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Abstract

African populations are vastly underrepresented in genetic studies despite having the most
genetic variation globally and facing wide-ranging environmental exposures. Most of these
studies have been conducted in populations of European (EUR) ancestry using GWAS arrays
that represent the genetic variation in these populations. Thus, the prediction accuracy of
polygenic risk scores (PRS) derived from EUR ancestry populations is less accurate in
populations of non-European ancestry, and least accurate in African (AFR) ancestry
populations. The extent to which PRS prediction accuracy varies within AFR ancestry

populations has not, however, been previously investigated.

This study had two aims: the first was to investigate the contribution of common variants to
the risk of schizophrenia in the South African Xhosa (SAX) population through genome-wide
association study (GWAS) analysis, and to determine if PRS derived from EUR and East Asian
(EAS) ancestry populations from the Psychiatric Genomics Consortium (PGC) Schizophrenia
Working Group were generalizable to SAX. The second aim was to assess the generalizability
of PRS for non-psychiatric phenotypes that were derived from EUR ancestry individuals from
the UK Biobank (UKB, n = ~350,000) in the Uganda General Population Cohort (GPC, n =
4,778) and the South African Drakenstein Child Health Study (DHCS, n = 638).

To address the first aim, a GWAS was conducted in 2,086 Xhosa individuals from South Africa
with and without schizophrenia (Ncases = 1,038; Ncontrois = 1,048) using a custom-designed
Affymetrix GWAS array designed to capture variation in the Xhosa population. The
schizophrenia GWAS in SAX yielded one SNP (rs35172303 ; P = 4.74e-08, OR = 0.6004,
95%CI:[0.499,0.721]) in ZFP3 that met genome-wide significance. The association of variants
in ZFP3 from the schizophrenia GWAS is consistent with those from an earlier exome-
sequence study in SAX undertaken by colleagues, but this gene has not previously been
associated with schizophrenia in large-scale schizophrenia GWAS of predominantly EUR

ancestry.

After characterizing the genetic architecture of schizophrenia in SAX, it was found that the
heritability was enriched across functional categories involved in the regulation of gene
expression. Then, the accuracy of PRS derived from PGC Schizophrenia Working Group from
both EUR and EAS ancestries in predicting schizophrenia in SAX was quantified. There was
low PRS prediction accuracy using PGC-derived summary statistics in SAX (PGC-EUR: max
R2=0.0057, P=0.008; PGC-EAS: max R? = 0.0059, P = 0.007). These findings are consistent
with previous findings that showed that PRS predication accuracy is low when discovery and

target cohorts come from different ancestral backgrounds.
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For the second aim, PRS prediction accuracy was quantified in simulations using data from
the African Genome Variation project (AGVP) to represent continental AFR diversity. Samples
were categorised by geographical region into West, East and South Africa cohorts. Each
cohort was divided into a discovery and target datasets. The West and East African discovery
data was used to predict the simulated phenotype in the three target cohorts. Using UKB EUR
ancestry individuals, PRS prediction accuracy was assessed for 34 anthropometric and blood
panel traits in the Uganda GPC, and then meta-analysed UKB with PAGE (Population
Architecture using Genomics and Epidemiology, comprising about 50,000 Latino/Hispanic and
African-American individuals) and BBJ (Biobank Japan, n = ~162,000) to assess how the

inclusion of diverse sample impacts PRS prediction accuracy.

Simulations were limited by sample size but showed that PRS prediction accuracy was highest
when the discovery and target cohorts were matched by African region, and for phenotypes
with the sparsest genetic architecture. Using empirical data from UKB and the Uganda GPC,
a low prediction accuracy was observed across all 34 quantitative traits in GPC when using
GWAS data from UKB. There was differential prediction accuracy across AFR ancestry groups
within UKB, i.e. the prediction accuracy was highest for the Ethiopian and admixed
populations, and lowest for southern African populations. When comparing PRS prediction
accuracy of East African individuals from the UKB to that of individuals from GPC, the
prediction accuracy was lowest in the Ugandan GPC population, indicating that the difference
in environments between the two groups may be contributing to the difference in PRS
accuracy. Moreover, the cross-ancestry meta-analyses showed that the inclusion of diverse
samples in large scale studies improves PRS prediction accuracy, most especially for

phenotypes with population-enriched variants.

It was demonstrated for the first time in this thesis that EUR ancestry-derived PRS prediction
accuracy varied within continental AFR ancestry groups, and tracks with population history
and the evolution of humans. The higher prediction accuracy observed in Ethiopians can be
explained by their genetic proximity to Europeans as a result of the back to Africa migration,
whereas the southern African populations (including SAX) are more proximal to the ancestral
populations that never left the continent. It is therefore imperative to not only include more
African samples in future large-scale studies, but to have samples that adequately represent

the genetic and environmental diversity on the African continent.
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Preface

The majority of genetics studies are conducted in populations of European ancestry. In this
thesis, the candidate investigates the genetics of schizophrenia in the indigenous South
African Xhosa cohort, and explores how well polygenic risk scores computed from European
and East Asian ancestry populations predict schizophrenia, psychological and anthropometric

traits in and across various African populations.

The thesis comprises five chapters. Chapter 1 is a review of the genetic basis for
schizophrenia and the findings from genetic studies. The chapter is concluded by highlighting
the need to include African ancestry participants in genetics studies, and the anticipated

benefits that may result.

Chapter 2 represents an investigation of the genetics of schizophrenia in the SAX cohort using
genome-wide association study (GWAS) analyses. In chapter 3, the distribution of heritability
of schizophrenia in SAX is explored by partitioning the genome into its constituent
chromosomes and 24 functional categories, as well as minor allele frequency bins. Further,
the prediction accuracy of polygenic risk scores derived from the European and East Asian

populations from the Psychiatric Genomics Consortium is explored.

Given that no large genetics datasets exist for psychiatric disorders in African populations, the
candidate uses publicly available datasets for non-psychiatric traits including 34
anthropometric blood panel traits to assess the transferability of European ancestry-derived
polygenic risk scores in and across diverse African populations. This work is covered in

chapter 4.

Chapter 5 is a general discussion summarizing findings from the thesis, noting the limitations

of the thesis and providing considerations for future research.
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Chapter 1: Introduction

11 Abstract

This chapter is a review of the epidemiological background of schizophrenia. The societal and
economic impact are briefly discussed. Next, the review focusses on the risk factors for
schizophrenia from the perspective of both genetic (according to family-based studies) and
environmental factors (according to epidemiological studies), including the proposed
mechanisms by which disease is caused. Moreover, a historic perspective of the diagnostic
criteria that are currently in use is provided. This is proceeded by a review of genetic studies
that have been conducted to date, most of which have been conducted in populations of
European ancestry. Specific gaps in the research are illuminated; and lastly, a case for the

need to include diverse populations in large-scale genomics research is made.

1.2 Background

Mental disorders, such as schizophrenia and major depression, contribute significantly to the
rise in the global burden of disease. According to the global burden of disease report, mental
disorders account for 6% of the global disease burden, and are responsible for over 50% of
the number of disability adjusted life-years (DALYs) — which are a measure of reduction in
life expectancy, where one DALY is the equivalent of one healthy life year lost to disease (Vos
et al., 2020). Schizophrenia is listed among the most important mental disorders contributing
to DALYs (Global Health Estimates, 2016). In South Africa, the burden of disease due to
mental disorders is similarly high (Whiteford et al., 2015), with a representative survey
indicating that mental disorders have a lifetime prevalence of 30.3% (Herman et al., 2009). To
reduce this impact, it imperative that focus is placed on mental health research to better
understand the biology of these conditions in order to develop effective therapies and better

management strategies.



1.3 Epidemiology and burden of schizophrenia

The worldwide lifetime prevalence of schizophrenia appears to be about 0.5%, although most
relevant data are from high-income countries (Perala et al., 2007). Although the prevalence is
relatively low, schizophrenia accounts for great personal, societal, and economic burden.
Indeed, schizophrenia is among the top 25 leading causes of disability around the world (Vos
et al., 2020).

Schizophrenia affects people between the ages of 15 and 49 years, although the disorder may
occur in early childhood (Driver et al., 2013). Affected individuals may present with impaired
cognition; positive symptoms such as hallucinations, delusions, and disorganized speech; or
negative symptoms such as amotivation, apathy and diminished speech (Andreasen, 1982;
Andreasen et al., 1995; Kay et al., 1987). The presentation of symptoms differs between

affected individuals.

Schizophrenia is associated with high rates of mortality. The mortality rate of people with
schizophrenia is two- to three-fold higher than the general population, due in part to high
suicide rates among this cohort (Hayes et al., 2017; Saha et al., 2007). Under-diagnosis or
undertreatment also leads to the high rates of mortality observed in people with schizophrenia
(Kugathasan et al., 2019). Additionally, there is high comorbidity with chronic disorders such
as cardiometabolic disease, stroke, type Il diabetes and cancers which may occur as a result
of poor lifestyle choices in schizophrenia patients, such as excessive drinking of alcohol, poor
diet, and inadequate physical activity, as well as side effects from medications (Jayatilleke et
al., 2017).

Individuals with schizophrenia have a poor quality of life (QOL) (Hayes et al., 2015), with
factors such as stigma contributing significantly to poor QOL (Angermeyer et al., 2015).
Stigmatization is mainly characterized by stereotypes of dangerousness that are rooted in the
lack of awareness or misinformation about mental disorders in the public. Patients with
schizophrenia tend to feel socially isolated, generally have low self-esteem and may
experience feelings of depression (Crisp et al., 2000; Pellet et al., 2019; Zaske et al., 2019).
Self-stigmatization, which relates to the patients’ reaction to stigma (Gerlinger et al., 2013),
leads to patients having a negative attitude towards their medication, this in turn may
negatively affect their clinical outcome (Corrigan et al., 2014; Maeng et al., 2016).
Unfortunately, stigma is not diminishing despite interventions such as anti-stigma and

awareness campaigns (Gronholm et al., 2017; Schomerus et al., 2012).



The management and treatment of schizophrenia places huge economic burden on health
systems, especially in resource-limited countries (Awad & Voruganti, 2016). This burden can
be divided into direct and indirect costs. The associated direct costs include clinic visits,
hospitalization, procedures and medications, as well as non-medical costs such as the
transportation required to get to healthcare facilities, among others. The indirect costs include
loss of income due to patient losing employment due to reduced or non- productivity, a
caregiver’s unpaid time taking care of the schizophrenia patient, costs incurred by disruptive
behaviour such as damage to property, as well as medical costs for any physical injury. The
leading indirect cost of schizophrenia in many countries around the world is loss of income
due to unemployment (Cloutier et al., 2016; Marcellusi et al., 2018; Oloniniyi et al., 2019; Teoh
et al., 2017; Xu et al., 2019).

The tremendous burden of disease associated with schizophrenia indicates that concerted
effort is required to provide better healthcare for patients to alleviate the pressure on families
and society and provide better quality of life for patients. There is a critical need to coordinate
physical and mental health services to close the mortality gap between schizophrenia patients

and the general population.

1.4 Risk factors for schizophrenia

Schizophrenia has a heritability rate of up to 80%, suggesting that genetic factors are a strong
contributor to the development of the disorder (Sullivan et al., 2003). The remaining 20% of
heritability may be attributed to many factors including those from the environment (Brown,
2011; van Os et al., 2010). Below, individual genetic and environmental factors that contribute

to the risk of schizophrenia are reviewed.

1.4.1 Genetic factors

Family studies show that an offspring born to parents with schizophrenia has an elevated risk
of developing schizophrenia (Ellersgaard et al., 2018; Rasic et al., 2014) as well as other
psychiatric disorders (Mortensen et al., 2010; Rasic et al., 2014; Sanchez-Gistau et al., 2015).
This indicates that the genetic factors contribute substantially to the risk of developing
schizophrenia. The risk of developing schizophrenia as a function of being related to an

individual affected with schizophrenia is depicted in Figure 1.1.



The Danish adoption register has served as a valuable resource for assessing the influence
of genetic and/or environmental factors on schizophrenia (Petersen & Sgrensen, 2011 ). In
adoption studies — where there is little genetic similarity between the adopted child and the
adoptive family, but a shared and similar environment — a higher prevalence of schizophrenia
was observed if the child came from a biological family with schizophrenia (Peterson &
Serensen, 2011; Heston, 1966; Higgins et al., 1997; 2011; Tienari, 1991; Tienari et al., 1994;
Wender et al., 1974). Conversely, the prevalence rate was lower in adopted children if the

adoptive family had schizophrenia, but the biological family of the child did not.

Twin studies investigating concordance rate, that is the likelihood of one twin developing the
disorder if the first twin examined had it, show that the concordance rate in monozygotic twins
is between 40 - 60% (Cannon et al., 1998; Cardno et al., 1999; Franzek & Beckmann, 1998;
Mortensen & Kyvik, 1996; Sullivan et al., 2003; Tsujita et al., 1992). In dizygotic twins, the
concordance rate is between 0 - 28%. Together, these studies have demonstrated the strong
genetic liability to schizophrenia, and therefore studying the underlying genetic mechanism of

the disorder may help better understand the disease aetiology.

1.4.2 Environmental factors

There is a gap between the heritability of schizophrenia and the total variance in disease
liability which may be attributed to environmental factors. Growing evidence that
environmental factors play a crucial role is based on cohort studies and the improvements in

methodologies to systematically collect data and test environmental factors.

The neurodevelopmental hypothesis of schizophrenia indicates that the abnormal
development of the nervous system occurs during the early stages of development. This has
been supported by findings from studies that show impairment of neurocognition and
neuromotor function, physical anomalies of the craniofacial area, and morphological brain
abnormalities in MRI studies at the onset of the disorder. In addition, the evidence suggests
that pre- and perinatal factors contribute to the pathophysiology. Several such factors,
including those that occur during childhood and the adolescence stages are outlined in Table

1.1 below.
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Figure 1.1 - A figure showing the percentage likelihood of an individual developing schizophrenia

by the degree of relatedness to a person with schizophrenia.

The bars are coloured by the genes shared with the schizophrenic proband. The figure was adopted from
(Gottesman, 1991)



Table 1.1 - Environmental risk factors that are associated with schizophrenia during different stages of life
The ‘proposed mechanism’ column for each of the risk factors provides some examples of how exposure to the risk factors may lead to

schizophrenia, and is not an exhaustive list.

Stage of life Risk factor

In-utero exposure to
infections such as Rubella,
Pre- and perinatal Herpes Simplex Virus,
Influenza and Toxoplasma

gondii

Proposed mechanism(s) Citations

Infection induces an inflammatory immune
response. Over stimulation of the inflammatory
response results in an excess of
proinflammatory cytokines. These cytokines
may: stimulate microglia and astroglia to
produce nitric oxide excitatory amino acids,

which are toxic to neurons; disturb the (Brown et al., 2001; Burgdorf et al.,
2019; Dickerson et al., 2020; Esshili et
al., 2020; Kepinska et al., 2020; Lesh

et al., 2018; Wang et al., 2020)

maturation of oligodendrocytes causing
abnormalities in white matter; lead to brain
anomalies thereby increasing the risk of
developing neuropsychiatric disorders such as

schizophrenia.

Toxoplasma gondii causes congenital anomalies

in the central nervous system



Several factors that lead to maternal stress
during pregnancy have been reported, such as

unwanted pregnancy and grief during pregnancy

Stress may lead to low birthweight in the
Maternal stress
offspring — a known risk factor for

schizophrenia.

Elevate cortisol is associated with diminished

neuromuscular maturation.

The rate of replication of the spermatogonial
stem is accelerated in older males. This results
in the rapid accumulation of de novo mutations,

which may contribute to the risk of

Advanced paternal age schizophrenia.

Offspring inherits genome with epigenetic

modification through ‘imprinting’. These

(Abel et al., 2010; Dorrington et al.,
2014; Ellman et al., 2019; Khashan et
al., 2008; Pugliese et al., 2019; Van
den Bergh et al., 2017; Weinstein et
al., 2018)

(Denomme et al., 2020; Fond et al.,
2017; Fountoulakis et al., 2018;
Gratten et al., 2016; Lan et al., 2020)



epigenetic modifications, such DNA methylation,

silence genes by inhibiting transcription.

Low levels of folate result in elevated levels of
homocysteine, an amino acid that has roles that
include the antagonism of the N-methyl-d-
aspartate receptor (NMDAR). NMDAR
antagonists reduce the volume of the subiculum

and number of neurons in the hippocampus.

Nutritional deficiency such Additionally, high levels of homocysteine may
as Iron and Folate impair delivery of oxygen to the foetus —
leading to hypoxia. Hypoxia is a known risk

factor for schizophrenia

Other known risk factors for schizophrenia, that
are a result of high levels of homocysteine,
include pre-eclampsia, premature birth and low
birthweight

(Ayesa-Arriola et al., 2012; Eyles et
al., 2018; He et al., 2018; Kim &
Moon, 2011; Moustafa et al., 2014;

Trzesniowska-Drukata et al., 2019)



Childhood and

Adolescence

Increased incidence of seasonal infectious
Season of birth diseases like Influenza, increases the risk of

exposure to these pathogens

Variation in the catecholamine-O-methyl
transferase (COMT) gene (e.g. rs4680) results
in the substitution of Valine (Val) with Methionine
(Met) (Val158Met), thereby increasing the
Cannabis use release of prefrontal dopamine into synapses.
Individuals with the Val/Val genotype have the
highest risk for schizophrenia induced by the
use of cannabis compared to those with the

Val/Met and Met/Met genotypes

(Escott-Price et al., 2018; Karlsson et
al., 2019; Kim et al., 2017; Konrath et
al., 2016; Wang & Zhang, 2017)

(Arseneault et al., 2002; Bagot et al.,
2015; Bosia et al., 2019; Caspi et al.,
2005; Estrada et al., 2011; Mustonen
et al., 2018; Nieman et al., 2016;
Vinkers et al., 2013)



The lack of socioeconomic resources leads to

chronic stress, predisposing to psychiatric

illnesses.
(Dohrenwend et al., 1992; Hakulinen
et al., 2020; Hatzimanolis et al., 2020;
Socio-economic status Maternal stress, infections and obstetric Jensen et al., 2017; Wicks et al.,
complication are known risk factors for 2005)

schizophrenia and are common among mothers

in the lower socioeconomic strata.

Crowding in urban areas leads to exposure and
spreading of infectious diseases that predispose

to schizophrenia
(Attademo et al., 2017; Vassos et al.,

Urbanicity
2012)

Social fragmentation leads to instability and lack

of communal support.
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Discrimination against immigrants leads to social

exclusion and chronic stress. (Anderson et al., 2015; Bourque et al.,

2011; Cantor-Graae et al., 2003;

Migration L .

Kirkbride et al., 2012; Tortelli et al.,
Migrants are more likely to occupy lower 2014; Veling et al., 2008)
socioeconomic positions.
Trauma in the form of physical, emotional and _ L
_ _ (Bonoldi et al., 2013; Kilian et al.,

sexual abuse; and physical and emotional .

o 2017; Larsson et al., 2013; Li et al.,
Childhood trauma neglect can cause severe stress, which in turn

2017; Shannon et al., 2011; Varese et

make sufferers more vulnerable to developing
al., 2012)

schizophrenia.
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1.4.3 The interaction between genetic and environmental risk factors

There are complex interactions between genes and the environment that contribute to the
development of schizophrenia, as demonstrated by some of the proposed mechanisms in
Table 1.1. For example, when considering cannabis use as the environmental exposure, the
odds of schizophrenia is markedly increased in Val/Val carriers for the catechol-O-
methyltransferase (COMT) Val158Met polymorphism, but not in the Met/Met homozygotes
(Caspi et al., 2005; Ermis et al., 2015), however these findings have not been replicated
(Costas et al., 2011; Gutiérrez et al., 2009; Kantrowitz et al., 2009; van Winkel, 2011; Zammit
et al., 2007), partly because candidate gene studies are not the most suitable design for

polygenic disorders.

The effects of childhood trauma have been linked to the Val66Met polymorphism in BDNF,
with the Met allele leading to reduced BDNF (brain-derived neurotrophic factor) expression as
well as reduced sub-volumes in the hippocampus (Aas et al., 2014; de Castro-Catala et al.,
2016). It has been found that the BDNF 66Val allele is associated with higher vulnerability to
the effects of childhood trauma in male twins, while the 66Met allele has the same effect in
female twins, suggesting a sex-specific effect (de Castro-Catala et al., 2016). Incidentally, both
BDNF and COMT are located on autosomes (chromosome 11 and 22, respectively) and not

on the sex chromosomes (X or Y).

Notwithstanding evidence from the gene by environment studies above, it is often difficult to
choose which genes and which environmental factors to study (Esposito et al., 2018). The
choice of the genes to study is based on findings from either candidate gene studies or
genome-wide association studies (GWAS), both methods are reviewed in section 1.6 below.
Candidate gene studies are usually conducted in small sample size and thus the results are
not replicable across study sites. While GWAS studies are typically conducted in large
samples sizes, it is often the case that information on environmental exposure is not acquired
during study participant ascertainment. The choice of which environmental exposure to study
is limited by lack of standardized measures for environmental factors, and only one end of the
environment spectrum is usually investigated, which leads to spurious associations (Duncan
& Keller, 2011).
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1.5 Diagnostic criteria: an historical perspective

The prevailing classification of schizophrenia is rooted in that of psychiatrists in the mid-
nineteenth century. Schizophrenia is diagnosed according to the psychotic disorders module
of the Diagnostic and Statistical Manual of Mental Disorders (DSM) and section F2 of the
International Classification of Diseases (ICD). There are five editions of the DSM: (DSM-1,
DSM-II, DSM-Ill, DSM-IlI-R, DSM-IV, DSM-IV-TR and DSM-5) (American Psychiatric
American Psychiatric Association, 1952; American Psychiatric Association, 1968; American
Psychiatric Association, 1980; American Psychiatric Association, 2000; American Psychiatric

Association, 2013), and several versions of the ICD (now available in its 11" edition).

Kraepelinian’s dementia praecox (1856 - 1926): In the middle of the 19" century, psychiatrists

in Europe were grappling with describing the disorders that were largely present in young
adults, which typically progressed to cognitive and behavioural decline. In France, the disorder
was named “démence précoce”, “adolescent insanity” in Scotland; and “hebephrenia” (the
catatonic state) was first described in Germany (Clouston, 1904; Kahlbaum, 1874; Morel,
1860). Kraepelin proposed the integration of these varied symptoms into “dementia praecox”
and proposed another category for manic-depressive symptoms (Kraepelin, 1971). His

definition emphasized the chronicity of the disorder.

Bleuler’'s schizophrenias (1857 - 1939): “Schizophrenia” replaced “dementia praecox” after

Eugen Bleuler amended Kraepelin’s classification by incorporating a clinical state that did not
progress to chronic deterioration that Kraepelin considered as the hallmark of the disease
(Bleuler, 1958). Bleuler considered schizophrenia to be a group of diseases rather than a
single illness, therefore proposing that it be referred to in the plural — the schizophrenias.
Further, Bleuler introduced the distinction between obligatory and supplementary symptoms.
The obligatory symptoms were designated as the four As: ambivalence, affective incongruity,
autistic thoughts and associative disturbance, and were consistently present in affected
individuals. Accessory symptoms included delusions and hallucinations, and unlike obligatory
symptoms, were nonspecific and variable. Bleuler's emphasis on negative symptoms was
incorporated into DSM-I and DSM-II.

Schneider’s first rank criteria: Further distinctions of the schizophrenia subcategories were

proposed in the ensuing decades. New definitions included schizoaffective disorders,
schizophreniform psychoses, process-nonprocess and paranoid-nonparanoid schizophrenia.
Schneider claimed that nine categories of psychosis, the “first rank symptoms (FRS)” had a
decisive weight in the diagnosis of schizophrenia (Schneider, 1959). These included audible

thoughts, voices arguing about the patient, voices commenting on the patient’s actions,
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thought withdrawal and other interference with thoughts. First rank symptoms were
incorporated into DSM-IIl to DSM-IV and ICD-8 to ICD-10. Nuclear schizophrenia was

characterised by the presence of at least three FRS.

The latest diagnostic classification systems incorporate Kraepelin chronicity, Bleuler’ negative
symptoms, and Schneider’s positive symptoms, to varying degrees, as part of their definition.

Thus, the DSM-5 defines schizophrenia based on criteria provided in Table 1.2.

Table 1.2 - DSM-5 diagnostic criteria

A. Characteristics of symptoms 1) Delusions

At least two of the symptoms present for
a significant amount of time during a 1-
month period (or less if successfully
treated). At least one of these must be

(1), (2) or (3)

2) Hallucinations

3) Disorganized speech

4) Grossly disorganized or catatonic
behaviour

5) Negative symptoms (i.e. diminished
emotional expression or avolition)

B. Social or occupational dysfunction 1) Work

Dysfunctional for a significant amount
of time since the beginning of the
disturbance. Lower level of functioning
in at least two major areas compared to
before the onset of symptoms. Or,
failure to achieve expected level of
functioning in (1), (2) and (3), when the
onset is in childhood or adolescence,
2) Interpersonal relations

3) Self-care

C. Duration Persistence of symptoms for at least six
months, including those in Category A. This
6-month period must include at least 1
month of symptoms (or less if successfully
treated) that meet criterion A (i.e., active-
phase symptoms) and may include periods
of prodromal or residual symptoms. During
these prodromal or residual periods, the
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signs of the disturbance may be manifested
by only negative symptoms or two or more
symptoms listed in Criterion A presentin an
attenuated form (e.g., odd beliefs, unusual
perceptual experiences).
D. Schizoaffective and mood disorder (1) no major depressive or manic episodes
are ruled out if: have occurred concurrently with the active-
phase symptoms, or
(2) mood episodes have occurred during
active-phase symptoms, they have been
present for a minority of the total duration of
the active and residual periods of the

illness.
E. Exclusion of substance or general The disturbance is not attributable to the
medical condition physiological effects of a substance (e.g., a

drug of abuse, a medication) or another
medical condition

F. Relationship to a pervasive If there is a history of autism spectrum

developmental disorder disorder or a communication disorder of
childhood onset, the additional diagnosis of
schizophrenia is made only if prominent
delusions or hallucinations, in addition to
the other required symptoms of
schizophrenia, are also present for at least
1 month (or less if successfully treated).

1.6 The genetic aetiology of schizophrenia

Several genetic methods have been employed and are currently in use to identify the genes
associated with schizophrenia. In this section the main findings that have emerged from these

methodologies are briefly reviewed.

1.6.1 Linkage studies

Linkage studies were designed to identify rare single loci that are highly penetrant, and provide
evidence for candidate ‘susceptibility’ genes involved in schizophrenia. This methodology is
best applied to monogenic disorders, and has been useful for mapping the loci for diseases
such as Type Il diabetes mellitus (T2D), obesity and Alzheimer’s disease (Badano & Katsanis,
2002). Previously mapped loci for schizophrenia include those on chromosomes 1p32.3,
2936.1, 3928 and 12g23.1(Klei et al., 2005; Paunio et al., 2001; Suarez et al., 2006; Wilcox et
al., 2002), however, these findings have not replicated across different study cohorts (Vieland

et al., 2014). Reasons for this include lack of statistical power and etiological heterogeneity
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between groups. Methods such as genome-wide association studies (GWAS) have proven

more useful for polygenic or complex disorders like schizophrenia.

1.6.2 Genome-Wide Association Studies (GWAS)

GWAS is defined as the hypothesis-free measure of the statistical difference in the allele
frequency of genetic variants across the genome between affected individuals compared to a
set of unaffected matched controls (Hirschhorn & Daly, 2005; Lee et al., 2012). Despite the
limitations of this study design (discussed in chapter 2), GWAS studies have indeed led to the
discovery of many disease-associated loci and a better understanding of disease aetiology.
Additionally, GWAS can be used to find the association of both common and rare variants,
although GWAS of common variants are more typical. GWAS of common variants investigates
the association of variants with an allele frequency greater than 5% in the population, while
GWAS of rare variants tests for variants with a frequency less than 0.1%. GWAS studies of

common variants in schizophrenia are reviewed and discussed in chapterChapter 2:

1.6.3 Next generation sequencing

Unlike GWAS of common variants that uses a pre-selected set of known markers that are
used as probes on GWAS arrays, high-throughput next generation sequencing methods such
as whole exome- and whole genome sequencing (WES and WGS, respectively) allow for
identification of rare and potentially novel variants through deep sequencing. The decline in
the cost of next generation sequencing technologies, development of analytical tools, as well
as increasingly fast computational power have allowed for risk gene discovery towards a better

understanding of the genetic aetiology of complex disorders, including schizophrenia.

WES identifies protein-coding variants in about 20,000 genes per individual sequenced (Ng et
al., 2009). This allows investigators to identify genetic variants and focus on those which may
have functional consequences, e.g. regulation of gene expression, or lead to amino acid
substitutions, insertions, deletions and premature termination of the encoded protein, and to
categorize genes as part of groups that have specific roles in functional networks related to

the phenotype of interest (Avramopoulos, 2010).

16



WES has been applied to schizophrenia studies to identify de novo mutations (i.e. those that
are not inherited) by comparing the exome sequence of the probands to that of their parents.
WES studies have demonstrated an increased frequency of de novo mutations in patients with
schizophrenia compared to controls (Fromer et al., 2014; Gulsuner et al., 2013; Purcell et al.,
2014; Rees et al., 2020; Rees et al., 2012). The rate of de novo variants can be as much as
eight times higher in schizophrenia cases than in controls (Xu et al., 2008). These de novo
mutations are enriched in genes that are intolerable to loss of function (LoF) variants, that is,
those variants that introduce premature stop codons, shifts the frame of a protein codon or
disrupt messenger RNA splicing (Singh et al., 2016; Singh et al., 2017). Implicated genes
emerging from WES studies include SETDA1A, RBM12, ARC/INMDAR protein complexes and
SLC6A1, which also overlap with other neurodevelopmental disorders such as autism
spectrum disorder (ASD) and intellectual disability (ID) (Fromer et al., 2014; Rees et al., 2020;
Singh et al., 2016; Steinberg et al., 2017). The largest exome sequence study to date (24,248
cases and 97,322 controls) has identified 10 genes harbouring ultra-rare and de novo variants

that are highly expressed in neurons and function in synapses (Singh et al., 2020).

Compared to the variants exposed through WES, WGS identifies about four million variants
per individual sequenced (Bentley et al., 2008). WGS studies have proven useful in closing
the missing heritability gap between SNP-based and family-based heritability estimates for
height and body mass index (Wainschtein et al., 2019). This missing heritability was found in
ultra-rare variants with minor allele frequencies (MAF) ranging between 0.0001 — 0.1, that
were in regions of low linkage disequilibrium (LD) and outside of coding regions. In light of the
fact that GWAS arrays are designed to capture common variants that are in high LD, and WES
only capturing known protein-coding variants, WGS provides a comprehensive means of
interrogating genomic factors contributing to the phenotype including non-coding regulatory

as well as structural variants.

There have only been about ten WGS studies of schizophrenia. The latest and largest study
to date (1162 schizophrenia cases and 936 ancestry-matched population controls from
Sweden) identified an enrichment of ultra-rare variants in genes that are intolerant to LoF
mutations in cases compared to controls (Halvorsen et al., 2020), similar to findings from other
WES studies (Genovese et al., 2016; Gulsuner et al., 2020). There was also an increased
burden of non-coding structural variants in cases compared to controls in topologically
associated domains (TADs) in adult and fetal brain functional elements (Halvorsen et al.,
2020). TADs are genome partitions; each partition acts as a regulatory unit within which
enhancers and promoters can interact to regulate gene expression. Alteration of TADs may

lead to the dysregulation of gene expression. These findings were consistent with those from
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other studies showing that disruption of TADs are associated with developmental disorders
(Lupiafez et al., 2015). An interesting finding from the Halvorsen et al. (2020) study was that
the SNP-based point estimates for heritability were close to the those estimated from family-
based studies (0.52 vs 0.6 - 0.65), albeit with a large standard error (Halvorsen et al., 2020).
It is likely that WGS in larger samples will narrow the standard error and provide more precise

heritability estimates.

1.6.4 Copy Number Variants

Copy number variants (CNVs), which are chromosomal aberrations of sizes 1kb to several
mega-bases (Mb) can be identified using GWAS arrays, WES and WGS. Studies have found
an enrichment of large, rare CNVs in schizophrenia cases compared to controls (Kirov et al.,
2014; Marshall et al., 2017; Rees et al., 2014; Szatkiewicz et al., 2014; Wainschtein et al.,
2019). Among the most penetrant CNVs are those in the chromosomal region 22q11.2, which

have been shown to confer the greatest risk for schizophrenia.

The chromosomal region 22911.2 was suggestively linked to schizophrenia through linkage
studies more than a decade ago (Karayiorgou et al., 1995). Subsequent large-scale studies
have identified copy number variation in this region to be associated with schizophrenia
(Marshall et al., 2017). The 22q11.2 CNV occurs as a hemizygous deletion known as 22g11.2
Deletion Syndrome (or 22qq11DS) that spans about 2.5Mb and impacts about 90 genes
(Guna et al., 2015). 22911DS is the strongest known single genetic risk factor, contributing a
25-fold increased risk of developing schizophrenia. About 0.3% of patients with schizophrenia
carry the 22q11.2 deletion (Kirov et al., 2014). Interestingly, duplications at 22q11.2 confer
protection from schizophrenia (Rees et al., 2014). Both deletions and duplications at the
22911.2 locus have been associated with other psychiatric disorders such as ASD and ID

(Sanders et al., 2011), indicating their pleiotropic effect.

There are several proposed mechanisms by which 22q11DS may contribute to the
schizophrenia phenotype, based on the genes encompassed by the deletion. One of the
implicated genes is DGCRS8, which is part of a complex of microRNAs that regulate gene
expression by binding to messenger RNA and inhibiting their translation (Rajman & Schratt,
2017). Functional studies indicate that these microRNAs are involved in neuronal and
neurodevelopmental pathways (Merico et al., 2014). Another proposed mechanism involves
the PI4KA gene which encodes kinase Pl4Kllla, whose function is to recruit and regulate

plasma membrane proteins, thereby regulating processes such as ion transportation and the
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structural actin cytoskeleton (Falkenburger et al., 2010). Depletion of PI4KA has been shown

to disrupt the maintenance of synapses (Bulat et al., 2014).

The MHC region on chromosome 6 plays a critical role in the immune system, with genes
encoding for a number of antigen-presenting molecules. Following up on a GWAS study that
found that variants in the MHC region were the most significantly associated with
schizophrenia, Sekar et al. (2016) narrowed this association to the C4 gene (Sekar et al.,
2016). They showed that the C4A and C4B versions of the gene, are present in different
combinations of copy number, and that the higher the number of copies of C4, the greater
their expression and subsequently the greater the association with schizophrenia (Sekar et
al., 2016). Functionally, C4 is involved in the complement pathway that undergoes
development of the synaptic connections between neurons. Synaptic pruning, or elimination
of the synapses, has been connected to individuals with schizophrenia, further strengthening
the observation that C4 plays a role in increased schizophrenia risk (Comer et al., 2020; Sekar
et al., 2016). Pathways such as those involved in neural structure and signalling processes
are vital to the discovery of potential drug targets for the treatment of schizophrenia, and future
genetic studies are key in furthering our understanding of the biological processes involved in

this complex disorder.

1.7 Need for large scale studies in African populations

There is a gross under-representation of African populations in large-scale genomics studies.
African samples make up only about 2% of study participants in GWAS studies (Popejoy &
Fullerton, 2016; Sirugo et al., 2019). This is despite Africans constituting 17% of the total global
population, and being the most genetically diverse population (Abecasis et al., 2012; Auton et
al., 2015; Behar et al., 2008). There is a critical need to include African populations in large-

scale genetics studies for the reasons expanded on below.

1.7.1 High genetic diversity

Complex migration patterns, i.e. out of Africa, back into Africa and intra-Africa migrations
contribute significantly to the genetic diversity observed in modern African populations (Behar
et al., 2008). The out of Africa hypothesis posits that modern humans left the continent through

two primary routes towards Europe and Asia, respectively, about 100 kya (kya: thousand years
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ago) (Campbell & Tishkoff, 2008; Forster & Matsumura, 2005; Quintana-Murci et al., 1999;
Reed & Tishkoff, 2006). These migrations, out of the north-eastern region of Africa, in different
directions, were by relatively small subsets of the original continentally-distributed parental or
ancestral African populations. The relatively small population size of the emigrants, eventually
settling in the new habitats (and a subfraction moving on, recursively) meant there was a
fractional representation of the genetic diversity on the continent, resulting in a reduced
genetic pool for breeding, which ultimately would have led to significant loss of heterozygosity
at some regions of the genome. Several generations of breeding within this relatively limited
gene pool led to a state of genetic equilibrium also known as a population bottleneck (Cornuet
& Luikart, 1996; Li & Durbin, 2011). A population bottleneck refers to the reduction in the

growth of a population and consequently, a reduction in variation of the genetic pool.

Although the phenomenon of the original out of Africa migrations has long been known,
evidence for the back to Africa migration of more than 20kya, has only relatively recently been
published. These migrations occurred about 30 - 20 kya from the middle east into North Africa,
resulting in admixture between North Africans and non-Africans (Forster & Romano, 2007;
Henn et al., 2012; Sanchez-Quinto et al., 2012).

The intra-African migration wave that shapes the genetic diversity in sub-Saharan African
populations is known as the “Bantu expansion”, which refers to the Bantu people of west Africa
migrating to east Africa, and then downwards to southern Africa (the “eastern stream”); and
directly from west Africa into southern Africa (the “western stream”) about 5 - 2 kya (Phillipson,
2005; Salas et al., 2002). Thus, the current populations in southern Africa represent ancestries
derived from east Africa, west Africa and the Khoi-San population who are native to the
southern African region, and belong to the most ancient lineages of modern humans (Henn et
al., 2011; Soares et al., 2016). The South African Bantu languages incorporate closely related

languages such as Zulu, Xhosa, Sotho and Tswana.

1.7.2 GWAS findings cannot be extrapolated between populations

Findings from GWAS studies conducted in EUR populations cannot always be extrapolated
to other populations. Because genetics studies in AFR populations have been limited to small
sample sizes and have employed low-cost methodologies involving assessing variation in
single genes or short genomic regions to investigate the genetic basis of psychiatric disorders,
the comparison of findings between study populations is limited to the genes or genomic

regions investigated in these earlier studies.
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In South Africa, research into the genetics of schizophrenia has been conducted in the
Afrikaner population and in some indigenous African (Bantu-speaking) populations and has
revealed discordance in association findings between these two ethnic groups. The deletion
on chromosome 22q11, that has been implicated in the aetiology of schizophrenia and also
known to confer the largest risk to schizophrenia, was reported not to be associated with
disease in a cohort of 97 Xhosa individuals (Riley et al., 1996). The frequency of the mutation
in the cohort was well below the 2% rate previously reported (Karayiorgou et al., 1995; Koen
et al., 2012). Similar to EUR-ancestry findings, this deletion was identified in the South African
Afrikaner population (Wiehahn et al., 2004), who are a relatively homogenous population and
descendants of the original Dutch, French and German settlers who came to South Africa in
the 17" century. These findings suggest an ancestry-dependent association with the 22q11
microdeletion. Larger studies in AFR-ancestry samples are needed to either confirm or reject

these initial findings.

Other associations, e.g. those on chromosomes 6 and 22 that have been identified as risk
factors in EUR ancestry populations have not been linked to schizophrenia in Bantu-speakers
(Riley et al., 1996; Riley et al., 1997), while those on chromosomes 1, 9 and 13 have been
replicated in the EUR-derived Afrikaner population (Abecasis et al., 2004; Hovatta et al., 1999;
Moises et al., 1995). Further, studies have shown no association of candidate genes KCNN3
(on chromosome 1921), PPP2R2B (on 5q32) and SOD2 (on 6g25.3) with schizophrenia in the
Xhosa population (Hitzeroth et al., 2007; Laurent et al., 2003) despite associations being found
in cohorts of EUR.

WES has been used to identify de novo mutations linked to schizophrenia in a small sample
of the Afrikaner population, which also identified an enrichment of these mutations in cases
compared to controls (Xu et al., 2011; Xu et al., 2012). The largest WES in an AFR cohort
comprised about 2,000 Xhosa study participants. Findings from this study were consistent with
findings from EUR-ancestry samples in that it identified an enrichment in damaging mutations
in genes that are intolerant of LoF variants (Gulsuner et al., 2020). The contrast between this
latter study and others, is the association of variants in the ZFP3 gene with schizophrenia,
although the level of significance was below the accepted threshold for exome-wide
association testing. Notwithstanding, this study provided evidence that genetic studies in
under-represented populations may lead to more variant discovery. Findings from the studies
above, highlight that although common genetic risk factors may exist between populations,

there may be population-specific variants that contribute to disease risk.

21



1.7.3 Use of commercially available GWAS arrays is less informative

There are many GWAS arrays available on the market, from companies such as Affymetrix
and lllumina, for genetic studies. Many of these arrays were designed by selecting variants
that were used as probes from variant analysis from an ascertainment group of people largely
of EUR ancestry. Thus, they may not provide comprehensive coverage for variants in AFR

genomes.

Most arrays are designed using whole genome reference sequences from few members of a
population usually from the HapMap and 1000 Genomes Projects where only West and East
African genomes were studied (Abecasis et al., 2010; Gresham et al., 2008). The probes used
in these array identify variants which have MAF above 1%. However, these variants may not
be present at the same frequency in all AFR populations, and do not account for rare and
population-specific variants. The ascertainment of probes from a group genetically divergent
from the intended group introduces bias, and thus identifies low genetic variation in the

genotyped group.

GWAS arrays that target non-EUR ancestry individuals have been developed including the
Multi-Ethnic Genotyping Array (MEGA) from Illumina (Bien et al., 2019) and the PanAFR Array
from

Affymetrix(http://tools.thermofisher.com/content/sfs/brochures/axiom panafr_arrayplate dat

asheet.pdf). The MEGA array was developed in collaboration with the Population Architecture
Using Genome and Epidemiology (PAGE) study. The study sample comprises African
Americans, Asian Americans, Native Americans, Native Hawaiians and Latino/Hispanics. The
PanAFR array covers the Yoruba from Nigeria, Luhya and Maasai from Kenya and admixed
African-Americans with West African ancestry from the 1000 Genomes Project. Both arrays

do not efficiently represent the genetic diversity in Africa.

The H3Africa array from the Human Hereditary and Health in Africa (H3Africa) Consortium
was developed to fill this gap (Rotimi et al., 2017). The array was designed based on 350
genomes of individuals from all over Africa including those from projects running within the
H3Africa consortium. Currently, this array is the most representative of genetic variation on

the African continent.

22



1.7.4 Short LD blocks improve fine-mapping

Linkage disequilibrium (LD) refers to the degree of association between alleles at different loci,
and is a function of population size and locus-specific factors such as recombination, natural
selection, and mutation. AFR populations have shorter LD blocks compared to non-AFR
populations because of the maintenance of an effective population size — the opposite of the
population bottleneck that came as result of the out of Africa migration, and more time for
recombination to occur. Since GWAS of common variants rely on the association of SNP with
a causal SNP in strong LD, shorter LD blocks help to narrow in on the disease-associated
locus to identify causal variants, an analytical process called ‘fine-mapping’ (Reich et al.,
2001).

This concept of AFR ancestry genomes being useful for fine-mapping was first proven in Type
Il diabetes studies (Helgason et al., 2007), and has since been expanded to many other
complex traits (Auton et al., 2015; Fernandez-Rhodes et al., 2017; Franceschini et al., 2016;
Yoneyama et al., 2017; Zubair et al., 2016). For schizophrenia, findings from a study by Bigdeli
et al. (2019) showed improved fine-mapping of schizophrenia-associated loci when African

American samples were meta-analysed with the larger cohort of EUR ancestry individuals.

1.8 Aims and objectives

This thesis had two aims. The first aim was to investigate the genetic aetiology of
schizophrenia in the SAX population using a custom-designed GWAS array. This work done
to fulfil this aim are covered in chapters 2 and 3 of the thesis. The specific objectives under

this aim are listed below:

Investigate the association of common variants with schizophrenia in SAX

2. Determine the distribution of heritability by genomic partitions and functional
categories

3. Investigate how well genetic risk scores derived from the largest schizophrenia

datasets predict schizophrenia in SAX
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Why the Xhosa people

The Xhosa people are the second largest and southernmost indigenous group in South Africa
with over eight million individuals (Koen et al., 2012). They belong to the Nguni linguistic group
are a culturally and linguistically homogenous. Genetic studies have shown that the Xhosa
are a two-way admixture of the Khoisan, a native South African group, as well as the Yoruba
from West Africa, and are genetically similar within the group (Chimusa et al., 2015). Due to
the polygenicity of schizophrenia, studies in a homogenous group reduces genetic
heterogeneity among the study sample and increases the chance of variant discovery. It is

also advantageous as more heterogenous groups would require even larger sample sizes.

The prevalence of schizophrenia in this group is yet to be determined, however, hospital
records show that over 2,700 patients are admitted to two major psychiatric hospitals annually
in the Western Cape Province (of South Africa) with over 10,000 out-patient visits. In the
Eastern Cape Province, over 600 patients are admitted annually in major psychiatric hospitals
in the larger cities of East London and Port Elizabeth. This study provides an opportunity to

explore population-specific variation in an African context.

The second aim was to assess the generalizability of PRS derived from EUR ancestry
individuals in AFR ancestry populations, covered in chapter 4. The specific objectives under

this aim were to:

1. Investigate the generalizability of PRS derived from EUR ancestry individuals from
UKB in the Ugandan General Population Cohort for 34 quantitative traits

2. Investigate the generalizability of PRS derived from EUR ancestry individuals from
UKB South African Drakenstein Child Health Study for six traits

3. Investigate how the inclusion of diverse populations in GWAS meta-analysis impacts

PRS accuracy.
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Chapter 2: Genome-wide association study of Schizophrenia in the
South African Xhosa people

21 Abstract

GWAS have been used to identify the common genetic variants that are associated with
schizophrenia. Over 200 single nucleotide polymorphisms (SNPs) with small effect sizes have
been identified in studies conducted mostly in EUR ancestry populations, as contributing to
the risk of developing schizophrenia. There is a paucity of data on the genetic and
environmental factors that contribute to the risk of schizophrenia in populations of AFR
ancestry. In this chapter, GWAS was used to investigate the contribution of common variants
to schizophrenia risk in a cohort of 1,038 cases and 1,048 controls from SAX. Further, the
impact of childhood trauma and biological sex on the genetic aetiology of schizophrenia
outcome were investigated. The initial GWAS yielded one SNP (rs35172303, P = 4.74e-08,
OR =0.6004, 95% CI:[0.499,0.721]) in ZFP3 that met the genome-wide significance threshold.
After controlling for childhood trauma, five SNPs in ZFP3 that were in linkage disequilibrium
(r* > 0.6) with rs35172303 were significantly associated with schizophrenia. No conclusive
results were obtained from the sex-stratified GWAS as the two strata could not be compared
because the female strata was significantly underpowered. Results from the childhood trauma
analysis suggested that there was an interaction between childhood trauma and genetics that
may lead to the development of schizophrenia, highlighting the role of environmental factors
in for this disorder. In conclusion, ZFP3 — although not previously associated with
schizophrenia in large-scale GWAS of schizophrenia, may be important for disease risk in
AFR populations, and childhood trauma is likely an important contributor to this risk. It is
therefore imperative that large scale genomics studies are conducted in populations of AFR

ancestry to uncover previously-unidentified variants that may have biological relevance.
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2.2 Introduction

As discussed in chapter 1, GWAS are a hypothesis-free approach to investigating variants
across the genome to identify those that are significantly overrepresented in cases when
compared to controls, or vice versa (Kitsios & Zintzaras, 2009). Such associated variants are
useful in determining genetic risk factors for complex disorders. Since the first published
GWAS of schizophrenia in 2007, more than 100 studies have been reported to date,
implicating at least 3,000 SNPs (https://www.ebi.ac.uk/gwas/). Initial GWAS studies were
underpowered to detect true and replicable associations due to their relatively small sample
size and the genetic complexity of schizophrenia (loannidis, 2005; Kraft et al., 2009).
Generally, for a complex disorder, an adequately powered GWAS study comprises tens of
thousands of individuals (Spencer et al., 2009). Perhaps, because of the established
infrastructure and funding for large scale research, the large majority of GWAS studies have
thus far been conducted in the United States of America (USA) and in Europe, in populations
of EUR ancestry. However, recently, large-scale studies have also been conducted in cohorts
of EAS). There are still only a relatively small number of a studies that have been conducted

in populations of AFR ancestry.

In this chapter, GWAS studies are reviewed by ancestry and findings from these GWAS are
contrasted across ancestries. Then, a GWAS was conducted to investigate the association of
common variants with schizophrenia in SAX. First, a standard GWAS was performed, followed
by a GWAS controlling for childhood trauma experience, and GWAS stratified by biological

sex. The results are presented and discussed in the sections that follow.

2.2.1 GWAS in populations of EUR ancestry

To overcome the sample size limitation, networks of international collaborators have formed
consortia to allow for pooling of samples from GWAS studies for meta-analysis. This increases
the study sample size increases the potential to identify true variant associations. One of the
first consortia to perform case-control comparisons was the International Schizophrenia
Consortium (ISC, comprising 3,322 cases and 3,587 controls) in 2009 (International
Schizophrenia Consortium, 2009). This study by the ISC was the first to show an association
with markers on chromosome 6p in the vicinity of the MHC, implicating this immunological
complex as being important in the aetiology of schizophrenia; and also the first to demonstrate
the polygenetic nature of schizophrenia. In 2013, the association of the MHC was replicated

in an independent GWAS conducted by the PGC which is to date, the largest psychiatric
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genetics consortium internationally (Psychiatric Genomics Consortium, 2011; Ripke et al.,

2013; Schizophrenia Working Group of the Psychiatric Genomics Consortium, 2014).

Fine mapping in the MHC region implicated the complement 4 (C4) gene, specifically, as a
contributor to schizophrenia risk, showing that individuals with the C4A version of the gene
had a greater chance of developing schizophrenia compared to those with the C4B version
(Sekar et al., 2016). The landmark 2014 PGC study (comprising 36,989 cases and 113,075
controls) identified 108 independent loci that were associated with schizophrenia
(Schizophrenia Working Group of the Psychiatric Genomics Consortium, 2014) implicating
calcium signalling channels, glutamatergic neurotransmission pathways and long- and micro-
RNAs, in addition to the MHC. Subsequently, Pardifias et al. (2018) demonstrated that
schizophrenia-associated variants are enriched in mutation-intolerant genes and identified
145 independent loci associated with the disorder. The latest and largest schizophrenia study
conducted in 69,369 cases and 236,642 controls identified 270 independent loci associated
with schizophrenia. These variants were enriched in genes that have an increased burden of
rare deleterious mutations for schizophrenia (Ripke et al., 2020), indicating that both rare and

common variants implicate the same genes.

2.2.2 GWAS in populations of EAS ancestry

GWAS studies of schizophrenia in individuals of EAS ancestry, and specifically in the Chinese
and Japanese populations, emerged in the last decade. Similar to observations from studies
conducted in cohorts of EUR ancestry, variant discovery in the early GWAS studies in EAS
populations was limited by sample size. The earliest study, comprising 575 cases and 564
controls from Japan did not find any associated variants meeting the genome-wide
significance level of a p-value less than 5e-08, but the study produced a sub-significant signal
on chromosome 6p21.31 in the vicinity of NOTCH4, thereby implicating this gene (lkeda et al.,
2011).

Numerous studies have since been performed in the Han Chinese population. In a study of
479 cases and 1,599 healthy controls, followed by a replication cohort of 4,027 cases and
5,603 controls, Yue et al. (2011) identified novel schizophrenia risk loci on two chromosomal
regions: (i) 11p11.2, implicating TSPAN18, and (ii) 6p22.1 implicating NKAPL, ZKSCAN4 and
TSPAN18 (Yue et al., 2011). However, a subsequent study failed to replicate the association

of variants in the chromosomal regions reported by Yu et al. (2011) (in the vicinity of either
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NKAPL or TSPAN18) in 700 cases and 700 controls (Li et al., 2017). The region 6p22.1 spans

the MHC coding region, which has been consistently associated with schizophrenia in EUR.

Other genomic regions, such as those on chromosomes 1924.2 and 8p12 harbouring the
genes BRP44 (on 1924.2) and WHSC1L1/NSD3, LSM1 (on 8q12) were implicated and
validated in a discovery cohort of 3,750 cases and 6,468 controls; and subsequently validated
in a replication cohort of 4,383 cases and 4,539 controls (Shi et al., 2011). Another
susceptibility locus in Han Chinese was identified on chromosome Xq28 (harbouring RENBP,
MECP2, and ARHGAPA4); this locus was originally identified in 498 cases and 2,025 controls;
and subsequently replicated in 1,027 cases and 1,005 controls (Wong et al., 2014).

More recently, new data has emerged from cohorts of larger sample sizes. Three novel loci
on chromosomes 22p16.1 (VRK?2), 6p22.1 (GABBR1) and 10q24.32 (AS3MT and ARL3) were
reported to be associated with schizophrenia in a Han Chinese primary cohort of 4,384 cases
and 5,770 controls, and a replication cohort of 4,339 schizophrenia cases and 7,043 controls.
In a follow-up study with double the initial sample size (7,699 cases and 18,327 controls, and
a replication cohort of 4,384 cases and 18,327 controls and a meta-analysis sample of 12,083
cases and 24,097 controls), Shi et al (2017) identified three loci which had been previously
associated with schizophrenia and four that were novel at loci 3p21.31, 6921, 6927 and
7931.1.

The subsequent and largest study of schizophrenia in the EAS population comprised 22,778
cases and 35,362 controls, and identified 21 genome-wide-significant associations at 19
distinct genetic loci (Lam et al., 2019). These findings replicated the four loci reported in an
earlier study of ‘Chinese-only’ cohort (Yu et al., 2017). Interestingly, the MHC region was not
significantly associated in this study. This was attributed to allele frequency differences in
variants within MHC between the EAS and EUR populations (Lam et al., 2019).

2.2.3 EAS-EUR cross-ancestry risk loci

Two strategies have been employed to evaluate whether risk variants identified in EUR studies
confer the same risk in EAS samples. The first involves the selection and testing of specific
variants at a locus, and the second is through the combination of summary statistics from

GWAS studies, followed by association testing. The latter strategy is known as meta-analysis.
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In the first approach, loci implicated in EUR-GWAS are specifically tested due to their plausible
biological mechanism in the aetiology of schizophrenia. SNPs with the same effect in both
populations have been found in genes such as on chromosomal regions 2p16.1 near VRK2,
3p21.1 near ITIH3/4, 426 near NDST3, 6p21.32 near NOTCH4 and 13q31.3 near MIR17.
However, SNPs on 2932.1 near ZNF804A found to be associated in the EUR study, could not
be replicated in EAS individuals (Huang, 2016; Li et al., 2015; Xiao et al., 2017).

Meta-analyses improve statistical power and potential for variant discovery. In a EUR-EAS
trans-ancestry sample of 43,175 schizophrenia cases and 65,166 controls, Li et al. (2017),
identified 109 loci that were genome-wide significant. Of these, 83 loci had been previously
reported and 26 were novel, and 75% of the genome-wide significant variants identified in
EUR remained significant in the trans-ancestry meta-analysis (Li et al., 2017). Another meta-
analysis of EUR and EAS cohorts, comprising 56,418 cases and 78,818 controls identified
178 loci associated with schizophrenia, 53 of which were novel. Of the 108 loci reported in the
landmark 2014 EUR-GWAS, 89 loci remained significant (Lam, Chen, et al., 2019). The latter
study also demonstrated that a significant number of gene-sets overlap between EUR and
EAS cohorts.

2.2.4 GWAS in populations of AFR ancestry

There is a paucity of data from GWAS studies in populations of AFR ancestry. A GWAS study
of schizophrenia in an African-American cohort of 6,152 cases and 3,918 controls by Bigdeli
et al. (2019) is the largest such study to date. Although this study did not identify any variants
surpassing the genome-wide significance threshold, perhaps due to the inadequate sample
size, it reported that EUR-identified variants have similar direction of effect in their AFR
dataset. This is consistent with findings from the studies in the EAS individuals. Meta-analysis
of an African-American sample with the PGC-EUR cohort yielded 93 loci that reached
genome-wide significance, ten of which were unique (i.e. and not among the 108 previously

reported) indicating the utility of inclusion of diverse samples in large-scale studies.

Trans-ancestry GWAS studies have been important in identifying shared common disease loci
and have demonstrated that the biology of schizophrenia is shared between ancestral groups.
Conversely, the studies have also found that there are population-specific risk variants which
make it necessary to incorporate population diversity in the design of GWAS studies. An
increase in sample size and ethnic diversity of study participants would create the opportunity

to explain more of the genetic liability underlying schizophrenia (Shi et al., 2016).
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2.2.5 Environmental impact on schizophrenia

While schizophrenia is highly heritable (rate ~80%), the proportion of variance in liability
attributable to the genetic variants that have been associated with schizophrenia is only 24%
(Ripke et al., 2020). Numerous non-genetic factors, including environmental exposure have
been proposed to contribute to risk of schizophrenia (Manolio et al., 2009). The literature on
environmental factors, although not as robust as that for genetic studies, has revealed the
strong contribution of factors including paternal age, obstetric complications such as
preeclampsia, drug use, urbanicity, and childhood trauma among others, and as reviewed in
chapter 1 (Gage et al., 2016; McGrath et al., 2014; Stilo & Murray, 2019; van Os et al., 2010;
Vaucher et al., 2018), the mechanism by which these environmental exposures predispose to
schizophrenia are outlined in Table 1.1. Co-workers have shown that childhood trauma
contributes to the risk of schizophrenia in the SAX cohort being reported on in this thesis (Mall
et al., 2019). The continued improvement in instruments for measuring environmental
exposures is leading to a new era of a ‘multi-omics analysis’ of the contributors to

schizophrenia and other psychiatric disorders.

A wide range of data including cannabis use, highest level of education, and HIV status of
study participants were collected for the parent study of which the work in this thesis is a part.
In this regard, the scope of the present investigation of potential environmental contributors
was limited to: (i) biological sex because of the large discrepancy in the numbers of males
recruited in the SAX study, compared to the females; and (ii) childhood trauma because
childhood trauma has been associated with schizophrenia in this cohort. These two points are

further discussed below.

2.2.5.1 Biological sex and schizophrenia

According to previously published reports, schizophrenia affects females and males at a 1:1
ratio. However, data on subject recruitment in the present study reflects a sex-bias in that
there is a remarkably larger proportion of recruited males than females [4:1]. Whether this is
reflective of an ascertainment bias or a difference in the genetic risk profile between Xhosa

men and women is unclear.

Three genetic models, which are not mutually exclusive, have been proposed to explain
phenotypic differences between men and women for complex traits. The first or the Carter

effect, also known as the sex-dependent liability threshold model posits that a sex-specific
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genetic liability threshold is required to manifest a disorder (Carter & Evans, 1969). In other
words, one of the sexes may require a larger proportion of risk alleles to manifest the disorder.
Thus, the trait is likely to have a higher heritability rate in the group with the lower prevalence.
However, studies to date show no difference in heritability rates or prevalence between men
and women across a hundred complex traits (Ge et al., 2017; Traglia et al., 2017; Vink et al.,
2012). For schizophrenia, the earliest sex-specific effects were identified in a study by Shifman
et al.(2008) in a sample of Ashkenazi Jews. In this study, the strongest association was on
chromosome 7922, with the variant rs7341475 (in the RELN gene) in women, but not in men.
This finding has been replicated in subsequent studies (Alfimova et al., 2019; Sozuguzel et
al., 2019).

The second model relates to the sex chromosomes (i.e. XX for females and XY for males).
These chromosomes have properties and effects that drive phenotypic differences in men and
women, such as non-PAR X chromosome (ChrX) genes (one copy in males and two copies
in females), parental imprinting of non-par ChrX genes, non-PAR Y genes (genes only
expressed in men) and the presence of absence of ChrX inactivation. ChrX inactivation occurs
when one copy of the non-par ChrX genes are silenced in females to ensure dosage
compensation for the same genes in men. Evasion from ChrX silencing may result in sex-
biased gene expression patterns. Furthermore, aneuploidy, the presence of more than two
sex chromosomes, may lead to differential gene expression, making it more or less likely to
develop disorders (Raznahan et al., 2018). It is important to note that generally, sex
chromosomes are removed from GWAS analyses due to the lack of methodologies to handle
the aforementioned characteristics of these chromosomes compared to autosomes;

inadvertently excluding genetic heritability contributed by the sex chromosomes.

The sex chromosome model implicates gene-by-sex interactions. In this model, sex is
considered as both a biological and environmental factor which modulates the endogenous
(cellular) environment and response to exogenous factors. In the case of modulation of
endogenous factors, sex-specific hormones at different life stages may influence
predisposition to diseases. For example, the incidence of asthma is highest in boys, but the

incidence in women is double that of men after puberty (Zein & Erzurum, 2015).
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2.2.5.2 Childhood trauma and schizophrenia

The neural diathesis-stress model proposes that early-life psychosocial stress acts on a
predisposition to schizophrenia and triggers symptoms later in life (Walker & Diforio, 1997).
Childhood trauma described in the literature as adversity experienced before the age of 16
years, is characterized as physical, emotional or sexual abuse, and emotional or physical
neglect. Physical and emotional neglect, in particular, have previously been associated with
schizophrenia (Cutajar et al., 2010; Garcia et al., 2016; Xie et al., 2018).

The relationship or interplay between genetic factors and childhood trauma in contributing to
schizophrenia is not straightforward. Evidence exists for two mechanisms: (i) prolonged
exposure to childhood trauma predisposes victims to developing schizophrenia later in life,
and (ii) childhood trauma interacts with the genetic framework to mediate schizophrenia effects
in a dose-dependent manner. A study by Arnsten et al. (2009) encapsulates these two
mechanisms. Their study showed that exposure to childhood trauma, on the one hand,
disinhibits stress signal pathways leading to impaired responses by neuronal cells and
psychotic symptoms; while on the other hand, genetic factors moderate the sensitivity of the

cellular types to stimuli (Arnsten, 2009).

The environmental data collected during the recruitment of the SAX cohort was leveraged to
investigate the sex-specific difference in the genetic architecture of schizophrenia based on
the first proposed model i.e. the sex-dependent liability threshold. The specific aim of this
chapter was to investigate the genetics of schizophrenia in the SAX population and to assess
the impact of biological sex and childhood trauma on the genetic risk of schizophrenia in this

cohort.

2.3 Methods and Materials
2.3.1 Recruitment

This study was approved by the Human Research Ethics Committee (HREC), the equivalent
of an Institutional Review Board of the University of Cape Town (UCT, 149/2018) and forms
part of a larger study approved by HREC of UCT (049/2013), the University of Washington in
Seattle, USA (29501), Walter Sisulu University (003/2013), Rhodes University in the Eastern
Cape Province of South African (2013Q4-7) and Columbia University in New York, USA (049-
2013).
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Study participants were recruited by psychiatric nurses who were proficient in isiXhosa from
psychiatric hospitals and community healthcare centres in the Western and Eastern Cape
provinces of South Africa. Potential study participants were identified in an information session
conducted by the recruitment nurses. In this session, details of the study aims and expected
outcomes were explained, and a flier detailing the study inclusion criteria circulated.
Individuals who were interested in taking part in the study underwent an assessment to
evaluate their understanding of the material shared in the information session and their
capacity to consent using the University of California, San Diego Brief Assessment of Capacity
to Consent (UBACC, Appendix 1) assessment tool (Jeste et al., 2007).

In order to be included in the study, participants had to be Xhosa-speaking (i.e. first language
Xhosa speakers) and between the ages of 21 — 54 years, have a clinical diagnosis of
schizophrenia (the cases), have no psychosis and duration of iliness longer than two years
and pass the UBACC. Participants were excluded if they had an injury requiring
hospitalization, a brain injury, self-injury, or any other injury related to the use of alcohol or

drugs.

All interviews and questionnaires were translated into isiXhosa according to the World Health
Organization (WHO) translation guidelines (Sartorius & Janca, 1996). The schizophrenia
cases were screened and diagnosed according to the Structural and Clinical Interview for
Diagnostic and Statistical Manual for Axis 1 Disorders (SCID-1) (First et al., 2012). All
participants also completed a Childhood Trauma Questionnaire and Discrimination and

Stigma Experiences Scale (Bernstein et al., 2003; Brohan et al., 2013).

Consent was three-tiered (Appendix 2). The first tier meant that participants were consenting
to participate in this study, and that their genetic material should not be shared. In the second
tier, participants could consent to participate in this study as well as other studies in the future.
In the third tier participants consented to sharing of blood for cell immortalization. After written
consent was obtained, whole blood was drawn from each participant and sent to the Genomics
Laboratory in the Division of Human Genetics at the University of Cape Town, where samples
were catalogued and triaged for: (i) DNA isolation, (ii) DNA storage for long term use and/or
(iii) harvesting of cells for immortalization. DNA extraction was conducted in the Human
Genetics lab at UCT, whilst the pre-processing and processing of DNA for long term storage
and the immortalization of cells were done at Tygerberg Hospital in Cape Town and Rutgers

University Cell and Data Repository (RUCDR) in New Jersey, USA, respectively.
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2.3.2 DNA isolation

DNA from 5 - 8 ml of whole blood using the ‘Salting Out’ Method (Miller et al., 1988). Briefly,
the red blood cells were lysed by adding red blood cell lysis buffer (Appendix 3) up to a total
volume of 15ml. The remaining nucleated cells were re-suspended in 600 ul of a white blood
cell lysis buffer (Appendix 3), 2 ul of 20 ug/ml proteinase K (Appendix 3) and 20 pl of 10%
sodium dodecyl sulphate (SDS, Appendix 3). This mixture was then incubated overnight at
37°C to allow complete lysis of the white blood cells. After incubation, 400 pyl of 6M NaCl
(Appendix 3) was added to the solution, which was then vortexed and centrifuged for 20
minutes (min). The supernatant was transferred into a sterile 15ml plastic tube containing 2
ml of absolute ethanol, and inverted ten times to precipitate the DNA out of solution. This was
followed by centrifugation at 2,500 rpm for 10 min, after which the ethanol was decanted
leaving the DNA pellet at the bottom of the tube. The pellet was washed by adding 2 ml of
70% ethanol, followed by centrifugation at 25,000 revolutions per minute (rpm) for 5 min, and
discarding of the ethanol. The DNA pellet was allowed to dry by leaving the tube inverted at
room temperature for at least an hour, and then resuspended in 300 pl of 1X Tris EDTA (TE)
buffer (Appendix 3). For further work, an aliquot of the stock DNA was diluted to 20 ng/ul and
then stored at -20°C.

2.3.3 Sample pre-processing and genotyping

DNA sample pre-processing and genotyping was done at the Centre for Proteomic and
Genomic Research (CPGR, Cape Town, South Africa) using a custom SAXv2 Affymetrix
Axiom™ array (Affymetrix, Santa Clara, California, USA). This array was designed to have
probes to capture genetic variants including CNVs that are common in the Xhosa population,
as well as those that had previously been associated with schizophrenia. The selection of
probes for the array was based on an analysis of 400 Xhosa samples (half with schizophrenia,
and the other half without) that were genotyped on the Affymetrix CytoScan™ HD array,
variation from exome sequence data from about 1,800 individuals and the African Genome
Variation Project and variants from the Infinium PsychArray (lllumina, San Diego, California,
USA)

Sample pre-processing was done using the QIAgility System (Qiagen, Hilden, Germany), and
genotyping was conducted on the GeneTitan® Multi-Channel instrument. Both pre-processing

and genotyping were run in the manner described below and outlined in Figure 2.1.
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Upon receipt of the DNA samples at a concentration of at least 20ng/pul, the DNA concentration
was normalized to 10 ng/pl using the QiAgility System (Qiagen), and then transferred to 2.2
ml deep-well plates in which the polymerase chain reaction (PCR) assays were performed. To
perform the assays, samples were denatured and neutralized in the QiAgility Systems Liquid
Handler (Qiagen). Amplification master mix (Qiagen) was added to the samples and incubated
at 37°C for 23 hours. The amplified product was then fragmented at 37°C for 30 min after
addition of the fragmentation mix (Qiagen). The amplification reaction was terminated by
adding a ‘fragmentation stop solution’ (Qiagen). Fragmented DNA was precipitated by addition
of precipitation mix (Qiagen) and isopropanol, and incubation at -20°C for at least 16 hours.
The fragmented DNA pellet was recovered after the precipitation solution was centrifuged at
3,200x g at 4°C for 40 min. The DNA was then resuspended in 100 pl of a propriety elution
buffer.

The eluted DNA was quantified using the Nanodrop 1000 spectrophotometer (Nanodrop
Technologies Inc., Wilmington, DE, USA). The quality of the DNA was assessed on a 4% e-
gel. DNA samples that exceeded 1,000 pg and with fragments between 25 bp and 125 bp
were transferred onto PCR plates and mixed with hybridization buffer (Thermofisher, Waltam,
Massachusetts, USA) which facilitates the binding of the DNA molecules to the plates. The
samples were then denatured at 48°C and transferred to a hybridization tray (Thermofisher),
which was then loaded onto the GeneTitan multi-channel (MC) instrument (Thermofisher) for
DNA to hybridize for 23.5 to 24 hours. Subsequently, ligation, staining, stabilization and scan
reagents (Thermofisher) were added to the plates, before plates were scanned on the

GeneTitan MC instrument.
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Figure 2.1 - lllustration of the workflow followed to pre-process and genotype DNA samples

at the CPGR.

Sample pre-processing was done using the QiAgility System. The process followed is shown on the left
panel with the first and last steps in the process shown in blue. The green blocks indicate the intermediary
processes. The genotyping process, which is shown on the right panel was conducted on the GeneTitan
multi-channel (mc). The process was initiated with hybridization of DNA to plates, and ends with scanning
of plates to detect genotypes.

2.3.4 Genotype calling and Quality Control

Genotype data was received from CPGR in the form of .cel (intensity) files. Genotyping quality
control (QC) was assessed using the ‘Best Practices Genotyping analysis workflow’ designed
by Affymetrix on the Axiom Analysis Suite Software version 5.0.1 (Affymetrix) implementing
apt-genotype-axiom
(http://www.affymetrix.com/support/developer/powertools/changelog/apt-genotype-
axiom.html). In the workflow poor-quality samples were identified using two metrices: single-
sample metric called ‘Dish QC’ (DQC) and ‘Sample QC’ call rate.
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DQC is a measure of how well signals can be resolved — this is known as contrast and
calculated as the difference between the AT and GC signals over total signal. It is based on
probe intensities at genomic sites that do not differ between individuals (i.e. those that are not
polymorphic). Ideally, probes that are expected to ligate A or T nucleotides should produce
signal in the AT channels, and background signal in the GC channel. Conversely, G or C
nucleotides should produce signal in GC channels while producing background signal in the
AT channel. A high-quality sample will have a high signal in the expected channels and low
signal in the background channel. A contrast of 0 indicates poor resolution between signals,
whereas a contrast value of 1 indicates perfect resolution. Samples with DQC value of less

than 0.82 were excluded.

For ‘Sample QC’, samples were genotyped using 200,000 autosomal probes, a subset of the
comprehensive probe set. Samples with a QC call rate less than 0.97 were excluded. A plate
(96-well format) was approved for genotype-calling when the plate QC was above 98.5%,
where plate QC is calculated as the number of samples that passed DQC and QC call rate/

total samples on the plate, all multiplied by 100 (equation below)

number of samples on a plate that passed DQC and QC call rate
Plate QC = X 100
total number of samples

The quality of called genotypes was assessed by generating cluster plots. For each plot, SNPs
were expected to cluster as AA — major homozygous, AB — heterozygous or BB—minor

homozygous, as illustrated in Figure 2.2
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Figure 2.2 - An illustration of SNP genotype clusters.

The blue and red triangle represent the minor homozygous (BB) and major homozygous
(AA) alleles, while the yellow circles represent the heterozygous alleles (AB). The ellipses
around the shapes represent the prior and posterior ellipses give an indication of where
the genotypes are expected compared to where they cluster.

2.3.5 GWAS Quality Control

GWAS studies are susceptible to spurious associations that may occur because of the quality
of the input genetic data. Data quality can be impacted by several factors including study
design, including ascertainment of cases and controls in the case of binary traits, handling of
samples, batch effects and the quality of the genotypes generated. It is therefore important
that a quality check is conducted prior to association testing to minimise the potential of false-
negative and false-positive associations in GWAS and the likelihood of carrying these into

downstream analyses.

Several GWAS QC standards exist in the literature. For this study, GWAS QC was conducted
following the recommended best practices by McRae et al. (2017). All quality control steps
were carried out by implementing a QC pipeline compiled by Ellingson and Fardo (2016),
which runs the steps outlined below in PLINK v1.9b (Chang et al., 2015).
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Sample quality control: A high genotype missingness rate indicates low quality or low
concentration DNA sample Samples were removed if they had a genotype missingness rate
of more than 5%. Such samples tend to have higher genotyping error. Secondly, samples
were removed if they had a heterozygosity rate more or less than two standard deviations
from the mean. Samples were also removed if the reported sex was different from the
genetically determined sex as this may indicate sample swapping or mislabelling. Lastly,
samples were also removed if they had an Identity by Descent (IBD) score greater than 1.875
which represents halfway between first- and second-degree relatedness. Relatedness can
confound association testing as these tests assume that observations are independent of each
other. Population outliers were removed if their principal components were more or less than

two standard deviations of the mean.

SNP quality control: SNP quality control was initiated by removing SNPs that had a genotype
missingness rate of more than 1%. Hardy-Weinberg equilibrium (HWE) indicates random
mating in the population; SNPs that deviate from this equilibrium indicated non-random
mating, selection and genotyping error (Ryckman & Williams, 2008). SNPs that deviated from
HWE with P < 10e-06 were removed. Additionally, SNPs with a minor allele frequency (MAF)
of less than 1% were also removed, since GWAS are statistically underpowered to detect
effects from rare variants. GWAS are specifically designed to test for the association of SNPs
that are relatively common. SNPs that had a differential missingness rate between cases and
controls were also removed. This is important because GWAS tests for allelic frequency
difference between cases and controls. Differential missingness of SNPs in cases and controls

could lead to spurious association.

2.3.6 Phasing and imputation

Imputation of ungenotyped variants was done on the Wellcome Trust Sanger Institute

Imputation Server (https://imputation.sanger.ac.uk/) (McCarthy et al., 2016), including

genotype phasing with EAGLE2 (Loh et al., 2016), and imputation by the Positional Burrows
Wheel Transform (Rubinacci et al., 2020) tool. Data was prepared according to the instructions
on the webpage. Briefly, PLINK-format files were converted to a variant calling format (VCF)
using bcftools (Li et al., 2009) and sorted by genomic position. The imputation was done using
the African Genome Resources reference panel which contains all the African and non-African

populations from 1000 Genomes Project Phase 3 (1KGP3) in addition to samples from
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Uganda, Ethiopia, Egypt, and South Africa. This African resource has previously shown
superior imputation performance compared to the prevalent 1KGP3 based reference panels
for South African samples (Schurz et al., 2019). Post imputation quality filtering was based on
population allele frequency cut-off of 1%. This threshold was validated by the distribution of

info score values as suggested by Coleman et al. (2015).

2.3.7 Principal component and admixture analysis

Principal component analysis (PCA) was performed using PLINK v1.9b (Chang et al., 2015).
Initially, the first 20 principal components (PCs) were computed for the SAX case-control
dataset based on 800,000 genotyped SNPs. The imputed data were then merged with 1KGP3
dataset, which consists of 2,504 samples from 26 different populations across the globe, and
another dataset containing 220 Khoi-San samples from a study by Schlebusch et al. (2012).
Quality control filters were applied to each dataset before merging as follows: filtering out
SNPs with MAF < 1% (--maf 0.01, --geno 0.01) and pairwise linkage disequilibrium (r*) above
0.1 (--indep-pairwise 50 10 0.1). Dataset merging was done based on 210,702 autosomal
SNPs that were common in all three datasets using PLINK v1.9b (Chang et al., 2015). The
ADMIXTURE (Alexander & Lange, 2011) algorithm was implemented to determine the extent
of admixture in the SAX samples. Admixture plots were constructed in pong (Behr et al., 2016).
The population codes and descriptions for both PCA and admixture analyses can be found in

Appendix 4.

2.3.8 Power calculation

The sample size calculation for the current case-control study was based on the requirement
to replicate the published schizophrenia significant SNPs from the PGC in EUR samples
(PGC-EUR) (Schizophrenia Working Group of the Psychiatric Genomics Consortium, 2014).
The power calculation was carried out using the model implemented by Purcell et al (2003).
For each PGC associated SNP, it was determined whether the published odds ratio lies within
the 95% CI estimated in the current SAX GWAS dataset. Power analysis was conducted on
the basis of a lifetime risk of 1%, the published effect size and MAF of each SNP and the size
of the SAX dataset. It was assumed that the level of significance under a one-sided test would
be 0.05. The error rate for cases was set at 5% for cases, based on general evidence that

misdiagnosis rates are often greater than 5%.
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2.3.9 Genome-wide association testing

Several genome-wide association tests were conducted. First, the association of only the QC’d
genotyped SNPs were tested. Then the association of the imputed data that passed quality
control was tested. For these two GWASSs, a logistic regression that included the first 20 PCs
as covariates was performed. The PCs were included to control for population stratification.
Another GWAS was conducted to test the impact of childhood trauma on the association test
result. For this, scores from the CTQ questionnaire as well as the first 20 PCs were included
as covariates in the logistic regression model. Although the first 10 PCs have been shown to
effectively correct the effects of population stratification, 20 PCs were used in these analyses
to correct for population stratification that may result due to cryptic relatedness. This was done
to avoid inflating the test statistic. Finally, a sex-stratified GWAS was conducted, which

included both PCs and CTQ scores as covariates in the model.

2.3.10 Annotation of GWAS SNPs

For all the generated GWAS summary statistics, FUMA (Functional Mapping and Annotation
of Genome-Wide Association Studies) (Watanabe et al., 2017) version 1.3.6 was used to
annotate GWAS SNPs. FUMA is a ‘one-stop’ web-based application (https:/fuma.ctglab.nl)
that integrates data from across 18 existing biological data repositories (Appendix 5:
Supplementary Table 2.1) to aid in the prioritization of likely causal variants and genes from

GWAS summary statistics.

The SNP2GENE function was used to annotate SNPs according to their biological function
and genes to which they map. The African population genomes from 1KGP3 were chosen as
the LD reference panel. SNPs that had P < 1e-5 and independent of each other at linkage
disequilibrium r? < 0.6 were defined as independently associated SNPs. For each of these
SNPs, correlated SNPs (within the summary statistics files and from the reference panel) with
r* > 0.6 were included for annotation. Independent lead SNPs were defined as independently
associated SNPs at r*< 0.1. A genomic risk locus was defined as an LD block of independently
associated SNPs within a 250kb window of each other. Gene mapping and functional
consequence of variants on genes is done within FUMA using ANNOVAR (Wang et al., 2010),
deleteriousness scores (CADD) (Kircher et al., 2014), potential regulatory function scores
(RegulomeDB) (Boyle et al., 2012) and 15-core chromatin state (Ernst & Kellis, 2012). Further,

mapped genes were annotated with two scores that indicate the tolerance of those genes to
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mutations: the probability of being a loss-of-function intolerance score (pLi) (Lek et al., 2016)

and the non-coding residual variation intolerance scores (ncRVIS) (Petrovski et al., 2015).

The GENE2FUNC function was used to functionally annotate the mapped genes, the output
from the SNP2GNE function. Gene-based analyses were conducted using MAGMA (de
Leeuw et al., 2015). First, a gene analysis is done by computing a gene-based p-value for
mapped genes. Then the gene-set p-value was computed using p-values from 4,728 curated
gene sets and GO terms obtained from MsigDB v5.2. Bonferroni correction and False
Discovery Rate (FDR) were used to correct for multiple testing for the gene and gene-set

analyses, respectively (Weisstein, 2004)

2.3.11 Genetic correlation estimation

The genetic correlation (rg) between schizophrenia and childhood trauma in SAX was
estimated from GWAS QC’ed genotypes in GCTA using the bivariate analysis model (Lee et
al., 2012). First, total childhood trauma was calculated quantitatively as the sum of the
individual trauma domains. Then, GCTA was run using the --reml-bivar 1 2 flag to determine
the genetic correlation between phenotype 1 - childhood trauma and phenotype 2 -

schizophrenia. The first 10 PCs were used as covariates.

All aspects of the methodology, from the isolation of DNA, QC of DNA and genetic data for

GWAS, to the analyses were done by the candidate, unless otherwise stated.
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Results

2.4.1 Study participants

A total of 3,000 participants who self-identified as Xhosa (i.e. identify themselves as belonging

to the Xhosa ethnic group) were enrolled in this study. The final cohort that was used for the

genetic association testing (n = 2,086) comprised of 1,038 cases and 1,048 controls from

psychiatric hospitals and community healthcare centres in the Western and Eastern Cape

Provinces (Figure 2.3). The mean age of study participants was 36 years. Males made up

over 80% of the study sample (Table 2.1).

=
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Figure 2.3 - SAX study recruitment sites and study participant demographics.

A) Cases and controls were recruited from the Western (yellow symbols) and Eastern Cape (green)
symbols) Provinces of the South Africa. The shapes indicated the different sites from where study
participants were recruited. B) Study participant distribution of case-controls status, sex and age.
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Table 2.1 - SAX participant demographic information

Cases Controls
Total no. of
participants 1038 1048
Sex Male 915 (88) 921 (87)
No.(%) Female 123 (11) 127 (12)
Mean 36.17 36.02
Age Median 35 35
(Years) SD 9.1 9.0
Range 21-55 21-54

no; number, %; percentage

2.4.2 Population structure

A PCA of the SAX samples, merged with three additional datasets: (i) the southern African
Khoi-San samples (Schlebusch et al., 2012), (i) 1000 Genomes Project Phase 3 (1KGP3)
(Auton et al., 2015), and (iii) five South African population including the Xhosa (Chimusa et
al., 2015) was plotted. The 1000 Genomes Project data was merged with SAX separately from
the other data to evaluate clustering of SAX sample in the context of global diversity. As
expected, the principal components (Figure 2.4A) showed the clustering of populations by
geographical region; that is the EUR samples clustered together, as did the EAS, South Asian,
American and AFR samples, respectively. Two close but distinct clusters can be seen among
the AFR samples suggesting genetic heterogeneity between SAX and West and East AFR
samples. PCA of SW and SE Bantu; and the Khoi-San samples with the Xhosa samples shows

no distinction of the Xhosa samples from the AFR samples (Figure 2.4B).

To further characterise ancestry, an admixture analysis for up to K=4 (ancestries could not be
broken down further than this) was performed. K=4 shows three ancestral lineages. The
admixture plot (Figure 2.4C) confirms that the Xhosa participants in our study are an admixed

population of West African and Khoi-San ancestry.
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Figure 2.4 - Principal component and admixture analysis of SAX samples against global populations.
Principal component 1 and 2 of SAX samples against (A) 1KGP data and (B) Chimusa et al.(2015) African dataset
(C) SAX Admixture mapping with Pagani dataset for K=2, K=3 and K=4.
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2.4.3 GWAS of schizophrenia in SAX

After GWAS quality control, 566,146 SNPs and 2,086 individuals were considered for genome-
wide association testing. A principal component analysis was done to investigate whether
there were genetic differences between cases and controls. Figure 2.5 shows no genetic
difference between cases and controls (no more than 3 standard deviations) confirming no
population stratification. The first 20 PCs were used as covariates in the logistic regression
model to test for the association of the genotyped SNPs with schizophrenia. Although no SNP
achieved the accepted GWAS level of significance, p-value < 5e-8, there were 69 SNPs that
were suggestively significant (i.e. p-values < 1e-4). The genomic inflation factor (Agc) of 1.06,

indicated no influence from population stratification on these GWAS findings (Figure 2.5).

To improve statistical power to detect association between the genotyped SNPs and
schizophrenia, the GWAS quality-verified genetic data was imputed. Following imputation,
SNPs with INFO less than 0.8 and MAF of less than 1% were removed from the dataset
leaving 15 million SNPs and 2,086 samples remaining for further analysis. Genome-wide
association testing was done, including the first 20 principal components. The top five SNPs,
where top SNPs refers to the SNPs with the smallest p-value, were all in high LD and in the
gene ZFP3 (on chromosomal region 17p13.2, with rs35172303 significantly associated with
schizophrenia (P = 4.74e-08, OR = 0.6004, 95%CI:[0.499,0.721], Table 2.2, Figure 2.6).

Functional annotation of SNPs with P < 1e-05 indicated that a large proportion of these SNPs
were intergenic and mapped to 60 genomic loci, where a genomic locus is defined as SNPs
that are in linkage disequilibrium (r> > 0.6) with the SNP with the smallest p-value and were
within a 250kb window of that SNP. The SNP that met the GWS, rs35172303 on chromosome
17p13.2, was in high LD with 14 other SNPs in this region.
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Figure 2.5 - Genome-wide association analysis of unimputed SAX genotype data.

A) Principal components 1 vs 2, and 3 vs 4 for case and control data. Cases are in the pink shade, controls
are green. B) Manhattan plot of the GWAS association test. The red line denotes the genome-wide
significance thresholds (-log1oP = 7). The blue line denotes the level of suggestive significance at -log1oP
= 4). C) Quantile-Quantile (Q-Q) plot of expected vs observed -log1oP values. The insert is the genomic
inflation factor (lambda GC).
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Figure 2.6 - Manhattan plot of GWAS of SAX imputed data

Only SNPs with P < 0.05 are plotted. The red line denotes the genome-wide significance
level ( -log1oP = 7). The blue line denotes the level of suggestive significance at -log1oP = 4)
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Table 2.2 - Top 20 SNPs for the SAX schizophrenia GWAS

rsiD CHR POS Non effect | Effect MAF P OR 95% CI r? IndSigSNP Nearest func genomic locus
allele allele Gene

rs35172303 17 4987203 C T 0.09758 4.722e-08 0.6043 [0.4999, 0.721] 1 rs35172303 ZFP3 intronic 17p13.2
rs12600437 17 4997433 G A 0.09758 5.57e-08 0.604 [0.4987,0.7212] | 1 rs35172303 ZFP3 UTR3 17p13.2
rs79923411 1 205830974 G A 0.02194 6.234e-08 2.805 [1.946, 4.143] 1 rs79923411 PM20D1 intergenic 19321
rs12941688 17 4985515 G A 0.09758 6.921e-08 0.6083 [0.5031, 0.7256] | 1 rs35172303 ZFP3 intronic 17p13.2
rs79397102 17 4992172 G T 0.07489 9.79e-08 0.567 [0.4553, 0.6951] | 0.740 rs35172303 ZFP3 intronic 17p13.2
17:4992173 17 4992173 A T 0.07489 9.79e-08 0.567 [0.4553, 0.6951] | 0.740 rs35172303 ZFP3 intronic 17p13.2
rs7994406 13 27054702 C G 0.1271 1.658e-07 1.852 [1.477, 2.355] 1 rs7994406 CDK8 intergenic 13912.13
rs1335930 1 221094253 G A 0.4304 2.467e-07 1.395 [1.233, 1.594] 1 rs1335930 HLX intergenic 1941
rs112066605 17 5868828 A G 0.1362 3.866e-07 0.6403 [0.5372,0.7595] | 1 rs112066605 | WSCD1 intronic 17p13.2
rs2797838 9 136538052 C T 0.2337 5.422e-07 1.472 [1.266, 1.714] 1 rs2797838 SARDH intronic 9q34.2
rs12605747 18 63501290 T C 0.07791 6.684e-07 1.576 [1.32, 1.896] 1 rs12605747 CDH7 intronic 18922.1
rs8077075 17 5870139 T C 0.1369 6.803e-07 0.6463 [0.543, 0.7671] 0.994 | rs112066605 | WSCD1 intronic 17p13.2
rs17195085 9 32055943 T C 0.009834 7.093e-07 0.5973 [0.4849, 0.7307] | 1 rs17195085 RNA5SP281 intergenic 9p21.1
rs35010287 9 32113781 C T 0.01891 8.218e-07 0.6146 [0.5027, 0.7434] | 1 rs35010287 RNA5SP281 intergenic 9p21.1
rs144828873 9 32052642 C T 0.009834 8.812e-07 0.5972 [0.4818, 0.7305] | 1 rs17195085 RNA5SP281 intergenic 9p21.1
rs34272446 9 32521954 T C 0.2277 9.276e-07 0.6667 [0.5671, 0.784] 1 rs34272446 DDX58 intronic 9p21.1
rs12236182 9 32056297 T C 0.01664 1.007e-06 0.6039 [0.4912,0.7378] | 0.795 rs35010287 RNA5SP281 intergenic 9p21.1
rs10970713 © 32053690 T G 0.009834 1.108e-06 0.6001 [0.4887, 0.737] 1 rs17195085 RNA5SP281 | intergenic 9p21.1
rs1490316 9 32057628 C T 0.009834 1.2e-06 0.6034 [0.4921, 0.739] 1 rs17195085 RNA5SP281 intergenic 9p21.1
rs10813709 © 32055833 G A 0.009834 1.2e-06 0.6034 [0.4921, 0.739] 1 rs17195085 RNA5SP281 | intergenic 9p21.1

BP, genomic position in HG38; OR, odds ratio; MAF, minor allele frequency; func, function; r?, linkage disequilibrium correlation of variant to the

independently associated SNP (IndigSNP); IndSigSNP, independently associated SNP based on r? < 0.1 in relation to any other SNP.
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2.4.4 GWAS of schizophrenia and childhood trauma

Childhood trauma has previously been associated with schizophrenia in this cohort (Mall et
al., 2019) Study participants completed the childhood trauma questionnaire, with questions
based on five domains of childhood trauma: physical, sexual and emotional abuse; and
physical and emotional neglect. Childhood trauma experience data was collected on an ordinal
scale: a score of 0 representing not having ever experienced the childhood trauma domain,
while the maximum score of 25 represented frequently experiencing the childhood trauma
domain. In general, emotional neglect was the most frequently reported childhood trauma

domain in the SAX cohort, followed by physical neglect (Figure 2.7)

The objective behind this aspect of the study was to investigate whether childhood trauma
impacts the genetics of schizophrenia. In this regard, a GWAS controlling for the first 20
principal components (as was previously done), as well as the five childhood trauma domains,
was carried out. Five SNPs, all on chromosome 17p13.2 and in ZFP3 achieved GWS (Figure
2.8,Table 2.3). These SNPs were the same five SNPs that had the smallest p-value in the
prior GWAS. The improvement of the GWAS test statistics after adjusting for childhood trauma
implies that there is an interaction between childhood trauma and genetics that results in
schizophrenia. Additionally, a positive genetic correlation (r; = 0.19 , se = 0.06) was observed
between schizophrenia and childhood trauma. This suggests a ‘causal’ path from childhood
trauma to schizophrenia, specifically that the more childhood trauma an individual

experiences, the more likely they are to develop schizophrenia.

2.4.5 GWAS of schizophrenia by sex

The male-only GWAS yielded five genome-wide significant SNPs (Table 2.4) which emerged
from the analysis done in the entire dataset (Table 2.3 above), indicating that the association
was driven by the genetic risk burden from males. The characterization of SNPs with P < 1e-
05 (n = 539 SNPs) showed that the largest proportion of these were intronic (Figure 2.9B).
These SNPs mapped to 34 genomic loci and 57 genes. The most significantly associated
locus on chromosome 17 contained 12 SNPs that were correlated with the lead SNP
17:4992173 (Figure 2.9A)
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Figure 2.7 - The distribution of childhood trauma in SAX cases and controls
The frequency of childhood trauma experience categorised by the type of childhood trauma. Cases are filled in blue, while controls are filled in red.
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Table 2.3 - Top 20 SNPs from SAX GWAS controlling for childhood trauma

non
Effect Nearest
rsID CHR POS effect MAF P OR 95% Cl r2 IndSigSNP func genomic locus
allele Gene
allele
rs79397102 17 4992172 G T 0.07489 | 9.086e-10 | 0.4446 | [0.3445, 0.5795] 1 17:4992173 ZFP3 intronic 17p13.2
17:4992173 17 4992173 A T 0.07489 | 9.086e-10 | 0.4446 | [0.3445, 0.5795] 1 17:4992173 ZFP3 intronic 17p13.2
rs12600437 17 4997433 G A 0.09758 | 4.275e-09 | 0.5159 | [0.4176, 0.6511] 0.740 | 17:4992173 ZFP3 UTR3 17p13.2
rs35172303 17 4987203 C T 0.09758 | 4.966e-09 | 0.5204 | [0.4219, 0.655] 0.740 | 17:4992173 ZFP3 intronic 17p13.2
rs12941688 17 4985515 G A 0.09758 | 6.227e-09 | 0.5231 [0.4244, 0.6585] 0.740 | 17:4992173 ZFP3 intronic 17p13.2
rs112464729 17 4979486 G A 0.06657 | 1.075e-07 | 0.5009 | [0.3939, 0.6575] 0.877 | 17:4992173 RP11-4618.3 ncRNA intronic 17p13.2
rs111965854 17 4991932 A G 0.05749 1.105e-07 | 0.4464 | [0.3354, 0.6096] 0.749 | 17:4992173 ZFP3 intronic 17p13.2
rs647586 18 6001128 T C 0.3094 1.541e-07 | 0.5625 | [0.4531, 0.697] 1 rs647586 L3MBTL4 intronic 18p11.31
rs112625518 17 4992957 Cc A 0.05749 | 2.176e-07 | 0.4527 | [0.3395, 0.6194] 0.749 | 17:4992173 ZFP3 intronic 17p13.2
rs1749554 1 236440255 | C T 0.2133 3.005e-07 1.535 [1.309, 1.819] 1 rs1749554 ERO1LB intronic 1943
rs9577600 13 112709730 | A G 0.4478 6.411e-07 1.66 [1.321, 1.969] 1 rs9577600 SNORD44 intergenic 1943
rs146742640 19 2819810 C T 0.03707 | 6.438e-07 | 2.738 [1.834, 4.048] 1 rs146742640 ZNF554 upstream 19p13.3
rs12603507 17 4978638 G T 0.1649 6.758e-07 | 0.6033 | [0.4957,0.7401] 1 rs12603507 RP11-4618.3 downstream 17p13.2
rs7994406 13 27054702 C G 0.1271 6.868e-07 | 2.008 [1.531, 2.659] 1 rs7994406 CDK8 intergenic 13912.13
rs9701452 1 229290907 | G T 0.1271 7.342e-07 | 2.224 [1.619, 3.059] 1 rs9701452 RP5-1065P14.2 intergenic 1942.13
rs10964321 © 19867614 A C 0.208 1.129e-06 | 0.6226 | [0.5076, 0.7448] 1 rs10964321 AL158077.1 intergenic 9p22.1
rs7597776 2 155765313 | G A 0.152 1.155e-06 1.817 [1.416, 2.289] 1 rs7597776 CBX3P6 intergenic 2q24.1
rs10776921 © 137872239 | C T 0.1808 1.234e-06 | 0.5112 | [0.3888, 0.669] 1 rs10776921 RP11-447M12.2 intergenic 9q34.3
rs9652265 13 112688048 | C T 0.3321 1.367e-06 1.462 [1.239, 1.687] 1 rs9652265 SNORD44 intergenic 1943

BP, genomic position in HG38; OR, odds ratio; MAF, minor allele frequency; func, function; r?, linkage disequilibrium correlation; IndSigSNP,
independently associated based on r2 < 0.1 in relation to any other SNP.
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Figure 2.8 - GWAS of schizophrenia controlling for childhood trauma experience.

A) Manhattan plot of GWAS. Broken red line denotes the genome-wide significance thresholds (-log1oP = 7). The top associated SNP (rs79397102)
is labelled. B) Locus zoom plot of genomic loci on chromosome 17. Plotted variants are coloured according to their correlation (r?) with the top SNP
at the locus, including variants from 1000 Genomes Project. Only SNPs with r?> 0.6 are coloured. C) The proportion of SNPs with P < 1e-05 for
each of the functional categories specified on the y-axis.
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As expected, no GWS significant SNPs were obtained from the female-only GWAS (Table
2.5). The SNP with the smallest p-value was rs8051198 (P = 2.847e-06; OR = 7.695) on
chromosome 16 (Figure 2.10A), which surpassed the suggestive association threshold. There
were 202 SNPS that met the P < 1e-05 threshold selected for the annotation. A large
proportion of these were intergenic (Figure 2.10B) and mapped to seven genomic loci (Figure
2.10C).

2.5 Discussion

This GWAS of schizophrenia in the Xhosa population represents the first application of this
method to dissect the genetic underpinnings of a psychiatric phenotype in an African cohort
of this size. The genetic variants associated with schizophrenia, as well as the impact of
childhood trauma and biological sex on the aetiology of schizophrenia in the Xhosa population,

were investigated.

Population structure in SAX

Only individuals who self-identified as Xhosa were recruited for this study. The inclusion
criteria was limited to a single ethnic group in South Africa, despite there being so many, to
limit genetic heterogeneity between study participants. This was because the sample size was
small; even larger samples are required when working with heterogenous populations.
Homogeneity in SAX was demonstrated through population structure analyses, i.e. PCA and

admixture.
ZFP3 is associated with schizophrenia in SAX

Given that the sample size was considerably smaller than that of other studies of complex
disorders, including schizophrenia, it was unexpected that the GWAS conducted here would
yield SNPs associated at GWS level. However, intronic variants at chromosomal position
17p13.2, notably in the gene ZFP3, were consistently associated with schizophrenia. These
finding were consistent with those reported by Gulsuner et al. (2020) for the same cohort using
WES data. The report showed that the SNP rs12600437, which is in high LD (r? = 0.74) with
the associated variant in this study, rs35172303, was associated with schizophrenia, albeit

below the exome-wide level of significance.
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Table 2.4 - Top 20 SNPs from the male GWAS

Non
Effect Nearest
rsiD CHR BP Effect Freq_A | Freq_U P OR 95% CI se r2 IndSigSNP function genomic locus
allele Gene
allele
rs79397102 17 4992172 G T 0.08507 | 0.1436 2.469e-09 | 0.4308 | [0.3266, 0.5681] | 0.1412 1 17:4992173 ZFP3 intronic 17p13.2
17:4992173 17 4992173 A T 2.469e-09 | 0.4308 | [0.3266, 0.5681] | 0.1412 1 17:4992173 ZFP3 intronic 17p13.2
rs35172303 17 4987203 C T 0.1187 0.182 2.923e-08 | 0.5127 | [0.4049, 0.6492] | 0.1205 0.740495 | 17:4992173 ZFP3 intronic 17p13.2
rs12941688 17 4985515 G A 0.1193 0.1823 3.809e-08 | 0.5163 | [0.4079, 0.6534] | 0.1202 0.740495 | 17:4992173 ZFP3 intronic 17p13.2
rs12600437 17 4997433 G A 0.1177 0.1806 4.219e-08 | 0.5146 | [0.4058, 0.6526] | 0.1212 0.740495 | 17:4992173 ZFP3 UTR3 17p13.2
rs111965854 | 17 4991932 A G 0.06278 | 0.1046 1.435e-07 | 0.4213 | [0.3053, 0.5814] | 0.1643 0.749337 | 17:4992173 ZFP3 intronic 17p13.2
rs1749554 1 236440255 | C T 0.3279 0.2557 1.839e-07 | 1.594 [1.338, 1.899] 0.08941 | 1 rs1749554 ERO1LB intronic 1943
rs112464729 | 17 4979486 G A 0.0881 0.1362 2.456e-07 | 0.4843 | [0.3677,0.6378] | 0.1405 0.877624 | 17:4992173 RP11-4618.3 ncRNA intronic | 17p13.2
rs112625518 | 17 4992957 Cc A 0.06222 | 0.1037 2.607e-07 | 0.4267 | [0.3086, 0.5901] | 0.1654 0.749337 | 17:4992173 ZFP3 intronic 17p13.2
rs146742640 | 19 2819810 C T 0.06301 | 0.03517 | 6.682e-07 | 2.856 [1.888, 4.32] 0.2111 1 rs146742640 | ZNF554 upstream 19p13.3
17:39477002 | 17 39477002 A C 6.802e-07 | 1.495 [1.275, 1.752] 0.08092 | 1 17:39477002 | TBC1D3P7 intergenic 17921.2
rs647586 18 6001128 T C 0.1858 0.2478 7.822e-07 | 0.5616 | [0.4467,0.7061] | 0.1168 1 rs647586 L3MBTL4 intronic 18p11.31
rs4790738 17 4974992 G T 0.1703 0.2345 8.096e-07 | 0.5964 | [0.4857,0.7324] | 0.1048 1 rs4790738 RP11-4618.3 intergenic 17p13.2
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rs761314 23 102793333 | C T 0.237 0.1613 8.352e-07 | 2.071 [1.55, 2.766] 0.1477 1 rs761314 RAB40A intergenic Xq22.2

rs12603507 17 4978638 G T 0.1548 0.2116 9.684e-07 | 0.5862 | [0.4734,0.7259] | 0.1091 0.811711 | rs4790738 RP11-4618.3 downstream 17p13.2
17:39507419 | 17 39507419 C T 9.855e-07 | 0.6492 | [0.5461,0.7718] | 0.08825 | 1 17:39507419 | KRT33A upstream 17q921.2
rs9701452 1 229290907 | G T 0.07424 | 0.04723 | 1.467e-06 | 2.286 [1.633, 3.2] 0.1717 1 rs9701452 RP5-1065P14.2 | intergenic 7q921.3

rs114070035 | 19 2817555 C T 0.09008 | 0.05029 | 1.636e-06 | 2.241 [1.42, 2.304] 0.1684 1 rs114070035 | ZNF554 intergenic 19p13.3
17:39507970 | 17 39507970 G T 1.733e-06 | 0.6615 | [1.42, 2.304] 0.08643 | 0.825001 | 17:39507419 | KRT33A upstream 17q921.2
17:39504593 | 17 39504593 C G 1.779e-06 | 0.6618 | [0.5587, 0.784] 0.0864 0.696126 | 17:39507419 | KRT33A intronic 17q921.2

BP, genomic position in HG38; OR, odds ratio; MAF, minor allele frequency; Freq_A, effect allele frequency in affected individuals (cases); Freq_U, effect allele
frequency in unaffected individuals (controls) func, function; r?, linkage disequilibrium correlation; IndSigSNP, independently associated based on r? < 0.1 in relation
to any other SNP.
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Figure 2.9 - Annotation of SNPs from male GWAS.
A) Locus zoom of genomic loci on chromosome 17. B) The consequence of GWAS SNPs with P < 1-e5 on gene function. C) Distribution of GWAS SNPs with P <
1e-5 across genomic loci in terms of size, number (#SNPs), number of genes (#mapped genes) and number of genes located in loci
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Table 2.5 - Top 20 SNPs from female GWAS

Non
Effect Nearest
rsID CHR POS Effect Freq_A Freq_U P OR 95% CI se r2 IndSigSNP function genomic locus
allele Gene
allele
rs8051198 16 6541644 T G 0.3136 0.1652 2.847e-06 | 7.695 [3.275, 18.08] 0.4359 | 1 rs8051198 RP11-420N3.2:RBFOX1 ncRNA intronic 16p13.3
rs61531769 | 21 33291090 T C 0.3475 0.2059 3.295e-06 | 5.72 [2.743,11.93] 03749 | 1 rs61531769 | HUNK intronic 21g22.11
rs28382800 | 19 10501017 A G 0.1626 0.2677 7.232e-06 | 0.1227 | [0.0490, 0.3067] 0.4677 | 1 rs28382800 | CDC37 downstream 19p13.2
rs9378874 6 4420162 A G 0.3583 0.4843 7.383e-06 | 0.2192 | [0.1129, 0.4256] 0.3386 | 1 rs9378874 RNA5SP202 intergenic 6p25.1
rs6922499 6 4421361 T A 0.3607 0.4843 7.383e-06 | 0.2192 | [0.1129, 0.4256] 0.3386 | 1 rs9378874 RNA5SP202 intergenic 6p25.1
rs10023721 | 4 178649639 | C T 0.3319 0.452 8.048e-06 | 0.1988 | [0.0978, 0.4041] 03619 | 1 rs10023721 | LINC0O1098 upstream 4934.3
rs6837148 4 178649809 | A G 0.3319 0.452 8.048e-06 | 0.1988 | [0.0978, 0.4041] 0.3619 | 0.939905 | rs10023721 LINC01098 upstream:downstream 4934.3
rs6837168 4 178649835 | C G 0.3319 0.452 8.048e-06 | 0.1988 | [0.0978, 0.4041] 03619 | 1 rs10023721 | LINC0O1098 upstream:downstream 4934.3
rs6837028 4 178649926 | T C 0.3319 0.4516 8.048e-06 | 0.1988 | [0.0978, 0.4041] 03619 | 1 rs10023721 LINC01098 UTRS 4934.3
rs6837951 4 178650206 | A G 0.3319 0.4516 8.048e-06 | 0.1988 | [0.0978, 0.4041] 03619 | 1 rs10023721 | LINC0O1098 intronic 4934.3
rs6815385 4 178650457 | C T 0.3319 0.4516 8.048e-06 | 0.1988 | [0.0978, 0.4041] 03619 | 1 rs10023721 LINC01098 intronic 4934.3
rs10015021 | 4 178650548 | T C 0.3319 0.4516 8.048e-06 | 0.1988 | [0.0978, 0.4041] 03619 | 1 rs10023721 | LINC0O1098 intronic 4934.3
rs34618406 | 11 116163151 | G T 0.4425 0.2899 8.61e-06 5.027 [2.468, 10.24] 03629 | 1 rs34618406 | snoU13 intergenic 11qg12.1
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rs10491125 17 38895500 T A 0.07965 | 0.190 9.594e-06 | 0.0536 | [0.0146, 0.1958] 0.6611 1 rs10491125 KRT25 intergenic 17qg21.2
rs12646325 4 178650931 A G 0.3263 0.4458 9.997e-06 | 0.2038 | [0.1006, 0.4128] 0.3601 1 rs10023721 LINCO1098:LINC01099 ncRNA intronic 4q34.3
rs7664256 4 178650948 © T 0.3263 0.4458 9.997e-06 | 0.2038 | [0.1006, 0.4128] 0.3601 1 rs10023721 LINC01098:LINC01099 ncRNA intronic 4q34.3
rs2168039 4 178649581 G C 0.3391 0.4556 1.07e-05 0.1982 [3.159, 19.84] 0.3676 1 rs10023721 LINCO1098 upstream 4q34.3
rs9504074 6 4411482 G A 0.395 0.5244 1.413e-05 0.2047 | [0.0964, 0.4074] 0.3653 | 0.961674 | rs9378874 RNA5SP202 intergenic 6p25.1
rs6597055 6 4405454 G A 0.3833 0.5119 1.645e-05 0.2169 [0.0620, 0.3472] 0.3547 | 0.961674 | rs9378874 RNA5SP202 intergenic 6p25.2
rs9392596 6 4411009 A G 0.3833 0.5119 1.645e-05 0.2169 | [0.1082, 0.4347] 0.3547 | 0.955778 | rs9378874 RNA5SP202 intergenic 6p25.3

BP, genomic position in HG38; OR, odds ratio; MAF, minor allele frequency; Freq_A, effect allele frequency in affected individuals (cases); Freq_U, effect allele
frequency in unaffected individuals (controls) func, function; r?, linkage disequilibrium correlation; IndSigSNP, independently associated based on r2 < 0.1 in relation
to any other SNP
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The discovery of genome-wide significant loci in this cohort of modest size is reflective of how
the genetic diversity in AFR genomes, and therefore the shorter LD blocks may be leveraged
to discover previously unidentified disease-associated loci. GWAS catalogue shows that AFR
ancestry populations contribute about 7% of GWAS associations across all traits, despite only
making up 2.4% of the individuals included in the GWAS studies (Morales et al., 2018).

Although ZFP3 has not been previously associated with schizophrenia, even in the published
large-scale GWAS studies on schizophrenia, the largest EUR meta-analysis identified variants
in ZFP3 that were associated with Alzheimer’s disease (Jansen et al., 2019). Given that there
is a genetic correlation between Alzheimer’s and schizophrenia, and both disorders affect
some of the same regions of the brain (Creese et al., 2019), these data suggest that ZFP3, as
a candidate gene, may be more prominent in the aetiology of schizophrenia in South African
populations than has been the case for its EUR- or EAS counterparts. Larger sample sizes

and replication cohorts of AFR ancestry samples are required for further investigation.

Childhood trauma and schizophrenia

Itis uncommon for GWAS studies of schizophrenia to include childhood trauma as a covariate,
as has been done in this chapter, perhaps because data on childhood trauma is not routinely
collected during study participant recruitment. The SAX recruitment protocol was designed to
allow for the collection of as much phenotypic data as possible, especially phenotypes that
are known to be associated with schizophrenia. These phenotypes included childhood trauma

experience.

Childhood trauma has been associated with schizophrenia in the SAX cohort and others (Mall
etal., 2019). After controlling for childhood trauma in the GWAS model, the original association
signal on chromosome 17p13.2 (ZFP3) was enhanced, suggesting that an interaction exists
between childhood trauma and genetics that contributes to the xrisk of schizophrenia. To
further disentangle this interaction, the schizophrenia affected group would have to be divided
into two groups; one with childhood trauma and the other without similar to a study by Coleman
et al. (2020)

The positive genetic correlation between schizophrenia and childhood trauma (rg = 0.19, se.
= 0.066) was similar to that reported for schizophrenia ASD (rqy = 0.16, se = 0.16) (Lee et al.,
2013). Individuals with childhood trauma are more likely to develop schizophrenia. However,
it should be noted that non-genetic factors were not accounted for in the computation for the

correlation between schizophrenia and childhood trauma in this study.
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Previous studies have shown that the severity of schizophrenia symptoms is mediated by
variants in candidate genes that interact with childhood trauma including those in brain derived
neurotrophic factor (BDNF), FK506-binding protein 5 (FK506) and catechol-O-
methyltransferase (COMT) (Aas et al., 2013; Green et al., 2014; Green et al., 2015). BDNF is
important for neurodevelopment in the hippocampus. Stress, which may result from
experiencing childhood trauma, reduces BDNF levels. Lower levels of BDNF have been
observed in patients with schizophrenia compared to those without (Thompson Ray et al.,
2011). Further, epigenetic studies show that childhood trauma is associated with differential
DNA methylation of various promoter regions (Labonté et al., 2012). These changes in DNA
methylation may be the mechanism by which trauma leads to the neurobiological

abnormalities associated with schizophrenia.

Inconclusive evidence for the genetic effects of sex in SAX

Schizophrenia is known to be more common and have an earlier onset in males than in
females. The widely accepted ratio of affected males to females is 1.4-to-1, however these
reports are from epidemiological studies in high income countries. There is reason to believe
that there is a bigger male-to-female disparity in African population based on the SAX study,
and the ongoing Neuropsychiatric Genetics in African populations (NeuroGap,
https://www.broadinstitute.org/stanley-center-psychiatric-research/stanley-

global/neuropsychiatric-genetics-african-populations-neurogap), as well as undocumented

observations in psychiatric wards in Ethiopia.

The case sample in the present study constituted 88% male participants (915 males versus
123 females). Ascertainment bias was ruled out based on the fact that the cohort was recruited
from institutions where the male-predominance already existed, which suggested that
sociological (e.g. specific roles males and females play in their society that may be tied to
cultural norms), or pathological factors (e.g. presentation and severity of disease) may

influence institutionalization.

It has been shown that females are more responsive to antipsychotics and thus more likely to
be hospitalized for shorter periods of time than males (Grossman et al., 2008). This may
explain why fewer females were encountered in the institutions where recruitment took place
for the SAX study. Additionally, the fact that females present with less severe symptoms than
males may explain explain why fewer females present to hospitals in the first place, as they

are able to maintain an active role in society until much later in life.

64



As expected, the exploratory analysis undertaken in this chapter to differentiate the genetic
effects of schizophrenia in the SAX cohort did not yield any conclusive results due to the
limited sample size, especially in the female strata. However, large-scale epidemiological and
genetics studies are warranted to detangle the disproportionate representation of
schizophrenia in African males. It may be worth expanding inclusion criteria to be able to
recruit more women, especially menopausal females who have are more prone to
schizophrenia than those who are not. It may also be beneficial to not only recruit cases from
psychiatric hospitals but from the general community as females are less likely to be

hospitalized.

Trans-ancestry genetic effects

Although the present study cohort is small in comparison to the largest published GWAS, it is
adequately powered for the current set of investigations. From findings presented here, it
provides important clues about the potential genetic risk differences between ancestral

populations. In general, findings from this chapter provide distinct insights:

First, the majority of the GWAS SNPs that were annotated in this study fell in intergenic regions
of the genome, whereas the majority of the associated SNPs in other studies were intronic.
Intergenic SNPs are typically assigned pathogenicity based on the function of the most

proximal gene, whereas the function of intronic variants are the regulation of gene expression.

Second, the top associated variants in the SAX study were not significantly associated in either
the PGC-EUR nor PGC-EAS studies. This is likely due the difference in the frequency of the
effect allele. For example, the frequency of the effect allele (T) of rs35172303 is 16% in EUR-
and 48% in EAS populations, with p-values of 0.5558 and 0.5446 in PGC-EUR and PGC-EAS,
respectively, compared to 10% AFR populations. Conversely, the highest associated PGC-
EUR variant rs115329265 in the MHC (P = 3.48e-31) has a frequency of 15% in EUR, 44% in
AFR and 2% in EAS populations. It is also likely that there are population-specific patterns of
linkage disequilibrium in the MHC region. A larger sample sizes may help delineate the genetic
contribution of variants in the MHC to the risk of schizophrenia in individuals of AFR ancestry.
The largest published GWAS study in individuals of AFR ancestry showed that PGC-EUR
associated variants had the same direction of effect in that cohort (Bigdeli et al., 2019),

implying that there are shared genetic risk factors between populations.
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Trans-ancestry differences (or between-study heterogeneity in genetic effects) can be
attributed to various factors beyond differences in allele effect frequencies, namely (i) sub-
phenotypes: there is potential for clinical heterogeneity between studies which means that the
phenotype being assessed may not be exactly the same between studies, (ii) geographical
background: GWAS study design treats the genome as being static, and does not account for

interactions of genes with others or the interaction of genes with the environment.

Limitations

As alluded to throughout this chapter, the most prominent limitation of this study is sample
size. The sample size required to conduct a successful GWAS is generally predicted to be
tens of thousands of study participants. Although findings from Gulsuner et al (2020) were
recapitulated here, those from previous studies in EUR and EAS ancestry cohorts could not
be replicated, particularly for variants that have been consistently associated with
schizophrenia across different ancestral groups. Further, the sample size limited the number
of disease-associated variants that could be discovered, as sample size is directly correlated
with the discoverability of risk variants. This has been demonstrated by the PGC studies,
where the earliest study in only a few thousand individuals (Psychiatric Genomics Consortium,
2011) led to the identification of three risk loci, compared to the latest study (Ripke et al., 2020)

in tens of thousands of individuals that revealed over 248 independently-associated loci.

In the GWAS analyses, the recruitment site was not included as a covariate. This may impact
the association results if schizophrenia presented differently between the sites, or may act as
a confounder if there were inherent genetic differences between study participants across
sites. Because the sample was male-dominated, the question about whether the genetics of
schizophrenia differs between males and females could not be thoroughly explored or not a
genetic difference exists between males and females. Further, urbanicity and socioeconomic
status are among the environmental factors that have been shown to contribute to the risk of
schizophrenia as discussed in chapter 1, however their contribution was not investigated in
this chapter. It is likely that there are differences in the socioeconomic status between study
participants in the Western and Eastern Cape provinces which may impact access to health

care and disease outcome.
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2.6 Conclusion

The SAX study represents the first GWAS of this size in the southern African indigenous cohort
to date. This study identified a genome-wide significant locus on chromosome 17 that has not
been found in either EUR and EAS ancestry GWAS studies, suggesting that this locus to be

of importance for the aetiology of schizophrenia in the South African population.

Notably, the signal on chromosome 17p13.2, within the ZFP3 hinted at the biology of this gene
and related pathways. ZFP3 is ubiquitously expressed human tissues; regulates the
transcription of RNA polymerase Il and may be important in regulating gene expression in the
brain. The fact that this locus has not been identified in the large international studies of other
EUR and EAS populations suggests that a unique biology underlies the disease in at least a
subset of schizophrenia patients in the South African Xhosa population. The identification of
childhood trauma as a contributor to schizophrenia in the GWAS indicates that there may be
value in investigating environmental components contributing to the aetiology of

schizophrenia, at least in the southern African context.

This cohort provides an opportunity for further investigation into population-relevant risk loci,
to bridge the knowledge gap that exists in psychiatric genomics research worldwide as a result
of the Eurocentric research bias. This will also help minimise the threat of exacerbating the
global health disparities in the absence of knowledge from non-AFR populations. Though the
present findings are limited by sample size, they suggest that population-specific risk loci for
schizophrenia may exist, and highlight the imperative of including more geographically and
ethnically diverse samples in psychiatric genomics research, while also trying to ensure that

at least threshold numbers of different ethnicities are represented in such global studies.

The next chapter explores the heritability of schizophrenia in SAX and the transferability of

polygenic risk scores derived from EUR and EAS populations from the PGC in SAX.
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Chapter 3: Heritability and Polygenic Risk Score analyses of
Schizophrenia in the South African Xhosa people

3.1 Abstract

GWAS studies in EUR ancestry populations have demonstrated that the heritability of
schizophrenia is differentially enriched in functional categories of the genome. These studies
have also shown that polygenic risk scores (PRS) derived from EUR ancestry populations do
poorly at predicting schizophrenia in AFR ancestry populations. Given that the GWAS
conducted in chapter 2 represents the first in the South African Xhosa population, the
enrichment of heritability and generalizability of PRS is not known. In this chapter, the
heritability of schizophrenia was estimated and further partitioned by chromosome, minor
allele frequency (MAF) and 24 functional categories using the Genome-wide Complex Trait
Analysis (GCTA) software. To assess the transferability of PRS between ancestral groups,
PRS were computed for the SAX cohort using GWAS summary statistics obtained from three
ancestral groups: SAX-discovery to assess the within-ancestry transferability of PRS, and
EUR- and EAS ancestry GWAS obtained from the PGC to assess trans-ancestral
transferability of PRS. The case-control status prediction accuracy of PRS was assessed
using Nagelkerke’s R2. The genome-wide SNP heritability of schizophrenia in SAX was 0.288
+0.03 (P =2.609e-15). Chromosome 6 explained the most variance (h?g =0.109578 + 0.0292,
P = 7.0097e-05). Further, heritability was similarly enriched across functional categories
involved in the regulation of gene expression, similar to observations from studies in EUR
populations. These findings suggested that schizophrenia has a similar biological mechanism
across ancestries. The prediction accuracy was low for within- and trans-ancestry PRS,
consistent with low PRS prediction accuracy when the target and discovery cohorts are not
ancestrally matched. Larger and more diverse samples are required to refine the enrichment
of heritability and improve PRS prediction accuracy in populations not currently represented

in large scale GWAS studies.
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3.2 Introduction

GWAS studies in EUR ancestry populations have demonstrated that the heritability of
schizophrenia is differentially enriched in functional categories of the genome. These studies
have also shown that PRS derived from EUR ancestry populations do poorly at predicting
schizophrenia in AFR ancestry populations. In the previous chapter, the genetic aetiology of
schizophrenia was investigated through GWAS for the first time in SAX. The GWAS identified
the locus at the genomic region 17p13.2 to be associated with schizophrenia at the genome-
wide significance threshold. The sub-genome-wide significant loci are also important as they
can be informative of the regions in the genome that harbour disease-relevant loci. Equally,
they can be used to quantify the genetic risk of an individual developing schizophrenia.
Therefore, this chapter had two aims. The first was to determine in which functional categories
the heritability of schizophrenia was enriched. The second was to investigate the prediction
accuracy of PRS within the SAX cohort and across ancestries using publicly available GWAS

summary statistics.

3.2.1 SNP-based heritability

Heritability (h?, also known as broad-sense heritability) is described as the proportion of
variance explained by genetic effects over the total phenotypic variance. SNP heritability (also
known as narrow-sense heritability), denoted as hswe , is the proportion of variance explained
by additive genetic effects over the total phenotypic variance. For example, h’sneis calculated
in GWAS studies as the variance explained by SNPs that have been associated with a
phenotype of interest. In some studies, heritability is partitioned (“partitioned heritability”) to
identify regions on the genome that are enriched with disease-relevant variants in order to

gain a better understanding of the genetic architecture of the disorder

3.2.1.1 Partitioned heritability by genomic characteristics

There are numerous ways in which heritability can be partitioned. The most common and
perhaps most generic way is to partition by chromosome and MAF. Previously Yang et al.
(2011) showed that variance explained by each chromosome is proportional to the length of

the chromosome for highly polygenic traits.
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3.2.1.2 Partitioned heritability by functional elements

It has long been known that most GWAS associated variants for schizophrenia and other
complex disorders occur in non-coding regions, therefore their effects on disease/disorder are
mediated through altering gene expression (Nica et al.,, 2010; Nicolae et al., 2010;
Schizophrenia Working Group of the Psychiatric Genomics Consortium, 2014). This has led
to peaked interest in the field of study of epigenetics, which investigates the impact of non-
genetic factors on gene expression. Recently, the term has been used to refer to histone
modifications and DNA methylation (Arimondo et al., 2019; Dupont et al., 2009).

The chromatin (Figure 3.1), is central to the study of epigenetics, and represents the
conserved state in which DNA is packed into a cell. Chromatin has active regulatory elements
including promoters, enhancers, silencers and transcription factor binding sites. The
nucleosome is the fundamental unit of the chromatin and is composed of four core histones
(H2A, H2B, H3 and H4). Several modifications such as acetylation, methylation, and
phosphorylation can occur on these histones limiting binding of transcription factors (Klemm
et al., 2019; Kouzarides, 2007).

Chromosome

Chromatin fiber

Histones

"Beads on a string"
~— DNA wound on

v) nucleosomes
==

Double helix

Figure 3.1 - Diagram showing the structure of chromatin

Chromatin is the physical substance making up chromosome, and is made up of DNA and
proteins called histones. DNA is tightly wrapped around histones to form the chromatin.
Image was obtained from https://www.genome.gov/genetics-glossary/Chromatin
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Enhancers are DNA regions to which transcription factors bind, controlling cell-specific gene
expression. The human genome has about one million such enhancers (Dunham et al., 2012;
Thurman et al., 2012). Super-enhancers are transcription factor complexes comprising key
transcription factors and a mediator coactivator. Transcription factors that might form super-
enhancers are not known for most cell-types, thus histone modifications H3K27ac, H3K4mef1,
DNAse hypersensitivity are used as biomarkers of super-enhancers (Hnisz et al., 2013).
Disease-specific variation in super-enhancers occurs in cell-types relevant to the disease or

disorder.

3.2.2 Polygenic Risk Scores

The computation of PRS allows pooling of multiple loci of small effects to quantify genetic risk.
The scores are computed from GWAS summary statistics as the sum of the count of risk
alleles weighted by their effect on the phenotype. These scores can then be used to identify

‘at risk’ populations.

The landmark study conducted by International Schizophrenia Consortium was the first to
apply PRS to their dataset of schizophrenia cases and controls of EUR ancestry (International
Schizophrenia Consortium, 2009). This study was fundamental in portraying the polygenic
nature of schizophrenia, and showing that PRS are specific to groups of disorders. Scores
computed in the EUR schizophrenia dataset could accurately predict bipolar disorder status
in an independent sample; but had low prediction accuracy for non-psychiatric disorders
(International Schizophrenia Consortium, 2009). However, the EUR-derived PRS had poor
predictive accuracy for schizophrenia in a sample of African American individuals. This
showed that PRS computed from EUR were better able to predict across disorders within
ancestry, than across ancestries for the same disorder. Subsequent studies in EUR target
populations have shown similar findings of strong within-ancestry PRS prediction accuracy
(Derks et al., 2012). Findings have however been inconsistent for non-EUR target populations;
while some show strong prediction accuracy across ancestries (Bigdeli et al., 2019; |keda et
al., 2011; lkeda et al., 2019), other studies demonstrated poor prediction (Lam et al., 2019;
Bigdeli et al., 2017).

Martin et al. (2017) have empirically shown that PRS prediction accuracy diminished with
increasing genetic distance between the discovery and target populations. EUR and AFR
ancestry populations are the most divergent. The predictive accuracy was 4.5 times less

accurate across EUR-AFR cohorts. Since not many studies of schizophrenia have been
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conducted in AFR ancestry populations it is to be expected that PRS computed in EUR would

perform sub-optimally in African populations.

The aims of the work described in this chapter were two-fold: i) to investigate the distribution
of heritability across the chromosomes, allele frequency spectrum as well as 24 functional
categories, and ii) assess how well PRS derived from EUR and EAS populations from the

PGC can predict schizophrenia in SAX.

3.3 Methods and Materials
3.3.1 Partitioned heritability and functional enrichment of GWAS SNPs

Genome-wide SNP and partitioned heritability estimates were calculated from imputed
genotype data using Genome-wide Complex Traits Analysis (GCTA) software (Yang et al.,
2011). GCTA was used, instead of the widely used LDSC (Bulik-Sullivan et al., 2015) or LDAK
(Speed et al., 2012) because the SAX sample size was smaller than the required size for these
software. Heritability estimates for all the partitions were computed for two scenarios:
unadjusted analysis — without the inclusion of PCs and exclusion of the MHC region, adjusted
analysis — including the first 20 PCs and excluding the MCH region. PCs were adjusted for

to account for population structure, to avoid inflation of the heritability estimates

To calculate genome-wide heritability, a kinship matrix was constructed by computing the
genotypic relatedness matrix (GRM) from SAX GWAS-QC’d genotype data, which included
2,087 samples and about 15 million SNPs (refer to sections 2.3.5 and 2.3.6). Then, heritability
was estimated jointly with GRM using the restricted maximum likelihood (REML) strategy for

a case-control design and a disease prevalence of 0.01 (Lee et al., 2011).

The partitioning of the genome by chromosome and MAF, was done in GCTA. The flag --chr
was used to specify each of the autosomes, and six MAF bins were created, with MAF ranging
from 0.01 to 0.5 (Table 3.1). GRM was computed for each of the partitions, followed by the

computation of the variance explained using REML for a disease prevalence 0.01.
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Table 3.1 - The minor allele frequency bins used to partition heritability

MAF bin | MAF range
1 0.01 —<0.05
2 0.05-<0.1
3 0.1-<0.2
4 02-<03
5 03-<04
6 04- 05

The genome was partitioned into genes and exons using the --cut-genes flag in the LDAK v5.0
software (Speed et al., 2012) based on the Refseq HG19 annotation. Heritability from genes
was estimated using REML in GCTA for a case-control design and a disease prevalence of
0.01 as before. The GRM-models were computed by considering variants within 1,000 bp of

a gene, and controlling for the first 20 PCs.

To partition heritability by functional elements, the main 24 functional annotations (Appendix
6: Supplementary Table 3.1) were obtained from the LDSC software (Bulik-Sullivan et al.,
2015). SNPs were categorized by functional element based on the 1TKGP3 African Genome
reference panel and annotation files obtained from the LDAK site

(http://dougspeed.com/annotations/).

3.3.2 PRS calculation

The strategy used to evaluate the prediction accuracy of PRS within and across ancestries is
illustrated in Figure 3.2. To assess PRS prediction across within ancestry, the SAX sample
was split into two independent groups of equal size (cases = 519 , controls = 524 in each
group) by randomly assigning cases and controls to either SAX-discovery or SAX-target
groups. This was done using the innate shuf function in Linux, and the --keep-fam flag in
PLINK v2 (Chang et al., 2015). Then, a GWAS was conducted using the SAX-discovery
dataset as in section 2.3.9, but without controlling for childhood trauma, to obtain summary
statistics. The GWAS summary statistics were then clumped in PLINK v2 (Chang et al., 2015)
using the SAX sample as the LD reference panel. In other words, clumping was done using

within-sample LD. The clumping of the summary statistics file was done similarly to what was
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described by Stefansson et al., (2009) to obtain independently significant SNPs based on r? <
0.1 and a window-size of 500kb. The summary statistics of the independent SNPs within the
clumps were used to calculate the PRS scores for the SAX-target group across ten p-value

thresholds.

For the trans-ancestry evaluation of PRS predictive accuracy, PGC-EUR and PGC-EAS
summary statistics were clumped using 1KGP genetic data from EUR and EAS ancestry
populations, respectively (Lam et al., 2019; Schizophrenia Working Group of the Psychiatric
Genomics Consortium, 2014). Clumping was done in PLINK v2 (Chang et al., 2015) as before:
r’ <0.1 and a window-size of 500kb. The PGC-EAS dataset had 8 million SNPs, and about
360,573 SNPs remained after clumping, and the PGC-EUR dataset had 9.8 million SNPs, and
290,308 remained after clumping. Clumped summary statistics and their corresponding
weights were used to calculate PRS in SAX-target cohort across ten different p-value
thresholds. For the second part of the trans-ancestry PRS prediction evaluation, a meta-
analysis of PGC-EUR, PGC-EAS and SAX-discovery was conducted to investigate whether
the inclusion of AFR samples in the meta-analysis improves PRS predictive power. A
reference panel was created to reflect the LD structure of the meta-analytic sample. Similar to
before, EUR and EAS ancestry samples from 1KGP3 were used to represent PGC-EUR and
PGC-EAS LD architecture. In addition to these samples, individuals from SAX were selected
to represent the Xhosa individuals in the meta-analysis. The number of individuals included in
the reference panel for each cohort was weighted by the sample size of each study, noting
that 1TKGP3 has a maximum of 500 individuals per population group (Table 3.2). The same
clumping strategy as before was used to clump SNPs. PRS were computed based on these

clumped SNPs.
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Within ancestry PRS set-up
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cases = 1038 ; controls = 1048
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Figure 3.2 - An illustration of the PRS analysis
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A) To assess within ancestry PRS, the SAX sample was split to create a SAX-discovery and -target datasets. GWAS
was conducted on the SAX-discovery dataset, followed by within-sample clumping and computation of PRS in the SAX-
target. B) Summary statistics obtained from PGC-EUR and PGC-EAS were used to calculate scores in the SAX sample.
C) All three SAX-discovery, PGC-EUR and PGC-EAS were meta-analysed. Meta-analytic summary statistics were used

to compute PRS in the SAX-target
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Table 3.2 - Data used to create LD reference panel for the clumping of meta-analytic
results

sample size (cases and controls) 1043 150 064 58 140
proportion of samples in meta-analysis 0.5% 71.71% 27.28%
n samples in LD panel for clumping 2 358 140

For all PRS predictions, case-control status was predicted using a logistic regression of the
scores and the first 20 principal components. The variance explained was assessed using
Nagelkerke’s R? by comparing two models; the first including the first 20 PCs and the
computed PRS scores, and the second including the PCs alone. R? was computed as the

difference between these two models.

3.4 Results
3.4.1 SNP-based heritability

SNP-based heritability was computed in two ways: first without adjusting for population
structure and keeping the MHC region; secondly by adjusting for populations structure by
including principal components and removing the MHC region. In general, heritability
estimates were lower for the adjusted analysis, but the overlap in the 95% CI between the
adjusted and unadjusted analyses indicated no difference between the two analyses types,.
The unadjusted genome-wide SNP heritability was 0.28 + 0.03 (P = 0), and remained the
same after adjustment ( 0.288 + 0.03, P = 2.609e-15).

Heritability varied across chromosomes (Figure 3.3), with the most variance explained by
chromosome 6 (h?g = 0.109578 + 0.0292, P = 7.0097e-05, Appendix 6: Supplementary
Table 3.2), even after adjustment for population structure. Unexpectedly, the variance
explained by chromosome 7 was not different from zero and that explained by chromosome
20 was among the lowest across all. Chromosome 17, which had the significantly associated
SNPs from the GWAS, explained 0.055 + 0.024 (adjusted, P = 1.0020e-02, LRT = 5.408) of
variance (Appendix 6: Supplementary Table 3.2), which was lower than that for

chromosomes 6,2,3 and 8
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Figure 3.3 - The heritability explained by SNPs on individual chromosomes.
Adjusted analysis controls for population structure and the complex linkage disequilibrium structure in
the MHC region on chromosome 6. Error bars represent the 95% confidence intervals.

Similarly, heritability varied by MAF (Figure 3.4). Variants on the lower end of the frequency
spectrum explained more variance than those that were more common. The most common
variants, with MAF between 0.4 and 0.5, explained the least variance in liability (h’g =
0.279151 £ 0.052473, LRT = 22.6, P = 9.9761e-07), compared to variants in the first three
MAF bins, including those with MAF less than 0.05 (h’g = 0.551915 + 0.081673, LRT =
38.268, P = 3.0840e-10) (Appendix 6: Supplementary Table 3.3). Similar to the analysis
above, the adjusted estimates were not different from the unadjusted estimates except for
MAF bin 0.3 - 0.4 where the adjusted estimates were higher than those for the unadjusted

analysis.
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Figure 3.4 - The heritability explained by SNPs in six minor allele frequency bins.
Adjusted analysis controls for population structure and the complex linkage disequilibrium
structure in the MHC region on chromosome 6. Errors bars represent the 95% confidence
intervals.
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Table 3.3 - The heritability explained by SNPs in genes vs exons

Adjusted Unadjusted
h?g (se) 0.27 (0.013) 0.27(0.013)
LRT 81.89 86.58
Genes
P-value 0 0
n SNPs 2549377 2 553990
h?g (se) 0.135 (0.027) 0.138 (0.026)
LRT 21.38 26.94
Exons
P-value 1.878e-06 1.046e-07
n SNPs 537 189 540183

When variants were partitioned by their situation in genes or in exons, the ‘genes partition’

explained more variance than exons (Table 3.3).

The heritability estimates by functional categories are shown in Figure 3.5, Appendix 6:
Supplementary Table 3.4) The functional categories that explained the most variance were
regions conserved in mammals, histone modifications H3Ks, digital genomic footprint, DNase
| hypersensitivity sites including foetal Dnase 1 Hypersensitivity site, repressed regions,
transcription binding site and transcription start sites; each of these functional categories

explained about 0.55 of variance.
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3.4.2 PRS prediction accuracy
Within-ancestry PRS prediction

The GWAS from the SAX-discovery yielded no SNPs that achieved genome-wide
significance. The Manhattan and QQ-plots are shown in Appendix 6: Supplementary Figure
3.1. After computing PRS in the SAX-target, variants with p-value < 1e-04 explained the most
variance (R?>= 2.97e-03, P = 0.042), with a confidence interval that included zero [Cl: 6.81e-
03,-6.456e-03] (Figure 3.6).

Trans-ancestry PRS prediction

The 1KGP EUR and EAS samples were used to clump the PGC-EUR and PGC-EAS GWAS
summary statistics, respectively. After clumping PGC-EUR, 290,308 SNPs remained, and
360,573 remained after clumping PGC-EAS GWAS summary statistics. The clumped variants
when then used to calculate PRS and evaluate their prediction accuracy in the SAX-target
cohort. A similar maximum variance explained was achieved when using scores derived from
PGC-EUR and PGC-EAS, but at different p-value thresholds. That is R? = 0.0057 at p-values
< 1e-06 using PGC-EUR and R? = 0.0059 at p-values < 1e-04 using PGC-EAS (Appendix 6:
Supplementary Table 3.5). The scores derived from the meta-analytic dataset comprising
SAX-discovery, PGC-EUR and PGC-EAS, yielded maximum variance explained (R? = 0.0028,

P = 4.340e-02 ) when all variants were considered despite their p-values (Figure 3.6).
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Figure 3.6 - Polygenic risk prediction accuracy within and across ancestries.
Error bars represent the 95% confidence intervals.

3.5 Discussion

In this chapter, an exploratory analysis was conducted to assess the distribution of heritability
of schizophrenia in SAX, as well as evaluate the transferability of PRS within and across
ancestries. The findings indicated the genome-wide SNP heritability of schizophrenia in SAX
was similar to that in EUR and EAS ancestry samples. Chromosome 6 explained the most
variance, compared to all the other chromosomes. When heritability was partitioned by
functional elements, an enrichment was seen in genomic regions that regulate gene
expression. The PRS prediction accuracy was low within and across ancestries, and was not

improved after trans-ancestral meta-analysis.
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Narrow-sense heritability in SAX is comparable to previous studies

The narrow-sense heritability of schizophrenia in an indigenous South African population was
assessed for the first time. The heritability was slightly higher than that observed for EUR and
EAS populations; 0.28 + 0.03 in SAX, 0.24 £ 0.02 in PGC-EUR and 0.23 £ 0.03 in PGC-EAS
(Lam et al., 2019; Schizophrenia Working Group of the Psychiatric Genomics Consortium,
2014). This was expected because heritability estimates from the two PGC studies were
computed from GWAS summary statistics, whereas the heritability estimates for the SAX
dataset in this chapter were computed from imputed genotype data. The SAX heritability
estimate was however, comparable to that computed for PGC-EUR (0.274 + 0.007) when
imputed genotype data was used (Loh et al., 2015).

It is likely that estimates from genotype data are more accurate than those from GWAS
summary statistics data because LD is more accurately modelled if the LD architecture of the
reference panel used matches that of the population being studied. Currently, there are limited
refence panels available for AFR datasets. While an AFR ancestry reference panel exists
within the 1KGP3, the extensive diversity within AFR populations (as shown in Section 2.4.2)

limits the practical uses of this reference panel.

Limited sample size in SAX restricts accurate estimation of heritability

The findings from the heritability estimates partitioned by chromosome and MAF were
unexpected. Regarding the chromosome partition, heritability was not linearly correlated with
the size of the chromosome, as previously reported (Lee et al., 2012). Additionally, the total
per chromosome heritability exceeded the total genome-wide heritability. For estimation of
heritability across MAF bin, the expectation is that there would be an inverse relationship
between the MAF of a variant and the size of its effect (Park et al., 2011). However, variants
in the bins with MAF up to 0.4 had the same heritability estimates (i.e. 0.055, Appendix 6:
Supplementary Table 3.3).

Several explanations are possible for the observations above. First, the sample size of 2,000
is too low to fit the GCTA models, and thus limits the accurate estimation of heritability.
Secondly, heritability was estimated in the chromosome and MAF partitions using the single
variance component analyses that assumes that heritability is equally distributed across the
genome. However, it is known that heritability is a function of both linkage disequilibrium and

MAF. Thus, multiple variance component analyses using tools such as RHE-mc
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(Pazokitoroudi et al., 2020), where LD and MAF can be properly modelled, would be more
appropriate to estimate heritability across categories. Lastly, it is likely that populations
structure is not adequately controlled for. It has been demonstrated that populations structure
can inflate heritability estimates (Browning & Browning, 2011), which may explain why the

total variance across the partitions exceeds the genome-wide heritability estimate.

Heritability is enriched in functional elements that requlate gene expression

The enrichment of heritability largely in functional elements, such as enhancers and
promoters, that regulate gene expression is consistent with previous findings alluded to
previously and discussed below, indicating that the mechanism by which schizophrenia

develops may be generically related to the transcription process.

The PGC-EUR studies showed an enrichment of GWAS significant SNPs of H3K27ac
enhancers in cells and tissues related to the brain (Schizophrenia Working Group of the
Psychiatric Genomics Consortium, 2014; Ripke et al., 2020). SNPs identified from previous
studies of bipolar disorder and schizophrenia map to H3K4me3-containing regions in the
anterior caudate nucleus and the frontal lobe regions of the brain (Bipolar Disorder Working
Group of the Psychiatric Genomics Consortium, 2011; Schizophrenia Working Group of the
Psychiatric Genomics Consortium, 2011 ; Trynka et al., 2013). Foetal DNAse hypersensitivity
sites are expressed in foetal tissues — enrichment of heritability in these sites as seen in SAX
highlights that mechanisms during brain development are likely to be involved in disease
aetiology. DNAse | hypersensitive sites, so named because of their hypersensitivity to
nuclease cleavage or chemical modification (Gross & Garrard, 1988), are regions of the

genome that are free from nucleosome and allows for binding of transcription factors to DNA.

Several transcription factors have been associated with schizophrenia — notably the
transcription factor 4 (TCF4), which was first associated with schizophrenia in GWAS meta-
analysis and remained among the top-associated SNPs from the landmark PGC-EUR (Forrest
et al., 2018; Schizophrenia Working Group of the Psychiatric Genomics Consortium, 2014;
Stefansson et al., 2009; Xia et al., 2018). Xia et al. (2018) showed that TCF4 was enriched in
gene sets that were preferentially expressed in the brain and were downregulated in TCF4
knockout experiments, similar to findings from Hill et al. (2017). This study also found that of
the 108 loci implicated in the landmark PGC-EUR study, 39 contained at least one TCF4 and
there was an enrichment of heritability in TCF4 binding sites. The findings from the present

study reported in this chapter are consistent with these prior findings.
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It is important to interpret the findings from the heritability estimations within the context of the
limitations of the size of the dataset and the models used. As previously mentioned, the SAX
sample is 1,000 individuals short of meeting the GCTA requirement of at least 3,100 samples
to fit models and maintain standard errors within the 0.1 range. The GCTA-REML model used
assumes a Gaussian distribution, i.e. that heritability is distributed equally across the genome.
By extension, when the chromosome is partitioned, it is assumed that each partition has equal
weight. Other models, like those implemented in LDAK (Speed et al., 2012) and LDSC (Bulik-
Sullivan et al., 2015) account for this limitation by calculating weights based on LD prior to the
computing of heritability estimates. Both these software require 5,000 samples and could not
be used with the SAX dataset.

Prediction accuracy of PRS is low across ancestries

In general, the prediction accuracy of PRS was low within and across ancestries. The PRS
prediction accuracy for schizophrenia in EUR samples using EUR-derived summary statistics
from the first application of PRS in humans conducted by the ISC was 0.032. The prediction
accuracy for bipolar disorder in the same study was 0.014 (International Schizophrenia
Consortium, 2009). This study showed that PRS prediction accuracy is highest when
discovery and target cohorts are matched. These findings have been replicated and improved
in subsequent larger PGC studies (Schizophrenia Working Group of the Psychiatric Genomics
Consortium, 2014; Ripke et al., 2020).

In addition to the PRS prediction accuracy being low, the computed PRS scores performed
similarly when computed using summary statistics within and across ancestry. The confidence
intervals around the R? were large and spanned zero, reflecting the sample size of SAX-target,
suggesting that all true estimates could be zero. The discussion below is based on these point

estimates.

P-value threshold signify the noise-to-signal ratio, with less stringent p-value thresholds likely
to have more noise and include variants that are not relevant to the aetiology of the disease.
Conversely, more stringent p-values have a higher proportion of variants that are likely to be
causal (Martin et al., 2019). PGC-EUR summary statistics associated with SAX cases-control
at p-value < 1e-06, the most stringent p-value of all three datasets, and thus likely including
variants that are important to the aetiology of schizophrenia. The p-value at which variance

explained is maximized is directly linked to the size of the GWAS discovery sample. In GWAS
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that are underpowered to identify GWAS associated variants, it is to be expected that inclusion

of all SNPs (at the least stringent p-value threshold) would explain the most variance.

Considering that the SAX-discovery dataset was smaller in size than PGC-EAS by several
orders, it was surprising that the maximum variance explained p-value was more stringent (P
< 1e-04) than that in PGC-EAS (P < 1e-03). It was surprising that PRS computed in PRS-EAS
were different in terms of p-value at maximum variance explained, given that PGC-EAS and
PGC-EUR have a high genetic correlation (Lam, Chen, et al., 2019).

These observed differences could be attributable to the differences in the LS and allele
frequencies between the populations, but can also be attributed to the clumping reference
panel used. The 1KGP reference panel used contains genotypes from 500 individuals from
East Asia, whereas the summary statistics files was obtained from a GWAS of about 68 000
individuals, and better able to reflect the true LD structure in the sample. It is therefore likely
that the clumping strategy used here was sub-optimal and eliminated variants in the GWAS
summary statistics files that were not in the reference panel. This can be overcome by
obtaining clumps from individual genotype data (rather than summary-level) from the PGC-
EAS study.

It was surprising that meta-analysis of GWAS across ancestries did not improve the prediction
accuracy of case-control status in SAX, with the most variance explained (r* = 0.0025) at all
SNPs irrespective of their p-value. It is possible that ancestry-specific genetic effects diminish
the gains acquired by the increase in sample size. The inclusion of diverse samples in future
large scale studies have the potential of identifying more variants that are common among

multiple ancestries; and help improve PRS prediction accuracy in general.

3.6 Conclusion

This chapter presented results from an exploratory analysis to determine the SNP heritability
of schizophrenia in an indigenous South African population and suggested that the biological
mechanism of schizophrenia may be similar to that reported for EUR ancestry individuals.
Indeed, larger samples from AFR ancestry are required to compute more accurate point
estimate calculations of heritability in AFR ancestry populations. Additionally, methodologies
that are more better suited to estimate partitioned heritability, and adequately account for
population stratification in non-EUR should be employed. With regards to PRS, the prediction

accuracy was low across ancestries, as expected, when PRS was derived from EUR and EAS
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populations to predict phenotypes in an AFR population. Larger and more diverse samples
are required to improve PRS prediction accuracy in populations not currently represented in
large scale GWAS studies. In next chapter, the transferability of EUR-derived PRS are

assessed across AFR ancestry populations for over 34 polygenic traits.
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Chapter 4: Transferability of PRS across diverse AFR populations.

4.1 Abstract

AFR populations are vastly underrepresented in genetic studies but have the most genetic
variation and encounter wide-ranging environmental exposures, globally. As a result, no
systematic evaluation of PRS has been conducted in diverse AFR populations. In this chapter,
PRS were calculated in simulations spanning continental AFR diversity and in empirical data
from South Africa, Uganda, and the UK for over 30 phenotypes including anthropometric,
psychosocial and sociodemographic traits. The prediction accuracy of PRS derived from EUR
samples from the UK Biobank were evaluated across several AFR populations. PRS accuracy
improved with ancestry-matched discovery and target cohorts more than with ancestry-
mismatched studies. Within ancestrally and ethnically diverse South Africans, the accuracy of
EUR derived PRS was low for all traits and varied across groups. The differences in AFR
ancestries contributed more to the variability in PRS accuracy than other large cohort
differences considered between individuals in the UK versus Uganda. When PRS was
computed in AFR ancestry populations using EUR only versus ancestrally diverse studies; the
increased diversity produced the largest accuracy gains for haemoglobin concentration and
white blood cell count, reflecting large-effect ancestry-enriched variants in genes known to
influence beta-thalassemia and malaria resistance, respectively, indicating a key role for
environmental factors in the prediction accuracy of PRS. The differences in PRS accuracy
across AFR ancestries from diverse regions are as large as across out of Africa continental

ancestries, requiring commensurate nuance.
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4.2 Introduction

The results from chapter 3 showed that the prediction accuracy of PRS derived from PGC-
EUR GWAS did poorly at predicting schizophrenia in SAX. This chapter expands on the
evaluation of the transferability of PRS across AFR populations. Seeing that no large genomic
datasets exist for psychiatric disorders in AFR populations, in this chapter, the largest existing
AFR genomic datasets for over 30 non-psychiatric phenotypes were used to systematically

investigate the transferability of PRS within and across diverse AFR populations

GWAS studies have yielded important biological insights into the heritable basis of many
complex traits and diseases (Visscher et al., 2017). However, the vast majority of studies have
been conducted in EUR populations, raising questions about their utility across diverse
populations (Martin et al., 2019; Morales et al., 2018; Popejoy & Fullerton, 2016; Sirugo et al.,
2019). Previous studies have evaluated the generalizability of GWAS by using PRS to
compare the association between genetically-predicted versus measured phenotypes in
diverse populations. These studies have found that PRS accuracy decreases with increasing
genetic distance between the GWAS discovery and PRS target cohorts (Duncan et al., 2019;
Martin et al., 2017; Martin et al., 2019; Scutari et al., 2016). Since the earliest applications of
PRS in human genetics, and increasing numbers of large scale studies in EUR populations, it
is not surprising that PRS are most accurate in EUR individuals and least accurate in AFR
ancestry populations (International Schizophrenia Consortium, 2009). These study biases
continue to be apparent a decade later, with several-fold differences in prediction accuracy of

many traits between EUR and non-EUR ancestry populations (Martin et al., 2019).

Quantifying PRS generalizability within and among AFR populations requires considerable
nuance as they represent the most genetically diverse populations globally, with more than a
million more genetic variants per person than in non-AFR populations (Auton et al., 2015).
Study samples collected even within the same geographic regions of Africa have complex
demographic histories with complicated patterns of admixture and population structure
(Choudhury et al., 2020; Choudhury et al., 2017; Pagani et al., 2015; Uren et al., 2016).
Further, AFR ancestry populations experience vastly different environments within Africa,
versus outside the continent. This is due to the diverse environmental exposures among
communities, within countries and regions of Africa. These differences provide unique
epidemiological opportunities to query the impacts of vastly differing environments on PRS
accuracy (Mostafavi et al., 2020). Previous empirical analyses and theoretical work

fundamentally informs how demographic history and environmental variation interplay to
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produce PRS heterogeneity in traditionally underserved populations (de Vlaming et al., 2017;
Wray et al., 2013; Zaidi & Mathieson, 2020).

There are also clear benefits to including AFR populations in statistical genetics efforts.
Because humans originated in Africa and diversified over eons, populations from this continent
have the greatest genetic diversity among global populations (Auton et al., 2015; Campbell &
Tishkoff, 2008; Henn et al., 2012). For this reason, it is expected that more genotype-
phenotype associations would emerge from studies in AFR populations than can be found in
other populations. African Americans make up 2.8% of GWAS participants but have been
shown to contribute disproportionately to GWAS findings, i.e. 7% of all trait associations
(Morales et al., 2018).

Moreover, the inclusion of AFR ancestry participants in large-scale genetic studies is important
for equity in medical research. They have the lowest life expectancies globally (Hero et al.,
2017; Roser et al., 2013), receive the lowest access to quality medical care in the US (Health
& Services, 2017), and are the most underserved by genetic technologies (Martin et al.,
2018Martin et al., 2018). An understanding of PRS transferability will critically inform
populations that are currently the most underserved and point to where building genetic

studies and resources may have the biggest benefits globally.

For this chapter, the aim was to investigate the portability of PRS across AFR populations

using simulated and empirical data, and the objectives were as follows:

¢ Assess PRS generalizability across AFR populations in simulations using the data from
the African Genome Variation Project.

e Assess PRS generalizability in black and admixed South AFR populations using data
from the Drakenstein Child Health Study.

e Assess PRS generalizability across and within AFR populations using the Ugandan

General Population cohort.
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4.3 Methods and Materials
4.3.1 Genetic and Phenotypic Data

Several datasets were used for the analyses in this chapter and are outlined below. The total
counts of individuals by population and/or study are shown in Table 4.1 and descriptions of

each dataset given below.

1000 Genomes Project
1000 Genomes Project data from the phase 3 integrated call set was accessed and used as

a reference panel and for phasing and imputation (Auton et al., 2015).

Human Genome Diversity Project (HGDP)

Genotype data on the lllumina HumanHap650K GWAS array on hg18 was publicly available
for HGDP (Li et al., 2008). Genotype data was lifted over to the hg19 genome build using hail
(http://hail.is).

African Genome Variation Project (AGVP)

As described previously (Gurdasani et al., 2015), the AGVP data consists of dense genotype
data from 1,481 individuals from 18 ethno-linguistic groups from Eastern, Western, and
Southern Africa when including the Luhya and Yoruba from the 1000 Genomes Project. When
accessed from the European Genome-Phenome Archive (EGA), “Ethiopian” is the provided
population label encompassing the Oromo, Amhara, and Somali groups. After collapsing
these groups and counting the 1000 Genomes data separately, 1,307 individuals from 14
populations are uniquely represented in AGVP, and 2,504 individuals from 26 populations are
represented in the 1000 Genomes Project data (661 individuals from 7 populations are in the

AFR super population grouping).
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Table 4.1 - A description of the datasets used for the analyses

Dataset name

African Genome
Variation Project

1000 Genomes Project

Human Genome
Diversity Project

Drakenstein Child Health

Study

Uganda General
Population Cohort

UK Biobank

BioBank Japan

Population Architecture
using Genomics and

Epidemiology

Abbreviation

AGVP

HGDP

DCHS

Uganda GPC

UKB

BBJ

PAGE

# individuals
included in

analyses
1,307
2,504
1,043

640

4,778

Up to 500,000

Up to 159,195

Up to 49,796

Summary
statistics or
individual-level

individual-level
individual-level
individual-level

individual-level

individual-level

individual-level

summary statistics

14 populations across continental Africa
26 populations globally, 661 individuals from 7 AFR

populations

52 populations globally, 121 individuals from 7 AFR

populations

A multidisciplinary longitudinal birth cohort study in South
Africa study following 1,000 mother child pairs

Cohort was set up in 1989 to examine trends in HIV
prevalence and incidence, and their determinants in rural
south-western Uganda

GWAS data from 500,000 people aged between 40-69
years in 2006-2010 from across the country

GWAS of quantitative and disease traits in 162,255
Japanese individuals

GWAS results from self-identified Hispanic/Latino
(n=22,216), African American (n=17,299), EAS (n=4,680),
Native Hawaiian (n=3,940), Native American (n=652) or
summary statistics Other (n=1,052)

Description

Analysis

Simulations and
reference panel

Reference panel

Reference panel

Empirical
analysis

Empirical
analysis
Empirical
analysis
Discovery
cohort/meta-
analysis

Discovery
cohort/meta-
analysis
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Drakenstein Children’s Health Study (DCHS) in South Africa

The DCHS is an ongoing, multidisciplinary population-based birth cohort study in the
Drakenstein area in Paarl, South Africa (Stein et al., 2015; Zar et al., 2015; Zar et al., 2019).
After providing informed consent, pregnant women were enrolled during their second trimester
(20 — 28 weeks gestation); maternal-child dyads were then followed through childbirth and
longitudinally thereafter. Enrolment occurred from March 2012 to March 2015 at two primary
health care clinics — TC Newman, serving a predominantly mixed ancestry population and
Mbekweni which serves a predominantly Black African population). Women were eligible to
participate in the DCHS if they attended one of the study clinics, were at least 18 years of age
and intended to remain residing in the study area. Table 4.2 shows the phenotypes assessed
in DCHS, including the GWAS summary statistic files used to compute PRS. All GWAS

summary statistics were from individuals of EUR ancestry.

Uganda General Population Cohort (GPC)

The rural Uganda GPC of MRC/UVRI & LSHTM Uganda Research Unit was set up in 1989
initially to monitor the HIV epidemic among adults, children, and adolescents, but its mandate
has since expanded to include other medical conditions (Asiki et al., 2013). The ‘original GPC’
is located in the sub-county of Kyamulibwa in rural south-western Uganda with activities
having recently been expanded to the neighbouring two peri-urban townships of Lwabenge
and Lukaya. The ‘original GPC’ includes about 10,000 adults and about 10,000 children and
adolescents. In 2011, genotype data was generated on more than 5,000 adult participants
from nine ethnolinguistic groups using the lllumina HumanOmni 2.5 BeadChip at the Sanger
Wellcome Trust Institute (Asiki et al., 2013; Heckerman et al., 2016). The measured

phenotypes are shown in Appendix 7: Supplementary Table 4.1.
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Table 4.2 - The phenotypes measured in mothers who participated in the Drakenstein Child Health Study, alongside the GWAS summary
statistics used to compute the polygenic risk scores and their corresponding files.

GWAS

Trait type Trait name Variable type GWAS trait sample ?WAS Link
size reference
Physical/ Maternal continuous Height ~360k Neale Lab https://www.dropbox.com/s/ou12jm89v74k55e/50 ir
height nt.gwas.imputed v3.both_sexes.tsv.bgz?dI=0 -O
biomedical 50_irnt.gwas.imputed_v3.both_sexes.tsv.bgz
Psychosocial risk Depression continuous & Major 75,607; https://www.n https://www.med.unc.edu/pgc/results-and-
dichotomous Depression cbi.nlm.nih.go downloads
231,747 v/pubmed/297
00475
Psychosocial risk Depression continuous &  Major 135,458; https://www.n ' https://www.med.unc.edu/pgc/results-and-
dichotomous Depression 344,901 cbi.nim.nih.go downloads
v/pubmed/297
00475
Psychosocial risk Psychological continuous & Subjective well-being Turley etal, https://www.thessgac.org/data,
distress dichotomous 2018 http://ssgac.org/documents/MTAG_README.ixt
Psychosocial risk Substance use continuous & | Drinks per 941,280 https://doi.org/ https://conservancy.umn.edu/handle/11299/201564
dichotomous  week 10.1038/s415
88-018-0307-
5
Psychosocial risk Substance use continuous & Smoking 1,232,091 https://doi.org/ https://conservancy.umn.edu/handle/11299/201564
dichotomous initiation 10.1038/s415
88-018-0307-
&
Sociodemographic  Ethnicity dichotomous  N/A
Sociodemographic  Maternal age continuous N/A

at enrolment



UK Biobank (UKB)

The UK Biobank (UKB) enrolled 500,000 people aged between 40-69 years in 2006-2010 from
across the country, as described previously (Bycroft et al., 2018). A more detailed description
of the cohort can be found at: https://www.ukbiobank.ac.uk/. Only phenotypes that overlapped

with those studied in the Uganda GPC were analysed in this chapter.

4.3.2 Ancestry analysis in the UKB

The UKB consists of approximately half a million participants of primarily EUR ancestry who
have thousands of measured or reported phenotypes. To assess PRS accuracy across
diverse ancestries, populations of ancestral groups were identified at two levels: 1) among
continental groups, and 2) among regions in Africa. To define continental ancestries, the
reference data from 1KGP3 was combined with HGDP into continental ancestries according

to their corresponding meta-data Table 4.3.

Then, PCA was run on unrelated individuals from the reference dataset. To partition
individuals in the UKB based on their continental ancestry, the PC loadings from the reference
dataset were used to project UKB individuals into the same PC space. A random forest
classifier was trained given the continental ancestry meta-data (AFR = African, AMR =
admixed American, CSA = Central/South Asian, EAS = East Asian, EUR = European, and
MID = Middle Eastern) based on the top six PCs from the reference training data. Then, this
random forest was applied to the projected UKB PCA data and assigned initial ancestries if
the random forest probability was > 50%, otherwise individuals were dropped from further

analysis.
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Table 4.3 - The breakdown of datasets into continental and regional ancestries

Dataset Continental Continentql a_ncestry African _ Count Discovery or
ancestry code description ancestry region target
UKB EUR European N/A 351194 Discovery
UKB AFR African N/A 8426 Target
UKB AMR Admixed American N/A 1099 Target
UKB CSA Central/South Asian N/A 10084 Target
UKB EAS East Asian N/A 2753 Target
UKB EUR European N/A 9947 Target
UKB MID Middle Eastern N/A 1553 Target
UKB AFR African Admixed 4445 Target
UKB AFR African West 2778 Target
UKB AFR African East 728 Target
UKB AFR African Ethiopia 293 Target
UKB AFR African South 182 Target
Uganda
GPC AFR African Uganda 2247 Target

Next, AFR ancestry individuals were further partitioned using the same random forest
approach as above but without further probability thresholding using AFR ancestry reference
data from AGVP, HGDP, and the 1000 Genomes Project. These reference data were
partitioned into UN regional codes with an additional region for Ethiopian populations given
their unique population history and collapsing in AGVP data (Admixed, Central, East, Ethiopia,
South, and West Africa), as shown in Table 4.3. PCA with reference data at the continental
and subcontinental level within Africa are shown in Appendix 7: Supplementary Figures 4.1
-4.2.
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4.3.3 Phasing and imputation

The Ricopili pipeline was used to conduct pre-imputation QC and perform phasing and
imputation for AGVP and the Uganda GPC (Lam et al., 2019). This pipeline was also used on
the DCHS data, as described previously (Duncan et al., 2018). Briefly, data was phased using
Eagle 2.3.5 and variants imputed using minimac3 in chunks = 3 Mb. The 1000 Genomes
phase 3 haplotypes were used as the reference panel for phasing and imputation.

Downstream steps for each dataset were as follows:

For the AGVP dataset, strict best guess genotypes were used, where a variant was called if it
had a probability of p > 0.8 and a missing rate less than 0.01 and MAF > 5%. Then, variants
with MAF < 0.001 were excluded from further analyses. For Uganda GPC, combined best
guess genotypes were used, where a variant was called if it had a probability p > 0.8 or set to
missing otherwise. Then, SNPs were filtered to keep sites with missingness < 0.01 and MAF
> 0.05.

4.3.4 Principal component analyses

Only SNPs with high imputation quality (INFO > 0.8) were considered for PCA. The first 20
principal components were computed using PLINK v1.07b (Chang et al., 2015) with the --pca
flag for autosomal SNPs MAF > 0.05 and individual missingness < 0.05.

4.3.5 Simulations

To test the PRS prediction accuracy within and across AFR populations, a quantitative trait

was simulated at four heritability rates (h? = 0.1, 0.2, 0.4 and 0.8) as follows:

First, effect size were randomly assigned to 5, 20, 100, 2,000, 10,000 and 50,000 causal
variants, respectively. The causal effect was calculated based on the relationship between
effect size and MAF as shown by Schoech et al. (2019), where variants on the lower end of
the MAF spectrum have larger effects than those that are more common in the population. An
individual's ‘true’ polygenic risk was then calculated as the sum of all causal effects using the
--score flag in PLINK v1.07b (Chang et al., 2015). True polygenic scores were standardized
to a mean of zero and standard deviation of 1. To account for the contribution of environmental

risk factors, a random environmental effect was assigned from a normal random distribution
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(mean = 0; sd = 1). The quantitative phenotype was generated per heritability rate as the sum
of the true polygenic risk and heritability rate, coupled with an environmental effect given in

the equation below:

phenotype = true polygenic risk + (1 - h?) environmental effect

GWAS was then conducted for the simulated phenotype by splitting the AGVP dataset into
three groups broadly representing the three geographical areas from where samples were
obtained: East (n = 589), West (n = 517) and South Africa (n = 186, Figure 4.1A). To allow
for the quantification of PRS prediction accuracy across the geographical regions, each group
was further split into discovery and target cohorts, such that size each target cohort had 186
individuals. We conducted a linear regression in PLINK v2 (Chang et al., 2015) for all the
simulated traits for the East and West discovery datasets, controlling for the first 20 principal

components.

In PLINK v1.07b (Chang et al., 2015), independent SNP sets were obtained for each discovery
cohort by clumping SNPs from corresponding summary statistics files with an LD threshold of
r’> 0.1 and a window size of 500 kb. The effect sizes from the SNP set was used as weights
to compute PRS for all three of the target datasets for a range of p-values (5e-08, 1e-06, 1e-
04, 1e-03, 1e-02, 0.05, 0.1, 0.2, 0.5 and all). PRS were calculated in PLINK v2 (Chang et al.,
2015) using the --score and --g-score-range flag (Figure 4.1B).

4.3.6 Heritability estimation

For the Uganda GPC, the heritability estimates of 34 quantitative traits computed previously
were used (Gurdasani et al., 2019). For UKB, heritability estimates were computed for the
same traits using LD score regression with the default model (i.e. without any functional
annotations) (Bulik-Sullivan et al., 2015) and using population-matched LD score references
from EUR populations downloaded from the authors’ website
(https://data.broadinstitute.org/alkesgroup/LDSCORE/).
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Figure 4.1 - A graphical representation of the simulated GWAS and PRS
prediction accuracy across diverse regions of Africa using genetic data from

the AGVP.

A) Populations were grouped into East, West, and South based on the United Nations
geoscheme groupings. B) GWAS discovery cohorts included East (N = 403) and West
(N=331) AFR individuals, which were independent of each target cohort (N = 186
individuals per region). South Africans were excluded from the discovery population
due to the limited total sample size (2 populations and 186 individuals total)

4.3.7 PRS calculation

All PRS were calculated using a pruning and thresholding approach with an LD reference
panel. All clumping was done using PLINK v2 (Chang et al., 2015) with an LD threshold of r?
= 0.1 and a window size of 500 kb. PRS scoring calculations were conducted using the --score
and --g-score-range flags in PLINK (Chang et al., 2015) for AGVP simulations and DCHS.
Custom scripts in hail (http://hail.is) were used to calculate PRS in the Uganda GPC and UKB
data due to the larger sample sizes. For imputed genotypes, SNP dosages in PRS calculations
were used. Ten PRS were calculated for each analysis, including independent effects from
the following p-value thresholds: 1, 0.5, 0.2, 0.1, 0.05, 0.01, 1e-3, 1e-4, 1e-6, 5e-8. For all

analyses, the PRS that explained the most phenotypic variance was used.

PRS prediction accuracy was calculated using partial values for continuous traits computed
with custom scripts in R. For AGVP simulations and DCHS (because all participants were

mothers of a similar age), the first 10 PCs were included as covariates when computing the
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partial R? or pseudo-R? specifically attributable to the PRS. For Uganda GPC data, age, sex,
and the first 10 PCs were computed when computing partial R? of the PRS. For more
consistency with the GWAS that were run in UKB previously (Howrigan, 2017) and here with
a holdout target set, age, sex, age?, age*sex, age**sex, and the first 10 PCs were included as
covariates when computing PRS R?. (The UKB EUR GWAS included 20 PCs, but fewer were
used due to the particularly small sample sizes of some target ancestry groups coupled with

minimal population structure observed in PCs lower than PC10, Table 4.3).

4.3.8 Meta-analysis

PLINK v2 (Chang et al., 2015) was used to conduct inverse variance-weighted meta-analysis

across GWAS summary statistics with the --meta-analysis option.

4.3.8.1 LD reference panels and clumping

The cumulative contribution of genome-wide SNPs to polygenic risk of a range of traits and
cohorts was estimated, primarily using holdout target cohorts from the UKB or other cohorts
listed in Table 4.4 based on LD clumping and p-value thresholding using PLINK v2 (Chang et
al., 2015) and hail. Because not all genetic data used in the meta-analyses was available at
the individual-level, the 1TKGP3 data was used as a proxy LD reference panel. The ancestral
representation of each population per trait was weighted to match the continental level.

Individuals were matched as in Table 4.4.
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Table 4.4 - 1KGP3 reference population used per dataset included in the meta-

analysis
Cohort 1KGP3 reference data Citation
Biobank Japan . _
East Asian (EAS) (Nagai et al., 2017)
(BBJ)
UK Biobank European (EUR) (Bycroft et al., 2018)

Ugandan Genome

Architecture using
Genomics and
Epidemiology
(PAGE)

AMR

(depending on trait,

see Appendix 7: Supplementary
Table 4.2 description for more detail)

Resource African (AFR) (Gurdasani et al., 2019)
(UGR)
Population Proportional weighting of AFR, EAS,

(Wojcik et al., 2019)

The maximum number of individuals was used to construct this proportional reference panel.

For example, in the meta-analysis of height across the UKB, BBJ, and PAGE cohorts, UKB

has the largest sample size in the discovery cohort (N = 350,353), so all EUR from 1KGP were

included in the reference panel (N = 503), while a random sampling of EAS, AFR, and AMR

individuals were included proportionally to the overall diversity of the discovery cohorts in the

meta-analysis.
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4.4 Results
4.4.1 Simulated PRS accuracy within and across diverse AFR populations

Several quantitative traits with varying numbers of causal variants (N = 5; 20; 100; 2,000;
10,000; and 50,000) and heritability rates (h?= 0.1, 0.2, 0.4, and 0.8) were simulated. Then
independent GWAS were conducted for each number of causal variants, heritability rate and
population based on geographical region (i.e. East or West Africa) combination. This resulted
in a total of 48 independent GWAS. The prediction accuracy for PRS derived from the GWAS
summary statistics was calculated, considering ten different p-value thresholds within and
across independent target populations from East, West, and South Africa. In general,
ancestry-matched results with the sparsest and most heritable genetic architectures produced

the highest prediction accuracy (Figure 4.2 - Figure 4.5).

The prediction accuracy was highest for the most heritable trait with the sparsest genetic
architecture. Specifically, the simulated trait with the heritability rate of h?= 0.8 and number of
causal variants fewer than 100 (n = 5 and n = 20) had the highest R? (Figure 4.2). The within-
ancestry prediction at p-value threshold < 5e-08 and 5 causal variants were: R?> = 0.86, p =
1.74 X 107 for East discovery - East target scores; R? = 0.85, p = 9.9e-74 for West discovery
- West target scores (Figure 4.2). Lower prediction accuracy was observed with ancestry
mismatched discovery versus target cohorts at five causal variants and p-value threshold =
1e-6 ( R?=0.66, p = 1.79e-42 for West discovery - West target scores, compared to R?= 0.53,
p =1.29e-74 for East discovery - West target scores). The scores in the South target sample
were comparable when using East- or West-derived summary statistics (R? = 0.86, p = 5.19e-
84 for West-derived summary statistics, and R?= 0.86, p = 1.35e-83 for East-derived summary
statistics). For the same ftrait, the negligible prediction accuracy when the number of causal
variant exceeded 100 can be attributed to the small discovery cohort sample sizes leading to

no variants meeting the genome-wide significance threshold in the GWAS.

The prediction accuracy declined with the decrease in the heritability rate of the trait. As
expected, the least heritable trait (h> = 0.1) had the lowest prediction accuracy across
ancestries and number of causal variants (Figure 4.5). This suggests that non-genetic factors

contribute to the risk of this trait.
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Figure 4.2 - Simulated PRS accuracy across regions of Africa, and various number of causal variants for a trait with heritability rate

of 0.8.
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4.4.2 PRS accuracy in South African populations

While the simulations showed that PRS generalize poorly across Africa due to substantial
genetic diversity and differences across the continent, there was also considerable genetic
and environmental diversity within regions and countries. PRS accuracy for a range of
measured phenotypes in mothers genotyped in the DCHS cohort in South Africa was
quantified, including several sociodemographic, physical/biomedical, and psychosocial risk
traits (Table 4.2). The DCHS cohort consists of participants with multiple ancestry groups that
include an admixed population with ancestry from multiple continents, as well as a population
with almost exclusively AFR population. These ancestry groups correlated with self-reported

“Mixed” and “Black/African” ethnicities, respectively (Figure 4.6).

PRS were computed for maternal height, depression, psychological distress, alcohol
consumption, and smoking in DCHS overall, by ethnic group, and by ancestry within the Mixed
ethnic group. Across all genetically predicted phenotypes, only height was significantly
predicted (Figure 4.7). Height was more accurately predicted on average in the ancestry
clusters most correlated with the Mixed versus Black/AFR ethnic group (R?= 0.099, 95%
bootstrapped Cl = [0.012, 0.18], P =1.5e-7 versus R?= 0.021, 95% CI = [-0.031, 0.043], P =
5.27e-3, respectively). It was expected that PRS accuracy would increase with decreasing
AFR ancestry within the Mixed ethnic group as has been shown previously in admixed AFR
populations (Bitarello & Mathieson, 2020). The results showed suggestive evidence that was
consistent with this trend when partitioning the Mixed group into two bins along the first
principal component (PC1) (R?= 0.091, 95% CI =[-0.04, 0.17], P = 6.4e-4 in lower half of PC1
corresponding to more AFR ancestry vs R?= 0.12, 95% Cl = [-9.0e-4, 0.21], P = 5.7e-5 with
more out of Africa ancestry), although small sample sizes (N = 137 in each PC1 bin) limited
definitive comparisons. These results are consistent with variable prediction accuracy among
diverse AFR ancestry groups within South Africa, and insignificant prediction in African

populations for all but the most heritable and accurately predicted traits elsewhere.
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Figure 4.7 - PRS accuracy by ethnicity in the DCHS cohort for five measured phenotypes.

Max R? shows specifically the PRS threshold that explains the most phenotypic variation. Abbreviations are: EPDS =
Edinburgh Postnatal Depression Scale, BDI = Beck Depression Index, ASSIST = Alcohol, Smoking and Substance
Involvement Screening Test.
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4.4.3 Phenotypic and genetic difference across the Uganda GPC and UKB

4.4.3.1 Lower phenotypic correlations in Uganda GPC suggest higher contributing
environmental effects

The phenotypic similarities within and across the Uganda GPC and UKB participants were
investigated. These are two of the largest cohorts with dozens of traits measured in AFR
ancestry individuals. It should be noted that there were fundamental differences in the designs
of these cohorts. The Uganda GPC enrolled participants using a house-to-house study design
and generated genetic data on 5,000 adults from rural villages in southwestern Uganda (Asiki
et al., 2013), while the UKB enrolled 500,000 people aged between 40 - 69 years in 2006 -
2010 from across the country (Methods (Bycroft et al., 2018)). Previous studies have reported
higher rates of infectious diseases (e.g. HIV, hepatitis B and C) in the Uganda GPC than would
be expected in the UKB (Asiki et al., 2013). There are many additional potential environmental
explanations for mean shifts in phenotypes, such as dietary and food security differences
contributing to considerable BMI differences across cohorts (u = 21.3 and o = 3.8 in Uganda
GPC versus p =27.4 and 0 = 4.8 in UKB, p < 2.2e-16).

To quantify comparisons while controlling for demographic differences for each of the 34
quantitative traits (Appendix 7: Supplementary Table 4.1) measured in both cohorts, the
means for each phenotype were centered, then the effects of age and sex within each cohort
were regressed out. Next, the distributions and variances of each phenotype across cohorts
were compared via the Kolmogorov-Smirnov (K-S) and F-tests, respectively. Given the large
sample sizes, all K-S tests were significantly different (Appendix 7: Supplementary Table
4.2), with several phenotypes (e.g. Bilirubin, basophil count (BASO), HbA1c, alkaline
phosphatase test (ALP), eosinophil count (EOS), triglycerides (TG), and neutrophil count
(NEU) showing distributional and variance differences of considerable magnitude (Figure
4.8).
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Figure 4.8 - Comparison of phenotypic distributions between the Uganda GPC

and UKB cohorts

The phenotypes were mean centered and the effects of age and sex regressed out
For display purposes only, the middle 95th percentile of the data is shown.
Phenotypes are ordered by distributional difference as estimated by the
Kolmogorov-Smirnov test statistic.

The relationships between phenotypes across the datasets were investigated, and showed
similar trends overall, with distances across variance-covariance matrices for these cohorts
showing evidence of significant correlation (Figure 4.9, Mantel test Z-statistic = 0.73, p < 1e-
4). The correlations among phenotypes were slightly higher overall in the Uganda GPC than
in UKB (Figure 4.8A vs 4.8B), both among related and unrelated individuals, as expected
from a household versus volunteer-based design (Figure 4.8, Appendix 7: Supplementary
Figure 4.3). These findings are expected due to the effects of shared genetics and/or shared
household environments contributing to more similar phenotypes (Kong et al 2018). More

specifically, there were consistent correlations among combinations of phenotypes including
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systolic blood pressure (SBP) and diastolic blood pressure (DBP); red blood cell count (RBC),
haemoglobin (Hb), and haematocrit (HCT); Cholesterol and low density lipoprotein (LDL);
waist circumference (WC), body mass index (BMI), weight (WT), and hip circumference (HC);
mean corpuscular haemoglobin concentration (MCHC), mean corpuscular haemoglobin
(MCH), and mean corpuscular volume (MCV); gamma-glutamyl transpeptidase test (GGT),
alanine aminotransferase test (ALT), aspartate aminotransferase test (AST), and ALP; and
monocyte count (MONO), neutrophils (NEU), and white blood cell count (WBC) with high
overall correlations across these datasets for these traits. Some pairs of traits, however, have
significantly different correlations across datasets. The largest difference in phenotypic
correlations across datasets was between ALP and WT (p = 0.11, p < 2.2e-16 in UKB versus
p =-0.36, p < 2.2e-16 in Uganda GPC).
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Figure 4.9 - Phenotype and genotype correlations among 33 quantitative traits

measured in the Uganda GPC data and the UKB.

A) Phenotypic correlations measured in traits in the Uganda GPC among unrelated individuals. B)
Phenotypic correlations in the UKB EUR ancestry unrelated individuals. A-B) Phenotypes were mean
centered and adjusted for age and sex within each cohort prior to correlation analysis. The order of
each phenotype correlation is determined by hierarchical clustering in the Uganda GPC.
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The next goal was to compare trait heritability estimates in the UKB versus Uganda GPC data.
However, the sample size and study design differences between these cohorts required the
application of different methods that limit comparability. Specifically, the household design of
Uganda GPC included smaller sample sizes with more relatives in which family-based
heritability estimates are most appropriate, whereas the large sample size and volunteer
design in UKB makes SNP-based heritability estimates from unrelated individuals most
appropriate. Figure 4.10 shows the heritability estimates across traits in the UKB versus
Uganda GPC using these approaches. As expected from the differences in the methods, study
designs, and sample sizes and consistent with expectation from family-based versus
unrelated heritability estimates across these two studies, there was higher but noisier
estimates in Uganda GPC for most traits. This is because there is a higher likelihood that a

member of a family will develop a trait if the other members have the trait, than not.
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Figure 4.10 - Trait heritability comparison between UKB and the Uganda GPC

Heritability estimates in the UKB individuals was done using LD score regression from unrelated
individuals, whereas a mixed model approach with multiple random effects were used previously in
Uganda GPC due to the complex household and geographically diverse study design.
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4.4.3.2 AFR population PRS derived from EUR ancestry GWAS data are remarkably
inaccurate

To understand baseline trans-ethnic PRS accuracy using a typical approach, 32 traits in the
Uganda GPC were predicted using GWAS summary statistics from the UKB EUR ancestry
individuals. While several traits were significantly predicted across ancestries, prediction
accuracy was low for most traits (Figure 4.11); the most accurate PRS was for mean platelet
volume (MPV), (R?=0.036, 95% Cl = [0.0069, 0.063], P = 5.73e-7) while the average variance

explained across all traits was less than 1% (mean R? = 0.007).
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Figure 4.11 - PRS accuracy for 32 traits in unrelated Uganda GPC individuals
calculated using GWAS summary statistics from UKB EUR ancestry individuals

The PRS from the p-value threshold with the highest accuracy of the 10 thresholds
computed is shown
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To assess the relative effects of ancestry versus cohort differences on decreases in prediction
accuracy across populations, 10,000 EUR ancestry individuals from UKB were withheld for
use as a EUR target cohort. Then GWAS was reran for all traits, followed by PRS computation
for individuals with diverse continental ancestries in the UKB as target populations (i.e. EUR
= Europeans withheld from the GWAS, AMR, MID, CSA, EAS, and AFR = African,
subcontinental AFR ancestries in the UKB (Ethiopian, Admixed, South, East, West AFR
ancestries), as well as the Uganda GPC. Among continental ancestries, R* and 95%
confidence intervals were computed for each trait, then the median relative accuracy (RA) was
compared to EUR and median absolute deviation (MAD) across all traits. The traits were most
accurately predicted in EUR (RA =1, MAD = 0), followed by AMR (RA = 0.784, MAD = 0.023),
MID (RA = 0.643, MAD = 0.034), CSA (RA =0.621, MAD = 0.031), EAS (RA=0.477, MAD =
0.024), and AFR (RA =0.219, MAD = 0.014) (Figure 4.12).

Next, prediction accuracy was compared within the AFR ancestry populations, but because
some PRS accuracy estimates were noisy due to small sample sizes in UKB AFR (especially
Ethiopian and South African individuals), the analyses was restricted to those traits predicted
with a 95% confidence interval < 0.08. Among these traits, prediction accuracy was the most
accurate for individuals with Ethiopian ancestry (RA = 0.511, MAD = 0.059), followed by
recently admixed individuals with West AFR and EUR ancestry (RA = 0.276, MAD = 0.016),
East AFR ancestry (RA = 0.193, MAD = 0.023), West AFR ancestry (RA = 0.150, MAD =
0.012), and South AFR ancestry (RA = 0.083, MAD = 0.014) (Figure 4.11).
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Figure 4.12 - PRS accuracy for up to 34 traits within and across diverse
ancestries.

PRS prediction accuracy was compared for continental and AFR ancestry populations within
the UKB, and the Uganda GPC.

4.4.3.3 Worse prediction accuracy across ancestries than across cohorts

Next, the prediction accuracy was computed among similar ancestry participants from different
cohorts by computing PRS for 32 traits in UKB participants with East AFR ancestry versus
Uganda GPC participants using GWAS summary statistics from UKB EUR individuals. As
expected, the prediction accuracy in these populations was low across all traits in both cohorts
and only slightly higher in the UK East AFR ancestry individuals than in the Uganda GPC
individuals (mean R? = 0.017, sd = 0.013 versus mean R? = 0.012, sd = 0.010, respectively,
Figure 4.13). Across traits, the differences between cohorts within the same ancestry were
much smaller than the differences across ancestries within the UKB (Figure 4.12), indicating
that ancestral diversity has a larger impact on genetic risk prediction than cross-cohort
differences. Smaller effects on genetic prediction accuracy differences across cohorts may be
attributable to environmental differences, such as higher rates of malnutrition and infectious
diseases previously reported in Uganda and in the GPC (Asiki et al., 2013; Nalwanga et al.,
2020).
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4.4.3.4 Improved AFR PRS prediction accuracy with multi-ethnic GWAS summary statistics

To test the change in prediction accuracy for these phenotypes in the same target populations
in the UKB using different discovery cohorts combined via meta-analysis, the prediction
accuracy was computed using meta-analysed GWAS summary statistics from diverse
discovery cohorts, including the UKB, BBJ, PAGE and UGR (Table 4.4). For each trait,
discovery cohort, and target cohort combination, the PRS R? values were normalized from the
p-value threshold that explained the maximum phenotypic variance with respect to the
prediction accuracy in the EUR target cohort using UKB summary statistics only, then relative

accuracies were computed as before.

The prediction accuracy improved the most across populations when using a discovery cohort
consisting of the meta-analysed GWAS summary statistics across the UKB, BBJ and PAGE
cohorts (Figure 4.14), but not the UGR data (Appendix 7: Supplementary Figure 4.4).
Instead, meta-analysing the UGR data with UKB did not improve prediction accuracy for any
population and most notably decreased accuracy in AFR ancestry target populations
(discovery UKB median RA = 0.22, UGR+UKB median RA = 0.15, Appendix 7:
Supplementary Figure 4.4). It was hypothesized that this can be explained by the relatively
small sample size of UGR adding more noise than signal compared to the other relatively
large discovery datasets, but another explanation could come from environmental
heterogeneity. When predicting traits using the UKB, BBJ and PAGE meta-analysis as a
discovery cohort, the prediction accuracy increased most for the AMR, EAS, and AFR target
populations, which more closely resemble the ancestry patterns of PAGE and BBJ (Figure
4.13).
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Figure 4.13 - Comparison of PRS accuracy for 32 traits across cohorts in individuals with East AFR
ancestry.

Includes unrelated participants in UKB(N = 728 with East AFR ancestry) versus Uganda GPC (N =2,247), using the
same summary statistics from UKB EUR ancestry individuals (N = 351,194). A) Summary of accuracy distributions

across 32 traits. B) PRS accuracy in each trait. Traits are ordered by absolute difference in prediction accuracy among
cohorts despite similar ancestries.
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Figure 4.14 - PRS accuracy from a homogeneous versus multi-ancestry discovery dataset.

GWAS discovery data consisted of summary statistics from UKB EUR ancestry data only or from the meta-
analysis of UKB, BBJ and PAGE. Target populations are from the UKB. Lines connect the 10 traits available
in both discovery cohorts to indicate how accuracy changed for the same trait in the UKB only versus meta-
analysed discovery data, while half violin plots show the distribution across all phenotypes in each discovery
cohort. When lines are missing, the trait is absent in PAGE. Trait outliers are labelled in text and with solid
lines. Relative PRS accuracies are compared to the maximum for each trait in target samples withheld from
discovery consisting of UKB EUR ancestry individuals. To simplify comparisons, only the PRS with the
highest prediction accuracy are shown here.

4.4.3.5 Large-effect population-enriched genetic variants drive heterogeneity in PRS
accuracy for blood panel traits

The accuracy improvement from increased diversity in the discovery cohorts varies across
traits, and is substantially elevated in MCHC (for AMR and AFR) and WBC (for AFR) cohort
(Figure 4.14). The specific genetic loci that could explain this pattern were investigated by
comparing the significance of genetic associations in UKB alone versus the meta-analysis of
UKB, BBJ and PAGE. For MCHC and WBC in particular, the genetic variants contributing to
these improved PRS consist of several well-known population-enriched variants (Figure
4.15). For example, genetic variants that disproportionately explain population-specific risk for
MCHC include variants previously associated with haemoglobin concentration, including
rs9399137 upstream of HBS1L and MYB (p = 5.24e-249 and 3 = 0.0783 in the meta-analysis)
in a study of sickle cell anaemia (Lettre et al., 2008), rs855791 in TMPRSS6 (P = 3.49e-241,
B = 0.0692) (Benyamin et al., 2009; Chambers et al., 2009), and rs551118 upstream of
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PIEZO1 and CDT1 (p = 5.18e-100, B = -0.0451) (Astle et al., 2016). Associations with WBC
tended to show more population-enriched associations as shown in the meta-analysis (Figure
4.14), including rs3936197 in MED24 (p = 5.18e-289, B =-0.0772), rs58650325 near mast cell
receptor FCER1A (1.57e-163, B = -0.097), and rs11533993 in CDK6 (P = 1.55e-84, B = -
0.0799). Thus, genetic architecture and population genetic considerations are important to

bear in mind when considering the generalizability of PRS.

250 TMPRsse‘s,HBS‘ L 300
L w
2 200 g
o o
+ +
3 . 3 200
@ 150 MPSg m OR10J3
+ < + s
o o) H
X PIEZO® 4 OR10J5
D 100 coTe’e - * Coke
a St a 100 FCER14Y
s 2 LMNA &
3 50 3 .S
I | 3,/ SDMC

0 0
0 50 100 150 200 0 100 200 300
—log1o(p) UKB —log1o(p) UKB

Figure 4.15 - Trait-specific genetic outlier plots

QQ-like plot showing p-values in UKB only versus multi-cohort meta-analysis
of UKB, BBJ and PAGE. The ten regions that are the most significant
differences between the cohorts are coloured and labelled for MCHC (left),
and WBC (right). The colours correspond to the gene names on the plot that
are in the same colour.
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4.5 Discussion

PRS have been proposed as genetic biomarkers for use in preventative medicine, but have
low prediction accuracy across global populations, especially in AFR ancestry populations. In
this chapter, the prediction accuracy of PRS was investigated across diverse AFR populations
for several quantitative traits, using both simulation and empirical data. The main findings
were: i) PRS prediction accuracy is highest when the discovery and target populations are
matched by ancestry, iii) EUR-derived PRS accuracy varies across AFR populations iii)
inclusion of diverse populations in GWAS improves PRS prediction accuracy and iv)

environmental factors impact on the accuracy of PRS. Each of these are discussed below.

PRS prediction accuracy is highest when discovery and target cohorts are matched

The AGVP dataset used in the simulation section which comprised 1,292 individuals was too
small a sample size to make conclusive determination about the prediction of PRS. However,
the simulations showed that PRS prediction accuracy would be most accurate under two
circumstances: if the phenotype was highly heritable and had a sparse genetic architecture.
Since PRS have been applied to phenotypes with heritable rates less than 80% (such as BMI
which has a heritability rate of 40%) with some success in EUR populations, the findings from
the simulation are a clear indication that the simulations were underpowered. Despite this
limitation, the East-East and West-West (discovery-target) at the simulated trait with the
heritability rate of 0.8 were consistent with previous observations showing that that PRS
prediction accuracy is highest when the discovery and target cohorts are matched (Martin et
al. 2019).

EUR-derived PRS accuracy varies across AFR populations

Although Africa is the most genetically diverse continent, the degree to which EUR-derived
PRS vary across AFT populations has not been investigated before. The analysis done in this
chapter is the first to demonstrate that PRS prediction accuracy varies across AFR
populations. PRS prediction accuracy was most accurate in Ethiopians and the least accurate
in populations with southern AFR ancestry. These results track with genetic distance from
EUR and population history. The highest prediction accuracy identified in Ethiopians was
expected given closer genetic proximity to EUR populations relative to other AFR populations
due to the back to Africa migrations that influenced population structure in Ethiopians (Henn
et al., 2012; Hodgson et al., 2014; Pagani et al., 2015). The lowest PRS prediction accuracy
in populations with southern AFR ancestry, was consistent with greater genetic divergence
from EUR populations and greater overall genetic diversity in this population (Busby et al.,
2016; Choudhury et al., 2020; Henn et al., 2011).
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PRS prediction accuracy is improved with inclusion of diverse populations in GWAS

The inclusion of GWAS from the PAGE and the Japanese (BBJ) datasets with UKB increased
the PRS prediction accuracy for the AMR, EAS and AFR groups reflecting the ancestry of the
populations in both BBJ and PAGE. These findings align with those from previous studies
showing that ancestry-matched discovery data improves prediction accuracy in the
corresponding target population (Bigdeli et al., 2019; Kuchenbaecker et al., 2019; Lam et al.,
2019 ; Martin et al., 2019 ). Altogether, the findings are consistent with the observation that
causal genetic effects tend to be similar across populations, except with LD and allele
frequency differences that marginally modifying the effect size estimates (Martin et al., 2019).
This is also consistent with the genetic correlation between ethnicities being very similar
(Brown et al., 2016; Shi et al., 2020).

Environmental factors plays a key role in PRS prediction accuracy

In addition to reduced PRS accuracy with ancestral distance from GWAS cohorts, genetic
nurture, social genetic, and environmental effects can also contribute to low portability of PRS
across populations (Mostafavi et al., 2020). In this chapter, however, ancestry appears to have
a larger effect on portability than cohort differences overall. An important distinction when
comparing the magnitude of these and other non-genetic effects in other studies is that the
traits most accurately genetically predicted here were primarily anthropometric and blood
panel traits. When analysing traits with more sociodemographic influences in increasingly
diverse populations, population stratification, confounding, and study design considerations
introduce an additional level of complexity (Kerminen et al., 2019; Novembre & Barton, 2018;
Zaidi & Mathieson, 2020). PRS accuracy comparisons across ancestrally similar but
environmentally diverse populations are especially important for medically actionable traits.
For example, particularly low PRS portability for TG from EUR to the Uganda GPC data and
effect size heterogeneity has previously been connected to pleiotropic and gene * environment
effects; specifically, most non-transferable genome-wide significant associations with TG

showing pleiotropic associations with BMI in EUR (Kuchenbaecker et al., 2019).

Relevant to the traits studied in the genetic analyses in this chapter, haematological
differences such as anaemia are more common in lower income countries in Africa and in
AFR ancestry populations elsewhere, compared to higher income countries with primarily
EUR ancestry populations. This is potentially due, in part, to genetic variation as well as the

higher prevalence of infectious diseases and pathogens, poorer nutritional status, and altitude,
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coinciding with the geographical distribution of AFR populations (Mugisha et al., 2013;
Mugisha et al., 2016).

4.6 Conclusion

This chapter has emphasized that there is low generalizability of EUR-derived PRS across
AFR populations due to high genetic and environmental diversity, and accuracy varies by
proximity to EUR ancestry. The most rapid path to closing gaps in PRS transferability is to
increase the inclusion of GWAS participants from populations most divergent from those
already routinely studied. As empirically demonstrated here, when comparing PRS accuracy
calculated from ethnically diverse cohort meta-analysis versus data from EUR only, large-
scale GWAS with diverse AFR populations will most rapidly reduce portability gaps across

global populations.
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Chapter 5: General Discussion

Large-scale genomics studies have largely focussed on populations of EUR ancestry. This
bias impacts the discovery of disease-associated and population-relevant GWAS variants; as
well as the prediction accuracy of PRS in non-EUR ancestry populations. In this thesis, the
genetics of schizophrenia in the South African Xhosa population was investigated, and
expanded to include the extent to which EUR-ancestry derived PRS generalize among diverse
African populations. An outline illustrating the approach used to analyse SAX data and the

three components of the PRS aspect of the thesis is shown in Figure 5.1A and B below.

5.1 Summary of findings and their implications

Following a general introduction covering the epidemiological background, genetic and
environmental risk factors for schizophrenia in chapter 1, chapter 2 provided insight into the
genetic basis of schizophrenia in the South African Xhosa population. The intronic variants in
the genomic region 17p13.2, and particularly in the gene ZFP3 that were associated with the
phenotype, despite not having previously been implicated in any GWAS of schizophrenia,
suggested that ZFP3 may be important in the aetiology of schizophrenia. This was
substantiated by findings from the study by Gulsuner et al (2020), in the same cohort, where
variants in the same ZFP3 locus were implicated in a WES analysis. The convergent findings
using complementary data sources, i.e. GWAS array and WES data, albeit in the same cohort
suggests that ZFP3 may be important in the aetiology of schizophrenia, at least in the SAX

population, and deserve further exploration in larger cohorts.

Most genetic studies do not phenotype study participants as deeply as was done for SAX. The
SAX study was designed to acquire as much information as possible about known
environmental exposures including those reviewed in chapter 1 that may contribute to
individuals developing schizophrenia, thus provided a unique opportunity to explore how these
environmental factors impact the risk of schizophrenia. The scope of this thesis allowed for
analyses investigation into the independent impact of sex and childhood trauma on

schizophrenia risk.

The intensified GWAS signal in ZFP3 after controlling for childhood trauma, as well as the
positive correlation (ry = 0.19, se = 0.066) between schizophrenia and childhood trauma
suggested an interaction between the ftraits, i.e. along a ‘causal’ path from trauma to

schizophrenia. This interaction warrants further investigation. Given the expansive literature
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on the epidemiological link between schizophrenia and childhood trauma (as reviewed in
chapter 1), it is important that future studies, where possible, collect participants’ information
about their childhood trauma experience, and possibly other exposures, and explore these
data in the context of GWAS.

ZFP3 is ubiquitously expressed in human tissues, regulates the transcription of RNA
polymerase Il and may be important in regulating gene expression in the brain. Two specific
findings support the gene expression regulatory role of variants in ZFP3. First, the variants
that met the genome-wide significance threshold were intronic, and secondly, overall
heritability was enriched in functional categories that are involved in the regulation of gene
expression. Although the association of ZFP3 is unique to the South African population, the
plausible biological mechanism is likely that manifesting through the regulation of gene
expression, and is consistent with what is known about the role of variants associated with

schizophrenia in large-scale studies.

When conducting a sex-stratified GWAS, the findings from the male-only GWAS expectantly
resembled those from the overall GWAS, as the sample was predominantly male. The results
from the female GWAS provided little insight into how the genetic of schizophrenia might differ
between males and females in SAX. While the largest and most recent GWAS study found no
heterogeneity between the variants associated with schizophrenia in males and females of
EUR ancestry (Ripke et al, 2020), the question of why there were higher rates of
institutionalized males compared to females in the South African sample (about 4:1),
specifically in the Western and Eastern Cape provinces from where the SAX samples were
ascertained, still remains. This rate is 1.4:1 (male to female) in predominately EUR ancestry
populations. Several hypotheses have been proposed in chapter 2 including that sociological
(e.g. specific roles males and females play in their society that may be tied to cultural norms),
or pathological factors (e.g. presentation and severity of disease) may influence

institutionalization which warrant further investigation in larger female samples.
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Figure 5.1 - A graphical summary of the analysis done in this thesis.
Top panel shows the analysis done for the first aim: GWAS investigation, followed by PRS and enrichment of heritability analyses.
The bottom panel indicates the datasets used for the second aim: investigating the transferability of PRS across AFR populations.
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In chapter 3, results from the GWAS in chapter 2 were used in two post-GWAS analyses. The first
analysis investigated the enrichment of the distribution of the heritability of schizophrenia across
numerous categories including chromosomes, minor allele frequencies and several functional
categories. The second assessed how well PRS derived from the earlier large-scale GWAS,
notable PGC studies, predict schizophrenia in SAX. From the heritability enrichment analysis, the
most notable finding was that heritability was enriched in functional categories that are involved in
the regulation of gene expression, consistent with findings from other studies. Regarding the
transferability of PRS, the analysis showed that PRS derived from EUR and EAS populations from
the PGC poorly predicted schizophrenia in SAX, consistent with the decay of PRS with increasing

genetic distance from the between cohorts.

In chapter 4, the PRS work initiated in chapter 3 was expanded upon by assessing the
generalizability of PRS across diverse AFR populations for non-psychiatric phenotypes using both
simulated and empirical data from among the largest genetic datasets that exist of AFR ancestry
individuals. For the simulations, data from the AGVP was used to assess the transferability of PRS
across cohorts from different regions of Africa. The findings showed that PRS was most accurate
for the most heritable traits (heritability rate = 0.8) with the sparsest genetic architecture (i.e. 5
causal variants). Further, PRS was most accurate when the discovery and target cohorts were from

the same ancestral backgrounds.

Empirical data showed that prediction accuracy of PRS derived from EUR ancestry was low in
DCHS for phenotypes including height, alcohol consumption, depression, psychological distress
and smoking. Height was the only phenotype with a prediction accuracy higher than zero, and the
accuracy was higher in mixed ancestry individuals than the Black Africans. Among the mixed
ancestry individuals, prediction accuracy was the higher for those with a larger proportion of EUR

ancestry than those with the low proportion.

Another empirical dataset used was the Ugandan GPC. EUR ancestry PRS from the UKB were
used to predict 34 quantitative traits in GPC. Prediction accuracy was low for all traits. Further, PRS
prediction accuracy was assessed for the AFR populations within UKB compared to GPC. The
accuracy was highest for the Admixed populations and lowest for the southern African populations.
Additionally, the prediction accuracy was lower in GPC compared to the East African individuals in
the UKB cohort, which could be attributed to the differences in environment. The differences
between AFR ancestries contributed to more variability in PRS than the differences between

cohorts.
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Lastly, the inclusion of diverse populations from PAGE and BBJ, the PRS prediction accuracy was
improved particularly for the AMR, EAS and AFR populations, reflecting the ancestral backgrounds
of the individuals in both PAGE and BBJ. There was disproportionate increase in PRS prediction
accuracy for mean corpuscular haemoglobin concentration (MCHC) and white blood cell count
(WBC), compared to all the other phenotypes. This increase was driven by the enrichment of
population-specific variants relating to disorders such as sickle cell anaemia and R-thalassemia;

and allergies for WBC.

PRS have been proposed as genetic biomarkers for use in preventative medicine, but the low
prediction accuracy across populations and particularly in AFR ancestry populations limit their utility
(Martin et al., 2019; Sirugo et al., 2019). This study has enabled unique insights into PRS
transferability within and among diverse continental African populations as well as among similar
ancestry populations living in considerably different environments. It also demonstrated the looming
challenges for applying current PRS in AFR ancestry populations; because relatively few genetic
studies have been conducted in AFR populations coupled with uniquely deep population histories
in Africa, differences in PRS accuracy across diverse AFR ancestries from varied regions can be

larger than across out of Africa continents.

This is particularly problematic as widely-used algorithms that guide health decisions already have
ingrained racial biases (Obermeyer et al., 2019), warning of compounding challenges with
implementation. Yet, that the inclusion of ancestrally diverse populations in GWAS discovery
cohorts has a positive impact that is larger in effect than a similarly sized EUR ancestry cohorts for
improving PRS accuracy in underrepresented populations; this highlights the unique opportunities

presented by diverse African populations to disproportionately improve PRS accuracy globally.

5.2  Study limitations

The most notable limitation of this work was that the GWAS analysis was limited by sample size.
Much larger sample sizes are required to improve statistical power to identify more genome-wide
significant variants and discover population specific variants, as well as variants that are known to
be associated with schizophrenia across ancestries. Collaborative participation in global consortia
such as the Psychiatric Genomics Consortium, who have collected tens of thousands of
schizophrenia samples largely in EUR and EAS populations not only overcomes the sample size
constraints but also increases diversity of studied populations, inadvertently leading to the

discovery of clinically relevant schizophrenia loci.
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Notwithstanding these prospects, several limitations of GWAS as a research methodology have
been previously discussed by McClellan and King (McClellan & King, 2010). These limitations
include: cryptic population stratification is not adequately controlled for in GWAS and has the
potential to lead to spurious association; the mapping of associated variants to a gene does not
mean the gene itself is biologically relevant to the disorder, the principle on which GWAS is based
on, i.e. the associated variants being in LD with causal SNPs only works if there is no genetic

heterogeneity between cases from different study sites.

Schizophrenia is phenomenologically diagnosed based on constantly evolving criteria. The
historical basis, or foundation, of these criteria are reviewed in section Error! Reference source
not found. of chapter 1. A broad criticism of the previous and current versions of the DSM is that
it is ethnocentric, despite the efforts made by the American Psychiatric Association to be more
‘culturally sensitive’ in the DSM-5 (Bredstrom, 2019). Culture is an important consideration, as
symptoms may vary across people of diverse cultural background. Additionally, it influences the
understanding of disorders, and thus help-seeking behaviours, which may lead to misdiagnosis
and under-treatment, respectively. For example, ‘amafufunyana’ and ‘ukuthwasa’ are terms used
in the Xhosa language by traditional healers to describe schizophrenia symptoms. While
‘amafufunyana’ has a negative connotation as it is often believed that the affected individual was
bewitched by someone jealous of them, ‘ukuthwasa’ refers to a divine calling by the ancestors
(Campbell et al., 2017; Niehaus et al., 2004)

Another limitation of this study was that childhood trauma was retrospectively reported; this
introduces recall bias — a subjective interpretation of event and the type of event (Bower, 1981;
Kessler et al., 1995). Current mental health is known to influence retrospective recall of trauma, i.e.
people with more severe symptoms at the time of interview are more likely to report a higher
frequency and more severe trauma than those with minimal symptoms (Roemer et al., 1998;
Thompson-Hollands et al., 2020).

5.3 Future considerations

An important aim of genetic research is to inform the develop of effect prevention and/or treatment
therapies. However, the path from GWAS associated variants to drug discovery is complex,
because the associated variants are not directly informative of the variants that cause the disease
or of the mechanism by which the disease is caused. Additionally, because complex traits are
polygenic, testing the functional effects of each associated SNP to determine the biology by which

the disorder would be a time-consuming and costly exercise. Below, Type Il diabetes (T2D) is used
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as a case to demonstrate how GWAS has been applied to first identify disease-associated loci and
use the information known about the biological consequence of these variants to discover new drug

targets.

GWAS has identified over 100 loci that are associated with T2D (Fuchsberger et al., 2016; Morris
et al., 2012). These associations have been replicated in populations of diverse ethnicity (DIAbetes
Genetics Replication And Meta-analysis (DIAGRAM) Consortium, Asian Genetic Epidemiology
Network Type 2 Diabetes (AGEN-T2D) Consortium, South Asian Type 2 Diabetes (SAT2D)
Consortium, Mexican American Type 2 Diabetes (MAT2D) Consortium, 2014). The more diverse
samples are being genotyped, the more ethnicity-specific alleles are being found. Post-GWAS
studies identified that GWAS associated loci were enrichment in genomic elements that regulate
gene expression, i.e. enhancers found in pancreatic islets (Parker et al., 2013; Pasquali et al.,
2014). Further expression mapping identified genes that are associated with insulin resistance and
hyperlipidemia (Small et al., 2011). The integration of GWAS and candidate gene sequence data
have re-assigned the GWAS signal that was initially thought to be in non-coding variants to coding
regions and identified LoF function variants that impacted the secretion of insulin. LoF mutations
identified in SLC30A8 were found to be protective against T2D; this led to the development of the
ZnT-8 antagonists drug which binds to a zinc transport expressed in pancreatic islet (Flannick et
al., 2014).

No drugs have been developed for schizophrenia since the first antipsychotic medication from
several decades ago. Part of the complexity of identifying drug targets for schizophrenia is that
there are only four pathways that are hypothesized to lead to the phenotype which include
dopamine, glutamate, immune modulation, calcium signalling, and nicotinic cholinergic
((Schizophrenia Working Group of the Psychiatric Genomics Consortium, 2014); many others may
be relevant. Another possibility, is that the Euro-centric bias in psychiatric genomics research has
limited the discovery of potentially informative disease-associated loci from diverse populations,

and inadvertently the potential to discover drug targets.

The largest GWAS of schizophrenia comprises participants of EUR and EAS-ancestry, and finds
schizophrenia variants that are common between the two populations. While it is expected that
most risk variants will be shared across populations of different ancestry, it is still likely to find
population-specific variants, as was the case for the ZFP3 variants found in the SAX cohort, but
not elsewhere. Even though the SAX cohort used in this thesis is a small fraction of the largest
schizophrenia GWAS, the finding of genome-wide significant variants at the ZFP3 locus indicate

the value of studies in genetically diverse populations. It is likely that many more variants that yet
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to be discovered in this and other understudied populations, that could yield insight into the

aetiology of schizophrenia.

As reviewed in chapter 1, the inclusion of diverse samples in large scale studies has the following
benefits: i) improved variant discovery ii) accounting for more genetic variation, more accurate PRS
scores — genetically informed diagnoses iii) fine-mapping for the resolution of disease-associated
loci to identify causal variants against which drugs can be developed, iv) more accurate and
equitable PRS. Major efforts are underway such as the NeuroGAP Psychosis project, which aims
to recruit 35,000 schizophrenia and bipolar disorder patients from Kenya, Uganda, Ethiopia and
South Africa (Stevenson et al., 2019). Similarly, the H3Africa Consortium comprising investigators
from across the African continent aims to improve genomics research on a broad range of diseases
and disorders (H3Africa Consortium, 2014). International efforts such as All of US (Hudson et al.,
2015) and PAGE (Wojcik et al., 2019), and many others mentioned by Bentley et al. (2020) are
especially promising programs for rectifying missed scientific opportunities by increasing inclusion
of diverse AFR participants. Because the focus of genetic studied had been EUR populations for a
long time, the inclusion of diverse populations in such studies come with challenges, primarily

methodological, that have been documented (Peterson et al., 2019) and discussed here.

Previously, it was standard practice to exclude individuals who are ‘population outliers’ during the
QC steps that precede association test, in trying to avoid false negative signal that may result due
to population stratification. Current mixed model regression models exist to allow for the joint
analysis of samples from genetically diverse backgrounds, including individuals with three- or four-
way admixture, whilst accounting for populations stratification. While the joint analysis is appealing
because the larger sample size is maintained, it has been shown that this model does not
adequately account for populations stratification, especially when there are environmental factors
that are correlated with ancestry (Conomos et al., 2018; Heckerman et al., 2016; Zhang & Pan,
2015) An alternative strategy entails the stratification of individuals into homogenous ancestral
groups based of PCs, followed by QC and association for each group, and then ultimately
combining the summary statistics in a meta-analysis (Hellwege et al., 2017). Admixed populations
are usually assigned into a group of their own, depending on their admixture background. This

assignment is however not precise and leaves room for improvement (Medina-Gomez et al., 2015).

Most GWAS arrays were designed for EUR populations -- providing better coverage for variants
that are common in EUR populations and not necessarily common in nhon-EUR populations. For
example, the Affymetrix UKB array cover 80% of variants with MAF > 1% in EUR, compared to
only 46% in AFR populations (Nelson et al., 2017). Many more variants are required to provide the

same coverage that has been achieved for EUR populations (Barrett & Cardon, 2006). Population-
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specific GWAS arrays have been designed to overcome this issue, such as the Multi-Ethnic Global
Array (MEGA) (Woijcik et al., 2018), H3Africa array (Mulder et al., 2018), and the SAXv2 Affymetrix
array used in chapter 2. An alternative way around the cover issue is low coverage WGS or WES.
Recently, Martin et al. (2020) showed that low coverage sequencing captured genetic variants
across all frequencies than GWAS arrays, at a cost comparable to that of the GWAS arrays. Low

coverage should be highly considered for future studies.

Genotype imputation is an integral part of genetic studies, as variants that are not genotyped on
the GWAS array or sequenced can be inferred from a reference panel. The accuracy of imputation
depends on the LD reference panel used; the highest accuracy is achieved when the reference
panel used has a high coverage of the variants in the genotyped or sequenced sample (Ahmad et
al., 2017). Few of the existing reference panels have individuals of AFR ancestry, and far fewer
Africans who live in Africa. For example, 90% of AFR ancestry individuals in the Genome
Aggregation Database (gnomAD, https://gnomad.broadinstitute.org), the largest reference panel
that exists, are African American or Afro-Caribbean (Martin et al., 2018). A concerted effort is being
made to increase the diversity of reference panels, through projects such as the Human Variation

Genome Project (HGDP, http://www.hagsc.org/hgdp/).

Cross-ancestry analyses require consistency in how the phenotype is measure across study sites.
Pooling samples together is often done under the assumption that there is no heterogeneity
between populations for the phenotype under investigation, and that there are no cultural biases in
how phenotypes are measured. However, these assumptions are not always true, and variability
in the phenotype measures may limit gene discovery and the transferability of findings between
populations. Most diagnostic instruments used in psychiatry were developed and validated in high
income countries (Henrich et al., 2010), but cultural differences have been noted. For example,
while there is shared disease construct for major depression, cultural differences are a predictor of
the level symptoms people wait to experience before seeking help (Kendler et al., 2015; Simon et
al., 2002). There is a need for validation of phenotype measurement instruments in low- and middle-

income countries (Mwesiga et al., 2020).

There is a wealth of data on the effect of environmental exposures on complex traits, similar to the
contribution of childhood trauma to schizophrenia risk in SAX shown in this thesis, but genetic
studies have largely not accounted for these. It has long been realized, and becoming increasingly
evident that modelling of environmental exposures is crucial for understanding the biology of
complex disorders (Dempfle et al., 2008). Additionally, studies in diverse samples may help

increase the understanding of how gene-by-environment differ across social and cultural groups.
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PRS are important for predicting future disease or identifying ‘at-risk’ populations, especially for
disorders that have no valid biomarkers and are phenomenologically diagnosed, such as
schizophrenia. It was demonstrated in chapter 4 of this thesis and in other studies that PRS are
improved by inclusion of diverse populations in large genetics studies (Martin et al., 2019; Bigdeli
et al., 2019), and also that the prediction accuracy is greatly impacted by population-enriched
variants. Including such variants in future may be greatly beneficial. For example, variants enriched
in APOL1 and G6PD contribute especially to a high risk of chronic kidney disease and to a missed
diagnosis of diabetes in AFR populations (Rotimi et al., 2017). Also, the inclusion of population-
enriched variants in PRS could help counter genetic justifications for race-based medicine, which
problematically reinforce implicit racial biases by overemphasizing the link between genetics and
race despite the fact that there is more genetic variation within than between populations (Cerdefa
et al., 2020). However, it is imperative to dispel the myth of the social ‘race’ construct, and to

emphasise the value of ancestral/geographic origins of populations in genetic studies.

Beyond expanding on diversity by increasing the number of study participants in large-scale studies
and resolving the associated methodological challenges, it is equally important to diversify
researchers working on genomics studies. Currently, the vast majority of researchers in genomics
studies are of EUR ancestry (Ginther et al., 2011; Hoppe et al., 2019), in line with the over-
representation of EUR ancestry individuals in genomic studies. The exclusion of African
researchers contributes to the disparity in research leadership and reduced scientific output from
African researchers (Bentley et al., 2020). Efforts such as the NeuroGAP Global Initiative for
Neuropsychiatric Genetics Education and Research (GINGER) programme (van der Merwe et al.,
2018), which provides mentorship and training for early-career investigators on the African
continent (particularly in Uganda, Kenya, Ethiopia and South Africa, including several of the latter
publication’s authors), are important in moving toward a more inclusive and representative research

community.

5.4 Conclusion

This thesis has provided new insight into the genetic aetiology of schizophrenia in the South African
Xhosa population, highlighting variants in the ZFP3 gene to be of importance. It has also
demonstrated that the biology of schizophrenia is shared between populations. With regards to the
prediction accuracy of PRS across Africa, it was shown for the first time here that accuracy varies
by African populations, and that environmental factors have a great impact on prediction accuracy.
To expand on this foundation, future large-scale studies would need to include diverse samples to

discovery more variants and equitably improve the prediction accuracy of PRS.
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Appendices

Appendix 1 — UBACC Assessment of capacity to consent

Declaration of Competence to Give Informed Consent

I ,am a registered nurse / medical doctor (delete which is

non-applicable). 1 do
hereby declare that, on the
date and time indicated
below, I have interviewed:

[ have found that they are

competent and therefore capable to give informed consent regarding participating in
study “The Genomics of Schizophrenia in the South African Xhosa People”

Signed:

Registration number:

Signedonthe_ (day)of ___ (month) 20 at (time) and
at
(place)

UBACC Questions and Answers 1 2 3 4
1. Yintoni injongo yoluphondo lwenziwayo ndigqiba ukukucacisela
ngalo?
Response: Two key concepts (1) Genetics in the Xhosa People (2) Causes of | Score Score Score Score
Schizophrenia
Neither concept 0 0 0 0
One concept - either (1) drawing the participant’s blood OR (2) look at causes 1 1 1 1
of Schizophrenia
Both concepts - 1) drawing the participant’s blood IN ORDER TO (2) look at 2 2 2 2
causes of Schizophrenia
2. Yintoni ekwenze ukuba ufune ukuthabatha inxaxheba koluphando?
Response: Two key concepts: (1) Personal benefit and (2) Helping Score Score Score Score
humanity
Neither concept or Give my blood for money 0 0 0 0
One concept - either (1) Personal benefit OR (2) Helping humanity 1 1 1 1
Both concepts - 1) Personal benefit AND (2) Helping humanity 2 2 2 2
3. Ingaba ucinga ukuba olu luphando okanye lunyango?
Response: Score Score Score Score
Treatment; I don’t know; both; 0 0 0 0
Research 2 2 2 2
4. Ucinga ukuba kunyanzelekile na ukuba ube koluphando nokuba awufuni?
Response: Score Score Score Score
Yes; I don’t know 0 0 0 0
No 2 2 2 2
5. Ucinga ukuba uye wayeka ukuthabatha inxaxheba koluphando ungakwazi
ukufumana unyango Iwakho njengesighelo?
Response: Score Score Score Score
No; I don’t know 0 0 0 0
Yes 2 2 2 2
6. Ukuba uthe wathatha inxaxheba koluphando zeziphi ezinye zezinto
ozakucelwa uzenze?
Response: Four tasks: (1) answer questions about myself; (2) do a Score Score Score Score
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computerized task to test my thinking; (3) give 2 or 3 tubes of blood; (4)

HIV test,

None of the above 0 0 0
One or two tasks 1 1 1
Three or all four tasks 2 2 2

7. Ndicela uchaze ubungozi okanye ubunzima onokubufumana ukuba uthe

wathatha inxaxheba koluphando?

Response: Five key concepts: (1) Taking blood is uncomfortable, small Score Score Score
chance of infection; (2) HIV test could be positive; (3) Small chance of

being identified through DNA; (4) Cell information stored in the US and

could be accessed by US government; (5) No control over research on stem

cells in the future.

None of the above 0 0 0
One or two concepts 1 1 1
Three to five concepts 2 2 2

8. Ndicela uchaze inzuzo/amanye amancedo anokufumaneka koluphando?

Response: Two key concepts: (1) HIV-test (2) talk about experiences with Score Score Score
mental health professional (3) in mother-tongue

Neither concept: I will be paid to participate 0 0 0
One concept - either (1) HIV testing OR (2) talk about experience to 1 1 1
professional in mother tongue

Both concepts - 1) HIV testing AND (2) talk about experience to professional in | 2 2 2
mother tongue

9. Ingaba igenzeka into yokuba oluphando lungangabi luncedo kuwe?

Response: Score Score Score
No, I don’t know (0) 0 0 0

Yes (2) 2 2 2

10. Ingaba kunyanzelekile ukuba imisebe yakho yegazi iyokugcinwa?

Response: Score Score Score
Yes; [ don’t know 0 0 0

No 2 2 2
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Appendix 2 — SAX consent form

8 :WSU

O’°HEA\§2\ Oy | o [) Walter Sisulu University @&m{g@

The Genomics of Schizophrenia in the Xhosa People of South Africa
Primary Investigators: Profs D. Stein, O. Alonso Betancourt, R. Ramesar. E. Susser, R. Gur, R. Gur, M.C. King
University of Cape Town Human Research Ethics Committee number: 049/2013
Walter Sisulu University Research Ethics and Bio-safety Committee Number: 003/2013
Columbia University Internal Review Board number: UCT IRB of record
University of Washington IRB number: 29501

Participant Consent Form — Donation of DNA OR Stem Cells

Consent for DNA to be stored and available for later use

| agree that my DNA will be stored for 15 years and that it may be used by other researchers. | agree to my
DNA being made available on an online database for use by other researchers. The DNA will be used for:

Research into schizophrenia and related disorders.
OR
Any medical research.
| understand that my identity will be kept secret.

Signature Date

OR

Consent for cell immortalisation
| agree to have some cells from my blood treated so that they can be stored for 15 years. | agree to my
DNA being made available on an online database. | understand that my identity will be kept secret.
These cells and my DNA will be used for:
Research into schizophrenia and related disorders.

OR

Any medical research.

Signature Date
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Appendix 3 — Recipes for buffer solutions

Red Blood Cell lysis buffer (RBC Lysis Buffer)

. NH4CI(Ammonium chloride): 8.28g

. NH4HCO3 (Ammonium bicarbonate powder): 0.79g
. EDTA (0.5M,pH 7.4): 0.2ml

. Make up volume to 1L with ddH20O (sterile filter)

White blood cell Lysis Buffer

. Tris-HCI (1M, pH 7.5): 25ml

. NaCl (3M): 16.7ml
. EDTA (0.5M):1ml
. Make up volume to 500ml with dHO (sterile water)

20mg/ml Proteinase K

0.02g Proteinase K and add 1000ul of filter-sterilized 1mM CaOAc at pH8

20% Sodium dodecyl sulfate

2g SDS in 10 ml distilled H20

6M NaCl

Dissolve 35.064g of NaCl in100ml dH.O

1M Tris-HCI (pH 7.5)

Dissolve 12.1g Tris/Trizma base in 100ml dH.O and adjust pH to 7.5
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Appendix 4 — Population codes and descriptions used in PCA and admixture analyses

Superpopulation Code Subpopulation Description
CHB Han Chinese Han Chinese in Beijing, China
JPT Japanese Japanese in Tokyo, Japan
East Asian CHS Southern Han Chinese Han Chinese South
CDX Dai Chinese Chinese Dai in Xishuangbanna, China
KHV Kinh Vietnamese Kinh in Ho Chi Minh City, Vietnam
CHD Denver Chinese Chinese in Denver, Colorado (pilot 3 only)
CEU CEPH Utah residents (CEPH) with Northern and Western European ancestry
TSI Tuscan Toscani in Italia
European GBR British British in England and Scotland

FIN Finnish Finnish in Finland
IBS Spanish Iberian populations in Spain

Central Niger Bantu
Kaba Kaba Kaba from Central African Republic
Fang Fang Fang from Southern Gabon and Cameroon
Kongo Kongo Kongo from Democratic Republic of Congo
Hausa Hausa Hausa from Niger Bulala
Bulala Bulala Bulala from Malawi

African Mada Mada Mada from Cameroon
Bamoun Bamoun Bamoun from Cameroon
Fulani Fulani Fulani from Niger
Eastern Bantu

MKK MKK Maasai in Kinyawe, Kenya
LWK LWK Luhya in Webuye, Kenya
SAW SAW Sandawe from Tanzania
BAN BAN Bantu-Kenya
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Southern Bantu

ZUL ZUL Zulu-South-Africa

HER HER Herero, South Africa-Namibia

STS STS Sotho-Tswana,South Africa

XHS XHS Xhosa-South-Africa

XHS2 XHS2 Xhosa from Southeastern South Africa
XHOSA_CASE XHOSA_CASE SAX-schizophrenia cases

XHOSA_CONTROL

XHOSA_CONTROL

SAX-schizophrenia controls

Khoi-San

SAN SAN Namibia Khoi-San
KHS KHS Namibia Khoi-San
BUS BUS Bushmen
West Niger Bantu
Brong Brong Brong from mid-western Ghana
Igbo Igbo Igbo from southeastern Nigeria
MAN MAN Mandenka from Senegal
YOR YOR Yoruba in Ibadan, Nigeria
ESN Esan Esan in Nigeria
YRI YRI Yoruba in Ibadan, Nigeria
GWD Gambian Gambian in Western Division, The Gambia
MSL Mende Mende in Sierra Leone
ASW African-American SW African Ancestry in Southwest US
ACB African-Caribbean African Caribbean in Barbados
American MXL Mexican-American Mexican Ancestry in Los Angeles, California
PUR Puerto Rican Puerto Rican in Puerto Rico
CLM Colombian Colombian in Medellin, Colombia
PEL Peruvian Peruvian in Lima, Peru
South Asian GIH Gujarati Gujarati Indian in Houston, TX
PIL Punjabi Punjabi in Lahore, Pakistan
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BEB Bengali Bengali in Bangladesh
STU Sri Lankan Sri Lankan Tamil in the UK
ITU Indian Indian Telugu in the UK
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Appendix 5 — Supplementary information for chapter 2

Supplementary Table 2.1 - Biological data repositories used in FUMA

Category Name Description Link
Reference dbSNP 146 Map rsID of input files to dbSNP build | ftp:/ftp.ncbi.nim.nih.gov/snp/organisms/human 9606 b146 grch137p13/database/
Variants 146 organism_data/RsMergeArch.bcp.gz
Reference 1000 Genomes Project | Compute MAF and r? for each
) . ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/

Genome Phase3 available population

CADD v1.3 Deleteriousness score of variants http://cadd.gs.washington.edu/download
Functional RegulomeDB Score of regulatory variants http://www.regulomedb.org/downloads

annotations
of SNPs

eQTLs

HiC

Regulatory

elements

Gene score

15-core chromatin state

GWAS catalog
GTEx v6

Blood eQTL Browser
BIOS QTL Browser
BRAINEAC

GSE87112

Roadmapc epigenomics

project

pLI

ncRVIS

Chromatin states of genomic region
in 127 tissue/cell types

Known trait associated variants
cis-eQTLs of 44 tissue types
cis-eQTLs of blood cell

cis-eQTLs of blood cell

cis-eQTLs of 10 brain regions

HiC data for 14 tissue types and 7 cell
lines
Enhancer, promoter and dyadic
enhancer/promoter regions in 111
epigenomes

Probability of being loss-of-function
intolerance

variation

Non-coding residual

intolerance score

http://egg2.wustl.edu/roadmap/data/byFile Type/chromhmmSegmentations/ChmmM

odels/coreMarks/jointModel/final/

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

http://www.gtexportal.org/home/

http://genenetwork.nl/bloodeqgtlbrowser/

http://genenetwork.nl/biosgtlbrowser/

http://www.braineac.org/

https://www.ncbi.nlm.nih.gov/geo/query/acc.cqgi?acc=GSE87112

http://egg2.wustl.edu/roadmap/data/byDataType/dnase/

ftp://ftp.broadinstitute.org/pub/EXAC release/release0.3.1/functional gene constrai

nt
http://journals.plos.org/plosgenetics/article/file ?type=supplementary&id=info:doi/10.
1371/journal.pgen.1005492.s011
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G Normalized gene expression (RPKM:
ene
. GTEx v6 Read Per Kilo base per Million) for 53 | http://www.gtexportal.org/home/
expression .
tissue types
G ¢ MsigDB v5.2 Curated pathways and gene sets http://software.broadinstitute.org/gsea/msigdb/
ene sets
WikiPathways Curated pathways http://wikipathways.org/index.php/WikiPathways
ANNOVAR Variant annotation tool http://annovar.openbioinformatics.org/en/latest/
Tools Software for gene-based test and
MAGMA v6.0 https://ctg.cncr.nl/software/magma
gene-set analyses of GWAS

Table modified from (https://fuma.ctglab.nI/Iinks)
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Appendix 6 — Supplementary information for chapter 3

Supplementary Table 3.1 - Functional elements used for the heritability enrichment analyses

Code

Category name

Category description

Reference

Coding_UCSC

Coding regions

Coding annotations from Refseq gene model

obtained from University of California Santa Cruz

(Kent et al., 2002)

Conserved_LindbladToh

Regions
conserved in

mammals

Regions conserved in mammals

(Lindblad-Toh et al., 2011)

CTCF_Hoffman

CCCTC binding

factor

Conserved zing finger protein annotations obtained
from Hoffman et al.

(Hoffman et al., 2013)

DGF_ENCODE Digital Genomic | Digital Genomic Footprint annotations obtained from | (ENCODE Project, 2012)
Footprint ENCODE

DHS_Trynka DNase I | DNase | hypersensitive sites of all cell types obtained | (Trynka et al., 2013)
hypersensitive from ENCODE and Roadmap; processed by Trynka
sites

Enhancer_Andersson Enhancer Enhancer region annotations obtained from | (Andersson et al., 2014)
regions - | Andersson et al.
Andersson

Enhancer_Hoffman Enhancer Enhancer region annotations obtained from Hoffman | (Hoffman et al., 2013)
regions - | etal.
Hoffman
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FetalDHS_Trynka

Fetal DNase 1
hypersensitivity
sites

DNase | hypersensitive sites of the fetal cell type

obtained from Trynka et al.

(Trynka et al., 2013)

H3K27ac_Hnisz

H3K27ac - Hnisz

Acetylation of the 27th lysine residue on histone 3
epigenetic modification annotations obtained from

Hnisz et al.

(Hnisz et al., 2013)

H3K27ac_PGC2

H3K27ac - PGC

Acetylation of the 27th lysine residue on histone 3
epigenetic modification annotations obtained from

Roadmap and processed by PGC2

(Schizophrenia Working Group of
Psychiatric Genomics, 2014)

the

H3K4me1_Trynka

H3K4me1

Mono-methylation of 4th lysine residue on histone 3
epigenetic modification annotations obtained from

Trynka

(Trynka et al., 2013)

H3K4me3_Trynka

H3K4me3

Tri-methylation of 4th lysine residue on histone 3
epigenetic modification annotations obtained from

Trynka

(Trynka et al., 2013)

H3K9ac_Trynka

H3K9ac

Acetylation of 9th lysine residue on histone 3
epigenetic modification to Histone 3 annotations

obtained from Trynka

(Trynka et al., 2013)

Intron_UCSC

Intronic regions

Intron annotations from Refseq gene model obtained

from University of California Santa Cruz

(Kent et al., 2002)

PromoterFlanking_Hoffman

Promoter

flanking regions

Promoter flanking regions

(Hoffman et al., 2013)

Promoter UCSC

Promoter regions

Promoter region annotations from Refseq gene
model obtained from University of California Santa

Cruz

(Kent et al., 2002)
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Repressed_Hoffman

Repressed

regions

Repressed region annotations obtained from

Hoffman

(Hoffman et al., 2013)

SuperEnhancer_Hnisz

Super enhancers

Super-enhancers obtained from Hnisz et al.

(Hnisz et al., 2013)

TFBS_ENCODE

Transcription

factor binding

Transcription factor binding site annotations

obtained from the Encyclopaedia of DNA elements

(ENCODE Project, 2012)

sites

Transcribed_Hoffman Transcribed Transcribed region annotations obtained from | (Hoffman et al., 2013)
regions Hoffman et al

TSS_Hoffman Transcription Transcription start site annotations obtained from | (Hoffman et al., 2013)
start site Hoffman et al.

UTR_3_UCSC Untranslated 3' | Untranslated 3' region annotations from Refseq gene | (Kent et al., 2002)
regions model obtained from University of California Santa

Cruz
UTR_5_UCSC Untranslated 5' | Untranslated 5' region annotations from Refseq gene | (Kent et al., 2002)

regions

model obtained from University of California Santa

Cruz

WeakEnhancer_Hoffman

Weak enhancer

regions

Weak enhancer region annotations obtained from
Hoffman et al.

(Hoffman et al., 2013)
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Supplementary Table 3.2 - The heritability explained by SNPs across the autosomes

Chromosome Number of SNPs h2g SE P-value Description
1 1130065 0.054348 0.031043 3.6758e-02 Unadjusted
2 1241199 0.089984 0.032231 1.9002e-03 Unadjusted
3 1037441 0.087269 0.028972 7.6779e-04 Unadjusted
4 1050907 0.048587 0.028355 4.4511e-02 Unadjusted
5 948377 0.063835 0.027265 7.4972e-03 Unadjusted
6 924497 0.120193 0.028725 7.7307e-06 Unadjusted
7 852440 0.000001 0.023791 5.0000e-01 Unadjusted
8 830828 0.071570 0.025516 1.0851e-03 Unadjusted
9 615006 0.063606 0.024637 1.6617e-03 Unadjusted
10 717165 0.052971 0.025829 1.9280e-02 Unadjusted
11 716778 0.045732 0.023056 1.7443e-02 Unadjusted
12 671591 0.021147 0.021496 1.5129e-01 Unadjusted
13 525253 0.039831 0.021008 1.7371e-02 Unadjusted
14 472529 0.018569 0.019688 1.6359e-01 Unadjusted
15 421853 0.029044 0.021188 8.1273e-02 Unadjusted
16 465485 0.020884 0.021610 1.6177e-01 Unadjusted
17 395569 0.068545 0.023683 1.0200e-03 Unadjusted
18 400976 0.047841 0.022455 1.5312e-02 Unadjusted
19 330185 0.038580 0.020460 2.4815e-02 Unadjusted
20 318592 0.006273 0.017705 3.6324e-01 Unadjusted
21 200449 0.039053 0.017301 6.0213e-03 Unadjusted
22 197883 0.026722 0.017329 5.0703e-02 Unadjusted
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1 1130065 0.041018 0.031634 9.6045e-02 Adjusted
2 1241199 0.078020 0.032939 8.0890e-03 Adjusted
3 1037441 0.068419 0.029180 8.0598e-03 Adjusted
4 1050907 0.054379 0.029248 3.1558e-02 Adjusted
5 948377 0.062059 0.027382 7.9530e-03 Adjusted
6 914829 0.109578 0.029283 7.0097e-05 Adjusted
7 852440 0.000001 0.024894 5.0000e-01 Adjusted
8 830828 0.060916 0.025927 6.0730e-03 Adjusted
9 615006 0.053175 0.024853 8.5468e-03 Adjusted
10 717165 0.041515 0.025944 5.5811e-02 Adjusted
11 716778 0.034132 0.023251 6.5618e-02 Adjusted
12 671591 0.012713 0.021216 2.6478e-01 Adjusted
13 525253 0.037892 0.021549 2.7559¢e-02 Adjusted
14 472529 0.010262 0.019626 2.9634e-01 Adjusted
15 421853 0.019579 0.021178 1.7773e-01 Adjusted
16 465485 0.007938 0.021154 3.5203e-01 Adjusted
17 395569 0.054573 0.023883 1.0020e-02 Adjusted
18 400976 0.041826 0.022568 2.9751e-02 Adjusted
19 330185 0.020998 0.019679 1.4502e-01 Adjusted
20 318592 0.000234 0.017896 4.9496e-01 Adjusted
21 200449 0.038713 0.017408 6.0795e-03 Adjusted
22 197883 0.020334 0.01757 1.2038e-01 Adjusted

h?g, heritability; SE, standard ; SNPs from the MHC region on chromosome six were not removed for the unadjusted analysis, whereas they were
removed for the adjusted analysis, as well as the inclusion of principal components
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Supplementary Table 3.3 - The heritability explained by SNPs across MAF bins

Number of MAF frequency

MAF-bin SNPs h2g SE P-value range Description
1 6015609 0.551915 0.079105 9.1538e-14 "0.01-0.05" Unadjusted
2 2203236 0.551915 0.034172 0 "0.05-0.1" Unadjusted
3 2025937 0.551915 0.016004 0 "0.1-0.2" Unadjusted
4 1161526 0.551915 0.007640 0 "0.2-0.3" Unadjusted
5 859609 0.377630 0.053267 2.0874e-09 "0.3-0.4" Unadjusted
6 754218 0.282653 0.050478 7.6875e-08 "0.4- 0.5" Unadjusted
1 6014696 0.551915 0.081673 3.0840e-10 "0.01-0.05" Adjusted
2 2201179 0.551915 0.034430 3.8858e-16 "0.05-0.1" Adjusted
3 2023203 0.551915 0.016024 0 "0.1-0.2" Adjusted
4 1160036 0.551915 0.007827 5.5511e-17 "0.2-0.3" Adjusted
5 858275 0.551915 0.004191 8.8818e-16 "0.3-0.4" Adjusted
6 753093 0.279151 0.052473 9.9761e-07 "0.4- 0.5" Adjusted

h2g, heritability; SE, standard error; SNPs from the MHC region on chromosome six were not removed for the unadjusted analysis, whereas they were

removed for the adjusted analysis, as well as the inclusion of principal components
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Supplementary Table 3.4 - The heritability explained by 24 functional categories
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Number of

SNPs h2g SE P-value Analysis Code Category name
1 64599 0.218416 0.042874 1.1395e-07 Unadjusted Coding_UCSC Coding regions
Regions conserved in
2 118847 0.551915 0.012840 0 Unadjusted Conserved_LindbladToh mammals
3 108752 0.342713 0.055547 1.9907e-08 Unadjusted CTCF_Hoffman CCCTC binding factor
4 643970 0.551915 0.014637 0 Unadjusted DGF_ENCODE Digital Genomic Footprint
DNase | hypersensitive
5 805942 0.551915 0.019233 0 Unadjusted DHS_Trynka sites
Enhancer regions -
6 19810 0.094527 0.034576 2.0000e-03 Unadjusted Enhancer_Andersson Andersson
Enhancer regions -
7 195758 0.260210 0.054922 3.2275e-06 Unadjusted Enhancer_Hoffman Hoffman
Fetal DNase 1
8 404056 0.551915 0.012913 0 Unadjusted FetalDHS_Trynka hypersensitivity sites
9 1809010 0.551915 0.016366 0 Unadjusted H3K27ac_Hnisz H3K27ac - Hnisz
10 1244067 0.551915 0.016524 0 Unadjusted H3K27ac_PGC2 H3K27ac - PGC
11 2020569 0.551915 0.017740 0 Unadjusted H3K4mel_Trynka H3K4mel
12 612860 0.551915 0.015170 2.2204e-16 Unadjusted H3K4me3_Trynka H3K4me3
13 582923 0.551915 0.016180 0 Unadjusted H3K9ac_Trynka H3K9ac
14 1809993 0.551915 0.014785 6.3977e-13 Unadjusted Intron_UCSC Intronic regions
15 38511 0.156280 0.040868 5.1878e-05 Unadjusted | PromoterFlanking_Hoffman Promoter flanking regions
16 134438 0.168747 0.044196 4.0348e-05 Unadjusted Promoter_UCSC Promoter regions
17 2141208 0.551915 0.016971 0 Unadjusted Repressed_Hoffman Repressed regions
18 766061 0.285066 0.055426 1.4856e-06 Unadjusted SuperEnhancer_Hnisz Super enhancers




Transcription factor

19 615823 0.551915 0.017164 0 Unadjusted TFBS_ENCODE binding sites
20 1606468 0.551915 0.015179 0 Unadjusted Transcribed_Hoffman Transcribed regions
21 79520 0.212722 0.043037 3.2219e-07 Unadjusted TSS_Hoffman Transcription start site
Untranslated 3 prime
22 50931 0.168377 0.039369 6.1557e-06 Unadjusted UTR_3_UCSC regions
Untranslated 5 prime
23 23959 0.144357 0.033924 5.3663e-06 Unadjusted UTR_5_UCSC regions
24 98376 0.293961 0.053534 1.1116e-07 Unadjusted WeakEnhancer_Hoffman Weak enhancer regions
1 64107 0.202933 0.044394 2.9689e-06 Adjusted Coding_UCSC Coding regions
Regions conserved in
2 118588 0.551915 0.013456 0 Adjusted Conserved_LindbladToh mammals
3 108493 0.338004 0.057618 3.4474e-07 Adjusted CTCF_Hoffman CCCTC binding factor
4 641690 0.551915 0.015993 0 Adjusted DGF_ENCODE Digital Genomic Footprint
DNase | hypersensitive
5 803690 0.551915 0.020493 0 Adjusted DHS_Trynka sites
Enhancer regions -
6 19742 0.080119 0.035960 1.1295e-02 Adjusted Enhancer_Andersson Andersson
Enhancer regions -
7 194938 0.261185 0.057056 1.5098e-05 Adjusted Enhancer_Hoffman Hoffman
Fetal DNase 1
8 402725 0.551915 0.013479 0 Adjusted FetalDHS_Trynka hypersensitivity sites
9 1803420 0.551915 0.017473 0 Adjusted H3K27ac_Hnisz H3K27ac - Hnisz
10 1239903 0.551915 0.017418 0 Adjusted H3K27ac_PGC2 H3K27ac - PGC
11 2014927 0.551915 0.019593 0 Adjusted H3K4mel_Trynka H3K4mel
12 609687 0.551915 0.015594 1.7208e-15 Adjusted H3K4me3_Trynka H3K4me3
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13 580198 0.551915 0.018018 1.6653e-16 Adjusted H3K9ac_Trynka H3K9ac

14 1806413 0.551915 0.014737 3.1265e-12 Adjusted Intron_UCSC Intronic regions

15 38134 0.143543 0.042730 5.3226e-04 Adjusted PromoterFlanking_Hoffman Promoter flanking regions

16 133102 0.156322 0.046282 3.8456e-04 Adjusted Promoter_UCSC Promoter regions

17 2138736 0.551915 0.018897 0 Adjusted Repressed_Hoffman Repressed regions

18 762870 0.295578 0.057192 4.1703e-06 Adjusted SuperEnhancer_Hnisz Super enhancers
Transcription factor

19 613009 0.551915 0.018948 0 Adjusted TFBS_ENCODE binding sites

20 1603094 0.551915 0.014751 0 Adjusted Transcribed_Hoffman Transcribed regions

21 78404 0.198379 0.044908 8.3552e-06 Adjusted TSS_Hoffman Transcription start site
Untranslated 3 prime

22 50563 0.151648 0.040614 9.0531e-05 Adjusted UTR_3_UCSC regions
Untranslated 5 prime

23 23734 0.128428 0.035321 1.5844e-04 Adjusted UTR_5_UCSC regions

24 98018 0.283909 0.055832 2.5575e-06 Adjusted WeakEnhancer_Hoffman Weak enhancer regions

h2g, heritability; SE, standard error; SNPs from the MHC region on chromosome six were not removed for the unadjusted analysis, whereas they were

removed for the adjusted analysis, as well as the inclusion of principal components
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Supplementary Figure 3.1 - Manhattan and QQ-plot of SAX-discovery GWAS
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Supplementary Table 3.5 - R? values for polygenic risk scores computed within and across ancestries

R?2 Cl2.5 Cl97.5 P-value P-threshold discovery cohort target cohort n target
0.000063 0.001079 -0.0050 0.3020 all SAX discovery SAX target 1044
-0.000762 -0.0005795 -0.0073 0.6528 0.5 SAX discovery SAX target 1044
-0.000838 -0.0007264 -0.0074 0.7261 0.2 SAX discovery SAX target 1044
-0.000514 -0.0000836 -0.0049 0.4970 0.1 SAX discovery SAX target 1044
0.000051 0.0010439 -0.0087 0.3049 0.05 SAX discovery SAX target 1044
-0.000125 0.0006990 -0.0076 0.3513 0.001 SAX discovery SAX target 1044
-0.000442 0.0000544 -0.0049 0.4637* 0.0001 SAX discovery SAX target 1044
0.002973 0.0068102 -0.0065 0.0425 0.00001 SAX discovery SAX target 1044
-0.000928 -0.0009113 -0.0052 0.8650 0.000001 SAX discovery SAX target 1044
-0.000431 0.0000840 -0.0080 0.4565 all PGC-EUR discovery SAX entire cohort 2087
-0.000741 -0.0005268 -0.0045 0.6281 0.5 PGC-EUR discovery SAX entire cohort 2087
-0.000897 -0.0008325 -0.0045 0.7846 0.2 PGC-EUR discovery SAX entire cohort 2087
-0.000664 -0.0003747 -0.0079 0.5747 0.1 PGC-EUR discovery SAX entire cohort 2087
-0.000479 -0.0000065 -0.0046 0.4773 0.05 PGC-EUR discovery SAX entire cohort 2087
-0.000969 -0.0009768 -0.0083 0.9815 0.001 PGC-EUR discovery SAX entire cohort 2087
-0.000648 -0.0003472 -0.0084 0.5651 0.0001 PGC-EUR discovery SAX entire cohort 2087
0.001242 0.0034343 -0.0070 0.1310 0.00001 PGC-EUR discovery SAX entire cohort 2087
0.005758 0.0112782 -0.0090 0.0084* 0.000001 PGC-EUR discovery SAX entire cohort 2087
0.001823 0.0045612 -0.0098 0.0897 0.00000005 PGC-EUR discovery SAX entire cohort 2087
-0.000435 0.0000788 -0.0075 0.4580 all PGC-EAS discovery SAX entire cohort 2087
0.000583 0.0020811 -0.0071 0.2059 0.5 PGC-EAS discovery SAX entire cohort 2087
-0.000931 -0.0009134 -0.0057 0.8436 0.2 PGC-EAS discovery SAX entire cohort 2087
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-0.000916 -0.0008780 -0.0053 0.8155 0.1 PGC-EAS discovery SAX entire cohort 2087
-0.000694 -0.0004340 -0.0063 0.5942 0.05 PGC-EAS discovery SAX entire cohort 2087
-0.000660 -0.0003619 -0.0061 0.5724 0.001 PGC-EAS discovery SAX entire cohort 2087
0.005946 0.0124894 -0.0044 0.0075* 0.0001 PGC-EAS discovery SAX entire cohort 2087
0.001832 0.0045952 -0.0076 0.0891 0.00001 PGC-EAS discovery SAX entire cohort 2087
-0.000608 -0.0002578 -0.0068 0.5418 0.000001 PGC-EAS discovery SAX entire cohort 2087
-0.000805 -0.0006448 -0.0052 0.6805 0.00000005 PGC-EAS discovery SAX entire cohort 2087
0.002942 0.0068268 -0.0068 0.0434* all SAX-discovery + PGC-EUR + PGC-EAS SAX target 1044
-0.000506 -0.0000699 -0.0057 0.4932 0.5 SAX-discovery + PGC-EUR + PGC-EAS SAX target 1044
0.000128 0.0011898 -0.0058 0.2871 0.2 SAX-discovery + PGC-EUR + PGC-EAS SAX target 1044
0.000883 0.0026858 -0.0075 0.1655 0.1 SAX-discovery + PGC-EUR + PGC-EAS SAX target 1044
0.002536 0.0059829 -0.0065 0.0559 0.05 SAX-discovery + PGC-EUR + PGC-EAS SAX target 1044
-0.000829 -0.0007102 -0.0069 0.7155 0.001 SAX-discovery + PGC-EUR + PGC-EAS SAX target 1044
0.000036 0.0010137 -0.0074 0.3087 0.0001 SAX-discovery + PGC-EUR + PGC-EAS SAX target 1044
0.001813 0.0045513 -0.0078 0.0887 0.00001 SAX-discovery + PGC-EUR + PGC-EAS SAX target 1044
-0.000902 -0.0008573 -0.0056 0.8121 0.000001 SAX-discovery + PGC-EUR + PGC-EAS SAX target 1044
-0.000585 -0.0002349 -0.0048 0.5336 0.00000005 SAX-discovery + PGC-EUR + PGC-EAS SAX target 1044

R?, Nagelkerke's R?

; Cl2.5, lower bound of the 95% confidence interval; CI97.5, upper bound of the 95% confidence interval; significance, the level of
significance for the p-value * indicates p-value less than 0.05; n target, the number of samples in the target cohort.
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Appendix 6 — Supplementary information for chapter 4
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Supplementary Figure 4.1. - Continental ancestries in the UKB data with
reference data from the 1000 Genomes Project and Human Genome Diversity
Panel (HGDP)

A-C) Principal components analysis biplots (PCs 1-6) with loadings defined by reference
data from 1000 Genomes and HGDP with colours corresponding to continental ancestry
meta-data from these projects. UKB data (UKBB) is projected into the same PC space and
coloured in black. D-F) Density of UKB data (excluding reference panels) in PC1-6. G-I)
Continental ancestry assignments in the UKB using a random forest trained on meta-data
from 1000 Genomes and HGDP (excluding reference panels). “Oth” are individuals whose
ancestry was not confidently assigned to any ancestry group.
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Supplementary Figure 4.2 - African subcontinental ancestry in the UKB

A) Coordinates of African reference panel data from the African Genome Variation
Project, 1000 Genomes Project, and Human Genome Diversity Panel. B) PC1-2 of UKB
and/or reference data. C) PC3-4 of UKB and/or reference data.

B-C) Colors and shapes correspond to A), while grey points in the left plots are UKB
projected PC coordinates. Right plots show density of AFR ancestry UKB individuals.
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Supplementary Figure 4.3 - Phenotype correlations among 34 quantitative traits measured in the Uganda GPC

data versus UKB data.
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Analysis conducted as in Figure 4.8. A) Phenotypic correlation matrix when relatives are included in the Uganda GPC. B)

Differences between phenotypic correlation matrices among unrelated individuals in the UKB - Uganda GPC.
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Supplementary Figure 4.4 - PRS accuracy from a homogeneous versus multi-ancestry discovery dataset
All relative comparisons are with respect to accuracy in withheld EUR when predicting with UKB GWAS summary statistics
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Supplementary Table 4.1 - Description of the phenotypes assessed in Uganda

GPC and UKB

Trait type
Liver function
Liver function
Liver function
Liver function
Blood factor
Liver function

Anthropometric

index

Lipid test

Blood pressure
Blood factor
Liver function
Blood factor
Glycemic control

Anthropometric

index
Blood factor
Lipid test

Anthropometric

index
Lipid test
Blood factor

Blood factor

Blood factor
Blood factor
Blood factor
Blood factor
Blood factor

Blood factor

Phenotype

code
Albumin
ALP
ALT
AST
BASO
Bilirubin

BMI
Cholesterol
DBP

EOS

GGT

Hb

HbA1c

HC
HCT
HDL

HT
LDL
LYMPH
MCH

MCHC
MCV
MONO
MPV
NEU
PLT

Description

Serum albumin test

Alkaline phosphatase test
Alanine aminotransferase test
Aspartate aminotransferase test
Basophil count

Bilirubin

Body mass index

Total cholesterol

Diastolic blood pressure

Eosinophil count

Gamma-glutamyl transpeptidase test
Hemoglobin

HbA1c2

Hip circumference
Hematocrit

High-density lipoprotein

Height

Low-density lipoprotein
Lymphocyte count

Mean corpuscular hemoglobin

Mean corpuscular hemoglobin

concentration

Mean corpuscular volume
Monocyte count

Mean platelet volume
Neutrophil count

Platelet count
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Blood factor
Blood factor
Blood pressure
Lipid test
Blood factor

Anthropometric

index

Anthropometric

index

RBC
RDW
SBP
TG
WBC

wC

WT

Red blood cell count

Red blood cell distribution width
Systolic blood pressure
Triglycerides

White blood cell count

Waist circumference

Weight
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Supplementary Table 4.2 - Meta-analysis discovery cohort summaries across
phenotypes.

Phenotype N N N N (PAGEN (PAGEN  (PAGE
code (UGR) (UKB) N (BBJ) (PAGE) AFR) AMR) EAS)

Albumin 13125 306557 102223 N/A N/A N/A N/A
ALP 9322 334766 105030 N/A N/A N/A N/A
ALT 9401 334622 134182 N/A N/A N/A N/A
AST 8995 333492 134154 N/A N/A N/A N/A
BASO 2681 340121 62076 N/A N/A N/A N/A
Bilirubin 9326 284860 110207 N/A N/A N/A N/A
BMI 13976 349957 158284 49335 17127 22600 4647
Cholesterol 13116 334752 128305 33185 10137 18406 2387
DBP 13618 330693 136615 N/A N/A N/A N/A
EOS 2671 340121 62076 N/A N/A N/A N/A
GGT 8995 334586 118309 N/A N/A N/A N/A
Hb 2741 340718 108769 N/A N/A N/A N/A
HbA1c 6116 334658 42790 11178 559 10412 92
HC 13966 350485  N/A N/A N/A N/A N/A
HCT 2744 340719 108757 N/A N/A N/A N/A
HDL 13114 306424 70657 33063 10085 18355 2378
HT 14126 350353 159195 49796 17286 22839 4680
LDL 13086 334112 72866 32221 9720 17964 2316
LYMPH 2681 340121 62076 N/A N/A N/A N/A
MCH 2742 340716 108054 N/A N/A N/A N/A
MCHC 2744 340712 108728 19803 3750 15522 128
MCV 2742 340717 108256 N/A N/A N/A N/A
MONO 2681 340121 62076 N/A N/A N/A N/A
MPV N/A 340714  N/A N/A N/A N/A N/A
NEU 2671 340121 62076 N/A N/A N/A N/A
PLT 2723 340718 108208 29328 8850 19552 541
RBC 2744 340719 108794 N/A N/A N/A N/A
RDW 2744 340717  N/A N/A N/A N/A N/A
SBP 13613 330690 136597 N/A N/A N/A N/A
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TG 13115 334471 105597

WBC 2741 340714 107964
wcC 13963 350529 N/A
WT 14005 350088 N/A

33096
28608
N/A
N/A

9980
8825
N/A
N/A

18460
18857
N/A
N/A

2381
543
N/A
N/A
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Supplementary Table 4.3 - Kolmogorov-Smirnov (K-S) and F-tests used to compare overall phenotypic distributions and variances.

Trait type
Liver function
Liver function
Liver function
Liver function
Blood factor
Liver function

Anthropometric

index
Lipid test
Blood pressure

Blood factor

Liver function
Blood factor
Glycemic control

Anthropometric

index
Blood factor

Lipid test

Phenotype

code
Albumin
ALP
ALT
AST
BASO
Bilirubin

BMI
Cholesterol
DBP

EOS

GGT
Hb
HbA1c

HC
HCT
HDL

K-S
Description statistic
Serum albumin test
Alkaline phosphatase test
Alanine aminotransferase test
Aspartate aminotransferase test

Basophil count

Bilirubin

Body mass index
Total cholesterol
Diastolic blood pressure
Eosinophil count

Gamma-glutamyl transpeptidase

test
Hemoglobin

HbA1c2

Hip circumference
Hematocrit

High-density lipoprotein

test

0.09
0.39
0.10
0.1
0.54
0.59

0.09
0.08
0.03
0.31

0.07
0.11
0.42

0.06
0.11
0.02

K-S p-value

o O o o o o

0
0.0001216667441
0

0
1.89E-15
0

4.44E-15
8.66E-15
0.008592505313

F-test

statistic
0.45
0.08
1.16
0.18
518.37
0.01

1.71
1.55
1.05
3.16

0.33
0.43
87.05

1.11
0.46
0.80

F-test CI
2.5

0.43
0.08
1.12
0.18
480.89
0.01

1.64
1.49
1.01
2.93

0.32
0.40
83.57

1.06
0.42
0.77

F-test CI

97.5
0.47
0.09
1.21
0.19
557.24
0.01

1.78
1.62
1.09
3.40

0.34
0.46
90.61

1.15
0.49
0.84

F-test p-value
0
0
8.01E-13
0
0
0

0
0
0.01773934371
0

0
9.87E-155
0

2.46E-06
4.60E-133
5.35E-28

222



Anthropometric

index HT Height 0.06 5.00E-14 0.59 0.57 0.61 2.13E-172
Lipid test LDL Low-density lipoprotein 0.07 0 1.46 1.40 1.51 0
Blood factor LYMPH Lymphocyte count 0.08 4.18E-08 1.81 1.68 1.94 0
Blood factor MCH Mean corpuscular hemoglobin 0.12 0 0.41 0.38 0.44 4.15E-181
Mean corpuscular hemoglobin

Blood factor MCHC concentration 0.08 3.97E-09 0.80 0.75 0.86 7.32E-10
Blood factor MCV Mean corpuscular volume 0.12 0 0.34 0.32 0.37 9.98E-271
Blood factor MONO Monocyte count 0.13 0 3.02 2.80 3.24 0
Blood factor MPV Mean platelet volume 0.11 1.78E-15 1.74 1.62 1.87 0
Blood factor NEU Neutrophil count 0.19 0 2.52 2.34 2.71 0
Blood factor PLT Platelet count 0.07 1.56E-07 0.57 0.53 0.61 2.68E-64
Blood factor RBC Red blood cell count 0.12 0 0.37 0.34 0.39 5.07E-234
Blood factor RDW Red blood cell distribution width 0.14 0 0.49 0.45 0.52 1.13E-109
Blood pressure SBP Systolic blood pressure 0.06 3.54E-14 1.31 1.25 1.36 0
Lipid test TG Triglycerides 0.21 0 2.75 2.64 2.86 0
Blood factor WBC White blood cell count 0.08 4.40E-08 1.81 1.69 1.95 0
Anthropometric

index wcC Waist circumference 0.12 0 2.05 1.96 213 0
Anthropometric

index WT Weight 0.08 0 1.63 1.56 1.70 0
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