Integrative Bioinformatics in
Post-GWAS cardiovascular genomics

Daiane Hemerich



© Daiane Hemerich, 2018
ISBN 978-94-93019-83-6

Cover design by Elisa Calamita
Printed by ProefschriftMaken || Proefschriftmaken.nl

Financial support by the Dutch Heart Foundation for the publication of this thesis is
gratefully acknowledged.

This thesis was also accomplished with financial support from Pfizer, the National
Council for the Improvement of Higher Education (CAPES) and Science without
Borders Project, process 13259/130.



Integrative Bioinformatics in
Post-GWAS cardiovascular genomics

Geavanceerde bioinformatica in het post-GWAS tijdperk van
cardiovasculair genoom-onderzoek
(met een samenvatting in het Nederlands)

Bioinformdtica integrativa em genémica cardiovascular p6s-GWAS
(com um resumo em portugués)
Proefschrift

ter verkrijging van de graad van doctor aan de Universiteit Utrecht
op gezag van de rector magnificus, prof.dr. H.R.B.M. Kummeling,

ingevolge het besluit van het college voor promoties

in het openbaar te verdedigen op
donderdag 9 oktober 2018 des ochtends te 10.30 uur
door

Daiane Hemerich

geboren op 13 maart 1989
te Marau, Brazilié



Promotor: Prof. dr. E W. Asselbergs

Copromotoren: Dr. V. Tragante
Dr. J. van Setten



To my mother Ana, who taught herself how to use a computer
and later a smartphone in order to keep updated
on the work of this thesis and my well-being on a daily basis

Eiste livro é dedicado & minha maie Ana,

que ensinou a si mesma como usar um computador

e mais tarde um telefone celular, apenas para poder se manter atualizada
sobre o trabalho desta tese e meu bem-estar diariamente






Table of Contents

Chapter 1

Chapter 2

Chapter 3

Chapter 4

Chapter 5

Chapter 6

Chapter 7

Chapter 8

Introduction

Integrative bioinformatics approaches for identification of drug
targets in hypertension

Integrative functional annotation of 52 genetic loci influencing
myocardial mass identifies candidate causal regulatory variants and
target genes

Regulatory and transcriptional profile in dilated cardiomyopathy
Impact of carotid atherosclerosis loci on cardiovascular events

Use of tissue-specific genetic risk scores on the investigation of
disease progression profiles of patients with outcomes induced by
hypertension

Druggability of coronary artery disease risk loci

Summary and discussion

References

Summary (in English)
Samenvatting (in het Nederlands)
Resumo (em Portugués)
Acknowledgements

List of publications

Curriculum Vitae

21

37

63

81

93

105

125

134
163
165
167
171
177
183






Chapter I

Introduction



Chapter 1

Cardiovascular Diseases

Cardiovascular diseases (CVDs) are the leading cause of death in the world, taking
the lives of 17.7 million people every year and accounting for 31% of all global deaths
(Figure 1) 2. In the United States of America (USA), one third of all deaths is attributed
to CVD, with a CVD-related death happening every 40 seconds °. The number of
CVD-related deaths is predicted to increase to 24.2 million by 2030, with 40.5% of
the USA population projected to be affected by some form of CVD * As a resul,
real indirect costs (lost productivity from morbidity and premature mortality) for all
CVD are estimated to increase from $172 billion in 2010 to $276 billion in 2030, an
increase of 61% °. A similar scenario is predicted in Europe, where current overall CVD
is estimated to cost €210 billion a year .

Cardiovascular
diseases
31%

Other NCDs
33%

Injuries

0, . o
9% Communicable, maternal, perinatal

and nutritional conditions
27%

Figure I. Distribution of major causes of death, including CVDs and other noncommunicable diseases
(NCDs). Reproduced from the World Health Organization with permission.

CVDs are a group of disorders related to the heart and circulatory system, including
coronary artery disease (CAD), myocardial infarction (MI), high blood pressure (BP),
stroke, and heart failure. Key health factors and behaviors increase risks for CVDs,
such as smoking, physical inactivity, unhealthy diet, high body weight, high cholesterol,
hypertension, and high blood sugar. Indeed, a substantial number of CVD-related
deaths can be attributed to tobacco smoking, which increases the risk of dying from
coronary heart disease and cerebrovascular disease 2-3 fold . In most cases, it is the
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General introduction

interplay between these modifiable habits with non-modifiable factors, such as age, sex
and genetic predisposition which determines the chances of suffering from a CVD.

Genetic variation and human (epi)genetics

Genetic variation is the process of natural occurrence of variation in the DNA sequence
among individuals of the same species. Although individuals of a species have similar
characteristics, they are hardly ever identical. But it is also relatively evident that some
physical characteristics, such as height and hair color, tend to be inherited from an
individual’s ancestors, and are often similar among members of the same family.
Although less visible, the same characteristics dictate susceptibility to some diseases.
This is the reason why some diseases are traditionally said to “run in the family”.

The process behind it is called inheritance, by which genetic information is passed
from the parents to their offspring. Each one of us has a genome, containing genetic
information needed to build and maintain our organism. Half of this genome is
inherited from each of our parents. This combined genome forms a set of instructions
made of deoxyribonucleic acid (DNA), present in all cells of our body that have a
nucleous, in the form of chromosomes. DNA is formed by a chemical code determined
by the order of four nucleotide bases: adenine (A), cytosine (C), guanine (G) and
thymine (T). The human genome consists of three billion pairs of such nucleotides.
These encode genes, which dictate characteristics previously mentioned (height, hair
color, susceptibility to many diseases) and many others. Subtle differences in our DNA
can lead to phenotypic variation. The most common type of genetic variation is the
single nucleotide polymorphism (SNP), which is a substitution at a single position in a
DNA sequence among individuals. SNPs can influence genes and their expression, thus
explaining different characteristics among individuals. SNPs are typically present across

10, 11

populations ', and inherited together in blocks as a haplotype.

CVDs constitute a wide spectrum of diseases. Severe cases such as cardiomyopathy at
young age tend to run within families and cause sudden cardiac death. However, only
a few percent of all morbidity and mortality caused by cardiovascular diseases include
these severe cases. Most patients are sporadic cases; that is, they have no affected (close)
relatives. In contrast to the familiar cases, whose disease is most likely caused by one or
few genetic defects, cardiovascular diseases in the general population are multifactorial,
complex traits, caused by combinations of environmental and genetic factors.
Unhealthy habits combined with genetic susceptibility increase the likelihood of
developing diseases, including CVDs. Some of these unhealthy habits, such as smoking,
can also influence the epigenome, thus affecting gene function. These epigenetic
changes do not involve changes in the underlying DNA sequence, so the phenotype
is affected without changes in the genotype. One form of epigenetic change occurs
when molecular structures such as methyl groups attach to genes (a process called DNA
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methylation), altering their expression (Figure 2). Chemical elements can also attach to
histones, the molecules around which DNA is wrapped. This is the case of acetylation,
for instance, when acetyl groups bind to one of the four core histones (Figure 2). In
eukaryotes, DNA typically is found as a repeating array of nucleosomes '?, in which 146
base pairs (bp) of DNA are wound around a histone octamer (consisting of two each
of histone proteins H2A, H2B, H3, and H4). Histones can be affected by several post-
translational modifications, mainly targeting amino acid residues of the N-terminal tails
that protrude from the chromatin fiber '* %, Acetylation of histone H3 on lysine residue
number 27 (H3K27ac), for instance, is one of several histone modifications known to
enhance transcription of genes by opening the chromatin structure and making the
DNA more accessible for binding of transcription factors °. This histone modification
is a marker of regulatory elements known as enhancers and promoters. Other histone
modifications, such as trimethylation of histone H3 on lysine 27 (H3K27me3), exert the
opposite effect, and thus highlight transcriptionally repressed regions and silent genes.
This complex mechanism of chromatin structure is critical to cell function, allowing
different cell-types to express (or repress) different genes. Epigenetic modifications of the
genome, such as DNA methylation and histone modifications, have also been reported
to play a role in diseases such as CVDs, including atherosclerosis, inflammation,
hypertension and diabetes '* . Cardiac hypertrophy, for instance, has been linked to
histone acetylation '” and histone methylation, in particular with H3K9"¥2° and H3K4
methylation?" 2.

Technological progress made possible the discovery of not only several SNPs associated
to CVDs, but also some of their underlying epigenetic mechanisms ' ¢ 2. This new
knowledge can provide a better insight into the biological mechanisms leading to this
devastating spectrum of diseases, and ultimately, also provide better prevention and
treatment.

Relating genetic variation to disease: Genetic association studies

Since Gregor Mendel’s identification of inheritance patterns in 1865 %, progressing to
the discovery of DNA structure by James Watson, Francis Crick, Rosalind Franklin,
and Maurice Wilkins in 1944 »-%, important advances have been made in the genetics
field. One of the most recent such groundbreaking moments was the completion of
the Human Genome Project (HGP) #7!, set up in 1990 with the aim of determining
a full reference human genome. Thirteen years and approximately $2.7 billion later,
the HGP completed the sequence of the 3 billion chemical base pairs that make up
human DNA 3'. The International HapMap Consortium *? was an important follow-
up, aiming at determining the population diversity, frequency, and genomic location of
common genetic variation and haplotypes in individuals of different ethnical origins.
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HEALTH ENDPOINTS
e Cancer

¢ Autoimmune disease

¢ Mental disorders

EPIGENETIC MECHANISMS
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_| to be activated.
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gene regulation.

Figure 2. Epigenetic mechanisms, including DNA methylation and histone modification. Credit: National
Institutes of Health via Wikimedia.

After the HapMap, the 1000 Genomes Project ** sequenced 2,504 individuals from
26 populations. Its final phase catalogued over 88 million variants: almost 85 million
SNPs (defined as having an allele frequency > 1%) or single nucleotide variants (SNVs,
a one-base pair change without any limit on allele frequency), approximately 3.6 million
insertions and deletions (indels), and 60,000 structural variants 3. At the same time, the
“SNP chip” technology was developed, based on the concept of microarrays. Companies
such as Affymetrix (www.affymetrix.com) and Illumina (www.illumina.com) developed
DNA microarrays **%. All these technological advances made it possible to test genetic
variation at the genome-wide level for association with heritable complex traits and
diseases *, and so started the era of genome-wide association studies (GWAS).
A GWAS compares the frequencies of genetic variation between individuals with a
given disease against control individuals from the same population. A strong association
between a DNA position and a particular disease or trait marks the general location of
the associated genetic locus, even if the associated SNP itself is not directly responsible
for the disease. When the p-value for association is below the significance threshold, it is
considered statistically significant. This threshold is adjusted by Bonferroni correction?,
avoiding type I error or false-positive result with a division of the significance threshold
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(usually p=0.05) by the number of tests being performed, assuming that all tests
are independent. Since it has been determined that the human genome contains
approximately 1 million **** independent regions, the standard genome-wide significance
threshold became p<5 x 10 (0.05/1,000,000).

The GWAS effort has identified to date 62,652 unique SNP-trait associations in 3,395
studies (as of June 25®, 2018) *° (Figure 3).

The use of larger sample sizes has helped to identify an ever-increasing number of
significantly associated variants, as demonstrated by the most recent study including over
1 million people that has identified 535 novel loci associated to BP traits *', compared
to just above 300 variants identified in all previous efforts. The next challenge is the
interpretation of associations in order to get a better insight into the biology of disease,
and possible translation of these statistical results to clinical practice.

Interpreting GWAS results: genetic risk scores and data integration

GWAS tend to identify genetic changes that have a small effect on disease risk but are
common in the general population. Each single gene variant increases disease risk only
slightly, underscoring the polygenic nature of complex diseases, but the accumulation of
risk variants in several different genes may account for a greater risk. The combination of
these small effects can therefore lead to significant risk assessment. This is the reasoning
behind the concept of genetic risk scores (GRS).

Risk factors have a long history of use in medicine for decision-making in cardiovascular
disease **. The Framingham Study developed a risk score as a framework for CVD risk
assessment including major risk factors, such as age, BP, tobacco use, total cholesterol,
high density lipoprotein cholesterol, and diabetes **. Metrics like the C statistic were
further shown to improve prediction of CVDs beyond these traditional risk factors 4.
Genetic polymorphisms contributing to CVDs became integrated in these models, first
focused on a priori selected candidate genes /°. But because the reported contribution
of any single genetic variation to CVD risk is small, a robust risk prediction from
genetic markers was still lacking. As larger cohorts were used in GWAS, more robust
and replicable associations were identified. Aggregating the risk effect of multiple loci
into a single GRS was shown to improve risk prediction in CVD, beyond that afforded
by traditional risk factors #*>°. The calculation of a GRS can thus add interpretation and
application of GWAS data for clinical assessment of outcomes of interest, converting
genetic data to a predictive measure of disease susceptibility.

A main challenge in GWAS interpretation is identifying the effect of associated SNDPs.
It is generally assumed that a SNP within a coding region affects that particular gene;
however, the majority of SNPs fall in non-coding regions and many of them are intergenic
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Figure 3. All catalogued SNP to trait association (p<5x10®) per chromosome *, updated until June 25, 2018.



Chapter 1

3852 This makes it difficult to identify the causal variant inside each associated locus, as
well as its target gene . Any variant inside the same haplotype as the reported genome-
wide significant SNP, said to be in high linkage disequilibrium (LD), can be causal *.
Assessment of the causality of coding variants has become relatively straightforward in
recent years with development of bioinformatics tools that predict the effect of amino
acid changes, such as SIFT %, PROVEAN °¢, PolyPhen ¥, CONDEL * and CADD
%, The evaluation of non-coding variants mechanisms and target genes is much more
challenging, due to our lack of fundamental knowledge in the non-coding regions of
the genome. Based on data from the Encyclopedia of DNA Elements (ENCODE), only
1.2% of human DNA is estimated to encode protein-coding exons, while the majority
of the genome is transcribed at some point in at least one cell type , influenced by
regulatory elements located in non-coding regions of the genome. There is now vast
evidence that non-coding variants associated with disease may interrupt the action
of these regulatory elements, crucial in relevant tissues for that particular disease °'.
Investigating the influence of associated variants in regulatory landscape of critical cell-
types is essential for understanding disease risk and biology.

Next-generation sequencing (NGS) technologies have made sequencing of DNA and
RNA quicker and cheaper than the previous method of Sanger sequencing. This has
resulted in the development of new methods that help greatly in the field of post-GWAS
analyses. Chromatin Immunoprecipitation Sequencing (ChIP-seq), for example,
combines chromatin immunoprecipitation (ChIP) with massively paralledl DNA
sequencing to identify the binding sites of DNA-associated proteins. It can be used to
map global binding sites and regions of histone modifications highlighting regulatory
elements %, RNA sequencing (RNA-Seq), another method based on NGS, reveals the
presence and quantity of RNA in a biological sample at a given moment **%. Maps of
these regulatory annotations and expression of genes in several tissues have been made
publically available by projects such as ENCODE ¢, Roadmap Epigenomics * and
GTEx ¢, enabling their integration with GWAS results.

Yet another challenge in post-GWAS analyses is the identification of genes influenced
by non-coding associated variants, due to our yet limited knowledge on genome folding
dynamics. SNPs may affect distant genes ©, at times up to 2 Megabase pairs (Mbp)
away from the associated SNP, and these genes are not necessarily the closest genes to
the SNP 7°. Effects on distant genes have been demonstrated when associated variants

.71 sometimes even in other

act on enhancers that may interact with far away genes
chromosomes 77, 'This occurs due to the 3D organization of the genome in a robust
yet dynamic looping architecture, which facilitates fine-tuning of gene expression
by mediating the contacts between distantly located cis-regulatory elements 7#7°.
Chromosome conformation capture techniques (for instance 3C”7, 4C 7% 7 and Hi-C
80.81), capture chromosome interactions *, resulting in networks of interacting genetic

loci 7% 7°. Maps of chromosomal conformation have been made publically available and
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incorporated into online tools 54

, allowing the scientific community to map GWAS
variation to target genes *.

Integration of different layers of information is crucial in interpretation of GWAS results
and allows the prioritization of genes from known GWAS loci for functional follow-
up, detecting novel gene-trait associations, inferring the directions of associations, and

potential druggability®**.

Applying GWAS results:
translation into CVD prevention and treatment

In the scope of CVD therapeutics, the predictors identified over the last 30 years and
described in the previous section are commonly used today to detect individuals at risk.

%, obesity, and diabetes, whose prevalence has increased

These include hypertension *
together with lifestyle changes in low-income and middle-income countries — therefore
resulting in higher rates of CVD °'. Current recommendations for the treatment of CVD
focus on reducing modifiable risk factors *?, including lifestyle changes (diet, exercise,
smoking cessation), lipid lowering (e.g. statins) and blood pressure lowering medication
(e.g. ACE inhibitors). Much research is still required to get better insight in the biological
mechanisms leading to specific phenotypes, which can in turn lead to more efficacious
and cost-effective preventive and therapeutic approaches. Currently, it is estimated that
only one in every 5000 new drug compounds makes it to market **. Novel approaches
are needed to support drug development, an expensive and difficult process, that may
take 10-15 years and costs billions of dollars **°. These novel approaches have emerged
in recent years based on genetic strategies. Bioinformatics analyses and follow-up of
GWAS have unraveled the involvement of genes affected by GWAS SNPs in different
pathophysiological pathways involved in CVDs, such as LDL cholesterol and triglyceride
metabolism, blood pressure, vascular remodeling and inflammation . These pathways
contain possible candidate drug targets. A key challenge is to prioritize GWAS hits and
their corresponding gene products for pharmacological intervention. In this process,
bioinformatics methods may yield novel insights into the potential “druggability” ¥ of
each of these loci in order to translate genetic knowledge into clinical care.

Bioinformatics tools applied to druggability analyses on genetic data can also identify
approved and already marketed drugs for treating a new phenotype other than the one
the drug was originally developed for. This strategy is referred to as drug repositioning
or repurposing, an approach proposed and improved in the past 15 years ** %%, based
on new discoveries including, more recently, genetic information "> '°'. In such cases,
where an existing drug targets a gene product or pathway of a disease different from
the original indication, fewer clinical trials may need to be conducted to alter the label
and indicate a treatment for another disease as safety has already been demonstrated.
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An example of repurposing is sildenafil, initially produced with the expectation of

102 and

reducing angina, and later found to be effective to treat erectile dysfunction
pulmonary hypertension '??, leading to the subsequent releases of Viagra® in 1998 and
Revatio® in 2005 '*. Repurposing efforts based on GWAS results are described further
in this thesis (Chapter 7).

Overall, it is expected that multiple GWAS loci, pointing to currently unexplored
mechanisms, can be utilized in new drug development. This approach is exemplified in
105-

the development of antibodies that were successfully applied in the case of PCSK9
197, Further research and clinical trials are still needed, however, for proper translation of

statistical signals into therapeutic targets.

Outline of this thesis

The work in this thesis aims both at integrating genome, epigenome and transcriptome
information in order to gain more insight into the mechanisms causing CVDs and
inform future fine-mapping efforts that aim to understand the role of genetic variation
in humans. In Chapter 2 we focus on data integration for interpretation and potential
translation of blood pressure-associated loci into drug targets. In Chapter 3, we perform
functional annotation of 52 loci influencing myocardial mass. In Chapter 4, we make
use of layers of information provided by NGS technology on the study of the regulation
and expression profile of dilated cardiomyopathy. In Chapter 5 we apply the concept
of GRS to study the potential relevance of cardiovascular susceptibility loci in other
vascular beds. In Chapter 6 we investigate cardiovascular disease progression profiles,
aided by GRSs. In Chapter 7, we describe a pipeline for identification of new drug
targets, and another for potential repurposing of currently marketed ones. We conclude
in Chapter 8 with a discussion on how these studies provide a better insight into the
biology of CVDs, the current challenges in translation of risk variants into clinical
practice, and the opportunities that advances in the field will bring in the future.
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Chapter 2

2.I Abstract

High blood pressure or hypertension is an established risk factor for a myriad of
cardiovascular diseases. Genome-wide association studies have successfully found over
nine hundred loci that contribute to blood pressure. However, the mechanisms through
which these loci contribute to disease are still relatively undetermined as less than 10%
of hypertension-associated variants are located in coding regions. Phenotypic cell-type
specificity analyses and expression quantitative trait loci show predominant vascular and
cardiac tissue involvement for blood pressure-associated variants. Maps of chromosomal
conformation and expression quantitative trait loci (eQTL) in critical tissues identified
2424 genes interacting with blood pressure-associated loci, of which 517 are druggable.
Integrating genome, regulome and transcriptome information in relevant cell-types
could help to functionally annotate blood pressure associated loci and identify drug
targets.
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2.2 Introduction
Elevated blood pressure (BP) or hypertension is a heritable chronic disorder ',
considered the single largest contributing risk factor in disease burden and premature

111

mortality '""'. High systolic and/or diastolic BP reflects a higher risk of cardiovascular

diseases '!!

. Genome-wide association studies (GWAS) have found association of
905 loci to BP traits (systolic - SBP, diastolic - DBP and pulse pressure -PP) to date
(Supplemental Table 1) *"''#'%, The use of larger sample sizes has helped to identify
additional variants, as demonstrated by the most recent study including over 1 million
people that has identified 535 novel BP loci *'. Still, this collective effort thus far
has not entirely elucidated the complete genetic contribution to BP, estimated to be
approximately 50%-60% .

To add to this complexity, 90.7% of the 905 BP-associated index variants are located in
intronic or intergenic regions (Supplemental Table 1). Causal variants are also difficult
to pinpoint because of linkage disequilibrium (LD) **. There is now vast evidence that
non-coding variants associated with disease interrupt the action of regulatory elements
crucial in relevant tissues for that particular disease . BP loci are not only linked to
cardiovascular disease but also to other diseases (Figure 1), suggesting that BP-associated
variants can result in a wide range of phenotypes. Tissue specificity of genetic loci may be
relevant for organ specific disease progression. For example, variants altering expression
in heart may more likely affect disease progression through heart-mediated processes
rather than kidney-mediated processes, and some patients may suffer of left ventricular
hypertrophy while others may develop nephropathy. Thus, investigating the influence
of BP variants in critical cell-types is essential in understanding disease risk and biology,
and assessing the possible translation of an associated locus into a drug target. The public
availability of regulatory annotations in several tissues by projects such as ENCODE
% Roadmap * and GTEx ¢ has enabled integration of epigenetic modifications,
expression quantitative trait loci (eQTLs) and —omics information with GWAS data.
Integrative approaches are useful for prioritizing genes from known GWAS loci for
functional follow-up, detecting novel gene-trait associations, inferring the directions of

associations, and potential druggability 5%.

Here we summarize the advances made in recent years towards unraveling the mechanisms
of non-coding BP variants in disease progression with the resources mentioned above.
We focus on integrative approaches that aim to prioritize BP-associated SNPs located in
regulatory regions of the genome for follow-up studies (Figure 2). Genetic and molecular

aspects of hypertension have been reviewed previously by others 42143,
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Figure I. Circos plot showing the 10 traits from the GWAS catalog * with the largest number of loci also
associated to B as identified by PhenoScanner ' at p<0.05 (Supplemental Methods). The outer ring
represents the genomic/chromosomal location (hgl9). The following inner rings show the associations to
different traits. Beige: body measurements (height, body mass index (BMI), weight, waist/hip ratio, hip
circumference, waist circumference. N=358). Red: lipids (high-density lipoprotein (HDL), low-density
lipoprotein (LDL), triglycerides, total cholesterol. N=226). Yellow: coronary artery disease (CAD)/myo-
cardial infarction (MI) (N=206). Light blue: schizophrenia (N=135). Light orange: years of education at-
tendance (N=101). Light green: creatinine (N=88). Light pink: rheumatoid arthritis (N=78). Light purple:
type II diabetes (N=73). Light turquoise: neuroticism (N=69). Light grey: Crohn’s disease (N=67).

2.3 Integrative approaches using —omics data
Remarkable advances have been made recently towards a better comprehension of BP

genetics, the biology of disease and translation towards new therapeutics, boosted by

the widespread application of high-throughput genotyping technologies. At the same
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GWAS significant SNPs ]
(- 1K Genomes - Snap
http://www.internationalgenome.org/ LD calculation http://archive.broadinstitute.org/mpg/snap/
- HapMap - LDlink
https://www.genome.gov/10001688/int https://analysistools.nci.nih.gov/LDlink/

\_ernational-hapmap-project/

Potential causal variants ’

e
- Encode - - FunciSNP
- Roadmap Overlap analysis - epiGWAS
L http://archive.broadinstitute.org/mpg/epigwas
Loci enriched for regulatory elements ’
(- GTEx - FUMA
- 3D Genome Browser [ SNP to gene mapping | - CHicP
\http://promotenbx‘psu‘edu/hi-c/ https://www.chicp.org/.
p

Candidate genes ’

-

- DrugBank | - DGIdb

https://www.drugbank.ca/ [ Druggabmty ana|ysis ] http://www.dgidb.org/
- chEMBL - Drug Repurposing Hub
https://www.ebi.ac.uk/chembl/ https://clue.io/repurposing

Potential therapeutic targets ’

Figure 2. Diagram of analytical steps that can be followed for variant prioritization and translation of as-
sociation to a potential drug target. Each step is accompanied by examples of publicly available data (green
boxes on the left) and tools (yellow boxes on the right) that can be used.

time, most BP-associated variants are non-coding, making the conversion of statistical
associations into target genes a great challenge. SIFT *°, PROVEAN ¢, PolyPhen ¥,
CONDEL **and more recently CADD * are scoring algorithms developed for predicting
the effect of amino acid changes. Only 98 out of the 905 lead BP-associated SNPs reflect
a CADD score above 12.37 (Supplemental Table 5), a threshold suggested by Kicher ez
al. as deleterious . However, the causal variant inside the locus might reflect a different
CADD score than the lead SNP, and pinpointing the mechanisms disturbed by the
variation remains a challenge. New strategies that make use of regulatory annotations
in disease-relevant tissues have greatly expanded our ability to investigate the processes
involved in BP. In particular, annotation of histone modifications and regions of open
chromatin allow the identification of active transcription in specific-cell types. Similarly,
maps of DNA variants affecting expression in a cell-type specific manner will be integral
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in BP loci interpretation. A list of cardiovascular-related cell-types researched by the
ENCODE Project is presented by Munroe e al. '*. Such data can be integrated with
GWAS results using bioinformatics tools 8% %1%, For instance, FUMA provides extensive
functional annotation for all SNPs in associated loci and annotates the identified genes
in biological context *. FunciSNP investigates functional SNPs in regulatory regions of
interest '“. Ensemble’s Variant Effect Predictor (VEP) determines the effect of variants
on genes, transcripts, and protein sequence, as well as regulatory regions, also outputting
SIFT, Polyphen and CADD scores for each variant, among other information '¥.
Although such integrative tools are useful for variant prioritization and interpretation,
not all take into consideration tissue specificity aspects. RegulomeDB, for example, is
a database that annotates SNPs with known and predicted regulatory elements in the
intergenic regions of the human genome, calculating a score that reflects its evidence for
regulatory potential . However, the scoring procedure can only be performed across
all available tissue types. In addition, several databases containing a broad range of
tissues were made publicly available since the last update of RegulomeDB, that could be
included in the tool. Together, these resources have been useful in prioritizing genes and
variants in associated loci for functional follow-up experiments in many post-GWAS
analyses, and can be implemented in interpretation of BP-associated loci.

2.3.I Transcription regulation: histone modifications and open chromatin
As genomic coordinates of active regulatory elements may be mapped using unique
functions of chromatin, the characterization of chromatin changes in the genome in
specific cell-types can be used to identify DNA variants disturbing active regulatory
elements. The four core chromatin histones, H2A, H2B, H3, and H4, can suffer
posttranslational modifications, such as acetylation or methylation '*. These histone
modifications indicate active (euchromatin) or repressed (heterochromatin) chromatin
structure, defining regulation and gene transcription ** *'. Acetylation of histones H3
and H4, and H3 methylation at Lys4 (H3K4me3), for instance, correlate with gene
transcription, whereas methylation at Lys9 correlates with gene silencing °* 2. These
modifications provide a robust readout of active regulatory positions in the genome,
and have been employed for annotation in several studies '*°. Histone modifications
influencing arterial pressure have been observed in many tissues, including vascular
smooth muscle "**. An updated phenotypic cell-type specificity analysis of the 905 BP
loci using H3K4me3 mark in 125 tissues is shown in Figure 3. The most significant cell-
types are cardiovascular-related (Supplemental Methods, Supplemental Table 2). Other
tissues with high rank in specificity are smooth muscle, fetal adrenal gland, embryonic
kidney cells, CD34 and stem-cell derived CD56+ mesoderm cultured cells.

These results are consistent with analyses using DNase I hypersensitivity sites (DHSs),
which indicate likely binding sites of transcription factors. Moreover, these results add
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more evidence that BP loci are enriched on regions of open chromatin *" 126127130

(Supplemental Figure 1), regulating transcription in a broad range of tissues.

2.3.2 Methylation

In addition to histone modifications that promote transcription, BP loci have also
been studied for their enrichment on DNA methylation, known to have the opposite
regulatory effect. The methylation of CpG sites, presented by CpG islands in promoters,
affects binding of transcription factors, resulting in gene silencing **'>>. Abnormal CpG

156157158 "and in many other complex diseases

methylation is found in hypertension
159160 Recently, Kato ez al. identified a ~2-fold enrichment associating BP variants and
local DNA methylation '*. The study also demonstrates that DNA methylation in
blood correlates with methylation in several other tissues. These observations add to

previous indications on the function of DNA methylation in regulating BP.

2.3.3 Measuring the impact of BP risk alleles on gene expression: eQTLs
Expression quantitative trait loci (eQTL) are regions harbouring nucleotides correlating

161, Linking transcription levels to complex traits

with alterations in gene expression
has been a follow-up step adopted by many studies % 1'% driven by the increase in
available data of expression patterns across tissues and populations 48119 Warren
et al. found that 55.1% of their identified BP-associated loci have SNPs with eQTLs in
at least one tissue from GTex repository ¢/, with arterial tissue most frequently observed
(29.9% of loci had eQTL in aorta and/or tibial artery) '*%. A great enrichment of eQTLs
in artery was also observed by Evangelou ez al., who identified 92 novel loci with eQTL
enrichment in arterial tissue and 48 in adrenal tissue . In summary, these studies also

suggest that BP loci exert a regulatory effect mostly in vascular and cardiac tissues.

2.4 Finding the targets: chromosome confirmation capture techniques

Mapping variation to target genes is one of the greatest challenges in the post-GWAS era,
and different strategies have been developed to this end '7°. One approach is the use of
chromosome confirmation capture (3C 77, 4C 7% 7, Hi-C % 8'). These techniques capture
chromosome interactions %, resulting in networks of interacting genetic loci 7.

Warren ez al. made use of this resource to investigate the target genes of non-coding
SNPs, using Hi-C data from endothelial cells (HUVECs). Distal potential genes were
found on 21 loci, and these genes were enriched for regulators of cardiac hypertrophy
in pathway analysis '¥. Kraja ez al. also explored long-range chromatin interactions
using endothelial precursor cell Hi-C data * 7!, finding the link between an associated
loci and a gene known to affect cell growth and death 72 More recently, Evangelou ez

al. used chromatin interaction Hi-C data from HUVECs ', neural progenitor cells
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‘ 905 BP-associated lead SNPs ’

‘ 27649 BP-associated lead SNPs + vicinity ’
R2>0.8

/ 2424 candidate genes \

mapped in specific tissues enriched for H3K4me3, a mark of active transcription

eQTL HiC
483 209 1732

/ 517 potential drug targets \

35 predicted to interact with current antihypertensive medication

Genes All genes
mapped 1907 517 3962 predicted as
to BP loci druggable

- /

Figure 4. Diagram illustrating the results of our integrative approach.

(NPC), mesenchymal stem cells (MSC) and tissue from the aorta and adrenal gland '7*
to identify distal affected genes. They found 498 novel loci that contained a potential
regulatory SNP, and in 484 loci long-range interactions were found in at least one cell-
type .

A list of human HiC data available on BP relevant tissues is presented in Supplemental
Table 3. An updated version of variant to gene mapping making use of this chromatin
conformation data is shown in Supplemental Table 4. Promoter regions of 1941 genes
were found to interact with the 27649 candidate SNPs (905 BP associated SNPs and
vicinity) (Supplemental Methods, Figure 4). Integration with eQTL data on relevant
tissues confirmed 209 of the genes mapped, and added additional 483 genes. One
main goal of understanding biological mechanisms of GWAS associations and affected
genes is to be able to therapeutically target them. Assessment of the druggability of
a BP-associated locus depends on several factors, but overlap of these results with a
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recent effort on druggability suggests that 517 of these 2424 genes are druggable ',
and 35 mapped genes are also predicted to interact with common drugs for treatment of
hypertension (Supplemental Table 5, Figure 4, Supplementary Methods). Interestingly,
1774 of the genes mapped are physically located outside BP-associated loci. These
results support the hypothesis that BP GWAS loci act on tissue specific regulatory gene
networks. Importantly, they also show that the use of long range chromatin interaction
maps can reliably identify target genes even outside the risk locus.

2.5 Discussion

GWAS have pinpointed over 900 loci associated with BP, and increasing sample size has
shown to be crucial to identify more signals *'. However, efforts are needed to translate
these results into biological inferences on causal mechanisms and understanding of
disease biology. The integration of data beyond the DNA sequence is crucial to identify
genes involved in BP regulated by epigenetic mechanisms.

BP variants show eQTL, histone modification and open chromatin enrichment in a
broad range of tissues, mostly vascular and cardiac-related. As the interplay of regulatory
elements is highly cell-type specific, the study of changes that influence chromatin
structure and accessibility needs to be extended to a broad range of tissues and conditions,
including disease and its stages. Rosa-Garrido et al. observed chromatin structural
abnormalities when comparing healthy and diseased cardiac myocytes, concluding

176 'Thus, alterations in

that heart failure involves altered enhancer-gene interactions
chromatin structure underlying heart disease perturbs significant interactions that
contribute to gene expression. This finding suggests that high resolution chromatin
conformation and epigenetic data in disease state can help in understanding how
regulatory variants confer risk to disease. The availability of data in different populations
will also allow fine-mapping and functional annotation across ethnic groups.

By mapping of BP-associated variants to genes using maps of chromosomal conformation
in specific cell-types, we identified 1941 genes, of which 209 show supported by eQTL
mapping. Of all genes mapped (n=2424), 517 are predicted as druggable and 35 are
predicted to interact with common antihypertensive drugs. These include successful cases
such as APOB gene, predicted to be targeted by Ibersartan, an angiotensin II receptor
antagonist used mainly for the treatment of hypertension 7. Interestingly, in this
analysis we were also able to identify ABCC9 gene on both eQTL and HiC mapping, a
gene that interacts with Minoxidil. Although originally developed as an antihypertensive
vasodilator, side effects provided limitations and currently its main application occurs
topically for treatment of hair loss 7% 7%, This highlights the several factors involved
in druggability of a target and need for extensive validation and trials. With in-silico
experimental evidence supporting a plausible mechanism for association, definitive
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assignment of functions to putative cis-regulatory elements requires perturbation of
these elements. Although the majority of associated variants add only modest effects
on risk, more studies suggest combinations of SNPs are frequently necessary in order
to explain these effects %2, CRISPR—Cas9 (Clustered Regularly Interspaced Short
Palindromic Repeats) editing technology '** permits targeted manipulation of epigenetic

mechanisms linked to risk alleles %4

. Finally, genes that show consequent differential
expression can be further validated iz vivo with the use of animal models.

In summary, the integrative approaches presented in this review help understanding
the underlying biology of GWAS loci by mapping SNPs to genes and determine cell
and tissue-specificity. The increase in availability of regulatory data in a broad range of
tissues and disease states will expand the possibilities for integration and interpretation
of association results. Studies validating the genes prioritized may identify new drug
targets, enabling more effective prevention and treatment of hypertension and its

consequences.
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2.6 Supplemental Material

2.6.I Supplemental Methods

2.6.1.1 Association lookups with other diseases
We used PhenoScanner ! database to evaluate cross-trait effects for the 905 blood

pressure (BP) -associated sentinel SNPs including proxies in linkage disequilibrium
(LD, 7 = 0.8) with variants of the GWAS catalog > at p < 0.05.

2.6.1.2 Prediction of coding consequences

We used Variant Effect Predictor (VEP) from Ensemble [3] to predict the coding
consequences of the canonical transcript of each lead BP-associated SNP, as well as its
CADD score [4]. Predicted coding consequences other than “missense_variant” were
renamed as “synonymous_variant”.

2.6.1.3 Phenotypic cell-type specificity

We obtained publicly available data on H3K4me3 histone modification on 126 tissues
from ENCODE [5] and NIH Roadmap Epigenomics Mapping Consortium [0]
(Supplemental Table 1). We downloaded alignment files in hg-19 coordinates of both
treatment and control. Duplicated, unmapped reads and reads with mapping quality less
than 5 (-b -F 4 -q 5) were removed using Samtools v1.3 [7]. Peak calling was performed
using MACS v2.1.0 [8] using the respective input samples, -gsize=hg -nomodel
parameters, and estimated fragment sizes (-extsize) predicted by PhantomPeakQualTools
v1.1 [9]. We used the method described by Trynka et al. [10] for phenotypic cell-type
specificity analysis, in which a locus is defined by identifying SNPs in tight LD with
each variant (r2 > 0.8), using data from the 1000 Genomes Project [47]. Each variant is
scored based on the distance and height of the nearest peak. If the physical distance to
the nearest peak is more than 2.5 kb, then the score is set to 0 to obviate any confounding
distal effects. The statistical significance of cell-type specificity is assessed by deriving a
95th percentile threshold based on the permutation of 10,000 matched sets of SNPs not
associated with the phenotype.

We used FORGE [11] to investigate cell-type-specific enrichment (FDR, p < 0.05)
within DNase I-hypersensitive sites in 125 cell samples from ENCODE project [5],
using default parameters. Briefly, FORGE compares the frequency of query variants
in different cell types with a reference set of 1204 control variants from the GWAS
catalog [2] with discovery p < 5 x 10-8 in European ancestry populations. For each cell-
type and p-value threshold, the enrichment of query variants mapping to footprints is
expressed as a p-value derived from a logistic mixed effect model.
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2.6.1.4 Variant to gene mapping through chromosomal conformation

We used FUMA v1.3.0 [12] to map the 905 BP-associated sentinel SNPs and proxies
in LD (r2 > 0.8) to genes in relevant cell-types. We used maps of chromosomal
conformation (HiC) in HUVEC [13], adrenal gland, aorta, left ventricle, right ventricle
[14] and eQTL from GTEx v7 in adrenal gland, aorta, artery coronary, artery tibial,
atrial appendage and left ventricle [15], keeping default parameters.

2.6.1.5 Interaction of mapped genes and antibypertensive drug targets

In order to assess the overlap between drug targets and BP loci, we obtained a list of
medications used to treat hypertension at WebMD [16] and checked for their predicted
interactions with gene products using DGIdb [17, 18]. We used the genes identified by
our integrative mapping as representatives of each significant SNP to find matches with
the output of DGIdD. A list of genes predicted as druggable was retrieved from the study
by Finan et al. (2017) [19].

33




Chapter 2

2.6.2 Supplemental Figures and Tables

2.6.2.1 Supplemental Figures
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2.6.2.2 Supplemental Tables

Supplemental Table I.
Summary information on the 905 BP-associated variants identified to date (available on
Hemerich ez al. ®).

Supplemental Table 2.

Results of the integrative approach. CADD score and coding consequences predicted for
the canonical transcript of each lead BP-associated SNP. “Gene HiC” and “Gene eQTL”
columns show genes mapped by HiC and/or eQTL in relevant tissues. Genes identified
by both resources are highlighted in red. Column “Gene predicted as druggable” shows
which mapped gene is predicted to be druggable according to Finan ez a/. (2017). Last
column shows genes predicted to interact with current antihypertensive medicines
(available on Hemerich ez al. ®).

Supplemental Table 3.
Phenotypic cell-type specificity analysis results using H3K4me3, showing enrichment
predominantly on cardiovascular tissues (available on Hemerich ez al. ®).

Supplemental Table 4.
Tools for integration and visualization of publically available datasets of chromosomal
conformation experiments performed on tissues relevant for BP.

Tool URL Adrenal Aorta Endothelial HUVEC LV RV
Gland Precursor
Cell
3D
Genome  http://promoter.bx.psu.edu/hi-c/ X X X
Browser
Capture
HiC Plotter https://www.chicp.org/ X
(CHiCP)
FUMA http://fuma.ctglab.nl/ X X x X
Supplemental Table 5.

Protein-coding genes mapped to the 905 BP-associated loci using maps of chromosomal
conformation (HiC) in relevant cell-types (HUVEC, adrenal gland, aorta, endothelial
precursor cells, LV=left ventricle, RV=right ventricle) and eQTL (in adrenal gland,
aorta, artery coronary, artery tibial, atrial appendage, LV). Positions given in GRCh37
(hg19) genomic coordinates (available on Hemerich ez al. ).
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3.I Abstract

Regulatory elements may be involved in the mechanisms by which 52 loci influence
myocardial mass, reflected by abnormal amplitude and duration of the QRS complex on
the electrocardiogram (ECG). Functional annotation thus far did not take into account
how these elements are affected in disease context. We hypothesize that differentially
active regulatory elements between hypertrophic cardiomyopathy (HCM) patients
and healthy controls can offer more insights into the mechanisms of QRS-associated
loci than elements not affected by disease. We generated maps of regulatory elements
on HCM and non-diseased hearts. We tested enrichment of QRS-associated loci on
elements differentially acetylated and/or directly regulating differentially expressed genes
between HCM patients and controls. We further performed functional annotation
on QRS-associated loci using these maps of differentially active regulatory elements.
Regions differentially affected in disease showed a stronger enrichment (p=8.6x107)
for QRS-associated variants than those not showing differential activity (p=0.01).
Promoters of genes differentially regulated between HCM patients and controls showed
more enrichment (p=0.001) than differentially acetylated enhancers (p=0.8) and super-
enhancers (p=0.025). We also identified 74 potential causal variants overlapping these
differential regulatory elements. Twenty-seven of the genes mapped confirmed previous
findings, now also pinpointing the potentially affected regulatory elements and candidate
causal variants. Fourteen new genes were also mapped. These results provide insights
into how regulatory QRS-associated variants account risk for increased myocardial mass.
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3.2 Introduction

The QRS complex on the electrocardiogram (ECG) represents cardiac depolarization
and conduction of the electrical signal through the ventricular muscle. Duration and
amplitude of the QRS complex is used as a proxy for left ventricular mass '8> ',
Abnormalities of the QRS complex are associated with an increased risk of cardiovascular
(CV) mortality and morbidity '°. A recent large-scale genome-wide association study
(GWAS) meta-analysis of four correlated and clinically used QRS traits (Sokolow-Lyon,
Cornell, 12-lead-voltage duration products (12-leadsum), and QRS duration) identified
52 independent loci at p<1x10% . However, the identification of causal variants, their
target genes and disturbed mechanisms remain an important challenge. In a given
GWAS locus, the SNP with the most significant association with the disease (lowest
p-value) is usually reported as the ‘lead” SN, This lead SNP is not necessarily the causal
variant, and a SNP in high linkage disequilibrium (LD) with the lead SNP may be the
causal one 2. Only three of the 52 SNPs reported in the original study are located

in coding regions of the genome "

'. A non-synonymous variant in high LD with a
high deleteriousness score, such as CADD score > 12.37 *°, can also be considered
candidate for causality, and that is the case of 14 variants in nine QRS-associated
loci (Supplemental Table 1). Potential mechanisms for causality in the remaining loci
include disturbance of regulatory elements, genomic regions that play a crucial role in
transcriptional regulation. Indeed, increasing evidence shows multiple GWAS variants
regulate transcription ° % 194, Non-coding variants often affect gene expression in a
cell-type specific manner by altering the function of enhancer and promoter elements
145, 195197 Results from in silico analyses have suggested strong enrichment of QRS-
associated variants in specific chromatin states associated with active enhancers,

%, By contrast, no enrichment was

139, 191

promoters, and transcription in the human heart
observed for transcriptionally repressive histone marks . Although using relevant
cell-types, these previous studies did not include regulatory information obtained from
tissue in disease state. Highlighting possible differences in transcription from healthy to
diseased myocardial tissue may help understand the underlying mechanisms of changes
in left ventricular mass. To gain insight into these mechanisms, we integrate genome,
regulome and transcriptome information to test whether regions differentially affected
in disease can be more informative than the regulatory landscape of non-diseased
tissue. We use regulatory information obtained from non-diseased myocardium and
diseased tissue from patients with hypertrophic cardiomyopathy (HCM). We also co-
localize candidate causative QRS-associated variants and regulatory regions that show
differential activity (proxied by H3K27ac levels or by gene expression) in HCM tissues
compared to controls, in order to identify regulatory elements potentially altered by the
variation. Taken together, our results may enhance our understanding on the regulatory
mechanisms underlying increased myocardial mass.
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3.3 Methods

3.3.I Human Material

The procedures for obtaining human samples were approved by the scientific advisory
board of the biobank of the University Medical Center Utrecht (protocol number
12/387), the Washington University School of Medicine Ethics Committee (Institutional
Review Board) and the local ethics committee of the Erasmus MC, and written consent
was obtained. Biopsies on HCM patients are septal myomectomy specimens. Control
samples were obtained from donor hearts not used for transplantation.

3.3.2 RNA sequencing

We performed RNA-seq on twenty-two biological replicates of human myocardial
tissue, eleven of which on diseased (HCM) and eleven in non-diseased state
(Supplemental Table 2). RNA was isolated using Qiagen AllPrep Micro Kit according
to the manufacturer’s instructions. After the selection of mRNA, libraries were prepared
using the NEXTflex™ Rapid RNA-seq Kit (Bio Scientific). Libraries were sequenced
on the Nextseq500 platform (Illumina), producing single end reads of 75bp. Reads
were aligned to the human reference genome GRCh37 using STAR v2.4.2a '8, Picard’s
AddOrReplaceReadGroups v1.98 ( http://broadinstitute.github.io/picard/ ) was used
to add read groups to the BAM files, which were sorted with Sambamba v0.4.5 '
and transcript abundances were quantified with HTSeq-count v0.6.1p1 ** using the
union mode. Subsequently, reads per kilobase million reads sequenced (RPKMs) were
calculated with edgeR’s RPKM function **'. Genes with low counts (whose sum of
all counts across samples included in the analysis was < 10) were removed. In order
to obtain a list of genes expressed in either HCM or control group, we categorized
transcripts that are expressed as having >0.5 RPKM averaged across samples of each
group (expected reads per kilobase of transcripts per million fragments sequenced). In
order to obtain a list of differentially expressed genes between HCM and controls at
FDR<0.05, we employed Deseq2 v1.10.1 package **2. We calculated p-values using Wald
statistics and corrected for multiple testing using the Benjamini-Hochberg method. We
retrieved transcription start sites (TSS) of the obtained genes from Ensembl Genes 89
using Biomart (Human genes GRCh37.13) 2. We defined promoter regions as ranging
from -2500 to +2500 base-pairs (bp) from the TSS. Differentially regulated genes can
be found in Supplemental Table 3.

3.3.3 Chromatin Immunoprecipitation and Sequencing

Chromatin immunoprecipitation and sequencing (ChIP-seq) using H3K27ac mark
was performed on human myocardial samples from 8 HCM patients and 8 healthy
controls were included in the study, partially matching the samples included in the
RNA-seq experiment described above (Supplemental Table 2). Chromatin was isolated
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from each sample using the MAGnify™ Chromatin Immunoprecipitation System kit
(Life Technologies) according to the manufacturer’s instructions. Immunoprecipitations
were performed with antibody H3K27ac (ab4729, Abcam) for ChIP-seq as described
previously 4. ChIP DNA Clean & Concentrator kit (Zymo Research) was used to purify
captured DNA fragments. Libraries were prepared using the NEXTfex™ Rapid DNA
Sequencing Kit (Bioo Scientific) and sequenced on Illumina NextSeq500 sequencer.
Alignment to the human reference genome (hgl9) was performed using BWA v0.7.5a
2% . Duplicated, unmapped reads and reads with mapping quality less than 5 were
removed using Samtools v1.3 2. Peak calling was performed using MACS v 2.1.0
27 using the respective input samples, -gsize=hg -nomodel parameters, and estimated
fragment sizes (-extsize) predicted by PhantomPeakQualTools v1.1 *®. Epigenomic
profiles were compared using DiffBind v2.2.12 ** to identify enhancer peaks that are
quantitatively different (FDR<0.05, Deseq2 algorithm) between healthy and HCM
populations. Consensus peaksets were formed by peaks that overlapped in at least two
samples. Differentially acetylated regions can be found in Supplemental Table 4.

3.3.4 Super-enhancer identification
We identified super-enhancer regions on the 8 HCM H3K27ac datasets described

210

previously by employing ROSE algorithm *'° using a stitching distance of 12.5kb.
Peaks fully contained in the region spanning 2500bp upstream and downstream of an
annotated TSS were excluded. HCM-specific super-enhancers were defined as super-
enhancer in HCM not overlapping super-enhancers in the control septum samples.
These can be found in Supplemental Table 5. BEDtools v2.17.0 *'' and BEDOPS
v2.4.35 *'* were used for manipulation of bed-files. Super-enhancer regions from non-

diseased human left ventricle (LV) were retrieved from the Super-Enhancer Archive

(SEA) .

3.3.5 Regions of Open Chromatin

All datasets of regulatory features generated in this study were further narrowed down
to regions overlapping maps of open chromatin in heart, in order to retain only the
sequences accessible to transcription factors (TF). We retrieved peaks from the “open
chromatin” tracks from ENCODE portal in heart tissue. These datasets were generated
using DNasel hypersensitivity or Formaldehyde-Assisted Isolation of Regulatory
Elements (FAIRE) assays. For the DNasel assays, 3 biological replicates from 3 non-
diseased adult hearts were included. For the FAIRE assays, 2 biological replicates
from 2 non-diseased adult hearts were included. A peaks file with GEO accession
GSM1008559, identified as Heart_OC, was downloaded from http://genome.ucsc.
edu/cgi-bin/hgFileUi?db=hg19&g=wgEncodeOpenChromDnase .
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3.3.6 Integrative analysis and statistical enrichment of QRS-associated
variants on specific regulatory regions

We used FUMA # to expand the set of 52 lead SNPs to candidate SNPs in LD, using
the following parameters: p-value of lead SNPs <1x10¥, reference panel population
1000G Phase3 EUR, minor allele frequency > 0.01, maximum distance between LD
blocks to merge into a locus < 1000kb. We generated sets of LD variants in the following
r* windows: 0.05=<7>0.1,0.1 =<7>0.2,0.2=</>0.3,03=<7>04,04=<7>
0.5,05=<7>0.6,0.6<=r>0.7,0.7<=7>0.8,0.8<=7>0.9and 0.9 <= »>=1.
We used bedtools v2.19.1 *'! to identify candidate variants from the generated sets that
overlap with differential regulatory regions of interest, including HCM-specific super-
enhancers, LV-specific super-enhancers, regions differentially acetylated between HCM
patients versus controls, and promoter regions of genes differentially expressed between
HCM patients and controls. A SNP falling within coordinates of regulatory regions of
interest was considered as overlapping SNP. To assess the significance and enrichment of
the amount of overlaps found, we generated background distribution for the number of
overlaps by sampling SNPs from the total set of HapMap phase 2 CEU SNPs *'* with
similar minor allele frequency and distance to gene. We carried out permutation tests
using overlaps with all promoters/enhancer elements identified in HCM and control
hearts, and with regions resulting from differential analysis between HCM patients and
controls.

3.3.6 Variant to gene mapping

We used FUMA # for eQTL mapping, linking SNPs to genes whose expression is likely
affected up to 1 Mb (cis-eQTL). Since eQTLs are highly tissue specific, LV was selected
from GTEx portal. We defined significant eQTLs as FDR < 0.05. The gene FDR is
pre-calculated by GTEx and every gene-tissue pair has a defined p-value threshold for
eQTLs based on permutation *. eQTL maximum p-value was defined as < 1x107. In
addition, we identified the three closest differentially expressed genes to QRS-candidate
causative variants overlapping differential regulatory elements.

3.4 Results

In this study, we functionally annotated and fine-mapped 52 QRS-associated loci. We
used regulatory information (promoters from RNA-seq experiments, H3K27ac regions
highlighting active promoters and enhancers, and super-enhancers from ChIP-seq
experiments) obtained from non-diseased myocardium and diseased tissue from HCM
patients. Differential expression analysis between 11 HCM patients and 11 controls
resulted in 1557 up-regulated and 1202 down-regulated genes (Supplemental Table
3). Differential acetylation analysis between 14 HCM patients and 4 controls resulted
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in 4068 up-acetylated and 2983 down-acetylated regions (Supplemental Table 4).
From the total set of super-enhancers identified, 1048 were unique to the HCM group,
not overlapping with the control group (Supplemental Table 5). Promoter, enhancer and
super-enhancer regions were further narrowed down to those overlapping regions of open
chromatin, in order to retain only sequences accessible to TF binding. We used these
regulatory features to test the enrichment of QRS-associated variants and vicinity in LD.
In order to identify an optimal LD cutoff, we identified variants in LD with the 52 QRS-
associated SNPs, and divided them into bins, as described in the Methods section. We
overlapped each bin with regulatory elements differentially regulated/acetylated in HCM,
and performed 10k permutation tests to calculate enrichment (Supplemental Figure 1).
Although LD thresholds showed fluctuations on enrichment, we observed a continuous
decrease in enrichment as the LD threshold becomes more lenient. We defined LD r*>0.5
as cutoff to expand the set of candidate causal QRS-associated variants, from 52 lead
SNPs to a total of 4620. We co-localized these candidate causal QRS-associated variants
and regulatory regions that show differential activity in disease, in order to identify
regulatory elements potentially altered by the variation. We also investigated which set of
regulatory features showed more enrichment for QRS-associated variants, and thus has
the potential to be more informative for fine-mapping efforts.

3.4.1 Disease-affected regulatory regions show more enrichment for
QRS-associated variants than all tissue-specific regulatory regions

We performed enrichment tests aiming to identify which set of regulatory regions is
more informative for fine-mapping efforts. Regulatory features differentially regulated/
acetylated in HCM were more enriched (p=8.6x107) than those not showing differential
activity (p=0.01), suggesting these can offer more insight into mechanisms altered by
genetic variation than general tissue-specific regulatory elements (Figure 1A).

3.4.2 Differentially expressed promoters show more enrichment than
regions highlighted by differential acetylation

Given the strong enrichment of QRS-associated variants in differentially regulated
promoters and differentially acetylated regulatory elements in HCM (Figure 1A),
we overlapped candidate causative SNPs and enriched regulatory features to identify
variants that might be altering the function of these elements. Of the 4620 candidate
QRS-associated SNPs, 74 co-localized with differential regulatory features (Figures 1
and 2, Supplemental Table 1), more than expected by chance (p=8.6¢e-5). These variants
show more enrichment in differentially expressed promoters from RNA-seq experiments
(»=0.001) than differentially acetylated regulatory elements highlighted by H3K27 from
ChIP-seq experiments (enhancers p=0.8, super-enhancers p=0.02) (Figure 1B). These
results highlight the potential of integrating regulatory elements that show differential
behavior in disease, especially promoter regions.
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Figure I. A) Mean number of regulatory elements overlapping with QRS-associated loci (red circle) com-
pared with 10,000 matched control sets (gray bars). Differentially acetylated / regulated elements in HCM
show more enrichment (p=8.6x107) for QRS-associated candidate causal variants than those not showing
differential activity (p=0.01). B) Promoters of genes differentially regulated between HCM patients and
controls showed more enrichment (p=0.001) for QRS-associated variants than differentially acetylated en-
hancers (p=0.8) and super-enhancers (p=0.025).

3.4.3 Fine-mapping pinpoints potential causal variants and candidate genes

The 74 variants overlapping regulatory elements affected in HCM are spread through
20 QRS-associated loci. We investigated which genes are the potential targets of the 74
QRS-associated variants. We retrieved the three genes nearest to each of the 74 variants.
We found 13 of the nearest genes are down-regulated and 12 are up-regulated in HCM
versus controls (Supplemental Table 1). eQTL mapping with LV tissue from GTEx
portal ¥ confirmed the involvement of these differentially regulated genes with QRS-
associated candidate regulatory variants in three loci (ACP2/MADD, FADSI/FADS2,
PROCR/EDEM?). Eighteen of the 68 candidate genes that were identified by the original
study were confirmed with this new approach "*'. The functional annotation performed
in this study pinpoints the likely regulatory elements affected by the variation that in
turn affect expression of these genes, as well as candidate causative SNPs (Supplemental
Tables 1 and 7). The function of the new fourteen candidate genes potentially involved
in myocardial mass is described in Supplemental Table 6. Visualization and further
description of each of the 20 QRS-associated loci overlapping regulatory regions of
interest can be found on the Supplemental Material.
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52 QRS-associated lead SNPs

A 4

4620 correlated candidate SNPs 32 candidate genes identified by
(LD r>0.5 from differential expression and/or
1K Genomes) eQTL mapping in these 20 loci;
18 genes validating the previous
l study, now also pinpointing the
74 candidate SNPs on potential causal variants and
20 QRS-associated loci mechanism by which they
overlapping regulatory features account risk.
# of candidate SNPs overlapping: # of candidate genes identified by:
super-enhancers Differential
HCM and LV expression

A 4

Diff. promoters
HCMxcontrols _

Diff. acetylation
HCMxcontrols

0 20 40 Original study

Figure 2. Overview of functional annotation pipeline. We expanded the search from 52 lead SNPs to inclu-
de variants in LD (>0.5), leading to 4620 candidate variants. Of these, 74 overlapped one or more regu-
latory feature of interest: differentially acetylated (H3K27ac) regions between HCM and control patients,
differentially expressed promoter regions between HCM and control patients, and super-enhancers specific
to HCM or LV. In the 20 loci where these overlaps were observed, differential expression analysis on HCM
patients and controls and or/eQTL mapping in healthy LV identified 32 candidate genes. Twenty-seven
of these validate the findings of the previous study, now also pinpointing causal variants and the potential
mechanisms by which they account risk. In addition, 14 new candidate genes were identified, some with
cardiac function and previously implicated in other studies on ECG traits (Supplemental Tables 1, 6 and 7).

3.5 Discussion

We performed functional annotation of 52 loci influencing myocardial mass,
considering regulatory elements with differential activity between diseased (HCM) heart
samples and healthy controls may act as mediators between genetic variation and gene
expression. The 52 QRS-associated variants showed enrichment on the set of differential
regulatory elements in comparison to non-differential regulatory elements. In addition,
differentially expressed promoters identified by RNA-seq in HCM and controls showed
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more enrichment of QRS-associated variants, than the other differential regulatory
elements analyzed. These results can aid the study design of future fine-mapping studies.
Our functional annotation showed twenty loci showed overlapping with the enriched
differential regulatory regions. We identified the variants in LD with the lead QRS-
associated SNP overlapping regulatory features, thus pinpointing the potential causative
variants and mechanisms through which these variants account risk for disease. We
observed that some loci showed enrichment of more than one candidate SNP in the
same regulatory feature. Studies indeed show that several variants can be causal inside a

disease-associated locus '8 '#!

same loci 21

. In addition, more than one gene can be causal inside the
, and we indeed identified more than one candidate gene per locus in some

77-80.171 " can add evidence

cases. Further assays, such as chromatin conformation capture
on the interaction between QRS-candidate regulatory SNPs and each candidate gene,
preferably also taking into account the disease context 7°. These experiments can
also reveal whether regions identified as promoters also function as enhancers 2'¢2'8,
Moreover, genes potentially influenced by the regulatory elements affected by QRS-
associated variants that are not in the immediate vicinity can also be detected **°.

We observed that 18 genes mapped by the previous study were confirmed by differential
expression and/or eQTL mapping, adding evidence for the role of these genes in natural
variance in myocardial mass. We also identified 14 genes not previously mapped to the
QRS-associated variants, some with known cardiac function and previously implicated
in studies on ECG parameters and/or heart phenotypes. Definitive assignment of
function(s) to putative cis-regulatory elements requires perturbation of these elements
220 A promising approach is deletion and manipulation of nucleases through CRISPR/
Cas9, which showed to be successful in recent studies %> %!.

Future efforts can unravel the mechanisms of the remaining QRS-associated loci by also
taking into account other regulatory elements apart from enhancers and promoters,
such as silencers, highlighted by different histone modifications. In addition, other
histone modifications can also help identify additional enhancer elements. A subset of
active enhancers has been identified in mouse embryonic stem cells that lack H3K27ac
but are marked by H3K122ac and/or H3K64ac, H3K4mel and enhancer RNAs
(eRNAs) 222, This evidence shows that although H3K27ac highlights enhancer activity,
enhancers that lack H3K27ac are not necessarily inactive, and other histone marks
can carry out the activating role of H3K27ac '*%. Moreover, as chromatin states are
spatially and temporally dynamic along disease progression, regulatory information is
needed in more different conditions including different stages of disease progression.
This will allow a more precise and complete fine-mapping and functional annotation.
It can also help answer whether QRS-associated SNPs promote aberrant function of
regulatory elements, or the SNPs alter the activity of regulatory elements following
disease establishment.
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Taken together, our results show the importance of using differential regulatory elements
in disease tissue on fine-mapping studies, since influence from cell conditions are crucial
for epigenetic modifications, chromatin accessibility, TF binding and consequently gene
regulation 3. We also expand the view of the epigenetic and regulatory aspects involved
in myocardial mass by pinpointing potential causal variants, mechanisms potentially
affected by genetic variation, and candidate genes. Validation of the identified candidate
causal variants through methods such as genome-editing technologies will broaden our
knowledge on how QRS-associated variants contribute to disease.
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3.6 Supplemental Material

3.6.1 Supplemental Methods

3.6.1.1 Visualization of overlaps

All 4620 QRS-associated candidate SNPs (52 lead SNPs and variants in LD 7>0.5)
were plotted on UCSC Genome Browser on Human GRCh37/hg19 assembly 2. The
following tracks were included in their full form (not filtered by open chromatin regions):
down-regulated promoters in HCM versus controls, up-regulated promoters in HCM
versus controls, down-acetylated regions in HCM versus controls, up-acetylated regions
in HCM versus controls, super-enhancers specific to HCM (not overlapping super-
enhancers found in the control group), LV super-enhancers from the Super-Enhancer
Archive 2. Finally, the heart DNase track from ENCODE ¢, showing the regions
to which differential regulatory elements were further narrowed down as regions of
transcription factor binding. The 74 variants overlapping regulatory elements affected
in HCM overlapping open chromatin in heart and spread through 20 QRS-associated
loci can be seen on Supplemental Figures 2 to 21. Resolution is set to 10kb or 20kb
(information present in each figure). UCSC genes, a layered mark of H3K27ac on 7
cell-lines and a transcription factor track from ENCODE are also shown.
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3.6.2 Supplemental Figures
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Supplemental Figure I.
Mean number of differential regulatory elements overlapping with QRS-associated loci (red circle)
belonging to 9 windows of LD #* values, compared with 10,000 matched control sets (gray bars).

Supplemental Figures 2 to 2I. Loci of lead QRS-associated SNPs overlapping with regulatory elements
of differential activity between HCM patients and control donors (available upon request).
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3.6.3 Supplemental Tables

Supplemental Table I.
Overview of the 20 QRS-associated loci overlapping regulatory regions of interest. rsID, chromosome,
position (hgl9), NEF = Non effect allele, EF = effect allele, MAF = maximum allele frequency, CADD
score, 1%, lead SNP, overlap with promoters of down-regulated genes in HCM, overlap with promoters of up-
regulated genes in HCM, overlap with H3K27ac regions down-acetylated in HCM, overlap with H3K27ac
regions up-acetylated in HCM, overlap with HCM super-enhancers, overlap LV super-enhancers, first,
second and third NG = nearest gene, nearest gene (from the nearest three) down-regulated in HCM, nearest

gene (from the nearest three) up regulated in HCM, gene identified by eQTL mapping in LV.

£sID chr | pos NEF EF | MAF | CADD | »# | Lead SNP | PROM | PROM | H3K27 | H3K27

down up ac down ac
up

15680386 chrl 23695275 G T 0.19 57/ 0.6 | rs2849028 X

1572694106 chrl 51762346 G A 0.02 4.7 0.6 | rs17391905 X

152274316 chrl 156446242 | A © 0.33 12.3 1.0 | rs2274317

112131289 chrl 156446450 | T (0] 0.33 11.4 1.0 | rs2274317

152274317 chrl 156446903 | C T 0.33 1.0 | rs2274317

154450010 chrl 156448209 | G T 0.33 1.0 | rs2274317

151185700 chrl 156450719 | G A 0.24 14.7 0.6 | 12274317

151925950 chrl 156450740 | A G 0.33 11.7 1.0 | rs2274317

152274319 chrl 156450873 | C T 0.33 Y 1.0 | rs2274317

153790457 chrl 156458840 | T © 0.33 12.0 1.0 | rs2274317

1rs12038396 chrl 156459535 T © 0.33 7.3 1.0 | rs2274317

153790458 chrl 156459699 | A T 0.24 9.6 0.6 | rs2274317

15746527 chrl 156460511 | C T 0.24 15.7 0.6 | rs2274317

153790461 chrl 156469364 | G A 0.24 7.9 0.6 | rs2274317

1512136856 chrl 156473114 G © 0.33 12.5 1.0 | rs2274317

15538050729 | chrl 156474929 | GC G 0.35 12.6 0.9 | rs2274317

151104859 chrl 201331554 | G T 0.26 16.3 0.6 | rs10920184

152365652 chrl 201331664 | A @ 0.35 5.1 1.0 | rs10920184

151892026 chrl 201332886 | T G 0.26 2.1 0.6 | rs10920184

153729547 chrl 201334382 | A G 0.26 14.2 0.6 | rs10920184

1510800776 chrl 201338553 | C T 0.26 0.6 0.6 | rs10920184

rs10920183 chrl 201338586 G A 0.35 1.8 1.0 | rs10920184

154915232 chrl 201347946 | T © 0.43 2.1 0.7 | rs10920184

152252860 chr2 26987481 A G 0.41 7.6 0.7 | rs6710065 X

152304337 chr2 26987488 G @ 0.41 5.9 0.7 | rs6710065 X

1534902032 chr2 27084942 mC T 0.38 1.6 0.9 | rs6710065 X

rs11677841 chr2 27239949 T G 0.38 1.3 0.5 | rs6710065 X

15968702 chr3 53276485 G C 0.18 0.5 0.7 | rs4687718 X X

1562256006 chr3 53289634 G A 0.16 12.3 0.6 | rs4687718 X X

517523471 chr3 185304018 | T © 0.32 4.4 1.0 | rs10937226 X

15146170154 | chr6 36646768 C CTA | 0.17 8.4 0.7 | 151321311 X

153176326 chr6 36647289 G A 0.17 79 0.7 | rs1321311 X

156913012 chr6 118973137 | A G 0.46 8.4 0.7 | rs11153730 X

151003549 chr7 35295491 T C 0.13 0.8 0.7 | rs1419856 X

152270188 chr7 116140524 | T G 0.48 11.8 0.5 | rs11773845

152270189 chr7 116140616 | G A 0.48 7.8 0.5 | rs11773845

54367519 chr8 124666429 | C T 0.05 8.9 1.0 | rs4367519

15143950919 | chr8 124666582 | T TA 0.05 2.5 1.0 | rs4367519

1511000728 chrl0 | 75404300 C G 0.13 5.6 0.8 | 157099599

153812629 chr10 | 75407290 G A 0.13 0.8 [ 157099599
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SE SE | NG1 NG2 NG3 NG Down NG Up eQTL gene
HCM v
ZNF436 Clorf213 TCEA3 ZNF436 TCEA3
TTC39A RNF11 EPS15 TTC39A
X MEF2D Clorf61 IQGAP3 MEF2D
X MEF2D Clorf61 IQGAP3 MEF2D
X MEF2D Clorf61 1QGAP3 MEF2D
X MEF2D 1QGAP3 Clorf6l MEF2D
X MEF2D IQGAP3 Clorf61
X MEF2D IQGAP3 Clorf61 MEF2D
X MEF2D IQGAP3 Clorf6l
X MEF2D 1QGAP3 Clorf6l MEF2D
X MEF2D IQGAP3 Clorf61 MEF2D
X MEF2D IQGAP3 Clorf61
X MEF2D IQGAP3 Clorf6l
X MEF2D 1QGAP3 Clorf6l
X MEF2D IQGAP3 Clorf61
X MEF2D IQGAP3 Clorf61
X TNNT2 LADI1 PKP1
X TNNT2 LADI1 PKP1
X TNNT2 LAD1 PKP1
X TNNT2 LADI1 PKP1
X TNNT2 LADI1 TNNI1
X TNNT2 LAD1 TNNI1
X LAD1 TNNT2 TNNI1
SLC35F6 CENPA KCNK3 CENPA KCNK3 KHK
SLC35F6 CENPA KCNK3 CENPA KCNK3 KHK
DPYSL5 CENPA SLC35F6 CENPA KHK
MAPRE3 TMEM214 AGBL5 AGBL5 KHK
TKT DCPIA PRKCD PRKCD,TKT
TKT DCPIA PRKCD PRKCD,TKT
SENP2 LIPH IGF2BP2 LIPH
CDKNI1A RAB44 CPNES CPNES5,CDKNIA
CDKNI1A RAB44 CPNE5 CPNE5,CDKNIA
CEP85L PLN MCM9 CEP85L
TBX20 DPY19L1 HERPUD2 TBX20,DPY19L1
X CAV2 CAV1 MET
X CAV2 CAV1 MET
X KLHL38 ANXA13 FBXO32 FBXO32
X KLHL38 ANXA13 FBXO32 FBXO32
X SYNPO2L MYOZ1 USP54 SYNPO2L,MYOZ1 FUT11
X SYNPO2L MYOZ1 USP54 SYNPO2L,MYOZ1 FUT11
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14746139 chr10 | 75407649 A C 0.13 0.0 0.8 | 157099599

1560632610 chr10 | 75415677 C T 0.14 32.0 0.9 [ 157099599 X

152167079 chrll | 47270255 © T 0.30 22.6 0.8 | rs2269434 X
153758673 chrll | 47278917 C T 0.30 6.7 0.8 | rs2269434 X
151449627 chrll | 47290984 T G 0.31 6.5 0.8 | rs2269434 X
5142960070 | chrll | 47291817 T TG 0.31 6.6 0.8 | rs2269434 X
153781622 chrll | 47348702 T © 0.31 1.4 0.8 | rs2269434

15753993 chril | 47349969 C A 0.20 13.1 0.5 | rs2269434

1510838693 chrll | 47350553 G C 0.31 0.9 | rs2269434

154752825 chrll | 47352409 G A 0.31 4.0 0.8 | rs2269434

1511570050 chrll | 47371484 A AG 0.29 1.0 0.6 | rs2269434

157948705 chrll | 47447955 C G 0.29 8.9 0.6 | rs2269434

1511307826 chrll | 47448334 CA @ 0.29 10.4 0.6 | rs2269434

5174538 chrll | 61560081 G A 0.31 9.2 0.8 | rs174577 X

15174561 chrll | 61582708 T © 0.30 7.9 0.8 | 15174577 X

153834458 chrll | 61594920 CT C 0.35 10.9 0.9 | 15174577 X

155792235 chrll | 61596322 CA C 0.35 9.4 0.9 | rs174577 X

1599780 chrll | 61596633 C T 0.36 8.6 1.0 | rs174577 X

152958153 chr12 | 57081517 G A 0.27 5.9 0.9 | 152926743

153214051 chr12 | 57119236 A G 0.37 8.2 0.6 | 152926743 X

158039472 chr15 | 85361644 G A 0.49 5.7 0.8 | rs7183401

154633690 chr15 | 85361960 © T 0.45 18.3 0.9 | rs7183401

152879828 chrl5 | 85361977 G T 0.45 15.8 1.0 | rs7183401

15871014 chrl7 | 27945339 (¢ T 0.49 72 0.5 | 157211246 X

153760456 chr17 | 27948844 @ T 0.45 7.4 0.6 | 157211246 X

152617865 chr17 | 28049804 T G 0.47 15.5 0.8 | rs7211246

152628179 chr17 | 28071796 C G 0.46 5.3 0.7 | rs7211246

154795529 chrl7 | 28443549 A G 0.47 5.5 0.9 | rs7211246 X

156505162 chr17 | 28444183 A @ 0.44 0.8 | rs7211246 X

158067576 chrl7 | 28444254 T A 0.44 15.6 1.0 | rs7211246 X

15530081 chr18 | 32621231 G A 0.33 0.6 | rs617759 X

156060266 chr20 | 33733078 T (¢ 0.23 9.1 0.6 | 152025096 X
rs111275419 | chr20 | 33739804 CCCAT | C 0.23 15.8 0.6 | rs2025096

156058194 chr20 | 33739831 G A 0.23 20.1 0.6 | 152025096
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X SYNPO2L MYOZ1 USP54 SYNPO2L,MYOZ1
SYNPO2L MYOZ1 AGAPS5 SYNPO2L,MYOZ1 FUT11
ACP2 NR1H3 DDB2 NR1H3 ACP2
NR1H3 ACP2 MADD NR1H3 ACP2
MADD NRI1H3 ACP2 NR1H3 ACP2
MADD NR1H3 ACP2 NR1H3 ACP2
X MADD MYBPC3 SPI1 MYBPC3 ACP2
X MADD MYBPC3 SPI1 MYBPC3 ACP2,MADD
X MADD MYBPC3 SPI1 MYBPC3 ACP2
X MYBPC3 MADD SPI1 ACP2
X MYBPC3 SPI1 MADD
PSMC3 SLC39A13 RAPSN
PSMC3 SLC39A13 RAPSN
TMEM258 | FEN1 FADS2 FADS2 FADS1, FADS2
FADS2 FADS1 FEN1 FADS2 FADSI1, FADS2
FADS2 FADS1 FEN1 FADS2 FADS1, FADS2
FADS2 FADS1 FEN1 FADS2 FADS1, FADS2
FADS2 FADS1 FEN1 FADS2 FADS1, FADS2
PTGES3 NACA ATP5B NACA
NACA PRIM1 HSD17B6 NACA
X ALPK3 ZNF592 SLC28A1
X ALPK3 ZNF592 SLC28A1
X ALPK3 ZNF592 SLC28A1
COROG6 ANKRDI13B | SSH2 CORO6
COROG6 SSH2 ANKRDI13B [ COROG6
X SSH2 COROG ANKRD13B | CORO6
X SSH2 CORO6 ANKRD13B | COROG6
NSRP1 EFCAB5 SLC6A4 NSRP1
NSRP1 EFCAB5 SLC6A4 NSRP1
NSRP1 EFCAB5 SLC6A4 NSRP1
MAPRE2 DTNA ZNF397 MAPRE2
EDEM2 PROCR TRPC4AP PROCR,EDEM2 PROCR,EDEM2
EDEM2 PROCR TRPC4AP PROCR,EDEM2 PROCR,EDEM2
EDEM2 PROCR TRPC4AP PROCR,EDEM2 PROCR,EDEM2
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Supplemental Table 2. Human myocardial samples included in this study.

Sample name ChIP-seq RNA-seq SEX
HCM_1 X X M
HCM_2 X M
HCM_3 X X M
HCM_4 X M
HCM_5 X X M
HCM_6 X X M
HCM_7 X X F
HCM_8 X X M
HCM_9 X X M
HCM_10 X X F
HCM_11 X b'e F
HCM_12 X X M
HCM_13 X M
HCM_14 X X M
CONTROL_ChIP_1 X F
CONTROL_ChIP_2 X M
CONTROL_ChIP_3 X M
CONTROL_ChIP_4 X F
CONTROL_RNA_1 X M
CONTROL_RNA_2 X M
CONTROL_RNA_3 X M
CONTROL_RNA_4 X F
CONTROL_RNA_5 X F
CONTROL_RNA_6 X F
CONTROL_RNA_7 X M
CONTROL_RNA_8 X M
CONTROL_RNA_9 X M
CONTROL_RNA_10 X F
CONTROL_RNA_11 X F
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Supplemental Table 3. Ensembl IDs of differentially regulated genes identified by RNA-seq experiment
in HCM patients versus controls (available upon request).

Supplemental Table 4. Differentially acetylated regions identified by ChIP-seq experiment in HCM
patients versus controls (available upon request).

Supplemental Table 5. HCM-specific super-enhancer regions (available upon request).
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Supplemental Table 6. Description of new candidate genes identified mapped to QRS-associated loci
overlapping regulatory regions with abnormal expression / acetylation between HCM and control patients.

LIPH - Lipase H

Lipase H is a phosphatidic acid-selective phospholipase A1 (PLA1)
that produces 2-acyl lysophosphatidic acid (LPA). LPA is a lipid
mediator with diverse biologic properties, including induction of
platelet aggregation, smooth muscle contraction, and stimulation of
cell proliferation 2.

CPNE5 - Copine 5

This gene is one of several genes that encode a calcium-dependent
protein containing two N-terminal type II C2 domains and an
integrin A domain-like sequence in the C-terminus. Has been
implicated in previous GWAS in heart rate 2.

DPYI9LI - Dpy-19 Like

C-Mannosyltransferase 1

Function unknown. Automated annotations supported by
experiments on knockout mouse models associate this gene to
abnormal heart morphology and enlarged heart *.

TTC39A - Tetratricopeptide
GCCat

domain 39A

Function unknown. Automated annotations supported by
experiments on knockout mouse models associate this gene to
increased heart weight and increased circulating phosphate level 4.

PROCR - Endothelial protein C

receptor

The protein encoded by this gene is a receptor for activated
protein C, a serine protease activated by and involved in the blood
coagulation pathway. The encoded protein is an N-glycosylated
type I membrane protein that enhances the activation of protein
C. Mutations in this gene have been associated with venous
thromboembolism, myocardial infarction and coronary artery

disease 22,

PRKCD - Protein kinase C delta

Protein kinase C (PKC) is a family of serine- and threonine-
specific protein kinases that can be activated by calcium and the
second messenger diacylglycerol. Studies both in human and mice
demonstrate that PRKCD kinase is involved in B cell signaling
and in the regulation of growth, apoptosis, and differentiation of a

variety of cell types #'.

COROG - Coronin 6

Involved in actin filament binding. Overexpressed in heart and
skeletal muscle . Has been implicated in previous GWAS in
coronary artery disease *.

TCEA3 - Transcription
Elongation

Factor A3

This gene is associated to other measure of amplitude of
the electrocardiogram, ST-T wave > and QT-interval 2.
Overexpressed in heart 2%

FUTII - Fucosyltransferase 11

Function unknown.

CENPA - Centromere protein A

Histone H3-like variant which exclusively replaces conventional
H3 in the nucleosome core of centromeric chromatin at the inner
plate of the kinetochore *. Required for recruitment and assembly
of kinetochore proteins, mitotic progression and chromosome
segregation. May serve as an epigenetic mark that propagates
centromere identity through replication and cell division 5" 23257,

AGBL5 - ATP/GTP binding
protein-like 5

Function unknown.

KCNK3 - Potassium channel,
subfamily K, member 3

pH-dependent, voltage-insensitive, background potassium
channel protein. Rectification direction results from potassium ion
concentration on either side of the membrane. Acts as an outward
rectifier when external potassium concentration is low %%,
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KHK - ketohexokinase

Catalyzes the first step of metabolism of dietary fructose,
conversion of fructose to fructose-1-phosphate. It has been shown
that myocardial hypoxia influences fructose metabolism in human
and mouse models of pathologic cardiac hypertrophy through
hypoxia-inducible factor 1-alpha activation of SF3B1 and SF3B1-
mediated splice switching of KHK-A to KHK-C > 240 Tn mice,
heart-specific depletion of SF3BI or genetic ablation of KHK
suppressed pathologic stress-induced fructose metabolism, growth,
and contractile dysfunction **.

FADS]I - Fatty Acid Desaturase 1

A member of the fatty acid desaturase (FADS) gene family.
Component of a lipid metabolic pathway that catalyzes the
biosynthesis of highly unsaturated fatty acids from precursor
essential polyunsaturated fatty acids, linoleic acid, and alpha-
linolenic acid. SNPs of the FADS gene cluster have been associated
with polyunsaturated fatty acids in a cohort of patients with
cardiovascular disease .
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Supplemental Table 7.
Summary of the functional annotation using differential regulatory elements in HCM patients versus
controls.
Locus Lead QRS-associated Genes from original study # LD SNPs
SNP overlapping exons
with CADD >
12.37
1p36.12 rs2849028 ZNF436; Clorf213
1p32.3 1517391905 CDKN2C
1p31.3 52207790 NFIA
1p13.1 512039739 CASQ2
1q22 rs2274317 MEF2D 1
1q23.3 rs12036340 OLFML2B
1q32.1 rs10920184 TNNT2 1
1q32.1 rs4288653 PLEKHAG6
2p23.3 rs6710065 DPYSL5 1
2p22.2 153770770 STRN
2q31.2 rs3816849 TTN
3p22.2 rs6801957 SCN10A
3p21.1 154687718 TKT
3pl4.1 152242285 LRIGI
3pl4.1 rs13314892 MITF
3q27.2 rs10937226 SENP2
4p15.31 rs1344852 SLIT2
5q33.2 rs13185595 HANDI1
6p21.31 rs1321311 CDKNI1A
6p21.1 151015150 TFEB
6q22.31 rs11153730 PLN;SLC35F1;CEP85L
7pl4.3 151419856 TBX20
7p12.3 6968945 TNS3
7q31.2 rs11773845 CAV1
8q24.13 rs4367519 FBXO32;KLHL38 1
8q24.13 rs10105974 MTSS1
10q21.1 rs1733724 DKK1
10q21.3 rs12414364;rs10509289 CTNNA3
10g22.2 157099599 SYNPO2L;SEC24C;CAMK2G 2
10q25.2 57918405 VTI1A
11p11.2 152269434 ACP2;MADD;MYBPC3;NR1H3 1
11q12.2 rs174577 FADS2; TMEM258
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# LD SNPs # LD SNPs # LD SNPs Genes from this study
overlapping overlapping overlapping HCM or
differentially differentially LV super-enhancers
regulated promoters acetylated regions in
in HCM x controls ~ HCM x controls
1 ZNF436; TCEA3
1 TTC39A
14 MEF2D
7 TNNT2
2 2 CENPA; AGBL5; KCNK3; KHK
2 2 PRKCD;TKT
1 LIPH
2 CPNES5; CDKNIA
1 CEP85L
1 TBX20; DPY19L1
2
1 3 SYNPO2L; MYOZ1; FUT11
4 2 5 ACP2; MADD; MYBPC3; NR1H3
5 FADS1; FADS2
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12q13.13 rs736825 HOXC5;HOXC4;HOXC6
12q13.3 152926743 NACA

12q24.21 rs7132327 TBX3

13q14.13 rs1408224 LRCHI1

13q22.1 rs728926 KLF12

14q24.2 rs12880291 SIPA1L1

15q25.3 rs7183401 ALPK3

15q26.3 rs8038015 IGFIR

16q23.3 156565060 CDH13

17q11.2 rs7211246 NSRP1;EFCAB5
17q21.31 rs242562 MAPT

17q24.2 rs9912468 PRKCA

18q12.1 rs617759 MAPRE2

18q12.2 rs879568 FHOD3

18q12.3 rs10853525 SETBP1

20p12.3 3929778 BMP2

20q11.22 2025096 MYH7B;GSS;EDEM2
21q21.1 57283707 usP25

21q21.3 rs13047360 ADAMTSS
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NSRP1; CORO6

MAPRE2

PROCR; EDEM2
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Chapter 4

4.1 Abstract

Dilated cardiomyopathy (DCM) is a major cause of heart failure and mortality caused
by a long list of etiologies, ranging from myocardial infarction, DNA mutations in
cardiac genes, to toxics. Despite the identification of over 100 genes involved in DCM,
much of the heritability and the regulatory processes of DCM are not fully understood.
Integrating transcriptomic and regulatory information can help to identify pathways
involved in this heterogeneous disease. In this study, we compared the transcriptome
and regulome of six DCM patients with eight control donors. We identified 454
differentially expressed genes between the two groups, 84 of which also show differential
activity in their promoters. We confirmed several pathways implicated in the etiology
of DCM, such as mitochondrial myopathy, ion channel binding and SMAD binding.
Furthermore, we predicted 148 motifs enriched in the sequences of candidate distal
enhancer regions with differential activity between DCM and control groups, six of
which are also differentially expressed between the two conditions (BACH2, JUN,
TEAD4, PRDM1, SOX4, FOXO1I). Our results add evidence of the role of genes and
pathways previously associated to the process of cardiomyopathy and shed light on the
complexity and heterogeneity of DCM.
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4.2 Introduction

Dilated cardiomyopathy (DCM) is the most common type of cardiomyopathies,
occurring mostly in adults aged 20 to 60, and is a major cause of heart failure and
mortality 2> 2%, It has been linked to over 100 genes to date ***?*. The gene 77N, for
instance, is responsible for approximately 25% of familial cases of idiopathic dilated
cardiomyopathy and 18% of sporadic cases *°'. However, the remaining heritability
and the regulatory processes that mediate biological mechanisms of DCM remain
incompletely understood. Systems analysis integrating next generation sequencing-
based “omics” approaches, such as the genome-wide sequencing of DNA, RNA, and
chromatin (genomics, transcriptomics, and regulomics, respectively ©), may provide
valuable insights into our understanding of DCM 2.

Distal regulatory sequences, such as enhancers, have been shown to contribute to gene

activation in a cell-type specific manner !> 60 253-260

. Disruption of such sequences is
believed to contribute significantly to the etiology of several traits, including congenital
heart disease and some forms of adult heart diseases *°"- 2. Thus, identification of specific
regulatory elements influencing the biological mechanisms of DCM may enhance our
understanding of the human heart and ultimately lead to better prevention of CVDs
and death.

In this study, we examined gene expression and the activity of putative enhancers and
promoters in the human heart. We characterized differences between control donors
and individuals with genetic forms of DCM (caused by mutations on 77N, MYH7 and
MYBPC3 genes) that can shed a light on the mechanisms of this complex heterogeneous
disease, and the role of regulatory elements.

4.3 Methods

4.3.1 ChlP-seq data generation and differential analysis

Myocardial samples from six DCM patients and eight controls (obtained from autopsy)
were included in the study (Supplemental Table 1). All samples were collected from
the left ventricular region. Chromatin immunoprecipitation and sequencing (Chip-
seq) using the H3K27ac mark was performed to study the difference of chromatin
regulation between control and disease groups on a genome-wide scale (Supplemental
Figure 1). Chromatin was isolated from each sample using the MAGnify™ Chromatin
Immunoprecipitation System kit (Life Technologies) according to the manufacturer’s
instructions. Immunoprecipitations were performed with the antibody against
H3K27ac (ab4729, Abcam) for ChIP-seq as described previously 2. ChIP DNA Clean
& Concentrator kit (Zymo Research) was used to purify captured DNA fragments.
Libraries were prepared using the NEXTflex™ Rapid DNA Sequencing Kit (Bioo
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Scientific) and sequenced on the Illumina NextSeq500 sequencer. Alignment to the
human reference genome (hgl9) was performed using BWA v0.7.5a **. Duplicated,
unmapped reads and reads with mapping quality less than 5 (-b -F 4 -q 5) were removed
using Samtools v1.3 2. Peak calling was performed using MACS v 2.1.0 *7 using the
respective input samples, -gsize=hg -nomodel parameters, and estimated fragment sizes
(-extsize) predicted by PhantomPeakQualTools v1.1 2%.

Epigenomic profiles were compared using DiffBind v2.6.6 *” to identify candidate
enhancer peaks that are quantitatively different (FDR<0.05, EdgeR algorithm) between
the healthy and DCM populations. Consensus peaksets were formed by peaks that
overlapped in at least two samples. We defined regions between +2500 and -2500
base pairs (bps) from the transcription start site (TSS) of genes as promoter regions.
Coordinates of all human genes (GRCh37.13, Ensembl Genes 92) were retrieved using
Biomart 2. The remaining differentially acetylated regions were classified as candidate
differential distal enhancers.

4.3.2 RNA-seq data generation and differential analysis

We performed RNA-seq on the same fourteen biological replicates of human myocardial
tissue, six from DCM patients and eight from control donors (Supplemental Table 1,
Supplemental Figure 2). RNA was isolated using Qiagen AllPrep Micro Kit according
to the manufacturer’s instructions. After the selection of mRNA, libraries were prepared
using the NEXTflex™ Rapid RNA-seq Kit (Bio Scientific). Libraries were sequenced
on the Nextseq500 platform (Illumina), producing single-end reads of 75bp. Reads
were aligned to the human reference genome GRCh37 using STAR v2.4.2a '8, The
tool AddOrReplaceReadGroups v1.98 from the Picard package ( http://broadinstitute.
github.io/picard/ ) was used to add read groups to the BAM files, which were sorted
with Sambamba v0.4.5 ' and transcript abundances were quantified with HTSeq-
count v0.6.1p1 ** using the union mode. Subsequently, reads per kilobase million reads
sequenced (RPKMs) were calculated with edgeR’s RPKM function **. In order to obtain
a list of differentially expressed genes between DCM and controls, we employed Deseq2
v1.10.1 package **. We defined differentially expressed genes as those having adjusted
p-value<0.05 and fold change less than 0.8 or greater than 1.2. We calculated p-values
using Wald statistics and corrected for multiple testing using the Benjamini-Hochberg
method. The transcription start sites (TSS) of the obtained genes were retrieved from
Ensembl Genes 89 using Biomart (Human genes GRCh37.13) 2. Promoter regions
were defined as ranging from -2500 to +2500 base-pairs (bp) from the TSS.

4.3.3 Pathway and Gene Ontology (GO) enrichment

We employed ToppFun from ToppGene Suite *** for pathway and GO enrichment
on differentially expressed genes. We used the same tools for enrichment analysis on
genes that showed differentially acetylation in promoters between DCM patients and
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control donors. We used an FDR cutoff of p<0.05, grouping results within a category
by source. We used GREAT v3.0.0 *** to identify enriched GO terms and pathways on
differentially acetylated regions classified as potential distal enhancers, with an FDR
cutoff of p<0.05.

4.3.4 Motifs predicted as disturbed in DCM

We employed Analysis of Motif Enrichment (AME) v5.0.1 for transcription factor
binding detection and motif enrichment *** from HOCOMOCO Human v11 database
266 We used as input unique DNase I hypersensitive sites (DHSs) on left ventricle
(LV) overlapping the identified putative distal enhancers. DHSs not overlapping with
candidate distal enhancers were used as background control regions.

4.4 Results

4.4.1 Differential gene expression in DCM

We identified 430 protein coding and 24 noncoding genes that were differentially
expressed between DCM and control groups using RNA-seq (Figure 1, Supplemental
Tables 2 and 3), ten of which are well-known genes associated to DCM (odds ratio
(OR)=2.27, p=0.02, Fisher’s exact test (FET)) (Supplemental Table 5) *2*’. The top 20
most differentially expressed genes are shown in Table 1. Interestingly, the differentially
expressed genes with the highest fold changes are mitochondrially encoded tRNAs. The
presence of these tRNAs in the set of noncoding differentially regulated genes resulted
in an enrichment to GO terms such as mitochondrial myopathy (p=2.5E-9) and muscle
abnormality related to mitochondrial dysfunction (p=3.2E-9).

Differentially expressed coding genes were enriched for pathways involved in extracellular
matrix (p=2.40E-9), collagen formation (p=1.35E-5) and tubulin folding (p=2.80E-5)
(Figure 2).

4.4.2 Differential acetylation in DCM

In total, 20,979 regions were differentially acetylated between DCM and the control
group (FDR <0.05); 8,315 regions of those considered hyper-acetylated, and the
remaining 12,664 regions considered hypo-acetylated (Supplemental Figure 1). We
then identified differentially acetylated peaks overlapping promoter regions, defined as
-2500 and +2500 bp from TSSs of all genes. In total, we obtained 2,651 hypo-acetylated
peaks and 729 hyper-acetylated peaks overlapping promoters. These 3,380 promoter
regions in total belong to 2,784 genes (Supplemental Table 5). Pathways enriched for
this set of genes include adrenergic signaling in cardiomyocytes (p=1.24E-6), Rapl
signaling pathway (p=3.19E-6) and signaling by Rho GTPases (p=7.91E-9) (Figure 2).
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Among these 2,784 genes with differentially acetylated promoters are 28 well-known
DCM-associated genes (Figure 1, Supplemental Tables 4 and 5) 22, In addition,
85 of these 2,784 genes also showed differential expression in the previous RNA-seq
analysis between the same DCM and control samples (Figure 1, Supplemental Table 2).
In addition to differentially acetylated promoters, 17,559 distal differentially acetylated
regions were identified and classified as putative distal enhancers with differential activity
(Supplemental Table 6). The enrichment of GO terms add evidence of the involvement
of ion channel binding (p=4E-29) 3%, actinin binding (p=1.3E-23) *> and SMAD
binding (p=3.2E-18) 33% in the process of DCM (Figure 2).

4.4.3 Motifs potentially disturbed in DCM

We also investigated whether the differential regulatory regions classified as candidate
distal enhancers are enriched for known DNA-binding motifs. All differentially
acetylated peaks were intersected with DHSs of LV, in order to retain only possible
transcription factor binding sites. We identified 148 transcription factors (TFs) predicted
to bind to the regions differentially acetylated in DCM patients compared to control
donors (Supplemental Table 7). We observed that six of the TFs identified - BACH2,
JUN, TEAD4, PRDM 1, SOX4, FOXOI - also show differential regulation (OR=3.47,
=0.01, FET) (Figure 1). Of these, BACH2, PRDM]I and FOXO! also show differential

acetylation on their promoters.

Differentially expressed Known DCM genes
genes (RNA-seq) (literature)

Differentially Predicted TFs

acetylated (motifs enriched

promoters on differentially

(ChIP-seq) 132 acetylated
candidate
enhancers)

Figure I. Overlap of genes with differential expression and/or regulatory activity between DCM patients
and control donors identified in this study, also overlapping with well-known DCM genes 2% 2¢7.
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Figure 2. Top 5 pathways enriched in each set of genes or regulatory elements with differential activity or
expression between DCM patients and control donors, as well as predicted TFs.

4.5 Discussion

In this study, we integrated regulome and transcriptome information on the investigation

of genes and mechanisms involved in differential expression and regulation of DCM.
We identified 454 genes that show differential expression between DCM patients and
control donors. These are enriched for GO terms that implicate collagen formation and
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extracellular matrix organization. Of the 20 genes with higher fold change between
DCM and control groups, 15 have been previously identified in studies on DCM
and/or other cardiovascular traits (Table 1). Interestingly, differentially expressed non-
coding genes are enriched for pathways such as mitochondrial myopathy and muscle
abnormality related to mitochondrial dysfunction. Genetic variation disturbing
mitochondria dynamics are responsible for neurodegenerative conditions and cardiac

failure 6.3

, and its role on DCM has been under investigation **®. From the twenty-
four mitochondrial genes previously implicated as associated to DCM 2%, seven showed
to be differentially regulated in our study, supporting the association of mitochondrial
(mt)DNA defects with cardiomyopathies (Supplemental Tables 4 and 5) *7°.

In order to investigate the regulome landscape with differential activity in DCM, the
same samples used for the differential expression analysis with RNA-seq were also subject
to ChIP-seq experiments on H3K27ac, a mark of active enhancers and promoters. With
the ChIP-seq data generated on DCM and control samples, we analysed the differential
acetylation activity between the two groups. We identified differentially acetylated
promoter regions of 2,784 genes, 85 of which also showed differential expression in the
previous RNA-seq analysis between the same samples (Figure 1). Among these 2,784
genes with differential promoter activity are 28 well-known DCM genes 7 (Figure 1,
Supplemental Tables 4 and 5). Enrichment analysis on this set of 2,784 genes identified
pathways known to be involved in the process of cardiomyopathy, such as adrenergic
signaling in cardiomyocytes ** and signaling by Rho GTPases *'**'" (Figure 2). We
also observed the enrichment of RapI signaling pathway, which has been implicated in

312 It has also been linked to the regulation

vascular morphogenesis and dysfunction
of extracellular matrix, cellular proliferation and migration in certain fibroblast cells,
suggesting a role for Rapla in cardiac fibroblasts with potential implications in cardiac
fibrosis 3.

Differentially acetylated regions not overlapping with promoter coordinates were
classified as putative distal enhancers with differential activity (Supplemental Table
6). On these distal enhancers, we also observed enrichment of pathways known to

be involved in cardiomyopathy processes, such as ion channel binding ** %!, actinin

binding *** and SMAD binding **?% (Figure 2). Furthermore, we predicted 148 motifs
enriched in these sequences. These might be TFs whose activity is disrupted along with
the differential activity of the enhancers they bind to. Pathway enrichment on these
motifs again highlights the role of SMAD binding in the process of DCM (Figure 2).
Six of the 148 TFs identified also showed different expression levels between DCM
patients and controls (BACH2, JUN, TEAD4, PRDM1, SOX4, FOXOI) (Figure 1).
Of these six, BACH2, PRDM1 and FOXOI also show differential acetylation on their
promoters. These TFs and regulatory regions can be prioritized on future discovery
studies and follow-up experiments.
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Overall, our results shed light into the complexity of DCM, and add evidence of the
role of pathways and genes previously associated to the process of cardiomyopathy. The
differential regulatory elements, genes and TFs identified here may serve as a guide for
future discovery and follow-up studies. Increasing sample sizes for experiments on a
homogeneous selection of DCM patients may help describe the epigenetic landscape
of DCM %2 3%, Identifying the underlying molecular mechanisms of DCM will
improve candidate gene prioritization and ultimately the discovery of novel therapeutic
approaches, also improving the assessment of this complex disease.
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4.6 Supplemental Material
4.6.1 Supplemental Figures
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PCA: Factor Differentially acetylated peaks between DCM and control groups at FDR<0.05
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Supplemental Figure I. a) PCA plot showing the separation between normal (N) samples and DCM
(D) patients in ChIP-seq data. b) MA plot depicting the 20,979 differentially acetylated peaks found bet-

ween the two groups.
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Supplemental Figure 2. PCA plot showing the separation between control and disease (DCM) patients
in RNA-seq data.
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Supplemental Table 2. Protein-coding genes differentially expressed between DCM patients and con-
trols (available upon request).

Supplemental Table 3. Noncoding genes differentially expressed between DCM patients and controls.

Supplemental Table 4. DCM associated genes from Roberts et a/. (2015) 27 and Harakalova ez 4l.

(2015) *#.

DCM candidate gene Reference DCM candidate gene Reference

ACTCI Roberts et al. (2015) TMPO Roberts et al. (2015)
EMD Roberts et al. (2015) DES Roberts et al. (2015)
LDB3 Roberts et al. (2015) HFE Roberts et al. (2015)
SGCA Roberts et al. (2015) PRDM1I16 Roberts et al. (2015)
ACTN2 Roberts ez al. (2015) TNNCI Roberts et al. (2015)
EYA4 Roberts et al. (2015) DMD Roberts er al. (2015)
LMNA Roberts et al. (2015) HOPX Roberts et al. (2015)
SGCB Roberts et al. (2015) PSEN1I Roberts et al. (2015)
ALMS1 Roberts ez al. (2015) TNNI3 Roberts et al. (2015)
FHL2 Roberts et al. (2015) DNAJC19 Roberts ez al. (2015)
MYBPC3 Roberts et al. (2015) ILK Roberts et al. (2015)
SGCD Roberts et al. (2015) PSEN2 Roberts et al. (2015)
ANKRD1 Roberts et al. (2015) TNNT2 Roberts et al. (2015)
FKRP Roberts et al. (2015) DSG2 Roberts et al. (2015)
MYHG6 Roberts ez al. (2015) LAMA2 Roberts et al. (2015)
SGCG Roberts et al. (2015) RBM20 Roberts et al. (2015)
APOAI Roberts et al. (2015) TPM1 Roberts et al. (2015)
FKTN Roberts et al. (2015) DSP Roberts et al. (2015)
MYH7 Roberts et al. (2015) LAMA4 Roberts et al. (2015)
SOD2 Roberts et al. (2015) SCN5A Roberts et al. (2015)
BAG3 Roberts et al. (2015) TTN Roberts et al. (2015)
FLT1 Roberts et al. (2015) DTNA Roberts et al. (2015)
NEXN Roberts et al. (2015) LAMP2 Roberts et al. (2015)
SYNE1 Roberts et al. (2015) SDHA Roberts et al. (2015)
CAV3 Roberts ez al. (2015) VCL Roberts et al. (2015)
FOXD4 Roberts et al. (2015) ACADS Harakalova et 2/ (2015)
NFKBI Roberts et al. (2015) ACTAI Harakalova et / (2015)
TAZ Roberts et al. (2015) ADCY5 Harakalova er a/ (2015)
CRYAB Roberts et al. (2015) ALG6 Harakalova et 2/ (2015)
FXN Roberts ez al. (2015) ANOS Harakalova ez 2/ (2015)
PDLIM3 Roberts et al. (2015) BOLA3 Harakalova e 2/ (2015)
TBX20 Roberts et al. (2015) BRCC3/MTCPla Harakalova et 2/ (2015)
CSRP3 Roberts et al. (2015) CHKB Harakalova er a/ (2015)
GATADI Roberts et al. (2015) CHRM?2 Harakalova et 2/ (2015)
PLEC Roberts ez al. (2015) CPT2 Harakalova ez 2/ (2015)
TCAP Roberts et al. (2015) DMPK Harakalova e 2/ (2015)
CTFI Roberts et al. (2015) DPM3 Harakalova et / (2015)
HADHA Roberts et al. (2015) DYSF Harakalova er a/ (2015)
PLN Roberts et al. (2015) EMD/LMNAb Harakalova et 2/ (2015)
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DCM candidate gene Reference DCM candidate gene Reference

EPG5 Harakalova et 2/ (2015) DOLK Harakalova er a/ (2015)
ERBB3 Harakalova ez / (2015) DSC2 Harakalova ez 2/ (2015)
FBN1 Harakalova et 2/ (2015) MTCPI Harakalova et 2/ (2015)
FHLI Harakalova et 2/ (2015) MYPN Harakalova et 2/ (2015)
GATA4 Harakalova ez 2/ (2015) PKP2 Harakalova et 2/ (2015)
GBEI Harakalova et 2/ (2015) SLC22A45 Harakalova er a/ (2015)
GLBI Harakalova ez / (2015) SYNE2 Harakalova ez 2/ (2015)
GNPTAB Harakalova ez 2/ (2015) MT-RNRI Harakalova et 2/ (2015)
HADHB Harakalova et 2/ (2015) MT-RNR2 Harakalova et 2/ (2015)
HFE2/HFEc Harakalova ez 2/ (2015) MT-ATP6 Harakalova et 2/ (2015)
HFE2 Harakalova et 2/ (2015) MT-ATPS Harakalova er a/ (2015)
HFE2d Harakalova ez / (2015) MT-CYB Harakalova ez 2/ (2015)
HSPB6 Harakalova et 2/ (2015) MT-CO1 Harakalova et 2/ (2015)
ISL1 Harakalova et 2/ (2015) MT-CO2 Harakalova et 2/ (2015)
ITGBIBP2 Harakalova ez 2/ (2015) MT-CO3 Harakalova et 2/ (2015)
jor Harakalova et 2/ (2015) MT-ND1 Harakalova er a/ (2015)
KCNH2 Harakalova ez / (2015) MT-ND2 Harakalova ez a/ (2015)
LAMP2/MYH7e Harakalova et 2/ (2015) MT-ND3 Harakalova et 2/ (2015)
MGMEI Harakalova et 2/ (2015) MT-ND4 Harakalova et 2/ (2015)
MURC Harakalova et a/ (2015) MT-ND4L Harakalova et 2/ (2015)
MYL2 Harakalova et 2/ (2015) MT-ND5 Harakalova er a/ (2015)
NEBL Harakalova ez / (2015) MT-ND6 Harakalova ez 2/ (2015)
NKX2-5 Harakalova et 2/ (2015) MT-TA Harakalova et 2/ (2015)
PGM1 Harakalova et 2/ (2015) MT-TR Harakalova et 2/ (2015)
PKP2/DSC2f Harakalova ez 2/ (2015) MT-TN Harakalova et 2/ (2015)
PKP2/DSPg Harakalova et 2/ (2015) MT-TD Harakalova er a/ (2015)
PNPLA2 Harakalova ez / (2015) MT-TC Harakalova ez 2/ (2015)
PNPLA2) Harakalova et a/ (2015) MT-TE Harakalova et 2/ (2015)
POLG Harakalova et 2/ (2015) MT-TQ Harakalova et 2/ (2015)
POMTI Harakalova ez 2/ (2015) MTTG Harakalova et 2/ (2015)
POUIFI Harakalova et 2/ (2015) MT-TH Harakalova er a/ (2015)
RET Harakalova ez / (2015) MT-TT Harakalova ez 2/ (2015)
RYR2 Harakalova et 2/ (2015) MT-TLI Harakalova et 2/ (2015)
SCARB2 Harakalova et 2/ (2015) MT-TL2 Harakalova et 2/ (2015)
SKT Harakalova et a/ (2015) MT-TK Harakalova et 2/ (2015)
SYNEI1/SYNE2i Harakalova et 2/ (2015) MT-TM Harakalova er a/ (2015)
TERT Harakalova ez / (2015) MT-TF Harakalova ez 2/ (2015)
TMEMA43 Harakalova et 2/ (2015) MT-TP Harakalova et 2/ (2015)
TMEM70 Harakalova et 2/ (2015) MT-TS1 Harakalova et 2/ (2015)
TXNRD2 Harakalova ez 2/ (2015) MT-TS2 Harakalova et 2/ (2015)
UBRI Harakalova et 2/ (2015) MTTT Harakalova er a/ (2015)
XPNPEP3 Harakalova ez 2/ (2015) MIT-TW Harakalova et 2/ (2015)
ABCC9 Harakalova ez 2/ (2015) MT-TY Harakalova et 2/ (2015)
BRCC3 Harakalova ez a/ (2015) MT-TV Harakalova et 2/ (2015)
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Supplemental Table 5. Genes whose promoter regions show differential acetylation (H3K27ac concen-
tration) between DCM patients and control donors (available upon request).

Supplemental Table 6. Differentially acetylated regions between DCM patients and control donors
classified as distal enhancers (available upon request).

Supplemental Table 7. Motifs predicted to bind on candidate distal enhancers differenially acetylated
between DCM patients and control donors.
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Chapter 5

5.I Abstract

Genome-wide association studies (GWAS) have identified six single-nucleotide
polymorphisms (SNPs) related to carotid intima media thickness (cIMT) or plaque.
However, whether these loci relate to other vascular diseases and subsequent vascular
events is unclear. We tested six SNPs (rs4888378, rs11781551, rs445925, rs6601530,
rs17398575 and rs18784006) for association with subclinical atherosclerotic measures
(cIMT, plaque presence and ankle-brachial index), as well as ischemic stroke,
abdominal aortic aneurysm, peripheral or coronary artery disease (CAD) in the Second
Manifestations of ARTerial disease (SMART) cohort. Four SNPs were associated with
cIMT and two with plaque (p < 0.05). One SNP was also significantly associated to
CAD (rs1878406, OR = 1.24, 95% CI = 1.08-1.42, p=2x107). A genetic risk score
(GRS) based on the cIMT-related SNPs was associated to increased risk of cIMT itself
(p=1x107), but not to other secondary outcomes or vascular events during follow-up
(p = 0.86). In addition to replicating previously published associations for cIMT, we
confirmed a nominally significant effect between the GRS and cIMT.
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5.2 Introduction

Coronary artery disease (CAD) and stroke are leading causes of death worldwide ",
influenced by common genetic factors. Subclinical atherosclerosis, a thickening of the
artery wall caused by the deposition of cholesterol material, often precedes these events
316317 Carotid intima-media thickness (cIMT) and plaque, measures of subclinical
atherosclerosis, have been shown to predict incidentatherosclerosis-related cardiovascular
disease *'#32. In this sense, genetic association studies may identify susceptibility genes
and pathways involved in the initiation and early phases of these diseases.

Recently, genome-wide association studies (GWAS) identified 6 single-nucleotide
polymorphisms (SNPs) 32!322 associated to cIMT or plaque. The extent to which these
loci are related to other subclinical phenotypes, clinically manifested vascular diseases
and subsequent cardiovascular events is unclear. Therefore, we aimed to demonstrate the
external validity of these findings by testing whether these SNPs relate to cIMT, plaque,
ankle-brachial index (ABI), ischaemic stroke (IS), abdominal aortic aneurysm (AAA),
peripheral artery disease (PAD), and CAD in the SMART (Second Manifestations of
ARTerial disease) cohort. We also modelled the 3 cIMT-related SNPs as a multilocus
genetic risk score (GRS) and tested for association with CAD, IS, AAA, PAD, ABI, and
cIMT itself, as well as with recurrent vascular events.

5.3 Methods

5.3.I Study Populations and Phenotyping

We used data from the SMART cohort, consisting of patients from the University
Medical Center Utrecht (UMCU), the Netherlands, included on the basis of manifest
atherosclerotic vascular disease or the treatment of atherosclerotic risk factors 323 3%
(Supplemental Table S1). From the 8,210 patients included in the study, 3,743 had
CAD, 640 had AAA, 1,726 had PAD, and 1,764 had IS, with overlap among traits.
Patients free of cardiovascular disease who had one or more risk factors for cardiovascular
disease and were included in the SMART follow-up phase, served as a control group
(n=1,981). All patients provided informed consent, and the Medical Ethics Committee

of the UMCU approved the study.

5.3.2 SNP selection, genotyping and quality control

Based on a GWAS meta-analysis for cIMT and plaque **', we selected 3 cIMT-
associated SNPs (rs11781551, rs445925, and rs6601530), and 2 plaque-associated
SNPs (rs17398575 and rs1878406). A second study associated rs4888378 with cIMT
322 and was added to this analysis, resulting in a total of 4 cIMT-associated and 2 plaque-
associated SNPs. Community standard quality control (QC) ** was applied in all 6
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SNPs. We excluded rs445925 from further analysis as it was out of Hardy-Weinberg
Equilibrium (p=4.14x107).

Wet-lab genotyping was carried out at KBiosciences (Hertfordshire, UK, www.
kbioscience.co.uk) whose personnel were blinded to patient status, using the proprietary

KASPar PCR technique and TagMan. Genotype calling was done using an automated
system, with results checked manually using SNPviewer software.

5.3.3 Statistical Analysis

Single SNP and GRS analyses were performed using linear and logistic regression
models where appropriate, adjusting for sex and age. We considered the presence of
plaque when cIMT>1.1, following the same criteria as in Bis ez a/. '

For each individual in our cohort we constructed an unweighted GRS using PASW
Statistics 21 (SPSS, Inc., 2012, Chicago, IL, USA, www.spss.com). The GRS
was calculated as the sum of the number of risk alleles at the 3 cIMT-related SNPs
(rs11781551, rs6601530, and rs4888378).

We used Cox proportional hazards model to analyze the association between GRS and
clinical events during follow-up, considering age, sex and inclusion criteria as covariates.
To estimate quantitative effect sizes of the GRS on subsequent disease risk, we divided
individuals into quartiles according to the GRS distribution and computed hazard ratios
(HR) between the quartiles, with the first quartile as reference.

Since all 5 SNPs that passed QC were previously associated with cIMT or plaque at
genome-wide significance (p<5x107¥), we considered a p<0.05 threshold (for the
same risk allele in the same direction previously reported) as significant for these two
phenotypes. Correcting for multiple testing, the Bonferroni threshold defined for the
other five tested vascular beds (IS, AAA, CAD, PAD, and ABI) was p<2x107.

5.4 Results and Discussion

In this study SMART comprised a total of 8,210 individuals (6,229 cases and 1,981
controls), aged 17 to 83 years, whose majority (67.5%) is male.

The single-SNP analysis for association with ¢cIMT and plaque in SMART (Table 1)
resulted in 4 SNPs associated with cIMT and 2 with plaque (p<0.05), all showing a
concordantdirection of effect with the originally reported associations (binomial p=0.03).
This independent replication supports the role of these loci as genetic determinants of
cIMT and plaque.

In order to test the relation between these loci and other vascular beds, we tested their
association with IS, AAA, CAD, PAD, and ABI (Table 2). One variant (rs1878406)
was significantly associated with CAD (odds ratio [OR]=1.24, 95% confidence interval
[C.1.]=1.08-1.42, p=2x107). This SNP is located 8.5 kb from EDNRA, a gene related
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to endothelial dysfunction. The endothelin receptor is a target to reduce blood pressure,
given the vasoconstrictor role of endothelins in blood pressure elevation and vascular
hypertrophy 3%. Interestingly, genetic variations in this gene have also been associated

with atherosclerosis in hypertensive patients **/

and with ambulatory blood pressure 3%%.
Convincingly, previous reports also linked the same locus to CAD 3%, This supports
the hypothesis that EDNRA might affect atherosclerosis causing changes in blood
pressure and thereby increasing the risk on CAD. SNP rs6601530 showed a nominally
significant association to CAD (p=0.04) and ABI (p=0.006). This SNP locates in an
intron of PINXI, encoding Pin2-interacting protein 1, a telomerase inhibitor **° that
relates to chromosomal segregation in mitosis **' and has been implicated in cancer 3%
333 A recent study ** found that SNP rs7840785, also located in the intron of PINX1,
was significantly associated with right carotid IMT (p=0.0003) in a non-European
population. The same study also conducted a gene-based analysis in which PINX1 was
significantly associated with right carotid IMT. Even after removing the significant SNP
157840785, PINXI was still significantly associated in the overall sample (p=1x107).
However, after correcting for multiple testing, we did not find significant associations
with IS, AAA, PAD, or ABL.

We further tested the combined effects of the cIMT-related SNPs in a multilocus GRS
for association with disease risk (Supplemental Table S2). We confirmed the association
between the GRS and cIMT (p=0.04) **'. We did not find a significant association
between the risk score and IS, AAA, CAD, PAD, or ABI. This can be due to the small
effect the combined SNPs confer on the susceptibility of disease, or cardiovascular traits.
We also analyzed the association between the GRS and vascular events during follow-
up using Cox proportional hazard models (HR=0.977, 95% C.I. 0.93-1.07, survival
curves in Supplemental Figure S1). We found no increased risk of vascular events during
follow-up when comparing individuals in the highest GRS quartile with those in the
lowest quartile (p=0.86). We may have had limited power due to the modest number of
secondary events to find such an association, if it exists.

The results showed in this study confirm the original findings **"***, adding to the
evidence of the effect these loci have on cIMT or plaque presence. The GRS based on
cIMT-related SNPs did not show a significant effect on other vascular beds, or secondary
vascular events, suggesting against pleiotropy. An explanation for this finding could be
that risk factors and their underlying genetic background may impact differently on each
vascular bed in the atherogenic process. In conclusion, our findings provide support
for previously claimed SNP associations for cIMT and plaque, specifically highlighting
the role of rs1878406 in both atherosclerosis and CAD. This should motivate further
research focused on the underlying mechanisms involved.
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5.5 Supplemental Material

5.5.I Supplemental Figures

Hazard Function at mean of covariates

0.087 Quartile
-
12
3
0.067 4

0.047

Cumulative hazard

0.027

T
0 10 20 30 40 50 60

Months until vascular endpoint
Supplemental Figure SI. Survival plot stratified per quartile of the genetic risk score for cIMT in asso-
ciation with composite clinical endpoints. The GRS is not associated with an increased risk of developing

recurrent vascular events when comparing individuals in the highest GRS quartile with those in the lowest
quartile (p=0.86).
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5.5.2 Supplemental Tables

Supplemental Table SI. Baseline characteristics of SMART. Cerebrovascular disease history includes
ischemic stroke and transient ischemic attack (TTA). Cardiovascular disease history includes coronary artery
disease, myocardial infarction, percutaneous coronary intervention, and coronary artery bypass graft. CAD
is defined as having one or more events in the past (such as fatal or non-fatal MI) or revascularization
procedure (such as Coronary Artery Bypass Graft or Percutaneous Coronary Intervention), or one or more
events during the period of follow-up. Peripheral disease is defined as resting ABPI < 0.90 or post exercise
ABPT decreasing 20% or more in at least one leg, with signs of intermittent claudication, rest pain or
gangrene/ulcers. Type 2 diabetes and hypertension include all individuals with diagnosed type 2 diabetes or
hypertension, respectively, and/or those on appropriate medication. Current smokers include all individuals
smoking up to 6 months until the surgery date. BMI: body mass index, kg/m2. ¢GFR: estimated glomerular
filtration rate was based on the Modification of Diet in Renal Disease formula, mL/min/1.73 m?. 7C: total
cholesterol, LDL: low-density lipoprotein, HDL: high-density lipoprotein, 7G: triglycerides; all lipids are in
mmol/L. Antihypertensives include all anti-hypertension medication. LZLDs: lipid-lowering drugs including
statins, and other lipid-lowering drugs. Anticoagulants include clopidogrel, dipyridamole, acenocoumarin,
ascal, and anti-platelet drugs. /Vis the total sample size.

Characteristic SMART
N=8,210
Male, N (%) 5,541 (67.5)
Age, years (sd) 57 (12)
History, N (%)
Cerebrovascular 1,779 (21.7)
Cardiovascular 3,788 (46.1)
Peripheral 1,751 (21.3)
Risk factors
Type 2 diabetes 1,655 (20.2)
Hypertension 2.223 (27.1)
Current smokers 2,610 (31.8)
BMI 26.8 [22.49-31.17]
TC 5.2 [3.8-6.6]
HDL 1.26 [0.87-1.65]
TG 1.67 [0.71-2.63]
LDL 3.17 [1.98-4.36]
Medication, N (%)
Antihypertensives 3,709 (45.2)
LLDs 3,574 (43.5)
Anticoagulants 4,555 (55.5)
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Supplemental Table S2. Association between the genetic risk score and CAD, IS, PAD, AAA, ABI and
cIMT in SMART.

Overall®* ( = 8,210)

p-value (OR or Exp(f8))
CAD 0.308 (1.19)
IS 0.647 (1.09)
PAD 0.340 (1.21)
AAA 0.058 (1.74)
ABI 0.494 (0.99)
cIMT 0.041 (0.97)

CAD: coronary artery disease; IS: ischaemic stroke; AAA: abdominal aortic aneurysm; PAD: peripheral
artery disease; HR: hazard ratio. Covariates: age and sex. Results listed in bold are nominally significant
(p=0.05). *Considering genetic risk score as a continuous variable.
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Chapter 6

6.1 Abstract

High blood pressure is an established risk factor for a multitude of diseases.
Genome-wide association studies have successfully identified over nine hundred
loci that contribute to natural variation in blood pressure, including hypertension.
However, the mechanisms and extent through which these loci contribute to
blood pressure leading to hypertension and all its subsequent outcomes remain
elusive. We hypothesize that each individual’s genetic profile provides a specific
combination of tissue-specific regulatory variants, identifying subphenotypes of
hypertension, leading to different hypertension related outcomes. We searched
for associations of DNA variation with tissue-specific regulation highlighted
by the presence of H3K27ac, a mark of enhancers and promoters, in tissues
implicated by hypertension-induced outcomes. We calculated genetic risk scores
for each subset of blood pressure-associated variants acting on specific tissues and
correlated these with ten outcomes using participants from the UK Biobank.
In eight of the nine hypertension-induced outcomes analyzed, tissue-specific
variant sets showed significant risk (»<0.05) on tissue-specific outcomes. In three
of these cases, tissue-specific sets result in increased risk on outcomes related
to that tissue, compared to other tissue-specific sets of variants (kidney-specific
regulatory variants implicated in high risk of kidney failure (pulse pressure (PP)
=0.001, systolic blood pressure (SBP p=0.001), diastolic blood pressure (DBP)
=0.005), pancreas-specific variants implicated on outcomes including diabetes
(PP p=9.89x10-10), and LV-specific regulatory variants associated with dilated
cardiomyopathy (DBP p=0.005, PP p=0.018, SBP p=0.032). Increasing sample
sizes and expanding this analysis to a broader range of histone modifications and
tissues might help unravel more cell-type specific sets of variants accounting risk
for tissue-specific outcomes. This may lead to a better understanding of disease
progression and more personalized intervention for better care.
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6.2 Introduction

High blood pressure (BP) is a highly prevalent chronic disorder, considered the single
highest contributing risk factor to disease burden and premature mortality **°. Elevated
systolic (SBP) and/or diastolic BP (DBP) increases the risk of several disorders, including
heart failure (HF), coronary artery disease (CAD), peripheral arterial disease (PAD),
abdominal aortic aneurysms, fatty liver disease and kidney failure *°2%. Genome-wide
association studies (GWAS) have identified over 900 genetic regions associated with SBP,
DBP, pulse pressure (PP) and/or hypertension to date 2124 134 135,157, 144341345 _Qyer 90%
of these variants are located in intronic or intergenic regions *, and might interrupt the
action of regulatory elements crucial in relevant cell-types. The identification of genes
affected by regulatory elements is a challenge, given distal regulatory elements such as
enhancers, insulators and silencing elements are often located far away from the genes

I 69, 346

they contro . Moreover, genes controlled by regulatory elements affected by DNA
variation act in different pathways, and disturbance in gene expression is often reflected
in a variety of outcomes of which hypertension is a risk factor. BP-associated variants
altering the expression of genes in the heart have a higher likelihood of affecting disease
progression through heart-mediated processes rather than kidney-mediated processes.
According to this example, some patients may develop coronary artery disease while
others may suffer kidney failure, although initially they are considered only hypertensive

patients (Figure 1).

BP-associated SNP in locus 4 affecting a promoter/enhancer |

" " | that regulates expression of gene 3 in kidney
BP bona fide loci

Consequence
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Figure I. lllustration of our hypothesis. A number of bona fide SNPs has been associated with BP
levels. A subset of these SNPs overlaps with H3k27ac peaks (a mark of active enhancers and promoters) in
different tissues. The variant might affect the regulatory element it overlaps, and consequently the expressi-
on of the gene regulated by this element. Carriers of particular sets of tissue-specific regulatory SNPs might
manifest consequences of hypertension in a different way, with different progression and outcome profiles.
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We hypothesize that a combination of tissue-specific BP-associated regulatory variants
might confer greater risk for a high BP-induced outcome affecting that tissue, than
BP-associated variants specifically acting on other tissues not primarily implicated in
the outcome. In this study, we investigated the impact of genetic risk profiles of disease
progression of BP-associated variants in specific tissues. The results provided by applying
this strategy on a broader range of tissues and histone modifications may contribute to
the practice of personalized medicine for complex diseases.

6.3 Methods

6.3.I SNP selection

We obtained 905 loci identified by GWAS of 4 BP traits (DBE, SBP, PP and hypertension).
A list summarizing all BP-associated variants can be found on Hemerich ez 2/ (2018) .

6.3.2 Maps of regulatory elements: enhancers and promoters

Active regulatory regions (promoters or enhancers, for instance), are marked by specific
histone modifications, such as monomethylation of the fourth residue of histone H3
(H3K4mel) and acetylation of the 27th residue of H3 (H3K27ac) 393>, Chromatin
immunoprecipitation followed by sequencing (ChIP-seq) captures these maps of
histone modification. The co-localization of GWAS variants with tissue-specific maps
of histone modifications can be used to identify which DNA variants potentially act by
disturbing regulatory elements '** !, Thus, we obtained publicly available ChIP-seq
data on H3K27ac histone modification on tissues from ENCODE ¢ and Roadmap

Epigenomics Consortium

on tissues mostly affected by hypertension-induced
outcomes. These tissues are the left ventricle (LV), right ventricle (RV), right atrium
(RA), aorta, adrenal gland, kidney and pancreas. We downloaded alignment files in hg-
19 coordinates of both treatment and control, from https://egg2.wustl.edu/roadmap/
data/byFileType/alignments/consolidated/. Duplicated, unmapped reads and reads
with mapping quality less than 5 (-b -F 4 -q 5) were removed using Samtools v1.3 2.
Peak calling was performed using MACS v2.1.0 2 using the respective input samples,
-gsize=hg -nomodel parameters, and estimated fragment sizes (-extsize) predicted by

PhantomPeakQualTools v1.1 [9].

6.3.3 Candidate tissue-specific regulatory variants

We used the method described by Trynka ez @/ (2013) > to identify subsets of BP-
associated variants acting on regulatory elements in critical cell-types. According to this
method, a locus is defined by identifying SNPs in tight linkage disequilibrium (LD)
with each associated variant (+>0.8), using data from the 1000 Genomes Project *°.
Each variant of this expanded set is scored based on the distance and height of the
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nearest ChIP-seq peak, which in this study highlights an active enhancer or promoter. If
the physical distance to the nearest peak is more than 2.5 kilobases (kb), then the score is
set to 0 to remove any confounding distal effects. The statistical significance of cell-type
specificity is assessed by deriving a 95 percentile threshold based on the permutation of
10,000 matched sets of SNPs not associated with the phenotype.

6.3.4 Study design and participants

The UK Biobank (UKB) is a large and detailed prospective study with over 500,000
British individuals aged 40—69 years at recruitment, identified through primary care
lists, who accepted an invitation to attend one of the 22 assessment centers that were
serially established across the UK between 2006 and 2010 **%. At recruitment, detailed
information was collected via a standardized questionnaire on socio-demographic
characteristics, health status and physician-diagnosed medical conditions, family
history and lifestyle factors. Selected physical and functional measurements were
obtained including height, weight, waist-hip ratio, SBP and DBP. The UKB data were
subsequently linked to Hospital Episode Statistics (HES) data, as well as national death
and cancer registries. The HES data available for the current analysis covers all hospital
admissions to NHS hospitals in England and Scotland from April 1997 to March 2015,
with the Scottish data dating back as early as 1981. HES uses International Classification
of Diseases ICD 9 and 10 to record diagnosis information, and OPCS-4 (Office of
Population, Censuses and Surveys: Classification of Interventions and Procedures,
version 4) to code operative procedures. Death registries include all deaths in the UK up
to January 2016, with both primary and contributory causes of death coded in ICD-10.
Genotyping of UK Biobank participants was undertaken using a custom-built genome-
wide array (the UK Biobank Axiom array: http://www.ukbiobank.ac.uk/wp-content/
uploads/2014/04/UKBiobank-Axiom-Array-Datasheet-2014.pdf) ~ of  ~826,000
markers. Genotyping was done in two phases. 50,000 subjects were initially typed as
part of the UK BiLEVE project . The rest of the participants were genotyped using a
slightly modified array. Imputation to ~92 million markers was subsequently carried
out using the Haplotype Reference Consortium (HRC) ** and UK10K/1000Genomes
haplotype resource panels.

The determination of phenotypes used for analyses in this study was based on ICD codes,
extracted directly from the phenotype file (data fields #41202 and #41204). We extracted
case/control status for CAD (defined as percutaneous transluminal coronary angioplasty
(PTCA), or coronary artery bypass graft (CABG), data field #41200, hospital admission
OPCS-4 K40-K46, K49, K50.1, or K75; 4,412 cases), MI (ICD codes 121-124 and
125.25 11,316 cases), hypertensive heart disease (111.0, I11.9; 161 cases), heart failure
(I50.0, 150.1 and 150.9; 5,094 cases), dilated cardiomyopathy (142.0; 617 cases), aortic
aneurysm and dissection (I71; 1,286 cases), renal failure and others (N00-N29; 13,357
cases), hypertensive renal disease (112.0, 112.9; 1,443 cases) and diseases affecting
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pancreas, including diabetes (E10-E1, K85 and K86; 19,689 cases). We used bipolar
disorder as a control, grouping participants from UKB with ICD code F31 (965 cases).

6.3.5 Genetic association and construction of genetic risk scores (GRS)
We calculated a GRS for each set of tissue-specific variants, implicating regulation on
organs that are known to be affected by hypertension-induced outcomes (Supplemental
Table 1). According to these criteria, the sets of variants with a high regulatory score
used for further analysis are specific to LV, RV, right atrium, aorta, kidney and the
adrenal gland. In order to retain only independent variants, we used the c/ump function
from PLINK v1.07, keeping for each locus (defined by a 500kb window) only the
best SNPs using an 7 of 0.2 and 1000 Genomes CEU v3 as reference panel. We then
assessed associations between these SNPs and BP components (DBP, SBP and PP) in
UKB samples of European descent, including year of birth, age squared, sex and 40
principal components (PCs) as covariates. We next computed individual risk scores
(GRS) for each tissue and BP component, using beta estimates from UKB for the tissue-
specific independent BP-associated variants (either the lead associated SN or variants
in high LD, #>0.8) (Supplemental Table 1). For each tissue, we identified a set of SNPs
significantly associated with DBP, SBP and PP, using a Bonferroni-corrected significance
threshold of 0.05 / (810 SNPs * 3 BP components) » 2.1*107. Based on these SNPs,
tissue-specific GRS were generated by calculating the sum of their effect allele dosages
weighted by the corresponding regression coefhicients from the association analyses,
using the crossprod function in R (v 3.2.2). The GRS was associated with case/control
status of each of the outcomes described above (nine hypertension-induced and one
control, bipolar disorder) using a logistic regression model with age, sex, BMI, smoking
status (current, past, never), and 10 PCs as covariates.

6.4 Results

6.4.1 Genetic risk scores of cell-type specific BP-associated SNPs related
to hypertension-induced outcomes

We investigated the impact of GRSs on cell-type specific regulatory SNPs and different
hypertension-induced outcomes affecting specific tissues, focusing on heart (LV,
RV and right atrium), aorta, kidney and adrenal gland (Supplemental Table 1). We
observed that in eight out of the nine hypertension-induced outcomes analyzed, tissue-
specific sets have significant risk (»<0.05) on tissue-specific outcomes (Figure 2A, B,
C, D, E, E G and H). In three of these cases, tissue-specific sets have increased risk
on outcomes related to that tissue, compared to other tissue-specific sets of variants
(Figure 2A, B and C). These cases are kidney-specific regulatory variants implicating
high risk of kidney failure (PP p=0.001, SBP »=0.001, DBP »=0.005) (Figure 2A),
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pancreas-specific variants on outcomes including diabetes (PP »=9.89x10"%) (Figure
2B), and LV-specific regulatory variants on DCM (DBP p=0.005, PP p=0.018, SBP
=0.032) (Figure 2C). We also observed that only one of the BP cell-type specific sets
of variants (in pancreas, SBP p=0.01) showed significance (p<0.05) of association to
our control outcome, bipolar disorder (Figure 2J). Overall, the majority of cases tested
(9/10) did not associate to the control outcome analyzed, whereas in most cases (8/9)
tissue-specific variants showed risk for tissue-specific outcomes. In three of such cases
(LV, kidney and pancreas), tissue-specific variants showed increased risk for tissue-
specific outcomes, compared to regulatory SNPs affecting other BP-specific tissues -
which are not the organ where the outcome in question primarily manifests (Figure

2A, B and C).

6.5 Discussion

In this study, we investigated the impact of tissue-specific regulatory variants in
hypertension-induced outcomes, utilizing GRSs to aid in the identification of disease
progression profiles. Tissue-specific variants were associated to tissue-specific outcomes
in the majority of cases tested (8/9). A tenth test was performed against a control
outcome, bipolar disorder. In this last analysis, tissue-specific variants implicating
regulation in pancreas associated to one of the BP traits (PP) showed an association to
bipolar disorder. This was the only association to the control outcome, out of the 21 tests
performed for each outcome (7 tissues and 3 BP traits). From the nine hypertension-
induced outcomes tested, three showed higher association of tissue-specific variants
that implicate regulation in the tissue affected by the outcome. These are LV-specific
regulatory variants in DCM, kidney-specific regulatory variants in kidney failure, and
pancreas-specific variants in outcomes implicating pancreas tissue including diabetes
(Figures 1A, B and C). These studies suggest a role of tissue-specific regulatory variants
in accounting risk for outcomes that manifest in the same tissue. Some outcomes were
shown to be more heterogeneous, such as aortic aneurysm, heart failure, CAD and MI.
This suggests that BP-associated regulatory variants that account risk for these outcomes
act in a wide range of tissues. Moreover, patients included in the UKB often have a
combination of diagnoses and can be concurrently cases for heart-related outcomes
as well as kidney-related diseases. Hypertensive renal disease and hypertensive heart
disease did not show enrichment for tissue-specific sets of variants, which can be due
to the limitations of this study. The fact that we did not manage to capture difference
across specific tissues in some cases might be due to lack of statistical power, given the
number of cases observed in the UKB cohort manifesting some outcomes is limited
(Methods). In addition, we only focused on one of the several histone modifications
(acetylation of lysine 27 on histone 3) that are so thus far known to highlight regions of
activity of regulatory elements. Histones are subject to a vast array of posttranslational
modifications including acetylation, methylation, phosphorylation, and ubiquitylation.
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Diabetes and other diseases affecting pancreas

Renal failure
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Tissue-specific contribution to disease

<<< Figure 2. Association of the GRSs measures in each set of tissue-specific variants with nine outcomes
influenced by hypertension affecting BP-specific tissues (and bipolar disorder as control outcome). The
black horizontal line indicates the nominal significance threshold (p=0.05). CAD = coronary artery disease.
MI = myocardial infarction. DCM = dilated cardiomyopathy.

There is a complex interplay between the different covalent modifications occurring
on the histone tails, and the hierarchical order of events and dependencies leading to
altered gene expression is not yet fully understood ** 3. One modification can affect
subsequent modifications on histone tails and this crosstalk between active and repressive
modifications regulate diverse chromatin functions, such as gene expression 33, Thus,
focusing on only one histone modification limits the identification of the full set of
potentially regulatory variants, and their risk on disease.

Other reasons for not detecting association of tissue-specific BP-associated variants in
outcome-specific tissues in some cases can be due to the fact that simply there is none.
According to this reasoning, while there is a genetic component for high BP that acts
on a cell-type specific manner, the impact of high BP on subsequent outcomes affecting
specific tissues may not be dependent on genetics, but dependent on physiological
mechanisms due to the excessive pressure on artery walls. A thorough investigation
on a more complete set of tissue-specific BP-associated regulatory variants is therefore
needed. Increasing sample sizes is a strategy that can overcome the limitations faced
in this study, by increasing both in the number of participants as well as the number
of regulatory variants identified in each specific tissue. As more experiments on the
investigation of the regulatory landscapes in a variety of tissues are performed, more data
will be available for such integration, and knowledge will increase on how regulatory
variants act on specific tissues and the interplay of regulatory elements. The further
investigation on tissue-specific genetic risk profiles can not only help us understand
the disease mechanisms, but also build a basis for tissue-specific, genetic profile-driven
treatment.
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6.6 Supplemental Material

6.6.I Supplemental tables

Supplemental Table SI. Tissue-specific variants used in the calculation of the GRS (available upon
request).
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7.I Abstract

Genome-wide association studies (GWAS) have identified multiple loci associated
with coronary artery disease (CAD) and myocardial infarction (MI), but only a few
of these loci are current targets for on-market medications. To identify drugs suitable
for repurposing and their targets, we created two unique pipelines integrating public
data on 49 CAD/MI-GWAS loci, drug-gene interactions, side effects and chemical
interactions. We first used publicly available GWAS results on all phenotypes to predict
relevant side effects, identified drug-gene interactions, and prioritized candidates for
repurposing among existing drugs. Secondly, we prioritized gene product targets by
calculating a druggability score to estimate how accessible pockets of CAD/MI associated
gene products are, then used again the GWAS results to predict side effects, excluded
loci with widespread cross-tissue expression to avoid housekeeping and genes involved
in vital processes and accordingly ranked the remaining gene products. These pipelines
ultimately led to three suggestions for drug repurposing: pentolinium, adenosine
triphosphate and riociguat (to target CHRNB4, ACSS2 and GUCYI1A3, respectively);
and three proteins for drug development: LMODI1, HIPI and PPP2R3A.
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7.2 Introduction

Coronary artery disease (CAD) is a major cause of death worldwide, leading to a yearly
estimated 8.5 million cases of myocardial infarction (MI) *' and loss of an expected
~150 million disability-adjusted life years globally in 2020 **2. Current therapeutics for
prevention of CAD mainly comprise the control of risk factors, e.g. the prescription
of HMG-CoA reductase inhibitors, known as statins, or PCSK9 inhibitors, to reduce
low-density cholesterol (LDL-C) %3¢, More recently, the CANTOS study has
shown that also non-lipid pathways, such as inflammatory processes, also influence

atherothrombotic development 3¢¢3¢7

. In addition, platelet inhibition may be used for
prevention of coronary events in certain, high-risk patient groups.

The discrepancy between the overwhelming clinical need and the small number of agents
used in the preventive treatment of CAD and MI is largely explained by a high attrition
in drug development, which is mostly attributable to unacceptable side effects and/
or lack of efficacy 3. Currently, it is estimated that only one in every 5000 new drug
compounds makes it to market **. Furthermore, this process may take 10-15 years and
costs billions of dollars for conducting clinical trials to clear the stringent requirements
set by health agencies around the world ***°. Drug development has therefore become
an expensive and difficult process, hindering the clinical implementation of potentially
beneficial new drugs. Novel approaches to support drug development have emerged in
recent years based on genetic strategies. For example, one may now conduct in-silico
druggability analyses on genetic data, using bioinformatics tools, in order to identify
approved and already marketed drugs for treating a new phenotype other than the one
the drug was originally developed for. This strategy is referred to as drug repositioning
or repurposing, an approach proposed and improved in the past 15 years ** %, based
on new discoveries including, more recently, genetic information > '°!. In such case,
where an existing drug targets a gene product or pathway of a disease different from
the original indication, fewer clinical trials may need to be conducted to alter the label
and indicate a treatment for another disease as safety has already been demonstrated.
An example of repurposing is sildenafil, initially produced with the expectation of
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reducing angina, and later found to be effective to treat erectile dysfunction
pulmonary hypertension '??, leading to the subsequent releases of Viagra® in 1998 and
Revatio® in 2005 '*. Other successful examples of repurposing include gemfibrozil,
duloxetine, dapoxetine and thalidomide ** (original indications, repurposed indications
and evidence for repurposing available in Suppl. Table 1).

Genome wide association studies (GWAS) have identified multiple independent loci
that contribute to the genetic susceptibility of CAD/MI #7°373. Many of these loci
include genes involved in diverse and currently unexplored biological mechanisms.
Thereby these loci represent novel drug targets for treatment and prevention of CAD/

MI. A key challenge is to prioritize GWAS hits and their products for pharmacological
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intervention. In this process, bioinformatics methods may yield novel insights into the
potential “druggability” * of each of these loci in order to translate genetic knowledge
into clinical care.

When assessing the druggability of a GWAS hit, several factors need consideration. A
particular gene may not be “druggable”, which means that developing a molecule to
target this gene product is not feasible, due to the lack of a defined drug binding pocket
(known as a pharmacophore), or the druggability cannot be assessed due to unavailable
relevant protein structural information. Although a target may be druggable, it still
may not be suitable for clinical exploration, as immediate toxicity issues, buffering
effects, redundancy, robustness and possible undesired pleiotropic effects in downstream
biological pathways need to be clarified. For example, inhibition of the cardiac expressed
HERG gene causes severe QT-interval prolongation, which is now screened as a liability

in all drug discovery programs 4

. Other adverse events may be more subtle, for example
genetic variability in HMGCR has recently been identified as a risk factor for type 2
diabetes (T2D), which partially explains the relationship between statin use and risk of
developing T2D 3757377 Today, GWAS have found associations between thousands
of loci and hundreds of phenotypes, thereby enabling a robust exploration of possible
pleiotropic effects for any given locus or SNP *7%. Here, we present two unique pipelines
integrating currently available public data on GWAS, drug-gene interactions, side effects
and chemical interactions. The first pipeline aims to identify approved drugs that may
be suitable for repurposing for treatment of CAD/MI, while the second pipeline ranks
non-targeted genes for their suitability to be a target for development of new drugs. The
pipelines make use of numerous sources of information made available publicly in the
past few years.

7.3 Methods

The detailed pipeline, scripts used and example data are available on https://github.com/
drugab/drugab. Figures 1 and 2 present a flowchart of the pipelines developed in this
project. Supplementary Figure 1 details the pipelines by also presenting data and tools
used. We break down the steps in the following sessions.

7.3.1 Loci selection

We obtained data from the CARDIoGRAMplusC4D consortium #7°, which reported
the largest GWAS to date on CAD/MI, aggregating 63,746 CAD cases and 130,681
controls. This study identified 49 SNPs as showing significant associations for CAD/
MI (p<5 x 10®), and further 104 SNPs considered most important to explain variance
(Suppl. Table 9 of the original study *°).
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7.3.2 Pipeline I: drug-repurposing pipeline (Figure I)

The drug repurposing pipeline uses publicly available GWAS results from PhenoScanner
379 to predict relevant side/discordant effects of targeting CAD/MI loci, identifies drug-
gene interactions using DGIdb #° and filters most suitable candidates for repurposing
among drugs existing in the market.

7.3.2.1 Phenome-wide ranking

CAD/MI loci
(N=49)
Variance explained
loci (N=104)

PhenoScanner and ranking on directions of effect

Mostly Mostly
discordant loci concordant
(N=85)
!

15 genes
targeted by 48
molecules

Non-targeted
genes (N=53)

Indication and ATC code attribution

Not marketed Marketed
molecules molecules
(N=23) (N=23)

No ATC code
(N=2)

SIDER and expert opinion

Unfavourable Favourable Already No known
side effects safety profile marketed for effect on CAD
(N=16) for CAD (N=3 CAD (N=2 (N=2)

Figure I. Pipeline 1 to evaluate druggability of CAD/MI loci for repurposing of currently available drugs.
It starts with a set of 153 SNPs, 49 of those GWAS-significant (p<5 x 10°) and 104 considered most
important to explain heritable variance. Downstream analyses filter some of these signals based on their
likelihood to affect other biological processes, being targeted by drugs and side effect profile of these drugs.
For CAD/MLI, the pipeline provided 3 potential candidates for repurposing, represented in bold in the last
part of the pipeline.
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To make optimal use on all the available GWAS data on multiple co-morbidities and
phenotypes, we ranked CAD/MI loci based on their directions of effect (scores +1 in the
concordant count for same direction of effect or +1 in the discordant count for different
direction of effect), and ranked the SNPs according to the difference of these counts.

We hypothesize that GWAS on co-morbidities can provide a landscape of processes
affected by increasing/decreasing the concentration of gene products (in case of drugs
affecting these gene products). Therefore, targeting genes associated with other CAD-
related phenotypes would be more helpful to manage CAD/MI than focusing on CAD
specific risk loci. Furthermore, we can estimate possible side effects from an intervention
with this approach, and avoid therapies predicted to have a severe side effect profile.
Ideally, a good candidate alters no biological processes other than the phenotype of
interest. To this intent, we performed a prioritization step among the 153 (49 + 104

9

as explained above) CAD SNPs using PhenoScanner #°, a comprehensive catalog of
published GWAS results, in order to obtain a landscape of the associations with multiple
phenotypes (Figure 1 for the flowchart). This has helped us to identify the impact of each
SNP on other traits that are known to increase the risk of CAD/MI episodes, so we know
that targeting these loci may have extended benefits by tackling multiple risk factors. We
investigated also SNPs in high linkage disequilibrium (LD) (*>=0.8) with the reported
SNP using 1000 Genomes Phase 3 % %! using European population within 500kb
upstream and 500kb downstream the variant, for completeness, and assessed in total
1303 SNPs. Nominally affected phenotypes per SNP region (p<0.05) were summed and
the directions of effect on different phenotypes (effects for all phenotypes are aligned
on the effect allele) were compared with those presented by CARDIoGRAMplusC4D,
in two different setups. The first involved all phenotypes available on PhenoScanner,
and the second was limited to traits affecting CAD/MI, namely LDL cholesterol,
triglycerides, total cholesterol, hypertension (both diastolic [DBP] and systolic blood
pressure [SBP] were considered), type 2 diabetes and obesity/BMI. We then ranked the
variants based on a score formed by the sum of phenotypes of same direction (+1 for
concordant count) minus the signals of opposite direction (+1 for discordant count)
for the risk factor set, and in case of ties, the broad score (all phenotypes). Phenotype
association results without betas available were discarded from the calculations.

7.3.2.2 Drug-gene mapping

Next, we mapped each SNP to genes based on the original annotation from
CARDIoGRAMplusC4D (based on nearest gene) and on GENCODE (based on
regulatory data from Ensemble and functional annotation from ENCODE) 2. We
hypothesize that each SNP considered maps to the same gene driving the CAD/MI
development in all different phenotypes involved. We then sought publicly available
drug-gene interaction databases to identify small molecules or marketed drugs that can
target their gene products. We used an integrated database of drug-gene interactions
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called DGIdb **, which merged the most known drug-gene interaction databases, such
as DrugBank #*3 and PharmGKB **. We have not filtered results from DGIdb.

7.3.2.3 Side effect profiling and expert opinion

Full information on indications and side effects of drugs recommended for repurposing
was obtained to exclude those drugs with severe and medically significant adverse
reactions, such as reactions from chemotherapy drugs and severe cardiovascular
complications such as long QT syndrome. Hence, we used the SIDER database version
3 ¥, containing information on indications and side effects extracted from drug labels.
Approximately 1,000 drugs are available in this dataset, with over 60,000 side effects
described. Most of the drugs in the dataset are represented by their International
Nonproprietary Names (INN), some are referred to by their United States Adopted
Names (USAN). We used two data sources to identify all possible names: STITCH
386 and WHO’s INN ¥, available at https://mednet-communities.net/inn/. Vigibase
was used **® to aid in filtering drug candidates for repurposing based on side effect
profiles. Vigibase is the largest repository of adverse event reports in the world, with
over 14 million reports (as of 2017). This database was created by the World Health
Organization (WHO) and maintained by the Uppsala Monitoring Centre ***. Finally,
a clinical pharmacist/pharmacogeneticist and a cardiologist validated the findings and
made a final decision of which drugs to prioritize. We used the Drug Repurposing Hub
3% to compare our results with available data provided by this portal.

7.3.3 Pipeline 2: prioritization of drug target candidates (Figure 2)

For the prioritization of drug target candidates we calculated a druggability score to
estimate how likely a compound would physicochemically interact with the drug target,
i.e., how dock-able the pockets of CAD/MI associated gene products are. Afterwards
we used PhenoScanner > to predict side effects (similar to what we did in the first
pipeline), excluded loci with widespread cross-tissue expression to avoid housekeeping
and essential genes and ranked the remaining gene products, determining the most
suitable genes to be targeted for drug development.
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CAD/MI loci
(N=49)
Variance explained

loci (N=104)

known protein Unknown protein
structures (N=60) structures (N=93)

DoGSiteScorer

High protein Low protein
druggability druggability
scores (N=52) scores (N=8)

Structures not targeted Structures targeted
by marketed by marketed drugs
drugs(N=37) (N=15)

PhenoScanner and ranking on directions of effect

Mostly Mostly
concordant discordant
loci (N=16 Joci (N=21

Tissue expression and function

. o Genes with non-
Genes with specific Lo .
specific function

cardiac function(N=3) (N=13)

Figure 2. Pipeline 2 to evaluate CAD/MI loci as potential drug targets. Starting from the original publica-
tion SNP-to-gene mapping, it identifies chemical structures of the proteins produced by these genes, evalu-
ates the likelihood of pockets of these proteins being connected to small molecules and observes the possible
range of side effects based on GWAS results. Finally, it analyses cross-tissue gene expression and function, in
order to exclude vital gene products involved in vital processes. It outputs three genes as most likely suitable
candidates for drug development, represented in bold in the last part of the pipeline.

7.3.3.1 Druggability of docking pockets
We calculated the druggability score of each gene product using DoGSiteScore

This resource uses Protein Data Bank (PDB) *' structures to calculate physicochemical

r 390.

interactions and identify pockets that can be targeted by molecules, and scores these
pockets with values between 0 and 1. As mentioned in the original publication **,
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pockets with a DoGSiteScorer value above 0.5 would be in theory druggable *°. Protein
structures are determined most often using crystallography or magnetic resonance,
as a picture of a specific conformation of a protein. With the druggability scores,
the number of concordant/discordant directions of effect and information on tissue-
specific expression obtained from Protein Atlas **?, we can hypothesize on most suitable
candidate genes for drug development.

7.4 Results

7.4.1 Candidates for repurposing

All 153 SNP regions, selected for their association with CAD/MI, queried on
PhenoScanner had a nominally significant association with another phenotype, 68 of
which with a positive score of associations in the same direction as for CAD/M], i.e., the
risk of developing these phenotypes can be decreased together with CAD/MI in case of
targeting given gene products. We filtered the list further by using DGIdb **° to identify
existing medications targeting the gene products of these regions, and found drugs
targeting 15 of these gene products (ABO, ACSS2, ARVCE CDKNI1A, CHRNB4, CKM,
GUCYI1A3, HDACSY, IL6R, LPL, MAP4, MTAR PCSK9, SCARBI and SLC22A4). Due
to gene products affected by multiple drugs, the targeted genes showed interactions
with 48 drugs. Further analysis of the results showed that 22 of them are not clinically
available drugs, either due to halted development (N=15) or still under evaluation in
clinical trials (N=7). After excluding these, 26 medicinal products mapping to 15 genes
of interest remain.

Out of the 26 products on our list, three are not classified as drugs (L-carnitine,
phosphatidylserine and adenine), leaving 23 marketed drugs that have 26 assigned
Anatomical Therapeutic Chemical (ATC) codes in total. The most common ATC
groups involved were cardiovascular (group C - 8 drugs), cancer (group L - 7 drugs) and
nervous system (group N - 6 drugs). Table 1 presents drug-gene interactions and ATC
codes for these drugs.

We determined side effects of the 23 drugs using different databases, in particular
SIDER; accordingly, we suggested possible candidates for repurposing. We excluded
chemotherapy compounds (N=06), based on their serious side effect profile and
unsuitability for continuous use in cardiovascular indications. Further exclusions
involved medications which are already marketed for CAD prevention (N=2), expected
to cause tachycardia (N=4), MI (N=1), liver injury (N=3), kidney damage (N=1) and
stroke (N=1). Full counts of indications and side effects are available in Suppl. Table 2
and 3, respectively. Out of the remaining medications (N=5), we suggest two possible
candidates for repurposing based on their positive impact on cardiovascular system seen
in previous clinical trials. These include pentolinium (predicted as antagonist of the gene
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product of CHRNB4), adenosine triphosphate (targeting the gene product of ACSS2)
and riociguat (antianginal agent works as a stimulator for the product of GUCY1A43).

7.4.2  Druggability of docking pockets

We also investigated druggability of CAD/MI loci, by analyzing the chemical structures
of the respective gene products in search of pockets suitable for docking with novel
molecules. We obtained PDB structures for 60 out of the 153 proteins produced by the
estimated genes these CAD/MI loci belong to. Six of those were not human, but from
a homologous animal model, and we decided to keep them for the analyses. Fifty-two
structures had good druggability scores (>=0.5), and the eight remaining structures with
low druggability scores were excluded from further analyses. Thirty-seven structures
of the 52 remaining are not targeted by drugs available in the market, according to
DGIdb. The statement of the original DoGSiteScorer manuscript about threshold for
druggability were confirmed (scores above 0.5 would be in theory druggable *°) by the 15
structures currently targeted by drugs, with scores ranging from 0.5-0.89. We also used
the PhenoScanner ranking explained above for ranking the most promising candidates
for drug development, and excluded a further 21 loci due to its predicted negative effect
on related phenotypes. We then evaluated the remaining 16 loci for their function and

tissue expression using Protein Atlas ***

to observe tissue expression of the gene products
in different tissues, and excluded those with high levels of expression (more than 1SD
from the average expression cross-tissue) across multiple tissues (e.g., brain, kidney,
pancreas, muscle), since those are most likely housekeeping genes or necessary for cell
cycle, and therefore not suitable for intervention 3. We concluded with this approach
that the most suitable targets to be considered are leiomodin 1 (ZMODI), huntingtin-
interacting protein 1 (HIP1) and protein phosphatase 2, regulatory subunit b-double
prime, alpha (PPP2R3A) (druggability scores were 0.73, 0.79 and 0.85, respectively).
Score of effect directions were 4, 3, and 7 for CAD/MI related phenotypes (max. possible
score 8) and 24, 24, and 14 for all other phenotypes, respectively. Full description of all
molecules that passed the filters are shown in Table 2. Druggability scores for all proteins
with a PDB entry are presented on Suppl. Table 4.

7.5 Discussion

GWAS have identified multiple loci and genes that appear to play a causal role in CAD/
MI. While new efforts may unveil other associated loci (and indeed have already, with
the current loci count at 164 22%3%4) | it is essential to maximize the value of the current
data to translate this knowledge into clinical care, and improve management of CAD/
MI. One way to utilize genetic information is by identifying suitable targets for drugs
and possible repurposing of already existing drugs. Here, we cross-referenced multiple
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bioinformatics databases to identify potentially druggable genes and related compounds
that may be suitable for repurposing in order to treat CAD/MI.

Until very recently, drug development has not been guided by genetic profiles and
risks, therefore expecting that GWAS hits perfectly correspond to current treatments is
unrealistic. That said, we compiled a list of medications used in the treatment of CAD
(N=79), obtained from different sources, searched for drug-gene interactions among
those with any level of confidence (N=608), checked how many unique genes are
represented in these interactions (N=251) and compared to the genes we obtained from
the CAD loci, either original mapping or GENCODE annotation (N=144). Expectedly,
our darta indicate that the drugs from the ATC group “cardiovascular system” (C) are
overrepresented among our results. Indeed, our pipeline was able to identify three of the
main medication groups used for treatment of CAD: statins (e.g. simvastatin), PCSK9
inhibitors (e.g. evolocumab) and angiotensin II receptor blockers (e.g. irbesartan),
which may serve as a validation of the method.

We found an overlap of 9 genes, namely APOAI, APOB APOCI, APOE, EDNRA,
GUCYIA3, LIPA, LPL and PCSK9. Among those, our top results, in order, include
PCSK? (target of newest medications in the field, evolocumab and alirocumab), LPL
(indirectly a target of gemfibrozil), APOCI and APOE (indirectly representing statins,
i.e. first in line drugs against CAD, and ritonavir) and GUCY1A3 (target of suggested
for repurposing drug riociguat) (Suppl. Table 5). Starting with a set of 153 loci identified
through GWAS experiments for association with CAD/MI, through a series of filtering
steps, we add evidence of the value of our druggability approach and suggest specifically
three hits to be targeted by three drug compounds that show promise for repurposing
including adenosine triphosphate (A7P), pentolinium, and riociguat.

ATP is a promising novel candidate with a ranking score (+4) similar to those obtained
for the main rediscovered agents. Here the route of administration (intravenous) is an
obstacle that needs to be addressed in future studies. A7P, which canalizes the reactions
involving ACCS2 gene product, is one of the top ranked repurposing candidates;
this makes it the best promising agent suggested for CAD patients. It is has a role in
regulating various biological cascades such as cardiac function, muscle contractility and
blood circulation *°. Through the period of 80s and 90s, A7P was useful in managing
several clinical conditions such as haemorrhagic shock, pulmonary hypertension and
paroxysmal supraventricular tachycardias *°. ATP is not currently marketed in the
United States but is available certain European countries; it is indicated as an adjunct
therapy for low back pain in France *” and was tested as therapeutic agent for patients
with Alzheimer Disease in a recent clinical trial (https://clinicaltrials.gov/ct2/show/
NCT02279511). According to DGIdb, ACSS2 gene is a suggested target for ATP; it
synthesizes acetyl CoA from ATP and CoA through an acetyl-adenosine monophosphate

(AMP). The Drug repurposing hub confirms the drug-gene interaction. The proposed
repurposing candidates also included riociguat (targeting GUCY1A3) and pentolinium
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(targeting CHRNB4), albeit with lower rankings (scores of 0 - +1 for all phenotypes),
which may suggest additive roles for these medications in CAD. The findings of several
GWAS suggest the gene GUCY1A3, coding for the alpha-3 subunit of soluble guanylate
cyclase in chromosome 4 as a drug target to manage individuals with CAD/MI. The
variant rs7692387 was strongly associated with CAD 7 and later found to modulate
GUCY1A3 promoter activity **® and rs13139571 was identified as a risk factor for
hypertension '°. This gene codes for a protein that acts as a major receptor for nitric
oxide and other nitro-derivative products (e.g. nitroglycerin) to induce vasodilatation
and platelet inhibition *”. GUCY1A3 is highly expressed in the vascular smooth-
muscle cells and has the potential to modulate vascular tone and to induce venous
and arterial relaxation. Interaction of nitric oxide with different isoforms of soluble
guanylate cyclase 1 (GUCY1I) plays an important role in regulating platelet aggregation
400 as well as accelerating thrombus formation “'. Deletion of GUCY1A3 is known to
cause asymptomatic moyamoya (intracranial stenosis) angiopathy . Its deletion is also
known to cause myocardial infarction **!, and detailed molecular analyses identified how
this variant modulates expression of the gene, soluble guanylyl protein levels, activity of
the enzyme and platelet function #%. In addition, an exonic variant rs201558687 was
reported as protective marker against pulmonary hypertension 2. This finding suggests
arole for GUCY1A3 gene in pulmonary hypertension in addition to its association with
CAD/ML

The newly marketed drug riociguat was approved by the U.S. Food and Drug
Administration (FDA) in 2013 “ and later by European Medicines Agency in
2014 to manage patients with pulmonary arterial hypertension (PAH) and chronic
) 04

thromboembolic pulmonary hypertension (CTEPH) “*“. Riociguat is a positive allosteric
modulator for GUCY1A3. It is a unique drug that acts as guanylate cyclase stimulator %
this mechanism makes a hope to repurpose the usage of riociguat as an antianginal agent
%6, Hypotension, headache and dizziness are the common side effects of riociguat *7. A
clinical trial was prepared to study the effects of riociguat for CAD (clinicaltrials.gov ID:
NCT01165931) but the study was cancelled before recruitment for unknown reasons.
Further evidence is provided by the Drug Repurposing Hub #*°, which mentions that
molsidomine, a drug not available in DGIdb and predicted to interact with GUCY1A3,
is prescribed against CAD.

Pentolinium is an old antihypertensive agent indicated to control malignant
hypertension and hypertensive crises, in particular, throughout surgery “*%. Pentolinium
is predicted to antagonize CHRNB4. It was marketed by WYETH AYERST under the
trade name of Ansolysen then it was decided to stop its manufacturing in January 1982.
The manufacturer did not indicate the reasons of discontinuation but possibly because
of induction of severe postural and exertional hypotension “°. Moreover, the drug is
rather non-specific (it targets different subunits of nicotinic acetylcholine receptors
(nAChRs) at a time “'°, in particular X3, K70, X2 and K<), and had to compete with newer
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medications with higher efficacy in lowering blood pressure. It has a potent peripheral
ganglionic blocking action and acts as an antagonist to nicotinic receptors which
inhibit the release of both adrenaline and noradrenaline “!'. Although these receptors
are abundant on somatic and central nervous system they are also expressed on aortic
valves and atrial appendages *'2. Nicotinic receptors are considered part of a superfamily
of ligand-gated ion channels which mediate fast signal transmission at synapses .
Blockage of the receptor results in relaxation as well as vasodilatation of smooth muscles.
A single nucleotide polymorphism (SNP, rs11072794) in the gene cholinergic receptor,
neuronal nicotinic, beta polypeptide 4 (CHRNB4) - in chromosome 15- which codes
for nicotinic receptors was found to be a risk factor for CAD/MI ° and nominally
significantly associates to type 2 diabetes (T2D) ** in a GWAS study.

The SNP rs11072794, located in an intronic region, is in complete LD (r’=1) with
other two variants (rs899997 and rs12899940), that are located in regulatory regions
that possibly affect gene function; rs12899940 is located in promoter flanking region,
while 1s899997 is located in a transcription factor binding site. The SNP rs899997
was recently identified as a risk factor to develop coronary artery disease and ischemic
stroke according to recent analysis of three different genome-wide association studies;
the METASTROKE, CARDIoGRAM, and C4D consortia *"°. Further, another marker
(rs8023822) in CHRNB4 gene was also detected as a susceptibility loci for CAD in
T2D in a meta-analysis that involve several GWAS studies among Scottish population
416, These significant associations between different loci in CHRNB4 and CAD suggest
the gene product as a good drug target; therefore, pentolinium can possibly repurposed
in the management of CAD/MI conditions. In this case, however, we found no further
evidence from the Drug Repurposing Hub.Regarding novel targets, we were able to
elaborate a ranking of the most suitable candidates. The most promising candidates
for targeting are LMOD1, HIP1 and PPP2R3A. Leiomodin 1 (LMODI]) is related to
smooth muscle contraction and cardiac conduction #7 and has been identified to have
smooth muscle cell-specific eQTLs in SNP rs34091558 8. SNP rs2820315 at LMOD1
has reached genome-wide significance in the latest GWAS in CAD/MI “”. Huntingtin-
interacting protein 1 (HIP1) codes for a protein significantly expressed in coronary
artery endothelium cell and play a major role in cell endocytosis “°, having one of the
top significant cis-eQTL expression patterns among CAD/MI loci “*'. Finally, protein
phosphatase 2, regulatory subunit b-double prime, alpha (PPP2R3A) is abundantly
expressed in heart and skeletal muscles and responsible for intracellular signal regulation
2 being associated to several regulatory networks of CAD *.

The pipelines are modular and can be easily generalized for other diseases. Once
determined an appropriate set of bona fide associated SNPs for a given trait, the pipelines
can provide candidates for repurposing and most suitable targets for drug development.
However, a number of limitations need to be considered in translating our results to
clinical studies. First, our approach relies on the well-informed yet unproven relationship
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between CAD/MI loci and a nearby gene and the druggability of its gene product.
It is worth mentioning that the genes investigated in both pipelines were mapped to
variants by positional mapping in their original study. We extended this analysis using
GENCODE annotations to identify additional genes, a comprehensive resource that
also integrates regulatory data in the process of annotation. However, variants can act
on elements regulating genes that are not physically located in their immediate vicinity,
but often even outside the locus *. Experiments on chromosomal conformation can
capture these dynamics by generating a map of tissue-specific genomic regions that
physically interact 777* %2, The ongoing generation and integration of such maps on
disease-relevant cell-types will enable identification of target genes that might not have
been unraveled by using current approaches, which in turn might improve results of
our pipelines. Second, it needs to be investigated as to whether the drugs discussed
modulate the gene product in a beneficial way. Third, we illustrate in our examples
that some of the drugs are pleiotropic or not suitable for chronic application, and that
they may be only a starting point for further developments. Fourth, the databases used
were complete versions at the moment of usage, but those are ongoing efforts that
will improve coverage and reliability, so iterative development may yield more reliable
results. Finally, we focused this investigation on repurposing of established drugs. We
expect that multiple GWAS loci, pointing to currently unexplored mechanisms, can
be addressed by new drug development on antibodies, like what has been successfully
achieved in case of PCSK9 %' In conclusion, we have found evidence for repurposing
of drugs and candidates for drug development in the context of CAD/MI, suggesting
that in-silico analysis using existing databases and genetic findings may be useful to
accelerate translation into clinical practice. Clinical trials are now needed to explore the
potential value of these agents.
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7.6.1 Supplemental Figures
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Supplemental Figure SI. Detailed flowchart presenting the pipelines developed in this study together

with data and tools used.

7.6.1 Supplemental Tables

Supplementary Table I. Examples of repurposed drugs.

Medication Initial Repurposed indication Evidence for repurposing
indication
sildenafil Angina erectile dysfunction, pulmonary ~ PDE5 mechanisms [PMID:
hypertension 10422958]
duloxetine depression stress urinary incontinence Animal models [PMID:
14501737]
dapoxetine depression premature ejaculation Side effect of depression
treatment [PMID: 16962882]
thalidomide morning multiple myeloma Teratogenicty in fetuses [PMID:
sickness 12046682]
gemfibrozil dyslipidemia  coronary artery disease relation between cholesterol and

CAD [PMID: 10438259]
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Supplementary Table 2. Number of drugs prescribed per indication (available upon request).

Supplementary Table 3. Number of side effects known for the drugs available on SIDER (available
upon request).

Supplementary Table 4. Number of concordant and discordant phenotypes per locus associated with
CAD/MI (available upon request).

Supplementary Table 5. CAD drug-gene interactions, sorted by CAD GWAS hits (available upon
request).
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Chapter 8

8.I Summary

CVDs are the leading cause of death globally 2. Risk factors were identified over the past
decades, both modifiable and non-modifiable, which increase the risk of developing
CVD. Modifiable risk factors include smoking, hypertension, obesity, excessive alcohol
consumption and stress. Non-modifiable risk factors include age, sex, and genetics.
GWAS efforts have been successful in identifying loci that contribute to CVD risk.
However, the mechanisms through which these loci contribute to disease are still
relatively undetermined. In this thesis, I present a set of strategies for interpretation of
what has been discovered in recent years associating genetic loci and CVDs, aiming at
translating these findings into better disease understanding and better health care.

In Chapter 2 we use publically available data and bioinformatics tools for interpretation
and potential translation of BP associated loci into drug targets. By integrating genome,
regulome and transcriptome information in relevant cell-types, we performed functional
annotation of 905 BP loci, showing that these loci implicate primarily vascular and
cardiac tissues. Maps of chromosomal conformation and eQTL in these critical tissues
identified 2424 genes interacting with BP-associated loci, of which 517 are predicted to
be druggable.

In Chapter 3, we integrated several layers of data for fine-mapping and functional
annotation of 52 loci influencing myocardial mass, measured by the QRS parameter
of the ECG. We demonstrated that differentially active regulatory elements between
HCM and controls show more enrichment for QRS-associated variants than the
combination of all regulatory elements identified in HCM and controls. In addition,
we pinpointed candidate genes and potential mechanisms by which candidate causative
QRS-associated variants account risk for increased left ventricular mass.

In Chapter 4, we highlighted the contribution of data integration for investigation of
regulation and expression profiles of dilated cardiomyopathy (DCM). We identified sets
of differentially regulated and/or differentially acetylated genes previously implicated in
DCM, adding evidence of their role in the process of this heterogeneous disease.

In Chapter 5 we calculated GRSs to study the potential relevance of cardiovascular
susceptibility loci to other vascular beds. We tested 6 loci for association with cIMT
(a biomarker for CVD) and plaque presence. We replicated 4 of these associations
with cIMT and 2 with plaque, and associated a variant near EDNRA with CAD. We
thus provide support for previously claimed SNP associations for cIMT and plaque,
specifically highlighting the role of rs1878406 in both atherosclerosis and CAD. In
addition, we show the potential of GRS application in extending GWAS findings for
interpretation of associations and investigation of pleiotropy.

In Chapter 6, we calculated GRSs from BP-associated variants with high tissue-specific
regulatory potential, and measured these GRSs against outcomes influenced by high BP
that manifest in different organs. We showed that phenotypically cell-type specific sets
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of BP-associated variants correlate better to BP-induced outcomes (such as renal failure,
diabetes and CVDs) than non BP-induced outcomes (bipolar disorder). In addition,
from the nine hypertension-induced outcomes tested, three showed higher association
of tissue-specific variants that implicate regulation in the tissue affected by the outcome.
These are LV-specific regulatory variants in DCM, kidney-specific regulatory variants in
kidney failure, and pancreas-specific variants in outcomes implicating pancreas tissue,
including diabetes. These studies suggest a role of tissue-specific regulatory variants in
accounting risk for outcomes that manifest in the same tissue. Increasing sample sizes
and extending this analysis to a broader range of tissues and histone modifications can
help capture the high risk sets of variants for tissue-specific BP-induced outcomes.

In Chapter 7, we described a pipeline for identification of new drug targets, with the
calculation of a druggability score to estimate the dockability of pockets of CAD/MI
associated gene products and then utilized GWAS results again to predict side effects.
We were able to identify three proteins with high potential for drug development:
LMODI1, HIPI and PPP2R3A. We also presented a pipeline for potential repurposing
of currently marketed drugs integrating publicly available information on current
marketed medicines with GWAS results. This pipeline led to three suggestions for drug
repurposing: pentolinium, adenosine and riociguat, to target CHRNB4, ACSS2 and
GUCYI1A3, respectively.

8.2 GWAS limitations and perspectives

Since its initiation, the GWAS approach has identified thousands of disease-associated

loci in hundreds of traits and diseases 4%

, despite initial skepticism. Findings from
GWAS have made, and will continue to make, a very important contribution to the
investigation of genetic architecture of complex diseases. However, critics continue
to currently call attention to the problem of “missing heritability”. Twin studies have
helped estimate the amount of phenotypic variation in traits or diseases that can be
attributed to genetic variation, thus having a heritable component. Most complex traits
and common diseases are estimated to have 30-60% heritability . In some cases, this

426-

estimate increases to 80% “*4%5. As a substantial proportion of individual differences in

disease susceptibility is known to be due to genetic factors, understanding this genetic
variation can contribute to better prevention, diagnosis and treatment of disease **.
Most variants identified by GWAS thus far confer relatively small increments in risk,
and explain only a small proportion of familial clustering. Skeptics thus question as to
whether GWAS efforts could ever elucidate all the heritability of complex disease. In the
example of CAD, heritability is estimated to be 20-40%, of which the largest GWAS

meta-analysis explains only 11% 3> “*. However, with the increase in sample sizes over
the years, more variants have been continually revealed and have had an impact on
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explained heritability estimates. This is the case of most recent and largest GWAS effort
to date on BP including over 1 million people, identifying 535 novel BP loci .
Other recent efforts with increased sample sizes have shown a similar trend in explaining
heritability “**2. This suggests much larger numbers of variants of smaller effect are
yet to be found in order to explain the missing heritability of some traits and diseases.
Other factors that might help explain heritability in the future are the discovery of rarer
variants (possibly with larger effects), detection of structural variants that are currently
poorly detected by available genotyping arrays, an increase of power to detect gene—gene
interactions, and adequate accounting for shared environment among relatives 2> #3434,
The greatest promise of GWAS, however, was to agnostically identify genetic factors
that modify disease, by using a purely statistical approach. In this regard, GWAS have
succeeded #1428 435438 The other main goal was to identify causal genes that would
help elucidate disease biology and potentially improve diagnostics and treatment ¢,
and this brings the question as to whether GWAS results thus far show potential to be
biologically or clinically relevant. Recently, studies based on large-scale collaboration,
meta-analysis and national projects such as UK Biobank % “* are beginning to
demonstrate that genetic factors provide robust and powerful risk estimation across
diseases that is additive to traditional risk factors %4442, In addition, identification of
causal genes affected by statistically associated variants (that are located mostly on non-
coding regions of the genome) is a challenge currently being addressed by taking into
account other data dimensions beyond the DNA sequence. Data integration is a key step
in the post-GWAS era towards the interpretation of non-coding genetic variation. It can
help to both fine-map disease risk loci as well as to improve understanding of human
physiology and disease etiology, so that more effective means of diagnosis, treatment and

prevention can be developed.

8.3 Incorporating genetic risk scores into clinical practice for bet-
ter risk assessment and personalized medicine

In addition to helping us to understand the role of genetics in disease mechanisms,
GWAS results can be used to improve our ability to risk-stratify individuals >* 4.
This thesis showed an example in Chapter 5 of the use of GRSs to study the potential
relevance of CVD susceptibility loci to other vascular beds. Indeed, recent studies have
shown that GRSs may serve not only as prognostic, but also as predictive markers.
The assessment of an individual’s risk for CVDs has the potential to enable development
of individualized treatment strategies, contributing to the progress of precision
medicine *“.

Most recent GRSs have demonstrated significant improvements in performance for

risk prediction in CVD *°. Moreover, costs of genome-wide genotyping are now under
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US$100 per person, and because genotyping chips survey common variants across the
genome, reflecting risk for hundreds of conditions besides CVD, with a single test
it would be possible to predict risk of multiple diseases. Thus, the low cost, strong
prognostic and predictive power of increasly accurate risk prediction are reasons to
consider incorporating genetic information and GRSs into clinical practice *.

We showed in Chapter 6 that hypertension-associated variants are significantly
associated to vascular and cardiovascular hypertension induced outcomes, whereas this
was not observed in the outcome used as control. The aforementioned study did not
manage to capture subsets of tissue-specific regulatory variants that account for greater
risk for tissue-specific outcomes in all outcomes tested. These results could be due to lack
of power in detecting such association given the current study design, or the fact that
only one class of regulatory elements was used, focused on one epigenetic modification.
As data becomes available that maps the regulatory landscape of more tissue types and
focuses on different regulatory elements (highlighted by different histone modifications,
for example), we might be able to identify disease-associated loci that enables us to
generate genetic disease progression profiles.

As the genetic risk of an individual can be detected for a CVD, measures can be taken
to lower this risk by working on modifiable risk factors. Genetic risk for hypertension,
for example, has been shown to be mitigated by a healthy lifestyle *°. Furthermore,
informing at-risk subjects of their genetic risk has the potential to motivate not only
lifestyle changes, but also adherence to prescribed medication to a greater extent than

the classic risk factor information alone .

8.4 Improving CVD biological understanding with data integration

GWAS were an early statistical method to relate genetic variation to diseases and
human traits. The evident follow-up is to focus on the specific regions of the genome
that show significant statistical association, and perform further experiments that can
help understand biological mechanisms or explain disease etiology. Thus, biological
interpretation of genetic variation is a key step of the post-GWAS era, and can only
be enabled by the integration of other data dimensions, such as gene expression,
epigenetic data and genome folding. The evolution of genome sequencing has allowed
the development of protocols and experiments for interrogating features of DNA that
influence its function, at constantly lower costs. This has enabled collaborative projects
such as ENCODE “, Roadmap Epigenomics ® and GTEx ¢ * to make publicly
available a wealth of data on epigenetic modifications, open chromatin, methylation,
expression quantitative trait loci (eQTLs) and “omics” information. In addition,
maps of chromosomal conformation capture that analyze the spatial organization of
chromatin in a cell can inform on the complex interactions between genes and their
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regulatory elements. Integration of all these layers of information with GWAS results is
a critical step towards explaining the contribution of non-coding variation to disease,
identifying potentially disrupted regulatory mechanisms and genes with consequent
altered expression (Chapters 2 and 3 of this thesis).

The complex regulatory machinery of the genome is highly tissue-specific. Although
the regulatory landscapes of a wide variety of cell-types are available on public sources,
the generation of more data on different cell-types will help us understand further the
mechanisms of complex diseases. In addition, the regulatory maps currently available are
not yet complete, given that not all epigenetic marks and their combinations have yet
been identified. Furthermore, how these features work together in concert to regulate
epigenetic mechanisms and gene expression is still unknown . In fact, even our catalog
of discovered genes is still under construction, evolving as sample sizes increase *7. As
our gene and regulatory elements lists evolve, so will the explanation on the genetic
causes of many complex diseases.

Another important aspect to take into account is the changing regulatory landscape
of cells during disease progression. This process also occurs with the chromosomal
conformation inside the nucleus, while conformation capture techniques reflect only
a snapshot in a single time-point '7°. The influence from cell conditions is crucial for
epigenetic modifications, chromatin accessibility, TF binding and consequently gene

448 Thus, a more complete view of regulatory changes in specific cell-types in

regulation
different conditions will enable a better understanding of regulatory elements affected
in disease, and the contribution of genetic variation on increased risk.

Epigenetic studies in cardiovascular medicine thus far revealed a significant number of
modifications affecting the development and progression of CVD . These epigenetic
mechanisms can be employed not only for understanding the pathophysiology of
CVD “%3(Chapter 4 of this thesis), but also its diagnosis and treatment '® **.
Although there is currently no practical application of epigenetics in treatment
in CVDs, histone methylation inhibitors and histone deacetylase inhibitors have
been successful so far in cancer therapeutics, and there are many more examples of
diseases for which epigenetic treatment holds great promise ' %, Targeting these
enzymatic regulators of chromatin modification is also promising for modulating the
transcriptional regulation of genes that are involved in atherogenesis, inflammation,
smooth muscle cell proliferation, and matrix formation *.

Overall, the main contribution of epigenetics in the field of CVDs thus far has been
in elucidating the role that functional variants play in accounting for risk of disease.
Understanding the epigenetic mechanisms underlying disease biology will make a
significant contribution to our understanding of CVDs '. The resulting knowledge from
data integration on post-GWAS analyses may lead to better prevention and treatment,
which in turn may cause a decline in healthcare costs and an improved quality of life.
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8.5 Further experimental steps towards new drug targets

Over a quarter of drugs that enter clinical development fail because they are ineffective™.
Human genetics and large-scale genomics hold great promise on how therapeutic target

validation is approached **

, either by discovery of new drug targets or repurposing of
existing ones, as proposed on Chapter 7 of this thesis.

Bioinformatics analyses and experimental studies have revealed the involvement of genes
affected by GWAS risk alleles in new and different pathophysiological pathways *. The
investigation of the genes and regulatory elements involved in these pathways can enable
translation of risk-related genetic variants to new preventive and therapeutic strategies.
Validation of GWAS findings beyond i7 silico approach is a much-needed step, and
experimental animal and iz vitro models will be required. The most promising follow-
up assay appears to be the use of CRISPR-Cas9 gene editing technology (clustered
regularly interspaced short palindromic repeat (CRISPR) -associated protein 9) “.
This technology has the advantage to be able to insert any form of mutation (single
nucleotide changes, insertion or deletions) with precision and at any given location
0. A repurposing of the CRISPR-Cas9 system has been used to edit the methylation
status of genomic sequences, inducing altered DNA methylation of specific loci altering
gene expression !, Techniques for remodeling chromatin loops with designer CRISPR

tools have also emerged “*

. Genome editing experiments can be designed to reverse
epigenetic changes by targeting intermediate chromatin features, such as accessibility
and structure “°. Targeted manipulation of epigenetic mechanisms via CRISPR-Cas9
can thus be a powerful tool for validation of findings from fine-mapping and integrative
studies, helping elucidate the causal role, if any, of epigenetic marks in a locus-specific
manner '8,

From discovery of statistical associations to fine-mapping and validation, closer
partnerships between academic researchers and pharmaceutical companies will be
required to seize the opportunities that human genetics and genomics offer on drug
target research. Most of this need relies on the fact that the vast majority of relevant
existing data is found in open databases but still often is not interoperable. Integrating
these databases is a critical step to maximize the benefits of such wealth of data, which
is much better done by partnerships involving domain experts than by being tackled
by individual companies ***. Collaborations on data integration and analysis can thus
expand our ability to translate GWAS discoveries into effective disease prevention or
treatment, at low cost and with minimal side effects.
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Summary for the general public
(General Summary in English)

Cardiovascular diseases (CVDs) are the leading cause of death globally. Risk factors were
identified over the past decades, both modifiable and non-modifiable, which increase
the risk of developing CVD. Modifiable risk factors include smoking, hypertension,
obesity, excessive alcohol consumption and stress. Non-modifiable risk factors include
age, sex, and genetics. Genomic research made remarkable progress in the last decades,
identifying thousands of regions in the DNA that increase risk for CVDs and other
diseases. However, the mechanisms through which these genomic regions contribute to
disease are still relatively undetermined. Most of this genetic variation associated with
disease identified so far is located in what are called noncoding parts of the genome.
Noncoding DNA sequences are components of an organism’s DNA that do not encode
proteins. In recent years, parts of the noncoding genome was found to have regulatory
function, affecting expression of the coding genome. A better understanding of this
relationship is important to identify mechanisms of organism development and disease.
Advances in technology made possible to identify the regulatory landscape of different
tissues and cell-types, and this information was made publicly available by projects such
as ENCODE and Roadmap Epigenomics. Integration of this functional information
with genetic associations identified by genome-wide association studies (GWAS) allows
better understanding of disease mechanisms and helps translating this knowledge into
better disease prevention and treatment. In this thesis, I present a set of strategies for
integrating several layers of information on the genome and gene regulation, aiming at
translating GWAS discoveries into better disease understanding and better health care.

In Chapter 2 we used publically available data and bioinformatics tools for interpretation
of DNA variants associated to increased risk of high blood pressure. We identified an
enrichment of these DNA variants in regulatory elements active in cardiovascular tissues
and other tissues of organs affected by high blood pressure outcomes. We also assessed
which genes potentially affected by these risk variants can be considered candidates for
development of new drugs.

In Chapter 3, we integrated several layers of data to identify the possible function of
52 genetic regions influencing myocardial mass, measured by the QRS parameter of
the electrocardiogram (ECG). We demonstrated that regulatory elements that show
differential activity between patients with hypertrophic cardiomyopathy (HCM) and
control donors show more enrichment for QRS-associated variants than regulatory
elements that do not show differential activity in HCM. In addition, we pinpointed
candidate genes and potential mechanisms by which QRS-associated variants account
risk for increased left ventricular mass.

In Chapter 4, we highlighted the contribution of data integration for investigation
of regulation and gene expression in dilated cardiomyopathy (DCM). We identified
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regulatory elements and genes that show differential activity or expression in DCM.
Some of these genes were previously identified in other studies, and our findings
reinforce the evidence of their role in the process of DCM.

In Chapter 5 we investigated whether 6 variants associated to carotid intima media
thickness (cIMT, a biomarker for CVD) and/or plaque presence are also associated to
other CVDs. We found that indeed one of these variants, near EDNRA gene, is also
associated with coronary artery disease (CAD).

In Chapter 6, we investigated whether variants associated to high blood pressure that
implicate specific gene regulation in a given tissue account more risk for an outcome
that affects the tissue tested, compared to other tissues. In the nine hypertension-
induced outcomes tested, three showed higher association of tissue-specific variants
that implicate regulation in the tissue affected by the outcome. These are LV-specific
regulatory variants in DCM, kidney-specific regulatory variants in kidney failure, and
pancreas-specific variants in diabetes.

In Chapter 7, we described a pipeline for identification of new drug targets. We were able
to identify three genes with high potential for drug development: LMOD1, HIPI and
PPP2R3A. We also presented a pipeline for potential repurposing of currently marketed
drugs, by integration of genetic variants that increase risk for coronary artery disease
(CAD) and pharmacological data. This pipeline led to three suggestions of drugs that
were originally developed to treat other diseases, but can be repurposed for treatment of
CAD, saving both time and money in the drug development process.
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Geavanceerde bioinformatica in het post-GWAS tijdperk van
cardiovasculair genoom-onderzoek
(Nederlandse samenvatting)

Hart- en vaatziekten zijn de nummer één doodsoorzaak wereldwijd. De afgelopen
tientallen jaren zijn veel risicofactoren gevonden, welke zijn in the delen in twee groepen:
risicofactoren waar de patiént iets aan kan doen, en risicofactoren die niet door de patiént
te veranderen zijn. Voorbeelden van de eerste groep zijn roken, overgewicht, overmatige
alcoholconsumptie en stress. Voorbeelden van risicofactoren waar de patiént geen invloed
op heeft zijn leeftijd, geslacht en genetische factoren. Over de laatste jaren is enorme
vooruitgang geboekt in het genetisch onderzoek, wat heeft geleidt tot identificatie van
een groot aantal regio’s in het DNA als risicofactor voor hart- en vaatziekten en voor
vele andere ziektes en aandoeningen. Het is echter nog nauwelijks bekend waarom deze
regio’s in het DNA een invloed hebben op deze ziektes. Het grootste deel van deze regio’s
zijn zogenaamde “niet coderende” delen van het DNA; dit is DNA dat niet codeert voor
een eiwit. Sinds enkele jaren is bekend dat sommige van deze niet coderende gebieden
een regulerende rol hebben op genen, waarmee ze de hoeveelheid afgeschreven eiwit
bepalen. Onderzoek naar de relatie tussen het niet coderende deel en coderende deel
van het DNA is belangrijk om meer te leren over biologische mechanismes die voor
ziektes zorgen. Recente technologische ontwikkelingen hebben het mogelijk gemaakt
om regulerende gebieden in het DNA aan te wijzen in cellen in verschillende weefsels
van het lichaam. Veel van deze informatie is vrijelijk beschikbaar, zoals de projecten
ENCODE en Roadmap Epigenomics. Door deze informatie samen te voegen met
informatie over specifieke variaties in het DNA uit zogenaamde genoomwijde associatie
studies (GWAS), kunnen we beter begrijpen hoe ziektes ontstaan. Dit helpt ons
vervolgens in het ontwikkelen van betere preventiestrategieén en behandelingen. In
dit proefschrift presenteer ik een set strategieén om verschillende soorten informatie
over variaties in het DNA en regulatie van genen te combineren. Hiermee wil ik de
vertaalslag maken van genetische varianten die zijn gevonden in GWAS naar het beter
begrijpen van mechanismes die hart- en vaatziekten veroorzaken.

In Hoofdstuk 2 hebben we gebruik gemaakt van publiekelijk beschikbare gegevens
en software voor het interpreteren van varianten in het DNA die van invloed zijn op
bloeddruk. We laten zien dat deze varianten vaker dan verwacht een regulerende functie
hebben op genen in weefsels die te maken hebben met het hart en vaatstelsel. We hebben
vervolgens onderzocht welke genen mogelijk betrokken zijn. Deze kunnen mogelijk
dienen als aanhechtingspunten voor nieuwe medicatie.

In Hoofdstuk 3 hebben we verschillende soorten informatie gecombineerd om de functie
van 52 regio’s in het DNA te bepalen. Deze regio’s zijn geselecteerd omdat ze invloed
hebben op de dikte van de hartspier, gemeten als QRS-complex in een hartfilmpje.
We laten zien dat deze regio’s vaker dan verwacht in gebieden in het genoom liggen
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die een verschil in genregulering tussen patiénten met hypertrofische cardiomyopathie
(HCM) en gezonde controles. Daarnaast hebben we genen en biologische mechanismes
gevonden die mogelijk een causale rol spelen in de dikte van de hartspier.

Ook in Hoofdstuk 4 hebben we verschillende lagen aan informatie gecombineerd om
de invloed van genregulering op gedilateerde cardiomyopathie (DCM) te onderzoeken.
We hebben regulerende gebieden en genen in het DNA gevonden die een verschil in
activiteit lieten zien tussen DCM patiénten en gezonde controles. Een aantal van deze
genen zijn eerder al in andere studies gevonden, wat hun invloed op het krijgen van
DCM benadrukt.

In Hoofdstuk 5 hebben we onderzocht of varianten in het DNA die van invloed zijn op
de dikte van de wand van de halsslagader (cIMT) en op aderverkalking, ook een invloed
hebben op andere vormen van hart- en vaatziekten. We laten zien de al bekende varianten
voor cIMT en aderverkalking ook in ons cohort een relatie met deze aandoeningen laten
zien. Daarnaast laat één van de varianten, dicht bij het gen EDINRA een correlatie zien
met coronair vaatlijden.

In Hoofdstuk 6 hebben we onderzoek gedaan naar varianten in het DNA die invloed
hebben op bloeddruk. Een deel van deze varianten ligt in gebieden in het DNA die
in bepaalde weefsels en organen een regulerend effect op genen hebben. Wij hebben
onderzocht of varianten die genen reguleren in een bepaald weefsel, ook van invloed
zijn op ziektes die te maken hebben met dat weefsel. We hebben negen ziektes getest die
gerelateerd zijn aan een te hoge bloeddruk. Drie daarvan hadden een relatief hoog aantal
varianten in het bijbehorende weefsel, in vergelijking tot andere weefsels en organen. Dit
waren 1) regulerende varianten in het linkerkamer van het hart voor de ziekte DCM,
2) regulerende varianten in de nieren voor nierfalen en 3) genregulerende varianten in
de alvleesklier voor diabetes (suikerziekte) en andere alvleesklier-gerelateerde ziektes.
Dit hoofdstuk laat zien dat er een potentiele rol is van weefselspecificke genregulerende
varianten in het DNA die risico geven op bepaalde ziektes in mensen met een hoge
bloeddruk.

In Hoofdstuk 7 hebben we een methode beschreven waarmee we nieuwe
aanhechtingspunten voor medicijnen kunnen bestuderen. Hiermee hebben we drie
genen gevonden, LMODI, HIPI en PPP2R3A, waarvoor medicatie het risico op
bepaalde hart- en vaatziekten zou kunnen verminderen. Daarnaast beschrijven we
een methode waarmee we onderzoecken welke bestaande medicatie potentieel voor
andere ziektes gebruikt zou kunnen worden. Dit doen we door het combineren van
farmacologische informatie (de exacte werking van alle medicijnen op de marke) en
varianten in het DNA die een verhoogd risico geven op coronair vaatlijden. Op deze
manier hebben we drie medicijnen gevonden die mogelijk ook gebruikt kunnen worden
voor het behandelen van coronair vaatlijden.
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Bioinformatica integrativa em gendémica cardiovascular p6s-GWAS
(Resumo em Portugués)

Doengas cardiovasculares (DCVs) sao a principal causa de morte no mundo. Fatores
que aumentam o risco de desenvolvimento de DCVs foram identificados nas tltimas
décadas e classificados como modificdveis e nao-modificdveis. Fatores de risco
modificdveis incluem tabagismo, pressao alta, obesidade, consumo excessivo de 4lcool
e estresse. Fatores de risco nao-modificiveis incluem idade, sexo e genética. Houve
muito avango em pesquisa genética nas ultimas décadas, o que inclui a identificagao
de milhares de regioes do DNA que representam maior risco para desenvolvimento
de doengas, incluindo cardiovasculares. No entanto, os mecanismos através dos quais
essas regioes contribuem para a doenga ainda sao relativamente desconhecidos. A maior
parte dessa variagdo genética associada a doengas identificada até agora estd localizada
naquilo que é chamado de partes nio codificantes do genoma. Sequéncias de DNA
nao-codificantes nio codificam sequéncias de proteinas, mas nos dltimos anos, foi
descoberto que partes desse genoma nio-codificante tém fungio reguladora, afetando a
expressio do genoma codificante. Uma melhor compreensio dessa relagio é importante
para identificar mecanismos de desenvolvimento do organismo e de doengas. Avangos
tecnolégicos possibilitaram identificar o mapa regulatério de diferentes tecidos e células,
e essa informagao foi disponibilizada publicamente por projetos como ENCODE e
o Roadmap Epigenomics. A integragio desta informagio funcional com associagoes
genéticas identificadas por estudos de associagio gendmica ampla (Genome-Wide
Association Studies, GWAS) permite uma melhor compreensiao dos mecanismos da
doenga e ajuda a traduzir este conhecimento em melhor prevencio e tratamento. Nesta
tese, eu apresento um conjunto de estratégias para integrar vdrias camadas de informagio
sobre o genoma e seus elementos regulatérios, visando traduzir as descobertas de GWAS
em melhor compreensio de doengas e desenvolvimento de melhores intervengoes
terapéuticas.

No Capitulo 2, usamos dados publicamente disponiveis e ferramentas de bioinformdtica
para interpretagio de variantes de DNA associadas a0 aumento do risco de pressio
alta. Observamos que essas variantes tendem a se concentrar em regioes de elementos
regulatérios que estdao ativos em tecidos cardiovasculares e outros tecidos de érgaos
afetados por pressio alta. Também investigamos quais genes potencialmente afetados
por essas variantes de risco tém potencial para serem considerados candidatos ao
desenvolvimento de novos medicamentos.

No Capitulo 3, integramos vdrias camadas de dados para identificar a possivel fun¢io
de 52 regioes genéticas que influenciam aumento de massa miocdrdica, medida pelo
pardmetro QRS do eletrocardiograma. Identificamos elementos regulatérios cuja
atividade é diferente entre pacientes com cardiomiopatia hipertréfica (CMH) e controles.
Demonstramos que variantes genéticas associadas a0 QRS estdo altamente concentradas
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nessas regioes diferenciais, em comparagdo a todas as regides regulatérias identificadas.
Com esses resultados, avancamos em direcio a um maior entendimento sobre como a
variagdo genética associada a QRS perturba a atividade de elementos regulatérios e os
genes que eles afetam, aumentando o risco de hipertrofia cardiaca.

No Capitulo 4, destacamos a contribuicio de integracido de dados para investigagiao
de regulagio e expressio génica em cardiomiopatia dilatada (CMD). Identificamos
elementos regulatérios e genes que mostram atividade ou expressao diferencial em CMD,
comparado a tecido cardiaco sem a doenca. Alguns desses genes foram previamente
identificados em outros estudos, e nossos resultados reforcam a evidéncia de seu papel
no processo de CMD.

No Capitulo 5, investigamos se 6 variantes genéticas associadas a espessura da camada
intima-média de artérias carétidas (EIMC) e presenca de placa nas artérias também estao
associadas a outras DCVs. Descobrimos que, de fato, uma dessas variantes também estd
associada a doenca arterial coronariana, sugerindo que estas DCVs compartilham alguns
dos mesmos mecanismos.

No Capitulo 6, investigamos se as variantes associadas a pressao alta que envolvem
elementos regulatérios especificos em um determinado tecido representam um risco
maior para uma doenga que afeta o tecido em questio, em comparagio com outros
tecidos. Das nove doengas induzidas por pressio alta testadas, trés apresentaram maior
associa¢do de variantes regulatdrias especificas ao tecido afetado pela doenca. Esse foi
0 caso no teste em que as variantes regulatdrias com atividade especifica no ventriculo
esquerdo aumentam o risco de desenvolver CMD, variantes regulatérias especificas
em rim representam mais risco de desenvolvimento de insuficiéncia renal e variantes
especificas em pancreas implicam mais risco de desenvolvimento de diabetes.

No Capitulo 7, descrevemos um método para identificagio de genes que podem
ser considerados para desenvolvimento de novos medicamentos para tratamento de
doenga arterial coronariana (DAC) e infarto do miocdrdio. Identificamos trés genes
com alto potencial para o desenvolvimento de drogas. Também apresentamos uma
série de métodos para o potencial redirecionamento de medicamentos atualmente
comercializados, que foram desenvolvidos para o tratamento de outras doengas,
mas que podem potencialmente serem usados para tratamento de DAC. Integramos
variantes genéticas que representam maior risco para o desenvolvimento de DAC com
dados farmacoldgicos puablicos. Com este método, sugerimos trés drogas que podem
potencialmente ser reaproveitadas para o tratamento de DAC. Com isso, muito dinheiro
e tempo investido em pesquisa e ensaios clinicos sdo economizados no desenvolvimento
de melhores tratamentos para DAC e outras doengas.
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