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Abstract

Type 2 diabetes (T2D) is a complex condition that is characterised by hyperglycaemia and
associated with over 400 independent genetic variants to date, as well as non-genetic
factors. Birth weight, an indicator of intrauterine nutrition and predictor of infant survival, is
also associated with the risk of T2D in adulthood. In multiple study populations, the
association between birth weight and the risk of subsequent T2D forms a U-shaped curve,
with lower and higher birth weights associated with greater risk of T2D. This complex
relationship between birth weight and subsequent risk of T2D is influenced by an interplay of
genetic and non-genetic influences.

To explore the genetics of birth weight and T2D and to investigate the relationship between
these traits, | conducted genome-wide association studies (GWAS) of birth weight. Seven
different models of GWAS of birth weight were conducted, using various combinations of
covariates, imputed, or directly genotyped variants, and maternal and foetal genotypes. None
of the GWAS models yielded genome-wide significant (p < 5.0 x 108) associations. Certain
signals that have high levels of significance across multiple models could still merit further
exploration.

| also quantified the relationship between polygenic scores (PS) that were constructed using
clusters of T2D-associated genetic variants and T2D and related phenotypes. These
analyses were based on data that had been collected in a longitudinal study of diabetes,
which was conducted in an Indigenous study population from the Southwestern US between
1965 and 2007 and had data for birth weight, T2D, T2D subphenotypes, population
substructure, and genotype. Partitioned/process-specific polygenic scores (pPS) were
constructed using genotypes from the longitudinal study population and genetic clusters that
were identified by Mahajan et al to be associated with T2D subphenotypes. PS were
constructed using genotypes from the longitudinal study population and summary statistics
from meta-analyses of GWAS of T2D. Results broadly agree with putative pathophysiological
mechanisms that underlie each genetic cluster by Mahajan et al.

| also investigated the prediction of the incidence of T2D using clinical and genetic variables
in the longitudinal study. The performances of predictive models including various
combinations of T2D-related clinical variables and T2D PS were assessed and compared. All
T2D PS were significantly associated with T2D and, when added to models including clinical
variables alone, exhibited a significant but small improvement in the prediction of T2D
incidence.

This suggests that further improvements in understanding the genetics of T2D and related
traits can result in improved understanding of diabetes pathophysiology and clinical
applications of PS and pPS.
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1. Introduction

1.1. Clinical presentation of diabetes

Diabetes mellitus is a group of chronic metabolic disorders that are characterized by elevated
blood glucose (i.e., hyperglycaemia). Symptoms of hyperglycaemia include polyuria,
polydipsia, weight loss, and blurred vision (American Diabetes Association, 2014). Diabetes
can be diagnosed based on plasma glucose—fasting or two-hour plasma glucose during a
75-gram oral glucose tolerance test (OGTT)—or haemoglobin A1c (HbA1c). Several
pathogenic processes that cause deficient insulin action and impaired insulin secretion are
involved in the development of diabetes; these processes frequently coexist in individual
patients (American Diabetes Association, 2014). Diabetes is officially classified into multiple
categories, including type 1 and type 2 diabetes (T1D and T2D), gestational diabetes mellitus

(GDM), monogenic diabetes syndromes, and specific types of diabetes due to other causes

(Figure 1.1).

*Due to: autoimmune pancreatic B-cell destruction
*Can lead to: absolute insulin insufficiency

*Due to: progressive loss of adequate pancreatic 3-cell destruction
*Often accompanied with insulin resistance in target tissues

*Diagnosed in: second or third trimester of pregnancy
*Was not clearly overt diabetes prior to gestation

Monogenic diabetes *e.g., neonatal diabetes
syndromes *e.g., maturity-onset diabetes of the young (MODY)

Diabetes *Secondary to diseases of the exocrine pancreas
due to other causes *Secondary to hormone disturbances or drugs (e.g., glucocorticoids)

Figure 1.1. A non-exhaustive list of common forms of diabetes, adapted from the ADA
Standards of Medical Care in Diabetes—2021 (American Diabetes Association, 2021).
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People with diabetes and subclinical dysglycaemia are at risk for the development of diabetes
complications, as well as psychological comorbidities, over the life course (Haines et al.,
2007; Pavkov et al., 2008). Such complications can be separated into macrovascular (i.e.,
involving larger blood vessels) and microvascular (i.e., involving smaller vessels) categories.
Macrovascular complications primarily affect arteries and include cardiovascular disease,
cerebrovascular disease, and peripheral artery disease; microvascular complications affect
microcirculation (i.e., arterioles, capillaries and venules) and include diabetic retinopathy,

diabetic neuropathy, and diabetic nephropathy (Fowler, 2011).

T1D, formerly known as insulin-dependent diabetes mellitus (IDDM), is an autoimmune
condition that follows the onset of one or more pancreatic beta cell islet autoantibodies and
results from the interplay of genetic and environmental influences (Hakonarson & Grant,
2011; Orban et al., 2009). Notably, early genome-wide linkage scans demonstrated that a
substantial proportion of familial aggregation of T1D can be attributed to variation in human
leukocyte antigen (HLA) loci on chromosome 6p21 (Concannon et al., 2005). HLA plays a
key role in the adaptive immune response, and multiple HLA loci are associated with T1D

(Krischer et al., 2017).

T2D, formerly known as non-insulin-dependent diabetes mellitus (NIDDM), is characterized
by hyperglycaemia--which is due to reduced sensitivity to insulin action (i.e., insulin
resistance)--as well as pancreatic B-cell dysfunction that impairs the ability of these cells to
secrete sufficient insulin to overcome this insulin resistance (Fonseca, 2009; Cerf, 2013;
Campbell, 2000). Pancreatic -cell dysfunction can be exhibited by a substantial decrease in
B-cell number and mass and corresponding reduced insulin secretion (Butler et al., 2003; Del
Guerra et al., 2005). In the case of insulin resistance, insulin may still be present but target
tissues (e.g., adipose) exhibit insensitivity to such insulin. T2D has substantial variability in

clinical presentation and response to treatment (Schwartz et al., 2016). The diagnosis of T2D
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is often cited as one of ‘exclusion’: relatively reliable but imperfect diagnostic markers for T1D
(pancreatic autoantibodies in the blood) and MODY (single gene defects in known monogenic
diabetes genes) for other types of diabetes exist; however, there is no similar diagnostic test
for T2D (Pearson, 2019). Multiple pathophysiological processes often contribute to the clinical

presentation of complex conditions such as T2D (McCarthy, 2017).

The heterogeneity of T2D has prompted studies that employ cluster analyses and data for
various related biomarkers to identify structure within the condition. If such T2D subtypes are
properly validated and require substantially different disease management, then classifying
research participants or patients according to their subtype could facilitate the optimisation of
their treatment. Using 73 variables from linked electronic medical records and linked
genotypic data from Mount Sinai Medical Centre for 2551 individuals with T2D, Li et al
developed a data-driven, topology-based approach that identified three T2D subtypes (Li et
al., 2015). Each of these proposed subtypes was associated with increased risk of various
disease comorbidities and over 300 unique genetic associations. However, external
validation was not conducted, this study has not been replicated, and the clinical utility of
these proposed T2D subtypes is unclear. In the Swedish All New Diabetics in Scandia cohort
comprised of individuals with adult-onset diabetes, Ahlqvist et al employed data-driven (k-
means) clustering and identified five replicable subgroups of patients using six biomarkers
that were measured at the time of their diagnosis: glutamate decarboxylase antibodies, age
at diagnosis, body mass index (BMI), HbA1c, and homeostatic model assessment 2
estimates of B-cell function (HOMA-B) and insulin resistance (HOMA-IR) (Ahlqvist et al.,
2018). A validation study that included individuals with newly diagnosed and existing diabetes
replicated those five diabetes subtypes: severe auto-immune diabetes, severe insulin-
deficient diabetes, severe insulin-resistant diabetes, mild obesity-related diabetes, and mild

age-related diabetes (Pigeyre et al., 2021).
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Differences in underlying pathophysiology of the T2D subtypes proposed by Ahlqvist et al—
and the clinical utility of these distinctions—remain dubious, without extensive replication in
other study populations. However, Dennis et al employed the same data-driven cluster
analysis as Ahlqvist et al within the ADOPT trial (N = 4,351 participants) and found
similarities in clusters generated and differences in glycaemic progression and treatment
response (Dennis et al., 2019). Dennis et al highlighted that clustering can result in loss of
information as compared with using ‘simple’ prediction models comprised of commonly
measured, continuous clinical variables alone (Dennis et al., 2019). Further, the technique of
k-means clustering forces individuals into only one cluster, even if other clusters fit marginally
less well. This prompts further investigation into two issues: the stability of these cluster
assignments over time must be addressed in longitudinal study data, and further validation

studies must be performed.

Previous studies have shown that hyperglycaemia often precedes the diagnosis of T2D by
multiple years (Faerch et al., 2013). Prediabetes, a state of intermediate glycaemia, has
different definitions according to different health organisations. For example, the World Health
Organisation (WHO) currently defines prediabetes as having impaired fasting glucose (IFG;
fasting plasma glucose (FPG) of 6.1-6.9 mmol/L = 110-125 mg/dL) and/or impaired glucose
tolerance (IGT; 2-hour plasma glucose (2hPG) 7.8-11.0 mmol/L = 140-200 mg/dL) after a 75-
gram oral glucose load (World Health Organization & International Diabetes Federation,
2006). By contrast, the respective definitions for IFG and IGT for the diagnosis of prediabetes
as currently set by the American Diabetes Association (ADA) include the same 7.8-11.0
mmol/L = 140-200 mg/dL range for IGT and a lower cut-off value for IFG (5.6-6.9 mmol/L =
100-125 mg/dL) (American Diabetes Association, 2020). This lower cut-off value for IFG in
the ADA criteria for prediabetes affects the calculated incidence rate of T2D among those

with prediabetes, with lower incidence in study participants that are diagnosed with
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prediabetes on the basis of the ADA criteria, as compared with the WHO criteria (Forouhi et
al., 2006). An early meta-analysis evaluated the progression of prediabetes to T2D and
reported that the annual incidence rate of T2D was 6-9% for participants with IFG alone, 4-
6% for those with IGT alone, and 15-19% for those with both IFG and IGT (Gerstein et al.,
2007). A notable limitation of the meta-analysis was that the criteria for IGT and IFG differed
among included studies; for instance, they employed the WHO 1980, 1985, 1998, and 1999

definitions; as well as the ADA 1997 definition (Gerstein et al., 2007).

The previous longstanding definition for gestational diabetes mellitus (GDM) was any degree
of glucose intolerance that was first recognised during pregnancy, irrespective of the degree
of hyperglycaemia (Zhang et al., 2010). A recent study within the RADIEL intervention trial,
among pregnant patients who were at elevated risk for developing GDM with three follow-up
visits within a 12-month period, indicated that many cases of GDM are pre-existing
hyperglycaemia that is detected by routine screenings during pregnancy (Huvinen et al.,
2018). Such routine screenings are not widely performed in non-pregnant people of
reproductive age (Huvinen et al., 2018). More generally, there are a substantial number of
pregnant people with undiagnosed T2D, often due to underlying 3-cell dysfunction (American
Diabetes Association, 2020). Therefore, testing those with risk factors for T2D early in
pregnancy could lead to earlier management of the condition throughout and after pregnancy
(American Diabetes Association, 2020; Mission et al., 2017). Monogenic diabetes syndromes
encompass single gene defects that cause diabetes, and include neonatal diabetes (1 in
100,000 births) and maturity-onset diabetes of the young (MODY; approximately 1 to 4% of
all cases of diabetes in those who are diagnosed before the age of 30) (Johansson et al.,
2017; Shields et al., 2017). The most common of these single gene defects occur in the

genes HNF1A, HNF4A, HNF1B, and GCK (Johansson et al., 2017; Shields et al., 2017).
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1.2. Epidemiology of diabetes

The global prevalence of diabetes has increased substantially in recent decades and is
projected by multiple international organizations to further increase in the coming decades
(Table 1.1). For instance, as of 2019, the International Diabetes Federation (IDF) estimated
that the global diabetes burden among adults aged 20-79 years was 463 million (9.3%); by

2045, this figure is projected to increase by 51% to 700 million (10.9%) (Saeedi et al., 2019).

Table 1.1. World Health Organisation (WHO) and International Diabetes Federation
(IDF) estimates or projections of the global burden of diabetes in adults in years 2000
to 2045.

Source (citation) Yfgar for Estimated or projec.ted global
igure count of diabetes in adults
WHO (Wild et al., 2004) 2000 171 million
IDF (International Diabetes Federation, 2000) 2000 151 million
IDF (International Diabetes Federation, 2003) 2003 194 million
IDF (International Diabetes Federation, 2006) 2006 246 million
IDF (International Diabetes Federation, 2009) 2009 285 million
IDF (International Diabetes Federation, 2011) 2011 366 million
IDF (International Diabetes Federation, 2013) 2013 382 million
IDF (Ogurtsova et al., 2017) 2015 415 million
IDF (Cho et al., 2018) 2017 451 million
IDF (Saeedi et al., 2019) 2019 463 million
WHO (Wild et al., 2004) 2030 366 million
IDF (Saeedi et al., 2019) 2030 578 million
IDF (Ogurtsova et al., 2017) 2040 642 million
IDF (Saeedi et al., 2019) 2045 700 million

There are substantial country-level and regional disparities in undiagnosed diabetes and the
total burden of diabetes. In 2019, 50.1% of diabetes worldwide was estimated to be

undiagnosed; the regions with the greatest proportion of undiagnosed diabetes were Africa
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(59.7%) and Southeast Asia (56.7%) and those with the least were Europe (40.7%) and
North America and the Caribbean (37.8%) (Saeedi et al., 2019). These disparities were
largely attributed to differences in health care services across country-level income

classifications.

According to a nationwide, population-based, cross-sectional survey among adults in the
United States (US) in 2016 and 2017, approximately 5% of prevalent diabetes comprised
type 1 diabetes (T1D), 92% comprised T2D, and 3% comprised other subtypes of diabetes
(Xu et al., 2018). T1D accounts for the majority of diabetes cases in people under 20 years of
age in most populations (Ang, 2020). Investigations within the SEARCH for Diabetes in Youth
study have shown that T1D is more prevalent than T2D in youth in most racial/ethnic groups
in the United States (US), except Indigenous (American Indian and Alaska Native, Al/AN)

peoples (Hamman et al., 2014).

T2D constitutes the vast majority (over 90%) of the total global burden of diabetes. Multiple
genetic and non-genetic factors influence an individual's predisposition to T2D (McCarthy,
2017). Risk factors for type 2 diabetes include increased adiposity, decreased physical
activity, age, hypertension, and gestational diabetes (Bellou et al., 2018). The increased
counts of overall diabetes published by such institutions as the WHO and IDF in recent
decades largely reflect the increased burden of type 2 diabetes. Between 1990 and 2017, the
global prevalence of T2D rose substantially, with greater increases in lower-income countries;
in 2017, an estimated 462 million individuals had type 2 diabetes (6.3% of the global
population) (Khan et al., 2020). Early-onset T2D is increasingly prevalent, particularly among
adolescents who are overweight or have obesity, with estimated incidence rates currently
increasing by multiple percentage points per year (Pyle & Kelsey, 2021). Younger age of
onset of T2D is associated with more severe disease, as measured by total mortality,

cardiovascular-related mortality and non-cardiovascular mortality (Sattar et al., 2019).
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Between 1990 and 2013, the global burden of diabetes, as assessed by mortality and years
of life lost due to diabetes, increased by over 50%; however, this estimated increase in
mortality is likely an underestimate, due to the study’s reliance on death certificate data that
listed diabetes as primary cause of death, rather than associated macrovascular
complications (Naghavi et al., 2015). Diabetes-related chronic kidney disease (CKD) is the
leading cause of end-stage renal disease (ESRD), which contributes to approximately 10% of
deaths in people with T2D; increases in the prevalence of diabetic nephropathy (DN) such as
these are expected with the increase of the global burden of T2D, particularly in lower and

middle income countries (Saran et al., 2019; Tuttle et al., 2014).

1.3. Epidemiology of T2D in Indigenous communities in the US

This section provides an overview of epidemiology of T2D in Indigenous communities (i.e.,
first peoples) in the US to provide context for Section 1.6, which describes the longitudinal
study in the Southwestern US in which the analyses outlined in this thesis have been
undertaken. Indigenous peoples in the present-day US, including members of 574 federally
recognized tribes and other first peoples of the US and territories, have experienced historical
and ongoing challenges to health and its determinants. Due to the tumultuous and
complicated relationships between Indigenous nations and the rest of the US, increasing
participation in research studies among these populations is complex. The dynamic between
Indigenous populations and the federal government in the US is often described by
‘colonization,” a term that encompasses the physical and theoretical framework of interactions
among the entities, beginning at first contact between Indigenous peoples and European
settlers (Alfred, 2009). Post-contact, European settlers and their descendants who largely
took ownership of lands inhabited by Indigenous peoples and power in colonial, federal, and

state governments in what became the US used Eurocentric arguments to support forced
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assimilation and cultural genocide of Indigenous peoples (Braun et al., 2014). At the most
basic level, careful consideration of engagement with Indigenous individuals and

communities begins with terminology.

There has been considerable debate regarding appropriate terminology in discussing and
engaging with Indigenous peoples; historically in the US, such terminology has included
‘Indian,” ‘American Indian,” and ‘Native American.” Name designation with respect to
Indigenous communities is especially convoluted (Davis-Delano et al., 2020). Name
preferences vary depending on the individual and community, although the consensus
among communities is to ask each their preference, which may be in their native tongue
(e.g., ‘Diné’ versus the colonial name ‘Navajo’). This thesis uses a range of terms based on
the context. The terms ‘Indian,” ‘American Indian (Al),” and ‘Native American’ are based on
inaccurate declarations and applied inconsistently (e.g., toward Indigenous peoples of
Alaska, Hawaii, Guam, Puerto Rico, US Virgin Islands, etc.); however, these terms are often
used in bureaucratic settings. For clarity, the broadly applicable term ‘Indigenous’ has been
used throughout this thesis where applicable, to recognize the first peoples in the US and

other countries. Subgroups that are included in relevant studies will be specified.

Various classification systems encompassing race, ethnicity, and ancestry groups have been
used to categorise humans in epidemiological studies and in clinical settings with limited
consistency across countries and over time (Carter-Pokras et al., 2012). Racial and ethnic
categorisations that have been developed and employed within the US have been particularly
imprecise, and changes in census categorisations for race and ethnicity have been extensive
across decades (Strmic-Pawl et al., 2017). For example, the US government continues to use
blood quantum—which was originally formulated as a tool to facilitate genocide—to measure
the degree of Indigenous ancestry that Indigenous peoples possess; this is often printed on

individuals’ tribal identification cards (Rodriguez-Lonebear, 2021). Within research settings,
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certain investigators who have conducted research within Indigenous communities employ
this measure of blood quantum as a covariate in analyses to approximate admixture
(TallBear, 2013). While addressing population stratification and admixture is necessary for
methodologically sound genome-wide association study (GWAS) in diverse study
populations, historical context and the pitfalls of using such covariates as blood quantum in

research studies must be considered (Garrison et al., 2019).

Certain imprecise categorisation systems and communication about them in scientific
literature have also been rooted in and perpetuated historical racial stereotypes. For
example, a race correction factor that differentiates Black and non-Black patients and
research participants in the US has been employed in calculating estimated glomerular
filtration rate (eGFR), a measure of kidney function (Eneanya et al., 2019). The race
correction factor emerged from methodologically flawed research studies that showed that
Black participants had physiological differences in muscle mass as compared with non-Black
people (Ge et al., 2021)—which had been historically used to justify the enslavement of Black
peoples in the US (Guillory, 1968). This has led to systematically lower access to life-saving
care such as kidney transplantation for Black patients with ESRD (determined by eGFR

thresholds) than for their non-Black counterparts (Epstein et al., 2009).

While disparities across such groups are often cited in articles on the epidemiology of
complex traits such as T2D, the groups alone provide an inadequate proxy for the many
genetic and non-genetic influences on T2D risk, such as access to health care (Campbell et
al., 2012; Kirk et al., 2008). While race and ethnicity correlate with certain genetic variants,
ancestry is often defined on a global scale that is less convoluted and dynamic than those
within the US and is more precise than self-reported race and ethnicity (Ali-Khan et al., 2011).
In studies of genetic associations with T2D, meta-analyses of GWAS that include participants

of different ancestry groups have played an increasingly important role in detecting variants
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that are lower in frequency or monomorphic in European-ancestry study populations, who are
overly represented in the literature (Peterson et al., 2019). More precisely defined descriptors
are needed to ensure that policies and clinical standards that are intended to address
disparities in the risk of T2D and other complex diseases are based on sound evidence that

employs precise, consistent research methodologies.

Previous studies have reported the relatively high prevalence of diabetes, especially T2D,
among Indigenous peoples in the US According to the 2020 National Diabetes Statistics
Report published by the Centers for Disease Control and Prevention, 34.2 million people in
the US are estimated to have diabetes (10.5% of the adult population); of this figure, 7.3
million people (21.4%) are estimated to have undiagnosed diabetes (Centers for Disease
Control and Prevention, 2020). In the National Health Interview Survey (NHIS), in 2011-2015,
the age-standardised prevalence of self-reported diagnosed diabetes was 2.2 times higher in
Indigenous (American Indian/Alaska Native, AlI/AN) than in non-Hispanic white (NHW) men,

and 2.5 times higher in Indigenous than in NHW women (Table 1.2) (Cowie et al., 2018).

Table 1.2. Age-standardised prevalence of diagnosed diabetes in adults in the US in
the NHIS, 2011-2015 (Cowie et al., 2018). This table was reproduced from Cowie et al.,
2018; Diabetes in_America, published by the National Institute of Diabetes and
Digestive and Kidney Diseases, is in the public domain of the United States.

Diabetes prevalence in men Diabetes prevalence in women

Ethnic group

(95% ClI) (95% ClI)
Non-Hispanic Indigenous 19.7% (15.9-24.1) 18.8% (13.7-25.2)
Non-Hispanic Black 14.0% (13.7-14.8) 14.3% (13.6-15.0)
Hispanic 13.9% (13.1-14.8) 13.2% (12.4-14.0)
Non-Hispanic Asian 10.4% (9.3-11.7) 8.3% (7.5-9.1)
Non-Hispanic White 9.0% (8.7-9.3) 7.6% (7.3-7.9)
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In the National Health Interview Survey, age-sex standardised prevalence of diagnosed
diabetes in adults aged at least 20 years was 19.1% in Indigenous populations, as compared

with 9.5% in the general population (Cowie et al., 2018).

Among Indigenous communities in the US—a demographic that currently constitutes
approximately 5.2 million individuals (1.6% of the US population)}—documented cases of
diabetes began to increase drastically in the 20th century (Will et al., 1997). Previous studies
on cardiometabolic health outcomes in certain Indigenous communities in the US have
reported that nearly all cases of diabetes in participants were clinically characterized as T2D
(Dabelea et al., 1999). While few such investigations exist, along similar lines, studies in
Indigenous communities in the Southwestern US and Alaska report that nearly all diabetes in
study populations was T2D, based on the absence of T1D-related autoantibodies and clinical
characteristics (Knowler et al., 1979; Mohatt et al., 2002). A recent observational study on the
incidence and prevalence of diagnosed diabetes (T1D and T2D combined) was conducted on
Indian Health Service health records of Indigenous (defined in that study as American
Indian/Alaska Native, AI/AN) adults from 2006-2017 (Bullock et al., 2020). Therein, a trend
analysis found that the prevalence of diagnosed diabetes increased from 2006 (14.4%) to
2013 (15.4%) and decreased from 2013 to 2017 (14.6%) (Bullock et al., 2020). These trends
were consistent across all age groups (18-44 years, 45-64 years, 65-74 years and =75
years); however, these trends have not been replicated and could originate in part from

sampling or other technical reasons (Bullock et al., 2020).

There are limited data on prevalence of prediabetes, but several studies have indicated that
prevalence of prediabetes—defined as fasting plasma glucose > 100-125 mg/dL or HbA1c
5.7-6.4%, inclusive—in Indigenous populations is similar to, or slightly lower than, in the
general population (Centers for Disease Control and Prevention, 2020). For example, in a

consortium of US health care systems including nearly five million individuals, over 25,000
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individuals who identified themselves in health records, or who were identified on their birth
certificate, as Al/AN, had lower prevalence of prediabetes (31.1%; 95% CI 30.6-31.7%) as
compared with the overall study population (33.4%; 95% CI 33.3-33.5%) (Zhu et al., 2019). In
this study, the age-adjusted prevalence of diabetes was 19.6% (95% CI 19.1-20.0%) in AlI/AN
individuals, versus 15.9% (95% CI 15.8-16.0%) in the overall population (Zhu et al., 2019).
Non-white groups in the study had higher rates of diabetes and prediabetes at lower BMIs
than whites and the overall population (Zhu et al., 2019); thus, factors other than obesity (as
measured by BMI) may have contributed to contribute to both diabetes and prediabetes risk

in these groups.

According to the National Health Interview Survey, AlI/AN adults are 1.5 times as likely to
have obesity relative to NHW adults, and Indigenous adolescents are 30% more likely to
have obesity than NHW adolescents (Centers for Disease Control and Prevention, 2018).
While further research on fat distribution and cardiometabolic risk is needed and BMI is not
necessarily the optimal predictor of disease risk, there is strong evidence for the association
between obesity and hypertension, dyslipidaemia, hypercholesterolemia, insulin resistance,
and glucose intolerance (Saxton et al., 2019). Longitudinal studies in Indigenous populations
have shown that obesity, as measured by BMI, is strongly and linearly associated with
incidence of diabetes and that diabetes incidence is low in those with BMI < 25 kg/m? (Figure

1.2) (Knowler et al., 1981).
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Figure 1.2. Age-sex standardised incidence of type 2 diabetes by body mass index,
with 95% confidence intervals, in a longitudinal study of Indigenous adults from a

community in the Southwestern US (Knowler et al., 1981). This figure was reproduced
with Copyright Clearance Centre licence number 5263240028580.

The relatively high prevalence of T2D in Indigenous populations is particularly pronounced in
youth. An analysis of time trends in diagnosed diabetes (including T1D and T2D) prevalence
among Al and AN young adults (aged 18-34 years) between 1994 and 2007 found increasing
trends in annual prevalence estimates of diagnosed diabetes among Indigenous (Al/AN, and
those from within the 50 US, Puerto Rico, Guam, and the Virgin Islands) and NHW young
adults; however, these findings have not been replicated (Hamman et al., 2014). Indigenous
young adults were, on average, 1.7 (95% CI 1.1-2.6) times more likely than NHW young
adults to be diagnosed with diabetes during 1994-2000 and 2.5 (95% CI 1.9-3.3) times more
likely during 2001-2007 (Roberts et al., 2009). In the SEARCH for Diabetes in Youth study, a
population-based assessment of prevalence in youth aged 10-19 years across 5 different
American centres as well as several tribal reservation communities, the prevalence of
diagnosed T2D was 1.20 per 1000 Indigenous participants, compared with 0.17 per 1000
NHW participants, 0.34 per 1000 Asian and Pacific Islander participants, 0.79 per 1000

Hispanic participants, and 1.06 per 1000 Black participants (Dabelea et al., 2014).
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Thus far, this section has focused upon T2D prevalence, which is essentially the cumulative
incidence of T2D in a given population, not including deaths that may occur in that population
over time. Shifting to discuss the incidence of T2D, previous studies have found that the
incidence of young-onset T2D in Indigenous children, adolescents and young adults was
greater than that of the overall US population in any given period. A longitudinal study of
Indigenous young adults within a larger general US study population found that Indigenous
young adults had higher HbA1c levels, higher self-reported blood glucose, self-reported
diabetes, and obesity (Marley & Metzger, 2015). They also had higher rates of structural risk
factors (e.g., residing in poorer and more transient neighbourhoods and having greater levels
of stress) than NHW young adults (Marley & Metzger, 2015). The relatively high prevalence
and incidence of early-onset T2D in Indigenous youth relative to that of all youth in the US

poses challenges to the prevention of complications of diabetes in Indigenous communities.

While the prevalence of DN—including elevated microalbuminuria, macroalbuminuria, and
end-stage kidney disease—is relatively high in Indigenous communities in the US, its
incidence has decreased within this demographic group in recent years (Pavkov et al., 2008).
The public health impact of diabetes on kidney disease is particularly severe in Indigenous
communities; diabetes is the primary cause of 67% of the ESRD that occurs in Indigenous
(Al/AN) populations, as compared with 39% in the general US population (Saran et al., 2020).
In a longitudinal population-based study among members of an Indigenous community from
the Southwestern US, early-onset T2D was associated with substantially increased incidence
of ESRD and mortality in middle age (25-55 years); the longer duration of T2D experienced
by individuals diagnosed with T2D at under 20 years of age predominantly accounted for this
burden (Pavkov et al., 2006). Early-onset T2D, and the increased prevalence of childhood

obesity among Indigenous communities as well as the broader US population that contribute
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to individuals’ risk of developing T2D, are strongly associated with DN and pose major

challenges to its prevention (Pavkov et al., 2006, 2007).

Among Indigenous peoples with diabetes in the US, prevalence estimates for diabetic
retinopathy (DR) are often reported for specific tribal communities. For example, among 418
Lakota participants in the Strong Heart Study from the Cheyenne River Sioux Tribe and
Oglala Sioux Tribe who had T2D (aged 45-75 years), 45.3% had DR: 40.2% had proliferative
DR (mean duration of T2D 12.3 years, SD 7.5 years) and 5.1% had non-proliferative DR
(mean duration of T2D 14.2 years, SD 7.5 years) (Berinstein et al., 1997). In the longitudinal
study in which this thesis research was conducted, among study participants from an
Indigenous community from the Southwestern US, among 171 participants who had T2D
(aged 30-70 years), 40.9% had DR (aged mean 51.6 + 8.8 years; median duration of T2D
15.0 years, range 0.2-26.1 years) and 2.3% had proliferative DR (Nagi et al., 1997).
According to a larger multi-site, cross-sectional study including 45,482 Al/AN participants with
diabetes recruited at Indian Health Service-Joslin Vision Network Teleophthalmology
Program clinics, 20.0% of patients had DR: 17.7% had non-proliferative DR and 2.3% had

proliferative DR (Bursell et al., 2018).

1.4. Genetics of T2D

Estimates of the heritability of T2D, derived from twin and family studies, range from 20 to
80%, capturing combinations of genetic and nongenetic (e.g., shared familial, prenatal, and
postnatal environmental exposures) factors (Ali, 2013; Almgren et al., 2011; K. Wang et al.,
2017; Willemsen et al., 2015). Studies in Indigenous populations in the US have reported
broad ranges of heritability for T2D—ranging from 22 to 62% (Baier & Hanson, 2004; North et

al.,, 2003). These heritability estimates reflect phenotypic resemblance among family
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members and illustrate potential genetic effects on T2D, although they can also reflect
clustering of environmental risk factors within families, depending on study design. The
advent of GWAS has in the past 15 years provided a powerful approach for identifying
genetic variants that contribute to T2D risk. GWAS have also enabled estimates of narrow-
sense heritability (h?) that are able to distinguish between genetic and shared environmental
effects. Researchers have developed methods to estimate a lower bound on heritability
directly from GWAS data, using genetic similarities between unrelated individuals (Lee &

Chow, 2014). Further information on heritability estimates is provided in Section 2.3.

Early GWAS mostly captured common variants associated with T2D; GWAS and GWAS
meta-analyses with increasingly large sample sizes, improved quality control measures, and
density of imputation have yielded increased statistical power to detect rarer variants

(McCarthy et al., 2016).

A 2016 study on the genetic architecture of T2D reported that modest effect sizes of T2D-
associated variants limit the collective contribution of low-frequency and rare variants to
heritability (Fuchsberger et al., 2016). While simulated rare variant models had predicted
more rare and low-frequency variants to be associated with T2D, Fuchsberger et al identified
only one low-frequency variant whose association with T2D achieved genome-wide
significance (Fuchsberger et al., 2016). In the years since, other studies involving large-scale
whole-genome sequencing, exome sequencing, and GWAS meta-analyses have further
limited the role of low-frequency and rare variants in T2D susceptibility. A 2017 study by Jun
et al that involved whole-genome sequencing of over 1000 individuals across large pedigrees
found no evidence of rare variants that associated with T2D with large effect sizes (Jun et al.,
2017). A 2018 study that involved a large exome array and fine-mapping study across
approximately 450,000 samples further limited the contribution of low-frequency coding

variants to T2D susceptibility: the study identified 40 coding variant associations, with only
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five with MAF < 5% and none with OR > 1.4 (Mahajan et al., 2018a). Most GWAS and GWAS
meta-analyses have identified T2D risk loci in European-ancestry study populations, such as
a recent GWAS meta-analysis by Mahajan et al across a total of approximately 900,000
study participants (74,124 T2D cases and 824,006 controls) (Mahajan et al., 2018b). This
GWAS meta-analysis enabled robust detection of over 400 T2D risk signals, including 56
low-frequency (0.5% < minor allele frequency (MAF) < 5%) and rare (MAF < 0.5%) index
SNPs (Mahajan et al., 2018b). Most signals detected in this GWAS meta-analysis were
common variants with modest effect sizes (Mahajan et al., 2018b). The odds ratios for low-
frequency and rare variants detected in this study were mostly modest but ranged from 1.08-

8.05, compared to 1.03-1.37 for common (MAF = 5%) variants (Mahajan et al., 2018b).

Additionally, the inclusion of isolated study populations that have altered patterns of linkage
disequilibrium (LD) and may have T2D-associated variants of relatively high frequency as
compared with that of European-ancestry study populations that are over-represented in
published T2D GWAS and meta-analyses (Andersen et al., 2016). This relatively high
frequency of novel T2D-associated variants could result from genetic drift improves the power
to detect association signals. Dominant-recessive GWAS models, which can also assist in
the detection of rarer variants, are further described in Section 3.2.1. Table 1.3 provides an
overview of a sampling of large-scale consortia that have conducted GWAS meta-analyses of
T2D, including the consortium name, sequencing type, sample size, ancestry groups of study
participants, and recent key publications resulting from these consortia (DeForest & Majithia,

2022).
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Table 1.3. Summary of large-scale consortia that have conducted GWAS of T2D. Adapted from an article distributed under the
terms of the CC Attribution 4.0 International Licence: http://creativecommons.org/licenses/by/4.0 (DeForest & Majithia, 2022).

Abbreviation

DIAGRAM

DIAMANTE

T2D-GENES

Name

DIAbetes Genetics
Replication And Meta-
analysis

DIAbetes Meta-Analysis of

Trans-Ethnic association
studies

Slim Initiative in Genomic

Medicine for the Americas

Asian Genetic
Epidemiology Network
Type 2 Diabetes Genetic
Exploration by Next-
generation sequencing in
multi-Ethnic Samples
MEta-analysis of type 2
Diabetes in African
Americans

Million Veteran Program

UK Biobank

BioBank Japan

Population Architecture
Genomics and
Epidemiology

Genotyping
assa

Genotype

Genotype

Genotype,
exome chip

Genotype

Whole exome
sequencing

Genotype

Genotype

Genotype,
whole exome,
and whole
genome

Genotype,
whole genome

Genotype

Sample size

26,676 T2D cases and 132,532 controls

180,834 T2D cases and 1,159,055 controls

8,227 T2D cases and 12,966 controls

77,418 T2D cases and 356,122 controls

20,791 T2D cases and 24,440 controls

8,284 T2D cases and 15,543 controls

102,683 T2D cases and 170,726 controls

17,730 T2D cases and 210,752 controls

36,614 T2D cases and 155,150 controls

African American: 8,591 T2D cases and 16,887 controls;
Asian: 3,124 cases and 4,313 controls; Native Hawaiian:
1,642 cases and 2,152 controls; Hispanic: 9,913 cases
and 22,958 controls; European American: 3,156 cases
and 14,837 controls

Ancestry

European

African American, East
Asian, European,
Hispanic/Latino, South
Asian

Hispanic/Latino

East Asian

Hispanic/Latino,
European, African
American, East Asian,
South Asian

African American

Predominantly
European; also, African
American,
Hispanic/Latino, Asian,
African, Caribbean
Predominantly
European; also African,
Hispanic/Latino, Asian,
Caribbean

Japanese

European, African
American, Asian, Native
Hawaiian,
Hispanic/Latino

Citation

(Mahajan et al.,
2018b; Scott et
al., 2017)

(Mahajan et al.,
2018a)

(The SIGMA
Type 2 Diabetes
Consortium et
al., 2014)
(Spracklen et al.,
2020)

(Flannick et al.,
2019)

(Ng et al., 2014)

(Vujkovic et al.,
2020)

(O’Connor et al.,
2022)

(Suzuki et al.,
2019)

(Polfus et al.,
2021)
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Suzuki et al identified 88 T2D-associated loci (p < 5.0 x 10%; 28 novel loci) with 115
independent signals (p < 5.0 x 10%; 30 novel signals) in a meta-analysis of four GWAS
(36,614 T2D cases and 155,150 controls) that included individuals from population-based
cohorts in Japan (Suzuki et al., 2019). To gain biological insights, Suzuki et al also undertook
a multi-ancestry comparison of associations of molecular pathways that were suggested in a
previous GWAS meta-analysis of European-ancestry study populations (Scott et al., 2017).
The analysis by Suzuki et al. highlighted that pathways of beta cell development and MODY
were significantly associated with T2D in both European-ancestry and Japanese-ancestry
study populations; however, the pathway of regulation of insulin secretion was only
significantly associated with T2D in the Japanese-ancestry study population (Suzuki et al.,
2019). These findings have not been replicated and lie in contrast to studies in European-

ancestry study populations.

A larger GWAS meta-analysis of East Asian-ancestry study populations (77,418 T2D cases
and 356,122 controls) identified 301 distinct association signals that met a locus-wide
significance threshold (p < 1.0 x 10, 228 were genome-wide significant with p < 5.0 x 10%)
at 183 loci (51 novel) (Spracklen et al., 2020). Spracklen et al compared summary statistics
from their meta-analysis with those within the European-ancestry T2D GWAS meta-analysis
of Mahajan et al (Mahajan et al., 2018b): common variants associated with T2D in the East
Asian-ancestry and European-ancestry study populations had strongly correlated effect sizes
(Spracklen et al., 2020). Certain novel associations identified in this meta-analysis have
higher allele frequencies, larger effect sizes in East Asian-ancestry study populations
(Spracklen et al., 2020). This underscores the importance of including more diverse study
populations and carefully accounting for population stratification to avoid biased test statistics

(Uffelmann et al., 2021). More recently, Vujkovic et al conducted a multi-ancestry GWAS
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meta-analysis of 228,499 T2D cases and 1,178,783 controls of European, African American,
Hispanic, South Asian, and East Asian ancestry across the Million Veteran Program,
DIAMANTE, Biobank Japan and other studies and reported 568 associations (283 novel),
including 25 novel associations that were identified in ancestry-specific analyses (Vujkovic et

al., 2020).

A recent preprint by Mahajan et al described a multi-ancestry GWAS meta-analysis of T2D in
180,834 T2D cases and 1,159,055 controls (48.9% non-European ancestry) in DIAMANTE,
which identified 277 loci at genome-wide significance (p < 5 x 10%), 11 of which had not been
previously reported in recent T2D GWAS meta-analyses and 237 of which met a more
stringent multi-ancestry analysis threshold (p =5 x 10°) (Mahajan et al., 2022). At the 58.6%
of associations that were more precisely localized due to the more diverse study populations,
the addition of non-European-ancestry GWAS to the multi-ancestry meta-regression was
found to enhance fine-mapping resolution as compared with equally-sized European-ancestry
GWAS (Mahajan et al., 2020). In the 2018 GWAS meta-analysis by Mahajan et al, conditional
analysis revealed complexity at certain loci, including an observation of multiple association
signals at the TCF7L2 locus that were in weak LD with lead GWAS SNP rs7903146, which
has been previously reported as the largest-effect common variant signal for T2D in

European-ancestry populations (Mahajan et al., 2018b).

Previous evidence on how genetics researchers and clinical professionals conceptualise
race, ethnicity, and ancestry has underscored that definitions of race and ancestry are
context-specific and these terms are often used interchangeably (Popejoy et al., 2020). Thus
far, evidence has indicated that common variants that are associated with T2D are largely
shared across ancestry groups. However, studies have highlighted that study populations
identified as the AFR (African ancestry) group experience limited transferability of some

common and rare variants that are associated with T2D (Martin et al., 2019a). This has
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resulted in calls to diversify GWAS and GWAS meta-analysis study populations, which have
been increasingly addressed through efforts such as the DIAMANTE Consortium (Mahajan et
al.,, 2022). Given unethical research practices of scientific researchers with respect to
Indigenous study populations in the past (described further in Section 2.1), Indigenous
bioethicists and statistical geneticists have developed ethical frameworks regarding the
engagement of Indigenous communities in scientific research for scientists to consider (Claw

etal., 2018).

1.4.1. Polygenic scores for T2D

Polygenic scores (PS) are used to capture in a single continuous estimate that summarises
information from GWAS for a given trait or condition and an individual's genotypes for
variants of interest. For example, a PS can be calculated to estimate an individual’'s genetic
predisposition to a given condition. In the past 15 years, PS for complex, polygenic traits such
as T2D began to be constructed using genome-wide significant variants that were identified
in GWAS—most of which were common variants—and were found to associate strongly with
T2D (Hivert et al., 2011; Langothe et al., 2008; Lyssenko et al., 2008; Meigs et al., 2008).
These GWAS often use the widely accepted threshold of p < 5.0 x 10%, which accounts for
the testing burden of approximately 1 million independent tests across the genome in
European-ancestry data from the International HapMap Consortium (Pe’er et al., 2008).
These variants can be combined into a PS to quantify an individual’s predisposition to a
heritable trait (Wand et al., 2021), calculated as a weighted sum of the number of trait-
increasing alleles that an individual carries. The summing across variants inherent to
calculating a PS for a trait assumes an additive genetic architecture of the trait and, often, the

independence of the included genetic variants (Lewis & Vassos, 2020).
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Multiple methods can be used to construct PS and can attributed to three main categories:
(1) polygenic scoring based on all genetic markers, (2) clumping/pruning and thresholding as
well as (2) assessing the best prediction genome-wide (Lewis & Vassos, 2020). First,
polygenic scoring based on all genetic markers employs summary statistics for a GWAS for a
given trait as well as genotypes for a study population to calculate a PS across all markers in
the summary statistics. Second, clumping/pruning and thresholding is an approach that
involves pruning variants based on LD, followed by summing effect alleles over all SNPs that
meet one or more p-value thresholds; this method is implemented by programs PRSice (Choi
& O’Reilly, 2019) and PLINK (Chang et al., 2015). A recent review article on PS for T2D by
Udler et al proposed terming the construction of PS by pruning (i.e., removing highly
correlated variants) and thresholding (i.e., employing more liberal p-value thresholds) as
‘restricted-to-significant PS’ (rsPS) (Udler et al., 2019). Third, assessing the best prediction
genome-wide entails explicitly modelling correlation structure between variants without
identifying a minimum number of SNPs to be included in the subset used for the calculation
of PS; this method is implemented by the program Bayesian LDpred (Vilhjalmsson et al.,

2015). Udler et al termed this as ‘global extended PS’ (gePS) (Udler et al., 2019).

SBayesR is a methodology that implements Bayesian multiple regression, an extension of
standard linear mixed model analyses, to combine likelihood estimation that connects
multiple regression coefficients with GWAS summary statistics and accounts for LD (Lloyd-
Jones et al., 2019). SBayesR was found to improve prediction accuracy for T2D and
quantitative traits in large study populations of European ancestry, beyond the prediction
accuracy of regression with summary statistics alone, LDPred, and pruning and threshold
methods (Lloyd-Jones et al., 2019). PRS-CS uses a Bayesian regression framework and
places continuous shrinkage priors—which can accommodate diverse genetic architectures

and modelling of local LD patterns—on SNP effect sizes (Ge et al., 2019). Authors
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demonstrated that PRS-CS substantially improved upon existing methods in the predicting

common complex diseases, including T2D (Ge et al., 2019).

In the past 15 years, many studies have explored the utility of PS for T2D in predicting which
individuals in a study population are at the highest risk of T2D. Improved sample sizes in T2D
GWAS meta-analyses have enabled the construction of rsPS with increasing numbers of
variants that improve modestly upon the predictive accuracy of previous iterations of T2D PS
and upon that of clinical predictors (e.g., age, sex, BMI, fasting plasma glucose, HbA1c, etc.)
alone for the incidence of T2D (Lyssenko et al., 2008; Mahajan, et al., 2018b; Meigs et al.,
2008; Vassy et al., 2014). More recently, gePS for T2D have been constructed in two studies
within the UK Biobank study using hundreds of thousands to millions of variants to predict
T2D case-control status (Khera et al., 2018; Mahajan, et al., 2018b). Khera et al found that
study participants in the top 3.5% of the gePS distribution had approximately threefold
increased risk of T2D as compared with the remainder of the study population (Khera et al.,
2018). Mahajan et al found that participants in the top 2.5% of the gePS distribution had 3.4-
fold increased risk (prevalence 11.2%) compared with the median (prevalence 3.3%), and
9.4-fold increased risk compared with the bottom 2.5% of the distribution (prevalence 1.2%)

(Mahajan et al., 2018b).

Further research on technical issues of transferability of T2D PS across study populations—
as well as the broader utility of a PS relative to that of clinical variables—in predicting the
incidence of T2D is needed. Currently, scientific literature suggests that common T2D-
associated variants are largely shared across ancestry groups, but LD patterns are different.
Due to the over-representation of participants from European ancestry groups, estimation of
effects in non-EUR populations is suboptimal. An extension of PRS-CS, PRS-CSX, was
recently developed to integrate GWAS summary statistics from multiple ancestry groups with

the specific aim of improving polygenic prediction across population groups by using multi-
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discovery methods to combine GWAS summary statistics from study populations of different
ancestry groups (Ruan et al., 2022). The use of multi-discovery methods by PRS-CSX was
found to significantly improve the prediction of T2D as done through single-discovery
methods across multiple quantitative anthropometric and blood panel traits, including birth
weight and HbA1c (Ruan et al., 2022). However, such improvement was modest when the
target population was of European ancestry and smaller non-European-ancestry GWAS
summary statistics were added to the discovery data set (Ruan et al.,, 2022). As PS are
increasingly proposed to be used not only as research tools but also as clinical predictors,
concerns surrounding reporting standards (Wand et al., 2021) and suboptimal transferability
across study populations of PS (Martin et al., 2019) must be addressed to improve

replicability and combat potential healthcare disparities.

1.4.2. Partitioned polygenic scores for T2D

This thesis will explore the various processes that contribute to the development of T2D. This
section will provide an overview of previous research involving the clustering of genetic
variants that are associated with various subphenotypes of T2D. Chapter 4 showcases my
analyses of ‘process-specific/partitioned’” PS (pPS) for T2D that are composed of these
variants. Discrete pPS can be systematically constructed using T2D-associated variants that
share mediation of T2D risk through a given intermediary process (Udler et al., 2019). Early
iterations of clustering approaches employed ‘hard’ unsupervised clustering to annotate each
of dozens of T2D risk loci with respect to its physiological impact (Dimas et al., 2014; Scott et
al., 2017; Voight et al., 2010). In the past decade, data from large GWAS of quantitative traits
of interest and improved clustering approaches have enabled more sophisticated ‘soft’
clustering techniques that allow for each genetic variant to be annotated with more than one

physiological impact.
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Notably, Mahajan et al implemented a c-means ‘soft’ clustering approach using GWAS data
from 10 T2D-related quantitative traits (Mahajan et al., 2018a), whilst Udler et al undertook a
Bayesian nonnegative matrix factorization approach to identify variant clusters (Udler et al.,
2018) using GWAS data from 47 diabetes-related traits within a partially overlapping set of 94
T2D-associated variants and identified broadly similar genetic clusters. Equipped with genetic
cluster assignments that have previously been generated for a list of variants, individual-level
T2D pPS can then be calculated within large, cross-sectional studies with genotypic and
phenotypic data available by summing the number of risk alleles per physiological cluster.
Then, individual T2D pPS can be tested for associations with T2D and related traits. Notably,
a separate methodological paper on ‘TACTICAL, a framework for integrating tissue-specific
gene expression and epigenomic maps to calculate ‘tissues of action’ scores for each
association signal provided a complementary approach to partition risk (Torres et al., 2020).
The tissue profiles emphasised that pancreatic islets were the main tissue in which signals
operated, with respect to the development of T2D (Torres et al., 2020); this corresponds to
the insulin action/beta cell clusters from the T2D pPS that Mahajan et al and Udler et al
created . Chapter 4 will review the literature in greater depth and describe analyses of T2D

pPS in the cohort study in the Indigenous community in the Southwestern US.

1.4.3. Transferability of findings across study populations

As described earlier, GWAS of T2D that have identified these genetic variants have
predominantly included European-ancestry study populations (Magi et al., 2017; Martin et al.,
2019). While common SNPs driving genetic associations with complex human traits are
largely shared across global populations (Rosenberg et al., 2010; Marigorta & Navarro,
2013)—uwith largely concordant directions of effect (Ntzani et al., 2012)—many studies have

demonstrated that certain alleles have different effect sizes across populations (Wang et al.,
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2012; Li & Keating, 2014). For example, TCF7L2 rs79031486, identified in previous studies as
a variant with high effect size and significance in association with T2D in European-ancestry
study populations, associates more weakly with T2D in participants in the cohort study in
which this thesis research was undertaken, an Indigenous population from the Southwestern
US (Guo et al., 2007). Possible explanations for this discrepancy include differences in LD
patterns, allele frequencies, and allelic effect heterogeneity. However, differences are largely
due to differences in allele frequency. Differences in LD can appear to be differences in effect
size; however, the effect size at the causal allele is similar. True examples of effect size

heterogeneity are limited (Mahajan 2016).

The extent to which genetic differences among populations explain the higher risk for T2D
experienced by Indigenous populations in the US is not wholly understood. However, studies
that have examined the effects of these established T2D-susceptibility variants have found
that, while there is some modest heterogeneity in effects across populations, the variants
generally associate with diabetes in Indigenous populations consistently with the effects in
Europeans (Carlson et al., 2013; Hanson et al., 2015). Some genetic variants with strong
(i.e., high effect size) effects on diabetes risk are substantially more common in certain
Indigenous study populations than in other continental ancestry groups (e.g., ABCC8

R1420H and HNF1A G319S) (Baier et al., 2015; Hegele et al., 1999).

Certain variants in the gene KCNQ7—which are established as associated with T2D across
multiple ancestry groups—exhibit parent-of-origin effects with respect to T2D in the PECRB
cohort, an Indigenous population from the Southwestern US (Hanson et al., 2013). The
strongest effect was in rs2299620 in KCNQ17, a partially imprinted locus that has
demonstrated parent-of-origin effects in other study populations (Hanson et al., 2013). At this
locus, the C allele was associated with T2D when maternally derived (OR 1.92; p = 4.1 x 10

12) but not when paternally derived (OR 0.93; p = 0.47), with p = 9.9 x 10 for difference in
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maternal and paternal effects (Hanson et al., 2013). The ascertainment of T2D susceptibility
variants remains incomplete; the extent to which the currently ascertained variants capture
effects of causal variants across ancestry groups is unclear, due to variation in LD patterns
and allelic heterogeneity (Chande et al., 2020; Chen et al., 2012; Hanson et al., 2015).
Multiple efforts such as Diabetes Meta-Analysis of Trans-Ethnic association studies
(DIAMANTE) Consortium have made substantial advancements in the inclusion of study
populations beyond those of European ancestry alone, most recently with a 2022 multi-
ancestry meta-analysis of GWAS of T2D across over 180,000 T2D cases and 1,150,000

controls (Mahajan et al., 2022).

1.5. Genetics of birth weight

Birth weight is an indicator of intrauterine nutrition and pregnancy outcomes and predictor of
newborn and infant survival; it is also associated with risk of future cardiometabolic conditions
in adulthood (Pettitt & Jovanovic, 2001). Parental diabetes has been shown to be associated
with elevated risk of subsequent diabetes in offspring (Lindsay et al., 2000). Maternal
diabetes, which may include diabetes during pregnancy, which confers in utero exposure of
the offspring to a diabetic environment, has also been associated with subsequent risk of

T2D and accelerated weight gain and T2D in offspring (Pettitt et al., 1988; Pettitt et al., 1983).

One study involving members of the Indigenous study population included in this thesis
research (explained further in Section 1.6), as compared with offspring of people who
developed diabetes after pregnancy or who remained non-diabetic, the offspring of people
who had diabetes during pregnancy had greater risk of obesity and higher plasma glucose
concentrations (Pettitt et al., 1993). A further study attributed in utero exposure to maternal

diabetes with a substantial proportion of diabetes that occurred in offspring—and a greater
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proportion of diabetes in offspring in more recent birth cohorts—above and beyond genetic
effects (Dabelea et al., 2008). In this study population, maternal diabetes was associated with
greater birth weight and greater risk of diabetes in offspring; by contrast, paternal diabetes
was associated with lower birth weight and greater risk of diabetes in offspring (Lindsay et al.,
2000). A positive association between maternal diabetes and offspring birth weight and
negative association between paternal diabetes and offspring birth weight was also observed
in an analysis of data from over 200,000 participants in the UK Biobank study (Tyrrell et al.,
2013). In that study, birth weight in the offspring of parents who both had diabetes did not

differ from that of offspring of parents who both did not have diabetes (Tyrrell et al., 2013).

In multiple study populations, including the Indigenous study population (Lindsay et al., 2000;
McCance et al., 1994), the association between birth weight and the risk of T2D forms a U-
shaped curve, in which lower and higher birth weights are associated with greater risk of T2D
later in life due to a complex interplay of genetic and non-genetic influences (Harder et al.,
2007; Whincup et al., 2008). This complex interplay will be discussed further in Section 1.7.
More broadly, many studies have employed methods in clinical and genetic epidemiology to
investigate the pairwise associations between parental T2D and offspring birth weight,
between parental T2D and offspring T2D, and between own birth weight in offspring and their
subsequent risk of T2D. One way to explore the relationship between birth weight and T2D is
to further investigate the genetics of birth weight. For instance, an intergenerational study
involving families—mothers, fathers, and offspring—and employing path analysis found that
foetal (i.e., offspring) genetic factors explained 31% of the variation in birth weight (Lunde et
al., 2007). T2D-associated SNPs can operate in different directions with respect to birth
weight: some T2D risk alleles confer greater birth weight; others confer lower birth weight.
The signals that have been identified in GWAS of birth weight implicate loci in biological

pathways that may underlie the associations between birth weight and risk of diseases such
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as T2D later in life (Horikoshi et al., 2016; Horikoshi et al., 2013; Beaumont et al., 2018;

Freathy et al., 2010).

GWAS have identified over 400 independent signals that are associated with the complex
trait T2D (Mahajan et al., 2018b), and a portion of these signals also associate significantly
with birth weight (Zeng et al., 2017). Certain loci with foetal effects on both birth weight and
type 2 diabetes—defined as loci that contain birth weight-associated SNPs (Warrington et al.,
2019) that are in LD (R? > 0.3) with a T2D-associated SNP (Mahajan et al., 2018a)—have
been shown to have underlying biological associations that confer T2D risk (Hughes et al.,
2021). For instance, the birth weight and T2D risk locus rs2943641 in /IRS1 has been
associated with higher insulin resistance (/RS7) (Mahajan et al., 2018b; Udler et al., 2018).
Udler et al and Mahajan et al have also shown that loci in ADCY5, CDKAL1, ANK1,
HHEX/IDE, KCNQ1, and CCND2 were associated with reduced insulin secretion (Mahajan et
al., 2018b; Udler et al.,, 2018); Thomsen et al showed that a locus in HMGA2 was also

associated with reduced insulin secretion (Thomsen et al., 2016).

To date, the most comprehensive genome-wide association analyses of own birth weight
(foetal GWAS) and offspring birth weight (maternal GWAS) were conducted in study
populations of European ancestry, including participants in the Early Growth Genetics (EGG)
Consortium and UK Biobank study and identified 190 independent association signals
(Warrington et al., 2019). The Warrington et al GWAS meta-analysis of own birth weight (N =
321,223 offspring; foetal GWAS) was conducted by combining summary statistics for the
Early Growth Genetics Consortium meta-analysis and UK Biobank meta-analysis using a
fixed-effects meta-analysis in the program Genome-Wide Association Meta-Analyses
(GWAMA), excluding variants that failed quality control filters and conducting sensitivity
analyses to confirm the quality of the results of the GWAS meta-analysis (Warrington et al.,

2019).
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The GWAS meta-analysis of offspring birth weight (N = 230,069 mothers; maternal GWAS)
employed similar strategies and reference panels as applied to maternal genotypic data: in
sum, two genomes—maternal and foetal—were investigated using GWAS meta-analyses
and Mendelian randomisation (Warrington et al., 2019). Warrington et al constructed two
GWAS meta-analyses due to previous evidence from a study of maternal and foetal
mutations in the glucokinase gene (GCK) (Hattersley & Tooke, 1999) as well as an earlier
meta-analysis of GWAS of birth weight in the Early Growth Genetics Consortium (Horikoshi
et al., 2016). While the study by Horikoshi et al was limited by sample size constraints in the
early GWAS meta-analysis, this study found that T2D risk alleles were associated with high
birth weight, while others were associated with lower birth weight and prompted further
investigation of the contrasting associations of T2D risk alleles with higher and lower birth
weight, which could reflect different impacts of maternal and foetal genotype (Horikoshi et al.,

2016).

The Warrington et al foetal GWAS identified 146 independent SNPs at genome-wide
significance (p < 6.6 x 10°?); the maternal GWAS identified 72 independent SNPs according
to that significance threshold (Warrington et al., 2019). SNPs at 30 loci (within 500 kb and LD
r? 2 0.1) were identified in both the foetal and maternal GWAS as associated with birth weight
at a level of genome-wide significance (Warrington et al., 2019). Taken together, 209 lead
SNPs (146 novel as of the 2019 publication of the study) were identified. Two-sample
Mendelian randomisation (MR) (Pierce & Burgess, 2013) was applied to estimate causal
effects of maternal exposures—height, glycaemic traits and blood pressure—on offspring
birth weight. For example, an MR analysis that used 33 SNPs (maternal genotypes) that were
associated with fasting plasma glucose estimated a 0.18 SD (95% CI 0.13-0.23) higher
offspring birth weight per SD (0.4 mmol/L) higher maternal fasting glucose, independent of

the direct foetal effects. Because some foetal and maternal effects act in opposite directions,
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a structural equation modelling (SEM) method (Warrington et al., 2018) was used to partition
the lead SNPs into five categories based on maternal and/or foetal genetic contributions to

birth weight and estimate the contributions of these genetic effects at each locus (Figure 1.3)

Unclassified

(5) None of the

(Warrington et al., 2019).

Foetal and maternal
Foetal effects Maternal effects

(3) Foetal and

2) Maternal el
(1) Foetal only ( —  maternal effects, .
only same direction categories
~ J apply

(4) Foetal and
—  maternal effects,

opposite directions
| J

Figure 1.3. Five categories of maternal and/or foetal genetic contributions of the 209
lead SNPs to birth weight employed in the Warrington et al structural equation
modelling method (Warrington et al., 2018, 2019).

A recent investigation within the Exeter Family Study of Child Health and Hyperglycemia and
Adverse Pregnancy Outcomes (HAPO) tested the effects of maternal glycaemia and a foetal
genetic score for birth weight (calculated using foetal genotypes across a set of birth-weight-
associated SNPs) on birth weight and foetal insulin: it found that the score predominantly
influences pathways independent of foetal insulin (Hughes et al.,, 2018). Mendelian
randomization, which employs groups of genetic variants as instrumental variables (e.g.,
genetic scores for birth weight) to test causal effects, has been used in such attempts to
demonstrate that birth weight is causally related to T2D, but results have been difficult to
interpret (Huang et al.,, 2019a; T. Wang et al., 2016; Zanetti et al., 2018). More recently,
structural equation modelling methods have been developed to parse out the maternal and
foetal effects when testing for causal associations, as well as separate foetal GWAS of own

birth weight, conditioned on maternal genotype; and maternal GWAS of offspring birth weight,
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conditioned on foetal genotype (Warrington et al., 2018). The studies outlined in the present
thesis expand upon this research: they include GWAS of own birth weight, construction of PS
for birth weight, analyses of the association between PS for birth weight with subsequent
T2D, and analyses of the contribution of birth weight data to the prediction of T2D incidence

in a cohort study.

1.6. Longitudinal study of health in an Indigenous community from the

Southwestern United States

In the past 50 years, due to the disparities in prevalence in diabetes and obesity experienced
by Indigenous communities, there has been a proliferation of diabetes and obesity research
involving the present study population and other Indigenous communities. Members of tribal
leadership from the Indigenous community whose members have participated in the
longitudinal study in which the research described in this thesis was undertaken have
requested of National Institutes of Health/National Institute of Diabetes and Digestive and
Kidney Diseases (NIH/NIDDK) Phoenix Epidemiology and Clinical Research Branch
(PECRB) researchers that the community’s name be omitted from scientific publications
output by the research group. Thus, the original study name, as well as the tribe’s name, are
omitted from this thesis, and instead, the longitudinal study population will be referred to as

the ‘PECRB cohort’ or ‘PECRB study population.’

The analyses described in Chapters 3-5 are based on data collected in a longitudinal study of
diabetes (1965-2007), which was conducted in an Indigenous study population from the
Southwestern US. Notably, Knowler et al described the methods for conducting that study
(Knowler et al., 1978); further details on genotypic and rigorously measured phenotypic data

in the study population are described in Sections 2.1 and 2.2. Briefly, individuals who were at
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least five years old were invited for health examinations every two years. Before participation,
study volunteers had been fully informed of the nature and purpose of the study, and
participants who were = 18 years old had provided written informed consent. Participants who
were < 18 years old had provided written assent and informed consent had been obtained
from their parents or guardians. Protocols had been approved by the institutional review

board of the NIH/NIDDK.

This is one of the few studies that have prospectively examined the role of exposure to
maternal diabetes in utero on the early growth and risk of future T2D in offspring. In the past
century, members of the tribe in which this study’s participants are enrolled have experienced
substantial changes from traditional lifestyles (Schulz et al., 2006)—dietary shifts from
traditional crops to processed foods and reductions in physical activity (Esparza et al.,
2000)—that contextualise their higher rates of diabetes and obesity today. This study is a
unique and appropriate source of data for thesis research on genetic and non-genetic

influences on birth weight and T2D for multiple reasons (Figure 1.4).

Population : . . .
Genotypic data Birth weight data Data on diabetes

*Intergenerational: +Direct genotyping *Verified using birth *Longitudinal data
data available for using custom array certificate or allow classification

many offspring, - Imputation using medical record of an offspring’s in

siblings, and 3 - utero exposure to
parents f;!g:g#ggsggﬁgfmc maternal diabetes
*Relatedness *Relatively high
matrices useful for prevalence of T2D
GWAS in the PECRB

cohort

Figure 1.4. Key data in the longitudinal study that strengthen case for secondary
studies of birth weight and T2D in the study population.

As summarised in Figure 1.4, the PECRB study also provides information on population

substructure through detailed pedigrees, which allows researchers to investigate how
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maternal and paternal genotypes and phenotypes associate with offspring genotypes and
phenotypes. Study data have been analysed extensively in studies of genetic and non-
genetic factors in association with complex traits (e.g., T2D, and obesity). The genotypic data
and longitudinal phenotypic data described in this section have enabled the studies described
in Chapters 3, 4, and 5 that employed methods in genetic and clinical epidemiology to study

genetic and non-genetic influences on birth weight and T2D.

1.7. Birth weight and risk of T2D

The various quadrants in Figure 1.5, which summarize various genetic and non-genetic
influences on low and high birth weight, which can be associated with greater risk of
subsequent T2D in offspring, relate to various hypotheses that have emerged from decades

of epidemiological research on this relationship.

Non-genetic Non-genetic
Poor in utero Offspring of
nutrition mothers with
reduces birth A T2D have high
weight birth weight
. 4 |
Some T2D risk -z ; Some T2D risk
alleles also =) ; alleles also
associate with o associate with
low birth weight high birth weight
Genetic : Genetic

[
»

Birth weight

Figure 1.5. Graph depicting the U-shaped relationship between risk of T2D and birth
weight, with examples of genetic and non-genetic influences on the upper tails of the
curve at high T2D risk (Drong et al., 2012). This figure was adapted with Copyright
Clearance Centre licence number 5261381133422.

The upper left quadrant (non-genetic) states that poor in utero nutrition reduces birth weight,
which is associated with greater risk of subsequent risk of T2D in offspring, summarizes the

Developmental Origins of Health and Disease (DOHaD) (i.e., foetal origins) hypothesis. The
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upper right quadrant (non-genetic), which states that offspring of mothers with T2D have
higher birth weight above and beyond the effects of genetic transmission alone, represents
one of the tenets of the foetal overnutrition (i.e., developmental overnutrition) hypothesis. The
lower left quadrant (genetic), which states that some T2D risk alleles also associate with
lower birth weight, is most closely related to the foetal insulin hypothesis. By contrast, the
lower right quadrant (genetic) represents evidence that some T2D risk alleles are associated
with higher birth weight. Previous studies have demonstrated the heterogeneous directions of
association between T2D- and birth weight-associated SNPs and birth weight (Horikoshi et
al., 2016; Warrington et al., 2019). The complex genetic relationships between birth weight
and T2D in the present Indigenous longitudinal study population will form the focus of
Chapter 3. The DOHaD, foetal overnutrition and foetal insulin hypotheses and evidence in

support of or that challenges them will be further explored in the following section.

1.7.1. The Developmental Origins of Health and Disease (DOHaD) Hypothesis

The DOHaD hypothesis, or the Barker hypothesis, is based on Hales and Barker’s original
proposition of ‘foetal origins’ or ‘foetal programming,’” that foetuses survive in utero
malnutrition by adopting a ‘thrifty phenotype’ that predisposes them to develop metabolic
syndrome later in life (Hales & Barker, 1992). The ‘thrifty phenotype’ hypothesis was
proposed to confer a survival advantage in a setting of malnutrition by reducing glucose
uptake and restricting body growth (Godfrey & Barker, 2000; Hales & Barker, 1992). Thus,
maternal malnutrition gives rise to offspring with lower birth weight and higher postnatal
energy intake and elevated risk of cardiometabolic conditions, including coronary heart
disease (Stein et al., 1996) and T2D (Edwards, 2017). By contrast, adequate maternal
nutrition gives rise to offspring with normal birth weight, normal postnatal energy intake, and

the absence of metabolic syndrome later in life (Figure 1.6).
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Figure 1.6. The DOHaD hypothesis schematic involving two scenarios: adequate
maternal nutrition and maternal malnutrition lead to different outcomes for offspring.

The DOHaD hypothesis focuses on the role of the prenatal and postnatal nutritional
environment on later metabolic disease risk, and physiological mechanisms underlying this
relationship are not entirely clear. Numerous epidemiological studies support the DOHaD
hypothesis. An investigation within the Dutch Famine Birth Cohort, which followed over 2400
individuals who were born around the time of the 1940s ‘Dutch hunger winter,” demonstrated
that exposure to famine (i.e., malnutrition) during any point in gestation was associated with

glucose intolerance and higher rates of obesity (Roseboom et al., 2006).

Certain articles have challenged the DOHaD hypothesis, asserting that the inverse
association between birth weight and adult disease might largely reflect the impact of
different forms of bias. For instance, studies have suggested that bias could emerge from
statistical artifacts of adjusting for subsequent body size (Huxley et al., 2002) and that
publication bias could have influenced the fact that most related studies report inverse
associations between birth weight and subsequent disease risk (Schluchter, 2003). Many
previous studies of the DOHaD hypothesis have focused on the association between low

birth weight and subsequent risk of cardiometabolic conditions in registries and cohort studies
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(Hoet & Hanson, 1999). However, high birth weight is also associated with such increased

risk (Dabelea, 2007).

1.7.2. The Foetal Overnutrition Hypothesis

The foetal overnutrition hypothesis, also termed the developmental overnutrition hypothesis,
is based on the premise that in utero overnutrition creates conditions for later
pathophysiological effects of an obesogenic environment and that subsequent postnatal
overnutrition contributes to increased risk of T2D in the offspring (Dabelea & Crume, 2011).
Maternal obesity or diabetes during pregnancy has also been described as an exposure with
respect to the outcome of adiposity or diabetes in offspring (Lawlor et al., 2008). Different
factors could contribute to developmental overnutrition of the foetus during pregnancy:
maternal obesity, maternal diabetes, gestational weight gain in pregnancy (Perng et al.,
2019). This may result in an increase the offspring’s subsequent risk of obesity and T2D. It
has been previously suggested that in ufero exposure to maternal diabetes results in a
‘vicious cycle,’ in which the offspring has increased birth weight and risk of obesity, GDM, and

T2D (Figure 1.7) (Pettitt et al., 1988).
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Figure 1.7. The ‘vicious cycle’ of diabetes and obesity proposed as a corollary of the
foetal overnutrition hypothesis (Dabelea & Crume, 2011).

The ‘vicious cycle’ term denotes that maternal obesity and diabetes could lead to the
intergenerational propagation of risk of diabetes. This could be facilitated by the exposure of
the foetus to a hyperglycaemic environment in utero, which has been shown to associate with
foetal macrosomia (Dabelea, Hanson, et al., 2000). Generally, offspring of a diabetic
pregnancy have increased risk for developing type 2 diabetes and for developing obesity at
an early age (Pettitt et al., 1988). Specifically, if the offspring of a diabetic pregnancy is
female, the offspring has an elevated risk of developing gestational diabetes, further
perpetuating the ‘vicious cycle’ (Innes et al., 2002). Further research is needed to elucidate
the proposed mechanisms implied by the foetal overnutrition hypothesis and the associated
‘vicious cycle’ paradigm, including the complex genetic relationship between birth weight and

T2D.

1.7.3. The Foetal Insulin Hypothesis
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The foetal insulin hypothesis was first proposed as an alternative explanation to the original
thrifty phenotype hypothesis (Hattersley & Tooke, 1999). It proposed that lower birth weight
and adult-onset T2D had a shared genetic predisposition to reduced insulin secretion and
action in utero and after birth, which lead to lower birth weight and greater risk of adult-onset
T2D (Figure 1.7) (Hattersley et al., 1998). Insulin acts as a regulatory and trophic factor:
hyperinsulinemia in the foetus (e.g., as a response to maternal hyperglycaemia) can result in

foetal macrosomia and hypoinsulinemia can result in low birth weight (Hill & Milner, 1985).

Hattersley et al demonstrated in their initial study that proposed the foetal insulin hypothesis
that the effects of maternal and foetal mutations in the glucokinase gene (GCK) were additive
(Hattersley et al., 1998). Heterozygous mutations in GCK result in reduced sensing of
glucose by the pancreatic beta cell, so individuals with GCK-MODY regulate glucose at a
higher set-point (fasting plasma glucose 5.5-8 mmol/L; Stride 2002) and have stable, mild
hyperglycaemia throughout life (Steele 2013). The authors demonstrated that maternal and
paternal inheritance of the GCK-MODY, and maternal GCK-MODY in the absence of foetal

GCK-MODY, have differing effects upon birth weight (Figure 1.8).

Maternal GCK-MODY Foetal Greater offspring
without foetal GCK-MODY hyperinsulinemia birth weight

Maternal GCK-MODY

: Normal foetal Normal offspring
with foetal GCK-MODY A : ;
(maternal inheritance) fsuiin BiRttweight

Foetal GCK-MODY .

g Foetal Reduced offspring
ilow) mErEl EEn Ol hypoinsulinemia birth weight

(paternal inheritance)

Figure 1.8. Summary of findings of study on GCK-MODY inheritance with respect to
foetal insulin secretion and offspring birth weight (Hattersley et al., 1998).
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As shown in Figure 1.8, maternal hyperglycaemia due to a GCK mutation (i.e., GCK-MODY)
in the absence of GCK-MODY in the offspring resulted in a mean increase in offspring birth
weight of 601g (p = 0.001), due to greater foetal insulin secretion in response to maternal
hyperglycaemia (Hattersley et al., 1998). However, in the presence of both maternal GCK-
MODY and foetal GCK-MODY (i.e., equal levels of glucose sensing in mother and foetus and
therefore normal foetal insulin secretion), offspring birth weight was not found to be
significantly different from average (Hattersley et al., 1998). In the case of foetal GCK-MODY
and no maternal GCK-MODY (i.e., paternal inheritance of the GCK mutation), birth weight
was approximately 533g lower than average (p = 0.002) (Hattersley et al., 1998). Maternal
glucose that crosses the placenta—while insulin, a larger hormone, does not do so—is
sensed at a higher threshold by the foetus, which results in foetal hypoinsulinaemia (Hughes

et al., 2021).

Beyond the scope of rare monogenic alleles, other studies have investigated the influence of
more common birth weight-associated alleles that have been identified in GWAS upon the
risk of T2D in offspring. A 2021 review article synthesized evidence generated and questions
that remain 20 years since the advent of the foetal insulin hypothesis (i.e., genetic
predisposition to lower birth weight also confers higher risk of subsequent diabetes), stating
that GWAS have shown that most variants in T2D risk loci have not been shown to associate
with birth weight (Hughes et al., 2021). Methods such as structural equation modelling are
necessary to estimate the maternal and foetal genetic effects on birth weight and diabetes
(Hughes et al., 2021). However, as shown by Horikoshi et al, foetal and maternal effects that
have been identified in maternal GWAS of offspring birth weight and foetal GWAS of own
birth weight can be in opposite directions, cancelling each other out (Horikoshi et al., 2016).

Thus, conducting separate foetal and maternal GWAS of own or offspring birth weight,
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respectively, is important for understanding the complex genetic influences on birth weight,

as well as the genetic relationship between birth weight and T2D.

1.8.

Unanswered questions regarding the relationship between

early growth and metabolic disease

This introductory chapter outlined evidence regarding genetic and non-genetic influences on

birth weight and T2D, as well as evidence and hypotheses regarding the complex

relationships between birth weight and T2D. Unanswered questions regarding different

research methodologies used to study these relationships prompt the research described in

this thesis.

Most genome-wide association studies have been conducted in European-ancestry
study populations; the genetic and non-genetic influences on the complex U-shaped
relationship between birth weight and diabetes should be further investigated within
diverse, non-European-ancestry study populations with maternal and offspring

phenotypic and genotypic data available.

Polygenic scores (PS) provide opportunities to estimate the contribution of genetic
information to that of clinical variables in predicting the incidence of complex
diseases: different PS for T2D should be generated and their predictive and clinical

utility should be evaluated in a cohort study with longitudinal data across age groups.

Clustering approaches have yielded proposed subgroups of T2D-associated genetic
variants that associate with various processes in the aetiology of T2D: the
associations of these partitioned/process-specific PS (pPS) should be validated in

different study populations.
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1.9. Aims of this thesis

The main aim of this thesis is to investigate genetic and non-genetic influences on birth
weight and T2D using methods in genetic and clinical epidemiology. To accomplish this,
specifically focussed on data from the PECRB study, this thesis describes research designed

to:

¢ Identify genetic variants associated with birth weight and evaluate genetic relationships
between birth weight and T2D.

o Evaluate the contribution of clinical variables in addition to polygenic scores for T2D to
the prediction of T2D incidence in birth, youth, and adult cohorts.

e Assess the associations between partitioned/process-specific polygenic scores (pPS) for

T2D with T2D and related traits.
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2. Study participants and methods

The PECRB cohort described in this chapter consists of members of the Indigenous study
population from the Southwestern US who had participated in a longitudinal study of diabetes
(1965-2007). Study participants who were at least five years old had been invited for health
examinations every two years. A total of 12,647 individuals had participated in the

longitudinal study, with an average number of 4.2 examinations.

2.1. Genotypic data from the longitudinal study

Genotypic data for the present thesis were derived from a subset of the PECRB cohort (n =
7,701 participants) who had a DNA sample available (sample collection for DNA had begun
in 1983). There was a relatively high degree of relatedness among individuals in this subset:
6,741 participants (87.5%) were a first-degree relative of at least one other individual in the
sample. A previous population-based genome-wide linkage study among a subset of 1,024 of
the 7,701 study participants who had a DNA sample available calculated identity-by-descent
among individuals without known relationships (i.e., they are cryptically related). It showed
that the average relatedness between random pairs of that subset of study participants was
between that of fifth- and sixth-degree relatives, higher than that among a convenience
sample of individuals of European ancestry who had also been included in another study by

PECRB researchers (Hsueh et al., 2017).

Study participants had been previously genotyped using a custom genotyping Axiom array
(Affymetrix; Santa Clara, CA) that was designed to capture common variation (MAF = 5% at
r’ 2 0.85 in 300-kb windows), as well as low frequency coding variants (MAF 1-5%), across
the genome in this population, using whole genome sequence data. The GWAS included

515,723 directly genotyped tag SNPs that passed all quality control metrics. These directly
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genotyped SNPs captured approximately 91% of all common genetic variants (MAF = 5%)
and 56% of low-frequency variants (MAF 1-5%). Figure 2.1 is a histogram displaying

percentages of SNPs by MAF category across these directly genotyped variants.
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Figure 2.1. Histogram displaying the percentage of SNPs for each MAF bin across
directly genotyped variants; bins are centred at increments of 0.02 between 0 and 0.50.

4,589,902 missing genotypes and untyped variants had been imputed, employing a scaffold
composed of those 515,723 SNPs, using whole genome sequencing of 296 community
members who were study participants. A previous study demonstrated that using members
from this population as its own reference panel performed better than using an outside
source, a reference panel from the HapMap Consortium (Malhotra et al., 2014). Similar,
unpublished results had been found by NIH/NIDDK PECRB researchers when employing
1000 Genomes data, with no additional improvement found in combining the population-
specific data with that of 1000 Genomes for imputation (correspondence with supervisor R.

Hanson, 2022).

Sequencing reads for the reference panel had been aligned to the human genome build 37

(Hg37) using Burrows-Wheeler Alignment tool (BWA), a software package for mapping low-
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divergent sequences against a large reference genome (e.g., the human genome) (H. Li &
Durbin, 2009). Genotype calling had been performed by pre-calling genotypes using the
HaplotypeCaller approach, then joint genotyping by the GATK GenotypeGVCFs approach,
from GATK version 3.5 (Poplin et al., 2018; Van der Auwera & O’Connor, 2020). Genomic
variants with more than 2 alleles were removed from the reference panel, and imputation was
conducted using the IMPUTE version 2 (IMPUTE2) method (Howie et al., 2009). Genotypic
data had been phased using the duoHMM method in SHAPEIT version 2—which
incorporates pedigree information in the study population—to estimate haplotypes (Delaneau
et al., 2013; O’Connell et al., 2014). Phased data had been divided into 5Mb segments and
missing genotypes of the SNPs in the reference panel were typed using IMPUTEZ2, using
default parameters (Howie et al., 2009). Imputed variants with MAF = 0.01 and Qinfo = 0.5
were included in the GWAS models described in Chapter 3. Figure 2.2 is a histogram

displaying percentages of SNPs by Qinfo category across these imputed variants.
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Figure 2.2. Histogram displaying the percentage of SNPs for each Qinfo bin across
imputed variants; bins are centred at increments of 0.02 between 0.50 and 1.00 and the
minimum Qinfo was 0.50.
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The vast majority of imputed variants had Qinfo scores greater than 0.90. Figure 2.3 is a

histogram displaying percentages of SNPs by MAF category across these imputed variants.
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Figure 2.3. Histogram displaying the percentage of SNPs for each MAF bin across
imputed variants; bins are centred at increments of 0.02 between 0 and 0.50 and the
minimum MAF was 0.01.

GWAS that were undertaken in this thesis research involved association tests with
adjustment for relevant covariates, including the first five genetic principal components (PCs).
According to previous analyses by collaborators at the NIH/NIDDK, these first five genetic
PCs capture most of the relevant structure in this study population, as reflected in non-
Indigenous admixture and tribal affiliations. These genetic PCs had been generated by
collaborators in 11,008 members of the Indigenous study population from 19,991 variants
that were selected to be approximately 200 kb apart, to reduce the influence of LD. The first
two genetic PCs had been found to distinguish participants with non-Indigenous admixture
(largely European) and between the major linguistic groups of Indigenous peoples of the
Americas (largely Uto-Aztecan and Athabascan in the Southwestern US) (Figure 2.4; from

correspondence with supervisor R. Hanson, 2022).
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Figure 2.4. Genetic principal components 1 and 2 based on language group and stated
heritage in longitudinal study participants with genotypic data (N = 7,701). Reproduced
with permission from supervisor R. Hanson, 2022.

The third genetic PC had been found to separate study participants based upon ftribal
affiliation along a North-South gradient (Figure 2.5; correspondence with supervisor R.

Hanson, 2022).
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Figure 2.5. Genetic principal components 1 and 3 based on tribal geographic origin
and stated heritage in longitudinal study participants with genotypic data (N = 7,701).
Reproduced with permission from supervisor R. Hanson, 2022.
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The fourth and fifth genetic PCs had been found to identify genetic differences between
geographically nearby tribal groups, which comprise the current study population (Figure 2.6;

correspondence with supervisor R. Hanson, 2022).

= Tribe 1 Tribe 2 Tribe 3 = Others

PC5

PC1
Figure 2.6. Genetic principal components 1 and 5 based on language group and stated

heritage in longitudinal study participants with genotypic data (N = 7,701). Reproduced
with permission from supervisor R. Hanson, 2022.

While adjusting for the top 10 genetic PCs is more conventional, NIH/NIDDK PECRB
researchers had found that the sixth to tenth genetic PCs do not substantially improve the
ability to distinguish between tribal groups that are relevant in analyses of the PECRB cohort.
Furthermore, NIH/NIDDK PECRB researchers have found that adjustment for the first five
PCs result in well-controlled genomic inflation factors for GWAS of most phenotypes if
genetic relationships are accounted for in a linear mixed model. The table below displays a
summary of basic information on birth year and the first five genetic principal components for
individuals in the longitudinal study who had genotypic and phenotypic data available (N =
7,701) (Table 2.1); 4,294 were female and 3,407 were male. While genetic PCs are often
derived to have a mean of 0, and sometimes an SD of 1, the summary statistics shown in

Figure 2.1 do not have these properties because the 7,701 individuals in the aforementioned
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‘PECRB cohort’ are a subset of all participants in PECRB studies who have genotypic data

available.

Table 2.1. Basic information for individuals with genotypes in the longitudinal study (N
=7,701).

Variable (units) Mean SD ‘
Birth year (year) 1967.09 18.01
PC1 0.36 0.85
PC2 -0.27 0.63
PC3 -0.16 0.63
PC4 0.03 1.16
PC5 0.04 1.10

PECRB researchers have generally controlled for the first five genetic PCs in most GWAS

analyses; | have followed this practice on the analyses that are included in this thesis.

2.2. Phenotypic data from the longitudinal study

One of the core strengths of this longitudinal study for applications of genetic and clinical
epidemiological studies of type 2 diabetes is the extensive phenotypic data for T2D and
anthropometric and related glycaemic traits within study participants, many of whose family
members were also study participants. The methods through which other members of the
NIH/NIDDK Phoenix Epidemiology and Clinical Research Branch had collected these data
from consenting participants in the longitudinal study are detailed below. Sample sizes for
each trait are provided, including the number of individuals who had phenotypic data for that
trait as well as genotypic data available. | also describe the covariates for which | adjusted in
genetic analyses of these traits that are detailed in this thesis, such as GWAS and bivariate

genetic correlation analyses.
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2.2.1. Type 2 diabetes, fasting plasma glucose, and 2-hour plasma glucose

T2D status (which was available in N = 7,659 individuals; 4,277 female and 3,382 male) had
been ascertained according to ADA criteria. At each exam, a 75-g OGTT was administered,
with measurement of HbA1c and fasting and 2-hour plasma glucose (FPG, 2hPG). Diabetes
was diagnosed using 1997 American Diabetes Association criteria (FPG 2 7.0mM, 2hPG 2
11.1mM, or clinical diagnosis) (Kahn, 1997). 2,571 individuals in the data set had developed
documented diabetes by the time of their last examination. A summary of information in the
T2D data set, a subset of the longitudinal study participants who had genotypic data available
(N = 7,701), is provided below for the following continuous traits: age at exam, birth year,

maximum BMI, and age of maximum BMI (Table 2.2).

Table 2.2. Basic information for continuous traits for individuals in the T2D data set (N
=7,659).

Variable (units) Mean SD |
Age at exam (years) 34.05 16.55
Birth year (year) 1967.09 18.02
Maximum BMI (kg/m?) 36.14 8.77
Age of maximum BMI (years) 32.79 13.17

Analyses of T2D, including bivariate genetic correlation analyses, were adjusted for sex, birth
year, age, and the first five genetic principal components (PCs). Analyses of continuous
measures of glycaemia (i.e., concentrations of fasting plasma glucose, FPG; and 2-hour post-
load glucose, 2hPG) and insulinemia were conducted only among participants who had these
measurements available at a nondiabetic examination. This enables the identification of
factors that influence glucose metabolism without the confounding effects of diabetes or of its

treatment.

60



FPG and 2hPG were analysed in participants without diabetes (N = 6,637; 3,648 female and
2,989 male). Table 2.3 below summarises the continuous traits of this subset of participants

in the longitudinal study, including: age at exam, birth year, BMI, FPG, and 2hPG.

Table 2.3. Basic information for continuous traits for individuals without diabetes in
the FPG and 2hPG data set (N = 6,637).

Variable (units) Mean SD
Age at exam (years) 31.12 13.21
BMI (kg/m?) 33.83 8.40
FPG (mg/dL) 94.52 10.34
2hPG (mg/dL) 115.39 32.35

FPG was analysed with adjustment for sex, age, and the first five genetic PCs. 2hPG had
been measured in a 75-g OGTT using methods described previously; it was analysed in
participants without diabetes, with adjustment for sex, age and the first five genetic PCs
(Narayan et al., 1996). Height and weight had been measured to calculate BMI. Maximum
BMI observed during the longitudinal study (logmaxBMI) was also measured, defined as the
highest recorded BMI from an exam at = 15 years of age. It was analysed with a logarithmic
transformation to reduce skewness, with adjustment for sex, age, birth year, and the first five

genetic PCs.

2.2.2. Corrected insulin response

Corrected insulin response (CIR), a measure of insulin secretion, had been calculated from

post-load plasma glucose and insulin concentrations (Sluiter et al., 1976) (Equation 2.1).

CIR= ———— (2.1)
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In the longitudinal study, 120-minute CIR (CIR120, N = 343) had been calculated from 2hPG
and 2-hour insulin concentrations observed in the outpatient longitudinal studies; this
measure was derived from the 2-hour insulin and glucose concentrations since these were
available in the outpatient studies. CIR120 correlates moderately with more sophisticated

measures of insulin secretion that are described below.

2.2.3. Birth weight and parental diabetes

Birth weight had been previously ascertained from Arizona state (birth certificates) records or
from review of hospital records at each biennial visit during the longitudinal study, using
methods described in greater detail by Lindsay et al (Lindsay et al., 2000). Before beginning
the analyses of birth weight that are described in Chapters 3, 4, and 5, | updated the data set
of participants who were singletons with birth weight and genotypic data available by adding
participants who met these criteria but were not included in the original data sets utilised by
Lindsay et al. | accomplished this and expanded the sample size of this data set through
review of study participants’ records, cleaning incorrectly input birth weight data (e.g.,
verifying that birth weight was recorded in grams rather than pounds) and verifying
gestational age data (in weeks), where provided. Gestational age, which is often correlated
with birth weight and infant mortality, is recognized as an important covariate in analyses of
birth weight (Callaghan & Dietz, 2010). Notably, approximately 74.3% of the individuals in the
birth weight data set (N = 3,700) had gestational age data available (N = 2,749); missing data
were imputed using methods outlined in Section 2.2.4. A summary of the birth weight data set
is provided below, for continuous traits: birth year, age of mother, gestational age, and birth

weight (Table 2.4).

Table 2.4. Basic information for continuous traits for individuals in the birth weight
data set (N = 3,700).
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Variable (units) Mean SD ‘

Birth year (year) 1976.09 11.98
Age of mother (years) 25.02 6.01
Gestational age (weeks) 39.64 1.22
Birth weight (grams) 3469.89 506.83

Birth weight, in grams, had been ascertained from birth and medical records and was
normalised separately by sex via rank-based transformation (the Blom method in SAS 9.4)

(Blom, 1958) for the purposes of analyses that are detailed in Chapters 3, 4, and 5.

Within the birth weight data set, maternal diabetes data had been available. Mothers and
offspring in the longitudinal study were not specifically asked about gestational diabetes or
gestational diabetes exposure. A combination of two categorical variables, INUTERO and
NOT_IUE, was used as a proxy to assign study participants who had maternal diabetes data
available to three categories of likeliness of exposure to diabetes in utero: exposed to
maternal diabetes, likely unexposed, and unknown. The binary variable INUTERO indicated
whether a mother was diagnosed with diabetes before the birth of the offspring. The binary
variable NOT_IUE was defined as a documented nondiabetic examination in the mother at
least one year after the child’s birth (i.e., suggesting that exposure to diabetes in utero was

unlikely).

These two variables were used to differentiate cases of more or less likely exposure to
maternal diabetes in utero. Figure 2.7 below summarises the categories that are created by
these two binary variables. For the INUTERO variable, a value of 1 indicates definite
exposure, in which the mother was diagnosed before the child’s birth; a value of 0 indicates

that the offspring’s mother was not diagnosed before the child’s birth. For the NOT_IUE
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variable, a value of 1 indicates that the mother was documented to not have diabetes more

than one year after the child’s birth. Otherwise, NOT_IUE was assigned a value of 0.

NOT_IUE

1

e Mother was diagnosed with diabetes | o

before birth of offspring
1 e Mother was documented to not have | o
diabetes >1 year after offspring’s
birth

Mother was diagnosed with
diabetes before birth of offspring
Mother was not documented to
not have diabetes >1 year after
offspring’s birth

e Mother was not diagnosed with | e

diabetes before birth of offspring
0 e Mother was documented to not have | o
diabetes >1 year after offspring’s
birth

INUTERO

Mother was not diagnosed with
diabetes before birth of offspring
Mother was not documented to
not have diabetes >1 year after
offspring’s birth

Figure 2.7. Schematic summarising the categories of likelihood of an offspring’s
exposure to maternal diabetes in utero, based on diagnosis of diabetes before the
birth of the offspring (INUTERO) and whether the mother was documented to not have
diabetes more than one year after the offspring’s birth (NOT_IUE).

Overall, diagnoses of diabetes that were observed in mothers were taken to be irreversible;

thus, the three categories—exposed to maternal diabetes, likely unexposed, and unknown—

were assumed to be mutually exclusive.

A summary of the binary traits in the birth weight data set—sex, INUTERO, and NOT_IUE—

is provided below (Table 2.5).
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Table 2.5. Basic information for binary traits for individuals in the birth weight data set
(N = 3,700).

Variable Number of individuals

Sex
Female 2,037
Male 1,663
INUTERO
0 3,538
1 162
NOT_IUE
0 1,265
1 2,435

Study staff had not directly asked participants about parental diabetes. In addition to the
variables used as a proxy for in utero exposure to maternal diabetes as described earlier in
this section, parental diabetes had been defined from examinations of the parents of certain
study participants, in the longitudinal study. This resulted in three categories (yes, no, or
unknown) per parent. Given the ascertainment of the date of onset of diabetes in the
longitudinal study, parental diabetes can be defined with respect to specific dates. For
example, maternal diabetes that occurred before the offspring’s birth could be used as a

proxy for the offspring’s exposure to maternal diabetes in utero.

2.2.4. Multiple imputation of gestational age

This section discusses the rationale behind and methodology of multiple imputation, which
was used to address the missingness in the phenotype of gestational age within the PECRB
birth weight cohort (25.7% of participants did not have data for gestational age). Missing data
is a common occurrence in clinical epidemiological research; there are three main types of

missingness: missing completely at random (MCAR), missing at random (MAR; missingness
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depends on observed information), and missing not at random (MNAR; missingness depends
upon unobserved information) (Pedersen et al., 2017). Multiple approaches to dealing with
such missingness have been developed, including: complete-case analysis, the missing
indicator method, single value imputation, sensitivity analyses with worst- and best-case
scenarios, and multiple imputation (Pedersen et al., 2017). Multiple imputation is widely used
in epidemiologic studies, as it addresses the issue of standard errors of extremely high or low
values that arises from the aforementioned methods and aims to provide unbiased, valid
estimates of association based on information from the available data (Klebanoff & Cole,
2008; Sterne et al., 2009). In comparison with single value imputation methods, which tend to
inflate significance and underestimate standard errors, multiple imputation accounts

appropriately for uncertainty in the imputed values.

Multiple imputation is normally done in three stages. First, independent variables that may
help to impute variables with missing data are selected and used to generate multiple data
sets with missing values imputed—potentially with individual values that vary among data
sets—using the distribution of the missing data given in the observed data (Rubin, 1996).
Such independent variables should include the variables in the analysis model, including the
outcome variable (birth weight in the present case) (Pedersen et al., 2017). Five iterations of
imputation in data sets have been suggested to be sufficient on theoretical grounds to fill in
missing values (Carpenter & Kenward, 2007; Allison, 2000). Second, the analysis of interest
is conducted in each imputed data set to calculate the association of interest (Pedersen et al.,
2017). Third, measures of association from all imputed data sets are combined according to
Rubin’s rules (Rubin, 1996), with summary statistics reported to account for variations

between and within imputed data sets (Pedersen et al., 2017).
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For the analyses described in Chapter 3 that involve adjustment for imputed gestational age,
multiple imputation was performed. Multiple imputation was done in SAS 9.4 using PROC Mi
to generate five multiple imputed data sets, using the following variables for imputation of
gestational age: birth weight, sex, maternal age, likelihood of exposure to maternal diabetes
(described further in Section 2.2.4), birth year, and the first five genetic PCs. PROC MI was
developed for use with data in which missingness is assumed to be at random (Horton &
Lipsitz, 2001). The relative efficiency of imputation was approximately 99% on average; this
suggests that five cycles of imputation is sufficient, as additional cycles of imputation would
add little information. The multiple R? between gestational age and the predictors was
0.1309, which is a multiple correlation (R) of 0.36. This correlation is moderate; if only the
predicted value were used as if it were estimated without error, the standard errors would be

underestimated.

2.2.5. Percentage body fat, insulin action, and insulin response measurements

A subset of the population that had genotypic data available in the longitudinal study also
participated in detailed inpatient phenotyping studies that were conducted in the PECRB
Clinical Research Centre (N = 557; 230 female and 327 male). Percentage body fat (PFAT)
and insulin action as assessed by the M value by the hyperinsulinemic-euglycemic (H-E)
‘clamp’ (logM) are customarily analysed by NIH/NIDDK PECRB researchers only in
individuals without diabetes. PFAT had been determined by underwater weighing as
described by Lillioja et al (Lillioja et al., 1993) or by dual X-ray absorptiometry; a regression
equation had been used to provide a similar scale for each measure (Tataranni & Ravussin,
1995). PFAT was analysed with adjustment for sex, age, and the first five genetic PCs. The
M value was derived from the H-E clamp using methods described by Le et al (Le et al.,

2009). The M-value measures the rate of glucose disappearance in response to an insulin
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infusion, which thereby reflects insulin sensitivity. Data on these variables and related traits

are summarised in Table 2.6.

Table 2.6. Basic information on PFAT, logM and related variables in longitudinal study
participants who participated in inpatient phenotyping studies (N = 557).

Variable (units) Mean SD ‘
Age at exam (years) 26.81 6.16
Birth year (year) 1963.43 8.01
BMI (kg/m?) 33.46 8.49
PFAT (%) 32.33 8.49
logM (— o) 0.56 0.13

kg EMBS - min
T The units for logM are expressed as mg insulin per kilogram estimated metabolic body size (EMBS) per minute.

Detailed measures of insulin secretion had been measured or calculated only in a further
subset of individuals with normal glucose tolerance, as glucotoxicity can influence these traits
in those with impaired glucose tolerance or diabetes (Heinitz et al., 2018). This subset of
study participants had been admitted to the NIH/NIDDK PECRB Clinical Research Centre for
8-16 days and fed a weight-maintaining diet. After three days, each subject had undergone
an intravenous glucose tolerance test (IVGTT) to measure acute insulin response (AIR).
Therein, a 25-gram intravenous injection of glucose (50% solution) had been administered;
then, samples had been collected 3, 4, and 5 minutes after that timepoint to determine
glucose and insulin concentrations. AIR is referred to throughout this thesis as IogAIR as the
variable was log-transformed to approximate a normal distribution. It had been calculated as
the log of the mean plasma insulin concentration above basal from the third to fifth minute
after the glucose bolus (Janssen et al., 1994; Thompson et al., 1995). logAIR (N = 404; 147
female and 257 male) was analysed with adjustment for age, sex, PFAT, logM, and the first

five genetic PCs. Traits in this subset of participants are detailed in Table 2.7.
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Table 2.7. Information on logAIR and related traits in longitudinal study participants
who participated in inpatient phenotyping studies and had normal glucose tolerance.

Variable (units) Mean SD
Age at exam (years) 26.77 6.14
Birth year (year) 1964.25 7.73
BMI (kg/m?) 32.73 7.16
PFAT (%) 31.04 8.47
logAIR (&) 1 2.30 0.28

T The units for logAIR are expressed as the concentration of insulin, in micro-units (uU) insulin per mL.

30-minute corrected insulin response (CIR30, N = 401; 147 female and 254 male) had also
been calculated in these same individuals from the inpatient studies from 30-minute plasma
glucose and 30-minute insulin concentrations. Traits in this subset of participants are detailed

in Table 2.8.

Table 2.8. Information on CIR30 and related traits in longitudinal study participants
who participated in inpatient phenotyping studies and had normal glucose tolerance.

Variable (units) Mean SD ‘
Age at exam (years) 26.77 6.14
Birth year (year) 1964.30 7.72
BMI (X2 33.46 8.49

m
PFAT (%) 31.13 8.44

MUyt
logAIR (—) 2.30 0.28
CIR30 (&2 0.029 0.03
mg

T The units for logAIR are expressed as the concentration of insulin, in micro-units (uU) insulin per mL.

Analyses with CIR120 were adjusted for sex, age, PFAT, logM, and the first 5 genetic PCs.

A schematic of individuals included in various data sets and subsets—defined based on the

availability of genotypic and phenotypic data—is provided below (Figure 2.8).
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Figure 2.8. Schematic of subsets of individuals in the longitudinal study.

Additionally, a schematic of the study population that had participated in both the longitudinal
study and had genotypic data available that had also participated in inpatient phenotyping
studies that were conducted in the affiliated NIH/NIDDK PECRB Clinical Research Centre is

provided below (Figure 2.9).

Longitudinal study participants with genotypic information that participated in detailed inpatient
phenotyping studies

Individuals with any level of glucose tolerance

LA PFATfnd loght'data Individuals with normal glucose tolerance
(N = 557)
With CIR30 data With logAIR data
(N =401) (N =404)

Figure 2.9. Schematic of subsets of individuals who participated in the longitudinal
study and NIH/NIDDK PECRB Clinical Research Centre phenotyping studies.




2.3. Genetic approaches to studying birth weight and T2D

2.3.1. Heritability analyses

Heritability estimates allow discrimination between genetic and environmental contributors to
phenotypic variance, which can be separated into multiple categories of sources of genetic

variance (Figure 2.10) (Mayhew & Meyre, 2017).

oen . oo Shared Unique
Ad?;tfm:ﬁg:: tic g elrle‘;{::aigf‘ﬂlt;% - environmental environmental
factors influences

«Sum of the effect of «Dominance: *Influences common *e.g., differences in

each allele at all loci interaction between to members of a parental treatment,

that influence the alleles at the same family prenatal

phenotype locus «e.g., socioeconomic environment, life

+ Epistasis: status events

interaction between
alleles at different
loci

Figure 2.10. Summary of definitions of heritability (Mayhew & Meyre, 2017).

Narrow-sense heritability, which captures only additive genetic influences, is calculated as
the fraction of the total variance in a trait (3) that is explained by additive genetic variance

(62) (Equation 2.2):

h? =4 (2.2)

To calculate narrow-sense heritability (h?), one can estimate ¢? and o3 from a generalized
linear model that assesses phenotypic resemblance based on a genetic relatedness matrix.
One can test the significance of h? based on the comparison of log-likelihood values for two

different generalized linear models: the sporadic model (which assumes no genetic effects)
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and the polygenic model (which estimates genetic effects) (Mayosi et al., 2002). Heritability
estimates reflect phenotypic resemblance among family members; in addition to genetic
effects, they can also reflect clustering of environmental risk factors within families,
depending upon study design. Thus, h? estimates the proportion of variance in the trait that is

potentially attributable to additive genetic effects.

2.3.2. Bivariate genetic correlation analyses

LD score regression analyses were undertaken to assess the shared genetic variance
between pairs of traits. This enables investigation as to whether a correlation between two
traits, as opposed to a SNP-trait correlation, is attributable to the presence of genetic and/or
environmental confounders (Lee et al., 2018). First, the conventional LDSC (Linkage
Disequilibrium SCore regression) method, which calculates LD scores (i.e., the sum across
all SNPs of each SNP’s x? with a given focal SNP) statistics and regression analyses, was
tested (Ni et al., 2018). However, this method returned impossible estimates for genetic
correlations and estimates for heritability (observed scale; determined from the slope from the
regression) and regression statistics that were lower than expected. This can likely be
ascribed to the low sample sizes—by LDSC standards—that were available for each trait, as
a total of 7,701 individuals in the longitudinal had genotypic data, and fewer had each
phenotypic trait (maximum trait N = 7,659 for T2D) and the high degree of LD observed in the
Indigenous study population. Thus, an alternative method for calculating genetic correlation
among traits was undertaken within SOLAR-Eclipse; this method will be referred to as

bivariate genetic correlation analyses.

SOLAR-Eclipse, an imaging genetics analysis software, incorporates phenotype, pedigree,
and pairwise relatedness data to conduct each GWAS (Blangero et al., 2013), genome-wide

heritability analysis (Ge et al., 2015), and bivariate genetic correlation analysis. SOLAR-
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Eclipse conducts bivariate genetic correlations by calculating the significance of genetic
(testrhog option) and environmental (testrhoe option) correlation and outputting heritability
data per ftrait, after adjusting for specified covariates. This is accomplished by fitting a
bivariate mixed model in which the phenotypic resemblance among pairs of individuals in the
population is a function of their genetic relatedness, and the genetic covariance is a function
of the shared variance between traits within pairs of individuals. In the present analyses,
genetic relatedness was estimated empirically from the proportion of alleles shared identical
by descent among all pairs of individuals in the population, as described below. The overall

phenotypic correlation between the two traits, Pearson’s r, is defined as pr (Equation 2.3):

r:PP:J;iJ%'PG+\/1_hi\/1_h§'PE (2.3),

where genetic correlation (pg) is the proportion of variability between traits that is due to
shared genetic effects, while environmental correlation (pe) is the environmental contribution.
When pr and pe are significant, traits in the model are suggested to be influenced by shared
genetic and/or environmental factors, respectively (Seidlerova et al., 2008). Bivariate genetic
correlation analyses were conducted within SOLAR-Eclipse using the ‘polygenic’ command;

specific information on traits and covariates are provided in Section 3.2.

2.3.3. Genome-wide association studies

The advent of genome-wide association studies has enabled investigations of genetic
associations across the entire genome and was made possible by the Human Genome
Project and the International HapMap project (Belmont et al., 2003; Craig Venter et al., 2001;

Lander et al., 2001). GWAS, in which large numbers (i.e., hundreds of thousands to millions)
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of single-nucleotide polymorphisms (SNPs) can be assayed across many individuals to
identify those significantly associated with a specific trait, were a key advance beyond
candidate gene and family-based linkage studies in studying the genetics of complex traits
(Manolio et al., 2009). In GWAS, linear or logistic regression models are often used to test for
associations, including covariates to account for stratification and address confounding
effects (Leiserson et al., 2013); for instance, they can employ logistic regression models to
study binary traits such as T2D or linear regression models to test for genetic associations

with continuous traits such as birth weight (Figure 2.11).

Phenotype: Genotype Single-SNP Association Genome-wide
Birth weight (grams) Test Association Tests
CTAGT|CAGCGC
.. . . ® ricrdacecc S ‘

. . . CTAGTAIAGCGC
. CTAGT|CIAGCGC
c/iC A/C A/A Chromosome

. CTAGTAJAGCGC .
CTAGTAJAGCGC

Birth weight
Inverse-logged p-value

Figure 2.11. Summary schematic of GWAS, in which phenotypic data (e.g., birth
weight) are regressed against genotype (and often covariates) across many genetic
variants.

Power for genomic discovery can be increased by increasing sample size, which often entails
conducting GWAS meta-analyses across multiple cohorts. GWAS rely upon the presence of
blocks of high LD surrounding tagged SNPs to identify SNPs that are significantly associated
with a given trait without necessarily typing every neighbouring genetic variant, reducing
costs while limiting loss in statistical power (Daly et al., 2001). If the genotyping arrays are
designed to tag most of the variants segregating in a population, then causal variants that
influence a particular trait are likely to be captured. This can be done through direct
genotyping or imputation and reflected in strong statistical associations between variants in

the region surrounding the causal variant and the trait of interest.
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Differences in LD patterns (e.g., observed differences in local LD block structure)—attributed
to differences in recombination rates, demography, and genome and sampling variation—
could lead to a decrease in power of GWAS based on tag SNPs and limit transferability
across study populations (Greenwood et al., 2004; Gu et al., 2007; Liu et al., 2004; Osabe et
al., 2007). Different continental ancestry groups are more likely to have divergent LD patterns
based on different population histories; thus, transferability of GWAS results, as well as
polygenic scores, across continental ancestry groups is particularly important to assess.
Findings of a recent study of the extent to which differences in LD and MAF among ancestry
groups can explain the loss of relative accuracy of polygenic scores suggested that causal
variants that underlie the common genetic variation in European-ancestry GWAS are mostly
shared across continents (Y. Wang et al., 2020). Notably, the study reported that differences
in LD and MAF among ancestry groups can explain 70-80% of the loss of relative accuracy of

European-based polygenic scores in African ancestry for T2D (Y. Wang et al., 2020).

GWAS and investigations into the ‘missing heritability’ (Manolio et al., 2009) of traits such as
T2D, BMI and height emphasize that larger sample sizes, inclusion of study populations with
different LD patterns and increased imputation density, coupled with functional data, will
enable further genetic discovery for such complex traits (Mahajan et al., 2014; Scott et al.,
2017; Yang et al., 2015). Previous studies have suggested that additional SNPs in the
regions surrounding established SNPs—exemplifying allelic heterogeneity—are associated
with the risk of T2D and other complex diseases (Morris et al., 2012; Yang et al., 2012). A
study using summary statistics from the DIAGRAM Consortium meta-analysis of T2D GWAS
and LD patterns inferred from a large reference sample identified novel SNPs surrounding
previously identified T2D risk loci and demonstrated slightly improved prediction of T2D risk

(Klimentidis et al., 2014).
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GWAS analyses that are described in this thesis were undertaken in SOLAR-Eclipse
(Sequential Oligogenic Linkage Analysis Routines) version 8.4.1 (University of Maryland
School of Medicine; Baltimore, Maryland, US) (Blangero et al., 2013). SOLAR-Eclipse allows
for the specification of a pedigree file, phenotypes file, and kinships matrix file (i.e., containing
a genetic relatedness matrix). SOLAR-Eclipse can conduct mixed model association
analyses that account for the specified relationships. In the current analyses, these
relationships were estimated empirically based on the 482,616 directly genotyped autosomal
GWAS markers with MAF > 0.05 for all pairs of individuals in the population who had been
genotyped (29,648,850 pairs). Genomic segments shared identical by descent were identified
using the fast/IBD function of the genetic analysis software BEAGLE, as previously described
by developers Browning & Browning as well as PECRB colleagues (Browning & Browning,
2011; Piaggi et al., 2017). Mixed model analyses are a useful tool for GWAS because they
can assess associations while accounting for genetic relationships among individuals and
avoid inflation of statistical significance that could appear due to the relatedness among study

participants.

Accounting for relationships is particularly important in the present study population since
many individuals are related. Conventional techniques for conducting mixed model analyses
are computationally intensive and time-consuming with large sample sizes. Recent advances
in statistical techniques have provided more rapid computations that are suitable for the
repeated applications in large sample sizes, as required for GWAS. SOLAR-Eclipse employs
an eigenvector decomposition method to increase the speed of the computations (Blangero
et al., 2013). It provides efficient mixed model analyses for small- to medium-sized data sets
and has been used historically to conduct genetic epidemiology studies within the current
study population due to its relatively small study population size (7,701 individuals have

genotypic data available; fewer individuals have phenotypic data available for T2D and

76



related traits) and relatedness among participants in the longitudinal study. The ‘measured
genotype association’” (MGA) command was used within SOLAR-Eclipse to compute
associations between genetic and phenotypic variables, with adjustment for relevant

covariates.

2.3.4. Construction of polygenic scores for T2D

| compared associations of 10 different constructions of T2D PS—derived from results of
GWAS conducted for populations from various world regions—with the risk of T2D and with
related traits in cross-sectional (Chapters 3 and 4) and prospective analyses (Chapter 5).
Each weighted T2D PS j (with n variants) was calculated using the sum of products of each
effect size (B, i.e., log of the odds ratio) and dosage of effect alleles for each variant j

(Equation 4.2).

ny
T2D PS; = Zﬁj -dosage; (4.2)
j=1

The current analyses, along with those detailed in Chapter 5, employed the use of 10 T2D PS
that | constructed using the methods detailed in Section 2.4.4. In brief, genotypic data was
derived from the Indigenous study population from the Southwestern US, 7,701 of whom had
genotypes available in a GWAS of T2D that had been previously performed by collaborators
at NIH/NIDDK PECRB. Ten different T2D PS were constructed, derived from the summary
statistics of GWAS meta-analyses that were conducted among study populations from
various world regions, or the current study population’s GWAS of T2D, and the current study
population’s imputed genotypes. The 10 T2D PS, each named for the meta-analysis from

which it was derived, are listed with basic accompanying details in Table 2.9.
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Table 2.9. Summary of the 10 constructions of T2D employed in this thesis research.

T2D PS name

Number
of SNPs

Variants derived from this
GWAS or population

Weights derived from this
GWAS or population

East Asian-ancestry populations

East Asian-ancestry populations

[AEIE A = (Spracklen et al., 2020) (Spracklen et al., 2020)
European-ancestry populations European-ancestry populations
DIAGRAM 2018 | 293 (Mahajan et al., 2018b) (Mahajan et al., 2018b)
DIAMANTE 2020 Multi-ancestry meta-analysis — Multi-ancestry meta-analysis —
— Multi-ancestry | 276 African-ancestry populations African-ancestry populations
African (Mahajan et al., 2020) (Mahajan et al., 2020)
DIAMANTE 2020 Multi-ancestry meta-analysis — Multi-ancestry meta-analysis —
— Multi-ancestry | 280 East Asian-ancestry populations | East Asian-ancestry populations
East Asian (Mahajan et al., 2020) (Mahajan et al., 2020)
DIAMANTE 2020 Multi-ancestry meta-analysis — Multi-ancestry meta-analysis —
— Multi-ancestry | 287 European-ancestry populations European-ancestry populations
European (Mahajan et al., 2020) (Mahajan et al., 2020)
DIAMANTE 2020 M_ultl—ar_mestr_y meta-analysis — M_ultl—ar_westlfy meta-analysis —
) Hispanic/Latino-ancestry Hispanic/Latino-ancestry
— Multi-ancestry | 287 . . ) \
Hispanic/Latino populations (Mahajan et al., populations (Mahajan et al.,
2020) 2020)
DIAMANTE 2020 Multl-ancgstry meta-analysis — Multl-ancgstry meta-analysis —
. South Asian-ancestry South Asian-ancestry
— Multi-ancestry | 282 lati Mahai | lati Mahai |
South Asian populations (Mahajan et al., populations (Mahajan et al.,
2020) 2020)
DIAMANTE 2020 Multi-ancestry meta-analysis — Multi-ancestry meta-analysis —
— Multi-ancestry | 287 all ancestry groups (Mahajan et | all ancestry groups (Mahajan et
Composite al., 2020) al., 2020)
Population- 287 Multi-ancestry meta-analysis Indigenous longitudinal study
specific weight (Mahajan et al., 2020) population
287 with lowest p-values of
Population- 287 association with T2D across the | Indigenous longitudinal study

specific variant

genome, in the Indigenous study
population

population

First, the AGEN 2020 T2D PS included 125 SNPs and weights that were derived from a
GWAS meta-analysis of East Asian-ancestry study populations (Spracklen et al., 2020).
Summary statistics for the SNPs included in the AGEN 2020 T2D PS are in Table 7.2.1.
Second, results from the DIAbetes Genetics Replication And Meta-analysis (DIAGRAM)

Consortium GWAS meta-analysis of European ancestry study populations were used to
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construct the DIAGRAM 2018 T2D PS. In the original DIAGRAM 2018 meta-analysis, a total
of 403 independent SNPs met the genome-wide significance threshold (p < 5.0 x 10%);
imputed genotypes for 293 of those SNPs were available in the present study population
(Mahajan et al., 2018b). Summary statistics for the SNPs included in the DIAGRAM 2018

T2D PS are in Table 7.2.2.

Seven of the T2D PS were derived from the overlap of genotypes from the present
Indigenous study population and genome-wide significant SNPs from the DIAMANTE 2020
multi-ancestry GWAS meta-analysis (Mahajan et al., 2020). The genome-wide significant (p <
5.0 x 108) SNPs from the GWAS meta-analysis constituted up to 287 variants. Weights for
six DIAMANTE 2020 multi-ancestry GWAS T2D PS had weights derived from GWAS meta-
analyses that were conducted among study participants of specific ancestry groups:
composite, African, East Asian, European, Hispanic/Latino and South Asian (Mahajan et al.,
2020). Weights for variants included in the one remaining T2D PS that was derived from the
overlap between study population genotypes and the DIAMANTE 2020 multi-ancestry GWAS
meta-analysis was the ‘population-specific weight' T2D PS: the weights for those variants
taken from the DIAMANTE analyses were derived from the GWAS of T2D that had previously
been conducted in the Indigenous study population and underwent 10-fold cross-validation to
address overfitting. Summary statistics for the SNPs included in these seven T2D PS are in

Table 7.2.3.

To estimate population-specific weights for variants constituting the population-specific
weight T2D PS, | used block-jackknifing among all participants in the GWAS (N = 7,701) to
reduce overfitting associated with deriving the weights in the same dataset in which they are
applied. The participants were randomly divided into 10 equally sized groups, and the
weights for each group were calculated by analysing the association of each variant with T2D

in the other 9 groups. Associations were analysed with prevalent T2D at last examination
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(2571 cases among 7,659 participants with data available) with adjustment for age, sex, birth
year and the first 5 genetic principal components (to account for population structure).
Analyses were conducted with a linear mixed model, which was fit with SOLAR-Eclipse
(Almasy & Blangero, 1998), that accounted for pairwise relationships among individuals. T2D
was modelled as a continuous (0 to 1, inclusive) variable to reduce computation time, which
exceeded the constraints of the National Institutes of Health High Performance Computing
environment, Biowulf. The regression coefficient was converted to an odds ratio by the
method of Haggstrom (Haggstrom, 1983). The population-specific weights, derived from the
average logarithm of the odds ratio across all 10 sub-analyses, are shown in Table 7.2.3,
along with weights for each ancestry group derived from the DIAMANTE 2020 meta-

analyses.

To assess the utility of using further population-specific genetic information, | also derived a
population-specific variant T2D PS by selecting T2D-associated variants from the 515,692
variants directly genotyped in the T2D GWAS in the Indigenous study population. For
computational efficiency and to reduce overfitting with assessments over a large number of
variants, | used 2-fold cross-validation in this situation, since lower values of k in k-fold cross-
validation can help reduce overfitting when a large number of features is assessed
(Scheinost et al., 2019). The GWAS participants were randomly divided into two equally sized
groups, and a GWAS of T2D was conducted in each group (the ‘discovery’ group) to select
the variants and weights used to construct the PS for the other group (the ‘target’ group). To
reduce the influence of LD among variants in close physical proximity, the genome was
divided into bins of ~200kb using the k-means procedure (PROC FASTCLUS in SAS),

resulting in 25,763 bins across the genome.

Within each discovery group, the variant with the lowest p-value for association with T2D was

taken within each bin. The number of variants that were used to construct this population-
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specific variant score was 287: this number of SNPs was selected to obtain a PS with
number of variants and information that were comparable to those from the DIAMANTE 2020
and DIAGRAM 2018 PS. To avoid loss of statistical power associated with further splitting of
the sample, | did not attempt to optimize the number of variants; | also did not attempt further
validation in additional samples. Thus, while the number of variants in this score is similar to
those in other T2D PS, its generalizability is not certain. Summary statistics for the SNPs

included in the population-specific variant T2D PS are located in Table 7.2.4.
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3. Genetic analyses of birth weight

3.1. Introduction

Epidemiologic studies in many populations have shown that birth weight is associated with
risk of type 2 diabetes (T2D) in adulthood. Multiple meta-analyses have reported that the
relationship between birth weight and T2D is inversely related to T2D risk in some study
populations; in others, the relationship is U-shaped (Harder et al., 2007; Whincup et al.,
2008). Studies have used increasingly sophisticated methods to assess the genetic
relationship between birth weight and T2D, with some variants conferring susceptibility to low
birth weight and subsequent diabetes (i.e., aligning with the foetal insulin hypothesis) and
some conferring susceptibility to high birth weight and subsequent diabetes (further described
in Section 1.7). For instance, a study of the genetics of birth weight by Warrington et al
included a foetal GWAS and maternal GWAS and employed structural equation modelling to
assess the contributions of genetic effects of both foetus and mother (Warrington et al.,
2019). In this study, the genetic correlation between birth weight and T2D susceptibility was
negative for the foetal genotypes while it was near 0 for the maternal genotypes; for fasting
plasma glucose, the genetic correlation was positive for the maternal genotype and negative

for the foetal genotype (Warrington et al., 2019).

Previous studies involving the PECRB cohort have demonstrated that lower and higher birth
weight groups are at higher risk for T2D than those with normal birth weight (Lindsay et al.,
2000). Genome-wide association studies, genetic correlation analyses and PS allow for
further investigation of the genetic epidemiology of birth weight and genetic relationships
between this trait and T2D. In the cohort study in which this thesis research was undertaken,

there is an R1420H loss-of-function variant in SUR71 (ABCCS8), which has a carrier rate of
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3.3% in participants in the longitudinal study (of the 7,701 individuals with genotype data),
and which is virtually absent in other study populations (Baier et al., 2015). This variant has
been associated with higher mean birth weight (for the minor allele, 8 = 169.1 grams, p =
1.5x103) and higher risk of T2D (OR = 2.02 [95% CI 1.45-2.82] per copy of the minor allele, p
= 3.6 x 10°); however, neither of these results reach genome-wide significance (Baier et al.,
2015). The R1420H loss-of-function variant in SUR1 (ABCC8) has functional similarities to
those known to cause foetal hyperinsulinemia and hyperinsulinemic hypoglycaemia of infancy
(HHI) (Baier et al., 2015). HHI often results in increased birth weight--consistent with the
foetal insulin hypothesis—and early-onset diabetes (Hattersley & Tooke, 1999). Missense
variants in the genes KCNJ11 and ABCC8, which encode subunits of Kare channels in
pancreatic B cells, have previously been implicated in HHI and T2D (Gloyn et al., 2003;

Kapoor et al., 2013).

The objective of the research in this chapter is to further explore the genetic relationship
between birth weight and T2D and investigate genetic associations with birth weight using
different models of GWAS, within the PECRB cohort. Specifically, seven models of GWAS of
birth weight were conducted, including: additive and dominant-recessive models of GWAS,
conditioning on maternal and foetal genotype, and different combinations of relevant
phenotypic covariates. Bivariate genetic correlation analyses were undertaken with respect to
birth weight and metabolic traits. In addition, a PS for birth weight and one for T2D were

tested for relationships with birth weight and T2D.

3.2. Methods

3.2.1. Imputation of gestational age
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As described in Section 2.2.3, 74.3% of the individuals in the birth weight data set (N = 3,700)
had gestational age data available (N = 2,749). To address missingness for the 26.7% of
participants who did not have gestational age data available, which was assumed to be at
random (i.e., MAR), multiple imputation was performed. Then, five iterations of GWAS of birth
weight were undertaken across five respective phenotypic data sets, among study
participants who had birth weight and genotypic data available in the longitudinal study. Each

GWAS was adjusted for birth year, the first five genetic PCs, and imputed gestational age.

3.2.2. Analysing the association between birth weight and T2D prevalence

The relationship between foetal (i.e., own) birth weight and the risk of T2D in the present
study population has previously been reported to be U-shaped (Lindsay et al., 2000;
McCance et al., 1994). Further details on this complex relationship, including genetic and
non-genetic influences upon it, are explored further in Section 1.7. The analysis of the
association between birth weight and T2D in this study population, with the addition of more
individuals with birth weight data available since Lindsay and McCance’s earlier studies
(described further in Section 2.2.3), was performed in a slightly smaller subset of individuals
that had GWAS data, as well as data for birth weight and T2D available (N = 3,690; 2,033
female and 1,657 male). For presentation purposes, the adjusted prevalence of T2D was

calculated (adjusted to the mean value of all covariates).

SOLAR-Eclipse was used to test whether the relationship between birth weight and
prevalence of T2D was linear or quadratic. The log likelihood, the natural log of the
maximised model, was computed using the ‘polygenic’ command, for two models with
different sets of covariates: (1) those in the linear model (age, sex, genetic PCs 1-5, birth
year, and birth weight in grams (bwt)); and (2) those in the quadratic model (age, sex, genetic

PCs 1-5, birth year, bwt, and bwt?). The bwt? (i.e., birth weight squared) term was added to
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the linear model to generate the quadratic model to test whether the relationship between
birth weight and T2D risk was linear. The chi-square statistic was calculated as twice the
difference of the log likelihood estimates and the one-tailed probability from the chi-square
distribution was calculated from the x? distribution, with the x? statistic and one degree of

freedom specified.

For plotting the relationship between birth weight and the estimated adjusted prevalence of
T2D, birth weight was partitioned into six categories. These categories allowed for the U-
shaped relationship between birthweight and the prevalence of T2D to be captured, and also
aligned with previous studies’ definitions of low (less than 2,500; 3,000; or 3,500 grams) and
high birth weight (greater than or equal to 4,000 or 4,500 grams) (Egeland et al., 2000;
Jrskou et al., 2003; Rode et al., 2007). Category 1 contained individuals with a birth weight
less than 2,500 grams and with category 6 being individuals with a birth weight greater than

4,500 grams, as displayed in the table below (Table 3.1).

Table 3.1. Partitioning of birth weight into six categories.

Category of birth weight Range of grams (g) Number of individuals

2,500 < bwt < 3,000

3,500 < bwt < 4,000 1,202
4,000 =< bwt < 4,500 373
> 4,500 116

The ‘polygenic’ command in SOLAR-Eclipse was used to analyse the association between
birth weight and T2D, to generate estimates for T2D prevalence by category of birth weight,
as adjusted for age, sex, birth year, and the first five genetic PCs. The standard errors for the

adjusted prevalence of T2D were calculated using the delta method (Sokal & Rohlf, 1981).
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Therein, the standard errors for each of the parameters that were used to calculate the
adjusted prevalence of T2D (i.e., mean, sex coefficient, birth weight category coefficient), and
the covariances between them, were employed. The standard error (SE) of the adjusted

prevalence of T2D was then calculated as the square root of the delta value (4), which was

the sum of the variances of each of the relevant parameters plus twice the covariance of
each pair of parameters. For birth weight category 4 (with 4,000g < bwt < 4,500g), which was
the reference category, the adjusted prevalence of T2D depended only upon the mean

prevalence of T2D (u) and the sex coefficient (Bsex), and was calculated as (Equation 3.1):

Adjusted prevalence of T2D = u + (0.558) (3.1),

where 0.55 signifies the mean value of the sex covariate, as 55% of participants were female.

The A for the reference category of birth weight was defined as the following (Equation 3.2):

D ref cat bwe= SE(U)? +0.55% X SEg 2 +2Xx 0.55 X Ryp X SE, X SEg__ (3.2),

where R,z is the estimated correlation between the mean estimate and Bsex. The SE of the

adjusted prevalence of T2D was therefore (Equation 3.2):

SEref cat bwt = ’Aref cat bwt (3.2)

For the other, non-reference, categories of birth weight, the beta coefficient for each category

i (Bi) was added to calculate the A (Equation 3.3):
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A cat; pwe= SE(W)? +0.55%2 X SEg_ ? + SEg® + 2 x 0.55 X Ryp., X SE, X SEg__

+ 2 x 0.55 % Rﬁsexﬁi X SEﬁsex X SEBI. (33)

The SE of the adjusted prevalence of T2D for each category i was therefore (Equation 3.4):

SEpwe cat; = /Abwt cat; (3.4)

The results of the aforementioned calculations are displayed in a graph of birth weight

categories and the estimated adjusted prevalence of T2D (Section 3.3.1).

3.2.3. Heritability and bivariate genetic correlation analyses

Narrow-sense heritability and bivariate genetic correlation analyses were also undertaken;
these methodologies are described further in Sections 2.3.1 and 2.3.2. Heritability analyses
were conducted using the empirically determined genetic relationship matrix with the
‘polygenic’ command in SOLAR-Eclipse, for two main models: birth year and the first five
genetic PCs (Model 1); and birth year, the first five genetic PCs, and in utero exposure to
maternal diabetes (Model 2). Bivariate genetic correlation analyses, which are described in
detail in Section 2.2.3, were undertaken to further explore the relationships between related
covariates and T2D. These were completed using the ‘polygenic’ command in SOLAR-
Eclipse, between birth weight and T2D, as well as related traits in the longitudinal study.
Table 3.2 lists and describes the main outputs of the various bivariate genetic correlation

analyses between birth weight and other traits (Bunt et al., 2007).
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Table 3.2. Descriptions of main outputs of bivariate genetic correlation analyses.

Measure

h2

PE

PG

p(pcis nonzero)

PP

Description

Narrow-sense heritability estimate for a trait

Environmental correlation: proportion of variability between traits due to shared
environmental effects between traits

Genetic correlation: proportion of variability between traits due to shared genetic

effects

p value for the test of whether genetic correlation between traits is nonzero

Estimate of the phenotypic correlation between traits, derived from calculated

values of pe and ps

Genetic correlation analyses were conducted between birth weight and traits collected in

NIDDK Phoenix studies using methods previously described: diabetes, OGTT (listed as GTT

fasting and 2-hour), fasting insulin, height, HOMA-B, HOMA-IR, log(M-value), log(maximum

BMI), and log(acute insulin response) (Table 3.3).

Table 3.3. Overview of the bivariate genetic correlations and covariates.

Trait 1

Trait 1 is adjusted
for these covariates

Trait 2

N

Trait 2 is adjusted for these
covariates

Birth weight
Birth weight
Birth weight
Birth weight
Birth weight
Birth weight
Birth weight

Birth weight
Birth weight

Birth weight

Birth year, PC 1-5
Birth year, PC 1-5
Birth year, PC 1-5
Birth year, PC 1-5
Birth year, PC 1-5
Birth year, PC 1-5
Birth year, PC 1-5
Birth year, PC 1-5

Birth year, PC 1-5

Birth year, PC 1-5

T2D

GTT (fasting)
GTT (2-hour)
Fasting insulin
Height (cm)
HOMA-B
HOMA-IR

log(M-value)

log(Maximum
BMI)

log(Acute insulin
response)

7,659
6,637
6,637
5,349
5,719
5,342
5,349

557

6,789

404

Birth year, PC 1-5, age at
exam, sex

PC 1-5, age at exam, sex

PC 1-5, age at exam, sex

PC 1-5, age at exam, sex, BMI
PC 1-5, sex

PC 1-5, age at exam, sex, BMI

PC 1-5, age at exam, sex, BMI
PC 1-5, age, sex, PFAT,
PFAT?

Birth year, PC 1-5, sex, age at
maximum BMI| measurement

PC 1-5, age, sex, PFAT,
log(M-value)
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Notably, the bivariate genetic correlation analysis for birth weight and T2D had to be modified
to complete the analysis by opting to omit conversion to liability scale (i.e., to treat T2D as a
continuous trait), as the numerical integrations required for analysis on the liability scale
resulted in excessively long computation time (run times exceeding 100 days, which were
interrupted by regular maintenance of the high performance computing server). Although the
overall relationship between birth weight and T2D has been demonstrated to be nonlinear
(i.e., U-shaped) in the PECRB cohort (described further in Section 3.2.2), row 1 in Table 3.3
represents the bivariate genetic correlation analysis that was conducted for T2D and for birth
weight assumes that genetic and environmental correlations are linear (although they can be
in opposite directions). Additionally, these analyses were presented without decomposing

foetal and maternal genetic information.

3.2.4. GWAS of birth weight

GWAS of 3,700 participants’ (2,037 female and 1,663 male) own birth weight were conducted
using genotypic and phenotypic data from the PECRB study. Further information on this
subset of individuals from the longitudinal study—including participant characteristics—are
available in Section 2.2, which outlines the various subsets of the study population in which
analyses throughout this thesis were undertaken. All were conducted using genotypic data
that were directly genotyped using a custom Affymetrix Axiom array (512,093 single-
nucleotide polymorphisms, SNPs) and imputed using a population-specific reference panel
(4,589,902 SNPs), spanning over five million common SNPs altogether. Further details on
ascertainment of genotypic data, which had been completed before the analyses that are
outlined in this thesis by colleagues at NIH/NIDDK PECRB, are provided in Section 2.1. Birth
weight had been ascertained from birth and medical records and was normalised separately

by sex via rank-based transformation (the Blom method in SAS 9.4) (Blom, 1958).
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Genetic associations with birth weight were analysed using a mixed model in SOLAR-Eclipse
(Catonsville, MD), accounting for genetic relationships (inferred from marker data), and
adjusting for covariates, in three main models across imputed variants (Table 3.4). Model 1
was an additive foetal GWAS of own birth weight, adjusted for the covariates birth year and
the first five genetic PCs. Model 2 was additionally adjusted for in utero exposure to maternal
diabetes (described further in Section 2.2.3). Model 3 was also an additive foetal GWAS of
own birth weight, adjusted for the covariates birth year, the first five genetic PCs, and
gestational age by multiple imputation. The covariates in GWAS Model 3 were similar to
those in the additive foetal GWAS meta-analysis of own birth weight using data from other
(European-ancestry) study populations, within the Early Growth Genetics Consortium: sex,

gestational age and the first four genetic PCs (Warrington et al., 2019).

Table 3.4. GWAS of birth weight Models 1-3: conducted across all imputed variants.

Model 1 Model 2 Model 3

Own birth weight Own birth weight Own birth weight
Genotype (maternal or foetal) el Foetal Foetal

(el Gl @ Additive Additive Additive
recessive

Birth year, PCs 1-5,  Birth year, PCs 1-5,
UGS CRR TR CEENEAEECISN  Birth year, PCs 1-5%  in utero exposure to  gestational age (by
maternal diabetes multiple imputation)

+ PC 1-5 signifies the first five genetic PCs that had been calculated previously by collaborators at
NIH/NIDDK Phoenix. All models were adjusted for these first five genetic PCs to account for population
stratification. Details are available in Section 2.1.3.

Because five separate phenotypic data sets with varying estimates for gestational age were
generated in the multiple imputation process (discussed in Section 3.2.1), five iterations of
GWAS were completed in succession, in which each analysis was adjusted for birth year, the

first five genetic PCs, and the corresponding iteration of imputed gestational age. Next, the
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average of standard errors for each variant across models was calculated according to effect
allele frequency. Large test-based standard errors were replaced with this average value
because the test-based standard errors used by SOLAR-Eclipse represent overestimates
when p = 1. Finally, results were summarised across iterations by averaging the effect size
and standard error (estimated by taking variability across iterations into account) across the
five sets of summary statistics per SNP. To estimate significance, the x? statistics per SNP
were averaged and the right-tailed probability of the x? distribution was calculated using the

CHIDIST function in Microsoft Excel.

Three other models of GWAS of birth weight beyond those included in Table 3.4 were
conducted only among directly genotyped variants, because the computational intensity of
these analyses that would otherwise have encompassed over five million imputed variants
would have required excessive processing time. These include a dominant-recessive foetal
GWAS of birth weight, adjusted for birth year, the first five genetic PCs, and gestational age
by multiple imputation (Model 4); an additive foetal GWAS of own birth weight, adjusted for
birth year and the first five genetic PCs and conditioned on maternal genotype (Model 5); and
an additive maternal GWAS of offspring birth weight, adjusted for birth year, the first five

genetic PCs and conditioned on foetal genotype (Model 6; Table 3.5).
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Table 3.5. GWAS of birth weight Models 4-7: conducted across directly genotyped
variants only.

Model 4 Model 5 Model 6 Model 7
Own birth weight Own birth weight Own birth weight ~ Offspring birth weight
Genotype
(maternal, Foetal Foetal Foetal Maternal
foetal)
LR, Dominant-
dominant, ) Additive Additive Additive
recessive

or recessive

Birth year, PCs Birth year, PCs 1-5,
1-5, gestational  gestational age
age (by multiple  (without multiple
imputation) imputation)

_ 3.700 2749 2.934 2.934

Adjusted for
these
covariates

Birth year, PCs
1-5, maternal
genotype

Birth year, PCs 1-5,
foetal genotype

To assess the effects of multiple imputation of gestational age upon the GWAS of birth
weight, a complete-case analysis (Model 4) was undertaken that was analogous to Model 3
(Table 3.4). Dominant and recessive models of GWAS of own birth weight, with adjustment
for gestational age (by multiple imputation), were also conducted to investigate whether
additional significant associations were identified with alternate genetic models (Model 4).
Model 5 was a GWAS of birth weight that only included the 2,749 individuals in the PECRB
cohort with non-missing gestational age data. These analyses were conducted because the
standard additive model may not be sufficiently powerful to detect associations under
alternate modes of inheritance, particularly when lower-frequency alleles are recessive
(Freidlin et al., 2002; Gonzalez et al., 2008). Model 5, the complete case analysis, was
restricted to directly genotyped variants. To facilitate pairwise comparisons between Models 3
and 4 and Models 3 and 5 within results sections 3.3.5 and 3.3.6, respectively, QQ and
Manhattan plots and tables summarising the top SNPs (per 200kb region, by p-value) were

also shown for Model 3, limited to directly genotyped SNPs only.
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The additive foetal GWAS of own birth weight was conditioned on maternal genotype, in the
subset of individuals whose mothers had genotypic data available in the longitudinal study
(Model 6). The additive maternal GWAS of offspring birth weight was conditioned on foetal
genotype, in the subset of individuals whose mothers had genotypic data available in the
longitudinal study (Model 7). Because substantial inflation was found in the results of Model
7, the results for both Models 6 and 7 were presented with genomic control. Genomic
control—a quality control measure for GWAS and meta-analysis that addresses such inflation
in test statistics—was conducted by dividing the test statistics across all variants by the
genomic inflation factor (A) (Zheng et al., 2006). A was calculated as the ratio of the median of
the observed x? statistics to the median of the expected x? statistics (Yang et al., 2011). The
genomic inflation factor estimates the amount of inflation relative to test statistics that would

be expected according to the global null hypothesis (Yang et al., 2011).

3.3. Results

3.3.1. Analysing the association between birth weight and T2D prevalence

The analyses of the association between birth weight and T2D in this study population were
conducted to assess the extent to which the relationship in the present sample (participants
in the GWAS) was similar to those that were reported previously in the PECRB cohort at
large. These analyses included: (1) a test of whether the addition of a term representing the
square of birth weight led to a significant difference in the estimate of the adjusted prevalence
of T2D (i.e., whether or not the relationship was U-shaped) and (2) plotting the relationship
between categories of birth weight and the adjusted prevalence of T2D. First, the log
likelihood for the linear model was 1920.91 and that of the quadratic model was 1930.00. The

chi-square statistic was calculated as twice the difference of the log likelihood estimates (x* =
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18.19) and the p-value was taken from the x? distribution (p = 2.0 x 10%). Because the
addition of the square term is significant, this demonstrates that the relationship between birth
weight and T2D is non-linear. The previously published U-shaped relationship between these
traits was replicated in the subset of participants whose data was analysed in this chapter

(Figure 3.1).

0.4

0.35

0.3

0.25

0.2

0.15

0.1

Adjusted T2D prevalence (proportion)

0.05

bwt cat 1 bwt cat 2 bwt cat 3 bwt cat 4 bwt cat 5 bwt cat 6
(<2500g) (2500-3000g) (3000-3500g) (3500-4000g) (4000-4500g) (>45009)

Category of birth weight

Figure 3.1. Adjusted prevalence of T2D by quintile of foetal birth weight.
The error bars displayed represent + 1 SE (i.e., 68% CI).

Across the six categories of birth weight, a U-shaped curve was formed, with respect to the

adjusted prevalence of T2D.

3.3.2. Heritability and bivariate genetic correlation and heritability analyses

The heritability estimates for Models 1, 2, and 3—the additive foetal GWAS of own birth

weight adjusted for different covariates—were similar. First, for the model including the
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covariates birth year and the first 5 genetic PCs, the h? estimate was 0.54 (SE = 0.03).
Second, for the model including the covariates birth year, the first five genetic PCs, and in
utero exposure to maternal diabetes, the h?> was 0.53 (SE = 0.02). Third, for the model
including the covariates birth year, the first five genetic PCs, and gestational age (by multiple
imputation), the h? was 0.53 (SE = 0.03). Previous studies have reported that foetal genetic
factors explain 10-40% of the normal birth weight (Lunde et al., 2007; Van Baal & Boomsma,

1998), substantially less than the h? estimates for Models 1, 2, and 3 in the PECRB cohort.

Bivariate genetic correlation analyses were undertaken to further investigate the relationships
between birth weight and diabetes-related traits. For each analysis, Trait 1 (not displayed in
the table) is birth weight (N = 3,700) and Trait 2 is named in the leftmost column. Results

show that genetic correlation (p¢) statistics are relatively low across traits (Table 3.6).

Table 3.6. Bivariate genetic correlations between birth weight and related traits in the
Indigenous study population. Trait 1 is birth weight (adjusted for birth year and PC 1-
5).

. Trait 2 Trait 2 adjusted for Trait 2 h? p(pc is
falte these covariates (53] pr Pe (SE) P (SE) nonzero)

N
7650 S 29% birthyear, PC 457 (0.02) -0.05 -0.13(0.033) 0.079 (0.058) 0.18
404 \s/:ﬁe"’;?;'cpf_AST’ logM- 51 015) 009 010(0.16) 007(0.15) 063
6789 %9 birthyear, PC 151 (0.02) 010  002(0.04)  0.18(0.05)  3.55x10%
557 ;iﬁ?geﬁgﬁg ’ 0.11(0.11) 001  002(0.09)  -0.02(0.32) 1

5,342 sex, age, BMI, PC 1-5 0.25(0.03) -0.06 -0.08 (0.04) -0.05 (0.07) 0.49

m 5349  sex,age, BMI,PC1-5  0.25(0.03) -0.09 -0.11(0.04)  -0.06 (0.07)  0.39

5349  sex, age, BMI,PC1-5  0.25(0.03) -0.08 -0.11(0.04) -0.06(0.07)  0.43

uRiea ) 6,637 sex, age, PC 1-5 0.22(0.03) 0.003 -0.05(0.04)  0.10(0.07) 0.16
GTT (2-hr) 6,637  sex, age, PC 1-5 0.17(0.02) -0.05 -0.05(0.04)  -0.07 (0.08)  0.40
Height (cm) 5719  sex, PC 15 0.72(0.02) 024  0.09(0.06)  0.34 (0.04) 1.92 x10™
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Height, a highly heritable trait with narrow-sense heritability h> = 0.72, had the strongest
positive phenotypic correlation (op = 0.24), a strong positive genetic correlation with birth
weight (oc = 0.34); the p-value for the test of whether the genetic correlation pg is nonzero
was significant (p = 1.92 x 107'4). This was followed by the positive ps of BMI with respect to
birth weight (oc= 0.18, SE = 0.05); the p-value for the test of whether ps between birth weight
and BMI is nonzero was significant (3.55 x 10%*). Notably, T2D had a modest inverse
phenotypic correlation (pr = -0.05) and an inverse environmental correlation (pe = -0.13, SE =
0.033); the genetic correlation was positive (poe = 0.08) but the p-value for the test of whether

the genetic correlation pg is nonzero was not significant (p = 0.18).

3.3.3. Discussing significance in terms of p-value

Section 3.3.3 discusses the definition of significance thresholds that are employed in the
following results sections. Chapter 3 in large part focusses upon the findings of various
models of GWAS of foetal or offspring birth weight. As described in sections 3.3.4 and 3.3.5,
none of the SNPs that were identified in any GWAS in this chapter reached the
conventionally defined genome-wide level of significance (p = 5.0 x 108). This could partially
be explained by the relatively low sample size of the PECRB cohort (maximum GWAS of
birth weight N = 3,700), as compared with a maximum of over 200,000 for most SNPs in the
Early Growth Genetics Consortium GWAS meta-analysis (Warrington et al., 2019). The lack
of genome-wide significant loci identified in these GWAS could also be due to the observation
that was previously made by Warrington et al that maternal and foetal genetic effects with
respect to birth weight can work in opposite directions (Warrington et al., 2019). This could
render a GWAS of own birth weight only, without accounting for maternal and foetal
genotype, insufficiently powered to detect effects in which maternal and foetal directionality

differs. Nonetheless, given the polygenic nature of complex traits, some of the top signals
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that were observed in the current analyses may represent ‘real’ associations, despite the lack

of genome-wide statistical significance.

The conventionally employed ‘genome-wide significant’ threshold is p < 5.0 x 10® (Dudbridge
& Gusnanto, 2008): this originated from a study that estimated the effect of the N of
independent tests (i.e., association tests in a GWAS across N variants) using Bonferroni
correction (Bonferroni, 1935). Other studies specify more stringent levels of significance; for
example, in reporting results from the EGG 2019 GWAS meta-analysis of birth weight,
Warrington et al used p < 6.6 x 10° as the more stringent threshold of genome-wide
significance—as calculated previously by Kemp et al in a GWAS of heel bone mineral density
in a different, large study population (Kemp et al., 2017)—in addition to the more lenient and

traditional p < 5.0 x 108,

Within Chapter 3, as none of the SNPs in any GWAS were found to have genome-wide
significant associations with own or offspring birth weight, | took steps to define a level of
‘suggestive significance’ for GWAS of birth weight based on data from both the EGG 2019
GWAS (Warrington et al, 2019) that was adjusted for sex, PCs 1-4, and gestational age; and
the PECRB GWAS of own birth weight that was adjusted for birth year, PCs 1-5, and
gestational age (by multiple imputation; Model 3). Specifically, for various p-value thresholds
for SNPs in the PECRB GWAS of birth weight Model 3, | identified the number of SNPs
whose associations with birth weight reached that threshold. Then, among those SNPs that
reached that level of significance in the PECRB GWAS of own birth weight, | determined the
number of those SNPs that reached nominal significance (directionally consistent effect with
1-sided p < 0.05) in the EGG 2019 GWAS of own birth weight. | calculated the proportion of
SNPs from the PECRB GWAS that were replicated (according to direction of effect and given
significance thresholds) in the EGG 2019 GWAS under that definition, along with the 95%

confidence interval of that proportion and the expected probability (two-sided p-value) that
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these replications were significantly different from the expected proportion of 0.05. Results for

this analysis are displayed in Table 3.7.

Table 3.7. Testing p-value thresholds for the PECRB and EGG birth weight GWAS.

Proportion replicated

PEgRB Niotel (P: éﬁ%‘iaéeé'e) between (F;EZRCBI)and EGG  2-sided Pr(z<|2))
44 4 0.0909 (0.0253, 0.2167) 0.2131

156 15 0.0962 (0.0548, 0.1536) 0.0082

2,103 366 0.1740 (0.1581, 0.1909) < 0.0001
m 4,382 551 0.1257 (0.1161, 0.1359) < 0.0001
N 45,728 3426 0.0749 (0.0725, 0.0774) < 0.0001
NIER 220522 18,214 0.0826 (0.0814, 0.0838) < 0.0001
NIERT 2,163,860 169,316 0.0782 (0.0779, 0.0786) < 0.0001
NEEIN 4,258,599 324,021 0.0761 (0.0758, 0.0763) < 0.0001

The EGG 2019 GWAS exhibits some inflation, which explains why even the PECRB p < 0.99
threshold itself exceeds 0.05. Because the proportion of replication (i.e., the sharing of
variants between PECRB and EGG 2019 GWAS) reaches a local maximum (17.4%, 95% CI
15.8%-19.1%) at a PECRB p-value threshold of 0.0005 (i.e., 5.0 x 10*), p < 5.0 x 10* was
taken to be a level of ‘suggestive significance’ level of significance for the reporting of GWAS

results in the present chapter.

3.3.4. GWAS Models 1, 2, and 3: Additive foetal GWAS of own birth weight across

imputed variants

The heterogeneity between the PECRB GWAS of birth weight Model 1 and the EGG 2019
GWAS was calculated, as measured by the mean heterogeneity index /? (Higgins &
Thompson, 2002). The heterogeneity index describes the percentage of variation across
studies that is due to heterogeneity as opposed to chance (Higgins & Thompson, 2002). The

mean /° across all GWAS markers was 15.19%, which indicates that the percentage of
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variability in effect estimates that is due to heterogeneity, rather than chance, is low (Higgins
& Thompson, 2002). For the additive foetal GWAS of own birth weight with adjustment for
birth year and PCs 1-5 (Model 1), 2,476 SNPs were found to have associations of suggestive
significance (p < 5.0 x 10*) with birth weight. The associations with the greatest significance
in GWAS Model 1 per 200kb region are listed by ascending p-value in Table 3.8a. Imputation
quality (Qinfo) scores are provided, which are of relevance to the imputed variants (i.e., GT =
Imp) (Table 3.7). The strongest associations identified in GWAS Model 1 were with
rs61515650 on chromosome 19 (8 = 0.16 (SE = 0.03) SD birth weight per T allele; p = 1.2 x
10%) and rs181228071 in DMD on chromosome X (8 = 0.23 (SE = 0.05) SD birth weight per

A allele; p = 3.4 x 10°F).

In GWAS Model 2, 2,577 variants were suggestively associated (p < 5.0 x 10*) with birth
weight. Relative to the results of GWAS Model 1, those of GWAS Model 2 (additionally
adjusted for in utero exposure to maternal diabetes) shared multiple ‘top’ associations with
Model 1, with modest attenuations in p-values for some of the SNPs associations of the
greatest significance that were shared between the models (Tables 3.8a and b). For instance,
a variant in SUR1/ABCC8 (rs1272388614; chr11:17417205) was previously shown to be
associated with T2D and birth weight in a subset of the PECRB cohort (Baier et al., 2015). In
GWAS Models 1 and 2, the association of SUR1T/ABCC8 R1420H with birth weight was

strong and reached suggestive significance (p < 5.0 x 104).

Model 3 of the birth weight GWAS consisted of an additive foetal GWAS of own birth weight
with adjustment for birth year, PCs 1-5, and imputed gestational age (by multiple imputation).
The results of Model 3 included 1,895 SNPs that reached the suggestive level of significance
(p < 5.0 x 10). Notably, results for one SNP (LOC105378114 rs73030292, chr6:166190683;
p = 4.83%x10%) replicated a previously reported association at genome-wide significance (p =

1.15 x 10719 Early Growth Genetics Consortium); however, associations of this, and all other
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SNPs in the GWAS, did not reach genome-wide significance (p = 5.0 x 10®). A notable
difference from GWAS Models 1 and 2 was observed in Model 3: missense variant
SUR1/ABCC8 R1420H (rs1272388614, chr11:17417205) had the strongest association with

birth weight (8 = 0.46 SD birth weight per H allele; p = 1.14 x 10) (Table 3.8c).

The results displayed in Tables 3.8 appear similar to those for previous models of GWAS.
One notable difference is that the SUR1/ABCC8 R1420H variant in Model 3 is by far the
highest on the y-axis in this model of GWAS that accounts for gestational age (by multiple
imputation), representing the decrease from 1.5 x 10 in Model 1 to 1.2 x 10 in Model 3

(i.e., after additional adjustment for gestational age by multiple imputation).
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Tables 3.8. SNPs with associations of greatest significance with own birth weight in
Models 1, 2, and 3 (per 200kb region): additive foetal GWAS of own birth weight across

imputed variants.

(a) GWAS Model 1: adjusted for birth year and PCs 1-5.
(b) GWAS Model 2: adjusted for birth year, PCs 1-5, and in utero exposure to diabetes.
(c) GWAS Model 3: adjusted for birth year, PCs 1-5, and gestational age (by multiple

imputation).

(@) Gene Chr  Position? A1
| rs61515650 |8 19 1729004 Imp T
DMD X 32004006 Imp A
PARD6G 18 77945325 DG T
- 7 15648013 DG C
TRIOBP ~ 22 38151100 Imp TG

SUR1/
aBocg 11 17417208 DG T
UBE4B 1 10235946 DG T
- 8 21311558 Imp T
DNAJC15 13 43637780 DG A
TEEIGIE DENND2C 1 115148107 DG T

(b) Gene  Chr Position! GT* A1
| rs61515650 [IB 19 1729004  Imp T
- 7 15648013 DG C
PARD6G 18 77945325 DG T
DENND2C 1 115148107 DG T
m LINC00298 2 8100372 DG -
TRIOBP 22 38151100 Imp TG
UBE4B 1 10235946 DG T
- 8 21311558 Imp T
FBX025 8 425541 Imp A
KAT6A 8 41859534 DG -

(c) SNP Gene  Chr Positiont GT# AT

SUR1/
e 11 17417205 DG T
| rs61515650 B 19 1729004 mp T
| rs35219516 & 13 40843260 Imp C
UBE4B 1 10235946 DG T
DMD X 33350078 Imp T
- 7 15648013 DG C
DMD X 32004006 Imp A
- 4 157604720 Imp C
- 8 21311558 Imp T
- 1 152449209 Imp T

1 Position is according to Genome Reference Consortium Human Build 37 (i.e., GRCh37 or hg19).

A2 A1F
C 081
G 095
Cc 018
G 0.17
T 084
C 0.02
C 0.68
C 0.91
G 0.1
C 094
A2 A1F
C 0.81
G 0.17
C 0.18
C 0.94
CCA

TCC 0.36
T 0.84
C 0.68
C 0.91
G 0.87
TA 0.24
A2 A1F
C 0.02
C 0.81
T 0.90
C 068
A 071
G 0.17
G 0.9
T 0.51
C 0.91
C 0.9

B (SE)
0.16 (0.03)
0.23 (0.05)
-0.15 (0.03)
-0.15 (0.03)
-0.15 (0.03)

0.42 (0.10)

0.12 (0.03)
-0.20 (0.05)
0.17 (0.04)
-0.24 (0.06)

B (SE)
0.16 (0.03)
-0.15 (0.03)
-0.15 (0.03)
-0.25 (0.06)

0.12 (0.03)

-0.15 (0.03)
0.12 (0.03)
-0.20 (0.05)
0.16 (0.04)
0.12 (0.03)

p-value
1.2x10°
3.4x10®
7.5%10%
1.0x10%
1.0x10%

1.5x10°

1.5%x10°
1.9x10°
2.0x10°
2.0x10%

p-value
1.2x10°
1.0x106
7.5%x10
1.0x10°

1.4x10°

1.5%x10°
1.5x10°
1.8x10°
2.0x10°%
2.3x10°

B (SE) p-value

0.46 (0.09)

0.15 (0.03)
-0.18 (0.04)
0.12 (0.03)
-0.10 (0.02)
-0.14 (0.03)
0.21 (0.05)
0.10 (0.02)
-0.19 (0.04)
-0.19 (0.05)

1.1x10®

3.5x106
6.2x106
6.2x106
9.8x106
1.5x10°
1.7x10®
2.2x10°
4.5x10°
2.3x10°

I GT signifies genotyping: directly genotyped (DG) or imputed (Imp) data available for each SNP.

Qinfo
0.98
0.81
1.00
1.00
1.00

1.00

1.00
0.97
1.00
0.94

Qinfo
0.98
1.00
1.00
0.94

1.00

1.00
1.00
0.97
0.98
1.00

Qinfo
1.00

0.98
0.99
1.00
0.99
1.00
0.81
0.98
0.97
0.91
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Figure 3.2. Manhattan and QQ plots for additive foetal GWAS of own birth weight: Model 1 (adjusted for birth year and PCs
1-5); Model 2 (adjusted for birth year, PCs 1-5, and in utero exposure to maternal diabetes); and Model 3 (adjusted for birth
year, PCs 1-5, and gestational age by imputation). ‘Imp’ signifies a SNP that is imputed; ‘DG’ signifies directly genotyped.
Model 1 plots: (a) Manhattan plot, (b) QQ plot.
Model 2 plots: (c) Manhattan plot, (d) QQ plot.
Model 3 plots: (e) Manhattan plot, (f) QQ plot.
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The Manhattan plots in Figure 3.2a and 3.2c display the results of GWAS Models 1 and 2,
respectively. In Model 2, which was additionally adjusted for in utero exposure to maternal
diabetes, p-values for some of the SNPs associated with own birth weight with greatest
significance (Tables 3.6 and 3.7) were attenuated; however, the tables and Manhattan plots
appear broadly similar. The quantile-quantile (QQ) plots for Models 1, 2, and 3 are displayed
in Figure 3.2 (parts b, d, and f). The plots display a graph of the inverse logs of expected
versus observed p-values in the GWAS of birth weight in each respective GWAS. Over the
bulk of the distribution for all three models of GWAS, the plot of the observed inverse logged
p-values matches that of the expectation. However, as the expected p-value decreases in
magnitude, the observed p-value decreases more quickly, below the x=y line, lower than
expected at the greater levels of significance. The QQ plot for Model 3 shows that the plot of
the observed p-values dips slightly below x=y (expectation) at lower inverse logged p-values
than shown in the QQ plots for Models 1 and 2. Thus, the QQ plots for Models 1, 2, and 3
provide no evidence for significant associations with birth weight and largely conform to the

null expectation.

3.3.5. GWAS Model 4: Dominant-recessive foetal GWAS of own birth weight, adjusted

for imputed gestational age

GWAS Model 4 was conducted across directly genotyped variants only and was a dominant-
recessive foetal GWAS of own birth weight that was adjusted for birth year, PCs 1-5, and
gestational age by multiple imputation. The results of GWAS Model 4 are compared with
those of GWAS Model 3, which was conducted across imputed variants and was an additive
foetal GWAS of own birth weight that was adjusted for birth year, PCs 1-5, and gestational
age with multiple imputation. The naive x? across all variants in Model 4 was 1.41: this

indicated substantial inflation of test statistics due to the multiple statistical tests that were
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conducted for each variant (i.e., additive, dominant, and recessive models). To address this
inflation, Sidak-corrected p-values were calculated, and Sidak-corrected p-values are
presented in Table 3.9 (Gonzalez et al., 2008). Within GWAS Model 4, 216 SNPs met the
threshold of ‘suggestive significance’ discussed in Section 3.3.3 (Sidak-corrected p = 5.0 x
10). After Sidak correction, the mean x2 of 1.07 across all SNPs in Model 4 did not indicate
substantial inflation. Among directly genotyped SNPs in Model 3, 201 SNPs met the

threshold of ‘suggestive significance.’
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Tables 3.9. SNPs with associations of greatest significance in GWAS Models 4 and 3
(per 200kb region).

(a) GWAS Model 4: dominant-recessive foetal GWAS of own birth weight adjusted for birth
year, PCs 1-5, and gestational age (with multiple imputation), with Sidak correction.

(b) GWAS Model 3: additive foetal GWAS of own birth weight adjusted for birth year, PCs 1-
5, and gestational age (with multiple imputation).

(a) SNP Gene Chr Positiont A1 A2 A1F B (SE) p-value
SUR1/ABCC8 11 17417206 T C 002 047(0.10) 2.2x10%
- 10 72355806 A G 0.02 0.40(0.08) 2.9x10%
ADCY?9 16 4011008 - G 002 0.37(0.08) 7.0x10%°
- 1 226228627 T C 012 -0.18(0.04) 1.3x10°%
UBE4B 1 10235946 T C 068 0.12(0.03) 1.4x10°
- 10 72405504 A G 004 0.28(0.06) 1.7x10%
| rs1335035"  [NlI0¥) 6 102408680 T C 006 -0.23(0.05) 1.7x10°
PALM2AKAP2 9 112561012 T G 004 0.28(0.06) 1.9x10%
- 13 40838524 T G 010 0.18(0.04) 2.3x10%
- 4 157611192 - TG 0.13 017 (0.04) 2.3x105

(b) SNP Gene Chr Positiont A1 A2 A1F B (SE) p-value
SUR1/ABCCS 11 17417205 T C  0.02 0.46(0.09) 1.1x10%
UBE4B 1 10235946 T C 0.68 0.12(0.03) 6.2x10%
- 13 40838524 T G 010 0.18(0.04) 1.0x105
- 7 15648013 C G 017 -0.14(0.03) 1.5x105
DMD X 33352563 A G 031 0.09(0.02) 2.8x10%
TRIOBP 22 38151170 A G 0.16 0.14(0.03) 2.9x10%
DENND2C 1 115148107 T C 094 -0.23(0.05) 3.0x10°
ATP6VOA4 7 138399376 T C 073 -0.11(0.03) 3.1x10%
- 40260447 A G 0.34 -0.11(0.03) 3.2x10°
CSNK2A3 11 11373535 T G 003 0.32(0.08) 3.3x105

T Position is according to Genome Reference Consortium Human Build 37 (i.e., GRCh37 or hg19).

a|n Table 3.9.a, this symbol denotes that a given SNP’s lowest p-value (Sidak-corrected) occurred in
the additive GWAS. Thus, summary statistics displayed for this SNP originate from the additive model.
dIn Table 3.9.a, this symbol denotes that a given SNP’s lowest p-value (Sidak-corrected) occurred in
the dominant GWAS. Thus, summary statistics displayed for this SNP originate from the dominant
model.

"In Table 3.9.a, this symbol denotes that a given SNP’s lowest p-value (Sidak-corrected) occurred in
the recessive GWAS. Thus, summary statistics displayed for this SNP originate from the recessive
model.

The top SNP in both GWAS Models 3 and 4 within ABCC8, at rs1272388614 (Model 4 8 =
0.47 SD birth weight per copy of the T allele, SE = 0.10, dominant model p = 2.2 x 10,

Model 3 B = 0.46 SD birth weight per copy of the T allele, SE = 0.09, p = 1.1 x 10°) (Tables
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3.9). Another SNP that was in both parts of Tables 3.9 was UBE4B rs2180184 on
chromosome 1 (Model 4 B8 = 0.12 SD birth weight per copy of the T allele, SE = 0.03, additive
model p = 1.3 x 10°; Model 3 8 = 0.12 SD birth weight per copy of the T allele, SE =0.03, p =

6.2 x 10°),

(a) (c)

UBE4B rs2180184
s ¥~ UBE4B rs2180184

-log (p)
-log (p)
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Figure 3.3. Manhattan and QQ plots for GWAS of birth weight Model 4 and Model 3.
Model 4 was a dominant-recessive foetal GWAS of own birth weight adjusted for birth
year, PCs 1-5, and gestational age (by multiple imputation). Model 3 was an additive
foetal GWAS of own birth weight adjusted for birth year, PCs 1-5, and gestational age
(by multiple imputation).

Model 4 plots: (a) Manhattan plot, (b) QQ plot.

Model 3 plots: (c) Manhattan plot (scaled to line up y-axis with that of Model 4), (d) QQ plot.

Notably, the QQ plot of the complete-case analysis Model 5 (Figure 3.3.b) adhered closely to

the null. The QQ plot of Model 3 (Figure 3.3.d) showed no evidence of deviation from the null
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over the bulk of the distribution; however, at higher expected inverse-logged p-values, the

observed inverse-logged p-value curve dips below x=y.

3.3.6. GWAS Model 5: Additive GWAS of birth weight, adjusted for gestational age

without multiple imputation

GWAS Model 5 was an additive foetal GWAS across directly genotyped variants of own birth
weight that was adjusted for birth year, PCs 1-5, and gestational age without multiple
imputation (Table 3.10.a). Thus, only the 2,749 individuals with gestational age data of the
3,700 in the birth weight data set were included in Model 5. Results of GWAS Model 5 are
compared with those of directly genotyped variants only from GWAS Model 3, an additive
foetal GWAS of own birth weight, adjusted for birth year, PCs 1-5, and gestational age with
multiple imputation. As shown in Figure 3.4, the correlation between the beta coefficients of
Models 5 and 3 was strong and positive: the Pearson correlation coefficient, r, was 0.88 (p <

104).

044

024

0.04

024

5 coefficient in GWAS Model 3

B coefficient in GWAS Model 5

Figure 3.4. Beta-versus-beta plot for GWAS Model 5 (without multiple imputation of the
gestational age covariate) and Model 3 (with multiple imputation of gestational age).
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Model 5 had 272 SNPs reach a suggestive level of significance (p = 5.0 x 10#); among

directly genotyped SNPs only within Model 3, 201 SNPs met this threshold. There was no

evidence of test statistic inflation in Model 5 (mean x? = 1.00).

Tables 3.10. SNPs with associations of greatest significance in GWAS Models 5 and 3

(per 200kb region).

(a) GWAS Model 5: additive foetal GWAS of own birth weight adjusted for birth year, PCs 1-

5, and gestational age (without multiple imputation).

(b) GWAS Model 3: additive foetal GWAS of own birth weight adjusted for birth year, PCs 1-

5, and gestational age (with multiple imputation).

(a) SNP Gene Chr  Positiont
- 1 40260447
- 5 172795441
PARDG6 18 77945325
GNG7 19 2591597
 rs11339383 & 13 54359682
UBE4B 1 10235946
- 17 12962911
O 0 e
- 13 40838524
- 2 12039694

(b) SNP Gene Chr Positiont
SUR1/ABCC8 11 17417205
UBE4B 1 10235946
- 13 40838524
- 7 15648013
DMD X 33352563
TRIOBP 22 38151170
DENND2C 1 115148107
ATP6V0A4 7 138399376
- 1 40260447
CSNK2A3 11 11373535

A1

A1

T
T
T
C
A
A
T
T
A

T

A2

@®

OO O @0 40 06

A2

00006606 0

®

A1F

0.33
0.76
0.19
0.39
0.14
0.68
0.16

0.26

0.11
0.07

A1F

0.02
0.68
0.10
0.17
0.31
0.16
0.94
0.73
0.34
0.03

B (SE) p-value

-0.15 (0.03)
0.15 (0.03)
-0.16 (0.04)
-0.13 (0.03)
-0.18 (0.04)
0.13 (0.03)
0.17 (0.04)

-0.14 (0.03)

0.20 (0.05)
0.24 (0.06)

1.2x106
4.2x10®
6.2x106
1.1x10®
1.1x10®
1.1x10®
1.2x10®

1.7x10®

1.7x10°
1.9x10°

B (SE) p-value

0.46 (0.09)
0.12 (0.03)
0.18 (0.04)
-0.14 (0.03)
0.09 (0.02)
0.14 (0.03)
-0.23 (0.05)
-0.11 (0.03)
-0.11 (0.03)
0.32 (0.08)

1.1x10®
6.2x10°
1.0x10®
1.5x10°
2.8x10°
2.9x10%
3.0x10°
3.1x10°
3.2x10°
3.3x10°

T Position is according to Genome Reference Consortium Human Build 37 (i.e., GRCh37 or hg19).

UBE4B rs2180184 on chromosome 1 (Model 5 8 = 0.13 per copy of the T allele, SE = 0.03, p

= 1.1 x 105 Model 3 B8 = 0.12 per copy of the T allele, SE = 0.03, p = 6.2 x 10°) had

relatively high significance in both analyses.
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Figure 3.5. Manhattan and QQ plots for GWAS of birth weight Model 5 and Model 3.
Model 5 was an additive foetal GWAS of own birth weight adjusted for own birth year,
PCs 1-5, and gestational age (without multiple imputation). Model 3 was an additive
foetal GWAS of own birth weight adjusted for birth year, PCs 1-5, and gestational age
(by multiple imputation).

Model 5 plots: (a) Manhattan plot, (b) QQ plot.

Model 3 plots: (c) Manhattan plot, (d) QQ plot.

Notably, the QQ plot for the complete-case analysis Model 5 (Figure 3.5.b) appeared similar
to that of the directly genotyped variants in Model 3 (Figure 3.5.d). In both models’ QQ plots,
there was no evidence for deviation from the null across the bulk of the distribution, and a
slight increase of the observed inverse-logged p-values above the expected inverse-logged
p-values. However, the QQ plot for Model 3 displayed a decline in the observed inverse-
logged p-values below the expected inverse-logged p-values at slightly lower values on the x-

axis.
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3.3.7. GWAS Models 6 and 7: Additive foetal GWAS of own birth weight conditioned
on maternal genotype and additive maternal GWAS of offspring birth weight

conditioned on foetal genotype

GWAS Models 6 and 7 were conducted across a lower sample size of 2,934 individuals who
had both their own and their maternal genotypic data within the original birth weight data set
(N = 3,700; described further in Section 3.2.4), across directly genotyped variants. GWAS
Model 6 was an additive foetal GWAS of own birth weight, adjusted for own birth year and
own PCs 1-5, and conditioned on maternal genotype. GWAS Model 7 was an additive
maternal GWAS of offspring birth weight, adjusted for offspring birth year and offspring PCs
1-5, and conditioned on foetal genotype. Because substantial inflation, as measured by mean
x? across all included variants within a given GWAS, was found in the results of Model 7, the
results for both Models 6 (mean x? = 1.02) and 7 (mean x* = 1.48) are presented with

genomic control to facilitate comparison of results between models.

In GWAS Model 6, the additive foetal GWAS of own birth weight conditioned on maternal
genotype, 268 SNPs reached the threshold of suggestive significance (p = 5.0 x 10%). As
shown in Table 3.11, UBE4B rs2180184 appeared as the top association with regard to p-
value (8 = 0.15 SD own birth weight per copy of the T allele, SE = 0.03; p = 4.2 x 10°%), and
also appeared in multiple other models of birth weight GWAS. In GWAS Model 7, the additive
maternal GWAS of offspring birth weight conditioned on foetal genotype, 205 SNPs reached
suggestive significance (p = 5.0 x 10*). The SNP that had the greatest significance of
association with offspring birth weight was rs183665761 on chromosome 6 (B = -0.29 SD

birth weight per copy of the T allele, SE = 0.05; p = 2.9 x 10°).
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Tables 3.11. SNPs with associations of greatest significance in GWAS Models 6 and 7
(per 200kb region).

(a) GWAS Model 6: additive foetal GWAS of own birth weight adjusted for own birth year and
own PCs 1-5 and conditioned on maternal genotype.

(b) GWAS Model 7: additive maternal GWAS of offspring birth weight adjusted for offspring
birth year, offspring PCs 1-5, and conditioned on foetal genotype.

(a) SNP Gene Chr Positiont A1 A2 Af1F B (SE) p-value
UBE4B 1 10235946 T C 067 0.15(0.03) 4.2x10%
- 20 57863079 C G 026 0.15(0.03) 5.3x10%
GLIS3 9 4297603 T C 057 0.14(0.03) 9.4 x10°
- 5 89102929 A C 075 0.16(0.03) 1.1 x10°
MYT1L 2 2118282 T C 090 -023(0.05) 1.4x105
GALNTL6 4 173071965 A T 031 0.14(0.03) 1.7 x105
- 4 15950790 T G 0.8 -0.17 (0.04) 1.9 x 10%
LOC101929996 4 184470265 C G 094 -0.32(0.08) 2.5x105
LOC105374902 6 6898464 A G 007 027(0.06) 28x105
LOC105371024 15 101311503 A C 052 -0.13(0.03) 2.9 x 105

(b) SNP Gene Chr Position® A1 A2 A1F B (SE) p-value
- 6 153892587 T C 0.89 -0.29(0.05) 2.9 x 10
PKNOX1 21 44401317 T C 0.78 0.22(0.04) 4.4 x 105
- 14 42521704 A G 0.82 -0.21(0.04) 8.0x 106
- 4 184637033 T G 0.81 -0.22(0.04) 1.1x10%
CFAP52 17 9487085 A G 050 0.7 (0.03) 1.1 x 105
HGD 3 120391944 T C 0.56 0.17(0.03) 1.4 x 105
- 10 95590639 T G 0.24 -0.19(0.04) 2.5x 10
5290711055 12 30145352 - (T;TCCT%’_*FG 014 -0.22(0.04) 2.6x 105
- 4 25471830 A G 0.15 0.24 (0.05) 3.0 x 105
(rs351360 VP I 113040421 T C 0.48 0.16 (0.03) 3.1 x 10%

T Position is according to Genome Reference Consortium Human Build 37 (i.e., GRCh37 or hg19).

Manhattan plots for GWAS Models 6 and 7—which are shown after correction for inflation—

are displayed in Figure 3.5 (parts a and c, respectively), below.
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Figure 3.6. Manhattan and QQ plots for GWAS of birth weight Model 6 and Model 7.
Model 6 was an additive foetal GWAS of own birth weight adjusted for own birth year
and own PCs 1-5 and conditioned on maternal genotype. Model 7 was an additive
maternal GWAS of offspring birth weight adjusted for offspring birth year, offspring
PCs 1-5, and conditioned on foetal genotype. The images shown in the figure are after
correction for genomic inflation.

Model 6 plots: (a) Manhattan plot, (b) QQ plot.

Model 7 plots: (c) Manhattan plot, (d) QQ plot.

The quantile-quantile (QQ) plots for Models 6 and 7 are displayed in Figure 3.6 (parts b and
d) and appear largely similar. Over the bulk of the distribution for both models of GWAS, the
plot of the observed inverse logged p-values (after the performance of genomic control)
matches that of the expectation. Thus, the QQ plots for Models 6 and 7 largely conform to the
null expectation, which indicates that there was no evidence of genetic effects on birth weight

in these analyses.
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3.4. Summary

3.4.1. GWAS of birth weight

Seven different models of GWAS of birth weight were conducted, using various combinations
of covariates, imputed or directly genotyped variants, and maternal and foetal genotypes.
None of the GWAS models yielded genome-wide significant (p < 5.0 x 10®) associations. A
substantial number of SNPs met the threshold of suggestive significance (p < 5.0 x 10%) in
each of the seven models. However, according to their QQ plots, only Model 4 and 5
displayed deviations from the null hypothesis. While none of the models of GWAS of birth
weight identified SNPs that reached genome-wide significance, certain signals that have high

levels of significance across multiple models could still merit further exploration.

Results were similar across Models 1, 2, and 3; notably, in Model 3, which was adjusted for
gestational age (by multiple imputation), the SUR1/ABCC8 R1420H variant (rs1272388614,
chr11:17417205) had the greatest significance of association with birth weight among
imputed variants. This variant had previously been identified by Baier et al as strongly
associated with birth weight and diabetes in terms of effect size, but not reaching genome-
wide significance in the PECRB cohort (Baier et al., 2015). Other variants that appeared
across GWAS Models 1, 2, and 3, as well as multiple other models that were conducted
across directly genotyped variants, were a variant in UBE4B (rs2180184, chr1:10235946), as
well as one on chromosome 19 (rs61515650, chr19:1729004). Notably, the narrow-sense
heritability (h?) estimates across Models 1, 2, and 3, were nearly identical: there was no
difference among the different adjustment strategies. While the top birth weight-associated
SNPs appeared similar across the three models, there was not robust evidence that these

were true associations with birth weight.
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GWAS Model 4, the dominant-recessive foetal GWAS of own birth weight adjusted for birth
year, PCs 1-5, and gestational age (with multiple imputation) was conducted in the same
sample as Model 3 (N = 3,700). Because of the selection of one set of summary statistics for
each SNP with the lowest p-value among additive (i.e., Model 3), dominant, and recessive
models of this GWAS, the QQ plot for Model 4 displayed the observed p-value distribution
adhering to that of the null for a majority of the distribution, and a slight increase in observed
inverse-logged p-values above the expected. The mean x? was 1.07, indicating that this could
partially be due to inflation conferred by the method of selecting the p-values of greatest
significance across three separate GWAS for inclusion in the summary statistics of GWAS
Model 4. GWAS Model 5, the additive foetal GWAS of own birth weight adjusted for birth
year, PCs 1-5, and gestational age (without multiple imputation) was conducted in a smaller
sample because approximately 70% of individuals had gestational age data available. It
functioned as a complete-case analysis relative to GWAS Model 3, which included
gestational age (by multiple imputation) as a covariate. In Model 4, the aforementioned
variant in SUR1/ABCC8 was also the SNP with the greatest significance of association with
own birth weight, and the variant in UBE4B also appeared among the associations of

greatest significance.

| conducted GWAS Models 6 and 7, a foetal GWAS of own birth weight and a maternal
GWAS of offspring birth weight, respectively, because previous studies have shown that
maternal and foetal genetic effects with respect to birth weight can act in opposite directions
(Tyrrell et al., 2013; Warrington et al., 2019). GWAS Model 6 was an additive foetal GWAS of
own birth weight adjusted for own birth year and own PCs 1-5 and conditioned on maternal
genotype. GWAS Model 7 was an additive maternal GWAS of offspring birth weight adjusted
for offspring birth year and offspring PCs 1-5 and conditioned on foetal genotype. Substantial

genomic inflation was exhibited in GWAS Model 7. However, Warrington et al and Horikoshi
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et al have previously identified signals in other study populations: this is likely due to the
much smaller sample sizes of the PECRB cohort (N = 2,934 in both Models 6 and 7) as
compared to those in the Early Growth Genetics Consortium GWAS meta-analyses. Future
analyses could explore the inclusion of maternal genetic principal components as covariates
and adding an additional variance component for a shared maternal effect to address this
inflation. However, despite the potential increase in power conferred by partitioning foetal and
maternal effects on birth weight, the present analyses did not find substantial evidence for
associations, as statistical power to detect associations was likely attenuated due to the

additional reduction in sample size.

3.4.2. Bivariate genetic correlation analyses

Across T2D and other glycaemic and anthropometric traits included in the bivariate genetic
correlation analyses, environmental correlation estimates were relatively strong, as expected.
On the whole, genetic correlations were rather modest, with some exceptions. Maximum BMI
had the highest positive genetic correlation with respect to birth weight; this appears to be a
significant correlation. Height had a relatively strong positive phenotypic correlation and
genetic correlation with birth weight; this also appeared to be a significant correlation.
Notably, T2D had an inverse environmental correlation with birth weight. The findings
regarding T2D are difficult to parse and prompt further analyses of the genetic relationship
between birth weight and T2D using other methods. Because the relationship between T2D
and birth weight in the PECRB cohort was shown to be nonlinear (Section 3.3.1), a limitation
of the bivariate genetic correlation analysis between birth weight and T2D is that it assumed a
linear relationship. This limitation could be addressed by conducting a ‘trivariate’ genetic
correlation analysis for birth weight and T2D that also included a quadratic term for birth

weight, to account for the U-shaped relationship between birth weight and T2D. Additionally,
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separate maternal and foetal genetic correlation analyses of birth weight and T2D could be
conducted to address the fact that maternal and foetal genetic effects on birth weight may

operate in opposite directions.
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4. Associations of polygenic scores (PS) and partitioned

polygenic scores (pPS) with prevalent T2D

4.1. Introduction

41.1. T2D PS

In the past two decades, polygenic scores have taken different names and forms and
emerged as a modality for investigating genetic associations with the prevalence and
incidence of complex, polygenic traits such as T2D. An early study by Weedon et al
employed logistic regression to calculate odds ratios for T2D for combinations of risk alleles
at 3 SNPs, notably including rs7903146 in TCF7L2 (which has a relatively large influence on
T2D risk), in a case-control study of over 6,000 individuals (2,409 cases and 3,668 controls)
(Weedon et al., 2006). Weedon et al reported that participants with six risk alleles across the
three SNPs had an OR of 2.84 (95% CI 1.21-1.35) times that of the reference group, which
had zero or one risk alleles (Weedon et al., 2006). Another study by Langothe et al also
employed logistic regression to assess the OR for combinations of 18 established T2D-
associated SNPs—also including the top T2D-associated SNP in TCF7L2 as well as
rs8050135 in FTO—in a case-control study of nearly 5,000 participants (2,309 cases and
2,598 controls) (Langothe et al., 2008). Similarly to Wheedon et al., Langothe et al reported
that individuals who carried more risk alleles had a higher risk of T2D, and the 1.2% of
individuals with more than 24 risk alleles across the 18 SNPs had an odds ratio for T2D of 4.2
(95% CI 2.11-8.56) as compared with the 1.8% of participants who had 10-12 risk alleles
(Lango et al., 2008). However, Langothe et al also stated that the area under the receiver

operating characteristic curve (AUC) (i.e., predictive accuracy with respect to T2D) for these
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18 variants was 0.60; the AUC for age, BMI and sex was 0.78, and adding the 18 SNPs as

predictors only modestly increased the AUC to 0.80 (Langothe et al., 2008).

More recently, more sophisticated modes of construction of T2D PS have included testing
and validation data sets, accounted for LD among T2D-associated SNPs (e.g., LDPred), and
integrated odds ratios as weights from the GWAS summary statistics from which they are
derived. Coupled with GWAS that have increased power to detect lower-frequency variants,
these modes of constructing T2D PS have enabled the generation of PS that contain greater
numbers of SNPs and that demonstrate greater accuracy. For example, Khera et al
employed summary statistics from a previously conducted GWAS meta-analysis of T2D in
study populations of European ancestry (Scott et al., 2017) and employed the LDPred
algorithm to generate and test a T2D PS that contained 6,917,436 SNPs within a discovery
data set in UK BioBank (5,853 cases and 288,978 controls) (Khera et al., 2018). The AUC of
this T2D PS was 0.72 (95% CI 0.72-0.73) in the validation data set and 0.73 (95% CI 0.72-
0.73) in the testing data set, substantially higher than that reported by Langothe et al (Khera
et al., 2018). 3.5% of individuals were identified using the T2D PS as having at least threefold

risk (OR = 3.0) of T2D (Khera et al., 2018).

While T2D PS have increasingly integrated study populations that represent more diverse
ancestry groups in the past two decades, to date, they have largely been developed and
validated in study populations of European ancestry (Ge et al., 2021). A recent study reported
that a PS derived from a multi-ancestry meta-analysis for coronary artery disease
outperformed PS that were derived from Japanese and European GWAS (Koyama et al.,
2020). Chikowore et al recently used PRSice to construct ethnic-specific T2D PS from a
multi-ancestry T2D GWAS meta-analysis (228,499 cases and 1,178,783 controls) (Vujkovic
et al., 2020) for the target data set as the South African Zulu study (1,602 cases and 981

controls) and for validation and testing in the African American Diabetes Mellitus study (2,148
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cases and 2,161 controls) (Chikowore et al., 2022). The African American-derived T2D PS
and multi-ethnic T2D PS performed similarly, as measured by AUC (Chikowore et al., 2022).
As indicated by sensitivity and specificity, the African American-derived T2D PS was more
transferable within and across countries represented by African American Diabetes Mellitus
study participants, as compared with the European- and multi-ethnic-derived T2D PS

(Chikowore et al., 2022).

This phenomenon prompts further investigation on the transferability of PS for T2D across
study populations of different ancestry groups; cross-sectional associations between T2D PS
derived from different ancestry groups and T2D are explored in Section 4.3.1. One solution to
address the transferability problem of PS is to diversify genome-wide association studies to
enable well-powered GWAS across multiple ancestry groups. Specifically, transferability of
PS for T2D has not been widely assessed in populations Indigenous to the US. Thus far,
evidence from a worldwide survey of haplotype variation and LD in the human genome has
suggested that tagging of SNPs may be relatively extensive in these populations due to
extended LD despite limited haplotype sharing (Conrad et al., 2006). Future studies could
also contribute information on the predictive utility of T2D PS in predicting the incidence of
T2D. They could do so by by employing net reclassification improvement (i.e., a quantification
of correct reclassification introduced by including an additional variable in a model) and
decision curve analyses (i.e., quantifying the marginal benefit of including an additional
variable in a predictive model). Such analyses involving the PECRB cohort and results will be

described in Chapter 5.

41.2. T2D pPS

While ‘global’ T2D PS using all T2D susceptibility variants are suitable for risk prediction,

‘partitioned’ or ‘process-specific’ polygenic scores (pPS) that capture the aetiological diversity
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of T2D may have more traction for clinical decision making with respect to the heterogeneity
of T2D. T2D pPS can be calculated for individuals using their genotypes and genetic cluster
assignments for a set of T2D-associated variants using GWAS summary statistics for T2D
and related traits. McCarthy’s proposed ‘palette model’ of diabetes predisposition provides a
schematic to conceptualise this heterogeneity: it posits that multiple pathophysiological
processes (e.g., obesity, fat distribution, islet function, insulin sensitivity, etc.)—each
influenced by genetic and non-genetic factors—can in parallel lead to the development of
T2D and be depicted as multicoloured points within a multidimensional space (McCarthy,
2017). This ‘palette model’ assumes disease heterogeneity and is consistent with current
understandings of the pathogenesis and genetic architecture of T2D as a complex disease
that is associated with many genetic variants influencing different processes, most of which
have relatively small effect sizes (Fuchsberger et al., 2016; Udler et al., 2018). Thus, for
individuals in whom particular pathways seem to be more important, ‘personalised’
treatments or preventive strategies that are targeted to these pathways may be particularly

effective.

Previous studies have shown that distinct physiological processes are known to contribute to
the development of T2D and many centre around impaired insulin action and insulin
secretion. T2D-associated variants have been shown to increase or decrease risk of T2D,
working through multiple processes (process and genetic variant that has been linked with
each listed); for example, muscle dysfunction (TBC1D4), adipose dysfunction (KLF14), liver
dysfunction (GCKR), obesity (FTO), and fat distribution (TBX15) (Franks & McCarthy, 2016).
Similarly, multiple processes can impair insulin secretion: defects in islet development
(PAX4), which can contribute to islet dysfunction (KCNJ177), and failure of the incretin system
(GIPR) (Franks & McCarthy, 2016). The proliferation of GWAS and GWAS meta-analyses

through such efforts as the DIAbetes Genetics Replication And Meta-analysis (DIAGRAM)
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Consortium and Meta-Analyses of Glucose and Insulin-related traits Consortium (MAGIC) in
the past decade—in combination with ‘soft’ clustering approaches (Bezdek et al., 1984)—
have enabled recent efforts to generate clusters of T2D-associated loci with respect to
related metabolic traits (Mahajan et al., 2018a; Udler et al., 2018, 2019), irrespective of

known or presumed function of each locus.

4.1.3. Previous genetic clustering analyses among T2D-associated loci

Mahajan et al analysed the patterns of association between T2D and other metabolic traits by
performing a hierarchical clustering analysis among 94 coding and non-coding variants that
were significantly associated with T2D in their expanded GWAS meta-analysis as well as
publicly available association summary statistics and collaborations (Mahajan et al., 2018a).
This hierarchical clustering process implemented a fuzzy c-means algorithm, the complete
agglomeration method, which employed the distance matrix among the z scores of the loci
and traits (Mahajan et al., 2018a). The clustering algorithm enabled Mahajan et al to assign
71 of the 94 T2D-associated loci to one of three physiological clusters, which emerged from
the data and were not predefined: insulin action, insulin secretion, and BMI-dyslipidaemia
(Mahajan et al., 2018a). The remaining 23 loci were relegated to an ‘undetermined’ cluster,
which lacked any striking phenotypic associations (Mahajan et al., 2018a). In aggregate, this
generated multi-trait association patterns across glycaemic traits, anthropometric traits, and
lipid levels to yield five different clusters (which included subsets of the original three
clusters), plus one cluster that contained a combination of features from two clusters

(Mahajan et al., 2018a).

In parallel, Udler et al used a complementary soft-clustering approach with 94 T2D
association signals—which partially overlaps with those used by Mahajan et al—and publicly-

available GWAS data for 47 diabetes-related traits to generate five clusters and assignments
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for each of the 94 variants (Udler et al., 2018). Bayesian nonnegative matrix factorisation
(bNMF) enables the calculation of weights and the assignment of individual signals to one or
more clusters (Tan & Févotte, 2013); Udler et al modified the original algorithm to account for
positive and negative associations between signals and traits (Udler et al., 2018). Using
GWAS summary statistics for 47 diabetes-related traits, Udler et al investigated cluster-trait
associations and confirmed clustering results. Among the two clusters under the ‘B-cell
dysfunction’ category, both were significantly associated with decreased HOMA-B (p < 1079)
and decreased fasting insulin (p < 5 x 104); the ‘B-cell’ cluster was significantly associated
with increased proinsulin (p < 10°), while the ‘proinsulin’ cluster was significantly associated
with decreased proinsulin (p < 10°'7). The ‘lipodystrophy’ cluster shared multiple loci with the
‘lipodystrophy-like’ insulin resistance cluster that was previously proposed by Yaghootar et al
(Yaghootkar et al., 2016); Udler et al.’s lipodystrophy cluster was significantly associated with
decreased IS| adjusted for BMI, adiponectin, HDL cholesterol, and increased TG (p < 10%).
The obesity cluster may represent obesity-mediated insulin resistance: the cluster was
significantly associated with increased fasting insulin unadjusted for BMI (p < 107) but not
fasting insulin adjusted for BMI (p = 0.57). A recent study constructed individual-level T2D
pPS for the five clusters from Udler et al in the Cohorts for Heart and Aging Research in
Genomic Epidemiology (CHARGE) consortium and the UK Biobank (N = 454,193) (DiCorpo
et al.,, 2022). The T2D pPS had differential associations with various cardiometabolic
outcomes: for instance, increased pPS for adiposity and lipodystrophy were significantly
associated with increased blood pressure and hypertension, but had opposite directions of

association with measures of adiposity (e.g., BMI) (DiCorpo et al., 2022).

Udler et al.’s use of bNMF and thresholding of the resulting clusters provided a novel
approach to generating T2D genetic clusters based on phenotypic and genotypic information

and will be compared with Mahajan et al.’s related study. The physiological impacts and
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phenotypic features associated with each corresponding cluster developed by Udler et al and

Mahajan et al appear broadly consistent; with differences in assignments of individual loci

across clusters between the studies potentially attributable to the differing traits whose

GWAS were used in the clustering approaches. As shown in Table 4.1, each of Udler et al.’s

five clusters appears to share phenotypic features with Mahajan et al.’s six clusters;

specifically, the clusters associated with reduced insulin sensitivity in both clusters appeared

to have the greatest amount of overlap (Udler et al., 2019).

Table 4.1. Synthesis of T2D genetic clusters for T2D that capture heterogeneity in
physiological impacts and phenotypic features (Mahajan et al., 2018a; Udler et al.,
2018, 2019). Reproduced from Udler et al., 2019, an open access article distributed

under the terms of the Creative Commons CC BY license.

Cluster name

Physiological impact

Adverse
impact on -
cell function

Phenotypic Examples of T2D
features Udler et al., Mahajan et loci
2018 al., 2018a
ABO, ADCYS5,
High Low fasting Insulin HNF1A, HNF1B,
proinsulin insulin (+ high B-cell secretion 1 MTNR1B,
proinsulin) SLC30A8,
TCF7L2
Low Low fasting Insulin IGF2BP2,
proinsulin insulin (+ low Proinsulin secretion 2 CENTD2/ARAP1,
proinsulin) CCND2

Undetermined

N/A

No striking
phenotype
association

N/A

Mixed
features

BCL11A, TLET,
PLEKHA1,
HMGA2, MTMR3
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By contrast, the clusters associated with adverse impacts on B-cell function (B-cell and
proinsulin in Udler et al.; insulin secretion 1 and 2 in Mahajan et al.) exhibited more
inconsistencies between the studies. Notably, the method used by Mahajan et al generated
these two insulin secretion clusters without explicitly including summary statistics for a GWAS
of proinsulin; this suggests that there is a broader distinction between these clusters that is
not captured by the inclusion of proinsulin in the clustering approach, alone. Some variants
with weaker associations with proinsulin were not consistently assigned to the corresponding
clusters in the other study; however, T2D loci in SLC30A8, ADCY5, HNF1A, TCF7L2, and
MTNR1B were consistently mapped to a cluster that had increased proinsulin and ARAP1,
IGF2BP2, DGKB, and CCND2 were consistently mapped to one with decreased proinsulin
(Udler et al., 2019). While T2D has over 400 genome-wide significant association signals to
date (Mahajan et al., 2018b), these two analyses by Udler et al and Mahajan et al were
restricted to a subset of the most robust loci, which were primarily identified in GWAS meta-
analyses in European-ancestry study populations (Udler et al., 2019). Further work is needed
to conduct GWAS and large-scale GWAS meta-analyses of T2D and related traits in diverse

study populations and to extend analyses of T2D pPS across more variants.

4.1.4. Genetic clusters used in the current study

Before the present study, Mahajan et al had conducted T2D genetic cluster analyses among
a set of 307 T2D signals—a robust subset of the 403 genome-wide significant signals that
were identified in Mahajan et al.’s large-scale 2018 GWAS meta-analysis in European-
ancestry study population (Mahajan et al., 2018b) (Mahajan, personal communication). While
the analyses among the 307 T2D signals are not yet published, | accessed preliminary
results with permission of Dr Anubha Mahajan, study lead and my DPhil co-supervisor. As in

their 2018 study of genetic clusters associated with T2D and various traits that included 94
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T2D signals (Mahajan et al., 2018a), Mahajan et al have since implemented hierarchical
clustering among the expanded set of 307 T2D signals, which identified six genetic clusters
(GCs) that were defined based on multi-trait association patterns across 10 core traits. The
six GCs captured loci with primary effects on: adiposity (GC1-BMI), lipids (GC2-lipids), insulin
action (GC3-lA), and beta-cell function (GC4-BCF, GC5-BCF), plus a GC with mixed features
(GCB-MIX). While both GC4-BCF and GC5-BCF represent beta-cell defects, high proinsulin
is thought to reflect a defect in insulin processing, while low proinsulin is thought to reflect a

defect in insulin synthesis or low beta-cell mass.

Mahajan et al investigated the pairwise associations between these individual T2D pPS
loadings (i.e., clusters) with the risk of diabetes complications using publicly available GWAS
summary statistics, and those available through collaborations, for coronary artery disease
(CAD), atrial fibrillation (AF), hypertension (HTN), chronic kidney disease (CKD), estimated
glomerular filtration rate (eGFR), albuminuria, stroke, and liver fat percentage. These results
demonstrated that the clusters (i.e., pPS) can capture individual differences in
subphenotypes that are related to the development of T2D and can be related to clinically
relevant outcomes (Mahajan, personal communication). Further research on the
transferability of T2D pPS and associations with T2D-related traits in other study populations

is needed, which prompted the analyses that are outlined in this chapter.

4.2. Methods

4.2.1. Construction of T2D PS

The current analyses, along with those detailed in Chapter 5, employed the use of 10 T2D PS
that | constructed using the methods detailed in Section 2.4.4. In brief, genotypic data was

derived from the Indigenous study population from the Southwestern US, 7,701 of whom had
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genotypes available in a GWAS of T2D that had been previously performed by collaborators
at NIH/NIDDK PECRB. 10 different T2D PS were constructed, independent signals derived
from the summary statistics of GWAS meta-analyses that were conducted among study
populations from various world regions, and the current study population’s imputed
genotypes. Because the PS are standardised, the results are scaled to the effect per SD of

the score.

(1) The AGEN 2020 T2D PS (N = 125 SNPs) was derived from the genome-wide significant

SNPs identified in a GWAS meta-analysis of East Asian-ancestry study populations;

(2) the DIAGRAM 2018 T2D PS (N = 245 SNPs), derived from a GWAS meta-analysis of

European-ancestry study populations;

The six DIAMANTE 2020-derived T2D PS, with variants derived from a GWAS meta-analysis
of multiple ancestry groups and with weights derived from meta-analyses among study
participants from ancestry groups (multi-ancestry, African, East Asian, European,
Hispanic/Latino, and South Asian) for which they are named, and the population-specific
weight PS with weights sourced from a previous T2D GWAS in the Indigenous study

population.

(3) DIAMANTE 2020 multi-ancestry — composite (N = 287 SNPs);

(4) DIAMANTE 2020 multi-ancestry — African (N = 276 SNPs);

(5) DIAMANTE 2020 multi-ancestry — East Asian (N = 280 SNPs);

(6) DIAMANTE 2020 multi-ancestry — European (N = 287 SNPs);

(7) DIAMANTE 2020 multi-ancestry — Hispanic/Latino (N = 287 SNPs);
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(8) DIAMANTE 2020 multi-ancestry — South Asian (N = 282 SNPs);

Two PS were constructed for the Indigenous study population:

(9) the population-specific variant PS (N = 287), which included the same number of SNPs as
T2D PS 3-8, constructed using a method that limited the influence of LD among variants in
close physical proximity, dividing the genome into bins of ~200kb using the k-means
procedure (PROC FASTCLUS in SAS), resulting in 25,763 bins across the genome. Within
each discovery group, the variant with the lowest p-value for association with T2D was taken
within each bin. | chose 287 variants for constructing this population-specific variant score to
obtain a PS with number of variants and information comparable to those from the

DIAMANTE 2020 and DIAGRAM 2018 PS.

(10) the population-specific weight PS (N = 287), with variants with the lowest p-values of
association with T2D, and corresponding weights, derived from a previously conducted T2D

GWAS in the Indigenous study population.

One main distinction was made for the purposes of analyses for this chapter. There are two
iterations of the DIAGRAM 2018 T2D PS (i.e., the first T2D PS in the list above): the
additional one described in this chapter (N = 245 SNPs) and the one described in Chapters 2,
3, and 5 (N = 293). T2D GWAS summary statistics including the effect size (odds ratio for
T2D in Europeans) were sourced from publicly available GWAS meta-analysis summary
statistics that were generated by Mahajan et al (Mahajan et al., 2018b); this process is

described in greater detail in Section 2.4.4.

However, only a subset of 307 of the original 403 genome-wide significant (p < 5 x 107%)
SNPs were partitioned into various genetic clusters to calculate the various T2D pPS by

Mahajan et al. The overlap of these 307 SNPs and imputed genotypes from the Indigenous
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study participants in the longitudinal study (N = 245 SNPs) is used in Chapter 4, rather than
the 293 SNPs that were included in the DIAGRAM 2018 T2D PS as specified in Section 2.4.4
and Chapters 3 and 5. The T2D PS was constructed for each individual using the sum of
products of each logged odds ratio (OR) and number of effect alleles (dosage) for each
variant, across the 245 variants that were included in the DIAGRAM 2018 T2D PS that is
used in this chapter (N = 245 SNPs) (Equation 2.3). The 293-SNP DIAGRAM 2018 T2D PS
was used in analyses with T2D in comparison with the other nine T2D PS; the 245-SNP
DIAGRAM 2018 T2D PS was used in analyses of associations with T2D and related traits

alongside the T2D pPS.

4.2.2. Associations of T2D and birth weight PS with T2D and birth weight

Weighted T2D polygenic scores (PS) were constructed per study participant using imputed
genotypes that were available for participants in the longitudinal study and genotypic data for
genome-wide significant SNPs from large GWAS meta-analyses for birth weight and T2D.
Details on this genotypic data are provided in Section 2.1 and on the construction of the T2D

PS are in Section 2.3.3.

The birth weight PS was constructed using GWAS summary statistics from a meta-analysis
of GWAS in European-ancestry study populations in the Early Growth Genetics (EGG)
Consortium: this was a foetal GWAS of own birth weight with adjustment for sex, the first four
principal components, and gestational age (Warrington et al.,, 2019). A total of 193
independent SNPs met the genome-wide significance threshold (p < 5 x 10%); imputed
genotypes for 126 of those SNPs were available in the present study population. The birth
weight PS was calculated for each participant as the weighted sum of the product of each
SNP’s beta coefficient derived from EGG data and the number of effect alleles that

participant possesses, across those 126 SNPs. The T2D polygenic score was constructed
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using GWAS summary statistics from a meta-analysis of GWAS in European-ancestry study
populations in the DIAGRAM Consortium (Mahajan et al.,, 2018b). The T2D PS was
calculated for each participant as the weighted sum of the product of each SNP’s beta
coefficient derived from DIAGRAM data and the number of effect alleles that participant
possesses, across those 293 SNPs. Further details on the construction of the DIAGRAM

2018 T2D PS are in Section 2.3.

Associations of EGG 2019 birth weight PS and the DIAGRAM 2018 T2D PS with T2D and
birth weight were calculated, accounting for participants’ pairwise relationships, using linear
mixed models. Phenotypic data (birth weight, N = 3,700; T2D, N = 7,659) were derived from
study participants in the longitudinal study who had genotypic data available for the
calculation of the PS (derivation of this phenotypic data and participant characteristics for
these subsets of longitudinal study participants are described further in Section 2.2). Birth
weight data were normalized separately by sex and analysed for associations with the EGG
2019 birth weight PS and the DIAGRAM 2018 T2D PS, adjusted for birth year, gestational
age and the first 5 genetic PCs. T2D data were analysed for associations with the EGG 2019
birth weight PS and the T2D PS, adjusted for age, sex, birth year and the first 5 genetic PCs.
A chi-square test for whether the EGG 2019 birth weight PS had a nonlinear (i.e., U-shaped)
relationship with T2D was also tested by adding a quadratic term (i.e., the square of the EGG
2019 birth weight PS) to the aforementioned model and comparing the log likelihood

estimates for the aforementioned and present model.

4.2.3. Construction of T2D pPS based on Mahajan et al.’s clusters

The current analyses used the genetic cluster assignments that Mahajan et al had previously
generated, using genotypes for the 245 of the original 307 variants that were imputed and

available from in the Indigenous study population from the Southwestern U.S (N = 7,996,223
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available imputed genotypes; details in Chapter 2), to calculate T2D pPS corresponding to
each of the clusters, for all individuals with genotypic data (N = 7,701). The 62 variants that
were missing were mostly monomorphic, and otherwise, unavailable within the Indigenous
study population’s genotypic data due to differing LD patterns. To calculate the six T2D pPS,
| employed the genetic cluster assignments the original set of 307 variants that were provided
directly to me by Dr Mahajan through collaboration (Mahajan A.; personal correspondence,
2020). Weighted pPS were calculated for each genetic cluster i (with n variants) using the
sum of products of each effect size (8) and number of effect alleles (dosage) for each variant

J (Equation 4.2).
ng
pPS; = Z p; - dosage; (4.2)
j=1

A summary of T2D pPS clusters and the T2D PS, including phenotypic features, the number
of SNPs from Mahajan et al.’s study (totalling 307 SNPs among the genetic clusters), the
subset of SNPs available for the Indigenous study population’s scores (totalling 245 SNPs)
and examples of loci included in each score are summarised in Table 4.2. pPS effect sizes

are scaled to the effect per SD of the pPS.
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Table 4.2. Data for the T2D pPS and T2D PS that are available in the Indigenous study
population.

GC N SNPs from N SNPs available
Mahajan et al in PECRB cohort

4 Cluster name Phenotypic features

Adiposity High BMI 23 21

Low TG, low TC, high
HDL

Lipodystrophy- High WHR, high TG, low
like, HDL; no strong BMI 34 28
Insulin action association

Lipids

Low fasting insulin;
Insulin secretion 1  strongest association w/ 11 11
T2D, OGTT/2hPG, FPG

Insulin secretion 2 Low fasting insulin 94 74
Mixed features No prominent feature 142 108
Al Assoc w/ T2D 307 245

Associations of the T2D PS and each of the T2D pPS with T2D and related metabolic traits

were calculated using phenotypic data from the Indigenous study population.

4.2.4. Associations between the T2D pPS, T2D PS, T2D and related metabolic traits

Pairwise associations between the T2D PS and T2D pPS and T2D and related metabolic
traits were computed. This was done using the measured genotype association (MGA)
function within the program SOLAR-Eclipse (version 8.4.1). All the phenotypic data collection
for traits whose data was involved in this study was conducted previously by other
researchers at the NIH/NIDDK Phoenix Epidemiology and Clinical Research Branch and

Clinical Research Centre; details are available in Section 2.3.

4.3. Results

4.3.1. Associations between 10 constructions of T2D PS and T2D
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The 10 T2D PS and their associations with T2D prevalence (N = 7,659 individuals) were
assessed. Odds ratios (OR) were calculated from beta coefficients and variance explained as
output by SOLAR-Eclipse, according to the Haggstrom method (Haggstrom, 1983). Results

for these analyses are displayed in Table 4.3.

Table 4.3. Associations between T2D PS and T2D

OR! SE(OR) P
AGEN 2020 T2D PS (N = 125 SNPs) 2.03 0.07 1.76 x 10-%
DIAGRAM 2018 T2D PS (N = 293 SNPs) 1.95 0.06 8.10 x 1031
DIAMANTE 2020 — Multi-ancestry — African T2D PS 6
(N = 276 SNPs) 1.57 0.05 4.14 x 10
DIAMANTE 2020 — Multi-ancestry — East Asian T2D 7
PS (N = 280 SNPs) 1.74 0.05 4.36 x 10
DIAMANTE 2020 — Multi-ancestry — European T2D -
PS (N = 287 SNPs) 2.08 0.06 9.93 x 10
DIAMANTE 2020 — Multi-ancestry — Hispanic/Latino 28
T2D PS (N = 287 SNPs) 1.78 0.05 4.61 x10
DIAMANTE 2020 — Multi-ancestry — South Asian 6
T2D PS (N = 282 SNPs) 2.03 0.06 8.01 x 10
DIAMANTE 2020 — Multi-ancestry — Composite -
T2D PS (N = 287 SNPs) 2.14 0.06 7.65x 10
Population-specific weight T2D PS (N = 287 SNPs) 1.30 0.03 7.52 x 1015
Population-specific variant T2D PS (N = 287 SNPs) 1.14 0.04 4.55 x 10+

T Expressed in SD of the respective T2D PS.

The DIAMANTE 2020 — multi-ancestry — composite T2D PS and multi-ancestry — European
T2D PS and the DIAGRAM 2018 T2D PS had the greatest degree of significance, in terms of
p-value. The DIAMANTE 2020 — multi-ancestry — composite T2D PS and DIAMANTE 2020
multi-ancestry — European T2D PS had the greatest odds ratios. The 10 T2D PS had a broad
range of OR with respect to T2D in the Indigenous study population: between 1.14 for the
population-specific weight T2D PS and 2.14 for the DIAMANTE 2020 — multi-ancestry —

composite T2D PS.
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4.2.5. Associations of T2D and birth weight PS with T2D and birth weight

The heterogeneity between summary statistics for the PECRB GWAS and the EGG 2019
GWAS for the 126 SNPs included in the EGG 2019 birth weight PS was calculated, as
measured by the mean heterogeneity index /2 (Higgins & Thompson, 2002). The
heterogeneity index describes the percentage of variation across studies that is due to
heterogeneity as opposed to chance (Higgins & Thompson, 2002). /> was 15.54%, which
indicate that the percentage of variability in effect estimates that is due to heterogeneity,
rather than chance, is low (Higgins & Thompson, 2002). The EGG 2019 birth weight PS (126
SNPs) had a significant, positive association with birth weight (8 = 0.134 SD birth weight per
SD birth weight PS (95% CI 0.101, 0.168); p = 4.1x10°"°) in the PECRB cohort (N = 3,700
with birth weight and genotypic data). The T2D PS was likewise significantly, positively
associated with T2D (OR = 1.48 per SD T2D PS (1.38, 1.58); p = 8.1x103"). The birth weight
PS was significantly, inversely associated with T2D (OR = 0.91 per SD birth weight PS (0.85,
0.97); p = 0.0043). By adding a square term for the birth weight PS to the model, | found no
evidence for a non-linear (i.e., U-shaped) relationship between birth weight PS and T2D (p =
0.80). The T2D PS was not significantly associated with birth weight (8 = -0.005 per SD T2D

PS (-0.040, 0.030); p = 0.80).

4.2.6. Associations between T2D pPS and T2D and related traits

Pairwise associations between the T2D pPS and T2D and related metabolic traits were
computed. This was done using the measured genotype association (MGA) function within
the program SOLAR-Eclipse (version 8.4.1). The adiposity pPS (N = 21 SNPs), which was
characterised by elevated BMI in Mahajan et al.’s clustering process, was strongly and

significantly positively associated with PFAT (8 = 1.0 per SD pPS, p = 5.5 x 10*) and
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significantly associated with logmaxBMI (8 = 0.016, p = 2.6 x 107) as well as T2D (8 = 0.014,

p =0.0054) in the Indigenous study population (Table 4.4).

Table 4.4. Associations of the adiposity T2D PS (21 SNPs) with T2D and related traits.

B SE(B) p
0.014 0.0050 0.0054
0.016 0.0031 2.6 x 10-7
0.22 0.15 0.13
0.23 0.46 0.62
0.11 0.014 0.44
0.0029 0.0012 0.019
6.2 x 10-5 0.0029 0.98
0.0043 0.004 0.34
1.0 0.29 5.5 10-4
TExpressed in SD of the respective T2D PS

The lipids pPS (N = 3 SNPs), which was characterised by lower triglycerides in Mahajan et
al.’s clustering process, did not significantly associate with any of the metabolic traits
analysed (Table 4.5). This could be due to the relatively low number of SNPs that comprise

this pPS.

Table 4.5. Associations of the lipids T2D pPS (3 SNPs) with T2D and related traits.

B SE(B) p

-0.0062 0.0049 0.21
-0.0030 0.0031 0.33
0.025 0.15 0.86
0.14 0.45 0.76
-0.0024 0.015 0.87
3.8 x 10-4 0.0014 0.78
0.0047 0.0031 0.13
0.0013 0.005 0.78
0.11 0.31 0.73
TExpressed in SD of the respective T2D PS
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The lipodystrophy-like/insulin action pPS (N = 28 SNPs), characterised by elevated WHR,
elevated TG, and decreased HDL cholesterol by Mahajan et al., was strongly and
significantly associated with 2hPG (8 = 2.1 per SD pPS, P = 4.6 x 10%) and significantly

associated with FPG (P = 0.045), logM (P = 5.3 x 10%), and T2D (P = 2.0 x 107) (Table 4.6).

Table 4.6. Associations of the lipodystrophy-like/insulin action pPS (28 SNPs) with T2D
and related traits.

B SE(B) p

T2D (N = 7,659) 0.025 0.0049 2.0 x 10-7
logmaxBMI (N = 6,789) [RONLK 0.0031 0.19

FPG (N = 6,637) 0.29 0.15 0.045
2hPG (N = 6,637) 2.1 0.45 4.6 x 10-6
logAIR (N = 404) 0.0096 0.014 0.48

CIR30 (N = 401) 7.8 x 10-4 0.0013 0.55
CIR120 (N = 343) 0.0038 0.0028 0.18

logM (N = 557) -0.018 0.004 5.3 x 10-5
PFAT (N = 557) -0.28 0.29 0.34

TExpressed in SD of the respective T2D PS.

Associations with traits in the Indigenous study population for the two insulin secretion pPS
are listed in Table 4.7. In the original clustering procedure, Mahajan et al had found that the
insulin secretion 1 cluster was associated with higher proinsulin than the insulin secretion 2

cluster.
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Table 4.7. Associations of the insulin secretion 1 pPS (11 SNPs) and insulin secretion
2 pPS (74 SNPs) with T2D and related traits.

Insulin secretion 1 pPS Insulin secretion 2 pPS

I I 7 S N N B
0.028 0.0051 27x10% 0038 00051  6.2x 107
0012 00032 25x10* -0015 00032  4.9x 10
0.64 015  1.8x105  0.45 0.15 0.0031

1.4 046 00027 2.1 0.47 7.4%10%
0056 0014 53x105 -0.062  0.014 1.5 x 10°
0.0032 00013 0.014 -0.0058  0.0013  6.9x10°
-0.0048 00030 0.11 00039  0.0032  0.22
-32x104 0003  0.90 0.0046  0.005 0.34

0068 030  0.82 -0.53 0.32 0.98

TExpressed in SD of the respective T2D PS.

Both the insulin secretion 1 and insulin secretion 2 pPS were significantly (P < 0.05)
associated with T2D, logmaxBMI, FPG, 2hPG, logAIR, and CIR30, in the Indigenous study
population. Between the two pPS, they had consistent directions of association: both
associated positively with T2D, FPG, and 2hPG; and negatively with logmaxBMI, logAIR, and

CIR30.

The mixed features pPS (108 SNPs) was significantly associated with the same traits: T2D,
logmaxBMI, FPG, 2hPG, and logAIR; the association of greatest significance was with T2D

(P = 2.4 x 10) (Table 4.8).
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Table 4.8. Associations of the mixed features PS (108 SNPs) with T2D and related
traits.

B SE(B) p

0.024 0.0050 2.4 x 10-6
0.0073 0.0031 0.020

0.4 0.15 0.0028

1.1 0.45 0.012
-0.029 0.014 0.037
-0.0017 0.0013 0.19

9.2 x 10-4 0.0030 0.76
0.0029 0.005 0.54

0.26 0.31 0.40

T Expressed in SD of the respective T2D PS.

It was also significantly (P < 0.05) associated with logmaxBMI (8 = 0.0073, P = 0.020), FPG
(B=0.44, P =0.0028), 2hPG (8 = 1.1, P =0.012), and logAIR (8 = -0.029, P = 0.037). Apart

from the association with logAIR, all associations were positive in direction.

Lastly, the T2D PS (N = 245 SNPs), which was constructed using summary statistics from
the DIAGRAM Consortium 2018 GWAS meta-analysis of study participants of European
ancestry, was relatively strongly and highly significantly associated with the most traits. The
strongest associations were with T2D (8 = 0.057, P = 1.0 x 10?°), as expected. It was also
significantly (P < 0.05) associated with logmaxBMI (8 = 0.0073, P = 0.020), FPG (8 = 0.93, P
= 8.0 x 10"%), 2hPG (B = 3.1, P=2.5 x 10™"), logAIR (8 = -0.074, P = 2.3 x 107"), CIR30 (B =

-0.0048, P = 2.6 x 10 (Table 4.9).
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Table 4.9. Associations of the DIAGRAM 2018 T2D PS (245 SNPs) with T2D and related
traits.

B SE(B) p
0.057 0.0051 1.0 x 10-29
-0.0075 0.0032 0.020
0.93 0.15 8.0 x 10-10
3.1 0.46 2.5 x 10-11
-0.074 0.014 2.3x10-7
-0.0048 0.0013 2.6 x 10-4
-0.0024 0.0031 0.45
4.5 x 10-4 0.005 0.93
-0.42 0.32 0.99

T Expressed in SD of the respective T2D PS.

Associations with T2D, FPG and 2hPG were positive in direction; those with FPG and 2hPG

were relatively great in magnitude. Those with logmaxBMI, logAIR, and CIR30 were negative.

4.4. Summary

Results of the T2D PS-T2D association study demonstrated that the 10 constructions of T2D
PS had a broad range of OR and p-values. In terms of p-value, the DIAMANTE 2020 — multi-
ancestry — composite T2D PS and DIAMANTE 2020 — multi-ancestry — European T2D PS
and the DIAGRAM 2018 T2D PS had the greatest degree of significance of association. Data
from the large-scale DIAGRAM 2018 GWAS meta-analysis had been integrated into the
DIAMANTE 2020 multi-ancestry meta-analysis (Mahajan et al., 2018b), which could
contribute to these similarities in the corresponding T2D PS-T2D associations. Overall, the
T2D PS that were derived from the overlap of PECRB imputed genotypes and summary
statistics from larger GWAS meta-analyses performed best. This may reflect the relative ease

of tagging causal variants identified in these larger GWAS within the PECRB cohort, which
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has a relatively high degree of LD. The DIAGRAM 2018 T2D PS was highlighted in further

analyses with T2D-related traits along with T2D pPS, as described further below.

The results of tests of association of the T2D PS and birth weight PS with T2D and birth
weight demonstrate that there is some relationship between low birth weight and T2D
susceptibility that was not seen in the bivariate analysis as conducted. Specifically, the birth
weight PS had a significant, positive association with birth weight, and the T2D PS had a
significant, positive association with T2D. However, the birth weight PS was significantly,
inversely associated with T2D and the T2D PS was not significantly associated with birth
weight. Results indicate that genetic variants that associate with birth weight and T2D from
larger European GWAS largely also influence birth weight and T2D, respectively, in the
PECRB cohort. Notably, there was no evidence for a non-linear relationship between the birth
weight PS and T2D (i.e., a U-shaped curve, as in the relationship between birth weight itself

and T2D in this same study population).

These findings support the notion that some variants that confer susceptibility to low birth
weight also confer susceptibility to T2D, which was reported in a previous Mendelian
randomisation study in a European-ancestry study population (Huang et al., 2019b). While
these findings prompt further investigation and biological mechanisms that may underlie them
are unclear, they may align with the foetal insulin hypothesis, which posits that genetic
predisposition to insulin resistance results in lower birth weight and subsequent diabetes
(Hattersley & Tooke, 1999). The difference in results of the bivariate genetic correlation
analyses and these association tests may be because certain variants may mediate the
relationship between birth weight and risk of T2D. However, a key limitation of this analysis is
that an overall birth weight polygenic score, as opposed to separate maternal and foetal birth
weight PS, was used. As discussed by Warrington et al and Tyrrell et al, maternal and foetal

effects with respect to birth weight may operate in opposite directions (Tyrrell et al., 2013;

139



Warrington et al., 2019); thus, future analyses could create separate maternal and foetal birth
weight PS to further explore the genetic relationship between birth weight and subsequent

T2D in offspring.

Further research is needed to assess the maternal and foetal genetic influences on birth
weight and subsequent diabetes, using foetal and maternal GWAS of birth weight and PS.
Previous studies were undertaken in European-ancestry populations: in the absence of
Mendelian randomization techniques due to the present study population’s relatively small
sample size, the analyses described in this section leveraged summary statistics from large-
scale GWAS meta-analyses of birth weight and T2D in European-ancestry populations to
construct polygenic scores for the traits as instruments to explore the genetic relationship

between birth weight and T2D.

Results of the T2D pPS- and PS-metabolic trait association study broadly agree with the
putative pathophysiological mechanisms that underlie each of the six clusters by Mahajan et
al. For instance, the adiposity pPS—which contains loci in the well-known obesity-associated
genes FTO and MC4R—was strongly and significantly associated with PFAT, and
significantly associated with logmaxBMI and T2D, in the Indigenous study population.
However, the lipids cluster, which contained 3 SNPs in both the extended Mahajan et al
cluster and the cluster once merged with the Indigenous study population’s genotypes, was
not significantly associated with any of the traits (Table 4.5). This prompts future large-scale
GWAS and GWAS meta-analyses on T2D and related metabolic traits that could enable
further extension of these pPS to explore pPS-trait associations. Additionally, analytical
approaches to account for disparities in the sizes of various pPS in such association studies

could also be implemented.
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Broadly, both Udler et al and Mahajan et al included predominantly European-ancestry study
populations in their pPS cluster generation and analytical processes. Associations between
T2D pPS and T2D-related traits should also be investigated in other, more diverse,
populations to assess transferability. The present association study demonstrates an
instance of transferability of the phenotypic classifications of the T2D pPS and the T2D PS to
a non-European-ancestry study population and suggest that genetic influences on adiposity,
insulin action, and insulin secretion contribute to development of T2D in this population.
However, a limitation of this study was that only 245 of the original 307 variants from Mahajan
et al.’s clusters were available in the Indigenous study population, potentially due to differing
patterns of LD across study populations and due to some variants in the European-ancestry
T2D GWAS meta-analysis appearing as rare to monomorphic within the Indigenous

population.
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5. Predicting the incidence of T2D using clinical factors
and a polygenic score (PS) for T2D in a cohort study

5.1. Introduction

T2D-associated genetic variants, derived from GWAS, have largely been reproducible across
populations. Chapter 2 provided details on how PS for T2D have been constructed in other
studies and in the research outlined in Chapters 4 and 5. Chapter 4 focussed on the use of
T2D PS and pPS for the prediction of T2D prevalence (i.e., the integral of incidence, with the
exclusion of deaths and other loss to follow up, among a cohort), cross-sectionally. There is
limited information on how T2D PS based on T2D-associated variants from GWAS meta-
analyses add to clinical factors for predicting T2D incidence (Vassy et al., 2014). Such
prediction could help identify individuals at increased risk of T2D for targeted prevention

efforts.

Previous studies that assessed contributions of a T2D PS to clinical predictors in the
prediction of T2D incidence have involved relatively short follow-up time in adult populations
and have mostly been conducted in European-ancestry populations (He et al., 2021;
Lyssenko et al., 2008; Mars et al., 2020; Meigs et al., 2008; Park et al., 2015; Vaxillaire et al.,
2014). These studies, using PS constructed from 15 variants to over six million common
variants, have generally found that PS were significantly associated with T2D incidence but
contributed little beyond clinical factors to overall prediction of T2D (He et al., 2021; Lyssenko

et al., 2008; Mars et al., 2020; Meigs et al., 2008; Park et al., 2015; Vaxillaire et al., 2014).

Previous studies were largely conducted in adults, but utility of PS for prediction of
subsequent T2D may be greater earlier in life (in youth or even at birth). Clinical variables
(e.g., obesity and dysglycaemia) may not manifest earlier on in life; thus, earlier, genetic

information may exhibit greater utility. Indeed, previous work in the present Indigenous study
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population has shown that family recurrence risk of diabetes is higher in participants of
younger ages, which suggests a relatively strong role of genetics earlier on in life (Knowler et
al., 1990). In the present study, | assessed the utility of a T2D PS for prediction of T2D
incidence in an Indigenous population from the Southwestern US with a high prevalence of
T2D and in which long-term follow-up data are available. | aimed to analyse how genetic and
clinical factors could inform strategies for screening and prevention in three cohorts of

individuals in different age groups (birth, youth, and adulthood) at baseline.

5.2. Methods

The analyses in this chapter are based on data that had been collected in a longitudinal study
of diabetes that was conducted in an Indigenous study population from the Southwestern US.
Methods and study participant data are further described in Chapter 2. Genotypic and

phenotypic data and the study design of the presently described analyses of T2D PS, clinical

factors, and T2D incidence are outlined in the following subsections.

5.2.1. Study design and participants

Of the 7,701 individuals with genotypes available, | constructed three cohorts based on age
at baseline examination for those who had data for at least two exams with availability of
clinical variables. Those with diabetes at baseline were excluded from the cohorts. The
cohorts overlapped: a total of 4,770 individuals were included among the three cohorts, which
were not mutually exclusive. There were 2,333 participants who were followed from first
examination in adulthood (age = 20 years); within the adult cohort, 640 cases of T2D
occurred over 16,686 person-years of follow-up. There were 2229 participants followed from
first examination in youth (age 5-19 years); within the youth cohort, 228 cases of T2D

occurred over 17,803 person-years of follow-up. There were 2,894 participants with birth
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weight data available who were considered to be followed from birth; within this ‘birth cohort,’
438 cases of T2D occurred over 61,591 person-years of follow-up. Individuals were included

in multiple cohorts if suitable data were available (phenotypic data summarized in Table 5.1).

5.2.2. Phenotypic data

Individuals who were at least five years old had been invited for health examinations every
two years. At each exam, a 75-gram oral glucose tolerance test had been administered with
measurement of HbA1c and fasting and 2-hour plasma glucose (FPG and 2hPG). Diabetes
was diagnosed using 1997 American Diabetes Association criteria (FPG = 7.0mM, 2hPG =
11.1mM, or clinical diagnosis) (Kahn, 1997). Birth weight had been collected from clinical
information and Arizona State birth certificates. NIDDK PECRB research staff had not directly
asked participants about parental diabetes. To approximate the information that would be
available in clinical encounters, parental diabetes had been defined using three categories—
yes, no, or unknown—per parent, using data from the longitudinal study obtained prior to

participants’ entry into the analysis. Further details on phenotypic data are in Tables 5.1.

5.2.3. Genotypic data

7,701 study participants had genotypes available from previous GWAS, generated using a
custom Axiom array designed to capture common variation in members of this community
(MAF = 0.05, or MAF = 0.01 for coding variants), using methods described in Section 2.1.
The custom array identified tag single-nucleotide polymorphisms (SNPs) for approximately 5
million variants; 515,692 SNPs were directly genotyped. This genotyping captured
approximately 92% of variation with MAF = 0.05 and 50% of variation with MAF 1-5%.
Missing and ungenotyped variants were imputed with whole genome sequence data for 266

community members as a reference panel using Impute 2 (Howie et al., 2009). Variants were
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excluded if imputation quality score < 0.5 or MAF < 0.01. A total of 4,589,902 variants were

imputed.
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Tables 5.1. Summary of continuous and binary traits of study participants in adult, youth, and birth cohorts.

Table 5.1a. Summary of continuous traits of participants in adult, youth, and birth cohorts.

Birth cohort (N = 2,894)° th cohort (N = 2,229)°¢ Adult cohort (N = 2,333)°

HbA1c (%)
Birth weight (g) 3456.86 532.09
Unweighted DIAGRAM 2018 T2D PS? 306.88 9.77 306.41 9.68

2The unweighted DIAGRAM 2018 PS is the sum of the number of T2D risk alleles across the 293 SNPs in the DIAGRAM 2018 PS (Table S1).

® The clinical variables that were included in analyses for the birth cohort included only those that would have been available for individuals at birth; thus, data for age, BMI, FPG,
2hPG, and HbA1c are not included in those analyses, and their summary statistics not listed here.

¢ The clinical variables that were included in analyses for the youth and adult cohorts did not include birth weight; thus, data for birth weight are not included in those analyses, and
their summary statistics not listed here.

—
—
o
—

Table 5.1b. Summary of binary traits of participants in adult, youth, and birth cohorts.

Birth cohort (N = 2,894) Youth cohort (N = 2,229) Adult cohort (N = 2,333)°

Vorae [ Freaueney | percant | Frequency | Porcomt [ Froqueney | __percomt |

sex female

maternal diabetes prior to participant’s entry into study

low birth weight (< 3000g) 493
high birth weight (= 40009) 391

146



5.2.4. Construction of 10 polygenic scores for T2D

10 T2D PS were constructed using summary statistics from GWAS that had been previously

conduced for populations that included study populations of different ancestry groups. None

of the T2D PS was trained on data from the Indigenous study population. These included the

following T2D PS, each named for the meta-analysis from which it was derived (Table 5.2).

Table 5.2. Summary of the 10 constructions of T2D employed in this thesis research.

T2D PS name

Number

of SNPs

Variants derived from this
GWAS or population

Weights derived from this
GWAS or population

AGEN 2020

DIAGRAM 2018

DIAMANTE 2020
— Multi-ancestry
African

DIAMANTE 2020
— Multi-ancestry
East Asian

DIAMANTE 2020
— Multi-ancestry
European

DIAMANTE 2020
— Multi-ancestry
Hispanic/Latino

DIAMANTE 2020
— Multi-ancestry
South Asian

DIAMANTE 2020
— Multi-ancestry
Composite

Population-
specific weight

Population-
specific variant

125

293

276

280

287

287

282

287

287

287

East Asian-ancestry populations
(Spracklen et al., 2020)

European-ancestry populations
(Mahajan et al., 2018b)

Multi-ancestry meta-analysis —
African-ancestry populations
(Mahajan et al., 2020)

Multi-ancestry meta-analysis —
East Asian-ancestry populations
(Mahajan et al., 2020)

Multi-ancestry meta-analysis —
European-ancestry populations
(Mahajan et al., 2020)

Multi-ancestry meta-analysis —
Hispanic/Latino-ancestry
populations (Mahajan et al.,
2020)

Multi-ancestry meta-analysis —
South Asian-ancestry
populations (Mahajan et al.,
2020)

Multi-ancestry meta-analysis —
all ancestry groups (Mahajan et
al., 2020)

Multi-ancestry meta-analysis
(Mahajan et al., 2020)

287 with lowest p-values of
association with T2D across the
genome, in the Indigenous study
population

East Asian-ancestry populations
(Spracklen et al., 2020)

European-ancestry populations
(Mahajan et al., 2018b)

Multi-ancestry meta-analysis —
African-ancestry populations
(Mahajan et al., 2020)

Multi-ancestry meta-analysis —
East Asian-ancestry populations
(Mahajan et al., 2020)

Multi-ancestry meta-analysis —
European-ancestry populations
(Mahajan et al., 2020)

Multi-ancestry meta-analysis —
Hispanic/Latino-ancestry
populations (Mahajan et al.,
2020)

Multi-ancestry meta-analysis —
South Asian-ancestry
populations (Mahajan et al.,
2020)

Multi-ancestry meta-analysis —
all ancestry groups (Mahajan et
al., 2020)

Indigenous longitudinal study
population

Indigenous longitudinal study
population

Further details on the construction of these T2D PS are explained in Section 2.4.4.
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5.2.5. Statistical analyses

Analyses were completed in SAS 9.4 (SAS Institute; Cary, NC). For each cohort, individuals
were followed from inception (first examination with clinical data available for youth and adult
cohorts; birth for birth cohort) until they developed T2D or until their last examination—
whichever came first. | evaluated the relative contributions of various combinations of clinical
factors and/or the PS in the following analyses: cumulative incidence, survival, area under the
receiver operating characteristic curve (AUC), net reclassification improvement (NRI), and
decision curve. The variables available for the adult cohort included: age, sex, parental
diabetes, BMI, HbA1c, FPG, 2hPG, and the T2D PS (Vijayakumar et al., 2017). Those for the
youth cohort included: age, sex, parental diabetes, modified BMI z score (Chambers et al.,
2017), HbA1c, FPG, 2hPG, and PS. Those for the birth cohort included: sex, parental
diabetes, birth weight, and PS. Since HbA1c was only measured for examinations after 1989,
| conducted additional analyses that did not require HbA1c to allow for longer follow-up and
greater sample size: these analyses returned similar findings to those that included HbA1c,
which are displayed in Table 5.7. For the analyses in the birth cohort that are detailed in
Chapter 5 of this thesis, | analysed birth weight using two binary variables, one denoting birth
weight < 3000g and another denoting birth weight = 4000g. | had also analysed birth weight
as a continuous variable, with linear and quadratic terms to account for the U-shaped
relationship between birth weight and T2D and obtained similar results as without these

terms.

| also conducted analyses including stated admixture as a covariate; its inclusion returned
virtually the same results as without. Cumulative incidence, survival, decision curve, and NRI
analyses required calculation of the predicted occurrence of T2D at a specified follow-up time
for all individuals to ensure comparability: a follow-up of ten years was used for the adult and

youth cohorts, and 30 years for the birth cohort. Previous studies in this population
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demonstrated that genetic variants at KCNQ1 rs2237895 (effect allele frequency = 0.49, OR
= 1.31; exhibits parent-of-origin effects) (Hanson et al., 2013) and ABCC8 rs1272388614
(effect allele frequency = 0.017, OR = 2.02) (Baier et al., 2015) are significantly and strongly
associated with T2D. | conducted further analyses to assess the contributions of these

genotypes in addition to the DIAGRAM 2018 T2D PS for the prediction of T2D incidence.

5.2.6. Cumulative incidence and survival analyses

| used Cox proportional hazards regression to evaluate associations of clinical variables and
PS with T2D incidence. Cumulative incidence of T2D was calculated as proportion of
individuals that developed T2D over the specified follow-up time, using Breslow’s method
(PROC PHREG in SAS). To assess separate contributions of PS and clinical risk, | calculated
the predicted cumulative incidence of T2D in the longitudinal study for the adult, youth, and
birth cohorts according to different levels of PS and of clinical risk. A linear predictor was
constructed for the clinical variables (age, sex, BMI, HbA1c, and FPG) and the value of the
DIAGRAM 2018 T2D PS in the proportional hazards model was scaled to have a range of -2

to 2 and centre at 0.

5.2.7. AUC analyses

| compared the AUC of models that included clinical variables alone with the AUC of those
that included clinical variables and the various PS. The AUC expresses the probability within
a pair of individuals—one who developed T2D and one who did not—that the individual who
developed T2D had a higher predicted probability of doing so (Pencina & D’Agostino, 2004).
It provides a single aggregate estimate of the predictive accuracy of one or more predictors in

a model, with respect to a given outcome.

149



5.2.8. NRI analyses

Continuous-variable net reclassification improvement (NRI) quantifies the amount of correct
reclassification introduced by using a model with an additional variable (Pencina et al., 2008).
| analysed NRI by calculating the net proportion of events reclassified correctly (i.e., assigned
a higher probability value) plus the net proportion of non-events reclassified correctly (i.e.,
assigned a lower probability value) (Chambless et al., 2011). Rather than providing a single
aggregate estimate of predictive accuracy as stated in the description of the AUC, NRI
provides insight into the predictive performance of a single variable, with respect to one or

more others and a given outcome.

5.2.9. Decision curve analyses

| employed decision-analytic methods to assess consequences of clinical decisions and
expected outcomes of alternative clinical management (i.e., including various combinations of
clinical variables with and without the PS in prediction models). These analyses assume that
the threshold probability (p:) of developing T2D at which one would opt for an intervention is
informative of how one weighs the relative benefits and harms of true-positive and false-
positive predictions, and the net benefit of using a predictive model to select individuals
above a given p; is calculated accordingly (Vickers & Elkin, 2006). | used extensions to
decision curve methods for survival analysis to plot net benefit across a range of p; values to
evaluate for which p; ranges and what corresponding proportion of the population the PS had

marginal net benefit (Vickers et al., 2008).

5.2.10. Age group comparison analyses
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To test the significance of differences in predictive properties of the PS among the three
cohorts (adult, youth, and birth cohorts), a bootstrapping procedure was employed (Efron,
1981). In each iteration, the 4,770 individuals who were included in at least one of the three
cohorts—adult (N = 2,333), youth (N = 2,229), and/or birth (N = 2,894) cohorts—were
resampled with replacement. The survival, area under the ROC curve, and net
reclassification improvement analyses were then repeated for each cohort, and the pairwise
differences in the logarithm of the hazard ratio, AUC and NRI associated with the PS were
calculated. The standard errors of these differences among cohorts were taken from their
standard deviations across 2000 replicate samples, and the standard errors were used to
calculate the statistical significance of the differences (this assumes the differences are
normally distributed). This provides a robust approach to assessing the differences among

cohorts, which accounts for the partial overlap among them.

5.3. Reslults

5.3.1. Ten constructions of T2D PS

All 10 T2D PS, constructed using the overlap of published T2D GWAS summary statistics
and genotypes available in this study population, had statistically significant associations with
T2D incidence in the study population. HRs for the PS in models adjusted for clinical
variables (age, sex, BMI, FPG, HbA1c, and parental diabetes for the adult cohort; age, sex,
modified BMI z score, FPG, HbA1c, and parental diabetes for the youth cohort; and sex, birth
weight, and parental diabetes for the birth cohort) ranged from 1.13 to 1.27 per SD of the
respective T2D PS for the adult cohort, from 1.19 to 1.49 for the youth cohort, and from 1.27
to 1.48 for the birth cohort (Table 5.3). The PS that consistently had the strongest
associations with T2D incidence (highest HRs) was that constructed using the DIAGRAM

2018 GWAS: 1.27 per SD DIAGRAM 2018 T2D PS (95% CI 1.17, 1.38) in the adult cohort,
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1.49 (95% CI 1.29, 1.72) in the youth cohort, and 1.48 (95% CI 1.35, 1.63) in the birth cohort.
The DIAMANTE 2020 multi-ancestry PS (Table 5.5) and the population-specific variant PS

(Table 5.6) also had strong associations with T2D incidence, though not quite as strong.

Table 5.3. Cox regressions comparing associations of PS constructions with T2D
incidence: birth, youth, and adult cohorts.

Birth cohort Youth cohort Adult cohort
(N = 2894)° (N = 2229)° (N = 2333)4

. HR (per 95% HR HR (per 95% HR HR (per 5
T Senee SD PS) SD PS) spps) | "R
AGEN 2020
(N = 125 SNPs) 1.27 1.15,1.39 1.28 112,146 1.14 1.06, 1.24

148 135163 149 129,172 127  1.17,1.38
AR 145 132160 134 147,154 120 110,130
(N=276SNRg) e African 129 116,141 121 106,138 113  1.04,122
(N =280 SNpoy e 133 122,146 119 104,136 113 104,123
reele i el 147 ssrez 137 119188 121 112,132
Hispanic/Latino (N = 287 SNP2) 140 128,155 132 115151 118 109,129
e i el 150 120,145 135 148,156 149 1.09,1.29
i e LS 132 120,145 124 108,141 114 105124
Population-specific variant 141 128,154 144 126,164 147  1.09,1.27

(N = 287 SNPs)
® Model in birth cohort was adjusted for clinical variables: sex, parental diabetes, and birth weight.
¢ Model in youth cohort was adjusted for clinical variables: age, sex, parental diabetes, modified BMI z score and HbA1c.
9 Model in adult cohort was adjusted for clinical variables: age, sex, parental diabetes, BMI and HbA1c.

Results for Cox regressions, AUC, and NRI analyses for the multi-ancestry composite
DIAMANTE 2020 T2D PS (Table 5.4), population-specific variant T2D PS (Table 5.5), and
the DIAGRAM 2018 T2D PS (Table 5.6) are displayed below for the adult cohort. For the rest
of Section 5.3, because the DIAGRAM 2018 T2D PS performed the best in survival analyses,
results for the DIAGRAM 2018 PS, which performed best according to survival analyses with
respect to the incidence of T2D in the longitudinal study, are presented: results for survival,

AUC, and NRI analyses for youth and birth cohorts for this T2D PS are displayed in Table

()]

6.
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Table 5.4. Survival (i.e., Cox regression), AUC and NRI analyses of the multi-ancestry composite DIAMANTE 2020 T2D
PS: adult cohort (N = 2,333).

Clinical Factorsf (AUC = 0.728) Clinical Factors + PS (AUC = 0.732) Clinical Factors + 2hPG (AUC = 0.760) Clinical Factors + 2hPG + PS (AUC = 0.764)

[ oo [ e | | wmema) | e | | mosor | o | w0 | memor | o | o
Age (years) 1.00 (0.992, 1.01) 0.869 -1.27 x 10 1.00 (0.995, 1.01) 0.385 0.0388 1.00 (0.992, 1.01) 0.992 -0.0494 1.00 (0.994, 1.01) 0.531 0.671
Sex (F/M) 1.35(1.14, 1.59) 5.48 x 10 0.115 1.31 (1.10, 1.55) 1.83 x 107 0.112 1.13 (0.953, 1.34) 0.157 0.104 1.10 (0.927, 1.31) 0.271 0.105

NS S T 1.52 (1.21, 1.90) 1.51 (1.21, 1.89) 1.43 (1.14, 1.80) 1.42 (1.14, 1.78)
AN L) 1.45 (1.15, 1.82) 1.41 (1.12, 1.77) 1.39 (1.10, 1.74) 1.36 (1.08, 1.71)

2.75 x 10 0.167 3.12 x 10* 0.138 2.60 x 10°° 0.185 2.88 x 10°° 0.154
Father Diabetic/NonDb 1.45 (1.06, 1.96) 1.45 (1.07, 1.97) 1.38 (1.02, 1.88) 1.40 (1.03, 1.90)

PSR T I | 1.20 (0.921, 1.56) 1.17 (0.901, 1.52) 1.20 (0.925, 1.56) 1.18 (0.905, 1.53)
BMI (kg/m?) 1.02 (1.01, 1.03) 122x10%  0.157 1.02(1.01,1.03)  1.33x10° 0202  1.02(1.01, 1.03) 2.11x10%  0.259 1.03 (1.01, 1.04) 2.94x 10  0.265
Fasting Glucose (mM) 1.99 (1.70, 2.33) 2.78x 10" 0.125 1.96 (1.90,2.78)  327x10™ 0280  1.44(1.22,1.71) 251 %105  0.280 1.44 (1.21, 1.71) 2.90x 105 0.125

HbA1c (%) 2.36 (1.95, 2.85) 1.18 x 10" 0.306 1.20 (1.10, 1.30) 1.13x 10" 0.269 1.98 (1.64, 2.39) 9.64x 10 0.196 1.95 (1.61, 2.35) 3.72x10"  0.190

f‘Clinical factors’ for adult cohort refers to all the following factors: age, sex, parental diabetes, BMI, HbA1c and FPG.
9 NRI values were calculated for each factor by assessing its contribution to other factors (e.g., clinical factors and/or 2hPG), as specified by column headers.

Table 5.5. Cox regressions, AUC and NRI analyses of the population-specific variant T2D PS: adult cohort (N = 2,333)

Clinical Factors (AUC = 0.728) Clinical Factors + PS (AUC = 0.730) Clinical Factors + 2hPG (AUC = 0.760) Clinical Factors + 2hPG + PS (AUC = 0 762)

T wwemor [ e | W | mremor [ paw | v | mesher | paw | v | mesmor | e | W]

Age (years) 1.00 (0.992, 1.01) 0.869 -1.26 x 10°  1.00 (0.994, 1.01) 0.543 0.0189 1.00 (0.992, 1.01) 0.992 -0.0494 1.00 (0.993, 1.01) 0.702 0.0665
Sex (F/M) 1.35 (1.14, 1.59) 5.48 x 10 0.115 1.34 (1.13, 1.58) 7.51 x 10 0.115 1.13 (0.953, 1.34) 0.157 0.104 1.14 (0.956, 1.35) 0.149 0.104
Mother Diabetic/NonDb 1.52 (1.21, 1.90) 1.47 (1.18, 1.84) 1.43 (1.14, 1.80) 1.40 (1.12, 1.76)

AL L | 1.45 (1.15, 1.82) 1.42 (1.13, 1.79) 1.39 (1.10, 1.74) 1.37 (1.09, 1.72)

2.75x 10  0.167 348x10%  0.194 2.60 x 103 0.185 0.0142 0.171
Father Diabetic/NonDb 1.45 (1.06, 1.96) 1.29 (0.947, 1.77) 1.38 (1.02, 1.88) 1.27 (0.930, 1.73)
Father Unknown/NonDb 1.20 (0.921, 1.56) 1.12 (0.859, 1.46) 1.20 (0.925, 1.56) 1.14 (0.872, 1.48)
BMI (kg/m2) 1.02(1.01,1.03)  122x10*  0.157 1.02 (1.01, 1.03) 3.09x 105  0.182 1.02 (1.01, 1.03) 2.11x 10 0.259 1.02 (1.01, 1.03) 5.05 x 10 0.266
Fasting Glucose (mM) 1.99(1.70,2.33)  2.78x 107  0.286 1.97 (1.68, 2.31) 6.84 x 1077 0.300 1.44 (1.22,1.71) 2.51 x 105 0.110 1.45 (1.22, 1.71) 2.09 x 105 0.115
HbA1c (%) 2.36(1.95,2.85)  1.18x10®  0.306 2.30 (1.90, 2.78) 857 x 1018 0.270 1.98 (1.64, 2.39) 374x10%  0.196 1.94 (1.60, 2.33) 5.31 x 1012 0.237

2-hour Glucose (mM) I 132(125,1.39) 964x10™ 0.381 1.31(1.24,139)  3.34x 102 0.374
Polygenic Score (SD) B o1z 7asxt0c o1t [ 5106125 593 x10¢ 0.116

f‘Clinical factors’ for adult cohort refers to all the following factors: age, sex, parental diabetes, BMI, HbA1c and FPG.
9 NRI values were calculated for each factor by assessing its contribution to other factors, as specified by column headers.
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Table 5.6. Results of survival, area under the ROC curve (AUC), and net reclassification improvement (NRI) analyses for the
DIAGRAM 2018 T2D PS in the adult (N = 2,333); youth (N = 2,229); and birth cohorts (N = 2,894).

Models in Adult Cohort (age 2 20 years)

_ Clinical Factors?@ (AUC = 0.728) Clinical Factors + PS (AUC = 0.735) Clinical Factors + 2hPG (AUC = 0.760) Clinical Factors + 2hPG + PS (AUC = 0.765)
| 0000000000 [ HR(95%C)H | pvalue | NRI_| HR(95%C) | pvalue | NRI | HR(95%C) | pvalue | NRI | HR(95%C) | p-value | NRI |

Age (years) 1.00 (0.992, 1.01)  0.869 0.0118  1.00 (0.995, 1.01) 0.393 2'067 1.00 (0.992, 1.01)  0.992 -0.0448  1.00 (0.994, 1.01) 0.540 0.112
Sex (FIM) 0.345(1.14,1.59) 548 x10%  0.116 1.34 (1.13, 1.58) 7.70x 104 0116  1.13(0.953,1.34)  0.157 0.110 1.13 (0.954, 1.35) 0.154 0.107
Mother Diabetic/NonDb¥ 1.52 (1.21, 1.90) 1.46 (1.17, 1.83) 1.43 (1.14, 1.80) 1.38 (1.10, 1.73)

1.38 (1.09, 1.74) 1.39(1.10, 1.74) 1.33 (1.06, 1.67)

AL ol 1e) 8 (el e 275x10% 0167 208x10°  0.140 260x10°  0.185 0.0131 0.146

Father Diabetic/NonDb 1.45 (1.06, 1.96) 1.38 (1.01, 1.87) 1.38 (1.02, 1.88) 1.33 (0.975, 1.81)

Father Unknown/NonDb 1.20 (0.921, 1.56) 1.17 (0.900, 1.52) 1.20 (0.93, 1.56) 1.17 (0.900, 1.52)

BMI (kg/m?) 1.02 (1.01, 1.03) 122x104 0158  1.03(1.01, 1.03) 103x105 0205 1.02(1.01,1.03)  211x105 0242  1.03(1.02 1.04) 188x10° 0269

Fasting Glucose (mM) 199(170,233)  278x10" 0303  1.95(1.66, 2.29) 313x 107 0275 144 (122,1.71)  251x10% 0176 144 (1.21, 1.71) 293x105  0.191

HbA1cC (%) 2.36 (1.95, 2.85) 118x 10" 0306  2.29(1.89, 2.77) 1.14 x 1077 198 (164,239)  964x10" 0196  1.93(1.60, 2.33) 567 x 10" 0.209
374x10% 0420  1.31(1.24,1.38) 6.71x10% 0426

0.251

2-hour Glucose (mM) [ S N e 132 (1.25, 1.40)
[ PolygenicScore(s) [ [ |  |EPIAAED) 161 10° [ P e 1.24 (1.15, 1.35) 2.90 x 107
] Models in Youth Cohort (age 5-19 years)
T G ATown | CineiFoon RS A =0s | Ciies Fanors P8 UG = 02| GiiclFsirs VP ¥ P8 GG < |
[ | HR(®5%C)H | p-value [ NRI | HR(95%Cl) [ p-value [ NRI | HR(95%C) | p-value | NRI | HR(95%C) | p-value | NRI |

Age (decades) 1.08 (1.04, 1.12) 6.50 x 10°  0.313 1.08 (1.04, 1.12) 202x10% 0326  1.08(1.04,1.12) 496x105  0.335 1.09 (1.05, 1.13) 137x10% 0318
Sex (F/M) 1.40 (1.06, 1.84) 0.0170 0.0459  1.32(1.01, 1.74) 0.0458 0.046  1.09 (0.816, 1.45) 0.562 0.0262  1.04 (0.78, 1.39) 0.794 0.0241
Mother Diabetic/NonDb 2.46 (1.83, 3.29) 2.27 (1.70, 3.05) 2.26 (1.68, 3.04) 2.10 (1.56, 2.83)
Mother Unknown/NonDb 1.84 (1.27, 2.68) . 1.87 (1.29, 2.72) ' 1.82 (1.26, 2.64) ' 1.83 (1.26, 2.65)
Father Diabetic/NonDb 1.88 (1.27, 2.78) UAl S P 1.72 (1.16, 2.55) lAdelE e 1.74 (1.18, 2.57) ADOETES  f BE2 1.61 (1.09, 2.39)
Father Unknown/NonDb 1.01 (0.740, 1.365) 0.972 (0.714, 1.32) 1.01(0.743, 1.37) 0.977 (0.719, 1.329)
Modified BMI Z-score 1.50 (1.37, 1.66) 143x10% 0577 1.53 (1.39, 1.69) 448 %107 0640  1.44(1.30, 1.59) 6.63x 10" 0.560 1.47 (1.33, 1.63) 1.39x 10" 0.582
Fasting Glucose (mM) 2.32 (1.66, 3.23) 7.87x107  0.170 2.06 (1.48, 2.88) 210x10° 0166  1.46 (1.01, 2.10) 0.0435 -0.0391  1.31(0.904, 1.88) 0.155 -0.0911
HbA1c (%) 1.96 (1.36, 2.81) 277 x10% 0477 1.87 (1.31, 2.68) 6.29x10% 0150  1.63(1.15, 2.31) 6.19x10°  0.103 1.58 (1.12, 2.24) 0.00910 0.104
2-hour Glucose (mM) B 1.35(1.21, 1.49) 1.71 x 108 0.333 1.34 (1.21, 1.48) 4.20 x 108 0.332

Polygenic Score (SD) 431x108 0249 [ 1.48(1.28,1.71) 1.06 x 107  0.258

Models in Birth Cohort (birth)

Sex, parental diabetes (AUC = 0.597) Sex, parental diabetes + PS (AUC = 0.683) S parent(aAIl:iéa:(;t%i,4I;Inh welght S &%t:;efz,sbslg)h CREE

HR(95%Cl) | pvalue | NRI | _HR(95%CI) | pvalue | NRI_| HR(95%Cl) | pvalue | NRI | _HR(95%C) | pvalue | NRI |

Sex (FIM) 1.18 (0.974, 1.43)  0.0915 0.090 1.18 (0.972, 1.43) 0.0947 0.090  1.15(0.951,1.40)  0.146 0.090 1.14 (0.939, 1.38) 0.184 0.090

Mother Diabetic/NonDb 7.28 (5.00, 10.6) 7.86 (5.39, 11.5) 7.40 (5.08, 10.77) 7.95 (5.44, 11.6)

Mother Unknown/NonDb 0.871 (0.711, 1.07) : 0.887 (0.724, 1.09) ) 0.875 (0.715, 1.07) : 0.886 (0.723, 1.09)
6.79x 103 0.212 112x10%  0.231 4.00%x10%  0.302

Father Diabetic/NonDb 3.93 (2.36, 6.54) * 3.98 (2.39, 6.64) * 3.98 (2.38, 6.65) * 4.05 (2.42, 6.78)

Father Unknown/NonDb 1.01 (0.818, 1.26) 1.07 (0.863, 1.33) 0.977 (0.787, 1.21) 1.03 (0.829, 1.28)

Low Birth weight (< 3000g) I 1.56 (1.24, 1.96) " 1.16 (0.877, 1.53) .
High Birth weight (= 4000g) ] 117 (0.887,1.85) o117 10% 0184y 5y (1.5, 1.97) R
1.48 (1.35, 1.63) 283x10 0300 [N 148 (135 1.63) 277x10"  0.309

Polygenic Score (SD)
@ ‘Clinical factors’ refers to: age, sex, parental diabetes, BMI, and FPG for the adult cohort; and age, sex, parental diabetes, modified BMI z score, and FPG for the youth cohort.
*‘NonDb’ stands for not having documented diabetes, regarding parental diabetes for offspring who are study participants.

1.29 x 107 0.516

1.49 (1.29, 1.72)

5.20 x 10 0.271
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5.3.2. Association of the DIAGRAM 2018 T2D PS and clinical predictors with the

incidence of T2D

The best-performing PS—the DIAGRAM 2018 T2D PS—was significantly associated with
T2D incidence in adult, youth, and birth cohorts. In the adult cohort, ten-year cumulative
incidence of T2D in the lowest decile of PS was 20.5%; in the highest, 42.5%. The HR for the
DIAGRAM 2018 PS in a survival analysis without adjustment for any covariates was 1.31 per

SD T2D PS (p = 6.9 x 10''") (Figure 5.1).
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Figure 5.1. Cumulative incidence of T2D over 10 years of follow-up, stratified by decile
of the DIAGRAM 2018 T2D PS, in the adult cohort (N = 2,333).

At 10 years follow-up, 504 individuals had developed T2D and 635 remained at risk.

In the adult cohort, the clinical predictors—age, sex, BMI, HbA1c, and FPG—were also
strongly associated with the incidence of T2D. The 10-year cumulative incidence of T2D was
7.8% in the lowest decile of the linear predictor of clinical variables; in the highest, 68.7%

(Figure 5.2).
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Figure 5.2. Cumulative incidence of T2D over 10 years of follow-up, stratified by decile
of linear predictor of clinical variables (age, sex, parental diabetes, BMI, FPG, HbA1c),
in the adult cohort (N = 2,333).

At 10 years follow-up, 504 individuals had developed T2D and 635 remained at risk.

In the youth cohort, ten-year cumulative incidence of T2D in the lowest decile of the
DIAGRAM 2018 T2D PS was 2.4%; in the highest, 21.5% (unadjusted HR = 1.59 per SD T2D

PS, p = 6.8 x 107'?) (Figure 5.3).
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Figure 5.3. Cumulative incidence of T2D over 10 years of follow-up, stratified by decile
of the DIAGRAM 2018 PS, in the youth cohort (N = 2,229).

At 10 years follow-up, 152 had developed T2D and 745 remained at risk.
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In the youth cohort, the 10-year cumulative incidence of T2D was 1.9% in the lowest decile of

the linear predictor of clinical variables; in the highest, 39.5% (Figure 5.4).
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Figure 5.4. Cumulative incidence of T2D over 10 years of follow-up, stratified by decile
of linear predictor of clinical variables (age, sex, parental diabetes, modified BMI z,
FPG, HbA1c), in the youth cohort (N = 2,229).

At 10 years follow-up, 152 had developed T2D and 745 remained at risk.

In the birth cohort, the 30-year cumulative incidence of T2D in the lowest decile of the
DIAGRAM 2018 T2D PS was 15.1%; in the highest, 37.3% (unadjusted HR = 1.47 per SD

T2D PS, p = 1.7 x 1075 (Figure 5.5).
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Figure 5.5. Cumulative incidence of T2D over 30 years of follow-up, stratified by decile
of the DIAGRAM 2018 PS, in the birth cohort (N = 2,894).
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At 30 years follow-up, 340 had developed T2D and 474 remained at risk.

In the birth cohort, the 30-year cumulative incidence of T2D was 21.0% in the lowest decile of

the linear predictor of clinical variables; in the highest, 54.0% (Figure 5.6).
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Figure 5.6. Cumulative incidence of T2D over 30 years of follow-up, stratified by decile
of linear predictor of clinical variables (sex, parental diabetes, birth weight), in the birth
cohort (N = 2,894).

At 30 years follow-up, 340 had developed T2D and 474 remained at risk.

5.3.3. Survival analyses with adjustment for clinical factors

Survival analyses were conducted to assess associations between individual clinical
variables and the PS with T2D incidence. In the adult cohort, in the model with clinical
variables, the HR of the PS was 1.27 per SD (p = 1.6 x 10%; 95% CI 1.17, 1.38) (Table 5.6).
In the youth cohort, in the model with clinical variables, the HR of the PS was 1.49 (p = 4.3 x
108; 95% CI 1.29, 1.72). In the birth cohort, in the model with clinical variables, the HR of the
PS was 1.48 (p = 2.8 x 1076); 95% CI 1.35, 1.63). Adding 2hPG to adult and youth cohorts’

models did not substantially alter the HRs of the PS.

5.3.4. AUC analyses
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AUC analyses were conducted to evaluate predictive accuracy of models containing
combinations of clinical variables and the PS. Their results are described below in-text, as
well as in Table 5.6. In the adult cohort, AUC for the model with age and sex was 0.590; with
the PS, 0.619 (difference in AUC, i.e., AAUC, 0.029; 95% CI 0.010, 0.048; p = 0.003). In the
youth cohort, corresponding AUCs were 0.625 and 0.682 (AAUC 0.057; 95% CI 0.026, 0.089;
p = 3.96 x 10*). In the birth cohort, AUC for the model with sex (age was not included as a
covariate as this birth cohort included only predictors that would be available at one’s birth)

was 0.537; with the PS, 0.638 (AAUC = 0.101; 95% CI 0.068, 0.135; p < 10°).

Though the PS was strongly associated with incident T2D, the improvement in AUC
compared with clinical variables alone was modest (Table 5.6). In the adult cohort, the AUC
for the model with clinical variables was 0.728; with the PS, 0.735 (AAUC = 0.007; 95% CI
0.001, 0.014; p = 0.023). In the youth cohort, AUC for the model with clinical variables was
0.805; with the PS, 0.812 (AAUC = 0.007; 95% CI -0.003, 0.017; p = 0.173). For the birth
cohort, the increment in AUC with addition of the PS was greater: the AUC for the model
including sex and parental diabetes was 0.597; with the PS, 0.683 (AAUC = 0.086; 95% ClI

0.057, 0.115; p < 10®).

The improvement in AUC compared with clinical variables and 2hPG, was also modest
(Table 5.6). In the adult cohort, the AUC for the model with clinical variables and 2hPG, was
0.760; with the PS, 0.764. (AAUC = 0.004; 95% CI -0.001, 0.009; p = 0.090). In the youth
cohort, AUC for the model with clinical variables and 2hPG, was 0.820; with the PS, 0.825
(AAUC = 0.005; 95% CI -0.003, 0.014; p = 0.239). For the birth cohort, the increment in AUC
with addition of the PS was greater. The AUC for the model including sex, parental diabetes,

and birth weight was 0.614; with the PS, 0.685 (AAUC = 0.072; 95% CI 0.045, 0.099; p < 10

5),
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5.3.5. Scaled value of the T2D PS, percentile of the clinical linear predictor, and

predicted cumulative incidence of T2D

While AUC provides a measure of overall predictive accuracy, it does not fully capture the
extent to which addition of a variable can affect individual risk estimates. To examine this, |
calculated predicted cumulative incidence of T2D according to PS for various levels of clinical
risk. Across all cohorts, greater T2D PS and greater percentiles of clinical linear predictor

were both directly associated with predicted cumulative incidence of T2D (Figures 5.7, 5.8,

5.9).
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Figure 5.7. Predicted cumulative incidence of T2D over 10 years of follow-up in adult
cohort (N = 2,333) for the scaled DIAGRAM 2018 T2D PS and specified percentiles of
the clinical linear predictor: clinical variables include age, sex, parental diabetes, BMI,
FPG, and HbA1c.

At 10 years follow-up, 504 individuals had developed T2D; 635 remained at risk.
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Figure 5.8. Predicted cumulative incidence of T2D over 10 years of follow-up in youth
cohort (N = 2,229) for the scaled DIAGRAM 2018 T2D PS and specified percentiles of
the clinical linear predictor: clinical variables include age, sex, parental diabetes,
modified BMI z, FPG, and HbA1c.

At 10 years follow-up, 152 had developed T2D; 745 remained at risk.
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Figure 5.9. Predicted cumulative incidence of T2D over 30 years of follow-up in birth
cohort (N = 2,894) for the scaled DIAGRAM 2018 T2D PS and specified percentiles of
the clinical linear predictor: clinical variables include sex, parental diabetes, and birth
weight.

At 30 years follow-up, 340 developed T2D; 474 remained at risk.

To further quantify the contribution of each variable to the model’'s risk classification, |
calculated the NRI of each variable (Table 5.6). NRI quantifies the extent to which T2D cases
and non-cases are consequently reclassified upon inclusion of an additional variable. The

NRI for adding the PS to clinical variables was 0.264 in the adult cohort; in the youth cohort,
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0.249; in the birth cohort, 0.309. In comparison, NRI for HbA1c was 0.292 in the adult cohort

and 0.150 in the youth cohort.

5.3.6. Age group comparison analyses

Bootstrapping was performed to estimate pairwise differences among cohorts in results of
survival, AUC, and NRI analyses by rerunning models with the DIAGRAM 2018 T2D PS. To
avoid differences that may arise from the use or availability of different clinical covariates
across cohorts, | first ran these analyses without including any clinical predictors. Results of

survival, AUC and NRI analyses for the adult, youth and birth cohorts are shown in Table 5.7.

Table 5.7. Bootstrapping analyses: results of survival, AUC, and NRI analyses for the
DIAGRAM 2018 T2D PS alone, across age groups (N = 4,770).

Cohort log(HR) (per SD PS) AUC NRI for PS

0.239 0.007 0.270
Youth 0.399 0.007 0.268
Birth 0.395 0.072 0.362

The AUC for the baseline model does not contain the T2D PS; the AAUC describes the
difference in AUC between the model with versus without the T2D PS. The continuous NRI

was computed for the T2D PS.

Differences in results of survival, AUC, and NRI analyses for individuals included in the adult,
youth, and birth cohorts are summarized below (Tables 5.8, 5.9, 5.10, 5.11). Values were
calculated for adult, youth, and birth cohorts for one model with only the PS (i.e., without
adjustment for clinical variables) and one model with the PS and adjustment for clinical

covariates. Pairwise differences (diff) for each of these results were calculated in the
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following format, with negative values possible because ‘1’ signifies ‘cohort 1’ and ‘2’ signifies

‘cohort 2’ (Equations 5.1, 5.2, 5.3, 5.4).

dif fioguriz = log HR; —log HR, (5.1)
dif faverr = AUC, — AUC, (5.2)
dif fupcis = AAUC, — AAUC, (5.3)
dif fupii, = NRI, — NRIL, (5.4)

For the purposes of discussing the results of these bootstrapping analyses, p < 0.05 was
taken to be a level of nominal significance. As shown in Table 5.9, the difference in hazard
ratios for the DIAGRAM 2018 T2D PS between youth and adult cohorts was relatively great
(diffighr12 = 0.192, SE = 0.072) and significant (p = 0.006). The difference in hazard ratios for
the DIAGRAM 2018 T2D PS between birth and adult cohorts was also significant (diffiogHr12 =

0.115, SE = 0.055, p = 0.037).

Table 5.8. Bootstrapping analyses for DIAGRAM 2018 T2D PS for models without
adjustment for clinical variables: logHR and differences (N = 4,770).

. p-value for
Cohort 1 Cohort 2 logHR1 logHR2 diffiogrr12 (SE) diffiognr1
Youth Adult 0.465 0.269 0.196 (0.072)  0.006
Youth Birth 0.465 0.384 0.081 (0.056) | 0.148
Birth Adult 0.384 0.269 0.115 (0.055)  0.037

163



Table 5.9. Bootstrapping analyses for DIAGRAM 2018 T2D PS for models without
adjustment for clinical covariates: AUC and differences (N = 4,770).

Cohort 1 Cohort 2 AUC1 AUC2
Youth Adult 0.625 0.582
Youth Birth 0.625 0.632
Birth Adult 0.632 0.582

Table 5.10. Bootstrapping analyses for the DIAGRAM 2018 T2D PS for models
adjustment for clinical variables: AAUC and differences (N = 4,770).

Cohort 1 Cohort 2 AAUC1 AAUC2 diffaaucrz (SE)  P7value for
diffrauci2
Youth Adult 0.125 0.082 0.043 (0.023)  0.061
Youth Birth 0.125 0.132 -0.007 (0.017) | 0.658
Birth Adult 0.132 0.082 0.050 (0.019)  0.007

Taken together, the results of Tables 5.10 and 5.11 display the area under the ROC curve for
the DIAGRAM 2018 T2D PS in each of the cohorts (without adjustment for clinical variables),
along with the delta AUC (AAUC) values that denote the increase in AUC with the addition of
the DIAGRAM 2018 T2D PS to clinical variables for each of the cohorts. The pairwise

differences of AAUC between cohorts were also calculated, and that of the birth and adult

cohort was significant (diffaauci2= 0.050, SE = 0.019, p = 0.007).

The NRI values for the DIAGRAM 2018 T2D PS were calculated for each cohort, with
adjustment for clinical variables. The pairwise differences in NRI for the DIAGRAM 2018 T2D

PS were calculated between cohorts.
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Table 5.11. Bootstrapping analyses for the DIAGRAM 2018 T2D PS for models with
adjustment for clinical variables: NRI and differences (N = 4,770).

Cohort 1 Cohort 2 NRI NRI2 diffyrirz (SE)  Pvalue for

diffyri12
Youth Adult 0.397 0.266 0.131(0.100)  0.188
Youth Birth 0.397 0.368 0.029 (0.093)

Birth Adult 0.368 0.266 0.103 (0.079) S

However, the p-values for the comparison of the NRI of the birth cohort with others were not
calculated because the NRI was calculated at 30 years follow-up versus 10 years follow-up
for the other cohorts. The difference in NRI values for the DIAGRAM 2018 T2D PS in the

youth and adult cohorts was not found to be significant in this analysis.

5.3.7. Additional genotypic analyses

The effects of some variants strongly associated with T2D in this Indigenous study population
were not captured in the DIAGRAM 2018 PS. To address this, | assessed the contribution of
genotypes for KCNQ1 rs2237895 and ABCCS8 rs1272388614 in the adult cohort. For each
genotype, associations were significant (p < 0.05), and they contributed modestly to the
model of clinical factors and the PS, as assessed by AUC and NRI analyses (Table 5.12,

5.13, 5.14).
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Table 5.12. AUC analyses for combinations of clinical variables, ABCC8 rs1272388614
(R1420H) genotype, and the DIAGRAM 2018 T2D PS, in the adult cohort (N = 2,333).

Parameters in model AUC

age, sex, ABCC8 genotype 0.590
age, sex, ABCC8 genotype, PS 0.620
age, sex, ABCC8 genotype, parental diabetes, FPG, HbA1c 0.728
age, sex, ABCC8 genotype, parental diabetes, FPG, HbA1c, PS 0.735
age, sex, ABCC8 genotype, parental diabetes, FPG, 2hPG, HbA1c 0.760

age, sex, ABCC8 genotype, parental diabetes, FPG, 2hPG, HbA1c, PS 0.765

Table 5.13. AUC analyses for combinations of clinical variables, KCNQ1 rs2237895
genotype, and the DIAGRAM 2018 T2D PS, in the adult cohort (N = 2,333).

Parameters in model

age, sex, maternally-derived KCNQ1 risk allele, paternally-derived KCNQ1 risk allele

age, sex, maternally-derived KCNQ1 risk allele, paternally-derived KCNQ1 risk allele, PS

age, sex, maternally-derived KCNQT1 risk allele, paternally-derived KCNQT1 risk allele, parental diabetes, FPG, HbA1c

age, sex, maternally-derived KCNQ1 risk allele, paternally-derived KCNQT1 risk allele, parental diabetes, FPG, HbA1c, PS

age, sex, maternally-derived KCNQ1 risk allele, paternally-derived KCNQ1 risk allele, parental diabetes, FPG, 2hPG, HbA1c

age, sex, maternally-derived KCNQ1 risk allele, paternally-derived KCNQ1 risk allele, parental diabetes, FPG, 2hPG,
HbA1c, PS

Table 5.14. AUC analyses for combinations of clinical variables, ABCC8 rs1272399614
(R1420H), KCNQ1 rs2237895 genotypes, and the DIAGRAM 2018 T2D PS, in the adult
cohort (N = 2,333).

Parameters in model AUC

age, sex, ABCC8 genotype, maternally-derived KCNQT1 risk allele, paternally-derived KCNQ1 risk allele 0.598
age, sex, ABCC8 genotype, maternally-derived KCNQ1 risk allele, paternally-derived KCNQT1 risk allele, PS 0.619

age, sex, ABCC8 genotype, maternally-derived KCNQT1 risk allele, paternally-derived KCNQ1 risk allele, parental diabetes,

FPG, HbA1c 0.730

age, sex, ABCC8 genotype, maternally-derived KCNQT1 risk allele, paternally-derived KCNQ1 risk allele, parental diabetes,

FPG, HbA1c, PS 0.735

age, sex, ABCC8 genotype, maternally-derived KCNQT1 risk allele, paternally-derived KCNQ1 risk allele, parental diabetes,

FPG, 2hPG, HbA1c 0.763

age, sex, ABCC8 genotype, maternally-derived KCNQT1 risk allele, paternally-derived KCNQ1 risk allele, parental diabetes,
FPG, 2hPG, HbA1c, PSf

fNRI values for each genetic factor in the bottommost row of Table S3c: 0.021 for ABCC8 genotype, 0.148 for the maternally-
derived and paternally-derived KCNQT risk alleles, and 0.250 for the PS.

0.765

The inclusion of the single ABCC8 rs1272399614 and KCNQ1 rs2237895 genotypes to the

other parameters in each model was not found to contribute substantially to the overall AUC.
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5.3.8. Decision curve analyses

Decision curve analyses were undertaken to estimate the net benefit of including the PS at a
range of threshold probabilities (i.e., minimum probabilities of disease that would warrant
intervention). When the costs of false positives are low (i.e., as p: approaches 0), population-
wide interventions are favoured; thus, screening by clinical or genetic means would have little
net benefit. When false-positive costs are higher (i.e., higher p; values), net clinical benefit

can be increased by screening to target the intervention to higher-risk individuals.

In the adult cohort, the net benefit of including the PS in addition to clinical factors was most
pronounced at p; values 0.3-0.5 (up to 18% improvement); this corresponded to 15-40% of
the highest-risk individuals selected for the intervention (Figure 5.10). In the youth cohort, the
net benefit of including the PS was most pronounced at p: values 0.05-0.35 (up to 21%
improvement) (Figure 5.11). In the birth cohort, the net benefit of including the PS was most

pronounced at p; values 0.15-0.35 (up to 56% improvement) (Figures 5.10).
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Figures 5.10. Net benefit of predictive models with or without the DIAGRAM 2018 PS for T2D prediction.
(a) Over 10 year follow-up time, in the adult cohort.

(b) Over 10-year follow-up time, in the youth cohort.

(c) Over 30-year follow-up time, in the birth cohort.

b‘Bwt’ stands for birth weight.
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5.4. Summary

Polygenic scores potentially have utility for identification of individuals with higher risk of T2D.
Previous studies generally reported significant associations between T2D PS and T2D
incidence and modest prediction improvement as measured by AUC: AAUC from 0.005 to
0.02 (Meigs et al., 2008; Lyssenko et al., 2008; Mars et al., 2020; Vaxillaire et al., 2014; Park
et al., 2015; He et al., 2021). A limited number of studies include measures of reclassification:
continuous net reclassification improvement (NRIs) ranged from 0.044 to 0.285. In the
present study, the DIAGRAM 2018 PS was strongly statistically significant in predicting T2D
incidence in adult, youth, and birth cohorts. Results of AUC analyses are consistent with
findings of previous studies: improvement in prediction contributed by the T2D PS was
statistically significant but modest. However, AAUC does not fully capture the contribution of
a single variable to individual risk (Pencina et al., 2012). | calculated NRIs for individual
variables to address this limitation. NRIs for the PS across all cohorts ranged from 0.2 to 0.3,
which is considered intermediate power for identifying T2D risk, and were comparable to

those of commonly measured clinical variables (e.g., HbA1c and FPG).

5.4.1. Construction of PS

While all T2D PS were significantly associated with T2D incidence across all cohorts, the
DIAGRAM 2018 PS, derived from European-ancestry populations, performed slightly better
than the others. While collaborators at NIDDK PECRB have previously shown modest
heterogeneity in effects of established T2D variants between Europeans and this study
population (Hanson et al., 2015), the DIAGRAM 2018 PS even out-performed a population-
specific variant PS with a comparable number of variants, derived by two-fold cross-validation
in the present population (N = 3850). The expectation is that a PS derived from a GWAS in a

more closely-matched ancestry group would perform better than one from a different ancestry
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group, if sample sizes are equal (Conrad et al., 2006). Further research could focus upon the
optimization of PS that are derived from and used within a given study population or derived

from and tested within closely-matched study populations.

5.4.2. Optimal age for preventive interventions

Genetic effects of the DIAGRAM 2018 T2D PS with respect to T2D incidence were greatest
in the youth and birth cohorts. This is consistent with the hypothesis that genetic effects for
many chronic diseases are strongest earlier in life (Jiang et al., 2021), and consistent with the
finding that familial recurrence risk of diabetes in this population is higher when it occurs at
younger ages (Hanson & Knowler, 1998). The present findings could also reflect the limited
availability of phenotypic data for study participants at birth or young ages. However, when
analysed without any clinical covariates, HRs associated for the birth cohort and the youth
cohort were higher than that for the adult cohort; tests for differences in the HRs between the
adult and youth cohorts and adult and birth cohorts yielded p = 0.037 and p=0.006,

respectively; differences between birth and youth cohorts were not significant (p=0.15).

The improvements in AUC and net benefit upon adding the PS to clinical variables were
greatest in the birth cohort. The use of type 2 diabetes PS at birth could be particularly
beneficial as phenotypic manifestations of risk (e.g., hyperglycaemia and obesity) are less
apparent. Specifically with respect to the birth cohort, the use of T2D PS at birth could be
particularly beneficial as phenotypic manifestations of risk (e.g., hyperglycaemia and obesity)
are often less apparent. Without adjustment for demographic and clinical predictors, the T2D
PS had substantially higher HR, AUC and NRI values for youth and birth cohorts compared
with adult cohorts, suggesting the greater predictive utility of the PS at earlier ages. However,
when clinical predictors were included in prediction models, differences in results of survival,

AUC and NRI analyses were attenuated.
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6. General discussion

The scope of this thesis included the use of genome-wide association studies, polygenic
scores (PS) and partitioned/process-specific polygenic scores (pPS) to study the genetic
epidemiology of birth weight and T2D and the complex relationship between the two traits.
The main aim of this thesis was to investigate genetic and non-genetic influences on birth
weight and type 2 diabetes, using methods in genetic and clinical epidemiology. Analyses
were conducted within a cohort study of participants from an Indigenous community in the
Southwestern United States to accomplish three main objectives. First, genetic variants that
were associated with birth weight using seven different models of GWAS were identified, and
the genetic relationship between birth weight and T2D was evaluated using PS for birth
weight and T2D. Second, the associations between pPS for T2D with T2D and related traits
were assessed. Third, the contribution of clinical variables in addition to PS for T2D to the
prediction of the incidence of T2D in various age groups was evaluated within the longitudinal
PECRB study. The following discussion sections discuss the findings, strengths, and

limitations of the corresponding chapters.

6.1. Genetics of birth weight and relationship between birth weight and

T2D

6.1.1. GWAS of own and offspring birth weight

Seven different models of GWAS of birth weight were conducted, using various combinations

of covariates, imputed or directly genotyped variants, and maternal and foetal genotypes:

(1) Additive foetal GWAS of own birth weight across imputed variants, adjusted for birth year

and the first five genetic principal components (PCs 1-5);
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(2) Additive foetal GWAS of own birth weight across imputed variants, adjusted for birth year,

PCs 1-5, and in utero exposure to maternal diabetes;

(3) Additive foetal GWAS of own birth weight across imputed variants, adjusted for birth year,

PCs 1-5, and gestational age (by multiple imputation);

(4) Dominant-recessive foetal GWAS of own birth weight across directly genotyped variants,

adjusted for birth year, PCs 1-5, and gestational age (by multiple imputation);

(5) Additive foetal GWAS of own birth weight across directly genotyped variants, adjusted for
birth year, PCs 1-5, and gestational age (without multiple imputation, i.e., complete-case

analysis);

(6) Additive foetal GWAS of own birth weight across directly genotyped variants, adjusted for

own birth year, own PCs 1-5, and conditioned on maternal genotype; and

(7) Additive maternal GWAS of offspring birth weight across directly genotyped variants,

adjusted for offspring birth year, offspring PCs 1-5, and conditioned on foetal genotype.

None of the GWAS models yielded genome-wide significant (p < 5.0 x 10®) associations; a
threshold of ‘suggestive significance’ was defined for the purposes of these analysis at p <
5.0 x 10* to maximise the proportion of SNPs that were replicated in the Early Growth
Consortium 2019 GWAS meta-analysis of birth weight for given p-value thresholds
(Warrington et al., 2019). A substantial number of SNPs met that threshold in each of the
seven models. However, none of the QQ plots suggest substantial excess of significant
signals; most adhere closely to null expectations. A high degree of replication in the EGG
consortium GWAS suggests that some of the suggestive signals are true positives. However,

it is difficult to know which SNPs are true positives without further replication data.
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Results were similar across Models 1, 2, and 3; notably, in Model 3, which was adjusted for
gestational age (by multiple imputation), the SUR1/ABCC8 R1420H variant identified
previously by Baier et al as associated with birth weight (8 = 169.1g per copy of the H allele,
p =15 x 103 and T2D (OR 2.02, 95% CI 1.45-2.82; p = 3.6 x 10°) had the greatest
significance of association with birth weight among imputed variants. Other variants that
appeared across GWAS Models 1, 2, and 3, as well as multiple other models that were
conducted across directly genotyped variants, were a variant in UBE4B, as well as one on

chromosome 19.

GWAS Model 4, the dominant-recessive foetal GWAS of own birth weight adjusted for birth
year, PCs 1-5, and gestational age (with multiple imputation) was conducted in a sample of
the same size as that of Model 3 (N = 3,700). In Model 4, the aforementioned R1420H variant
in SUR1/ABCC8 was also the SNP with the greatest significance of association with own
birth weight, and the variant in UBE4B also appeared among the associations of greatest
significance. GWAS Model 5, the additive foetal GWAS of own birth weight adjusted for birth
year, PCs 1-5, and gestational age (without multiple imputation) was conducted in a slightly
smaller sample because approximately 70% of individuals had gestational age data available.
It functioned as a complete-case analysis relative to GWAS Model 3, which included
gestational age (by multiple imputation) as a covariate. The correlation between the beta
coefficients of Models 5 and 3 was strong and positive: the Pearson correlation coefficient, r,
was 0.88 (p < 10*). In GWAS Model 5, the variant in UBE4B also appeared among the

associations of greatest significance.

| also conducted GWAS Models 6 and 7, a foetal GWAS of own birth weight and a maternal
GWAS of offspring birth weight, respectively, because previous studies have shown that
maternal and foetal genetic effects with respect to birth weight can act in opposite directions

(Tyrrell et al., 2013; Warrington et al., 2019). GWAS Model 6 was an additive foetal GWAS of
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own birth weight adjusted for own birth year and own PCs 1-5 and conditioned on maternal
genotype. GWAS Model 7 was an additive maternal GWAS of offspring birth weight adjusted
for offspring birth year and offspring PCs 1-5 and conditioned on foetal genotype. This
analysis did not identify SNPs that were associated with birth weight at a level of genome-
wide significance. Further, substantial genomic inflation was exhibited in GWAS Model 7.
Future analyses could explore the inclusion of maternal genetic principal components as
covariates and adding an additional variance component for a shared maternal effect to

address this inflation.

Taken together, the results of GWAS Models 1 through 7 did not include evidence of
genome-wide significant associations between genetic variants and own and offspring birth
weights. The R1420H variant in ABCC8 was the top signal in GWAS Models 3 and 4, which
supports the findings of previous analyses in this population that identified this as a potential
real association with birth weight. While a great degree of genotypic (genotypes, genetic PCs,
and population substructure) and phenotypic data (birth weight, likelihood of in utero
exposure to maternal diabetes, birth year) were available for its members, the small
subsample of the PECRB cohort that had birth weight and genotypic data available limited
the statistical power of these GWAS to detect significant associations with birth weight. This
subsample of the PECRB cohort—3,700 PECRB study participants who were singleton births
and had genotypic data available—consisted of over 1,000 additional participants who had
entered the study after the list of participants in the subsample had last been updated by
PECRB colleagues (Lindsay et al., 2000). Given that the longitudinal study ended in 2007,
this subsample comprises the largest possible study population within the PECRB cohort for

GWAS of birth weight.

6.1.2. Bivariate genetic correlation analyses
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Bivariate genetic correlation analyses were undertaken to assess the proportion of variance
shared due to genetic causes between birth weight and T2D and glycaemic and
anthropometric traits. These traits included T2D, FPG, 2hPG, fasting insulin, height, HOMA-
B, HOMA-IR, log(M-value), log(Maximum BMI), and log(Acute insulin response). Pairwise
environmental correlation estimates between birth weight and these traits were relatively
strong, as expected. However, genetic correlations, with some exceptions, were rather
modest. Maximum BMI had the highest positive genetic correlation with respect to birth
weight; this appeared to be a significant correlation. Notably, T2D had an inverse phenotypic
correlation and inverse environmental correlation with birth weight; however, the p-value for
the test of whether the genetic correlation between the traits was nonzero was not significant.
The results of these analyses are difficult to parse and prompt future analyses to address
their limitations. The relationship between birth weight and T2D risk in the PECRB cohort has
been shown to be nonlinear: it is possible that the genetic relationships also follow a

quadratic relationship, which is difficult to model as a conventional linear genetic correlation.

While genetic correlation analyses in other populations have supported the role of common
genetic effects in the association between low birth weight and T2D, such analyses assume a
linear relationship between the two phenotypes. Additionally, maternal and foetal genotypes
correlate, such that shared genetic effects may not be directly attributable to foetal genotype,
but rather to the intrauterine environment (which is influenced by maternal genotype) to which
the foetus has been exposed. Eaves et al developed M-GCTA (maternal effects genome-
wide complex trait analysis), an extension of the program GCTA, which can estimate the
relative direct effects of foetal and maternal genetic effects on complex traits (Eaves et al.,
2014). A study that used M-GCTA to analyse the influence of maternal and foetal genotype
on birth weight in the Avon Longitudinal Study of Parents and Children demonstrated that

foetal genotype contributes far more than maternal genotype to variance in birth weight
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(Horikoshi et al., 2016). However, the relative contributions of foetal and maternal genotype
to the shared covariance in birth weight and T2D remain to be quantified. Thus, genetic
correlation analyses that account for non-linear relationships between traits, such as a
trivariate genetic correlation analysis between categories of birth weight (i.e., high and low)

and T2D, could be conducted to and further analyse the relationship between the traits.

6.1.3. Associations of T2D and birth weight polygenic scores with T2D and birth

weight

The birth weight PS had a significant, positive association with birth weight and the T2D PS
had a significant, positive association with T2D. Results indicate that genetic variants that
associate with birth weight and T2D from larger GWAS of European-ancestry study
populations largely also influence birth weight and T2D within the Indigenous PECRB study
population. However, the birth weight PS was significantly, inversely associated with T2D and
the T2D PS was not significantly associated with birth weight. This is somewhat contrary to
the bivariate genetic correlation analyses, in which genetic correlation was not significantly
negative (i.e., inverse). This may be explained by the fact that the variants that associated
with both low birth weight and T2D are largely captured in GWAS meta-analyses in
European-ancestry study populations, while other variants that are associated with high birth
weight and T2D are not. Another potential explanation is that the bivariate genetic correlation
analyses reflect environmental factors that are shared in families, which mask an inverse

genetic correlation.

Notably, there was no evidence for a non-linear relationship between the birth weight PS and
T2D (e.g., a U-shaped curve, as in the relationship between birth weight itself and T2D in this
same study population). These findings support the notion that certain variants that confer

susceptibility to low birth weight also confer susceptibility to T2D. They may also align with
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the foetal insulin hypothesis, which posited that the genetic susceptibility to insulin resistance
predisposes offspring to low birth weight as well as subsequent diabetes (Hattersley & Tooke,
1999). Further research is needed to partition the specific contributions of maternal and foetal
genotype on birth weight and subsequent diabetes. This could be done by constructing
separate maternal and foetal polygenic scores for birth weight and assessing associations

between those PS with birth weight and T2D.

6.2. Associations of PS and pPS with T2D and related traits

6.2.1. Construction of PS

While all T2D PS were significantly associated with T2D incidence across all cohorts, the
T2D PS derived from European-ancestry populations (i.e., DIAMANTE 2020 — Multi-ancestry
European T2D PS, DIAGRAM 2018 T2D PS, and DIAMANTE 2020 - Multi-ancestry
composite T2D PS) performed better than the others. These PS likely performed well due to
the large sample size and extensive fine-mapping in the DIAGRAM 2018 and DIAMANTE
2020 T2D meta-analyses. The heterogeneity, as measured by 2, between SNPs in the
DIAGRAM 2018 T2D PS and those in the DIAGRAM 2018 GWAS was modest: this was
consistent with PECRB collaborators’ previous work that incorporated a smaller number of

established T2D-associated variants (Hanson et al., 2015).

While further work is needed to optimize T2D PS, the present results suggest that PS
constructed using results of GWAS in larger populations may be suitable for translation
across study populations in whom well-powered GWAS are not available, particularly those
for which index variants derived from other populations may capture common causal variants,
potentially due to high LD. Since many Indigenous communities are smaller in size than

broader ancestry groups (e.g., East Asian-ancestry, EAS; South Asian, SAS; Hispanic/Latino,
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MXL; etc) as defined by large consortia, obtaining suitably powered GWAS for deriving
polygenic scores for study populations from these communities may pose additional
challenges. Obtaining adequately powered GWAS that are specific for certain communities
may be unfeasible. This could necessitate the use of summary statistics from larger GWAS

meta-analyses for primary derivation.

6.2.2. Associations of T2D PS and pPS

Strong and significant cross-sectional associations of T2D PS and pPS with T2D and related
traits were identified in the PECRB cohort. A strength of these analyses was the inclusion of
rigorously measured phenotypic data for PFAT, logM, and logAIR that had been collected by
PECRB staff from the PECRB study population (further described in Section 2.2). Results of
the T2D pPS- and PS-metabolic trait association study broadly agree with the putative
pathophysiological mechanisms that underlie each of the six clusters by Mahajan et al. For
instance, the adiposity pPS—which contains loci in the well-known obesity-associated genes
FTO and MC4R—was strongly and significantly associated with PFAT, and significantly
associated with logmaxBMI and T2D, in the Indigenous study population. However, the lipids
cluster, which contained 3 SNPs in both the extended Mahajan et al cluster and the cluster
once merged with genotypes of the PECRB cohort, was not significantly associated with any
of the traits. This prompts future large-scale GWAS and GWAS meta-analyses on T2D and
related metabolic traits that could enable further extension of these pPS to explore pPS-trait
associations. Additionally, analytical approaches to account for disparities in the sizes of
various pPS in such association studies could also be implemented; for examples, pPS could
be scaled on a per-allele basis in all scores so that odds ratios could be more similarly

interpreted.
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6.3. Predicting the incidence of T2D using T2D PS

6.3.1. AUC, NRI and decision curve analyses

Polygenic scores potentially have utility for identification of individuals with higher risk of T2D.
This relationship was examined longitudinally, as this is more applicable to the presumed use
of this score in clinical settings. The PECRB cohort was partitioned into birth, youth, and adult
cohorts, based on the timing of examinations with available data. The contribution of the
DIAGRAM 2018 T2D PS to the information provided by various models containing clinical
predictors was assessed using survival, area under the ROC curve (AUC), net

reclassification improvement (NRI), and decision curve analyses.

Results of AUC analyses in the present Indigenous study population are consistent with
findings of previous studies: improvement in prediction contributed by the T2D PS was
statistically significant but modest. NRIs for the PS across all cohorts showed that it had
intermediate power for identifying T2D risk and were comparable to those of commonly

measured clinical variables (e.g., HbA1c and FPG).

Decision curve analyses provide a method to facilitate clinical decision making by quantifying
the potential net benefit of an intervention across a range of threshold probability (p:) values.
Decision curve analysis assumes that the intervention will be equally effective regardless of
how risk is determined. There are limited data on how T2D PS affects response to preventive
interventions. For example, a study within the Diabetes Prevention Program Outcomes Study
suggested that lifestyle and metformin interventions were both effective, even in those with
greater T2D PS (Hivert et al., 2011). Ultimately, clinical utility may depend on how the T2D

PS affects the decision to implement preventive interventions.

Across adult, youth, and birth cohorts, results of the decision curve analyses suggest modest

increases in clinical benefit for using PS at moderately stringent p; values. There are few data
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on optimal p; values for T2D prevention: they depend upon preferences of individual patients
and clinicians, health care system characteristics, and the nature of the interventions
considered. Many clinicians would recommend lifestyle prevention for individuals with
impaired glucose regulation; based on cumulative incidence in the adult cohort, this would
correspond to pr = 0.21-0.49. This is in the range in which the analyses suggest meaningful,

albeit modest, improvement in clinical benefit from incorporating the PS.

6.3.2. Optimal age for preventive interventions

Genetic effects of the PS with respect to T2D incidence were greatest in the youth and birth
cohorts. This is consistent with the hypothesis that genetic effects on T2D are strongest
earlier in life. The improvements in AUC and net benefit upon adding the PS to clinical
variables were greatest in the birth cohort. The use of T2D PS at birth could be particularly
beneficial as phenotypic manifestations of risk (e.g., hyperglycaemia and obesity) are less
apparent. Without adjustment for demographic and clinical predictors, the T2D PS had
substantially higher HR, AUC and NRI values for youth and birth cohorts compared with adult
cohorts, suggesting the greater predictive utility of the PS at earlier ages. However, when
clinical predictors were included in prediction models, differences in results of survival, AUC

and NRI analyses were attenuated.

There are limited data on how T2D PS affects response to preventive interventions. . While
there is strong evidence that T2D can be prevented by lifestyle modification, pharmacologic
treatment, or bariatric surgery, there are few data on the efficacy of preventive efforts initiated
in youth or infancy (Crandall et al., 2008). Thus, while the analyses described in Chapter 5

suggest that the T2D PS has the strongest contribution to prediction of T2D incidence in the
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birth cohort, adults may be a more appropriate target population for preventive interventions

in the near term.

6.3.3. Future research

The analyses described in Chapter 5 showed that T2D polygenic scores, as currently
constructed, can provide utility for assessing T2D risk. The T2D PS was strongly associated
with incident diabetes in this Indigenous study population and, while the improvement in
overall prediction measured by AAUC is modest, as measured by NRI analyses information
from the T2D PS is comparable to that of widely used clinical factors (e.g., HbA1c and BMI).
Furthermore, the decision curve analysis shows improvement of net benefit with the T2D PS
beyond the use of clinical factors over a range of p: values; while the increments in benefit
are modest, they may be meaningful in a population basis. Further optimization of the PS

could provide better prediction of the incidence of T2D.

Optimisation of T2D PS as well as of prediction models is warranted if T2D PS are to be used
in clinical practice. Notably, some relevant clinical measures that may be readily obtained at
birth (e.g., birth length for calculation of adiposity measures) were not available for inclusion
in prediction models in the present study. Advances in laboratory methods and informatics
are also required to make PS and risk algorithms available to clinicians and patients. To
ensure that PS could be applied to a diverse set of patients and study participants in the
future, the transferability of PS across ancestry groups is important to further assess. A
recent perspective piece discussed the potential benefits of polygenic risk estimation on
clinical medicine, including the selection study participants for clinical trials, such as
improvements in cost and efficiency of care delivery and the conduct of research (Fahed et
al., 2022). Future research could investigate the net benefit of PS for T2D and other complex

traits for these purposes before such methods are implemented. This study showed that T2D
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polygenic scores, as currently constructed, can provide utility for assessing T2D risk. The
T2D PS was strongly associated with incident diabetes in this PECRB cohort. While the
improvement in overall prediction measured by AAUC is modest, as measured by NRI
analyses information from the T2D PS is comparable to that of widely used clinical factors
(e.g., HbA1c and BMI). Furthermore, the decision curve analysis shows improvement of net
benefit with the T2D PS beyond the use of clinical factors over a range of p: values; while the
increments in benefit are modest, they may be meaningful in a population basis. To ensure
that PS could be applied to a diverse set of patients and study participants in the future, the
transferability of PS across ancestry groups is important to assess. Health economics studies
are needed to investigate which clinical settings and constructions of T2D PS would
maximize net benefit for prediction of T2D incidence. With such knowledge, more informed

decisions about the use of genetic information in prevention of T2D could be made.
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7.2. Appendix 2: Summary statistics for SNPs included in T2D PS

Table 7.2.1. SNPs included in the construction of the AGEN 2020 (Spracklen et al.,

2020) PS.

chr" position’ SNP atl a2 atf« OR' p-value

1 20688352 rs60573766 C T 0.6347 1.04 4.30 x 107°
1 39942242 rs371894931 CA C 0.1572 1.06 2.68 x 107"
1 46244900 rs562138031 C CT 0.7256 1.06 3.99 x 102
1 51191935 rs11205766 T A 0.9031 1.09 7.49 x 107
1 64107893 rs2269245 G A 0.8153 1.06 5.40 x 1070
1 177878933 rs532504 A G 0.2133 1.06 7.39 x 1072
1 184014593 rs1327123 C G 0.4596 1.04 7.00 x 10°
1 204474581 rs201297151 CAAAAAAAA C 0.4404 1.04 3.37 x 10
1 214155398 rs12403994 C A 0.6228 1.05 6.05 x 10712
1 229642499 rs238763 T A 0.6783 1.05 5.04 x 10"
2 632789 rs10634531 CTTG C 0.9064 1.1 2.37 x 10"
2 27730940 rs1260326 C T 0.4562 1.07 1.01 x 102!
2 45192080 rs12712928 C G 0.4022 1.06 1.83 x 10"
2 60586707 rs243018 G C 0.6656 1.06 1.55 x 10°1®
2 120231070 rs3731600 C G 0.9675 1.13 6.86 x 10°°
2 149568261 rs200576292 CT C 0.6603 1.05 1.29 x 10°
2 165381518 rs75536691 A G 0.976 1.2 1.16 x 10°"°
2 213687103 rs75179644 T C 0.8992 1.08 5.36 x 1070
2 234191103 rs117809958 A T 0.0181 1.25 1.98 x 10°1°
3 12385357 rs3963364 C A 0.95 1.12 3.49 x 10"
3 23258614 rs11926494 G A 0.82 1.12 2.69 x 10%7
3 63904715 rs67114627 AAG A 0.6459 1.09 9.10 x 10"
3 114968018 rs6806156 T C 0.6107 1.05 1.59 x 107"
3 121965199 rs9859381 G T 0.486 1.04 2.86 x 10°
3 123174832 rs60054445 C T 0.6643 1.05 5.62 x 1072
3 124921920 rs12497133 A G 0.3231 1.04 1.14 x 108
3 152382352 rs1850421 A (03 0.2777 1.05 1.41 x 10°
3 170643788 rs201018682 T C 0.8162 1.06 1.01 x 10"
3 185495320 rs13092876 A G 0.3122 1.13 1.91 x 10°%®
3 186649931 rs11332772 C CG 0.5571 1.05 1.07 x 10°1°
3 187698333 rs13086331 T C 0.8187 1.05 7.29 x 10°
3 195830310 rs9866168 T A 0.6394 1.05 1.55 x 10°°
4 1254535 rs7656416 C T 0.6833 1.1 9.01 x 102
4 1784605 rs6831006 G C 0.2736 1.07 2.92 x 107
4 6303731 rs147834269 G A 0.9784 1.23 9.10 x 1072
4 45186139 rs10938398 A G 0.2921 1.05 3.84 x 1070
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4 71844118 rs28599782 A G 0.209 1.07 4.64 x 1071
4 85339618 rs117624659 T C 0.9765 1.23 1.95 x 1071
4 153520279 rs10011838 G A 0.493 1.08 1.43 x 107
5 14768092 rs6885132 C G 0.556 1.04 2.59 x 10°
5 36257018 rs16902871 G A 0.149 1.06 3.34 x 10°
5 50079603 rs74334916 C A 0.0748 1.07 4.33x10%
5 51751574 rs12109081 T A 0.3608 1.04 1.08 x 10°®
5 55810305 rs256904 T A 0.4923 1.08 3.56 x 102
5 74574984 rs2126736 A G 0.4279 1.04 1.84 x 108
5 95848503 rs6556925 C A 0.4155 1.04 3.12x10°
5 133864599 rs329122 A G 0.3865 1.04 2.22 x 108
5 176513896 rs3135911 A C 0.4324 1.05 1.51 x 1012
6 7231843 rs9379084 G A 0.7986 1.07 2.20 x 10
6 20683164 rs9350271 A G 0.4225 1.21 4.96 x 10718
6 31026236 rs76541615 T G 0.7959 1.08 1.08 x 1077
6 34214670 rs4711389 A G 0.8925 1.1 7.28 x 107
6 39046644 rs742762 A C 0.7118 1.08 1.79 x 102
6 50787459 rs62405419 T G 0.2682 1.05 3.79 x 10°
6 117996631 rs80196932 T C 0.7859 1.06 7.57 x 107
6 126964510 rs4273712 G A 0.4688 1.05 2.56 x 102
6 131954797 rs7739842 G T 0.3564 1.05 1.55 x 10"
6 137294771 rs35389258 T TA 0.45 1.05 9.49 x 10
6 139205386 rs9376382 C T 0.5989 1.04 1.50 x 10
6 143056556 rs9390022 T Cc 0.7997 1.05 6.35 x 10°
7 13886654 rs7787720 T C 0.4209 1.06 2.26 x 10"
7 14898282 rs17168486 T Cc 0.4181 1.07 8.23 x 102
7 28219310 rs3735567 G A 0.7776 1.06 3.05 x 102
7 44174857 rs2908279 G T 0.627 1.05 8.42 x 10"
7 55984953 rs565050730 GA G 0.3341 1.04 4.43 x 108
7 69189726 rs610930 A G 0.2868 1.07 1.38 x 10"
7 69696905 rs12698877 G A 0.3362 1.07 6.96 x 102
7 89752238 rs62469016 C G 0.2231 1.07 1.52 x 10"
7 93107093 rs2074120 A C 0.323 1.04 8.38 x 10°°
7 102336979 rs75990271 T Cc 0.8152 1.07 3.22x10™
7 126526991 rs117737118 G A 0.0934 1.18 3.31 x10%
7 127253550 rs2233580 T Cc 0.0858 1.34 2.73 x 107132
7 127761917 rs61342118 A C 0.0831 1.34 4.78 x 1071%
7 140579350 rs71170768 TA T 0.3159 1.07 2.17 x 1071
7 157024510 rs1182444 G A 0.4947 1.05 1.67 x 102
8 17927609 rs34642578 T C 0.0533 1.09 1.60 x 10°
8 36832310 rs56687477 A G 0.3227 1.05 1.53 x 10°1°
8 37391203 rs4739515 G C 0.5383 1.05 1.68 x 107"
8 38343012 rs328301 T C 0.3278 1.04 4.11 x 108
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8 41512648 rs33981001 GGT G 0.3888 1.08 527 x 102
8 73503743 rs349359 C A 0.2424 1.04 3.05 x 108
8 75214398 rs149265787 G A 0.0239 1.14 5.68 x 1070
8 95960886 rs896852 G T 0.2998 1.04 6.42 x 10°
8 118184783 rs13266634 C T 0.5857 1.12 3.73x10%
8 126471274 rs60089934 A G 0.3777 1.04 3.33x10°
8 132879795 rs73708054 C T 0.2523 1.04 4.41 x 10
9 1032567 rs1016565 A G 0.4209 1.04 2.18 x 10°®
9 4290085 rs4237150 C G 0.4262 1.07 4.46 x 107
9 22132878 rs10965248 T C 0.563 1.2 4.42 x 107184
9 81917127 rs1328412 T C 0.9448 1.1 6.41 x 10"
9 84308948 rs2796441 G A 0.3897 1.08 1.43 x 10
9 98278413 rs113154802 C T 0.8885 1.06 3.51x 108
9 107597527 rs201375651 CA C 0.3948 1.04 2.56 x 10°®
9 136149500 rs529565 C T 0.4445 1.04 1.68 x 1010
9 139246588 rs376993806 G A 0.8821 1.14 4.52 x 10
10 12309139 rs11257657 G C 0.4832 1.12 9.77 x 1052
10 23487778 rs77065181 A G 0.0468 1.09 1.57 x 108
10 63712602 rs141583966 G GGTGT 0.9093 1.08 7.65 x 1070
10 64976133 rs148928116 T TA 0.7945 1.06 2.53 x 10"
10 71273357 rs1955163 G 0.5409 1.05 1.68 x 10"
10 77323643 rs34907385 C T 0.4914 1.05 5.37 x 102
10 80951130 rs34204798 C CG 0.5681 1.06 5.02 x 10°
10 89684214 rs1236816 A C 0.499 1.04 4.31 x 10710
10 93592703 rs147689733 T Cc 0.0209 1.31 1.21 x 10?7
10 94435673 rs35906730 G A 0.2645 1.15 1.27 x 107"
10 95009180 rs565236700 C T 0.0235 1.23 5.54 x 1079
10 99056921 rs10736116 C G 0.3058 1.05 9.21 x 10
10 112678657 rs7895872 T G 0.5787 1.05 1.37 x 10"
10 114754088 rs7901695 C T 0.0382 1.32 8.18 x 1062
10 122929493 rs10886863 C T 0.6641 1.06 5.28 x 107
10 124150342 rs112820281 C CTGGA 0.4098 1.05 1.42 x 10°°
1" 2203154 rs11043003 C T 0.0819 1.1 1.03 x 107
1 2858546 rs2237897 C T 0.6321 1.28 1.88 x 104
1 17415190 rs4148646 C G 0.3846 1.08 1.70 x 10
1 27729505 rs4922793 A G 0.5655 1.04 1.62 x 10"
1 69462642 rs602652 A G 0.8088 1.06 5.32 x 10
1 72463435 rs7109575 G A 0.9448 1.15 5.46 x 10%'
1 92708710 rs10830963 G C 0.421 1.04 4.49 x 108
12 4381981 rs7304270 C T 0.7614 1.07 1.04 x 102
12 27963402 rs3751236 G A 0.6717 1.07 6.58 x 10!
12 31441179 rs80234489 C A 0.1699 1.11 4.33 x 10
12 50269863 rs77978149 T C 0.0898 1.08 5.70 x 10°
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12 66232810 rs2583934 T G 0.3396 1.06 4.95 x 1071
12 71449521 rs7313668 T G 0.3742 1.05 4.91 x 10™
12 97850215 rs10860209 C A 0.589 1.04 5.67 x 10°
12 108629780 rs1426371 G A 0.4911 1.05 7.76 x 1072
12 111836771 rs149212747 A AC 0.7948 1.07 2.07 x 10™
12 112736118 rs77768175 A G 0.8068 1.07 1.39 x 10°1°
12 114123722 rs7307263 G C 0.4272 1.04 3.64 x 108
12 118400856 rs111246699 A G 0.2572 1.06 1.54 x 10
12 121363506 rs118074491 G A 0.0323 1.21 8.83 x 102
13 22589883 rs9316706 A G 0.3505 1.04 3.33x 10°
13 26781367 rs568052023 C CA 0.5812 1.07 2.62 x 102
13 33557173 rs7983505 T A 0.1572 1.08 3.22x 107
13 51088809 rs123378 G A 0.1951 1.05 2.22 x 10710
13 80707429 rs1215468 A G 0.7185 1.09 1.32 x 10°®
13 91949562 rs9515905 A G 0.831 1.08 7.24 x 1078
14 24878370 rs12437434 C T 0.7127 1.05 1.02 x 10°
14 38809661 rs61975988 A G 0.4569 1.04 1.97 x 10°
14 77382503 rs58524310 G A 0.3268 1.05 8.41 x 10
14 101255172 rs73347525 A G 0.7556 1.06 7.46 x 10
14 103237952 rs55700915 A G 0.4344 1.04 1.50 x 108
15 28546173 rs76704029 T C 0.7322 1.06 3.39 x 108
15 38828140 rs8043085 T G 0.4493 1.05 2.06 x 10
15 40615872 rs12907887 C G 0.229 1.08 1.74 x 102
15 52587740 rs149336329 G T 0.9494 1.1 1.70 x 10°
15 62394264 rs8037894 G C 0.5856 1.08 7.30 x 10
15 68080886 rs4776970 A T 0.2214 1.04 3.41x 108
15 75742095 rs8038760 A C 0.6081 1.05 1.81 x 10"
15 77776562 rs952472 C A 0.3949 1.07 1.62 x 10
15 90428894 rs10852123 A C 0.201 1.06 8.38 x 10
15 91522253 rs8026714 A G 0.486 1.07 1.06 x 10
15 93825384 rs61021634 A G 0.4379 1.05 1.41 x 10"
15 99366409 rs79826452 A G 0.8904 1.07 3.16 x 108
16 3647098 rs2240885 A G 0.4027 1.04 2.79 x 10°
16 20323168 rs117267808 A G 0.0782 1.1 4.85x 10"
16 53800954 rs1421085 C T 0.1668 1.14 1.55 x 108
16 72022534 rs12600132 T Cc 0.4316 1.04 5.95 x 10°
16 73100308 rs6416749 C T 0.3746 1.05 3.40 x 10
16 81534790 rs2925979 T Cc 0.3635 1.04 1.51 x 10°
17 6953781 rs186568031 T C 0.0942 1.12 8.99 x 102
17 29642430 rs7502556 T C 0.5346 1.05 3.79 x 10"
17 36101586 rs8064454 A C 0.3049 1.13 6.47 x 108
17 65641651 rs2706710 T C 0.0813 1.07 1.67 x 108
17 73187031 rs35559984 CA C 0.6519 1.05 7.88 x 10°
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18 7076836 rs9948462 T C 0.7048 1.05 8.70 x 107
18 57852587 rs476828 C T 0.243 1.09 4.81 x 107
18 60845884 rs12454712 T C 0.5122 1.06 1.40 x 10"
19 7293119 rs8101064 T C 0.1277 1.07 3.53 x 108
19 7986638 rs475002 G C 0.5184 1.04 9.80 x 107
19 12509536 rs4804181 A C 0.5139 1.04 1.54 x 108
19 21529576 rs145389767 G A 0.9794 1.22 2.42 x 10
19 22100706 rs142395395 A G 0.9691 1.24 6.95 x 102
19 33894846 rs10422861 C T 0.5358 1.06 2.29 x 1071
19 46157928 rs113036890 CAAAAAAAA C 0.7313 1.1 1.03 x 10°%2
20 22430241 rs73085586 G A 0.6437 1.04 1.66 x 10°°
20 42994812 rs12625671 C T 0.442 1.07 2.25 x 102!
20 48830772 rs13040225 A T 0.5132 1.05 1.64 x 10
20 50155386 rs6021276 T C 0.4101 1.04 6.66 x 10°1°
20 57477177 rs11477757 TC TCC 0.6687 1.06 1.27 x 108
22 29380119 rs147413364 T TA 0.3571 1.04 3.38 x 108
22 46313618 rs28637892 T 0.2153 1.05 3.66 x 10°
22 50356302 rs28691713 C T 0.5552 1.07 1.79 x 1077

" Chr is chromosome.
i Position is in base pairs (bp) on Genome Reference Consortium Human Build 37.

I A1 and a2 are the alleles from AGEN 2020, with the effect allele given first.
K A1f is the frequency of a1 in AGEN 2020 study population.
'OR is reported per copy of the effect allele and is also reported with the 95% confidence interval (Cl) of the OR.
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Table 7.2.2. Summary statistics for SNPs included in the construction of the DIAGRAM
2018 (DIAbetes Genetics Replication And Meta-analysis (DIAGRAM) Consortium et al.,

2014) PS.
chr™ position" SNP a1° a2 alf® OR? p-value

1 40035928 rs3768321 T G 0.2 1.09 2.6 x 10
1 117532790 rs1127215 C T 0.584 1.05 1.6 x 10"
1 120526982 rs1493694 T C 0.109 1.09 2.7 x 107
1 150786038 rs10305745 A G 0.015 1.28 4.4 x 108
1 177889025 rs539515 C A 0.198 1.05 1.6 x 1010
1 205114873 rs12048743 G C 0.442 1.04 3.5x10°
1 206593900 rs9430095 C G 0.494 1.04 1.9 x 10°®
1 214159256 rs340874 C T 0.556 1.07 1.6 x 1022
1 219748818 rs2820446 C G 0.706 1.06 3.3x 107
1 229672955 rs348330 G A 0.361 1.05 2.7 x10™
1 235690800 rs291367 G A 0.632 1.04 4.7 x 101
2 422144 rs62107261 T C 0.954 1.12 3.8x 1072
2 653575 rs35913461 C T 0.829 1.06 1.6 x 10"
2 16574669 rs11680058 A G 0.863 1.06 1.4 x 10
2 25643221 rs17802463 G T 0.731 1.04 29 x 108
2 27730940 rs1260326 C T 0.607 1.07 6.5 x 10%
2 43207872 rs28525376 G T 0.422 1.03 2.7 x 108
2 43430440 rs6708643 A G 0.501 1.04 3.9x10°®
2 58981064 rs10193538 T G 0.61 1.04 8.9 x 10°
2 59307725 rs6545714 G A 0.392 1.04 8.9 x 10°
2 60583665 rs243024 A G 0.46 1.06 25x10%
2 65287896 rs2249105 A G 0.634 1.1 2.2 %10
2 65355270 rs2052261 G A 0.304 1.07 2.5x10°
2 65655012 rs2028150 C G 0.598 1.05 2.3 x107"
2 121318166 rs11688931 C G 0.849 1.04 8.2 x 10°®
2 121347612 rs11688682 G C 0.728 1.05 4.2 x10°
2 147861633 rs35999103 T C 0.155 1.05 9.7 x 10°
2 158339550 rs13426680 A G 0.937 1.09 6.7 x 100
2 161135544 rs3772071 T C 0.714 1.05 1.2 x 10™"
2 165513091 rs10195252 T C 0.586 1.07 6.0 x 10%
2 227101411 rs2972144 G A 0.639 1.1 2.1 x 10
3 12336507 rs11709077 G A 0.877 1.14 1.8 x 1036
3 12489342 rs17819328 G T 0.425 1.06 4.8 x 107
3 23510044 rs17013314 G A 0.031 1.11 8.4 x 10°
3 46925539 rs11926707 C T 0.626 1.27 2.1 %108
3 47242923 rs75423501 G A 0.101 1.05 7.5 % 10°
3 49980596 rs4688760 T C 0.684 1.04 3.5 x 1070
3 53127677 rs2581787 T G 0.563 1.04 2.4 x 108
3 63962339 rs3774723 G A 0.844 1.07 1.6 x 10"
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3 64701146 rs9860730 A G 0.704 1.06 49x 107"
3 72865183 rs13085136 C T 0.928 1.08 1.5 x 10
3 77671721 rs2272163 C A 0.618 1.04 9.6 x 10°
3 123065778 rs11708067 A G 0.772 1.09 5.2 x 1032
3 124926637 rs649961 T C 0.465 1.04 9.9 x 100
3 152086533 rs147579559 A G 0.6 1.05 8.1 x 107
3 152417881 rs74653713 C A 0.957 1.1 1.2x10%
3 152433628 rs35497231 C T 0.317 1.04 7.6 x 108
3 168218841 rs7629630 A T 0.857 1.05 2.5x10%
3 170733076 rs9873618 G A 0.71 1.07 4.8 x 102
3 183738460 rs2872246 A C 0.454 1.04 1.5x10%
3 185503456 rs6780171 A T 0.314 1.14 9.0 x 10%¢
3 185541213 rs11717959 G T 0.621 1.04 3.0x10°
3 185829891 rs1516728 A T 0.759 1.03 6.3 x 10°¢
3 186665645 rs3887925 T C 0.547 1.07 3.1x10%
3 186675277 rs7645517 A G 0.058 1.08 2.5x10%
4 744972 rs1531583 T G 0.046 1.13 3.5x10™
4 1010077 rs35654957 C T 0.367 1.03 4.2 x 107
4 1784403 rs56337234 C T 0.503 1.06 8.6 x 108
4 3241845 rs362307 T C 0.077 1.08 1.1x10°
4 6302519 rs1801212 A G 0.709 1.05 4.5x 108
4 6306763 rs10937721 C G 0.588 1.06 1.5 x10°®
4 17792869 rs12640250 C A 0.715 1.04 3.7x10°®
4 45186139 rs10938398 A G 0.429 1.05 3.6 x 1012
4 52818664 rs2102278 G A 0.319 1.04 3.7x10°®
4 89740894 rs1903002 G C 0.501 1.04 2.7 x10°®
4 104140848 rs1580278 C A 0.473 1.04 2.2 x 107
4 137083193 rs1296328 A C 0.446 1.04 3.5x 108
4 153513369 rs7669833 T A 0.705 1.06 1.2x10™
4 157652753 rs28819812 C A 0.677 1.04 2.2x10%
4 185717759 rs58730668 T C 0.858 1.07 1.3x 107"
5 14768092 rs6885132 C G 0.904 1.07 1.7 x 10°®
5 44682589 rs6884702 G A 0.393 1.04 1.5 x 1010
5 51791225 rs17261179 T C 0.517 1.04 1.3 x10°®
5 52100489 rs3811978 G A 0.167 1.06 7.7 x 10
5 52774510 rs62370480 A G 0.22 1.04 2.0 x 10°®
5 53271420 rs702634 A G 0.69 1.05 7.7 %10
5 53412620 rs279744 C A 0.691 1.04 3.1x108
5 55808475 rs465002 T C 0.742 1.1 6.1 x 1038
5 55848669 rs2431115 A G 0.402 1.04 3.9x 107
5 55861595 rs9687832 A G 0.198 1.08 1.7 x 102
5 56196604 rs96844 G A 0.262 1.04 5.4 x 108
5 67714246 rs4976033 G A 0.411 1.05 1.0 x 10°
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5 75003678 rs2307111 T C 0.605 1.05 2.1 %107
5 76424949 rs4457053 G A 0.304 1.06 8.4 x 108
5 78430607 rs1316776 C A 0.648 1.05 2.6 x 102
5 86577352 rs7719891 G A 0.259 1.04 2.4 x10®
5 133414622 rs244665 A G 0.703 1.03 9.9 x 10
5 133864599 rs329122 A G 0.429 1.04 3.6 x10°
5 157928196 rs3934712 C T 0.206 1.05 3.2x108
6 7035734 rs112498319 C A 0.409 1.03 4.2 x107
6 7255650 rs9505097 C T 0.799 1.05 8.6 x 10°1°
6 20679709 rs7756992 G A 0.274 1.15 2.4 x 1088
6 32573415 rs601945 G A 0.178 1.06 4.7 x 10®
6 34524698 rs2233632 T C 0.688 1.04 5.3 x 107
6 40409243 rs34298980 T C 0.497 1.04 9.3 x 10°1°
6 43760327 rs11967262 G C 0.486 1.04 8.8 x 100
6 43814190 rs6458354 C T 0.289 1.05 2.1 x 10"
6 50788778 rs3798519 C A 0.184 1.06 2.6 x 102
6 51180765 rs2465043 G A 0.644 1.03 2.9 x10°
6 107431688 rs4946812 G A 0.674 1.04 8.2x10°
6 126792095 rs11759026 G A 0.232 1.07 2.4 x 1018
6 127416930 rs2800733 A G 0.717 1.05 6.0 x 10
6 137300960 rs9494624 A G 0.29 1.04 6.1 x 10°
6 140249466 rs616279 A G 0.738 1.04 6.7 x 107
6 160770312 rs474513 A G 0.517 1.04 8.1 x 10°1°
6 164133001 rs4709746 C T 0.868 1.06 5.8 x 10°
7 14898282 rs17168486 T C 0.181 1.07 2.3 x 10"
7 15063569 rs10228066 T C 0.537 1.07 1.1 x 1028
7 15206239 rs2908334 T C 0.631 1.03 5.9 x10°
7 23434606 rs78840640 G C 0.022 1.1 2.8 x 10®
7 23512896 rs4279506 G C 0.61 1.06 4.8 x10®
7 28198677 rs1708302 C T 0.512 1.1 1.1 x 108
7 30728452 rs917195 C T 0.77 1.05 4.2 x10™"
7 44255643 rs878521 A G 0.245 1.06 1.9x 107"
7 102486254 rs11496066 T C 0.818 1.08 1.1x10°®
7 102987583 rs62482405 G T 0.082 1.05 6.9 x 10°®
7 103444978 rs39328 T C 0.433 1.04 3.7x108
7 117495667 rs6976111 A C 0.313 1.04 1.2x10%
7 130027037 rs2268382 C A 0.327 1.03 7.4 x 108
7 130457914 rs1562396 G A 0.319 1.06 9.9 x 1078
7 150537635 rs62492368 A G 0.308 1.05 1.1 x 1010
7 156930550 rs6459733 G C 0.673 1.06 2.4 x 107"
8 9974824 rs17689007 G A 0.533 1.04 2.5x10°
8 10808687 rs57327348 A T 0.782 1.04 45x10%
8 30863938 rs10954772 T C 0.314 1.04 1.8 x10°
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8 41509915 rs4736819 T C 0.554 1.04 5.4 x 107
8 110123183 rs12680028 C G 0.534 1.04 2.5x 10
8 118185025 rs3802177 G A 0.685 1.1 1.1 %10
8 128711742 rs17772814 G A 0.915 1.08 5.4 x 1070
8 129568078 rs1561927 C T 0.269 1.04 1.5x10°
8 145507304 rs4977213 C T 0.375 1.05 9.1 x10™
8 145879883 rs12719778 T C 0.538 1.04 5.0 x 10°
9 3965689 rs510807 A C 0.491 1.03 1.4 x 10°®
9 4291928 rs10974438 C A 0.357 1.05 1.5x10™
9 19067833 rs7022807 G A 0.401 1.04 2.7 x 1071
9 20241069 rs7867635 C T 0.412 1.04 4.0x10%
9 20662703 rs7847880 C T 0.843 1.04 2.1 x10°
9 22133773 rs76011118 A G 0.034 1.1 1.4 x 107
9 22134068 rs10811660 G A 0.828 1.27 1.4 x 101
9 22134172 rs10757283 T C 0.43 1.1 1.7 x 10
9 22157908 rs1333052 A C 0.66 1.03 6.3 x 107
9 28410683 rs1412234 C T 0.323 1.04 1.9 x 10710
9 34074476 rs12001437 C T 0.372 1.04 2.8 x 101
9 81359113 rs11137820 C G 0.575 1.04 2.9 x10%
9 81905590 rs17791513 A G 0.932 1.1 3.1x10™
9 84308948 rs2796441 G A 0.592 1.07 4.4 x102
9 97001682 rs55653563 A C 0.732 1.04 2.2 x10°
9 136149229 rs505922 C T 0.332 1.05 3.9x1072
9 139235606 rs78403475 G C 0.896 1.06 1.2x10°
9 139241030 rs28505901 G A 0.752 1.09 6.7 x 10%
9 139507212 rs11793035 C T 0.331 1.04 2.2 x107
10 12307894 rs11257655 T C 0.218 1.09 1.5 x 102
10 71321279 rs177045 G A 0.316 1.07 6.6 x 1018
10 71321658 rs61850200 C G 0.277 1.04 7.3x 108
10 71466578 rs2642588 G T 0.702 1.05 2.2 x 10"
10 80952826 rs703972 G C 0.533 1.07 1.7 x10%°
10 81096589 rs1317617 G A 0.798 1.04 1.8 x 10°®
10 89769340 rs11202627 T C 0.152 1.06 4.7 x 108
10 93924663 rs7078559 T C 0.578 1.03 4.1 %107
10 94462427 rs10882101 T C 0.587 1.06 1.4 x10%
10 94479107 rs1112718 A G 0.598 1.06 5.0 x 107
10 114703136 rs7918400 T C 0.476 1.06 2.0x 107"
10 114757956 rs78025551 C G 0.851 1.05 1.6 x 107
10 114758349 rs7903146 T C 0.295 1.37 5.8 x 10447
10 114871594 rs34855922 A G 0.716 1.05 5.5 x 102
10 122915345 rs72631105 A G 0.19 1.06 3.7x10°
10 124193181 rs2280141 T G 0.516 1.05 1.4 %101
1 1704596 rs12802972 A G 0.428 1.03 1.5x10%
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1 2118860 rs11042596 G T 0.665 1.04 2.0 x 10®
1 2197286 rs4929965 A G 0.383 1.07 4.0 x 102
1 2372356 rs4930091 C T 0.759 1.04 3.7x10°
1" 2579163 rs2283164 A G 0.947 1.08 1.2x107
11 2691500 rs231361 A G 0.256 1.08 5.0 x 10%
1" 2755548 rs2283220 A G 0.69 1.05 1.4 x10°
11 2850828 rs234853 G A 0.248 1.08 6.8 x 1071
1" 2857194 rs2237895 C A 0.426 1.12 6.0 x 1052
1 2858546 rs2237897 C T 0.954 1.23 8.4 x 102
1 2908754 rs445084 G A 0.361 1.03 1.7 x 10°®
1 17408404 rs5213 C T 0.362 1.07 3.5x10%
1 28534898 rs4923543 A G 0.332 1.04 45x 10
1 32927778 rs145678014 G T 0.957 1.1 2.0 x 10°1°
1 34642668 rs286925 A G 0.182 1.04 5.0 x 10°®
11 34982148 rs2767036 C A 0.291 1.04 3.3x108
1 43877934 rs1061810 A C 0.288 1.05 6.0 x 103
11 45912013 rs7115753 A G 0.449 1.04 3.8x10°
1 47529947 rs7124681 A C 0.41 1.04 5.1 x10°
11 65294799 rs1783541 T C 0.204 1.06 2.0x 10"
1 68997225 rs61881115 G A 0.838 1.05 4.1x107
1 72460398 rs77464186 A C 0.836 1.11 4.7 x 10
1 92708710 rs10830963 G C 0.277 1.1 4.8 x10%
1 128042575 rs10893829 T C 0.853 1.06 1.3 x 1070
1" 128234144 rs10750397 A G 0.282 1.05 8.3x10"
1 128398938 rs67232546 T C 0.207 1.06 1.3 x10™
12 4031104 rs10848958 C T 0.804 1.04 1.5 x 107
12 4300172 rs11063028 C T 0.18 1.06 8.5 x 10™
12 4376089 rs4238013 C T 0.209 1.06 3.2x10™
12 4399050 rs3217860 G A 0.258 1.05 3.9x10°
12 26453283 rs718314 G A 0.253 1.05 8.4 x10™
12 27965150 rs10842994 C T 0.805 1.08 4.1 %102
12 66221060 rs2258238 T A 0.104 1.1 4.5 x 102
12 66358347 rs1042725 T C 0.49 1.05 1.8 x 1073
12 71522953 rs1796330 G C 0.571 1.05 22x10™
12 97848775 rs77864822 A G 0.932 1.08 1.1x10%
12 108629780 rs1426371 G A 0.739 1.05 8.2 x 1072
12 118412373 rs34965774 A G 0.144 1.06 2.0 x 10°
12 118489636 rs12578639 A T 0.828 1.04 2.2 %108
12 121297815 rs11065299 A G 0.075 1.06 5.8 x 107
12 121432117 rs56348580 G C 0.689 1.05 2.3x 10"
12 123450765 rs4148856 C G 0.781 1.05 1.7 x 10°1°
12 124468572 rs7978610 G C 0.666 1.27 2.0x 10
12 124509177 rs825452 A G 0.603 1.04 2.4 x 10®
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12 133069698 rs12811407 A G 0.331 1.05 1.7 x 1012
13 26776999 rs34584161 A G 0.76 1.05 2.2 x 101
13 31042452 rs11842871 G T 0.735 1.04 1.2x10%
13 33554302 rs576674 G A 0.169 1.05 8.3 x 107
13 51096095 rs963740 A T 0.713 1.04 2.1x10%
13 58366634 rs9537803 C T 0.277 1.04 4.6 x 10®
13 58965435 rs9569864 C T 0.825 1.05 8.7 x 108
13 59077406 rs9563615 A T 0.71 1.05 6.4 x 10"
13 80717156 rs1359790 G A 0.72 1.09 2.4 x 103
13 109947213 rs7987740 T C 0.609 1.04 4.0 x 10®
13 110431626 rs4771648 G A 0.669 1.04 8.9x 108
14 23288935 rs17122772 G C 0.228 1.04 1.6 x 10°®
14 33302882 rs17522122 T G 0.474 1.04 3.2x10°
14 38848419 rs8017808 G T 0.743 1.04 2.1 x10°®
14 79932041 rs17836088 C G 0.217 1.06 6.7 x 10
14 103894071 rs62007683 G T 0.653 1.04 3.1x108
15 38834033 rs8032939 C T 0.246 1.06 3.5x10™
15 41809205 rs11070332 A G 0.358 1.05 1.1 %1071
15 53091553 rs2456530 T C 0.127 1.06 5.4 x10°
15 57456802 rs117483894 G A 0.037 1.1 3.9x108
15 62394264 rs8037894 G C 0.566 1.05 26x10™
15 63871292 rs7178762 C T 0.46 1.04 5.4 x 101°
15 68080886 rs4776970 A T 0.641 1.04 5.0x10°
15 75932129 rs13737 G T 0.759 1.05 5.6 x 10°1°
15 77818128 rs1005752 A C 0.715 1.08 25x10%
15 90423293 rs4932265 T C 0.267 1.07 4.2 x 102
15 91511260 rs12910825 G A 0.361 1.05 1.6x 107
16 295795 rs6600191 T C 0.825 1.06 9.3x 107
16 3583173 rs3751837 T C 0.22 1.04 1.4 x10%®
16 28915217 rs8046545 G A 0.359 1.04 1.9 x10%
16 53800954 rs1421085 C T 0.415 1.13 3.1 %108
16 69651866 rs862320 C T 0.578 1.04 3.9x10™
16 75234872 rs72802342 C A 0.923 1.17 4.0x 1032
16 75516534 rs3115960 G C 0.37 1.03 2.8 x 10°
16 81534790 rs2925979 T C 0.3 1.05 1.4 x 10
17 3828086 rs1043246 G C 0.157 1.05 7.9 x107
17 3860356 rs3826482 A T 0.576 1.03 2.1 %107
17 4045440 rs1377807 C G 0.312 1.05 4.2 x10"
17 7549681 rs1641523 C T 0.428 1.05 1.2x 10710
17 9785187 rs7222481 C G 0.324 1.04 1.4 x10%®
17 17661802 rs4925109 A G 0.316 1.05 2.8 x 10
17 36046451 rs10962 C G 0.226 1.05 9.9 x 10°1°
17 36099952 rs10908278 T A 0.481 1.08 6.4 x 10
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17 40731411 rs34855406 C G 0.277 1.05 2.3 x 10
17 47060322 rs35895680 C A 0.678 1.06 2.5x 10
17 61965043 rs2727301 T C 0.754 1.04 1.3 x10°
17 62203304 rs60276348 T C 0.14 1.05 2.6 x 10®
17 65892507 rs61676547 C G 0.192 1.06 2.9 x 10"
18 7070642 rs7240767 C T 0.376 1.04 1.6 x 10
18 53452144 rs28719468 C T 0.159 1.04 1.9 x 10
18 54675384 rs17684074 G C 0.74 1.04 29x10%
18 56876228 rs9957145 G A 0.829 1.05 8.1 x 10°
18 57848369 rs523288 T A 0.238 1.05 7.6 x 107
18 58056566 rs74452128 C A 0.976 1.15 1.0 x 10°
18 60668270 rs10469140 G A 0.485 1.03 6.6 x 10
18 60845884 rs12454712 T C 0.614 1.05 46 x 10"
19 4948862 rs7249758 A G 0.204 1.05 3.4 x10°
19 7240848 rs75253922 C T 0.191 1.05 2.7 x 10°®
19 7970635 rs4804833 A G 0.39 1.05 7.7 %107
19 19388500 rs8107974 T A 0.077 1.1 3.3x107
19 33890838 rs10406327 C G 0.523 1.04 3.8x 108
19 44938870 A G 0.001 1.61 8.3 x 10°
19 45411941 rs429358 T C 0.846 1.08 2.6 x 108
19 46157019 rs10406431 A G 0.563 1.05 9.6 x 107
19 46178661 rs2238689 C T 0.418 1.04 5.4 x10°
19 47569003 rs3810291 A G 0.673 1.05 8.9 x 10712
20 21466795 rs13041756 C T 0.107 1.06 1.4 x10%
20 32596704 rs2268078 A G 0.657 1.04 2.3 x101°
20 43001721 rs4810426 T C 0.106 1.09 3.1 x107"
20 43042364 rs1800961 T C 0.035 1.18 2.3 x 102
20 43233649 rs11696357 A G 0.934 1.06 9.9 x 10°
20 45598564 rs6063048 G A 0.725 1.05 2.2 x10™"
20 48832135 rs11699802 C T 0.536 1.04 1.8 x10™"
20 51223594 rs34454109 A T 0.771 1.04 7.1 x10°
20 57394628 rs6070625 G C 0.517 1.05 5.3 x 10"
20 62450664 rs6011155 T C 0.63 1.04 6.3 x 10°°
20 62693175 rs59944054 A G 0.238 1.06 1.5x10%
22 30609554 rs6518681 G A 0.914 1.09 1.1 %1012
22 32348841 rs117001013 C T 0.912 1.07 1.7 x 108
22 41489920 rs5758223 A G 0.717 1.04 3.8x 108
22 44324730 rs738408 T C 0.226 1.05 1.4 x 1010
22 50356850 rs1801645 C T 0.275 1.04 1.5x 10

™ Chr is chromosome.

" Position is in base pairs (bp) on Genome Reference Consortium Human Build 37.

° A1 and a2 are the alleles from AGEN 2020, with the effect allele given first.
P A1fis the frequency of a1 in the DIAGRAM 2018 study population.
9 OR is reported per copy of the effect allele.
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Table 7.2.3. SNPs included in the PS derived from various ancestry-specific GWAS meta-analyses in DIAMANTE 2020, as well as
the including the PECRB study population-specific weight PS.

1 20729451 rs10916784 G/IC 1.03 1.03 1.03 1.03 1.02 1.06 0.49 1.05 3.1 x 10"
1 39870793 rs3768301 TIC 1.07 1.08 1.06 1.08 1.04 1.05 0.30 1.06 2.6 x 10"
1 46358862 rs34444543 G/A 1.04 1.02 1.06 1.03 1.01 1.02 0.61 1.05 3.0 x 10"
1 64114429 rs11576729 GIT 1.05 1.08 1.06 1.04 1.09 1.03 0.50 1.04 3.6 x 10"
1 117532790 rs1127215 CIT 1.04 1.02 1.02 1.05 1.06 1.05 0.21 0.96 4.7 x 10"
1 120455586 rs835576 CIT 1.07 1.03 1.09 1.08 1.09 1.03 0.10 0.94 46 x10"
1 177889025 rs539515 C/IA 1.06 1.04 1.06 1.06 1.06 1.03 0.20 1.03 5.4 x 10"
1 200416099 rs10919928 AIG 1.03 0.77 1.04 1.15 1.14 0.98 0.13 1.13 9.1 x 10
1 204539291 rs6689629 AIG 1.04 1.05 1.04 1.03 1.03 1.04 0.98 0.93 6.7 x 10
1 205107793 rs12039805 AIG 1.03 1.03 1.02 1.04 1.06 1.01 0.39 1.03 6.0 x 10
1 206600992 rs9429893 AIG 1.03 1.08 1.02 1.04 1.02 1.03 0.48 1.03 5.5 x 10"
1 214159256 rs340874 CIT 1.05 1.01 1.06 1.04 1.04 0.35 1.04 4.2 x10"
1 219748818 rs2820446 CIG 1.05 1.06 1.03 1.06 1.02 1.03 0.38 1.06 1.8 x 10
1 229672955 rs348330 G/IA 1.05 1.02 1.06 1.05 1.03 1.02 0.68 1.01 8.0 x 10
2 422144 rs62107261 T/C 1.1 1.1 1.11 1.12 0.97 0.99 1.35 1.9 x 10"
2 653874 rs10188334 CIT 1.06 1.1 1.05 1.07 1.10 0.85 1.07 3.2x10"
2 25533568 rs55928417 GIT 1.03 0.99 1.03 1.04 1.04 1.05 0.84 1.06 4.1 x10"
2 27730940 rs1260326 CIT 1.06 1.07 1.06 1.07 1.03 1.08 0.90 1.07 5.3 x 10"
2 45192080 rs12712928 CIG 1.01 0.95 1.07 0.97 0.95 1.00 0.35 0.91 8.8 x 10
2 60586707 rs243018 G/C 1.06 1.09 1.06 1.06 1.06 1.05 0.74 1.02 6.8 x 10
2 65284231 rs2540949 AT 1.03 1.03 1.02 1.04 1.03 1.02 0.79 1.10 1.3 x 10"
2 65666674 rs6752053 T/IC 1.05 1.04 1.05 1.05 1.05 1.05 0.73 0.93 1.9 x 10"
2 121347612 rs11688682 G/IC 1.06 1.02 1.01 1.06 1.05 1.06 0.99 1.47 3.0 x 10"
2 121440218 rs10864859 T/IG 1.06 1.03 1.04 1.06 1.05 1.13 0.65 1.02 7.1 x 10"
2 158390468 rs7594480 T/C 1.08 1.07 0.99 1.08 1.10 1.09 0.84 0.98 7.7 x 10"
2 161144055 rs1020731 AIG 1.03 1.04 1.02 1.04 1.06 0.98 0.94 1.14 1.6 x 10"
2 163649480 rs12614955 T/IC 1.03 1.05 1.03 1.03 1.01 1.04 0.60 0.96 3.5 x 10"
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2 165508389 rs10184004 CIT 1.07 1.1 1.05 1.06 1.08 1.09 0.97 1.14 3.8x 10"
2 213818731 rs16849467 T/IC 1.04 1.06 1.04 1.03 1.02 1.05 0.97 0.98 8.5 x 10
2 227100490 rs2943648 G/IA 1.09 1.08 1.05 1.10 1.07 1.08 0.99 1.08 7.3 x 10"
3 12329783 rs17036160 CIT 1.12 1.09 1.12 1.12 1.12 1.12 0.91 1.18 4.6 x102*
3 12490951 rs4684855 TIC 1.04 1.1 1.03 1.05 1.03 1.01 0.40 1.07 1.5 x 10"
3 23457080 rs13094957 T/IC 1.07 1.02 1.11 1.07 1.05 1.08 0.95 0.99 8.2 x 10"
3 23632174 rs76435632 G/IC 1.10 1.21 1.1 1.1 1.08 1.08 0.12 1.07 2.9x 10"
3 50174197 rs2624847 GIT 1.03 0.97 1.04 1.04 1.04 1.00 0.13 1.07 3.6 x 10"
3 58338809 rs12629058 TIC 1.04 1.13 1.04 1.03 1.05 1.06 0.16 1.04 6.6 x 10"
3 63897215 rs2292662 C/T 1.06 1.02 1.09 1.07 1.01 1.01 0.98 1.01 9.0 x 10
3 64703394 rs66815886 GIT 1.04 1.05 1.01 1.05 1.03 1.03 0.96 0.84 2.7 x10"
3 114960798 rs1459513 C/A 1.05 0.98 1.06 1.06 1.06 1.01 0.16 1.00 6.3 x 10
3 123065778 rs11708067 AIG 1.10 1.13 1.18 1.09 1.13 1.1 0.54 1.03 6.5 x 10"
3 124921457 rs9873519 T/IC 1.04 1.05 1.04 1.04 1.01 1.05 0.29 1.01 8.4 x 10"
3 151998053 rs1426385 AG 1.04 1.05 1.02 1.04 1.02 1.05 0.42 1.03 5.0 x 10
3 152399693 rs10935897 AG 1.03 1.04 1.03 1.04 1.06 1.01 0.18 0.93 2.2x 10"
3 152530027 rs75417759 CIT 1.07 1.07 0.96 1.1 1.1 1.06 0.98 1.07 7.1 x 107"
3 170724883 rs8192675 T/IC 1.06 0.97 1.06 1.07 1.01 1.05 0.76 1.08 1.7 x 107"
3 185510613 rs7633675 GIT 1.12 1.13 1.14 1.12 1.16 1.12 0.18 1.07 2.8 x 10"
3 186665645 rs3887925 T/IC 1.05 1.03 1.04 1.06 1.05 1.05 0.14 1.09 2.0 x 10
3 186676455 rs9799068 A/IC 1.04 1.03 1.03 1.06 1.03 1.03 0.15 1.01 6.6 x 10"
3 195825077 rs74289356 T/IC 1.05 1.07 1.06 1.04 1.06 1.01 0.41 0.96 5.4 x 10
4 1240299 rs730831 T/G 1.09 1.09 1.1 1.08 1.1 1.04 0.53 1.02 7.6 x 10"
4 1784605 rs6831006 G/IC 1.06 1.02 1.07 1.06 1.04 1.04 0.31 0.99 7.4 x 10"
4 6293237 rs9998835 G/IC 1.08 0.99 1.12 1.09 1.13 1.06 0.94 1.05 6.5 x 10"
4 18047401 rs6855926 AIG 1.04 1.07 1.03 1.04 1.02 1.06 0.66 1.05 4.1x10"
4 45175691 rs13130484 T/IC 1.04 1.08 1.03 1.04 1.04 1.02 0.30 1.13 1.8x102*
4 71835822 rs7674402 AIG 1.06 1.04 1.07 1.06 1.06 1.06 0.15 1.03 6.2 x 10
4 83587562 rs10471048 G/IC 1.03 1.05 1.02 1.04 1.01 1.04 0.23 0.96 5.1 x 10"
4 102135363 rs2659518 AIG 1.04 1.06 1.03 1.05 1.07 1.03 0.40 1.07 1.7 x 107"
4 103725894 rs223423 G/A 1.02 1.04 1.00 1.04 1.07 0.98 0.30 1.03 5.6 x 10
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4 106048291 rs17035289 CIT 1.04 1.07 1.04 1.04 1.10 1.00 0.22 1.03 5.9 x 10"
4 153520475 rs6813195 CIT 1.06 1.08 1.07 1.06 1.08 1.06 0.53 1.10 5.3 x 1072
4 157725916 rs1425482 T/IC 1.03 1.06 1.00 1.04 1.09 1.02 0.69 1.06 2.2 x 10"
5 14780521 rs30614 AIG 1.04 1.07 1.04 1.07 1.05 0.23 0.95 3.5x 10"
5 44682589 rs6884702 G/IA 1.03 0.99 1.02 1.04 1.06 1.02 0.52 1.00 8.4 x 10"
5 51791225 rs17261179 TIC 1.03 1.05 1.03 1.04 1.03 1.02 0.77 0.99 7.8 x 107"
5 53271420 rs702634 AIG 1.04 1.04 1.04 1.04 1.03 1.02 0.96 0.89 3.9x10"
5 53303595 rs6876198 CIT 1.04 1.07 1.02 1.04 1.07 1.04 0.24 1.00 8.9 x 10
5 55810305 rs256904 T/A 1.08 1.1 1.09 1.09 1.07 1.05 0.77 1.17 8.7 x 103 *
5 55840633 rs42251 AIG 1.03 1.00 1.03 1.04 1.06 1.03 0.25 1.13 26 x102*
5 55860866 rs3936510 T/IG 1.08 1.02 1.08 1.09 1.13 1.07 0.08 1.08 4.4 x 10"
5 67716793 rs57634870 GIT 1.04 1.04 1.04 1.04 1.04 1.05 0.23 0.99 7.3 x 10"
5 75003678 rs2307111 T/IC 1.04 1.12 1.00 1.05 1.05 1.02 0.76 1.03 6.4 x 107
5 76435004 rs7732130 G/A 1.06 1.15 1.08 1.06 1.04 1.03 0.35 1.1 4.1%x102*
5 78472599 rs10052346 GIT 1.04 1.08 1.02 1.04 1.07 1.02 0.47 0.96 4.5x 10"
5 122704342 rs4267865 GIT 1.08 1.18 1.06 1.08 1.07 1.12 0.86 1.13 7.2x102
5 133864599 rs329122 AG 1.04 1.01 1.04 1.04 1.07 1.06 0.80 1.06 3.4 x10"
5 176589585 rs244708 G/IA 1.03 1.02 1.04 1.02 1.06 1.01 0.45 1.1 49x102*
6 20680678 rs9348441 AT 1.17 1.08 1.23 1.15 1.09 1.12 0.28 1.13 1.7 x 102 *
6 31139452 rs879882 CIT 1.04 0.97 1.05 1.04 1.07 0.60 1.02 6.2 x 10
6 32373378 rs3806155 T/A 1.19 0.99 1.19 1.19 0.78 0.01 0.56 1.1 x 10"
6 32439077 rs7452864 CIT 1.04 1.14 1.00 1.05 1.02 0.97 1.10 6.6 x 10"
6 33524820 rs62405954 T/IC 1.10 1.17 1.05 1.1 1.08 0.81 0.98 7.5x 10"
6 34214670 rs4711389 AIG 1.08 1.30 1.13 1.05 1.07 0.51 1.06 29x10"
6 38992668 rs2281342 T/IC 1.03 1.08 1.03 1.03 1.09 1.01 0.80 1.03 7.0 x 10
6 39046644 rs742762 AIC 1.04 1.02 1.08 1.01 1.08 0.98 0.73 1.01 7.6 x 10"
6 39284184 rs3734618 G/A 1.04 1.05 1.07 1.03 1.05 1.05 0.15 117 2.6 x 102*
6 40409243 rs34298980 T/IC 1.03 1.01 1.02 1.04 1.07 1.02 0.41 1.06 2.8 x 10"
6 43758873 rs6905288 AIG 1.04 1.03 1.03 1.04 1.04 1.04 0.83 1.13 5.9 x 102
6 43814190 rs6458354 CIT 1.04 1.03 1.04 1.05 1.05 0.99 0.06 1.01 8.2 x 10
6 50788778 rs3798519 C/A 1.06 1.04 1.05 1.06 1.07 1.05 0.56 1.07 1.3 x 10"
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6 107433400 rs1665901 AT 1.04 1.00 1.04 1.04 1.02 1.03 0.66 0.98 6.7 x 107
6 118011723 rs72951506 CIT 1.04 1.11 1.05 1.04 1.00 1.03 0.73 1.12 3.9x102*
6 126792095 rs11759026 G/IA 1.07 1.12 1.06 1.07 1.1 1.07 0.77 1.03 6.1 x 10"
6 127416930 rs2800733 AIG 1.05 1.04 1.07 1.05 1.05 1.04 0.84 1.03 6.5 x 10
6 131954797 rs7739842 GIT 1.04 0.98 1.05 1.03 1.07 1.04 0.40 1.06 2.7 x 10"
6 137291281 rs6937795 AIC 1.04 0.98 1.04 1.05 1.01 1.02 0.63 1.02 6.6 x 10
6 138855975 rs9376353 AT 1.03 1.03 1.03 1.03 1.00 1.07 0.57 0.99 7.7 x 107"
6 143058692 rs6570526 G/IC 1.03 1.03 1.03 1.03 1.04 1.02 0.49 0.98 7.1 x10"
6 153438573 rs6932473 T/IA 1.04 1.01 1.04 1.04 1.06 1.03 0.28 1.07 2.1x10"
6 160770360 rs539298 AIG 1.04 1.05 1.03 1.04 1.02 1.07 0.63 0.95 2.8 x 10
6 164133001 rs4709746 CIT 1.05 1.02 1.05 1.06 1.04 0.99 0.50 1.09 6.1 x 10
7 13887008 rs12154701 A/IC 1.03 1.03 1.05 1.02 1.02 1.02 0.26 1.07 2.6 x 10
7 14898282 rs17168486 T/IC 1.06 1.01 1.07 1.07 1.05 1.05 0.83 1.05 5.1 x 10"
7 15062983 rs2215383 C/T 1.07 1.08 1.07 1.07 1.06 1.08 0.24 0.98 8.2 x 10"
7 28192280 rs849133 CIT 1.05 1.08 1.04 1.1 1.06 0.76 1.05 3.5x10"
7 28205303 rs552707 T/IC 1.03 1.04 1.04 1.01 1.00 0.01 0.76 2.1 x 10"
7 30728452 rs917195 CIT 1.05 1.04 1.04 1.05 1.08 1.05 0.59 0.98 6.5 x 10
7 44178829 rs882019 G/IA 1.03 1.07 1.04 1.03 1.01 1.01 0.52 1.02 7.6 x 107"
7 44255643 rs878521 AG 1.04 1.05 1.03 1.06 1.04 1.04 0.59 0.94 2.1x10"
7 50809085 rs13236710 G/IA 1.05 1.05 1.06 1.05 1.09 0.97 0.93 1.02 8.8 x 10"
7 69055951 rs2533457 G/A 1.04 1.06 1.06 1.03 1.03 1.07 0.27 1.03 6.3 x 10"
7 89800241 rs6978118 AT 1.03 1.05 1.07 1.02 1.04 1.01 0.39 1.07 1.9 x 10"
7 102481891 rs7781557 CIT 1.05 1.10 1.19 1.05 1.06 1.02 0.99 0.94 7.9 x 10"
7 130457914 rs1562396 G/A 1.04 1.01 1.03 1.06 1.04 1.00 0.33 1.06 2.6 x 107
7 140631823 rs11983228 CIG 1.05 1.04 1.07 1.05 1.06 1.06 0.01 1.78 5.5 x 10
7 150537635 rs62492368 AIG 1.03 1.00 1.03 1.04 1.03 1.01 0.53 0.97 6.0 x 10™
7 156794983 rs887609 AIG 1.03 1.01 1.06 1.02 1.10 0.99 0.25 1.01 7.8 x 10"
7 156992461 rs2366214 AIG 1.05 1.06 1.04 1.06 1.05 1.03 0.48 1.05 3.2x10"
8 10787612 rs4240673 T/IC 1.04 1.03 1.00 1.04 1.02 1.05 0.89 0.99 8.5 x 10"
8 12618225 rs12680692 AT 1.03 1.05 1.01 1.04 1.02 1.06 0.65 1.04 4.7 x 10
8 36854711 rs10092900 GIT 1.04 1.06 1.04 1.03 1.03 1.06 0.16 1.05 43 x10"
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8 37397803 rs12680217 T/IC 1.05 1.09 1.06 1.05 0.98 1.05 0.53 1.02 8.3 x 10
8 41510260 rs12550613 CIG 1.04 1.07 1.05 1.03 1.01 1.04 0.72 0.96 4.6 x 10"
8 41522991 rs508419 G/IA 1.05 1.03 1.07 1.05 1.06 1.06 0.92 0.98 7.7 x10"
8 95965695 rs13257021 AIG 1.04 0.99 1.05 1.05 1.06 1.02 0.40 0.98 7.4 x 107"
8 116497173 rs800909 T/IC 1.03 1.08 1.02 1.03 1.06 1.02 0.26 1.06 2.7 x 10"
8 118184783 rs13266634 CIT 1.12 1.08 1.13 1.1 1.10 1.1 0.87 1.15 5.9x 102
8 129569999 rs4733612 G/IA 1.04 1.02 1.08 1.04 1.08 1.03 0.03 1.24 2.3x 10"
8 145544720 rs3890400 AIG 1.04 1.04 1.04 1.05 1.04 1.04 0.11 1.03 6.8 x 10
8 145972670 rs7014773 T/IC 1.03 1.06 1.04 1.03 1.03 0.99 0.65 0.98 6.0 x 10
9 4290085 rs4237150 CIG 1.05 1.01 1.06 1.04 1.09 1.07 0.68 1.12 2.8 x102*
© 4297892 rs4258054 T/IC 1.03 1.00 1.03 1.04 1.03 1.01 0.24 0.91 9.6 x 102
9 19074538 rs12380322 G/A 1.03 0.99 1.03 1.04 1.00 1.03 0.23 1.04 4.4 x10"
© 21840834 rs7856455 GIT 1.04 0.98 1.04 1.10 1.01 1.03 0.76 1.03 6.8 x 107
9 22133984 rs10757282 CIT 1.08 1.05 1.06 1.09 1.08 1.06 0.40 1.07 1.4 x10"
9 22134094 rs10811661 T/IC 1.17 1.08 1.16 1.19 1.15 1.20 0.92 1.22 3.2x102*
9 28410683 rs1412234 CIT 1.03 1.07 1.01 1.04 1.02 1.06 0.22 0.98 6.5 x 10
9 34074476 rs12001437 CIT 1.03 1.00 1.03 1.04 1.03 1.00 0.47 1.03 4.5x 10"
9 81914978 rs13290396 CIT 1.10 1.12 1.12 1.10 1.09 1.10 0.70 1.09 8.6 x 102
9 83998346 rs9332453 CIT 1.03 0.98 1.05 1.02 1.02 1.06 0.73 1.02 7.4 x 10"
9 84308948 rs2796441 G/IA 1.07 1.01 1.08 1.07 1.06 1.05 0.45 1.03 49x10"
9 96971175 rs12345069 CIT 1.04 1.05 1.01 1.04 1.07 1.04 0.98 1.00 8.9 x 10
9 98278413 rs113154802 CIT 1.05 1.05 1.07 1.03 1.24 1.08 0.97 1.12 3.8x 10"
9 126015103 rs2416899 T/IG 1.03 0.97 1.03 1.05 0.99 1.08 0.28 0.97 5.6 x 107
9 136149229 rs505922 CIT 1.05 1.02 1.05 1.05 1.09 1.02 0.11 0.94 45x%x10"
9 139243334 rs28429551 AT 1.09 1.08 1.16 1.08 1.08 1.10 0.72 1.14 1.9x102*
9 139247229 rs74604683 CIT 1.05 1.23 1.06 1.05 1.08 1.03 0.87 0.97 7.8 x 10"
10 12307894 rs11257655 T/C 1.11 1.09 1.13 1.09 1.15 1.10 0.41 1.08 1.2 x 10"
10 26497704 rs7923442 AIG 1.04 1.04 1.04 1.03 1.03 1.05 0.81 1.07 2.2x 10"
10 64974380 rs41274074 G/IC 1.06 0.99 1.07 1.08 1.00 0.98 0.78 1.03 6.2 x 107
10 71320943 rs190925 AG 1.04 0.95 1.06 1.05 1.03 1.06 0.36 0.92 9.9 x 102
10 71466578 rs2642588 GIT 1.05 0.99 1.16 1.05 1.01 1.07 0.70 1.00 8.6 x 10
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10 77244336 rs3012060 T/IA 1.05 1.20 1.05 1.05 1.05 1.01 0.24 0.99 8.1 x 10"
10 80943841 rs703980 G/A 1.06 1.04 1.06 1.07 1.04 1.04 0.60 1.06 2.0 x 10
10 89766368 rs10887775 AIG 1.04 1.01 1.04 1.04 1.02 1.07 0.29 1.02 6.9 x 10~
10 94460650 rs10882099 T/IC 1.02 1.03 1.09 1.02 1.08 1.00 0.43 1.04 3.9x10"
10 94479107 rs1112718 AIG 1.02 0.99 1.07 1.01 1.01 1.02 0.40 1.04 5.0 x 10
10 99056190 rs10748694 AT 1.04 1.03 1.06 1.03 0.99 1.08 0.39 1.15 4.0x103*
10 112621837 rs7067540 CIT 1.04 1.03 1.06 1.04 1.03 1.03 0.55 0.96 3.9 x 10"
10 114344288 rs12243296 G/IA 1.04 1.22 1.03 1.09 1.00 0.00 0.69 5.6 x 10"
10 114381965 rs7100404 CIT 1.05 1.37 1.05 1.08 0.99 1.00 0.71 49x10"
10 114428364 rs2859885 C/T 1.05 1.01 1.07 0.97 1.00 0.60 1.04 4.5x 10"
10 114552267 rs10787461 G/A 1.04 0.86 1.05 1.00 1.01 0.45 1.00 8.3 x 10"
10 114715598 rs2104598 G/A 1.04 1.21 1.04 1.1 1.00 0.67 1.07 2.0 x 107
10 114758349 rs7903146 T/IC 1.33 1.18 1.35 1.29 1.26 0.09 1.02 6.5 x 10"
10 114797893 rs7076754 G/A 1.07 1.14 1.06 1.14 1.04 0.97 0.92 6.2 x 10
10 114859416 rs7081841 G/IC 1.05 1.00 1.05 1.07 1.00 0.43 1.00 8.6 x 10
10 115016408 rs12257761 T/IC 1.06 1.03 1.09 1.00 1.02 0.70 1.10 5.5x 102
10 115069951 rs11196296 T/IC 1.02 0.91 1.16 0.83 0.98 0.17 0.94 3.8x 10"
10 115247447 rs11596522 T/IG 1.05 1.07 0.86 1.01 0.02 1.03 8.2 x 10"
10 122834572 rs11199753 GIT 1.05 1.13 1.07 1.04 1.06 0.99 0.87 0.99 8.4 x 107
10 122909625 rs2172073 AIC 1.05 1.06 1.04 1.07 1.07 1.04 0.72 1.06 3.7x10"
10 122968964 rs11592107 AIG 1.03 1.05 1.04 1.03 1.05 1.03 0.01 1.53 1.0 x 10"
10 124167512 rs2421016 CIT 1.04 0.96 1.04 1.05 1.07 1.04 0.09 1.02 8.3 x 10"
11 2077271 rs76547628 T/IC 1.04 1.01 0.95 1.06 1.10 1.00 0.12 1.18 2.0x102*
11 2194420 rs10770142 G/IC 1.07 1.14 1.10 1.07 1.07 1.08 0.46 1.28 :'8 x10-7
11 2235129 rs4930050 G/A 1.06 1.15 0.89 1.02 1.15 1.00 0.46 0.89 1.8 x102*
11 2364549 rs800125 AIC 1.01 0.91 0.99 1.03 0.94 1.00 0.52 1.04 4.6 x 10
11 2375458 rs79495865 G/A 1.02 1.13 0.94 1.04 1.07 1.02 0.66 0.96 3.5x 10"
11 2579163 rs2283164 AIG 1.09 1.16 1.08 1.1 1.01 1.10 0.99 0.86 6.8 x 10
11 2681072 rs151215 G/A 1.04 1.04 0.96 1.06 1.06 1.05 0.05 1.08 46 x10"
11 2691500 rs231361 AIG 1.09 1.12 1.04 1.10 1.12 1.08 0.66 0.91 9.7 x 102
11 2799679 rs2237884 T/IC 1.04 1.03 1.07 1.04 1.10 0.96 0.55 1.05 3.7 x10"
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11 2857897 rs234866 G/A 1.05 1.10 1.03 1.05 1.14 1.08 0.96 1.06 7.1 x10"
11 2858546 rs2237897 CIT 1.156 1.156 1.12 1.21 1.23 1.20 0.55 1.32 3'2 x10-8
11 2908754 rs445084 G/A 1.04 1.07 1.03 1.04 1.12 1.04 0.41 1.05 2.8 x 10
11 8654528 rs10769936 CIT 1.03 1.02 1.03 1.04 1.06 1.00 0.79 1.00 8.4 x 107
11 17408630 rs5215 CIT 1.08 1.05 1.09 1.07 1.07 1.07 0.39 1.06 2.2 x 10"
1" 27683618 rs4923464 CIT 1.03 1.13 1.05 1.02 0.99 1.02 0.84 0.98 7.9 x 107
11 32927778 rs145678014 GIT 1.10 1.20 0.51 1.1 1.07 0.95 0.99 1.98 4.4 x102*
11 43816200 rs6485462 CIT 1.03 1.02 1.00 1.05 1.04 1.02 0.53 1.00 8.5 x 10"
11 49477266 rs6485981 T/IC 1.04 0.98 1.03 1.06 1.08 1.07 0.14 1.00 8.2 x 10"
11 65326154 rs12789028 AIG 1.06 1.06 1.04 1.06 1.03 1.08 0.10 1.22 1.6x102*
11 72460398 rs77464186 AIC 1.1 1.07 1.15 1.11 1.09 1.09 0.95 1.13 2.8 x 10
11 76156973 rs61894507 G/A 1.04 1.00 1.05 1.03 1.05 1.07 0.94 0.86 1.9x10"
11 92708710 rs10830963 G/IC 1.08 1.15 1.06 1.11 1.11 1.09 0.14 1.06 4.5x 10"
11 93131667 rs11020308 AIC 1.04 1.02 1.03 1.04 0.98 1.06 0.26 1.02 7.4 x 107"
11 128040810 rs10893827 AIG 1.04 1.03 1.03 1.06 1.06 1.05 0.65 1.03 6.4 x 107
11 128235252 rs7104712 C/IA 1.04 1.03 1.04 1.04 1.06 1.00 0.56 1.01 8.2 x 10"
11 128389391 rs11819995 T/IC 1.05 1.03 1.04 1.05 1.02 1.05 0.15 1.12 1.2 x 10"
12 4033222 rs10848960 G/IC 1.04 0.98 0.60 1.05 0.99 1.02 0.98 1.29 1.7 x 10"
12 4382324 rs3812821 G/IC 1.05 0.96 1.21 1.05 1.07 1.04 0.59 1.14 3.6 x103*
12 26474867 rs10842708 G/IA 1.04 1.07 1.03 1.05 1.01 1.04 0.69 1.01 8.5 x 107
12 27964996 rs12578595 CIT 1.07 1.02 1.07 1.08 1.05 1.05 0.75 0.92 1.2 x 10"
12 33370406 rs6488140 AG 1.04 1.09 1.01 1.05 1.06 1.03 0.69 1.08 1.4 x 10"
12 50263148 rs7132908 AG 1.03 1.00 1.04 1.03 1.03 1.00 0.08 1.02 7.8 x 10"
12 66255005 rs343093 G/C 1.07 1.12 1.07 1.08 1.09 1.05 0.23 1.10 9.3 x 10
12 66360164 rs7970350 T/IC 1.04 1.00 1.04 1.05 1.01 1.03 0.82 0.99 7.7 x 10
12 71449521 rs7313668 T/G 1.04 0.97 1.05 1.05 1.03 1.02 0.04 1.20 1.5x10"
12 97851611 rs7972074 CIT 1.04 1.06 1.04 1.02 1.10 1.01 0.82 1.06 2.9x10"
12 108629780 rs1426371 G/A 1.05 1.04 1.05 1.05 1.04 1.04 0.82 1.01 8.4 x 10"
12 118412373 rs34965774 AIG 1.06 1.05 1.07 1.06 1.06 1.05 0.32 1.03 6.5 x 10
12 121456616 rs61953351 GIT 1.06 0.98 1.06 1.07 1.12 0.99 0.98 0.91 5.8 x 10
12 123618544 rs1790116 T/IG 1.04 1.03 1.03 1.04 1.03 1.07 0.55 1.00 7.1 x 10"
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12 124545435 rs2451321 CIG 1.03 1.06 1.03 1.03 1.06 1.04 0.75 1.03 6.2 x 107
12 133069698 rs12811407 AIG 1.05 1.04 1.06 1.05 1.07 1.01 0.10 117 4.6 x102*
13 23309382 rs314879 CIT 1.04 1.08 1.04 1.04 1.05 1.04 0.02 1.27 2.0x 10"
13 26776999 rs34584161 AIG 1.05 1.00 1.06 1.05 1.02 1.04 0.34 1.06 2.8 x 10"
13 33554587 rs2858980 G/IA 1.06 1.02 1.07 1.06 1.06 1.07 0.31 1.12 2.4 x102*
13 51096095 rs963740 AT 1.04 1.03 1.04 1.04 1.04 1.02 0.90 1.12 1.8 x 10"
13 54107583 rs9568868 TIG 1.05 1.02 1.05 1.04 1.06 1.07 0.62 0.99 8.4 x 107
13 80707429 rs1215468 AIG 1.08 1.06 1.09 1.08 1.1 1.08 0.61 1.07 1.6 x 10"
13 91942919 rs34165267 CIT 1.05 1.04 1.10 1.04 1.06 1.02 0.99 1.40 2.1x10"
14 33303540 rs12883788 T/IC 1.04 1.00 1.04 1.04 1.04 1.03 0.39 1.03 5.5 x 10
14 38803756 rs2183237 G/A 1.04 1.03 1.04 1.04 1.10 1.03 0.45 1.01 8.1 x 10"
14 79944099 rs8008910 AIG 1.06 1.06 1.26 1.06 1.07 1.03 0.31 1.02 6.8 x 107
14 101124721 rs12878003 G/A 1.04 1.06 1.01 1.04 1.14 1.04 0.94 1.18 1.1 x10"
14 101255172 rs73347525 AIG 1.05 1.05 1.07 1.05 1.07 1.02 0.63 1.10 7.9 x 102
14 101301866 rs1053900 CIT 1.03 1.03 1.02 1.03 1.08 1.01 0.14 0.94 3.8x 10"
14 103252270 rs11160699 AG 1.04 1.03 1.04 1.04 1.08 1.05 0.54 1.09 8.2 x 102
15 38843887 rs28582094 G/IA 1.04 1.05 1.03 1.05 1.06 1.01 0.56 1.10 5.7 x 102
15 40616742 rs3743140 AG 1.05 1.04 1.09 1.03 1.07 1.02 0.26 1.00 8.3 x 10"
15 41818917 rs1473781 AG 1.03 1.10 1.00 1.05 1.02 1.02 0.61 1.02 5.9 x 10
15 52517714 rs3825801 CIT 1.05 1.00 1.04 1.05 0.95 1.08 0.96 0.92 4.7 x 10
15 62391608 rs7163757 CIT 1.06 1.03 1.09 1.05 1.05 1.05 0.38 0.93 1.3x10"
15 63871292 rs7178762 CIT 1.04 1.02 1.04 1.04 1.06 1.03 0.79 0.95 3.9x 10"
15 68080886 rs4776970 AT 1.04 1.00 1.05 1.04 1.03 1.03 0.10 1.07 4.7 x 10"
15 75815758 rs11636031 T/IC 1.05 1.04 1.05 1.05 1.07 1.03 0.86 1.13 9.1 x 102
15 77776562 rs952472 C/IA 1.08 1.06 1.08 1.08 1.08 1.06 0.65 1.07 2.4 x10"
15 90379632 rs6496609 C/A 1.07 1.13 1.06 1.07 1.01 1.06 0.08 1.19 6.6 x 10
15 91513157 rs2890156 AT 1.07 1.06 1.08 1.07 1.05 1.08 0.39 1.01 7.7 x 10"
15 93832067 rs7167984 G/A 1.04 1.04 1.06 1.03 1.05 1.01 0.53 1.05 2.9 x 10"
16 295795 rs6600191 T/IC 1.04 1.04 1.03 1.06 1.02 1.04 0.47 1.04 4.8 x 10"
16 3613126 rs12445430 T/IC 1.04 1.06 1.04 1.04 1.06 1.03 0.18 1.10 1.6 x 107"
16 53809123 rs55872725 T/IC 1.13 1.1 1.15 1.13 1.15 1.07 0.15 1.15 48x102*
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16 69651866 rs862320 CIT 1.04 1.02 1.03 1.04 1.02 1.01 0.88 0.88 7.3 %1072
16 73100308 rs6416749 CIT 1.04 1.01 1.06 1.03 1.05 1.01 0.21 1.01 8.4 x 107
16 75243657 rs72802358 G/IC 1.09 0.99 1.10 1.12 1.07 1.10 0.95 1.21 8.3x 1072
16 81534790 rs2925979 TIC 1.05 1.03 1.04 1.06 1.02 1.08 0.07 0.97 6.8 x 10
16 88554480 rs9937296 CIT 1.04 0.99 1.04 1.05 1.07 1.02 0.53 1.02 8.0 x 10"
17 3828086 rs1043246 G/IC 1.05 1.00 1.04 1.05 1.04 1.08 0.57 1.00 7.9 x 107
17 3988451 rs8071043 CIT 1.04 1.07 0.99 1.05 1.03 1.02 0.66 0.97 5.7 x 10"
17 6953155 rs113748381 AIG 1.1 1.08 1.13 1.08 1.13 0.81 0.40 1.02 7.0 x 107
17 17751478 rs1108646 AIG 1.04 0.99 1.04 1.04 1.05 1.04 0.64 1.01 8.4 x 10"
17 29704002 rs1048317 T/IC 1.04 1.04 1.05 1.03 1.06 1.02 0.83 1.156 23x102*
17 36043653 rs3094515 C/T 1.04 1.06 1.03 1.05 1.04 1.02 0.75 1.1 5.1 x 102
17 36056076 rs12449654 CIG 1.05 1.04 1.08 1.04 1.12 1.01 0.45 1.05 4.0x10"
17 36099952 rs10908278 T/A 1.09 1.00 1.14 1.08 1.04 1.08 0.33 1.09 9.6 x 102
17 40696915 rs684214 T/IC 1.04 1.08 1.03 1.05 1.04 1.02 0.05 1.07 5.3 x 10"
17 47060322 rs35895680 C/A 1.05 1.04 1.04 1.06 1.01 1.02 0.74 1.02 7.3x 10"
17 62203128 rs57676627 TIC 1.06 1.02 1.41 1.06 1.07 1.09 0.02 0.99 8.6 x 10
17 65957568 rs9899520 AG 1.04 0.97 1.04 1.05 1.01 1.04 0.38 1.06 2.7 x 10"
17 76792179 rs1044486 G/IA 1.04 1.07 1.04 1.03 1.06 1.04 0.56 1.08 1.4 x 10"
18 7076836 rs9948462 T/IC 1.04 0.99 1.05 1.04 1.03 1.05 0.72 0.98 7.2x10"
18 56876430 rs9957320 GIT 1.05 1.00 1.02 1.06 1.09 1.04 0.58 1.05 3.8x 10"
18 57829135 rs6567160 CIT 1.07 1.08 1.09 1.06 1.13 1.06 0.03 0.84 3.3x 10"
18 60845884 rs12454712 T/IC 1.05 1.02 1.05 1.05 1.06 1.03 0.64 1.05 3.0 x 10"
19 4951064 rs262549 G/IC 1.05 1.03 1.05 1.05 1.05 1.04 0.09 1.10 2.9 x 10
19 7968168 rs2115107 AIG 1.05 1.07 1.05 1.05 1.04 1.02 0.33 1.01 8.2 x 10"
19 12509536 rs4804181 AIC 1.04 1.01 1.04 1.04 1.04 1.03 0.66 1.02 6.9 x 107
19 19379549 rs58542926 T/IC 1.07 1.05 1.03 1.09 1.12 1.04 0.02 1.07 7.2 x 10"
19 33890838 rs10406327 CIG 1.04 1.02 1.07 1.04 1.00 1.03 0.76 1.02 6.8 x 10
19 45326768 rs1871045 T/IC 1.03 1.04 1.04 1.03 1.04 1.05 0.38 1.08 1.1 x 10"
19 45411941 rs429358 T/C 1.06 1.04 1.03 1.07 1.05 1.04 0.85 0.88 7.1 %102
19 46157019 rs10406431 AG 1.05 1.02 1.07 1.05 1.02 1.05 0.46 1.00 9.2 x 10"
19 46178661 rs2238689 CIT 1.04 1.00 1.04 1.04 1.03 1.03 0.42 1.06 2.3x 10"
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19 47569003 rs3810291 AIG 1.05 1.05 1.04 1.04 1.09 1.04 0.63 1.056 4.4 %107
20 22427370 rs2181063 CIG 1.03 1.03 1.05 1.03 0.98 1.02 0.83 1.05 4.5 x 10"
20 32674967 rs4911405 TIC 1.04 1.08 1.01 1.04 1.07 1.03 0.65 1.04 4.2 x10"
20 42994812 rs12625671 CIT 1.08 1.14 1.08 1.08 1.08 1.1 0.81 1.05 5.1 x 10"
20 43042364 rs1800961 TIC 1.16 1.10 1.15 1.18 1.14 1.07 0.03 1.39 1.4 x102*
20 45596378 rs6063046 AIG 1.04 1.07 1.03 1.05 1.04 1.03 0.84 1.16 29x102*
20 48832020 rs6091115 TIC 1.05 1.04 1.05 1.04 1.06 1.05 0.52 1.06 2.3x10"
20 57387352 rs736266 T/A 1.03 1.03 1.03 1.04 1.02 0.99 0.70 1.07 2.4 x 10"
22 30205572 rs36575 CIT 1.08 1.08 0.80 1.08 1.08 1.07 0.99 0.96 8.1 x 107
22 32203334 rs75307421 AIG 1.10 1.06 1.06 1.11 1.16 1.08 0.21 1.15 2.3x102*
22 44324730 rs738408 T/IC 1.03 1.03 1.02 1.04 1.06 1.02 0.81 0.96 45x10"
22 50356302 rs28691713 CIT 1.05 1.06 1.08 1.04 1.00 1.03 0.60 1.03 5.6 x 10

" Chr is chromosome.
* Position is in base pairs (bp) on Genome Reference Consortium Human Build 37.
t A1/a2 are the alleles from DIAMANTE 2020, with the effect allele given first.

Y OR is reported per copy of the effect allele, with all but OR_pop calculated for participants within each ancestry group included in the DIAMANTE 2020 GWAS meta-analysis:
OR_comp for the multi-ancestry — composite PS, OR_afr for the multi-ancestry — African PS, OR_eas for the multi-ancestry — East Asian PS, OR_eur for the multi-ancestry —
European PS, OR_his for the multi-ancestry — Latino/Hispanic PS, OR_sas for the multi-ancestry — South Asian PS. OR is not reported for all SNPs across analyses for various
ancestry groups: see DIAMANTE 2020 methodologies for details (Mahajan et al., 2020).

v Freq_pop is the frequency of a1 in the present Indigenous study population.

" OR_pop is the OR calculated and cross-validated for the population-specific weight score using the same set of variants as the multi-ancestry composite PS.
*Indicates nominally significant (p < 0.05), and directionally consistent with multi-ancestry result, association in the current study population.
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Table S4. SNPs included in the population-specific variant PS.

1 3637812 rs2181487 1>2 CIA 0.41 1.28 9.9 x 10°
1 3675959 rs12131045 1>2 GIT 0.32 1.37 5.0 x 10
1 7532704 rs1474950912 1>2 CIG 0.94 1.62 2.5 % 10*
1 10201624 rs77567553 1>2 AIG 0.85 1.36 55x10*
1 16322282 rs1024537880 2>1 G/A 0.08 1.65 2.0 x 10°
1 18793386 rs12041192 2>1 AIG 0.07 1.55 4.4 x10*
1 20610244 rs55928751 2>1 AIG 0.26 1.28 6.0 x 10*
1 38590813 rs898985 1>2 CIT 0.76 1.29 55x10*
1 39130160 rs4474214 1>2 GIT 0.84 1.36 4.1x10*
1 58273678 rs72664686 2>1 T/IG 0.49 1.25 4.2 x10*
1 63673963 rs147237461 2>1 AIG 0.25 1.33 8.0 x 10°
1 63722576 rs141607445 2>1 G/A 0.25 1.35 4.0x10°
1 66602990 rs551000 1>2 CIT 0.12 1.43 2.8 x 10*
1 67826180 rs114967702 2>1 AIG 0.76 1.35 3.4 x10%
1 67983243 rs10789236 1>2 CIT 0.47 1.28 1.7 x 10*
1 68225671 rs554355 1>2 AIG 0.20 1.32 4.6 x10*
1 69459021 rs199961703 1>2 I/D 0.86 1.38 5.6 x 10*
1 71093805 rs8179355 1>2 C/IA 0.63 1.33 2.2 %105
1 71172305 rs76562719 1>2 G/A 0.66 1.31 5.7 x10°
1 89948844 rs9427984 1>2 AIG 0.59 1.26 4.7 x 10*
1 91402075 rs358694 1>2 CIT 0.36 1.28 2.2 x 10*
1 91526198 rs2625760 1>2 AG 0.40 1.32 2.3 x10°
1 98141714 rs189939377 2>1 CIT 0.07 1.52 4.5x10*
1 111727851 chr1:111727851 2>1 AIC 0.96 1.86 6.1 x10°
1 115721655 rs10858066 2>1 CIT 0.55 1.29 9.8 x 10°
1 116403499 rs975972 1>2 CIT 0.20 1.34 2.3 x10*
1 164492700 rs6677872 1>2 T/G 0.93 1.60 1.8 x 10*
1 169455435 rs2056926 2>1 CIG 0.20 1.39 1.3 x10°
1 169529973 rs6029 2>1 T/C 0.19 1.39 3.0x10°
1 183709624 rs12407737 1>2 C/IA 0.95 1.67 3.5x10*
1 183747518 rs78151551 1>2 AIG 0.95 1.67 3.3x10*
1 187743426 rs115672901 1>2 T/G 0.90 1.45 4.3 x10*
1 193504097 rs12034778 2>1 T/A 0.84 1.36 3.1x10*
1 194775338 rs6656153 2>1 T/IC 0.08 1.47 52 x10*
1 202114469 rs11581162 1>2 G/A 0.10 1.48 3.3x10*
1 221303867 rs10863588 1>2 CIT 0.12 1.44 2.7 x 10*
1 230011750 rs149517808 1>2 T/C 0.14 1.38 5.3 x10*
1 230486870 rs74634891 1>2 G/A 0.88 1.55 6.6 x 10°
1 230619350 rs12048353 1>2 CIT 0.34 1.31 9.2 x 10°
1 237215582 chr1:237215582 1>2 GIT 0.04 1.78 4.7 x 10*
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1 237326254 rs111689687 1>2 GIT 0.05 1.78 9.3 x10°
1 247363038 rs12130823 1>2 GIT 0.25 1.29 4.1 x10*
2 3457459 rs12619324 1>2 G/A 0.83 1.34 5.4 x10*
2 5689487 rs2882275 1>2 TIC 0.28 1.28 4.1 x10*
2 16277283 rs138932039 2>1 CIT 0.26 1.33 7.8 x10%
2 16336621 rs144177256 2>1 CIG 0.21 1.37 6.3 x10°
2 28819516 rs10194430 1>2 AIG 0.34 1.26 6.4 x 10
2 33243179 rs75886200 1>2 G/IC 0.07 1.64 8.6 x 10°
2 33267614 rs13393464 2>1 T/C 0.88 1.42 1.3 x 10*
2 33626885 rs78541119 1>2 G/A 0.04 1.90 2.2 x10*
2 33626957 rs609277 2>1 T/G 0.38 1.256 6.2 x 10*
2 42114002 rs13028888 2>1 CIT 0.39 1.256 4.6 x 10
2 45572181 rs13036196 1>2 T/IC 0.76 1.31 2.5 x 10
2 45668873 rs3770252 1>2 GIT 0.81 1.32 5.7 x 10*
2 49641556 rs17835319 2>1 AIG 0.20 1.34 2.4 x 10*
2 55090468 rs35459932 2>1 AIG 0.84 1.37 2.2 x10*
2 98481711 rs139613671 1>2 CIT 0.23 1.33 1.8 x 10
2 98647080 rs143198148 1>2 CIG 0.19 1.33 52 x10*
2 100862903 rs6737502 1>2 CIT 0.78 1.35 1.9 x 10
2 106401187 chr2:106401187 2>1 D/l 0.01 2.79 5.1 x10*
2 110282530 chr2:110282530 2>1 T/IG 0.95 1.71 5.7 x 10*
2 111413674 chr2:111413674 2>1 G/A 0.96 1.82 2.9 x10*
2 111881704 chr2:111881704 2>1 CIT 0.96 1.83 2.2 x 10
2 121084993 rs73951213 2>1 AIG 0.92 1.50 2.8 x10*
2 129213748 rs10175448 2>1 T/IC 0.41 1.24 5.7 x 10*
2 130178361 rs66638135 2>1 I/D 0.67 1.26 4.8 x10*
2 170981031 rs4668198 1>2 CIT 0.62 1.26 4.5x10*
2 174267408 rs10194659 1>2 CIG 0.31 1.34 3.1x10%
2 180454209 rs79903308 1>2 AIG 0.07 1.63 1.2 x10*
2 180543780 rs1515286 1>2 AIC 0.18 1.42 2.2x10°
2 198169130 rs12464356 1>2 T/IC 0.88 1.46 1.3 x 10*
2 198298448 rs150021501 1>2 I/D 0.88 1.41 4.5x10*
2 198515254 rs116121900 1>2 G/A 0.86 1.40 2.7 x 10
2 199679110 rs10189905 1>2 GIT 0.24 1.31 4.3 x10%
2 207412722 rs3217266 2>1 I/D 0.80 1.37 4.2x10°
2 207518184 rs10186535 2>1 T/IC 0.78 1.29 5.9 x10*
2 208333760 chr2:208333760 2>1 CIT 0.95 1.67 4.3 x10*
2 215243598 rs6705674 1>2 CIT 0.41 1.26 3.6 x 10
2 215401934 rs77091556 1>2 T/G 0.27 1.33 8.1x10°
2 216023682 rs7419736 1>2 G/A 0.75 1.35 6.1 x 10°
2 216138939 rs112349663 1>2 I/D 0.80 1.39 4.6 x10°
2 220821732 rs80349138 1>2 AIC 0.84 1.39 1.4 x10*
2 221639854 rs6755421 2>1 AIG 0.64 1.26 4.3 x10*
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2 222027666 rs2019083 1>2 CIT 0.59 1.256 5.8 x10*
2 225105625 chr2:225105625 1>2 G/IC 0.96 1.79 3.2x10*
2 226360771 rs1963400 2>1 TIG 0.80 1.30 57 x10*
2 226857138 rs138124232 1>2 CIA 0.87 1.39 5.9 x10*
2 226979415 rs139975434 1>2 AIG 0.83 1.35 6.2 x 10*
2 227131174 rs41504645 1>2 T/IC 0.86 1.39 3.8x10*
2 230284815 rs2396663 2>1 TIC 0.72 1.28 4.5x10*
2 232190769 rs56678553 1>2 AIG 0.65 1.32 3.8x10°
2 239775835 rs150530918 1>2 G/A 0.12 1.43 3.1 x10*
2 242490658 rs13408032 1>2 T/C 0.47 1.256 4.6 x 10
2 242577950 rs17140248 1>2 AIG 0.39 1.256 4.8 x 10*
3 1293504 rs3772339 1>2 AIC 0.29 1.29 3.3x10*
3 7589639 rs117534611 2>1 AIG 0.14 1.42 1.0 x 10*
3 9977244 rs3894571 2>1 T/IC 0.30 1.30 9.0 x 10°
3 15382870 rs2103079 1>2 TIC 0.77 1.32 1.7 x 10*
3 39844963 rs62261638 1>2 G/A 0.33 1.31 1.0 x 10*
3 39966748 rs11717034 1>2 G/A 0.30 1.30 1.8 x 10*
3 57038055 rs183677269 2>1 C/IA 0.86 1.36 4.8 x10*
3 57151483 rs189430546 2>1 TIC 0.86 1.37 5.0 x 10*
3 58822664 rs79407372 1>2 G/A 0.87 1.40 4.6 x 10
3 59777427 rs67777617 1>2 GIT 0.56 1.256 4.0x10*
3 60742058 rs13063937 1>2 C/A 0.73 1.31 1.8 x 10
3 60833504 rs76349782 1>2 T/A 0.86 1.43 9.2x10°
3 62531625 rs17695565 1>2 T/IC 0.82 1.38 1.3 x 10
3 64835496 rs73119726 2>1 CIT 0.87 1.45 7.1x10°
3 65023127 rs4688534 2>1 C/A 0.24 1.29 4.8 x10*
3 73701944 rs6781766 1>2 T/IC 0.33 1.27 3.8x10*
3 73860347 rs61663855 1>2 D/l 0.13 1.39 5.4 x10*
3 89994954 chr3:89994954 2>1 CIT 0.07 1.53 4.6 x 10
3 96503627 rs75849815 1>2 T/A 0.10 1.45 5.8 x 10*
3 98562718 rs79834212 1>2 G/IC 0.41 1.28 1.8 x 10*
3 98736435 rs80040807 1>2 AIC 0.38 1.27 3.3x10*
3 105005089 rs16851027 1>2 CIT 0.30 1.29 3.6 x 10
3 105047616 rs10575418 1>2 I/D 0.63 1.26 5.0 x 10*
3 108652222 rs5851624 1>2 D/l 0.31 1.27 5.5 x 10*
3 112556904 rs6795521 2>1 G/IC 0.31 1.30 9.0 x 10°
3 112914615 rs972554 2>1 AIG 0.32 1.25 6.1 x10*
3 116317395 rs1518327 1>2 T/IG 0.33 1.29 1.7 x 10
3 131374802 rs9861011 1>2 G/A 0.73 1.29 4.6 x 10*
3 131835569 rs13074860 2>1 CIT 0.15 1.37 3.6 x 10*
3 133258597 rs4533654 1>2 T/IG 0.73 1.32 8.2x10°
3 140296782 rs75476344 2>1 AIG 0.20 1.30 5.9 x 10*
3 141031298 rs79507063 2>1 T/IG 0.82 1.34 3.7x10*
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3 143806538 rs16854922 1>2 G/IC 0.88 1.41 5.2 x10*
3 148122713 rs4321499 2>1 GIT 0.21 1.32 3.9x10*
3 149050925 rs1526786 2>1 T/IC 0.24 1.29 3.1 x10*
3 167082105 rs79573605 2>1 G/IC 0.10 1.44 4.4 x10*
3 172707771 rs76050108 1>2 AT 0.92 1.58 1.2 x10*
3 174762060 rs9863629 2>1 TIC 0.86 1.40 1.6 x 10
3 176927519 rs62296619 2>1 CIT 0.78 1.30 3.4 x10*
3 181080833 rs118012541 2>1 G/A 0.84 1.37 2.5 x10*
3 181505245 rs74909304 1>2 C/A 0.46 1.31 3.9x10°
3 184118600 rs7648852 1>2 G/A 0.40 1.30 6.9 x 105
3 185680144 rs10937233 1>2 T/C 0.30 1.27 6.0 x 10*
3 185877745 rs138925570 1>2 G/A 0.93 1.61 1.0 x 10*
3 186346272 rs73061438 1>2 G/A 0.42 1.28 1.8 x 10
3 188149586 rs7649407 2>1 AIG 0.87 1.38 4.8 x10*
3 189048167 rs4687038 2>1 CIT 0.34 1.32 2.9x10°
3 194400812 rs9820108 1>2 AIG 0.33 1.27 5.7 x10*
4 3682614 chr4:3682614 2>1 T/IC 0.90 1.42 6.4 x 10
4 8755903 rs140893109 2>1 G/A 0.94 1.62 2.4 x 10*
4 9902230 rs4235344 2>1 AIG 0.13 1.38 4.8 x10*
4 10535135 rs117906214 2>1 G/A 0.20 1.30 5.4 x10*
4 11572999 rs2191065 2>1 G/A 0.89 1.42 4.1x10*
4 14865904 rs2047203 2>1 AIT 0.19 1.32 6.6 x 10*
4 24280616 rs59580288 2>1 D/I 0.22 1.32 2.0 x 10
4 33764638 rs144917101 1>2 G/A 0.88 1.44 2.1 x10%
4 34075738 rs116018934 1>2 AIC 0.89 1.42 3.8 x10*
4 42123860 rs137880547 1>2 T/IC 0.91 1.50 5.0 x 10*
4 68091816 rs28528999 2>1 T/IC 0.72 1.27 4.3 x10*
4 78552172 rs28884780 1>2 AG 0.34 1.32 43 x10°
4 84052440 rs41332145 1>2 CIT 0.70 1.27 4.7 x 10*
4 90095095 rs180910763 1>2 CIT 0.80 1.34 2.4 x 10*
4 91765642 rs78416641 1>2 AIC 0.05 1.68 2.2 x10*
4 121486977 rs36072791 1>2 AG 0.82 1.32 6.2 x 10*
4 126112363 rs186374925 1>2 GIT 0.95 1.74 1.3 x 10
4 136750399 rs13139177 2>1 G/A 0.59 1.24 6.3 x 10*
4 138486135 rs188206537 2>1 AIG 0.17 1.50 1.6 x 10°®
4 138534031 rs141998354 2>1 T/IC 0.19 1.45 4.6 x 108
4 148175509 rs181321827 1>2 AIG 0.88 1.49 7.7 x10%
4 166861524 rs28669377 2>1 T/A 0.90 1.50 2.0 x 10*
4 168716957 rs191684316 2>1 CIT 0.06 1.80 1.5 x10°
4 178830486 rs188918690 2>1 G/IC 0.11 1.41 59 x10*
4 184835242 rs10866265 1>2 CIT 0.31 1.27 5.8 x 10*
5 2089792 rs139754007 2>1 D/l 0.38 1.24 6.3 x 10*
5 2902999 rs2860294 2>1 AIG 0.50 1.25 2.9 x10*
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5 18835357 rs114710558 1>2 T/IC 0.12 1.40 5.4 x10*
5 19488982 rs13170473 2>1 G/A 0.44 1.24 5.3 x10*
5 27367354 rs59371379 1>2 I/D 0.87 1.42 1.4 x10*
5 27432606 rs4367265 1>2 AIG 0.86 1.42 1.3 x 10
5 27609865 rs55668326 1>2 TIG 0.85 1.45 4.0 x10°
5 31660006 rs6861360 1>2 G/A 0.36 1.28 2.0 x 10*
5 67169005 rs141412809 2>1 CIG 0.10 1.45 4.6 x 10
5 67950535 rs10076830 2>1 T/IC 0.94 1.61 1.9 x 10
5 73221549 rs6453032 2>1 GIT 0.47 1.27 1.1 x10*
5 98388026 rs59910509 2>1 AIG 0.12 1.38 6.4 x 10
5 109204107 rs2241690 2>1 T/G 0.66 1.26 4.4 x10*
5 109947984 rs117569584 2>1 G/A 0.94 1.57 4.7 x 10
5 118705545 rs32652 2>1 T/G 0.38 1.27 2.0 x 10*
5 128130002 rs62391237 2>1 CIT 0.93 1.61 6.9 x 10°
5 128313080 rs2577423 2>1 TIC 0.71 1.32 6.5 x 10°
5 129700024 rs73239262 2>1 T/IC 0.95 1.66 1.6 x 10
5 130810992 rs149151967 2>1 GIT 0.95 1.64 6.5 x 10*
5 135215554 rs2269927 2>1 CIT 0.92 1.49 4.1 x10*
5 136932292 chr5:136932292 2>1 CIT 0.05 1.73 2.1 x10*
5 150881537 rs58610768 2>1 G/A 0.86 1.36 5.6 x 10*
5 163661781 rs73799291 2>1 G/C 0.06 1.59 3.7 x10*
5 173273681 rs3849720 2>1 T/IC 0.23 1.39 1.6 x 10°
6 3030410 rs6596934 1>2 CIG 0.29 1.28 5.5 x 10*
6 9512507 rs2327189 1>2 T/IC 0.29 1.29 3.4 x10*
6 15936733 rs6936104 2>1 G/A 0.91 1.43 6.2 x 10*
6 17850142 rs676296 1>2 AIG 0.79 1.31 5.3 x 10*
6 21506530 rs6927607 2>1 T/IC 0.75 1.29 4.1 x10*
6 24270120 rs117831339 1>2 G/A 0.19 1.32 6.0 x 10
6 31481299 rs2516399 1>2 AIG 0.84 1.35 4.6 x 10
6 37649437 rs62398397 1>2 G/A 0.55 1.27 2.6 x 10
6 40547677 rs115546979 1>2 T/IC 0.94 1.64 2.6 x 10*
6 43233482 chr6:43233482 2>1 T/IC 0.99 3.27 3.9x10%
6 43413575 rs369686699 2>1 G/A 0.99 3.26 4.5 %105
6 45404230 rs1997992 1>2 T/IC 0.29 1.31 1.2 x10*
6 45922402 rs3777591 1>2 G/A 0.23 1.30 5.2 x10*
6 64732017 rs9344660 1>2 G/A 0.09 1.48 4.9 %10
6 70767320 rs3805997 1>2 G/A 0.25 1.31 3.2x10*
6 79912072 chr6:79912072 1>2 GIT 0.03 2.03 4.7 x 10"
6 80178863 rs2803183 1>2 T/IC 0.42 1.26 4.6 x 10*
6 93467089 chr6:93467089 1>2 A/IC 0.05 1.64 5.3 x10*
6 101940762 rs2579944 1>2 AG 0.74 1.32 1.5 x10*
6 103295786 chr6:103295786 1>2 G/A 0.96 1.85 2.7 x 10*
6 117832836 rs9387485 1>2 CIT 0.10 1.52 8.2x10°
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6 139039029 rs9389610 1>2 G/A 0.57 1.26 3.8x10*
6 139759781 rs3010312 2>1 C/IA 0.63 1.256 4.4 x10*
6 151353805 rs12183135 1>2 CIG 0.06 1.63 4.7 x 10*
6 154668204 rs4870278 2>1 TIC 0.82 1.34 2.8 x 10*
6 155315556 rs13199643 1>2 G/A 0.37 1.33 1.2x10°
6 156494674 rs7774516 1>2 CIG 0.46 1.30 3.5x10%
6 156549813 rs9384441 1>2 AIG 0.24 1.40 8.8 x 10°®
6 158295488 rs181880963 2>1 TIA 0.94 1.57 4.5x10*
6 164360807 rs12193589 1>2 AIG 0.40 1.27 2.4 x 10*
6 166896330 rs6929010 1>2 T/IC 0.46 1.256 5.4 x10*
7 1632513 rs13235561 1>2 AIC 0.16 1.38 1.7 x 10*
7 3078035 rs35049983 1>2 AIG 0.44 1.256 4.4 x10*
7 3252555 rs34932678 2>1 AIG 0.67 1.32 2.7 x10°
7 4224116 chr7:4224116 2>1 AIG 0.02 2.35 4.4 x10*
7 7187816 rs150130341 2>1 T/IC 0.92 1.52 4.2 x10*
7 8189620 rs3757524 1>2 CIT 0.21 1.32 3.7x10*
7 9619380 rs2259306 2>1 CIT 0.58 1.24 5.5x10*
7 13907827 rs251994 2>1 CIT 0.53 1.24 3.7x10*
7 13945127 rs2237295 2>1 CIT 0.41 1.25 3.8x10*
7 20021609 rs6956048 1>2 CIA 0.52 1.25 4.7 x 10*
7 23997775 rs57329175 2>1 CIT 0.93 1.52 5.8 x 10*
7 24958042 rs120 2>1 AIG 0.25 1.30 1.9 x 10*
7 26122034 rs17153193 2>1 T/IC 0.70 1.30 1.3 x 10
7 28485676 rs17156696 2>1 T/A 0.32 1.26 5.3 x10*
7 28547048 rs12333835 1>2 CIT 0.23 1.33 1.8 x 10
7 29668519 rs16875105 2>1 AIG 0.19 1.31 4.6 x10*
7 38673833 rs9918553 2>1 AIG 0.67 1.25 6.7 x 10*
7 43272084 rs181157662 2>1 T/IC 0.18 1.35 1.8 x 10*
7 45982233 chr7:45982233 2>1 AIG 0.06 1.59 4.2 x10*
7 51682401 rs4947627 1>2 AIG 0.16 1.36 3.9x10*
7 73141464 rs2030922 1>2 CIT 0.47 1.29 5.8 x 10°
7 93816686 rs80145019 1>2 CIA 0.29 1.30 2.0 x 10*
7 95897827 rs142857687 1>2 AT 0.18 1.33 5.5 x 10*
7 103023537 rs10268808 1>2 AIC 0.34 1.26 52 x10*
7 103193651 rs2711879 1>2 CIT 0.40 1.29 7.2x10%
7 121304227 rs187383253 2>1 C/IA 0.91 1.48 22 x10%
7 130404776 rs4067228 1>2 AIG 0.50 1.25 4.7 x 10"
7 135575461 rs62489095 2>1 C/IA 0.07 1.53 3.4 x10*
7 143602779 rs6947163 1>2 GIT 0.15 1.38 3.7 x10*
7 149988544 rs147486244 2>1 G/A 0.63 1.28 1.4 x10*
8 2838945 rs656466 2>1 CIG 0.12 1.39 5.5x10*
8 3026578 rs10503198 2>1 C/G 0.28 1.32 6.4 x 10°
8 3106370 rs79693896 2>1 T/A 0.88 1.40 5.5x10*
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8 3290516 rs2406295 2>1 CIG 0.90 1.45 2.4 x 10*
8 3341226 rs79915250 2>1 CIT 0.93 1.52 4.2 x10*
8 3904192 rs3849818 1>2 TIG 0.20 1.32 6.2 x 10
8 6042400 rs1834203 2>1 T/IC 0.50 1.27 1.3 x 10
8 6709922 rs2951864 2>1 CIG 0.46 1.25 2.8 x 10*
8 8328109 rs2921039 1>2 G/IC 0.11 1.44 3.3x10*
8 11439961 rs11250149 1>2 CIG 0.25 1.35 6.0 x 10°
8 12786947 chr8:12786947 1>2 T/IC 0.05 1.75 2.1 x10*
8 13209750 rs76989997 1>2 CIT 0.52 1.256 5.4 x10*
8 13243084 rs1481679 1>2 AIG 0.55 1.26 4.2 x10*
8 14443650 rs10086949 1>2 T/G 0.41 1.28 1.7 x 10*
8 27769687 rs35857051 1>2 T/IC 0.39 1.25 6.0 x 10
8 35956929 chr8:35956929 1>2 AIT 0.06 1.61 4.9 x10*
8 55308198 rs12546306 1>2 CIT 0.68 1.27 6.2 x 10
8 62495263 rs6471961 1>2 TIC 0.77 1.30 3.8x10*
8 62634563 rs149447795 1>2 T/IC 0.19 1.37 1.7 x 10
8 62663272 rs199622822 1>2 D/l 0.20 1.37 1.1 x10*
8 70653945 rs182136050 2>1 T/IG 0.16 1.38 1.3 x 10*
8 70692868 rs138718121 2>1 T/IA 0.17 1.37 1.1 x10*
8 81365072 chr8:81365072 1>2 AIG 0.93 1.67 1.1 x10*
8 87327440 rs148141053 1>2 T/G 0.12 1.42 3.8 x10*
8 89008404 rs180694224 2>1 AIG 0.92 1.48 5.1 x 10*
8 93586384 rs2595612 1>2 T/IC 0.06 1.63 2.8 x 10*
8 99455167 rs201599771 1>2 D/I 0.88 1.47 7.2x10°
8 100002032 rs79434662 1>2 G/A 0.88 1.49 3.5x10°
8 100709154 rs140502344 1>2 AIG 0.87 1.41 2.9 x 10
8 109912830 rs4734184 2>1 AG 0.83 1.32 6.6 x 10
8 111025983 rs55893742 1>2 AIG 0.03 2.08 5.5 x10%
8 124987478 rs7465584 2>1 CIT 0.37 1.29 8.5x10%
8 136671060 rs4243847 2>1 AIG 0.41 1.25 4.8 x10*
8 136682479 rs4075568 2>1 CIT 0.54 1.30 2.7 x10°
9 538401 rs10975042 2>1 CIT 0.19 1.35 1.2 x10*
9 4375454 rs2039194 1>2 G/C 0.82 1.33 6.0 x 10
9 5498562 rs34719356 2>1 D/I 0.34 1.25 6.5 x 10
9 8726153 rs1473822 2>1 CIT 0.66 1.28 1.6 x 10
9 8924538 rs1368684 2>1 CIT 0.26 1.34 3.0x10°
9 9028285 rs324496 2>1 T/IC 0.74 1.28 5.5 x 10
9 9173304 rs968079 2>1 G/A 0.23 1.31 2.6 x 10
9 9191639 rs62529522 2>1 T/IC 0.68 1.30 7.5x10°
9 11876599 rs192161934 1>2 T/G 0.08 1.51 4.5x10*
9 25335125 rs113501731 1>2 AIC 0.15 1.42 7.5x10°
© 28393919 rs143327236 2>1 G/A 0.04 1.76 1.8 x 10*
9 29789814 rs950316 2>1 G/A 0.52 1.25 3.0x10*
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9 32194564 rs188065424 2>1 G/A 0.75 1.31 2.2 x10*
9 32320727 chr9:32320727 2>1 T/IC 0.96 1.72 4.9 x10*
© 80709044 rs62573096 2>1 G/A 0.26 1.29 4.5 %10
9 81158113 rs7027911 1>2 G/A 0.55 1.27 1.8 x 10*
© 87132349 rs35342431 2>1 I/D 0.78 1.30 4.8 x10*
9 90719044 rs56257218 1>2 G/A 0.07 1.54 57 x10*
© 98252899 chr9:98252899 1>2 D/l 0.86 1.38 5.0 x 10*
9 101490087 rs337570 2>1 CIT 0.62 1.25 4.8 x 10*
© 105695436 rs79931339 1>2 AIC 0.79 1.32 5.2 x10*
9 113085232 rs17807186 2>1 G/A 0.35 1.28 1.5 x10*
© 129468586 rs13299536 2>1 AIG 0.32 1.29 1.1 x10*
9 135277259 rs186468471 1>2 T/IC 0.99 2.78 3.1x10*
© 137514801 rs57187152 1>2 CIT 0.08 1.54 1.8 x 10
9 138995207 rs59623632 1>2 AIG 0.28 1.31 1.4 x10*
9 140143728 rs201094187 2>1 D/l 0.14 1.40 2.7 x 10*
10 8277297 rs192871141 2>1 AIC 0.91 1.44 5.0 x 10*
10 9034011 rs12776100 2>1 CIA 0.73 1.28 4.9 x10*
10 13861399 rs72771044 1>2 AT 0.55 1.29 1.0 x 10*
10 14134826 rs789767 1>2 T/IG 0.68 1.30 1.3 x 10*
10 14818870 rs12256790 1>2 G/A 0.72 1.35 3.1x10%
10 14991430 rs7906967 1>2 C/A 0.32 1.33 5.1 x10°
10 23217727 rs10828375 2>1 GIT 0.30 1.28 2.9 x10*
10 23342159 rs4237359 2>1 G/A 0.60 1.28 1.0 x 10
10 25528562 rs4749015 2>1 AIG 0.82 1.34 2.6 x 10*
10 32549517 rs76220129 1>2 CIG 0.07 1.59 2.8 x 10
10 72276664 chr10:72276664 2>1 CIG 0.01 2.47 52 x10*
10 72494629 rs4747092 1>2 G/A 0.45 1.31 2.4 x10°
10 73334219 rs144584204 1>2 I/D 0.10 1.46 4.2 x10*
10 73398722 rs61650587 1>2 G/A 0.78 1.32 2.3 x10*
10 73483645 rs3802713 1>2 T/IC 0.18 1.35 3.8x10*
10 78670661 rs1907746 1>2 G/A 0.81 1.34 2.4 x 10*
10 78773064 rs74948619 1>2 G/A 0.77 1.32 2.3 x10*
10 87300091 rs1912299 2>1 T/IC 0.74 1.28 4.7 x 10
10 89474072 rs2302404 1>2 CIT 0.90 1.44 4.9 x10*
10 89593380 rs151154388 1>2 T/IC 0.87 1.44 1.2 x10*
10 92756381 rs35945428 2>1 GIT 0.64 1.26 3.3x10*
10 95982217 rs4918159 2>1 AIG 0.48 1.24 4.1 %10
10 97484887 rs34826225 2>1 I/D 0.70 1.31 6.3 x 10
10 97603178 rs3181129 2>1 T/G 0.72 1.28 2.8 x 10*
10 97734022 rs10509696 2>1 T/IC 0.65 1.25 4.4 x10*
10 101366135 rs5787355 1>2 D/l 0.39 1.28 1.7 x 10*
10 101433770 rs55714089 1>2 D/l 0.40 1.25 4.4 x10*
10 101558746 rs2756109 1>2 GIT 0.55 1.27 2.2 x10*

214



10 114272761 rs12780297 1>2 T/G 0.19 1.32 6.3 x 10
10 121029044 rs61874482 2>1 AIG 0.10 1.46 2.8 x 10*
10 123804177 rs192412818 2>1 G/A 0.90 1.47 2.2 x10*
10 131059102 rs12573583 2>1 CIG 0.92 1.61 2.4 x10°
1" 2189185 rs4074905 2>1 G/A 0.21 1.31 4.1 x10*
11 2206387 rs11564707 1>2 G/IC 0.43 1.39 2.4 x 107
1" 2286243 rs739543 1>2 AIG 0.44 1.26 3.3x10*
11 2857194 rs2237895 1>2 CIA 0.49 1.40 1.9 x 107
11 2868868 rs79788804 2>1 AIG 0.36 1.30 6.2 x 10°
11 2931981 rs450208 1>2 T/G 0.69 1.33 3.3x10%
11 5463425 rs16931041 2>1 T/IC 0.81 1.32 3.0x10*
11 11205233 rs2722772 2>1 AIG 0.50 1.28 6.5 x 10°
11 12309002 rs3736304 1>2 CIT 0.57 1.28 1.5 x 10
11 20388097 rs7928503 1>2 G/A 0.73 1.29 3.8 x10*
11 22781497 rs12422017 2>1 TIC 0.63 1.26 3.8x10*
11 27526304 rs114388342 2>1 T/IC 0.04 1.72 52 x10*
11 43255059 rs140092128 1>2 G/IC 0.13 1.40 4.6 x 10
11 61183329 rs17156014 1>2 CIT 0.25 1.30 4.9 x10*
11 62528410 chr11:62528410 1>2 I/D 0.98 2.18 3.8x10*
11 63017480 rs118020373 1>2 C/IA 0.73 1.31 2.4 x 10*
11 63215235 rs116986544 1>2 GIT 0.81 1.32 59 x 10*
11 68833565 rs189122876 2>1 CIT 0.14 1.39 2.6 x 10
11 69448373 rs654240 2>1 T/IC 0.40 1.27 1.6 x 10
11 70518864 rs7104178 1>2 AIG 0.73 1.30 4.6 x10*
11 70968452 rs117835161 1>2 AIG 0.22 1.46 1.3 x 10
11 71019766 rs1660861 1>2 T/IC 0.61 1.26 3.7 x10*
11 77999865 chr11:77999865 2>1 G/A 0.05 1.78 7.2x10%
11 79415407 rs2105527 2>1 T/IC 0.07 1.62 8.0 x 10°
11 81582466 rs149635064 2>1 CIT 0.07 1.53 5.9 x10*
11 86628005 rs4944640 2>1 CIT 0.36 1.31 3.5x10%
11 110693356 rs184443 1>2 G/A 0.33 1.26 5.9 x10*
11 112353922 chr11:112353922 | 1>2 AT 0.96 1.75 2.9 x10*
11 112476540 rs4291707 1>2 GIT 0.94 1.71 4.5 %105
11 113964043 rs77660877 2>1 CIT 0.85 1.35 5.4 x 10*
11 115658805 rs74369070 1>2 G/A 0.86 1.43 9.5x10°
11 119239689 rs680268 2>1 T/IC 0.86 1.37 4.0 x10*
11 126285301 rs7949566 1>2 G/A 0.53 1.28 1.1 x 10
11 126601540 rs10893557 1>2 GIT 0.31 1.28 3.6 x10*
12 3352183 rs77587 2>1 G/IC 0.53 1.25 2.9 x 10*
12 4150894 rs78555230 2>1 CIT 0.06 1.65 8.5 x 10°
12 12823025 rs143606772 2>1 CIT 0.63 1.25 4.7 x 10*
12 17571193 rs183764686 1>2 G/A 0.05 1.71 3.6 x 10*
12 43990838 rs60167591 2>1 I/D 0.61 1.25 4.2 x10*
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12 44023884 rs1478618 2>1 AIG 0.58 1.24 5.2 x10*
12 57856493 rs78179158 1>2 G/A 0.19 1.37 1.3 x10*
12 58197231 rs60780489 1>2 T/IG 0.24 1.30 52 x10*
12 63450335 rs3913041 2>1 AIG 0.60 1.26 2.8 x 10*
12 81141539 rs1603216 1>2 G/A 0.86 1.38 4.7 x 10*
12 107743313 rs76454120 1>2 CIT 0.69 1.27 6.2 x 10*
12 117815549 rs526159 2>1 G/A 0.86 1.37 2.6 x 10
12 128537287 rs7975535 1>2 TIC 0.34 1.28 2.3 x10*
12 128709513 rs11059588 2>1 GIT 0.55 1.33 9.1 x 10°®
12 129704082 rs78134285 2>1 T/G 0.06 1.56 5.7 x10*
13 32569815 rs121046 2>1 G/A 0.46 1.24 5.5x 10*
13 39279459 rs56255874 2>1 AIG 0.64 1.27 1.9 x 10*
13 40803985 rs71425795 1>2 CIT 0.32 1.28 2.8 x 10
13 46342822 rs4942430 2>1 C/IA 0.82 1.33 4.0x10*
13 54432416 rs1841058 1>2 CIT 0.79 1.32 4.0x10*
13 92982848 chr13:92982848 2>1 D/l 0.08 1.54 2.9 x10*
13 93363027 ¢chr13:93363027 2>1 G/IC 0.08 1.60 6.9 x 10°
13 93586124 chr13:93586124 2>1 CIT 0.07 1.59 1.1 x10*
13 93955178 chr13:93955178 2>1 T/IC 0.08 1.58 1.0 x 10*
13 94070190 ¢chr13:94070190 2>1 CIT 0.08 1.52 3.5x10*
13 94634966 chr13:94634966 2>1 AIG 0.08 1.55 1.5 x 10
13 98833517 rs7986669 2>1 CIT 0.93 1.55 3.2x10*
13 100390236 rs17577153 2>1 AIG 0.88 1.47 5.4 x10°
13 100456122 rs2390357 2>1 AIG 0.16 1.37 22 x10%
13 101064282 rs12429310 1>2 G/A 0.85 1.38 2.8 x 10
13 105339826 rs701565 1>2 AIC 0.44 1.25 52 x10*
13 105898262 rs16966166 2>1 CIT 0.62 1.26 2.3 x10*
14 33131189 rs12895513 1>2 AG 0.58 1.24 5.9 x10*
14 33152745 rs11156756 1>2 AIG 0.45 1.26 2.8 x 10*
14 41767938 rs1778367 1>2 T/IG 0.11 1.43 3.4 x10*
14 77396193 rs112854307 2>1 D/l 0.20 1.32 3.4 x10*
14 78205694 rs185044034 1>2 CIT 0.91 1.47 52 x10*
14 80185987 rs178388 2>1 AIC 0.25 1.34 5.6 x 10°
14 82431921 rs74963973 2>1 CIT 0.08 1.50 2.4 x 10*
14 103463561 rs7157813 1>2 AIG 0.87 1.44 2.0 x 10
15 26153832 rs1877249 2>1 AIG 0.39 1.24 5.9 x10*
15 26186978 rs71463472 2>1 AIC 0.10 1.44 4.6 x 10
15 26273281 rs72625124 1>2 T/G 0.89 1.44 3.9x10*
15 32337237 rs4779563 2>1 T/C 0.63 1.29 7.7 x10%
15 39163687 rs11632328 1>2 T/IC 0.49 1.27 1.6 x 10
15 39641049 rs74634178 2>1 CIT 0.96 1.87 8.3 x10°
15 53879272 rs4447369 1>2 CIT 0.72 1.29 2.8 x 10*
15 54757794 rs57385376 2>1 AIC 0.88 1.39 4.9 x10*
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15 58132503 rs6493957 1>2 GIT 0.58 1.26 2.7 x 10*
15 58838440 rs1973024 1>2 T/C 0.37 1.26 4.0x10*
15 63595545 rs72212605 1>2 D/l 0.71 1.28 4.8 x 10*
15 74408580 rs117223627 1>2 CIT 0.90 1.48 1.6 x 10
15 74903614 rs140284162 1>2 G/IC 0.96 1.81 1.5 x10*
15 79488593 rs7170146 1>2 AIG 0.56 1.30 49x10°
15 80818730 rs147006180 1>2 G/IC 0.15 1.38 3.3x10*
15 82391732 rs11073033 1>2 AIG 0.14 1.39 3.6 x10*
15 86103176 rs16941432 1>2 G/A 0.29 1.32 7.4 x10°
15 87333293 rs16977987 1>2 G/A 0.74 1.28 5.7 x 10*
15 87422428 rs57116355 1>2 CIT 0.77 1.30 4.6 x 10*
15 88044080 rs34297582 2>1 AIG 0.76 1.30 2.9 x 10
15 89180915 rs10152159 1>2 CIT 0.45 1.26 3.2x10*
15 91990598 rs34901612 2>1 G/A 0.16 1.34 5.9 x 10*
15 98701022 rs977832 2>1 TIC 0.89 1.48 9.2x10%
16 322345 rs74003728 2>1 CIT 0.95 1.71 1.9 x 10
16 370443 rs117116749 1>2 AIG 0.02 245 3.0x10*
16 4060661 rs2239310 2>1 AIG 0.26 1.28 4.6 x 10
16 6328022 rs2160166 2>1 TIC 0.17 1.36 2.1 x10*
16 6916942 chr16:6916942 2>1 C/IA 0.04 1.81 3.1x10*
16 7700265 rs184543795 1>2 G/A 0.12 1.43 3.7 x10*
16 13355924 rs78178451 1>2 CIT 0.10 1.45 4.3 x10*
16 17842398 rs12598358 2>1 G/A 0.89 1.44 2.4 x10*
16 18863882 rs74337241 1>2 AIG 0.95 1.72 4.8 x10*
16 24325877 chr16:24325877 2>1 T/A 0.96 1.71 52 x10*
16 51106209 rs4785498 2>1 T/IC 0.65 1.33 1.6 x 10°
16 52065724 rs1345322 2>1 G/A 0.57 1.25 3.8x10*
16 52169755 rs4785094 2>1 G/A 0.69 1.31 4.4 x10°
16 52261784 rs13337467 2>1 GIT 0.65 1.33 1.2x10°
16 52424157 rs187680 2>1 AIC 0.46 1.30 2.4 x10°
16 53606724 chr16:53606724 1>2 G/IC 0.04 1.78 5.9 x10*
16 53987525 chr16:53987525 1>2 T/A 0.04 2.00 2.4 x10°
16 56223793 rs3859112 1>2 CIT 0.17 1.36 3.8 x10*
16 56308431 rs12600108 1>2 AIC 0.27 1.31 1.3 x 10
16 56944947 rs75109156 1>2 AIG 0.76 1.28 6.3 x 10*
16 61291839 rs16963175 1>2 AIG 0.86 1.44 6.1 x 10°
16 68867456 rs1801026 2>1 T/IC 0.26 1.32 9.1 x10°
16 73375719 rs4346228 2>1 G/A 0.54 1.24 5.5x10*
16 74062203 rs2716591 2>1 CIT 0.87 1.50 1.3 x10°
16 79061586 chr16:79061586 2>1 T/C 0.95 1.67 5.8 x 10*
16 85822447 chr16:85822447 1>2 T/IC 0.95 1.76 3.4 x10*
16 86119528 rs9935120 2>1 T/IC 0.17 1.33 4.2 x10*
16 86120025 rs4843903 1>2 T/IC 0.44 1.25 5.6 x 10*
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17 2295633 rs2429919 2>1 C/A 0.70 1.27 4.7 x 10*
17 5846281 rs967787 2>1 AIG 0.41 1.24 6.6 x 10™
17 12562530 rs12603774 1>2 T/IC 0.43 1.29 7.8 x10%
17 48457722 rs77309724 2>1 G/IC 0.90 1.42 6.7 x 10
17 52943191 rs16955263 2>1 AIG 0.61 1.26 5.0 x 10*
17 55604097 rs74401513 2>1 TIC 0.95 1.65 5.8 x10*
17 57556414 rs9890999 2>1 CIT 0.51 1.25 3.8x10*
17 58149745 rs3744375 2>1 AIG 0.67 1.34 1.1x10°
17 58212091 rs345171 2>1 T/C 0.77 1.31 3.5x10*
17 58749017 chr17:58749017 2>1 CIG 0.96 1.80 3.1 x10*
17 58965766 chr17:58965766 2>1 CIT 0.96 1.81 3.0x10*
17 59214727 chr17:59214727 2>1 AIG 0.95 1.74 3.1x10*
17 63477337 rs187812044 1>2 G/A 0.15 1.37 3.4 x10*
17 63722528 rs4346239 1>2 G/A 0.53 1.28 9.0 x 10°
17 71943095 rs145834533 2>1 CIT 0.36 1.25 4.9 x10*
17 74336545 rs11077813 1>2 TIC 0.82 1.37 1.7 x 10*
17 75215103 rs7215278 1>2 GIT 0.64 1.27 2.6 x 10
17 77831802 chr17:77831802 2>1 CIT 0.02 2.04 6.7 x 10*
18 5377643 rs34657168 1>2 T/IG 0.85 1.36 4.3 x10*
18 7127805 rs9965559 1>2 AIG 0.17 1.42 2.7 x10°
18 7689006 rs4121621 2>1 G/A 0.24 1.31 1.9 x 10
18 11694187 rs8090294 1>2 GIT 0.10 1.48 4.5x%x10%
18 26291497 rs16945199 2>1 G/A 0.87 1.43 1.1 x10*
18 27562746 rs8097943 1>2 CIT 0.20 1.32 59 x10*
18 32076237 rs8092794 1>2 AIG 0.73 1.31 1.5 x 10
18 37496313 rs138230935 2>1 D/l 0.15 1.34 5.8 x 10
18 43856724 rs77784260 2>1 G/A 0.77 1.40 49 x10°
18 45034793 rs7506616 2>1 T/IC 0.37 1.25 53 x10*
18 45059898 rs12604167 2>1 AIG 0.76 1.28 6.0 x 10
18 45546445 rs12955249 1>2 CIT 0.49 1.30 3.5x10%
18 60111809 rs11152345 1>2 C/A 0.15 1.42 9.6 x 10°
18 61540993 rs184075750 2>1 AG 0.94 1.60 3.6x10*
18 64832417 rs7235347 1>2 CIT 0.52 1.25 5.5 x 10*
18 69308225 rs144134528 2>1 D/l 0.10 1.55 3.4x10°
19 1027797 rs7253254 1>2 C/A 0.15 1.38 3.4 x10*
19 1138540 rs189976016 1>2 T/IC 0.16 1.41 6.8 x 10
19 10552211 chr19:10552211 2>1 T/IC 0.96 1.82 4.0 x10*
19 11411889 chr19:11411889 2>1 G/A 0.98 2.1 3.3x10*
19 11558451 rs111813645 2>1 AIG 0.95 1.69 1.2 x10*
19 13876841 chr19:13876841 1>2 CIT 0.98 2.54 9.9 x10°
19 13949434 chr19:13949434 1>2 G/A 0.98 2.56 8.4 x 10°
19 15529989 rs145008437 2>1 GIT 0.07 1.55 3.6x10*
19 29790947 rs79231989 2>1 T/IC 0.65 1.27 2.7 x 10*
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19 29998033 rs34950765 2>1 I/D 0.86 1.36 6.2 x 10*
19 30897578 rs79725917 2>1 CIT 0.82 1.34 3.6 x 10*
19 35757250 rs916147 1>2 AIG 0.30 1.28 2.7 x 10*
19 40094528 rs1014206 2>1 G/A 0.57 1.24 6.6 x 10
19 41172997 chr19:41172997 2>1 G/IC 0.98 2.32 3.1 x10*
19 42985831 rs16975834 2>1 G/A 0.09 1.49 1.7 x 10
19 44953196 rs73935677 2>1 AIG 0.90 1.43 5.9 x10*
19 45202027 rs12150984 2>1 AIG 0.22 1.29 6.7 x 10
19 45379516 rs412776 2>1 AIG 0.18 1.33 3.8x10*
19 46262673 chr19:46262673 1>2 AIG 0.01 5.22 4.3 x10*
19 47774666 rs138370983 1>2 D/l 0.36 1.26 4.3 x10*
19 49263886 rs78627671 1>2 AIG 0.10 1.52 5.6 x 10°
19 53482311 rs145685675 1>2 I/D 0.20 1.34 2.7 x10*
19 54333563 rs71363373 1>2 AIC 0.20 1.32 4.6 x 10
20 292327 rs6076049 2>1 CIT 0.34 1.25 4.5x10*
20 364747 rs7265169 2>1 C/A 0.54 1.24 6.4 x 10
20 550815 rs2665782 2>1 AIC 0.57 1.26 2.3 x10*
20 2375262 rs2076405 1>2 AIG 0.03 1.98 2.4 x 10*
20 3780962 chr20:3780962 2>1 D/l 0.01 3.94 1.6 x 10*
20 22732845 rs17827832 2>1 GIT 0.17 1.34 4.6 x 10
20 44577244 rs189615511 2>1 CIT 0.96 1.81 1.1 x 10
20 46410015 rs6012265 1>2 CIT 0.24 1.36 5.3 x10°
20 52468966 rs4811476 2>1 T/IC 0.42 1.256 3.7 x10*
20 57155037 rs185637455 2>1 CIT 0.96 1.77 3.3x10*
20 62772637 rs2983435 1>2 CIT 0.54 1.25 5.3 x10*
21 22436984 rs62207566 1>2 G/A 0.89 1.50 7.6 x 10°
21 25536983 rs186705241 1>2 CIT 0.07 1.52 57 x10*
21 27397380 rs149868148 2>1 CIT 0.07 1.53 5.0 x 10*
21 33782887 rs2211789 2>1 T/IC 0.54 1.27 1.1x10*
21 34423899 rs2834078 2>1 T/IG 0.65 1.25 6.5 x 10
21 36469037 rs984657 1>2 CIT 0.63 1.26 4.2 x10*
21 39738517 rs34613855 2>1 AIG 0.85 1.36 3.3x10*
21 39788503 rs2836379 2>1 AIC 0.91 1.48 2.9 x10*
21 41580503 rs117371768 2>1 G/A 0.06 1.61 3.2x10*
21 41808578 rs76272754 2>1 T/G 0.08 1.46 6.2 x 10*
21 41877887 rs7282270 2>1 AIG 0.18 1.31 6.1 x 10
21 43142343 rs55711022 1>2 G/C 0.55 1.24 6.0 x 10*
21 43144340 rs7283002 2>1 CIT 0.75 1.34 5.8 x 10°
21 43530575 rs220124 2>1 T/IC 0.32 1.31 5.7 x10°
22 17428896 rs148856575 1>2 T/G 0.10 1.50 2.4 x 10*
22 26469229 rs9613096 2>1 AG 0.77 1.30 4.6 x 10*
22 27424318 rs12483907 1>2 AIG 0.13 1.41 3.2x10*
22 36133739 rs5001172 2>1 AIG 0.70 1.30 8.0 x10°
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22 39939913 rs12628516 2>1 AIG 0.90 1.41 6.4 x 10*
22 43006541 rs182783110 2>1 T/IC 0.08 1.54 2.0 x 10*
22 43867177 rs8142313 1>2 G/IC 0.51 1.27 2.5 x 10"
22 46266351 rs117192130 1>2 AIG 0.05 1.69 1.8 x 10*
22 47372330 rs4439 1>2 T/IC 0.38 1.27 4.4 x10*
X 16675963 rs6632861 2>1 G/A 0.73 1.22 57 x10*
X 19785191 rs148543908 2>1 G/A 0.05 1.48 5.0 x 10*
X 19942966 rs7060796 2>1 AIG 0.06 1.45 3.6x10*
X 30119777 rs6628506 1>2 G/A 0.54 1.21 2.3 x10*
X 32934766 rs5928113 2>1 AIG 0.09 1.38 3.6 x10*
X 35847989 rs1536848 2>1 G/A 0.25 1.23 3.3x10*
X 44226172 rs5953389 2>1 AIG 0.40 1.23 55x10°
X 84534059 rs6617041 1>2 AIC 0.18 1.29 1.7 x 10
X 111659846 rs6643034 2>1 T/IC 0.21 1.26 2.4 x10*
X 125060265 rs5932947 2>1 CIT 0.66 1.20 4.6 x 10
X 125583629 rs5931011 2>1 G/A 0.62 1.22 1.2x10*
X 135769607 rs141122592 2>1 T/IC 0.93 1.43 2.8 x 10*
X 150396570 rs760105 2>1 AIG 0.24 1.23 5.4 x10*

* Chr is chromosome.
Y Position is in base pairs (bp) on Genome Reference Consortium Human Build 37.

Z Subsets represent, which of the two randomly assigned groups is the discovery group (listed before the arrow) or the target

group (listed after the arrow). The frequency, OR and p-value is reported for the discovery group.
2 A1/a2 are the alleles with the effect allele given first.

a A1f is the frequency of the effect allele.

2 OR is reported per copy of the effect allele.
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