cM) Centimorgan Bins fch)
Power Accumnulative Recall Accumulative Power

-entage Decimal (% / 100)

—— 1 RaPID

3 RaPID
—o- FastSMC
0o 00 oo - % 5_RaPID

3 3 H 3 3 7 H 3 B : : 7 3 3 H 3 1
Centimergan Bins {cH) Centimorgan Bins (cM) Centimargan Bins (cM) o BO.REPID

Figure 4.13: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 50% threshold and 0% genotype error rate. The window size of 1 has the best accuracy
and length accuracy, while that of 30 has the best length discrepancy, recall, power, accumulative
recall and accumulative power.

As the threshold percentage increases, the performance of the tool
decreases, as in Figure 4.14 at 95% threshold. There is an overall decrease in
performance across all metrics, with the length accuracy, length discrepancy,
recall and power values experiencing the least change. The window size of 1
shows the best accuracy and length accuracy while that of 30 shows the best

recall and length discrepancy.
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IBD Benchmark at 95.0% Threshold and 0% Genotype Error Rate
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Figure 4.14: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 95% threshold and 0% genotype error rate. The window size of 1 has the best accuracy
and length accuracy, while that of 30 has the best length discrepancy, recall, power, accumulative
recall and accumulative power.

At the 99% threshold (Figure 4.15), there is a significant decrease in the
accuracy and recall of the tool. The tool is more accurate the smaller the window
size is, however this comes at the expense of recall which experiences the
opposite effect. This is because larger window sizes introduce more true
positives, as well as false positives when the number of successes parameter
remains constant (Naseri et al., 2019), hence effecting the recall and accuracy
metrics respectively. The power metric also goes lower at the higher window
sizes, while the length discrepancy is higher. There is a further decrease in the
performance of the tool at the 100% threshold, represented in Figure 4.16.
However, the tool still manages to achieve high recall values. In comparison to
FastSMC, RaPID has better accuracy at the window size of 1, but better recall at
the window sizes of 3, 5 and 30. Throughout the other metrics, RaPID’s window

sizes of 1, 3 and 5 perform similarly to FastSMC and to each other.
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IBD Benchmark at 99.0% Threshold and 0% Genotype Error Rate
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Figure 4.15: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 99% threshold and 0% genotype error rate. The window size of 1 has the best accuracy
and length accuracy, while that of 30 has the best length discrepancy, recall, power, accumulative
recall and accumulative power.

IBD Benchmark at 100% Threshold and 0% Genotype Error Rate
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Figure 4.16: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 100% threshold and 0% genotype error rate. The window size of 1 has the best accuracy
and length accuracy, while that of 30 has the best length discrepancy, recall, power, accumulative
recall and accumulative power.

4.2.2 Window Sizes at 0.01% and 0.1% Genotype Error Rates

The same window sizes of 1, 3, 5 and 30 were tested on the genotype
error rates of 0.01% and 0.1%. As expected, the recall and power measures show
a decrease in performance when compared to the 0% genotype error rate. This

decrease is larger with 0.1% genotype error, displayed in Figures 4.17 and 4.18.
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IBD Benchmark at 50.0% Threshold and 0.01% Genotype Error Rate
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Figure 4.17: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 50% threshold and 0.01% genotype error rate. The window size of 1 has the best accuracy
and length accuracy, while that of 30 has the best length discrepancy, recall, power, accumulative

recall and accumulative power.
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Figure 4.18: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 50% threshold and 0.1% genotype error rate. The window size of 1 has the best accuracy
and length accuracy, while that of 30 has the best length discrepancy, recall, power, accumulative

recall and accumulative power.

Until the 95% threshold, RaPID’s different window sizes and FastSMC

show a slight decrease in performance overall when compared to the 50%

threshold, as in Figures 4.19 and 4.20. This is because it becomes increasingly

harder to identify larger parts of the IBD segments. RaPID’s window size of 1 is

unable to identify any segments larger than 5cM at the 0.1% genotype error rate.

Due to the high genotype error rate, there is a higher chance that the tool

encounters a genotype error. This therefore makes it more difficult for the tool
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to identify the segment, especially with a window size of 1, which is the lowest

amount of margin of error that RaPID allows.

IBD Benchmark at 95.0% Threshold and 0.01% Genotype Error Rate
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Figure 4.19: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 95% threshold and 0.01% genotype error rate. The window size of 1 has the best accuracy
and length accuracy, while that of 30 has the best length discrepancy, recall, power, accumulative
recall and accumulative power. The window sizes of 3 and 5 provide a balance between accuracy,
power and recall.
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Figure 4.20: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 95% threshold and 0.1% genotype error rate. The window size of 1 has the best accuracy
and length accuracy, while that of 30 has the best length discrepancy, recall, power, accumulative
recall and accumulative power. The window sizes of 3 and 5 provide a balance between accuracy,
power and recall.

The 100% threshold brings a decrease in performance on the accuracy
and recall parameters (Figures 4.21 and 4.22). RaPID’s window size of 30 still

maintains very high recall and power values, at the expense of accuracy. The
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smallest window size of 1 provides the highest accuracy, accompanied with low

recall and power.

IBD Benchmark at 100% Threshold and 0.01% Genotype Error Rate
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Figure 4.21: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 100% threshold and 0.01% genotype error rate. The window size of 1 has the best
accuracy and length accuracy, while that of 30 has the best length discrepancy, recall, power,
accumulative recall and accumulative power. The window sizes of 3 and 5 provide a balance between
accuracy, power and recall.
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Figure 4.22: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 100% threshold and 0.1% genotype error rate. The window size of 1 has the best accuracy
and length accuracy, while that of 30 has the best length discrepancy, recall, power, accumulative
recall and accumulative power. The window sizes of 3 and 5 provide a balance between accuracy,
power and recall.

The overall results show that as the window size of RaPID increases, so
does the accuracy. However, this comes at an expense of recall and power. This

is mainly seen at the higher percentage thresholds and with the introduction of
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genotype error rate. The length discrepancy remains low throughout, while the
length accuracy remains high. The window sizes of 3 and 5 for RaPID provide a
balance between accuracy, power and recall. These window sizes were also
chosen by Naseri et al. (2019) when IBD detection was performed on real UK
Biobank data after benchmarking of the tool on simulated datasets was
performed. With a window size of 3, RaPID performs similarly to FastSMC.
RaPID’s average wall-clock time of less than 4 minutes makes it the preferred
tool over FastSMC'’s wall-clock time of more than 5 hours, therefore FastSMC

can be excluded.

4.2.3 Successes Count Parameter

RaPID’s window sizes of 3 and 5 that showed best accuracy and recall
results were then tested further by changing the number of successes parameter.
This parameter corresponds to the minimum of runs required for an IBD to be
taken into consideration. The values for this parameter were tested at 2, 4 and
7, whereas the parameter for the number of runs was kept at a constant value of
10 throughout this task. The accuracy and power plots for the number of

successes parameter were plotted using the Python script rapid_sucesses.py.

Figure 4.23 shows the performance of the tool with these parameters at
90% threshold and 0.01% and 0.1% genotype error rates. While they all show
high accuracy, the window size of 5 with the number of successes set to 2 show
the highest recall and power values, as well as the least length discrepancy.
Naseri et al. (2019) have also validated the use of 2 as the number of successes
(with the number of runs parameter set to 10) as the optimal value for this
parameter to achieve the best accuracy and power, tested on a simulated
dataset. These parameters should provide a balance between the generation of
as many true positives as possible, while limiting the number of false positives.

Therefore, they were used to perform IBD detection on the Maltese dataset.
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IBD Benchmark at 90.0% Threshold and 0.01% Genotype Error Rate
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Figure 4.23: IBD Benchmark results of the RaPID’s window sizes of 3 and 5 with the number of
successes parameter set to 2, 4 and 7 at 0.01% and 0.1% genotype error rates. Figure legend: w =
window size, s = number of successes.

4.3 Identity by Descent Detection

As per the aims and objectives, the best performing tool RaPID was used
to perform IBD detection on the MAMI Maltese dataset (Attard et al., 2014).
Here we will investigate whether IBD segments can be used to classify founder
variants of the Maltese population. Identification of more founder variants would
allow for a more specific approach in genetic testing of the Maltese population.
The first set of IBD detection with RaPID was performed with the 2cM threshold,
meaning that any segments shorter than 2cM would be filtered out and remain

undetected. This threshold is the most commonly used by IBD detection tools
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since this is capable of detecting IBD segments from the last 1,500 years (Ralph
and Coop, 2013). However, this was unable to detect any IBD segments related
to the compiled list of variants being investigated. This indicates that any IBD
segments available for these variants are smaller than 2cM and were not
detected at this threshold. Therefore, IBD detection was performed again with a
threshold of 0.5cM to detect smaller segments. At this threshold, from the 15
variants analysed in this study, IBD segments were identified in 10 variants, and

visualised in the form of horizontal bar plots.

IBD segments involving our compiled list of variants were visualised with
the use of heatmaps, where the genotype pattern of individuals carrying the
variant was compared to that of homozygous reference individuals. For a variant
to be considered a founder variant, it must reside in an IBD segment which would
only be found in individuals carrying the variant. These individuals would all have
the same genetic framework around the variant, suggesting further that it is a
founder of the population. Figures and diagrams for horizontal bar plots,

heatmaps and frameworks were generated using the script variant_search.py.

This methodology of using IBD detection to identify founder variant is the
first of its kind, meaning that direct comparative analysis of the results could not
be made with other publications. Due to the ethics approval in place for the
dataset being used, confirmatory analysis of founder variants using mutation age
estimates was not possible as these can be directly linked to specific historical
periods and the ethnicity of the population at the time. The ethics in place for
this collection excluded any research related to ethnicity, therefore founder

variant analysis was solely based on the use of IBD detection.

Table 4.2 shows the number of IBD segments identified by RaPID at the
2cM and 0.5¢cM thresholds per chromosome. There is a considerable difference
between the two, with the 0.5cM threshold identifying more segments. This
shows that the majority of IBD segments in the Maltese are smaller than 2cM
and therefore older than 1,500 years (Ralph and Coop, 2013). The smaller the
IBD segment is, the more distant the common ancestor is. This is because the

segment would have gone through many recombination and mutation events,
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therefore getting smaller or broken with time (Thompson, 2013). Chromosome
1 shows the largest amount of detected IBD segments while chromosome 19 has

the least, possibly due to the size of the respective chromosomes.

Table 4.2: The number of IBD segments identified by RaPID at the 2cM and 0.5cM thresholds per
chromosome.

Thresholds | 2M | osaM | U lGe M o5
Chromosome 1 781,278 | 6,079,254 Chromosome 13 36 1,044,691
Chromosome 2 292,354 | 3,507,306 Chromosome 14 343 546,735
Chromosome 3 57 458,420 Chromosome 15 722 2,586,947
Chromosome 4 146 1,017,505 Chromosome 16 75 597,614
Chromosome 5 10 591,852 Chromosome 17 15 310,524
Chromosome 6 6 975,312 Chromosome 18 127 284,309
Chromosome 7 20 880,575 Chromosome 19 0 88,425
Chromosome 8 0 514,533 Chromosome 20 72 702,274
Chromosome 9 438 523,377 Chromosome 21 812 2,341,644
Chromosome 10 | 497,678 | 3,534,070 | Chromosome 22 4 683,936
Chromosome 11 11 818,988 Chromosome X 9,677 3,973,004
Chromosome 12 14 467,413

4.3.1 Chromosome 1 Variant CDCP2 p.P408RfsX46
The chromosome 1 variant CDCP2 p.P408RfsX46 is a frameshift variant

with an insertion of a T that causes an amino acid change of proline to arginine,
leading to a termination codon 46 amino acids downstream. It is not related to
any clinical abnormalities, but was chosen as a test variant to test the developed
bioinformatics pipeline. In the Maltese population the variant has a MAF of
0.008, whereas in other populations the MAF of this variant is almost equal to O,
hence why it was chosen to test its founder status. Of the 14 heterozygote
individuals present in our dataset, five show the presence of an IBD segment
detected by RaPID which goes through the position of the variant. These are
accompanied by another four homozygous reference individuals and
represented as pairwise IBD segments in Figure 4.24. The positions (highlighted
with an orange vertical line) going through the identified IBD segments are

common in all of the IBD segments and are used to visualise the genotype of
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individuals around the area of the variant of interest in the form of a heatmap
(Figure 4.25).

IBD Segments for chrl, 54139647, G > GT

First Sample Identifier
Second Sample Identifier

D1039 1 D729

Base Positions

Figure 4.24: Horizontal bar plots showing the detected IBD segments for the chromosome 1 position
54,139,647. This includes 5 heterozygous individuals for the variant CDCP2 p.P408RfsX46.

Figure 4.25 represents a heatmap around the area of the variant which
lies within the common position range of the IBD segment. This includes all of
the individuals carrying the variant (in this case only heterozygous individuals)
and a random 50 homozygous reference individuals chosen by equal probability
sampling. The x-axis consists of the basepair positions whereas the y-axis
consists of the sample identifiers. This heatmap uses the genotypes of individuals
to identify whether the variant of interest forms part of the detected IBD

segment or opposite to it on the other allele.

The IBD segment identified by RaPID lies on the opposite allele that does
not carry the variant. The variant CDCP2 p.P408RfsX46 is most likely not a
founder variant of the Maltese population, since it does not form part of the IBD
segment presented. However, being chosen as a test variant, this shows that any
variant can be investigated for its founder status with the developed
bioinformatics pipeline, as long as the variant is present in the dataset and

inserted in the tool in the correct format.
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Figure 4.25: Heatmap showing the common IBD segment positions for the chromosome 1 variant
CDCP2 p.P408RfsX46. This includes 14 heterozygous and a random 50 homozygous reference
individuals. The detected IBD segment resides on the opposing allele that does not carry the variant,
therefore this variant is not a founder variant. The variant is indicated by a red arrow.

The subsequent variants that will be described were all chosen because
of their relevance for diseases present in the Maltese population and ongoing

interest from other research projects.

4.3.2 Chromosome 1 Variants KISS1 p.X139%fs, KISS1 p.P81R and

KISS1 p.Q36R
The three chromosome 1 variants KISS1 p.X139fs, KISS1 p.P81R and
KISS1 p.Q36R are found only a few hundred basepair positions apart. Being close

to each other, there is a high probability that these variants are inherited together
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and thus forming part of the same IBD segment. KISS1 is involved in the
regulation of gonadotropin-releasing hormone (GnRH) release and in the
regulation of the hypothalamic-pituitary-gonadal axis. Variants in the gene
influence the levels of GnRH, and in turn the levels of reproductive hormones
such as FSH and LH. This can lead to several reproductive-related diseases such

as IHH and infertility (Zhu et al., 2022).

The first variant p.X139fs occurs due to a deletion of a T at the terminal
codon of the gene and results in a stop-loss associated with high anti-Mullerian
hormone, in both homozygote alternates and heterozygote individuals (Trevisan
et al., 2020). The presence of the variant also results in an increase in ovarian
progesterone and prolactin in females, which are also regulated by KISS1. High
levels of these hormones are known to inhibit the production of FSH and LH
from the pituitary gland and therefore may cause infertility. In fact, Trevisan et
al. found the variant to be related to a decrease in the number of oocytes

produced in the ovaries and a decrease in the number of successful pregnancies.

The second variant p.P81R with a SNP of G to C, like many other KISS1
variants, is characterized by a deregulation of kisspeptin, which is a protein
product of the gene. Its main role is to bind to GnRH receptors in order to
regulate the release of FSH and LH, and disruption of this process can result in
IHH and the development of polycystic ovarian syndrome (PCOS) (Stephen et al.,
2024). The latter is a common disorder in women of reproductive age, accounting
for a prevalence of around 6-12% (Meng et al., 2023; Wojciechowski et al.,
2012). The variant has also been linked with an unexplained recurrence of

pregnancy loss, and is suspected to be a risk factor (Meng et al., 2023).

The third chromosome 1 variant KISS1 p.Q36R is a missense variant
characterized by a SNP of a T to C nucleotide, and is associated with reproductive
hormones. Women being heterozygous for this variant have shown low levels of
LH and produced more oocytes when compared to the wild-type women
(Martins Trevisan et al., 2020). It has also been confirmed through multiple
studies that this variant does not have an association with PCOS (Daghestani et

al., 2020; Farsimadan et al., 2021; Krstevska-Konstantinova et al., 2014).
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Having a high MAF of 0.255 and 0.298 in the Maltese respectively, the
KISS1 p.X139fs and p.P81R variants are slightly overrepresented when
compared to the MAFs of 0.214 and 0.252 in non-Finnish Europeans (NFE). The
KISS1 p.Q36R however has a MAF of 0.063, which is remarkably lower than the
other two variants. This suggests that the KISS§1 p.X139fs and p.P81R variants
may be in LD and possibly even part of the same IBD, whereas the KISS1 p.Q36R

is not.

Figures 4.26 to 4.28 show the pairwise IBD segments that were identified
by RaPID at the basepair positions of the variants. The common positions going
through the identified IBD segments are the same in the KISS1 p.X13%fs and
p.P81R variants, ranging from basepair position 204,190,416 to position
204,193,102, with both of variants falling within this range. For the variant at
position 204,190,483 (p.X139fs), 305 heterozygous and 54 homozygous
alternate cases were present in the dataset, while the variant at position
204,190,659 (p.P81R) had 335 heterozygous cases and 78 homozygous
alternate cases. Of these, RaPID detected an IBD segment in 115 heterozygotes
and 20 homozygous alternate cases (38% of individuals with the variant) and 131
heterozygotes and 24 homozygous alternate cases (28% of individuals with the
variant) respectively for each variant. A ROH containing both variants is
identified in sample D202, spanning more than 1,500,000 basepairs. For the
p.Q36R variant, IBD segments were detected in 19 heterozygous and one
homozygous alternate individual at position 204,190,794. This comprises of only
18% of the individuals with the variant in the dataset, consisting of 106
heterozygous & six homozygous alternate individuals. A ROH containing the

variant was detected, spanning just over 500,000 basepairs.
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IBD Segments for chrl, 204190483, CT > C
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Figure 4.26: A representative horizontal bar plot showing the detected IBD segments for chromosome
1 position 204,190,483. This was extracted from a total of 115 heterozygotes and 20 homozygous
alternate individuals for the variant KISS1 p.X139%fs. A ROH is identified in sample D202.
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Figure 4.27: A representative horizontal bar plot showing the detected IBD segments for chromosome
1 position 204,190,659. This was extracted from a total of 131 heterozygotes and 24 homozygous
alternate individuals for the variant KISS1 p.P81R. A ROH is identified in sample D202.
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Figure 4.28: Horizontal bar plot showing the detected IBD segments for the chromosome 1 position
204,190,794. This includes 19 heterozygous and 1 homozygous alternate individuals for the variant
KISS1 p.Q36R. A ROH is identified in sample D818.
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Figures 4.29 and 4.30 show the heatmaps for the KISS1 variants p.X139fs
and p.P81R for the common position range. This includes all 844 individuals
which are divided into three representative groups of homozygous reference,
heterozygous and homozygous alternate individuals. There is a clear distinction
between the three groups, showing the presence of an IBD segment carrying
both of the variants in almost all of the individuals that have them. This is also
absent from the homozygous reference cases. This suggests that the
heterozygous and homozygous alternate individuals share a common ancestor
and that both of the variants are most likely founder variants. The figures also
show that the KISS1 p.X139%fs is always in conjunction with KISS1 p.P81R, but
some heterozygous individuals only carry the latter variant, without the former
variant. This indicates that the KISS1 p.P81R variant is the older variant of the
two, and that the variants originated from two different common ancestors. Both
heatmaps also show that the KISS1 p.Q36R variant (position 204,190,794) does

not form part of this IBD segment.
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The genetic framework for this common position range of the IBD
segment is represented in Figure 4.31. This comprises of the alleles that are on
the same chromosome as the variant, and in this case the detected IBD segment.
This is common for both the KISS1 p.X139fs and p.P81R variants, but excludes
the p.Q36R which does not form part of the IBD segment.
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Figure 4.31: The IBD segment variant framework for the chromosome 1 variants KISS1 p.X139%fs and
KISS1 p.P81R. The variants are indicated by red arrows.

The heatmap in Figure 4.32 showcases the common positions of the IBD
segments for KISS1 p.Q36R. It shows that the variant does not form part of the
IBD segment which was identified by RaPID, containing the KISS1 variants
p.X139fs and p.P81R. The variant is always present on the allele opposite to the
one carrying the IBD segment, and this segment is present in many homozygous
reference cases. This indicates that the variant does not form part of the IBD

segment related to the previously mentioned KISS1 variants.
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Heatmap for chrl, 204190794, T> C
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Figure 4.32: Heatmap showing the common IBD segment positions for the variant KISS1 p.Q36R,
indicating that the variant is not part of the detected IBD segment as it is found on the opposite allele.
The variant is indicated by a red arrow.

The genetic framework in Figure 4.33 for this range of positions is a
confirmation of the above results, showing that the p.Q36R variant has no link

with the other two KISS1 variants that have a completely different framework.
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Figure 4.33: The variant framework for individuals that carry the chromosome 1 variant KISS1 p.Q36R.
This is different than the framework presented for the KISS1 variants p.X139%fs and p.P81R and thus
does no share their IBD segment. The variant is indicated by a red arrow.

Even though no IBD segments for the KISS1 p.X139fs and p.P81R variants
were identified by RaPID at the 2cM threshold, this still detected a ROH in
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sample D202 showcasing both of the variants. This is the same segment
identified at the 0.5cM threshold (Figures 4.26 and 4.27). It ranges from position
203,921,160 to position 205,068,226, totalling more than 1,700,000 basepairs.
This also does not include the KISS1 p.Q36R variant at position 204,190,794.

Confirming the presence of an IBD segment in approximately 43% of the
entire dataset, containing both KISS1 variants, as well as obtaining a genetic
framework for it, there is strong evidence in favour of these variants having a
founder status in the Maltese population. Krstevska-Konstantinova et al. (2014)
found both of these variants together in 28 females diagnosed with idiopathic
central precocious puberty (ICPP), which is characterised by puberty before the
age of eight years, as well as in the control groups which consisted of patients
with normal puberty development, suggesting that they are not associated with

ICPP. So far, no other publication has tried to link these two variants together.

4.3.3 Chromosome 2 Variant SPR c.596-2A>G
The chromosome 2 SPR ¢.596-2A>G variant at basepair position

72,891,345 is a splice acceptor variant. It was identified in seven Maltese
children who showed symptoms of cognitive impairment and early motor delay.
The single nucleotide change of the second nucleotide in the exon-intron
junction causes aberrant splicing resulting in a lack of Sepiapterin reductase
production, which is an enzyme involved in the production of BH4 (Neville et al.,
2005). Decrease in BHa4 causes hyperphenylalaninaemia with neurotransmitter
deficiency, which if left untreated can lead to brain and nerve damage (Farrugia
et al.,, 2007). Being a pathogenic variant mainly recorded in the Maltese, it is

possible that this variant is a founder variant.

Out of the 844 individuals present in the dataset, 18 individuals were
heterozygous for the variant. No homozygous alternate samples were present.
Figure 4.34 showcases the IBD segments that were detected for this variant,
involving five heterozygous individuals that each share an IBD segment with five

homozygous reference individuals. This gives an indication that the detected IBD
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segment is not on the allele that carries the variant, but on the allele with the
reference sequence. Between them, the identified individuals share the majority

of the IBD segment which ranges approximately 270,000 basepairs.
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Figure 4.34: Horizontal bar plots showing the detected IBD segments for the chromosome 2 position
72,891,345, This includes 9 heterozygous individuals for the variant SPR ¢.596-2A>G.

Using the common range of positions for the detected IBD segments,
which covers almost the entire segment, a heatmap for all the heterozygous and
a random 50 homozygous reference individuals from the dataset was plotted,
focusing on the area around the variant (Figure 4.35). The heatmap confirms that
an IBD is present on the allele that does not carry the variant. It is inconclusive
as to whether an IBD segment exists on the allele of the variant, and based on
these results, we cannot suggest a founder status for it. Being a pathogenic
variant which has mainly been recorded in the Maltese population, it is possible
that the variant is very old and forms part of a very small IBD segment which is

undetectable by the tool.
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Mini Heatmap for chr2, 72891345, A> G
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Figure 4.35: Heatmap showing the common IBD segment positions for the chromosome 2 variant SPR
¢.596-2A>G. This includes 18 heterozygous individuals and a random 50 homozygous reference
individuals. An IBD segment is present on the opposite allele that does not carry the variant, but
otherwise the results of this heatmap are inconclusive. The variant is indicated by a red arrow.

4.3.4 Chromosome 4 Variant GNRHR p.Q106R
The variant on chromosome 4 GNRHR p.Q106R is a genomic SNP of a T

to C. This gene encodes the receptor for gonadotropin-releasing hormone
(GnRH), with the latter inducing the pituitary gland to produce FSH and LH. A
disruption in the GnRH receptors leads to IHH, which is characterized by the
partial or total lack of development during puberty. This in turn causes issues in
reproduction and sexual maturation (Chevrier et al., 2011). The SNP of a T to a
C nucleotide leads to a substitution of glutamine to arginine (p.Q106R) on the

first extracellular hydrophobic loop of the G protein-coupled receptor (Jardon-
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Valadez et al., 2008). This causes a change in the receptor’s shape which in turn
reduces ligand binding and receptor activation, therefore causing partial loss-of-

function (de Roux, 2006).

GNRHR p.Q106R been reported as being the most commonly identified
pathogenic variant in GNRHR, and can be found in many different populations
across Europe, America and South Asia. Axiak et al. (2023) analysed high
throughput sequencing data of 146 Maltese individuals, of whom 17 were part
of an IHH cohort. Of these, eight heterozygotes for this GNRHR variant were
identified, four of which forming part of the patient cohort. A local study was
also performed on 493 Maltese cord blood DNA, where 25 heterozygous and
two homozygous alternative unrelated individuals were identified. This resulted
in a MAF of 0.029, which is higher than any other population. The highest
reported MAF outside of Malta is that of 0.005 in southern Europe (Karczewski
et al., 2020). This motivated Axiak et al. (2023) to study 978 individuals from the
MAMI study (Attard et al., 2014), where 43 heterozygotes (26 men and 17
women) were found. This translated to a MAF of 0.033, suggested that this
variant is a probable founder variant due to its high overrepresentation in the
Maltese. The majority of the individuals did not experience any distinctive
characteristics from homozygous wild-type individuals. The heterozygosity of
the variant did not seem to have an effect on the levels of gonadotropins and sex
steroid hormones, therefore their fertility remained unaffected. However,
studies have shown that homozygosity for GNRHR partial loss-of-function
variants have an association with late menarche and puberty delay (Gianetti et

al., 2012; Howard, 2019), highlighting the importance of identifying such cases.

Figure 4.36 showcases the IBD segments that were detected by RaPID at
the variant’s location. There are 41 heterozygous and one homozygous alternate
individuals for the variant in our dataset. Of these, four heterozygotes and the
one homozygous alternate individuals were identified to have an IBD segment,
together with one homozygous reference individual. Sample D878 contains a

ROH which spans at least 750,000 basepairs.
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Figure 4.36: Horizontal bar plots showing the detected IBD segments for the chromosome 4 position
67,754,019. This includes 4 heterozygous and 1 homozygous alternate individuals for the variant
GNRHR p.Q106R.A ROH was identified in sample D878.
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A heatmap to showcase all individuals carrying the variant and a random
50 homozygous reference individuals from the dataset was plotted, focusing
around the area of the variant within the common positions of the IBD segments
(Figure 4.37). This shows the presence of two genetic frameworks for the variant.
The larger framework was most probably detected by RaPID over the smaller

framework due to its small size (smaller than 0.5cM threshold used).
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Mini Heatmap for chrd4, 67754019, T > C
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Figure 4.37: Heatmap showing the common IBD segment positions for the chromosome 4 variant
GNRHR p.Q106R. This includes 1 homozygous alternate, 41 heterozygous and a random 50
homozygous reference individuals. This shows two IBD segments, the smaller of which residing on the
allele that carries the variant. The variant is indicated by a red arrow.

Figure 4.38 showcases the variant framework, which is common in all of
the individuals that are carrying the variant and unique to the variant’s allele.
Being overrepresented in the population, as well as confirming its presence as
part of a genetic framework, the GNRHR p.Q106R variant is most likely a founder

variant of the Maltese.
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Figure 4.38: A representative figure showing the genetic framework for the individuals that carry the
chromosome 4 variant GNRHR p.Q106R. The variant is indicated by a red arrow. Abbreviated indels:
insertion of AGGTATGG at 67,756,609, deletion of TCTTTATA at 67,756,613, insertion of CAGAAA
at 67,756,628, insertion of CAGA at 67,766,658, insertion of GATAGATA at67,795,624.
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4.3.5 Chromosome 4 variant TACR3 p.K286R

The chromosome 4 variant TACR3 p.K286R is found at position
103,656,225 as a single nucleotide missense variant of a T to a C. The TACR3
gene is one of three genes which encode for tachykinin receptors. Tachykinin
neurokinin 3 binds to the TACR3 receptors and is involved in the control of
reproductive neuroendocrine functions (Lasaga and Debeljuk, 2011). The SNP at
this position causes an amino acid change of a lysine to arginine, and has been
associated with central precocious puberty, IHH and constitutional delay of
growth and puberty, with a frequency of 0.9%, 1.4% and 2% of patients
respectively (Tusset et al., 2012).

The variant has a MAF of 0.008 in the Maltese population, higher than the
MAF of 0.001 in NFE. Fifteen heterozygous individuals were present in the
dataset, with no homozygous alternate cases. One IBD segment was identified
that goes through the variant position (Figure 4.39). This includes one
heterozygous individual and one homozygous reference individual for the

variant.
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Figure 4.39: Horizontal bar plot showing the detected IBD segments for the chromosome 4 position
67,754,019. This includes 1 heterozygous individual for the variant TACR3 p.K286R, paired with a
homozygous reference individual.

Figure 4.40 shows the heatmap around the area of the variant which lies
within the common position range of the IBD. This includes all heterozygous

individuals and a random 50 homozygous reference individuals. The heatmap
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shows a genetic framework on the allele that carries the variant, which was not
detected as an IBD segment by RaPID. This could be due to the segment being
smaller than the 0.5cM threshold which we set on the IBD detection tool.
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Figure 4.40: Heatmap showing the common IBD segment positions for the chromosome 4 variant
TACR3 p.K286R. This includes 15 heterozygous individuals and a random 50 homozygous reference
individuals. The variant is indicated by the red arrow.

Figure 4.41 represents the variant positions of the framework for the
allele that carries the TACR3 p.K286R variant (variant allele). This framework is
of the individuals that carry the variant and ranges from the basepair position
103,635,509 to 104,041,448, approximately 405,000 basepairs. This equates to
around 0.4cM, which is less than RaPID’s 0.5cM threshold and hence why the
tool was unable to detect it. It is possible that the heterozygotes of the dataset

share a common ancestor since they have the same framework.
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Figure 4.41: A representative figure showing the genetic framework for the individuals that carry the
chromosome 4 variant TACR3 p.K286R. The variant is indicated by a red arrow. Abbreviated indels:
deletion of ATATATGA at 103,665,296, insertion of TTTTCTTTT at 103,698,536.

4.3.6 Chromosome 11 Variants HBB p.T88P and HBG2 p.H118R

The two chromosome 11 variants HBB p.T88P and HBG2 p.H118R at
positions 5,226,630 and 5,253,368 lie within 25,000 basepair positions of each
other, and in most cases are inherited together (Kutlar et al., 1991), thus having
the possibility of sharing an IBD segment. The first variant HBB p.T88P is a
missense variant of a T nucleotide to a G. The HBB gene is involved in the
production of the beta-globin protein, which is a subunit of haemoglobin (Hb).
Variants in the HBB gene can either cause a decrease in production or produce a
structural change of the beta-globin protein, both of which impairing the binding
of oxygen (Greene et al.,, 2015). The Maltese population specifically contains
multiple Hb variants, which include Hb F-Malta-I, Hb St. Luke’s, Hb Long Island-
Marseille and Hb Camperdown. The list also includes Hb Valletta, which is caused
by the variant HBB p.T88P, leading to a substitution of threonine to proline in
the beta chain. This was found in 34 Maltese and two Italian newborn babies.
Although the variant causes a structural change in the protein, the individuals did
not show any abnormal haematological results. In all of the newborn individuals,
the Hb F-Malta-I variant was also detected, indicating close linkage between the

two variants (Kutlar et al., 1991).

The aforementioned Hb F-Malta-l is caused by the variant HBG2 p.H118R
with a SNP of a T to C. The HBGZ2 gene is involved in the production of gamma
globin found in foetal Hb, which is then replaced with adult Hb at birth. Variants
in this gene can either cause foetal Hb to remain throughout adulthood or
produce new forms of foetal Hb (Greene et al., 2015), such as the one mentioned
here. Hb F-Malta-I was first discovered in 12 of 658 infant cord blood samples,

where on gel electrophoresis it moved slower than the normal foetal and adult
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Hb (Cauchi et al., 1969). This was later investigated in 18 heterozygote newborns
and 28 relatives older than two years of age. Fifteen of these relatives had Hb F-
Malta-I, comprising 0.011% of all Hb in their blood. The normal foetal Hb levels
in these 15 relatives, 11 other normal relatives and 50 normal adult controls were

nearly the same (Altay et al., 1977).

Clinically both of the aforementioned variants do not cause any health
issues. However, being almost exclusively found in the Maltese and tightly linked
with each other, it is possible that they are part of an IBD segment and hence
founder variants. Figure 4.42 shows the IBD segments that were detected for
both of these variants, being close to each other. The dataset consisted of 20
and 19 heterozygous individuals for the variants HBB p.T88P and HBG2 p.H118R
respectively, of which in 16 an IBD segment was detected (80% and 84.21% of

all individuals with the variant), with six homozygous reference individuals.
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Figure 4.42: Horizontal bar plots showing the detected IBD segments for the chromosome 11 positions
5,226,630 and 5,253,368. This includes 16 heterozygous individuals for the variants HBB p.T88P and
HBG2 p.H118R.

Figure 4.43 shows two heatmaps around the area of the variants which
lies within the common position range of the IBD. This includes all heterozygous
individuals and a random 50 homozygous reference individuals. The heatmaps
show the presence of an IBD segment which is present on the allele opposite to
the variants. This is found in homozygous reference and heterozygous individuals
alike. However, it is possible that this is overlapping another undetected IBD

segment which is present on the allele that carries both of these variants.
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Figure 4.43: Heatmaps showing the common IBD segment positions for the chromosome 11 variants
HBB p.T88P and HBG2 p.H118R. These include 20 and 19 heterozygotes for the variants respectively,
together with a random 50 homozygous reference individuals.

The genetic framework of the variant allele generated from all individuals
that carry both variants (Figure 4.44) confirms that the two variants are linked to
each other. Being specific to the Maltese, these variants are most likely founder
variants of the population. It is also possible that they arose within the Maltese
population and therefore homozygous reference individuals with the ancestral

framework on which the two variants arose are also being detected as having the

same IBD segment.
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Figure 4.44: The variant framework for all individuals with the chromosome 11 variants HBB p.T88P
and HBG2 p.H118R. The two variants form part of the same framework. The variants are indicated by
red arrows. Abbreviated indel: insertion of TAAG at 5,218,376, deletion of ATAAAAA at 5,232,232.

4.3.7 Chromosome 19 Variant NPHS1 p.R1160X
The chromosome 19 variant NPHS1 p.R1160X is found in the nephrin

producing gene. Nephrin is a transmembrane protein found in the glomerular
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ultrafilter and plays an important role in signalling and structural functions.
Defects in this protein can hinder the function of the glomerular filtration barrier,
causing massive protein loss and congenital nephrotic syndrome (Khoshnoodi
and Tryggvason, 2001). The disease onset occurs in newborns before three
months of age and is characterized by proteinuria and oedema, as well as a large
placenta in the mother. It ultimately progresses further to end-stage renal
disease within two to three years (Ahvenainen et al., 1956). It has been primarily
identified in the Finnish, who showcase many NPHS1 variants (Huttunen, 1976;
Norio, 1966). Later on, the pathogenic variant at position 35,831,056 which
causes a stop codon in protein 1160 (p.R1160X), was identified by Lenkkeri et
al. (1999) in five patients of Italian origin. The same variant was found in 13
Maltese individuals (from 11 families), suggesting a founder effect (Koziell et al.,
2002).

The dataset consisted of 27 heterozygote individuals for this variant, two
of which found to share an IBD segment running through the variant’s position
5,226,630 (Figure 4.45). No IBD segment was detected in the remaining

heterozygous samples.

IBD Segments for chrl9, 35831056, G > A

Identifier

< pas9 D809
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Figure 4.45: Horizontal bar plot showing the single IBD segment detected the chromosome 11 position
5,226,630. This includes 2 heterozygous individuals for the variant NPHS1 p.R1160X.

Figure 4.46 represents a heatmap around the area of the variant which
lies within the common position range of the IBD segment. This includes all

heterozygous individuals and a random 50 homozygous reference individuals.
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However, this fails to represent an obvious pattern for the variant. It is possible
that in such a region with a lot of genetic variation, as can be seen in Figure 4.46,
recombination events may have contributed to the breaking down of any IBD
segments. This would suggest that the variant is very old and therefore the IBD
segment would be very small, unable to be detected by IBD detection tools.
Although literature suggests the possibility that NPHS1 p.R1160X is a founder

variant, these results are inconclusive and this cannot be confirmed.
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Figure 4.46: Heatmap showing the IBD segment position for the chromosome 19 variant NPHS1
p.R1160X. This includes 27 heterozygous individuals and a random 50 homozygous reference
individuals. There is no obvious pattern for the variant, and thus its founder status cannot be
concluded. The variant is indicated by the red arrow.

4.3.9 Undetected Variants

In five variants from the compiled list, no segments were detected by
RaPID at both the 2cM and 0.5cM thresholds. Table 4.4 compiles these variants

and includes information about the number of individuals and their zygosity in
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our dataset. The inability to detect any IBD segments could be one of three
reasons. First, they might not be founder variants of the Maltese population and
thus are not part of a common IBD segment. Second, there are not enough
individuals with the variants for RaPID to detect an IBD. In our dataset, four of
the five listed variants have ten or less individuals and based on our results for
other variants, not all of the individuals with the variant of study will exhibit the
IBD. Third, it is possible that the variants remained undetected as they form part
of a small IBD segment. With the lowest IBD segment threshold for RaPID being
set to 0.5cM to avoid false positive results, smaller segments were filtered out.
It is possible that some of these variants are very old and therefore their IBD got
fragmented or shrunk with time due to genetic recombination events. Lower
thresholds for RaPID should be able to capture such segments.

Table 4.4: A list of variants in which RaPID was unable to detect any IBD segments passing through
their basepair position. Abbreviations: DHPR: Dihydropteridine reductase, CAAHD Congenital

arthrogryposis with anterior horn cell disease, LCCS Lethal congenital contracture syndrome 1, HPFH:
Hereditary persistence of foetal haemoglobin.

DNA No. of
Vari B i MAL
a"?r,lt Gene Disorder Chr as?;.)alr Nucleotid | Individuals in -
Identifier position MAF
e Change Dataset
1
rs104893863 | QDPR DHPR deficiency 4 17,511,987 C>T 0 0.007
heterozygotes
rs1564162129 | GLE1 CAAHD/LCCS 9 128,541,151 C>T 3 0.003
heterozygotes
5753540084 | LRRK2 | MPOMEENEtic | 4o | 40274905 | ASG 30 0.019
diseases heterozygotes
H dotropi 919,929 CrecacTen 2
ypogonadotropic ,929- CTGCAGTGA
770541847 | KISS1R 19 .001
rs 35 hypogonadism 919,965 GGCCTTCCC | heterozygotes 0.00
CAGC>G
rs267607202 | KLF1 HPFH 19 12,885,368 T>A 3 0.001
heterozygotes

The variant in chromosome 4 QDPR p.G23D is responsible for the
production of the dihydropteridine reductase enzyme. The enzyme is involved in
the regeneration of BH4, thus decrease in the enzyme causes decrease in BHa4
which leads to hyperphenylalaninaemia and phenylketonuria that causes brain

and nerve damage. The variant is thought to originate from Mediterranean
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populations (Dianzani et al., 1993), and has been found in the Maltese with a
MAF of 0.007.

The GLE1, LRRK2, KISS1R and KLF1 variants in Table 4.4 have so far mainly
been reported in the Maltese, having a MAF of O in other populations. The GLE1
p.S693F variant was found in a proband of Maltese ancestry in the homozygous
state, whose non-consanguineous parents were considered healthy. Upon birth,
the newborn male had abnormal facial characteristics and congenital
contractures, typical of Lethal Arthrogryposis with Anterior Horn Cell Disease.
The chromosome 9 variant at basepair position 128,541,151 was considered to
be the best candidate for this, and the considered founder variant was found to
be within a 7.7Mb run of homozygosity (Said et al., 2017). The novel LRRK2
p.N618S variant with an amino acid change of asparagine to serine at position
618 was found in 73 cases of Parkinson’s disease and 136 healthy controls from
Malta, and is associated with an increased risk for the disease (Camilleri et al.,
2015). The novel KISS1R p.Y190_A199del variant was identified in two Maltese
individuals through a local study by Axiaq et. al., thought to be related to IHH
(Reference: personal communication, presented at the European Society of
Human Genetics 2024). The KLF1 p.K288X variant was originally found in ten
members of a Maltese family, and was linked to hereditary persistence of foetal

haemoglobin in adults (Borg et al., 2010).

4.4 Outcomes of Founder Variant Analysis

Following the presentation of the results generated by the developed
bioinformatics pipeline, six variants highly prevalent in the Maltese are suggested
to be founder variants of the population. The heatmaps showed these variants
as part of a genetic framework, which is shared among all of the individuals that
have the variant, and thus suggesting a common ancestor. Four variants
remained inconclusive upon interpretation of the results, while in another five

variants, no IBD segments were detected at their location.
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Identification of these founder variants allows for a more specific
approach in genetic testing of the Maltese population. However, with the ever-
changing populations and admixture of people from various cultures and ethnic
groups, it is also important to put into perspective the population genomics of
the last few years. As with the historical events that occurred hundreds or
thousands of years ago, which shaped the genetic architecture of the current
worldwide populations, ongoing real-time world events are continuously
affecting genetic patterns. Discovering the genetic background of individuals
through genealogical and ethnic history could enable opportunities to impact the
communities from where they originate, making it possible to identify other
community members who may be affected by genetic diseases. This could also
have an effect on genetic testing, as unless a person is from the same ethnic
group, targeted genetic testing can miss the real underlying disease-causing

variant (Jain et al., 2021).

Following IBD detection with RaPID, visualisation of the IBD segments
for the variants of interest was difficult at times. Having the presence of
homozygous alternate individuals, such as in the GNRHR p.Q106R, KISS1
p.X139fs and KISS1 p.P81L variants, makes the identification of IBD segments
easier, but these were missing for most of the variants. Homozygous alternate
individuals simplify the genotype patterns and eliminate heterozygous noise.
Visualisation of such segments is easier, and it is easier to infer that IBD segments
between homozygous alternate individuals arise from a common ancestor. Such
cases can also be used to identify large ROH. These are often indicative of a more
recent common ancestor as such long segments represent IBD segments, hence
the importance of detecting ROH. In fact, a ROH larger than 2cM was detected
in chromosome 1 containing both KISS1 variants and a ROH smaller than 0.5¢cM
was detected in chromosome 4 with the GNRHR variant. Their presence made it

easier to conclude the presence of an IBD segment.

Some difficulties were encountered as we attempted to automate the
process of identifying founder variants using IBD segments. Ideally, a fully

automated bioinformatics pipeline would immediately outline the founder status
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of a variant, making for a more streamlined process. However, being a semi-
automated pipeline, the developed method requires the manual interpretation of
the generated outputs by the user. To identify the founder status of a variant,
one has to manually look at the heatmaps and identify whether the variant forms
part of an IBD segment, which may be undetectable by IBD detection tools
because of their small size. This makes investigating a large quantity of variants
inefficient. The horizontal bar plots outlining the common IBD segment positions
and the genetic variant allele frameworks are otherwise automated and do not

require manual interpretation.

While founder variants have been reported in several populations
worldwide, there are only a limited number of ethnic groups and populations
where founder variants have been thoroughly studied (Jain et al., 2021). Many
publications and databases solely rely on the frequency estimations of the
variants, without generating any proof or in-depth analysis. This could lead to
many variants being mislabelled as founder variants for specific populations,
which could have downstream effects on precision medicine, ancestry,
bottleneck and migration studies. This could lead to misinterpretations of how
populations would have evolved and interacted over time. It is important that
such variants are thoroughly studied through various methods, such as the one

presented here or through other methods, to confirm their founder status.

4.4 Summary

In this chapter, six of the most relevant IBD detection tools were tested
across several power and accuracy metrics with the use of a benchmarking tool
IBD Benchmark. This included testing of the tools across different genotype
error rates of 0%, 0.01% and 0.1%, as well as multiple thresholds of IBD segment
detection ranging from 50% to 100%. With the conclusion of RaPID being the
best performing tool overall, optimisation of the tool was performed to obtain
the best possible parameters. This was used to perform IBD detection for a list

of variants of interest.
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IBD detection at the 2cM threshold did not yield and IBD segments for
the variants. However, this yielded a ROH for the two chromosome 1 variants
KISS1 p.X13%fs and KISS1 p.P81R. IBD detection was repeated at the 0.5cM
threshold. From this, six variants from the compiled list were found to reside in
five different IBD segments. These include the chromosome 1 variants KISS1
p.X13%fs and KISS1 p.P81R which are part of the same IBD, the chromosome 4
variant GNRHR p.Q106R, the chromosome 4 variant TACR3 p.K286R, and the
chromosome 11 variants HBB p.T88P and HBG2 p.H118R also part of the same
IBD segment.

This is suggestive that the mentioned variants are founder variants of the
Maltese population. A ROH was also detected in the chromosome 4 variant
GNRHR p.Q106R. The chromosome 1 variants CDCP2 p.P408RfsX46 and KISS1
p.Q36R, the chromosome 2 variant SPR ¢.596-2A>G and the chromosome 19
variant NPHS1 p.R1160X are inconclusive as these variants did not form part of
the IBD segment that was detected by RaPID. No IBD segments were detected
for the five other variants; the chromosome 4 variant QDPR p.G23D, the
chromosome 9 variant GLE1 p.S693F, the chromosome 12 variant LRRK2
p.N618S and the chromosome 19 variants KLF1 p.K288X and KISS1R
p.Y190_A199del.
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5. Conclusion

The primary aim of this study was to determine whether IBD segment
analysis can be used to identify the founder status of a set of variants of interest.
The first objective was to validate and compare the accuracy and performance
of six IBD detection tools to choose the best performing one. After the
optimisation of such tool and preprocessing of the Maltese dataset, the second
objective was to construct a list of variants of interest and perform IBD detection
in order to identify whether they can be classified as founder variants of the
Maltese population. Many of the chosen variants are pathogenic, and have been
reported to have a higher frequency in the Maltese when compared to other
populations. The third objective was to develop a bioinformatics pipeline that
aids the process of identifying founder variants and ROH. The method of
selection of such tool, the steps involved in the identification of founder variants
through IBD segment analysis and the developed bioinformatics pipeline were

discussed in detail in the previous chapters.

5.1 Revisiting the Aims and Objectives

The first objective of this project was to compare the performance of six
of the most used IBD detection tools in the last five years, hap-IBD, RaPID,
RaPID-Query, FastSMC, RefinedIBD and IBDSeq. This was done with the first
open-source benchmarking method called IBD Benchmark, which calculates the
accuracy, length accuracy, length discrepancy, recall and power of the tools
(Tang et al., 2022). A readily available phased sequencing European dataset
(closest to Maltese) of chromosome 20 of 4,000 individuals provided by Tang et
al. was used. With RaPID being the best performing and robust tool, especially
with the introduction of genotype error rate, it was chosen to perform IBD
analysis on a Maltese dataset. It was further optimised by testing out different
window sizes and number of successes for the tool, with the window size of 5

and number of successes of 10 yielding the best results.
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The second objective was to compile a list of variants of interest to the
Maltese population, which consisted of 15 variants, and perform IBD detection.
This was achieved by selecting variants which have a higher frequency in the
Maltese when compared to other populations, many of which also reported to
be pathogenic. This was followed by the IBD detection of the Maltese dataset
using RaPID. This consisted of a single VCF of 1,076 genomes extracted from
the Maltese population that formed part of the MAMI project (Attard et al.,
2014), and was filtered down to 844 individuals after the removal of the relatives.
Removal of these cases would ensure detection of IBD segments in unrelated
individuals only and exclude any false positives. The dataset was divided on a
chromosomal basis with VCFtools and genotype phasing was performed using

Beagle, since RaPID needs both of these requirements.

The third objective was to develop a bioinformatics pipeline that
automatically aids in the identification of founder variants. This was achieved
with the creation of a Python script that identifies all IBD segments that involve
the variants of interest. The start and end positions of the segments are plotted
in a horizontal bar plot where the common range between them is highlighted.
This range of positions is used to plot a heatmap containing homozygous
reference, heterozygous and homozygous alternate individuals, if any. This can
highlight any common genetic frameworks found in heterozygous and
homozygous alternate individuals for the variant, by forming a genotypic pattern
which will be similar amongst the individuals with the variant but absent from
the rest. The variants involved within the IBD have to be on the allele that carries
the variant of interest for the latter to be suggestive of a founder variant. The
pipeline also handles indel cases where more than one variant is sometimes
presented at the same position, hence filtering out the incorrect reads. The IBD
variant framework is then plotted using all the individuals that share the segment
and hence carry the variant of interest, within the common range highlighted

earlier.

IBD detection was first performed at a 2cM threshold, filtering any

segments below that measurement. None of the 15 variants of interest were
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found to have an IBD with this threshold, however this yielded a ROH for the
two chromosome 1 variants KISS1 p.X139fs and KISS1 p.P81R. IBD detection
was repeated at the 0.5cM threshold. From this, six variants from the compiled
list were found to reside in four different IBD segments. These include the
chromosome 1 variants KISS1 p.X139fs and KISS1 p.P81R which are part of the
same IBD segment, the chromosome 4 variant GNRHR p.Q106R, the
chromosome 4 variant TACR3 p.K286R, and the chromosome 11 variants HBB
p.T88P and HBG2 p.H118R also part of the same IBD segment. Being part of an
IBD segment and forming part of a framework of variants, it is suggestive that
the mentioned variants are founder variants of the Maltese population. At the
0.5¢cM threshold, a ROH was also detected in the chromosome 4 variant GNRHR
p.Q106R.

The chromosome 2 variant SPR ¢.596-2A>G, the chromosome 19 variant
NPHS1 p.R1160X, and the chromosome 1 variants CDCP2 p.P408RfsX46 and
KISS1 p.Q36R are inconclusive for founder variant status. These variants did not
form part of the IBD segment that was detected by RaPID as such IBD segments

resided on the opposite allele that did not carry the variant of interest.

No IBD segments were detected for the five other variants in the
compiled list, which include the chromosome 4 variant QDPR p.G23D, the
chromosome 9 variant GLE1 p.S693F, the chromosome 12 variant LRRK2
p.N618S and the chromosome 19 variants KLF1 p.K288X and KISS1R
p.Y190_A199del.

5.2 Limitations

Even though this project was successful in achieving its aims and
objectives, the following limitations were encountered, which may have

impacted the results.

One limitation of this project was in the testing of the IBD detection tools

to find the best performing one to use. Upon compilation, more than 20 tools
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were identified and it was not possible to test all of them due to the limited
amount of time available and other objectives which we were aiming to reach.
Since there is not any literature that has performed comparative analysis
between them, it was necessary to select a few of the most used IBD detection
tools in the last five years to test with IBD Benchmark and find the best
performing tool out of them. With the testing of six IBD detection tools, the rest
had to be excluded from project. Thus, there may be other tools which may
perform better than our selected tool, RaPID. These include TBPWT (Freyman
et al., 2021), llash (Shemirani et al., 2021), IBIS (Seidman et al., (2020) and
TRUFFLE (Dimitromanolakis et al., 2019), among many others.

Another limitation of the project was related to ethics clearance for use
of the data; the MAMI study data does not have ethics clearance for studies that
may be related to ethnicity. By knowing the length of the IBD segment, one can
estimate the age of the IBD and respective founder variant, as well as the most
recent common ancestor. The longer the IBD segment, the more recent the
common ancestor is. Tools such as DMLE+ (Reeve and Rannala, 2002) are able
to infer such calculation. This in turn can be used to estimate a population’s
demographic history over time, including population size, bottlenecks and
subsequent founder effects (Sticca et al., 2021). However, associating IBD
segments or founder variants with other populations and age estimation

inference of IBD segments could not be performed.

Following the previously mentioned limitation, identification of founder
variants through IBD detection alone may not be the best method. Due to the
limited resources available (limited only to VCFs), other methods of founder
variant analysis were not possible. The use of IBD segment age estimation tools
such DMLE+ would apply a possibly more accurate and efficient method. Such
tools focus more on the variant of interest, using coalescent theory to trace the
genealogical history of a variant and estimate how long ago it arose. This does
not require the identification of large IBD segments, but rather looks at the
variant of interest and surrounding haplotypes. Such tools also account for the

demographic history of the population by using mutation rate, population size,
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and generation time parameters, increasing the accuracy of the results. IBD
detection tools do not make use of such functions, making it more difficult and
less accurate in the identification of founder variants. The bioinformatics pipeline
which uses the IBD detection method also requires the user to manually interpret
the generated results as this cannot be completely automated. This would be
inefficient for investigating a large quantity of variants and also possibly subject

to interpreter bias.

Moreover, due to the limited amount of time and the type of resources
required, confirmatory analysis of founder variants was not possible through wet
lab analysis. One such method involves STR analysis, which uses short tandem
repeats of two or more nucleotides that form a repetitive unit as biological
markers (Fan and Chu, 2007). STRs are one of the most used molecular markers
in genetic testing and previous studies have confirmed the relation of certain STR
markers with specific disease-causing alleles. By taking STR markers close to the
variant of interest, one can confirm the presence of a common allele through

PCR amplification and sizing of fragments (Mejri et al., 2012).

Another limitation for the detection of IBD segments was the lack of
homozygous alternate individuals for the majority of the variants. Such
individuals have identifiable stretches of ROH, which have not been subjected to
recombination events that break up IBD segments. They simplify the
identification of genotype patterns and eliminate heterozygous noise, making it

easier to identify IBD segments.

The script variant_search.py parses the variants.txt file, which is populated
by the variants of interest in tab-delimited format. This includes the chromosome
number, basepair position, reference allele and alternate allele, and uses this
information to search for the variant within the VCF. In cases of indels, the
representation of variants in the VCF may not always match the specified
position and the respective reference and alternate alleles. On such example is
the chromosome 1 KISS1 variant at position 204,190,483 which is caused by a
nucleotide change of CT>C. This marks a deletion of a T, which occurs 1 basepair

position later (204,190,484). This is because indels are mapped to the last base
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that was called during sequencing. These discrepancies can complicate the
analysis as the variant basepair position, reference and alternate alleles inputted
into the pipeline need to match exactly the entries in the VCF. The presence of
the variant within the dataset should be confirmed beforehand as it may be

represented differently than expected.

5.3 Future Work

Key achievements of this project include the identification of the best
performing of the most used IBD detection tools, confirmation of a number of
founder variants in the Maltese population and the development of a
bioinformatics pipeline which can be used to study any variant for founder status
using IBD segments. By successfully achieving the aims and objectives of this

project, a solid foundation has been built on which further research can be done.

In the future, it would be beneficial to perform a comparative analysis on
all available tools to ultimately find the best performing existing tool. This could
be done through a benchmarking program like IBD Benchmark. Another option
would be to test the tools on real data, and perform comparative analysis with

the 15 variants that were tested in this project.

Following the identification of six possible founder variants in the Maltese
population through IBD segment analysis, the developed bioinformatics pipeline
and the readily generated IBD segments can be used to investigate other variants
of interest and identify whether they reside within an IBD segment and are
founder variants of the Maltese population. Moreover, the bioinformatics
pipeline can also be used on other population datasets, given that the relevant

data and IBD segments are generated for it.

There are other strategies that can be employed to identify founder
variants with the use of IBD segments. One alternative way to do this would be
to look solely for ROH that go through the basepair position of the variant, if
available. The length of the ROH generally indicates the length of the IBD
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segment, and if one is detected, it can be specifically used to search for the IBD
segment in all of the carriers of the variant. By default, IBD detection tools are
able to detect ROH segments alongside IBD segments. Another strategy which
can be tested is by performing IBD detection on family groups that have the
variant. Only one individual from each family was kept in our study as true IBD
segments should reside in unrelated individuals, however family groups can be
used to narrow down the location of any possible IBD segments which can then

be searched for all of the carriers of the variant.

Confirmatory research of the founder variants identified in this project
can be performed through STR analysis. This would require the selection of
chromosomal specific STR markers from a database such as STRBase (Ruitberg
et al., 2001), and through the use of fluorescently labelled flanking primers,
amplifying them using PCR. Once amplified, the STR fragments are separated by
size using capillary electrophoresis. The size of such fragments can be measured,
corresponding to the number of repeat units. If a STR marker is always found to
be associated with the adjacent variant, this contributes towards confirming the

founder status of the variant (Almeida and Korch, 2004).

5.4 Final Remarks

In conclusion, having successfully met the key objectives of this study,
numerous avenues for further research into founder variants have emerged. The
findings of this study pave the way for further investigations into the use of IBD
segments for the detection of founder variants and population studies. The
bioinformatics pipeline that was developed in this project facilitates this process
and should help researchers to identify more founder variants. Future research
should aim to explore other avenues for founder variant analysis and provide
deeper insights into their genetic impact to help refine our understanding of their

role in disease and population genetics.

100



Appendix A

Table Al: The command line arguments and parameters used for the six IBD detection tools during IBD

Benchmark analysis.

Tool Parameters Command Line Argument
w=30 ./RaPID_v.1.7
RaPID r=10 -i <input_compressed_vcf_file>
s=2 -g <genetic_map_file> -w 30-r10-s2-d 2
d=2 -0 <output_folder_name>
w=30
r=10
c=2 ./RaPID-Query v1.0-w30-r10-c2-d 2
d=2 -Im 700 -dh 1.0 -Imh 100 -dg 10
RaPID-Query Im=700 -m <output_file_name> -p <input_vcf_file>
dh=1.0 -g <input_vcf_file> -g <genetic_map>
Imh=100
dg=10
java -jar hap-ibd.jar gt=<input_vcf_file>
hap-IBD min-output=2 out=<output_file_name>
map=<genetic_map_file> min-output=2
bcftools convert <input_vcf_file>
--hapsample <output_file_name>
./FastSMC_exe --inFileRoot
FastSMC —-min_m 2 <input._hapsample_name':>
--outFileRoot <output_file_name>
--decodingQuantFile decodingQuantities.gz
--mode array --min_m 2 -segmentLength
--hashing -perPairPosteriorMeans
--perPairMAP --noConditional AgeEstimates
java -jar refined-ibd.7Jan20.102.jar
RefinedIBD length=2 gt=<input_vcf_file> out=<output_file_name>
map=<genetic_map_file> length=2
sed '/7## /' s/|/\//g' INPUT.vcf > OUTPUT.vcf
IBDSeq java -jar ibdseq.r1206.jar gt=<input_vcf_file>
out=<output_file_name>
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Table A2: The command line arguments and parameters used for the preparation of the MAMI VCF dataset
and IBD detection with RaPID’s optimal parameters.

Step Parameters Command Line Arguments
Unphasing N/A sed '/ M/ s/|/\//g' <input_vcf_file> > <output_vcf_file>
vcftools --vcf <input_vcf_file>
Filtering of --<input_relatives_ids.txt>
. --recode
Relatives --recode
--out <output_vcf_file>
vcftools --vcf <input_vcf_file>
Chromosomal --chr <chr_number> --chr <chr_number>
Extraction --recode --recode
--out <output_vcf_file>
java -jar Beagle.01Mar24.d36.jar
gt=<input_vcf_file>
Phasing nthreads=20 map=<plink_genetic_map>
window=10 nthreads=20
window=10
out=<output_vcf_file>
/Rapid_v.1.7  -i <input_vcf_file>
RaPID IBD -w5 -r10 -g <map_file> -o <output_ibd_file>
Detection -s2 -d 2 -w5 -r10
-s2 -d 2
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Appendix B

This appendix includes all the extra generated plots and figures that did

not make the final dissertation writeup.

IBD Benchmark IBD Detection Tool Plots

IBD Benchmark at 60.0% Threshold and 0% Genotype Error Rate
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Figure B1: IBD Benchmark results of the IBD detection tools at 60% threshold and 0% genotype error
rate.

IBD Benchmark at 70.0% Threshold and 0% Genotype Error Rate
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Figure B2: IBD Benchmark results of the IBD detection tools at 70% threshold and 0% genotype error
rate.
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IBD Benchmark at 80.0% Threshold and 0% Genotype Error Rate

Accuracy Length Accuracy Length Discrepancy Recall
15
4
10 10 ——y - 1o
= e = >‘ -
H g g - g
g g £ g
Coa] .- e gu A
£ £ g0 z
£ £ 3 £
£ £ 5° £
§ o y oe - 5 oe
H i 8, 3
304 z 04 g g 04
£ H 4 £
,,,,,,,,,,, —————— (PO
024 oo e * 02 #=-="" - 3 02
2
1
00 00 o a0
2 3 H H ‘ 7 H 3 . B © 7 5 5 7
Centimorgan Bins {cM) Centimergan Bins (cM) Centimorgan Bins (cM) Centimorgan Bins (cM)
Power Accumulative Recall Accumulative Power
10 1e 10
g g g
2. Zos Zee
£ g £
£ £ £
5 o g os g oe
2 H a
& ) 8
£ £ 2
Fos o gos .
p-
RefinedIBD
0z 02 02 FastSMC
% RaPID
oo 00 oo -+- IBDSeq
3 3 H i : 7 3 3 i 3 : 7

Centimorgan Bins [cM)

Centimorgan Bins (M)

Centimorgan 8ins (cM)

- RaPID_Query

Figure B3: IBD Benchmark results of the IBD detection tools at 80% threshold and 0% genotype error

rate.

IBD Benchmark at 99.0% Threshold and 0% Genotype Error Rate
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Figure B4: IBD Benchmark results of the IBD detection tools at 99% threshold and 0% genotype error

rate.
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IBD Benchmark at 60.0% Threshold and 0.01% Genotype Error Rate
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IBD Benchmark results of the IBD detection tools at 60% threshold and 0.01% genotype
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IBD Benchmark at 70.0% Threshold and 0.01% Genotype Error Rate
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Figure Bé6: IBD Benchmark results of the IBD detection tools at 70% threshold and 0.01% genotype

error rate.

IBD Benchmark at 80.0% Threshold and 0.01% Genotype Error Rate
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IBD Benchmark results of the IBD detection tools at 80% threshold and 0.01% genotype
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IBD Benchmark results of the IBD detection tools at 99% threshold and 0.01% genotype
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IBD Benchmark at 60.0% Threshold and 0.1% Genotype Error Rate
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Figure B9: IBD Benchmark results of the IBD detection tools at 60% threshold and 0.1% genotype error
rate.

IBD Benchmark at 70.0% Threshold and 0.1% Genotype Error Rate
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Figure B10: IBD Benchmark results of the IBD detection tools at 70% threshold and 0.1% genotype
error rate.
IBD Benchmark at 80.0% Threshold and 0.1% Genotype Error Rate
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Figure B11: IBD Benchmark results of the IBD detection tools at 80% threshold and 0.1% genotype
error rate.
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IBD Benchmark at 99.0% Threshold and 0.1% Genotype Error Rate
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Figure B12: IBD Benchmark results of the IBD detection tools at 99% threshold and 0.1% genotype
error rate.
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IBD Benchmark RaPID Optimisation Plots

IBD Benchmark at 60.0% Threshold and 0% Genotype Error Rate
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Figure B13: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 60% threshold and 0% genotype error rate.

IBD Benchmark at 70.0% Threshold and 0% Genotype Error Rate
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Figure B14: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 70% threshold and 0% genotype error rate.
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Accuracy

IBD Benchmark at 80.0% Threshold and 0% Genotype Error Rate
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Figure B15: IBD Benchmark results of the RaPID’s different window sizes
FastSMC at 80% threshold and 0% genotype error rate.

IBD Benchmark at 90.0% Threshold and 0% Genotype Error Rate
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Figure B16: IBD Benchmark results of the RaPID’s different window sizes
FastSMC at 90% threshold and 0% genotype error rate.

IBD Benchmark at 60.0% Threshold and 0.01% Genotype Error Rate
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Figure B17: IBD Benchmark results of the RaPID’s different window sizes of 1, 3,

FastSMC at 60% threshold and 0.01% genotype error rate.
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IBD Benchmark at 70.0% Threshold and 0.01% Genotype Error Rate
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Figure B18: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 70% threshold and 0.01% genotype error rate.

IBD Benchmark at 80.0% Threshold and 0.01% Genotype Error Rate
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Figure B19: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 80% threshold and 0.01% genotype error rate.
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Figure B20: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 90% threshold and 0.01% genotype error rate.
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IBD Benchmark at 99.0% Threshold and 0.01% Genotype Error Rate
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Figure B21: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 99% threshold and 0.01% genotype error rate.

IBD Benchmark at 60.0% Threshold and 0.1% Genotype Error Rate

Accuracy Length Accuracy Length Discrepancy Recall
15
14
10 - 10 = 10
. = 12 B
g g = g
Zon ) e Zoe
fd g g £
3 H 2 T
E 0.6 s 0.6 H é 0.6
a7 & Y &
& & 2 &
g oa g oa ] £ oa
£ H v ¥
0z 02 o0z
0.0 0.0 0.0
H 3 [ 7 H H 3 5 [ H 2 3 3 H © 7 2 3 3 5 7
centimorgan Bins {cM) centimergan Bins (cM) Centimargan sins (cM) centimergan Bins (cM)
Power Accumulative Recall Accumulative Power
10 10 10
2 B El
- 0.8 ~ 08 = o8
£ £ - H
£ £ £
5 06 g 06 g o8 >
& g & o
p p 3
) E— o & &
g e g i
§ o4 . x| §ooaq £ o4
T — £ £
O —=— 1_RaPID
0z 02 02 - 3 RaPID
—o- FastSMC
oo 2 3 4 5 & 7 o0 2 3 a 5 7 oo 2 3 4 5 6 7 e S_RaRID
centimargan Bins (cM) Centimorgan Bins (c) Gentimergan ins (cM) -=-- 30_RaPID

Figure B22: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 60% threshold and 0.1% genotype error rate.

IBD Benchmark at 70.0% Threshold and 0.1% Genotype Error Rate
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Figure B23: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 70% threshold and 0.1% genotype error rate.
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IBD Benchmark at 80.0% Threshold and 0.1% Genotype Error Rate
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Figure B24: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 80% threshold and 0.1% genotype error rate.

IBD Benchmark at 90.0% Threshold and 0.1% Genotype Error Rate
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Figure B25: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 90% threshold and 0.1% genotype error rate.

IBD Benchmark at 99.0% Threshold and 0.1% Genotype Error Rate
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Figure B26: IBD Benchmark results of the RaPID’s different window sizes of 1, 3, 5 and 30, and
FastSMC at 100% threshold and 0.1% genotype error rate.
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IBD Segments for chrl, 204190483, CT > C
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Framework for variant chrl, 204190483, CT > C (1)
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Framework for variant chr2, 72891345, A > G (1)
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LD plots for the variant framework of the chromosome 4 variant TACR3 p.K286R. The D’

plot shows high levels of LD between groups of variants, whereas the r? plot shows minimal LD. This

Figure B40

small segment of about 0.4cM may have possibly been affected by recombination events over time.
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Figure B43: Full heatmap showing the common IBD segment positions for the chromosome 11 variant
HBG2 p.H118R.
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Figure B44: The genetic framework for the individuals that carry the chromosome 11 variant HBG2
p.H118R. This is smaller than the framework represented in HBB p.T88P as the highlighted common
position in the horizontal bar plot is smaller and does not include the HBB gene.
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Figure B48: LD plots for the variant framework of the chromosome 19 variant NPHS1 p.R1160X.
While some areas show high LD with D’, the r? LD values show low LD throughout.
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Appendix C

The following page includes the media content folder structure for this research

project. The contents of the folder are divided into the following directories:

Code: This folder contains all of the code that was developed and used
throughout the project. The Python script variant_search.py contains the
bioinformatics pipeline that was used to generate horizontal bar plots, heatmaps
and frameworks. The bash script generate_ibds.sh was used to automatically
perform dataset filtering, genotype phasing and generation of IBD segments, the
latter using the IBD detection tool RaPID with optimised parameters. The Python
scripts plots.py, rapid_windows.py and rapid_successes.py were used to generate
IBD Benchmark plots to compare the performance of the six IBD detection tools
that were tested. The Python scripts refinedibd.py, ibdseq.py and query.py were
used to modify the output IBD segment file of the respective tool to match IBD
Benchmark’s parser. The README.txt file contains installation and usage

instructions, including all of the dependencies required by these scripts.

Data: This folder contains all of the outputs that were generated through the use

of the previously mentioned code, and is further subdivided as follows:

e ibd_benchmark_outputs: This subfolder contains the performance results
of IBD Benchmark for the six IBD detection tools that were tested. This
includes all the outputs that were generated from IBD Benchmark and the
plots that were created to visualise the results. RaPID's folder also
includes the optimisation results of the tool for different window size and
number of successes parameters.

e variant_ibds: This subfolder contains the outputs that were generated
with the script variant_search.py. This includes horizontal bar plots,
heatmaps and genetic frameworks in relation to the variants that were
investigated in the project, which are further subdivided into 0.5cM_ibds
and 2cM_ibds. The cM values correspond to the minimum length (-d)
parameter which was set on RaPID. The ibd_files subfolder contains all of
the IBD segments that were detected by RaPID at the 0.5cM and 2cM

minimum lengths for each chromosome.
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282411 _MMB5@1@_DanielCamilleri_codeanddata
— Code
— generate_ibds.sh
F— ibdseq.py
— plots.py
— query.py
— rapid_successes.py
F— rapid_windows.py
— README.txt
F— refinedibd.py
L— variant_search.py
— Data
F— ibd_benchmark_outputs
— fastsmc_outputs
f— fastsmc_8.81_error
|— fastsmc_8.1_error]
L— fastsmc_@_error
F— hapibd_outputs
|— hapibd_@.81_esrror
|— hapibd_®@.1 _error
— hapibd_@_error
— IBDSeq_outputs
F— genetic_map_GRCh37_chri@.txt
— ibdseq_@.81_error
— ibdseq_@.1_error
F— ibdseq_@_error
L— ibdseq.py
— Plots
— 8.81_error
— 8.1_error
— @_error
— plots.py
'— rapid_windows
— @.81_error
|— @.1_error
L— @_error
— query_ocutputs
— query_8.81_error
— query_@.1_error
— query_@_error
'— query.py
— RaPID_cutputs
— rapid_©.81_error
F— rapid_@.1_error
F— rapid_&_error
— rapid_successes
|— @.81_error
— @.1_error
L— rapid_successes.py
'— rapid_windows
— 1

rapid_e.e1_error
rapid_#.1_error
rapid_@_error

rapid_@.81_error
rapid_e.1_error
rapid_@_error

rapid_e.e1_error
rapid_8.1_error
rapid_8_error

rapid_.81_error
rapid_#@.1_error
rapid_@_error
tsmc
fastsmc_@.8l_error
fastsmc_@.1_error
L— fastsmc_@_error
'— rapid_windows.py

L — refinedibd_outputs

— refinedibd_@.81_error

— refinedibd_@.1_error

F— refinedibd_@_error

L— refinedibd.py

— README.txt

L— wvariant_ibds

— @.5cM_ibds

— chrll_S5226638_T_G

— chrll_5253368_T_C

— chri_2e4198483_CT_C

— chri_ze4198659_G_C

— chri_284198794_T _C

— chrl_S54139647_G_GT

— chrl9_35831856_G_A
— chr2_72891345_4_G
— chr4_183856225_T_C
L— chr4_67754819_T_C
— 2cM_ibds

b— chri_ze4198483_CT_C
L— chri_284198659_G_C
— ibd_files

'— variants.txt
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