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Lay Abstract

Many common diseases, like coronary artery disease (CAD) and diabetes, are influenced
not only by lifestyle and environmental factors, but also by genetics. Therefore, incorporat-
ing genetic information into disease risk prediction for patients in clinical settings would be
logical, especially since genetic data can be obtained early in life. One tool for quantifying
risk based on genetics is the polygenic risk score (PRS). PRS assigns a numerical value
based on an individual’s genetic profile, calculated by summing up risk variants in their
DNA. The risk level corresponds to the variant’s association with the trait, as determined
by genome-wide association studies (GWAS). PRS have become increasingly popular for
guiding disease treatment and personalized medicine. However, there’s still work to be
done to make PRS suitable for clinical use. Many methods have attempted to enhance
the predictive ability of PRS, but there’s still room for improvement. This thesis intro-
duces various applications for PRS, along with a novel prediction method that potentially

addresses some limitations and explores the applications of PRS in common diseases.
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Abstract

Polygenic risk scores (PRS) are relatively novel tools for risk prediction, serving as a quan-
titative singular value which depicts a patient’s genetic disposition for a certain disease.
Given that many current clinical risk predictors do not address heritability within their
calculations, PRS are likely to improve prediction, especially in the case of complex dis-
eases which are influenced by a combination of genetic, environmental and lifestyle factors.
Altogether, PRS studies have been pursued for their abilities in trait detection, therapeutic
intervention and disease protection, with much potential in personalized /precision medicine
where each interpretation is unique and based on a patient’s genotype. However, despite
the numerous advances over years, PRS have yet to reach the level where they can be
implemented into standard clinical practices as originally intended. The goal is to develop
PRS which are applicable to global populations, which has yet to be achieved due to the
inconsistency and general skepticism regarding the method. Furthermore, PRS have yet to
reach the upper threshold for risk prediction, as indicated by the heritability that remains
unaccounted for with PRS calculations. Thus, this thesis addresses how PRS can inform
and guide clinical decision-making for complex decisions with strong, genetic dispositions.

It also presents novel approach to PRS aimed at mitigating some of its current limitations.
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Chapter 1

General Introduction

1.1 Background

1.1.1 Genetic Architecture in Complex Diseases

The field of genetic epidemiology has been rapidly expanding over the past few years.
Genetic epidemiology focuses explicitly on genetics, usually within a general population
context, with the ultimate goal of addressing both new and existing challenges related to
diseases [1]. The substantial growth in this field can be attributed to the drastic advance-
ments in technological innovations over the last few decades. This includes improvements in
genomic technologies, increased capacity for data storage enabling larger population-based
studies, novel statistical methodologies, and overall increased efficiencies in computational
processes. The focus on genetics is especially notable for its potential for precision medicine
and disease risk prediction. This is especially relevant for diseases of early-onset, due to

the accessibility of genotypic information at younger ages. The field of genetic epidemiol-



ogy combines elements of biological, statistical and computing approaches to gain insights
into disease etiologies and their global impact. Advancements in technology have signifi-
cantly transformed this field over the years, facilitating improved processing and analysis
of genomic information. The focus on genetics previously demonstrated its utility in med-
ical and clinical settings, particularly in cases of monogenic diseases where single genes or
chromosome numbers are affected [2, 3]. Typically genetic predisposition is measured by
heritability, which is defined as the proportion of variance in a trait that can be ascribed to
genetic factors [4, 5]. Many prevalent diseases exhibit high heritability. These include coro-
nary artery disease (35%-57%) [4, 6], type II diabetes (25-80%) [7, 8, 9] and Alzheimer’s
disease (=70%)[10, 11].

A Mendelian, or monogenic, disorder is typically determined by the mutation of a single
gene [3, 12]. While the risk of most diseases are commonly associated with rare monogenic
variants, virtually all conditions are inherently complex, involving a combination of effects
from the environment or other genes [13]. In actuality, most traits exhibit polygenicity, in
which they are influenced by several different genetic loci to varying degrees [12]. Polygenic
risk differs from monogenic risk in that, rather than a small number of rare, high-effect
mutations contributing to the overall risk of disease, polygenic risk reflects the cumulative

effect of many common variants, each with lower individual effects [1, 14].

Detection of trait polygenicity has been greatly expedited through the recent develop-
ments of genome-wide association studies (GWAS), which identify associations between
common genetic variants and phenotypic traits [15, 16]. The advent of these studies has
allowed for discoveries, such as the 9p21 locus most strongly associated with coronary
artery disease (CAD) and myocardial infarction (MI) in 2007 when the first CAD GWAS

was performed [17, 18, 19]. GWAS tend to adhere to the common disease/common variant



(CDCV) hypothesis which posits that if a heritable disease is common within a population,
then the variants which contribute to said disease will also be common to the population
[1, 20]. Contrarily, the aggregation of rare alleles (common disease/rare variant [CDRV])
has also gained relevance due to the improvement in technological ability to detect variants
of rarer frequencies. Regardless, aggregration of multiple variants has proven to be effective
in risk prediction. Numerous methodologies have developed to analyze polygenic risk, as

will be mentioned proceedingly.

1.1.1.1 Cardiovascular Disease & Coronary Artery Disease

With approximately 375,000 deaths reported annually in 2021, coronary artery disease
(CAD) affects 1 in 20 adults globally at any given time and remains one of the leading
causes of death globally and in North America [21]. Generally, CAD refers to the atheroscle-
rotic (obstructive) form, in which plaque build-up occurs within the coronary arteries of the
heart, resulting in narrowing or blockage of the arteries [22, 23]. Disruption in the vascular
endothelium of the coronary arteries leads to plaque accumulation, which can eventually
lead to thrombosis or other conditions [24]. Clinical manifestations of CAD include my-
ocardial infarctions (MI), angina, acute coronary syndrome and sudden cardiac death [25].
CAD accounts for 42% of all cardiovascular cases, and was declared to be the global lead-
ing cause of death by the World Health Organization (WHO) in 2020 [26, 25]. CAD is
considered a complex chronic inflammatory disease, manifesting from the combination of
genetic, environmental and lifestyle factors, the etiology of CAD and the interaction among
these risk factors remain elusive. The risk factors of CAD can be considered as modifi-
able (smoking, exercise, obesity, metabolism) or non-modifiable (genetics [family history],
age, gender, ethnicity) [24, 27, 28]. Additionally, many conditions act as comorbidities

to CAD, due to the similarities in risk factors such as other cardiovascular diseases (e.g.



stroke), hypertension, type II diabetes, dyslipidemias, chronic kidney disease (CKD), level
of physical activity, alcohol consumption obesity and other metabolic disorders. Previously,
preventative efforts towards CAD tended to focus on favourably adjusting modifiable risk
factors, such as monitoring blood pressure levels, encouraging healthy habits and exercise
or smoking cessation. Despite a significant decrease in mortality rates across North Amer-
ica in the recent decades [29, 30], certain populations, particularly those of younger age
or lower socioeconomic status, have reported stagnant mortality rates [31, 32]. Despite
the stagnancy, approximately 1 in 5 deaths from CAD (20%) occur in adults less than 65
years old [33]. This underscores the necessity for alternative intervention methods, which
may detect CAD susceptibilities earlier. Recent research has highlighted the importance

of incorporating genetics into interventions and preventative measures for CAD.

In order for genetic epidemiology and genetic risk predictors to be pertinent to a dis-
ease of interest, it is essential that the disease itself has a genetic component, and the
magnitude of this influence should be understood. Typically, this is addressed by consid-
ering the heritability of a phenotype. As previously alluded, there is much evidence that
CAD is a disease with a strong hereditary component. Notable longitudinal studies to
uncover CAD heritability include the Swedish Twins Study[6] and the Framingham Heart
Study([34]. The Swedish Twins Study reports CAD heritability to be 57% (95% CI: 45% -
69%) amongst male twins and 38% (95% CI: 26% - 50%) amongst female twins. Further-
more, the Framingham Heart Study reports higher incidence of CAD amongst participants

with a first-degree relative who also had CAD [35, 36, 37].

Initially, the genetic architecture of CAD was first unearthed through family aggrega-
tion studies. A disease predominantly associated with CAD is familial hypercholesterolemia

(FH), a Mendelian autosomal dominant disorder characterized by elevated plasma levels



of low-density lipoprotein cholesterol (LDLc) concentrations (> 190 mg/dl in adults) [38].
FH is most frequently linked to the LDLR gene, which encodes the low-density lipoprotein
receptor [38]. LDLR was first demonstrated to be responsible for CAD risk in 1985, when
a deletion in the gene was discovered in a patient with FH and his mother [35, 39]. Addi-
tional genes determined to be causative of CAD were similarly initially identified through
family-based studies, namely APOB (apolipoprotein B) and PCSK9 (proprotein conver-
tase subtilism/kexin type 9) [40, 41, 35]. The mechanism through which these genes cause
CAD is thought to stem from the impairment of low-density lipoprotein receptor function,
resulting in decreased hepatic clearance of LDLc particles and increased cholesterol depo-
sition in the inner layer of arteries [42, 39]. However, there are limitations to these family
studies, as certain findings of genotypes relating to the extreme CAD phenotype are so rare
(e.g. MEF2A, DYRK1B) that they have proven difficult to apply to general populations
[43, 44].

Fortunately, the gradual emergence of genome-wide association studies (GWAS) signif-
icantly mitigated the potential statistical power limitations inherent in family aggregation
studies. Significant insights into the genetic architecture of CAD were elucidated from the
first GWAS for CAD conducted in 2007 [17, 18, 19]. The GWAS sucessfully identified 97
genetic loci associated with CAD at genome-wide significance, including the 9p21 locus,
which remains the locus most strongly linked to CAD and MI. Although the precise mech-
anisms linking 9p21 to CAD are still not fully understood, the locus contains enhancers for
regulation of cell growth, which could potentially heighten cell proliferation within arterial
walls, resulting in plaque enlargement and atherosclerosis [45, 14, 46]. Over the years,
continuous efforts have been made to uncover more regarding the genetic architecture of
CAD. To date, GWAS have successfully identified 279 genetic loci that exhibit significant

associations with CAD [47].



While GWAS have uncovered much of the heritability for CAD throughout the years,
the problem of “missing heritability” remains, which states that the numerous associations
discovered by GWAS remain insufficient to completely explain 100% of the heritability
for complex traits [1, 48]. Due to the drastically lowered costs of genome sequencing
over the years, it has become much more feasible to investigate rare variants which may
also contribute to heritability. Rare variants may have stronger effects on risk, but are
much rarer in occurrence (minor allele frequency [MAF]| < 0.5%) and are prone to being
overlooked in regular GWAS. Typically, GWAS have been noted to have poorer coverage of
variants in the 0.5-5% frequency range [49]. Usually, rare variants can be identified through
exome sequencing [50]. As an alternative to whole-genome sequencing (WGS), whole-exome
sequencing (WES) focusses solely on the protein coding subset of the genome, accounting
for 2% of the genome including splice sites and micro RNA [1]. The sole focus on the exome
increases cost-effectiveness and overall efficiency of genetic sequencing, while also targeting
variants more likely to exert larger effects and functional consequences. Consequentially,
exome sequencing may miss non-coding variants which contribute to risk. Rare variants
occur with such infrequency that it is insufficient to establish associations based solely
on individual variants. Therefore, burden tests (aggregation) is necessary to conclude
rare variants’ risk association with disease. Thus, rare variant association studies (RVAS)
are designed to capture these variants that are typically not found on genotyping chips
designed to capture common variants. Exome sequencing has confirmed loss-of-function
mutations in LDLR, LPL and APOAS5 leads to increased risk of CAD by incrasing LDLc
or triglyceride levels [51, 35, 52, 50]. Additionally, inactivating rare mutations in PCSKY,
ASGR1, APOCS8 and ANGPTL/ are seen to decrease risk of CAD, by method of reducing
LDLc and triglyceride levels [53, 54, 55, 56, 57, 58]. A more thorough list of genes associated

with CAD risk can be found in Chapter 3. Rare variant genetic risk scores (RVGRS) can



also be created, as opposed to a typical PRS which uses common variants (common variant

genetic risk score [CVGRS]).

In general, the evidence supporting a genetic basis for CAD is significant, underscoring
the necessity for the use of genetic methodologies to predict risk for the disease. Con-
ventionally, associations of CAD are to monogenic causes such as FH. However, since the
proliferation of GWAS, it has been observed that genetic polygenicity also contributes to
the development of CAD [59]. This further highlights the importance of genetics, along
with the employment of polygenic risk scores (PRS) to enhance prevention and prediction
of CAD. Typically, the performance of PRS in context of CAD is relative to clinical risk
factors, which are usually more conventional for the disease. The American College of
Cardiology and American Heart Association suggests 10-year cardiovascular-risk calcula-
tor (ACC/AHA ASCVD cardiovascular-risk calculator), which are pooled cohort equations
(PCE) utilized to predict risk in adults aged 40-79 [4, 60]. This risk calculator was first
published in 2013 and intended to be an extension of the Framingham Risk Score (FRS)
derived from the Framingham Heart Study. The current edition of the ACC/AHA ASCVD
risk calculator considers clinical risk factors age, sex, race, blood pressure, cholesterol levels,
and past history of diabetes, smoking or hypertension. This tool is intended for patients
with low-density lipoprotein cholesterol (LDLc) levels under 190 mg/dL and not on LDLc
lowering treatments. There exists alternative forms of clinical risk scores including the
Framingham Risk Score (FRS) [61, 62], the European System Coronary Risk Evaluation
(SCORE) [63, 64], the Reynolds risk score [65], the INTERHEART risk score [66], the As-
sign risk score [67], the QRISKS score [68], the PROCAM risk score [69] and the CUORE
risk score [70]. These address similar risk factors as the conventional ACC/AHA risk cal-
culator. While these are deemed the standard in clinical settings, their efficacy can be

considerably constrained due to the exclusive focus on non-genetic risk factors, overlooking



the substantial heritability component in cardiovascular diseases. In fact, newer iterations
of these clinical scores have attempted to incorporate a component of family history into
the prediction of CAD and related cardiovascular conditions, in order to address the com-
plex nature of their etiologies [71, 72, 73]. Furthermore, these clinical scores are afflicted
by a fatal flaw in that persons of younger age are automatically assigned a lower risk of
CAD, which cannot apply to cohorts who suffer from premature onset. While prevalence
of CAD greatly increases in older individuals, mortality rates for patients younger than 65
years for women and 55 years in men have not decreased over the years [30]. This is of
particular concern due to the potential societal burden of this younger cohort. Moreover,
consulting genetics would be of particular benefit to these younger patients, as CAD has a

strong genetic predisposition, as is common among many diseases of early onset [74, 75].

1.1.1.2 Myocardial Infarction after Non-cardiac Surgery

Myocardial injury after noncardiac surgery (MINS) is a cardiovascular complication oc-
curing after surgery, and is defined to be myocardial injury occurring during or within 30
days after surgery that is not associated with underlying cardiac ischemia [76]. Although
it is presently the most common cardiovascular complication after surgery, affecting as
many as 1 in 6 patients undergoing surgery, its underlying causes are not fully compre-
hended [76, 77]. Annually, over 300 million non-cardiac surgeries are conducted globally,
with approximately up to 1 in 30 adults undergoing such procedures every year [78, 77].
The VISION study (Vascular Events in Noncardiac Surgery Patients Cohort Evaluation)
revealed the estimated incidence of MINS to be 18% [76, 77]. The overall global preva-
lence of MINS is estimated at 8%, as established by a conventional fourth-generation TnT
assay [79]. As non-cardiac surgery is corrective procedure that can significantly enhance a

patient’s quality of life, there is strong motivation to deepen our understanding of MINS,



its most common potential outcome. One such is approach is to investigate the potential

genetic influences of MINS.

Myocardial injury is defined as the presence of at least one cardiac troponin (¢Thn) value
above the 99" percentile upper reference limit (URL) which may or may not be associated
with ischemic symptoms in the absence of [80]. Generally, two troponin biomarkers are
used to diagnose cardiac injury: cardiac troponin I (¢Tnl) and cardiac troponin T (¢TnT)
[81]. Note that myocardial injury is not equivalent to myocardial infarction (MI). MI is a
form of myocardial injury, but requires evidence of acute myocardial ischemia [82, 80]. The
origin of MINS is ischemic, caused by a supply-demand mismatch or atherothrombosis. The
elevation of ¢Tn levels can be attributed to variety of factors, often stemming from surgical
trauma [83]. Spikes in catecholamines, cortisol, inflammatory cytokines, platelet activation
and fluid shifts can result in a mismatch of oxygen supply demand. Moreover, occurrences
of hypertension, hypotension, tachycardia, bradycardia, hypoxemia and anemia may also
arise, inducing heightened stress in the coronary arteries. This may potentially culminate in
plaque disruptions which could even precipitate CAD. Myocardial injury can also be non-
ischemic. Other co-morbidities for MINS include sepsis, renal failure, volume overload,

valvular heart disease and pulmonary embolism.

Past evidence has shown that MINS is associated with CAD, due to the stress it induces
on the cardiovascular system. The consequences of MINS may lead to MI, either type 1 or
type 2. By definition, Type 1 MI is the result of atherosclerotic CAD, usually resulting from
plaque erosion. Alternatively, Type 2 MI is caused by a mismatch in oxygen supply and
demand [80]. Both scenarios are potential direct causes of MINS. In the case of Type I MI,
atherosclerotic CAD was found to be present in 72% to 94% of patients with perioperative

MI through angiographic studies [84, 83, 85, 86]. Evidence of atherosclerotic CAD was



also found in an autopsy series where 46% of patients who had fatal MI after noncardiac
surgery [87]. For type 2 MI, ischemic conditions can arise due to stress occurring from
anesthetic and surgical procedures, such as bleeding, hypotension and pain triggering stress
response. Hypoxemia, anemia, hypotension, and bradyarrhythmia can all lead to type 2
MI, while increased myocardial oxygen demand can be attributable to tachyarrythmia or

severe hypertension[83].

There are existing methods to predict risk of MINS, the most common of which is the
Revised Cardiac Risk Index (RCRI). As a conventional clinical approach for prediction of
perioperative cardiovascular complications, the RCRI score considers six factors: history
of CAD, history of congestive heart failure (CHF'), history of cerebrovascular disease, dia-
betes on insulin, creatinine levels (> 177 mmol/L) and high risk surgery [78, 88]. However,
there is criticism of current methods for prediction of perioperative cardiovascular com-
plications, with claims that they oversimplify or do not fully consider the physiology of
complications [88]. In advent of increased feasibility of the processing genetic information,
there is motivation to include genetics into risk calculation for MINS. Notably, many of
the risk factors considered, such as CAD and diabetes, have been proven to have strong
genetic dispositions [89, 90, 35]. A study by Douville et al. in 2021 proposed using a CAD
PRS in order to improve risk prediction for MINS [91]. The study population was acquired
from the Michigan Genomics Initiative (MGI), and consisted of 429 cases of MINS with 89
624 controls. The CAD PRS was independently associated with MINS (OR = 1.12, 95%
CI =1.02-1.24, p = 0.023), and patients who developed MINS after surgery had a higher
standard CAD PRS than those who did not. Additionally, utilizing clinical risk scores with
the CAD PRS was seen to further improve predictive value, as assessed by disciminative
capacity measures (EHR c-statistic = 0.921 + 0.006 vs. 0.720 + 0.011, p < 0.001, RCRI
c-statistic = 0.921 + 0.006 vs. 0.786 £+ 0.013, p < 0.001). Genetic influence was also seen
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to have a greater impact in higher RCRI risk classes. Overall, this strongly encourages the

exploration of integrating genetics into prediction of MINS.

1.1.2 Polygenic Risk Scores

The purpose of this study is to promote and optimize the application of genetic or polygenic
risk scores (PRS), typically defined as a weighted sum of risk alleles across a large number of
genetic variants associated with a specific polygenic trait. PRS are practical as quantitative
measures of genetic susceptibility, and can be readily derived as long as a patient’s genotype
is available. They hold particular relevance for complex diseases with high heritability, such

as cardiovascular disease, diabetes or obesity [92, 93, 94].

1.1.2.1 Genome-wide association studies

Genome-wide association studies (GWAS), also known as common-variant association stud-
ies, seek to detect associations between common genetic variants and phenotypic traits [15].
The advent of GWAS had enabled novel discoveries about genes and pathways for complex
diseases and enhanced clinical applications based on its discoveries [1, 95]. GWAS serve as
the initial foundation for PRS by assigning a value to each variant based on the variant’s
strength of association to a given phenotype. They were formulated as an application of
the “common disease/common variant” (CDCV) hypothesis first proposed in 1990s, which
states that relatively common variants (minor allele frequency [MAF] = 0.05) of smaller
effect sizes (odd ratio [OR] = 1.1 to 1.5) may collectively aggregate to a significant effect
for a given trait [1, 49]. This is in direct contrast to the definition of a Mendelian dis-
ease, which are caused by extremely rare variants with high effect sizes generally detected
through exome sequencing [96]. Before the advent of GWAS, most genes were identified

through family-based linkage analyses, which can be greatly lacking in statistical power.
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Unlike candidate gene studies, a GWAS requires no prior knowledge regarding the asso-
ciative strength of variants nor known etiologic mechanisms. A GWAS observes the entire
genome by means of high-thoroughput technologies (SNP arrays) combined with statistical
imputation techniques in order to assess millions of SNPs at once [1, 15]. As such, GWAS
tend to require large samples from population-based databases. Associations from GWAS
can usually be interpreted through a Manhattan plot (variant location sorted by chromo-
some plotted against -logp p-value association significance) or a Quantile-Quantile (QQ)

plot (-logio p-value under null hypothesis against observed -log;o p-value) [1].

Typically, genotyping chips for GWAS detect common variants (MAF > 0.5), in align-
ment with the CDCV hypothesis. As such, the PRS based on GWAS in this study are
common-variant genetic risk scores (CVGRS). Rare-variant genetic risk scores (RVGRS)
also exist, however they rely on rare-variant association study (RVAS) which can detect
variants with below the 0.5% MAF threshold. Rare variants are usually detected through
exome sequencing, and require burden tests in order to analyze due to the lower power of
rare variants. However, several studies claim that common variants captured by genotyp-
ing chips are sufficient to capture significant, clinically relevant associations in prevalent

diseases such as diabetes, breast cancer and Alzheimer’s disease [97, 98, 99, 100, 101, 102].

1.1.2.2 Calculation and Development of PRS

A polygenic risk score (PRS) is typically a weighted sum of a large number of risk alleles
associated with a given trait within a genotype. PRS provides a quantitative overview of an
individual’s genetic predisposition towards a phenotype, adjusting the count of each allele
based on a weight reflecting the variant’s association with the phenotype, obtained from
GWAS. PRS development was stemmed from the hypothesis that while common variants

with smaller effects may not contribute to risk prediction on their own, their accumulation
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may result in detectable, significant associations [103]. The definition for PRS can be

specified as followed:

m
ri = Bjxi (1.1.1)
=1

where r; represents the risk, 7 represents the individual number, j is the SNP number, 3;
is the weight for each SNP derived from GWAS summary statistics, and x;; corresponds to
the allele count for the j'™ SNP of the i*" individual (where the full genotype is equivalent
to [z172...24]T). Once a PRS is standardized, the relative genetic risk can be determined
for the assessed individual. For instance, individuals with a score above a specific high-risk
threshold or percentile would likely benefit from early intervention and prevention, due to

their perceived higher genetic predisposition to a specific condition.

With the widespread adoption of GWAS and availability of large databases in recent
years, there has been a notable surge of interest in using PRS alongside clinical methods
for predicting risk [102]. Since genotyping information can be obtained early in life and
is specific to each individual, PRS enables early intervention and prevention, and also
holds potential for precision medicine. Incorporating genetic information into a patient’s
treatment plan may be greatly improve their overall well-being. A PRS may be used to
influence early intervention, clinical decisions, and treatment choices [104]. However, the
goal of normalizing implementation of PRS in a clinical setting remains to be achieved,
whether by optimizing predictiveness of PRS or to improve discrimination when used in
tandem with clinical risk predictors. Ideally, a PRS should be universally applicable across

diverse populations, and reliably stratify patients irrespective of ethnicity.
PRS calculation is limited in that PRS are entirely dependent on the GWAS from which
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they are derived. Bias exists within all GWAS depending on the population from which
they were derived. Wang et al. gives an example regarding the UK Biobank, in which
all participants are volunteers who are more likely to be healthier, wealthier and higher
educated than the average population [105, 106]. While it has been consistently demon-
strated that common variants are sufficient to capture significant levels of heritability, the
problem of missing heritability remains. Thus, even in their most optimized form, CV-
GRS are technically unable to capture all the phenotypic variance attributed to genetics.
Ultimately, there exists an upper limit of ~30% for SNP-based heritability [104]. Based
on twin studies, the heritability for most behavioural traits is at most 50%, thus a PRS
can never perfectly predict a complex trait [107, 108]. Most PRS also do not account for
gene-environment interactions, where the effect of a genotype can differ depending on the
environment [109, 110]. The quality of GWAS summary statistics can also vary depending
on methodology and imputation. New GWAS are also consistently being published, as
such PRS must be constantly updated. As well, current GWAS are mostly performed with
individuals of European ancestry. In other words, PRS created from European GWAS are
the most accurate for populations with European ancestry [111, 106]. More specifically,
it has been observed that PRS created from European ancestry GWAS are only approx-
imately 20-40% accurate when applied to African populations [112, 106]. Furthermore,
linkage disequilibrum (LD, the tendency of non-random association of alleles. See Section
1.1.2.3) and minor allele frequencies can differ significantly across ethnicities, further im-
pacting PRS calculations [106]. This limits the ultimate goal of creating PRS which are

applicable to global populations.
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1.1.2.3 PRS Approaches & Methodologies

Within the recent years, novel statistical methodologies have been adopted with the intent
to maximize the utility of PRS. In particular, the typical aim is to maximize predictiveness
by training the method on a sample subset and validating the PRS on independent test
sample. The accuracy or predictiveness of the PRS is usually assessed through a regression
(linear or logistic) on the test sample. Alternatively, the discriminative capacity of PRS can
also be determined. This can be done through determining the area under the ROC curve
(AUC ROC), net reclassification index (NRI) or integrated discrimination index (IDI) of
the regression model. The R? and p-value can also be noted, as well as the relative risk

between various thresholds within the stratified sample.

LD adjustment

First coined in the 1960s by population geneticists, the term linkage disequilibrium (LD)
refers to non-random association between alleles at different loci, and the tendency for
certain alleles to be inherited together [1, 113]. According to Mendel’s 2nd law, or the Law
of Equal Segregation: “the alleles of different genes will be inherited independently of one
another” [114]. Currently, it’s understood that this notion is not universally accurate, and

several factors may influence genes being inherited today, with LD being one such example.

As initially described by Lewotin, the coefficient of linkage disequilibrium, denoted as
D, is the difference between the frequency of a haplotype comprising two alleles and the
product of the frequencies of the two alleles (probability of both alleles independently
occurring together) [113]. When D # 0, there exists LD between the two alleles. D
can be standardized by dividing it by the maximum difference between the observed and

expected haplotypes, such that D’ = D/Dyp,ax. With this definition, D depends on the
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allele frequencies and can be positive or negative. Alternatively, one can quantify LD by

calculating a correlation coefficient, or r2.

As such, some modern reiterations of Mendel’s 2nd Law states that equal segregation
applies to genes which are on different chromosomes [1]. Prior to 2015, several PRS methods
did not account for LD adjustments, but it has since become indispensable in modern PRS
approaches. LD can result in inaccuracy for GWAS as it is dependent on MAF, which can
greatly differ between ethnicities [106]. Moreover, neglecting to consider LD could lead
to an overestimation of the genetic impact of variants, because it effectively counts them

twice when, in reality, the alleles are inherited together.

Machine Learning for Multi-PRS

Amongst the statistical methods used to optimize PRS, machine learning approaches are
more frequently utilized in order to increase prediction accuracy for PR. As a wide class
of statistical analysis methods, machine learning (ML) models are automated by artifi-
cial technology, allowing for pattern recognition and computation beyond human abilities
[115]. These methods are able to fit models based on given data, making them suitable
for building PRS suited for a particular dataset. In the context of PRS, ML methods
can automatically select for variants or risk factors that are considered significant to the
phenotype of interest without human intervention. Examples of ML techniques that have
been applied to PRS in the past include random forests, gradient boosted regression trees,
elastic net regression and neural networks. Advancements in computing technologies have
greatly facilitated the ability for these methods to handle large datasets compromising of

full genotype information and hundreds of thousands of patients.
A common usage of ML for PRS involves creating “multi-PRS”. The process usually
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involves inputting multiple PRS into an ML method of choice, which selects the most
significant PRS and combines them into a singular PRS. Each individual PRS is derived
from selected GWAS representing various traits, and is usually re-weighted by a regression
coeflicient from a training set. A typical pipeline is shown in Figure 1.1. As such, most
ML methods used are supervised (requires training set) rather than unsupervised (no
training set required, method recognizes its own patterns). This method is impartial in its
selection of traits, and decides which input PRS are significant purely based on the data it
is given. By combining multiple PRS into a singular predictor, a multi-PRS incorporates
information from numerous GWAS representing different traits. This can also account for
genetic pleiotropy, as the final regression model will account for multiple traits that could

be related.

Training set

|

Step 1: Generate Polygenic Risk Scores (PRS)
e Correct scores for linkage disequilibrium (LD)

Multiple separate PRS

|

Step 2: Input multiple PRS into machine learning model
e ML Models: forward selection, penalized regression...etc.

Single, “optimized” risk score

|

Evaluate with independent test set

GWAS summary statistics ———|

Figure 1.1: Typical workflow for utilizing machine learning for creating multi-PRS.
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Regional Genomic Correlation

While combining multiple PRS can improve overall prediction accuracy and information
captured, it does not address the limitations of relying solely on GWAS. As previously men-
tioned, PRS will generally account for additive genetic effect which are below genome-wide
significance. Regular GWAS assumes that all regions allow for detection of heterogeneity,
when there is evidence that polygenic genetic effects may concentrate at certain regions
within the genome [116, 117, 118]. Currently, GWAS and consequently CVGRS assume
an “infinitesimal-model”; which presumes that all SNPs contribute to the trait in a normal
distribution around the parents’ average [119]. This assumption has proven to be untrue
at many different risk loci [118]. For instance, in the case of regional genomic correlation
between BMI and type II diabetes (T2D), certain regions had positive correlation between
BMI and T2D, other regions had negative correlation, while others were observed to be
neutral [120]. This variance in directionality can especially become an issue when multiple
polygenic PRS are combined to create a singular PRS, as region directionality is not ac-
counted and all segments of the genome are assumed to contribute equally. In summary,
incorporating regional genetic correlations may enhance the predictive accuracy of PRS
by addressing several key factors: i) the common disease/common variant (CDCV) hy-
pothesis which applies to GWAS, suggesting that additive genetic effects often fall below
genome-wide significant but can exert a significant collective impact, ii) the tendency for
polygenic inheritance to concetrate in specific genomic regions, and iii) the previously ob-
served genome-wide correlations between pairs of complex traits. Moreover, investigating
regional genetic correlations may offer insights into novel biological pathways by exploring

shared heritability.

As such, there is a motivation to create PRS methods which consider polygenic heritabil-
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ity within smaller regions. In 2018, Paré et al. developed a method to determine regional
genetic correlation between polygenic traits [117]. As its name suggests, the “weighted max-
imum likelihood-regional polygenic correlation” (WML-RPC) method adopts a weighted
maximum likelihood model to estimate the genetic correlation within predefined regional
blocks (~1 Mb) between two complex traits. The method considers LD and only requires
GWAS summary statistics. A likelihood ratio test is performed with maximum likehood
estimates for a genetic covariance matrix to determine the regional genetic correlation be-
tween the two traits. The method was able to identify seven correlated regions between
HDLc and CAD, with one region having positive correlation and six regions having negative
correlation. The six negatively correlated regions were all directed related to triglyceride
metabolism (LPL, TRIB1, MC4R), while the positively correlated region contained the
gene encoding hepatic lipase (LIPC'), a lipolytic enzyme which regulates triglyceride levels
[121]. The results suggested that high HDLc levels caused by LIPC increases the risk of
CAD, which aligns with previous evidence that LIPC can lead to both increased HDLc
and triglyceride levels [122]. Addtionally, the additional loci of TRIBI and MC4R were
identified. This singular example demonstrates the potential for regional genetic correla-
tion to identify established biological pathways and gain novel insights. Thus, applying

the concept of genomic regions could improve predictiveness of PRS.

Clumping & Thresholding

One of the most common methods for constructing PRS is the clumping and thresholding
(C+T), or pruning and thresholding (P+T) method [123, 124]. The PRS calculation is
as seen in Equation 1.1.1, with additional filtering steps which seek to correct for LD and
reduce noise. The “clumping” step involves correlating variants within a specified genetic

distance, and removes all SNPs above a pre-defined r? correlation coefficient. Subsequently,
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the “thresholding” step refers to removing all variants above a certain p-value threshold
(i.e. significance level) according to the GWAS summary statistics. While this method is
appealing due to its simplicity, complete removal of variants from the calculation results
in a loss of statistical power, and may inadvertently overlook variants which can make
meaningful contributions. Regardless, it remains the most commonly used method of PRS
calculation [123]. Despite its limitations, this method is still frequently regarded as the
“standard” for PRS calculation and can often generate PRS that significantly associated,

particularly when used as baseline for comparison to other methods.

LDadj

Proposed the “GraBLD” paper by Paré et al. in 2017, LDad]j offers an alternative to the
C+T method by incorporating LD without removing any variants [125]. More specifically,
instead of completely eliminating variants above a certain threshold, LDadj calculates the
pairwise correlation between variants within a pre-specified window (distance upstream
and downstream of target variant) and adjusts the original weighting obtained from GWAS
summary statistics based on pairwise correlation. More specifically, the LD adjustment is

as defined in Equation 1.1.2:

J+l
ni= > i (1.1.2)
k=j—l
where the LD adjustment (7;) is the total summation of pairwise linkage disequilibrium
(rj% ) between the j*® and k' SNP within a pre-defined distance (1) for a window upstream

and downstream of the target SNP. Thus, when adjsuting for LD, the modified 8 takes the

form 3 = Bj/n; and can be substituted into Equation 1.1.1 to obtain the LDadj PRS:
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PRSice-2

The original PRSice method, introduced in 2015 by Eusden et al., was distinctive in its
capability to compute PRS at any number of p-value thresholds in a singular execution
[126]. By autonomously identifying the p-value threshold which returns the optimal re-
sults, PRSice relieves the need for external tuning. The method requires GWAS summary
statistics and phenotypic information in order to determine the optimal p-value threshold.
It also allows for pruning of SNPs based on LD. PRSice-2 is an improvement of the previ-
ous method, with expedited code and optimized efficiency, and relies on the same approach
[127]. PRSice-2 also features automatic strand flipping, LD clumping and adjustments for

overfitting,.

PRSice-2 relies on an empirical p-value to optimize predictive accuracy and avoid overfit-
ting [127, 126]. Ideally, an independent validation sample is used to evaluate performance,
but the calculation of the empirical p-value can determine association while controlling
for Type I error. The empirical p-value is calculated through k£ permutations of the sam-
ple, and the “best-fit” PRS is obtained for each permutation across the range of p-value

thresholds tested. The empirical p-value is calculated as:

N (P, < Py)+1
N+1

empirical p =

where N denotes the number of permutations and [ is an indicator function which maps
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values to 1 if the p-value of the best-fit PRS of the n'® (P,) permutation is less (more
signifciant) than the observed p-value (Pp) and 0 otherwise. In the situation that an
independent validation is not available, the authors recommend using cross-validation to

prevent overfitting.

It was demonstrated that PRSice-2’s predictive performance is comparable to other
leading PRS methodologies LDpred and LASSOSUM [127]. In 2021, PRSice-2 was utilized
to create a T2D PRS which showed potential for identifying individuals who were at high
risk for T2D (AUC = 0.795) [128]. The method was also used to create PRS for stroke and
various stroke subtypes from MEGASTROKE to identify etiological pathways and analyze
heritability. The PRS minorly, but significantly improved the prediction of ischemic stroke
(AUC = 0.596 vs. AUC = 0.554 in a base model) [129].

LASSOSUM?2

This method was first proposed in 2017 as ‘lassosum’, which takes advantage of a novel
penalized regression methodology in order to optimize single trait PRS [130]. lassosum
is robust to LD corrections by utilizing an external LD reference panel. The revamped
methodology “lassosum2” claims to better handle differences in GWAS per-variant sample
sizes [131]. This misspecification could otherwise lead to potential violation of model
assumptions such as estimates for the marginal GWAS effects, resulting in inaccurate
prediction. The updated approach also incorporates supplementary quality checks (WC),
such as accomodations for diverse GWAS imputations and new adjustable parameters for

further customization according to user requirements.

lassosum was initially created in response to the issue of the optimal p-value for thresh-

olding generally being unknown [130]. While this can be determined by training in an
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independent sample with the phenotype of interest, there can be circumstances where this
data can be unavailable. The basis of lassosum?2 lies in an elastic net penalized regres-
sion framework, representing a deterministic model with convex optimization. Penalized
regression refers to a class of regression analyses which assign a penalty to the least se-
quares criterion which results in shrinkage of the regression coefficients towards 0 [132].
Ridge regression, elastic net regression and LASSO regression are all penalized regression
techniques, each with slightly differing sum of square penalty equations based on input
parameters. For the purposes of defining the method, a general elastic net sum of squares

regression term can be defined as:

n P P
SS = (yi— Y wiiB)? + A 1Bl + (L= 9)AY_ |5 (1.1.4)
J Jj=1 =1

=1

where y; represents the i observation of the independent response variable, x;j is the
ith observation of the j*' dependent explanatory variable, B; is the (weighted) regression
coefficient for the j*® response variable, ) is the shrinkage parameter (controls strength
of penalty) and s determines whether the model weighs more towards L1 (Least Absolute
Shrinkage and Selection Operator [LASSO]) regularization or L2 (Ridge) regularization.
The A directly affects the regression coefficient 3; and is one of the important modifiable
parameters for elastic net regression. It controls the strengths of the penalty: if A = 0, this
is a regular least squares model and all dependent variables are retained. As A increases,
there will usually be a large enough value such that all dependent variables will be shrunk
to 0. The second tuning parameter is s, which determines which of the two penalty term
takes precedence. If s = 0, this becomes a Ridge regression problem, where variables can
shrink towards 0, but never become exactly 0. If s = 1, this becomes a LASSO regression

problem, where some variables can be entirely be removed from the equation as their value

23



can be reduced completely to 0. In the case where 0 < s < 1 = (.5, the penalty is balanced
between each penalty term and becomes an elastic net problem. Note that if s = 0.5, the
penalty is evenly balanced between the two terms and the two penalty terms are treated

equally.

At the time of their introductions, both lassosum and lassosum?2 have demonstrated
superior efficiency and enhanced predictive accuracy compared to alternative methods [130,
131]. This has been further verified through external publications, and lassosum was seen

to be highly accurate with complex diseases such as CAD and T2D [133, 134, 135].

LDpred2

The LDpred2 method operates alongside lassosum2, utilizing identical inputs and capable
of simultaneous execution within a single instance [131]. LDpred2 adopts an alternative
approach of utilizing Bayesian statistics, which has been recently gaining interest for PRS

development [136, 137, 138|.

Bayesian statistics are based off Bayes’ theorem, which calculates the probability of an
event happening given that another event is true, based on prior knowledge of conditions

related to the event [139]. Mathematically, Bayes’ theorem is defined as:

P(B|A)P(A)

PAIB) = =5

(1.1.5)

where P(A|B) is the conditional probability of event A occurring given event B is true,
or the posterior probability; P(B|A) is the conditional probability of event B occuring

given event A is true, or the likelihood; P(A) is the probability of observing A, or the
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prior probability; and P(B) is the probability of observing B, or the marginal probability.
The purpose of the Bayes theorem is to determine the posterior distribution from the prior
distribution, which is a quantification of the beliefs regarding the parameter before the
data is seen. The prior is usually based on previous independent work and can be inferred

through previously well-established methods which require more advanced computation.

In the context of LDpred2, the posterior probability is defined as P(Y|3, 15), where
Y is a phenotype vector, § is a vector of marginally estimated least-squares estimates
from GWAS summary statistics. When using squared error loss, the mean of the posterior
distribution can be used as Bayes estimator, or an estimator which minimizes the posterior
expected loss (e.g. error). Thus, the posterior mean phenotype given GWAS summary

statistics and LD under a linear model assumption is:

M
E(Y|3,D) =Y X/E(Bi|B, D). (1.1.6)
=1

Note that X; is notation for the i genetic and f; is the true genetic effect. With the
incorporation of LD adjustments, the prior becomes non-infinitesimal, thus is approximated
through a Markov chain Monte Carlo (MCMC) Gibbs sampler [140]. The MCMC methods
are algorithms used to create samples from a continuous random variable to evaluate the
expected value or variance of the given variable. The Gibbs sampler is one such example
of an MCMC algorithm used when the conditional distribution is easier to sample from
relative to the joint distribution. Ultimately, LDpred2 is able to calculate a weighting for
each variant based on the probability of the phenotype given the GWAS effects and LD
corrections. The posterior mean effect sizes obtained from the MCMC Gibbs sampling can

subsequently be applied to validation data.
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Since its release, LDpred2 has been considered to be a widely referenced method for
PRS creation [141]. The updated method involves improvements in QC, accounting for
variations in imputations, input consistency and optional adjustable parameters to fit the
user data [131]. A CAD PRS created using the LDpred2 method was able to stratify CAD
risk when used in combination with lipoprotein|a] levels, where individuals with high CAD
PRS and high Lpla] levels were seen to have a 5-fold increased risk in CAD relative to
those with low CAD-PRS and low Lp[a] levels [142]. LDpred2 has also seen successful

applications with other complex diseases, such as T2D and psychiatric disorders [143, 144].

1.1.2.4 Clinical Utility & Applications of PRS

The impetus for the development of PRS arises from its potential utility in precision or
personalized medicine. Precision medicine, an innovative approach that has garnered recent
attention, integrates genetic, environmental, and lifestyle factors of individual patients to
determine optimal treatment approaches for diseases [145, 102]. PRS are particularly
attractive for precision medicine, as genotypes can be obtained shortly after birth and are
unique to each patient. Hence, they can prove highly valuable for the early detection,
intervention and prevention of diseases. Once a PRS is acquired, it serves as a singular
quantitative measure encapsulating the genetic risk for an individual patient. In this
form, PRS are adaptable, and can seamlessly integrate into existing approaches such as
clinical risk predictors which often lack a genetic component. The cost of genotyping has
been reduced dramatically over the years, with commercial prices for WGS now less than
$1000 [146]. A single genetic test for an individual is approximated to be around $47 ($35
USD), compromising of a genome-wide array with automated bioinformatics [147]. A single
test alone would be sufficient to create multiple PRS allowing for diagnosis for multiple

diseases. A 2022 cost-utility analysis on PRS for cardiovascular diseases indicated that
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using PRS alongside existing clinical methods could be cost-effective, with an incremental
cost-effectiveness ratio of $172 906 ($143 685 USD) per quality-adjusted life-year (QALY)

at a base-case analysis genotyping cost of $70 [148].

Disease Detection with PRS

PRS holds utility in enhancing disease detection, specifically early detection. As inher-
ited genetics are established at conception, PRS can be applied early in life, independent of
other clinical factors such as age, environmental conditions and lifestyle choices. Moreover,
clinical risk factors may take time to emerge, enhancing the utility of PRS in identifying
diseases of early onset. A PRS is also inclined to estimate lifetime risk trajectories, rather
than focusing on shorter-term risk typical of clinical risk scores, which usually span 5 to

10 years [147].

A common suggestion for PRS utility involves integrating PRS alongside clinical risk
scores in order to enhance risk prediction. Clinical risk scores often heavily consider age
as a risk factor, rendering them inadequate for assessing early-onset cases. For instance,
the AHA/ACC ASCVD risk calculator recommended by the American College of Cardi-
ology and American Heart Association estimates cardiovascular risk over a 10-year period
and predominantly considers age as a risk factor[4]. Additionally, family history or ge-
netic disposition is not considered in these scores, despite evidence that has demonstrated
incorporation of family history can significantly improve risk assessment CAD [149, 73].
Consequently, such calculators are ill-suited for predicting early-onset CAD, where younger
individuals are deemed at lower risk solely based on age despite the potentially significant
contribution of genetic factors, which are particularly influential in early-onset cases. Pre-

vious studies have shown that incorporating a CAD PRS with clinical risk scores lead to
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improved risk prediction for cardiovascular events, independent of clinical risk factors, thus

affirming the efficacy of PRS in this regard [134, 150, 151, 152].

There is also potential for utilizing PRS independently of clinical risk factors. The
heritable component alone for certain phenotypes can be as effective at detecting onset, es-
pecially in certain circumstances. As previously stated, this is especially relevant in cases
of early onset, where genetic disposition tends to have a higher impact. A 2021 study
demonstrated that for certain common diseases (e.g. hypertension, atherosclerotic CAD,
hypothyroidism, unspecified malignant neoplasm of the skin, calculus of gallbladder with-
out cholecystitis), the genetic relative risk decreased with age when compared to the risk
associated with environmental or non-genetic factors[153]. PRS have also demonstrated
the ability to significantly improve risk prediction in carriers of high-impact causal disease
variants, such as in the case of FH or breast cancer [147, 154, 151]. Thus, a highly predic-
tive PRS could account for genetic risk that a monogenic mutation may not account for
due to the effect of polygenicity. The risk conferred by a PRS alone has also been compa-
rable to risk conferred by a monogenic mutation. In particular, the top 8% of persons in
a CAD PRS distribution were seen to have a risk comparable to those with a monogenic
FH mutation [103]. Thus, there may also be benefits in using PRS alone as genetic risk

predictor.

PRS may also be used to aid in the interpretation of disease screening. This is of par-
ticular relevance to cancers, where various risk factors are considered as to when screening
should be initiated[102]. PRS have seen particular utility in detecting false-positive rates
in screening tests. The age for screening for breast cancer and colorectal cancer is recom-
mended based on the average age risk of cancer and the risk occurring due to false-positive

mammography results. A breast cancer PRS was able to determine 16% of the popula-
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tion who should start at 40 years of age as their risk was greater than that of an average
50-year-old [155]. Similarly, a PRS for colorectal cancer demonstrated that individuals in
the highest PRS decile should initiate colonoscopy screening at 42 years old rather than
52 years old for individuals in the lowest decile [156]. Finally, PRS have also aided in
the interpretation of screening tests with high false-positive rates, particularly in the case
of prostate cancer. Despite the high prevalence (second highest cause of cancer death in
men), the screening for prostate cancer is often not recommended as the risk of detective a
false positive result has been seen to outweigh the benefits [157]. Thus, PRS were able to
differentiate between men who may have higher benefit from screening due to their elevated
risk. The positive predictive value for detection of aggressive prostate cancer by screening
was approximately 25% in individuals in the top 5% of the PRS relatively to about 12.5%
in the general population [158]. This can also be extended to diagnostic refinement in
instances where certain conditions can difficult to differentiate [147]. For example, type
I and type II diabetes can be difficult to differentiate clinically, due to the similarity in
symptoms and lab results. A PRS was able to reasonably distinguish between T1D and

T2D, despite not being clinically applicable [159].

Disease Intervention with PRS

PRS also have potential in therapeutic intervention, particularly to determine whether the
risk of disease onset surpasses the unwanted consequences of particular interventions [102].
This aligns with the principles of precision medicine, as it allows for personalized care
plans and treatment methods based on the individual. A prevalent example is with statin
therapy, which is known for its use in lowering blood cholesterol levels for the primary (first
event) and secondary prevention of cardiovascular events [160]. Numerous studies over the

years have demonstrated the benefits of statin therapy and its efficiency in reducing the
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risk of coronary events, however it has also been known to create adverse effects. There is
a chance that statins may induce diabetes over a 5-year period, with 1 in 100 individuals
developing the disease. Contrarily, less than 2 out of 100 individuals taking statins avoid a
heart attack or a stroke within a 5-year period [160, 161, 162]. Current recommendations
for statin therapy initiation rely on clinical risk factors, which have been shown to over-
estimate the absolute risk of coronary events [163, 164, 102]. Thus, studies have shown
that CAD PRS have dispersed some uncertainty regarding which individuals have greater
benefit from statin therapy, independent of family history [102]. More specifically, it has
been demonstrated that patients within the highest quintile of a CAD PRS are at an ap-
proximately 30% increased risk of an adverse coronary events, and that these individuals
are able to reduce the 10-year risk of heart attack or CAD-related event by approximately
45% upon initation of statin therapy [165, 166, 167]. Similarly, this intervention may apply

to other therapies, such as the prescription of insulin for diabetes.

Disease Prevention with PRS

Lastly, the genetic insights provided by PRS may facilitate lifestyle adjustments that could
potentially obviate the neccesity for disease detection or intervention altogether. Alter-
natively, the awareness of an increased genetic predisposition might motivate individuals
to adopt healthier behaviours or be more vigilant about screening and taking medications
for relevant diseases. It has been demonstrated that individuals were more likely to con-
tinue with cancer screenings after genetic test results were disclosed [168]. Additionally,
disclosure of CAD PRS to patients have shown improved risk-reduction behaviours [169].
Patients were more likely to seek information and adopt favourable lifestyle choices regard-
ing health. Of course, this is not exclusive to the disclosure of genetic information, and

other factors could motivate these preventative measures [170].
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1.1.2.5 Current Limitations of PRS

Despite much evidence to continue the pursuit of optimizing and utilizing PRS as genetic
risk predictors, there exist limitations that currently prevent their effectiveness in a clinical
setting. The goal remains to create a PRS that is accurate to the global population and
is generalizable to all patients. This can be difficult to achieve as polygenic variants are
not as directly correlated to outcomes as monogenic, high-risk variants are [102]. PRS are
susceptible to noise, and, as previously stated, are entirely reliant on the GWAS from which
they originate. This is discussed in detail in Sections 1.1.2.1 & 1.1.2. Briefly, the variations
imputation quality of a GWAS can affect the predictive accuracy of a PRS. Furthermore,
GWAS tend to be formed from European populations, which can lead to inaccuracy when

projecting to global populations.

The general perception of PRS is also important in its clinical applications. The sole
dependence on genetics alone has stemmed criticism, especially from proponents of using
traditional, clinical risk factors for risk prediction. Firstly, ethical and privacy concerns
surrounding the acquisition and storage of genotyping data may cause patients to hesitate
in providing their consent [35]. The lack of physician and public knowledge could further
reinforce these concerns. Additionally, there is no standard guideline for the implementa-
tion of PRS under a clinical setting [160, 102]. This can be vital especially when a physician
may have to delay interventions to consult a PRS. Of course, an inccurate PRS could also
be detrimental to the patient, with false positives causing unneeded and possibly invasive
interventions and false negatives instilling false senses of security. In conclusion, there is
still considerable progress needed in the development of PRS before it can be deemed clin-
ically safe and established as a standard practice. Further general limitations of PRS will

be discussed in the Conclusion chapter of this thesis.
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1.1.3 Study Populations

1.1.3.1 UK Biobank

The UK Biobank (UKB) is a large epidemiological study consistent of over 500 000 in-
dividuals aged 40 to 69 from across the United Kingdom [171]. The resource contains
extensive data regarding participants’ characteristics and measurements including demo-
graphics, health diagnoses, physical measurements, environmental and lifestyle factors.
Baseline assessments were conducted in 2006 with the intention of follow-up, and was com-
pleted in 2010. Methods of baseline data collection included a self-completed questionnaire,
computer-assisted interview, physical measures, function measures and samples of blood,
urine and saliva. As such, the UK Biobank contains a plethora of genetic and phenotypic
information, including WGS available for all 500m000 patients and WES for 470,000 pa-
tients. Overall, the UK Biobank offers a wealth of resources with the aim of advancing

research in public health and epidemiology.

The primary objective of the main study was to optimize and train PRS models for
a range of common diseases, requiring access to comprehensive genotypic and phenotypic
datasets. The UK Biobank was selected for its ability to acommodate specific phenotype
definitions through its field IDs, and it also provides support for International Classification
of Diseases, 9" and 10" Revisions (ICD-9, ICD-10) and Office of Population Censuses
Surveys Classification of Intervention and Procedures, version 4 (OPCS-4) codes[172, 173].
For instance, the CAD phenotype was defined based on myocardial infarctions (MI) and
coronary revascularization. Various types of MI were defined by ICD-10 codes 121 (acute
MI), 122 (subsequent MI), 123 (certain complications following acute myocardial infarction),
124.1 (Dressler syndrome) and 125.2 (old myocardial infarction; occurring more than 4

weeks prior to cardiac rehabilitation services), while coronary revascularization was based
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on OPCS-4 codes for coronary bypass grafting or coronary angioplasty with or without
stenting: K40.1-40.4, K41.1-41.4, K45.1-45.5, K49.1-49.2, K49.8-49.9, K50.2, K75.1-75.4 &
K75.8-75.9. The stroke phenotype also encompasses multiple fields (algorithmically defined
outcomes for all stroke, ischemic stroke and hemorrhagic stroke). Thus, the UK Biobank
population of British related patients serves as one of the main study populations for the

construction of our novel PRS method.

1.1.3.2 VISION study

The Vascular Events in Noncardiac Surgery Patients Cohort Evaluation (VISION) study
was a large, international prospective cohort study consisting of over 40,000 patients aged
45 and older who underwent inpatient noncardiac surgery [174, 76]. The main focus of
VISION is to investigate adverse major vascular events occurring during non-cardiac surg-
eries. The study is motivated by changes in surgery over the years, with uncertainty
regarding the invasiveness of certain surgical interventions despite the increase in elderly
patients over the years. This international study spanned 28 academic hospital centres and
14 countries across the Americas, Asia, Europe, Africa and Australia, with patient recruit-
ment occurring from August 2007 to November 2013. All patients had received general or
regional anesthesia and remained in the hospital for at least one night after surgery. It
was observed among VISION participants that MINS was one of the three most important
perioperative complications associated with perioperative mortality, with the others being
major bleeding and sepsis [174]. Within the observed cohort, MINS ranked as the sec-
ond most prevalent complication following major bleeding, affecting 13.0% of patients (5
191 cases). Additionally, MINS showed an independent association with 30-day mortality
(314 deaths, HR: 2.2 [95% CI: 1.9 - 2.6]). Thus, VISION is an ideal cohort for evaluating
MINS-related PRS.
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For the substudy, VISION participants were investigated for ischemic symptoms ac-
cording to non-ischemic definition of MINS. Troponin elevation levels surpassing the 99"
percentile were adjudicated to have an ischemic origin. Clinical data is currently stored
at the Population Heath Research Institute (PHRI) in Hamilton, Ontario. Blood sam-
ples were collected, processed, frozen and stored for genotyping. The Precision Medicine
Research Array (PMRA) was used for genotyping. Quality control was performed using

PLINK software, with further imputations performed. Participants were restricted to those

with European genetic ancestry.

1.1.3.3 External Genome-wide Association Study Summary Statistics

This thesis is based on PRS, and thus relies numerous consortia conducting GWAS for anal-
yses. Examples of commonly referenced consortia and their GWAS include C4D/Cardiogram
for CAD and MI, DIAGRAM for T2D, or MEGASTROKE for stroke phenotypes. Tables
S4.1 and S5.2 displays the full list of GWAS referenced for PRS creation. All PRS utilized
within these studies underwent filtering criteria specific to the outcome of interest. For the
MINS study in Chapter 4, GWAS was selected according to related MINS risk factors (e.g.
cardiovascular conditions and related co-morbities). For the PRS methodology study in
Chapter 6, GWAS were selected from an pre-downloaded internal database, which is con-
stantly updated for prevalent traits. GWAS were required to no contain UKB data (due
to outcomes being based in UKB), be the most recently updated version of the summary

statistics and contain at least 5,000,000 variants.

1.1.4 Standards for Reporting PRS & Quality Control

The influx of novel PRS publication and methodologies within the recent decade warrants

a standardized method of developing and reporting these studies. Within the last decade,
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over 900 publications have mentioned PRS, involving evaluation, development and utility
of PRS [175]. Several guides have been developed to aid in this matter, such as Choi et al’s
“A guide to performing Polygenic Risk Score analyses” [123] and Wand et al’s Polygenic
Risk Score Reporting Standards (PRS-RS) [175], both published in 2020. These guidelines
aim to establish a standard for PRS by providing robust and sensitive data management

practices, as well as clear reporting standards.

1.1.4.1 Quality Control

The PRS is inherently reliant on the base data (GWAS) and the target data (cohort study).
Several important quality control (QC) conditions should be met for the GWAS itself, in
order to ensure robustness in the PRS generated from them [176]. These considerations
including missingness of variants and individuals, sex descrepancy, minor allele frequency
(MAF), Hardy-Weinbury equilibrium (HWE), heterozygosity, relatedness & population

stratification.

The GWAS base data should undergo a few QC steps. First, it is recommended to do
a heritability check on the GWAS to ensure it will sufficiently power the PRS. A chip-
heritability estimate (heritability captured by genotyping chip) threshold of hgnp > 0.05
for GWAS data is recommended[123]. Additionally, it is crucial to identify the effect
allele within the GWAS to ensure the correct effect direction of the PRS. More specific
thresholds recommended to ensure a high quality GWAS include but are not limited to:
genotyping rate > 0.99, sample missingness < 0.02, heterozygosity P > 10 x 1075, minor
allele freqency (MAF) > 1%, imputation ‘info score’ > 0.8 [123]. In terms of the target
(outcome) data, there is a sample size recommendation of at least 100 individuals, or

effective sample size (minimum sample size which achieves adequate statistical power) of

over 100 for case/control studies [177]. When large sample sizes are available for both the

35



GWAS and outcome data, certain thresholds may be slightly adjusted (e.g. SNPs with
MAF < 1% may be included).

Further checks should be ensured in both GWAS and outcome data. The correct genome
build version should be ensured. The bioinformatics tool LiftOver is suggested for stan-
dardizing genomic builds across different datasets [178]. Ambiguous SNPs, or variants
with complementary alleles, should also be considered. These are usually removed from
the analysis, as it can be difficult to match these alleles if the GWAS and outcome data
were generated using different genotyping chips and chromosome strand is unknown for
either. Another option is to infer the allele match based on allele frequencies, but this
has been shown to result in bias[179]. Strand mismatching may also occur (non-ambiguous
mismatch), though most PRS programs will flip this automatically. Duplicate SNPs should
also be removed. Additionally, sex chromosomes can be complex to handle, as males are
hemizygous for the X chromosome while females are homozygous. If they are included, scal-
ing and/or dosage compensation must be performed to mimic the effects of X-inactivation
in females. Various models exist to adjust for sex chromosomes [180]. However, if it suf-
fices to analyze chromosomal genetics, sex chromosomes can be typically removed from
analysis. It also recommended to remove overlapping samples/samples generated from
identical sources from the GWAS and outcome data, as this may result in overinflation of
results. Note this issue can also be addressed through a training/test split of the original
sample. Relatedness should also be considered, as a high degree of relatedness may also
result in inflation of results. It may be optimal to remove any data containing higly related

individuals (1%* and 2" degree relatives).

After the quality control is performed on the data, considerations should be made during

the actual process of PRS calculation[123]. Firstly, the influence of each SNP may not be
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equivalent, thus shrinkage of effect sizes may be considered. Some novel PRS methods
which utilize LASSO regression or Bayesian approaches autmatically consider shrinkage of
variants[136, 181, 131, 137]. A p-value threshold can also be applied, such that only variants
under a certain significance threshold are retained for PRS calculations. The optimal p-
value threshold for a given dataset can be obtained through tuning and simulations, as
a formal method to remove weakly associated variants from the calculation. Finally, for
the current literature, adjustments for linkage disequilibrium (LD) are crucial in PRS

calculations to manage the non-random associations of certain alleles.

1.1.4.2 PRS-RS: Polygenic Risk Score Reporting Standards

The Polygenic Risk Score Reporting Standards (PRS-RS) serve as a minimal criterion to
ensure clarity and reproducibility in reports on PRS development, with the ultimate goal

of clinical implementation [175].

First, the study should be outlined with appropriate outcomes, to describe the intent
and relevancy for using the population of choice. The risk being measured should be clearly
stated along with purpose and clinical relevancy. Dataset characteristics should also be
reported (e.g. demographics). Study population should also be described, with a focus
on ancestry and definitions regarding outcomes and genotyping assays. Next, the method
should be clearly outlined with descriptions regarding variation selection, statistical model
of choice and any other non-genetic variables included (e.g. correction for environmental

factor or clinical risk score).

It is also important to establish a standard for reporting PRS findings. First, the
PRS distribution should be described. Next, the predictive accuracy of the PRS should

be relayed, generally through performance measures (e.g. R?, proportion of variance) or
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risk estimates (e.g. odds ratio [OR] / hazards ratio [HR]). Discrimination and calibration
analyses should also be included, to ensure the fitted model will improve prediction or is
accurate to the actual observed data. Finally, demographics and clinical characteristics for

any subgroup analyses should also be reported.

There is also guidance for the discussion of PRS studies. A summary should be provided
regarding the interpretation of the risk model, including overall performance of the PRS.
This is usually relative to other PRS or clinical risk models. Limitations should be outlined,
along with generalizability to the target or other populations. Additionally, the intended
uses and future directions of the method should be stated. Finally, there should be sufficient

data transparency and availability to be able to replicate the results.
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Chapter 2

Hypothesis

2.1 General Hypothesis, Objective & Approach

2.1.1 General Hypothesis

Our hypothesis suggests that incorporating innovative statistical techniques to refine poly-
genic risk scores will enhance their predictive accuracy for complex diseases. Furthermore,
it is anticipated that polygenic risk scores will offer valuable insight into the etiology and

pathophysiology of cardiovascular diseases.

2.1.2 General Objectives

This PhD thesis is centrally focused on the optimization of polygenic risk scores for disease

risk prediction, and exploring their potential clinical applications.
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2.1.3 Rationale and Approach

Previous research has shown the substantial influence of genetics on prevalent disease.
PRS have emerged as a promising tool for improving risk prediction. In the recent years,
researchers worldwide have explored various strategies to develop a PRS suitable for clin-
ical use, with broad application to a global scale. Despite significant achievements, there
is still room for improvement, as the anticipated maximum potential for risk prediction
(derived from heritability studies) has not yet been reached. By employing less conven-
tional statistical approaches and meticulously selecting GWAS and phenotype data, our
methodology aims to enhance upon methods. Additionally, there is substantial evidence in-
dicating that integrating multiple PRS and regional genetic correlation information could
enhance predictive accuracy, both of which are encompassed by our methods. Further-
more, the application of PRS to diseases should unveil novel insights regarding etiologies
and pathophysiologies of certain conditions. This is particularly pertinent in the context
of cardiovascular diseases, given the considerable evidence of the underlying polygenic ar-
chitecture. We review the genetic and environmental causes of premature coronary artery
disease (pCAD), a condition characterized by genetic influences which affects younger co-
horts (Chapter 3). To highlight potential applications of PRS, we analyzed various MINS-
related PRS to ascertain their effectiveness in predicting MINS, both independently and
in conjunction with clinical risk scores (Chapter 4). Finally, we developed a PRS method
incorporating Multi Adaptive Regression Splines (MARS) to combine multiple regional

genotype principal components to attain optimal predictiveness (Chapter 5).

67



Chapter 3
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3.1 Forward

Coronary artery disease (CAD) is a complex disease which remains a leading cause of death
worldwide, and while prevention and treatment of CAD itself has significantly improved
and progressed steadily throughout the years, prognosis and overall understanding for
early-onset or premature cases remains poor. Premature coronary artery disease (pCAD)
refers to the condition of CAD occurring in patients younger than 65 years for women and
55 years for men. Mortality rates for pCAD have not declined over the years, despite the
high societal burden of affected demographic being younger individuals. This manuscript
provides a review for pCAD, seeking to address potential theories regarding the complex
pathophysiology and etiologies of the condition. In particular, the genetic and environmen-
tal factors of pCAD are examined due to the complex nature of the trait. Additionally,
we also explored the common clinical risk predictors for pCAD, along with the related
conditions of spontaneous coronary artery dissection (SCAD) and clonal hematopoiesis of

indeterminate potential (CHIP).

Due to pCAD being a condition of early onset, much of its etiology can be attributed
to genetic causes. The monogenic causes are mostly centred around dyslipidemias, mainly
familial hypercholesterolemia (elevated low-density lipoprotein [LDL] levels). pCAD also
exhibits underlying polygenic influences, as polygenic risk scores have shown to be pre-
dictive of pCAD. Similarly, rare variant polygenic risk scores have demonstrated decent

potential for pCAD prediction as well. Regarding clinical risk factors, hypertension and
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type 2 diabetes mellitus were covered, along with traditional risk scores used for CAD
predictions (e.g. Framingham risk score, AHA/ACC ASCVD risk calculator). As for envi-
ronmental risk factors, smoking, opioid usage, alcohol, amphetamines, stress and exercise
may have potential association with pCAD. In conclusion, the current nature of research
limits the full understanding of pCAD, and many cases remain without a clear and iden-
tifiable cause. There is overall need to gain a better understanding of the etiological and
pathophysiological causes of pCAD, in order to provide satisfactory approaches in pCAD

prevention and treatment.

This manuscript was recently accepted to Current Atherosclerosis Reports in April 2024.
Guillaume Paré was invited to compose a review on the etiology of pCAD and structured
the thematic content accordingly. Ann Le spearheaded the writing of the manuscript and
wrote a majority of the paper regarding genetics and clinical risk scores. All authors

contributed to the review and critical reading and revision of the manuscript.
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3.2 Abstract

PURPOSE OF REVIEW: This review provides an overview of genetic and non-genetic

causes of premature coronary artery disease (pCAD).

RECENT FINDINGS: pCAD refers to coronary artery disease (CAD) occurring before
the age of 65 years in women and 55 years in men. Both genetic and non-genetic risk
factors may contribute to the onset of pCAD. Recent advances in the genetic epidemiology
of pCAD have revealed the importance of both monogenic and polygenic contributions
to pCAD. Familial hypercholesterolemia (FH) is the most common monogenic disorder
associated with atherosclerotic pCAD. However, clinical overreliance on monogenic genes
can result in overlooked genetic causes of pCAD, especially polygenic contributions. Non-
genetic factors, notably smoking and drug use, are also important contributors to pCAD.
Cigarette smoking has been observed in 25.5% of pCAD patients relative to 12.2% of non-
pCAD patients. Finally, myocardial infarction (MI) associated with spontaneous coronary
artery dissection (SCAD) may result in similar clinical presentations as atherosclerotic

pCAD.

SUMMARY: Recognizing the genetic and non-genetic causes underlying premature coro-
nary artery disease (pCAD) is important for appropriate prevention and treatment. Despite
recent progress, pCAD remains incompletely understood, highlighting the need for both

awareness and research.
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3.3 Condensed Abstract

As a leading cause of global death, coronary artery disease (CAD) has been well investi-
gated throughout the years and clinical approaches for its prevention and treatment has
drastically improved over the years. Despite the improvements in clinical treatment of
CAD, the early-onset or premature cases of CAD are not as well investigated. Prema-
ture coronary artery disease (pCAD) is defined as CAD occurring before the age of 65
years in women and 55 years in men. This manuscript provides a review for pCAD, cover-
ing genetic influences (monogenic and polygenic causes), environmental influences (drugs,
stress/exercise), clinical risk factors and the related conditions of spontaneous coronary

dissection (SCAD) and clonal hematopoiesis of indeterminated potential (CHIP).

KEYWORDS: Premature coronary artery disease; Risk factors of premature coronary
artery disease; Genetics of coronary artery disease; Polygenic risk scores; Lifestyle factors

of coronary artery disease; Spontaneous coronary artery dissection

3.4 Introduction

Coronary artery disease (CAD) is the leading cause of death worldwide, with a reported 1
in 30 patients with CAD experiencing death each year [1]. In this review, the term CAD
is used generally to refer to atherosclerotic CAD, which is pathologically characterized
by the narrowing or blockage of the coronary arteries due to the buildup of cholesterol-
based plaques [2, 3]. CAD is influenced by both genetic and environmental factors. The
most common complication of CAD is myocardial infarction (MI), defined as the death of
cardiac cells due to blockage of the coronary arteries, which can lead to sudden cardiac

death (SCD) [4]. Early-onset or premature coronary artery disease (pCAD) is defined as
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CAD occurring in patients younger than 65 years for women and 55 years for men [3].
Despite progress in prevention and treatment of CAD, mortality rates for pCAD have not
declined and overall prognosis is poor, which is particularly sobering given the high societal
burden of CAD in young individuals [5]. In individuals aged between 35 and 44 years of
age, 62% of SCD cases have been ascribed to CAD [6].

As a disease of early onset, pCAD is often attributable to genetic risk factors. The most
common Mendelian disease associated with pCAD is familial hypercholesterolemia (FH),
characterized by lifelong, severe elevations of plasma low-density lipoprotein cholesterol
(LDLc) concentrations [7, 8]. However, detection of FH has been reported to be low,
especially in young adults, with only 2% of Europeans being diagnosed before the age of
18, and fewer than half of adult cases diagnosed before 40 years of age [9]. Furthermore,
only a minority of patients with pCAD are found to carry a FH-causing mutation, and thus
alternative methods of inheritance have been suggested, including polygenic contributions
from both common and rare variants. Environmental and non-genetic risk factors also
contribute to pCAD. These factors include smoking, opioid consumption, alcohol intake,
amphetamine usage, stress, and obesity. Spontaneous Coronary Artery Dissection (SCAD),
a condition characterized by incidental tearing within the coronary artery wall leading
to the formation of a false lumen, has similar manifestations to atherosclerotic pCAD
and can be easily overlooked [10]. This review explores the genetic and non-genetic risk

determinants of pCAD, with a focus on pathophysiological perspectives (see Figure 3.1).

3.5 Genetics of pCAD

Early onset diseases are frequently associated with stronger genetic predisposition [11, 12].

Heritability describes the proportion of variance in a trait that can be attributed to genetics
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Figure 3.1: This review focuses on the genetic and non-genetic causes of premature coronary
artery disease (pCAD). The genetic risk factors include monogenic and polygenic causes,
includeing both common and rare variants. Environmental risk factors include smoking,
drug usage and lifestyle choices (stress/exercise).

[13, 14]. Amongst other late-onset diseases, the heritability of CAD is relatively strong,
ranging from 37% to as high as 57%, as estimated from twin and family studies[13, 15, 14] .
Heritability for specific atherosclerotic phenotypes, including acute myocardial infarction,
coronary artery calcification and carotid artery atherosclerosis, are also relatively high and
generally ranges from 40 to 55% [16, 17]|. Heritability tends to be higher for pCAD than
for general CAD. Having a monozygotic twin who died from pCAD increases the relative
hazard of pCAD substantially, relative to not having a twin who died from pCAD (male
monozygotic HR = 8.1, male dizygotic HR = 10.5) [18]. More generally, individuals with
a first-degree relative (parent or sibling) diagnosed with pCAD exhibit an approximately
two-fold increase in risk of pCAD [19]. While late-onset CAD risk in first-degree relatives
is also significantly associated with pCAD, the strength of the association is reduced by
half [20].

The genetic risk underlying pCAD can be stratified into three categories: 1) monogenic,

2) common variant polygenic and 3) rare variant polygenic. While each mechanism can

74



independently accrue risk, they may also act in combination.

3.5.1 Monogenic Causes of pCAD

Monogenic or Mendelian disorders are single-gene diseases, in which affected individuals
carry one or two copies of the effect allele, inherited in a specific p attern (autosomal
dominant, autosomal recessive, X-linked dominant and X-linked recessive) [21]. A mono-
genic predisposition to pCAD typically arises from rare, high impact mutations in genes
responsible for encoding proteins which play pivotal roles in the metabolism of atherogenic

lipoproteins (see Table 3.1).

The predominant monogenic disease associated with pCAD is familial hypercholes-
terolemia (FH), defined as a Mendelian autosomal dominant disorder characterized by
lifelong levels of severely elevated plasma low-density lipoprotein cholesterol (LDLc) con-
centrations (> 190 mg/dl in adults) [7, 8]. According to a recent review, it is estimated
to affect approximately 1 in 300 individuals globally [22]. However, it should be noted
that FH prevalence can vary significantly depending on ancestry [23, 24]. FH can clin-
ically manifest as tuberous or tendinous xanthoma, which are localized cutaneous lipid
deposits [25, 26, 27]. The three genes most frequently linked to FH are LDLR (low-density
lipoprotein receptor), APOB (apolipoprotein B) and PCSK9 (proprotein convertase sub-
tilisin/kexin 9) [16, 28, 29]. Autosomal recessive forms of FH also exist and involve the
gene encoding for the LDLR adaptor protein 1 (LDRAPI1) [30, 31]. Irrespective of the
gene involved, the condition leads to the impaired low-density lipoprotein receptor func-
tion, decreased hepatic clearance of LDLc particles, increased deposition of cholesterol in
the inner layer of arteries, and ultimately atherosclerotic cardiovascular disease (ASCVD).
FH mutations are associated with an average 50 mg/dl increase in LDLc [2]. Notably, even

when LDLc levels are below the risk range (< 130 mg/dl), individuals with FH mutations
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are still associated with a 2.6-fold increase in general CAD risk. In pCAD populations, the
same mutations confer an even higher association with a 3.7-fold increase in pCAD risk

[32).

While elevated LDLc levels are often associated with the risk of CAD, there are mono-
genic mutations affecting other lipoproteins which also contribute. An ongoing debate re-
volves around elevated serum triglyceride (TG) levels and their role as an independent risk
factor for CAD and atherogenesis [33]. Familial hyperchylomicronemia syndrome (FCS) is
most commonly attributed to autosomal recessive mutation in the LPL gene coding for the
lipoprotein lipase (LPL) enzyme [34, 35, 36]. The LPL enzyme is responsible for the hy-
drolysis of triglycerides found in chylomicrons and very low-density lipoproteins (VLDL).
It is characterized by severely elevated triglycerides, including the pathological presence
of chylomicrons during fasting states [36]. While genetic studies have demonstrated that
Mendelian forms of FCS are causally linked to increased CAD and pCAD risk, the as-
sociation between moderately elevated TG levels and CAD remains inconclusive due to
confounding risk factors. Many risk factors for hypertriglyceridemia, such as body mass
index (BMI), type II diabetes (T2D) and alcohol usage, are also risk factors for CAD
[37]. Furthermore, results of clinical trials testing the effects of TG lowering agents on
cardiovascular events have been mostly null [38, 39, 40, 41, 42|, suggesting that only cer-
tain pathways leading to high TG levels are associated with CAD, while others are not.
Through the use of Mendelian Randomization (MR) studies, which examine the causal
effects of risk factors on diseases using genetic variants as instruments [43], LPL has been
associated with an independent effect of TGs on CAD [44, 45]. Additionally, it has been
observed that heterozygous carriers of the deleterious LPL mutation had 1.84-time greater
odds of pCAD than non-carriers [16]. FCS may also arise from mutations that indirectly

impair function of LPL. This includes biallelic loss-of-function mutations in genes related
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to LPL function, such as APOC2, APOA5, GP1HBP1 and LMF1 [46, 47, 48, 49] Carriers
of the APOA5 mutation were observed to have a 2.2-fold increased risk for early onset MI
and identified to have higher plasma TG levels relative to non-carriers [46]. Alternatively,
mutations in APOCS have been shown to reduce TG levels and risk of CAD [50, 51, 52].
Apolipoprotein C-III (APOC3) inhibits LPL, leading to increased TG levels. Randomized

control trials have shown it to be a promising target for treatment of elevated TG levels.

Intermediate density lipoproteins can contribute to elevated total cholesterol and triglyc-
eride levels, and are considered to also increase the risk of pCAD [53]. Familial dysbetal-
ipoproteinemia (FD), also known as type III hyperlipoproteinemia, is an underdiagnosed
autosomal recessive disorder characterized by the accumulation of triglyceride-rich rem-
nant lipoproteins. It occurs in individuals homozygote for the epsilon 2 (e¢/€2) isoform of
apolipoprotein E [54]. Other mutations can also lead to FD, and approximately 10% of
FD patients exhibit dominant or codominant inheritance patterns [55, 56]. ApoE regulates
lipoprotein levels via receptors of the LDL receptor gene family and cell-surface sulfate
proteoglycans [57, 58]. The defining characteristic of FD is Palmar striated xanthomas
affecting approximately 10% of FD patients [59]. It is characterized by yellow to brown-
ish colouration of palmar and finger creases. A cross-section study of 305 European FD
patients suggests peripheral artery disease (PAD) and CAD are the most common cardio-
vascular manifestations of FD (CAD prevalence = 19%, PAD prevalence = 4%) [60]. The
prevalence of FD can vary under different study definitions. When defined using a total
cholesterol level greater than the 90th percentile and the €2/€2 genotype, the total global
prevalence was estimated at 1 in 825 [61]. The apoE2 allele has a relatively high global fre-
quency of 0.08 relative to other rare diseases, and only 15% of homozygous carriers develop
dysbetalipoproteinemia [54, 62, 55]. Additionally, individuals who develop the disease can

have regular lipid levels for decades, due to the absence of additional inherited or acquired
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risk factors [62].

Sitosterolemia is a rare monogenic condition caused by recessive autosomal mutations
in ATP-binding cassette subfamily G genes (ABCGSH and ABCGS8) and is associated with
CAD [63, 64]. It is characterized by increased plasma concentrations of plant sterols (sitos-
terol, campesterol, stigmasterol), resulting from increased absorption of plant sterols and
decreased secretion from the liver. It has similar manifestations to FH, such as tendinous,

tuberous xanthomas and premature coronary atherosclerosis [63, 64, 65].

Elevated plasma homocysteine can present with asymptomatic or symptomatic homo-
cystinuria, which has been established to be an independent risk factor for atherosclerosis
[66, 67]. Typically inherited in an autosomal recessive pattern, it affects genes which
code for key enzymes in homocysteine metabolism: cystathionine-beta-synthase (CBS)
and methylenetetrahydrofolate reductase (MTHFR) [68]. Carriers of these mutations de-
velop severe cardiovascular disease before the age of thirty, which is hypothesized to be the
result of alterations in arterial structure and function as a result of damage to the vascular
endothelium and smooth muscle cells [69, 70]. However, the role of homocystinuria on
arterial function is not fully established, and the evidence supporting moderate increases
in blood homocysteine levels as a CAD risk factor is inconclusive [68]. Recent randomized
clinical trials assessing the effect of folic acid and vitamin By (vital precursors to homo-
cysteine metabolism) on homocysteine levels did not show evidence supporting their use

in primary and secondary prevention of CAD [71, 72, 73, 74, 75].

There exist rarer monogenic conditions which lead to complications which may evolve
into pCAD. Although their association to pCAD or CAD is considered controversial, some
studies have shown their connections to cardiovascular events. These conditions include

familial high-density lipoprotein deficiency I (Tangier Disease), autosomal dominant coro-

78



nary disease II, Williams Syndrome, Hutchinson-Gilford Progeria syndrome and pseudox-

anthoma elasticum.
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Disease

Global prevalence

Typical inheritance pattern

Genes affected

Pathogenic characteristics

Dyslipidemias

Familial hypercholesterolemia

Familial hyperchylomicronemia syndrome

Familial dysbetalipoproteinemia

Sitosteroleremia

Tangier disease (familial
high-density lipoprotein
deficiency I)

Metabolic disorders

Homocystinuria

Autosomal dominant
coronary artery disease
2

Athersclerotic complications of genetic syndromes

Williams Syndrome

Hutchinson-Gilfrod
progeria syndrome

Pseudoxanthoma elasticum
(Gronblad-Strandberg
syndrome)

1/311 [22]

1/500 [76]

1/825[61]

< 1/1000000 [63]

1/1000000 [78]

1/100 000(80]

Unknown

< 1/75000(86]

1/2 000 000[88]

1/25 000 to 1/100 000

Autosomal dominant /
autosomal recessive

Autosomal recessive

Autosomal dominant /
autosomal recessive

Autosomal recessive

Autosomal recessive

Autosomal recessive

Autosomal dominant

Autosomal recessive

Autosomal dominant

Autosomal recessive

LDLR, APOB, PCSK9

LPL, APOC2, APOAS,
GPIHBP1, LMF1

APOE

ABCG5/ABCGS

ABCA1

CBS, MTHFR

LRP6

Deletion at 7q11.23;
including ELN

LMNA

ABCC6

Severe elevated plasma LDLc
levels for a lifetime leading to
atherosclerotic plaques

Elevated fasting triglyceride
serum levels [77]

Presence of intermediate density
lipoproteins leading to increased
total cholesterol and
triglycerides

Accumulation of plant sterols

in the blood

Low HDL and tissue
accumulation of cholsteryl
esters [78, 79]

Elevated plasma and urinary
homocysteine levels, causes
damage to vascular endothelial
cells, resulting CAD
Loss-of-function of gene coding
for Wnt/B-catenin signaling co-
receptor regulating cell
proliferation and tissue

homeostasis [81]. Cardiovascular events

(MI, stroke, sudden cardiac death)
with a feature of metabolic
syndrome (hypertension,
hyperlipidemia and diabetes)

[82, 83, 84, 85]

Disrupted formation of elastic
fibers in various tissues
resulting in neurodevelopmental
intellectual ability. [86]
Increased risk of occult CAD
and progression of multi-site
arterial stenosis. [87]
Incompletely processed

variant of the

nuclear fibrillar protein

lamin A resulting in
premature, rapid aging

[89, 907 ]

Ectopic mineralization appearing
in elastic tissues of the skin,
eyes and the vascular system.
Increases risk of MI,

cerebral and peripheral artery
disease due to structural and
function changes in the arterial
wall [91, 92]

Table 3.1: Monogenic diseases associated with pCAD pathogenesis.



3.6 Polygenic Causes of pCAD

3.6.1 Common Genetic Variant Studies

CAD is a complex disease, and while many monogenic forms have been described, ge-
netic polygenicity also plays a role in its development[93]. Polygenicity refers to when
a phenotypic trait is influenced by several genetic loci to varying degrees. Genome-wide
association studies (GWAS) seek to detect associations between common genetic variants
and a phenotypic trait[94]. Genotyping is usually performed using SNP arrays combined
with statistical imputation of unobserved genotypes from reference panels. Genotyping
chips typically cover common variants which occur at sufficient frequencies, usually de-
fined as having an allele frequency of > 0.5% (one carrier per 100 individuals)[95]. The
influx of data from GWAS has allowed for identification of numerous CAD loci [96, 97]. A
recent GWAS study by Aragam et al. revealed 279 genome-wide significant associations
for CAD [96]. The conditionally independent causal loci reaching genome-wide signifi-
cance accounted for 15.5% of CAD heritability. All suggestively significant associations
(p <2.52x107?) approximating a 1% false discovery rate cumulatively accounted for 36.1%

of CAD heritability.

In 2007, the first CAD GWAS discovered the 9p21 locus, which remains the genetic locus
most strongly associated with CAD and MI [98, 99, 100, 101]. Homozygous carriers of the
9p21 variant have an approximate 2-fold greater risk of disease within pCAD populations
[99]. The locus contains enhancers which affect expression of tumor suppressor genes for
cyclin-dependent kinases 2A and 2B (CDKN21A and CDKN2B), which regulate cell growth
and proliferation [102]. Carriers of these variants have a population attributable risk of

21% for MI, and 31% in early onset cases [99]. While the exact mechanism of the 9p21 locus
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remains elusive, it has been associated with atherosclerosis and plaque enlargement due
to excessive cell proliferation within the arterial walls [103, 104, 42]. Additionally, studies
have observed a decrease in expression of tumour suppressors pl5 and pl6 within aortic
smooth muscle cells in the presence of the 9p21.3 locus[102, 105, 106]. This is associated
with higher proliferation of aortic smooth muscle cells and lack of cell senescence, leading

to further build-up of atherosclerotic plaques.

Polygenic risk scores (PRS) are often used as quantitative measures of an individuals
genetic susceptibility towards a given phenotype. PRS are typically computed as a weighted
sum of risk alleles across a large number of genetic variants associated with a given trait.
More recent methodologies incorporate advanced statistical methods and machine learning
to construct PRS [107, 108]. Since genotypes are determined at conception and PRS can be
calculated at early ages, PRS hold much potential for prediction of early onset diseases. For
various diseases, including CAD, it has been demonstrated that genetic relative risk tends
to decrease with age when compared to the risk associated with environmental factors or
other non-genetic factors [107]. The odds ratio (OR) for the 90th percentile PRS for CAD
in the youngest age group is 3.63 (age < 45 years), dropping to 1.77 for the 90" percentile
PRS for CAD in the oldest age group (age > 75 years). This suggests that while genetic
risk might decline with age, it remains highly relevant in younger cohorts. It has been noted
that risk detected by CAD PRS is comparable to risk detected by monogenic variants for
FH, with individuals in the highest 5% of PRS having a comparable 3-fold increase in CAD
risk, despite the much lower prevalence of FH (0.3%) [11, 109, 110]. Additionally, it has
been observed that polygenic background can influence penetrance of monogenic mutations
in CAD, and that risk captured by a CAD PRS may act largely independently from LDLc

pathways [111].
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The addition of CAD PRS to the clinically conventional AHA/ACC ASCVD risk calcu-
lator has been demonstrated to improve prediction for cardiovascular events, independent of
clinical risk factors [112, 113]. Individuals with a higher genetic risk as determined by CAD
PRS derive a greater relative and absolute benefit from both statin therapy and PCSK9
inhibitors to prevent a first CAD event [114, 115]. Thus, the use of PRS may prompt
earlier intervention in younger adults for earlier statin initiation or lifestyle adjustments to

prevent CAD onset.

There exist limitations to the use of PRS. Design of PRS is dependent on GWAS
summary statistics, which may vary in quality and are regularly being published. Hence,
PRS are constantly being updated. Currently, the majority of GWAS are performed in
individuals of European ancestry, limiting global applications because differences in genetic
ancestries lead to lower PRS predictiveness in non-European patients. The acquisition and
storage of genetic information for PRS has also raised ethical and privacy concerns [16].
Finally, while it is recommended to use PRS in conjunction with clinical risk scores, there

are currently no established standards or guidelines for the clinical application of PRS.

3.6.2 Rare Genetic Variant Studies

The recent decline in cost for sequencing has allowed for rare variant association studies
(RVAS), which can include rare variants that are not typically included on genotyping chips.
GWAS have been noted to have poorer coverage of variants in the 0.5-5% allele frequency
range [95]. This was first proposed due to the missing heritability problem, in which
variants of lower (0.5% < MAF < 5%) and rare (MAF < 0.5%) frequency could potentially
account for genetic effects that can be missed in regular GWAS studies. Rare variants do
not occur with sufficient frequency to associate tests based on individual variants, and

thus require aggregation in order to assess association with disease [114]. Their role in
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association with diseases could be significant due to their lower frequencies, which are

likely due to purifying selection [95].

A recent study developed a method coined “RV-EXCALIBER” which utilizes summary
statistics from an exome sequencing database to calculate rare variant burden over many
genes to determine genetic association [115]. The method creates a weighted rare-variant
genetic risk score (RVGRS) for CAD cases and controls in UK Biobank participants. The
UK Biobank is a large epidemiology study consisting of over 500, 000 individuals aged
40-69 from across the UK [116]. The resource contains variables for patient characteris-
tics and measurements including demographics, health diagnoses, physical measurements
and lifestyle factors. RV-EXCALIBER was found a strong association between RVGRS
and CAD in European and South Asian populations. Even after adjustment for known
Mendelian CAD genes, clinical risk factors (Framingham Risk Score) and common-variant
genetic scores (CVGRS), the RVGRS could identify 1.5% of the population with greater
than a 2-fold risk of pCAD, despite the lower power of rare variants relative to common

variants.

3.7 Clonal Hematopoiesis of Indeterminate Potential (CHIP)

Clonal hematopoiesis of indeterminate potential (CHIP) has been demonstrated to be
associated with premature MI and CAD. CHIP is an aging related condition occurring when
hematopoietic stem cells (HSCs) acquire somatic mutations, leading to the development
of blood cells with leukemic properties [117, 118, 119]. Over time, somatic mutations
gradually accumulate within HSCs, with certain mutations eventually gaining an advantage
over others [120]. Consequently, the prevalence of CHIP can vary significantly across age

groups, ranging from 5% in individuals under 60 years old to 30% in those over 80 years
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old [118, 121].

Given the absence of discernible signs and symptoms, CHIP can only be identified
through genetic analysis. The two genes most commonly associated with CHIP are epige-
netic regulators DNMT3A and TET?2, which play a role in modification of DNA methy-
lation [122, 123]. Mutations in ASXL, a gene involved in chromatin remodeling, are also
associated with CHIP. The presence of CHIP has been linked to a two-fold increase in the
occurrence of CAD [118]. Moreover, in patients between 45 and 50 years old, the presence
of CHIP is associated with a four-fold increase in occurrence of premature MI. CHIP has
been shown to contribute to accelerated atherogenesis, likely to due to its effect on inflam-
matory properties [118]. Specifically, this may result from alterations in transcriptional
regulation of macrophages, which play a role in mediating inflammatory responses and are
found within atherosclerotic plaques. Recently, CHIP has been found to be associated with
an adverse outcome in patients with atherosclerotic cardiovascular disease in the presence

of TET?2 or spliceosome mutations (SFSB1/SRSF2/U2AF1) [124].

However, it is important to acknowledge that the influence of CHIP on cardiovascu-
lar diseases remains a matter of debate, and some reports suggest a lack of association.
For instance, a study involving 200,453 participants found no significant association be-
tween clonal hematopoiesis and certain ischemic cardiovascular diseases including CAD
and stroke, with age as a strong confounding factor [125]. This suggests that previous
associations may simply be a result of aging. Furthermore, causal relationships were not
found between variants associated with clonal hematopoiesis and outcomes such as CAD,
ischemic stroke and heart failure through Mendelian randomization analysis [125, 126].
Thus, while investigating the relationship between CHIP and cardiovascular diseases hold

promise, further refinement is needed, considering that identifying the presence of CHIP

85



can be challenging and results may heavily rely on the quality of genetic variant calls.

3.8 Non-Genetic Risk Factors of pCAD

While CAD is highly heritable, non-genetic risk including environmental and lifestyle fac-

tors also contribute to pCAD.

3.8.1 Clinical Risk Factors & Clinical Risk Scores

While clinical risk factors and clinical risk scores are often viewed as separate from genetic
factors, they entail elements of both environmental and genetic factors. Hypertension and
type 2 diabetes mellitus (T2D) are two important risk factors for CAD [127, 128, 129, 130].
Hypertension has been shown to increase risk of pCAD by as much as 60% [131]. In the
case of T2D, even when pCAD patients are not diagnosed with T2D, they are often seen
to have mild disruption in glucose metabolism and compromised glucose tolerance [132].

A family history of diabetes is also associated with ASCVD and pCAD [133].

The Framingham risk score (FRS) was originally developed in 2008 and is one of the
most used clinical risk predictors for CAD [134, 135]. It considers clinical risk factors: age,
total cholesterol, high-density lipoprotein cholesterol (HDL-C), systolic blood pressure,
blood pressure, smoking and diabetes to predict 10-year risk of incident cardiovascular
events. Currently, the American College of Cardiology and American Heart Association
recommends 10-year cardiovascular risk calculations using the AHA/ACC ASCVD risk
calculator for adults aged 4075, which references similar clinical risk factors as the FRS
[5, 147]. Other variations of clinical risk scores include the European Systematic Coronary
Risk Evaluation (SCORE) [136], the Reynolds risk score [137], the INTERHEART risk
score [137, 138], the Assign risk score [139], the QRISK3 score [140], the PROCAM risk
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score [141] and the CUORE risk score [142, 143, 144]. It has been demonstrated that
individuals with pCAD have many modifiable risk factors (i.e. controllable risk factors
such as diet, exercise, smoking) [145]. Some notable risk factors of the pCAD population

include smoking and body mass index (BMI).

All these clinical scores were designed to predict later onset CAD and consider age as
a strong risk factor. Hence, younger individuals are almost invariably considered at low
risk and these scores have limited utility to predict pCAD [143]. Additionally, these scores
do not consider family history and thus do not account for the genetic contributions to
pCAD. It has been shown that incorporation of family history can significantly improve risk
assessment, especially in pCAD populations [20, 146]. Furthermore, these scores tend to
only be well calibrated to the population in which they are developed. For example, FRS,
developed from a primarily white male cohort from 2008, has been shown to overestimate

cardiovascular risk in women [144, 147, 148].

3.9 Smoking & Other Drugs of Abuse

3.9.1 Smoking

Smoking is a well-known non-genetic, modifiable risk factor for cardiovascular diseases
[149]. The Framingham Heart study identified a 1.92-fold and 1.70-fold higher risk in
pCAD with heavy smokers aged 3544 relative to nonsmokers in men and women respectively
[134]. In a study comparing gender and age-stratified pCAD cases and non-pCAD controls,
cigarette smoking was observed in 25.5% of pCAD patients relative to 12.2% in non-pCAD

patients [150].

Tobacco smoke contains a variety of harmful chemicals and substances which can con-
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tribute to pCAD, including reactive oxygen species (ROS). The oxidative stress resulting
from ROS is thought to be a contributor to inflammation and carcinogenesis. Specifically,
ROS can cause endothelial activation, resulting in proinflammatory proliferation of en-
dothelial cells and impaired vasodilation [151, 152]. Additionally, a simultaneous increase
in ROS and decrease in antioxidant capacities can impact the oxidative potential of LDL.
This allows macrophage uptake via scavenger receptors A and CD36, ultimately leading to

foam cell creation and atherosclerotic deposits on arterial walls [153].

While cigarette smoking has been steadily decreasing over the last two decades, nicotine
consumption remains on the rise due to increased consumption of e-cigarettes [154, 155,
156]. The 2020 National Youth Tobacco Survey (NYTS) reports 19.6% of American high
school students and 4.7% of American middle school students as regular e-cigarette users
[157, 158]. It has also been reported that e-cigarettes can act as a gateway to traditional
cigarettes [159]. Though the association between e-cigarettes and CAD remains controver-
sial, studies have suggested that certain toxic components within e-cigarettes may induce
harmful cardiovascular effects. Regardless of history of traditional cigarette usage, adults
who have normal flow-mediated vasodilation exhibit pronounced vasoconstriction upon ex-
posure to e-cigarettes [160, 161, 162]. The increased stress from vasoconstriction may lead
to an increase in atherosclerotic deposits [163]. Additionally, acrolein is a carcinogenic sub-
stance found within e-cigarettes, and has been shown to induce inflammation, oxidative

dysfunction, and endothelial dysfunction [164].

3.9.2 Opioid Usage

Opiates are non-synthetic narcotics derived from the opium poppy plant, belonging to
the opioid class of drugs (which includes synthetic derivatives) [165]. Opioid use disorder

(OUD) and opioid addiction is considered an epidemic in the United States and worldwide,
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with over 2.1 million people affected in the United States and 16 million people worldwide
[165, 166]. Over 120,000 deaths are attributed to opioids annually. Opiate usage has been
increasing in North America over the past two decades, as indicated by the 53% rise in

hospitalizations and deaths attributed to their usage [167].

Complications of chronic use and overdose of opioids include acute MI, arrhythmias
and heart failure [167, 168]. The use of opium has been reported to be directly associated
with cardiovascular complications such as hyperlipidemia (changes in LDL, HDL, and
TG levels), oxidative stress, decreased physical activity, insulin resistance, and increased
levels of homocysteine, fibrinogen, and PAI-1 [169, 170, 171]. Increased inflammation may
also occur, due to an increase of antagonistic activity on inflammatory mediators such
as interleukin-17, interleukin-1 and C-reactive protein (CRP) receptors, all of which have
been associated with atherosclerosis. It should also be noted that opioids are commonly
associated with respiratory depression, due to the impact on the receptors mediating
respiratory neurons [184]. This may also manifest as an alternative mechanism in which
opioids may cause cardiovascular complications through the induction of oxidative stress.
Heritability of OUD is estimated to be approximately 50% [172]. Opioid overdose is the
highest among individuals between the ages of 40 and 50, while the most common age for
treatment of OUD is between 20 to 35 years old [173]. Notably, heroin overdoses occur
mostly between the ages of 20 and 30. Opium is most commonly used in Southeast and
Central Asia, with Iran accounting for 42% of global consumption [174]. The Milano-
Iranian Study (MIran) observed 1011 young patients (males < 45 years, females < 55
years) with severe CAD who underwent diagnostic coronary angiography (CAG) at the
Tehran Heart Center against 2002 controls [175]. Active opiate consumers had a 3.8-fold
increase in pCAD risk relative to non-consumers. However, the effect of opioids on pCAD

remains controversial, and some studies have found a lower use of opioids in pCAD cases
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as compared to controls [176].

3.9.3 Alcohol

Young adults (aged 18 to 30 years) are considered the group that consumes the most alcohol
and binge-drinks the most [177, 178]. The effect of alcohol on cardiovascular diseases
remains contentious, due to the observations of both protective and deleterious effects
depending on consumption levels [177, 179, 180]. Alcohol consumption has also been
linked to an increase in CAD risk factors, such as high systolic blood pressure and LDLc
levels. Abusive drinkers (consumption of > 45 g of alcohol per day) were observed to have
a 1.38 times higher chance of developing CAD [181, 182]. Recent MR have demonstrated a
causal association between alcohol consumption and CAD. A linear increase in CAD risk
with increasing levels of alcohol consumption was reported, suggesting alcohol increases
CAD risk even at low consumption levels [183]. The CARDIA study found a significant
association between binge-drinking and atherosclerosis in young drinkers (aged 33 to 45
years) [184]. Notably, the largest percentage of binge-drinkers (43.5%) was found among
ages 18 to 49 [185].

3.9.4 Amphetamines

Amphetamines belong to a drug class of central nervous system stimulants, acting by
increasing the amount of dopamine and serotonin in the synaptic space [186, 187]. Ad-
ditionally, amphetamine has been found to reduce complex IV and cytochrome oxidase
transient activity in mitochondria, leading to vascular damage and an increase in ROS
levels due to a decrease in antioxidant capacity [188]. Increased dopamine levels can lead
to the formation of reactive quinones, which may also increase ROS levels [189]. The use of

amphetamine is observed to be independently associated with a 2.74-fold increase in risk
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of pCAD [190]. In a group of participants under 30 years old, a 12-fold increase of risk
in premature cardiovascular disease was seen in amphetamine users relative to non-users

[191].

3.9.5 Stress and Exercise

pCAD has been found to be associated with elevated levels of stress and hostility-related
factors. Characterized as any physiological response arising from a physical stressor or
heightened emotional reactivity, stress can lead to extended periods of activation of the
sympathetic nervous system and depletion of both nervous and immune systems [187, 192,
193, 194, 195, 196, 197, 198, 199]. In a 2002 prospective study observing anger and stress
levels in young men, individuals categorized in the highest level of anger and stress were
associated with increased pCAD and premature MI [200]. Low physical activity and the
increase of childhood obesity have also been linked to pCAD [201]. Generalized obesity
is defined as a body mass index (BMI) > 30 kg/ m2 [202]. The worldwide prevalence
of childhood obesity has risen 60% from 1990 to 2010 [203]. Childhood obesity can be
attributed to a variety of environmental, social or genetic risk factors [204]. Individuals
identified with a higher genetic risk of obesity were associated with a 50% greater risk
of developing CAD [201, 205, 206, 207, 208, 209]. Additionally, the same cohort was
identified with increased levels of artery calcification [210]. Within a group of younger
male participants (age 15 to 34 years), an increased amount of atherosclerotic fatty streaks
within the right coronary artery was observed in those who were considered clinically obese

or had a BMI greater than 30 [211].
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3.10 Spontaneous Coronary Artery Dissection (SCAD)

Spontaneous coronary artery dissection (SCAD) is often confused with atherosclerotic
pCAD due to its similar manifestations and the predominantly younger age of the af-
fected population [204]. SCAD is characterized by an incidental tear within the coronary
artery wall, leading to the formation of a false lumen that compresses the true lumen which
drastically increases MI risk [212, 213, 214]. It is predominantly present in younger female
populations, with 80% of cases occurring in females between the ages of 43 and 53 years
[215]. Up to 35% of MI cases in women under the age of 50 are caused by SCAD [215].
It has been suggested that drastic shifts in hormonal levels can lead to the weakening
of arterial walls. Estrogen stimulates the release of nitric oxide (vasodilator) while also
increasing HDL levels, consequently reducing plaque formation [216, 217, 218, 219, 220].
During menstruation and pregnancy, high levels of estrogen are present. However, the
steep drop after this period has been suggested to induce SCAD risk. Individuals within
the typical age range of pregnancy (3336 years) diagnosed with SCAD are associated with
a higher risk of MI and ventricular fibrillation, due to the sudden drop in estrogen-induced

vasodilatory and hypotensive effects on vascular smooth muscle [216, 220, 221, 222].

3.11 Conclusion

Despite recent progress, there are limitations to our current understanding of pCAD. Up
to 20% of pCAD cases are not attributed to conventional atherosclerotic CAD, and remain
without a clear identifiable cause [223, 224, 225, 226]. This creates challenges both for
personalized therapy and prevention of pCAD through identification of at-risk individuals.
Furthermore, genetic studies remain predominantly conducted in European populations,

hindering generalizability to non- European populations. Finally, recognition of pCAD
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as a unique clinical entity requiring tailored medical history, laboratory investigations and
treatments is necessary. Particularly, a detailed multi-generation pedigree is valuable (with
accurate phenotyping) in identifying Mendelian inheritance patterns and disease type. In-
quiry with focus on age of symptoms onset, drug and alcohol use, social history, and
diet /exercise profiles can also aid in risk stratification of pCAD. However, there is a need
to gain a better understanding of biological pathways and genetic variants linked to pCAD,

otherwise it will be challenging to offer satisfactory preventative approaches.
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4.1 Forward

Perioperative complications have garnered attention recently, especially with the growing
population of elderly individuals requiring surgeries and the ongoing gaps of understanding
certain aspects in their etiologies or pathophysiologies. Myocardial injury after non-cardiac
surgery (MINS) is one such example. Despite being the most prevalent cardiovascular
complication post-surgery, its root causes remain incompletely elucidated, prompting in-
vestigation into genetic causes. Notably, evidence has previously demonstrated that many
clinical risk factors related to MINS, such as coronary artery disease (CAD) or diabetes, can
have strong genetic dispositions. Currently, the most common risk predictor for MINS is
the Revised Cardiace Risk Index (RCRI), which considers several components that exhibit
significant genetic predisposition. Thus, polygenic risk scores (PRS) related to MINS were
considered as a potential quantitative measure of risk association with MINS. PRS calcula-
tions were performed for various risk factors associated with MINS, and their associations

with MINS were examined to gain insights into its underlying cause.

Our application of PRS to MINS unveiled the association between type II diabetes
(T2D) PRS and MINS, and a hemoglobin Alc (HbAlc) PRS and MINS. The case-control

study was based within the VISION cohort, an international cohort of individuals aged 45
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and older unergoing inpatient noncardiac surgery across 28 centres and 14 countries. MINS
was determined by daily troponin levels on days 1, 2, and 3 after surgery, after which PRS
were computed using publicly available genome-wide association study (GWAS) summary
statistics. RCRI was also computed for each participant for comparison purposes. Condi-
tional logistic regression was used to evaluate PRS association with MINS, and C-statistics
from the receiver-operator curve (ROC area under the curve [AUC])were calculated to de-
termine discriminative capacity of PRS. Apart from the T2D and HbAlc PRSs, no other

PRS were associated with MINS, including the PRS for CAD.

In summary, the findings revealed that when the T2D and HbA1lc PRSs are combined
with RCRI, they are associated with MINS and can potentially improve prediction. The
association is encouraging and unveils potential insights into MINS pathophysiology and
treatment. In particular, the observed association between T2D and HbAlc PRS may sug-
gest a potential role of microvascular disease in MINS onset as opposed to being driven by
atherosclerotic CAD as formerly hypothesized. However, it should be noted that the study
is potentially limited by the lower sample size, and previous studies have shown associations
between CAD PRS and MINS. The findings suggest that the underlying pathophysiology
of MINS is potentially multifaceted, and it may be beneficial to consult clinical trials which

consider diabetes and glucose management.

This manuscript is currently undergoing minor revisions for JAAC: Advances. Flavia
K. Borges and Guillaume Paré conceptualized and designed the study. Irbrahim Quazi
conducted initial statistical analyses. Ann Le followed up with the analysis plan, performed
further statistical analyses (rerun of logistic regressions, and reclassification analyses), and
wrote the manuscript. All authors contributed to the interpretation of the findings and to

the critical reading and revision of the manuscript.
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4.2 Abstract

BACKGROUND: Myocardial injury after noncardiac surgery (MINS) is the most preva-
lent vascular complication following surgical procedures. Despite the widespread use of the
Revised Cardiac Risk Index (RCRI) score for prediction of postoperative cardiovascular
complications, predictive accuracy remains suboptimal. Considering genetic influences may
improve risk prediction, through the use of polygenic risk scores (PRS). We propose inte-
gration of PRS with the RCRI score to enhance prediction of MINS, while also seeking to

identify PRS associated with MINS to gain insights into its pathophysiology.

METHODS: This is a case-control study nested within the VISION cohort, a large-scale
international prospective representative cohort compromising 40,004 individuals aged 45
and older undergoing inpatient noncardiac surgery across 28 centres and 14 countries.
Daily troponin levels were measured preoperatively and on days 1, 2 and 3 after surgery.
3,264 blood samples were processed, frozen, and stored for future genotyping. PRS were
computed for MINS risk factors using publicly available summary statistics to compare pre-
dictive and discrimination performances of PRS and RCRI. Logistic regression techniques
were employed to evaluate the association between PRS and MINS, adjusting for the RCRI
score and genetic principal components (PCs). PRS discrimination was determined both

independently using c-statistics and in combination with the RCRI score.

RESULTS: Among participants from the VISION Biobank, 253 MINS cases were matched
with an equal number of controls, adjusting for age, sex, and limited to individuals with
European genetic ancestry (ngta1 = 506). In the conditional logistic regression model
adjusting for matched pairs, the Type II Diabetes (T2D) PRS (adjusted OR = 1.26, 95%
CI: 1.00 1.58, p-value = 0.047), and the HbAlc PRS (adjusted OR = 1.26, 95% CI: 1.03
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1.54, p-value = 0.026) were associated with MINS. No other PRS was associated with
MINS, including PRS for coronary artery disease (CAD), stroke and lipid biomarkers. C-
statistics reported no significant improvement in discrimination capacity for PRS scores in

addition to the RCRI score.

CONCLUSION: The T2D PRS and the HbAlc PRS was associated with an increased
risk of MINS. However, no other PRS were associated with MINS. As previous studies
have indicated associations between cardiovascular conditions (CAD) and MINS, these
findings may reflect the multifactorial pathophysiology of MINS and the need for larger,
better powered, genetic studies. Given prior research indicating a connection between
perioperative glucose levels and MINS, trials evaluating interventions effective in managing

diabetes and glucose during the perioperative period warrant consideration.
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4.3 Condensed Abstract

Despite being the most common vascular complication following surgical procedures, the
etiology and predictive accuracy for myocardial injury after noncardiac surgery (MINS)
remains suboptimal. Currently, the Revised Cardiac Risk Index (RCRI) is used to predict
MINS. We propose integration of genetic risk into MINS prediction, through the use of
polygenic risk scores (PRS). PRS were created for MINS risk factor with the aim of im-
proving risk prediction for MINS. A significant association was found between T2D PRS
and MINS, and HbAlc PRS and MINS. No other significant associations were found be-
tween any other PRS and MINS, including the PRS for coronary artery disease (CAD).
These findings suggest a potential underlying multifactorial pathophysiology for MINS, and

it may be beneficial to consult glucose biomarkers to improve risk prediction for MINS.

KEYWORDS: Myocardial injury after noncardiac surgery, Risk prediction of myocardial

injury after noncardiac surgery, Polygenic risk scores

4.4 Introduction

Worldwide, 1 in every 30 to 40 adults will undergo a noncardiac surgery [1]. While non-
cardiac surgeries can greatly improve a patients quality of life, perioperative complications
may occur due to the patients circumstances regarding the underlying clinical condition
requiring surgery, the anesthetic, and the surgical procedure. The most common cardio-
vascular complication after surgery is myocardial injury after noncardiac surgery (MINS),
defined as myocardial injury presumed to be due to underlying cardiac underlying car-
diac ischemia occurring during or within 30 days after surgery [2]. It occurs in up to 1

in 6 patients undergoing noncardiac surgery. In a recent systematic review with over 530
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000 participants, the estimated incidence of MINS was 18% (2, 3]. MINS is an important
perioperative event as it is associated with increased risk of further cardiovascular events
and death in the coming 30 days after surgery [2, 3]. The VISION (Vascular Events in
Noncardiac Surgery Participants Cohort Evaluation) study has demonstrated that among
40,004 patients undergoing inpatient noncardiac surgery, MINS was one of the three most
important perioperative complications associated with perioperative mortality [4]. Despite
its high incidence, the etiology of MINS remains incompletely understood, although some
studies have demonstrated that a high proportion of patients suffering MINS have un-
derlying coronary artery disease (CAD). A better understanding of MINS predictors and
underlying physiopathology may improve its prevention, early detection and management

[5].

Currently, the Revised Cardiac Risk Index (RCRI) score is the most common method
recommended for clinical prediction of perioperative cardiovascular complications. The
RCRI score consists of six variables: history of CAD, history of congestive heart failure
(CHF), history of cerebrovascular disease, diabetes on insulin, creatinine levels greater
than 177 mmol/L and high risk surgery[5, 6]. Previous evidence indicates that certain
traits considered in the RCRI score (such as CAD, and diabetes) can exhibit significant
genetic predisposition, suggesting that employing genetic tools for prediction of MINS could

be successful [7, 8].

The advent of genome-wide association studies (GWAS) has facilitated the identification
of numerous genetic loci linked to various traits [9]. By leveraging known genetic associa-
tions from GWAS, polygenic risk scores (PRS) can be computed for individuals, providing
quantitative measures of their genetic predisposition to specific phenotypes. PRS have

recently gained relevance for their potential in early disease intervention and prevention,

131



notably in conditions such as premature CAD or Alzheimers disease [10, 11]. For instance,
GWAS have pinpointed multiple genetic loci, including the 9p21 locus, known for its robust
association with CAD and myocardial infarction (MI) [12, 13, 14]. Previous studies have
indicated that PRS outperform individual clinical risk factors in CAD prediction [15, 12].
Additionally, PRS have demonstrated utility in diabetes prediction and differentiation be-
tween type I diabetes (T1D) and type II diabetes (T2D) [16, 17]. Recent findings further
highlight the significance of leveraging genetic predictions, with both PRS and family risk
scores independently linked to T2D risk [18]. Considering PRS alongside clinical risk scores
can be advantageous, as genetic factors can often serve as the earliest indicators for many
diseases or traits with heritability. PRS can also provide insight into a patient’s lifelong

predisposition to disease, capturing additional risk information.

In this study, we computed PRS for traits corresponding to potential risk factors for
myocardial injury after noncardiac surgery (MINS) in participants with and without MINS
using patient genotyping data from the VISION study [4, 19]. We hypothesized that
individuals with a history of MINS would exhibit a higher standardized PRS for cardio-
metabolic risk factors such as CAD, T2D and lipid biomarkers. We additionally aimed to
assess the additional clinical value of PRS in identifying high-risk MINS patients beyond

conventional perioperative risk scores.

4.5 Methods

4.5.1 Study Population & Definition

This is a case-control study nested within the VISION cohort. The study population is
derived from the VISION Study, an international initiative comprising 28 centers across

14 countries with over 40,000 representative participants aged 45 and above undergoing
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inpatient noncardiac surgery (Figure 4.1) [4, 2]. This cohort was prospectively evaluated for
major complications occurring within 30 days after surgery. MINS outcome was determined
by measuring daily troponin levels pre- and post-operatively. Blood samples were obtained
preoperatively and on days 1, 2 and 3 post-surgery. 4,428 patients were included in the
VISION Biobank, and 3,264 had a buffy coat sample available.

Among Biobank participants, we randomly selected 300 cases of participants who ex-
perienced MINS, followed by the selection of 300 controls who did not exhbit troponin
elevation within the initial 30 days post-surgery (i.e. without MINS), matched by age (£ 5
years) and sex. We restricted the Biobank samples to patients of European ancestry (rep-
resenting 85% of VISION Biobank samples). Additionally, 83 participants were excluded
for lack of case-control match, misrepresented ancestry and lack of RCRI availability. The
final sample comprised 506 participants, evenly divided between those with MINS (253

participants) and those without MINS (253 participants).

MINS diagnosis was established based on a new troponin elevation judged to be due
to acute ischemic etiology within 30 days post-surgery, excluding alternative causes such
as chronic troponin elevation, pulmonary embolism, sepsis or rapid atrial fibrillation. All
patients with a troponin elevation in the main VISION Study were assessed for ischemic
symptoms and electrocardiographic ischemic findings. Continuous monitoring was con-
ducted by research personnel during hospitalization, along with a 30-day follow-up tele-
phone call. Data collection on variables and outcomes involved interviews with patients or
their next of kin, along with chart reviews. Source documents pertaining to outcome events
were obtained from primary-care physician or hospital records. Case report forms and sup-
porting documentation were securely stored at the coordination centre (Population Health

Research Institute [PHRI], Hamilton, Ontario, Canada) in an online data management
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VISION substudy participants
n =4 428

589 random participants for genotyping
Nested case-control matching

Filtering out genotypes not passing quality control, without matches,
with misrepresented ancestry & lack of RCRI availability

CASE (n = 253) CONTROLS (n = 253)
Patients with MINS Patients without MINS

Analysis 1: Conditional Logistic Regression Model
Testing association of RCRI and PRS predictors
with MINS phenotype

Analysis 2: ROC AUC & C-statistics
Discriminative capacity calculated for each PRS
with RCRI for the MINS phenotype

Evaluation of predictiveness for validation
of association between scores and MINS (e.g. odds ratio)

Figure 4.1: Overview of Experimental Design for VISION MINS PRS study.
This figure shows the flow of participant selection, along with the analyses that were
conducted on the sample to determine the association between PRS and MINS. The VI-
SION Biobank sample originally consists of 4,428 patients, from which 600 patients were
randomly selected for case-control matching. Amongst the 600 patients, those without
matches, misrepresented ancestry and lack of RCRI availability were filtered out, resulting
in a final sample of 253 cases (patients with MINS) and 253 controls (patients without
MINS) matched for age and sex. Conditional logistic regression and discrimination capac-

ity analyses were performed on this sample.
RCRI = revised cardiac risk index, PRS = polygenic risk score, ROC = receiver-operator curve
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system (iDataFax).

Blood samples from the VISION Biobank were collected, processed, frozen, and stored
for genotyping purposes. Genotyping was carried out using the Axiom Precision Medicine
Research Array (PMRA) release 3, with quality control conducted using PLINK software.
Among the 589 genotyped samples, 583 passed quality control. The genotyping chip assays
up to 841,064 variants, of which approximately 578,220 variants (69%) were detected within
the VISION cohort; 265,804 variants (31%) were excluded because the second allele was
not observed within study samples due to the relatively moderate sample size (N < 1000).
Of these 578,220 variants detectable within the VISION-CS participants, 573,428 (99%)
passed quality control. Genetic imputation was then performed on the directly genotyped
variants against the TOPMED release 2 reference panel using the TOPMED imputation
server (EAGLE2 for phasing and Positional Burrows Wheeler for imputation). Finally, we

excluded variants with a minor allele frequency (MAF) <0.1% and imputation 72 < 0.3.

4.6 Calculation and Derivation of Polygenic Risk Scores

Genome-wide association study (GWAS) summary statistics were obtained from large,
external genetic meta-analysis consortia, corresponding to CAD and other traits relevant
to MINS risk factors S4.1). The chosen traits were cardiovascular risk factors, which are
hypothesized to be related to MINS. LASSOSUM?2, a method for computing PRS using
penalized regression, allows for adjustments of tuning parameters through an embedded
reference panel [19]. The computation efficiency and predictive accuracy of LASSOSUM?2
have been evidenced to surpass those of comparable methods [20, 21]. PRS for each trait
were computed using LASSOSUM?2 for the 506 participants, with variants filtered based

on a significance threshold of p < 0.01.
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4.7 Statistical Analyses

We calculated that, to detect an odds ratio of 1.5 for MINS per 1 standard deviation (SD)
increase in CAD PRS with 90% power at significance level of 0.05 (two-sided), a sample of

128 matched pairs would be necessary, with each pair compromising 1 case and 1 control.

Conditional logistic regression was utilized to explore the association between MINS
risk factor PRS and MINS, with and without RCRI adjustment, while adjusting for 10
principal components (PCs) to address genetic ancestry. The clogit () function from the
R package survival was used to construct all conditional logistic regression models. Genetic
PCs were derived using GCTA (Genome-wide Complex Trait Analysis), which estimates
genetic relatedness among SNPs through variance calculations. PCs were generated using
the 1000 Genomes database as a reference, retaining clusters within three SDs of the

reference data as the 15t and 274 P(Cs.

The discriminative performance of the PRS was assessed using the area under the re-
ceiver operating characteristic (ROC) curve. C-statistics were computed to determine
whether PRS improves the discrimination of predictive model for MINS. The R package
pROC was used to determine C-statistics through the roc() function. Initially, discrimi-
nation was evaluated for PRS alone, and then combined with the clinical risk prediction
RCRI score. Furthermore, Net Reclassification Improvement (NRI) was also calculated,
using the improveProb() function from the Hmisc R package. R version 4.2.0 was used

for all statistical analyses.
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4.8 Results

The baseline characteristics of participants according to case (participants with MINS) and
control (participants without MINS) status are displayed in Table 4.1. The cohort had an
average age of 71.7 years, with 282 male and 224 female participants. The most prevalent
comorbidities included hypertension (67.7%), CAD (22.8%), and diabetes (21.3%). The
distributions of CAD PRS, T2D PRS, Hemoglobin Alc (HbAlc) PRS and RCRI scores

among patients with and without MINS is shown in Table 4.3.

The CAD PRS exhibited a significant association with the CAD baseline condition
(OR 2.63, 95% CI 1.54 - 4.50, p < 0.001) (4.2). Similarly, the HbAlc PRS was associated
with T2D (OR 1.67, 95% CI 1.12 - 2.48, p = 0.011). However, there was no significant
association between the T2D PRS and the occurrence of T2D (OR 1.21, 95% CI 0.82 -

1.81, p = 0.34). Other phenotypes apart were not examined due to insufficient data.

Among all PRS traits analyzed, the HbAlc PRS exhibited a significant association with
MINS, with an odds ratio (OR) of 1.30 per SD (95% CI 1.07 1.57, p = 0.0081). Moreover,
the HbAlc PRS could stratify patients into risk categories without RCRI (Figure 4.2). No

other PRS demonstrated a significant association with MINS.

We subsequently assessed the association of each PRS further adjusting for RCRI (Table
4.4). With the inclusion of RCRI, the T2D PRS exhibited a significant association with
MINS, with an OR of 1.26 per SD (95% CI 1.00 - 1.58, p = 0.047). The HbAlc PRS also
showed significance, with an OR of 1.26 per SD (95% CI 1.03 - 1.54, = 0.026). There were
no significant associations with any other PRS, nor did the inclusion of any other traits

PRS enhance prediction when combined with RCRI (Figure 4.2).
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Figure 4.2: MINS Odds Ratio according to quintile of HbAlc PRS. The figure
displays the odds ratio of association per quintile of HbAlc PRS, with the 15 quintile as
a reference. The HbAlc PRS can stratify MINS risk without RCRI. Confidence interval

bars for logsitic regression estimates are also shown.

MINS = myocardial injury after non-cardiac surgery, HbA1C = Hemoglobin Alc, PRS = polygenic risk score, RCRI = revised
cardiac risk index
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Ph. D. Thesis | ANN LE

McMaster University - Medical Sciences

Characteristic All MINS group No MINS group  p-value
N (%) 506 253 (50.0) 253 (50.0)
Age (years), mean £ SD 71.7£9.1 71.8 £ 9.0 71.7 £9.1
Age - n (%)
45 - 64 113 (22.3) 57 (22.5) 56 (22.1)
65 - 74 185 (36.6) 92 (36.4) 93 (36.8)
> 75 208 (41.1) 104 (41.1) 104 (41.1)
Male n (%) 282 (55.7) 141 (55.7) 141 (55.7) .
Current tobacco use - n (%) 58 (11.5) 34 (13.4) 24 (9.5) 0.157
History of atherosclerotic disease* - n (%) 161 (31.8) 98 (38.7) 63 (24.9) < 0.001
History of coronary artery disease - n (%) 120 (22.8) 68 (25.9) 52 (19.8) 0.077
History of diabetes - n (%) 108 (21.3) 65 (25.7) 43 (17.0) 0.018
History of congestive heart failure - n (%) 18 (3.6) 12 (4.7) 6 (2.4) 0.157
Hypertension - n (%) 342 (67.6) 182 (71.9) 160 (63.2) 0.026
Type of surgery - n (%)
Vascular 35 (6.9) 19 (7.5) 16 (6.3) 0.590
Thoracic 20 (4.0) 12 (4.7) 8 (3.2) 0.317
Major Urology/gynecology 88 (17.4) 43 (17.0) 45 (17.8) 0.811
General 78 (15.4) 45 (17.8) 33 (13.0) 0.140
Orthopedic 212 (41.9) 108 (42.7) 104 (41.1) 0.715
Neuro 19 (3.8) 9 (3.6) 10 (4.0) 0.819
Low risk 85 (16.8) 33 (13.0) 52 (20.6) 0.017
Urgent/Emergent surgery - n (%) 11 (2.2) 4 (1.6) 7 (2.8) 0.366
Preoperative eGFR (MDRD,
mL/min/1.76 m?) - n (%)
< 30 or on dialysis 16 (3.2) 14 (5.5) 2 (0.8) 0.003
30 to <45 45 (8.9) 31 (12.3) 14 (5.5) 0.005
45 to <60 93 (18.4) 51 (20.2) 42 (16.6) 0.272
> 60 352 (69.6) 157 (62.1) 195 (77.1) < 0.001
RCRI score - n (%)
0 262 (51.8) 106 (41.9) 156 (61.7) < 0.001
1 161 (31.8) 92 (36.4) 69 (27.3) 0.021
2 64 (12.6) 41 (16.2) 23 (9.1) 0.014
>3 19 (3.8) 14 (5.5) 5 (2.0) 0.039

*Coronary artery disease/peripheral vascular disease/cerebrovascular event
eGFR = estimated glomerular filtration rate, MDRD = modification of diet in renal disease, RCRI = revised

cardiac risk index

Table 4.1: Baseline characteristics of VISION Biobank case-control participants of Euro-

pean ancestry.

Regression Model Odds Ratio alue Nagelkerke c-statistic

& (95% CI) Py Pseudo R> (95% CI)
CAD PRS with
CAD baseline condition 263 (1:54 - 4.50) < 0.001 0.27 0.83 (0.77 - 0.90)
T2D PRS with
TD baceline condition 121 (0:82-1.81)  0.34 0.18 0.72 (0.69 - 0.85)
HbAlc PRS with 1.67 (1.12 - 2.48)  0.011 0.25 0.73 (0.60 - 0.86)

T2D baseline condition

Table 4.2: Association between CAD PRS and preoperative CAD and T2D PRS and

HbAlc PRS with preoperative T2D.



N Mean + SD Median (IQR: p2s5, prs) Minimum  Maximum p-value
Preoperative CAD PRS

MINS 253 -0.01 + 0.94 0.01 (-0.66, 0.55) -2.37 2.59 0.517
No MINS 253 0.05 £ 0.96 0.06 (-0.60, 0.68) -2.52 2.63
Preoperative T2D PRS
MINS 253 -0.028 £ 0.85 0.28 (-0.33, 0.78) -2.24 2.08 0.0727
No MINS 253 0.21 £ 0.90 -0.10 (-0.61, 0.52) -1.76 2.10
Preoperative HbAlc PRS
MINS 253 0.11 £ 1.0 0.11 (-0.42, 0.68) -3.16 2.97 0.00661
No MINS 253 -0.12 + 0.98 0.065 (-0.81, 0.48) -3.06 2.50
Revised cardiac risk index (RCRI)
MINS 253 0.88 £ 0.96 1.00 (0.00, 1.00) 0.00 5.00 < 0.0018
No MINS 253 0.51 £ 0.74 0.00 (0.00, 1.00) 0.00 3.00

9 Paired t-test comparing means between the groups
§ p-value on Wilcoxon signed rank comparing medians between the groups and assuming non-normally distributed data
CAD = coronary artery disease, T2D = type 2 diabetes, HbAlc = Hemoglobin Alc

Table 4.3: Polygenic risk score and revised cardiac risk index (RCRI) in patients with and
without MINS.
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Outcome: MINS within 30 days Odds Ratio 1 Nagelkerke c-statistic
after surgery (95% CI) p-vatue Pseudo R? (95% CI)
Model 1: CAD PRS 0.92 (0.75 - 1.12) 0.16 0.057 0.63 (0.58 - 0.68)
Model 2: RCRI 1.78 (1.38 - 2.30) < 0.001*** 0.14 0.70 (0.66 - 0.75)
Model 3: CAD PRS + RCRI 0.72 (0.67 - 0.76)
CAD PRS 0.86 (0.69 - 1.06) 0.16 0.15
RCRI 1.70 (1.36 - 2.14) < 0.001***
Model 4: T2D PRS 1.20 (0.97 - 1.48) 0.10 0.065 0.64 (0.60 - 0.69)
Model 5: T2D PRS + RCRI 0.72 (0.67 - 0.76)
T2D PRS 1.26 (1.00 - 1.58)) 0.047* 0.16
RCRI 1.82 (1.40 2.36) < 0.001***
Model 6: LDL PRS 1.04 (0.86 - 1.27) 0.67 0.056 0.63 (0.58 - 0.68)
Model 7: LDL PRS + RCRI 0.71 (0.66 - 0.75)
LDL PRS 1.04 (0.85 - 1.28) 0.70 0.14
RCRI 1.78 (1.38 - 2.30)  <0.001%**
Model 8: HDL PRS 0.93 (0.75 - 1.15) 0.48 0.48 0.63 (0.58 - 0.68)
Model 9: HDL PRS + RCRI 0.70 (0.66 - 0.75)
HDL PRS 0.99 (0.80 1.24) 0.96 0.14
RCRI 1.78 (1.37 - 2.30)  <0.001%**
Model 10: TG PRS 0.99 (0.83 1.18) 0.90 0.054 0.63 (0.58 - 0.68)
Model 11: TG PRS + RCRI 0.71 (0.66 - 0.75)
TG PRS 0.99 (0.80 - 1.16) 0.99 0.043
RCRI 1.78 (1.38 - 2.31)  <0.001%**
Model 12: HbAlc PRS 1.30 (1.07 - 1.57) 0.0081** 0.082 0.66 (0.61 - 0.70)
Model 13: HbAlc PRS + RCRI 0.73 (0.68 - 0.77)
HbAlc PRS 1.26 (1.03 - 1.54) 0.026* 0.16
RCRI 1.75 (1.35 - 2.27) <0.001%**

MINS = myocardial injury after noncardiac surgery (MINS), CI = confidence interval, CAD = coronary artery disease, RCRI =
revised cardiac risk index, T2D = type 2 diabetes (diabetes mellitus), LDL = low density lipoprotein, HDL = high density
lipoprotein, TG = triglycerides, HbAlc = Hemoglobin Alc

¥ Adjusted for 10 Principal Components (PCs) as covariables considering genetic ancestry as a confounder.

(*) denotes significance

Table 4.4: Logistic regression models studying association between revised cardiac risk
index (RCRI) score, polygenic risk scores (PRS) and myocardial injury after non-cardiac
surgery (MINS). All models are adjusted for 10 PCs accounting for genetic ancestry as a
confounder.
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Trait PRS OR (95% CI)

HbA1C 1.30 (1.07-1.57) e

Type Il Diabetes 1.20(0.96 - 1.48) L . E——

eGFR decline 115(096-139) O ——

Systolic Blood Pressure 1.14(092-1.42) —_—

Body Mass Index 1.12 (0.94-1.35) —_—

Heart Failure 1.12(093-1.36) L A—

Smoking Cessation 1.11(093-132) L s S—

Cardiomyopathy 1.08 (0.91-1.28) —_—

Diastolic Blood Pressure 1.07 (0.87 -1.32) —_—T

Ever Smoker 105(087-127) —_

Atrial Fibrillation 1.05(0.88-1.25) —_——

Low Density Lipoprotein 1.04 (0.86-1.27) —_—

Age at Smoking Initiation 1.00(0.83-1.20) _

eGFR 1.00(0.83-1.20) | e—

Triglycerides 0 99(0.83-1.18) —

Small Vessel Stroke 99 (0.82-1.19) —_——

Cardioembolic Stroke 0 99 (0.82-1.18) —_

Cigarettes per day 0.97(0.80-117) e

Fasting Insulin 093(0.76-1.15) I

Ischemic Stroke 093(0.76-1.14) e

High Density Lipoprotein 0.93(0.75-1.15) —_—

Coronary Artery Disease 092(075-1.13) A

Venous Thromboembolism 0.91(0.76-1.10) —

All Stroke 0.88(069-1.11) — %

Large Artery Stroke 084 (070-102) —_—

Urea Albumin to Creatinine Ratio 0.84 (0.69-1.02) . —*—I .
a8t 10 185

OR with 95% CI

Trait PRS R (95% CI)

Type Il Diabetes 1. 26 (1.00 - 1.58)

HbA1c 1.26 (1.03-1.54)

eGFR decline 1.14(0.94-1.39)

Heart Failure 1.13(0.92-1.38)

Smoking Cessation 1.12(0.93-1.35)

Body Mass Index 1.11(0.92-1.34)

Systolic Blood Pressure 1.10(0.88 - 1.37)

Diastolic Blood Pressure 1.09 (0.88 - 1.36)

Cardiomyopathy 1.09 (0.91-1.30)

Ever Smoker 1.05(0.87 - 1.28)

Atrial Fibrillation 1.04 (0.87 -1.25)

Low Density Lipoprotein 1.04 (0.85-1.28)

eGFR 1.02(0.84-1.23)

Cardioembolic Stroke 1.00(0.83-1.20)

High Density Lipoprotein 0 99 (0.80-1.24)

Age at Smoking Initiation 99 (0.81-1.21)

Small Vessel Stroke 0 99(0.81-1.20)

Triglycerides 096 (0.80-1.186)

Cigarettes per day 094 (077-115)

Venous Thromboembolism 094 (078-115)

Ischemic Stroke 091(074-112)

Fasting Insulin 091(073-112)

All Stroke 0.86 (0.67-1.11)

Coronary Artery Disease 0.86 (0.69 - 1.06)

Large Artery Stroke 0.86(0.71-1.04)

Urea Albumin to Creatinine Ratio 0.83(0.68-1.02) . . .
(1] 10 185

OR with 55% C|

Figure 4.3: Association between PRS and MINS. The following forest plots display
the association of all traits for which PRS were created by order of descending odds ra-
tio with a 95% confidence interval, as detefd@ned through conditional logistic regression.
Figure 3a. shows association of each traits PRS without adjustment for RCRI. Figure 3b.
shows association of each traits PRS with adjustment for RCRI.

MINS = myocardial injury after non-cardiac surgery, HbA1C = Hemoglobin Alc, PRS = polygenic risk score, RCRI =
cardiac risk index
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The discriminative capacity of the CAD, T2D and HbAlc PRS for MINS was deter-
mined across different age and sex categories (Supplementary Table S4.2). Throughout,
the RCRI score maintained a higher discrimination threshold, and the inclusion of these
PRS alongside RCRI score did not significantly enhance discrimination compared to RCRI
score alone. This finding was confirmed through a Delong test comparing ROC AUCs for
the CAD, T2D, and HbAlc PRS across all subgroups, where no significant differences were
observed. To corroborate these findings, NRI analysis was conducted (Supplementary Ta-
ble S4.4). T2D PRS and HbA1lc PRS displayed significant improvements in discrimination,
while CAD PRS did not.

4.9 Discussion

Our study represents the first prospective case-control cohort investigation employing stan-
dardized perioperative troponin monitoring to explore associations between PRS and MINS
within a perioperative context. Our findings reveal that the combination of T2D PRS and
HbA1lc PRS with RCRI improves MINS prediction. No other PRS models exhibited signif-
icant improvements or associations with MINS, including the CAD PRS which was highly
predictive of CAD at baseline. The association between the T2D PRS and HbAlc PRS
with MINS is encouraging and may offer further insight into MINS pathophysiology and

treatment.

The definition of MINS encompasses patients exhibiting asymptomatic troponin eleva-
tion attributed to underlying ischemia, as well as those meeting the universal definition
of MI [22]. Approximately one-fifth of MINS cases align with the criteria for periopera-
tive MI [2]. Type I MI is caused by atherothrombotic CAD, often triggered by erosion of

atherosclerotic plaque, while Type 2 MI arises from an oxygen supply-demand mismatch
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due to pathophysiology mechanisms other than coronary atherothrombosis. Although most
MINS patients have underlying CAD, only a minority experience underlying ischemia due
to plaque rupture during the perioperative period [5, 23, 22]. Indeed, Type 2 MI can
develop in surgical contexts due to factors such as hypoxemia, anemia, hypotension, brad-
yarrhythmia, or increased myocardial oxygen demand induced by tachyarrhythmia or severe
hypertension. Hence, in the perioperative scenario, MINS typically reflects a positive stress
test, wherein patients with underlying CAD suffer insults inherent to anesthetic and sur-
gical procedures. These include bleeding, hypotension and pain triggering stress response,
which can lead to type 2 demand ischemia. Therefore, the observation that MINS exhib-
ited weak association with the CAD PRS implies a multifaceted underlying physiology for
MINS. Given that MINS is closely related to Type 2 ischemia, an isolated genetic predictor
would be unlikely to stand out in a statistical model. However, its important to note that
other studies have reported an association between CAD and MINS [24, 25]. Obstructive
CAD was detected in 72% of patients who underwent coronary computed (CT) angiogra-
phy before noncardiac surgery [5]. Similarly, alternative angiographic investigations have
suggested a link between MINS and pre-existing obstructive CAD or unstable coronary
plaques [26, 27, 28, 29]. Autopsies revealed evidence of coronary artery plaque rupture
in 46% of patients who succumbed to post-operative MI [30]. Additionally, Douville et
al. identified an independent association between CAD PRS and MINS (OR 1.12, 95% CI
1.02 - 1.24, p = 0.023) in a cohort comprising 429 MINS cases and 89,624 controls without
MINS) [24]. The absence of an association between the CAD PRS and MINS in the current
study could be attributed to a smaller number of cases, resulting in insufficient statistical

power.

Diabetes is strongly linked to microvascular complications such as retinopathy, nephropa-

thy and neuropathy [31]. Microvascular disease encompasses vascular alterations in small
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vessels, such as capillaries, ultimately leading to organ dysfunction [31, 32]. Microvascu-
lar disease is majorly induced by chronic hyperglycemia, which is progressive in nature.
Previous research has demonstrated that T2D is associated with coronary microvascular
dysfunction, resulting in consequences such as decreased nitric oxide, impaired vasodila-
tion, and alterations in cardiomyocyte contractility and stiffness. The observed association
between T2D PRS and MINS in our study may suggest a potential role of microvascular
disease in MINS onset. Additionally, prior studies have indicated an association between
intraoperative hyperglycemia and increased MINS incidence. Notably, patients with intra-
operative peak glucose levels 180 mg/dL exhibited a significantly higher MINS occurrence
relative to those with lower glucose levels (24.2% vs. 17.2%, OR = 1.26 [CI: 1.14 - 1.40,
p < 0.001]) [33].

This study has several limitations. Specifically, the association between T2D PRS and
clinically diagnosed T2D status was not statistically significant, likely due to limited sta-
tistical power resulting from a small sample size. While the current PRS methodologies
demonstrate limited strength in association and discrimination, current results should be
considered as hypothesis-generating, emphasizing the need for replication with larger sam-
ple sizes. PRS investigations typically involve extensive cohorts, often comprising hundreds
of thousands of participants, with tens of thousands available cases for highly relevant
conditions such as CAD and T2D [15, 20, 34]. For instance, the UK Biobank, hous-
ing over 500,000 British participants of various ancestries, is a common resource for PRS
research[35]. Improved accuracy is anticipated with larger-scale genetic studies focusing
on MINS. Furthermore, the absence of MINS-specific GWAS and PRS poses a challenge.
MINS may possess a unique genetic architecture driven by MINS-specific genetic path-
ways distinct from known MINS risk factors. In such scenarios, accurate MINS prediction

using PRS may necessitate appropriately powered MINS GWAS. Notably, MINS in the
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perioperative setting is associated with various baseline clinical conditions (e.g., CAD, di-
abetes, chronic kidney disease) and perioperative complications (e.g. bleeding, hypoxia,
hypotension)[25]. The multifactorial etiology of MINS often involves multiple baseline risk
factors and postoperative complications. Currently, no heritability estimates are available
for MINS, which means that genetics could play a minor role in MINS susceptibility, po-
tentially limiting the predictive utility of PRS. Moreover, the scarcity of GWAS data for
other MINS risk factors, such as perioperative complications, may similarly constrain our
analysis. Also, it should be acknowledged that the discrimination improvements for cur-
rent PRS were negligible, and is unlikely to make significance changes clinically. Further
investigation is warranted to conclude that PRS can enhance risk prediction in a clinical

setting.

In conclusion, our study reveals that T2D PRS and HbAlc PRS are associated with
elevated MINS risk. These results likely underscore the multifaceted pathophysiology of
MINS, emphasizing the necessity for extensive genetic studies involving larger cohorts to
delve deeper into these relationships. Given the association between T2D PRS and MINS,
coupled with prior findings indicating a correlation between perioperative glucose levels and
MINS, clinical trials assessing interventions effective in diabetes and glucose management

warrant consideration.
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n participants

Centre Overall Control Cases

2 Juravinski Hospital, Hamilton, Ontario 291 136 155

3 Hamilton General Hospital, Hamilton, Ontario 91 50 41

4 St Joseph’s, Hamilton, Ontario 113 64 49

11 Victoria Hospital, London, Ontario 11 3 8

Total 506 253 253

Consortium Trait Sample Size (n)
Coronary artery disease (CAD) Cardiogram/C4D + UK Biobank 332 477
Type II diabetes (T2D) MVP + UK Biobank 1114 458
Stroke + stroke-related phenotypes GIGASTROKE ~1 500 000
HbAlc MAGIC + 1000Genomes 123 665
Atrial fibrillation (AF) AFGen + deCODE + UK Biobank ~1 000 000
Body mass index (BMI) GIANT + UK Biobank 681 725
High density lipoproteins (HDL) MVP 210 967
Low density lipoproteins (LDL) MVP 215 196
Triglycerides (TG) MVP 211 491
Systolic blood pressure (SBP) MVP 220 501
Diastolic blood pressure (DBP) MVP 220 501
Cardiomyopathy GBMI 745 451
Heart failure GBMI 821 198
Venous thromboembolism (VTE) GBMI 747 540

Table S4.1: List of genome-wide summary statistics consortium summary statistics.
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Ph. D. Thesis | ANN LE

McMaster University - Medical Sciences

a. CAD PRS
g A n Model 1: Model 2: Model 3:
ox group £ 8IOUP  \[INS/no MINS) CAD PRS RCRI CAD PRS + RCRI
All All 253 0.63 (0.58 - 0.68)  0.70 (0.66 - 0.75)  0.72 (0.67 - 0.76)
45-64 57 0.65 (0.54 - 0.76)  0.82 (0.74 - 0.90)  0.83 (0.76 - 0.91)
65-74 92 0.60 (0.52 - 0.68)  0.65 (0.57 - 0.73)  0.67 (0.63 - 0.76)
> 75 104 0.65 (0.57 - 0.72)  0.69 (0.62- 0.76)  0.70 (0.48 - 0.75)
Men All 141 0.63 (0.57 - 0.70)  0.72 (0.66 - 0.78)  0.72 (0.67 - 0.78)
4564 33 0.62 (0.47 - 0.76)  0.84 (0.74 - 0.94)
0.84 (0.74 - 0.94)
65-74 52 0.65 (0.55- 0.76)  0.69 (0.59 - 0.79)  0.70 (0.60 - 0.80)
> 75 56 0.63 (0.52- 0.73)  0.68 (0.58 - 0.77)  0.69 (0.59 - 0.78)
Women All 141 0.63 (0.56 - 0.70)  0.68 (0.61- 0.75)  0.71 (0.64 - 0.78)
45-64 33 0.69 (0.52- 0.85) 0.82 (0.69 - 0.94)  0.86 (0.76 - 0.97)
65-74 52 0.55 (0.41 - 0.68)  0.60 (0.47 - 0.74)  0.64 (0.51 - 0.77)
> 75 56 0.67 (0.56 - 0.77)  0.70 (0.60 - 0.80)  0.70 (0.60 - 0.80)
b. T2D PRS
g A . n Model 1: Model 2: Model 3:
CX group  AAgC LYOUP (\[INS/no MINS) T2D PRS RCRI T2D PRS + RCRI
All All 253 0.64 (0.60 - 0.69)  0.70 (0.66 - 0.75)  0.72 (0.67 - 0.76)
45-64 57 0.69 (0.58 - 0.79)  0.82 (0.74 - 0.90)  0.84 (0.76 - 0.91)
65-74 92 0.62 (0.54 - 0.70)  0.65 (0.57 - 0.73)  0.68 (0.60 - 0.75)
> 75 104 0.64 (0.57 - 0.72)  0.69 (0.62 - 0.76)  0.69 (0.62 - 0.76)
Men All 141 0.64 (0.58 - 0.71)  0.72 (0.66 - 0.78)  0.73 (0.67 - 0.79)
45-64 33 0.65 (0.51 - 0.79)  0.84 (0.74 - 0.94)  0.85 (0.76 - 0.94)
65-74 52 0.64 (0.53 0.75)  0.69 (0.59 - 0.79)  0.69 (0.59 - 0.79)
> 75 56 0.64 (0.53 - 0.74)  0.68 (0.58 - 0.77)  0.68 (0.59 - 0.78)
Women All 141 0.65 (0.58 - 0.72)  0.68 (0.61-0.75)  0.71 (0.64 - 0.77)
45-64 33 0.73 (0.58 - 0.88)  0.82 (0.69 - 0.94)  0.82 (0.70 - 0.94)
65-74 52 0.59 (0.46 - 0.72)  0.60 (0.47 - 0.74)  0.65 (0.53 - 0.78)
> 75 56 0.65 (0.55 - 0.76)  0.70 (0.60 - 0.80)  0.69 (0.59 - 0.79)
c. HbAlc PRS
Sex or A . n Model 1: Model 2: Model 3:
X group - Age BIOUP  (N[TNS/no MINS) HbAlc PRS RCRI HbAlc PRS + RCRI
All All 253 0.66 (0.61 - 0.70)  0.70 (0.66 - 0.75) 0.73 (0.68 - 0.77)
45-64 57 0.69 (0.59 - 0.79)  0.82 (0.74 - 0.90) 0.85 (0.78 - 0.92)
65-74 92 0.61 (0.53 - 0.69)  0.65 (0.57 - 0.73) 0.66 (0.59 - 0.74)
> 75 104 0.68 (0.61- 0.75)  0.69 (0.62 - 0.76) 0.72 (0.66 - 0.79)
Men All 141 0.66 (0.60 - 0.72)  0.72 (0.66 - 0.78) 0.74 (0.68 - 0.80)
45-64 33 0.67 (0.57 - 0.77)  0.84 (0.74 - 0.94) 0.88 (0.80 - 0.96)
65-74 52 0.64 (0.53 - 0.74)  0.69 (0.59 - 0.79) 0.69 (0.59 - 0.79)
> 75 56 0.67 (0.57 - 0.77)  0.68 (0.58 - 0.77) 0.72 (0.63 - 0.81)
Women All 141 0.66 (0.59 - 0.73)  0.68 (0.61 - 0.75) 0.72 (0.65 - 0.79)
45-64 33 0.71 (0.56 - 0.87)  0.82 (0.69 - 0.94) 0.82 (0.70 - 0.94)
65-74 52 0.58 (0.44 - 0.71)  0.60 (0.47 - 0.74) 0.65 (0.52 - 0.78)
> 75 56 0.69 (0.59 - 0.79)  0.70 (0.60 - 0.80) 0.73 (0.62 - 0.83)

Table S4.2: Discriminative capacity using c-statistic (with 95% confidence intervals) in
conditional logistic regressions for MINS within 30 days after surgery among participants
in the T2D PRS. Figure S2a. shows discriminative capacity of CAD PRS, S2b. for T2D
PRS and S2c. for HbAlc PRS.



Trait  Age Group Sex Group p-value

CAD 45-64 All 0.44
CAD 45-64 Male 0.052
CAD 45-64 Female 0.0057
CAD 65-74 All 0.10
CAD 65-74 Male 0.71
CAD 65-74 Female 0.58
CAD 75+ All 0.65
CAD 75+ Male 0.56
CAD 75+ Female 0.76
CAD All Male 0.66
CAD All Female 0.022
HbAlc 45-64 All 0.31
HbAlc 45-64 Male 0.0022
HbAlc 45-64 Female 0.064
HbAlc 65-74 All 0.41
HbAlc 65-74 Male 0.60
HbAlc 65-74 Female 0.63
HbAlc 75+ All 0.030
HbAlc 75+ Male 0.94
HbAlc 75+ Female 0.42
HbAlc All Male 0.13
HbAlc All Female 0.038
T2D 45-64 All 0.44
T2D 45-64 Male 0.024
T2D 45-64 Female 0.049
T2D 65-74 All 0.12
T2D 65-74 Male 0.66
T2D 65-74 Female 0.69
T2D 75+ All 0.84
T2D 75+ Male 0.54
T2D 75+ Female 0.92
T2D All Male 0.48
T2D All Female 0.061

Table S4.3: DelLong analyses to discriminative capacity significance for PRS within each
subset.
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a. CAD PRS

NRI  p-value 95% CI

NRI 0.087 0.33 -0.09 - 0.26
NRI for MINS 0.051 0.41 -0.072 - 0.17
NRI for no MINS  0.036 0.57 -0.062 - 0.16

b. T2D PRS
NRI  p-value 95% CI
NRI 0.20 0.025* 0.024 - 0.37
NRI for MINS 0.059 0.041 -0.072 - 0.17
NRI for no MINS 0.14 0.019* 0.024 - 0.27
c. HbAlc PRS

NRI p-value 95% CI

NRI 0.18  0.040*  0.0083 - 0.36
NRI for MINS 0.11 0.067*  -0.0078 - 0.24
NRI for no MINS  0.067 0.28 -0.056 - 0.19

Table S4.4: Discriminative capacity using Net Reclassification Improvement (NRI) in lo-
gistic regressions for MINS within 30 days after surgery among participants for RCRI with
the addition of PRS.
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5.1 Forward

Polygenic risk scores (PRS) are a relatively new method of risk prediction, as a follow-up
to genome-wide association studies (GWAS) which gained relevance in the recent decades.
PRS exist as quantitative measures of individual’s genetic susceptibility towards a given
phenotype. They have great potential for improving current clinical predictor tools and
precision medicine. There has been great progress with PRS throughout the years, incorpo-
rating numerous techniques involving advanced statistical and machine learning methods.
While there have been great improvements in PRS development over the years, current
methodologies rely on the existence of an external GWAS that corresponds to the desired
outcome. Moreover, the issue of a completely unavailable GWAS has not been throughly
investigated. Thus, this study was proposed to assess the performance of various PRS
methods without an available external trait-specific GWAS. Additionally, we developed an
innovative approach employing Multi Adaptive Regression Splines (MARS) to calculate
PRS.

The analyses focussed on three distinct PRS methodologies with the third-party method
LDpred2 acting as the baseline, single-trait PRS. Namely, the three methods are a base-
line, single-trait PRS, PRS,uti: a multi-trait PRS trained used elastic net regression,
and EX-TERR: a multi-trait PRS trained using Multivariate Adaptive Regression Splines
(MARS). The PRS were trained and tested on 408,160 British related participants from
the UK Biobank. This method uses principal component analysis (PCA) techniques on 5
Mb genotype blocks to generate separate rotated matrices. This is done to reduce dimen-
sionality of the dataset based on a variance threshold. Due to a built-in cross-validation
step for rotated genotype blocks, EX-TERR does not require an initial train-test split for

the sample. This could be of further benefit when no trait-specific GWAS are available,
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as a robust PRS can be dependent on GWAS powered by larger samples. We simulated
the situation of a lack of corresponding GWAS by masking (omitted) specific GWAS with

traits which are directly or closely related to target outcome.

A drastic decrease in performance was observed when the corresponding external GWAS
was masked. All outcomes with directly matched external GWAS showed a decrease in per-
formance. Masked PRS for continuous traits showed decreased performance reflecting lower
adjusted R? of up to 98.7%, while masked PRS for dichotomous traits showed a decrease in
OR of up to 41.8%. The independent performance of each PRS methodology was also ob-
served. While no method univerally outperformed the rest, multi-PRS methods (PRSuiti
and EX-TERR) generally improved performance in most outcomes, with PRS,,,1t; and EX-
TERR improving predictive accuracy in 71.0% and 62.3% of outcomes respectively. The
novel EX-TERR method performed comparably to the pre-existing PRS,,,1t; methodology.
Under the masked condition, the outcomes most strongly associated with PRS methods
were urate (PRSyui adj r? = 0.039, EX-TERR adj. r? = 0.057) and type II diabetes
(T2D) (PRSputi OR per SD = 1.40, EX-TERR OR per SD = 1.49). In conclusion, we
presented an overview of the leading PRS methods and introduced our novel approach to

address the issue of calculating PRS in the absence of an external GWAS.

This manuscript is in progress for submission. Guillaume Paré conceptualized and
designed the study. Ann Le designed analysis plan, ran the EX-TERR pipeline, conducted
statistical analyses, and wrote the manuscript. Shihong Mao initiated the EX-TERR
pipeline and also conducted statistical analyses. Angelo Canty provided instruction and
detailed insights into underlying statistical concepts used within the model. All authors
contributed to the interpretation of findings and to the critical reading and revision of the

manuscript.
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5.2 Abstract

There is strong interest in polygenic risk scores (PRS), due to their capabilities to predict
risk by solely using genotype information. PRS have been shown in many cases to have a
predictiveness similar to clinical risk factors. However, a limitation of PRS is their reliance
on genome-wide association study (GWAS) data, which might not always be available for
the target trait. This study aims to determine the most effective PRS methodology to uti-
lize in this context. We propose a new methodology called EX-TERR (EXternal Technique
with Earth Regional Regression) which utilizes Multi-Adaptive Regression Splines (MARS)
and single-trait PRS as training data to develop target outcome PRS. We also adapt es-
tablished approaches, baseline PRS, which selects the most predictive existing single-trait
PRS, and PRS,,u1i, an elastic net regression method integrating multiple single-trait PRS,
to approximate the target outcome PRS within UK Biobank participants of British ances-
try (n = 408,160). Target outcome PRS were generated using single-trait LDpred2 PRS
for 61 traits with external (non-UKB) GWAS summary statistics and 69 UKB outcomes.
External GWAS corresponding to each target outcome were masked and output PRS were
subsequently compared for discrimination and calibration. 93.7% of the 207 PRS validated
were significantly associated with the 69 outcomes (p < 0.05). Predictive accuracy was
shown to be drastically decreased when the GWAS matching the outcome was masked.
Relative to the best performing single-trait baseline PRS, PRS,,uiti and EX-TERR was
able to improve predictive accuracy in 71.0% and 62.3% of outcomes when target trait
GWAS was masked. The reduction in performance was substantially greater for continu-
ous traits compared to dichotomous traits. The average relative decrease in performance
from unmasked to masked traits was 86.4% in continuous traits and 19.1% in dichotomous

traits across the three PRS methodologies tested. When an external GWAS for a specific
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outcome is not available, the performance of PRS was significantly diminished across all
tested methods. While no method was universally best, methods integrating multiple ex-
ternal GWAS had the best predictive performance for most outcomes. Overall, significant
reduction in predictive accuracy is to be expected in the absence of an external GWAS for

the outcome and current methods only partially address this challenge.

5.3 Condensed Abstract

While development of polygenic risk scores (PRS) have improved through the years, there
are a lack of studies which addresses the best approach to take when a corresponding
external genome-wide association study (GWAS) is not available for PRS generation. We
tested several existing leading PRS methodologies, as well as developed a new methodology
coined “EX-TERR” (EXternal Technique with Earth Regional Regression) to simulate PRS
predictiveness in situations where the external GWAS corresponding to the target trait
does not exist. EX-TERR is based on utilizing adaptive regression splines (MARS) to train
genetic variant data, and uniquely does not require an initial train-test split for the original
participant sample. Overall, the lack of availability in external GWAS appears to impede
PRS performance. Additionally, analyses further revealed no PRS method consistently
outperformed the rest, suggesting there is no single methodology that is generalizable

across all outcomes.

KEYWORDS: polygenic risk scores; genetic risk prediction; genome-wide association

studies; genetics; genetic epidemiology
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5.4 Introduction

Polygenic risk scores (PRS) are defined as quantitative measures of an individuals genetic
predisposition to a specified disease or trait, derived from the cumulative effect of multiple
genetic variants across the genome. PRS have potential for the early detection, interven-
tion, and prevention of diseases, with evidence that genetic influences on common diseases
are at least as significant as environmental influences for certain traits[1, 2, 3, 4, 5]. Since
genotypes can be obtained early in life, PRS are of particular interest for predicting dis-
ease of high heritability. Coronary artery disease (CAD), for example, has a relatively
strong heritability, estimated to be as high as 57%, and is often associated with early on-
set cases due to a strong genetic predisposition[6, 7, 8, 9, 10, 11]. The development of
PRS is motivated by the concept that, while individual single nucleotide polymorphisms
(SNPs) may have minor effects alone, their accumulated effect may notably contribute to
a given trait[11, 12, 13]. Typically, PRS are computed as weighted sums of alleles across
a large number of SNPs associated with a trait. Over the years, various novel approaches
incorporating advanced statistical methods and machine learning have been employed to
enhance the predictive accuracy of PRS (e.g. LDpred2[14], LASSOSUM2[15], PRSice-2[16],
PRS-CS[17]).

While novel PRS methodologies have achieved noteworthy improvements in risk predic-
tion relative to traditional allelic sum method, they all rely on the existence of an external
genome-wide association study (GWAS) summary statistic corresponding to the desired
outcome. In these methods, GWAS identify associations between SNPs and specific out-
comes, which are then used to assign weights to individual variants. For instance, creating
a PRS for CAD would require a corresponding CAD GWAS summary statistic, such as
those from the CARDIOGRAM/C4D consortium[18]. In many instances, external GWAS
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summary statistics directly corresponding to the particular trait or disease might not be
available. Previously, studies have demonstrated that PRS performance can vary greatly
depending on the quality, ancestry representation, power and other aspects of GWAS. How-
ever, the issue of a completely unavailable GWAS has not been extensively investigated.
For example, more than 85% of GWAS are conducted within European populations, and
evidence has shown that PRS generated for a specific ancestry are not applicable to other
populations[19, 20]. More notably, the issue of a completely unavailable GWAS has not
been extensively investigated. While this can be potentially mitigated by using external
GWAS summary statistics for risk factors related to the trait of interest, availability of the
trait-specific GWAS can be crucial for investigation of distinct genetic architectures driven
by trait-specific genetic pathways that do not overlap with known risk factors. This can
be of particular importance when heritability estimates are unavailable, as it is entirely
possible that genetics may only play a minor role in an individuals trait susceptibility,

rendering the PRS futile.

This indicates the need for a PRS methodology that does not depend on the availability
of an external GWAS corresponding trait. In this study, we propose adapting several
previously established methods and implementing a novel approach to address the absence
of external GWAS, aiming to identify the most effective strategy under these circumstances.
Within a cohort of 408,160 British related participants from the UK Biobank (UKB),
we employed three different PRS methodologies to create and compare three types of
PRS in the absence of external PRS data: 1) a baseline, single-trait PRS, 2) PRSui:
a multi-trait PRS trained using elastic net regression, and 3) EX-TERR: a multi-trait
PRS trained using Multivariate Adaptive Regression Splines (MARS). A multi-trait PRS
refers to in which multiple traits are inputted into a machine learning algorithm to reassess

the strength of association for each trait with the outcome based on the chosen regression
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model. EX-TERR is a novel concept for PRS involving the integration of MARS to combine
multiple, separate rotated genotype matrices generated from principal component analysis
(PCA) techniques within blocks of 5,000 variants. PCA is used to reduce dimensionality
by minimizing the number of closely related variant in the MARS model, based on a
variance threshold. The scenario of lacking a corresponding GWAS is simulated by masking
(omitting) specific traits that directly correspond to or are closely related to the target
outcome. The overall objective is to evaluate and compare the performance of both new
and old PRS methodologies in situations where the outcome trait of interest does not have

a corresponding external GWAS summary statistic.

5.5 Methods

5.5.1 Study Populations

The study cohort is a subset of the UK Biobank (UKB), a large epidemiological study con-
sisting of over 500,000 individuals aged 40 to 69 from across the United Kingdom[21]. The
resource contains extensive data regarding participants characteristics and measurements
including demographics, health diagnoses, physical measurements and lifestyle factors. The
UKB also contains phenotypic information, including patient information linked to the 9th
and 10th editions of the International Classification of Diseases (ICD-9, ICD-10) and Clas-
sification of Interventions and Procedures, version 4 of the Office of Population, Censuses
and Surveys (OPCS-4). Variants included those found in the Haplotype Reference Consor-
tium and 1000 Genomes panels from release version 3 of the UKB data. Variants had no
deviation from Hardy-Weinberg equilibrium (p > 1x107!Y). Further SNP exclusion criteria
included minor allele frequency (MAF) < 0.001 , SNPs with low imputation quality (INFO

score < 0.30), and ambiguous or duplicated SNPs. For our analyses, we used the subset of
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related British participants (n = 408,160). Participants were additionally excluded based
on substantial genotype missingness (>5% missing genotype), elevated ancestry-specific
heterozygosity, incongruent genetic ancestry, sex chromosome aneuploidy, and inconsisten-
cies between reported and genetic sex. In total, 69 outcomes were derived from the UKB.
Both continuous and dichotomous outcomes were included, such as blood biomarkers and
disease status (Supplementary Table S5.1). Phenotypes were defined through various iden-
tifiers including UKB phecodes, ICD-10 codes, OPCS-4 codes, self-reported data or UKB
fields with algorithmically-defined outcomes. Overall, phenotypes were categorized into
thirteen distinct groups for further clarification. These included seven continuous trait
categories (anthropometrics, lipids & lipoproteins, liver function, endocrine function, renal
function, inflammatory biomarkers and electrolytes) and six dichotomous trait categories
(cardiovascular conditions, metabolic conditions, respiratory conditions, cancers, lifestyle
factors and others). Both incident and prevalent cases were considered as positive out-

comes.

5.5.2 Genome-wide association study (GWAS) data

A comprehensive internal database containing pre-downloaded GWAS summary statistics
across a wide range of traits and ancestries was available for analysis. 61 external GWAS
summary statistics from various consortia were utilized (Supplementary Table S5.2). The
GWAS data had to contain no UKB participant to prevent circularity in the analysis. The
GWAS selection criteria required that summary statistics be either the most recently up-
dated from the consortium and/or contain the largest number of variants. Furthermore,
the summary statistics had to include at least 5,000,000 single nucleotide polymorphisms
(SNPs). A subset of variants common to the UKB genotype and all external summary

statistics was created. Ambiguous SNPs were removed. To simulate the context of the lack
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of a corresponding external GWAS, a GWAS would be removed (masked) from the PRS
construction if they directly matched the corresponding outcome or had clinical evidence
of being directly correlated. For example, given the outcome of CAD, the corresponding
GWAS for CAD from CARDIOGRAM/C4D was masked from the analysis. Additionally,
the GWAS for heart failure from GBMI was also masked for CAD due to the large pro-
portion of heart failure cases directly caused by CAD resulting in high correlation between
outcomes. To further aid masking decisions, correlation was observed between all pheno-
typic outcomes. Outcomes with correlation R? higher than 0.7 also had their corresponding
GWAS masked (Supplementary Table S5.3). Each of the 69 outcomes thus had a specific
set of masked GWAS that were excluded during PRS calculations (Supplementary Table
S5.4).

5.5.3 Polygenic Risk Score Methodologies

External summary statistics for 61 different traits and 69 UKB outcomes were used to
train and derive PRS across the 408,160 participants. Of the total 69 outcomes, there were
35 continuous outcomes and 34 dichotomous outcomes. Continuous outcomes were further
divided into seven categories: anthropometrics (5), lipids lipoproteins (7), liver function
(9), endocrine function (8), renal function (2), inflammatory biomarkers (2) and electrolytes
(2). Dichotomous outcomes were divided into six categories: cardiovascular conditions
(14), metabolic conditions (5), respiratory conditions (3), cancers (3), lifestyle factors (2)
and others (7). To ensure equivalent comparison across all three PRS methodologies,
LDpred2 was used to generate the baseline single-trait PRS for all methods. LDpred?2 is
a widely used PRS method, incorporating Bayesian statistics with an external panel for
linkage disequilibrium (LD) reference[17, 22, 23]. The three PRS methodologies used for

comparison in this study are: 1) a baseline PRS: the most predictive single trait LDpred2
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score, 2) PRSyuiti: a multi-trait score with multiple LDpred2 inputs trained using elastic
net regression and 3) EX-TERR: a multi-trait score with multiple LDpred?2 inputs trained
using MARS (Figure 5.1). To create single-trait PRS, variant associations are derived from
external GWAS, reweighted using LDpred2, and then applied to each variant before being
summed. For PRS,u1ti, multiple baseline PRS are combined as input into an elastic net
regression model using the “glmnet” function in R (o = 0.5, with A determined via built-in
cross-validation) [24]. The elastic net model determined the importance of each separate
single-trait PRS on the outcome through penalized regression, essentially reweighing each

PRS before combining them into a single final score.

EXTERNAL GWAS TRAITS
61 traits x 741,360 regression coefficients per SNP
GWAS criteria:
+ >5,000,000 variants
« no UKB data
(external data only)
LDpredz « recently updated/

most variants
« Total = 61 GWAS

LDpred2 Bx Genotype PRS 1 PRS2 _ PRSn PRS 1 PRS2 __ PRSn

l \/ | l \/ |
Best-performing PRS Elastic Net MARS
Regression Regression
Baseline PRS

Figure 5.1: Description of PRS methodologies with masking process. LDpred? is
used to create single-trait PRS applied to each of these methods. From left to right, the
PRS techniques being compared are 1) baseline: the best-performing single-trait PRS, 2)
PRSuiti: a multi-trait PRS based in elastic net regression and 3) EX-TERR: a multi-trait
PRS based in Multi Adaptive Adaptive Regression Splines (MARS). Masking (exclusion
of GWAS directly matching to outcome) is performed across all methods, to simulate the
context of no external GWAS corresponding to the target outcome. The GWAS used in
the analysis were required to meet the following criteria: inclusion of at least 5,000,000
SNPs, exclusion of UKB data, and being the most up-to-date summary statistics available.

masking for
matching traits

172



5.5.4 Internal UKB Genotype Association

In this study, we define external regression coefficients (genetic associations) as those ob-
tained from GWAS summary statistics. Alternatively, internal UKB regression coefficients
refer to those derived from regression analyses between UKB genotype data and the 69
UKB-derived phenotypes. REGENIE[25] was used to compute association summary statis-
tics for the UK Biobank (UKB) dataset. The linear and logistic functions were applied
with default settings and a batch size of 1000. Adjustments were made for age, sex and the
first 10 principal components (PCs) to account for population structure, with the PCs be-
ing pre-calculated. Overall, internal UKB association correlation between outcomes were
conducted for 69 UKB genotype predictors and phenotype outcomes, employing linear

regression for continuous traits and logistic regression for dichotomous traits.

5.5.5 EX-TERR Pipeline

The EX-TERR pipeline is a supervised PRS methodology using Multivariate Adaptive
Regression Splines models (MARS; Figure 5.2). MARS is a non-parametric regression
technique which allows for the construction of a non-linear regression model and fitting data
without assuming a predetermined form[26]. The method is a greedy algorithm, operating
in a forward pass followed by a backward pass to optimize model fit while avoiding over-

fitting. The general MARS model is based on the form:

k

f(@)=>"ciBi(x) (5.5.1)

=1

where ¢; is a constant and B;(x) is a basis function. Basis functions consist of hinge func-

tions, which takes on the form max(0,z — ¢). These hinge functions create knots or kinks,
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which are characteristic features in the visualization of a MARS model. A basis func-
tion can also be a product of two or more hinge functions, indicating interactions between

variables. Notably, MARS penalizes excessive addition of knots to prevent overfitting.

The earth package version 5.3.3 in R version 3.6.0 and 4.4.0 was used to implement
MARS. Default earth parameters were used. Variable importance is assessed using resid-
ual sum-of-squares (RSS). MARS outputs a set of regression coefficients trained on rotated
LDpred2 UKB weights as outcomes, which are then applied to the rotated genotype ma-

trices from the participant validation sample to generate the final EX-TERR PRS.

5.5.6 Principal Component Analysis (PCA) Technique for Dimension

Reduction

Techniques from principal component analyses (PCA) are adapted to project genotype
and coefficient matrices through a rotation matrix intended for principal component (PCs)
[27]. A PCA rotation matrix was used to transform blocks containing genotypic information
into its rotated form. Rotation matrix columns can be subsequently excluded based on
standard deviation (SD) to reduce dimensionality and potential noise. First, all regression
coefficients derived from the associations between external GWAS and UKB genotypes
with the outcome are converted into LDpred2 weights. Next, LDpred2 weight matrices are
standardized such that each matrix column has a mean of 0 and SD of 1. Then, the LDpred2
weights are divided into matching contiguous non-overlapping blocks approximately 5,000
SNPs in length. Finally, each block is rotated using a 5,000 x 5,000 rotation matrix derived
from the training set UKB genotype matrix (V). Since the original genotype matrix is
standardized, a rotated matrix column with an SD of 1 is considered to capture information
equivalent to that of a single genetic variant. The SD threshold for pruning was empirically

determined using pairwise correlation between outcomes as reference (Supplementary Table
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S5.3). Ultimately, an SD of 1.0 (02 = 1.0) was decided as the filtering threshold. The

resulting rotated matrices conserve genetic information provided by variants.

5.5.7 Multiple Train-Test Split: Participant & Genotype Levels

Originally, initial participant sample is divided into an 20/80 train-test split. However,
EX-TERR also implements a 5-fold cross validation on genotypic information, thus does
not require this initial train-test split. Rotated UKB LDpred2 weight groups remaining
after SD threshold filtering are divided into approximately five independent groups, after
which each group alternates to become the test set. This ensures training on independent
groups of variants, regardless of whether the initial participant train-test split was imple-
mented. Thus, this feature negates the need for the initial participant train-test split when
using EX-TERR, potentially allowing for better training and increased power. Thus, while
baseline PRS and PRS,,u1ti were performed on the initial 20/80 train-test split, EX-TERR

is performed on all available participants and trained on genotypes.

5.5.8 Discrimination & Calibration Tests

For discrimination, Net Reclassification Improvement (NRI) indices were computed, using
a base model that included age, sex, and 10 genetically derived principal components.
Calibration tests were also performed to ensure goodness-of-fit, as a comparison of how
closely predicted and actual observations align in the risk model[28]. In dichotomous
outcomes, the Hosmer-Lemeshow (HL) test was used to compare the observed and expected
outcome frequencies within PRS decile bins using a chi-square test[29]. The default bin
number of 10 (8 degrees of freedom) was used for HL tests. For continuous outcomes,
the root mean squared error (RMSE) was calculated. RMSE assesses the mean difference

between observed and predicted observations for continuous outcomes[30].
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LDpred2 weights Rotated external GWAS

LDpred2 weights

\4 A4
MULTI ADAPTIVE REGRESSION SPLINES (MARS)
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Figure 5.2: Overview of EX-TERR pipeline. A total of 408,182 related participants from the UK Biobank
(UKB) were used to create EX-TERR PRS. Regression coefficients are obtained from external GWAS, and linear
or logistic regression between UKB genotypes and outcomes. These coefficients are converted into polygenic risk
score (PRS) weights using LDpred2. Genotypes are divided into approximately 5,000 single-nucleotide polymorphism
(SNP) blocks, and within these blocks, rotations are performed using rotational matric (V,) derived from the UKB
training set genotypes (coefficient matrix x V,). The predictor for the MARS regression is the rotated external
GWAS LDpred2 weights, and the outcome are rotated UKB LDpred2 weights. A secondary train/test split is
conducted through 5-fold cross-validation in the predictors. This process allows the MARS weights to be applied to
both training and/or validation sets for PRS generation.
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5.6 Results

Characteristics of the 408,182 participants included are shown in Supplementary Table S5.1.
The average age of participants with 71.7 years, with 220,467 (54.1%) females and 187,513
(45.9%) males. The most prevalent outcomes were hypertension (32.26%) and suspected
or other cancer (15.16%). First, single-trait PRS performance was compared with and
without masking for all outcomes considered to have a directly matching external GWAS.
For example, the T2D DIAGRAM consortium GWAS is excluded (masked) from all PRS
calculations for diabetes outcomes (refer to Supplementary Table S5.5 for the complete
list of outcomes considered to have matching GWAS). When the directly matched external
GWAS is excluded from the analysis, predictive accuracy significantly declined for all 20
tested outcomes (Figure 5.3). A clear reduction in adjusted R? in continuous outcomes
and odds ratio (OR) in dichotomous outcomes was observed across all traits, though the
extent of decrease varied. Among continuous traits, high-density lipoprotein (HDL) had
the greatest decrease in PRS performance (98.7% decrease in adj. R?), while cancer (with

breast cancer) had the greatest decrease for dichotomous traits (41.8% decrease in OR).
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Figure 5.3: Single-trait PRS performance with (unmasked) and without
(masked) its corresponding external GWAS. a) Continuous outcomes. Compar-
ative performance of single-trait, baseline PRS with and without masking of the matching
GWAS corresponding to the outcome. A list of outcomes with matching GWAS traits is
presented in Supplementary Table S5.5.

178



9
3
o B unvaskeo
& 147 B vaskeo
B
©
IS)
1.2
1.0
X
&
&
S

b) Dichotomous outcomes. Comparative performance of single-trait, baseline PRS
with and without masking of the matching GWAS corresponding to the outcome. A list
of outcomes with matching GWAS traits is presented in Supplementary Table S5.5.
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Next, all three PRS methods were observed under the masking condition (Figure 5.1).
Three approachesbest-performing single-trait baseline PRS, PRSuiti, and EX-TERR PR-
Swere applied to 69 UKB-derived outcomes (35 continuous and 34 dichotomous), generat-
ing a total of 207 PRS (69 outcomes (E 3 methods) for validation. Of the PRS tested, all
were PRS significantly associated (p < 0.05) with their corresponding outcome with the
exception of 6 PRSuiti scores (8.7%) and 7 EX-TERR PRS scores (10.1%). PRS i and
EX-TERR had a greater predictive accuracy in 71.0% and 62.3% of outcome traits, respec-
tively, relative to the best performing single-trait baseline PRS. The relative performance
of each method was evaluated based on the outcome type, represented by the proportion of
outcomes where the methodology yielded the highest adjusted R? for continuous outcomes
or the highest odds ratio (OR) for dichotomous outcomes (Table 5.1). Cumulatively, the
multi-PRS methods (PRS,u1t; and EX-TERR) outperformed the single-trait baseline PRS
for 60% of continuous outcomes, 82.4% of dichotomous outcomes, and 71.0% of outcomes

in total.

Continuous Dichotomous TOTAL

Baseline  40.00% (14)  17.64% (6)  28.99% (20)
PRSmu  40.00% (14)  52.94% (18)  46.38% (32)
EX-TERR  20.00% (7) 29.41% (10) 24.64% (17)

Total # 35 34 69

Table 5.1: Proportion of best performing PRS methodology. Proportion of best
performing methodology compared between baseline, PRS;,1ti, and EX-TERR, categorized
by continuous or dichotomous triats. Percentages represent the proportion of instacnes
where each score performs best within each category, with the corresponding count shown
in brackets.

Masked PRS performance can also be compared within the assigned outcome categories
(Figure 5.4). Overall, PRS,t; performed best overall, obtaining the highest results in 32

out of 69 outcomes (46.4% overall; 40.0% continuous, 52.9% dichotomous). Baseline PRS
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performed best in 20 outcomes (29.0% overall; 40.0% continuous, 17.6% dichotomous).
Finally, EX-TERR outperformed the two other methods in 17 outcomes (24.6% overall;
20.0% continuous, 29.4% dichotomous). In 36.2% of total outcomes, EX-TERR outper-
formed PRSyuti (42.8% continuous, 29.4% dichotomous). Although EX-TERR did not
outperform all other methods in any specific category, it showed the best performance in
the continuous “anthropometrics” category, returning the highest predictive accuracy in 2
out of 3 (66%) traits. The continuous outcome with the highest predictive accuracy was
urate (baseline = 0.036, PRSui adj. 72 = 0.039, EX-TERR adj. 72 = 0.057) and the
most accurately predicted dichotomous trait was type II diabetes (T2D) (baseline odds
ratio (OR) per SD = 1.32, PRS,uiti OR per SD = 1.40, EX-TERR OR per SD = 1.49).
In the diabetes mellitus (DM) example, while all three masked PRS methods are inde-
pendently significantly and highly predictive, the EX-TERR is the best performing overall
followed closely by the unmasked single-trait PRS (Figure 5.5). Additionally, EX-TERR
identified predictor traits that were most significantly associated with the DM outcome

(Figure 5.7).

Masked PRS performance was drastically reduced relative to unmasked PRS perfor-
mance, consistent across all three PRS methodologies tested (Table 5.2). This decrease
is consistently more pronounced in continuous traits rather than dichotomous traits. Pre-
dictive accuracy is substantially lower in continuous traits relative to dichotomous traits.
In baseline PRS, the average reduction in performance from masked to unmasked PRS
is 88.6% for continuous traits and 16.5% for dichotomous traits. Similarly, the decrease
for PRS i is 84.8% for continuous traits and 16.4% for dichotomous traits. Finally, for

EX-TERR PRS, it is 85.9% for continuous traits and 24.4% for dichotomous traits.
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Baseline PRSulti EX-TERR

MASKED UNMASKED MASKED UNMASKED MASKED UNMASKED

Continuous Traits

Apolipoprotein A 0.0022 0.13 0.0018 0.13 0.0020 0.12

Apolipoprotein B 0.021 0.12 0.0038 0.12 0.0017 0.12

Creatinine 0.0039 0.050 0.0037 0.055 0.0037 0.050
Cystatin C 0.0053 0.024 0.0095 0.031 0.0099 0.031
Glucose 0.0014 0.0059 0.0024 0.0074 0.0025 0.0071
HbAlc 0.0041 0.013 0.0069 0.018 0.0072 0.017
HDL 0.0022 0.17 0.033 0.17 0.0063 0.16

LDL 0.012 0.094 0.00025 0.095 0.00029 0.086
Triglycerides 0.0019 0.11 0.0046 0.11 0.0026 0.098
Dichotomous Traits

Asthma 1.21 1.52 1.26 1.54 1.04 1.50

CAD 1.25 1.56 1.42 1.66 1.21 1.64

Cancer with breast cancer 1.03 1.77 1.00 1.77 0.99 1.62

DM 1.29 1.44 1.42 1.62 1.29 1.63

AFF 1.22 1.49 1.27 1.54 1.13 1.47

MI 1.24 1.52 1.38 1.61 1.13 1.57

Stroke 1.12 1.19 1.19 1.27 1.06 1.24

T2D 1.32 1.48 1.45 1.68 1.31 1.68

Renal failure 1.12 1.15 1.24 1.34 1.12 1.32

Table 5.2: PRS performance with and without masking of GWAS information
matching to the outcome. Performance for masked and unmasked PRS is reported
across the three methodologies: baseline, PRSu11;, and EX-TERR. PRS performance for
continuous outcomes is reported in adjusted 2 values, while performance for dichotomous
outcomes is reported as odd ratios. A list of GWAS considered matching can be referred
to in Supplementary Table S5.5. HbAlc = Glycated haemoglobin, HDL = High density
lipoprotein, LDL = Low density lipoprotein, CAD = Coronary artery disease, DM =
Diabetes mellitus, AFF = Atrial Fibrillation and flutter, MI = Myocardial infarction, T2D
= Type II diabetes
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Figure 5.5: Association of masked baseline PRS, masked PRS,,,1t;, masked EX-
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PRS. The first quintile acts as the reference, and standard error bars are for 95% confidence
intervals.
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Figure 5.7: Traits of highest importance for diabetes mellitus (DM) as deter-
mined by EX-TERR. Variable importance plots (VIPs) for a single fold instance of
EX-TERR for diabetes mellitus. Outcome structure is denoted as binary or continuous.
Results are presented as residual sum of squares (RSS).
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To test whether the different PRS are complementary or not, we repeated analyses
while including all three PRS as independent variables for prediction of their corresponding
outcome, adjusting for age, sex and 10 genetic PCs. Apart from iron deficiency anemias,
there was no evidence PRS methods provided complementary information (Supplementary

Table S5.6).

Discrimination and calibration of PRS,,,1t; and EX-TERR PRS were comparable. Across
the 34 dichotomous outcomes, 23.5% of PRSu1t; and 20.6% of EX-TERR had evidence of
miscalibration (p-value > 0.05) according to Hosmer-Lemeshow (HL) tests (Supplementary
Table S5.8). When comparing HL. or RMSE values, EX-TERR was better calibrated in
40.0% (14/35) of continuous outcomes and 41.2% (14/34) of dichotomous outcomes. Fur-
thermore, 76.4% of HL tests for EX-TERR were significant while 73.5% of PRSut; HL
tests were significant. Overall, this suggests that PRS 1 is slightly better calibrated than
EX-TERR overall. NRI was used to assess discriminative capacity of PRS;uti and EX-
TERR PRS (Supplementary Table S5.9). PRS ;i and EX-TERR PRS each significantly

discriminated 91.2% (31/34) of 36 dichotomous outcomes.

5.7 Discussion

Despite significant advancements in PRS methodologies within recent years, there remains
uncertainty regarding implications when an external GWAS for the outcome trait is unavail-
able. To address this, we investigate the scenario by excluding external GWAS from PRS
analyses and evaluating three different methods. We also introduce the novel methodology,
EX-TERR, which combines MARS regression with 5-fold cross validation within groups
containing genetic information equivalent to variants. This approach negates the need for

an initial participant train-test split typical of most PRS methods incorporating super-
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vised learning techniques, thereby addressing potential power reductions when an external
GWAS is unavailable. EX-TERR utilizes UK Biobank (UKB) associations as outcomes
for the MARS regression, with external GWAS associations for multiple traits serving as
predictor. All association coefficients are adjusted using LDpred2, followed by dimension-
ality reduction through PCA. The MARS-derived regression coefficients are then applied
as weights to construct the final EX-TERR PRS.

The absence of an external GWAS corresponding to a target trait greatly limited the
performance of PRS. Under this scenario, PRS,,u1t; was the best performing method overall,
achieving the highest prediction accuracy for 46.4% of all outcomes tested, followed by EX-
TERR at 29.0% and baseline at 24.6%. The decrease in performance can be attributed
to various underlying factors, including genetic architecture. For a PRS to be effective,
the target outcome trait falls under several assumptions: 1) it is highly heritable 2) it has
polygenic characteristics and 3) the data from summary statistics is applicable to the cohort
for which the PRS is being generated (e.g. matching ethnicities). If a trait does not satisfy
these conditions, PRS performance will be greatly diminished regardless of methodology.
For example, associations are weak for all three methods for lipoprotein(a). Lp(a) is
considered an independent risk factor for cardiovascular diseaes with a unique genetic
architecture. Lp(a) is highly heritable, with estimates as high as 95% [22]. However, this
genetic influence mainly stems from the LPA locus, making it unlikely that any unrelated

GWAS will substantially contribute to PRS predictiveness.

The magnitude of decrease varied across different traits. This may be attributed to a
mismatch in phenotypic definition between the external GWAS and UKB outcome. For
example, the CKDGen GWAS for Chronic Kidney Disease (CKD) was used to generate the

“renal failure” outcome[23]. While kidney disease is defined as the gradual loss of kidney
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function due to the presence of kidney damage, this can manifest in stages and may not
match directly to our definition of “renal failure” in UKB. This could lead to a decrease in
predictiveness accuracy in the unmasked score due to a mismatch in GWAS and outcome
definition, translating to a smaller gap in performance between the unmasked and masked
scores. The larger reduction observed in continuous outcomes compared to dichotomous
outcomes can be explained by the higher precision of empirical measurements in continu-
ous outcomes, while dichotomous outcomes often involve multiple comorbidities and risk
factors. For most outcomes, PRSuti and EX-TERR outperformed the best-performing
baseline single-trait PRS. However, the predictiveness of the baseline PRS should not be en-
tirely dismissed, as it outperformed all other methods in approximately 25% of outcomes.
Overall, it is evident that no single method universally outperforms others. This may
also be attributable to underlying genetic architectures as discussed above. Additionally,
different outcomes will be unique in their co-morbidities, heritability, and environmental

influence, which can be difficult to capture within a single PRS methodology.

Our novel methodology of EX-TERR offers several advantages for PRS calculation.
The use of the underlying MARS regression model offers a flexible, non-parametric ap-
proach that adapts well to various datasets and offers valuable insights into the biological
interactions among predictor traits. It requires no assumption of the input data distri-
bution and can work well with both continuous and dichotomous outcomes. Our results
demonstrate that, under certain circumstances, EX-TERR is comparable to other penal-
ized regression multi-PRS methods which are commonly utilized in current PRS studies
(32, 33, 34, 35]. However, PRS,u1t; remains the best performing technique overall. The
internal cross-validation of genetic information (rotated blocks) removes the necessity of
the initial sample train/test split, allowing for potential mitigation of issues arising from

smaller sample sizes. This additional cross validation step could potentially mitigate the
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issue of low-powered or unavailable external GWAS matching to the outcome. Finally,
MARS basis functions are relatively easier to interpret than alternative regression models
(e.g. neural networks, random foresting) and allow for determination of the relative genetic

contribution of various predictor traits to a given outcome.

The study is not without limitations. While the multi-PRS methods address the situ-
ation of a missing GWAS, it still requires GWAS data from similar or matching ancestry.
This is one of the greatest challenges for the clinical use of PRS on a global basis, as
non-European ancestries remain underrepresented in GWAS studies. If information is only
available from European ancestries, then PRS,,,1ti and EX-TERR will not mitigate this.
Also, all methods utilized assume polygenicity and will underperform if the genetic archi-
tecture is different (e.g. Lp(a)), or there is little heritability. We also acknowledge some
limitations of the novel EX-TERR method. EX-TERR requires supervised learning at the
variant level, which may necessitate a large sample size to achieve robust results. While this
is manageable in larger databases like the UKB, smaller clinical trials for rarer diseases may
not have sufficient participants. Additionally, MARS, as a highly flexible non-parametric
technique, is prone to overfitting, particularly with small sample sizes or high-dimensional
datasets. Its computational intensity and sensitivity to outliers, combined with the need
for meticulous tuning of numerous parameters (e.g. maximum number of interactions,

penalty factor per knot), can lead to high variance and fluctuating performance.

5.8 Conclusion

Despite the significant dependence on external GWAS data corresponding to the target
trait for PRS generation, little research has explored potential workarounds when such

data is unavailable. Although no single PRS method universally outperforms all others,
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PRSuiti were able to improve predictive accuracy in most outcomes. Nonetheless, there
are significant gaps in performance when external GWAS are not available, irrespective
of methods. As more GWAS are available and with further methodological advances, the

predictive accuracy of PRS when GWAS are not available can be expected to improve.
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Table S5.1: Baseline characteristics for UK Biobank British related participants (n = 408
160). Standard deviations shown for continuous traits and percentage of total participants
shown for dichotomous traits.

Baseline characteristic Female Male Total

No. of participants 220 647 187 513 408 160

Age of recruitment, years 56.7 (7.9) 57.1 (8.1) 56.9 (8.0)
Continuous Traits

Anthropometrics

Body Mass Index (BMI) 27.04 (5.09) 27.80 (4.19) 27.39 (4.71)

Diastolic Blood Pressure 80.61 (9.59) 83.78 (9.56) 82.07 (9.71)

(DBP)

Height

Systolic Blood Pressure
(SBP)

Waist-Hip Ratio (WHR)
Lipids & Lipoproteins
Apolipoprotein A
Apolipoprotein B
Cholesterol

High Density Lipoprotein
(HDL)

Low Density Lipoprotein
(LDL)

Lipoprotein A
Triglycerides

Liver Function

Alanine aminotransferase
(ALT)

Albumin

Alkaline phosphatase
(ALP)

Aspartate aminotrans-
ferase

Bilirubin (direct)

162.55 (6.22)
136.41 (18.62)

103.35 (10.24)
1.63 (0.25)
1.04 (0.23)
5.90 (1.11)
1.58 (0.36)

3.64 (0.85)

44.34 (43.32)
1.57 (0.83)

20.44 (11.87)

45.03 (2.42)
85.06 (26.81)

24.63 (9.28)

1.69 (0.60)

175.82 (6.75)
141.40 (16.76)

103.46 (7.50)
1.45 (0.22)
1.03 (0.23)
5.50 (1.09)
1.30 (0.29)

3.48 (0.84)

43.72 (43.26)
1.97 (1.12)

27.10 (14.56)

45.51 (2.45)
82.25 (25.21)

28.06 (11.36)

1.99 (0.84)

168.67 (9.25)
138.71 (17.96)
103.40 (9.08)

1.54 (0.25
1.03 (0.23

5.71 (1.12

(
(
(
(0.36

)
)
)
1.45 )

3.57 (0.85)

44.06 (43.29)
1.76 (0.99)

23.51 (13.59)

45.25 (2.45)
83.77 (26.12)

26.21 (10.43)

1.83 (0.74)

Continued on next page
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Table S5.1 — continued from previous page

Baseline characteristic

Female

Male

Total

Bilirubin (total)
Gamma glutamyltrans-
ferase

Total protein

Urea

Endocrine

Glucose

Glycated
(HbAlc)

haemoglobin

Insulin-growth factor 1
(IGF-1)

Oestradiol

Sex Hormone-Binding
Globulin (SHBG)
Testosterone

Urate

Vitamin D

Renal Function

8.17 (3.58)
30.57 (32.76)

72.31 (3.78)
5.28 (1.29)

5.07 (0.94)
35.68 (5.41)

20.93 (5.56)

474.16 (210.44)
60.70 (28.84)

2.21 (2.26)
272.58 (64.65)
49.86 (19.82)

10.212 (4.67)
44.92 (46.63)

72.48 (3.79)
5.63 (1.42)

5.17 (1.25)
36.25 (7.28)

21.90 (5.37)

438.20 (70.42)
41.54 (16.22)

11.69 (3.79)
352.34 (71.03)
50.06 (20.43)

9.11 (4.24)
37.19 (40.40)

72.39 (3.78)
5.44 (1.36)

5.11 (1.10)
35.94 (6.35)

21.38 (5.50)

457.57 (162.67)
51.86 (25.70)

6.58 (5.63)
309.38 (78.48)
49.95 (20.10)

Creatinine 64.82 (13.93) 81.38 (17.73) 72.46 (17.83)

Cystatin C 0.88 (0.16) 0.94 (0.17) 0.91 (0.17)

Inflammatory

Biomarkers

C-reactive protein 2.68 (4.19) 2.46 (4.17) 2.58 (4.18)

Rheumatoid Factor (RF) 24.46 (6.12) 24.38 (5.53) 24.42 (5.86)

Electrolytes

Calcium 2.38 (0.091) 2.37 (0.084) 2.38 (0.0877)

Phosphate 1.190 (0.14) 1.12 (0.153) 1.16 (0.15)
Dichotomous Traits

Cardiovascular Condi-

tions

Atrial Fibrillation 2536 (5.77) 4426 (11.75) 6962 (8.53)

Cardiac dysrhythmias

Cerebrovascular disease

4533 (10.31)
1822 (4.14)

6330 (16.81)
2492 (6.62)

10863 (13.31)
4314 (5.28)

Continued on next page
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Table S5.1 — continued from previous page

Baseline characteristic Female Male Total
Cerebrovascular  disease 695 (1.85) 688 (1.56) 1383 (1.69)
(Ever smoked)

Cerebrovascular  disease 336 (0.89) 519 (1.18) 855 (1.05)
(Never smoked)

Coronary Artery Disease 2207 (5.02) 5118 (13.59) 7325 (8.97)
(CAD)

Coronary atherosclerosis 2045 (4.65) 5035 (13.37) 7080 (8.67)
Hemorrhagic stroke 198 (0.45) 171 (0.45) 369 (0.45)

Hypertension
Intracerebral hemorrhage
(ICH)

Ischemic heart disease
Ischemic stroke
Myocardial infarction
Stroke

Subarachnoid hemorrhage
(SAH)

Varicose veins

Metabolic conditions
Diabetes mellitus
Hypothyroidism
Hypothyroidism (NOS)
Obesity

Type II Diabetes (T2D)
Respiratory conditions
Asthma

Pneumonia

Obstructive chronic bron-
chitis

Cancers

Cancer (No breast cancer)
Cancer  (suspected  or

other)

12413 (28.23)
206 (0.47)

3788 (8.61)
736 (1.67)
1321 (3.00)
1341 (3.05)
215 (0.49)

1216 (3.23)

3057 (6.95)
4182 (9.51)
3979 (9.05)
3417 (7.77)
2683 (6.10)

4651 (10.58)
2480 (5.64)
1808 (4.11)

2259 (5.14)
6428 (14.62)

13920 (36.96)
237 (0.63)

6984 (18.54)
1177 (3.13)
3330 (8.84)
1897 (5.04)
140 (0.37)

1834 (4.17)

4429 (11.76)
1102 (2.93)
1034 (2.75)
3062 (8.13)
4078 (10.83)

3324 (8.83)
3398 (9.02)
2152 (5.71)

3433 (9.12)
5949 (15.80)

26333 (32.26)
443 (0.54)

10772 (13.20)
1913 (2.34)
4651 (5.70)
3238 (3.97)

355 (0.43)

3050 (3.74)

7975 (9.77)
5878 (7.20)
3960 (4.85)

5692 (6.97)
12377 (15.16)

Continued on next page
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Table S5.1 — continued from previous page

Baseline characteristic Female Male Total
Cancer (with breast can- 19 (0.050) 1693 (3.85) 1712 (2.10)
cer)

Lifestyle factors

Tobacco use disorder 2423 (5.51) 3128 (8.31) 5551 (6.80)

Ever smoked

Others

Cataract

Death

Esophagitis (GERD or re-
lated diseases)

Iron deficiency anemias
Fracture of upper limb
Osteoarthritis

Renal failure

24593 (55.92)

6632 (15.08)
2932 (6.67)
6301 (14.33)

2250 (5.12)
2123 (4.83)
6407 (14.57)
3110 (7.07)

24684 (65.54)

4765 (12.65)
4275 (11.35)
5472 (14.53)

1750 (4.65)
1073 (2.85)
4417 (11.73)
3946 (10.48)

49277 (60.36)

11397 (13.96)
7207 (8.83)
11773 (14.42)

4000 (4.90)
3196 (3.91)
10824 (13.26)
7056 (8.64)
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Table S5.2: Complete list of 61 external genome-wide association study (GWAS) summary
statistics utilized in the analysis.

Trait Consortium No. of No. of variants
participants
Abdominal aortic aneurysm GBMI 1 048 616 26 386 613
Acute appendicitis GBMI 688 774 22 168 360
Attention Deficit Hyperactivity Disorder PGC 55 374 8 007 024
(ADHD)
Atrial Fibrillation (AF) AFGen 109 934 10 506 607
All stroke MEGASTROKE2 446 290 7 886 680
Alzheimers Disease IGAP 54 162 7 046 850
Autism spectrum disorder (ASD) PGC 46 350 9 063 082
Asthma GBMI 1399 372 36 673 123
Atopic dermatitis EAGLE 116 863 9 980 328
Bone mass density (femoral - neck) GEFOS 32 961 10 564 712
Bone mass density (forearm) GEFOS 53 236 9 937 231
Bone mass density (lumbar - spine) GEFOS 31 800 10 561 152
Breast cancer BCAC 214 675 10 442 405
Blood urea nitrogen (BUN) CKDGen 243 031 8 348 409
Coronary artery disease (CAD) CARDIOGRAMplusC4D 184 305 8 607 408
Cardioembolic stroke MEGASTROKE2 322 150 7 932 693
Cardiomyopathy GBMI 776 580 22 565 896
Cryptogenic stroke (cardioembolism mi- SiGN 25 841 10 524 062
nor)
Chronic Kidney Disease (CKD) CKDGen 480 698 9 152 454
Chronic obstructive pulmonary disease GBMI 992 289 33 638 441
(COPD)
COVID-19 COVID-19 HGI 1299 010 11 310 908
COVID-19 - transethnic COVID-19 HGI 1 388 512 12 402 708
COVID-19 (hospitalized) COVID-19 HGI 908 494 9 667 688
COVID-19 (hospitalized) - transethnic COVID-19 HGI 10 908 14 625 029
COVID-19 respiratory failure Ellinghaus et al[36] 3 790 8 313 919
COVID-19 severe respiratory failure COVID-19 HGI 387 440 11 571 054
Chrons disease de Lange et al[37] 40 266 9 560 360

Continued on next page
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Table S5.2 — continued from previous page

Trait Consortium No. of No. of variants
participants
Eating disorder 14 477 10 583 669
Estimated Glomerular-Filtration Rate CKDGen 567 460 8 875 632
(eGFR)
Embolic Strokes of Undetermined Source SiGN 389 324 8 525 922
(ESUS) - Causative Classification System
causative (CCSc)
Embolic Strokes of Undetermined Source SiGN 389 324 8 393 468
(ESUS) - TOAST classification
Glaucoma GBMI 837 753 29 582 517
Gout GBMI 836 867 36 628 642
Granulocyte % - epigenetic prediction GoDMC 34 710 7559 111
High density lipoproteins (HDL) GLGC 888 227 36 448 786
High density lipoproteins (HDL) MVP 210 967 16 534 376
Heart failure GBMI 821 198 33 810 461
Idiopathic pulmonary fibrosis GBMI 848 798 28 936 945
Inflammatory bowel disease Liu et al[38] 59 957 9 724 768
Ischemic stroke MEGASTROKE?2 434 418 7 964 850
Lacunar stroke MEGASTROKE2 254 959 6 931 872
Large artery stroke MEGASTROKE?2 204 911 8 071 617
Low density lipoproteins (LDL) GLGC 842 660 35 745 393
Low density lipoproteins (LDL) MVP 215 196 16 551 672
Myocardial infarction (MI) CARDIOGRAMplusC4D 163 654 8 453 993
Obsession-Compulsive Disorder (OCD) PGC 9 725 8 394 162
Peripheral artery disease (PAD) MVP 174 902 16 164 110
Retinal fractal dimension CLSA 20 025 10 205 093
Schizophrenia PGC 150 064 8 059 459
Sclerosing cholangitis Duncan et al[39] 14 890 7 650 626
Small vessel disease MEGASTROKE?2 255 458 7 940 270
Stroke GBMI 961 310 33 559 955
Triglycerides (TG) GLGC 864 240 35 884 163
Triglycerides (TG) MVP 211 491 16 511 606
Type II diabetes (T2D) DIAGRAM 159 208 10 775 984

Continued on next page
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Table S5.2 — continued from previous page

Trait Consortium No. of No. of variants
participants

Thyroid cancer GBMI 1 201 302 30 468 380

Ulcerative colitis de Lange et al. 45 975 9 577 406

Uterine cancer GBMI 491 827 23 547 992

Venous thromboembolism GBMI 628 300 28 586 040

White Matter Hyperintensities (WMH) Traylor et al. 11 226 7 590 417

GBMI = Global Biobank Meta-analysis Initiative[40], PGC = Psychiatric Genomics Consortium[41], AFGen =
Atrial Fibrillation Consortium[42], EAGLE = Early Genetics and Lifecourse Epidemiology[43], GEFOS = Genetic
Factors for Osteoporosis Consortium[44], BCAC = Breast Cancer Association Consortium[45], CKDGen = CK-
DGen (Chronic Kidney Disease Genetics) Consortium[46], CARDIOGRAMplusC4D = Coronary Artery Disease
Genome-wide Replication and Meta-analysis plus The Coronary Artery Disease (C4D) Genetics Consortium[18],
MEGASTROKE2 = MEGASTROKE Consortium[47], SiGN = NINDS (U.S. National Institute of Neurologic Dis-
orders and Stroke) Stroke Genetics Network[48], CLSA = Canadian Longitudinal Study on Aging[49], COVID-19
HGI = COVID-19 Host Genetics Initiative[50] GoDMC = Genetics of DNA Methylation Consortium[51]
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Trait 1 Trait 2 R2

T2D Diabetes mellitus 0.898
BMI WHR 0.891
Coronary atherosclerosis Ischemic heart disease 0.891
Coronary atherosclerosis Myocardial infarction 0.886
Ischemic heart disease Myocardial infarction 0.831
Apolipoprotein B Cholesterol 0.769
Glucose Glycated haemoglobin (HbAlc) 0.764
BMI Obesity 0.738
SBP Hypertension 0.736
Cerebrovascular Disease (Ever Smoked) SAH 0.734
SBP DBP 0.716
Osteoarthrosis Death 0.716
Creatinine Cystatin C 0.715
Diabetes mellitus Hypertension 0.714
HDL cholesterol Triglycerides 0.710

Table S5.3: Pairs of phenotypes with high (R?>0.7) correlation. Used to aid in decision of
trait masking i.e. determine which traits were closely related enough for masking.
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Table S5.4: Complete list of outcome list with their definitions and their corresponding
masked traits.

Phenotype Definition (UKB Field UKB Category Masked GWAS
IDs) Traits

Continuous Traits

Alanine aminotransferase 30620 Blood biochemistry

Albumin 30600 Blood biochemistry

Alkaline phosphatase 30610 Blood biochemistry

Apolipoprotein A 30630 Blood biochemistry HDL (GLGC), HDL

(MVP), TG (GLGO),
TG (MVP)
Apolipoprotein B 30640 Blood biochemistry LDL (GLGC), LDL
(MVP)

Aspartate aminotrans- 30650 Blood biochemistry

ferase

Bilirubin (direct) 30660 Blood biochemistry

Bilirubin (total) 30840 Blood biochemistry

Body Mass Index (BMI) 21001 Body size measures

Calcium 30680 Blood biochemistry

Cholesterol 30690 Blood biochemistry

C-reactive protein 30710 Blood biochemistry

Creatinine 30700 Blood biochemistry CKD (CKDGen),
eGFR (CKDGen)

Cystatin C 30720 Blood biochemistry CKD (CKDGen),
eGFR (CKDGen)

Diastolic Blood Pressure 4079

(DBP)

Blood pressure

Gamma glutamyltrans- 30730 Blood biochemistry

ferase

Glucose 30740 Blood biochemistry T2D (DIAGRAM)

Glycated haemoglobin 30750 Blood biochemistry T2D (DIAGRAM)

(HbAlc)

Continued on next page
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Table S5.4 — continued from previous page

Phenotype

Definition (UKB Field
IDs)

UKB Category

Masked GWAS
Traits

High Density Lipoprotein
(HDL) Cholesterol

Height

Insulin-like Growth Factor
1 (IGF-1)

Low Density Lipoprotein
(LDL) Cholesterol
Lipoprotein A

Oestradiol

Phosphate

Protein (total)
Rheumatoid Factor
Systolic Blood Pressure
(SBP)

Sex  Hormone

Globulin (SHBG)

Binding

Testosterone

Triglycerides

Urate
Urea
Vitamin D

Waist-Hip Ratio

30760

12144
30770

30780

30790
30800
30810
30860
30820
4080

30830

30850
30870

30880
30670
30890

48 / 49

Blood biochemistry

Body size measures

Blood biochemistry

Blood biochemistry

Blood biochemistry
Blood biochemistry
Blood biochemistry
Blood biochemistry
Blood biochemistry

Blood pressure

Blood biochemistry

Blood biochemistry

Blood biochemistry

Blood biochemistry
Blood biochemistry
Blood biochemistry

Body size measures

HDL (GLGC), HDL
(MVP)

HDL (GLGC), HDL

(MVP) , TG (GLGC),

TG (MVP)

BUN (CKDGen)

Continued on next page
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Table S5.4 — continued from previous page

Phenotype

Definition (UKB Field
IDs)

UKB Category

Masked GWAS

Traits

Dichotomous Traits

Atrial Fibrillation (AF)

427.2 / 148

Circulatory system

CAD (CARDIO-
GRAMplusC4D), AF
(AFGen)

Asthma

495 / J45, J450, J451, J458,
J459, J46

Respiratory system

Asthma (GBMI)

Cancer  (suspected

other)

or

195 / D050, D09, D093, DOYY,
7031, B217, C068, C45, C457,
C459, C76, C762, C763, C764,
C765, C767, C768, C80, CI7,
M907, Z85, 7854, Z859, Z360

Neoplasms

Breast cancer
(BCAC), Thyroid
cancer (GBMI),
Uterine cancer

(GBMI)

Cancer (no breast cancer)

Artificial trait - cancer

without breast cancer

Neoplasms

Cancer (with breast can-

cer)

Artificial trait - cancer with

breast cancer

Neoplasms

Breast cancer (BCAC)

Cardiac dysrhythmias

427 / 147, 1479, 1471, 1492,
1470, 1472, 148, 1494, 1498,
RO01, 1499, 1493, 1491, R000,
1495, R002, 1490, 146, 1460,
1469

Circulatory system

AF (AFGen)

Cataract

366 / H26, H262, H263, H264,
H268, H269, H280, H281,
H282, 7961, H260, H25, H250,
H251, H252, H258, H259,
H261

Sense organs

Continued on next page
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Table S5.4 — continued from previous page

Phenotype Definition (UKB Field UKB Category Masked GWAS
IDs) Traits
Cerebrovascular disease 433 / G454, G463, G464, Circulatory system All stroke
(CeD) G465, G466, G467, G468, (MEGASTROKE2),
1600, 1677, 1679, 168, 1680, Cardioembolic stroke
1682, 1688, 165, 1650, 1651, (GBMI), CCSc
1652, 1653, 1658, 1659, 1631, (SiGN), ESUS CCSc
1632, 1672, 163, 1632, 1635, (SiGN), ESUS
1639, 166, 1660, 1661, 1662, TOAST (SiGN),
1663, 1664, 1668, 1669, 1676, Ischemic stroke
1630, 1633, 1634, 1635, 1636, (MEGASTROKE2),
1638, 164, 167, 1678, G450, Lacunar stroke
G451, G452, G458, G459, (MEGASTROKE2),
G460, G461, G462, 1675, 1671, Large artery stroke
169, 1690, 1691, 1692, 1693, (MEGASTROKE2),
1694, 1698 Small vessel disease
(MEGASTROKE2),
STROKE (GBMI)
Cerebrovascular disease Artificial trait - CeD cases Circulatory system All stroke
(ever smoked) with ever smoked status (MEGASTROKE?2),

Cardioembolic stroke
(GBMI), CCSc
(SiGN), ESUS CCSc
(SiGN), ESUS
TOAST (SiGN),
Ischemic stroke
(MEGASTROKE2),
Lacunar stroke
(MEGASTROKE2),
Large artery stroke
(MEGASTROKE2),
Small vessel disease
(MEGASTROKE?2),
STROKE (GBMI)

Continued on next page
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Table S5.4 — continued from previous page

Phenotype Definition (UKB Field UKB Category Masked GWAS
IDs) Traits

Cerebrovascular disease Artificial trait - CeD cases Circulatory system All stroke

(never smoked) without smokers (MEGASTROKE2),

Cardioembolic stroke
(GBMI), CCSc
(SiGN), ESUS CCSc
(SiGN), ESUS
TOAST (SiGN),
Ischemic stroke
(MEGASTROKE2),
Lacunar stroke
(MEGASTROKE2),
Large artery stroke
(MEGASTROKE2),
Small vessel disease
(MEGASTROKE2),
STROKE (GBMI)

Coronary Artery Disease  Definition from Khera et al[3]: Circulatory system CAD (CARDIO-
(CAD) 121, 122, 123, 1241, 1252 + GRAMplusC4D), HF
OPSC-4 codes: K40.1 40.4, (GBMI)

K41.1-41.4, K45.1-45.5,
K49.1-49.2, K49.8-49.9, K50.2,
K75.1-75.6, K75.8-75.9

Coronary atherosclerosis 411.4 / 1240, 1241, 7951, Circulatory system CAD (CARDIO-
7955, 1253, 1254, 1341 GRAMplusC4D), HF
(GBMI)
Death All-cause mortality in death Death register

register (ICD10 Fields:
40001/40002)

Continued on next page
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Table S5.4 — continued from previous page

Phenotype Definition (UKB Field UKB Category Masked GWAS
IDs) Traits
Diabetes mellitus 250 / E10, E100, E106, E107, Metabolic traits T2D (DIAGRAM)

E108, E109, E101, E102,
E103, E104, E11, E110, E116,
E117, E118, E119, E13, E135,

E136, E137, E138, E139,

E149, E111, E131, E112,

E103, E113, E123, E104,
E114, E134, G590, Z964, R8I,

R824, G632, E103, E133,

H360, R730, R739

Esophagitis (GERD and 530.1 / K20, K21, K219, Digestive traits
related diseases) K221, K210

Ever smoked 20610 Lifestyle factors
Fracture of upper limb 803 / S427, S527, S528, T022, Injuries & poisonings

T024, T10, T922, S422, S423,

S424, 5429, S52, $520, S521,

S522, S523, S524, $525, $529,
S224, S420, S421

Continued on next page
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Table S5.4 — continued from previous page

Phenotype Definition (UKB Field UKB Category Masked GWAS
IDs) Traits
Hemorrhagic stroke Algorithmically-defined Circulatory system All stroke
outcomes: 42010 or 42011 + (MEGASTROKE?2),

42012 or 42013

Cardioembolic stroke
(GBMI), CCSc
(SiGN), ESUS CCSc
(SiGN), ESUS
TOAST (SiGN),
Ischemic stroke
(MEGASTROKE2),
Lacunar stroke
(MEGASTROKE2),
Large artery stroke
(MEGASTROKE2),
Small vessel disease
(MEGASTROKE2),
STROKE (GBMI)

Hypertension 401 / 110, 113, 1130, 1131, Circulatory system
1132, 1139, I11, I110, 1119,
112, 1120, 1129, I15, 1150,
1151, 1152, 1158, 1159, 1674

Hypothyroidism 244 / E032, E890, E018, E02, Endocrine system

E033, E038, E039, E00, E000,
E001, E002, E009, E030, E031

Hypothyroidism (NOS) 244.4 / E039

Endocrine system

Continued on next page
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Phenotype

Definition (UKB Field
IDs)

UKB Category

Masked GWAS
Traits

Intracerebral Hemorrhage

(ICH)

Algorithmically-defined
outcomes: 42010 or 42011

Circulatory system

All stroke
(MEGASTROKE2),
Cardioembolic stroke

(GBMI), CCSc
(SiGN), ESUS CCSc
(SiGN), ESUS
TOAST (SiGN),
Ischemic stroke
(MEGASTROKE2),
Lacunar stroke
(MEGASTROKE2),
Large artery stroke
(MEGASTROKE2),
Small vessel disease
(MEGASTROKE2),
STROKE (GBMI)

Iron deficiency anemias

280 / D50, D501, D508, D509,
D500

Hematopoietic system

Ischemic heart disease

411 / 1200, 121, 1210, 1211,
1212, 1213, 1214, 1219, 122,
1220, 1221, 1228, 1229, 123,
1230, 1231, 1232, 1233, 1236,
1238, 1241, 1252, 1510, 1513,
120, 1201, 1208, 1209, 1240,
1251, 2951, 7955, 1253, 1254,
1341, 125, 1255, 1256, 1258,
1259, 124, 1248, 1249

Circulatory system

CAD (CARDIO-
GRAMplusC4D), HF
(GBMI)

Continued on next page
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Phenotype Definition (UKB Field UKB Category Masked GWAS
IDs) Traits
Ischemic stroke Algorithmically-defined Circulatory system All stroke
outcomes: 42008, 42009 (MEGASTROKE2),

Cardioembolic stroke
(GBMI), CCSc
(SiGN), ESUS CCSc
(SiGN), ESUS
TOAST (SiGN),
Ischemic stroke
(MEGASTROKE2),
Lacunar stroke
(MEGASTROKE2),
Large artery stroke
(MEGASTROKE2),
Small vessel disease
(MEGASTROKE2),
STROKE (GBMI)

Myocardial infarction

411.2 / 121, 1210, 1211, 1212, Circulatory system
1213, 1214, 1219, 122, 1220,
1221, 1228, 1229, 123, 1230,
1231, 1232, 1233, 1236, 1238,
1241, 1252, 1510, 1513

CAD (CARDIO-
GRAMplusC4D), HF
(GBMI)

Obesity 278.1 / E66, E660, E661. Metabolic traits
E668, E669
Obstructive chronic bron- 496.21 / J44. J440, J441 Respiratory system COPD (GBMI)
chitis
Osteoarthrosis 740 / M16, M163, M169, Musculoskeletal system BMD: femoral neck,

M189, M160, M161, M171,
M180, M181, M166, M167,
M174, M175, M185, M192,
M150, M151, M152, M139,
M153, M154, M190

lumbar spine, forearm

(GEFOS)

Continued on next page
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UKB Category

Masked GWAS
Traits

Phenotype Definition (UKB Field
IDs)
Pneumonia 480 / B583, J100, J110, J168,

J172, J18, J188, J189, A202,
A212, A221, A310, A420,
A430, A481, A78, B960, BI6L,
J14, J150, J152, J153, J154,
J155, J156, J157, J158, J159,
J160, J13, J181, J151, B012,
B052, B250, J12, J120, J121,
J122, J128, J129, B206, B371,
B380, B381, B382, B440, B59,
J17, J180, J85, J850, J851,
J852, J853

Respiratory system

Renal failure 585 / N17, N170, N171, N172,
N178, N179, N19, N18, N180,
N189, Y602, Y612, Y620,

Y841, 7491, 7492, 7992

Genitourinary system

CKD (CKDGen),
eGFR (CKDGen)

Subarachnoid hemorrhage

(SAH)

Algorithmically-defined
outcomes: 42011 or 42012

Circulatory system

All stroke
(MEGASTROKE?),
Cardioembolic stroke

(GBMI), CCSc
(SiGN), ESUS CCSc
(SiGN), ESUS
TOAST (SiGN),
Ischemic stroke
(MEGASTROKE2),
Lacunar stroke
(MEGASTROKE2),
Large artery stroke
(MEGASTROKE?),
Small vessel disease
(MEGASTROKE2),
STROKE (GBMI)

Continued on next page

218
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Phenotype Definition (UKB Field UKB Category Masked GWAS
IDs) Traits
Stroke Algorithmically-defined Circulatory system All stroke
outcomes: 42006 or 42007 (MEGASTROKE?2),

Cardioembolic stroke
(GBMI), CCSc
(SiGN), ESUS CCSc
(SiGN), ESUS
TOAST (SiGN),
Ischemic stroke
(MEGASTROKE2),
Lacunar stroke
(MEGASTROKE2),
Large artery stroke
(MEGASTROKE2),
Small vessel disease
(MEGASTROKE2),
STROKE (GBMI)

Type II Diabetes (T2D) El1 Metabolic traits T2D (DIAGRAM)

Tobacco use disorder 318 / F170, F171, F172, F173, Mental disorders
F174, F179, Z720

Varicose veins 454 / 186, 1860, 1861, 1862, Circulatory system
1863, 1864, 1868, 183, 1839,
1830, 1831, 1832

IPhecodes based off of ICD10 UKB fields: 41270 (ICD10 diagnoses), 40001 (ICD10 underlying primary cause of
death) 40002 (ICD10 contributory secondary cause of death)
2 Algorithmically-defined outcomes: for all-cause stroke are from UKB field number 42006.
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Outcome Matched GWAS Trait Consortium
Continuous Outcomes

Apolipoprotein A HDL MVP

Apolipoprotein B LDL MVP

Creatinine eGFR CKDGen

Cystatin C eGFR CKDGen

Glucose T2D DIAGRAM

HbAlc T2D DIAGRAM

HDL HDL MVP

LDL LDL MVP
Dichotomous Outcomes

AFF AF AFGen

Asthma Asthma GBMI

CAD CAD CARDIOGRAMplusC4D

Cancer (with Breast Cancer) Breast cancer BCAC

Cardiac dysrhythmias AF AFGen

Cerebrovascular disease Stroke GBMI

Coronary atherosclerosis CAD CARDIOGRAMplusC4D

Diabetes mellitus T2D DIAGRAM

Myocardial infarction MI CARDIOGRAMplusC4D

Renal failure CKD CKDGen

Stroke Stroke GBMI

T2D T2D DIAGRAM

Table S5.5: Matching GWAS for each outcome where available for PRS generation. The
data consortium is specified to clarify situations in which duplicate GWAS summary statis-
tics exist. Supplementary Table S5.2 provides full details regarding GWAS information.
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Table S5.6: Significance of each methodology’s PRS to each outcome. p-values
for multivariate regression models between the three PRS for baseline, PRS,1ti, and EX-
TERR and their corresponding outcomes. Logistic regression was performed for dichoto-
mous outcomes and linear regression for continuous outcomes. All models adjusted age,
sex, and 10 principal components (PCs). Significance denoted with (*).

Trait Baseline PRS PRSuiti p-value EX-TERR PRS
p-value p-values
Atrial fibrillation and flutter (AFF) 0.25 0.17 0.83
Alanine aminotransferase 0.078 0.020* 0.59
Albumin 0.15 0.69 0.41
Alkaline phosphatase 0.55 0.027* 0.99
Apolipoprotein A 0.70 0.81 0.82
Apolipoprotein B 0.80 0.75 0.50
Aspartate aminotransferase 0.31 0.008%* 0.34
Asthma 0.02 0.85 0.059
Body mass index (BMI) 0.63 0.68 0.66
Bilirubin (total) 0.75 0.38 0.79
Coronary artery disease (CAD) 0.26 0.81 0.84
Calcium 0.61 0.30 0.32
Cancer (no breast cancer) 0.73 0.12 0.052
Cancer (suspected or other) 0.79 0.039* 0.08
Cancer (with breast cancer) 0.78 0.76 0.57
Cardiac dysrhythmias 0.22 0.045* 0.25
Cataract 0.47 0.76 0.39
Cerebrovascular disease 0.21 0.64 0.30
Cerebrovascular  disease  (without 0.41 0.61 0.39
smoking)
Cerebrovascular disease (with smok- 0.38 0.21 0.51
ing)
Cholesterol 0.64 0.41 0.78
Coronary atherosclerosis 0.63 0.56 0.60
C-reactive protein 0.25 0.18 0.36
Creatinine 0.25 0.46 0.76
Cystatin C 0.090 0.27 0.85

Continued on next page
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Table S5.6 — continued from previous page

Trait Baseline PRS PRSulti p-value EX-TERR PRS
p-value p-values
DBP 0.74 0.66 0.79
Death 0.31 0.41 0.031*
Diabetes mellitus 0.065 0.031* 0.29
Bilirubin (direct) 0.38 0.34 0.96
Esophagitis (GERD and related dis- 0.29 0.99 0.57
eases)
Ever smoker 0.54 0.22 0.62
Fracture of upper limb 0.53 0.63 0.20
Gamma glutamyltransferase 0.36 0.34 0.19
Glucose 0.92 0.52 0.58
Glycated haemoglobin (HbA1lc) 0.026 0.10 0.60
High-density  lipoprotein ~ (HDL) 0.86 0.72 0.21
cholesterol
Height 0.062 0.16 0.12
Hemorrhagic stroke 0.59 0.20 0.24
Hypertension 0.73 0.86 0.89
Hypothyroidism 0.38 0.75 0.58
Hypothyroidism (NOS) 0.42 0.83 0.89
Intracerebral Hemorrhage (ICH) 0.19 0.73 0.87
Insulin-like growth factor 1 (IGF-1) 0.98 0.14 0.39
Iron deficiency anemias 0.95 0.012* 0.018*
Ischemic heart disease 0.95 0.38 0.47
Ischemic stroke 0.021* 0.89 0.67
Lipoprotein A 0.017* 0.10 0.91
Low-density lipoprotein (LDL) choles- 0.54 0.34 0.31
terol
Myocardial infarction (MI) 0.95 0.81 0.73
Obesity 0.32 0.65 0.87
Obstructive chronic bronchitis 0.56 0.56 0.83
Oestradiol 0.21 0.91 0.24
Osteoarthrosis 0.38 0.11 0.48
Phosphate 0.46 0.83 0.55

Continued on next page
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Table S5.6 — continued from previous page

Trait Baseline PRS PRSulti p-value EX-TERR PRS
p-value p-values
Pneumonia 0.71 0.44 0.63
Protein (total) 0.95 0.43 0.68
Renal failure 0.16 0.35 0.28
Rheumatoid factor 0.90 0.95 0.44
SAH 0.39 0.79 0.18
SBP 0.15 0.67 0.29
Sex hormone binding globulin (SHBG) 0.037 0.06 0.83
Stroke 2.4x1073%* 0.43 0.85
T2D 0.088 0.016* 0.25
Testosterone 0.67 0.46 0.41
Tobacco use disorder 0.42 0.23 0.03
Triglycerides 0.25 6.2 x 10-5%*** 0.60
Urate 0.75 0.47 0.19
Urea 0.14 0.14 0.59
Varicose veins 0.45 0.28 0.31
Vitamin D 0.90 0.026* 0.80
Waist-to-Hip Ratio (WHR) 0.66 0.45 0.98
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a. Continuous traits

Trait

PRShuiti RMSE EX-TERR RMSE

RMSE Difference

Alanine aminotransferase
Albumin

Alkaline phosphatase
Apolipoprotein A
Apolipoprotein B
Aspartate aminotransferase
BMI

Calcium

Cholesterol

C-reactive protein
Creatinine

Cystatin C

DBP

Direct bilirubin

Gamma glutamyltransferase
Glucose

Glycated haemoglobin (HbAlc)
HDL cholesterol

Height

IGF-1

LDL cho

Lipoprotein 4

Oestradiol

Phosphate

Rheumatoid factor

SBP

SHBG

Testosterone

Bilirubin (total)

Protein (total)
Triglycerides

Urate

Urea

Vitamin D

WHR

13.227
2.394
25.339
0.234
0.231
10.026
4.671
0.087
1.091
4.232
15.449
0.157
9.550
0.753
39.991
1.127
6.134
0.329
6.288
5.319
0.845
43.203
167.686
0.145
5.769
16.783
23.664
3.061
4.182
3.748
0.974
65.730
1.299
19.870
9.075

13.211
2.398
25.424
0.234
0.231
10.073
4.659
0.087
1.094
4.217
15.505
0.158
9.557
0.747
39.923
1.119
6.172
0.329
6.296
5.319
0.845
43.220
166.356
0.146
5.787
16.807
23.699
3.059
4.169
3.753
0.974
65.169
1.300
19.896
9.055

0.0166
-0.00336
-0.0858
0.0000797
-0.000150
-0.0477
0.0124
-0.0000698
-0.00208
0.0150
-0.0564
-0.000681
-0.00714
0.00558
0.0684
0.00762
-0.0373
0.000371
-0.00840
0.0000474
-0.0000312
-0.0174
1.33
-0.000142
-0.0179
-0.0241
-0.0350
0.00165
0.0124
-0.00453
-0.000327
0.561
-0.00104
-0.0252
0.0204

Table S5.7: Calibration for all outcomes, comparison between PRS,,,;i and EX-TERR.
Fig a. Residual Mean Squared Error (RMSE) for continuous traits. The RMSE difference
is calculated as PRSuiti - EX-TERR. A lower RMSE statistic indicates a better fit.
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b. Dichotomous traits

Fig b. Hosmer-Lemeshow (HL) test for dichotomous outcomes, with p-values shown in
brackets. The HL difference is calculated as PRSuti - EX-TERR. A lower HL statistic
indicates a better fit.

Trait PRSuiti HL/A?  PRSuii HL/)?2  EX-TERR HL/)? EX-TERR p-value
AFF 33.140 5.81x10° 31.087 0.000136
Asthma 6.358 0.61 7.157 0.520
CAD 94.885 «<0.001 97.531 <<<0.001
Cancer, no breast cancer 147.841 <<<0.001 135.520 <<<0.001
Cancer, with breast cancer 17.270 0.0274 15.754 0.0460
Cancer, suspected or other 7.075 0.529 4.263 0.833
Cardiac dysrhythmias 134.644 <<<0.001 139.925 <<<0.001
Cataract 6.322 0.6115 3.984 0.859
Cerebrovascular disease 33.330 5.37x1075 38.874 5.19x10~6
Coronary atherosclerosis 99.298 <<<0.001 104.708 <<<0.001
Death 96.009 <<<0.001 104.593 <<<0.001
Diabetes mellitus 11.772 0.162 17.316 0.0270
Esophagitis (GERD+) 57.133 1.70x10~° 56.787 1.98x107°
Ever smoked 238.015 <<<0.001 280.171 <<<0.001
Fracture of upper limb 242.194 <<<0.001 286.529 <<<0.001
Hemorrhagic stroke 14.230 0.0760 11.402 0.180
Hypertension 17.555 0.0248 17.554 0.0248
Hypothyroidism 22.261 0.00445 23.458 0.00282
Hypothyroidism (NOS) 27.189 0.000656 24.574 0.00183
ICH 5.892 0.659 7.950 0.438
Iron deficiency anemias 25.062 0.00152 37.901 7.85x1076
Ischemic heart disease 51.414 2.18x10~8 61.692 2.17x10~10
Ischemic stroke 11.057 0.199 12.098 0.147
Myocardial infarction 66.640 2.29x10~ 11 69.532 6.09x10~12
Obesity 25.564 0.00125 29.882 0.000222
Obs. chronic bronchitis 46.573 1.85x1077 37.658 8.71x10~6
Osteoarthrosis 25.248 0.00141 24.598 0.00182
Pneumonia 97.807 <<<0.001 104.138 <<<0.001
Renal failure 35.480 2.19x10° 34.093 3.91x10~°
SAH 2.345 0.969 3.907 0.865
Stroke 18.622 0.0170 17.910 0.0219
T2D 38.012 7.49x1076 57.372 1.52x1079
Tobacco use disorder 14.934 0.0604 14.448 0.0708
Varicose veins 15.867 0.0443 16.364 0.0375

225



EX-TERR EX-TERR PRS

Trait PRSuiti NRI PRS NRI PRSuiti p-value p-value
CAD 0.283 0.272 <<<0.001 <<<0.001
T2D 0.297 0.326 <<<0.001 <<<0.001
Stroke 0.129 0.129 <<<0.001 <<<0.001
AFF 0.189 0.197 <<<0.001 <<<0.001
Asthma 0.180 0.089 <<<0.001 <<<0.001
Cancer, no breast cancer 0.045 0.033 <<<0.001 <<<0.001
Cancer, suspected or other 0.111 0.030 <<<0.001 <<<0.001
Cancer, with breast cancer 0.016 0.002 0.172 0.879
Cardiac dysrhythmias 0.151 0.161 <<<0.001 <<<0.001
Cataract 0.044 0.041 <<<0.001 <<<0.001
Cerebrovascular disease 0.142 0.139 <<<0.001 <<<0.001
Coronary atherosclerosis 0.268 0.260 <<<0.001 <<<0.001
Diabetes mellitus 0.277 0.309 <<<0.001 <<<0.001
Esophagitis (GERD+) 0.139 0.122 <<<0.001 <<<0.001
Ever smoked 0.088 0.076 <<<0.001 <<<0.001
Fracture of upper limb 0.136 0.080 <<<0.001 <<<0.001
Hemorrhagic stroke 0.032 0.019 0.238 0.467
Hypertension 0.249 0.254 <<<0.001 <<<0.001
Hypothyroidism 0.074 0.047 <<<0.001 <<<0.001
Hypothyroidism (NOS) 0.075 0.061 <<<0.001 <<<0.001
ICH -0.153 0.052 <<<0.001 0.031
Iron deficiency anemias 0.114 0.081 <<<0.001 <<<0.001
Ischemic Heart Disease 0.240 0.237 <<<0.001 <<<0.001
Ischemic stroke 0.135 0.108 <<<0.001 <<<0.001
Myocardial infarction 0.263 0.237 <<<0.001 <<<0.001
Obesity 0.237 0.240 <<<0.001 <<<0.001
Obstructive chronic bronchitis 0.278 0.216 <<<0.001 <<<0.001
Osteoarthrosis 0.106 0.088 <<<0.001 <<<0.001
Pneumonia 0.148 0.137 <<<0.001 <<<0.001
Renal failure 0.168 0.162 <<<0.001 <<<0.001
SAH 0.013 0.035 0.641 0.207
Tobacco use disorder 0.224 0.231 <<<0.001 <<<0.001
Varicose veins 0.051 0.035 <<<0.001 <<<0.001
Death 0.122 0.089 <<<0.001 <<<0.001

Table S5.9: Discriminative capacities of PRSut; and EX-TERR PRS for each available
outcome, with Age + Sex as the base model.
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Table S5.10: a. Continuous traits (regression coefficient, adjusted R2.) PRS results
in validation set for baseline PRS, multi LDpred2 PRS and EX-TERR PRS (earth degree
= 1). All results are highly significant (Rotation SD = 0.6, p-value «< 0.01)

Trait Baseline PRShulti EX-TERR
Beta Adj R? Beta Adj R? Beta Adj R?
(SE) (SE) (SE)

Alanine aminotransferase 0.0616 0.00380 0.0669 0.00447 0.0649 0.00421
(0.00175) (0.00175) (0.00156)

Albumin 0.0394 0.00155 0.0532 0.00283 0.0424 0.00179
(0.00175) (0.00175) (0.00156)

Alkaline phosphatase -0.0604 0.00365 0.0201 0.000403 0.0238 0.000563
(0.00175) (0.00175) (0.00156)

Apolipoprotein A -0.0474 0.00224 0.0426 0.00181 0.0445 0.00198
(0.00175) (0.00175) (0.00156)

Apolipoprotein B 0.144 0.0209 0.0616 0.00380 0.0517 0.00267
(0.00173) (0.00175) (0.00156)

Aspartate aminotransferase 0.0373 0.00139 0.0291 0.000843 0.0332 0.00110
(0.00175) (0.00175) (0.00156)

Bilirubin (direct) -0.058 0.00289 0.0513 0.00263 0.0246 0.000604
(0.00175) (0.00175) (0.00156)

Bilirubin (total) -0.0172 0.000294 0.0135 0.000180 0.00499 0.0000225
(0.00175) (0.00175) (0.00157)

Body Mass Index (BMI) 0.0988 0.00975 0.158 0.0251 0.165 0.02711
(0.00174) (0.00173) (0.00154)

Calcium 0.0389 0.00151 0.0467 0.00218 0.0474 0.00225
(0.00175) (0.00175) (0.00156)

Cholesterol 0.0910 0.00829 0.307 0.0945 0.0442 0.00195
(0.00174) (0.00167) (0.00156)

C-reactive protein -0.0559 0.00312 0.0359 0.00129 0.0939 0.00881
(0.00175) (0.00175) (0.00156)

Creatinine 0.0625 0.00390 0.0610 0.00372 0.0611 0.00373
(0.00175) (0.00175) (0.00156)

Continued on next page
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Table S5.10 — continued from previous page

Trait Baseline PRShulti EX-TERR
Beta Adj R? Beta Adj R? Beta Adj R?
(SE) (SE) (SE)

Cystatin C 0.0730 0.00533 0.0973 0.00946 0.0995 0.00990
(0.00175) (0.00174) (0.00156)

Diastolic ~ Blood  Pressure 0.0501 0.00250 0.0699 0.00488 0.0578 0.00333

(DBP) (0.00175) (0.00175) (0.00156)

Gamma glutamyltransferase 0.0580 0.00336 0.0657 0.00431 0.0635 0.00403
(0.00175) (0.00175) (0.00156)

Glucose -0.0373 0.00138 0.0487 0.00237 0.0499 0.00248
(0.00175) (0.00175) (0.00156)

Glycated haemoglobin 0.0637 0.00406 0.0833 0.00694 0.0846 0.00715

(HbAlc) (0.00175) (0.00174) (0.00156)

High  Density Lipoprotein -0.0471 0.00221 0.182 0.03316 0.0794 0.00630

(HDL) (0.00175) (0.00172) (0.00156)

Height -0.0499 0.00248 0.0770 0.00593 0.0637 0.00406
(0.00175) (0.00174) (0.00156)

Insulin-like Growth Factor 1 -0.0236 0.000555 0.0481 0.00231 0.0272 0.000736

(IGF-1) (0.00175) (0.00175) (0.00156)

Low  Density  Lipoprotein 0.108 0.01175 0.0160 0.000253 0.0171 0.000290

(LDL) Cholesterol (0.00174) (0.00175) (0.00157)

Lipoprotein A 0.0811 0.00657 0.0113 0.000124 0.00808 6.28x 105
(0.00174) (0.00175) (0.00156)

Oestradiol -0.00622  0.0000357 0.00336 820x 106 -0.00141 -4.62x107
(0.00175) (0.00175) (0.00156)

Phosphate 0.0118 0.000136 0.00710 4.73x105 0.00985 9.46 x 10 5
(0.00175) (0.00175) (0.00156)

Protein (total) 0.0428 0.00183 0.0498 0.00248 0.0506 0.00256
(0.00175) (0.00175) (0.00156)

Rheumatoid Factor 0.00409 0.0000136  -0.00357  9.65 x 10 6 0.00172 522x107
(0.00175) (0.00175) (0.00157)

Systolic Blood Pressure (SBP) 0.0521 0.00271 0.0845
(0.00175) (0.00174)

Continued o

n next page
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Table S5.10 — continued from previous page

Trait Baseline PRShulti EX-TERR
Beta Adj R? Beta Adj R? Beta Adj R?
(SE) (SE) (SE)
0.00713 0.0733 0.00538
(0.00156)
Sex Hormone Binding Globulin -0.104 0.0108 0.115 0.0133 0.105 0.0110
(SHBG) (0.00174) (0.00174) (0.00156)
Testosterone -0.0431 0.00185 0.0217 0.000468 0.0359 0.00128
(0.00175) (0.00175) (0.00156)
Triglycerides 0.0427 0.00312 0.0680 0.00129 0.0513 0.00263
(0.00175) (0.00175) (0.00156)
Urate 0.195 0.0364 0.199 0.0395 0.239 0.0569
(0.00172) (0.00172) (0.00152)
Urea -0.0880 0.00775 0.0920 0.00846 0.0899 0.00808
(0.00174) (0.00174) (0.00156)
Vitamin D -0.0523 0.00275 0.0644 0.00414 0.0615 0.00378
(0.00175) (0.00175) (0.00156)
Waist-Hip Ratio (WHR) 0.0825 0.00680 0.115 0.0132 0.122 0.0150
(0.00174) (0.00174) (0.00155)
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b. Dichotomous traits (OR). PRS results in validation sets for baseline PRS, multi
LDpred2 PRS and EX-TERR PRS (earth degree = 1). All results are highly significant
(Rotation SD = 1.0, p-value <<< 0.01)

Trait Baseline SD PRShulti SD EX- SD
OR OR TERR
OR

Atrial Fibrillation & Flutter 1.218 0.00647 1.265 0.00650 1.274 0.00581

(AFF)

Asthma 1.207 0.00590 1.259 0.00592 1.116 0.00532
Cancer (no breast cancer) 1.048 0.00703 1.056 0.00704 1.045 0.00627
Cancer (suspected or other) 1.039 0.00496 1.031 0.00495 1.038 0.00444
Cancer (with breast cancer) 1.032 0.0121 1.000 0.0121 0.983 0.0109
Cardiac dysrhythmias 1.165 0.00530 1.219 0.00533 1.220 0.00477
Cataract 1.049 0.00530 1.055 0.00529 1.048 0.00474
Cerebrovascular disease 1.218 0.00782 1.193 0.00784 1.185 0.0153

Coronary  Artery  Disease 1.248 0.00641 1.419 0.00650 1.400 0.0125

(CAD)

Coronary atherosclerosis 1.237 0.00646 1.390 0.00655 1.384 0.00703
Death 1.237 0.00628 1.162 0.00631 1.118 0.00580
Diabetes mellitus 1.285 0.00619 1.415 0.00621 1.456 0.00585
Esophagitis (GERD and re- 1.114 0.00499 1.180 0.00501 1.153 0.00564

lated diseases)

Ever smoked 1.086 0.00362 1.116 0.00365 1.103 0.00558
Fracture of upper limb 1.040 0.00900 1.158 0.00900 1.104 0.00447
Hemorrhagic stroke 1.079 0.02678 1.036 0.0266 1.021 0.00325
Hypertension 1.201 0.00399 1.369 0.00407 1.377 0.00808
Hypothyroidism (NOS) 1.094 0.00715 1.103 0.00722 1.051 0.0238
Hypothyroidism 1.096 0.00731 1.102 0.00740 1.071 0.00365
Intracerebral Hemorrhage 1.101 0.0234 1.023 0.02418 1.072 0.00645
(ICH)

Iron deficiency anemias 1.087 0.00817 1.156 0.00818 1.110 0.00659
Ischemic heart disease 1.211 0.00542 1.339 0.00549 1.349 0.0214
Ischemic stroke 1.125 0.0113 1.156 0.0113 1.142 0.00730
Myocardial infarction 1.237 0.00776 1.384 0.00784 1.349 0.00490

Continued on next page
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Table S5.11 — continued from previous page

Trait Baseline SD PRSulti SD EX- SD
OR OR TERR
OR

Obesity 1.200 0.00650 1.342 0.00654 1.346 0.0101
Obstructive chronic bronchitis 1.288 0.00829 1.416 0.00837 1.308 0.00700
Osteoarthrosis 1.109 0.00527 1.144 0.00528 1.108 0.00585
Pneumonia 1.135 0.00679 1.214 0.00681 1.196 0.00743
Renal failure 1.119 0.00636 1.239 0.00639 1.236 0.00471
Stroke 1.116 0.00897 1.189 0.00897 1.170 0.00610
Subarachnoid hemorrhage 1.077 0.0279 0.996 0.0279 1.043 0.00573
(SAH)

Tobacco use disorder 1.232 0.00694 1.334 0.00701 1.346 0.00803
Type II diabetes (T2D) 1.318 0.00649 1.453 0.00651 1.487 0.0248
Varicose veins 1.061 0.00931 1.076 0.00922 1.032 0.00626
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Table S5.12: Best-performing PRS after masking for each of the 69 outcomes in the vali-

dation set.

Trait

Best Performing PRS

Trait

Best Performing PRS

Continuous Traits

Dichotomous Traits

Alanine aminotransferase
Albumin

Alkaline phosphatase
Apolipoprotein A
Apolipoprotein B
Aspartate aminotransferase
Bilirubin (direct)

Bilirubin (total)

Body Mass Index (BMI)

Calcium

Cholesterol

C-reactive protein
Creatinine
Cystatin C
Diastolic  Blood  Pressure
(DBP)

Gamma glutamyltransferase

Glucose

Glycated haemoglobin
(HbAlc)

High  Density Lipoprotein

(HDL) Cholesterol

Height

Insulin-like Growth Factor 1
(IGF-1)
Low

Density  Lipoprotein

(LDL) Cholesterol

TG (GLGC)

TG (GLGC)
Venous thromboembolism
Alzheimers disease
Alzheimers disease
TG (GLGC)

LDL (GLGC)

LDL (MVP)

Heart failure

TG (GLGC)

LDL (GLGC)

Alzheimers disease
BUN
BUN

Heart failure
TG (GLGO)
HDL (GLGC)
TG (GLGOQ))

PAD

TG (GLGC)
eGFR

Alzheimer’s disease

Atrial Fibrillation (AF)
Asthma

Cancer (suspected or other)
Cancer (no breast cancer)
Cancer (with breast cancer)
Cardiac dysrhythmias
Cataract

Cerebrovascular disease (CeD)
Cerebrovascular disease (ever
smoked)

Cerebrovascular disease (never
smoked)
Coronary  Artery  Disease
(CAD)

Coronary atherosclerosis
Death

Diabetes mellitus

Esophagitis (GERD and re-
lated diseases)

Ever smoked

Fracture of upper limb

Hemorrhagic stroke

Hypertension

Hypothyroidism

Intracerebral

(ICH)

Hemorrhage

Iron deficiency anemias

Heart failure
COPD
ADHD
COPD
ADHD

Heart failure
Stroke

PAD

Thyroid cancer

COVID-19 (transethnic)

PAD

PAD
COPD
TG (GLGC)
ADHD

ADHD

HDL
PAD

Heart failure

ADHD

Alzheimer’s disease

COPD

Continued on next page
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Table S5.12 — continued from previous page

Trait

Best Performing PRS

Trait

Best Performing PRS

Continuous Traits

Dichotomous Traits

Lipoprotein A

Oestradiol

Phosphate

Protein (total)

Rheumatoid Factor

Systolic Blood Pressure (SBP)
Sex Hormone Binding Globulin
(SHBG)

Testosterone

Triglycerides

Urate

Urea
Vitamin D

Waist-Hip Ratio

MI
T2D

Schizophrenia

TG (GLGC)

Heart failure

TG (GLGC)

TG (GLGC)
T2D

Gout

eGFR
TG (GLGC)

Heart failure

Crohns’ Disase

Ischemic heart disease
Ischemic stroke

Myocardial infarction
Hypothyroidism (NOS)
Obesity

Obstructive chronic bronchitis

Osteoarthrosis

Pneumonia
Renal failure
Subarachnoid

(SAH)

hemorrhage

Stroke
Type II Diabetes (T2D)
Tobacco use disorder

Varicose veins

PAD
Heart failure
PAD
ADHD
ADHD
Asthma
ADHD

COPD
Heart failure

Abdominal aortic aneurysm

PAD
TG (GLGC)
ADHD

Heart failure
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71 UKB phenotypes (Y) X 71 UKB phenotypes (Y)

nparticipants x 71 phenotypes n participants x 71 phenotypes

I |
V

CORRELATION MATRIX: cor() function

Calculates rbetween input vectors.
predictor = 71 phenotypes, outcome = 71 phenotypes

n Y2 Ys -e- Yn )
yi 1 Ti2 T3 ... T171
y2 | T2.1 1 23 ... Ta7l

2= Yy3 | Ts1 T3z 1 cee T371
yrn \rri1 Tri2 T3 .. 1
PAIRWISE 2

r? > 0.7 reported and treated as
outcome masks

Figure S5.1: Pipeline for assessing correlation of phenotypes for masking. Process
of determining correlation between outcomes to determine which traits should be masked.
This was originally done for 71 outcomes (two were removed due to insufficient data.).
The cor() function in R is used to determine pairwise correlation. Results are shown in
Supplementary Table S3 and final masked GWAS are reported in Supplementary Table S4.
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Figure S5.2: EX-TERR earth visualization of genetic effects on target outcome. Partial
dependence plots (PDP) for the top six significant traits for a single cross-validation fold.
For the continuous traits (TG HDLs), the peaks are center around (0,0) and reflect the
general direction of the genetic effect of these predictors on the DM outcome. The TG
partial dependence plot (PDP) shows positive DM values, with a negative slope at lower
values and a positive slope at higher values. This suggests that as TG coefficients reach
extreme values, the effect on DM increases, indicating a deleterious effect. Conversely, HDL
coefficients show a decreasing effect or negative DM estimates at extreme values, implying
a protective effect. For dichotomous traits such as peripheral artery disease (PAD), heart
failure, and attention deficit hyperactivity disorder (ADHD), there is a positive correlation
with DM estimators, indicating that there is an estimated increase of disease risk as the
trait coefficients increase.
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Figure S5.3: Simulation results for MARS algorithm as performed by EX-TERR in one
fold for diabetes mellitus outcome (threshold = 0.6). a. Term selection b. Cumulative
distribution of residuals c. Fitted vs. residuals d. QQ plot
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PRShulti 16.83 0.032
EX-TERR 4.99 0.76*

Figure S5.4: Goodness of fit calibration results for EX-TERR PRS with diabetes
mellitus (DM) outcome. A Hosmer-Lemeshow plot depicting the calibration test be-
tween observed and expected values for the DM outcome and its corresponding EX-TERR
PRS. The accompanying table reports results for DM outcome across the three method-
ologies. In this example, PRS,,uiti is not significantly calibrated, while both baseline and
EX-TERR PRS are significantly calibrated.
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Chapter 6

Conclusion

6.1 General Overview

Cardiovascular diseases continue to be a significant global concern, and utilizing genetic
data for risk prediction can play a crucial role in the prevention, detection, and treatment
of these conditions. Polygenic risk scores (PRS) hold great clinical potential, as they rely
solely on a patient’s genotype, which can be obtained from an early age. Thus, PRS
provide a non-invasive and cost-effective tool which can be used in tandem with current
clinical risk predictors or alone. PRS are especially relevant to high prevalent cardiovascular
diseases such coronary artery disease (CAD) or stroke, as these are highly heritable and
there has been much evidence of genetic associations throughout the years. Additionally,
because PRS only require a patient’s genotypic information, they can be developed for
numerous traits and phenotypes, facilitated by the recent advent of large-scale genome-wide
association studies (GWAS). Throughout the years, PRS have demonstrated prediction

performance at least equivalent to comparable clinical risk predictors, and continue to be
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improved through methodologies incorporating machine learning and advanced statistical
techniques. However, limitations remain with PRS which prevent them from being fully
adapted into clinical practice. The performance of PRS greatly relies on the quality and
scale of the GWAS available. Furthermore, GWAS generated within a given ancestry
have proven to be less applicable to a different ancestry. This further poses a problem,
as a large majority of GWAS are conducted within European ancestries. Additionally,
there exists many traits for which a corresponding GWAS does not exist. This can be a
great hindrance to PRS quality. While this issue could be mitigated through using GWAS
pertaining to relevant risk factors to the target trait, this strategy would not address genetic
architectures where trait-specific genetic pathways exist. This is especially prevalent when
heritability estimates are unavailable, furthering the difficulty to discern between genetic
and environmental influences within these complex traits. Therefore, the lack of GWAS
can pose a major challenge in PRS optimization. Priorly, the issue of unavailable external
trait-specfic GWAS has not been thoroughly investigated, and there are no methodologies
which specifically address it. Overall, this thesis addresses the use of PRS for risk prediction
of cardiovascular traits. By exploring established genetic influences and pathways related
to cardiovascular conditions, further advancements in PRS could yield new insights into
biological and genetic pathways. Additionally, the aim is to overcome existing limitations
and develop optimized, standardized PRS suitable for clinical application. This section
provides a concise overview of research findings, clinical implications, current challenges,

and future directions in PRS research for cardiovascular diseases.

6.2 Chapter 3 Overview

Current research and literature pertaining to premature coronary artery diease (pCAD)

was reviewed. pCAD refers to the early-onset condition of coronary artery disease (CAD)
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occurring in patients younger than 65 years for women and 55 years for men. Both genetic
and environmental influences on pCAD were investigated, along with the related conditions
of clonal hematopoiesis of indeterminate potential (CHIP) and spontaneous coronary artery
dissection (SCAD). Since pCAD is a condition of early-onset, it is highly attributable to
genetic influences. pCAD is reported to be highly heritable as reported from twin and
family studies. Monogenic causes are mainly attributed to familial hypercholesterolemia
(elevated LDLc levels) and other dyslipidemias. Polygenic causes cited the first CAD
GWAS in 2007 and the discovery of the 9p21 locus which is strongly associated with
CAD. Rare variant studies have also shown promising results for pCAD. The advantages
and disadvantages of PRS and clinical risk scores were also mentioned, as clinical risk
scores are not particularly useful for pCAD due to their emphasis on age. Environmental
risk factors include smoking, opioid usage, alcohol, amphetamines, stress and exercise.
Finally, we reviewed conditions of similar manifestations to pCAD: clonal hematopoiesis
and indeterminate potential (CHIP) and spontaneous coronary artery dissection (SCAD).
Cumulatively, there is a need for a better understanding of pCAD, due to high societal

burden of CAD in younger individuals.

6.3 Chapter 4 Overview

Myocardial infarction after noncardiac surgery (MINS), the most prevalent vascular com-
plication proceeding surgical procedures, was the target outcome for applying polygenic
risk score (PRS). The involvement of genetic influences was expected to improve predictive
accuracy beyond the commonly used clinically risk predictor Revised Cardiac Risk Index
(RCRI). The case-control study consisted of 506 matched patients nested within the in-
ternational prospective representative Vascular Events in Noncardiac Surgery Participants

Cohort Evaluation (VISION) cohort. Conditional logistic regression revealed significant
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associations between MINS and the type 2 diabetes (T2D) PRS and the HbAlc PRS. No
other PRS was associated with with MINS. Discrimination capacity was also observed for
significant PRS. These results imply a multifactorial etiology of MINS, suggesting the po-
tential influence of microvascular disease in MINS. However, this study was constrained by
its smaller sample size, possibly resulting in a lower association due to limited statistical
power. Additionally, no GWAS is currently available for MINS, which may overlook unique
genetic architectures driven by MINS-specific genetic pathways distinct from known MINS
risk factors. This warrants the need for better powered genetic studies, especially per-
taining to MINS and MINS risk factors. Overall, the PRS results suggest potential links

between perioperative glucose levels and MINS.

6.4 Chapter 5 Overview

Despite the growing popularity of polygenic risk scores (PRS) in recent years, there has been
no clear guidance on the appropriate approach to take when a genome-wide association
study (GWAS) for the target outcome is unavailable. We develop a novel method EX-
TERR to address this issue, and compare with leading methods such as LDpred2 and elastic
net regression multi PRS. Overall, we created PRS from 61 genome-wide association studies
for 71 outcomes. Three PRS methods were observed: 1) a baseline, single-trait PRS, 2) a
multi-trait PRS based in elastic net regression and 3) EX-TERR: a multi-trait PRS based
in multi-adaptive regression splines (MARS). EX-TERR is based on MARS, a flexible,
non-parametric and non-linear regression technique. EX-TERR is unique in that it does
not require a train/test split for the original patient sample. This is due to a training and
cross-validation step of components equivalent to genetic variants, mitigating the need for
original participant train/test set. To simulate the condition of an unavailable GWAS,

GWAS which had traits matching to a specific outcome were removed or “masked” from
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the analysis. Within the 71 outcomes, multi-trait PRS outperformed single-trait PRS
for 77% of total outcomes. However, the results also demonstrated that there is not a
general optimal PRS methodology across all outcomes. Furthermore, significant decreases
were indeed observed when the matching trait was masked relative to when they were left
unmasked. Finally, it was noted that EX-TERR’s performance was comparable to the

current leading PRS methods.

6.5 Clinical & Research Implications

6.5.1 Genetics Risk Prediction of Complex Traits in Clinical Settings

Our pCAD review summarizes both genetic and non-genetic risk factors for CAD, including
key monogenic and polygenic loci associated with the disease. Most prevalent disease traits
are complex, arising from a combination of environmental factors and multiple genetic loci.
Current clinical risk scores for cardiovascular risk typically overlook genetic risk factors and
family history, focusing instead on clinical risk factors such as age and relevant biomarkers
[1, 2]. Consequently, these scores are particularly limited for complex conditions with high
heritability, as they may not be applicable to early-onset cases (e.g. younger individuals
are automatically categorized as lower risk) and fail to account for genetic contributions.
This highlights the importance of integrating PRS into clinical practices to account for
the genetic component. Including family history with clinical risk scores has been shown
to enhance risk assessment[3, 4, 5]. Similarly, the use of PRS in tandem with clinical risk
predictors has shown to significantly improve prediction in CAD and related cardiovascular
events.[6, 7]. Furthermore, PRS have also independently performed comparably to other
genetic and non-genetic risk predictors([8, 9]. From a clinical perspective, PRS can be very

beneficial as they only require the initial genotype information, which can be obtained
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at an early age, and can be applicable to numerous traits. This can be convenient for
disease prevention, particularly in early-onset cases, and may help circumvent challenges
posed by long-term follow-up or the acquisition of clinical risk factors that can change over
a lifetime (e.g. modifiable risk factors, biomarker levels, co-morbities) [10]. The use of
PRS has also been demonstrated to be cost-effective for CVD, which can be attributed to
lowered genotyping costs over the years[11, 12]. While there can be several advantages to
implementing PRS, a standard must first be established. There is further interest for PRS
in precision medicine and stratification for drug treatments[3]. Each PRS is specifically
catered to the patient, and can inform insights into treatment decisions. For examples, PRS
have been conducted to assess major adverse cardiovascular events (MACE) and determine
whether or not they should be treated with drugs for PCSK9 inhibition [13, 14]. It was
concluded that patients concurring higher genetic risk may have greater benefit in drug

treatment rather than those with low genetic risk.

6.5.2 Comparison of Different Leading PRS Methods

Over the years, numerous PRS methods have been developed, each with their unique set of
advantages. Our PRS analyses utilize the current leading techniques in tandem, allowing
for a direct comparison of the preferred methodologies. During the development of the
PRS project, simulations were conducted using the most frequently cited PRS methods
from the past decade within the UK Biobank. The simulations encompassed both single-
trait approaches and multi-trait techniques that employed advanced statistical methods
and machine learning. Although not exhaustive, the methods tested included clumping
and thresholding (C 4+ T), LD adjustment within a window, forward selection, elastic
net regression, LASSO regression, regionally correlated techniques, random forests, and

Bayesian approaches. Essentially, a review of the currently relevant PRS methods was

243



conducted. Although multi-trait PRS generally outperformed single-trait PRS, no single
method consistently emerged as the best across all outcomes. This insight should be taken
into account in future PRS development, as it indicates that more complex methods do
not necessarily yield better results. In some instances, the simplest methods are more
than adequate and offer the advantages of greater efficiency and interpretability. Overall,
the advantages and disadvantages of many PRS methods were explored, and the direct
predictive accuracy was observed across many outcomes. It is important to recognize that
there may not be a universally optimized PRS method, as different outcomes with distinct

genetic architectures may require varying risk prediction approaches.

6.5.3 Availability of External GWAS for PRS

The gap in predictive accuracy of PRS significantly differs when a matching external GWAS
is available relative to when the matching GWAS is not available. While previous studies
have consistently shown that PRS performance depends on the base GWAS, there is a
lack of information on the best approach when an external matching GWAS is entirely
unavailable. Myocardial infarction after non-cardiac surgery (MINS) is one such example.
While GWAS for risk factors related to MINS were available, there is no GWAS directly
corresponding to MINS. The evident difference in predictive accuracy was observed through
several methodologies, incorporating both single-trait and multi-trait PRS. Multi-trait PRS
outperformed single-trait PRS for a majority of outcomes tested. Thus, multi-trait PRS
could be a potential solution to this problem. However, it should be acknowledged that
there is not a single optimal approach for all outcomes. This could be due to underlying
genetic architecture of the outcome. The main advantage of EX-TERR is that it does
not require train/test split in the original sample. This can be especially advantageous

when external GWAS are unavailable, as large-scale GWAS with strong associations are
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necessary for optimizing PRS. This can also mitigate issues arising from smaller sample
sizes. Furthermore, the MARS model underlying EX-TERR is non-parametric which can

adapt to the datasets it is provided.

6.5.4 Novel Insights for Genetic and Biological Pathways

While specific pathways were not thoroughly explored within this thesis, PRS methods may
potentially reveal novel genetic and pathophysiological interactions between traits. For
example, a previous PRS method in the Paré lab focussed on accounting for correlations
between genomic regions [15]. Patient genotypes were divided into regions, after which the
genetic correlations between these regions were observed for PRS adjustments. The study
showed convincing evidence that there exists shared heritability between complex traits,
and addresses assumption that all genomic regions will contribute proportionally in all
outcomes. This is of particular relevance for multi-trait PRS. In addition to this finding,
the study also affirmed various biological pathways, particularly. In particular, there was
observed LIPC locus. There was observed correlation at the HDLc and CAD at this locus.
Combining this with prior knowledge suggests that decreased LIPC activity may result
in increased HDLc and CAD risk. LIPC affects intermediate-density lipoproteins, thus
putting into the question the causal HDLc for CAD. Other studies have also uncovered
interesting etiologies, such as a schizophrenia PRS being significantly increased for patients

with a type 1 bipolar disorder relative to type 2 bipolar disorder.

EX-TERR also has capabilities in detecting genetic and biological associations, due to
its consideration of genetic interactions between rotated regional components. The MARS
model underlying EX-TERR demonstrates this potential by generating basis functions that
directly capture the interactions between input predictors. Furthermore, these interactions

can be visualized through built-in earth functions. While these were not explored in detail,
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this is another aspect of EX-TERR which holds much potentially for PRS utility. Overall,
PRS are not only useful for risk prediction, they can allow for novel insights into disease

etiologies and pathophysiologically.

6.5.5 Extension to Other Diseases & Traits

While the elements of this thesis are centralized around cardiovascular diseases, many con-
cepts and techniques can be applied to other complex diseases. Furthermore, the PRS
methods can be utilized with any GWAS for any outcome trait/disease. Unique char-
acteristics of certain datasets may result in different performance in PRS methods. The
development of EX-TERR establishes a foundation for further PRS development and op-
timization, especially as novel GWAS data become available. These methods may also be
applied across different ethnicities to address the ongoing concern regarding the transfer-
ability GWAS to non-matching ancestries. Overall, the findings regarding external GWAS
can be considered for future PRS development. The overall objective remains to establish
a reliable standard for implementation of genetics into clinical risk prediction which is also

applicable to global populations.

6.6 Limitations & Considerations

The general limitations of PRS stems from the many assumptions in their application.
The target trait or disease is not only assumed to have high heritability, but also have
underlying polygenic characteristics. While many conditions and traits have been proven
to be a product of multiple loci, attempting to apply PRS to monogenic or enviromentally
driven outcome will likely result in unnecessary noise and inaccurate conclusions. PRS may
also fail to capture complex genetic interactions, such as gene-environment or gene-gene

interactions. The challenges in establishing a clinical standard for PRS stem from how it
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will applied and interpreted for a given patient. Since the calculated risk is relative, PRS
do not necessarily guarantee disease onset. For instance, a patient with PRS in the top
percentile is not guaranteed to develop the disease. This underscores the need for clinicians
to apply their full understanding and judgment to use PRS in practice. Furthermore,
increased screening resulting in false positives may induce misplaced stress in an individual,
and have significant economic cost to society[16]. The complexities make it challenge to
standard and adopt PRS in a clinical setting. The nature of the genetic risk captured by
PRS must be effectively communicated to patients and their families, as genetic risks can
be overemphasized over environmental impacts and lifestyle choices. There are additional
challenges to PRS application. Since diseases are inherently complex, the use of PRS
in conjuction with clinical risk scores must also be considered. In theory, the cost of
calculating PRS for a patient is less than $100[11]. However, this is offset by the fact
that PRS are still in the clinical testing phase, with significant work needed before they
become a standardized and easily accessible methodology. This would involve intensive
clinical studies with relevant phenotypic data, along with longitudinal follow-up to assess
prognosis or treatment outcome[16]. This can be quickly become expensive and challenging,
as these studies are expected to be smaller in sample size. Additionally, PRS is a tool which
requires acquisition and management of individual genetic information, which has raised
ethical and privacy concerns[11, 17]. There are concerns for potential genetic discrimination
and uninformed usage of private genetic data. Furthermore, given that no single PRS has
proven to be universally optimized, established a standardized approach for specific disease
categories may prove challenging. Currently, there remains no established standards or

guidelines for clinical application of PRS.

As reinforced by the findings within this thesis, PRS remain dependent on available

GWAS studies. There is a clear gap in performance when an external GWAS is unavail-
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able, demonstrating the significance of large-scale, high quality GWAS which matches the
target outcome. Moreover, with GWAS being regularly published, PRS would need to
be continually updated to reflect the most updated findings. Despite being a commonly
referenced issue, there is still no specific method or strategy to address the limited ancestry
representation in current GWAS. This unresolved issue hinders the global application of
PRS in clinical practice, as nearly all ancestries, except for European, are underrepresented
in GWAS. Moreover, an underpowered GWAS can lead to limitations in statistical power,
particularly when only small, localized samples are available. Within the framework of this
thesis, all methods and analyses were likewise conducted purely on European populations
(VISION, UK Biobank, European-based GWAS). Thus, the applicability of the current

findings to global populations has not yet been established.

There are unique limitations to each PRS methodology. Single-trait PRS, while easy
to interpret and simple in nature, does not address the possible interactions between the
risk factors. Therefore, it might may fail to capture pleiotropy and confounders. Alter-
natively, multi-trait PRS should enhance predictive power, offering broader applicability
and improved generalizability for complex diseases with multiple influences and risk fac-
tors. However, the use of multi-trait PRS may be excessive and capture unnecessary noise,
especially for outcomes which are highly specific. The structure of the dataset may also
impact PRS performance. For example, some methods may work better with continuous
outcomes and others with dichotomous outcomes. Naturally, the available sample sizes
and scale of GWAS will also influence the choice of methodology, as some methods may be
better suited in situations with limited statistical power. As previously noted, there does
not appear to be a single PRS method which is optimized for all outcomes. This is logical,
considering that every trait is inherently unique, with differing genetic architectures, levels

of heritability and related risk factors. It is somewhat unrealistic to take all these factors
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into consideration every time a PRS is created for a patient. However, this further high-
lights the benefits of studies like ours which encompass multiple PRS methodologies, as
they help identify the strengths and weaknesses of each method across a range of clinically

relevant outcomes.

While EX-TERR, based on the multi-adaptive regression spline (MARS) approach,
provides several unique advantages as a PRS methodology, it also has its own set of
limitations[18]. Firstly, while EX-TERR’s plentitude of parameters allow for high flexi-
bility and adaptation to the user’s input dataset, this may actually result in overfitting.
MARS fits linear data segments according to basis functions, and while there is a penalty
for adding more knots in the model, this can be overridden and is also dependent the
inputted dataset. For instance, MARS is not expected to perform as effectively with
smaller datasets or datasets with higher dimensionality, which are more susceptible to the
influence of outliers. The numerous parameters that must be tuned can lead to inconsis-
tent performance. Furthermore, MARS operates on a greedy forward pass followed by a
backwards pass, making it highly computationally intensive especially when compared to
alternate methods (e.g. single-trait, random foresting, elastic net). Similar to other multi-
trait methods, MARS does variable selection based on importance, excluding ones that it
considers irrelevant. However, MARS will not automatically consider correlation between
input predictors, which may introduce arbitrariness to results. While the bias-variance
trade-off is considered decent in MARS, the rigidity of basis functions may be attributed
to lower variance in each separate MARS model. While a benefit of MARS is its ability
to determine and showcase interactions between multiple predictors and their respective
outcome, it can be difficult to interpret the relative contribution of each predictor to the
outcome. This could produce challenges in determining meaningful interactions between

variables, especially under the context of biological or genetic etiologies. Finally, since
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MARS is a regression model, it is not inherently suited for categorical or binary outcomes.
Although it is designed to handle both categorical and continuous data, its design is more
suited to numeric or continuous outcomes, due to the nature of the basis functions it is

built upon.

6.7 Conclusion

Polygenic risk scores have garnered significant attention within the recent years for their
potential in clinical applications and precision medicine. This thesis provides an in depth
overview with accompanying analyses for PRS in the context of cardiovascular diseases.
The breadth and capabilities of PRS were showcased, with promising implications for clin-
ical adaption of PRS. We provide clear evidence that an external GWAS for the matching
trait is crucial to optimized PRS performance. The findings this thesis raise important
insights for the future development of PRS, and pave the way for future directions in
terms of novel biological insights and approaches to clinical implementation. Regardless,
there remains a lot of work for PRS before PRS can become standard practice. Future
PRS methods should seek to address the limited ancestries covered by GWAS, potential
gene-gene or gene-environmental interactions and investigations into how different PRS
models perform on various outcomes. Regardless, with additional informed research, the
findings in this paper have the potential to eventually guide and influence clinical practice,

specifically under the context of cardiovascular diseases.
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