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Abstract

Cardiomyopathies have long been considered as monogenic, Mendelian diseases with

rare variant implications; however, as more studies look at the common variation in these

low prevalence diseases, additional discoveries of the polygenic interplay are being revealed.

Part of these discoveries also associate genomics with phenotype, specifically derived from

cardiac magnetic resonance (CMR) imaging, and with the use of machine learning (ML),

insights to the complex diversity of these diseases are revealed. The overall purpose of this

thesis is to leverage the information hidden in genomic and imaging datasets with the use

of ML to either 1) develop new methodologies for handling such complex datatypes and 2)

create ML models that can potentially predict or generate risk scores for cardiomyopathies,

based on genomic, clinical and imaging data. This is achieved by developing LAVASET, a

novel ensemble algorithm that enhances the Random Forest algorithm and is able to mitigate

variable correlation issues. In addition, traditional and interpretable ML algorithms are used

to pre-screen and stratify cases of cardiomyopathy, while also displaying increased model

performance when using LAVASET-derived imaging features. Finally, a deep-learning method

for calculating Polygenic Risk Scores (PRS) is described, showing promising associations

between high PRS and disease risk as well as high PRS and known cardiomyopathy outcomes

and traits.
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Chapter 1

Introduction to Cardiomyopathies
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CONTENTS 1.1. OVERVIEW OF CARDIOMYOPATHIES

1.1 Overview of cardiomyopathies

1.1.1 Definition, Diagnosis, Epidemiology

Definition and diagnosis

Inherited cardiac conditions (ICCs) affect more than 600,000 patients in the UK (1̃% of

the population). Cardiomyopathy— a group of primary heart muscle diseases characterized

by abnormal function, and subclassified according to morphological appearance — is the most

common cause of sudden death in young adults, and the leading cause of heart transplantation

(Braunwald, 2017). By ESC guidelines (Arbelo et al., 2023), a cardiomyopathy is defined as ‘a

myocardial disorder in which the heart muscle is structurally and functionally abnormal, in the

absence of coronary artery disease (CAD), hypertension, valvular disease, and congenital heart

disease (CHD) sufficient to cause the observed myocardial abnormality’. Cardiomyopathies

can simultaneously occur with ischemic, valvular, and hypertensive diseases and the existence

of one does not negate the potential presence of the others.

The two most common inherited cardiomyopathies are Hypertrophic Cardiomyopathy

(HCM) and Dilated Cardiomyopathy (DCM). HCM is characterized by unexplained thickening

of the muscle wall of the heart’s left ventricle. It is often called the disease of the sarcomere—

the part of the muscle responsible for providing the molecular force for contraction (Sabater-

Molina et al., 2018) — due to genetic variants in sarcomere genes that are associated with

HCM. DCM is primarily diagnosed by the left ventricular dilation and impaired contraction of

the heart muscle that cannot be attributed to other conditions like hypertension (increased

blood pressure) (Schultheiss et al., 2019). The most common cause of the DCM phenotype is

ischemia, derived from volume overload often due to valve incompetence.
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CONTENTS 1.1. OVERVIEW OF CARDIOMYOPATHIES

Figure 1.1: Graphical schematic of the left ventricular phenotypes for HCM and DCM. Left ventricular wall
thickness for HCM and dilation for DCM are evident in comparison to the normal heart. Adapted from Hershberger
et al. (2013). Copyright license found in Appendix 7.2.
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CONTENTS 1.1. OVERVIEW OF CARDIOMYOPATHIES

Cardiomyopathies intervene with the normal function of the cardiac muscle; systole, the

state of contraction of the muscle, and diastole, the state of relaxation, when affected can

impair the heart’s function to pump blood and cause a variety of symptoms. However, both

HCM and DCM have high phenotypic variability that is still poorly understood (Verdonschot

et al., 2019). Disease severity can vary hugely even in a single family, where the same genetic

cause is shared by all affected; it is also possible that some of the members carrying the genetic

predisposition might not manifest the disease at all. This presents a clinical challenge since

we need to target costly and burdensome advance therapies to the appropriate subgroups.

To tackle such a variability in phenotypes additional tests have been introduced in clinical

practice which aim to personalize patient profiles for tailoring their diagnosis and treatment.

Genetic testing has been one of the recommended routes for assessment of ICCs, with medical

imaging and specifically cardiac magnetic resonance (CMR) being a second one (Kramer,

2015).

Epidemiology

Present estimates for the prevalence of HCM (1/500) and DCM (1/250) are derived from

screening studies, primarily among healthy young adults. These figures likely under-represent

the actual prevalence of the disease and the potential for disease-related issues (McKenna and

Judge, 2021). This is due to the wide phenotypic variability found across cases which makes it

difficult to give exact diagnoses. HCM can be characterized by specific diagnostic markers,

like left ventricular hypertrophy (LVH) of ≥ 13mm, with changes present in genes linked to

sarcomeric proteins. However, this same marker can appear in various genetic and non-genetic

scenarios. Moreover, post-mortem examinations of sudden cardiac deaths in patients with

4
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unexplained LVH often present diagnostic puzzles (Arbelo et al., 2023). In the case of DCM,

research indicates that most individuals meeting the diagnostic criteria show no symptoms

and usually do not seek medical care (Redfield et al., 2003, Wang et al., 2003, Yeboah et al.,

2012). Another common issue is that DCM diagnosis can be often missed in patients with end

stage heart failure (Seidelmann et al., 2016).

Initial studies indicated that HCM predominantly affected young males and older females.

This perception aligns with demographic information from patient group studies, increased

instances of sudden cardiac death in males with HCM, and screening study results that highlight

age-related disease manifestation and more pronounced disease in males (Finocchiaro et al.,

2019, Ho et al., 2018, Maron et al., 2000). These findings appear uniform across individuals

of European, Native American, African, or Asian descent (McKenna and Judge, 2021).

Initial estimates of DCM prevalence and incidence originate from a study in Olmstead

County, Minnesota, USA, spanning 1975-1984. This study found a DCM prevalence of around

1 in 2,700 people and an incidence rate of 6 per 100,000 person-years (Codd et al., 1989).

However, this same study significantly underestimated HCM’s prevalence, a fact revealed

a decade later (Maron et al., 1995). Using this data and additional findings, Hershberger

et al. (2013) and colleagues adjusted the estimated prevalence of DCM to about 1 in 250

people. They also showed that DCM accounted for nearly 1 in 6 heart failure cases in the USA.

Although DCM can impact anyone, it appears more frequently in individuals of African descent

as opposed to European (Coughlin et al., 1993), is more prevalent in men than women (3:1

ratio) (Fairweather et al., 2023), and typically shows symptoms in adults aged between 30

and 60 (Hershberger et al., 2013).

5
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1.2 Genetic architecture

Cardiomyopathies are treated as monogenic diseases in clinical practice, however recent

findings described below suggest that part of the cases can be attributed to a more complex

genetic architecture that involves multiple variants. Some phenotypes still behave as mono-

genic and would have a single variant as the main risk factor, while for these cases polygenic

determinants can contribute to penetrance and expressivity. Others do not carry a single rare

variant and are completely polygenic. Efforts in genomic variant interpretation have identified

clinically actionable disease-causing variants.

1.2.1 Rare variants

Based on the ClinGen gene curation clinical validity framework (Strande et al., 2017),

out of 33 genes previously reported as associated with HCM, 8 were classified as definitive,

3 as moderate, 16 as limited, and 6 showed no evidence. Definitive genes like MYBPC3,

MYH7, TNNT2, TNNI3, TPM1, ACTC1, MYL3, and MYL2 have been recognized in diagnostic

panels for years and were identified primarily due to genetic evidence indicating their link

to HCM from linkage studies in families. Pathogenic variants in HCM are mostly found in

these definitive sarcomere related genes. The majority of HCM cases exhibit rare variants in

two primary HCM genes (MYBPC3 in 19% of cases and MYH7 in 14.2% of cases) (Ho et al.,

2015). These two genes encode the myosin-binding protein C and the myosin heavy chain

beta (MHC-β) isoform protein, respectively (Sabater-Molina et al., 2018). Both these proteins

play a role in the structure and function of the sarcomere. Other well-studied HCM genes

(TNNI3, TNNT2, TPM1, MYL2, MYL3, ACTC1, PLN) and genes that mimic the phenotype (GLA,

6
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LAMP2, PRKAG2) exhibited rare variants in 2% or fewer cases per gene. For each gene, there

is a significant difference (p < 0.05 after adjusting for multiple comparisons) in variation

between cases and the Genome Aggregation Database (gnomAD, Gudmundsson et al. (2022)),

thereby reinforcing their correlation with the disease (Walsh et al., 2017).

Variants in at least 50 genes have been reported to play a role in DCM (Tayal et al.,

2017). Evaluation of genetic and experimental data identified 19 genes with significant

evidence, indicating a role in monogenic DCM. Interestingly, over half of the analyzed genes

were found to have limited evidence, no disease relationship or only animal-model evidence

(Jordan et al., 2021). Specifically, 12 genes spanning 8 gene ontologies, were categorized

as having definitive (BAG3, DES, FLNC, LMNA, MYH7, PLN, RBM20, SCN5A, TNNC1, TNNT2,

TTN) or strong (DSP) evidence. Seven genes (ACTC1, ACTN2, JPH2, NEXN, TNNI3, TPM1,

VCL) covering 2 additional ontologies, were identified as having moderate evidence. These

genes are anticipated to upgrade to either strong or definitive categories as more evidence

becomes available. About six of these strong and moderate evidence genes also show similar

associations to HCM (Jordan et al., 2021), however when genes are linked with both types of

cardiomyopathies, the molecular mechanisms underlying the pathogenesis are almost always

distinct (Kimura, 2015).

In contrast to HCM, DCM genetic architecture is attributed and spanning more than 10

gene ontologies. Many of these genes produce proteins for the sarcomere. Genes producing

Z-disk proteins are also predominant in DCM which is explained by the crucial role they play in

the sarcomere’s mechanosensation. Other genes are linked to proteins associated with calcium

or potassium channels, the nuclear envelope, heat-shock chaperones, and mitochondria

(Hershberger et al., 2013). The precise reason for this varied genetic structure in the onset of

7
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DCM has not been fully explained. However, DCM can be seen as a terminal phenotype that

arises when the cellular mechanisms ensuring contraction force or ventricular stability are

disturbed due to pathogenic variations in genes producing essential proteins in these pathways

(Hershberger et al., 2010).

The percentage of cases with a certain genetic diagnosis, meaning the identification of a

probable causal Mendelian genetic variant, is quite low, at about 40% for HCM and approxi-

mately 30% for DCM. In HCM, two multi-center studies have shown that HCM manifestation

related to sarcomeric rare variants results in more severe outcomes than non-sarcomeric-

related HCM. Patients with proven pathogenic sarcomere mutations showed symptoms at

a younger age and experienced more and earlier HCM-related issues. The likelihood of en-

countering the combined outcome by age 50 was 29% for patients with sarcomere mutations

(SARC+) compared to 14% for those without (SARC−). Even when accounting for a younger

age at initial presentation, the presence of sarcomere mutations significantly elevated the risk

(Ho et al., 2015). These findings were corroborated by the Hypertrophic Cardiomyopathy

Registry, by associating genotype with phenotypic features via cardiac magnetic resonance

imaging. SARC+ individuals often displayed a reverse septal curvature morphology, had a

higher presence of late gadolinium enhancement (LGE), but showed less resting left ventricu-

lar outflow (LVOT) obstruction. SARC− individuals typically exhibited isolated basal septal

hypertrophy, had less LGE, but more LVOT obstruction. The former group represents the

inherited familial form of HCM, while the latter is believed to be the result of a combination

of factors, as indicated by the increased prevalence of secondary LV hypertrophy causes such

as hypertension, high BMI, being male, advanced age, among others (Neubauer et al., 2019).

In DCM, genotype positive individuals (those that carry a rare Mendelian variant) display
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a higher occurrence of major cardiovascular incidents, advanced heart failure, and significant

ventricular arrhythmias. They also show reduced left ventricle reverse remodeling compared

to their non-carrier peers (Escobar-Lopez et al., 2021). Ten-year survival between the two

groups does not show major differences, indicating that comorbidities and aging can alter the

effect of the genotype (Gigli et al., 2019).

Finally, phenotypic variability in cardiomyopathies can arise from incomplete penetrance

of rare pathogenic variants. This explains how not every individual with a causative variation

will display the disease symptoms, and among those who do, the age of onset and disease

intensity can vary widely. So, while some may experience severe conditions requiring heart

transplants early in life, others might not show any symptoms their entire life or only be slightly

affected (Lorenzini et al., 2020, McGurk et al., 2023). This variability can arise from differences

in causative variations, the influence of non-genetic factors, and inheriting additional genetic

elements that either intensify or mitigate the impact of the primary Mendelian genetic variant

on the phenotype.

1.2.2 Common variants

Complex inheritance is based on the simultaneous inheritance of multiple predisposing

variants. Genome wide association studies (GWAS) have been traditionally used as a means

to understand the associations of single nucleotide polymorphisms (SNPs) with disease or

phenotypes. These SNPs are commonly found in the genome, they usually have small effect

sizes and their aggregate effect can be calculated by the use of a Polygenic Risk Score (PRS).
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Polygenic Risk Score (PRS)

The traditional PRS is derived using the total of independent risk variants associated to a

condition, as they are discovered and defined by large-scale GWAS for the given condition. For

every individual, the count of risk alleles at each variant (0, 1, or 2) is summed, adjusted by

its impact (e.g., log Odds-Ratio for binary characteristics or the beta coefficient for continuous

ones) (Choi et al., 2020). This results in a singular score indicating each individual’s genetic

predisposition for a disease or continuous trait (Lewis and Vassos, 2020). Calculating PRS

relies on two datasets: base data, derived from GWAS, which provide summary statistics

like genotype-phenotype correlations at SNPs across the genome. These are often publicly

available or cataloged in resources with large-cohort GWAS efforts. The target data also

consists of genotypes and often phenotypes. These are independent samples from the base

data, used solely to calculate the effects of the previously GWAS-known SNPs of interest and

generate the PRS. The main analysis takes place in this dataset of unseen samples and are

stored as plink binary files (Chang et al., 2015).

A number of different methods are available for calculating risk scores. One set of method

involves ’clumping/pruning and thresholding’, in which a filtered group of genetic variants is

selected by pruning based on linkage disequilibrium and considering their association with the

studied trait (clumping). PRSs are then derived by summing over all SNPs that meet a specific

p-value limit or multiple thresholds, as seen in tools like PRSice (Choi and O’Reilly, 2019,

Euesden et al., 2015). Alternatively, some techniques focus on achieving the best prediction

across the genome by modeling the correlation between variants without trying to pinpoint a

minimal SNP set for forecasting; the Bayesian LDpred approach (Vilhjálmsson et al., 2015)

is the most common choice in this category. Another Bayesian approach includes SBayesR
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(Lloyd-Jones et al., 2019).

HCM and DCM polygenic evidence

Harper et al. (2021) reported results from a GWAS involving 2,780 HCM cases and

47,486 controls, where 12 significant genetic risk factors for HCM were identified. Data

on SNPs revealed a notable polygenic effect, particularly in HCM cases without sarcomere

mutations (64% of cases; h2g = 0.34 ± 0.02). A genetic risk evaluation displayed a pronounced

impact on HCM likelihood in a validation study, cutting the risk by half in the lowest quantile

and increasing it twofold in the highest quantile. This evaluation also affected the severity of

symptoms in those with sarcomere variants.

Following up on this, Zheng et al. (2023b) showed the clinical utility of PRS in HCM

by incorporating SNPs from the largest HCM GWAS, comprising of 5900 cases and 68359

controls. They demonstrated that PRS effectively differentiates penetrance among carriers

of rare pathogenic variants in sarcomeric genes, while also stratifying the risk of developing

HCM in the general population. PRS also correlates with HCM risk in family members of

probands and serves as a new risk indicator for survival and adverse cardiovascular events in

cases (Tadros et al., 2023, Zheng et al., 2023b).

Another GWAS and multi-trait analysis was done in HCM (n=1733), DCM (n=5521),

and 9 LV traits, where 16 loci were found to be associated with HCM, 13 with DCM and

23 with the imaging traits. The study presented pronounced genetic associations of the

cardiomyopathies with the LV traits, that have opposing outcomes between the two types

of cardiomyopathy. The authors explored whether common variants and polygenic effects

could explain the variability in disease severity of HCM cases attributed to rare pathogenic
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sarcomeric variants. It was shown that PRS is indeed associated with maximum LV wall

thickness, indexed to body surface area and adverse clinical events; indicating that an increase

in PRS increased the risk of these (each SD increase results to 28% higher risk of clinical

event) (Tadros et al., 2021).

Another two new SNPs were identified with GWAS in DCM, in a 2021 study of 2,719

cases and 4,440 controls. The same study confirmed another two loci from previous work and

generated a genetic risk score based on the count of risk alleles from all four DCM loci. This

showed that individuals with 8 risk alleles had a risk of DCM that was three times higher than

those with five risk alleles (the median in the referral group). They also did in silico functional

analyses of these loci and found connections with taurine transporters, which are shown to

have associations with myocardial dysfunction and DCM (McGurk et al., 2022). Interestingly,

certain SNPs from the two newly identified loci linked to DCM were previously associated

with cardiac structure and function in the general population (which had a normal average

ejection fraction) in the UK Biobank (Pirruccello et al., 2020).

Finally, DCM’s polygenic architecture was shown in the largest DCM GWAS meta analysis

of 7 cohorts by the HERMES consortium (Lumbers et al., 2021), consisting of 14,255 DCM cases

and 1,199,156 controls. Eighty genetic susceptibility loci were identified and 61 potential

effector genes. Single-nuclei transcriptomics data from a small subset of DCM cases and

controls uncovered cellular conditions, biological processes, and intercellular interactions

central to DCM pathogenesis. PRS was shown to predict DCM in the broader population and

influence the expression of rare pathogenic and likely pathogenic variants in genes causing

DCM. Specifically, there is a 4-fold increased risk for DCM in the top PRS centile compared to

the median, and 7-fold compared to the bottom centile. In over 25,000 individuals with specific
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cardiac traits measured, the PRS was associated with reduced contractility and larger volumes,

typical of DCM. In carriers of rare DCM-causing variants, the PRS effectively differentiated

DCM prevalence, especially among those carrying rare protein-truncating variants in the TTN

gene (Zheng et al., 2023a).

1.3 Cardiomyopathies and Machine Learning

The majority of research combining machine learning models and some prediction,

stratification or risk assessment of cardiomyopathies involves basic genomic data information

and outputs of imaging diagnostic tests such as cardiac magnetic resonance imaging (CMR) or

electrocardiogram (ECG) data. In Chapter 2 there is a detailed summary of main machine

learning algorithms used extensively in biomedical settings and the most common neural

network models, also used in this thesis. In this section fundamental studies in imaging and

genomic data in relation to cardiomyopathies will be introduced.

1.3.1 Cardiomyopathies and imaging with ML modeling

Left ventricular (LV) hypertrophy of the heart muscle is a strong predictor of cardiovascu-

lar outcomes; recent work (Biffi et al., 2018) has shed light on its genetic regulation through

the use of a framework for statistical parametric modeling of 3D cardiac structure. This robust

framework encodes multiple phenotypic traits and when validated on both synthetic and

clinical datasets it shows suitability for detecting genotype-phenotype interactions on LV shape

and geometry.
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Figure 1.2: From left to right: HCM, normal, and DCM heart muscle cardiac magnetic resonance images. The
arrow in the HCM image shows the enlargement of the wall. Arrows in the DCM image show the dilation of the
ventricle and subsequent thinking of the wall. RV: right ventricle, LV: left ventricle (Reproduced with permission
from (Watkins et al., 2011), Copyright Massachusetts Medical Society.)

CMR-based studies

The Biffi framework utilizes CMR image inputs that have been segmented by a method

developed in the O’Regan lab (Bai et al., 2018, Bello et al., 2019). Briefly, the left and right

ventricles from the CMR images are segmented using previous knowledge of the cardiac

anatomy from a set of manually annotated atlases. Each of these segments are then co-

registered to ensure the anatomical consistency between subjects, creating a template space

of the heart structure. This template space is referred to as the atlas. The atlas acts as a

reference for the subsequent transformation of the anatomical and functional information of

each subject image. For example, when an image goes through transformation to the template

space, the algorithm ensures that the position and orientation of the points across all subjects

are identical but it still keeps the differences in size and shape (Bai et al., 2015, Marvao et al.,

2015). This results in a 3D shape cardiac model with 46,808 points/vertices that can be

visualized in a standard coordinate space. Slight differences in the spatial coordinates across

all subjects account for the size and shape variations.
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These 3D structures of the left ventricle were further used by Curran et al. (2023) to

build a tree-based classification of HCM patients, based on a machine learning dimensionality

reduction method. Four distinguishable phenotypic patterns were identified: (a) hypertrophy

not linked to sarcomeric variants but associated with hypertension; (b) widespread and lower

asymmetrical hypertrophy linked to outflow tract blockage; (c) isolated basal hypertrophy;

(d) milder hypertrophy without obstruction, primarily found in familial cases with sarcomeric

HCM. Additionally, polygenic risk related to HCM showed varied disease expression patterns.

The model’s reliability was confirmed in a separate cohort.

Another study looked at more precise phenotype extraction from the 3D images that

leads to better genetic discovery of related loci. Phenotyping is carried out using autoencoders

and the latent variables capture the geometry of the biological structure in question. Training

of this network happens in two phases: the initial phase is independent of genotype, while the

second phase associates with genetic markers chosen through GWAS based on the intermediate

representation. This genotype-based optimization helps refine the phenotypes from the

autoencoder, enhancing our comprehension of the genetic markers’ impacts. The method was

evaluated using UKBB LV meshes, unveiling new genetic associations previously not found in

cardiac phenotype literature (Bonazzola et al., 2021).

Given the strong link of DCM with heart failure, the majority of studies using ML and

imaging data focus on heart failure prediction or trying to explain DCM’s progression to

heart failure. Thanaj et al. (2022) evaluated CMR data from UKBB participants, utilizing

the same segmentation framework described above but also evaluating motion tracking of

the cine images using non-rigid image registration between successive frames (Puyol-Anton

et al., 2018, Rueckert et al., 1999). Three established diastolic function traits were measured:
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radial and longitudinal peak early diastolic strain rate and the maximum body surface area-

indexed left atrial volume. GWAS was performed on these diastolic function traits, so as

identify actionable causative mechanisms. Diastolic function was found to be hereditary, with

associated loci linked to myofilament mechanics, protein synthesis under mechanical stress,

and the regulation of cardiac contractility. Mendelian randomization identified a causal link

between genetically defined diastolic function and heart failure outcomes. Examination of

CMR images has also shown a greater trabecular fractal dimension in DCM patients compared

to controls, mostly at the base and apex of the left ventricle (Meyer et al., 2020). Cardiac

trabeculation is the network of muscle fibers or ridges (called trabeculae) that form on the

inner surfaces of the ventricles. Excessive trabeculation has been shown to be associated with

adverse cardiac outcomes (Petersen et al., 2023) while an inverse relationship can be observed

with DCM and heart failure where loci linked to reduced trabeculation are correlated with

higher risk of disease (Meyer et al., 2020).

Two-dimensional cardiac traits can be derived from the short axis cine image stacks of the

CMR, that relate to either hypertrophic or dilated cardiomyopathy. Standard measurements of

the right and left ventricles (RV and LV) like chamber volumes, ejection fraction, and LV mass

can be obtained from the short-axis cine images. Tagging sequences enable the assessment of

strain, providing a more detailed view of myocardial contraction than traditional measures like

ejection fraction. Strain measurements can also be achieved using feature tracking methods

on both long- and short-axis cine images (Raisi-Estabragh et al., 2021). A full list of the 80

2D cine image derived traits can be found in Chapter 3.1. These derived traits are not as

high-dimensional as the meshes and have been used more extensively in studies.

Li et al. (2023) investigated the predictive value of different segments of wall thickness
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for mortality in DCM. The left ventricular posterior wall thickness (PWT) independently

predicted overall mortality. Relative interventricular septum wall thickness (RWT) showcased

a higher predictive capacity compared to PWT. Patients with a PWT of less than 5.7 mm or an

RWT of less than 0.19 faced a notably higher mortality rate. However, there was no evident

link between the thickness of the left ventricular septum wall and DCM patient outcomes.

These results indicated that both PWT and RWTPW are valuable markers for forecasting DCM

outcomes and different parts of the left ventricular wall might be more responsible for the

phenotype.

In addition to discovery of new factors or traits explaining cardiomyopathies, a few

studies also use imaging for diagnosis between the different types of cardiomyopathies and

cardiovascular diseases. A number of studies have developed neural network algorithms for

diagnosis prediction between HCM, DCM, controls and another two types of cardiomyopathy

from the Automated Cardiac Diagnosis Challenge (ACDC) dataset. Findings demonstrate

that using multi-task training leads to a convergence rate that is 2.5 times quicker and cuts

the diagnostic error from 32% down to 22% when compared to a foundational method

trained without segmentation (Snaauw et al., 2019). Diagnostic models where segmentation

is separate include pipelines where the segmentation is done by a neural network architecture,

and then a number of features are selected as input to an additional ML model where the

disease classification is performed. Random Forests have been used as models for multi-class

classification using these derived CMR features, with accuracies at 90%-91% (Khened et al.,

2018, Wolterink et al., 2018).

Finally, de Marvao et al. (2021) demonstrated the relationships between LV traits and

HCM sarcomeric P/LP variants. Notably, these variants were linked to a higher lifetime risk of
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adverse cardiovascular outcomes, mainly due to heart failure and arrhythmia. This risk was

somewhat independent of LV wall thickness and was not limited to individuals with HCM or

those meeting cardiomyopathy criteria. Therefore, it is evident that the risk of heart failure

is not fully captured by visible phenotypic expression in the LV wall; which, aligns with the

profibrotic state that arises before LVH development in cases with HCM variants (Ho et al.,

2010). This emphasizes the potential of genomic testing for sarcomeric variants to adjust

cardiovascular risk evaluations, even without CMR-based phenotyping.

CMR/ECG-based studies

An ECG is a diagnostic tool that measures the electrical activity of the heart. The

test provides insights into the heart’s rhythm and electrical conduction. Specifically, the

conventional 12-lead ECG captures voltage variations between specific points on the body’s

surface throughout the cardiac rhythm cycle. These changes mirror the shifts in transmembrane

voltages in myocardial cells during each cycle’s depolarization and repolarization phases.

Disruptions or abnormalities in this activity can indicate various cardiac conditions or disorders.

The ECG can reveal patterns corresponding to arrhythmias, myocardial infarction, and other

cardiovascular disease, including cardiomyopathies (Kligfield et al., 2007).

A study looking at penetrance of HCM and associating ECG and CMR phenotypes showed

that an abnormal ECG is associated with a greater risk of developing HCM; while around

50% of carriers of sarcomeric P/LP variants manifested the disease even after initial negative

screening. The abnormal ECG association with higher risk was consistent irrespective of

gender or genotype. Presenting a normal ECG does not necessarily rule out HCM, as over a

quarter of patients lacked significant ECG irregularities at the time of their diagnosis (Lorenzini
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et al., 2020). For DCM, using the 12-lead ECG and CMR screening in UKBB for individuals

with suspected pathogenic variants, 16.2% were found to have early, subclinical signs of DCM,

including cardiac arrhythmias, isolated ventricular enlargement, and non-dilated hypokinetic

DCM (Shah et al., 2022). Identifying cardiomyopathy cases with the use of imaging and

specifically ECGs, given the evident source of information hidden in them, can be effectively

empowered by the use of ML.

A convolutional neural network (CNN) was designed to detect HCM from 12-lead ECGs.

The model’s performance reached an AUC of 0.96, with low rates of false positives and a high

negative predictive value at various HCM probability thresholds. The model implemented

on the younger age group of the study (less than 40 yo) achieved the highest metrics values;

however, sample sizes in young adults were low and pediatric patients were not considered.

Moreover, for participants meeting the ECG criteria for LVH, the model’s performance is

comparable to the general population with an AUC of 0.95 (95% CI: 0.94 to 0.97). This

indicates the model’s efficiency in differentiating HCM from other LVH causes (Ko et al., 2020).

HCM patients where clustered in phenogroups based on high-resolution ECG signals and

analyzing the QRS patterns and T wave indicators. These phenogroups exhibit variations

in both HCM Risk-SCD scores and the localization of LV hypertrophy, as visualized through

CMR (Lyon et al., 2018). The use of AI-ECG in HCM also showed promise in observing

disease progression, cardiac hemodynamics, and treatment effects in a universally available

and non-intrusive way, as shown in a study monitoring the response to mavacamten (a

cardiac myosin inhibitor) via longitudinal ECG (Siontis et al., 2023). Studies assessing cardiac

contractile activity or hypertrophy as phenotypes, and not classifying and differentiating HCM

from non-HCM controls, also yield additional information on the structural intricacies of the
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heart (Attia et al., 2019). Unlike existing methods that simply detect cardiac structural issues

through ECG, the ecgAI method measures the severity of these abnormalities on a scale. Using

echocardiography as a benchmark, the accuracy of ecgAI varied, with the best predictions for

left ventricular mass and the least accuracy for left atrial volume. When measurements were

categorized, the model effectively distinguished between LVH and diastolic dysfunction, but

struggled with estimating larger atrial volumes. The ecgAI method can also highlight specific

ECG components that most influence the classification of each cardiac anomaly (Tison et al.,

2019).

Finally, the ability to predict all-cause mortality and future cardiovascular events via

features from Neural Network (NN) processed ECGs can create significant prognostic value. A

model developed by Sau et al. (2023) defined subgroups that leverage existing ECG markers;

their results indicate that these groups offer added prognostic insights beyond traditional

markers. When tested on various diverse cohorts, including the UKBB and SaMi-Trop, the

identified phenogroups consistently showed their prognostic relevance, even in different

demographic contexts and specific diseases like Chagas Cardiomyopathy. This suggests that

these NN-based ECG features can be beneficial for a variety of cardiac conditions and clinical

scenarios.
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1.4 Genetics of cardiomyopathies in clinic

The development of next generation sequencing has allowed for clinical genetic testing

panels with genes related to a specific phenotype (Hershberger et al., 2018). Double-stranded

DNA probes are used as a mutation capture technology in the clinical setting. This technology

shows high efficacy in detecting mutations in cardiac genes and therefore is commonly used for

clinical testing (Wilson et al., 2015). Approaches like the ACMG (American College of Medical

Genetics and Genomics) framework (Richards et al., 2015) and tools like CardioClassifier

(Whiffin et al., 2018), an automated and interactive web tool for clinical variant interpretation,

provide a way to discriminate benign and pathogenic variants for clinical application across a

wide range of ICCs.

In research settings, whole exome sequencing (WES) is more commonly used as it

provides more information than targeted panels. Specifically, WES is the process of identifying

the sequences of all protein-coding regions of the genome, the exome (Ng et al., 2009). This

technique can capture variants that alter protein structure and lead to disease from a more

inclusive set of regions compared to targeted panels. As WES is being introduced in clinical

settings, more and more labs are now conducting WES pipelines where the analysis includes

a virtual panel of all exomes generated, but only genes of interest analyzed (Seaby et al.,

2016). This WES clinical implementation makes the need to overcome issues in clinical variant

annotation and other hindering utility factors more imperative.

WES proves effective in diagnosing patients with DCM. A recent study showed that WES

picked up a pathogenic or likely pathogenic (P/LP) variant in 12% of the DCM patients in

a typical clinical environment. An additional 10% had truncating TTN variants labeled as

variants of unknown significance (VUS). No variants in the expanded gene set data were
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assigned as pathogenic. Alarmingly, 5 participants (6%) had variants deemed as unknown

based on strict American College of Medical Genetics (ACMG) guidelines, yet other clinical

labs classified them as either P/LP. The study’s findings suggest that when adhering closely to

current guidelines for classification, the identification rate of pathogenic variants is less than

what was earlier reported (Ramchand et al., 2020).

The HYPERGEN study verified the effectiveness of WES in detecting HCM. Beyond the

variants identified by targeted sequencing, WES found additional variations, indicating a

broader genetic heterogeneity and possibly oligogenism. While it reinforced the significant

role of MYBPC3 and MYH7, it also highlighted an unexpected number of mutations in genes

like TTN, FLNC, SCN5A, and RYR2, suggesting a link between HCM and arrhythmia genes

(Nguyen et al., 2021).
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1.5 Hypothesis and Aims

My hypothesis for this project lies on the above evidence that both genomic and CMR

data can be utilized to predict cardiomyopathy clinical outcomes and therefore enhance the

effectiveness of diagnosis, prognosis, risk assessment, and stratification of patients.

The overall aim of this thesis is to leverage novel ML methods to either investigate

important CMR imaging features and the polygenic nature of cardiomyopathies as well as to

pre-screen and/or stratify patients.

My specific objectives are:

1) Develop new ML methodology to mitigate the issues of correlation in general ‘-omics’

datasets, encompassing the genomics and imaging data utilized in this thesis.

2) Employ interpretable ML methods to train models for pre-screening and/or stratifi-

cation of HCM and DCM patients, with the use of genomic and clinical information readily

available in the health record.

3) Develop a novel deep learning method for calculating Polygenic Risk Score (PRS) and

assess its utility on known cardiomyopathy outcomes and traits.

1.6 Scope of this thesis

This thesis will combine the efforts of developing new ML methodology to address

some long-standing issues with -omics datasets (including genomics and imaging) while also

leveraging already established ML techniques to assess their utility in stratifying, pre-screening

or creating means (such as PRS) for evaluating cardiomyopathies.

This Chapter 1 provided an introduction on cardiomyopathies and Chapter 2 provides a
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detailed methodological description of ML methods utilized throughout the thesis. Chapter 3

will introduce the datasets available for the analyses and preliminary unsupervised exploration

of the data types, which includes the genomic and the highly-correlated CMR imaging data.

Chapter 4 describes the novel method developed to address correlated datasets (LAVASET)

which investigates more efficiently the important features found in the CMR imaging data.

Chapter 5 introduces interpretable ML models for HCM and DCM patient stratification, with

the use of clinically readily available information, and how these models’ performance is

enhanced when incorporating important CMR features produced by LAVASET in Chapter 4.

Finally, Chapter 6 showcases how deep learning can be used to generate PRS and evaluate its

utility in cardiomyopathies, given their complex genetic architecture. Chapter 7 rounds off the

thesis with general conclusions and future perspectives.
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Introduction to Machine Learning
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2.1 Introduction

This chapter will introduce and explain in detail a variety of classical machine learning

methods, along with some neural network algorithms, that are used extensively in this thesis.

Both supervised and unsupervised learning techniques have been employed for the analyses.

Supervised learning is a type of ML where the algorithm learns from labeled data. In this

approach, the dataset used for training contains both input features and their corresponding

output labels or target values. The algorithm learns to map the input features to the correct

output labels by minimizing the error between the predicted and actual labels. Supervised

learning algorithms can be used for classification (predicting binary/categorical labels) and

regression (predicting continuous values). Unsupervised learning deals with unlabeled data,

where the algorithm learns patterns or structures in the data without any explicit target labels.

The goal of unsupervised learning is to discover hidden patterns, relationships, or clusters in

the data. The algorithm aims to represent the data in a structured way by trying to group

similar data points together (Bishop, 2006).

2.2 Statistical Testing

Mann-Whitney U-test: The Mann-Whitney U-test is a non-parametric statistical test

that is used to determine whether there are significant differences between two independent

groups on a continuous or binary outcome. It does not assume a normal distribution of the

outcome variable. The test works by ranking all the values from low to high across both groups

and then assessing whether one group tends to have higher or lower ranks compared to the

other group (Mann and Whitney, 1947).
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Kruskal-Wallis H-test: The Kruskal-Wallis H-test is also a non-parametric test and an

extension of the Mann-Whitney U-test for more than two groups. It is used to determine if

there are significant differences between three or more independent groups on a continuous

or ordinal outcome. Like the Mann-Whitney U test, it ranks all the data but across multiple

groups (Kruskal and Wallis, 1952).

Independent T-test: The independent t-test, also known as the two-sample t-test, is

used to determine whether there is a statistically significant difference between the means

of two independent or unrelated groups. It is a parametric test that assumes the data are

normally distributed within each group and that the variances between the two groups are

equal (Pfanzagl and Sheynin, 1996).

Multiple testing correction: For multiple testing correction, the Hommel method was

used as a method designed to control the family-wise error rate (FWER) when conducting

multiple comparisons. The family-wise error rate is the probability of making one or more

false discoveries, or Type I errors, when performing multiple hypotheses tests. Hommel’s

method is an improvement over the more conservative Bonferroni correction, which can be

overly stringent and reduce statistical power. The Bonferroni correction simply divides the

significance level (e.g., 0.05) by the number of tests to ensure that the overall probability of a

Type I error across all tests does not exceed the desired level. Hommel’s methodology is more

complex and adjusts p-values while taking into account the interdependence of the tests. It is

less stringent by applying a smaller adjustment to each individual test, thus increasing the

chances of detecting true effects while still controlling the FWER (Hommel, 1988).
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2.3 Unsupervised Learning

1. Dimensionality Reduction UMAP (Uniform Manifold Approximation and Projection)

was used to reduce the high-dimensional number of features (common SNPs or rare

variants). UMAP is a nonlinear method that preserves both local and global structure

in the data. It creates a fuzzy topological representation of the high-dimensional data

and then finds a low-dimensional embedding that best preserves this representation.

UMAP achieves this by optimizing an objective function that balances the preservation of

pairwise distances and local neighborhood structures in the data (Mcinnes et al., 2020).

2. Clustering K-means clustering is a partition algorithm which aims to separate n points

in k clusters by assigning each point to the cluster with the nearest mean. This process is

done a number of times so as to minimize the variance within each cluster by calculating

the squared Euclidean distances of the points. To find the optimal number of clusters, the

within-cluster-sum of squared errors (WSS) for 2 to 10 number of clusters was calculated.

When plotting the WSS against the number of clusters we pick the point where WSS

starts to flatten also visible as an elbow on the graph. This point is the value with the

maximum second-order difference in WSS (Arthur and Vassilvitskii, 2006).

2.4 Supervised Learning

2.4.1 Random Forest

Random Forest (RF) is an ensemble learning method that was developed as an extension

to the decision tree algorithm by Breiman (2001).
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The RF algorithm starts by constructing multiple decision trees in parallel. Each tree is

built independently and using a different subset of the data which are created by randomly

sampling the dataset with replacement (bootstrapping). The user can define the proportion

of samples to be used for each tree, and whether samples should be chosen with or without

replacement. To increase robustness, for each decision tree, RF also considers a random subset

of features for each node prior to determining the split, rather than considering all features.

Here, the user can again define the proportion of features to be selected for each tree (Breiman,

1984, 2001).

In default settings, trees are built to their maximum depth and are not pruned. Unless

specified otherwise by the maximum depth parameter, individual trees will grow until all

samples are being separated in the purest leaf nodes. Splits are being decided based on

different metrics: for classification, Gini impurity or entropy can be used and for regression,

variance. Once all the trees in the ensemble have been built, the RF makes predictions by

aggregating the prediction outputs of all the decision trees (bagging). For classification the

mode of the classes (i.e., the class that gets the highest number of votes) predicted by each

tree is taken as the final prediction. For regression it takes the average of the outputs by

different trees. The final prediction aggregated from all the trees is returned as the output of

the Random Forest (Breiman, 1984, 2001).

A useful feature of RF is its ability to perform cross-validation during training, due to

the fact that each tree is constructed using a different bootstrap sample subset. The user

can specify the proportion of samples left out of the bootstrap sample, and use these as the

out-of-bag (OOB) sample. For each tree, the respective OOB sample can be used to validate

the training performance on an unseen set.
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Advantages of RFs include robustness due to the number of trees participating in the

process. RFs can also handle missing values and large data sets with higher dimensionality. Its

major limitation lies on the ability to disregard correlation between variables.

2.4.2 Gradient Boosting Trees

Gradient Boosting Trees (GB-Trees) is an ensemble learning method used for regression

and classification problems. It is based on the idea of boosting, which involves combining

several weak learners to create a stronger ensemble. In the case of Gradient Boosting Trees,

similar to Random Forest, the weak learners are decision trees.

The algorithm starts by predicting a constant value for all samples in the dataset. This

constant is usually chosen to be the average target value for regression, or the majority class

for classification. After making predictions with the base learner (first tree trained), the

algorithm computes the loss, defined by the difference between the predicted values and the

real values. It then calculates the negative gradients of the loss with respect to the predictions.

Construction of the next trees is guided by these gradients, also known as ’pseudo-residuals’,

which dictate how each tree should correct and minimize the errors of the previous one. After

fitting a decision tree to these gradients, a weight is assigned to it based on the error modeling

(for the specific tree) in relation to the ensemble. This weight is typically found by solving a

one-dimensional optimization problem, where the goal is to find the weight that minimizes

the loss when the tree is added to the current ensemble (Friedman, 2002, Ridgeway, 2020).

The predictions are updated by adding the weighted decision tree’s output from the

current iteration to the predictions from the previous iteration. This is done in a gradual

manner, controlled by a learning rate parameter (usually between 0 and 1). The learning rate
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essentially regularizes the contribution of each tree to the ensemble, preventing over-fitting.

This process of fitting a new tree and calculating new weights is repeated a specified number

of times or until the loss reaches an acceptable level or plateau on the validation set.

The final model is an ensemble of the weighted decision trees. To make predictions, the

outputs of all the trees are summed up (with their respective weights). In addition to the

learning rate, GB-Trees also have other regularization parameters like tree depth limitation,

random subsampling of the training data and features to prevent overfitting.

GB-Trees are powerful and have been shown to be very effective on a wide range of

machine learning problems. However, they can be sensitive to overfitting if the data is noisy,

and they require careful tuning of the parameters. They are also computationally expensive,

especially with large datasets, as the learning is sequential and cannot be parallelized as

efficiently as Random Forests (Ridgeway, 2020).

2.4.3 Support Vector Machines

An SVM is a discriminative technique that maps samples in a high-dimensional feature

space and finds the best separating hyperplane that divides the input in two classes (Gholami

and Fakhari, 2017). Given a set of instance-label pairs (xi, yi), i = 1, ..., l, xi ∈ Rn, yi ∈

{−1,+1}, the SVM solves the following optimization primal problem:

min
1

2
wTw + C

l∑
i=1

(max(0, 1− yiw
T + xi))

2

The goal of SVM during training is to find the optimal hyperplane that maximizes the

margin between two classes. The margin is defined as the distance between the nearest data
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points (of two classes) to the hyperplane. These nearest points are called support vectors.

SVM aims to maximize this margin, so in the optimal hyperplane the distance from the margin

to the support vectors on each side is maximized (Gholami and Fakhari, 2017). The soft

margin allows some samples to be assigned on the wrong side of the hyperplane, but at a cost.

The C parameter determines the trade-off between maximizing the margin and minimizing

the classification error. A small value of C creates a wider margin but may tolerate more

misclassifications, while a large value of C aims for a perfect classification, at the risk of

over-fitting.

Kernel methods are a away to transform high-dimensional data into a feature space of

pairwise similarity comparisons of the original data points. For non-linearly separable data,

this transformation can be useful by making the data linearly separable for the hyperplace.

The kernel function therefore reduces the dimensionality by calculating the inner products of

the function output values of all data pairs. Common kernel functions include the polynomial

kernel, radial basis function (RBF) and the sigmoid kernel (Hofmann et al., 2008).

To predict unseen data, the SVM projects the new data points on the high-dimensional

space and calculates the signed distance from the point to the hyperplane. If the distance is

positive, the data point belongs to one class, and if it is negative, it belongs to the other class.

Advantages of SVMs include the flexibility in choosing the kernel for various decision

functions. This renders it well-suited for problems where samples are not linearly separable

(often seen in biological contexts). SVMs are able to handle high-dimensional datasets,

however this can sometimes come with a cost in memory or speed (Gholami and Fakhari,

2017).
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2.4.4 Multi-Layer Feed-Forward Neural Networks

Multi-layer feed-forward neural networks (MLFNN) are a subset of artificial neural

networks (ANNs) that follow the basic principles of ANNs: each neuron within the network

is able to receive a signal, process it and send it as output to another neuron. Each neuron

should be connected to at least one other neuron and their connection (edge) is defined by

a real number. This value assigns an importance of the given edge in relation to the whole

network (Svozil et al., 1997).

MLFNNs are designed in layers, where the first layer is the input layer, the in between

layers are hidden layers and the last layer becomes the output layer. In a MLFNN, the signal

moves in only one direction—forward—from the input nodes, through the hidden nodes, and

to the output nodes, which is different from other types of ANNs where feedback loops or

cycles are incorporated. Dense layers, also known as fully connected layers, are those in which

each neuron receives input from all the neurons of the previous layer, fully connecting the

layers (Glorot et al., 2011, Svozil et al., 1997).

The ReLU (Rectified Linear Unit) function is commonly used as an activation function in

dense (hidden) layers of the MLFNN. It introduces non-linearity into the model, allowing the

network to learn more complex patterns. The ReLU function is defined as f(x) = max(0, x).

Therefore if the input is > 0, it will output the value directly, but if it is < 0, it will output

0. ReLU is favored because of its non-linear capabilities and simplicity which allows for

computational efficiency in training (Glorot et al., 2011).
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2.4.5 Metrics

A number of metrics were used to evaluate the different models across the chapters.

The main metric calculated for evaluating each model’s accuracy and effectiveness is the Area

Under the Receiver Operating Characteristic (ROC) curve (AUROC) score. The ROC curve is a

probability curve that shows the performance of a binary classifier across various thresholds.

The curve is created by plotting the true positive rate (sensitivity or recall, described below)

against the false positive rate (1 - specificity, described below) at various threshold settings.

The AUROC value is the area under the ROC curve, ranging from 0 to 1. AUROC overall

represents the degree of separability between the classes (Fawcett, 2006).

Precision is the proportion of true positive predictions among all positive predictions.

It represents how many of the predicted positive instances are actually positive (Powers and

Ailab, 2020).

Precision =
True Positives (TP)

True Positives (TP) + False Positives (FP)

Recall (also known as Sensitivity or True Positive Rate) is the proportion of true positive

predictions among all the real positive instances. It represents how many of the true positive

instances were correctly predicted by the model (Powers and Ailab, 2020).

Recall =
True Positives (TP)

True Positives (TP) + False Negatives (FN)

The False Positive Rate (FPR) is the proportion of false positive predictions among all

the known negative instances. It represents how many of the ground truth negatives were
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incorrectly predicted as positive by the model (Powers and Ailab, 2020).

FPR =
False Positives (FP)

False Positives (FP) + True Negatives (TN)

The F1 Score is the harmonic mean of precision and recall. It is often used when the

classes are imbalanced as a more accurate evaluation metric for models. If either precision or

recall is low, the F1 score will also be low, ensuring that a balance between the two metrics is

achieved (Powers and Ailab, 2020).

F1 Score = 2× Precision × Recall
Precision + Recall

When imbalance of classes poses an issue in evaluating the model another probabilistic

curve can be used to assess performance. The Precision-Recall (PR) curve illustrates the

trade-off between precision and recall across different threshold points. The PRAUC is the

area under the PR curve (Davis and Goadrich, 2006).

The average precision (AP) in the context of the precision-recall curve is a summary

measure that quantifies the relationship between precision and recall for a binary classification

problem at different thresholds. It provides a single value that summarizes the precision-recall

curve. The average precision is computed as the weighted mean of precisions achieved at each

threshold, with the increase in recall from the previous threshold used as the weight (Powers

and Ailab, 2020):

AP =
∑
n

(Rn −Rn−1)Pn

Where:
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• Pn is the precision at the nth threshold.

• Rn is the recall at the nth threshold.

• Rn−1 is the recall at the (n-1)th threshold.

The AP calculates in a different way the area under the precision-recall curve, and it

provides a single value that summarizes the shape of the curve. A perfect classifier will have

an AP of 1, while a random classifier will have an AP value close to the proportion of positive

samples.
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3.1 Introduction

A variety of studies perform phenotypic clustering to look at subgroups of DCM or HCM.

These use different omics inputs and focus mostly on diseased cohorts (Tayal). In addition, a

lot of the methods employed to analyze these cohorts are linear methods (PCA, mixed linear

regression), although recently more complex dimensionality reduction methods (DDRTREE)

are seen being used (Curran et al., 2023).

Here we want to explore whether the raw genomic inputs generated in an additive

model (0,1,2 encodings) can yield subclusters that are informative to explaining the phenotypic

variability of HCM and DCM. This is approached by using information from mostly healthy

volunteers of the UKBB, and a targeted disease HCM cohort. Both common SNPs and rare

variants in genes associated with HCM and DCM are being analyzed, with an aim to evaluate

whether there are hidden structures that can be driven by non-linear relationships between

these variants. Additionally, being able to link genomics-derived groups with other types of

-omics or clinical data available, such as the CMR imaging traits, could unlock informative

links.

This chapter will introduce the two main datasets used in the subsequent analyses, as

well as the data types utilized. It will also set the context for Chapter 4, and a novel ML

method developed to mitigate correlation artifacts when using the Random Forest algorithm.

3.2 Datasets

For the entirety of analyses presented in this thesis two datasets were utilized. The UK

Biobank (UKBB), a large voluntary-based cohort of participants, and the Royal Brompton
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Hospital (RBH) Cardiovascular Biobank, a specific disease cohort, managed by collaborators.

3.2.1 UK Biobank (UKBB)

The UKBB initiative is a prospective study that gathered detailed genetic and phenotypic

information from approximately 500,000 individuals in the UK, at an age between 40 and 69

years old when recruited. For each participant a wide variety of measurements and health-

related data was collected, from lifestyle indicators to bodily fluids for biomarker exploration.

For the purpose of this thesis, the two types of genomic data information was analyzed

(genotyping and whole exome sequencing) as well as the cardiac magnetic resonance imaging,

available in a subset of participants.

Genomic data

Two types of genomic data have been utilized in the analyses presented here. Whole-

genome genotyping data for 488,377 participants, the majority of which was implemented

with the UK Biobank Axiom Array, was released at the first stage of the initiative. Markers

were chosen to capture genome-wide genetic variation with SNP and insertions and deletions;

some markers were chosen for association with disease and to include coding variants across

a range of minor allele frequencies (MAFs), and others to include rare variants. Detailed

information on the protocol can be found at Bycroft et al. (2018).

The whole exome sequencing (WES) data was released in 3 stages, with the final release

of the 454,787 participants occurring in the end of 2021. The data collected averages over

600 coding variations per gene, encompassing roughly 50 predicted loss-of-function (pLOFs)

mutations per gene (Backman et al., 2021). Exomes were captured by a customized version
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of the IDT xGen Exome Research Panel v.1.0. The basic design targets 39 megabases of the

human genome, covering 19,396 genes across autosomes and sex chromosomes. To enhance

the coverage in underperforming loci, extra probes were added. Further information on the

Regeneron protocol can be found in Hout et al. (2019).

Imaging data

The cardiac magnetic resonance (CMR) protocol consists of a 20-min scan performed

using a 1.5 T scanner (MAGNETOM Aera, Syngo Platform VD13A, Siemens Healthcare,

Erlangen, Germany). The protocol includes bright blood anatomic assessment (sagittal,

coronal, and axial), left and right ventricular cine images (long and short axes), myocardial

tagging (three short-axis slices), native T1 mapping, aortic flow, and imaging of the thoracic

aorta (Raisi-Estabragh et al., 2021). Further information on the exact imaging protocol details

and ethical considerations are explained in Raisi-Estabragh et al. (2021).

39,559 out of the ∼50,000 Cardiac Magnetic Resonance (CMR) images have been

segmented by a method developed by collaborators in the O’Regan lab (Bello et al., 2019).

Briefly, the left and right ventricles from the CMR images are segmented using previous

knowledge of the cardiac anatomy from a set of manually annotated atlases. Each of these

segments are then co-registered to ensure the anatomical consistency between subjects,

creating a template space of the heart structure. This template space is referred to as the

atlas. The atlas acts as a reference for the subsequent transformation of the anatomical and

functional information of each subject image. For example, when an image goes through

transformation to the template space, the algorithm ensures that the position and orientation

of the points across all subjects are identical but it still keeps the differences in size and shape
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(Bai et al., 2015, Marvao et al., 2015). This results in a 3D shape cardiac model with 46,808

points/vertices that can be visualized in a standard coordinate space. Slight differences in

the spatial coordinates across all subjects account for the size and shape variations. The

QCed outputs include TXT files for each individual’s left ventricular dimensions in systole and

diastole. For each of the 46,808 vertices, the following measurements were taken:

• location in space: in x, y, z coordinates

• wall thickness in diastole; measured by calculating the distance of vertices between the

endocardial and epicardial layers of the ventricle wall (it is only clinically relevant to

study wall thickness in diastole since when the cardiac muscle contracts it is hard to

distinguish wall thickness from the papillary muscles and trabeculations)

• signed distance measurements; a metric of how each point in the model compares to a

mean shape (positive numbers correspond to a larger heart, etc.), this serves as the 3D

estimation of the clinical diastolic and systolic volume metrics for each individual

• curvature; a metric for the regional curvedness of the left ventricle surface

In addition to these 3D shapes, phenotypes that relate to the wall thickness, chamber

volumes, strains and trabecular traits have also been derived from the non-rigid image

registration motion tracking analysis. The final traits are shown in Table 3.1, and more

information on the methodology and guidelines used can be found in de Marvao et al. (2021).

3.2.2 Royal Brompton Hospital Cardiovascular Biobank

A total of 710 individuals diagnosed with HCM, who either visited the inherited car-

diomyopathy service or were referred for CMR imaging, were consecutively registered in a
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Category Traits
Ascending Aortic (AA) AAo max area, AAo min area, AAo distensibility
Descending Aortic (DA) DAo max area, DAo min area, DAo distensibility
Left Atrium (LA) LAV (Volume) max, LAV min, LASV (Systolic Volume),

LAEF (Ejection Fraction)
Right Atrium (RA) RAV max, RAV min, RASV, RAEF
Left Ventricle (LV) LVEDV (End Diastolic Volume), LVESV (End Systolic Volume),

LVSV, LVEF, LVCO (Cavity Obliteration),
LVM (Mass), WT Global, WT Max Global,
Err Global, Ell Global, Ecc Global

Right Ventricle (RV) RVEDV, RVESV, RVSV, RVEF
Mean Wall Thickness (WT) WT AHA 1, WT AHA 2, ..., WT AHA 16
Max WT WT Max AHA 1, WT Max AHA 2, ..., WT Max AHA 16
Radial Strain Rates (Err) Err AHA 1, Err AHA 2, ..., Err AHA 16
Circumferential Strain Rates (Ecc) Ecc AHA 1, Ecc AHA 2, ..., Ecc AHA 16
Longitudinal Strain Rates (Ell) Ell 1, Ell 2, ..., Ell 6

Table 3.1: Summary of CMR derived traits from motion tracking analysis. Abbreviations are explained in first
occurrence on the table.

prospective registry as part of the NIHR Royal Brompton Hospital Cardiovascular Biobank

project, from 2009 to 2015. A specialist in cardiomyopathy independently verified the HCM

diagnosis based on recognized clinical and CMR guidelines. All the patients satisfied the

diagnostic criteria set by the American Heart Association (see Intro). All the patients were

subjected to CMR to evaluate the volumes and functions of their cardiac chambers using

a 1.5T Siemens Sonata or Avanto system (Siemens Medical Systems, Erlangen, Germany).

Segmentation of the images was performed as described above. For generating genotyping

data, two ICC -specific panels were used: the Illumina TruSight Cardio Sequencing Kit1, which

covers 174 genes linked to ICCs. This sequencing was performed on the Illumina MiSeq

and NextSeq systems. The second panel was a custom-made Agilent SureSelect gene panel

related to ICCs, using the Life Technologies SOLiD 5500xl platform. More information on the

bioinformatic pipelines and variant calling procedures can be found on Walsh et al. (2017).
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Figure 3.1: 3D plots of the CMR imaging meshes of a normal heart (Control, A, C), HCM (B), and DCM (D).
A and B panels are color coded by wall thickness, while C and D panels are coded by signed distance (a more
appropriate measurement for dilation in the left ventricle).
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3.3 Methods

3.3.1 Common Variants

The first set of inputs generated for the unsupervised pipeline comprised of common

SNPs (MAF > 0.001). These were selected by curating GWAS outputs performed on the

HCMR cohort (Tadros et al., 2023). SNPs that showed p-value significance higher than 0.001

and 0.0001 were considered, so as to filter out unrelated SNPs and reduce the excessive

number of commons SNPs generated by the UKBB genotyping array. The final inputs included

either 7,491 SNPs or a subset of the more significant 2,170 SNPs. To address the correlation

relationships among the common SNPs we used the clumping method to keep SNPs with

weaker linkage disequilibrium. We performed clumping on the larger set of SNPs, and after

removal the total number of variants was 1,045.

A separate HCM cohort, in addition to the UKBB, was also analyzed to evaluate any sig-

nificance in HCM stratification driven by common variation. The genotyping array performed

on the RBH HCM cohort was different to the UKBB, resulting to a total of 11,316 SNPs or the

subset of the more significant (p-value ≤ 0.0001) 4,378 SNPs.

For DCM, summary statistics were used from a large meta-analysis effort that combined

16 studies participating in the Heart Failure Molecular Epidemiology for Therapeutic Targets

(HERMES) Consortium (Lumbers et al., 2021). p-value significance thresholds were kept the

same as in HCM with the total number of SNPs at 0.001 adding to 16,175 and at 0.0001 to

3,850 SNPs. After accounting for LD the number of SNPs reduced to 2,876. More details on

the summary statistic GWAS studies are given in Chapter 6, section 6.2.1.

44



CONTENTS 3.3. METHODS

3.3.2 Rare Variants

The second set of inputs included rare loci (MAF < 0.001) on specific genes associated

with HCM or DCM, as they have been reported by our group or other studies (see Introduction

1.2.1). The encodings for these, similarly to the common variant inputs, followed an additive

model with 0,1,2 for no variant, heterozygous and homozygous, respectively.

3.3.3 CMR imaging

For HCM, the wall thickness vector of the 3D meshes was used as an input to the

UMAP dimensionality reduction method, so as to look at the separations within the UKBB as

well as with the RBH cohort. The number of UKBB HCM cases is 34, for RBH 540, and for

the Controls 699. The number of Controls was decided by bootstrap subsampling from the

larger set of Controls with available CMR data. This was done for computational efficiency

purposes for the novel algorithm developed and presented in Chapter 4 and so as to be able to

compare the clustering structures before (as shown in this Chapter here) and after applying

the new dimensionality reduction (Chapter 4). UMAP was also applied on the entirety of the

available CMR data (n=39,559) without showing any novel phenotypic differences while also

identifying segmentation errors that were also manually found and removed after QC (results

not shown here).

3.3.4 Unsupervised Pipeline

We performed a 3-step analysis pipeline on the genomic data, that has previously been

used and developed by myself in Mujagic and Kasapi et al. to derive -omics driven subgroups
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within an Irritable Bowel Syndrome (IBS) cohort. The pipeline consists of a dimensionality

reduction step, a clustering step and ultimately the statistical testing of the clusters. We

improved the first step of the pipeline by incorporating a more stable dimensionality reduction

method – UMAP –, in comparison to the kernel-tSNE that was used in the IBS study. The rest

of the pipeline was followed as published.

1. Dimensionality Reduction

UMAP (Uniform Manifold Approximation and Projection) was used to reduce the high-

dimensional number of features (common SNPs or rare variants). UMAP was chosen

over t-SNE for its ability to preserve global structure better (this way we avoided running

the algorithm a number of times and measuring the stability of cluster membership

across runs) and for its superior run time performance in this high-dimensional dataset.

In all input cases UMAP generated coordinates for two components, so as to enable

visualization in addition to analysis. Parameter tuning was applied on the minimum

distance and number of neighbors to consider. For minimum distance, values were tested

in steps of 0.1 (0.1, 0.2, . . . , 0.9) and the number of neighbors were tested in steps of

10 (10, 20, . . . , 100). Number of components was set to 2 for visualization purposes

and the distance metric was set to manhattan (given the 0,1,2 encodings). Principal

Component Analysis (PCA) was applied as a baseline dimensionality reduction method

after mean-centering the inputs.

2. Clustering

The 2-dimensional output coordinates from UMAP were used as input in the clustering

step. K-means clustering was used as the method of choice. To find the optimal number
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of clusters, the within-cluster-sum of squared errors (WSS) for 2 to 10 number of clusters

was calculated. When plotting the WSS against the number of clusters we pick the point

where WSS starts to flatten also visible as an elbow on the graph. This point is the value

with the maximum second-order difference in WSS.

3. Statistical Testing

At the third step, a number of statistical tests were employed to assess the statistical

significance of the resulting groups. The Kruskal-Wallis test by ranks was used to

determine whether there are any statistically significant differences among the clusters

(when k>2) (McIntosh and Lawrie, 2010). The Mann-Whitney U-test then determined

the statistical significance between all sets of pairs of clusters (McIntosh and Lawrie,

2010). Both tests are non-parametric rank-sum tests that can be used in groups of the

same or different sample size. The tests were applied on a number of demographic and

clinical outcomes (race, sex, age, systolic/diastolic blood pressure, etc ), phenotypic

(HCM, DCM, heart failure) and CMR imaging derived phenotype measurements (see

Table 3.1) to determine statistical significance between the clusters. The Hommel

correction (Chen et al., 2017, Hommel, 1988) – a measure of family-wise error rate

(FWER) multiple testing correction based on Simes’ test (Simes, 1986) – was used to

correct for multiple testing.
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3.4 Results

3.4.1 HCM UKBB

The most evident structures are shown with the common SNP inputs of p-value ≤ 0.0001.

This amounts to 2,170 SNPs that are able to separate the samples in three most distinct groups,

as shown in Figure 3.2. The UMAP optimal parameters generating these results are 0.2 for

minimum distance and 30 for number of neighbors. Part A of Figure 3.2 indicates the optimal

number of clusters generated by the within-cluster-sum of squared errors scores. The highest

second order difference when looking at all values from 1 to 10 is found in k=3, where the

graph shows a sharp elbow-like structure. In Figure 3.2B we find that the blue cluster (referred

to as Group 1) is significantly different from the orange cluster (Group 2) when looking at

maximum and particular spacial measures of wall thickness, as derived from 2D phenotyping

of CMR imaging. Group 2 is also significantly different from the green cluster (Group 3) in

these measures.

Figure 3.2: UKBB cohort: Unsupervised pipeline results for HCM-associated common variants. Left graph
shows the WSS values in the y-axis across the tested number of clusters (k=1-10) in the x-axis. The optimal
number of clusters corresponds to k=3, as shown by the purple dashed line. Part B shows the k-means clusters
on the UMAP embeddings; x markers show the cluster centroid.
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3.4.2 HCM RBH Cohort

Figure 3.3: RBH HCM cohort: Unsupervised pipeline results for HCM-associated common variants. Part A
shows the WSS values in the y-axis across the tested number of clusters (k=1-10) in the x-axis. The optimal
number of clusters corresponds to k=3, as shown by the purple dashed line. Part B shows results of k-means
clustering on the UMAP embeddings, indicating the 3 separate clusters; x markers present the cluster centroids.
Part C shows identical clustering patterns for the 3 groups, when using PCA.

Figure 3.4: RBH HCM cohort cluster differences on CMR derived phenotypes. First graph on the left presents
differences in body surface area (BSA). Middle graph presents differences in the left ventricle’s maximum wall
thickness. Right graph shows the ejection fraction.

3.4.3 DCM UKBB

The most evident structures are shown with the common SNP inputs of p-value ≤ 0.0001.

This amounts to 3,850 SNPs that are able to separate the samples in two most distinct groups,

as shown in Figure 3.5. The UMAP optimal parameters generating these results are 0.3 for

minimum distance and 10 for number of neighbors. Part A of Figure 3.5 indicates the optimal

number of clusters generated by the within-cluster-sum of squared errors scores. The highest

second order difference when looking at all values from 1 to 10 is found in k=2, where the
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graph shows a sharp elbow-like structure. In Figure 3.5B the two clusters are shown, contrary

to the HCM samples above, DCM did not show any statistically significant differences in these

structures.

Figure 3.5: UKBB cohort: Unsupervised pipeline results for DCM-associated common variants. Left graph
shows the WSS values in the y-axis across the tested number of clusters (k=1-10) in the x-axis. The optimal
number of clusters corresponds to k=2, as shown by the purple dashed line. Part B shows results of k-means
clustering on the UMAP embeddings, indicating the 2 separate clusters; x markers present the cluster centroids.

3.4.4 Clusters in common SNPs are attributed to correlation

Figures 3.6 and 3.7 show results for the UKBB HCM and DCM common variants as

well as the RBH HCM variants after clumping has been applied. These structures show no

evident separation between the points, with cloud-like structures dominating the clustering

patterns. When applying the k-means algorithm on the RBH data, the method is trying to find

the optimal separation, which in this case just separates the cloud of points in a lower, upper

left and upper right group. However, these do not seem to have significant differences when

testing a variety of clinical or imaging features.
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Figure 3.6: UKBB cohort: Unsupervised pipeline results for HCM- and DCM-associated common variants after
clumping. Part A shows results from the HCM-associated variants and Part B shows results from DCM-associated
variants.

Figure 3.7: RBH HCM cohort: Unsupervised pipeline results for HCM-associated common variants after
clumping. Part A shows the WSS values in the y-axis across the tested number of clusters (k=1-10) in the x-axis.
The optimal number of clusters corresponds to k=3, as shown by the purple dashed line. Part B shows the
clustering results on the UMAP embeddings; x markers indicatethe cluster centroids.

3.4.5 3D-CMR Imaging

Figure 3.8 shows results of the UMAP dimensionality reduction applied on the CMR

imaging wall thickness vector. There is an obvious separation between the UKBB Controls

(green squares) and the RBH HCMs (blue Xs), while the UKBB HCMs (red dots) are found

more in the middle of the cloud of points. The clustering performance across 20 iterations of

UMAP and k-means when setting the number of clusters to 2 (HCM and Controls) reaches an

average accuracy performance of 0.79.
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Figure 3.8: 3D-CMR Imaging UMAP embeddings. UKBB Controls are shown in green squares, UKBB HCMs in
red dots, and RBH HCMs in blue Xs).

3.5 Discussion and Future Work

Cardiomyopathies have proven to have complex genetic architectures, with a variety of

common and rare variants playing key roles in the manifestation of the phenotype. Trying to

unlock these architectures and their intricacies by using methods that can handle non-linear

relationships is a potential next step in creating omics-derived phenogroups.

The results shown here, highlight the great importance of correlation in genomic data.

The stark differences in structures and clusters before and after clumping, emphasize the

driving effect of linkage disequilibrium, especially when assessing common SNPs. Leveraging

this correlation rather than simply removing it by pruning variants, as is common in current

practice (Privé et al.), can open new ways of exploring genomic data with dimensionality

reduction methods or other machine learning algorithms. What is also evident is that genomic

information solely, whether that is common or rare variation or both, does not drive phenotyp-
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ically informative structures similar to what can be seen with the use of other -omics, such as

metabolomics in IBS (Mujagic et al., 2022). In the context of cardiomyopathies, profile regres-

sion mixture modeling (Liverani et al., 2015), which is a form of Bayesian clustering, has been

used with clinical, genetic, CMR, and proteomic data types to inform precision phenotyping

groups in DCM (Tayal et al., 2022). In HCM, CMR left ventricular 3D structures can inform

genotyping differences via a tree-based dimensionality reduction method (DDRTREE) (Mao

et al., 2017) and create phenotypic subtypes based on left ventricular topical differences. The

opposite however, i.e. using the genotyping as input for embeddings to inform imaging traits,

as was attempted in this chapter, has not been fruitful.

The evidence on non-separation when taking the pruned common SNPs is not surprising,

especially if it is compared to the distributions we see in PRS, as it will be discussed in Chapter

6. PRS, which is generated by the effect sizes of such common SNPs tend to aggregate in

middle range values and form normal distributions (Zheng et al., 2023a,b). The lack of outliers

or different distributional patters can be associated with the lack of spatially separated groups

when using non-linear dimensionality reduction methods; due to no strong driving effect from

the pruned SNPs.

A number of methods have been developed to mitigate the effects of correlation in

genomic loci, i.e. SUPERGNOVA, which estimates local genetic correlations using summary

data from GWAS (Zhang et al., 2021). Another method using GWAS summary statistics to

decipher genomic correlations is LOGODetect. This method can autonomously locate genetic

areas that consistently relate to numerous phenotypes, using a scan statistic approach, and is

resilient to overlapping samples from different studies (Guo et al., 2021). Leveraging this new

knowledge of interactions based on correlation is useful in the context of employing machine
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learning methods to analyze genomic data.

Correlation is also highly evident in the CMR imaging data, where spatial and temporal

correlations are a known shortcoming in the acquisition and acceleration of image datasets

(Tsao et al., 2003). The 3D mesh points exhibit spatial relationships where points that are

closer based on the x,y,z coordinates are expected to be more correlated in terms of wall

thickness or other ventricular traits. This is inherent to the process of capturing the images,

where there’s a notable amount of repeated data over time. Images are captured at one specific

moment in the cardiac cycle with the help of ECG-gating and while the patient holds their

breath. As a result, the majority of the image remains static. The primary difference between

consecutive time frames is the gradual movement of the contrast agent. This repetitive nature

of the images allows for data undersampling not just in the spatial domain but also over

time (Motwani et al., 2013). Taking these structural biases into account when analyzing

these 3D meshes is imperative to avoid erroneous assumptions, especially when assessing the

feature importance of these high-dimensional data and want to correctly apply dimensionality

reduction on the features.

3.6 Conclusion

The use of genomic datasets as the main driving factor for clustering and deriving

phenogroups does not yield novel results. However, the findings presented in this Chapter

highlight the great importance of correlation in these genomic datasets. The stark differences

in structures and clusters before and after clumping, emphasize the driving effect of linkage

disequilibrium, especially when assessing common SNPs. Leveraging this correlation rather
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than simply removing it by pruning variants can open new ways of exploring genomic data

with dimensionality reduction methods or other machine learning algorithms.

The addition of other -omics datasets or clinical data to the genomics information

represents one of the ways for exploring new subgroups within the phenotypes and uncovering

differences between cases or individuals at risk. It was confirmed here that imaging data (CMR

segmentations) show good cluster separations between HCM cases and Controls with the use

of dimensionality reduction methods such as UMAP. The clustering performance across when

testing the number of clusters with 2 (HCM and Controls) as ground truth reaches an average

accuracy of 0.79, with room for improvement that is leveraged in the next Chapter. Specifically,

correlation is not only evident in the genomics dataset, but also in the imaging data; with the

latter showing strong spatial correlations that can potentially hinder the efficacy of using the

meshes in their entirety. This indicates the need for further dimensionality reduction, while

taking into consideration the correlation component.
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Chapter 4

LAVASET: A Novel Ensemble Method for

Correlated Datasets
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4.1 Introduction

Random Forest classifiers (RFs) are frequently used to analyze biological data for predic-

tion and feature selection tasks. RFs can deal with a large number of variables, achieve rea-

sonable prediction scores, and yield highly interpretable feature importance values (Breiman,

2001). As such, they are appropriate models for feature selection and further dimension

reduction (DR) for integrated datasets. The premise of the original Breiman RF algorithm is

to assemble an ensemble of trees that complement each other and increase the variability of

which predictors are selected (Nguyen et al., 2021). However, each node and subsequent split

still only considers one predictor variable, which limits both the predictive ability and the cor-

rect variable importance assignment in complex biological settings. Nguyen et al., 2021 have

recently developed a new information criterion statistic to evaluate a variable’s contribution in

the predictive ability of the model. It comprises of different levels of probabilities.

In addition, permutation-based variable importance has been extensively studied in RFs.

Studies calculating the behavior of variable importance in different scenarios, i.e. collinearity

between predictors that are associated with the target outcome, show the level of bias in

assignment of variable importance (Nicodemus et al., 2010).

Few techniques have been proposed for enhancing feature importance calculations in

datasets with highly correlated variables. The Boruta algorithm (Kursa and Rudnicki, 2010)

uses a ‘shadow’ feature approach where it duplicates the original dataset and shuffles the

feature values. Boruta trains a classifier on the enhanced dataset and assigns a value of

importance to each of the features. Then the algorithm performs a number of iterations

where it compares the importance of the real features to the shadow (shuffled) features,

while recording how many times the original features outperform the shadow ones (hits). A
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threshold is set and depending on the number of hits the respective feature is assigned an

importance or removed from the matrix of further iterations. Boruta in reality encompasses

permutation importance, by shuffling the original features, and recursive feature elimination

(Guyon et al., 2002), by iteratively considering and removing features that do not reach a

threshold.

These methods are efficient in removing noisy features that might not reflect real signals,

especially by eliminating through iterations, however they are not sensitive in picking all

the correlated variables of an important feature. Addressing relationships between collinear

predictors in high dimensional datasets is imperative for reducing the number of variables that

are assigned high importance and thereby making the DR more efficient. Here, we propose a

novel method (LAtent VAriable Stochastic Ensemble of Trees, LAVASET) that derives latent

variables based on distance characteristics of each feature and thereby aim to incorporate

the correlation factor in the splitting step (Kasapi et al., 2023). Hence, grouping correlated

variables and ensuring similar importance assignment for these.

This chapter will introduce the novel method developed by myself (preprint (Kasapi

et al., 2023), under review at journal), which is tested in a variety of -omics datasets, while

focusing mostly on the dimensionality reduction and feature importance extraction of the

CMR imaging segmented data from the UKBB and RBH cohorts.
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4.2 Methods

4.2.1 Datasets

The algorithm (detailed below) is demonstrated on two different imaging datasets with

feature importances calculated as a result of a prediction/classification problem between

disease and healthy control groups.

Acute myocardial infarction (1D)

Electrocardiogram (ECG) data from the Physikalisch-Technische Bundesanstalt (PTB)

dataset (Bousseljot et al., 1995) were downloaded from PhysioNet (Goldberger et al., 2000).

Data on acute myocardial infarction (MI) was extracted and compared against no acute MI.

All data without a reason for admission or with an unknown diagnosis was excluded. This

resulted in 175 control and 346 acute MI ECGs. The individual ECGs were processed to correct

signal drifts. An average cardiac cycle was extracted for each individual that was normalized

to 750 data points (0.75s). The 3 Frank leads (vector cardiogram, VCG) were used as input to

the algorithm and visualize the feature importance in the conventional 12-leads by making

use of the (absolute) Kors regression transformation (Kors et al., 1990) for the 8 independent

leads.

Hypertrophic Cardiomyopathy (3D)

To test LAVASET’s performance on high dimensional, spatial, 3D datasets, we used data

meshes derived from Cardiac Magnetic Resonance (CMR) images of the cardiac left ventricle.

Segmentation of these images (to produce the meshes) was performed using a deep learning
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framework developed by collaborators (Bai et al., 2018). Measurements of myocardial wall

thickness were taken along radial segments that connected the inner endocardial and outer

epicardial surfaces (Duan et al., 2019). This process produces a 46808 × 4 matrix where

for each of the 46,808 points there is a value for the x, y, z coordinate of the ventricle

and the wall thickness. These segmentations were performed on images available by the

UK Biobank dataset and an in-house Hypertrophic Cardiomyopathy (HCM) cohort (Royal

Brompton Hospital Cardiovascular Biobank). The total number of samples summed to 1,273

(HCM=634, Control=639).

4.2.2 Approach

LAVASET operates given a number of prerequisites and hyperparameters that can be

optimized (Figure 4.1). A user-specified distance matrix is calculated to select the k closest

feature points to the feature of interest (FOI), which form the FOI neighborhood. This FOI

neighborhood submatrix is defined as:

FOIn = M:,N (1,k) (4.1)

where M denotes the matrix containing all the input features and the set N (1, k) represents

the indices of the k features in M that are closest to FOI (based on the user-specified distance

matrix), including the index for FOI itself. The user specifies the maximum number of features

to consider for each split (with default the square root of the total number of features), and

these are randomly selected from the entire dataset in each step. For each selected FOI, the

first left singular vector (PC1) of the respective FOI neighborhood is calculated. We calculate
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this via Singular Value Decomposition (SVD) of the sub-matrix FOIn:

FOIn = UΣV T (4.2)

Here, FOIn is the scaled FOI neighborhood for the selected VOI, U is the matrix of left

singular vectors, Σ is a diagonal matrix containing singular values, and V T (or V transposed)

is the matrix of right singular vectors. The PC1 or first left singular vector is the first vector in

matrix U , and this is now the latent variable for the FOIn. Loadings for each latent variable

are calculated as:

L = U1 · FOIn (4.3)

where the first left singular vector U1 is multiplied by the original FOIn sub-matrix. The input

matrix for determining the best split will now consist of the latent variable values instead of

the original feature values. The best-split variable and value are evaluated by the traditional

Gini index method by deducting the sum of the squared probabilities of each class from one.

Once the split occurs, the Gini gain is calculated for the selected latent variable and node by

subtracting the sum of the Gini index weights of the two child nodes from the parent node.

This is repeated recursively until all samples are split into pure leaf nodes, similar to the classic

CART algorithm (Breiman et al., 1984).

4.2.3 Feature importance calculation

Feature importance scores are calculated for each feature by weighing its contribution

to the PC score (left singular vector). Specifically, for every selected feature where the PC

score is calculated, the loadings vector of the score (with a shape equaling the number of
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Figure 4.1: LAVASET high-level pipeline indicating the different and novel approach in the node splitting step
and feature importance calculation. Model input is customizable and LAVASET can perform on different types of
omics data, from 1D to 3D.

neighbors considered) is calculated as shown in Equation 4.3. The loadings vector L is then

multiplied by the Gini gain value assigned to the selected latent variable. This results in a

feature importance score not only for the FOI but also for its neighbors.

The LAVASET algorithm is designed to allow for multiple variations in the calculation of

a feature’s importance after model construction. LAVASET outputs for each featurei a vector of

values shown in Equation 4.4, where
∑T

t=1 evaluatedt represents the summation over all trees

from 1 to T of the count of times a feature is evaluated in each tree. Similarly,
∑T

t=1 selectedt

and
∑T

t=1 ginit represent the total counts of times a feature is selected for a split and the

62



CONTENTS 4.2. METHODS

accumulated Gini values in each tree, respectively. All features of the original matrix M are

equally evaluated for a split with a frequency that follows a Gaussian distribution. The subset

of features selected for splitting a node are those assigned a feature importance.

[
T∑
t=1

evaluatedt

T∑
t=1

selectedt

T∑
t=1

ginit] (4.4)

From the values in Equation4.4 we can calculate a normalized Gini feature importance

by dividing by the sum of all importances. We also evaluate the ratio of the number of times

a feature is selected over the count of times it is considered for a split, and incorporate this

in our feature importance final value. Using the same output, another use case would be

to compare the ratio of Gini values over the count of times a feature is selected for split,

which can give an idea of the value magnitude assigned to a feature at a given split. Results

presented in this paper utilize the normalized feature importance multiplied by the ratio of∑T
t=1 selectedt over the

∑T
t=1 evaluatedt for each feature. This is shown in equation 2 where

importance(i) is the importance of the feature i, T is the total number of trees, importance(i,

t) represents the Gini importance of the feature i in the tree t, and F is the total number of

features. The sum in the numerator of the first fraction goes over all the trees from 1 to T for

the feature i. The sum in the denominator of the first fraction goes over all the trees and all

the features (f represents each feature in the feature set), which normalizes the Gini of the

feature i. The ratio of the sums in the second fraction measures the frequency with which

feature i was selected when it was evaluated.

importance(i) =

∑T
t=1 gini(i, t)∑F

f=1

∑T
t=1 gini(f, t)

×
∑T

t=1 selected(i, t)∑T
t=1 evaluated(i, t)

(4.5)
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4.2.4 Model evaluation

Standard metrics (accuracy, precision, recall, F1-score) are used to compare the classi-

fication performance of RFs and LAVASET. For both the simulated and MIBS cohort inputs,

LAVASET and RF were run 20 distinct times (20 run pairs with 100 and 1,000 trees, respec-

tively). Identical random state seeds were assigned per run pair for the sample bootstrapping,

to account for the randomness between the comparisons. The data were split into training

and test sets (80% and 20% respectively), with the sets always being kept identical across the

runs. Mean accuracy, precision, recall and F1-scores are reported for the 20 runs.

The neighbors for the VCG data were calculated on the basis of the time of the cardiac

cycle. I.e. selecting Frank’s lead x for variable (time) i also includes the other 2 leads (y, z) at

time i. Including more neighbors takes place in steps of 6 (x, y and z for both i ± 1). Where

the first and last time points are also considered neighbors at i ± 1.

Finally, we assessed LAVASET’s performance on feature extraction for DR, specifically for

the 3D CMR dataset. Due to computational constraints, the 3D dataset was tested on 100 and

200 neighbors and 150,000 trees. The neighbors were decided by the x, y, and z coordinates

(spatial distance) in an iterative manner by considering the 100 neighbors (for each point) that

remain neighbors for over half of the 1,273 samples. The most important features (above the

50% importance value threshold) were selected for LAVASET and RF models (both 150,000

trees), and for each set, we performed further DR and clustering to evaluate how the clusters

separated the HCM and Control samples. Uniform manifold approximation and projection

(UMAP) and k-means clustering with k=2 (expected number of groups) were used in both

cases (McInnes et al., 2018). UMAP components and k-means transformations were evaluated

for 20 different random state restarts to ensure robustness. Each restart produced 2 clusters
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that were scored by the standard metrics, to determine how closely they matched the true

sample classifications.

4.3 Results

4.3.1 CMR Imaging

Both the LAVASET and RF models demonstrate equivalent values across all metrics.

LAVASET shows an accuracy of 0.878, precision of 0.837, recall of 0.904 and F1-score of

0.869. RF shows an accuracy of 0.875, precision of 0.916, recall of 0.851, and F1-score of

0.882. Given these high values, we are confident about the use of both models for feature

extraction, as means to DR. Figure 4.2 shows the results on 100 neighbors and 150,000 trees.

LAVASET is able to assign importance values to a larger surface area of the left ventricle, while

also demonstrating the most important areas. RF, on the other hand, picks patches of the left

ventricle as most important, disregarding other anatomical parts that could be important. To

test how informative these selected features are, we used them as input in further DR and

clustering via UMAP and k-means. Table 4.1 shows the clustering performance across 20

iterations of UMAP and k-means, indicating that the features selected by LAVASET perform

constantly better than those selected by RF. We also highlight that in this specific dataset,

feature extraction improves the models considerably, given the significantly lower performance

observed when taking all features as input.
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LAVASET Features RF Features All Features

Accuracy 0.890±0.01 0.870±0.002 0.797±0.004

Precision 0.905±0.005 0.913±0.004 0.817±0.006

Recall 0.859±0.009 0.816±0.003 0.763±0.011

F1-score 0.881±0.004 0.862±0.002 0.789±0.005

Table 4.1: HCM CMR dataset, feature DR performance. Scores for accuracy, precision, recall, and F1-score
across 20 iterations of UMAP and k-means (k=2) on the selected feature sets by importance in LAVASET, RF
and without selection. Values shown are the mean ± standard deviation across the 20 iterations.
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Figure 4.2: 3D representations of the left ventricle CMR data points (x, y, z coordinates). Points represent an
averaged template of HCM and Control ventricles. The inner and outer structures formed show the endocardium
and epicardium, respectively. Colorbar shows the feature importance gradient, indicating that in panel A
(LAVASET) the assignment of higher importance is encompassing the entirety of the ventricle structure. In panel
B, assignments are given in a patch-like manner for RF. Panels C and D show the points in the 80% quantile
from a top view to facilitate the distinction between the inner and outer walls of the ventricle. Panels E and F
show 6 distinct neighborhoods of FOIs. In panel D convex hulls are drawn for each neighborhood to represent
the pattern of points per neighborhood. Black points indicate the neighbors and the colored connecting lines
emphasize the different neighborhoods, and the string-like pattern of neighbor points. Panel C shows the feature
importance for the respective 6 neighborhoods.

4.3.2 ECG

We assessed LAVASET’s capabilities on more complex data types where it is common

practice to use transformations of the raw reading data to infer further information. An

example of such data types is transforming Electrocardiogram (ECG) readings to Vectorcar-

diogram (VCG) inputs. For this task, we used the ECG data from the Physikalisch-Technische

Bundesanstalt (PTB) dataset (Bousseljot et al., 1995), as described in Methods. LAVASET-1K

performed similarly to the RF-1K in this dataset, with accuracy values showing identical

results across 20 runs (0.81±0.01) and other metrics having only small differences. Figure

4.3 shows the results when taking 20 nearest neighbors (across the time axis as described in

Methods) and 1,000 trees. LAVASET is able to capture peaks and anomalies across the ECGs

that indicate differences between the Control and MI cases. Given the nature of the dataset

and the idiosyncrasies of different MI cases based on the location of the infraction, setting a

binary classification by incorporating all types of MI as one target will only capture important

features related to all these different MI phenotypes.
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Figure 4.3: ECG feature importance (Kors regression back-transformed from the VCG feature importance)
normalized across the 8 independent ECG leads. Subplot titles indicate the respective leads. X-axes show the
time in milliseconds (ms) and y-axes the voltage magnitude in millivolts (mV). The dotted black line indicates a
healthy sample and the solid lines represent the 10 MI types (acute, anterior, anteriolateral, anteroseptolateral,
anteroseptal, inferior, inferolateral, inferoposterolateral, lateral, posterior) in this dataset and are colored by
relative feature importance.

4.4 Discussion and Future Work

We have presented a novel ensemble learning method that aims to enhance variable

importance and ensure that correlated features are evaluated appropriately and not indepen-

dently. LAVASET produces non-inferior performance results to traditional RFs in all but one

of the examples tested above, and in both simulated and real datasets. While not sacrificing

performance in most examples, it is able to assign feature importances in a superior way,

by not missing features that are as ‘important’ by means of correlation, and ensuring that

importance values are correctly distributed. In contrast, we have shown that RF allocates

feature importance to isolated points, whether that is peak points in a spectrum or points

on a 3D mesh, without any clear consistency of the magnitude of importance. Even when
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substantially increasing the number of trees in RF, the selection of points and assignment of

importance are nearly identical to those selected with the least number of trees, and still do

not capture the points selected by LAVASET.

The motivation behind developing LAVASET stems from the idea of enhancing traditional

RFs, in a manner similar to how Group Lasso (Yuan and Lin, 2005) enhances the Lasso

algorithm (Tibshirani, 1996). In the main premise of Group Lasso, we also assume that

there are groups of features that are expected to have similar effects or are related to each

other. By penalizing the sum of the absolute values (L1 norm) of the coefficients within

each group, Group Lasso encourages the model to select entire groups of features together or

exclude them altogether (Yuan and Lin, 2005). Like in Group Lasso, LAVASET is particularly

useful when dealing with high-dimensional data where groups of features exhibit similar

importance or are structured in some meaningful way. This was evident by the variety of

datasets we tested, where the number of features ranged from 750 to 46,000. In this high-

dimensional context, LAVASET exhibits stability in its output and remains relatively unaffected

by minor variations in the number of neighbors comprising the groups. However, Group Lasso

requires non-overlapped groups of features, whereas in LAVASET this can be varied. In fact,

in LAVASET, different FOIs can have different numbers of neighbors to increase flexibility.

Likewise, LAVASET emulates the kernel filter in convolutional neural networks (CNNs) in that

it combines multiple features into a single output (for splitting in LAVASET), however, it does

so without condensing the output and attributing the feature importance across the initial

features. Other work has investigated the relations between individual features in terms of the

similarity of performance at different splits. This methodology is able to discern correlations

between individual features, however the mutual forest impact is constrained to evaluating
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pairs of features only (Voges et al., 2023). LAVASET can, in theory, be combined with this to

perform an a posteriori analysis of evaluating correlations between groups of latent variables.

LAVASET’s main limitation derives from the requirement of defining the aforementioned

‘groups’ (akin to the kernel size in CNNs). This parameter is user-specified and assumes

an understanding of the relationship between the variables. In the examples presented in

this Chapter, this relationship is defined and assigned by distance, whether that is 1D across

time-series data or 3D spatial distance. The influence of the neighborhood definition is evident,

especially in the 3D CMR example. Figure 4.2 clearly shows that the string-like pattern of

importances calculated by LAVASET is predominantly driven by the assignment of neighbors

for each FOI (Figure 4.2F). This inherent limitation, however, is what enables LAVASET’s

flexibility in creating the groups of neighbors. Distance is only one of the metrics that can

be employed. A few other potential examples include genomic distance (combine SNPs via

linkage disequilibrium), mass spectrometry isotope patterns (proteomics, metabolomics), or

hierarchical relationships (e.g. taxonomy of microbiota). This attribute renders LAVASET more

versatile than other similar methods, while giving the user the ability to tailor the algorithm

to their specific needs. Hence, it is applicable to a wide variety of datasets and biological

questions.

This flexibility is also translated to LAVASET’s code implementation. The algorithm also

exploits parallelization in order to speed up computations. The body of the code is written in

Python 3.10, while utilizing established C++ scripts for efficiency. Given the nature of the

code and algorithm, LAVASET can be run in batches, if needed, or can be easily altered to

incorporate additional metrics to distance.

To enhance and expand LAVASET’s capabilities, we are working on incorporating the
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gradient boosting algorithm as one of our built-in additional components. This will extend

LAVASET’s core methodology to other ensemble methods and benefit from iterative learning

and the specific advantages of boosting trees.

Another additional feature to LAVASET’s toolkit would be the ability of combining

datasets and performing multi-modal classification and feature importance assignment. This

has been achieved with the use of Variational Autoencoders (VAEs) where ECG and MRI-based

3D anatomy data were combined in a single model. These two different types of datasets,

which in LAVASET have been considered separately, contain structural and myoelectric cardiac

information that create a complex interplay that can be useful in improving the diagnostic

models (Beetz et al., 2022, Radhakrishnan et al., 2023). VAEs have been successful in capturing

the specificities and challenges of each data modality in different branches of the model, while

creating a latent space where separation of the ECG and MRI variables is possible. To achieve

this cross-modality in LAVASET, one could envision training LAVASET in two steps (similar

to the two VAE branches), one for each data modality, so as to create the latent space of

neighbors per modality, and then combine the two as the final part of training.

4.5 Conclusion

This chapter presented LAVASET, a novel ensemble method capable to improve feature

interpretability by selecting relevant groups of features instead of individual features. Its novel

functionality is most useful in datasets with correlations between features. In cases where this

is missing from the data, then traditional RFs are more appropriate.

High spatial dependence between features is found in the CMR imaging dataset of the
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UKBB. These 3D mesh representations of the left ventricle hold important anatomical and

physiological information for the HCM phenotype in a high-dimensional and highly correlated

manner. Within this context and due to its novelty, LAVASET is able to assign importance values

to a larger surface area of the left ventricle, while also demonstrating the most important areas.

RF, on the other hand, picks patches of the left ventricle as most important, disregarding other

anatomical parts that could be important.

One of the advantages of RFs in comparison to other classification methods is its ability

to assign feature importances to the original features; here, LAVASET retains this advantage

by directly assigning importances to the original feature sets, using the loadings derived from

singular vector decomposition to guide the relative importances. This renders LAVASET a

highly interpretable method, that creates a latest space whose variables directly relate to

the original feature space. In comparison to other methods that use graph approaches to

incorporate some degree of correlation, LAVASET is uniquely designed to be unaffected by

local correlation/neighborhood restrictions and can expand to high-dimensional datasets with

spatially coherent features.

LAVASET offers interoperability to the user both by the structure of its code and via the

neighbors parameter. It can be applied to almost all -omics data types to identify all relevant

known or unknown important features and effectively perform feature extraction for DR.
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Chapter 5

Pre-Screening Cardiomyopathies with

Machine Learning
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5.1 Introduction

For rare cardiovascular conditions such as cardiomyopathies, there is a distinct lack of

literature on creating risk models for preliminary screening and prediction [PubMed search

with keywords: cardiomyopathy, prediction, screening, machine learning, genomics. 14

related and unrelated results but not encompassing of all terms, as of November 8]. This

stands in contrast to more prevalent cardiovascular conditions, which have been extensively

studied using either multivariate linear regression models (Siontis et al., 2012) or machine

learning approaches (Ahmad et al., 2018, Alaa et al., 2019). Moreover, a number of these

studies rely on and incorporate detailed medical data in their training, which is often invasive

or not readily accessible in a standard NHS primary record. As we move towards an era where

genome sequencing becomes part of routine care, it is imperative to use these personalized

data types to streamline patient care and contribute to better diagnosis and prognosis of these

diseases. It is time to harness the easily accessible genomic data and clinical biomarkers

present in health records to improve the pre-screening of both common diseases as well as

rare, life-threatening conditions.

Cardiomyopathies can serve as a prime example of such pre-screening models given

their known genetic architecture and its role to disease progression. Our knowledge of the

underlying genetic components expands as we move towards evaluating both rare and common

genetic variation in these cardiac phenotypes. Together with a population-based cohort such

as the UKBB, this can serve as a foundational framework for evaluating the feasibility and

efficiency of such pre-screening models. It paves the way for developing automated diagnostic

models with high clinical utility.

This chapter will showcase traditional and fully interpretable machine learning models
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that can differentiate between individuals with cardiomyopathy from those without, using

easily accessible clinical data combined with genomic information.

5.2 Methods

5.2.1 Dataset and basic model architecture

Individuals from the UKBB dataset were chosen for this analysis. A combination of

individuals with available WES and CMR data were used in the models, while for case numbers

participants with just WES were also included, to preserve a good sample size. To define the

HCM and DCM cases in the UKBB, diagnostic codes from ICD (International Classification of

Diseases) and linked primary care records were used. The sample size summary is presented

in Table 5.1.

UKBB WES UKBB CMR UKBB WES + CMR RBH
HCM 581 37 34 518
DCM 1,262 46 43 -

Controls 451,413 39,417 36,393 -

Table 5.1: Sample breakdown by cardiomyopathy case, Control, and dataset. Numbers highlighted in bold
represent the final sample size used in the analyses, after QC, removing missing variables and ensuring availability
of all data types.

To ensure robustness of results and optimize the model performances, each classifier

was trained 100 distinct times, where each time random training and test splits (80:20 ratio)

were done ab initio. Splits of sets were tracked to ensure that the same train-test split was

assigned across different models. To minimize the issues arising for class imbalance, in each

run, the majority class was subsampled (to include a number of samples equal to ± 100 to

the minority class). The resampled data was then split into training and testing sets. Four
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different classifiers were trained with this architecture, all described in detail below.

5.2.2 Support Vector Machines

Linear Support Vector Classifier

An SVM is a supervised method that maps samples in a high-dimensional feature space

and finds the best separating hyperplane that divides the input in two classes. This was

described in detail in 2.1 in Chapter 2. To evaluate the most appropriate model for this context

both a linear and a non-linear SVM classifier were trained. For the linear model the kernel is

defined by:

K(x, x′) = x · x′ (5.1)

Where x and x′ are two data points, and · denotes the dot product. The features were auto-

scaled using Z-score normalization to ensure that they have a mean of 0 and a standard

deviation of 1. The final model architecture is determined through a hyperparameter tuning

process, specific to the linear kernel. Specifically, the regularization strength parameterC is

optimized over a range of values 1 × 10−11 to 1 × 10−2 on a logarithmic scale. The optimal

C value is selected based on maximizing the area under the receiver operating characteristic

curve (AUROC) using 5-fold cross-validation. Once the best C value is identified, the linear

model is updated with this parameter and trained on the dataset. The model’s performance

is subsequently evaluated using metrics such as AUROC, precision, recall, F1 score, and

precision-recall AUC (see Chapter 2.4.5). The function returns a comprehensive set of results,

including these metrics, the best parameters, and feature weights for each run. Feature weights

are used in order to calculate the feature importances. In the case of the linear SVM these
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weights are the coefficients assigned to each feature when solving the optimization problem

as seen in Equation 2.1. The weight vector w has as many coefficients as there are features in

x where each component corresponds to a feature in x. The magnitude (or absolute value) of

each component of the weight vector indicates the importance of the corresponding feature.

A larger magnitude indicates a higher importance, and vice versa. The sign of the weight

indicates the direction of the relationship between the feature and the class label. A positive

weight suggests that as the feature value increases, the prediction moves in the direction

of one class, while a negative weight suggests the opposite. In the context of SVM, feature

importance does not necessarily indicate causality but rather how influential a feature is in the

decision-making process of the classifier. Features with larger weights play a more significant

role in determining the position and orientation of the optimal hyperplane.

Non-Linear Support Vector Classifier

In the non-linear SVM model the Radial Basis Function (RBF) kernel was chosen. The

RBF computes the similarity between two points based on the Euclidean distance. In this

case, the decision boundary can be a curve or a more complex shape, allowing the SVM to

capture intricate patterns in biological data contexts. The RBF kernel introduces one additional

parameter, the γ parameter, which determines the shape of the decision boundary. A smaller

γ value produces a more flexible boundary, while a larger γ results in a more rigid, smooth

boundary. The RBF kernel is defined as:

K(x, x′) = exp(−γ||x− x′||2) (5.2)
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Where:

• γ is a positive constant.

• ||x− x′|| is the Euclidean distance between the data points x and x′.

The features were auto-scaled using Z-score normalization to ensure that they have a mean of

0 and a standard deviation of 1. For the model’s hyperparameter tuning, a grid search was

conducted over a specified range of values for the hyperparameters C and γ. The range for C

was defined using a logarithmic space from 10−2 to 1010 with 13 values. For γ, the range was

defined from 10−5 to 103 with 9 values. This resulted in a grid of 117 possible combinations

of C and γ. The GridSearchCV method from scikit-learn was employed to search over the

defined hyperparameter grid, similar to the linear model above. The search was conducted

using 5-fold cross-validation and aimed to maximize the AUROC. Performance was evaluated

by the same metrics as in the linear example.

5.2.3 Random Forest

For the RF model a different set of hyperparameters was optimized, to fit with the

specific model requirements. Values ranging from 1,000 to 5,000, with 10 linearly spaced

numbers were evaluated for the number of trees. The maximum number of features for

split in each node was always selected to be the default RF setting (squared root of the total

number of features). Maximum depth values were assessed from 50 to 500, with 5 linearly

spaced numbers, as well as removing the depth parameter. Minimum samples split and

minimum samples per leaf were assessed for every integer value between 1 and 10. Bootstrap

of samples was always activated to allow for calculating the out-of-bag score. The optimal
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hyperparameters were identified by looking at which combination maximized the AUROC,

through 5-fold cross-validation. Performance metrics such as AUC, precision, recall, F1 score,

and out-of-bag score are computed. In the RF algorithm implemented in scikit-learn,

feature importances are calculated based on the average decrease in the Gini impurity caused

by splits over a particular feature, averaged over all trees in the forest. Specifically, when a

feature is used to split the data into child nodes, the impurity (or error) of the parent node

minus the weighted impurity of the child nodes gives the decrease in impurity due to that

feature. This value is accumulated for each feature and then averaged over all trees to give

the feature importance. Features that frequently result in purer nodes will have a higher

importance.

5.2.4 Gradient-Boosted Trees (GB-Trees)

To optimize the performance of the GB-Trees model, a grid search approach was em-

ployed again. The parameters under consideration for optimization were the number of

estimators, with values ranging linearly from 100 to 5,000. The learning rate parameter

shrinks the contribution of each tree. It was explored with values ranging from 0.01 to 0.2.

The chosen values aim to assess the model’s sensitivity to the rate of learning, from a slow rate

(0.01) to a relatively faster rate (0.2). To measure the quality of a split the mean squared error

with improvement score by Friedman or the mean absolute error were assessed. Subsample

values were chosen between 0.5 and 0.9 (0.1 step-size), allowing the model to explore the

effect of using a subset of the data versus the entire dataset for training each tree. The

grid search was performed using 5-fold cross-validation, ensuring a robust evaluation of the

model’s performance across different subsets of the data.
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5.2.5 Genomic Variables - Rare Variants

Individuals were grouped into 4 genetic strata, based on the type of rare variant they

carried on HCM or DCM-associated genes. The two pipelines shown below describe how

individuals (and variants) are grouped based on criteria specific to HCM and separately for

DCM. For each Control and HCM case 4 groups were created based on the HCM pipeline

(PHENOCOPY, SARCo, SARCVUS, SARCPLP). And again, separately, for each Control and DCM

case another 4 groups were defined (PHENOCOPY, DCMO, DCMVUS, DCMPLP). The pipelines

used have been developed and described in de Marvao et al 2021, and were replicated here.

Variant annotation in these pipelines was conducted using various tools, including the Ensembl

Variant Effect Predictor (VEP) (McLaren et al., 2016) with plugins for gnomAD (Collins et al.,

2020), LOFTEE (Karczewski et al., 2020), and SpliceAI (Jaganathan et al., 2019).

HCM pipeline

Variants 100 bp +/- the region of 32 HCM or LVH-associated genes as defined in

CardioClassifier (Whiffin et al., 2018) were extracted from the WES data of 454,756 UKB

participants. Protein-altering variants variants (PAVs) that had a MAF <0.1% in gnomAD

and UKBB were identified. Intron variants that were pathogenic in ClinVar (Landrum) were

manually curated for functional evidence of splicing. Splice region variants and other splice

variants were included if they were predicted to cause splicing through SpliceAI (threshold

>0.8). Individuals carrying a variant from this list are added to the PHENOCOPY group. The

variant list was then shortened to only include the 8 definitive HCM genes (MYBPC3, MYH7,

TNNT2, TNNI3, TPM1, ACTC1, MYL3, MYL2). LOFTEE was used to identify low confidence

pLoF variants and identify PAVs that are mislabelled. The variants were then filtered for
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disease-causing mechanisms; all MYBPC3 PAVs were kept, for the other 7 genes, only variants

influencing gene product structure (indels, missense, start and stop lost) or gene product level

but nonsense-mediated decay escaping, were kept. Individuals carrying a variant from this list

are added to the SARCo group.

Variants were further filtered to only include those that met a filtering allele frequency

(faf) of <0.00004 in gnomAD (more stringent to the MAF <0.1% used above). Carriers of the

2,423 variants remaining include a list of individuals that carry a HCM VUS variant that is

rare enough to have a substantial effect on disease. After exclusion for DCM variants, 10,209

carriers were identified for the 2,405 variants. These individuals carrying a variant from this

more stringent list are added to the SARCVUS group.

Finally, the most filtered list includes variants that would be called pathogenic/likely

pathogenic (P/LP) if identified in a patient with HCM; using Cardioclassifier (Whiffin et al.,

2018) and ClinVar (Landrum et al., 2014, 2018), the variants were curated for evidence of

pathogenicity. Carriers of the 168 variants remaining include a list of individuals that carry

an HCM P/LP variant. 929 carriers were identified for the 168 variants. These individuals

carrying a variant from this most stringent list are added to the SARCPLP group.

DCM pipeline

Variants located 100 bp +/- the region of 19 genes linked to DCM with varying levels

of evidence (definitive, strong, or moderate) were extracted from the WES data of 454,756

UKBB participants. PAVs that had a MAF of less than 0.1% in both gnomAD and UKBB were

selected. Intron variants labeled as pathogenic in ClinVar underwent curation for splicing

evidence. Only specific splice variants were considered, based on SpliceAI predictions. Titin
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truncating variants in PSI > 90% exons or variants with a splice prediction of pathogenic

(with assessment) were included. From the first step, 105,507 individuals carried one of the

12,201 remaining variants, and are placed in the PHENOCOPY group.

The list of variants was then refined to include only 12 genes with definitive or strong

evidence of causing DCM (BAG3, DES, DSP, FLNC, LMNA, MYH7, PLN, RBM20, SCN5A, TNNC1,

TNNT2, TTN). LOFTEE was used to identify low confidence pLoF variants and identify PAVs

that are mislabelled. The variants were then filtered for disease-causing mechanisms; all

PAVs in the genes BAG3, LMNA, PLN, SCN5A, RBM20, and DSP were kept; only variants

influencing gene product structure (indels, missense, start and stop lost) or gene product level

but nonsense-mediated decay escaping, were kept for MYH7, DES, TNNC1, and TNNT2; only

variants predicted to influence gene product level (e.g. frameshift, splice, stop gained) were

kept for TTN and FLNC. Carriers of the 7,549 variants remaining include a list of individuals

that carry a DCM VUS variant. After exclusion for HCM variants, 62,292 carriers were

identified for the 7,467 variants and were added to the DCMo group.

Further refinement was done to the variant list based on specific allele frequency criteria.

The variant list was shortened to only include variants that met a faf of < 0.00004 in gnomAD.

Compound heterozygous carriers of common TTNtvs (same two TTN variants identified in

> 10 individuals) were removed from the analysis as these were likely rescued. After this step,

26,181 individuals carried one of the 6,950 remaining variants, and consisted the DCMVUS

group.

The variant list was then filtered further to only include variants that would be assigned

a P/LP interpretation if identified in a patient with DCM. The variants were curated for

any evidence of pathogenicity in CardioClassifier and ClinVar. 1,351 variants were assessed,
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of which 1,018 had strong evidence of pathogenicity in DCM and 82 were identified with

evidence for HCM. These 82 were excluded. Finally, 2,195 carriers were identified for the

1,018 P/LP variants, creating the final group of DCMPLP.

Figure 5.1 gives an overview of the chapter’s methodology and outputs.

Figure 5.1: Overview of chapter analyses, summarizing the data inputs, model architecture employed, and
evaluation outputs.

5.2.6 HCM Models and LAVASET-derived Imaging Features

To assess whether a multi-omics approach of combining genomic, clinical, and imag-

ing features would enhance the HCM model predictions, another set of inputs was tested.

LAVASET-derived most important imaging features were incorporated with the rest of the
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variables. These most important features included all wall thickness mesh points above the

50% importance value threshold, as derived by the CMR imaging models presented in Chapter

4.5.

Due to number constraints of HCM participants in the UKBB that also have CMR imaging

data, the HCM cohort from the RBH was incorporated in these models. The harmonization

of the two cohorts results to a decreased number of clinical variables (due to missing values

for these in the RBH cohort), with the finalized list of features being: British Caucasian, Sex,

Age, Systolic BP, BMI, the genetic variables (PHENOCOPY. SARCo, SARCVUS, SARCPLP), and

the 726 LAVASET-derived imaging features (to compare with the complete number of clinical

features used in the non-CMR models, see Table 5.2).

To avoid score inflation due to the use of selected features by the same cohort, the test

set in these models was kept identical to the test set in the LAVASET model. Controls not

incorporated in the LAVASET model for computational cost reasons, were included in the

training set. The total number of HCM cases used in training was 506 and in testing 112. The

total number of Controls in the training set was 24,954 and 5,040 for the test set (80:20 split).

As a result of the constraint to the specific one test set, the 4 models were run once, following

the hyperparameter tuning and cross-validation steps described before. The significant class

imbalance is taken under consideration during model evaluation, and metrics such as the

Precision-Recall curve and average precision (AP 2.4.5) are mostly considered in the Results.
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5.3 Results

5.3.1 UKBB Feature Evaluation

Tables 5.2 and 5.3 summarize the list of features used as input in the prediction models

for HCM and DCM respectively. For most variables their appearance is common in both sets

of models, with the exception of atrial fibrillation which was removed from the DCM models

during QC (a skewed majority of DCM cases showed either fibrillation or flutter, leading to

erroneous predictions). Demographic features such as sex, age, and race were included, with

race in the UKBB being defined as British Caucasian or other. Lifestyle indicators such as

exercise, smoking, alcohol intake as well as common cardiovascular or metabolic phenotypes

were also included (hypertension, coronary disease, diabetes). Participants in the Controls

were chosen to represent a typical population sample, factoring in common predictors like

hypertension, without excluding common metabolic or cardiovascular disorders. Specifically,

19% of the Controls participants have hypercholesterol, while for HCM the proportion goes up

to 40% and DCM 41%. For hypertension, 29% of Controls exhibit the phenotype, 63% of HCMs,

and 67% of DCMs. Systolic blood pressure is consistently higher in both cardiomyopathy

groups in comparison to the Controls group (HCM Mann-Whitney p-value=1.43× 10−1, DCM

p-value=2.26×10−3) and so is mean diastolic blood pressure, however, with a lower difference

than systolic and no statistical significance.
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Controls (n=36,393) HCM (n=581)

Age (years) 54.91± 7.48 58.50± 7.56
Alcohol Intake 16.99± 16.55 16.63± 17.26
Atrial Fibrillation 1661 241
BMI (Kg/m2) 26.60± 4.22 28.77± 4.77
British Caucasian 31754 438
Cardiac Arrest 52 27
Coronary Disease 1608 146
Diabetes 1870 49
Diastolic BP (mmHg) 81.47± 10.06 82.04± 10.87
Handgrip Left (kg) 31.62± 11.09 31.36± 12.62
Handgrip Right (kg) 33.85± 11.15 33.19± 12.47
Hba1c (mmol/mol) 35.09± 5.07 37.29± 6.97
Hypercholesterol 6924 236
Hypertension 10409 364
Moderate Activity (days/week) 3.36± 2.34 3.18± 2.53
PHENOCOPY 100 4
Respiratory Failure 146 26
SARCPLP 70 67
SARCVUS 761 107
SARCo 2174 168
Scoliosis 147 6
Sex 17429 382
Smoking 0.53± 0.19 0.55± 0.19
Stroke 508 36
Systolic BP (mmHg) 137.13± 18.11 142.87± 20.81
Valve Disease 108 44
Vigorous Activity (days/week) 1.82± 1.87 1.52± 2.10

Table 5.2: HCM vs Controls: clinical and genomic features from the UKBB. Integers indicate binary variables
and shows the count of presence of respective variable. Continuous variables are presented with meant and
standard deviation for each group. Sex variable is count of males. Activity, smoking and alcohol intake are
measured based on the UKBB scale: data-fields 884, 914, 1239, 1558.
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Controls (n=36,393) DCM (n=1,262)

Age (years) 54.91± 7.48 59.88± 6.91
Alcohol Intake 16.99± 16.55 20.92± 23.35
BMI 26.60± 4.22 29.37± 5.62
British Caucasian 31754 1070
Cardiac Arrest 52 69
Coronary Disease 1608 382
DCMPLP 155 118
DCMVUS 2093 217
DCMo 5144 345
Diabetes 1870 179
Diastolic BP (mmHg) 81.47± 10.06 81.77± 11.73
Handgrip Left (kg) 31.62± 11.09 30.92± 11.22
Handgrip Right (kg) 33.84± 11.15 32.98± 11.16
Hba1c (mmol/mol) 35.09± 5.07 39.16± 9.76
Hypercholesterol 6924 517
Hypertension 10409 849
Moderate Activity (days/week) 3.36± 2.34 3.10± 2.61
PHENOCOPY 9356 527
Respiratory Failure 146 81
Scoliosis 147 11
Sex 17416 885
Smoking 0.53± 0.19 0.57± 0.26
Stroke 52 69
Systolic BP (mmHg) 137.12± 18.10 139.18± 20.78
Valve Disease 6918 517
Vigorous Activity (days/week) 1.82± 1.87 1.27± 2.07

Table 5.3: DCM vs Controls: clinical and genomic features from the UKBB. Integers indicate binary variables
and shows the count of presence of respective variable. Continuous variables are presented with meant and
standard deviation for each group. Sex variable is count of males. Activity, smoking and alcohol intake are
measured based on the UKBB scale: data-fields 884, 914, 1239, 1558.
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5.3.2 SVM-linear models can distinguish best between HCM and Controls

Figure 5.2 shows the results of the 4 different ML methods, across the 100 distinct runs,

when looking at HCM vs Controls prediction models. The test set samples were changing for

each run, but being kept the same across the 4 models to allow for comparison, as described

in Methods. Figure 5.2 presents the distributions of scores across the 100 runs while Table 5.4

shows the mean and standard deviation for the 100 runs. Across 3 evaluation metrics (AUROC,

f1-score, and recall) the SVM with the linear kernel seems to perform marginally better than

the other 3 methods, whereas in precision the RBF kernel seems to be performing by 0.004

better, however not significant as indicated by the p-value of 6.51 × 10−1. The SVM-linear

AUC scores were statistically different to the ensemble methods (RF, GB-trees), as well as

significantly higher than all others for f1-scores and recall.

Model AUROC F1-Score Precision Recall

SVM-linear 0.867 ± 0.022 0.774 ± 0.032 0.814 ± 0.042 0.740 ± 0.036

SVM-RBF 0.866 ± 0.023 0.762 ± 0.036 0.818 ± 0.043 0.714 ± 0.046

RF 0.858 ± 0.023 0.757 ± 0.03 0.802 ± 0.046 0.718 ± 0.038

GB-Trees 0.857 ± 0.023 0.758 ± 0.032 0.813 ± 0.046 0.712 ± 0.04

Table 5.4: Performance metrics for HCM vs Controls models. First value indicates the mean of the 100 distinct
runs and second value the standard deviation.
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Figure 5.2: Performance evaluation metrics for the 4 different ML methods, in the HCM vs Controls prediction
models. Boxplots show the distribution of values across the 100 distinct iterations. Blue indicates the Support
Vector Machine (SVM) with linear kernel (SVM-linear), orange the SVM with the radial basis function kernel
(SVM-RBF), green the Random Forest (RF), and red the Gradient Boosting Trees (GB-Trees) results. Median
line is shown in black within the box. P-values are as follows: AUC: SVM-linear vs SVM-RBF = 6.51× 10−1,
SVM-linear vs RF = 7.60× 10−3, SVM-linear vs GB-Trees = 1.03× 10−3, SVM-RBF vs RF = 2.85× 10−2,
SVM-RBF vs GB-Trees = 5.30× 10−3, RF vs GB-Trees = 5.65× 10−1. F1-score: SVM-linear vs SVM-RBF =
1.09× 10−2, SVM-linear vs RF = 9.86× 10−5, SVM-linear vs GB-Trees = 5.57× 10−4, SVM-RBF vs RF =
2.95× 10−1, SVM-RBF vs GB-Trees = 4.72× 10−1, RF vs GB-Trees = 7.45× 10−1. Precision: SVM-linear vs
SVM-RBF 4.65×10−1, SVM-linear vs RF = 7.58×10−2, SVM-linear vs GB-Trees = 9.03×10−1, SVM-RBF vs
RF = 1.40× 10−2, SVM-RBF vs GB-Trees = 4.12× 10−1, RF vs GB-Trees = 1.12× 10−1. Recall: SVM-linear
vs SVM-RBF = 2.51 × 10−5, SVM-linear vs RF = 5.91 × 10−5, SVM-linear vs GB-Trees = 9.17 × 10−7,
SVM-RBF vs RF = 5.35× 10−1, SVM-RBF vs GB-Trees = 7.39× 10−1, RF vs GB-Trees = 2.99× 10−1.
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5.3.3 Important features in HCM models include genetic and clinical

characteristics

Figure 5.3 presents the feature importance values generated by the SVM-linear (top,

blue) and RF (bottom, green) HCM vs Controls models. The bars show the distribution of

feature importance scores as they were generated for each of the 100 distinct iterations.

Among the most important features selected by the SVM-linear models are presence of atrial

fibrillation or flutter and having a SARCPLP variant. Sex, presence of coronary or valve disease,

hypertension, episode of cardiac arrest, having SARVUS and SARCo variants, and BMI also

show a relatively higher importance towards predicting for HCM cases. A higher systolic blood

pressure and blood glucose level is also associated with the HCM cases prediction. Lighter

blue boxes indicate the negative feature importances, usually associated with the 0, in this

case Controls, class label.

Being British Caucasian shows up as most important for predicting the Controls partici-

pants, potentially driven by the higher percentage of British Caucasians in the Controls group

(87%) in comparison to the HCM group (75%). Right hand grip is ranked as the next most

important, and it does indeed show a higher mean in the Controls group than the HCM group

as per Table 5.2. The difference however is marginal which is also supported by the absolute

value of the importance which is less than 0.1. The rest of the features shown in the graph are

all within the limits of [−0.1, 0.1] indicating that those features are relatively less important in

the predictions.

RF feature importances do not show a direction of importance towards the labels, and

present importance values based on the Gini index calculation of each split, as described in
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Chapter 4.5. A key difference between the SVM-linear and RF results is the high importance

of age shown in the latter. Moreover, the SARCPLP variants are ranked as less important by

the RF model in comparison to the SVM-linear model. This is an interesting discrepancy, given

that even in terms of absolute sizes (without looking at the sign of the score), the SARCPLP

feature is assigned a very high importance in the SVM model, while in the RF it is assigned an

importance almost a third of the higher importance value. Systolic and Diastolic BP measures

show very similar importances, in line with what it was shown in the SVM-linear results when

taking the absolute values of coefficients.

Similar results on feature importances are also shown in the GB-Trees, with AF, SARCPLP

and hypertension being the dominant features. Barplots are shown in Appendix Figure 7.1.
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Figure 5.3: Feature Importances for the HCM vs Controls prediction models. Bars show the distribution of
feature importance scores as they were generated for each of the 100 distinct iterations. Top graph shows the
results from the SVM-linear model. Lighter blue boxes indicate the features with a negative median value across
the 100 iterations, therefore contributing more to the Controls label prediction. Darker blue boxes indicate the
features with a positive mean value, which contribute more to the HCM label prediction. Bottom graph in shades
of green shows the results from the RF models, based on the Gini index value feature importance. The Sex
variable was coded based on the UKBB data encoding, with 1 depicting males and 0 depicting females.
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5.3.4 SVM models can distinguish best between DCM and Controls

Figure 5.4 shows the results of the 4 different ML methods, across the 100 distinct runs,

when looking at DCM vs Controls prediction models. The test set samples were changing for

each run, but being kept the same across the 4 models to allow for comparison, as described

in Methods. Figure 5.4 presents the distributions of scores across the 100 runs while Table 5.5

shows the mean and standard deviation for the 100 runs. In contrast to the HCM vs Controls

models, here, both SVM kernels (linear and RBF) have the highest scores in AUROC and

non-significantly different values in f1-scores. Precision scores have slight differences across

the 4 different methods but without statistical significance being shown (Figure 5.4).

Model AUROC F1 Score Precision Recall

SVM-linear 0.851 ± 0.028 0.737 ± 0.038 0.756 ± 0.05 0.723 ± 0.05

SVM-RBF 0.851 ± 0.026 0.734 ± 0.037 0.766 ± 0.051 0.709 ± 0.056

RF 0.841 ± 0.027 0.724 ± 0.035 0.766 ± 0.05 0.69 ± 0.052

GB-Trees 0.832 ± 0.029 0.717 ± 0.037 0.759 ± 0.055 0.684 ± 0.054

Table 5.5: Performance metrics for DCM vs Controls models. First value indicates the mean of the 100 distinct
runs and second value the standard deviation.
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Figure 5.4: Performance evaluation metrics for the 4 different ML methods, in the DCM vs Controls prediction
models. Boxplots show the distribution of values across the 100 distinct iterations. Blue indicates the Support
Vector Machine (SVM) with linear kernel (SVM-linear), orange the SVM with the radial basis function kernel
(SVM-RBF), green the Random Forest (RF), and red the Gradient Boosted Trees (GB-Trees) results. Median
line is shown in black within the box. P-values are as follows: AUC: SVC-linear vs SVC-RBF = 9.88× 10−1,
SVC-linear vs RF = 8.71 × 10−3, SVC-linear vs GB-Trees = 2.27 × 10−6, SVC-RBF vs RF = 6.73 × 10−3,
SVC-RBF vs GB-Trees = 1.18× 10−6, RF vs GB-Trees = 2.21× 10−2. F1-score:SVC-linear vs SVC-RBF =
5.81 × 10−1, SVC-linear vs RF = 9.01 × 10−3, SVC-linear vs GB-Trees = 1.99 × 10−4, SVC-RBF vs RF =
3.82× 10−2, SVC-RBF vs GB-Trees = 1.29× 10−3, RF vs GB-Trees = 2.00× 10−1. Precision: SVC-linear vs
SVC-RBF = 1.53×10−1, SVC-linear vs RF = 1.65×10−1, SVC-linear vs GB-Trees = 6.80×10−1, SVC-RBF vs
RF = 9.58× 10−1, SVC-RBF vs GB-Trees = 3.38× 10−1, RF vs GB-Trees = 3.61× 10−1. Recall: SVC-linear
vs SVC-RBF = 7.53×10−2, SVC-linear vs RF = 1.11×10−5, SVC-linear vs GB-Trees = 4.22×10−7, SVC-RBF
vs RF = 1.35× 10−2, SVC-RBF vs GB-Trees = 1.55× 10−3, RF vs GB-Trees = 4.35× 10−1.

5.3.5 Important features in DCM models include genetic and clinical

characteristics

Figure 5.5 presents the feature importance values generated by the SVM-linear (top,

blue) and RF (bottom, green) DCM vs Controls models. The bars show the distribution of
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feature importance scores as they were generated for each of the 100 distinct iterations. The

first set of important features contributing to DCM with median values between 0.1 and 0.2

across the 100 runs, are sex, presence of coronary or valve disease, incident of cardiac arrest or

respiratory failure, hypertension, age, BMI, blood glucose level and having DCMPLP variants.

Higher alcohol intake and presence of DCMVUS variants have median values close to 0.05.

DCMo variants, diastolic BP, having hyper-cholesterol and higher moderate activity show some

small contribution to the DCM class, while also contributing to the Controls class for a majority

of iterations as indicated by the error bars.

The lighter-colored bars show importances for features that are more Controls-contributing.

The most pronounced feature in this category is the right hand grip measurement, which

when looking at he magnitude of importance on the absolute value, it is still not equivalent

to the top features of the positive group. Diabetes and vigorous activity are two additional

features that show higher Controls-contribution to almost the entirety of runs. Although the

left hand grip strength and systolic blood pressure typically show a negative median, the error

bars suggest that they were assigned a positive importance value in several iterations (DCM

contribution).

The bottom graph of Figure 5.5 presents the importances assigned by the RF model.

Age, BMI, and blood glucose levels rank as the most significant features. Following them are

hypertension, systolic and diastolic blood pressure, strength of both left and right hand grips,

and alcohol consumption. The genomic features (DCMPLP, DCMVUS, DCMo, PHENOCOPY)

are ranked in lower places and have been assigned values less than the 50% threshold (age

median = 0.9) of the total importances.

Similar results on feature importances to the SVM-linear are also shown in the GB-Trees,
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with hypertension, coronary artery disease, age, and BMI being dominant features, while sex

is found further down in the ranking. Barplots are shown in Appendix Figure 7.1, bottom

figure.
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Figure 5.5: Feature Importances for the DCM vs Controls prediction models. Bars show the distribution of
feature importance scores as they were generated for each of the 100 distinct iterations. Top graph shows the
results from the SVM-linear model. Lighter blue boxes indicate the features with a negative median value across
the 100 iterations, therefore contributing more to the Controls label prediction. Darker blue boxes indicate the
features with a positive mean value, which contribute more to the DCM label prediction. Bottom graph in shades
of green shows the results from the RF models, based on the Gini index value feature importance. The Sex
variable was coded based on the UKBB data encoding, with 1 depicting males and 0 depicting females.
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5.3.6 HCM and DCM P/LP variants and common clinical factors show

importances in both phenotypes

Figure 5.6 shows the importance values intersection between the HCM and DCM models.

The top figure presents results from the two SVM-linear models, indicating that HCM and

DCM associated P/LP variants are the most important features driving predictions for the

two diseases, along with sex, BMI, and presence of cardiovascular related factors. The figure

below shows the mean of importances of the two ensemble methods (RF and GB-Trees).

Ensemble methods indicate that hypertension is the most importance feature separating the

cardiomyopathies from the Controls, while P/LP variants show a stronger importance in the

HCM ensemble models than the DCM. Finally right hand grip strength presents as a strong

predictor for Controls in both HCM and DCM SVM-linear models.

99



CONTENTS 5.3. RESULTS

Figure 5.6: Feature Importance values intersection between the HCM and DCM prediction models. Top graph
shows the results from the SVM-linear model. Bottom graph shows the results averaged from the RF and
GB-Trees models, based on the Gini index value feature importance.
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5.3.7 HCM models including LAVASET-derived CMR imaging features

perform better

Table 5.6 shows the metrics from the HCM vs Controls model when including the

important features derived from LAVASET. The first 4 metrics show results from the test set,

whereas the average precision (AP) quantifies the relationship between the precision and

recall at different thresholds while training. In all metrics the SVM-RBF outperforms the other

methods. The ensemble methods have lower values on recall, and perfect precision scores,

indicating that the models with CMR features mislabel HCM samples as Controls, increasing

the number of false negatives. Direct comparisons cannot be made with the HCM vs Controls

models presented before given the different training/test split architecture and the additional

cohort; however, in the best performing model (SVM-RBF) we do see that all metrics are

relatively higher when CMR features are included. Figure 5.7 presents the Precision-Recall

curves for each model to facilitate the comparison in different thresholds while training.

The AP is shown in the legend and indicates that the model performing best in the test set

(SVM-RBF), is also the one with the biggest area under the curve in the Precision-Recall curve.

Model AUROC F1 Score Precision Recall AP

SVM-linear 0.937 0.825 0.879 0.777 0.908

SVM-RBF 0.978 0.889 0.923 0.857 0.956

RF 0.966 0.466 1.00 0.304 0.939

GB-Trees 0.943 0.756 1.00 0.607 0.940

Table 5.6: Performance metrics for HCM vs Controls models, when incorporating the LAVASET-derived CMR
imaging features.
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Figure 5.7: Precision-Recall curve for the 4 models. Average Precision (AP) is calculated and shown in legend
for each model.
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5.4 Discussion and Future Work

Cardiomyopathies are known to show a significant genetic component. This can be

attributed to either a single or multiple rare variants influencing the phenotype (Marian and

Braunwald, 2017, Mazzarotto et al., 2020) or, based on recent discoveries, to the effect of

common variants (Zheng et al., 2023a,b). As genome sequencing becomes a standard part of

routine care (NHS, 2023), it’s crucial to leverage this personalized data to enhance patient

care, leading to improved diagnosis and prognosis of these conditions.

Using existing data from patient records to pre-screen for rare, burdensome diseases,

without the need for expensive tests at first level, can refine subsequent testing and boost the

efficiency of referrals. Therefore, computational models that can triage, at an initial stage,

potential patients and give a possible assessment and risk for cardiomyopathy, are a future

possibility.

5.4.1 ML models can differentiate between CMs and Controls

This chapter demonstrated that traditional machine learning methods can differentiate

between individuals with cardiomyopathy and those without, utilizing readily available clinical

data and genomic rare variant information. Specifically, in the HCM vs Controls models, the

best performing method, SVM-linear, is able to identify 3 out of 4 HCM cases correctly, missing

however about 25% of the cases. The precision of the model at identifying the HCM cases is

higher to its specificity, where about 4 out of 5 HCM-predicted cases, are true HCM patients.

Having a higher precision, and subsequently a lower false positive rate (FPR=14.6%) is

beneficial in a pre-screening tool for various reasons. A high FPR means that many individuals

103



CONTENTS 5.4. DISCUSSION AND FUTURE WORK

without HCM will be incorrectly identified as having it. This can cause unnecessary stress,

anxiety, and subsequent medical follow-ups. With an FPR of 14.6% less than 2 out 10 non-risk

individuals will be mislabeled as at risk, making this SVM-linear model a potential candidate

for a future pre-screening diagnostic tool.

For the DCM models, the results were not as clear as to which model outperformed all

others, given AUCs were tied for linear and RBF SVMs. Recall was significantly higher in

the SVM-linear model, while precision was not statistically significant between the two SVM

methods, as indicated by the p-values in Figure 5.4 caption. In comparison to the HCM models,

there is a relative decrease in performance of DCM vs Controls which is evident in all the

metrics presented. Specifically, the SVM-RBF shows a recall (or sensitivity) of 0.72, meaning

that the model identified correctly 72% of the participants with DCM. A precision of 0.75

means that in 75% of the instances where the model classified a participant as having DCM,

that classification was true. The DCM SVM-linear model shows an FPR of 18.7% indicating

that out of the total of Controls, the model incorrectly predicted approximately 18.7% of them

as DCMs. With a specificity lower than in the HCM models (85.4% for HCM, 81.3% for DCM),

in this case there is a higher chance of screening Controls participants incorrectly and labeling

them as at risk for DCM.

For rare cardiovascular diseases like cardiomyopathies, there is a noticeable gap in the

literature when it comes to establishing baseline models for pre-screening and prediction.

This is in contrast to the more common cardiovascular diseases, where there is a plethora of

research employing machine learning techniques. A study by Hossain et al. (2023) published

a heart disease risk prediction model that exhibits an accuracy of 94.9% using the RF method.

Weng et al. (2017) compared different machine learning models for predicting cardiovascular
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event risk with their best performing model, a neural network, achieving an AUC of 76.4%

with sensitivity of 67.5% and specificity of 70.7%. Beunza et al. (2019) also presented a

performance comparison of multiple machine learning algorithms, drawing data from the

Framingham heart database, to predict coronary heart disease. They achieved the highest AUC

value of 0.75 with the support vector machine approach. Shah et al. (2020) reported a peak

accuracy of 90.78% in their heart disease predictions using the K-NN algorithm. Lastly, Jindal

et al. (2021) trained an RF model for heart disease risk prediction which demonstrated an

accuracy of 86.9%, a sensitivity of 90.6%, and a specificity of 82.7%. The metrics showcased

here for the HCM and DCM models align with the findings from these studies, without however

being able to make direct comparisons as to whether these models are better.

Another novel and unique characteristic of this methodology relies on the multiple

iterations for creating robust predictions. This is necessary given the nature of features,

especially due to the rare variant information incorporated. Rare variants, as the name

indicates, are not found in a large number of participants, in some cases even having variants

present only in one or two individuals. Therefore, to prevent the issue of a biased test

and training set where a number of these rare variants are potentially completely excluded,

the train-test split shuffling across 100 iterations was introduced. In this way, the model is

able to train in an out-of-bag manner, create a robust learning, and mitigate issues such as

the rare variable instance. Rare variants, however, are not the sole genetic component for

cardiomyopathies. They account for less than 50% of cases (Verdonschot et al., 2020) and

recent GWAS efforts have shown that SNP heritability has a strong polygenic influence on the

phenotype which can account for the rest of the cases. To address this, a future consideration

would be to include PRS as an additional feature to the models. This would be possible in
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cases where whole genome sequencing or genotyping is offered to participants or outpatients,

and not just specific genetic panels that are disease focused. In the given study, PRS was not

initially included because of sample size constraints. Since scores were available for only

around 70% of the participants, incorporating them would have substantially reduced the

number of cases.

5.4.2 Models are interpretable and important features can be evaluated

SVMs and ensemble methods, such as RFs and GB-Trees, offer certain advantages

especially when it comes to interpretability. The decision boundary in SVMs is determined by

support vectors, which are data points that lie closest to this boundary. This makes it relatively

straightforward to understand which data points influence the decision-making process, and

completely interpret the model’s predictions. Moreover, for linear SVMs the coefficients of the

weight vector, in the decision boundary equation (w×x+ b = 0), correspond to the features in

the input data. The magnitude of each coefficient indicates the importance of that feature in

determining the decision boundary. Decision trees, which are the building blocks of RFs and

GB-Trees, are inherently interpretable. They split on features at various thresholds, allowing

for a clear, hierarchical understanding of decision-making. Through this understanding and by

calculating the impurity of each split based on a given feature, a final feature importance can

be assessed based on the aggregated quality of splits that each feature outputs. The complete

explainability makes SVMs and ensemble methods ideal candidates for clinical tools, especially

at early stages of researching their utility in such uses.

An additional advantage of the interpretability lies on feature ranking and deriving

feature importances directly from the model’s training. In the HCM models presence of atrial
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fibrillation or flutter (AF) and the SARCPLP variants were highlighted as key features. HCM

often is associated with with AF, with studies indicating that approximately 20% to 25% of

HCM patients also have AF (Falasconi et al., 2020). Presence of AF with HCM has been shown

to have a higher incidence of stroke or heart failure (Maron et al., 1995, Patten et al., 2018),

however this is not the case in this UKBB subset, as derived by the feature importances and

the prevalence of stroke events in the HCM group. SARCPLP variants given their pathogenic

or likely pathogenic significance to HCM are expected to rank high in feature importance, and

were selected and included for this purpose.

Other notable features with high importance include sex, the presence of coronary or

valve diseases, hypertension, instances of cardiac arrest, possession of SARVUS and SARCo

variants, and BMI. HCM has been observed to be more prevalent in men, with males making up

about 60% of the HCM cases (Butters et al., 2021, Siontis et al., 2019). This male dominance is

puzzling and not yet well-understood, given that HCM is inherited in an autosomal dominant

manner, which should lead to an equal distribution between males and females. One possible

reason for this disparity might be a diagnostic bias, leading to HCM being less frequently

recognized in women (Butters et al., 2021). In the entirety of the UKBB dataset, the prevalence

of women is slightly higher (54.4%), so is in the Controls group used in the models (52%). In

the HCM group the number of males was predominant with 66% of cases, which follows the

pattern of male predominance of the disease, as described before. Based on UKBB’s encodings

of this binary feature (0: female, 1:male) a higher positive value in the SVM importance

results of the sex variable indicates an association of being male with the HCM prediction

label; which is in concordance to other studies.

The definition of HCM requires the absence of hypertension or coronary/valve disease in
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order to explain the left ventricular wall enlargement. However, patients with HCM can also

develop hypertension or valvular aortic stenosis, making it challenging to distinguishing the

simultaneous presence of these conditions (Marian and Braunwald, 2017). Hypertension is

also a known risk factor and has been proven to be causally related to HCM through Mendelian

randomization studies (Harper et al., 2021). Therefore the presence of high importance in

conditions like this is expected. So is an elevated systolic blood pressure, which can define

the hypertension phenotype (Wang, 2019). Glucose metabolism has been studied extensively

in relation to hypertrophy and heart failure, with animal models and clinical trials showing

a relationship between an altered glucose metabolism and hypertrophy. Specifically, in the

process of cardiac hypertrophy and abnormal restructuring, there’s a metabolic shift from

fatty acid oxidation to glucose use. This shift is linked to an excess of glycolysis in enlarged

hearts, which can lead to hyperglycemia (Kolwicz and Tian, 2011, Tran and Wang, 2019).

Murakami et al. (2004) findings indicate that HCM patients without clear signs of diabetes

or hypertension may still have insulin resistance. This insulin resistance could be associated

with HCM manifestations. Hence, seeing an elevated Hba1c feature showing a higher relative

importance and contributing to predicting the HCM group aligns with what is previously

known.

For DCM, the ESC guidelines recommend that all patients exhibiting heart failure

symptoms undergo standard blood tests to check for associated conditions. These tests should

include a complete blood count, assessments of kidney and liver functions, electrolyte levels,

thyroid function, fasting glucose, and Hemoglobin A1C (Hba1c). In addition, there have been

studies linking insulin resistance with DCM and as a result of ineffective glucose metabolism

in the heart. It is well-known that diabetes can cause an impairment in the cardiac muscle,

108



CONTENTS 5.4. DISCUSSION AND FUTURE WORK

leading to diabetic cardiomyopathy; however, insulin resistance is also present in DCM patients

with no diabetes, which suggests a possible bi-directional underlying mechanism (Mak et al.,

2021). As a result, including blood glucose as a predictor in the DCM models is beneficial and

its high importance is justified.

The features that consistently influence DCM (based on the SVM-linear) include sex, the

presence of coronary or valve diseases, occurrences of cardiac arrest or respiratory failure,

hypertension, age, BMI, blood glucose levels, and the presence of DCMPLP variants. The sex

variations observed in DCM follow the patterns previously mentioned for HCM. A number of

epidemiological studies have shown that DCM is less prevalent in women compared to men

(Fairweather et al., 2023, Halliday et al., 2018). Additionally, men exhibit lower LVEF, face

poorer outcomes, and have a higher death rate compared to women (Argirò et al., 2022).

The mean age in the entire UKBB dataset is 57.9 ± 8.6 years, with the Controls group

having a mean age of 54.9 ± 7.5 and the DCM group 59.9 ± 6.9. Halliday et al. (2018)

investigated the different outcomes and severity of disease based on age, showing that there is

an increased mortality in cases of more than 60 years of age (and the sex differences in these).

However, there are no clinical indications or pathobiological pathways that could explain

the difference in mean between these groups. A possible explanation would be participation

bias stemming from the volunteer-based approach of the UKBB (Schoeler et al., 2023). The

Controls group comprised of participants who all undertook further testing for MRI and CMR

imaging. The almost 40,000 participants for which CMR imaging was analyzed have a mean

age lower than the total UKBB mean and almost identical to the Controls group. Whereas

the diseased groups include mostly individuals that did not undertake CMR imaging, and

belong to the remaining 450,000 UKBB individuals. To ensure that age did not solely drive the
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predictions, models removing the age variable were also assessed and did not show significant

differences to the models presented here. Another way to mitigate this would be to correct for

the age differences between the Controls and DCM/HCM groups and therefore remove the

imaging participation bias apparent.

Regarding BMI, both the HCM and DCM groups have a mean index within the overweight

range. The upper cutoff for a healthy range is 24.9 kg/m2, making the Controls group with a

BMI mean at 26.6 kg/m2 also higher than the normal healthy range. There have been studies

investigating the associations of obesity with cardiomyopathies, given the known link of obesity

to worse cardiovascular outcomes (Zaromytidou and Savvatis, 2023); Harper et al. (2021)

explored this with two-sample Mendelian randomization and identified a causal relationship

of obesity with HCM, but not T2DM. Specifically, they showed a stronger association of BMI

with sarcomere negative than sarcomere positive HCMs. Higher BMI in young women was

linked to a greater likelihood of being diagnosed with cardiomyopathy later on, particularly

DCM. This increased risk began even with a small increase in body weight while those with

severe obesity faced a risk that was nearly five times greater (Robertson et al., 2020).

Similar to HCM, coronary artery disease, valve disease, cardiac arrest, respiratory failure,

and hypertension are all comorbidities to DCM (esc). Additional risk factors, such as smoking

and alcohol intake, when combined with a genetic architecture can increase susceptibility

to developing a dilated phenotype. Thus, the association of DCM with the presence of P/LP

or VUS variants and increased alcohol consumption, as indicated by feature importance, is

justified.

Finally, increased left and right hand grip strength (HGS) measurements show a high

association with the Controls group as well as more vigorous activity. It is evident that
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patients with phenotypes that can lead to heart failure, as is DCM, strength of hand grip is

impaired. There is a negative correlation between the odds for developing heart failure and

HGS, indicating that lower values of HGS can be seen in patients with DCM (Li et al., 2023).

Enhanced HGS correlated with CMR-derived indicators of cardiac structure and function that

indicated reduced cardiac hypertrophy and remodeling (Beyer et al., 2018).

5.4.3 HCM models including LAVASET-derived CMR features perform

better

Incorporating CMR features in the HCM vs Controls models increased the performance

of the SVM models across all metrics, and resulted in a perfect precision for the ensemble

methods. This increase is expected given the strong hypertrophic phenotype of HCM hearts

in comparison to the Controls. This is also evident by current medical practice where a CMR

image of the left ventricle and the measuring of its hypertrophy is the main diagnostic criterion

for HCM (esc). The lower number in recall in association with the perfect prediction scores

that the ensemble methods showed, indicate a high number of false negatives and seemingly

no false positives. A potential explanation to this would be the large imbalance between the

HCM and Controls classes, whereby the methods potentially make predictions by chance and

the majority class is favored in these predictions.

This model set up had significant limitations in comparison to the pre-screening models.

The necessity of including the RBH HCM cohort due to the low UKBB HCM number with CMR

features led to an increased number of missing values in the clinical features. Therefore, most

of the features used in the pre-screening models had to be excluded after harmonization of

the two datasets; the main reason why the RBH cohort was also not used as a testing set for
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the pre-screening models. To prevent inflating the testing scores due to the incorporation of

selected features from the same testing cohort, the test set in these models was maintained

identical to the test set in the LAVASET model. However, this was a necessity due to the

restricted number of cases while the ideal set up would be to derive the important features

via LAVASET, train a new model in a new dataset and test on separate data. As a future

improvement, and as more CMR imaging data becomes available in the UKBB, and with the

influx of more CMR imaging data in the UKBB, the aim would be to set up models using

training data that has not been utilized previously and make predictions on the same test set

used here.

5.5 Conclusion

This chapter demonstrated that traditional machine learning methods can differentiate

between individuals with cardiomyopathy and those without, utilizing readily available clinical

data and genomic rare variant information. In both binary classification models evaluated (one

for each type of CM: HCM and DCM), the best-performing method was the SVM. Specifically,

in the HCM vs Controls models, SVM-linear, is able to identify 3 out of 4 HCM cases correctly,

while about 4 out of 5 HCM-predicted cases, are true HCM patients, indicating a relatively

high precision.

For the DCM vs Controls models, AUROCs were tied for linear and RBF SVMs, suggesting

that both types of kernels can be used for accurate classifications. In comparison to the HCM

models, there is a relative decrease in performance of DCM vs Controls which is evident across

all metrics evaluated in this Chapter. However, the models still identified correctly 72% of the
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participants with DCM, while 75% of the instances where the model classified a participant as

having DCM, that classification was true. Findings from both sets of models are results from

robust predictions of 100 iterations, to accommodate for the nature of features such as the

rare variant information incorporated. This methodology introduces an appropriate and novel

approach to utilizing genomic rare variant information in an unbiased manner and creating

robust learning.

Moreover, employing classical machine learning models such as SVMs allows for compre-

hensive interpretability and explainability of the models, resulting to important features being

evaluated and ranked. Known CM comorbidities and/or risk factors such as hypertension and

alcohol intake were ranked with relative high importance in the models, along with pathogenic

or likely pathogenic variants for CM. When incorporating features from LAVASET-derived

important CMR features, these ranked the highest in importance for distinguishing between

HCM vs Controls models, and increased the overall model performance to almost perfect

classification (AUROC=97.8%); which outperforms the best-performing models by over 20%

on the AUROC metric.

The models described here can lay the groundwork for assessing the utility of ML in

pre-screening and/or stratifying cardiomyopathy patients. There are still several shortcomings

to address, most of which relate to the rarity and low prevalence of these phenotypes.

Nevertheless, as more datatypes such as CMR imaging and WES become available for larger

numbers of affected individuals, the predictive positive value of such models will be able to

increase and potentially become useful in the clinic.
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Deep Learning Models for Evaluating PRS
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6.1 Introduction

HCM and DCM have been traditionally considered monogenic diseases, with a Mendelian

pattern of inheritance. About a third of HCM cases can be attributed to a causal rare variant

and recent studies have shown that common variants can contribute significantly to risk of

disease (SNP heritability (h2) 0.29) (Tadros et al., 2021). In DCM, a GWAS analyzing left

ventricular phenotypes from cardiac MRI data unveiled 45 new loci of common variants, which

cause cardiac structure alterations seen in DCM. A polygenic risk score (PRS) based on these

MRI-derived measurements demonstrated a strong correlation with the occurrence of DCM in

the general population (Nair and Hinton, Pirruccello et al., 2020, Tadros et al., 2023, Zheng

et al., 2023a).

A PRS, as described in detail in Introduction section 1.2.2, summarizes the cumulative

risk that can be attributed to common variants. In the initial stages of developing PRS, scores

were computed using variants that were statistically significant according to GWAS. Despite

this, the risk of over-fitting remains, especially when dealing with small sample sizes and/or a

large number of variants. To address this, some methods have incorporated regularization

techniques such as the Best Linear Unbiased Predictors (BLUP) and genomic BLUP (gBLUP)

(Clark and Werf, 2013). These pipelines have their own limitations, including the potential to

inflate the effect sizes of correlated genetic variants.

To mitigate the issue of overestimation, techniques that take into account the linkage

disequilibrium (LD) have been recently introduced. One approach selects representative

SNPs within LD blocks, using pruning or clumping (known as P+T), while another relies on

LD panels, serving as the foundation for algorithms like LDpred (Vilhjálmsson et al., 2015),

Lassosum (Mak et al., 2017), and PRS-CS (Ge et al., 2019). Incorporating LD information can
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be computationally expensive and still fall short in capturing the complexities of of non-linear

effects and interactions between the genetic variants.

Using machine learning models to predict PRS can capture non-linear SNP interactions

with fewer genetic architecture assumptions. Employing deep learning methods for calculating

and evaluating PRS has been shown in more prevalent diseases such as Alzheimer’s disease

(Zhou et al., 2023), breast (Badré et al., 2020) and ovarian cancer (Dareng et al., 2022).

Here, we present a different method for calculating PRS by training a feed-forward

neural network and generating the PRS from its prediction probabilities on new, unseen

data. This ML-based approach shows that PRS in HCM and DCM can be clinically relevant,

in concordance to results presented recently by (Zheng et al., 2023b), and is completely

data-driven without the need of prior knowledge like LD panels or priors.

6.2 Methods

PRS-CS is one of the most recent methods developed for generating PRS (Ge et al.,

2019). Its novelty comes from incorporating continuous shrinkage priors when calculating

the SNP effect sizes, which enables multivariate modeling of local LD patterns. These priors

are incorporated via a Bayesian regression method. Here, PRS-CS is used as a traditional

PRS calculation method for comparison to the DL method, given its proven utility in car-

diomyopathies, as presented recently (Zheng et al., 2023a,b). PRS-CS scores used here are

generated by Zheng et al. (2023a).
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6.2.1 SNP Filtering

SNP filtering was executed based on the p-value thresholds generated by previously

performed Genome-Wide Association Studies (GWAS) and meta-analyses, including Multitrait

Analysis of GWAS (MTAG). The HCM GWAS was performed on HCM cases (n=2,431) and

controls (n=40,283) from the Hypertrophic Cardiomyopathy Registry (HCMR). The study

included unrelated patients who were diagnosed with HCM based on the presence of unex-

plained thickening of the left ventricular (LV) wall, defined as a LV wall thickness (LVWT)

greater than 15mm, or greater than 13mm with either a family history of HCM or a known

genetic variant that is associated with the disease. The HCM cases underwent gene panel

sequencing based on clinical indications (Tadros et al., 2023).

For DCM, summary statistics were used from a large meta-analysis effort that combined

16 studies participating in the Heart Failure Molecular Epidemiology for Therapeutic Targets

(HERMES) Consortium. Total number of DCM cases was 4,255 with 1,199,156 controls

(Lumbers et al., 2021). Six of the 16 studies identified DCM cases using string criteria,

involving cardiac imaging, specific diagnostic codes from ICD (International Classification of

Diseases), or DCM-specific clinical diagnosis. Under these criteria there were 6,001 cases and

449,382 controls. The remaining 10 studies identified cases based on the presence of left of

left ventricular systolic dysfunction (LVSD) without any underlying secondary causes. This less

stringent category consisted of 9,298 cases and 1,157,145 controls (Lumbers et al., 2021).

Based on the summary statistics from both the HCM GWAS and the DCM meta-analysis,

different sets of SNPs were evaluated as inputs to the neural network models. These sets

were created by taking SNPs in different levels of p-value significance. Seven different p-value

thresholds were assessed from 1× 10−2 to 1× 10−8 with each subsequent step representing a
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difference of one additional order of magnitude.

6.2.2 Neural Network Architecture

For both the HCM and DCM classification tasks, two separate feed-forward neural

networks were trained using Keras and a number of parameters were tested on the validation

set to find the optimal architecture. The models always begin with an input layer consisting of

as many neurons as there are features in the training data. This varied based on the 7 different

p-value thresholds. This is followed by one or more hidden layers with 128 neurons in the

first hidden layer. Subsequent hidden layers, if present (steps of 1 to 5 hidden layers were

evaluated), have a diminishing number of neurons (neuron count in subsequent layers was

determined by dividing 128 by a range of 1 to 4). Each hidden layer used the ReLU (Rectified

Linear Unit) activation function. Presence of batch normalization and dropout layers was also

evaluated to assess whether they prevent over-fitting. The Batch Normalization was set at

momentum of 0.9, and the Dropout rate was evaluated at 0.1 to 0.9. The network concludes

with a single-neuron output layer with a logistic activation function, making it suitable for

binary classification tasks. The models were compiled using the Adam optimizer with an initial

learning rate of 1 × 10−3 and used binary cross-entropy as the loss function. Performance

is evaluated using multiple metrics, including accuracy, Area Under the Receiver Operating

Characteristic curve (AUROC), Area Under the Precision-Recall curve (AUC-PR), Precision,

Recall, and a F1 Score. Training is conducted with early stopping based on validation F1-score,

with a patience parameter set to 10 epochs. The training is performed in batch sizes of 500

and is run for a maximum of 100 epochs.

The architecture was constructed with the Sequential() function of the Keras sub-
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package in TensorFlow. Model specifications and ranges for parameter hypertuning were

informed by other DL-PRS methods in literature (Badré et al., 2020, Dareng et al., 2022, Zhou

et al., 2023).

To mitigate the risk of over-fitting arising from linkage disequilibrium (LD), the method

of weight correlation descent (WCD) introduced by Kim et al. (2023) was used. WCD serves

as a regularization technique by introducing an additional term to the model’s loss function,

as indicated in Equation 6.1.

J̃(θ;X, y) = J(θ;X, y) + αg(w) (6.1)

Here, J̃(θ;X, y) represents the regularized loss function, J(θ;X, y) is the original loss function

prior to applying WCD, g(w) measures the correlation between the weights of each node

in the NN, and α is a coefficient to fine-tune the impact of WCD. A higher α means more

regularization. The weight correlation for each layer of the NN is computed using Equation

6.2:

ρ(wl) =
1

Nl(Nl − 1)

Nl∑
i,j=1
i ̸=j

|wT
liwlj|

∥wli∥2∥wlj∥2
(6.2)

Here, ρ(wl) measures the correlation between the weights of nodes within the same

layer, Nl is the number of nodes in layer l, and wli and wlj are the weights of the i-th and j-th

nodes. The denominator normalizes the term, ensuring that the correlation is not affected

by the magnitude of the weights. g(wl), which is the weight correlation loss for each layer, is
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determined as shown in Equation 6.3:

g(wl) = −(Nl − 1)Nl−1 ln(1− ρ(wl))−Nl−1 ln (1 + (Nl − 1)ρ(wl)) (6.3)

This term is used to penalize high correlations within the weights of the same layer. Finally, g(w)

is calculated by summing the weight correlation loss across all layers, i.e., g(w) =
∑

l g(wl).

6.2.3 Dataset and Training/Validation/Test Splits

Genotyping data of UK Biobank (UKBB) participants were used for both the HCM

and DCM neural network training. Unrelated (excluding 3rd degree or closer), White British

participants were only included. Cases of HCM were picked through both self-reported medical

histories, hospital admissions and death records, and through cardiac magnetic resonance

(CMR) imaging showing a left ventricular wall thickness exceeding 15mm. Unrelated White

British HCM cases from the Royal Brompton & Harefield (RBH) Hospitals Cardiovascular

Research Biobank were also included to increase the number of cases for training and testing.

To define the DCM cases in the UKBB diagnostic codes from ICD (International Classification

of Diseases) and linked primary care records were used.

Both cohorts were filtered by standard quality control (QC) criteria and the finalized

dataset was refined including only variants that passed genotyping QC (MAF 1%, genotyping

rate 0.99, HWE 1× 10−6).

The total number of individuals included for the DCM models is 4,290 out of which

1,052 DCM cases and 3,238 Controls. For the HCM models the total number of individuals

adding both the UKBB and RBH cohorts sums up to 10,624. HCM cases are 790 and Controls
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9,834. Controls in both sets of models were selected via clinical criteria and included only

individuals with CMR imaging data (for the downstream PRS evaluation analysis). Clinical

criteria included no prior cardiovascular or known common metabolic diseases (i.e. diabetes),

as well as no hypertension phenotypes. The sample sizes presented here are used for training

the NN models and learning the PRS weightings and are independent of the GWAS and

GWAMA discovery cohorts that were described above in section SNP filtering 6.2.1.

To separate the target cohort for PRS tuning and PRS evaluation, each dataset was split

in training and validation (PRS tuning), and test sets (PRS evaluation). Training (80%) is the

subset used for the training of the various p-value threshold inputs and to decide the optimal

parameters for each model. The validation set (10%) was used to cross-validate the parameter

tuning and pick the best-performing input. Finally, the test set (10%) was used to calculate

the PRS for the remaining and unseen individuals. Figure 6.1 shows the exact numbers on

each set.

p-value
HCMR
GWAS

UKBB-
HCM

RBH-
HCM

UKBB\RBH
Common

HERMES
UKBB-
DCM

1× 10−2 73,294 51,786 66,247 47,465 140,364 92,900
1× 10−3 12,447 7,491 11,316 6,945 24,411 16,175
1× 10−4 4,885 2,170 4,378 2,014 6,218 3850
1× 10−5 3,502 1,198 3,110 1,121 2,508 1,484
1× 10−6 2,970 803 2,638 752 1,254 842
1× 10−7 2,293 558 2,140 531 918 670
1× 10−8 448 403 423 388 615 460

Table 6.1: SNP variants as input for the HCM and DCM neural network models. HCMR GWAS column shows
the number of variants per significance threshold as taken from the summary statistics of the base data (GWAS).
UKBB and RBH columns shows the number of variants present in the UKBB and RBH respectively. UKBB+RBH
Common are the final set of variants used in the dataset for the neural network pipeline. HERMES column
shows the number of variants per significance threshold as taken from the summary statistics of the base data
(HERMES meta-analysis). UKBB-DCM is the final set of variants used in the dataset for the neural network
pipeline.
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6.2.4 Statistical Analysis

The non-parametric Mann-Whitney U-test was employed for all statistical tests performed

in this chapter. A non-parametric test was chosen given the various group sizes compared

when looking at distributions of PRS within quantiles or across higher and lower value ranges.

In the DCM section we calculated the odds ratio (OR) for DCM. OR is a measure of

association between an event (in this case the PRS) and an outcome (usually a disease or

condition, here DCM). It is a statistic that quantifies how the odds of the outcome changes

with the exposure compared to without the exposure.

The odds ratio is calculated as follows:

Odds Ratio (OR) =
Odds of outcome with event

Odds of outcome without event
(6.4)

In a 2× 2 contingency table format, where:

• a is the number of cases with high PRS and DCM,

• b is the number of cases with high PRS without DCM,

• c is the number of cases with low PRS but DCM,

• d is the number of cases with low PRS and without DCM,

The odds ratio can be calculated as:

Odds Ratio (OR) =
a× d

b× c
(6.5)

• OR = 1: No association between exposure and outcome.
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• OR > 1: The exposure is associated with higher odds of the outcome.

• OR < 1: The exposure is associated with lower odds of the outcome.

Figure 6.1: High-level overview of the chapter, including the dataset splits, model architecture, and PRS
evaluation methods. Neural network depicted is not indicative of the exact architecture.

6.3 Results

Table 6.2 and Table 6.3 present the results from the models with different sets of SNPs as

input, based on the p-values of different levels of magnitude (1× 10−2 to 1× 10−8). Results are

shown for the validation set (10% of total samples), from which the model with the highest

F1-score is selected. For HCM this is the model with p-value input of 1× 10−5 and for DCM
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HCM Validation Set Metrics
Model Accuracy Precision Recall ROC-AUC AUC-PR F1-Score
1× 10−3 0.91 0.40 0.19 0.62 0.13 0.26
1× 10−4 0.94 0.79 0.37 0.75 0.41 0.50
1× 10−5 0.95 0.79 0.51 0.82 0.59 0.63
1× 10−6 0.94 0.72 0.43 0.80 0.44 0.55
1× 10−7 0.95 0.93 0.42 0.80 0.44 0.57
1× 10−8 0.95 0.90 0.42 0.79 0.48 0.57

Table 6.2: HCM validation metrics across the different levels of SNP filtering.

DCM Validation Set Metrics
Model Accuracy Precision Recall ROC-AUC AUC-PR F1-Score
1× 10−3 0.51 0.31 0.59 0.55 0.32 0.40
1× 10−4 0.54 0.32 0.59 0.53 0.31 0.42
1× 10−5 0.52 0.31 0.48 0.54 0.29 0.39
1× 10−6 0.49 0.27 0.47 0.51 0.29 0.35
1× 10−7 0.53 0.32 0.58 0.56 0.32 0.41
1× 10−8 0.48 0.28 0.54 0.54 0.31 0.37

Table 6.3: DCM validation metrics across the different levels of SNP filtering.

the model with 1× 10−4. Prediction scores are then calculated based on these inputs for the

remaining 10% of the test set in both cases.

6.3.1 PRS can separate between HCM cases and Controls

Figure 6.2 A and B show the distribution of PRS when looking at the HCM and HC groups

separately. Figure 6.2A shows the raw scores as direct output from the neural network, scores

that as expected are in the range between 0 and 1. There is an evident bimodal distribution

of scores when looking at the HCM samples (n=69) which falls in line with the recall values

of the test set (0.48). The test set precision climbs to 0.69 which also explains the pattern

of distribution shown for the HC samples (n=994). To transform these scores to a format

and distribution closer to the more classical PRS method outputs, Figure 6.2B presents the

log-transformed scores. In both graphs it is apparent that the median PRS values of HCM
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(shown by the dashed blue lines) are further right to the HC median, indicating that HCM PRS

is higher than for HC (Mann-Whitney p-value = 1.32× 10−19. These results are in line with

other recent findings using GWAS meta-analysis data (Zheng et al., 2023b). Finally, Figure

6.2C shows the distribution of only HCM samples based on their genotype. A sarcomere

positive (SARC+) genotype defines carriers with a rare variant in any if the 8 sarcomeric

genes, proven to have high association with the disease. Sarcomere negative (SARC-) are

non-carriers of such variant. From the graph it is evident the SARC+ carriers have a lower

PRS to the non-carriers, however in the test set there were only 9 carriers, therefore there is

not enough statistical power to discern whether this signal is true.

6.3.2 HCM PRS groups show differences in left ventricular phenotypes

HCM is most commonly diagnosed by looking at the maximum wall thickness of the

left ventricle. This predictor along with the left ventricular mass and end-systolic volume

are strong indicators of dysfunction related to HCM. Figure 6.3 and Figure 6.4 show the

distributions of values for these 3 predictors when looking at samples with higher or lower

PRS. Specifically, Figure 6.3 shows a strong pattern arising when taking the 27 individuals

with PRS equal to or higher than 80% and comparing them to the 953 individuals with PRS

equal to or lower than 20%. A similar, but less pronounced, pattern arises when looking at the

top and bottom 20% quantiles shown in Figure 6.4. The pattern in this second figure is less

pronounced but still follows the biological and anatomical phenotype we would expect. That

is, individuals with higher PRS exhibit am increased maximum wall thickness and mass in the

left ventricle. This while their end-systolic volume is lower and compromised as expected to

individuals with a lower PRS, who we would expect to have a closer to normal (i.e. higher
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end-systolic volume) left ventricular function.

Figure 6.2: Distributions of PRS scores generated by the neural network model for HCM. X-axis values in A are
the prediction probabilities generated by the output layer (logistic function) of the NN. X-axis values in B are the
log-transformed values from B. Dotted vertical lines represent the median of each distribution with respective
colors (HCM: n=69 - blue, HC: n=994 - orange). Differences between the two distributions in both A and B
are found significant (Mann-Whitney p-value = 1.32× 10−19). Panel C shows the PRS distribution for just the
HCM subset. Sarcomere positive (SARC+, n=9, blue) cases are of those who are carriers of at least one rare
variant in any of the 8 sarcomeric genes associated with HCM. Sarcomere negative (SARC-, n=60, yellow) are
non-carriers, who still exhibit the phenotype (Mann-Whitney p-value = 1.00× 10−2). NEED TO ADD THE
MEDIAN VALUES

Figure 6.3: CMR imaging outcomes stratified by PRS groups. Three HCM-related outcomes are presented:
maximum left ventricular wall thickness (A), left ventricular mass (B), and end systolic volume (C). The dashed
gray line in panel A indicates the clinical definition of hypertrophy in millimeters (>13mm). Purple boxes include
the number of samples (n=27) with PRS equal to or higher than 80%, green boxes include samples (n=953)
with a PRS that is equal to or lower than 20%. All 3 CMR outcomes show significance ((Mann-Whitney p-value
= 3.80× 10−15, 3.61× 10−13, 2.90× 10−8 for A, B, C respectively.)
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Figure 6.4: CMR imaging outcomes stratified by log-transformed PRS groups. Three HCM-related outcomes
are presented: maximum left ventricular wall thickness (A), left ventricular mass (B), and end systolic volume
(C). The high and low PRS groups are defined by the highest (>0.8) and lowest (<0.2) quantiles respectively.
The dashed gray line in part A indicates the clinical definition of hypertrophy in millimeters (>13mm).

6.3.3 PRS can separate between DCM cases and Controls

Figure 6.5 show distributions of PRS generated by the Bayesian approach PRS-CS and

the feedforward neural network. Specifically, Figure 6.5A presents the DCM and HC PRS

distributions on the exact same set of samples as the test set. While Figure 6.5B shows the raw

scores as direct output from the neural network (NN-PRS), again separated by disease status

(HCM n=106, HC n=1038). Figure 6.5C shows the log-transformed prediction probability

values (logNN-PRS), consistent to how it was done with the HCM models. In all three graphs

it is evident that the mean value of the HCM distribution is higher than the HC mean, however

we do see that the neural network PRS separates the two groups more than the PRS-CS scores

(Mann-Whitney Part A p-value = 4.07× 10−2, Part B p-value = 2.22× 10−4). In Figure 6.5A

the means for HCM and HC are −4.26× 10−7 and −4.34× 10−7 respectively, wheres in Figure

6.5B the HCM mean is 0.58 and for HC 0.49. For the log-transformed values we still see a

similar order of difference between the two distributions with means at -0.67 for HCM and

-0.94 for HC. Better separation of the DCM diseased group and the HC individuals using the
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NN-PRS is also supported by looking at the R2 score. Results from a linear regression model

using the two sets of scores (PRS-CS and NN-PRS) and setting as y target the disease status

indicate that the PRS-CS R2=4.14× 10−4 whereas NN-PRS R2=4.22× 10−3.

When looking at the PRS distributions between carriers of a pathogenic/likely pathogenic

DCM variant (n=234) and non-carriers (negative genotype, n=830), the median PRS score in

the carriers is lower (0.47 vs 0.50 in negative), however this difference is not supported by

statistical significance (Mann-Whitney U-test, p-value=0.23).

6.3.4 DCM PRS groups show differences in imaging and clinical features

Data from CMR imaging derived phenotypes for 84 traits were evaluated between the

groups of high and low PRS. Figure 6.6 presents the results of statistical testing with Mann-

Whitney U-test across the 84 traits, with 6 traits showing some significance between the two

groups. Specifically, 4 traits relate to circumferential strain (Ecc) in 4 different segments of

the left ventricle (AHA1, 4, 9, 10), another one relates to the radial strain (Err AHA 1) and

the final one to longitudinal strain (Ell 4). From the violin plots we can discern that there

is a slight decrease in circumferential, radial, and longitudinal strain in the group with high

PRS. Circumferential and longitudinal strains (Ecc AHA n, Ell 4) are given by a negative

value, therefore the high PRS group (light purple) shows a reduction in absolute Ecc and Ell

value, as shown by its distribution placed higher on the y-axis (lower negative value) than the

low PRS group (light green). For the radial strain trait (Err AHA 1), which is evaluated in

positive digits, the decreased pattern of distribution for the high PRS group is more apparent.

The rest of the 84 traits assessed did not show any statistical significance after multiple testing

correction and were not explored further.
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In Figure 6.7, the top graph shows the odds ratio for DCM across different PRS quantiles,

when compared to the median quantile (OR=1, 40%-60%). Error bars were generated by

bootstrapping samples between different quantile ranges, so as to calculate the confidence

intervals for the specific range. The number of samples to bootstrap was set to 30 and the error

bars in the top graph represent 95% confidence intervals. There is an evident upwards trend

to the odds ratio as the PRS qunatile range increases, with the highest values found in the

90-95% quantile range (OR=2.50, 95% CI: 0.36-0.65). The difference between this range to

the median is also found to be statistically significant (Mann-Whitney p-value = 3.14× 10−2).

The two bottom graphs of Figure 6.7 show the cumulative count of DCM diagnoses for

each year across 3 different PRS groups, high PRS, median PRS, and low PRS, which can also

translate to high, medial, and low risk for disease. Cumulative count is defined by the total

number of individuals given a diagnosis of DCM at a specific year. In the first graph presented

(left, test set) we see results for the test set DCM cases for which we have date of diagnosis

data (n=23). Given the low number of samples (low risk PRS group only contains 3 cases), we

also present results by including PRS generated for the validation set as well (n=125 total). In

both graphs there is a discernible difference at onset age of disease between the high (n=52,

including validation samples) and low (n=35, including validation samples) risk PRS groups,

however given the sample sizes we can not but just make assumptions of the trends.

Figure 6.8 shows a comparison of the NN-PRS and PRC-CS scores when looking at DCM

odds ratio (top graph) and cumulative count for diagnosis in the highest risk groups (80%

quantile, bottom graph) for both scoring methods. The highest OR for PRS-CS is found in the

99% quantile while for other high risk quantiles (80-90, 90-95, 95-99) the PRS-CS OR is lower

than the NN-PRS OR and in 2 instances on the median line of OR=1, indicating no association
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with higher disease risk. The onset age of disease curves between the PRS-CS and NN-PRS

show some differences, however these were not statistically significant (Mann-Whitney p-value

= 0.37).

Figure 6.5: Distributions of PRS generated by PRS-CS (A), Neural-Network (B) and Neural Network log-
transformed (C). X-axis values in A are generated by the PRS-CS method by calculating the SNP effect sizes
and then converted in plink for individual sample scores. X-axis values in B are the prediction probabilities
generated by the output layer (logistic function) of the NN. X-axis values in C are the log-transformed values
from B. Dotted vertical lines represent the mean of each distribution with respective colors (DCM: n=106 - blue,
HC: n=1038 - orange).
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Figure 6.6: Evaluating differences between high and low PRS groups across 84 CMR imaging phenotypes.
Top graph shows a heatmap of the Mann-Whitney p-values when comparing the logNN-PRS of the high PRS
group (quantile > 0.8) to the low PRS group (quantile <0.2), adjusted for multiple correction with Hommel.
Colormap shows lighter green values as higher (less significant) and darker green values as lower (more significant).
Red boxes show the 6 phenotypes with statistical significance, p-value < 0.05. Violin plots below present the
distributions of PRS for the 6 statistically significant CMR phenotypes, with the high PRS group shown in light
purple and low PRS group in light green. Median values for each distribution are represented by the white dots
in the middle of the plots. Abbreviations and explanations of the 84 CMR-derived imaging phenotypes are shown
in Table 3.1.
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Figure 6.7: Top graph: Odds ratio for DCM across different quantile ranges, compared to the median range
(40-60%. Bottom graphs: Cumulative count of DCM diagnoses for each year across 3 PRS groups (high (more
than 80%), median (40-60%, and low (less than 20%). Left graph shows results from the test set (n=23) and
right graph shows results from both the test and validation set (n=125).
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Figure 6.8: Comparison of the NN-PRS (purple) and PRS-CS (light green). Top graph shows the odds ratio for
DCM across different quantile ranges for both PRS methods. Bottom graphs shows the cumulative count of
DCM diagnoses for each year of the high PRS groups (more than 80%) for both methods.
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6.4 Discussion and Future Work

Polygenic Risk Scores have recently become relevant in HCM and DCM, after studies

have shown that part of the missing heritability in these –so far described– Mendelian diseases,

is attributed to common variants (Pirruccello et al., 2020, Tadros et al., 2021). As the number

of GWAS or cohort-based studies increases we will be able to conduct new and more effective

genome-wide meta-analyses to identify more loci associated to cardiomyopathies.

A number of studies have shown that use of deep learning models in non-rare diseases

such as cancer or Alzheimer’s, evaluate the polygenic architecture more efficiently than

classical statistical methods (PRS-CS) (Badré et al., 2020, Dareng et al., 2022). In this chapter,

this use of deep learning, is explored as a new alternative method for calculating PRS in rare

diseases, like HCM and DCM, while also evaluating the potential clinical utility of the PRS,

given that this is still in early stages (Zheng et al., 2023b).

The deep learning model architecture described above, has the ability to generate

PRS without the use of Linkage Disequilibrium (LD) reference panels. These panels are

computationally expensive to generate and implement, and by themselves do not always

capture the non-linear interactions. PRS-CS was developed to mitigate this loss of non-linear

effects in other previous models (LDpred etc), however it still requires an LD reference

panel, and the shrinkage priors that allow for multivariate local LD assessment, are still very

dependent on these external LD panels. In contrast, the feed-forward neural network is able to

generate equivalent, if not better results, without the need for external cohorts during training,

and the additional step in QC that involved pruning or clumping SNPs found in LD. This pure

data-in-hand-driven approach has the disadvantage, however, that while training we use a big

part of our samples, for which we cannot generate PRS. A way to improve this in the future is
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by creating a robust pipeline where samples across the three sets (training, validation, set) are

bootstrapped. This will allow for samples to be switched around and used in every part of the

pipeline, thus generating PRS for every individual, while also accounting for robustness with

high iterations of sampling and model training (Xu and Goodacre, 2018).

In the HCM models, PRS is able to separate between HCM cases and Healthy Controls

(Controls) with an ROCAUC of 0.82 in both the validation and test set for the best performing

input (SNP filtering p-value = 1 × 10−5, n SNPs). It was shown that the median PRS value

for HCM individuals is higher than the median PRS value in Controls, and the distributions

of raw prediction probability scores are in line with the precision and recall metrics. The

feed-forward neural network model generated a bimodal distribution of scores for the HCM

individuals, with peaks around 0 and 1 (based on whether the cases were classified correctly

or not). To ensure that this was not a result of cohort artifact, given that about half of HCM

cases were included from a different cohort (RBH) to increase sample size, we looked at the

distribution of PRS in RBH and UKBB cases and did not find any significant differences.

To evaluate the clinical utility of PRS we look at known predictors of HCM, derived

from CMR imaging data. Specifically, HCM is most commonly diagnosed by looking at the

maximum wall thickness of the left ventricle. This trait along with the left ventricular mass

and end-systolic volume are strong indicators of dysfunction related to HCM (esc). The results

described here are in line with the biological and anatomical interpretation expected, where

the group with higher risk of developing HCM based on PRS has a higher value of maximum

wall thickness and mass of the left ventricle (Rowin et al., 2020). While the end-systolic

volume, although not significant shows relatively lower values in the higher risk group, in line

with the biological explanation of an increased wall thickness leading to lower volumes in end
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of systole (Haland et al., 2017).

A major improvement on the HCM models would be to include summary statistics from

a recent meta-analysis study that incorporated the HCMR study which was used here, along

with another 6 studies to increase the sample power. Specifically, a total of 5,900 unrelated

HCM cases and 68,359 controls of European ancestry were included in this GWAS (Zheng

et al., 2023b), increasing the number of cases more than 2x from the HCMR study and

therefore potentially including more significant and relevant loci in the summary statistics.

This alteration would change the SNP variables used as input to the neural network models

and potentially increase the PRS performance, given the more complete genetic information

added from the additional significant SNPs.

To evaluate whether the NN-PRS performed better than the PRS generated by PRS-CS,

we compared the distributions of scores between DCM and HC groups. In both methods, it

is evident that the mean value of the DCM distribution is higher than the HC mean as we

would expect, however we do see that the neural network PRS separates the two groups more

than the PRS-CS scores. This is assessed by the difference of the means between the two

distributions which in the case of NN-PRS is larger than in PRS-CS. When looking at the DCM

odds ratios for the different PRS quantiles of NN-PRS and PRS-CS, the differences are not as

pronounced. NN-PRS odds ratios show an increasing pattern from the lowest to the 90-95%

quantile range, where the maximum value is found, and a decrease in the next two highest

ranges. On this 90-95% quantile range it is also where it outperforms the PRS-CS, which

however shows a highest value on the 99% quantile. Most importantly, PRS-CS OR fails to

show an increasing pattern of DCM risk based on the PRS quantile, with high risk ranges such

as 80-90 and 95-99 showing an OR=median=1, indicating no association with higher disease
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risk.

An additional observation in the DCM context which differs from what we see in HCM,

relates to the pattern of PRS distribution of the NN-PRS, i.e. the raw output of prediction

probability values from the final layer (with a logistic activation) of the neural network. In

DCM we see that the raw predictions follow a normal distribution (similar to the PRS-CS

output) and they do not need to be log-transformed to resemble the more ‘classical’ PRS

distributions. This can be explained when looking at the test set metrics of both models,

and identifying that the precision scores are much lower in the DCM models than the HCM,

while recall scores show some difference. This translates to the model assigning prediction

probabilities that are closer to the mean of a normal distribution rather than the tails.

Given that PRS is able to separate DCM cases from Controls, the next step would be to

assess its potential clinical utility on distinguishing and showing expected biological patterns

on known CMR phenotypes. DCM’s diagnosis is defined by the presence of left ventricular

(LV) under certain conditions and by excluding other cardiac abnormalities (Pinto et al.,

2016). Differences in distribution between high and low PRS groups were shown for 6 derived

CMR phenotypes from 2D imaging data in the UKBB. These six phenotypes relate to the

circumferential, radial, and longitudinal strain. Strain evaluates how the heart muscle changes

shape in three different ways. Longitudinal strain assesses the contraction of the heart muscle

from its base to its apex. Circumferential strain examines the narrowing of the heart’s short

axis during the contraction phase. Radial strain evaluates the thickening of the myocardium

from the inner layer (endocardium) to the outer layer (epicardium) (Zhang et al., 2019).

Results shown above indicate a slight decrease in circumferential, radial, and longitudinal

strain in the group with high PRS. Given the low sample size of individuals with CMR imaging
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data, genotyping data, and a DCM diagnosis the statistical power in discerning a strong

association is affected. Nevertheless these results are in concordance to trends found in these

strain traits in relation to DCM and heart failure (Vietheer et al., 2021, Yu et al., 2017).

To further assess the utility of PRS in a rare disease like DCM, odds ratio values were

examined for different PRS quantiles starting from lower risk ranges and going up to the 99th

percentile. The upward trend shown indicates a higher odds ratio with an increase in the PRS,

which is in line with a higher association of developing DCM given a higher PRS. In addition,

there is some evidence of earlier onset of disease in the group with high PRS, especially when

incorporating the validation set in order to increase numbers. However, again the low sample

size does not allow for statistical power in the association.

Overall, the low case sample sizes in either diseased cohorts (RBH) or general population

biobanks (UKBB) for rare diseases are one of the shortcomings of using a machine learning

method to generate PRS, in contrast to the studies mentioned before on non-rare outcomes.

To mitigate this the robust pipeline approach of bootstrapping samples across the different

sets was described above. Other machine learning methods can also be employed, that have a

lower chance of overfitting and can deal with lower samples sizes (Support Vector Machines,

Random Forests), however these often do not perform as well as the neural networks. In

particular, traditional Random Forests are not able to handle correlated datasets in an efficient

way, therefore in order to mitigate the LD associations pruning or clumping of the SNPs would

have been required, similar to what is needed in the classic statistical PRS methods (ie PRS-CS)

(Choi et al., 2020).

LAVASET, presented previously in Chapter 4.5, was developed to address this issue of

Random Forests when dealing with correlated datasets. Therefore, an additional consideration
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would be to use LAVASET as another method to train and calculate PRS, as part of incorporating

machine learning in these pipelines. LAVASET does however require defining the correlational

relationships of the SNPs, which can mostly be done using these LD reference panels. This

would defeat the purpose of using machine learning to decipher the SNP correlations while

training, which is how the NN architecture described above implements it. Regardless, a next

step would be to compare the performance of LAVASET in relation to the classical statistical

methods using LD reference panels.

With the increased incorporation of generative models in biomedical contexts, another

consideration for the low sample size would be training Generative Adversarial Networks

(GANs). GANs are able to sustain good predictions by performing synthetic data augmentation,

based on real-data observations, and therefore increase the sample size while training (Hsu

and Lin, 2020). A study compared the performance of Deep Boltzmann Machines (DBMs),

Variational Autoencoders (VAEs), and GANs in learning joint distributions of real and simulated

SNP data under sample size constraints. DBMs are the most efficient in learning the combined

distributions of real and synthetic SNP data; while VAEs can understand the underlying

distributions of the real dataset, however are not able to effectively generate synthetic data

that closely resemble the original. GANs needed larger sample sizes in order to produce

equivalent results to the DBMs and VAEs (Nußberger et al., 2021). A combination of these

models, or DBMs alone, could potentially be used as alternatives or complimentary to the

NN-PRS models presented here, so as to increase the test size numbers for evaluating the PRS,

by reducing the samples used in training.
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6.5 Conclusion

The complex genetic architecture of cardiomyopathies goes beyond the Mendelian and

familial inheritance patterns, as reaffirmed here and in recent GWAS. For this reason, PRS can

provide useful insights of the missing genetic information even in such rare diseases. Here, a

deep learning model approach (NN-PRS) was introduced for generating and evaluating PRS

in HCM and DCM cases separately.

Specifically, the median PRS value of HCM cases is significantly higher to the Controls

median, indicating a higher probability of disease for HCM, as expected. A higher median

PRS is also evident when looking at PRS distributions between DCM cases and Controls. In

these DCM models, it was also shown that NN-PRS achieved a better separation of the DCM

diseased group and Controls than the classical PRS-CS method (NN-PRS:R2=4.22× 10−3 vs

PRS-CS R2=4.14× 10−4).

In addition to raw PRS scores trending higher for CM status, cardiac anatomical pheno-

types and related clinical outcomes to HCM and DCM also showed significant association with

higher PRS. For HCM, maximum wall thickness of the left ventricle is the strongest clinical

indicator of disease, along with the left ventricular mass and end-systolic volume. Here, it

was shown that the group with higher risk of developing HCM (based on NN-PRS scores) has

higher values of maximum wall thickness and mass of the left ventricle, while lower values in

end-systolic volume. These findings are in line with the biological explanation of an increased

wall thickness leading to lower volumes in end of systole, and the anatomical expectations of

enlarged thickness and mass in HCM phenotypes.

For DCM, differences in cardiac strain distributions, a sign of myocardium deformation,

are shown between high and low PRS groups, as derived from 2D CMR imaging data. Specif-

140



CONTENTS 6.5. CONCLUSION

ically, the higher PRS group shows differences in circumferential, radial, and longitudinal

strains that follow known patterns of reduced and impaired strain, while the lower PRS groups

presented strain measurements closer to unaffected phenotypes. NN-PRS association with

the DCM phenotype and clinical outcome was further corroborated by the upward trend of

odds ratios and PRS scores, indicating a higher chance of disease for individuals in higher

NN-PRS quantiles. Finally, when comparing the cumulative count of DCM diagnoses between

the higher and lower PRS groups, there is a discernible difference at onset age of disease

between the high and low risk PRS groups, with the high risk group having an earlier and

steeper onset of disease.

Overall, NN-PRS showed associations of higher PRS groups with higher risk in car-

diomyopathies or its related outcomes and phenotypes (i.e. left ventricle traits). NN-PRS

was also able to outperform the traditional PRS-CS method by one order of magnitude in the

context of DCM, when stratifying for DCM and Control groups based on the output scores.

This paves the way for 1) incorporating PRS and polygenic information in evaluating, as-

sessing and potentially diagnosing cardiomyopathies, while 2) eventually also introducing

machine-learning-based PRS methods to improve the calculations.
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7.1 Concluding Remarks

The use of machine learning is expanding constantly in translational settings and new

information is discovered on the complex genetic and phenotypic architectures of cardiomy-

opathies. This can be leveraged for developing new methodologies specific to the the nuanced

and complex nature of biological datasets or creating AI tools that can automate or simplify

diagnostic procedures securely and with interpretable means.

In this thesis, I have introduced a novel methodology in Chapter 4 to address the preva-

lent challenge of correlation in biological datasets, facilitating dimensionality reduction and

the extraction of key features from CMR imaging datasets, which are integral for the diagnosis

of cardiomyopathies. I demonstrated that LAVASET enables the selection of significant features

in a manner that is both biologically-informed and inclusive of correlation, thus selecting

known cardiomyopathy phenotypes with higher accuracy. Additionally, the utility of LAVASET

was presented using an example ECG dataset, laying the groundwork for subsequent research

on ECG data within the UK Biobank concerning HCM and DCM. This opens up future aspects

for the project, particularly the ability to derive meaningful features from various imaging

datasets (CMR and ECG) with the goal of discovering linkages between them and other -omics.

An example of that would be establishing novel phenotypes for the identification of new

genetic correlations through GWAS, similarly to what has been implemented in previous

studies involving CMR imaging of the aortic valve (Córdova-Palomera et al., 2020). One can

envision that a GWAS might associate ECG and CMR imaging characteristics identified by

LAVASET to uncover novel associations.

I also highlight another application of machine learning, to predict cardiomyopathies

using an interpretable approach with available genomic and clinical data from patient records.
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Such models can serve two primary purposes. One function could be as an initial screening

tool where an AI algorithm reviews general practitioner records to identify patients with

potential, undiagnosed cases of cardiomyopathy. The second use case could be to aid in

stratifying patients for whom the cardiomyopathy question has been raised by specialists.

These individuals would have had additional diagnostic tests by default (such as CMR imaging).

An AI algorithm would prove beneficial if it could accurately pinpoint those at low risk who

may not need further costly evaluations. The specificity and sensitivity required for these two

applications differ significantly. Based on the findings in Chapter 5, the latter application may

be more suitable, especially considering the significant improvement in model performance

when LAVASET-derived CMR features are included. This is pertinent for individuals already

under scrutiny for cardiomyopathy. Additionally, the low prevalence of cardiomyopathies

contributes to lower precision in real-world figures, rendering the pre-screening task more

challenging. An element not yet included in these models is family history, which if integrated,

could enhance the models’ effectiveness with or without CMR features, thus potentially

making the models viable for both pre-screening in the general population and stratifying

those suspected of having cardiomyopathy.

In scenarios where interpretability is less critical, advanced deep learning methods can

discern genomic links to define the polygenic architecture of cardiomyopathies. Chapter 6

demonstrated a deep learning model for computing PRS that depends solely on genotype

information from the target dataset, bypassing the need for linkage disequilibrium calculation

using computationally-expensive LD reference panels like UK Biobank or the 1,000 Genomes

Project. This approach customizes the analysis to the data at hand. Deep learning models also

streamline the process of generating PRS by defining genomic associations and correlations
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during training, allowing for flexible data manipulation such as bootstrapping and subsampling,

which reduces computational time. Most importantly however, it is corroborated that PRS’

derived from deep learning are associated with the risk of cardiomyopathy and its related

traits (Zheng et al., 2023a,b). For HCM, individuals with higher PRS quantiles displayed more

pronounced left ventricular traits consistent with HCM-related phenotypes. For DCM, PRS

revealed an increasing pattern of DCM odds ratios from lower to higher scores, with a more

distinct onset of disease in the highest PRS group (80%). These findings underscore the value

of PRS as a significant metric in evaluating cardiomyopathies, evolving the traditional view of

these diseases as strictly monogenic or Mendelian and driven only by rare variants. Finally,

incorporating complete genomic profiles, by adding PRS to the interpretable models discussed

above and in Chapter 5, will increase performance and render them more comprehensive.

In conclusion, throughout this thesis I have shown how machine learning methods can be

used to further advance our knowledge of polygenic architecture in cardiomyopathies, assess

their current utility state for stratifying or pre-screening, and explore new methodologies to

deal with such multidimensional complex biological datasets.
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Figure 7.1: Feature Importances for the HCM/DCM vs Control prediction models in GB-Trees. Bars show the
distribution of feature importance scores as they were generated for each of the 100 distinct iterations. The Sex
variable was coded based on the UKBB data encoding, with 1 depicting males and 0 depicting females.
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Henning Bundgaard, Nuno Miguel Cardim, Jelena Čelutkienė, Maja Cikes, Gaetano Maria De Fer-

rari, Veronica Dusi, Volkmar Falk, Laurent Fauchier, Estelle Gandjbakhch, Tiina Heliö, Konstantinos
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