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ABSTRACT

Cardiometabolic diseases, including type 2 diabetes (T2D), non-alcoholic fatty liver disease
(NAFLD), and coronary artery disease (CAD), impose a significant global health burden due to
their shared risk factors and complex etiology. Despite advancements in treatment, therapeutic
development has been hindered by an incomplete understanding of the shared mechanisms
driving these diseases. This thesis leverages advanced genetic methodologies and multi-omics
approaches to elucidate disease mechanisms, validate drug targets, and prioritize new therapeutic
strategies for cardiometabolic health. The three aims of this thesis explore distinct aspects of
therapeutic development: Aim 1 evaluates the safety of lipid-lowering therapies; Aim 2
investigates the genetic and biological underpinnings of a major cardiovascular risk factor,
alcohol consumption; and Aim 3 integrates multivariate analyses to uncover shared genetic
mechanisms underlying cardiometabolic multimorbidity. Aim 1 applied drug-target Mendelian
Randomization (MR) to investigate the effects of proprotein convertase subtilisin/kexin type 9
(PCSKY9) and 3-hydroxy-3-methylglutaryl-CoA reductase (HMGCR) inhibition—key lipid-
lowering therapeutic targets—on T2D risk and glycemic traits across multi-ancestry GWAS
datasets. Results showed that PCSK9 inhibition had no significant adverse effect on T2D risk,
supporting its safety for diverse populations. However, HMGCR inhibition modestly increased
T2D risk, emphasizing the need for therapeutic strategies tailored to population-specific genetic
contexts. Aim 2 focused on alcohol consumption, a major behavioral risk factor for
cardiovascular disease (CVD), and its biological underpinnings. Using MR integrated with
cortical proteomic and cell-type transcriptomic data, the study identified novel molecular targets
and pathways, such as SAMHD1 and VIPAS39, linking alcohol use behaviors to neural
signaling, alcohol metabolism, and cardiometabolic health. The findings offer insights into
therapeutic opportunities for addressing alcohol-associated risks in CVD. Aim 3 investigated the
shared genetic architecture of NAFLD, T2D, and CAD through multivariate GWAS, uncovering
a shared cardiometabolic factor (“CM-Factor”) and identifying 523 SNPs across 312 loci.
Functional analyses prioritized genes such as COMT, DHX36, and ASPRV1, while drug-target
MR validated established targets, including GLP1R and PCSK9, and identified novel candidates
like CRY2 and OPRL1. Two-step MR analyses further linked BMI-associated proteins, such as
ENO3, to cardiometabolic risk, providing mechanistic insights into the interplay between obesity
and disease. This thesis highlights the transformative potential of genetic methodologies to
inform therapeutic development for cardiometabolic health. By evaluating the safety of lipid-
lowering therapies, uncovering the biological underpinnings of a major cardiovascular risk
factor, and identifying shared genetic mechanisms driving cardiometabolic multimorbidity, this
work addresses critical gaps in understanding and treatment. The integration of multi-omics data
and multivariate frameworks not only validates established therapeutic targets like PCSK9 and
GLPI1R but also identifies novel opportunities, including CRY2 and OPRL]1, for addressing
complex disease pathways. Emphasizing the importance of diverse and representative datasets,
these findings lay a foundation for precision medicine approaches to improve outcomes for
cardiometabolic diseases in diverse patient populations.
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CHAPTER 1: BACKGROUND &
RATIONALE

Chapter Overview

This chapter establishes the scientific foundation and rationale for the research undertaken in this
thesis, with a focus on the application of advanced genetic methodologies and multi-omics
approaches to address critical gaps in the understanding and treatment of cardiovascular diseases
(CVDs) and their comorbid conditions. It begins by contextualizing the global burden of CVDs,
highlighting the limitations of existing pharmacological therapies and the challenges associated
with the current drug development paradigm. The chapter discusses how emerging genetic tools,
such as Mendelian randomization (MR) and multivariate genome-wide association studies
(GWAYS), offer innovative frameworks to identify causal mechanisms, prioritize therapeutic
targets, and address health disparities. These approaches, when combined with multi-omics data,
enable deeper exploration of the shared genetic architecture underlying complex phenotypes,
including type 2 diabetes (T2D), non-alcoholic fatty liver disease (NAFLD), and alcohol
consumption behaviors. By integrating these methods into the context of unmet clinical needs,
this chapter lays the groundwork for the subsequent aims and analyses presented in this thesis.

1.1. Background and rationale

Cardiovascular diseases (CVDs) are the leading cause of death worldwide, accounting for
approximately 31% of total deaths each year.>” This global burden is driven by several factors,
including aging populations, urbanization, and changes in dietary and physical activity patterns.
In addition to their rapid rise in developing countries, CVDs have demonstrated a concerning
resurgence in high-income nations, highlighting the multifaceted nature of the challenge.*®
While public health interventions such as promoting healthy diets, regular physical activity, and
smoking cessation remain critical for reducing the overall burden of CVD, pharmacological
therapies are indispensable for managing and mitigating disease-related mortality and morbidity.°
Despite significant advancements in CVD treatment and prevention strategies, critical gaps
persist in addressing many common endpoints, including coronary heart disease (CHD),
myocardial infarction (MI), and stroke. Even with established therapies such as statins,
angiotensin-converting enzyme (ACE) inhibitors, and antiplatelet agents, a substantial proportion
of patients continue to experience disease progression or adverse cardiovascular events. For
instance, approximately 10% of hypertensive patients remain treatment-resistant, and between
15% and 30% of individuals with advanced MI present without traditional modifiable risk
factors, such as hypertension or hypercholesterolemia.”®

These gaps underscore the need for novel therapeutic approaches and a deeper understanding of

the underlying pathophysiology of CVD. The process of developing new drugs for CVD is both
resource-intensive and time-consuming, with estimated costs exceeding $1 billion per successful
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drug and timelines of approximately 10 years from initial research to market approval.®® Despite
these investments, failure rates remain high, with only ~10% of drug candidates successfully
progressing from clinical trials to regulatory approval.'® Many of these failures are due to
concerns about safety, lack of efficacy for the primary indication, or adverse side effects.®"
Notably, over half of the failures in Phase II and III trials are attributed to insufficient efficacy,
while a significant proportion are linked to poor safety profiles.'” These challenges have
contributed to a stagnation in CVD drug development, with the number of cardiovascular drug
candidates entering clinical trials declining relative to other therapeutic areas, such as oncology."
One of the critical barriers to successful drug development is a limited understanding of the
complex and often heterogeneous pathophysiology underlying CVD. Traditional approaches
have primarily focused on conventional risk factors such as lipids, blood pressure, and platelet
activity. While these pathways have led to several successful therapies, their scope is limited,
and many promising drug candidates fail due to a lack of understanding of causal mechanisms."
Additionally, the reliance on biomarkers that may not be causally linked to CVD further reduces
the likelihood of success in drug development.

To address these challenges, innovative and complementary methods must be systematically
integrated across the drug development pipeline. Advances in human genetics, particularly in the
post-genome-wide association study (GWAS) era, have begun to provide powerful tools for
elucidating causal pathways and identifying novel therapeutic targets. For example, Mendelian
randomization (MR) offers a framework for leveraging genetic variants as proxies to infer causal
relationships between exposures (e.g., biomarkers or modifiable risk factors) and disease
outcomes.*'* MR, which shares conceptual similarities with randomized controlled trials (RCTs),
provides an efficient and robust method for prioritizing drug targets, thereby increasing the
likelihood of clinical trial success.” Similarly, multivariate GWAS approaches, such as Genomic
structural equation modeling (GenomicSEM), enable the simultaneous evaluation of shared
genetic architecture across related traits and comorbid diseases, facilitating the discovery of
novel loci and pathways.'

The integration of genetics into CVD drug development is not merely theoretical; its potential is
exemplified by the success of lipid-lowering therapies targeting proprotein convertase subtilisin/
kexin 9 (PCSK9) and angiopoietin-like protein 3 (ANGPTL3). These therapies, which were
initially identified through genetic studies, have demonstrated efficacy in reducing low-density
lipoprotein cholesterol (LDL-C) and improving cardiovascular outcomes."’ "

Recent advances in omics technologies, such as transcriptomics, proteomics, and metabolomics,
further complement genetic approaches by providing comprehensive insights into molecular
mechanisms and therapeutic targets. The increasing availability of large-scale disease data from
population-based cohorts adds another dimension to this growing toolkit, enabling the systematic
incorporation of human genetics into every stage of the CVD drug development pipeline.***'

Nevertheless, key gaps remain in translating genetic insights into clinical applications. For
instance, while lipid-lowering therapies have revolutionized CVD prevention, their impact on
comorbid conditions, such as type 2 diabetes (T2D), remains incompletely understood,
particularly across diverse populations. Similarly, non-conventional risk factors, such as alcohol

11



consumption, have been implicated in CVD but remain understudied in the context of causal
inference and therapeutic intervention. Emerging evidence highlights the need for a broader,
more integrative approach to address these challenges, combining cutting-edge genetics
methodologies with multi-omics data to uncover novel pathways, prioritize therapeutic targets,
and develop innovative interventions for CVD and its comorbid conditions.

1.2. Statement of Aims

The overarching aim of this thesis is to harness advanced genetics methodologies and
complementary multi-omics approaches to uncover causal mechanisms underlying CVDs and
their comorbid conditions. By addressing critical gaps in current CVD drug development
pipelines, this work aims to identify novel therapeutic targets and refine strategies for prevention
and treatment. Three specific aims guide the thesis, corresponding to distinct, yet interconnected,
areas of research that fall within the drug development pipeline (Figure 1.1).

Figure 1.1. Overview of the integration human genetics (with an emphasis on drug-target
Mendelian randomization) into the drug development pipeline (adapted from Holmes et al.®).
MR analysis serves as a powerful tool throughout the drug development pipeline, offering
insights to enhance the likelihood of successful progression at each stage. By leveraging genetic
evidence to establish causal links between targets and outcomes, MR can help prioritize
promising therapeutic targets, optimize trial design, and identify potential safety concerns early
in the process. This approach ultimately aims to increase the efficiency of drug development,
reduce late-stage failures, and improve the chances of achieving regulatory approval and
marketing authorization. Included in the figures are icons to contextualize the contribution of the
thesis research within the broader drug development framework. Created in BioRender. Rosoff,
D. (2025) https://BioRender.com/u50rbv5
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Aim 1: Investigating the Impact of PCSK9 and
HMGCR Inhibition on Type 2 Diabetes Across
Diverse Populations.

This aim focuses on elucidating the relationship between lipid-lowering therapies, particularly
PCSK9 and HMGCR inhibition, and type 2 diabetes (T2D) risk across five global populations.
By leveraging drug-target MR and multi-omics data, this project investigates long-term safety
concerns of these therapies and evaluates their impact on glycemic traits. The findings aim to
address gaps in understanding the molecular mechanisms of these targets, especially in non-
European populations, and to mitigate health disparities by identifying population-specific
therapeutic strategies.

Aim 2: Deciphering the Genetic Basis of Alcohol
Consumption and its Role as a Modifiable
Cardiometabolic Risk Factor.

Alcohol consumption is a significant yet understudied modifiable risk factor for CVDs. This aim
integrates MR and proteomic analyses to explore the genetic basis of problematic alcohol
consumption behaviors and their impact on cardiovascular outcomes. By examining cortical
proteomic data and single-cell transcriptomics, this project identifies potential therapeutic targets
linked to alcohol-related behaviors, including alcohol use disorder (AUD), and evaluates their
biological relevance. These insights aim to inform strategies for reducing alcohol consumption as
a means of mitigating cardiometabolic risk.

Aim 3: Multivariate Genome-Wide Analysis of
NAFLD, T2D, and CAD to ldentify Shared Genetic
Architecture.

This aim employs GenomicSEM to investigate the shared genetic liability of non-alcoholic fatty
liver disease (NAFLD), T2D, and coronary artery disease (CAD). By constructing a multivariate
genetic factor and performing extensive annotation, this project aims to uncover novel loci,
prioritize therapeutic targets, and identify proteomic mediators linking obesity with
cardiometabolic outcomes. These findings are intended to inform future drug discovery and
develop targeted interventions to address the intertwined burden of these highly comorbid
conditions.

Together, these three aims integrate state-of-the-art genetic and omics approaches to unravel the
causal mechanisms of cardiometabolic diseases and their risk factors. The work contributes to
advancing precision medicine and improving strategies for CVD prevention and treatment,
particularly for underserved populations and complex comorbid conditions.

Below, I expand upon the rationale for each of the projects comprising the 3 Aims in my thesis.
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1.3. Aim 1. Investigating the Impact of
PCSK9 and HMGCR Inhibition on Type 2
Diabetes Across Five Populations

Type 2 diabetes (T2D) affects more than 410 million people globally* with prevalence varying
widely across geographical regions and by race/ethnicity.”?® Epidemiological data suggests that
the risk of developing T2D varies across different ethnic populations,® e.g., the T2D prevalence
among Hispanic populations (HISP) in the United States is almost double the prevalence of non-
Hispanic whites of European (EUR) populations.**” Given clear evidence of differences in T2D
risk among populations, there remains a critical need for better understanding of risk factors,
molecular mechanisms and treatment approaches across diverse populations. ****

T2D is commonly comorbid with coronary artery disease and other CVDs: CVDs occur in
approximately 32% of the T2D cases,® and CVDs are the leading cause of morbidity and
mortality in patients with T2D.* Thus, CVD risk prevention via lipid-lowing therapies, such as
statins and proprotein convertase subtilisin/kexin type 9 (PCSK9) inhibitors has become standard
of care and is an important aspect of T2D management.*>** However, recent meta-analyses of
randomized control trials (RCTs) and genetics-based studies have shown that statins are linked
with modestly increased risk of T2D.** In contrast, the relationship between PCSK9 inhibition
with monoclonal antibodies (alirocumab and evolocumab)* or the recently approved small
interfering RNA inhibitor of hepatic PCSK9, inclisiran,* and T2D risk has been less clear.
While analysis of RCT data failed to find evidence of an adverse impact***” on T2D risk, long-
term efficacy and safety data are currently not available and no data exists across populations.
Several early drug-target Mendelian randomization (MR)**>! analyses, which leveraged genetic
variants in or near the drug target gene locus to estimate the on-target impact proxying
pharmacological modulation of that target,**>' reported that genetic variants in PCSK9 are
associated with lower low-density lipoprotein cholesterol (LDL-C) and an increase in T2D
risk.*#%°*%3 Conversely, more recent drug-target MRs have failed to replicate these PCSK9-T2D
findings.**** Furthermore, these previous studies focused primarily on EUR populations; the
long-term impact of genetically proxied statin and PCSK9 inhibition on T2D risk in non-EUR
populations remains unknown.

To address some of the possible long-term safety concerns of lipid-lowering therapies and T2D
in non-EUR populations, we leveraged summary-level genome-wide association study (GWAS)
data from large genomics consortia derived from Eastern (EAS), South Asian (SAS), African
(AFR), HISP, and EUR populations and performed drug-target MR analyses to investigate the
impact of LDL-C lowering via PCSK?9 variants on T2D risk and glycemic traits (glycated
hemoglobin [HbA1c]), fasting glucose levels, fasting insulin levels, and 2 hours glucose
levels).>® We compare these MR estimates with analyses proxying LDL-C lowering by the statin
drug target HMG-CoA Reductase [HMGCR].* Lastly, we used a multi-omics approach to
supplement PCSK9 instruments constructed using LDL-C levels (the primary physiological
response to pharmacological PCSKO9i) by leveraging recently released GWAS data on circulating
PCSK9 protein levels® and liver PCSK9 gene expression data® to more closely genetically
model the mechanisms of action for the protein neutralizing effects of anti-PCSK9 monoclonal
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antibodies®® and the liver-specific PCSK9 expression-lowering mechanism of inclisiran,®
respectively. Since recent preclinical work suggested that pancreatic PCSK9 may control f3 cell
LDLR expression and resultant cholesteryl ester metabolism and insulin secretion,” we also
analyze the glycemic impact of genetically predicted pancreatic PCSK9 expression. Together,
the results will inform our understanding of the long-term safety profile of PCSK9 and HMGCR
inhibition in diverse populations, and the efficacy of these targets for CVD in the presence of
T2D, helping mitigate the ongoing health disparities due, in part, to the underrepresentation of
non-European populations in RCTs and genetics studies.”**

1.4. Aim 2: Deciphering the Genetic Basis
of Alcohol Consumption and its Role as a
Modifiable Cardiometabolic Risk Factor

Alcohol consumption has long been recognized as a significant modifiable risk factor for CVDs.
Excessive alcohol consumption, defined as >60 g/day in men and >40 g/day in women, is a well-
documented contributor to the global burden of CVD.*** Problematic alcohol drinking and binge
patterns significantly increase the risk of adverse CVD outcomes, such as hypertension and
stroke, e.g., binge drinking (which the NIAAA defines as consuming 4+ [5+] standard alcoholic
drinker per occasion for women [men]®) is associated with acute rises in blood pressure,
heightened risk of myocardial infarction, and increased incidence of hemorrhagic stroke.
Moreover, chronic heavy alcohol use is a primary contributor to alcoholic cardiomyopathy,
characterized by structural and functional damage to the heart muscle.®

Despite the long-standing observational evidence suggesting that light to moderate alcohol intake
may confer cardiovascular benefits,* MR studies have increasingly challenged this apparent
protective impact of light/moderate alcohol consumption in observational studies: MR evidence
has pointed to a causal relationship between alcohol consumption and increased cardiovascular
risks, contradicting the protective effects reported in epidemiologic studies.**® These findings
indicate that even low-to-moderate alcohol intake may elevate the risk of certain conditions, such
as hypertension, atrial fibrillation, and ischemic stroke, and raise questions about the validity of
the J- or U-shaped associations reported in conventional epidemiological studies,* suggesting
that the beneficial associations were due to selection bias, e.g., the “sick quitter” hypothesis, or
other sources of bias and confounding.®’

The implications of these findings are profound for public health and prevention strategies.
While alcohol abstinence is a well-established goal for mitigating the risk of excessive
consumption, understanding whether moderate consumption provides any tangible protective
benefit for heart health could influence clinical guidelines, public health messaging, and personal
decision-making. Addressing this question requires rigorous investigation beyond observational
studies, such as leveraging RCTs and novel epidemiological approaches like MR studies.
However, despite these efforts, clear conclusions about the causal relationship between moderate
alcohol intake and CVD risk remain elusive. As a result, the development of effective strategies
to reduce alcohol consumption to mitigate CVD risk remains a critical area of focus.
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In addition to their impact on CVDs, alcohol use disorder (AUD) and problematic alcohol
consumption represent their own major public health challenge. They are highly prevalent (e.g.,
one-third of U.S. adults [~85 million] reporting binge drinking)®® and account for over 5% of
global deaths annually,” highlighting the need for better prevention and intervention
strategies.”"’* Recently, there has been a shift towards using reductions in drinking quantity and
heavy drinking days as study outcomes rather than complete abstinence or a clinical diagnosis of
AUD,” including in recent clinical trials.”*” Currently, there are only three FDA-approved
medications for AUD?, and the condition is often undertreated.”””* Alcohol consumption patterns
and the risk of transitioning to problematic drinking or AUD vary significantly.” Novel
computational genetics methods like drug-target/cis-instrument (considered “drug-target MR”
when applied to approved therapeutic targets or investigational targets in clinical trials). MR
have been used to identify therapeutic targets for clinical trials, increasing success
probability.****° These methods also enhance understanding of molecular factors in problem
drinking and AUD, aiding new therapeutic discoveries.””

Genome-wide association studies (GWAS) have identified genetic variants associated with
problem drinking and AUD.*® However, identifying causal genes via comprehensive multi-
omic MR studies remains largely unexplored.” Recent MR work using large neuroimaging
datasets has shown a causal role of increased cortical gray matter in reducing problematic
alcohol consumption.® The cortex, linked to addiction through connections with the limbic
reward systems and executive functions,®®® is crucial for therapeutic development.®® Most drugs
target proteins, and advances in proteomic sequencing have linked the cortical proteome with
psychiatric and substance use disorders.”**** However, cis-instrument MR screens of the cortical
proteome for alcohol consumption behaviors like binge drinking have not been performed
despite distinct genetic architectures and relationships.®**** Integrating expression quantitative
trait loci (eQTLs) is important for understanding genetic signals from GWAS3>36, though studies
are often cell-specific.”*®® Existing transcriptomic studies on problematic alcohol consumption
and AUD are limited to RNA from bulk brain tissue,” complicating gene-level analysis across
brain cell types.”?*'%!

Therefore, in Aim 2, we sought to better understand the genetic basis of alcohol consumption
behaviors at the brain proteomic and single-cell transcriptomic levels by applying two-sample
cis-instrument MR*** to identify relationships of cortical proteins and gene expression in 8
major brain cell types'® with AUD and problematic alcohol consumption behaviors. For
identified cortical proteins and cell-type genes, we perform biological characterization and
compare with other prioritization methods, including transcriptomic imputation'® and RNA-seq
and epigenome-wide association studies (EWAS) on AUD.'**'® We then perform
colocalization,'™ replication using independent alcohol-related GWAS, and a cis-MR screen of
magnetic resonance imaging (MRI) cortical and subcortical structures and white matter tracts to
further prioritize and characterize targets. Finally, we evaluate behavioral phenotypes to assess
relationships of alcohol-related proteins and genes.
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1.5. Aim 3: Multivariate Genome-Wide
Analysis of Non-Alcoholic Fatty Liver
Disease, Type 2 Diabetes, and Coronary
Artery Disease

It is estimated that approximately 25% of the global adult population has non-alcoholic fatty
liver disease (NAFLD)'"'® —recently reclassified as metabolic dysfunction-associated steatotic
liver disease (MASLD)'”—making it the most prevalent form of chronic liver disease. The
prevalence of NAFLD has increased rapidly over time and is projected to affect more than one-
third of U.S. adults and become the leading cause of liver transplants in the U.S. and Europe by
2030."°"" NAFLD is commonly associated with other cardiometabolic disorders, including T2D
and CAD. For example, a meta-analyses of ~6.85 million participants across 40 countries with
NAFLD reported a pooled T2D prevalence of 28.3%,""? while another meta-analysis of
2,224,144 patients with T2D estimated a global pooled NAFLD prevalence of 65.3%.""
Moreover, concurrent T2D in NAFLD patients may synergistically exacerbate clinical
complications and disease progression, i.e., accelerating the progression of NAFLD to more
severe forms of liver disease.'"* Subclinical atherosclerosis is also common among individuals
with NAFLD,"® and patients with fatty livers are at an increased risk for cardiovascular events—
even after adjusting for metabolic risk factors such as obesity and insulin resistance—suggesting
an important role of NAFLD in CAD.">"® Emerging evidence also implicates liver disease,
including NAFLD, in the development of cardiovascular dysfunction.'>''® These
epidemiological associations are also supported by Mendelian randomization (MR)** studies,
which provide genetic evidence of causal relationships between NAFLD, T2D, and CAD."""!!8
However, the biological mechanisms linking NAFLD, T2D, and CAD are complex and not yet
fully understood.

To advance our understanding of the genetic architecture underlying complex, related traits,
multivariate GWAS approaches have been developed to leverage genetic correlations among
phenotypes. These methods, such as GenomicSEM, ' use single-phenotype GWAS summary
statistics to model shared genetic liability across multiple traits. By increasing statistical power
and enhancing the discovery of novel biological pathways, multivariate GWAS provides an
opportunity to identify genetic loci associated with overlapping pathophysiological mechanisms.
Recent applications of multivariate GWASs have successfully identified shared genetic
architecture across neuropsychiatric disorders,'® alcohol consumption behaviors,* and
externalizing behaviors."® However, this approach has not yet been applied to investigate the
shared genetic liability of NAFLD, T2D, and CAD.

Given the comorbidity and strong genetic correlations among NAFLD, T2D, and CAD, we
hypothesized that a multivariate GWAS model could integrate the genetics of these conditions to
investigate a shared cardiometabolic disease factor, hereafter referred to as the "CM-Factor" (for
the remainder of the thesis). This approach aims to facilitate the identification of genomic loci
associated with the underlying genetic architecture shared among these cardiometabolic diseases.
To this end, we generated a multivariate GWAS of the CM-Factor using GenomicSEM'® and the
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largest publicly available univariate GWASs for NAFLD, T2D, and CAD. We extensively
annotated the CM-Factor GWAS through fine mapping,'* transcriptomic imputation,'*
partitioned heritability analysis,'*' and cell-type enrichment.'*

We leveraged the drug-target/cis-instrument MR framework and conducted three separate MR
studies aiming to identify and prioritize therapeutics for the genetic risk of these multimorbid
cardiometabolic diseases. First, we investigated the genetic relationships between the CM-Factor
and cardiometabolic targets in several drug classes, including, seven antidiabetic classes (e.g.,
glucagon-like peptide 1 receptor [GLP1R], and gastric inhibitory polypeptide receptor [GIPR]);
15 lipid-lowering classes (e.g., PCSK9, HMGCR, etc.; seven NAFLD/non-alcoholic
steatohepatitis [NASH] targets that are either FDA-approved (thyroid hormone-f3 receptor
[THRB] agonists'®), in clinical trials, such as fibroblast growth factor 21 (FGF21) analogs,**'*
or are candidate NAFLD targets; and five classes of FDA-approved antihypertensive drugs.
Additionally, we screened ~2,500 genes within the druggable genome to further inform drug
discovery efforts.'*

Finally, the ongoing obesity epidemic presents a critical and escalating global health challenge.'?’
While obesity is linked with increased risk for many diseases and adverse health conditions,
cardiometabolic diseases are the leading cause of death.'” Elucidating new biological pathways
is essential for developing targeted interventions to reduce the burden of obesity and resultant
cardiometabolic disease.'® Circulating proteins can serve as diagnostic markers and potential
therapeutic targets (most approved therapeutics target proteins),**'* and recent work has shown
that increased body mass index (BMI) and obesity are linked with widespread changes in the
plasma proteome."*”"" Clarifying the link between obesity and cardiometabolic disease and
elucidating the circulating proteins that mediate the impact of obesity on cardiometabolic
outcomes could highlight new avenues for therapeutic interventions and potential targets to
mitigate these risks. Therefore, we used a two-step MR"* approach leveraging the genetic
signature of BMI," > 2,900 circulating proteins from individuals of European ancestry,'** and
our CM-Factor, to identify the proteomic consequences of increased BMI and then elucidate the
BMI-affected proteins may mediate the impact of BMI on cardiometabolic health.

Together, the CM-Factor multivariate GWAS and complementary MR analyses comprising the
Aim 3 project aim to characterize the shared genetics across NAFLD, T2D, and CAD, identify
new genomic loci and potential causal biomarkers, and prioritize therapeutic targets, and inform
future investigations into targeted interventions to reduce the morbidity and mortality associated
with these highly prevalent and comorbid conditions.

1.6. Research Foundations and
Motivation: Shaping the Focus of My PhD
Projects
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My research experiences across diverse fields, including neuropsychiatry and addiction,
cardiometabolic diseases, and human aging, have directly shaped the focus of the projects
included in this thesis. These experiences provided the foundation for developing and applying
advanced analytical techniques to complex questions in therapeutic target evaluation. The
breadth of my prior work has helped refine my ability to tackle methodological challenges and
focus on the translational potential of genetic and genomic research, which is reflected in the
studies included in this dissertation.

In the preceding sections, I introduced the broad motivations for my thesis research as it relates
to therapeutic target prioritization in cardiometabolic health. Below, I provide more personal
background and motivation for the specific topics covered in my PhD as it relates to my broader
research experience to date.

I have been fortunate to be successful publishing in several disease areas, e.g., neuropsychiatry
and addition, cardiometabolic diseases, and human aging, in my research immediately preceding,
and during my PhD studies (31 publications, including 17 first-author publications at the time of
writing [December 20", 2024]) (Appendix 1). While many of these papers are not specifically
presented in the thesis results chapters, they have played critical roles in my methodological and
thematic development for my PhD thesis. In the following sections, I discuss how many of these
manuscripts, along with my other research experiences, have informed my interests in drug-
target safety/efficacy analyses in non-European ancestry comprising Aim 1, the target
prioritization for alcohol use behaviors in Aim 2, and the multivariate GWAS of cardiometabolic
multimorbidity comprising Aim 3.

1.6.1. Why focus on PCSK9 and HMGCR in Aim 17

PCSK9, an important regulator of low-density lipoprotein cholesterol (LDL-C) through its role
in low-density lipoprotein receptor (LDLR) (Figure 1.2),'*"'* has emerged as an important
target for cholesterol-lowering drug development.'**'*! There are currently several US Food and
Drug Administration FDA approved pharmacological approaches to PCSK9 inhibition: the first
class of PCSK9 inhibitor (PCSKO9i) drugs include the monoclonal antibodies alirocumab and
evolocumab and the RNA interference PCSK9 drug, inclisiran, are each FDA approved to treat
adults with heterozygous familial hypercholesterolemia or clinical atherosclerotic cardiovascular
disease, who require additional lowering of LDL-C'"*'* to statins, which are inhibitors of
thehydroxy-3-methylglutaryl coenzyme A (HMG-CoA) reductase (HMGCR) (the rate-limiting
enzyme in de novo cholesterol synthesis) and are the standard of care for
hypercholesterolemia.'*'>!

The discovery and approval of PCKS9 inhibition is a hallmark example of a genetically validated
drug target.'"* PCSK9 was first identified in 2003 when it was demonstrated that gain-of-function
mutations in PCSKO led to hypercholesterolemia in humans. Later, additional work
demonstrated that PCSK9 loss-of-function mutations reduced LDL-C and provided protection
against heart disease.'®* Mechanistic studies further revealed that liver cells secrete PCSK9 into
the bloodstream, where it binds to the LDL receptor (LDLR), regulating LDL-C metabolism. '
Among the genetics-based work supporting the candidacy of PCSK9 were early drug-target MR
work by Ference et al.* using genetic risk scores of variants within the PCSK9 locus to
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genetically proxy PCSK9 inhibition investigate the change in risk for cardiovascular disease.*
Earlier work had shown that HMGCR inhibition could be similarly proxied by assessing the its
impact on LDL-C lowering and CAD risk'* and Ference et al.*’ contextualized the PCSK9
findings with analyses proxying HMGCR inhibition.*

Collectively, these findings spurred a surge of interest in PCSK9 as a target for CVD therapy'*’
resulting in the successful FDA approval several PCSK9 inhibitors,'**'* and given the limited
safety and efficacy data in non-European participants, motivated my Aim 1 projects focusing on
PCSK9 and HMGCR inhibition. In this section, I detail additional background as to why I
became interested in PCSK9 and HMGCR inhibition by describing my early research
experiences, including both pre-PhD and early-PhD research, in my National Institutes of Health
(NIH) lab, the Section on Clinical Genomics and Experimental Therapeutics (CGET;
https://www.niaaa.nih.gov/research/division-intramural-clinical-and-biological-research/section-
clinical-genomics-and-experimental-therapeutics) in the National Institute on Alcohol Abuse and
Alcoholism (NTAAA).

CGET is a translational lab that leverages preclinical, clinical, and in silico approaches focused
on genomics and epigenetics to further our understanding of the underlying pathophysiology of
alcohol consumption behaviors, alcohol use disorder (AUD), and alcohol-related liver diseases
with a focus on therapeutic discovery and repurposing for the treatment of AUD and its systemic
sequalae.

We have a long-standing interest in PCSK9 evaluating the central nervous system impact of
PCSKO expression and PCSK9 levels and the safety, efficacy, and underlying biological
consequences of PCSK9 inhibitor therapy (by modulation of PCSK9 protein levels with
monoclonal antibodies. We were the first to link dysregulation of epigenetic control over PCSK9
expression with AUD in both human and preclinical models."” These findings lay the foundation
for of translational studies within our lab comprehensively evaluating the biology of PCSK9 and
PCSK9 inhibition. As a lab member of CGET since Spring 2017 (three years before starting my
PhD in August 2020), I have been involved in many of our PCSK9 projects.

For example, the first manuscripts to which I contributed (pre-PhD) was an analysis looking at
the impact of alcohol consumption behaviors and AUD on PCSK9 levels in cerebrospinal
fluid.”™® In this paper, we leveraged a subset of the NIAAA in-patient and healthy controls
sample (https://clinicalstudies.info.nih.gov/ProtocolDetails.aspx?id=2014-AA-0181) (AUD
patients (N=42) versus healthy controls (N=25)) to show that PCSK9 in CSF was significantly
higher at both day 5 and day 21 of inpatient care (P-value < 0.0001), with plasma levels
positively correlating with CSF levels. These findings suggest that elevated PCSK9 in the brain
may play a role in AUD."®

More broadly, these findings supported the hypothesized role of PCSK9 role in central nervous
system (CNS) functioning. As my lab outlines in a 2022 review (see Bell et al. 2023" [T am a
contributing author on this review article]), while best known for its role in the regulation of
pathways related to the recycling of LDLR (Figure 1.2)"*>'*® and its importance of
cardiometabolic health, PCSK9 was actually first identified as an messenger RNA (mRNA) in
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primary cerebellar neurons and originally given the name neural apoptosis-regulated convertase-
1 due to its upregulation during apoptosis.'**'*®

There is a growing body of literature linking PCSK9 to important neural functions, such as
neural cell apoptosis, neurogenesis, and neuroinflammation, and also disease states (e.g.,
Alzheimer’s Disease, AUD, neural tube defects and stroke),"” underscoring the importance of
further our understanding of PCSK9’s role in the CNS and also suggesting potential repurposing
opportunities for PCSK9 inhibition in both neurological and psychiatric settings.
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Figure 1.2. PCSK9 mechanism of action. Figure reprinted from Bell et al. 2023."*” Cellular
mechanisms involved in PCSK9 function and inhibition by various approaches: (A) Standard
LDLR signaling with and without PCSK9; PCSK9 directs LDLR to lysosomal degradation. (B)
Monoclonal antibodies, like alirocumab, bind to PCSK9, blocking its interaction with LDLR. (C)
RNA interference agents, such as inclisiran, inhibit PCSK9 mRNA translation, significantly
lowering PCSK9 levels available for LDLR binding. (D) In vivo editing of PCSK9 can induce a
PCSK9-/- genotype, effectively reducing active PCSK9 production. Reproduced from Bell AS,
Wagner J, Rosoff DB, Lohoff FW. “Proprotein convertase subtilisin/kexin type 9 (PCSKD9) in the
central nervous system.” Neurosci Biobehav Rev. 2023;149:105155. © 2023 Elsevier Ltd.
Reproduced with permission.
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Given our preclinical findings, my lab is now conducting a Phase 1 study to assess the safety,
tolerability, and biological effects of the PCSK9 inhibitor alirocumab in heavy drinkers who are
not actively seeking treatment. The study aims to explore potential therapeutic effects on liver-
related outcomes and examine alirocumab's impact on relevant biomarkers (ClinicalTrials ID:
NCT04781322; https://clinicaltrials.gov/study/NCT04781322). I was involved in the design of
this clinical trial, including informing study design and identifying potential safety concerns.
Given that we were focusing the clinical trial on AUD patients, the involvement of PCSK9 in the
CNS, and the long-standing concerns in the statin literature regarding neurocognitive impairment
associated with statin therapies,"'® we were concerned about the potential adverse
neurocognitive effects of PCSK?9 inhibition on neurocognitive (i.e., cognition, memory, and
neurodegeneration) and neuropsychiatric (i.e., related to mood, emotions, etc.) outcomes.
Because there were limited RCT data assessing the impact of PCKS9 inhibitors on
neurocognitive functioning and no long-term studies given the recency of PCSK?9 inhibitor
approval, we aimed to use drug-target MR®**'" to provide preliminary assessment of the
neurocognitive and neuropsychiatric profiles of genetically modeled PCSK?9 inhibition.

Given my existing expertise in MR studies applied to a range of topics, from evaluating the
impact of educational attainment and cognition one alcohol consumption behaviors,'®* and
suicidal behaviors'® to assessing the direct effects of alcohol drinking and smoking on
cardiovascular health,'® COVID-19 risk,'® and the relationships between the genetic liabilities
of pain, pain medications, and major depression,'®® I was made the lead analyst for our studies
investigating the neurocognitive and neuropsychiatric profiles of PCSK9 inhibition and was
responsible for study design, data analysis, and drafting the manuscripts.

These analyses resulted in two publications. In the first manuscript (see Rosoff et al. 2022'°")
(Figure 1.3), I focused on the neurocognitive comparison between PCSK9 and HMGCR
inhibition using cis-instrumentation methods and modeling the impact of the expected
physiological response to PCSK9 inhibition and statin therapies, reduced LDL-C levels,® on a
range of neurocognitive endpoints ranging from Alzheimer’s disease and Tau plaques to cortical
gray matter and cognitive tests in adulthood.
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CENTRAL ILLUSTRATION: Genetically Proxied PCSK9 Inhibition and Statin
Use on Neurocognitive Outcomes
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Figure 1.3. Study overview of drug-target MR assessing the neurocognitive impact of PCSK9
and HMGCR inhibition. The figure is the Central Illustration from my 2022 first-author
manuscript in the Journal of the American College of Cardiology (JACC) (Rosoff et al. 2022'%)
proxying of long-term statin therapy (via action of the drug target gene 3-hydroxy-3-
methylglutaryl coenzyme A [HMG-CoA] reductase (HMGCR)) and Proprotein convertase
subtilisin/kexin type 9 (PCSKD9) inhibition. In this study, single nucleotide polymorphisms (SNPs)
located within or near the drug target gene were extracted from a genome-wide association
study (GWAS) on circulating low-density lipoprotein (LDL) cholesterol. Drug-target MR
analysis was conducted for neurocognitive traits related to general cognitive function and
dementia. The data presented are standardized MR effect estimates with 95% confidence
intervals, representing the impact of a 1 standard deviation (38.7 mg/dL) reduction in LDL
cholesterol through the drug target gene. We observed that genetic inhibition of PCSK9 had a
neutral effect on cognition, with no significant impact on cognitive performance, memory, or
cortical surface area. In contrast, HMGCR inhibition was linked to reduced cognitive
performance, slower reaction time, and decreased cortical surface area. Reproduced from
Rosoff DB, Bell AS, Jung J, Wagner J, Mavromatis LA, Lohoff FW. “Mendelian Randomization
Study of PCSK9 and HMG-CoA Reductase Inhibition and Cognitive Function.” J Am Coll
Cardiol. 2022;80(7):653—662. © 2022 The Authors. Published by Elsevier Inc. on behalf of the
American College of Cardiology Foundation, under the terms of the Creative Commons
Attribution License (CC BY 4.0).
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In the second manuscript (I am the second author on this manuscript but performed all of the
analyses and wrote more than half of the manuscript), I examined the impact of PCSK9 and
HMGCR inhibition on symptoms of mood (i.e., depression, anxiety, irritability, and self-harm)
and explored potential differences in the impact between men and women (this was motivated by
the well-known sex differences in depression diagnoses, e.g., women are more than twice as
likely as men to be diagnosed with depression,'® and are present with worse depression symptom
severity'®'7?). Having gained experience genetically proxying the primary expected
physiological of PCSK9 inhibition, I aimed to expand the scope of my assessment of PCSK9
inhibition by incorporating tissue expression and circulating proteomics data into my study
design. In addition to constructing PCSK9 instruments using LDL-C, I also leveraged available
data sources for circulating protein levels, and disease-relevant tissue gene expression (Figure
1.4).
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Figure 1.4. Inverse variance weighted (IVW) MR results of genetically proxied PCSK9 in
circulating LDL-C and circulating protein levels on neuropsychiatric outcomes for men and
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women (from Bell et al.'” [Figure 2]). Estimates for the LDL-C lowering impact of PCSK9
inhibition are reported odds ratios (ORs) corresponding to a change in the risk for the
neuropsychiatric endpoint for a 1 standard deviation (SD) lowering of genetically proxied
circulating low-density lipoprotein cholesterol (LDL-C) levels (corresponding to the primary
physiological response of pharmacologic PCSK9 inhibition). For the analyses using circulating
PCSKO protein levels, the ORs correspond for a change in genetically proxied normalized
circulating PCSKO protein levels (i.e., the physiological target of monoclonal anti-PCSK9
inhibitors). Reproduced from Bell AS, Rosoff DB, Mavromatis LA, et al. “Comparing the
Relationships of Genetically Proxied PCSK9 Inhibition With Mood Disorders, Cognition, and
Dementia Between Men and Women: A Drug-Target Mendelian Randomization Study.” J Am
Heart Assoc. 2022;11:e026122. © 2022 The Authors. Published by the American Heart
Association, Inc., under the terms of the Creative Commons Attribution 4.0 International License
(CC BY 4.0).*

Together, these two drug-target MRs did not find evidence of adverse cognitive-related or
psychiatric side effects related to inhibition of PCSK9, which did align with preliminary earlier
safety assessments based on short-term clinical studies'**'’*'”> and early genetic studies.'”® They
also provided the experience conducting drug-target MR studies necessary for me to extend to
multi-ancestry and multi-omics analyses in Aim 1 as well as the expanded drug-target/cis-
instrument MR applications in Aims 2 and 3.

1.6.2. Why investigate the genetic underpinnings
of alcohol consumption behaviors?

The NIAAA, which has the following mission statement:

“The mission of the National Institute on Alcohol Abuse and Alcoholism is to generate and
disseminate fundamental knowledge about the adverse effects of alcohol on health and well-
being, and apply that knowledge to improve diagnosis, prevention, and treatment of alcohol-
related problems, including alcohol use disorder, across the lifespan”—
(https://www.niaaa.nih.gov/our-work/mission-statement)

My first first-author publication (prior to my PhD) was a manuscript using conventional
epidemiological approaches and the NIAAA clinical trial dataset investigate the impact of high-
intensity binge drinking (defined by the NIAAA as consuming 2- and 3-times the gender-specific
binge drinking thresholds of 5 drinks per occasion for men and 4 drinks per occasion for
women)® on liver enzymes and cholesterol levels."”’

The study was motivated by other work at the NIAAA reporting that an estimated 32 million
adults in the United States reported high intensity binge drinking at least one time in the previous
calendar year.*®® My main findings showed high-intensity binge drinking was associated with a
dose-dependent 2- to 8-fold increased odds for clinically high levels of HDL-C, total cholesterol,
triglycerides, and all liver function enzymes (gamma-glutamytransferase, aspartate
aminotransferase, and alanine aminotransferase) (Figure 1.5). In a secondary analysis examining
the impact of high-intensity binge drinking patterns accounting for the total amount of alcohol
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consumed, I found each additional day of high-intensity binging also increased the odds of
clinically high biomarker levels, which is alarming that even one additional day high-intensity
binge drinking may increase cardiometabolic risk factor levels given that high-intensity binge
drinking is common on the weekends, special events, and holidays.’
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Figure 1.5. Means Levels of Lipid and Liver Function Test (LFT) Biomarkers by Alcohol
Binge Levels (Figure 1 in Rosoff et al. 2019'”’). Means Levels of Lipid and Liver Function Test
(LFT) Biomarkers by Alcohol Binge Levels Error bars indicate unadjusted 95% confidence
intervals; ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, y-
glutamyltransferase; HDL, high-density lipoprotein; and LDL, low-density lipoprotein.
Reproduced from Rosoff DB, Charlet K, Jung J, et al. “Association of High-Intensity Binge
Drinking With Lipid and Liver Function Enzyme Levels.” JAMA Netw Open.*
2019;2(6):e195844. doi:10.1001/jamanetworkopen.2019.5844. © 2019 The Authors. Published
by the American Medical Association under the terms of the Creative Commons Attribution
License (CC BY 4.0).

Although alcohol consumption has been linked to alterations in cardiovascular risk factors, such
as high-density lipoprotein cholesterol (HDL-C), triglycerides, and liver function enzymes, prior
studies have not been able to explore these associations specifically among individuals reporting
recent high-intensity binge drinking and my study added to the body of observational literature
showing a complex relationship between alcohol consumption and cardiovascular disease.'”

However, causal inferences difficult in observational studies due to potential confounding and
reverse causation."”® Additionally, in 2019, the Moderate Alcohol and Cardiovascular Health
study, a large worldwide multicenter, worldwide, randomized clinical trial designed by the
NIAAA to provide causal inference for the hypothesized “J-curve”'® in the alcohol-CVD
relationships by assessing the impact of consuming ~15 grams of alcohol daily (versus a control
group abstaining from alcohol consumption), was stopped, due to concerns about study design
and future credibility.'®' Early one-sample MR studies investigating genetic variation in the
acetylaldehyde dehydrogenase (ALDH) or alcohol dehydrogenase (ADH) genes found that
alcohol is associated with increased HDL-C levels,'®>'#* while a seminal MR study by Millwood
et al."® using data from 512,715 Chinese adults in the Kadoori Biobank found that alcohol
increases stroke risk but has no effect on myocardial infarction (MI), possibly due to the low MI
prevalence in the study population.'®
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However, there is a complex relationship between alcohol consumption and smoking behaviors
with clinical and observational finding them to be highly comorbid behaviors (e.g., it has been
estimated that approximately 85% of smokers consume alcohol,'® and drinkers are 75% more
likely to smoke than abstainers'®”) and genetic-based studies finding strongly linked genetic
architectures,'®'* underscoring the importance of assessing the cardiovascular impact of both
simultaneously.

Therefore, my lab and I were motivated to use Mendelian randomization approaches to further
our understanding of direct impact cardiovascular impact of alcohol consumption and smoking
behavior using multivariable MR."*'*! This results of this study were published in first-author
manuscript in PLOS Medicine entitled, “Evaluating the relationship between alcohol
consumption, tobacco use, and cardiovascular disease: A multivariable Mendelian
randomization study” (ref.'??).

Using polygenic genetic instruments for alcohol consumption behaviors and tobacco smoking
analyses, I found that in single-variable MR analyses, genetically predicted alcohol consumption
and smoking were linked to an elevated risk of several CVDs, including stroke, myocardial
infarction (MI), CHD, peripheral artery disease (PAD), and atrial fibrillation (AF), and systolic
blood pressure. When I assessed the direct effects of alcohol consumption and smoking
behaviors in multivariable MR, smoking maintained a strong association with these CVDs, while
alcohol consumption remained associated with increased systolic blood pressure and increased
CHD risk (Figures 1.6 & 1.7). The smoking-CVD relationships align with other MR studies
showing adverse cardiovascular effects of smoking behaviors,'**'** and together underscores the
importance of identifying targets for heavy drinking reduction and smoking cessation as
strategies to alleviate the burden of CVDs.
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Figure 1.6. Single variable and multivariable MR estimates genetically predicted alcohol consumption and smoking with CVD risk
factors (Rosoff et al. 2020"* [Figure 2]). For alcohol, the estimates are reported per 1 standard deviation (SD) increase in log-
transformed weekly alcohol consumption (with MVMR adjusting for smoking). For smoking, the estimates are expressed per 1 SD
increase in the log odds of being a regular smoker (with MVMR adjusting for alcohol consumption). Abbreviations: CI, confidence
interval; CVD, cardiovascular disease; HDL-C, high-density lipoprotein cholesterol; IVW, inverse variance weighted; LDL-C, low-
density lipoprotein cholesterol; MVMR, multivariable Mendelian randomization; SD, standard deviation; SNP, single nucleotide
polymorphism. Reproduced from Rosoff DB, Davey Smith G, Mehta N, Clarke T-K, Lohoff FW. “Evaluating the relationship between
alcohol consumption, tobacco use, and cardiovascular disease: A multivariable Mendelian randomization study.” PLoS Med. 2020;
17(12): e1003410. doi:10.1371/journal.pmed.1003410. This article is distributed under the terms of the Creative Commons CCO
Public Domain Dedication.
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Figure 1.7. Single variable and multivariable MR estimates genetically predicted alcohol consumption and smoking with CVDs
(Rosoff et al. 2020"* [Figure 3]). The estimates from SVMR, IVW MVMR, and MR-Egger are presented as odds ratios (ORs). For
alcohol, the ORs represent the effect per 1 standard deviation (SD) increase in log-transformed weekly alcohol consumption (with
MVMR adjusting for smoking). For smoking, the ORs reflect the effect per 1 SD increase in the log odds of being a reqular smoker
(with MVMR adjusting for alcohol consumption). Abbreviations: CI, confidence interval; CVD, cardiovascular disease; IVW, inverse
variance weighted; MVMR, multivariable Mendelian randomization; OR, odds ratio; SD, standard deviation; SNP, single nucleotide
polymorphism; SVMR, single-variable Mendelian randomization. Reproduced from Rosoff DB, Davey Smith G, Mehta N, Clarke T-K,
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Lohoff FW. “Evaluating the relationship between alcohol consumption, tobacco use, and cardiovascular disease: A multivariable
Mendelian randomization study.” PLoS Med. 2020; 17(12): e1003410. doi:10.1371/journal.pmed.1003410. This article is distributed
under the terms of the Creative Commons CCO Public Domain Dedication.
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These findings were supported and extended by more recent work of mine clarifying the direct
and total effects of substance use behaviors and major psychiatric illness on healthy aging and
epigenetic age acceleration.'” In Rosoff & Hamandi et al., published in JAMA Psychiatry in
June 2024, T used multivariable MR methods to clarify the direct and total effects of substance
use behaviors and major psychiatric illness on healthy aging and epigenetic age acceleration.
After extensive multivariable MR and sensitivity tests I showed that the direct effects of major
psychiatric disorders were most strongly mediated by smoking behaviors (and to a degree
alcohol consumption; however, the AUD data was underpowered).'® As part of this manuscript,
I used drug-target MR and brain proteomics to identify 135 cortical proteins significantly
associated with smoking behavior, including 27 proteins with evidence of colocalization. Among
these, AKT3, LY6H, and RIT2 emerged as top candidates for therapeutic development, offering
promising targets for smoking cessation interventions. LY6H modulates nicotinic acetylcholine
receptor activity and showed beneficial neuropsychiatric profiles in phenome-wide MR (Phe-
MR), indicating potential dual benefits for smoking cessation and mood regulation.'”

These analyses motivated a similar, standalone study integrating cortical brain proteomics data
(which expand into the single cell transcriptome of canonical brain cell types) with harmful
alcohol consumption that is presented as the main study in Aim 2.

1.6.3. Why explore the genetic links between T2D,
CAD, and NAFLD with multivariate GWAS methods?

Given the complex interplay between NAFLD, T2D, and CAD, which share overlapping genetic,
metabolic, and pathophysiological pathways, it is important to use methods capable of capturing
their shared genetic architecture and I gained experience using the recently developed
multivariate GWAS method called Genomic Structural Equation Modeling (GenomicSEM)' in
the context of aging-related traits, as demonstrated in the construction and analysis of the
multivariate genetic factor reflecting aging in a first-author publication entitled, “Multivariate
genome-wide analysis of aging-related traits identifies novel loci and new drug targets for
healthy aging," published in 2023 in Nature Aging,'*® highlights the utility of this approach in
disentangling the genetic underpinnings of interrelated phenotypes (Figure 1.8). The ability of
GenomicSEM to integrate multiple traits into a single multivariate framework makes it ideally
suited for investigating polygenic liability across related traits, enhancing discovery power, and
addressing limitations inherent in single-trait GWAS approaches.'®

32



Figure 1.8. Multivariate aging GWAS modeled with GenomicSEM (Figure 2 from Rosoff et
al. 2023, published in Nature Aging). A Genetic correlations for structural equation modeling
with genomic SEM, displaying pairwise LD Score genetic correlation estimates for the five
univariate phenotypes. B Path diagram of the common factor model estimated with genomic
SEM, with standardized factor loadings, (standard error in parentheses). C Manhattan plot
showing SNP associations (—log:o(P-value)) with mvAge, ordered by chromosome. The red
dashed line indicates the threshold for conventional genome-wide significance (P-value = 5%
107®). P-values are derived from two-sided Wald tests for each SNP on mvAge. “*” indicates
that summary statistics for frailty and PhenoAge (the epigenetic clock variable) were reversed to
align with the other longevity-related endpoints. SEM, structural equation modeling.
Reproduced from Rosoff DB, Mavromatis LA, Bell AS, Wagner J, Jung J, Marioni RE, Davey
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Smith G, Horvath S, Lohoff FW. “Multivariate genome-wide analysis of aging-related traits
identifies novel loci and new drug targets for healthy aging.” Nat Aging 2023; 3: 1020-1035. ©
2023 The Authors, licensed under Creative Commons Attribution 4.0 International (CC BY
4.0).*

GenomicSEM was able to model the shared genetic liabilities among diverse phenotypes such as
healthspan, lifespan, frailty, and epigenetic aging. These phenotypes, like NAFLD, T2D, and
CAD, are highly correlated and reflect interconnected biological processes. GenomicSEM
allowed for the identification of novel genetic variants and loci by leveraging genetic
correlations among the input GWASs, substantially increasing effective sample size and
statistical power. Moreover, this approach enabled insights into the underlying pathways and
biological mechanisms driving these traits, providing a robust platform for further bio-annotation
and prioritization of potential therapeutic targets. For the analysis of NAFLD, T2D, and CAD,
GenomicSEM offers several advantages:

1. Capturing Shared Genetic Architecture: Like aging traits, NAFLD, T2D, and CAD are
highly interconnected, with overlapping genetic risk factors contributing to their
development and progression. The capacity of GenomicSEM to model their shared
genetic liability facilitates a comprehensive understanding of the common biological
underpinnings.

2. Enhanced Statistical Power: By integrating GWAS summary statistics from multiple
traits, GenomicSEM boosts statistical power, enabling the discovery of genetic loci and
pathways that may not reach significance in univariate analyses, which is especially
important for the NAFLD GWAS that have been limited, to date, but small case counts in
the available cohorts.'”’

3. Identification of Trait-Specific and Shared Pathways: The ability to decompose
genetic variance into shared and trait-specific components provides a nuanced
understanding of how certain loci and pathways uniquely or jointly contribute to the
phenotypes.

4. Relevance to Multisystem Diseases: Like aging, NAFLD, T2D, and CAD involve
systemic effects and cross-organ interactions, making the systems-level focus of
GenomicSEM particularly relevant for exploring their interconnections.

In summary, my diverse research experiences in neuropsychiatry, cardiometabolic health, and
human aging have provided a robust foundation for the studies in this thesis. These experiences
honed my skills in leveraging genetic and genomic data to tackle complex questions in
therapeutic target prioritization and shaped my focus on the translational applications of
advanced analytical techniques. This dissertation reflects the integration of these experiences,
connecting prior work with the central aims of investigating drug-target safety and efficacy,
exploring the genetic underpinnings of alcohol-related behaviors and cardiometabolic health, and
applying multivariate methods to disentangle the shared genetic architecture of related diseases.
Together, these projects underscore my commitment to advancing the understanding of genetic
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and molecular mechanisms underlying human health and disease, with a focus on actionable
insights for therapeutic development.
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CHAPTER 2: MATERIALS &
METHODS

Chapter Overview

Chapter 2 outlines the methodological frameworks and data sources underpinning the analyses
presented in this thesis, focusing primarily on MR techniques. It provides a comprehensive
overview of MR, its foundational assumptions (relevance, independence, and exclusion
restriction), and applications, including conventional MR for identifying causal relationships
between biomarkers and disease risk and drug-target MR for therapeutic target validation. The
chapter also introduces complementary methods, such as transcriptomic imputation,
colocalization, and GenomicSEM, utilized across the specific thesis aims.

Key methodologies include constructing genetic instruments for lipid-lowering targets (e.g.,
PCSK9, HMGCR), glycemic traits, and cardiometabolic outcomes using population-specific
GWAS data. Detailed drug-target MR analyses evaluated the causal impact of lipid-lowering
therapies on type 2 diabetes and related glycemic markers. In parallel, cis-instrument MR screens
prioritized brain-specific proteins, cell-type-specific gene expression, and their associations with
alcohol use behaviors and psychiatric outcomes.

Subsequent sensitivity analyses addressed pleiotropy and robustness, integrating multi-modal
data such as neuroimaging, proteomics, and transcriptomics to contextualize findings
biologically. Multivariate GWAS approaches, exemplified by the CM-Factor integrating shared
genetic liability for cardiometabolic traits, further expanded causal inference applications. This
multi-disciplinary methodology bridges causal inference, genetic epidemiology, and therapeutic
innovation.

2.1. Mendelian Randomization
Background

Mendelian Randomization (MR) forms the foundation of the projects presented in this thesis.
This section provides an overview of the principles and applications of MR, with a specific focus
on its use in drug-target MR for prioritizing therapeutic targets and evaluating their causal
effects.** Other methods, such as transcriptomic imputation'® and Genomic Structural Equation
Modeling (GenomicSEM)," are presented in the sections that outline the methods used for the
specific Aims of this thesis.

MR is an instrumental variable analysis method used to test causal hypotheses in observational

data.”*"” In MR, genetic variants—typically single nucleotide polymorphisms (SNPs)—serve as
instrumental variables for a putative risk factor. The approach is rooted in Mendel’s second law
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of independent assortment, which ensures the random segregation of alleles during gamete
formation, analogous to the random assignment in a randomized controlled trial (RCT). This
randomization minimizes confounding and allows causal inference.*

In an RCT, participants are randomly assigned to receive either an intervention or a placebo, and
any observed differences in outcomes are attributable to the intervention. Similarly, in MR,
individuals are effectively "randomized" based on their inherited genetic variants.** MR reduces
the risk of reverse causation because genetic variants are fixed at conception and are not
influenced by disease status, providing robust insights into causality in non-experimental
settings.*®

2.1.1. Mendelian randomization assumptions

MR analyses are subject to the core instrumental variable assumptions. (Figure 2.1): (1)
relevance, (2) independence, and (3) exclusion restriction.'® The relevance assumption assumes
that genetic variants used as instruments are strongly associated with the exposure. The
independence assumption necessitates that these variants are independent of confounders of the
exposure-outcome relationship. Finally, the exclusion restriction criterion assumption ensures
that the variants affect the outcome solely through the exposure.'*

Figure 2.1. Mendelian randomization model overview (directed acyclic graph adapted from
refs.*'*). Mendelian Randomization (MR) is based on three fundamental assumptions: (1) the
genetic variant(s) used as an instrument (the genome-wide genetic variants) must be associated
with the exposure of interest (X), a condition known as the relevance assumption (IV1); (2) the
instrument must not be influenced by any confounders, whether measured or unmeasured, that
also affect the outcome (Y), referred to as the independence assumption (IV2); and (3) the
instrument can only affect the outcome (Y) through its effect on the exposure (X), with no
alternative causal pathways, an assumption known as the exclusion restriction or the no
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horizontal pleiotropy assumption (IV3). The dotted lines indicate that MR assumes no
relationship. Created in BioRender. Rosoff, D. (2025) https://BioRender.com/2syn5uk

2.1.2. Drug-target/cis-instrument MR

As outlined by Holmes et al.,® drug-target MR and MR used to assess causal relationships of
biomarkers and risk factors serve different purposes, reflecting fundamental differences in their
genetic architectures and applications.® Conventional MR focuses on complex traits—such as
blood pressure, high density lipoprotein cholesterol [HDL-C], or body mass index— that are
typically polygenic, meaning their genetic associations arise from many SNPs located throughout
the genome. These variants often represent diverse and overlapping biological pathways. By
contrast, drug-target MR focuses on specific encoded target (e.g., protein levels, gene expression,
or the primary expected physiological response to pharmacological modulation) targeted by
therapeutic interventions, which are usually influenced by cis-acting genetic variants near the
gene encoding the protein or target of interest, which allows drug-target MR to act as a closer
proxy for therapeutic intervention by mimicking the intended mechanism of action of a drug.®*
Drug-target/cis-instrument MR has analogies to RCTs modeling therapeutic targets of interest
(Figure 2.2) and has been both used to both predict efficacy of known drug targets for a range of
disease outcomes,™ also screen for new therapeutic targets across many tissues (see refs.”*?*),

One key distinction lies in the interpretation of results between conventional and drug-target/cis-
instrument MR analyses: In conventional MR, the aim is to establish the causal role of a
biomarker in disease etiology and evaluate its potential as a modifiable risk factor. For example,
MR might evaluate whether lowering LDL cholesterol causally reduces the risk of coronary
artery disease. Conversely, drug-target MR evaluates whether a specific drug target (e.g., a
protein like PCSK9, HMGCR, or CETP) has the intended therapeutic effect (i.e., lowering LDL-
C levels). Even when a biomarker is shown to be causally linked to a disease, the drug targeting
that biomarker may have additional effects (target-mediated pleiotropy) that differ from those of
the biomarker itself, e.g., CETP inhibitors raise HDL-C but reduce coronary artery disease risk
through effects on apolipoprotein B, highlighting how drug effects can diverge from biomarker
associations.”

Additionally, drug-target MR often involves fewer genetic variants (typically cis-acting variants
near the target gene),” reducing the risk of horizontal pleiotropy but potentially limiting
statistical power. Conventional MR of biomarkers of risk factors, on the other hand, leverages
large numbers of variants to capture the full genetic architecture of a trait, which provides higher
power but introduces a greater risk of confounding from pleiotropic pathways. Therefore, while
both biomarker and drug-target MR provide insights into disease mechanisms, their objectives,
methodologies, and interpretations differ significantly. Conventional MR informs public health
interventions and identifies modifiable risk factors, whereas drug-target MR directly informs
drug development by evaluating the likely success of a therapeutic intervention targeting a
specific protein. These differences highlight the complementary roles of the two approaches in
advancing precision medicine and therapeutic innovation.*
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Figure 2.2. Comparison of randomized controlled trial (RCT) and drug-target Mendelian
Randomization. This figure illustrates the conceptual similarities and differences between RCTs
and MR in assessing the causal impact of lowering low-density lipoprotein cholesterol (LDL-C)
on disease outcomes (here coronary artery disease [CAD]) (a) RCT Approach: Participants are
randomized to receive either a PCSK9 inhibitor (e.g., alirocumab) or a placebo, ensuring
balanced environmental confounders between groups. The intervention reduces LDL-C levels in
the treatment group, while the control group maintains normal levels. The outcome (e.g., CAD
incidence) is then compared between the groups to evaluate the effect of the treatment. (b) Drug-
target MR approach: Genetic variants in the PCSK9 locus associated with lower LDL-C levels
(e.g., SNP;, SNP,) act as instrumental variables. Individuals carrying these variants are
compared to those with reference (i.e., the wild-type) alleles. Because genetic variation is
randomly inherited and independent of confounding factors, the resulting analysis approximates
the effect of life-long lower LDL-C levels on CAD risk. Created in BioRender. Rosoff, D. (2025)
https://BioRender.com/13zvjfn

39



2.2. Aim 1 Methods

Figure 2.3 presents an overview of the Aim 1 analyses.

2.2.1. Data sources

For our exposure LDL-C data, we used GWASs of LDL-C levels from the 2021 Global Lipid
Genetics Consortium (GLGC) LDL-C population-specific meta-analyses of AFR (N< 94,623),
EAS (N< 82,587), SAS (N< 40,472), HISP (N< 46,039), and EUR populations (N<
1,320,016).*' For T2D diagnoses in EAS, SAS, and EUR populations, we used the 2022
DIAMANTE population-specific meta-analyses (EAS N=433,540; SAS N=49,492; EUR
N=898,132).> HISP and AFR data were not available in the DIAMANTE cohorts. For HISP,
we used the T2D results (N=10,106) from the Population Architecture using Genomics and
Epidemiology (PAGE) study.*® Because a recent MR evaluated the impact of lipids and lipid-
lowering drug-targets on T2D in AFR populations using the results from the MVP cohort,** we
used another, independent AFR GWAS of T2D (N=4,347).%*

We used the recent GWASs for HbA1c, fasting glucose levels, fasting insulin levels, and 2-hour
glucose levels in the these populations from the MAGIC (Meta-Analyses of Glucose and Insulin-
related traits) Consortium®” to evaluate the glycemic impact of lipid-lowering targets across the
5 populations. 2-hour glucose data was not available for SAS. We also assessed the impact of
lipid-lowering targets on insulin-stimulated glucose uptake in EUR cohorts using GWASs of
Modified Stumvoll insulin sensitivity index (ISI) and insulin fold change IFC, respectively.?®
See Table AP2.1 for additional information on the GWAS data used in the Aim 1 analyses.
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Figure 2.3. Aim 1 analysis overview. Presented are details outlining instrument selection, data
sources, and analysis plan. Top panel describes populations included in the study and the
countries of origin for each dataset (the stars reflect the approximate geographical locations of
the datasets included in the publicly available GWAS data). We constructed genetic instruments
for Proprotein convertase subtilisin/kexin type 9 (PCSK9) and (3-hydroxy-3-methylglutaryl
coenzyme A reductase (HMGCR) extracting variants at the gene target locus (£100 kilobases
[kb]) from population-specific summary-level genome-wide association study (GWAS) data of
circulating low-density lipoprotein (LDL) cholesterol levels (2021 Global Lipid Genetics
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Consortium (GLGC) meta-analysis GWAS for EAS, SAS, AFR, HISP, and EUR populations).
For PCSKO9, we also constructed alternate instruments comprised of previously identified
functional variants (R46L, E670G). Similarly, we constructed polygenic LDL-C instruments
using conventionally genome-wide statistically significant (P < 5%10®) variants across the
genome that were conditionally independent at linkage disequilibrium (LD) R’ < 0.001. We
obtained GWAS summary statistics for type 2 diabetes (T2D) and glycemic markers from each
population and harmonized the exposure and outcome before performing Mendelian
randomization (MR). For the drug-target MR genetically proxying LDL-C lowering via the
PCSK9 and HMGCR loci, we used the inverse-variance weighted random-effects (IVW) method
accounting for the correlation between the genetic variants, for 2+ SNP instruments, and for
single SNP instruments, the Wald ratio, as main methods. We performed colocalization under the
single variant and multiple variant models for exposure-outcome pairs that had MR estimates
with P-values < 0.05. PCSK9: Proprotein-convertase subtilisin/kexin 9; HMGCR; 3-hydroxy-3-
methylglutaryl coenzyme A reductase; T2D: type 2 diabetes; HbAlc: glycated hemoglobin; MR:
Mendelian randomization; LDL-C: low-density lipoprotein cholesterol; IVW: inverse variance
weighted; SNP: single nucleotide polymorphism. Created in BioRender. Rosoff, D. (2025)
https://BioRender.com/hd6tvgb.

2.2.2. PCSK9, HMGCR, and polygenic LDL-C
instruments

To construct the PCSK9 and HMGCR instruments we selected genetic variants within 100
kilobases (kb) on either side of gene boundaries that were associated with LDL-C levels (at
conventional genome-wide significance P-value < 5x107®) to proxy the primary physiological
response pharmacological inhibition of these targets.”® We clumped the PCSK9 and HMGCR
variants at linkage disequilibrium (LD) r’< 0.2 using a 250 kb window, and the respective
population-specific 1000 Genomes Project reference panels (1000G).*” That is, for each
population-specific analysis, we applied the corresponding reference panels from the 1000G: the
EAS panel for East Asian analyses, the SAS panel for South Asian analyses, the AFR panel for
African analyses, the HISP panel for Hispanic analyses, and the EUR panel for European
analyses. For PCSK9, we also created instruments comprised of only functional variants (the
gain-of-function R46L [rs505151]* and the loss-of-function E670G [rs11591147]*®). Both
E670G and R46L were available for analysis in SAS, AFR, HISP, and EUR populations,
whereas only R46L. was available in the EAS population because E670G was not present in the
EAS LDL-C GWAS data. Detailed information for each drug-target instrument is shown in
Tables AP2.2 and AP2.3.

Change in LDL-C levels is the primary biomarker measured to assess the physiological response
to PCSK9 inhibition and statin therapy,**** and dyslipidemia has also been associated with T2D
risk.””® Therefore, we investigated the relationships of circulating LDL-C and both T2D and
glycemic traits in the five populations using polygenic LDL-C instruments. For the polygenic
LDL-C instruments, we identified variants associated in respective population-specific 2021
GLGC GWASs of LDL-C levels at conventional genome-wide significance (P-value < 5x10®)
located throughout the genome. We clumped the variants at LD r*< 0.001 (within a 10,000 kb
window) using the appropriate 1000G reference panel.*”
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2.2.3. PCSK9 protein and PCSK9 expression data

In a separate set of drug-target analyses to further explore the potential impact of PCKS9
inhibition on T2D and glycemic traits, we performed a multi-omics drug-target MR analysis
genetically modeling PCSK9 inhibition leveraging both expression quantitative trait loci (eQTL)
from Genotype-Tissue Expression version 8 (GTEx v8)* and protein quantitative loci (pQTL)
from deCODE (N=35,559).> We constructed two tissue-specific PCSK9 expression instruments:
one using PCSK9 eQTLs in liver tissue (N=178) and another using PCSK9 eQTLs in pancreatic
tissue (N=243) from postmortem data (EUR).”” Cis-PCSK9 variants were extracted and clumped
per the same criteria used constructing the PCSK9 instruments derived from LDL-C data (i.e.,
variants within +100kb clumped at LD r*< 0.2 using a 250kb window and the European 1000G
reference panel®”). PCSKO9 protein levels were measured in normalized protein units.*® eQTL
data is measured in transcripts per million (TPM).***"" pQTL and eQTL data for circulating
PCSK9 and tissue-specific PCSK9 expression were not available for non-EUR cohorts.
Therefore, these analyses are limited to the T2D and glycemic markers in the EUR cohorts.

2.2.4. Statistical analysis

To adhere to the relevance assumption, we assessed the strength of the population-specific
instruments by calculating F-statistics and R? (variance in trait explained by the variant) for each
variant comprising the population-specific drug target instruments,***"* retaining instruments of
sufficient strength (by convention, F-statistic exceeding 10). Complementary MR methods along
with alternate instruments facilitate assessment of our adherence to exchangeability and
exclusion restriction assumptions.

For drug target instruments with a single variant, we used the Wald ratio method.*" For
instruments with 2 or more variants, we performed MR using the inverse variance weighted
(IVW) MR, MR Egger, and Maximum Likelihood methods*" accounting for the LD between
variants by incorporating correlation matrices generated using the 1000 Genomes Project data to
both assess evidence for relationship of PCSK9 and HMGCR with the outcomes, and also
evaluate potential violations of the MR assumptions**—consistency of estimates across these
MR methods suggests an unbiased estimate.****'> For the polygenic LDL-C analyses using
instruments clumped at LD r’< 0.001 (and also the PCSK9 instruments comprised of the R46L
and E670G functional variants), we performed MR IVW as the main method for instruments
with 2+ SNPs and the Wald method for the single-SNP instruments. Again, we included several
complementary MR methods (i.e., MR Egger, weighted median, and weighted mode MR) as
sensitivity analyses to assess the robustness of the MR IVW results—important for strengthening
causal inference® because these complementary MR methods help evaluate the sensitivity of the
results to different patterns of violations of the MR assumptions (e.g., horizontal pleiotropy).*
We also used the MR Egger intercept test?*® and Cochran Q heterogeneity test*” to assess
heterogeneity and the MR Steiger test to evaluate the hypothesized causal direction between
circulating LDL-C levels and outcomes.* We used the MR LASSO method,*'® when applicable,
to remove variants identified as outliers in the analyses using polygenic LDL-C instruments.
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2.2.5. Sensitivity analyses: multivariable MR with

body mass index

The MAGIC GWAS glycemic traits data were each adjusted for body mass index (BMI),*® which
may introduce bias into the SNP associations of the GWAS results.*® This adjustment for a
heritable covariate may, in turn, introduce biases into effect estimates of MR analyses.**
Multivariable MR (MVMR), which builds upon conventional single-variable MR by estimating
the direct impact of multiple exposures on an outcome, taking into account the influence of each
exposure in relation to the others,'" has been shown to attenuate the bias from heritable
covariates by incorporating the heritable covariate used to adjust the GWAS within the MVMR
analysis.”?! Therefore, to assess the robustness of the glycemic trait analyses, we performed
MVMR incorporating the genetics of BMI into the PCSK9, HMGCR, and polygenic LDL-C
models. GWAS BMI data was available for all populations (EAS N=256,450, SAS
N=8,646,* AFR N=6,545, HISP N=56,161,"** and EUR N=694,649"*) and MVMR
instruments for PCSK9, HMGCR, and polygenic LDL-C levels were constructed using the same
instrumentation strategies as outlined for the drug-target and single variable MR methods
described above. We were unable to construct an MVMR instrument for PCSK9 in the SAS
population to confirm the finding with HbA1c due to the PCSK9 SAS instrument only having a
single SNP and therefore were unable to test these analyses.

2.2.6. Interpretation of MR results

We report the MR 95% confidence interval estimates as odds ratios (ORs) for T2D risk and
regression effect estimates for the continuous glycemic traits. We aligned the direction of the
estimates with the physiological impact of PCSKS9 inhibitors and statins by transforming the
reported MR estimates to a standard deviation lowering in LDL-C. We advise against
interpreting study findings based solely on a P-value threshold;** however, to account for
multiple testing within each population, we used a Bonferroni-corrected P-value threshold of
0.005 (0.05/5 main outcomes and 2 drug targets per population) as a heuristic to define ‘strong
evidence’ of evidence for a genetics-based relationship. We considered findings with P-values >
0.005 and P-value < 0.05 as ‘weak evidence’ for a genetics-based relationship in the main
findings. We used a P-value threshold of 0.05 for the MVMR sensitivity analyses. To assess
consistency and robustness, we examined whether the estimates agreed in both direction and
magnitude, indicated by overlapping confidence intervals, across complementary MR methods.

2.3. Aim 2 Methods

Figure 2.4 provides the Aim 2 study overview.
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Figure 2.4. Aim 2 Study overview. The first panel presents data sources and sample sizes of the
genome-wide association studies (GWASs) used for problematic alcohol use (PAU) and the three
alcohol consumption behaviors. The second panel outlines Stage 1, comprising the initial cis-
instrument Mendelian randomization (MR) with cortical protein data (N=722 from three cortical
regions: dorsolateral prefrontal cortex, orbitofrontal cortex, and parahippocampal region, and
single cell eQTL data from 8 brain cell types (N=192 and the cell types are derived from bulk
tissue in the prefrontal cortex, temporal cortex, and white matter tracts), sensitivity cis-
instrument MR analyses, and colocalization screens. Stage 1 also used several gene mapping
methods, transcriptomic imputation using the FUSION method, whole blood epigenome-wide
data that identified the epigenomic signatures of AUD (compared to healthy controls), and bulk
RNAseq data from postmortem brain tissue AUD patients to characterize the proteins and genes
identified in the cis-instrument MR screens and determine if the cis-instrument screens identified
novel biological underpinnings of problematic alcohol consumption compared to other gene
prioritization methods. Stage 2 is outlined in the third and fourth panels. In Stage 2 we annotated
targets with biological pathway and ontology analyses (third panel), analyzed neuroimaging
traits with cis-instrument MR characterizing their neurophysiological impact. We also
performed replication analyses using independent GWAS data from electronic health records
related to the psychiatric and physical consequences of problematic alcohol consumption and
then expanded the analyses to other neuropsychiatric outcomes to both contextualize the proteins
and genes, assessing their potential neuropsychiatric side effect profiles with 65 curated to
neuropsychiatric outcomes ranging from clinical diagnoses to self-reported mood and behaviors
and further prioritize potential the targets for therapeutic development. AUD: alcohol use
disorder; GWAS: genome-wide association study; AST: astrocytes; EXC: excitatory neurons;
INH: inhibitory neurons; MIC: microglia; OLI: oligodendrocytes; OPC: oligodendrocyte
precursor cells; PER: pericytes; END: endothelial cells; IVW: inverse variance weighted; LD:
linkage disequilibrium; SNP: single nucleotide polymorphism. Created in BioRender. Rosoff, D.
(2025) https://BioRender.com/1srvk2j

2.3.1. Data sources

We obtained summary-level GWAS data for the four alcohol use behaviors from publicly
available GWASs in populations of predominantly European ancestry. Similarly, we obtained
proteomic and transcriptomic data from their respective sources (Table AP.1). These datasets
have existing ethical permissions from their respective institutional review boards and include
participant informed consent with rigorous quality control. In sections 2.3.1.1a-f, we provide
phenotypic details for all GWAS data included in the Aim 2 study.

2.3.1a. Alcohol consumption behaviors. We included 4 GWAS endpoints
encompassing aspects of alcohol consumption and AUD: alcohol intake frequency (AIF), drinks
per week (DPW), binge drinking (consuming six or more units of alcohol per occasion), and
problematic alcohol use (PAU). AIF data were derived from UK Biobank participants of
European ancestry (N=462,346).'" The DPW summary statistics were derived from a recent
meta-analysis GWAS of 29 cohorts (N=537,349) of predominantly European ancestry.**® The
phenotype is measured in log transformed DPW to prevent outliers from biasing the analyses.**®
Binge drinking (N=143,658) was assessed using Question 3 from the AUDIT questionnaire
(“How often do you have more than 6 drinks on one occasion?”).”® PAU data was derived from
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a meta-analysis combining a GWAS of AUD in the MVP cohort of European Americans
(N=267,391, diagnosed per ICD-9/10, abuse and dependence), a GWAS of DSM-IV alcohol
dependence (AD) in multiple cohorts of European ancestry (N=46,568), and a GWAS of Alcohol
Use Disorders Identification Test-Problems (AUDIT-P scores, a measure of problematic from a
UK Biobank cohort) (N=121,604).%

2.3.1b. Cortical pQTLs. The brain cortex has been shown to be important in the
underlying biology of addiction for its role in cue-elicited drug response and initiation of drug
abuse,® including alcohol use behaviors,***” More generally, the neuroproteome has been used
extensively to identify novel neuropsychiatric disorder mechanisms and is considered important
for drug target development for these disorders.”****** Therefore, for the proteome-wide MR
analysis, we used pQTL data derived from three cortical regions (dorsolateral prefrontal cortex,
orbitofrontal cortex, and parahippocampal region) of 722 study participants of European descent
from a recent meta-analysis of brain cortex data (7,376 proteins).”® Sample composition,
proteomic profiling, and genotyping of the cortical data has been previously described.**

2.3.1c. Cell-type eQTLs in 8 brain cell types. We used the recently released
single-cell eQTL data from 8 brain major cell types derived from post-mortem samples of 192
individuals of European ancestry for which single cell RNA-seq and genotype data were
available.' Bryois et al. used tissue from prefrontal cortex, temporal cortex and white matter
tracts and analyzed gene expression from 7,208 protein coding genes and 10,846 non-coding
genes in excitatory and inhibitory neurons (EXC and INH), astrocytes (AST), microglia (MIC),
oligodendrocytes (OLI), oligodendrocyte precursor cells (OPCs), endothelial cells (END), and
pericytes (PER), and found 6,108 unique genes (accounting for genes that were expressed in
more than one cell type) with variants within 1 Megabase (Mb) windows around the transcription
start sites that were associated with gene expression.'?”

2.3.1d. Structural MRI data for MR analyses. We aimed to further
contextualize the genes associated with the genetic liabilities for PAU and alcohol consumption
behaviors in the cortical proteins cell-type genes cis-instrument Mendelian randomization (MR)
analyses by assessing their impact the structure and connectivity of the brain. Therefore, we
investigated the relationships of the alcohol-related genes that surpassed Bonferroni correction
for multiple comparisons and also demonstrated evidence of a shared causal variant with follow
up colocalization'* analyses (i.e., PP.H4 >0.7)'% in structural MRI data in both cortical and
subcortical areas. These analyses were used to both assess the neurophysiological role of the
cell-type transcriptomic findings and investigate whether the non-overlapping genes identified
with the PAU and the alcohol consumption behaviors GWASs demonstrated shared or distinct
relationships with brain gray matter, white matter connectivity, and resting state networks.

For these analyses, we obtained GWAS data of cortical thickness and surface area from 34
regions in addition to global cortical thickness (GCT) and global cortical surface area (GCSA)
from a recent Enhancing Neurolmaging Genetics through Meta-Analysis (ENIGMA) consortium
GWAS of T1-weighted MRI images from 1.5-3 Tesla scans (N=33,709).”' The MR images were
processed using FreeSurfer** and the ENIGMA processing pipeline and the cortical regions were
defined using the Desikan-Killiany atlas.”* GCT and GCSA were the averaged results of 34
cortical regions. Grasby et al. defined GCT as the average distance between white matter and
pial surfaces across both cortical hemispheres and GCSA measured at the grey-white matter
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boundary.**! For subcortical gray matter volumes, we obtained GWAS summary statistics (N<
33,536 participants of European ancestry for 8 subcortical structures — hippocampus, amygdala,
caudate, putamen, pallidum, brainstem, thalamus, and nucleus accumbens.** The subcortical MR
images were also processed with the ENIGMA pipeline as described for the Grasby et al. GWAS
on cortical structures.”*** Left and right volumes were first calculated and then averaged for the
mean subcortical volumes (in mm?®).*** We extracted cis-variants comprising the instruments of
the alcohol consumption related genes identified with our initial analyses. We harmonized the
gene and protein exposures and outcome data and performed MR analyses as described in the
main manuscript.

2.3.1e. White matter microstructure (diffusion MRI) for MR analyses.
We obtained summary GWAS data for 110 diffusion MRI (dAMRI) endpoints from a recent study
investigating the genetic architecture of white matter microstructural differences in 35,101
European participants,*® For a detailed discussion of the methods used to derive the dMRI
endpoints, see Zhao et al. (2020).*° Briefly, we prepared GWAS data for the 5 tract-averaged
endpoints of common diffusion tensor imaging (DTI)-based parameters — fractional anisotropy
(FA), mean diffusivity (MD), axial diffusivity (AD), radial diffusivity (RD), and mode of
anisotropy (MO)) — from 21 white-matter tracts and the whole brain;** and 105 tract-specific
outcomes (21 tracts in each of the 5 DTI parameters = 105 endpoints).”** We extracted cis-
variants comprising the instruments of the alcohol consumption related genes identified with our
initial analyses. We harmonized the gene and protein exposures and outcome data and performed
MR analyses as described in the main manuscript

2.3.2. Cis-instrumentation of brain proteins and
transcripts

Sections 2.3.2a-c outline the use of the cis-instrumentation MR framework and instrument
construction to investigate the causal relationships between brain-specific proteins, cell-type
gene expression, and alcohol consumption behaviors. The analysis covered thousands of brain
proteins and genes across multiple neural and non-neural cell types, harmonizing these with
alcohol consumption behaviors. Causal estimates were derived using MR methods tailored to the
available SNPs per instrument, with stringent thresholds for statistical significance. Sensitivity
analyses further assessed the robustness of findings across alternative parameter settings. The
results provide a comprehensive view of brain-specific molecular pathways linked to alcohol
consumption, setting the stage for follow-up investigations in target discovery and validation.

2.3.2a. Cis-instrument construction. Based upon the cis-instrument MR
framework outlined by Schmidt et al.,”® and used extensively for target discovery and
validation,'%%2°%%72#! e extracted SNPs within or near the genomic coordinates (+100 kb) and
given that the cis-regions comprise only small proportions of the genome, we used a relaxed P-
value threshold of 5%10™ for SNP selection.*® This threshold also ensured that all SNPs included
in the primary instruments had F-statistics >10 (the conventional cutoff for determining the
variant is strong and will be unlikely to be subject to weak instrument bias).*** F-statistics were
used to assess the MR relevance assumption by evaluating instrument strength.*® We filtered
variants using the 1000 Genomes Project Phase 3 European reference panel** and clumped the
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variants at linkage disequilibrium (LD) R*< 0.2 (250 kb window). This LD r? threshold was
selected to maximize power and decrease variability while also remaining below the thresholds
(LD r*> ~0.4) that previous simulations and applied studies have shown to result in unstable
estimates.***** We also constructed correlation matrices to account for SNP-SNP LD.**” This
instrumentation process resulted in 3,562 proteins that were taken forward to harmonization with
each alcohol consumption behavior (Table AP4.2). We were able to instrument 4,604 genes in
excitatory (EXC) neurons, 2,493 in inhibitory (INH) neurons, 2,406 in astrocytes (AST), 1,470
in microglia (MIC), 1,199 in endothelial cells (END), 3,174 in oligodendrocytes (OLI), 1,905 in
oligodendrocyte progenitor cells (OPCs), and 617 in pericytes (PER) (Tables AP4.3-AP4.10).

2.3.2b. Cis-instrument MR screen. First, to assess the relevance assumption,* we
calculated F-statistics to evaluate instrument strength for each QTL instrument. We only
included SNPs with F-statistics exceeding the conventional cutoff of 10, suggesting minimal
evidence for bias from weak instruments.**> We harmonized the cell-type eQTL instruments with
each alcohol consumption behavior. For QTL instruments with 2+ SNPs, we incorporated LD
correlation matrices calculated with the 1000 Genomes Project European reference panel**
between the instrument variants in the MR IVW estimator.**** If the QTL instrument had 3+
SNPs, we were able to use the MR Maximum Likelihood,** and MR Egger method (also
incorporating the LD correlation matrix into the estimators) to assess pleiotropy.**® We also
calculated the Cochran’s Q heterogeneity test.”’” For QTL instruments with only 1 SNP, we used
the Wald ratio method® to obtain the effect estimate. MR estimates correspond to an increase in
the respective alcohol consumption behavior (e.g., a positive MR estimate for PAU is interpreted
as evidence that increased expression of that gene is related to increased PAU risk). P-values for
the MR estimates are derived from two-sided t-tests. We used Bonferroni correction for multiple
comparisons for each alcohol consumption behavior analyzed as a heuristic to allow for follow-
up analyses on a plausible number of findings. Some of the alcohol consumption behavior
outcome GWASs did not contain all instrument SNPs (or their proxies). Therefore, these genes
were not included in the analyses for that outcome. We used thresholds adjusting for the number
of proteins or cell-type/genes assessed per behavior: 3,562 cortical proteins and 17,877 cell-type
gene MR analyses used two-sided P-value thresholds of 1.40x10®°and 2.80% 10, respectively.
The four primary alcohol-related traits are continuous measures, and therefore, we report the MR
estimates in the manuscript using the regression coefficients (f3), 95% confidence intervals, and
P-values.

2.3.2c. Cis-MR multiverse sensitivity analysis. To evaluate the robustness of
results from the initial cis-instrument MR screens, cortical proteins and cell-type genes with
primary MR estimates (IVW or Wald ratio) that surpassed the Bonferroni-adjusted P-value
thresholds were subjected to a comprehensive “multiverse”**** sensitivity analysis evaluating
the robustness of the relationships across a range of instrument selection criteria and MR
methods. We constructed additional cis-instruments for each cortical protein and cell-type gene
using 8 combinations of LD r* clumping thresholds (0.001, 0.1), P-value thresholds (5%107%, 5x
107°,5x107% and 5%107°), and the LD clumping window of 10,000 kb, including the
instrumentation parameters used in conventional polygenic instrument construction in MR
studies of complex traits (i.e., LD r*=0.001, LD window=10,000 kb, and P-value threshold=>5x
107%).*® For instruments with a single variant, we used the Wald ratio.**** For instruments
constructed using the LD r* clumping threshold of 0.001 and 0.1, we used conventional two-
sample MR methods (i.e., the standard IVW estimator).* We took forward all cortical proteins
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and cell-type genes that were directionally consistent between the primary cis-instrument MR
screen and the sensitivity analyses for novelty assessment, bio-annotation, colocalization, and
replication.

2.3.3. Annotation of the top targets prioritized by
the cis-MR screens

Sections 2.3.3a-c outline the integrative bioinformatic approaches employed to annotate the
high-confidence targets identified in our study of alcohol consumption behaviors and problems
associated with alcohol use. Three key analyses were conducted to provide functional insights
into the prioritized targets:

2.3.3a. Gene ontology and pathway analysis. We used EnrichR**® to perform
gene ontology and pathway enrichment analyses with SynGo,** Gene Ontology (GO),*"
DisGeNET,*' KEGG,*? and the GWAS Catalog.”* We analyzed the proteins/genes linked with
each of the alcohol consumption behaviors separately and compared their results to assess
whether the proteins and genes converged to shared ontologies and pathways.

2.3.3b. Prioritized alcohol gene cell-type expression. We aimed to further
assess the cell-type signature of the high-confidence genes linked with PAU and alcohol
consumption behaviors. Single-cell RNA sequencing data (GEO accession code: GSE207334)
was comprised of ~600,000 single-nucleus transcriptomes from the dorsolateral prefrontal
cortex®* analyzed Using Seurat 5.0.1:*° data were first processed, then counts were normalized
and scaled using the NormalizeData and ScaleData functions, and finally, differential expression
analysis was performed. We used the Ma et al. ontology and nomenclature”* and the Seurat
adjusted P-value threshold (two-sided from Wilcoxon rank sum tests) to define whether the cis-
instrument MR findings were differentially expressed in the cell-types.

2.3.3c. Gene-drug analyses assessing repurposing opportunities. We
conducted several gene-drug investigations as a final bio-annotation of the cis-instrument MR
results. First, we selected compounds that were currently FDA-approved, in clinical trials (active
or withdrawn), or experimental use compounds from the Broad Institute Repurposing Hub.*** We
also evaluated the most recent interaction data from DGIdb*’ (“interactions.tsv”, “genes.tsv”,
“drugs.tsv” from April 2024) to determine if the cis-instrument MR genes were targets for
therapeutics. DGIdb interaction scores are measures combining supporting publications with the
specificity of drug and gene involvement: higher scores indicate stronger endorsement of a drug-
gene interaction,”’” and we retained only drug-gene pairs with interaction scores > 0.5 for the
analysis.*’

We also used the Connectivity Map (CMap) Drug database** to identify potential drug targets
for the cortical proteins and cell-type genes associated PAU and alcohol consumption behaviors.
For the cortical proteins and cell-type genes, we combined the AIF, DPW, and binge genes
surpassing correction for multiple comparisons into an alcohol consumption signature and the
genes associated with PAU into a signature for problems related to alcohol consumption. We
collapsed all unique cell-type genes into a single signature (i.e., included genes from all of the
cell-types). The CMap database was accessed via the CLUE.IO platform (URL in Code
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Availability section), which compared the input gene lists against the CMap touchstone dataset
of CMap comprised reference gene signatures across nine cell lines treated with ~3000 well-
annotated small molecule drugs. CMap connectivity scores range from +100 and indicate the
similarity between the CMap reference expression signature and the list of input genes
representing the disease signature.*® A negative connectivity core indicates that trait-associated
gene expression profile will be normalized by the identified molecule, suggesting possible a
repurposing opportunity for the disease of interest (e.g., a connectivity scores of -90 indicates
that the drug’s signature reverses the expression of the input disease gene sets more than 90% of
the other drug sets evaluated).**® We also performed correlation analysis of the PAU and alcohol
consumption behavior drug repositioning signatures, i.e., the PAU cortical signature versus the
AIF/DPW/binge drinking signature to evaluate whether there were overall similarities in the drug
repositioning scores.

2.3.4. Assessing novelty of the targets identified by
the cis-instrument MR screen

We aimed to contextualize and investigate the novel genes identified by cis-instrument MR by
comparing them to other gene-based prioritization methods for GWAS studies and
complementary approaches that have transcriptomic and epigenomic signatures of AUD. In
sections 3.1.4a-g below, we outline the gene-based methods used to assess the novelty of our cis-
instrument MR results.

2.3.4a. Comparison with the GWAS loci of each alcohol-related
outcome. Our initial test of novelty was to compare the identified cis-instrument MR genes
associated with PAU, AIF, binge drinking, and DPW with the respective genomic loci
(represented by the lead SNPs) of the respective alcohol use behavior GWASs. For this initial
comparison, we constructed genomic windows (£500 kb) around the lead, independent SNPs for
the respective alcohol use behavior GWASs (P-values < 5x10%, LD r*< 0.1) and compared the
genomic windows with the genomic coordinates of the identified genes. For each alcohol use
behavior, we considered the gene to be not captured by the original GWAS signature if it was
located beyond any of these genomic windows.

2.3.4b. H-MAGMA gene-based analyses incorporating cortical
chromatin interaction data. To assess the novelty of the proteins and genes identified
by the cis-instrument MR and colocalization screen, we used an extension of MAGMA, termed
“H-MAGMA”*® (https://github.com/thewonlab/H-MAGMA), which incorporates Hi-C data, to
supplement the MAGMA gene mapping comparison of the alcohol-related genes identified by
the cis-instrument MR analyses. We analyzed three Hi-C datasets from adult brain,*® midbrain
dopaminergic neurons,” and cortical neurons.?"

2.3.4c. FUSION transcriptomic imputation. We next performed transcriptomic
imputation using the FUSION method and following FUSION protocol default settings on
autosomal chromosomes* to further investigate genes related to the genetic liability of problem
alcohol consumption behaviors prioritized by the proteomic and cell-type cis-instrument MR and
colocalization analyses. These analyses aimed to investigate the bulk-tissue transcriptomic
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relationships of the genes, complement the cis-instrument MR methods, and explore the
underlying transcriptomic associations across cortical and subcortical structures given the strong
brain-level enrichment we observed in the S-LDSC partitioned heritability analyses outlined
above.

For the transcriptomic imputation, we obtained FUSION pre-computed expression quantitative
trait loci (eQTL) features from GTEx Version 8. To assess potential bulk-tissue level
relationships across brain, we used tissue specific weights for 12 brain regions: amygdala,
anterior cingulate cortex (Broadman’s Area 24), caudal basal ganglia, cerebellar hemisphere,
cerebellum, cortex, frontal cortex (Broadman’s Area 9), hippocampus, hypothalamus, nucleus
accumbens, putamen, and substantia nigra. As with the cis-instrument MR analyses, the 1000
Genomes Project Phase 3 European subpopulation was used for estimation of linkage
disequilibrium (LD).*** The FUSION pipeline is comprised of three steps. First, it identifies gene
expression features that are cis-heritable (i.e., variants associated with gene expression within or
near the genomic locus). Second, linear predictors for each cis-heritable gene are constructed —
that is, a SNP-based prediction weight of the gene feature. Third, FUSION uses penalized
several linear regression and Bayesian sparse linear mixed models (e.g., GBLUP, LASSO,
Elastic Net, BLSMM) and computes an out-of-sample R?statistics to identify the best model via
a cross-validation of each gene-GWAS model to calculate test-statistics incorporating these
SNP-based prediction weights and summary-level GWAS Z-scores.**

In addition to evaluating whether the cis-instrument MR genes were captured by the FUSION
method, we also assessed whether the direction of the MR and FUSION estimates aligned (i.e.,
were directionally consistent), to evaluate whether the genes demonstrated consistent
associations with the respective alcohol use behavior across brain tissues.

2.3.4d. Comparison with differentially expressed genes in post-
mortem brains of AUD patients. We also compared the prioritized proteins and
genes identified by the cis-instrument MR and colocalization screens with differentially
expressed genes (DEG) from 8 brain regions (amygdala, caudate nucleus, cerebellum,
hippocampus, nucleus accumbens, prefrontal cortex, putamen, and ventral tegmental area) in a
sample of 12 patients with AUD (and 12 European controls).'® We obtained and processed
DEGs from the 8 brain regions using the GREIN package.*®® We extracted the genes prioritized
by the cis-instrument MR screen and considered them to be identified by the DEG analysis (i.e.,
not novel) if they had P-values < 0.05.

2.3.4e. Comparison with the methylomic signature of AUD. We obtained
epigenomic signatures (i.e., 2,504 CpG sites significantly associated with AUD) from a recent
epigenome-wide association study of AUD using whole blood data from 8,161 participants.'® As
with the GWAS lead loci comparison described above, we constructed genomic windows (+500
kb) around the genomic positions of the 2,504 CpG sites and assessed the genomic windows with
the genomic coordinates of the identified genes from the cis-instrument MR screen. We
considered the gene to be not captured by the original GWAS signature if it was located beyond
any of the CpG genomic windows.
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2.3.4f. Comparison with previous TWAS and PWAS for alcohol-
related outcomes. For the final comparison, we obtained lists of genes that have been
associated with alcohol-related outcomes from the existing proteome-wide association study
(PWAS) and transcriptome-wide association study (TWAS) literature (see Table AP2.1 for a list
of the included studies). For inclusion, we considered analyses that were hypothesis free (i.e., not
assessing specific pathways or targets of interest), and had used either cis-instrument MR, or a
related method capable of integrating GWAS data with proteomic or transcriptomic QTL data,
such as FUSION, or S-MultiXcan, S-PrediXcan,** etc.). We compared our cis-instrument
findings with the targets considered significant by the original study-defined significant
thresholds (i.e., we used the existing P-value thresholds designated by each of the studies). If our
finding was considered significant by one or more of these previous PWAS/TWAS studies for
alcohol-related outcomes, then it was classified in our analyses as “not novel” for alcohol-related
outcomes.

2.3.49g. Defining novel genes from the cis-instrument MR screens. We
defined novel genes for the respective alcohol use behavior from the cis-instrument MR screen to
be those that were not previously captured by any of the above methods or datasets. We
considered the gene to be previously mapped if the MAGMA, H-MAGMA, or FUSION
transcriptomic imputation P-value surpassed stringent Bonferroni-corrected thresholds used in
the initial cis-MR screens (1.40x 107 for cortical proteins and 2.8 10 for cell-type genes). We
defined cis-instrument genes to be novel if they were not captured in any of the methods or
datasets at the specified thresholds outlined above.

2.3.5. Integrative validation and neurobiological
contextualization of alcohol-related genetic

findings

Sections 2.3.5.5a-d outline methods related to validating and contextualizing genetic findings
linked to alcohol consumption behaviors identified through cis-instrument MR. Colocalization
analyses were used to confirm shared causal variants, while multi-modal MRI data explored the
neurobiological impact of these genes on brain structure and connectivity. Replication efforts
utilized independent GWAS data from the FinnGen cohort, incorporating EHR-based diagnoses
to prioritize therapeutic targets. Lastly, neuropsychiatric contextualization linked these genes to a

broad range of neuropsychiatric and behavioral outcomes, offering insights into their clinical and
biological relationships.

2.3.5a. Colocalization. For each gene with primary cis-MR estimates surpassing
correction for multiple comparisons, we used colocalization to further evaluate whether targets
identified in the cis-instrument MR stage were likely causal (or instead confounded by LD
patterns).”® Colocalization was also used to evaluate the MR exclusion restriction assumption for
the prioritized targets. We performed colocalization analysis testing for evidence of a single
causal variant within the locus using the coloc R package (version 5.2.3) package and default
priors.?*® We calculated the posterior probability for each of the genes identified and included all
variants £100 kb of the gene start and end positions; we considered a posterior probability > 0.7
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used previously*** as suggestive that cortical proteins and cell-type genes and the respective

alcohol consumption behavior share one or more causal variants in the gene region.

2.3.5b. Exploring the impact of the alcohol-related genes on brain
structure, white-matter tracts, and functional connectivity. Given the
low overlap between the colocalized cortical proteins and cell-type genes, we sought to evaluate
whether these non-overlapping proteins/genes demonstrated evidence of shared or distinct
neurobiological relationships. Thus, we explored their neurobiological impact using multi-modal
MRI data, including global and regional cortical structures (34 regions), subcortical
structures,”** and 110 diffusion MRI (dMRI) endpoints (5 tract-averaged endpoints and 21
tracts).**

2.3.5c. Replication and evaluation with EHR alcohol-related
problems and diagnoses to prioritize therapeutic targets. We next aimed
to replicate the top colocalized genes using independent alcohol-related GWAS data. We used
the FinnGen cohort (N=377,277)* to investigate whether the top cortical proteins and cell-type
genes demonstrated genetic relationships with EHR-based outcomes coded as the consequences
of alcohol use, including acute International Classification of Disease, Tenth Revision (ICD-10)
diagnosed AUD (15,715 cases), alcohol intoxication (8,957 cases), alcoholic liver disease (2,761
cases), alcohol-induced chronic pancreatitis (1,794 cases), alcoholic polyneuropathy (249 cases),
and a combined alcohol-related diseases and deaths endpoint (22,186 cases). The AUD Swedish
definition includes electronic health record codes related to a range of physical and psychiatric
consequences of alcohol use behavior (https://risteys.finregistry.fi/endpoints/ AUD_SWEDISH).
The ICD-10 AUD definition included electronic health record hospital discharges and causes of
death related to mental and behavioral disorders due to use of alcohol. Given the potential biases
in self-reported data,”” in addition to providing an opportunity for replication using independent
alcohol-related GWAS data, these EHR-based data also serve both as an important sensitivity
test for the self-reported data and a validation of these findings for potentially reducing the
clinical burden of problematic alcohol consumption. Cis-instrument MR analyses were
performed using the same MR methods as the initial cis-instrument MR screen. The FinnGen
data are clinical diagnoses, and therefore, the estimates are reported as odds ratios, 95% Cls, and
P-values.

2.3.5d. Neuropsychiatric contextualization. Given the common comorbidity
and genetic relationships of alcohol consumption behaviors, neuropsychiatric disorders,*”* and
other behavioral outcomes,'®*”* we performed MR analyses on 65 curated neuropsychiatric,
neurologic, and behavioral outcomes (the list of included outcomes are presented in Table
AP4.1) for the cortical protein levels and cell-type gene expression that were also linked with the
EHR-based consequences of alcohol consumption. We extracted cis-acting variants for the
cortical proteins and cell-type gene expression from each outcome GWAS and performed cis-
instrument MR using the same methods as the initial MR screen. We used a Bonferroni-
corrected P-value threshold of 7.69%10™(0.05/65) and compared the directionality of the
observed MR estimates with the corresponding MR estimates for the PAU and the other alcohol-
related outcomes in the initial cis-MR screen.

54



2.4. Aim 3 Methods

In the following sections, we present the study overview and detailed methods for the project
comprising the 3rd thesis aim. This section is structured to outline the multivariate GWAS
framework for the cardiometabolic factor (termed “CM-Factor”), followed by the annotation of
genetic loci and culminating with three distinct applications of MR designed to assess causal
relationships and therapeutic insights. A study overview is provided in Figure 2.5.

The project began by constructing a multivariate GWAS model to capture the shared genetic
architecture underlying three interrelated cardiometabolic conditions: NAFLD, T2D and
coronary artery disease (CAD). We leveraged GenomicSEM to integrate these traits and identify
SNP associations representing a broad genetic liability factor, referred to as the CM-Factor. The
methodological pipeline included rigorous quality control, cross-trait genetic covariance
estimation, and SNP-level heterogeneity testing to assess the shared genetic underpinnings of
these conditions.

After construction of the CM-Factor, we performed comprehensive genomic annotation of
identified loci using fine-mapping, transcriptomic imputation, and bulk, and cell-type
enrichment. These steps elucidated the biological mechanisms underlying the CM-Factor loci by
pinpointing candidate causal variants, prioritizing genes, and characterizing functional relevance
across tissues and cell types. Finally, we applied MR methods in three distinct studies:

1. Drug-target MR: Evaluating the therapeutic potential of approved (by the United States
Food & Drug Administration [FDA] and European Medicines Agency [EMA]) and
investigational and drug targets for cardiometabolic diseases in 4 major drug classes:
anti-diabetics, lipid modulating drugs, NAFLD/NASH therapies, and antihypertensives.

2. Cis-instrument MR screen: Identifying novel therapeutic targets within the druggable
genome.

3. Two-step MR: Investigating proteomic mediators linking body mass index (BMI) to the
CM-Factor.
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Figure 2.5. Aim 3 Project Overview. An overview of the univariate GWAS study data sources,
construction of the multivariate CM-Factor, bio-annotation, and Mendelian randomization (MR)
analytical flow and methodology. In the first stage, the broad cardiometabolic liability
underlying the univariate input GWASs of non-alcoholic fatty liver disease (NAFLD), type 2
diabetes (T2D), and coronary artery disease (CAD) (i.e., the cardiometabolic factor, or “CM-
Factor “) was modeled using Genomic Structural Equation Modeling (GenomicSEM) methods.
The CM-Factor model was fit to individual SNPs, generating a multivariate CM-Factor GWAS.
In the second stage of the study, we conducted extensive bio-annotation CM-Factor, including
fine-mapping to characterize causal variants, performing a transcriptome-wide association study
to prioritize causal genes, and evaluating bulk tissue and cell-type enrichment of the CM-Factor
signature. Created in BioRender. Rosoff, D. (2025) https://BioRender.com/s33725i

2.4.1. Data sources

Each GWAS included in the study has existing ethical permissions from its respective
institutional review boards and includes participant informed consent with rigorous quality
control. For our CM-Factor multivariate GWAS, we used a recent meta-analysis NAFLD
GWAS derived from 542,997 participants of European ancestry (8,464 cases and 536,533
controls). NAFLD diagnoses were based upon electronic health records (see Table AP5.1 for
complete ICD-10 codes used to define NAFLD cases) and exclusion criteria included alcohol-
related liver disease, alcohol use disorder, liver transplantation, hepatitis, LCAT deficiency,
inborn errors of metabolism.'” This meta-analysis had a sample prevalence of 1%,'” which is
substantially lower than the estimated global prevalence of NAFLD of ~25%,'°"'% suggesting a
potential underdiagnosis of NAFLD among the controls resulting in control mis-classification.
To address these concerns and enhance the diagnostic precision of NAFLD in genetic studies,
incorporating liver fat percentage measurements obtained through MRI offered a promising
approach: MRI, being a highly sensitive and non-invasive tool for quantifying liver fat, provides
a more accurate and direct assessment of liver steatosis compared to ICD codes,*”® which can
often miss mild to moderate cases.””” We therefore augmented the NAFLD GWAS data by
combining the NAFLD data with the results of a GWAS on liver fat percentage measured via
resonance imaging (MRI) (N=33,235).?”> We meta-analyzed the NAFLD and liver fat percentage
GWASs using the multi-trait association of genome-wide association studies (MTAG) method,*”
which is an approach to conduct bi-variate GWAS analyses. We performed MTAG using default
settings: first we munged the GWAS data and filtered SNPs (retaining variants with minor allele
frequency > 0.1% and sample sizes of 2/3x90™ percentile of the total sample size); second, we
merged the clean NAFLD and liver fat percentage data, keeping only SNPs common to both
GWAS:s; third, we estimated the residual covariance matrix of two datasets using LD Score
regression®”” and estimated the genetic covariance matrix; and finally, we performed the MTAG
analysis with the European 1000 Genomes Project reference population.””” For T2D, we used the
2024 European DIAMANTE meta-analysis of 36 cohorts (242,282 T2D cases and 1,569,734
controls)*®; and for CAD, we used the CAD meta-analysis of 181,522 CAD cases and 984,168
controls from the UK Biobank, CARDIoGRAMplusC4D, and 9 other studies.”” See Table
AP2.1 for additional information for each of the GWASs used to generate the CM-Factor
models, including ICD-10 and Office of Population Censuses and Surveys Classification of
Interventions and Procedures, version 4 (OPCS-4) codes used to define CAD cases.
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2.4.2 Genomic structural equation modeling
(GenomicSEM) background and rationale

See Appendix 4 (Section 4.1) for an extended presentation of the GenomicSEM methods.
Briefly, we used GenomicSEM' to perform the multivariate GWAS analysis of NAFLD (meta-
analyzed with liver fat percentage), T2D, and CAD to investigate the genetics representing a
broad genetic liability underlying these cardiometabolic diseases. Genomic-SEM is a recently
developed multivariate GWAS method that facilitates assessment of multiple potential
multivariate models of the underlying architecture of the traits of interest (here NAFLD, T2D,
and CAD), prior to performing the GWAS analysis.'® Importantly, given of the inclusion of the
UK Biobank participants in each of the univariate GWASs, GenomicSEM is not biased by
sample overlap imbalanced sample size.'® GenomicSEM also performs SNP-level heterogeneity
testing to investigate whether the multivariate SNP-association is consistent with the hypothesis
that it influences the univariate GWAS traits through the broad cross-trait liability underlying
them (see section 2.4.3b. below)."

GenomicSEM analysis is performed in two stages. In Stage 1, we estimated the empirical genetic
covariance matrix (and corresponding sampling covariance matrix) for the univariate GWASs.
We prepared the NAFLD, T2D, and CAD GWAS summary statistics for stage 1 using a
multivariate extension of cross-trait linkage disequilibrium score regression (LDSC)'**”* to
generate the empirical genetic covariance matrix between the three traits, as input for the SEM
common factor model.'® In Stage 2, we specified an SEM maximizing fit between hypothesized
covariance matrix and the empirical covariance matrix calculated in Stage 1.'° Because we aimed
to identify a genetic signature underlying the three cardiometabolic diseases, we evaluated a one-
factor model estimating the genetic associations between the underlying CM-Factor and three
CM diseases. We tested the model fit using the standardized root mean square residual (SRMR),
model yx?, Akaike Information Criterion (AIC), and Comparative Fit Index (CFI).?”® After we
identified the CM-Factor SEM, we proceeded to applying the model to perform the multivariate
GWAS identifying SNP associations of the shared covariance across the three cardiometabolic
diseases.

2.4.3. Multivariate GWAS analysis

First, we performed quality control (QC) using recommended defaults in LD score regression,
including removing SNPs with an MAF < 0.01 (LDSC inflates standard errors of estimates) and
information scores < 0.9, and then filtering SNPs to HapMap3, with LD scores estimated from
1000 Genomes Phase 3 reference panel.””” We use all variants from the three univariate
cardiometabolic disease GWASs passing recommended default QC filters for the multivariate
GWAS analysis, filtering to the 1000 Genomes Phase 3 European ancestry reference panel.
Following the GenomicSEM guidelines, we removed variants with minor allele frequency
(MAF) < 0.01 (these variants are prone to error due to fewer samples within the genotype
cluster,' and also LDSC standard errors of these variants’ effects tend to be high'®); variants with
effect values estimated to be exactly equal zero (this avoids compromising matrix inversion
required to extend the SEM model to the GWAS data); SNPs not found in the reference panel;
and SNPs with mismatched alleles. After merging across the NAFLD, T2D, and CAD summary-
level data using listwise SNP deletion, performing QC, and merging with the reference file, there

58



were 5,547,254 SNPs left to perform the multivariate GWAS analysis. After QC, individual SNP
associations are incorporated into the genetic and associated sample covariance matrices and the
CM-Factor model generated in stages 1 and 2 is applied to the SNPs to obtain their multivariate

associations of the shared covariance comprising the CM-Factor GWAS data.

After constructing the multivariate GWAS for the CM-Factor, we proceeded to calculate the
effective sample size and perform several other sensitivity tests, including SNP-level
heterogeneity testing, and “GWAS-by-subtraction” (GBS)*” to test the robustness of the CM-
Factor multivariate associations to the genetics of obesity. We outline these analyses below in
the following sections.

2.4.3a. Effective sample size calculation. Genomic SEM is not biased by sample
overlap,'® which is important given that the NAFLD, T2D, and CAD included data from
overlapping samples (i.e., the UK Bank). We performed a per-SNP calculation for the effective
sample size of the CM-Factor using the method outlined by the developers.** Specifically, given
the CM-Factor GWAS effect estimate for SNP j,

Z.

J

B"_Jnszx MAF ;(1— MAF )

In this equation, Z;is the CM-Factor GWAS association statistic for SNP j. n;is the effective
sample size for SNP j of interest, and MAF;is the minor allele frequency of SNP j; the SNP j
variance (Gf) is 2 x MAF j(l — MAF j) &, rearranging,
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The, effective sample size, N.g, is considered to be approximately equal to the mean n;for m
SNPs meeting the MAF thresholds (restricted in our analyses, as recommended, to MAF
between 10% and 40% because the effective calculations are inflated):'®

2.4.3b. SNP-level heterogeneity testing to finalize the CM-Factor.
Genome-wide SNP-level heterogeneity testing (Qsxp) was performed to investigate whether the
CM-Factor SNP associations were appropriately modeled by a broad underlying genetic factor
shared across cardiometabolic diseases or if certain loci exhibited discordant or disease-specific
effects that deviated from the shared multivariate genetic architecture. A key feature of the
GenomicSEM approach is its ability to assess whether multivariate GWAS SNP associations are
best explained by a shared causal pathway underlying the CM-Factor or by independent trait-
specific pathways. This is achieved using SNP-level Qsne heterogeneity test statistics, which
evaluate the extent to which individual SNP effects are mediated by the common factor or
deviate from it.
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The Qsne heterogeneity test produces a y*-distributed statistic, where the null hypothesis posits
that the SNP effect is fully mediated by the CM-Factor. Highly statistically significant Qsxp P-
values (e.g., Qsne P-values < 5x10®)indicate that the SNP effect is better explained by
independent, trait-specific pathways rather than the shared genetic liability modeled by the CM-
Factor. The test also examines the consistency of the GWAS associations in terms of both the
direction (regression coefficients) and the magnitude of the effect estimates across the traits
included in the multivariate model. Loci showing significant heterogeneity therefore provide
critical insight into regions of the genome where the underlying biology may diverge from the
shared genetic liability across the three cardiometabolic diseases.

In our construction of the CM-Factor, Qsxe heterogeneity testing was used not only to refine the
CM-Factor GWAS results but also to exclude loci with significant heterogeneity (Qsne P-values
< 5x10%) prior to subsequent analyses. This step ensured that the remaining SNP associations
reflected the shared genetic risk across NAFLD, T2D, and CAD, thereby enhancing the
biological interpretability of downstream bio-annotation and Mendelian Randomization (MR)
applications. By applying this filtering criterion, we finalized the CM-Factor GWAS for the
comprehensive analyses discussed in subsequent sections, ensuring a focus on loci representing
the shared genetic architecture of the three cardiometabolic diseases.

2.4.3c. Annotation of CM-Factor loci. We identified genomic loci and lead SNPs
(P-values < 5x10°® and LD r*< 0.1) associated with the CM-Factor using FUMA v1.5.2** with
default settings. We defined a genomic locus by considering lead SNPs within a 250 kb range
and all SNPs in LD (R*> 0.6) with at least one independent SNP. Independent significant SNPs
that were in LD with the same lead SNPs and had LD blocks within 250 kb of each other were
consolidated into a single locus. To assess whether the lead SNPs were previously captured in
the single-phenotype GWASs of NAFLD, T2D, and CAD, we compared the CM-Factor lead
SNPs and loci with lead SNPs and loci in underlying univariate GWASs and considered loci
novel if they were >1 Mb from previously identified lead SNPs of the input NAFLD, T2D, or
CAD GWAS data. Other FUMA-based loci annotation used included ANNOVAR categories,
i.e., the functional consequence of SNPs on genes; Combined Annotation Dependent Depletion
(CADD) scores (scores >12.37 are the suggested threshold to classify a SNP as deleterious®);
RegulomeDB scores, i.e., biological evidence that the SNP is a regulatory element (scores with
1a representing the strongest evidence®’), and MAGMA®' (Multi-marker Analysis of GenoMic
Annotation) with data from GTEx (version 8) to perform gene-based analyses (18,649 protein
coding genes within 10 kilobases of the lead CM-Factor variants) to inform the gene-set, bulk
tissue, and cell-type enrichment analyses (described in the following sections).

2.4.3d. Phenotypic characterization of the CM-Factor loci. We
investigated the CM-Factor lead SNPs evidenced pleiotropic associations by performing queries
of published GWAS significant associations (P-value < 5x10°®) in the GWAS catalog (query
date: October 20th, 2024, using FUMA version v1.5.2).%* To fully account for linkage
disequilibrium and remove redundant associations among the independent significant SNPs, we
followed this procedure: If the top lead SNP showed any clinical associations, it represented the
current locus. If no clinical associations were found for the top lead SNP, we examined the
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independent significant SNPs that were highly correlated with it, starting with the most
significant SNPs, until we identified known associations.

2.4.3e. Sensitivity testing: GWAS-by-subtraction using GenomicSEM
to account for obesity. Given the role of obesity in cardiometabolic diseases,?®® we
estimated the SNP associations of the CM-Factor after adjusting for BMI. We next aimed to
assess the robustness of the CM-Factor loci after accounting aspects of obesity. GenomicSEM
has been further extended to provide a statistical framework capable of disentangling the genetic
architecture of correlated, observed behavior or disease endpoints using GWAS summary
statistics in a method termed “GWAS-by-subtraction” (GBS)** (Figure 2.6). In effect, GBS
‘subtracts’ the genetic component of one variable from another. For example, in developing the
GBS method, Demange et al. used GBS to disentangle the genetic influence of cognition with
educational attainment resulting in new, previously unmeasured GWAS data corresponding to
the “cognitive component of EA” and the “noncognitive component of EA”.?”® Further details
regarding GBS can be found in Demange et al.,”” the corresponding GitHub depository
(https://github.com/PerlineDemange/non-cognitive), and the GBS tutorial
https://rpubs.com/MichelNivard/565885. As a sensitivity analysis, we leveraged GenomicSEM
to perform GBS to account for the genetic architecture of body mass index (BMI) among the
lead variants associated with the CM-Factor. The aim of this sensitivity analysis was to estimate
the SNP associations of the CM-Factor after adjusting for body mass index (BMI) given the
given the role of obesity in cardiometabolic diseases.”” We used the BMI summary statistics
from the BMI meta-analysis of the GIANT Consortium and UK Biobank by Pulit et al.”** We
also performed GBS using the waist-to-hip ratio adjusted for BMI (WHRadjBMI , also from
Pulit et al.'®). Except for a difference in model specification (here the aim is to construct an SEM
reflecting the genetics underlying the trait of interest [i.e., the CM-Factor] that is independent of
the additional, mediating trait [i.e., BMI or WHRadjBMI])*”®, GBS analysis proceeds in a similar
fashion as with the GenomicSEM method to estimate the broad genetic liability underlying
complex traits: first, a genetic covariance matrix is estimated between the input GWAS data
(here the CM-Factor and BMI summary statistics); second, a model is fit to estimate the genetic
component of the trait of interest that is independent of the second trait.””® Finally, we fit the
GBS model to the lead variants in the CM-Factor to assess the extent to which their associations
with the broad genetic liability underlying NAFLD, T2D, and CAD are mediated via BMI (or
WHRadjBMI). We used two P-value thresholds: a stringent conventional genome wide statistical
significance [5%10®] and an additional P-value threshold correcting for the number of lead
variants in the CM-Factor to evaluate the robustness of the SNP-CM-Factor associations to
accounting for BMI or WHRadjBMI.
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Figure 2.6. GWAS-by-subtraction model to assess the components of the CM-Factor
influenced by body mass and adiposity. The Cholesky model of the GWAS-by-subtraction
analysis (adapted from Demange et al.””’) was fitted in GenomicSEM, incorporating path
estimates for a single SNP as an example. Two separate GWAS-by-subtraction analyses were
performed: one using body mass index (BMI) and another using waist-to-hip ratio adjusted for
BMI (WHRadjBMI). The observed variables, SNP, CM-Factor and BMI/or WHRadjBMI, are
derived from GWAS summary statistics. The genetic covariance between CM-Factor and BM1/or
WHRadjBMI is estimated using their GWAS summary statistics. BMI/or WHRadjBMI and Non-
BMI/or Non-WHRadjBMI are latent (unobserved) variables, with the covariances between CM-
Factor and BMI/or WHRadjBMI and between BM1/or WHRadjBMI and Non-BMI/or Non-
WHRadjBMI fixed to 0. The SNP variance is fixed to 2pq (p = reference allele frequency, q =
alternative allele frequency, based on 1000 Genomes Project phase 3). The residual variances of
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the CM-Factor and BMI/or WHRadjBMI are fixed to 0, attributing all variance to the latent
factors, which have variances fixed at 1. Created in BioRender. Rosoff, D. (2025)
https://BioRender.com/iozw6hy
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2.4.3f. Fine-mapping of CM-Factor loci. SuSiE (Sum of Single Effects Linear
Regression) was used for fine-mapping (susieR package, version 0.12.35).2**** We fine-mapped
all regions with variants with effect P-values < 5x107%, with regions defined taking a 1.5 Mb
window around each lead variant, allowing 10 independent signals per locus. SuSiE reports a
95% credible set for each independent signal. We fit the SuSiE regression using the LD matrix
from the 1000 Genomes Phase 3 European reference panel,** and report the 95% credible set as
an independent signal within the locus when it includes the GWAS lead independent SNP (P-
value < 5x107®), and also secondary sets that include SNP(s) at genome wide significance and
log Bayes factor (BF) >2 (so as to exclude multiple credible sets for a single strong signal). We
used the haploR R package (version 4.0.7)*® to map each of the fine-mapped SNPs to the
datasets available in HaploReg*® to provide functional annotation for the candidate causal SNPs.

2.4.3g. Gene prioritization using transcriptomic imputation. wWe
conducted a transcriptome-wide association study (TWAS) to prioritize gene-level associations
of the CM-Factor genetic signature using the TWAS FUSION method** with the FUSION
protocol default settings on autosomal chromosomes.*** For our TWAS, we downloaded from the
FUSION website (http://gusevlab.org/projects/fusion/) pre-computed expression quantitative
trait loci (eQTL) features in cardiometabolic disease relevant tissues from the GTEx (Genotype-
Tissue Expression Project) Version 8°**” and METSIM (Metabolic Syndrome in Men)**® studies
derived from donors of European ancestry: GTEx V8 subcutaneous adipose (N=479); GTEx V8
adipose visceral omentum (N=393); METSIM adipose (N=563); aortic artery (N=329); coronary
artery (N=175), tibial artery (N=476); heart tissue, including the atrial appendage (N=316) and
left ventricle (N=327); liver (N=178); skeletal muscle (N=588); pancreas (N=243); and whole
blood (N=558) (all GTEx V8).*"**

We used the FUSION method with the same settings as our transcriptomic imputation analyses
in Aim 2 (albeit with different transcriptomic weights and panels). Here, we briefly present the
FUSION methods for convenience: per the FUSION protocol, we used the 1000 Genomes
Project Phase 3 European subpopulation for LD estimation,*** and excluded genes located within
the major histocompatibility complex (MHC) (chromosome 6) given the complex LD structure
of that region). FUSION analyses proceed in three stages. First, identify gene expression features
that are cis-heritable (variants associated with gene expression within or near the genomic locus).
Second, construct a linear predictor for each cis-heritable gene providing SNP-based prediction
weight of the gene feature in that tissue. Third, calculate the TWAS test-statistics incorporating
these SNP-based prediction weights (the TWAS weights) and summary-level GWAS Z-scores.*”
FUSION performs the regression with several methods: penalized several linear regression and
Bayesian sparse linear mixed models (e.g., GBLUP, LASSO, Elastic Net, BLSMM) and then
computes an out-of-sample R’ statistics for each mode, which facilitates identification of the best
model via a cross-validation of each gene-GWAS model. We used a Bonferroni-corrected-
statistical thresholds determined by the number of genes tested across tissues, i.e., P-value < 6.15
%107 (0.05/81,246 tissue-gene features available for testing in CM-Factor), as a heuristic to
guide the follow-up analysis on a plausible number of TWAS findings.

We took each of the genes associated with CM-Factor surpassing Bonferroni correction for

multiple comparisons forward for colocalization to assess evidence of a shared causal variant
between the gene expression and the CM-Factor in the locus of the gene under analysis.
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Colocalization uses a Bayesian approach to estimate posterior probabilities (PP) for SNP
associations between two outcome (here CM-Factor and the TWAS gene expression) at distinct
loci are driven by a shared causal SNP,'® which facilitates determination of whether the
observed associations are driven by horizontal pleiotropy, i.e., a single SNP impacting both gene
expression and CM-Factor (posterior probability PP.H4) or linkage disequilibrium (LD), i.e., 2
separate SNPs in LD impacting gene expression and GWAS signal separately (posterior
probability PP.H3)." We then conducted colocalization analyses between each CM-Factor-
associated gene that surpassed Bonferroni correction for multiple comparisons in the TWAS
(TWAS P-value < 6.15%107 [0.05/81,246 total tests]) using default priors the coloc R package
(version 5.1.0).' We categorized results using a PP.H4 threshold of > 0.6 to define evidence for
a shared causal variant between eQTL and the CM-Factor signal at that genomic locus.'”
Finally, for features with TWAS P-values surpassing correction for multiple testing and
demonstrating evidence of colocalization, we performed conditional testing to identify which
genes are conditionally among multiple associated features in a locus. We used the FUSION
FUSION.post_process.R provided as part of the FUSION pipeline script to perform these
analyses we prioritized “high-confidence” CM-Factor genes identified by FUSION if the genes
also demonstrated evidence of colocalization and were conditionally significant. For high-
confidence genes with associations across more than one tissue weight (i.e., if the gene was
associated with CM-Factor in two or more tissues), we filtered results for the gene/tissue
combination based upon variance explained by the gene/tissue pair.

Novelty assessment for the high-confidence TWAS genes. We investigated whether the
TWAS results captured additional biology beyond the genetic loci of the input univariate T2D,
NAFLD (augmented with liver fat percentage), and CAD GWASs. To assess and define novelty
for the high-confidence TWAS genes, we compared the genomic coordinates of the 243 genes
with the lead variants for the genomic loci of the T2D, NAFLD, and CAD GWASs. We
considered the high-confidence gene to be novel if it was located beyond 500 kb from any of the
lead variants comprising the T2D, NAFLD, CAD, or CM-Factor GWASs. We also performed a
GWAS Catalog look-up using FUMA (performed on October 20", 2024) for associations of
these genes with CAD, T2D, NAFLD, and liver fat. If the gene was beyond 500 kb of the input
univariate GWAS loci, the CM-Factor loci, and not in the GWAS Catalog, we defined the
druggable gene as a novel finding.

Gene-drug-disease network enrichment. We next undertook several gene-drug interaction
analyses to leverage the high-confidence CM-Factor gene signature to identify potential gene-
drug associations. First, we investigated the enrichment of the high-confidence CM-Factor genes
identified with the TWAS, colocalization, and conditional testing within targeted gene sets for
different drug categories found in the DrugBank database.*® To identify potentially
repositionable drugs, we constructed a gene-drug-disease network. The GREP package*” was
used to perform Fisher’s exact tests, assessing whether the high-confidence CM-Factor genes
were significantly enriched in the gene sets targeted by drugs for specific diseases or conditions.
All tests were subjected to Bonferroni correction to account for multiple comparisons. This
comprehensive approach enabled us to systematically prioritize drugs that may be repurposed
based on their genetic targets. We used a P-value threshold of 0.05 as evidence for enrichment in
the drug category.

290
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Gene-drug signature matching investigation assess potential therapeutic repurposing
opportunities. Finally, we queried the high-confidence genes list against the drug/compound
signatures in the Connectivity Map (CMap) Drug database.”® We accessed CMap via the
CLUE.IO platform (https://clue.io/), compared the input gene lists against the CMap touchstone
dataset, which comprises reference gene signatures from nine cell lines treated with ~3,000 well-
annotated small molecule drugs. We used the transcriptomic signature matching approach*"
where the high-confidence CM-Factor gene signature (i.e., their Z scores) are queried against
each of the transcriptomic signatures of the ~3,000 small molecules in the CMap database to
identify and prioritize small molecule compounds that have transcriptomic signatures that may
offset the CM-Factor transcriptomic signature, reflecting a connection indicating potential
relevance for the underlying disease processes.”! To refine the CM-Factor signature, we
accounted for any duplicate genes that were identified in more than one bulk tissue panel by
removing the Z scores of the gene/tissue that had a lower TWAS model R? (assessed from the
TWAS summary statistics). CMap connectivity scores range from +100, indicating the similarity
between the CMap reference expression signature and the list of input genes representing the
disease signature.”® A negative connectivity score indicates that the trait-associated gene
expression profile will be normalized by the identified molecule, suggesting a possible
repurposing opportunity for the disease of interest (e.g., a connectivity score of -90 suggests that
the drug’s signature reverses the expression of the input disease gene sets more than 90% of the
other drug sets evaluated).**® We therefore prioritized small molecule compounds with scores
between -90 and -100.

2.4.3h. Tissue and cell-type enrichment. We sought to investigate the tissue-
level enrichment of the CM-Factor. We leveraged stratified LD Scored regression (S-LDSC)**
and SNP-based heritability estimation, which enables the partitioned heritability of SNPs
according to genomic properties, to facilitate identification of tissues contributing to the
polygenic signature the CM-Factor.”*> We used the S-L.DSC pipeline to evaluate the CM-Factor
in S-LDSC using 489 datasets from the ENCODE project®? and Roadmap Epigenomics®*
assessing the tissue specific annotations of active chromatin and enhancers (marked by H3K9ac,
H3K27ac, DNase hypersensitivity sites, and H3K4me1). We also tested the CM-Factor
enrichment of genes expressed in 53 GTEx V7 tissues” and the 152 tissues derived from several
RNA-sequencing studies.”®>**® We used a Bonferroni-corrected threshold to adjust the P-value
(two-sided) to account for multiple comparisons for each analysis.

To complement the partitioned heritability S-LDSC analyses across bulk tissues, we next aimed
to identify etiological cell types associated with the CM-Factor. We integrated single-cell RNA-
sequencing (scRNA-seq) data using CELLECT (CELL-type Expression-specific integration for
Complex Traits),' using scRNA-seq data from the Tabula Muris study.?®” The Tabula Muris
study includes transcriptomic data from 100,000 cells and 20 organs and tissues throughout the
mouse. We cleaned and prepared the Tabula Muris scRNA-seq data for CELLECT analysis
using CELLEX."* CELLEX calculates expression specificity likelihood (ESy) scores for each
gene following normalization and pre-processing.'” Using CELLECT’s default settings, we
performed the cell-type enrichment with MAGMA and S-LDSC methods. In CELLECT,
MAGMA measures the extent to which genetic associations with a phenotype increase as a
function of gene expression specificity for a given cell type, while S-LDSC quantifies the effects
of each cell type ESp with the heritability of the CM-Factor GWAS.'* We categorized our cell
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types following the nomenclature used in the original Tabula Muris study.*” We compared the
MAGMA and S-LDSC results and looked for concordance across the two methods, using a
Bonferroni-corrected threshold to adjust the P-value (two-sided) to account for multiple
comparisons.

2.4.4. Mendelian randomization applications

In addition to conducting a screen of druggable genes with whole blood gene expression data to
supplement the TWAS results and gene prioritization of the CM-Factor, we leveraged the MR
framework*** for several applications related to therapeutic efficacy of approved and
investigational cardiometabolic targets, and identification of novel proteomic mediators linking
obesity and the CM-Factor (Figure 2.7). In the sections below, we detail the specific methods
for the three types of MR analyses performed in the study: (1) drug-target MR approved and
prospective therapeutic targets for NAFLD, T2D, and CAD using cis-instrumentation in the
primary physiological response to the therapy of the primary biomarker of interest; (2) a screen
of “druggable” genes in the circulating transcriptome; and (3) a two-step MR to assess the
proteomic mediators of the effect of body mass index (BMI) on the CM-Factor.
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Figure 2.7. Overview of Aim 3 Mendelian randomization (MR) studies. After bio-annotation,
we proceeded to perform the studies leveraging the MR framework to inform drug prioritization
and discovery. First, we curated lists of approved and investigational cardiometabolic drug
targets across several classes of therapies (antidiabetics, lipid-modulating drugs, NAFLD/non-
alcoholic steatohepatitis [NASH] targets, and antihypertensives) and performed drug-target MR
using variants located within or near the respective genomic loci encoding the drug target to
evaluate the relationships of the expected physiological responses to each therapeutic class (e.g.,
lowered LDL-C levels in response to PCSK9 inhibition). We performed colocalization to assess
evidence of a shared causal variant for drug targets surpassing correction for multiple
comparisons. In the second MR study, we screened transcriptomic levels of ~2,500 genes that
have been characterized as amenable for modulation by therapeutic compounds to prioritize
candidate targets for the CM-Factor. Finally, in the third study, we conducted a two-step MR
analysis to characterize the proteomic mediators of BMI-CM-Factor relationships. In the first
stage, we identified proteins associated with increased BMI in the first release of the UK
Biobank Pharma Proteomics Project (UKB-PPP) circulating proteome data. We then took
forward prioritized BMI-associated proteins and performed cis-instrument MR of these proteins
on the CM-Factor. Replication using independent proteomic data, colocalization, and mediation
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analyses were also conducted as part of the two-step MR analyses. Created in BioRender.
Rosoff, D. (2025) https://BioRender.com/pb26h2z

2.4.4a. MR Study 1: drug-target MR of antidiabetics, lipid-
modulating therapeutics, NAFLD/NASH targets, and
antihypertensives targets. Because genetics-based studies are useful to identify
repurposing opportunities and identify adverse side effect profiles,®*! and genetics-based support
of therapeutic targets in clinical trials improves the probability of clinical success for candidate
compounds entering clinical trials, we performed drug-target MR of approved, clinical-stage,
or preclinical targets in the drug development pipelines for NAFLD, T2D, and CAD. See Figure
2.8 for an overview of the drug-target MR screen, including complete lists of the targets
analyzed. For instrumentation, first, we obtained summary level data for glycated hemoglobin
(HbA1c), body mass index (BMI) circulating lipid levels (low-density lipoprotein cholesterol
(LDL-C), high density lipoprotein cholesterol (HDL-C), triglycerides (TG), lipoprotein A
(Lp(a))), liver fat percentage calculated by magnetic resonance imaging (MRI data), and systolic
blood pressure (SBP) from participants of European ancestry>*"*****2% (N range: 33,824 to
1,320,016) to construct our drug-target genetic instruments proxying pharmacological
modulation of the expected physiological responses for each class of therapeutic targets. Below
we outline instrument selection for the respective targets.
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Figure 2.8. Drug-target Mendelian randomization analysis overview of antidiabetics, lipid-
modulating targets, NAFLD/NASH targets, and antihypertensives for the first MR study of
Aim 3. The figure presents a flow diagram and details of the drug-target MR analyses of the
drug-targets on the CM-Factor. In Step 1, cis-instrumentation was performed using genome-
wide association study (GWAS) of biomarkers that are the primary indications of
pharmacological modulation of these targets. For the antidiabetics, we used circulating levels of
HbAlc (N=344,182). Body mass index (BMI) was also used for instrumentation of GLP1R and
GIPR. For lipid-modulating targets, we used several lipid subfractions (N ~ 1.3 million)
including LDL-C, triglycerides, and HDL-C. Because non-alcoholic fatty liver disease (NAFLD)
targets lower liver fat and/or alanine aminotransferase levels, we used GWASs for expected
physiological response (e.g., reduced liver fat [N=32,858], or alanine aminotransferase levels
[for HSD17B13, N=344,136]) to proxy the NAFLD targets. Lastly, for the antihypertensives, we
used GWAS data of SBP (N ~ 1.1 million). Independent variants (LD r* < 0.1) at P-values <
5x107%) were extracted, and cis-instruments constructed for each target, which exposure
variants were then extracted from the CM-Factor GWAS, harmonized, and then analyzed using
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multiple MR methods (steps 3 and 4). In step 5, we used colocalization to assess evidence of a
shared causal variant between the drug targets that had MR estimate P-values surpassing
correction for multiple comparisons. MR, Mendelian randomization; LD, linkage disequilibrium.
LDL-C, low-density lipoprotein cholesterol; HDL-C, high-density lipoprotein cholesterol; TG,
triglycerides; SBP, systolic blood pressure. Created in BioRender. Rosoff, D. (2025)
https://BioRender.com/djcerbt

Instrumenting anti-diabetic drug targets. We identified 7 classes of antidiabetic medications
with known drug targets guide our genetic instrumentation:** glucagon-like peptide-1 receptor
(GLP1R) analogs, gastric inhibitor polypeptide receptor (GIPR) analogs, insulin analogs,
sulfonylureas, dipeptidyl peptidase 4 (DPP-IV) inhibitors, and sodium-glucose cotransporter-2
(SGLT?) inhibitors. We identified the targets for sulfonylureas (ABCC8 and KCNJ11), insulin
analogs (INSR), and thiazolidinediones (TZD) (PPARG) with the DrugBank and ChEMBL
databases.*"**

We found that there were suitable SNPs located within or near the genomic coordinates of the
target boundaries (i.e., 500 kb on either side of start and end positions) within the glycated
hemoglobin (HbA1c) GWAS data derived from participants in the UK Biobank.” We
instrumented antidiabetics with the HbA1c biomarker because lowered glycated Hbalc is
considered an expected physiological response to the antidiabetic effects of these targets and has
been used in previous drug-target MR studies of antidiabetic targets.'****

We used three data GWAS data sources to genetically instrument GLP1R agonism. First, we
proxied the impact of GLP1R agonism using independent (linkage disequilibrium R*< 0.1)
genome-wide significant (P-value < 5x107®) SNPs located +500kb of the GLP1R gene position
(chromosome 6:39,016,574-39,055,519 on GRCh37/hg19) associated with glycated hemoglobin
(Hbalc) levels (mmol/mol) among participants in the UK Biobank (N= 344,182),>* because one
of the primary effects of GLPR1 agonists is to improve glucose homeostasis via actions on
pancreatic cells.*** Also, because GLP1R and GIPR also act in the central nervous system to
reduce appetite and body weight,” we constructed other GLP1R and GIPR instruments using
body mass index (BMI) data from a meta-analysis of GIANT and the UK Biobank (N=806,834 )
by Pulit et al."*® As there were no genome-wide significant associations for BMI within the
GLPI1R locus, we selected independent SNPs using a relaxed P-value threshold of 5x107°. For
our genetic instruments proxying GLP1R analogs, GIPR analogs, sulfonylureas, SGLT2
inhibitors, and thiazolidinediones were extracted variants at conventional genome-wide statistical
significance (P-value < 5x10®) that were within/near the cis-acting loci of the target gene
boundaries. For DPP-IV inhibitors and INSR analogs, we used a relaxed P-value threshold
(5%10™) because there were no variants at conventional genome-wide statistical significance in
either the INSR locus or the DPP4 locus.

Instrumenting lipid-modulating drug targets. We analyzed both the targets of approved lipid-
modulating therapies and also investigational lipid-modulating targets identified from a literature
look-up (see ref.**). We identified 18 potential targets for to evaluate for potential
instrumentation. As with our instrumentation of antidiabetics using HbA1c and BMI GWAS data
as the exposure, we genetically mimicked pharmacological modulation of the lipid drug targets
by extracting genetic variants associated with their respective biomarker considered the primary
physiological response to pharmacological modulation of that target, i.e., low-density lipoprotein
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cholesterol (LDL-C) lowering therapies, triglyceride lowering therapies, high-density lipoprotein
cholesterol (HDL-C) raising therapies, and lipoprotein a (LP(a)) lowering therapies. For the
targets that modulate LDL-C, triglycerides, or HDL-C, we used the 2021 Global Lipids
Genomics Consortium (GLGC) meta-analysis GWAS data from European participants (<
1,320,016).*"' For every target we evaluated whether there were suitable genetic variants located
within the cis-acting loci of the target gene boundaries (+500 kb of genomic boundaries) for their
respective lipid. DGAT1 and DGAT?2 genes, which are important in triglyceride metabolism,*"
had no variants within these genomic loci with suitable association statistics with the triglyceride
GWAS data of triglycerides levels, and therefore, DGAT1 and DGAT2 were excluded from
further analysis, leaving 15 lipid-modulating targets for our analyses. For 14 of the remaining 16
lipid-modulating drug targets, we extracted variants at conventional genome-wide statistical
significance (P-value < 5x10®) that were within the cis-acting loci of the target gene boundaries (
1500 kb of gene boundaries). We used a relaxed P-value threshold (P-value < 5x10*) for
instrumenting ACLY in LDL-C data due to the lack of SNPs associated with LDL-C at
conventional genome-wide statistical significance in the ACLY locus.

Instrumenting NAFLD/NASH targets. There is only a single currently approved therapeutic
for non-alcoholic steatohepatitis (NASH), Resmiterom, which is an analog for thyroid hormone
receptor (THR)-B.>"” Several other NAFLD therapeutics are in Phase 1 or 2 clinical trials. For
example, results from Phase 2b trials support new fibroblast growth factor 21 (FGF21) analogs,
Pegozafermin and Efruximermin, as therapeutic interventions for NAFLD,'**'** and other Phase
1/2 clinical trial results demonstrate that inhibiting 17p3-Hydroxysteroid dehydrogenase type

13 (HSD17B13), lowers alanine aminotransferase levels, a marker of hepatic dysfunction.*”
Similarly, patatin-like phospholipase domain-containing 3 (PNPLA3) is another target under
consideration in preclinical and clinical trials.***"" In addition to these targets, genetics-based
studies and other lines of evidence have highlighted several other potential targets for NAFLD
treatment, including Transmembrane 6 superfamily member 2 (TM6SF2), Membrane Bound O-
Acyltransferase Domain Containing 7 (MBOAT?7), and Glucokinase Regulator (GCKR),""”
which together underscores the need to investigate the potential long-term efficacy of these
NAFLD targets for cardiometabolic disease.

Reducing liver fat content or percentage is one of the expected physiological responses to
pharmacological modulation for many of the NAFLD targets. For example, PNPLA3 is
associated with formation of hepatic droplets and liver fat content, and reductions in liver fat
levels are being used as an efficacy marker in ongoing PNPLA3 inhibitor trials.***"* Therefore,
for FGF21, PNPLA3, TM6SF2, MBOAT®6, and GCKRT, our primary drug-target instruments
were constructed using variants within or near their respective genomic loci (500 kb) associated
at conventional genome wide significance with magnetic resonance imaging (MRI)-derived
quantification of liver fat percentage (N=32,858, UK Biobank participants of European
ancestry)*" to instrument PNPLA3, TM6SF2, and GCKR. Due to a lack of conventional
genome-wide significant SNPs in the loci of FGF21, THRB, and MBOAT7, we used less
stringent P-value thresholds to construct the instruments, i.e., a P-value=0.01 for FGF21, 5x10°
for THRB, and 5%10° for MBOAT?.

HSD17B13 is not associated with triglyceride formation in the liver,*** and there were no
sufficiently strong variants (i.e., F-statistics >10) within or near the HSD17B13 locus associated
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with the GWAS data for liver fat percentage. Therefore, we did not instrument HSD17B13 using
MRI-derived liver fat data. Instead, we used an additional marker of liver function and NAFLD —
alanine aminotransferase (ALT) — commonly used to evaluate NAFLD risk in clinical settings.*'
NAFLD is associated with chronically elevated ALT levels, and while ALT elevation does not
cause NAFLD or cirrhosis, the underlying biological mechanisms responsible for increased ALT
levels are responsible for NAFLD and cirrhosis.** Also, the current clinical trials investigating
the novel inhibitors of HSD17B13 and PNPLA3 include ALT as one of the primary liver-related
biomarkers assessing the physiological response to the pharmacological inhibition of these
targets.*”>!"" Therefore, to genetically-proxy inhibition of HSD17B13 and PNPLA3, we extracted
cis-instruments for HSD17B13 from the Neale Lab GWAS on circulating alanine
aminotransferase levels (ALT) in UK Biobank participants of European ancestry, N=361,194
As with the lipid-lowering drug-targets, we extracted variants within +£500 kb of the gene loci
associated with ALT levels at P-value < 5x10°®,

) 223

Antihypertensive drug targets. As with the selection processes for antidiabetic, lipid-
modulating, and NAFLD, targets, we began by identifying classes of antihypertensive drugs,
referencing DrugBank and ChEMBL databases®'** to pinpoint genes associated with the targets
of 5 antihypertensive classes: angiotensin converting enzyme (ACE) inhibitors, angiotensinogen
(AGT) inhibitors, beta blockers, calcium channel blockers (CCBs), and thiazide diuretics
(TDs).*"> We used the 2024 GWAS meta-analysis of SBP performed in participants of European
ancestry (N=1,028,980)** for the exposure instruments. As above, we considered SNPs located
within 500 kb of the gene boundaries as cis-instrument proxies to potentially reduce systolic
blood pressure (SBP) through these targets. For the CCBs, rather than analyzing each gene target
independently, we merged several gene targets (i.e., CACNA1D, CACNA2D2, CACNB?2,
CACNB3) into a unified CCB instrument, following prior methodologies.*® Additionally, we
adopted a less stringent P-value threshold (< 5x10°) due to the absence of SNPs with P-values <
5x10® near the CACNB4 and SLC12A3 loci, where no genome-wide significant variants related
to SBP were found.

Drug-target MR statistical methods and colocalization. First, we extracted SNPs at the LD r?
< 0.1 threshold (10,000 kb) using the 1000 Genomes Project EUR reference population,*” and
calculated F-statistics to evaluate instrument strength and assess the first MR assumption. We
used the cutoff of F-statistic >10 as suggesting the resulting estimates would be subject to
minimal bias from weak instruments.*** After harmonization with the CM-Factor, we performed
MR IVW (random-effects analysis performed when there were more than three variants) as the
main method and the Wald ratio** as the main method for instruments comprised of a single
SNP. Heterogeneity test (Cochran’s Q) and MR Steiger directionality tests investigated evidence
of pleiotropic SNPs and reverse causality.*'*>*"” For instruments with 3+ SNPs, complementary
methods (MR-Egger, weighted median, weighted mode) were also used. If the Cochran’s Q P-
value indicated heterogeneity (Cochran’s Q P-value < 0.05), we used the MR LASSO method*"?,
which applies a lasso-type penalization to refine the genetic instruments by identifying outlier
SNPs, to provide IVW estimates corrected for heterogeneity.

For the NAFLD/NASH targets instrumented using liver fat percentage GWAS data (THRB,
FGF21, PNPLA3, TM6SF2, MBOAT7, and GCKR), which data were integrated into the main
CM-Factor under investigation, we performed these drug-target MR analyses using a second
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CM-Factor that did not contain the liver fat percentage GWAS data as part of its construction
supplementing the GWAS of NAFLD diagnosis (i.e., it was constructed using only the NAFLD,
CAD, and T2D datasets and not the NAFLD + liver fat percentage meta-analysis). The drug-
target MR analysis of HSD17B13 inhibition proxied using lowered ALT levels as the exposure
used the primary CM-Factor outcome.

To facilitate interpretation of these classes of drugs, we oriented the MR estimates to reflect the
direction of the expected physiological responses to the pharmacological modulation of the drug
targets. For the antidiabetics, we oriented estimates to correspond to the HbA1c-lowering and
BMI-lowering for GLP1R and GIPR. For the LDL-C and TG lowering drug-targets, we oriented
MR estimates to correspond to lower circulating LDL-C levels (for LPL, this is achieved by
enhancing LPL activity). We oriented CETP inhibition estimates to correspond to an increase in
circulating HDL-C levels. Similarly, for FGF21, PNPLA3, and the other NAFLD targets, we
oriented MR estimates to correspond to lowering of liver fat percentage, while for HSD17B13,
estimates were oriented to lowering of circulating liver fat percentage (or ALT levels for
HSD17B13). Finally, for antihypertensives, we oriented MR estimates to align with lowering
SBP.

For drug targets with MR estimates on the CM-Factor surpassing nominal P-value threshold (P-
value < 0.05), we performed colocalization analyses to assess whether the biomarker GWAS in
which the drug-target gene was instrumented and the CM-Factor show evidence of a shared
causal variant at the gene locus. For colocalization, we used the coloc R package (version
5.0.0),’” and included all variants within 500 kb of the drug target genomic boundaries. We
calculated the posterior probabilities using the default priors: (p1 =p2=10"*and p12 =107) in
coloc and considered a posterior probability hypothesis H4 (PP.H4) > 0.6 as evidence that both
traits share a single causal variant within the genomic locus of the target gene. Low posterior
probabilities for the third (H3, both trait 1 and trait 2 are associated, but with separate SNPs) and
fourth hypotheses and a corresponding high posterior probability for the first hypothesis (H1,
only trait 1 has a genetic association in the locus) suggest that the colocalization analysis is
underpowered, potentially because the outcome dataset does not have sufficiently strong genetic
signals in the locus.?® Therefore, for colocalization results meeting these criteria (low PP.H3 and
PP.H4 and a high PP.H1), we included an conditional PP.H4 by calculating PP.H4/(PP.H4+
PP.H3) that has been used previously in MR studies using eQTL and pQTL exposure
Sources.265’319’320

2.4.4b. MR Study 2: Screening the druggable genome for novel
targets for the CM-Factor. In the second MR study (overview in Figure 2.9), we again
used drug-target MR using cis-expression quantitative trait loci (eQTL) data from whole blood to
identify potential therapeutic targets for the CM-Factor, focusing on genes previously identified
as druggable. We started with a comprehensive list of 4,676 druggable genes, which includes
approved drug targets and candidates in clinical development (Tier 1), genes with known
bioactivity for small molecules (Tier 2), and genes linked to druggable families such as G-
protein coupled receptors and kinases (Tiers 3A-3B)."* After harmonizing these eQTL data with
the CM-Factor, we performed drug-target MR analyses on 2,546 genes, using stringent statistical
thresholds to ensure robustness. We further conducted colocalization analyses to determine
shared causal variants between these genes and the CM-Factor. Genes surpassing these
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thresholds were advanced for further investigation, including assessing their novel contributions
to cardiometabolic health and evaluating their therapeutic potential through phenome-wide MR
analyses across 366 diseases and biomarkers.
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Figure 2.9. Aim 3 MR Study 2 overview drug-target MR screening the druggable genome for
novel targets of the CM-Factor. This figure describes the second MR study included in the
downstream exploration of the CM-Factor, which used drug-target Mendelian randomization
(MR) to identify potential therapeutic targets for the CM-Factor using cis-expression
quantitative trait loci (eQTL) data from whole blood. The study focused on a list of 4,676
druggable genes, categorized into tiers based on their status in drug development, including
approved drug targets and candidates in clinical trials (Tier 1), genes with known bioactivity for
small molecules (Tier 2), and genes linked to druggable families such as G-protein coupled
receptors and kinases (Tiers 3A-3B) (defined by Finan et al.’*). After harmonizing eQTL data
with the CM-Factor, MR analyses were performed on 2,546 genes. The study flow incorporated
colocalization and mediation analyses for prioritized genes and evaluated their relationships
with established cardiometabolic biomarkers such as lipids, glucose, blood pressure, and BMI.
Prioritized genes were subjected to additional analyses, including novelty assessment,
replication evaluation of their effects on cardiometabolic health and biomarker relationships
through phenome-wide MR across 366 diseases and biomarkers. This integrative approach
aimed to uncover novel therapeutic targets and assess the potential clinical relevance of these
genes for cardiometabolic health. Created in BioRender. Rosoff, D. (2025)
https://BioRender.com/seh9gpx

MR analysis and colocalization. We performed the drug-target MR screen using the same MR
methods as described in the preceding sections for the Study 1 MR analyses assessing the impact
of approved and investigational therapeutic targets on the CM-Factor. We took all genes
surpassing P-value=1.96x107(0.05/2,546 druggable genes tested) forward for colocalization
analyses using the coloc R package.'™ The colocalization settings were the same as those
described in MR Study 1 and druggable genes with MR estimate P-values < 1.96x107, and
colocalization PP.H4 or conditional PP.H4 values > 0.6 were further prioritized for the additional
analyses outlined in the sections below. As with the TWAS results, we evaluated whether the
screen of the druggable genome captured biology beyond the genetic loci of the input univariate
GWASs of T2D, NAFLD (augmented with liver fat percentage by meta-analysis using the
MTAG methods), and CAD. For each of the druggable genes with evidence of colocalization, we
compared the genomic coordinates of the genes with the loci of T2D, NAFLD, and CAD and
defined the gene to be novel for the cardiometabolic diseases if it was located > 500 kb upstream
or downstream of the lead variants defining the T2D, NAFLD, or CAD genomic loci as
determined by the FUMA package®® using the same settings that defined the CM-Factor loci.
We also performed a GWAS Catalog look-up using FUMA (performed on Sept 20", 2024) for
associations of these genes with CAD, T2D, NAFLD, and liver fat. If the gene was beyond 500
kb of the input univariate GWAS loci, and the CM-Factor loci, and was not in the GWAS
Catalog, we defined the druggable gene as a novel finding.

Integrating biomarker data relevant for cardiometabolic health. For many of the prioritized
drug-target genes, their downstream effects on cardiometabolic biomarkers and cardiometabolic
health remain uncertain. Therefore, to further stratify the drug-targets from the drug-target MR
and colocalization screen, we sought to link the drug targets to cardiometabolic biomarker data
to enhance the potential biological validation of genes by determining how the gene expression
of the prioritized targets influences cardiometabolic health biomarkers such as lipids, glucose,
blood pressure, and BMI. In addition, because the causal role of biomarkers in disease elucidated
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through MR may identify intermediate exposures (and correspondingly underlying causal genes)
that are both causal and amenable to therapeutic modification,"'*"**? this approach may also
inform our understanding of the biological pathways, providing valuable insights into disease
mechanisms in the causal pathways from gene expression to biomarker to cardiometabolic risk
(i.e., linking the drug-target gene expression with established cardiometabolic biomarkers that
are amenable to pharmacological modulation would increase the confidence in the interpretation
that the drug-target genes have relevant cardiometabolic biology).'®!

We first calculated 95% credible sets for the colocalized drug-target genes to identify the
candidate causal SNPs in the colocalized loci. We took genes with variants with posterior
inclusion probabilities (PIPs) of > 0.5 forward to a phenotypic screen using LDtrait (part of the
LDIlinkR package).””" LDtrait performs look-pups of SNPs (or variants in LD with those SNPs) in
the EBI-EMBL GWAS Catalog.*® We queried LDtrait for GWAS Catalog associations
surpassing conventional genome-wide significance (P-value < 5%10°®) (query performed on
October 1%, 2024) with established cardiometabolic biomarkers used in clinical practice and
clinical trials to assess the physiological responses to cardiometabolic therapeutics. Specifically,
we looked for associations with BMI, SBP, glycemic markers (HbA1c, fasting glucose, fasting
insulin, etc.), major lipid subfractions (LDL-C, HDL-C, and triglycerides), and liver fat content,
liver enzyme tests (ALT, aspartate aminotransferase [AST], gamma-glutamyltransferase [GGT]).

To supplement this GWAS Catalog-based look-up of the causal variants, we also performed
SNP-based analyses applying an additive genetic model using data from the Oxford Biobank
(OBB) (N< 8,000) (see below for additional details on the OBB).*** For each causal SNP, we fit
a linear regression model with anthropometric variables, major circulating biomarkers, and
adiposity depots measured by Dual X-ray Absorptiometry (DXA) as the outcome(s) and the SNP
genotype (coded as 0, 1, or 2 for the number of minor alleles) as the predictor. We ran several
models adjusting for potential confounders, including age, sex, and body mass index (BMI), in
the regression model and looked for associations with relevant biomarkers aligning with the
GWAS Catalog query. We looked for consistent evidence of relationships between the causal
variants and the biomarkers from the two analyses (P-value < 0.05) and took forward the drug-
target genes with evidence of associations between their causal variants and the cardiometabolic
biomarkers for further MR analyses, including mediation to determine the proportion of the
gene’s effect on the CM-Factor is mediated by the respective biomarker(s) and also phenome-
wide MR analyses to explore potential side-effects across clinical endpoints.

Additional information on participants and data management in Oxford Biobank (OBB).
For a detailed overview of the OBB, refer to Karpe et al.*** Established in 1999 and approved by
the Oxfordshire Clinical Research Ethics Committee (reference 08/H0606/107+5), the OBB
collects comprehensive health data, physical metrics, and biological samples from about 8,000
participants. These participants, ranging in age from 30 to 50 years, male and female, were
primarily in good health and recruited from Oxfordshire via letters distributed by the Thames
Valley Primary Care Agency. Individuals with severe health conditions such as heart disease,
diabetes, cancer, autoimmune or psychiatric disorders, or addiction issues are generally excluded
from the OBB. Consent is secured at the outset during a detailed screening at the Oxford Centre
for Endocrinology, Diabetes and Metabolism, Churchill Hospital, Oxford, UK. This screening
includes baseline health evaluations like body measurements and blood pressure checks.
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Participants complete a thorough questionnaire with the help of research nurses to detail their
lifestyle choices and family health history, especially relating to cardiovascular diseases and
T2D. After fasting, blood samples are taken for various analyses, and additional examinations
such as metabolic and genetic profiling, as well as body composition analysis using DXA scans,
are conducted. Participants also consent to be available for future research based on specific
genetic traits or physical characteristics.*”

Druggable gene mediation analysis. We conducted mediation analysis to calculate the
proportion of the effect of druggable genes on the CM-Factor mediated by the respective
biomarkers with MR (Figure 2.10). For each of the druggable genes identified by the drug-target
MR and colocalization steps that had associations with clinically-relevant biomarkers, we used
the product of coefficient method'* to estimate the mediation of the druggable gene by the
biomarker.

These mediation analyses entailed performing both drug-target MR and conventional two-sample
MR analyses. For the biomarker GWAS data, we identified the largest available GWAS
summary statistics (from studies comprised of participants of European ancestry) for each of
these biomarkers. For BMI, HbA 1c, circulating lipid subfractions, ALT, and SBP, we used the
same data sources as those described in the preceding drug-target MR analyses of approved and
investigational cardiometabolic therapeutics using the exposures modeling the primary expected
physiological responses to pharmacological modulation. For the GGT and AST, we used the
Neale Lab release of the UK Biobank biochemistry data (N=344,136), and for fasting insulin and
fasting glucose data, we used the recent GWAS data from the MAGIC (Meta-Analyses of
Glucose and Insulin-related traits ) Consortium*”® (N< 200,622).

First, we estimated the effect of each druggable gene on the biomarker(s) prioritized by the
GWAS Catalog and Oxford Biobank assessment by performing drug-target MR of the druggable
gene onto the biomarker, then multiplied this by the effect of biomarker on the CM-Factor from
single-variable MR models using standard two-sample MR methods: each biomarker exposure
was instrumented using conventional single-variable MR thresholds for SNP selection (i.e.,
independent SNPs associated with their respective biomarker at P-value < 5%x10® and LD r*<
0.001). We used the inverse-variance weighted estimator (IVW) as our primary MR method, and
also included the MR-Egger, weighted median, weighted mode, and simple mode estimators,
which rely on different assumptions than IVW?**7* because comparing the estimates across the
methods facilitates the cross-validation of results under different sets of assumptions, enhancing
confidence in the findings if results are consistent across methods.* Because heterogeneity in the
MR estimates indicated violations of the instrumental variable assumptions,*”” we performed the
Cochran Q heterogeneity test.*"” As with the drug-target MR analyses of approved or
investigational targets, where Cochran’s Q P-value indicated presence of heterogeneity in the
IVW estimate (Q P-value < 0.05), we used the MR LASSO**® method to identify outlier SNPs
and provide MR estimates with heterogenous SNPs removed. We also used the Steiger
directionality test** to evaluate whether there was evidence for reverse directionality between the
biomarkers and CM-Factor.

After calculating the effect of each biomarker on the CM-Factor, the proportion of the total
effect of the druggable gene on CM-Factor mediated by respective biomarker(s) was estimated
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by dividing the biomarker-mediated effect (Boiomarker -to-cM-Factor) DY the total effect (Baruggable gene-to-cm-
Facor)--2*7 We used the product of coefficients method when estimating the effect of the
biomarker mediator on the outcome (Byiomarker -to-cM-Facior) t0 @avoid weak instrument bias, which has
been used in previous mediation MR analyses that include exposures constructed with cis-
instrument and conventional polygenic methods in the MR model."****® Because there are cis-
instrumental variables for each of the druggable genes and tens-to-hundreds of instrumental
variables for the biomarkers, the association between the druggable gene and the CM-Factor
would be substantially weakened in conventional multivariable MR models due to the large
number of instrumental variables for the biomarkers.**
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Figure 2.10. Overview of mediation analyses in (a) Aim 3 MR Study 1: Drug target MR screen
and (b) Aim 3 MR Study 2: Two-step MR assessing the effect of body mass index (BMI) on the
CM-Factor by the proteome. (a) the dark blue arrow indicates the total impact of the druggable
gene on the CM-Factor. The red arrow shows the influence of the druggable gene on CM-Factor
that is mediated through the clinical biomarker (e.g., BMI, circulating lipids, blood pressure, or
glycemic traits). To determine the extent of mediation by biomarker, we use the product of
coefficients method, which involves multiplying Baruggabie gene-to-biomarker AN Bpiomarker-to- cM-Factor, then
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dividing the result by Baruggable gene-to- cM-Facor- Here, Baruggable gene-to-biomarker Fepresents the impact of the
druggable on its biomarker identified via GWAS Catalog look-up and SNP-association tests in
the Oxford Biobank; Briomarker-to- cm-Factor FEpresents the influence of the respective protein on CM-
Factor risk; and Baruggable gene-to- cm-Factor denotes the total impact of druggable gene on the CM-
Factor. We assessed the mediated proportion for the effect of the druggable genes on the CM-
Factor for each of the biomarkers linked with the druggable genes in the GWAS Catalog look-up
and SNP-association tests in the Oxford Biobank. (b) As in (a), the dark blue arrow indicates the
total impact of BMI on the CM-Factor. The red arrow shows the influence of BMI on CM-Factor
that is mediated through protein. To determine the extent of mediation by protein, we use the
product of coefficients method, which involves multiplying Bewmi-io-protein ANd Bprotein-to- cM-Factor, then
dividing the result by Beui.co- cvracor. Here, Beuiio-protein represents the impact of BMI on one of the
proteins prioritized by the two-step Mendelian randomization (MR) analyses; Bprotein-to-cM-Factor
represents the influence of the respective protein on CM-Factor risk; and Bawr-wo-cv-Facior denotes
the total impact of BMI on the CM-Factor. We assessed the mediated proportion for the effect of
BMI on the CM-Factor for each of the proteins prioritized by steps 1 and 2 in the two-step MR
analyses. Created in BioRender. Rosoff, D. (2025) https://BioRender.com/efhdhzj

Replication of the top druggable genes in disease-relevant tissues. We selected the whole
blood eQTLGen data as the primary resource for our MR screening of the druggable genome due
to its large sample size (N ~31,000), significantly surpassing the available bulk tissue eQTL
datasets from potentially relevant tissues, such as the largest muscle eQTL dataset (e.g., ~500
samples from GTEx V8).*” This larger sample size enhances the statistical power for target
identification and prioritization. Furthermore, prior studies have demonstrated a strong
correlation in gene expression and eQTLs across various tissues,”®”***3* supporting the utility of
whole blood data in target discovery efforts. In fact, the eQTLGen whole blood dataset has
already been effectively utilized as the primary exposure in drug-target MR studies for outcomes
such as Parkinson’s disease, instead of relying on brain eQTLs for similar reasons.**

However, tissue-specific gene expression and regulatory mechanisms can vary widely, meaning
that drug targets identified in one tissue may not have the same effects in another.***! Including
tissues that are directly related to the disease or condition of interest may facilitate the
identification of genes and pathways that play a critical role in disease development and
progression. This approach not only improves the accuracy of target prioritization but also
increases the likelihood that the identified targets will have clinical relevance and therapeutic
potential in treating the disease.****!

Therefore, we aimed to incorporate analyses using disease-relevant tissue into the MR Study 2
study design. We extracted eQTLs and created cis-instruments proxying the bulk tissue gene
expression for each of the 41 targets prioritized by the drug-target MR and colocalization of the
2,567 druggable genes in the eQTLGen whole blood data. We used the following bulk tissue
eQTL data from GTEx V8 (European ancestry):>**” subcutaneous adipose (N=479); adipose
visceral omentum (N=393); METSIM (METabolic Syndrome In Men) adipose (N=563); aortic
artery (N=329); coronary artery (N=175); tibial artery (N=476); heart tissue, including the atrial
appendage (N=316) and left ventricle (N=327); liver (N=178); skeletal muscle (N=588);
pancreas (N=243); and whole blood (N=558). The same methods were used to create the bulk
tissue instruments and MR was performed as in the initial screen (and in each of the
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drug-target/cis-instrument MR analyses in MR Studies 1-3). Across all tissues we were able to
successfully instrument 36 of the 41 targets with the instrumentation thresholds used for the main
analyses. No tissue had eQTLs for all 36 genes (the GTEx whole blood dataset had the most
eQTLs for replication [30] and the GTEx liver tissue had the fewest [7 eQTLs]). Overall, we
performed 186 tests for replication. We used several P-value thresholds: the stringent threshold
of 1.96x10® used in the main screen of the druggable genome as very strong evidence for
replication; a threshold of 2.27x10(0.05/186 total tests) for strong evidence of replication, and
a nominal P-value threshold of 0.05 as suggestive evidence of replication. We looked for
directional consistency among the MR estimates from the eQTLGen results and took results with
MR estimate P-values < 2.27x10™ forward for colocalization.

Phenome-wide MR to assess potential side-effect profiles druggable genes. Due to the
role adverse side effects play in the failure of therapeutics during drug development,** we aimed
to enhance our understanding of the therapeutic potential of the 41 druggable genes. Therefore,
we performed phenome-wide MR studies involving 366 diseases and biomarkers (Table AP5.1).
Inclusion criteria comprised studies conducted in cohorts of European ancestry, sample sizes of
at least 1,000 participants, with a minimum of 100 cases for binary variables, and availability of
summary statistics (betas, standard errors, effect alleles) for 100,000 SNPs. The cis-instrument
MR analysis, outlined in the preceding sections, was used. A Bonferroni-corrected P-value
threshold of 1.37%10* (0.05/366 outcomes) was used to determine associations with biomarkers
or diseases. We evaluated the therapeutic implications of gene expression changes by comparing
the directions of cis-instrument MR estimates against the direction indicated by their effects on
the CM-Factor. Specifically, a positive MR estimate for a gene on the CM-Factor suggests that
reducing the gene's expression would be beneficial, while a negative estimate implies that
increasing its expression may be favorable. Traits with MR estimates aligning with this
therapeutic direction were classified as "beneficial effects," whereas those in the opposite
direction were classified as "adverse effects." This approach provides a nuanced understanding
of the role of druggable genes across phenotypes, identifying traits where gene expression
changes may support or oppose therapeutic goals.

2.4.4c. MR Study 3: Two-step Mendelian randomization to identify
circulating proteins mediating the impact of body mass index (BMI)
on the CM-Factor.

Background. The ongoing obesity epidemic presents a critical and escalating global health
challenge.'” The prevalence has increased substantially in the last several decades, now affecting
>1 billion adults globally.** This rise is especially pronounced in Western countries, where
statistics such as a jump from 30.5% to 42.4% in the United States from 2000 to 2018 highlight
the scale of the crisis. Europe and increasingly, lower-income nations, are witnessing similar
trends.'*”** While obesity is linked with increased risk for many diseases and adverse health
conditions, cardiometabolic diseases are the leading causes of death.'”®

While there are many mechanisms through which obesity increases cardiometabolic disease risk,
including obesity-related effects on metabolism, the endocrine system, immune functioning, and
hemodynamic dysregulation,'® there is also a growing body of literature suggesting that obesity
impacts cardiometabolic disease risk through indirect mechanisms,'” and elucidating new
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biological pathways is essential for developing targeted interventions that can reduce the burden
of obesity and resultant cardiometabolic disease.'*

Circulating proteins can serve as diagnostic markers and potential therapeutic targets (most of
the approved therapeutics target proteins),””'*® targets and recent work has shown that increased
body mass index (BMI) and obesity are linked with widespread changes in the plasma
proteome,**"*! suggesting that clarifying link between obesity and cardiometabolic disease and
elucidating circulating proteins that mediate the impact of obesity on cardiometabolic outcomes,
such as the CM-Factor, could highlight new avenues for therapeutic interventions, offering
potential targets to mitigate these risks. Therefore, we used a two-step MR'** approach (Figure
2.11) leveraging the genetic signature from the largest available BMI GWAS,** data on > 2,900
circulating proteins from individuals of European ancestry,'** and our CM-Factor, to first
identify the proteomic consequences of increased BMI and then elucidate the BMI-affected
proteins may mediate the impact of BMI on cardiometabolic health.
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Figure 2.11. Overview of the two-step MR leveraging the circulating proteome to characterize
the impact of BMI on the CM-Factor. These analyses used a two-step MR approach to
investigate the influence of BMI on the CM-Factor through alterations in circulating proteins.
Initially, a genetic signature was derived from a large BMI meta-analysis and data on ~2,900
proteins from the UKB Pharma Proteomics Project (Olink) to identify proteins affected by BMI.
Conventional MR methods identified independent SNPs associated with BMI. In the second step,
BMI-associated proteins were analyzed using cis-instrumentation to ensure direct influence on
protein levels, successfully instrumenting 455 proteins. These were harmonized with the CM-
Factor, and mediation analysis was conducted to quantify the proteins' mediation effects.
Colocalization analyses validated the causality of MR results, with further validation using
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observational data from the INTERVAL study and replication with deCODE proteomics data by
Ferkingstad et al. measured using the SomaScan version 4 assay (SomaLogic),”® and obesity
diagnoses in the FinnGen cohort (release 11). This robust approach identified proteins
mediating the relationship between BMI and the CM-Factor, highlighting potential therapeutic
targets. Created in BioRender. Rosoff, D. (2025) https://BioRender.com/qy7zvq9

Step 1: identify proteins with levels affected by BMI. In Step 1, we evaluated the impact of
genetically increased BMI on ~2,900 circulating proteins (N< 34,557) measured on the Olink
Explore proteomics assay comprising the first release of the UKB Pharma Project (UKB-PPP
For the BMI exposure, we used the meta-analysis of the GIANT and UKB performed by Pulit et
al. (N=694,649)."** We used conventional two-sample MR instrumentation methods to
genetically model increased BMI: we extracted independent SNPs (LD r*< 0.001) associated
with BMI at P-value < 5x10°® located throughout the genome and then extracted these variants
from the downloaded and prepared UKB-PPP data. Because the CM-Factor GWAS only
included autosomes, we excluded the 86 proteins in the UKB-PPP data that were located on the
X chromosome because we would not be able to perform cis-instrument MR of these proteins
onto the CM-Factor in Step 2. Therefore, our Step 1 analyses included 2,835 circulating proteins.
We next harmonized the BMI exposure and each of the UKB-PPP protein datasets and
performed Steiger filtering®' to identify and remove outlier SNPs, ensuring appropriate
directionality of the BMI instrument. We tested the instrumental variable relevance assumption
by calculating the variance explained by the instruments and F-statistics for each SNP
comprising the polygenic BMI instrument.

) 134

We used the inverse-variance weighted estimator (IVW) as our primary MR method, and also
included the MR-Egger, weighted median, weighted mode, and simple mode estimators, which
rely on different assumptions than IVW***% because comparing estimates across the methods
cross-validates results under different sets of assumptions, enhancing confidence in the findings
if results are consistent across methods.*” Because heterogeneity in the MR estimates indicated
violations of the instrumental variable assumptions,*” we performed the Cochran Q
heterogeneity test.”"” As with the drug-target MR analyses of approved or investigational targets,
if Cochran’s Q P-value indicated presence of heterogeneity in the IVW estimate (Cochran Q P-
value < 0.05), we used the MR LASSO*"® method to identify outlier SNPs and provide MR
estimates with heterogenous SNPs removed. We also used the Steiger directionality test*'* to
evaluate whether there was evidence for reverse directionality between the BMI exposure and
protein outcomes. To account for multiple comparisons, we used a Bonferroni-corrected P-value
threshold of 1.76%107°(0.05/2,835 proteins) as a heuristic to guide the screening for Step 2.

Step 2: Screen BMI-associated proteins for effects on the CM-Factor. In Step 2, we
focused our instrumentation of the BMI-associated proteins on variants located within or near
each protein’s corresponding genomic regions (i.e., cis-pQTLs) because this proximity improvise
the likelihood that the genetic variant is more likely to influence the target proteins exposure
directly rather than other genes, reducing the risk of confounding and improves the accuracy of
the causal inference regarding the target.*>*® Cis-instrumentation for screening potential drug-
targets also improves biological plausibility, making interpretation of the causal pathway more
straightforward, and more likely provides a direct link to the gene encoding the drug target,
providing more relevant insights into the potential efficacy and safety of modulating that target.
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This relevance is particularly important for identifying and validating novel drug targets.*** We
were able to successfully cis-instrument 455 of the 506 circulating proteins with associated with
BMI from Step 1 using pQTLs (LD r*< 0.1) associated with the protein at P-value < 5x10®
within a £500 kb window of the protein coding genomic locus coordinates. We harmonized these
datasets with the CM-Factor and removed any SNP that indicated incorrect directionality by
Steiger filtering. We performed cis-instrument MR of these 455 proteins with the CM-Factor as
the outcome using the IVW estimator as the primary methods for cis-instruments with 2+ SNPs
and the Wald ratio for cis-instruments comprised of a single variant. We used the Steiger
directionality test*'* to assess reverse causation of the MR estimates. For instrumental variables
with 2+ SNPs, we conducted Cochran Q heterogeneity tests*” and for instrument with 3+ SNPs,
we also performed MR with the MR-Egger, weighted median, weighted mode, and simple mode
estimators.*”***> We used a Bonferroni-corrected P-value threshold of 1.10%10* (0.05/455
[number of proteins tested in the Step 2 MR]) as a heuristic to guide follow-up and validation
analyses and looked for proteins with estimates surpassing correction for multiple testing in both
Step 1 and Step 2 that also demonstrated directions consistent with mediation of the adverse
impact of increased BMI on the CM-Factor, which was expected given the literature associating
obesity with increased risk for cardiometabolic disease, and the direction of the single-variable
MR results of BMI on the CM-Factor performed as part of the two-step MR analyses.

Mediation analysis. As with the MR Study 2, we undertook mediation analysis to calculate the
proportion of the effect of BMI on the CM-Factor mediated by the respective circulating proteins
using network MR (Figure 2.10). For each of the proteins surpassing correction for multiple
comparisons and demonstrating directionally consistent MR estimates between each step, we
used the product of coefficient method'** to estimate the circulating protein-mediated effect (the
effect of BMI on CM-Factor that was accounted for by circulating proteins identified in steps 1
and 2) and the same instrumental variables as described above.

First, we estimated the effect of BMI on each of the circulating protein prioritized by Steps 1 and
2, then multiplied this by the effect of circulating protein on the CM-Factor. Subsequently, the
proportion of the total effect of BMI on CM-Factor mediated by circulating protein was
estimated by dividing the circulating protein-mediated effect (Bcircuating protein-to-cm-Factor) DY the total
effect (Bemiwo-cvracor).>>**” We used the product of coefficients method without adjusting for BMI
when estimating the effect of the mediator on the outcome (Bcirculating protein-to-cM-Factor) t0 avoid weak
instrument bias, which has been used in previous two-step MR analyses.'***** We did so because
the exposure adjustment requires multivariable MR using circulating protein and BMI as
exposures; however, there are only cis-instrumental variables for each circulating protein (i.e.,
cis-pQTLs) and hundreds of instrumental variables for BMI. Thus, when using multivariable
MR, which includes instrumental variables from both the polygenic BMI and cis-instrument
proteomic exposures in the model, the association between plasma levels of circulating protein
and the genetic variants would be substantially weakened due to the large number of
instrumental variables for BMI decreasing the strength of the association between plasma levels
of circulating protein and the genetic variants).**

Replication. We also aimed to replicate the prioritized targets from Steps 1 and 2 using

independent proteomic data from deCODE (N=35,559; Icelandic ancestry) measured using the
SomaScan version 4 assay (SomaLogic).”® deCODE had full GWAS data for 6 of the 8
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prioritized proteins (ENO3, MSR1, FSTL3, SHBG, PTPRR, and CD34). We performed
replication for both Steps 1 and 2 (BMI onto the 6 proteins using the single variable MR methods
described above and cis-instrument MR of the proteins onto the CM-Factor using cis-instrument
MR methods). For each of the cis-instrument findings that replicated at P-value < 0.05, we also
performed colocalization as with the primary analyses. We also performed an additional
replication of the prioritized proteins using another exposure data source, i.e., we used obesity
diagnoses in the latest release of the FinnGen cohort (Release 11) (27,711 obesity cases/425,881
controls)® and assessed the impact of diagnosed obesity on the 8 proteins measured in the UKB-
PPP data. These two-sample MR analyses were performed with the same methods as those used
in the primary Step 1 MR analyses with BMI.

Validation with observational data. We used conventional observational data from the
INTERVAL study® to investigate whether the top proteins demonstrated evidence of being
associated with increased BMI. See the original publication®” for additional details regarding the
INTERVAL study. Briefly, between 2012 and 2014 the INTERV AL study recruited about
50,000 English participants of primarily European ancestry without self-reported major diseases.
Previous work by Goudswaard et al. used the SomaScan assay to measure 3,622 plasma protein
levels in a subset of the INTERVAL participants (N=2,737) to investigate associations between
BMI and plasma protein levels, adjusting for age, sex, and other confounders, with the regression
estimates representing a normalized standard deviation unit difference in each protein level per
one standard deviation (4.8 kg/m?) increase in BMI."** 5 of the 8 top proteins from the two-step
MR were found in the INTERVAL data (i.e., MSR1, FSTL3, SHBG, PTPRR, and CD34). We
looked for consistency in the direction of the Step 1 estimates and the estimates of the
observational regression models of BMI on each of the proteins and used a nominal P-value
threshold (P-value=0.05) to define whether the protein level was impacted by BMI in the
INTERVAL data.

Colocalization of top proteins with CM-Factor. We next conducted colocalization analyses to
evaluate whether the MR results from Step 2 were likely to be causal and not biased by LD,
which may cause confounding.*® We used the coloc package** and included all variants £500 kb
of the gene’s genomic boundaries in the analysis. We calculated the posterior probabilities using
the default priors (i.e., p1 =p2=10"* and p12 = 10™) in coloc and considered a posterior
probability hypothesis 4 (PP.H4) >0.6 as evidence that both traits (here a pQTL and the CM-
Factor) share a single causal variant within the genomic locus of the target gene. Low posterior
probabilities for the third (H3, both trait 1 and trait 2 are associated, but with separate SNPs) and
fourth hypotheses and a corresponding high posterior probability for the first hypothesis (H1,
only trait 1 has a genetic association in the locus) suggest that the colocalization analysis is
underpowered, potentially because the outcome dataset does not have sufficiently strong genetic
signals in the locus.*® Therefore, for colocalization results meeting these criteria (low PP.H3 and
PP.H4 and a high PP.PP. H4 by calculating PP.H4/(PP.H3+PP.H4) that has been used previously
in MR studies using eQTL and pQTL exposure sources,*®>31%32

Phenome-wide MR to assess potential side-effect profiles of BMI-associated proteins
with directionally consistent effects on the CM-Factor. As with the MR Study 2 prioritizing
druggable genes for involvement with the CM-Factor, we sought to improve our understanding
of the therapeutic potential of the 4 proteomic mediators with directionally consistent MR
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estimates aligning with the adverse BMI-to-CM-Factor relationship (i.e., GGT1, PTPRR, ENO3,
and SHGB). Therefore, we performed phenome-wide MR studies for the 4 proteomic mediators
on 366 diseases and biomarkers as described in the methods for MR Study 2, using a Bonferroni-
corrected P-value threshold of 1.37x10 (0.05/366 outcomes), and comparing the directions of
the cis-instrument MR estimates with the indicated direction of the cis-instrument MR estimate
that would be therapeutically indicated by its effects on the CM-Factor.
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CHAPTER 3: AIM 1 RESULTS

Chapter Overview

This chapter explores the application of drug-target Mendelian Randomization (MR) to
investigate the causal effects of genetically proxied LDL-C lowering through PCSK9 and
HMGCR inhibition on type 2 diabetes (T2D) risk and glycemic markers across diverse global
populations. By leveraging large-scale genetic data from East Asian (EAS), South Asian (SAS),
African (AFR), Hispanic (HISP), and European (EUR) cohorts, the chapter provides a
comprehensive evaluation of the therapeutic safety profiles of these lipid-lowering strategies,
highlighting population-specific differences and their implications for clinical practice.

3.1. PCSK9 and HMGCR Instrument
Strength

F-statistics for genetic variants comprising the PCSK9 and HMGCR drug-target instruments in
each population were strong (Table AP2.2): the average F-statistics for LDL-C lowering via
PCSK9 genetic variants were 112.45, 40.13, 109.3, 64.15, and 279 for EAS, SAS, AFR, HISP,
and EUR, respectively, while the average F-statistics for LDL-C lowering via genetic HMGCR
were 60.1, 72.2, 55.3, 83.1, and 241.3 for EAS, SAS, AFR, HISP, and EUR, respectively. The
alternate PCSK9 instruments comprised of functional variants (Table AP2.3) and the QTL
instruments (Table AP2.4) were similarly strong, suggesting that the drug-target instruments are
unlikely to be subject to weak instrument bias*'* (Table AP2.5). Further, for PCSK9 and
HMGCR, the instruments generally explained comparable variance in circulating LDL-C levels:
on average, PCSK9 instruments accounted for 1.5% of the variance, with the EAS PCSK9
instrument explaining the most variance (3.9%) and the SAS instrument explaining the least
(0.5%). HMGCR instruments explained on average 0.36% (AFR explained the least with 0.12%
and EAS explained the most with 0.62% of the variance) of the LDL-C levels. Instruments for
each polygenic LDL-C instrument were also strong (Table AP2.2).

3.2. The Impact of LDL-C Lowering on T2D
by Genetically Mimicked PCSK9 and
HMGCR Inhibition

Estimates of genetically proxied PCSK9 inhibition with the risk for T2D in the SAS, EAS, HISP,
and EUR populations each included the null (Figure 3.1, Table AP2.6). These results broadly
aligned with the estimates derived using functional variants (analyses of both the gain-of-
function R46L [rs505151]* and loss-of-function E670G [rs11591147]** variants in the SAS,
HISP, and EUR populations and the gain-of-function R46L in the EAS population) within the
PCSKO9 locus (Table AP2.7). In AFR, there was weak evidence that LDL-C lowering via PCSK9
variants increased T2D risk (OR per 1-SD lower LDL-C levels=1.53, CI=[1.058, 2.22], P-
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value=0.024); however, estimates were not consistent across instruments: the PCSK9 AFR
estimate derived from functional variants included the null. By contrast, 2 of the 5 population-
specific estimates (EAS and EUR) demonstrated strong evidence that genetically proxied
HMGCR inhibition increased T2D risk, which also aligned in direction with the SAS estimate
that showed weak evidence of a genetics-based relationship (OR=1.698, CI=[1.051,2.743], P-
value=0.031). HMGCR estimates were generally consistent across MR methods and the MR
Egger intercept estimates did not demonstrate evidence for pleiotropy.

Regarding colocalization of the T2D results with P-values < 0.05, we observed evidence of a
shared causal variant between LDL-C and T2D in the EAS, EUR, and SAS populations (Table
AP2.8). The PCSK9-T2D finding in AFR did not colocalize (PP.H4=0.033). However, we
observed evidence of a single shared causal variant between LDL-C and T2D risk in the
HMGCR locus in both the EAS and SAS populations (EAS PP.H4=0.682 and SAS
PP.H4=0.813) while the initial single-variant colocalization of the HMGCR locus in EUR
suggested multiple causal variants (PP.H3=0.98). Follow-up SuSiE colocalization confirmed
evidence of shared multiple causal variants between LDL-C and T2D in the HMGCR locus
among EUR (SuSiE PP.H4=0.76) (Table AP2.8).
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Figure 3.1. Mendelian randomization results of the impact of PCSK9 and HMGCR inhibition
on T2D risk. Results report the inverse variance weighted (IVW) estimates from MR analyses
that incorporated correlation between SNPs. Because there were only 2 SNPs in the AFR and
HISP HMGCER instruments, the MR Egger method was not performed (requires 3+ SNPs).
Results for the type 2 diabetes (T2D) are reported as odds ratio (OR) change (with 95%
confidence interval [CI]) in T2D risk per standard deviation decrease in the low-density
lipoprotein cholesterol (LDL-C) levels via variants within the PCSK9 and HMGCR genomic
loci. IVW MR estimates surpassing correction for multiple comparisons (P-value < 0.005
(0.05/10 tests performed per population) are indicated with an asterisk (“*”). “# SNPs” is the
number of genetic variants used in the drug-target MR analysis. OR: odds ratio; CI: confidence
interval; PCSK9: Proprotein-convertase subtilisin/kexin 9; HMGCR; 3-hydroxy-3-
methylglutaryl coenzyme A reductase. Reproduced from Rosoff DB, Wagner J, Jung J, Pacher P,
Christodoulides C, Davey Smith G, Ray DW, Lohoff FW. “Multiomic Mendelian Randomization
Study Investigating the Impact of PCSK9 and HMGCR Inhibition on Type 2 Diabetes Across
Five Populations.” Diabetes 2025; 74(1): 120-130. © 2025 The Authors. Licensed under
Creative Commons Attribution 4.0 International (CC BY 4.0).

3.3. The Impact of LDL-C Lowering on
Glycemic Markers by Genetically
Mimicked PCSK9 and HMGCR Inhibition

IVW and Wald ratio results from the primary drug-target MR analyses assessing the impact of
LDL-C lowering via either the PCSK9 or HMGCR loci on glycemic markers are presented in
Figure 3.2. While none of the PCSK9 estimates surpassed the multiple comparisons threshold
used to define strong evidence, we did observe several PCSK9 estimates with weak evidence for
an impact on glycemic markers, including reduced HbA1c in SAS, and increased fasting insulin
in EAS (Table AP2.6), the latter robust and directionally consistent in MVMR correcting for
potential bias in the adjustment for the heritable covariates BMI in the MAGIC glycemic trait
GWASs* (Tables AP2.9-AP2.13) (MVMR not available for SAS). The PCSK9-HbA 1c finding
in the SAS population was supported with evidence of colocalization (PP.H4=0.835), and there
was some evidence, albeit not surpassing the study threshold of PP.H4 >0.6, for colocalization
between LDL-C levels and HbA1c in the EAS population (PP.H4=0.537) (Table AP2.8). As
with the T2D analyses, estimates on glycemic markers for PCSK9 instruments comprised of the
R46L and E670G functional variants spanned the null (Table AP2.7). We found strong evidence
that genetically proxied HMGCR inhibition increased HbA1c in HISP (8=0.167,
CI=[0.059,0.275], P-value=0.002), which was supported by evidence of a single shared causal
variant (PP.H4=0.813) (Table AP2.8) and robust in MVMR accounting for BMI (Table
AP2.12), and also aligned with weak evidence for an increase in HbA1c in EUR (=0.040,
CI=[0.001,0.0979], P-value=0.043) (however the EUR finding was not robust in MVMR [Table
AP2.13]). By contrast, there was no evidence of colocalization in the HMGCR locus for any of
the other glycemic traits with drug-target MR estimate P-values < 0.05. Finally, for each
population, the PCSK9 and HMGCR drug-target estimates were generally consistent across the
complementary drug-target MR methods, strengthening causal inference (Table AP2.4).
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Figure 3.2. Mendelelian randomization results of PCSK9 and HMGCR inhibition on glycemic
markers. Presented are MR results of the impact of PCSK9 (A) and HMGCR (B) inhibition on
glycemic traits results are reported with the inverse variance weighted (IVW) or Wald ratio
estimates from MR analyses. 2-hour glucose levels were not available for SAS. Results for the
glycemic markers are reported as the regression coefficient () (with 95% confidence interval
[CI]) in the respective glycemic marker per standard deviation decrease in the low-density
lipoprotein cholesterol (LDL-C) levels via variants within the PCSK9 and HMGCR genomic
loci. MR estimates surpassing correction for multiple comparisons (P-value < 0.005 (0.05/10
tests performed per population) are indicated with an asterisk (“*”). “# SNPs” is the number of
genetic variants used in the drug-target MR analysis. OR: odds ratio; CI: confidence interval;
PCSK9: Proprotein-convertase subtilisin/kexin 9; HMGCR; 3-hydroxy-3-methylglutaryl
coenzyme A reductase: HbA1C: glycated hemoglobin; AFR: African; EAS: East Asian; SAS:
South Asian; HISP: Hispanic; EUR: European. Reproduced from Rosoff DB, Wagner J, Jung J,
Pacher P, Christodoulides C, Davey Smith G, Ray DW, Lohoff FW. “Multiomic Mendelian
Randomization Study Investigating the Impact of PCSK9 and HMGCR Inhibition on Type 2
Diabetes Across Five Populations.” Diabetes 2025; 74(1): 120-130. © 2025 The Authors.
Licensed under Creative Commons Attribution 4.0 International (CC BY 4.0).

Regarding measures of insulin resistance after a glucose challenge in EUR, there was weak
evidence that a 1-SD reduction in LDL-C via PCSKO9 variants was associated with increased IFC
(B=0.14, CI=[0.03,034], P-value=0.009) but not ISI (=-0.07, CI=[-0.16,0.012], P-value=0.092),
while HMGCR variants were weakly linked with reduced ISI (f=-0.16, CI=[-0.28,-0.03], P-
value=0.013) (Table AP2.14). These MR estimates aligned with the results using PCSK9
instruments comprised of functional variants for the populations in which these functional
variants were available (that is, both the gain-of-function R46L and loss-of-function E670G were
analyzed in SAS, AFR, HISP, and EUR, while only R46L was analyzed in EAS because E670G
was not present in the EAS LDL-C GWAS data) (Tables AP2.3, AP2.7).

Given the mechanisms of action of the approved PCSK?9 inhibitors (i.e., anti-PCSK9 monoclonal
antibodies lowering circulating PCSK9 protein levels®® and inclisiran inhibiting hepatic PCSK9
expression),” we investigated the impact of genetically lowered circulating PCSK9 protein,
hepatic PCSK9 expression, and pancreatic PCSK9 expression on T2D and glycemic markers.
These results generally aligned with results from analyses evaluating LDL-C lowering via
variants within the PCSK9 locus (Figures 3.3, 3.4, Table AP2.15). We did observe weak
evidence that genetically lowered circulating PCSK9 protein levels were linked with reduced
HbA1c levels and 2-hour glucose; however, we failed to find corresponding relationships with
the other glycemic markers, and the PCSK9-HbA 1c finding was not replicated in analyses using
instruments proxying hepatic (or pancreatic) PCSK9 expression. In the IFC and ISI analyses, the
PCSK?9 pQTL instruments aligned with the results of the LDL-C and functional instruments
discussed above: there was weak evidence that PCSK9 inhibition increased IFC (=0.04,
CI=[0.009,0.078], P-value=0.013) (Table AP2.15).
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Figure 3.3. Mendelelian randomization results of additional PCSK9 instruments (functional
variants and QTLs) on T2D risk. Presented are MR results (either IVW or Wald ratio depending
on number of cis-variants in the instrument) of the impact of the additional PCSK9 instruments
(functional variants lowering LDL-C, tissue-specific PCSK9 expression, and circulating PCSK9
protein levels) on T2D risk. Results for T2D are reported as the odds ratio (OR) (with 95%
confidence interval [CI]) in the respective glycemic marker per standard deviation decrease in
either LDL-C, circulating PCSK9 protein levels, or transcripts per million in pancreas and liver
PCSK9 expression. “# SNPs” is the number of genetic variants used in the drug-target MR
analysis. PCSK9: Proprotein-convertase subtilisin/kexin 9; QTL: quantitative trait loci; HbAlc:
glycated hemoglobin; AFR: African; EAS: East Asian; SAS: South Asian; HISP: Hispanic; EUR:
European. Reproduced from Rosoff DB, Wagner J, Jung J, Pacher P, Christodoulides C, Davey
Smith G, Ray DW, Lohoff FW. “Multiomic Mendelian Randomization Study Investigating the
Impact of PCSK9 and HMGCR Inhibition on Type 2 Diabetes Across Five Populations.”
Diabetes 2025; 74(1): 120-130. © 2025 The Authors. Licensed under Creative Commons
Attribution 4.0 International (CC BY 4.0).
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Figure 3.4. Mendelelian randomization (MR) results of additional PCSK9 instruments
(functional variants and QTLs) on glycemic traits. Presented are MR results (either IVW or
Wald ratio depending on number of cis-variants in the instrument) of the impact of the additional
PCSKQ9 instruments (functional variants lowering LDL-C, tissue-specific PCSK9 expression, and
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circulating PCSKO protein levels) for glycemic traits. Glycemic traits results are reported the 3
’s (with 95% CI) per standard deviation decrease in either LDL-C, circulating PCSK9 protein
levels, or transcripts per million in pancreas and liver PCSK9 expression. Note that 2-hour
glucose levels were not available for SAS. “# SNPs” is the number of genetic variants used in
the drug-target MR analysis. PCSK9: Proprotein-convertase subtilisin/kexin 9; QTL:
quantitative trait loci; HbAlc: glycated hemoglobin; AFR: African; EAS: East Asian; SAS:
South Asian; HISP: Hispanic; EUR: European. Reproduced from Rosoff DB, Wagner J, Jung J,
Pacher P, Christodoulides C, Davey Smith G, Ray DW, Lohoff FW. “Multiomic Mendelian
Randomization Study Investigating the Impact of PCSK9 and HMGCR Inhibition on Type 2
Diabetes Across Five Populations.” Diabetes 2025; 74(1): 120-130. © 2025 The Authors.
Licensed under Creative Commons Attribution 4.0 International (CC BY 4.0).

3.3. Polygenic LDL-C Results.

Full results of the polygenic lipid instrument are presented in Table AP2.10. Prior to
interpretation, we aligned each polygenic LDL-C estimate to correspond to the expected
physiological response to pharmacological lipid-lowering therapy, i.e., a change in T2D risk or
glycemic marker level per unit SD lowering in LDL-C. In line with the results observed using
HMGCR variants, we observed strong evidence that lower LDL-C levels increased risk for T2D
in SAS (OR=1.34, 95% CI=[1.166,1.529], P-value=2.81x10°) and in EUR (OR=1.056, 95%
95% CI=[1.013,1.101], P-value=0.001). Polygenic LDL-C estimates in the other three
populations included the null.

3.4. Aim 1 Discussion

We used drug-target MR to compare the relationships of genetic LDL-C lowering via PCSK9
and HMGCR variant therapies with T2D and glycemic markers using data from five populations.
We found a neutral safety profile for PCSK9 inhibition on T2D in SAS, EAS, HISP, and EUR
populations, adding to the growing body of genetics-based literature finding generally safe side
effect profiles of long-term PCSK9 lowering.*>"*"'*"3* Sensitivity analyses using functional
PCSKO variant R46L, PCSK9 protein levels, and both hepatic and pancreatic PCSK9 gene
expression similarly yielded null results. Our assessment of the genetic PCSK9-T2D
relationships across cohorts representing 5 populations using complementary MR methods,
sensitivity analyses based upon functional PCSK9 variants, and analyses using multi-omic
PCSKO9 instruments, along with several other lines of evidence failing to find an adverse increase
in T2D risk by PCSK9 inhibition,**** further strengthens our inference of the neutral side-effect
profile and should be reassuring for any concerns regarding T2D diabetes risk from
pharmacological PCSK9 inhibition. Importantly, while the global T2D prevalence is high, it
varies widely across geographical regions and by race/ethnicity,*® and epidemiological data
suggest that certain populations may have higher or lower risk of developing T2D.*
Nevertheless, despite the need for more diversity in all clinical trials and genetics-based
studies,*®* apart from a recent study investigating the relationships of lipids, lipid-lowering
targets, and T2D risk among African Americans,* the existing PCSK9-T2D literature is based
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primarily upon analysis of individuals in European populations, highlighting the need for
population-specific work to inform our understanding of PCSK9 inhibition and the risk for T2D.

The main analyses found weak evidence (i.e., P-value < 0.05 but not surpassing correction for
multiple testing) that PCSK?9 inhibition was associated with increased T2D risk in AFR;
however, the result was not robust to our sensitivity analyses using functional PCSK9 variants as
instruments. In addition, we did not find a relationship of HMGCR and T2D risk in the AFR
data. Our AFR T2D results were based upon cohorts from continental Africa, and neither the
PCSK?9 nor the HMGCR finding align with the recent MR study by Soremekun et al. assessing
the impact of LDL-C lowering by PCSK9 and HMGCR inhibition on T2D risk among African
Americans in the Million Veterans Program (MVP).> Soremekun et al. found that HMGCR
inhibition increased T2D risk (OR per SD decrease in LDL-C=1.68, CI=[1.03,2.72], P-
value=0.04) but PCKS9 inhibition did not.>* These discrepancies may also reflect the impact of
genetic admixture, the mixing of different ancestral populations,®’” which can influence genetic
associations by introducing variability in allele frequencies and genetic backgrounds across
populations.®” In the context of genetic studies, admixture can lead to confounding effects,
where associations identified in one population may not hold true in another due to differences in
genetic architecture.®” This variability can obscure or inflate the true effects of genetic variants
on traits such as T2D risk. For example, in populations with a high degree of admixture, such as
African American populations,®*** the presence of alleles from different ancestral backgrounds
may alter the expression and impact of genes targeted by therapies like HMGCR inhibitors or
PCSKO inhibitors. As a result, the observed genetic associations in a more genetically
homogenous population may differ when studied in an admixed population, leading to
discrepancies in the findings. More broadly, Africans possess significantly more genetic and
linguistic diversity, with over 3,000 indigenous languages, largely shaped by geography.
However, over 90% of these ethnolinguistic groups lack genetic data.”® Focusing on African
diaspora populations and broadly categorizing them as African ancestry overlooks Africa's
genetic diversity, perpetuating imbalances and health disparities,” underscoring the critical
importance of future investigation and replication with these populations when the data becomes
available.

For HMGCR inhibition, our results replicate and extend reports of increased T2D risk from
RCTs evaluating statin use and MR analyses using variants in the HMGCR region as proxies for
long-term HMGCR inhibition,*”* by also finding adverse relationships between HMGCR and
T2D risk in EAS (having strong genetics evidence with drug-target MR estimates surpassing
correction for multiple comparisons and also demonstrating evidence of colocalization) and SAS
(weak evidence with a less precise drug-target MR estimate but evidence of colocalization).
They also extend recent population genetics work in diverse populations that applied a
clustering-based method to GWAS of T2D along with other cardiometabolic diseases and
glycemic markers to develop genetic signatures underlying subtypes of T2D using GWAS data
from EUR and non-EUR cohorts.*** One of the clusters was enriched for variants involved in
increased LDL-C levels, including SNPs in the HMGCR locus.** Further, the directions of the
SNP associations were consistent with LDL-C lowering increasing T2D risk, which is in line
with the directionality of our HMGCR findings, suggesting that our findings may be driven by a
T2D subtype, which warrants future investigation. As we did not find corresponding evidence
for adverse effects of HMGCR inhibition on glycemic traits in either EAS or SAS population (in
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fact, HMGCR inhibition reduced fasting glucose in EAS, which result was robust in MVMR to
correct bias for the BMI adjustment in the fasting glucose GWAS data, suggesting some

potential glycemic benefits), it is possible that the adverse impact on T2D may be via potential
pathways, such as weight gain associated with statin use, that have been previously reported.**

As the heterogenous HMGCR findings suggested adverse relationships in 3 of the 5 study
populations, suggesting potential population specificity and biological mechanisms, it is possible
that the observed differences in the estimates reflect differing allele frequencies of the HMGCR
variants across the populations; however, the R* values for HMGCR instruments were generally
comparable across populations, and the variants used for population-specific instruments were
largely distinct, likely capturing the genetic architecture of the HMGCR locus specific to each
population. Further, two-sample MR studies may be biased by population differences, which
includes differences in allele frequencies, between the exposure and outcome data.'® While we
matched populations between the exposure and outcome pairs (i.e., EAS exposures with EAS
outcomes), we cannot eliminate the possibility that there is remaining population stratification
(i.e., phenotypic and genetic differences) present between the GLGC LDL-C, DIAMANTE T2D,
and MAGIC glycemic trait cohorts that may influence the HMGCR-T2D and other findings in
our study. Therefore, future studies are necessary with additional data sources to replicate and
confirm the suggested population-level differences in lifelong HMGCR inhibition.

We underscore what previous studies have discussed regarding the comparative risks for T2D
and cardiovascular benefits of statin therapy: that this modest adverse increase in T2D does not
outweigh the substantial cardiovascular benefit of statin therapy.** While the drug-target MR
study design does not enable investigation of the underlying mechanism, it has been suggested
that the increase in T2D risk by statins may be explained, in part, by both impaired pancreatic
insulin secretion because of a blockade by statins of L-type Ca** channels in pancreatic B cells
and reduced insulin sensitivity in adipose tissue (mediated by downregulation of the glucose
transporter type 4).>*' We also highlight that the genetic risk corresponding to long-term
HMGCR inhibition—and the associated T2D risk—may not correspond to shorter periods of
statin therapy. Notably, in exploratory analyses assessing the impact of HMGCR and PCSK9
inhibition on fasting insulin and insulin response to oral glucose tests, HMGCR inhibition was
not linked with either fasting insulin or the IFC or Stumvoll ISI, both markers of postprandial
insulin resistance,” suggesting that the mechanism linking HMGCR and T2D is not via
increased insulin resistance. Conversely, these analyses suggested a potential beneficial role of
PCSKO inhibition on reduced insulin resistance (i.e., lower PCSK9 was linked with increased
IFC). The analyses were consistent across several PCSK9 instruments—altered LDL-C levels via
PCSKO9 variants and lowered PCSK?9 protein levels—and may motivate future follow-up study to
determine whether PCSK9 inhibition does indeed stimulate insulin secretion, potentially
mitigating the risk for T2D.

Finally, our polygenic LDL-C findings are generally in line with previous observational and
genetics-based work finding that lower levels of circulating LDL-C are linked with higher T2D
risk.*** Interestingly, it has also been shown that among individuals with CVD, higher LDL-C
levels are associated with reduced T2D, and families with hypercholesterolemia have
demonstrated reduced T2D risk,***** supporting a growing body of literature suggesting
biological relationships between lipids and T2D, and providing important insight into
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mechanisms underlying diabetogenesis.****** One potential explanation for the observed
discrepancy in how different loci affecting LDL-C influence T2D and glycemic control is that
standard measurements of LDL-C do not distinguish between its various subtypes. LDL-C is a
heterogeneous particle with different subtypes, each of which might have distinct biological
effects on metabolic processes, including insulin sensitivity and glucose regulation.**
Additionally, LDL-C undergoes changes in its composition and structure, such as altered
electrophoretic mobility, increased triglyceride and ceramide content, prolonged retention of
modified LDL-C in the blood, enhanced uptake by macrophages, and the formation of foam
cells; the inability to differentiate these subtypes, or more fine-grained aspects of LDL-C
dynamics, in routine clinical measurements could obscure the specific pathways through which
certain loci, such as PCSK9 and HMGCR, influence T2D risk.****” By providing a detailed
profile of lipid subtypes and their interactions with other metabolites, metabolomics can help
identify the specific LDL- C subtypes that are most strongly associated with T2D risk.**® For
instance, metabolomics data could reveal whether certain LDL-C subtypes are more prevalent in
individuals with T2D or whether they interact differently with glucose and insulin metabolism
compared to other subtypes. Metabolomics can capture a broader spectrum of lipid-related
metabolites, offering insights into the downstream effects of LDL-C subtypes on metabolic
pathways involved in glycemic control.**® This improved resolution could help to clarify why
certain genetic variants associated with LDL-C have differing impacts on T2D.** For future
research, exploring the complexities of metabolomics data could be invaluable in disentangling
these relationships, leading to a more refined understanding of the metabolic consequences of
LDL-C variability and potentially guiding more targeted therapeutic strategies.

3.5. Aim 1 Strengths and Limitations

Aim 1 has several important strengths. The primary strength of Aim 1 is the use of non-EUR
data to perform parallel population-specific MR analyses in the most comprehensive genetics-
based investigation of the risk for T2D associated with lipid-lowering drug-targets to date. A
recent meta-analysis of 20,692 RCTs in the United States listed in ClinicalTrials.gov from the
years 2000-2020 found that while there have been positive trends in RCT enrollment, there are
still substantial racial/ethnic differences in minority recruitment, reporting, and representation.*
Among the 20,692 RCTs (generating data from more than 4.76 million participants), Turner et
al. found that European populations comprised almost 80% of all participants while only 10% of
participants were AFR, 6% Hispanics/Latino, and 1% Asian (EAS and SAS combined).*” This
study and others like it may be an important step to help address the current imbalances in
representation for minority race/ethnicity participants in RCTs,** and resulting health
disparities®®**° (at least with regards to lipid-lowering therapies, including statins, which are the
most prescribed for noncommunicable diseases drug worldwide®"*?). Another strength is our
use of both proteomic and transcriptomic data to construct additional PCSK9 instruments in
therapeutically and T2D-relevant tissues. For example, in mice, tissue-specific investigation of
PCSKO9 inhibition found that PCSK9 expression in the pancreas may be related to impaired {3 cell
dysfunction while liver-derived PCSK9 was not related (3 cell dysfunction or insulin secretion.>
However, our PCSK9 instruments derived from pancreatic tissue (in addition to the liver tissue
PCSKO9 instruments) failed to find evidence of pancreatic or hepatic PCSK9 expression on T2D
or glycemic markers using human data, which should reassure clinicians and patients regarding
the PCSK9-T2D relationship. Other strengths include leveraging complementary MR methods
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incorporating genetic matrices of the underlying LD structure between drug target instrument
variants to improve instrument precision, which is crucial for causal inference in MR.*
Employing complementary MR methods, heterogeneity tests, and alternate instruments—and
observing consistent MR estimates across them—further strengthens causal inference.**4>

There are important limitations for the analyses in Aim 1. First, the population specific GWAS
for glycemic markers we analyzed in our study included adjustment for BMI in their models. It
has been suggested that adjustment for covariates in GWAS models may bias the resultant
GWAS.*" Therefore, future multi-population MR studies should re-evaluate these results when
sufficiently large unadjusted glycemic GWAS data becomes available. The Aim 1 project uses
data derived from five populations. Participants included in the GWASs in these five populations
hailed from a combined 34 countries and four continents, which, while an important step to
improve our understanding of the relationships of lipid-lowering therapies and T2D risk in these
populations, nevertheless is still not applicable to other populations not represented (e.g.,
although a large number of participants in this study are from the United States, interpretation of
these results should not be generalized to Indigenous Americans, a population with an estimated
13.6% T2D prevalence®™®), or even geographically distinct members of one of the populations
included (e.g., the HISP results should not be generalized to Hispanic/Latino populations located
in South America). Further, given the nature of the GWAS data, we were not able to evaluate
potential country-to-country heterogeneity within the respective populations, or even
ethnolinguistic divisions within each population. Further still, we emphasize that causal
inference requires triangulating study designs,** and while improving racial/ethnic diversity in
genetics-based studies represents important advancements in our understanding of health and
disease, long-term RCTs across diverse populations are required to further our understanding of
the lipid-lowering therapeutic-T2D relationships. While we observed several heterogenous
population-based estimates in the T2D and glycemic data suggesting potential population-
specific relationships, we cannot eliminate the hypotheses that these differences may instead
reflect differences in access to healthcare and glycemic control across the populations and the
genetics data derived from them. For example, we observed heterogeneity between the PCSK9
and HMGCR impact on HbA1c in HISP with HMGCR inhibition (but not PCSK9 inhibition)
linked with increased HbA1c levels. While the biological mechanisms are unclear, the HISP
cohort may reflect challenges in healthcare access and T2D management reported among HISP
populations, resulting in comparably poor glycemic control and worse clinical presentation of
HISP T2D patients.* In the US, one analysis of ~66,000 electronic health records found that
HISP patients who preferred speaking Spanish more poorly controlled HbA1c compared to HISP
patients who preferred speaking English,** underscoring the need for programs designed to
engage HISP and address organizational-level barriers to glycemic control for HISP patients
and the resulting biobanks. Other study limitations are inherent to the drug-target MR
framework, e.g., the inability to evaluate potential off-target effects and pathways of PCSK9 and
HMGCR inhibition, other than their intended lipid-lowering mechanisms.*” Therefore, future
non-EUR MRs will be necessary when the data becomes available in these populations. Also,
while using cis-instruments in MR is less affected by possible violations of MR assumption than
conventional polygenic MR,* it is not possible to completely rule out bias due to confounding
or pleiotropy; however, colocalization and robust estimates across the multiple instrument sets
improves confidence in the findings.

356
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3.6. Aim 1 Future Directions

3.6.1 Expanding to more populations and cohorts

To advance our understanding of the effects of HMGCR inhibition on T2D risk, future genetic
studies must prioritize inclusivity by expanding analyses to underrepresented populations.
Current genetic research remains predominantly focused on European populations, which limits
the generalizability of findings to other ancestries. This gap not only perpetuates health
disparities but also hinders the identification of population-specific genetic effects and
mechanisms. For example, individuals of African ancestry exhibit greater genetic diversity,
including unique allele frequencies and loci associated with metabolic traits, yet remain
understudied in lipid-related and T2D research.***® Expanding datasets to include other cohorts
of African, South Asian, Hispanic/Latino, and Indigenous populations is essential to uncovering
genetic variants that may drive differential responses to HMGCR inhibition. Moreover,
population-specific studies can illuminate the role of environmental and lifestyle factors that may
interact with genetic predispositions to influence T2D risk.

Importantly, such expansions require concerted global efforts to establish and integrate data from
diverse biobanks. Collaborative initiatives like the H3Africa Consortium and All of Us Research
Program are critical starting points. These efforts could facilitate the inclusion of ancestries
historically excluded from genetic research and provide insights into T2D prevalence and
complications across different groups. Addressing these gaps is not only ethically imperative but
also scientifically enriching, as it could lead to the discovery of novel mechanisms and
therapeutic targets specific to these populations.*® Ultimately, the findings from more inclusive
studies will empower clinicians to tailor lipid-lowering therapies, such as statins or PCSK9
inhibitors, based on ancestry-specific risk profiles.

More generally, there exists a need to improve race/ancestry representation in genetics-based
studies across all clinical disciplines.?®****** As outlined by Fatumo et al.,”® the imperative for
increased genetic diversity in genomic studies is underscored by the prevailing imbalance, where
the majority of data comes from individuals of European ancestry, leaving other populations
underrepresented.”® This European-centric bias not only raises ethical concerns but also results in
missed scientific opportunities and health disparities.”® For example, inadequate representation
impedes the identification of population-specific variants and, in the application of MR and other
genetics-based studies, potential ancestry-specific differences in the causal roles of important
risk factors and biomarkers in disease risk. It also limits the accuracy of polygenic risk scores for
diverse populations, and overlooks clinically important variants discovered exclusively in
underrepresented groups.?® Addressing the inequalities in genomic studies requires a concerted
global effort to implement a roadmap for increased diversity.® These initiatives should leverage
existing research infrastructure, capacity, expertise, and leadership within local institutions.
Further, overcoming historical injustices, building trust, and considering ethical, legal, and social
implications in study design are essential for engaging diverse populations in genomic
research.”®***%2% Ultimately, fostering genetic diversity is not only an ethical imperative but also
crucial for advancing scientific understanding, reducing health disparities, and ensuring the
applicability of genetic insights across a broad spectrum of populations.
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3.6.2. Investigating T2D complications

Beyond assessing the primary relationship between HMGCR inhibition and T2D risk, future
studies should evaluate its effects on T2D complications, including, diabetic nephropathy,
retinopathy, and neuropathy. These downstream outcomes represent significant contributors to
morbidity and mortality among individuals with T2D.*® For example, while statins and other
lipid-lowering therapies provide well-documented cardiovascular benefits, their potential to
exacerbate or mitigate T2D complications remains underexplored. Understanding how HMGCR
inhibition influences these secondary outcomes is critical for comprehensive risk-benefit
assessments.

To achieve this, longitudinal studies linking genetic proxies of HMGCR inhibition to biomarkers
and clinical endpoints of T2D complications are necessary. This approach could uncover
whether increased T2D risk is offset by protective effects on microvascular or macrovascular
outcomes. Additionally, stratified analyses based on T2D subtypes or glycemic control could
reveal heterogeneity in these effects. For example, some evidence suggests that statin-induced
increases in T2D risk may arise from mechanisms such as weight gain or impaired insulin
secretion.®® Future studies should explore whether these mechanisms differentially impact
patients already at high risk of complications, such as those with preexisting kidney disease or
poor glycemic control.

3.6.3. Two-step MR and mechanistic studies

To elucidate the biological mechanisms linking HMGCR inhibition to T2D, future research
should leverage two-step MR using proteomic data. This approach, which this thesis uses in Aim
3 to elucidate proteomic mediators between BMI and cardiometabolic risk and has also
successfully applied to identify protein mediators in other disease contexts (e.g., between BMI
and COVID-19 risk*® and also proteomic mediators of the atherosclerotic benefits of Interleukin
6 inhibition,” involves identifying proteins influenced by HMGCR variants (Step 1) and testing
their causal relationship with T2D outcomes (Step 2). By integrating large-scale proteomic
datasets such as those from deCODE and GTEXx, two-step MR can help identify circulating
proteins or tissue-specific markers that mediate HMGCR’s effects on T2D risk. For example,
proteins involved in insulin signaling, glucose metabolism, or inflammation could be highlighted
as key intermediaries.

3.6.4. Translating mechanistic insights into clinical
practice

While identifying mechanisms is crucial, translating these findings into clinical practice will
require robust validation in diverse cohorts and real-world settings. Current evidence suggests
that the cardiovascular benefits of HMGCR inhibitors often outweigh their modest impact on
T2D risk.**® However, stratified analyses are needed to identify patient subgroups that may be at
heightened risk for adverse metabolic effects. For instance, individuals with obesity, prediabetes,
or specific genetic predispositions may require closer monitoring or alternative therapies.
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Ultimately, integrating mechanistic insights with clinical data could lead to the development of
targeted interventions. Proteins identified as mediators in two-step MR studies could serve as
biomarkers for T2D risk stratification or therapeutic targets. For example, interventions designed
to modulate these proteins—either through pharmacological agents or lifestyle changes —could
mitigate the metabolic side effects of HMGCR inhibitors. Multivariable MR analyses could
further clarify how modifiable factors such as BMI, diet, and physical activity interact with these
pathways, providing actionable strategies for reducing T2D risk while preserving cardiovascular
benefits.

3.7. Aim 1 Conclusions

In conclusion, the Aim 1 project did not find an adverse impact of genetically proxied lowering
of LDL-C levels by PCSK9 variants on T2D or markers of glycemia in EAS, SAS, HISP, or
EUR cohorts. We do find an adverse relationship between LDL-C lowering via PCSK9
inhibition and T2D in AFR; however, because the increased risk of PCSK9 inhibition on T2D in
AFR was not robust in sensitivity analyses and does not align with recent results using data from
African Americans in the US-based MVP cohort, we emphasize the need for additional
investigation into this potential relationship. For HMGCR, we replicate the previously observed
slight increase in T2D risk and emphasize that this increase likely does not offset the substantial
cardiovascular benefit of statin therapy. While replication with data from more countries,
additional populations, and additional age groups is necessary, these findings should help inform
clinicians and patients considering lipid-lowering therapies who may be concerned about the
possibility for increased T2D risk.
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CHAPTER 4: AIM 2 RESULTS

Chapter Overview

This chapter explores the genetic and biological underpinnings of problematic alcohol use (PAU)
and alcohol consumption behaviors, utilizing cis-instrument Mendelian Randomization (MR)
and complementary analyses across cortical proteomic and cell-type transcriptomic data.
Screening identified 217 cortical proteins and 255 cell-type genes, including 36 novel proteins
and 37 novel genes, with robust instrument validity and minimal weak instrument bias. Key
findings include strong associations of MAPT and MTOR with multiple alcohol-related
outcomes, emphasizing their roles in synaptic function and neurogenesis. Colocalization analyses
highlighted high-confidence targets such as SAMHD1, VIPAS39, and NRBP1, with replication
in the FinnGen cohort confirming these associations. Gene-set enrichment analyses linked
findings to pathways in alcohol metabolism, neural signaling, and blood-brain barrier integrity.
Druggable targets like SLC4A8 and CAB39L suggest therapeutic potential, while drug
repurposing identified prazosin and memantine as candidates. Neuropsychiatric profiling
revealed shared pathways with disorders like schizophrenia and Alzheimer’s, underscoring the
broader clinical relevance. These findings advance understanding of alcohol-related behaviors
and provide a foundation for targeted therapeutic strategies.

4.1. Cis-Instrument MR Screens

Variants for the cortical proteins had an average F-statistic of 42.0 (range: 12.12-825.70) (Table
AP3.2) and variants comprising the single cell transcriptomic instruments explained on average
~9.0% of the variance in the instrumented gene expression in that cell type, and the average F-
statistic for individual variants was 20.21 (range: 12.12-238.60) (Tables AP3.3-AP3.10). The
strong F-statistics for the cortical and cell-type instruments suggest minimal evidence that the
MR estimates are subject to weak instrument bias.*** In the proteome, 2269/3562 cortical proteins
were instrumented by 2+ SNPs; and in the cell-type transcriptome, as follows: AST, 782/2406
genes; EXC 1936/4606 genes INH, 763/2493 genes; OPC, 610/1905 genes; PER, 97/617 genes;
END, 245/1199 genes; MIC, 491/1479 genes; OLI, 1266/3174 genes.

In the cortical proteome, we found 293 total proteins surpassing correction for multiple
comparisons (219 individual proteins) whose cis-regulated protein levels were associated with
the alcohol-related outcomes surpassing correction for multiple comparisons (Figure 4.1a;
Figures AP3.1-AP3.4, Tables AP3.11-AP3.14). 48 proteins associated with PAU, 139 with
AIF, 79 with DPW, and 27 with binge drinking. 57 proteins were pleiotropic (i.e., linked with
more one alcohol outcome) (Figure AP3.5), and estimates for these proteins were generally
directionally consistent across the outcomes, e.g., MAPT was associated with increased AIF (8
=0.180, CI=[0.127,0.233], P-value=2.92x10™""), increased DPW (3=0.149, CI=[0.116,0.183], P-
value=1.94x10") and increased binge drinking (=0.278, CI=[0.193,0.363], P-value=1.49% 10
1%9); MTOR was associated with increased AIF ($=0.064, CI=[0.0544,0.083], P-value=8.11x10"
'y and DPW ($=0.031, CI=[0.018,0.043], P-value=9.52%107) (Table AP3.15). The MTOR
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finding aligns with preclinical work suggesting brain-specific mTOR pathway inhibition reduces
alcohol intake in mice.** Results for cortical proteins surpassing correction for multiple
comparisons generally aligned across complementary MR methods used to test the MR
assumptions, and the MR Egger intercept did not demonstrate evidence for pleiotropy.

We identified 486 cell-type-gene combinations, representing 255 unique genes (unique used here
to indicate the gene count has been adjusted for any duplicates in the results across the different
alcohol consumption behaviors and cell-types) across eight cell types—230 unique to cell types
and 25 overlapping with cortical protein findings (Figure 4.1a-b, Figures AP3.6-AP3.9, Tables
AP3.16-AP3.19). MR estimates for 68 genes surpassed correction for multiple comparisons in
multiple cell types (Table AP3.20). For instance, MR estimates for RBM6 in five cell types were
consistent with increased AIF, while FAM118A expression in all cell types was linked with
reduced AIF. These findings highlight both behavior-specific and overlapping gene associations
across alcohol-related behaviors (Figure AP3.10). MR results aligned across complementary
methods, with no evidence of pleiotropy.

We used a “multiverse”****" sensitivity analysis assessing the stability of the cis-MR estimates
over a range of instrument selection parameters®*>*"” for each of the proteins and cell-type genes
for which the primary cis-MR analyses suggested underlying causal effects on the alcohol-
related outcomes. We found the cis-MR estimates directionally concordant for 217 of the 219
cortical proteins and all the cell-type genes and took these targets forward to the downstream
analyses (Tables AP3.21-AP3.28). AIF was linked with most proteins and genes and binge
drinking with the fewest (Figure 4.1b). The proteomic and cell-type transcriptomic results were
largely distinct, with only 25 genes overlapping across all alcohol-related phenotypes (Table 4.1,
Figure 4.1c), highlighting differences in the genetic underpinnings of gene expression and
protein levels in the brain.**®® Combining all cortical proteins and genes in the cell-type
transcriptome showed that only 13 genes (2.9% of top proteins/genes) were shared across the 4
alcohol-related outcomes (Figure 4.1d), underscoring that PAU and alcohol consumption
behaviors have distinct proteomic and transcriptomic underpinnings, which aligns with previous
GWAS analyses.?**
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Figure 4.1. Manhattan plots for cis-MR screens of cortical proteomic and single-cell
transcriptomic architecture in PAU and alcohol consumption behaviors. (a) shows the cortical
proteomic and transcriptomic MR results for each behavior, with highlighted values surpassing
the adjusted P-value threshold. All cis-instrument MR estimate P-values are based upon used
two-sided Wald tests. P-values were not adjusted for multiple comparisons. In the cell-type
analyses, some genes were associated with multiple behaviors, but the flow chart focuses on
unique genes (adjusted for duplicates). (b) summarizes the cortical proteomic and cell-type
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transcriptomic findings for PAU and alcohol behaviors, including proteins and genes specific to
each behavior or associated with multiple outcomes. (c) presents a Venn diagram of the 217
unique cortical proteins and 255 cell-type genes across the four alcohol-related outcomes
identified in the cis-MR screen and sensitivity analyses. (d) shows another Venn diagram
outlining the overlap of unique cortical proteins and cell-type genes for each outcome. (e)
displays the percentage of proteins/genes identified by the cis-MR screen that were captured by
other methods, with percentages above the bar plots indicating how many cortical proteins and
cell-type genes were identified by each method. Proteins and genes not captured by other
methods were considered novel for alcohol use behaviors. PAU: problematic alcohol use; AIF:
alcohol intake frequency; DPW: drinks per week; AUD: alcohol use disorder; EWAS:
epigenome-wide association study; MAGMA: Multivariate Analysis of Genomic Annotation; H-
MAGMA: Hi-C Multivariate Analysis of Genomic Annotation. Reproduced from Rosoff DB,
Wagner J, Bell AS, Mavromatis LA, Jung J & Lohoff FW. “A multi-omics Mendelian
randomization study identifies new therapeutic targets for alcohol use disorder and problem
drinking.” Nature Human Behaviour 2025; 9: 188-207. © 2025 The Authors, licensed under CC
BY 4.0 (https://creativecommons.org/licenses/by/4.0/).
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Table 4.1. Cis-instrument MR estimates for 25 overlapping targets surpassing correction for multiple comparisons in the cortical
proteome and cell-type transcriptome

Cortical protein estimates

Cell-type transcriptome estimates

Gene Gene position Druggability Alcohol-related Proteome B [95% CI] Alcohol-related outcomes Cell-type transcriptome B[95% cl
Tier outcomes
ACTR1B 2:98272431-98280570 - DPW -0.024, [-0.034, -0.014] AIF (OLI), DPW (OLI, EXC) 0.051, [0.034, 0.068]; 0.032, [0.022, 0.043]; 0.026,
[0.016, 0.037]
ARFGAP3 22:43192508-43254112 - AIF -0.067, [-0.096, -0.038] AIF (END, OLI, EXC) -0.023, [-0.032, -0.013]; 0.048, [0.031, 0.066];
0.055, [0.034, 0.075]
C18orf8 18:21083473-21111746 - AIF 0.079, [0.06, 0.097] AIF (END, INH, EXC) 0.074, [0.058, 0.089]; 0.039, [0.023, 0.055]; 0.113,
[0.088, 0.137]
CAB39L 13: 49882786-50018262 - PAU, Binge, AlF, DPW 0.012, [0.008, 0.017]; 0.018, [0.011, 0.025]; AIF (AST) 0.038, [0.027, 0.049]
0.022, [0.016, 0.027]; 0.013, [0.009, 0.016]
CCDC25 8: 27590835-27630170 - AIF, DPW -0.028, [-0.035, -0.021]; -0.016, [-0.022, - 0.01] AIF (INH) -0.039, [-0.055, -0.023]
DDHD2 8: 38082736-38133076 - DPW -0.066, [-0.093, -0.039] DPW (INH, EXC) -0.043, [-0.06, -0.025]; -0.0343, [-0.048, -0.02]
EML6 2: 54950636-55199157 - DPW -0.036, [-0.048, -0.023] DPW (EXC) -0.032, [-0.045, -0.02]
GMPPB 3:49754277-49761384 - PAU 0.014, [0.009,0.019] AIF (INH) 0.075, [0.053, 0.096]
HIBADH 7: 27565061-27702614 - DPW -0.013, [-0.017, -0.008] DPW (OLI) -0.009, [-0.012, -0.005]
LARS 5: 145492601-145562223 Tier 2 AlF -0.045, [-0.062, -0.027] AlF (OPC) 0.036, [0.022,0.05]
MAPT 17: 43971748-44105700 Tier 1 AIF, Binge, DPW 0.18, [0.127, 0.233]; 0.278, [0.193, 0.363]; AIF (AST), Binge (AST), DPW (AST) | -0.046, [-0.057, -0.036]; -0.059, [-0.083, -0.034]; -
0.149, [0.115, 0.183] 0.031, [-0.038, -0.024]
NPC1 18: 21086148-21166862 Tier 1 Binge 0.026, [0.015, 0.038] PAU (EXC) 0.037, [0.023, 0.051]
NT5C1A 1: 40124793-40137710 - DPW 0.021, [0.016, 0.025] DPW (EXC) 0.021, [0.013, 0.03]
PACSIN2 22:43231418-43411151 - Binge 0.026, [0.015, 0.038] PAU (EXC) 0.037, [0.023, 0.051]
RAB3C 5: 57878048-58155213 -- DPW 0.021, [0.016, 0.025] DPW (EXC) 0.021, [0.013, 0.03]
RABGAP1 | 1:174128548-174964445 - PAU -0.059, [-0.082, -0.036] PAU (EXC), AIF (EXC), Binge -0.046, [-0.055, -0.038]; -0.108, [-0.116, -0.1]; -
L (EXC), DPW (EXC) 0.108, [-0.121, -0.095]; -0.067, [-0.072, -0.062]
SH2B1 16: 28857921-28885526 - AIF, DPW 0.233, [0.188,0.278]; 0.097, [0.069,0.126] AIF (INH, EXC), DPW (INH, EXC) 0.114, [0.093, 0.135]; 0.125, [0.102, 0.148]; 0.045,
[0.031, 0.058]; 0.0491, [0.034, 0.064]
SHMT1 17: 18231187-18266856 = AIF, DPW 0.021, [0.015,0.027]; 0.011, [0.008,0.015] AIF (AST) 0.046, [0.027,0.065]
SIPA1L1 14: 71787166-72207946 - DPW 0.031, [0.02,0.042] AIF (OLI), Binge (OLI), DPW (OLI) -0.008, [-0.011, -0.005]; -0.005, [-0.006, -0.003]; -
0.017, [-0.021, -0.013]
SLC5A6 2: 27422455-27435826 Tier 1 PAU, AIF, DPW -0.022, [-0.031, -0.012]; -0.052, [-0.061, - AIF (EXC) -0.085, [-0.115, -0.055]
0.042]; -0.026, [-0.032, -0.02]
SNTB2 16: 69221032-69342955 - AIF, DPW -0.077, [-0.111, -0.044]; -0.138, [-0.19, -0.086] DPW (EXC) 0.045, [0.026, 0.063]
STAT6 12: 57489191-57525922 Tier 2 AlF 0.044, [0.029,0.058] AIF (EXC) 0.073, [0.048, 0.097]
SULT1A2 16: 28603264-28608430 Tier 1 AIF, DPW 0.049, [0.04, 0.058]; 0.019, [0.013, 0.025] AIF (END, INH, EXC, OPC); DPW -0.072, [-0.083, -0.061]; -0.035, [-0.046, -0.024]; -
(END, AST) 0.038, [-0.049, -0.027]; -0.053, [-0.072, -0.034]; -
0.027, [-0.034, -0.02]; -0.0358, [-0.047, -0.025]
TMEM245 | 9: 111777432-111882225 - DPW 0.008, [0.005, 0.012] AIF (OLI) 0.055, [0.04,0.07]

111




UGDH

4: 39500375-39529931 ‘ - ‘ AIF, DPW ‘ -0.08, [-0.097, -0.062]; -0.037, [-0.048, -0.026] ‘ AIF (OPC), DPW (OPC) ‘ 0.052, [0.04, 0.065]; 0.045, [0.037, 0.053]

Notes: The 25 targets included in the table had cis-instrument MR estimates surpassing Bonferroni-corrected P-value thresholds of
1.41%x10° and 2.80%10° for the cortical proteome and cell-type transcriptome screens, respectively. All cis-instrument MR estimate P-
values are based upon used two-sided Wald tests. P-values were not adjusted for multiple comparisons. Boldfaced indicates target
that has directionally inconsistent estimates between cortical proteome and cell-type transcriptome. The columns labeled “Alcohol-
related outcomes” are the alcohol-related GWASs with which the target was associated in the cis-instrument MR screen (either PAU,
AIF, Binge, or DPW). The corresponding columns with the Mendelian randomization (MR) estimates (3’s and corresponding 95%
confidence intervals [CIs]) for that alcohol-related outcome. For cells with more than one alcohol-related outcome and related MR
estimates, the MR estimates are presented in the same order as corresponding alcohol-related outcome. Druggability tiers are defined
by Finan et al.”*® Tier 1 genes include targets of approved small molecules and drugs in clinical trials and Tier 2 genes consist of
genes with documented bioactivity for drug-like small molecules. PAU: problematic alcohol use; AIF: alcohol intake frequency;
DPW: drinks per week; AST: astrocytes; EXC: excitatory neurons; INH: inhibitory neurons; OLI: oligodendrocytes; OPC:
oligodendrocyte precursor cells; PER: pericytes; END: endothelial cells.
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4.2. Biological Characterization of
Identified Genes

Gene-set enrichment (GSEA) implicated a range of biological processes and pathways, including
alcohol catabolism, neurogenesis/neurodegeneration, and other neural processes related to
synaptic functioning (e.g., exocytic insertion of neurotransmitter receptor to the postsynaptic
membrane (overlapping gene: SNAP47), neuronal dense cores vesicles (gene: STXBP5L), and
regulation of postsynaptic neurotransmitter receptors) (Tables AP3.29, AP3.30). As expected,
GWAS Catalog look-up found overlap with alcohol-related phenotypes and other substance use
behaviors, including cannabis use (genes: CADM?2 and SMG6) and tobacco smoking (genes:
CADM_2, SMG6, and MAPT), consistent with the shared genetic architecture of substance use
behaviors.*® Additional biological characterization using human brain single-cell datasets from
Li et al.®* demonstrated widespread differential expression among 28 cortical cell-types, with
generally increased expression in excitatory neurons and inhibitory neurons across several
cortical layers (i.e., L2, L3, L5, and L6) and reduced expression in other cell types (Figure
AP3.11, Tables AP3.31, AP3.32).

We conducted several drug-gene analyses to prioritize repurposing opportunities among
approved therapeutics and candidate compound (Tables AP3.33-AP3.36). Because DRD2 was
among the top genes in EXC for PAU (3=-0.047, CI=[-0.066,-0.028], P-value=1.36x10°),
antipsychotics and Anti-Parkinson’s drugs were represented in the cross-reference of the
cMAP?** and DGIdb databases®” (Table AP3.34); however, the direction of effect for PAU
indicated by our cis-MR screen—an increased DRD2 expression in EXC—suggested the
dopaminergic receptor agonists comprising the Anti-Parkinson’s drugs would be beneficial while
the dopaminergic receptor antagonists would not, aligning with previous work.*”*** Other drugs
with directionally relevant effects on the targets were the antidiabetics glyburide (DGIdb
interaction score=0.53 with ABCC5), voglibose (DGIdb interaction score=5.36 with MGAM),
and acarabose (DGIdb interaction score=3.57 with MGAM) (Table AP3.34). 57 of the cortical
proteins and 42 of the cell-type genes were considered druggable by small molecules (Table
AP3.35), and signature matching found potential therapeutic candidates with high negative
connectivity scores, including prazosin and memantine, for reversing the proteomic and
transcriptomic signatures of PAU and alcohol consumption (Table AP3.36). Weakly positive
correlations between the connectivity scores for PAU and alcohol consumption suggested the
bulk proteomic and cell-type transcriptomic signatures may reflect distinct repurposing
opportunities (Figures AP3.12, AP3.13).

4.2.1. Cis-MR screens identify novel targets for
alcohol traits

We next investigated whether the proteins and genes identified with the cis-instrument MR
screens represented novel alcohol-related signals, or are captured by the alcohol outcome GWAS
signatures, tagged by other gene-prioritization methods (“Multi-marker Analysis of GenoMic
Annotation” [MAGMA],**' H-MAGMA,*® and FUSION transcriptomic imputation**), or have
been implicated by complementary multi-omics approaches elucidating the biological
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underpinnings of AUD or previous studies integrating GWAS data for alcohol-related outcomes
transcriptomic and proteomic data to identify alcohol-related genes.?>****%%72%7 36 of the 217
cortical proteins and 37 of the 255 cell-type genes were classified as novel (Figure 4.1e, Tables
AP3.37-AP3.39), suggesting that the cis-MR screens captured additional biological
underpinnings of alcohol use behaviors not previously captured by the complementary
approaches. Novel proteins and genes were located throughout the genome. Of the 4 alcohol-
related outcomes, AIF had the most novel genes; however, there were novel targets for each
alcohol-related GWAS. Several of the proteins and genes were associated with multiple alcohol-
related outcomes, and while not novel across all alcohol-related outcomes, were, in fact, novel
for one or more of the alcohol-related GWASs. For example, CAB39L protein abundance, which
surpassed correction for multiple comparisons for the 4 alcohol-related outcomes, were not novel
for AIF or DPW, but were novel for PAU and binge drinking. Many of the top proteins and
genes (155 of 217 cortical proteins and 173 of 255 cell-type genes) were located within the loci
of the epigenetic signatures of AUD identified by Lohoff et al.,'® indicating a strong overlap
between the transcriptomic, proteomic, and epigenetic signatures of AUDs. We found less
overlap among differentially expressed genes (DEGs) in postmortem brain tissue from AUD
patients, suggesting cis-MR and postmortem DEG may be capturing distinct aspects of AUDs.

4.2.1a. PWAS/TWAS literature comparison. In addition, using previous
proteome wide association study (PWAS) and transcriptome wide association study (TWAS)
literature integrating omics data with GWASs of alcohol-related outcomes for gene prioritization
to classify the novelty of our cis-instrument MR findings, we also contextualize our results with
existing PWAS/TWAS literature for other neuropsychiatric outcomes. 6 novel proteins and 9
novel genes have been linked with other neuropsychiatric outcomes (depression, neuroticism,
post-traumatic stress disorder, bipolar disorder, and schizophrenia) (Table AP3.40),
underscoring many of the targets, including VIPAS39, as novel findings.

4.2.1b. Assessing directionality in bulk brain tissue. Among targets with
FUSION'® transcriptomic imputation estimates surpassing correction for multiple comparisons,
imputation estimates were generally consistent across 12 brain tissues and directionally
consistent across the bulk brain tissue and the proteomic or cell-type MR results, suggesting
generally conserved associations throughout the brain (Figures AP3.14-AP3.17, Tables AP3.41,
AP3.42). We found fewer bulk transcriptomic relationships for the cortical proteins than among
the cell-type genes, supporting previous work showing differences in the genetic underpinnings
of gene expression and circulating proteins in the brain.**

4.2.2. Colocalization prioritizes high confidence
targets

Among cortical proteins, across the 4 outcomes, there was evidence of colocalization (PP.H4
>(.7) for 21.5% of the cortical proteins (47 of 217 unique proteins). 35 AIF proteins colocalized,
including the novel protein VIPAS39, 17 DPW proteins, 1 for binge drinking, and 5 for PAU
(Figure 4.2a, Table AP3.43). MAPT colocalized with AIF, DPW, and binge drinking, and 7
proteins colocalized for both AIF and DPW (Figure 4.2a). CADM?2 colocalized with PAU and
had a PP.H4 almost surpassing the designated threshold for DPW (PP.H4=0.65). Only 2 proteins
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colocalized for both PAU and drinking behaviors (SLC4A8 colocalized with PAU and DPW;
SLC5A6, with PAU, DPW, and AIF).

In the cell-type transcriptome, there was evidence of colocalization for 22.7% or 58 of the 255
unique genes (Table AP3.44). As with the cortical proteins and likely because of the comparably
large sample size and large number of independent genomic loci surpassing conventional
genome-wide statistical significance (P-value < 5x10®), AIF had the most cell-type genes (47
total genes), including the novel protein coding gene, PACRG, and the RNA gene
ENSG00000259420, surpassing correction for multiple comparisons and showing evidence of
colocalization. DPW had 17, binge drinking had 6, and PAU had 7. Among genes that surpassed
correction for multiple comparisons in more than one cell type, most colocalized in multiple cell
types (e.g., RBM6 for AIF in astrocytes, excitatory neurons, oligodendrocytes, OPCs, and
microglia; DDHD?2 for DPW in excitatory and inhibitory neurons; and MTCH2 for PAU in
oligodendrocytes and OPCs, etc.). Conversely, several other genes, e.g., TNRC6A, only
colocalized with AIF in OPCs and not inhibitory neurons, suggesting cell-type specificity for
these genes.

Figure 4.2. Colocalization results and number of overlapping neuroimaging traits between the
cortical proteins and cell-type genes. Panel (a) shows scatter plots of the colocalization results
for all proteins/genes surpassing correction for multiple comparisons. The red dashed lines
indicate the PP.H4 cutoff of 0.7 used to define evidence of shared causal variant between the
protein or gene and respective alcohol-related outcome. The 7 labeled results are those with
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evidence of colocalization in both the proteomic and transcriptomic quantitative trait loci (QTL)
data sources. Panel (b) presents the counts of the results of the neuroimaging cis-instrument MR
analysis across 2 imaging modalities (grey matter structure and white-matter microstructure
[diffusor tensor imaging — DTI]) for the colocalized proteins/genes that did not demonstrate
evidence of colocalization in both QTL sources. To be included in the analyses, the cis-MR
estimate for the protein/gene needed to pass the same P-value threshold adjusted for multiple
comparisons as in the original cis-MR screens. AIF: alcohol intake frequency. AST: astrocytes;
EXC: excitatory neurons; INH: inhibitory neurons; OLI: oligodendrocytes; OPC:
oligodendrocyte precursor cells; PER: pericytes; END: endothelial cells. Reproduced from
Rosoff DB, Wagner J, Bell AS, Mavromatis LA, Jung J & Lohoff FW. “A multi-omics Mendelian
randomization study identifies new therapeutic targets for alcohol use disorder and problem
drinking.” Nature Human Behaviour 2025; 9: 188-207. © 2025 The Authors, licensed under CC
BY 4.0 (https://creativecommons.org/licenses/by/4.0/).

22.4% (13 of the 58) genes colocalized with more than one alcohol-related behavior.
Overlapping colocalization was generally conserved across cell-types. For example, FUT2 in
excitatory neurons colocalized with all 4 outcomes (and further with PAU, AIF, and DPW in
astrocytes); SYT14 in excitatory neurons colocalized with PAU, AIF, and binge drinking; NTN5
in astrocytes colocalized with both PAU and DPW; and PLEKHM1 expression in
oligodendrocytes colocalized with both AIF and binge drinking. Further, in line with the overlap
findings from the initial cis-MR screen, there was minimal overlap across the cortical proteins
and cell-type genes (Table AP3.45): only 7 genes colocalized at both the proteomic and cell-
type levels with their respective alcohol-related outcome (DDHD2, CAB39L, LARS, SNBTB2,
SHMT1, STAT6, and ARFGAP3).

4.2.2a. Distinct genes converge on brain structure and connectivity.
Given the minimal overlap of the proteomic and cell-type transcriptomic mediators of the genetic
predisposition for PAU and alcohol consumption behaviors, we next sought to evaluate whether
there was evidence as to whether the non-overlapping features demonstrated convergent
relationships with magnetic resonance imaging (MRI) data derived from recent GWASs of gray
matter structures**"****** and white matter connectivity® (Tables AP3.46-AP3.53). Exploratory
MR analyses of the cortical proteins and cell-type genes on brain MRI data indicated that there
were convergent gray matter structures and white matter tracts on which the non-overlapping
genes impacted (Figure 4.2b), suggesting shared neurophysiological pathways of proteomic and
transcriptomic mediators of the genetic predisposition for PAU and alcohol consumption
behaviors despite their minimal overlap of individual genes. For instance, cortical proteins and
cell-type genes each demonstrated relationships with overall cortical thickness and cortical
surface area, both recently shown in MR analyses to impact the predisposition to alcohol
consumption behaviors.*
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4.3. Replication and Neuropsychiatric
Contextualization

We next aimed to replicate and prioritize the colocalized cortical proteins and cell-type genes
using independent electronic health record-based (EHR) data for assessing the psychiatric and
physical consequences of problematic alcohol consumption among FinnGen®® cohort
participants (Figure AP3.18). 35.5% of cortical proteins (16 of 45) (Table 4.2) and 18.9% of
cell-type genes (11 of 58) (Figure 4.3a-b, Table 4.3) replicated with at least one FinnGen
alcohol-related outcome, including the novel protein VIPAS39 (Tables AP3.54-AP3.57). We
saw strong replication with AUD diagnosis among FinnGen participants, providing additional
evidence that these prioritized, high-confidence cortical proteins and cell-type genes are involved
in mediating the genetic predisposition of AUD and PAUs. As expected, cis-MR estimates for
the FinnGen consequences of alcohol consumption were generally directionally consistent with
the cis-MR observed MR estimates of the alcohol-related outcomes from the initial screen (i.e., if
the therapeutically indicated direction for cortical protein or cell-type gene with reducing PAU or
alcohol consumption behaviors was inhibition of the target, then it was also inhibition for the
FinnGen replication) (Tables AP3.55, AP3.57).

For instance, RHOA showed consistent directions of association across 3 different FinnGen
outcomes, with effect sizes (odds ratios [ORs]) ranging from 0.58-0.63 [0.458,0.772] and
associated P-values < 9.34x10®, indicating a robust association with alcohol-related outcomes.
Similarly, the protein SAMHD1 exhibited activation with ORs of 0.82-0.88 [0.738,0.932] across
2 FinnGen outcomes (Figure 4.3a). Conversely, the cortical proteins GBA2, CAB39L,
VIPAS39, and ULK3 had heterogenous estimates across their respective outcomes, while among
cell-type genes, only AGRN had heterogenous estimates (Figure 4.3b).
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Figure 4.3. Results of colocalized, high-confidence proteins and genes on the physical and
psychiatric consequences of alcohol consumption in the FinnGen cohort. Forest plots of the
primary Mendelian randomization (MR) estimates. The center of the error bars are the odds
ratios (ORs) (IVW or Wald ratio depending on the number of instrument variants and the error
bars are the lower and upper 95% confidence intervals for results surpassing correction for
multiple comparisons. All cis-instrument MR estimate P-values are based upon used two-sided
Wald tests. P-values were not adjusted for multiple comparisons. (a) presents the cortical
proteins, and (b) presents the cell-type gene results. Results are aligned with increased protein
levels or gene expression, i.e., a positive OR indicates that increased protein levels/cell-type
expression was associated with increased risk of the hypothetical outcome. Data used for the
exposures were the cortical proteins (N=722) and single cell gene expression (N=192) and the
outcomes were derived from the 9" release of the FinnGen cohort (N=377,277). The AUD
Swedish definition includes electronic health record codings related to a range of physical and
psychiatric consequences of alcohol use behavior while the ICD-10 AUD definition included
electronic health record hospital discharges and causes of death related to mental and
behavioral disorders due to use of alcohol. The “*” indicates the genes with discordant MR
estimate directions between the alcohol-related outcome in the initial cis-instrument MR screen
and the replication outcome. All other results were directionally consistent, i.e., the direction of
the cis-MR estimates aligned for the target in both the primary and replication analyses, between
the initial and replication analyses for all outcomes that surpassed correction for multiple
comparisons. AUD: alcohol use disorder, ICD: International Classification of Disease; AST:
astrocytes; EXC: excitatory neurons; INH: inhibitory neurons; MIC: microglia; OLI:
oligodendrocytes; OPC: oligodendrocyte precursor cells; PER: pericytes; END; ICD-10;
International Classification of Disease, Tenth Revision. Reproduced from Rosoff DB, Wagner J,
Bell AS, Mavromatis LA, Jung J & Lohoff FW. “A multi-omics Mendelian randomization study
identifies new therapeutic targets for alcohol use disorder and problem drinking.” Nature
Human Behaviour 2025; 9: 188-207. © 2025 The Authors, licensed under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).

4.3.1. Characterizing relationships with
neuropsychiatric outcomes

Next, we phenotypically characterized the colocalized proteins and genes, assessing their impact
on 65 psychiatric, neurologic, and behavior outcomes. As expected, given strong clinical and
genetic relationships of alcohol use behaviors and neuropsychiatric comorbidities,**** we
observed strong associations with the 65 outcomes (Figure 4.4, Tables 4.2, 4.3, AP3.58,
AP3.59). For example, cortical MAPT proteins levels were linked with 31 outcomes, aligning
with its noted role in neurodegenerative diseases and neuropsychiatric disorders.*”* In addition to
the highly pleiotropic neuropsychiatric impact of MAPT, the directions of the cis-MR estimates
for MAPT on these outcomes were directionally opposite to that of the direction for PAU and
alcohol consumption behaviors, i.e., while the cis-MR suggests that increased MAPT levels
would increase PAU, it would also reduce the risk for neuropsychiatric outcomes, including
feelings of depressed mood (8=-0.050, CI=[-0.073,-0.028], P-value=1.46%10"), and mood
swings ($=-0.086, CI=[-0.104,-0.067], P-value=3.79*10), suggesting that the therapeutically
relevant direction for PAU (lowered MAPT levels) would increase these outcomes, providing an
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example of a target where the complexities of the broader neuropsychiatric profile may make it a
challenging target for pharmacological modulation. By contrast, for CIQTNF4 protein levels
linked with 21 neuropsychiatric outcomes, the direction of the relationships indicated by cis-MR
generally aligned with the direction for PAU, i.e., increased C1QTNF4 would increase DPW,
PAU, and neuropsychiatric outcomes like self-reported feeling tense (OR=1.043, CI=[1.025,
1.062], P-value=2.74%10®), feeling miserable (OR=1.097, CI=[1.063,1.132], P-value=1.22%10"
%), Alzheimer’s disease (OR=1.80, CI=[1.48,2.20], P-value=4.98x10"), and tobacco smoking (3
=0.030, CI=[0.014,0.045], P-value=1.95%10"*), suggesting that lowered C1QTN4 would be the
therapeutically relevant direction for PAU and these other neuropsychiatric outcomes (Table
AP3.58).

Other cortical proteins with generally aligned and favorable neuropsychiatric profiles included
the novel protein VIPAS39, which had an impact on 5 neuropsychiatric outcomes that all aligned
with the hypothetical therapeutic direction (increased VIPAS39 levels) on AUD risk (FinnGen
AUD OR=0.91, CI=[0.862, 0.957], P-value=9.2x10"), and also SAMHD1 (cis-MR analyses
suggested that higher levels were associated with reduced AIF and AUD risk), which was linked
with increased cognitive performance (=0.051, CI=[1.027, 1.082], P-value=8.43x10") and
reduced risk of attention deficit/hyperactivity disorder (OR=0.81, CI=[0.714, 0.908], P-
values=3.97%10™) (Tables 4.2, AP3.58), suggesting that potential pleiotropic relationships from
targeting these cortical proteins would be generally favorable. Finally, the two solute carrier
transporters, SLC4A8 and SLC5AS6, also demonstrated directionally consistent neuropsychiatric
profiles, with the indicated clinical direction of pharmacological modulation that would be
required to have efficacy for AUD, aligning with recent work highlighting the potential for SLCs
for AUD.*”

We observed similar patterns of pleiotropic associations among many of the cell-type genes,
frequently extending previous transcriptomic-neuropsychiatric associations to single cell
resolution, e.g., NRBP1 expression in INH was associated with lower Parkinson’s disease (PD)
risk (OR=0.75, CI=[0.649,0.859], P-value=4.62x10"), supporting recent bulk transcriptomic
imputation work®® (Figure 4.4, Tables 4.3, AP3.59). For NRBP1, the PD finding was the only
neuropsychiatric relationship that surpassed correction for multiple comparisons. Further, it was
directionally consistent with the cis-MR estimates for PAU, DPW, and binge drinking, providing
genetics support that therapeutically increasing NRBP1 expression in INH may be beneficial for
reducing alcohol consumption with a favorable neuropsychiatric side-effect profile. CAB39L
expression in AST, INO8OE expression in EXC, and NUP160 expression in MIC had similarly
favorable neuropsychiatric profiles (INO8OE expression in EXC reduced schizophrenia risk, and
NUP160 reduced self-reported experiences of mood swings, feeling guilty, feeling miserable,
and increased sleep duration) when aligning their cis-MR estimates to the direction required for
reducing DPW (lower expression). By contrast, ARL17B expression in AST, INH, and MIC
demonstrated highly pleiotropic relationships, including many estimates suggesting that the
required direction for therapeutic targeting to reduce PAU and alcohol consumption behaviors
(increased ARL17B expression) would have an adverse neuropsychiatric impact, which would
diminish its potential suitability as a therapeutic target for PAU.
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Figure 4.4. Selected results of neuropsychiatric contextualization of cortical proteins and cell-
type genes. Each panel presents the Z scores (B/se) of the primary Mendelian randomization
(MR) estimate (IVW or Wald ratio, depending on the number of instrument variants) on 65
neuropsychiatric disorders and traits for the cortical proteins (left) and cell-type genes (right)
that demonstrated evidence of replication in the FinnGen cohort. Estimates surpassing
correction for multiple comparisons (P-value=7.69% 10 [0.05/65 outcomes]) are presented as Z
scores and all cis-instrument MR estimate P-values are based upon used two-sided Wald tests.
P-values were not adjusted for multiple comparisons. AST: astrocytes; END: endothelial; EXC:
excitatory; MIC: microglia; INH: inhibitory; OLI: oligodendrocytes. Reproduced from Rosoff
DB, Wagner J, Bell AS, Mavromatis LA, Jung J & Lohoff FW. “A multi-omics Mendelian
randomization study identifies new therapeutic targets for alcohol use disorder and problem
drinking.” Nature Human Behaviour 2025; 9: 188-207. © 2025 The Authors, licensed under CC
BY 4.0 (https://creativecommons.org/licenses/by/4.0/).
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Table 4.2. High-confidence cortical proteins demonstrating evidence of colocalization and replication

Cortical Alcohol- B [95% CI] P-value Colocalization FinnGen replication (effect direction) # hits in General background information on target
protein related (H4) Phe-MR
outcome
SLC4AS8 PAU 0.1, [0.058, 0.142] 271X 10° 0.97 Alcohol related diseases/death (+); AUD Swedish 7 A membrane protein that transports sodium and bicarbonate ions to regulate pH in
) definition (+) neurons.
SLC4A8 DPW 0.055, [0.033, 0.077] 9.81 X 107 0.97 - - -
RHOA PAU -0.114, [-0.162, -0.066] 3.09 X 10° 0.96 Alcohol related diseases/death (-); AUD Swedish 22 Rho family GTPase involved in signaling pathways that regulate actin cytoskeleton
. definition (-); ICD-10 AUD (-) reorganization and are linked to tumor proliferation and metastasis; multiple splice
variants exist
GBA2 DPW -0.012, [-0.015, -0.01] 220X 102 0.79 Alcohol-related pancreatitis (+); Acute intoxication 8 Microsomal beta-glucosidase that breaks down bile acid 3-O-glucosides. Primarily
: - localized to the endoplasmic reticulum and plays a role in carbohydrate transport and
metabolism.
SAMHD1 AlIF 0.11, [0.083, 0.138] 7.08 X 1015 0.98 AUD Swedish definition (-); ICD-10 AUD (-) 3 Involved in innate immune response regulation. Upregulated during viral infections
: and potentially mediating proinflammatory response.
CAB39L DPW 0.013, [0.009, 0.016] 213X 10 0.77 AUD Swedish definition (-); Alcohol-related 4 Enables protein serine/threonine kinase activator activity, and involved in intracellular
: gastritis (-), Alcohol-related liver disease (+) signal transduction, including mTOR complex.
EFNB3 DPW 0.04, [0.03, 0.051] 111X 10 0.70 Alcohol-related polyneuropathy (+) 10 Plays critical role in brain development and function, particularly in the forebrain, and
: interacts with EPH receptors, which are key in developmental signaling in the nervous
system
EFNB3 AlF 0.077, [0.061, 0.094] 2.01X 10 0.71 - - -
SLC5A6 PAU -0.022, [-0.031, -0.012] 113X 10° 0.91 Alcohol related diseases/death (-); AUD Swedish 8 Enables biotin and pantothenate transmembrane transport, involved in anion
. definition (-); ICD-10 AUD (-) transport and crossing the blood-brain barrier, located in the plasma membrane
SLC5A6 DPW -0.026, [-0.032, -0.02] 1.44 X 107 0.98 - - -
SLC5A6 AlF -0.052, [-0.061, -0.042] 257X 10?7 0.85 - - -
ULK3 AlIF -0.014, [-0.018, -0.01] 3.26 X 101 0.81 AUD Swedish definition (+) 13 Facilitates protein serine/threonine kinase activity. Involved in fibroblast activation,
. protein autophosphorylation, and regulating the smoothened signaling pathway,
located in the cytoplasm.
HDGF DPW 0.023, [0.018, 0.029] 4.04X 106 0.94 Alcohol related diseases/death (+); AUD Swedish 6 Hepatoma-derived growth factor protein that promotes cellular proliferation and
. definition (+); Alcohol related gastritis (+) differentiation.
CCDC25 DPW -0.016, [-0.022, -0.01] 1.08 X 107 0.81 AUD Swedish definition (-); ICD-10 AUD (-) 10 Enables DNA binding activity/enhances cell motility. Integral component of the
. plasma membrane. Located within the endomembrane system.
DOC2A DPW -0.032, [-0.044, -0.021] 8.02 X 10 0.99 Alcohol related diseases/death (-); AUD Swedish 9 Involved in Ca*-dependent neurotransmitter release.
. definition (-); ICD-10 AUD (-)
DOC2A AlF -0.075, [-0.094, -0.057] 7.19 X 1016 0.99 - - -
VIPAS39 AlIF 0.03, [0.018, 0.041] 4.38 X 107 0.89 AUD Swedish definition (-); ICD-10 AUD (-) 6 Facilitates endosome-to-lysosome and intracellular protein transport, contributes to
. collagen metabolism and peptidyl-lysine hydroxylation. Maintains apical-basolateral
polarity.
DPYSL4 AlF -0.039, [-0.048, -0.03] 6.47 X 107 1.00 Acute intoxication (-) 11 Enables filamin binding. Involved in nervous system development. Located in the
' cytosol.
C1QTNF4 PAU 0.111, [0.075, 0.147] 1.01 X 10° 0.85 Alcohol related diseases/death (+); AUD Swedish 21 Enables cytokine activity. Involved in cytokine production enhancement and signal
. definition (+) transduction. Role in regulating food intake and energy balance.
SHMT1 AlIF 0.021, [0.015, 0.027] 3.46 X 102 0.90 Alcohol-related liver disease (+) 23 Serine hydroxymethyltransferase, catalyzing key reactions for one-carbon unit
' synthesis in methionine, thymidylate, and purine production,
MAPT DPW 0.149, [0.115, 0.183] 1.94 X 107 0.86 Alcohol related diseases/death (+); AUD Swedish 31 Promotes microtubule assembly and stability, acting as a linker protein between
. definition (+); Alcohol related liver disease (+) axonal microtubules and neural plasma membrane components to establish and
maintain neuronal polarity.
MAPT AlF 0.18, [0.127, 0.233] 2.92 X 10t 0.86 - - -
MAPT Binge 0.278, [0.193, 0.363] 1.49 X 10° 0.86 - - -
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Notes: The 16 targets included in the table had cis-instrument MR estimates P-values [CIs]) surpassing Bonferroni-corrected
thresholds of 1.41 %107 for the cortical proteome, evidence of a shared causal variant with the respective alcohol-related outcome
with colocalization (PP.H4 >0.7), and replication in the FinnGen cohort. All cis-instrument MR estimate P-values are based upon
used two-sided Wald tests. P-values were not adjusted for multiple comparisons. Reported are the [3’s and corresponding 95%
confidence intervals. The (+) and (-) signs indicate the direction of the cis-instrument MR estimate of the protein on the FinnGen
outcome. The AUD Swedish definition includes electronic health record codings related to a range of physical and psychiatric
consequences of alcohol use behavior while the ICD-10 AUD definition included electronic health record hospital discharges and
causes of death related to mental and behavioral disorders due to use of alcohol. The # of hits in the phenome-wide MR (Phe-MR) are
the number of traits surpassing Bonferroni correction (P-value=7.69%10™[0.05/65 outcomes]) that were associated with the cortical
protein in cis-instrument MR analyses evaluating the neuropsychiatric landscape of the protein across 65 traits. The general
information column is information about the protein from the GeneCard Human Gene Database.?”” PAU: problematic alcohol use;

AIF: alcohol intake frequency; DPW: drinks per week; AUD: alcohol use disorder; ICD-10; International Classification of Disease,
Tenth Revision.
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Table 4.3. Hi:

h-confidence genes with single-cell expression demonstrating evidence of colocalization and replication

Gene Cell Alcohol- B [95% CI] P-value Colocalization FinnGen replication (effect # hits in Phe- General background information on target
type related (H4) direction) MR
outcome
AGRN OLI AlF -0.027, [-0.036, -0.017] 2.42 X 10 0.81 Alcohol-related cardiomyopathy 6 Plays diverse roles in neural processes, including neuromuscular junction
. +) dynamics, and stimulating dendritic filopodia formation in brain neurons, reflecting
their distinct contributions to neural development and function.
ARL17B INH DPW -0.013, [-0.017, -0.01] 3.43X 1071 0.90 AUD, ICD-coded (-); AUD, 33 Involved in intracellular protein transport and vesicle-mediated transport.
: Swedish definition (-)
ARL17B MiC DPW -0.014, [-0.017, -0.01] 3.43E-15 0.90 AUD, ICD-coded (-); AUD, 33 -
Swedish definition (-)
C2o0rf82 AST AIF 0.017, [0.011, 0.024] 3.87 X 107 0.90 AUD, Swedish definition (-) 14 Encodes proteoglycan transmembrane protein highly in white matter, spinal cord,
’ and medulla oblongata and in astrocytes and excitatory neurons.
CAB39L AST DPW 0.018, [0.011, 0.025] 4.31 X 107 0.73 Alcohol-induced polyneuropathy 4 Has serine/threonine kinase activator activity. Involved intracellular signal
’ +) transduction. Role in modulating mTORc.
INOSOE EXC DPW 0.037, [0.024, 0.05] 1.62 X 10°® 0.87 Alcohol-related diseases/death 14 Involved in DNA recombination; DNA repair; and chromatin remodeling.
: (+); AUD, Swedish definition (+);
AUD, ICD-coded (+)
LRRC37A MIC DPW -0.045, [-0.056, -0.034] 229X 105 0.91 AUD, Swedish definition (-); 32 Integral membrane component. Involved in immune and inflammatory responses,
: AUD, ICD-coded (-) cellular migration, and synapse formation.
LRRC37A OLI DPW -0.035, [-0.043, -0.026] 9.65X 1016 0.92 AUD, Swedish definition (-); 33 -
. AUD, ICD-coded (-); Acute
alcohol intoxication (+); Alcohol
pancreatitis (+)
LRRC37A AST Binge -0.052, [-0.068, -0.037] 8.3 X 101 0.87 AUD, Swedish definition (-); 33 -
: AUD, ICD-coded (-)
NPIPB9 AST DPW 0.0372, [0.026, 0.048] 783X 101 0.75 Alcohol-related pancreatitis (+) 15 Unknown function.
NRBP1 INH PAU -0.078, [-0.099, -0.057] 334X 1013 0.93 Alcohol-related diseases/death 4 Role in endoplasmic reticulum-to-Golgi vesicle transport. Controls synaptic
: (-); AUD, Swedish definition (-); growth through mTOR signaling.
AUD, ICD-coded (-)
NUP160 MIC AlF 0.029, [0.022, 0.036] 1.60 X 10 0.90 Alcohol-related diseases/death 21 Component of the nuclear pore complex.
. (+); AUD, Swedish definition (+);
AUD, ICD-coded (+)
SH2B1 EXC DPW 0.0491, [0.034, 0.064] 7.83X 101 0.84 Alcohol-related pancreatitis (+) 15 Mediates kinase activation, including nerve growth factor (NGF), brain-derived
. neurotrophic factor (BDNF), glial cell line-derived neurotrophic factor (GDNF).
Role in cytokine and growth factor receptor signaling. Important for brain growth
and behaviors, such as energy balance, and body weight.
SH2B1 INH DPW 0.045, [0.031, 0.058] 7.83X 101 0.91 Alcohol-related pancreatitis (+) 15 -
SYT14 EXC Binge -0.071, [-0.083, -0.059] 6.75 X 10 0.72 Alcohol-related diseases/death 42 Mediates membrane trafficking in synaptic transmission. Dysregulation is linked
: (-); AUD, Swedish definition (-); with impaired neurodevelopment.
AUD, ICD-coded (-); alcohol-
related liver di )

Notes: The 12 targets included in the table had cis-instrument MR estimates P-values [CIs]) surpassing Bonferroni-corrected
thresholds of 2.80%10°in the screen of gene expression in the 8 brain cell types, evidence of a shared causal variant with the
respective alcohol-related outcome with colocalization (PP.H4 >0.7), and replication in the FinnGen cohort. All cis-instrument MR
estimate P-values are based upon used two-sided Wald tests and were not adjusted for multiple comparisons. Reported are the B’s
and corresponding 95% confidence intervals. The (+) and (-) signs indicate the direction of the cis-instrument MR estimate of the
protein on the FinnGen outcome. The AUD Swedish definition includes electronic health record codings related to a range of physical
and psychiatric consequences of alcohol use behavior while the ICD-10 AUD definition included electronic health record hospital
discharges and causes of death related to mental and behavioral disorders due to use of alcohol. The # of hits in the phenome-wide
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MR (Phe-MR) are the number of traits surpassing Bonferroni correction (P-value=7.69%10*[0.05/65 outcomes]) that were
associated with the cortical protein in cis-instrument MR analyses evaluating the neuropsychiatric landscape of the protein across 65
traits. The general information column is information about the protein from the GeneCard Human Gene Database.””” AST:
astrocytes; EXC: excitatory neurons; INH: inhibitory neurons; OLI: oligodendrocytes; OPC: oligodendrocyte precursor cells; PER:
pericytes; END: endothelial cells; PAU: problematic alcohol use; AIF: alcohol intake frequency; DPW: drinks per week; AUD:
alcohol use disorder; ICD-10; International Classification of Disease, Tenth Revision.
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4.4. Aim 2 Discussion

We utilized the cis-instrument MR statistical framework** to analyze how genetic components
of cortical proteins and cell-type gene expression levels influence AUD risk and predispositions
toward problematic alcohol consumption behaviors. Our study identified 217 cortical proteins
and 255 cell-type genes, including 36 novel proteins and 37 genes not previously captured by
GWAS:s of alcohol consumption behavior, other conventional gene-mapping methods, post-
mortem brain tissue DEG from AUD patients, or whole blood epigenetic signatures of AUD.
This multi-omics approach is critical for uncovering the biological mechanisms behind
neuropsychiatric outcomes identified in GWASs,”**** enhancing our understanding of AUD
and alcohol consumption behaviors by revealing tissue and cell-type specific relationships. Our
comparison between cortical proteome and cell-type transcriptome results showed minimal
overlap, consistent with previous findings that protein levels and gene expression are
underpinned by different genetic factors.*® This suggests that each data type provides unique
biological insights important for variant-to-function studies.®' Moreover, this comprehensive
analysis not only aids in understanding the genetic predisposition to AUD but also highlights
potential mediators that could link AUD with common clinical comorbidities, such as
neurodegeneration and other psychiatric disorders noted in genes like MAPT and INO8OE, that
will inform future investigation into the biological mechanisms and therapeutic development for
these comorbidities. Given the diverse nature of these endpoints, the targets identified from our
analyses for a particular alcohol-related outcome may have different implications than those
identified for another outcome. For instance, targets linked with binge drinking and weekly DPW
might offer insights into acute intervention and harm reduction strategies,*” whereas those
associated with PAU could guide long-term treatment approaches. Thus, while all endpoints are
clinically relevant, their importance varies based on the specific aspect of alcohol-related
behavior they address and their potential utility in guiding therapeutic interventions. This
nuanced approach in our study aims to provide a more comprehensive understanding of the
genetic underpinnings of alcohol-related outcomes, facilitating the development of targeted and
effective treatment strategies.

Regarding our comparison of the top targets for each alcohol-related outcome, we found minimal
overlap of the identified proteins and genes or biological pathways across PAU and alcohol
consumption behaviors, aligning with previous work finding distinct phenotypic signatures of
different alcohol consumption behaviors, and suggesting that these differences extend to both
the proteomic and transcriptomic levels in the brain. However, our cis-MR of brain gray matter
structures, white matter tracts, and resting state functional connectivity did suggest some
convergence of function of the alcohol-related proteins and genes on brain physiology.
Nonetheless, the minimal proteomic and transcriptomic overlap may have important implications
for development of therapeutics aimed at reducing problematic alcohol consumption, suggesting
that strategies aimed at targets underlying AUD may be different than targeting genes related to
binge drinking. Future studies will be important to further clarify the roles of the apparent
differences in the biological underpinnings of genetically predisposed AUD and alcohol
consumption. We found generally consistent directional relationships among the genes that had
MR estimates surpassing correction for multiple comparisons in more than one cell type (e.g.,
RBMG6 in 5 cell types, and FAM118A), suggesting conserved impact of expression across
different cell types, aligning with recent QTL-based cell-type analyses in other psychiatric
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outcomes.'” We extend these observations by showing similarly conserved directional
relationships between single cell and bulk transcriptomic tissues (and across brain regions),
which may have implications for therapeutic development, as these results suggest that
pharmacological approaches (i.e., inhibition or activation) for the intended proteins or genes
within these tissues may have directionally consistent relationships regardless of their tissue

type.

4.4.1. Drug-gene interaction highlights potential for
antidiabetics addressing alcohol behaviors and
cardiometabolic disease

Cross-referencing the cMAP*° and DGIdb databases,” we identified potential drug repurposing
candidates for alcohol use behaviors. Increased DRD2 expression in excitatory neurons
correlates with beneficial outcomes in reducing alcohol use, supported by evidence from drugs
like cabergoline and sumanirole used in Parkinson’s disease treatment. Cabergoline has been
shown to reduce alcohol consumption and relapse risk in rats by modulating neurotrophic
pathways.*®® Conversely, sumanirole demonstrated initial decreases in alcohol intake followed by
increases, suggesting limited utility for persistent alcohol use reduction.®® Additionally, some
antidiabetics, previously linked to neuropsychiatric benefits, also showed potential. For example,
glyburide, voglibose, and acarbose have effects on depression and cognitive impairment in
animal models.**?” These findings, together with recent links between antidiabetics like GLP-
1R analogs and reduced alcohol consumption,*® suggest a significant connection between
cardiometabolic metabolic processes and substance use disorders along the gut-brain axis that
may be important for addressing behaviors linking these comorbidities.*® Moreover, our study
highlights several targets amenable to small molecule intervention, although druggability
definitions are evolving with biotechnological advances, including biologics like monoclonal
antibodies and RNA therapeutics.'**** Our signature matching approach®° supported candidates
such as prazosin and memantine for alcohol-related behaviors, based on their negative
connectivity with alcohol consumption signatures and existing literature on their effects in
reducing alcohol cravings and intake in clinical and preclinical settings.****** Our findings
advocate for further validation and investigation of these drugs for repurposing, reinforced by
genetics-based evidence and consistent results across different studies.*”

After assessment for novelty, colocalization, and replication, we prioritized 18 high-confidence
proteins and 12 cell-type genes showing strong associations with PAU and alcohol consumption
behaviors. These proteins and genes include potential therapeutic targets for AUD, such as the
neurotransmitter-regulating solute carrier transporters SLC4A8 and SLC5A6, which may
influence dopamine and serotonin balance.*” Additionally, CAB39L, involved in the mTOR
pathway,*’ supports the hypothesis from rodent studies that mTOR inhibition could reduce
alcohol consumption. This is corroborated by human genetics linking CAB39L and MTOR with
alcohol use, suggesting a targeted mTOR inhibition strategy in the brain could minimize side
effects typically associated with systemic mTOR inhibition.*” VIPAS39, novel in our stringent
gene prioritization, is implicated in regulating endothelial cell polarity and maintaining the
blood-brain barrier (BBB).**** Disruption in BBB integrity is a feature of various
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neurodegenerative and psychiatric illnesses,*® making VIPAS39 a promising candidate for
further investigation into its role in AUD.

Among the 12 high-confidence cell-type genes, NRBP1 in INH, NUP160 in MIC, and INO80E
in EXC demonstrated protective effects for AUD and reduced drinking behaviors. NRBP1, a
synaptic stability regulator found in Drosophila, controls synaptic growth through mTOR
signaling via cap-dependent translation (eukaryotic initiation factor 4E),*” linking it to alcohol
behavior effects. NRBP1 dysfunction is linked to neurodegeneration and synaptic
problems,**%* with NRBP1 knockouts in Drosophila showing increased neurodegeneration,*”
aligning with our cis-MR estimates suggesting increased NRBP1 in INH would be the
therapeutically relevant direction, potentially by mitigating AUD-related synaptic damage.
NUP160, part of the nuclear pore complexes (NPCs) on the nuclear membrane,*” is critical for
nucleo-cytoplasmic transport and is implicated in neurodegenerative diseases due to its role in
forming tau-positive neurofibrillary tangles near the nuclear envelope.*" Postmortem studies in
chronic AUD patients have found these tangles in the basal forebrain,*”* underscoring NPCs' role
in alcohol-induced neurodegeneration. Our neuropsychiatric cis-MR screen linked INO80E with
schizophrenia, building on previous work that identified genetic overlap between AUD and
schizophrenia.””® Approximately 30% of individuals with schizophrenia also have an AUD
diagnosis,** increasing the risk for clinical complications and reducing medication adherence.*”
INOSOE is involved in DNA repair and chromatin remodeling*®*” and is a potential target to
address accelerated aging observed in AUD populations**®*!° that may be a driver of
cardiometabolic diseases.

The integration of Aim 2 alcohol-related findings into the broader cardiometabolic framework of
this PhD and my first-author research undertaken during my PhD'>"***!! (Appendix 1)
investigating the genetic underpinnings of healthy aging provides a compelling opportunity to
identify novel therapeutic targets for CVDs by modulating alcohol consumption. Recent MR
studies indicate that mTOR pathway inhibition can modulate metabolic traits such as body mass
index (BMI) and basal metabolic rate (BMR), alongside protective effects on lifespan,
positioning the mTOR signaling pathway as a pivotal intersection linking alcohol use behaviors,
systemic metabolic regulation, and longevity.** The identification of CAB39L, connected to
mTOR signaling, underscores the dual benefits of targeting this pathway to reduce alcohol
consumption and mitigate cardiometabolic risk factors, including elevated BMI and BMR.
Excessive alcohol consumption disrupts metabolic pathways, increases oxidative stress, and
promotes systemic inflammation, all which drive CVD progression, making CAB39L a
promising therapeutic target for both alcohol use reduction and cardiometabolic health
improvement. These shared molecular pathways, such as mTOR signaling, provide a framework
for cross-cutting targets that influence both alcohol use and cardiometabolic traits, creating
synergistic opportunities for cardiovascular risk reduction. The reduction in BMI and BMR
observed with mTOR inhibition complements the metabolic benefits of decreased alcohol
consumption, reinforcing the potential of alcohol-related mechanisms to yield far-reaching
benefits that extend beyond CVD prevention to impact systemic health and lifespan. Leveraging
tools such as MR and multi-omics approaches, this work identifies novel therapeutic targets and
lays the groundwork for precision medicine strategies addressing the intertwined burdens of
alcohol use and cardiometabolic diseases, emphasizing the importance of translating these
findings into clinical applications that balance efficacy and safety.
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4.5. Aim 2 Strengths & Limitations

The Aim 2 project has several strengths. First, it comprehensively sourced different levels of “-
omics” for direct comparison across various biological resolutions. Second, complementary
statistical gene prioritization methods were used to evaluate the robustness of findings and
characterize novel targets. Third, it is the first to resolve proteomic and transcriptomic
underpinnings across alcohol consumption behaviors and contextualize these findings with
neuropsychiatric disorders. For example, while previous studies linked MAPT to alcohol
consumption and neuropsychiatric disorders,” we found widespread pleiotropy for proteins and
genes associated with neuropsychiatric disorders and behavioral outcomes, explaining the
genetic correlations and comorbidities of problematic alcohol consumption and neuropsychiatric
outcomes.'##"1272 Additionally, since poor safety profiles cause about 24% of drug failures,*?
our analyses on neuropsychiatric outcomes help screen for adverse neuropsychiatric
relationships, prioritizing therapeutic targets.? For instance, ARL17B expression in AST, INH,
and MIC, while potentially involved in alcohol consumption, showed highly pleiotropic
relationships with neuropsychiatric outcomes, suggesting adverse consequences for reducing
alcohol consumption behaviors. Further work is needed to clarify the role of ARL17B, but this
profiling suggests its reduced potential as a therapeutic target.

There are study limitations (see Appendix 3 Supplementary Discussion for an extended
presentation). First, although cis-instrument MR is less prone to horizontal pleiotropy than
polygenic MR, potential biases due to confounding or pleiotropy remain. Sensitivity analyses
showed consistent MR estimates, but interpreting these results requires considering MR
assumptions and constraints, such as 'on-target' gene effects and the absence of gene-
environment interactions.® Second, our instrument construction followed the
cis-instrument/drug-target MR framework outlined by Schmidt et al.,” using cis-QTLs with P-
values < 5%107, which may reduce precision® but improve model performance.>*??%237,239413.414
Although the instruments had F-statistics >10, weak-instrument bias remains a concern but
would attenuate results toward the null in two-sample MR analyses.*>*"* Third, single-cell eQTL
data has technical challenges, including amplification bias**® and data sparsity,*” affecting data
analyses. Conventional scRNA-seq methods lose spatial information,*'® though newer methods
promise improvements but introduce classification challenges.*”® Additionally, the QTL and
GWAS data from common variants prevented assessment against rare variants, important for
understanding AUD pathophysiology.**° Fourth, colocalization assumed a single causal variant,
potentially missing signals due to data constraints. Advanced methods like SuSiE coloc require
high SNP density but risk inflated false positives without sufficient SNPs.*! Our data's SNP
range (40 to ~600 per locus) was insufficient for these methods.*" Fifth, cortical proteomic data
from three regions necessitate future analyses with more brain regions. Gene expression
instruments varied across cell types, possibly missing causal genes. Sixth, self-reported alcohol
consumption data may be biased,'® but our EHR-based replication using the FinnGen cohort
helps address this potential bias source. Moreover, alcohol-related variables reflect recent
behaviors, not long-term patterns.* Finally, analyses were based on white, European ancestry
participants, limiting generalizability. The AIF, DPW, and binge drinking phenotypes were
primarily from educated, healthier UK Biobank participants,*” not representing global drinking
behavior diversity.***
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4.6. Aim 2 Conclusions

We used cis-instrument MR and colocalization to study the genetic liabilities in alcohol
consumption behaviors, identifying novel targets for PAU, AIF, DPW, and binge drinking.
Differences in the proteomic and transcriptomic architecture across alcohol behaviors, tissues,
and omics levels underscore the need for comprehensive evaluation. Replication highlighted
genes involved in mTOR signaling (CAB39L and NRBP1), supporting the role of mTOR
inhibition in alcohol behaviors.** Other targets like SAMHD1, VIPAS39, NUP160, and INO8OE
will further inform future efforts to reduce AUD and potentially its cardiometabolic sequalae.
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CHAPTER 5: AIM 3 RESULTS

Chapter Overview

This chapter presents Aim 3’s comprehensive investigation into the shared genetic architecture
of cardiometabolic diseases, focusing on non-alcoholic fatty liver disease (NAFLD), type 2
diabetes (T2D), and coronary artery disease (CAD). The analysis utilized advanced methods,
including Linkage Disequilibrium Score Regression and Genomic structural equation modeling
(GenomicSEM), to model shared genetic liabilities across these diseases, resulting in the
identification of the cardiometabolic factor (“CM-Factor”). This multivariate approach
uncovered 523 significant SNPs across 312 loci, with substantial novelty in NAFLD and CAD.
SNP-level heterogeneity tests revealed loci uniquely influencing individual traits, while
bioinformatics analyses identified key genes like COMT, DHX36, and ASPRV1 as critical players
in cardiometabolic health. Drug-target Mendelian randomization (MR) analyses validated
therapeutic targets, such as GLP1R and PCSKO9, and prioritized novel druggable genes, including
CRY2 and OPRL1, for cardiometabolic health interventions. Two-step MR further linked
proteins like ENO3 to the impact of obesity on cardiometabolic disease. These findings
underscore the utility of multivariate frameworks for elucidating genetic risk factors and guiding
therapeutic strategies for cardiometabolic multimorbidity.

5.1. Genetic Correlations and SEM
modeling

LDSC indicated that the univariate GWASs representing the genetic liabilities of NAFLD, T2D,
and CAD were positively correlated (Figure 5.1a, Tables AP4.2, AP4.3). Therefore, we
proceeded to perform genomic structural equation modeling (SEM) for the multivariate GWAS.
The common factor model fit of the implied genetic covariance matrix between NAFLD, T2D
and CAD with the empirical covariance matrix was excellent according to the GenomicSEM
model criteria'® (CFI=1 and SRMR=2.09*10) (Figure 5.1b, Table AP4.4), supporting the
hypothesized shared genetic CM-Factor.

5.2. Multivariate GWAS

We next fit the SEM model of the general CM-Factor to individual variants and conducted a
multivariate GWAS using GenomicSEM estimating SNP-level associations for 5,547,254 SNPs
remaining after GenomicSEM quality control (QC). LDSC estimated CM-Factor total observed
scale heritability (h?)=0.103 (standard error [SE]=0.0033), mean y’=2.44 and Acc=1.98; the LD
score intercept=1.028 (SE=0.0033),'*” suggesting GWAS inflation was due predominantly to
polygenic heritability rather than population stratification bias (Figures AP4.1, AP4.2, Table
AP4.4)."%*”> The effective sample size was calculated to be 716,916 and the genetic signature
was comprised of 523 independent SNPs (P-value < 5x10®; LD r*< 0.1) in 312 genomic loci
(Figure 2¢, Table AP4.5)."® As expected, most of the lead SNPs were intronic (Figure AP4.3);
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however, there were 77 lead SNPs considered deleterious, as indicated by Combined Annotation
Dependent Depletion (CADD) scores >10. 24 of these SNPs were exonic, including rs10305420

in the GLP1R locus and rs12140153 in the PATJ/INADL locus (Figures AP4.4-AP4.8, Table
APA4.6).

Figure 5.1. The CM-Factor GWAS modeled with GenomicSEM. (a) Genetic correlations for
the three input, univariate GWASs, i.e., non-alcoholic fatty liver disease (NAFLD), type 2
diabetes (T2D), and coronary artery disease (CAD), calculated using structural equation
modeling with GenomicSEM, displaying pairwise LD Score genetic correlation estimates above
each bar plot (ry and corresponding standard error [SE]). (b) Path diagram of the common
factor model GWAS assessing the genetics shared across NAFLD, T2D, and CAD estimated with
Genomic SEM—termed the cardiometabolic (CM) factor or “CM-Factor”—with standardized
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factor loadings (SEs in parentheses). (c) Top panel is the Manhattan plot showing SNP
associations (—logio(P-values)) with the CM-Factor GWAS, ordered by chromosome; and the
bottom panel is the genome-wide Qsnp heterogeneity plot with —logo Qsve P-values on the y-axis.
The red dashed line indicates the threshold for conventional genome-wide significance (P-
value=5x107%). The presented P-values are two-sided and have not been adjusted for multiple
testing.

If the CM-Factor loci reflected a shared genetic liability to cardiometabolic disease, it would be
expected that heterogeneity in the SNP-level associations would be primarily in regions of the
genome not associated with the CM-Factor. Therefore, GenomicSEM was also used to perform
genome-wide SNP-level heterogeneity tests (Figure 5.1c) to assess whether a SNP had
associations with the three-input univariate cardiometabolic GWASs operating only through the
CM-Factor. There were 151 heterogenous loci (258 independent lead Qsnps). Only ~4% of
19,983 total genome-wide significant CM-Factor SNPs were also highly heterogenous (i.e., Qsnp
P-values < 5x10®) (Figure 5.2), suggesting that the CM-Factor reflects a shared cardiometabolic
architecture. Further, there was strong representation of canonical lipid-related loci and genes
among the heterogenous Qsnp loci capturing multiple aspects of lipid and cholesterol metabolism
(Tables AP4.7-AP4.8). For example, in addition to the exonic variant rs429358 in the APOE
locus, with the strongest Qsye signal (two-sided Qsne P-value=4.15x%10"%), other Qsxp loci were
involved in lipid and cholesterol metabolism,** i.e., rs12740374 near CELSR2-PSRC1-
MYBPHL-SORT1, rs55997232 in the LDLR locus, rs11591147 in the PCSK9 locus, highlighting
pathways in lipid metabolism that might operate independently of the broad CM-Factor to
impact the cardiometabolic health. PNPLA3 variants were also among the heterogenous loci,
likely reflecting the role of PNPLA3 in hepatic lipid sequestration and reported inverse
relationship between NAFLD and CAD.*” See Appendix 4 (Section 4.2) for an extended
presentation of these results.
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Figure 5.2. Comparison of the effect estimates of independent SNPs with Qsyp P-values < 5%
10 that were also genome-wide significant in the CM-Factor. Heatmap plots the Z scores for
the multivariate CM-Factor GWAS summary statistics (Beta/SE) and the univariate NAFLD,
T2D, and CAD GWAS summary statistics used to generate the CM-Factor. The SNPs are the
lead SNPs Qsnp in the genome-wide Qsnp analysis that were also genome-wide significant for the
CM-Factor. Asterisks indicate that the SNP surpassed conventional genome-wide significance in
the univariate GWAS (P-value < 5%10°%).

Next, we evaluated the concordance in estimate directions (i.e., the signs) for the 523 CM-Factor
SNPs in the input GWASs (Table AP4.9). This analysis of concordance among cardiometabolic
factor (CM-Factor) lead SNPs reveals distinct patterns in SNP associations across three traits:
T2D, CAD, and NAFLD. In total, 75.7% (396 SNPs) show concordance across all three traits,
with various configurations of significance, including cases where all three traits present a P-
value < 0.05 (N=94). Additionally, 20.85% (109 SNPs) exhibit concordance across two traits,
with the most common being T2D and CAD (N=145) showing P-values < 0.05. Conversely,
discordance between two traits with significant P-values is rare, occurring in only 7 variants
(1.3%). In these instances, the CM-Factor coefficient tracked the direction of the T2D
coefficient, and the other 2 traits were either non-significant or only nominally significant. The
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assessment of sign concordance in the input GWASs further supports the interpretation that the
CM-Factor reflects a shared genetic liability of cardiometabolic disease.

5.2.1. Novelty and phenotypic analyses of CM-

Factor loci

Comparing the CM-Factor lead SNPs with the genetic signatures of the input NAFLD, T2D, and
CAD, we found only 9 of the lead variants had been identified by the genetic signature of
NAFLD while only 108 were genome-wide significant in the Aragam et al. GWAS of CAD*”
(Table AP4.9). Many of the novel loci for NAFLD and CAD had some level of statistical
association (i.e., P-values < 0.05) in the univariate NAFLD (152 of 514 novel) or CAD (185 of
415) GWASs (Table AP4.5), suggesting they would be captured in larger univariate GWASs of
these diseases. The Suzuki et al. T2D*’° signature was strongly represented in the CM-Factor,
likely reflecting its large sample size and substantial contribution to the genetic liability of
cardiometabolic health; however, 6 CM-Factor loci were still not captured in the univariate T2D
GWAS. Further, 3 loci (with lead variants rs77424687, rs139562826, and rs1737897) (Figures
AP4.6-4.8) were not captured by any of the input GWASs. Further, as the multivariate CM-
Factor genetic signature prioritized some, but not all, of the ~660 T2D loci (1,457 lead variants)
identified by Suzuki et al., it can be inferred that the CM-Factor has prioritized specific T2D loci
for their broader relationships with cardioembolic health, underscoring the ability of
GenomicSEM to inform loci discovery and prioritization in multi-trait applications.

We aimed to investigate phenotypic associations of the CM-Factor loci by performing a
phenome-wide association query in the EMBL-EBI GWAS Catalog using the built-in GWAS
Catalog query in the FUMA (“functional mapping and annotation of genetic associations”)
package (v1.5.2°*°) and its default settings to define independent genetic signals and account for
linkage disequilibrium. As expected, there was widespread representation of the CM-Factor loci
in the GWAS Catalog (Table AP4.10). 48 CM-Factor loci were associated with >100 traits in
the catalog (e.g., the genomic locus with lead variants rs7841189 and rs11204087 was associated
with 1,328 traits), while others, such as the locus with lead variant rs302864 on chromosome 17
was only associated with T2D (Table AP4.11). Similarly, when evaluating the pleiotropy by
trait, top traits were primarily related to biomarkers and risk factors related to cardiometabolic
health. For example, BMI was associated with 109 loci, high-density lipoprotein (HDL-C) and
triglycerides with 88 and 85 loci, respectively, and glycated hemoglobin (HbA1c) with 75 loci
(Table AP4.12), indicating a strong representation of major cardiometabolic biomarkers and risk
factors among the CM-Factor loci.

5.2.2. Sensitivity tests of the CM-Factor

Given the strong enrichment of the CM-Factor for traits related to adiposity observed in the
GWAS Catalog query, we performed sensitivity tests of the CM-Factor genetic signature by
incorporating genetics of BMI into the multivariate modeling with GWAS-by-subtraction (GBS)
models*”® implemented in GenomicSEM (Figure 2.6, Tables AP4.13-AP4.15). 259 of the lead
variants remained genome-wide significant after removing the genetic contribution of BMI and
another 148 surpassed the more relaxed P-value threshold of 9.56x107(0.05/523 lead variants
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tested). The estimates were similar in additional GBS models conditioning on the genetic effects
of waist-to-hip-ratio adjusted for BMI (265 lead variants surpassed conventional genome-wide
significance and additional 218 variants at the relaxed P-value threshold). In addition, for both
models, the effect directions of the SNP associations were consistent after accounting for BMI or
WHRadjBMI, suggesting the loci effects on cardiometabolic health are robust when accounting
for body mass (Tables AP4.14-AP4.15).

5.2.3. SNP and gene prioritization with fine-

mapping and transcriptomic imputation

We conducted fine-mapping for the CM-Factor loci with SuSieR.*** 82 of the loci fine-mapped
with generally good 95% credible set resolution: 45 credible sets resolved to single variants and
the maximum credible set size was 9 (Table AP4.16). There were 81 genome-wide significant
SNPs that also had posterior inclusion probabilities (PIPs) >0.8 (Table AP4.17) that further
clarified the causal roles of the CM-Factor loci: e.g., the exonic variants identified as lead SNPs
in the INADL/PATJ and GLP1R loci each demonstrated perfect posterior inclusion probabilities
with the CM-Factor (PIPs=1). The INADL/PATJ SNP rs12140153 also demonstrated both
epigenomic associations (e.g., multiple enhancer histone marks such as H3K4mel and
H3K27ac), and is enriched with motifs for several transcription factors, suggesting a regulatory
role in INADL/PATJ expression (Table AP4.18). Similarly, the GLP1R SNP rs10305420
features extensive enhancer histone marks like H3K4me1, as well as promoter histone marks like
H3K4me3 and H3K9ac, and linked with multiple transcription factor binding sites, indicating its
potential impact on gene expression regulation across various biological contexts, and suggesting
that rs10305420 plays a significant regulatory role in GLPIR expression. There were several
other loci with causal variants in genes encoding drug targets, e.g., rs2074311 in
ABCC8/KCNJ11, the target for sulfonylureas; rs17036160 in PPARG, the target for
thiazolidinediones (TZDs)*"*%; and rs59325138 near APOC1, which is an investigational lipid-
modulating target.**® Further, many of the loci demonstrated extensive mapping to epigenomic
features and corresponding gene expression in tissue relevant for cardiometabolic health (Table
APA4.17), highlighting their potential roles in gene regulation and chromatin modifications, and
altogether contributing to the understanding of complex biological processes underlying broad
cardiometabolic disease risk.

Next, we performed a transcriptome-wide association study (TWAS) with the FUSION
method'” to identify gene-level associations with the CM-Factor (Figure 5.3, Tables AP4.19-
AP4.21). Across the cardiometabolic tissues used in the analyses, we identified 789 genes
surpassing the Bonferroni correction for multiple comparisons (P-value < 6.25x107[0.05/81,246
total tests]). We took these genes forward for further testing, including colocalization'® and
conditional testing as part of the FUSION TWAS pipeline.'” 486 of these genes colocalized
under the single causal variant assumption at PP.H4 >0.6, supporting their evidence of causal
role in the CM-Factor. We then performed conditional testing on the TWAS genes because
TWAS often identify many associated genes in the locus/tissue, making it difficult to resolve the
conditionally independent gene driving the association.'” Conditional testing prioritized 243
conditionally independent signals that we considered “high-confidence” gene-level associations,
including 112 that would not have been captured by using more conventional gene-prioritization
methods (i.e., MAGMA) (Table AP4.20). TWAS may identify novel biology not captured by
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the underlying genetic architecture of the traits of interest,'” and among the high-confidence
genes, 11 were novel/not captured by genomic loci of the input T2D, NAFLD, or CAD GWASs,
the CM-Factor, or in a GWAS Catalog look-up (Table AP4.21), including 5 protein coding
genes, ASPRV1, COMT, DHX36, CCDC188, and PIP4K2A (Table 5.1).
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Figure 5.3. Transcriptomic imputation results for the CM-Factor. Manhattan plot presents the
FUSION transcriptome wide association study (TWAS) results using expression quantitative trait
loci (eQTL) data from cardiometabolic-relevant tissues or the CM-Factor. The red dotted lines
indicate the TWAS study Bonferroni correction for multiple comparisons (P-value < 6.15%107
[0.05/81,246 total tests in the TWAS analysis]). Flow chart outlines the results of the individual
steps in the transcriptomic imputation, colocalization, and conditional testing that prioritized
high confidence CM-Factor genes. The labeled genes are those with TWAS Z scores above 7 or
less than -7. PP.H4 is the posterior probability of colocalization between the gene expression
and CM-Factor (i.e., there is a single shared genetic variant explains the associations for both

traits within the specified region) and we considered PP.H4 value > 0.6 as evidence of

colocalization, suggesting that the observed associations for both traits may be due to a common
causal SNP. FUSION uses a linear regression model to test the association between predicted
gene expression (derived from reference transcriptome data) and a phenotype of interest. The Z
scores indicate the strength of the association (not adjusted for multiple comparisons), and their
estimates include two-sided P-value testing for associations in both directions (positive and

negative).
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Another advantage of TWAS versus other gene prioritization approaches is that it provides a
regression estimate with a direction linking the genetically-predicted gene expression with the
outcome, facilitating inference towards how expression of the gene in the tissue influences the
CM-Factor."” We found 128 high-confidence genes with negative TWAS estimates (Z-scores),
indicating that increased expression of these genes reduces CM-Factor risk (e.g., the results
indicated increased insulin receptor substrate 1 [IRS1] expression in adipose tissue would reduce
CM-Factor risk, aligning with its canonical role in improving insulin sensitivity and lipid
metabolism**). Also, comparing the estimates across multiple bulk tissue expression panels
showed strong consistency in the direction of the gene expression associations with the CM-
Factor. For example, Ankyrin 1 (ANK1), which functions to connect integral membrane proteins
to the underlying spectrin-actin cytoskeleton in muscle and erythroid cells,*” had strong positive
TWAS associations in adipose, heart (both left ventricle and atrial appendage), and muscle
tissue, suggesting conserved mechanisms of action across multiple tissue types for
cardiometabolic health. Drug-gene enrichment analyses confirmed involvement of the high-
confidence genes in ischemic heart diseases and lipid modifying agents (Tables AP4.22-
AP4.23), and transcriptomic signature matching with ~3,000 drug-gene signatures in the CMap
touchstone dataset*” identified strong negative connectivity scores with HO-013, a PPAR
receptor agonist, 4-hydroxyretinoic-acid, a retinoid receptor binder, and TWS-119, a glycogen
synthase kinase inhibitor, suggesting these compounds have signatures that would offset the
transcriptomic signature of the CM-Factor (Table AP4.24), and underscoring the potential
utility of TWAS in uncovering novel gene associations and guiding therapeutic strategies aimed
at mitigating cardiometabolic risks.

Table 5.1. Novel protein coding genes identified with transcriptomic imputation,

colocalization, and conditional testing

Transcriptomic imputation test statistics

Colocalization

Conditional testing

Gene Name Tissue Genomic position Gene heritability Z score P-value H4 Conditional | Conditional
source Z score P-value
ASPRV1 Aspartic Peptidase Whole chr2:70,187,226- 10.4% -5.3 102X 10° 0.94 -5.3 1.00 X 107
Retroviral Like 1 blood 70,189,397 . '
COMT Catechol-O- Adipose chr22:19,929,130- 8.3% -5.3 113X 10° 0.73 -3.1 0.0023
Methyltransferase (METSIM 19,957,498 ’ .
study)
DHX36 DEAH-Box Tibial artery chr3:153,990,335- 4.6% -5.3 X 10° 0.83 -5.3 X 107
Helicase 36 154,042,286 1'167 10 1.20x10
CCDC188 Coiled-Coil Tibial artery chr22:20,135,950- 16.2% -5.47 4.45 X 10" 0.79 -3.3 0.00084
Domain Containing 20,138,399 : .
188
PIP4K2A Phosphatidylinositol-5- | Tibial artery chr10:22,823,778- 13.5% 5.48 421X 10° 0.65 55 4.20 X 10
Phosphate 23,003,484 ' . ’
4-Kinase Type 2
Alpha

Notes: This table highlights five novel protein-coding genes identified with transcriptomic
imputation by performing a transcriptome wide association study followed by colocalization
analyses and conditional testing. Each gene was prioritized as a "high-confidence" association
for the CM-Factor based on stringent statistical criteria: Bonferroni correction for TWAS results
(P-value < 6.15%107; P-values based upon two-sided tests, not adjusted for multiple
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comparisons); evidence of a shared causal variant (colocalization posterior probability of the
fourth hypothesis that a single shared causal variant exists for both the gene expression and CM-
Factor [PP.H4] > 0.6); and conditional significance testing to resolve independence across
multiple signals within a given locus. These genes were not found from prior univariate GWAS
loci for NAFLD, T2D, CAD, or the CM-Factor, underscoring their novelty in the genetic
architecture of cardiometabolic multimorbidity. Gene heritability refers to the proportion of
variability in gene expression levels that can be attributed to genetic factors, specifically the
effects of cis-genetic variants (variants located within or near the gene's locus) and quantifies
how much of the gene expression is heritable and thus influenced by genetic variants.

5.2.4. Pathway, bulk tissue, and cell-type
enrichment

We proceeded to perform bio-annotation of the CM-Factor. First, we investigated its enrichment
in pathways and biological processes, bulk tissue, and cell types. Biological processes and
pathways enrichment analyses found 14 gene-sets with P-values < 2.94x10°(0.05/17,009 gene-
sets tested) (Table AP4.25). The identified biological processes and pathways, such as the
regulation of RNA metabolic processes, cell differentiation, Notch signaling, macromolecule
biosynthesis, and transcription by RNA polymerase 11, are critical to maintaining cellular and
physiological homeostasis in cardiometabolic tissues,***! suggesting that the genetic signature
of the CM-Factor is capturing fundamental biological processes with strong relevance to
cardiometabolic health. Partitioned heritability using annotations from the ENCODE project**®
and Roadmap Epigenomics** identified 12 tissue types surpassing Bonferroni correction for
multiple comparisons. Top hits were related to pancreatic islets and brain tissues (Figure AP4.9-
AP4.10, Table AP4.26). There was also evidence of enrichment in the liver and adipose nuclei
at P-value < 0.05. S-LDSC results from the gene expression data broadly aligned with the
chromatin-based tissue enrichment but were less precise (12 tissues in mainly pancreatic, brain,
and liver tissue had enrichment P-values < 0.05, but none surpassed stringent Bonferroni
correction) (Table AP4.27). The single-cell analyses across 115 cell types demonstrated similar
patterns of enrichment (Figures AP4.11-AP.4.12, Tables AP4.28-AP4.29). For example,
partitioned heritability of the CM-Factor at single cell resolution found enrichment
predominantly in pancreatic cell types (5 pancreatic cell types surpassed stringent multiple
testing correction), including pancreatic o cells (P-value=4.67x10°), PP cells (P-value=8.08x10"
%), and 3 cells (P-value=1.75x107).

5.3. Mendelian Randomization Analyses

As outlined in Chapter 2 (Aim 3 Methods section 2.4.4), we use the MR framework in several
contexts, including (1) assessing the cardiometabolic efficacy of approved therapeutic targets and
those presently in clinical trials with drug-target MR;** (2) screening the druggable genome'*° to
inform cardiometabolic drug discovery; and (3) implementing a two-step MR approach
leveraging the circulating proteome to elucidate proteomic mediators that connect body mass
index (BMI) with cardiometabolic health outcomes.
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5.3.1. MR Study 1: Drug-target analysis of
approved and investigational cardiometabolic
therapeutics

We curated 34 approved and investigational cardiometabolic drug targets to assess their efficacy
for the broad CM-Factor genetic liability with drug-target MR, which may inform their efficacy
for treating cardiometabolic multimorbidity (Figure 27).>° Results for each drug-target MR
analysis are oriented to correspond to the physiological responses of the biomarker to
pharmacological modulation in each drug target: the antidiabetic target estimates to the change in
risk of the CM-Factor associated with lowering of HbA1c or reduced BMI; the lipid-modulating
targets estimates to a lowering of LDL-C, triglycerides, or increase in HDL-C (depending on the
lipid subfraction used for the exposure); the NAFLD/NASH target to reduced liver fat
percentage or alanine aminotransferase (ALT) levels (for HSD17B13, see Chapter 2 Aim 3
Methods [section 2.4.3]); and lowered systolic blood pressure (SBP) for the antihypertensives.
Overall, drug-target instruments were strong: apart from FGF21, which used a relaxed P-value
threshold for instrumentation, all SNPs used as instruments had F-statistics >10) (Tables
AP4.30-AP4.33) suggesting there is minimal bias due to weak instruments in these analyses.?*

5.3.1a. Antidiabetics. First, 6 of the 7 antidiabetics tests demonstrated evidence for
protective effects against the CM-Factor (Figure 5.4, Table AP4.34). The MR estimate for
lowered HbA 1c via INSR (proxying insulin analogs) was directionally consistent with a
protective relationship ($=-0.10, [-0.39, 0.19]); however, the confidence interval included the
null. The estimates for GIPR and GLP1R, which were modeled proxying both their effects on
glycemic markers (with lowered HbA1c) and their central-acting effects on adiposity and
appetite (with reduced BMI),***** were consistent between exposures, suggesting beneficial
effects on cardiometabolic health through both mechanisms-of-action. Colocalization analyses
indicated that HbA1c and the CM-Factor shared single causal variants in the ABCC8/KCNJ11
locus (PP.H4=0.999), GIPR (PP.H3=0.997), and DPP4 (PP.H4=0.65) loci (Table AP4.35).
Conversely, BMI and the CM-Factor demonstrated evidence of colocalization with multiple
variants in the GIPR (PP.H3=1.0) locus. There was also some evidence of colocalization with
multiple variants between the CM-Factor and both HbA1c and BMI in the GLP1R locus
(PP.H3’s of 0.58 and 0.53, respectively).
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Figure 5.4. Drug-target MR results for antidiabetics targets on the CM-Factor. Results are
reported as effect estimates () and corresponding 95% confidence intervals (CIs) from the
inverse variance weighted (IVW) methods and aligned to a lowering of HbAlc or reduced BMI.
The centers of the error bars are the ’s and the error bars are the lower and upper 95%
confidence intervals. All cis-instrument MR estimate P-values are based upon used two-sided
Wald tests. P-values were not adjusted for multiple comparisons.

5.3.1b. Lipid modulating targets. Estimates for the 15 lipid-modulating targets
generally indicated beneficial effects related to expected directions of the therapeutics being
modeled (Figure 5.5, Table AP4.35). Apart from HMGCR (the target for statins) and NPC1L1
(the target for ezetimibe), each of the targets for approved therapeutics (PCSK9, ACLY,
PPARA, APOC3, and ANGTPL3) indicated protective effects on the CM-Factor (the ANGPTL3
estimate was protective but less precise than the study cutoff of P-value < 0.05). The estimate
indicated that LDL-C lowering via HMGCR inhibition increased the risk for the CM-Factor. As
statins and the HMGCR locus have been previously linked with increased T2D risk,**** this
signal is likely driven by the T2D component of the CM-Factor. Estimates for several of the
investigational targets also supported their efficacy for cardiometabolic health. For example,
LDL-C lowering via ABCG5/ABCGS, which encodes the sterol transporter G5G8 that is body’s
main defense against the accumulation of neutral sterols,”* was strongly protective against CM-
Factor risk, underscoring the potential of sterol transport as a therapeutically-relevant pathway
for cardiometabolic drug development. Similarly, lowered triglycerides levels by both
ANPGTL4 inhibition and increased LPL (ANGPTLA4 is an inhibitor of LPL, which blocks
triglyceride clearance from the plasma, resulting in increased triglycerides levels*) provides
human genetics evidence supporting its potentials benefits from liver-specific inactivation.**
Genetically-predicted triglyceride levels by the ANGPTL4, LPL, and PPARA loci each
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demonstrated strong evidence of colocalization with the CM-Factor (PP.H4’s >0.9) (Table
AP4.34). Colocalization analyses also suggested HDL-C levels and the CM-Factor share a
causal variant in the CETP locus while APOC3 and APOA1 had H4’s of 0.57 and 0.55,
respectively. Interestingly, several of the LDL-C-lowering targets (HMGCR, ACLY, and
ABCG5/8) and the LPA locus had H3 posterior probabilities close to 1.0, suggesting that there is
more than one causal variant linking the lipid subfractions in these loci, which may be due to
there being more than one independent SNP in these loci (Table AP4.31).
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Figure 5.5. Drug-target MR results for lipid-modulating and NAFLD/NASH targets on the
CM-Factor. Results are reported as effect estimates (3) and corresponding 95% confidence
intervals from the inverse variance weighted (IVW) methods. The centers of the error bars are
the B’s and the error bars are the lower and upper 95% confidence intervals. All cis-instrument
MR estimate P-values are based upon used two-sided Wald tests. P-values were not adjusted for
multiple comparisons. Lipid-modulating target MR estimates are aligned to the corresponding
expected physiological change in the lipid subfraction for that drug class: lowered LDL-C,
increased HDL-C, lowered TG, and lowered LP(a) levels, respectively. MR estimates for the 7
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NAFLD/NASH targets instrumented using MRI-derived liver fat percentage data are aligned to
reduced liver fat percentage, and HSD17B13 inhibition is proxied using GWAS data for in
alanine aminotransferase (ALT) and aligned with reduced ALT levels.
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5.3.1c. NAFLD/NASH and antihypertensives. We next investigated the
cardiometabolic efficacy of NAFLD/NASH targets (Figure 5.5, Table AP4.37). Reduced liver
fat percentage through PNPLA3, TM6SF2, and MBOAT?7 reduced CM-Factor risk while GCKR
increased CM-Factor risk. THRB, the target for the recently approved THRB partial agonist
resmetirom®” had estimates suggesting beneficial effects related to reduced liver fat; however,
the confidence intervals included the null. PNPLA3 and TM6SF2 also had strong evidence of
colocalization (PP.H4’s=0.994 and 0.942, respectively), supporting the drug-target MR evidence
by reducing the likelihood that the MR estimates are confounded by LD patterns.** Finally,
among the antihypertensives, ACE inhibition and SLC12A3 (the thiazide diuretic target)
demonstrated the strongest evidence for a genetics-based impact on CM-Factor risk (Figure 5.6,
Table AP4.38); however, neither colocalized with a single shared causal variant (rather,
colocalization indicated multiple causal variants between SBP and the CM-Factor in the ACE
locus [PP.H3=0.99]) (Table AP4.34). Several of the individual calcium channels targeted by
calcium channel blockers (CCBs) (CANA1C, CACNA1D, CACNA2D2) were linked with
reduced CM-Factor risk. The overall CCB instrument comprised of all calcium channel targets
also had a beneficial effect estimate; however, it was less precise. Like antidiabetics and lipid-
modulating targets, NAFLD/NASH candidates and antihypertensives showed little evidence of
heterogeneity and were generally consistent across the complementary MR methods, further
strengthening causal inference from these results.

Antihpertensives Target Beta (95% CI) Pvalue
AGE inhibitor ACE -0.034(-0.050,-0.018) 2.75e-05

Beta-blockers ADRB 0.005 (-0.004,0.014) 0.26

Angiotensinogen inhibitor AGT
Calcium channelblocker (combined instrument) (CBs

-0.006(-0.015,0.003) 0.18
S0.004(-0.008,0.000) 0.06

Calcium channelblockerindividualgenes CACNATD
CACNA2D2
CACNB?2
CACNB3S
CACNBY

S0.029 (-0.045,-0.012) 0.00079¢1
-0.072(-0.089,-0.046) 9.9¢-08
0.000 (-0.004,0.004) 0.93
-0.028 (-0.041,-0.014) 4.86e-08
-0.085 (-0.062,-0.008) 0.01

Thiazide diuretics SLOT2A S0.029 (-0.045,-0.014) 0.000244

_
0

| —
Lowered risk  Increased risk
— >

Figure 5.6. Drug-target MR results for antihypertensive targets on the CM-Factor. Results are
reported as effect estimates (beta) and corresponding 95% confidence intervals (Cls) from the
inverse variance weighted methods and aligned to a lowering of systolic blood pressure. All cis-
instrument MR estimate P-values are based upon used two-sided Wald tests. P-values were not
adjusted for multiple comparisons. The CCB combined instrument represents a multi-gene
exposure proxying SBP lowering via the 5 individual calcium channel genes, which were also
instrumented separately in SBP levels and shown below the combined CCB estimate.
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5.3.2. MR Study 2: MR screen of druggable genes
prioritizes novel targets for cardiometabolic health

An overview of these analyses is presented in Figure 2.8. SNPs comprising the cis-instruments
for each potential drug target were strong with an average F-statistic of 358.16 (range:29.72—
37,527.36), suggesting minimal weak instrument bias.?** Results from the drug-target MR scan
of the druggable genes'® found 91 genes surpassing correction for multiple comparisons (Figure
5.7a-b, Table AP4.39). Colocalization testing of these 91 genes for evidence of a shared causal
variant with the CM-Factor highlighted 41 druggable genes with PP.H4 >0.60, including ACE,
HMGCR, and LPL expression, which aligns with the MR Study 1 findings assessing the impact
of lowered SBP via ACE, LDL-C via HMGCR, and triglycerides via LPL, and additional targets
for cardiometabolic health, including 13 novel genes that were not captured by the input
univariate GWASs, including AOAH, LAMC1, and CDK5R1 (Tables AP4.40-AP4.42).
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Figure 5.7. Results of the MR screen of the druggable genome (MR Study 2). (a) outlines MR
Study 2 analyses stages and number of targets taken forward from each step. (b) is a Manhattan
plot of the cis-instrument MR screen of the gene expression (whole blood) with the gene
coordinates on the x-axis and —logo P-values for the MR estimates on the y-axis. All cis-
instrument MR estimate P-values are based upon used two-sided Wald tests. P-values were not
adjusted for multiple comparisons. Labeled genes are the targets surpassing correction for
multiple comparisons in the cis-instrument MR screen that also had evidence of colocalization
(PP.H4 >0.6) and had relationships with established cardiometabolic biomarkers. The red
dashed line is the cis-instrument MR screen Bonferroni-corrected P-value threshold of 1.96x10”
(0.05/2,546 druggable genes tested). (c) is a mediation plot of the MR estimates (3’s and 95%
confidence intervals [CIs]) relating CRY2 gene expression, fasting glucose, and the CM-Factor.
(d) is the phenome-wide MR screen of CRYZ2 expression on 366 biomarkers and diseases. The
labeled traits are those that surpassed Bonferroni correction for multiple comparisons (P-
value=1.37%10"; 0.05/366), which is indicated by the red dashed line.
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5.3.2a. Tissue-level replication. We aimed to incorporate replication analyses using
gene expression instrumented in disease-relevant tissues. 36 of the 41 druggable genes were
available for instrumentation (Table AP4.43) and we were able to perform a total of 186
replication tests across all tissues. 30 of the 36 genes assessed replicated at P-value < 0.05, while
21 had estimates that surpassed the more stringent threshold adjusting for the 186 replication
tests (P-value < 2.69x10*) (Table AP4.44). For genes available in multiple tissues, we did
observe some tissue-specificity, e.g., CAMKI1D was analyzed in 9 tissues, but only replicated in
the tibial artery, heart left ventricle, and whole blood (Table AP4.44); AOAH (one of the
druggable genes considered novel for the CM-Factor) was analyzed in 11 tissues, but only
replicated in subcutaneous adipose and tibial artery tissues; CRY2 replicated in whole blood but
not aortic tissue. The direction of the estimates for the druggable genes that successfully
replicated generally aligned across each tissue and the eQTLGen*” whole blood gene expression
data used for the main screen, e.g., increased AOAH expression associated with reduced CM-
Factor risk in the initial screen and in the subcutaneous adipose and tibial artery tissues, and
increased CAMKI1D expression associated with increased CM-Factor risk in the initial screen
and in whole blood, tibial artery, and heart tissues (both atrial appendage and left ventricle)
(Table AP4.45). 9 of the 21 targets also demonstrated evidence of colocalization at PP.H4
>0.70, further strengthening causal inference (Table AP4.46).

5.3.2b. Biomarker mediation. 28 of the 41 druggable genes were associated with
established cardiometabolic biomarkers listed in the GWAS Catalog and Oxford Biobank,***
some with only a few biomarkers, e.g., CRY2 with fasting glucose, LAMC1 with blood pressure
and major lipid subfractions, and CDK5R1 with systolic blood pressure; others, conversely, with
an array of biomarkers, e.g., GPBARI and OPRL1 were associated with a range of metabolic
syndrome traits, including blood pressure, lipid subfractions, glycemic traits, and measures of
adiposity (Tables AP4.47-AP4.48).

Many of these associations were confirmed with drug-target MR analyses of the druggable gene
onto the biomarkers (Table AP4.49). For example, CRY2 whole blood gene expression was
associated with fasting glucose levels (8=0.051, [0.038, 0.064], P-value=5.99%10"°); LAMCI,
with levels of LDL-C, HDL-C, apolipoprotein B, apolipoprotein A1, and LP(a); CDK5R1 with
SBP; and OPRL1, with metabolic syndrome traits (Table AP4.49). These druggable-gene
biomarker associations motivated further analyses to assess the extent to which the total impact
of the druggable gene on the CM-Factor was mediated by these established biomarkers (Table
APA4.50). Fasting glucose levels mediated 81.1% of the total impact of CRY2 on the CM-Factor;
fasting insulin mediated 93.1% of GPBAR1’s impact (Figure 5.7c); while the impact of OPRL1
expression was mediated by several biomarkers, including SBP (19.3%), circulating ALT levels
(13.7%), and fasting glucose (12.5%).

5.3.2c. Side-effect profiling for druggable genes. Phenome-wide MR (Phe-
MR) analyses for the 41 genes characterized their potential side-effect profiles and further
clarified their therapeutic potential. Broadly, we observed relationships surpassing correction for
multiple comparisons for each of the 41 genes, suggesting pleiotropic effects (Figure 5.8,
Figures AP4.13-AP4.14, Tables AP4.51-AP4.53). For several of the genes, the direction of the
MR estimate aligned with the therapeutically relevant direction for the CM-Factor indicated by
the initial drug-target MR screen. For example, increased OPRL1 expression was related to
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increased CM-Factor risk and other cardiometabolic diseases, including angina and myocardial
infarction. It was also associated with reduced cognitive performance and increased laryngeal
cancer risk. CGREF1 expression had a similarly neutral phenotypic profile. In contrast, other
genes generally had favorable phenotypic profiles, with exceptions suggesting caution for
therapeutic applications. For instance, lowered CRYZ2 expression was linked to increased
gallstone risk (Figure 5.8d); lowered CDK5R1 expression was associated with increased
schizophrenia risk; lowered GPBAR1 expression correlated with increased cholelithiasis risk;
and increased LAMC1 expression was associated with heightened colorectal cancer risk.
However, given the challenges in translating the magnitude of MR estimates—which reflect
lifelong relationships of the gene—from short-term therapeutic modulation,* it remains
unknown whether these side effects would outweigh the cardiometabolic benefits.

Figure 5.8. Bar plot of the phenome-wide Mendelian randomization (MR) results for the 41
genes prioritized by the MR Study 2 screen of the druggable genome. Plotted are counts of the
total number of traits that were impacted by gene expression of druggable gene (X-axis) that
surpassed the phenome-wide MR P-value (two-sided tests) adjustment for multiple comparisons.
The “adverse effect” count indicated by the blue columns are the traits with MR estimate
direction corresponding to the opposite of the direction that was therapeutically indicated by the
MR estimate on the CM-Factor. Similarly, “the beneficial” effect indicated by the orange
columns are the traits with MR estimate direction that aligned with of the direction that was
therapeutically indicated by the MR estimate on the CM-Factor.
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5.3.3. MR Study 3: Two-step MR prioritizes ENO3 as
a proteomic mediator of the obesity-CM-Factor
relationship

We next performed a two-step MR study'* (Figure 2.10) to identify proteomic mediators of the
impact of obesity (modeled with BMI) on the CM-Factor. First, we confirmed that genetically
predicted BMI increased the risk for the CM-Factor (Figure 5.9). We next analyzed the impact
of BMI on the circulating proteome, finding 506 proteins whose levels are influenced by BMI (as
indicated by their MR estimates surpassing correction for multiple comparisons (P-values < 1.76
x10°[0.05/2,835 proteins tested in Step 1]) (Figures 5.10a-5.10b). We did not find
heterogeneity for any of the BMI-influenced proteins (all Cochran’s Q P-values > 0.05), and all
analyses passed the Steiger directionality test (Table AP4.54). Broadly, MR estimates from the
complementary MR methods (weighted median, weighted mode, and MR-Egger) were
directionally consistent with the main inverse variance weighted estimates, including for the
proteins prioritized by Step 2.

MR Test
Inverse variance weighted / Weighted median
/ MR Egger Weighted mode
Simple mode
0.03 - °

0.02 -

(95% Cls)

Beta, (95% Cl), P-value
PS IVW: 0.37, (0.35, 0.40), 1.66x 10-1%
Egger: 0.33, (0.26, 0.40), 1.27x10-18
Simple mode: 0.44, (0.36, 0.52), 4.39x 1024
° PS Weighted median: 0.38, (0.35, 0.40), 4.83x 10214
Weighted mode: 0.41, (0.40, 0.43), 1.59x 1037

-0.01 - ®

SNP effect estimates on CM-Factor

0.02 0.04 0.06
SNP effect estimates on body mass index (95% Cls)

Figure 5.9. SNP-SNP plot of the single-variable MR estimate of BMI on CM-Factor. Single
variable MR was performed using conventional MR methods (the same methods used to assess
the impact of BMI on the proteome in Step 1. All cis-instrument MR estimate P-values are based
upon used two-sided Wald tests. P-values were not adjusted for multiple comparisons. Each
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point represents the GWAS association statistic for BMI (x-axis) and the CM-Factor (y-axis)
with the corresponding 95% confidence intervals (CIs). The box in the main body of the plot
presents the results for each MR method plotted.

In Step 2, we used drug-target MR to assess the causal impact of the BMI-influenced proteins on
the CM-Factor. We focused Step 2 analyses on proteins with cis-pQTLs to increase the
likelihood that the genetic variants are relevant to the protein being studied and reduce the
chance of bias due to horizontal pleitropy.” Using the same cis-instrumentation selection
procedure as outlined in the above sections for approved and investigational therapeutics, we
were able construct instrumental variables for 455 of the 506 proteins identified in Step 1. The
instruments for the proteins were strong (all F-statistics >10), reducing the risk of weak
instrument bias.*** MR estimates for 8 proteins (labeled proteins in Figure 5.9b) surpassed
correction for multiple comparisons, and Steiger directionality tests, used to assess potential bias
from reverse causation, supported a causal role of these proteins on the CM-Factor (Table
APA4.53). 4 of these proteins—enolase 3 (ENO3), sex hormone binding globulin (SHBG), protein
tyrosine phosphatase receptor type R (PTPRR), and gamma-glutamyltransferase 1 (GGT1)—had
estimates for steps 1 and 2 that were directionally concordant with direction of the single
variable MR, demonstrating that BMI increases the risk of the CM-Factor (=0.137, CI=[0.35,
0.40], P-value=1.66x10"") (Figure 5.10c, Figure AP4.27, Table AP4.56).
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Figure 5.10. Results of the two-step MR characterizing the proteomic pathways between BM1
and the CM-Factor. (a) outlines MR Study 3 (two-step MR) analyses stages and number of
proteins taken forward from each step. (b) is a volcano plot of the Step 1 proteome-wide MR
identifying proteins whose levels are impacted by BMI with the Z score for the MR estimates on
the x-axis and the —logio P-values for the MR estimates on the y-axis. Yellow points are the
proteins surpassing correction for multiple comparisons, and labeled proteins are those that
were prioritized further by Step 2 and the other downstream analyses. (c) are forest plots for the
MR estimates (’s and 95% confidence intervals [CIs]) of the eight proteins prioritized by Step 1
and Step 2. The centers of the error bars are the ’s and the error bars are the lower and upper
95% ClIs. All cis-instrument MR estimate P-values are based upon used two-sided Wald tests. P-
values were not adjusted for multiple comparisons. Step 1 estimates are oriented to the impact
on the circulating protein levels from increased BMI, and Step 2 estimates are oriented to the
impact of increased proteins levels on the CM-Factor. ‘*’ indicates the four proteins with Step 1
and Step 2 estimates that aligned with the adverse impact of increased BMI on the CM-Factor.
(d) depicts the locus association plot for the colocalization results for the ENO3 locus between
ENO3 protein levels measured in the UK Biobank and the CM-Factor. The x-axis represents the
genomic coordinates for each ENO3 locus SNP included in the colocalization results, and the y-
axes represents the —log;o P-values for the SNP GWAS associations for ENO3 levels (lower
panel) and the CM-Factor (upper panel).

5.3.3a. Replication and triangulation of BMI-associated proteins. We
next aimed to replicate the two-step MR findings for the 8 proteins using the independent
deCODE proteomics dataset from Ferkingstad et al.**® NUCB3 and GGT1 were not present in
the deCODE data. In Step 1 replication, all estimates were directionally consistent with the
primary data and had P-values < 0.05 (Table AP4.57). The estimate for ENO3 surpassed the
same stringent Bonferroni correction from the primary analyses. Estimates from additional
replication using obesity diagnoses in the FinnGen cohort (27,711 cases/425,881 controls)* as
the exposure were similarly consistent—only NUCB3 failed to replicate with the FinnGen
obesity exposure. Step 2 replication was similarly consistent, with 4 of the 6 proteins (ENO3,
FSTL3, MSR1, and SHBG) demonstrating evidence for an impact on the CM-Factor (Table
AP4.58). Step 2 replication estimates for ENO3 ($=0.024, CI=[0.017, 0.031], P-value=6.57x 10"
1) and SHBG (B=-0.048, CI=[-0.061, -0.034], P-value=3.63x10"?) would have also surpassed
same stringent Bonferroni correction from Step 2. For the 5 proteins available in the
observational INTERVAL study data, 4 were impacted by BMI in the same direction as the Step
1 results at P-value < 0.05. The association between BMI and CD34 levels was directionally
consistent between our Step 1 findings and the observational data (increase BMI reduced CD34
levels); however, the observational association confidence interval spanned the null (P-
value=0.36) (Table AP4.59).

5.3.3b. Mediation of BMI-associated proteins. We assessed the extent to which
these proteins were involved in the BMI-CM-Factor relationship by performing mediation
analyses using the product of coefficients method (Figure 2.9), which showed that the 4 proteins
with MR estimates consistent with an increased risk of the CM-Factor from BMI mediated
between 1.0% (GGT1) and 9.8% (PTPRR) of the BMI effect (Table AP4.56). SHBG and ENO3
mediated 1.3% and 2.6%, respectively. The colocalization analyses indicated that ENO3 and
SHBG each had high posterior probabilities of a shared causal variant with the CM-Factor
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(PP.H4’s of 0.75, and 0.86, respectively) (Table AP4.60). These proteins also colocalized using
the deCODE data used as independent replication (ENO3 PP.H4=0.9 and SHBG PP.H4=0.96).
GGT1 and PTPRR each demonstrated strong evidence of colocalization but with multiple
variants (PP.H3=0.73 and 0.99, respectively). CD34 colocalized (PP.H4=0.96) in the primary
UKB-PPP data, but not in the deCODE data (Figures AP4.15-AP4.16).

5.3.3c. BMI-associated protein side-effect profiles. Finally, we performed
Phe-MRs for the 4 proteomic mediators with MR estimates consistent with the adverse impact of
obesity on the CM-Factor: ENO3, PTPRR, SHBG, and GGT1, to characterize potential side
effects. For ENO3, PTPRR, and GGT1, Phe-MR results suggested generally favorable side-
effect profiles, with most estimates indicating beneficial effects from pharmacological
modulation of the proteins in in the direction indicated by the two-step MR to be therapeutically
relevant (Figure 5.11, Figures AP4.17-AP4.19, Tables AP4.62-AP4.64). The profiles for
ENO3 and PTPRR were particularly neutral with only a single trait surpassing correction for
multiple comparisons for ENO3 — platelet width (Figure 5.11, Table AP4.61). By contrast,
SHBG demonstrated effects on 22 traits, including several potential adverse effects on blood
pressure, myasthenia gravis, and arrhythmia (Figure AP4.17, Table AP4.63), reflecting the
complex role SHBG plays in many physiological processes.*® As expected, the top findings for
GGT1 proteins levels were related to liver function enzymes (GGT levels and alanine
aminotransferase levels), and the other traits surpassing correction for multiple comparisons
included calcium levels, appendicitis, and acute pancreatitis (in the adverse direction) (Table
AP4.64).

155



ENO3

25
 Platelet distribution width |
20
Category
6 Autoimmune
2 1 5 Biomarker
(;5 Cancer
(Il Cardiovascular
5/ Infectious disease
~— Medication use
COD 1 0 Miscellaneous
_| Non-cancer iliness
Psychiatric/Neurological
S| P-value = 1.37X10 (0.05/366 outcomes tested)
0

Figure 5.11. Phe-MR results of circulating ENO3 protein levels (UKB-PPP). Results are the
—log10 P-values for the main drug-target MR estimates (either inverse variance weighted or
Wald ratios) for the ENO3 protein on 366 outcomes curated for the Phe-MR analysis. The
outcomes are grouped by clinical category. All cis-instrument MR estimate P-values are based
upon used two-sided Wald tests. P-values were not adjusted for multiple comparisons. The red
dashed lined is the Bonferroni-corrected P-value threshold (1.37x10™ [0.05/366 outcomes]),
and the labeled outcomes are those that surpassed the Bonferroni correction for multiple
comparisons.

5.4. Aim 3 Discussion

Aim 3 used recently developed multivariate GWAS methods that leverage genetic correlations
among correlated univariate GWASs to investigate the genetic architecture of NAFLD, T2D, and
CAD. Multivariate methods have been shown to increase statistical power and boost loci
discovery'® and our CM-Factor GWAS identified 523 lead variants in 312 genomic loci shared
across NAFLD, T2D, and CAD. Given that the average cardiometabolic patient is aged 65+ and
presents with 2 or more cardiometabolic diseases,'*** these results underscore the importance of
research beginning to elucidate the biological mechanism linking these multimorbid
cardiometabolic diseases.''>*!44
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CM-Factor SNPs showed strong concordance in effect directions across NAFLD, T2D, and
CAD, supporting the idea that the CM-Factor represents a shared genetic risk for
cardiometabolic diseases. Discordances generally occurred in SNPs with weaker associations.
Comparison of lead SNPs identified by the CM-Factor with the genetic signatures from NAFLD,
T2D, and CAD revealed that the CM-Factor identified novel loci for each of the diseases,
including substantial novelty for NAFLD (514 novel loci) and CAD (415 novel loci). Many of
these novel loci for NAFLD and CAD showed some statistical association in the univariate
GWAS:s, indicating their potential to be detected in larger studies. Given the relatively small
sample sizes of current NAFLD GWASs compared to those for CAD and T2D GWASs, this gain
in statistical power with the GenomicSEM method represents an important opportunity for loci
prioritization for NAFLD. Additionally, while the T2D genetics was strongly represented in the
shared genetic architecture, approximately 50% of the T2D loci identified by Suzuki et al.*’®
were not prioritized, suggesting the CM-Factor effectively captures key T2D loci while also
clarifying specific variants with broader relevance to cardiometabolic health, highlighting its
utility in multi-trait genetic analyses.

The SNP-level heterogeneity testing provided further insight into the shared cardiometabolic
architecture by identifying 151 heterogeneous loci that likely influence each of the individual
cardiometabolic diseases through distinct pathways, or had directionally inconsistent effect
directions (i.e., increasing risk for one cardiometabolic disease while decreasing the risk for the
others), and not the broad, directionally concordant shared architecture linking them. Several of
the heterogenous loci are canonical cardiometabolic loci, and this analysis has contextualized
and clarified their relationships within the larger cardiometabolic disease landscape with a
statistically stringent and hypothesis-free approach. For example, PNPLA3, a canonical NALFD
locus,*” was genome-wide significant in the initial multivariate GWAS of the CM-Factor (CM-
Factor P-value= 5.74x107"°). However, the SNP-level heterogeneity testing flagged it as a highly
heterogenous locus. As expected, each variant within the locus was strongly associated with the
meta-analyzed NAFLD + liver fat outcome used to construct the CM-Factor (P-values from 5.84
x10"to 6.84x10°%). PNPLAS3 catalyzes the hydrolysis of hepatic triglycerides, and impaired
PNPLA3 function is major genetic risk factor for all stages of liver disease. For example,
homozygous carriers of the [148M variant in PNPLA3 show elevated liver fat content due to
accumulated lipid content, as well as increased risk for fibrosis and hepatocellular carcinoma.**
However, because impaired PNPLA3 function sequesters lipids in the liver, increasing NAFLD
risk, it may also be associated with lower circulating lipid and cholesterol levels, reducing CAD
risk, and variants in the PNPLA3 locus have been linked to reduced CAD risk.*”” Consistent with
this, several of the PNPLA3 variants identified as heterogenous for the CM-Factor have been
linked with increased liver fat content, but lower circulating lipids (e.g., 1s9626056 is linked with
lower total cholesterol, LDL-C, apolipoprotein B, etc.).?”! Our heterogeneity testing also flagged
several well-known loci in CAD, e.g., LDLR and CELSR2-PSRC1-MYBPHL-SORT1, suggesting
these components of lipid metabolism and signaling may impact CAD rather than directly impact
T2D or NAFLD, providing additional insight into how these canonical loci influence CAD
within the broader context of cardiometabolic diseases.

Our bioinformatic characterization investigated the CM-Factor genetics at the variant, gene,
tissue, cell, and pathway levels. Comparison of these results with the corresponding underlying
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univariate NAFLD, T2D, and CAD GWASs facilitated identification of biological dimensions
unique to the CM-Factor as well as those distinct to the individual cardiometabolic diseases.
Among the 243 high-confidence genes prioritized by the TWAS were established
cardiometabolic genes (e.g., IRS1, LPL) and novel genes not captured by the genetic signatures
of NAFLD, T2D, or CAD. One such novel gene was COMT (Catechol-O-Methyltransferase),
which plays a critical role in the metabolism of catecholamines, mediating the cardiometabolic
impact of the sympathetic nervous system.*** Early genetics-based studies linked the COMT
Val158Met polymorphism, the primary cause of variation in COMT activity, with increased
SBP, waist-to-hip ratio, and acute coronary events.* Preclinical studies further support the link
between COMT and blood pressure: compared with Wistar-Kyoto rats, spontaneously
hypertensive rats exhibit lower hepatic COMT expression and impaired methylation of
catecholamines.*”

The other novel targets have less literature support, but nevertheless may reflect novel biological
targets in cardiometabolic health. For example, DHX36, a DEAH-box helicase involved in
nucleic acid binding and processing,* could influence cardiometabolic risk through its role in
RNA metabolism and gene expression regulation. Research suggests that DHX36 may impact
pathways related to inflammation, including the innate immune response,*’ which has been
implicated in cardiometabolic disease.**® By modulating the stability and translation of mRNAs
encoding proteins critical to immune processes, DHX36 could indirectly affect the development
of conditions such as atherosclerosis, insulin resistance, and obesity. Furthermore, alterations in
DHX36 activity or expression levels could disrupt normal cellular functions, leading to an
imbalance in metabolic homeostasis, thereby increasing the risk of developing cardiometabolic
diseases. ASPRV1 (Aspartic Peptidase Retroviral Like 1), another novel CM-Factor gene, is
implicated in the immune response through its role in modulating cytokine production and
immune cell activation.*” These processes are crucial in the pathogenesis of atherosclerosis and
insulin resistance,”’ suggesting new inflammatory mechanisms underlying cardiometabolic
health. Future research will be needed to further elucidate the mechanisms linking COMT,
DHX36, ASPRV1, and other novel genes to cardiometabolic health.

5.4.1. Drug-target MR assesses cardiometabolic
efficacy of approved and investigational therapies
and prioritizes targets for therapeutic discovery
efforts

Drug-target MR is an important component of the drug discovery paradigm in cardiometabolic
disease.® We included several applications of the drug-target MR framework motivated by the
current stagnation in the development of new therapeutics for cardiometabolic disease relative to
other specialities,'” a stagnation attributed to several factors, including a still limited
understanding of the underlying pathophysiology resulting from inappropriate disease models,
poor patient characterization,'**' and drug candidates targeting non-causal biomarkers.'?

We first conducted drug-target MR assessing the general cardiometabolic efficacy of 34
approved and investigational cardiometabolic targets and found protective roles of many of the
targets through their primary expected physiological responses to pharmacological modulation,
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including recently approved therapeutics such as genetically mimicked GLP1R and GIPR
agonists, PCSKO9 inhibitors, and fibrates (PPAR-alpha agonists) along with investigational
targets like ANGPTL4, PNPLA3, and TM6SF2. These findings will help improve understanding
of their broader efficacy in these multimorbid patient populations. For some of these targets,
these results may also help inform ongoing concerns regarding side effects. For example,
genetically proxied PCSK9 inhibition has been previously linked with increased T2D risk.****>>
However, here we have shown that by combining the genetics of CAD with T2D and NAFLD,
we still find a protective impact of PCSKO9 inhibition, suggesting that long-term PCSK9
inhibition will be beneficial in patients with CAD and one or more cardiometabolic
comorbidities.

By contrast, we did not find protective relationships of HMGCR inhibition with the CM-Factor,
which is likely due to the adverse effects of HMGCR inhibition on T2D, possibly through
mechanisms such as increased body weight or insulin resistance.** We emphasize that this
potential increase in the risk of T2D does not offset the lipid-lowering benefits of statin therapy.
For GLPIR and GIPR, we found evidence supporting protective roles of their genetic agonism,
likely reflecting their beneficial effects on pancreatic cells and glucose homeostasis®* as well as
central nervous system mechanisms that reduce appetite and body weight.?*® Although HbA1c
and BMI did not colocalize with the CM-Factor in the GLPIR locus, fine mapping of the CM-
Factor provided strong evidence for causal variants in the GLP1R locus. Similar strong evidence
was also observed in loci associated with sulfonylureas, TZDs, and APOCTI inhibitors, further
strengthening causal inference for the drug-target effects.

In the Aim 3 MR Study 2, we extended the drug-target MR framework to inform target
discovery across the druggable genome,'* aiming to guide future research into therapies for
reducing the risk of cardiometabolic diseases. Leveraging this approach, we prioritized 41 targets
from over 2,500 included in the initial screen, including 13 that were novel genes, including
AOAH, LAMC1, and CDK5R1, for these cardiometabolic diseases. AOAH (acyloxyacyl
hydrolase) plays a critical role in modulating inflammatory pathways by detoxifying
lipopolysaccharide (LPS) and hydrolyzing acyl chains, thereby reducing systemic
inflammation,** suggesting a potential to mitigate chronic inflammation, a major driver of
cardiovascular pathology, including atherosclerosis and myocardial remodeling.** Further,
AOAH has broader enzymatic activity, including phospholipase functions,*® suggesting it may
regulate lipid metabolism and oxidative stress, key factors implicated in cardiometabolic disease.
By attenuating inflammation and promoting lipid homeostasis, AOAH may provide a promising
pathway for the development of interventions addressing cardiometabolic risks.

Many of the prioritized druggable genes are implicated in pathways not yet targeted by existing
cardiometabolic therapeutics, despite existing lines of evidence for their involvement in
cardiometabolic diseases, reflecting potential new therapeutic strategies. For instance, CRY2 is a
gene involved in circadian clock regulation, which is important for physiological homeostasis,**
and in animal models, CRY2 modulation impacts metabolic homeostasis, including glucose
metabolism and liver fat accumulation,***’ while in cell-based assays, small molecular
modulators of CRY2 inhibited glucagon-induced gluconeogenesis in primary hepatocytes,*®
suggesting that targeting these circadian rhythm-related regulators is a potential therapeutic
approach for cardiometabolic disease.
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Our screen of relevant biomarkers provided further clarification of potential pathways for CRY2.
We found that the impact of CRY2 expression on the CM-Factor is likely mediated by fasting
glucose, but not by insulin or blood pressure (two other biomarkers previously linked to CRY2
variants). Overall, the CRY2 results provide human genetics support for the literature
demonstrating that circadian rhythms influence plasma glucose concentration (potentially by
autonomous circadian rhythms in relevant tissues like pancreatic islet cells*?). Given that
misalignment of endogenous cellular biological clocks, i.e., circadian disruption, may result in
dysregulation of glucose homeostasis and T2D,*" these findings together suggest that the core
circadian clock may represent an important therapeutic domain for cardiometabolic drug
developments.

Shifting focus from circadian regulation to the opioid system, OPRL1 (nociceptin/orphanin FQ
receptor [NOP receptor]) emerged as another promising target. OPRL1 plays a crucial role in the
endogenous opioid system, which, while predominantly studied for its role in pain, depression,
and substance abuse, has also been implicated in cardiometabolic health.*! This includes its
involvement in the structure and function of cardiometabolic tissues (e.g., cryoprotection of the
myocardium®?) and its role in modulating obesity through feeding-related behaviors.** Together,
these functions make the opioid system an attractive and novel avenue for therapeutic
modulation.**

Our results indicated that antagonism of OPRL1 would be the relevant direction for therapeutic
benefit for the CM-Factor. Several small-molecule OPRL1 antagonists have already been
developed for other diseases, such as LY2940094 by Eli Lilly, which completed phase 2 clinical
trials for depression and alcohol use disorder.*”® Given the clinical overlap and shared biological
underpinnings between cardiometabolic health and depression***—such as dysregulation of the
hypothalamic-pituitary-adrenal (HPA) axis,*® which is partially modulated by OPRL1**—these
OPRL1 antagonists may represent repurposing opportunities capable of providing therapeutic
efficacy for psychiatric and cardiometabolic comorbidities. As several pharmacological agents
targeting OPRL1 (but not L.Y2940094) have been hindered by side effects,*® it is important that
our Phe-MR analysis found genetic inhibition of OPRL1 to have a safe side effect profile,
suggesting that safety issues may relate to the specific pharmacological agents rather than
pharmacological modulation of OPRL1 itself. These findings highlight OPRL1 as a promising
avenue for future research and drug development, offering new strategies to address the complex
mechanisms underlying these conditions.

In MR Study 3, we integrated two-step MR—Ileveraging polygenic MR, drug-target MR, and the
plasma proteome—colocalization, and sensitivity analyses to screen proteomic mediators,
aiming to further our mechanistic understanding of the relationship between obesity and
cardiometabolic diseases. We prioritized four proteins—ENO3, GGT1, SHBG, and PTPRR—that
showed estimates at each step consistent with an adverse impact of increased BMI on the CM-
Factor. Given that BMI is a highly polygenic trait with over 530 associated loci and influences
approximately 490 circulating proteins in the UKB-PPP data, it is notable that these four proteins
could account for a significant portion of the adverse impact of BMI and other obesity-related
traits on the CM-Factor. ENO3 (enolase 3) encodes the homodimer of the subunit [3-enolase,
responsible for the penultimate step in glycolysis (the conversion of 2-phosphoglycerate to
phosphoenolpyruvate).*® ENO3 plays a role in striated muscle development and regeneration*®®
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and has also been implicated in NAFLD, potentially through dysregulated cholesterol ester
accumulation, accelerating NASH progression by negatively regulating hepatic ferroptosis.*’
While we could not assess observational evidence of BMI and ENO3 due to its absence in the
INTERVAL study, previous research has shown that ENO3 levels are elevated in insulin
resistance and obesity.*® Our Phe-MR analysis indicated a neutral side effect profile for
genetically modulating ENOS3 protein levels, suggesting that it may represent a key target for
coordinating responses to obesity and metabolic dysregulation that is amenable to
pharmacological intervention. This finding warrants further investigation and validation. We
have focused our discussion on ENO3 because it colocalized, replicated, and demonstrated a
neutral on-target safety profile. However, the other prioritized proteins also have existing
evidence supporting their roles in metabolism (e.g., PTPRR in insulin signaling and secretion
See Appendix 4 (Section 4.3.1) for an extended discussion of these proteins.

5.5. Aim 3 Limitations

We acknowledge several limitations of our study. First, like standard GWAS methods,
GenomicSEM assumes an additive model for common genetic variants,'® which may not capture
the effects of rare variants with large impacts on cardiometabolic health.**** Additionally, the
etiology of NAFLD, T2D, and CAD reflects complex interactions between environmental and
genetic factors,”**’® including the induction of epigenetic changes,”” which cannot be fully
modeled with the CM-Factor. Consequently, future studies incorporating interaction analyses
and exploring the shared genetics of NAFLD, T2D, and CAD will be essential to elucidate these
etiological relationships.

468).

Second, another limitation in our study is the potential confounding in the input GWASs due to
the high epidemiological overlap between traits, particularly T2D and NAFLD. Given that
approximately 65% of patients with T2D also have NAFLD, the univariate GWAS results may
partially reflect shared comorbidity rather than fully independent genetic influences for each
trait. This overlap could contribute to the inflated genetic correlations between traits, observed in
our LDSC analyses. Although the GenomicSEM multivariate framework is designed to manage
overlapping genetic architectures, this confounding factor should still be considered when
interpreting the findings.'® Furthermore, while our multivariate model identifies distinct shared
genetic components beyond those captured by each individual GWAS, unmeasured trait overlap
may limit our ability to fully disentangle the unique genetic contributions of T2D, NAFLD, and
CAD. Future research employing additional stratification or covariate adjustment in GWAS
analyses could help address this limitation and further refine the identification of unique genetic
influences.

Third, in our CM-Factor multivariate GWAS, we used a recent meta-analysis NAFLD GWAS
with a sample prevalence of ~1%,"” which is substantially lower than the estimated NAFLD
global prevalence of 25%."'® While the UK Biobank has been shown to represent a healthier
population compared to the general population,** this discrepancy raises concerns about the
accuracy of control classification and suggests a potential underdiagnosis of NAFLD among the
controls. Additionally, the effective sample and case count for the NAFLD GWAS was
substantially lower than those for T2D or CAD, potentially affecting the power and precision of
our CM-Factor and increasing the risk of type 1 errors.”’® Although GenomicSEM has been
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shown to be robust to both sample overlap and sample size imbalance,* we emphasize the need
to reproduce these analyses as larger and more representative NAFLD data becomes available.
To mitigate potential control mis-classification and sample imbalance issues, we incorporated
data related to liver fat content based upon MRI, which, because it is a highly sensitive and non-
invasive method for quantifying liver fat, provides a more precise and direct assessment of liver
steatosis than ICD codes.****° However, there remains the potential for residual misclassification
and underrepresentation of NAFLD genetics, particularly in individuals with mild steatosis
undetected by current thresholds, which could impact the power and precision of our GWAS
findings, highlighting the importance of larger, more accurate datasets in future research.

Fourth, while the prevalence and burden of NAFLD are growing worldwide,''*'"" there still
exists substantial heterogeneity in the prevalence of NAFLD—as well as T2D and CAD—among
populations of different ancestries, likely due to variations in diet, lifestyle, comorbid conditions,
and genetic predispositions.**® For instance, in the United States, studies indicate a higher
prevalence of NAFLD in Hispanic populations, linked to genetic factors such as the PNPLA3
variant, and a lower prevalence in Black populations, potentially due to differences in fat
distribution and other metabolic factors.*® Similar variability is observed globally. For example,
Uyghur individuals in China have a higher prevalence of NAFLD than other ethnic groups, and
studies in multiethnic settings in Europe and Asia have highlighted differences in NAFLD
susceptibility related to both genetic and lifestyle factors.**® We were unable to perform
replication analyses in non-European populations due to the lack of availability of NAFLD
diagnoses or liver fat in non-European ancestry cohorts. As a result, we caution before extension
of these findings to non-European ancestry populations, and we emphasize the need for future
work to investigate the shared genetics of NAFLD, T2D, and CAD across diverse populations.
Appendix 4 elaborates on the challenges of limited non-European participant data in genetics-
based studies.

The variant and gene prioritization methods used in this study also have important limitations.
For instance, transcriptomic imputation may mis-prioritize genes due to eQTL sharing, tissue-
specific expression variability, and linkage disequilibrium confounding.*” Predictive models
often assume linear relationships and may overlook complex regulatory mechanisms, potentially
leading to inaccuracies. Moreover, environmental influences, temporal changes in gene
expression, and the limited resolution for pinpointing causal variants further complicate the
interpretation of findings*” (Appendix 4; Section 4.3.2). Similarly, there are limitations when
interpreting the results of drug-target MR analyses. Specifically, drug-target MR using
downstream biomarker data cannot fully mimic potential heterogeneity in drug responses
associated with tissue-specificity or mechanisms of action for specific therapeutics. For example,
inclisiran, a recently approved small interfering RNA inhibitor of hepatic PCSK9 expression,®
may exert liver-specific effects that are not captured by our drug-target MR estimates, which rely
on PCSKO9 variants derived from circulating LDL-C levels. This limitation highlights the need
for caution when extrapolating findings to therapeutic interventions with highly specific
mechanisms of action.

More broadly, causal inference requires triangulation of study designs,***® as well as replication
and clinical validation. Future studies involving patients with cardiometabolic comorbidities will
be essential to test the precision and robustness of our drug-target MR findings. Nonetheless, our
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findings support and extend previous genetics-based studies that have validated both approved
and investigational therapeutic targets for a range of cardiometabolic outcomes.

5.6. Aim 1 Conclusion

The Aim 3 project integrated genetic data for NAFLD, T2D, and CAD into a multivariate
GWAS framework to model the broad genetic architecture shared across these multimorbid
diseases, facilitating the discovery and prioritization of genomic loci. Heterogeneity testing
provided further insights into whether the identified loci modeled shared or distinct
cardiometabolic pathways. Gene prioritization implicated both established and novel genes, such
as COMT, DHX36, and ASPRV]1, as critical for cardiometabolic health. Drug-target MR
analyses, genetically proxying the physiological responses of approved and investigational
cardiometabolic drugs, identified protective relationships for GIPR, GLP1R, PCSK9, ANGPTLA4,
and other targets with the CM-Factor, suggesting their potential therapeutic benefits for
cardiometabolic multimorbidity. Hypothesis-generating screening of approximately 2,500
druggable genes prioritized 41 targets for cardiometabolic health, including 28 with strong links
to major cardiometabolic biomarkers. These genes implicated fundamental biological
mechanisms, such as CRYZ2 (a core circadian clock regulator) and OPRL1 (a key player in
endogenous opioid signaling), offering valuable insights to guide future drug discovery efforts.
Finally, two-step MR analyses prioritized ENO3, a protein important for striated muscle
functioning, along with three other proteins, as potential mediators linking BMI to the CM-
Factor. These findings advance our understanding of how obesity impacts the CM-Factor and its
role in cardiometabolic disease.

Overall, Aim 3 demonstrates the utility of integrating GWAS data in multi-trait frameworks to
elucidate the genetic signatures that influence the development of cardiometabolic diseases.
These insights underscore the importance for future research and therapeutic development
targeting cardiometabolic multimorbidity.
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CHAPTER 6: DISCUSSION & FUTURE
DIRECTIONS

The overarching motivation of this PhD was to leverage cutting-edge genetic methodologies and
multi-omics approaches to inform the drug development pipeline for CVDs and their
comorbidities. Cardiometabolic diseases, including T2D, NAFLD and CAD, represent a leading
global health burden due to their high prevalence, shared risk factors, and multifactorial etiology.
These conditions are underpinned by a complex interplay of genetic, environmental, and lifestyle
factors. Despite advancements in treatment, there is a growing need for innovative therapeutic
strategies targeting the shared pathophysiological mechanisms underlying these diseases. This
thesis addressed this challenge by using advanced genetic tools to elucidate disease mechanisms
and prioritize therapeutic targets at different stages of the drug development pipeline. Each aim
tackled a distinct aspect of this challenge, scaling in complexity and culminating in the
integration of multi-trait genetic analyses to understand cardiometabolic multimorbidity.

6.1. Leveraging Genetics to Inform Drug
Development: Key Contributions from
Each Aim

6.1.1. Aim 1 examined safety profiles of lipid-
lowering drugs to non-European cohorts

The first aim focused on using drug-target MR to evaluate the causal effects of LDL-C lowering
via PCSK9 and HMGCR inhibition on T2D risk and glycemic markers. This aim applied a
relatively straightforward but robust genetic methodology to address the long-standing question
of whether the benefits of LDL-C lowering come at the expense of adverse glycemic effects. The
findings revealed no adverse effects of PCSK9 inhibition on T2D risk in most populations,
supporting its role as a safe therapeutic target for LDL-C reduction. However, some evidence
suggested that HMGCR inhibition might increase T2D risk, underscoring the need for
population-specific analyses and careful consideration of comorbidities in clinical practice.

A critical limitation highlighted by Aim 1 is the lack of diversity in RCTs and genetic studies,
which restricts the generalizability of findings to populations that reflect the true clinical
diversity of individuals likely to receive these therapies.”®** Ensuring diversity in genetic
datasets is crucial not only for improving the precision of efficacy estimates but also for
addressing safety concerns, as genetic responses to drug targets may differ across ancestries.
Expanding representation in genetic studies is therefore imperative for informing safe and
effective drug development strategies for all populations.
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Further, Aim 1 exemplifies how genetic tools can refine our understanding of existing drug
mechanisms, providing evidence to support their efficacy across populations that more
completely reflect the diversity of patients that use lipid-modulations therapies. These results are
particularly relevant for cardiometabolic multimorbidity, where therapeutic interventions often
need to balance efficacy for one condition against potential adverse effects on another. By
validating the safety of PCSKS9 inhibitors, this work reinforces their utility in managing
cardiovascular risk across diverse populations and sets the stage for incorporating similar
approaches into early drug development pipelines.

Section 1.6 in Chapter 1 outlined the motivations for my focus on PCSK9 and HMGCR and
future work inspired by Aim 1 will extend these analyses to additional approved and
investigational lipid-lowering therapies in non-European populations with new non-European
data sources. One of the key challenges I encountered in my multi-ancestry analyses during Aim
1 was the substantial disparity in sample sizes across ancestries for many of the traits studied,
underscoring the critical need for large, diverse datasets to enable robust trans-ancestry genetic
analyses.”® The recent release of ~2,000 GWAS datasets from the Million Veteran Program
(MVP)* provides an unparalleled opportunity to extend my work on understanding the genetic
architecture of complex traits and diseases, especially in underrepresented populations. With
over 635,000 participants and nearly 30% of the cohort genetically similar to African, Admixed
American, and East Asian populations, the MVP allows for unprecedented exploration of non-
European ancestry genetic variation. Using MVP data, I plan to again leverage drug-target MR
approaches to ensure that causal inference and therapeutic predictions are robust across
ancestries.

6.1.2. Aim 2 provided genetic and biological
insights into alcohol use behaviors

The second aim expanded the scope by integrating cis-instrument MR with cortical proteomic
and transcriptomic data to investigate the genetic and biological underpinnings of alcohol use
behaviors. This aim not only identified 217 cortical proteins and 255 cell-type genes associated
with problematic alcohol use but also prioritized novel therapeutic targets, such as SAMHD1 and
VIPAS39, which are implicated in synaptic function and neurogenesis. Importantly, the findings
highlighted pathways relevant to alcohol metabolism, neural signaling, and cardiometabolic
health, further linking alcohol use behaviors to broader health outcomes.

This aim demonstrated the power of integrating multi-omics data to identify actionable
therapeutic targets and potential drug repurposing opportunities. For instance, the identification
of high-confidence targets such as SLC4A8 and CAB39L, along with validated drug repurposing
candidates like prazosin and memantine, showcases how genetic analyses can accelerate target
discovery and therapeutic innovation. Moreover, these findings bridge the gap between
neuropsychiatric and cardiometabolic diseases, emphasizing the need for holistic approaches in
addressing comorbid conditions.

165



6.1.3. Aim 3 elucidated a shared genetic
architecture of cardiometabolic diseases

The third and most complex aim employed multivariate GWAS methods to model the shared
genetic architecture of NAFLD, T2D, and CAD. This analysis revealed the cardiometabolic
factor ("CM-Factor"), identifying 523 SNPs across 312 loci and implicating key genes such as
COMT, DHX36, and ASPRV1. Drug-target MR validated the efficacy of several approved and
investigational cardiometabolic therapeutics, including GLP1R, GIPR, PCSK9, and ANGPTL4,
while also highlighting novel targets like CRY?2 and OPRL1.

This aim represents a significant leap in complexity, integrating multi-trait genetic data to
uncover the shared biology underlying cardiometabolic multimorbidity. The identification of
heterogenous loci and novel genes not only enhances our understanding of disease mechanisms
but also informs target prioritization for drug development. For example, the finding that PCSK9
inhibition has protective effects despite its association with T2D risk underscores the importance
of context-specific genetic analyses in evaluating therapeutic potential. Similarly, the
prioritization of CRY2 and OPRL1 as novel targets illustrates the potential of leveraging
genetics to uncover previously unrecognized therapeutic opportunities.

I aim to continue to learn new methods to address multimorbidity. For example, an exciting
future direction for understanding cardiometabolic multimorbidity involves leveraging advanced
topic modeling techniques, such as treeLFA, introduced by Zhang et al. (2023). treeLFA (tree-
structured Latent Factor Allocation) is a Bayesian topic modeling framework designed to
identify latent disease clusters in binary diagnostic data. It extends traditional topic modeling
approaches like Latent Dirichlet Allocation (LDA) by incorporating an informative prior derived
from medical ontologies, such as the ICD-10 hierarchy. This prior ensures that diseases closely
related on the tree structure (e.g., within the same chapter or subcategory of ICD-10) are more
likely to cluster together, enhancing both the stability and biological relevance of the inferred
multimorbidity topics. By treating individuals as “documents” and diseases as “words,” treeLFA
captures patterns of disease co-occurrence, such as those representing cardiometabolic
syndromes, while also allowing for the identification of unique clusters like the “healthy topic,”
which relates to distinct lifestyle behaviors and protective genetic factors. Applying treeLFA to
cardiometabolic multimorbidity could provide a deeper understanding of how metabolic and
cardiovascular conditions cluster and interact, while also shedding light on disease progression
and the shared pathways driving multimorbidity.

Moreover, integrating treeLFA with genetic analyses, as demonstrated through their topic-
GWAS approach, offers a powerful method for identifying genetic loci associated with
multimorbid traits. Zhang et al. (2023) demonstrated that using topic weights as quantitative
traits in GWAS uncovered 128 loci associated with multimorbidity clusters, including loci that
were not significant in single-disease GWASs. For example, topic-GWAS improved power for
detecting associations by aggregating the shared genetic contributions of diseases within the
same cluster, providing a more holistic view of genetic architecture. For cardiometabolic
multimorbidity, this approach could reveal novel pleiotropic loci shared across conditions like
type 2 diabetes, obesity, and cardiovascular disease. Additionally, polygenic risk scores (PRS)
constructed from topic-GWAS results demonstrated enhanced predictive power for certain
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disease outcomes compared to standard PRS, suggesting potential applications in personalized
risk prediction and prevention. By combining the interpretability of disease clusters with the
strength of genetic association studies, treeLFA represents a promising avenue for uncovering
the systemic dysregulation underlying cardiometabolic multimorbidity and guiding targeted
therapeutic strategies.

As highlighted above, the recently-released MVP GWAS data*” has the potential to inform non-
European ancestry analyses, and MVP’s breadth of phenotypic and genomic data offers the
potential to uncover ancestry-specific risk factors for diseases that disproportionately affect non-
European populations. The combination of treeLFA and GenomicSEM further enhances the
ability to explore multimorbidity and the shared genetic architecture of co-occurring diseases. I
am excited to begin integrating MVP data into my research as it will significantly enhance the
breadth and depth of my analyses, allowing for tailored insights into the genetic and
environmental contributors to health disparities. By improving drug target validation, uncovering
ancestry-specific risk factors, and employing cutting-edge methodologies to study
multimorbidity, this work will bridge critical gaps in understanding and addressing the genetic
underpinnings of disease in diverse populations

6.2. Scaling Complexity in the PhD: From
Drug-Target Validation to Multivariate
Insights

This PhD followed a deliberate trajectory, starting with relatively straightforward genetic
analyses in Aim 1 and culminating in the more complex, integrative approaches used in Aim 3.
Aim 1’s drug-target MR analyses provided critical insights into the safety and efficacy of
existing therapies, laying the groundwork for more ambitious investigations. Aim 2 built on this
foundation by integrating multi-omics data to uncover novel targets for alcohol use behaviors,
demonstrating the utility of combining genetic and proteomic data to inform drug discovery. Aim
3 tackled the most challenging questions, using multivariate frameworks to model shared genetic
liabilities across multiple diseases and identify targets with broad relevance to cardiometabolic
health.

6.2.1. Implications for the cardiometabolic drug
development pipeline

One of the important contributions of this thesis is the validation of 34 approved and
investigational cardiometabolic drug targets through genetic analyses. These findings have direct
implications for the drug development pipeline, supporting the broader efficacy of established
therapies and identifying novel opportunities for therapeutic innovation. For example:

¢ Broad Cardiometabolic Efficacy: The validation of targets like GLP1R, PCSK9, and
ANGPTLA4 highlights their potential to address cardiometabolic multimorbidity,
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providing robust evidence for their inclusion in treatment regimens targeting diverse
patient populations.

e Target Discovery: The prioritization of novel genes such as CRY2 and OPRL1
underscores the potential of genetics to uncover new therapeutic avenues, particularly in
areas like circadian regulation and opioid signaling, which remain underexplored in
cardiometabolic health.

« Pathway Elucidation: The integration of multi-omics data in Aim 2 and the
identification of shared genetic mechanisms in Aim 3 offer valuable insights into the
biological pathways driving cardiometabolic diseases, informing the development of
targeted interventions.

6.3. Future Directions

The findings of this thesis highlight several opportunities for future research. In addition to the
future directions outlined in this discussion, I have also begun work on several projects that are
thematically and methodologically linked to the aims presented in this thesis. These projects
build upon the foundational approaches and insights developed throughout the PhD and aim to
address unresolved challenges in the field. Below, I present some of the preliminary results from
one of these ongoing projects.

6.3.1. Investigating the genetic architecture shared
between sleep-related traits, circulating glycemic
biomarkers, and type 2 diabetes

Aim 2 of this PhD focused on one such behavioral factor—alcohol use—and demonstrated how
integrating genetic and multi-omic approaches could uncover effector genes and pathways
linking alcohol behaviors to metabolic and cardiometabolic health. Building on this framework, I
have begun work focusing on sleep traits, a key behavioral risk factor strongly associated with
T2D. Sleep disturbances, including insomnia, reduced sleep duration, and altered chronotype, are
linked to insulin resistance and glycemic dysregulation. However, the genetic mechanisms
underlying these associations remain poorly understood.

To address this, the study employed a two-step analytical approach to uncover shared genetic
mechanisms. First, pairwise Bayesian colocalization analyses were used to systematically screen
890 genomic loci to identify regions where sleep traits, glycemic markers, and T2D share causal
genetic variants (Figure 6.1). Next, loci showing evidence of colocalization were subjected to
multi-trait colocalization analyses incorporating expression quantitative trait loci (eQTL) data
from key metabolic tissues (e.g., liver, pancreas, adipose) and brain regions. This integration
enabled the prioritization of effector genes by linking genetic signals to their regulatory effects
on gene expression.
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Figure 6.1. Overview of the study design investigating the genetic architecture linking sleep-
related traits, glycemic markers, and T2D. The study screened 890 genomic loci using
colocalization to identify 25 trait-locus pairs with shared causal variants between sleep traits
(insomnia, sleep duration, chronotype) and glycemic traits (T2D, HbAlc, fasting glucose, fasting
insulin). Global genetic correlation and Mendelian randomization analyses provided evidence of
genetic relationships. Bio-annotation analyses included local genetic correlation, cis-instrument
MR, pathway and cell-type enrichment, tissue-of-action mapping, and multi-trait colocalization
integrating eQTL data. Further validation involved cardiometabolic phenotyping, circadian
gene expression analyses, and functional testing via CRISPR knockout of PATJ in zebrdfish,
prioritizing candidate causal genes and pathways for therapeutic insight.

Preliminary findings identified 25 trait-locus pairs with evidence of shared causal variants. The
PATJ locus emerged as a key finding, with a missense variant (rs12140153) implicated in both
insomnia and T2D (Figure 6.2). Functional validation using CRISPR knockout experiments in
zebrafish confirmed PATJ’s role in regulating both sleep behaviors and glycemic traits.
Additional loci, including FTO, CACNA1D, and RBM6, were implicated in pathways related to
circadian regulation and energy metabolism.

This integrative approach demonstrates how combining large-scale genomic screens with
functional annotations, such as eQTL data, can uncover the shared genetic architecture of
complex traits. By focusing on sleep as a modifiable risk factor, this study extends the
framework of Aim 2 and highlights the role of genetic regulation in the interplay between
behavioral traits and T2D, underscoring the potential for targeting sleep-related pathways to
mitigate T2D risk and inform therapeutic development.
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Figure 6.2. Colocalization results for sleep traits, glycemic markers, and T2D.

(a) Pairwise Bayesian colocalization results for genomic regions showing evidence of shared
causal variants between sleep traits (insomnia, sleep duration, and chronotype), glycemic
markers (HbAlc, fasting glucose, and fasting insulin), and T2D. Each point represents a
colocalized locus, plotted by the posterior probability for hypothesis H4 (PP-H4, indicating
shared causal variants) on the y-axis and the size of the 95% credible set on the x-axis. The size
of the points reflects the number of variants in the 95% credible set. Colors denote trait pairs, as
indicated in the legend. (b) Regional colocalization analysis for the PATJ locus on chromosome
1 (62,208,149-62,629,592), which demonstrated evidence of shared causal variants for T2D (top
panel) and chronotype (bottom panel). The locus is represented as a regional association plot
showing GWAS -log10(P) values for T2D (top) and chronotype (bottom), with the lead variant,
rs12140153, highlighted in pink. This missense variant in PATJ was identified as the most likely
causal variant based on colocalization and credible set analysis. These findings highlight PATJ
as a shared genetic locus linking sleep traits and T2D, with implications for understanding their
genetic and biological relationships.

6.3.2. Addressing pleiotropy to refine causal
inference in cardiometabolic disease

Identifying causal risk factors and biomarkers is critical to advancing precision medicine for
cardiometabolic diseases,'” and MR is powerful tool for causal inference by leveraging genetic
variants as instrumental variables to minimize biases from confounding and reverse causation.

MR faces a significant challenge: pleiotropy, particularly horizontal pleiotropy, where genetic
variants influence outcomes through pathways independent of the exposure of interest. This issue

170



poses a serious threat to the validity of MR findings by violating instrumental variable
assumptions, potentially leading to biased estimates or erroneous conclusions. In the example
provided by Larsson et al.in their review of MR for cardiometabolic diseases recently published
in the European Heart Journal,"’” suppose SNPs strongly associated with smoking are included
in an MR analysis aimed at evaluating the causal effect of coffee consumption on CAD. If these
smoking-associated SNPs are correlated with coffee consumption (here, the exposure of interest)
but also independently influence CAD through mechanisms unrelated to coffee, this introduces
horizontal pleiotropy.'’

Pleiotropy often arises in polygenic MR studies, where hundreds or thousands of genetic variants
are included in the analysis.*"** The growing size of genome-wide association studies and the
identification of distal variants with smaller effect sizes exacerbate this challenge,*” as these
variants often have smaller effect sizes and are more distally mediated through intermediate
phenotypes making them more likely to act through confounders.”"*? This increased
polygenicity introduces several challenges, including distally mediated effects where small
effects on the exposure are more likely to influence other traits, making them prone to horizontal
pleiotropy; and heritable confounding where variants may simultaneously influence confounders
of the exposure and outcome, leading to biased MR estimates in the direction of observational
associations. Recent studies have highlighted the potential for heritable confounding in MR,
where genetic variants associated with a confounder of the exposure and outcome reintroduce
bias, aligning MR estimates with observational associations.*” Conventional MR methods,
including inverse variance weighting and MR Egger, are susceptible to these biases, particularly
when horizontal pleiotropy is widespread,*”® necessitating new approaches for selecting and
grouping instruments to minimize pleiotropic effects, because misattributing causal relationships
due to horizontal pleiotropy could hinder our understanding of cardiometabolic disease
mechanisms and impair efforts to identify effective therapeutic targets.*

I have been working on developing a method—Phenotypic Network-Informed Mendelian
Randomization (PNIMR)—that aims to refine genetic instrument selection and improve causal
inference in MR studies. This approach leverages the integration of Phenome-wide Association
Studies (PheWAS) data and network-based centrality metrics** to systematically evaluate the
phenotypic connectivity of genetic variants. By contextualizing genetic variants within
phenotypic networks, PNIMR may help prioritize SNPs that are more likely to act directly
through the exposure of interest while minimizing bias from pleiotropic effects. I hypothesize
that this network-informed MR framework improves causal inference by reducing bias from
heritable confounding and pleiotropy, and then demonstrate how this approach clarifies
instrumentation of polygenic exposures and informs the exposure-outcome relationships using
several positive and negative controls.

This work is ongoing, but aims to add to the growing body of MR methods that may be used to
inform instrument selection (e.g., MR-CORGE*”). Below we a brief background of network
centrality metrics, PNIMR, and the preliminary analyses results of negative control analyses
where PNIMR provides insight into two cardiometabolic risk factor exposures, C-reactive
protein (CRP) and vitamin D, where polygenic MR studies have suggested genetic associations
likely driven by the inclusion of variants linked to other biomarkers, while randomized

controlled trials and cis-instrumentation of the causal gene loci have demonstrated null effects.***
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°% Using these exposures, we show that PNIMR accurately identifies null effects when using
instruments from low-centrality groupings, whereas instruments constructed with more highly
phenotypically connected variants replicate the effects observed in polygenic MR analyses.

6.3.2a. What are network-based centrality metrics? Centrality metrics are
important tools in network science, offering insights into the roles and influence of nodes within
a network (Figure 6.3).** These metrics prioritize network components to highlight key or
significant elements and have been extensively applied across diverse fields, including social
sciences, biology, and systems biology, to understand how elements interact within complex
systems. In biological systems, centrality metrics have been pivotal in exploring protein-protein
interaction networks, gene regulatory networks, and disease-gene associations.”' For instance,
nodes with high centrality values often correspond to genes or proteins playing essential roles in
cellular processes or disease pathways.”' Identifying such nodes can guide experimental
prioritization and therapeutic target discovery. Similarly, in ecological networks, centrality
metrics help pinpoint keystone species crucial for ecosystem stability, highlighting the versatility
of these measures across domains.*** By quantifying the importance of nodes, centrality metrics
facilitate inference into structural hierarchies and critical points of influence within networks,
making them invaluable for analyzing intricate relationships.
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Figure 6.3. Overview of network centrality metrics. This figure illustrates the application of
network centrality metrics to a network composed of nodes and edges, where nodes represent
entities (e.g., variables or elements of interest) and edges represent significant relationships or
associations between them. Centrality metrics provide insights into the roles and influence of
nodes within the network: Degree Centrality reflects the number of direct connections a node
has, identifying highly connected nodes; Betweenness Centrality captures nodes that act as
bridges between disparate parts of the network, highlighting their role in connecting distinct
clusters; Closeness Centrality measures how efficiently a node is connected to all other nodes,
indicating its integration within the network; Eigenvector Centrality emphasizes nodes
connected to other highly connected nodes, identifying influential nodes within key clusters; and
PageRank centrality ranks nodes based on the importance of their neighbors and the strength of
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their connections. These metrics collectively characterize the structure and dynamics of the
network, enabling the identification of key nodes and their roles within the broader system.
Figure adapted from ref. “** and made with BioRender).

6.3.2b. What is PNIMR? PNIMR applies network-informed principles to support MR
analyses by leveraging phenotypic connectivity metrics to inform instrument selection. It
operates on the premise that SNPs with lower connectivity (i.e., lower centrality scores) are more
likely to act directly through the exposure of interest, while SNPs with higher connectivity (i.e.,
higher centrality scores) may influence multiple traits, increasing the likelihood of pleiotropy.
Using centrality metrics derived from PheWAS data, PNIMR helps identify and prioritize SNPs
with lower connectivity, aiming to reduce bias from horizontal pleiotropy. The PNIMR code is
compatible with existing MR analysis pipelines in the TwoSampleMR R package and utilizes
publicly available genetic resources, facilitating its integration into broader research workflows.
In the following sections, the PNIMR procedure is outlined.

Step 1: Conduct PheWAS for polygenic MR instrument SNPs. To construct genetic
instruments for MR analyses, we followed a systematic approach leveraging publicly available
datasets in the MRC Integrative Epidemiology Unit (IEU) Open GWAS Project.” Initially, SNPs
strongly associated with the exposure of interest were extracted using TwoSampleMR R package
(version 6.8).* We used conventional single-variable MR instrumentation thresholds (i.e.,
conventional genome-wide significance (P-value < 5%10®) from the Open GWAS database.
Instrument SNPs were required to meet stringent inclusion criteria, such as independence based
on linkage disequilibrium clumping (LD r*< 0.001 within the conventional 10 Mb window) and
robust statistical support in the exposure GWAS.

For each instrument, a PheWAS was then conducted using the ieugwasr R package function
phewas() the Open GWAS Project to explore their associations with a broad range of phenotypes
across multiple datasets. PheWAS provided insights into the phenotypic landscape of each SNP,
allowing us to identify their pleiotropic effects and potential horizontal pleiotropy. A P-value
threshold of < 5x10”was applied to the PheWAS results to ensure that only robust SNP-trait
associations were retained for quality control.

Step 2: Composite score and centrality metrics calculation. The filtered SNP-trait
associations from PheWAS were used to construct a bipartite network representing the
relationship between SNPs and phenotypes. We hypothesized that the centrality metrics would
inform direct pathway identification, i.e., SNPs with low centrality scores are less likely to
influence unrelated traits and pathways, making them stronger candidates for causal inference
and provide biological insights, e.g., high-centrality SNPs, which connect multiple traits, can be
identified as pleiotropic hubs, shedding light on shared biological mechanisms between traits.
To elucidate the phenotypic connectivity of SNPs, we calculated a composite score integrating
several graph-theoretic centrality metrics. These metrics were derived from a weighted network
constructed using SNP-trait associations identified through PheWAS data, where nodes represent
traits or SNPs and edges are each SNP-trait association in the filtered PheWAS. We computed
four core centrality metrics to characterize SNPs’ roles within the network (Degree,
Betweenness, Closeness, Eigenvector, and PageRank).
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We then calculated a composite score for each SNP included in the PheWAS. The composite
score integrates multiple centrality metrics to characterize the phenotypic connectivity of SNPs
in a weighted network. This approach leverages the power of graph theory to identify SNPs with
varying levels of phenotypic connectivity and assesses their influence within a broader
phenotypic landscape. Each centrality metric was normalized to a 0—1 scale to allow
comparability:

Metric Value
Maximum Metric Value

Normalized Metric=

The composite score for each SNP was then calculated as the weighted average of these
normalized metrics:

Composite Score=(0.25 x Degree Norm+0.25 x Betweenness Norm +0.25 x Closeness Norm+0.25 x Eigenvector

This weighting equally emphasizes direct connectivity, bridging capacity, network efficiency,
and global influence, providing a holistic measure of phenotypic connectivity.

Step 3. Instrument construction for stratified network-based, and cumulative, groupings.
SNPs were stratified into discrete instrument groups based on deciles of the composite score. For
example, SNPs within the lowest decile (composite score < 0.10) were considered core SNPs,
likely to act directly through the exposure. For group-specific analyses, MR estimates were
derived individually for each decile, facilitating sensitivity analyses to assess the robustness of
causal estimates across varying levels of network centrality. Successive decile thresholds
grouped SNPs with broader phenotypic connections and created instruments for each decile.
Cumulative groupings were also constructed by aggregating SNPs from successive deciles,
enabling sensitivity analyses to evaluate how including more pleiotropic SNPs affects instrument
composition and causal inference. The composite score and centrality-based stratification
framework were applied in the subsequent MR analyses. Each discrete decile and cumulative
grouping were used as an exposure set to estimate causal effects. Group-specific analyses
allowed for sensitivity testing by focusing on core SNPs with direct biological roles, while
cumulative analyses examined how the inclusion of peripheral variants influenced causal
estimates. This approach provides a robust means to differentiate SNPs with direct biological
connections to the exposure from those contributing to horizontal pleiotropy.

After constructing the PNIMR-informed instrument groupings, we used inverse-variance
weighted MR as the primary method and applied additional techniques to assess the robustness
of findings and address potential violations of MR assumptions. These included MR-Egger,
weighted median, penalized weighted median, and weighted mode methods to detect and adjust
for pleiotropy or invalid instruments. Heterogeneity in MR estimates was evaluated using the
MR-Egger intercept and Cochran’s Q tests, with significant heterogeneity (Cochran’s Q P-value
< 0.05) addressed through MR-LASSO. MR-LASSO applies penalization to outlier SNPs,
refining instrument selection and generating corrected inverse-variance weighted estimates for
improved causal inference.*'®
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6.3.2c. Negative control #1: Vitamin D and CAD. While observational studies
have consistently linked lower vitamin D levels to a reduced risk of CAD, RCTs of vitamin D
supplementation have not demonstrated significant cardiovascular benefits in the general
population.*” Polygenic MR studies, using variants distributed throughout the genome, have
often recapitulated these observational associations, likely due to the inclusion of pleiotropic
variants associated with other biomarkers or pathways.** In contrast, MR studies employing
more stringent, biologically informed instrumentation approaches—such as focusing on variants
within the genetic loci of genes directly involved in vitamin D metabolism—have aligned with
the null findings of RCTs, reinforcing the absence of a causal relationship.**>*”

We hypothesize that the PNIMR method will demonstrate that vitamin D instruments with low
centrality—representing SNPs more likely to act directly through vitamin D metabolism—will
replicate the null findings observed in RCTs and biologically informed MR analyses with careful
instrumentation of loci involved in vitamin D metabolism, while vitamin D instruments
composed of increasingly highly connected SNPs (variants with pleiotropic effects) will
recapitulate the observational associations and results of polygenic MR studies, which are likely
influenced by genetic correlations with other traits or biomarkers. To further validate this
hypothesis, we aim to show that removing these highly connected, pleiotropic variants from
single-variable, genome-wide vitamin D instruments will eliminate the apparent causal effect,
aligning the MR estimates with the null results from RCTs.

6.3.2d. Negative control #2: CRP and CAD. CRP is a marker of systemic
inflammation commonly linked to CAD risk in observational studies.”® However, cis-instrument
MR*“**® analyses examining variants within the CRP locus with cis-in have shown no causal
relationship with CAD.****® By contrast, MR studies using polygenic CRP instruments have
revealed widespread genetic associations with conditions such as stroke, Alzheimer’s disease,
and CAD,**>" indicating that these associations may be driven by pleiotropic variants
distributed across the genome. Collectively, this evidence suggests that CRP functions as a
biomarker of systemic inflammation rather than a causal factor. We hypothesize that variants
with lower network centrality scores, which are more likely to serve as direct instruments for
CRP, will show null associations with CAD. Conversely, CRP instruments enriched with SNPs
exhibiting higher network centrality scores, indicative of pleiotropy, are expected to drive
adverse associations with CAD.

6.3.2e. PNIMR correctly shows apparent impact of vitamin D and
CRP on CAD is driven by highly connected SNPs. For CRP, instruments
constructed from SNPs in the lowest centrality deciles (i.e., less phenotypically connected SNPs)
produced null associations with CAD across all MR methods, including IVW MR-Egger,
weighted median, and penalized weighted median (Figure 6.4a). By contrast, instruments
including SNPs from higher centrality deciles replicated the positive associations observed in
previous polygenic MR analyses, which likely reflect pleiotropic effects. For example, the
second CRP instrument grouping was the lowest group to demonstrate and adverse relationship
with CAD and these SNPs had substantial pleiotropic relationships with other cardiometabolic
risk factors such as traits related to adiposity and cholesterol levels (Figure 6.4b). Among the
SNPs in CRP group 1 instrument set was a variant in the CRP locus, which given the previous
MR work showing that the cis-CRP variants have null relationships with CAD,***® suggests that
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the CRP group 1 instrument set reflects a genetic signal likely capturing CRP levels and supports
its validity as an instrumentation approach.

The results with vitamin D and CAD showed a similar pattern (Figure 6.5a): Instruments
constructed from SNPs in the lowest centrality deciles showed no evidence of a causal
relationship with CAD, consistent with findings from randomized controlled trials. Instruments
incorporating SNPs from higher centrality deciles, however, suggested significant associations,
which are likely driven by pleiotropic loci linked to other traits or biomarkers. For example, in
Figure 6.5b, we highlight the network connectivity for the SNPs in the 7th decile vitamin D
instrument, as this instrument grouping represents the first vitamin D instrument grouping to
demonstrate a genetic impact on CAD aligning with the previously reported but confounded
protective effect. This network visualization shows extensive pleiotropy, with highly connected
SNPs linked to multiple traits, emphasizing the role of pleiotropic loci in driving these
associations. The attenuation of these associations when using low-centrality instruments
underscores the ability of PNIMR to refine instrument selection and minimize bias.
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Figure 6.4. PNIMR-Informed instrument groupings for CRP and their genetic estimates on CAD. (a) shows the forest plot of odds
ratios (95% CI) for CAD per 1-SD increment in genetically predicted CRP levels, stratified by PNIMR instrument groupings based on
centrality deciles. Results are presented for individual (Instrument Groups 1-10) and cumulative (Cumulative Instrument Groups 1—
10) groupings, with methods including inverse variance weighted (IVW), MR-Egger, weighted median, weighted mode, and MR-
LASSO. Low-centrality instruments show null effects, while higher-centrality instruments suggest significant associations, likely
reflecting pleiotropy. (b) illustrates the connectivity network for Instrument Group 2, highlighting SNP-trait associations. Nodes
represent SNPs (orange) and traits (blue), with edges denoting significant SNP-trait associations. Node size corresponds to composite
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centrality scores, with larger nodes indicating higher phenotypic connectivity. This network demonstrates limited pleiotropy for
Instrument Group 2, supporting its robustness as an instrument for CRP in MR analyses. Together, these panels showcase PNIMR's
ability to identify low-pleiotropy instruments for more reliable causal inference.
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Figure 6.5. Application of the PNIMR framework to evaluate vitamin D’s causal relationship with CAD. (a) The forest plot displays
odds ratios (95% CI) for CAD per 1-SD increase in genetically predicted vitamin D levels across instrument groupings, stratified by
centrality deciles (1-10). Results for cumulative groupings are also shown, highlighting the effects of including more highly connected
SNPs. Methods include inverse variance weighted (IVW), MR-Egger, weighted median, weighted mode, and MR-LASSO. Instruments
composed of lower-centrality SNPs (e.g., decile 1) yield null associations, aligning with findings from randomized controlled trials,
while higher-centrality groupings replicate previously reported observational associations, likely influenced by pleiotropic effects. (b)
The network visualization represents the pleiotropic connections within the 7th decile instrument grouping (the first vitamin D
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instrument grouping to demonstrate a genetics impact on CAD), with nodes indicating either traits (e.g., phenotypes) or SNPs, and
edges representing SNP-trait associations identified through PheWAS data. Node size reflects composite centrality scores, with higher
scores indicating greater phenotypic connectivity.
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6.3.2f. Concluding Remarks for PNIMR. These preliminary results demonstrate
the potential of PNIMR as a significant advancement in refining MR instrumentation. By
integrating phenotypic connectivity metrics derived from PheWAS data, PNIMR offers a
systematic approach to stratify genetic instruments based on their pleiotropic potential,
addressing a key limitation in MR analyses. The findings for CRP and vitamin D underscore the
ability of PNIMR to differentiate robust, low-centrality instruments from highly connected,
pleiotropic SNPs that may bias causal estimates. This framework not only aligns with null results
from randomized controlled trials and cis-instrument studies but also reveals the pleiotropic
pathways driving spurious associations in polygenic MR.

While these results are preliminary, they provide compelling evidence that PNIMR can improve
the precision and validity of causal inference in cardiometabolic disease research. The ability to
prioritize causal risk factors and correctly attribute MR results has broad implications for
therapeutic target identification and translational research, particularly in addressing complex
diseases like CAD. Further validation and expansion of this approach across additional traits and
ancestries could establish PNIMR as a valuable tool for advancing precision medicine and
bridging gaps in our understanding of cardiometabolic health.

6.4. Conclusions

This thesis demonstrates the transformative potential of leveraging genetic data to inform the
drug development pipeline for cardiometabolic diseases. By validating established targets,
uncovering novel therapeutic opportunities, and elucidating shared genetic mechanisms, this
work provides a comprehensive framework for addressing the complex challenges of
cardiometabolic multimorbidity. Each aim contributes a unique piece to this puzzle, highlighting
the power of genetic methodologies to advance our understanding of disease and inform
therapeutic innovation. Moreover, the emphasis on diversity and representation underscores the
importance of ensuring that genetic discoveries translate into equitable clinical benefits, paving
the way for safer and more effective therapies that reflect the diversity of real-world patient
populations.
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BMI

Table AP3.10. South Asian ancestry multivariable MR of PCSK9 and HMGCR cis-instruments in LDL-C
and BMI

Table AP3.11. African ancestry multivariable MR of PCSK9 and HMGCR cis-instruments in LDL-C and
BMI

Table AP3.12. Hispanic ancestry multivariable MR of PCSK9 and HMGCR cis-instruments in LDL-C and
BMI

Table AP3.13. European ancestry multivariable MR of PCSK9 and HMGCR cis-instruments in LDL-C
and BMI

Table AP3.14. Impact of Mendelian randomization of LDL-C lowering via PCSK9 and HMGCR variants
on Stumvoll insulin sensitivity index (ISI) and insulin fold change (IFC) (European ancestry only)

Table AP3.15. Correlated Mendelian randomization of quantitative trait loci (QTL) PCSK9
instruments on type 2 diabetes and glycemic traits in EUR participants

APPENDIX 3 (AP3):
SUPPLEMENTARY MATERIALS FOR
AIM 2

AP3.1. Supplementary Aim 1 Discussion

In this supplementary discussion section, we expand upon the Aim 2 limitations outlined in the
Chapter 4 Discussion. First, while cis-instrument MR is less prone to horizontal pleiotropy than
polygenic MR,** and sensitivity analyses showed consistent MR estimates across methods used
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to evaluate these assumptions, there remains potential biases due to confounding or pleiotropy.
Further, while results from complementary MR methods and sensitivity analyses (i.e.,
colocalization) suggested that the MR assumptions are plausible for these analyses, we
underscore the importance of interpreting the MR results through the lens of the underlying
assumptions and additional constraints of the cis-instrument MR model, including restricted
interpretation of the identified relationships to the ‘on-target’ effects of the genes, the assumption
that there is no gene-environment or gene-gene interactions, and that the relationships are
linear.” Second, we based our instrument construction upon the cis-instrument/drug-target MR
framework outlined by Schmidt et al.,”® which included using cis-QTLs associated with their
respective protein or gene at lower P-values than the conventional genome-wide significance (P-
value < 5x107%), which may increase the chance of including variants in the instrumental
variables that do not impact the exposure;** however, this method may instead diminish power
and reduce precision,” and many drug-target MR and other genetics-based studies have been
shown including these variants improve model performance.>*?%%7-23413414 While each of the
SNPs had F-statistics >10, the conventional threshold to indicate whether there is evidence for
weak-instrument bias, one concern with including SNPs associated with their exposure at a
relaxed P-value threshold is weak-instrument bias, but in two-sample MR analyses like those
performed in this study any possible weak-instrument bias would attenuate results towards the
null.>***'* Further, while the findings from the eQTL of the 8 canonical brain cell types provide
new insights into cellular diversity and function related to the genetic liability of PAU and other
alcohol use behaviors, the single-cell data eQTL data sourced for this study, and more broadly,
single-cell transcriptomic data in general has several technical and methodological challenges*'®
that are important to consider.

AP3.1.1. Aim 1 Additional Limitations

There are additional limitations related to the single-cell transcriptomic data, which includes
potential amplification bias due to the necessity of amplifying the minute RNA quantities found
in individual cells, which can skew interpretations of cellular states and biological variability.*
Additionally, data sparsity resulting from dropout events, where transcripts present in cells are
not detected, can lead to an overrepresentation of zero counts, affecting data analyses.*’
Conventional scRNA-seq methods (like those used to generate eQTLs for the eight brain cell
types'® sourced for this study) also result in the loss of spatial information within bulk tissue.*®
Although newer spatial transcriptomics methods*® promise to retain this spatial context and will
further inform cell-type eQTL analysis, they too introduce challenges in how to effectively
utilize the additional spatial information for cell type identification and classification.*
Moreover, the current classification of identified cells relies on unsupervised clustering due to
the incompleteness of cell type reference atlases. This reliance can lead to misinterpretations in
the biological meaning of clusters identified through these algorithms, potentially complicating
the understanding of cellular identities and functions.*® Also, because the QTL and GWAS data
were comprised from common variants, we were unable to assess, or compare, these
relationships against data from rare variants. Because rare variants might have a more direct
functional impact on protein function and gene regulation, which is important to inform our
understanding the pathophysiology of AUD,** we underscore the need to perform these
comparisons when the data becomes available. Further, colocalization assuming a single causal
variant is likely overly conservative and may have missed potential signals. While this
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assumption might lead to overlooking certain genetic signals, we chose this method due to the
constraints of our data. The recent advancements in colocalization methods, such as SuSiE coloc,
require a high density of SNPs.**! However, these methods also have a known risk of inflated
false positive rates without sufficient SNPs in the region of interest.**! Here, the data derived
from the cortical pQTLs provided a SNP range of 40 to ~600 per locus, which was not sufficient
for the application of these newer methods.'*® Additionally, considering that the majority of
proteome-wide or transcriptome-wide studies have used the standard colocalization method with
a single causal variant assumption, our approach aligns with the established practices in the field,
potentially enhancing the comparability of our findings with the existing body of literature.

Also, the cortical proteomic data were derived from three cortical regions, so future proteomics-
based analyses are necessary when proteomic data from other brain regions become available.
Relatedly, available gene expression instruments in the cell-type analyses varied, with many
more genes available in, e.g., EXC and INH cell types than in PER or END, and our resulting
screen may have missed causal genes in these cell types. Third, apart from PAU GWAS data,
which included AUD diagnoses, the other alcohol consumption data were derived from self-
report; as with any study in the substance use field using self-reported data, these variables may
be either under- or over-reported,'® which could impact the findings; however, our replication of
the targets in EHR-based data, may help address this potential bias. Further, these alcohol-related
variables only account for recent drinking behaviors (i.e., within the past 12 months), and
because alcohol consumption may vary over the life course,** our results may not be
generalizable to longer-term alcohol consumption patterns. Finally, analyses were based upon
participants of white, European ancestry. More specifically, the AIF, DPW, and binge drinking
phenotypes were derived primarily from participants of European ancestry in the UK Biobank,
reportedly more educated, with healthier lifestyles, and fewer health problems than the general
UK population.*” Therefore, we underscore the limited generalizability of study findings to other
populations, especially as it has been shown that drinking behaviors vary across race/ethnicity
around the world.***

AP3.2. Aim 2 Supplementary Figures
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Figure AP3.1: Manhattan plot of the cortical proteomic cis-instrument Mendelian randomization results on alcohol intake frequency. Labeled genes
surpassed correction for multiple comparisons (P-value < 1.41%10)
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correction for multiple comparisons (P-value < 1.41%X107).
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genes surpassed correction for multiple comparisons (P-value < 1.41%X107).
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Abbreviations: AIF, alcohol intake frequency; DPW: drinks per week; PAU: problematic alcohol use.
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Figure AP3.10. Venn diagram outlining the overlap of cell-type genes surpassing correction for multiple comparisons for each alcohol consumption

behavior. These counts include all the unique proteins across the 8 cell-types (i.e., those that both colocalized and did not colocalize at PP.H4 >0.70, see the
Methods section in the main manuscript for additional details).

Abbreviations: AIF, alcohol intake frequency; DPW: drinks per week; PAU: problematic alcohol use; EXC: excitatory; INH: inhibitory; AST: astrocytes; MIC:
microglia; PERI: pericytes; ENDO: endothelial cells; OLIGO: oligodendrocytes; OPCs: oligodendrocyte-precursor cells.
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Figure AP3.11: scRNA-seq expression profiles of the cortical proteins surpassing correction for multiple
comparisons. The bubble plot depicts the expression profiles in 28 human cortical cell types of the cortical proteins
associated with PAU and the 3 alcohol consumption behaviors. Only cortical proteins identified by the cis-
instrument MR screen surpassing correction for multiple comparisons were analyzed (see Methods) and the bubble
sizes depict the number of genes per cell type that surpassed correction for multiple comparisons for differential
expression analysis of the human brain cell types. Cell-types are organized by their broad cortical cell-type
ontology and nomenclature defined by the original study®™* (GEO accession code: GSE207334).

Abbreviations: scRNA: single-cell RNA; dIPFC: dorsolateral prefrontal cortex; PAU: problematic alcohol use;

AIF: alcohol intake frequency; DPW: drinks per week; MR: Mendelian randomization; Micro: microglia; OPC:
oligodendrocyte precursor cells; Oligo: oligodendrocytes.
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Figure AP3.12. Cortical proteome CMAP connectivity score correlation comparison. Correlation (Pearson’s)
correlation of CMAP drug-set signature results (see Supplementary Methods) for the PAU cortical proteomic
signature (all proteins surpassing correction for multiple comparisons) versus a combined alcohol consumption
behavior cortical proteome signature (non-overlapping proteins for AIF, DPW, and binge drinking).
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Figure AP3.13. Cell-type transcriptome CMAP connectivity score correlation comparison. Correlation
(Pearson’s) correlation of CMAP drug-set signature results (see Supplementary Methods) for the PAU cell-type
transcriptomic signature (all cell-type genes surpassing correction for multiple comparisons) versus a combined

alcohol consumption behavior cell-type transcriptomic signature (non-overlapping proteins for AIF, DPW, and
binge drinking).
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Figure AP3.14. Heatmap of Z-scores of cortical proteins and cell-type genes associated with problematic alcohol
use (PAU). Z scores from the cis-instrument MR analyses (beta/se) and the FUSION transcriptomic imputation

analyses for FUSION analyses with the P-value < 0.05 from bulk RNAseq data in12 brain regions. The x-axis plots
each of the cortical proteins and cell-type genes associated with PAU in the initial cis-MR screen and the y-axis are

the regions.
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Figure AP3.15. Heatmap of Z-scores of cortical proteins and cell-type genes associated with alcohol intake
frequency (AIF). Z scores from the cis-instrument MR analyses (beta/se) and the FUSION transcriptomic
imputation analyses for FUSION analyses with the P-value < 0.05 from bulk RNAseq data in12 brain regions. The
x-axis plots each of the cortical proteins and cell-type genes associated with AIF in the initial cis-MR screen and the
y-axis are the regions.
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Figure AP3.16. Heatmap of Z-scores of cortical proteins and cell-type genes associated with alcoholic drinks per
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analyses for FUSION analyses with the P-value < 0.05 from bulk RNAseq data in12 brain regions. The x-axis plots
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Figure AP3.17. Heatmap of Z-scores of cortical proteins and cell-type genes associated with problematic binge
drinking. Z scores from the cis-instrument MR analyses (beta/se) and the FUSION transcriptomic imputation
analyses for FUSION analyses with the P-value < 0.05 from bulk RNAseq data in12 brain regions. The x-axis plots
each of the cortical proteins and cell-type genes associated with binge drinking in the initial cis-MR screen and the
y-axis are the regions.
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Figure AP3.18. Overview of rationale for analyzing cortical proteins and brain cell type genes on the psychiatric
and physical consequences of problematic alcohol consumption. Flow diagram depicting potential pathway
through which cortical proteins and brain cell type genes related to the genetic liabilities for increased problematic
alcohol consumption behaviors may impact the risk for the psychiatric and physical consequences of problematic
alcohol consumption. Therapeutically targeting these cortical proteins and cell-type genes may result in less
problematic alcohol consumption behaviors, which may, in turn, reduce the risk for the psychiatric and physical
consequences. Therefore, in addition to providing an independent dataset for replication, the FinnGen electronic-
health records-based information regarding psychiatric and physical consequences provided further potential
prioritization of candidate dIPC protein and cell-type targets for future study.

AP3.3. Aim 2 Supplementary Tables

Below are titles to each for the Aim 2 Supplementary Tables that are formatted as Excel files
uploaded separately.

Table AP4.1. Data sources
Table AP4.2. ROSMAP cortical cis-pQTL instruments

Table AP4.3. Astrocyte cell-type cis-eQTL instruments
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Table AP4.4. Pericyte cell-type cis-eQTL instruments

Table AP4.5. Endocytes cell-type cis-eQTL instruments

Table AP4.6. Excitatory cell-type cis-eQTL instruments

Table AP4.7. Microglia cell-type cis-eQTL instruments

Table AP4.8. Oligodendrocytes cell-type cis-eQTL instruments

Table AP4.9. Inhibitory cell-type cis-eQTL instruments

Table AP4.10. Oligodendrocyte progenitor cell-types cis-eQTL instruments

Table AP4.11. Results for drug-target MR screen of cortical proteome on Alcohol Intake Frequency
(AIF)

Table AP4.12. Results for drug-target MR screen of cortical proteome on outcome alcoholic drinks
consumed per week (DPW)

Table AP4.13. Results for drug-target MR screen of cortical proteome on outcome frequency of
consuming 2 6 alcoholic drinks on occasion (Binge)

Table AP4.14. Results for drug-target MR screen of cortical proteome on Problematic Alcohol Use
(PAU)

Table AP4.15. Cortical proteome top hits on alcohol consumption behaviors

Table AP4.16. Results for drug-target MR screen in 8 brain cell-types on alcohol intake frequency
(AIF)

Table AP4.17. Results for drug-target MR screen in 8 brain cell-types on alcoholic Drinks Per Week
(DPW)

Table AP4.18. Results for drug-target MR screen in 8 brain cell-types on frequency of consuming 2 6
alcoholic drinks (Binge)

Table AP4.19. Results for drug-target MR screen in 8 brain cell-types on problematic alcohol use
(PAU)

Table AP4.20. Cell-type transcriptomic genes surpassing correction for multiple comparisons in
alcohol consumption behaviors

Table AP4.21. Sensitivity MR analysis for cortical proteome on alcohol intake frequency (AIF)
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Table AP4.22. Sensitivity MR analysis of cortical proteome on drinks per week (DPW)

Table AP4.23. Sensitivity MR analyses of cortical proteome on frequency of consuming 2 6 alcoholic
drinks on occasion (Binge)

Table AP4.24. Sensitivity MR analysis of cortical proteome on problematic alcohol use (PAU)
Table AP4.25. Sensitivity MR analyses of cell-type transcriptome on alcohol intake frequency (AIF)
Table AP4.26. Sensitivity MR analysis of cell-type transcriptome on drinks per week (DPW)

Table AP4.27. Sensitivity MR analysis of cell-type transcriptome on frequency of consuming 2 6
alcoholic drinks on occasion (Binge)

Table AP4.28. Sensitivity MR analysis of cell-type transcriptome on problematic alcohol use (PAU)

Table AP4.29. Gene-set enrichment results of cortical proteins for each alcohol-related phenotype
(PAU, AIF, DPW, and Binge drinking)

Table AP4.30. Gene-set enrichment results of brain cell-type genes for each alcohol-related
phenotype (PAU, AIF, DPW, and Binge drinking)

Table AP4.31. Human brain single-cell differential expression results for cortical proteins associated
with alcohol behaviors in the cortical proteomic cis-instrument MR screen

Table AP4.32. Human brain single-cell differential expression results for genes associated with
alcohol behaviors in the cell type transcriptome cis-instrument MR screen

Table AP4.33. DGIdb interaction scores > 0.5 for cortical proteins linked with PAU and alcohol
consumption behaviors

Table AP4.34. DGIdb interaction scores > 0.5 for cell-type genes linked with PAU and alcohol
consumption behaviors

Table AP4.35. Druggability results for cortical proteins and cell-type genes

Table AP4.36. CMAP drug repositioning analyses of cis-MR signatures for PAU and other alcohol
consumption behaviors

Table AP4.37. Gene mapping and novelty of top genes in cortical proteome compared to GWAS lead
SNPs

Table AP4.38. Gene mapping and novelty of top genes in cell-type transcriptome drug-target
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Mendelian randomization analysis compared to GWAS lead SNPs

Table AP4.39. Novel cortical proteins and cell-type genes from the drug-target Mendelian
randomization screens

Table AP4.40. Comparison of cortical proteins from current analysis of alcohol-related outcomes
with previous PWAS/TWAS studies for non-alcohol neuropsychiatric outcomes

Table AP4.41. FUSION transcriptomic imputation results in 12 brain tissues for genes related to the
alcohol behaviors identified in the drug-target Mendelian randomization analysis with the cortical
proteome

Table AP4.42. FUSION transcriptomic imputation results in 12 brain tissues for genes related to the
alcohol behaviors identified in the drug-target Mendelian randomization analysis in the cell-type
transcriptome

Table AP4.43. Colocalization of top genes identified in drug-target Mendelian randomization of the
cortical proteome

Table AP4.44. Colocalization of cell-type genes associated with alcohol behaviors
Table AP4.45. Comparison of the alcohol-related cortical proteins and unique cell-type genes
identified in the drug-target Mendelian randomization analyses also demonstrating evidence of

colocalization

Table AP4.46. Correlated MR results for cortical proteome colocalized top hits on ENIGMA3
subcortical gray matter volumes

Table AP4.47. Correlated MR results of cell-type gene colocalized top hits on ENIGMAS3 subcortical
gray matter volumes

Table AP4.48. Correlated MR results for cortical proteome colocalized top hits on ENIGMA3 mean
full brain surface area and thickness

Table AP4.49. Correlated MR results for cell-type gene colocalized top hits on ENIGMAS surface area
and average thickness of the whole cortex

Table AP4.50. Correlated MR results for cortical proteome colocalized top hits on mean surface area
and thickness of 34 regions of the cortex

Table AP4.51. Correlated MR results cell-type gene colocalized top hits on ENIGMA3 mean surface
area and thickness of 34 regions of the cortex

Table AP4.52. Correlated MR results for cortical proteome colocalized top hits on UKB diffuser
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tensor imaging measurements

Table AP4.53. Correlated MR results for cell-type gene colocalized top hits con UKB diffuser tensor
imaging measurements

Table AP4.54. Correlated MR results for cortical proteome colocalized top hits on FinnGen Freeze 8
and 10 alcohol-related outcomes

Table AP4.55. Inverse variance weighted (IVW) or Wald ratio estimates for the cortical proteome
colocalized top hits surpassing correction for multiple comparisons in the FinnGen alcohol-related

outcomes

Table AP4.56. Correlated MR results for cell-type gene colocalized top hits on FinnGen Freeze 8 and
9 alcohol-related outcomes

Table AP4.57. Inverse variance weighted (IVW) or Wald ratio estimates for the cell-type genes
surpassing correction for multiple comparisons in the FinnGen alcohol-related outcomes

Table AP4.58. Correlated MR results for cortical proteomic colocalized top hits on behavioral and
psychiatric/neurological outcomes

Table AP4.59. Correlated Mendelian randomization of cell-type gene colocalized top hits on
behavioral and psychiatric/neurological outcomes

APPENDIX 4 (AP4):
SUPPLEMENTARY MATERIALS FOR
AIM 3

AP4.1. Supplementary Methods for Aim 3

AP4.1.1. Genomic Structural Equation Modeling
(GenomicSEM)

Genomic structural equation modeling (GenomicSEM) is an innovative genetics-based approach
that utilizes summary statistics from genome-wide association studies of related, single traits to
explore their shared genetic structures.'® Essentially, it applies structural equation modeling
(SEM) — a method that investigates variance and covariance among related variables — in a two-
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stage process specific to GWAS data.'® This technique has proven resilient against variations in
sample sizes and overlaps of the input GWAS datasets, making it highly adaptable and effective
in enhancing statistical power by leveraging increased effective sample sizes.'®

We used GenomicSEM to first construct a unified genetic framework for cardiometabolic
disease risk by concurrently analyzing single trait GWAS of NAFLD, T2D, and CAD.
Subsequently, we generated a GWAS that pinpointed individual SNP associations with a
generalized latent factor underlying these observed traits that we termed the “cardiometabolic
factor” or “CM-Factor”. In addition to providing a robust approach to modeling the multivariate
architecture linking observed traits, GenomicSEM also has integrated methods capable of further
refining the resultant multivariate GWAS signature to remove SNPs that are unlikely to impact
the observed data through the latent modeled multivariate GWAS factors, which would indicate
that these SNPs and loci are likely not to link NAFLD, T2D, or CAD, through the CM-Factor,
which facilitates improved identification of the appropriate loci for annotation and follow-up
analyses.

GenomicSEM analysis is performed in two stages. In Stage 1, we estimated the empirical genetic
covariance matrix (and corresponding sampling covariance matrix) for the univariate GWASs.
We prepared the NAFLD, T2D, and CAD GWAS summary statistics for stage 1 using a
multivariate extension of cross-trait linkage disequilibrium score regression (LDSC)'*** to
generate the empirical genetic covariance matrix between the three traits, as input for the SEM
common factor model.'® In Stage 2, we specified an SEM maximizing fit between hypothesized
covariance matrix and the empirical covariance matrix calculated in Stage 1.'"° Because we
aimed to identify a genetic signature underlying the three cardiometabolic diseases, we evaluated
a one-factor model estimating the genetic associations between the underlying CM-Factor and
the three cardiometabolic diseases. We tested the model fit using the standardized root mean
square residual (SRMR), model x? Akaike Information Criterion (AIC), and Comparative Fit
Index (CFI).?”® After we identified the CM-Factor SEM, we proceeded to applying the model to
perform the multivariate GWAS identifying SNP associations of the shared covariance across
these cardiometabolic diseases.

In the following sections, we elaborate on the key principles and specifics of SEM within the
GenomicSEM context, adhering to and adopting the mathematical notation and methods
presented in the foundational GenomicSEM paper by Grotzinger et al. 2019."

AP4.1.1a. Structured covariance models and factor analysis.
GenomicSEM provides the flexibility to select the most appropriate model fit for SEM.>* SEM
operates through two distinct equations: the measurement model and the structural model.The
measurement model, utilized in factor analysis (FA), delineates the variance and covariance
among observed variables (indicators) in relation to latent factors. Essentially, FA models the
shared variance across these observed variables.'® In this context, the measurement model is
expressed as y=An+ E. Here, k observed phenotypes (indicators) are represented as a linear
combination of m latent variables. In this formula, y is a vector of k observed variables, E is a
vector of residuals for these observed variables, n represents the latent variables in an m x 1
vector, and A is a matrix of regression coefficients that link latent factors to the observed
variables."® In our application of GenomicSEM, we modeled the input univariate GWASs for
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NAFLD, T2D, and CAD as a function of a singular latent variable modeling the CM-Factor
demonstrating the utility of GenomicSEM in analyzing complex genomic data.'

In SEM, structural models are used to define the relationships between latent factors through
directed regression coefficients, as represented by the equation n=Bn+{."® Within these models,
B is an m x m matrix that includes the regression coefficients detailing how these latent variables
interact with each other. Meanwhile,  is an m x 1 vector that represents the residuals of the
latent factors. The covariance matrix of the observed variables implied by the model is denoted
as Y'(0)= A(I-B) A(-1) P[(I-B)A(-1)]’ A’ + O, where I stands for a k % k identity matrix.
Comprehensive SEM models utilize a series of linear equations to approximate the empirical
matrix, connecting the observed variables to the latent variables and delineating the relationships
among the latent variables themselves.'®

GenomicSEM utilizes the frameworks of measurement and structural models to analyze the
genetic covariances among selected GWAS phenotypes.'® The first stage of this process involves
estimating the empirical genetic covariance matrix using the LDSC package, which is adapted to
consider potential sample overlaps. In the next stage, GenomicSEM specifies a system of
multivariate regression and covariance that connects the observed phenotypes with one or more
latent factors. This approach allows for the modeling of multiple latent factors. The goal is then
to identify the parameters (0) that optimally reduce the discrepancy between the covariance
matrix implied by the model (3}(8)) and the corresponding empirical covariance matrix, denoted
as “S.”1°

GenomicSEM constructs a multivariable version of cross-trait linkage disequilibrium score
regression (LDSC)>” to estimate the genetic covariance matrix for each of the included GWAS
traits (here NAFLD, T2D, and CAD):

_— i}
hi
Ogl,g2 h%
SLpsc =
I
| Oglgk Og2gk k

k is number of observed phenotypes (k = 3 for our analyses) and the diagonal elements are
heritabilities for the common SNPs for each SNP included in the munged summary statistics
used for the LDSC input implemented in GenomicSEM.' The other elements are the genetic
covariances between NAFLD, T2D, and CAD.

To acquire unbiased estimates and their standard errors, the non-redundant components of the
matrix "S" are employed to construct an asymptotic sampling covariance matrix named
“VSLDSC.” This matrix is composed of regression estimates derived from LDSC. Notably,
VSLDSC is a symmetric matrix of order k*, where its diagonal elements represent the sampling
variances and its off-diagonal elements indicate the sampling covariances.'®The Vs;psc matrix is
written as:
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Diagonal elements in Vg psc are estimated using a jackknife resampling procedure from the
LDSC package*” extended in the GenomicSEM package.'® Next the effects of the individual
SNPs are incorporated: first, the initial input genetic covariance matrix is extended to model
covariances between individuals SNPs and each observed phenotype by incorporating a vector of
SNP-phenotype covariances, denoted “Ssnp” to Sipsc:

The diagonal elements of the VSLDSC matrix are estimated through a jackknife resampling
procedure, an approach extended from the LDSC package” and incorporated into the
GenomicSEM R package. This process is followed by the inclusion of individual SNP effects.
Initially, the genetic covariance matrix that serves as the primary input is expanded to model the
covariances between individual SNPs and each observed phenotype. This expansion is achieved
by integrating a vector of SNP-phenotype covariances, referred to as “Ssnp” to Sipsc”, which is
given by the matrix below:

-, -
Osnp
OSNP,gl h?
OsNPg2  Oglg2  h3
Skl = 5
OSNPg3 Oglg3 Og2g3 h3
c c o c N
| OSNP,gk gl.gk 22,8k 3,8k k

“Vsrurl” (i.e., the sampling covariance matrix) associated with Sgus is given by the following:

VS'\'!
VSFul] = |: . ]
0 VSLDS(_‘
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The Vspyrr matrix in GenomicSEM analysis is composed of two distinct blocks. The first block,
Vsipsc, encompasses the SNP heritabilities, which include the sampling variances and
covariances of the latent genetic variances, as well as the genetic covariances determined by the
multivariable LDSC analysis. The second block of Vsgui1, contains the “Vssne” matrix, which is a
representation of the sampling covariance matrix between SNP effects and phenotypes.'®

For the purposes of calculating SNP variance, we rely on the 1000 Genomes Phase 3 European
reference panel,*” treating this variance as fixed. Consequently, both the SNP sample variance
and sampling covariance are set to zero. We then construct the sampling covariances for the SNP
genotype covariances using the intercepts from cross-trait multivariate LDSC analysis."

The final section of the Vspy matrix corresponds to the sampling covariance between the SNP
genotype covariances and the genetic variances and covariances. These values are fixed at zero,
operating under the assumption that the SNP genotype covariance is independent of the test
statistics from other linkage disequilibrium (LD) blocks, except for the specific block where the
SNPs are located. Lastly, we derive the sampling variance of the heritabilities and genetic
correlations from the sampling variability present in the test statistics across all LD blocks.
Correspondingly, the sampling covariances between individual SNPs and these elements are also
presumed to be zero.

In Stage 2, parameters of the user-specified SEM model are estimated with either weighted least
squares (WLS) or maximum likelihood (ML) estimators using the S;psc matrix (from stage 1).
WLS and ML estimators weigh the matrix information differently, but both estimators minimize
the fit error between the model-implied and empirical genetic covariances.'® We use the WLS
estimator as recommended and used in recent GenomicSEM GWAS studies.?*"'* WLS optimizes
the fit function by using the diagonal elements in the Vsipsc matrix and adjusting standard errors
of the estimates with the off-diagonal elements, indices for the correlations among the sampling
errors of the summary statistics.'® These features make GenomicSEM unbiased and robust up to
100% sample overlap and also unbalanced GWAS sample sizes.'

AP4.1.1b. Assessing model fit. To assess the fit of our model, we employed standard
indices commonly used in SEM modeling — and have been incorporated into the GenomicSEM
framework —including the model x? (chi-square) statistics, the Akaike Information Criterion
(AIC), the Comparative Fit Index (CFI), and the Standardized Root Mean Square Residual
(SRMR). Except for the x? statistic, each of these indices is interpreted in the traditional SEM
context.'® In GWAS analysis, large sample sizes can potentially inflate the sensitivity of the x>
test, making it more likely to yield statistically significant results.'® Recognizing this, we adhered
to the recommendations provided by the developers of GenomicSEM,>'° using the x? statistic
more as a comparative metric for model fit, rather than as a strict indicator of statistical
significance. Consistent with established guidelines, we considered CFI values greater than 0.90
and SRMR values less than 0.08 as indicative of a good model fit. This approach aligns with
standard practices and thresholds in SEM analysis, ensuring that our model evaluation is both
rigorous and relevant to the context of our study.>"

AP4.1.1c. Confirmatory factor analysis.GenomicSEM then uses confirmatory
factor analysis (CFA) to estimate the strength of the relationships between the CM-Factor and
the input/observed GWASs."® CFA also facilitates investigation into model fit,'® and it provided
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evidence confirming a good fit for the CM-Factor for NAFLD, T2D, and CAD, which confirms
that there is a strong genetic architecture linking these traits that is suitable for multivariate
GWAS analysis.

AP4.2. Supplementary Aim 3 Results
AP4.2.1. Qsnp heterogeneity testing

In addition to performing the multivariate GWAS of the CM-Factor, GenomicSEM was also
used to perform SNP-level tests of heterogeneity (Qsne) to investigate whether each SNP had
consistent, pleiotropic effects on the seven input phenotypes that effectively only operate via the
shared genetic liability CM-Factor. The CM-Factor represents a broad genetic liability of T2D,
NAFLD, and CAD. To evaluate this potential heterogeneity in SNP effects, we estimated
genome-wide Qsnp statistics for each SNP in the multivariate GWAS, which are x2-distributed
test statistics. The null hypothesis of the Qsxp test is that SNP effects on the constituent
phenotypes are completely mediated via a common pathway through the CM-Factor, so a
significant Qsne test indicates that a given SNP’s effects are better explained by trait-specific
pathways independent of the CM-Factor. In other words, in the absence of heterogeneity, it is
expected that a given SNP’s effects on the input phenotypes should scale proportionally to the
unstandardized factor loadings.

As described by Grotzinger et al.,' larger values for Qsyp reflect a violation of the null
hypothesis that a SNP is mediated through the latent factor. Genome-wide results for 6,550,214
Qsne tests for which the method converged are presented in the Manhattan plot in Figure 5.1 in
Chapter 5 (section 2.4.3) and a Q-Q plot (Figure AP4.1 and AP4.2). We calculated the mean x>
and genomic inflation factor (Acc) for the Qsnp results to be 1.54 and 1.32, respectively, using the
~6 million SNPs for the genome-wide heterogeneity testing. These results indicate that the Qsne
analysis had sufficient power to detect substantial heterogeneity across the genome, but
reassuringly, this did not affect our main findings, aligning with the expectation of modeling a
latent common factor with SEM, where the CM-Factor should primarily capture shared variance
rather than the unique features of the model indicators. Additionally, we estimated an LD Score
regression intercept of 1.0023 (SE = 0.0212), indicating that the observed inflation in the Qgsnp
test statistics is not due to bias from population stratification.'®*”

We applied the clumping algorithm described in the Aim 3 methods sections in Chapter 2
sections to define independent genomic loci to the Qsnp results and found 258 near-independent
genome-wide significant Qswps (two-sided test P-value < 5%10°®) in 151 loci. Only 21 of these
SNPs were also genome-wide significant for the CM-Factor, indicating minimal overlap
between the CM-Factor loci and the heterogenous loci. In fact, only 805 of the 19,983 total
SNPs (~4%) surpassing genome-wide significance for the CM-Factor also had Qsne P-values < 5
x10®, suggesting that the CM-Factor signature captures a shared dimension of the
cardiometabolic genetic liability across T2D, NAFLD, and CAD.

Notably, there was strong representation of lipid-related SNPs and genes among the Qsye loci.
For example, the strongest and most salient example of a trait-specific association is SNP
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1429358 (two-sided Qsne P-value=4.15%10"%; nearest gene: APOE).*"" Other significant SNPs
include rs7454157 (two-sided Qsne P-value=1.95%10"°; nearest gene: PHACTR1), rs12740374
(two-sided Qsnp P-value=1.07x10""; nearest gene: CELSR2, part of the CELSR2-PSRC]1-
MYBPHL-SORT1 locus that has implicated in cardiovascular disease development®''), and
rs148812085 (two-sided Qsnp P-value=2.86x10*; nearest gene: WDR12) (Table AP2.7).
Additionally, the SNP rs1051338 near the LIPA gene, rs55997232 in the LDLR gene, are critical
for lipid and cholesterol metabolism,** rs11591147 in the PCSK9 gene, known for its influence
on LDL cholesterol levels,* and the nearest gene of rs2294917, PNPLA3, is strongly implicated
in liver fat content and lipid levels,**'"* highlight specific pathways in lipid metabolism and
cardiovascular health (or NAFLD for the PNPLA3 locus) that might operate independently of
the broad CM-Factor genetic liability to impact CAD or NAFLD.

AP4.3. Aim 3 Supplementary Discussion

AP4.3.1. Extended discussion of the proteins
prioritized by the two-step MR study

In Chapter 5, we focus our discussion of the 4 proteomic mediators prioritized by the two-step
MR study on ENO3. Here, we present an extended discussion of the other 3 proteomic mediators
of the obesity-CM-Factor relationship.

In line with previous work, we found that increased BMI reduced SHBG (sex hormone-binding
globulin),”? and, in turn, that lowered SHBG levels increase the risk for cardiometabolic
disease.”"**' The SHBG findings was robust in replication analyses with the deCODE and
FinnGen data and SHBG protein levels demonstrated evidence for a shared casual variant with
the CM-Factor in the SHBG locus, together providing compelling genetics-based evidence
linking SHBG in the BMI-to-CM-Factor pathway. SHBG is a hepatic-derived protein
responsible for the systemic transport and bioavailability regulation of androgens and
estrogens.” Plasma SHBG levels are strongly impacted by nutritional state, metabolism, and
hormonal factors,”'® and while the mechanisms linking SHBG with cardiometabolic disease
remain largely unknown, SHBG levels have demonstrated bi-directional relationships with
circulating lipids in directions consistent lowered SHBG being adverse for cardiometabolic
health (i.e., reduced SHBG and increased LDL-C, reduced HDL-C, and increased levels of
atherogenic lipid subfractions).’'* There are also enzymatic links between SHBG and lipids:
hepatic lipase, involved in the breakdown of HDL-C, is stimulated by androgens and high levels
of SHBG reduce free androgen levels, leading to decreased hepatic lipase activity and increased
HDL-C levels. Additionally, studies suggest that the interaction between AMP-activated protein
kinase and peroxisome proliferator-activated receptor can regulate hepatic nuclear factor-4a
(HNF-4a) expression, which in turn upregulates SHBG expression. HNF-4a also influences the
transcription of various genes related to lipid metabolism,*'**'* potentially explaining the
correlation between circulating SHBG levels and lipid metabolism and supporting previous work
suggesting that low SHBG levels are early indicators of cardiovascular risk in obesity and
metabolic syndrome and may be a useful clinical biomarker for cardiometabolic disease risk.’"
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It has been shown that overexpression of SHBG prevents weight gain and fat accumulation
caused by a high-fat diet. Furthermore, it eliminates the rise in insulin, leptin, and resistin levels,
providing protection against high-fat diet-induced obesity,*" supporting our two-step MR
findings emphasizing its mediating role between obesity and the CM-Factor. Unsurprisingly,
given its widespread physiological role in human health, our Phe-MR of SHBG found
widespread effects of SHBG protein levels in many clinical domains, e.g., SHBG impacted
aspects of neurocognition, self-reported mood, and myasthenia gravis, as well as a range of
cardiometabolic traits like blood pressure, peripheral artery disease, heart rate (both arrhythmia
diagnosis and electrocardiogram-measured resting heart rate). The effects on heart rate are
notable given that SHBG expression in cardiomyocytes is linked with dilated cardiomyopathy,
potentially to control testosterone levels in the myocardium and activate androgen signaling
pathways.”" Further, experimentally, suppressing SHBG causes cardiac disorders by mimicking
low testosterone conditions, while physiological SHBG and testosterone levels have
cardioprotective effects, indicating that dysfunctional SHBG production could explain adverse
cardiac metabolic effects of androgen deficiency.’"

PTPRR, a member of the R7 subfamily of RPTPs, plays an important role in modulating insulin
signaling pathways.*'® It contains a single intracellular protein tyrosine phosphatases (PTP)
domain and is known to interact with components of the mitogen-activated protein kinase
(MAPK) pathway.>'® All isoforms of PTPRR have a kinase interacting motif, which enables the
dephosphorylation of MAPKs like ERK1/2/5 and p38, leading to their inactivation and
preventing their translocation to the nucleus.”"® The involvement of PTPRR in insulin signaling
suggests that it acts as a negative regulator, modulating the activity of MAPKSs that are crucial
for various cellular processes, including glucose metabolism.*'® By dephosphorylating these
kinases, PTPRR can impact insulin signaling pathways, potentially influencing insulin sensitivity
and glucose homeostasis. The regulatory function of PTPRR on MAPKSs indicates its potential
role in the pathophysiology of T2D. Insulin resistance, often linked with obesity®'” and a
hallmark of T2D and broad cardiometabolic disease,”" involves impaired insulin signaling, often
due to disruptions in the balance of phosphorylation-dephosphorylation processes regulated by
kinases and phosphatases. Given PTPRR's ability to modulate key signaling pathways, its
dysregulation could contribute to the development of insulin resistance and cardiometabolic
disease, potentially because of its dysregulation due to increased BMI.

PTPs are considered a potential pathway for the development of new antidiabetic drugs;
however, preliminary efforts in finding a PTP inhibitor suitable for clinical use have failed (only
small molecule and antisense PTP1B inhibitors have been assessed in early phase clinical trials,
see Sharma et al. for a detailed overview®'®) and have demonstrated some efficacy in T2D. For
example, PTP1B antisense therapies have reached phase 2 clinical trials (ISIS-113715 and
IONIS-PTP-1Bgy) and demonstrated the ability to sensitize insulin, normalize blood glucose
levels without causing hypoglycemia, and reduce LDL-C levels and weight in T2D patients.
PTPRR has not been targeted, to date, however, as with ENO3, our Phe-MR of PTPRR protein
levels revealed a neutral side effect profile across 366 biomarkers and disease outcomes,
supporting follow up investigation and validation as a potential therapeutic target.
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The final proteomic mediator highlighted by the two-step MR was the liver biomarker GGT1
(gamma-glutamyltransferase, commonly termed “GGT”). GGT, while generally considered an
indicator of hepatobiliary dysfunction, has also been recently found to play important role in key
pathophysiological processes, such as oxidative stress and lipid peroxidation, which are crucial
for the development of insulin resistance and metabolic syndrome, and predict T2D>'%°*
underscoring the potential of GGT as a biomarker not only for liver-related conditions but also
for broader cardiometabolic health and disease.>® It has been therefore suggested that elevated
GGT levels may be useful in implementing preventive measures and monitoring strategies to
mitigate the risk of developing T2D or multimorbid cardiometabolic diseases.

While GGT has been primarily considered an indicator of liver diseases in clinical practice,
circulating GGT levels have been shown to be involved in cardiometabolic disease mechanisms,
suggesting targeting GGT or its pathways may facilitate the development of lead to new
preventive and treatment strategies.**® There are now compelling lines of evidence implicating
GGT in atherosclerotic plaque formation and rupture. For example, it has shown that
catalytically active GGT is present within atherosclerotic coronary plaques from autopsies and
surgical endoarterectomies,>' leading to the hypothesis that serum GGT may be partially
adsorbed onto LDL lipoproteins, which can carry GGT activity into plaques, corresponding with
serum GGT levels.*” Further, GGT-mediated reactions catalyze the oxidation of LDL
lipoproteins, contributing to oxidative events that influence plaque evolution and rupture,” and
GGT also is believed to play a central role in forming the fibrous cap, inducing apoptosis of
lesion cellular elements, causing plaque erosion and rupture, and enhancing platelet aggregation
and thrombosis.*** By contrast, the biological mechanisms linking GGT with T2D are less well
studied, but it has been suggested that it may be involved in the pathogenesis of T2D through
inflammation and oxidative stress or be a marker of insulin resistance given its link with BMI,
NAFLD, and general cardiometabolic functioning (observed in the literature and confirmed with
our Phe-MR).** While primarily studied in oncology,”* GGT inhibition is considered a viable
therapeutic target, having demonstrated efficacy for various cancer types (elevated GGT
expression on tumor cells increases cell proliferation and chemotherapy resistance®*®) and
chemotherapy side effects in preclinical models (e.g., GGT inhibition promoted collagen
production in oral mucosa, reducing the severity and improving the recovery time for 5-
Fluorouracil-induced oral mucositis in mice®*’). Current GGT inhibitor have proven to be too
toxic for human use; however, ongoing efforts are underway to identify safe GGT inhibitors for
applications to a range of tumor types,>*® suggesting there may be future potential
cardiometabolic repurposing opportunities once classes of GGT inhibitors have been more
developed.

AP4.3.2. Limitations of the transcriptomic
iImputation gene prioritization analyses

Transcriptomic imputation,'” which form the methodological basis of performing transcriptome-
wide association studies (TWASs) has advanced our understanding of the genetic basis of
complex traits and diseases by integrating gene expression data with GWASs. However, it has
several limitations that are necessary for interpretating the 243 high-confidence genes for the
CM-Factor prioritized by the transcriptomic imputation, colocalization, and conditional testing.

379



One of the primary limitations of TWAS is the potential for spurious prioritization of genes due
to the sharing of eQTLs. eQTLs are genomic loci that explain variation in gene expression
levels, and they can affect multiple genes within a locus. This means that a single eQTL can
influence the expression of several genes, leading TWAS to prioritize multiple genes at the same
locus. Some of these genes may not be causally related to the trait of interest but are instead
identified due to their shared regulation by the same eQTL.*” Second, TWAS accuracy is highly
dependent on the tissue specificity of the expression data used. Expression levels and eQTL
strengths can vary significantly across different tissues. Using expression data from non-trait-
related tissues can lead to substantial inaccuracies in gene prioritization. For instance, genes that
are not expressed or have weak eQTLs in the tissue used for TWAS analysis may be missed even
if they are causally related to the trait in another, more relevant tissue. This tissue bias can result
in both false positives and false negatives, complicating the interpretation of TWAS results.**’

Linkage disequilibrium (LD) can also confound TWAS results. LD refers to the non-random
association of alleles at different loci. In GWAS, LD can obscure the identification of causal
variants because nearby variants are often inherited together. Similarly, in TWAS, LD can lead
to the co-regulation of genes, where multiple genes appear to be associated with the trait due to
their physical proximity and shared regulatory elements rather than due to a direct causal
relationship. This can result in the identification of multiple significant genes within a single
locus, complicating the pinpointing of the true causal gene.*” Third, TWAS relies on predictive
models of gene expression that are trained using reference transcriptome datasets. These models
often assume a linear relationship between genotype and expression, which may not capture the
full complexity of gene regulation. Non-linear interactions, epigenetic modifications, and post-
transcriptional processes can all influence gene expression but are typically not accounted for in
these models. As a result, the imputed gene expression levels may not accurately reflect the true
biological variability, leading to potential misidentification of causal genes.*” Fourth, Co-
regulation of genes, where multiple genes are regulated by the same eQTL or regulatory
elements, can lead to false-positive associations in TWAS. Genes with correlated expression due
to shared regulatory mechanisms may be identified as associated with the trait even if only one
of them is truly causal. This problem is exacerbated when the expression prediction models
include variants that are in LD with the causal variant, leading to correlated predicted expression
levels that do not reflect actual causality.*”” Finally, TWAS typically does not account for
environmental influences or temporal changes in gene expression. Gene expression can be highly
dynamic, responding to environmental factors, physiological states, and temporal changes such
as circadian rhythms. The static nature of the reference expression data used in TWAS means
that these dynamic factors are not considered, potentially leading to incomplete or inaccurate
associations between gene expression and the trait.*”
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AP4.4. Aim 3 Supplementary Figures
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Figure AP4.1. The CM-Factor GWAS Q-Q plot for the P-values. The plot displays observed
versus expected —log10(P-values) for the heterogeneity test across genetic variants. Points
falling along the diagonal line indicate concordance with the null hypothesis of no heterogeneity,
while deviations suggest variants with heterogeneity in effects across studies or subgroups. The
distribution provides insights into the presence of heterogeneity, where substantial deviations
above the line indicate potential heterogeneity signals.
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Figure AP4.2. The CM-Factor GWAS Q-Q plot for the Qsnp P-values (heterogeneity tests). The plot displays
observed versus expected —log10(Q SNP P-values) for the heterogeneity test across genetic variants. Points falling
along the diagonal line indicate concordance with the null hypothesis of no heterogeneity, while deviations suggest
variants with heterogeneity in effects across studies or subgroups. The distribution provides insights into the
presence of heterogeneity, where substantial deviations above the line indicate potential heterogeneity signals.
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Figure AP4.3. Overview of the functional consequences of the lead loci SNPs of the CM-
Factor. Plotted are the proportion of the 523 independent lead SNPs comprising the CM-Factor
genetic signature. The x-axis lists the SNP categories. Bars are colored by log,-transformed
enrichment value (E is the proportion of genome-wide significant SNPs in a category divided by
the proportion of all analyzed SNPs in the same functional category). Asterisks indicate
enrichment or depletion in comparison (red is enrichment, blue depletion) with all analyzed
SNPs based on Fisher’s exact test (two-sided). ncRNA_intronic: non-coding RNA are intronic
regions encode for non-coding RNAs that have functional roles without being translated into
proteins. ncRNA_splicing: SNP has position involved in the regulation and facilitation of RNA
splicing UTR: untranslated region (UTRS5 is upstream of the gene start position and UTR3
indicates the SNP position is downstream of the gene coding region).
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Figure AP4.4. LocusZoom plot of the locus with the exonic lead variant, rs77424687 (GLP1R
locus (chromosome 6:39016636). The x-axis is the genomic coordinates of the locus, and the y-
axis is the —log10 P-value of the multivariate GWAS SNP association analyses. The presented P-
values are two-sided and have not been adjusted for multiple testing. The variants are colored
according to the SNP-SNP linkage disequilibrium (LD) (shown in the legend on the figure) and
the genes located within the window are shown on the bottom track (labeled using their HGNC
symbols).
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Figure AP4.5. LocusZoom plot of the locus with the exonic lead variant rs12140153 (INADL/
PATJ) locus (chromosome 1:62579891). The x-axis is the genomic coordinates of the locus, and
the y-axis is the —log10 P-value of the multivariate GWAS SNP association analyses. The
presented P-values are two-sided and have not been adjusted for multiple testing. The variants
are colored according to the SNP-SNP linkage disequilibrium (LD) (shown in the legend on the
figure) and the genes located within the window are shown on the bottom track (labeled using
their HGNC symbols).
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Figure AP4.6. LocusZoom plot of the locus with the lead variant, rs77424687 (chromosome
2:37204168). The x-axis is the genomic coordinates of the locus, and the y-axis is the —log10 P-
value of the multivariate GWAS SNP association analyses. The presented P-values are two-sided
and have not been adjusted for multiple testing. The variants are colored according to the SNP-
SNP linkage disequilibrium (LD) (shown in the legend on the figure) and the genes located
within the window are shown on the bottom track (labeled using their HGNC symbols).
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Figure AP4.7. LocusZoom plot of the locus with the lead variant, rs139562826 (chromosome
11:50050097). The x-axis is the genomic coordinates of the locus, and the y-axis is the —log10
P-value of the multivariate GWAS SNP association analyses. The presented P-values are two-
sided and have not been adjusted for multiple testing. The variants are colored according to the
SNP-SNP linkage disequilibrium (LD) (shown in the legend on the figure) and the genes located
within the window are shown on the bottom track (labeled using their HGNC symbols).
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Figure AP4.8. LocusZoom plot of the locus with the lead variant, rs1737897 (chromosome

Q
=
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20:31028723). The x-axis is the genomic coordinates of the locus, and the y-axis is the —log10
P-value of the multivariate GWAS SNP association analyses. The presented P-values are two-
sided and have not been adjusted for multiple testing. The variants are colored according to the
SNP-SNP linkage disequilibrium (LD) (shown in the legend on the figure) and the genes located

within the window are shown on the bottom track (labeled using their HGNC symbols).
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Figure AP4.9. Bulk tissue enrichment of the CM-Factor using S-LDSC. The bar plots depict
the —1 0g:o P-values on the y-axis and tissue/marker type on the x-axis. Each bar represents
results from S-LDSC analyses using chromatin-based datasets related to the pancreas, liver,
cardiovascular, and adipose tissues. Plotted are relevant tissues with enrichment P-values <
0.01. The presented P-values are one-sided and have not been adjusted for multiple testing.
Tissue-specific regulatory elements are indicated by histone 3 acetylation (H3K[X]ac) or DNase
hypersensitivity (for open chromatin) and H3K4mel (for enhancers). The Bonferroni-adjusted P-
value threshold is 8.18%107° (0.05/489 tissues) (red dotted line). Enrichment surpassing the
Bonferroni correction are indicated in orange.
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Figure AP4.10. Bulk tissue enrichment of the CM-Factor using S-LDSC. Bars represent the
—log10 of the unadjusted P-values of enrichment for the CM-Factor. Plotted are all tissues with
enrichment P-values < 0.05. The presented P-values are one-sided and have not been adjusted
for multiple testing. The red dotted line is the correction for multiple comparisons (0.05/205

tissue datasets).
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Figure AP4.11. Cell-type enrichment of the CM-Factor using the CELLECT pipeline and S-
LDSC. Bars represent the —log10 of the unadjusted P-values of enrichment for the CM-Factor
in the 115 cell types comprising the Tabula Muris adult scRNA-seq dataset. Plotted are all
tissues with enrichment P-values < 0.25. The presented P-values are one-sided and have not
been adjusted for multiple testing. The red dotted line is the correction for multiple comparisons
(0.05/115 cell types).
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Figure AP4.12. Cell-type enrichment of the CM-Factor using the CELLECT pipeline and
MAGMA gene prioritization. Bars represent the —log10 of the unadjusted P-values of
enrichment for the CM-Factor in the 115 cell types comprising the Tabula Muris adult scRNA-
seq dataset. The presented P-values are one-sided and have not been adjusted for multiple
testing. In contrast to the enrichment based upon the partitioned heritability scores of the CM-
Factor, these enrichment results used the MAGMA gene prioritization method. Plotted are all
tissues with enrichment P-values < 0.25. The red dotted line is the correction for multiple
comparisons (0.05/115 cell types).
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Figure AP4.13. Bubble plots and bar plots for MR Study 2 phenome-wide Mendelian
randomization (MR) outcomes with beneficial relationships aligned with the therapeutically
indicated direction for the CM-Factor. (a) presents the beneficial relationships for the 41
druggable genes grouped by the clinical category. Only traits that had MR estimate P-values
(from two-sided tests) surpassing Phe-MR analysis multiple correction threshold (1.37*10™
[0.05/366 outcomes]), were included in the. (b) provides a circular bar plot with counts of
beneficial relationships for each gene.

Figure AP4.14. Bubble plots and bar plots for MR Study 2 phenome-wide Mendelian
randomization (MR) outcomes with adverse relationships aligned with the therapeutically
indicated direction for the CM-Factor. (a) presents the beneficial relationships for the 41
druggable genes grouped by the clinical category. Only traits that had MR estimate P-values
(from two-sided tests) surpassing Phe-MR analysis multiple correction threshold (1.37%10™
[0.05/366 outcomes]), were included in the. (b) provides a circular bar plot with counts of
adverse relationships for each gene.
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Figure AP4.15. Regional plot of the colocalization between SHBG protein levels and the CM-
Factor. Sex hormone binding globulin (SHBG) was one of the 8 proteins to emerge from the two-
step MR analyses investigating the pathway linking body mass index and the CM-Factor. SHBG
demonstrated strong evidence of colocalization in both the primary and replication datasets
(PP.H4 >0.8 in both proteomic dataset). Plotted are the locus-based results of the primary
proteomic SHBG data (from first release of the UKB Pharma Proteomics Project [PPP] data).
On the left, the x-axis is the —logio (P-values) of the SNP associations with the CM-factor and
the y-axis is the —logio (P-values) of the SNP associations with the SHBG protein levels. On the
right panels, the x-axes are the genomic locations of the SHBG SNPs and y-axes are the —logo
(P-values) of the SNPs with the SHBG protein (bottom) and CM-Factor (top panel), respectively.
Colocalization was performed under the single causal variant assumption using 500 kb windows
around the genomic coordinates of the SHBG locus. SNPs are colored based upon their SNP-
SNP linkage disequilibrium (LD) R*.
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Figure AP4.16. Regional plot of the colocalization between CD34 protein levels and the CM-
Factor. The CD34 antigen (CD34) was one of the 8 proteins to emerge from the two-step MR
analyses investigating the pathway linking body mass index and the CM-Factor. CD34
demonstrated strong evidence of colocalization only in the primary (PP.H4 >0.8) in proteomic
dataset). Plotted are the locus-based results of the primary proteomic CD34 data (from first
release of the UKB Pharma Proteomics Project [PPP] data). On the left, the x-axis is the —logio
(P-values) of the SNP associations with the CM-factor and the y-axis is the —logo (P-values) of
the SNP associations with the CD34 protein levels. On the right panels, the x-axes are the
genomic locations of the CD34 SNPs and y-axes are the —log, (P-values) of the SNPs with the
CD34 protein (bottom) and CM-Factor (top panel), respectively. Colocalization was performed
under the single causal variant assumption using 500 kb windows around the genomic
coordinates of the CD34 locus. SNPs are colored based upon their SNP-SNP linkage
disequilibrium (LD) R*.
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Figure AP4.17. Phe-MR results of circulating SHBG protein levels (UKB-PPP). Results are
the —log10 P-values (y-axis) for the main drug-target MR estimates (either inverse variance
weighted or Wald ratios) for the SHBG protein on 366 outcomes curated for the Phe-MR
analysis. The outcomes are grouped by clinical category. All cis-instrument MR estimate P-
values are based upon used two-sided Wald tests. P-values were not adjusted for multiple
comparisons. The red dashed lined is the Bonferroni-corrected P-value threshold (1.37%10™
[0.05/366 outcomes]), and the labeled outcomes are those that surpassed the Bonferroni
correction for multiple comparisons.

394



PTPRR

10.0

7.5
Category

Autoimmune
Biomarker
Cancer
Cardiovascular
5.0 Infectious disease
Medication use

P-value = 1.37X10-4(0.05/366 outcomes tested)

____________________________________________ Miscellaneous

—-log10(P-value)

Non-cancer illness

Psychiatric/Neurological

2.5

0.0

Figure AP4.18. Phe-MR results of circulating PTPRR protein levels (UKB-PPP). Results are
the —log10 P-values (y-axis) for the main drug-target MR estimates (either inverse variance
weighted or Wald ratios) for the PTPRR protein on 366 outcomes curated for the Phe-MR
analysis. The outcomes are grouped by clinical category. All cis-instrument MR estimate P-
values are based upon used two-sided Wald tests. P-values were not adjusted for multiple
comparisons. The red dashed lined is the Bonferroni-corrected P-value threshold (1.37x10™
[0.05/366 outcomes]), and the labeled outcomes are those that surpassed the Bonferroni
correction for multiple comparisons.
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Figure AP4.19. Phe-MR results of circulating GGT1 protein levels (UKB-PPP). Results are
the —log10 P-values (y-axis) for the main drug-target MR estimates (either inverse variance
weighted or Wald ratios) for the GTT1 protein on 366 outcomes curated for the Phe-MR
analysis. The outcomes are grouped by clinical category. All cis-instrument MR estimate P-
values are based upon used two-sided Wald tests. P-values were not adjusted for multiple
comparisons. The red dashed lined is the Bonferroni-corrected P-value threshold (1.37x10*
[0.05/366 outcomes]), and the labeled outcomes are those that surpassed the Bonferroni
correction for multiple comparisons.

AP4.5. Aim 3 Supplementary Tables

Below are titles to each for the Aim 3 Supplementary Tables that are formatted as Excel files
uploaded separately.

Table AP5.1. Summary of NAFLD, T2D, CAD, and LPDFF phenotypes included in genomic SEM
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Table AP5.2. Multivariate LD Score regression estimates of disease phenotypes included in GSEM analysis
Table AP5.3. LD Score regression genetic correlation estimates

Table AP5.4. Common factor model of NAFLD, T2D, and CAD using the GenomicSEM method

Table AP5.5. Genomic risk loci for lead SNPs

Table AP5.6. Annotation of the independent lead CM-Factor SNPs

Table AP5.7. Heterogenous genomic loci and the heterogenous lead SNPs for the CM-Factor

Table AP5.8. Qsnp alignment with univariate GWASs

Table AP5.9. CM-factor lead SNPs in proximity to lead SNPs in univariate GWASs

Table AP5.10. Look-up of CM-Factor lead SNPs in the GWAS Catalog performed October 20, 2024

Table AP5.11. CM-Factor genomic loci GWAS Catalog query summary of the number of traits/ICM-Factor locus

Table AP5.12. GWAS Catalog query summary of CM-Factor loci and
their genome-wide significant (P-value < 5e-8) pleiotropic associations in the GWAS Catalog

Table AP5.13. Multivariate LD Score regression and genetic correlation estimates for GBS analysis
Table AP5.14. BMI and nhon-BMI contributions to CM-factor (lead SNPs)

Table AP5.15. Waist-hip ratio and non-WHR contributions to CM-factor (lead SNPs)

Table AP5.16. Fine-mapping results for the CM-Factor loci

Table AP5.17. Credible set information for the fine-mapping results for CM-Factor

Table AP5.18. HaploReg annotation of CM-Factor fine-mapped SNPs

Table AP5.19. Full summary statistics of transcriptome-wide association study of CM-Factor
Table AP5.20. High-confidence TWAS genes associated with the CM-Factor

(TWAS significant, evidence of shared causal variant, and conditionally significant)

and comparison with MAGMA gene-based results

Table AP5.21. Novelty assessment for the high-confidence TWAS genes

Table AP5.22. GREP (Genome for REPositioning drugs) drug-gene enrichment
analysis of the high-confidence TWAS genes using ICD classifications

Table AP5.23. GREP (Genome for REPositioning drugs) drug-gene enrichment
analysis of the high-confidence TWAS genes using ATC classifications

Table AP5.24. Gene-drug transcriptomic sighature matching results
comparing the high confidence gene signature against the CMap Touchstone data

Table AP5.25. Gene-set enrichment of CM-Factor GWAS using the
MAGMA gene-based results and the FUMA GSEA (Gene-Set Enrichment Analysis) method)

Table AP5.26. Partitioned heritability (S-LDSC) using chromatin ENCODE and Roadmap datasets
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Table AP5.27. Partitioned heritability (S-LDEC) using gene expression from 205 tissue datasets

Table AP5.28. Cell-type enrichment using CELLECT and partitioned heritability
gene prioritization method and the Tabula Muris dataset

Table AP5.29. Cell-type enrichment using CELLECT and MAGMA
gene prioritization method and the Tabula Muris dataset

Table AP5.30. Antidiabetic drug target instruments

Table AP5.31. Lipid-modulating drug target instruments

Table AP5.32. NAFLD/NASH drug target instruments

Table AP5.33. Antihypertensive cis-instruments for drug-target MR analyses
Table AP5.34. Drug-target MR results of antidiabetic targets on the CM-Factor

Table AP5.35. Colocalization results of the drug targets with drug-target
Mendelian randomization estimate P-values < 0.05

Table AP5.36. Results of Mendelian randomization analysis of lipid modulating
drug targets on CM-factor

Table AP5.37. Drug-target MR results of NAFLD targets on the CM-Factor
Table AP5.38. Drug-target MR results of antihypertensive targets on the CM-Factor
Table AP5.39. Full drug-target MR results of druggable genes on the CM-Factor

Table AP5.40. Colocalization results of 91 druggable genes
surpassing correction for multiple comparisons

Table AP5.41. Novelty assessment for 41 druggable genes identified
by the screen of the druggable genome (drug-target MR + colocalization)

Table AP5.42. Credible set results of the druggable genes in the circulating
eQTLGen data demonstrating evidence of colocalization with the CM-Factor

Table AP5.43. Tissue-specific top druggable gene instruments

Table AP5.44. Summary of tissue-level replication of 41 druggable
genes prioritized by the initial screen using whole blood gene expression

Table AP5.45. Cis-instrument Mendelian randomization of top tissue-specific
druggable genes on CM-factor

Table AP5.46. Druggable gene top hits colocalization

Table AP5.47. LDLink results prioritizing established cardiometabolic
biomarkers in the EBI GWAS Catalog of druggable gene credible set SNPs
(query performed on October 1st, 2024)

Table AP5.48. Druggable gene credible set SNP PIP > 0.5
biomarker/risk factor annotation in Oxford Biobank (all results with P-value < 0.05)
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Table AP5.49. SVMR gene targets on outcome biomarkers

Table AP5.50. Two-step mediation for druggable genes with established cardiometabolic biomarkers
Table AP5.51. PheWAS for druggable genes prioritized by drug target screen on the CM-Factor
Table AP5.52. Step 1 MR of BMI onto circulating protein levels

Table AP5.53. Step 2 cis-MR of BMI-associated proteins onto CM-Factor

Table AP5.54. Mediation analyses of the BMI-associated proteins identified by the two-step MR
Table AP5.55. Two-sample MR Step 1 replication

Table AP5.56. Two-sample MR Step 2 replication
(effects of BMI-associated proteins from the primary analyses on the CM-Factor)

Table AP5.57. Observational analyses of proteins associated with
increased body mass index (BMI) from the INTERVAL cohort

Table AP5.58. Colocalization results (single causal variant assumption)
of the BMI-associated proteins on the CM-Factor

Table AP5.59. Phenome-wide MR results of ENO3 protein levels
Table AP5.60. Phenome-wide MR results of SHBG protein levels
Table AP5.61. Phenome-wide MR result PTPRR protein levels

Table AP5.62. Phenome-wide MR result GGT1 protein levels
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