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ABSTRACT

Daeeun Kim: Biological and Clinical Implications of Obesity Genomics in Ancestrally Diverse
Populations
(Under the direction of Kari E. North)

Obesity, a major risk factor for numerous health outcomes, particularly cardiovascular
diseases (CVD), is a highly polygenic trait. Thousands of obesity-associated genetic loci have
been identified, facilitating more accurate risk prediction through polygenic risk scores (PRS).
Nonetheless, significant research gaps in obesity genomics exist, notably regarding two key
aspects: (1) Heterogeneities in PRS prediction across different PRS estimation methods, self-
reported race/ethnicity, and different individual-level contexts, and (2) Heterogeneities in shared
genetic underpinnings between obesity and dyslipidemia, a major contributor to CVD risk. This
dissertation had two specific aims that addressed these research gaps as follows: to characterize
the prediction performance of PRS for obesity traits across different PRS estimation methods and
diverse settings, including self-reported race/ethnicity, demographic factors, lifestyle factors, and
comorbidities (Aim 1); and to identify shared genetic underpinnings in obesity and lipid traits
that increased the risk of obesity but were protective for dyslipidemia, as a means to understand
why not all obese populations have high risk of CVD (Aim 2). To achieve these goals, we
leveraged data from the Population Architecture Using Genomics and Epidemiology (PAGE)

study.



Our findings reveal notable differences in PRS prediction across different PRS estimation
methods, self-reported racial/ethnic groups, age, gender, smoking status, hypertension, and type
2 diabetes. We also identified 966 genomic regions (among a total of 2,495 partitioned genomic
regions) with shared genetic signals between obesity-related traits and lipid traits, with 16
genomic regions of these loci exhibiting counterintuitive directions (associated with increased
body mass index (BMI) but decreased dyslipidemia). In PAGE, we observed significant
associations of the PRS constructed from variants within these counterintuitive BMI-HDL
bivariate loci with lower levels of CVD risk factors. These results enhance our understanding of

the heterogeneous underpinnings of obesity susceptibility.



This work is dedicated to my parents, my lovely kids Sohyun and Soye, and my beloved wife
Sookyung.
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CHAPTER 1: SPECIFIC AIMS

A. Rationale

Obesity is an enormous global public health burden. The prevalence of obesity has tripled
since 1975.1 In 2016, more than 2.5 billion adults were overweight or obese?, and 340 million
children and adolescents aged between 5 and 19 were overweight or obese.? Since obesity is a
major risk factor for numerous health outcomes, including cardiometabolic diseases?®, the rapid
increase in the global obesity burden requires immediate public health action and a better

understanding of obesity pathogenicity to prevent it.

Genetic epidemiology of obesity will improve our understanding of the pathogenesis of
disease and may help develop novel and effective interventions and prevention strategies.
Although the current obesogenic environment has been a critical component of secular trends of
increasing obesity, inter-individual variability in response to external environmental factors for
obesity is largely driven by genetic underpinnings.* Indeed, the heritability of obesity ranges
from 40% to 70%°, and studies on obesity genomics have identified not only genes causing
monogenic forms of obesity but also hundreds of obesity-associated genomic loci that primarily

contribute to common polygenic obesity.*

Obesity genomic studies are particularly beneficial for public health because they will
enable early risk prediction and targeted interventions for obesity* by leveraging individuals’
genetic risk information. Obesity risk prediction by genetic information — which is available

from birth in theory — is particularly important since obesity can begin in earlier life, and it is



difficult to reverse obesity in older children or adults.® Moreover, as the early intervention or
prevention efforts for obesity are relatively low risk and high benefit, suboptimal risk prediction
(i.e., high false positive rate) is still allowable.* In addition, the prediction of individuals’ genetic
risk for obesity will enable effective intervention strategies targeted to high-risk subgroups of
individuals, enabling precision prevention. For instance, prior studies revealed that individuals’
aggregate genetic risk based on the central nervous system (CNS)-associated genetic variants
showed different patterns of relationships with obesity and eating behaviors compared to the

aggregate genetic risk based on the non-CNS-associated genetic variants.”2

Genetic epidemiologic studies of obesity can also elucidate a variety of biological
mechanisms causing obesity and linking obesity to subsequent health outcomes, including
cardiovascular disease (CVD), Type 2 diabetes (T2D), or cancer. Understanding of the
underlying genetics and biological mechanisms can provide novel insights into the
heterogeneous relationships between developing obesity and downstream complications and
reveal novel drug targets for obesity and its complications.®° Even at present, different obesity-
causing monogenic mutations and their revealed pathways are being used in target discovery and
development. For instance, in case of leptin-deficient obesity due to the mutations in the LEP
gene, recombinant leptin is administered to treat this specific type of obesity, whereas in case of
monogenic obesity related to LEPR, PCSK1 and POMC deficiency can be treated with an MC4R
agonist.* Likewise, novel findings on the genetic underpinnings of the biological pathways to
various CVDs may provide novel insight into drug targets for weight loss but also for
downstream diseases like CVD. A variety of potential biological pathways linking excess
adiposity and cardiometabolic disorders — e.g., dyslipidemia, diabetes, and coronary artery

disease (CAD) — have been suggested.%1* Genomic studies have also identified the



heterogeneous associations between some adiposity-increasing alleles and the risk of metabolic
disorders.'?8 In this regard, findings from genetic epidemiological studies that reveal underlying

biological mechanisms will be leveraged for novel prevention or therapeutic targets.

Nevertheless, there are several important research gaps in obesity genomic studies, and
this dissertation will focus on two important research gaps. First, there is a lack of understanding
of the potential heterogeneities in the prediction performance of obesity PRS in various settings.
New PRS estimation methods have been developed, but they have not been thoroughly evaluated
in diverse populations. Also, potential racial/ethnic differences in prediction performance have
not been fully vetted. Furthermore, various individual-level contexts, such as demographic,
lifestyle, and comorbidity status, may affect the prediction performance of PRS, yet these
contextual factors are understudied. Second, although each obesity-associated variant is expected
to have a unique influence on obesity and cardiometabolic complications, the potential roles of
obesity-associated variants in cardiometabolic disorders have not been thoroughly characterized.
Indeed, we have a very limited understanding of the actual causal genes and variants that
underlie obesity-associated genetic variants identified from genome-wide association studies
(GWAS). ldentifying the genes underlying obesity will improve our understanding of the
pathophysiological pathways causing obesity and subsequent health outcomes, in particular
among diverse ancestral groups where shorter haplotypes limit the variants and candidate genes

to be brought forward for functional studies.

In summary, the current dissertation will address these two major research gaps in the
genetic epidemiology of obesity. First, our work will characterize the context-specific
performance of obesity PRS across populations. An understanding of these heterogeneities is

critical as PRS moves into the clinical domain. Second, we will consider the heterogeneous



association between obesity and its cardiometabolic complications so that we can better
understand the molecular mechanisms of obesity and possibly reveal molecular subtypes of
obesity. In particular, the heterogeneous relationships between obesity-associated variants and
dyslipidemia will be prioritized, as these relationships have been understudied compared to other

cardiometabolic traits such as T2D.
Therefore, the current dissertation has two aims.
B. Aim1l

Aim 1. Characterize and evaluate the utility of trans-ancestry obesity PRS in the

ancestrally diverse PAGE study.

1a. Construct the trans-ancestry and ancestry-specific PRS for overall obesity (PRS-BMI)
and central obesity (BMI-adjusted WHR; PRS-WHRadj.BMI) based on the latest trans-ancestry

GWAS of obesity traits in the GIANT consortium.

1b. Characterize and evaluate the predictive performance of obesity in PAGE study by
different PRS estimation methods — i.e., Pruning and Thresholding (P+T) %°, PRS-CS(x)?%2! —
and by subgroups defined by self-reported race/ethnicity, sex, age groups, smoking status,

physical activity status, T2D status, and hypertension status.
C. Aim?2

Aim 2. Identify genetically correlated loci that jointly influence obesity and dyslipidemia
in heterogeneous directions and investigate the potential pathophysiological implications of these

heterogeneous pleiotropic loci in ancestrally diverse populations.



2a. ldentify genetic loci associated with both obesity and dyslipidemia risk using large-
scale publicly available UK Biobank (UKB) GWAS of BMI and lipid traits. Specifically,
identify genomic loci associated with higher obesity risk and lower dyslipidemia risk
(Ob/DysL(-) loci) and genomic loci associated with higher obesity risk and higher dyslipidemia

risk (Ob/DysL(+) loci).

2b. Investigate the biological implications of identified Ob/DysL(-) loci and
Ob/DysL(+) loci discovered from UKB using Ob/DysL(-) loci- and Ob/DysL(+) loci-based
PRS. Specifically, we will prioritize potential causal genes underlying Ob/DysL(-) loci and
investigate the unique association patterns of the two subtypes of obesity PRS with

cardiometabolic profile and CVD events in the PAGE study.
D. Hypotheses

(Aim 1) There will be heterogeneities in the prediction performance of obesity PRS by

PRS estimation methods, by race/ethnicity, and by various individual-level contextual variables.

(Aim 2) Local genetic correlation analysis will identify novel genomic loci that influence
both adiposity and lipid traits in heterogeneous ways. Investigation of the potential biological
implications for the identified loci will help better understand the heterogeneous biological

pathways related to obesity, dyslipidemia, and CVD.
E. Public Health Impact

The proposed research will fill two critical research gaps in genetic epidemiological
studies of obesity. The current research will contribute to a better understanding of the

pathogenesis of obesity, heterogeneity in obesity prediction across contexts, and genomic regions



that influence the risk of obesity and that also have an important impact on CVD risk factors, in

this case, dyslipidemia.



CHAPTER 2: BACKGROUND AND SIGNIFICANCE

In this section, I will broadly review the current knowledge on the epidemiology and
genomics of obesity to explain the background and highlight the significance of the aims of the
dissertation. To accomplish this, I will divide this literature review into four parts — 1) general
epidemiology of obesity, 2) obesity genetics, 3) PRS for obesity, and 4) heterogeneities in
obesity complications. In the first section, I will describe definitions and measures of obesity, the
burden of disease, risk factors for obesity, and biological mechanisms of body weight control. In
the second section, | will summarize the current understanding of obesity genetics — heritability
of obesity, monogenic obesity, and polygenic obesity. In the third section, I will explain PRS in
general and PRS for obesity. Lastly, I will introduce the relationship between obesity and various
cardiometabolic consequences — biological mechanisms, the heterogeneous nature of obesity

consequences, and its underlying genomics.

A. Epidemiology of Obesity

A.1. Definition

Obesity is defined as excessive body fat and is usually measured by body mass index
(BMI) — body weight (kg) divided by the square of height (m).? Although body fat is not directly
measured by BMI, it serves as an easy measure and repeatable estimate.?>?* According to the
guidelines from the US Centers for Disease Control and Prevention (CDC), obesity status among
adults can be categorized as normal (18.5 kg/m? < BMI < 25 kg/m?), overweight (BMI > 25

kg/m?), obesity (BMI > 30 kg/m?), and severe obesity (BMI > 40 kg/m?). 224



Table 2.1. Classification of adult obesity based on body mass index (BMI) measures

Classification BMI (kg/m?)
Underweight <185

Normal >18.5and <25.0
Overweight >25.0and <30
Obese:

Class | | >30.0 and <35.0
Class Il | >35.0 and <40.0
Class Ill | >40.0

Source: CDC*

A.2. Burden of disease

For adults, the global prevalence of overweight and obesity was 26% and 13%,
respectively, in 2016 (Figure 2.1-A), and it has almost tripled since 1975.2 The increase in
overweight/obesity prevalence was more dramatic among individuals aged 5-19 years, escalating
from 4% in 1975 to 18% in 2016 (Figure 2.1-B).? Overweight/obesity-related deaths have
exceeded the deaths related to underweight.? About 4 million deaths were attributable to high
BMI (including people without obesity) in 2015, and more than two-thirds of the high BMI-
related deaths were caused by CVD.?® In the US, obesity-related medical expenditures were
estimated at about $173 billion in 2019.2

In the US, NHANES 2021 reported that the prevalence of adult obesity was 41.9% in
2017 — 2020. Along with the global trend, obesity prevalence in the US has increased from
30.5% in 1999 - 2000 to 41.9% in 2017 — 2020 (c.f., from 4.6% to 9.2% for severe obesity).?” A
more serious problem is that obesity disproportionately impacts people from historically
marginalized populations. The obesity prevalence among Non-Hispanic Black adults, Hispanic
adults, non-Hispanic White adults, and non-Hispanic Asian adults was 49.9%, 45.6%, 41.4%,

and 16.1%, respectively.?®



A. Prevalence of overweight or obesity in 2016 among adults
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B. Prevalence of overweight or obesity in 2016 among children and adolescents (5- 19 years
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Figure 2.1. The global prevalence of overweight and obesity among adults (panel A) and children (panel B). (A)
Overweight or obesity among adults is defined as a BMI greater than or equal to 25. The
global prevalence of overweight or obesity was 39% in 2016. At the highest (in most high-
income countries), the prevalence was over 60%, and at the lowest end (e.g., South Asia and
Sub-Saharan Africa), the prevalence was about 25%. (B) Overweight or obesity among
children and adolescents (aged 5 - 19 years) is defined as weight-for-height greater than one
standard deviation from the median of the World Health Organization (WHQO) Child Growth
Standards. The global prevalence was 18%, and the prevalence was greater than 10% in most
areas. (Graphic adapted from Hannah Ritchie and Max Roser (2017) - "Obesity." Published
online at OurWorldinData.org. Retrieved from: 'https://ourworldindata.org/obesity’ [Online
Resource]; Data source: WHO, Global Health Observatory (2022))




A.3. Measures of obesity

Due to its convenience, BMI is the most commonly used proxy measure of body fat and
obesity — far less expensive and intrusive than other accurate body fat measures like magnetic
resonance imaging (MRI) or computerized tomography (CT). However, there are several
limitations to using BMI for measuring body fat. First, since BMI cannot capture individuals’
body composition, it is impossible to differentiate fat mass, which is more closely related to
obesity complications, from lean mass (muscle and skeletal mass), and thus, variabilities in
fatness and metabolic risk profiles within the same BMI may exist.22° In addition, BMI cannot
provide any information on the distribution of body fat, which is another important factor for
obesity pathogenicity in addition to overall fatness. Ectopic/visceral fat deposition is more likely
to lead to obesity-associated cardiometabolic disorder than subcutaneous fat deposition do®, but
the distribution of body fat was not captured by BMI. For these reasons, though it is not solely
because of the limitation of BMI, obesity defined by BMI demonstrated heterogeneous
cardiometabolic consequences. For instance, about 30% of people with obesity (BMI > 30) have
a normal metabolic risk profile, whereas about 23% of people with a normal BMI range have an

abnormal metabolic risk profile.3!

To complement the second limitation of BMI (inability to measure fat distribution) and to
capture the fat accumulation in the abdominal area (as a proxy of visceral fat deposition),
additional anthropometric measures, which are still relatively convenient to measure, such as
waist circumference (or BMI-adjusted waist circumference) and waist-hip ratio (WHR; or BMI-

adjusted WHR) have been used.

Dual X-ray absorptiometry (DEXA) has been accepted as a gold standard non-invasive

measure of body composition, especially for fat-free mass, fat mass, and bone mineral density,
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for specific regions of the body — e.g., arms, legs, and truncal region.3? Estimates of body fat
percentage by DEXA are highly accurate and reproducible, so they have been used as reference
measures.3? Also, since the exposure to radiation by X-ray is extremely low, it is considered safe
for children (but not for pregnant women). However, it demonstrated a limited performance in

differentiating visceral from subcutaneous fat.32

CT scan and MRI are known to be the most precise techniques for measuring regional (at
the tissue-organ level) and whole-body adiposity.3? These methods can differentiate visceral
adipose tissue (VAT) from subcutaneous adipose tissue (SAT). MRI does not require radiation
exposure, whereas CT entails exposure to radiation.®? Both methods are much more expensive

than DEXA or anthropometric measures.*

A.4. Risk factors

Obesity is a complex and multifactorial disease occurring when there is more energy
intake than energy expenditure over an extended duration.®® Surplus energy is generally
converted to body fat and stored in adipose tissue.>* When this happens for prolonged periods of
time, it results in increased adipose tissue volume and mass. Any factors influencing energy
metabolism, including dietary factors, physical activity, sedentariness, sleep, genetics, and socio-
economic factors, are some typical examples of obesity risk factors.3#% It has been highlighted
that the recent rapid increase in the global obesity burden is attributable to obesogenic behaviors
and environment®® that can be characterized as energy-dense food and physical inactivity®’-3% in

the context of underlying genetic vulnerabilities.

An increase in energy intake via changes in dietary patterns and a decrease in energy
expenditure via a modern sedentary lifestyle are two major promoting risk factors for obesity.

First, physical inactivity has been repeatedly and consistently associated with obesity. As an
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example, a recent study considered the longitudinal relationship between the daily hours spent
watching TV and obesity incidence and reported that children and adolescents who watched TV
more than 5 hours/day had 4.6 times the odds of being overweight among those who watched
less than 2 hours/day.*? Second, changes in dietary patterns have led to increases in daily calorie
consumption. The changes included an increased intake of high-fat and carbohydrate foods and
soft drinks and a low intake of fruits and vegetables. These changes were partly attributable to

increased portion sizes, energy contents per serving, and lower food prices (summarized in 41).

In addition to the changes in physical activity status and dietary pattern, socioeconomic
status (SES), smoking status, and sleep duration have also been consistently associated with the
risk of obesity. Lower parental SES, especially for parental education*?, maternal smoking
during pregnancy®, and a shorter sleep duration** were linked to an increased risk of obesity

during childhood.

A.5. Biological mechanisms of body weight controls

Recent research has suggested that body weight is maintained at a set point across the life
course, which is maintained through the equilibrium of caloric intake and energy expenditure,
involving genetic and biological factors, environmental factors, and behavioral factors*®. Indeed,
body weight is actively defended through homeostatic regulation involving the interplay of the
cognitive and executive brain functions (controlling hedonic processes) and the metabolic brain
functions (metabolic processes) in response to internal and external disturbances.*® The brain
receives and processes external and internal cues and coordinates adaptive behavioral,
autonomic, and endocrine responses essential for maintaining body energy balance.*® Berthoud
et al. (2017) summarized the processes into the categories of monitoring nutrients, regulation of

appetite and food consumption by the nervous system, and regulation of energy expenditure by
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the nervous system.*” The brain senses the nutrients in the external environment through classical
senses (visual, olfactory, auditory, and oral taste) and the nutrients absorbed into the blood
through vagal sensory nerves and gastrointestinal (Gl)-derived hormones. By combining external
and internal information, the brain undergoes metabolic adaptations and engages in suitable
behavioral responses.*” The hypothalamus serves as a hub for regulating appetite, especially
where AGRP/NPY and POMC/CART neurons interpret internal and external signals, stimulating
or suppressing appetite and influencing ingestive behavior.*%47 The brain can also be involved in
pathways related to energy expenditure, including resting metabolism, thermogenesis, and

physical activity.*
B. Genetics of obesity

Although the current obesogenic environment has been a critical component of secular
trends of increasing obesity, inter-individual variability in response to external environmental
factors for obesity is largely driven by genetic underpinnings.* Indeed, the heritability of obesity
was estimated to range from 40% to 70%.> Genomic studies have identified not only genes
causing monogenic forms of obesity but also thousands of obesity-associated genomic loci that
primarily contribute to common polygenic forms of obesity.* In this section, | will summarize the
heritability of obesity and the current evidence on monogenic and polygenic forms of obesity.
However, although sometimes obesity is classified into two different categories (i.e., monogenic
obesity and polygenic obesity), all obesity shares similar underlying biology.# In particular, the
central nervous system plays an important role in both monogenic and polygenic obesity.*
Figure 2.2 shows the spectrum of key characteristics of monogenic and polygenic manifestation
of obesity — i.e., monogenic forms of obesity are characterized by high overall genetic

contribution, with a single mutation in one gene, with large genetic effects by the small number
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of variants, rare, high penetrance, and less environmental influence; polygenic forms of obesity
are characterized with modest overall genetic contributions, with numerous variants in or near

multiple genes, small effect by every single variant, common, low penetrance, and environmental

influence.*
Monogenic Polygenic
Early-onset, severe obesity Common obesity
High genetic Modest genetic
contribution contribution

Each variant has
a small effect

Large genetic effect -

Rare Common

Single mutation Hundreds of variants
in one gene in or near many genes

High penetrance _ Low penetrance

No environmental Environment is a
influence key determinant

Figure 2.2. Key features of monogenic and polygenic forms of obesity. Monogenic forms of obesity are
characterized by high overall genetic contribution, with a single mutation in one gene, with large
genetic effects by the small number of variants, rare, high penetrance, and less environmental
influence. Polygenic forms of obesity are characterized by modest overall genetic contributions,
with numerous variants in or near multiple genes, small effect by every single variant, common,
low penetrance, and environmental influence (Adapted from Loos RJF, Yeo GSH. The genetics
of obesity: from discovery to biology. Nat Rev Genet. 2022;23(2):120-133.4)

B.1. Heritability of obesity

Heritability is defined as the proportion of total variation in a given trait that is explained
by genetic variation within a population. Heritability estimates have been used to assess if there
are any genetic contributions and, if so, the amount of overall genetic contributions to a given
trait. There have been studies to estimate the heritability of various obesity-related measures,

including BMI, which were summarized in previous review articles®8. Overall, the heritability
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of obesity ranges between 40% and 50% after adjusting for age and sex.*® However, heritability
estimates are population-specific and display wide heterogeneities across study populations,
study designs, and sample sizes.*® For example, twin studies tend to have higher estimates than
family studies, and studies of individuals with obesity tend to have higher heritability estimates
than studies of individuals with normal weight (Figure 2.3).#%°0 Other than BMI, the heritability
of fat mass and body fat percentage have been estimated between 40% and 50%, which is
comparable to overall BMI estimates.**5! Visceral fat measures reveal higher heritability
estimates than other regional fat depots, including the upper/lower body fat, subcutaneous
adiposity, hepatic adiposity, and other ectopic fat depots (Figure 2.3).%° Taken together, the body

of literature reveals obesity as a highly heritable trait, supporting the study of discovery genetics.

(A) (B)
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100 70
- 60
o
© =
> 70 = 50
Q @
< 60 2
2 - 40
= 50 -
o =
:g 40 a3 30
G 30 I
I 'E 20
20 £
10 10
0
Total Normal  Overweight Obese Severely 0 m . @
Weight Obese UpperiLower Subcutaneous Visceral Fat Hepatic Fat Other Ectopic
Body Fat Fat Depots Depots

Figure 2.3. Heritability estimates of BMI by obesity classes (A) and by regional fat depot (B). (A) The heritability
estimates of BMI increase linearly across obesity classes, from normal weight (~30%) to severe obesity (~80%).
(B) Heritability estimates also vary by fat topography, but the evidence related to visceral fat, hepatic fat, and other
ectopic fat are based on smaller studies in comparison to upper/lower fat and subcutaneous fat. (Adapted from
Bouchard C. Genetics of Obesity: What We Have Learned Over Decades of Research. Obesity (Silver Spring).
2021;29(5):802-820.4)

B.2. Monogenic obesity

Monogenic (non-syndromic) obesity is rare in the population, and mutations in genes

(e.g., LEP, LEPR, MCA4R, POMC, or PCSK1) within the essential energy metabolism pathways
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have been identified, for example, the leptin/melanocortin pathway.*52° The proportion of
severe early-onset obesity attributable to monogenic forms of obesity is estimated as less than
5% (but it can vary across different populations)*?, and it was predicted that 12,800 individuals
with obesity in the U.S. are MC4R pathway-deficient due to mutation in POMC, PSCK1, and
LEPR genes®. It was known that some classic intervention strategies for common forms of
obesity — e.g., lifestyle modification or bariatric surgery — are not effective for those individuals
who have monogenic obesity.>® Despite its rarity and unique characteristics, studies of
monogenic obesity have provided critical insights into the underlying biological mechanisms for
developing obesity.%® Biological mechanisms for some forms of monogenic obesity for leptin

and the melanocortin receptor 4 genes are described below.

LEP and LEPR Leptin, an adipokine released by the white adipose tissue, has a crucial function
in energy metabolisms along with its receptor (leptin receptor). In an energy surplus condition,
secretion of leptin normally leads to decreases in food intake and increases in energy expenditure
(e.g., through thermogenesis), resulting in weight loss.>” This leptin-related negative feedback
loop is imperative to maintain energy homeostasis and body weight.>” Leptin-deficient mice
showed high food intake and low energy expenditure and ended up developing severe obesity.
Mutations in LEP and LEPR lead to the development of severe obesity (reviewed in 5°). Patients
with severe obesity due to congenital leptin deficiency (though it is rare) could be treated with
external leptin administration.®® Multiple mutations in LEP or LEPR - p.L72S, p.N103K,
p.R105W, p.H118L, p.S141C, p.W121X, c.104_106del TCA, c.135del3bp, c.398delG

C.481_482delCT, ¢.163C>T, and p.P316T, have been extensively studied. %°

MC4R Obesity caused by mutations in the MC4R gene is the most well-described form of

monogenic obesity.5! The MC4R is part of the melanocortin system that regulates body weight
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and energy homeostasis by modulating appetite and eating or reward-related behaviors (reviewed
in 82). The original functions of MC4R involve energy homeostasis - regulating energy intake
and expenditure — by interacting with the brain rewarding system.32 Previous studies reported
that MC4R knockout mice showed obesity, hyperphagia, hyperglycemia, hyperinsulinemia,®* and

reduced cholecystokinin satiety response®®.

B.3. Polygenic obesity

Although monogenic obesity is accompanied by severe and early-onset forms, the most
common form of obesity is polygenic obesity.®6 Common polygenic obesity is characterized by
numerous common genetic factors with small effect size, and their interplay with external factors
(behaviors or environment) affect the risk of developing obesity.®¢ Genetic underpinnings of
common polygenic obesity have been revealed through investigations of genome-wide single
nucleotide polymorphisms (SNP), also known as a genome-wide association study (GWAS). In
general, GWAS aims to scan the whole genome and detect common SNPs (minor allele
frequency (MAF) > 5% or 1%) — rather than rare SNPs (MAF < 1%) — associated with an
obesity-related trait. Since the first identification of the fat-mass and obesity-associated gene
(FTO) as associated in 20075768, more than 1,000 obesity-associated genetic variants with small

effect sizes have been discovered through GWAS of BMI.#

In a study of more than 300,000 individuals, 97 genome-wide significant (p < 5x1078)
SNPs, 2,346 SNPs with p < 5x103, and about 1.3M of HapMap 3 variants accounted for 2.7%,
6.6%, and 21.6% of BMI variance, respectively.® In other studies, the proportion of BMI
variance explained by millions of genome-wide common SNPs — SNP heritability — was

estimated from 23 to 25%.7971 As illustrated above, while each common BMI-associated SNP
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has a small effect on BMI, cumulative effects of the common SNPs explained the total BMI

variance substantially.

Since 2007, more than 60 GWAS of obesity-related traits — including BMI, WHR,
obesity classes, or regional fat measures — have identified more than 1,000 obesity-associated
genetic variants.* A list of studies that reported at least one genome-wide significant (p < 5E-8)
obesity-associated variant to NHGRI GWAS catalog (as of 11/29/2022) is shown in the appendix
table (Supplementary Table 1). Anthropometric measures such as BMI (as a measure of overall
obesity) and WHR (as a measure of central obesity) are widely used as obesity-related
phenotypes. Of note, there have been two contradicting viewpoints on the GWAS of obesity; one
supported the advantages of GWAS of anthropometric traits like BMI since it enabled the large
sample sizes’, and the other maintained the need for GWAS of more refined obesity

phenotypes’s.
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&dUs B European
2008 B Asian

1 African
&lie B Other

2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020

I T I I I 1
0 200 400 600 800 1,000 1,200

Cumulative number of loci identified

Figure 2.4. Cumulative number of obesity-associated loci identified (2007 — 2020). More than 1,000 obesity-related
loci have been identified cumulatively from GWAS since 2007. Yet, most of the identified loci were discovered
from populations of European ancestry. (Adapted from Loos RJF, Yeo GSH. The genetics of obesity: from
discovery to biology. Nat Rev Genet. 2022;23(2):120-133 %)

GWAS of overall obesity. Several large-scale meta-analyses of BMI have been conducted
to elucidate the genetic architecture of overall fatness. As introduced earlier, the Genetic
Investigation for Anthropometric Traits (GIANT) consortium meta-analyzed the association
results for BMI in 339,224 individuals (mostly (~95%) of European descent) from 125 studies
(82 with GWAS results and 43 with results from Metabochip) and identified 97 genome-wide
significant loci (56 of novel associations).5° A more recent study combined the summary

statistics from the previous GIANT BMI GWAS and GWAS of BMI in the UK Biobank (sample
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N ~ 450,000) and meta-analyzed them (a total sample N ~ 700,000).”* The study identified 941
approximately independent BMI-associated SNPs, including 751 novel loci (at a more stringent

genome-wide significantp <1 x 108). 74

GWAS of BMI have revealed genes involved in novel pathways and provided crucial
biological implications for obesity etiology that had not been discovered from the studies on the
monogenic forms of obesity.” Functional analyses — e.g., enrichment analysis — conducted for
the BMI-associated loci identified by GWAS revealed a large proportion of genes involved in
CNS-related processes. Specifically, among the 31 significantly enriched tissues, 27 were parts
of the CNS, including the hypothalamus and pituitary gland (appetite-related), hippocampus, and
limbic system (learning, cognition, emotion, and memory-related).%° These findings describe a
critical relationship among the brain, behaviors, and energy balance.®7® Unlike monogenic
obesity mutations, a great number of BMI-associated variants are located in regions of the

genome that are non-coding or regulatory.”

While most GWAS of BMI focused on common variants (MAF > 5%), there have been
some studies focusing on rare or low-frequency coding variants. Turcot et al. (2018) conducted
association analyses to identify rare or low-frequency (MAF < 5%) coding SNPs associated with
BMI using an exome array (number of variants ~ 246,328).”” The study meta-analyzed summary
results of more than 700,000 individuals from 125 studies and discovered 14 coding variants in
13 genes, a part of which was newly implicated in obesity biology. As expected, discovered rare
variants demonstrated greater effect sizes (~ 10 times) than common variants did.”” In addition,
a recent study analyzed the whole exome sequencing data from 645,626 individuals (428,719 of
European descent from the UK Biobank, 121,061 of European descent from the MyCode

Community Health Initiative cohort, and 95,846 of admixed population from the Mexico City
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Prospective study) and identified 16 BMI-associated genes.’”® The presence of rare
nonsynonymous variants in the genes was linked to BMI, which includes five brain-expressed G
protein-coupled receptors (CALCR, MC4R, GIPR, GPR151, and GPR75).”® Among the identified
genes, GPR75 (1.8kg/m? lower BMI among carriers on average) was further investigated using
knock-out mice models.”® Gpr75 knock-out mice displayed less weight gain in a high-fat diet
model compared to the wild-type mice.” Functional analyses from the studies on coding variants

also highlighted the importance of CNS-related pathways in overall adiposity.’’:"8

In addition to BMI, BF% has been studied as an estimate of overall adiposity in much
smaller sample sizes than for BMI. As an example, a GWAS of BF% with more than 100,000
individuals identified 12 genetic loci (8 previously reported for BMI and BF% and four novel
associations).®> A group of loci among the BF%-associated loci were more strongly associated
with BMI in comparison to BF%, or vice versa, suggesting some distinct genetic effects for

BF% and BMI.1°

GWAS of central obesity. In addition to overall obesity (primarily measured by BMI),
many studies have attempted to identify genetic loci specifically associated with fat distribution,
especially central obesity. BMI-adjusted WHR (WHRadj.BMI) is a well-known anthropometric
proxy measure for body fat distribution and central obesity. The GIANT consortium conducted
meta-analyses of GWAS results for WHRadj.BMI in up to 224,459 individuals (142,762
individuals from 57 cohorts with GWAS data and 81,697 individuals from 44 cohorts genotyped
on the Metabochip) and identified 49 (33 novel) loci associated with WHRadj.BMI.” The gene-
set enrichment analyses suggested that fat distribution is closely related to adipose tissue biology
(adipogenesis, angiogenesis, and transcriptional regulation) and insulin resistance.” Also, a

substantial portion of the WHRadj.BMI-associated loci (20 of 49 loci) demonstrated significant
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differences by sex — most of the sexually dimorphic loci had a stronger influence among
females.” Then, a follow-up large-scale study combined the GIANT GWAS results and the UK
Biobank GWAS of WHRadj.BMI (a total of more than 690,000 individuals) and reported 463
genome-wide significant associations (spanning 346 loci).2° As noted previously, a large
proportion of the associations (in Pulit et al., 105 associations were dimorphic) were sexually
dimorphic, and females tended to have more associated variants.®’ Furthermore, a study with
ExomeChip (i.e., only included variants in protein-coding regions) in 344,369 individuals
identified a total of 56 coding variants significantly associated with WHRadjBMI, and 31 of
them were associated specifically with WHRadjBMI and not with BM1.8* Some studies
conducted GWAS on more accurate regional fat distribution —e.g., VAT and SAT — measured
by CT, MRI, DEXA, and BIA%-8, and they suggested several novel variants and related
pathways. Also, tissue enrichment analyses revealed that unlike BMI, body fat ratio-associated

genes were not enriched in CNS tissue gene sets and showed different patterns of enrichment.®
C. Genetics of obesity in diverse populations

One major limitation of genetic studies of obesity (and human genetics in general) is the
underrepresentation of diverse populations. A majority of genomic studies (including the genetic
studies of obesity) have been conducted in individuals of European descent — more than 80% of
study participants included in the NHGRI GWAS catalog are of European ancestry (as of
2016).85 Among non-European ancestry groups that are present, East Asians are the most widely
studied. The proportion of Asian populations in the GWAS catalog increased from 3% in 2009
to 14% in 2016, and 64% of those were of East Asian ancestry specifically.® In terms of obesity
specifically, large-scale GWAS for obesity-related traits identified several novel BMI-associated

loci.?”88 Several large genomic consortia for ancestrally diverse populations have been published
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recently, especially for African ancestry and admixed ancestry (Hispanic/Latino) populations —
e.g., African Ancestry Anthropometry Genetic Consortium (AAAGC), Population Architecture
Using Genomics and Epidemiology (PAGE), and Hispanic/Latino Anthropometry(HISLA)

Consortium.86

AAAGC conducted large-scale genome-wide meta-analyses and replication analyses in
up to 52,895 individuals of African ancestry for BMI and up to 23,095 individuals for
WHRadj.BMI.2° The study reported ten genome-wide significant associations for BMI (three
novel associations (IRX4/IRX2, INTS10/LPL, and MCL1) and four genome-wide significant
associations for WHRadj.BMI (three novel associations near TCF7L2/HABP2, SSX2IP, and
PDE3B). When combined with European GWAS, there were additional novel loci
(SPRYD7/DLEUZ2, CASCS8, and ZDHHC1/HSD11B2) for WHRadj.BMI. In addition, when the
GWAS results for African ancestry were added to those for European ancestry, the fine-mapping
analyses yielded more tractable credible sets (containing < 20 variants) than for the European
ancestry results only.# The study findings highlight the need for increased ancestry-diverse

obesity genetics studies.?®

The PAGE study was developed to conduct genetic epidemiological studies in ancestrally
diverse populations in the US. The PAGE study was drawn from several existing population-
based cohort studies and hospital-based biobank data — Hispanic Community Health Study/Study
of Latinos (HCHS/SOL), Women’s Health Initiative (WHI), Multiethnic Cohort (MEC),
Coronary Artery Risk Development in Young Adults (CARDIA), Multi-Ethnic Study of
Atherosclerosis (MESA), Atherosclerosis Risk in Communities Study (ARIC), and the Icahn
School of Medicine at Mount Sinai BioMe biobank (www.pagestudy.org). Gong et al.(2018)

conducted a trans-ethnic GWAS for BMI in more than 102,000 European American, African
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American, Hispanic/Latino, Asian American, and Native Hawaiian populations.®® Individuals
were genotyped on ~200,000 SNPs on the Illumina Metabochip and imputed to the 1000
Genome Projects Phase 1.%° The study replicated 15 of 21 known BMI loci available for the
Metabochi and discovered two new loci (at the Metabochip-wide significance level p < 2.5E-
7).%° Recently, the PAGE investigators, along with other academic collaborators, designed Multi-
Ethnic Genotyping Array (MEGA) to improve the coverage of non-European genetic variation.
Using the genetic data in 49,839 non-European individuals genotyped on the MEGA, the PAGE
investigators conducted a GWAS of 26 clinical and behavioral traits, including BMI and
WHRadj.BM1.%* Two novel loci were identified for BMI and WHRadj.BMI (one for each trait).
The identified BMI SNP was more common in African ancestry populations (minor allele
frequency (MAF) of 0.08) and in Hispanic/Latino populations (MAF of 0.01), in comparison to
Native American ancestry populations (MAF of 0.001), Asian ancestry populations (absent), and

primarily European ancestry (in 1000 Genome reference) population (absent).86:91

The HISLA consortium was formed to address the paucity of genomic studies of obesity
in Hispanic/Latino populations.® The consortium included more than 23 studies as well as two
consortia (the Slim Initiative in Genomic Medicine for the Americas (SIGMA) consortium and
the Consortium for the Analysis of the Diversity and Evolution of Latin America).® Fernandez-
Rhodes et al. (2022) conducted a GWAS of anthropometric traits in HISLA (59,771 for stage 1
discovery meta-analysis and 10,538 for stage 2 replication meta-analysis) and identified one
novel BMI loci (PAX3) and two novel signals in established loci for BMI (rs17361324 in ADCY5
and rs148899910 in ILRUN).?? When combined with AAAGC and the GIANT consortia, three
novel BMI one novel WHRadj.BMI loci were identified, and three novel signals were

established loci for BMI and two for WHRadj.BMI.%? The study also found that trans-ancestral
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meta-analysis demonstrated a small-to-moderate influence of residual population stratification on
the SNPs’ estimated effect sizes.® The findings of the study provided additional insights into the
genetic underpinnings of obesity-related traits and highlighted the importance of including

diverse populations.®?

D. Polygenic risk scores for obesity

D.1. Genetic risk prediction for complex traits using polygenic risk scores

For the past decade, GWAS of complex traits has identified numerous associated genetic
variants, especially as a form of SNP. Results of the GWAS have revealed that many complex
traits have a polygenic nature, which is influenced by thousands of SNPs with small effect
sizes.%%% In order to measure individuals’ genetic predisposition to polygenic traits, PRS (also
known as polygenic score (PGS) or genetic risk scores (GRS)), as an aggregate genetic risk
measure, was suggested. Generally, PRS is defined as a weighted sum of the number of risk
alleles from a set of selected SNPs.% Thus, information on the risk allele of a certain SNP and its
effect size (i.e., weight) is required to construct PRS, and the information is inferred from the

results of GWAS analyses.
PRSl = ;-nzlxij[?] 96

PRS;: PRS for ith individual
Xij: the genotype for ith individual and jth SNP (0, 1, or 2)
E]: the estimated effect size of jth SNP (from GWAS summary statistics)

m: the number of SNPs selected for PRS construction

With the increased availability of large GWAS summary statistics and individual

genotype data in many cohort studies and biobanks, the number of publications on PRS has
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rapidly increased®’, and evaluating the potential utilities of PRS has become an actively studied
area. Potential utilities of PRS include risk prediction and stratification, disease subtyping,

individualized intervention, and dissecting disease biology.%

One major utility of PRS is disease risk prediction and risk stratification (i.e., identifying
those most at risk).% PRS can be used as another risk factor of a certain health outcome in
addition to the existing risk factors, and adding PRS to the existing risk prediction model can
improve the accuracy of risk prediction.®® For instance, the predictive accuracy for coronary
heart disease was improved by the addition of PRS to the existing Framingham risk score and
the ACC/AHAL3 scores.®® Despite the current low predictive accuracy, the upper limit of
PRS’s accuracy, in theory, is determined by the SNP heritability — the proportion of phenotypic
variance explained by SNPs in GWAS — of a given trait.*>%" In terms of risk stratification,
studies showed that PRS can identify a greater number of high-risk groups whose risk is
comparable to rare monogenic mutation. If there are population-based screening and preventive
measures, implementation of PRS is particularly of interest and could benefit public health.%
One unique feature of PRS compared to other risk factors is that genetic risk can be available at
birth and is not influenced by other environmental factors (but PRS can vary by PRS estimation

methods or GWAS summary statistics).

In addition, PRS can be used in subtyping diseases. A previous study on PRS for T1D
highlighted the utility of T1D PRS in discriminating T1D from T2D. 1% Similarly, a study on
breast cancer also suggested the potential of PRS in disease subtyping (estrogen-receptor-

positive or — negative) by developing subtype-specific PRS.%0!

Apart from the abovementioned clinical utilities, PRS can help elucidate underlying

disease biology. Since obesity is a major risk factor or predictor of numerous health outcomes,
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PRS for obesity, as a genetic instrumental variable, can be utilized to assess the causal

relationship between obesity and correlated health outcomes. 12

D.2. PRS estimation methods

Recently, numerous PRS estimation methods have been developed and assessed.202%:103-
197 1n this proposal, the two major PRS estimation methods are described. One is the Pruning and
Thresholding (P+T) method, which is the most commonly and widely used method. The other
method is PRS-CS? (and PRS-CSx?! as an extension of PRS-CS), which has been reported as

one of the best methods in many previous studies.®’

P+T is considered as a basic method and has been widely used for many traits®, so it has
been used as a benchmark method in many PRS method developing studies. P+T sets a certain p-
value threshold to filter in SNPs with significant effects on the trait and utilizes the LD clumping
process with a certain LD r? threshold to remove the correlated SNPs.1%81% |t uses the effect
sizes from GWAS as weights for PRS.19 Multiple p-values thresholds are applied in a tuning
population, and a p-value with the highest accuracy will be chosen.'® The underlying
assumption of the P+T method is that selected SNPs are not correlated with each other, and they

independently and additively affect the trait of interest.1°

For better effect size estimation and prediction accuracy, PRS-CS has been developed
based on the Bayesian framework, which considers all genome-wide markers simultaneously to
calculate each variant’s posterior effect size.?219111 |t applies one hyper-parameter, the global
shrinkage parameter, and a continuous shrinkage prior to the effect sizes of the variants.'** For
the global shrinkage parameter, in PRS-CS, it was optimized through grid-search (partial
Bayesian approach), whereas, in PRS-CS-auto, it was learned from GWAS summary statistics

through a fully Bayesian approach and placed with a half Cauchy prior.2%°” An independent
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gamma-gamma prior was assigned to the local shrinkage parameter.? PRS-CSx is an extension
of PRS-CS, enabling the incorporation of the multiple GWAS summary statistics from different
populations, and it showed better prediction performance for the ancestrally diverse
populations.?* Since PRS-CS utilizes external LD reference (e.g., 1000G), if there are systemic
differences in LD structure between the GWAS populations and the reference panel, the

predictive performance is expected to be reduced.®’

The P+T method implicitly makes a sparsity assumption that only a certain proportion of
SNPs has non-zero effect sizes, and the rest of the SNPs have exactly zero effect sizes so that a
sparse set of SNPs affects the trait of interest.?* On the contrary, PRS-CS makes a polygenic
assumption that all SNPs have non-zero effects on the trait of interest.! As illustrated above,
each PRS method has distinct assumptions for the genetic architecture — e.g., distributions and
effect sizes of casual variants'®® 1% and relies on different algorithms to compute the effect
estimates®’, so the best performing PRS methods can vary depending on the actual genetic
architecture of the trait of interest or study settings. A proper selection of the PRS method is
important for prediction accuracy because the prediction accuracy could be reduced by the

imprecise effect size estimation for each SNP. 111112

D.3. Current status of polygenic risk prediction for obesity

As described above, obesity is a major contributing factor to various cardiometabolic
disorders, and the rapid increase in obesity prevalence is a significant public health threat.
Obesity can begin in earlier life, and it has a long-term influence on cardiovascular health in later
in life 113, Also, it is difficult to reverse obesity in older children or adults.® In this regard, it is
crucial to predict the risk of obesity before its onset and to implement effective preventive

strategies for those with high obesity risk.14
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Despite robust associations between GWAS loci and obesity traits, early studies
generating a GRS for obesity using only known SNPs performed poorly— i.e., the proportion of
variance in BMI explained by GWAS variants ranged from 0.34% to 2.70% (reviewed in 14). In
contrast, recent studies have demonstrated considerable improvements in the predictive
performance of obesity-related PRS. For example, Khera and colleagues in 2019 constructed
PRS for BMI (PRS-BMI), including more than 2 million variants, and reported a strong
correlation between BMI and PRS-BMI.7 Individuals within the top 10% of the PRS-BMI had
2.9kg/m? higher BMI than those within the lowest 90% of the PRS-BMI. Moreover, the OR for
severe obesity was 4.2 (top 10% of PRS-BMI vs. 90% PRS-BMI).7° In the same study, the
correlation between BMI and PRS-BMI was 0.29.7° Another prospective study demonstrated that
although BMI at a specific time point (rather than a PRS-BMI) tended to be a better predictor of
future BMI, PRS-BMI displayed significant additional explanatory capacity in the prediction
model.**® In summary, the prediction performance of obesity has been improved by an increased
GWAS sample size and by novel PRS estimation methods, and the obesity PRS provides

additional explanatory capacity to the existing prediction models with traditional risk factors.

Obesity, defined by BMI, often tends to be treated as a uniform condition; however,
obesity is heterogeneous in many ways — e.g., monogenic vs. polygenic, severity (severe vs.
mild), age of onset (early onset vs. late onset), and cardiometabolic complications (obesity with
complications vs. obesity without complications).'*4 (See more in next chapter) Thus, in order to
precisely predict the risk of different forms of obesity and its subsequent complications and to
implement targeted prevention strategies, genetic underpinnings of these various aspects of
obesity should be thoroughly investigated as well. There have been attempts to assess the genetic

risk prediction for different conditions of obesity. For example, a previous study reported that the
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discriminative accuracy of obesity PRS increased with obesity severity (from obese class 1 to
obese class 2).11¢ Also, another study investigated the correlation between obesity PRS and
weight in different age groups and the distribution of obesity PRS in different weight categories

(i.e., underweight, normal, overweight, obese, and severely obese).”®

Previous studies on obesity PRS highlighted the differences in predictive accuracy
between different ancestry groups — i.e., better performance among European ancestry and
limited performance among non-European, especially African ancestry'>7 — possibly due to
different genetic architecture, LD structure, allele frequencies (different tagging SNPs). This is a

critical component of my research and is addressed in section F. Research gaps.

Early identification of high-risk groups for obesity at a young age could be
transformative, as many downstream diseases result from obesity, including CVD, T2D, cancers,
etc.*4 However, many non-invasive prevention strategies like lifestyle changes are not effective
in the long term, and it is possible that information on high risk by genetics may not promote
preventive behaviors effectively.11411811% Nonetheless, the identification of genetic risk factors
for obesity has the potential to revolutionize the drug market with the development of targeted

therapies.
E. Obesity and cardiometabolic consequences

In this section, | will describe the relationships between obesity and cardiometabolic
health outcomes and the genetic underpinnings of these relationships. First, | will summarize the
current literature on the causal roles of obesity in the pathogenesis of various CVDs, as reported
in MR studies. Then, I will introduce some important potential biological pathways from obesity

to CVD. In the following section, | will address the heterogeneous influence of obesity on CVD
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despite the overall close link between obesity and CVD risk. Lastly, I will describe how genetic
studies have helped us better understand the heterogeneous impact of obesity on CVD risk and

summarize the findings to date.

E.1. MR Studies of Obesity and CVD.

Obesity is a major risk factor for cardiometabolic risk factors and CVD. From
epidemiological studies, it has been well-established that excess body weight is closely related to
CVD' and its risk factors, including elevated blood pressure*?!, diabetes??, and high blood
cholesterol level'?, However, despite the strong and consistent close associations between
obesity and CVD or CVD risk factors, the causal relationships have been less certain, partly due
to the limitations of observational studies. Mendelian randomization (MR) provides an
opportunity for causal inference using genetic instruments that, by definition, are non-
confounded. Several MR studies have leveraged the results of GWAS of obesity to elucidate the
causal relationship between obesity and CVD or CVD risk factors. As expected, the results of the
MR studies were mostly supportive of the causal roles of obesity in most CVD risk factors (e.g.,
T2D, fasting insulin, systolic blood pressure (SBP), diastolic blood pressure (DBP), triglycerides
(TG), and high-density lipoprotein (HDL) cholesterol). (Summarized in'®) Also, MR studies, in
general, have provided supportive evidence of the causal roles of obesity in CVD events but with
some divergent evidence gradients by different types of CVD — i.e., strong evidence for aortic
valve stenosis, heart failure, deep vein thrombosis, hypertension, atrial fibrillation, and peripheral
artery disease and low-level evidence for subarachnoid hemorrhage, abdominal aneurysm,

intracerebral hemorrhage, ischemic stroke, transient ischemic attack, and stroke.'?*
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E.2. Biological mechanisms for metabolic consequences of excess adiposity

As described above, it is widely accepted that obesity plays a causal role in various CVD
risk factors and CVD outcomes. Multiple biological mechanisms have been posited to explain the
pathway from excess adiposity to CVD outcomes. The biological mechanisms include (not an
exhaustive list): 1) systemic inflammation, 2) neuroendocrine factors, 3) endothelial dysfunction,
4) hemostatic factors, and 5) ectopic fat deposition (documented in %). Following is a summary
of each category.

A typical feature of obesity is increased systemic inflammation, which can partly explain
the link between obesity and CVD. Several potential mechanisms have been proposed to explain
the relationship between obesity and inflammation (reviewed in 1%°). First, due to adipocyte
hypoxia, adipose tissue may induce inflammatory responses, including increased secretion of IL-
6, leptin, and TNF-a.? Second, because of hypoxia or surplus nutrients in obesity, unfolded
proteins can accumulate in the endoplasmic reticulum (ER) (so-called ER stress), which leads to
stimulation of the inflammatory response through NF-xB-IxB kinase and JNK-AP1 pathways.'?’
Third, intensified level of systemic inflammation in obesity might be due to the release of free
fatty acid (FFA) by lipolysis'?®, and the increase in FFAs induces a lipotoxic state, oxidative
stress to the ER, and further pro-inflammatory response through TLR2/4 and JNK signaling
pathways.125:128

Second, as a part of the endocrine system, adipose tissue secretes numerous adipokines
such as leptin, adiponectin, interleukin-6 (IL-6), and TNF-a, and these adipokines play essential
roles in energy homeostasis. Excess fat deposition in ectopic sites can lead to dysregulation of the
adipokine profile, and this may cause an atherosclerotic response and subsequent CVD.12%130
People with obesity tend to have elevated leptin levels as a manifestation of hyperleptinemia or

leptin resistance. Elevated leptin levels lead to increased CRP levels and oxidative stress in
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vascular endothelial cells, which in turn leads to atherogenic responses.'3! Also, leptin is involved
in the renal sodium secretion pathway (by regulating urinary excretion of nitric oxide metabolites)
so that it can influence vascular tone, blood pressure levels, and atherogenic response via
dysregulated blood pressure.*?

Third, endothelial dysfunction — i.e., an early marker of atherosclerotic disease — could be
a link between obesity and CVD. Among people with obesity, individuals become insulin
resistant and central wave reflection is impaired'33, and endothelium-dependent vasodilation was
significantly dysregulated.'* Elevated FFA among people with obesity is known to play a
significant role in developing endothelial dysfunctions through insulin resistance, inflammation,
and oxidative stress (reviewed in %),

Fourth, thrombosis/blood coagulation is also a potential mediating factor for the
association between obesity and CVD. Chronic inflammation and impaired fibrinolysis (i.e.,
degradation of the fibrin clot by plasmin) are two major pathways through which obesity is
closely associated with elevated thrombosis.'* In addition, adipokines and microRNA are
modifying factors for the association between obesity and thrombosis.%

Lastly, ectopic fat deposition, especially for epicardial adipose tissue, could contribute to
the development of CAD via elevated levels of pro-inflammatory cytokines directly secreted from
the epicardial adipose tissue (as a paracrine system).'?> Also, excessive fat depots in other ectopic
sites —e.g., abdominal, heart, and liver — lead to increased circulating blood volume and pro-
inflammatory cytokines, which may result in a higher stroke volume, cardiac wall stress, and
myocardial injury.¥’

The above-described biological mechanisms linking obesity and CVD risk factors are only

the most prominent pathways. There will be many more pathways to be revealed as
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epidemiological and biological studies accumulate more relevant evidence. It should also be noted
that these pathways can be bidirectional; for example, there is also excellent evidence that

increased inflammation causes obesity.!3®

E.3. Heterogeneity in cardiometabolic consequences of obesity

Despite the close association between obesity and CVD (and its risk factors), there is
substantial heterogeneity in the cardiometabolic consequences of obesity. So-called metabolically
healthy obesity (MHO) and metabolically at-risk normal weight (MARNW) are two examples of
such heterogeneity. A NHANES study recently reported that 31.7% of people with obesity were
metabolically healthy, whereas 23.5% of people with normal weight were metabolically
unhealthy.3! There have been more than 30 different definitions of MHO used in different
studies'®®, but most commonly, MHO has been defined as having < 1 component among the
following abnormal metabolic profiles'“® — elevated blood pressure, TG levels, fasting glucose
levels, and low HDL cholesterol levels (or < 2 components when including high waist
circumference as another factor).4

Many studies have suggested that the risks of developing obesity-related diseases vary
among those who are MHO, MARNW, MHNW and MARO.*? Most studies suggest that MHO
is more likely to develop cardiometabolic disorders (e.g., CVD, cerebrovascular disease,
hypertension, insulin resistance, and T2D) than the metabolically healthy normal weight
(MHNW) group but less likely than metabolically at-risk obesity (MARO) group (summarized in
142y, Some studies have suggested that MHO is a mere transitional state from MHNW to MARO.

Although some demographic or lifestyle factors — e.g., younger age, female, non-Hispanic
black race/ethnicity, relatively lower BMI and waist circumference, and healthier lifestyle among

MHO groups compared to MARO groups — can explain these phenotypes in part®:142, adjusting
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for these known factors does not remove differences among MHO, MARO, MARNW, and
MHNW.#2 This suggests that there are biological mechanisms explaining the heterogeneous
consequences of obesity. Indeed, as described in the previous section, there are numerous
biological pathways from excess adiposity to cardiometabolic consequences, and the
heterogeneous biological responses to excess adiposity can influence the inter-individual

variabilities in obesity-associated complications.

E.4. Genetic investigations for heterogenous cardiometabolic consequences of obesity

BMiI-associated genetic variants and genes could play unique roles in different biological
mechanisms. As recent large-scale genomic studies (e.g., GWAS) have contributed to better
biological understandings of disease pathogenesis by characterizing the disease-associated genetic
variants, characterizing pleiotropic SNPs with obesity-increasing and lipid-lowering effects, and
vice versa, they could provide important biological and mechanistic implications on the observed
MHO or MARNW phenotypes. To be specific, although there has not been a GWAS study
specifically on the MHO or MARNW phenotypes, some previous studies have identified genetic
variants demonstrating counter-intuitive associations with adiposity and cardiometabolic profiles
—i.e., an allele of a given SNP is associated with increased adiposity but with ‘favorable’ or
‘protective’ cardiometabolic profile (e.g., lower T2D risk, TG levels, glucose levels, or blood
pressure levels).2#? Identifying the pathways that underlie these shared counterintuitive genetic
effects’*? may provide insights into the manifestation of the MHO phenotype. The following
section summarizes the previous genomic studies which have addressed the metabolic
heterogeneities of obesity.

One notable example of an obesity-increasing allele that is also protective against

cardiometabolic disease is rs2943650-C of the IRS1 locus. This variant was identified as a BF%-
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associated variant (rs2943650-T), but the BF%-decreasing allele of the variant was associated
with an increased risk of an abnormal metabolic profile — e.g., insulin resistance, dyslipidemia,
diabetes, and CAD.® Further study showed that the BF%-increasing allele of rs2943650 was
associated with higher SAT but not associated with VAT. Thus, it can be inferred that the genetic
variant can lead to an increase in BF% due to fat accumulation in SAT.!3 Additional GWAS on
BF% identified other variants (rs6738627 in GRB14, rs3761445 in PLA2G6, and rs6857 in
TOMMA40) whose BF%-increasing allele were also associated with protective cardiometabolic
profile.!®> One variant (rs6738627), similarly for rs2943650 near IRS1, was thought to play a role
in influencing insulin sensitivity via the regulation of body fat distribution. Two other variants
(rs3761445 and rs6857) from that study may be involved in different pathways to impact higher
BF% but more protective cardiometabolic profile than through body fat distribution.®

Also, in Scott et al. (2014), an insulin resistance genetic score was derived from 10 fasting
insulin-associated variants demonstrating an association with lower HDL and higher TG based on
the findings from a previous study*3. The insulin resistance score was associated with decreased
BMI and gluteofemoral fat mass and with increased ALT and y-glutamyl transferase.!” These
findings suggest an independent role of insulin resistance and fat distribution, not mediated
through BMI, in developing T2D.%’

Several other studies have been conducted to explicitly identify or characterize variants
associated with both risk of obesity (e.g., BMI) and risk of cardiometabolic disorders (e.g., T2D)
but in counterintuitive directions — i.e., adiposity-increasing variants associated with protective
cardiometabolic profiles.1216-18.144.145 These studies reported several SNPs that were associated
with both obesity and protective cardiometabolic profiles, and those SNPs were listed in

Supplementary Table 2.

36



First, among 19 previously identified fasting insulin-associated variants!#43146, Yaghootkar
et al. (2014) grouped a cluster of 11 variants and showed that the 11 variants-based genetic risk
score was associated with lipodystrophy-like metabolic profiles (i.e., increased fat accumulation
in the visceral area compared to subcutaneous area, higher risk of T2D, hypertension, and CAD,
but lower BMI).1 This finding was replicated in UK Biobank data (N = 164,609), building on
the evidence that some genetic variants are associated with higher overall adiposity but with
protective metabolic profiles, possibly through the capacity of body fat accumulation.!®

Lotta et al. (2017) utilized GWAS summary statistics for insulin resistance-related traits
including fasting insulin, HDL cholesterol, and TG) and identified 53 insulin resistance loci (43 of
them were novel) by aligning the risk alleles from the three GWAS results for higher fasting
insulin, higher TG, and lower HDL.* GRS based on these 53 aligned variants was associated with
an increased risk of T2D and CHD, lower BMI and BF%, and higher WHR, and it also supported
the hypothesis that a limited subcutaneous fat storage capacity can lead to insulin resistance.*

Jietal. (2018) identified 14 variants (7 novel variants) that showed a “favorable
adiposity” pattern among the 33 significant associations from BF% GWAS and a multivariate
GWAS for a group of metabolic traits (body fat percentage (BF%), HDL cholesterol, adiponectin,
sex hormone-binding globulin, TG, fasting insulin, and alanine transaminase (ALT)).1** Martin et
al. (2021) implemented a similar approach with an increased number of samples in a multivariate
GWAS and identified 254 variants showing significant associations from both BF% GWAS and
the multivariate GWAS. Then, the 254 variants were grouped into 36 favorable adiposity (FA)
variants and 38 unfavorable adiposity (UFA) variants using a k-means clustering approach.

Lastly, a recent study by Huang et al. (2021) conducted pair-wise cross-phenotype meta-

analyses for pairs between 3 adiposity traits (BMI, WHR, and BF%) and eight cardiometabolic
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traits (HDL, low-density lipoprotein (LDL), TG, fasting insulin, fasting glucose, SBP, CAD, and
T2D) using 11 publicly available GWAS summary statistics to identify variants associated with
higher adiposity but with protective cardiometabolic profile.? Follow-up analyses suggested
potential pathways linking the adiposity-increasing variants and protective cardiometabolic
profiles such as fat distribution, adipocyte function, insulin-glucose signaling, energy expenditure,
fatty acid oxidation, browning of white adipose tissue, and inflammation.*?

To sum up, though it is still unclear whether the counter-intuitive associations (between
obesity variants and protective cardiometabolic profile) are driven by horizontal pleiotropy (i.e.,
genetic variants influencing both obesity and a cardiometabolic trait through different
mechanisms) or by a specific type of protective adiposity (i.e., genetic variants leading to
protective cardiometabolic profile through protective adiposity), the evidence for genes
underlying these processes is rapidly accumulating.

F. Research gaps

This dissertation will focus on two major research gaps in the genetic epidemiology of

obesity.

First, there has been no thorough investigation of the performance of polygenic risk
prediction for obesity in various settings. In terms of PRS modeling or estimation methods, new
PRS estimation methods have been developed, but they have not been thoroughly evaluated in
diverse populations. Also, despite recent efforts to include more non-European populations in
genomic research, the number of studies and the sample sizes of non-European population-based
studies are substantially smaller than for European-based studies. Although many genomic
findings are shared across populations, population-specific effects have been noted’; thus, the

lack of diversity in genomic research hampers the identification of population-specific disease-
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causing variants.®® For instance, if some crucial variants in a specific population have low
frequency or are not detectable in European populations, those variants are likely to be missed
from discovery analysis.®® Furthermore, although various demographic (age and sex)®, lifestyle
(e.g., smoking status)*4®-15% and comorbid conditions (e.g., T2D and hypertension; possibly
through medication, physical activity, and dietary habits) are known to modify the genetic effects
on obesity-related traits, the performance of PRS across these settings has not been thoroughly
investigated. Most studies have applied a single PRS, assuming that the prediction performance
is the same for all individuals and populations. A lack of consideration of heterogeneities in
prediction performance may limit the clinical impact of obesity PRS — e.g., risk group

identification or targeted prevention efforts.

Second, although each obesity-associated variant is expected to have a unique influence
on obesity and cardiometabolic complications, very little is known about the pleiotropic effects
of obesity-associated variants on downstream cardiometabolic disorders. As a part of the effort to
address this research gap, some recent studies (described in the previous section) have focused
on pleiotropic obesity loci (i.e., genetic loci influencing both obesity and another trait),
especially counter-intuitive associations with cardiometabolic profiles. By identifying bivariate
(obesity and cardiometabolic trait) alleles with heterogeneous directions, thousands of obesity
variants can be classified into subcategories by their potential roles in downstream
cardiometabolic disease. Several different approaches (e.g., multivariate GWAS or using a novel
composite trait to represent ‘favorable adiposity’ or ‘lipodystrophy-like trait’) have been used to
identify bivariate loci. However, an emerging genomic analysis tool, a local genetic correlation
approach (more will be described in the research plan section), has not been widely implemented

despite its potential to discover novel bivariate loci. In addition, the previously identified
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pleiotropic loci have not been validated in diverse populations. As with other genomic research,
these loci were discovered in European ancestry populations, and it is unknown whether the
identified bivariate loci show comparable influences on obesity and cardiometabolic traits in
different ancestries. Therefore, it is necessary to further identify the bivariate loci for obesity and
cardiometabolic traits, in particular, for lipid profiles, as the obesity-lipid bivariate connection
has been understudied when compared to T2D or glycemic traits, even in European ancestry

populations.

The proposed aims will fill the above-mentioned research gaps, leading to an improved
understanding of the heterogeneous impact of polygenic risk prediction for obesity and

pleiotropic obesity loci among diverse populations.
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CHAPTER 3: RESEARCH PLAN

A. Overview

In this section, | will describe the study populations, variables (phenotype traits of
interest, genetic data, and covariates), and an analysis plan for the proposed aims. In Aim 1, |
will construct the obesity PRS using the latest and largest trans-ancestry GWAS of obesity-
related traits from the GIANT consortium (N ~ 2 million) (1a) and evaluate and characterize the
prediction performance among ancestrally diverse populations of PAGE study (1b). In Aim 2, |
will identify the genetically correlated genomic loci between obesity and dyslipidemia in
opposing directions by local genetic correlation analysis (2a) and investigate the potential

influence of the correlated loci on obesity, dyslipidemia, and downstream CVD outcome (2b).

B. Study populations

B.1. Population Architecture using Genetics and Epidemiology: The PAGE study

The PAGE consortium was launched in 2008 along with NHGRI’s effort to expand the
ancestral diversity in genomic studies.®>15? In this dissertation, all participants with relevant
genetic and phenotypic information from PAGE participating cohort studies will be included.
The PAGE cohort studies include the ARIC, CARDIA, HCHS/SOL, WHI, MEC, and Icahn
School of Medicine at Mount Sinai BioMe biobank. Based on self-identified racial/ethnic
groups, participants were classified as Hispanic/Latino, non-Hispanic Black, Asian American,
Native American, Native Hawaiian, and non-Hispanic White. A total of 88,402 participants will

be analyzed for BMI — the most available trait in this dissertation. The distribution of participants
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whose genetic and phenotypic information is available is presented in Table 3.1. Participants in
the PAGE study will be a target population for Aim 1 and a validating population for Aim 2.

Following are brief descriptions of the PAGE-participating cohort studies.

ARIC, funded by the National Heart, Lung, and Blood Institute (NHLBI), is an ongoing
community-based prospective cohort study primarily aiming to investigate the etiology of
atherosclerosis and its clinical outcomes.*®® A random sample of 15,792 adults aged 45 — 64
years at baseline was initially recruited between 1987 and 1989 (approximately 4,000
participants for each of four communities in the U.S. — Forsyth County, NC; Jackson, MS;
Washington County, MD; Minneapolis, MN).1*2 Participants have received standardized

examinations on their demographic, social, and health status approximately every five years.

BioMe, funded by The Charles Bronfman Institute for Personalized Medicine, is an
electronic medical record-linked biobank whose participants were based on consented and
volunteered patients in the Mount Sinai Medical Center (MSMC) (among over 70,000 inpatients
and 800,000 outpatients annually).'> The MSMC serves racially/ethnically diverse communities
of the upper Manhattan area, which includes Central Harlem (predominantly non-Hispanic
Black), East Harlem (predominantly Hispanic/Latino), and Upper East Side (predominantly non-
Hispanic White). There have been more than 57,843 participants (21% Non-Hispanic Black,
34% Hispanic/Latino, 31% Non-Hispanic White, and 14% of other ancestry groups) enrolled in
BioMe since 2007 (as of Feb 2021). Among them, a total of 32,344 participants have been
genotyped (as of Feb 2021) so that they can be investigated in genomic studies

(https://icahn.mssm.edu/research/ipm/programs/biome-biobank/facts).

CARDIA, funded by NHLBI, is a community-based prospective cohort study aiming to

investigate the influencing factors for the development of coronary heart disease and its risk
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factors during young adulthood.*®® Initial recruitment was done in 1985 — 1986, and a total of
5,116 Non-Hispanic Black (52%) and Non-Hispanic White (48%), aged 18 — 30 years,
participated from four urban communities — 1,179 from Birmingham, AL; 1,109 from Chicago,
IL; 1,402 from Minneapolis, MN; and 1,426 from Oakland, CA.% In the recruiting step,
participants were selected for the cohort to be balanced in age (> or < 24 years), educational level
(> or < 12 years), sex, and race/ethnicity.*>® After the initial examination, participants were asked
to respond to the subsequent assessments in 1987 — 1988 (Year 2), 1990 — 1991 (Year 5), 1992 —
1993 (Year 7), 1995 — 1996 (Year 10), 2000 — 2001 (Year 15), 2005 — 2006 (Year 20), 2010 —
2011 (Year 25), and 2015 — 2016 (Year 35) (and currently Year 40 exam is ongoing as of Dec
2022). Data collection included the potential influencing factors for coronary heart disease —e.g.,
blood pressure, glucose levels, blood cholesterol levels, anthropometric traits, lifestyle factors,

and family history.

HCHS/SOL, funded by NHLBI and other institutes, is a community-based prospective
cohort study of Hispanic/Latino populations in the U.S. aiming to determine the role of
acculturation in the prevalence and incidence of diseases and to identify influencing factors for
the health of Hispanic/Latino populations. A total of more than 16,000 participants who were
self-identified as Hispanic/Latinos and aged 18 — 74 years were recruited between 2008 and 2011
from four study sites — Bronx, NY; Chicago, IL; Miami, FL; and San Diego, CA. The study was
designed to enroll 4,000 participants (2,500 aged 45 — 74 years and 1,500 aged 18 — 44 years) in
each study site and to have at least 2,000 participants in each of the four groups of origin —
Cuban, Puerto Rican, Mexican, or Central/South American.'* The participants received

extensive baseline examinations on psych-social and clinical factors during 2008 — 2011. A
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follow-up assessment for the cohort was done during 2015 — 2017; the third exam is in progress

now, and annual follow-up interviews via phone calls are ongoing.

MEC, funded by the National Cancer Institute, is a prospective cohort study to
investigate lifestyle and genetic risk factors for cancer in the U.S.%5" A total of 215,251 adults
aged 45 — 75 years at baseline were recruited between 1993 and 1996 from Hawaii and L.A.
County, CA.*% Ethnic distributions of the participants were 16.3% of Non-Hispanic Black,
22.0% of Hispanic/Latino, 26.4% of Japanese American, 6.5% of Native Hawaiian, 22.9% of
Non-Hispanic White, and 5.8% of other ethnic groups.*>” During 2001 — 2006, a prospective
biospecimen collection (i.e., biospecimen collected before the onset of disease; blood, urine,
mouthwash, saliva, or viable lymphocytes) was done for a subset of participants (75,928 as of
April 2019) (https://www.uhcancercenter.org/for-researchers/mec-cohort-composition). In this
dissertation, eight ancillary studies will be included — the Slim Initiative in Genomic Medicine
for the Americas (MEC-Sigma) (a type 2 diabetes study in Hispanic/Latino adults); MEC-
AAPC, MEC-JAPC, and MEC-LAPC (studies of prostate cancer in Non-Hispanic Black,
Japanese American, and Hispanic/Latino men, respectively); MEC-AABC, MEC-JABC, MEC-
LABC, and MEC-HIBC (studies of breast cancer in Non-Hispanic Black, Japanese American,

Hispanic/Latino women, and Native Hawaiian women, respectively).

WHI, funded by NHLBI, is a prospective cohort study to investigate the health of
postmenopausal women in the U.S., especially for preventing CVD, breast cancer, colon cancer,
and osteoporotic fractures in women aged 50 — 79 years.'% A total of 161,808 participants were
recruited between 1993 and 1998 at 40 clinical centers across the U.S. There are two different
parts in WHI — one is the WHI Clinical Trial (~64,500), a randomized clinical trial of hormone

therapy, dietary intervention, and calcium/vitamin D supplements, and the other is WHI
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Observational Study (~100,000), investigating incidence, risk factors, and potential interventions

for CVD, cancer, and osteoporotic fractures.*®® Followings are ancillary studies that will be

included in our analyses — the Genetics and Epidemiology of Colorectal Cancer Consortium

(GECCO); the Modification of PM-Mediate Arrhythmogenesis in Population study (MOPMAP);

the Genomics and Randomized Trials Networks (GARNET); the Hip Fracture GWAS (HIPFX);

the Long Life Study (LLS); the Women’s Health Initiative Memory Study (WHIMS); and the

Women’s Health Initiative-SNP Health Association Resource (WHI-SHARe),

Table 3.1. Sample sizes of PAGE participants in this proposal by study and self-report race/ethnicity for BMI

(upper) and WHRadjBMI (lower)

East Native American
European African  Hispanic  Asian  Hawaiian Other  Total

BMI

ARIC 9,233 2,811 0 0 0 0 0 12,044
BioME 1,970 5,938 8,059 716 0 51 945 17,679
CARDIA 1,652 889 0 0 0 0 0 2,541
MEC 0 6,980 6,355 5,817 3,414 0 0 22,566
SOL 0 0 7,237 0 0 0 0 7,237
WHI 12,578 8,663 4,177 356 0 493 69 26,336
Total 25,433 25,281 25,828 6,889 3,414 544 1,014 88,403
WHRadjBMI

ARIC 9,228 2,811 0 0 0 0 0 12,039
CARDIA 1,651 888 0 0 0 0 0 2,539
MEC 0 4,089 4,376 4,875 2,643 0 0 15,983
SOL 0 0 7,221 0 0 0 0 7,221
WHI 12,529 8,628 4,160 355 0 491 69 26,232
Total 23,408 16,416 15757 5,230 2,643 491 69 64,014

B.2. The GIANT consortium

The GIANT consortium aims to discover genetic determinants contributing to body size

and shape (measured via height, BMI, and WHR). Hundreds of studies have participated in the

consortium, and meta-analyses of study-specific GWAS results have identified thousands of

anthropometric trait-associated genetic loci. The number of participating studies has been

expanded to improve the power to detect novel genetic loci. The most recent results included a
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total of about 5.4 million participants for height>° and about 2 million participants for BMI
(under review for publication) from multiple self-reported racial/ethnic groups. Meta-analysis of
height GWAS has the largest available set, and its sample size summary is shown as follows

(Figure 3.1).

GIANT consortium: Genetic Investigation of ANthropometric Traits

Ancestral composition

I EUR (75.8%)
EAS (8.8%)

HIS (8.5%)
. B AFR (5.5%)
SAS (1.4%)
Ancestry-specific meta-analysis of height
European East Asian Hispanic _ African/, South Asian
African American
n = 4,080,687 n= 472,730 n = 455,180 n= 293593 n= 77,890
GWAS meta-analysis of height } Replication
in 281 studies n=49,160

Figure 3.1. Geographical mapping and ancestries composition of 281 studies meta-analyzed in the latest GIANT
Height GWAS. In the latest publication from the GIANT consortium, the GWAS meta-analysis of height consists
of about 4M Europeans, 472K East Asians, 455K Hispanics, 293K Africans, and 78K South Asians. (Adapted from
Yengo L, Vedantam S, Marouli E, et al. A saturated map of common genetic variants associated with human height.
Nature. 2022;610(7933):704-712) 1%

For this dissertation, | will utilize the meta-analysis results for two obesity-related
anthropometric traits (BMI and WHR) from the GIANT consortium to construct an overall
obesity and a central obesity PRS (PRS-BMI and PRS-WHRadjBMI). To maintain the
independence of the target population (PAGE study) from the base samples, the meta-analysis
results were obtained after removing GWAS from PAGE participating studies. Following is a

brief description of the meta-analysis conducted by the GIANT consortium. First, all individual

studies were quality-controlled using the EasyQC*® software and checked for the total number
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of variants included, the total number of variants not in the reference panels, imputation quality
scores, genomic inflation factor, and phenotype transformation. Variants with imputation quality
score > 0.3, Hardy-Weinberg Equilibrium p-value > 1E-8, and minor allele count > 5 from each
individual study were included in the analysis.'>® Then, meta-analyses were conducted by each
ancestry group (EUR, EAS, HIS, AFR, and SAS) using RAREMETAL'®! to account for multi-
allelic variants. Then, a fixed-effect meta-analysis of five ancestry groups was conducted to get
the association results for trans-ancestry GWAS summary statistics.*° | will use this trans-

ancestry and ancestry-specific GWAS summary statistics to construct genome-wide obesity PRS.

B.3. UK Biobank

UKB is a large-scale prospective cohort study of more than 500,000 people from the
United Kingdom with the primary aim of improving the prevention, diagnosis, and treatment of
various diseases' onset later in life.'®? Participants aged 40 — 69 were recruited between 2006 —
2010.1%2, Participants’ phenotypic and genotypic information, including questionnaires, physical
and blood measures, genome-wide genotyping data, imaging data, and health outcomes, has been
collected.*6? The UKB is available for paid access to researchers. In 2018, the Pan-ancestry

GWAS of UK Biobank (https://pan.ukbb.broadinstitute.org/docs/study-design) presented a

multi-ancestry GWAS of 7,221 phenotypes, including anthropometric and obesity-related
measures. Table 3.2 shows the number of samples and traits included in the projects. GWAS
analysis was conducted using SAIGE?®? to implement a linear mixed model — with a kinship
matrix as a random effect and covariates as fixed effects. Continuous traits were rank-based
inverse normalized within each ancestry group, and covariates included in GWAS were age, Sex,
age*sex, age?, age®*sex, and the first 10 PCs

(https://github.com/atgu/ukbb_pan_ancestry/wiki/QC). I will utilize the publicly available
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GWAS summary statistics (available from: http://www.nealelab.is/uk-biobank/) for BMI
and lipid traits (HDL, LDL, and TG) as a discovery sample for local genetic correlation analysis

for the first step of aim 2.

Table 3.2. Sample sizes in the base UKB GWAS for aim two by ancestry groups

Population BMI HDL LDL TG
African ancestry 6545 5754 6200 6211
Admixed American ancestry 971 854 938 937
Central/South Asian ancestry 8646 7688 8404 8415
East Asian ancestry 2693 2342 2568 2570
European ancestry 419163 367021 400223 400639
Middle Eastern ancestry 1572 1364 1498 1499

Source: https://github.com/atgu/ukbb_pan_ancestry/wiki

C. Measurement of variables

Individual-level genetic and phenotypic data from PAGE are described in the following

sections.

C.1. Genetic information

In the original PAGE study, a total of 53,426 non-European ancestry (African ancestry,
Hispanic/Latino, East Asian, Native Hawaiian, and American Indian participants) samples from
different participating studies were genotyped on the MEGA at the Center for Inherited Disease
Research.®* The MEGA was collaboratively designed by the PAGE Il investigators, Illumina,
and the Consortium on Asthma among African-ancestry Populations in the Americas to better
capture the genetic diversity among populations of non-European ancestry.'®* The content of the
MEGA was determined after considering some backbone content — e.g., Infinium HumanCore
BeadChip, African Diaspora Consortium Power Chip, enhanced cross-population tagging

content, diverse exonic content, tagging SNPs identified in published GWAS, SNPs documented
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in UCSC browser track, and all clinically significant SNPs — and additional hand curated custom
content suggested by PAGE investigators — e.g., regulatory variants with differential function in
laboratory studies, enhanced coverage of tag SNPs for candidate genes or regions, expanded
coverage of exonic regions for candidate genes or regions, comprehensive fine-mapping
coverage for GWAS catalog reports, and clinically significant SNPs associated with traits of

interest.164

In addition to the MEGA genotyping platform, some participants from ARIC, BioMe,
CARDIA, MEC, and WHI were genotyped separately on Illumina or Affymetrix arrays by each

study or ancillary study.

The number of samples included in this proposal (especially for the analysis of BMI) by
study, self-reported race/ethnicity, and genotyping platform is shown in Table 3.3. A total of
38,971 samples that will be included in the current analysis were genotyped on MEGA, and the

remaining 49,632 samples were genotyped on the non-MEGA array.
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Table 3.3. Number of participants in PAGE genotyped on MEGA and non-MEGA array by study and by ancestry

non-MEGA
Study Race/ethnicity MEGA (Hllumina or Affymetrix)
ARIC European 0 9233
African 0 2811
BioMe European 0 1970
African 4192 1746
Hispanic/Latino 4294 3765
East Asian 716 0
American Indian 51 0
Other 920 25
CARDIA European 0 1652
African 0 889
MEC African 4467 2513
Hispanic/Latino 24 6331
East Asian 2972 2845
Native Hawaiian 3106 308
HCHS/SOL Hispanic/Latino 7237 0
WHI European 0 12578
African 6102 2761
Hispanic/Latino 4106 71
East Asian 291 65
American Indian 493 0
Other 0 69

The following table summarizes the genotyping platform, QC criteria, imputation

methods, and reference panel that each study and ancillary study implemented.
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Table 3.4. Summary of the non-MEGA genotype and quality control information in the PAGE

Sample

Ancillary . HWE .
Study Study Genotyping Platform R():::L threshold Imputation Reference Panel
ARIC Affymetrix GeneChip SNP Array 6.0 90% 0>10 IMPUTE Yersion 1000 Genome phase 3v 5
. Affymetrix GeneChip SNP Array 6.0 0 5 IMPUTE version
BioMe and lllumina OmniExpressExome Array 95% p>5x10 232 1000 Genome phase 3 v 5
CARDIA Affymetrix GeneChip SNP Array 6.0 95% p>10° 'MPUE ‘Z’ers'on 1000 Genome phase 3V 5
MEC JAPC Illumina Human660W_Quad_v1 Array 95% NA MACH HapMap Phase 2
LAPC Illumina Human660W_Quad_v1 Array 95% NA MACH HapMap Phase 2
AAPC Illumina Human1M-Duo Array 95% NA MACH HapMap Phase 2
LAT2D . , 0 IMPUTE version 1000 Genomes Phase |
2 5M Illumina HumanOmni2.5-4v1 B Array 95% NA 290 integrated variant set
AABC Illumina Human1M-Duo Array 95% NA MACH HapMap Phase 2
LABC Illumina Human660W_Quad_v1 Array 95% NA MACH HapMap Phase 2
JABC Illumina Human660W_Quad_v1 Array 95% NA MACH HapMap Phase 2
HIBC Illumina Human660W_Quad_v1 Array 95% NA MACH HapMap Phase 2
WHI GARNET Illumina Human Omni1-Quad v1-0 B 98% p>10-6 'MPUE ‘2’ers'°” 1001 Genome phase 3 v 5
GECCO Illumina 610 and Cytochip 370K 98% p>10-6 'MPUE ‘2’ers'°” 1002 Genome phase 3 v 5
HIPFX Illumina 50K and 610K 98% p>10-6 'MPUE ‘Z’ers'on 1003 Genome phase 3 v 5
Affymetrix Gene Titan, Axiom Genome- 0 IMPUTE version
MOPMAP Wide, Human CEU | Array Plate 90% p>10-6 232 1004 Genome phase 3v 5
Human OmniExpress Exome-8vl B 0 IMPUTE version
WHIMS Genome-Wide Human 98% p>10-6 232 1005 Genome phase 3v 5
Human OmniExpress Exome-8vl_A 0 IMPUTE version
LLS Genome-Wide Human 98% p>10-6 239 1006 Genome phase 3v 5
WHI- . . 0 IMPUTE version
SHARe Affymetrix Gene Chip SNP Array 6.0 98% p>10-6 232 1007 Genome phase 3v 5
“MEGA Infinium Expan(_jed Multi-Ethnic 98% 0>10-6 IMPUTE version 1000 Genome phase 3 v 5
Genotyping Array 2.3.2

Human genome build 37 and dbSNP version 150 were used for all cases.



C.2. Phenotypic information

Anthropometric measures

BMI will be used as a proxy measure of overall adiposity. BMI was derived from weight
and height measured at baseline visit (at the time of enrollment) for ARIC, CARDIA,
HCHS/SOL, and WHI. For 140 WHI participants who were missing in height or weight at
baseline, height and/or weight measures at 1-year or 3-year follow-up substituted the missing
baseline measures.®®> In MEC and BioMe biobank, height, and weight measures were self-
reported, and this self-reported baseline height and weight measures were used to generate BMI

at baseline.

WHR will be used as a continuous proxy measure of central adiposity, and it was derived
from waist circumstance (WC) and hip circumference (HC) measures in the PAGE study. As
with other anthropometric traits, WC and HC were measured during baseline visits. WC was
measured using a tape measure at the natural waist level in a horizontal plane, rounded to the
nearest 0.5 cm.2%¢ Self-reported WC and HC measures were collected in MEC.*! BioMe did not

collect WC or HC measures.

Cardiovascular disease risk factors

Lipid trait. HDL-C, TC, and TG levels were measured from fasting blood, and the
Friedewald Equation was used to calculate LDL-C levels from other lipid measures. If measured
TG levels were greater than 400mg/dL, LDL-C levels were not calculated. In addition, following
previous studies, medication status was adjusted by adding a constant (Table 3.5).167168 The

largest constant was applied if more than one medication was reported. Those who had not fasted
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for 8 hours or were pregnant at measure were excluded from the harmonized phenotype

database. Natural-log transformation was applied to TG levels after adjusting for medication.

Table 3.5. Constants used for medication adjustment of lipid levels in the PAGE study.

. Constants (mg/dL)
Medication
HDL LDL TC* TG
Statins -2.3 49.9 52.1 18.4
Fibrates -5.9 40.1 46.1 57.1
Bile acid sequestrants -1.9 40.5 0 0
Niacin -9.9 24.7 34.6 89.4
Cholesterol absorption inhibitors 0 40.5 40.5 0

Source; 168
*TC: Total Cholesterol

Glycemic traits. Fasting blood glucose levels and insulin levels were measured at
baseline visits using standard assays after 8 hours of fasting. HbAlc levels were measured during
follow-up visits for all cohort studies except for HCHS/SOL.. Participants without diabetes
(normoglycemia) were defined as having fasting glucose < 5.6 mmol/L or HbAlc < 38
mmol/mol and aged over 40. | will exclude those under 40 years old were glucose < 5.6 mmol/L
or HbAlc < 38 mmol/L from the analysis. Participants with pre-diabetes were defined as having
glucose > 5.6 mmol/L or HbA1lc > 38 mmol/mol. Lastly, participants with diabetes were defined
based on ADA criteria (by medication, report diagnosis, fasting glucose > 7 mmol/L or HbAlc >
48 mmol), or random glucose > 11.11 mmol/L, and aged > 21 years at the time of diagnosis (to

avoid potential misclassification between T1D and T2D).

Blood pressure was measured using a standardized protocol. Participants were
considered hypertensive using the following criteria (if met at least one criterion): 1) SBP > 140
mmHg, 2) DBP > 90 mmHg, 3) any antihypertensive medication reported, or 4) ICD-9 codes

401. x or ICD-10 codes 110.x - 115.x. %1
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Cardiovascular diseases

Some of the PAGE participating cohorts have information (prevalence, incidence, or
death) on cardiovascular diseases. ARIC, MEC, and WHI ascertained the prevalence or

incidence of myocardial infarction (M), coronary heart disease (CHD), or stroke.

In ARIC, information on CHD events, including hospitalization and deaths, was collected
through annual follow-up interviews and community surveillance.'%® Definitions of CHD events
included acute hospitalized M, definite fatal CHD, MI diagnosed by ECG, and

revascularization.16®

In MEC, as described in previous studies'’®, CHD cases and controls from several nested
case-control substudies in MEC will be used in the current dissertation. CHD cases were
ascertained through the participants’ medical records from the California Hospital Discharge
Data (1990 - 2012) and the Centers for Medicare and Medicaid Services claim files (outpatients)
(1999 - 2011), which were linked to MEC study - c.f., some participants from Hawaii (76.6% of
Japanese American) were not available for hospital discharge data. Case definitions for CHD
were based on ICD-9 codes (DX 410 - 414) for ischemic heart disease as the principal or first
diagnosis code and the principal or first procedure code. Also, if a primary cause of death is Ml
(ICD-9 DX410, ICD-10 121) or other CHD (ICD-9 DX411-414, ICD-10 120, 122-25), these
individuals were included as cases. Both prevalent (~20%; ascertained at baseline) and incident
(~80%; ascertained during follow-up) CHD cases were ascertained.'®® Controls were selected
among those without a history of heart attack or angina from the baseline questionnaire or all

follow-up questions.
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In WHI, CHD events were identified through a self-reported questionnaire and
adjudicated by physicians after reviewing the chart within 3 months.*”* CHD cases were defined
as individuals who had a history of Ml (self-reported) or a revascularization procedure at
baseline and/or manifested a definitive MI, went through a revascularization procedure, or died

from CHD during follow-up."

Lifestyle factors

Smoking status and physical activity will be considered as lifestyle factors, and they were
measured differently across different cohorts. Smoking status was summarized into a variable
classifying participants into never-smokers, former smokers, and current smokers. For physical
activity, a binary variable was created to classify the participants into two groups — the bottom
20th percentile, by sex, for each cohort as the sedentary group and the rest (top 80th percentile

per sex and cohort) as the non-sedentary group.

D. Statistical analyses

D.1. Aim 1. Characterize and evaluate the utility of trans-ancestry obesity PRS in the
ancestrally diverse PAGE study

Inaim 1, I will construct PRS-BMI and PRS-WHRadjBMI by using different genome-
wide PRS estimation methods (P+T and PRS-CS(x)), and | will compare the prediction
performance among PRS by different methods in the PAGE study. Then, | will characterize the

prediction performance in various conditions in the PAGE study.

55



D.1.1. Construction of obesity PRS

I will construct genome-wide polygenic risk scores using three different methods
described in the previous section — P+T, PRS-CS, and PRS-CSx. We will use the effect size
estimates for variants from the trans-ancestry or ancestry-specific GIANT GWAS results for
BMI and WHRadjBMI. (In PRS-CS and PRS-CSx, the estimated effects will be adjusted using
the Bayesian approach.) The estimated effect sizes will be the genome-wide inputs for PRS
calculation. As obesity is a highly polygenic trait, the use of genome-wide variants, instead of
limiting the variants with statistical significance, would better capture the polygenic nature of
obesity.1"? Indeed, previous literature demonstrated a better predicting performance when using
genome-wide polygenic scores than using variants with genome-wide significance.”® Although
the PRS calculation step has the basic framework in common as described in Chapter 2, section
D.1 (i.e., PRS for an individual=}; 8;SNP;, where SN P; stands for the individual’s dosage for the
ith SNP and f; is the estimated association between ith SNP and BMI from the GWAS), each
PRS estimation method takes different approach when selecting SNPs (for PRS-CS and PRS-
CSx, HapMap phase 3 variants will be used; for P+T, only independent index SNPs of each
locus will be included) or deciding SNPs’ effect size (PRS-CS and PRS-CSx adjust the SNPs’
effect size based on Bayesian approach; P+T method uses the raw effect sizes from the base

GWAS).

P+T

P+T method filters in only significantly associated SNPs based on a predefined p-value
cut-off value (i.e., thresholding) and select the best (i.e., most significantly associated with BMI

or WHRadjBMI) independent SNP in a given locus (i.e., clumping) based on a base GWAS
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summary statistics. Independence between SNPs is usually decided by the LD R? between a pair

of SNPs, and the cut-off criterion for the independence can vary by studies.

Before clumping and thresholding the SNPs, it should be decided which reference panel
will be used to calculate LD R? between two SNPs. For each ancestry-specific GWAS result, |
will use the matched population group from 1000 Genome reference population - i.e., EUR,
AFR, AMR, EAS, SAS - to get the LD structures. However, there is no reference for the trans-
ancestry GIANT GWAS; thus, | will construct a trans-ancestry reference population (called an
“ALL” population) by combining randomly selected ancestry-specific 1000 Genome reference
populations proportional to the distribution of different populations in GIANT GWAS. The
number of participants in each ancestry in the base GIANT (without PAGE participants) is
shown in the following table (the 4th column), and the number of randomly selected 1000
Genome populations for each ancestry is also shown in the table (the 6th column) - I will include
the maximum number of EUR population, and other ancestry groups will be proportional to the

number of EUR population.

Table 3.6. Distribution of continental ancestry in the reference population to be generated based on the 1000
Genome Phase 3 populations

Ancestry Total Excluded Remaining Proportion The new trans-ancestry
PAGE samples samples reference population
European 1,595,348 39,358 1,555,990 79.19% 489
(maximum available)
Hispanic 58,160 28,498 29,662 1.51% 9
East Asian 263,383 4,266 259,117 13.19% 81
African 114,335 27,030 87,305 4.44% 27
South Asian 44,704 11,906 32,798 1.67% 10
Total 2,075,930 111,058 1,964,872 100% 617
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In addition, before clumping, the base GIANT GWAS was additionally cleaned by
excluding variants with missing beta, sample size less than 3 of maximum sample size, minor
allele frequency less than 0.001, or minor allele count less than 5 will be excluded from the base

GIANT GWAS results before clumping.

In the clumping step, several parameters will be specified to conduct clumping and
thresholding — especially for LD R? cut-off criterion (0.1, 0.2, and 0.5), LD window sizes (250kb
or 500kb), and significant p-value thresholds (5E-2, 5E-3, 5E-5, 5E-7, and 5E-9), and based on
combinations of criteria, there will be different sets of SNPs filtered in for constructing PRS. To
find the best-performing combination, | will randomly divide the target PAGE samples into two
independent sets by sex, study, and race/ethnicity stratum; one is the tuning sample, and the other
is the testing sample (N ~ 44,000 for BMI and ~32,000 for WHRadjBMI in each tuning and

testing set).

In practice, LD clumping will be conducted using the ‘--clump’ command from PLINK
software for all possible combinations of LD R? criteria (0.1, 0.2, and 0.5), LD window sizes
(250kb and 500kb), and populations (ALL, EUR, AFR, AMR, and EAS). Once LD clumping is
done, | will additionally filter the variant with different p-value thresholds (5E-2, 5E-3, 5E-5, 5E-

7, and 5E-9).

For P+T, the raw effect estimates for SNP on BMI or WHRadjBMI from the GIANT
GWAS will be used as PRS weights. PRS for PAGE individuals will be calculated using the ‘--
score’ function in PLINK software. The PAGE 1000 Genome imputed genetic data will be
filtered using an imputation quality score, and variants with an imputation score less than 0.4

will be removed from the score calculation.
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PRS-CS

PRS-CS reweights the effects estimates for a given SNP from the base GWAS results
using the Bayesian approach. | will apply PRS-CS?° to GIANT GWAS of BMI and
WHRadjBMI after excluding variants with low reliability - missing effects estimates, low sample
size (sample < 5 of maximum sample size), and rare variants (minor allele frequency < 0.001 or
minor allele count < 5). PRS-CS uses genome-wide HapMap phase3 (HM3) variants (N ~ 1.3M)
and requires an external LD reference panel. Since | will use trans-ancestry base GWAS in this
proposal, | will utilize the trans-ancestry LD reference panel generated previously. PRS-CS
needs information on the sample size of the GWAS and the ‘phi’ parameter (a global shrinkage
parameter). The sample size will be specified as the 90th percentile of the sample size
distribution across the variants in the GIANT GWAS. For the global shrinkage parameter, | will
try different phi parameters (auto option, 1, 0.01, 0.0001, and 0.000001) and test the prediction
performance of PRS for each phi parameter in tuning sample (except for ‘auto’ option since it
does not need additional tuning sample) to decide the best-performing phi parameter. The tuning

and testing samples will be the same sets that will be used in the P+T method.

PRS will be calculated with the weights estimated from PRS-CS for available HM3
variants in PAGE samples using the ‘--score’ function in PLINK software. Variants with low
imputation quality (imputation quality score < 0.4) will be removed from the PAGE genetic data
before the PRS calculation. For PRS-CS, | will only construct trans-ancestry PRS-BMI and PRS-
WHRadjBMI and ancestry-specific PRS will be estimated based on ancestry-specific GWAS

using PRS-CSx (which will be described in the next section).
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PRS-CSx

PRS-CSx?! is known to have advantages for studies with heterogeneous population
groups. | will apply the PRS-CSx method using ancestry-specific GIANT GWAS summary
statistics (for EUR, AFR, HIS, and EAS) with the same inclusion/exclusion criteria as for PRS-
CS —i.e., missing effects estimates, low sample size (sample < '3 of maximum sample size), or
rare variants (minor allele frequency < 0.001 or minor allele count < 5). As in PRS-CS, the
global shrinkage parameter and sample size information for each ancestry group should be
provided. In this dissertation, I will try 1, 0.01, 0.0001, 0.000001, and auto as global shrinkage
parameters and the 90th percentile of the sample size distribution as sample size parameters. |
will use an ancestry-specific 1000 Genome LD reference panel (EUR, AFR, AMR, EAS, and
SAS), which is provided by the authors. PRS-CSx will estimate ancestry-specific variants’
weights — i.e., Wgyr, Warr, Wamr, Wras, and wg s — as well as an inverse-variance weighted

meta-analysis of ancestry-specific weights (wpgr4)-

Individuals’ ancestry-specific PRS — score-EUR, score-AFR, score-AMR, score-EAS,
and score-SAS — in the PAGE population will be calculated using the ‘--score’ function in
PLINK software. As in other methods, variants with low imputation quality (imputation quality
score < 0.4) will be removed from the PAGE genetic data before the PRS calculation. Then, in
the tuning sample, the following linear regression model will be fitted, and the beta for each

ancestry will be estimated.

BMI (or WHRadjBMI) ~ Bgyg - score-EUR + Bypg - score-AFR + B,yr - Score-AMR +

Bras - score-EAS + S, - score-SAS
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Subsequently, these beta estimates for ancestry-specific scores will be applied to the

testing sample, and the prediction performance will be evaluated.

Additionally, an inverse-variance weighted meta-analysis of ancestry-specific weights
(META) will be calculated from the PRS-CSx, and these “‘META” weights will be applied to the

testing sample (without the tuning step).

D.1.2. Evaluation of prediction performance in PAGE study

The prediction performance of PRS-BMI in the PAGE study will be evaluated by R? (the
proportion of variance in an outcome variable explained by PRS) from the linear regression
models. The outcome variable will be inverse-normalized residuals of BMI after adjusting out
other covariates, and PRS-BMI will be used as an explanatory variable. Likewise, the prediction
performance of PRS-WHRadjBMI in the PAGE study will be evaluated by R? values from the
linear regression models with inverse normalized residuals of WHRadjBMI after adjusting out

other covariates as an outcome and PRS-WHRadjBMI as an explanatory variable.

In each analysis stratum, residual generation models are as follows for each sex.

[BMI] BMI ~ age + self-reported race/ethnicity + study + genotype platform + PC1 + PC2 +

PC3 +PC4 + PC5 + PC6 + PC7 + PC8 + PC9 + PC10 ... (1)

[WHRadjBMI] WHR ~ BMI + age + self-reported race/ethnicity + study + genotype platform +

PC1+PC2 +PC3 + PC4 +PC5 + PC6 + PC7 + PC8 + PC9 + PC10 ... (2)

These sex-specific residuals will be inverse normalized. PRS will be standardized as a
mean of 0 and a standard deviation of 1 for each analysis stratum. Then, R? will be estimated

from the following linear regression models.
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[BMI] Inverse normalized residuals from (1) ~ standardized PRS-BMI

[WHR] Inverse normalized residuals from (2) ~ standardized PRS-WHRadjBMI

D.1.3. Characterization of obesity PRS in PAGE study

To characterize the prediction performance of obesity PRS in the PAGE study, | will first
stratify the PAGE sample by several different variables and compare the prediction performance
across these strata. | will select variables known to be associated with obesity and potentially
influencing the prediction accuracy of obesity PRS. Those variables include sex and age group as
demographic variables, smoking status and physical activity as lifestyle factors, and T2D status
and hypertension status as cardiometabolic comorbidities. For the age group, | will divide the
participants into under and over 50, assuming 50 is an approximate age for menopause. For
smoking status, | will classify the participants into never-smokers, former smokers, and current
smokers. For physical activity, | will dichotomize the physical activity status into low
(sedentary) and high (non-sedentary) groups. For T2D status, participants will be classified as a
non-diabetic, prediabetic, and diabetic group. For hypertension, I will dichotomize a group with
normal BP levels and a group with hypertension. To maximize the available sample size for the
stratified analysis, | will use PRS constructed by PRS-CS(auto) since the PRS-CS(auto) can be

applied directly to the testing sample with no need for an additional tuning sample.

D.2. Aim 2. Investigation of genetically correlated loci that jointly influence obesity and
dyslipidemia

In Aim 2, | will identify genetic loci that are simultaneously associated with obesity
(BMI) and dyslipidemia (HDL, LDL, and TG) and classify these bivariate loci into two different
categories based on the direction of the local genetic correlation coefficients - one is Ob/DysL(+)

loci (significant local genetic correlation with (+) sign) and the other is Ob/DysL(-) loci
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(significant local genetic correlation with (=) sign). Then, I will investigate the potential
influence of these loci on obesity, dyslipidemia, and other subsequent CVD-related factors in the
PAGE study by testing the associations with Ob/DysL(+) loci- Ob/DysL(-) loci-based obesity

PRS.

D.2.1. Identification of the genetically correlated loci that jointly influence obesity and
dyslipidemia

Ob/DysL(+) and Ob/DysL(-) loci will be identified by local genetic correlation analysis
using a pair of UKB GWAS summary statistics for obesity (BMI) and lipid traits (HDL, LDL,
and TG). Local genetic correlation analyses will be conducted using the LAVA R package. A
total of 3 obesity-lipid trait pairs (BMI-HDL, BMI-LDL, and BMI-TG) will be analyzed

separately.

Here is a brief summary of the local genetic correlation approach implemented in this
proposal.t”® LAVA, like other local genetic correlation estimation tools, was developed to
estimate the locus-level genetic correlation between two phenotypes. LAVA first estimates the

local genetic signal (measured by local heritability (h?)) as follows.1®

Y, = Xap, + ¢,
Y, . Standardized phenotype vector
X: genotype matrix with K, SNPs (standardized)

ay,: vector of joint SNP effects (accounting for LD)
€, : vector of normally distributed residuals with variance 7

@, = (X"X)~'XTy, , if the local SNP LD matrix is denoted as § = cor(X) and the
vector of estimated marginal SNP effects are denoted as [?p (not accounting for LD), @, =

S‘lﬁ’p. That is, if marginal SNP effects are obtained from GWAS summary statistics, we can
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estimate the joint SNP effects (&,,) using a reference population’s LD structure.!’® Using the
estimated joint SNP effects, local residual phenotypic variance (nf,) and t the proportion of

phenotypic variance explained by the SNPs within the locus (local h?) can be estimated.*”® Then,
it estimates bivariate local genetic correlations. The local genetic effects (G) can be defined as
G = Xa (a is a K (number of SNPs in the locus) by P (number of phenotypes) matrix of joint

SNP effects). The realized covariance matrix of G is denoted as follows (©).17

Q= Wy Wep
Wpq Wy
wg - local geneti(_: varian_ce of G, for phenotype p
wyq - local genetic covariance of G, and G, for phenotype p and g

Then, the local r;can be calculated by p,,, = L"Z and pj, will be considered as the

1f“"zﬁ""q
proportion of variance in the local genetic effects G, explained by G,.1" Since G is not actually

observed, Q should be estimated using the Method of Moments, not computed directly.'”® The
significance of the correlation will be determined using simulation-based p-values.”® This local
genetic correlation analysis will be especially useful for situations where some signals appear in
opposing directions at different regions and nullify each other at a global level —i.e., the absence
of global genetic correlation despite the presence of local genetic correlation in opposing
directions, whereas global genetic correlation captures only the average genetic correlation

across the whole genome and sometimes cannot differentiate the null genetic correlation.'’3

LAVA utilizes pre-partitioned genomic regions to get a local genetic correlation estimate
for each locus. I will use 2,495 pre-partitioned genome that has been provided by the developers

of LAVA (https://github.com/cadeleeuw/lava-partitioning). These partitioned genomic blocks
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were generated based on the 1000 Genome European reference population on build

hg19/GRCh37 to get approximately LD-independent genomic blocks across the whole genome.

As described earlier, LAVA first performs the univariate test to filter in the loci where a
significant local genetic influence (measured by local heritability (h2)) on adiposity or lipid traits
is estimated. It will exclude the loci without any significant local heritability for either of the two
traits from the following bivariate analysis (correlation analysis). Then, local genetic correlation
coefficients between a pair of obesity traits and lipid traits will be estimated among the

significant univariate loci.

| will define the bivariate loci as follows. Bivariate loci are genomic regions showing
significant local heritability estimates (Bonferroni-corrected p < 0.00002 (=0.05/2,495); call it as
“univariate loci”) and local genetic correlation coefficients (Bonferroni-corrected p < 0.05/
number of tested loci (univariate loci) for each obesity-lipid pair). | will classify the bivariate
loci into two different groups based on their directions of association with dyslipidemia risk. In
other words, if a given bivariate locus shows positive local genetic correlation coefficients
between obesity and dyslipidemia (i.e., rg < 0 for BMI-HDL, rg > 0 for BMI-LDL and BMI-TG
pairs), the locus will be classified as Ob/DysL(+) locus whereas if the bivariate locus shows
negative local genetic correlation coefficients (i.e., rg > 0 for BMI-HDL, rg < 0 for BMI-LDL

and BMI-TG), the locus will be classified as Ob/DysL(-) locus.

Table 3.7. Classification of Ob/DysL () and Ob/DysL (+) loci based on local heritability analysis and local genetic
correlation analysis

Ob/DysL(-) Ob/DysL(+)
Step 1. Local heritability (h2) p < 0.00002 (= 0.05/2495) p <0.00002 (= 0.05/2495)
Step 2. Local genetic correlation (rg)  p <0.05/ N tested loci p <0.05/ N tested loci

rg >0 for BMI-HDL rg <0 for HDL-BMI

rg <0 for BMI-LDL, BMI-TG rg >0 for LDL-BMI, TG-BMI
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After identifying the Ob/DysL(-) loci and Ob/DysL(+) loci, | will assess if the identified
loci are previously reported (Supplementary Table 2) or novel. Since previous studies were
conducted at the variant level, not the locus level, I will consider certain loci as replicated loci if

the known variants were within the identified loci.

D.2.2. Prioritization of genes underlying counter-intuitive Ob/DysL(-) loci

To investigate the biological implications of the identified BMI-lipid bivariate loci and to
prioritize potential causal genes underlying these counter-intuitive loci - Ob/DysL(-), | will
conduct TWAS-FUSION'"# and identify potential genes whose genetically predicted expression

levels were associated with the BMI or lipid traits. | will integrate each GWAS summary result
(BMI, HDL, LDL, and TG) with reference gene expression levels in Whole Blood samples from

the Cardiovascular Risk in Young Finns Study (YFS)!® and adipose tissue from Metabolic
Syndrome in Men Study (METSIM).Y7® Then, I will filter the genes located within the bivariate
loci (based on the start and the end position of the genes) and identify the overlapping genes
from the BMI and corresponding lipid trait. I will also examine directional consistency by
comparing TWAS Z scores for BMI and the corresponding lipid trait. For example, I will verify
if a gene within BMI-HDL Ob/DysL(-) loci had the same direction of effect in the TWAS Z-
score for both BMI and HDL. Based on the known roles of the overlapped genes (reported in
public databases (e.g.,) PubMed or Genecards), | will infer potential pathways simultaneously

influencing BMI and lipid traits.

D.2.3. Potential influence of the bivariate loci on obesity, dyslipidemia, and CVVD-related factors
in PAGE study

I will investigate the potential influence of Ob/DysL(+) loci or Ob/DysL(-) loci on

obesity, dyslipidemia, and CVD-related factors compared to that of overall obesity loci in the
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PAGE study. To do this, I will derive the PRS for obesity based on Ob/DysL (+)-loci or
Ob/DysL(-) loci (PRS -Ob/DysL (+) or PRS-Ob/DysL(-), respectively) and test the association
between the PRS-Ob/DysL(+) or PRS-Ob/DysL () and obesity traits (BMI and obesity status),
lipid traits (HDL, LDL, TG, and dyslipidemia status), and other CVD-related factors (glycemic
traits, blood pressure tratis, and CVDs). | hypothesize that PRS-Ob/DysL(-) will be associated
with protective dyslipidemia and CVD risk profile but positively associated with obesity,
whereas PRS-Ob/DysL (+) will be associated with adverse dyslipidemia and CVD risk profile

and positively associated with obesity risk (as expected for overall PRS-BMI).

To construct PRS-Ob/DysL(+) and PRS-Ob/DysL(-), I will utilize publicly available
PRS weights for BMI prepared and provided by ExXPRSweb!"

(https://exprsweb.sph.umich.edu/). The PRS weights for BMI were estimated using PRS-CS

(Nvariants = 1,113,832; Pearson correlation between PRS and BMI in testing sample = 0.321177)
methods based on UKB GWAS summary statistics for BMI. | will restrict the genetic variants to
those located in the Ob/DysL (-) bivariate loci and Ob/DysL(+) bivariate loci for the PRS-
Ob/DysL(-) and PRS-Ob/DysL (+), respectively, and apply the weights to our target population,
the PAGE study. The association will be tested in the available subset (available for lipid traits
and CVD-related factors) of the PAGE study. The linear regression model to be tested is as

follows.

[Quantitatvie measures]

Outcome trait ~ PRS-Ob/DysL(+) or PRS-Ob/DysL(-) + age + sex + study + self-reported
race/ethnicity + genotype platform + PC1 + PC2 + PC3 + PC4 + PC5 + PC6 + PC7 + PC8 + PC9

+ PC10
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[Categorical measures]
log(odds of being case) ~ PRS-Ob/DysL(+) or PRS-Ob/DysL(-) + age + sex + study + self-
reported race/ethnicity + genotype platform + PC1 + PC2 + PC3 + PC4 + PC5 + PC6 + PC7 +

PC8 + PC9 + PC10
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CHAPTER 4: MANUSCRIPT 1: CHARACTERIZING POLYGENIC RISK SCORES
FOR OBESITY TRAITS ACROSS DIVERSE POPULATIONS AND SETTINGS

A. Overview

Obesity, a major driver of the population burden of cardiovascular disease (CVD), is a
highly heritable trait. Thousands of obesity-associated genetic loci have been identified, enabling
the construction of obesity polygenic risk scores (PRS) for risk prediction. However, current
PRS are largely developed and tested based on genetic studies of non-Hispanic White
populations, and thus far, prediction performance among ancestrally diverse populations has
been poor. In addition, little is known about the potential heterogeneities in the prediction
performance of obesity PRS across different contexts defined by demographic, lifestyle, and
comorbid factors. In this regard, we aimed to characterize the performance of PRS for obesity
traits (body mass index (BMI) and BMI-adjusted waist-to-hip ratio (WHRadjBMI)) in the

diverse Population Architecture using Genomics and Epidemiology (PAGE) study.

Using the latest GWAS of BMI (80% of non-Hispanic White, 13% of East Asians, 4% of
non-Hispanic Black, 1.5% of Hispanics and South Asians) and WHRadjBMI (84% of non-
Hispanic White, 12% of East Asians, 0.6% of non-Hispanic Black, 0.8% of Hispanics and 2.7%
of South Asians) from the GIANT consortium, we applied scores derived using the pruning and
thresholding (P+T) method and PRS-CS method, a Bayesian approach using genome-wide SNPs
(HapMap Phase 3 variants), to the PAGE participants and evaluated the prediction performance
[variance explained by PRS (R?) of the regression models]. We also investigated stratum-specific

prediction performance of PRS for obesity traits by demographic factors (age group (> or <50
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years) and sex(females and males), lifestyle factors (smoking status (current smokers, former
smokers, and never-smokers) and physical activity status (sedentary and non-sedentary), and
comorbid status [T2D status (T2D, prediabetes, and normoglycemic) and hypertension status

(hypertensive and normotensive)].

Prediction performance was improved by applying PRS-CS methods compared to P+T
methods across all self-reported racial/ethnic groups (R? from 6.6% to 9.0% for PRS for BMI
and from 2.9% to 4.6% for PRS for WHRadjBMI). However, we observed substantial
differences in the prediction performance of PRS across self-reported race/ethnicity groups,
especially between non-Hispanic White (R? of 14.0% for BMI and R? of 7.1% for WHRadjBMI)
and non-Hispanic Black (R? of 7.1% for BMI and R? of 2.7% for WHRadjBMI) populations.
Heterogeneities in the prediction performance of PRS-BMI and PRS-WHRadjBMI by different
stratifying variables were also noted — i.e., age group, sex, smoking status, T2D status, and
hypertension status for PRS-BMI and sex, T2D status, and hypertension status for PRS-

WHRadjBMI.

Our results reinforce the need for more large-scale GWAS of obesity-related traits among
diverse race/ethnic groups to improve the prediction performance of PRS for obesity-related
traits. In addition, the current findings demonstrate that beyond the heterogeneities in
race/ethnicity performance, other contextual factors have a measurable impact on prediction
performance and, therefore, must be evaluated prior to the application of PRS in the clinical

setting.
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B. Introduction

Obesity has been associated with a wide swath of cardiometabolic disorders®, as well as
other disorders, with the rapid increase in obesity prevalence a significant public health threat.!?
Obesity often begins in early life, and it has a long-term influence on cardiometabolic health later
in life.*13 Also, it is difficult to reverse obesity, once prevalent, in older children or adults.® Since
obesity is highly heritable — heritability estimates ranged from 40% to 70%*, it may be useful to
identify individuals with a high genetic predisposition to obesity before its onset and to focus
prevention efforts among those at the highest genetic risk of obesity.!* Indeed, early
identification of high-risk groups for obesity at a young age could be transformative, as many
downstream diseases result from obesity, including cardiovascular diseases, cancers, etc.'4

With the large-scale GWAS of obesity traits and novel polygenic risk scores (PRS)
estimation methods, risk prediction using PRS has substantially improved. A previous study
constructed PRS for BMI (PRS-BMI), including more than 2 million variants, and explained
8.41% of the variance in BML.7° The study suggested that PRS-BMI be implemented to identify
high-risk individuals at birth for targeted and cost-effective prevention strategies.’®

However, a majority of genomic studies have been conducted in individuals of European
populations, and ancestral diversity has been lacking.47€ Although many genomic findings are
shared across populations, population-specific effects, distinct patterns of linkage disequilibrium,
and heterogeneity in SNP effect size across ancestries'#’ limit the generalizability of genetic risk
prediction across populations.®® Also, despite the recent advancement in PRS estimation
methods, the potential benefit of recent advances in diverse racial/ethnic populations is unclear.
This makes it difficult for ancestrally diverse populations to benefit from genomic research and

precision medicine®®, which may exacerbate the already evident obesity health disparities among
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populations!4”178 In addition, although various demographic (age and sex)*, lifestyle (e.g.,
smoking status)4®-51 and comorbid conditions (e.g., T2D and hypertension; possibly through
medication, physical activity, and dietary habits) are known to modify the genetic effects on
obesity-related traits, the performance of PRS across these settings has not been thoroughly
investigated. Most studies have applied a single PRS, assuming that the prediction performance
is the same for all individuals and populations. A lack of consideration of heterogeneities in
prediction performance may limit the clinical impact of PRS — e.g., risk group identification or
targeted prevention efforts. In this regard, we aimed to evaluate the prediction performance of
obesity PRS across different PRS estimation methods and race/ethnicity and characterize the
prediction performance of obesity PRS across multiple demographic, lifestyle, and obesity

comorbidity contexts.

C. Methods

C.1 Study Population
C.1.1 Genetic Investigation of ANthropometric Traits (GIANT) consortium

The GIANT consortium aims to discover genetic determinants contributing to body size
and shape (measured via height, BMI, and WHR). Hundreds of studies have participated in the
consortium, and meta-analyses of study-specific GWAS results have identified thousands of
anthropometric trait-associated genetic loci. The number of participating studies has been
expanded to improve the power to detect novel genetic loci. The most recent results included a
total of about 5.4 million participants for height!*°, about 2 million participants for BMI
(manuscript in preparation), and about 1 million participants for WHR (adjusted for BMI) from

multiple self-reported racial/ethnic groups. We utilized the latest GWAS of BMI and
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WHRadjBMI from the GIANT consortium as the base GWAS of the PRS. Since PAGE
participating studies were part of the GIANT consortium, we excluded PAGE participating
studies from the discovery GWAS results to maintain sample independence!’® between the base
GWAS and target population of the PRS analysis. A total of 1.95 million participants (79.5% of
non-Hispanic White, 12.9% of East Asian, 4.5% of non-Hispanic Black, 1.5% of
Hispanic/Latino, and 1.7% of South Asian) were included in the GWAS of BMI (excluding
PAGE studies), and a total of 1.08 million participants (84.3% of non-Hispanic White, 11.7% of
East Asian, 0.6% of non-Hispanic Black, 0.8% of Hispanic/Latino, and 2.7% of South Asian)

were included in the GWAS of WHRadjBMI.

C.1.2 Population Architecture using Genetics and Epidemiology: The PAGE study

The PAGE consortium was established in 2008 as a part of NHGRI’s initiative to expand
ancestral diversity in genomic research.®2152 All individuals with relevant genetic and phenotypic
data from PAGE participating studies were included in the current study. The PAGE
participating studies include the Atherosclerosis Risk in Communities (ARIC), Coronary Artery
Risk Development in Young Adults Study (CARDIA), Hispanic Community Health Study /
Study of Latinos (HCHS/SOL), Women’s Health Initiative (WHI), Multiethnic Cohort Study
(MEC), and Icahn School of Medicine at Mount Sinai BioMe biobank. Participants were
categorized into different self-reported racial/ethnic groups, such as non-Hispanic White, non-
Hispanic Black, Hispanic/Latino, Asian, Native Hawaiian, and Native American. Additional

descriptions of these populations can be found in the previous literature. %152
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C.2 Measurement
C.2.1 Genetic Information

A total of 38,940 and 26,329 participants included in the PRS-BMI and PRS-
WHRadjBMI analysis, respectively, were genotyped on the MEGA at the Center for Inherited
Disease Research® 184 and the remaining 49,405 and 37,615 were genotyped on the non-MEGA
(Mumina or Affymetrix) arrays (Table 4.1, 4.2). The 1000 Genome imputed genetic data were

filtered using imputation quality score, removing variants with imputation scores below 0.4.

C.2.2 Phenotype Information

BMI and WHRadjBMI were used as surrogate continuous measures of overall and central
obesity, respectively. Blood glucose levels and insulin levels were measured after an 8-hour fast
during the baseline visit. We categorized individuals' diabetes status according to the American
Diabetes Association (ADA) criteria. Blood pressure was measured following a standardized
procedure. Participants were classified hypertensive if they met at least one of the following
criteria using the following criteria: 1) Systolic blood pressure (SBP) > 140 mmHg, 2) Diastolic
blood pressure (DBP) > 90 mmHg, 3) reported use of any antihypertensive medication, or 4)
ICD-9 codes 401. x or ICD-10 codes 110.x - 115.x.%* Past and current smoking status and
physical activity status were considered as lifestyle factors, but the measurement varied among
different cohorts, as detailed in the supplement. Detailed descriptions of the phenotype

information are provided in the Supplementary Information.
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C.3 Statistical Analysis
C.3.1 Construction of PRS for obesity-related traits

We constructed genome-wide PRS using two different methods — P+T and PRS-CS(x).

All PRS estimation methods have the following PRS calculation formula in common.
PRS for an individual=), 8;SNP;
(where SNP; stands for the individual’s dosage for the ith SNP and p; is the estimated
association between ith SNP and BMI or WHRadj.BMI from the GWAS)

There were differences between the P+T method and PRS-CS (and PRS-CSx) in terms of
the SNP list and the weights assigned to the SNPs used for PRS calculation. P+T method used a
set of independent SNPs within a given locus after LD clumping based on a certain LD R?
threshold and significance threshold, whereas PRS-CS and PRS-CSx used a pre-defined list of
SNPs — e.g., HapMap3 variants — variants regardless of the variants’ significance in base GWAS.
While P+T adopted the raw effect estimates from the base GWAS for variants’ weight in PRS
calculation, PRS-CS and PRS-CSx reweighted the variants’ effect estimates using a Bayesian
approach. We used trans-ancestry and ancestry-specific (i.e., non-Hispanic black, East Asian,
non-Hispanic white, Hispanic, and South Asian) GIANT GWAS results for BMI and
WHRadj.BMI (self-reported non-Hispanic White, non-Hispanic Black, Hispanic/Latino, East
Asian, and South Asian populations) as the discovery GWAS for PRS calculation. PAGE-
specific studies were used for training and testing the PRS. Detailed descriptions on how each

PRS estimation method was applied are described in the Supplementary Information.
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C.3.2 Evaluation of prediction performance of obesity PRS in the PAGE study

We randomly divided the target PAGE samples into two independent sets by sex, study,
and race/ethnicity stratum; one was the tuning sample, and the other was the testing sample (N ~
44,000 for BMI and ~32,000 for WHRadjBMI in each tuning and testing set). We tuned the
parameters for P+T (LD R?, LD window size, and p-value threshold), PRS-CS (global shrinkage
parameters), and PRS-CSx (global shrinkage parameters and the weights for ancestry-specific
scores) in the tuning sample and evaluated the prediction performance of different PRS methods
in the testing sample with the best-performing parameters for each method.

The prediction performance of obesity PRS (PRS-BMI and PRS-WHRadjBMI) in the
PAGE study was evaluated by R? (the proportion of variance in an outcome variable explained
by PRS) from the linear regression models. The outcome variable was the residuals of BMI or
WHR after adjusting out other covariates, and the explanatory variable was PRS-BMI or PRS-
WHRadjBMI. In each analysis stratum, residual generation models were as follows for each sex.

[BMI] BMI ~ age + self-reported race/ethnicity + study + genotype platform + PC1 +

PC2 + PC3 + PC4 + PC5 + PC6 + PC7 + PC8 + PC9 + PC10 ... (1)

[WHRadj.BMI1] WHR ~ BMI + age + self-reported race/ethnicity + study + genotype

platform + PCI + PC2 + PC3 + PC4 + PC5 + PC6 + PC7 + PC8 + PC9 + PCI0 ...

)

These sex-specific residuals were inverse normalized. PRS was standardized as a mean of
0 and a standard deviation of 1 for each analysis stratum. Then, R? was estimated from the
following linear regression models.

[BMI] Inverse normalized residuals from (1) ~ standardized PRS-BMI

[WHR] Inverse normalized residuals from (2) ~ standardized PRS-WHRadj.BMI
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C.3.3 Characterization of obesity PRS in the PAGE study

To characterize the prediction performance of obesity PRS in the PAGE study, we
stratified the PAGE sample by different factors hypothesized to modify SNP effect size and thus
PRS performance and compared the prediction performance across strata. We selected variables
known to be associated with obesity and potentially influencing the prediction accuracy of
obesity PRS. Those variables included sex and age group (< 50 years and > 50 years), smoking
status (current smokers, former smokers, and never smokers) and physical activity (sedentary
and non-sedentary) as lifestyle factors, and T2D status (T2D, prediabetes, and normoglycemic)
and hypertension status (hypertensive and normotensive) as cardiometabolic comorbidities of
obesity. For the age group, we divided the participants into under and over 50, defining age 50 as
a mid-life point and also the point at which the majority of women have achieved menopause.
For smoking status, we classified the participants into never-smokers, former smokers, and
current smokers. For physical activity, we dichotomized the physical activity status into low
(sedentary) and high (non-sedentary) groups. For T2D status, participants were classified into
normal glucose tolerance, prediabetes, and diabetes groups. For hypertension, we dichotomized
into a group with hypertension and those without hypertension. To maximize the available
sample size for the stratified analysis, we used PRS constructed by PRS-CS(auto) since the PRS-
CS(auto) method does not require an additional tuning sample and can be applied directly to the

testing sample.

D. Results

A total of 88,345 individuals and 63,944 individuals were included in the analyses of
BMI and WHR, respectively (Tables 4.3, 4.4). Mean (SD) ages were 54.9 (11.4) years for the

BMI set and 56.0 (10.7) years for the WHR set. The proportion of female participants was 68.4%
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for the BMI set and 73.3% for the WHR set. The mean (SD) BMI for the BMI set was 28.6

(6.12) kg/m?, and the mean (SD) WHR for the WHR set was 0.87 (0.09).

D.1 Prediction Performance by PRS Estimation Methods

In the PRS-BMI analyses, two PRS-CS methods outperformed the P+T methods across
all race/ethnicity groups (Figure 4.1A and Table 4.5). For example, in race/ethnicity-pooled
results, the R was 36% higher using the PRS-CS(tuned phi) in comparison to the P+T method
[6.60% —> 8.95%]. Two PRS-CSx-META methods also demonstrated relatively high
performance compared to the two PRS-CS methods, except for the race/ethnicity-pooled
analysis. In addition, while the PRS-CSx (phi: auto) method demonstrated comparatively high
performance among non-Hispanic White, Asians, and Native Hawaiians, it showed a lower
performance (similar to that of P+T methods) among non-Hispanic Black and Hispanic/Latino
and even the lowest performance among race/ethnicity-pooled results and American Indians. The
PRS-CSx (phi: tuned) demonstrated consistently low performance across all race/ethnicity
groups. In American Indian-specific analyses, the performance by estimation methods could not

be evaluated due to small sample sizes.

Based on the performance of PRS-CS (phi: auto) — one of the best-performing PRS
across all racial/ethnic groups, the prediction performance was highest among non-Hispanic
White (R? of 14.0%), as expected, given the overrepresentation (~80%) of non-Hispanic White
in the GIANT GWAS results that served as the base GWAS. The prediction performance was
ranked in following order: Hispanic/Latino, Asian, Native Hawaiian, non-Hispanic Black, and
American Indian. Of note, in the base GIANT GWAS, the proportion of Hispanic/Latino
populations was only 1.5%, yet the prediction performance among Hispanic/Latino was

comparable to that among non-Hispanic White. Among the three self-identified racial/ethnic
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groups with comparable sample sizes in PAGE (hon-Hispanic White, non-Hispanic Black, and
Hispanic/Latino), the non-Hispanic White R? was almost twice as high as the non-Hispanic

Black results.

In the PRS-WHRadjBMI analyses, the two PRS-CS methods consistently outperformed
the P+T methods across all race/ethnicity groups (Figure 4.1B and Table 4.6). In race/ethnicity-
pooled results, the R? was 61% higher using the PRS-CS(tuned phi) method when compared to
the P+T method [2.87% > 4.64%]. Regarding the PRS-CSx methods, the PRS-CSx-META (phi:
tuned) demonstrated relatively high prediction performance compared to the P+T methods and
PRS-CSx (non-META) methods, however, the PRS-CSx-META (phi: auto) did not perform well
compared to PRS-CSx-META (phi: tuned), and the performance of PRS-CSx-META (phi: auto)
was even lower than that of the P+T methods for all racial/ethnic groups except for non-Hispanic
White and Asians. The prediction performance of PRS-CSx (phi:auto) was far lower than other
methods among race/ethnicity-pooled results, Native Hawaiians, and American Indians;
however, it exhibited comparable performance among other race/ethnicity groups. The PRS-CSx

(phi:tuned) method displayed consistently the lowest performance across all ancestry groups.

The performance of PRS-CS (phi: auto) for WHRadjBMI was the highest among non-
Hispanic White (R? of 7.13%) as expected by the sample size distribution in the base GWAS
(~84.3% of non-Hispanic White), and it was followed by Hispanic/Latino, Native Hawaiian,
non-Hispanic Black, and Asian. Of note, the precision of the estimates for American Indian was
so low (i.e., a wider confidence interval than other racial/ethnic groups). The prediction
performance of WHRadjBMI was about or less than a half of that of BMI (8.9% for BMI and

4.4% for WHRadjbMI).
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D.2 Prediction Performance of PRS-BMI and PRS-WHRadjBMI in Different Strata

We assessed the prediction performance of PRS-BMI and PRS-WHRadjBMI in different
strata by demographic variables (age and sex), lifestyle variables (smoking status and physical
activity status), and comorbid CVD stata (Hypertension and T2D status) (Table 4.7-4.8 and
Figure 4.2). We detected significant differences in prediction performance by age group, sex,
smoking status, hypertension status, and T2D status for PRS-BMI and by sex and hypertension
and T2D status for PRS-WHRadjBMI. Specifically, the prediction performance of PRS-BMI
was higher among > 50 years group (vs. < 50 years), females (vs. males), former smokers or
non-smokers (vs. current smokers), hypertensive group (vs. normotensive group), and
prediabetes group (vs. T2D control groups or diabetes group). In addition, the prediction
performance of PRS-WHRadjBMI was higher among females (vs. males), the normotensive

group (vs. hypertensive group), and the T2D control group or prediabetes group (vs. diabetes

group).

E. Discussion

In this study, the Bayesian PRS estimation methods performed better than the P+T
methods across all racial/ethnic groups in PAGE participants. However, we still noted a
substantially poorer performance among non-Hispanic Black populations compared to non-
Hispanic White populations. The performance among other populations groups fell between that
of non-Hispanic White and non-Hispanic Black. We also observed distinct patterns of PRS
performance across demographic, lifestyle, and CVD risk factor-informed strata, further
supporting the importance of context when applying PRS to populations with often unique
patterns of gene-environment interaction. As precision medicine advances and PRS are applied

clinically, we must have an understanding of the accuracy of our prediction tools in each
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population. Overall, our study demonstrated that PRS prediction performance varied
substantially by PRS estimation methods, racial/ethnic groups, and various individual-level
contexts. Therefore, we strongly advocate for the consideration of performance-influencing

factors before applying PRS in clinical settings.

Improved prediction accuracy of PRS by Bayesian approaches — using the larger number
of genome-wide SNPs and reweighting the SNPs’ effect sizes by Bayesian regression — when
compared to estimates using the P+T method has been reported many times’%20.107.180 ‘including
previous studies of BMI.2° We confirmed that the improved performance by PRS estimation
methods was applicable to all race/ethnicity groups in PAGE participants. It has also been argued
that PRS-CS methods perform better for highly polygenic traits, influenced by numerous
genome-wide SNPs with small impact rather than by a small set of significant SNPs with larger
effect sizes,'% and our results for these obesity-related traits are no exception. We also tested
variations of the PRS-CS methods using ancestry-specific GWAS results (e.g., PRS-CSx-
META); however, we did not find strong evidence of improvement in prediction accuracy, and,
in some cases, we observed under-performance of PRS-CSx methods compared to PRS-CS
method (which is based on one large trans-ancestry GWAS results). The discrepancies between
our results and the original PRS-CSx report?t might be due to the relatively small sample sizes
for non-European-specific discovery GWAS results. Since, unlike the other methods, PRS-CS
(auto) (where global shrinkage parameter is automatically acquired from data)?° did not require a
separate tuning data set, and its prediction performance was better in most comparisons, we
implemented the PRS-CS (auto) method for all subsequent analyses. Approaches to improve
PRS performance in diverse populations is a topic of major importance currently, our data

suggest there is still room for substantial improvement in prediction accuracy.
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We observed substantial differences in PRS performance across self-identified
race/ethnic subpopulations in the PAGE study, especially between non-Hispanic White
populations and non-Hispanic Black populations. The poor performance of PRS in self-identified
non-European populations is well described,47181.182 and likely driven by continental ancestral
differences, for example, differences in allele frequencies and linkage disequilibrium, and an
underrepresentation of diversity in discovery GWAS. However, cultural and environmental
population differences by race/ethnicity may also have influenced distinct environmental and
demographic factors.181.183-185 Unfortunately, due to historical limitations of the data collection
and characterization, we are unable to distinguish true ancestry effects from race/ethnicity
effects. As described, the predominance of non-Hispanic White populations in the discovery
GWAS is one likely explanation for such differences (79.2% and 84.3% non-Hispanic White
populations for BMI and WHRadjBMI GWAS, respectively), as others have also observed.!8
This discrepancy highlights the need for larger GWAS studies in diverse populations, especially

in African and African American populations,8%:186

PRS-WHRadjBMI displayed lower predictive performance when compared to PRS-BMI
(about half R? compared to PRS-BMI). Such findings are unsurprising, given the smaller sample
sizes of the discovery GWAS for waist traits (about 2 million in GWAS of BMI vs. 1 million in
GWAS of WHR) (unpublished; manuscript in preparation). Other factors likely influencing
these differences include the more error-prone measurement of WHR (reviewed in 187). On the
other hand, there may be real differences in the genetic architecture of BMI and WHR,
particularly as demonstrated in the recent large-scale GWAS of overall adiposity and central
adiposity (or fat distribution)* and the generally lower heritability estimates for waist measures

compared to BMI (67.8% for BMI and 37.3% for waist circumference) 8. Thus, further studies
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are required to understand the lower performance of PRS-WHRadjBMI and explore ways to
improve the performance. Unlike BMI, WHR measurements are less prevalent in clinical settings
(e.g., EHR database) yet they have strong associations with various CVD and CVD risk factors.
Therefore, improving prediction accuracy of PRS-WHRadjBMI is particularly important, as it
could serve as a robust genetic instrumental variable of central obesity or as an important genetic

predictor for CVD risk in clinical settings.

We observed the heterogeneities in obesity PRS prediction performance across different
contexts, such as demographic factors, lifestyle factors, and comorbidities, implicating the
importance of accounting for gene-environmental interactions in obesity genetic risk prediction.
Previous literature has also demonstrated an important impact of gene-environmental interactions
on PRS performance.'81% Below we describe each contextual factor in detail, highlighting

literature that may support the heterogeneous results observed.

First, the lower prediction performance of PRS-BMI among current smokers (vs. never
smokers or former smokers) and among T2D cases (vs. prediabetes) was likely driven by well-
known changes or fluctuations in body weight due to smoking or T2D pathogenicity.919 |t is
well known that cigarette smoking is inversely associated with BMI, possibly due to reduced
appetite'® and that smoking cessation is related to weight gain.**41°® Thus, genetic
predisposition to increased BMI may be partly suppressed by current cigarette smoking, resulting
in the reduced prediction performance of PRS-BMI. In addition, patients with T2D are likely to
experience fluctuations in weight — either from weight loss related to a healthier lifestyle'% or
weight loss related to T2D pathogenicity during the course of the disease'®” or medication,*

thereby limiting prediction performance. For PRS-WHRadjBMI, we also observed lower
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prediction performance in the T2D case group compared to the normoglycemic T2D control

group or the prediabetes group, but not by smoking status.

In terms of age, previous studies have demonstrated both higher and lower prediction
performance of PRS-BMI as populations age.%°15 Our results align more closely with studies
that report a larger proportion of variation in BMI explained by PRS-BMI at older ages when
compared to younger ages (e.qg., 1*°). Differences in lifestyle factors by strata may explain these
apparent age effects. Indeed, we observed a higher proportion of current smokers among the < 50
years group, which may have also influenced prediction performance differences across ages. In
addition, the discovery and PAGE populations were similarly middle-aged, thus it is unsurprising
that the mid-to-older aged strata had improved prediction performance. We observed no
differences in prediction performance between the two age groups for PRS-WHRadjBMI,

perhaps due to smaller sample sizes or possible confounding by sex.

We speculate that sex differences in PRS performance were driven by differences in the
sample size of the discovery GWAS, with more females than males, much like in our study
strata. Differences may also be driven by demographic confounders of sex differences, as the
females were older and less likely to smoke, both of which had demonstrated impact on our PRS
performance [(mean age was higher among females — 55.8 (SD: 11.0) years — when compared to
males -52.9 (SD: 12.0) years-) and the proportion of current smokers was lower among females
(13.6%) than among males (21.1%)]. PRS-WHRadjBMI also performed better among females
[5.27% (95% CL.: 4.87 — 5.66) in females vs. 2.04% (95% CL.: 1.62 — 2.47) in males]. This
finding is consistent with the previous literature on sex-specific genetic effects for waist traits

(i.e., higher heritability among females)”.
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Differences in the prediction performance of obesity-related PRS by hypertension and
T2D status may be driven by demographic and CVD risk factor differences between groups. For
example, we observed that groups with higher mean BMI and more adverse metabolic health
(the >50 years group when stratified by age group, the hypertensive group when stratified by
hypertension status, and the prediabetes group when stratified by T2D status) displayed higher
prediction performance of PRS-BMI. This finding is in line with a recent study that
demonstrated a stronger genetic predisposition to obesity in the context of obesogenic
environments.'8 However, unlike in the PRS-BMI, we observed higher prediction performance

among normotensive individuals (vs. hypertensive individuals) for PRS-WHRadjBMI.

All taken together, we suggest four overarching reasons for heterogeneous effects across
contexts— 1) differences in sample characteristics between the discovery GWAS populations and
target populations (e.g., age and sex distribution in base GWAS); 2) differences in genetic
architecture or biological mechanisms between subgroups (e.g., sexual dimorphism in WHR or
altered biological mechanisms due to aging or comorbidity); 3) potential biological influences by
external exposures (e.g., smoking or medications); and 4) strong lifestyle modifications (e.g.,
intentional weight loss or physical activity). Thus, it can be inferred that any individual-level
factors that are related to the above categories may have a potential to influence the prediction
performance of obesity PRS. In addition, combinations of these factors (e.g., young female
smokers vs. older male non-smokers) could have an impact that is greater than each factor
individually. Furthermore, although the current study is limited by only available variables which
is not necessarily relevant for predicting obesity risk at birth (e.g., by age group or by smoking

status), the current results suggested that other important context-related variables, which can be
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determined at birth (e.g., Socio-economic status of household), should be accounted for when

predicting obesity risk.

This study has notable strengths. First, the total sample size of the PAGE study was
extensive, enabling a comprehensive characterization of the PRS-BMI and PRS-WHRadjBMI.
The distribution of self-identified race/ethnicity in the PAGE study was balanced, ensuring that
the race/ethnicity-pooled results were not biased toward a certain racial/ethnic group. Also, the
phenotypes of the PAGE participants were extensively measured, allowing for the thorough

characterization of the PRS-BMI and PRS-WHRadjBMI in various contexts.

The current study also had limitations. First, since the discovery GWAS was
predominantly from non-Hispanic White study populations, the performance of stratum-specific
prediction may have been unduly influenced by an already poor performance of PRS across self-
identified race/ethnicity. In addition, we implemented broad race/ethnicity categories, which
likely encompassed individuals with a variety of genetic ancestries and thus varying prediction
performance within self-reported race/ethnicity stratum.?® Furthermore, since the phenotype
measures we used in the current analyses were not from multiple time points, our inference on

the differences in prediction performance over time and across the life course is limited.

Our findings illustrated an improvement in obesity PRS prediction performance by
Bayesian estimation methods regardless of racial/ethnic groups. However, the race/ethnicity-
specific results demonstrated a decreased PRS prediction performance for populations external to
the base GWAS populations (i.e., mostly EUR so far). Also, the current results revealed an
importance of contextual heterogeneities for PRS performance by demographic, lifestyle, and

comorbidity status. All such heterogeneities limit the potential clinical use of PRS for obesity.
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Therefore, the current results reinforce the need for the evaluation of context specific influences

before the application of PRS in the clinical settings.

F. Main Findings and Figures

A. Prediction performance of PRS-BMI by PRS methods and self-reported race/ethnicity
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B. Prediction performance of PRS-WHRadjBMI by PRS methods and self-reported race/ethnicity
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Figure 4.1 Prediction performance (R2) of PRS-BMI (A) and PRS-WHRadjBMI (B) by different PRS methods and
by self-reported race/ethnicity groups in the PAGE study. We evaluated two categories of PRS estimation methods,
including multiple specification options for each method. R? represented a proportion of variance in BMI (A) or
WHR (B) explained by PRS after adjusting for age, sex, study, genotype panels, self-reported race/ethnicity, and
ten genetic principal components. BMI was also accounted for in the models with PRS-WHRadjBMI. The PRS-
CS and PRS-CSx-META outperformed P+T methods for both BMI and WHRadjBMI across all self-reported
race/ethnicity groups. We also observed substantial differences in performance between non-Hispanic white and
non-Hispanic black.
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A. Stratified prediction performance of PRS-BMI
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B. Stratified prediction performance of PRS-WHRadjBMI
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Figure 4.2 Stratified prediction performance of PRS-BMI (A) and PRS-WHRadjBMI (B). We stratified participants
by demographic (age and sex), lifestyle (smoking status and physical activity status), and comorbid condition
(hypertension status and T2D status) variables and assessed prediction performance in each stratum. We observed
significant differences in prediction performance between age groups, sex, smoking status, hypertension status, and
T2D status for PRS-BMI (A) and between sex, hypertension status, and T2D status for PRS-WHRadjBMI (B).
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G. Supplement

G.1 Supplemental Methods
G.1.1 Phenotype Information

BMI was used as a surrogate measure of overall fatness. BMI was calculated using
weight and height measured at the initial visit (at the time of enrollment) for participants in
ARIC, BioMe biobank, CARDIA, HCHS/SOL, and WHI. In cases where height or weight data
were absent at the baseline (for WHI), measurements at 1-year or 3-year follow-ups were
used.1%® In the MEC study, participants reported height and weight information, which was used

to generate BMI at baseline.

WHR was used as a surrogate measure of fat distribution, and it was calculated using
waist circumstance (WC) and hip circumference (HC) measures. These measurements, along
with other anthropometric traits, were collected during participants’ baseline visits. WC was
measured using a tape measure at the natural waist level, with a precision of up to 0.5 cm.% In
the case of MEC, participants self-reported their WC and HC measures.®* BioMe did not collect

WC or HC measures.

Glycemic traits. Blood glucose levels and insulin levels were measured after an 8-hour
fast during the baseline visit. HbAlc levels were assessed during follow-up visits for all cohort
studies except for HCHS/SOL. Participants without diabetes (normoglycemia) were identified if
their fasting glucose level was < 5.6 mmol/L or HbAlc level was < 38 mmol/mol and they were
over 40 years old. If individuals were under 40 years old, fasting glucose level < 5.6 mmol/L or
HbAlc level < 38 mmol/L, these participants were excluded from the analysis. Participants with

pre-diabetes were defined as having glucose levels > 5.6 mmol/L or HbAlc levels> 38
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mmol/mol. Lastly, individuals with diabetes were identified based on ADA criteria (including
medication use, reported diagnosis, fasting glucose > 7 mmol/L, or HbAlc > 48 mmol/mol) or if
their random glucose level was > 11.11 mmol/L, and they were aged > 21 years at the time of

diagnosis to prevent potential misclassification between T1D and T2D.

Blood pressure was measured following a standardized procedure. Participants were
classified hypertensive if they met at least one of the following criteria using the following
criteria: 1) SBP > 140 mmHg, 2) DBP > 90 mmHg, 3) reported use of any antihypertensive

medication, or 4) ICD-9 codes 401. x or ICD-10 codes 110.x - 115.x. %

Cardiovascular diseases. A part of PAGE participating cohorts gathered data on CVD,
including their prevalence, incidence, or related deaths. ARIC, MEC, and WHI specifically
collected information on the occurrence of myocardial infarction (MI) and stroke, as well as the
deaths resulting from MI or stroke. Further details regarding how CVD status was ascertained for

each study are shown in the following section.

Lifestyle factors. Past and current smoking status and physical activity status were taken
into account as lifestyle factors, but the measurement varied among different cohorts. Smoking
status was categorized into never-smokers, former smokers, and current smokers. In terms of
physical activity, a binary variable was set to classify the participants into two groups — the
bottom 20th percentile for each cohort as the sedentary group and the rest (top 80th percentile

cohort) as the non-sedentary group.
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G.1.2 CVD Ascertainment by PAGE-participating studies

In ARIC, information on the CHD events including hospitalization and deaths were
collected through annual follow-up interviews and community surveillance.6® Definitions of
CHD events included acute hospitalized MI, definite fatal CHD, MI diagnosed by ECG, and

revascularization.16®

In MEC, As described in previous studies!’®, CHD cases and controls from several nested
case-control substudies in MEC were used in the current analysis. CHD cases were ascertained
through the participants’ medical record from the California Hospital Discharge Data (1990 -
2012) and the Centers for Medicare and Medicaid Services claim files (outpatients) (1999 -
2011), which were linked to MEC study - c.f., some participants from Hawaii (76.6% of
Japanese American) were not available for hospital discharge data. Case definitions for CHD
were ICD-9 codes (DX 410 - 414) for ischemic heart disease as the principal or first diagnosis
code and the principal or first procedure code. Also, if a primary cause of death is MI (ICD-9
DX410, ICD-10 121) or other CHD (ICD-9 DX411-414, 1CD-10 120, 122-25), these individuals
were included as cases. Both prevalent (~20%; ascertained at baseline) and incident (~80%;
ascertained during follow-up) CHD cases were ascertained.%® Controls were selected among
those without history of heart attack or angina from the questionnaire at baseline or all follow-up

questions.

In WHI, CHD events were identified through self-reported questionnaire and adjudicated
by physicians after reviewing the chart within 3 months.’* CHD cases were defined as
individuals who had a history of Ml (self-reported) or a revascularization procedure at baseline,
and/or manifested a definitive MI, went through a revascularization procedure, or died from

CHD during follow-up. 1"
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G.1.3 PRS Estimation

P + T. For each ancestry-specific GWAS result, we used the matched population group
from the 1000 Genome reference populations - i.e., EUR, AFR, AMR, EAS, SAS —to get the LD
structures for clumping. Regarding the trans-ancestry GWAS results, since there are no
corresponding reference populations, we constructed a trans-ancestry reference population
(called an “ALL” population) by combining randomly selected ancestry-specific 1000 Genome
reference populations proportional to the distribution of different populations in GIANT GWAS.
Before clumping, the base GIANT GWAS was additionally cleaned by excluding variants with
missing beta, sample size less than %3 of maximum sample size, minor allele frequency less than
0.001, or minor allele count less than 5. The parameters specified for the clumping step were as
follows — LD R? cut-off criterion (0.1, 0.2, and 0.5), LD window sizes (250kb or 500 kb), and
significant p-value thresholds (5E-2, 5E-3, 5E-5, 5E-7, and 5E-9). We derived sets of filtered
SNPs by each combination of parameters and constructed PRS from each set of SNPs. The best-
performing specification was selected from a tuning sample, and the PRS with the best-
performing specification was tested in a separate testing set. PRS for the PAGE participants were
calculated using the ‘“--score’ function in PLINK software.

PRS-CS. PRS-CS reweights the effects estimates for a set of SNPs (HapMap3 variants
were most commonly used) from the base GWAS results using the Bayesian approach. We
applied PRS-CS?° to GIANT GWAS of BMI and WHRadjBMI after excluding variants with low
reliability - missing effects estimates, low sample size (sample < %5 of maximum sample size),
and rare variants (minor allele frequency < 0.001 or minor allele count < 5). Since PRS-CS
requires an external LD reference panel to calculate the weights assigned to each SNP, we used a
trans-ancestry LD reference panel derived from the 1000 Genome Project. The sample size was

specified as the 90th percentile of the sample size distribution of the variants in the GIANT
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GWAS. Different global shrinkage parameters (1, 0.01, 0.0001, and 0.000001) were used in the
weight estimation step, and the best-performing parameter from a tuning set was selected to be
tested in a testing set. An additional ‘auto’ option for the global shrinkage parameter was tested
in a testing set (c.f., the ‘auto’ option did not require a tuning sample). Individuals’ PRS was be
calculated with the weights estimated from PRS-CS for available HM3 variants in PAGE
samples using “--score’ function in PLINK software.

PRS-CSx. Since PRS-CSx?! is known to have advantages for studies with heterogeneous
population groups, we implemented PRS-CSx?! to the PAGE populations using the ancestry-
specific GIANT GWAS results (EUR, AFR, HIS, and EAS) after applying the same variant QC
criteria as for PRS-CS - i.e., missing effects estimates, low sample size (sample < '3 of
maximum sample size), or rare variants (minor allele frequency < 0.001 or minor allele count <
5). As in PRS-CS, we applied different global shrinkage parameters and specified the sample
size information for each ancestry group as the 90" percentile of the sample size distribution of
the variants in ancestry-specific GWAS. For the external LD reference, we used an ancestry-
specific 1000 Genome LD reference panel (EUR, AFR, AMR, EAS, and SAS) provided by the
authors.

PRS-CSx estimated ancestry-specific weights assigned to the HM3 variants — i.e., wgyr,
Warr, Wamr, Weas, and wg,s — as well as in a verse-variance weighted meta-analysis of ancestry-
specific weights (wygra)- Then, individuals’ ancestry-specific PRS — score-EUR, score-AFR,
score-AMR, score-EAS, and score-SAS — in the PAGE population was calculated using the *--
score’ function in PLINK software. In the tuning set, the following linear regression model was

fitted, and the beta for each ancestry was estimated.
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BMI (or WHRadjBMI) ~ Bgyr - score-EUR + B4pg - Score-AFR + B4yr - SCOre-AMR +

Bras - score-EAS + S, - score-SAS

Subsequently, these beta estimates for ancestry-specific scores were applied to the testing

sample, and the prediction performance was evaluated. Additionally, an inverse-variance

weighted meta-analysis of ancestry-specific weights (META) was calculated from the PRS-CSx,

and these ‘META’ weights was applied to the testing sample (without the tuning step).

G.2 Supplemental Tables and Figures

Supplemental tables (Table 4.1 — Table 4.14) are below.

Table 4.1. The number of participants in the current analysis genotyped on MEGA and non-MEGA array by study
and by ancestry (PRS-BMI set)

non-MEGA
Study Race/ethnicity MEGA (IMumina or Affymetrix)
ARIC European 0 9233
African 0 2811
BioMe European 0 1970
African 4188 1744
Hispanic/Latino 4293 3764
East Asian 716 0
American Indian 51 0
Other 920 25
CARDIA European 0 1652
African 0 889
MEC African 4465 2513
Hispanic/Latino 24 6330
East Asian 2972 2845
Native Hawaiian 3105 308
HCHS/SOL Hispanic/Latino 7234 0
WHI European 0 12563
African 6092 2553
Hispanic/Latino 4098 71
East Asian 291 65
American Indian 491 0
Other 0 69
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Table 4.2. The number of participants in the current analysis genotyped on MEGA and non-MEGA array by study
and by ancestry (PRS-WRHadjBMI set)

non-MEGA
Study Race/ethnicity MEGA (Hlumina or Affymetrix)
ARIC European 0 9228
African 0 2811
CARDIA European 0 1651
African 0 888
MEC African 3058 1031
Hispanic/Latino 21 4355
East Asian 2662 2213
Native Hawaiian 2455 188
HCHS/SOL Hispanic/Latino 7218 0
WHI European 0 12500
African 6063 2546
Hispanic/Latino 4076 70
East Asian 289 65
American Indian 487 0
Other 0 69
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Table 4.3. Distribution of variables (BMI analysis set)

Non- Non-Hispanic Native American
Total Hispanic glack Hispanic Asian Hawaiian Indian other
(N=88345) (N:2V{—':/4hllg (N=25255) (N=25814) (N=6889) (N=3413) (N=542) (N=1014)
Age 549 (114)  57.3(11.0) 548 (112)  523(122) 57.2(951) 54.0 (7.07) 58.4(7.62) 46.9 (14.2)
Sex
27898 . . . 3295 . . 482
Vale Grow, 0200@44%) 694 (27.7%) 28(36.9%) e 1377 (403%) 200 47 e
60447 19218 . 16286 3594 . . 532
Female (68.4%) (75.6%)  18261(72:3%) 631%) (5220  20%6(9.7%)  520(59%) 5, 5oy
Study
ARIC (1;25;3 9233 (36.3%) 2811 (11.1%) 0 (0%) 0 (0%) 0 (0%) 00%)  0(0%)
BioME (2%)7(% 1970 (7.8%) 5932 (23.5%) 8057 (31.2%) (10_1;3 0 (0%) 51 (9.4%) (93.290‘/‘3
CARDIA 2541 (2.9%) 1652 (6.5%) 889 (3.5%) 0 (0%) 0 (0%) 0 (0%) 00%)  0(0%)
VEC (2%25% 00%) 6978 (27.6%) 6354(246%) g 4?f(;; 3413 (100%) 00%)  0(0%)
SOL 7234 (8.2%) 0 (0%) 0(0%) 7234 (28.0%) 0 (0%) 0 (0%) 00%)  0(0%)
WHI (236533 ( 4%;245;3 8645 (34.2%) 4160 (16.2%) 356 (5.2%) 0(0%)  491(90.6%) 69 (6.8%)
BMI 286(6.12)  27.7 (5.60) 300(6.72)  29.2(591) 25.1 (4.08) 29.1 (6.09) 301(6.27) 27.1(5.88)
HDL 507 (16.0) 510 (16.5) 54.4(162)  48.6(14.6) 496 (17.2) 413 (14.8) 524 (13.1) 50.6 (18.7)
42846 14090 . . 4900 . . 713
Missing (15,69 oy 121380%) 9108(353%) Y8 1882 (55.1%) 049 030
LDL 136 (40.6) 134 (38.6) 140 (435)  133(39.7) 141 (38.7) 144 (36.7) 140 (39.3) 122 (40.4)
43737 14261 . . 4946 . . 719
Missing 15500 o 12470(404%) 9399(364%) o g 1889 (55.3%) 5308%) (0.0
TG 132 (80.3) 127 (78.0) 111 (64.1) 150 (87.9) 139 (82.0) 128 (74.7) 158 (85.3) 153 (95.9)
42798 14078 . . 4899 . . 692
Missing (15200 o 1222208.4%) 890 (4w o YUS 1882 (55.1%) BEI g
DBP 784 (12.4)  76.2 (11.5) 825(127)  77.6(123) 77.9 (12.0) NA (NA) 79.1(10.8) 79.4 (12.6)
25400 . . . 5930 . . 233
Missing oy 527(21%)  T650(303%) 7620(296%) gl 3413(100%) ILTH) (30
SBP 130 21.6) 127 (20.4) 136 (22.4)  129(21.2) 126 (21.4) NA (NA) 131(19.9) 130 (22.8)
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Table 4.3. Distribution of variables (BMI analysis set)

Non- Non-Hispanic Native American
Total Hispanic glack Hispanic Asian Hawaiian Indian other
(N=88345) White _ (N=25814) (N=6889) _ _ (N=1014)
(N=25418) (N=25255) (N=3413) (N=542)
25429 o 0 0 5930 o 0 246
Missing (28.8%) 533 (2.1%) 7662 (30.3%) 7636 (29.6%) (86.1%) 3413 (100%) 9 (1.7%) (24.3%)
Hypertension
43491 15394 0 14344 2168 0 0 650
No(1) (49.2%) 6060)  0729(385%) (55.6%)  (3L5%) 43 (276%)  263(485%) g4 10
43503 0 0 11266 4685 0 0 364
Yes (2) (49.2%) 9301 (36.6%) 15359 (60.8%) (43.6%) (68.0%) 2258 (66.2%) 270 (49.8%) (35.9%)
Missing 1351 (1.5%) 723 (2.8%) 167 (0.7%) 204 (0.8%) 36 (0.5%) 212 (6.2%) 9 (1.7%) 0 (0%)
Ml
80257 22768 0 23924 6273 0 0 920
No (90.8%) (89.6%) 22822 (90.4%) (92.7%) (91.1%) 3046 (89.2%) 504 (93.0%) (90.7%)
Yes 8088(9.2%) 2650 (10.4%) 2433 (9.6%) 1890 (7.3%) 616 (8.9%) 367 (10.8%) 38 (7.0%) 94 (9.3%)
Stroke
80250 23655 0 23955 5750 0 0 967
No (90.8%) (93.1%) 22484 (89.0%) (92.8%) (83.5%) 2931 (85.9%) 508 (93.7%) (95.4%)
Yes 8095 (9.2%) 1763 (6.9%) 2771 (11.0%) 1859 (7.2%) (16.151033 482 (14.1%) 34 (6.3%) 47 (4.6%)
Fasting Glucose 5.44 (1.25) 5.46 (1.00) 5.47 (1.51) 5.48 (1.26)  5.12 (1.16) 4.99 (1.11) 5.88 (1.85) 5.67 (1.37)
40424 0 0 13152 4601 0 0 977
Missing (45.8%) 7514 (29.6%) 12312 (48.8%) (50.99%) (66.8%) 1798 (52.7%) 70 (12.9%) (96.4%)
Fasting Insulin 10.5 (14.2) 9.70 (7.89) 12.0 (23.6) 11.0 (9.55) 6.68 (5.75) 8.41 (7.40) 11.8 (11.5) 11.7 (6.53)
40645 13221 4736 976
Missing (46.0%) 7394 (29.1%) 12460 (49.3%) (51.2%) (68.7%) 1793 (52.5%) 65 (12.0%) (96.3%)
HOMA-IR 2.57 (2.30) 2.42 (2.04) 2.82 (2.57) 2.73(2.37)  1.56(1.48) 1.95 (2.11) 3.21(3.44) 3.08(2.19)
41479 0 0 13313 4772 0 0 977
Miissing (47.0%) 7817 (30.8%) 12710 (50.3%) (51.6%) (69.3%) 1815 (53.2%) 75 (13.8%) (96.4%)
HbAlc 40.8 (13.3) 37.8(9.99) 46.8 (18.0) 40.5(12.3) 425(12.9) NA (NA) 51.0(25.5) 48.4(16.9)
66231 16304 0 17564 6749 0 0 777
Missing (75.0%) (64.106)  20896(827%) (68.0%)  (98.0%)  SH8(100%)  528(974%) 74 gop)
T2D Status
23387 0 0 0 2666 0 0 268
2D (26.5%) 3531 (13.9%) 7882 (31.2%) 7566 (29.3%) (38.7%) 1324 (38.8%) 150 (27.7%) (26.4%)
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Table 4.3. Distribution of variables (BMI analysis set)

Non- Non-Hispanic Native American
Total Hispanic glack Hispanic Asian Hawaiian Indian other
(N=88345) (N:2V5V4h1|zt;§ (N=25255) (N=25814)  (N=6889) (N=3413) (N=542) (N=1014)
orediabetes éﬁf% 5863 (23.1%) 2613 (10.3%) 3756 (14.6%) 222 (3.2%) 108 (3.2%) 75 (13.8%) 45 (4.4%)
42640 14276 . 10104 3592 . . 320
T2D controls (48.3%) (56.20p) 12067 (47.8%) (39.1%)  (521%) 1001 (38.0%)  300(354%) 39 6oy
Otter controps 9636 (109%) 1748 (6.9%) 2693 (10.7%) 4388 (17.0%) 409 (5.9%) 0 (0%) 7@ g g’%
Smoking status
42387 11484 13767 3558 577
Non-smoker (48.0%) (5200 ~ 11286(44.7%) (533%)  (51.6%) 448 (424%)  267(49.3%)  (5g g0
29811 o515 (37.4% 8586 (34.0%) 7329 (28.4% 26554397 (38.9% 200 (36.9% 202
Former smoker (33.7%) (37.4%) (34.0%) (28.4%) (38.5%) (38.9%) (36.9%) (19.9%)
Current smoker (1%5401% 4025 (15.8%) 4809 (19.0%) 3938 (15.3%) 578 (8.4%) 618 (18.1%) 57(05%) 110/103;
Missing 2009 (23%) 397 (L6%) 574 (2.3%) 780 (3.0%) 98 (L4%) 20 (0.6%) 18G3%) g, 0155
Physical activity status
49338 15368 . 12691 5271 . . .
Physically active (55.8%) (605%)  12632(50.0%) 4920)  (765%)  2078(87.3%)  352(64.9%) 46 (4.5%)
14146 . . . 754 . . .
hysically non-active (1600 4270(168%) 4407 (17.5%) 4230 (16.4%) (10.9%) 331 (9.7%) 125 (23.1%) 20 (2.0%)
24861 . . . 864 . . 948
Missing (6.1 5780(227%)  8216(325%) 8884 (344%) ey 104 (3.0%) 65 (120%) (g5 oot
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Table 4.4. Distribution of variables (WHRadjBMI analysis set)

Non- Non-Hispanic Native American
Total Hispanic glack Hispanic Asian Hawaiian Indian other
(N=63944) White _ (N=15740) (N=5229) _ _ (N=69)
(N=23379) (N=16397) (N=2643) (N=487)
Age 56.0 (10.7) 57.2 (11.1) 56.3 (10.0) 53.2 (11.5) 58.8 (7.19) 53.8 (6.98) 59.5 (5.78) 61.0 (5.18)
Sex
17047 5122 5276 2554
Male (26.7%) (21.9%) 3022 (18.4%) (33.5%) (48.8%) 1073 (40.6%) 0 (0%) 0 (0%)
46897 18257 10464 2675
Female (73.3%) (78.1%) 13375 (81.6%) (66.5%) (51.2%) 1570 (59.4%) 487 (100%) 69 (100%)
Study
12039 9228
ARIC (18.8%) (39.5%) 2811 (17.1%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
CARDIA | 2539 (4.0%) 1651 (7.1%) 888 (5.4%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
15983 4376 4875
MEC (25.0%) 0 (0%) 4089 (24.9%) (27.8%) (93.2%) 2643 (100%) 0 (0%) 0 (0%)
7218 7218
SOL (11.3%) 0 (0%) 0 (0%) (45.9%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
26165 12500 4146
WHI (40.9%) (53.5%) 8609 (52.5%) (26.3%) 354 (6.8%) 0 (0%) 487 (100%) 69 (100%)
0.873 0.860 0.896 0.903 0.862
WHR (0.0927) (0.0948) 0.855 (0.0907) (0.0884) (0.0806)  0.905 (0.0853) 0.839 (0.0779) (0.0907)
BMI 28.5 (5.89) 27.7 (5.57) 30.0 (6.46) 29.0 (5.63) 25.2 (3.95) 28.8 (5.86) 30.2 (6.27) 30.1 (5.52)
HDL 50.7 (15.5) 50.7 (16.2) 54.5 (15.7) 48.7 (14.0) 48.3 (16.6) 41.5 (14.9) 52.0 (12.7) NA (NA)
26177 12747 2544 3541
Missing (40.9%) (54.5%) 5953 (36.3%) (16.2%) (67.7%) 1312 (49.6%) 11 (2.3%) 69 (100%)
LDL 137 (39.7) 134 (38.4) 143 (42.6) 133 (38.2) 144 (36.3) 144 (36.6) 140 (38.7) NA (NA)
26915 12901 2791 3578
Missing (42.1%) (55.2%) 6234 (38.0%) (17.7%) (68.4%) 1319 (49.9%) 23 (4.7%) 69 (100%)
TG 129 (77.1) 126 (77.5) 106 (58.2) 146 (84.2) 139 (79.5) 128 (73.9) 160 (84.1) NA (NA)
26471 12778 2594 3547
Missing (41.4%) (54.7%) 6155 (37.5%) (16.5%) (67.8%) 1312 (49.6%) 16 (3.3%) 69 (100%)
DBP 77.6 (12.0) 75.8 (11.3) 82.3 (12.2) 76.2 (11.7) 80.9 (11.5) NA (NA) 79.0 (10.7) 81.9 (11.5)
16217 4600 4875
Missing (25.4%) 6 (0.0%) 4093 (25.0%) (29.2%) (93.2%) 2643 (100%) 0 (0%) 0 (0%)
SBP 129 (21.1) 126 (20.4) 135 (21.9) 126 (20.0) 134 (22.2) NA (NA) 131 (19.7) 140 (23.6)
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Table 4.4. Distribution of variables (WHRadjBMI analysis set)

Non- Non-Hispanic Native American
Total Hispanic glack Hispanic Asian Hawaiian Indian other
(N=63944) White _ (N=15740) (N=5229) - _ (N=69)
(N=23379) (N=16397) (N=2643) (N=487)
16211 4596 4875
Missing (25.4%) 7 (0.0%) 4090 (24.9%) (29.2%) (93.2%) 2643 (100%) 0 (0%) 0 (0%)
Hypertension
32147 14175 9388 1356
No(1) (50.3%) (60.6%) 6203 (37.8%) (59.6%) (25.9%) 768 (29.1%) 230 (47.2%) 27 (39.1%)
30520 8487 6148 3849
Yes (2) (47.7%) (36.3%) 10030 (61.2%) (39.1%) (73.6%) 1716 (64.9%) 248 (50.9%) 42 (60.9%)
Missing | 1277 (2.0%) 717 (3.1%) 164 (1.0%) 204 (1.3%) 24 (0.5%) 159 (6.0%) 9 (1.8%) 0 (0%)
Ml
57957 20865 14690 4719
No (90.6%) (89.2%) 14792 (90.2%) (93.3%) (90.2%) 2380 (90.0%) 453 (93.0%) 58 (84.1%)
2514
Yes | 5987 (9.4%) (10.8%) 1605 (9.8%) 1050 (6.7%) 510 (9.8%) 263 (10.0%) 34 (7.0%) 11 (15.9%)
Stroke
58560 21762 14879 4303
No (91.6%) (93.1%) 14800 (90.3%) (94.5%) (82.3%) 2295 (86.8%) 456 (93.6%) 65 (94.2%)
Yes | 5384 (8.4%) 1617 (6.9%) 1597 (9.7%) 861 (5.5%) 926 (17.7%) 348 (13.2%) 31 (6.4%) 4 (5.8%)
Fasting Glucose 5.43 (1.22) 5.46 (1.00) 5.47 (1.49) 5.45 (1.19) 5.11 (1.15) 4,95 (1.07) 5.88 (1.85) 5.67 (1.37)
17507 5520 3715 3058
Missing (27.4%) (23.6%) 3894 (23.7%) (23.6%) (58.5%) 1269 (48.0%) 19 (3.9%) 32 (46.4%)
Fasting Insulin 10.5 (14.4) 9.70 (7.89) 12.0 (23.9) 11.0 (9.46) 6.66 (5.79) 8.21 (7.11) 11.9 (11.5) 11.7 (6.53)
17753 5400 3793 3193
Missing (27.8%) (23.1%) 4056 (24.7%) (24.1%) (61.1%) 1266 (47.9%) 14 (2.9%) 31 (44.9%)
HOMA-IR 2.57 (2.28) 2.42 (2.04) 2.84 (2.56) 2.73 (2.34) 1.56 (1.47) 1.87 (1.93) 3.22 (3.45) 3.08 (2.19)
18543 5821 3869 3226
Missing (29.0%) (24.9%) 4287 (26.1%) (24.6%) (61.7%) 1284 (48.6%) 24 (4.9%) 32 (46.4%)
HbAlc 38.6 (10.5) 37.6 (9.91) 45.4 (17.3) 37.0 (4.78) 57.6 (NA) NA (NA) 55.3 (23.5) NA (NA)
46694 14607 9831 5228
Missing (73.0%) (62.5%) 13834 (84.4%) (62.5%) (100.0%) 2643 (100%) 482 (99.0%) 69 (100%)
T2D Status
15538 3238 4166 2117
T2D (24.3%) (13.9%) 4883 (29.8%) (26.5%) (40.5%) 963 (36.4%) 143 (29.4%) 28 (40.6%)
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Table 4.4. Distribution of variables (WHRadjBMI analysis set)

Non-

Total Hi : Non-Hispanic Hi . Asi Native American th
N S N L o
(N=23379) (N=16397) (N=2643) (N=487)
11838 5822 3371
Pre-diabetes (18.5%) (24.9%) 2283 (13.9%) (21.4%) 188 (3.6%) 91 (3.4%) 74 (15.2%) 9 (13.0%)
32160 12693 6294 2924
T2D controls (50.3%) (54.3%) 8358 (51.0%) (40.0%) (55.9%) 1589 (60.1%) 270 (55.4%) 32 (46.4%)
1909
Other controls | 4408 (6.9%) 1626 (7.0%) 873 (5.3%) (12.1%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
Smoking status
31025 10642 8817 2628
Non-smoker (48.5%) (45.5%) 7523 (45.9%) (56.0%) (50.3%) 1143 (43.2%) 238 (48.9%) 34 (49.3%)
22345 8757 4423 2121
Former smoker (34.9%) (37.5%) 5834 (35.6%) (28.1%) (40.6%) 996 (37.7%) 186 (38.2%) 28 (40.6%)
10000 3858 2311
Current smoker (15.6%) (16.5%) 2831 (17.3%) (14.7%) 454 (8.7%) 489 (18.5%) 51 (10.5%) 6 (8.7%)
Missing 574 (0.9%) 122 (0.5%) 209 (1.3%) 189 (1.2%) 26 (0.5%) 15 (0.6%) 12 (2.5%) 1 (1.4%)
Physical activity status
44515 15329 11369 4486
Physically active (69.6%) (65.6%) 10613 (64.7%) (72.2%) (85.8%) 2324 (87.9%) 348 (71.5%) 46 (66.7%)
12750 4253 3730
Physically non-active (19.9%) (18.2%) 3748 (22.9%) (23.7%) 629 (12.0%) 245 (9.3%) 125 (25.7%) 20 (29.0%)
6679 3797
Missing (10.4%) (16.2%) 2036 (12.4%) 641 (4.1%) 114 (2.2%) 74 (2.8%) 14 (2.9%) 3 (4.3%)
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Table 4.5. Prediction Performance of PRS-BMI in PAGE by PRS estimation methods

SE 95%
Ancestry PRS_method R? (R? 95% LCL UCL Beta SE(beta) t value P-value N
Pooled PT(ALL) 0.0660 0.0023 0.0615 0.0704 0.2568 0.0046 55.8457 ~0 44170
Pooled PRSCS-auto 0.0893  0.0026 0.0843 0.0944 0.2988 0.0045 65.8207 ~0 44170
PRSCS-(Phi-tuned by ~0
Pooled ancestry) 0.0895 0.0026 0.0845 0.0946 0.2992 0.0045 65.9076 44170
Pooled PRSCSx-META-auto 0.0578 0.0022 0.0536 0.0620 0.2403 0.0046 52.0420 ~0 44170
Pooled PRSCSx-META-phi.tuned  0.0685 0.0023 0.0639 0.0730 0.2617 0.0046 56.9897 ~0 44170
Pooled PRSCSx-phiauto 0.0028 0.0005 0.0018 0.0038 0.0529 0.0048 11.1303 9.75E-29 44170
Pooled PRSCSx-phituned 0.0103 0.0010 0.0084 0.0122 0.1016 0.0047 21.4651 1.09E-101 44170
Non-Hispanic White ~ PT(ALL) 0.1060  0.0052 0.0959 0.1161  0.3255  0.0084  38.8142 1.52E-311 12708
Non-Hispanic White  PT(Anc-specific) 0.0975 0.0050 0.0877 0.1072 0.3121 0.0084 37.0396 2.86E-285 12708
Non-Hispanic White ~ PRSCS-auto 0.1395 0.0057 0.1283 0.1506 0.3733 0.0082 45.3769 ~0 12708
PRSCS-(Phi-tuned by ~0
Non-Hispanic White  ancestry) 0.1439  0.0058 0.1326 0.1552 0.3792 0.0082 46.2094 12708
Non-Hispanic White  PRSCSx-META-auto 0.1378 0.0057 0.1267 0.1490 0.3711 0.0082 45.0703 ~0 12708
Non-Hispanic White ~ PRSCSx-META-phi.tuned  0.1483 0.0058 0.1369 0.1597 0.3849 0.0082 47.0275 ~0 12708
Non-Hispanic White ~ PRSCSx-phiauto 0.1418 0.0057 0.1305 0.1530 0.3764 0.0082 45.8145 ~0 12708
Non-Hispanic White ~ PRSCSx-phituned 0.0114 0.0019 0.0077 0.0150 0.1066 0.0088 12.0858 1.91E-33 12708
Non-Hispanic Black ~ PT(ALL) 0.0459 0.0036 0.0388 0.0530 0.2141 0.0087 24.6386 5.88E-131 12626
Non-Hispanic Black PT(Anc-specific) 0.0474 0.0037 0.0402 0.0546 0.2176 0.0087 25.0599 2.68E-135 12626
Non-Hispanic Black ~ PRSCS-auto 0.0711 0.0044 0.0625 0.0797 0.2665 0.0086 31.0842 1.79E-204 12626
PRSCS-(Phi-tuned by
Non-Hispanic Black ancestry) 0.0723 0.0044 0.0636 0.0810 0.2687 0.0086 31.3560 6.74E-208 12626
Non-Hispanic Black ~ PRSCSx-META-auto 0.0675 0.0043 0.0591 0.0760 0.2598 0.0086 30.2348 6.16E-194 12626
Non-Hispanic Black ~ PRSCSx-META-phi.tuned  0.0670 0.0043 0.0586 0.0754 0.2588 0.0086 30.1090 2.14E-192 12626
Non-Hispanic Black ~ PRSCSx-phiauto 0.0382 0.0033 0.0316 0.0447 0.1953 0.0087 22.3843 7.25E-109 12626
Non-Hispanic Black PRSCSx-phituned 0.0111 0.0019 0.0074 0.0147 0.1051 0.0088 11.8835 2.14E-32 12626
Hispanic PT(ALL) 0.0866 0.0047 0.0773 0.0959 0.2942 0.0084 34.9795 3.43E-256 12907
Hispanic PT(Anc-specific) 0.0820 0.0046 0.0729 0.0911 0.2863 0.0084 33.9537 4.06E-242 12907
Hispanic PRSCS-auto 0.1202 0.0054 0.1096 0.1307 0.3465 0.0083 41.9802 ~0 12907
PRSCS-(Phi-tuned by ~0
Hispanic ancestry) 0.1214 0.0054 0.1109 0.1320 0.3483 0.0082 42.2315 12907
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Table 4.5. Prediction Performance of PRS-BMI in PAGE by PRS estimation methods

SE 95%

Ancestry PRS_method R? (R? 95% LCL UCL Beta SE(beta) t value P-value N
Hispanic PRSCSx-META-auto 0.1162 0.0053 0.1058 0.1266 0.3407 0.0083 41.1878 ~0 12907
Hispanic PRSCSx-META-phi.tuned  0.1167 0.0053 0.1063 0.1272 0.3416 0.0083 41.3011 ~0 12907
Hispanic PRSCSx-phiauto 0.0844  0.0047 0.0753 0.0936 0.2905 0.0084 34.5003 1.42E-249 12907
Hispanic PRSCSx-phituned 0.0206  0.0025 0.0158 0.0255 0.1436 0.0087 16.4863 1.91E-60 12907
Asian PT(ALL) 0.0681 0.0083 0.0519 0.0844 0.2607 0.0164 15.8659 9.11E-55 3445
Asian PT(Anc-specific) 0.0375 0.0063 0.0250 0.0499 0.1933 0.0167 11.5749 2.00E-30 3445
Asian PRSCS-auto 0.0997  0.0097 0.0807 0.1187 0.3154 0.0162 19.5248 1.33E-80 3445

PRSCS-(Phi-tuned by
Asian ancestry) 0.1040 0.0098 0.0847 0.1233 0.3221 0.0161 19.9915 3.29E-84 3445
Asian PRSCSx-META-auto 0.0989  0.0096 0.0800 0.1178 0.3142 0.0162 19.4429 5.61E-80 3445
Asian PRSCSx-META-phi.tuned  0.1055 0.0099 0.0861 0.1249 0.3245 0.0161 20.1550 1.73E-85 3445
Asian PRSCSx-phiauto 0.0926  0.0094 0.0742 0.1110 0.3040 0.0162 18.7446 9.97E-75 3445
Asian PRSCSx-phituned 0.0104 0.0034 0.0037 0.0171  -0.1019 0.0169 -6.0179 1.95E-09 3445
Native Hawaiian PT(ALL) 0.0797 0.0126 0.0551 0.1043 0.2817 0.0232 12.1488 1.25E-32 1706
Native Hawaiian PT(Anc-specific) 0.0649 0.0115 0.0424 0.0875 0.2543 0.0234 10.8792 1.07E-26 1706
Native Hawaiian PRSCS-auto 0.0965 0.0136 0.0699 0.1231 0.3100 0.0230 13.4924 1.71E-39 1706

PRSCS-(Phi-tuned by
Native Hawaiian ancestry) 0.0937 0.0134 0.0674 0.1200 0.3054 0.0230 13.2708 2.54E-38 1706
Native Hawaiian PRSCSx-META-auto 0.1009 0.0138 0.0738 0.1280 0.3170 0.0229 13.8283 2.68E-41 1706
Native Hawaiian PRSCSx-META-phi.tuned  0.1021 0.0139 0.0749 0.1292 0.3188 0.0229 13.9167 8.85E-42 1706
Native Hawaiian PRSCSx-phiauto 0.1050 0.0140 0.0775 0.1325 0.3234 0.0229 14,1417 5.14E-43 1706
Native Hawaiian PRSCSx-phituned 0.0275 0.0078 0.0122 0.0428 0.1656 0.0238 6.9469 5.29E-12 1706
American Indian PT(ALL) 0.0422 0.0236 -0.0043 0.0886 0.2002 0.0582 3.4421 0.000669 271
American Indian PT(Anc-specific) 0.0409 0.0233 -0.0049 0.0867 0.1970 0.0582 3.3858 0.000816 271
American Indian PRSCS-auto 0.0430 0.0238 -0.0038 0.0899 0.2022 0.0581 3.4778 0.000589 271

PRSCS-(Phi-tuned by
American Indian ancestry) 0.0415 0.0234 -0.0046 0.0876 0.1985 0.0582 3.4128 0.000742 271
American Indian PRSCSx-META-auto 0.0442 0.0241 -0.0033 0.0916 0.2048 0.0581 3.5252 0.000497 271
American Indian PRSCSx-META-phi.tuned  0.0477 0.0249 -0.0014 0.0968 0.2128 0.0580 3.6708 0.000292 271
American Indian PRSCSx-phiauto 0.0011 0.0041 -0.0068 0.0091 0.0330 0.0594 0.5555 0.579 271
American Indian PRSCSx-phituned 0.0061  0.0093 -0.0122  0.0244 0.0761 0.0592 1.2849 0.2 271
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Table 4.6. Prediction Performance of PRS-WHRadjBMI in PAGE by PRS estimation methods

SE 95% 95%
Ancestry PRS_method R? (R? LCL UCL Beta SE(beta) t value P-value N
Pooled PT(ALL) 0.0287 0.0018 0.0251 0.0323 0.1695 0.0055 30.7669 7.08E-205 31993
Pooled PRSCS-auto 0.0438 0.0022 0.0394 0.0482 0.2093 0.0055 38.2870 1.23E-313 31993
PRSCS-(Phi-tuned by
Pooled ancestry) 0.0464 0.0023 0.0419 0.0509 0.2153 0.0055 39.4481 ~0 31993
Pooled PRSCSx-META-auto 0.0201 0.0016 0.0170 0.0231 0.1416 0.0055 25.5965 4.62E-143 31993
Pooled PRSCSx-META-phi.tuned 0.0407 0.0022 0.0365 0.0450 0.2018 0.0055 36.8503 3.61E-291 31993
Pooled PRSCSx-phiauto 0.0061 0.0009 0.0044 0.0078 0.0782 0.0056 14.0230 1.53E-44 31993
Pooled PRSCSx-phituned 0.0012 0.0004 0.0004 0.0020 0.0347 0.0056 6.2107 5.34E-10 31993
Non-Hispanic White  PT(ALL) 0.0513 0.0040 0.0435 0.0591 0.2264 0.0090 25.1425 6.68E-136 11696
Non-Hispanic White ~ PT(Anc-specific) 0.0505 0.0039 0.0428 0.0582 0.2247 0.0090 24.9432 7.70E-134 11696
Non-Hispanic White ~ PRSCS-auto 0.0713 0.0046 0.0623 0.0803 0.2670 0.0089 29.9715 3.22E-190 11696
PRSCS-(Phi-tuned by
Non-Hispanic White  ancestry) 0.0815 0.0048 0.0720 0.0910 0.2853 0.0089 32.2084 3.84E-218 11696
Non-Hispanic White  PRSCSx-META-auto 0.0807 0.0048 0.0712 0.0901 0.2839 0.0089 32.0290 7.70E-216 11696
Non-Hispanic White ~ PRSCSx-META-phi.tuned 0.0874 0.0050 0.0777 0.0972 0.2956 0.0088 33.4722 1.17E-234 11696
Non-Hispanic White ~ PRSCSx-phiauto 0.0763 0.0047 0.0671 0.0856 0.2762 0.0089 31.0859 6.44E-204 11696
Non-Hispanic White ~ PRSCSx-phituned 0.0003 0.0003 -0.0003 0.0010 0.0178 0.0092 1.9211 0.0547 11696
Non-Hispanic Black ~ PT(ALL) 0.0179 0.0029 0.0122 0.0236 0.1338 0.0109 12.2361 3.95E-34 8207
Non-Hispanic Black ~ PT(Anc-specific) 0.0134 0.0025 0.0084 0.0183 0.1156 0.0110 10.5505 7.39E-26 8207
Non-Hispanic Black ~ PRSCS-auto 0.0268 0.0035 0.0199 0.0337 0.1637 0.0109 15.0398 1.89E-50 8207
PRSCS-(Phi-tuned by
Non-Hispanic Black  ancestry) 0.0248 0.0034 0.0182 0.0314 0.1574 0.0109 14.4466 9.83E-47 8207
Non-Hispanic Black =~ PRSCSx-META-auto 0.0072 0.0019 0.0035 0.0108 0.0847 0.0110 7.7050 1.46E-14 8207
Non-Hispanic Black ~ PRSCSx-META-phi.tuned 0.0212 0.0031 0.0151 0.0274 0.1456 0.0109 13.3385 3.61E-40 8207
Non-Hispanic Black ~ PRSCSx-phiauto 0.0257 0.0034 0.0189 0.0324 0.1601 0.0109 14.7023 2.56E-48 8207
Non-Hispanic Black ~ PRSCSx-phituned 0.0057 0.0016 0.0024 0.0089 0.0751 0.0110 6.8288 9.17E-12 8207
Hispanic PT(ALL) 0.0297 0.0038 0.0223 0.0371 0.1722 0.0111 15.5166 1.65E-53 7876
Hispanic PT(Anc-specific) 0.0293 0.0037 0.0219 0.0366 0.1710 0.0111 15.4078 8.51E-53 7876
Hispanic PRSCS-auto 0.0418 0.0044 0.0332 0.0505 0.2044 0.0110 18.5394 3.89E-75 7876
PRSCS-(Phi-tuned by
Hispanic ancestry) 0.0432 0.0045 0.0344 0.0519 0.2076 0.0110 18.8445 1.62E-77 7876
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Table 4.6. Prediction Performance of PRS-WHRadjBMI in PAGE by PRS estimation methods

SE 95% 95%

Ancestry PRS_method R? (R? LCL UCL Beta SE(beta) t value P-value N
Hispanic PRSCSx-META-auto 0.0232 0.0034 0.0167 0.0298 0.1524 0.0111 13.6892 3.57E-42 7876
Hispanic PRSCSx-META-phi.tuned 0.0400 0.0043 0.0315 0.0485 0.1998 0.0110 18.1077 7.84E-72 7876
Hispanic PRSCSx-phiauto 0.0374 0.0042 0.0291 0.0456 0.1932 0.0111 17.4806 3.69E-67 7876
Hispanic PRSCSx-phituned 0.0001 0.0003 -0.0004 0.0006 0.0114 0.0113 1.0141 0311 7876
Asian PT(ALL) 0.0141 0.0046 0.0051 0.0231 0.1186 0.0194 6.1113 1.14E-09 2614
Asian PT(Anc-specific) 0.0041 0.0025 -0.0008 0.0090 0.0639 0.0195 3.2774 0.00106 2614
Asian PRSCS-auto 0.0181 0.0052 0.0080 0.0282 0.1343 0.0194 6.9362 5.06E-12 2614

PRSCS-(Phi-tuned by
Asian ancestry) 0.0158 0.0048 0.0063 0.0253 0.1255 0.0194 6.4737 1.14E-10 2614
Asian PRSCSx-META-auto 0.0173 0.0051 0.0074 0.0272 0.1315 0.0194 6.7877 141E-11 2614
Asian PRSCSx-META-phi.tuned 0.0093 0.0037 0.0020 0.0166 0.0962 0.0194 4.9493 7.92E-07 2614
Asian PRSCSx-phiauto 0.0130 0.0044 0.0044 0.0216 0.1137 0.0194 5.8560 5.34E-09 2614
Asian PRSCSx-phituned 0.0020 0.0017 -0.0014 0.0054 0.0447 0.0195 2.2899 0.0221 2614
Native Hawaiian PT(ALL) 0.0180 0.0072 0.0038 0.0321 0.1337 0.0272 4.9126 1.01E-06 1321
Native Hawaiian PT(Anc-specific) 0.0229 0.0081 0.0070 0.0388 0.1509 0.0271 5.5594 3.27E-08 1321
Native Hawaiian PRSCS-auto 0.0348 0.0099 0.0154 0.0542 0.1861 0.0270 6.8989 8.11E-12 1321

PRSCS-(Phi-tuned by
Native Hawaiian ancestry) 0.0294 0.0091 0.0115 0.0473 0.1710 0.0271 6.3210 3.55E-10 1321
Native Hawaiian PRSCSx-META-auto 0.0177 0.0072 0.0036 0.0318 0.1327 0.0272 4.8770 1.21E-06 1321
Native Hawaiian PRSCSx-META-phi.tuned 0.0326 0.0096 0.0138 0.0514 0.1800 0.0270 6.6636 391E-11 1321
Native Hawaiian PRSCSx-phiauto 0.0009 0.0016 -0.0023 0.0041 0.0295 0.0274 1.0765 0.282 1321
Native Hawaiian PRSCSx-phituned 0.0004 0.0011 -0.0018 0.0027 0.0206 0.0275 0.7511 0453 1321
American Indian PT(ALL) 0.0481 0.0264 -0.0038 0.1000 0.2182 0.0624 3.4979 0.000558 244
American Indian PT(Anc-specific) 0.0488 0.0265 -0.0034 0.1011 0.2199 0.0624 3.5254 0.000506 244
American Indian PRSCS-auto 0.0622 0.0295 0.0040 0.1203 0.2481 0.0619 4.0061 8.22E-05 244

PRSCS-(Phi-tuned by
American Indian ancestry) 0.0690 0.0309 0.0082 0.1298 0.2613 0.0617 4.2355 3.24E-05 244
American Indian PRSCSx-META-auto 0.0312 0.0216 -0.0114 0.0737 0.1756 0.0629 2.7894 0.0057 244
American Indian PRSCSx-META-phi.tuned 0.0618 0.0294 0.0038 0.1197 0.2472 0.0619 3.9910 8.72E-05 244
American Indian PRSCSx-phiauto 0.0000 0.0004 -0.0008 0.0008 -0.0031 0.0639 -0.0478 0.962 244
American Indian PRSCSx-phituned 0.0011 0.0043  -0.0072 0.0095 0.0335 0.0639 0.5249 0.6 244
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Table 4.7. Stratum-specific prediction performance of PRS-BMI by different stratifying variables

Contextual UCL
variables Subgroups trait  beta SE P_value t value LCL UCL R? SE(R) LCL(R) (RY N
Age group <=50yrs BMIl  2.087 0.041 0 50.643 2.007 2.168 0.079  0.003 0.072 0.085 24234
>50yrs BMI 1.971 0.023 0 87.139 1.926 2.015 0.094 0.002 0.089 0.098 64111
sex Female BMI 2.222 0.026 0 86.320 2.171 2272 0.093  0.002 0.089 0.098 60447
Male BMI 1.546 0.029 0 52.806 1.488 1.603 0.079  0.003 0.073 0.085 27898
T2D_status Prediabetes BMI 1.998 0.050 0 39.890 1.900 2.096 0.096 0.005 0.086 0.106 12682
Diebetes BMI 1.818 0.039 0 46.583 1.741 1.894 0.080  0.003 0.073 0.087 23387
Control BMI 1.751 0.026 0 67.334 1.700 1.802 0.084  0.003 0.079 0.090 42640
Hypertension
status Normotensive BMI 1.797 0.026 0 68.356 1.745 1.848 0.081  0.003 0.076 0.086 43491
Hypertensive BMI 2.015 0.029 0 69.485 1.958 2071 0.091 0.003 0.086 0.096 43503
Former
Smoking status smoker BMI 2.075 0.034 60.774 2.008 2142 0.096  0.003 0.090 0.102 29811
Non-smoker BMI 2.039 0.029 70.639 1.982 2.095 0.091 0.003 0.085 0.096 42387
Current
smoker BMI 1.859 0.049 3.97E-301 38.015 1.763 1954 0.080 0.004 0.071 0.088 14138
Physical activity
status Non-sedentary BMI 1.906 0.024 77.798 1.858 1954 0.094 0.002 0.089 0.099 49338
Sedentary BMI 2.171 0.052 41.956 2.070 2273 0.099  0.005 0.090 0.108 14146
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Table 4.8. Stratum-specific prediction performance of PRS-WHRadjBMI by different stratifying variables

Contextual UCL
variables Subgroups trait  beta SE P value t value LCL UCL R? SE(R?) LCL(R» (R? N
Age group <=50yrs WHR 0014 0001 2.28E-150 26.426 0013 0015 0047  0.003 0.040 0.054 14664
s50yrs WHR 9015 <0.001 0 47.092 0014 0015 0042  0.002 0.039 0.046 49280
sex Female WHR 0017 <0.001 0 50850 0016 0017 0053  0.002 0.049 0.057 46897
Male MR 0008 <0001 146E-76 18.613 0.007 0008 0020 0.002 0.016 0.025 17047
T2D_status Prediabetes "WHR 0013 0001 1.34E-106 22.156 0012 0014 0041  0.004 0.034 0.048 11838
Diecbetes WHR 0012 0001 1.68E-93 20653 0011 0013 0026  0.003 0.021 0.031 15538
control WHR ' 0014 <0001 353E-316 38.445 0013 0015 0044  0.002 0.039 0.048 32160
Hypertension WHR
status Normotensive 0.015 <0.001 0 41.485 0.014 0.015 0.051 0.002 0.046 0.056 32147
Hypertensive "R 0013 <0.001 1.13E-235 33.072 0013 0014 0034  0.002 0.030 0.038 30520
Former WHR
Smoking status smoker 0014 <0001 9.90E-214 31.546 0013 0015 0040  0.003 0.035 0.045 22345
Non-smoker WHR 0015 <0001 523314 38.324 0014 0016 0046  0.002 0.041 0.050 31025
Current  WHR
smoker 0013 0001 7.60E-91 20422 0012 0015 0040  0.004 0.033 0.048 10000
Physical activity WHR
status Non-sedentary 0.014 <0.001 0 45.395 0.014 0.015 0.044 0.002 0.040 0.047 44515
Sedentary WHR 0014 0001 171E-119 23492 0013 0016 0041  0.003 0.035 0.048 12750




Table 4.9. Distributions of variables by stratifying variables (BMI set) (1) Age

AGE
Cardiometabolic Profile <=50yrs >50 yrs
BMI
Mean (SD) 28.4 (6.62) 28.7 (5.91) <0.001
Median [Min, Max] 27.2[12.9, 66.8] 27.8 [10.9, 67.0]
Sex
Male 9727 (40.1%) 18171 (28.3%) <0.001
Female 14507 (59.9%) 45940 (71.7%)
Age
Mean (SD) 40.1 (9.71) 60.4 (5.57) <0.001
Median [Min, Max] 45.0 [18.0, 50.0] 60.0 [51.0, 70.0]
HDL
Mean (SD) 50.4 (15.5) 50.9 (16.2) <0.001
Median [Min, Max] 48.0 [4.00, 142] 49.0 [3.70, 142]
Missing 8855 (36.5%) 33991 (53.0%)
LDL
Mean (SD) 125 (38.9) 142 (40.2) <0.001
Median [Min, Max] 121 [11.6, 363] 139 [10.2, 372]
Missing 9075 (37.4%) 34662 (54.1%)
logTG
Mean (SD) 4.61 (0.580) 4.79 (0.509) <0.001
Median [Min, Max] 4.57 [2.08, 6.52] 4.78 [2.48, 6.53]
Missing 8796 (36.3%) 34002 (53.0%)
Total Cholesterol
Mean (SD) 198 (43.5) 220 (44.7) <0.001
Median [Min, Max] 194 [38.2, 461] 217 [39.1, 483]
Missing 8765 (36.2%) 33884 (52.9%)
T2D status
T2D cases 3604 (14.9%) 19783 (30.9%) <0.001
Prediabetes 3465 (14.3%) 9217 (14.4%)
T2D control 7529 (31.1%) 35111 (54.8%)
Other controls 9636 (39.8%) 0 (0%)
FBG
Mean (SD) 5.12 (0.825) 5.55 (1.34) <0.001
Median [Min, Max] 5.05[0.160, 14.6] 5.28 [0.160, 14.8]
Missing 12194 (50.3%) 28230 (44.0%)
FBI
Mean (SD) 10.7 (8.32) 10.4 (15.7) 0.003
Median [Min, Max] 8.60 [0.559, 225] 8.00 [0.288, 1580]
Missing 12182 (50.3%) 28463 (44.4%)
HOMA-IR
Mean (SD) 2.51 (2.09) 2.59 (2.37) <0.001
Median [Min, Max] 1.93 [0.0267, 27.9] 1.92 [0.0169, 29.2]
Missing 12250 (50.5%) 29229 (45.6%)
HbAlc
Mean (SD) 38.8 (12.3) 42.2 (13.9) <0.001
Median [Min, Max] 35.5[4.90, 123] 38.8[14.7, 123]
Missing 14796 (61.1%) 51435 (80.2%)
Hypertension Status
Normotensive 16921 (69.8%) 26570 (41.4%) <0.001
Hypertenstive 7027 (29.0%) 36476 (56.9%)
Missing 286 (1.2%) 1065 (1.7%)
SBP
Mean (SD) 121 (19.6) 134 (21.4) <0.001
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Table 4.9. Distributions of variables by stratifying variables (BMI set) (1) Age

AGE
Cardiometabolic Profile <=50yrs >50 yrs
Median [Min, Max] 118 [67.0, 257] 132 [61.0, 247]
Missing 5704 (23.5%) 19725 (30.8%)
DBP
Mean (SD) 75.4 (13.0) 79.7 (11.9) <0.001
Median [Min, Max] 74.0 [23.0, 150] 80.0 [12.0, 139]
Missing 5705 (23.5%) 19695 (30.7%)
MI status
No 23261 (96.0%) 56996 (88.9%) <0.001
Yes 973 (4.0%) 7115 (11.1%)
Stroke status
No 23410 (96.6%) 56840 (88.7%) <0.001
Yes 824 (3.4%) 7271 (11.3%)
Physical status
Non-sedentary 11082 (45.7%) 38256 (59.7%) <0.001
Sedantary 2956 (12.2%) 11190 (17.5%)
Missing 10196 (42.1%) 14665 (22.9%)
Smoking status
Never smokers 13038 (53.8%) 29349 (45.8%) <0.001

Former smokers
Current smokers
Missing

5352 (22.1%)
5213 (21.5%)
631 (2.6%)

24459 (38.2%)
8925 (13.9%)
1378 (2.1%)
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Table 4.10. Distributions of variables by stratifying variables (BMI set) (2) Sex

SEX
Cardiometabolic Profile Male Female
BMI
Mean (SD) 27.7 (4.93) 29.1 (6.55) <0.001
Median [Min, Max] 27.0 [10.9, 65.0] 28.1[11.5, 67.0]
Sex
Male 27898 (100%) 0 (0%) <0.001
Female 0 (0%) 60447 (100%)
Age
Mean (SD) 52.9 (12.0) 55.8 (11.0) <0.001
Median [Min, Max] 55.0 [18.0, 70.0] 58.0 [18.0, 70.0]
HDL
Mean (SD) 43.9 (14.1) 54.4 (15.8) <0.001
Median [Min, Max] 42.0 [3.70, 142] 52.0 [4.70, 142]
Missing 12010 (43.0%) 30836 (51.0%)
LDL
Mean (SD) 133 (39.0) 138 (41.3) <0.001
Median [Min, Max] 131 [11.6, 363] 134 [10.2, 372]
Missing 12312 (44.1%) 31425 (52.0%)
logTG
Mean (SD) 4.78 (0.563) 4.71 (0.527) <0.001
Median [Min, Max] 4.77 [2.08, 6.53] 4.69[2.77, 6.52]
Missing 11865 (42.5%) 30933 (51.2%)
Total Cholesterol
Mean (SD) 204 (43.6) 217 (45.7) <0.001
Median [Min, Max] 201 [38.2, 440] 214 [42.3, 483]
Missing 11903 (42.7%) 30746 (50.9%)
T2D status
T2D cases 8134 (29.2%) 15253 (25.2%) <0.001
Prediabetes 4618 (16.6%) 8064 (13.3%)
T2D control 11261 (40.4%) 31379 (51.9%)
Other controls 3885 (13.9%) 5751 (9.5%)
FBG
Mean (SD) 5.40 (1.02) 5.45 (1.32) <0.001
Median [Min, Max] 5.33[0.630, 14.8] 5.17[0.160, 14.7]
Missing 15498 (55.6%) 24926 (41.2%)
FBI
Mean (SD) 10.3 (8.36) 10.5 (15.8) 0.182
Median [Min, Max] 8.00 [0.559, 210] 8.20 [0.288, 1580]
Missing 15490 (55.5%) 25155 (41.6%)
HOMA-IR
Mean (SD) 2.54 (2.19) 2.57 (2.34) 0.182
Median [Min, Max] 1.95 [0.0613, 28.9] 1.91 [0.0169, 29.2]
Missing 15574 (55.8%) 25905 (42.9%)
HbAlc
Mean (SD) 40.6 (13.2) 40.9 (13.4) 0.188
Median [Min, Max] 37.7[14.7, 123] 37.7[4.90, 123]
Missing 18446 (66.1%) 47785 (79.1%)
Hypertension Status
Normotensive 13932 (49.9%) 29559 (48.9%) 0.528
Hypertenstive 13848 (49.6%) 29655 (49.1%)
Missing 118 (0.4%) 1233 (2.0%)
SBP
Mean (SD) 129 (20.9) 130 (21.8) <0.001
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Table 4.10. Distributions of variables by stratifying variables (BMI set) (2) Sex

SEX
Cardiometabolic Profile Male Female
Median [Min, Max] 126 [61.0, 247] 128 [72.0, 257]
Missing 12430 (44.6%) 12999 (21.5%)
DBP
Mean (SD) 78.9 (13.0) 78.3 (12.1) <0.001
Median [Min, Max] 78.0 [12.0, 150] 78.0 [27.0, 139]
Missing 12410 (44.5%) 12990 (21.5%)
MI status
No 24302 (87.1%) 55955 (92.6%) <0.001
Yes 3596 (12.9%) 4492 (7.4%)
Stroke status
No 24863 (89.1%) 55387 (91.6%) <0.001
Yes 3035 (10.9%) 5060 (8.4%)
Physical status
Non-sedentary 14479 (51.9%) 34859 (57.7%) <0.001
Sedantary 3723 (13.3%) 10423 (17.2%)
Missing 9696 (34.8%) 15165 (25.1%)
Smoking status
Never smokers 9810 (35.2%) 32577 (53.9%) <0.001

Former smokers
Current smokers
Missing

11425 (41.0%)
5898 (21.1%)
765 (2.7%)

18386 (30.4%)
8240 (13.6%)
1244 (2.1%)
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Table 4.11. Distributions of variables by stratifying variables (BMI set) (3) T2D status

T2D
Cardiometabolic Profile Control Prediabetes Diabetes
BMI
Mean (SD) 27.6 (5.51) 29.3 (5.81) 31.0 (6.44) <0.001
Median [Min, Max] 26.6 [12.9, 67.0] 28.4[11.5, 65.4] 29.9 [10.9, 66.8]
Sex
Male 11261 (26.4%) 4618 (36.4%) 8134 (34.8%) <0.001
Female 31379 (73.6%) 8064 (63.6%) 15253 (65.2%)
Age
Mean (SD) 58.3 (7.19) 55.3 (8.86) 58.5 (7.49) <0.001
Median [Min, Max] 59.0 [42.0, 70.0] 56.0 [18.0, 70.0] 59.0 [22.0, 70.0]
HDL
Mean (SD) 53.1(16.9) 49.6 (15.2) 45.9 (14.3) <0.001
Median [Min, Max] 51.0 [3.70, 142] 47.2[6.00, 142] 44.0 [4.10, 129]
Missing 22877 (53.7%) 2090 (16.5%) 14090 (60.2%)
LDL
Mean (SD) 138 (40.0) 141 (39.1) 143 (41.6) <0.001
Median [Min, Max] 136 [10.2, 371] 138[14.7, 372] 140 [10.5, 363]
Missing 23234 (54.5%) 2273 (17.9%) 14371 (61.4%)
logTG
Mean (SD) 4.68 (0.507) 4.82 (0.498) 4.97 (0.517) <0.001
Median [Min, Max] 4.65 [2.48, 6.50] 4.80 [3.00, 6.51] 4.94 [2.48, 6.53]
Missing 22913 (53.7%) 2127 (16.8%) 13996 (59.8%)
Total Cholesterol
Mean (SD) 215 (43.8) 218 (43.2) 220 (48.0) <0.001
Median [Min, Max] 212 [38.2, 483] 215 [48.0, 449] 216 [61.0, 470]
Missing 22799 (53.5%) 2081 (16.4%) 14011 (59.9%)
T2D status
T2D cases 0 (0%) 0 (0%) 23387 (100%)  <0.001
Prediabetes 0 (0%) 12682 (100%) 0 (0%)
T2D control 42640 (100%) 0 (0%) 0 (0%)
Other controls
FBG
Mean (SD) 4.92 (0.487) 5.76 (0.467) 6.91 (2.22) <0.001
Median [Min, Max] 5.00 [0.160, 6.99] 5.77 [3.33, 6.95] 6.28 [0.690, 14.8]
Missing 18666 (43.8%) 802 (6.3%) 15532 (66.4%)
FBI
Mean (SD) 7.92 (5.71) 12.6 (8.98) 15.0 (30.2) 0.003
Median [Min, Max] 6.65 [0.288, 147] 10.5[0.559, 185]  11.1[1.00, 1580]
Missing 18950 (44.4%) 936 (7.4%) 15344 (65.6%)
HOMA-IR
Mean (SD) 1.75 (1.28) 3.23 (2.26) 4.23 (3.56) <0.001
Median [Min, Max] 1.45[0.0169, 26.6] 2.66 [0.104,28.0] 3.20[0.120, 29.2]
Missing 19330 (45.3%) 943 (7.4%) 15773 (67.4%)
HbAlc
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Table 4.11. Distributions of variables by stratifying variables (BMI set) (3) T2D status

T2D
Cardiometabolic Profile Control Prediabetes Diabetes
Mean (SD) 34.7 (4.21) 38.3 (4.31) 61.0 (20.1) <0.001
Median [Min, Max] 34.4[14.7, 107] 38.8[15.8, 54.1] 55.2 [4.90, 123]
Missing 35743 (83.8%) 3967 (31.3%) 19493 (83.3%)
Hypertension Status
Normotensive 22135 (51.9%) 7291 (57.5%) 5710 (24.4%) <0.001
Hypertenstive 19560 (45.9%) 5248 (41.4%) 17414 (74.5%)
Missing 945 (2.2%) 143 (1.1%) 263 (1.1%)
SBP
Mean (SD) 130 (21.0) 129 (20.8) 141 (21.4) <0.001
Median [Min, Max] 128 [72.0, 247] 127 [61.0, 257] 139 [67.0, 243]
Missing 13060 (30.6%) 914 (7.2%) 10560 (45.2%)
DBP
Mean (SD) 78.5 (11.9) 78.3 (12.5) 82.6 (11.8) <0.001
Median [Min, Max] 78.0 [34.0, 138] 78.0 [12.0, 139] 82.0 [40.0, 130]
Missing 13045 (30.6%) 915 (7.2%) 10546 (45.1%)
MI status
No 39786 (93.3%) 11305 (89.1%) 19614 (83.9%) <0.001
Yes 2854 (6.7%) 1377 (10.9%) 3773 (16.1%)
Stroke status
No 39549 (92.8%) 11811 (93.1%) 19345 (82.7%) <0.001
Yes 3091 (7.2%) 871 (6.9%) 4042 (17.3%)
Physical status
Non-sedentary 25603 (60.0%) 7295 (57.5%) 13018 (55.7%) <0.001
Sedantary 6350 (14.9%) 2465 (19.4%) 4370 (18.7%)
Missing 10687 (25.1%) 2922 (23.0%) 5999 (25.7%)
Smoking status
Never smokers 20180 (47.3%) 5999 (47.3%) 10202 (43.6%) <0.001

Former smokers
Current smokers
Missing

15199 (35.6%)
6224 (14.6%)
1037 (2.4%)

4101 (32.3%)
2510 (19.8%)
72 (0.6%)

9215 (39.4%)
3485 (14.9%)
485 (2.1%)
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Table 4.12. Distributions of variables by stratifying variables (BMI set) (4) Hypertension status

Hypertension status

Cardiometabolic Profile Normotensive Hypertensive

BMI

Mean (SD) 27.4 (5.54) 29.9 (6.42) <0.001
Median [Min, Max] 26.6 [12.9, 66.6] 28.8 [10.9, 67.0]

Sex

Male 13932 (32.0%) 13848 (31.8%) 0.528
Female 29559 (68.0%) 29655 (68.2%)

Age

Mean (SD) 51.3(13.0) 58.3 (8.32) <0.001
Median [Min, Max] 54.0 [18.0, 70.0] 59.0 [18.0, 70.0]

HDL

Mean (SD) 51.9 (15.9) 49.3 (16.0) <0.001
Median [Min, Max] 50.0 [3.70, 142] 47.0 [4.00, 142]

Missing 18349 (42.2%) 23541 (54.1%)

LDL

Mean (SD) 131 (39.3) 142 (41.5) <0.001
Median [Min, Max] 128 [16.9, 372] 139 [10.2, 369]

Missing 18854 (43.4%) 23920 (55.0%)

logTG

Mean (SD) 4.65 (0.540) 4.84 (0.524) <0.001
Median [Min, Max] 4.62 [2.08, 6.52] 4.82[2.48, 6.53]

Missing 18465 (42.5%) 23375 (53.7%)

Total Cholesterol

Mean (SD) 207 (43.9) 219 (46.5) <0.001
Median [Min, Max] 204 [39.1, 483] 216 [42.1, 482]

Missing 18287 (42.0%) 23407 (53.8%)

T2D status

T2D cases 5710 (13.1%) 17414 (40.0%) <0.001
Prediabetes 7291 (16.8%) 5248 (12.1%)

T2D control 22135 (50.9%) 19560 (45.0%)

Other controls 8355 (19.2%) 1281 (2.9%)

FBG

Mean (SD) 5.27 (0.963) 5.65 (1.50) <0.001
Median [Min, Max] 5.16 [0.160, 14.8] 5.3310.430, 14.7]

Missing 17290 (39.8%) 22664 (52.1%)

FBI

Mean (SD) 9.48 (8.73) 11.8 (19.1) <0.001
Median [Min, Max] 7.63 [0.288, 546] 9.07 [0.432, 1580]

Missing 17550 (40.4%) 22632 (52.0%)

HOMA-IR

Mean (SD) 2.27 (1.95) 2.95 (2.64) <0.001
Median [Min, Max] 1.75[0.0169, 28.3] 2.20 [0.0596, 29.2]

Missing 17855 (41.1%) 23131 (53.2%)

HbAlc

Mean (SD) 37.8 (9.70) 459 (16.7) <0.001
Median [Min, Max] 35.5[14.7, 121] 39.9[4.90, 123]

Missing 29543 (67.9%) 35427 (81.4%)

Hypertension Status

Normotensive 43491 (100%) 0 (0%) <0.001
Hypertenstive 0 (0%) 43503 (100%)

Missing

SBP

Mean (SD) 117 (13.3) 147 (18.3) <0.001
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Table 4.12. Distributions of variables by stratifying variables (BMI set) (4) Hypertension status

Cardiometabolic Profile

Hypertension status

Normotensive

Hypertensive

Median [Min, Max]

Missing
DBP
Mean (SD)

Median [Min, Max]

Missing

MI status

No

Yes

Stroke status
No

Yes

Physical status
Non-sedentary
Sedantary
Missing
Smoking status
Never smokers
Former smokers
Current smokers
Missing

117 [61.0, 225]
9296 (21.4%)

71.7 (8.97)
71.0 [12.0, 130]
9293 (21.4%)

41290 (94.9%)
2201 (5.1%)

42099 (96.8%)
1392 (3.2%)

24380 (56.1%)
6679 (15.4%)
12432 (28.6%)

21501 (49.4%)
12794 (29.4%)
7775 (17.9%)
1421 (3.3%)

145 [76.0, 257]
15880 (36.5%)

86.9 (10.9)
87.0 [44.0, 150]
15853 (36.4%)

37680 (86.6%)
5823 (13.4%)

36885 (84.8%)
6618 (15.2%)

24597 (56.5%)
7389 (17.0%)
11517 (26.5%)

20198 (46.4%)
16559 (38.1%)
6178 (14.2%)
568 (1.3%)

<0.001

<0.001

<0.001

<0.001

<0.001
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Table 4.13. Distributions of variables by stratifying variables (BMI set) (5) Smoking status

Smoking status

Cardiometabolic Profile Non-smoker Former smoker Current smoker

BMI

Mean (SD) 28.7 (6.14) 29.1 (6.09) 27.6 (5.93) <0.001
Median [Min, Max] 27.6 [10.9, 67.0] 28.1[13.8, 66.6] 26.6 [13.4, 65.3]

Sex

Male 9810 (23.1%) 11425 (38.3%) 5898 (41.7%) <0.001
Female 32577 (76.9%) 18386 (61.7%) 8240 (58.3%)

Age

Mean (SD) 53.8 (12.4) 57.7 (8.98) 52.1(11.4) <0.001
Median [Min, Max] 56.0 [18.0, 70.0] 59.0 [18.0, 70.0] 54.0 [18.0, 70.0]

HDL

Mean (SD) 52.2 (15.7) 49.9 (16.2) 48.4 (15.9) <0.001
Median [Min, Max] 50.0 [4.70, 139] 48.0 [3.70, 142] 46.0 [4.00, 142]

Missing 19779 (46.7%) 15655 (52.5%) 5909 (41.8%)

LDL

Mean (SD) 135 (40.3) 139 (40.3) 134 (41.8) <0.001
Median [Min, Max] 132[10.2, 372] 137 [13.8, 371] 131 [11.6, 369]

Missing 20198 (47.7%) 15960 (53.5%) 6066 (42.9%)

logTG

Mean (SD) 4.69 (0.542) 4.77 (0.532) 4.76 (0.546) <0.001
Median [Min, Max] 4.68[2.77, 6.52] 4.75 [2.48, 6.53] 4.74[2.08, 6.52]

Missing 19795 (46.7%) 15637 (52.5%) 5880 (41.6%)

Total Cholesterol

Mean (SD) 212 (45.2) 216 (45.1) 209 (46.4) <0.001
Median [Min, Max] 209 [42.1, 482] 213 [39.1, 464] 206 [38.2, 483]

Missing 19708 (46.5%) 15583 (52.3%) 5862 (41.5%)

T2D status

T2D cases 10202 (24.1%) 9215 (30.9%) 3485 (24.6%) <0.001
Prediabetes 5999 (14.2%) 4101 (13.8%) 2510 (17.8%)

T2D control 20180 (47.6%) 15199 (51.0%) 6224 (44.0%)

Other controls 6006 (14.2%) 1296 (4.3%) 1919 (13.6%)

FBG

Mean (SD) 5.40 (1.24) 5.52 (1.32) 5.37 (1.08) <0.001
Median [Min, Max] 5.17[0.160, 14.7] 5.28 [0.630, 14.8] 5.230.690, 14.7]
Missing 18755 (44.2%) 13731 (46.1%) 6358 (45.0%)

FBI

Mean (SD) 10.5 (15.6) 10.7 (13.1) 9.91(12.0) 0.003
Median [Min, Max] 8.26 [0.432, 1580] 8.21 [0.288, 655] 8.00 [0.432, 823]
Missing 18926 (44.7%) 13760 (46.2%) 6377 (45.1%)
HOMA-IR

Mean (SD) 2.55 (2.26) 2.66 (2.44) 2.41(2.11) <0.001
Median [Min, Max] 1.93[0.0169, 29.2] 1.95 [0.0498, 28.4] 1.82[0.0613, 28.9]
Missing 19315 (45.6%) 14110 (47.3%) 6463 (45.7%)

HbAlc

Mean (SD) 40.4 (13.1) 41.2 (14.0) 40.6 (12.5) <0.001
Median [Min, Max] 36.6 [14.7, 123] 37.7[4.90, 123] 37.7[16.9, 122]

Missing 31629 (74.6%) 23517 (78.9%) 9231 (65.3%)
Hypertension Status

Normotensive 21501 (50.7%) 12794 (42.9%) 7775 (55.0%) <0.001
Hypertenstive 20198 (47.7%) 16559 (55.5%) 6178 (43.7%)

Missing 688 (1.6%) 458 (1.5%) 185 (1.3%)

SBP

Mean (SD) 130 (21.6) 132 (21.2) 127 (22.2) <0.001
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Table 4.13. Distributions of variables by stratifying variables (BMI set) (5) Smoking status

Smoking status

Cardiometabolic Profile Non-smoker Former smoker Current smoker

Median [Min, Max] 128 [72.0, 244] 130 [61.0, 243] 124 [63.0, 257]

Missing 10823 (25.5%) 9771 (32.8%) 3717 (26.3%)

DBP

Mean (SD) 78.4 (12.3) 79.4 (11.9) 76.6 (13.2) <0.001
Median [Min, Max] 78.0 [23.0, 150] 79.0 [12.0, 139] 76.0 [22.0, 143]

Missing 10821 (25.5%) 9760 (32.7%) 3718 (26.3%)

MI status

No 39527 (93.3%) 26432 (88.7%) 12458 (88.1%) <0.001
Yes 2860 (6.7%) 3379 (11.3%) 1680 (11.9%)

Stroke status

No 39112 (92.3%) 26584 (89.2%) 12665 (89.6%) <0.001
Yes 3275 (7.7%) 3227 (10.8%) 1473 (10.4%)

Physical status

Non-sedentary 23726 (56.0%) 18164 (60.9%) 7055 (49.9%) <0.001
Sedantary 6832 (16.1%) 4762 (16.0%) 2395 (16.9%)

Missing 11829 (27.9%) 6885 (23.1%) 4688 (33.2%)

Smoking status

Never smokers 42387 (100%) 0 (0%) 0 (0%) <0.001
Former smokers 0 (0%) 29811 (100%) 0 (0%)

Current smokers 0 (0%) 0 (0%) 14138 (100%)

Missing
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Table 4.14. Distributions of variables by stratifying variables (BMI set) (6) Physical activity status

Physical Activity

Cardiometabolic Profile Non-sedentary Sedentary

BMI

Mean (SD) 28.1 (5.62) 29.8 (6.51) <0.001
Median [Min, Max] 27.2 [11.5, 66.6] 28.8 [10.9, 66.0]

Sex

Male 14479 (29.3%) 3723 (26.3%) <0.001
Female 34859 (70.7%) 10423 (73.7%)

Age

Mean (SD) 56.3 (10.8) 56.3 (10.4) 0.611
Median [Min, Max] 58.0 [18.0, 70.0] 58.0 [18.0, 70.0]

HDL

Mean (SD) 50.6 (15.6) 49.7 (14.7) <0.001
Median [Min, Max] 49.0 [3.70, 142] 48.0 [4.00, 135]

Missing 23129 (46.9%) 6129 (43.3%)

LDL

Mean (SD) 136 (39.5) 138 (40.0) 0.002
Median [Min, Max] 134 [10.5, 361] 135[10.2, 371]

Missing 23621 (47.9%) 6306 (44.6%)

logTG

Mean (SD) 4.70 (0.537) 4.74 (0.530) <0.001
Median [Min, Max] 4.68 [2.08, 6.53] 4.74[2.83, 6.52]

Missing 23335 (47.3%) 6208 (43.9%)

Total Cholesterol

Mean (SD) 212 (44.0) 214 (44.7) 0.004
Median [Min, Max] 210 [38.2, 483] 210 [43.6, 464]

Missing 23117 (46.9%) 6127 (43.3%)

T2D status

T2D cases 13018 (26.4%) 4370 (30.9%) <0.001
Prediabetes 7295 (14.8%) 2465 (17.4%)

T2D control 25603 (51.9%) 6350 (44.9%)

Other controls 3422 (6.9%) 961 (6.8%)

FBG

Mean (SD) 5.39 (1.24) 5.56 (1.38) <0.001
Median [Min, Max] 5.17 [0.160, 14.8] 5.28 [0.630, 14.7]

Missing 16429 (33.3%) 4332 (30.6%)

FBI

Mean (SD) 9.86 (12.1) 12.0 (21.2) <0.001
Median [Min, Max] 7.88[0.288, 823] 9.36 [0.288, 1580]

Missing 16656 (33.8%) 4342 (30.7%)

HOMA-IR

Mean (SD) 2.41 (2.18) 2.92 (2.54) <0.001
Median [Min, Max] 1.80 [0.0169, 28.4] 2.20 [0.0498, 28.9]

Missing 17230 (34.9%) 4544 (32.1%)

HbAlc

Mean (SD) 37.6 (8.82) 38.6 (9.92) <0.001
Median [Min, Max] 36.6 [16.9, 121] 36.6 [14.7, 119]

Missing 39322 (79.7%) 10975 (77.6%)

Hypertension Status

Normotensive 24380 (49.4%) 6679 (47.2%) <0.001
Hypertenstive 24597 (49.9%) 7389 (52.2%)

Missing 361 (0.7%) 78 (0.6%)

SBP

Mean (SD) 128 (20.8) 130 (21.2) <0.001
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Table 4.14. Distributions of variables by stratifying variables (BMI set) (6) Physical activity status

Cardiometabolic Profile

Physical Activity
Non-sedentary

Sedentary

Median [Min, Max]

Missing
DBP
Mean (SD)

Median [Min, Max]

Missing

MI status

No

Yes

Stroke status
No

Yes

Physical status
Non-sedentary
Sedantary
Missing
Smoking status
Never smokers
Former smokers
Current smokers
Missing

126 [72.0, 247]
17762 (36.0%)

77.2 (11.7)
77.0 [23.0, 135]
17767 (36.0%)

44856 (90.9%)
4482 (9.1%)

44881 (91.0%)
4457 (9.0%)

49338 (100%)
0 (0%)

23726 (48.1%)
18164 (36.8%)
7055 (14.3%)
393 (0.8%)

128 [61.0, 235]

3848 (27.2%)

78.6 (12.0)

78.0 [37.0, 133]

3849 (27.2%)

12686 (89.7%)
1460 (10.3%)

12759 (90.2%)
1387 (9.8%)

0 (0%)
14146 (100%)

6832 (48.3%)
4762 (33.7%)
2395 (16.9%)
157 (1.1%)

<0.001

<0.001

0.005

<0.001

<0.001
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CHAPTER 5: MANUSCRIPT 2: GENETIC UNDERPINNINGS OF THE
HETEROGENEOUS IMPACT OF OBESITY ON LIPID LEVELS AND
CARDIOVASCULAR DISEASE

A. Overview

Obesity is thought to increase cardiovascular disease (CVD) risk through various CVD
risk factors, including dyslipidemia. Yet, evidence suggests that obesity’s effects on dyslipidemia
are not uniform. One way to better understand the varied effects of obesity on dyslipidemia and
downstream CVD is improved characterization of the underlying molecular mechanisms
governing obesity and lipid traits, in particular, their shared genetic underpinnings. In this regard,
we aimed to investigate the shared genetic underpinnings of obesity-related traits and

dyslipidemia-related traits.

In this study, we examined three continuous proxies of dyslipidemia (high-density
lipoprotein cholesterol (HDL), low-density lipoprotein cholesterol (LDL), and triglycerides
(TG)) and one continuous proxy of obesity (BMI). To identify shared genetic underpinnings of
BMI and lipid traits, we estimated local genetic correlations using genome-wide association
study (GWAS) summary statistics of those traits from European ancestry UK Biobank (UKB)
participants to identify shared genetic underpinnings of BMI and lipid traits. Based on the signs
of local genetic correlation coefficients, we identified obesity genomic loci associated
with lower risk of dyslipidemia (defined as “Ob/DysL(-)” loci; counter-intuitive to the
phenotypic correlation between BMI and lipid traits) as compared to those associated with

higher levels of dyslipidemia (defined as “Ob/DysL(+)” loci; as expected from the
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phenotypic correlation). To identify causal genes at each locus, we integrated GWAS results
with publicly available gene-expression data and performed gene-based association analyses.
Lastly, we examined the potential differential effects of counter-intuitive Ob/DysL(-) loci on
BMI, lipid levels, and subsequent CVD and its risk factors among diverse participants from the
Population Architecture using Genomics and Epidemiology (PAGE) study using obesity
polygenic risk scores (PRS; weights estimated using PRS-CS and UKB GWAS) constructed only

with variants in loci that increase BMI and decrease dyslipidemia.

Out of 2,495 partitioned genomic regions, we identified 789 HDL, 26 LDL, and 494 TG
significant local genetic correlations with BMI (including overlapping loci), of which three for
HDL (0.4%), 10 for LDL (38.4%) and 8 for TG (1.6%) were Ob/DysL(-) loci. The gene-based
analysis results prioritized plausible genes underlying the counter-intuitive local genetic
correlations [Ob/DysL(-) loci], including a novel interesting candidate, NEIL2, predicted to be
associated with muscular atrophy (characterized as reduced body weight with increased CVD
risk) in mouse models. In PAGE, the PRS constructed using the BMI-HDL Ob/DysL(-) loci was
associated with increased levels of obesity (and increased BMI) but decreased levels of

dyslipidemia, CVD, and its risk factors, at least to some extent.

The identification and validation of genomic loci with shared genetic signals between
obesity-related traits and dyslipidemia-related traits further support the importance of using

genetics to define the heterogeneous impact of obesity on dyslipidemia and downstream CVD.
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B. Introduction

Obesity has an enormous global public health burden®? and increases the burden of many
downstream sequelae, for example, cardiovascular diseases (CVD)?3, through its impact on CVD
risk factors (e.g., dyslipidemia, hypertension, and type 2 diabetes).?°*2%* However, there are
significant gaps in research, and only a limited number of studies have explored the frequently
referenced yet not well-understood variations in CVD risk within populations affected by
obesity3!, which might be partly due to heterogeneous relationships between obesity and CVD
risk factors, especially for obesity and lipid levels.*372% One plausible but largely unexplored
source of heterogeneity in the obesity-lipid level relationship is the shared genetic architecture
across obesity and lipid traits. Better characterization of the shared genetic underpinnings can

help us better understand the heterogeneous impact of obesity on lipid traits and CVD.

Recent studies have suggested that pleiotropic obesity loci, especially those with counter-
intuitive associations with CVD traits, could help explain the observed heterogeneous impact of
obesity on CVD.'>18 For example, two recent studies identified 36 and 6212 obesity-increasing
variants that also were associated with favorable or protective metabolic profiles, respectively.
Several different variant-level approaches have been implemented to identify pleiotropic obesity
variants?. However, no previous studies have used locus-level approaches and local genetic
correlation analysis, an emerging genomic analysis tool to explore pleiotropy. In addition,
previously identified pleiotropic loci have not been validated in populations with diverse
ancestries. As with other genomic research, these loci were discovered in European ancestry
populations, and it is unknown whether the identified bivariate loci show comparable influences

on obesity and cardiometabolic traits in other ancestries.
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In this regard, we aimed to identify genomic regions with significant shared genetic signals
between continuous BMI and lipid traits (BMI-lipid bivariate loci) in opposing directions, to
investigate the potential causal genes underlying counter-intuitive pleiotropy between BMI and
lipid levels, and to examine the potential influence of BMI-lipid bivariate loci on BMI, lipid

levels, and downstream CVD and its risk factors.

C. Methods

C.1 Study Population
C.1.1 UK Biobank (UKB)

The UKB is a large-scale prospective study of more than 500,000 individuals living in the
United Kingdom. The stated goals of the UKB were to improve prevention, diagnosis, and
treatment of various diseases onset later in life. 52 Participants aged 40 — 69 were recruited between
2006 — 2010,%6? and their phenotypic and genotypic information, including questionnaires,
physical and blood measures, genome-wide genotyping data, imaging data, and health outcomes,

has been collected.'%? The UKB is available to researchers for paid access.

C.1.2 Population Architecture using Genetics and Epidemiology: The PAGE study

The PAGE consortium was launched in 2008 along with NHGRI’s effort to expand the
ancestral diversity in genomic studies.®* 152 In this study, all participants with relevant genetic
and phenotypic data from PAGE participating cohort studies were included. The PAGE cohort
studies include the Atherosclerosis Risk in Communities (ARIC) study, Coronary Artery Risk
Development in Young Adults Study (CARDIA), Hispanic Community Health Study / Study of
Latinos (HCHS/SOL), Women’s Health Initiative (WHI), Multiethnic Cohort Study (MEC), and
Icahn School of Medicine at Mount Sinai BioMe biobank. Participants were self-classified as

Asian American, Hispanic/Latino, Native Hawaiian, non-Hispanic White, and non-Hispanic

123



Black. A total of 83,376 participants with genetic data and BMI measure were included in the
analysis. We used the PAGE study populations as the validation population for identified
bivariate loci to assess generalizability. Brief descriptions of the PAGE-participating cohort

studies were summarized in the Supplementary Information.

C.2 Measurement

The present study utilized publicly available GWAS summary statistics from UKB as a
discovery source for the genetic correlation between BMI and lipid traits. Individual-level

genetic and phenotypic data were only utilized for the PAGE population.

C.2.1 Genetic Information

UKB. A total of 488,377 participants from the UKB were genotyped on the Applied
Biosystems UKB Lung Exome Variant Evaluation (UK BiLEVE) Axiom Array (N=49,950) and
the UKB Axiom Array (N=807,411).2% Imputation was performed using IMPUTE4 with
Haplotype Reference Consortium, UK10K, and the 1000 Genome Phase 3. Detailed methods

were described in the previous literature.20

PAGE. In the original PAGE study, a total of 54,844 participants of diverse ancestry
(African ancestry, Hispanic/Latino, East Asian, Native Hawaiian, and American Indian
participants) who provided samples from different participating studies were genotyped on the
MEGA array at the Center for Inherited Disease Research.?>164 In addition to the MEGA
genotyping platform, some participants from ARIC, BioMe, CARDIA, MEC, and WHI were
genotyped separately on Illumina or Affymetrix arrays by each study or ancillary study. The
number of samples included in this study by study, self-reported race/ethnicity, and the

genotyping platform are shown in Table 5.2. A total of 34,373 samples that were included in the
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current analysis were genotyped on MEGA, and the remaining 49,003 samples were genotyped
on the non-MEGA array. Table 5.3 summarizes the genotyping platform, QC criteria, imputation

methods, and reference panel that each study and ancillary study implemented.

C.2.2 Phenotype Information

UKB. Anthropometric traits, including standing height and weight, were measured at the
baseline visit for approximately 500,000 participants between 2006 and 2010.162 BMI was
calculated from measured height and weight (i.e., weight (kg) / [height (m)]?). Participants’
blood samples were also collected, and various biomarkers, including three lipid traits [high-
density lipoprotein cholesterol (HDL), low-density lipoprotein cholesterol (LDL), and
triglycerides (TG)] for the current study, were measured. Specifically, HDL levels were
measured by enzyme immuno-inhibition method, LDL by enzymatic protective selection
method, and TG by enzymatic colorimeter method (more information available at:

https://biobank.ctsu.ox.ac.uk/crystal/crystal/docs/serum biochemistry.pdf)

PAGE. BMI was used as a continuous proxy measure of overall body mass, and obesity
status was determined by BMI > 30 kg/m? for non-Asians and BMI > 25 kg/m? for Asians. Three
lipid measures (HDL, LDL, and TG) were used as continuous proxy measures of dyslipidemia.
HDL and TG levels were quantified from fasting blood samples. LDL levels were computed
using the Friedewald Equation, excluding individuals whose TG levels were > 400 mg/dL. Blood
glucose and insulin levels were measured after an 8-hour fast. We determined participants’
diabetes status according to the ADA criteria. Blood pressure was measured with a standardized
protocol. Participants were classified as hypertensive if they met any of the following criteria
using the following criteria: 1) SBP > 140 mmHg, 2) DBP > 90 mmHg, 3) use of any

antihypertensive medication (self-report), or 4) ICD-9 codes 401. x or ICD-10 codes 110.x -
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115.x.91 A subset of PAGE participating cohorts collected data on CVD, including their
prevalence, incidence, or related deaths. Detailed descriptions of phenotypic measures were

provided in the Supplementary Information.

C.3 Statistical Analyses
C.3.1 Bivariate loci identification

Discovery GWAS. In 2018, the Pan-UKB team

(https://pan.UKB.broadinstitute.org/docs/study-design) made results available from multi-

ancestry GWAS of 7,221 phenotypes, including anthropometric and obesity-related measures.
GWAS analysis was conducted using SAIGE?®? and a linear mixed model — with a kinship
matrix considered as a random effect and covariates treated as fixed effects. Continuous traits
were rank-based inverse normalized within each ancestry group, and covariates included in
GWAS were age, sex, age*sex, age?, age’*sex, and the first 10 PCs

(https://github.com/atqu/UKB _pan_ancestry/wiki/QC). In the current study, we utilized Pan-

UKB GWAS summary statistics resulting from this project for BMI and lipid traits (HDL, LDL,
and TG) for European ancestry as a discovery sample for the BMI-lipid bivariate loci

identification (N: 419,163 for BMI, 367,021 for HDL, 400,223 for LDL, and 400,639 for TG).

Global SNP-based heritability and genetic correlations Prior to performing local genetic
correlation analyses, we estimated global SNP-based heritability of BMI and three lipid traits and
genetic correlation between three BMlI-lipid pairs (BMI-HDL, BMI-LDL, and BMI-TG) in the

UKB by performing LD score regression?’ based on GWAS summary statistics from UKB.

Bivariate loci identification We identified BMI-lipid bivariate loci (genomic loci with

shared genetic signals between BMI and lipid levels) based on UKB GWAS summary statistics
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for BMI and lipid traits (HDL, LDL, and TG) using local genetic correlation analyses (Figure
1A). As is standard in genetic epidemiological studies, we assessed obesity and dyslipidemia
using continuous measures of these phenotypes. By looking at alleles that increase BMI, we are,
in essence, identifying alleles that increase obesity risk. Also, by looking at alleles that increase
LDL and TG or decrease HDL, we are identifying alleles that increase dyslipidemia risk. Three
pairs of GWAS summary statistics from UKB (BMI-HDL, BMI-LDL, and BMI-TG) were used
as input files, and local genetic correlation analyses were performed for the 2,495 pre-partitioned
genomic regions (~1.12 Mb per locus on average; provided by the developers?®) using the LAVA
(Local Analysis of [co]Variant Association)!”®. Detailed descriptions of performing the analyses
using LAVA are provided in the Supplementary Information. Significant local genetic
correlation estimates [p for local genetic correlation coefficient estimates < (0.05 / the number of
significant univariate loci for both traits)] were classified into two different groups based on their
directions of effects with an obesity-related trait and dyslipidemia-related traits (Table 5.4). That
is, if a given bivariate locus showed a positive local genetic correlation coefficient between
obesity (using BMI as a continuous proxy of obesity) and dyslipidemia (using three lipid
measures as proxies of dyslipidemia) (i.e., rg <0 for BMI-HDL, rg > 0 for BMI-LDL and BMI-
TG pairs), the locus was then classified as an Ob/DysL (+) locus whereas if the bivariate locus
showed a negative local genetic correlation coefficient (i.e., rg > 0 for BMI-HDL, rg < 0 for
BMI-LDL and BMI-TG), the locus was classified as an Ob/DysL(-) locus. We considered
Ob/DysL(-) loci as counter-intuitive since the phenotypic correlations were in opposite
directions (i.e., phenotypic correlation coefficient (r) < 0 for BMI-HDL, r > 0 for BMI-LDL and

BMI-TG). Each BMI-lipid pair is tested separately, so there could be overlapping loci for
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multiple BMI-lipid pairs, even with different signs (e.g., a locus can be Ob/DysL (+) for one

BMI-lipid pair and Ob/DysL(-) for another BMI-lipid pair).

C.3.2 Biological interrogation for the bivariate loci

To investigate the biological implications of the identified BMI-lipid bivariate loci, we
conducted TWAS-FUSION'"* and identified potential genes whose genetically predicted
expression levels were associated with the BMI or lipid traits (Figure 1B). We integrated each
GWAS summary result (BMI, HDL, LDL, and TG) with reference gene expression levels in
Whole Blood samples from the Cardiovascular Risk in Young Finns Study (YFS)" and adipose
tissue from Metabolic Syndrome in Men Study (METSIM).%"® Then, we filtered the genes
located within the bivariate loci (based on the start and the end position of the genes) and
identified the overlapping genes from the BMI and corresponding lipid trait. We also examined
directional consistency by comparing TWAS Z scores for BMI and the corresponding lipid trait.
For example, we verified if a gene within BMI-HDL Ob/DysL(-) loci had the same direction of
TWAS Z-score for both BMI and HDL. Based on the known roles of the overlapped genes
(reported in public databases (e.g.,) PubMed or Genecards), we inferred potential pathways

simultaneously influencing BMI and lipid traits.

C.3.3 Potential Influence of the BMI-lipid bivariate loci among ancestrally diverse populations

We examined the generalizability of the identified loci by investigating the association of
the Ob/DysL(-) and Ob/DysL (+) bivariate loci in ancestrally diverse PAGE participants (Figure
1C). We hypothesized that BMI-lipid Ob/DysL(-) loci and Ob/DysL(+) loci were involved in
distinct biological pathways, linking adiposity with protective roles and detrimental roles in lipid
metabolism, respectively, and that obesity polygenic risk scores (PRS) constructed with variants

restricted to the identified bivariate loci would capture the genetic predisposition to the distinct
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subtypes of adiposity. Based on these assumptions, we constructed Ob/DysL (-)-based and
Ob/DysL (+)-based obesity PRS to capture the genetic predisposition to Ob/DysL () adiposity
and Ob/DysL (+) adiposity. We utilized publicly available PRS weights for BMI prepared and

provided by ExPRSweb®"" (https://exprsweb.sph.umich.edu/). The PRS weights for BMI were

estimated using PRS-CS method (Nvariants = 1,113,832; Pearson correlation between PRS and
BMI in testing sample = 0.321%77) based on UKB GWAS summary statistics for BMI. We
restricted genetic variants to those located in the Ob/DysL(-) bivariate loci and Ob/DysL (+)
bivariate loci for the PRS-Ob/DysL(-) and PRS-Ob/DysL(+), respectively, and applied the
weights to our target population, the PAGE study. The remaining variants that were located

outside of the bivariate loci were not included in the PRS calculation.

Then, the associations of the bivariate loci-based obesity PRS with BMI (and obesity
status), lipid traits (HDL, LDL, TG, total cholesterol, and dyslipidemia), CVD risk factors
(fasting glucose, fasting insulin, HOMA-IR, HbAlc, T2D status, systolic blood pressure,
diastolic blood pressures, and hypertension), and CVD outcomes (MI and stroke) were assessed.
We hypothesized that higher PRS-Ob/DysL(-) would be associated with increased BMI or
obesity but, counter-intuitively, with protective cardiometabolic profiles. Conversely, higher
PRS-Ob/DysL(+) would be associated with increased BMI and increased probability of having
dyslipidemia (decreased HDL and increased LDL and TG levels). We applied logistic regression
models for binary outcomes and linear regression models for continuous outcomes. Covariates
were age, sex, ten genetic PCs (for ancestry), study, genotype panel, and self-reported
race/ethnicity as a social construct associated with the social determinant of health, racism,

discrimination, and environmental factors.
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D. Results

D.1. Global SNP-based heritability and genetic correlation

In line with our previous understanding, global SNP-based heritability estimates (SE)
were 0.25 (0.01), 0.20 (0.02), 0.09 (0.01), and 0.18 (0.02) for BMI, HDL, LDL, and TG,
respectively. Likewise, global genetic correlation coefficient estimates (SE) were -0.43 (0.03), -
0.07 (0.03), and 0.31 (0.04) for BMI-HDL, BMI-LDL, and BMI-TG pair, respectively, as

expected (Table 5.6).

D.2. BMI-lipid bivariate loci identification in UKB

Out of 2,495 genomic regions, 2,268 (BMI-HDL), 1,018 (BMI-LDL), and 2,017 (BMI-
TG) loci demonstrated significant local heritability (p < 2.00 x 10-°) for both BMI and the
respective lipid trait and were further tested for the local genetic correlation (Table 5.7). As
such, we identified 789 HDL, 26 LDL, and 494 TG loci with significant local genetic correlation
with BMI. The median and inter-quartile range of local genetic correlation coefficients among
the tested regions were -0.44 (-0.56, -0.31) for BMI-HDL, 0.02 (-0.12, 0.16) for BMI-LDL, and
0.39 (0.25, 0.52) for BMI-TG. Of these, three for HDL (0.4%), 10 for LDL (38.4%), and 8 for
TG (1.6%) were [Ob/DysL(-)] loci (Table 5.1). Also, as expected from the strong correlation
between HDL and TG, many of the BMI-HDL bivariate loci overlapped the BMI-HDL and
BMI-TG loci- i.e., a total of 400 Ob/DysL(+) loci and 2 Ob/DysL () were identified for both

BMI-HDL pair and BMI-TG pair.

A total of four Ob/DysL(-) loci were identified across multiple BMI-lipid pairs. Loc1351
(Chr8:125,453,323-126,766,827) was identified as an Ob/DysL(-) locus for all three BMI-lipid

pairs. Loc2351 (Chr19:45,040,933-45,893,307) was identified for BMI-LDL and BMI-HDL,
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Loc 965 (Chr6: 32,586,785-32,629,239) for BMI-LDL and BMI-TG, and Loc 1851 (Chrl2:
123,396,635-124,843,768) for BMI-HDL and BMI-TG. Of these four loci, three loci included
previously reported Ob/DysL (-)-related variants, rs2980888*? and rs7005992%* in Loc1351,
rs71333781216:144 579736834, and rs863750% in Loc1851, and rs2075650% in Loc2351 (Table

5.10).

We compared the Ob/DysL(-) results with findings from five previous studies of counter-
intuitive BMI-CVD risk factor pleiotropy.t21416.144.145 AJ| of these five studies were variant-
based approaches (e.g., multivariate adiposity and cardiovascular traits GWAS). A total of 149
distinct variants have been identified as obesity variants associated with protective
cardiometabolic profile, and they were located within 104 loci (out of the 2,495 genomic regions
used for our local genetic correlation analyses). Although our analyses were locus-based and it is
difficult to compare loci and variants directly, we identified 11 novel Ob/DysL(-) loci (7 from
BMI-LDL results and 5 from BMI-TG loci; 1 overlapping locus) (Table 5.10). In addition, 3
BMI-HDL Ob/DysL(-) loci, 3 of 10 BMI-LDL Ob/DysL(-) loci, and 3 of 8 BMI-TG
Ob/DysL(-) included at least one of the previously identified counter-intuitive variants.
Differences across studies may be due to different discovery populations (though some of the

studies utilized UKB) and different identification strategies and methods.

D.3 Identification of the genes within the BMI-lipid bivariate loci influencing both BMI
and lipid traits

For BMI-HDL, we identified 3 Ob/DysL(-) genes (loc1851-CCDC92, DDX55,
DNAH10). For BMI-LDL, we identified 3 Ob/DysL(-) genes (loc837-ANKDD1B, POCS5, POLK,
and loc970-C60rf106). For BMI-TG, we identified 5 Ob/DysL(-) genes (loc1247-ERIL1,

loc1251-NEIL2, and 1oc1851-CCDC92, DDX55, DNAH10) (Table 5.8-5.9).
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D.4 Evaluating the associations of the identified BMI-lipid bivariate loci with BMI, lipid,
and CVD and its risk factors among PAGE study participants

A total of 83,376 PAGE participants across four different self-identified race/ethnicity
groups [Non-Hispanic White (EUR; N = 25,418), non-Hispanic Balck (AFR; N =25,255),
Hispanic/Latino (HIS; N = 25,814), and East Asian (EAS; N = 6,889)] were included in the
current analysis (Table 5.5). The participant mean age was 55.0 (SD: 11.5) years, and the
proportion of male participants was 31.2% (N=26,017). Mean BMI, HDL, LDL, and TG levels
were 28.6 (SD: 6.11) kg/m?, 51.0 (SD: 15.9) mg/dL, 136 (SD: 40.7) mg/dL, and 132 (SD: 80.2)

mg/dL, respectively.

From the BMI-HDL loci-based PRS, as expected based on the discovery, we observed
clear differences in the direction of associations between PRS-Ob/DysL(+) (i.e., associated with
adverse CVD risk profile) and PRS-Ob/DysL(-) (i.e., associated with protective CVD risk
profile) for dyslipidemia, lipid levels (HDL, LDL, logTG, and total cholesterol), and glycemic
traits (fasting glucose) in independent PAGE populations. Positive associations with the obesity
traits (obesity status and BMI) were observed for both PRS-Ob/DysL(+) and PRS-Ob/DysL(-)
despite the small number of loci included in the BMI-HDL PRS-Ob/DysL (). Due to the
substantial overlap with PRS-BMI (reference), the PRS-Ob/DysL(+) demonstrated similar

patterns of associations to the reference PRS-BMI (Figure 5.2A and Table 5.11-5.14).

From the BMI-LDL loci-based PRS, we observed no clear distinction between PRS-
Ob/DysL(-) and PRS-Ob/DysL (+) in the associations with outcome traits (Figure 5.2B and

Table 5.11-5.14).

From the BMI-TG loci-based PRS, we observed positive associations with obesity-

related traits for both PRS. However, we did not find evidence of the protective associations
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between PRS-Ob/DysL(-) and lipid and other CVD-related traits. PRS-Ob/DysL (+)
demonstrated a similar pattern of associations with the reference PRS-BMI (Figure 5.2C and

Table 5.11-5.14).

E. Discussion

In this study, using large-scale GWAS summary statistics derived from the UKB, we
identified 16 genomic regions with shared genetic underpinnings between BMI and lipid levels,
which increased obesity risk yet were protective from dyslipidemia. We further explored the
potential causal genes underlying the counter-intuitive Ob/DysL(-) loci using gene-based TWAS
results and identified 8 genes. Using the BMI-lipid bivariate loci-based PRS, we were able to
generalize our findings to the multi-ancestry PAGE study populations and explore the clinical

significance of these bivariate loci on downstream CVD and its risk factors.

The smaller global genetic correlations between BMI and LDL in comparison to BMI-
HDL and BMI-TG have been consistently reported in the literature.20%219 By performing local-
level genetic correlation analysis for BMI and LDL, we intended to investigate whether there is a
true lack of genetic correlation (both locally and globally) between BMI and LDL or whether the
lack of global genetic correlation is due to the presence of the comparable numbers of local-level
correlations in opposite directions, resulting in nullifying each other’s effects globally. The
current study supported both possibilities — i) a much smaller number of correlated loci was
identified, implying a lack of genetic correlation compared to the BMI-HDL or BMI-TG pairs,
and ii) the comparable numbers of Ob/DysL(+) and Ob/DysL(-). Indeed, many more
Ob/DysL(+) loci were discovered compared to Ob/DysL(-) loci for BMI-HDL and BMI-TG, as

expected from the high phenotypic positive correlation between obesity and dyslipidemia?*!. It is
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also true that, unlike BMI-HDL or BMI-TG results, a similar number of Ob/DysL(+) loci and
Ob/DysL (-) were identified, and they might have nullified each others’ effects, resulting in a
small magnitude of global genetic correlation between BMI and LDL. These differences in BMI-
lipid pairs (BMI-TG, BMI-HDL vs. BMI-LDL) may suggest the presence of distinct adiposity-
lipid inter-relationships for HDL and TG vs. LDL.?2213 Lastly, it is also possible that
insufficient adjustment for lipid-lowering medications (i.e., residual confounding by lipid-

lowering medication) could have contributed to our results.

By integrating TWAS results with the current local genetic correlation analysis, we
prioritized potential causal genes, both novel and known genes, underlying the counter-intuitive
genetic correlations. As an example of the novel genes, we identified the NEIL2 gene for BMI-
TG Ob/DysL(-) Loc1251. NEIL2 is Nei-like DNA Glycosylase 2 and has been predicted to be
involved in Autosomal Dominant Adult-Onset Proximal Spinal Muscular Atrophy by mice
models?4, which is relevant for both reduced body weight and an adverse CVD risk profile.
Moreover, NEIL2 has been associated with reduced expression of adipose tissue TG lipase,
causing TG accumulation in immobilized muscles by atrophy compared to that in control
muscles.?*> According to the GWAS catalog, the NEIL2 gene has been associated with both TG
levels and BMI-adjusted WHR, along with other CVD traits, further supporting the NEIL2 gene

as a potential causal gene influencing decreased obesity yet increased CVD.

In some instances, we observed both Ob/DysL(-) and Ob/DysL (+) effects in the same
loci, when considering different lipid traits. For example, we identified three novel genes
(POLK, ANKDD1B, and POC5) for Loc837. However, unlike the BMI-LDL results, Loc837 was
an Ob/DysL(+) locus for the BMI-HDL pair, and previous studies identified rs2112347 in this

locus as Ob/DysL(+) SNP. Nevertheless, the follow-up partial local genetic correlation analyses
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in the current study suggested that the strongest partial correlation was found from BMI-LDL in
the Ob/DysL(-) direction. Such conflicting evidence regarding the direction of effects may be
driven by allelic heterogeneity and/or population-specific variants. Indeed, rs2112347 in Loc837
was associated with both BMI and LDL in opposing directions?'6, and SNPs in the HMGCR-
POCS region were associated with LDL cholesterol and T2D in opposing directions.?’
Therefore, POLK, ANKDD1B, or POC5 may harbor Ob/DysL(-) variants influencing BMI and

LDL rather than Ob/DysL(+) variants influencing BMI-TG or BMI-HDL.

Several of our findings are consistent with previous studies. For example, in Loc1851,
among three genes — DDX55, DNAH10, and CCDC92 — associated with BMI, TG, and HDL in
the current TWAS, DNAH10, and CCDC92 were previously prioritized genes for the
Ob/DysL (-) variants'2, We also detected the ERI1 gene related to the BMI-TG Ob/DysL(-)
Loc1247. Although a different gene (PPP1R3B-TNKS) was prioritized, two previous SNPs

(rs9987289 and rs17149279) were reported from the adjacent locus, Loc1247.12

The current study provides evidence of a generalizable heterogeneous genomic
relationship between obesity and dyslipidemia, especially for the BMI-HDL loci. Despite the
small number of loci (three loci) included in the PRS-Ob/DysL(-) for BMI-HDL, its effects on
dyslipidemia were larger than that of the overall PRS-BMI or PRS-Ob/DysL(+). In terms of
continuous CVD risk factors, the higher PRS-Ob/DysL (-) for BMI-HDL was associated with a
protective cardiometabolic profile (except for HbA1c) and increased BMI. These results suggest
that shared genetic underpinnings between obesity traits and lipid traits may partly explain the
heterogeneous impact of BMI on CVD risk. We did not find clear evidence when applying the

PRS from the counterintuitive BMI-LDL or BMI-TG pairs, possibly due to limited power.
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Further studies with larger sample sizes (in discovery GWAS and in target populations) are

needed to discover and generalize more of the heterogeneous BMI-lipid genomic loci.

The present study has some limitations. First, the genomic partitioning was based on a
European LD structure (1000 Genome European population), so the partitioned genomic regions
may not represent the independent LD blocks for non-European populations well. Thus, we may
have missed ancestry-specific genetic correlations. Related to this, as BMI is a crude proxy for
obesity, we may have missed important pleiotropic loci between adiposity and lipid traits.
However, the advantages of leveraging much larger sample sizes may have counterbalanced this
limitation. The current study has notable strengths as well. First, the total sample size of the
PAGE study was large, and we were able to evaluate the relationships between BMI-lipid
bivariate loci and various CVD profiles. In addition, the distribution of self-identified
race/ethnicity in the PAGE study — especially across self-identified non-Hispanic White, non-
Hispanic Black, and Hispanic/Latino populations— was well-balanced, thus equally contributing
to the population-pooled results. Furthermore, this study implemented a novel locus-based
approach to identify BMI-lipid bivariate loci and proposed a novel application of locus-restricted

PRS to evaluate the influence of certain genomic loci on phenotypes.

In summary, we identified two distinct types of genomic loci with shared genetic
underpinnings of BMI and lipid levels in opposing directions [Ob/DysL(-) and Ob/DysL(+)] and
suggested potential causal genes (NEIL2, POLK, ANKDD1B, and POC5) underlying counter-
intuitive Ob/DysL(-) loci. Notably, from the association test using PRS-Ob/DysL(-), the BMI-
HDL Ob/DysL(-) loci demonstrated protective associations with dyslipidemia and downstream
CVD risk profiles in an independent population. Indeed, as even larger GWAS of various CVD

traits become available, this approach may be expanded to other CVD complications of obesity —
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e.g., Obesity-T2D bivariate loci or Obesity-Hypertension bivariate loci, enabling the

identification of possible subtypes of obesity.
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F. Main Tables and Figures

Table 5.1. A list of genomic loci with shared genetic signals between BMI and a lipid trait in a counter-intuitive direction (opposite to the phenotypic
correlation)

Start Stop rhosmi- rhosmi-

Locus CHR Position Position Discovery pair Prioritized genes® HDL BMI-HpL LDL BMIl..o.  rhosmi-te BMl-tc
158 1 205009624 205917548 BMI-LDL -0.57 2.01E-09 -0.57 2.69E-05 0.32 8.46E-04
498 3 87411259 88375763 BMI-LDL -0.61 6.34E-06 -0.67 3.12E-06 0.48 2.72E-03
692 4 102544804 104384534 BMI-LDL -0.75 9.16E-37 -0.47 3.85E-05 0.68 3.08E-12
836 5 73314062 74245354 BMI-LDL -0.52 5.78E-06 -0.56 9.74E-09 0.46 4.58E-04

POLK,
ANKDD1B,
837 5 74245355 75239302 BMI-LDL POC5 -0.72 1.59E-10 -0.69 5.84E-27 0.11 4.26E-01
BMI-LDL,

965* 6 32586785 32629239 BMI-TG -0.33 8.97E-03 -0.70 5.83E-08 -0.54 1.80E-06
1185 7 98173565 99465540 BMI-LDL -0.46 5.68E-06 -0.38 8.06E-06 0.35 1.62E-03

1246* 8 8064601 8589770 BMI-TG -0.39 7.23E-04 0.15 2.12E-01 -0.48 8.74E-09

1247* 8 8589771 9167795 BMI-TG ERI1 0.04 4.60E-01 0.26 1.82E-03 -0.35 2.28E-06
1248 8 9167796 9835863 BMI-TG 0.19 1.01E-03 0.36 2.45E-06 -0.62 1.95E-11
1249 8 9835864 10478851 BMI-TG -0.02 7.06E-01 0.51 3.99E-05 -041 2.33E-08

1251* 8 11466762 12296849 BMI-TG NEIL2 -0.10 2.55E-01 N/A N/A -0.36 2.27E-06

BMI-HDL,
BMI-LDL,
1351* 8 125453323 126766827 BMI-TG 0.33 1.33E-05 -0.54 1.51E-14 -0.50 7.14E-14
DDX55,
BMI-HDL, DNAH10,

1851* 12 123396635 124843768 BMI-TG CCDC92 0.37 1.59E-08 -0.43 8.63E-05 -0.53 5.92E-12

2135 16 53393883 54866095 BMI-LDL -0.56 4.69E-30 -0.73 5.36E-21 0.18 9.98E-03
BMI-HDL,
2351 19 45040933 45893307 BMI-LDL 0.34 9.97E-13 -0.46 1.21E-27 0.21 2.23E-06

* No discordance across different BMI-lipid pairs (i.e., all three BMI-lipid pairs demonstrated Ob/DysL (-) direction or non-significant correlation)

T Genes identified from TWAS-FUSION analysis.
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Figure 5.1. Summary of Statistical Analyses. In this study, we first identified pleiotropic genomic loci between
BMI and lipid levels in opposing directions using local genetic correlation analyses (implemented through LAVA)
[A]. Using TWAS-FUSION, potential causal genes for the pleiotropic loci [B]. Lastly, clinical implications of the

distinct pleiotropic loci were assessed by using polygenic risk scores [C].
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Figure 5.2. The associations of BMI-lipid PRS-Ob/DysL(-), PRS-Ob/DysL(+), or PRS-BMI with obesity-, lipid-,
and CVD-related traits. The results showed the estimated associations of (95% CI) of PRS-Ob/DysL(-), PRS-
Ob/DysL (+), and PRS-BMI (reference) with obesity-related traits, lipid-related traits, and other CVD-related
factors in PAGE participants. Covariates were age, sex, study, genotype panel, self-reported race/ethnicity, and
ten genetic PCs. PRS and outcome variables were standardized with a mean of 0 and a standard deviation of 1.
Filled-in circles represent P<0.05, while empty circles represent P>0.05.
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G. Supplement

G.1 Supplemental Methods
G.1.1 PAGE-participating cohort studies

ARIC, funded by the National Heart, Lung, and Blood Institute (NHLBI), is an ongoing
community-based prospective cohort study primarily aiming to investigate the etiology of
atherosclerosis and its clinical outcomes.*>3 A random sample of 15,792 adults aged 45 — 64
years at baseline was initially recruited between 1987 and 1989 (approximately 4,000
participants for each of four communities in the U.S. — Forsyth County, NC; Jackson, MS;
Washington County, MD; Minneapolis, MN).%3 Participants have received standardized

examinations on their demographic, social, and health status approximately every five years.

BioMe, funded by the Charles Bronfman Institute for Personalized Medicine, is an
electronic medical record-linked biobank whose participants were based on consented and
volunteered patients in the Mount Sinai Medical Center (MSMC) (among over 70,000 inpatients
and 800,000 outpatients annually).*> The MSMC serves racially/ethnically diverse communities
of the upper Manhattan area, which includes Central Harlem (predominantly African American),
East Harlem (predominantly Hispanic/Latino), and Upper East Side (predominantly European
American). There have been more than 57,843 participants (21% African American, 34%
Hispanic/Latino, 31% European American, and 14% of other ancestry groups) enrolled in BioMe
since 2007 (as of Feb 2021). Among them, a total of 32,344 participants have been genotyped (as
of Feb 2021) so that they can be investigated in genomic studies

(https://icahn.mssm.edu/research/ipm/programs/biome-biobank/facts).

CARDIA, funded by NHLBI, is a community-based prospective cohort study aiming to

investigate the influencing factors for the development of coronary heart disease and its risk
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factors during young adulthood.*®® Initial recruitment was done in 1985 — 1986, and a total of
5,116 African American (52%) and European American (48%), aged 18 — 30 years, participated
from four urban communities — 1,179 from Birmingham, AL; 1,109 from Chicago, IL; 1,402
from Minneapolis, MN; and 1,426 from Oakland, CA.® In the recruiting step, participants were
selected for the cohort to be balanced in age (> or < 24 years), educational level (> or < 12
years), sex, and race/ethnicity.>® After the initial examination, participants were asked to
respond to the follow-up examinations during 1987 — 1988 (Year 2), 1990 — 1991 (Year 5), 1992
— 1993 (Year 7), 1995 — 1996 (Year 10), 2000 — 2001 (Year 15), 2005 — 2006 (Year 20), 2010 —
2011 (Year 25), and 2015 — 2016 (Year 35) (and currently Year 40 exam is ongoing as of Dec
2022). Data collection included the potential influencing factors for coronary heart disease —e.g.,
blood pressure, glucose levels, blood cholesterol levels, anthropometric traits, lifestyle factors,

and family history.

HCHS/SOL, funded by NHLBI and other institutes, is a community-based prospective
cohort study of Hispanic/Latino populations in the U.S. aiming to determine the role of
acculturation in the prevalence and incidence of diseases and to identify influencing factors for
the health of Hispanic/Latino populations. A total of more than 16,000 participants who were
self-identified as Hispanic/Latinos and aged 18 — 74 years were recruited between 2008 and 2011
from four study sites — Bronx, NY; Chicago, IL; Miami, FL; and San Diego, CA. The study was
designed to enroll 4,000 participants (2,500 aged 45 — 74 years and 1,500 aged 18 — 44 years) in
each study site and to have at least 2,000 participants in each of the four groups of origin —
Cuban, Puerto Rican, Mexican, or Central/South American.'* The participants received

extensive baseline examinations on psych-social and clinical factors during 2008 — 2011. A
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follow-up assessment for the cohort was done during 2015 — 2017, the third exam is in progress

now and annual follow-up interviews via phone calls are ongoing.

MEC, funded by the National Cancer Institute, is a prospective cohort study to
investigate lifestyle and genetic risk factors for cancer in the U.S. 157 A total of 215,251 adults
aged 45 — 75 years at baseline were recruited between 1993 and 1996 from Hawaii and L.A.
County, CA.**" Ethnic distributions of the participants were 16.3% of African American, 22.0%
of Hispanic/Latino, 26.4% of Japanese American, 6.5% of Native Hawaiian, 22.9% of European
American, and 5.8% of other ethnic groups.'®” During 2001 — 2006, a prospective biospecimen
collection (i.e., biospecimen collected before the onset of disease; blood, urine, mouthwash,
saliva, or viable lymphocytes) was done for a subset of participants (75,928 as of April 2019)
(https://www.uhcancercenter.org/for-researchers/mec-cohort-composition). In this study, eight
ancillary studies were included — the Slim Initiative in Genomic Medicine for the Americas
(MEC-Sigma) (a type 2 diabetes study in Hispanic/Latino adults); MEC-AAPC, MEC-JAPC,
and MEC-LAPC (studies of prostate cancer in African American, Japanese American, and
Hispanic/Latino men, respectively); MEC-AABC, MEC-JABC, MEC-LABC, and MEC-HIBC
(studies of breast cancer in African American, Japanese American, Hispanic/Latino women, and

Native Hawaiian women, respectively).

WHI, funded by NHLBI, is a prospective cohort study to investigate the health of
postmenopausal women in the U.S., especially for preventing CVD, breast cancer, colon cancer,
and osteoporotic fractures in women aged 50 — 79 years.'% A total of 161,808 participants were
recruited between 1993 and 1998 at 40 clinical centers across the U.S. There are two different
parts in WHI — one is the WHI Clinical Trial (~64,500), a randomized clinical trial of hormone

therapy, dietary intervention, and calcium/vitamin D supplements, and the other is WHI
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Observational Study (~100,000), investigating incidence, risk factors, and potential interventions
for CVD, cancer, and osteoporotic fractures.*>® Followings are ancillary studies that were
included in our analyses — the Genetics and Epidemiology of Colorectal Cancer Consortium
(GECCO); the Modification of PM-Mediate Arrhythmogenesis in Population stud(MOPMAP);
the Genomics and Randomized Trials Networks (GARNET); the Hip Fracture GWAS (HIPFX);
the Long Life Study (LLS); the Women’s Health Initiative Memory Study (WHIMS); and the

Women’s Health Initiative-SNP Health Association Resource (WHI-SHARe).

G.1.2 Phenotype measurement

BMI. We used BMI as a continuous proxy measure of obesity risk. BMI was derived
from weight and height measured at the baseline visit (at the time of enroliment) for ARIC,
BioMe Biobank, CARDIA, HCHS/SOL, and WHI. For 140 WHI participants who were missing
in height or weight at baseline, height and/or weight measures at 1-year or 3-year follow-up
substituted the missing baseline measures.*6® In MEC, height and weight measures were self-
reported, and these self-reported baseline height and weight measures were used to generate BMI

at baseline.

Lipid traits. We used three lipid measures as continuous proxies of dyslipidemia risk.
HDL-C and TG levels were measured from fasting blood, and the Friedewald Equation was used
to calculate LDL-C levels from other lipid measures. If measured TG levels were greater than
400mg/dL, LDL-C levels were not calculated. In addition, following previous studies,
medication status was adjusted by adding a constant (Table $13).16718 The largest constant was
applied if more than one medication was reported. Those who had not fasted for 8 hours or were
pregnant at measure were excluded from the harmonized phenotype database. Natural-log

transformation was applied to TG levels after adjusting for medication.
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Glycemic traits. Fasting blood glucose levels and insulin levels were measured at
baseline visits using standard assays after 8 hours of fasting. HbAlc levels were measured during
follow-up visits for all cohort studies except for HCHS/SOL.. Participants without diabetes
(normoglycemia) were defined as having fasting glucose < 5.6 mmol/L or HbAlc < 38
mmol/mol and aged over 40. We excluded those under 40 years old were glucose < 5.6 mmol/L
or HbAlc < 38 mmol/L from the analysis. Participants with pre-diabetes were defined as having
glucose > 5.6 mmol/L or HbAlc > 38 mmol/mol. Lastly, participants with diabetes were defined
based on ADA criteria (by medication, report diagnosis, fasting glucose > 7 mmol/L or HbAlc >
48 mmol), or random glucose > 11.11 mmol/L, and aged > 21 years at the time of diagnosis (to

avoid potential misclassification between T1D and T2D).

Blood pressure was measured using a standardized protocol. Participants were
considered hypertensive when they met at least one of the following criteria: 1) SBP > 140
mmHg, 2) DBP > 90 mmHg, 3) any antihypertensive medication reported, or 4) ICD-9 codes

401. x or ICD-10 codes 110.x - 115.x. %1

Cardiovascular diseases. Some of the PAGE participating cohorts have information
(prevalence, incidence, or death) on cardiovascular diseases. ARIC, MEC, and WHI ascertained
the prevalence or incidence of myocardial infarction (MI) and stroke. Detailed descriptions of

CVD ascertainment by studies were reported in the following section.

G.1.3 CVD Ascertainment by PAGE-participating studies

In ARIC, information on the CHD events including hospitalization and deaths were

collected through annual follow-up interviews and community surveillance.6® Definitions of

145



CHD events included acute hospitalized MI, definite fatal CHD, MI diagnosed by ECG, and

revascularization.16®

In MEC, As described in previous studies!’®, CHD cases and controls from several nested
case-control substudies in MEC were used in the current analysis. CHD cases were ascertained
through the participants’ medical record from the California Hospital Discharge Data (1990 -
2012) and the Centers for Medicare and Medicaid Services claim files (outpatients) (1999 -
2011), which were linked to MEC study - c.f., some participants from Hawaii (76.6% of
Japanese American) were not available for hospital discharge data. Case definitions for CHD
were ICD-9 codes (DX 410 - 414) for ischemic heart disease as the principal or first diagnosis
code and the principal or first procedure code. Also, if a primary cause of death is MI (ICD-9
DX410, ICD-10 121) or other CHD (ICD-9 DX411-414, 1CD-10 120, 122-25), these individuals
were included as cases. Both prevalent (~20%; ascertained at baseline) and incident (~80%;
ascertained during follow-up) CHD cases were ascertained.'6® Controls were selected among
those without history of heart attack or angina from the questionnaire at baseline or all follow-up

guestions.

In WHI, CHD events were identified through self-reported questionnaire and adjudicated
by physicians after reviewing the chart within 3 months.’* CHD cases were defined as
individuals who had a history of M1 (self-reported) or a revascularization procedure at baseline,
and/or manifested a definitive MI, went through a revascularization procedure, or died from

CHD during follow-up.
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G.1.4 Performing local genetic correlation analyses using LAVA 173

Ob/DysL(+) and Ob/DysL(-) loci were identified by local genetic correlation analysis
using a pair of UKB GWAS summary statistics for obesity (BMI) and lipid traits (HDL, LDL,
and TG). Local genetic correlation analyses were conducted using the LAVA R package. A total

of 3 obesity-lipid trait pairs were analyzed.

Here is a brief description for the local genetic correlation approach implemented to this
study. LAVA, like other local genetic correlation estimation tools, was developed to estimate the
locus-level genetic correlation between two phenotypes. LAVA first estimated the local genetic

signal (measured by local heritability (h?)) as follows. 172
Y, = Xa, + €

Y, . Standardized phenotype vector
X: genotype matrix with K, SNPs (standardized)
ay,: vector of joint SNP effects (accounting for LD)

€, + vector of normally distributed residuals with variance 77;2:

@, = (X"X)7'XTy, , if the local SNP LD matrix is denoted as S = cor(X) and the vector of

estimated marginal SNP effects are denoted as Bp (not accounting for LD), &, = S‘l,ép. That is,
if marginal SNP effects are obtained from GWAS summary statistics we can estimate the joint
SNP effects (&) using a reference population’s LD structure. Using the estimated joint SNP
effects, local residual phenotypic variance (1) and the proportion of phenotypic variance

explained by the SNPs wihtin the locus (local h?) can be estimated. Then, it estimates bivariate

local genetic correlations. The local genetic effects (G) can be definedas G = Xa (e isaK
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(number of SNPs in the locus) by P (number of phenotypes) matrix of joint SNP effects). The

realized covariance matrix of G is denoted as follows ().

2
Q= <“)p wqp)
- 2
Wpq  Wp
w} : local genetic variance of G,, for phenotype p

wyq - local genetic covariance of G, and G, for phenotype p and g

Then, the local r,can be calculated by p,, = —=2L, and pZ, is considered as the
2

,/‘*’%‘“q
proportion of variance in the local genetic effects G,, explained by G,. Since G is not actually

observed, Q should be estimated using the Method of Moments, not computed directly.
Significance of the correlation was determined using simulation-based p-values. This local
genetic correlation analysis would be especially useful for the situations where some signals
appear in opposing directions at different regions and nullify each other in a global level —i.e.,
the absence of global genetic correlation despite the presence of local genetic correlation in
opposing directions, whereas global genetic correlation captures only the average genetic
correlation across the whole genome and sometimes cannot differentiate the null genetic

correlation.1”®

LAVA utilizes pre-partitioned genomic regions to get a local genetic correlation estimate
for each locus. We used 2,495 pre-partitioned genome that has been provided by the developers

of LAVA (https://github.com/cadeleeuw/lava-partitioning). These partitioned genomic blocks

were generated based on the 1000 Genome European reference population on build

hg19/GRCh37 to get approximately LD-independent genomic blocks across the whole genome.
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As described earlier, LAVA first performed the univariate test to filter in the loci where a
significant local genetic influence (measured by local heritability (h2)) on adiposity or lipid traits
was estimated. It excluded the loci without any significant local heritability for either of the two
traits from the following bivariate analysis (correlation analysis). Then, local genetic correlation
coefficients between a pair of obesity traits and lipid traits were estimated among the significant

univariate loci.

We defined the bivariate loci as follows. Bivariate loci were genomic regions showing
significant local heritability estimates (Bonferroni-corrected p < 0.00002 (=0.05/2,495); call it as
“univariate loci”) and local genetic correlation coefficients (Bonferroni-corrected p < 0.05/
number of tested loci (univariate loci) for each obesity-lipid pair). We classified the bivariate loci
into two different groups based on their directions of association with dyslipidemia risk. In other
words, if a given bivariate locus shows positive local genetic correlation coefficients between
obesity and dyslipidemia (i.e., rg < 0 for BMI-HDL, rg > 0 for BMI-LDL and BMI-TG pairs),
the locus was classified as Ob/DysL (+) locus whereas if the bivariate locus shows negative local
genetic correlation coefficients (i.e., rg > 0 for BMI-HDL, rg < 0 for BMI-LDL and BMI-TG),

the locus was classified as Ob/DysL(-) locus.
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G.2 Supplmental Tables and Figures

Table 5.2. Number of participants in PAGE genotyped on MEGA and non-MEGA array by study and by ancestry

non-MEGA
Study Race/ethnicity MEGA (Hlumina or Affymetrix)
ARIC European 0 9233
African 0 2811
BioMe European 0 1970
African 4188 1744
Hispanic/Latino 4293 3764
East Asian 716 0
American Indian 0 0
Other 0 0
CARDIA European 0 1652
African 0 889
MEC African 4465 2513
Hispanic/Latino 24 6330
East Asian 2972 2845
HCHS/SOL Hispanic/Latino 7234 0
WHI European 0 12563
African 6092 2553
Hispanic/Latino 4098 71
East Asian 291 65
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Table 5.3. Summary of the non-MEGA genotype and quality control information in the PAGE

16T

. Sample
Ancillary . HWE .
Study Genotyping Platform Call Imputation Reference Panel
Study threshold
Rate
. ) IMPUTE version
ARIC Affymetrix GeneChip SNP Array 6.0 90% p>10° 230 1000 Genome phase 3v 5
) Affymetrix GeneChip SNP Array 6.0 IMPUTE version
BioMe . ] 95% p>5x10° 1000 Genome phase 3v 5
and Illumina OmniExpressExome Array 2.3.2
. ) IMPUTE version
CARDIA Affymetrix GeneChip SNP Array 6.0 95% p>106 230 1000 Genome phase 3v 5
MEC JAPC [llumina Human660W_Quad_v1 Array 95% NA MACH HapMap Phase 2
LAPC [llumina Human660W_Quad_v1 Array 95% NA MACH HapMap Phase 2
AAPC [llumina Human1M-Duo Array 95% NA MACH HapMap Phase 2
LA T2D IMPUTE version 1000 Genomes Phase |
[llumina HumanOmni2.5-4v1_B Array 95% NA . .
2.5M 2.2.0 integrated variant set
AABC [llumina Human1M-Duo Array 95% NA MACH HapMap Phase 2
LABC [llumina Human660W_Quad_v1 Array 95% NA MACH HapMap Phase 2
JABC [llumina Human660W_Quad_v1 Array 95% NA MACH HapMap Phase 2
HIBC [llumina Human660W_Quad_v1 Array 95% NA MACH HapMap Phase 2
IMPUTE version
WHI GARNET [llumina Human Omnil-Quad v1-0 B 98% p>10-6 232 1001 Genome phase 3v 5
. ) IMPUTE version
GECCO [llumina 610 and Cytochip 370K 98% p>10-6 232 1002 Genome phase 3v 5
. IMPUTE version
HIPFX Illumina 50K and 610K 98% p>10-6 1003 Genome phase 3v 5

2.3.2
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Table 5.3. Summary of the non-MEGA genotype and quality control information in the PAGE

] Sample
Ancillary . HWE .
Study Genotyping Platform Call Imputation Reference Panel
Study threshold
Rate

Affymetrix Gene Titan, Axiom Genome- IMPUTE version

MOPMAP ] 90% p>10-6 1004 Genome phase 3v 5
Wide, Human CEU | Array Plate 2.3.2
Human OmniExpress Exome-8vl B IMPUTE version

WHIMS . 98% p>10-6 1005 Genome phase 3v 5
Genome-Wide Human 2.3.2
Human OmniExpress Exome-8vl A IMPUTE version

LLS . 98% p>10-6 1006 Genome phase 3v 5
Genome-Wide Human 2.3.2

WHI- . ] IMPUTE version
Affymetrix Gene Chip SNP Array 6.0 98% p>10-6 1007 Genome phase 3v 5

SHARe 2.3.2
Infinium Expanded Multi-Ethnic Genotyping IMPUTE version

*MEGA 98% p>10-6 1000 Genome phase 3v 5

Array 2.3.2

Human genome build 37 and dbSNP version 150 were used for all cases.



Table 5.4. Classification of Ob/DysL(-) and Ob/DysL(+) loci based on local heritability analysis and local genetic
correlation analysis

Ob/DysL(-) Ob/DysL(+)
Step 1. Local heritability (h2) p < 0.00002 (= 0.05/2495) p < 0.00002 (= 0.05/2495)
Step 2. Local genetic correlation (rg)  p <0.05/ N tested loci p < 0.05/ N tested loci

rg > 0 for BMI-HDL rg < 0 for BMI-HDL

rg < 0 for BMI-LDL, BMI-TG rg > 0 for BMI-LDL, BMI-TG
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Table 5.5. Distribution of variables

Total European African American Hispanic Asian
(N=83376) (N=25418) (N=25255) (N=25814) (N=6889)
Age (years) 55.0 (11.5) 57.3 (11.0) 54.8 (11.2) 52.3 (12.2) 57.2 (9.51)
Sex
Male 26017 (31.2%) 6200 (24.4%) 6994 (27.7%) 9528 (36.9%) 3295 (47.8%)
Female 57359 (68.8%) 19218 (75.6%) 18261 (72.3%) 16286 (63.1%) 3594 (52.2%)
Study
ARIC 12044 (14.4%) 9233 (36.3%) 2811 (11.1%) 0 (0%) 0 (0%)
BioME 16675 (20.0%) 1970 (7.8%) 5932 (23.5%) 8057 (31.2%) 716 (10.4%)
CARDIA 2541 (3.0%) 1652 (6.5%) 889 (3.5%) 0 (0%) 0 (0%)
MEC 19149 (23.0%) 0 (0%) 6978 (27.6%) 6354 (24.6%) 5817 (84.4%)
SOL 7234 (8.7%) 0 (0%) 0 (0%) 7234 (28.0%) 0 (0%)
WHI 25733 (30.9%) 12563 (49.4%) 8645 (34.2%) 4169 (16.2%) 356 (5.2%)
Obesity measure
BMI (kg/m?) 28.6 (6.11) 27.7 (5.60) 30.0 (6.72) 29.2 (5.91) 25.1 (4.08)
Obesity
No 52550 (63.0%) 18103 (71.2%) 14541 (57.6%) 16225 (62.9%) 3681 (53.4%)
Yes 30826 (37.0%) 7315 (28.8%) 10714 (42.4%) 9589 (37.1%) 3208 (46.6%0)
Lipid profile
HDL (mg/dL) 51.0 (15.9) 51.0 (16.5) 54.4 (16.2) 48.6 (14.6) 49.6 (17.2)
Missing in HDL 40211 (48.2%) 14090 (55.4%) 12113 (48.0%) 9108 (35.3%) 4900 (71.1%)
LDL (mg/dL) 136 (40.7) 134 (38.6) 140 (43.5) 133 (39.7) 141 (38.7)
Missing in LDL 41076 (49.3%) 14261 (56.1%) 12470 (49.4%) 9399 (36.4%) 4946 (71.8%)
TG (mg/dL) 132 (80.2) 127 (78.0) 111 (64.1) 150 (88.0) 139 (82.0)
Missing in TG 40178 (48.2%) 14078 (55.4%) 12222 (48.4%) 8979 (34.8%) 4899 (71.1%)
Dyslipidemia
No 23532 (28.2%) 6250 (24.6%) 7485 (29.6%) 8857 (34.3%) 940 (13.6%)
Yes 20043 (24.0%) 5127 (20.2%) 5793 (22.9%) 8063 (31.2%) 1060 (15.4%)

Missing in Dyslipidemia

Blood Pressure
DBP (mmHg)

39801 (47.7%)

78.4 (12.4)

14041 (55.2%)

76.2 (11.5)

11977 (47.4%)

82.5 (12.7)

8894 (34.5%)

77.6 (12.3)

4889 (71.0%)

77.9 (12.0)
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Table 5.5. Distribution of variables

Missing in DBP

SBP (mmHg)
Missing in SBP

Hypertension
No
Yes

Missing in hypertension
Glycemic profile
Fasting Glucose
Missing in Fasting Glucose
Fasting Insulin
Missing in fasting insulin
HOMA-IR
Missing in HOMA-IR
HbAlc
Missing in HbAlc
T2D Status
T2D
Pre-diabetes
T2D controls
Other controls
CVD outcome
Myocardial Infarction

Total
(N=83376)
21745 (26.1%)
130 (21.6)
21761 (26.1%)

41635 (49.9%)
40611 (48.7%)
1130 (1.4%)

5.45 (1.24)
37580 (45.1%)
10.5 (14.5)
37811 (45.4%)
2.58 (2.30)
38612 (46.3%)
40.6 (13.2)
61516 (73.8%)

21645 (26.0%)
12454 (14.9%)
40039 (48.0%)
9238 (11.1%)

European
(N=25418)
527 (2.1%)
127 (20.4)
533 (2.1%)

15394 (60.6%)
9301 (36.6%)
723 (2.8%)

5.46 (1.00)
7514 (29.6%)
9.70 (7.89)
7394 (29.1%)
2.42 (2.04)
7817 (30.8%)
37.8(9.99)
16304 (64.1%)

3531 (13.9%)
5863 (23.1%)

14276 (56.2%)
1748 (6.9%)

African American

(N=25255)
7659 (30.3%)
136 (22.4)
7662 (30.3%)

9729 (38.5%)
15359 (60.8%)
167 (0.7%)

5.47 (1.51)
12312 (48.8%)
12.0 (23.6)
12460 (49.3%)
2.83 (2.58)
12709 (50.3%)
46.8 (17.9)
20898 (82.7%)

7882 (31.2%)
2613 (10.3%)
12067 (47.8%)
2693 (10.7%)

Hispanic
(N=25814)
7629 (29.6%)
129 (21.2)
7636 (29.6%)

14344 (55.6%)
11266 (43.6%)
204 (0.8%)

5.48 (1.25)
13153 (51.0%)
11.0 (9.55)
13221 (51.2%)
2.73 (2.37)
13314 (51.6%)
405 (12.2)
17565 (68.0%)

7566 (29.3%)
3756 (14.6%)
10104 (39.1%)
4388 (17.0%)

Asian
(N=6889)
5930 (86.1%)
126 (21.4)
5930 (86.1%)

2168 (31.5%)
4685 (68.0%)
36 (0.5%)

5.12 (1.16)
4601 (66.8%)
6.68 (5.75)
4736 (68.7%)
1.56 (1.48)
4772 (69.3%)
42.5 (12.9)
6749 (98.0%)

2666 (38.7%)
222 (3.2%)
3592 (52.1%)
409 (5.9%)

No 50419 (60.5%) 19117 (75.2%) 16249 (64.3%) 9539 (37.0%) 5514 (80.0%)
Yes 7589 (9.1%) 2650 (10.4%) 2433 (9.6%) 1890 (7.3%) 616 (8.9%)
Missing in Ml 25368 (30.4%) 3651 (14.4%) 6573 (26.0%) 14385 (55.7%) 759 (11.0%)
Stroke
No 39834 (47.8%) 11660 (45.9%) 13769 (54.5%) 9410 (36.5%) 4995 (72.5%)
Yes 7532 (9.0%) 1763 (6.9%) 2771 (11.0%) 1859 (7.2%) 1139 (16.5%)
Missing in Stroke 36010 (43.2%) 11995 (47.2%) 8715 (34.5%) 14545 (56.3%) 755 (11.0%)




Table 5.6. Global SNP heritability and genetic correlation estimated by LDSC

Pan UKB EUR GWAS (N ~ 400,000)
Trait/Trait pairs Global SNP h2  SE Global r SE

BMI 0.25 0.01
HDL 0.20 0.02

LDL 0.09
TG 0.18
BMI-HDL 5.87E-56
BMI-LDL -0.07 0.03 7.20E-03
BMI-TG 0.31 0.04 1.62E-18

Table 5.7. Summary of local genetic correlation results from LAVA

Pan UKB EUR GWAS

BMI- BMI- BMI-
Trait pair HDL LDL TG
Significant (p < 0.05/2495) local heritability (BMI + lipid) [a] 2268 1018 2017
Nominally significant (p < 0.05) local genetic correlation (Ob/DysL(-)) 11 109 21
Nominally significant (p < 0.05) local genetic correlation (Ob/DysL(+)) 1902 146 1494
Significant (p < 0.05/ number of test (a)) local genetic correlation (Ob/DysL(-)) 3 10 8
Significant (p < 0.05/ number of test (a)) local genetic correlation (Ob/DysL(+)) 786 16 486

156



Table 5.8. Summary of overlapping genes between TWAS of BMI and lipid traits within BMI-lipid loci

BMI-lipid pair

Overlapping genes within Ob/DysL (-)
loci

Overlapping genes* within Ob/DysL (+) loci

BMI-HDL

BMI-LDL
BMI-TG

loc1851 (DDX55, DNAH10, CCDC92)

loc837 (POLK, ANKDD1B, POC5)

loc1247 (ERI1), loc1251 (NEIL2),
loc1851 (DDX55, DNAH10, CCDC92)

loc36-PABPC4, loc155-LMOD1, loc158-
PM20D1, loc178|179-GALNTZ2, loc201-
SH3YL1, loc240-AC007401.1, FEZ2, loc388-
CPS1, loc464-MST1R, RBM6, RNF123,
UBAZ7, loc649-SNORA26, 1oc692-SL.C39A8,
loc837-POCS5, POLK, 10c888-SAR1B,
loc902-FAM114A2, loc970-C60rf106,
SNRPC, UHRF1BP1, loc1277-FUT10,
loc1556-VDAC?2, loc1655-HSD17B12,
loc1658-ACP2, CIQTNF4, MYBPC3,
PSMCS3, loc1674-CTSW, FIBP, SNX32,
loc1724-HMBS, RP11-11011.14, loc2028-
TRAF3, 10c2050-NDUFAF1, NUSAP1,
loc2127-EIF3C, SULT1A2, XPO6, loc2128-
HSD3B7, MAPKS3, loc2255-NPC1, loc2353-
SAE1l

loc36-PABPC4, loc155-LMOD1, loc179-
GALNT2, loc201-SH3YL1, loc599-GRKA4,
MFSD10, loc649-SNORAZ26, loc1477-
MED27, RP11-32B11.2, loc1625-ARNTL,
loc1658-ACP2, CIQTNF4, MYBPC3,
PSMCS3, loc1804-LYZ, RP11-1143G9.4,
loc2128-HSD3B7, KAT8, ZNF668, loc2148-
CLEC18A, NOB1, RP11-296110.6, WWP2,
loc2255-NPC1, loc2327-CILP2, loc2454-
HMGN1, PSMG1
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Table 5.9. Genes associated with both BMI and a lipid trait within BMI-Lipid bivariate loci

H2
Locu H2 Z-score (lipid  Z-score

Pair Direction S eQTL.Tissue Gene_ID (BMI) (BMI) P@BMI) ) (lipid) P (lipid)

BMI-HDL  Ob/DysL(-) 1851 METSIM.ADIPOSE.RNASEQ  CCDC92 0.103 5989 2.11E-09 0.103 21.582 2.64E-103
BMI-HDL  Ob/DysL(-) 1851 YFS.Whole_Blood DDX55 0.130 4577 4.72E-06 0.130 6.924 4.40E-12
BMI-HDL  Ob/DysL(-) 1851 METSIM.ADIPOSE.RNASEQ DNAH10 0.033 4570 4.87E-06 0.033  18.999 1.73E-80
BMI-LDL Ob/DysL(-) 837 METSIM.ADIPOSE.RNASEQ  ANKDDI1B 0.077 4.498 6.86E-06 0.077 -5.414 6.16E-08
BMI-LDL Ob/DysL(-) 837 METSIM.ADIPOSE.RNASEQ POC5 0.107 -7.493  6.75E-14  0.107 9.578 9.93E-22
BMI-LDL Ob/DysL(-) 837 METSIM.ADIPOSE.RNASEQ  POLK 0.048 -12.249 1.70E-34 0.048  20.794 4.91E-96
BMI-TG Ob/DysL(-) 1247 YFS.Whole_Blood ERI1 0.148  -5.822 5.81E-09 0.148 4.497 6.89E-06
BMI-TG Ob/DysL(-) 1251 YFS.Whole_Blood NEIL2 0.094 5.455 4.91E-08 0.094 -14.038 9.15E-45
BMI-TG Ob/DysL(-) 1851 METSIM.ADIPOSE.RNASEQ  CCDC92 0.103 5989 2.11E-09 0.103 -17.728 2.57E-70
BMI-TG Ob/DysL(-) 1851 YFS.Whole_Blood DDX55 0.130 4577 4.72E-06 0.130 -4.497 6.89E-06
BMI-TG Ob/DysL(-) 1851 METSIM.ADIPOSE.RNASEQ DNAH10 0.033 4570 4.87E-06 0.033 -14.330 1.42E-46
BMI-HDL  Ob/DysL(+) 36 METSIM.ADIPOSE.RNASEQ  PABPC4 0.048 -5.715 1.10E-08 0.048 18.145 1.42E-73
BMI-HDL  Ob/DysL(+) 155 METSIM.ADIPOSE.RNASEQ LMOD1 0.086 -11.124 9.59E-29 0.086 4.652 3.29E-06
BMI-HDL  Ob/DysL(+) 158 METSIM.ADIPOSE.RNASEQ  PM20D1 0.255 4723 2.33E-06 0.255 -4.779 1.76E-06
BMI-HDL Ob/DysL(+) 178 METSIM.ADIPOSE.RNASEQ GALNT2 0.098 -5.562 2.67E-08 0.098 33.327 1.57E-243
BMI-HDL  Ob/DysL(+) 179 METSIM.ADIPOSE.RNASEQ  GALNT2 0.098 -5,562 2.67E-08 0.098  33.327 1.57E-243
BMI-HDL  Ob/DysL(+) 201 YFS.Whole_Blood SH3YL1 0.214 5.803 6.52E-09 0.214 -7.304 2.79E-13

AC007401.

BMI-HDL  Ob/DysL(+) 240 YFS.Whole_Blood 1 0.057 4760 1.94E-06 0.057 -5.191 2.09E-07
BMI-HDL  Ob/DysL(+) 240 YFS.Whole_Blood FEZ2 0.113 4761 1.92E-06 0.113 -5.577 2.45E-08
BMI-HDL  Ob/DysL(+) 388 METSIM.ADIPOSE.RNASEQ  CPS1 0.123 4744  2.10E-06 0.123 -4.690 2.73E-06
BMI-HDL  Ob/DysL(+) 464 METSIM.ADIPOSE.RNASEQ MST1R 0.025 13549 8.05E-42 0.025 -9.304 1.36E-20
BMI-HDL  Ob/DysL(+) 464 YFS.Whole_Blood RBM6 0.135 -14.497 1.27E-47 0.135 12.646 1.18E-36
BMI-HDL Ob/DysL(+) 464 METSIM.ADIPOSE.RNASEQ RBM6 0.216 -14.497 1.27E-47 0.216 12.650 1.12E-36
BMI-HDL  Ob/DysL(+) 464 METSIM.ADIPOSE.RNASEQ RNF123 0.034 12875 6.22E-38 0.034 -9.378 6.73E-21
BMI-HDL  Ob/DysL(+) 464 YFS.Whole_Blood UBA7 0.031 -12.909 4.00E-38 0.031 9.280 1.69E-20
BMI-HDL  Ob/DysL(+) 649 YFS.Whole_Blood SNORA26 0.041 4861 1.17E-06 0.041 -4.787 1.69E-06
BMI-HDL  Ob/DysL(+) 692 METSIM.ADIPOSE.RNASEQ  SLC39A8 0.175 5461 4.73E-08 0.175 -8.760 1.95E-18
BMI-HDL  Ob/DysL(+) 837 METSIM.ADIPOSE.RNASEQ  POC5 0.107  -7.493 6.75E-14 0.107 4.684 2.82E-06
BMI-HDL  Ob/DysL(+) 837 METSIM.ADIPOSE.RNASEQ  POLK 0.048 -12.249 1.70E-34 0.048 6.225 4.81E-10
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Table 5.9. Genes associated with both BMI and a lipid trait within BMI-Lipid bivariate loci

H2
Locu H2 Z-score (lipid  Z-score

Pair Direction S eQTL.Tissue Gene_ID (BMI) (BMI) P@BMI) ) (lipid) P (lipid)

BMI-HDL  Ob/DysL(+) 888 METSIM.ADIPOSE.RNASEQ  SARI1B 0.062 6.165 7.06E-10 0.062 -4.665 3.08E-06
BMI-HDL  Ob/DysL(+) 902 METSIM.ADIPOSE.RNASEQ FAM114A2 0.039 -5.365 8.09E-08 0.039 5.335 9.55E-08
BMI-HDL  Ob/DysL(+) 970 METSIM.ADIPOSE.RNASEQ  C6orf106 0.040 7.624  2.46E-14 0.040 -9.001 2.24E-19
BMI-HDL  Ob/DysL(+) 970 METSIM.ADIPOSE.RNASEQ  SNRPC 0.046 -11.068 1.80E-28 0.046 8.280 1.23E-16
BMI-HDL Ob/DysL(+) 970 YFS.Whole_Blood UHRF1BP1 0.136 12,705 554E-37 0.136 -11.075 1.66E-28
BMI-HDL  Ob/DysL(+) 970 METSIM.ADIPOSE.RNASEQ UHRF1BP1 0.161 12.326 6.53E-35 0.161 -10.212 1.75E-24
BMI-HDL  Ob/DysL(+) 1277 YFS.Whole_Blood FUT10 0.254  -4956 7.20E-07 0.254 4515 6.33E-06
BMI-HDL  Ob/DysL(+) 1556 YFS.Whole_Blood VDAC?2 0.047  -5.317 1.05E-07 0.047 5.678 1.36E-08
BMI-HDL  Ob/DysL(+) 1556 METSIM.ADIPOSE.RNASEQ  VDAC?2 0.099 -5.158 2.49E-07 0.099 5.323 1.02E-07
BMI-HDL Ob/DysL(+) 1655 YFS.Whole_Blood HSD17B12 0.292 -11.159 6.47E-29 0.292 5.712 1.12E-08
BMI-HDL  Ob/DysL(+) 1655 METSIM.ADIPOSE.RNASEQ HSD17B12 0.195 -11.114 1.07E-28 0.195 5.936 2.92E-09
BMI-HDL  Ob/DysL(+) 1658 METSIM.ADIPOSE.RNASEQ  ACP2 0.052 6.831 8.44E-12 0.052 -21.886  3.51E-106
BMI-HDL  Ob/DysL(+) 1658 YFS.Whole_Blood C1QTNF4 0.087 -10.488 9.81E-26 0.087  20.612 2.14E-94
BMI-HDL  Ob/DysL(+) 1658 METSIM.ADIPOSE.RNASEQ  C1QTNF4 0.242 -10.536 5.90E-26 0.242  20.608 2.33E-94
BMI-HDL  Ob/DysL(+) 1658 METSIM.ADIPOSE.RNASEQ MYBPC3 0.107  -8.729 2.56E-18 0.107  19.559 3.48E-85
BMI-HDL  Ob/DysL(+) 1658 METSIM.ADIPOSE.RNASEQ  PSMC3 0.057 8.039 9.03E-16 0.057 -20.994 7.52E-98
BMI-HDL Ob/DysL(+) 1674 METSIM.ADIPOSE.RNASEQ CTSW 0.127 -7.461 8.58E-14 0.127 6.483 8.98E-11
BMI-HDL  Ob/DysL(+) 1674 METSIM.ADIPOSE.RNASEQ FIBP 0.050 7.663 1.82E-14  0.050 -6.581 4.67E-11
BMI-HDL  Ob/DysL(+) 1674 METSIM.ADIPOSE.RNASEQ  SNX32 0.168 5545 2.94E-08 0.168 -5.004 5.63E-07
BMI-HDL  Ob/DysL(+) 1724 METSIM.ADIPOSE.RNASEQ HMBS 0.121 7.321 2.46E-13 0.121 -8.590 8.70E-18

RP11-

BMI-HDL  Ob/DysL(+) 1724 YFS.Whole_Blood 11011.14 0.111 -5587 2.31E-08 0.111 7.507 6.06E-14
BMI-HDL  Ob/DysL(+) 2028 METSIM.ADIPOSE.RNASEQ  TRAF3 0.037 7.451 9.29E-14 0.037 -5.767 8.07E-09
BMI-HDL Ob/DysL(+) 2050 YFS.Whole_Blood NDUFAF1 0.252 4717 2.39E-06 0.252 -4.664 3.10E-06
BMI-HDL  Ob/DysL(+) 2050 METSIM.ADIPOSE.RNASEQ NUSAP1 0.034 4528 5.95E-06 0.034 -4.928 8.31E-07
BMI-HDL  Ob/DysL(+) 2127 YFS.Whole_Blood EIF3C 0.057 11.290 1.47E-29 0.057  -4.993  5.96E-07
BMI-HDL  Ob/DysL(+) 2127 YFS.Whole_Blood SULT1A2 0.195 11.202 3.99E-29 0.195 -4.494 6.99E-06
BMI-HDL  Ob/DysL(+) 2127 METSIM.ADIPOSE.RNASEQ  XPO6 0.043  -5.242 159E-07 0.043 5.349 8.86E-08
BMI-HDL  Ob/DysL(+) 2128 YFS.Whole_Blood HSD3B7 0.059 -9.782 1.35E-22 0.059 4.579 4.67E-06
BMI-HDL  Ob/DysL(+) 2128 YFS.Whole_Blood MAPK3 0.095 -7.973 154E-15 0.095 5.170 2.34E-07
BMI-HDL Ob/DysL(+) 2255 METSIM.ADIPOSE.RNASEQ NPC1 0.062 -9.823  8.93E-23  0.062 7.123 1.06E-12
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Table 5.9. Genes associated with both BMI and a lipid trait within BMI-Lipid bivariate loci

H2
Locu H2 Z-score (lipid  Z-score

Pair Direction S eQTL.Tissue Gene_ID (BMI) (BMI) P@BMI) ) (lipid) P (lipid)
BMI-HDL  Ob/DysL(+) 2353 METSIM.ADIPOSE.RNASEQ  SAE1 0.122  -7.717 1.19E-14 0.122 7.025 2.14E-12
BMI-TG Ob/DysL (+) 36 METSIM.ADIPOSE.RNASEQ  PABPC4 0.048 -5.715 1.10E-08 0.048 -9.984 1.79E-23
BMI-TG Ob/DysL(+) 155 METSIM.ADIPOSE.RNASEQ LMOD1 0.086 -11.124 9.59E-29 0.086 -4.605 4.12E-06
BMI-TG Ob/DysL(+) 179 METSIM.ADIPOSE.RNASEQ  GALNT2 0.098 -5,562 2.67E-08 0.098 -24.971  1.26E-137
BMI-TG Ob/DysL(+) 201 YFS.Whole_Blood SH3YL1 0.214 5.803 6.52E-09 0.214 4.567 4.95E-06
BMI-TG Ob/DysL(+) 599 YFS.Whole_Blood GRK4 0.076 5.368 7.98E-08 0.076 6.467 1.00E-10
BMI-TG Ob/DysL (+) 599 METSIM.ADIPOSE.RNASEQ  GRK4 0.196 5.626 1.84E-08 0.196 5.172 2.32E-07
BMI-TG Ob/DysL(+) 599 METSIM.ADIPOSE.RNASEQ MFSD10 0.160 5714 1.10E-08 0.160 6.792 1.11E-11
BMI-TG Ob/DysL(+) 649 YFS.Whole_Blood SNORA26 0.041 4861 1.17E-06 0.041 5.077 3.84E-07
BMI-TG Ob/DysL(+) 1477 YFS.Whole_Blood MED27 0.121 5.114 3.15E-07 0.121 4.570 4.88E-06

RP11-
BMI-TG Ob/DysL(+) 1477 YFS.Whole_Blood 32B11.2 0.085 5.481 4.23E-08 0.085 5.130 2.90E-07
BMI-TG Ob/DysL(+) 1625 YFS.Whole_Blood ARNTL 0.125 -8.305 9.98E-17 0.125 -5.350 8.80E-08
BMI-TG Ob/DysL(+) 1658 METSIM.ADIPOSE.RNASEQ ACP2 0.052 6.831 8.44E-12 0.052 9.095 9.50E-20
BMI-TG Ob/DysL(+) 1658 YFS.Whole_Blood C1QTNF4 0.087 -10.488 9.81E-26 0.087 -5.954 2.62E-09
BMI-TG Ob/DysL (+) 1658 METSIM.ADIPOSE.RNASEQ  C1QTNF4 0.242 -10.536 5.90E-26  0.242 -5.690 1.27E-08
BMI-TG Ob/DysL(+) 1658 METSIM.ADIPOSE.RNASEQ MYBPC3 0.107 -8.729 2.56E-18 0.107 -7.277 3.42E-13
BMI-TG Ob/DysL(+) 1658 METSIM.ADIPOSE.RNASEQ  PSMC3 0.057 8.039 9.03E-16  0.057 6.139 8.31E-10
BMI-TG Ob/DysL(+) 1804 METSIM.ADIPOSE.RNASEQ LYz 0.061 4930 8.22E-07 0.061 6.597 4.21E-11

RP11-
BMI-TG Ob/DysL(+) 1804 YFS.Whole_Blood 1143G9.4 0.149 4744  2.10E-06 0.149 7.194 6.29E-13
BMI-TG Ob/DysL(+) 2128 YFS.Whole_Blood HSD3B7 0.059 -9.782 1.35E-22 0.059 -6.918 4.58E-12
BMI-TG Ob/DysL(+) 2128 METSIM.ADIPOSE.RNASEQ KAT8 0.167 7491 6.84E-14 0.167 5.963 2.48E-09
BMI-TG Ob/DysL(+) 2128 YFS.Whole_Blood ZNF668 0.050 -9.208 3.32E-20 0.050 -6.986 2.83E-12
BMI-TG Ob/DysL (+) 2148 METSIM.ADIPOSE.RNASEQ  CLECI18A 0.260 -6.694 2.17E-11 0.260 -5.479 4.27E-08
BMI-TG Ob/DysL(+) 2148 METSIM.ADIPOSE.RNASEQ NOB1 0.025 -5.463 4.68E-08 0.025 -5.160 2.47E-07

RP11-
BMI-TG Ob/DysL(+) 2148 YFS.Whole_Blood 296110.6 0.077 -6.184 6.26E-10 0.077 -4.619 3.86E-06
BMI-TG Ob/DysL (+) 2148 METSIM.ADIPOSE.RNASEQ  WWP2 0.078 -5.206 1.93E-07 0.078 -5.255 1.48E-07
BMI-TG Ob/DysL(+) 2255 METSIM.ADIPOSE.RNASEQ NPC1 0.062  -9.823 8.93E-23 0.062 -6.926 4.32E-12
BMI-TG Ob/DysL(+) 2327 METSIM.ADIPOSE.RNASEQ  CILP2 0.043 -5,584 2.36E-08 0.043 -9.028 1.75E-19
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Table 5.9. Genes associated with both BMI and a lipid trait within BMI-Lipid bivariate loci

H2

Locu H2 Z-score (lipid  Z-score
Pair Direction S eQTL.Tissue Gene_ID (BMI) (BMI) P@BMI) ) (lipid) P (lipid)
BMI-TG Ob/DysL(+) 2454 METSIM.ADIPOSE.RNASEQ HMGN1 0.108 4912 9.02E-07 0.108 6.304 2.90E-10
BMI-TG Ob/DysL (+) 2454 METSIM.ADIPOSE.RNASEQ  PSMG1 0.047 4760 1.93E-06 0.047 6.290 3.17E-10
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Table 5.10. Comparison with previously reported adiposity variants with protective cardiometabolic profile

Known variants locus CHR START STOP UKB:BMI-HDL UKB:BMI-LDL UKB:BMI-TG
rs1010447 (PMID 33619380) 13 1 10753428 11709173 neutral neutral neutral
rs683135 (PMID 27841877) 36 1 38474037 40200950 Ob/DysL(+) neutral Ob/DysL(+)
rs17386142 (PMID 27841877);rs3789588

(PMID 33619380) 44 1 49185415 51777577 neutral N/A neutral
rs6603981 (PMID 33619380) 81 1 92904466 94168576 neutral neutral neutral
rs11577194 (PMID 27841877) 97 1 110224231 111134062 neutral neutral neutral
rs9425291 (PMID 27841877) 129 1 171044256 172465153 Ob/DysL(+) neutral neutral
rs2802774 (PMID 33980691) 156 1 202583885 204092537 neutral N/A neutral
rs11118306 (PMID 30352878);rs12130231

(PMID 33980691);rs2820446 (PMID

33619380);rs4846565 (PMID

25048195;27841877) 169 1 218563961 220073132 neutral neutral neutral
rs1260326 (PMID 33619380) 230 2 26894103 28819510 neutral neutral neutral
rs2249105 (PMID 27841877) 271 2 64696090 65938002 neutral neutral neutral
rs4988235 (PMID 33619380) 327 2 135160198 137061003 Ob/DysL(+) neutral neutral
rs10195252 (PMID

25048195;27841877);rs1128249 (PMID

33619380);rs13389219 (PMID

30352878;33980691) 349 2 164702313 165917788 neutral neutral neutral
rs1427445 (PMID 33619380);rs492400

(PMID 27841877) 395 2 218396259 219678783 neutral neutral neutral
rs2943645 (PMID

25048195;27841877);rs2943652 (PMID

33619380);rs2943653 (PMID

30352878;33980691) 403 2 226242843 227557841 neutral neutral neutral
rs11563251 (PMID 33619380) 410 2 234115093 234945577 neutral neutral Ob/DysL(+)
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Table 5.10. Comparison with previously reported adiposity variants with protective cardiometabolic profile

Known variants locus CHR START STOP UKB:BMI-HDL UKB:BMI-LDL UKB:BMI-TG
rs17036328 (PMID 25048195);rs1801282

(PMID 30352878);rs2881654 (PMID

33619380);rs308971 (PMID

27841877);rs4684847 (PMID 33980691) 434 3 11997659 12859209 neutral neutral neutral
rs3864041 (PMID 27841877) 437 3 15150877 16084005 Ob/DysL(+) neutral Ob/DysL(+)
rs295449 (PMID 27841877) 463 3 45844192 47588461 neutral N/A Ob/DysL(+)
rs4392441 (PMID 33619380) 464 3 47588462 50387742 Ob/DysL(+) N/A neutral
rs11130329 (PMID 27841877) 466 3 51953969 54074844 neutral neutral neutral
rs4616635 (PMID 33619380) 477 3 64662374 65326751 Ob/DysL(+) N/A Ob/DysL (+)
rs11708067 (PMID 33619380);rs9881942

(PMID 27841877) 528 3 122340833 123518507 Ob/DysL(+) neutral neutral
rs645040 (PMID 27841877) 540 3 135288395 137372141 Ob/DysL(+) N/A Ob/DysL(+)
rs9851766 (PMID 33980691) 541 3 137372142 138693846 neutral N/A neutral
rs62271373 (PMID 33980691) 552 3 149998412 151131307 neutral neutral Ob/DysL(+)
rs4481184 (PMID 33619380) 582 3 184524269 185709996 neutral neutral neutral
rs4234589 (PMID 33619380) 583 3 185709997 186602045 neutral neutral neutral
rs2699429 (PMID 27841877) 599 4 2468936 3549229 Ob/DysL(+) neutral Ob/DysL(+)
rs4450871 (PMID 33980691) 601 4 4266179 5051834 neutral neutral neutral
rs13132853 (PMID 33980691) 638 4 37880861 38984838 Ob/DysL(+) N/A neutral
rs2276936 (PMID 30352878);rs3822072

(PMID

33619380;25048195;27841877);rs987469

(PMID 33980691) 680 4 89244555 90236971 neutral neutral neutral
rs13107325 (PMID 33619380) 692 4 102544804 104384534 Ob/DysL(+) Ob/DysL(-) Ob/DysL (+)
rs974801 (PMID 25048195) 694 4 105319196 106479155 Ob/DysL(+) N/A neutral
rs6822892 (PMID 25048195;27841877) 740 4 157597310 159176073 neutral N/A neutral
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Table 5.10. Comparison with previously reported adiposity variants with protective cardiometabolic profile

Known variants locus CHR START STOP UKB:BMI-HDL UKB:BMI-LDL UKB:BMI-TG
rs3776717 (PMID 33619380);rs4865796

(PMID 25048195;27841877) 820 5 52837226 53747856 neutral neutral neutral
rs30351 (PMID 33980691);rs40271 (PMID

30352878);rs459193 (PMID

33619380;25048195;27841877);rs9686661

(PMID 33619380) 822 5 55221399 55968966 neutral neutral neutral
rs4976033 (PMID

33619380;27841877;33980691) 833 5 67096192 68006993 Ob/DysL(+) N/A neutral
rs7713317 (PMID 33619380) 854 5 95117260 96467377 Ob/DysL(+) N/A Ob/DysL(+)
rs6887914 (PMID 27841877) 869 5 111983116 113121555 neutral N/A Ob/DysL(+)
rs1045241 (PMID 27841877);rs9764678

(PMID 33980691) 875 5 118605252 119664173 neutral N/A neutral
rs11135038 (PMID 33980691);rs2434612

(PMID 33619380;27841877) 907 5 157191082 158484775 neutral neutral neutral
rs6861681 (PMID 33619380);rs966544

(PMID 27841877) 919 5 172285683 173606995 neutral N/A neutral
rs3094222 (PMID 33619380) 957 6 30715007 31106493 Ob/DysL(+) neutral neutral
rs12525532 (PMID 27841877) 971 6 34979271 36346353 Ob/DysL(+) neutral Ob/DysL(+)
rs998584 (PMID

33619380;30352878;33980691) 977 6 42103739 43770626 neutral neutral neutral
rs6937438 (PMID 27841877) 978 6 43770627 44596897 neutral neutral neutral
rs2745353 (PMID

25048195;27841877);rs72959041 (PMID

33980691);rs9385400 (PMID 33619380) 1054 6 125365055 127545459 neutral neutral neutral
rs9492443 (PMID 27841877) 1057 6 129850179 130550137 neutral neutral neutral
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Table 5.10. Comparison with previously reported adiposity variants with protective cardiometabolic profile

Known variants locus CHR START STOP UKB:BMI-HDL UKB:BMI-LDL UKB:BMI-TG
rs3861397 (PMID 27841877);rs573454216

(PMID 33980691);rs632057 (PMID

30352878) 1065 6 139716714 141449453 Ob/DysL(+) neutral neutral
rs17080091 (PMID 33619380) 1073 6 150635316 151629954 neutral neutral Ob/DysL(+)
rs539958 (PMID 33619380) 1084 6 160583919 161371014 neutral neutral neutral
rs702485 (PMID 33619380) 1101 7 6020654 6716905 neutral Ob/DysL(+) Ob/DysL (+)
rs17169104 (PMID 27841877) 1115 7 15877565 16739013 neutral N/A neutral
rs864745 (PMID 33619380) 1126 7 27351287 28890886 neutral N/A neutral
rs4731702 (PMID 33619380);rs972283

(PMID 27841877;30352878;33980691) 1209 7 130418705 131856481 neutral N/A neutral
rs6977416 (PMID 33980691) 1223 7 149843000 150897818 Ob/DysL(+) neutral neutral
rs17149279 (PMID 33619380);rs2126259

(PMID 27841877);rs9987289 (PMID

33619380) 1248 8 9167796 9835863 neutral Ob/DysL(+) Ob/DysL(-)
rs1011685 (PMID 27841877) 1264 8 19488889 20135628 neutral neutral neutral
rs10090367 (PMID 33619380);rs12681990

(PMID 33980691) 1280 8 36641175 38803980 Ob/DysL(+) N/A Ob/DysL (+)
rs4738141 (PMID 27841877) 1307 8 72013185 72917489 neutral N/A neutral
rs2980888 (PMID

33980691;30352878);rs7005992 (PMID

27841877) 1351 8 125453323 126766827 Ob/DysL(-) Ob/DysL(-) Ob/DysL(-)
rs498313 (PMID 27841877) 1423 9 77862309 78630915 neutral neutral neutral
rs7896600 (PMID 33619380) 1499 10 11856925 12581571 neutral neutral N/A
rs10995441 (PMID 27841877) 1545 10 64069688 65400431 Ob/DysL(+) neutral Ob/DysL (+)
rs10883832 (PMID 33619380) 1581 10 104206838 106142283 neutral N/A neutral
rs7903146 (PMID 33619380) 1589 10 114255955 115588903 neutral neutral neutral
rs740746 (PMID 33619380) 1590 10 115588904 116845213 neutral neutral neutral
rs7928810 (PMID 33619380) 1628 11 16383387 17583948 neutral N/A N/A
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Table 5.10. Comparison with previously reported adiposity variants with protective cardiometabolic profile

Known variants locus CHR START STOP UKB:BMI-HDL UKB:BMI-LDL UKB:BMI-TG
rs113222038 (PMID 33980691) 1672 11 61717118 62800368 neutral neutral neutral
rs11231693 (PMID 27841877);rs2845885

(PMID 33619380) 1673 11 62800369 64594822 Ob/DysL(+) neutral neutral
rs11603334 (PMID 33619380) 1679 11 71242835 72875068 neutral N/A neutral
rs17402950 (PMID 27841877) 1754 12 13559528 14656849 Ob/DysL(+) N/A neutral
rs11045172 (PMID

30352878;33980691);rs7134375 (PMID

33619380) 1760 12 20074931 20866285 neutral neutral neutral
rs718314 (PMID 33619380;27841877) 1766 12 25990814 26958056 neutral neutral neutral
rs10876529 (PMID 33980691);rs754133

(PMID 33619380) 1792 12 54371449 55416802 Ob/DysL(+) neutral neutral
rs3741414 (PMID 33619380) 1794 12 56987106 58748139 Ob/DysL(+) neutral neutral
rs10774625 (PMID 33619380) 1841 12 111592382 113947983 neutral neutral neutral
rs11057405 (PMID 33619380);rs12369179

(PMID 33980691) 1850 12 121817510 123396634 neutral N/A neutral
rs7133378 (PMID

33619380;30352878;33980691);rs7973683

(PMID 27841877);rs863750 (PMID

33619380) 1851 12 123396635 124843768 Ob/DysL(-) neutral Ob/DysL(-)
rs7323406 (PMID 27841877) 1950 13 111621245 112319064 neutral N/A neutral
rs17522122 (PMID 33619380) 1965 14 32382246 33591113 Ob/DysL(+) N/A neutral
rs72697297 (PMID 33980691) 2019 14 92101229 93386328 neutral neutral neutral
rs12441543 (PMID 33980691) 2042 15 30604120 32177320 neutral N/A neutral
rs7176058 (PMID 27841877) 2049 15 39238841 40604780 neutral neutral neutral
rs8032586 (PMID 27841877) 2074 15 72058130 73375718 neutral N/A neutral
rs1378940 (PMID 33619380) 2076 15 74458114 76401952 neutral neutral neutral
rs879620 (PMID 33619380) 2105 16 3379997 4816145 Ob/DysL(+) N/A Ob/DysL (+)
rs4985155 (PMID 33619380) 2118 16 13893408 15921108 neutral neutral neutral
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Table 5.10. Comparison with previously reported adiposity variants with protective cardiometabolic profile

Known variants locus START STOP UKB:BMI-HDL UKB:BMI-LDL UKB:BMI-TG
rs754814 (PMID 27841877) 2178 17 4463972 5573784 Ob/DysL(+) neutral neutral
rs12940684 (PMID 33980691);rs2955617

(PMID 33619380) 2181 17 7264459 8554763 Ob/DysL(+) neutral neutral
rs6504872 (PMID 33619380) 2208 17 44865833 45883901 neutral neutral neutral
rs142186653 (PMID 33980691) 2230 17 73741322 74908266 Ob/DysL(+) neutral neutral
rs11664106 (PMID 33980691) 2241 18 2839843 3722828 neutral neutral neutral
rs7233512 (PMID 33980691) 2271 18 41425455 42974165 neutral N/A neutral
rs7227237 (PMID 27841877) 2275 18 46558307 47455925 neutral neutral neutral
rs12454712 (PMID 33619380) 2289 18 60780195 62074993 neutral neutral neutral
rs4804833 (PMID 27841877);rs8101064

(PMID 27841877) 2315 19 7249360 8199016 Ob/DysL(+) neutral Ob/DysL(+)
rs4804311 (PMID 27841877) 2316 19 8199017 9105577 neutral neutral neutral
rs7258937 (PMID

30352878;33980691);rs731839 (PMID

33619380;25048195;27841877) 2340 19 33785836 34633274 neutral neutral neutral
rs2075650 (PMID 33619380) 2351 19 45040933 45893307 Ob/DysL(-) Ob/DysL (-) Ob/DysL(+)
rs555162510 (PMID 33980691) 2352 19 45893308 46765060 neutral neutral neutral
rs6029180 (PMID 33980691) 2403 20 38427595 40272390 neutral neutral neutral
rs1211644 (PMID 33619380);rs6066149

(PMID 27841877) 2408 20 44072211 45673603 neutral N/A neutral
rs132985 (PMID 27841877);rs2267373

(PMID 30352878);rs3761445 (PMID

33619380);rs4821764 (PMID 33980691) 2482 22 37364005 38718589 neutral neutral neutral
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Table 5.11. The associations of PRS-Ob/DysL(-) or PRS-Ob/DysL (+) with CMD

PRS-Ob/DysL(-)

PRS-Ob/DysL (+)

BMI-Lipid 95% 95% 95% 95%

loci Outcome OR SE LCL UCL p-value OR SE LCL UCL p-value

BMI-HDL Obesity 1.024 0.007 1.009 1.039  1.82E-03 1442 0.008 1.419 1.466 <1E-08
dyslipidemia 0.878 0.010 0.861 0.895 <1E-08 1.085 0.011 1.062 1.107 <1E-08
T2D status 1.005 0.009 0.988 1.023 557E-01 1221 0.010 1.198 1.245 <1E-08
Hypertension 1.002 0.008 0.987 1.017 8.09E-01 1.134 0.008 1.116 1.153 <1E-08
Myocardial Infarction 0.983 0.014 0.957 1.009 2.01E-01 1.158 0.015 1.125 1.191 <1E-08
Stroke 0.972 0.016 0.941 1.003 8.07E-02 1.074 0.017 1.039 1111  3.04E-05

BMI-LDL Obesity 1.090 0.008 1.073 1.108 <1E-08 1.052 0.008 1.037 1.068 <1E-08
dyslipidemia 0.988 0.011 0.967 1.009 257E-01 1015 0.010 0.995 1.036  1.30E-01
T2D status 1.026 0.010 1.006 1.046  1.01E-02  1.063 0.009 1.044 1.083 <1E-08
Hypertension 1.004 0.008 0.987 1.020 6.71E-01  1.023 0.008 1.007 1.039  3.90E-03
Myocardial Infarction 1.027 0.015 0.997 1.058  7.90E-02  1.013 0.014 0.986 1.041  3.59E-01
Stroke 0.983 0.018 0.949 1.018  3.44E-01  0.995 0.016 0.963 1.027  7.41E-01

BMI-TG Obesity 1.030 0.008 1.014 1.047  2.38E-04 1334 0.008 1.313 1.355 <1E-08
dyslipidemia 0.982 0.011 0.962 1.003  9.31E-02  1.073 0.010 1.052 1.096 <1E-08
T2D status 1.041 0.010 1.021 1.062 5.73E-05 1.204 0.010 1.181 1.227 <1E-08
Hypertension 1.017 0.008 1.000 1.033 4.52E-02 1.126 0.008 1.108 1.144 <1E-08
Myocardial Infarction 0.995 0.015 0.967 1.025 7.52E-01  1.093 0.015 1.062 1.124 <1E-08
Stroke 1.005 0.018 0.970 1.042  7.64E-01  1.052 0.017 1.017 1.087  2.94E-03
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Table 5.12. The associations of PRS-BMI (reference) with CMD

PRS-BMI(reference)

Outcome OR SE 95% LCL 95% UCL p-value
Obesity 1.689 0.009 1.661 1.717 <1E-08
dyslipidemia 1.101 0.011 1.079 1.124 <1E-08
T2D status 1.319 0.010 1.294 1.345 <1E-08
Hypertension 1.191 0.008 1.172 1.210 <1E-08
Myocardial Infarction 1.177 0.015 1.144 1.211 <1E-08
Stroke 1.092 0.017 1.056 1.129 2.60E-07
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Table 5.13. The associations of PRS-Ob/DysL(-) or PRS-Ob/DysL (+) with CMD risk factors

PRS-Ob/DysL(-)

PRS-Ob/DysL (+)

BMI-Lipid 95% 95% 95% 95%

loci Outcome Beta SE LCL UCL p-value Beta SE LCL UCL p-value

BMI-HDL BMI 0.010 0.003 0.004 0.016  2.54E-03 0.183 0.003 0.177 0.190 <1E-08
HDL 0.033 0.005 0.024 0.041 <1E-08 -0.071 0.005 -0.080  -0.061 <1E-08
LDL -0.069 0.005 -0.079  -0.060 <1E-08 0.012 0.005 0.002 0.022  1.51E-02
Log(triglyceride) -0.022 0.004 -0.030  -0.013  1.67E-06 0.054 0.005 0.044 0.063 <1E-08
Total cholesterol -0.057 0.005 -0.066  -0.049 <1E-08 0.001 0.005 -0.008 0.011  7.68E-01
Fasting glucose -0.009 0.004 -0.018 0.000  3.89E-02 0.063 0.005 0.053 0.072 <1E-08
Log(Fasting insulin) -0.008 0.004 -0.016 0.001  8.76E-02 0.099 0.005 0.090 0.108 <1E-08
Log(HOMA-IR) -0.007 0.005 -0.016 0.002 1.12E-01 0.103 0.005 0.094 0.112 <1E-08
HbAlc 0.012 0.006 0.000 0.024  4.24E-02 0.061 0.006 0.048 0.073 <1E-08
Diastolic blood pressure 0.003 0.004 -0.004  0.011  3.62E-01 0.044 0.004 0.036 0.052 <1E-08
Systolic blood pressure -0.002 0.004 -0.009 0.005 5.98E-01 0.053 0.004 0.046 0.061 <1E-08

BMI-LDL BMI 0.043 0.004 0.036 0.050 <1E-08 0.024 0.003 0.018 0.031 <1E-08
HDL -0.008 0.005 -0.018 0.001  9.68E-02 -0.010 0.005 -0.019 -0.001 2.77E-02
LDL -0.011 0.005 -0.021  -0.001  2.88E-02 0.004 0.005 -0.005 0.014  3.53E-01
Log(triglyceride) 0.012 0.005 0.003 0.022 1.31E-02 0.006 0.005 -0.003 0.015 1.66E-01
Total cholesterol -0.010 0.005 -0.020 0.000  4.96E-02 0.003 0.005 -0.007 0.012  5.88E-01
Fasting glucose 0.008 0.005 -0.001 0.018  8.42E-02 0.023 0.004 0.014 0.032  2.70E-07
Log(Fasting insulin) 0.013 0.005 0.003 0.022 1.02E-02 0.017 0.005 0.008 0.026  1.66E-04
Log(HOMA-IR) 0.013 0.005 0.003 0.023  1.02E-02 0.022 0.005 0.013 0.031  1.55E-06
HbAlc 0.018 0.007 0.005 0.031  5.23E-03 0.021 0.006 0.009 0.033  4.59E-04
Diastolic blood pressure 0.005 0.004 -0.003 0.013  2.32E-01 0.010 0.004 0.002 0.017  1.05E-02
Systolic blood pressure 0.006 0.004 -0.002 0.013 1.37E-01 0.015 0.004 0.007 0.022 6.31E-05

BMI-TG BMI 0.014 0.004 0.007 0.021 1.50E-04 0.150 0.003 0.143 0.157 <1E-08
HDL -0.002 0.005 -0.012 0.007  6.40E-01 -0.058 0.005 -0.067  -0.048 <1E-08
LDL -0.001 0.005 -0.011 0.009  8.31E-01 0.006 0.005 -0.003 0.016  1.91E-01
Log(triglyceride) -0.001 0.005 -0.011 0.008  7.79E-01 0.048 0.005 0.039 0.057 <1E-08
Total cholesterol -0.003 0.005 -0.013 0.007  5.36E-01 0.000 0.005 -0.009 0.010  9.35E-01
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Table 5.13. The associations of PRS-Ob/DysL(-) or PRS-Ob/DysL (+) with CMD risk factors

PRS-Ob/DysL(-)

PRS-Ob/DysL (+)

BMI-Lipid 95% 95% 95% 95%

loci Outcome Beta SE LCL UCL p-value Beta SE LCL UCL p-value
Fasting glucose 0.013 0.005 0.004 0.022  5.31E-03 0.055 0.005 0.046 0.064 <1E-08
Log(Fasting insulin) 0.006 0.005 -0.003  0.016  1.68E-01 0.087 0.005 0.078 0.097 <1E-08
Log(HOMA-IR) 0.009 0.005 0.000 0.019  5.05E-02 0.092 0.005 0.083 0.101 <1E-08
HbAlc 0.012 0.006 0.000 0.024  4.72E-02 0.060 0.006 0.048 0.073 <1E-08
Diastolic blood pressure 0.001 0.004 -0.007  0.008  8.49E-01 0.046 0.004 0.038 0.054 <1E-08
Systolic blood pressure 0.009 0.004 0.002 0.017 1.29E-02 0.051 0.004 0.044 0.059 <1E-08
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Table 5.14. The associations of PRS-BMI (reference) with CMD risk factors

PRS-BMI (reference)

Outcome Beta SE 95% LCL 95% UCL p-value
BMI 0.257 0.003 0.251 0.264 <1E-08
HDL -0.088 0.005 -0.097 -0.079 <1E-08
LDL 0.012 0.005 0.003 0.022 1.27E-02
Log(triglyceride) 0.058 0.005 0.049 0.068 <1E-08
Total cholesterol -0.002 0.005 -0.012 0.007 6.07E-01
Fasting glucose 0.077 0.005 0.068 0.086 <1E-08
Log(Fasting insulin) 0.133 0.005 0.124 0.142 <1E-08
Log(HOMA-IR) 0.138 0.005 0.128 0.147 <1E-08
HbAlc 0.086 0.006 0.074 0.099 <1E-08
Diastolic blood pressure 0.058 0.004 0.050 0.066 <1E-08
Systolic blood pressure 0.072 0.004 0.064 0.079 <1E-08




CHAPTER 6: CONCLUSIONS

A. Recapitulation of Specific Aims

Obesity is an enormous global public health burden®? and is a major risk factor for
numerous health outcomes, including cardiovascular diseases® through its impact on CVD risk
factors (e.g., dyslipidemia, hypertension, and type 2 diabetes).?%-204 Although the current
obesogenic environment has been a critical component of the secular trends of increasing
obesity, inter-individual variability in response to external environmental factors for obesity is
largely driven by genetics (heritability estimates ranged from 40% to 70%).# Indeed, thousands
of obesity-associated genetic loci have been identified, enabling improved risk prediction of
obesity by using polygenic risk scores (PRS).” The application of obesity PRS has strong
clinical utilities and may elucidate novel biological underpinnings of obesity pathogenicity

(biological utilities).

Nevertheless, heterogeneities in the performance of PRS across populations need to be
documented and explored prior to the clinical application of these PRS. Thus, the overarching
goal of this dissertation is to better understand the heterogeneous impact of obesity genetic
susceptibility and to provide the clinical and biological implications of these heterogeneities.
Specifically, Aim 1 addressed the lack of understanding of the heterogeneities in the prediction
performance of obesity PRS in various settings — e.g., PRS estimation modeling, race/ethnicity,
demographic, lifestyle, and comorbidities. Though novel PRS estimation methods and new large-

scale discovery GWAS are now available, the potential differences in prediction performance by
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PRS estimation methods and by self-reported race/ethnicity and population-specific contexts
have not been investigated. Failing to account for heterogeneity across contexts could
dramatically limit the clinical utility of obesity PRS. Aim 2 addressed the lack of understanding
of the heterogeneous impact of obesity genetic factors on downstream disease, in particular for
CVD. Even though there has been extensive research linking obesity to CVD and CVD risk
factors, considerable gaps in research persist. Only limited studies have examined the often-
mentioned but poorly comprehended heterogeneity in CVD risk observed among individuals
with obesity3'. An understudied factor that could potentially contribute to the heterogeneities in
obesity-related CVD risk is the impact of shared genetic underpinnings, in particular for the
underlying genetic correlation between obesity and dyslipidemia.’3”-2%> A better understanding of
the shared genetic effects of obesity and dyslipidemia could improve our understanding of

obesity’s heterogeneous effect on CVD.

In this dissertation, to address these two research gaps, we investigated the performance
of obesity PRS across different PRS estimation methods and diverse contexts, including
race/ethnicity, demographic background, lifestyle factors, and various obesity-related
comorbidities. We also explored the shared genetic underpinnings of obesity-related traits and
dyslipidemia-related traits to better understand if this shared genetic architecture could improve
our understanding of obesity’s heterogeneous impact on downstream disease. We conducted our
analyses using data from PAGE study participants (Aim 1 and Aim 2), GWAS of BMI and

WHRadjBMI from the GIANT consortium (Aim 1), and GWAS of BMI from UKBB (Aim 2).
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B. Summary of Main Findings

For the first aim, we explored the prediction performance of PRS for obesity-related traits
(PRS-BMI and PRS-WHRadjBMI) in the diverse PAGE study populations. Specifically, we
evaluated two different PRS estimation methods [P+T and PRS-CS (PRS-CSx)] in population-
pooled and population-specific sets (based on self-reported race/ethnicity). We observed
substantial differences in the performance of PRS across statistical methods and across self-
reported race/ethnic groups. We also characterized the performance of PRS-BMI and PRS-
WHRadjBMI in various demographic, lifestyle, and comorbidity contexts. We observed
differences in the prediction performance of PRS by age group, sex, smoking status, T2D status,
and hypertension status. These findings suggested that 1) there is room for an improved
prediction performance of obesity PRS by applying better PRS estimation methods, 2) more
discovery GWAS are needed for under-represented populations (e.g., non-Hispanic Black), and
3) individuals’ contextual variables should be considered as important modifying factors of PRS

performance.

For the second aim, we identified two distinct types of genomic loci with shared genetic
underpinnings of BMI and lipid levels in opposing directions [Ob/DysL(-) Ob/DysL(+)] using
local genetic correlation analysis in the UKBB GWAS results. We further identified potential
causal genes (NEIL2, POLK, ANKDD1B, and POC5) underlying the counter-intuitive
Ob/DysL(-) loci through integration with gene expression data and a gene-based TWAS
approach. To generalize our findings to other populations with distinct ancestries, we constructed
the BMI-lipid bivariate loci-based PRS [PRS-Ob/DysL(-) and PRS-Ob/DysL(+)] in the diverse
PAGE study populations and evaluated the associations of the PRS-Ob/DysL (-) and PRS-

Ob/DysL(+) with BMI, lipid levels, and downstream CVD and its risk factors. As a result, from
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the analysis of the BMI-HDL pair, PRS constructed using the counter-intuitive Ob/DysL(-) loci
demonstrated protective associations with dyslipidemia and some downstream CVD risk factors
in this independent population. Thus, the results suggested that distinct types of correlated
genomic loci (shared genetic underpinnings) between obesity-related traits and lipid traits partly
explained heterogeneities in CVD risk among people with obesity. Also, the findings illustrated
that obesity-associated variants can be involved in distinct biological mechanisms and
demonstrate heterogeneous impacts on downstream diseases. Furthermore, it can be inferred that
each obesity variant should be weighted and characterized differently by their influence on

downstream diseases.

B.1. Strengths

This study has notable strengths. First, the total sample size of the PAGE study was large,
enabling comprehensive characterization of the PRS-BMI or PRS-WHRadjBMI (Aim 1) and
evaluation of the relationships between BMI-lipid bivariate loci and various CVD profiles (Aim
2). The distribution of self-identified race/ethnicity (across non-Hispanic White, non-Hispanic
Black, and Hispanic/Latino populations) in the PAGE study was also relatively balanced,
ensuring that the race/ethnicity-pooled results were not biased toward one particular population.
In addition, PAGE participants were extensively phenotyped, facilitating the thorough
characterization of the PRS-BMI and PRS-WHRadjBMI in various contexts (Aim 1) and

association testing with various CVD and CVD risk factors (Aim 2).

B.2. Limitations

The current study also has limitations. First, since the discovery GWAS was
predominantly from populations that self-identified as non-Hispanic White, the PRS predictive

performance across diverse populations was likely limited. Therefore, this could have also
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impacted the performance of PRS across different contexts as well (Aim 1). Related to this point,
the genomic partitioning conducted in Aim 2 used a European ancestry LD structure (1000
Genome European population), thus genomic regions may not well represent LD blocks from
populations of diverse ancestries. Thus, the identified BMI-lipid bivariate loci may not
generalize across all populations (Aim 2). In addition, we used broad self-identified
race/ethnicity categories, which likely introduced heterogeneity into our populations and
possibly limited our consideration of prediction performance across populations (Aim 1).
Furthermore, as all of our analyses were cross-sectional, our inference on the differences in

prediction performance over time and across the life course is limited (Aim 2).

C. Overall Conclusion

We observed substantial heterogeneities in the prediction performance of PRS for
obesity-related traits across different PRS estimation methods, diverse self-reported
race/ethnicity, demographic factors, lifestyle factors, and comorbidities. We also identified
distinct genomic regions with heterogeneous shared genetic signals between obesity and
dyslipidemia and observed the heterogeneous downstream CVD risk profile by the shared
genetic loci. All in all, these heterogeneities in obesity genomics should be considered before

being utilized in clinical and public health settings.
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APPENDIX 1: GWAS OF OBESITY-RELATED TRAITS REPORTING GENOME-

WIDE SIGNIFICANT SIGNALS

FIRST.AUTHOR YEAR STUDY PUBMED

Frayling TM 2007 A common variant in the FTO gene is associated with body 17434869
mass index and predisposes to childhood and adult obesity.

Scuteri A 2007 Genome-wide association scan shows genetic variants in the 17658951
FTO gene are associated with obesity-related traits.

Chambers JC 2008 Common genetic variation near MC4R is associated with 18454146
waist circumference and insulin resistance.

Loos RJ 2008 Common variants near MC4R are associated with fat mass, 18454148
weight and risk of obesity.

Thorleifsson G 2008 Genome-wide association yields new sequence variants at 19079260
seven loci that associate with measures of obesity.

Willer CJ 2008 Six new loci associated with body mass index highlight a 19079261
neuronal influence on body weight regulation.

Meyre D 2009 Genome-wide association study for early-onset and morbid 19151714
adult obesity identifies three new risk loci in European
populations.

Liu XG 2009 Genome-wide association and replication studies identified 19268274
TRHR as an important gene for lean body mass.

Cotsapas C 2009 Common body mass index-associated variants confer risk of 19553259
extreme obesity.

Heard-Costa NL 2009 NRXNS3 is a novel locus for waist circumference: a genome- 19557197
wide association study from the CHARGE Consortium.

Scherag A 2010 Two new Loci for body-weight regulation identified in a joint 20421936
analysis of genome-wide association studies for early-onset
extreme obesity in French and german study groups.

Heid IM 2010 Meta-analysis identifies 13 new loci associated with waist-hip 20935629
ratio and reveals sexual dimorphism in the genetic basis of fat
distribution.

Speliotes EK 2010 Association analyses of 249,796 individuals reveal 18 new 20935630
loci associated with body mass index.

Wan ES 2010 Genome-wide association analysis of body mass in chronic 21037115
obstructive pulmonary disease.

Kraja AT 2011 A bivariate genome-wide approach to metabolic syndrome: 21386085
STAMPEED consortium.

Wang K 2011 A genome-wide association study on obesity and obesity- 21552555
related traits.

Jiao H 2011 Genome wide association study identifies KCNMA1 21708048
contributing to human obesity.

Paternoster L 2011 Genome-wide population-based association study of 21935397
extremely overweight young adults--the GOY A study.

Melka MG 2011 Genome-wide scan for loci of adolescent obesity and their 22013104
relationship with blood pressure.

Wen W 2012 Meta-analysis identifies common variants associated with 22344219
body mass index in east Asians.

Okada Y 2012 Common variants at CDKAL1 and KLF9 are associated with 22344221
body mass index in east Asian populations.

Bradfield JP 2012 A genome-wide association meta-analysis identifies new 22484627

childhood obesity loci.
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FIRST.AUTHOR YEAR STUDY PUBMED

Fox CS 2012 Genome-wide association for abdominal subcutaneous and 22589738
visceral adipose reveals a novel locus for visceral fat in
women.

Yang J 2012 FTO genotype is associated with phenotypic variability of 22982992
body mass index.

Guo YF 2012 Suggestion of GLYAT gene underlying variation of bone size 23108985
and body lean mass as revealed by a bivariate genome-wide
association study.

Comuzzie AG 2012 Novel genetic loci identified for the pathophysiology of 23251661
childhood obesity in the Hispanic population.

Melen E 2013 Genome-wide association study of body mass index in 23 000 23517042
individuals with and without asthma.

Berndt Sl 2013 Genome-wide meta-analysis identifies 11 new loci for 23563607
anthropometric traits and provides insights into genetic
architecture.

Wheeler E 2013 Genome-wide SNP and CNV analysis identifies common and 23563609
low-frequency variants associated with severe early-onset
obesity.

Monda KL 2013 A meta-analysis identifies new loci associated with body 23583978
mass index in individuals of African ancestry.

Graff M 2013 Genome-wide analysis of BMI in adolescents and young 23669352
adults reveals additional insight into the effects of genetic loci
over the life course.

LiuCT 2013 Genome-wide association of body fat distribution in African 23966867
ancestry populations suggests new loci.

Pei YF 2013 Meta-analysis of genome-wide association data identifies 24064335
novel susceptibility loci for obesity.

Namjou B 2013 EMR-linked GWAS study: investigation of variation 24348519
landscape of loci for body mass index in children.

Wen W 2014 Meta-analysis of genome-wide association studies in East 24861553
Asian-ancestry populations identifies four new loci for body
mass index.

Scannell Bryan M 2014 Genome-wide association studies and heritability estimates of 25133637
body mass index related phenotypes in Bangladeshi adults.

Shungin D 2015 New genetic loci link adipose and insulin biology to body fat 25673412
distribution.

Locke AE 2015 Genetic studies of body mass index yield new insights for 25673413
obesity biology.

Warrington NM 2015 A genome-wide association study of body mass index across 25953783
early life and childhood.

Wilson CL 2015 Genetic and clinical factors associated with obesity among 25963547
adult survivors of childhood cancer: A report from the St.
Jude Lifetime Cohort.

Ahmad S 2015 A novel interaction between the FLJ33534 locus and smoking 26278006
in obesity: a genome-wide study of 14 131 Pakistani adults.

Winkler TW 2015 The Influence of Age and Sex on Genetic Associations with 26426971
Adult Body Size and Shape: A Large-Scale Genome-Wide
Interaction Study.

Sung YJ 2015 Genome-wide association studies suggest sex-specific loci 26480920
associated with abdominal and visceral fat.

Wen W 2016 Genome-wide association studies in East Asians identify new 26785701

loci for waist-hip ratio and waist circumference.
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FIRST.AUTHOR YEAR STUDY PUBMED

Luy 2016 New loci for body fat percentage reveal link between 26833246
adiposity and cardiometabolic disease risk.

Wood AR 2016 Variants in the FTO and CDKALL1 loci have recessive effects 26961502
on risk of obesity and type 2 diabetes, respectively.

Minster RL 2016 A thrifty variant in CREBRF strongly influences body mass 27455349
index in Samoans.

Chu AY 2016 Multiethnic genome-wide meta-analysis of ectopic fat depots 27918534
identifies loci associated with adipocyte development and
differentiation.

McDonald MN 2017 Body mass index change in gastrointestinal cancer and 28044437
chronic obstructive pulmonary disease is associated with
Dedicator of Cytokinesis 1.

Pei YF 2017 Genomic variants at 20p11 associated with body fat mass in 28224759
the European population.

Nagy R 2017 Exploration of haplotype research consortium imputation for 28270201
genome-wide association studies in 20,032 Generation
Scotland participants.

Chen G 2017 Genome-wide analysis identifies an african-specific variantin 28296344
SEMAAD associated with body mass index.

Ng MCY 2017 Discovery and fine-mapping of adiposity loci using high 28430825
density imputation of genome-wide association studies in
individuals of African ancestry: African Ancestry
Anthropometry Genetics Consortium.

Justice AE 2017 Genome-wide meta-analysis of 241,258 adults accounting for 28443625
smoking behaviour identifies novel loci for obesity traits.

Graff M 2017 Genome-wide physical activity interactions in adiposity - A 28448500
meta-analysis of 200,452 adults.

Southam L 2017 Whole genome sequencing and imputation in isolated 28548082
populations identify genetic associations with medically-
relevant complex traits.

Tachmazidou | 2017 Whole-Genome Sequencing Coupled to Imputation Discovers 28552196
Genetic Signals for Anthropometric Traits.

Akiyama M 2017 Genome-wide association study identifies 112 new loci for 28892062
body mass index in the Japanese population.

Turcot V 2017 Protein-altering variants associated with body mass index 29273807
implicate pathways that control energy intake and expenditure
in obesity.

Gong J 2017 Trans-ethnic analysis of metabochip data identifies two new 29381148
loci associated with BMI.

Lee MR 2018 Causal association of body mass index with hypertension 30045251
using a Mendelian randomization design.

Hoffmann TJ 2018 A Large Multi-ethnic Genome-Wide Association Study of 30108127
Adult Body Mass Index Identifies Novel Loci.

Granot-Hershkovitz E 2018 A study of Kibbutzim in Israel reveals risk factors for 30108283
cardiometabolic traits and subtle population structure.

Pulit SL 2018 Meta-analysis of genome-wide association studies for body 30239722
fat distribution in 694,649 individuals of European ancestry.

Clifton EAD 2018 Genome-wide association study for risk taking propensity 30271922
indicates shared pathways with body mass index.

Cha EDK 2018 Using Adipose Measures from Health Care Provider-Based 30363675

Imaging Data for Discovery.
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FIRST.AUTHOR YEAR STUDY PUBMED

Emdin CA 2018 DNA Sequence Variation in ACVR1C Encoding the Activin 30389748
Receptor-Like Kinase 7 Influences Body Fat Distribution and
Protects Against Type 2 Diabetes.

Lotta LA 2018 Association of Genetic Variants Related to Gluteofemoral vs 30575882
Abdominal Fat Distribution With Type 2 Diabetes, Coronary
Disease, and Cardiovascular Risk Factors.

Hubel C 2018 Genomics of body fat percentage may contribute to sex bias 30593698
in anorexia nervosa.

Kichaev G 2018 Leveraging Polygenic Functional Enrichment to Improve 30595370
GWAS Power.

Rask-Andersen M 2019 Genome-wide association study of body fat distribution 30664634
identifies adiposity loci and sex-specific genetic effects.

Riveros-McKay F 2019 Genetic architecture of human thinness compared to severe 30677029
obesity.

Justice AE 2019 Protein-coding variants implicate novel genes related to lipid 30778226
homeostasis contributing to body-fat distribution.

Jiao H 2019 Genome-Wide Interaction and Pathway Association Studies 31118946
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APPENDIX 2: PREVIOUSLY REPORTED SNPS ASSOCIATED WITH BOTH
ADIPOSITY AND CARDIOMETABOLIC PROFILE

Study Category )  SNP CHR BP EA OA Nearestgenes Bivariate
(PMID) (GRCh37) (lipid +
gdiposity) loci
25048195  Protective rs4846565 1 219722104 A G LYPLAL1
25048195  Protective rs10195252 2 165513091 C T GRB14
25048195  Protective rs2943645 2 227099180 C T IRS1
25048195  Protective rs17036328 3 12390484 c T PPARG
25048195  Protective rs3822072 4 89741269 G A FAM13A
25048195  Protective rs974801 4 106071064 A G TET2
25048195  Protective rs6822892 4 157734675 G A PDGFC
25048195  Protective rs4865796 5 53272664 G A ARL15
25048195  Protective rs459193 5 55806751 A G ANKRD55
25048195  Protective rs2745353 6 127452935 C T RSPO3
25048195  Protective rs731839 19 33899065 A G PEPD
27841877  Protective rs683135 1 39895460 A G MACF1
27841877  Protective rs17386142 1 50815783 c T DMRTAZ2
27841877  Protective rs11577194 1 110500175 T C CSF1
27841877  Protective rs9425291 1 172312769 A G DNM3
27841877  Protective rs4846565 1 219722104 G A RNUSF-
1/LYPLAL1
27841877  Protective rs2249105 2 65287896 A G CEPG68
27841877  Protective rs10195252 2 165513091 T C COBLL1/GRB1
4
27841877  Protective rs492400 2 219349752 T C USP37
27841877  Protective rs2943645 2 227099180 T C IRS1
27841877  Protective rs308971 3 12116620 G A SYN2/PPARG
27841877  Protective rs3864041 3 15185634 T C COL6A4P1
27841877  Protective rs295449 3 47375955 A G KLHL18
27841877  Protective rs11130329 3 52896855 A C TMEM110-
MUSTN1
27841877  Protective rs9881942 3 123082416 A G ADCY5
27841877  Protective rs645040 3 135926622 MSL2
27841877  Protective rs2699429 4 3480136 Cc DOK7

184



Study Category )  SNP CHR BP EA OA Nearestgenes Bivariate
(PMID) (GRCh37) (lipid +
gdiposity) loci
27841877  Protective rs3822072 4 89741269 A G FAM13A
27841877  Protective rs6822892 4 157734675 A G PDGFC
27841877  Protective rs4865796 5 53272664 A G ARL15/FST
27841877  Protective rs459193 5 55806751 G A ANKRDS55
27841877  Protective rs4976033 5 67714246 G A PIK3R1
27841877  Protective rs6887914 5 112711486 C T MCC
27841877  Protective rs1045241 5 118729286 C T TNFAIPS
27841877  Protective rs2434612 5 158022041 G A EBF1
27841877  Protective rs966544 5 173350405 G A CPEB4
27841877  Protective rs12525532 6 35004819 T C ANKSI1A
27841877  Protective rs6937438 6 43815364 A G IA:OC10013235
27841877  Protective rs2745353 6 127452935 T C RSPO3
27841877  Protective rs9492443 6 130398731 C T L3MBTL3
27841877  Protective rs3861397 6 139828916 G A LOC645434
27841877  Protective rs17169104 7 15883727 G C MEOX2
27841877  Protective rs972283 7 130466854 G A KLF14
27841877  Protective rs2126259 8 9185146 T C PPP1R3B
27841877  Protective rs1011685 8 19830769 c T LPL
27841877  Protective rs4738141 8 72469742 G A EYAl
27841877  Protective rs7005992 8 126528955 C G TRIB1
27841877  Protective rs498313 9 78034169 A G MIR548H3
27841877  Protective rs10995441 10 64869239 G T NRBF2
27841877  Protective rs11231693 11 63862612 A G MACROD1
27841877  Protective rs17402950 12 14571671 G A ATF7IP
27841877  Protective rs718314 12 26453283 G A ITPR2
27841877  Protective rs7973683 12 124449223 C A CCDC92/DNA
H10
27841877  Protective rs7323406 13 111628195 A G ANKRD10
27841877  Protective rs7176058 15 39464167 A C15o0rf54
27841877  Protective rs8032586 15 73081067 C LOC10028755
9
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Study Category )  SNP CHR BP EA OA Nearestgenes Bivariate
(PMID) (GRCh37) (lipid +
adiposity) loci
2)
27841877  Protective rs754814 17 4657034 T C ZMYND15
27841877  Protective rs7227237 18 47174679 cC T LIPG
27841877  Protective rs8101064 19 7293119 T C INSR
27841877  Protective rs4804833 19 7970635 A G MAP2K7
27841877  Protective rs4804311 19 8615589 A G MYO1F
27841877  Protective rs731839 19 33899065 G A PEPD
27841877  Protective rs6066149 20 45602638 G A EYA2
27841877  Protective rs132985 22 38563471 cC T PLA2G6
30352878  Protective rs11118306 1 219627486 A G LYPLAL1Z,
SLC30A10
30352878  Protective rs13389219 2 165528876 T C GRB14,
COBLL1
30352878  Protective rs2943653 2 227047771 C T NYAP2, IRS1
30352878  Protective rs1801282 3 12393125 G C PPARG
30352878  Protective rs2276936 4 89726283 A C FAM13A
30352878  Protective rs40271 5 55796319 cC T ANKRD55,
MAP3K1
30352878  Protective rs998584 6 43757896 cC A VEGFA,
C6orf223
30352878  Protective rs632057 6 139834012 G CITED2
30352878  Protective rs972283 7 130466854 G KLF14,
MKLN1
30352878  Protective rs2980888 8 126507308 T TRIB1
30352878  Protective rs11045172 12 20470221 A AEBP2,
PDE3A
30352878  Protective rs7133378 12 124409502 A G DNAH10
30352878  Protective rs7258937 19 33938800 T C PEPD
30352878  Protective rs2267373 22 38600542 cC T MAFF
33619380  Protective rs1010447 1 11269795 T C MTOR
33619380  Protective rs3789588 1 51266522 A G FAF1
33619380  Protective rs6603981 1 92993806 cC 7T EVI5 LDL
33619380  Protective rs2820446 1 219748817 G C ZC3H11B-
LYPLAL1
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Study Category )  SNP CHR BP EA OA Nearestgenes Bivariate
(PMID) (GRCh37) (lipid +
adiposity) loci
2)

33619380  Protective rs1260326 2 27730939 C GCKR LDL;TG

33619380 Protective rs4988235 2 136608645 MCM6 LDL

33619380  Protective rs1128249 2 165528623 T GRB14- HDL;LDL;TG
COBLL1

33619380  Protective rs1427445 2 219555572 STK36 TG

33619380  Protective rs2943652 2 227108445 NYAP2-IRS1 HDL;TG

33619380 Protective rs11563251 2 234679383 UGT1A8:UGT LDL
1A10:UGT1A9:
UGT1A7:UGT
1A6:UGT1A5:
UGT1A4:UGT
1A3:UGT1Al

33619380  Protective rs2881654 3 12396954 A G PPARG

33619380 Protective rs4392441 3 48077700 T C MAP4

33619380  Protective rs4616635 3 64702274 G C ADAMTS9-AS2

33619380  Protective rs11708067 3 123065777 G A ADCY5

33619380  Protective rs4481184 3 185505786 C T IGF2BP2

33619380 Protective rs4234589 3 185818881 A G ETV5 HDL

33619380  Protective rs3822072 4 89741268 G A FAM13A HDL;TG

33619380  Protective rs13107325 4 103188708 T C SLC39A8

33619380  Protective rs3776717 5 53298761 G A ARL15 HDL

33619380 Protective rs459193 5 55806750 A G ANKRD55- HDL;TG
MAP3K1

33619380  Protective rs9686661 5 55861785 cC T ANKRD55- HDL;TG
MAP3K1

33619380  Protective rs4976033 5 67714245 A G PIK3R1 HDL

33619380 Protective rs7713317 5 95716721 G A PCSK1

33619380  Protective rs2434612 5 158022040 A G EBF1

33619380  Protective rs6861681 5 173362457 G A CPEB4

33619380  Protective rs3094222 6 31081433 A G C6orfl15-
PSORS1C1

33619380  Protective rs998584 6 43757895 C VEGFA HDL;TG

33619380 Protective rs9385400 6 126764189 G CENPW

33619380  Protective rs17080091 6 150997400 PLEKHG1
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Study Category )  SNP CHR BP EA OA Nearestgenes Bivariate
(PMID) (GRCh37) (lipid +
gdiposity) loci
33619380  Protective rs539958 6 160772841 T C SLC22A3 LDL;TG
33619380  Protective rs702485 7 6449271 G A DAGLB
33619380  Protective rs864745 7 28180555 T C JAZF1
33619380  Protective rs4731702 7 130433383 T C KLF14 HDL;TG
33619380  Protective rs9987289 8 9183357 G A PPP1R3B-
TNKS
33619380  Protective rs17149279 8 9195637 T C PPP1R3B- HDL; TG
TNKS
33619380  Protective rs10090367 8 36825079 A G KCNU1 TG
33619380  Protective rs7896600 10 12255174 G C CDC123
33619380  Protective rs10883832 10 104871278 G T NT5C2
33619380  Protective rs7903146 10 114758348 C T TCF7L2
33619380  Protective rs740746 10 115792786 G A NHLRC2-
ADRB1
33619380  Protective rs7928810 11 17372442 A C NCR3LG1
33619380  Protective rs2845885 11 63869061 T C MACROD1 HDL;TG
33619380  Protective rs11603334 11 72432984 A G ARAP1
33619380  Protective rs7134375 12 20473757 A C PDE3A HDL
33619380  Protective rs718314 12 26453282 A G SSPN-ITPR2 HDL
33619380  Protective rs754133 12 54418919 A G HOXC4-
HOXC6
33619380  Protective rs3741414 12 57844048 T C INHBC HDL; TG
33619380  Protective rs10774625 12 111910218 G A ATXNZ2 HDL
33619380  Protective rs11057405 12 122781896 G A CLIP1 HDL
33619380  Protective rs7133378 12 124409501 A G CCDC92- HDL;LDL;TG
DNAH10
33619380  Protective rs863750 12 124505443 C T FAM101A HDL;TG
33619380  Protective rs17522122 14 33302881 T G AKAPG
33619380  Protective rs1378940 15 75083493 A C CSK
33619380  Protective rs879620 16 4015728 T C ADCY9
33619380  Protective rs4985155 16 15129458 A G PDXDC1 HDL; TG
33619380  Protective rs2955617 17 7538784 A C SHBG-ATP1B2 HDL
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Study Category )  SNP CHR BP EA OA Nearestgenes Bivariate
(PMID) (GRCh37) (lipid +
adiposity) loci
2)
33619380  Protective rs6504872 17 45438951 cC T EFCAB13 LDL
33619380 Protective rs12454712 18 60845883 cC T BCL2 HDL;TG
33619380  Protective rs731839 19 33899064 A G PEPD HDL;TG
33619380  Protective rs2075650 19 45395618 A G TOMMA40 HDL;LDL;TG
33619380  Protective rs1211644 20 45592841 cC T EYA2 TG
33619380 Protective rs3761445 22 38595410 G A PLA2G6- HDL;TG
MAFF
33980691  Protective rs2802774 1 203527812 A OPTC,
ATP2B4
33980691  Protective rs12130231 1 219631304 A LYPLALIZ,
SLC30A10
33980691  Protective rs13389219 2 165528876 T GRB14,
COBLL1
33980691  Protective rs2943653 2 227047771 C NYAP2, IRS1
33980691  Protective rs4684847 3 12386337 T SYN2, PPARG
33980691  Protective rs9851766 3 138121509 A MRAS
33980691  Protective rs62271373 3 150066540 T PFEN2,
TSC22D2
33980691  Protective rs4450871 4 4990298 G MSX1, CYTL1
33980691  Protective rs13132853 4 38680015 A KLF3
33980691  Protective rs987469 4 89706643 C FAM13A
33980691  Protective rs30351 5 55794632 G ANKRD55
33980691  Protective rs4976033 5 67714246 A PIK3R1,
SLC30A5
33980691  Protective rs9764678 5 118726662 C TNFAIPS8
33980691  Protective rs11135038 5 157930133 CLINT1, EBF1
33980691  Protective rs998584 6 43757896 VEGFA,
C6orf223
33980691  Protective rs72959041 6 127454893 G RSPO3
33980691  Protective rs573454216 6 139837429 CITED2
33980691  Protective rs972283 7 130466854 A KLF14,
MKLN1
33980691  Protective rs6977416 7 150542711 G TMEM176A,
ABP1
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Study Category )  SNP CHR BP EA OA Nearestgenes Bivariate
(PMID) (GRCh37) (lipid +
adiposity) loci
2)
33980691  Protective rs12681990 8 36859186 T KCNU1,
ZNF703
33980691  Protective rs2980888 8 126504383 TRIB1
33980691  Protective rs113222038 11 62380027 EML3
33980691  Protective rs11045172 12 20470221 AEBP2,
PDE3A
33980691  Protective rs10876529 12 54421810 C HOXCS,
HOXC6
33980691  Protective rs12369179 12 122963550 C ZCCHCS8
33980691  Protective rs7133378 12 124409502 A DNAH10
33980691  Protective rs72697297 14 93069989 T RIN3
33980691  Protective rs12441543 15 31689543 A KLF13,
OTUDT7A
33980691  Protective rs12940684 17 7453919 C TNFSF12,
TNFSF13
33980691  Protective rs142186653 17 73879851 C TRIM47,
TRIM65
33980691  Protective rs11664106 18 2846812 T SMCHD1,
EMILIN2
33980691  Protective rs7233512 18 42595076 G SETBP1
33980691  Protective rs7258937 19 33938800 T PEPD
33980691  Protective rs555162510 19 46183031 A NA
33980691  Protective rs6029180 20 39178923 G MAFB
33980691  Protective rs4821764 22 38599364 G MAFF
33980691 Unfavorable 1:72767554 C 1 72767554 CA NA
A C
33980691 Unfavorable rs71658797 1 77967507 A AK5
33980691 Unfavorable 1:113202203 1 113202203 TC NA
TCTCTC. T TC
TC
33980691 Unfavorable rs539515 1 177889025 C FAM5B,
SEC16B
33980691 Unfavorable  rs11122450 1 230301811 T GALNT2
33980691 Unfavorable rs143684747 2 633053 AC NA
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Study Category )  SNP CHR BP EA OA Nearestgenes Bivariate
(PMID) (GRCh37) (lipid +
adiposity) loci
2)
33980691 Unfavorable rs6752378 2 25150116 A ADCY3,
DNAJC27
33980691 Unfavorable  rs1471740 3 136328270 STAG1
33980691 Unfavorable  rs10938397 4 45182527 G GNPDA2,
GABRG1
33980691 Unfavorable  rs13107325 4 103188709 T SLC39A8
33980691 Unfavorable rs2112347 5 75015242 POCS5, Sv2C
33980691 Unfavorable 5:87969925 C 5 87969925 TMEM161B,
GG C MEF2C
33980691 Unfavorable rs10623997 5 107478679 NA
33980691 Unfavorable rs17764730 5 127357526 CTXNS3,
SLC12A2
33980691 Unfavorable  rs9358912 6 26211146 G HIST1HAE,
HIST1H2BG
33980691 Unfavorable 6:34650934 C 6 34650934 C C6orf106
GT C
33980691 Unfavorable rs72892910 6 50816887 T TFAP2B,
PKHD1
33980691 Unfavorable rs236660 7 75050086 C NA
33980691 Unfavorable rs4876611 8 116671848 G TRPS1
33980691 Unfavorable rs10756713 9 15880555 A CCDC171
33980691 Unfavorable rs2274224 10 96039597 G PLCE1
33980691 Unfavorable rs61888762 11 27709630 G BDNF
33980691 Unfavorable  rs4755725 11 43637975 C NA
33980691 Unfavorable rs7124681 11 47529947 A CELF1,
PTPMT1
33980691 Unfavorable  rs7132908 12 50263148 A FAIM2
33980691 Unfavorable  rs3764002 12 108618630 C WSCD2
33980691 Unfavorable  14:79940130 14 79940130 T NA
TAGGAGTTT
TTCCAGATC
ATTAGCCAC
TTATACGGA
GT
33980691 Unfavorable  rs4776985 15 68123021 T SKOR1
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Study Category )  SNP CHR BP EA OA Nearestgenes Bivariate
(PMID) (GRCh37) (lipid +
adiposity) loci
2)
33980691 Unfavorable  15:73322940 15 73322940 A NA
AT A
33980691 Unfavorable  rs6602997 15 84521398 T ADAMTSL3
33980691 Unfavorable rs56186137 16 28825953 G NPIPL1
33980691 Unfavorable rs11642015 16 53802494 T FTO
33980691 Unfavorable  rs8049669 16 69551467 A CYB5B, NFAT5
33980691 Unfavorable  rs4790292 17 1824305 C RPA1,
RTN4RL1
33980691 Unfavorable  rs55931203 17 65854602 T BPTF
33980691 Unfavorable rs771025058 18 21122207 AA NPC1
G
33980691 Unfavorable rs6567160 18 57829135 PMAIP1,
MC4R
33980691 Unfavorable rs11666808 19 18383506 T KIAA1683

1) Four of five studies focused on the adiposity-related genetic variants simultaneously associated with protective
cardiometabolic profile, wheareas one study (PMID: 33980691) investigated both protective and unfavorable
adiposity variants.

2) One study (PMID: 33619380) explicitly identified bivariate (a pair of one adiposity trait and one
cardiometabolic trait) genetic variants, and this column indicated the genetic variants identified by bivaraite
analyses for pairs of adiposity and lipid traits.
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