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ABSTRACT

The main goal of this study is to utilize machine learning techniques to combine
polygenic risk scores and predict the occurrence of cardiomyopathy disease. To achieve
this, we employ datasets from the National Taiwan University Hospital and Taiwan
Biobank and conduct initial genome-wide association studies to identify correlations
between single nucleotide polymorphisms and phenotype [4].

Afterwards, for the analysis of polygenic risk scores, specific weights are derived
from discovery genome-wide association studies. These weights are then used to
calculate the polygenic risk scores for all individuals in the target sample. These scores
can be utilized in a firth regression analysis to predict phenotype that are expected to
have genetic overlap with the specific trait of interest, i.e., cardiomyopathy [4].

To evaluate the accuracy of predicting cardiomyopathy development, we use
cutting-edge machine learning models and cross-validation techniques on both the
National Taiwan University Hospital and Taiwan Biobank datasets. In our evaluation,
we take into account various cardiomyopathy features and predictors, including
polygenic risk scores, clinical parameters as potential risk factors, as well as ICD-10

and ICD-10-CM codes [9].

Keywords: cardiomyopathy, Taiwan Biobank, single nucleotide polymorphisms,

genome-wide association studies, polygenic risk scores, machine learning
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Chapter 1  Introduction

1.1 Background

1.1.1 Cardiomyopathy

Cardiomyopathies (CDM) refer to a group of heart muscle disorders primarily
characterized by dysfunction in the electrical or muscular aspects of the heart. Typically,
these conditions lead to abnormal structure, function, and stress on the myocardium.
Cardiomyopathies, as defined by the American Heart Association (AHA), encompass a
wide spectrum of diseases that impact the heart muscle, often characterized by abnormal
ventricular enlargement or dilation. These conditions may be localized to the heart or be
part of a broader systemic disorder, potentially leading to cardiac-related mortality or

gradual heart function decline linked to heart failure [1].

Traditionally, four common of cardiomyopathies have been classified based on
their structural and physiological characteristics: hypertrophic cardiomyopathy, dilated
cardiomyopathy, restrictive cardiomyopathy, and arrhythmogenic right ventricular
cardiomyopathy/dysplasia. These categories include both genetic and non-genetic forms

of the disease [1].
Dilated cardiomyopathy (DCM)

DCM is characterized by the enlargement and dilation of at least one ventricle,
leading to systolic failure. This condition can arise from various factors, including
genetic predisposition, as well as acquired causes like myocardial infarction, certain
medications, toxins, inflammatory conditions, chest radiation, valve disorders, and

1
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long-standing severe hypertension. While DCM is typically observed in adults, the age
of onset can vary significantly. Its prevalence rate is estimated to be approximately 1 in
every 2,700 individuals. DCM exhibits genetic heterogeneity with multiple inheritance
patterns. Pathogenic variations in DCM encompass diverse forms, such as missense

mutations, nonsense mutations, splicing errors, and minor insertions or deletions [1].

Hypertrophic cardiomyopathy (HCM)

HCM is marked by an augmentation in the quantity of cardiac muscle cells. The
root cause of this condition is frequently attributed to mutations in genes responsible for
encoding sarcomeric proteins. These mutations give rise to myocyte disarray, which is a
prominent characteristic of HCM. This genetic cardiac condition has a relatively high
prevalence in the community, estimated to be 1 in every 500 individual Autosomal
dominant inheritance is the predominant pattern observed in hypertrophic
cardiomyopathy (HCM). Pathogenic variations in HCM can manifest in various forms,
including splicing errors, nonsense mutations, missense mutations, and minor insertions

or deletions (indels) [1].

Arrhythmogenic right ventricular cardiomyopathy (ARVC)

ARVC is an inheritable form characterized by the presence of fibrosis and fatty
infiltration in the myocardium of the right ventricle, along with symptoms of ventricular
tachycardia and ventricular fibrillation. The estimated incidence of ARVC in the general
population is approximately 1 in every 1,000-1,250 individuals. However, in regions

where extensive family screening is conducted, the prevalence appears to be higher [1].

Restrictive cardiomyopathy (RCM)

doi:10.6342/NTU202401923



RCM is a less common type with a significant genetic influence, though genetics
can only account for approximately 75% of cases categorized as idiopathic RCM. This
condition is distinguished by diastolic dysfunction and impaired ventricular filling,
caused by heightened stiffness of the heart muscle, leading to abnormal ventricular
relaxation. The prevalence of RCM is low, making up less than 5% of cases in both the

United States and Europe [1].

Left ventricular non-compaction cardiomyopathy (LVNC)

LVNC cardiomyopathy is a condition characterized by abnormal development of
the lower left chamber of the heart. Instead of having a firm and smooth structure, the
left ventricle appears spongy and thickened. This cardiomyopathy is usually present
from birth. According to experts, approximately 12 out of every 1 million individuals

receive a diagnosis of LVNC cardiomyopathy each year [6].

Fabry disease

In 2008, the Genetic Counseling Center at Taipei Veterans General Hospital made
an important finding through their research on newborn screening. They discovered that
the occurrence rate of Fabry disease with cardiac involvement in Taiwan is remarkably
high, reaching 1 in 1,600 individuals. This particular disease often remains
asymptomatic during early stages of life, but many patients start experiencing gradual
enlargement of the heart (cardiac hypertrophy) between the ages of 40 and 50.
Unfortunately, these patients are frequently misdiagnosed with idiopathic
cardiomyopathy, leading to a lack of targeted treatment options. Consequently, some
may ultimately require a heart transplant. It is worth noting that highly effective
medications for treating Fabry disease already exist. Missing the opportunity for early

3
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intervention and allowing irreversible consequences to unfold would be a source of

great regret [5].
Amyloidosis (AL)

Amyloidosis refers to a collection of diseases characterized by the accumulation
of protein clusters known as amyloid in various tissues of the body. Gradually, these
proteins replace healthy tissue, resulting in the dysfunction and failure of the affected
organ. Amyloidosis encompasses multiple forms, each presenting distinct
manifestations and underlying causes [8]. In Western countries, the occurrence rate of

amyloidosis is 1 case per 100,000 person-years [7].
Cardiac amyloidosis

Cardiac amyloidosis, also known as "stiff heart syndrome,” occurs when
abnormal amyloid deposits replace the healthy muscle tissue in the heart [8]. Cardiac
amyloidosis leads to the development of restrictive cardiomyopathy due to the
accumulation of proteins in the myocardium's extracellular space. These proteins have
an unstable structure that causes them to aggregate, misfold and form deposits in the
form of amyloid fibrils. The estimated incidence of Cardiac amyloidosis in the general

population is approximately 3.69 in every 100,000 individuals [3].

1.1.2 Genome-wide Polygenic Risk Scores

The main objective of genome-wide association studies (GWAS) is to establish
connections between genetic variations and observable traits. This is achieved by
analyzing allele frequency differences among individuals who share a common ancestry

but exhibit diverse phenotypes. GWAS involves scanning the entire genome of a large
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population to identify genetic variants associated with specific traits or diseases. It
encompasses various genetic variations, such as copy-number variants and sequence
variations, with single-nucleotide polymorphisms (SNPs) being the most commonly
studied markers. The results of GWAS frequently show groups of correlated SNPs that
collectively indicate a significant association with the investigated trait. These are

commonly known as genomic risk loci [4], [19].

The practical implications of GWAS findings are broad, as they enable the
evaluation of an individual's susceptibility to various physical and mental illnesses
through genetic profiling. Genome-wide polygenic risk scores (PRS) derived from
GWAS data provide insights into complex human phenotypes, including the risk for
numerous significant multifactorial diseases. These diseases are often influenced by
multiple genetic variants, each contributing a modest effect to the overall risk, similar to
the risk prediction methods used for monogenic traits that rely on rare, highly penetrant
mutations. Genome-wide polygenic risk scores have been extensively studied in relation

to Alzheimer's disease, breast cancer, prostate cancer and coronary artery disease [19].

Subsequently, PRS utilizes the findings from GWAS to evaluate an individual's
genetic risk for a specific disease or phenotype. The process of PRS involves combining
the effect sizes of the identified or leading variants to calculate a score representing an
individual's overall genetic risk. To accomplish this, each variant is assigned a weight
based on its effect size, which is determined from separate large-scale GWAS studies.
The effect size reflects the strength of the association between a specific variant and the
provided phenotypes under investigation. Each individual's personalized PRS is
determined by considering the number of risk variants they carry and the respective
effect sizes of each variant. The PRS offers a comprehensive assessment of a sample's

5
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cumulative genetic risk by integrating multiple genetic variants, each contributing a

small effect.
1.1.3 Objective

Due to the influence of genetic ethnicity and disease types on the results of GWAS,
this study focuses on investigating gene variations and risk scores associated with
cardiomyopathy in the Taiwanese population. Through GWAS, we will explore the
correlation between cardiomyopathy and gene variations. We will utilize a large dataset
of genetic information from the Taiwanese population to identify SNPs that may be
associated with cardiomyopathy. These SNPs represent specific locations in the genome
that can vary between individuals. By analyzing the genetic data of the Taiwanese
population, we will determine whether there is a statistical correlation between specific
SNPs and cardiomyopathy.

Additionally, we will apply PRS to predict the risk of cardiomyopathy. PRS
integrates the impact of multiple SNPs into a unified score, quantifying a sample's
genetic risk for cardiomyopathy. By considering the effect size of each SNP and the
number of risk variants carried by an individual, we can calculate their polygenic risk
score, which predicts their likelihood of developing cardiomyopathy.

The results of this study have significant clinical implications for the prediction
and prevention of cardiomyopathy. By combining GWAS and PRS, we can provide
personalized assessments of cardiomyopathy risk in the Taiwanese population, offering
more accurate predictions and diagnostic insights. Furthermore, these research findings

can guide valuable strategies for the prevention and treatment of cardiomyopathy.
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Chapter 2 Method

2.1 Dataset

2.1.1 NTUH dataset (case dataset)

The dataset utilized in this study originated from National Taiwan University
Hospital (NTUH) and consisted of records from 263 patients. Each patient's diagnosis
of cardiomyopathy and determination of the specific type were confirmed by
cardiologists from the Department of Cardiology at NTUH. Within the cohort, there
were 32 patients identified with dilated cardiomyopathy (DCM), 148 patients diagnosed
with hypertrophic cardiomyopathy (HCM), 39 patients diagnosed with arrhythmogenic
right ventricular cardiomyopathy (ARVC), 29 patients diagnosed with left ventricular
non-compaction (LVNC), 10 patients diagnosed with Fabry disease, and 5 patients

diagnosed with amyloidosis (AM). (See Figure 2 and Table 1)

Taiwan Biobank

The Taiwan Biobank provides a comprehensive dataset, comprising demographic
and health-related questionnaire, whole-genome sequencing (WGS) data from 1,495
individuals, and genotyping and imputed data from 103,332 individuals typed on the
TWBV2 array. These datasets were aligned to GRCh38 mapping by the BWA-kit
pipeline and jointly called using GATK. The acquisition of these datasets strictly
adhered to ethical guidelines and received approval from the respective ethical

committees of Academia Sinica and the Taiwan Biobank [10].
2.1.2 Genotyping of NTUH dataset

The exome sequencing and target sequencing data generated underwent processing
7
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also using GATK pipeline together with supplementary quality control measures.
Specifically, the reads were mapped to GRCh38 aligning by the BWA-kit. The
recalibration of base quality scores was carried out through GATK, while quality control
statistics were generated using FASTQ, Sam Stats, BedTools Coverage, and GATK
DepthOfCoverage.

In each sample, variant calling was performed using the GATK HaplotypeCaller,
and subsequently joint-call genotyping was conducted across all samples using GATK's
GenotypeGVCFs. Variant quality score recalibration (VQSR) was executed, and
variants were filtered using a tranche sensitivity threshold of 0.997, along with mapping
quality (min-base-quality-score 10) and base quality (minimum-mapping-quality 20)
criteria for both SNVs and indels. We carried out further variant annotation using the

Ensembl Variant Effect Predictor, ANNOVAR, InterVar, and Nirvana tools [10].

2.2 Imputation

The following process was employed to impute the 231 individuals with whole
exome sequencing (WES) in order to expand the set of variants available for

Genome-wide Association Studies.
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Not phased (one consensus sequence)

G T
ATT CATTCATG
A G

Maternal chromosome AT TGCATTCTATG
Paternal chromosome AT TACATTCGATG

Phased (two separate sequence identified)

ATTGCATTCTATG
ATTACATTCGATG

Figure 1 Chromosome sequence with phased or not [20]

Genotype phasing involves accurately assigning alleles in a diploid genome to
either the paternal or maternal chromosomes, ensuring that alleles from the same parent
are correctly placed on the corresponding chromosome. This process has various
applications, including the generation of phased haplotype reference panels for
genotype imputation and pre-phasing of study subjects to enhance the accuracy of
genotype imputation.

There are three primary methods for phasing, and in this study, linkage
disequilibrium (LD) phasing was utilized. LD phasing utilizes a large population of
unrelated individuals and leverages the principles of LD and Hidden Markov Models
(HMM) to infer haplotypes for each individual in the population. It is the most
computationally intensive method among the three.

During meiosis, the cell division process that produces reproductive cells, sister
chromatids undergo recombination at a rate of approximately 108 per generation. In
theory, over a long period of time, the two chromosomes originating from a common

9
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ancestor will undergo recombination uniformly. However, due to the relatively small
number of generations humans have experienced, chromosome recombination is still
limited. Consequently, many adjacent regions in the human genome remain "linked"
together and are inherited as blocks, a phenomenon known as linkage disequilibrium.
These blocks are referred to as "linkage disequilibrium blocks."

The presence of linkage disequilibrium blocks enables the inference of linkage
relationships by constructing hidden Markov models (HMM). However, the accuracy of
this method is influenced by the size of the population used. SHAPEIT2 [17], which
utilizes HMM, is the chosen tool for pre-phasing in this study.

The primary concept behind genotype imputation is to complete or infer missing
genotypes in a dataset using information from one or multiple reference panels, such as
UK biobank sequencing data or the Haplotype Reference Consortium (HRC). By
leveraging algorithms and utilizing non-missing markers surrounding the missing ones,
the imputation process infers the most likely haplotype for the region in question [21].

In this research, we carried out genotype imputation using IMPUTE2 [18]. The
reference panel for imputation consisted of whole-genome sequencing (WGS) data from
the Taiwan Biobank. This reference panel provided the essential information needed to

predict and impute missing genotypes in the target dataset.
2.2.1 Establish a reference haplotype panel exclusively for the Taiwanese
population
A dataset of 1,495 individuals with whole genome sequences from the Taiwan
Biobank was utilized. From this dataset, a total of 7,801,712 biallelic variant sites with

minor allele frequency (MAF) > 1%, and a call rate of > 95% for both variants and

individuals were selected for computational phasing. The phasing process was

10
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performed using SHAPEIT2 [17], [10].

2.2.2 Impute the 231 individuals with WES on Taiwanese-specific

haplotype panel

To begin the data processing, we performed genotype phasing using SHAPEIT2
[17], followed by imputation for chromosome 1 to 22 using IMPUTEZ2 [18] based on
previous established reference panel. For IMPUTE2, we set the chunk size as 7kb and
the buffer size as 250 kb [11]. The allelic dosage was examined, and genotypes were
called if the posterior likelihood was greater than 0.9 (using PLINK2.0
--hard-call-threshold [23]). If the likelihood did not satisfy this criterion, the genotype
was regarded as missing data. The expected dosages were directly calculated using the
posterior genotype likelihoods obtained from IMPUTE2. Variants with an estimated
information score of less than 0.3 were excluded from further analysis [10], [12].
Additionally, we filtered out minor allele frequency of SNPs lower than 0.1% and a call
rate of SNPs below 95% before proceeding with downstream analysis [10]. (See Table 2,
Figure 3, Figure 4 and Figure 5)

2.2.3 Validating imputation process

To assess the accuracy of the imputed genotypes in comparison with
whole-genome sequences, a random subset of 231 samples was selected from the TWB
WGS cohort and subjected to WES. Following that, the same imputation pipeline
utilized previously was applied. Moreover, an independent set of 1,264 samples with
phased haplotypes was used as the reference panel, separate from the TWB WGS cohort.
Variants with an estimated information score of less than 0.3 were removed from the
analysis. The level of agreement between the whole genome sequencing data and the

imputed genotypes for every variant served as a validation metric. The validation

11
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process demonstrated a high level of concordance between the imputed genotypes and
the sequence data, confirming the accuracy of the imputation pipeline [10]. (See Table
3)
Definition of Datasets
Dataset: (2,090 individuals, 17,944,587 variants; 1,426 males: 664 females; 506 cases:
1,584 controls)
® Cases from NTUH dataset
e  Target sequencing probes:
» 16 individuals, 7,297 variants
e WES SURESELECT_V6_COSMIC:
» 4 individuals, 174,788 variants
e  WES Roche KAPA HyperExome:
» 12 individuals, 1,133,680 variants
e Imputed dataset [13]
»  WES SureSelect V6-Post: 231 individuals, 902,617 variants
® Age- and sex-matched Controls: (Exclude individuals who self-reported
having cardiomyopathy in the conducted survey.) (See Figure 6 and Figure 7)
e  Selected from TWBv2.0 SNP genotyped_imputed (TWBv2.0_imputed):
» 1,056 individuals, 16,211,759 variants
e  Selected from TWB Whole genome sequencing (TWB_WGS):

> 1,052 individuals, 8,447,390 variants

12
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2.3  Genotype Quality Control

In any GWAS aiming to find common variant associations, the incorporation of
appropriate quality control (QC) measures is crucial. Thorough QC is essential to ensure
the reliability of GWAS results, as raw genotype data may contain inherent
imperfections. Various factors can contribute to data errors, including insufficient DNA
hybridization to the array, subpar DNA sample quality, potential sample mix-ups or
contamination and less effective genotype probes. By implementing robust QC
procedures, these issues can be identified and addressed, ensuring the accuracy and
validity of the GWAS findings [4]. (See Figure 8 and Figure 9)

The term "missingness of SNPs" (PLINK2.0 [23] --Geno) refers to the proportion
of missing values for a specific SNP across all samples, which helps identify
low-quality SNPs to be excluded [16]. One of the key characteristics of SNPs is their
frequency within a particular population. Different sets of variants may be used for
various downstream analyses. For instance, common variants may be used for principal
components analysis in order to help correct for population stratification, while rare
variants may be used for gene-based tests [16]. SNPs with a lower minor allele
frequency are considered rare and are less powerful in detecting associations between
SNPs and phenotypes (PLINK2.0 [23] --maf). Additionally, these SNPs are more
susceptible to genotyping errors. The choice of the minor allele frequency threshold
should depend on the sample size [4]. The Hardy-Weinberg equilibrium is a basic
concept that asserts genetic variation in a population remains stable over generations in
the absence of disruptive factors [22]. Following the performance of the exact
Hardy-Weinberg test (PLINK2.0 [23] --hwe), variants with low p-values often indicate

genotyping errors or suggest evolutionary selection for these variants [16].

13
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2.4 Rare-Variant Association Test

Analyzing rare variants presents more significant challenges than studying
common variants. Firstly, a considerable sample size is necessary to have a reasonable
probability of observing a rare variant. Secondly, the conventional single-variant
association analysis lacks the ability to identify associations with uncommon variants
due to its limited power [25]. The conventional method for examining the connection
between genetic variants and complex phenotypes is the single variant test which was
conducted by an additive genetic model. This approach evaluates the association
between every variant and a phenotype using logistic regression for binary phenotype.
When ample sample sizes are available, standard single variant tests can also detect
associations with rare variants [25]. Upon conducting a quality check on our combined
sequencing dataset, it is evident that both the allele frequency and allele counts are
relatively low. (See Figure 9)

Nevertheless, the power of single-variant tests decreases for rare variants in
comparison to common variants that possess the same effect sizes. It is essential to
acknowledge that p-value estimates obtained through standard regression methods
might lack accuracy when the variant is observed in a limited number of subjects. As an
alternative, aggregation tests evaluate the collective impact of multiple genetic variants
within a region or Geno, enhancing the statistical power when multiple variants within
the group are associated with particular phenotypes. Various approaches have been
devised to achieve this goal [25].

Burden tests encompass the combination of data from several genetic variants into

a singular genetic score, which is subsequently assessed for its association with a

14
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specific trait. In burden tests, a common approach involves calculating the sum of minor
alleles across all variants within a given set [25].

Variance-component tests employ a random effects model to assess the association
by analyzing the individual distribution of genetic effects for an assemblage of variants,
taking into account their respective weights. In the context of binary traits, estimating
p-values based on large sample sizes may lead to inaccurate type | error rates when the
number of samples or total minor allele counts is limited. To tackle this concern, SKAT
[30] which was optimally combined the burden test and the non-burden sequence kernel
association test, which is a variance-component test, adopts a moment-based approach
to adjust the null distribution by accurately estimating kurtosis of the test statistic and
the variance with small sample size [25].

Variance-component tests demonstrate increased power when the causal variants
exhibit diverse directions of association or when a region contains numerous noncausal
variants. On the other hand, burden tests exhibit greater power when a region is
primarily composed of causal variants showing the same direction of association.
Considering the presence of both scenarios, combining burden and variance-component
tests is deemed advantageous. One approach to combine the p-values from these two
tests is Fisher's method, with permutation being used to assess the significance of the
test [25].

The utilization of the dataset involves the integration of data from various
individuals originating from different genome probe panels. Additionally, observations
within the dataset reveal occurrences of rare allele frequencies and low allele counts.
Considering that the patients are affected by cardiomyopathy, which is a rare condition
rather than a common disease, the association test provided by PLINK2.0 [23] offers the

choice between a logistic regression model and a Firth regression model for binary
15
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phenotypes. The selection of the Firth regression model is particularly appropriate when
the minor allele count is less than 400 and a joint analysis is conducted. Notably, the
Firth regression model incorporates the Fisher information matrix which addresses the
combination of burden and variance-component tests mentioned earlier. Logistic
regression, on the other hand, is more prone to generating biased results in separated
datasets. On the other hand, Firth regression utilizes a penalized likelihood function to
adjust for the first-order asymptotic bias of parameter estimates [25][26].

In the context of the polygenic risk scores model, there are options for handling
heterozygous genotypes or SNPs with small effect sizes. Manual adjustments can be
applied to the weights assigned to these SNPs. Additionally, researchers have the choice
to deviate from the traditional additive genetic model and explore three alternative
options: dominant, recessive, and heterozygous models [16]. (See Table 4) These
choices have the potential to yield diverse outcomes in the calculation of polygenic
scores [27].

For accurate analysis, Prsice-2 [27] offers empirical association P-values that
mitigate inflation resulting from overfitting. Empirical P-values are computed using
actual observed data, allowing researchers to make informed decisions about accepting

or rejecting the null hypothesis [27].
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Chapter 3 Result

The study examines two distinct processes. The first process (Figure 10) involves
patients diagnosed with cardiomyopathy, comprising samples confirmed by
cardiologists from National Taiwan University Hospital. Controls are drawn from the
Taiwan Biobank, randomly selected from samples with the exclusion of individuals who
responded positively to the "CARDIOMYOPATHY _SELF" questionnaire item. An
effort is made to match cases and controls based on age and sex. The combined cases
and controls are then partitioned into separate groups for GWAS and PRS analyses.

In the second process (Figure 11), GWAS data are used, with both cases and
controls sourced from the Taiwan Biobank. Phenotype classification is carried out based
on the "CARDIOMYOPATHY_SELF" questionnaire item. Effect sizes obtained are
applied to the polygenic risk model. For the polygenic risk model's target set, cases are
selected from samples diagnosed by cardiologists at the National Taiwan University
Hospital, while controls are drawn from the Taiwan Biobank (separate dataset from
patients used in GWAS), with samples excluded if they responded affirmatively to the
"CARDIOMYOPATHY _SELF" questionnaire item, and selected randomly.

Why is the experiment divided into these two parts? The main reason is that we
cannot ascertain whether the "CARDIOMYOPATHY _SELF" information from the
Taiwan Biobank questionnaire accurately reflects diagnoses made by cardiologists.
Therefore, we aim to conduct these two parts of the experiment to make a
determination.

The substantial disparity in the GWAS results between these two groups is likely
attributed to two main factors. Firstly, in the first process, the genetic makeup of

individuals is derived from diverse probe panels, contributing to significant variations in
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the results. Secondly, there exists a substantial difference in the overall sample size
between the two groups. Sample sizes have a significant impact on GWAS results. (See
Figure 12 and Figure 13)

After conducting the genome-wide association test for flowchart-1, we identified
456 leading variants. From the flowchart-1 GWAS results, we observed two common
variants, MYH7 and LMNA [1], which are in close proximity to the genes associated
with dilated cardiomyopathy (DCM), as well as one gene, TRDN [29], related to
hypertrophic cardiomyopathy (HCM) that was reported in HCM GWAS literature. (See
Table 5)

Moreover, the flowchart-2 GWAS results revealed two common variants, SGCD
associated with DCM, and Plakophilin 2 (PKP2) related to arrhythmogenic right
ventricular cardiomyopathy (ARVC) [1], which are nearest to their respective associated
genes. Additionally, we observed five genes, namely TTN [29], MAP3K7CL [29],
TBX3 [29], SLC35F1 [28], and FNDC3B [28], associated in HCM GWAS literatures.

Regarding the polygenic risk score (PRS) results from flowchart-1, both the
validation and test sets exhibited excellent discriminative ability between cases and
controls. However, for flowchart-2 PRS results, they did not perform as expected. This
could be attributed to significant differences in the sources of GWAS and PRS cases, as

well as the usage of distinct probe panels. (See Figure 14)

18

doi:10.6342/NTU202401923



Chapter 4 Conclusion and Future Work

As quality control was not performed on the sequencing data beforehand, similar to
what was mentioned in section 2.3, numerous false-positive SNPs might have been
included. Next, we will further utilize machine learning models to analyze which
genetic variants are associated with cardiomyopathy from leading variants of GWAS
result. Our goal is to determine whether some variants are specific to the Taiwanese
population as associated loci. Subsequently, we will incorporate these genetic variants
along with clinical measurements obtained from cardiomyopathy patients diagnosed by
the cardiology department at the National Taiwan University Hospital. By doing so, we
aim to differentiate the severity of the disease among the cases. This approach has the

potential to be applied in practical scenarios involving actual cases of cardiomyopathy.
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Figure 2 Types of cardiomyopathy in the case dataset
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Table 1 NTUH dataset (case dataset) individual information by different probes (WES

= Whole-Exome Sequencing, PCV = Target Sequencing, #Avg variants: average

number of variants for an individual)

Types Probes #Samples | #Males | #Females | #SNPs # Avg
SNPs
SureSelect_V6_Post 231 156 75 25,153,106 | 108,888
Roche KAPA 12 8 3 1,133,680 | 94,473
WES HyperExome
SureSelect_V6_ 4 3 1 406,462 | 101,615
COsMIC
PCV_V1 5 4 1 10,227 2,054
PCV_V2 6 4 2 14,832 2,472
PCV -
PCV_V3 5 3 2 17,060 3,412
Total 263 178 84
21
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Table 2

Imputation result of SureSelect V6 Post Probes: Number of Variants

WES Type | #Samples | #Variants | #lmputed | #Imputed | Amplification
variants variants Factor
(INFO >
0.3)
SureSelect 231 692,863 7,999,916 | 6,068,851 8.76
V6_Post
Imputation result: SureSelect V6-Post Probes

700000

79.2

600000

500000

17 400000
€
S

= 300000

200000

100000

76.7% 763% TIa% TBTE

74.5%

89.6%

100%

Figure 3 SureSelect V6 Post Probes: number of variants by chromosomes after

imputation
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Figure 4 Imputation result of SureSelect VV6-Post Probes: Scatterplot of information

scores and minor allele frequency at variants in the imputed dataset
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Figure 5 Imputation result of SureSelect VV6-Post Probes: Distribution of information
scores at variants in the imputed dataset. The x-axis shows the information score on the

scale 0 to 1.
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Table 3 Comparison the imputed result: A file: raw whole genome sequencing 231
samples and B file: imputed Whole-Exome Sequencing 231 samples, only included sites
with INFO score > 0.3. Column 2 means that Compare pairs (REFa, REFg) and (ALTa,
ALTzg) on matched sites. Column 3 means that sites may be not imputed or removed by

INFO score <0.3.

CHROM # different_paires count % sites-skipped-no-match

(only on sites matched)

Chrl 0 2.10%
Chr2 0 2.51%
Chr3 0 1.08%
Chr4 0 0.64%
Chr5 0 3.68%
Chré 0 1.96%
Chr7 0 4.44%
Chr8 0 3.51%
Chr9 0 5.24%
Chr10 0 0.48%
Chrll 0 1.79%
Chri2 0 0.18%
Chr13 0 2.87%
Chrl4 0 2.37%
Chris 0 6.54%
Chrl6 0 10.95%
Chr17 0 10.91%
Chri8 0 5.68%
Chr19 0 4.65%
Chr20 0 2.19%
Chr21 0 12.77%
Chr22 0 6.85%
ChrX 0 9.35%
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Figure 6 Scatterplot of Ages for Controls and Cases (TWBvV2.0_imputed)
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Figure 7 Scatterplot of Ages for Controls and Cases (TWB_WGS)
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Figure 8 Quality Check of the dataset: [0, 0]: Missingness per individual; [0, 1]:
Missingness per SNP; [1, 0]: Hardy-Weinberg equilibrium for autosomal chromosomes;

[1, 1]: Hardy-Weinberg equilibrium for chromosome X
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Figure 9 Quality Check of the dataset: [0, 0]: Allele frequency per SNP; [0, 1]: Allele

count per SNP

Table 4 Different genetic models: As an illustration, let's consider a biallelic SNP with
allele variations, where the reference allele is represented by A, and the alternative allele

is denoted as G.

Genetic model AA AG GG
Additive model 0 1 2
Dominant model 0 1 1
Recessive model 0 0 1
Heterozygous model 0 1 0
27

doi:10.6342/NTU202401923



Cases

TSI (PCV_V1-V3) 16 samples

WES/ SURESELECT_W6_COSMIC: 4 samples
WES/ Roche KAPA HyperExome: 12 samples
WES_imputed/ Sureselect V6 Post: 231 samples

Genotype_imputed/ TWB2.0: 1,056 samples

**There are no duplicated patients between the two TWE bicbank datassts.

Controls

“*age-sex-matched with 283 cases

WGS/ TWB_WGS: 1,052 sample

"‘age—sex-Tna:cl'ed with 283 cases

Y

All comers

263 cases, 2108 controls
25,038,317 variants

e B,

Training set (0.8);
216 cases and 1680 controls

|

Genome-wide association study
PLINKZ.0 —glm firth

'

SNPs & effect size
--lower P value 5e-08
7,856,381 total variant(s) included

valiation set (0.1);
22 cases and 215 controls

Testing set (0.1):
25 cases and 213 contrals

Polygenic risk

scores
PRSice-2

Figure 10 Flowchart-1 (TS: Target sequencing, PLINK2.0 [23], PRSices-2 [24])
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Figure 11 Flowchart-2 (TS: Target sequencing, PLINK?2.0 [23], PRSices-2 [24])

29

doi:10.6342/NTU202401923




A=5796

observed p-value(-og10))

3 4 6
Expected p-value(-log10)

L0G10_P

Manhattan plot

Figure 12 Qgplot and Manhattan plot of flowchat-1
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Figure 13 Qgplot and Manhattan plot of flowchat-2

Table 5 Variants associated with cardiomyopathy of flowchart-1: Some of these

variants are relevant to the genes mentioned in the research papers (marked *), while the

rest share the same nearest gene positions as those found in the flowchart-2 GWAS

results.
SNPID GRCh38 EA NEA SE P OR Nearest GENE

rs184473115 1:4769774 G C 0.267808 2.60E-70  115.285 AJAP1

rs2453058 1:119938086 T C 0.268766 9.29E-70  115.019 NOTCH?2
rs66542898  1:233263172 A AG  0.318953 1.41E-69 276.894 PCNX2

rs73087440  1:215629059 G A 0.338717 6.00E-69 381.582 USH2A
rs112542201  1:118086000 C G 0.262919 3.62E-68 98.2163 SPAG17
rs11264443  1:156134601 T C 0.318592 1.14E-67 254.077 LMNA*
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rs3790387 1:97679300 C T 0.309029 1.62E-67 213.81 DPYD
rs113173951 1:27550907 A G 0.313041 2.15E-67 228.089 AHDC1
rs11682884 2:224844919 A G 0.274944  433E-71 134.499 DOCK10
rs191299362  2:235740708 C A 0.258167 8.37E-70  95.5348 AGAP1
rs11902052 2:140444800 C G 0.310142 3.09E-69 233.812 LRP1B
rs894197 2:88103041 A G 0.292127 4.69E-69 169.145 SMYD1
rs61553904 2:164730183 C T 0.251911 5.87E-69 83.1989 COBLL1
rs149253061  2:158456313 G A 0.336069 4.47E-68 350.509 CCDC148
rs143460294 2:40175528 A G 0.263762 5.76E-68 98.9761 SLC8A1
rs62142981 2:50921602 A G 0.342567 2.42E-67 379.734 NRXN1
rs148827158 2:79026157 G T 0.259824 8.91E-67 88.7112 REG3G
rs59714365 3:17376363 T A 0.285886 5.91E-70 156.751 TBC1D5
rs117621227 3:3043335 C T 0.277787 9.87E-68 125.291 CNTN4
rs62253676 3:24193134 G A 0.293175 4.55E-67 159.574 THRB
rs67297609 4:30073704 C T 0.255775 2.17E-72  99.7282 PCDHY7
rs67297609 4:30073704 C T 0.255775 2.17E-72  99.7282 PCDHY
rs147151420 4:20617835 A T 0.267963 8.48E-67 102.173 SLIT2
rs190229071 5:119240393 A G 0.278955 3.28E-72 150.374 DMXL1
rs3822376 5:143310270 Cc A 0.247503 4.94E-70 79.7186 NR3C1
rs200823856 5:5436345 A AAAT 0.245507 8.49E-70 76.3792 ICE1
rs180750731 5:65273540 T A 0.321272 1.14E-69 289.559 ADAMTS6
rs73787785 5:112161631 A T 0.263585 6.83E-69 101.885 EPB41L4A
rs2973532 5:73923334 Cc T 0.308717 1.65E-68 221.414 ARHGEF28
rs142217030 5:9122670 A G 0.280277 4.49E-68 1325 SEMASA
rs325203 5:98860114 G A 0.315162 5.80E-68 242.301 CHD1
rs370458743 5:90709056 A ACT 0.293265 7.72E-67 158.395 ADGRV1
rs41271876 6:56627094 T A 0.252616 1.11E-70 89.1369 DST
rs80348614 6:134115381 G A 0.282524 3.65E-69  143.47 SGK1
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rs577814148  6:123548636 G A 0.29795 1.88E-67 175.958 TRDN*
rs3734657 6:90516489 A G 0.245904  2.26E-67 71.1279 MAP3K7
rs142425724  6:121080640 A G 0.310223 6.14E-67 213.169 TBC1D32
rs569905009 7:7452235 T G 0.280335 9.69E-71 146.204 COL28A1
rs115049994 7:57450241 A G 0.289926 2.54E-68 158.263 ZNF716
rs9655774 7:102111780 G A 0.278765 5.82E-67 123.868 CUX1
rs117600369 8:41661986 T C 0.26003  1.89E-67 91.1158 ANK1
rs1042701 8:11564536 A G 0.290317 3.80E-67 152.332 BLK
rs34908836 9:449874 C G 0.332506  3.50E-70  360.957 DOCKS8
rs7863859 9:02188437 G C 0.297056 9.62E-70  189.423 IARS1
rs74849667 9:20354757 T C 0.295884 4.91E-68 173.673 MLLT3
rs45519332 10:29491007 A G 0.255841 4.45E-70 92.5299 SVIL
rs74861203 10:5763180 G A 0.272329 6.93E-69 118.749 TASOR?2
rs74368421 10:20217497 A G 0.276207 8.03E-69 126.813 PLXDC2
rs77055528 11:62529063 C T 0.302429 2.57E-70 213.003 AHNAK
rs76879660 12:26065230 A G 0.249938 1.79E-70 84.4239 RASSF8
rs191400739  12:100622217 G A 0.255914 1.61E-69 90.9464 GAS2L3
rs192329797  12:113273201 G C 0.256128 4.52E-69 89.9321 TPCN1
rs3730070 12:48775065 Cc G 0.258399 1.96E-68 91.5952 ADCY6
rs3729832 14:23414928 A T 0.298627 1.38E-71 209.091 MYH7*
rs150410807 14:31157204 Cc T 0.288367 1.89E-71  173.16 HECTD1
rs728286 14:90032980 G C 0.268963 7.09E-71 119.999 TDP1
rs7156821 14:29638980 T C 0.302775 1.69E-70 215.855 PRKD1
rs139814895 15:89292706 G A 0.332536  2.75E-68 332.618 FANCI
rs73362147 15:25211955 A Cc 0.247625 3.31E-67 72.8879 UBE3A
rs369918248 16:1212372 T G 0.321907 2.24E-69 289.253 CACNA1H
rs78549091 16:78115232 C G 0.255178 4.26E-68 85.6047 WWOX
rs1058474 16:1998795 T C 0.243866 4.35E-68 70.2604 ZNF598
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rs2230097 17:42201704 G A 0.335975 1.92E-68 355.639 STAT5B
rs77805790 17:7356601 T C 0.267794 1.19E-67 104.998 TMEM95
rs3764494 18:53386145 A G 0.271774 4.88E-71 126.877 DCC
rs3764494 18:53386145 A G 0.271774 4.88E-71 126.877 DCC
rs149645969 18:10697698 A C 0.30181 473E-69 200.479 PIEZO2
rs9952711 18:34806376 C T 0.269865 7.36E-69 113.62 DTNA
rs8091515 18:65859847 T C 0.240612 6.81E-68 65.9753 CDH7
rs112337232 19:41090177 G C 0.270272 4.18E-71 123.816 CYP2A13
rs527374014 19:13372038 T C 0.266251 1.60E-69 109.127 CACNALA
rs6103631 20:44115519 G C 0.325135 1.76E-69  307.53 JPH2
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Figure 14 Receiver operator characteristic of the polyenic risk scores result by PRSice-2
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