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Abstract
Etude de la composante génétique de caractéres complexes dans une population isolée

Mon projet de these vise a exploiter le potentiel des isolats de population pour étudier la
composante génétique des maladies multifactorielles. En effet, les isolats peuvent faciliter
I'identification des facteurs génétiques habituellement trop rares en population générale. Cette
these est composée de deux études principalement: l'imputation génétique et l'analyse de
I'héritabilité. Chacune de ces études ont été abordée sous deux angles : I'un théorique, s’appuyant
sur une vaste étude de simulations basée sur les caractéristiques de la population isolée du Cilento,
permettant d’évaluer des stratégies d’analyse et de déterminer la plus adéquate ; I'autre appliqué,
s’appuyant sur I'analyse de données génétiques réelles issues de la méme population.

L'imputation génétique est une étape cruciale pour effectuer des analyses d'association dans un
isolat et représente une méthode peu couteuse pour obtenir les séquences compléetes du génome
ou de I'exome des individus de la population. L'efficacité de cette approche dépend de la précision
de I'imputation; nous avons donc étudié plusieurs stratégies pour obtenir une précision d'imputation
maximale dans un isolat. Nous avons montré que les logiciels utilisant des algorithmes qui s’appuient
sur les caractéristiques particulieres des isolats n’étaient pas, de facon inattendue, aussi
performants que ceux concus pour les populations générales. De plus, malgré la disponibilité de
panels de référence publics contenant plusieurs milliers de chromosomes, nous avons confirmé
gu’un panel de référence spécifique de la population d’étude, méme de taille tres réduite, était
essentiel pour la qualité de I'imputation. Ceci était d’autant plus vrai pour les variantes rares.

Pour de nombreux traits, il existe des discordances entre les estimations de I'héritabilité obtenues a
partir d’individus apparentés et a partir d’individus non apparentés. En particulier, la plupart des
chercheurs considere que les effets dominants (non additifs) ne jouent pas un réle majeur malgré les
résultats contrastés des études sur les isolats. Notre deuxieme analyse a révélé des mécanismes
possibles pour expliquer la disparité de ces estimations publiées entre populations isolées et
populations générales. Cela nous a permis de faire des déductions intéressantes pour nos propres
analyses dans le Cilento. En particulier, nous avons identifié la possibilité d'une composante de
dominance non nulle pour les niveaux de lipoprotéines de basse densité (LDL). Cela nous a amenés a
effectuer des analyses d'association pan-génomique des composantes additives et non-additives
pour LDL dans le Cilento et nous avons pu identifier des génes qui avaient déja été liés au trait dans
d'autres études.

Dans le contexte de nos deux études, nous avons observé |'importance de conserver l'incertitude
génotypique (dosage pour l'imputation, vraisemblance des génotypes pour les données de
séquencage). Dans la perspective de cette thése, nous avons proposé des moyens d’incorporer cette
incertitude a certaines méthodes utilisées dans ce projet.

Nos résultats concernant les stratégies d'imputation et I'analyse de I'héritabilité seront tres utiles
pour la poursuite de I'étude de l'isolat de Cilento. Mais, ils seront également instructifs pour les
chercheurs travaillant sur d'autres populations isolées et également applicables plus généralement a
|'étude des maladies complexes.

Mots-clés : Maladie multifactorielle, population isolée, génétique, statistique, identité-par-
descendance, phasage, imputation, héritabilité, génétique dominance, déséquilibre de liaison,
effet fondateur



Anthony Francis Herzig — Doctoral Thesis — 2019

Studying the Architecture of Complex Traits in a Population Isolate

My thesis project is concerned with tapping the potential of population isolates for the dissection of
complex trait architecture. Specifically, isolates can aid the identification of variants that are usually
rare in other populations. This thesis principally contains in depth investigations into genetic
imputation and heritability analysis in isolates. We approached both of these studies from two main
angles; first from a methodological standpoint where we created extensive simulation datasets in
order to investigate how the specificities of an isolate should determine strategies for analyses.
Secondly, we demonstrated such concepts through analysis of genetic data in the known isolate of
Cilento.

Imputation is a crucial step to performing association analyses in an isolate and represents a cost-
efficient method for gaining dense genetic data for the population. The effectiveness of imputation
is of course dependent on its accuracy. Hence, we investigated the wide range of possible strategies
to gain maximal imputation accuracy in an isolate. We showed that software using algorithms which
specifically evoke known characteristics of isolates were, unexpectedly, not as successful as those
designed for general populations. We also demonstrated a very small study specific imputation
reference panel performing very strongly in an isolate; particularly for rare variants.

For many complex traits, there exist discordances between estimates of heritabilities from studies in
closely related individuals and from studies on unrelated individuals. In particular, we noted that
most researchers consider dominant (non-additive) genetic effects as unlikely to play a significant
role despite contrasting results from previous studies on isolates. Our second analysis revealed
possible mechanisms to explain such disparate published heritability estimates between isolated
populations and general populations. This allowed us to make interesting deductions from our own
heritability analyses of the Cilento dataset, including an indication of a non-null dominance
component involved in the distribution of low-density lipoprotein level measurements (LDL). This led
us to perform genome-wide association analyses of additive and non-additive components for LDL in
Cilento and we were able to identify genes that had been previously linked to the trait in other
studies.

In the contexts of both of our studies, we observed the importance of retaining genotype
uncertainty (genotype dosage following imputation or genotype likelihoods from sequencing data).
As a prospective of this thesis, we have proposed ways to incorporate this uncertainty into certain
methods used in this project.

Our findings for imputation strategies and heritability analysis will be highly valuable for the
continued study of the isolate of Cilento but will also be instructive to researchers working on other
isolated populations and also applicable to the study of complex diseases in general.

Keywords: Multifactorial Disease, Population Isolates, Genetics, Statistics, Identity-By-Descent,

Phasing, Imputation, Heritability, Genetic Dominance, Linkage Disequilibrium, Founder Effect
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Opening Remarks

There exists great variation in the human genome in the modern-day global population, and
describing the source of such variation is a theme that has intrigued those working in many different
fields of research; from biochemistry to applied mathematics. In population genetics, current
consensus following years of analysis of human genetic diversity has arrived at the “out of Africa”
model. This describes a genesis and subsequent long period of human activity in East Africa followed
by multiple waves of gradual migration into surrounding continents. The study of human genetic
variation has revealed many moments where new populations expanded in new territories following
the migration of relatively few individuals from a large ancestral population. We will loosely term
this effect on population expansion as a ‘bottleneck’; capturing the idea that the new population is
connected through ancestry to its population of origin through a relatively small number of lines of
inheritance. The occurrence of bottlenecks in this demographic expansion of human beings across
the planet is easily conceivable when considering the geography of habitable regions and the
distances and routes between continental landmasses. From Figure 0.1 taken from Liu, et al. ! we
can well imagine why there exists less genetic variation in the native populations of South America
than in Europe or Asia; which in turn harbour less genetic variation than in Africa’. These principal

prehistoric bottlenecks have broadly shaped the world’s population.

The study of isolated populations is concerned with the same phenomenon that have governed
human genetic variation but on a smaller scale. Various geographic, historical, or cultural selections
can lead to a small group of individuals founding a new community that grows in relative seclusion
from the wider population from which the founding individuals originated. For an example, the
Icelandic population gives a good illustration of these principals. The earliest record of human
settlement in Iceland was in the 9™ or 10" Century, an event that was documented in the
Landnamabdk’, written originally by Ari Thorgilsson the Learned, born in 1067, a historic text

detailing family history and important events in the first few centuries of Icelandic history.
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Figure 0.1 - Taken from Liu, et al. 1. Possible principal routes of human population expansion based
on shortest possible geographic distances; taking terrain characteristics into account. Blue dots

5

represent populations found in the CEPH human genetic-diversity panel*’; a landmark study of

human genetic variation.

-
Excerpt 1: Page 8

CuapTER. VI. That summer when Ingolf set out with
his companions to settle Iceland, Harald Fairhair had
had been for twelve years King over Norway. There
had elapsed from the creation of the world six thousand
and seventy three winters, and from the Incarnation of
our Lord eight hundred and seventy four years. They
held together until they sighted Iceland, then they sepera-
ted. When Ingolf sighted Iceland he cast overboard his
high seat pillars for an omen, and he made the vow that he
would settle there wherever his high seat pillar came
ashore.

Excerpt 1: Page 13

Of Helgi Bjola. Helgi Bjola, the son of Ketil Flatnose,
went to Iceland from Sodor=The Hebrides. He was
with Ingolf the first winter, and settled under his advice
the whole of Kjalarness, between Mogil's river and
Mydal's river. He dwelt at Hof. His sons were Slaugh-
ter Hrapp, and Kollsvein, father of Thorgerd, the mother
of Thord, the mother of Ogmund, the father of Bishop
John, the Holy.

Excerpts from the Landndmabdk. The text gives highly detailed accounts of familial relationships,

along with atmospheric passages.

This represents an invaluable resource for Icelandic geneticists. The genetic origins of the modern

day Icelandic population have been widely studied®® over recent decades and continues to drive

research including recent analyses of ancient genomes®.
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The genetic properties of isolated populations have long been of interest to epidemiologists. Many
isolates have unusually low or high prevalence of certain diseases. As a case study we could look
briefly to the example of Tay-Sachs disease which was observed as having a 10 times greater

prevalence in Ashkenazi Jews'®'"; a population extensively studied and established to be a religious

or cultural isolate®*™*

. Isolated populations may well be characterised having a high proportion of
consanguinity and so present an opportunity for uncovering genes that cause rare recessive
disorders. Indeed, for the Hutterite population of North America™, one the most widely investigated
genetic isolates, over 30 such recessive disorders have been recognised in the population®® and one

can even find an extensive clinical database of genetic disorders associated with the Hutterites and

similar populations®.

In the ‘90s and ‘00s, isolated populations were championed as a powerful tool for unpicking the

genetic architecture of complex traits*®?*

. We refer to a trait as ‘complex’ when: (a) we observe the
following high variability in the presentation of the trait; and (b) we anticipate that multiple factors,
both genetic and environmental, will be necessary to explain the trait’s distribution without any one
factor being sufficient to do so. Indeed, many studies of complex traits in isolates have already led to

several notable discoveries®®.

Some particular illustrations include the extensive study of
Alzheimer’s disease in Iceland, Schizophrenia in Finnish cohorts, and Asthma in the Hutterites, which

all will be discussed in detail in Section 1.2.6.

This thesis is concerned with the study of complex traits in isolated populations, specifically in the
setting of recent advances in the gathering of genetic data and recent trends in study design in
genetic epidemiology. This will both involve theoretical discussion of the statistical methods involved
using detailed simulation data as well as analysis of a known isolate; the three villages of the Cilento

population from Southern Italy.

10
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Chapter 1: Introduction

1.1 Principals of Genetic Epidemiology

1.1.1 Genome Structure

The human genome is a set of complex double-helical chains of deoxynucleic acid (DNA). This
structure of this chain provides a biochemical code for the production of all necessary proteins
required for the development and sustainment of the human body. Each of the two linked strands
that comprise a section of DNA is a sequence of nucleotides composed of one of four chemical
bases: adenine (A), guanine (G), cytosine (C), or thymine (T). The two stands of the double helix are
bound together at each nucleotide position, with adenine binding exclusivity to thymine and
cytosine exclusively to guanine. Within each human cell nucleus, 23 pairs of long DNA molecules are
found. These 23 different sections of DNA are known as chromosomes, with the first 22 existing in
homologous pairs (the autosomal chromosomes) and one pair of sex chromosomes where males
have one X and one Y chromosome (which differ greatly in size and in composition), and females
have two X chromosomes. As each chromosome presents in a pair, humans are ‘diploid’ organisms.
Outside of the cell nucleus, there is also a comparatively small amount of mitochondrial DNA that is
haploid; meaning there is only one copy unlike the 22 diploid autosomal chromosomes. The
ensemble of the 23 chromosome pairs and the mitochondrial DNA is the human genome (see Box

1.1.1).

Grand scale scientific projects and collaborations gave the firsts complete maps of the human
genome in the 1990’s**”® before the human genome would be for the first time sequenced
comprehensively in the early 2000’s***'. From hence, one could describe each position of each
chromosome by the exact number of pairs of base nucleotides from the beginning of the
chromosome. Given that within the double helical structure, adenine binds exclusivity to thymine
and cytosine exclusively to guanine, it is only necessary to keep track of one of the two strands in

each chromosome.

11
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For each position, the two bases (one from each chromosome) make up the genotype which we
write as A1 A,; examples could be GG, CC, TA, etc. For most positions on the human genome, the
values of A; and A, will be equal and invariant across all individuals. However, for a fraction of
positions, multiple nucleotides can be observed in different individuals and indeed within the
genotype of a single individual. Positions such as these are ‘genetic variants’, and this is indeed the
simplest case of a genetic variant: a single position where two or more nucleotides can be observed

in a population. We term the different possible values that a genetic variant can take as ‘alleles’.

I — 12 3 45 6 7 8 9 1011 12 13 14 15 16 17 18 )

The genome of an individual -
with 23 pairs of chromosomes: /
Note that we order 1920 21 22wy ' xy
chromosomes by physical size.
If we zoom in on a short section from two A T A T
homologous autosomal chromosomes: (o G c G

T A T A
Sequences of base pairs on the ‘Up’ strand ? 2 ? 2
(blue) and the ‘Down’ strand (red) are A T G c
displayed. c G c G

G C G C

T A T A
We keep track of only the Up strand l l
(without loss of generality) and record the
genotypes as follows: ... AIA C/IC TIT G/IG TI/T AIG C/IC GIG TIT ...
In particular, we notice that at the 6% ' o J/
position of the short example sequence, This Individual has the genotype A/G at
this individual has different base-pairs. position 6 on chromosome 10" !

. A

Box 1.1.1 — A view of the human genome, and a view as to how to describe particular genomic
positions.

There exist many more complex forms of genetic variation. Often genetic variants span many
positions and have multiple possible alleles. Explicitly, a genetic variant could describe the different
possibilities for a short sequence of base pairs as well as occurrences such as: (a) ‘insertions’ where

additional stretches of DNA appear to be inserted into a chromosome; (b) ‘deletions’ where a stretch
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of base pairs can appear to disappear in certain individual; (c) ‘repeats’ where a short sequence
(such as ‘CT’) can be repeated (i.e. CTCTCT...) a different number of times; (d) ‘inversions’ where a
short sequence can appear but in reverse order; or (e) translocations where a short sequence can
appear in an unexpected position (or even chromosome). The example of a genetic variant in Box
1.1.1is a single nucleotide polymorphism (SNP) and in general, when any genetic variant is discussed
in this thesis, it is assumed to be a SNP unless otherwise stated. Furthermore, in this work our
discussion will focus on genetic variants that have only two possible values within a population and
which lie on one of the 22 autosomal chromosomes (unless otherwise indicated). Going forward,
when discussing a single variant in generalised terms, we will name these two alleles as ‘A" and 'a’.
‘A" will denote the ‘reference’ allele, or the most commonly observed allele, and 'a’ will be the
‘alternative’ allele that is less commonly observed, apparently arising from mutation. Several
alternative alleles may occur at a given position, but in general we will assume only one possible
alternative allele. Therefore, there will generally be three possible genotypes: AA, Aa, and aa as
each individual with have two alleles at every position on the 22 autosomal chromosomes. In
practical terms we can encode the genotypes AA, Aa, and aa as 0, 1, and 2 (describing the count of
minor alleles in the genotype). One would only require a dictionary to look up the nucleotide values
of the reference allele A and the alternative allele a. The terms ‘major’ and ‘minor’ will also be used

for the reference and alternate alleles.

To give a concrete example of how our DNA actually acts as well as the effects of genetic variation,
we can focus in on the APP gene found on chromosome 21. In section 1.1.4, we discuss the
definition of a gene in detail, for now we can simply picture a section of DNA or long string of
nucleotides (APP is approximately 290,000 base pairs long) that work together giving a certain
biological functionality. APP is a gene responsible for the production of Amyloid beta peptides (48).
Subtle variations in the proportions of different Af compositions can lead to these molecules to fold
upon themselves and congregate in the brain, and their presence has been widely linked to

neurodegenerative effects, i.e. they may be harmful to nerve cells. APP is a gene of ancient origins*
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(back to when vertebrates were first developing) and A seems to now be a multi-functioning tool in
the human body (in particular the brain) including sealing leaks in the blood-brain barrier, aiding
brain recover after injury and regulating synaptic function relating to memory consolidation®*. The
list of mutations or genetic variants within the APP gene is extensive; an excellent and detailed

resource can be found at https://www.alzforum.org/mutations/app.

Two examples of SNPs that have been studied within the APP gene are ‘rs63750264’ (at position
27,264,096 of chromosome 21 with reference allele C and potential alternative alleles A, G, or T) and
‘rs63750847’ (at position 27,269,932 and with reference allele C and alternative allele T). The
occurrence of the rs63750264 mutation was initially shown to be associated with greater risk on
early onset of Alzheimer’s disease® from a study of affected British families and later investigation
showed this mutation to result in higher production of AB42%° (an apparently particularly
unfortunate variation of Af). Mutations at this position are very rare worldwide, but they have been
observed in families from many different ancestral origins. Our other example, rs63750847, was
discovered in a study of 1,795 Icelandic individuals®® and is extremely rare outside of Scandinavia.
This variant was shown to decrease the production of AfS after having been found associated with a
significant decrease in risk for developing Alzheimer’s disease. These two example mutations (whose
actions we have rather simplified) only scratch the surface of the multitude of results that have been
carefully gathered to describe possible relationships between APP and Alzheimer’s disease; and APP
itself is by no means the only gene that has been linked to the condition. However, these examples
give an insight into the interplay of genome and physiology, the complexity of the task in hand of
describing the genetics of complex traits, as well as hinting at the potential of studying isolated

populations.
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1.1.2 Genetic Data

In the last 20 years, the size (in terms of number of measured genomic positions and also in the size
of cohort studies) of genetic data has drastically increased. Technological advancements have
allowed the cost of genotyping entire human genomes to drop sufficiently such that studies
involving thousands of fully sequenced individuals have become widely prevalent. We will discuss
three types of genetic data in this thesis: (a) genotyping array data, to be referred to as “Array”; (b)
whole-exome sequencing data, to be referred to as WES data, and (c) whole-genome sequencing
data, to be referred to as WGS data. Array data consist of hundreds of thousands of genotyped SNPs,
known to be polymorphic in multiple worldwide populations. Such data is capable of characterising
uniquely the genome of any individuals, of observing relatedness between individuals, and for
estimating the ancestry of a given individual. Furthermore, through Linkage Disequilibrium (a
description of statistical correlation between pairs of nearby genetic variants, discussed fully in
section 1.2.3), Array type data can represent the variation of the entire genome. This is a
consequence of the fact that the many thousands of genotyped SNPs span the 23 chromosomes in
an even manner (when viewed macroscopically). These Array positions are aiming to ‘mark’ as much
genetic variation as possible, through the fact that any given genomic position should not be too far
away from a genotyped Array position. The human exome describes the fraction (~2%) of the entire
genome that is directly responsible for protein coding. Simply put; it is the ensemble of genome
segments (exons) that have the most direct actionable effects. This is not to say that the remaining
~98% of non-coding genome is not important, indeed it is from these regions that the majority of
significant associations with complex traits have been found®”*®. WES data is the full sequence of
these exonic regions, which will comprise a large set of small packets of closely grouped, if not even
sequential, genetic variants. WGS data is a record of every position on the human genome, though
typically only the polymorphic markers will be analysed for obvious reasons. This will usually

represent many millions of genetic variants.
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Figure 1.1.2 gives a visualisation of WGS, WES, and Array positions that are present in the datasets of
the Cilento isolate (discussed fully in section 2.1) that fall within the first million base pairs of
chromosome 10. We can observe here the density of the WGS data, the regions with clustered WES
data and the spread of Array positions. The plot contains 3,918 WGS positions, 149 WES positions

and 52 array positions.

Was
WES L O 111 T T T R Wi
Array |l O T O T O T I TR (IR T T T I

0 Chromosome 10 106

Figure 1.1.2 — Different types of genetic data, with different densities of positions. A short example of
positions from Whole-Genome Sequencing (WGS) data, Whole-Exome Sequencing data (WES) and
genotype array data (Array) on the first million base pairs of chromosome 10.

1.1.3 Inheritance

There exist two notable exceptions to the previous statement that each human cell contains 46
chromosomes — the male sperm cells and female ovule cell contain only 23 chromosomes; one copy
of each autosomal chromosome and one sex chromosome (ova will carry one X-chromosome, and
spermatozoa will either carry either an X or a Y chromosome. Such cells carrying half of an
individual’s DNA are known as gametes, and the joining of two gametes during sexual reproduction

is the mechanism by which genetic data is passed from parents to offspring (Box 1.1.3, section A).

The creation of gametes (a process known as meiosis) allows for the transmission of material from
both parental chromosomes to their offspring. Hence, each chromosome within each new gamete is
composed of fused fragments of the two parent chromosomes (Box 1.1.3, section B). The process
that rends fragments from each individual’s two pairs of chromosomes and then reconstructs new
chromosomes in gamete formation is known as recombination. In section B, of Box 1.1.3, we can see

that two recombination events have occurred during the creation of the orange gamete passed from
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father to child, and one recombination event has occurred during the maternal transmission. These
recombination events are marked in the figure by ‘r’. In section C of Box 1.1.3, we see this
transmission of genetic material within a population over many generations, involving many
recombination events. This gives the idea that our genomes are mosaic like, built of small sections of
ancestral genomes. We also touch here on the idea of identity-By-Descent (IBD), the situation where
multiple identical copies of a portion of a chromosome, inherited from a common ancestor, are

observed in a population.

@ B

Box 1.1.3 — Inheritance

I I father mother |:| H I [I

TN

oy IBlolioio- ol

A —One inherits 50% of ones genome from ones father, and 50% from ones mother.

B — In greater detail, we see that recombination (‘r’) during the formation of gametes means that one
inherits genes from all four grandparents.

C — After many meiosis spanning many generations, our genomes become mosaics of ancestral
chromosomes. The two individuals in the bottom right corner share an identical chromosome segment
(yellow). Such shared regions are termed Identical-By-Descent (IBD): an important concept discussed in
\Section 1.2.4. )

e

Box 1.1.3 - The concepts of inherited genetics, recombination, and the transmission of chromosome
segments.
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1.1.4 Genes and Mendelian Traits

Before continuing, we should establish what is meant by a ‘gene’. This is a term that has evolved
alongside the centuries of progression of scientific understanding of genetics®. In what is a widely
celebrated example of scientific curiosity and endeavour, Augustinian friar Gregor Mendel’s
investigation into pea plant characteristics® in 1866 marked the beginnings of the concept of
physical entities (Mendel referred to these as ‘elements’) that are transferred between generations.
We now know that he had discovered what we would still call genes in the genome of Pisum sativum
that affected observable characteristics such as the colour of the flowers or the exterior texture of
the peas. After the turn of the century, the link between chromosomes and inheritance was
developed*** and hitherto, to a large extent, a gene was considered as a single-point entity, lying on
a chromosome. When the double-helical structure of DNA was co-discovered by James Watson &
Francis Crick®, Rosalind Franklin®, and Maurice Wilkins* (the accreditation of this discovery being
an extensive subject in its own right), we arrive at the concept of a gene being a string of nucleotides
that give a code for the production of a specific protein; a molecule of messenger ribonucleic acid

(MRNA).

To make a brief aside, this is the definition that | would tend to hold inside my head. However, often
it is still most intuitive not to reflect at all on the physical description of DNA, and to consider each
chromosome to be an enormously long string of random variables from a probabilistic point of view.
Or, in an even more practical sense, as a long series of zeros, ones, and twos stored digitally as the

scale of genetic data can simply only now be dealt with advanced computational algorithms.

Yet, the coding string of DNA definition is still an over simplification. There is great variation in
mechanisms for producing mRNA, and the model where one gene codes one specific molecule has
multiple counter examples. What is more, the boundaries between pairs of genes and between
genes and non-coding regions are often practically indeterminable. The scale of interaction between

DNA elements has also been shown to be highly complex and much study has gone into the action of
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entire networks of genes, the role of genes within diverse biological pathways as well as the activity
of genes in different parts of the body. A further layer of complication comes from the fact that
chromosomes are tightly folded in on themselves, with regions segregating into ‘topologically
associating domains’ whose distributions are known to play a part in gene regulation. One can also
make reference to the studies of epigenetics, to endogenous viral elements within the genome, of
chromosome X inactivation. Indeed, the list of topics not considered in this thesis grows worrisomely
large. Here, one should highlight both the huge challenges as well as rich opportunities for genetic
studies. It is a subject that is well disposed to intrigue biologists, chemists, mathematicians,
statisticians, computer scientists as well as other disciplines. There is a great importance for
collaborative efforts across these disciplines in order to effectively unlock the functionality of the

human genome.

The behaviour of many genetic disorders is described as Mendelian or monogenic. This is the case
when an individual’s genotypes across variants in a single gene are the sole genetic variation that
governs an observable phenotype, or disease. Different possible mutation at different positions in
the gene may be implicated in the prevalence of the disorder. A classic example of such as disorder
is Cystic Fibrosis*, a genetic disorder that affects multiple systems in the body due to mutations in
the CFTR gene on chromosome 7. Around two thirds of all cases are caused by the presence of a
three-nucleotide deletion called AF508*, Affected individuals will this deletion on both copies of
their 7" chromosomes. The remaining third of the cases are caused by neighbouring mutations, of
which over 1,000 have been identified, many of which have been studied in isolated populations.
One notable example being the mutation MR1101K (in gene CFTR) that was discovered in the

Hutterite population®® where the mutation is unusually frequent.

Mendelian traits are characteristically rare (infrequent within a population) and the relationship
between the mutation and the disorder is usually clear-cut. To be precise, there is a high or

complete penetrance. The penetrance of a genetic variant involved in a Mendelian disorder is the
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proportion of carriers of the mutation who also develop the disorder. The higher this proportion, the

more likely the genotype of the variant will determine the distribution of the trait.

Family based studies involving linkage analysis have proved very successful in identifying for many
such disorders as well as disorders that are oliogenic (dependent on a few genes), each acting in a
Mendelian way. Study designs for linkage analysis do not require whole genome sequencing, but
only a dense enough set of genetic markers in order that any conceivable variant in a gene that
affects the trait will be in ‘close’ enough (concepts of genetic distance are discussed in Section 1.2.3)
with one or several of the genotyped markers. These markers are chosen to be highly variable so
that the transmission of chromosome stretches (haplotypes) can readily be tracked through meiosis
in the family structure. Linkage analysis is usually based on calculating Morton’s LOD scores*®, which
describes the logarithmic odds of whether genetic markers are close or not to a causal variant. Such
methods require the ability to calculate the likelihood of given genotypes in a family based on a
known pedigree; notably using either the Elson-Stewart™ algorithm or the Lander-Green-Kruglyak
algorithm>"*2,

Figure 1.1.4 gives an example of a highly complex pedigree of five generations from a Bedouin tribe
which includes high rates of inbreeding; also given is an extract from the corresponding study
describing the population. This example is taken from Scott, et al. >, who were able to locate the
gene that would be shown to be responsible for the numerous individuals within the family affected
with Nonsyndromic Autosomal Recessive Deafness. The gene they found was DFNB1 which is
located on chromosome 13, which subsequently was shown to carry certain mutations in this

Bedouin family®*. In the figure, haplotypes for five variants are tracked through the pedigree, helping

to pinpoint the linkage signal.
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The Bedouin family described in the present study
belongs to a tribe founded ~200 years ago by an Arab-
Bedouin male who emigrated from Egypt to the southern
region of what was then Palestine, He married a local
woman and had seven children, five of whom survived
to adulthood. Consanguineous marriage has been the
rule in the tribe since its third generation. The tribe is
presently in its seventh generation and consists of some
3,000 people, all of whom reside in a single geographic
area in Israel that is separated from other Bedouin com-
munities. Birth rates within the tribe are high, and polyg-
amy is common.

Figure 1.1.4 - Pedigree used for linkage analysis of Nonsyndromic Autosomal Recessive Deafness in a
Bedouin population along with excerpt from Scott, et al. >
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1.1.5 Complex Traits and Causal Variants

This thesis is concerned with the behaviour of complex traits. This is the study of continuous human
characteristics, and diseases and disorders with varied phenotypic presentations. Complex traits may
also be binary in nature, and in this case, it is the risk of having the disease that is thought of as
continuous. Such traits are demonstrably non-Mendelian, yet there is clear evidence from the
analysis of family data that they can be (partially) inherited. The idea is that there is correlation
between the phenotypes of parents and their offspring: tall parents are more likely to have tall
children. However, a gene for tallness is not forthcoming. The heights of adult males and female are
normally distributed, with many non-genetic factors affecting the measurement. R.A. Fisher was the
first to formally describe how the multiple genetic variants, each acting in a Mendelian way could
combine together to give continuous distributions of complex traits observed across a population™.
The central idea being the polygenic Model: some large number (j = 1, ..., M) of genetic variants
each contribute to the trait with values of Ujo, Uj1, and uj,, dependent on their three possible
genotypes AA, Aa, and aa. M = 1 describes Mendelian inheritance, as might be seen within a study
of an affected family, M < 10 was the level of polygeny that was expected to be found for most
human complex traits until recent decades, and M > 10 approaches Fisher’s infinitesimal model
which gives a mathematically explanation that bridged the concepts of Mendelian inheritance and

the observed continuous distributions of human traits.

If we can assume that these ‘causal’ variants will act independently on the phenotype, then we can
assume that each causal variant will act in a somewhat Mendelian way on the trait, and if we look at
the marginal effect of each of these variants over a large cohort of individuals we should observe
something akin to Figure 1.1.5a. However, the more polygenic the trait architecture, the less

observable the marginal effects will be.
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Figure 1.1.5a — Relationship between the total number of causal variants and the marginal effect of a

single causal variant (under the assumption that the ensemble of all causal variants contribute
equally to the trait variance in each case).

If the variance of the trait is fixed, then the polygenic model leads to this relationship between the
number of causal variants (M) and the effect sizes of such a variant. Hence, for a highly polygenic
trait, it becomes very difficult to detect the effects of causal variants and may require a large
number of individuals to notice these patterns. Currently, the most prevalent method is the
Genome-Wide Association Study (GWAS). Profiting from recent sequencing technology advances
and the availability of WGS data, this method exhaustively tests the statistical association between
each sequenced variant and a given trait. In effect, no prior knowledge of which genes may play a
role in the distribution of the trait is needed, as the dense sequencing data allows for a near-
comprehensive sweep of the genome. This method is not fully comprehensive as there are still types
of genomic variation that are very difficult to successfully sequence which are therefore not always
included’®. To date, GWAS have had great success in uncovering associations between phenotypic
and genetic variation. What is more, the breadth of such studies has gone through an explosive
increase in the last 10 years in terms of sample sizes and numbers of traits studied>’. Figure 1.1.5b
shows the numbers of GWAS ‘hits’ or associations currently archived in the online resource the

GWAS catalogue.
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Figure 1.1.5b - All published GWAS hits to date. A plot that many will recognise; we now see that
after many decades of study that the GWAS hit flags have begun to dominate the chromosomes.
Generated from https://www.ebi.ac.uk/gwas/ (December 3" 2018) where the plot can be remade to
show the published results at any date desired.

Here | will introduce statistical methods pertaining to a basic GWAS of a complex trait and some
notation relevant for the thesis in general. Assume, that for N individuals we have a vector of
phenotypes Y. If we need to denote a single individual’s phenotype, we write Y;, where the index i
runs from 1 to N. After applying transforming the trait; lets also assume that the expectation of the
trait E[Y] = 0 and the variance of the trait var[Y] = 1. Furthermore; we will assume a model where
Y follows a normal distribution. This allows us to fit a linear regression model for Y and test for an
association which each genetic variant. A GWAS represents a collection of tests of the following
model:
Y~MVN(B;X; + UBo, 021y)
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Xj is the vector of the genotypes of genetic variant j across the sample. Writing a single entry of X;
as X;j, the genotype of variant j for individual i, where:
0, genotype of variant j for individual i = AA
Xij =41 genotype of variant j for individual i = Aa
2, genotype of variant j for individual i = aa
This represents an ‘additive’ model for the genetic effect. U is a matrix of other non-genetic
covariates, f; is a constant, f3, is a vector of constants and o2 describes variance in the trait coming
from environmental effects. Iy is an N X N identity matrix. Our statistical test will be against the null
hypothesis: Hy: B = 0.
When dealing with a sample which include related individuals, such as in an isolated population, we
can expect the phenotypes of closely related individuals to be correlated. In order to be able to
separate these patterns from the effects of a single variant requires a more complex variance

structure and so a Linear Mixed Model (LMM) is fitted. Now we assume that the phenotype follows

a multi-variate normal distribution:
Y~MVN(B;X; + UBo, K + 0Z1y)

This variance structure is comprised of the environmental variance oIy that is independent across
individuals and a genetic component K. Here, K is a variance-covariance matrix representing the
correlation between phenotypes of pairs of individuals (usually based on their relatedness); T is a
constant. This LMM and the variance-covariance structure K will be the main focus of Chapter 4

where we will revisit these models in much greater detail.

For GWAS, we are discussing a model which involves a continuous distribution of a trait and which
involves very subtle patterns that will not present themselves clearly in data collected from a family.
This leads to the study of genetics over wide cross sections of populations rather than orientating
one’s ideas around the genetics of a single individual. In the following chapter, we will introduce
concepts of population genetics, including isolated populations, before exploring further the study of
complex traits.
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1.2 Principals of Population Genetics

It should be noted that in animal/plant studies, the ability to select and oversee crosses between
individual organisms facilitates many potential analytical approaches. This not being possible in
humans, large existent human populations are studied. In a sufficiently large population, the global
genetic characteristics will be maintained between different generations, under certain conditions.
However, external forces and circumstances may lead to the natural evolution of population
characteristics and the study of population genetics is the study of the possible mechanisms that
interplay with the genetics of the population as a whole. In this section we will give only a brief
summary of concepts that will be of importance to the analyses we have performed in this thesis
(Chapters 3 and 4). The following materials will give much richer descriptions: ‘The Genetic Structure
of Populations’ — A. Jacquard (English Translation)®, ‘Introduction to Quantitative Genetics’ — D. S.

Falconer®, and ‘Génétique des Populations’ — J-L. Serre®.

1.2.1 The Theoretical Population

The context of all models that will be introduced depends on the assumption of large underlying
populations of individuals from which our study individuals have emerged or have been sampled.
The population of the entire world seems a logical realisation but, as described in the opening
remarks of this thesis, there exist too many structures in the world’s population due to the history of
migration and settlement across the planet. Instead, models are based on a more homogenous
theoretical population with a sufficiency large sampling size such that there is approximate temporal
stability - i.e. from one generation to the next, the population characteristics should not significantly
change. When mathematically minded, we can simply describe this population as infinite, though we
will instead usually describe this general population as having finite size N where N is very large. As
described by Falconer®, the most significant assumption that we need for this populations is that

the each generation transmits gametes to subsequent generations completely at random. In effect,
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that all individuals have equal fertility and all potential mating pairs have equal probability of
occurring. In detail, this requires that the formation of gametes should not engender any biases as to
which alleles are transmitted to subsequent generations. Further assumptions about this theoretical
population that are usually made include: (a) that it does not change in size between generations;
(b) alleles are transmitted immaculately (without mutations); and (c) there is no migration of new

individuals into the population.

1.2.2 Frequencies of Alleles

We have already introduced the notion of a genetic variant with (in the simplest case) two possible
alleles (A and a) and three possible genotypes (44, Aa, aa). Within a population, if we have access
genotypes of all members, we can then calculate the frequencies of each genotype, which we shall
denote as P44, Paq, and py,- We could equally think of the distribution of the genotype coming from
N individuals but from 2N chromosomes (two from each individual). We can write down the

frequencies of each of the two alleles which we denote as p,4, and p,. By simple counting, we have
the following: pgy = paa + %pAa and p, = %pAa + Paa- When we discuss a single variant in general,
we will use the following ubiquitous notation of p = p4 and g = p,. As q is the frequency of the
minor (or mutant) allele, it is more often the quantity of interest and will often be referend to as the

Minor Allele Frequency (MAF).

If we then consider a new individual being born within this theoretical population, one can attempt
to predict their genotype for this variant. The probability of receiving allele A from a parent (who has

genotype Gp) will be equal to:
1 X Prob(Gp = AA) +%>< Prob(Gp = Aa) + 0 X Prob(Gp = aa) =pyu + %pAa =p
Similarly, the probability of receiving allele a will be equal to g by symmetry. Indeed, it is clear that

this new individual’s two alleles are effectively random draws from the pool of alleles in the parent

population. This uses the conditions outlined in Section 1.2.1 specifying that this new individual has
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two parents drawn completely at random, and each allele in the population is equally likely to be
one of the two passed from these two parents to the child. Denoting the new individual’s genotype
as Go, with the random mating assumption, the inheritance of each allele is an independent event
and the probability of the three possible genotypes are Prob(G, = AA) = p?, Prob(G, = Aa) =
2pq, and Prob(G, = aa) = q2. If we then consider the birth of many individuals, or in effect the
arrival of an (n + 1)t" generation arising from random mating in the nt* generation, we should
expect to see genotype frequencies in this (n + 1)”‘ generation approximately equal to pz, 2pq,
and g2. These frequencies are known as the proportions of Hardy-Weinberg. If a genetic variant
presents in these proportion in a population respecting the structural assumptions laid out is Section
1.2.1 then it is said to be in Hardy-Weinberg Equilibrium (HWE). Often, a Pearson’s y2-test is
employed to test for significant departures from Hardy-Weinberg proportions (HW) for a single
variant. Small departures from HW can indicate structures within the population such as assortative
mating, non-homogenous populations, or inbreeding. However, finding an extreme departure for a
variant can be an indication of genotyping errors and so such variants are often excluded from

subsequent analyses.

1.2.3 Genetic Distance and Linkage Disequilibrium

Genetic variants are linked together in chromosomes, and inheritance works through the
transmission of long stretches of these chromosomes (Box 1.1.1). If we know that an individual has
inherited a particular allele at a particular position from one of their two parents, we can infer that
in fact they have also inherited a substantial chain of alleles (or haplotype) from that parent. Whilst
the possibility of recombination events will suggest this inherited haplotype may be limited in size
(i.e. will not span the whole chromosome for example), this inference can be highly informative and
this linking of inherited alleles will drive many statistical models for population genetics. Hence it is
of great importance to be able to describe the genetic distance between two markers on a

chromosome in order to know how likely it is for haplotypes containing both markers to be
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transmitted from parent to child. Two alleles on completely different chromosomes (e.g. on
chromosome 1 and chromosome 19) each have a 50% chance of passing on an offspring, and as they
are on separate chromosomes, there is a 25% chance of them both being passed on. This cannot be
said of two alleles nearby on the same chromosome where two alleles on the same haplotype will
either both be transmitted or neither will be; unless one (or possibly several) recombination event(s)

occur between the two positions.

In Box 1.2.3, we describe how genetic distance can be derived from the frequency of recombination
events during the production of gametes via the Haldane mapping function®’. Box 1.2.3 also gives a
brief explanation of Gametic Disequilibrium and Linkage Disequilibrium (LD). LD is the persistence of
Gametic Disequilibrium in a population (see Box 1.2.3 or for a full description see ‘Génétique des
populations’ by Jean-Louis Serre®). The LD-matrix plot in Box 1.2.3 was generated using R-package

‘Gaston’®

. This plot is a graphical representation of the lower-triangular portion of a square matrix
that gives the correlation between each pair of a set of 150 genetic variants; with the rows ordered
by the physical position on the genome. The darker coloured entries represent higher values of
correlation. Two distinct regions are clearly seen, wherein variants are correlated with each other,

but with very little correlation between variants in different regions. Such regions are referred to as

LD-blocks.
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[ Box 1.2.3 - Genetic distance, Gametic Disequilibrium, and Linkage Disequilibrium

Ala Example scenario: two geneticvariants on the same chromosome,

Aa
B b P 4@ Blp each parent carries two copies, and both carry heterozygous
genotypes A/a and B /b.

For both, the genetic ‘phase’ of these variantsis AB | ab. Thisimplies
@ that both parents have one chromosome with alleles4A and B and a
second chromosome with allelesa and b.
The key idea is that the offspring individual C will either inheritan AB or ab ‘haplotypes’ (chromosome
segment), unless there is at least one recombination event between the two variants during either
paternal or maternaltransmission. Thus, the probability of a recombination event betweenthe two loci
can be used to describe their proximity.

If we analyzed a large set of N; gametes produced by either parent, we should see
the following distribution for some positive value of 8.

Gamete AB ab Ab Ba
Frequency N;(1—-8)/2 Ny (1—8)/2 N,6/2 N,8/2

6 is the rate of recombination between the two positionsif we see recombinantgametes (4b and Ba)
with a frequency of 6. If the loci are completely un-linked then & = 0.5, otherwise if & < 0.5, the two
positions are in Genetic Linkage.

The Haldane mapping function: dy= —%]og(l — 20).

The transformation gives a useable metric in order to describe distance on a chromosome. The units of
this distance are Morgans (M), equivalentto the expected number of recombinations per meiosis that
are expected between two loci. As the valuesare usually very small, one will alwaystendto describe
distancesin centi-Morgans (cM) calculated as 100d .

If we considerthese two loci across a population, then our expected frequency of observing the
haplotype ab (pgp) is equalto p,py if we assume these alternate alleles occur independently.
However, this expectationmay not be met. If we write D = p,p — paPp , then D measures the
departurefrom this assumption. If D = 0 then the two loci are in Gametic Equilibrium,andif D = 0
then they are in Gametic Disequilibrium (GD).

Over many generation, geneticrecombination will cause GD to dissipate, but when GD persistsina
population, this is referred to as Linkage Disequilibrium(LD).

Potential driving forces of LD:

» Geneticselection and stochastic genetic drift can favourspecific haplotypes

# Migration ormovements of populations causing mixtures of different haplotype patternsof
different origins

» Mutationsin the population o

LD between two loci is most usually quantified as 2 = . This can be estimated directly as the
AVBFatb

statistical correlation between the two loci with genotypes coded as 0,1, and 2.

Belowis an example of an LD-plots of 150 variantson Chromosome 1 where pair-wise correlationsare
presented. The magnitude of the LD between two variants g;, and g;,
is shown by the redness of the corresponding pixel:

legend (g2 . v
e N
9. 5,
g1 d gz. gs '/% ‘égi;g_z
B N
LD example plot from R-Package Gaston. Chromosome 1 fragment

Box 1.2.3 — Key concepts of genetic distance and linkage disequilibrium.
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Recombination events do not occur completely at random across the genome; there are particular
places that are far more susceptible to cleave during meiosis. These regions are known as
recombination hotspots, usually between 1Kb and 2Kb in length® (Kb=Kilo-base, 1000 base pairs,
similarly we will also refer to length in Mb — Mega-base, 1,000,000 base pairs). Around 30,000
hotspots have been identified on the human genome® with an average hotspot resulting in
recombination slightly less that once every 1,000 meiosis (Myers, et al. * suggested that the average
probability of recombination at a hotspot is roughly 0.00075 = 1/1300). In Figure 1.2.3, the

recombination hotspots on chromosome 21 are displayed.

Recombination rate

cM Mp”
0 - h
Hotspots & motil [ I Homnoan I o m ] ' Ligl i = 1
- A A A A A A LY A
Genes i mnio a nm ] m
YT ™ mr—+" m a8 [ (a4 1 gt

Figure 1.2.3 - Taken from Myers, et al. ** shows estimates of recombination rates on chromosome 21.
A high peak indicates a high ratio between the distance between loci in cM compared to distance in
base pairs. These peaks indicate particular high frequencies of recombination events (recombination
hotspots). Of interest, the distribution of genes (on both the Up (+) and Down (-) strands) are also
presented.

1.2.4 Identity-By-Descent

IBD was briefly introduced in Box 1.1.3, this is a key concept in this thesis. Simply, if we observe two
alleles, then our assumption is that this pair will fall in one or three formations: (a) the two are
different (e.g. A and a), (b) they are identical (e.g. A and A), or (c) they are identical and what is
more both alleles originate from a recent common ancestor. Alleles that are identical are said to be
Identical-By-State (IBS) and alleles that are identical and share a common ancestral origin are said to
be Identical-By-Descent (IBD). IBD-sharing is a particular example of IBS-sharing. In Box 1.2.4, a
simple example of IBD is given from a nuclear family (section A), then from a pedigree (family tree
diagram) with an example of a consanguineous marriage (section B), and finally we present a well-

31



Anthony Francis Herzig — Doctoral Thesis — 2019

known and useful method of notation to describe possible IBD configurations between two
individuals (Section C). For example: A; is the probability of all four alleles being inherited IBD; A, is
the probability that individual i has two alleles which are IBD, and individual k. The probabilities of

the nine IBD states for the two siblings in section A of Box 1.2.4 are (0,0,0,0,0, 0,%,%, %). For the

e . . . 1 2 1 2 1 15 30 12
two siblings in section B, the corresponding values would be (a, 0,—,——,—,—,—,— ).

Identical-by-State (IBS).

2. Furthermore, the shared allele a is
Identical-By-Descent (IBD) as both siblings
inherited it from the father. '
3. The allele A could also be sharedin IBD,E
but this cannot be determined without
looking back at previous generations.

C Identity by descent sharing states of two individuals, i & k Allelesof i o e
For a single variant, the four alleles are displayed as points (right) .. .,
and IBD-sharing as connecting lines between points.

¢ o—o o—o0 ° e o o e o
€ e—© VO [ ] ® k e—© I I I e ® [}

A A, Ag Ay As Ag A, Ag Ay
Note: If the order of the alleles within each individual is also recorded, then there are in fact

15 possible states (so that a difference is recognized between states such as I : & :\. )

\_Hence, Ay o are referred to as Jacquard’s ‘condensed’ identity coefficients. y,

fBox 1.2.4 - Identity-By-Descent B A/ [ i b
A e A/A |
! A/A 474
Ala Ala Ala Aa
1. The two siblings share two alleles : A/a A/a

-
A/a5 @a/a

In this pedigree with a consanguineous marriage, individual k
inherited two alleles IBD where the common ancestor is
' grandparent a.

Allelesof k o e

Box 1.2.4 — Key concepts of Identity-By-State (IBS) sharing and Identity-By-Descent (IBD) sharing.

The expected values of nine IBD states, first described by Jacquard®, can be estimated from a given
pedigree. This can be done using recursion algorithms®, with the idea being that the probabilities of
each IBD state between two individuals can be derived explicitly if we know the probabilities of each
IBD state between every pair of the two individuals’ four parents. If this principal is followed, within

a finite pedigree, eventually one arrives at the ‘founding’ individuals, where the founders of a
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pedigree are simply those for whom no information about their parents has been recorded. It is
often cumbersome to work with all nine probabilities. If inbreeding (IBD-sharing between two alleles
within an individual’s genotype) is expected to be very low, it is often assumed that only the last
three coefficients (A, Ag, Ag) are non-zero and the notation (k,, k1, k) is often used (or similar),
which indicates the proportions of two alleles shared IBD, one allele shared IBD, and zero alleles
shared IBD. For brevity, we will write IBD=2, IBD=1, and IBD=0. Knowledge of IBD-sharing between
individuals and identifying shared regions can be used to infer degrees of relatedness between
individuals and has many applications such as in linkage analyses®, in methods for establishing
genetic phase and for genetic imputation (focus of Chapter 3), and in heritability studies (focus of

Chapter 4).

Before continuing, one further concept that is necessary to introduce is the kinship coefficient
between two individuals i and k. This is the probability that two alleles from the same position,
a; & a; , that are randomly sampled from two individuals i & k will be IBD. We can write this as
P(a; =gp ax). Given that the IBD state of this position will necessarily be one of the nine states

described above, we can condition on these possible states and write:
P(a; =gp ai) = Z P(a; =;gp ax|IBD state 1) A;
1

Going through the possible pictograms in Box 1.2.4, it is clear for example that if the two alleles are
drawn from a position in IBD state 1, then they will certainly be IBD. If the position has IBD state 2, 4,
6, or 9, then as there are no IBD connections between i's alleles and k’s alleles then the two
randomly drawn alleles cannot be in IBD. For states 3, 5, 7, and 8, the two alleles may be in IBD,

depending on the random draws. The probabilities of selecting two alleles IBD from these states are

, respectively. In this way we arrive at the following:

NI

l’l'l' and
2'2'2
1 1
P(a; =gp ax) = A4 +§(A3 + A5 +47) +ZA8
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The usual notation for this kinship coefficient is ¢;;. The ‘self-kinship’ comes from the same idea of
randomly drawing two alleles from the same individual, ¢;; in effect. By considering each possible

IBD case, we can see that:

it = Ay + Dy + Ay + Ay + A5+ Mg + S A + S Ag + 2 A

This we write as % (1 + f;) where f; is the inbreeding coefficient of individual i and is equal to

Ay + Ay + Az + Ay; this describes the probability of the individual having two alleles inherited from
a single ancestor at a given position. The inbreeding coefficient of individual i is also observed to be

the kinship coefficient of the two parents of individual i.

1.2.5 Population Isolates

There is no strict definition of an isolated population; here we depict an isolate by evoking first large
population, followed by a bottleneck or founding event, and a subsequent demographic growth in
isolation due to geographical or cultural factors (Box 1.2.5a). The attributes of the isolate will depend
on the makeup of the population when it was at its smallest size or at the founding event and indeed
the initial period of growth after the founding event that may involve a high percentage of marriages
between related individuals. These attributes will likely represent a drift away from the initial large

population.

In the opening remarks of this thesis, | gave the Icelandic population as an example of an isolated
population. The key elements that characterise this particular population are: (a) the founding event
- the period of settlement during which the first arrivals from Scandinavia and the British Isles began
to reside permanently on Iceland; and (b) the expansion of the population in isolation from the rest
of Europe. This is an over simplified description of the population history of Iceland as indeed
subsequent bottleneck events linked to famine and epidemics® have increased the drift in the

characteristics of this isolate.
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Box 1.2.5a — Population isolates

Large initial population

Founding Event or Bottleneck

N I )
"' N
PR |
Demographic
Growth

Population Isolate

Box 1.2.5a — Characterising an isolated population.

The study of genetic isolate data began as a logical extension of studies of large families with many
individuals affected by (mainly) Mendelian disorders®”®®. The example of non-syndromic deafness in
Bedouins (as given in Section 1.1.4) being a classic example. Advances in sequencing technology
have brought the opportunity of performing association analyses with more complex traits on large
numbers of individuals from within an isolate. Indeed, isolates hold many intrinsic advantages for

association analysis.

The bottleneck and the subsequent period of growth will results in changes in allelic frequencies.
This phenomenon is a particular example of ‘genetic drift’ first described by S. Wright®. This means
that one should expect the frequencies of genetic variants in an isolate to be different from the
population of origin. For a complex trait with a polygenic architecture, the divergent frequencies of
causal variants in the isolate may facilitate the identification of said variants. Box 1.2.5b shows an
isolate where the founding event has led to certain causal variants to disappear (as in no carriers of
the alternative allele remain); and furthermore, some causal variants exhibit a higher minor allele
frequency in the isolated population. Shortly after the founding event, the small size of the

population will further drive this perturbation of allele frequencies.
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Drift caused by a bottleneck can lead to specific presentations of the trait in question within the
population. For example, the studies of the isolate Pima Indian populations have found unusually

7972 Eyurthermore, background

high rates of type 2 diabetes but also near null rates of type | diabetes
genetic variation in a population isolate will also be reduced due to the relatively small gene pool (or
founding pool) from which all individuals are descendant. Therefore, there is less risk of potential
false positive results from association analyses due to the homogeneous nature of the population®.
In a general population, genetic variation can easily be confounded with environmental factors that
affect a given trait. This can happen when individuals from multiple ethnicities are studied together,
whose differing cultures and lifestyles may be associated with a particular trait. Stratification within

a population is a common source of bias, but it is one that should be largely avoided when studying

an isolate.

g ™

Box 1.2.5b — Specific characteristics of population isolates

Large initial population

Motivation for studying complex traits:
Several rare mutations 4 , § & linked to a
complex trait.

Founding
Event

Demographic

A clearer picture is now seen and
population isolates can be well
suited for genetic association
analyses

Population Isolate

Box 1.2.5 — Motivation for studying complex traits in isolates due to unique trait architecture.

A further benefit of studying isolated populations is that all individuals can be assumed to share a
similar environment. This is not a completely safe assumption; isolated populations will still contain

a mix of smokers and non-smokers for example and so data for potentially important non-genetic
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explanatory variables must still be collected. However, the fact that all members share a broadly
similar lifestyle makes isolated populations appealing for complex trait analyses as it suggests that a
larger proportion of the phenotypic variance should be genetic based and that there will be less
noise affecting the trait. A final unwanted potential source of variation in the trait can come from
different diagnosticians or measurement methods. Peltonen, et al. ** give the example of studies in
Finland where all clinicians are trained in one of five medical schools, all of which share academic
traditions. In practical terms, studying an isolate can again be beneficial due to the practically of
having all individuals living nearby one another and with data collection being performed at perhaps
a single location. The contained (geographical or cultural) nature of an isolate also facilitates the
collection of genealogical data. For many isolates it has been possible to gather extensive pedigree

information; the deCode project in Iceland and the Hutterite population being important examples.

Isolated populations will also have specific haplotype structures. From the point of view of
population genetics, this is manifest as patterns of LD that are unique to the isolate due to the
particularity of the founding individuals and the particular stochastic realisation of recombination
and pairings in the population’”>. Notably, population isolates will often exhibit particularly long
blocks of LD. From the point of view of family/pedigree based genetics; this specific haplotype
structure can be described by relatedness between all individuals; with the expectation being that
even pairs of individuals who are not closely related will still share very long haplotypes, or long
stretches of 1BD=1""°. This property enables the use of many statistical methods based on IBD

sharing in the study of isolated populations.

The degree to which isolates will display such noticeably specific characteristics will depend on their

2021 Efforts have been made to

age, size and the nature of their bottlenecks or founding events
classify and compare genetic isolates; by estimating the number of generations since the founding

event®, levels of inbreeding®!, and the (effective) size of the isolate®’. The effective population size is

a concept from the field of population genetics. For an isolate describes the size of a hypothetical
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idealised population that would produce similar results when analysed equivalently to the true
observed data from the isolate. Recently a formal index of isolation has been proposed by E.
Zeggini’s group83. Their measure, Isx, combines information regarding the time since the founding
event, the level of genetic drift, and the effective population size. Such characteristics are important
as they may determine the particular strength or weaknesses of an isolated population for gene-
mapping (finding associations between genetic variants and complex traits). Younger isolates that
still present relatively high inbreeding (following consanguineous pairings after the bottleneck) and
extended LD may be particularly useful for identifying new genomic regions associated with a

trait®®

. Older isolated populations carry the same advantages (if not to the same extent), but here
larger sample sizes can be gathered. This can allow searches for rarer genetic variation and more

precise localisations of disease variants can be found®.

1.2.6 Studying Complex Traits in Isolated Populations: Track Record

A myriad of multifactorial traits have been studied by genetic epidemiologists, and data from
isolated populations have played an important role. Indeed, the current largest combined panel of
human reference genomes, the Haplotype Reference Consortium®® (HRC), contains many datasets
arising from cohort studies of small founder populations including the MANOLIS* cohort, the Val
Borbera” cohort, and cohorts from Sardinia®, Finland®’, and the Orkney Islands™. | will give three
case studies of three different traits analysed in three different isolates to demonstrate the concepts

and potential of studying complex traits in isolated populations.

The first example is the study of Alzheimer’s Disease (AD) in the Icelandic population. Iceland
represents a near extreme example of an isolate in that (a) the modern day population is now of
very large size, (b) it is an isolate derived from a large number of founding individuals, and thus (c)
the expected IBD sharing probabilities between individuals is quite low compared to other isolates.
This population has produced discoveries of genetic variation that affect the development of AD. |

have already made reference to the discovery of a protective allele against AD found within the APP

38



Anthony Francis Herzig — Doctoral Thesis — 2019

gene in section 1.1.4. Other significant discoveries coming from Iceland include variants associated
with increased risk of AD in the genes TREM2%, TM2D3?, and ABCA7. The specific variant found in
TM2D3 had a MAF 10-fold greater (0.005 vs 0.0005) in the Icelandic study sample than the MAF
observed in other European populations. This genetic drift leading to this ‘enrichment’ of a mutant
allele, facilitating its own discovery through association analyses, highlights one of the
aforementioned advantages of studying isolates for complex traits. Similarly, the variant found in
TREM2 had a MAF of 0.062 in Iceland compared to MAFs between 0.001 and 0.002 in the replication

studies carried out in other European populations.

Note that these variants were still very rare in Iceland and that large sample sizes are required in
order to spot associations with such variants and further characteristics of the population are also
crucial to the success of such studies. In Steinberg, et al. ®, we see that the associating testing that
lead to the discovery of a rare variant in the ABCA7 gene involved 3,419 individuals with AD (the
cases) and 151,805 control individuals! There are two points of interest here, firstly all of the cases
were diagnosed with AD using one of only two possible strict sets of established clinical criteria and
were all enrolled at the same university hospital in Landspitali. Whilst we cannot vouch first hand for
the quality of the study, it seems reasonable to presume an advantageous homogeneity in the
phenotypic data. More impressive is the number of controls involved in the study, however the
majority of this data was not directly sequenced but inferred from a set of 2,636 individuals with
WGS data. Most individuals only had Array type data’® but dense genetic data could be inferred by
methods based on sharing of long haplotypes IBD between individuals and the presence of closely
related individuals. Hence, the haplotypic structure of the population and opportunities in data
collection made feasible the statistical analyses that led to these discoveries. Subsequently, these
discoveries have been replicated in other populations and have improved biological understanding

of AD*.
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A second example is studies of Schizophrenia in Finland. Studies in Finland have been undertaken on
the general Finnish population (which has similarities to Iceland) but also on certain small internal
founder populations arising from settlements in the North and East of Finland. A description of the
demographic history is given in Hovatta, et al. *°; the first evidence of inhabitation in Finland dates
from 11,000 years ago, but with the largest expansion in the population following a bottleneck
around 4,000 years ago. The general population of Finland remained isolated for geographic and
cultural reasons and in 16™ and 17™: new settlements in the North and East resulted in small internal
isolates. Rates for schizophrenia and related conditions had been observed to be above those
measured in other parts of the world, particular in rural areas including the small internal founder
populations™. An early analysis of families from one such isolate uncovered multiple possible loci
associated with the trait®®. Below, the genealogical connections between individuals with two
children who have schizophrenia are shown (Figure 1.2.6a) for a large family from within the internal

isolate study in Finland.

1650

Figure 1 Large pedigree from the isolate with a founder couple born in approximately 1650. Circles represent females; squares represent
males. Blackened circles and squares represent individuals with at least two children affected with schizophrenia.

Figure 1.2.6a - Pedigree structure from the north-east internal isolate in Finland; taken from Hovatta,
etal

One such region that was found was on chromosome 1, the signal would later be identified as
coming from the gene DISC1. Originally, translocations in this gene were associated with

Schizophrenia from family-based studies in Scotland®”*®. However, the translocation in this family is
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incredibly rare in general populations. It was from continued study of the Finnish populations (both
the general population as well as further families from the small internal isolates) that the

99-102

importance of the gene began to emerge . Indeed, the presence of very specific haplotypes in

103104 1t js now a gene that has been

the internal Finnish isolate proved to be particularly informative
studied extensively and is known to be of significant importance for many cognitive functions'®.
Interestingly, other known genes associated with schizophrenia have been shown to not play
significant roles in the development of the trait in Finland'®. Again, many of the advantages of
studying isolated populations helped to aid this discovery. Schizophrenia is difficult to diagnose, but
the clustering of cases in the small internal isolate was recognised and the study of which could be
carried out uniformly between patients. The availability of genealogical data, and the haplotypic

specificity of the population were also very important; plus, the advantage of a natural decrease in

other possible genetic risk factors related to the affliction.

In a last example, we turn to studies of allergic Asthma in the Hutterite population. This population is
an exemplum of a small founder population. A full description and detailed history of this population
was given by A.P. Mange ', Originating from the 16™ Century from communities in the Tyrolian Alps
(modern day border zone between Italy and Austria), this religious sect moved East across Europe,
before a group of about 800 individuals made the journey to the New World, settling in South
Dakota. This population has existed in isolation due to resolute beliefs and desire to self-govern; to

quote directly from A.P. Mange (who has a nice turn of phrase).

“Firm believers in God and Jesus Christ, in absolute pacifism, adult baptism. and in the
avoidance of birth control measures, this group has successtully remained aloof from the rest
of 1ts species for over 400 years.”

“Since its origin in the Tyrol, the sect was subjected to attempts to change its religious beliefs
or to enlist its aid in militaristic or other national goals. The usual response to these pressures
(as 1s their response to pressures in twentieth century America) was to move.”

\

Excerpts from ‘Growth and Inbreeding of a Human Isolate’, Mange **’.
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In Figure 1.2.6b, the movements of the Hutterites across Europe are depicted. Importantly, there
were many bottlenecks in the population size, the most well documented being shortly before the
move from Wallachia to Russia where the size of the population dropped below 100. It is estimated
that the modern day population can be traced back to just 64 founding individuals’®. A pedigree
structure of over 12,903 individuals over 13 generations, connecting 1,415 modern day individuals

d'®™ This has proved to be a

with genetic data to this small set of founders, has been assemble
very powerful dataset for genetic epidemiologists and for research into the theory of population

genetics.

Hutterite migrations in Europe
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Figure 1.2.6b - Artistic interpretation of Hutterite movements throughout Europe. This is an isolate of
many bottlenecks even before the small number of individuals founded the modern day colonies in
South Dakota, USA. Source: https://en.wikipedia.org/wiki/Hutterites.

Here we discuss investigations of Asthma in the Hutterite population. This is a particularly complex
trait to study due to its phenotypic variance and strong interplay with environmental factors. For a
review of Asthma epidemiology, touching both on genetic but also non-genetic risk factors, see Ober
and Yao '*? and references within. Studies of the Hutterite population for Asthma have gone from
whole-genome linkage analysis™™***, through to GWAS™® and beyond to studies looking at rare
genetic variation'"’. Discoveries that bear up to scrutiny in Asthma genetics have often required
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Meta-analyses across many populations, of which data from the Hutterites invariably plays a role. To
highlight one in particular, investigation of the link between the trait and the HLA gene on
chromosome 6 was aided greatly by the analysis of haplotypes in the Hutterite population®*® as this
is a region that has high variability and is notoriously difficult to analyse. Further findings coming

principally from studies of the Hutterites include the link with the genes CH13L1'*® and NEDD4L"".

R Soareamupy
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p

Figure 1.2.6¢ — Artistic impression of GWAS hits for Asthma, taken from Ober '*°. The strongest GWAS
signals are characterised as the fruit that hang lowest, which are thus easiest to capture.

In general however, the overall picture of genetic aetiology of Asthma still holds many mysteries and
further discoveries will require more advanced analytical techniques and richer datasets (containing

% In Figure 1.2.6¢, the ‘low hanging-fruit’ hypothesis is

both genetic and non-genetic information)
displayed, taken from C. Ober’s review “Asthma Genetics in the Post-GWAS Era”**. This shows the
genes that have been discovered to be associated with Asthma as those that have descended most
from the tree’s top; where this distance reflects the strength of association signals that are observed

in GWAS. Different coloured vertical sections represent the 22 autosomal chromosomes. The idea
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being that the techniques that have been applied so far are fine for finding the more obvious sources
of Asthma variation in the genome; while new approaches will be required to explore the higher
parts of the canopy. In the next section, | will explore the current role of isolated populations in a

hyper-modern context.

1.2.7 Studying Complex Traits in Isolated Populations: Prospective

Directly sequencing whole genomes in isolates can be motivated by a desire to gain high confidence
in the genotyping and to find types of rare genetic variation that would otherwise not be observed. |
will give a quick aside as to why the search for genetic variants that drive quantitative trait
architecture has increasingly turned on to more complex and/or more unusual genetic variation. In
the study of many traits, progress has encountered a hurdle in the well-known phenomenon of
‘missing heritability’. Heritability will be the central theme of Chapter 4, for now a simple definition
can be given. When modelling such traits, either the quantitative phenotype itself or the odds of
developing a disease may be transformed in order to follow a Gaussian distribution. The variance of
this distribution can be written as Vy and a general assumption is that this variance can be split into
two components, one underpinned by genetics, the other by environmental factors. Therefore, we
can write Vy = V; + Vg, the sum of the genetic variance V; and the environmental variance V. The
heritability of the trait is then the quotient V;/Vy. This describes the proportion of the observed
variance of the trait that can be ascribed to inherited genetic factors. How can this heritability be
‘missing’ exactly? This refers to the observation that estimates of heritability using data from
families are very often considerably higher than estimates from cohorts of unrelated individual

120123 Thus, we can have an estimate of the role of one’s whole

based on observed genotypes
genome, but this value cannot be attained when attempting to list and observe the particular
elements that comprise this role. Furthermore, current lists of confirmed or putative causal variants

can often only explain a fraction of the heritability estimated from family data. The meaningfulness

of these gaps between estimations of heritability has often been overstated or wrongly
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interpreted'®*. Missing heritability has, nevertheless, motivated the scientific community to explore
approaches that are more sophisticated in order to make new discoveries, often concentrating on

rare genetic variation.

The sequencing of genetic isolates in recent years has already supplied contributions to this end.

Sequencing studies have recently been carried out in Greek isolates'®*?°; in Croatian isolates'”’; the

Hutterites'’; Sardinia®; Finland®; the Faroe Islands'®; Ashkenazi Jews™°, Qatar™!, and French

Canadians™?

. We have also already mentioned sequencing studies in Iceland**?, Orkney®, and in a
North Italian isolate (Val Borbera)’®. Without exception, all studies listed above revealed numerous
novel genetic variants and many new association signals. A notable example of a finding that

l. > who studied the

involved very rare variants specific to the population is found in Gilly, et a
MANOLIS isolate (mountainous villages from the island of Crete). Here, association between
aggregated rare mutations in the FAM189B gene with measured levels of triglycerides were found;
with the variants driving the signal only being uncovered through deep (high quality) whole-genome
sequencing in the population. A concept that was developed in recent publications of the same
group is that the small population sizes in isolated populations limit the action of purifying selection
— the diminishing of deleterious mutations in the population®. In an isolate, certain variants (which
are usually highly rare in general populations) will occur with elevated frequency. By considering the
hypothesis of low effectiveness of selection, it can also be expected that these variants with higher
allele frequencies found in isolates may also have high functionality. In two studies of recently
attained WGS data (one on MANOLIS'?®, and one on data from many isolates®) enrichments of such
rare variants with predicted high functionality. Similar enrichments were found in WES studies in

Finland*** and in the Vis island in Croatia**’

. This strengthens the idea that isolated populations
should continue to be good sources of new association signals for complex traits and the recent

increase in WGS data creation in isolates will likely soon produce further discoveries.
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Sequencing technology and genetic imputation methods have greatly improved the precision of
genome data. Looking more closely at the biological chain of events that links DNA and complex
traits, there are clearly many other possible types of ‘omics’ data that can be gathered and analysed.
There has been recent interest in adding similar precision for measurements of the transcriptome
(levels of RNA transcribed from DNA), the proteome (levels of proteins generated by RNA), and the
metabolome (the complex molecules such as lipids, sugars and amino acids with direct biological
actions, (see Box 1.2.7). There are complex interactions between these different layers, and while
DNA remains mostly constant, other omics data vary greatly between different cell types in the
body. As of yet, few studies of isolated populations have begun to explore such data, though as
described above, the functional classes of variants found in isolated populations are now often being

considered. In Benton, et al. ***

, a study of the Norfolk Island isolate, a region on chromosome 1 was
identified to be associated with multiple cardiovascular related traits and an exploration of gene
expression data revealed that the locus was associated with transcripts of 55 genes. An investigation
of these genes indicated a possible connection to a biological pathway controlling purine

metabolism. Without plunging into too many details, the important message is that in this isolate,

the transcriptome data for a range of genes had been previously shown to be heritable in the
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Box 1.2.7 — The different levels of ‘omics’ data.
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136 and a connection was made between a significant GWAS hit in a non-coding (intragenic)

isolate
region and the expression levels (amount of RNA produced) in distant and potentially relevant

genes. This might suggest that the advantages of studying isolated populations could carry through

to more complex analyses involving omics data.

What is also apparent when looking at Box 1.2.7, is the importance of gathering far more precise
data regarding phenotypes (the phenome) and even environmental exposures (the exposome). As
described above, population isolates have proven beneficial, as it may be the case that very specific
forms of phenotypes can be observed and that data collection can be well regulated. Similarly, high
quality data relating to environmental exposures can be obtained in isolates for precisely analogous
reasons. Again, in the MANOLIS population, recent analysis has found both genetic and
environmental explanations for rates of cardiovascular disease. A variant in the APOC3 gene, which
occurs with an unusually high MAF in the cohort, was shown to be protective against heart disease

d™’. However, in this population,

as it was associated with low levels of certain lipids in the bloo
particularly poor dietary habits are quite common and augment the risks of such traits'*. This
highlights a potential for studies in isolated populations to be able to study both genetic and non-
genetic risk factors with precision. Studies in isolates involving statistical interactions between genes
and environment may also prove to be successful due to the lack of statistical noise in both factors.
Again, by looking at the extreme examples of human genetics found in isolates, it may be possible to

enhance biological understanding that can be applied to treatments and initiatives in wider

populations.

However, the main research directions in genetic epidemiology which explore the architecture of
complex traits (that often appears increasingly convoluted) are relying on methods that leverage
information from huge numbers of individuals. The unavoidable weakness of studying population
isolates is the limitations of sample size (outside of examples such as the Icelandic population), and

hence statistical power for many analyses. The polygenic model, where 100s or even 1000s of genes
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are implicit in a traits distribution, has been suggested as insufficient. The new ‘omnigenic’
model™***° has provided a working hypothesis for the observation that for many traits, it would

141192 9and that

appear that most regions of the genome are contributing to the heritability of a trait
pleiotropy is widespread'*®. Furthermore, this model highlights the involvement of genomic regions
that regulate the expressions of ‘core’ genes, rather than focusing on the roles of these ‘core’ genes
themselves. Note that debate continues as to the relevance of this recently proposed model'*. The
role of gene expression levels in different tissues in the body is also now being studied'®.
Assumptions involving huge numbers of variants, interacting in complex networks, each contributing
tiny marginal effects, are hard to test. For many traits, GWAS are now operated by large consortiums
performing meta-analyses on data recruited from many cohorts. In 2018, several meta-analyses
were published involving over 1 million genomes'*®**. What is more, a vogue has emerged for
statistical methods that are based on exchanged summary test statistics from individual GWAS
studies. Specifically, the test statistics and estimated effect sizes relating to each association test
with each genetic variant in a GWAS have been shown to hold sufficient information to carry out

further analysis without observing the underlying individual genotype data'®.

It can therefore be hard to see what role studies of small genetic isolates will continue to play in the
face of studies that involve huge sample sizes and the appearance of resources such as the UK

Biobank™°

(N~500,000) in complex trait genetics. As has been discussed, the characteristics of
isolates may give increased power for detecting signals, but hyper-rare variants or variation/patterns

with very subtle effects may be beyond the scope of studies in population isolates.

Therefore, a necessary future direction for population isolates might be to combine resources.
While each isolate will contain its own unique genetic characteristics, the signals found in one isolate
have often been replicated in general populations. To give an example, a variant found in the gene
NDST3 strongly associated with schizophrenia in the Ashkenazi Jewish population was also shown to

be associated with the trait in a range of further cosmopolitan samples*'. Furthermore, replicated
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results can occur between multiple isolates. | earlier referred to the heart-disease protective variant
in APOC3 in a Greek isolate; this was indeed a replication result as this variant had already been

132 In Xue, et al. ¥, by looking at WGS data from several

found in an Amish founder population
isolates, an illustration is given of how rare genetic variation with important predicted functions can
be shared across different isolates. This provides hope of the potential of ensemble data from
different isolates; indeed as far back as 2010, a successful meta-analysis was carried out on five

isolates of different European origins™?; finding associations between three genes and levels of

creatinine serum (linked to kidney function).

Another area where data across multiple isolates has been studied is when looking at the effects of
inbreeding. Runs of Homozygosity (ROH) describe sections of the genome where an individual
harbours two haplotypes in IBD, and is therefore homozygous at every position across this IBD
region. A recent review looked at the relationship between proportions of occurring ROH and

154

complex traits™". Many studies that have so far looked at ROH are based on isolated populations,

. ©*° which found associations between ROH levels and traits such as

including the study of Joshi, et a
height and cognition. Isolated populations are suitable for such studies due to the presence of

inbreeding.

So far when discussing the genetics of complex traits and GWAS in isolated populations, this has
referred to tests under ‘additive’ models as this is by far the most common practice. The additive
model (given in Section 1.1.5) assumes that the effect of a causal variant is linear in the number of
minor alleles in the genotype. However, departures from this model are often observed, for example
many Mendelian disorders follow recessive or dominant models. In a recessive model for example,
the disorder will only occur in individuals with genotype containing two mutant alleles (aa), and a
dominant model would be where the individuals with genotypes Aa or aa will have the disorder.
Isolated populations with high consanguinity such as the Hutterites have proved useful in detecting

rare recessive autosomal disorders. Genetic variants involved in complex traits can also act (in part
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or completely) in such non-additive ways; this will be fully explored in Chapter 4. When performing
additive GWAS, there is far less power to detect variants with non-additive effects, particularly for

those that act recessively™®

. By considering isolated populations, where both inbreeding and pairs of
individuals sharing regions IBD=2 may be present, it may well be possible to investigate such genetic

variation far more effectively than in general populations.

To summarise, the important future directions for isolated populations will involve attaining high
quality WGS data in isolates, looking at more creative hypothesis and models for complex trait gene-

mapping, and gathering data from multiple isolates and meta-analyses.

1.2.8 Applying Knowledge of the Genetics of Complex Traits

Finally, what is the motivation of the search for associations between genetic variants and complex
traits? Common multifactorial diseases place an enormous burden on modern health-care resources
as well as debilitating vast numbers of individuals. If each individual’s susceptibility to a certain trait
depends on what is possibly a huge number of genetic variants, it can be difficult to imagine what
solutions could be laid out from the increasing lists of GWAS signals. However, finding such
association signals has led to many successes. Identifying a locus associated with a trait can be the
first step in understanding a particular biological functionality and how one’s DNA can affect such a
function. This in turn can lead to possible therapies and the development of new medications. This is
by no means the case for every GWAS hit discovered but a small number have been involved directly

in new treatments®’

. Another important benefit of studying complex trait genetics is in diagnosis. It
has become clear that traits such as Asthma are really in fact umbrella descriptions of many

phenotypes™®. Understanding underlying genetic effects leads to the possibility of far more

pertinent descriptions of each individual’s affliction.

This leads to the concept of ‘precision medicine’, where an individual’s treatment is tailored to their

genome and this is already an active area of modern medicine. One important example is the now
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routine tests for a particular genetic variant in the HLA-B gene that was shown to be linked with

9 |ndividuals carrying the rare

extreme sensitivity to the drug Abacavir used in the treatment of HIV
allele are prescribed alternate treatment. In the field of oncogenomics, there have long existed
treatment protocols that depend on the genetic makeup of an individual’s tumour cells as well as

k'®®®2 For complex traits, there may be currently less

genetic scans to assess pre-symptomatic ris
examples but many studies have begun to assess the relationship between genetic variation and
possible treatments. For example, individuals carrying mutations in the DRD2 gene have been shown

163164 1t is likely that in the

to respond particularly well to certain treatments for Parkinson’s Disease
coming decades, more and more of the findings from research into complex trait genetics will find
their way into clinicians’ and diagnosticians’ toolboxes. There is also the possibility of predicting the
development of phenotypes from genotypes; this being relevant mostly for traits with a late age of
onset. This approach that has been explored extensively, though often with limited success, and

debate continues as to the utility and practicality of such prediction for many traits'®.

As alluded to in previous sections, the genetic architectures of complex traits have proven to fully
live up its billing — they are highly complex. However, this should not discourage. Whilst the
measureable overall impact of genetic epidemiological studies into complex traits may have not met
certain expectations, the proven successes so far and the current velocity of research indicate that

the progress in subsequent decades should be substantial.
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Chapter 2: The Cilento Isolate, real and simulated versions

2.1 Gioi, Cardile, and Campora

For this project, we have access to a very valuable resource - genetic data from the genetic isolates
of Cilento. We have access to this data thanks to our continued collaboration with Dr. Marina Ciullo,
Dr. Teresa Nutile, and Dr. Daniela Ruggiero based at the Institute of Genetics and Biophysics, A.
Buzzati-Travesro — CNR in Naples, Italy. This dataset comes from three remote hill villages, Campora,

Cardile and Gioi located in the National Park of Cilento in Southern Italy (Box 2.1).

Box 2.1 The Cilento Isolates

Genetic Park of Cllento and vallo | | this thesis, we will extensively study data from three known genetic isolates in
di Diano Project
Southern Italy.

» Genetic data has been collected for 1,617
individuals from three remote villages in the
Cilento region.

» Genealogical data from 7,585 individuals dating
back to the 16t Century have been gathered
from marriage recordsin local parishes.

Box 2.1 - The Cilento Isolates

The area was likely to have been first settled by individuals of Greek origin, in the 8" Century BC. The
region was subsequently conquered and then reconquered by the Lucanians (Italic tribe of Southern
Italy) and the Greeks, respectively. The grouping of inhabitants into significant villages in this area
occurred later on in the 10™ and 11™ centuries. This change was driving by the presence of monks

from the Byzantine Empire who had fled the coastline and the frequent Saracen raids. Records of a
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settlement in Campora do date back to the around the 5" Century BC, before the arrival of the
monastics around the 11™ century AD. Gioi first appeared in the ot Century AD, and Cardile seems

to have (at least in part) been founded from individuals coming from Gioi in the 11" Century®-*¢%*¢".

Importantly, the region suffered dramatically from an outbreak of the Plague in the 17" Century AD
which greatly reduced the population size. This caused a bottleneck in the populations of the three
villages. The region then experienced isolation until the end of the Second World War. Since, the
populations of all the three villages have decreased in size due to outward migration. Hence, the
three villages represent an example of a small and young genetic isolate. Genetic studies of the

1,166
81166 and

three villages began early in the new millennium®® establishing the isolation of the region
leading to publications relating to obesity®, behaviour of smokers'’®, vascular endothelial growth
factor (VEGF) serum levels'’?, Placental Growth Factor serum levels (PGF)'’?, and CRIPTO serum
levels'”®. Very recently, evidence has been found of individuals from Cilento who either suffer from

CADASIL disease or Pseudoxanthoma Elasticum (both are Mendelian disorders). This was based on

the detection of known disease alleles in the population through whole-exome sequencing’’.

The study sample is composed of 2,304 individuals with deep phenotyping (anthropometric,
cardiometabolic, and haematological traits) and detailed health status information (structured
guestionnaires and clinical records). For 1,617 individuals we have dense marker genotyping data
(~600,000 mostly common variants spread across the genome) and in addition we have deep
exome sequencing data (~400,000 mostly rare variants in protein coding genes) for 247 of these
individuals which were generated at the Sanger Institute, UK. These 247 individuals form a study
specific panel for imputation. A subset of 19 individuals (with some overlap to the 247 WES
individuals) has also been sequenced at the Sanger Institute across the whole genome. The 1,617
individuals with Array data were not all sequenced on the same chip: individuals from Campora and
Cardile have been genotyped on an lllumina 370 K array (370K), whilst individuals from Gioi have

been genotyped on an Illumina HumanOmniExpress array (OMNI). The WES and WGS datasets are
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both of high quality; having mean sequencing depths (a measure of the thoroughness of the

sequencing) of ~75x and ~50x, respectively.

Genetic imputation has been carried out in Cilento, a process that imputes genetic data at positions
not found on genotyping arrays. This imputation was achieved using the publically available panel of

cosmopolitan reference haplotypes from the 1000 Genomes Project'’>*’®

. This panel consists of
2,504 individuals with high quality WGS data from a wide range of global populations. Methods for
genetic imputation will be a focus of Chapter 3 of this thesis. The imputation in Cilento provided the
possibility to approximate WGS data for all 1,617 individuals in Cilento. This has enabled more in
depth analysis of the Cilento dataset and has made possible collaborative meta-analyses that have
combined data from Cilento with data from other populations. In 2016, a meta-analysis led by our
collaborators in Naples using data from Cilento uncovered six novel loci associated with VEGF serum

levels®”’

. This meta-analysis incorporated results from diverse sources including the Framingham
Heart Study, Icelandic and Sardinian cohorts, and the Val Borbera isolate of Northern Italy. Cilento

has also recently participated on a large meta-analysis on the effects of homozygosity and

inbreeding which including many European Isolates™>.

Previous analysis of the Cilento isolates has examined the average inbreeding and kinship

81168 The three villages have lower coefficients than the

coefficients between pairs of individuals
Hutterite populations. Levels of relatedness for Cilento fell slightly below estimates from previous
studies of isolates from Sardinia'’® and slightly above estimates from the Icelandic population'’®. The
most important bottleneck involved in the history of these villages occurred quite recently (17th
Century). The Cilento isolates can be characterised as young (< 20 generations) with mild
inbreeding. In this thesis we will mostly treat Cilento as a single isolate, though the three villages can
be thought of as representing three distinct isolates. Campora is the least similar to the other two

villages. Gioi and Cardile have a shared origin, being estimated to have separated approximately

1000 years ago'®. In a recent study, the WES data from Cilento has been explored where many
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novel variants, variants with allele frequencies that appear to have drifted, as well as rare, disease-

174
d

causing variants have been found™". This analysis of the WES data has further explored the

consequences and the evidence of isolation of the three villages of Cilento.

The aforementioned successes from analyses of the Cilento isolate and the recent efforts to gain
sequencing data in Cilento indicate that continued studies of the genetics of this isolate will lead to

further important results.
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2.2 Integral Simulation Study

In this thesis, we will analyse both the Cilento dataset and simulated datasets with the same
structure as Cilento. In order to create realistic simulated data with similar properties to Cilento, we

180

used the software Genedrop™". This method uses the pedigree structure of Cilento. Below, in Figure

2.2, the pedigree structure for part of the Cilento population is given.
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Figure 2.2 — Pedigree structure of Campora village, 17 generations are represented. This structure
will be used to simulate data representative of isolated populations.

To carry out gene-dropping, first, one provides phased genotypes for each founding individual in the
pedigree. Therefore, for each chromosome, each founder receives two complete haplotypes.
Second, transmission at each meiosis and stochastic recombination events, based on genetic
distance in cM, are simulated. Working through all lineages, mosaics of the initial founding
haplotypes will be giving to every member of the pedigree. We used publically available WGS
haplotype data from the UK10K imputation reference panel®® (UK10K) as our source of founding
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haplotypes. The combined pedigree of Cilento (incorporating family histories of the three villages,
Gioi, Cardile and Campora) has 1470 founding individuals. We used a similar application of the

program Genedrop to Gazal, et al. '®

in order to simulated whole-genome sequence data. Explicitly,
we only applied Genedrop on a sparse set (or grid) of genetic markers, thus only allowing
recombination events to occur at a limited number of positions. Then, in a second step, more precise
recombination locations were simulated by selecting random WGS positions in between adjacent
grid markers. Care was taken to ensure that inherited haplotypes composed of previously
recombined haplotypes in the pedigree would also inherit the same precise recombination locations.
This elaborate process was necessary due to the internal limitations of Genedrop regarding number

of genetic variants, but we were able to build this complementary routine to Genedrop in order to

simulate WGS data.

Using this technique, we simulated WGS data for 1,444 individuals in the connected pedigree of the
three villages. We performed this simulation six times using different random draws of founding
haplotypes with independent realisations of gene-dropping on to the pedigree. We simulated
22,989,093 genetic variants in this was across the 22 autosomal chromosomes. These simulation
datasets which have the population structure of Cilento will be called upon to test different

statistical methods and hypothesis.

The required number of founding haplotypes to run the simulation was 2 X 1470 = 2940. However,
a previous study of the village of Campora which analysed data from Y chromosomes and
mitochondrial DNA®! suggested that the true founding pool of Cilento should be far smaller. Y-
chromosomes are transmitted directly from father to son without recombination (aside from a very
small region which is homologous to the X chromosome) and mitochondrial DNA is passed directly
from mother to offspring. Hence, analyses of the observed variability of these two unique regions of
the genome can give a good estimation of the number of patrilineal and matrilineal ancestors — i.e.

the number of founders. It was estimated that 97% of the genetic diversity in the population of
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Campora originated from 17 men and 20 women. We extrapolated from this finding and assumed
that every member of the Cilento dataset (three villages) has descended from approximately 200

founding haplotypes. We used the software HapGen2'®

to account for this problem. In each
simulation iteration, we randomly sampled 200 haplotypes from the UK10K panel, and using
HapGen2, we created a pool of mosaic of size 2,940 as to be able to draw the number of haplotypes

required to gene-drop onto the Cilento pedigree. The idea of including this HapGen2 step was to

simulate the unrecorded links between the known pedigree structure and the founding individuals.

In addition to these six complete simulated populations, we also simulated 200 versions of WGS data
for chromosome 10 for 477 individuals from Campora which will be used for testing phasing and
imputation software (Chapter 3). Note that here, for the large set of versions of chromosome 10 that
were simulated, for 100 iterations we included this HapGen2 step in the simulation, but in the other
100 iterations we skipped HapGen2 and sampled founding haplotypes directly from the UK10K

panel. Further details of our data simulation are found in Annex A.
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Chapter 3: Phasing and Imputation in Isolated Populations

3.1 Experimental Design to Investigate Phasing an Imputation Accuracy

The first main discussion of the thesis will centre on one practical aspect of genetic studies - the
obtaining of genetic data. There is something very alluring (to statisticians at least) about the fact
that we each have our own precise genetic coding - that our biology is so readily described by a large
ensemble of discrete values. Furthermore, the fact that each genetic variant is hidden from view and
is inherited completely at random gives strength to causative hypothesis that link genetic values to
observable trait characteristics. Whilst this seems ideal, our DNA is largely inaccessible and has

required years of dedicated technological innovation in order to collect this precious data.

The cost of such full genetic sequencing is still relatively high. Even if a full human genome has come
below 1000 US dollars, the hypothetical cost of whole-genome sequencing the ~2000 member of
the Cilento cohort is still considerable. WGS, WES, and array data were introduced in Section 1.1.2
and these formats would appear in the same order if ranked by descending monetary cost. What is
more, the quality of WGS data depends primarily on the thoroughness or ‘depth’ of the sequencing.
Simply put, the depth describes the number of times each genetic marker will be read by the
sequencing machine and the higher the depth the more accurate and rich the final dataset will be.
Hence, a researcher will be faced by a difficult choice when deciding how to best allocate funds for
gathering genetic data due to the large menu of different platforms available as well as the desire to

attain genotypes for as many individuals as possible.

However, in many ways the composition of the human genome behaves in a reasonably predictable

184,185 (See

way. Most variants lie within a set of inter-correlated variants; termed a block of LD
Section 1.2.3). Such structure can allow for the inference of unobserved genetic variants from

observed neighbouring variants.
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Missing genotype imputation was first achieved by considering the inheritance patterns between

186188 | certain

pairs of related individuals and genetic imputation was first applied to family data
pedigrees, exact genotype imputation can be straight forward. In other cases, an expected genotype
can be calculated by calculating likelihoods of genotypes over the pedigree — i.e. using the Elston-
Stewart or Lander-Green-Kruglyak algorithm. By expected genotype we mean the expected count of
minor alleles and so software (e.g. MERLIN*****® and MENDEL""*®?) were adapted to work with
genotypes that no longer had to strictly take a value from the set {0,1,2} (the minor allele counts of
genotypes AA,Aa and aa, respectively) but could be continuous in the interval [0,2]. The
importance of imputation is both intuitive in that it gives the researcher more information to play
with as well as demonstrable in that in terms of increase in statistical power of subsequent analyses.
Methods that worked with pedigree information were overtaken as genetic imputation was
extended to non-related pairs of individuals. New methods were developed based on the structures
of LD in the genome, and the fore-runners of such methods were fastPHASE'®*, MaCH"*, BEAGLE™®,
and IMPUTE™®. Over the last 10 years, three groups have continued to improve their algorithms; at

time of writing, the latest available software are MINIMAC4™’, BEAGLE (version 5.0)198, and

IMPUTE4™®,

Our first large analysis was to examine different strategies for genetic imputation in isolated
populations. We considered state of the art software as well as various informatics pipelines that
could be applied to the Cilento data, seeking to find the approach that would lead to the most
accurate genome-wide imputation in our dataset. We focussed on the most common and
computationally tractable pipeline for imputation which is a two stage approach; first haplotype
phase is estimated for the SNP array data for all individuals, and then haplotype imputation is
performed using a haplotype reference panel. This two stage strategy was introduced in Howie, et

199
al.

and has been shown to be an effective approach. Our analysis focused on the impact of
different software choices for the phasing and imputation steps, as well as the choice of reference

panel for the imputation step.
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In order to do so, a large scale simulation study was carried out. Here we used the multiple
simulated versions of chromosome 10 as described in section 2.2; using the two simulation
strategies that we termed ‘Pedigree’ and ‘HapGen+Pedigree’ in Annex A, and will also do so here
(see Figure 3.1). Having simulated WGS data from the structure to the village of Campora, we
obscured the positions not present on the SNP genotyping arrays, re-imputed as many missing
positions as possible, and then compared imputed genotypes to the true simulated genotypes. The
true haplotype phase was also known from the simulation, but would be jumbled and then re-
estimated. We tested different methods for haplotype phasing across the entirety of chromosome
10 and tested different imputation software on the 20Mb telomeric region of the short arm of

chromosome 10 (the first 20 million base pairs of chromosome 10, reading from the top).

In Figure 3.1, a schematic of the whole study is given, including the two different methods of
simulating founder haplotypes, the gene-dropping process, and the phasing and imputation
pipelines used. For genetic imputation, a bank of reference haplotypes is required. In our study we
used principally the latest version of the 1000 Genomes panel'’® (1000G). We also tested the HRC

panel as well as small Study Specific Panels (SSPs) created from our simulated data.
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Figure 3.1. Schematic of Campora simulation study. Taken from supplementary materials of Annex A.
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(A) Founding event simulated in two different ways; either direct draws from the UK10K, or from
a pool of mosaic haplotypes created by HapGen2 from 80 UK10K haplotypes.

(B) Gene-dropping through the Campora pedigree.

(C) Phasing is performed on the simulated array data using a range of different software.

(D) Taking the most accurately phased data, imputation is performed using a range of different
software and reference panels; including a local study specific panel built from simulated
WGS data for 93 individuals.
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3.2 Phasing

3.2.1 Review of Haplotype Phasing Methods

First we will focus on the different possible phasing algorithms that could be used. Table 3.2.1 details

the different software that we analysed and the methodological approaches behind their algorithms.

Table 3.2.1 References for Methodology Algorithms based References for
software(s) on: algorithm(s)
Software
SHAPEIT2/SHAPEIT3 2% 2% LD-based Li-Stephens model 2
EAGLE 1/EAGLE2 203 204 IBD- and LD-based  Long Range phasing 2% 2% 2%
and/or haplotype
clustering
BEAGLE 195 206 LD-based Haplotype clusters 2’
SLRP 208 IBD-based Long range phasing "¢ °%
ALPHAPHASE 210 IBD- and pedigree Long range phasing "¢ **°
based. and Pedigree based.

Table 3.2.1 — Phasing algorithms compared in our study.

We chose to test methods that were either recently published, had been shown to give accurate
phasing results in previous comparisons, and which were based on algorithms we perceived to be
potentially appropriate for isolated populations. The only previous comparison of phasing algorithms
when applied to data from isolated populations is found in O'Connell, et al. ! Here, the best
performing software was SHAPEIT2; what our study would add to these findings was to perform a
more rigorous test of phasing algorithms via repeated simulations; and to include the new software
EAGLE whose combination of IBD-based and LD-based methods appeared to be very promising. All
above methods require a substantial number of individuals to work with when phasing; in our
simulation we tested these software on samples of 477 individuals (which is sufficient, though higher

sample sizes have been widely shown to increase phasing accuracy; e.g. Loh et al.®%).

First | will give further details of two of the involved algorithms, (1) Long Range Phasing (LRP) which

characterises all of the IBD-based phasing methods, and (2) the Li-Stephens model®®* as SHAPEIT2
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was the best performing software and most LD-based phasing and imputation software use a form
of this underlying model. The model of BEAGLE for example, is conceptually similar as the Li-
212

Stephens model (broadly speaking), though the modelling method is quite different™.

(1) IBD-based methods and Long Range Phasing
LRP was first introduced in Kong, et al. ”® and used on the Icelandic population by the deCode group.

208

This was then mathematically formalised and implemented in an open source software SLRP™™ by a
team from the Sanger Institute, UK. LRP focuses on uncovering long stretches of IBD between
individuals and indeed across chains of individuals. In essence, LRP seeks to infer phase in an
individual i (and also to impute un-typed genotypes) by regarding the haplotypes of individuals who

share a haplotype IBD with i. This group of IBD sharers with i are termed as the surrogate parents of

individual i.

I Box 3.2.1a - Long Range Phasing )
An individual i (green) is heterozygous at two nearby positions, SNP1 and SNP2; the
phase is unknown.
Stepl. Search through the rest of the sample for individuals who share one haplotype IBD
with individual i. Here the set is enumerated s;, Sy, S3, ..., S;- (orange).
Long IBD matches can be found in various ways, a plausible starting assumption is that
IBD stretches should span a minimum distance (e.g. 4cM). Finding such regions where
IBS = 1 can infer an IBD match.
Step 2. Search through the IBD matches (often referred to as surrogate parents) for phase
informative matches.
SNP, Ala
SNP, B/b
i
Phase informative match
Individual s5 is phase informative for i. Individual s5 has two copies of the A-B haplotype,
one of which is shared with individual i. Hence, individual i must have the following
" haplotypes: A-B and a-b. )

Box 3.2.1a — Central ideas of the Long Range Phasing algorithm taken from Kong, et al. ”°
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In the genomic region where IBD has been found and phase is being estimated, this group who share
a haplotype IBD are locally as closely related as parents to individual i. LRP was designed to be
effective in samples of both closely related and distantly related (separated by ~1-20 meiosis) pairs.
Thus, avoiding potential limitations of family based methods requiring close family members and LD-
based methods for unrelated individuals. An outline of the method of long range phasing is given in

Box 3.2.1a.

To search for IBD between two individuals, LRP will first look for evidence against IBD. Whenever
individuals have opposite homozygous genotypes (AA vs. aa which can be described as IBS=0), then

there can be no IBD-sharing. If over a large region (e.g. across 4cM***

or 1000 genotyping array
SNPs’®), there is no instance of IBS=0, then the algorithm will take this as potential evidence of
IBD>1. After these searches have been made across all pairs and across the whole chromosome, the
phase between pairs of heterozygous sites can be inferred. In Box 3.2.1a, in a region containing two
SNPs, individual i was matched to individuals s, ..., S;-; an internal test having established this set of
surrogates for individual i to indeed be a set of individuals who share at least one haplotype with i in
IBD. As individual s3 is trivially phased, this informs the phase of individual i; note that once the
phase of individual i is known, in the example given, the phase of individuals s;,s,, and s,- can also
be derived. Working through the network of connections, LRP will try to estimate phase for every
position; however where IBD sharing cannot be assumed, or phase informative matches cannot be
found, phase cannot be estimated. Hence, the original LRP algorithm outlined by Kong, et al. ’°,
when first tested on 35,528 Icelandic individuals, was able to phase approximately 95% of all
heterozygous sites. SLRP, a phasing software that further developed the original LRP algorithm,

208
l.

when presented in Palin, et a was able to phase up to 93% of all sites on simulated isolate type

21 (who tested SLRP across populations with a range of

data; though in O'Connell, et al.
characteristics), the best yield of SLRP that they observed was 88% for data from the Orkney Islands

isolate.
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(2) LD-based methods and the Li-Stephens model

The majority of LD-based methods use Hidden Markov Modelling. A brief description of a Hidden
Markov Model is given in Box 3.2.1b. A chain of hidden (unobserved) events, following a Markovian
process, emit observable values at each step. From these observations, inference can be made about
the hidden path as well as the mechanisms that govern the transition between hidden states and

emission of observed elements.

rBox 3.2.1b - Hidden Markov Models
Let’s take an unobserved ordered sequence of events: U;, j=1,2,...M

and a sequence of associated observed events: F, j=12,...M
Unobserved Uy U, Uj — U,
Observed Fl F2 FS F4

» How can we build a model for this situation?
1. Initial Probabilities: Prob(U; = u,.), i € {1,2,3,.., R}
2. Transition Probabilities: T,., = Prob(Uj = u5|Uj_1 = ur), i Al T e O

Markov Property: The sequence of hidden states, Uj, is completely connected and
memoryless: P(U;|U;_y,..,Uy) = P(U;|U;_y ).

3. Emission Probabilities: E,, = Prob(FJ,— = fv|Uj = u,,), JTETL2:3, w0}, ¥V E{1,2.3, ¥}

By observing the sequence, F, we may either wish to estimate the hidden path (U;) or the
\probabilities Ti.s or . P

Box 3.2.1b — The concept of the Hidden Markov Model. An unobserved Markovian sequence emitting
an observable sequence from which inference can be made. The Hidden Markov Models described in
this chapter will describe unobserved sequences taking values at every position on a chromosome.
Hence, we re-use the subscript j running from 1 to M which we have usually used to describe a long
list of genetic variants.

Hidden Markov Models (HMMs) are attractive tools for modelling genetic data as it puts at one’s
disposal many existing algorithms that make inference from HMMs that can give solutions to a many

interesting questions. To give examples: (a) the Forward algorithm for estimating the likelihoods of

the observed states™?; (b) the Forward-Backward algorithm for estimating posterior probabilities of

215,216
h*™>"". F

hidden states®'*; and (c) the Viterbi algorithm for estimating the most likely hidden pat or
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further elaboration on HMMs, we refer the reader to work by L. R. Rabiner’’, and to useful

introductory level summaries by V. A. Petrushin®®,

193,202

We will explore in detail the Li-Stephens HMM which is used by SHAPEIT2 as an example of an

LD-based method in order to contrast against the long-range phasing method already given above.

The philosophy of the Li-Stephens model is given in Box 3.2.1c, where we can see that the model
describes a process where a new haplotype is built from segments of already observed haplotypes.
As the model allows for small discrepancies within the segments that are ‘copied’ from known
haplotypes, this is often described as a process of imperfect mosaics. The hidden chain in this HMM
is realised at each sequential position on a chromosome. The hidden states in this HMM are
elements of the set of known haplotypes from which the new haplotype is being copied — often

referred to as ‘copying states’.

The transition states describe a Poisson process relating to the number of recombination events
between two adjacent positions. Either there is no recombination event, so the copying state
remains the same; or if there is at least one recombination event, it is assumed that a new copying

state is drawn at random (including the possibility of returning to the current state) which is why we
1 . . . . iy .
see the factor (ﬁ) associated with the Poisson probability of at least one event: 1 —e~%. This

recombination rate 4; is based on genomic distance in cM. The observable states are the alleles of
the new haplotype and the emission states are nearly trivial (in that alleles are likely to be copied

directly) though there is provision for both mutation and genotyping errors.
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%
Box 3.2.1c - The Li-Stephens model
A central idea will be that if we look at a single chromosomal haplotype of an
individual, that should be an ‘imperfect mosaic’ of haplotypes of other individuals.
[ AGTGACTCTCAGACTGGGAACT CTTGATOGATGGCATTTAGGCGCGATTAGGLTCTCGATCTAGCTGCGCTATGAGCACGCCG ... ]
Ta_rget hap/otype Missing value Mutation or Frror
h’l [ AGTOACTCTCAGACTAGGCACTGTTGATGGATGGTATTTACGCCCGATTAGGCTCTTAATCTAGTTGTGCTACAAACGCCCCG .. ] ==
hZ [ AATGGCTCTCAGACTGLGAACTTT TGATCGGTGGCTCCTAGACGCGATTGGGTTCTAAATCTAGGTGTGCTATGGGCGCACEG ... ]
h3 [ AATGACATTCAGACTGAAGACTCCTGATCGATGGCATCTAGGCGCGATTAGACTCTCGGTCTGGCCACGCGATGAGCGAGCCG ... ]
h4[ AATGGCTCCCAGACAGGAGACACCTGATCTATCGCACTTGGECGCGAATAGCCTCTCAAT CTAGCTACGCTATGAGCGCGLCG .. ]
hS [ AGTAACCCTCAGACTGAGAGCTCTAAATCGATGGCATTTAGGCGCGACTAAGCTCTCGATCTAGCTGCGCTATCAGCGAGCCS .. ]
Reference haplotypes
We can find a suitable reference haplotype from which to copy at each position in
order to construct our Target Haplotype.
[ 11111131391122222222222222223333333333333555555511111111111555555555555555544444444 4444444 . ]
Copying States
This leads to a Hidden Markov Model (HMM), with the copying indices of reference
haplotypes as hidden states, and the observed alleles of the target haplotype as the
observed states.
If we denote the hidden copying states as uy, Uy, us, ... € {hy,hy, hs, ..., hp} and the
observed alleles as a,,a,, as, ... then an HMM is built as follows:
o s 1
Initial Probabilities: P(u; = h,) = = V.
Transition Probabilities:
iy h,r|u' e s exp(—ﬂj) +(1- exp(—ﬁj))(lfR), if§ =35
g 7= 5 (1 — exp(—&j))(l/R), otherwise.
A; is the expected number of recombinations between the two positions j and j — 1 :
Aj = 4N,dy;/R where N, is the theoretical population size and dy; is the genetic distance
between genetic markers j and j — 1.
Emission Probabilities:
R 4 LY @ b
— — —’ x = .
R+6 \2/R+6 “J
P(aj = x|u}- = hr) = N B
- | —, X B
(2) R+8 o
Where 8 can incorporate the probabilities of mutation or genotyping errors at marker j.
\hrj is the allele at position j in reference haplotype h,. -

Box 3.2.1c - The Li-Stephens HMM model for haplotype mosaicism in a population.
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In a sense, this model appears to invoke ideas of IBD-sharing, but in fact it is only modelling IBS-
sharing. This model does not make any assumption of recent shared ancestry. The idea is that
haplotypes are likely to be locally identical across individuals in a population due to the enduring LD
structure in a population. High correlations between nearby variants will imply that pairs of

individuals from the same population are likely to have identical haplotypes over short distances.

Thus, the model argues that after observing N haplotypes from a population, the N + 1t* observed
haplotype will be an imperfect mosaic haplotype built of short segments that have already been
observed. This may implicitly imply some ancient common ancestry between two individuals sharing
a short haplotype segment. However, this is not the same as IBD, which in a sense implies a recent
common ancestor. What recent means in the definition of IBD is ambiguous; a common definition
would be that this is an individual arising after the population (from which our sample is drawn) was
founded. In any case, the important distinction is that the Li-Stephens model relies on IBS-sharing
without bothering to consider whether shared haplotypes are long enough or specific enough as to

be considered as IBD.

SHAPEIT2 employs a version of the Li-Stephens model to estimate phase. To estimate phase for a
given individual, SHAPEIT2 must draw two paths though the Li-Stephens HMM, giving two
haplotypes, and these must be compatible with the observed genotypes. Specifically, when
individual i is being phased, SHAPEIT2 takes the current estimated phased haplotypes of all other
individuals in the sample as the references haplotypes; and searches for two new haplotypes
compatible with individual i’s genotype. The algorithm loops through individuals repeatedly, with
each new estimation of phase being re-supplied to the model in order to facilitate the phasing of
subsequent individuals. SHAPEIT2 can also leverage information from an external reference panel of
haplotypes, by adding these to the pool of reference haplotypes from which new haplotypes can be
copied from. A further option for SHAPEIT2 is the ‘duohmm’ option*** which is designed to search

the pedigree information in the sample for instances of nuclear families, and to refine final phase
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estimates for these individuals. Full details of the SHAPEIT2 algorithms, including different versions

[ 220 [ 221 I 222

and options are found in Delaneau, et a , Delaneau, et a , and Delaneau, et a

For an isolated population, we might initially expect to see an advantage for IBD-based phasing
methods over LD-based phasing methods. LD information informs us only of the probability of
recombination events between variants, allowing us to infer the probability of combinations of short
haplotype matches between individuals and hence one can infer probabilities of haplotype phase.
IBD-based methods concentrate on finding longer haplotype matches. If IBD-sharing can be
confidently established, phase can be directly inferred, and when there remains some uncertainty
about IBD-sharing, haplotype phase probabilities can then be derived. This is the approach of SLRP,
which uses an HMM to model IBD-sharing and to tie together the more easily identifiable long
haplotype matches, before calling phase using the concepts of LRP. SLRP incorporates the pairwise
HMM of Genovese, et al. **°, which models the IBD-sharing states along the four chromosomes of a

223

pair on individuals“”. The prevalence of IBD in an isolate would intuitively suggest using a method

such as SLRP.

The most recent assessment of phasing algorithms for isolate type data was in O'Connell, et al. ***

Here SHAPEIT2 was the strongest performer and was shown to outperform SLRP. Prior to our study,
the EAGLE software had not been tested for isolated populations; it was our hypothesis that it might
be the most appropriate method as it combines an initial LRP algorithm, with a second LD-based
method. Thus, EAGLE could theoretically take advantage of long stretches of IBD in an isolate,
without suffering (as SLRP has been shown to do) from being unable to phase areas outside of IBD
sharing. EAGLE1 combines Long Range Phasing with a secondary pseudo-HMM. EAGLE2 however
will act differently depending on whether or not external reference haplotypes are provided. If no
external reference panel is provided to EAGLE2, it performs LRP followed by an application of the
Positional Burrows-Wheeler Transform (PBWT)*® for haplotype phasing, an indexing algorithm that

facilities phasing by finding nearest local neighbours and again invokes ideas of IBS-sharing and

72



Anthony Francis Herzig — Doctoral Thesis — 2019

imperfect mosaic haplotypes. If however, an external panel is supplied, the LRP algorithm is not
used, and only the second PBWT algorithm is used. It is important to note that EAGLE was designed
to phase very large samples of individuals without incurring large computational burden. Indeed, the

LRP aspect of EAGLE was motivated primarily as a time saving device.

3.2.2 Accuracy of Phasing Software - Results from our Publication

To evaluate phasing software, we measure the Switch Error Rate (SER) (Box 3.2.2). Note that as our
simulation contained missing data and error sites, we only measured switch error rates at truly
heterozygous sites. In Figure 3.2.2a, we have calculated the SERs of phasing on chromosome 10
using different software and indeed different strategies. In Figure 3.2.2b, the results restricting to

sites successfully phased by SLRP is shown.

rl_Box 3.2.2 - Switch Error Rate )
A Switch Error is detected by comparing phase at two consecutive heterozygous sites to the
true phase; phase is not measured at error sites.
Simulated ‘true’ Phased - Method A Phased - Method B
phased genotypes 1 Switch Error 2 Switch Errors
T —T —
A G A G A G
c C Switch C C Switch C G
Error Error
C | € € | € €| C
C i T C i § C
¢ | e 6| €| evorsee |G| cC|!
1 |-l 6= e | T b ] SWHECH
C C C C C C Error
G A A G G A
T S | , S Colour Legend
Heterozygous
. # Swich Errors
Switch Error Rate = - Homozygous
#Sites to be phased Switch Error
. Genotyping Erroy

Box 3.2.2 — Switch Error Rate, a metric for phasing accuracy used throughout our study. Switch errors
were measured between pairs of heterozygous sites, excluding positions that were known simulated
genotyping errors.
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Figure 3.2.2a - Mean switch error rates (SERs) across the multiple iterations of our simulation. Results
are split between the two simulation strategies (described in Section 2.2). Note that a lower SER
indicates a better accuracy of phasing.
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Figure 3.2.2b - Mean switch error rates (SERs) on the 100 iterations of the HapGen+Pedigree
simulation strategy including results from SLRP. In this figure, the calculation of SER is restricted to
the set of variants that could be successfully phased by SLRP.
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The best strategy was found to be “SHAPEIT2+1000G+duoHMM”, full details of all the phasing
strategies are given in Annex A. This strategy refers to running SHAPEIT2 with the 1000G as a

reference panel and the “duohmm” option in operation.

In Figures 3.2.2c-e, we give visual interpretations of the phasing performance of three algorithms by
plotting a small sub-section of the phased output of a single simulation iteration. In these pictures,
changes in colour represent switch errors. For 50 individuals, their phased chromosome 10 data are
stacked in these graphs. A complete blue line shows a perfectly phased individual; a line that
changes once from blue to red shows an individual with one switch error; a line that changes often

between blue and red shows a poorly phased individual with many switch errors.

450 -

430 -

Individuals

410 -

Chr10

Figure 3.2.2c - Zoom in on phasing performance of SHAPEIT2+duohmm+1000G on the
HapGen+Pedigree simulation.
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Figure 3.2.2d - Zoom in on phasing performance of EAGLE2 on the HapGen+Pedigree simulation.
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Figure 3.2.2e - Zoom in on phasing performance of BEAGLE on the HapGen+Pedigree simulation.
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In these three diagrams (Figures 3.2.2c-e), we can see the strong and often similar performances of

SHAPEIT2 and EAGLE2; with the less successful software BEAGLE as a counterpoint.

SHAPEIT2 facilitates investigation into the certainty of the phase estimates that it provides. In Figure
3.3.3f, we have produced a detailed look at the phasing performance of SHAPEIT2. At this resolution,
we again have each individual represented horizontally and now individual SNPs can be plotted. For
the first panel (right), the colour scheme now represents homozygous (and so not important for
phasing) sites in grey, correctly phased SNPs are plotted in blue, and switch errors are plotted in red.
This right panel represents the most likely paths ascertained by the SHAPEIT2 HMM, and indeed only

a few switch errors are found when comparing the phase estimated to the true simulated phase.

We can then demand that SHAPEIT2 to make random draws from its HMM giving different possible
realisations of phase. In the left box, 100 random draws were taken and now the number of times
the phase changed with respect to the right box is given. This represents the certainty or uncertainty
of SHAPEIT2's phase. We can extrapolate that when SHAPEIT2’s phase estimate at a site changes five

times out of 100 random draws, then SHAPEIT2 is around 95% certain of the phase at the site.
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! | |
I
|

Homozygous

i} [ | | Zerochanges
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TR |
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LASECARR R AR
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Figure 3.2.2 - Phasing uncertainty with SHAPEIT2. Left panel: Rows represent individual genomes;
each mall vertical bar is a variant. Blue bars are correctly phased heterozygous sites; red bars are
incorrectly phased with respect to the preceding (reading left to right) heterozygous site. Grey bars
are homozygous. Right panel: The number of times SHAPEIT2 returned the same phase when asked
to make 100 random draws from its final HMMs.
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This functionality of SHAPEIT2 is rather onerous to perform genome wide but could be an important

tool for establishing the quality of phase in a region of interest.

Going back to the overall results of Figure 3.2.3a, an interesting finding was that EAGLE2
outperformed EAGLE2+1000G, this suggested that LRP was indeed an accurate method for our
simulated data as better results were obtained when EAGLE2 was obliged to perform it. In regards to
SLRP, the results also reflect positively on LRP, we were able to phase very high percentages of
chromosome 10 and with high accuracy. In Kong, et al. °, LRP was demonstrated to be more
effective with more individuals, specifically when a large fraction of the total population (in their
case this was the population of Iceland whose sample size was given as 316,000 individuals) was
genotyped. They showed that if only 1% of the population was genotyped, useful results could still
be obtained, and that going up to 10% would yield very accurate results. In Cilento, it was estimated
at the genesis of the study that the set of genotyped individuals covered 80% of the total eligible
populations of Campora, 86% of Gioi, and 64% of Cardile. At time of writing, the current number of
inhabitants of the three villages are in the region of 400 for Campora, 800 for Gioi and 500 for
Cardile (personal communication with Teresa Nutile). Effective population size estimates of the

three villages are in the region of a few thousand individuals'’*

. It is difficult to precisely estimate the
fraction of the population that has been genotyped for the Cilento isolates, yet we feel confident
that we surpass the 10% mark that should make Cilento a perfect candidate for LRP. Indeed, when
tested on the true data of Campora, SLRP was able to phase ~99% of heterozygous sites

(Supplementary Figure 8a of Annex A), both this and the SERs for SLRP were more positive results for

SLRP that any we found in the literature.

Perhaps the most noteworthy result was the observation that all algorithms gave highly accurately

201,203,204,224

phase data compared to previous published SERs . In particular, on the HapGen+Pedigree

simulation, where IBD sharing in the simulated individuals was boosted even higher by the tighter
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bottleneck, the SERs observed were very low as all methods appear to benefit from the increased

IBD-sharing and lowered genetic variation.

O’Connell et al**!

also observed SHAPEIT2 outperforming IBD-based phasing algorithms, and in their
discussion they suggest that the Li-Stephens model was perfectly capable to utilising long IBD. To
test this idea, we explored the location of switch errors in conjunction with the location of shared
IBD sections which we were able to track through the simulation of the data. This result was

described in the Supplementary Materials Annex A and presented in Supplementary Figure 11. This

is also given here in figure 3.2.2g.

Pedigree

20 s
E EAGLE2

SHAPEIT2+
- duochmm+
1000G

— —
o (6]
1 1

Mean number of True IBD Haplotypes
[6)]
]

T I
Correctly Phased Sites Switch Error Sites

Figure 3.2.2g — The number of available surrogate parents (true IBD haplotypes) in the sample for
random picks of Switch Error Sites and correctly phased sites. The same numbers of sites were chosen
for the two sets of boxplots in the plot, from similar individuals and with the sites specified to have
similar MAFs. This analysis was completed on the Pedigree simulation, as it was in this scenario that
we could record IBD-sharing perfectly (See Annex A).

By comparing the locations of switch errors to the locations of correctly phased sites, it was clear
that both EAGLE2’s and SHAPEIT2’s performed in similar way depending on the number of existing

long IBD matches (surrogate parents) in the sample at that position. This is an intuitive result for a
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software using LRP where the number of surrogate parents that can be found will naturally affect
the ability to phase. For an LD-based method, it is less obvious why one would observe a pattern
involving the number of IBD-sharing partners. The fact that EAGLE2 and SHAPEIT2 seemed to behave
so similarly in this respect strengthens the idea of O'Connell, et al. *** in that SHAPEIT2’s approach
based on very local LD patterns can (through communications in the graphical HMM) benefit from
long shared IBD segments. This idea is also discussed in Howie, et al. ** This would be an interesting
area for continued exploration. We know that HMM based methods have been widely used to locate

79,226-230

segments of HBD and IBD . Some of these methods indeed could even facilitate the

simultaneous detection of IBD sharing between multiple pairs*"**

. Most of these algorithms come
up against limitations of computational complexity, though recently the ultra-fast method of PBWT
has been reengineered to estimate IBD in large sample®** using similar ideas as to when PBWT had
been adapted for phasing and imputation®®. If we know that the phasing algorithm SHAPEIT2 gives
nigh on perfect phase in an isolate, it would suggest that the final HMM models that this software

produces (which described haplotype sharing across a whole sample of individuals) could be ideal for

identifying almost all IBD matches in a sample.

3.2.3 Genotyping Errors in Phasing

In this study we also simulated genotyping errors in the Array data and observed how the presence
of such errors affected the accuracy of phasing. These results were given in Supplementary Figures
8a, 8b, and 10 in Annex A, with errors particularly affecting SLRP and ALPHAPHASE. Here we give one
further analysis that we carried out but that was not included in the publication. Here we were able
to show how errors simulated at a particular site would engender phasing errors at the same site in
other individuals. This analysis is presented in Figure 3.2.3a. Genotyping errors will clearly disrupt
IBD sharing patterns and also LD estimations, yet it is interesting to see that EAGLE and SHAPEIT2

had very similar increases in SER at the locations where errors were present.
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Figure 3.2.3a — We selected sites with either 0, 1, or >1 simulated genotyping errors. Boxplots of SER
are labelled by the phasing pipeline used and whether or not the data had simulated genotyping
errors.

We did not measure for switch errors at the exact individual genotypes with simulated genotyping
errors, but we do measure the SER at the position across all other individuals in the sample. The pink-
bordered boxplots show the increase in SERs at the positions with more and more genotyping errors.
The black bordered boxplots give a counterpoint, showing the trend (of course) disappearing when
no genotyping errors were simulated in the first place.

This analysis was on the Pedigree simulation strategy only.
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3.3 Imputation

3.3.1 Accuracy of Different Imputation Software - Results from our Publication

In each iteration of the simulation, we retained the phased haplotypes from the
SHAPEIT2+1000G+duoHMM strategy and proceeded to test a range of imputation software and
imputation reference panels. We tested IMPUTE2?®, IMPUTE4™®, MINIMAC3"’, BEAGLE (version
4.1)™ and PBWT?®. We tested public imputation reference panels: the 1000G and the HRC. We

also tested the use of a WGS SSP.

All imputation software tested used LD-based methods; again with central concepts of haplotype
mosaicism described by the Li-Stephens model (Box 3.3.1); interpretations of which are used in
IMPUTE2, MINIMAC3, BEAGLE, and PBWT. MINIMAC3 and IMPUTE2 are very similar; differing most
in their methods for calculating model parameters relating to transition probabilities and in the

24235 previous versions of BEAGLE used a similar

initial selections of potential copying states
haplotype clustering model as used for their phasing algorithm but the latest version of BEAGLE that
we tested relied again on the Li-Stephens model. The PBWT algorithm allows for a highly efficient
graphical description of a large haplotype reference panel, from which the estimated haplotypic

frequencies allow for new haplotypes to be matched to the reference under the Li-Stephens

model*®.

Figure 3.3.1a displays the mean imputation accuracy (split my MAF) for different software when
using the 1000G as a reference panel; MINIMAC3 was the best performer. Imputation Accuracy was
measured as the correlation between true genotype and imputed dosage genotypes (Box 3.3.1) on

the first 20Mb of chromosome 10.
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Box 3.3.1 — The Li-Stephens model for imputation
[ PR RARIRIIIINIG RN INIINNIG I NINIGAGCINIGNINNINNTIN NN NENI NN . ]
Target haplotype with many missing entries. For example, from phased array data
outputted by SHAPEIT2.
hl [ AGTGACTCTCAGACTAGGCACTGTTGATGGATGGTATTTACGCCCGATTAGGCTCTTAATCTAGTTGTGCTACAAACGCCCCG ... ]__
}12[ AATGGCTCTCAGACTGGGAACTCTTIGATCGGTGGCTCCTAGACGCGATTGGGTTCTAAATCTAGGTGTGCTATGGGCGCACCE ... ]
le[ AATGACATTCAGACTGAAGACTCCTGATCGATGGCATCTAGGCGCGATTAGACTCTCGGTCTGGCCACGCGATGAGCGAGLCCG .. ]
}14[ AATGGCTCCCAGACAGGAGACACCTGATCTATCGCACTTGGGCGCGAATAGCCTCTCAATCTAGCTACGCTATGAGCGCGLCG ... ]
}15 [ AGTAACCCTCAGACTGAGAGCTCTAAATCGATGGCATT TAGGUGCGACTAAGCTCTCGATCTAGCTGLGCTATCAGCGAGLCG ... ]
Reference haplotypes

[ 111111113132222232222222222233333333333335555555111111111115555555555555555444444444444444 ]

Copying States: again the same principal applies, if we can find the hidden
copying states (denoted here by colour) then the missing entries in the target
haplotype can be easily filled in.

If we again denote the hidden copying states as u, Uy, Us, ... € {hy,hs, Rs, ..., Mg}

and the observed sequence of alleles as A; p:a;,a,, as, ..., ag then by applying the HMM
mechanics (Forward-Backward algorithm) we calculate the posterior probabilities of each
hidden state:

P(uj o hr|A1,..,R) = Pjr

The HMM must now accept missing values, so that p;, can be calculated at every position,

even when g, is missing.

Lets say, for some j = t, a, is missing. The possible values for a, are 0 and 1 (corresponding
to major and minor allele, 4 and a respectively).

We then have the following posterior probabilities of the possible values of a,:
Pla, = x) = Z P(a; = x|uy = h)pyr
T

Imputation programs typically can operate on haplotype data (already phased) as in this
example, or there must be additional (and time-consuming) summations over different
potential realisations of haplotype phase.

From these probabilities, expected values of the genotypes can be calculated and
imputation programs will usually return posterior probabilities of each genotype and the
expected value of the genotype which is referred to as the imputed dosage:

Box 3.3.1 — Concepts of imputation of missing genotypes using the Li-Stephens model.
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Figure 3.3.1a - Imputation accuracies from different imputation software, split by MAF and
simulation strategy. Imputation was more accurate on the Pedigree simulation; this finding is
discussed in section 3.3.3. (1) PBWT results are only from 25 simulation runs.

3.3.2 Reference Panels: Local and Global - Results from our Publication

In Cilento, 247 individuals have exome sequencing data, and these individuals were selected to give
a good representation of the whole sample in order to serve as an SSP. Explicitly, kinship was
calculated between all pairs of individuals. Then, in an iterative manner, individuals were selected to
join the SSP by picking those with the highest mean kinship to all over individuals, without selecting
an individual with a kinship coefficient above 0.1 with any other individual already selected for the
SSP. This method was based on Urrichio et al.”’ In this simulation study, we only considered
Campora, where 93 of the 477 individuals have Exome data. We considered hypothetical situations
where these 93 individuals constituted either a study specific WES panel or a study specific WGS

panel. In our publication, we only gave results for the WGS panel. This choice was based on the fact
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that WGS panels are more often used and are more similar in nature to the public reference panels
such as the 1000G. Furthermore, the results for the WES SSP were more complex that we had
envisaged and so we chose not to take these results through to the publication as they were perhaps
overly specific to the scenario in Campora (see section 3.3.5) and so of less interest to the wider

scientific community. In agreement with many other studies that looked into the use of study

88,224,237-243 244

specific imputation panels in human populations and indeed in animal populations®™, the
93 WGS individuals were very successful as an SSP. We felt that it was a significant contribution to
the known literature to show that an imputation panel of only 93 individuals (even when admitting
that they were closely related to the target individuals) could outperform a public panel of the size

of the HRC.

In the Figure 3.3.2a and 3.3.2b, we compared different choices and combinations of reference
panels for two software - IMPUTE2 and MINIMAC3. These two were chosen because IMPUTE2 had
the unique ability to combine reference panels internally and because MINIMAC3 had given the
most accurate results in our initial test. For both software, the inclusion of an SSP was highly
effective. For MINIMAC3, we were able to test the hyper-diverse and hyper-large public reference
panel, the HRC, which further improved the imputation accuracy. However, using the SSP alone was

also very effective.

Our final recommendation for choice of imputation software depended on the number of reference
panels available to the researcher. When imputing with a single panel, we observed an advantage
for MINIMAC3 but the best imputation involved combining an external and a study specific panel.
When an SSP is available, we felt that certain options of IMPUTE2 made it a more attractive choice;
particular due to the possibility of merging two reference panels (this merging procedure is
discussed in detail in section 3.3.5). Further details of our recommendations are given in the

discussion of Annex A.
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Figure 3.3.2a — Comparison of Imputation Accuracy for IMPUTE2 with different reference panel

choices.
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To run MINIMAC3 with both the HRC and the SSP we had to combine these two panels ourselves,
thus having to restrict to sites present in both panels and so excluding the possibility of imputing

variants that are specific to the sequencing of the study population.

3.3.3 HapGen+Pedigree vs. Pedigree

One of the most interesting results that we observed in this simulation study was the contrast
between the two simulation strategies. For phasing, accuracy was much higher in the
HapGen+Pedigree simulation as compared to the Pedigree simulation (Figure 3.2.2a). This trend was
however reversed when calculating imputation accuracies (Figure 3.3.1a) when we were not using
an SSP. To reconcile this phenomenon, we must remember that at the heart of each phasing
algorithm, similarities between members of the sample are being leveraged. However, in the case of
imputation using only the 1000G, the algorithm is now reliant only on similarities between each
individual member of the sample and the set of external reference panel haplotypes. The
HapGen+Pedigree strategy simulated a sharp bottleneck; thus creating a population with more
specific characteristics and therefore one that was less well represented by the 1000G panel; hence
imputation was poorer. We explored the similarity between the target population and the reference
populations by looking at differences in MAFs between the two. Here we were able to show that the
HapGen+Pedigree simulation created greater departures from public reference panels in terms of
MAFs. Furthermore, when we used an SSP, the order of the results flipped - i.e. the imputation was
more accurate on the HapGen+Pedigree simulation. In this scenario, the reference panel now
contained haplotypes specific to the population and so the results took on a similar pattern to our
results for phasing. In our publication we confirmed two logical suppositions regarding this result: (a)
that individuals most closely related to the SSP were imputed more accurately; and (b) that variants
which had a higher frequency in the target populations than in the external reference panel
benefited most from the inclusion of an SSP. The results of these investigations are described in

Supplementary Figures 15, 16a-d, and 17 of Annex A.
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3.3.4 Info and RSQ

Our study also contained an investigation of two measures of imputation accuracy: the ‘info’ score
and the ‘RSQ’ score provided by IMPUTE2 and MINIMACS3, respectively. Most imputation software
will report a metric per-variant that describes the imputation quality. In the Supplementary
Materials of J. Marchini’s and B. Howie’s review of genetic imputation®®, a review of these quality
scores and their differing calculations is given. Here it was shown that the different scores were all
highly correlated with each other and that the two scores cited above were the best performers. The
RSQ score describes directly the incertitude of the imputed data; it is the quotient of the empirical
variance of the imputed dosages over the ‘true’ variance of the hidden genotypes. This true variance
is estimated as 2q(1 — q), where g is an estimator of the MAF from the dosage data. The ‘info’
score of IMPUTE2 is a ratio of observed and complete statistical information regarding the MAF;
again one calculated from dosage data and one calculated using @, the estimate of the MAF from the

imputed dosages.

In Figure 3.3.44, the utility of these metrics is evaluated by plotting them against the true imputation
accuracy. The graph is generated from imputation during one iteration of the Pedigree simulation
using the 1000G as a reference panel. Similar figures can be found in the supplementary information
of Pistis, et al. 2% The imprecision of such metrics is well known, a detailed investigation of these

240,246,247

metrics is found across publications by N.R. Roshyara and collaborators . Commonly applied

post-imputation quality thresholds have been to exclude variants with info < 0.4 or RSQ < 0.3;

though different thresholds have been suggested when using an SSP.>*®
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Figure 3.3.4a - Imputation Accuracy against ‘info’ and ‘RSQ’ scores based on the imputation assays
IMPUTE2+1000G and MINIMAC3+1000G on one iteration of the Pedigree simulation. The blue
shading represents the MAF of each variant. The darkest blue variants have the lowest MAF.

For rare variants (darkest blue in Figure 3.3.4a) the correlation between imputation metrics and true
accuracy is notably quite poor. Hence, higher thresholds are often applied for the low end of the
MAF spectrum®®. In our study, we showed exactly how the choice of threshold would affect the
overall accuracy of remaining variants as well as discussing that the choice of such a threshold is a
balancing act between keeping as many imputed variants as possible, whilst removing those with
poor imputation accuracy (Figure 3.3.4b, Supplementary Figure 18b in Annex A, and discussion in

Supplementary materials of Annex A).
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Figure 3.3.4b. Imputation accuracy across all MAFs following post imputation quality control based
on either ‘info’ scores for IMPUTE2 or ‘RSQ’ scores for MINIMAC3. Imputation accuracy and
imputation quality scores are derived from IMPUTE2+1000G or MINIMAC3+1000G imputation. The
size of circles details the fraction of remaining variants after a given threshold.

We also briefly looked at exactly how the choice of threshold could be made. By changing the

threshold gradually and measuring the numbers of well imputed variants (accuracy above 0.8)
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against the number of poorly imputed variants (accuracy below 0.8), an ‘optimal’ threshold could be
described as the point where one begins to remove more well imputed variants than poorly imputed
ones. These analyses are given in Figure 3.3.4c and suggest that across the whole MAF range,
threshold values of about 0.8 for info and 0.6 for RSQ would be appropriate. This is because in each
test, as we increased the info threshold, we were removing more poorly imputed variants than well
imputed variants up until tipping points where we began to remove more and more well imputed
variants. ldentifying the best thresholds will always be problematic as one first has to decide what
constitutes ‘well’ imputed; and furthermore, the distribution of such quality scores will depend on
many factors pertaining to the imputation strategy and in particular the similarity between target
and reference haplotypes®®.
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Figure 3.3.4c - Here the ‘info’ and ‘RSQ’ thresholds are varied (x-axes) and plotted against the
difference of the numbers of remaining ‘well’ imputed variants and ‘poorly’ imputed variants. As the
thresholds increase, we see this difference initially change as the majority of removed variants are
‘poorly’ imputed. In each case, a tipping point is reached and as the threshold increases further, more
‘well’ imputed variants are being removed than ‘poorly’ imputed variants.
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3.3.5 Imputation with an Exome panel

In Cilento, our SSP is actually WES sequenced, not WGS sequenced which was the scenario we
explored in our publication. Initially we planned to present results for both types of SSP; running the
simulations with WES panels as well as WGS panels in each iteration. However, it became clear that
the results for the WES panel were far harder to interpret than in the case of the WGS panel. In
particular, our summarising statistics that measured imputation quality consistently showed that the
strategy IMPUTE2+1000G+WES was outperformed by IMPUTE2+1000G, contrary to our expectations

and to previous publications®*.

By investigating different tweaks to the imputation pipeline involving a WES SSP and expanding our
analysis to include all three villages; we observed three things in particular: (a) using an exome panel
only improved imputation in exonic regions; (b) it would be best to impute individuals from Cilento
separately based on their genotyping arrays; and (c) that the methods involving imputation with
multiple reference panels had substantial impact on the final accuracy. Two choices that played a big
role were the following: whether available Array positions were added to the WES panel and

whether the merge-ref-panel option was engaged in IMPUTE2.

The 247 individuals with WES data in Cilento also have Array data (both in the simulation and in
reality) and so when forming an SSP of haplotypes, it was possible to add these Array positions to
the WES data. This was suggested in Joshi, et al. *' and is an immediately logical decision. The extra
Array position will aid the phasing of the SSP, particularly as they add data in between exons. The
extra Array positions in the SSP will also facilitate imputation programs to match the target

individuals with the SSP haplotypes across all Array positions.

The other important choice requires more explanation regarding the internal workings of IMPUTE2
pertaining to the merge-ref-panel option. In Figure 3.3.5a we give the relevant schema describing

the merge-ref-panel option taken from the IMPUTE2 website.
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Reference panel 1
(e.g., study-specific)

Reference panel 0
(e.g., 1000 Genomes)

Impute panel 1-specific
variants into panel 0.
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Figure 3.3.5a — Merging reference panels in IMPUTE2. First, sites that are missing in either one of the
two reference panels are cross-imputed to form a single combined reference panel.
Source: https://mathgen.stats.ox.ac.uk/impute/impute_v2.html#merging_panels

In order to merge the two panels, any sites that are not present in both panels must be filled in via
imputation in order so that both panels will contain identical lists of variants. This cross-imputation
is performed in much the same way as the general algorithm for imputation in IMPUTE2 and
crucially, ‘best guess’ or ‘hard called’ genotypes are then taken for these cross-imputed sites. In
short, the genotype with the highest posterior probability is imputed as a certain genotype during

cross-imputation.

The fact that IMPUTE2 does not later account for the uncertainty in the cross imputation appears to
be the main reason for the downstream loss of accuracy when using a WES panel. When analysing
various strategies for imputation with the WES SSP we took the opportunity to test whether it would

be better to combine all array data from all three villages (the previous approach of our
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collaborators in Naples) or to impute separately. Bear in mind that Campora and Cardile were
genotyped on a different chip to Gioi and combining these datasets would mean restricting to
common sites between the two arrays. These two arrays were described in Section 2.1 and we will
note them as ‘370K’ and ‘OMNTI’. In Table 3.3.5, the differences in imputation accuracy (against the

baseline IMPUTE2+1000G strategy) are given for a variety of slightly different imputation pipelines

when tested on our simulation datasets.

Table 3.3.5 Imputation Accuracy of Non- Imputation Accuracy of Exonic
Exonic Variants Variants

Imputation Strategy MAF < 5% | MAF > 5% MAF < 5% | MAF > 5%

IMPUTE2+1000G (baseline) 0.470 0.781 0.510 0.797

IMPUTE2+1000G+WES (A1) 0.489 0.789 0.561 0.820

Reference panels are merged +4.3% +1.2% +10% +2.9%

IMPUTE2+1000G+WES (A2) 0.464 0.770 0.863 0.943

Array positions added to SSP -1.2% -1.4% +69% +18%

Reference panels are merged

IMPUTE2+1000G+WES (A3) 0.470 0.781 0.851 0.939

Array positions added to SSP -0.005% -0.009% +67% +18%

Reference panels not merged

IMPUTE2+1000G+WES (A4 0.487 0.786 0.520 0.804

Array positions added to SSP +3.8% +0.7% +1.9% +0.9%

Reference panels are merged

No relatedness to SSP

IMPUTE2+1000G+WES (B1) 0.643 0.894 0.868 0.952

Array positions added to SSP +37% +14% +70% +20%

Reference panels are merged

Separate imputation on two

genotyping arrays

Table 3.3.5 - On our simulated data, we performed imputation using the WES SSP and a variety of
different pipelines. The baseline imputation was performed on all three villages together, using only
variants found on both of the genotyping arrays in Cilento and using IMPUTE2 and the 1000G as a
reference panel. In the middle section of the table we tested different ways of including a WES SSP.
In the last section of the table we testing imputation on the two genotyping arrays separately.

The clearest conclusion was that the biggest improvement to imputation that one will gain from a
WES SSP was on exonic variants. Also it was clear that it would be best to perform our imputation
separately on the two genotyping arrays (row B1). To go into details of Table 3.3.5, we observe that
the only instance when imputation accuracy decreased substantially was for the non-exonic
positions and when array position were included in the WES panel and when the merge-ref-panel

option was used (row A2). We had applied this strategy for the WGS panel in our simulation study.
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We can rationalise these observation in the following way: for a given target haplotype, the most
likely copying states depend on the ability to match the array positions of the target haplotype to
the array positions in the reference panel. Therefore, adding the array positions to the WES panel
will facilitate matching between target haplotypes in the isolated population and study specific
reference panel individuals (they are of course closely related in many cases). Hence, imputed
genotypes become more likely to be inferred from the 93 individuals - not the 1000G individuals.
This explains the increased imputation accuracy for WES positions when the array positions are

added (rows A2 and A3 against row Al for Exonic Variants).

However, as the Array positions are distributed relatively evenly, the same enhancement for
matching will take place outside of exons as well. Hence, the imputed genotypes from non-exonic
regions are also most likely to be inferred from the 93 WES individuals. Reflecting on this, it is
evident that if the reference data for imputation outside of exons comes from the 247 SSP
individuals, it will contain mostly variants that will have been already imputed from the 1000G
through cross-imputation during the merging step. However, the quality of the imputation during
the merging may be poor and so the hard calls made during cross imputation with create erroneous
genotypes that will be subsequently imputed again. Therefore, it makes sense that the quality of
imputation outside of exons will not be better when we include the SSP, and may in fact be worse
(row A2). If the merge-ref-panel option is not activated, then this problem is avoided (row A3).
When the option is not activated, imputation is performed in two steps, first from the SSP onto the

target, second from the 1000G onto the target.

Furthermore, if the merge-ref-panel option is retained but the relatedness between the SSP and the
target haplotypes is removed, again this problem does not occur (row A4 against row A2). We
removed this relatedness artificially by using an SSP from one iteration of our simulation as an

imputation panel for simulated target individuals from a different iteration. Therefore, we were
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adding a WES panel of 247 individuals who were not related to our target haplotypes, but could

nonetheless prove useful for imputation as they still consist of imperfect UK10K mosaic haplotypes.

In Figure 3.3.5, a visual representation of some of these changes in imputation accuracy was plotted.
In this plot we focus in on a single exon and show the changes in imputation accuracy against the

baseline accuracy of IMPUTE2+1000G for each variant against its physical position on the

chromosome.
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Figure 3.3.5. The change in imputation accuracy (against baseline imputation quality from the
strategy IMPUTE2+1000G) is plotted across a chromosome 10 exon and surrounding regions. The
variants present on the WES panel are highlighted in red and one exon of chromosome 10 is clearly
visible, flanked by regions populated by variants present on the 1000G panel (black).

Section A: IMPUTE2+1000G+WES. Array positions added to SSP. Reference panels are merged (row
A2 in Table 3.3.5).

Section B: IMPUTE2+1000G+WES. Array positions added to SSP. Reference panels NOT merged.
(row A3 in Table 3.3.5).

In Section A of Figure 3.3.5, the SSP with both exome and array positions is used and the merge-ref-

panel option is activated. Here, we observe that the exonic variants (red) have increased imputation
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accuracy; 1000G variants (black) within and very close to the exon also have increased accuracy.
Outside the exon the accuracy decreases. In Section B, there is only one difference to section A: the
panels are not merged. Here, we see that the exome positions in red increase in accuracy but all
1000G positions remain unchanged. In Box 3.3.5, an elucidation of how accuracy can be lost in in this

specific case is given.

fBox 3.3.5 — Imputation with an exome panel k

We have a haplotype of 6 variants, two of which lie in an exon (shaped orange): { gl loll ]
We observe only two positions from array genotyping: [ 2 12 2 17 ]

Imagine a reference panel of one local haplotype with exome and array data, and four haplotypes from
the 1000G panel:

[0 1?7?17 ] Study Specific WES haplotype
(B0o100 )[{160101)[@11000][100100 ] 10006

Cross imputation (-merge-ref-panel option) 2-step imputation (without the

# First impute 1000G positions into WES i -merge-ref-panel option)
individual » First impute WES positions into target
([ 010306104 | i haplotype
» Make hard calls to create merged 7 TINEER

reference panel :
b1 0110]({@a@ai0c100)]
160101 )f011000]

: fGa 1?7?17 )
» Second, impute 1000G positions in to

(oo0o0100] E target haplotype.
~ Impute on to target haplotype |
EFT?2? 12 ] ! (ao f v ?17 |

[ BB 3 01 08 102 ) (0010306 104)]
\ i Ky,

Box 3.3.5 - An example target haplotype with two positions in an exon and four positions outside is
given. The imputation outside this exon from the 1000G is not very accurate, giving dosages of
{0.3,0.6,0.4} for the three unobserved sites, whose true values are {1,0, 1}. When the WES panel is
used, during the merging stage, the values {0.3,0.6,0.4} are imputed into the WES panel (left
section) and are then called as {0,1,0}. This exacerbates the inaccuracies of IMPUTE2 with final
imputed dosages in the target of {0.1,0.9,0.2}, even further from the true haplotype. This issue is
avoided if we do not merge the panels (right section).

Further exploration may be required to fully interpret these results and to understand what
characteristics of the HMM imputation models have been demonstrated. The fact that the
relatedness between target and reference individuals has led to problems in this instance perhaps
indicates that when dealing with population isolate samples with complex structures, methods that

do specifically model for IBD sharing can potentially suffer. Furthermore, this analysis shows that for
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human genetics, imputation that involves WES reference data should be handled carefully due to
the large gaps between exons. However, in animal models where LD extends much further and WES

249

SNPs can better tag non-exonic regions”™, these difficulties associated with using a WES SSP may

well not have arisen.

To carry out imputation in Cilento, we decided to use the strategy IMPUTE2+1000G+WES with Array
positions added to the WES SSP and using the merge-ref-panel option; despite knowing that this
would lead to some loss of accuracy outside of exons. Our reasoning was that: (a) this strategy
would improve the imputation in and nearby exons greatly and as our sequencing data is only on
exons this should be a priority; (b) if we did not apply the merge-ref-panel option, any variants
specific to the WES SPP would be removed by IMPUTE2 as without this option, only positions in the
largest panel (1000G) can be imputed. Finally, we also carried out the imputation separately on the
two genotyping arrays present in Cilento as this gave clear improvement in the simulation. We used
the 1000G as the external reference panel as it contained many more variants than the version of
the HRC that was available to us. We were able to confirm our simulation results by showing
increases in the ‘info’ score when including the WES SSP for the imputation of the real data of
Cilento™*.

To use the full HRC panel would have required us to upload our data on to an external imputation
server and thus preclude the merging step with our local WES panel. It is well known that imputation
benefits from using the largest and most diverse imputation panel possible and it was not a surprise
to see that the HRC performed better than the 1000G in our simulation. The idea being that as
imputation algorithms are able to pick the most appropriate haplotypes for Copying States, making
available additional haplotypes can only improve imputation’”. Indeed, similar ideas about
increasing reference panel diversity also appear in the literature of imputation in animal

modelszso,le

. It would have been potentially of great interest to use the full HRC for Cilento as it
includes many haplotypes of Greek and Italian origin. However, our priority was to pursue the use of

our WES SSP.
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3.4 Prospective for Phasing and Imputation in Isolated Populations

We have established that haplotype phasing of array type data is exceptionally accurate in isolated
populations. This means there remains little room for improving phasing accuracy, though leveraging
larger external reference panels such as the HRC for phasing might provide another small
improvement. The current main prospective for haplotype phasing in general is to be able to harness
the phase information of read data. As WGS data is constructed from large ensembles of short
genotyped reads (small haplotypes that are ‘read’ by the sequencing machinery), often the
haplotype phase has actually already been measured. Indeed, a version of SHAPEIT2 is already in

222

place to infer phase directly from read data“ which stands alongside previous read-based phasing

252,253 254

methods such as WhatsHap and HapCut™”". Furthermore, short distance haplotype calling
(determining phase between very closely located variants) is currently available in the commonly
used calling algorithm GATK®®. The field of read-based phasing has now been joined by new
methods whose development is tied directly into innovations in whole-genome sequencing
methods™®. A discussion of the phasing of WGS data including some of these methods was
published in 2018%’ which showed SHAPEIT2 and EAGLE2 to still be very competitive with what is
referred to as ‘laboratory-based’ methods; particularly when also considering the difference in cost
of such approaches. However, as future studies of population isolates may rely more on direct WGS

data, potentially using technology that can read longer haplotype fragments, it might become

standard practice to adopt genotyping protocols that directly generate phased data.

One of the negative points of our first publication was that the rather limited choices of imputation
software that we compared. All software tested were LD-based, whereas it would have been of
interest to include software based on different methodologies as we had done so with the phasing

11 pRIMAL was a perfect candidate

analysis. We considered the use of imputation software PRIMAL
for this study as it presents a phasing and imputation method specifically designed for isolated

populations. It combines ideas of LRP and pedigree based imputation but, like EAGLE, utilises an LD-
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based method (IMPUTE2) to complete the imputation in areas of the genome where IBD-based
methods are not informative. We initially encountered difficulties with implementation, and despite
continued efforts and discussions with the authors M. Abney and D. Nicolae of PRIMAL, we were
never able to satisfactorily run the software on our simulated dataset. Indeed, we were advised to
wait for the release of a new version. We also considered pedigree based imputation methods and

28 5n the simulated dataset; this too was problematic due to the size of

chose to try and test GIGI
the Cilento Pedigree; finally we decided to not pursue matters further and submitted our work

without including an imputation method based on IBD sharing.

We returned to the subject of phasing and imputation recently (after the publication of the article)
to once again try to use GIGI. This imputation software directly uses the known pedigree structure
along with array genotypes to infer the patterns of the inheritance. With this information, if some of
the individuals (an SSP) have sequencing data, their genotypes may be imputed in to closely related
individuals based on their connections in the pedigree. GIGI is indeed a development of the first
genotype imputation methods in families discussed in section 3.1. We found that GIGI alone was not
able to operate efficiently in Cilento for the following reasons: (a) the pedigree had to be split and
the sub-pedigrees of genotyped members were too small; (b) the members of the SSP in Cilento
were too few and too widely spread for this method. However, the ‘ped-pop’ method”**® that
combines output from GIGI and IMPUTE2/MINIMACS3, gave hope of being able to attain imputation
accuracy higher than from IMPUTE2/MINIMAC3 alone. This method selected the most confidently
imputed genotype between the two output files and as we had observed that GIGI could impute well
from SSP members to their siblings it was possible that the results of IMPUTE2 could be improved
upon. However, when using ‘ped-pop’ we still observed a drop in accuracy of approximately 10%

compared to IMPUTE2.

Very recently, a new software known as Kinpute®" was released which takes the posterior genotype

probabilities from IMPUTE2 as initial estimates (or as prior probabilities) and then re-estimate the
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imputed genotypes via estimations of IBD sharing coefficients between the target individuals and
individuals in the SSP. This method was shown to produce highly accurate results on the Hutterite
data, but initial tests on our simulation data are showing a decrease in imputation accuracy (roughly
1% decrease on common variants though rare variants had equal accuracy) when compared to

IMPUTE2.

The possible idea of combining IBD- and LD-based methods for genotype imputation that have been
developed by PRIMAL, GIGI, and KINPUTE seem ideal for isolated populations but as of yet we have
not been able to demonstrate their efficacy. This will be a continued area of future investigation

using our simulation datasets.

During this thesis, | have exclusively concentrated on phasing and imputation literature relating to
human genetics; but these are techniques that are also heavily used in in the study of livestock

262

populations. One software that could have been included in our study was FIMPUTE™™, a long range

phasing/imputation method first implemented for cattle datasets. However, this method had been

263-265

previously shown to be slightly inferior to methods such as, IMPUTE2, and MINIMAC3 , though

%%® and continues to be used in animal populations where

it may be able to outperform BEAGLE
detailed pedigree data is available’®’. We also did not test ALPHAIMPUTE*® (after observing that
ALPHAPHASE had very poor performance in our simulation); though this method was updated in
2017%*° and so should be re-examined. Now, inference from ALPHAIMPUTE can be combined with
that of MaCH (a precursor to MINIMAC3), again bringing forth an idea of combining IBD- and LD-
based methods. The idea that methodologies developed for studies of animals could be borrowed

for analysing isolated populations (and vice-versa) is driven by the fact that in both cases, it may be

possible to attain detailed pedigree structures whose information could be taken advantage of.
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3.5 Conclusions on Phasing and Imputation

From this first study, we were able to establish the most appropriate phasing and imputation
strategy for ourselves in Cilento, whilst also being able to provide useful recommendations to other
researchers studying isolated populations. We had felt that combinations of IBD- and LD-based
methods could unlock the highest levels of phasing accuracy; but SHAPEIT2 continued to
demonstrate the highest performance levels. For imputation, we demonstrated the strengths of
SSPs in a thorough simulation setting for the first time as well as showing that even a very small SSP

can be highly effective in a population such as Campora.

Our unpublished results on using a study specific WES panel showed a potential weakness of
IMPUTE2. The issue that we have highlighted regarding imputation with a study-specific WES panel
could be easily rectified by the developers of the IMPUTE software, and could even be circumvented
by ourselves — though it would take a rather lengthy and convoluted pipeline. Alternatively, there is
no reason why genotype uncertainty could not be retained within a haplotype reference panel. A
method allowing for this scenario would solve the issue we observed with the cross-imputed WES
SSP. Previously, on a somewhat similar note, a specific issue had been brought up with the Li-
Stephens model for haplotype phasing. C. Nettelblad 2’° described how the presence of individuals
sharing two haplotypes IBD can lead to phase estimates fixating on an incorrect outcome. Allowing
the algorithm to escape from this local maximum was one of the many adjustments between
SHAPEIT2 and the original incarnation SHAPE-IT?*°. The recent priority of imputation software has
been to accommodate enormous sample sizes; for example, IMPUTE4 has far less user specified
options than IMPUTE2 and so researchers focused on samples of related individuals may find that
LD-based methods will be less and less likely cater to their specific needs and perhaps more bespoke

methods that specifically model for IBD could be developed and provide advantages.
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Chapter 4: Heritability

4.1 Introduction of Concepts

For complex quantitative traits, there is often interest in estimating the proportion of the phenotypic
variance that can be ascribed to each individual’s inherited genome. This proportion of variance
coming from the genome is referred to as heritability. Classically, the approach was to decompose
the variance of a phenotype by calculating correlations of phenotypes between pairs of close
relatives™. Analyses commonly focused on contrasting monozygotic and dizygotic twins, or by
studying sets of sibling pairs of parent-offspring pairs**’. Subsequently, linear mixed modelling has
enabled the estimation of trait variance components from samples including pairs of individuals with

various degrees of relatedness, such as studies of population isolates®”*

. Such approaches either use
extended pedigree information that gives the expected relatedness coefficients between each pair
or individuals, or use individual level genotypes for directly estimating relatedness on the genome. It
is intuitive that exact estimations of relatedness should be more informative than the expected
values given by the pedigree due to the large potential stochastic variability of genome sharing

between relatives??®?’?

. Such techniques initially relied on finding shared sections of the genome
identical-by-descent (IBD)”*?**?* but more recently, it has been shown that correlations between
genotypes allow for heritability estimation from any sample of individuals, including large samples of

unrelated individuals®’**"%,

Firstly, | will fully explain the concepts of additive and non-additive heritability in a (non-inbred)

population. The initial assumption is that our phenotype Y can be modelled as follows:

M
Y = Zgij + &
=1

M is the total number of causal variants. The index i indicates individuals and j indicates genetic

variants, &; is the environmental component, assumed to be normally distributed under N (0, o2)
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and is independent of g;;. g;; is the genetic value of variant j of individual i which is dependent on

the genotype which we denotes as G;;:

u]'O , GU = AA
gij = ujl , Gl] = Aa
u]'Z , G” = aa

As we assume that the genetic values are invariant across individuals, the subscript i will sometimes

be dropped for brevity.

Considering the genetic value g; as a random variable (as the genotypes are here considered as
random), then the expected value of g; is E[g;] = piujo + 2p;q;uj1 + q7uj, where g; is the minor

allele frequency of variant j and p; = 1 — q;. We define u; = E|g;].

The random variable g; is defined on a probability space, mapping one of the three events
{AA, Aa, aa} which occur with probabilities {p?, 2p;q;,q7} to the set of outcomes {ujo, uj1, uj}. It
can be shown that g; lies within a vector space of three dimensions governed by the values

Ujo, Uj1, Ujp and with the following inner product:

(9},97) = E[9}97] = piwjouly + 2pjqufyufy + qiujul, Eq.4.1a

The superscripts indicate different realisations of g; coming from different values of {ujo,ujl,ujz}.
We can denote this vector space as V where each random variable contained in V is characterized

by a tuple u = (w;jo, uj1, Uj2)-

We will first define X; = g; — u;X;, where X, is a particular member of V characterised by (1,1,1).

Xj is characterized by the tuple (ujo — 1), Wjs — Uj, Ujz — K;)-

X; has an expected value of zero and is orthogonal to the variable X;. This is seen as u; = (g, X1)

and hence (X; , X1) = (g;, X1) — n;{X;,X1) = 0.
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We can decompose X; into two further orthogonal components X]-a and X]-d so that for some values
a; and d;:

Xj = aXj + d;Xf!
Here, X{and X are specified to have expectations of zero and (X, X/*) = (X{, X{') = 1. As with
linear 3-dimentional space, there are countless ways to partition a vector into orthogonal
components as there are countless different orthogonal bases that can be chosen, but we will

choose two directions relevant to the variance of a genetic trait.

In particular we choose X]-“ to relate to the number of minor alleles in the genotype. Intuitively, this
direction must be X1, = (0,1,2) so we specify X{* = a(Xo1, — £X1). And solve for the constants

a and f8 by seeing that (X, X/*) = 1 and (X}, X;) = 0, this gives:

ya - Xo12 — 24;X%1 _ ( —2q; 1-2q; 2- 261j>
V2pj4; 2pja; /2p)a;

/ V2Dp;4;
This is recognizable as the normalized additively coded genotypes of the individual. Hence, as Xja

describes the contribution of additive effects of the variant, we name the remaining orthogonal

component de as the ‘non-additive’ component.

By setting de = (61, 65, 63) and by observing that by construction (Xfi,de) =1, (de,Xl) =0, and
(de,Xﬁ) = 0, it is straightforward to solve simultaneously to give the non-additive coding for the

genotypes:

Hence:

Y, =%+ Xi(aXh + 4 X3) + & Eq.4.1b

In Box 4.1, the separation of additive and non-additive effects is depicted to give a clearer image of

what is being described by each component.
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Box 4.1 Additive and Non-Additive components

Here, a graphical representation of the decomposition of additive and non-additive
components is given, invoking the idea of a change of orthogonal basis in 3D space.

Ujo 1 0 0
Uj2 0 0 1

|
Qs LT e

Ujp

J1

Ujo-

AA Aa aa AA Aa aa

Box 4.1 — The decomposition of a genetic value into additive and non-additive components.

In matrixform: ¥ = u + X a + Xpd + €, where X4 and Xp are N X M matrices that represent
the additively coded and non-additive coded genotypes of all individuals; a = (a4, ..., ay) and
d = (dy, ...,dy); and p is a vector of length N with all values equal to }; ;.

1) Classical interpretation
To reach this point, our stance has always been that the effects a and d are fixed and the genetic
components X4 and Xp are random. This interpretation is the classical version introduced by R. A.
Fisher’>. We will later turn to the modern stance introduced by P. Visscher. The differences between

these two stand-points is discussed in detail by Dandine-Roulland and Perdry *.

Consider the covariance of two individuals’ phenotypic values, Y; and Y;:

cov(Y;,Yy,) = cov Zuj + Z(ang- + deg-) + & ,Zuj + Z(anI?j + deI‘cij) + &
j J J) J)
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We assume that all variants are in linkage equilibrium. Hence, all cross terms of the form

a a d d ; H P
cov(Xijl,ijz) and cov(Xijl,ijz) are null. As are the cross terms involving environmental effects

as we assume there to be no covariance between genetic and environmental terms. In non-inbred

populations, the cross terms cov(X{‘;-,X,fj) are also null. As a side note, while such terms do
theoretically contribute in populations with inbreeding, there is very little consanguinity in Cilento
and we chose not to consider the more elaborate covariance structures outlined in Abney, McPeek,

& Ober''°. Hence we arrive at the following:

cov(Y;, Yy) = Z (a]-zcov (X5 Xx3) + d]-zcov(X{ij,X,‘fj)) + cov(g;, &).
j

Therefore, we must evaluate the covariance of pairs of additive and pairs of non-additive

components between pairs of individuals. To do this requires a decomposition over the different

possible IBD sharing states between the two individuals:

cov(X{lj,X,‘jj) =¥, Agik)cov (Xflj,X,?j

Al(ik))'

cov(X%, X)) = Z?=1A§“‘)CO" (Xg.,ng|Al(ik))'

Al(ik) is the probability of individuals i and k being in IBD state [.
The workings through the possible states can be found in Jacquard *%, and we arrive at the following

well known results for a non-inbred population: cov(Xiaj,X,?j) = 2¢;x, where 2¢;; = 1; and

cov(X{ij,X,‘fj) = 1 , where:

1, i=k
Vi = A sk

Importantly, cov(Xi“j,X,?j) and cov(Xidj,X,fj) do not depend on the variant j. Therefore,

cov(Y;, Y,) = 20 Z a]-2 + Vi z d]-2 + cov(g;, ).
j j
The environmental components are assumed to be pairwise independent; i.e. cov(g;, &) is equal to
1ifi =k, but is zero otherwise. We now introduce N X N matricies K and D where K;;, = 2¢;; and
Dix = iy
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Hence, in matrix form, the variance-covariance stricture of Y, written as var(Y), is as follows:

var(Y) = Zajz K+ Zdjz D + cZly

J j
We then write 7, = ¥; af and 74 = ¥; d} and define broad- and narrow-sense heritability,

respectively, as:

TatT
2= _—2 4 and h%=

Tq+Ta+oE Tq+Ta+0E

Ta

Furthermore, we will write the additive and non-additive heritabilities respectively as: h2 = h? and
h3 = H? — h2. If the trait is scaled by dividing through by (7, + 74 + 0£), we have:

var(Y) = h2K + h3D + (1 — hZ — h3)I Eq. 4.1c

2) Modern interpretation
An alternative interpretation was introduced by P. Visscher and first demonstrated in a landmark
study of heritability in a sample of unrelated individuals®’®. Here, the important distinction is that the
effects @ and d are now considered as random and the genetic components X4 and X are
considered as fixed. We assume that entries of the vectors a and d are draws of independent and
identically distributed normal variable with means equal to 0 and variances equal to 62 and g3,
respectively. In this setting, the variance-covariance matrix of ¥ becomes:
var(Y) = c2X,X," + 02 XpXp" + o1y

Which we rewrite arbitrarily as:
1 T 1 T 2
var(Y) = 1, — XX, +14—=XpXp +0ily
M M
The link between this model and equation 4.1c is clear once we notice that as a]-~N(0, a2), (Z ajz)

is a moment estimator of Mo? = 1,, and likewise for 74 and (Z djz). Again, if the trait is scaled by

dividing through by (t, + 74 + 0£), we have:

1 1
var(Y) = h? MXAXAT + h3 MXDXDT + (1 —hZ —hd)Iy
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Consider single entries of the two matrices X ;X 47 and XpXp_:

—{ aXaT Yo = ZX X X¢;

_{XD 'y lk Z | X X

For any given variant j, X{‘;- X ng and Xl-dj X X,‘fj are moment estimators of 2¢;, and Y ,
respectively. By averaging over all causal variants; %Z?/’:lX{lj X X,‘jj is @ moment estimator of K
and likewise %Zﬁ‘-":lX{lj X X,fj is a moment estimator of Dy.

Once the matrices K and D (which we will no longer write in bold from here on for ease of reading
as we are always clearly referring to matrices) have been calculated, either from IBD probabilities or
as moment estimates from the individual level genotypes, 74,74, and abg can be estimated via a
linear mixed model (LMM). In our study, we use average information maximum likelihood
estimation (AIREML)*® to do so. When K and D are calculated as moment estimators from genotype
data, we will refer to them as Genetic Relatedness Matrices (GRMs). This particular LMM will be
referred to as Model KD:

Model KD: Y ~ MVN(UBy, 4K + TpD + 6Z1y)

The term U, describes any potential addition covariates (such as sex or age) that may be added to

the model.

An important distinction between the classical and modern derivations is that there is a difference in
the interpretation of the relative sizes of the genetic effects. In the classical interpretation, there is
no restriction or prior expectation on the values that u;y, u;;,and u;, can take. In the modern
interpretation, the genetic effects a; and d; are assumed to be draws of normal distributions and

contribute to the trait via the formula previously given above:

Y; :Zyj+ Z(a]Xa +Xm])+ &
J J
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As the genotypes have been normalised to form X{‘} and X{‘;, this essentially leads to a relationship
between the contribution of a genetic variant to the trait and the frequency of the variant. Indeed,

this model of P. Visscher predicts that rarer variants will, on average, have larger genetic effect sizes.

In either case, it is typical for only narrow-sense heritability (the contribution of only the additive
effect of the number of minor alleles in the genotype) to be calculated and presented. The non-
additive component is not fitted. Results for non-additive heritability for complex traits have only
rarely been estimated and results often vary greatly between different studies, this led us to begin a

second simulation study primarily investigating non-additive heritability.
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4.2 Published Results for Non-Additive Heritability Estimation

4.2.1 Interplay of Trait Architecture and Variance Components Estimates

In our second study we demonstrated some possible advantages of studying isolated populations for
broad-sense heritability estimation. Through simulation and the study of the Cilento isolates we
explained to an extent why large differences in estimations can be observed in the literature. We
used the simulated data for all three villages of Cilento, using the combination of HapGen2 and
gene-dropping as described in Section 2.2. Data from six different runs of this simulation were used
in this study. We also simulated ‘outbred’ populations - simply by running HapGen2 on the UK10K to
produce mosaic haplotypes. In fact, for this simulation study we did not actually use HapGen2
directly, we coded their algorithm ourselves so that we could record the mosaic segments used in
the simulation; this would allow us to know the ‘true’ IBD sharing between all pairs of individuals in
the simulated populations. For the majority of results we concentrated on four populations: (a) —
“Isolated(1444)”, one realisation of the simulated isolated population with 1,444 individuals and the
structure of the three Cilento villages; (b) “Outbred(1444)” — an outbred population of 1,444
individuals; (c) “Outbred(4332)”; and (d) “Outbred(8664)” — larger simulated outbred populations of

size 4,332 and 8,664, respectively.

The first section of the study concentrated on estimations of h2 and h3 from running linear mixed
models on phenotypes simulated under simple polygenic models. Details of phenotype simulation
are given in the Method section of Annex B. Below, in Table 4.2.1, a collation of previous estimates
of both heritability components from commonly studied traits are given. For two traits, LDL and BMI,

| have plotted these estimates to demonstrate their diversity (Figure 4.2.1a).

111



Anthony Francis Herzig — Doctoral Thesis — 2019

2 2
h2 hi=0

Previous Studies
& Outbred
& Isolated
@ Twins

€ Extended
Genealogies

2 2 2 2_
hg=1 hi=1 hi=1 hg=
Phenotype: Body Mass Index (BMI) Phenotype: Low-density lipoprotein (LDL)

Figure 4.2.1a - We decided to plot these joint heritability component estimates on triangular figures
to represent how the LMM distributes the phenotypic variance between the three variance
components from the three variance-covariance matrices, K, D, and I,,. This results in a slight bending
of 2D space; essentially an isosceles triangle with vertices at (0,0), (1,0), and (0,1) has been mapped
on to an equilateral triangle to give equal prominence to all three components and a better
aesthetic. Two specific values of BMI estimates have been added to aid comprehension of how values
of h? and hfl vary in the simplex. The construction of the graph means that one can roughly gauge
the magnitude of the two estimates by observing the distances from a point to each vertex. The
variety of estimates for hczi for the trait LDL have been indicated by their distance to the hfi vertex.

The difference in estimations from different study designs, we reasoned, could relate to either
specific trait architectures, or to the different methods used for calculating matrices K and D (IBD-
based in isolated populations, or moment based estimates in outbred populations). Our first analysis
was concerned with the former conjecture — different trait architectures. Hence, we decided to
analyse simulated populations in the same way: we simulated a myriad of phenotypes using random
draws of random causal variants. For all populations, we calculated the variance-covariance matrices
as GRMs and fitted the same linear mixed models (LMMs). We varied the polygenic trait architecture

by changing the number and frequencies of causal variants.
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Table Abney, Pilia et al.,, | Traglia et al., | Zaitlen et al., | van Dongen et | Chen et al., | Chen et al, | Zhu et al., | Nolte et al,
4.2.1 McPeek, & | 2006, 2009 7%, 2013, al., *°, 2013, 2015 **, 2015 **, 2015 %, 2017 %,
Ober.2001.'”, |N = 6,148, | N = 1,803, | N =15,000, N = 7,500, N =7,740, N =5,779, N= 8,682, | N =13,436,
N = 806, | Isolate (1) (2) Isolate (1) (2) Extended Twin Study (4) | Twin Study (5) | Outbred (5) (6) | Outbred (6) Outbred (6)
Isolate (1) Genealogies
(3)
Phenotype | K2 | K3 | K2 | K2 | K2 | K3 | K2 | K2 | K2 | K | K2 | K2 | K2 | K | R | B2 | R | W
Height - - 0.77 0.23* | 0.78 0.22* | - - 0.81 0.09 0.77 0.09* 0.62 0.00 0.48 0.02 0.49 0.00
BMI 0.54 0.00 0.36 0.32* | 0.33 0.17 0.16 0.09 0.41 0.37 0.28 0.41* 0.21 0.02 0.23 0.15% 0.25 0.02
TGLY 0.37 0.00 0.30 0.42* | 0.39 0.35* | - - 0.33 0.25 0.42 0.14 0.31 0.28*% | - - 0.19 0.01
HDL 0.63 0.00 0.47 0.11 0.62 0.00 0.42 0.14* 0.40 0.27 0.66 0.00 0.24 0.01 0.25 0.07 0.19 0.00
Total Chol - - 0.38 0.29* | 0.23 077 * | - - 0.51 0.16 0.28 0.19* 0.15 0.00 0.21 0.01 0.23 0.00
LDL 0.36 0.60 * | 0.37 0.27* | 0.33 0.66 * | 0.20 0.26* 0.51 0.18 0.23 0.24* 0.16 0.00 0.26 0.02 0.27 0.00

Published results for additive and dominant genetic variability from various study designs.

* Estimates of h3 presented as statistically significant at the 5% level.

- Trait not studied for dominance in the article.

(1) Estimates based on estimating K and D from expected proportions of identity-by-descent (IBD) sharing coming from pedigree information.

(2) The depth of pedigree information in these studies did not allow the differentiation between a dominance model (including non-additive genetic variation) and a household
model (including an effect of shared environment between siblings).

(3) The authors of this study analysed a large sample from the Icelandic population for whom extensive pedigree data was available, Matrices K and D were estimated by
locating and counting stretches of IBD between pairs of individuals.

(4) This study analyses a large cohort of monozygotic and dizygotic adult twins. Standard errors are only presented for broad-sense heritability, though it is likely that the
estimates for h2 for all traits other than height were significantly different to zero.

(5) The authors of this study performed separate analysis, firstly a twin based study using structural equation methods with adjustments for reported levels of time spent in a
shared environment between twins, and secondly a study of a large sample of unrelated which included one individual out of most twin pairs in the first analysis.

(6) Estimates based on calculating correlations between additively and non-additively coded genotypes to compute matrices K and D.

Abbreviations: BMI: Body-mass index; TGLY: Triglycerides; HDL: High-density lipoproteins; Total Chol: Total cholesterol; LDL: Low-density lipoproteins; N: Sample size.
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Having then estimated h2 and hfi, we could notice patterns across multiple realisations of the
phenotype simulation. To give a full explanation of how the plots in the publication were designed,

we include here Figure 4.2.1b (Figure 1 from Annex B) with a full description.
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Figure 4.2.1b — For each of our simulated populations, we repeatedly simulated phenotypes by taking
random draws of causal variants with either additive effects, non-additive effects, or both; and
random draws of genetic effects (a; and d; from section 4.1); scaled so that h2 and h3 were both
equal to 0.4; the horizontal lines in each sub-plot of section (a) denote these true values. In section
(a), we vary the number of causal variants (M) and present the maximum likelihood estimates (MLEs)
for h% (gold), h (blue), and indeed 1 — h? — h3 (grey). Each simulated phenotype results in one
thin vertical bar on the plot. Section (b) gives one example of such a set of MLEs. For a few particular
values of M, we repeated the simulation 500 times in order to compute empirical variances of the
estimates of h2 and h3 which we present in section (c), observing that there was less precision for
phenotypes simulated using very small numbers of causal variants.
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Two things were immediately obvious, that there would be very little precision in estimates of h3 in
all populations and that estimates from outbred populations were downwardly biased; particularly
when causal variants were rare. Estimates from isolated populations were however robust to
changes in causal variant frequencies and to the numbers of variants made available for calculating
GRMs (Figure 2 and Supplementary Figures 1 and 2 of Annex B). By increasing sample sizes of both
isolated and outbred populations, we could substantially increase the precisions of the estimates of
hZ and h?i (Figures 1,2, and 3 in Annex B). For the additive component, it is well known and well

120,121

documented that analyses of unrelated individuals will underestimate heritability . It was not

surprising to see in our analysis a mirroring of this well documented phenomenon for non-additive

. 22 who postulated that non-

heritability. This somewhat contradicts the conclusions of Zhu, et a
additive heritability was largely unimportant based upon interpretations of estimates of unrelated
individuals when using very similar methods to estimate h3 as we have used here. However, our
simulation was very simple and potentially naive as our simulated phenotypes followed idealised

polygenic models. It is unlikely that any human trait is a simple amalgamation of hundreds of

thousands of small independent effects.

Furthermore, estimates from isolated populations may also be problematic and the rest of our study

concentrated specifically on these challenges.

4.2.2 How to Estimate Relatedness Matrices in an Isolate

We investigated different methods for estimating the matrices K and D in isolated populations. We
noted that in our comparison of previously published joint estimates of h2 and h3 that the studies of
isolated populations used the expected IBD coefficients based on known pedigree structures.
Conversely, the studies of outbred populations, not having evidence of close relationships, used

GRM moment estimators to calculate K and D.
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We compared three methods for estimating K and D in isolated populations: (a) pedigree based
estimates; (b) true IBD-sharing based estimates (as we could either track every simulated allele back
to a particular founding haplotype); and (c) using GRMs. In Figures 4.2.2a and 4.2.2b (taken from the
Supplementary Figures 4b and 4c of Annex B) we compare the off-diagonal entries of these matrices.
The off-diagonal elements from pedigree-based matrices are less continuous than other methods.
From a pedigree, only the expected values of IBD sharing can be calculated. Hence, for example, all
of the sibling pairs have an expected value for their non-additive covariance roughly equal to 0.25
(Figure 4.2.2a). Whereas the estimated values for these covariance values from GRMs vary greatly
around 0.25. The idea being that, for example, we expect two siblings to have a kinship coefficient of
0.5 and a coefficient of IBD=2 sharing equal to 0.25. However, the actual values will depend on the
stochastic transmission from the two parents. It is intuitive therefore that using coefficients that

capture the exact IBD-sharing between each pair will better reflect the assumptions of the LMM.

Kinship Matrix - K Dominance Matrix - D

1.001

0.754

0.504

GRM - Off Diagonal Element

0.254

- Lk
0.007 4

0.00 025 0.50 0.75 100 0.00 0.25 0.50 0.75 1.00
Pedigree - Off Diagonal Element

Figures 4.2.2a — Comparison of off diagonal elements of matrices K and D calculated either from the
pedigree of Cilento or as GRMs.

We estimated heritabilities h2 and h3 for previously simulated phenotypes, using these different

methods for estimating K and D.
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Kinship Matrix - K Dominance Matrix - D

0.754

0.50 4

GRM - Off Diagonal Element

0.254

0.004 - i

0.00 025 0.50 0.75 100 0.00 0.25 0.50 0.75 1.00
True IBD-sharing - Off Diagonal Element

Figures 4.2.2b — Comparison of off diagonal elements of matrices K and D calculated either from the
true IBD-sharing (recorded during the simulation) or as GRMs.

The most interesting result was to see that the ‘best’ estimates came from GRMs, and this was a
universal result across many different scenarios (Figure 4 in Annex B and Supplementary Figure 5 in

Annex B). One particular result is summarised in Box 4.2.2.

The ellipses in Box 4.2.2 reflect the variance in the estimation of the additive and non-additive
components, with their forms showing the large lack of precision in the estimate of h3 which could
generally vary between 0 and close to 1. If we concentrate on the estimation of the additive
components, we can see that all methods performed quite similarly as the ellipse have similar minor
axes. For the major axis which describes the non-additive component, there were some differences
and the GRMs appear to give more precise results. We were somewhat surprised that the GRMs
outperformed the matrices derived from the true simulated IBD-sharing. We presented the
following conclusions from this particular analysis: firstly, using GRMs in isolated populations is
appropriate (as this was not an approach generally used before though has been previously explored

) Secondly, that using GRMs may hold an advantage over methods that

for related individuals
specifically model tracts of IBD-sharing; IBD-sharing estimation methods have been applied for

isolated populations, e.g. Vitart, et al. **
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Box 4.2.2. Here, minimal ellipses containing at least 95% of the 500 maximum likelihood estimates
from repeated phenotype simulation are given. A section of Figure 4.2.1b is given to put these new
results in context. We set the number of causal variants to 10° and replicated the phenotype
simulation 500 times. The three small triangles on the left of the box show heat maps of all of the
500 MLEs resulting from fitting out LMM using different versions of matrices K and D.

The reason that GRMs could hold an advantage is that they are able to capture similarities between
genotypes that go beyond the IBD-sharing that we recorded in our simulation. In our simulation, we
assume that our original 200 founding haplotypes, which were drawn to simulate our data, were all
completely unrelated. But these haplotypes were from the UK10K and so could easily share regions
IBD. Certainly they will share many short regions shared IBS. This could seep down through our
simulation and lead to similarities between individuals that we do not record as IBD.

Which approach is ‘better’ may in fact not a useful question to ask. First, all of our interpretations
have been based on the assumption of the polygenic model. If we do accept this model, depending

on how the actual causal variants are distributed, it may be arbitrary as to which method will give an
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estimate that happens to better represent the set of variants that truly have an effect. GRMs were
calculated using different sets of variants, one large set, and one much smaller set, and results were
largely unaffected. This is shown in the closeness of Figure 4 in Annex B and Supplementary Figure 5
in Annex B. However, as causal variants were always selected at random, in some cases many of
them may have been sampled from the sets of variants used to estimate the GRMs. Indeed, we
observed during early explorations of our simulation that if the exact set of causal variants were

used to calculate the GRMs, we would of course get highly accurate heritability estimates.
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4.3 Confounding with Shared Environmental Factors

From the initial results regarding the interplay of trait architecture and heritability estimation, it
could be tempting to conclude that the low estimates of h% from previous studies of outbred
populations indicate trait architectures involving many rare variants; or possibly variants that are not
well covered by LD. Equivalent hypotheses are currently being explored in great detail for narrow

sense heritability for many complex traits>’*?%>2%¢,

Our simulated phenotypes followed polygenic models precisely. Two important assumptions that
our polygenic model makes and that we know to not be good assumptions to make are that: (a)
there is no contribution to the covariance structure from interaction effects between different
genetic variants; (b) there is similarly no contribution from interactions between genetic and
environmental effects. We did not address point (a) in our study, though interactions between
genetic variants (epistasis) have been shown to significantly affect heritability estimation'®°. Neither
did we explore explicit non-independence of genetic and environmental effects. We did however
broach this topic by simulating phenotypes using models that describe covariance between
environmental effects between certain pairs of individuals: siblings. We showed that this gives a
confounding between the non-additive genetic and environmental components. Phenotypes were

simulated under the following model:

Model KDS: Y ~ MVN(UBy, t4K + tpD + 62S + aZly)

The additional matrix, S, has values of 1 on the diagonal and at every off-diagonal element
corresponding to pairs of siblings in the sample; all other entries are zero. A confounding arises
because the non-additive effect as the matrices D and S are so similar, making it difficult to
simultaneously estimate 7, and ¢2. The matrices are similar because the siblings are the pairs of

individuals with by far the highest proportions of IBD=2 sharing.
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The proportion of variance assigned to the shared environmental component between siblings will

be written as hf; (defined below) and is sometimes referred to as the ‘Household’ effect.

of

hs
Tq + 14 + 0& + of

Indeed, in Traglia, et al. > and in Pilia, et al. ”’ there was complete compounding of these effects as
they studied populations where the only pairings with expected values of IBD=2 sharing different
from zero were siblings. Note that this was a result of using pedigree based estimates for the
relatedness matrices. This highlights another motivation for using matrices based on estimates of
exact IBD-sharing or GRMs rather than the expected values from pedigree structure. If a true
continuum of IBD-sharing values make up the off-diagonal elements, this is unlikely to be matched
and hence confounded with shared environmental effects'®*'°. From results presented in Abney, et
al. ™, we could see that the distribution of estimates of A, in the Hutterite population, estimated
from their pedigree, was less polarised than the equivalent distribution in Cilento. To elaborate, in
the Hutterite population, the amount of loops in the pedigree and the sharpness of the founding
bottleneck predict a wide range of potential IBD=2 sharing probabilities. In Cilento, conversely, we
can see in Figure 4.2.2a that there are only sufficient loops in the pedigree to give expected values of
off-diagonal elements of D that are only slightly different from either 0 (unrelated) and 0.25
(siblings). These coefficients are then more continuous when estimated from GRM matrices yet

values are still clearly divided into two groups (sibling pairs and non-sibling pairs). Hence, analyses

may be susceptible to confounding with sibling status.

We showed through our simulation that large confounding was possible even when there was just a
very small Household effect. For example we simulated phenotypes with the following variance
parameters: h3 = 0.4, h3 = 0.4 — hZ, where hZ took the following values: 0.00, 0.02, 0.05, 0.10,

0.20, and, 0.40. The results from these simulations are given in Supplementary Figures 7a-f in Annex
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B. The results where h§ = (.2 are presented here in Figure 4.3 and also in Figure 5 in the main text

of Annex B.

These analyses showed that when the shared environmental effect increased - it was very likely that
LMMs would give a broad-sense heritability estimate of 1, a phenomenon that will be interesting to
explore further and that can in fact be observed in previous estimates from isolated populations (see
Table 4.2.2). When pedigree information was used to estimate the matrices K and D, there
appeared to be slightly more sensitivity to the presence of both non-additive effects and shared

environmental effect; probably because in this case the matrices D and S had fewer differences.

Model KD Model KD
----------------- Model KDS mseeccccccccssccas  Model KDS
A Simulated Variance Components A Simulated Variance Components
2 .2 2 .2
h. h5=0 ha h2=0

2 2
hy=1 hg=1

GRM Pedigree

Figure 4.3 - Contrasts between model KD and model KDS, illustrating the confounding between non-
additive effects and shared environmental effects between siblings in the simulated population
isolate. Results are split dependent on whether GRMSs or Pedigree estimates were used to form
matrices K and D. The plot follows the same form as in Box 4.2.2

In our simulation study we were able to show that one way around this problem would be to
exclude one member of each sibling pair from variance component analysis. However, in an isolate
with the size and characteristics of Cilento, this would decrease the sample size greatly. We
presented results from a simulated population that we called “Isolated(5136)_nosibs”, a
congregation of simulated individuals across the six simulated versions of Cilento without any sibling
pairs. We showed that a reasonable estimates of h3 could be found in an isolated population with
no siblings and just from the information carried by more distantly related pairs who nonetheless
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share regions with IBD=2. Results from this analysis are given in Supplementary Figures 8a-d of

Annex B.

In both this analysis, which excluded siblings, and the analysis involving different sample sizes in a
population isolate (Figure 3 Annex B), we had combined multiple simulation datasets based on
Cilento. Without larger pedigree structures at hand for other isolates, this was our choice of method
to explore isolate type data that was not limited to 1,444 individuals or less. These analyses raised
the question of whether it would ever be possible to combine data from several population isolates
in order to perform such heritability analyses. Our results suggested that there would be clear
advantages in the precision of the estimates as well as allowing for analysis of subgroups of pairs
(e.g. non-sibling pairs). However, would it be reasonable to do so? Given that in each population, we
should expect the values of hZ, h3, and 1 — h2 — h3 to be different. The amount of environmental
variation will be different between isolates as will the genetic components depending on the
frequencies and distribution of causal variants in each population. Nevertheless, whilst the values of
heritability estimates across different populations might be nonsensical, it could still be a powerful

approach for establishing whether certain components are at least different from zero.
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4.4 Analysis of the Cilento Isolates

4.4.1 Heritability Analyses

We analysed six traits for heritability in Cilento, with our findings slotting in nicely into the collection
of previous results from the literature that we had gathered in our study. We focused particularly on
two traits, BMI and LDL. By comparing estimations based on the Model KD and Model KDS and by
comparing our results to those of the simulation study involving shared environmental factors we
tried to decipher our heritability estimates from Cilento and to see what conclusions could be
drawn. In Figure 4.4.1a, we present the likelihood profiles of the two variables h2 and hczi from the
Model KD for the two traits BMI and LDL. We include the MLE for h2 and h3 from the Model KDS
(green peak) and we can see that in both cases that changing from Model KD to Model KDS results in
a reduction in the estimate of the dominance component. In Table 4.4.1, all heritability estimates
from the study are given (taken from Table 2 in Annex B), where various different models were

tested and further contrasts between using GRMs or pedigree information are given.

2,2 2,2
BMI h hp=0 LDL A\ 5 =0
Previous Studies \ Previous Studies
GRM - Model KD & Outbred GRM - Model KD \ & Outbred
GRM - Model KDS <& Isolated GRM - Model KDS \ & Isolated
A h2-035 n2-058 & Twins A n2-025 n? o052 \ & Twins
) @ Extended Extended
A h:-031, hi=000 hi=023 Genealogies A 2=023 h2=029, hi-0.10 \ Genealogies

Figure 4.4.1a — Likelihood profiles from the model KD for BMI and LDL. The red region represents the
95% confidence interval of the MLE estimates for heritability (red peaks). We overlay the previous
results from the literature as well as the MLEs from the model KDS (green peaks).

124



Anthony Francis Herzig — Doctoral Thesis — 2019

The initial estimate of BMI from Model KD gave H? as 0.93 (close to 1) and a high value for h3 of
0.58. If pedigree information was used rather than GRMs, then H? was estimated as exactly 1 and
h? as 0.65 (Table 4.4.1). The red confidence interval for the MLE suggested that the estimate for h?3
was significantly different from zero. However, when the sibling matrix was included (Model KDS)
the estimate for h3 fell to zero, with most of the variance that had previously been ascribed to h3
switching to the environmental component (1 — h2 — h3). Adding the matrix S to the covariance
structure in the model did not affect estimates of h(zl in Cilento, which was in accordance with our
simulations that compared models KD and KDS. If we compare the results for BMI to our simulation
results that compared Model KD with Model KDS (described in Section 4.3), they are probably most
compatible with the scenarios where hé was small or even zero and h?, the Household effect, was

large.

For the trait LDL, the estimate for hczl was also significantly different from zero under the Model KD
based on the presented 95% confidence interval. The MLE under Model KD is also quite far from the
bottom edge of the figure. Also, the shift of the MLE when we moved to Model KDS was
comparatively small when compared to the other traits studied such as BMI. Coupling these
observations suggests that the initial estimation of h3 was probably not being completely driven by
an unaccounted for Household effect. This allowed us to draw a tentative conclusion that our
analyses gave a good indication of a non-zero non-additive (or dominance) component for LDL in
Cilento. Based on these results we decided to continue to analyse the trait LDL in detail, including

analysis of a recently completed imputation dataset of Cilento.
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Table GRM GRM GRM GRM Pedigree Pedigree Pedigree Pedigree
4.4.1 Model K Model KD Model KS Model KDS Model K Model KD Model KS Model KDS
Phenotype h2 h2 h? h2 h? hZ h? h? h2 hZ h? hZ h? hZ h? h?
Height 0.76 0.74 0.13 | 0.74 | 0.04 | 0.74 | 0.12 | 0.01 0.75 0.74 0.15 0.74 0.04 0.74 0.15 0.00
BMI 0.40 0.35 0.58 | 0.31 | 0.23 | 0.31 | 0.00 | 0.23 0.44 0.35 0.65 0.35 0.21 0.35 0.00 0.21
TGLY 0.27 0.24 0.26 0.21 0.11 | 0.21 | 0.00 | 0.11 0.28 0.23 0.45 0.23 0.11 0.23 0.41 0.01
HDL 0.49 0.49 0.00 | 044 | 0.02 | 0.44 | 0.00 | 0.02 0.48 0.49 0.00 0.48 0.01 0.48 0.00 0.01
Total Chol 0.29 0.23 0.55 0.23 0.18 | 0.22 | 0.27 | 0.12 0.29 0.21 0.72 0.22 0.18 0.21 0.47 0.06
LDL 0.32 0.25 0.52 0.24 0.17 | 0.23 | 0.29 | 0.10 0.33 0.24 0.66 0.24 0.16 0.24 0.45 0.06

Maximum likelihood estimates for the contribution of each variance components considered in a Linear Mixed Model. Model names refer to

the set of variance components included. K denotes the additive genetic component, D the non-additive or dominant genetic component,

and S the component accounting for shared environmental effects between siblings. Matrices K and D are calculated either as genetic

relationship matrices (GRMs) or from pedigree information.
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4.4.2 GWAS of LDL in Cilento

To complement our heritability results, we set out to perform both additive and non-additive GWAS
of the trait LDL in Cilento. We tested these components separately, knowing the tests to be
orthogonal by construction, to see if evidence of our polygenic model comprising additive and non-
additive effects (equation 4.1b) could be found. Note, that testing both of these orthogonal
components and then combining their test-statistics would be equivalent to a two degrees of
freedom test under a general model where each of the three genotypes is assumed to have a

specific effect (AA vs. Aa vs. aa).

This section will touch on our previous investigation into genotype imputation in Cilento as it
involves our completed genome wide imputation dataset in Cilento, using the whole-exome
sequenced study specific panel (the WES SSP). The imputed dataset has been passed back to our
collaborators in Naples and will continue to be analysed for multiple traits and as we have harnessed
local sequencing data, we have hope of finding new associations in Cilento. Through our detailed
simulation studies, we believe that we have created a highly accurate imputation dataset. Here, it
will be instructive to trial this dataset by performing a GWAS for a widely studied trait such as LDL.
Hence, the following analysis is both a confirmation of our imputation strategy and a follow-up of
our heritability results. We performed our GWAS on hard-called imputed genotypes because, as of
yet, we have not implemented methods necessary for analysing non-additive components from
imputed dosage data (this is discussed in detail in Section 4.5). Using hard-calls is of course
problematic when imputed genotypes are uncertain. Hence, we put a threshold of 0.8 for the top
posterior genotype probability and set genotypes failing this threshold to zero. This will detract from
our results, but for the moment this was primarily an initial test of the imputation dataset and a

continued look at non-additive effects.

The trait LDL describes the level of low-density lipoprotein in blood plasma. This has been widely

studied in genetic epidemiological studies, finding associations with many genes and loci’®’*®*, many
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of whose functionalities have previously been well described®’. 789 GWAS hits for LDL from 65
studies are currently (December 2018) listed in the GWAS catalogue. Particular genes that could well

be found include: APOE, APOC1, APOC2, SORT1, LDLR, APOB, PCSK9, LDLRAP1, and NPC1L1%%%%%,

The distribution of the trait across Cilento and within each of the three villages is given in Figure
4.4.2a. The trait was judged to not require a transformation though it was adjusted appropriately for
the intake of certain lipid lowering medications. We fitted LMMs including additional explanatory
variables for the membership of each village, age, sex, and the interaction ageXxsex. The covariance
structure used in the model included the two relationship matrices K and D, both estimated as

GRMs from dense, hard-called, high quality (IMPUTE2 ‘info’ score > 0.7) imputed data.

To give a brief aside, we are in effect applying Model KD with additive/non-additive components of
each variant being included as explanatory variables in the model in turn. This was our chosen initial
approach but discussion continues with our collaborators as to what should be the optimal
procedure before they embark on further association tests of the many phenotypes available in
Cilento. For example, when testing a variant on a certain chromosome, it may have been possible to
make gains in power by using estimators of K and D based on markers from all other
chromosomes®*®. Furthermore, we must also scrutinise the decision of whether or not to include the
dominance matrix D in our association model, as we should assess how the precision (or lack of

precision) of our estimates of this matrix will affect our association models***.

We proceeded to perform GWAS of the additive and non-additive genetic components for LDL in
Cilento; here 9,633,547 variants were tested and in Figure 4.2.2b | give QQ-plots of p-values in these

two GWAS and corresponding Manhattan plots in Figure 4.2.2c.

128



Anthony Francis Herzig — Doctoral Thesis — 2019

Histogram of LDL in Cilento LDL in the three villages of Cilento
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Figure 4.4.2a — The distribution of LDL in Cilento and in each village of Cilento.
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Figure 4.4.2b — QQ plots of the p-values from additive and non-additive GWASs of LDL in Cilento. The
red line and grey zone describe the expected distribution of p-values under the null distribution.
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Manhatton plot of additive GWAS for LDL in Cilento
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Manhatton plot of non-additive GWAS for LDL in Cilento
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Figure 4.4.1c — Manhattan plots of p-values from additive (top) and non-additive (bottom) GWASs of LDL in Cilento. The p-values are plotted against their
position on the genome, with the 22 autosomal chromosomes clearly visible. Horizontal red lines represent a common threshold for genome wide
significance of 5 x 1078,
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First we will discuss the results of the additive GWAS. In Table 4.2.2, the 30 variants with the lowest
p-values on the additive GWAS are presented. The table notes also the gene for each variant where
appropriate, minor allele frequencies, and ‘info’ scores from the two imputation runs. We also detail
the ‘source’ of each variant, i.e. whether it is a variant from the Array data, from the WES panel,

from both Array and WES data, or from the 1000G.

Table 4.4.2a CHR MAF MAF MAF info info Data Origin p-value Gene

. . Cilento 1000G 1000G 370K  OMNI (additive)
Variant id ALL EUR
rs583104 1 0.22 0.36 0.22 0.97 1.00 1000G 1.6x 10"  SORT1
rs7528419 1 0.22 0.20 0.21 .00 - OMNI 1.8x10°  SORT1
rs12740374 1 0.22 0.20 0.21 1.00  1.00 1000G 1.8x10™°  SORT1
rs629301 1 0.22 0.24 0.21 1.00 1.00 1000G 20x10"®  SORT1
rs1277930 1 0.22 0.36 0.22 0.96 1.00 1000G 22x 10" SORT1
rs56246620 1 0.18 0.12 0.18 0.99 1.00 1000G 23x10"®  SORT1
rs646776 1 0.22 0.24 0.21 - - 370K, OMNI  2.6X 10®  SORT1
rs660240 1 0.21 0.23 0.20 1.00 - OMNI 27x 10"  SORT1
rs57677983 1 0.21 0.25 0.20 1.00 1.00 1000G 27x10"®  SORT1
rs599839 1 0.22 0.36 0.22 0.96 - OMNI 27x10"®  SORT1
rs4970836 1 0.21 0.35 0.22 0.97 1.00 1000G 36x10"®  SORT1
rs602633 1 0.21 0.35 0.21 0.97 1.00 1000G 48%x 10"  SORT1
rs1065853 19 0.06 0.08 0.06 0.99 0.99 1000G 52x 10"  APOE
rs7412 19 0.06 0.08 0.06 0.97 - OMNI, WES  6.9% 10®  APOE
rs7254892 19 0.04 0.08 0.03 0.96 0.93 1000G 3.0x1077  APOE
rs111867267 19 0.40 0.28 0.44 0.99 0.99 1000G 48%x1077 IDIR
rs4970834 1 0.18 0.17 0.19 0.98 - OMNI, WES 56X 1077  SORT1
rs61679753 19 0.04 0.07 0.03 0.98 0.99 1000G 8.4x 1077  APOE
18:54736162:T:C 18 0.001 0.0002 0 0.96 0.96 1000G 1.1x 107®  [INC-ROR
18:54714904:G:A 18 0.001 0.0006 0.001 0.95 0.89 1000G 1.1x 107®  [INC-ROR
rs117535884 19 0.02 0.007 0.02 0.91 0.87 1000G 1.2x10™°  pMucle
rs6469644 8 0.34 0.22 0.40 0.95 0.97 1000G 1.8x107¢ .
12:67605169:G:A 12 0.004 0.0006 0 0.78 0.83 1000G 21x107¢ .
rs370812494 12 0.004 0.002 0 078  0.84 1000G 21x107¢ .
12:67609274:T:C 12 0.004 0.001 0 078  0.81 1000G 22x107¢ .
12:67457528:C:A 12 0.004 0.0002 0 0.79 0.80 1000G 22x107¢ .
12:67679011:.TC:T 12 0.004 0.001 0 0.91 0.88 1000G 22x107¢ .
rs72658867 19 0.02 0.003 0.01 0.98 0.85 WES 27x10°° IDIR
rs202056691 3 0.04 0.01 0.02 0.85 0.92 1000G 28x107° CLASP2
rs72643748 5 0.05 0.20 0.05 0.82 0.81 1000G 3.0x107¢ .

Table 4.4.2a — Lowest 30 p-values from additive GWAS of LDL in Cilento. The minor allele frequencies
of each variant in Cilento, in all 1000G populations, and in all European 1000G populations are given.
As imputation was performed separately on the two genotyping arrays in Cilento (370K and OMNI),
we give both of the imputation quality scores in the table. The Data Origin column describes whether
variants originated in either of the genotyping arrays, the WES data of Cilento, or from the 1000G.
Where possible, if a variant lies within a gene (or very close to a gene) this information is given. Rows
in the table are marked as grey if there is a known or conceivable relationship between the gene and
the trait LDL; orange otherwise.
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The results from the additive GWAS show that the null-model was largely followed without any clear
and apparent presence of many false-positive results. By looking through the lowest p-values, some
familiar genes known to be associated with LDL have been identified. SORT1, APOE, and LDLR have
been detected, with a few variants on SORT1 actually passing genome-wide significance. Beyond
these genes, and beyond the first 30 lowest p-values, variants do not resonate with any other
previous results. The association with the gene SORT1 was the strongest, and interestingly the top
variant rs583104 on chromosome 1 was also highlighted in Sanna, et al. > Note that this study was
on the Sardinian population, also an Italian isolate, and involved an interesting strategy where 256
individuals with extreme values for LDL were whole-exome sequenced. Interestingly, this variant was

also highlighted in a study on an African American cohort®*.

We chose a commonly used threshold for genome-wide significance of 5 x 1078, This value arose
from estimates of the effective number of independent tests that are carried out during a GWAS. It
has been estimated that approximately 1 million independent regions of the genome exist in
European populations®®®. This leads to the adjusted p-value of 5 x 1078. However, in African
populations, due to lower LD across the genome, the corresponding estimate is in fact in the region
of 2 million independent regions®®. Hence, different thresholds for significance should be used in
different populations®”’. In isolated populations, we know that LD-blocks can be larger than in
general populations suggesting, potentially, that lower thresholds should be used to avoid type-2
errors. As we have not carried out the required analysis to estimate a population specific threshold

for Cilento, we stuck with 5 x 1078,

To test the non-additive component, it is essential that all three genotypes are present in the
sample; hence this test was only possible on 7,291,750 variants. For the GWAS of non-additive
components, the null-hypothesis would seem to hold across the genome; there are no significant
results. In table 4.2.2b, we give the variants with the lowest 20 p-values from this GWAS. An

exploration of the variants with the lowest p-values (beyond the first 20) gave one possible loci we
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felt was worth further exploration: the two variants in Table 4.2.2b that stand out are those in the

gene GPIHPB1.

Table 4.2.2b CHR MAF MAF MAF info info Data Origin  p-value Gene

— Sample 1000G 1000G 370K OMNI (non-
Variant id ALL EUR additive)
rs143444879 5 0.11 0.13 0.13 0.97 0.99 1000G 20x1077 -
rs1751064 13 0.22 0.28 0.28 0.98 0.91 1000G 34x1077  ABCC4
rs150565162 5 0.26 0.25 0.33 1.00 0.99 1000G 43x1077 .
rs163360 5 0.26 0.25 0.39 1.00 0.99 1000G 48%x1077 .
rs149362603 5 0.12 0.13 0.06 0.94 0.97 1000G 59x1077 .
rs163357 5 0.26 0.25 0.33 1.00 0.99 1000G 6.0x 1077 .
rs163361 5 0.26 0.25 0.33 1.00 0.99 1000G 6.0x 1077 _
rs59728366 21 0.40 0.32 0.41 0.98 0.94 1000G 72x 1077  B3GALTS
rs2596387 5 0.26 0.25 0.33 0.99 0.99 1000G 82x1077 .
rs2596388 5 0.26 0.25 0.22 0.99 0.99 1000G 82x1077 .
rs112271883 8 0.04 0.06 0.02 0.84 0.84 1000G 9.0x 1077 GPIHBP1
rs138876170 8 0.04 0.06 0.02 0.82 0.84 1000G 9.8x 1077 GPIHBP1
rs154790 5 0.26 0.25 0.34 - 1.00 370K 9.8%x 1077 .
rs35725707 8 0.28 0.39 0.23 0.98 0.97 1000G 1.0x10°° MATN2
rs439765 3 0.32 0.26 0.21 - 1.00 370K 1.1x107% _
rs2513837 8 0.26 0.29 0.18 1.00 0.99 1000G 12%x107°  MATN2
rs73324 5 0.26 0.25 0.33 1.00 1.00 1000G 1.4x107% _
rs696897 5 0.26 0.25 0.33 1.00 1.00 1000G 14x107% .
rs258909 5 0.26 0.25 0.33 1.00 1.00 1000G 14x107% .
rs460339 5 0.26 0.25 0.33 1.00 1.00 1000G 1.4x107¢ .

Table 4.4.2b — Lowest 20 p-values from non-additive GWAS of LDL in Cilento. See Table 4.2.2a for a
full explanation of the columns. Rows in the table are marked as grey if there is a known or
conceivable relationship between the gene and the trait LDL; orange otherwise.

The gene GPIHBP1, near the bottom end of chromosome 8 could conceivably be relevant for the
distribution of LDL. Variants in this gene have been associated with various lipid measurements and

%830 Indeed, mutations in this gene have already been found,

hypertriglyceridemic phenotypes
under recessive models, associated with Hypertriglyceridemia®®*. Knowing the connections between
this gene and lipid related traits, including through recessive models, is suggestive that this signal
from the non-additive GWAS could have some foundation. The two variants rs112271883 and
rs138876170 were imputed from the 1000G; there were however a small group (< 10) of nearby
variants coming from the WES local reference panel suggesting that the imputation of this region
may have benefitted from the WES SSP (See Section 3.3.5). In Figure 4.4.2d, the distribution of LDL

against the different genotypes of these two variants is given, including those individuals whose

genotypes were considered as missing during the GWAS.
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LDL against rs112271883 LDL against rs138876170
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Figure 4.4.2d - The distributions of LDL depending on the genotypes at two positions of interest in
GPIHPB1 that stood out from the results on the non-additive GWAS. Left panel shows LDL against
rs112271883, for individuals with genotypes C/C, C/T, T/T, or ‘Missing’. The right panel show the

same for rs138876170 where individuals had possible genotype A/A, A/AT, AT/AT, or ‘Missing’.
There are 100 and 103 individuals with missing data for these positions respectively.

The evidence from these two positions may not be overwhelmingly convincing, importantly there
are only a few instances of the rare genotype. For rs112271883, the major allele is C and the minor
allele is T and only six individuals have the genotype T/T. Variant rs138876170 is an insertion, with
the major allele being a single A nucleotide and the minor allele involving an inserted T nucleotide.
Only four individuals had the rare genotype AT/AT. These four individuals all also had the genotype
T/T on rs112271883 and two of these are also siblings. The ‘info’ scores for the two variants are not
particularly high (but they are not common variants so the info is hard to interpret). Crucially, there
are many genotypes that are missing due to the decision to keep only confidently imputed variants
when hard-calling. To gain a better resolution of this genomic region, a stretch (50% of chromosome
8) of this hard-called imputed data was returned to SHAPEIT2 for re-phasing. This would fill in the
missing genotypes for these two variants. The logic being that while IMPUTE2 could not confidently
impute some genotypes in this region, SHAPEIT2 could perhaps give better results as will make
inference from within the whole Cilento sample. We have already established in Chapter 3 that this

phasing software is highly accurate in isolated populations; but that imputation (in particular when

134



Anthony Francis Herzig — Doctoral Thesis — 2019

using a WES SSP) was not always guaranteed to enjoy quite the same levels of success. The
imputation concordance rate of SHAPEIT2 for sporadic missing genotypes was estimated as having
98% accuracy on our simulated data. Having completed this re-phasing, new boxplots were made

which now include genotypes of all individuals (Figure 4.4.2¢).

LDL against rs112271883 LDL against rs138876170

LDL
LDL

P o i i AT ATIAT
Genolype Genotype

Figure 4.4.2e - The distributions of LDL depending on the genotypes at two positions of interest in
GPIHPB1. Here, missing genotypes have been ‘called’ using SHAPEIT2.

In Figure 4.4.2e, there are now 16 individuals with genotype T/T for variant rs112271883 and there
are 14 individuals with genotype AT/AT for variant rs138876170. From the boxplots, it became clear
that the signal from these variants had been diluted. What is more, we could see that these
additional individuals with rare genotypes brought into the analysis by SHAPEIT2 were estimated as
carrying (locally) the exact same pairs of haplotypes as the initial group of individuals which
originally stood out. It is therefore almost certainly not the case that the small group of individuals

that stand out in Figure 4.4.2d are carrying two pairs of a very specific haplotype.

In Figure 4.4.2f, the imputed dosages of rs112271883 and rs138876170 are plotted against each
other, illustrating why many individuals were excluded from the first GWAS. We can see the group of
individuals with a dosage roughly equal to ~1.5 that were excluded from the initial analysis but were

brought into the second analysis by SHAPEIT2 with imputed dosages of 2. This illustrates how if we
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had been able to implement our non-additive GWAS on dosage genotypes directly, we probably
would never have noticed the gene GPIHPB1 and perhaps not have been tempted by erroneous
conclusions. In Section 4.5, we will give the definition of a non-additive component for dosage data

that would be appropriate for such analyses in the future.
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Figure 4.4.2f — Plot of imputed dosages of rs112271883 and rs138876170 in Cilento. The correlation
between these variants is high and many dosages show a high level of uncertainty.

At this point our conclusion is that the results on GPIHPB1 from the non-additive GWAS probably
stood out by chance alone and do not represent a link between the gene and the trait in Cilento.
This is not to say that a deeper investigation of this region could not produce a working hypothesis
but for the moment our plan will be to turn to alternative analysis approaches for finding sources of
the non-additive component for LDL in Cilento. One approach to explore non-additive effects that
we would like to test for association between homozygosity and LDL level in Cilento using the

methods described in Abney, et al. 305
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4.5 Prospective: Estimating K and D with Uncertain Genotypes

Here, we describe estimators of matrices K and D from imputed data or from low depth sequencing
data. This section will initially follow a very similar line as the derivation of additive and non-additive
components given in Section 4.1. We will first give the orthogonal decomposition of additive and
non-additive effects without assuming Hardy-Weinberg proportions in the population, before using
this result to give similar decompositions in the presence of genotype uncertainty.
1) Departure from Hardy-Weinberg
Given a genetic value taking values of Ujo, Uj1, and Uj, as before, we will now define its expectation
using genotype probabilities that do not necessarily follow Hardy-Weinberg proportions:
Eclg;] = Pjaatjo + Djaatjs + Djaat

Where pj¢ refers simply to the empirical observed probability of genotype G (at the jt" variant)
based simply on the observed frequency of genotype G in the population. The subscript j will be
dropped off pj; to ease readability. The subscript ¢ is added throughout to distinguish this section
from the calculations in Section 4.1 as this differs from previous calculations which used the allelic
frequencies p and q. A discussion of this particular approach can be found in Vitezica, et al. **
The inner product, corresponding to equation 4.1a, can now de defined as follows:

(9},97)e = Ec[9797] = Paatoutfy + Pacrtfy + Paaltrttfy
Again we can then assume the following orthogonal decomposition: g;= u;X; + a;X;** + d]-X]fi'E )
Choosing X;** to equal a(Xo12 — BX;) and specifying (X;"*, X ), = 1 and (X** , X; ), = 0 gives:

1

X = v, 2 [Xg12 — (Paa + 2Paa)X1], where

I = = =2

Ve = PDaa + (4pAApaa - pAa)-
On inspection, we see this corresponds closely to the classical additive component, as the term
Daa T 2Dqq is equivalent to the expected minor allele count. v, represents the variance of the minor

allele count; composed of the variance under Hardy-Weinberg proportions (p4,) and the change in

the variance coming from any departure from Hardy-Weinberg proportions (4p44Paq — Paq)-
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We again find de’g by specifying (X]-d'g,X]-d'g)g =1, (X]fi'E,Xl)g =0, and (Xjfi'E,Xf'E)g =0, and we

find the following:

1
de _ ﬁaa 5aaﬁAA p — [ PaaPaA ~ T2
Xt = (Vg /—m =2y, /—%z Ve /—;‘*) where y, = (paa HAT pAA) :

2) Incorporating Genotype Uncertainty
We will now consider the case where there exists enough uncertainty about genotypes that we wish
to retain this uncertainty in subsequent calculations. This might well be the case for either low depth
sequencing data or for imputed data. The derivation will follow the same steps as above, and here,
the subscript L is used. In this situation, for individual i’s data at the jth variant we have three
probabilities for each potential genotype - LfJA, Lflja, and L.
If we consider again the genetic value g;, this can now no longer depend on the now unobservable
genotype. Instead, it can be defined by these three probabilities: under this setup we have the
following continuous form for the genetic value:

9j = Lujo + L%y + L%y,
Across all individuals in a sample, the variation in the values of Lf‘JA, L‘{‘Ja, and Laa will however reflect
the distribution of the unobserved genotypes. Hence, we can think of these three probabilities as
random variables, with distributions depending on the unobserved genotypes G;. Taking the
expectation of the genetic value gives:
E lg;] = E[L#ujo + E[L{%Tujy + E[L%uj,.

In a similar way that allele frequencies would usually be empirically estimated from the ensemble of

all individuals in the sample, we must do the same for each of the expected values of the genotype

probabilities by estimating:

7 O 1 B S 17 B Y

We denote these expectations as Lyy, Lag, and Lgg.

Therefore, we must now find orthogonal components using the following inner product:
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1,2\ —p[,1,21—7 2122 4T 1.2 47 1.2
(9}, 970 = EL[9797] = Laawjoudy + Lagufyufy + Loqujpub
Now we have the exact same scenario as with the empirical example first given in this section, hence

we have the following orthogonal components:

1
X;LL = UL z [X012 - (ZAG, + ZZaa)Xl]; where Eq. 4.5a

- - 7 - 2
UL = LACL + (4‘LaaLAA - LACL ), and

1
d,L _ Zﬂ _ ZaaZAA Zﬁ — (7 ZaaZAA T _E
X, = (]/L /ZAA ,—2Y1 T2 YL /zaa> where y, = (Laa + 4—ZAa + LAA) .

3) Imputation Dosages
In a very similar way, we can derive a similar coding in the presence of dosage genotypes, which we
will mark with the subscript I (for imputation). This is relevant to the circumstance where three
posterior probabilities for each genotype from imputation are not available as they have been

summarised in a single dosage. We now define our genetic value as:

gii = (1 = wjujo + wijujq, if wy<1
Y (2 - Wij)ujl + (WU - 1)Uj2, lf Wij >1

Where w;; is the dosage of variant j for individual i. Here, there is a required assumption that a
dosage between 0 and 1 suggests that the probability of the aa genotype is zero. Similarly, a dosage
between 1 and 2 is assumed to mean that the probability of the AA genotype is zero. Our inner

product becomes:

12y _ 121 _ 7 1.2 4 17 212 o ol a2
(9j, 97 = El[gjgj] = WaatjoUjo + Waalji1tjy + Waaljouj,, where

- 1 - 1 1 - 1
Waa =5 Zwi<1(X = wij), Wag = = X <1 Wij + 5 2w 21(2 = wip) , Wag = % X,z (Wi — 1).
In an entirely equivalent manner to the derivations of X]-a’Land X]-d’L, we arrive at the following

additive and non-additive orthogonal components:

1

Xja’I = UI_E[X()lz - (WAa + ZWaa)Xl]

Eq. 4.5b

Here:v; = Wy + (AW, W, — W2).

1
al _ Waq _ WaaW a4 Waa — (17 WaaW a4 77 2
X; —(m e 2y, [Masttas ,y,J—Wm)wherem—(Waa+4—WAa FWa) .
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Hence, we can also find orthogonal components for imputed dosage type data.

These new non-additive components de’L and de’l can be used for performing a GWAS on non-

additive effects directly from posterior probabilities or from dosage data, respectively. Indeed, this is

what we hope to implement for non-additive GWAS as described in Section 4.4.2.

We tested these ideas when estimating matrices K and D on dosage data that we created by
performing imputation on to the simulated Array data of Cilento. We found that in this case, the
estimation of the matrices K and D were almost identical to those estimated from ‘hard called’

imputed genotypes (Figure 4.5a).

Kinship Matrix - K Dominance Matrix - D

1.004

0.754

0.50 1

0.25

" -
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
GRMs calucluated from Hard Called Imputation Data

GRMs calucluated from Dosage Imputation Data

Figure 4.5a — Comparison of off diagonal elements of matrices K and D from GRMs calculated either

using dosages explicitly with the components Xf}"and XS-‘I described above, or when using hard-

called genotypes and hence classical components Xiaj and Xs Data from Chromosome 1 on the
HapGen+Pedigree simulation.

We see from Figure 4.5a that retaining the uncertainty from imputation, in this case, does not lead
to large differences in the GRMs. This is because, as we have previously demonstrated, we do not
need an overwhelming detailed amount of data in order to estimate a GRM in an isolate such as
Cilento; in fact, we showed in our published work that simply using the Array genotypes will

probably suffice.
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Estimating GRMs from imputed data will be more relevant when the quality of the original data was
low. A possible scenario could be in the presence of low depth sequencing data. In such data, each
position will on average only be read by the genotyping machinery a very limited number of times;
this average read depth could be as low as 0.1 or 0.5. For such data, the calling of the genotypes is
problematic as the set of observed reads for each genotype will often be very small and there will be
high levels of missing data. In general, for WGS data, three genotype likelihoods are calculated based
on the set of observed reads, using for example the methods described in GATK*”". These likelihoods
will then indicate one genotype that has most supporting evidence from the reads and it will be clear
as to which genotype should be called. If there is insufficient certainty, then genotypes may be called
as missing. For example, the following sets of reads might be observed for four individuals at a given

position:

(1)-{A,A,A,A A A A AAAAAAAAAA}

(2)-{4,0,4,A/A,a,a,a,A,a,A4,A,a,4,a,a,4,a,a},

(3) - {Cl, a,a,a,aaaa,adaaa,aa,aa,a,nanaaaadadadd,d, a},

(4)-{A,A A}

In the first example, the set of reads clearly suggests the genotype AA. The second set of reads
suggests a heterozygous genotype Aa. The third set of reads suggests the genotype aa, even though
there is on instance of a read of the major allele A (it is more likely that this one read is an error than
the site is truly heterozygous and all but one reads came from one single haplotype). The fourth set

of reads is perhaps too small to draw a meaningful conclusion.

When there are few reads, it is clear that it becomes impossible to designate a genotype with any
certainty. However, genotype likelihoods, L44, L4%, and L2* can still carry useful information. The
method SEEKIN?*® was designed to estimate kinship from low depth sequencing data, via an

intermediate imputation step. Recent versions of the software BEAGLE as well as recent software
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Genelmp®® are compatible with genotype likelihood data and are used both to impute new sites as
well as to improve the calling of low-coverage genotypes via the information stored in large panels
of reference haplotypes. SEEKIN estimates kinship from such imputed data. The SEEKIN estimator for
kinship for a single imputed SNP is similar to the point wise estimates that are combined to calculate
a GRM. The SEEKIN estimator is given below:

(w; —2q)(wy — 29q)
2q(1 —q)(r?)?

204 =

Here, w; and wy, are the imputed dosages of the two individuals i and k; g is the estimate of the
MAF of the SNP; and 7?2 is the correlation between true genotypes and imputed genotypes. This will
not be known so an estimator in the form of an imputation quality score, 72, will be used.

From equation 4.5b, using the derivation for dosages that we have presented, our point-wise
estimator would be the following:

(Wi - I/T/Aa + ZWaa)(Wk - WAa + ZWaa)
Up

204 =

Where w is the mean dosage across all individuals and is an estimator of 2q. v, is the empirical
variance of the dosages of the SNP across all individuals. In addition to SEEKIN, there exist recent

methods for estimating kinship and IBD-sharing directly from genotype likelihoods*'®*". Th

e
estimators that we derived allow the estimation of the non-additive component, but it will in

instructive to compare our additive estimators to existing methods in the future.

We were also interested in the idea of working directly with genotype likelihoods. Working with
imputed data or genotype likelihoods would appear to be equivalent as with both types of data we
have three genotype probabilities rather than a single genotype. However, there is one key
difference: with imputed data, there is prior information coming from the reference panel. Thus, if
there is little information from an HMM (or other model), then the three posterior genotype

probabilities will likely reflect the allele frequency in the reference panel and should roughly equal
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p?,2pq, and g2. Genotype likelihoods, however, are calculated without such prior information, and
whilst calling pipelines will leverage information across multiple samples to describe the quality of
the mapping and calling of each variant, the individual level genotype likelihoods are based only on
individual read data. Hence, genotype likelihoods of (1/3,1/3,1/3) and imputed posterior
probabilities of (1/3,1/3,1/3) describe quite different things. If the variant has a low MAF,
posterior imputed probabilities of (1/3,1/3,1/3) could, hypothetically, be quite informative;
suggesting that this individual may well carry one or even two rare alleles. Genotype likelihoods of
(1/3,1/3,1/3) however represent a complete lack of information and could even be treated as a

missing value.

We have begun testing out method for directly estimating relatedness matrices K and D from low-
coverage data. We took our simulated data using the Cilento genealogies for chromosome 10 and
for each individual level genotype, we used a simple additional layer of simulation to create three
genotype likelihoods. This process was also used in our first study (see the description of Error
Models in the Supplementary Methods of Annex A). It is based on the simulation method described
in Kim, et al. *** Explicitly, for every position on our simulated chromosome 10, we assigned a value
of mean read depth derived from the sequence of observed mean read depths from the actual WGS
data of chromosome 10 from 19 individuals in Cilento. This sequence of average read depths was
used in order so that we could replicate any potential patterns of low or high depth in different
regions of the chromosome. Then for every position, we drew random counts of major and minor
reads based on Possion distributions with parameters depending on the true simulated genotype
generated from gene-dropping. Our simulation allows error reads to occur with a rate of 1%. The
simulation process is described in Box 4.5. The mean depth in the WGS panel of Cilento on
chromosome 10 is roughly 54 reads. To generate low depth data, we simply scaled down the

observed sequence of average depths from Cilento accordingly.
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\
rBox 4.5 - Simulating Genotype Likelihoods

Given a simulated genotype g € {0,1,2}:

~ Draw a value for the read depth from the observed mean depths in
Cilento, call this &.

# Scale this depth down in order to simulate a low-depth scenario, giving a
new depth of &',

» Draw counts of major alleles and minor alleles from two Poisson
distributions: ry~Poisson(p46") and 1, ~Poisson(p,8") where:

0.99, if g =0 0.01, if g =0
oy =4 050, ifg=1 and p,=<050 ifg=1
0.01, if g =2 0.99, if g = 2

Calculate genotype likelihoods L44, LA%, and L as follows:

\

First compute: And then:
A44 = 0.01™a x 0.9974 EAA - JAR (AR, JAR ) J0m)
/‘{Aa — O.Sra+r,4 LAQ:AAH/(AAA+AAH+)LQG)
A% =099 x 0.0174 19%=)2a f(HAA LA qaa)
o 5

Box 4.5 — Simulation of genotype likelihoods on top of previously simulated genotypes.

Once we had generated sets of reads for every simulated position, genotype likelihoods were
estimated from binomial distribution function. This admittedly skips several steps from the GATK
calling algorithm and we only have considered a very simple error simulation and model. In Figure
4.5b, we compare the off diagonal elements of matrices K and D that have either been calculated as
GRMs from the simulated genotypes, or from the simulated genotype likelihoods. We varied the
mean overall read depth of the chromosome. There was an immediately obvious bias in the
estimates from genotype likelihoods. This bias was greatest when the global mean depth was

lowest.

It is possible to demonstrate this bias by numerically calculating the expected value of the
correlation between additive and non-additive components by forming a summation over possible
Poisson draws in our simulation. To elaborate, for a parent-offspring pair; then the expected
covariance of their classical additive components (as defined in Section 4.1) of a single variant is
equal to %2. However, when computing the equivalent expectation for a parent-offspring pair using

our simulated genotype likelihoods and the revised additive components (equation 4.5a) our
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evaluation will systematically fall below %. The bias is depending on read depth, MAF, and error
model. This explains the patterns observed in Figure 4.5b. Whilst we have shown that orthogonal
additive and non-additive variance components can be estimated directly from genotype likelihoods,
these estimators are not equivalent to classical GRMs as they are not unbiased moment estimates of
IBD-sharing matrices K and D. To pursue this line of investigation may require a more sophisticated
simulation of low depth data and better appreciation of the bioinformatics tools used to produce

genetic data, an aspect that we are so far yet to explore in detail.
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Figure 4.5b - Comparison of off diagonal elements of matrices K and D from GRMs calculated either
using simulated genotypes or simulated genotype likelihoods. We varied the mean read depth on the
chromosome, using values of 2.5, 5, 7.5, and 10.
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4.6 Conclusions on Heritability

Our study of dominance components of heritability in isolated and outbred populations was very
instructive for our own analyses of Cilento as well as answering questions about previously
published results in the literature. By simulating data, with a similar structure to Cilento, we could
gain insights into the results found on the true data of the three villages. For example, we were able
to conclude that for BMI, the large estimate for h3 was probably driven by shared environmental
effects. For LDL on the other hand, the large estimate for hé may truly point to a non-zero
component. We were able to show why disparate estimates for hczi have been presented in different
populations suggesting that this has been a result of some combination of particular trait

architectures, confounding with environmental factors, and insufficient sample sizes.

To fully pick apart the global architecture of a trait will require more individuals than we have in
Cilento, in particular it would have been of great interest to apply the methods described in Young,
et al. ** for jointly exploring genetic effects and shared environmental effects. We have also
proposed that studying multiple isolates might by a powerful approach, though there would be

additional challenges coming from differences between isolates.

We also found success when using GRMs for estimating variance components in an isolated
population. However, it is not completely clear to what extend these results were depended on our
simulation set-up. Our simulated traits never deviated from the assumed polygenic model, our
simulated effect sizes were drawn from normal distributions, and we therefore engendered a
relationship between the size of genetic effects and the frequency of the variants; as described in
section 4.1. A future direction for this particular analysis will be to continue our exploration of
potential trait architectures by simulating traits that adhere less closely to the polygenic model and

then see if GRMs continue to hold an advantage over IBD-based estimates.
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This study has opened new avenues of investigation; and led us to complete a first GWAS using our
new imputation dataset for the trait LDL. This demonstrated the potential of the new imputation
dataset as we identified known genes under an additive model in this initial GWAS. As of yet, we
were not able to pinpoint something specific that could help explain the estimates for h(zi for LDL in
Cilento. We have demonstrated the importance of retaining genotype uncertainty for this particular
test in an anecdotal manner by looking at two positions on chromosome 8 that appeared to be
possible interesting candidates for further investigation. We plan to continue to explore non-
additive effects for the trait LDL in Cilento. Finally, we have also began to explore methods for
estimating additive and non-additive components from imputed data or even from low-depth

sequencing data.
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Chapter 5: Discussion

The objective of this thesis has been to understand how the study of isolated populations can
continue to shed light of the architecture of complex traits. Having presented numerous successful
studies of isolated populations, the challenge is to predict the role of such populations in future
projects. Though GWAS have been enormously successful, revolutionizing our understanding of the
human genome, for many traits the research community’s attention will soon turn towards more
elaborate models, beyond looking at marginal effects of every genetic variant. Deeper biological
understanding of the genome, driven at first by the multitude of GWAS results, will necessarily be
incorporated into the future queries and models put forth by genetic epidemiologists. The innate
properties of population isolates that have so far proved useful to gene-mapping in many cases
should continue to benefit such future studies. The increased availability of whole-genome
sequencing data will give much added richness to genetic data in isolates that will allow more
detailed hypotheses to be tested. Isolated populations will continue to present good hunting

grounds for finding rare and unusual types of genetic variation.

Sequencing studies in isolated populations have been quick to demonstrate their power in finding
both novel and population specific levels of genetic variation. Gathering large samples of high quality
sequencing data in isolated populations seems guaranteed to provide further interesting findings by
exploring the specific characteristics of the genetics of each isolate with increasing resolution. To this
end, though sequencing costs remain relatively high, genotype imputation methods will remain
important tools. Hence, we undertook an in depth simulation study to investigate the best practices

for performing such imputations in isolated populations.

From our simulations, we were able to both identify a pragmatic pipeline for the existing data in
Cilento, as well as providing recommendations for the scientific community. This investigation was

also very informative on the performance of IBD- and LD-based methods for phasing in isolated
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populations. The algorithmic approach of SHAPEIT2 was particularly capable of modelling the
mosaicism between individuals in an isolated population and we demonstrated that highly accurate
phasing results should be anticipated in an isolate such as Cilento. Indeed, all phasing software
tested proved to give very accurate phasing results. We were also able to reinforce previous findings
regarding the benefits of using study specific reference panels for imputation by showing the
strengths of a very small panel of local reference haplotypes. By comparing two different simulations
of the bottleneck effect in the population, we also showed that imputation using only external public
reference haplotypes can be unsatisfactory for imputation in a population with highly prevalent
genetic drift. Whether or not our exact recommendations will last the test of time is perhaps
qguestionable due to the continued advancements of available software; yet we feel that this
detailed investigation into the interplay of isolate characteristics with phasing and imputation

algorithms will continue to prove instructive.

This simulation study was also crucial in understanding how best to perform imputation using the
WES panel in Cilento. The imputation study demonstrated how the use of a WGS study specify panel
would provide highly accurate imputation. However, when using a study specific WES panel (as in
Cilento), we showed that the improvement for imputation would largely be restricted to exonic
regions. We were furthermore able to demonstrate an improvement in imputation for the real data
of Cilento — a result that has been included in a recent research paper describing, for the first time,
the sequencing data in Cilento”*. Having completed imputation across the 22 autosomal
chromosomes, and being confident of high quality imputation, our collaborators in Naples are in a
good position to embark on analysis on the deep phenotyping data in Cilento. By performing a trial
GWAS on LDL levels, partially in order to appraise the imputation, there is no evidence of any
unforeseen problematic consequences from out imputation protocol. Ongoing projects that will
involve this imputation dataset include looking at a genome-wide interaction study between VEGF

serum levels and body-mass index and a GWAS on Bilirubin. Finally, by imputing up to the 1000G set

150



Anthony Francis Herzig — Doctoral Thesis — 2019

of positions, a commonly used and highly dense imputation panel, this will aid Cilento to continue to

take part in meta-analyses with other cohorts.

The prevalence of IBD-sharing in isolated populations, including between distantly related
individuals, facilitates exploration of genetic trait architecture beyond looking simply at marginal
additive effects. After observing some interesting estimates for heritability components for
commonly studied traits across different populations, as well as some contention in the literature,
we decided to evaluate the estimation of non-additive variance components between isolated and
outbred populations. Through simulation we were able to explain some of these inconsistencies in
the literature; suggesting that the non-additive components of certain traits may well be
overestimated in isolated populations due to shared environmental factors; but also possibly
underestimated in outbred populations as they can be driven by rare variation. We also suggested
that careful studies of isolated populations (potentially including data from multiple isolates) can
detect non-additive components for complex traits; though the actual values of the estimates of said

components will not be reliable.

Taking these ideas into the Cilento population, we presented an indication of the presence of a non-
zero dominance component for the trait LDL in Cilento. This is a finding that we will continue to
investigate; after initial findings from a non-additive GWAS for LDL suggested a possible link with the
GPIHBP1 gene. A deeper investigation showed that this link to was not likely to be of any
significance, though it could be an interesting region for continued study. One approach could be to
directly sequence the gene including additional individuals from Cilento. This finding does in any
case demonstrate the type of paradigm that may be required for future work on small population
isolates in order to continue to compete with huge cohort studies: arising from both the imputation
that was carried out in the Cilento, and by considering a specific hypothesis about trait architecture
in the isolate. The non-additive GWAS also showed the great importance of retaining the uncertainty

of imputed dosages. In order to fully test for non-additivity, we developed new methods for testing
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for this component when using either genotype dosages or posterior imputation genotype
probabilities. This led us to extend some of the methods used in our heritability study to data from
low-depth sequencing data. The use of very low depth data in population isolates is a conceivable
cost effective strategy (if again combined with imputation) for gathering WGS data. The methods we
propose might also be suitable for off-target reads from WES data which could be explored in
Cilento. WES sequencing is ‘targeted’ meaning that a list of known exons are directly sought by
genotyping probes. This is opposed to whole-genome sequencing where genomic fragments are
sequenced impartially. During targeted exome sequencing, it is however possible for the wrong
fragments to be captured and sequenced during this process; and these reads can still be aligned to
non-exonic regions>:°. These off-target reads are nevertheless infrequent, and so these regions end

39 We observed that the distribution of

up with similar characteristics to low depth sequencing data
positions in WES data was problematic for imputation methods due to the gaps between exons. It
may be the case that incorporating off-target reads can help various statistical methods when
dealing with WES data. Hence, using methods that have been extended to incorporate the

uncertainty of low depth data may be necessary and will be something that we will continue to

explore.

In our investigation of heritability, we discussed the differences between heritability estimates from
different study designs. Studies of related individuals are required to estimate the ‘true’ heritability
rather than SNP heritability but it is well known that these estimates are subject to confounding due
to shared environmental factors. Therefore, estimates from isolated populations are problematic
and indeed we illustrated this in our second large simulation study. The arguments against studying
phenotypic variance decomposition in isolated populations could however be spun in favour of such
studies. Recently proposed methods by Young, et al. *** aim to allow estimations free of said biases,
based on the idea that by knowing the expected relatedness between pairs of individuals can help to
pick apart the effects of shared environment and the effects of genome-sharing. The greater the

range of IBD-sharing proportions between pairs of individuals in an isolate, the less likely it is for a
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naturally occurring confounder to mirror the distribution™°. This is an advantage of studying isolates
with high levels of relatedness such as the Hutterites or very large isolates such as Iceland where the
vast number of pairings gives a very high resolution of IBD-sharing. As discussed before, isolated
populations are characterised by reduced environmental heterogeneity as well as genetic
heterogeneity. In studies of large diverse cohorts of unrelated individuals, there will be multiple
possible unobserved structures in the cohort. Isolated populations are conversely appropriate for
studies that involve the gathering of environmental exposure data as well as genetic data; both
allowing for testing hypotheses such as in gene—environment interaction models or when looking at

variance decomposition and heritability.

A key limitation of studies of isolated population is indeed often the limited sample size available.
We have discussed how a necessary prospective for studying (small) isolated populations will be to
continue efforts to combine forces with other isolated populations and to participate in meta-
analyses. Discoveries made in isolated populations will always have to be replicated and validated in
other populations; and the goal of studying isolates has always been to have findings with

implications to wider populations.

In the study of rare variants, it is conceivable that within a certain gene, different populations could
harbour different rare variation with augmented frequency due to isolation. Association tests at the

gene level could be made via rare variant burden meta-analysis as proposed in Feng, et al. **’

, Jiang
and McPeek **® and Liu, et al. ** who developed specific methods to this end. If we further add the
possibility that these different populations could be isolated, then all of the benefits of studying
isolates in terms of increases statistical power for low-frequency variants could translate through to

I. 16 with success; and it

such meta-analyses. Indeed, such an approach was debuted in Southam, et a
would be intriguing to see if this direction is expanded on larger and more diverse sets of isolates

such as the group of isolates studied in Xue, et al. ¥, particularly as it has been suggested that there

is increased power in such studies when datasets span multiple ethnic groups>>°.
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A theme in both of our main studies in this thesis has been to compare IBD-based and non-IBD-
based methods. In our first study we compared long range phasing and SHAPEIT2 and in our second
study we compared different estimators of relatedness matrices. Both times, we were able to
observe IBD-based methods performing very well. EAGLE2 achieved very low switch error rates and
IBDLD was able to estimate IBD-sharing proportions in Cilento with high precision (Supplementary
Material in Annex B). Methods based on IBD sharing are intuitively preferable when working with an
isolated population; we know that IBD-sharing is prevalent and relevant in isolates and it seems
logical to evoke methods that incorporate this structure. However, we were rather forced to accept
in both our studies that methods that did not model for IBD performed best in the isolated
population; SHAPEIT2 relied on haplotype-sharing (IBS) and GRM estimators of utilise single-point
correlations between individuals which are in-fact moment estimators of single-locus IBD-sharing

proportions.

The relatively recent review paper of Speed and Balding >’

concluded that explicit ideas of
relatedness between individuals may no longer be strictly necessary in order to discuss the genetics
of complex traits. Our findings appear to support this standpoint, but there are certain caveats. For
differentiating between phasing methods, we in fact tested different phasing software, so there is
also a question of implementation as well as algorithm choice. For example, we cannot rule out that
SHAPEIT2 is in some way built better that EAGLE2, leading to small differences in performance. As
EAGLE2 combines an IBD-based method with an LD-based method similar to SHAPEIT2, it would be
reasonable to expect EAGLE2 to give at least equivalent results to SHAPEIT2, if not better; this was
not the case. Furthermore, results from our heritability analysis showed an advantage for using
GRMs to estimate relatedness matrices. This was however based on simulated phenotypes following

ideal polygenic models. It could be that the advantage could turn in the favour of IBD-based

methods for traits with different architectures.
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At the conclusion of this thesis, it is clear that the subject of complex trait architecture remains open
and that many potential research directions can still benefit greatly from studies of isolated
populations. The characteristics of such populations are likely to be as favourable for testing new
hypotheses regarding complex trait architecture, as they have proved favourable in the past. The
output of this thesis will prove valuable to subsequent analyses of the Cilento dataset and our two
published simulation studies regarding the study of population isolates will be of use to the scientific

community.
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Glossary of Terms

Throughout the thesis, the following notations and terms are used very often:

i,k =1,...,N : Index of individuals in a sample or population

j =1,...,M : Index of genetic variants in a chromosome or any particular set of variants
r =1, ..., R : Elements of a set of reference haplotypes, or similar

Ay, 1 =1,..,9 :Jacquard’s 9 condensed identity coefficients

@ir * Kinship of individuals i and k

fi : Inbreeding coefficient of individual i

Gi; : Genotype of individual i at position j

Y; : The phenotype of individual i

X ;-‘j : Coded genotypes of individual i at position j, superscript * will indicate various different
coding, in particular ‘a’ and ‘d’ refer to additive and non-additive/dominant coding

E[*] : Expectation of *

var|[] : Variance of *

dy : Genetic distance

A & a : The major and minor alleles for a genetic variant

p or py & q or p, : Frequencies of the major and minor alleles

AA, Aa, & aa : Three possible genotypes for a genetic variant

Paa Paa & Paq: Frequencies of the three possible genotypes for a genetic variant

Ug, Uy, & U, : Genetic effects of the three possible genotypes for a genetic variant

gij * Genetic value of individual i at position j

a; & d; : Additive and non-additive genetic effects

Vy, V¢, & Vi : Phenotypic, Genetic, and Environmental Variance Components

o2 : Environmental variance parameter

T, and Tp : Genetic additive and genetic non-additive/dominant variance parameters
02 : Household/sibling variance parameter

H? : Broad-sense Heritability

h2 & h? (h% & h2 in Annex B) : Additive and non-additive components of Heritability (H?)
h2 : Household/sibling variance components
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LAA

i Lf‘ja, & L‘i‘f : Likelihoods, scaled to be probabilities (sum to 1), of the three possible genotypes of

individual i at position j
w;;: Imputed dosage of individual i at position j
GWAS : Genome-Wide Association Study
Array : Genotyping Array data
370K : Ilumina 370 K array
OMNI : llumina HumanOmniExpress array
WES : Whole-Exome Sequencing
WGS : Whole-Genome Sequencing
MAF : Minor Allele Frequency
bp, Kb, and Mb : 1 base pair, 1,000 base pairs, 1,000,000 base pairs
cM : centi-Morgans (unit of Genetic Distance)
LD : Linkage Disequilibrium
IBD : Identity-By-Descent
IBS : Identity-By-State
IBD=2, IBD=1, and IBD=0 : Number of alleles shared Identity-By-Descent
LRP : Long Range Phasing
SSP : Study Specific Panel
HMM : Hidden Markov Model
HRC : The Haplotype Reference Consortium panel
1000G : The 1000 Genomes panel
UK10K : The UK10K panel
SER : Switch Error Rate
Imputation Accuracy : Correlation between dosages and true genotypes
‘info’ : IMPUTE2 imputation quality score
‘RSQ’ : MINIMAC3 imputation quality score
LMM : Linear Mixed Model
MLE : Maximum Likelihood Estimate

GRM : Genetic Relationship Matrix
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K : The kinship matrix or additive GRM

D : The dominance matrix or non-additive GRM

BMI : Body-Mass Index

LDL : Low-Density Lipoprotein

‘Pedigree Simulation’ : The simulation using only the pedigree of Cilento

‘HapGen+Pedigree Simulation’ : The simulation using both HapGen and the pedigree of Cilento

‘rare’ : When the frequency of the variant is described as rare, this will normally pertain to some
hypothetical general population, unless specified otherwise.
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Annexes

Annex A: Herzig, AF, Nutile, T, Babron, M-C, Ciullo, M, Bellenguez, C, & Leutenegger, A-L.

(2018). Strategies for phasing and imputation in a population isolate. Genet Epidemiol

42,201-213.

Annex B: Herzig, AF, Nutile, T, Ruggiero, D, Ciullo, M, Perdry, H, & Leutenegger, A-L. (2018).
Detecting the dominance component of heritability in isolated and outbred human

populations. Scientific Reports 8, 18048.
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1 | INTRODUCTION
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ABSTRACT

In the search for genetic associations with complex traits, population isolates offer
the advantage of reduced genetic and environmental heterogeneity. In addition, cost-
efficient next-generation association approaches have been proposed in these pop-
ulations where only a subsample of representative individuals is sequenced and
then genotypes are imputed into the rest of the population. Gene mapping in such
populations thus requires high-quality genetic imputation and preliminary phas-
ing. To identify an effective study design, we compare by simulation a range of
phasing and imputation software and strategies. We simulated 1,115,604 variants
on chromosome 10 for 477 members of the large complex pedigree of Campora,
a village within the established isolate of Cilento in southern Italy. We assessed
the phasing performance of identical by descent based software ALPHAPHASE
and SLRP, LD-based software SHAPEIT2, SHAPEIT3, and BEAGLE, and new
software EAGLE that combines both methodologies. For imputation we compared
IMPUTE2, IMPUTE4, MINIMAC3, BEAGLE, and new software PBWT. Geno-
typing errors and missing genotypes were simulated to observe their effects on the
performance of each software. Highly accurate phased data were achieved by all
software with SHAPEIT2, SHAPEIT3, and EAGLE2 providing the most accurate
results. MINIMAC3, IMPUTE4, and IMPUTE2 all performed strongly as imputa-
tion software and our study highlights the considerable gain in imputation accu-
racy provided by a genome sequenced reference panel specific to the population

isolate.

KEYWORDS

founder effect, genotyping errors, identity by descent, linkage disequilibrium, study specific panel

combined with the sequencing cost, limit the opportunities for
finding such associations.

For many complex traits, attention has turned to the search
for associations with low-frequency or rare variants. This fol-
lows the success of genome-wide association studies (GWAS)
in identifying associations with many common variants but
without yet gaining a satisfactorily complete description of the
genetic heritability for various complex traits. The large sam-
ple sizes required to achieve sufficient power to detect associ-
ations with rare variants (particularly if effect size is modest),

Population isolates have inherent characteristics beneficial
to the study of complex traits, namely reduced environmental
and genetic heterogeneity (Bourgain & Génin, 2005; Hatziko-
toulas, Gilly, & Zeggini, 2014). Because of the bottleneck
at the founding of the population followed by generations
of genetic drift, some mutations that would be described
as “rare” in general populations can occur with greater
frequency in the population isolate. Fewer individuals are
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hence required to achieve sufficient power for analyses. Also,
unique patterns of linkage disequilibrium (LD) are expected
within such populations and long haplotypes will be identical
by descent (IBD) among members of the population even
when not closely related.

To take advantage of the prevalence of shared IBD
regions, a subset of the study population can be whole-
genome sequenced (WGS) and then made available as a
Study Specific Panel (SSP) for genetic imputation on to
the remainder of the genotyped sample (Asimit & Zeggini,
2012; Holm et al., 2011; Zeggini, 2011). Alternatively,
public reference panels could be employed for imputation:
for example, the 1000 Genomes Project (1000G) (The
1000 Genomes Project Consortium, 2015) or the Haplotype
Reference Consortium (HRC) (McCarthy et al., 2016). All
study designs require efficient phasing and imputation, and a
range of software has been developed to this end.

Methods for phasing can be classified as either LD based
(Browning & Browning, 2016; Delaneau, Zagury, & Mar-
chini, 2013; O'Connell et al., 2016) or IBD based (Glodzik
et al., 2013; Hickey et al., 2011; Livne et al., 2015; Palin,
Campbell, Wright, Wilson, & Durbin, 2011). O'Connell et al.
(2014) found that despite the prevalence of IBD regions in
an isolate, LD-based methods outperformed the IBD-based
method proposed by Palin et al. (2011) when tested in several
population isolates. Recently a new method was proposed to
combine both LD-based and IBD-based approaches and was
shown to achieve increased phasing accuracy over LD-based
methods in a large outbred population (Loh et al., 2016; Loh,
Palamara, & Price, 2016). However, this new approach is yet
to be evaluated in a population isolate.

Several studies investigating imputation strategies have
shown that using an imputation panel specific to the popu-
lation under study increases imputation accuracy compared
to using larger multiethnic public reference panels. This has
been observed in population isolates (Joshi et al., 2013; Pistis
et al., 2015; Surakka et al., 2010) and in outbred populations
(Deelen et al., 2014; Mitt et al., 2017; Roshyara & Scholz,
2015). However, no study has compared imputation software
and imputation strategies together in a population isolate since
the recent releases of updated software versions (Browning
& Browning, 2016; Bycroft et al., 2017; Das et al., 2016),
new methods (Durbin, 2014), and larger and denser reference
panels (McCarthy et al., 2016; The 1000 Genomes Project
Consortium, 2015).

In population isolates, genealogical data may be available.
There exist many methods for phasing and imputation using
in part or solely pedigree data (Abecasis, Cherny, Cookson, &
Cardon, 2002; Chen & Schaid, 2014; Cheung, Thompson, &
Wijsman, 2013; Hickey et al., 2011; Livne et al., 2015). The
size and complexity of the pedigrees typical to isolates pre-
cludes the application of some methods that use only pedigree
data. However, methods that combine IBD inference from

both genetic and pedigree information should be well adapted
for population isolates (Hickey et al., 2011; Livne et al., 2015).

Here we provide an updated evaluation of state-of-the-
art phasing and imputation methods in the context of a
population isolate. We test the latest versions of existing
software as well as recently released software on simulated
data with the structure of the population isolate of Campora
in southern Italy. The effects of errors and missingness on
the performance of each software were also assessed. The
design of our study also gives the opportunity to observe in
detail the effects of isolate characteristics on phasing and
imputation software in order to provide recommendations for
future studies of population isolates.

2 Il METHODS

2.1 | Campora

Pedigree and genetic data for Campora have previously been
gathered as part of the Vallo di Diano Project. The pedi-
gree contains 2,894 members, including 495 founders and
spans the 16th century to the present day (Colonna et al.,
2007). The pedigree of Campora was reconstructed from
parish records (supplementary Fig. S1). Although the pedi-
gree captures many loops and connections that result in a high
level of relatedness, it falls short of reaching back to the found-
ing event of Campora. Previous analysis of sex chromosomes
and mitochondrial DNA in Campora concluded that around
96.7% of the genetic variability was explained by 17 female
and 20 male lineages. Hence, while the recorded pedigree
contains 495 founders, the true founding event in Campora
likely involved closer to 37 founders (Colonna et al., 2007).
Of the present day individuals, 477 have high-quality
genotypes, all of whom have been genotyped on an Illumina
370K SNP-chip array (ARRAY). A subset of 93 individuals
has whole exome sequencing (WES) data and another subset
of 18 individuals has whole-genome sequencing (WGS)
data. The WES subset was selected to serve as an SSP using
the method described in Uricchio, Chong, Ross, Ober, and
Nicolae (2012) but with genetic kinship in the place of
genealogical kinship. This way we selected a subset with
a high level of relatedness to the remaining unselected
individuals while avoiding high levels of relatedness among
the selected individuals. This resulted in a selection of 93
individuals spread across the bottom four generations of the
Campora pedigree with a higher proportion coming from the
bottom two generations. The set of 93 individuals does not
contain multiple members of any single nuclear family.

2.2 | Simulation

Genetic data were simulated with similar characteristics
to those observed in the real genetic data from Campora
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(supplementary Fig. S2). Gene dropping of chromosome 10
(chr10) was performed on the entire pedigree using the MOR-
GAN package Genedrop (Wijsman, Rothstein, & Thompson,
2006). For time efficiency, Genedrop was only provided with
a coarse genetic map, we then sampled precise locations of
recombination events on the far denser genetic map used in
our study as in Gazal et al. (2014).

We considered two approaches to generate the founder
haplotypes, both enlisting the haplotypes of the UK10K
panel (UK10K) (The UK10K Consortium, 2015) (see URLSs).
The UK10K contains member of the TwinsUk cohort; for
the purposes of the simulation one member from each pair
of monozygotic or dizygotic twins was removed leading
to a pool of 7,500 haplotypes. In a first simulation strat-
egy we sampled the 990 pedigree founder haplotypes with-
out replacement from the pool of UKI10K haplotypes. In
a second simulation strategy we first sampled 80 haplo-
types from UK10K to approximate the founding event of
roughly 37 founders in Campora and then used HapGen2
(Su, Marchini, & Donnelly, 2011) to simulate recombina-
tion events and mutations to create a pool of mosaic hap-
lotype from which the 990 founder haplotypes of the pedi-
gree were sampled without replacement. From hence we
refer to these two simulation strategies as ‘“Pedigree” and
“HapGen+Pedigree”, respectively. Further details on Hap-
Gen?2 parameters are given in Supplementary Materials. Each
strategy was independently replicated 100 times with inde-
pendent draws for the 990 and 80 haplotypes, respectively. In
each replicate we simulated variants at ARRAY positions for
all 477 individuals and WGS positions for the 93 SSP indi-
viduals. We observed that the HapGen+Pedigree simulation
produced simulated data with a mean pairwise genetic kin-
ship (estimated on ARRAY genotypes) closer to the mean
observed in Campora (supplementary Fig. S3) suggesting the
HapGen+Pedigree simulation better mimicked the data of
Campora.

2.3 | Error models

Errors and sporadic missingness were simulated in the data.
Both were introduced independently in the two simulated plat-
forms (ARRAY and WGS). Missing genotypes observed in
the ARRAY data in Campora were set to missing in the simu-
lated data. Errors on the ARRAY data were simulated with a
simple undirected error model where one allele from a geno-
type can change to the other available allele (major or minor)
at that position with an error rate of 0.001.

For the WGS data, we simulated multiple reads for each
genotype (including erroneous reads), from which geno-
type likelihoods and genotype quality scores were estimated
using a similar methodology to previous studies involv-
ing next-generation sequencing data simulation (Kim et al.,
2011; Vieira, Albrechtsen, & Nielsen, 2016). Genotypes
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that emerged with a quality score less than 20 were set
to missing, otherwise the genotype of greatest likelihood
was kept. Our error model was tuned to produce missing-
ness rates close to the observed missingness rate in Cam-
pora (between 0.01 and 0.02) and error rates similar to
those expected on the sequencing platform used in Campora
(between 0.003 and 0.004). Full details of our WGS data
simulation and the error model are given in Supplementary
Materials and specific nucleotide error rates in supplementary
Table S1.

To assess the effect of genotyping errors and missingness
on the performance of each phasing and imputation algo-
rithm, we completed the same phasing and imputation steps
using simulated data with both genotype errors and missing-
ness (Imperfect data) but also without any such imperfections
(Perfect data).

2.4 | Quality control

No quality control was performed on individuals. For Imper-
fect data, all genotypes in the nuclear family were set to miss-
ing each time a Mendelian error was introduced by our error
models. In all files, variants were removed for low minor allele
frequency (MAF), significant deviation from Hardy-Weinberg
equilibrium and for high missingness in the case of imperfect
data (Supplementary Materials).

2.5 | Phasing

Phasing algorithms can be separated into two main method-
ological classes:

LD-based methods that rely on hidden Markov models
(HMM) are employed by phasing algorithms SHAPEIT2
(Delaneau, Zagury et al. 2013) and BEAGLE (Browning &
Browning, 2016). Phase is estimated with respect to LD pat-
terns and haplotype similarity and is built for each individual
as a mosaic of current haplotype estimations of all other
sample individuals as well as external reference haplotypes if
they are made available to the algorithm. For SHAPEIT?2 we
considered the use of the “duohmm” option (O'Connell et al.,
2014) that harnesses parent-offspring or duo information for
phasing. We also tested SHAPEIT3 (O'Connell et al., 2016),
a new version of SHAPEIT2 designed for large sample
sizes.

In IBD-based methods, long stretches of IBD can be
directly sought between pairs of individuals in order to phase
directly each individual in turn in an approach named Long
Range Phasing (Kong et al., 2008). We tested two software
that employ Long Range Phasing: SLRP (Palin et al., 2011)
and ALPHAPHASE (Hickey et al., 2011). ALPHAPHASE
was developed for livestock populations and is able to use
pedigree information in addition to genotypes. SLRP, which
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was specifically designed for population isolates, uses only the
genotypes.

Two releases of a new software that combines LD-based
and IBD-based methods were also tested: EAGLE version 1
(EAGLE1) (Loh et al., 2016) and version 2 (EAGLE2) (Loh
et al., 2016). EAGLEI was aimed at general populations and
was developed to phase data with very large sample sizes.
It employs Long Range Phasing followed by an HMM in
a second step. EAGLE?2 focuses on harnessing an external
reference panel. It no longer uses Long Range Phasing and
instead is based on the positional Burrows-Wheeler transform
(Durbin, 2014) and an HMM. Yet if EAGLE?2 is used without
a reference panel it adds the Long Range Phasing algorithm
of EAGLEI as an initial step.

BEAGLE, SHAPEIT2, SHAPEIT3, and EAGLE2 can
make inference from an external reference panel when phas-
ing. We tested all software without an external panel and
SHAPEIT2 and EAGLE2 with the 1000G panel.

Switch error rate (SER) is the standard measure to assess
the accuracy of an estimation of genetic phase. A switch
error is observable between two consecutive heterozygous
sites and occurs if phase at the second heterozygous site is
incorrect with respect to that of the first. The SER is the frac-
tion of pairs of heterozygous sites where a switch error has
occurred out of the total number of possible pairs. A descrip-
tion of SER calculation in the presence of known genotype
errors is given in the Supplementary Materials. We calcu-
lated SERs on the entirety of chr10: globally over all indi-
viduals and variants, for each individual, and for each variant.
We compared the SER per variant to MAF calculated naively
on the simulated ARRAY genotypes and the mean SER of
each individual to the individual's mean genetic kinship with
all other sample members. Kinship was estimated from the
simulated ARRAY genotypes using the R package “Gaston”
(see URLSs).

2.6 | Imputation

LD-based imputation methods IMPUTE2 (Howie, Donnelly,
& Marchini, 2009), IMPUTE4 (Bycroft et al., 2017), BEA-
GLE v4.1 (Browning & Browning, 2016), and MINIMAC3
(Das et al., 2016) were compared when using the 1000G as
a reference panel. We included all 2,504 individuals from
all populations of the 1000G for imputation as this has been
shown to be the best approach (Howie, Marchini, & Stephens,
2011). We also used the HRC panel but only for MINI-
MACS3 due to the computational burden associated with this
panel. The HRC panel used was the version made avail-
able for download through the European Genome-phenome
Archive, which contains 27,165 individuals, including all
samples from the 1000G. As our simulations were based
on the UKI10K, we removed all UK10K haplotypes, lead-
ing to 23,450 individuals. We also tested the PBWT software

(Durbin, 2014) on 20 of our replicates through use of the
Wellcome Trust's Sanger Imputation Service and again using
the 1000G as a reference panel. We did not test PBWT with
the HRC panel as we could not remove the UK10K haplo-
types from the panel when using this imputation service. To
restrict to 20 replicates per simulation strategy was a prag-
matic decision based on the time required to upload data to the
Server.

The benefits of imputation using an SSP (either alone or
combined with a public reference panel) were investigated.
In each simulation replicate, we first created an SSP: WGS
and ARRAY data for the 93 SSP individuals were combined
(setting discordant genotypes created by our error models
to missing in the case of Imperfect data) and then phased.
Imputation was performed with IMPUTE2 with a combina-
tion of this SSP and the 1000G panel, using the software
option that allows the combination of two reference panels
through cross-imputation. We also tested MINIMAC3 with
a combination of the SSP and the HRC panel. As MIN-
IMAC3 does not offer an option for cross-imputation, the
two panels were first restricted to the set of variants in com-
mon between them and then merged. We denote a phasing
or imputation strategy by the name of the software added
to the panels employed, for example: EAGLE2+1000G,
IMPUTE2+1000G, or MINIMAC3+HRC+SSP.

Imputation accuracy of software was assessed in each repli-
cate by the squared Pearson's correlation between imputed
genotype dosages and original simulated genotypes for each
biallelic SNP polymorphic in the simulated data and present
in the output of every imputation software. Imputation was
restricted to the telomeric region of the short arm of chr10 (20
Mb in length). As imputation scenarios involving the SSP of
93 individuals were tested, imputation accuracy was measured
for all scenarios on the complimenting set of 384 non-SSP
individuals. Mean imputation accuracy was calculated over
distinct partitions of the observed range of MAF by averag-
ing across all variants in each MAF bin considered. MAF was
estimated naively on all 7,500 UK10K haplotypes. All impu-
tation software were run on prephased data arising from the
best phased data found when comparing phasing software. For
general populations, it is possible that prephasing could lead
to a loss of imputation accuracy (Roshyara, Horn, Kirsten,
Ahnert, & Scholz, 2016) but this is unlikely to be signifi-
cant in population isolates where highly accurate phased data
are achievable (Howie, Fuchsberger, Stephens, Marchini, &
Abecasis, 2012).

All imputation software provided imputation quality scores
per variant; the calculation of such scores varies between
imputation software but the scores have been shown to be
highly correlated to each other (Marchini & Howie, 2010).
We investigated the consequences of post imputation qual-
ity control based on imputation quality scores in a separate
analysis.
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FIGURE 1 Global switch error rates for BEAGLE, EAGLE2, SHAPEIT2, and SHAPEIT3 for the HapGen+Pedigree simulation strategy

2.7 | Speed

Because we only concentrate on a single chromosome with
a moderate number of individuals, computation time was
not an issue for our simulation. However, many of the algo-
rithms considered were designed with speed and low mem-
ory usage in mind. Indeed, EAGLE1, EAGLE2, BEAGLE,
MINIMAC3, PBWT, IMPUTE4, and SHAPEIT3 are all
geared toward performance when analyzing very large num-
bers of individuals or when leveraging very large external
reference panels. We measured real and computational time
elapsed during a single replicate of the HapGen+Pedigree
simulation. All phasing and imputation executions were
completed on a 2 X 6 core, 2 X 12 thread 2.66 GHz
Intel Xeon Processor X5650 with 96 Gb of random access
memory.

The options used for phasing and imputation software are
discussed in the Supplementary Materials and the software
versions used are detailed in the URLs.

3 | RESULTS

3.1 | LD-based phasing

For analyses of phasing performance, we present results
from only the HapGen+Pedigree simulation unless oth-
erwise indicated as the patterns of results were very
similar between the two simulation strategies. Imperfect
ARRAY data initially spanned 13,599 variants on chrl0
and following quality control an average of 13,262 vari-
ants remained on the HapGen+Pedigree simulation strat-
egy. Totaling over the 477 individuals and across the
entirety of chrl0, phasing algorithms were required to phase
an average of 2,150,627 heterozygous sites in each sim-
ulation replicate. All LD-based phasing algorithms con-
sidered were able to phase the ARRAY data to a high
degree of accuracy with global SERs below 0.002 (Fig. 1).
EAGLE?2 delivered improved SER compared to EAGLEL
(supplementary Fig. S4) and so we only present detailed
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results for EAGLE2. SHAPEIT2 provided the most accu-
rately phased data and the additions of the “duohmm”
option and the 1000G as an external reference panel
further improved its performance. SHAPEIT3 performed
similarly to SHAPEIT2 and for subsequent analysis we
will only present results for SHAPEIT24+duohmm+1000G.
SHAPEIT2+duohmm+1000G achieved a mean SER of 1.9 X
10~* while EAGLE2 achieved 3.2 x 107*. The mean global
SERs for all phasing strategies considered are given in sup-
plementary Table S2.

3.2 | IBD-based phasing

We note that EAGLE2 outperformed EAGLE2+1000G; con-
versely to what was observed for SHAPEIT2 (Fig. 1). This
result can be interpreted as evidence of the utility of the
EAGLE?2 Long Range Phasing routine for population isolates
as this routine is irrevocably omitted from the algorithm when
using an external reference panel.

ALPHAPHASE and SLRP both provided added compli-
cations because they only phase sites that were found IBD
between individuals. SLRP outperformed ALPHAPHASE
in terms of SER even though ALPHAPHASE had access
to the pedigree information (supplementary Fig. S5).
ALPHAPHASE however phased more heterozygous sites
than SLRP that may explain some of the difference in
SER between the two. We chose to compare only SLRP to
other software (Fig. 2) as SLRP was clearly stronger than
ALPHAPHASE. Owing to the sites left unphased by SLRP,
a separate calculation of SER restricted to the set of sites
phased by SLRP in each replicate was carried out. SLRP pro-
duced higher SERs than SHAPEIT2+duohmm+1000G and
EAGLE2 and reducing the analysis to these sites resulted in
lower SERs for all other phasing software (when compared
to Fig. 1). On these sites, SHAPEIT24+duohmm+1000G
achieved a mean SER of 1.4 x 10~* while EAGLE2 achieved
2.7 x 107* and so a considerable proportion of the switch
errors observed in Figure 1 occurred on the small percent-
age (1.6% on average) of heterozygous sites left unphased by
SLRP. This suggests that the sites left unphased by SLRP,
which are by definition in areas where SLRP was unable to
identify IBD between individuals, are precisely those sites
that other software frequently phased incorrectly.

3.3 | Factors that impact phasing performance

To further explore the performance of phasing software, we
performed a series of subanalyses to identify patterns in the
distributions of switch errors on chrl0. Variants with low
MAF had demonstrably higher SERs, whether using LD-
based software or EAGLE2 (supplementary Fig. S6).

The levels of IBD in the simulated populations clearly
affected phasing performance as all software had improved
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FIGURE 2 Global switch error rates for BEAGLE, SLRP,
EAGLE2, and SHAPEIT2+duohmm+1000G for the HapGen+Pedigree
simulation strategy on the set of variants successfully phased by SLRP
in each replicate

phasing accuracy in the presence of the elevated IBD in the
HapGen+Pedigree simulation as compared to the Pedigree
simulation strategy (supplementary Fig. S7). Similarly, SLRP
and ALPHAPHASE both phased many more sites on the
HapGen+Pedigree simulation (supplementary Fig. S8a, b).
At the individual level, all phasing algorithms had lower per-
formance for the individuals with the lowest mean pairwise
genetic kinship to the rest of the sample (supplementary Fig.
S9a-c).

Phasing software returned slightly higher SERs when phas-
ing data with errors and missingness (supplementary Fig.
S10) and ALPHAPHASE and SLRP phased significantly less
sites when errors and missingness were present (supplemen-
tary Fig. S8a, b). The effect of imperfections within the data
was noticed particularly on the Long Range Phasing algo-
rithms (ALPHAPHASE, SLRP, and EAGLE2).

We specifically investigated the IBD status at switch
errors sites in the Pedigree simulation strategy for EAGLE2
and SHAPEIT2+duohmm+1000G (Supplementary Materi-
als and supplementary Fig. S11) as in only this simulation
strategy, true IBD sharing was accessible from Genedrop. For
both phasing approaches, there were a lower number of true
IBD haplotypes at switch errors sites (six IBD haplotypes on
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FIGURE 3 Software imputation accuracy with the 1000G as an external reference panel and for the Pedigree and HapGen+Pedigree simulation

strategies. The percentages of variants in each MAF bin are displayed atop the figure. Total number of variants for each strategy: 40,989 (Pedigree)

and 40,407 (HapGen+Pedigree). * PBWT was only run on 20 replicates of each simulation strategy

average) compared to correctly phased sites (17 IBD haplo-
types on average). These true IBD haplotypes are the haplo-
types that the software can use as phase informative. Hence
the performance of the LD-based method SHAPEIT2 was
implicitly linked to the prevalence of IBD.

3.4 | Accuracy of imputation software

Results pertain to imputation of phased Imperfect ARRAY
data from both simulations strategies unless otherwise
stated. Following the results from the phasing software
evaluation, we phased ARRAY and WGS data with
SHAPEIT2+duohmm+1000G. This phasing strategy was
also found to be the most accurate for WGS data (supplemen-
tary Fig. S12).

In each replicate, mean imputation accuracy was calcu-
lated across all polymorphic SNPs found within the output
of every software. On average this entailed a selection of
40,989 SNPs for the Pedigree simulation and 40,407 SNPs
for the HapGen+Pedigree simulation. This difference is
ascribed to the presence of more monomorphic variants in
the HapGen+-Pedigree simulation.

When using 1000G as the reference panel, MINIMAC3
provided the best imputation accuracy in both simulation
strategies followed closely by IMPUTE4 and then IMPUTE2
(Fig. 3). Variants with low MAF were universally harder

to impute. BEAGLE and PBWT consistently delivered
lower imputation accuracy than IMPUTE2, IMPUTE4, and
MINIMACS3. Although IMPUTE4 marginally outperformed
IMPUTE?2, it currently does not offer the option to combine
reference panels necessary for subsequent analyses in which
we hence compare IMPUTE2 and MINIMAC3.

Genotype errors and missingness on the ARRAY data had
minimal impact on imputation accuracy but such imperfec-
tions simulated on the WGS SSP had slightly more effect (sup-
plementary Figs. S13 and S14).

3.5 | Impact of reference panel choice

By comparing the two simulation strategies, we were able to
identify the consequences of reference panel choice in a pop-
ulation isolate. When the 1000G was chosen as the external
reference panel, imputation accuracy was significantly lower
in the HapGen+Pedigree simulation strategy than in the Pedi-
gree one (Fig. 3). This difference in imputation accuracy may
be due to differences in MAF between the simulated data
and the 1000G reference panel (Supplementary Materials and
supplementary Fig. S15). MAFs on the HapGen+Pedigree
simulation had drifted further away from the 1000G refer-
ence panel and the variants with the highest differences in
MAF to the 1000G reference panel were imputed with lower
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FIGURE 4 Imputation accuracy of IMPUTE2 when using various reference panels for the Pedigree and HapGen+Pedigree simulation strategies.

The set of variants used for comparison is a reduction of the set used in Figure 3 because using only the SSP as a reference panel limits the set of

possible variants to compare imputed dosages and true genotypes. This depleted the number of variants in the [0,0.01) MAF category, which was
therefore merged with that of [0.01,0.05) MAF. Total number of variants for each strategy: 35,058 (Pedigree) and 34,065 (HapGen+Pedigree)

accuracy than random selections of similar variants (supple-
mentary Fig. S16a).

Imputation with the SSP was an improvement upon
imputation with the 1000G for both IMPUTE2 and MIN-
IMAC3 (Figs. 4 and 5). When using the SSP, the simula-
tion strategy with the highest imputation accuracy was the
HapGen+Pedigree simulation, contrary to when using only
the 1000G (Fig. 3). This can be ascribed the higher levels of
IBD between the 93 SSP members and the 384 other individ-
uals in this simulation strategy. Indeed, the most accurately
imputed individuals were consistently those with higher val-
ues of mean pairwise kinship to the set of SSP individuals
(supplementary Fig. S17).

For MINIMAC3, imputation accuracy was clearly
improved by using the HRC over the 1000G (Fig. 5). Impu-
tation that included the SSP again produced more accurate
results than imputation with only public reference panels on
the HapGen+Pedigree simulation strategy. Rare variants were
however imputed more accurately by MINIMAC3+HRC
than by MINIMAC3+SSP on the Pedigree simulation. The
results of Figs. 3-5 are summarized in supplementary Table
S3.

The founding event in an isolate will result in higher
MAFs for certain variants as compared to general popula-
tions. Variants with a high difference in MAF compared to
the 1000G were imputed as well as the random selections of

comparable variants under IMPUTE2+SSP, but with lower
accuracy under IMPUTE2+41000G (supplementary Fig.
S16a). When changing reference panel from the 1000G to
the SSP, we observed that imputation accuracy increased the
most for variants with a MAF higher in the sample than in
the 1000G (Supplementary Materials and supplementary Fig.
S16b). Another consequence of using solely the 1000G as
a reference panel was the fact that some variants that were
monomorphic in the sample were imputed with dosages com-
patible with being heterozygous for many individuals, that is,
polymorphic in the sample (supplementary Fig. S16c, d).

3.6 | Imputation quality scores

Finally, we analyzed the effect of applying various thresholds
of the “info” score for IMPUTE2 and the “RSQ” score for
MINIMACS3. Each successive threshold improved imputation
accuracy for both IMPUTE?2 and MINIMACS3 with the latter
still providing higher accuracy in each MAF bin (Supplemen-
tary Materials and supplementary Fig. S18a, b). The “RSQ”
measure gave a better indication of imputation accuracy than
“info” and we also found that higher thresholds than the stan-
dard ones were arguably preferable for both rare and common
variants in both simulation strategies (Supplementary Mate-
rials and supplementary Table S4).
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3.7 | Speed

For phasing, BEAGLE, EAGLE1, and EAGLE2 were the
fastest because they allow for multiple threading. SHAPEIT2
required more computation time than other algorithms.
For imputation, the quickest software were BEAGLE
and IMPUTE4. MINIMAC3+1000G was quicker than
IMPUTE2+1000G. We observed the additional complex-
ity encountered by IMPUTE2 when performing cross-
imputation. The full list of times is given in supplementary
Table S5.

4 | DISCUSSION

Using simulated genetic data, we have rigorously tested the
performance of a range of phasing and imputation software
in a population isolate. EAGLE2 (without a reference panel)
and SHAPEIT2 were the strongest performing phasing
software with SHAPEIT2+4+duohmm+1000G giving the
most accurately phased data. MINIMAC3, IMPUTE4, and
IMPUTE2 all performed well and we observed a slight
advantage for MINIMAC3. MINIMAC3 imputation was
more accurate with the HRC as an external reference panel
rather than the 1000G. The use of an SSP proved to be a
very successful strategy, when used alone, but even more
so when combined with a large external reference panel.
MINIMAC3+HRC+SSP proved the most effective imputa-
tion strategy. Genotype errors and missingness were shown

Imputation accuracy of MINIMAC3 with various reference panels on the same set of variants as used in Figure 4

to have only a small effect on the performance of all phasing
and imputation software considered.

If we compare our phasing results to published results for
outbred populations, it is clear that all methods performed
with greater accuracy (SERs at least one order of magnitude
smaller) on our simulated data. Indeed, for outbred popula-
tions, very large sample sizes have been required to achieve
the high level of phasing accuracy observed in our population
isolate study. For examples, see Bycroft et al. (2017), Loh,
Danecek, et al. (2016), O'Connell et al. (2016), and Mitt et al.
(2017).

IBD-based phasing methods did not prove as effective as
the LD-based software SHAPEIT2, which appeared itself to
directly profit from IBD in the sample. O'Connell et al. (2014)
also observed SHAPEIT?2 benefiting from IBD. Indeed, the
performance of IBD-based and LD-based software followed
a similar pattern: all were less accurate when less IBD was
present and all had difficulty when phasing the likely non-
IBD regions of the genome and when phasing individuals with
a low average kinship to the rest of the sample. IBD-based
methods were the most affected by imperfections in the data.

EAGLE was expected to perform strongly on popula-
tion isolate data as it should combine the appeal of Long
Range Phasing and the strengths of LD-based methods such
as SHAPEIT2. Though the combination of IBD-based and
LD-based approaches in EAGLEI and EAGLE2 is a clear
improvement over previous Long Range Phasing software, it
does not provide more accurate phasing than the LD-based
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approach implemented in SHAPEIT?2. This is in accord with
the results of Mitt et al. (2017) in a cohort of intermediate
size but not with those of Loh, Danecek, et al. (2016) in much
larger cohorts. EAGLE2 was developed with the aim of han-
dling large sample sizes but as gene-mapping studies in pop-
ulation isolates will remain by nature small scale, SHAPEIT2
remains the optimum choice for phasing.

Published results for SHAPEIT3 in outbred populations
suggest that it may return less accurate phased data com-
pared to SHAPEIT2 (O'Connell et al., 2016). Of the two,
SHAPEIT2 is recommended for sample sizes less than
20,000, which would encompass the realm of population iso-
lates. In our study, SHAPEIT2 and SHAPEIT3 performed
very similarly.

Our comparisons on imputation strategies agree with recent
literature (Deelen et al., 2014; Mitt et al., 2017; Pistis et al.,
2015) in terms of the improvement in accuracy brought by a
reference panel specific to the population under study. Mitt
et al. (2017) concluded that for certain outbred populations,
such a panel can outperform an order of magnitude larger and
more diverse reference panel (the HRC). We show that for a
population isolate, an SSP can be far smaller and still outper-
form the HRC. As discussed in Asimit and Zeggini (2012),
the appropriate size of the SSP will depend on the diversity of
the isolate.

The HapGen+Pedigree simulation strategy gave the best
representation of a true isolate with a strong founder effect
producing large disparities to general populations represented
in public databases. Of the two simulation strategies, imputa-
tion accuracy was significantly lower on this simulation when
using only a public reference panel. This suggests that for a
population isolate with a very small set of founders and high
relatedness between individuals, using public reference panels
alone is not a completely appropriate strategy for imputation.
A better solution is to sequence a subset of the isolate to serve
as an SSP. Even with a very large external reference panel,
such as the HRC (here 23,450 individuals), imputation accu-
racy could not match the level reached by an SSP of 93 indi-
viduals. Using an SSP was particularly effective when imput-
ing variants with MAFs higher in the sample than in an exter-
nal reference panel. As such variants are precisely those that
motivate the study of population isolates, this strengthens the
argument for using an SSP in a population isolate.

We observed that the best results came from combining an
external reference panel and our SSP together for imputation.
IMPUTE?2 facilitates cross-imputation of two reference pan-
els with variants at nonidentical sets of positions. This is an
attractive strategy for isolates as all positions from both panels
can be imputed including variants specific to the isolate.

The accuracy of imputation can be directly linked to the
statistical power of subsequent association tests (Browning
& Browning, 2009; Huang, Wang, & Rosenberg, 2009; Li,
Willer, Ding, Scheet, & Abecasis, 2010; Surakka et al., 2010).

Indeed, if N is the number of individuals in a study and a vari-
ant is imputed with an imputation accuracy of 72 = a, then
the statistical power of an association test using the imputed
dosages is equivalent to that of a test performed on observed
genotypes for aN samples. This is the intended interpreta-
tion of imputation quality scores that are estimates of the true
P2 statistics (Marchini & Howie, 2010). To give an exam-
ple, we have observed differences in imputation accuracy of
around 0.2 for rare variants (MAF < 0.05) and 0.1 for com-
mon variants (MAF > 0.05) between MNIMAC3+1000G
and MINIMAC3+HRC+SSP on the HapGen+Pedigree sim-
ulation (supplementary Table S3). Imputation accuracy was
measured on a sample of size N = 384 (non-SSP individu-
als), hence, these observed differences in imputation accuracy
would correspond to losses of power equivalent to removing
around 77 or 38 of these individuals from subsequent analy-
ses, respectively. Studies in isolates typically involve unavoid-
ably modest sample sizes. Hence, there is great importance
in attaining the highest imputation accuracy possible in such
studies in order to preserve power.

One possible option for SHAPEIT2 that we did not con-
sider is the PIR option that harnesses phase informative
reads (Delaneau, Howie, Cox, Zagury, & Marchini 2013). To
include this in our simulation would have required the cre-
ation of the original read data; this was judged to be too great
a computational burden for our study. To be clearer option was
tested in Mitt et al. (2017) and did not significantly improve
the global performance of SHAPEIT2. Another version of
SHAPEIT2, SHAPEITR (Sharp, Kretzschmar, Delaneau, &
Marchini, 2016), sets out to improve phasing by concentrat-
ing on rare variants. However, as it is so far only available
through the Oxford Statistics Phasing Server (see URLs), it is
not suitable for an in-house simulation.

One software that we have not tested is PRIMAL, which
uses Long Range Phasing and is designed for phasing and
imputation in population isolates (Livne et al., 2015). PRI-
MAL specifically requires pedigree information for phasing
and an SSP for imputation. We were unable to successfully
setup and run PRIMAL on our simulated datasets and we have
been advised by the authors to wait for a new version that is
soon to be released.

In this study, we have strived to create realistic isolate data
to thoroughly test a range of phasing and imputation soft-
ware and strategies. Our study design allowed us to observe
how phasing and imputation algorithms are impacted by cer-
tain characteristics of isolate data, namely IBD between sam-
ple members and characteristics arising from isolation such
as divergent MAFs compared to reference populations. We
found that the best strategy for phasing in a population iso-
late was to use SHAPEIT2 with the “duohmm” option and
with an external reference panel. For imputation, if no SSP
is sequenced in the isolate, it is desirable to use the largest
public reference panel available. This would lead to the use of
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MINIMACS3 or IMPUTE#4 as these software can handle very
large reference panels. If an SSP is available in the isolate,
it should be used and the option in IMPUTE2 that combines
reference panels through cross-imputation makes it an attrac-
tive choice of imputation software. In this case the largest
available public reference panel compatible with IMPUTE2
should be used with the SSP. At the time of publication,
IMPUTE4 and MINIMACS3 do not offer the option of com-
bining two reference panels, but, if such options do become
available, then a strategy that both combines the HRC and an
SSP by cross-imputation would likely be both fast and highly
accurate in a population isolate.
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Supplementary M aterials
Data Simulation

Founder haplotypes were created with HapGen using a theoretical populatiafi 3ip®0 and the
default mutation rate. This choice led to simulated data with similar kintshthe observed genotypes in
Campora (Supplementary Figure 3). The percentage of sites phasedRBys8tves as a good proxy for the
proportion of IBD that can be found within the sample. When ipbathe true data from Campora, 99% of
heterozygous sites were phased, a similar percentage to those obsethedHapGen+Pedigree simulation,
Supplementary Figure 8a.

Error Models.

Here we describe our error model for the WGS data of the 93 SSP individuaksadfosimulated
genotype, a set of bases was sampled from the two possible alleles ehtitgpg in order to represent the
bases across multiple reads containing the position. Error bases are simitkitedhis set and can take any
value out of A,C, T and G. The depth of the set was randomly sg:lieota the depths observed in the Campora
WGS data at the corresponding position. We then used the approach of KirfRefla).to make approximate
calculations of genotype likelihoods from which we calculated genotype igsabased on the models
implemented by the next-generation sequence calling software GATKi§eét al., 2011).

As in to Kim et al. (2011), our error models were not symmetric. Lg@eotype quality was observed
in Campora on AT and GT SNR$ence we simulated higher error rates for error types A - T, T —> A, G — T,
andT — G as shown in Supplementary Table 1. For all genotypes, the error rate from the true base to the base
corresponding to the other possible allele at the position (according to thatstingenotype) was augmented
by 1/120. For example, when simulating error bases for a true baseaté position with alleles A and G
present in the simulated data, the error rate A — G was 1/120 + 1/120. However, if the alleles present in the data
were A and T, the error rate A — G would remain at 1/120 and the error rate A — T would be augmented by
1/120. Such error models were chosen in order to create similar distibofigenotype quality as had been
observed in Campora and overall genotyping error rates high etmough of interest when analysing their
effect on phasing and imputation. Our error models do not attempbtide a faithful representation of the
calling of genotypes from raw sequence reads but simply to create &mbmissingness simply, randomly, and
in similar patterns to those observed in WGS data in Campora.

Quality Control
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ARRAY variants were removed for high missingness (> 5%), low MAFL%), and significant
deviation from Hardy-Weinberg equilibrium (p <30 WGS variants were removed for high missingness (>
10%), low Minor Allele Count (< 2), and significant deviation from Hardy-Weigtequilibrium (p < 19).
Phasing

When using EAGLE2+1000G we set the parameter 'pbwtiter' to 3 wigoHicantly improved the
phasing and ensures that phasing inference was made not jushéd®00G but from estimated haplotypes of
other individuals in the sample. When phasing with BEAGLE we daimat results were generally robust to
changes in the 'window' and ‘overlap' parameters. For EAGLE2 and BEA®L&Hlowed multiple threading
(four threads) after observing that restricting to one thread did naficigtly change results. However, for
SHAPEIT2 it is recommended to not use multiple threading so we usiegjla thread for each phasing run.
Using BEAGLE with the 1000G as an external reference panel proved peticleas many variants were
removed from the analysis by the algorithm due to high differeincd8AFs between the sample and the
reference panel. As population isolate data has been simulated, it is tcebtedxpat MAFs differ from those
observed in 1000G. We thus did not present BEAGLE results fooptisn. We did not test SHAPEIT3 with
the 1000G as a reference panel due to the similarity between SHAPEITZHAPEIT3. Otherwise software
were used with default settings.

Note that it is not possible to calculate SER at the exact site of a genotyperanissing genotype as
there is no true phase from which to make a comparison with. Hence all calcuéagomade irrespective of
error sites in each replication. An error can still cause a SER in a dirediuw#lyis would be measured at the
preceding and following heterozygous sites on the chromosome (8wgoiéey Figurel0).

IBD-Sharing

To create Supplementary Figure 11 for SHAPEIT2+duohmm+1000G and E2AG®Gte randomly
selected 200 heterozygous sites with switch errors and 200 hetersajgsuwhich were phased correctly. For
each of the 400 sites we then counted the number of haplotyfiess sample IBD to the individual at the site.
This analysis was performed on ARRAY data with no genotypimy®ior missingness simulated and on the
Pedigree simulation where the exact IBD sharing information was acce3sildds because on the Pedigree
simulation, we know exactly which founder haplotype has been capiedery site for each individual. On the
HapGen+Pedigree simulation, we could not keep track of this information.

Imputation
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Following user manual recommendations for IMPUTE2, the region wisngp four regions each of
width 5Mb and using a buffer region of 0.25Mb. Identical settinggewsesed for IMPUTE4. Outputs from the
four runs were then concatenated after imputation. We experimentechaitk-haps' parameter in IMPUTE2
and were unable to observe significant changes in accuracy anddefahk parameter was used. MINIMAC3
was run with default parameters as was BEAGLE as we found thétsregre not sensitive to changes in the
‘window', 'overlap' and 'Ne' (effective population size) parametersetdiled investigation on the effects of
model parameters on IMPUTE2, MINIMAC3 and BEAGLE is to be foun8iiowning and Browning (2016).
As population isolates are the subject @ thvestigationt mightbe suggested that a lower value of 'Ne' would
theoretically be suitable. In the context of imputation, the 'Ne' parameterolsottie expected rate of
recombination. Whilst our simulated individuals were constructed as masiifteinder haplotypes with
relatively few recombinations, a high recombination rate is still requireddier to model each individual as an
imperfect mosaic of external eeénce haplotypes. For IMPUTE2 we took advantage of the ‘merge-ref-panel’
option to perform cross imputation between the 1000G and our 8BS
Differencein M AF between sample and reference panel

We compared the absolute difference in MAF between the simulated data in dmctteremd either
the 1000G Europeans populations or the complete 1000G. We averageditfeesnces over all variants used
to estimate imputation accuracy and compared them to the baseline mean differ&f8E retween the
UK10K (our source of founding haplotypes) and the 1000G (Sopgitary Figure 15). Compared to the
Pedigree simulation, the HapGen+Pedigree simulation strategy produced sirdatatedth greater disparity in
MAF compared to the 1000G. It was possible to observe a pattern betwseispiarity in MAF and lower
imputation accuracy (Supplementary Figure 16a). To illustrate the tamper of this difference in MAF we
selected variants with a high MAF in our simulated data set (>0.3) angeadifierence in MAF compared to
the 1000G (top 10% of all MAF differences). We also excludeathnts with imputation quality score (‘info”)
below 0.7 coming from imputation using IMPUTE2+1000G. In the Redigimulation an average of320
variants fulfilled these criteria and the average 90th percentile of absolutediffarences was 0.17. In the
HapGen+Pedigree simulation there were an average of 2,166 variants amdethge 90th percentile of
absolute MAF differences was 0.20. We compared the mean imputation acfaacymputation using
IMPUTE2+1000G and IMPUTE2+SSP over this selection of variants to the mmpamation accuracy over a

random selection of variants with similar MAFs (Supplementary Figued. 16 both simulation strategies
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variants with a large difference in MAF to the 1000G were hardergatemunder IMPUTE2+1000G but were
imputed with similar accuracy under IMPUTE2+SSP.

To investigate further, we also selected variants with either a MAF significagtigrhin the 1000G
reference panel than in the sample or vice-versa. We then calculated the perascregse in imputation
accuracy by changing reference panel from the 1000G reference pam=ISSP (Supplementary Figure 16b).
To put these increases into context, we again selected random selections of watiiaatsimilar MAF to the
chosen variants but without the large differences in MAF between thelesamd the 1000G. Variants with
significantly higher MAF in the sample (compared to the 1000G refergaroel) experienced the most benefit
from the change of reference panel for imputation.

A final analysis was made on variants which were monomorphic in thplsaSuch variants may
represent the greatest difference in MAF between the sample and an extermaiceefeanel. We have
compared imputation accuracy on the telomeric region of the shordfarn10 (20Mb in length). In this region
102,100 variants (found in the UK10K) were simulated and 22% a#®d 8fl these variants became
monomorphic in the Pedigree and HapGen+Pedigree simulation strategies velpekcie to the founder
effects that we simulated. From each replicate of each strategy, we selectedrid}@onphic variants at
random. From this selection, an average of 18% and 19% of the vapmsged a 0.4 threshold on the
IMPUTE2 imputaion quality score ‘info’. For each variant that passed the threshold, we called imputed
genotypes from imputed dosages by assigning the genotype higtiest genotype likelihood if and only if one
genotype likelihood exceeded 0.8. In Supplementary Figure 16¢ we fptleserumber of individuals with an
incorrect called genotype for the assembly of all variants consideressa@plicates. A few variants present
extreme results, these were noted to be variants with extremely differentbeiteen the UK10K and the
1000G. For example, the highest point on the left panel of Supplemé&igarg 16c has a MAF of 0.47 in the
1000G and 0.0026 in the UK10K. Supplementary Figure 16d showswainaan Supplementary Figure d.6

Geretic kinship coefficients between all 477 simulated individuals and @@Q@ Europeans were
computed using WGS positions after LD-pruning. The mean painiisiig on the Pedigree simulation was
1.2x10* and 2.5x16 on the HapGen+Pedigree simulation. Again this demonstrated greatinildiity
between the HapGen+Pedigree simulated data and 1000G than between the Sieditaesel data and 1000G.
Imputation Quality scores: ‘info’ and ‘RSQ’

First, we applied the standard thresholds for common variants of 0.4 for ‘info’ and 0.3 for ‘RSQ’ (Li,

Willer, Ding, Scheet, & Abecasis, 201Ristis et al., 2015) (Supplementary FiglBa).
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We then specifiedifferent thresholds for ‘info’ and ‘RSQ’ and calculated the resulting mean
imputation accuracy in the remaining variants (Supplementary Figbjeunder MINIMAC3+1000G and
IMPUTE2+1000G on the HapGen+Pedigree simulation strategy. We observeditbasing the thresholds
continued to give gains in mean imputation accuracy at a price of/negnarge numbers of variants.
Particularly for low MAF variants, greater increases in imputation accuramy ebserved by placing thresholds
on the ‘RSQ’ measure than ‘info’. Furthermore, the mean imputation accuracy of remaining variants became
almost equadcross all MAF bins when using the ‘RSQ’ measure while greater differences remain between
MAF bins when using the ‘info’ score.

By defining sets of well and poorly imputed variants (imputasioouracy above 0.5 or below 0.2) we
observed that the standard thresholds of 0.4 for ‘info’ and 0.3 for ‘RSQ’ fail to remove many poorly imputed
variants (Supplementary Table 4). Furthermore for rare variants, the cuealigs have less ability to separate
well imputed variants from poorly imputed variants as reported by atherst al., 2012Pistis et al., 2015)

To ensure that the majority of poorly imputed low MAF variants will lmawed, higher thresholds than the
standard ones are required. For common variants we observed that singlarlgresholds could be used and
only a small number of well imputed variants would be lost ane poorly imputed variants would be
removed. The choice of threshold represents a compromise between agampgimove all badly imputed
variants while hoping to not discard too many well imputed variantgthgd be highly valuable to subsequent
analyses. Poorly imputed variants could give false positive results. Houfgtiermotivation for imputation

was envisaged single point analyses, the damage would be minimalrasaarcher couldil access the ‘info’

or ‘RSQ’ scores in order to see whether significantly associated variants had a very high imputation quality

score or one just above the threshold. If multipoint analyses (gene drasaplotype based) were envisaged,
then poorly imputed variants have the potential to cause false negative wésah would be harder to rectify;

suggesting that in this scenario higher thresholds should be taken.
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Supplementary Figure 1. The pedigree of Campora as recorded from parish records.

Page |7

1600

2007



Page |8

U K].OK Chromosome 10 1,115,604 Variants

(Pedigree HapGen+Pedigree I

Sample 80 UK10K {}
Ha Iot es
Sample 990 p vp
UK10K
Haplotypes HapGen
990 Mosalc
Haplotypes

Founding Pool Founding Pool

TN W X - W
Allocate haplotypes to founders E

Campora Pedigree

: Genedrop

gf &6
GEG0

Keep data for 477 genotyped
|ndmdual5@
Extract ARRAY positions: 477 individuals, 13,599 SNPs
Extract WGS positions: 93 individuals, 361,072 Variants

Error Models + Quality Control l

Phased ARRAY data
il Take most accurately {l

phased ARRAY data

Imputation

Software BEAGLE
e Beens S
External Reference Panel
+
Lo >Etudy Specific Panel

Supplementary Figure 2. Schematic of the two simulation strategies.
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Supplementary Figure 3. Comparison of mean pairwise gdin kinship coefficients estimated on simulated
ARRAY data for 477 individuals for both simulation strategies. The HapGen+Pedigrakation created data
with closer mean pairwise geiit kinship to the mean pairwise genetic kinship calculated on the observed
genotypes in Campora for the same individuals (dashed line). &y pedigree founder haplotype is first
generated from 80 UK10K haplotypes in the HapGen+Pedigree simulation, theepddunders are no longer
independent and share regions of IBD. Proportions of IBD are comstajly elevated throughout the sample

and surpass those predicted solely by the pedigree infamati
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simulation, similar to the proportion of sites as when applied to theredbd ARRAY genotypes in Campora by
SLRP (blue line). Genotype errors and missingness led to a reducti@riartiber of sites that SLRP was able

to phase in both simulation strategies.
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each group we then calculated the mean SER for all individuals in the group.
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Supplementary Figure 12. Mean SER for the phasing of the 93 WGS SSP individuals with
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phasing of ARRAY data: firstly, a smaller number of individuals arelired, and secondly the WGS data

contained a higher proportion of variants with MAF below 0.05.
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Supplementary Figure 14. Effect of genotype errors and missingness on the SSP onaitigouaccuracy.

Imputation accuracy calculated from imputation strategy IMPUTE2+1000G+SSP



Page |24

Difference to all Difference to European
1000G individuals 1000G individuals

0.100
L —

0.075
E — —_— | — — = |
£ UK10K
[0}
o
c
2 +
[
=
5 0.050
e
=
[=}
]
o
- o
c
g 0.025
20

— — _— — —_— = p—
UK10K
0.000
I I I 1
Pedigree = HapGen+Pedigree Pedigree = HapGen+Pedigree

Simulation Strategy
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Supplementary Figure 16b. Increasein imputation accuracy by changing from IMPUTE2+1000G to
IMPUTE2+SSP for sets of variants with either MAF greater in the 1000G refepameg compared to the
sample or vice-versa. Once again, for each set of chosen vamanterhparison, we selected a random

selection of control variants with similar MAF in the sample to the chosen set.
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Supplementary Figure 18a. Imputation accuracy across all MAFs following post imputation qualitytrol
based on a 0.4 threshold on ‘info’ scores for IMPUTE2 and a 0.3 threshold on ‘RSQ’ scores for MINIMAC3.
These are the often recommended thresholds for ‘info” and ‘RSQ’. The percentages of variants that remain in

each MAF bin after thresholding are displayed atop the figure (bIUMRWTEZ2 and green for MINIMACS3).
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True Base

>0-®

Error Baserates

G T

- 1/60
1/60 -
1/120 1/120
1/120 1/60

C A Total
1/120 1/120 1/30
1/120 1/60 1/24
- 1/120 1/40
1/120 - 1/30

Supplementary Table 1. Error rates between specific bases for the simulation of WGS data.

Phasing Softwar e + Options

M ean Switch Error Rate

ALPHAPHASE

BEAGLE

EAGLE1

EAGLE2

EAGLE2+1000G

SHAPEIT2
SHAPEIT2+duohmm
SHAPEIT2+duohmm+1000G
SHAPEIT3

SLRP

Pedigree
0.0235
0.00490
0.00267
0.00152
0.00293
0.000910
0.000845
0.000638
0.000957
0.00117

HapGen+Pedigree
0.0218
0.00165
0.00689
0.000321
0.00155
0.000283
0.000247
0.000191
0.000279
0.000950

1 Not all variants were phased.

Supplementary Table 2. Mean global SER across simulation replicates for all phasing strategies considered.
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Imputation Software +

Mean I mputation Accuracy

Refer ence Panel
Pedigree HapGen+Pedigree

| MAF (0,0.01] (0.01,0.05] | (0.050.10] | (0.10,0.20] | (0.20,0.50] (0,0.01] (0.01,0.05] | (0.05,0.10] | (0.10,0.20] | (0.20,0.50]
BEAGLE+1000G 0.423 0.605 0.744 0.792 0.832 0.296 0.518 0.658 0.710 0.757
IMPUTE2+1000G T 0.472 0.670 0.833 0.882 0.904 0.299 0.608 0.774 0.836 0.868
IMPUTE4+1000G T 0.524 0.714 0.845 0.890 0.912 0.351 0.633 0.786 0.845 0.877
MINIMAC3+1000G f 0.530 0.722 0.852 0.900 0.916 0.366 0.644 0.793 0.851 0.881
PBWT+1000G (20 replicates) T 0.426 0.640 0.791 0.851 0.883 0.290 0.555 0.724 0.798 0.840

| MAF (0,0.05] (0.05,0.10] | (0.10,0.20] | (0.20,0.50] (0,0.05] (0.05,0.10] | (0.10,0.20] | (0.20,0.50]
IMPUTE2+1000G i 0.749 0.863 0.883 0.907 0.670 0.811 0.834 0.871
IMPUTE2+SSP § 0.845 0.921 0.938 0.954 0.916 0.951 0.963 0.974
IMPUTE2+1000G+SSP i 0.872 0.933 0.946 0.960 0.914 0.950 0.961 0.973
MINIMAC3+1000G i 0.779 0.882 0.900 0.920 0.703 0.831 0.855 0.884
MINIMAC3+HRC } 0.844 0.918 0.930 0.942 0.752 0.860 0.879 0.903
MINIMAC3+SSP § 0.840 0.917 0.935 0.953 0.909 0.946 0.958 0.971
MINIMAC3-+HRC+SSP § 0.905 0.951 0.961 0.971 0.918 0.953 0.964 0.974

1 Corresponds to a comg@irison on 40,989 and 40,407 variants on the Pedigree and HapGenePBeifigulation strategies respectively.
1 Corresponds to a comparison on 35,058 and 34,605iaats present in the SSP on the Pedigree and HapGen+Pedigree simulation strategiggetgsp

Supplementary Table 3. Mean Imputation accuracy across simulation replicates split by MAF, these resudtpoad to Figures 3, 4, and 5 in the main text.
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MAF | (0,0.01] (0.01,0.05] (0.05,0.10] (0.10,0.20] (0.20,0.50]

Good | Bad | Good | Bad Good | Bad Good | Bad Good Bad
N 313 595 | 2232 | 670 3568 | 272 7621 | 210 21682 | 359
Variants remaining (%) after threshold was applied

info
0.3 96 37 100 80 100 97 100 99 100 100
0.4 94 30 100 69 100 90 100 96 100 99
0.5 91 23 100 54 100 73 100 79 100 82
0.6 89 17 99 37 100 48 100 47 100 43
0.7 80 11 98 20 98 23 99 20 100 13

0.8 68 6 93 8 92 9 95 7 97

0.9 46 2 77 2 74 2 80 3 85

RSQ

0.3 85 13 96 37 100 55 100 60 100 65
0.4 79 9 93 23 99 34 100 35 100 33
0.5 71 6 88 14 97 18 99 18 100 10
0.6 62 4 80 7 92 9 96 8 98 3
0.7 51 2 67 4 84 4 90 4 94 1
0.8 37 1 51 2 70 2 77 2 84 1
0.9 20 0 29 0 47 1 53 0 60 0

Supplementary Table4. Mean number of variants (N) in each MAF bin that were well imputed (Garod)
poorly imputed (Bad) adefined by whether Imputation accuracy exceeded 0.5 or fell below 0.@ctesgy.
The body of the table displays the mean percentage of variants remaining after ‘info” or ‘RSQ’ thresholds have
been applied. ‘Info’ and ‘RSQ’ scores pertain to IMPUTE2+1000G and MINIMAC3+1000G imputation

respectively.
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Phasing Real Time Computational Time
BEAGLE 0:05:53 0:36:58
SLRP 3:39:20 3:34:38
ALPHAPHASE 0:04:05 0:03:59
EAGLE1 0:04:33 0:16:47
EAGLE2 0:04:11 0:15:27
EAGLE2+1000G 0:15:46 0:44:32
SHAPEIT2 1:00:46 1:00:40
SHAPEIT2+duohmm 1:01:58 1:01:53
SHAPEIT2+duohmm+1000G 1:14:23 1:09:08
SHAPEIT3 0:46:46 0:46:45
I mputation

BEAGLE+1000G 0:17:54 3:35:49
IMPUTE2+1000G 2:03:24 1:57:39
IMPUTE4+1000G 0:13:55 0:12:56
IMPUTE2+SSP 0:02:49 0:02:42
IMPUTE2+1000G+SSP 5:00:29 4:53.01
MINIMAC3+1000G f 1:07:13 1:05:05
MINIMAC3+SSP 0:03:30 0:03:20
MINIMAC3+HRC 7:39:29 7:35:56

1 Part of the duration taken by MINIMAC3 was attributed to reformatting tfeeenece panel into a specialised
MINIMAC3 format.
Hours:Minutes: Seconds

Supplementary Table 5. Time requirements for phasing ARRAY data on the whole of chromosorfa 40d

imputing 20Mb of chromosome 10.
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Inconsistencies between published estimates of dominance heritability between studies of human
genetic isolates and human outbred populations incite investigation into whether such differences
result from particular trait architectures or specific population structures. We analyse simulated
datasets, characteristic of genetic isolates and of unrelated individuals, before analysing the isolate
of Cilento for various commonly studied traits. We show the strengths of using genetic relationship
matrices for variance decomposition over identity-by-descent based methods in a population isolate
and that heritability estimates in isolates will avoid the downward biases that may occur in studies
of samples of unrelated individuals; irrespective of the simulated distribution of causal variants. Yet,
we also show that precise estimates of dominance in isolates are demonstrably problematic in the
presence of shared environmental effects and such effects should be accounted for. Nevertheless, we
demonstrate how studying isolates can help determine the existence or non-existence of dominance for
complex traits, and we find strong indications of non-zero dominance for low-density lipoprotein level
in Cilento. Finally, we recommend future study designs to analyse trait variance decomposition from
ensemble data across multiple population isolates.

For a plethora of human traits, there is an observable resemblance between close relatives. This suggests the pres-
ence of genetic constituents in the architectures of such traits and leads to an obvious question: for a pair of indi-
viduals, can one describe a relationship between their degree of relatedness (genomic sharing) and the degree of
similarity of their trait values? Fisher unravelled this question by proposing a decomposition of the variance of a
trait, with components attributed to each individual’s genome and to the amassment of environmental exposures
in each individual’s history. This genetic component of the variability is known as the heritability of the trait which
Fisher connected to the correlation of trait values between relatives. Heritability has been estimated extensively
for a multitude of traits and through diverse models and study designs. Importantly, the recent availability of
dense genetic data in large cohorts has enabled the estimation of heritability from samples of unrelated individu-
als whereas previous estimations had been driven by studies of close relatives such as twins or nuclear families. A
review of heritability estimation in related individuals can be found in Tenesa & Haley' and a recent discussion of
heritability estimation in unrelated individuals can be found in Yang et al.2.

An important distinction is to be made between broad-sense heritability (H?) and the more commonly com-
municated narrow-sense heritability (4?). This stems from the innovative modelling of complex traits by Fisher
who demonstrated the interest of splitting the genetic variance of a trait into additive, dominant (interaction of
alleles within a genotype of a single locus), and epistatic (interaction between genotypes of multiple loci) compo-
nents’. For details on more elaborate models, we refer the reader to Abney ef al.* and Young & Durbin®. Briefly
put, h? describes the additive contributions of each allele received from one’s parents while H> encompasses the
effect of one’s whole genome and is the sum of 42 and the contributions of non-additive effects. For the purposes
of this study, we term this non-additive fraction of variance as ‘dominant’ as we do not here consider epistasis or
higher order variance terms; we will denote this component as k3 (equal to H2 — h2). In terms of phenotypic
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similarities between family members, the parent/ offsprmg correlation is equal to h2 while the sibling correlation
is equal to 4hé + 3 112, To give clarity, we define b} = h.

We will consider the estimation of heritability through maximum-likelihood estimation of variance parame-
ters of linear mixed models (LMMs). For a setting of N individuals and Y a vector of observed phenotypes, we will
consider the following model with fixed effects Xand a variance-covariance structure split into genetic additive,
genetic dominant, and environmental components:

Y ~ MVN(B{X, 7,K + 7D + ofly) (1)
We then are able to estimate the heritabilities as follows:

He_TatD BRo__ A 2 D

> n > p=——""7
T+ T+ of T+ T+ of T+ T+ of (2)

There are various possible choices of the N x N matrices K and D. Historically, K and D are defined in terms of
identity-by-descent (IBD) probabilities**’. K is equal to 2¢, where ¢, ; is the kinship coefficient of individuals i and j,
defined as the probability of two alleles, randomly sampled from each of individuals i and j, at the same locus will be
IBD. D ;is the probability that individuals i and j share exactly two pairs of alleles IBD at a given locus. Both ¢; ﬂand
D, ;are themselves expressions of Jacquard’s nine coefficients of identity: ¢, ; = A, + (A + A5 + A7) + A
and D, ;= A+ A% In studies of family data or isolated populations, these coefﬁc1ents have been cla551cally estimated
from pedlgree 1nf0rmat10n but with the advent of dense genomic information, they can now be estimated reliably
from genotype data by either estimating genome-wide IBD sharing probabilities or detecting and counting IBD seg-
ments®'%. Such methods have also been developed for studies of unrelated individuals'!, though the predominant
approach in such studies is to use moment estimators of K and D by taking correlations between each pair of individ-
uals’ (orthogonal) additive and dominant genetic components, respectively'>!. These latter estimators are known as
genetic relationship matrices (GRMs) and can be used in any study design.

This leads to two distinct interpretations of the matrices K and D which both come with potential drawbacks.
If IBD probabilities are used to estimate K and D, they represent the level of relatedness between pairs of individ-
uals based on the presence of recent common ancestors but if K and D are estimated as GRMs, then they repre-
sent simply the correlation between pairs of individuals’ genotypes. For the former interpretation, coefficients of
identity can only be approximated either by their expected values based on the pedigree structure linking indi-
viduals or by estimating the proportions of IBD-sharing between individuals based on their genotypes. However,
exhaustive pedigree information is never available and indeed the concept of IBD is similarly problematic due to
the ambiguity of how many generations to consider when looking back for evidence of shared genetic ancestors.
After many generations, mutations and recombinations cause the IBD segments to become increasingly short
and not completely identical and thus difficult to distinguish from background genetic variation'*-'¢. For the
latter interpretation involving GRMs, there is the immediate problem that such correlations are computed from
a large set of variants which are not specific to the trait being studied in the hope that these variants will be repre-
sentative of the unknown set of causal variants via linkage disequilibrium (LD) (correlations between variants)’.
Consequentially, if heritability is estimated with GRMs, it corresponds to only a proportion of the phenotypic
variation coming from the subset of causal variants that are in LD with the genotyped variants'®. This can lead to
downwardly biased estimate of heritability as causal variants may often be held at low frequencies by selection!*
and so will be in weak LD with common genotyped variants. Furthermore, if there exist relatively few causal var-
iants, the large numbers of non-causal variants used to estimate the genetic correlations might mask the desired
correlation of causal variants between individuals*'. Genomic-based IBD methods applied to unrelated individu-
als has been suggested as an approach to improve upon genetic correlation methods as detected stretches of IBD
can cover some un-typed genetic variation'!.

The main motivation for employing GRMs is that this allows for the estimation of heritability from unre-
lated individuals, thus leveraging data from large cohorts and avoiding shared environment biases'**2. However,
there has been a trend towards using genomic-based estimates even when pedigree data is available due to the
increased precision of relatedness estimation from genetic data, both in human studies'**-?” and in animal/plant
studies?-31.

For complex human traits, it has been suggested that one can assume that any contributions from non-additive
genetic components (h2) are relatively small compared to the additive genetic components®2 and thus often only
estimates of 12 are presented. In a recent study, Zhu et al."? illustrated this characterization of diminutive domi-
nant genetic variance for 79 traits in two large samples of unrelated individuals. This result was then re-enforced
in Nolte et al.**. Yet, many others have presented incongruent results on this subject. Chen et al.** compared the
same approach as Zhu et al.'? with a twin-based analysis and concluded that whilst the genetic variances of 19
traits were predominantly additive, dominant genetic components were nonetheless more prominently apparent
than when described elsewhere. Aside from these studies, dominance heritability estimation using GRMs has
rarely been carried out, and the authors who are more interested in dominance tend to rely on family data®*. Of
particular note is the observation that significant non-additive genetic components for many traits have been
found in some studies on population isolates: Abney et al.”’, Pilia et al.*, and Traglia et al.*® (Table 1).

An isolate is characterized as a population arising from a small group of founders and experiencing subse-
quent demographic growth in isolation. Such populations will include pairs of distantly related individuals who
nonetheless share long haplotypes IBD, and may even share both haplotypes IBD in some regions. The pres-
ence of both pairs of closely related individuals and pairs of cryptically related individuals suggests that isolates
could be ideally suited to heritability analyses. Furthermore, isolates are of interest for assessing the existence of
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Height — — 0.77 0.23 * 0.78 022% | — — 0.81 0.09 0.77 0.09%* 0.62 0.00 0.48 0.02 0.49 0.00
BMI 0.54 0.00 0.36 0.32% 0.33 0.17 0.16 0.09 0.41 0.37 0.28 0.41* 0.21 0.02 0.23 0.15% 0.25 0.02
TGLY 0.37 0.00 0.30 0.42 % 0.39 0.35 % — — 0.33 0.25 0.42 0.14 0.31 0.28% — — 0.19 0.01
HDL 0.63 0.00 0.47 0.11 0.62 0.00 0.42 0.14* 0.40 0.27 0.66 0.00 0.24 0.01 0.25 0.07 0.19 0.00
Total Chol — — 0.38 0.29 * 0.23 0.77 * — — 0.51 0.16 0.28 0.19% 0.15 0.00 0.21 0.01 0.23 0.00
LDL 0.36 0.60 * 0.37 0.27 * 0.33 0.66 * 0.20 0.26* 0.51 0.18 0.23 0.24* 0.16 0.00 0.26 0.02 0.27 0.00

Table 1. Published results for additive and dominant genetic variability from various study designs. *Estimates
of hj, presented as statistically significant at the 5% level. ‘— Trait not studied for dominance in the article. (1)
Estimates based on estimating K and D from expected proportions of identity-by-descent (IBD) sharing coming
from pedigree information. (2) The depth of pedigree information in these studies did not allow the
differentiation between a dominance model (including non-additive genetic variation) and a household model
(including an effect of shared environment between siblings). (3) The authors of this study analysed a large
sample from the Icelandic population for whom extensive pedigree data was available, Matrices K and D were
estimated by locating and counting stretches of IBD between pairs of individuals. (4) This study analyses a large
cohort of monozygotic and dizygotic adult twins. Standard errors are only presented for broad-sense
heritability, though it is likely that the estimates for h for all traits other than height were significantly different
to zero. (5) The authors of this study performed separate analysis, firstly a twin based study using structural
equation methods with adjustments for reported levels of time spent in a shared environment between twins,
and secondly a study of a large sample of unrelated which included one individual out of most twin pairs in the
first analysis. (6) Estimates based on calculating correlations between additively and non-additively coded
genotypes to compute matrices K and D. Abbreviations: BMI: Body-mass index; TGLY: Triglycerides; HDL:
High-density lipoproteins; Total Chol: Total cholesterol; LDL: Low-density lipoproteins; N: Sample size.

genetic components as one can assume that less heterogeneity in environmental exposures will be present in the
population.

Studying dominance in samples of human twins or siblings can be problematic due to confounding between
the sharing of genotypes and shared environmental factors'**. In a large population isolate, such confounding had
been deemed as unlikely to arise due to the extensive range of possible degrees of relatedness between individu-
als*”*°. However, the presence of numerous sibling pairs in the sample could easily lead to confounding with the
proportions of sharing two alleles IBD (IBD =2) and indeed such confounding between estimates for dominance
and shared environmental factors between relatives has recently been observed by Zaitlen ef al.*! who performed
a study on extended genealogies from the Icelandic populations, itself a moderate isolate.

Genetic dominance has often been considered in the study of various animal species (mammals, poultry, and
fish are most commonly studied). Here, by design, confounding with shared environmental factors can often be
avoided and extensive and highly accurate pedigree data can be recorded. For many traits, dominance heritabil-
ity is often found to be significantly different from zero and the inclusion of dominance has been shown to give
improved performance of prediction models in animal studies**~*. Negative results regarding the improvement of
prediction given by including genetic dominance have also been presented (eg. Heidaraitabar et al.*®) and indeed
debate continues in regards to the practical value of non-additive variation; for recent reviews we refer the reader
to Varona et al.** and Wolak & Keller™. The increased interest in non-additive variation in this domain suggests
that there may be value in not discounting such variation in human studies.

We propose to compare heritability estimations in a range of simulated study designs in order to contrast
studies in population isolates and in samples of unrelated individuals. In this way we hope to determine whether
the differences between studies in isolates and in unrelated samples stem from particular trait architectures, spe-
cific population characteristics, or non-equivalence between interpretations of heritability in differing study set-
tings. We will also assess different methods for estimating the matrices K and D in an isolate as well as the effect
of shared environmental factors between siblings on the estimation of i, in an isolate. We then proceed to analyse
anew the six complex traits displayed in Table 1 in the genetic isolate of Cliento in Southern Italy where we will
validate conclusions from our simulation study and search for evidence of significant non-additive genetic
components.

Results

Effect of population structure. We assessed the ability of an LMM to detect the additive and dominant
genetic variance components in four simulated populations, including firstly one population labelled
“Isolated(1444)” which mimics the population structure of the genetic isolate of Cilento from Southern Italy (this
cohort is described fully in the Methods section), along with three simulated outbred populations,
“Oubred(1444)”, “Outbred(4332)”, and “Outbred(8644)” where the numbers in parentheses indicate the sample
sizes. All populations are formed from mosaic haplotypes arising from the UK10K imputation panel®'. We
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Figure 1. Estimating heritability components in simulated populations with different structures. (a) Maximum
Likelihood Estimates (MLEs) of h; (gold)and h}, (blue) are presented for each simulated phenotype by vertical
descending gold and ascendlng blue bars respectlvely The middle grey bars represent the remaining
environmental variation (1 — k2 — h3). Each phenotype was simulated using different numbers of causal
variants (M) for each variance component which corresponds to the x-axis. Causal variants are mostly rare, as
they are selected completely at random (Causal Variant Scenario A). All MLEs are displayed for the 4
populations either Isolated(N) or Outbred(N), where the value of N denotes the sample size. Horizontal gold
and blue lines indicating the values used for simulation (b} = 0.4, hj, = 0.4). Matrices K and D were calculated
using roughly 5.8 million frequent UK10K positions. A missing bar for i} or hj indicates the maximum
likelihood estimate of the parameter was zero. (b) An example of one set of MLEs from section A is given for the
population Isolated(1444) and a value of M of 10°. (c) Gold and blue diamonds represent the empirical standard
errors of the MLEs for a selection of values of M. Simulation repeated 500 times.

simulated phenotypes with the following characteristics: h; = hjy = 0.4, M causal additive variants, and M causal
dominant variants. Causal variants are selected at random and effect sizes are drawn from normal distributions.
Full details of the simulation of genotypes, phenotypes, and population structure are given in the Methods sec-
tion. We chose 200 values of M between 1 and 1,000,000, and for some values of M we repeated the simulation 500
times in order to empirically estimate the standard errors of the estimates of i and 5. We have considered either
selecting causal variants completely at random (Causal Variant Scenario A) or from only the set of variants with
MAF >0.01 (Causal Variant Scenario B). Results for Scenarios A and B are presented in Figs 1 and 2, respectively.
Here, we have calculated K and D for each population as GRMs from a dense set roughly 5.8 million of frequent
UK10K variants (MAF > 0.05). We also performed the simulation with K and D calculated on roughly 170,000
single nucleotide polymorphisms (SNPs) which are those also available in the real data of Cilento (Supplementary
Figs 1 and 2).

Fitting the LMM for Isolated(1444) resulted in accurate estimates of hj, estimations of hlz) were also unbiased
but were clearly more problematic as seen by the low precision of the estimates. The results from Isolated(1444)
were neither affected by the MAF range of the causal variants or the density of the genetic data used to estimate K
and D. However the, precision of the estimates was low. The estimates in all of the simulated outbred populations
were evidently downwardly biased when causal variants were selected completely at random and therefore
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Figure 2. Heritability estimates when causal variants are non-rare. Here, phenotypes are simulated by choosing
causal variants that are all non-rare, as they are selected to have MAF > 0.01 (Causal Variant Scenario B). Legends
and the configuration of this plot are identical to those of Fig. 1A. Here, and for subsequent figures, we overlay the
empirical standard error estimates, whose values correspond to the second y-axis on the right of the figure.

included many rare variants as in the UK10K panel (from which all simulated data is based on), over 50% of the
variants have a MAF below 0.01. As the size of the outbred population increases, the precision of the estimates
increases but downward biases remain, even when all causal variants are non-rare. The number of causal variants
for each variance component (M) did not affect the results other than we observed that a small number of causal
variants led to lower precision in the results obtained when simulations were repeated. This is shown by the dia-
monds representing empirical standard errors measured for certain values of M shown in Figs 1 and 2 and in
Supplementary Figs 1 and 2.

We observed increased precision in the estimation of heritability components as we increased the size of the
simulated outbred population (Figs 1 and 2). To explore the effect of sample size when studying isolates, we sim-
ulated populations with isolate characteristics of sizes 4,332 and 8,664 labelled as Isolated(4332) and
Isolated(8664), respectively. A description of the simulation is given in the Methods section. For these popula-
tions, we simulated phenotypes under Causal Variant Scenarios A (displayed in Fig. 3) and B (displayed in
Supplementary Fig. 3). The precisions of the estimates of i} and k3, from these larger samples was increased com-
pared to the population Isolated(1444) and estimates remained unbiased for both heritability components.
Indeed, the population Isolated(8664) gave the most accurate heritability estimates of all populations thus far
considered.

Subsequent analyses will focus on the population Isolated(1444). This will be of particular interest as for this
population results are directly comparable with analyses of the real data of Cilento.

Effect of the choice of relatedness matrices. To compare methods for calculating K and D in a popula-
tion isolate, we performed similar simulations of phenotypes and tested the estimation of i} and h, from our
LMM from each of the following strategies: K and D calculated from the pedigree of Cilento, K and D calculated
from exact IBD-sharing recorded during the data simulation (true IBD), K and D calculated as GRMs, and finally
K and D calculated using either the IBDLD? or GIBDLD® software (see Methods section). Comparisons of
off-diagonal elements of these matrices are given in Supplementary Fig. 4a—d. There was clear additional variation
in the true proportions of IBD-sharing as compared to the expected values calculated by the pedigree
(Supplementary Fig. 4a) and this was captured by the GRMs (Supplementary Fig. 4b). The matrix K as estimated
by a GRM was very similar to the true IBD-sharing probabilities but there were some differences for the matrix D
(Supplementary Figure 4c). The software IBDLD and GIBDLD were able to accurately estimate the true
IBD-sharing in the simulated isolate (Supplementary Fig. 4d).
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Figure 3. Effect of sample size on heritability estimates in an isolate. Estimates of i3 and hp are compared for
populations with isolate characteristics of size 1,444, 4,332, and 8,664. Phenotypes are s1mulated under Causal
Variant Scenario A and under the setting i} = 0.4, hlz) = 0.4. Legends and the configuration of this plot are
identical to those of Fig. 2.

The maximum likelihood estimates (MLEs) of i3 and ki, from each simulated phenotype can be positioned on
a simplex to represent the range of possible values of the two parameters 2 and i}, We present results from 500
simulated phenotypes with M = 100,000 where we display minimal ellipses that contain 95% of all MLEs obtained
from each strategy (Fig. 4).

First we compare GRM estimators using roughly 5.8 million frequent (MAF > 0.05) UK10K positions with
estimates of K and D using either pedigree information or true IBD-sharing information (Fig. 4). The
method-of-moment GRM estimates appear most accurate, while true IBD-sharing based matrices performed very
similarly to expected IBD-sharing matrices derived from the pedigree. This trend in results occurred irrespective
of the MAFs of causal variants or the number of causal variants (Fig. 4 and Supplementary Fig. 5). The advantage
observed for the GRM method is mostly evident in the estimate of i, as the ellipses were similarly sized in their
minor axes (which describes variation in #}) but more differentiable when examining their major axes (which
describes variation in hé). Indeed, it was on the dominance matrix D that we observed noticeable differences
between off-diagonal elements when comparing GRMs to IBD-based methods (Supplementary Fig. 4c,d).
Genomic IBD-based estimates from IBDLD or GIBDLD were also used to calculate K and D. These Hidden
Markov Model (HMM) based methods are not suitable for millions of variants and so were applied to the set of
roughly 170,000 SNPs present in all three Cilento villages. These methods were compared to the use of GRMs based
on the same set of variants and to using pedigree information or true IBD-sharing information (Supplementary
Fig. 6a,b). Such HMM methods could have improved upon the strategy using true IBD proportions as such meth-
ods could potentially uncover additional hidden IBD in our simulated population arising from IBD-sharing within
the UK10K. We found that IBDLD and GIBDLD led to similar estimates of #; and k) to using either pedigree
information or true IBD-sharing; and again no method was observed to outperform the use of GRMs.

Effect of the presence of a shared environment. To investigate how shared environmental factors can
affect the estimation of hj, in a populations isolate, we simulated additional phenotypes for the population
Isolated(1444) under causal variant Scenario A, with M = 100,000, and with i} = 0.4, h = 0.4 — hg, for the
following values of g 0.00, 0.02, 0.05, 0.10, 0.20, and 0.40. For each of these phenotypes, we added positive covar-
iance between the environmental components of siblings. This covariance between siblings creates a confounding
between non-additive genetic effects and shared environment effects. Full details of this phenotype simulation
and the confounding created are found in the Methods section. We present the estimations of i} and k7, from
analyses with (model KDS) or without (model KD) the inclusion of a variance component (S) indicating pairs of
siblings in the sample for h§ = 0.20 (Fig. 5). Throughout, model names indicate the set of variance-covariance
matrices included in the LMM. Results for further values of h; are displayed in Supplementary Fig. 7a-f. Here, we
used either GRMs or pedigree based estimates for K and D as these were predominantly the methods used in
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Causal Variant Scenario A Causal Variant Scenario B

Figure 4. Effect of relatedness matrix estimation method in an isolate. Here, we compare methods of estimating
matrices K and D for the simulated population isolate ‘Isolated(1444)’ K and D are estimated using either
genetic relationship matrices (GRM), Pedigree information, or true IBD-sharing (IBD). Results are displayed on
a simplex governed by the two parameters i and 43, which both could range between 0 and 1. The heritability
scenario used to simulate all phenotypes (b} = h}, = 0.4) is marked by the triangular point in the centre of each
simplex. Minimal ellipses containing 95% of the maximum likelihood estimates (MLEs) from 500 simulated
phenotypes under either Causal Variant Scenario A or B (see Figs 1 and 2) are presented. Here, phenotypes are
simulated from a large set of causal variants (M =100,000).

Model KD Model KD
----------------- Model KDS sseeeecccccccccc--  Model KDS
A\ Simulated Variance Components A Simulated Variance Components
2,2 2,2
h3. h3=0 h3.h3=0

2 2 2 2
ha=1 hg=1 hi=1 hg=1
GRM Pedigree

Figure 5. Effect of shared environmental factors on heritability component estimates in an isolate. Comparison
of estimates of i} and /i, under models with and without a shared environment component (model KDS and
model KD, respectively). As in Fig. 4, minimal ellipses containing 95% of the maximum likelihood estimates
(MLEs) from 500 simulated phenotypes but now under the setting iy = 0.4, hj, = 0.2, h¢ = 0.2. Matrices K
and D are calculated either using genotype relationship matrices (GRMs) or pedigree information. In the case of
model KD when using pedigree information (right), all MLEs were found to be directly on the bottom edge of
the simplex, and so the minimal ellipsoid degenerated into a line segment. Here, phenotypes are simulated from
a large set of causal variants (M =100,000).

aforementioned studies that calculated dominant genetic components for widely studies traits (Table 1). Our
simulations indicate that once a significant correlation between siblings is introduced, our unadjusted estimates
for the broad-sense heritability became close to or equal to 1 (MLEs falling on the bottom axis of the simplex for
model KD). Again, in these analyses using GRMs appears to outperform the use of pedigree based estimates.
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GRM GRM GRM Pedigree | Pedigree Pedigree Pedigree Model:

Model: K | Model: KD | Model: KS | GRM Model: KDS | Model: K | Model: KD | Model: KS | KDS
Phenotype | h} n; |mp B} | B} |hi |k |k} h; |mp B} | |B} |hi |h§
Height 0.76 0.74 |0.13 |[0.74 |0.04 |0.74 |0.12 |0.01 |0.75 0.74 |0.15 [0.74 |0.04 | 0.74 |0.15 | 0.00
BMI 0.40 0.35 |0.58 [0.31 |0.23 |0.31 |0.00 |0.23 |0.44 0.35 | 0.65 035 |0.21 {035 [0.00 |0.21
TGLY 0.27 0.24 |0.26 |0.21 |0.11 |0.21 |0.00 |0.11 |0.28 0.23 | 045 |0.23 |0.11 {0.23 041 |0.01
HDL 0.49 0.49 |0.00 044 |0.02 |0.44 |0.00 |0.02 |0.48 0.49 |0.00 048 |0.01 {048 |0.00 |0.01
Total Chol 0.29 0.23 |0.55 [0.23 |0.18 |0.22 |0.27 |0.12 |0.29 0.21 |0.72 [0.22 |0.18 |0.21 |0.47 |0.06
LDL 0.32 0.25 |0.52 |0.24 |0.17 |0.23 |0.29 |0.10 |0.33 024 | 0.66 | 024 |0.16 |0.24 |045 |0.06

Table 2. Maximum likelihood estimates for the contribution of each variance components considered in

a Linear Mixed Model (LMM). Model names refer to the set of variance components included. K denotes

the additive genetic component, D the non-additive or dominant genetic component, and S the component
accounting for shared environmental effects between siblings. The previously reported results from Table 1 can
be compared to our results under the model KD. Matrices K and D are calculated either as genetic relationship
matrices (GRMs) or from pedigree information.

Adjusting for such correlation between siblings in the LMM did substantially correct for this bias but it is clear
that in a population such as Cilento, there is little hope in effectively discriminating between dominant genetic
variability and shared environmental factors between siblings if both occur simultaneously.

An obvious approach to avoid such ambiguity would be to remove one individual from every pair of siblings
but in Cilento this would greatly reduce the sample size. Therefore, we removed one individual from each pair of
siblings from the population Isolated(8664), creating a sibling free population which we label as “Isolated(5136)_
nosibs”. Full details of the simulation of this population are found in the Methods section. From this population,
we observed improved estimates of both /; and hj, as compared to the Outbred(8664) under Causal Variant
Scenario A; with the two populations performing similarly under Causal Variant Scenario B (Supplementary
Fig. 8a,b). When compared to the results from Isolated(1444), the absence of pairs of individuals with high
IBD = 2 probabilities led to a slight underestimation of k3, but the increased sample size led to lower standard
errors across replications of phenotype simulation. If no dominant genetic component was simulated, the
Isolated(1444) population was most likely to give large (more erroneous) estimates for hj compared to
Isolated(5136)_nosibs and Outbred(8664) (Supplementary Fig. 8¢,d).

Analysis of the Cilento Isolates.  We first calculated the matrices K and D using different approaches and
then compared the resulting values. We calculated K and D using either the pedigree information, or as GRMs using
genotype data before or after imputation. Results were in accordance with those from the simulated population
isolate Isolated(1444) (Supplementary Fig. 9). However, we observed greater differences between the oft-diagonal
elements calculated with the pedigree and those in the GRMs when analysing the real Cilento data as compared to
Isolated(1444). This is likely to stem from the explicit use of the pedigree information within the simulation. The
inclusion of imputed variants led to similar estimates for the matrices K and D (Supplementary Fig. 10).

Following quality control and imputation (full details are given in the Supplementary Materials); we fitted
LMMs to the data in Cilento having estimated matrices K and D as GRMs (using all variants with MAF > 0.05 and
imputation quality score > 0.7). Several traits displayed significant dominant genetic components and our results
(Table 2) are not distant to those found in the literature of previous studies in population isolates (Table 1). LMMs
were fitted with different combinations of the matrices K, D, and S (the sibling indicator matrix). Full details are
given in the Methods section; as above in the simulation study, the model names indicate the variance compo-
nents included in the LMM. The orthogonality between the additive and non-additive genetic components is
apparent as estimates for /} are similar across models with or without the inclusion of the non-additive genetic
variance component. For each phenotype considered, we estimated the entire likelihood surface as well as the
MLE:s for the parameters ki and k7, under the model KD. Likelihood surfaces governed by i} and hj, for BMI and
LDL are displayed in Fig. 6 and corresponding results for other traits are found in Supplementary Fig. 11a-d. We
observed similar profiles in the likelihood contours as were observed in the distributions of MLEs from repeated
phenotype simulation in the simulation study. We are able to have a reasonable level of confidence in the estimates
of the additive genetic component, but the dominant genetic component is problematic as our confidence regions
are very wide. The MLEs found when using pedigree information to estimate matrices K and D had equivalent
estimates for the additive genetic components to the MLEs found when using GRMs, however the dominant
genetic components were always estimated as equal or greater when using pedigree information.

The traits of BMI, LDL, and Total Chol were all estimated as having dominant genetic components higher than
their respective additive genetic components in the KD model. By examining the 95% confidence regions, there
is some indication that the dominant genetic components are unlikely to be equal to zero. This is due to the obser-
vation that the red zones either do not intersect or only briefly intersect the upper left boundary (k3 = 0) of their
respective simplexes (Fig. 6 and Supplementary Fig. 11d).

Adding the shared environmental component between siblings drastically changed the estimates of hp, for
many traits as seen by comparing models KD and KDS in Table 2; for our two example traits (BMI and LDL) we
present again the likelihood profiles from the original analysis and then new MLE and 95% confidence interval
for h; and hj, from the KDS model as well as the previous estimates for i; and hj, found in the literature (Fig. 7).
Equivalent plots for our other studied traits are given in Supplementary Fig. 12a-d.
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Figure 6. Heritability analysis for BMI and LDL in Cilento. Black contours represent the likelihood profile from
the model KD (see Fig. 5), with matrices K and D calculated as genetic relationship matrices (GRMs). The red
zone represents the 95% confidence interval for the red maximum likelihood estimate (MLE) (red triangular
peak). The corresponding MLE and 95% confidence boundary for the analysis using pedigree information to
estimate K and D are added to the plot in blue.

2 2 2 2
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GRM - Model KD < Outbred GRM - Model KD < Outbred
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Figure 7. Effect of shared environmental factors on heritability analysis for BMI and LDL in Cilento. Here we
compare models KD and KDS (see Fig. 5) for the two traits in Cilento. Black contours represent the likelihood
profile for the model KD, with the red zone indicating the 95% confidence interval for the red maximum
likelihood estimate (MLE) (red triangular peak). The corresponding MLE for the KDS model is added in green.

We also add in the previously observed estimates from the literature (Table 1).

For BMI, the unadjusted heritability estimate was distant from previously reported results, but once we allow
for a shared environmental component between siblings, we find similar estimates for i}, to previous studies. For
LDL, the unadjusted heritability estimates lay close to previous results from isolated populations, with the adjusted
results moving towards previous results in studies of outbred populations but remaining quite large at 0.29.

Discussion
Across all analyses, whether on simulated or real Cilento data, we observed that estimates of 7, had less precision
than estimates of ;.

Isolated populations exhibit favourable characteristics for uncovering the contribution of i}, due to the
increased proportions of IBD = 2 between individuals. Our simulation elaborates on this by showing that in the
absence of shared environmental effects, estimating h, (and indeed /;) from an LMM in a population isolate will
yield unbiased results for polygenic phenotypes with wide a range of characteristics. However, we saw that shared
environmental factors pose a non-trivial obstacle to analysing dominant genetic variance of a trait in an isolated
population. In the presence of even small shared environmental effects between siblings in the simulated isolate,
we observed that estimates of hj, are heavily biased. Improved estimates may be attainable by including a sibship
matrix in the variance decomposition analysis but accurately partitioning between dominance effects and shared
environmental effects through linear mixed modelling in a population such as Cilento may not be possible.
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We compared different methods to estimate the covariance matrices K and D. In the simulated isolate, the
precision of the estimates of h7, was either larger or equivalent when using GRMs as compared to IBD-based
methods. This had previously also been noted by Browning & Browning® when estimating 4}. Furthermore, it
would appear that only a relatively small number of SNPs are required to compute such GRMs in an isolate as
using far denser sets of variants (either in our simulation or through imputation in the Cilento dataset) did not
noticeably affect the fitting of the LMM. The advantage observed for GRMs could be because they can capture
similarities between all types of pairs of individuals in the isolate; including similarities not described by the
recorded pedigree structure or originating before the founding event of the population. Therefore this approach
combines the classical interpretation of heritability regarding closely related individuals with the more recent
approaches involving samples of unrelated individuals.

Foreseeably, the simulated outbred populations led to underestimation of both k; and k7, in most of the set-
tings of phenotype simulation. This may go some way to explain the differences between estimates of k7, that we
observed in the literature for many complex traits. Our results suggest that observing very different estimations
for non-additive genetic components between isolates and outbred populations could indicate the presence of
many causal variants that occur at low frequencies across populations and that have non-zero dominant genetic
effects. However, such an observation could also indicate the presence of bias due to the shared environmental
factors in the studies of isolates. We note that estimation from outbred populations can also suffer from biases
arising from shared environmental factors due to hidden structures existing within the population; a scenario that
we have not considered in our simulation study. Population stratification within a cohort is a known example of a
structure that can lead to bias in heritability studies of unrelated individuals®*°.

The heritability analyses that we have carried out in Cilento did indeed suggest the presence of non-additive
genetic variance for some of the traits considered. However, the phenotypes studied in Cilento behaved in similar
ways to the simulated phenotypes with added non-genetic correlation between siblings. The simulation study
suggested that even a very small shared environmental effect between siblings could result in the disparate herit-
ability estimates we observed in Cilento between fitting LMM:s with and without a variance component for covar-
iance between siblings. When the simulated shared environmental component was large, broad-sense heritability
estimates approached 1; this is a result we observed in both previous studies of isolates for many traits*** (see
Table 1) and in Cilento for the trait BMI. Combining this observation with the wide observed ranges of estimates
for h} in the literature strongly suggests that previous results in isolates have thus far been inflated by shared envi-
ronmental effects and that i}, statistics have been overestimated. For a trait such as LDL, we still observed high
estimates for hf) even when accounting for a shared environment effect in the model, a result which our simula-
tion suggests would be unlikely if indeed 1, = 0 for this trait.

It has been argued that the classical separation of the two additive and non-additive genetic components may
lead to higher estimates for the additive genetic variance over the non-additive genetic variance®®. However, pro-
posed alternative definitions are far less interpretable and lead to variance decompositions with less applicable
value. Higher order non-additive genetic variance components could be contributing to our estimates of domi-
nance in Cilento®. Indeed, we recognise that ignoring the presence of epistatic effects has been shown to lead to
overestimations of H* by Zuk et al.”” who also proposed a non-parametric method for estimating heritability in a
population isolate. Such approaches require large samples of pairs of individuals with identical expected related-
ness coefficients. Similar approaches include those based on Haseman-Elston regression®® and studies focusing
on populations of siblings or nuclear families. However, for the data of Cilento such methods proved not to be
applicable due to the variety of relationships between pairs, such that looking at each pair type separately resulted
in sample sizes too small to provide realistic estimations. There exist a wide range of sophisticated approaches for
calculating narrow-sense heritability in sample of unrelated individuals*-'. Zaitlen et al.*! proposed to dissect
narrow-sense heritability in samples containing close relatives by splitting variance between GRMs and thresh-
olded GRMs, and isolated populations could prove a valuable resource for future studies using such approaches.
However, as we include non-additive genetic components and wish to compare our results to studies using pedi-
gree based methods, we have not explored such concepts here.

In this study, we have demonstrated various phenomena which can either result in under-estimation of 1, in
studies of outbred populations or over-estimation in studies including closely related individuals. At this juncture,
the existence of significant non-zero dominant genetic variation for many traits remains uncertain, but this could
be elucidated through the continued gathering of estimates from diverse populations. Whilst different popula-
tions harbour differing levels of environmental variation, and hence one cannot expect agreement on heritability
estimations, studies of isolated populations could lead to more reliable conclusions as to the existence or
non-existence of genetic dominance for complex traits. If significant estimates for k7 are found when accounting
for a shared environment effect between siblings, this is indicative of a true non-zero dominance component.

One possible future direction would be to increase the sample size in a study of an isolate. However, as this will
not usually be feasible for a single isolate, one strategy that could be particularly interesting would be to combine
data from several isolates with similar ancestral origins. Such an approach could give high precisions of the esti-
mates of both i} and 3, due to the large sample size. Importantly, this strategy could also provide a large enough
sample to complete analyses without sibling pairs, and to facilitate appropriate sensitivity analyses regarding the
presence of siblings.

Methods

The Cilento Isolate. The Cilento isolate comprise three villages from the South of Italy; Campora, Cardile,
and Gioi. Pedigree, phenotypic, and genetic data have previously been gathered as part of the Cilento Study. A
pedigree structures which connects all three village has been reconstructed from parish records. The three vil-
lages have been shown to represent characteristics of population isolates intermediate between the large isolate
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population of Iceland®® and the highly isolated Hutterite population®®%. Aggregating over the three villages, we
have a pedigree of 7,585 members including 1,444 genotyped members. The high quality of the reconstructed
genealogy in Cilento makes it an appropriate tool for simulating a realistic example of data from an isolated
population. Individuals from Campora and Cardile have been genotyped on an Illumina 370 K array, whilst indi-
viduals from Gioi have been genotyped on an Illumina HumanOmniExpress array. Deep phenotyping has been
performed in Cilento for a range of anthropometric, cardiometabolic, and haematological traits. For the purposes
of this study, we have concentrated on phenotypes that have been often analyzed in the literature of both other
population isolates and in samples of unrelated individuals (Supplementary Table 1).

Simulation of genotypes and phenotypes. To create simulated datasets, we created mosaic haplo-
types using the same stochastic recombination model as in the generation of control individuals by the software
HapGen2%. We took the UK10K imputation panel as reference haplotypes having first removed one individual
from every pair of twins present in the panel. To simulate unrelated individuals we sampled 22 pairs of mosaic
chromosomes, where each section of their mosaics is copied from a randomly sampled haplotype from the pool
of UK10K haplotypes. In this manner, we created a sample of 8,664 (6 x 1,444) unrelated individuals. To create
isolate type data, for each chromosome, we randomly selected 200 UK10K haplotypes, from which 2,940 mosaic
haplotypes were simulated in order to simulate the 1,470 founders of the combined pedigree of Cilento. This set
of founder haplotypes were supplied to the software Genedrop (part of the MORGAN®® package) along with the
pedigree of Cilento in order to simulate phased genetic data for the 1,444 genotyped members of Cilento. Our
gene-dropping approach was identical to the methods used in Herzig ef al.” We have made comparisons on
four potential populations: the 1,444 individuals from Genedrop with isolate type data, labelled “Isolated(1444)”,
and three possible sets of the 8,664 simulated unrelated individuals: “Outbred(1444)”, “Outbred(4332)”,
“Outbred(8664)”, that represent outbred populations of the same size as Cilento, three times the size, and six
times the size, respectively. We chose this range of samples sizes based on an analysis of the variance of eigenval-
ues®® of GRMs estimated on the populations Isolated(1444) and Outbred(1444) (Supplementary Materials and
Supplementary Table 2). The choice of 200 haplotypes for the generation of founder haplotypes for Cilento stems
from the previous work which estimated that 96.7% of the genetic diversity in Campora is accounted for by 17
female and 20 male lineages®®. This would suggest that 74 (37 x 2) autosomal haplotypes would be appropriate
for the generation of simulated data for Campora and we decided to scale this up to 200 for the generation of
simulated data for the three villages. We checked that this created simulated data with a similar structure as the
observed data in Cilento (Supplementary Table 2 and Supplementary Fig. 13).

Our method for simulating isolate-type data requires a pedigree for gene-dropping. To create larger data-
sets with isolate characteristics, we used the Cilento pedigree multiple times. In detail, we simulated six popu-
lations of size 1,444, each using the Cilento pedigree but with different random draws of founding haplotypes.
We then combined the first three and all six of these populations to create the populations Isolated(4332) and
Isolated(8664), respectively. In addition, we randomly discarded one individual from each sibling pair of the pop-
ulation Isolate(8664) to create a population with no sibling pairs of size 5,136, labelled as “Isolated(5136)_nosibs”

Phenotypes were simulated repeatedly for each population as the sum of normally distributed errors
(Equation 3).

Y=3G + ByGp + ¢ (3)

G, and Gp are the additive genetic components of the genotypes of the randomly selected M causal additive
variants and the non-additive genetic components of the randomly selected M causal dominant variants, respec-
tively. Effect sizes 3, and (3, were drawn from normal distributions. Variants may exhibit both additive and dom-
inant effects and a maximum of 2M variants could have non-zero effect sizes. We varied the heritability by scaling
the effect-sizes accordingly in the knowledge that 7, = "7 and 7, = Y373, We have simulated a range of possible
phenotype characteristics by varying the number of causal variants and the MAFs of causal variants.

To estimate the variance parameters, and hence heritability, we fitted the model of Equation 1 in the R-package
‘Gaston’® and estimated parameters 74, 7, and o using Average Information Restricted Maximum Likelihood
Estimation (AIREML)”. Matrices K and D were estimated using the method-of-moment techniques described in
Zhu et al.'?, and we either used all variants present on the UK10K, or the variants present in the real data from all
three Cilento villages. The exact set of variants used for these calculations were those with MAF > 0.05 and those
passing a quality control threshold on the Hardy-Weinberg p-values (>1077).

In the case of Isolated(1444), we also estimated K and D from the pedigree structure of Cilento using software
IdCoefs* that calculates A, ..., A, through the recursive algorithm described by Karigl”'. Furthermore, we were
able to record the origin of every mosaic segment simulated during the HapGen based and gene-dropping stages.
This allowed us to calculate true proportions of IBD-sharing between every pair of individuals in the Isolated(1444)
population. We also tested the software IBDLD? and GIBDLD*? which directly estimate A, ..., Ay. For IBDLD,
we used the LD-RR mode, default parameters, and we supplied the software with the expected valuesof A, ..., A,
between all pairs from the pedigree (calculated by IdCoefs). Conversely, GIBDLD used only the genotypes; we also
ran this software with default parameters. For both IBDLD and GIBDLD, we used only the SNPs present in both
genotyping arrays in Cilento as the software were not designed for sequence data.

Here we introduce the sibship matrix, denoted as S, which has values of 1 on the diagonal and at every
off-diagonal element corresponding to pairs of siblings in the sample; all other entries are zero. To simulate phe-
notypes for the population Isolated(1444) with additional correlation between pairs of siblings, approximating an
effect of shared environmental exposure, we simulated phenotypes under the same model as Equation 3 except
that the environmental components were no longer drawn independently from normal distributions, but from a
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multi-variate normal distribution with zero mean and a covariance structure of (O'bg + O’SZ)IN + O'SZS; a matrix with
oz + o¢ on the diagonal and o' on every off-diagonal entry corresponding to a pair of siblings in the sample. We
chose values of U’SZ in order to create phenotypes with hSZ: 0.00, 0.02, 0.05, 0.10, 0.20, and 0.40 where
hy = ogl(1y + 7 + 05 + 7).

Analysis of Cilento Data. After quality control on both phenotypes and genetic data (details in the
Supplementary Materials), we used the same approach as with the simulated data to estimate the heritabilities
of the seven traits considered in this study. The only difference being that for the analyses of Cilento data, we
added the following covariates to the LMM: age, sex, age x sex, and indicators of village membership (Campora,
Cardile, or Gioi). For one trait (Triglycerides) we transformed the phenotype to a logarithmic scale, whereas
other traits were left untransformed after excluding very small numbers of outliers. LDL and Total Chol were
both pre-adjusted for use of lipid-lowering medication. Matrices K and D were again estimated on the basis of
pedigree or genetic information. To calculate GRMs from genetic data, we were restricted to using the set of var-
iants on the intersections of the two arrays used for genotyping of Cilento data. As this set was relatively sparse,
we also performed genetic imputation with the following pipeline: phasing by SHAPEIT272 with the “duohmm”
option” and informed by the Haplotype Reference Consortium’* (HRC) reference panel followed by imputation
by IMPUTE4” with the HRC as the reference panel. K and D were then computed on hard called imputed geno-
types’®”” after removing variants with imputation quality scores below 0.7.

In a recent study of the Icelandic population, Young et al.”® presented an IBD-based method for nuclear fami-
lies in the Icelandic population aimed at eliminating environmental bias by looking at deviations in observed
kinship from expected values. In Cilento data, the sample size precluded this approach as there are insufficient
numbers of pairs of individuals with the required expected level of IBD-sharing and with both sets of parent’s
genotypes. However, we are able to add a shared environment effect by adding into our model a variance compo-
nent indicating pairs of individuals who share the same mother. A similar approach was shown to lead to unbi-
ased results in many simulation settings in Young et al.”® As pairs of siblings have by far the highest probability of
sharing two alleles IBD as each locus (one chance in four), correlations caused by shared environmental expo-
sures between siblings are very likely to confound the estimation of k). If there is significant confounding, this
should be indicated by a large difference in results when including such a matrix indicating siblings in the LMM.
We fitted four LMMs for every trait which we denote as model K, model KD, model KS, and model KDS to indi-
cate the set of variance-covariance matrices included in the model.

Data Availability

The UK10K panel of haplotypes is available from the European Genome-phenome Archive and the simulation
scripts are available from Anthony Francis Herzig (anthony.herzig@inserm.fr) on reasonable request. The Cilento
datasets analysed during the current study are available from Marina Ciullo (marina.ciullo@igb.cnr.it) on reason-
able request and on a collaborative basis.
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Supplementary Materials
Quality Control

Using the known pedigree structure of the Cilento isolates, we scanned for Mendelian errors within
the genotype data using Plink " and set all genotypes to missing within nuclear families wherever
such errors were found. We then removed eight individuals due to very high levels of missingness
(over 5%) and restricted to the set of shared SNPs between the two genotyping arrays used in
Cilento. Finally we removed variants with minor allele frequencies less than 0.01, Hardy-Weinberg p-
values less than 10~° and with missingness greater than 5%. This left 173,911 SNPs from which to
calculate GRMs for subsequent heritability analysis. Finally, it became apparent that three pairs of
monozygotic twins were present within the sample. We decided to remove one member at random
from each pair from subsequent heritability analysis. These twin pairs can be observed in
Supplementary Figures 9 and 10.

In Supplementary Table 1 we detail the seven phenotypes studied here, for each phenotype we
removed values lying more than three standard deviations away from the observed mean (after
transformations (if any) had been applied.

Imputation

Phasing and imputation were completed separately on the two sets of individuals coming from
different genotyping arrays in Cilento. We reconstructed genetic phase in Cilento from SHAPEIT2 *
with the ‘duohmm’ option "°. SHAPEIT2 was employed with 15 burn-in iterations, 15 pruning
iterations, 35 main iterations and we used a reduced version of the HRC panel * to inform phasing.
Following this, we performed haplotype imputation using IMPUTE4 > and the same version of the
HRC panel. This reduced HRC panel used here included 27,165 individuals and was made available to
us from the European phenome-genome archive. IMPUTE4 was applied using default parameters in
windows of 5Mb with 250Kb buffer regions. Imputation quality scores (‘info’) were calculated with
the software QCTOOL.

Following imputation, we removed all variants with an ‘info’ score less than 0.7 in either of the two
genotyping arrays and called most likely genotypes whenever an individual genotype had a posterior
probability greater than 0.9. Otherwise, imputed genotypes were set to missing. This led to a final
count of 3,757,339 confidently imputed variants.

Simulation

Our HapGen * like haplotype mosaic simulated was tuned to produce mosaic pieces of average size
of 1-2cM, both in the case of creating simulated populations of outbred individuals, and when
creating founding haplotypes for gene-dropping onto the Cilento pedigree. Here we set the effective
population size to 3000 and we chose not to simulate mutations, genotyping errors, or missingness
in our datasets. The mosaicism was tuned in order to achieve similar kinship and structure in the
simulated isolated population as observed in the observed data in Cilento. Indeed, in Supplemental
Table 2 we give the variances of the eigenvalues of all GRM matrices calculated both on the Cilento
dataset studies here as well as the various simulated datasets and in Supplementary Figure 13 we
compare a simple principle component analysis in Cilento and in the simulated population isolate
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based on the pedigree of Cilento - Isolated(1444). Through these analyses, we observe that our
simulation of an isolate appears to have successfully created similar structure to the Cilento data.

It can be shown that the precision of the estimate of a variance parameter in a linear mixed model is
proportional to the product of the sample size and the variance of eigenvalues of the associated
variance-covariance matrix ®. Hence, as we observed that the variances of eigenvalues of the matrix
K in the Outbred(1444) were roughly 36 times smaller than the corresponding values in
Isolated(1444), we reasoned that an outbred population of 6 X 1444 (8664) individuals would
approximately give us equivalent precision to the population Isolated(1444). Thus we simulated an
Outbred population of size 8664, as well as an intermediate population of size 3 X 1444 (4332) in
order to observe any trends in the results relating to sample size.
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h2 and h? are represented for each simulated phenotype. Each phenotype was
simulated using different numbers of causal variants (M) for each variance component. Results from

four simulated populations are given, either Isolated(N) or Outbred(N), where the value of N

Supplementary Figure 1.
denotes the sample size.

Estimates of

Matrices K and D are calculated using roughly 170,000 variants present in all villages in Cilento,

causal variants are selected completely at random (Causal Variant Scenario A).

Diamonds represent empirical standard errors measured for certain values of M which are measured
on the right vertical axes. A missing bar for h3 or h3 indicates the maximum likelihood estimate of

the parameter was zero.
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variants present in all villages in Cilento, causal variants are selected to have MAF > 0.01 (Causal

Variant Scenario B).

Identic to Supplementary Figure 1 apart from here K and D are calculated using roughly 170,000

Supplementary Figure 2.
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Supplementary Figure 3.

Comparison of heritability estimates from a single simulated isolated population with populations
constructed by combining isolated populations.

Identic to Figure 3 in the main text but here causal variants are selected to have MAF > 0.01 (Causal
Variant Scenario B).
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Supplementary Figure 4a.

Comparison of off-diagonal elements of the matrices K and D calculated on the simulated isolated
population ‘Isolated(1444)’. K and D are calculates either from the true proportions of IBD-sharing
that occurred during the simulation of the data or from the pedigree information of Cilento.
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Supplementary Figure 4b.

Comparison of off-diagonal elements of the matrices K and D calculated on the simulated isolated
population ‘Isolated(1444)’. K and D are calculates either as genetic relationship matrices (GRMs) or

from the pedigree information of Cilento.
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Supplementary Figure 4c.
Comparison of off-diagonal elements of the matrices K and D calculated on the simulated isolated

population ‘Isolated(1444)’. K and D are estimated either as genetic relationship matrices (GRMs) or
from the true proportions of IBD-sharing that occurred during the simulation of the data.
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Supplementary Figure 4d.
Comparison of off-diagonal elements of the matrices K and D calculated on the simulated isolated

population ‘Isolated(1444)’. K and D are estimated using either the software GIBDLD or the true
proportions of IBD-sharing that occurred during the simulation of the data. Off-diagonal elements
estimated by IBDLD were equally similar.
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Supplementary Figure 5.

Comparison of strategy for computing matrices K and D for the Isolated(1444) population.

Identic to Figure 4 in the main text apart from here, phenotypes are simulated from a small set of
causal variants (M=100).

Matrix Calculation Method

GEM  sessascas GIBDLD
/\  Simulated Variance Components ~  ee——ee——- — Pedigree IBDLD
IBD

Causal Variant Scenario A Causal Variant Scenario B

Supplementary Figure 6a.

Comparison of strategy for computing matrices K and D for the Isolated(1444) population.

The set of roughly 170,000 SNPs present in the Cilento isolates are used here to calculate K and D for
the Isolated(1444) population, either as GRMs or using the IBDLD or GIBDLD software. Estimates
using either pedigree information or recorded IBD-sharing from the simulating are also given.

Here, phenotypes are simulated from a large set of causal variants (M=100,000).
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Matrix Calculation Method

—e GRM  sececeeas GIBDLD
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2,2
h3, h5=0

Causal Variant Scenario A Causal Variant Scenario B

Supplementary Figure 6b.

As Supplementary Figure 6a, but here phenotypes are simulated from a small set of causal variants
(M=100).

Model KD Model KD

----------------- Model KDS ssecccssccccccceas  Model KDS
A Simulated Variance Components A Simulated Variance Components
2,2 2,2

h3, h2=0 h3, h3=0

GRM Pedigree

Supplementary Figure 7a.
Identic to Figure 5 in the main text but with simulated setting : h = 0.4, h3 = 0.4, hZ = 0.0
Comparison of estimates of h5 and h% under models with and without a shared environment

component (model KDS and model KD, respectively). Matrices K and D are calculated either using
GRMs or pedigree information.

Here, phenotypes are simulated from a large set of causal variants (M = 100,000).
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Supplementary Figure 7b.
Simulated setting : h3 = 0.4, h% = 0.38, h2 = 0.02
Model KD Model KD
----------------- Model KDS se=ss=----------- Model KDS
VAN Simulated Variance Components AN Simulated Variance Components

2 2 2 .2
h2.h2=0 h2,h2=0

GRM Ao Pedigree

Supplementary Figure 7c.
Simulated setting : h3 = 0.4, h} = 0.35, h2 = 0.05
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Model KD Model KD
----------------- Model KDS ssecccssccccccceas  Model KDS
A Simulated Variance Components A Simulated Variance Components
2,2 2,2
h3, h2=0 h3, h3=0

: D
hy =1 hD:

GRM *---' Pedigree
Supplementary Figure 7d.
Simulated setting : h3 = 0.4, h3 = 0.3, h2 = 0.1
Model KD Model KD
----------------- Model KDS ssseccecccccccccssas  Model KDS
A Simulated Variance Components A Simulated Variance Components
2 .2 2 .2
hi. h3=0 h3. h3=0

GRM Pedigree

Supplementary Figure 7e.

Simulated setting : h = 0.4, h% = 0.2, h% = 0.2

Completely the same as Figure 5 in the main text but is given here also for continuity with other
Supplementary Figures.
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2 2
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Supplementary Figure 7f.
Simulated setting : h2 = 0.4, h = 0.0, h2 = 0.4
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Supplementary Figure 8a.
Comparison of heritability analysis for three simulated populations.

Similar to earlier Figures but here we include the larger simulated isolated population,

a composite
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Supplementary Figure 8c.

Comparison of heritability analysis for three simulated populations.

Phenotypes are simulated under the setting : h3 = 0.4, h3 = 0.0
Similar to earlier Figures but here we include the larger simulated isolated population, a composite

of isolates with no sibling pairs. Causal variants are selected completely at random (Causal Variant

Scenario A).
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Identic to Supplementary Figure 8c apart from here, causal variants are selected to have MAF > 0.01

(Causal Variant Scenario B).




Page |18

Kinship Matrix - K Dominance Matrix - D
1.001
0.754
c
2
kS
=
o
E
=
o 0.50-1
=
=
o)
=
o
O]
0.254
]
0,001 h 4
O‘bO 0 I25 0.‘50 D.l75 1 ,IDD 0.60 0:25 0}50 OAI75 1 .:)0
Pedigree

Supplementary Figure 9.
Comparison of off diagonal elements of matrices K and D calculated for the Cilento dataset using

either pedigree information or genetic relationship matrices (GRMs) from the observed genotypes in
Cilento.
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Supplementary Figure 10.
Comparison of off diagonal elements of matrices K and D calculated for the Cilento dataset using

genetic relationship matrices (GRMs) before and after the inclusion of imputed variants in the
Cilento dataset.
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Height
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A n2-074, n2-013

ha=0.74, h2=0.15

Supplementary Figure 11a.

Heritability analysis for Height in Cilento. Black contours represent the likelihood profile from the
model KD (see Figure 5 in main text), with matrices K and D calculated as genetic relationship
matrices (GRMs). The red zone represents the 95% confidence interval for the red maximum
likelihood estimate (MLE) (red triangular peak). The corresponding MLE and 95% confidence

boundary for the analysis using pedigree information to estimate K and D are added to the plot in
blue.
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Supplementary Figure 11b.
As Supplementary Figure 11a, for the trait TGLY.
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Supplementary Figure 11c.
As Supplementary Figure 11a, for the trait HDL.
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Supplementary Figure 11d.
As Supplementary Figure 11a, for the trait Total Chol.
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Supplementary Figure 12a.

Comparison of models KD and KDS (see Figure 7 in main text) in Cilento for the trait Height. Black
contours represent the likelihood profile for the model KD, with the red zone indicating the 95%
confidence interval for the red maximum likelihood estimate (MLE) (red triangular peak).

The corresponding MLE for the KDS model is added in green. We also add in the previously observed

estimates from the literature (Table 1 in the main text).
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Supplementary Figure 12b.
As Supplementary Figure 12a, for the trait TGLY.
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Supplementary Figure 12c.
As Supplementary Figure 12a, for the trait HDL.
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Supplementary Figure 12d.
As Supplementary Figure 12a, for the trait Total Chol.
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Supplementary Figure 13.
Principle components analysis, performed both in the real data of Cilento and the simulated
population Isolated(1444) which aimed to mimic Cilento.
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Supplementary

Table 1 Non-missing . Number of .
Mean (sd) values following . Transformation
lity C | outliers removed

Phenotype Quality Contro

Height 162.26(9.45) 1193 3 -

BMI 26.12(4.31) 1184 12 -

TGLY 4.77(0.52) 1326 16 Logarithmic

HDL 60.50(15.66) 1328 14 -

Total Chol 207.19(41.67) 1331 12 Adjusted for
medications

LDL 118.16(35.71) 1299 12 Adjusted for
medications

Abbreviations: BMI: Body-mass index; TGLY: Triglycerides; HDL: High-density lipoproteins; Total Chol: Total
cholesterol; LDL: Low-density lipoproteins; sd: standard deviation.

Summary statistics for each of the seven traits studied after the removal of outliers and application

of transformations. For TGLY we performed a logarithmic transformation, and the traits Total Chol

and LDL had been adjusted for a small number of individuals who were recorded as having

prescriptions for lipid lowering medications.

Supplementary | Cilento Isolated(1444) | Outbred(1444) | Outbred(4332) | Outbred(8664)
Table 2
var(la) 1.192 1.127 0.030 0.089 0.176
var(ld) 0.109 0.096 0.015 0.044 0.088

Comparisons of estimated variances of the eigenvalues of the matrix K (1,) and of the matrix D (1;)
across different simulated populations as well as the observed data in Cilento.
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