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Abstract

Stroke is one of the leading causes of death and disability worldwide, with
hypertension being a major risk factor for stroke. According to the World
Stroke Organisation Global Stroke Fact Sheet, hypertension alone is
responsible for over half of all stroke-related deaths and disability-adjusted
life years (DALY's). While conventional risk factors for both diseases are well

established, the added prediction value of genetic liability remains less clear.

The traditional risk prediction models for hypertension and stroke, such as the
Framingham Hypertension Risk Score (FHRS) and the Framingham Stroke
Risk Score (FSRS), typically rely on clinical and demographic factors, often
assume linear effects, and typically overlook genetic liability and complex

interactions between predictors.

In this thesis, three complementary studies were conducted to examine whether
genetic liability could enhance the classification of hypertension and the
prediction of strokes via both machine learning (ML) and traditional modelling
techniques using data from more than 116,000 participants with European
ancestry in the UK Biobank. Genetic variants and their effects obtained from
genome-wide association studies were used to construct genetic liabilities for
selected cardiovascular disease (CVD) risk factors and stroke, respectively.
Multiple predictive models, such as Cox proportional hazards, penalized
regression models (both logistic and Cox), tree-based algorithms (random
forest, gradient boosting, and decision trees), and neural networks, were

assessed after participants were randomly divided into training and testing sets.

Discrimination (AUC), calibration, and reclassification indices (NRI, IDI, and
Brier score) were used to evaluate the models. Incorporating the genetic
liabilities resulted in modest but steady improvements across the studies. The

genetic liabilities associated with lipids improved the classification of
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hypertension best with AUC using random forest. Additionally, stroke genetic
liability enhanced stroke prediction with the Cox models, outperforming
machine learning models. Among hypertensive individuals, the model's
predictive performance (AUC) was higher in men and older adults than in
women or younger adults. The Cox models outperformed all the machine
learning models. Though ML methods allow for the investigation of non-
linearities and interactions. Overall, genetic liability slightly enhances

classification and risk prediction.
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Chapter One. General Introduction



1.1 Background
According to the World Health Organization, stroke and hypertension affect

more than one billion individuals worldwide. Both conditions contribute
significantly to the global economic and health burdens [1]. Non-modifiable risk
factors such as sex, age, genetics and modifiable risk factors such as poor diet,
sedentary lifestyle, diabetes, high cholesterol, and obesity contribute to the risk
of both hypertension and stroke. Hypertension, which is a common condition in
which the arterial blood pressure is consistently equal to or higher than 140/90
mmHg, 1s considered a major modifiable risk factor for stroke. Several
epidemiological studies have demonstrated that untreated hypertension
increases the risk of stroke by 2 to 4-fold [2]. The risk of stroke in hypertensive
patients increases dramatically with additional risk factors such as obesity,
diabetes or high cholesterol [3].

Developing models to accurately predict the risk of diseases such as stroke is
crucial, particularly for high-risk populations like hypertensive individuals.
Timely interventions like lifestyle adjustments and medical treatment will be
possible if high-risk individuals are identified early. The incidence of stroke
may significantly decline as a result.

The two well-known risk prediction models for stroke and hypertension are the
Framingham Stroke Risk Score (FSRS) and the Framingham Hypertension Risk
Score (FHRS). They both rely on simple statistical techniques.

Due to the availability of a large and complex health dataset, researchers are
increasingly using artificial intelligence (Al) techniques, such as machine
learning (ML) algorithms to develop risk prediction models to evaluate

individuals' risk of a disease.

1.1.1 Pathophysiology of Hypertension
Hypertension is one of the established chronic health conditions globally and an
important modifiable risk factor for cardiovascular diseases, including stroke, in

the general population [4]. Many factors, including genetic predisposition,
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lifestyle, obesity, insulin resistance, endothelial dysfunction, the renin-
angiotensin system (RAS), and the sympathetic nervous system (SNS),
contribute to the development of hypertension [5, 6].

A detailed description of the mechanisms involved in the development of
hypertension has been thoroughly described previously in [5, 6]. Here, we
describe the major processes that lead to hypertension. The process of
developing hypertension is complex. Multiple physiological systems are
involved in the process of developing hypertension. The renin-angiotensin
system (RAS), the autonomic nervous system (ANS), and endothelin are all
parts of these systems [5-9]. Two ways in which the ANS, especially the
Sympathetic Nervous System (SNS), and the RAS interact in the circulatory
system. First, angiotensin II (Ang II) raises SNS activity and oxidative stress,
which causes blood vessels to narrow (vasoconstriction), the heart rate to rise,
and retention of sodium. Second, the activation of the SNS stimulates the
kidney to produce renin, increasing the RAS mechanism and increasing the
production of Ang II in the system. This reciprocal relationship creates a
feedback loop that raises blood pressure. Hypertension develops as a result of
the aggravation of these two mechanisms [5-9].

Hypertension can lead to stroke through multiple processes. Chronic and
uncontrolled hypertension can cause a variety of changes within the
cardiovascular system, including cerebral circulation. These changes, including
vascular remodeling, inflammation, oxidative stress, and baroreflex
dysfunction, can lead to the development of stroke in hypertensive patients [4].
The key process is hypertension-induced oxidative stress, leading to an increase
in reactive oxygen species (ROS) levels compared to the antioxidant defence
system (ADS) in the brain and blood vessels. This excess ROS causes damage
to the blood vessels and the brain, contributing to cerebrovascular

dysfunction, characterised by endothelial damage, vascular stiffening, and
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decreased blood flow. Any change in these systems can lead to atherosclerosis

and increase the risk of stroke [4].
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Figure 1.1. Illustration of the definition and understanding of hypertension.

1.1.2 Pathophysiology of Atherosclerosis

Atherosclerosis is a chronic inflammatory disease of the arteries [10], and it is
one of the major causes of stroke. It is characterised by the formation of fatty
plaques, including lipids, inflammatory cells, and fibrous elements, within the
arterial walls [11]. The initial step of the pathophysiology of atherosclerosis
development is endothelial injury caused by high blood pressure or high
cholesterol levels, smoking, and diabetes. The injured endothelium becomes
more permeable, allowing LDL cholesterol and other lipids to infiltrate the
arterial wall. The LDL and other lipids are oxidised within the arterial wall,
prompting inflammatory responses [11, 12]. The oxidised LDL and circulating

monocytes move to the damaged endothelium site, forming cells, where the

12



monocytes attach to the endothelium and migrate into the arterial wall,
differentiating into macrophages [12, 13].

The accumulation of foam cells, lipids, extracellular matrix, and other
inflammatory cells leads to the growth of atherosclerotic plaques in the arterial
walls. These plaques cause the arteries to narrow and harden, leading to
disruption or restriction of blood flow and reducing oxygen supply to vital
organs, including the brain [11, 12, 14]. Atherosclerosis can lead to stroke in
numerous ways. As these plaques grow, they can become unstable and rupture,
leading to the formation of a blood clot in the arteries [11].

These blood clots can completely block the artery, cutting off the blood supply
and causing thrombotic stroke, or a piece of blood clot breaks off and travels
through the bloodstream and lodges in a small artery in the brain, causing
embolic stroke [12]. Essentially, both thrombotic and embolic strokes are
ischemic strokes caused by clots blocking oxygenated blood from flowing to the

brain.
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Figure 1.2. Illustration of the mechanism of plague formation and
atherosclerosis progression: From a normal blood vessel to a partly blocked

blood vessel due to plaque buildup [[15].
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1.1.3 The Interplay of Hypertension and Atherosclerosis

Studies have suggested that atherosclerosis and hypertension each may enhance
the oxidative stress of the arterial wall, and that the bridge connecting these
conditions may be vascular inflammation [16-18]. Atherosclerosis and
hypertension are not independent pathological conditions. They work together
to promote the development of stroke. Hypertension accelerates atherosclerosis
by causing damage to the arterial wall, promoting endothelial dysfunction,
vascular inflammation, and lipid infiltration.
These processes can lead to plaque formation, causing the small cerebral
arteries to become thick and narrow [18]. On the other hand, atherosclerosis
promotes hypertension by causing the arterial walls to become narrower,
decreasing vascular elasticity, 1.e., increasing stiffness, and making it difficult
for the heart to pump blood into the circulation system, which can result in
hypertension [19-21]. This reciprocal relationship between hypertension and
atherosclerosis can make the cerebrovascular system weak and increase the risk

of stroke.

1.1.4 Stroke

Stroke is the second leading cause of death and a major cause of adult disability
worldwide [22, 23]. It is a medical emergency caused by the blockage or
rupture of blood vessels in the brain. It occurs when the blood supply to the
brain is interrupted by a rupture of the blood vessel in the brain or reduced by a
clot formed in an artery, causing a blockage of a blood vessel and cutting off
oxygen to the brain, which leads to the death of brain cells.

According to the UK Stroke Association, cerebrovascular disease is the fourth
most common cause of death in the United Kingdom, and stroke, one of the
cerebrovascular diseases, causes around 38,000 deaths each year in the UK.
Stroke accounts for about 75% of deaths from cerebrovascular diseases. There
are around 100,000 strokes every year, and approximately 1.4 million people

are living with stroke in the UK. Two major types of strokes, ischemic and
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hemorrhagic, result from distinct mechanisms, and their causes are diverse and
interconnected. The ischemic stroke, which accounts for more than 85% of all
strokes, 1s caused by a blockage or blood clot in a brain artery, which can occur
as a result of a thrombotic condition in which blood flow to the brain is affected
by vessel hardening or narrowing due to atherosclerosis, or an embolic
condition in which a blood clot formed in another part of the body, travels to the
brain and blocks a smaller artery [23].

Hemorrhagic stroke is caused by rupture of the blood vessels in the brain, is
responsible for about 15% of all strokes, and has a high mortality rate. It is
classified into intracerebral haemorrhage, where the rupture occurs within the
brain tissue due to stress in the brain tissue, and internal injury caused by
chronic hypertension and subarachnoid haemorrhage, where blood accumulates
in the subarachnoid space of the brain due to a head injury or ruptured cerebral

aneurysm [23]
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Figure 1.3 Illustration of two main types of strokes and their causes. Recreated

by Yaha Mulcare.
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1.1.5 Genetic Factors for Complex Diseases

The causes of complex diseases such as stroke, hypertension, and many more
involve multiple factors, including genetic predisposition, environmental
exposures, lifestyle, and the social and economic context [24].

Family and twin studies have provided evidence on the role of genetic factors in
complex diseases. The results from family studies confirm a significant
association between family history and stroke risk, indicating heritability.
Parental stroke was observed to be associated with a 3-fold increase in risk of
stroke in their children [25]. For example, men whose mothers died due to
stroke have a 3-fold increased incidence of stroke in comparison with men
without a maternal history of stroke. Also, stroke in a first-degree relative
increases an individual’s odds by 2- to 6-fold [26].

Studies have shown that a family history of ischemic stroke increases the risk of
ischemic stroke, while a family history of hemorrhagic stroke increases the risk
of hemorrhagic stroke [[27]. For example, if one sibling experienced a
haemorrhagic stroke, the risk of haemorrhagic stroke for the other sibling was
reported to be 2.14. The corresponding risk for ischemic stroke was 1.82. The
overall risk for all types was reported to be 1.67 [27]. This suggests that
ischemic and haemorrhagic stroke do not share the same genetic influence.
Twin studies are considered more informative than traditional family studies
because they can separate the effects of genetic factors and the common
environment. These studies have been instrumental in determining and
understanding the genetic basis for stroke and other complex diseases [28, 29].
Further evidence of the role of genetic factors in stroke risk has come from twin
studies showing that monozygotic (MZ) twins have a 2- to 4-fold increase in
stroke risk compared to dizygotic (DZ) twins. Twin studies use the ratio of
disease concordance between MZ and DZ twins to estimate the most likely
effects of genetics [28]. These findings demonstrate the significant influence of

genetic predisposition on stroke susceptibility and underline the importance of
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incorporating genetic models into the study of cerebrovascular disease. In
addition to improving our knowledge of stroke pathophysiology, these models
open the door for precision medicine strategies like targeted therapies, early

intervention, and risk stratification.

1.1.6 Overview of Genomic Variations

The human genome is a complete set of genetic instructions encoded in the
Deoxyribonucleic acid (DNA) of humans. It is made up of more than three
billion base pairs of DNA and is arranged into 23 pairs of chromosomes [30,
31]. DNA instructions are present in every cell of the human body, made up of
four different chemicals. They are called nucleotides or bases, and each one has
its own letter. Adenine (A), thymine (T), cytosine (C), and guanine (G). There
are minor differences in DNA sequences among people within a population.
This i1s referred to as genome variation. These variations, also known as
variants, contribute to most of the genetic diversity within a population and
greatly contribute to disease susceptibility among individuals in the population
[32, 33].

The three main types of genome variation are single-nucleotide polymorphisms
(SNPs), insertions or deletions (INDELSs), and structural variation (SV). The SV
includes both copy number variation (CNV) and chromosomal rearrangement
events, such as inversions and translocations [[34]. SNPs and INDELSs account

for most inherited phenotypes, including disease susceptibility.

1.1.7 Single Nucleotide Polymorphism (SNPs)

A SNP is a change in a single base (nucleotide position, such as A to G) in the
genome that occurs at a frequency greater than 1% in a population.

SNPs are the most popular type of variation in the human genome, and they are
useful tools for a wide range of genetic studies. SNPs are regarded as the most
useful biomarkers in genome-wide association studies (GWAS) that connect

loci to complex diseases [35, 36].

17



1.1.8 Genome-Wide Association Studies (GWAS)

GWAS is a method in which hundreds of thousands to millions of genetic
variants (SNPs) across the genomes are evaluated to discover those that are
statistically associated with a specific disease or trait [[37]. The most common
GWAS is the case-control format, in which two large groups of individuals, one
healthy group(controls) and one diseased group (cases), are compared. In
GWAS, SNP allele frequencies, which indicate how common different variants
occur in the population, are compared between cases and controls to discover
SNPs that are statistically associated with specific diseases. The evidence
derived from GWAS may be considered robust, as it does not depend on the
accuracy of a prior functional hypothesis. These SNPs could explain gene
causality in complex diseases [38].

Over 6000 GWAS studies and more than 500,000 SNP-trait associations have
been published in the publicly available NHGRI-EBI GWAS Catalog. These
studies have discovered hundreds of thousands of SNP-disease associations,
transforming our understanding of the genetic basis of complex diseases [39].
However, most of the SNPs have small effect sizes and explain only a small
proportion of heritability [40, 41]. For example, a multi-ancestry GWAS has
identified 32 loci associated with stroke and stroke subtypes [42, 43]. Studies
have used GWAS results and revealed a significant association between genetic
variants associated with risk factors of stroke, such as diabetes, obesity, etc.,
and the risk of hypertension and increased risk of CVD in the general

population.

1.1.9 Genetic liability: Polygenic Risk Score (PRS)

It is documented that the genetic liability calculated based on identified risk
alleles is predictive of the incidence of disease and provides a continuous and
quantitative measure of genetic susceptibility [44]. Both hypertension and
stroke are polygenetic diseases, with many risk alleles of small effect. A genetic

liability approach allows the cumulative effect of multiple genetic risk variants
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on disease status to be analysed, clarifying whether a genetic predisposition is
associated with the disease.

Several studies have reported that a genetic liability derived from a set of SNPs
associated with stroke or its risk factors has a significant association with stroke
risk [[45-51]. For instance, studies have demonstrated that genetic liability
derived from stroke GWAS meta-analysis is independently associated with risk
of stroke incidents, and among individuals with high genetic liability, lifestyle
factors had the most influence on risk [46, 47].

Genome-wide genetic liabilities, derived from the combined effects of several
genetic variants across the genome, regardless of the strength of their
association, have been increasingly tested in recent years for their effects on
health and disease, and previous studies have shown that higher scores of

genome-wide genetic liabilities enhance stroke risk prediction [52, 53].

1.2 Research Problem and Gaps
The Framingham Stroke Risk Score (FSRS) and the Framingham Hypertension

Risk Score (FHRS) are two well-known examples of traditional cardiovascular
risk prediction methods designed to estimate the risks of stroke and
hypertension, respectively. These models were created using standard statistical
techniques, relying mainly on clinical and demographic factors, often assuming
linear effects, and typically overlooking genetic liability and complex and non-
linear interactions between the predictors. Here, three complementary studies
were conducted utilizing the UK Biobank data to assess the incremental value
of genetic liability in disease classification and prediction via both machine
learning and traditional modelling techniques.

Although several studies have investigated the risk and predictors of stroke and
hypertension and demonstrated that including genetic liability in
epidemiological models improves precision for both stroke and hypertension

risk when compared to models without genetic liability [47, 54-56]. There is
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little or insufficient evidence about the added prediction value of integration of
genetic liability or multiple genetic liabilities into risk prediction models,
especially for subgroups. These limitations are more noticeable when
considering high-risk groups, particularly hypertensive patients, hypertensive
men versus hypertensive women, and older versus younger hypertensive
patients in the context of large-scale cohort research such as the UK Biobank.
Addressing these limitations is important for developing population-specific
risk prediction models that can improve stroke risk assessment, preventative
measures, and policies for hypertensive patients.

Several studies have applied both machine learning and traditional statistical
techniques and compared their prediction ability in the prediction of stroke, but
the findings have been inconsistent. Some studies have reported superior
performance of machine learning models over traditional statistical models;
others have found that traditional statistical methods performed similarly well or
better. This inconsistency highlights the need for more investigation into the
relative advantages of each approach in different populations and clinical
settings, as well as the need to develop new machine learning approaches with
enhanced prediction value.

This thesis aims to address these limitations by incorporating stroke genetic
liability into both machine learning and traditional statistical prediction
frameworks, allowing for the inclusion of stroke genome-wide genetic
predisposition in individual stroke risk evaluations.

Therefore, the objective of this thesis is to evaluate and compare the predictive
value of genetic liability-integrated machine learning and traditional statistical
models for hypertension and stroke. Additionally, assessing the predictive value
of genetic liability-integrated machine learning and traditional statistical models
for stroke risk in hypertensive individuals within the UK Biobank, with

subgroup analyses by sex and age group to inform targeted prevention policies.
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1.2.1 Aims and Objectives
The central goal of this thesis is to evaluate the added predictive value of
genetic liability in the risk prediction models for risk of disease, with a focus on
three main objectives:
1. Assessing the predictive value of multiple genetic liabilities to CVD risk
factors in the classification of hypertension (Chapter three)
2. Assessing the predictive value of stroke genetic liability in the prediction
of stroke (Chapter four)
3. Assessing the predictive value of stroke genetic liability in the prediction

of stroke in hypertensive individuals (Chapter five)

We addressed these objectives through three research studies, each presented as

a separate manuscript in chapters three, four and five.

1.2.2 Structure of the Thesis

This thesis has been organised in six chapters and composed of three published
or submitted core manuscripts, which are grouped into Introduction, Methods,
Results, and Discussion sections to reflect the main aim and the research
objectives of this study. Each results section in chapters three, four, and five
addresses a specific research objective.

Chapter One introduces and outlines the research by providing the background
and context, including the purpose and objectives of the research. It
contextualizes the research within the broader context of predicting
cardiovascular disease, as well as highlighting the significance and rationale of
the research.

Chapter two presents the overview of the research methodology, which includes
the conceptual framework, data sources, and data collection strategies. The
chapter also provides descriptions of the analysis and the modeling techniques

in the analysis, including machine learning and statistical methods.
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Chapter three addresses the first objective of the research, which is to explore
whether the genetic liability to multiple cardiovascular risk factors can improve
hypertension classification through the application of machine learning
methods.

Chapter Four addresses the second research objective, which assessed whether
or not the stroke genetic liability improved the prediction of stroke risk in the
cohort of interest. This chapter evaluates and directly compares the relative
performance of both machine learning models and traditional statistical
methods.

Chapter 5 modifies the analysis by focusing on the high-risk subgroup, the
hypertensive patients. This chapter considers the role of the stroke genetic
liability in the predictive performance of strokes in this group. Moreover, the
chapter examines whether the predictive performance of strokes in the group
varies by age and sex.

Chapter Six presents a general discussion and summary of the main findings of
the research. It outlines the implications for disease risk prediction and early
intervention, while also mentioning several areas of research that could be

explored to further improve prediction and classification accuracy.

1.2.3 Summary of Chapter One
The introductory chapter describes the layout of the thesis. It outlines the
overall aim and research objectives, provides context and background of the
research, and highlights the originality and contributions of the research. As it
concludes, the chapter provides a summary of the structure of the thesis and
presents a clear road map for the content and progression of the remaining

chapters.
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2 Chapter Two. Research Design and Methodology
This chapter outlines the general scope of the research. It describes the study
population, data source, data collection methods, and various forms of analysis

used, ranging from classical statistics to machine learning.
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2.1 Study Population and Data Source

The thesis is based on a subset of unrelated individuals of European ancestry in
the UK Biobank (UKB). The UKB project is a large prospective cohort study of
approximately 500,000 participants from across the United Kingdom, aged
between 40 and 69 during recruitment. The detailed description of the UKB
project and SNP genotyping and imputation is provided in [57-61]. The UKB
genotyped around 500,000 persons using two custom SNP arrays created with
Affymetrix: the UK BiILEVE Axiom Array (about 50,000 samples) and the UK
Biobank Axiom Array (about 450,000 samples). Both arrays overlap
significantly and share more than 95% of SNP content, allowing for integrated
analyses [58, 59]. Approximately 820,000 SNPs per sample were genotyped
using the Affymetrix Axiom, followed by large-scale imputation with the
Haplotype Reference Consortium (HRC) and combined UK 10K and 1000
Genomes Phase 3 reference panels. The imputation involves using powerful
software such as IMPUTES to infer missing genotypes in the microarray data.
Following the imputation, more than 90 million variations (SNPs and INDELSs)
were catalogued in the latest dbSNP database [62].

To identify individuals of European descent, we performed k-means clustering
analysis on the genetic principal component data created centrally by the UKB.
We then obtained genetic data from the individuals who had passed the UKB
internal quality control (QC) and had genotype data. UKB internal QC is
described in detail by others and in [59]. Briefly, UKB performed two main
quality controls (QC), the sample-based and marker-based. The sample-based
QC, designed to identify samples with poor quality genotype calls, find related
individuals and describes the ancestral diversity of the cohort based on genetic
data, while the marker-based QC procedures are used to account for effects such
as the large cohort size, population structure, and batch-based genotype calling.
We excluded individuals with mismatched genetics and self-reported data to

avoid potential inconsistencies in data reporting. Using the kinship cutoff of
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0.0884 for third-degree relatives, we further excluded participants who were up
to second-degree related.

Additionally, we excluded individuals who had been diagnosed with a stroke,
heart attack, or angina before or at baseline. This strategy helps to adjust for
pre-existing CVDs and minimizes the possibility of confounding. We excluded
participants who had withdrawn their consent, pregnant individuals, or those
who were uncertain about their pregnancy status.

Furthermore, individuals who were on cholesterol-lowering medication,
stopped smoking or drinking due to health reasons or doctor’s advice, and
participants with missing data on the potential confounders were excluded from

the dataset.

2.1.1 Definition of the Qutcomes
When in taking blood pressure measure inaccurate readings can occur, often due
to measurement methods or improper position of the patients. Therefore, using
single reading to determine patient's hypertension status can lead to
misclassification of hypertension category. To minimise misclassification, the
American Heart Association (AHA) and American College of Cardiology
(ACC) have recommended blood pressure (BP) averaging [63]. The process
involves taking multiple BP readings and then take the average of the values.
In chapter three, our main outcome is hypertension, which was defined as (1)
the presence of a recorded average of SBP > 140 mmHg or a DBP > 90, or (2)
hypertension diagnosed by a doctor, or (3) a record of using blood pressure-
lowering medication at baseline. In chapters four and five, our primary
outcome, incident stroke, was characterised using the cerebrovascular disorders
International Classification of Diseases 10th revision (ICD-10, 160-167), and
the follow-up period is computed from the date of health assessment upon
enrolment to the end of March 2017. The chapter further restricted the analysis

to the prediction of stroke risk in hypertensive participants.
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2.1.2 SNP Selection and Computation of Genetic Liabilities
The main exposures considered in this thesis are the genetic liabilities for CVD
risk factors and stroke. From genetic liability, researchers can estimate an
individual's risk of developing a particular disease based on their disease-
susceptible genetic variants, which were discovered to be linked to the risk of
the disease [64]. There are two main approaches to estimating genetic liability:
unweighted and weighted methods. Based on the number of risk alleles carried
by an individual, genetic liability is generated for each individual, and a score is
assigned to everyone according to the number of risk alleles they carry. In the
unweighted approach, the genetic liability of each participant is calculated by
summing up the number of risk alleles (i.e., 0, 1, or 2) at each selected SNP.
Thus, the genotype code “0 suggests no risk allele; the risk allele heterozygotes
are coded as genotype “1,” and risk allele homozygotes are coded as genotype
“2”.
In the weighted approach, instead of assigning equal weight to each SNP, the
genetic liability is generated by multiplying the reported effect size (-
coefficients of the SNPs) and the number of risk alleles at the selected SNPs.
and the product is summed or averaged to create the genetic liability for each

participant in the study.

In the current thesis, the weighted GRS approach was selected over the
unweighted version because it incorporates the effect size of each genetic
variant, allowing variants with stronger associations with the trait or disease to
contribute more to the score. This provides a more accurate reflection of genetic
risk compared to treating all variants equally. The genetic liabilities were
calculated using GWAS summary statistics that excluded UK Biobank variants.
For the classification of the hypertension, multiple genetic liabilities were
generated using a list of genetic variants in the form of SNPs (Supplementary

Data S1-S10) that were previously identified to be associated with ten CVD

26


https://www.mdpi.com/2077-0383/13/10/2955#app1-jcm-13-02955
https://www.mdpi.com/2077-0383/13/10/2955#app1-jcm-13-02955

risk factors, including type 2 diabetes, two adiposity traits, three smoking traits,
and four lipid traits at a GWAS significant threshold (p-value < 5.0 x 10—8) in
the European population. The “- -score” function of PLINK with the sum option
was employed for the generation of genetic liabilities for type 2 diabetes,
adiposity traits, smoking traits, and lipid traits.

For stroke prediction, a single genetic liability for stroke was generated using

variants associated with stroke from MEGASTROKE GWAS (Supplementary

Data S1) using the “- - score” function with average and non-mean-imputation
options in PLINK. The MEGASTROKE consortium is a large-scale
international collaboration established by the International Stroke Genetics
Consortium. They provide researchers access to the summary statistics of the
2018 meta-analysis GWAS data on stroke and stroke subtypes, enabling other
researchers to explore these data for scientific purposes. The publicly available
GWAS data on stroke are accessible via the MEGASTROKE consortium
publication [42]. The effect sizes for all were obtained from GWAS summary
statistics data that were published and made publicly available on the GWAS
catalog website (https://www.ebi.ac.uk/gwas/, accessed on 12 July 2021).

PLINK 1.9 was used to generate all the genetic liabilities after the necessary

quality control processes were completed.

2.2 Statistical methods used in this thesis

We assessed the association between the genetic liabilities and outcomes of
interest using both univariable and multivariable statistical methods. The
logistic regression technique was used to evaluate the association of the genetic
liabilities for ten CVD risk factors and risk of hypertension (prevalent
hypertension), whereas the Cox regression approach was used to test the
association of stroke genetic liability and risk of future stroke. In all models, we
adjusted for age, sex, BMI, drinking, smoking, diabetes, and cholesterol level.

All analysis was performed using the R program 4.2.2.
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2.2.1 Statistical models (logistic, survival regression)
Traditional statistical models have long been the foundation of data analysis.
They provide researchers with organised ways to discover relationships in data,
make predictions, and draw meaningful conclusions about populations based on
smaller samples. These models, however, rely on set assumptions about the
data, and the strength of their results often depends on how well those
assumptions are met [65, 66].
A major advantage of traditional statistical models is their clarity. With
relatively small datasets, they are efficient, and the results are often
straightforward to interpret, allowing researchers to understand precisely how
variables relate to one another. However, they are inefficient with high-
dimensional and complex data and may not be able to capture complex, non-
linear relationship in the data [65, 66].
One of the most widely used traditional statistical models is regression analysis,
which examines the relationship between a dependent variable (the outcome of
interest) and one or more independent variables (the predictors of the outcome).
In simple terms, regression helps us understand how changes in one factor are
associated with changes in the outcome while keeping other factors constant.
In the world of medical research, two regression techniques are prominent: The
logistic regression and survival analysis (like the Cox regression or Cox
proportional hazards model).

Logistic regression analysis is a statistical method used to determine the
relationship between a binary or multinomial outcome and various explanatory
variables, which can be either categories or continuous measurements. Instead
of predicting an exact value, logistic regression estimates the probability of an
event happening or its odds ratio [67].
The Cox Proportional Hazards Model (Cox Model) is a widely used regression
method in survival analysis. It is primarily employed for examining risk factors

associated with diseases, mortality, or other survival outcomes among different
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patient groups [68]. A key assumption behind the Cox model is the 'proportional
hazards assumption,' which states that the risk ratio between any two individuals
remains constant over time [69]. This implies that the relative risk between two
people does not change throughout the follow-up period. What makes the Cox
model so flexible and useful for epidemiological studies is that, unlike many
other methods, it does not require assumptions about the shape of the

underlying baseline hazard function [68].

2.2.2 Discrete and continuous time survival models
Traditional methods for survival analysis typically treat time to event as a
continuous outcome. The survival prediction problem is formulated as
a censored regression problem, relying on a set of parametric or semi-
parametric assumptions on the survival times [70, 71]. The continuous time
survival models are designed for situations where the event of interest can occur
at any point in time, which is useful when precise timing of events is available
and relevant. The Cox Proportional Hazards (CoxPH) model is the most
commonly used semi-parametric model, which relies on the proportional hazard
assumption about survival times [70]. These models can be more efficient and
accurate when the survival times follow the assumed parametric distribution,

but when they are violated, they can result in inaccurate predictions [71].

An alternative approach to continuous-time survival analysis is a discrete-time
survival model. In a discrete-time survival framework, the continuous survival
time data 1s transformed into a discrete-time format, a set of time bins. This
approach reformulates the survival analysis problem as a series of binary
classification problems, which is a type of multi-task learning problem [70, 71].
This approach is useful where data is collected at regular intervals or time is
naturally measured in discrete units or when the exact timing of an event within
an interval is unknown, but it is known to have occurred within that interval.

The discrete-time survival models often leverage standard regression
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techniques, particularly logistic regression, and do not assume proportional
hazards across intervals in the same way continuous models do, making them

more flexible when the proportional hazards assumption is violated.

2.2.3 Machine learning models

Machine Learning (ML) is a branch of Artificial Intelligence (Al) where
systems utilise algorithms to learn from data, identify patterns, and make
decisions with minimal human intervention. ML algorithms are trained on
datasets, allowing them to discover underlying relationships and improve their
performance over time [66]. One main difference between ML and traditional
statistical methods lies in their ability to make predictions as accurately as
possible, while the latter are aimed at inferring relationships between variables
[66, 71]. Several ML models can be trained on a large dataset and make
accurate predictions. In this thesis, the ML models applied include random
Forest (RF), Gradient Boosting Machine (GBM), Neural Network (Nnet),
Decision Tree (DT), and penalized models (Glmnet). Detailed description and
implementation of these models have been explained in the subsequent
chapters. The Decision Tree is one of the common and simple methods used for
classification and regression applications. It works by dividing a dataset into
smaller subgroups depending on feature values and then generating a decision
tree. Random Forest is a popular machine learning model for classification and
regression. It creates ensembles from decision trees and combines their results
to make a final decision. The Gradient Boosting Machine models integrate
predictions from many weak learners to increase total prediction accuracy. The
neural network consists of interconnected processing nodes organized in three
layers: the input, hidden, and output layers. To estimate generalisation
performance and to select the best performing parameters as well as to evaluate
the reliability of ML model performances, we applied the k-fold cross validation
(CV) technique to evaluate the best performing values for hyperparameters. In
this thesis, we implemented 10-fold CV to tune the hyperparameters. The
process involves partitioning the training set into 10 subsets, each subset
containing an approximately equal size of the data. The model is trained and
tested 10 rounds, using a different subset as testing set and the rest as training
set in each round. The process ends up with 10 testing scores, one per subset.
The model performance is assessed across different hyperparameter values and
the value that generates best model performance metric is selected. In this
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thesis, several performance metrics was used. The hyperparameter with the
smallest CV root mean square error (cv-rmse) was used to develop the Glmnet

models and GBM whereas CV error (x-error), the receiver operation
characteristic(ROC) and Out-of-Bag (OOB) error were utilized to develop DT,
Nnet and RF prediction models, respectively.

The performance criteria used in the papers (chapters three, four, and five) are

summarised in the table below

Table 1. Hyperparameter tuning performance criteria used in the published and

submitted papers

performance
criteria

Used in
Paper

Models

Description

OOB error

1,2,3

RF

The OOB error serves as an important metric for
assessing the generalisation performance of a random
forest model on unseen data. Its estimation is helpful
in the selection of optimal hyperparameters values
during the model tuning process. It is calculated using
out-of-bag samples, which are defined as the data
points from the original training set that are not used
in the development of the random forest ensemble.

ROC

1,3

Nnet

ROC(AUC) assesses the binary model's ability to
distinguish between cases and non-cases across all
possible classification thresholds, serving as a key
performance metric in hyperparameter tuning process
for binary neural network classification. Higher
values indicate better performance.

X-CIT1or

DT

The x-error measures the model's ability for
generalisation to unseen data, that was not used
during the model training stage. It is commonly
estimated through k-fold cross-validation. The x-error
is instrumental in the selection of the best
hyperparameters and model complexity parameter
(cp) during the pruning process.

Cv-rmse

2,3

GMB,
Glmnet

The cv-rmse is a critical metric for assessing a
model’s predictive performance and its ability to
generalise to unseen data. It plays significant role in
the selection the best hyperparameters for GBM and
Glment models. The hyperparameters that yield
lowest cv-rmse are used to develop the final
predictive models.
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The model performance and added prediction value of genetic liability were
assessed based on discrimination ability (area under the curve), net
reclassification index (NRI), and integrated discrimination improvement (IDI).
The detailed description of the implementation of these models has been

presented in the three published or submitted manuscripts (chapters three, four,

and five).
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2.2.4 Summary of Chapter Two

In this chapter, the research methodology and procedure followed in the study
were described and explained. The use of UKB data, genetic variants from
GWAS to generate genetic liability, statistical and machine learning are used for
analysing the data. Finally, describe how the model performance and added
prediction value of genetic liability were assessed. The following chapter will

present the descriptive findings of the study.
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Paper 1

3 Chapter 3: Using machine learning to evaluate the value of genetic
liabilities in the classification of hypertension within the UK Biobank
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3.1 Introduction to Paper 1

This paper was published in the Journal of Clinical Medicine. It involved over
200,000 European participants. The Genetic liabilities were generated from summary
statistics and the genetic variants associated with CVD risk factors obtained from
genome-wide association studies (GWAS). Various combinations of machine
learning models before and after feature selection were tested in order to identify the
best classification model for hypertension classification. The models were evaluated
using area under the curve (AUC), calibration, and net reclassification improvement
in the testing set.

48



Journal of

%

Clinical Medicine

Article

Using Machine Learning to Evaluate the Value of Genetic
Liabilities in the Classification of Hypertension within the

UK Biobank

Gideon MacCarthy ! and Raha Pazoki 1-%*

check for
updates

Citation: MacCarthy, G.; Pazoki, R.
Using Machine Learning to Evaluate
the Value of Genetic Liabilities in the
Classification of Hypertension within
the UK Biobank. J. Clin. Med. 2024, 13,
2955. https://doi.org/10.3390/
jem13102955

Academic Editor: Andrea Dell’Amore

Received: 18 March 2024
Revised: 1 May 2024
Accepted: 7 May 2024
Published: 17 May 2024

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

Cardiovascular and Metabolic Research Group, Division of Biomedical Sciences, Department of Life Sciences,
College of Health, Medicine and Life Sciences, Brunel University London, London UB8 3PH, UK

MRC Centre for Environment and Health, Department of Epidemiology and Biostatistics, School of Public
Health, St Mary’s Campus, Norfolk Place, Imperial College London, London W2 1PG, UK

*  Correspondence: raha.pazoki@brunel.ac.uk

Abstract: Background and Objective: Hypertension increases the risk of cardiovascular diseases
(CVD) such as stroke, heart attack, heart failure, and kidney disease, contributing to global disease
burden and premature mortality. Previous studies have utilized statistical and machine learning
techniques to develop hypertension prediction models. Only a few have included genetic liabilities
and evaluated their predictive values. This study aimed to develop an effective hypertension
classification model and investigate the potential influence of genetic liability for multiple risk factors
linked to CVD on hypertension risk using the random forest and the neural network. Materials and
Methods: The study involved 244,718 European participants, who were divided into training and
testing sets. Genetic liabilities were constructed using genetic variants associated with CVD risk
factors obtained from genome-wide association studies (GWAS). Various combinations of machine
learning models before and after feature selection were tested to develop the best classification model.
The models were evaluated using area under the curve (AUC), calibration, and net reclassification
improvement in the testing set. Results: The models without genetic liabilities achieved AUCs
of 0.70 and 0.72 using the random forest and the neural network methods, respectively. Adding
genetic liabilities improved the AUC for the random forest but not for the neural network. The best
classification model was achieved when feature selection and classification were performed using
random forest (AUC = 0.71, Spiegelhalter z score = 0.10, p-value = 0.92, calibration slope = 0.99). This
model included genetic liabilities for total cholesterol and low-density lipoprotein (LDL). Conclusions:
The study highlighted that incorporating genetic liabilities for lipids in a machine learning model
may provide incremental value for hypertension classification beyond baseline characteristics.

Keywords: the receiver operation characteristic (ROC); area under the curve (AUC)

1. Introduction

Approximately 1.28 billion people aged 30 to 79 have hypertension worldwide [1],
and it continues to rise globally, causing a significant socioeconomic burden due to low
awareness and poor control [2]. Hypertension significantly increases the risk of cardio-
vascular diseases (CVD), including stroke, heart attack, heart failure, and kidney disease,
contributing to the global disease burden and premature mortality [1,3,4].

Every year the burden of hypertension and related CVD is increasing in the United
Kingdom (UK). As of 2017, hypertension prevalence in England was estimated at around
26.2% among adults [5]. It is responsible for more than half of all strokes and heart attacks,
costing the National Health Service (NHS) more than £2.1 billion per year [6].

The current guidelines [7-9] suggest lifestyle modification and the use of blood
pressure-lowering medication to prevent hypertension and its consequences. Medication is
often successful in lowering blood pressure and reducing the risk of hypertension-related
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CVD and stroke. Lifestyle modifications also offer benefits including reduced drug costs,
improved control of other comorbidities such as diabetes and hypercholesterolemia, and
avoiding preventable pharmacological therapy [10]. The current guidelines have remained
silent on the genetic components of hypertension, which are quantifiable at birth and
may be used to determine an individual’s lifelong disease risk before clinical risk fac-
tors are established [11], allowing adequate time to determine lifetime measures to lower
hypertension risk, particularly in a high-risk group.

Genome-wide association studies (GWAS) have identified numerous multiple sin-
gle nucleotide polymorphisms (SNPs) associated with hypertension and/or high blood
pressure levels [12-17]. Developing methods to incorporate genetic factors into classifi-
cation models of hypertension has the potential to improve hypertension classification,
management, and control.

Previous studies have used standard statistical techniques or machine learning to
predict hypertension [18-29]. However, most of these studies only focused on non-genetic
risk factors to predict hypertension [18-23]. The studies that included genetic risk factors
only focused on single SNPs at a time [26,30], or gene expression [27], or a single genetic
risk score [25]. Our study offers the incorporation of multiple genetic liabilities into
machine learning methods above and beyond previous studies. An example of previous
studies includes a recent study in rural Chinese populations [25] that incorporated a single
hypertension polygenic risk score (PRS) and showed improvement in incident hypertension
prediction using several machine learning techniques.

Several studies [31-33] have used a method called multi-polygenic score or meta
genetic risk score (metaGRS) that combines several PRSs into regression models for com-
plex diseases, including CVD, and have shown that including multiple genetic factors
improves the prediction model’s accuracy compared to using one genetic liability. How-
ever, these [31-33] did not incorporate the metaGRS within machine learning methods and
did not consider hypertension as the outcome in their models. The conventional statistical
techniques utilized in previous studies encounter challenges in identifying complex, nonlin-
ear relationships within datasets and exhibit a limited ability to generalize to unseen data
(test data). Their constraints emphasize the need for supplementary methodologies, such
as machine learning techniques, that offer greater flexibility and robustness in handling
complex data structures and achieving accurate predictions. Furthermore, previous studies
have not considered the inclusion of genetic liabilities for multiple CVD risk factors to
predict hypertension. It is yet to be determined whether machine learning techniques
could be applied to enhance hypertension prediction models derived from multiple genetic
liabilities for CVD risk factors.

Recent studies have provided evidence for genetic correlations between hypertension
and type 2 diabetes [34], adiposity traits [35], lipids traits [36,37], and smoking traits [38].
In the current study, we created genetic liabilities using these risk factors and used machine
learning models to evaluate the best combination of genetic liabilities and clinical factors
that could optimize the classification of hypertension in the European ancestry population.

2. Material and Method
2.1. Ethical Approval

The UK Biobank (UKB) received ethical approval from the Northwest Multi-centre
Research Ethics Committee as a Research Tissue Bank approval, and all the participants
provided informed consent. This study is performed using the UKB data under application
number 60549. Additionally, we obtained ethics approval from Brunel University Lon-
don, College of Medicine, and the Life Sciences Research Ethics Committee to work with
secondary data from the UKB (reference 27684-LR-Jan/2021-29901-1).

2.2. Study Population

UKB is a prospective observational study with more than half a million participants
aged between 40 and 69 years. The participants were recruited between 2006 and 2010
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across 22 centres located throughout the United Kingdom (UK). The full description of the
UKB study as well as the data collected and a summary of the characteristics are publicly
available on the UKB website (www.biobank.ac.uk, accessed on 20 June 2021) and elsewhere
by Sudlow and colleagues [39]. In brief, during the recruitment, detailed information about
socio-demographics, health status, physician-diagnosed medical conditions, family history,
and lifestyle factors was collected via questionnaires and interviews. Several physical
measurements, including height, weight, body mass index (BMI), waist-hip ratio (WHR),
systolic blood pressure (SBP), and diastolic blood pressure (DBP), were obtained. The
records of participants in the UKB project were accordingly linked to Hospital Episode
Statistics (HES) data, as well as national death and cancer registries.

The current study is based on a subset of unrelated individuals of European ancestry
(n =244,718; Figure 1). In brief, we used 40 genetic principal components created centrally
by the UKB and applied the k-means clustering method on 502,219 UKB participants
to identify individuals of European descent. We then obtained genetic data from the
individuals who had passed the UKB internal quality control and had genotype data
(n = 459,042). We excluded individuals (n = 25,340) who had been diagnosed with a stroke,
heart attack, or angina before or at baseline. This strategy helps to adjust for pre-existing
CVDs and minimizes the possibility of confounding. We excluded participants who had
withdrawn their consent (n = 61), pregnant individuals, or those uncertain about their
pregnancy status (n = 278). We additionally excluded individuals with mismatched genetics
and self-reported (n = 320) to avoid potential inconsistencies in data reporting. Using the
kinship cut of 0.0884 for third-degree relatives, we further excluded participants who
were up to second-degree related (n = 33,369). Furthermore, individuals who were on
cholesterol-lowering medication (n = 34,243), stopped smoking or drinking due to health
reasons or doctor’s advice (n = 58,752), and participants with missing data on the potential
confounders (n = 61,961) were excluded from the dataset, leaving a final 244,718 unrelated
individuals of European ancestry for our analyses.

Biobank(UKB)
N =502,219

Participants enrolled in the UK

Genetic liability profile
N=487,315

Participants
with genetic

liability
profile
N =244,718

,#jj .

A 4
European participants who passed UKB

Mismatched sex N = 320

Consent withdrawals N = 61
Related individuals N = 33,369
Pregnant or may be pregnant N =278

Internal QC and have genetic data o N =425014 o N-337713 . Ble\llsilizzz [7)1a§a
N =459,042 !
A 4 A 4 A 4
Excluded:
Excluded: Excluded:

Participants with CVD at
Baseline N = 25,340
Missing data on main
Covariates N = 61,961

Stopped drinking and smoking
on health grounds N = 58,752
On cholesterol medication
N =34,243

Figure 1. The flowchart of the study participant selection. UK Biobank (UKB) data had 502,219 par-
ticipants at the beginning of this study. We extracted 459,042 participants of European ancestry who
have passed UKB internal quality control (QC) and have genetic data. The final dataset included
244,718 participants who met the inclusion criteria for whom a genetic liability profile was generated.

2.3. Genotyping and Imputation

The UKB conducted all the DNA extraction, genotyping, and imputation. The detailed
processes have been discussed elsewhere [40-42]. In brief, blood samples from participants
were obtained at UKB assessment centres, and DNA was extracted and genotyped using the
UKB Axiom Array. The genotype imputation was conducted by UKB using the IMPUTE4
tool. Three reference panels—Haplotype Reference Consortium, UK10K, and 1000 Genomes
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phase 3—were used for the imputation. The genetic principal components and kinship
coefficients were calculated centrally by UKB to account for population stratification and
identify related individuals [40,42].

2.4. Definition of the Outcome

Our main outcome is hypertension, which was defined as (1) the presence of a recorded
SBP > 140 mmHg or a DBP > 90, or (2) hypertension diagnosed by a doctor, or (3) a
record of using blood pressure-lowering medication at baseline [43]. In the UKB, two
blood pressure readings were obtained a few minutes apart using a standard automated
device or manual sphygmomanometer (www.ukbiobank.ac.uk, accessed 20 June 2021). We
calculated both mean SBP and mean DBP from two automated or two manual readings of
blood pressure measurements. For participants with one manual and one automated blood
pressure reading, the average of these two values was used. For individuals with a single
blood pressure measurement (one manual or one automated blood pressure reading), the
single measurement was used for approximating the participant’s blood pressure value.
For the participants who self-reported to be taking blood pressure-lowering medication, we
added 15 mmHg to SBP and 10 mmHg to DBP [44]. The participants with missing blood
pressure readings were excluded.

2.5. Demographics and Clinical and Lifestyle Features

In the statistical analysis, factors such as age, sex, BMI, diabetes mellitus, total choles-
terol (TC), low-density lipoprotein (LDL), high-density lipoprotein (HDL), smoking status,
drinking status, and sedentary lifestyle were included. Diabetes was defined as a record of
diabetes diagnosed by a doctor, or using insulin medication, or a record of serum level of
haemoglobin Alc (HbAlc) > 48 mmol/mol (6.5%), or glucose level > 7.0 mmol/dL [45].
Smoking and alcohol consumption data were collected through a self-reported question-
naire by the UKB and were classified into current, previous, and never.

We calculated a sedentary lifestyle variable by approximating the total self-reported
hours per day the participants spent on (1) driving, (2) using a computer, and (3) watching
television. We considered 30 min of sedentary behavior if individuals indicated that they
spent less than an hour per day driving, or watching television, or using a computer. In
this study, the demographics and clinical and lifestyle (non-genetic) features were selected
as conventional risk factors for CVD that have been used often in previously published
work of ours and others [28,44].

2.6. Computation of Genetic Liabilities
SNP Selection

We selected a list of genetic variants in the form of SNPs (Table 1 and Supplementary
Data 51-510) that were previously identified as associated with ten CVD risk factors,
including type 2 diabetes [46], two adiposity traits [47,48], three smoking traits [49], and
four lipid traits [50] at a GWAS significant threshold (p-value < 5.0 X 1078) in the European
population. Linkage disequilibrium (LD) measures the non-random linkage of alleles at
different loci on the same chromosome in a population. SNPs are said to be in LD when
the frequency of association between their alleles exceeds what would be expected from
a random assortment [51]. LD between two loci is determined statistically using metrics
like r2. This metric measures the level of connection between alleles at the two loci. The
SNPs used in calculating the genetic liabilities were pruned with the LD pruning procedure
employed in SNPclip incorporated within the LDlink online tool (https://ldlink.nih.gov/
?tab=home, accessed on 20 July 2021). A minor allele frequency (MAF) of 0.01 and r?
threshold of 0.1 was used in LD pruning. Duplicate SNPs, not biallelic SNPs, SNPs with
MATF less than 0.01, and SNPs in LD with other SNPs (r2 > 0.1) were excluded. We used the
final list of selected LD-pruned SNPs to estimate genetic liabilities for all the ten traits in
the current study using PLINK version 1.9 [52]. To allocate weight to each SNP, we used
the effect sizes estimated for the association of the SNPs with each of the traits mentioned
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in Table 1. The effect sizes (Supplementary Data S1-510) were obtained from previously
published, publicly available GWAS summary statistics data provided for these SNPs
within the GWAS Catalog website (https://www.ebi.ac.uk/gwas/, accessed on 12 July
2021). PLINK uses a weighted method, where the effect size (beta coefficient) of each SNP
is considered as weight and is multiplied by the number of risk alleles an individual carries.
The product is then summed across all SNPs to produce genetic liability for each person.
We standardized all the genetic liabilities (mean-centred with standard deviation 1).

Table 1. Published GWAS SNPs for calculating the genetic liabilities.

Trait Category Genetic Liability Study (Publication Year) Number of SNPs Reference
Smoking Smoking initiation Liu et al., 2019 [49] 311 Liu et al., 2019 [49]
Smoking cessation Liu et al., 2019 [49] 16 Liu et al., 2019 [49]
Smoking heaviness Liu et al., 2019 [49] 38 Liu et al., 2019 [49]
Diabetes Type 2 diabetes Mahajan et al., 2018 [46] 210 Mahajan et al., 2018 [46]
Adiposity BMI Winkler et al., 2016 [47] 159 Winkler et al., 2016 [47]
WHR Shungin et al., 2015 [48] 39 Shungin et al., 2015 [48]
Lipid traits TC Surakka et al., 2015 [50] 36 Surakka et al., 2015 [50]
HDL Surakka et al., 2015 [50] 19 Surakka et al., 2015 [50]
LDL Surakka et al., 2015 [50] 30 Surakka et al., 2015 [50]
Triglycerides Surakka et al., 2015 [50] 25 Surakka et al., 2015 [50]

GWAS: genome-wide association studies, SNPs: single nucleotide polymorphisms, BMI: body mass index, WHR:
waist-hip-ratio, TC: total cholesterol, HDL: high-density lipoprotein, LDL: low-density lipoprotein.

2.7. Statistical Analysis

We summarized the categorical variables using frequencies and percentages, and the
continuous variables were expressed as the mean (SD). When comparing the characteristics
differences between the hypertensive and non-hypertensive groups, the nonparametric
test (Wilcoxon rank sum test) was utilized for continuous variables as the assumptions
for the parametric ¢-fest may not be met. The chi-squared test was applied to compare the
hypertensive and non-hypertensive groups for categorical variables. We used univariable
logistic regression to determine the strength and direction of the relationship between
individual features with hypertension without considering other variables. We also used
multivariable logistic regression to assess the independent effects or association of each
feature while controlling for the effects of other features in the model. The statistical
significance of the association was defined, where the associations demonstrated a 2-sided
p-value less than 0.05 (see Supplementary Tables S1 and S2).

2.8. Data Preprocessing and Splitting

We excluded participants who had missing values for essential variables. Features
included in our machine learning algorithm are presented in Table 2.

All categorical variables were labelled, including gender (0 = female, 1 = male), smok-
ing status (0 = never, 1 = previous, 2 = current), alcohol consumption status (0 = never,
1 = previous, 2 = current), diabetes (0 = no, 1 = yes), and our outcome variable, hypertension
(0 =no, 1 = yes). Our numerical variables were all measured on different scales. To ensure
that all the numerical variables contribute equally to our model [53], we scaled them to a
given range, using a “min-max” approach.

In machine learning, data splitting is a common practice used for evaluating the
performance of a prediction model. This involved splitting the available dataset into
training and testing sets. The training set is for training the machine learning model, and
the testing is used to assess the model’s performance. In this study, we employed the
train-test split approach [54] to randomly partition the dataset at a ratio of 70:30 (Figure 2)


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

J. Clin. Med. 2024, 13, 2955

6 of 20

into a training set (70%; n = 171,304; case = 81,967 and control = 89,337) and a testing
set (30%; n = 73,414) using the “createDataPartition” function in the R-package version
4.2.2. This approach ensures both our training set and testing set capture the underlying
distribution of the data.

Table 2. Features included in the machine learning algorithm.

Feature Category Feature Type Feature

Sex

Characteristics features
Age

Smoking status
Lifestyle-related features Phenotype ° Sedentary lifestyle
Drinking status

Genetic liability for smoking heaviness
Genetic ° Genetic liability for smoking cessation
Genetic liability for smoking initiation

Diabetes-related features Phenotype e  Diabetes (see methods for definition)
Genetic e  Genetic liability for type 2 diabetes
Adiposity-related features Phenotype e BMI
. ) Genetic liability for BMI
Genetic e  Genetic liability for WHR
e TCL
Lipid-related features Phenotype e DLH
° DL
e  Genetic liability for LDL
Geneti e Genetic liability for HDL
eneucs e  Genetic liability for TC

° Genetic liability for triglycerides

BMI: body mass index, WHR: waist-hip ratio, TC: total cholesterol, HDL: high-density lipoprotein, LDL: low-
density lipoprotein.

The models were trained in the training set, and the performance of the models in
terms of discrimination ability (defined as the model’s capacity to distinguish between
persons with and without outcomes) was assessed in the testing set (n = 73,414; Figure 2).
To this end, we constructed the receiver operating characteristic curve (ROC) for each model
and calculated the area under the curve (AUC) with 95% confidence intervals (Cls) [55-57].
The AUC ranges from 0.5 to 1.0, with 0.5 indicating no better discrimination than chance
and 1.0 representing perfect discrimination power.

2.9. Handling Data Imbalance

Models trained on imbalanced datasets may become biased towards the dominant
class, predicting the minority class incorrectly [58]. A binary classifier, which is the case
in the current study, trained on a balanced dataset typically outperforms a model trained
on an imbalanced dataset [59]. An imbalanced training dataset may lead to overfitting the
majority class due to their higher prior probability [60]. This means that the minority class
may be misclassified more frequently as compared with the majority class. This issue could
lead to incorrect prediction and that some model performance metrics, such as accuracy,
may be distorting the conclusions [60]. Balancing the training set is an approach that could
prevent overfitting, reduce bias, and ensure that the model learns to successfully classify
groups in addition to improving the accuracy of prediction on the testing data. To balance
the number of events in the training set before training the models, we utilized the random
over-sampling using a bootstrapping method implemented within the “ROSE” (Random
Over-Sampling Examples) package [61]. To deal with imbalanced data and balance the
class distribution in the dataset, the ROSE package generates synthetic samples for the
minority class [61].
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Figure 2. Overview of the study and the construction of machine learning models: The flowchart
of the study design. The data were split into training and testing sets. Stage one models were built in
the training set without selection, and their performances were assessed in the testing set. Stage two
models were built after the feature selection technique was applied, and their performances were
evaluated in the testing set.

2.10. Machine Learning Model Construction

In comparison with traditional statistical techniques, machine learning algorithms
are flexible and free of prior assumptions (e.g., the type of error distribution) and can
capture the complicated, nonlinear relationships between predictors. These algorithms
automate decision-making processes using models that have been trained on historical
data [62]. They can analyse various data types and integrate them into predictions for
disease risk [63]. Machine learning algorithms with and without genetic data were used
in the prediction of hypertension in the European population, including support vector
machines, decision trees, random forest, neural network, and extreme gradient boosting
(XGBoost) [64]. For this study, we considered two machine learning-based classifiers, the
random forest and the neural network, which have been shown in many studies to have
been most promising in the classification of hypertension among individuals of European
ancestry [64].

The random forest is a powerful machine learning algorithm that constructs an en-
semble or forest of decision trees that are often trained using the bagging method. Each
decision tree is constructed on a random subset of the training set and a random subset of
the features. This keeps the trees from becoming overly correlated and, hence, overfitting
the data [65]. Using the training set, the random forest models were constructed with
the “ranger” package in the R-programme [66] with hyperparameters set to 500 trees and
10 nodes. The optimal model was selected based on an out-of-bag (OOB) estimate of the
error rates in the training set. In a random forest model, the maximum number of features
that can be considered for splitting at each node of the decision trees within the ensemble
was determined and reported using the “mtry” parameter within the “ranger” package
(Supplementary Table S1).

The neural network is another powerful machine learning algorithm that automatically
learns from patterns between the inputs and the output within the data [67]. The neural
network consists of interconnected processing nodes organized in three layers: input,
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hidden, and output layers (Supplementary Figure S1). The input layer is connected to the
hidden layer with updated weight, which is then connected to the output layer [68]. In
the construction of our neural network models, the optimal number of hidden layers was
identified as 5 hidden layers. The neural network classifiers were constructed with the
“nnet” function [69] using 5-fold cross-validation implemented in the R-programme “caret”
package. We used the following hyperparameters: The regularization parameter used to
prevent overfitting in the neural network by penalizing large weights (decay) was set to 0.
Setting it to 0 means that no weight decay is applied. The maximum number of iterations
(epochs) for training the neural network (maxit) was set to 100, and the maximum number
of weights in the neural network (maxNWTs) was set to 1000.

Overfitting and underfitting are two frequent machine learning issues that can have a
significant influence on model performance and generalizability [70]. Overfitting occurs
when a model fits the training set but performs poorly on the testing or an unknown dataset,
resulting in low training error but high test error. To minimize overfitting within the neural
network models and to produce more reliable estimations of the models” prediction abilities
on the testing set [71,72], we performed a 5-fold cross-validation on the balanced training
set (n = 171,304). The ROC [73] was used to select the optimal model (based on the largest
ROC value estimated at 0.70; see Supplementary Table S2). This implies that models with
ROC values greater than 0.70 in the testing set would improve prediction.

We adopted a two-stage approach in the construction of the machine learning algorithm.

2.10.1. Stage One Models

In stage one, we built models without feature selection in the training set (n = 171,304).
In the first subset of models, we used the random forest method [65,66], and in the second
subset of models, we used the neural network (Figure 2). For each of these methods, we
used two different sets of features: (1) conventional risk factors that included baseline char-
acteristics (age, sex, BMI, diabetes mellitus, smoking status, drinking status, TC, HDL, LDL,
and sedentary lifestyle; and (2) full set of features included all the baseline characteristics
above together with additional genetic variables, including ten genetic liabilities.

The optimal number of features used for splitting at each of the decision trees was
identified as three features in the construction of the random forest model with ten con-
ventional risk factors vs. four features in the random forest model with the additional ten
genetic liabilities. Both random forest models above showed a prediction error of 0.22.

In the testing set, we evaluated and compared the performance of (1) the random
forest model with and without genetic liabilities and (2) the neural network model with and
without genetic liabilities. The performance of our machine learning models was evaluated
using the AUC, accuracy, sensitivity (recall), and F1 score.

2.10.2. Stage Two Models

In stage two, to improve model performance, we utilized a feature selection strategy to
select the most relevant features, eliminate unnecessary noise or random fluctuation in the
data, and prevent the problem of overfitting (induced by the presence of irrelevant features).
Both the random forest and neural network approaches were used as the feature selection
method. The most important features were ranked based on their importance score and
illustrated using variable importance plot (vip) function within the caret package. Regardless
of the method used in the feature selection step, we further used the top ten most important
features identified to further develop classification models using random forest and neural
network. This approach created four different analysis paths to hypertension classification
including the path (1) where the feature selection model was random forest, and the
classifying method was random forest as well; path (2) where random forest was used as
the feature selection method, and the classification method was neural network; path (3)
where the feature selection model was neural network, and the classification method was
neural network as well; path (4) where neural network was the feature selection method,
and the classification method was random forest (see Figure 2). In the testing set, we used
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the AUC (see above) to assess the performance of these four models built with the ten
most important features selected. Stage one and stage two resulted in the construction and
testing of a total of eight models.

2.11. Model Performance Assessment Using Calibration

’

We used a calibration curve and Spiegelhalter z score test to examine the models
calibration [74,75]. Model calibration measures the ability of a model to accurately predict
an outcome [76,77]. In the calibration curve, the Y-axis represents the observed probability,
and the X-axis represents the predicted probability of developing a disease. The calibration
curve includes a diagonal line (the ideal line), which is the prediction of the ideal model.
A model is said to be well-calibrated if the calibration curve stays close to the line of
perfect calibration (45 degrees with an intercept of 0 and a slope of 1). Overestimation
and underestimation are identified by a curve below and above the ideal calibration line,
respectively. The Spiegelhalter z test is a statistical test used to assess the calibration
accuracy of a risk prediction model. A perfectly calibrated model (i.e., when the predicted
probabilities match the observed values) has a Spiegelhalter z score of zero, while a value
close to zero indicates good calibration, and a value far from zero indicates poor calibration.
A positive Spiegelhalter z score indicates that the model is over-calibrated (i.e., the predicted
probability of the outcome is too high), while a negative Spiegelhalter z score indicates that
the model is under-calibrated (i.e., the predicted probability of the outcome is too low).

To confirm the overall accuracy of the models, we also calculated the Brier score [78],
which is the mean square error (MSE) between observed and predicted outcomes. The
Brier score evaluates both the calibration and discrimination ability of a model [77]. The
scores range from 0 to 1, with lower scores suggesting superior calibration. Brier scores
approaching 0 imply that the model has been adequately calibrated and discriminated.
We used the validation probability (val.prob) function from the “rms” package in the R-
programme to generate calibration curves, Spiegelhalter z test, and Brier score.

2.12. Net Reclassification Index and Integrated Discrimination Index

We assessed the performance of well-calibrated models using the net reclassification
index and integrated discrimination index statistics. The net reclassification improvement is
a commonly used metric to compare the relative ability of two models to classify individuals
as low- and high-risk [79]. A positive net reclassification index value indicates that the
new model correctly reclassifies more individuals into higher- or lower-risk categories
compared to the old model. Conversely, a negative net reclassification index value suggests
that the old model is better at reclassifying individuals than the new model.

The integrated discrimination index statistic is used to measure the improvement in
the ability of two models to distinguish between event and non-event [80,81]. A positive
integrated discrimination index value implies an improvement in the model’s discrimina-
tive ability, while a negative integrated discrimination index value suggests a deterioration
in the discriminative ability of the new model. In this study, we used the “reclassification”
function from the “PredictABEL” packages in the R-programme to obtain the net reclas-
sification index and integrated discrimination index values. The discrimination ability,
calibration, and reclassification results are depicted further in Figure 2. All the analysis
was performed with R-program (www.r-project.org; access data December 2022) version
4.2.2. For reproducibility, we set the seed of the random number generator to a value of 500
throughout this analysis. The code for the analyses has been generated and accessible to
the public through Github links below:

1. https://github.com/GMaccarthy /NN_with_Imbalanced_Trainingset, accessed on 30
April 2024;

2. https://github.com/GMaccarthy /NN_with_Balanced_Trainingset, accessed on 30
April 2024;

3. https://github.com/GMaccarthy/RF_Balanced_trainingset, accessed on 30 April 2024;

4. https://github.com/GMaccarthy/RF_Imbalaced_Trainingset, accessed on 30 April 2024.


www.r-project.org
https://github.com/GMaccarthy/NN_with_Imbalanced_Trainingset
https://github.com/GMaccarthy/NN_with_Balanced_Trainingset
https://github.com/GMaccarthy/RF_Balanced_trainingset
https://github.com/GMaccarthy/RF_Imbalaced_Trainingset
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3. Results
3.1. Baseline Characteristics of the Participants

A total of 244,718 unrelated individuals of European ancestry from the UKB were
included in this study (Table 3). The average age of the participants was 55.4 &+ 7.98 years
old, and 141,931 (58.0%) participants were female. The sample contained 7011 (2.9%)
participants with diabetes. The majority (n = 229,539; 93.8%) of the participants reported
to be current alcohol drinkers, and 164,847 (67.4%) reported to have never smoked. The
average BMI was 26.8 (4.58) kg/m?. The sample included 117,095 (47.8%) participants
with hypertension. There were statistically significant differences in all baseline charac-
teristics between the hypertensive and non-hypertensive groups (Table 3). More women
were hypertensive than men (52.4% vs. 47.6%; p-value < 0.001). The hypertensive par-
ticipants were older (57.6 &= 7.53 vs. 53.4 &= 7.84 years; p-value < 0.001), had higher BMI
(28.0 + 4.83 kg/m? vs. 25.8 4- 4.06 kg/m?; p-value < 0.001), had higher TC levels (6.05 £1.06
vs. 5.79 £+ 1.04 mmol/L; p-value < 0.001), and spent more hours per day having sedentary
lifestyle (4.87 &+ 2.39 vs. 4.50 & 2.33 h per day; p-value < 0.001) than the non-hypertensive
participants.

Table 3. Baseline characteristic of the UKB participants within the overall sample and hypertensive

subgroups.
Hypertensive Non-Hypertensive Overall p-Value
n=117,095 n=127,623 n=244,718

Diabetes diagnosed by a

doctor:
YES; N (%) 4697 (4.00%) 2314 (1.80%) 7011 (2.9%) 0001
NO; N (%) 112,398 (96.0%) 125,309 (98.2%) 237,707 (97.1%)

Age (years); mean (SD) 57.6 (7.53) 53.4 (7.84) 55.4 (7.98) <0.001
BMI (kg/m?); mean (SD) 28.0 (4.83) 25.8 (4.06) 26.8 (4.58) <0.001
TC (mmol/L); mean (SD) 6.05 (1.06) 5.79 (1.04) 5.91 (1.06) <0.001

HDL (mmol/L); mean (SD) 1.46 (0.38) 1.51 (0.38) 1.49 (0.38) <0.001
LDL (mmol/L); mean (SD) 3.84 (0.81) 3.62 (0.80) 3.73(0.81) <0.001
Sede“tarégﬁsgg) (h/day); 4.87 (2.39) 450 (2.33) 4.68 (2.37) <0.001
Sex:
Male; N (%) 55,686 (47.6%) 47,101 (36.9%) 10,2787 (42.0%) 0001
Female; N (%) 61,409 (52.4%) 80,522 (63.1%) 141,931 (58.0%)
Drinking status:
Current; N (%) 109,655 (93.6%) 119,884 (93.9%) 229,539 (93.8%)
Never; N (%) 4052 (3.46%) 3967 (3.11%) 8019 (3.3%) <0.001
Previous; N (%) 3388 (2.89%) 3772 (2.96%) 7160 (2.9%)
Smoking status:
Current; N (%) 37,458 (32.0%) 39,476 (30.9%) 76,934 (31.4%)
Never; N (%) 78,292 (66.9%) 86,555 (67.8%) 164,847 (67.4%) <0.001
Previous; N (%) 1345 (1.15%) 1592 (1.25%) 2937 (1.2%)

Table is generated with gtsummary package using Pearson’s chi-squared test and Wilcoxon rank sum test. SD:
standard deviation, BMI: body mass index, TC: total cholesterol, HDL: high-density lipoprotein, LDL: low-density
lipoprotein.
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All the demographic, clinical, and lifestyle features included in the study had a
statistically significant association with hypertension (Table 3, Supplementary Tables S3
and S4).

3.2. Stage One Models

In stage one (Figure 2), the models incorporating conventional CVD risk factors (i.e.,
age, sex, BMI, diabetes, smoking status, drinking status, TC, HDL, LDL, and sedentary
lifestyle) achieved AUCs of 0.70 (95% CI = 0.70, 0.71; Table 4 and Figure 3), accuracy
of 0.65 (95% CI = 0.65, 0.66), a sensitivity of 0.68, and F1-Score of 0.64 using the ran-
dom forest method (Table 4). The calibrations measured by Spiegelhalter’s z score were
1.03 (p-value = 0.30, calibration slope = 0.98) for random forest (Table 4 and Supplemen-
tary Figure S2). We observed AUC of 0.72 (95% CI = 0.71, 0.72), accuracy of 0.66 (95%
CI = 0.65, 0.66), a sensitivity of 0.69, and F1-Score of 0.66 using neural network (Table 4 and
Figure 3). Spiegelhalter’s z score was estimated as —14.39 (p-value = 6.4 x 10~%, calibration
slope = 1.18) using neural network (Table 4, Figure S3).

The addition of genetic liabilities resulted in a slight improvement in the AUC only in
random forest model (AUC = 0.71; Table 4 and Figure 4). We observed a Spiegelhalter’s
z score of —5.64 (p-value = 1.7 x 10~8, calibration slope = 1.06; Table 4 and Supplemen-
tary Figure S2). A Spiegelhalter’s z score of —14.44 (p-value = 3.0 x 10~%, calibration
slope = 1.18) was observed for neural network models.

Table 4. Discrimination and calibration results of the models applied to the testing set.

Spiegel

Classification =~ Numb of R? AUC% Brier Halter Spiegel Halter s Intercept Accuracy % Sensitivity F1
Models Features (95% CI) Score 2 Sacoie p-Value ope ercep (95% CI) (Recall) Score
Models with conventional risk factors
Random 0.70 . 0.65
forest 10 0.17 (0.70,0.71) 0.22 1.03 0.30 0.98 0.04 (0.64, 0.65) 0.68 0.64
Neural 0.72 47 0.66
network 10 0.19 0.71,0.7) 0.21 —14.39 6.4 x 10 1.18 0.08 (0.65, 0.66) 0.69 0.66
Models with conventional risk factors and genetic liabilities
Random 0.71 8 0.65
forest 20 0.18 0.71,072) 0.22 —5.64 1.7 x 10 1.06 —0.04 (0.64, 0.65) 0.68 0.65
Neural 0.72 47 0.66
network 20 0.19 0.71,0.72) 0.21 —14.44 3.0 x 10 1.18 0.07 (0.65, 0.66) 0.68 0.66
Random forest as feature selection method
Random 0.71 0.65
forest 10 0.17 (70,0.71) 0.22 0.10 0.92 0.99 —0.04 (0.64, 0.65) 0.66 0.64
Neural 0.72 -~ 54 -~ 0.66
network 10 0.18 (0.71,0.72) 0.21 15.51 3.1x10 1.20 0.09 (0.65, 0.66) 0.69 0.66
Neural network as feature selection method
Random 0.70 0.64
forest 10 0.16 (0.70,0.71) 0.22 —0.44 0.66 1.00 —0.04 (0.64, 0.65) 0.66 0.64
Neural 0.71 -~ 43 _ 0.65
network 10 0.17 (0.70,0.71) 0.22 13.80 1.6 x 10 1.18 0.08 (0.65, 0.66) 0.69 0.65

* p-value > 0.05 (test is not significant) good calibration. Model with conventional risk factors included age,
sex, BMI, diabetes, smoking status, drinking status, TC, HDL, LDL, and sedentary lifestyle. Discrimination is
measured by the AUC. Accuracy is the percentage of true predictions made by our model out of all predictions
made; the F1 is a single score that balances both precision and recall (sensitivity). Recall is the proportion of
true positive predictions among all positive instances in the dataset. The Brier score is a combined measure of
discrimination and calibration. Calibration is measured by the Spiegelhalter z test, logistic slope, and intercept.
BMI: body mass index, AUC: area under the curve, TC: total cholesterol, HDL: high-density lipoprotein, LDL:
low-density lipoprotein.
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Figure 3. ROC plot for models with conventional risk factors in stage one. The figure shows the
area under the curve (AUC) for both random forest (left panel) and neural network (right panel).
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Figure 4. ROC plot for stage one models including conventional risk factors and genetic liabilities.
The figure shows the AUC for random forest (left panel) and neural network (right panel).

3.3. Stage Two Models

In stage two (Figures 5 and 6), random forest feature selection identified feature age as
the most important classifying feature for hypertension, followed by sex, BMI, TC, LDL,
sedentary lifestyle, HDL, TC genetic liability, LDL genetic liability, and smoking status.
(Supplementary Figure S4). Feature selection using neural network identified HDL as the
most important feature, followed by TC, LDL, sedentary lifestyle, LDL genetic liability, BMI,
TC genetic liability, age, WHR genetic liability, and HDL genetic liability (Supplementary
Figure S5).
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Figure 5. ROC plot for stage two models created with features selected by random forest that
included conventional risk factors and genetic liabilities. Area under the curve (AUC) is illustrated

for classification by random forest (left panel) and neural network (right panel).
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Figure 6. ROC plot for stage two models created with features selected by neural network that
included conventional risk factors and genetic liabilities. Area under the curve (AUC) is illustrated
for classification by random forest (left panel) and neural network (right panel).

The model in stage two that was well-calibrated and achieved an improved AUC
among the four models developed in this stage was the model built with the important fea-
tures (Supplementary Figure S4) selected and classified using random forest (see Methods).
The model achieved an AUC of 0.71 (95% Cl = 0.70, 0.71) and a Spiegelhalter’s z score of
0.10 (p-value = 0.92, calibration slope = 0.99; Supplementary Figure S6). The model showed
accuracy of 0.65 (95% CI = 0.64, 0.65), sensitivity of 0.66, and F1-Score of 0.64 (Table 4 and
Figure 5).

3.4. Reclassification Index Analysis

Three models with a random forest classifier, including one from stage one and two
from stage two analysis, were identified as well-calibrated. These models were included in
the reclassification index analysis where the model from stage one was used as the reference
(that is the model which included all conventional CVD risk factors and used random forest
as classifying method; Figure 2).

The stage two model which was built using random forest as both feature selection
and classification method (Table 5) showed a slightly improved reclassification compared
with the reference model indicated by a net reclassification index of 0.06 (95% CI = 0.05,
0.08; Table 5). This model showed an integrated discrimination index of 1.7 x 1072 (95%
CI=9.0 x 1074, 2.5 x 1073; Table 5).

Table 5. Net reclassification and integrated discrimination index.

NRP? IDI
Feature Selection Method Classification Method (95% Cl) (95% Cl)
p-Value p-Value
*
None Random Ref Ref
forest
Random 0.06 1.7 x 1073
Random forest forest (0.05, 0.08) (9.0 x 107%,2.5 x 1073)
p-value < 0.00001 p-value=1.0 x 107°
Random —0.10 —0.01
Neural network forest (—0.12, —0.09) (9.3 x 1074, —0.01)
p-value < 0.00001 p-value < 0.00001

* The random forest model with all conventional risk factors was selected as a reference model. NRI*?: continuous
net reclassification index; IDI: integrated discrimination index, Cl: confidence interval, Ref: reference.

The stage two model which was built using neural network as feature selection
method and random forest as classification method showed a deteriorated reclassification
compared to the reference model, indicated by a net reclassification index of —010 (95%
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CI =0.12, 0.09; Table 5). This model showed an integrated discrimination index of —0.01
(95% CI = —9.3 x 10~%, —0.01; Table 5).

4. Discussion

This is the first large-scale research that has been conducted on hypertension classifi-
cation using machine learning that investigates the prediction value of a combination of ge-
netic liabilities for type 2 diabetes, adiposity traits, lipid traits, and smoking traits in a single
model. Aided by machine learning, we used a European dataset with 244,718 participants
from the UKB and identified the best integrated predictive models for the classification of
hypertension. We found that incorporating multiple genetic risk factors into prediction
models could lead to a minor but statistically significant improvement in the classification
ability and reclassification of the models beyond conventional risk factors. Of all the genetic
liabilities we considered, those estimated for TC and LDL cholesterol were identified to
be a combination that could improve the classification of hypertension compared with
the model without any genetic factors. This is the first study that identifies the predic-
tive value of the genetic liability of lipid traits in the hypertension classification. Several
cohort studies have found a link between high cholesterol levels [82,83] as well as dyslipi-
daemia [84,85] and an increased risk of developing hypertension. Dyslipidaemia is known
to impair the functional and structural features of the arteries and cause atherosclerosis [86].
These changes may compromise blood pressure control, predisposing individuals with
dyslipidaemia to hypertension.

Previous literature has only described traditional statistical techniques and machine learning
models to predict/classify hypertension, mainly using non-genetic risk factors [18-24]. The
studies that included genetic risk factors only used single SNPs at a time [26,30] or gene
expression [27]. Furthermore, a recent study [25] that used machine learning models
and incorporated genetic liability only examined one genetic liability at a time. Niu and
colleagues [25] utilized three machine learning models, including random forest and neural
network, which incorporated a genetic liability component to predict hypertension in
rural China. The models included an Asian ancestry hypertension PRS derived from 13
SNPs. The authors observed that integrating hypertension PRS into models improved
hypertension incidence prediction and risk classification (AUC random forest = 0.84; AUC
neural network = 0.80). Vaura and colleagues [29] incorporated PRS for SBP and DBP in
Cox models to assess predictive values of these genetic markers in the risk of incident
hypertension prediction using Cox proportional hazards models. The authors observed
that including PRS for blood pressure in the clinical prediction model for hypertension
increased the C-statistic by 0.5% for the SBP PRS and 0.6% for the DBP PRS. They also
observed that incorporating both PRSs in the clinical prediction model resulted in a 0.7%
increase in the C-statistic. Our machine learning models incorporated multiple genetic
liabilities in the model and showed a 1% improvement in the classification of hypertension.
Our research is unique in that it included ten genetic liabilities (incorporating a total
of 883 SNPs) utilizing machine learning to establish a more integrated strategy in the
classification of hypertension. Our study also took a different approach in terms of the
type of genetic liabilities used. Instead of incorporating hypertension genetic liability, we
included genetic liabilities for risk factors associated with hypertension and CVD (see
methods). The combination of multiple genetic liabilities implemented within machine
learning models for the classification of hypertension is the novelty of our work.

Compared with the study by Niu and colleagues, our study achieved a lower per-
formance. Also, in terms of the net reclassification improvement in prediction value, our
study showed only a marginal improvement, whereas the study by Niu and colleagues
showed an improvement of up to 4.7% in prediction value. This implies that incorporating
genetic liabilities relating to the risk factors of hypertension may not be as promising as
incorporating the genetic liability of hypertension itself. However, it should be noted that
our study investigated a large-scale European ancestry population and the study by Niu,
and colleagues investigated a population of Asian ancestry in rural China (The Henan
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Rural Cohort Study). These two populations have significant differences in their genetic
make-up. Another reason for the observed differences could be environmental exposures
and lifestyle variables, which can play a role in modifying the expression or impact of
these genetic variants on phenotypes across populations [28,87]. Furthermore, Niu and
colleagues did not examine the data-balancing strategy. We employed the data-balancing
technique to ensure that our training set was balanced. We also used a feature selection
strategy to identify the best features for our machine learning. In addition, we performed
model calibration to select the most robust classification model for hypertension.

Our feature selection approach was successful in creating machine learning models
that slightly improved the classification of hypertension. However, this came at the price of
clinically relevant features (e.g., diabetes mellitus and drinking status) being excluded. We
used a specific definition for diabetes (diabetes diagnosed by a doctor, or use of diabetic
medication, or Hb1Ac > 48 mmol/mol, or glucose level > 7.0 mmol/dL) [45]. However,
the literature shows that diabetes mellitus and hypertension may co-exist, and it is not
exactly clear which of the two precedes the other [88,89]. The observation that our machine
learning feature selection approach did not prioritize diabetes as an important feature in
classifying hypertension may align with the existing inquiries in the literature regarding
the extent to which diabetes influences the development of hypertension or conversely [90].

Our models included lifestyle-related factors, such as BMI, smoking, sedentary lifestyle,
age, TC, LDL cholesterol, and HDL cholesterol, as well as genetic liabilities for TC and
LDL, which were identified as important features in our best classification model for hy-
pertension. Evidence from the existing literature shows that obesity is accompanied by
an increased risk of hypertension due to modifying other risk factors (e.g., elevated levels
of LDL cholesterol, reduced levels of HDL cholesterol, and elevated blood pressure) in
obese individuals [91]. In addition, high cholesterol levels have been linked to an increased
risk of developing hypertension [83]. Furthermore, it has also been shown in previous
studies that genetic factors in combination with environmental factors may increase the
risk of hypertension and other CVDs [44,92,93]. For example, we have recently shown that
physical inactivity in combination with high genetic susceptibility to obesity could increase
the risk of hypertension [94]. Our current study did not test for interactions between genetic
and lifestyle factors; however, both factors were identified as being important in developing
the risk of hypertension.

In our study, we employed random forest and neural network methods, which can
effectively capture the hidden interactions between genetic and non-genetic factors in
hypertension by leveraging their ability to model nonlinear relationships, handle high-
dimensional data, and automatically learn relevant features from the data [62]. These
techniques provide excellent tools for examining the complicated aetiology of hypertension
and identifying important factors that contribute to its development and progression.

4.1. Strength

A strength of our study is in the novelty of the approaches used including (1) the use
of machine learning to build a prediction model of hypertension in a European setting, (2)
testing various methods of feature selection to identify the best performing set of predictive
features and to ensure that the features included in the final model were robust and that the
model was well calibrated, and (3) the addition of multiple genetic liabilities in one single
prediction model to identify the best performing classification model. In our integrated
genetic approach, we included multiple genetic liabilities comprising a large number
of SNPs within ten genetic liabilities and allowed machine learning to identify the best
pattern of feature combination in terms of model performance and accuracy. This gave us
a comprehensive picture of the effectiveness of various genetic liabilities in comparison
with each other and hypertension risk factors. Another strength is in the use of the large
sample size of the UKB that allowed us to develop a large training set comprising 171,304
participants. This is beneficial in detecting the true effect of risk factors on outcomes,
reducing bias, and making risk predictions in the testing set more reliable [95,96]. Our
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study contributes to the ongoing research on the potential role of genetic liabilities in risk
prediction of complex diseases [97-99].

4.2. Limitations

A limitation of our research is that the UKB data are imbalanced in terms of the ratio
of cases and controls, and, as a result, our sample included 10,528 more controls than cases.
The training set included 7370 more controls than cases. Models trained on imbalanced
datasets may become biased towards the dominant class, predicting the minority class
incorrectly [58]. To address the imbalance in the dataset and minimize error, we utilized
an over-sampling approach to balance the sample [100]. The “ROSE” package that we
used for balancing our data uses an over-sampling approach that may introduce noise
into the synthetic sample in the dataset, resulting in some level of bias remaining in the
models [101]. In addition, in this study, we employed an integrative approach incorporating
multiple features into a machine learning model. To minimize overfitting due to including
potentially irrelevant features, we used 5-fold cross-validation techniques using “caret”
package which allowed us to evaluate the model’s performance across multiple training set
subsets. However, despite the use of cross-validation techniques, there could still be some
residual overfitting in the data due to the model’s potential complexity [102]. To mitigate
and address the issue of potentially irrelevant features causing overfitting and to improve
robustness and generalization as well as performance of our machine learning models, we
adopted random forest and neural network, as feature selection techniques, to concentrate
on the most significant features to build our machine learning models in stage two.

5. Conclusions

Our research highlighted that out of the ten genetic liabilities examined in our study,
genetic liability for two lipid traits (TC and LDL) was found to improve the classification
of hypertension within a European population. Incorporating these two genetic liabilities
in the random forest model slightly improved hypertension risk discrimination and risk
reclassification for participants beyond conventional risk factors.

To improve the generalizability and robustness of classifying hypertension, we pro-
pose that future studies incorporate multiple genetic liabilities in machine learning-based
models.
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Supplementary Material for Chapter 3

Using machine learning to evaluate the value of genetic liabilities in the
classification of hypertension within the UK Biobank.
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S1-Supplementary Data S10: List of genetic variants’ summary statistics used
to construct the genetic risk scores, Supplementary Table S1-Supplementary
Table S4, Supplementary Figure S1-Supplementary Figure S7.
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Supplementary Table 1: Optimal metrics identified in the random forest models for the
classification of hypertension based on the training data.

Number of OOB Prediction error
Model technique/ set Outcome Mtry .
Features (Brier s.)
Stage one
Random forest
Random forest 10 ancom fores Hypertension 3 0.22
/training set
Random forest .
Random forest 20 an .o.m ores Hypertension 4 0.22
/training set
Stage two
Random forest .
Jiraini ¢ Hypertension
Random forest 10 Taining se 3 0.22
Random forest .
Jiraini ¢ Hypertension
Random forest'™ 10 ramning se 3 0.22

tModel built with top ten important features selected by random forest that include conventional risk factors and genetic

liabilities. TtModel built with top ten important features selected by neural network that include conventional risk factors
and genetic liabilities. Results are from the ranger function within the ranger R package. Mtry: the number of variables to
randomly sample as candidates at each split, OOB: out of bag.
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Supplementary Table 2: Optimal metrics identified in the neural network models for the
classification of hypertension based on the training data.

Number of Number of e e
Model Features  |Hidden layers ROC (SD) Sensitivity (SD) Specificity (SD)
Stage one
Neural network 10 5 0.70 (0.004) 0.62 (0.006) 0.67 (0.004)
Neural network 20 5 0.70 (0.004) 0.62 (0.006) 0.67 (0.006)
Stage two
Neural network * 10 5 0.70(0.004) 0.62(0.007) 0.67(0.006)
Neural network ' 10 5 0.69(0.004) 0.61(0.007) 0.66(0.007)

tModel built with top ten important features selected by random forest that included conventional risk factors and genetic
liabilities. TTModel built with top ten important features selected by neural network that included conventional risk factors
and genetic liabilities. Results are from the nnet function within the caret R package. The neural network model was built
with parameter for weight decay (decay =0), maximum number of iterations (maxit=100), The maximum allowable number
of weights (MaxNWts=1000). ROC: receiver operating characteristic curve, SD: Standard deviation.
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Supplementary Table 3: Overview of the association analysis between study predictors and
hypertension based on univariable logistic regression analysis.

Characteristic N OR 95% CI p-value
Diabetes Mellitus (yes) 244,718 2.26 2.15,2.38 <0.001
Sex (Male) 244,718 1.55 1.53,1.58 <0.001
Age 244,718 1.07 1.07, 1.07 <0.001
BMI 244,718 1.12 1.12, 1.12 <0.001
Smoking Status 244,718

Current reference 1.0 —

Never 1.15 1.12, 1.18 <0.001

Previous 1.32 1.28,1.36 <0.001
Drinking Status 244,718

Current reference 1.0 —

Never 1.12 1.07, 1.17 <0.001
Previous 0.98 0.94,1.03 0.4
Total Cholesterol 244,718 1.27 1.26,1.28 <0.001
HDL 244,718 0.72 0.70, 0.73 <0.001
LDL 244,718 1.39 1.37, 1.40 <0.001
Sedentary Lifestyle 244,718 1.07 1.07,1.07 <0.001

OR: Odds Ratio, CI: Confidence Interval
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Supplementary Table 4: Overview of the association analysis between study predictors and
hypertension based on multivariable logistic regression analysis.

Characteristic N OR 95% CI p-value
Diabetes Mellitus(yes) 244,718 1.56 1.48, 1.65 <0.001
Sex(male) 244,718 1.70 1.67,1.73 <0.001
Age 244,718 1.07 1.07, 1.08 <0.001
BMI 244,718 1.12 1.12,1.13 <0.001
Smoking Status 244,718

Current reference 1.0 —

Never 1.11 1.08, 1.14 <0.001

Previous 1.07 1.04,1.10 <0.001
Drinking Status 244,718

Current reference 1.0 —

Never 0.98 0.94, 1.03 0.5

Previous 0.93 0.88, 0.97 0.003
Total Cholesterol 244,718 1.66 1.59,1.73 <0.001
HDL 244,718 0.91 0.87,0.94 <0.001
LDL 244,718 0.63 0.60, 0.66 <0.001
Sedentary Lifestyle 244718 1.01 1.01, 1.01 <0.001

OR: Odds Ratio, CI: Confidence Interval
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Supplementary Figure S1:

Hidden layer Output layer

Input layer

Predictor
(X2)

Supplementary Figure S1: A schematic architecture of neural network. F(zx): Black
box function
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Supplementary Figure S2
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Supplementary Figure S2: Calibration curve of stage one random forest models. The
random forest with conventional risk factors (left panel) is well-calibrated. The random forest
model that included conventional risk factors and genetic liabilities (right panel) is poorly
calibrated due to overfitting. The solid grey line is ideal calibration, the solid black line is
logistic calibration, the dotted line is a non-parametric calibration, and the triangular points
are the grouped observations. The distribution plot of predicted probability is also displayed.
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Supplementary Figure S3
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Supplementary Figure S3: Calibration curve of stage one neural network models. The
neural network with conventional risk factors (left panel) as well as the neural network model
that included conventional risk factors and genetic liabilities (right panel) are both poorly
calibrated due to overfitting. The solid grey line is ideal calibration, the solid black line is
logistic calibration, the dotted line is a non-parametric calibration, and the triangular points
are the grouped observations. The distribution plot of predicted probability is also displayed.
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Supplementary Figure S4
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Supplementary Figure S4: Top ten important features selected by the random forest
model that include genetic liabilities in addition to conventional risk factors.

57



Supplementary Figure S5
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Supplementary Figure SS: Top ten important features selected by the neural network
model that include genetic liabilities in addition to conventional risk factors.
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Supplementary Figure S6
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Supplementary Figure S6: Calibration curve of stage two models created with features
selected by random forest model. The model classified with random forest (left panel) is
well-calibrated. The model classified with neural network (right panel) is poorly calibrated
due to overfitting. The solid grey line is ideal calibration, the solid black line is logistic
calibration, the dotted line is a non-parametric calibration, and the triangular points are the
grouped observations presence. The distribution plot of predicted probability is also
displayed.
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Supplementary Figure S7
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Supplementary Figure S7: Calibration curve of stage two models created with features
selected by neural network model. The model classified with random forest (left panel) is
well-calibrated and neural network (right panel) is poorly calibrated due to overfitting. The
solid grey line is ideal calibration, the solid black line is logistic calibration, the dotted line is
a non-parametric calibration, and the triangular points are the grouped observations presence.
The distribution plot of predicted probability is also displayed.
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Paper 2

4 Chapter Four. Evaluation of Machine Learning and Traditional
Statistical Models to Assess the Value of Stroke Genetic Liability for
Prediction of Risk of Stroke Within the UK Biobank.
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4.1 Introduction to Paper 2

This paper was published in the Healthcare Journal. It included over 240,000
participants of European ancestry from the UK Biobank. The stroke genetic
liability was created using data from MEGASTROKE genome-wide association
studies (GWAS:Ss). In this study, four predictive models with and without stroke
genetic liability were developed, namely a Cox proportional hazard (Coxph)
model and a gradient boosting model (GBM), a decision tree (DT), and a
random forest (RF), to estimate time-to-event risk for stroke. The study
compared the performance of these models’ ability to predict the risk of stroke,
with a focus on whether incorporating genetic liability to stroke improves
prediction accuracy.
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Abstract: Background and Objective: Stroke is one of the leading causes of mortality and
long-term disability in adults over 18 years of age globally, and its increasing incidence has
become a global public health concern. Accurate stroke prediction is highly valuable for
early intervention and treatment. There is a scarcity of studies evaluating the prediction
value of genetic liability in the prediction of the risk of stroke. Materials and Methods: Our
study involved 243,339 participants of European ancestry from the UK Biobank. We created
stroke genetic liability using data from MEGASTROKE genome-wide association studies
(GWASs). In our study, we built four predictive models with and without stroke genetic
liability in the training set, namely a Cox proportional hazard (Coxph) model, gradient
boosting model (GBM), decision tree (DT), and random forest (RF), to estimate time-to-
event risk for stroke. We then assessed their performances in the testing set. Results: Each
unit (standard deviation) increase in genetic liability increases the risk of incident stroke
by 7% (HR = 1.07, 95% CI = 1.02, 1.12, p-value = 0.0030). The risk of stroke was greater
in the higher genetic liability group, demonstrated by a 14% increased risk (HR =1.14,
95% CI =1.02, 1.27, p-value = 0.02) compared with the low genetic liability group. The
Coxph model including genetic liability was the best-performing model for stroke predic-
tion achieving an AUC of 69.54 (95% CI = 67.40, 71.68), NRI of 0.202 (95% CI = 0.12, 0.28;
p-value = 0.000) and IDI of 1.0 x 10~* (95% CI = 0.000, 3.0 x 10~%; p-value = 0.13) compared
with the Cox model without genetic liability. Conclusions: Incorporating genetic liability
in prediction models slightly improved prediction models of stroke beyond conventional
risk factors.

Keywords: the receiver operation characteristic (ROC); area under the curve (AUC); brier
score (BS); integrated calibration index (ICI)

1. Introduction

Stroke is one of the leading causes of mortality and long-term disability in adults over
18 years of age globally [1,2], with a detrimental impact on the economy and the cost of
healthcare and social services throughout the world. Stroke survivors have a considerably
higher risk of mortality when compared with non-stroke patients, not only attributed to the
initial stroke but also to stroke-associated consequences and increased cardiac incidence in
years after a stroke [3-6]. Every year, more than 100,000 people in the United Kingdom (UK)
suffer from a stroke, and over 1.2 million stroke survivors live in the UK. Stroke incidence
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and prevalence in the UK are expected to increase by 60% and 120% annually between 2015
and 2035, respectively [7].

Studies have shown that both genetic and non-genetic factors play a critical role in
the complex process of stroke events [8]. Stroke risk increases with age, with an estimated
10-year stroke risk in those aged 55 and over. The risk varies by gender and the increasing
co-occurrence of risk factors, such as hypertension, diabetes mellitus, atrial fibrillation, high
blood cholesterol and lipids, cigarette smoking, physical inactivity, chronic kidney disease,
and family history [9].

Twin and family history studies provided early evidence that genetics had a role in
stroke risk [10]. Genome-wide association studies (GWASs) have provided further evidence
to confirm the role of genetic factors in the occurrence of stroke. More recently, large-scale
GWASs, such as the International Stroke Genetics Consortium (ISGC), have identified
genetic loci associated with stroke. The MEGASTROKE project identified over 32 loci
contributing to stroke risk, revealing the causal role of specific genes and gene regions
in stroke origins [11,12]. As a result, greater insight into the genetic indicators of stroke
has allowed an opportunity for a deeper evaluation of an individual’s stroke risk, as well
as potentially more informed medical and lifestyle decisions that may be preventative
measures to reduce the risk of stroke occurrence.

Prediction tools for stroke, such as the Framingham Stroke Risk Profile (FSRP), the
American Heart Association (AHA), and the American Stroke Association (ASA), are
critical in identifying at-risk individuals early on, allowing for timely treatments and
improving outcomes [13,14]. Their developments extend beyond individual treatment,
including healthcare policy, budget allocation, and ethical issues for patient data. Advances
in artificial intelligence and machine learning are pushing the boundaries of prediction
tools, making them more accurate and adaptive to diverse groups of patients [15].

The stroke prediction tools (FRSPs and ASA), as well as the current clinical guidelines
for cardiovascular disease prevention, do not evaluate or integrate genetic liability into
the risk assessment [16]. Genetic prediction of stroke has the potential to transform stroke
prevention and treatment. It has the potential to identify individuals who are at risk of
or predisposed to stroke even before clinical symptoms appear. This allows for early
treatments, such as lifestyle adjustments or personalized drug programs [17-21]. Genetic
polymorphisms in genes associated with stroke or its risk factors have been investigated in
stroke risk. Several studies reported a significant association with stroke risk and a genetic
liability derived from a set of single nucleotide polymorphisms (SNPs) that were previously
identified to have a strong association with stroke or stroke risk factors [22-28]. Genome-
wide genetic liabilities, derived from the combined effects of several genetic variants across
the genome, regardless of the strength of their association, have been increasingly tested in
the last decades for their effect in health and disease, and previous studies have shown that
higher scores of genome-wide genetic liabilities enhance the stroke risk prediction [29,30].

Machine learning models are increasingly applied to predict the risk of complex
diseases [31—42]. Studies focusing on the prediction of the risk of stroke [32,41,42] have
shown that machine learning models outperformed traditional statistical techniques, such
as the Cox proportional hazards model. However, there is no consistency on which machine
learning model is a better fit. Chen et al. [42] identified artificial neural networks (ANNSs),
whilst Chun et al. [32] found that gradient-boosted trees (GBTs) were superior to other
machine learning models. In addition, Wang et al. [41] identified that the random forest
approach outperformed the Cox proportional hazards model.

The predictive value of the genetic factors used in machine learning models is unclear.
In a case—control study focusing on patients with atrial fibrillation, Papadopoulou et al. [40]
showed that out of multiple machine learning models incorporating a genetic liability, XGBoost
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outperformed a widely used existing clinical prediction model (CHA2DS2-VASc). The study by
Papadopoulou et al. [40] did not include incident stroke, and they created their genetic liability
using a selected list of SNPs associated with ischemic stroke (Supplementary Table S1).

To our knowledge, there is currently no study in the European general population that
provides a comprehensive insight into the prediction of the risk of incident stroke in various
scenarios, incorporating machine learning and a stroke genome-wide genetic liability. To
fill this gap, our research focused on incorporating a genome-wide genetic liability into
machine learning for the prediction of the risk of incident stroke using survival data. This
would offer a better understanding of the additional benefit of genetic liability in stroke
risk prediction, as well as of how machine learning algorithms perform in comparison to
traditional survival models in this context.

We have three main objectives, including (1) assessing the association of whole-genome
liability and the risk of future stroke occurrence (incident stroke), (2) assessing the pre-
dictive value of stroke genetic liability in the prediction of stroke, and (3) comparing the
performance of the Cox proportional hazard model and machine learning models before
and after incorporating genome-wide stroke genetic liability into the model.

2. Material and Method
2.1. Ethical Approval

The Northwest Multi-Centre Research Ethics Committee approved the UK Biobank
(UKB) as a research tissue bank, and all participants involved in the UKB project pro-
vided informed consent. The current study is based on UKB data, with the application
number 60549. In addition, Brunel University of London’s College of Health, Medicine
and Life Sciences Research Ethical Committee approved the use of UKB secondary data
(reference 27684-LR-Jan/2021-29901-1).

2.2. Study Population

The UK Biobank (UKB) is a prospective observational research study including more
than 500,000 adults aged between 40 and 69 years. From 2006 to 2010, participants were
recruited from 22 centres across the United Kingdom. The comprehensive description of
the UK Biobank study, the acquired data, and a summary of its characteristics are publicly
accessible on the UK Biobank website (www.biobank.ac.uk, viewed on 20 June 2021) and
in other sources, including Sudlow et al. [43]. During the recruitment stage, detailed
information about socioeconomics, demographics, health status, family history of diseases,
and lifestyle variables was obtained from the participants through questionnaires and
interviews. Several physical measurements were obtained, including height, weight, body
mass index (BMI), waist-hip ratio (WHR), systolic blood pressure (SBP), and diastolic blood
pressure. The records of UKB study participants were linked to health episode statistics
(HES) data and national death and cancer registries.

The current study focuses on a sample of unrelated participants of European ancestry
(N = 243,399; Figure 1). In brief, we employed 40 genetic principal components developed
centrally by the UKB and used the k-means clustering technique on 502,219 UKB partici-
pants to identify persons of European ancestry who had available genetic data (N = 459,042).
The study eliminated participants who had withdrawn their informed consent (N = 61),
pregnant women, and those who were uncertain about their pregnancy status (N = 278).
We excluded participants whose self-reported sex did not match their genetic sex (n = 320).
We excluded people who were first and second-degree relatives (N = 33,369) by using a
kinship cutoff of 0.0884 for third-degree relatives. We removed individuals (N = 25,340)
who had been diagnosed with vascular or cardiac issues by a clinician before or during
recruitment. This was carried out to minimize possible confounding, the influence of re-
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verse causality, and selection biases. Participants who used cholesterol-lowering medicine
(N = 34,243), quit smoking or drinking due to health reasons or doctor’s advice (n = 58,752),
or had missing data on confounders (N = 61,961) were also removed from the dataset.

We subsequently excluded participants who had prevalent stroke cases (N = 248),
and self-reported stroke (N = 130). We then merged the data with genetic liability profile
data (N = 425,054) calculated for participants with available genotype data (N = 459,042),
leaving a final 243,399 unrelated individuals of European ancestry.

Participant enrolled in UKB
N =502,219 Genetic liability profile
N=425054
* S
European participants identified with
K-mean cluster and have genetic data » N =425014 o N=337.713 H N=244.718 o N=243340 » N=243339
N =459,042
k J h 4 ¥ ¥ L
Excluded: P :ixrf‘lu‘jid: ith St ::;fjlu'j:li d Excluded: Excluded:
Consent withdrawals N = 61 (?‘,DUI::H ¥ r-u Stopp . rimking an Self-reported stroke Participants
) at baseline smoking on health N=130 without genetic
Related individuals N = 33,369 N=25340 grounds N = 58,752 . liability score
o . Prevalent stroke case Yy s
Pregnant or may be pregnant Missing data on main On cholesterol N =248 N=1
N=278 covariates medication N = 34,243 N
Mismatched sex N = 320 N=61961

Figure 1. Exclusion criteria of the study: The flowchart for selecting research participants. At the
start of this study, the UK Biobank (UKB) had over 500,000 participants. We employed the K-means
cluster approach to extract 459,042 European-ancestry subjects. The final dataset had 243,339 people
who satisfied the inclusion criteria.

2.3. Genotyping and Imputation

The UKB conducted all DNA extraction, genotyping, and imputation. Details of pro-
cedures are discussed elsewhere [44—46]. To summarize, blood samples from participants
were taken at UKB assessment centers, and DNA was extracted and genotyped using
the UKB Axiom array. UKB used the IMPUTE4 program [47] to perform the genotyping
imputation. The three reference panels used for imputation were the Haplotype Reference
Consortium, UK10K, and 1000 Genomes Phase 3. The UKB generated genetic principal
components and kinship coefficients centrally to identify related individuals and adjust for
population stratification [44,46].

2.4. Definition of the Outcome

Our primary outcome in the current study was stroke events, defined according to
the International Classification of Diseases 10th revision (ICD-10, 160-167). In this study,
incident stroke was characterized using cerebrovascular disorders ICD-10 code (1600-1609,
1610-1619, 1630-1639, 164, 1650-1659, 1660-1669, and 1670-1679) for the first stroke event. The
current study’s follow-up period is computed from the date of health assessment upon
enrolment to the end of March 2017. The participants who did not experience the outcome
at the end of the follow-up period were censored.

2.5. Demographics and Clinical and Lifestyle Features

In this study, the conventional risk factors, including age, sex, BMI, diabetes mellitus
(DM), hypertension, total cholesterol (TC), low-density lipoprotein (LDL), smoking, and
drinking, were considered in all the analyses. A doctor’s diagnosis of diabetes, the usage of
insulin, a blood hemoglobin (HbAlc) level greater than or equal to 48 mmol/mol (6.5%),
or a glucose level greater than or equal to 7.0 mmol/dL were all considered indicators
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of diabetes mellitus (DM) [48]. Hypertension is defined as (1) having a recorded SBP
greater than or equal to 140 mmHg or DBP greater than or equal to 90 mmHg, (2) having
a doctor-diagnosed case of hypertension, or (3) having a record of taking blood pressure
(BP)-lowering medication at baseline [49,50].

In the UKB, a manual sphygmomanometer or a standard automated device was used
to collect two blood pressure readings, separated by a few minutes (https:/ /biobank.ctsu.
ox.ac.uk/ukb/ukb/docs/Bloodpressure.pdf (accessed on 22 November 2021)). Using
two automatic or two manual blood pressure readings, we calculated the mean SBP and
mean DBP. The average of the two values was used for people who had one manual and one
automated blood pressure reading. For participants having a single blood pressure record,
that one blood pressure reading was used for those participants. For participants using
blood pressure-lowering drugs, we increased SBP by 15 mmHg and DBP by 10 mmHg [51].
We excluded individuals with incomplete blood pressure readings from the study. The
UKB used a self-reported questionnaire to collect data on participant smoking and alcohol
consumption, and categorized respondents as never, previous, and current consumers.

2.6. Computation of Genetic Liabilities
Selection of Genetic Variants

We selected a list of genetic variations, in the form of SNPs (Supplementary Data S1),
that were previously identified in the European population as being associated with
stroke [11]. The effect sizes for these SNPs (Supplementary Data S1) were derived from
GWAS summary statistics data that were published and made publicly available on the
GWAS Catalog website (https://www.ebi.ac.uk/gwas/, visited on 12 July 2021). SNPs
with a minor allele frequency (MAF) of less than or equal to 0.01 and duplicate, non-biallelic
SNPs were not included in the genetic liability calculation for this study. We also conducted
an LD pruning technique to exclude SNPs that were in linkage disequilibrium (LD) with
one another. When the correlation between SNPs occurs more frequently than expected in
a random sample, the SNPs are said to be in LD [52]. LD between two loci is statistically
determined by using metrics, such as the correlation coefficient (r?) value. This value mea-
sures how well the alleles at the two loci correlate with one another. LD pruning removes
highly correlated SNPs to avoid the statistical bias and computational inefficiency caused
by LD. For this LD pruning process, all pairs of SNPs within a given moving window are
evaluated to determine their pairwise LD based on r? value. If any pair of SNPs within
the window has an LD larger than the stated threshold, the first SNP will be pruned [53].
The pruning process was implemented in PLINK version 1.9 [54] with the function and
parameters “~indep-pairwise window size = 250 step size = 50 r> = 0.1”. After the LD pruning
procedure, 252,903 SNPs were retained for calculating the genetic liability for stroke based
on the Purchell method [54] (Supplementary Figure S1).

The calculation of genetic liability for stroke was implemented in PLINK version 1.9
with the function “-score”. PLINK employs a weighted technique in which the effect size
(beta coefficient) of each SNP is used as a weight and is multiplied by the number of risk
alleles carried by the participant. The result is then summed up across all SNPs in the
calculation of genetic liability.

2.7. Data Preprocessing

We preprocessed the dataset by standardizing all quantitative variables, including age,
BMI, TC, LDL, and genetic liability using the “scale” function in the R package. Categorical
variables included sex (male and female), smoking status (never, previous, current), alcohol
consumption status (never, previous, current), DM (no, yes), and hypertension (no, yes).
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Genetic liability was additionally categorized as low, medium, and high risk according to
its tertiles to ease the analysis per subgroup of genetic liability.

3. Statistical Analysis

For a statistical description of the baseline characteristics of our study population, we
used the “gtsummary” and “tablel” packages in the R-program Windows version 4.4.1 for
statistical analyses [55]. The categorical variables were summarized using frequencies and
percentages, and the numerical variables were expressed as the mean (SD). The chi-square
test was used to compare differences in binary outcome (stroke event and non-event)
in relation to categorical variables. For continuous variables, the Wilcoxon rank sum
test was used. We used the “cor” function to calculate the correlation matrix and the
Pearson correlation between variables and the “ggcorrplot” function from the ggcorrplot
package to visualize the correlation matrix. We then examined the correlation matrix using
the “findCorrelation” function from the caret package to identify highly correlated features.
In this study, we set the Pearson correlation (r> = 0.8) as the threshold for collinearity [56,57].

The feature selection procedure began with (1) selecting risk factors known to be
associated with stroke and (2) were associated with stroke in our data using the univariate
Cox regression (p-value less than 0.05 for inclusion). (3) We then used the correlation
coefficient to assess the correlation among the selected risk factors (r? less than 0.8 for
inclusion). The finally selected risk factors were used to construct the conventional risk
factor model (model 1).

3.1. The Relationship Between Genetic Liability and Stroke

We used univariable and multivariable Cox proportional hazard regression to assess
the relationship between stroke genetic liability (continuous and categorical) and the risk
of incident stroke over the follow-up period. Hazard ratios (HRs) are commonly used
to evaluate outcomes, such as survival time and time to event. HR is a measure used
in survival analysis to compare the risk of an event occurring at any given point in time
between two groups.

Following the univariable Cox proportional hazard regression analysis (model 1, unad-
justed), three multivariable adjustment Cox proportional hazard regression models (models 2, 3,
and 4) were developed to examine the potential influence of known cardiovascular risk fac-
tors on the relationship between genetic liability and stroke risk. In model 2, we adjusted
for age and sex. In model 3, BMI, hypertension, DM, and LDL were adjusted in addition
to age and sex, and in model 4, we further adjusted for drinking status and smoking status
(the full model). We identified statistical significance when the associations established a
two-sided p-value less than 0.05. We assessed the proportional hazard (PH) assumptions using
statistical testing (the “cox.zph” function) and a visual examination of scaled Schoenfeld residuals
(the “ggcoxzph” function) using the R survival package version 3.8-3.

3.2. Prediction Models Development

In this study, two sets of prediction models were created for each technique to predict
the incidence of stroke. These were (1) the conventional risk factors model (the model
without genetic liability), which combines the conventional risk factors selected from
univariable association tests, and (2) the integrated prediction model, which combines the
conventional risk factors with genetic liability for stroke (genetic risk). The input variables
and output in the current study are displayed in Supplementary Figure S2.

Using the “createDataPartition” function from the caret package, we randomly parti-
tioned our dataset into a training set (70%; N = 170,381; event = 1382; non-event = 168,999)
and a testing set (30%; N = 73,018; event = 591; non-event = 72,427).
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To predict the risk of incident stroke, we used the training data to create prediction
models using the Cox proportional hazard. Cox proportional hazard regression [58,59] is a
popular statistical approach for assessing survival data and determining the association
between the time until an event (such as death, failure, or illness recurrence) occurs and
one or more predictors. We implemented the Cox proportional hazard models using the
“coxph” function from the Survival package in R software version 3.8-3.

In addition, we developed three machine learning techniques in the training set,
including the gradient boosting machine (GBM) models, decision tree (DT), and random
forest (RF), to predict the risk of stroke. We then assessed the performance of each model in
the testing set (Supplementary Figure S3).

The decision tree is one of the common and simple methods used for classification and
regression applications. It works by dividing a dataset into smaller subgroups depending
on feature values and then generating a decision tree [60]. The decision tree method in
this study was implemented using the “rpart” function from the recursive partitioning and
regression trees (rpart) package, and the minimum number of observations required to split
a node at each branch was set to 4. The complexity parameter (cp) to control the size of the
decision tree and prevent overfitting was set at 0.001, meaning that a split must improve
the model’s fit by at least 0.1% to be considered. This parameter is used to save computing
time by removing irrelevant splits. The optimal decision tree was obtained with the “prune”
function. The function removes the trees that do not meet the complexity parameter value.
That is, the “prune” function removes branches without a lack of fit reduction (measured by
the residual sum of squares; RSS) as determined by the complexity parameter value. This
process reduces the risk of overfitting the training data.

Random forest is a popular machine learning model for classification and regres-
sion. It creates ensembles from decision trees and combines their results to make a final
decision [61]. The random forest models were built using the “ranger” function from the
ranger package. The number of trees to be fitted was set to a value of 500. To control the
model’s complexity and performance, the number of variables randomly selected at each
split when growing the trees was set to a value of 3 (“mtry”). This is justified, as the optimal
mtry value considered for classification models is calculated as the square root of the total
number of variables (nine variables in the current study). The value of mtry can significantly
affect the OOB (out-of-bag) error. The OOB error is an unbiased estimate of the prediction
error calculated by using samples not included in the bootstrap sample for a given tree. It
serves as a cross-validation mechanism that is integrated into the random forest. A smaller
mtry value increases the randomness and diversity among the trees, which can help reduce
overfitting and potentially lower the OOB error. However, if the mtry value is too small, the
trees might not capture enough information, leading to higher OOB error. The mtry and
OOB error are critical in optimizing the random forest model. The range of values for mtry
was examined by the ranger package version 0.17.0, and the mtry value that minimizes OBB
error was selected as the optimal value in the construction of the random forest model. We
additionally built gradient boosting machine models using the gbm package version 2.2.2
to predict the risk of stroke. The gradient boosting machine models integrate predictions
from many weak learners to increase total prediction accuracy [60]. The number of trees to
be fitted was set to a value of 500. The highest number of permissible variable interactions
was set to 3. The shrinkage parameter to control the learning rate or step-size reduction
was set to a value of 0.01. The parameters of the machine learning models were determined
using 10-fold cross-validation (CV). In this study, the parameters with the smallest CV root
mean square error (RMSE), CV error (xerror), and OOB error were utilized to develop the
GBM, DT, and RF prediction models, respectively.
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4. Model Performance Assessment

To determine the predictive performance of each prediction model, we used the Platt
scaling method [62], also known as the sigmoid method, which is commonly used in ma-
chine learning methods for binary data. This method calibrates the output of the prediction
models. Platt scaling transforms the output from classification models into a probability
distribution. Here, we passed the probability estimates from machine learning models
through a trained sigmoid function [62] using univariable logistic regression. In this logistic
regression, a variable containing probability estimates for each participant was used as an
independent variable. The binary outcome (stroke) served as the dependent variable [63].
The output from this logistic regression provided a new scaled probability estimate that
helped calibrate the models. The calibration of a prediction model ensures that the pre-
dicted risks are accurate and align with the actual proportions of the event. A prediction
model is said to be calibrated if the model’s outcome matches the observed proportions
of the event [64]. To assess the agreement between the calibrated probabilities (created
using Platt scaling) and the observed patient stroke outcomes, we additionally used the
“pmcalibration” function from pmcalibration in R package. This method allows for nonlinear
relationships between the predictors and the response variables. Complementary log-log
transformed predicted probabilities were applied to the splines to produce calibration
measures for a time-to-event outcome.

The calibration metrics used to assess the model calibration in this study were the Brier
score (BS) and average absolute difference (Eavg), also known as the integrated calibration
index (ICI). The BS is the mean squared difference between the predicted probabilities and
the actual outcomes, and it measures both discrimination and calibration [63]. BS ranges
from 0 (perfect prediction and calibration) to 1 (worse prediction and calibration). ICI
measures the average absolute deviation between the predicted and observed probabilities,
providing an overall assessment of calibration quality [64]. It provides a single, summary
measure of calibration quality, making it easier to compare different models or assess
changes in calibration over time. An ICI of 0 represents perfect calibration and an ICI of
1 represents worse calibration, suggesting that the predicted probability deviates from the
observed events. To calculate ICI and BS, we used the “pmcalibration” and “brier” functions
implemented within the pmcalibration and gmish packages, respectively.

To assess the discrimination performance of the models, we calculated the area under
the curve (AUC) using the pROC package in the R program. We reported the AUC, ICI,
and BS values of various models. Greater values of AUC and smaller values of ICI and BS
indicate improved discrimination and calibration of the model. The overview of the model
performance assessment is presented in Supplementary Figure S3.

Assessment of the Predictive Value of Genetic Liability

We assessed the predictive value of genetic liability as an additional predictor to the
conventional risk factors in each prediction model by estimating the improvement in the
AUC, integrated discrimination improvement (IDI), and continuous net reclassification
index (NRI). NRI measures the effectiveness of a new model in reclassifying individuals
into different risk categories compared to an existing model. At the same time, IDI evalu-
ates the model’s ability to differentiate between cases and non-cases after adding a new
variable. It compares the average predicted probability for cases and non-cases in the old
and new models [65]. The NRI and IDI were calculated to assess model improvement
following the inclusion of genetic liability in the models. This was implemented using the
“reclassification” function from the PredictABEL package version 1.2-4 in the R-program.
Higher IDI value indicated better discrimination, and higher NRI value indicated better



Healthcare 2025, 13, 1003

90f19

risk reclassification by the new model [66-68]. The above performance metrics have been
discussed in detail, elsewhere [63] and in our previous work [33].

5. Results
5.1. Study Characteristics

Table 1 presents the baseline characteristics of the study. The study included 243,339 unre-
lated UK Biobank participants of European ancestry. The average age of participants included
in the study was 55.4 (SD = 7.98) years at recruitment. Over half of the sample were women
(N = 141,212; 58%). During a median follow-up of 8.22 years, 1973 first-ever stroke episodes,
of which 45.3% of patients were women, were recorded among the participants.

In the overall sample, 76,397 participants (31.4%) were current smokers, and 228,349 par-
ticipants (93.8%) were current alcohol drinkers. All the conventional risk factors included in
the analysis showed a statistically significant association with the risk of incident stroke in
univariate analysis except total cholesterol (Table 1). The prevalence of DM within the sample
was 2.9% (N = 6939) while the prevalence of hypertension was 47.8% among the participants
(N =116,216). The univariable Cox association analysis results indicated that age, sex, BMI,
hypertension, DM, LDL, alcohol use, and smoking history were statistically associated with
the risk of stroke (Table 1). These variables were used as the features to construct conventional
risk factor models. The correlation matrix (Figure 2) between the characteristics in the study
demonstrated that total cholesterol and LDL were highly correlated (r*> = 0.94). LDL was used
in the further analysis and feature selection.

Table 1. Baseline characteristics of the study population stratified for stroke event and non-stroke
event within the UK Biobank population.

Overall

Non-Event

Stroke Event

Characteristic (N = 243,399) (N = 241,426) (N =1973) HR 95% CD  p-Value
DM, yes; n (%) 6939 (2.9%) 6826 (2.8%) 113 (5.7%) 2.08(1.72,2.51)  <0.001
Hypertension, yes;n (%) 116,216 (47.7%) 114,840 (47.6%) 1376 (69.7%)  2.52(1.29,2.78)  <0.001
Sex, male; n (%) 102,187 (42.0%) 101,107 (41.9%) 1080 (54.7%)  1.67(1.53,1.83)  <0.001
Age (years), mean (SD) 55.4 (7.98) 55.4 (7.98) 60.0 (7.14) 1.93(1.83,2.03)  <0.0001
Body mﬁzai;“zg"D;kg/ ™) 68 457) 26.8 (4.57) 274(483)  112(1.08,1.17)  <0.001
Total Ch‘iles;r‘()ég;lm‘ﬂ/ D, 5.91 (1.06) 5.91 (1.06) 5.94 (1.09) 1.03(0.98,1.07)  0.30*
LDL (mmol/L), mean (SD) 4.68 (2.37) 4.67 (2.36) 5.03 (2.51) 1.03(1.03,1.12)  0.002
Smoking
Current; n (%) 76,397 (31.4%) 75,647 (31.3%) 750 (38.0%) REF REF
Previous; n (%) 2900 (1.2%) 2855 (1.2%) 45 (2.3%) 1.58(1.17,2.13)  0.003
Never; n (%) 164,102 (67.4%) 162,924 67.5%) 1178 (59.7%)  0.73(0.67,0.80)  <0.001
Alcohol
Current; n (%) 228,349 (93.8%)  226,556(93.8%) 1793 (90.9%) REF REF
Previous; n (%) 7082 (2.9%) 6996 (2.9%) 86 (4.4%) 1.55 (1.25, 1.93) <0.001
Never; n (%) 7968 (3.3%) 7874 (3.3%) 94 (4.8%) 150 (1.22,1.85)  <0.001

The p-value is from a univariate analysis of the Cox proportional hazard model, comparing the distribution
of the baseline characteristics among stroke and non-stroke event. * Not significant; DM = diabetes mellitus;
HR = hazard ratio; CI = confidence interval; REF: reference.
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Figure 2. Correlation matrix plot: The plot shows the correlation coefficients between numerical
features. TC and LDL are highly correlated (r*> > 0.8). TC was excluded from further analysis
(prediction model construction). BMI: body mass index; TC: total cholesterol; LDL: low-density
lipoprotein cholesterol; HTN: hypertension; SGL: stroke genetic liability.

5.2. The Association of Genetic Liability with Incident Stroke

The Kaplan-Meier curve showed differences in stroke incidents and cumulative hazard
between the high-risk and low-risk genetic liability groups (Figure 3). Each unit (standard
deviation) increase in genetic liability increases the risk of incident stroke by 7% (HR = 1.07,
95% CI =1.02, 1.12, p-value = 0.003; Table 2; Figure 4).

The risk of stroke was greater in the higher genetic liability group, as demonstrated
by a 14% increased risk (HR = 1.14, 95% CI = 1.02, 1.27, p-value = 0.02) compared with
the low genetic liability group. The global Schoenfeld p-value from the Schoenfeld test
(p-value = 0.14; Table 3) indicates that the proportional hazard (PH) assumption is reason-
able for the model (Supplementary Figure 54).

Table 2. The result of the univariable Cox proportional hazard model for the association of genetic
liability (categorical and continuous) with incident stroke within the UK Biobank population.

Genetic liability Level

HR (95% CI)  p-Value  HR(95% CI)  p-Value  HR(95% CI)  p-Value  HR(95% CI)  p-Value

Model 1 Model 2 Model 3 Model 4

Moderate risk

1.06 (0.95, 1.18) 0.31 1.06 (0.95,1.18) 0.31 1.05 (0.94, 1.17) 0.04 1.05 (0.94,1.17) 0.40

High risk 115(103,128) 001  116(L.04130) 001  1.14(102,127) 002  114(1.02,127) 002
Genetic liability 108(1.03,1.13) <0001  1.08(1.03,1.13) <0001  1.07(1.03,1.12) 0002  1.07(1.021.12)  0.003
(continuous)

Model 1: univariable Cox proportional hazard. Model 2: adjusted for age and sex. The low genetic risk group
was considered as the reference. Model 3: adjusted for age, sex, BMI, LDL, HTN, and DM. Model 4: adjusted
for age, sex, BMI, LDL, HTN, DM, smoking status, and alcohol status. BMI: body mass index; LDL: low-density
lipoprotein cholesterol; HTN: hypertension; DM: diabetes mellitus.
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Figure 3. Survival probability and cumulative hazard plot stratified by genetic risk level: (A) Survival
probability plot stratified by genetic risk level. (B) Cumulative hazard plot stratified by genetic risk level.
(C) Overall survival probability of the study population. (A,B) demonstrate the difference in the risk of
stroke between genetic liability categories. (C) illustrates the change in the risk of stroke over time. The
grey area surrounding survival probability line in panel (C) represents the 95% confidence interval.
Variable N Hazard ratio p
Sex Female 141212 . Reference
Mele 102187 I 161 (1.47,1.76) <0.001
Age 243399 B | 179(1.70,189) <0.001
BMI 243399 [ ] 1.04(0.98. 1.08) 0.136
DM NO 236450 | Reference
YES 6939 Do 151(1.24,1.83) <0.001
HTN NO 127183 [ ] Reference
YES 116216 } b | 1.78(1.59,1.95) <0.001
LDL 243399 n 0.98(0.94, 1.02) 0.355
Smoking Never 164102 I Reference
Previous 2900 —B—— | 148(097,226) 0.070
Current 76397 L 129(1.17, 1.41) <0.001
Alcohol Never 7968 | Reference
Previous 7082 —— 0.95 (0.66, 1.39) 0.824
Current 228349 | —l— | 0.70 (0.57, 0.86) <0.001
Stroke_Genetic_Liability 243399 n 107 (102, 1.12) 0.003
1 15 2

Figure 4. Forest plot of the full Cox proportional hazard model: The vertical line at the hazard ratio (HR) = 1

is the reference line. The horizontal line represents the confidence interval (CI). HTN: hypertension.
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5.3. Prediction Value of the Conventional Factors

Table 4 summarizes the performance of the prediction models in the testing set. We
considered predictions only up to the median follow-up time of 8.22 years.

The Cox proportional hazard model with the conventional risk factors (the model with-
out genetic liability) showed a moderate performance and discrimination (AUC= 69.43;
95% CI = 67.30, 71.56; BS = 0.01, and ICI = 0.002) compared with the gradient boosting ma-
chines approach (AUC = 69.34; 95% Cl = 67.23, 71.50; BS = 0.01, and ICI = 0.001), the decision
tree models (AUC = 67.58; 95% CI = 65.46, 69.70, BS = 0.01, and ICI = 0.001), and the random
forest model, which showed the lowest performance (AUC = 65.62; 95% CI = 65.48, 67.55,
BS =0.01, and ICI = 0.003). The ROC plots of these models are presented in Supplementary
Figures S5-S9 in the Supplementary Material. The result from the decision tree model indicates
that age, hypertension, and sex are the most relevant predictors of stroke.

Table 3. Assessment of the proportional hazard (PH) assumption using the global Schoenfield test.

Characteristics Chi-Square df p-Value
Sex 0.42 1 0.52
Age 0.82 1 0.37
BMI 7.49 1 0.01
DM 0.08 1 0.78
HTN 0.14 1 0.71
LDL 0.36 1 0.55
Smoking 1.40 1 0.24
Alcohol 0.12 1 0.73
SGL 2.48 1 0.12
GLOBAL 13.43 9 0.14

The table illustrates an assessment of the proportional hazard (PH) assumption using the global Schoenfield test.
The test indicated a global p-value of 0.14, indicating no significant time-dependent joint effect on the covariates.
SGL: stroke genetic liability; BMI: body mass index; LDL: low-density lipoprotein cholesterol; DM: diabetes
mellitus; HTN: hypertension; df: degree of freedom.

Table 4. The result of the prediction value of the stroke genetic liability score for incident stroke in

the UKB.
Models AUC 95%CI NRI (95% CI) p-Value IDI (95% CI) p-Value  Brier ;o
° ° for NRI ° for IDI Score
Model 1 69.43 (67.30, 71.56) REF REF REF REF 001 0002
COX h 4
P Model 2 69.54 (67.40, 71.68) (0.11%,28 285) 0.00 (0.0(}00 50 104 0.14 001 0002
Model 1 69.34 (67.23, 71.50) REF REF REF REF 001 0.001
GBM 011 0.00
Model2 6938 (6726,7150) 0153 0.007) 0.01 (210 x 100000 x 10-4) 0.61 001 0001
Model 1 61.40 (59.30, 63.40) REF REF REF REF 001 0001
bT Model 2 61.40 (59.30, 63.40) (0'0%,08 ) NaN (0'00%-,08'000) NaN 001 0001
o Model 1 67.58 (65.46, 69.70) REF REF REF REF 001 0.001
Model 2 67.58 (65.46, 69.70) REF REF REF REF 001 0.001
Model 1 65.62 (63.48, 67.75) REF REF REF REF 001 0.003
RF 017 - 0.00
Model2  65.35 (63.18, 67.52) 0087,0249) 50X 10 (=70 x 100050 x 10-4) 0.98 001 0.003

Model 1 (the basic model) features: age, sex, BMI, HTN, DM, LDL, smoking status, and alcohol status. Model 2
features: age, sex, BMI, HTN, DM, LDL, smoking status, alcohol status, and genetic liability. BMI: body mass
index; LDL: low-density lipoprotein cholesterol; HTN: hypertension; DM: diabetes mellitus. DT **: decision tree
built without pruning parameters. REF: reference; NaN: not a number; NRI: continuous net reclassification index;
IDI: integrated discrimination; ICI: integrated calibrated index. ICI is based on a calibration curve estimated for a
time-to-event outcome (time = median 8.20 years of follow-up) via a restricted cubic spline using complementary
log-log transformed predicted probabilities with the “pmcalibration” function in the R program. In the reclassification
analysis, the decision tree (DT) did not remarkably enhance predictions over the baseline (reference). This causes the
standard error to be zero, and the NRI and IDI statistics to be near zero, resulting in NaN p-values.
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5.4. Prediction Value of Genetic Liability

The prediction value of the Cox proportional hazards model improved slightly when
the stroke genetic liability was incorporated into the model with conventional risk factors
(AUC = 69.54; 95% CI = 67.40, 71.68; AUC change = 0.16%; Table 4). We also observed
a slight improvement in risk reclassification, leading to an overall NRI value of 0.20
(95% CI =0.119, 0.285; p-value = 0.00; Table 4). The IDI value of the Cox proportional
hazard was negligibly improved by 1.0 x 10~# (95% CI = 0.000, 3.0 x 10~%; p-value = 0.14;
Table 4).

The gradient boosting machine model slightly improved in prediction performance
(AUC = 69.38; 95% CI = 67.26, 71.50; Table 4) but deteriorated in NRI by a value of —0.11
(95% CI = —0.193, —0.027; p-value = 0.01; Table 4) after adding the stroke genetic liability.
There was no improvement in the overall IDI value using any of the machine learning models.

Using decision tree (AUC = 67.58, 95% Cl = 65.46, 69.70, BS = 0.01, and ICI = 0.001) or
random forest (AUC = 65.35; 95% CI = 65.48, 67.55, BS = 0.01, and ICI = 0.003) models, no
improvement in prediction performance was observed adding genetic liability (Table 4).
The overall NRI for random forest was improved by NRI = 0.17 (95% CI = 0.087, 0.249;
p-value = 5.0 x 1075; Table 4) but not for the decision tree technique. The ROC plots of
these models are presented in Supplementary Figures S5-59 in the Supplementary Material.

6. Discussion
6.1. Main Findings

The present study included genome-wide stroke genetic liability (using 252,903 genetic
variants) for 243,399 participants of European descent over a median follow-up of 8.22 years.
Our findings indicate that (1) the genome-wide stroke genetic liability is independently
associated with the risk of stroke, (2) a prediction model integrating the genome-wide
stroke genetic liability provides a slight improvement in prediction performance beyond
the conventional risk factor for stroke, and (3) the Cox proportional hazard method showed
better prediction performance than machine learning models (random forest, gradient
boosting machines, and decision tree) with or without incorporation of genetic liability
in the model.

This study’s first finding, i.e., that stroke genome-wide genetic liability increases
the risk of stroke, is consistent with previous studies [22-26,29] including studies
by Myserlis et al. [22], Rutten-Jacobs et al. [23], Yang et al. [24], Abraham et al. [25],
Verbaas et al. [26], and Hachiya [29] that reported that stroke genetic liability is a strong
independent predictor of risk of future stroke occurrences.

These previous studies mainly calculated stroke genetic liability based on a limited
selection of single-nucleotide polymorphisms (SNPs) that have strong associations with the
traits. Our result is a step forward in the sense that we present the risk of stroke imposed by
a whole-genome genetic liability of stroke in a European setting. Yang et al. [24] estimated
a whole-genome genetic liability of stroke (stroke and its subtypes) in China Kadoorie
Biobank and showed that the genetic liability of stroke increases risks of any stroke (14%),
ischemic stroke (7%), and intracerebral hemorrhage (10%). We observed a 15% greater
risk of any stroke among European participants with a high genome-wide stroke genetic
liability compared with those with a low genetic liability which is comparable to the study
by Yang et al. [24] in a Chinese population. Our study also differs from previous studies,
including the definition or classification of the outcome and sample characteristics. We
defined stroke events as any cases of (1) ischemic stroke, (2) intracerebral hemorrhage,
(8) subarachnoid hemorrhage, (4) other cerebrovascular disease, or (5) stroke that is not spec-
ified as hemorrhage or infarction. Thus, we captured a broader definition of stroke, which
could have increased the stroke diversity in our analysis. To investigate the relationship
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between genetic liability and stroke, Rutten-Jacobs et al. [23] generated a genetic liability
from 90 SNPs associated with stroke (at a p-value less than 1 x 1075). They demonstrated
a 7 to 13% increase in the risk of stroke for each standard deviation increase in genetic
liability. Myserlis et al. [22] and Abraham et al. [25] included the genetic liability of stroke
within a meta-scoring technique that combined 19-21 distinct genetic liabilities to form a
metaGRS. These studies found that the metaGRS was associated with an increased risk of
incidence of intracerebral hemorrhage [22] and ischemic stroke [25]. Myserlis et al. showed
a 15% increase in the risk of intracerebral hemorrhage and Abraham et al. showed a 26%
increase in the risk of ischemic stroke for each standard deviation increase in the metaGRS.
The association was stronger than any of the individual genetic liabilities included in the
metaGRS. However, the results from Myserlis et al. and Abraham et al. did not distin-
guish the effect of the genetic liability of stroke per se, as the stroke genetic liability was
integrated into a MetaGRS comprising 19-21 distinct genetic liabilities for various traits.
Abraham et al. included several genetic liabilities for multiple stroke-related phenotypes,
including ischemic stroke, any stroke, small vessel stroke, large artery stroke, cardioembolic
stroke, and several stroke risk factors in their metaGRS. Myserlis et al. included genetic
liabilities for multiple phonotypes including white matter hemorrhage (n = 87,951 SNPs)
and small vessel stroke (n = 2162 SNPs) within the metaGRS calculation. While metaGRS
has been found to improve risk prediction, there may be some biases in prediction perfor-
mance because it was built using elastic-net regression. Additionally, certain SNPs included
in the calculation of individual phenotypes’ genetic liabilities may be associated with
several phenotypes [26]. Therefore, the metaGRS may contain overlapping information
due to possible correlation among the genetic liabilities included in the metaGRS [69]. Our
approach to considering genome-wide genetic liability for stroke aimed to capture the
polygenic component of stroke, i.e., we had no statistical significance threshold for the
selection of SNPs associated with stroke. Thus, we included all SNPs, even those with
small or non-significant effects. It is known that this approach would increase the accuracy
of the effect estimated for genetic liability and would, therefore, improve accuracy in the
identification of high-risk individuals [70,71].

Our prediction models demonstrated that the genome-wide stroke genetic liability
may slightly enhance (1) overall stroke prediction performance to distinguish the cases
(the Cox proportional hazards model and the gradient boosting machine) and (2) correct
classification of individuals at risk beyond conventional risk factors (the Cox proportional
hazards model and random forest). However, none of our models demonstrated statistically
improved predicted probabilities for cases and non-cases based on IDL

Our findings from prediction analysis are supported by the results reported in pre-
vious studies [40,72,73] which observed that including both genetic liability and conven-
tional risk factors in risk prediction models improves the discrimination performance
compared to using only conventional risk factors. Papadopoulou et al. [40] used genetic
liability based on 28 SNPs in a European population focused on ischemic stroke in pa-
tients with atrial fibrillation (AF). They observed that XGBoost performed better than the
CHA2DS2-VASc model, an existing clinical model for calculating stroke risk for patients
with atrial fibrillation. Carcel-Marquez et al. [72] used genetic liability based on 93 SNPs to
predict cardioembolic stroke in the European population using logistic regression while
Jung et al. [73] used genetic liability based on 16 SNPS to predict stroke in a Korean popu-
lation using Cox proportional hazard regression. Our best model performed better than
the models of Papadopoulou et al. [40] and Jung et al. [73]. Our study population differed
from the populations studied by Papadopoulou et al. [40] and Jung et al. [73]. How-
ever, the risk values identified in the current study are smaller than those published by
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Cércel-Marquez et al. [72]. It should be emphasized that Carcel-Mérquez and colleagues
did not use time-to-event data and instead focused on cardioembolic stroke.

Unlike previous studies, which implied that machine learning algorithms outperform
traditional statistical approaches in the prediction of stroke [32,41,42], the current study
indicated that the Cox proportional hazard regression models outperformed all the machine
learning models in the context of time-to-event data for stroke. This could be due to the
small number of events (1973 stroke events) and few predictors (up to 9 predictors) in this
study. These two reasons are considered as reasons for Cox models to outperform machine
learning [74]. We found that genetic liability improved stroke risk classification for less
than 1% of the subjects. Health economy studies could consider investigating if using this
information in the identification of high-risk individuals to target for stroke prevention
programs could make a significant cost-effective change in stroke-related expenses.

The large sample size of UK Biobank and the number of incident strokes enabled the
statistical power for our analysis in which we used time-to-event data for over 200,000 indi-
viduals of European ancestry, with a median follow-up of 8.22 years. A distinctive feature
and the strength of our study compared with previous studies is that we generated genetic
liability for stroke using over 250,000 genetic variants.

Validation in external cohort datasets could improve the precision of our findings.
To minimize lack of validation in external cohorts, we internally validated our machine
learning models in the testing set, where we randomly partitioned the data into a training
set (70% of participants) for developing the prediction models and a testing set (30% of
participants) to evaluate the prediction models’ performance.

6.2. Implication

Genetic predisposition to stroke had minimal impact on improving stroke risk pre-
diction, benefiting approximately one percent of the population. Since genetic liability
improved prediction for only a small percentage of the population, its application in clini-
cal practice is uncertain. Conventional risk factors may still have more influence on the
prediction of stroke. The findings suggest that genetic liability alone has limited predictive
value for most people, but they might still have a role in highly targeted interventions.

In terms of cost effectiveness, given that only a small percentage of the population
benefits from genetic risk scores, health economics studies are needed to establish if the
costs of genetic testing outweigh the potential improvements in stroke prevention.

7. Conclusions

In conclusion, incorporating genetic liability into stroke risk prediction models could
slightly improve prediction performance and should be considered when predicting the
risk of stroke. Cox proportional hazard models should be given priority over machine
learning models in the prediction of the risk of stroke.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/healthcare13091003/s1, Supplementary Data SI—Supplementary Data S1:
List of genetic variants summary statistics used to construct the genetic risk scores. Table S1: Overview
of previous studies investigating the effect of genetic liability on risk of stroke. Figure S1: Overview of
the process to create genetic liability for stroke within the UK Biobank. Figure S2: Workflow diagram
illustrating the inputs and output for machine learning models. Figure S3: Overview of the modeling
and predictions process for using machine learning and genome-wide genetic liability for prediction
of risk of stroke within the UK Biobank. Figure S4: Schoenfield test results of full Cox proportional
hazard model. Figure S5: Roc plot of coxph models. Figure S6: Roc plot of Gradient boosting models.
Figure S7: Roc plot of decision tree models (using pruning). Figure S8: Roc plot of decision tree models
(without pruning). Figure S9: Roc plot of Random Forest models.
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AUC = Area Under the Curve; CI = Confidence Interval; NRI = Net Reclassification Improvement; IDI =
Integrated Discrimination Improvement; ICI = Integrated Calibration Index; REF = reference model; NaN
indicates Not a Number. CoxPH = Cox proportional hazards model; GBM = Gradient Boosting Machine; DT =
Decision Tree; DT** =Tuned Decision Tree; RF = Random Forest.
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S7: Roc plot of decision tree models (using pruning). Figure S8: Roc plot of
decision tree models (without pruning). Figure S9: Roc plot of Random Forest
models.
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Supplementary Table 1: Overview of previous studies investigating the effect of genetic
liability on risk of stroke.

Genetic
Author, in-text | Stroke Mode Measure | Prediction
o liability Ethnicity
citation o outcome name of risk performance
characteristics
C-index
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metaGRS
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(Combined 21 | hemorrhag HR = European
et al., 2023 Coxph to 69.5% when
GRYS) e 1.15 ancestry
[22] metaGRS was
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Rutten-Jacobs | 90-SNPs
HR = European
etal., 2018 | GRS for any Coxph N/A
All Stroke 1.35 ancestry
[23] stroke
Abraham metaGRS
HR = European
etal., 2019 | (Combined 19 | Ischemic [ Coxph N/A
1.26 ancestry
[25] GRSs)
28-SNPs GRS
Papadopoulo q XGBoost with European
an
etal., ) Ischemic ML NA ROC Ancestry
conventional
2024[40] | of 63.1%. with AF
risk factors
Selected Coxph RF (AUC =
Wang et al., conventional | Hemorrhag | and ML NA 87.5%) United
2023[41] | risk e vs Coxph(AUC = states
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93-SNPs GRS
AUC=94.7%
Carcel- and
without GRS
Marquez Selected European
cardioemb MTAG NA AUC =95.0%
et al., 2022 conventional _ ancestry
olic when
[73] risk
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16-SNPs GRS
Jung et al., Korean
and stroke Coxph NA AUC=67%
2018 [74]
selected
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Supplementary Figure 1: Overview of the process to create genetic liability for stroke within the UK
Biobank.

3. Pruning using Plink 1.9

1. Base data (Malik et. al. (2018) quality 2, Target data quality control using
control (QC) in R program. Plink 1.9 . - -indep-pairwise 250 50 0.1
Summary statistic of stroke SNPs from Excluded *  Noww (prunc.in)= 252,900 SNF
the MEGASTROKE study (N = *  SNPs with MAF < 0.01
8,255,860) s * HWE< Ix 10-6

» R . _

*  Total genotyping rate is 0.99

Excluded 6,769,875 SNPs and 487,409 people
- Duplicated SNPs (N = 0) pass filters and QC

*  Insertions/deletions (N = 5,044)
*  Ambiguous SNPs (N = 1,273,563)
Final SNPs (N = 6,977,253)

4. Genetic liability scoring:
Calculating of genetic liability using
Plink 1.9

*  Used the SNPs list from step 1
*  Created scorefile containing
SNPs, coded allele and effect
size estimates
- -5C0re no-mean-imputation

Genetic liability calculation process: SNP: Single nucleotide polymorphism; MAF: Minor allele frequency;
LD: Linkage disequilibrium; HWE: Hardy-Weinberg Equilibrium. The SNPs were pruned with plink command
- -indep-pairwise window size = 250, step size = 50, r> = 0.1. Base data: SNP list from Malik et. al. (2018),
Target data: genotype data in plink binary format.
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Supplementary Figure 2: Workflow diagram illustrating the inputs and output for machine learning
models.
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Supplementary Figure 3: Overview of the modelling and prediction process using machine learning and
genome-wide genetic liability to predict stroke risk within the UK Biobank.

8]

Training set:
N=170,381

Training set:
(Stroke-event = 1,382, Non- event = 168,999)

The prediction models trained in the
training set:

* Coxph, GBM, Decision Tree,
Random Forest

Testing set:
N=73,018

testing set :

Model performance assessment in the

(Stroke-event = 591, Non-event = 72,427)

Coxph model to evaluate
the association of stroke
genetic liability with the
Risk of incident stroke

Models witho netic liabili
J * Coxph (AUC = 69.43, BS = 0.01,
ICI=0.002)
End of follow up date: + GBM (AUC = 69.34, BS =0.01,
31/03/2017 ICI =0.001)

Median follow up time:
8.20 years

Genetic liability as a
continuous variable
Full model: (HR = 1.07)

* Decision Tree (AUC = 67.58, BS =0.01,
ICI1=0.001)

* Random Forest (AUC = 65.62, BS = 0.01,
ICI=0.003)

Models with genetic liability

* Coxph (AUC = 69.54, BS = 0.01,
ICI=0.002)

* GBM (AUC =69.38, BS =0.01,
ICI=0.001)

* Decision Tree (AUC = 67.58, BS =0.01,
ICI=0.001)

* Random Forest (AUC = 65.35, BS =0.01,
ICI=0.003)

Stroke risk prediction model creation and performance evaluation: Coxph: Cox proportional hazard,
GBM: Gradient Boosting model, HR= Hazard ratio, AUC: Area under the curve, BS: Brier score, ICI:
Integrated calibrated index. Panel A: Assessing the association between genetic liability and incident stroke.

Panel B: Stroke risk prediction modeling and performance evaluation.
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Supplementary Figure 4: Schoenfield test results of full Cox proportional hazard model.
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The figure illustrates an assessment of the proportional hazard (PH) assumption using the
global Schoenfield test that assesses the proportional hazard assumption for all covariates
from a multivariate model. The test indicated a p-value of 0.14, indicating no significant
time-dependent effect on the covariates jointly. If P-value > 0.05, the test fails to reject the
null hypothesis, i.e. the PH assumption would hold for the overall model, and covariates have
a consistent effect over time. The individual Schoenfield test for BMI (p-value = 0.01)
indicates that it does not have a consistent effect over time. Thus, BMI is adjusted within all
the Cox models in the study. BMI: Body Mass Index, LDL: Low-density lipoprotein
cholesterol, SGL: Stroke genetic liability
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Supplementary Figure 5: Roc plot of Coxph models
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Supplementary Figure 6: ROC plot of Gradient boosting models
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Supplementary Figure 7: ROC plot of decision tree models (using pruning)
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Supplementary Figure 8: ROC plot of decision tree models (without pruning)
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Supplementary Figure 9: ROC plot of Random Forest models
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Paper 3

5 Chapter Five: Using discrete- and continuous-time machine learning
models (Nnet, CoxNet, GLMnet) to explore sex and age differences in
stroke prediction among hypertensive individuals
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5.1 Introduction to Paper 3

The following chapter is based on a manuscript submitted to the Healthcare
Journal for publication. The study narrowed the focus to over 100,000
hypertension participants of European ancestry from the UK Biobank. The
studies examined whether incorporating stroke genetic liability could improve
stroke prediction in these patients. Additionally, it examined how predictive
performance differs by age and sex. The Cox proportional hazard (CoxPH)
model, a penalized Cox proportional hazard model (CoxNet), a penalized
logistic regression model (GLMnet), and a neural network (Nnet) were
developed to estimate time-to-event risk for stroke among hypertensive patients,
older and younger hypertensive patients, and hypertensive males and females
separately. The area under the curve (AUC) and Brier score (BS) were used to
assess the performance of the models.
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Using Discrete- and Continuous-Time Machine Learning Mod-
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Abstract

Introduction: Stroke is one of the leading causes of death and long-term disability glob-
ally. Several studies have investigated the incidence and predictors of stroke in the healthy
population; only a few have specifically focused on stroke risk prediction among individ-
uals with hypertension. Given that hypertension is the most common modifiable risk fac-
tor for stroke, this represents an important research area to study. Improving our under-
standing of stroke risk among hypertensive individuals has the potential to significantly
improve preventative efforts and decrease the worldwide stroke burden. Materials and
Methods: The current study involved 116,216 participants of European ancestry from the
UK Biobank. We created stroke genetic liability using data from two predictive models
using clinical, lifestyle, and genetic factors (stroke genetic liability) in the training set,
namely a Cox proportional hazard (CoxPH) model, a penalized Cox proportional hazard
model (CoxNet), a penalized logistic regression model (GLMnet), and a neural network
(Nnet), to estimate time-to-event risk for stroke among hypertensive patients, older and
younger hypertensive patients, and hypertensive males and females separately. We then
assessed their performances in the testing set with the area under the curve (AUC) and
Brier score (BS). Results: The CoxPH, CoxNet, and GLMnet achieved an equal AUC of
67.0% in hypertensive patients. All models demonstrated superior performance in men
compared to women, with the CoxPH model achieving the best AUC of 68% in men. All
models demonstrated superior performance in older patients compared to younger pa-
tients, with the GLMnet achieving the best AUC of 61% in this group. Conclusion: Includ-
ing stroke genetic liability in prediction models slightly improves stroke prediction for
hypertensive men and older patients. The Cox proportional hazards (CoxPH) model out-
performed the machine learning models in predicting stroke risk among hypertensive
men.

Keywords: The Receiver Operation Characteristic (ROC), Area Under the Curve (AUC).

Brier score (BS), neural network (Nnet), Cox Proportional Hazard (CoxPH), Penalised Cox
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regression (CoxNet), Penalised logistic regression (GLMnet), Hypertension, Stroke, Poly-

genic risk and Machine learning,

1. Introduction

Stroke is ranked among the leading causes of mortality and long-term disability in
adults worldwide [1, 2]. Over 1.2 million stroke survivors live in the United Kingdom
(UK). Every year, more than 100,000 people living in the UK suffer from a stroke. Between
2015 and 2035, stroke incidence is projected to increase by 60% and stroke prevalence by
120% annually [3].

Studies have shown that several risk factors, both modifiable, such as hypertension,
diabetes mellitus, and chronic kidney disease, and non-modifiable, such as genetic factors,
age, and sex, play a significant role in the complex mechanism of stroke occurrences [4].

According to evidence from many studies, hypertension is the most common risk
factor for all types of strokes, and the majority of stroke patients have a history of hyper-
tension [5].

Hypertension significantly increases the risk of stroke in two main ways. It damages
the walls of small blood vessels in the brain, causing them to become narrower, stiffer,
and more prone to plaque buildup or rupture. These damaged vessels can either lead to
ischemic stroke, caused by plaque blocking blood flow to the brain, or hemorrhagic stroke,
caused by the rupture of a weakened blood vessel (www.stroke.org.uk/stroke/managing-
risk/high-blood-pressure, accessed on 13/08/25).

Stroke risk increases with age and varies by sex and the presence of other risk factors,
such as hypertension, diabetes mellitus, atrial fibrillation, lipids, cigarette smoking, phys-
ical inactivity, chronic kidney disease, and family history [6]. Men are more likely than
women to experience a stroke at a younger age. However, as women get older, especially
beyond 75 years, their risk of stroke becomes higher than that of men [5, 7].

Several stroke prediction tools, including the two widely used models, the Framing-
ham Stroke Risk Score (FSRS) and the Ischemic Cardiovascular Disease model (ICVD),
have been developed with non-genetic risk factors such as age, sex, smoking, blood pres-
sure (BP), total cholesterol, diabetes mellitus, heart disease, and body mass index (BMI) to
predict a person’s 10-year risk of stroke [8]. However, the two models do not integrate
genetic liability into the risk estimate or include complex, nonlinear interactions among
risk factors.

Recently, machine learning models have been increasingly applied to predict the risk
of stroke, providing the ability to capture complex, nonlinear relationships among risk
factors that traditional statistical models might not detect. Several studies [9-13] have de-
veloped machine learning models for risk of stroke prediction. These models, including
the random forests, neural networks, decision trees, and gradient boosting machines, have
been compared to traditional statistical approaches such as the Cox proportional hazards
model. However, there is no consistency in which a prediction model is a better fit. While
some studies have demonstrated superior prediction performance of machine learning
models over traditional models in certain datasets, others have found only a marginal or
no advantage, or the reverse. This inconsistency may be attributed to the difference in
study design, study population, etc. As a result, no single machine learning or traditional
model has appeared consistently superior across studies.

Although several studies have investigated the risk and predictors of stroke, only a
few have specifically focused on stroke risk prediction among individuals with hyperten-
sion [14-16]. There is limited or no evidence on stroke risk prediction models for hyper-
tensive European populations, specifically using large-scale cohorts such as the UK
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Biobank. Considering that hypertension is the most common modifiable risk factor for 88
stroke, this limitation represents an important research area to investigate. Furthermore, 89
this research gap suggests the need for population-specific models that can improve per- 90
sonalized stroke risk assessment and prevention strategies in hypertensive individuals. 91
Therefore, in this study, we aim to develop and evaluate a stroke risk prediction model 92
for hypertensive European populations. The current study will contribute to improving 93
the prediction of stroke risk, specifically among individuals with hypertension. Our find- 94
ings may contribute to the efforts to make more accurate stroke risk classification, thereby 95
informing clinical decision-making and public health policies driven by the reduction or 9
prevention of hypertension-related stroke 97
The current study has four main objectives, including (1) assessing the predictive 98
value of stroke genetic liability in the prediction of stroke in hypertensive individuals, (2) 99
assessing the predictive value of stroke genetic liability in the prediction of stroke among 100
hypertensive men and women separately, (3) assessing the predictive value of stroke ge- 101
netic liability in the prediction of stroke among older and younger hypertensive patients, 102
and (4) comparing the performance of the Cox proportional hazard model and machine 103
learning models within the full continuous follow-up time versus discrete follow-up time. 104

2. Methods and Materials 105
2.1 Ethical Approval 106

The UK Biobank (UKB) received ethical approval from the Northwest Multi-Centre 107
Research Ethics Committee as a Research Tissue Bank, and all participants provided writ- 108
ten informed consent at the time of recruitment. The current study was conducted using 109
UK Biobank data under approved application number 60549. Additionally, ethical ap- 110
proval to use secondary data from the UK Biobank for the current study was obtained 111
from the College of Health, Medicine, and Life Sciences Research Ethics Committee at 112
Brunel University of London (reference: 27684-LR-Jan/2021-29901-1). 113

2.2. Source of Study Population 114

Participants in this study were of European ancestry and recruited from the UK Bi- 115
obank, a large, prospective cohort study. The design, recruitment procedures, and data 116
collection methodologies have been described in detail in our previous publications [12, 117
17] and by Sudlow [18]. In brief, the UK Biobank recruited over 500,000 individuals aged 118
40-69 years between 2006 and 2010 from 22 centres across the UK. Baseline data included 119
sociodemographic factors, lifestyle, medical history, physical measurements, and linked 120
health records from Hospital Episode Statistics (HES) and national registries. The current 121
study is based on hypertensive participants in the UK Biobank. 122

2.3. Inclusion Criteria 123

The current study included participants who had complete data on all relevant con- 124
founding variables. Individuals were classified as having hypertension if they met any of 125
the following criteria: (i) a self-reported physician diagnosis of hypertension, (ii) a meas- 126
ured systolic blood pressure (SBP) > 140 mmHg or diastolic blood pressure (DBP) > 90 127
mmHg at baseline, or (iii) a record of using blood pressure-lowering medication either 128
before or at the time of recruitment 129

2.4. Exclusion Criteria 130
Participants were excluded from the study based on the following criteria (Figure 1): 131

e  Pregnant women and those uncertain of their pregnancy status (N = 278). 132
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e Individuals with mismatches between self-reported and genetically determined sex 133

(N =320). 134
e  Participants related to the second degree were identified using a kinship coefficient 135
cutoff of 0.0884 (N = 33,369). 136
e Individuals with a prior or current diagnosis of vascular or heart problems reported 137
at baseline (N = 25,340). 138
e  Participants using cholesterol-lowering medications (N = 34,243). 139
e Individuals who reported ceasing smoking or alcohol consumption due to healthrea- 140
sons or medical advice (N = 58,752). 141
e  Participants with missing data on key confounding variables (N = 61,961). 142

e  Non-hypertensive participants were defined as those not meeting the hypertension 143
criteria outlined in the inclusion section. 144

Participant enrolled in UKB
N=502,219

Genetic liability profile
N =425,054

: N/

European participants identified with
K-mean cluster and have genetic data N=425014 —| N=337.713 N=244.718 |+ N=243340 [+ N=116216
N =459,042
* 2
Excluded: Excluded: Excluded: e F-“.IU_dcm
Consent withdrawals N =61 P}‘ ljticipants ‘?ith Sispyed drinking sl Sclf—rc;i):e:‘! s'lroke w::;?;ctlp::;:it
: e CVD at baseline smoking on health : N=1 30‘ e g
Related individuals N = 33,369 N=25340 grounds N = 58,752 I ability score
Pregnant or may be pregnant Missing data on main On cholesterol Pre\alt:lt_stroke case ) N=1 )
N=278 covariates medication N = 34,243 N=248 f\onl-h_\per(ensmn
Mismatched sex N = 320 N=61961 N=127,123

145

Figure 1. Exclusion Criteria of the Study: The flowchart for selecting research participants. At the 146
start of this study, the UK Biobank (UKB) had over 500,000 participants. We employed the K-means = 147
cluster approach to extract 459,042 European-ancestry subjects with genomic data. The final dataset 148
had 116,216 people who had hypertension and satisfied the inclusion criteria. 149

After applying these criteria, a final analytic sample was retained for downstream 150
analysis. 151

2.5. Study Population and Period 152

This study focused on a subset of unrelated UK Biobank participants of European 153
ancestry (N =116,216; Figure 1) who met criteria for hypertension at baseline. The follow- 154
up period for this study extended from the date of each participant’s baseline health as- 155
sessment (conducted between 2006 and 2010) to the end of March 2017. Participants who 156
did not experience a stroke event by the end of the follow-up period were censored at that 157
time. 158

2.6. Genotyping and Imputation 159

Details of DNA extraction, genotyping, and imputation procedures have been de- 160
scribed in our previous manuscripts [12, 17] and [19-21]. Briefly, genotyping was per- 161
formed by the UK Biobank using the UK Biobank Axiom array. Genotype imputation was 162
conducted using the IMPUTE4 software with reference to the UK Biobank's centrally es- 163
timated genetic principal components and kinship coefficients, in accordance with the 164
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Haplotype Reference Consortium (HRC), UK10K, and 1000 Genomes Phase 3 panels. Ge- 165
netic principal components and kinship coefficients were centrally estimated by the UK 166
Biobank to account for population stratification and relatedness [19, 21]. 167

2.7. Study Variables 168

The dependent variable in this study was the incidence of stroke. The independent 169
variables included both conventional risk factors and genetic liability to stroke (Supple- 170
mentary Table 1). The independent variables included the following;: 171

e  Sociodemographic factors - age (in years) and sex (male/female). 172
e  Lifestyle factors - alcohol consumption (current, previous, never) and cigarette smok- 173
ing status (current, previous, never). 174
e  C(linical factors - Body mass index (BMI), total cholesterol (TC) and low-density lip- 175
oprotein (LDL) levels, and diabetes mellitus (DM). 176

DM was defined based on any of the following criteria at baseline: (i) self-reported 177
physician diagnosis of diabetes, (ii) use of insulin or other glucose-lowering medication, 178
(iif) hemoglobin Alc (HbAlc) = 48 mmol/mol (6.5%), or (iv) fasting glucose level 2 7.0 179
mmol/L [22]. 180

2.8. Definition of the Outcome 181

The primary outcome was the incidence of stroke, as defined by the International 182
Classification of Diseases, 10th Revision (ICD-10 codes 160-167). Stroke events were iden- 183
tified using Hospital Episode Statistics (HES) records and death registries, capturing first- 184
ever stroke events with the following ICD-10 codes: subarachnoid haemorrhage (I60.0— 185
160.9), intracerebral haemorrhage (161.0-161.9), cerebral infarction (163.0-163.9), stroke not 186
specified as haemorrhage or infarction (164), occlusion and stenosis of pre-cerebral and 187
cerebral arteries (165.0-165.9, 166.0-166.9), and other cerebrovascular diseases (167.0-167.9). 188
The follow-up period was calculated from each participant's baseline health assessment 189
date to the first stroke event or the end of follow-up (March 31, 2017). Participants who 190
did not experience a stroke during follow-up were censored at that point. 191

2.9. Computation of Genetic Liabilities 192

The selection of single-nucleotide polymorphisms (SNPs) and the preprocessing 193
steps have been described in genome-wide association studies, with the primary source 194
being [23], which focused on stroke genetics in European ancestry populations (Supple- 195
mentary Data S1). Genetic liability to stroke was quantified using a polygenic risk score 19
(PRS), computed with PLINK 1.9. The PRS was calculated as a weighted sum of stroke- 197
associated risk alleles, where the weights corresponded to the SNP effect sizes (3 coeffi- 198

cients) reported in the reference GWAS. Key quality control procedures included: 199
e  Filtering SNPs with low call rates or violations of the Hardy-Weinberg equilibrium, 200
e  Excluding SNPs with minor allele frequency (MAF) < 1%, 201
¢ Linkage disequilibrium (LD) pruning using a window size of 250 kb, step size =50, 202

and an 12 threshold of 0.1. 203

After LD pruning, 252,903 SNPs were retained for PRS calculation (Supplementary 204
Figure 1). The PRS was computed using the “score” function in PLINK. The resulting PRS 205
and all quantitative independent variables were standardized using the “scale” function 206
in the R package and included as independent variables in regression models to assess the =~ 207
association between genetic predisposition to stroke and incident stroke among individ- 208
uals with hypertension. 209

2.10. Statistical Analyses 210
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The statistical analysis approach used in this study follows the methodology de- 211
scribed in our previous manuscript [12]. Briefly, baseline characteristics were summarized 212
using descriptive statistics, including frequencies and percentages for categorical varia- 213
bles and means with standard deviations for continuous variables. Differences between 214
stroke and non-stroke groups were assessed using chi-square tests for categorical varia- 215
bles and Wilcoxon rank-sum tests for continuous variables. Baseline characteristics of the 216
study population were summarized using the gtsummary and tablel packages in the R pro- 217
gram. 218

To assess the relationship between the predictors and incident stroke, we used uni- 219
variable and multivariable Cox proportional hazards regression models (CoxPH). Before = 220
multivariable modeling, we checked for multicollinearity among quantitative variables 221
by using Pearson correlation coefficients with the “cor” function. Highly correlated varia- 222
bles (12 > 0.80) were identified with the “findCorrelation” function from the caret package 223
in R and visualized using the ggcorrplot package. Variables with high collinearity and lim- 224
ited univariable association with the outcome were excluded to prevent overfitting. 225

To examine differences in stroke-free survival time among hypertensive participants 226
with varying levels of genetic liability, we performed Kaplan—-Meier survival analysis over = 227
the defined follow-up period. The survival functions were stratified by categories of ge- 228
netic liability to stroke (low, intermediate, and high) and compared using the log-rank test 229
(Supplementary Figure 2). 230

To study the effect of the stroke genetic liability while adjusting for the impact of 231
different covariates, sequences of multivariate CoxPH models were created. 232

Model 1 included only stroke genetic liability; model 2 adjusted for age and sex; 233
model 3 included adjustments for age, sex, diabetes mellitus, and total cholesterol levels; 234
and model 4 included adjustments for age, sex, diabetes mellitus, and total cholesterol, as 235
well as smoking and alcohol status. 236

The results of the multiple Cox proportional hazards regression analysis are pre- 237
sented as adjusted hazard ratios (HRs) along with the corresponding 95% confidence in- 238
tervals (Cls). A significance level of p < 0.05 indicates that a predictor is independently 239
associated with the incidence of stroke. A forest plot was employed to visualize the hazard 240
ratios for all covariates using the “forest_model” function from the forestmodel package. 241

The Cox proportional hazards assumption was evaluated using the global Schoen- 242
feld residuals test, and individual variable assessments were visualized. Meeting the pro- 243

portionality assumption indicates the validity of the Cox regression results. 244

All analyses were performed using R software (version 4.4.1) for Windows (R Devel- 245
opment Core Team, 2010). 246
2.11. Prediction Model Development and Performance Assessment 247

In this study, sets of integrated prediction models were developed to predict the in- 248
cidence of stroke. The integrated prediction model combines genetic liability for stroke 249
(genetic risk) and the conventional risk factors (Supplementary Figure 3) 250

Using the “createDataPartition” function from the caret package, we randomly parti- 251
tioned our dataset into a training set (70%; N = 81,352; Event =959 and Non-event=_80,393) 252
and a testing set (30%; N = 34,864; Event = 417 and Non-event = 34,447). The training data 253
was used to create predictive models, while the testing data was utilized to assess the 254
models' performance. 255

2.12. Implementation 256

To assess the added predictive value of stroke genetic liability (SGL) for predicting 257
stroke in hypertensive individuals, we implemented and compared various statistical and 258
machine learning models using UK Biobank data. We implemented both the continuous- 259
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and discrete-time survival models to predict the risk of stroke incidence in hypertensive 260
individuals. The continuous-time models included standard Cox proportional hazards 261
(CoxPH) and penalized Cox regression (Coxnet). For penalized logistic regression (GLM- 262
Net) and a neural network-based discrete survival model (Nnet), we adopted the discrete- 263
time survival approach. The packages, functions, and parameters used in the implemen- 264
tation of the models are presented in Supplementary Table 2. The core concept behind 265
prediction in the discrete-time survival framework is to develop models that estimate the 266
probability of survival within each discrete time interval. By treating the occurrence of an 267
event in each interval as a binary outcome, the task can be framed as a sequence of binary 268
classification problems [24]. 269

In this study, we implemented discrete-time survival analysis by discretizing the con- 270
tinuous follow-up time into defined intervals. This transformation allowed us to restruc- 271
ture the data into a person-period (long) format, in which each row represents a unique 272
individual-time interval combination. This approach ensures that any change in an indi- 273
vidual's status during the follow-up period could be accurately captured. The transfor- 274
mation was conducted using the “discSurv” function from the discSurv package in R. After 275
reshaping the dataset, we addressed class imbalance, an inherent issue in survival data 276
due to the relatively low incidence of stroke events. To mitigate this, we employed the 277
ROSE (Random Over-Sampling Examples) method using the ROSE function from the 278
ROSE package in R. The use and justification for ROSE were detailed in our previous 279
manuscript [17]. In brief, ROSE generates synthetic examples of the minority class and 280
under-samples the majority class to create a more balanced training set [25]. This pre-pro- 281
cessing ensured that the discrete-time models were trained on a balanced dataset, thereby 282
improving model robustness and predictive power, particularly for rare outcomes such 283
as stroke [26]. 284

Cox Proportional Hazards Model (CoxPH) 285

Cox proportional hazards regression [27, 28] is a popular statistical approach for an- 286
alysing survival data and determining the association between the time until an event 287
(such as death, failure, or illness recurrence) occurs and one or more predictors. We im- 288
plemented the Cox proportional hazard models using the “coxph” function from the Sur- 289
vival package in R software. 290

In addition to the previously described models, we implemented the following ma- 291
chine learning models in a continuous-time framework: a penalized Cox regression model 292
(CoxNet) and two discrete-time survival models, a penalized logistic regression model, 293
and a neural network, to further explore stroke risk prediction. 294

Penalized Regression Models 295

In comparison to traditional (unpenalized) regression methods, such as Cox and lo- 296
gistic regression, penalized regression models improve prediction performance on new 297
data by applying regularization. Regularization introduces a penalty by shrinking the size 298
of less informative coefficients towards zero and only retaining those with coefficients 299
greater than zero [29, 30]. The penalized method employed in this study was elastic-net, 300
which is a combination of LASSO (L1) and RIDGE (L2) regularization. 301

1. Penalized Cox Regression (CoxNet) 302

We utilized an elastic-net regularized Cox regression model with the “cv. glmnet” 303
function in the glmnet package. The model was trained using 10-fold cross-validation and 304
evaluated by the area under the receiver operating characteristic curve (AUC). The opti- 305
mized CoxNet model was generated by tuning parameters alpha = 0.5 and lambda = 306
0.0001 (Supplementary Table 2). 307
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2. Penalized Logistic Regression (GLMnet) 308

We applied an elastic-net regularized logistic regression model using the “cv. glmnet” 309
function in the glmnet package. The model was trained using 10-fold cross-validation and 310
evaluated by the area under the receiver operating characteristic curve (AUC). The opti- 311
mized GLMnet model was generated by tuning parameters alpha=0.5 and lambda=0.002 312
(Supplementary Table 2). 313

Neural Network Model (Nnet) 314

A feedforward neural network was trained using the Nnet method within the caret 315
framework. The neural net was described and implemented in our previous manuscript 316
[17]. The survival time was discretized into intervals, and the model was evaluated using 317
AUC under 10-fold cross-validation. The optimized neural network model was generated 318
by tuning parameters size =5 and decay = 0.1 (Supplementary Table 2). 319

The predictions from all the models were obtained using the “predict” function. In 320
this study, we additionally focused on probability calibration to improve the interpreta- 321
bility and reliability of stroke risk predictions. To calibrate the predicted probabilities, we 322
applied Platt scaling, also known as the sigmoid method [31],[31] to transform model- 323
generated scores into calibrated probability estimates. This post-processing technique in- 324
volves fitting a logistic regression model where the model-predicted probabilities are used 325
as the independent variable, and the binary outcome (stroke occurrence) is the dependent 326
variable [32]. The resulting transformation produces rescaled probability estimates that 327
more accurately reflect the true event rates, thereby enhancing clinical interpretability. 328
Details have been described in our previous manuscripts [12, 17]. 329

2.13. Assessing model prediction performance 330

We assessed the predictive performance of each model in the testing dataset using 331
the receiver operating characteristic curve (AUC) and the Brier Score (BS). We assessed 332
the model’s discrimination ability using the AUC. Model calibration and overall perfor- 333
mance were assessed using the BS, which measures the mean squared difference between 334
predicted probabilities and actual outcomes; lower BS values indicate better calibration 335
and prediction accuracy [32] of these metrics can be found in our previous work [12, 17]. 336

For the continuous-time survival models, CoxPH and CoxNet, we used the 337
“rcorr.cens” function from the Hmisc package to calculate the concordance index (c-index 338
or AUCQ), and for the discrete-time survival models, GLMnet and Nnet, the AUC was cal- 339
culated using the “roc” function from the pROC package. Furthermore, we evaluated the 340
discriminative performance of all models specifically in hypertensive individuals at vari- 341
ous time points (2, 4, 6, 8, and 10 years) using the “timeROC” function from the timeROC 342

package. ROC curves were generated for each model using the “plot” function. 343
3. Results 344
3.1. Study Characteristics and Statistical Analysis 345

Table 1 presents the baseline characteristics of the study population, composed of 346
116,216 unrelated participants of European ancestry with hypertension, including 13,766 347
incident cases and 102,450 controls. Key demographic and clinical features significantly 348
differ between the two groups. 349

Table 1. Baseline Characteristics of Study Population Stratified for Stroke Event and Non-Stroke 350
Event among Hypertension Patients with UK Biobank Participants (N=116,216). 351

Characteristics Overall Control Case HR value
(N=116,216) (N=102,450) (N=13,766)  (95% CI) P
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Age(years); 57.6 57.6 60.9 1.67 <0.001
Mean( SD) (7.53) (7.53) 6700  (157,1.78)
BOd}('kr;if;;‘dex 28.0 28.0 27.9 098

Mean (SD) (4.83) (4.83) 477)  (0.93,1.03)
TOt?;i‘g}/eE;?r°1 6.05 6.05 5.96 092 o
Mean (SD) (1.06) (1.06) (107)  (0.88,0.97)
Low'de(ﬁi;};iii;fprOteln 3.84 3.84 3.81 0.96 0.16*
Mean (SD) (0.81) (0.81) 0.81)  (0.91,1.02)
Sex (Male); 55269 o o 1.50
o %) argoy  SHTOUTAN) TR(TE%) | <0001
Diabetes Mellitus (Yes); 4638 4545 93 L75 oo
n (%) (4.0%) (4.0%) (6.8%)  (142,216)
Smoking status <0.001
37098 519 1.33
% 7' 1.9%
Currentn (%) G1o%) SO7TIBLI%)  an g (119, 148)
Previous; n (%) 1320 1283 37 115
s (1.1%) (1.1%) 2.7%)  (0.83,1.59)
Drinking status <0.001
108867 0.61
tn (% 107 7%) 1232 (89.5%
Current; n (%) o379y 107635 (93.7%) 1232 (89.5%) o5 o
Previous; n (%) 3333 3263 70 2.67
nie 2.9%) (2.8%) (51%)  (1.92,3.72)

n (%); Mean (SD), HR = Hazard Ratio, CI = Confidence Interval

The p-value is from a univariate analysis of the Cox Proportional Hazard Model comparing the

distribution of the baseline characteristics among stroke events and non-stroke events in hyperten-
sion patients. *Not significant; DM = Diabetes Mellitus, HR = Hazard Ratio, CI = Confidence Inter-
val, SD = Standard Deviation. .

Participants who developed a stroke during the study were, on average, older than
controls (mean age 60.9 vs. 57.6 years). Age was strongly associated with incident stroke
(HR = 1.67, 95% CI = [1.57, 1.78], p-value < 0.001). Male participants had a significantly
higher hazard than female participants (HR=1.50, 95% CI = [1.35, 1.67], p-value < 0.001).
Among lifestyle factors, current smoking was associated with a higher risk of stroke (HR
=1.33, 95% CI = [1.19, 1.48], p-value < 0.001), while current alcohol consumption was in-
versely associated with the risk of stroke (HR = 0.61, 95% CI =[0.49, 0.78], p-value < 0.001).

Among the clinical factors, diabetes mellitus was also strongly associated with an
increased risk of incident stroke (HR = 1.75, 95% CI = [1.42, 2.16], p-value < 0.001). Total
cholesterol was marginally protective (HR = 0.92, 95% CI: 0.88-0.97, p = 0.004), whereas
low-density lipoprotein (LDL) cholesterol and BMI were not significantly associated with
stroke risk (p-value = 0.16 and 0.44, respectively).

The correlation matrix plot showed that total cholesterol (TC) and low-density lipo-
protein (LDL) are highly correlated, and the stroke genetic liability is independent of the
other covariates (Figure 2)

352
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354
355
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359
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361
362
363
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368
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Figure 2. Correlation matrix plot: The plot shows the correlation coefficients between numerical 373
features. LDL and TC are highly correlated (r? > 0.8). LDL was excluded from further analysis (pre- 374
diction model construction). BMI: Body mass index; TC: Total cholesterol; LDL: Low-density lipo- 375
protein cholesterol; SGL: Stroke genetic liability. 376

Table 2 shows the results of a sequence of Cox proportional hazards models evalu- 377
ating the relationship between stroke genetic liability (as a continuous variable) and inci- 378
dent stroke, from univariable (Model 1) to adjusted multivariable models (Models 2—4). 379
Genetic liability was consistently associated with a statistically significant increased risk 380
of stroke. 381

Table 2. Univariable and Multivariable Cox Proportional Hazard Analysis Assessing the Associa- 382

tion of Stroke Genetic Liability with Stroke. 383
Characteristic HR 95% CI p-value
Continuous Stroke Genetic Liability
Model 1 (unadjusted) 1.11 1.06, 1.18 <0.001
Model 2 (Model 1 + age and sex) 1.12 1.06,1.18 <0.001
Model 3 (Model 2 + clinical factors) * 1.12 1.06, 1.18 <0.001
Model 4 (Model + lifestyle factors)** 1.12 1.06, 1.18 <0.001

HR =Hazard Ratio; CI = Confidence Interval. Model 1: univariable Cox proportional hazard analysis 384
of stroke genetic liability. Model 2: Adjusted for Age and Sex. *Model 3 included adjustments for 385
age, sex, diabetes mellitus, and total cholesterol levels. **Model 4 included adjustments for age, sex, 386

diabetes mellitus, and total cholesterol levels. 387

In the unadjusted model (Model 1), the hazard ratio (HR) was 1.11 (95% CI =[1.06, 388
1.18], p-value < 0.001), indicating that for each unit (standard deviation) increase in genetic 389
liability, the risk of stroke increased by approximately 11%. This association remained 390
steady after adjustment for age and sex in Model 2 (HR =1.12, 95% CI=[1.06, 1.18], p-value 391
< 0.001) and was unchanged with further inclusion of conventional risk factors such as 392
diabetes, body mass index, and total cholesterol in Model 3. Even after including 393
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additional covariates such as smoking status and alcohol status in Model 4, the effect es- 394
timate remained stable (HR =1.12, 95% CI = [1.06, 1.18], p-value < 0.001). 395

These results suggest that stroke genetic liability is an independent risk factor for 39
stroke risk, showing a consistent and statistically significant effect across all levels of ad- 397
justment in the models. The assessment of the Cox proportional hazards assumption in- 398
dicated that all the predictor variables individually achieved a p-value > 0.05 based on 399
Schoenfeld residuals, and the global test also established that the overall model satisfied 400
the assumption (p-value > 0.05). These results suggest that the Cox proportional hazards 401
assumption was not violated for any predictor variable or the model as a whole (Supple- 402
mentary Table 3 and Supplementary Figure 4). 403

3.2. Prediction Performance of the Models 404

Table 3 presents the results of performance from a series of prediction model tech- 405
niques employed in this study 406

Table 3. The Results of the Model Performance for Incident Stroke Prediction in the Hypertensive 407

Patients in the UK Biobank. 408
Models Model Features Sample AUC (95% CI) Brier Score
CoxPH

Conventional factors whole population 67.0 0.01
+ genetics (n=116,216) (64, 70)

Conventional factors Men 68.0 0.01
+ genetics (n=>55,269) (64, 71)

Conventional factors Women 65.0 0.01
+ genetics (n=60,947) (60, 69)

Conventional factors Age>59 60.0 0.02
+ genetics (n=>55370) (56, 64)

Conventional factors Age<59 58.0 0.02
+ genetics (n=60846) (53, 63)

CoxNet

Conventional factors whole population 67.0 0.01
+ genetics (n=116,216) (64, 70)

Conventional factors Men 67.0 0.01
+ genetics (n=>55,269) (64, 71)

Conventional factors Women 65.0 0.01
+ genetics (n=60,947) (60, 69)

Conventional factors Age>59 60.0 0.02
+ genetics (n=55370) (57, 64)

Conventional factors Age <59 56.0 0.01
+ genetics (n=60846) (51, 61)

GLMnet

Conventional factors  whole population 67.0 0.001
+ genetics (n=116,216) (64, 70)

Conventional factors Men 67.0 0.002
+ genetics (n =55,269) (63, 70)

Conventional factors Women 65.0 0.001
+ genetics (n=60,947) (61, 69)

Conventional factors Age>59 61.0 0.002
+ genetics (n=>55370) (58, 65)

Conventional factors Age<59 57.0 0.001

+ genetics (n = 60846) (52, 62)
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Nnet
Conventional factors whole population 66.0 0.001
+ genetics (n=116,216) (63, 69)
Conventional factors Men 65.0 0.002
+ genetics (n=>55,269) (62, 69)
Conventional factors Women 64.0 0.001
+ genetics (n=60,947) (59, 68)
Conventional factors Age>59 60.0 0.002
+ genetics (n=>55370) (56, 63)
Conventional factors Age <59 55.0 0.001
+ genetics (n = 60846) (50, 60)
409
Across the full study sample (N = 116,216), the inclusion of genetic liability of stroke 410
yielded small but consistent improvements in the risk of stroke prediction. 411

Both the Cox proportional hazards (CoxPH) and penalized Cox regression (CoxNet) 412
achieved an equal AUC of 67.0 (95% CI = [64, 70], Supplementary Figure 5). The Brier 413
score (BS) for both models was 0.01. The penalized logistic model (GLMnet) also achieved 414
an AUC of 67.0 (95% CI = [64, 70], Supplementary Figure 6), while the neural network- 415
based model (Nnet) achieved an AUC of 66.0 (95% CI = [63, 69], Supplementary Figure 416
6). Both GLMnet and Nnet achieved a BS of 0.001. The AUC and BS values indicate good 417
prediction performance across all the models. 418

Our analysis of hypertensive men and women separately shows that the models 419
achieved higher discrimination ability (AUC) in hypertensive men than in hypertensive 420
women. 421

Among hypertensive men (n = 55,269), the CoxPH achieved an AUC of 68.0 (95% CI 422
=[64, 71]) and a BS of 0.01. The model achieved an AUC of 67.0 (95% CI =[64, 71]) and BS 423
of 0.01 for CoxNet, an AUC of 67.0 (95% CI = [63, 70]) and BS of 0.002 for GLMnet. The 424
Nnet attained an AUC of 65.0 (95% CI =[62, 69]) and a BS of 0.002. Among hypertensive 425
women participants (n = 60,947), both the CoxPH and CoxNet achieved AUCs 0f 65.0 (95% 426
CI = [60, 69]) and BS values of 0.01. GLMnet achieved an AUC of 65.0 (95% CI =[61, 69]) 427
and BS of 0.001, while Nnet achieved an AUC of 64.0 (95% CI = [59, 68]) and BS of 0.001 428

The models also showed better discrimination for participants who were older than 429
the study sample's average age (59 years) than for younger participants. In older partici- 430
pants (n=55,370), the GLMnet achieved an AUC of 61.0 (95% CI = [58, 65]) and BS of 0.002, 431
while CoxPH, CoxNet, and Nnet achieved a similar AUC of 60.0. 432

3.3. Model Performance at Multiple Follow-up Time Points 433

Table 4 presents the discriminative abilities of the models at different follow-up time 434
points (2, 4, 6, 8, and 10 years) for the whole study sample. The result shows that all the 435
continuous-time survival models' performances improved with time. CoxPH and CoxNet 436
performed similarly and consistently (approx. 65 to 67 AUC) across the follow-up time 437
points. CoxNet slightly improved with time and performed best in year 8 (AUC = 67.37, 438
Supplementary Figure 7). The discrete-time survival models (GLMnet and Nnet) per- 439
formed strongly in years 4 and 6, then degraded after. Both GLMnet and Nnet achieved 440
their highest AUCs in year 4 (AUC = 69.98 and 68.78, respectively; , Supplementary Fig- 441
ure 8), suggesting strong mid-term prediction. 442

443
444
445
446
447
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448
Table 4. Model Performance at Multiple Follow-Up Time Points in the Testing Set. 449
Survivors
Years Cases (without Censored CoxPH Coxnet  GLMnet Nnet
(AUC %) (AUC %) (AUC %) (AUC %)
the event)
2 75 34789 0 64.62 64.63 63.18 62.47
4 168 34696 0 65.26 65.29 69.98 68.78
6 282 34582 0 65.91 65.91 68.68 67.10
8 389 20450 14025 67.35 67.37 66.72 65.21
10 417 0 34447 N/A N/A 50.72 53.40

Table 4 shows the time-dependent ROC AUC (Area Under the Curve) estimates over different years 450
(2,4, 6, 8, and 10) using IPCW (Inverse Probability of Censoring Weighting) for six predictive mod- 451
els: CoxPH, CoxNet, GLMnet, and Nnet. 452

4. Discussions 453

This large-scale cohort study investigated the predictive value of genome-wide 454
stroke genetic liability derived from 252,903 stroke-associated SNPs in over 116,000 hy- 455
pertensive individuals of European ancestry. In the current study, we constructed ma- 456
chine learning models and assessed their ability to predict stroke incidents in all hyper- 457
tensive participants, stratified by age and sex, using a survival analysis framework. Our 458
models included traditional risk factors of stroke alongside genetic liability. To examine 459
the discriminatory accuracy of time-to-event data models, we employed both discrete- 460
and continuous-time machine learning algorithms. These included Elastic Net regression 461
models, specifically the penalized Cox model (CoxNet) and penalized logistic regression 462
(GLMnet), as well as a neural network (Nnet). These models were compared to the Cox 463
proportional hazards (CoxPH) model, which is used as the gold standard for survival 464
analysis. 465

Our main findings were (1) in all hypertension patients, all the models (both discrete 466
and continuous-time survival models) showed modest discriminating value, with AUC 467
ranging from 66 to 68. CoxNet and GLMnet achieved equal discrimination ability as the 468
CoxPH model in the follow-up period. The discrete-time survival models (GLMnet and 469
Nnet) outperformed the continuous-time models at narrower follow-up intervals (2-4 470
years and 4-6 years from baseline). (2) All models consistently achieved higher AUC val- 471
ues in hypertensive men than in hypertensive women. (3) All models consistently 472
achieved higher AUC values in older participants (over the median age of 59 years old) 473
than in younger participants. 474

In comparison with our previous studies on stroke risk prediction [12], the current 475
study (1) focuses on hypertensive individuals. (2) While our previous work focused on 476
models using continuous-time survival models, the current work adds discrete-time ma- 477
chine learning models (GLMnet, a form of penalized logistic regression model, and Nnet). 478
(3) Discretized the follow-up time and incorporated it as a covariate within the discrete 479
time machine learning models, and (4) Our present work additionally extended and lev- 480
eraged the readily available open-source software packages in the R program for the bi- 481
nary classification problem to survival analysis frameworks. That is, we reformulated the 482
continuous-time survival model as a binary classification problem. This approach over- 483
comes several limitations of traditional continuous-time survival models, including prob- 484
lems with tied event times, the proportional hazard assumption requirement. Discrete- 485
time survival models offer practical alternatives to continuous-time models, particularly 486
when the exact event times are unknown and only the time interval during which the 487



Healthcare 2025, 13, x FOR PEER REVIEW 14 of 19

event occurs is known. This framework restructures survival analysis as a series of binary 488
classification problems, enabling a wide range of classification algorithms to be used for 489
estimating conditional survival probabilities [33]. 490

While machine learning methods are appropriate for capturing complex, non-linear 491
relationships between predictors and outcomes, our findings suggest that the Elastic Net =~ 492
models (GLMnet and CoxNet) performed similarly to our reference regression model 493
(CoxPH) for stroke prediction in hypertensive patients. In contrast, the more complex 494
model, Neural Network (Nnet), demonstrated inferior performance relative to CoxPH. 495
This observation suggests that the CoxPH model may be sufficient for developing an ef- 49
fective and accurate stroke risk prediction model in hypertensive individuals from the UK 497
Biobank (UKB). This observation could be due to the absence of non-linear or complex 498
interactions among the predictor variables used in the current study. This finding is con- 499
sistent with the results of our previous work [12], where we demonstrated that CoxPH 500
outperformed all the machine learning models, including Random Forest (RF), the Gradi- 501
ent Boosting Model (GBM), and the Decision Tree (DT). However, in our previous work, 502
we did not consider the binary classification machine learning method and did not explore 503
age and sex strata. 504

4.1. Comparison between traditional and machine learning models that include the effect of time. 505

The performance of machine learning techniques has been compared to traditional 506
Cox regression models in predicting stroke risk; however, the results in the literature are 507
inconsistent. For example, two previous studies, Chen, Y [11] and Chun [9], each created 508
ML-based prediction models and compared their performance against Cox regression. 509
While both studies highlighted the potential of ML techniques, their conclusions about 510
superiority to Cox regression were not conclusive. 511

Chun and colleagues [9] developed a prediction using age, hypertension, coronary 512
heart disease, diabetes, and smoking and observed that for the 9-year risk of stroke pre- 513
diction in Chinese adults. They observed that the Cox regression model and the machine 514
learning models had similar prediction performance. The Cox regression model margin- 515
ally outperformed the Random Survival Forest model but performed worse than the Gra- 516
dient Boosted Trees. 517

For predicting 30-day stroke readmission in a Taiwanese cohort, Chen, Y, and col- 518
leagues included a wide range of clinical, demographic, and pre-rehabilitation functional 519
status scores in their prediction models. They observed that among the machine learning 520
models, only the neural network and the random forest models outperformed the Cox 521
regression model. These results differed from the findings of our current study, which 522
found that both the neural network and random forest models underperformed in com- 523
parison to the CoxPH model. 524

Unlike our study, the two previous studies were conducted in Asian populations, 525
whose genetic architectures differ from the European population we studied. While Chen 526
[11] explored the prediction of 30-day stroke readmission and Chun [9] focused on the 527
prediction of first-ever incident stroke within a population-based cohort, our study fo- 528
cused on predicting first-time stroke events in hypertensive Europeans beyond the 30-day 529
window and uniquely incorporated stroke genetic liability as a predictor. The methodo- 530
logical divergences highlight the uniqueness of our approach and may explain differences 531
in prediction accuracy and interpretability between studies. These fundamental differ- 532
ences in research methodology, outcome definitions, and study population restrict direct 533
comparisons of our findings with previous studies and may explain the difference in 534
model performances. 535

4.2. Comparison based on the different follow-up time lengths 536
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When we evaluated model performance across different follow-up intervals for hy- 537
pertensive individuals, we observed that during shorter follow-up intervals (24 years 538
and 4-6 years from baseline), all the discrete-time survival models outperformed the con- 539
tinuous-time survival models. Within shorter follow-up intervals, the GLMnet was the 540
best-performing model, followed by the Nnet model. In contrast, with a longer follow-up 541
interval (6-8 years), the continuous-time survival models performed better, with Cox pro- 542
portional hazards (CoxPH) and CoxNet emerging as the best-performing models. These 543
observations were consistent with the findings of Chun [9], who demonstrated that the 544
binary classification machine learning models, including logistic regression (LR), support 545
vector machines (SVM), gradient boosting trees (GBT), and multilayer perceptron (MLP), 546
outperformed survival models such as Cox regression and random survival forests. They 547
reported that the best performances in predicting stroke were observed within shorter 548
follow-up intervals (0-3 years, 3-6 years, and 6-9 years from baseline). This implies that 549
for prediction within shorter follow-up times, discrete-time survival models (GLMnet and 550
Nnet) are more suitable for risk prediction. 551

4.3. Gender differences 552

Across all models, both machine learning and traditional models, the model’s dis- 553
crimination ability was consistently better among hypertensive men compared to hyper- 554
tensive women. Among hypertensive men, the CoxPH model provided better discrimina- 555
tive accuracy than machine learning models. These findings diverged from the previous 556
study by Chun [9]. 557

Within a population-based Chinese cohort, Chun [9] evaluated the prediction perfor- 558
mance of machine learning algorithms with the Cox regression model for predicting the 559
first-ever stroke in men and women separately. They observed that the models improved 560
stroke prediction in women more than in men, with GBT providing the best discrimina- 561
tion (AUC: 0.833 in men, 0.836 in women) and calibration. This observation deviates from 562
the findings of our current study, in which both machine learning and the Cox model 563
improved stroke prediction in hypertensive men more than in hypertensive women, with 564
the CoxPH providing the best discrimination (AUC: 68% in men, 65% in women). This 565
further highlights the possible impact of population characteristics, outcomes, and study 566

methodology on predictive model performance. 567
568
569
4.4. Age differences 570

Across all models, both machine learning and traditional models, the discrimination 571
performance of the models consistently achieved a better discrimination value among 572
older hypertensive participants compared to younger hypertensive participants. Among 573
older hypertensive participants, the GLMnet model provided better discriminative accu- 574
racy. Our finding was consistent with findings from several studies, including Ding [34] 575
and Gong [14], who demonstrated that the risk of stroke increases with age, especially 576
among older hypertensive patients. These observations show the potential age-based dif- 577
ferences in model performance and/or underlying risk factor patterns. 578

The general clinical implication of our study is that the absolute risk estimates de- 579
rived from the stroke genetic liability-enhanced model could help identify older hyper- 580
tensive patients, especially hypertensive men, at high risk of stroke, who can then be pri- 581
oritized for preventive interventions, including the start of pharmacological treatments. 582
A study of 100,000 UK adults [35] found that the small improvement in C-index by poly- 583
genic risk scores for cardiovascular disease (CVD) could translate to a 7% increase in CVD 584
event prevention compared to conventional risk factors alone. 585
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4.5. Strengths and Limitations 586

This study has several strengths. First, this is the first study to employ both discrete- and 587
continuous-time survival models to evaluate the added predictive value of stroke genetic 588
liability and predict risk of stroke in hypertensive individuals of European ancestry. Sec- 589
ond, our study utilized a large sample size and a long follow-up time to accurately identify ~ 590
stroke incident cases. However, there are some limitations in this study. First, we incor- 591
porated a few predictor variables into our models. Second, data on lifestyle factors such 592
as drinking and smoking behaviours are self-reported and may be inaccurate. Third, the 593
small number of incident stroke cases in our study may have an impact on the predictive 594
power of the models. Therefore, we recommend that future studies should include a large 595
number of stroke occurrence cases and a broader set of predictor variables to improve the 5%
efficacy of the machine learning models over the CoxPH model. Fourth, the analyses in 597
this study were restricted to UK Biobank participants with European ancestry and 598
to participants who have been identified as or diagnosed with hypertension. These 599
factors might limit the generalisation of our findings to a wider UK population 600

from different ancestries or health statuses. 601
602
5. Conclusion 603

In conclusion, within the survival analysis framework, the Cox proportional hazards 604
(CoxPH) model demonstrated superior performance in predicting stroke risk among hy- 605
pertensive patients compared to the machine learning models evaluated. Our findings 606
may provide stroke risk stratification and prevention of stroke in the hypertensive popu- 607
lation. 608

The inclusion of stroke genetic liability in the models improved stroke prediction for 609
a small percentage of the population. Therefore, its application in clinical practice is un- 610
certain. Conventional risk factors may still have more influence on the prediction of stroke 611
in hypertensive patients. The findings suggest that genetic liability alone has limited pre- 612
dictive value for most people, but they might still have a role in highly targeted interven- 613
tions. In terms of cost effectiveness, given that only a small percentage of the population 614
benefits from genetic risk scores, in future health economics studies are needed to estab- 615
lish if the costs of genetic testing could outweigh the potential improvements in stroke 616
prevention in hypertensive patients. 617
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Supplementary Material for Chapter 5

Chapter Five: Using discrete- and continuous-time machine learning models (Nnet,
CoxNet, GLMnet) to explore sex and age differences in stroke prediction among
hypertensive individuals.

Supplementary Table 1: Conventional Risk Factor and Genetic Risk Factor

Conventional risk factors
Age
Sex
Body mass index (BMI**
Diabetes Mellitus (DM)
Total Cholesterol (TC)
Low lipoprotein (LDL)**
Alcohol
Smoking
Genetic risk factor
Stroke genetic liability (SGL)
** Factors are not significant and not included in the prediction models
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Supplementary Table 2: Tuning Techniques for Hyperparameter for Each Machine

Learning
Optimal
Machine Packages Function tuning
. Hyperparameters parameters for
Learning
Models
CoxPH survival coxph N/A N/A
Penalized glmnet cv.glmnet with alpha and lambda alpha= 0.5
Cox model 10-fold lambda =
(CoxNet) 0.0001
Penalised glmnet cv.glmnet alpha and lambda alpha= 0.5,
logistic with 10-fold lambda =
model 0.002.
(GLMnet)
Neural nnet caret with 10- size and decay size =15
network fold decay = 0.1
(Nnet)
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Supplementary Table 3: Assessment of the Proportional Hazard (PH) Assumption Using
the Global Schoenfield Test

Variables Chisq df P-value
Age 0.04 1 0.85
Sex 0.12 1 0.73
Diabetes Mellitus (DM) 0.38 1 0.54
Total Cholesterol (TC) 1.05 1 0.31
Alcohol 0.14 2 0.93
Smoking 1.97 2 0.37
Stroke Genetic liability (SGL) 0.43 1 0.51
GLOBAL 3.99 9 0.91
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Supplementary Table 4: The Results of the Model Performance for Incident Stroke
Prediction in the Hypertensive Patients in the UK Biobank (Without Genetic liability).

AUC (959 Bri
Models Model Features Sample Ci) % S;;:;
CoxPH
Conventional whole population 67.0 0.01
factors (n=116,216) (64, 70) '
Corg:f;;:nal Men 67.0 0.01
(n=55,269) (64, 70)
Corgjg;snal Women (6?)4‘28) 0.01
(n=60,947) ’
i >
e | w0 | o
(56, 64)
) Age <59 58.0
tional
Conventiona (n = 60846) (53, 63) 0.02
factors
CoxNet
Corgceg;:nal whole population 67.0 0.01
(n=116,216) (64, 70) ’
Corg;n;;:nal Men 67.0 0.01
(n=55,269) (64,71)
Conventional Women 65.0 0.01
factors (n=60,947) (60, 69) '
60.0
Conventional Age>59
57,63 0.02
factors (n=55370) (57, 63)
Conventional Age <59 56.0 0.01
factors (n = 60846) (51,61) '
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Supplementary Table 4 Continued

Models Model Features Sample AUC (95% Brier
(0] ) Score
GLMnet

Conventional whole population 67.0 0.001

factors (n=116,216) (64, 70)
Conventional Men 67.0 0.002

factors (n=55,269) (63, 70)
Conventional Women 65.0 0.001

factors (n=60,947) (61, 69)
Conventional Age > 59 61.0 0.002

factors (n=55370) (58, 65)
Conventional Age <59 57.0 0.001

factors (n=60846) (52, 62)

Nnet

Conventional whole population 65.0 0.001

factors (n=116,216) (63, 69)
Conventional Men 65.0 0.002

factors (n=55,269) (62, 69)
Conventional Women 64.0 0.001

factors (n=60,947) (59, 68)
Conventional Age > 59 60.0 0.002

factors (n=55370) (56, 63)
Conventional Age <59 55.0 0.001

factors (n=60846) (50, 60)
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Supplementary Figure 1

1. Base data (Malik et. al. (2018) quality 2. Target data quality control using 3. Pruning using Plink 1.9
control (QC) in R program, Plink 1.9 «  --indep-pairwise 250 50 0.1
Summary statistic of stroke SNPs from Excluded * Nrow (prunc.in) = 252,903 SNPs
the MEGASTROKE study (N = *  SNPs with MAF <0.01
8.,255,860) ) ©  HWE <1x10-6 .
*  Total genotyping rate is 0.99
Excluded 6,769,875 SNPs and 487,409 people
*  Duplicated SNPs (N =0) pass filters and QC
*  Insertions/deletions (N = 5,044)
*  Ambiguous SNPs (N = 1,273,563)
Final SNPs (N = 6,977,253)

4. Genetic liability scoring:
Calculating of genetic liability using
Plink 1.9

*  Used the SNPs list from step 1

*  Created scorefile containing
SNPs, coded allele and effect
size estimates

*  --score no-mean-imputation
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Supplementary Figure 2
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Supplementary Figure 3

/ Predictors %
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Supplementary Figure 4

Schoenfeld lndividual Test p: 0.8478
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Supplementary Figure 4: Assessment of the proportional hazard assumption using Schoenfeld
residuals. The global test revealed no significant deviation from proportionality (p > 0.05), confirming

the model's validity.
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Supplementary Figure 5
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Supplementary Figure 6
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Supplementary Figure 7

Time-Dependent AUC Over Time
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Supplementary Figure 7: ROC-AUC curve CoxPH (Left panel). ROC-AUC curve for CoxNet(Right
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Supplementary Figure 8

Time-Dependent AUC Over Time
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6 CHAPTER SIX. GENERAL DISCUSSION
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6.1 Overview of Aims and Findings

This thesis utilized both conventional statistical and machine learning methods
to explore the influence of genetic liabilities for hypertension classification and
prediction of stroke risks in participants of European ancestry within the UK
Biobank. In three related studies, the main aim was to examine whether or

not stroke genetic liability and genetic liability to CVD risk factors can improve
disease classification and prediction when combined with demographic,
lifestyle, and clinical risk factors. The second aim was to examine the relative
strength of performance of modelling methods, and the third aim was to
examine whether predictive ability varied across subpopulations grouped by age
and sex.

This thesis examines a key question not yet fully answered in the current
medical literature: How much additional predictive ability can genetic liability
contribute to the classification of hypertension and the prediction of stroke risk
when included in traditional risk factor models, principally using machine
learning models? Existing literature [1-3] provides evidence that genetic
liability can slightly improve discrimination, calibration, and risk
reclassification when added to conventional risk factor models. Nevertheless,
gaps remain, largely in part, many studies have not fully examined genetic
liability data in the prediction and classification of complex diseases such as
stroke and hypertension. There are also unanswered questions about subgroups,
the magnitude of improvement, and which specific prediction model methods
yield the greatest incremental value from genetic liability.

The findings from this research have expanded our understanding in many
important ways.

First, this research has demonstrated that genetic liability can improve the
model’s ability to predict disease. Genetic liability to a disease can be quantified
at birth, even before clinical symptoms manifest, thus potentially creating an
important window for possible early intervention. Second, this research has
shown how much the key metrics for ascertaining a model’s performance
(AUC, calibration, and reclassification) improve when genetic liability is
included in the prediction models. Also, the improvements remained consistent
across the various subgroups, which is critical in building reliable and robust
prediction tools.
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Third, the research has highlighted the nature of interactions between genetic
liability and other conventional risk factors. For instance, through correlation
analysis, we have demonstrated that stroke genetic liability has an independent
relationship with the established risk factors. That means genetic liability
provides an independent and unique contribution to disease risk.

Fourth, by using and comparing machine learning models to more traditional
statistical approaches, this research provides practical trade-offs

for modeling techniques. For instance, the study considered the balance between
a model's complexity and the added value it offers, while also considering the
importance of the interpretability of overall results.

Utilizing genetic information and traditional risk factors with machine learning
methods to predict cardiovascular disease risk is a promising but relatively
new and unexplored area. As systematic reviews suggest, a growing number of
studies are examining how artificial intelligence and machine learning
algorithms could optimize genetic liability (Al-optimized PRS) to improve
cardiovascular disease prediction [4-6]. For example, Drouard and colleagues
[7] have developed machine learning techniques to predict CVD risk factors
from multi-omics data while exploring different data type combinations or by
integrating multiple data types such as clinical data, genetic data, and biomarker
data, within the combined model. However, there are still fewer or no studies
that have explored the contribution of stroke genetic liability to stroke risk
prediction in subgroups such as age and sex analysis.

Thus, this research contributes methodologically to ongoing research about the
utility of genetic information in disease risk prediction, in demonstrating how to
evaluate machine learning and genetic liability, and also by illustrating which
subgroup the genetic liability contributes most to the predictive accuracy.
Therefore, this research helps serve as a bridge that supports the pathway
towards more personalized and effective risk prediction.

6.1.1 Genetic Liabilities and Hypertension Prediction

The first study explored the application of machine learning techniques
(Random Forest and Neural Network) to assess the predictive value of a
combination of genetic liabilities for type 2 diabetes, obesity traits, lipid traits,
and smoking traits in a single model for hypertension classification. Though
genetic liabilities capture an inherited risk of the disease, this

research demonstrated that their contribution to classification performance is
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modest but significant when they are used in combination with existing clinical
and lifestyle risk factors.

6.1.2 Stroke Genetic Liability and Stroke Prediction

The second study focused on stroke, examining whether machine learning
methods such as Random Forest, Decision Tree, and Gradient Boost Machine

could improve stroke risk prediction compared to the Cox proportional hazards
model when stroke genetic liability was included. In this study, similar results to
those in the first study were observed. While stroke genetic liability was
statistically significant, its contribution to risk prediction was modest.
Importantly, the study found that the Cox proportional hazards model and
machine learning models often produced similar prediction performance.

6.1.3 Stroke Prediction Among Hypertensive Individuals

The analysis of the third study focused on hypertensive patients, a high-risk
group for stroke. The study compared the prediction performance of continuous-
time survival models (Cox proportional hazards model, Penalized Cox model)
to discrete-time survival models (Penalised logistic model and Neural Network)
and assessed whether prediction performance differed by age and sex.

There was significant variability in results, and the study found that both the
predictive performance of models and the contributions of stroke genetic
liability differed across subgroups. For example, comparing the predictive value
of genetic liability by sex and age group, it was observed that the genetic
liability of stroke had modestly improved the model’s prediction performance,
particularly for older participants and hypertensive men. The improvement may
not be statistically significant as the confidence interval overlapped. Notably,
the Cox proportional hazards model showed superior prediction performance
compared to machine learning models in subgroup analyses. This illustrates the
efficacy of the Cox proportional regression model, especially when dealing with
time-to-event epidemiological data. Although the continuous-time survival
models may provide more clinical understanding of various risk pathways,
discrete-time survival models offer better interpretability and allow flexibility
when working with censored outcomes.

6.2 Broader Implications of the Three Studies

In all three studies, all genetic liabilities included were significantly associated
with the outcome. However, the additional predictive value gained from the
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genetic liabilities was modest. This finding is consistent with the wider
literature on genetic liability, which proves that while genetic liability can
capture important inherited risk, the established risk factors remain the
dominant and important predictors for complex diseases such as hypertension
and stroke.

The machine learning versus traditional statistical methods comparison
provided an interesting perspective on methodology. Here, it is observed that
machine learning models underperformed compared to the Cox proportional
hazards model when using a well-defined epidemiological dataset. Empirically,
machine learning models outperform traditional statistical models in the context
of high-dimensional or unstructured data such as multi-omics data or electronic
health records. For the epidemiology of cardiovascular disease, traditional
regression modeling is still a valuable technique that is easy to understand and
interpret in the clinical context.

The subgroup analysis in predicting stroke further provides validation that
prediction performance varies by subgroup. Specifically, stroke genetic liability
improved stroke prediction in older than younger hypertensive patients. In
addition, it has also improved stroke prediction in hypertensive men compared
to hypertensive women. Stroke epidemiology research has established the
evidence that there exist sex and age differences in stroke risk [8], which
underscores the need for sex-specific risk models.

From an applicable translational approach, these findings indicate that although
genetic information is unlikely to fully replace traditional clinical risk factors
soon, it could facilitate early-life risk stratification or help in risk prediction for
high-risk groups. Moreover, utilizing machine learning methods may be
especially useful in discovering complex interactions between predictors, which
may assist in future research regarding disease mechanisms or causes. Finally,
this research emphasizes the importance of large-scale biobank resources in
general. The biobanks' resources are critical in systematically assessing genetic
and non-genetic predictors for a more expansive application of

the modeling framework and approaches.

6.2.1 Strengths

The overall strengths of this thesis were the use of a well-characterised cohort
study with a large sample size. Likewise, we also systematically compared
multiple modeling approaches and innovatively assessed how the risk of stroke
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predictions varies by group representation. Another strength was the inclusion
of multiple genetic liabilities in one single prediction model to identify the best
performing classification model for hypertension. A distinctive feature and the
strength of the second and third studies compared with previous studies is that
we generated genetic liability for stroke using over 250,000 genetic variants.

More of the strengths have been stated in the three related studies.

6.2.2 Limitations

This study has several limitations that should be addressed. First, the analyses
were limited to participants of European ancestry within the UK Biobank, and
the whole-genome genetic liabilities were primarily calculated from GWAS
comprised of European ancestry. These restricts the generalisability of our
findings [9]. Second, the analyses in this study were further restricted to
participants who have been identified as or diagnosed with hypertension.
These factors might limit the generalisation of our findings to a wider UK
population from different ancestries or health statuses. This means that the
predictive performance observed in this research cannot be extended to other
ancestry groups, or to participant with different socioeconomic or

health statuses. Future research should be expanded to include participants with
other ancestries and socioeconomic strata.

Third, the measure of genetic risk is limited to genetic liability calculated from
genome-wide summary statistics. Although the genetic liability can explain a
large proportion of common variant predisposition, the genetic liability
calculations do not include variants that are rare or gene-gene and gene-
environment interactions that may also contribute to CVD risk [10]. An
alternative method, such as a machine learning driven SNP selection method to
generate genetic liability, could have been employed. Third, there is the
possibility of healthy volunteer bias in the UK Biobank cohort because self-
reported lifestyle factors may be different within the UK Biobank.

6.2.3 Future Directions

Future research should examine the integration of multi-omics (e.g.,
transcriptomics, metabolomics, and proteomics) with genetic liability data in
prediction models. This could provide a more general risk profile.
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6.2.4 Conclusion

This thesis ultimately illustrates that genetic liability provides modest but
consistent improvement to the prediction of both outcomes. This

was observed with stroke prediction, particularly in subgroups such as older and
male hypertensive individuals. Although it has been demonstrated in many
studies that the machine-learning approaches are powerful, the traditional Cox
regression employed in this research has consistently outperformed any
machine learning in this specific context. Overall, our findings support and
underscore that genetic liability should be considered as a valuable complement
to legacy clinical and lifestyle risk factors, rather than their replacement.

The addition of stroke genetic liability in the models improved stroke prediction
for a small percentage of the population. Therefore, its utilisation and efficacy in
clinical practice is uncertain. The conventional risk factors may still have more
influence on the prediction of stroke in hypertensive patients. The findings
suggest that genetic liability alone has limited predictive value for most people,
but it might still have a role in highly targeted interventions. In terms of cost
effectiveness, given that only a small percentage of the population benefits from
genetic risk scores, in future health economics studies are needed to establish if
the costs of genetic testing could outweigh the potential improvements in stroke
prevention especially in risk group such as hypertensive patients.
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