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Abbreviations and acronyms

AF Atrial fibrillation

AHA/ACC American Heart Association/American College of Cardiology
ARVC Arrhythmogenic right ventricle cardiomyopathy

BAG3 BCL-2 associated athanogene 3

Bpm Beats per minute

BrS Brugada syndrome

CAD Coronary artery disease

CHA2DS2-VASc Congestive heart failure or left ventricular dysfunction, hypertension,
age 275 (doubled), diabetes, stroke (doubled)-vascular disease, age 65—74, sex category
(female) (score)

Cl Confidence interval

CMR Cardiac magnetic resonance

CVD Cardiovascular disease

DCM Dilated cardiomyopathy

DSC2 Desmocollin 2

DSG2 Desmoglein 2

DSP Desmoplakin

ECG Electrocardiogram

EF Ejection fraction

EMD Emerin

ESC European Society of Cardiology

FLNC Filamin C

GWAS Genome-wide association studies

HCM Hypertrophic cardiomyopathy

HF Heart failure

HRS Heart Rhythm Society

ICD Implantable cardioverter defibrillator

ITFC International Task Force consensus statement

KCNE1 Potassium voltage-gated channel subfamily E regulatory subunit 1

KCNH2 Potassium voltage-gated channel subfamily H member 2
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KCNQ1 Potassium voltage-gated channel subfamily Q member 1
LGE-CMR Late gadolinium enhancement in the cardiac magnetic resonance
LMNA Lamin A/C

LPA Lipoprotein A

LQTS Long QT syndrome

LV Left ventricle

LVEF Left ventricular ejection fraction

LVOTO Left ventricular outflow tract obstruction

mITFC Modified International Task Force consensus statement
MTAG Multi-trait analysis of genome-wide association studies
MYBPC3 Myosin binding protein C3

MYH?7 B-myosin heavy chain

N Sample size

NDLVC Non-dilated left ventricular cardiomyopathy

NGS Next-generation sequencing

NMDA N-methyl-D-aspartate

NNT Number needed to treat

NPR3 Natriuretic peptide receptor 3

NRI Net reclassification index

NSVT Non-sustained ventricular tachycardia

OR Odds ratio

PCSK9 Proprotein convertase subtilisin/kexin type 9

PGS Polygenic scores

PITX2 Paired like homeodomain 2

PKP2 Plakophilin 2

PLN Phospholamban

RBM20 RNA binding motif protein 20

RV Right ventricle

RVEF Right ventricular ejection fraction

SCD Sudden cardiac death

SCN5A Sodium voltage-gated channel alpha subunit 5

S.d Standard deviation



SGLT2 Sodium—glucose co-transporter 2

SNP Single nucleotide polymorphism

SRR Serine racemase

TMEMA43 Transmembrane protein 43

TTN Titin

TWI T wave inversion

VA Ventricular arrhythmia

VALOR-HCM A study to evaluate mavacamten in adults with symptomatic obstructive
hypertrophic cardiomyopathy who are eligible for septal reduction therapy

VF Ventricular fibrillation

VT Ventricular tachycardia
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Thesis summary in Catalan

Avaluacio pronostica en les malalties cardiovasculars mendelianes i complexes:
models de prediccio del risc clinic i genomic

Les malalties cardiovasculars (MCVs) contribueixen de forma important a la morbiditat i
mortalitat de la poblacié general. El pronostic de les MCVs pot ser molt heterogeni en
funcié de l'entitat, i fins i tot en individus afectats per la mateixa patologia, variant des
d’un estat asimptomatic fins a la presentacié d’arritmies ventriculars, la necessitat de

transplantament cardiac o la mort.

La base genetica i I’heretabilitat de les malalties cardiovasculars estan ben demostrades,
amb un substrat genétic que abasta des de variants genetiques comunes (SNPs) de baix
risc fins a variants genétiques rares de major risc que contribueixen acumulativament a
I'expressié fenotipica d’una afectacié concreta. En els ultims anys, hem avangat en la
comprensid dels fonaments geneétics de les MCVs, en part gracies a la millora en les
tecniques d’analisi genomic i a la creacié de biobancs que contenen informacié sobre
milers d’individus. Aixi mateix, s’han realitzat multiples esforcos per millorar la precisié
en la prediccié de malaltia i l'estratificacié pronostica de les MCVs mitjangant la

integraciod de factors de risc validats de forma ponderada en models de prediccié clinica.

En aquesta tesi ens enfoquem en la predicciod clinica i 'estratificacié pronostica de les
MCVs, bé a través d’informacid sobre variants genéetiques rares, bé a través de models
de prediccid clinica a partir de puntuacions poligeniques (PGS, de I'anglés polygenic
scores), que integren el valor additiu de I'efecte de SNPs de tot el genoma en relacié a
un fenotip concret, o bé a través de models de prediccié clinica que integren marcadors

demografics i clinics.

A la primera seccié d’aquest compendi presentem el pronostic d’'una serie d’individus
portadors d’una variant rara en el gen BAG3 (p.GIn88*). Els portadors afectats (71%) van
mostrar un fenotip clinic de miocardiopatia dilatada (MCD) amb una alta progressié a
insuficiéncia cardiaca (IC) aguda i xoc cardiogénic a edats joves (57%) que, en alguns
casos, anava precedida de simptomes compatibles amb infeccio viral. La histopatologia
va revelar dany miocardic agut i/o infiltrats inflamatoris en abséncia de marcadors
serologics d’infeccid viral aguda o carrega viral elevada en el teixit miocardic. En aquest

treball concloem que la MCD ocasionada per la variant BAG3 p.GIn88* s’associa a una
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forma de MCD d’alta penetrancia, que condueix a l'aparicié d’IC aguda i a un patrd
histopatologic especific, essent aquesta caracteritzacié potencialment util en la
comprensio de les bases moleculars de la malaltia amb la fi de millorar el tractament

especific de la mateixa.

A la segona seccid, avaluem el substrat poligénic de tres malalties cardiovasculars
comunes: la fibril-lacié auricular (FA), la insuficiencia cardiaca (IC) i la malaltia arterial
coronaria (MAC). L'objectiu del nostre treball fou millorar les estimacions de I'associacio
entre SNP i tret dels estudis convencionals d’associacié del genoma complert (GWAS)
emprant I'analisi multi-tret de GWAS (MTAG), que augmenta la potencia estadistica
d’aquestes associacions mitjancant I’analisi conjunta de trets geneticament
correlacionats. MTAG va permetre el descobriment de 19, 131 i 141 nous loci genétics
associats ala FA, lalCila MAC. En el treball es descriuen els gens possiblement associats
a aquests loci i es destaquen aquells amb vies fisiopatologiques més interessants o bé
amb potencial terapeutic. Les estimacions de I'efecte variant-tret millorades a través
d’MTAG van ser comparades amb les procedents de GWAS convencionals mitjan¢ant
PGS. Els models predictius incloent els PGS derivats dels resultats de MTAG van mostrar
una capacitat discriminatoria i predictiva similar als models emprant PGS derivats de
GWAS convencionals, si bé en la sub-analisi per sexes els PGS derivats de MTAG van
mostrar una millor capacitat discriminatoria i predictiva en dones per a la MAC
[ANagelkerke’s R? 1.735% (Interval de confianca (IC) 95%: 0.609-2.856); index de
reclassificacié neta 0.208 (95% Cl: 0.139-0.277)]. Els models incloent els PGS per a la IC,
van mostrar una prediccid i calibratge deficients que van impedir I'avaluacié de la seva
capacitat discriminatoria. Aquest treball demostra que MTAG és una eina util en el
descobriment de nous loci genétics associats a les MCVs comunes — FA, ICi MAC -, i si
bé no millora la prediccid i discriminacio de I'estatus de malaltia mitjangant I'Gs de PGS
en aquestes malalties en la cohort global si que permet millorar la discriminacid i

prediccié dels PGS per a la MAC en la cohort de sexe femeni.

A la tercera seccid, presentem la validacio externa de la calculadora de risc d’arritmies
ventriculars a la miocardiopatia arritmogenica del ventricle dret (MAVD) en una cohort
de 429 individus amb MAVD [103 amb arritmies ventriculars durant una mitjana de

seguiment de 5.02 anys (2.05-7.90)], demostrant que el model publicat al 2019 és
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adequat per a la prediccid d’arritmies ventriculars. El model inclou de forma ponderada
les seglients variables al moment del diagnostic: sexe, edat, sincope en els darrers 6
mesos, taquicardia ventricular no sostinguda previa, recompte d’extrasistoles
ventriculars, nombre de derivacions anteriors i inferiors amb T invertida i fraccio
d’ejeccid del ventricle dret. En el desenvolupament inicial del model també es va avaluar
el valor predictiu de la fracciéd d’ejeccid del ventricle esquerre que va resultar no
significatiu a I’analisi multivariada. Altres possibles predictors no van ser inclosos en el
model ja que no foren significatius en un metanalisi previ. El model aplicat a la cohort
de validacié externa va mostrar un calibratge i discriminacié adequats [concordanga
entre el risc predit i observat en les grafiques de calibratge, pendent de calibratge: 1.01
(IC 95%: 0.99-1.03), index C: 0.70 (IC 95%: 0.65—0.75)] i un millor benefici de
reclassificacid net per un llindar de risc per sota del 35% respecte als altres algoritmes
recomanats a les guies de practica clinica. Per tant, concloem que la calculadora de risc
arritmic per a la MAVD és una eina valida i Util en la estratificacié pronostica d’aquests

pacients.

En el seu conjunt, aquesta tesi avalua el paper de la genetica cardiovascular en la
comprensié dels mecanismes fisiopatologics subjacents a les MCVs, el valor diagnostic i
pronostic de la mateixa, aixi com el rol dels models de predicci6 de malaltia i

estratificacié pronostica en aquestes entitats.
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Introduction

1. Prevalence, morbidity, and mortality of cardiovascular diseases.

Cardiovascular diseases (CVDs) have a prevalence in the general population ranging from
0.05% in rare diseases such as Brugada syndrome (BrS) (1) to 7.2% in common diseases
such as coronary artery disease (CAD) (2). CVDs encompass a varied spectrum of
conditions that affect the heart and the cardiovascular system, by affecting the
myocardium, and thus the diastolic and/or systolic function of the heart, as well as the
electrical properties of the cardiac tissue which may cause atrial or ventricular
arrhythmias (VAs). When VAs occur, and they are sustained and cause hemodynamic
instability, its most devastating complication is sudden cardiac death (SCD). SCD
represents 50% of cardiovascular deaths, being up to 50% the first manifestation of the
disease (3-5). SCD is mainly related to coronary heart disease in the Western world,
accounting for up to 75-80% of SCD cases. (6) However, the underlying cardiac diseases
associated with SCD vary through lifespan. In the young, primary electric diseases and
cardiomyopathies predominate, as well as myocarditis and coronary anomalies.
However, half of SCD cases from the fourth decade are related to CAD. (7) The annual
incidence rate of SCD is age-dependent, ranging from 2.3 to 21.7 per 100,000 persons in
individuals aged 1 to 35 and 36 to 49 years, respectively, and increasing thereafter
throughout life. (8) The increase in the annual incidence of SCD across lifespan is due to
the increase in acquired heart disease such as coronary heart disease. In the younger
strata, although the overall incidence is low, it may be higher in certain individuals with

congenital or heritable cardiac diseases with onset in the first decades of life.

Nowadays, one of the therapeutic approaches to CVDs is aimed at prevention:
prevention of disease onset in healthy individuals of the general population, i.e., primary
prevention, and prevention of progression of the structural abnormalities and the

severity of symptoms in case the disease already exists, i.e., secondary prevention.

Disease prevention strategies (primary prevention) of great impact can be promoted
from a political and institutional framework, through measures with population impact,

such as pollution control, regulation of toxic substances such as alcohol and tobacco, or
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promoting healthy lifestyles at the population level as facilitation to resources for
physical exercise or through educational programs that favor healthy diet. Likewise, the
health system, with the primary health care as the crucial element, carries out
interventions at the individual level for the prevention and treatment of individual risk
factors for CVD. For example, detecting and treating arterial hypertension or
hyperlipidemia, through support programs for smoking cessation, among other disease

preventing actions.

Regarding other preventive actions in the realm of CVDs, in patients diagnosed with
atrial fibrillation (AF) prophylactic anticoagulant treatment is initiated in certain cases at
high-risk of cardioembolic stroke (9). Likewise, in individuals with heart disease at high-
risk of SCD, such as in some individuals with heritable or acquired myocardial diseases
or some heritable arrhythmic disorders, placement of implantable cardioverter

defibrillator (ICD) is recommended in some at-risk individuals to prevent SCD (10).

Secondary prevention and management to mitigate adverse outcomes differ depending
on the entity. As an example, in patients with left ventricular (LV) impairment and heart
failure (HF), treatment with myocardial remodeling drugs such as beta-blockers, drugs
that intervene in the renin-angiotensin-aldosterone and natriuretic peptide pathways,
and SGLT2 (Sodium—glucose co-transporter 2) inhibitors, are recommended in order to
improve cardiac function and symptoms (11). The instauration of the appropriate
treatment in patients affected with HF will not only improve HF-symptoms but also

reduce their risk of SCD. (12)

The benefit of detecting individuals at risk for a certain event depends on the ability to
detect the event, the potential to intervene (and improve) the course of the disease,
and the harm and benefit of both: the event and the suggested intervention. Overall,
the intervention is effective when we prevent a serious event in individuals at high
susceptibility to suffer it and the harms of the intervention are low. Depending on the
pre-test probability of the event, i.e.,, prevalence, the screening strategy can be
recommended at the population level or in sub-groups of interest. Of note, not all
individuals with an identifiable condition predisposing to a certain event will develop the

event. That is, not all individuals with AF will suffer cardioembolic events and not all
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individuals with certain myocardial diseases or heritable cardiac disorders are at risk of
SCD. Therefore, an effective preventive strategy will require to identify predisposing
conditions and count on risk stratification tools with adequate discrimination and

predictive accuracy.

As an example, individuals with AF have a substantial increased risk of cardioembolic
stroke. (13) In approximately 20% of the individuals that suffer a stroke in association
with AF, AF is first diagnosed at the time of the stroke or shortly thereafter. (14) The use
of screening strategies to detect AF through tools such as the 24-hour electrocardiogram
or devices capable of detecting cardiac electrical signals or irregular beats for
cardioembolic risk assessment and the initiation of prophylactic treatment of
cardioembolic events has insufficient evidence. (15) As mentioned above, an effective
preventive strategy requires appropriate identification of at-risk individuals, and
CHA;,DS;-VASc cardioembolic stroke risk stratification [congestive HF, hypertension, age
>75 years (doubled), diabetes, stroke/transient ischemic attack/thromboembolism
(doubled), vascular disease (prior myocardial infarction, peripheral artery disease, or
aortic plaque), age 65-74 years, female sex category] has been developed from
populations of patients with clinically diagnosed AF, not screen-detected individuals in
which AF may be subclinical and/or low-burden, and in whom the risk of stroke and the

subsequent benefit of prophylactic anticoagulation is under investigation (16, 17).

In the prevention of SCD, specific medical treatment of the underlying predisposing
disease and lifestyle adjustment have been shown to be effective in improving prognosis.
(10-12) To this end, it is necessary to identify individuals with diseases that may
predispose to SCD and initiate appropriate disease-specific treatment. Furthermore,
adequate SCD risk stratification among individuals affected by SCD predisposing diseases
is essential to identify those who would remain at high risk despite appropriate medical
treatment and would benefit from further invasive treatment such as ICD placement.
ICDs have demonstrated to be useful in the prevention of SCD, avoiding this devastating
complication in sometimes very young individuals with no comorbidities other than
those predisposing to SCD. On the other hand, it is important to avoid implanting ICDs
in patients who do not need them, since the implantation of these devices is associated

with a significant rate of complications and adverse effects. (18)
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ICD implantation for secondary prevention of SCD, i.e., in those that have already
experienced a life-threating VA, is generally well supported in most cardiovascular
entities. Among individuals without previous history of VAs (primary prevention),
different strategies are recommended depending on the underlying substrate that may
predispose to SCD. Although there is no evidence of the benefit of mass screening
programs in the asymptomatic general population for preventing SCD (19, 20), as SCD
can still be the first manifestation of a cardiac disease, it is critical to be able to detect
the relatively small, high-risk subgroups. This is the case in those affected with certain
heritable diseases which may be at risk of SCD regardless of their symptomatology. When
these individuals are diagnosed, generally by family screening assessment, adequate
identification of those at elevated risk of SCD remains a challenge. Hence arrhythmic risk
stratification schemes and risk predictive models, such as the hypertrophic
cardiomyopathy (HCM) (21) and arrhythmogenic right ventricular cardiomyopathy
(ARVC) (22) risk calculators, have been developed to help to better identify those that

will benefit from ICD placement.

2. Pathophysiological mechanisms underlying cardiovascular diseases. Concept of

heritability. Rare variants and common variants.

The heritability of CVDs is well demonstrated across the spectrum of the different
conditions and, as such, family history for a specific CVD is a major risk factor for an
individual to develop that disease. Heritability is defined as the proportion of
phenotypical variance explained by the genetic substrate in a population. Heritable
diseases, those with a genetic substrate and therefore transmissible from parent
to offspring, have traditionally been classified as either Mendelian (monogenic) or
complex (polygenic), signifying that an individual’s disease occurrence results from a

single gene perturbation or multiple gene perturbations, respectively.

2. 1 Mendelian cardiac diseases (“monogenic” inheritance)

Mendelian inheritance refers to diseases (or traits) that segregate in a family following
a specific pattern, such as autosomal dominant or recessive. A simple understanding of
Mendelian diseases is that they are monogenic, meaning that they are the consequence
of a single gene genetic variant within a family. Heritable cardiac disorders, specifically
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channelopathies and cardiomyopathies, leading known causes of SCD among young
individuals, have been classically considered to have a Mendelian inheritance. These
include ARVC, HCM, dilated cardiomyopathy (DCM), Brugada syndrome (BrS) and long
QT syndrome (LQTS).

Since the discovery of the first gene related to a familial heart disease, the MYH7
(Myosin Heavy Chain 7) gene for HCM (23), our understanding of the genetic
architecture of heart disorders has markedly improved. The evolution from the
techniques that are able to sequence a small amount of genes (Sanger) to techniques
able to sequence a wide selection of target genes (Next Generation Sequencing, NGS)
to the sequencing of the whole exome and the whole genome has allowed the
identification of a greater number of genes and genetic variants that may contribute to
heritable cardiac diseases, although not all of them have yet demonstrated a definitive
association. That is, variants in hundreds of different genes have been reported in
association with cardiac channelopathies or cardiomyopathies, of which ~45 have

moderate, strong, or definitive evidence for CVD causality (24-29).

The discovery of causal genes and the implementation of genotype testing in clinical
practice have clearly contributed to the diagnosis and management of patients carrying
heritable cardiac diseases and their families. However, in some cases, sequencing
techniques reveal genetic variants in genes lacking a conclusive clinical significance, i.e.,
variants of uncertain significance, thereby rendering uncertain the clinical relevance of

the presence of the variant in non-affected carriers.

It is also important to note that variants with definite evidence of disease causality, i.e.,
pathogenic, are not determinant for disease onset. That is, variants can be pathogenic
but still show “incomplete penetrance.” In this sense, the attribution of heritable
cardiac diseases to a single site genetic variant is an oversimplification of a more
complex phenomenon. In individuals carrying genetic variants associated with familial
heart disease, the proportion of carriers that will develop the disorder, i.e., the disease
penetrance, has been reported to be variable, sometimes because these individuals may
carry variants in distinct genes, although penetrance may be variable even in individuals

carrying distinct variants in the same gene (30).
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Mazzanti et al. (30) the penetrance of LQTS was calculated for each variant for which the study
population included 26 carriers. LQTS 1 variants refer to KCNQ1 (Potassium voltage-gated
channel subfamily Q member 1) gene, LQTS 2 variants to KCNH2 (Potassium voltage-gated
channel subfamily H member 2) gene and LQTS 3 variants to SCN5A (Sodium voltage-gated
channel alpha subunit 5) gene. Depicted in red is the percentage of patients with overt LQTS,
whereas the proportion of patients with concealed LQTS is illustrated in green. This figure nicely
displays how patients carrying variants in the same gene can have highly variable penetrance
and how even in individuals with the same mutation, the variant may or may not be expressed,
implying that other intervening variables come into play to determine the penetrance of the
disease. Abbreviations: LQTS, Long QT syndrome.

Besides penetrance, the spectrum of disease manifestations can be highly variable
among individuals with overt disease - variable expression-, even among individuals
carrying the same pathogenic variant, or even among individuals from the same family,
who carry the same variant and may share other genetic and environmental factors, but

not all of them.
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Although the genotype-phenotype relationship has the aforementioned limitations, it is
important to highlight that the implementation of genetic testing in clinical practice is
useful for detecting which relatives require clinical follow-up in families with genetic
diseases in which the causal genetic variant is detected, and thus avoids follow-up in
first-degree relatives who are not carriers of the causal variant, who in the absence of
genetic testing or with a negative genetic test in the index case, would require medical

follow-up.

2.1.1 Role of genotype testing in prognostic stratification

Beyond the usefulness of genetic testing in family screening, insight into the causal
genetic variants in affected individuals can provide valuable guidance in understanding

the disease as well as its clinical behavior and therapeutic considerations.

In the case of LQTS, for example, variants in genes encoding for distinct ion channels
subunits in the cellular membrane of the cardiac myocyte have been reported. In this
entity, variants in different genes imply a triggering of VAs by different stimuli. For
example, patients carrying pathogenic variants in KCNQ1 (LQTS 1) present arrhythmic
events with adrenergic triggers, whereas those with pathogenic variants in SCN5A (LQTS
3) generally present with arrhythmic events during rest. (31) Likewise, event-free survival
is lower in patients with pathogenic variants in sodium channels compared to those with
pathogenic variants in the KCNQ1 and KCNH2 genes (LQTS 1 and 2, respectively). (31, 32)
In the same way, patients carrying multiple mutations, as in those with Jervell and
Lange-Nielsen syndrome, are known to have distinct phenotype and prognosis. In this
sub-type of disease, the presence of biallelic pathogenic variants in either KCNQ1 or
KCNE1 (potassium voltage-gated channel subfamily E regulatory subunit 1) is associated

with sensorineural deafness, longer QT intervals and worse prognosis. (33)

In the setting of another heritable cardiac disease, DCM, variable expression is also
manifest. For example, a patient with DCM may have different degrees of dilatation and
dysfunction, of the left or both ventricles, dysfunction and dilatation can range from mild
to severe, also dysfunction may be present without dilatation, and these patients may
associate cardiac arrhythmias, or may require treatment for advanced HF such as
ventricular assist devices or cardiac transplantation. The study of rare genetic variants in
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patients with DCM has showed that patients with gene elusive disease have better
prognosis than those carrying causative genetic variants; and that, among carriers, those
patients carrying pathogenic variants in the TTN (titin) gene have a better survival than
those with pathogenic variants in the LMNA (lamin A/C) gene or in desmosomal genes.
(34) Other series have shown that patients with DCM carrying pathogenic variants in
LMNA (35), RBM20 (RNA binding motif protein 20) (36) or in FLNC (filamin C) (37) show

greater predisposition to VAs.

Among other particular forms of presentation in DCM, individuals carrying pathogenic
variants in the DSP (desmoplakin) gene present a form of arrhythmogenic
cardiomyopathy with predominant involvement of the LV, which presents with LV
dysfunction, fibrosis in the LV myocardial wall, and episodes of acute myocardial injury,
which may overlap myocarditis presentation (chest pain, elevated troponins and normal

coronary angiography) (38).

Beyond the affected gene, site-specific variants in a particular gene may confer
characteristic prognosis. Following the examples in DCM, it has been suggested that,
individuals carrying pathogenic variants in the RBM20 hot-spot P-R-S-R-S-P between
p.Pro633 and p.Pro638, which contains crucial amino acids for the protein structure and

function, may show a worse prognosis (36).

The first article of this thesis describes a particular presentation of DCM in patients
carrying a specific variant in the BAG3 (BCL-2 associated athanogene 3) gene, which is

associated with high risk of progressive HF. (39)

2.2 Complex cardiac diseases (polygenic inheritance)

The underlying genetic structure of most common adult-onset diseases remains
incompletely characterized. The binary classification of CVDs in monogenic (or
Mendelian) or polygenic partly stems from the technology and research designs that
were primarily focused on detecting rare high-risk genetic factors (monogenic) through
family-based linkage analysis versus common low-risk genetic factors (polygenic) via
genome-wide association studies (GWAS). However, this naming may still be useful in

clinical practice to guide genetic testing and family screening approaches.

22



GWAS classically investigate the association of common genetic variants, also called
single nucleotide polymorphisms (SNPs) with binary traits/diseases or quantitative traits
using regression methods. For each of the millions of common variants, i.e., allele
frequency 20.5/1%, a P-value of association is reported, together with an effect size and

its standard error.

GWAS experimental design
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Figure 2. GWAS experimental design. Adapted from Palsson et al. (40). GWAS compare allele
or genotype frequencies between individuals with a specific disease (cases) and those without
the disease (controls). GWAS focus on single nucleotide polymorphisms (SNPs), which are sites
in the DNA where individuals may have different nucleotides, e.g., T (for thymine) or C (for
cytosine). The goal is to identify genetic variations associated with the disease. In the figure,a T
variant (red) is enriched in cases compared to controls. Genotypes are determined using a
chemical genotyping method, classically SNP arrays and more recently whole genome
sequencing. In case-control studies, SNP genotyping is performed in both cases and matched
controls. GWAS are also used for quantitative traits (e.g., cholesterol levels), and in that case
linear regression is used to model the relationship between SNP genotypes and the quantitative
trait. GWAS results are typically displayed in Manhattan plots (at the bottom right of the figure),
which show the significance levels on a -logl0 scale against the chromosomal positions of
sequence variants. Association signals appear as peaks, indicating regions with significant
genetic variations linked to the trait of interest. In general, genome-wide association signals are

considered significant from a P-value < 5 x 108,
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In summary, GWAS provide a powerful study design for identifying genetic variations
associated with diseases or traits, and they involve extensive genotyping and statistical

analysis to detect these associations across the entire genome.

Recent large-scale genetic investigations and advanced analytical methods can offer
insights into the most likely genetic architectures of complex traits. (41) Current evidence
suggests that in reality, the genetic makeup of common adult-onset diseases likely exists
on a spectrum, ranging from common low-risk to rare high-risk genetic variants that may

cumulatively contribute to an individual's overall predisposition to a certain condition.

Thus, heritability of complex diseases arises from the contribution of common genetic
variants with small additive effects (with effect sizes typically categorized as small: 1.0—
1.5, moderate: >1.5, and intermediate: >3.0), combined with a relatively smaller
contribution from rare and low-frequency variants with moderate or high effect size in

genes known to be associated with familial forms of the disease. (42)

Variant effect size
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Figure 3. Genetic variants from high (rare) to low effect (common). Adapted from Bai et
al. (43) WES, whole exome sequencing; WGS, whole genome sequencing. In summary, both
statistical modeling predictions and empirical findings from comprehensive genomic studies
reinforce the idea that the genetic architecture of many common adult-onset diseases consists
of a spectrum of contribution from highly penetrant rare variants (linked to familial form
presentations) to the amalgamation of common variants with small effects distributed

throughout the genome, along with a smaller contribution from low-frequency variants with
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moderate effects in genes associated with familial disease (which lead to forms of disease with

less familial aggregation).

Variants with a modest effect, but more common, and variants with a moderate or large
effect, but less common, can coexist, yielding the genetic architecture of the disease
which may interact with additional environmental factors (Figure 4). This genetic
background may vary between individuals of different ancestries, due to the founder
effect and/or the variants that are co-heritable (depending on their location and the rate

of genetic recombination). (44)
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Figure 4. Genetic substrate and disease threshold. Adapted from Cerrone et al. (44)

GWAS have identified several genetic variants in association with complex cardiac
diseases, which in turn have revealed relevant genes involved in cardiovascular
pathophysiology. As an example, in AF, variants clustering on chromosome 4g25, mostly
mapping to PITX2 (paired like homeodomain 2) gene, have demonstrated to increase risk
for AF among carriers. (43) This is the case of the allele rs6817105-C, which provides
increased risk for early onset AF with an odds ratio (OR) of 2.43 [95% confidence interval
(Cl): 2.12-2.78] in individuals with Asian ancestry (45) and increases risk of AF at any age
with an OR of 1.64 (95% Cl: 1.55-1.73) in European individuals. (46) As another example,
in CAD variants mapping LPA gene (lipoprotein A), on chromosome 6, have shown to be
associated with increased risk of CAD [rs140570886-C, OR of 1.92 (95% Cl: 1.68-2.20)]
for CAD. (47) Genetic discovery of loci by GWAS has uncovered and/or reinforced

relevant pathophysiological pathways implicated in CVD, although due to the small effect

25



of these SNPs, individually they do not confer a strong predisposition to the disease with
which they are associated. In contrast, the cumulative effects of all common variants
associated with a given risk/disease by polygenic scores (PGS) have been demonstrated

to be linked to CVD risk (48).
2.2.1 Polygenic scores methodology

PGS aggregate the additive effect of each SNP on a specific phenotype by summing the
effect of each allele multiplied by the dose of risk alleles (0, 1 or 2) present for each
independent locus in an individual. This generates a score for each individual that
separates individuals into different relative risk categories for a particular disease or

event.

Traditionally, methods for constructing scores included only SNPs with significant P-value
(P<5x108). However, we know that genome-wide significant variants only explain a part
of the phenotypical variance of complex diseases while a higher sub-group of variants
might explain a higher proportion of this variance. For example, no single common
variant explains more than 0.1% of schizophrenia risk; genome-wide significant variants
explain only a 3%, whereas ~10,000 SNPs together explain 18% of the variance between
schizophrenia cases and controls. (49, 50) Accordingly, the PGS methodology has evolved
towards the inclusion of more variants, beyond the genome-wide significant threshold,
in the calculation of the scores. Since the sum of the variants implies an independent
additive genetic architecture, PGS methods account for the co-inheritance of certain
variants, i.e., linkage disequilibrium (LD). SNPs and their effects can be included
employing its raw effect or adjusting it according to Bayesian models and specific
hyperparameters. Clumping and Thresholding methods select independent SNP (and
their raw effects) which reach a certain P-value and LD r? thresholds. Bayesian methods,
such as LDpred, its newer version LDpred2 (51), and PRS-CS (52), employ the fraction of
causal variants (which is in correlation with the grade of polygenicity of the trait), and
the heritability of the phenotype in LDpred and LDpred2, to adjust SNP effects according
to a prior distribution specification. These values are usually pre-specified by the
investigator and then the PGS that best predicts the trait in a validation cohort is selected

to be applied in the population of interest in an independent testing dataset. The best
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hyperparameters can also be learned directly from the summary statistics, so PGS
methodologies also implement “auto” methods that allow the calculation of the score

without the need of a validation dataset as in the case of LDpred2 and PRS-CS.

That is, PGS methodology modeling can undergo recalibration of the SNP effects which
may help to address biases in effect sizes, which are often inflated in the initial discovery
cohort. It could also entail accounting for multiple linked variants within each disease-
associated locus, re-evaluating effect sizes for a specific sub-phenotype of interest or
adjusting for ethnic or demographic factors that could impact the generalizability of the

models. (42)

PGS methodology
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Figure 5. Polygenic scores methodology scheme. AUC, area under the curve; B, beta; PGS,

polygenic score.

The units of the GWAS effect sizes determine the units of the PGS. In binary traits, i.e.,
case/control phenotype, PGS values are computed in relation to a hypothetical individual
with the non-effect allele at every SNP, and, thus, they provide a relative estimate of risk

rather than an absolute estimate.

While PGS are not yet integrated in routine clinical care, they have proven to be useful
in the identification of individuals at risk of complex diseases, equivalent to risk
attributable to “monogenic genetic variants” (48). Khera et al. demonstrated that a PGS

in coronary heart disease, derived from a GWAS including 60,801 cases and 123,504
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controls, identified 20 times more individuals with a comparable or greater risk than

that found for familial hypercholesterolemia rare genetic variants. (48, 53)

2.2.2 Mendelian diseases are not only monogenic

Beyond the usefulness of PGS in complex diseases, recent data have demonstrated a
significant contribution of common genetic variants also in the so-called Mendelian
diseases. (54-56) In this more comprehensive paradigm the presence of a “pathogenic
variant” is not always necessary or sufficient for phenotypic manifestation, but the
disease may manifest under near monogenic, oligogenic or polygenic models (Figure 4).

(57, 58)

In heritable cardiac diseases, the understanding of the contribution of polymorphisms
may help identifying molecular subtypes of disease and the variability in disease
expression, which could prompt more accurate risk stratification. In this setting PGS can
be a valuable predictor of disease prognosis in individuals carrying high-risk rare genetic

variants, either alone, or in combination with clinical predictors.

As an example, among carriers of pathogenic genetic variants for LQTS, modulatory
variants may contribute to disease expression, such as is demonstrated with the KCNE1
variant p.Asp85Asn (rs1805128), which increases QT duration by 7.42ms per minor allele
(59). Likewise, multiple polymorphisms with a modest effect can jointly modify disease
expression as demonstrated in a study by Turkowski et al., in which a PGS including 61
SNPs previously associated with QT duration was significantly associated with increased
QT duration in KCNQ1 (LQTS 1), KCNH2 (LQTS 2) and SCN5A (LQTS 3) variant carriers with
no differences in the PGS effect according to the affected gene, and no prognostic
impact of the PGS (no association with the occurrence of symptoms or events, n=423
patients, mean age at the end of the study 35.6116.9). (60) In another study only
including KCNH2 pathogenic variant carriers, an analysis of the cumulative effect of 6
SNPs located in the NOSIAP gene by means of a PGS uncovered a strong linear
relationship between NOS1AP-PGS and the QTc-interval (P=4.2x107). Furthermore,
individuals in the lowest quartile of the NOS1AP-PGS had a lower relative risk of cardiac

events compared with those in the other quartiles combined (P=0.039) (61).
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Figure 6. Genetic variants from high (rare) to low effect (common) in LQTS. Image from

Ingles et al.(62)

To add flexibility to the genetic makeup of CVDs, we could reframe the previous vision
of the KCNE1 variant p.Asp85Asn as a modifying variant to a low-penetrance low-
frequency variant that could, in turn, be modulated by other genetic or nongenetic

factors such as QT-prolonging drugs. (44, 62)

Similarly, in a different disease such as HCM, a recently published investigation has
provided a PGS (PGSkcwm) that is associated with maximal LV wall thickness (maxLVWT).
In this study, each standard deviation (s.d.) of the PGSncm increase corresponded to a
clinically relevant 1.4 mm absolute increase in maxLVWT. In this case, the PGSncv was
also associated with adverse clinical events (a composite of septal reduction therapy,
cardiac transplantation, sustained VA, SCD, appropriate defibrillator therapy or AF/atrial
flutter), where each s.d. increase in PGSncvm was associated with a 28% relative risk
increase in adverse clinical events [hazard ratio 1.28 (95% Cl: 1.06—1.54), P=9x1073]. (55)
Similarly, another study (63) demonstrated that a 1 s.d. unit increase in another PGS in
HCM patients conferred a 0.71 £ 0.35 mm increase in maxLVWT (P=0.048) in carriers of
MYBPC3 truncating variants (n=232) and a 0.73 + 0.36 mm increase (P=0.037) in carriers
of MYH7 missense variants (n=186). The most frequently observed pathogenic variant in
HCM, MYBPC3 p-Arg502Trp, was associated with a larger PGS effect size: 1.61 + 0.80 mm
increase per 1s.d. unit increase in the PGS (n=48). These findings support the fact that

the expression of the disease depends on monogenic and polygenic interaction, with
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different contributions of the cumulative effect of common variants which may be gene

and even variant specific.

Interestingly, in patients with clinically well-defined disease but not carrying rare genetic
variants, greater influence of the cumulative effect of common polymorphisms
(polygenicity) has been observed for LQTS(54), BrS (64) and HCM. (63) This underlying
polygenic substrate may be captured by PGS and help to clarify susceptibility to disease
among relatives and identify those who will benefit from clinical follow-up. Currently,
clinical follow-up is recommended for almost lifelong in first-degree relatives of
heritable cardiac disease patients, thus, implementation of PGS would allow to restrict
it only to those with high scores. However, whereas gene-elusive cases can be due to
polygenic inheritance, some might be linked to rare variants that have not been
captured by clinical genetic testing including deep intronic variants affecting splicing,

variants in regulatory regions, and variants in yet to be identified genes. (65)

PGS have emerged as a useful tool to assess the susceptibility to certain pathologies,
allowing through a single measurement and with the information present from birth the
screening for multiple conditions at once. Considering this framework in relation to the
genetics of CVDs, PGS analyses can be used to predict disease-status or to point out in
which individuals there is a greater pre-test probability of diagnosis, to ascertain
diagnosis, to assess prognosis and to improve accuracy of clinical predictive models, and

to contribute in disease-profiling in order to assess therapeutic response.
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Figure 7. Potential applications of PGS at different points in the natural course of the
disease and the diagnostic-therapeutic process. CAD, coronary artery disease.
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On the process of evaluating the usefulness of PGS, it is important to consider how they
are calculated and reported and how their clinical utility is assessed. Once the PGS has
been calculated typically a regression is performed in the target sample, with the PGS as
a predictor of the target trait and inclusion of covariates as appropriate. (66) The
association between PGS and outcome can be measured with standard association or
goodness-of-fit metrics, such as the P-value derived in testing a null hypothesis of no
association, phenotypic variance explained (R?), effect size estimate (beta or OR) per unit
of PGS or between specific strata (e.g., high- versus low-risk individuals), or with
measures of discrimination in disease prediction, such as the area under the receiver
operator curve (AUC), the net reclassification index (NRI) and the integrated

discrimination improvement.

There are many options on how PGS can be reported, including just indicating whether
an individual has a score at the extreme high tail of the distribution (i.e., a binary report
of identified/not identified as at high risk), or report of a continuous variable such as the

PGS percentile, and report relative or absolute risk being the later the preferred option.
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Figure 8. Contrasting risk stratification versus risk prediction. This figure from Torkamani

et al. (42) illustrates the distinction between the usefulness of risk data for only ordering
individuals according to their risk or informing both, risk strata and absolute risk of disease. In
the middle of the diagram, two hypothetical models (A and B) are presented, with the vertical

positioning of human figures representing the likelihood of an individual having or developing a
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disease. When we compare these two models, the relative proportion of individuals with the
disease (depicted in black) to those without it (depicted in blue) is approximately the same. In
other words, the vertical alignment of the black figures relative to the blue ones is similar in both
models, resulting in receiver operating characteristic curves with roughly equivalent area under
the curve values. However, a significant difference exists in the absolute vertical placement of
all figures, especially the highest-risk individual depicted in black, between the two models. This
discrepancy leads to distinct conclusions regarding the utility of each model, as illustrated on
the right side of the diagram. Specific thresholds for identifying individuals with a high or low
risk of disease would vary depending on the specific disease and the balance between the risk
and benefit of intervention. It is important to note that in this hypothetical example, altering
disease probabilities for individuals at the extreme ends of the distribution does not significantly
impact area under the curve measurements. However, it does result in varying implications for

the utility of risk estimates.
2.2.3 Derivation data for polygenic scores.

2.2.3.1 Genetic substrate overlap across traits: Concept of endophenotype and

pleiotropy.

PGS can be directly derived from a GWAS corresponding to the trait/disease under study
or from an endophenotype of that trait/disease. An endophenotype is a heritable,
qguantifiable trait or characteristic that is intermediate in nature and believed to be
related to a specific genetic component of a complex and multifactorial condition. These
traits are often used in genetic research to help to identify the underlying genetic factors
that contribute to the development of a particular condition. Quantitative
endophenotypes are intrinsically more potent traits for genetic association studies
compared to binary disease status, and they are frequently more accessible to be

assessed.

In this sense, risk factors of certain diseases can be employed in their prediction. For
example, a variant that increases low-density lipoprotein (LDL) cholesterol may also
have corresponding downstream effects on coronary heart disease risk due to the causal

relationship between these two traits. That variant exhibits "vertical" pleiotropy.
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Vertical pleiotropy has been conceptualized and measured by explicit genetic methods
such as Mendelian randomization. In contrast, a genetic cause that directly influences
multiple traits, without one trait being mediated by another, would show "horizontal"

pleiotropy. (67)
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Figure 9. Depiction of vertical versus horizontal pleiotropy.

Following the endophenotype concept, the susceptibility to a certain disease can be a
consequence of a heightened expression of a pathophysiological pathway or be the
result of the cumulative effect of concurrent mechanisms, where the disease is an
extreme form of the trait, i.e., the LQTS that can be perceived as the maximum
expression of the mechanisms that lead to longer QT duration. This approach
understands cardiovascular traits and diseases as a continuous spectrum underlying
shared mechanisms; SNPs predicting an intermediate trait - endophenotype - are thus

used to predict the disease - corresponding to an extreme form of the trait.

These shared pathways across different traits and diseases may be differentially
involved as recently demonstrated by Tadros et al. (55) In this work, it is shown how
previously identified lead risk alleles (rs10927875-C and rs2234962-T) predisposing to
DCM (68) were found to be protective for HCM. Both loci were also found to be
associated with LV ejection fraction (LVEF) in the general population (69), for whom
DCM risk alleles decrease LVEF (contractility), while HCM risk alleles increase LVEF. This
data indicates that genetic loci underlying variability of LV function in the general

population may be differentially involved in susceptibility to HCM and DCM.
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2.2.3.2 Genetic substrate overlap across traits: How to leverage shared genetic structure

to improve GWAS estimates.

A useful tool to capture overlapping mechanisms across different traits/diseases is
genetic correlation. This genetic overlap can be in turn used to leverage SNP to trait
GWAS associations. Multi-trait analysis of GWAS (MTAG) is able to combine the effect
of genetically correlated traits to improve trait-specific effect estimations. MTAG uses
an inverse variance weighted meta-analysis, which employs the variance of the effect
estimators of each study as a weight to combine the traits and adjust results according
to the genetic correlation matrix to output trait-specific association statistics. The
methodology employed, allows the inclusion of GWAS summary statistics from

overlapping samples as an input in the analysis. (70)

GWAS have been successful in identifying thousands of associations between common
genetic variation and human complex traits and diseases. However, a very large
proportion of the phenotypic variance explained by significant SNPs remains

unexplained for the vast majority of human traits and diseases. (71)

One of the main limitations of GWAS is that since the effects of each predictor element
(SNP) on the outcome or phenotype of interest is small, large populations with
thousands or even millions of individuals are needed to be able to detect significant
associations and precision in the measurement of the effect. In this sense, MTAG, which
enhances SNP to trait associations, has demonstrated to be useful in the discovery of
new genomic loci and new pathophysiological pathways and in establishing more

accurate genomic prediction. (70)

In the second article of this thesis, we employ MTAG enhanced SNP-phenotype
associations for the discovery of new loci and relevant pathophysiologic pathways
involved in three common cardiac diseases such as AF, CAD, and HF; and to test whether

MTAG derived PGS increase predictive ability and discrimination in common CVDs.
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3. From risk/prognostic factors to clinical models

3.1 Predictive models in common cardiovascular diseases

Prevention of CVD requires early identification of individuals at risk in order to apply
appropriate primary prevention measures, such as dietary, lifestyle or pharmacological
treatment. Over the past two decades, numerous prediction models have been
developed, which combine multiple predictors each with a given weight within the score,
the calculation of which places each individual in a particular risk stratum, implying a
specific event probability. A large number of these models have focused on the

prediction of CAD.

Estimation of risk of major cardiovascular events, including recurrences, serves as a
valuable tool for patient education. These estimations empower patients to better
understand their personal prognosis, leading to increased health motivation and
improved adherence to prescribed therapies. Moreover, individual risk assessment plays

a crucial role in guiding medical decision-making regarding preventive treatments.

In particular, individuals deemed to be at high risk stand to gain greater benefits from
preventive treatments, such as cholesterol-lowering and blood pressure-lowering
interventions. (72) High-risk patients experience more substantial absolute risk
reduction, resulting in a lower number needed to treat (NNT) for any form of preventive

treatment. (73)

The scores recommended in the 2021 clinical practice guidelines on cardiovascular
prevention of the European Society of Cardiology (ESC) (74) are compiled in the U-
Prevent platform interactive website. U-Prevent encompasses risk calculators for all
categories of patients: the SCORE2 for European apparently healthy individuals (75), and
a competing risk-adjusted elderly-specific score for people over 70 years, the SCORE-OP
(76) , the ASCVD for North-American apparently healthy individuals (77), the ADVANCE
risk score for patients with type 2 Diabetes Mellitus (78) and the SMART risk score for

patients with previous vascular disease (79).
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Furthermore, U-Prevent introduces innovative lifetime risk algorithms specific to each of
these patient categories. These include the LIFE-CVD model for apparently healthy
individuals aged 45-80 years (80), the DIAL-model designed for diabetes patients aged
30-85 years (81), and the SMART-REACH model tailored to vascular patients aged 45—-80

years (82).

In addition, lifetime models provide lifetime treatment effect estimators for common
preventive interventions such as blood pressure lowering, lipid lowering, and platelet
aggregation inhibition which may facilitate shared decision-making regarding the

initiation or discontinuation of cardiovascular preventive therapies.

According to the 2021 ESC guidelines on cardiovascular disease prevention (83), lifetime
calculators can be particularly beneficial as educational aids for individuals under 50
years of age. However, it is anticipated that these calculators can also enhance patients'
understanding of their cardiovascular prognosis and increase motivation for therapy in

individuals over 50 years old.

Certain patient groups can derive significant benefits from lifetime estimations of
cardiovascular prognosis and treatment effects. Younger patients might have a
seemingly low 10-year risk due to their age, even if they have significant risk factors such
as hypertension or hyperlipidemia. However, this low 10-year risk might obscure a
substantially high lifetime risk. Conversely, older patients may have a naturally elevated
10-year risk, but the potential benefit of preventive treatment could be limited by their

shorter life expectancy.

As an example, a 40-year-old male, with total cholesterol 7.0 mmol/L (272 mg/dl), LDL
4.4 mmol/L (171 mg/dL) and HDL 1.8 mmol/L (69 mg/dL) and no other comorbidities
has a 1.6% 10-year risk SCORE2 (low-risk). In this setting, the treatment goal for LDL
cholesterol would be < 100mg/dl, thus, initiation of treatment would be indicated. This
same individual has a LIVE-CVD score of 31.3% which would be reduced to 12.2% with
aggressive statin treatment (e.g., atorvastatin 80mg daily). When we check the CVD-free
life years in the lifetime score model, the median life expectancy without vascular
disease is 87 years old which increases to 89 years old with the treatment. The use of
statins in this individual would then increase life expectancy free of events by two years,
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but at a very advanced age in which maybe some other comorbidities may have
appeared. Moreover, the use of statins, specially when using high doses and when
started from young age, may predispose to diabetes mellitus (84, 85) and other well
known side effects as myopathy. Therefore, even with the availability of all the

abovementioned models, the benefit of treatment is not always so obvious.

In addition to age-related source of bias there is also an ancestry-related bias in risk
estimation. Using data from the United Kingdom, it is recommended to apply specific
correction factors when assessing CVD risk with risk calculators in individuals with

African and Asian ancestry. (86)

Prediction models currently recommended in the clinical practice guidelines do not
include PGS. PGS could contribute prognostic stratification, mainly because they can
capture metabolic profiles with age-dependent penetrance that have not yet manifested
and thus be especially valuable in the prediction of lifetime risk in the young. For
example, in the case of the same patient discussed previously, in a scenario in which PGS
would have proven their clinical utility, a high PGS would support the therapeutic
intervention, e.g., treatment with statins, and a low PGS could support the decision of

not initiating statins to avoid unnecessary side effects.

Regardless of the promising predictive ability of PGS in CAD (48), to investigate whether
they capture pathophysiological underpinnings independently of risk factors included in
the current models and to estimate the added value of PGS, we need to interrogate their
usefulness in relation to already validated prediction models as well as to assess their

implementation in relation to the current standard of care.

The clinical application of PGS may be particularly interesting if we consider that one of
the main limitations of current predictive models is that they provide a snapshot of the
risk of the individual at a given time, requiring iterative risk reassessment. PGS have the
advantage that they require a single measurement and are likely to capture the potential
risk of multiple disease risk factors in combination even before they manifest
themselves. In patients with intermediate or high PGS this information can help us to
decide on a closer clinical follow-up and to institute therapeutic measures when
appropriate.
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In other cardiovascular entities such as AF, several predictive measures have been
suggested for anticipating the onset of AF, yet none have yet been extensively adopted
in clinical settings. The CHARGE-AF (87) consortium published a 5-year predictive model
derived from three cohorts from the United States which integrates predictors such as
age, ancestry, height, weight, systolic and diastolic blood pressure, current smoking
status, use of antihypertensive pharmacological treatment, diabetes mellitus, history of
myocardial infraction and HF. Recent research denotes that the CHARGE-AF score
provides good discrimination to predict incident AF. (88) The implementation of the
CHARGE-AF score within clinical practice and the impending utilization of mobile health
technologies and smartwatches to detect AF could likely yield improved prediction and
more effective cardioembolic stroke prevention among individuals at high risk. (88)
However, as mentioned before, risk stratification and benefit of anticoagulation in
subclinical AF is under current investigation. AF and stroke PGS, in combination with
clinical models and health technologies, can help to predict individuals at higher risk of
AF-related cardioembolic events, allowing the definition of a target population in which
screening measures have a higher vyield, i.e., identify proarrhythmogenic and

prothrombotic factors in one shot.

Despite all the expectations raised, PGS still have many limitations. Of those, it is
particularly worrying that available data to derive PGS mostly comes from European
ancestry populations, thus limiting transferability and guaranteed effectiveness in other
populations, which may increase healthcare disparities. (89) In addition, PGS are limited
to additive effects of genomic variants on the phenotype of interest and do not account
for other type of genetic and DNA-environment interactions that may trigger or silence

the underlying genetics.

3.2 Predictive models in heritable cardiomyopathies

Risk prediction models have demonstrated to be also useful among cardiac diseases
classically considered as monogenic or Mendelian. One of the most feared complications
in patients with these entities is SCD. As mentioned above, there are lifestyle
modification and/or pharmacological measures that have been shown to be effective in

the prevention of SCD. When these measures are insufficient, ICD implantation may be
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necessary in high-risk individuals. In the field of cardiac cardiomyopathies, there is
consensus that there is a high risk of SCD in patients who have already had a severe
arrhythmic episode, and that in this case ICD implantation is beneficial in preventing SCD.
The challenge appears when stratifying risk in individuals who have never had an event
but are at high potential risk of it. When the prevention of SCD involves the implantation
of an ICD, it is important to bear in mind that it is an effective treatment but associated
with a high rate of complications, so that the harm derived from implantation in patients
who are not at real risk can on some occasions outweigh that inherent to the baseline
condition if we do not stratify accurately. Thus, we need stratifying tools with high
sensitivity and high specificity to adequately protect at-risk individuals while avoiding

unnecessary ICD implantation.

3.2.1 Arrhythmic risk stratification in dilated cardiomyopathy and non-dilated left

ventricular cardiomyopathy

In recent years, multiple efforts have been made to combine the weighted value of risk
factors through clinical prediction models. In the case of cardiomyopathies, and
specifically in DCM and non dilated LV cardiomyopathy (NDLVC), there is growing
consensus that LVEF alone does not adequately stratify all genetic and molecular
subtypes of disease. DCM is defined by LV dilatation, usually accompanied by
dysfunction, and NDLVC is defined by LV dysfunction (LVEF < 50%) without dilatation,
potentially with the presence of abnormalities in late gadolinium enhancement in the
cardiac magnetic resonance (LGE-CMR) imaging sequences. The treatment of these
entities is mainly based on pharmacological agents that improve myocardial remodeling
and prevent and ameliorate HF symptoms, and on the treatment and prevention of atrial
and VAs, including appropriate risk stratification of SCD. Traditionally, individuals with
DCM/NDLVC and LVEF < 35% were those considered at high risk of SCD. Current evidence
suggests a pivotal role of LGE-CMR in the reclassification of DCM and NDLVC SCD risk
groups (90, 91), with the identification of patients at risk of VA even with LVEF >35% and
high-risk LGE-CMR pattern, and at not so high risk even with LVEF < 35% in the absence
of high-risk LGE-CMR pattern (91). Future efforts that combine the LGE-CMR pattern with
the presence of pathogenic variants in genes associated with high arrhythmic risk will

certainly be useful in risk stratification of DCM. In the case of high-risk genetic subtypes
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[LMNA, EMD (Emerin), TMEMA43 (transmembrane protein 43), DSP, RBM20, PLN
(phospholamban), FLNC-truncating variants] there is evidence of increased arrhythmic
risk even with LVEF > 35%, although genotype alone is not sufficient to predict
arrhythmic prognosis, and risk factors in addition to LVEF such as sex or the presence of
non-sustained ventricular tachycardia (NSVT) or ventricular extrasystole count may play
a role. In this regard, risk models such as the LMNA-risk-VTA (92) have been developed.
This model aims to stratify the risk of SCD by integrating clinical variables as well as
information on the mechanism of the deleterious variants in the LMNA gene. A similar
approach, the PLN risk calculator, aims to stratify arrhythmic risk among carriers of the

p.Arglddel variant in PLN (93).

3.2.2 Arrhythmic risk stratification in hypertrophic cardiomyopathy

In another cardiomyopathy, HCM, similar efforts have been undertaken with the
development of the HCM Risk-SCD (21), a tool that has been assessed in multiple
geographically diverse cohorts (94-99) -European, American, and one Asian - and in a

meta-analysis of some of these published cohorts. (100)

HCM is defined by an increase in LV thickness (> 15mm, or > 13mm in relatives or carriers
of pathogenic variants), with or without right ventricle (RV) hypertrophy, which is not
solely explained by abnormal loading conditions. Mutations in eleven genes encoding
sarcomere-associated proteins have been demonstrated to be causative for HCM. (28)
MYH7 and MYBPC3, encoding B-myosin heavy chain and myosin binding protein C3,
respectively, are the two most common genes involved, together accounting for about
50% of the HCM families. In approximately 40% of HCM patients the causal genes remain
to be identified. (101) The treatment of HCM is focused on treating the possible diastolic
dysfunction derived from the increase in myocardial LV thickness, to the reduction of the
dynamic obstruction of the outflow tract of the LV (if present), and to treat atrial
arrhythmias and VAs that develop in a myocardium with myocardial disarray, and with

eventual fibrosis.

SCD is a devastating complication of HCM, which can sometimes occur in asymptomatic
individuals or those with few symptoms. Although SCD occurs at an annual rate of less
than 1%, (102) there is a subgroup of patients at increased risk. Because HCM is a disease
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with a heterogeneous presentation, identifying the subgroup of patients at risk for life-
threatening arrhythmias is crucial. Primary prevention HCM-SCD risk stratification

algorithms and tools by established risk factors are depicted in Table 1.

AHA/ACC HCM SCD- ESC 2014 AHA/ACC ESC 2023
2011 risk score (104) 2020 (106)
(103) (21) (105)
X v Ve Considered V4
Age (cont.) (see note)?
Class llb3 Vv VA Class llb3 VA
NSVT (Class lla if
additional
RM?)
W h h Class lla NE] VAL Class lla N
ypertrophy
(230mm) (cont.) (230mm)
Abnormal blood Class IlIb X l1b® X X
pressuret (Class llaif
responée o additional
exercise RM?)
Class lla N4 VA Class lla N4
Family history of (if multiple and at
Scb young age, llb) ®
Unexplained Class lla v Ve Class lla V!
syncope
LV outflow tract Considered as N4 V! X N
gradient RM (cont.)
X v NE X 1
Left atrial size (cont.)
X X X lla b
LVEF
(£50%) (< 50%)
Considered as X X Ib b
LGE-CMR RM
(= 15%) (= 15%)
Considered as X X lla X
LV apical RM
aneurysm
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Table 1. SCD-risk factors included in the risk stratification algorithms and tools for
primary prevention of SCD and indication of implantable cardiac defibrillator in adult
patients with HCM. Levels of recommendation: class lla, implantable cardiac defibrillator is
reasonable/can be useful; class llb, implantable cardiac defibrillator (ICD) may or might be
reasonable/may or might be considered.

Abbreviations: AHA/ACC, American Heart Association/American College of Cardiology; Cont.,
continuous; ESC, European Society of Cardiology; LGE-CMR, late gadolinium enhancement on
cardiac magnetic resonance; LV, left ventricle; LVEF, left ventricle ejection fraction; NSVT, non-
sustained ventricular tachycardia; RM, risk modifiers.

'As per HCM-SCD risk score estimated risk: = 4 and < 6%, class Ilb; > 6 %class lla.

2In the guidelines, it is stated that due to the very low SCD rate observed in individuals >60 years
old with HCM, the risk stratification algorithm is most applicable to individuals below this age.
3According to AHA/ACC 2011 guidelines NSVT are more relevant for individuals < 30 years old.
According to AHA/ACC 2020 the previous applies in addition to greater value of NSVT as a
predictor if frequent, longer, and faster runs.

4Risk modifiers: LGE-CMR, LV apical aneurysm and genotype. LV outflow tract obstruction is
considered an increasing risk modifier in patients with NSVT but renders uncertain utility of ICD
in patients with HCM with an abnormal blood pressure response.

>Caution applies if hypertrophy > 35mm as the HCM-SCD risk score does not perform well in this
category.

8If HCM SCD-risk score < 4% and abnormal blood pressure or If history of SCD in multiple relatives
and at young age decisions on ICDs must be made on an individual basis.

Of note, genotype was considered a risk modifier in 2011 but current evidence suggests that
there is no conclusive information confirming that specific sarcomeric variants independently
contribute to the prediction of SCD. (106)

There is agreement that there is a correlation between the sum of risk factors and the
incidence of SCD but individual risk factors in isolation have poor positive predictive
value for SCD and the simple summation model has a relatively poor predictive
performance (103) and leads to the implantation of ICD in low-risk HCM individuals

(107).

In light of the overestimation of risk reported for the 2011 American Heart
Association/American College of Cardiology (AHA/ACC) guidelines (positive predictive
value 9.8% at 1 year and 10.5% at 5 years; negative predictive value 94.1% at 1 year and
94.6% at 5 years) resulting in unnecessary prophylactic ICD implantation in a substantial

number of patients (107) new strategies have been suggested.
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Appropriately identifying patients that will benefit from and ICD is mandatory as these
devices are associated to a significant rate of complications, especially among young

individuals as is the case for HCM patients at highest risk for SCD. (18)

To overcome these limitations, O’Mahony et al. developed a new score based on a
multicenter, retrospective cohort study that included 3,675 individuals in which risk
factors independently associated with SCD in at least one multivariate study analysis
were evaluated. The final Cox proportional hazards model was used to generate an
online calculator [http://www.doc2do.com/hcm/webHCM.html] designed to provide
individualized 5-year risk estimates for SCD. See variables included in Table 1. In this
score, unlike previous recommendations, age, myocardial thickness, left atrial size, and
LV outflow tract gradient are treated as continuous variables (accounting for a continuum
of risk) instead of binary. (100) Internal validation showed calibration slope of 0.91 (95%
Cl: 0.74-1.08), C-index of 0.70 (95% Cl: 0.68-0.72), D-statistic of 1.07 (95% Cl: 0.81-1.32),
depicting a number of ICD needed to implant to avoid 1 SCD of 16 when using an

estimated risk threshold > 4%.

The 2014 and 2023 ESC Guidelines use the model to generate consensus-based
recommendations for ICD implantation (104, 106) where ICD placement is
recommended in individual patients with an estimated 5-year risk of SCD > 4 or > 6%
(level of recommendation class llb and lla, respectively). The defined cut-off for
recommending ICD implantation is an arbitrary value that has been assumed by

balancing medical and socioeconomical criteria.

Concerns about the sensitivity of the HCM-SCD risk calculator as compared with the
2011 AHA/ACC guidelines were raised in a study of 1,629 patients previously risk-
stratified according to the AHA/ACC guidelines. The authors found that the calculator
had adequate specificity, but poor sensitivity compared to the AHA/ACC
recommendations, remarking that only 40% of individuals that had events at any time
during the follow-up had a score > 4-6%. (99) However, in a global validation study
published in 2018 (n=3,703), (99) 64% of patients with events within 5 years of baseline
evaluation had a HCM SCD-risk score > 4-6% in the complete case analysis, and SCD was

observed in 1.4% of individuals in the low risk group (estimated 5 year risk < 4%) and in
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8.9% of individuals in the high risk group (estimated 5 year risk > 6%). This validation
study revealed a calibration slope of 1.02 (95% Cl: 0.93-1.12), C-index of 0.70 (95% Cl:
0.68-0.72), and D-statistic of 1.17 (95% Cl: 1.05-1.29). The NNT of ICD required to save
one live was 13. So even if the algorithm depicted good performance, still 12

unnecessary ICDs were needed to protect 1 patient.

Vriesendorp et al. showed a C-index of the HCM SCD-risk score of 0.69 (95% Cl: 0.57-
0.82), which performed significantly better than the conventional risk factor model
based on the 2011 guidelines [C-index of 0.60 (95% Cl: 0.50-0.70)] in a cohort of 706
patients with HCM. (94) Other external validation studies have confirmed good
discrimination with C-index ranging from 0.69 to 0.92, and the pooled prevalence in a
metanalysis of multiple published cohorts was in agreement with the estimated risk per
category when using the calculator [1.0% (95% Cl: 0.52-1.61) in the low-risk group, 2.43
(95% ClI: 1.23-3.92) in the intermediate-risk group and 8.39 (95% Cl: 6.68-10.25) in the
high-risk group]. (100)

The latest North American guidelines, the 2020 AHA/ACC Guideline for the diagnosis and
treatment of patients with HCM (105), still suggest ICD decisions based on the presence
of individual risk criteria (see Table 1). The HCM SCD-risk score can be considered in the
assessment of patients meeting one ore more risk factors to help in the information and
decision-making discussion, although not specific threshold is recommended in order to

allow a personalised balanced decision.

One of the limitations attributed to the HCM SCD-risk score is that the recommended
cut-off threshold leaves individuals at risk undetected. It is postulated that this is because
there are relevant risk factors not included in the score, such as LV apical aneurysm, LGE-

CMR, and LV systolic dysfunction, and their impact on 5-year risk estimates is uncertain.

The 2023 ESC guidelines for the management of cardiomyopathies, suggest the use of
the score similarly to what was stated in 2014, and adds the presence of LGE-CMR (215%)

and LVEF < 50% as a class llb recommendation for SCD primary prevention. (106)

As we can see, despite several studies addressing SCD risk stratification in HCM, there is

no prospective validation of the recommended strategies and there is still no global
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agreement on the best approach. Advances in the quantification of LGE-CMR, as well as
the identification of other risk factors in these patients, could aid in more accurate risk

stratification in the future.

Following this effort made in the arrhythmic risk stratification of HCM, similar

approaches have been made in other cardiomyopathies.

3.2.3 Arrhythmic risk stratification in arrhythmogenic right ventricle cardiomyopathy

ARVC is a heritable cardiomyopathy characterized by replacement of myocardial tissue
with fibrofatty infiltrate, which may predispose to VA and SCD. It has a prevalence of
1:1,000-5,000 inhabitants (108-110) and is one of the main causes of SCD in young
people and athletes. (111) ARVC is caused by genetic variants in desmosome proteins.
The reported rate of detection of causal variants in patients who meet diagnostic criteria
is around 50-60%. (112) The most frequently affected gene is PKP2 (plakophilin 2) (10-
45%), followed by DSP (10-15%), DSG2 (desmoglein 2) (7-10%) and DSC2 (desmocollin
2) (2%). (113)

In the classic form of the disease the RV is the main affected cardiac structure. As the
disease progresses, the LV may be involved in up to 70% of cases. The replacement of
myocardial tissue by fibroadipose tissue results in the presence of myocardial wall
deformities in the form of segmental alterations of contractility, sacculations and
aneurysms. Depending on the extension of the fibrofatty replacement, there is also
global dilatation of the ventricular cavity and reduction of global ventricular
contractility. The entity frequently presents as T-wave inversion (TWI) in V1 to V4 leads
on the ECG, VAs from the RV (with left bundle branch block morphology) and alterations
in the RV on imaging tests. The clinical diagnosis of this entity is based on the 2010 ARVC

Task Force criteria. (114)

Genotypic-phenotypic correlation studies and the increasing use of contrast-
enhancement cardiac magnetic resonance (CMR) have led to the identification of fibro-
fatty replacement of the myocardium as a key phenotypic feature of the disease that
affects the myocardium of both ventricles. On some occasions, LV involvement may

even exceed the severity of RV involvement. Initially, this led to the more inclusive term
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of arrhythmogenic cardiomyopathy, and recently it has been suggested to classify this
left-dominant cardiomyopathy as NDLVC (106), together with other entities that may
course with LV dysfunction. In the genetic substrate of these patients, we may likely
identify deleterious variants in the DSP gene. (38) Clinical features of patients with
primary LV involvement include negative T waves in the inferolateral leads, low voltages
in the limb leads, arrhythmias with right bundle branch block morphology (from the LV),
LGE-CMR with subepicardial (less often midmyocardial) distribution, either solely or

accompanied by segmental or global LV contractility abnormalities. (115, 116)

As the disease progresses, systolic dysfunction may lead to HF, which in advanced cases
may require cardiac transplantation. Fibroadipose tissue may slow electrical conduction
and favor the appearance of scar-related macroreentries. Likewise, desmosome altered
function influences myocyte adhesion, excitability and coupling that can also favor VAs.
(113) VAs range from frequent extrasystoles to ventricular tachycardia (VT), which may
degenerate into ventricular fibrillation (VF) and SCD. ARVC has been described as
responsible for up to 20% of SCD in young people in certain regions of Italy (117). SCD

may be the first manifestation of the disease.

The primary objective in managing ARVC upon diagnosis is to prevent SCD, being ICDs
the only proven effective treatment. The arrhythmic-event rate among ARVC patients
has been reported from 1.0%/year in a cohort of predominantly asymptomatic genetic
variant carriers to 30.1%/year in a cohort with definite ARVC (according to the 2010 Task
Force criteria) (114) and severe phenotype, being the average proportion of arrhythmic
events in studies with patients with definite ARVC 10.6%/year (range 3.0—-30.1%/year).
(118)

As exposed before, ICD themselves can occasion many complications, thus it is of
paramount importance to adequately identify those patients that may benefit from
them. Similar to other CVDs, consensus exists regarding the benefit of secondary
prevention ICD implantation in ARVC patients with a history of sustained VA or
resuscitated sudden cardiac arrest. However, there is still work to be done in the risk

stratification of SCD in patients that never had a VA episode.
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Multiple studies have attempted to adequately assess the clinical variables associated
with sustained VAs in ARVC, identifying demographic, clinical, genetic and behavioral
factors linked to arrhythmic risk, although the incidence of the disease (and the available
cohorts of limited size) allow limited statistical power to assess the predictive value of

the risk factors involved in this disease. (118)

The first comprehensive attempt to establish consensus in the assessment of arrhythmic
risk and recommendation of ICD implantation in the context of ARVC occurred with the
2015 International Task Force consensus statement (ITFC). (119) This statement
provided recommendations based on the presence of specific risk factors, which were
used to categorize the level of risk for each patient. This effort was followed by a study
involving 365 participants which suggested adjustment of the International Task Force's

recommendations in order to improve differentiation between risk levels (mITFC). (120)

Additional approaches were provided by the 2017 AHA/ACC/Heart Rhythm Society
(HRS) guideline for managing patients with VAs and preventing SCD (121), as well as in
the 2019 HRS expert consensus statement on evaluation, risk stratification, and

management of ARVC. (122).

An analysis of these four algorithms in a cohort of 617 showed that ITFC and mITFC
provide higher sensitivity than AHA/ACC and HRS algorithms (94.0-97.8% vs. 76.7—
83.5%), but lower specificity (15.9-32.0% vs. 42.7%-60.1%) in the prediction of any VA
when considering class | and class lla recommendations for ICD in the abovementioned
algorithms (Figure 10). Despite worst performance of accuracy parameters for AHA and
HRS algorithms, those were the ones with best discrimination ability (distinction of
events from non-events) with a C-index of 0.72 for both algorithms, which was
significantly higher than those for the ITFC and mITFC (0.63 and 0.61, respectively,
P < 0.001) due to higher specificity and significantly less unnecessary ICD placements for

the AHA and HRS algorithms. (123)
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ITFC 2015 mITFC 2018 AHA/ACC/HRS 2017 HRS 2019

RVEF or LVEF < 35% RVEF or LVEF < 35% RVEF or LVEF < 35% LVEF < 35% & NYHAI-llI
Class|
Cardiac syncope Cardiac syncope Cardiacsyncope Cardiac syncope
al " NSVT NSVT LVEF <35% & NYHA |
assfia RVEF < 40% RVEF < 40% Multiple risk factors**:
LVEF <45% LVEF <45% -3maim .
> 1000 PVC g melers 2 miner
- 1major + 4minor
. . Multiple risk factors:
Class IIb Other risk factors® Other risk factors in ~ 2 major

bold*

- 1 major + 2 minor
- 4 minor

*|VEF < 50%, RVEF < 45% on angiography, biventricular dysfunction, RV or right atrial dilatation, heart failure, young age, male sex, compound
or digenic heterozygosity, proband status, inducible VT/VF, extent of electroanatomic scar on RV endocardial voltage mapping, fragmented
electrograms on RV endocardial voltage mapping, T-wave inversion in inferior leads, inverted T waves in 23 precordial leads, QRS
fragmentation, precordial QRS amplitude ratio.

**Major: NSVT, inducibility to VT at EPS, LVEF < 49%.

Minor: Male sex, > 1000 PVCs/24h, RV dysfunction as per major 2010 TFC, proband status, multiple desmosomal variants.

If both NSVT and PVC criteria are present, only NSVT can be used.
Figure 10. Schematic overview of the four ICD placement algorithms for risk
stratification in primary prevention of SCD in ARVC patients. Adapted from Bosman et
al.(123) AHA/ACC, American Heart Association/ American College of Cardiology; HRS,
Heart Rhythm Society; ITFC, international task force consensus statement; LVEF, left
ventricular ejection fraction; mITFC, modified international task force consensus
statement; NSVT, non-sustained ventricular tachycardia; PVC, premature ventricular

complex; RV, right ventricle; RVEF, right ventricular ejection fraction; VF, ventricular

fibrillation; VT, ventricular tachycardia.

In this work, the net clinical benefit analysis comparing the previous approaches
revealed that the ITFC and mITFC provide the greatest net benefit when using a
threshold range from 5 to 25%, while AHA and HRS have better performance for

thresholds of risk above 25%.

These results showed that all four algorithms are able to stratify arrhythmic risk in ARVC
patients but with limited accuracy, trading higher sensitivity (better protection rates) for
lower specificity (ICD placements in patients not experiencing events) for the ITFC and
mITFC and vice versa for the AHA and HRS ones, lower protection rates but decrease in

unnecessary ICD placements.
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To help to address those limitations, a retrospective ARVC cohort including patients
from five comprehensive registries from North America and Europe was compiled. The
primary aim of this effort was to develop an individualized multivariable predictive
model for the first occurrence of sustained VAs in ARVC patients using easily accessible
clinical variables and to compare the new model with the existing consensus-based

algorithms for ICD placement. (22)

In that study, 528 patients with a definite diagnosis of ARVC according to the 2010 Task
force criteria and no history of sustained VAs/SCD at baseline, aged 38.2 + 15.5 years,
44.7% male, were retrospectively included. During a follow-up period of 4.83
(interquartile range 2.44-9.33), 146 (27.7%) experienced sustained VA, defined as SCD,
aborted SCD, sustained VT, or appropriate ICD therapy. The predictive model estimated
VA risk at 1 and 5 years by using Cox regression. Candidate predictors were predefined,
drawing from clinical expertise and contemporary literature on the stratification of
arrhythmic risk in ARVC (118, 120, 124), encompassing the following variables at
diagnosis: age, sex, cardiac syncope in the prior 6 months, NSVT, number of premature
ventricular complexes in 24 h, number of leads with TWI, and right and left ventricular
ejection fractions. Among those pre-specified predictors all except LVEF were retained
in the final model. Internal validation after bootstrapping re-sampling showed an
adequate distinction of patients with and without events through an optimism-
corrected C-index of 0.77 (95% Cl: 0.73—0.81) and minimal over-optimism [calibration
slope of 0.93 (95% Cl: 0.92-0.95)]. By decision curve analysis, the clinical benefit of the
model was superior to the ITFC consensus-based ICD placement algorithm with a 20.3%

reduction of ICD placements with the same proportion of protected patients (P < 0.001).

The next step after the above-mentioned effort was to externally validate these results
in an independent cohort of ARVC individuals. Thus, in the third section of this
compilation of articles PhD thesis we present a study which aimed to externally validate
the published ARVC arrhythmic risk calculator in a distinct, adequately powered, and
geographically diverse cohort including patients from six countries across North America
and Europe and assess the performance of the predictive model in comparison with
other published guidelines and expert consensus recommendations for ICD use in ARVC

patients in this independent cohort.
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In this PhD thesis we focus on clinical prediction and prognostic stratification of
cardiovascular diseases, either through prognostic information on rare genetic
variants, or through clinical prediction models based on polygenic scores, which
integrate the cumulative effect of common genetic variants across the whole genome
in relation to a specific phenotype, or through clinical prediction models that integrate

demographic and clinical markers.
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Hypothesis

In the first article, we hypothesize that the carriers of the rare variant BAG3 p.GIn88*
present a form of dilated cardiomyopathy with a distinct clinical expression from those

caused by other aetiologies.

In the second article, we hypothesize that multi-trait analysis of genome-wide
association studies provides enhanced single nucleotide polymorphism to disease
association effects allowing discovery of novel loci in genomic regions of common
variation and that these enhanced single nucleotide polymorphism-effects will help to
better predict disease-status in common cardiovascular diseases: atrial fibrillation,

coronary artery disease and heart failure.

In the third article, we hypothesize that the arrhythmogenic right ventricle
cardiomyopathy score published in 2019, which includes weighted information on age,
biological sex, history of syncope in the past 6 months, history of non-sustained
ventricular tachycardia, premature ventricular complexes count, sum of anterior and
inferior leads with T-wave inversion and right ventricular ejection fraction, and was
internally validated in the development cohort with a C-index of 0.77 [95% confidence
interval: 0.73-0.81] is still valid in an independent external cohort of patients with

arrhythmogenic right ventricle cardiomyopathy.
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Objectives

Article 1:

— To describe the prognosis of individuals carrying the BAG3 p.GIn88*variant, a

rare pathogenic variant in a gene associated with dilated cardiomyopathy.

Article 2:

— To analyze the ability of multi-trait analysis of genome-wide association studies
to empower genomic locus discovery in atrial fibrillation, coronary artery disease
and heart failure by leveraging relevant genetic correlations of these traits with
other cardiovascular traits.

— To assess the added value of multi-trait analysis of genome-wide association
studies to improve polygenic scores-based disease prediction and discrimination
in common cardiovascular diseases: atrial fibrillation, coronary artery disease

and heart failure.

Article 3:

— To externally validate the arrhythmogenic right ventricle cardiomyopathy risk
calculator for predicting ventricular arrhythmias in patients with arrhythmogenic
right ventricle cardiomyopathy.

— To compare the performance of the arrhythmogenic right ventricle
cardiomyopathy risk calculator with current risk assessment for ventricular

arrhythmias recommended by published guidelines and expert consensus.
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Material, methods, and results

PDFS of article 1, 2 and 3.
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BAG3 Genetic Cardiomyopathy May Overlap
Fulminant Myocarditis Clinical Findings

Paloma Jorda®®, MD; Daniel Martinez>, MD, PhD; Marta Farrero, MD, PhD; Maria Angeles Marcos, MD, PhD;
Elena Sandoval®, MD; Maria Angeles Castel@, MD, PhD; Daniel Pereda®, MD, PhD; Eduard Quintana‘®, MD, PhD;
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Ramon Brugada®, MD, PhD; Josep Brugada®, MD, PhD; Manuel Castelld, MD, PhD; Félix Pérez-Villa®, MD, PhD;

Ana Garcia-Alvarez, MD, PhD

e present a clinical report on severe cardiomyopathy
Wcaused by a rare variant of the BAG3 gene among

individuals with European ancestry that debuted as
acute heart failure (HF) with clinical features of acute myo-
carditis but coinciding with suspicious familial history.

The first case occurred in 2004. A 15-year-old girl (IV.4)
was admitted for dyspnea, preceded by 15 days of abdomi-
nal pain and vomiting, that rapidly progressed to cardiogenic
shock. ECG demonstrated sinus tachycardia, low voltages
and flattened T-waves in limb leads, late R-wave transition,
J-point elevation in anterior leads, and isodiphasic T-waves
in lateral leads (Figure S1, 1); and in the echocardiography
severe biventricular dysfunction and left ventricle (LV) dilata-
tion was observed. She required a biventricular assist device
and emergent heart transplantation. Diagnostic suspicion
was fulminant myocarditis as the cardiac biopsy showed
myocardial neutrophilic infiltration (borderline diagnosis of
myocarditis according to Dallas criteria; Figure [A and B]).
The explanted heart depicted fibrin-hemorrhagic pericardi-
tis, thickened LV wall, and biventricular dilatation.

In 2005, her mother's cousin (Il.1) was admitted at
the age of 38 due to a 45-day onset of progressive
HF preceded by fever and myalgias. Echocardiography
depicted severe LV impairment and dilatation. He was
transplanted 2 days later in an Interagency Registry for
Mechanically Assisted Circulatory Support 2 situation.
Clinical course suggested myocarditis, but no inflamma-
tion was observed in the explanted heart.

Nine years later, in 2016, the sister of the index case
(IV.6) was admitted due to cardiogenic shock at 17 years
old after a 15-day course of rhinorrhea and dry cough-
ing. ECG demonstrated sinus tachycardia and nonspe-
cific repolarization abnormalities resembling those of her
sister (Figure S1, 2). Echocardiography showed dilated
LV and severe biventricular systolic dysfunction. A biven-
tricular assist device assist device was implanted (Inter-
agency Registry for Mechanically Assisted Circulatory
Support 2), and she underwent heart transplantation 12
days later. Cardiac biopsy did not demonstrate inflamma-
tory infiltrates but diffuse distortion of myocardial fibers
with interfibrillary edema (Figure [C through G]).

The third case in the same family raised the suspicion
of a familial disease and genetic testing (next-genera-
tion sequencing panel including 50 genes associated
with inherited cardiomyopathies) was performed reveal-
ing a BAG3 p.GIn88" pathogenic variant (American Col-
lege of Medical Genetics and Genomics classification’),
causing premature truncation of the protein. The index
case (IV.4), her mother (I11.4), grandmother (11.3), and her
mother's uncle and cousin (.1 and IlI.1) carried the same
rare pathogenic variant (Figure [H]). To our knowledge,
this report is the first clinical description in literature of
individuals carrying this variant. The 2 sisters (IV.4 and
IV.5) also had a novel rare variant -p.(Prob52Arg)- in
BAGS3, absent in their mother, and classified as a variant
of uncertain significance.! This variant is absent in large

Key Words: cardiomyopathies ® dyspnea ® genetics ® heart failure ® inflammation ® myocarditis ® shock, cardiogenic
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Nonstandard Abbreviations and Acronyms

HF heart failure
Lv left ventricle

international population databases? and is predicted to
be deleterious by in silico data.

Clinical evaluation of the proband’s mother (Ill.4) at
45 years old demonstrated dilated cardiomyopathy with

BAG3 Cardiomyopathy May Overlap Myocarditis Findings

isolated LV involvement. Since she was at New York
Heart Association functional class Il and had left bun-
dle branch block on ECG (Figure S1, 3), cardiac resyn-
chronization therapy device was implanted. Proband’s
grandmother (I1.3) and great-uncle (11.1) had no dilated
cardiomyopathy at the age of 67 and 76, respectively,
although her grandmother's ECG showed nonspecific
negative T-waves in lateral leads (Figure S1, 4) along
with moderate septal hypertrophy on echocardiography.

Of note, we have found the same BAG3 p.GIn88"
rare variant in an unrelated patient from our cohort of

BAG3 + BAG3- BAG3 + T > =5 e

Y

BAGE- BAG3+  BAG3+

v HEN | -

Screened family members  Exitus DCM  Index Case

BAG3 + BAG3-

BAG3 -

Figure. Family tree of the related cases and iconography of the radiologic, echocardiographic, and histopathologic findings.

A and B correspond to case IV.4. A depicts hematoxylin-eosin staining of the cardiac biopsy specimen which shows foci of neutrophilic
perivascular infiltration (marked with black asterisks) and occasional eosinophils but no myocyte degeneration. B shows CD15
immunohistochemical staining for neutrophils in brown. € through G correspond to case IV.5. C depicts vacuolated cardiomyocytes, diffuse
distortion of myocardial fibers, and interfibrillary edema but no inflammation infiltrates nor necrosis in the cardiac biopsy tissue. Thoracic x-ray
(D) and echocardiography (E and F) at admission show dilated left ventricle (LV) and pulmonary congestion. Biventricular dilatation of the
explanted heart is shown in G. H depicts cosegregation of the BAG3 p.88* pathogenic mutation in the related individuals. I and J describe the
findings in the unrelated patient with the same BAG3 mutation. Histopathology of the explanted heart depicted mild lymphocytic infiltration and
focal myocyte necrosis (I) in a thickened and dilated LV (J). DCM indicates dilated cardiomyopathy.
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transplanted patients. Reviewing medical history, the
story repeated. At 30 years old, he had a 10-day course
of fever and progressive dyspnea presumed to be severe
pneumonia. Echocardiography showed dilated and
severely impaired LV. He was supported with intraaor-
tic balloon pump and left ventricle assist device due
to cardiogenic shock and underwent emergent heart
transplantation subsequently. The diagnostic suspicion
was acute myocarditis based on lymphocytic infiltration
and focal myocyte necrosis in the explanted heart (Fig-
ure [I and J]). No other cases in this family have been
found to date. Genotyping was performed in the course
of a protocol investigating the genetic background of
myocarditis.

No patient was positive for IgM titers of cardiotro-
pic viruses. Polymerase chain reaction viral analysis on
the heart has been retrospectively performed, following
current recommendations,® in all transplanted patients
except in case Ill.1 (no sample remained). A low viral
load of parvovirus B19 was found in the index case
and the unrelated patient. The absence of other car-
diotropic viruses and the low viral load suggest that
its presence lacks etiopathogenic relevance, as the
role of parvovirus B19 in endomyocardial biopsies still
remains unclear.* Patient characteristics at diagnosis

BAG3 Cardiomyopathy May Overlap Myocarditis Findings

or at the time of family screening are presented in the
Table.

More than 100 genes have been reported associ-
ated with inherited dilated cardiomyopathy; 33 of these
genes carry sufficient evidence to be classified as defini-
tive disease-causing genes, including BAG3® In the larg-
est cohort of BAG3 carriers described so far (n=129),
156.5% of them developed severe HF defined as the
composite outcome of heart transplantation, left ventricle
assist device or death due to HF® Our work describes
other interesting findings. Severe cardiomyopathy with
acute HF onset appeared at very young ages, specifi-
cally in 2 individuals (15 and 17 years old). Early onset in
these patients may be partially explained by compound
heterozygous rare variants in BAGS. In addition, 4 out of
7 individuals carrying the same BAG3 p.GIn88" mutation
(one of them unrelated) were transplanted due to car-
diogenic shock (57%) suggesting an aggressive disease
course. Our findings regarding this specific variant do
not replicate male-associated aggressive course previ-
ously reported.* Of note, acute and severe presentation
of this genetic cardiomyopathy in our patients associates
clinical features (viral infection-like symptoms and acute
onset) and pathological findings (myocardial inflamma-
tory infiltrates and distortion of myocardial fibers) that

Table. Patient Characteristics at the Time of Diagnosis or Family Screening
Suspected myocar-
HF symp- ditis®/Dallas criteria/ VAD or

Case Mutations Age Viral symptoms toms Echocardiography/CMR cardiac viral PCR Biomarkers HTx

Index case BAG3 15 Gastrointestinal (also | HF rapidly Severe LV dilatation and Yes/Yes, borderline/Par- | 1 CRP (x4), IABP, Bi-

(IV.4) p.GIn88*, attributable to low progressing to | impairment. Moderated RV | vovirus B19: 92 copies 1 CKand Tnl VAD, and
p.(Pro52Arg) cardiac output) CS (156 d) dilatation with severe RV per mL (x1.2) HTx

impairment.

Sister (IV.5) BAG3 17 Respiratory (rhinor- HF rapidly Dilated and impaired LV Yes/No, but diffuse Normal values BiVAD and
p.GIn88*, rhea and cough) progressing to | (LVEF 15%, LVEDd 66 distortion of myocardial of CRP, Tnl HTx
p.(Pro52Arg) CS (156 d) mm). Nondilated but severe | fibers with interfibrillary and CK

hypokinetic RV. edema/Negative
Mother (llL.4) | BAG3 45 No NYHA func- Dilated and impaired LV No/ -/ - Normal values No
p.GIn88* tional class Il (LVEDd 67 mm). of Tnl and CK
CMR: Indexed LVED 185
mL/m?, LVEF 21%. Normal
RV. No edema nor LGE.
Grandmother | BAG3 67 No No Hypertensive cardiomy- No/ -/ - - No
(.3) p.GIn88* opathy (septal thickness 14
mm) with nondilated LV and
normal LVEF.

Great-uncle BAG3 76 No No Normal echocardiography. No/ -/ - - No

(I.1) p.GIn88*

Cousin (IIl.1) | BAG3 38 Unspecific (fever and | HF progress- | LV severely impaired and di- | Yes/No/ — 11 CRP (x10), IABP, Bi-
p.GIn88* myalgias) ing to CS lated and RV dysfunction. normal CK VAD, and

(45 d) and Tnl HTx
UR BAG3 30 Fever HF progress- | LVEF 29%, LVEDd 57 mm. | Yes/Yes/Parvovirus B19: | 1 CRP (x4), IABP,
p.GIn88* ing to CS RV with mild dilatation and | 9 copies per ml normal CK LVAD, and
(10d) hypokinesia. and Tnl HTx
CMR without edema nor
LGE.
Description of the clinical, genetic, biochemical, and imaging characteristics of patients with acute presentation (IV.4, IV.5, II.1, and UR) at the time of disease onset or at the

time of family screening in other related individuals. BiVAD indicates biventricular assist device; CK, creatine kinase; CMR, cardiac magnetic resonance; CRP, C-reactive protein; CS,
cardiogenic shock; HF, heart failure; HTx, heart transplantation; IABP, intraaortic balloon pump; LGE, late gadolinium enhancement; LV, left ventricle; LVAD, left ventricle assist device;
LVEDd, left ventricle end-diastolic diameter; LVEDy, left ventricle end-diastolic volume; LVEF, left ventricle ejection fraction; NYHA, New York Heart Association; PCR, polymerase
chain reaction; RV, right ventricle; Tnl, troponin I; UR, unrelated patient; and VAD, ventricular assist device.
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may overlap with myocarditis typical findings, albeit other
mechanisms may be present.

Further research and characterization of myocardial
infiltrates and immune activation (including immunohis-
tochemical study of the heart and serum cardiac autoan-
tibodies), as well as the presence of viral genome in the
myocardium and peripheral blood,® will help clarify the
contribution of immune-mediated mechanisms to fulmi-
nant presentations of genetic cardiomyopathies. Further-
more, assessment of disease progression according to
site-specific mutations in future cohorts may aid progno-
sis stratification.
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Abstract

Common genetic variation detected by genome-wide association studies (GWAS) partially explains
variability in cardiovascular conditions, which may have overlapping mechanisms. We aimed to
leverage multi-trait analysis of GWAS (MTAG) drawing power from genetically correlated traits to
improve genetic loci discovery and genomic prediction in 3 common cardiovascular diseases: atrial
fibrillation and flutter (AF), coronary artery disease (CAD), and heart failure (HF). MTAG allowed the
identification of 19 novel disease-specific genomic loci for AF, 131 for CAD and 141 for HF. Polygenic
scores (PGS) analyses in 15,177 Canadian individuals yielded similar results when comparing single-
trait versus multi-trait PGS for AF and CAD, although it revealed improved prediction and classification
of disease-status in CAD for females (Ar’capr 1.735% (95%Cl: 0.609-2.856); NRlcapr 0.208, P<0.001).
HF-PGSs models depicted poor prediction and calibration, impeding discrimination assessment. These
findings support MTAG utility for enhancing loci discovery in common cardiac diseases and potentially
for improving CAD-PGS performance in females.

Note: Until the article is published, Tables 1 and 2 (large Excel tables), as well as Supplementary Tables
and Supplementary Note, will be available on MedRxiv.



INTRODUCTION

Genome-wide association studies (GWAS) have mapped numerous single nucleotide polymorphisms
(SNP) in loci implicated in molecular mechanisms altered in common complex diseases, thus providing
guidance in the investigation of novel drug targets.(1)

Atrial fibrillation (AF), coronary artery disease (CAD), and heart failure (HF) are common heart diseases,
with a prevalence of 8%(2), 2.5%(3) and 2.5%(4), respectively. The genetic substrate of these diseases
is partly explained by genomic loci harboring common genetic variants in the general population; this
substrate may overlap within cardiovascular diseases and traits, which can be quantified by genetic
correlation.

Polygenic scores (PGS) intend to account for the genetic susceptibility due to common genetic variants,
i.e., SNPs, and may be useful for the susceptibility to disease assessment in order to set up preventive
strategies among high-risk individuals.

Multi-trait analysis of genome-wide association studies (MTAG) boosts statistical power by joint
analysis of genetically correlated traits, fitting the results to the genetic correlation matrix and allowing
the inclusion of overlapping samples among the included GWAS. MTAG has demonstrated to enhance
loci discovery and increase the variance explained by PGS.(5)

The objectives of this study were 1) to empower genomic locus discovery in AF, CAD and HF by
leveraging genetic correlations with relevant cardiovascular traits using MTAG, and 2) to assess the
added value of MTAG to improve PGS-based disease prediction and discrimination in common
cardiovascular diseases.

RESULTS
Heritability and genetic correlation

Cardiovascular traits and diseases with publicly available GWAS summary statistics were compiled,
prioritizing those with the largest size and power, encompassing 56 traits/diseases including common
cardiovascular diseases such as AF(3, 6), CAD(7) and HF(4) as well as rare heritable heart diseases and
cardiometabolic traits. The complete list of phenotypes and included studies appears in
Supplementary Table 1. The study workflow is shown in Fig. 1.

We computed h%p using Linkage Disequilibrium Score (LDSC) regression (8) for all the included
cardiovascular phenotypes, which ranged from 0.05 to 0.27 (Supplementary Table 2). For binary traits
(diseases), h’snp on a liability scale ranged from 0.03 (for HF) to 0.17 (for type 2 diabetes mellitus,
T2DM) (Supplementary Table 3).

We then computed pairwise genetic correlations (rg) for 1,770 trait and/or disease pairs using LDSC
regression. A total of 443 unique pairwise r; were significant at a P-value<0.05 (corrected for false
discovery rate, Extended Fig. 1 and Supplementary Table 2), from which 325 yielded absolute rg above
0.20. AF, CAD and HF showed 12, 21 and 23 significant rg, respectively, depicted in Fig. 2 and
Supplementary Tables 4-6. These findings and their contextualization in the literature are described in
the Supplementary Note. Notably, in this work we describe novel genetic correlations of myocardial
trabeculation, measured as a fractal dimension of the endocardium trabeculae (9) with cardiac
electrical parameters, such as cardiac repolarization in inferior and aVR leads (r; -0.35 and 0.28,



respectively) and AF (rg 0.15 to 0.21) for the mid-ventricular and apical layers; and exercise heart rate
(HR) and HR variability (rg -0.31 to -0.33) for basal layers.

Multi-trait analysis of GWAS (MTAG)

In the quest to unravel novel genetic loci implicated in AF, CAD, and HF, we performed MTAG for each
of those common heart diseases (5). MTAG leverages genetically correlated traits to increase power
for locus discovery. For each of the 3 MTAG analyses (AF, CAD and HF), we included 3 cardiovascular
traits with the highest genetic correlation with the disease of interest. Restricting the number of
included traits to 3 allows for estimation of the upper bound of the false discovery rate (maxFDR; see
Online Methods).

For each of the 3 diseases, correlated traits were clustered in 3 groups based on pairwise rg (Fig.2).
Within each of the 3 clusters, we then selected the trait with the highest ry with the disease of interest
(i.e., AF, CAD or HF). The following traits were included in the MTAG. For the AF MTAG using Nielsen
et al. GWAS(6), we included body mass index (BMI)(10), HF(4) and another AF GWAS by Roselli et al.
(3), which have pairwise rg with AF Nielsen et al. GWAS of 0.21, 0.56 and 1, respectively. For the CAD
MTAG employing the Nelson et al. study (7), we included HF(4), low-density lipoprotein (LDL) (11) and
systolic blood pressure (SBP) (12), which have pairwise rg with CAD Nelson et al. GWAS of 0.72, 0.22
and 0.34, respectively. For the HF MTAG using the GWAS by Shah et al.(4), we included AF(6), CAD(7)
and dilated cardiomyopathy (DCM) (13), which showed pairwise r; of 0.56, 0.72 and 0.56 with HF. We
estimated maxFDR to be 0.2%, 1.6% and 0.4% for the AF, CAD and HF analysis respectively
(Supplementary Table 7).

MTAG significantly increased the association test statistic, i.e., the mean 2, which was equivalent to
an increase in the effective sample size for a conventional GWAS (Neg) from 228,221 to 296,021 for AF,
from 224,727 to 310,368 for CAD, and from 180,076 to 358,418 for HF (Supplementary Table 7).

We identified 19 novel loci at genome-wide significance (P<5x10%) in AF, 89 in CAD, and 52 in HF (Table
1, Supplementary Tables 8-10). Novel loci were defined as not identified by the original published
single-trait GWAS summary statistics, i.e., not in Nielsen et al., Roselli et al., nor in meta-analysis
reported in Roselli et al. for AF, not in Nelson et al. for CAD, and not reported in Shah et al. in the case
of HF. The Miami plots comparing single-trait and multi-trait results are depicted in Fig. 3.
Supplementary Tables 8-10 describe the Z-score - beta estimate divided by the standard error - for
each lead SNP in novel loci in both the MTAG and all 4 traits included in the analysis, the latter also
depicted in Extended Data Fig. 2. To assess the robustness of the findings, we looked up the novel loci
reported in the present MTAG in other GWAS publications. We observed that 32%, 71% and 62% of
the novel MTAG loci have been associated with AF, CAD and HF, respectively, at either 1) a genome
wide significant level in partially overlapping or independent cohorts, or 2) at P<5x1073 in an
independent cohort (FinnGen), as detailed in Supplementary Tables 8-10. Two recently published
GWAS in CAD (Aragam et al.(14)) and HF (Levin et al.(15)) were employed for the identification of
additional novel loci by MTAG, leading to the identification of 42 and 89 loci not identified by the
conventional GWAS (Supplementary Tables 25-26). Of those, 62% and 4.5% of CAD Aragam et al. and
HF Levin et al. loci were “validated” following the above described approach. Interestingly 19 and 37
overlapped with the CAD Nelson et al. and HF Shah et al. MTAGs, and an additional 23 and 52
respectively were further identified (Table 1, Supplementary Figs. 1 and 2).

MAGMA gene-set functional analysis and tissue expression from MTAG summary statistics are
depicted in Supplementary Tables 14-22, 29-34 and Supplementary Fig. 3. The gene-set analyses



identified cardiac depolarization, repolarization, and muscle contraction in AF; macromolecular
complex remodeling, heart development, collagen, triglyceride, chylomicron and LDL metabolism in
CAD; and muscle structure, tissue development and RNA transcription initiation in HF.

Genes mapping to novel MTAG loci (using Open Targets variant to gene algorithm) are listed in Table
1 and described in Supplementary Tables 8-10, 25-26 and the more relevant ones due to mechanistic
insight or support by other studies are described briefly in the Discussion and in the Supplementary
Note. GTEx Tissue expression for all prioritized genes is depicted in Supplementary Fig. 4.

Genomic risk prediction

We next sought to assess whether PGS derived from MTAG outperform those derived from original
single-trait studies in discriminating individuals with known (prevalent) AF, CAD and HF. Specifically,
we derived multiple PGS from single-trait and multi-trait (MTAG) summary statistics (PGSsingleT and
PGSmultiT, respectively) using LDpred2(16). LDpred2 is a genome-wide PGS derivation method which
adjusts GWAS summary statistics SNP effect estimates based on their probability of being causal and
linkage disequilibrium (LD) information from a reference panel. For its calculation the following
hyperparameters are employed: fraction of causal variants (o, the Greek letter “rho”, not the P-value),
heritability estimates (h?) and a sparse option which fits some effects to 0. It has an infinitesimal
method that considers all variants as causal (o=1); an auto method, which learns the hyperparameters
from the summary statistics and therefore does not require a validation cohort; and a grid method
which employs up to 168 combinations of h?, p, and sparse option, from which the combination with
the best Wald-Z is selected from the validation dataset.(16) For a comprehensive analysis we also
derived PGS using LDpred1 and traditional LD-based clumping and P-value thresholding (C-T) (17) (see
full description of the approach in Online Methods and Supplementary Note, results available in
Supplementary Tables 38-40).

PGS performance was assessed in a cohort of 15,177 unrelated individuals enrolled in the Montreal
Heart Institute Biobank (MHIBB). Specifically, 2,500 MHIBB participants were used as a validation
cohort to select the best PGSsingleT and best PGSmultiT; which were subsequently compared in the
remaining 12,677 of the testing dataset. The basal characteristics of the MHIBB cohort are presented
in Table 2.

Disease-specific PGSsingleT and PGSmultiT were significantly associated with AF, CAD and HF in the
testing cohort, using both univariable logistic regression and multivariable logistic regression with
correction for sex, age and the first 4 genotypic principal components, with the exception of HF
PGSsingleT univariable logistic model (Supplementary Table 35). PGSmultiT yielded very similar area
under the curve (AUC) and phenotype explained variance by the model (Nagelkerke R?, referred to
hereafter as R?) to PGSsingleT in AF [AAUC=0.001, P=0.63; AR?0.053% (95%Cl: -0.305, 0.421)] and CAD
[AAUC=0.003, P=0.36; AR? 0.103% (95%Cl: -0.493, 0.687)]. In contrast, HF PGSmultiT model
significantly increased the AUC, although AUCs were overall low, and did not significantly increase R?
[AAUC=0.017, P=0.03; AR?>0.072% (95%Cl: -0.029, 0.224)] (Fig.4, Supplementary Table 35).

PGSsingleT and PGSmultiT were compared using the Net Reclassification Index (NRI), which is the
difference of the proportion of individuals whose risk is correctly reclassified minus the proportion of
individuals whose risk is incorrectly reclassified, and the Integrated Discrimination Improvement (IDI),
a measurement of the improvement of the risk estimate difference between affected and non-affected
individuals. NRI and IDI supported the AAUC results. PGSmultiT did not provide significant
improvement compared to PGSsingleT for AF and CAD (NRIar 0.002, P=0.91, IDIar 0.000 P=0.64; NRlcap
0.005, P=0.76, IDlcap 0.001, P=0.52). Regarding HF, PGS models were poorly calibrated for the



univariable PGS models, thus the NRI should be interpreted with great caution (NRIs: 0.057, P=0.025;
IDIe 0.0004, P=0.017) (18) (Extended Data Fig. 3, Supplementary Table 35). In HF, PGS performed
differently in the validation compared to the testing dataset, as the grid model performed better in
the validation cohort, while the infinitesimal model performed better in the larger testing cohort
(Supplementary Fig. 5, Supplementary Table 40). If we compare the results of LDpred2-infinitesimal
PGSs in the testing dataset, the PGSmultiT models obtained better calibration and significant
reclassification (Extended Data Fig. 3, Supplementary Table 35). The lack of model calibration and the
different characteristics of the validation and testing cohorts in HF may be due to its etiological
diversity, which is covered in more detail in the discussion. PGS performance of all LDpred2 methods
in the testing dataset is depicted in Supplementary Fig. 6.

CAD PGSsingleT and PGSmultiT were derived from a meta-analysis of CAD GWAS(7), which includes
samples genotyped on the Illlumina Infinium Exome beadchip from the MHIBB. The overlap between
MHIBB and the derived PGS concerned ~1.5% of the SNPs in ~6% of cases and 2% of controls in the
CAD GWAS meta-analysis. We performed sensitivity analyses which confirmed significant association
of CAD PGS when removing the overlapping samples from the MHIBB, and when deriving PGS from an
older CAD GWAS which did not include MHIBB samples(19), and supported the findings in the main
analysis. Results of these sensitivity analyses are presented in the Supplementary Note and
Supplementary Table 35.

When analyzing MTAG results per sex stratum we observed comparable results to the overall cohort
for AF and HF. However, in CAD we observed significantly increased explained variance and
discrimination ability in females for the PGSmultiT models compared to PGSsingleT [AAUC 0.019
(P=0.004); AR? 1.725% (95%Cl: 0.609, 2.856)], resulting in significantly improved reclassification:
NRlcap-r 0.208 (P<0.001) and IDlcapr 0.011 (P<0.001). PGSmultiT did not enhance the model results in
males (AAUC 0.001 (P=0.68); AR?-0.100% (95%Cl: -0.879, 0.676)], with an NRlcap-w -0.012 (P=0.59) and
IDlcap-m 0.000 (P=0.74) (Fig.2, Supplementary Table 36). Of interest, PGSmultiT provided consistently
higher OR values for the females in top PGS percentiles (1%, 5%, 10% 20%) versus the remaining cohort
of females when compared to the PGSsingleT predictions (Supplementary Table 37, Extended Fig. 4).

DISCUSSION

The findings of our work can be summarized as follows: 1) Cardiovascular traits and common diseases
have shared genetic architectures as demonstrated by the 443 significant pairwise genetic correlations
found among the 56 included traits; 2) By leveraging such genetic correlations, multi-trait analysis of
GWAS using MTAG empowers locus discovery in common cardiovascular diseases, identifying 19, 131,
and 141 novel loci for AF, CAD, and HF, respectively; 3) Genomic risk prediction through genome-wide
PGS provides similar results for single-trait and multi-trait derived scores in AF and CAD, and
inconclusive results in HF; 4) Multi-trait derived PGS shows improved disease explained variance and
discriminative ability for CAD in females, but not in males.

In our genetic correlation analyses, we reproduced prior findings from genetic and epidemiological
studies and the new correlations fall within the expected. See detailed explanation in the
Supplementary Note. Among the novel correlations in AF, we highlight the correlation of this electrical
disease with trabeculation in LV mid-ventricular and apical segments, which in turn correlate with ECG
repolarization in inferior and aVR leads. These genetic correlations are probably attributable to the
development of the conduction system, bundle branches and the peripheral ventricular conduction



system, including Purkinje fibers, from the ventricular trabeculae.(20) Moreover, the Purkinje-muscle
junction plays a role in the heterogeneity of transmural repolarization. (21)

The overlapping genetic structure of the included cardiometabolic traits allowed us to select the most
relevant ones to enhance trait-specific effect estimates for AF, CAD and HF through MTAG. MTAG
methodology has been previously used mostly in neurologic and psychiatric diseases (5, 22-34), in
hypertrophic cardiomyopathy (HCM) (13, 35), and recently in HF(15). The hierarchical clustering
approach our group uses for selecting the traits to be included in MTAG may be useful to other
researchers in the setting of numerous multiple relevant associations with the trait of interest. By
selecting traits from different clusters, we include traits with less overlapping genetic architecture in
the MTAG analysis. The joint MTAG analysis of 4 traits, including those with the highest ry with the trait
of interest from each cluster, allows the calculation of the maxFDR, which controls the conformity of
the included traits with the MTAG assumptions.

Recently, Levin et al. conducted an MTAG analysis on HF using their HF GWAS (N.#=428,755) together
with LV ejection fraction (LVEF, rg-0.29, P=4.51x10"?), LV end-systolic volume (rg 0.36, P=3.73x10'¢)
and LV end-diastolic volume (r;0.33 P=2.98x103). In the MTAG conducted by Levin et al., 23 loci not
identified by the conventional GWAS were found using MTAG. The increase in x?and maxFDR were
not reported. In contrast, when we performed an MTAG analysis employing the summary statistics of
Levin et al. we found 89 additional loci to the GWAS. The main difference between the approaches is
that while Levin et al. included highly inter-correlated traits in the MTAG analysis (LV volumetric traits),
with relatively small sample size (N=36,041) and moderate r; with HF, the clustering approach we
employed led to the inclusion of more diverse traits which also displayed high genetic correlation with
HF, namely AF(r,0.56, P=3.10x10°%), CAD (ry0.72, P=7.38x10°%) and DCM (r,0.56, P=1.81x10%).

In our study, MTAG uncovered 19, 131, and 141 loci in AF, CAD, and HF that had not been identified
by single-trait summary statistics, of which a large proportion are reported for the first time, i.e., not
reported in other GWAS contained in the GWAS Catalog, UK biobank (UKB), and FinnGen databases.
In the absence of independent replication, caution is warranted since it is possible that some of those
novel loci are false positive. MTAG allows for an estimation of the upper bound of the false discovery
rate. In our 3 analyses, maxFDR was <5% suggesting that risk for false positive results is low. To further
assess the robustness of our implementation of MTAG, we queried the GWAS catalog and PheWAS in
FinnGen and UKB for the 291 novel loci; 134 (46%) were either reported at P<5x10°® in other published
GWAS (which may include the used datasets) or had P<0.005 in an independent case-control GWAS
(mostly FinnGen). This further supports the robustness of MTAG to uncover novel loci.

Among genes mapping to novel loci, we identify pathophysiological pathways congruent with the
mechanisms of each disease and with relevant potential therapeutic implications. Among the new AF
loci, rs2209073 on chromosome 17 mapped to the SRR gene, responsible for the synthesis of D-serine,
a co-agonist of NMDA receptors whose activation has shown a role in reduced HR variability and
enhanced AF inducibility in animal models. (36) This locus has been previously associated with QRS in
another GWAS. (37) In CAD, the NPR3 gene mapping rs1173727 on chromosome 5 codes for a
natriuretic peptide receptor whose inhibition provides cardioprotective role for CAD according to
Mendelian randomization studies(38). In HF, genes mapped to novel loci on chromosome 5 (TBX5, lead
SNP rs10507248) and 12 (NKX2-5, lead SNP rs2277923), are known genes in congenital heart disease
involving septal defects and conduction abnormalities (39, 40). In addition, MTAG loci in HF mapped
numerous genes involved in cytoskeleton structure, which has a known role in cardiomyopathy and
emerged as a therapeutic target for reducing stiffness in HF (41, 42), such as CORO6 and BCAS3



(mapped to rs11655587 and rs4968535, respectively, on chromosome 17) and SWAP70 (mapped to
rs360153 on chromosome 11). See detailed description in the Supplementary Note.

To further evaluate the utility of MTAG in common cardiovascular diseases, we assessed the
performance of the multi-trait derived PGSs in disease prediction. To overcome statistical power
challenges in genomic prediction we employed MTAG under the hypothesis that MTAG-derived PGS
would improve SNP effect estimates and PGS-based disease prediction. To our knowledge, this is the
first work employing MTAG-based genomic prediction in common cardiovascular diseases.

Our PGSs were derived using LDpred2 in a cohort of 15,177 patients from the MHIBB, a hospital-based
cohort including individuals predominantly of French-Canadian ancestry (97.7%). The MHIBB was
previously used to successfully validate other CAD PGS (43). In this work, we replicate previous results
of the PGS tested in the MHIBB and those tested in other cohorts such as the UKB (16, 44)
(Supplementary Table 39). The MHIBB is a cardiology hospital cohort in which there is obvious
enrichment of cardiovascular diseases. The discrimination parameters employed in this work (AUC,
continuous NRI and IDI) are not affected by disease prevalence. (45)

In Turley et al.(5), MTAG developers obtained improvements in R? values of PGS models derived from
MTAG versus single-trait GWAS. Such R? improvements were close to what would be expected based
on the observed increase in the mean y? statistics. In our study, we also obtained an increase in mean
x? in the MTAG summary statistics of the three diseases, but this was not reflected in improved R? with
MTAG in the overall cohort results (Supplementary Table 35). The main differences with the Turley et
al. study, apart from the nature of the diseases of interest, is that herein we calculate the PGS by
LDpred2-grid, which prioritizes SNPs effect sizes based on a prior assumption of the genetic
architecture of the disease according to a diverse spectrum of hyperparameters (pand h?), rather than
LDpred1-infinitesimal, which adjusts SNP effects employing nominal h* and assuming all variants are
causal (p=1). From our work we deduce that the improvement of SNP-phenotype associations
provided by MTAG in common cardiac diseases does not translate into improved genetic prediction
when employing LDpred2-grid-derived PGS. We hypothesize this is because common cardiac diseases
dispose of large sample-size GWAS and LDpred2-grid adequately identifies the genetic architecture of
the disease and weights SNPs according to its probability of being causal, altogether rendering relevant
SNPs effect estimates for disease prediction adequately captured and re-estimated. In the current
work LDpred2-grid method outperformed LDpred2-infinitesimal, supporting that prioritization of
relevant variants effects instead of all improves disease prediction. LDpred2 methodology is different
from classical methods such as C-T, that employ unadjusted SNP effects prioritized according to P-
value. In the latter scenario, MTAG enhanced summary statistics, with a larger number of significant
loci (P<5x10%), outperform conventional GWAS in predicting common cardiovascular diseases (CAD
and HF) when employing low P-value thresholds (Supplementary Fig. 9).

Interestingly, even if MTAG-derived PGSs did not enhance PGSsingleT models, they did not impair
genomic prediction either, thereby MTAG did not add noise to the single-trait summary statistics, i.e.,
MTAG did not bias the estimate of the effect toward correlated traits away from the real effect on the
trait of interest.

HF analyses yielded low h%yp and accordingly HF models showed low R2 PGS in HF showed poor
calibration and different performance in the validation and testing datasets, i.e., the randomly created
cohorts for validation and testing of PGSs had different clinical characteristics (Table 2) and different
performance of the PGS hyperparameters (Supplementary Tables 38-40). PGS including a higher
fraction of causal variants provided the best predictions when assessing the testing dataset (see



further details in Supplementary Note). This points to greater polygenicity or etiological diversity of
the disease which, in our opinion, is consistent with the fact that HF is a syndrome with several
underlying etiopathologies, and potentially opposing mechanisms (e.g., hypercontractile in HCM vs.
hypocontractile in DCM)(13). Similarly, Shah et al. stated that HF GWAS revealed lower statistical
power and lower number genetic associations compared to other studies with similar Nes, suggesting
the heritability of HF may be more attributable to underlying disease subtypes than to the common
final pathway (4). Despite low h%np, HF had many significant genetic correlations. In particular, HF
depicted high genetic overlap with CAD (r; 0.72) and several overlapping correlations with CAD,
consistent with the high CAD prevalence in the cohorts included in the HF GWAS by Shah et al. This
may raise concerns as to whether the HF correlations obtained were specific to HF or mediated by
CAD, but it is reassuring that traits with high genetic overlap with HF such as DCM (defined as non-
ischemic, rg 0.60, P=1.81x10%) were not correlated to CAD (rg 0.10, P=0.20), as expected. In addition,
PGSmultiT grid and infinitesimal models depicted similar and better performance, respectively, than
the PGSsingleT ones. These last two findings suggest that MTAG does not introduce a bias toward CAD-
related mechanisms independent of HF. Likewise, the enhanced performance of the infinitesimal
model in HF suggests that MTAG can be useful in etiologically diverse diseases.

The stratified analysis by sex yielded similar results for AF and HF as those observed in the overall
cohort. This was not the case for CAD where there was no improvement by PGSmultiT in males but
PGSmultiT in females significantly outperformed PGSsingleT. In females, PGSmultiT obtained a
significant increase in prediction and discrimination parameters, with increased explained variance by
the model, an improved classification as represented by the NRI and significantly better IDI showing
better differentiation of prediction between affected and non-affected. This suggests that MTAG
better captures disease mechanisms in this underrepresented group in CAD. We provide further
explanation in the Supplementary Note. Even after the enhancement, CAD explained variance by
PGSmultiT in females was lower than those in males, similarly to what was previously reported. (46)

One of the limitations of MTAG is that only those SNPs represented in all included traits are retained
in the analysis, so some significant SNPs for the trait of interest may be excluded and limit novel loci
discovery and predictive power of the final summary statistics, because even if the SNP to trait
association statistic (i.e., x?) are improved, the number of represented SNPs is dropped. Similarly, for
the use of LDpred2 it is recommended to restrict SNPs to the subset of HapMap3 SNPs (N=1,120,696),
which may also compromise the final predictive capacity due to the possible omission of relevant SNPs.
Another important limitation of our work is that in order to calculate the LDSC genetic correlation
through summary statistics, only predominantly European populations were included, therefore our
results may not be transferable to other cohorts with different ancestry. Finally, it is important to note
that MTAG assumes that all SNPs share the same variance-covariance matrix of effect sizes across the
included traits in the analysis, which might lead to deviations in the actual estimates. The maxFDR
calculation estimates the maximum probability that the above assumption is violated, which was low
in all our analyses. In addition, we confirmed a high proportion of the MTAG loci. However, we still
recommend interpreting the new loci with great caution, specifically for those that were nonsignificant
in the single-trait summary statistics at a nominal P-value threshold.

Altogether, our research provides evidence that the integration of shared genetic underpinnings
among CV traits and diseases using MTAG joint analysis is an interesting and relevant tool for the
discovery of novel trait-specific loci and unravelling the knowledge underlying their pathophysiology
in AF, CAD, and HF. Multi-trait PGSs yield similar discrimination and prediction in CAD and AF, and
non-conclusive results for HF, although they point to better performance (when infinitesimal PGS



methods are considered). Furthermore, MTAG enabled improvement in discriminative and predictive
capabilities for CAD in females.

METHODS
Compilation and quality control on study summary-level data

Compilation of publicly available summary statistics of CV phenotypes published to date, prioritizing
those with the largest size and power, resulted in the inclusion of 56 CV traits/diseases and 62
summary statistics (Supplementary Table 1).

We included studies comprising European ancestry individuals (or mostly European individuals) to be
able to compute LDSC pairwise genetic correlation.

The statistics were generated as described in the original GWAS studies (see Supplementary Table 1
for references). They were processed according to the standard quality control procedures (47) and
transformed into the input format required for the software tools to be used: LDSC regression (8) and
MTAG (5).

All summary statistics were converted to the same genome assembly: GRCh37. When SNPs
identification was missing, they were annotated using ANNOVAR and avsnp150 left normalized SNP
database(48).

During the quality control we removed insertions, deletions and monomorphic SNPs (frequency equal
to 0 or 1) as per MTAG software requirements.

LDSC genomic correlation

LDSC r; of the CV included traits and diseases was conducted to assess their genetic overlap and as a
guidance for the selection of the traits that we incorporated in the joint analysis using MTAG. We
followed the procedure recommended in the LDSC score tutorial
(https://github.com/bulik/ldsc/wiki/LD-Score-Estimation-Tutorial), using the munge step to restrict it
to wellimputed HapMap3 SNPs. The munge_sumstats.py script, which is used by both LDSC and MTAG,
filters SNPs with MAF <0.01, out-of-bounds P-values [0-1] and also the values smaller than the smallest
possible float value in python (P<2.23 x1073%), strand-ambiguous SNPs, duplicated rs numbers and it
also restricts SNP sample size variation by computing the 90 percentile of the SNP sample-size
distribution and dropping SNPs with a sample size below 66% of this value for LDSC, and 75% of this
value for MTAG. For the LDSC analyses we employed the LD scores reference panel for European
population from the Broad Institute ‘eur_w_lId_chr’, available from
https://data.broadinstitute.org/alkesgroup/LDSCORE and computed using 1000 Genomes Project
European individuals. (49)

Among 1770 non repeated comparisons (marked in the Unique Pairs column in Supplementary Table
2), LDSC r4 P-value < 0.05 after correcting for multiple comparisons (Pepg, using Benjamini & Hochberg
false discovery rate method) were considered significant (Supplementary Table 2). To select the traits
significantly correlated with AF, CAD and HF, the correction was performed individually for each
disease of interest (Supplementary Tables 4-6).

LDSC regression outputs h%ye on an observed scale for binary traits, i.e., using the prevalence of the
condition in the sample. h%yp on a liability scale was computed for these traits and reported in the
Supplementary Table 3, along with the population prevalence used for its calculation.



MTAG analysis
We performed MTAG analysis for AF, CAD and HF.

In addition to the filters discussed in the previous section, MTAG restricts the SNPs to those common
to all the summary statistics in the analysis.

For binary traits input summary statistics, the effective sample size (Nes) was calculated using the
formula Neg= 4 / (1/Number of cases + 1/Number of controls) as recommend in the MTAG publication.
(5) The GWAS equivalent sample size after MTAG was obtained from the MTAG log file, which
calculates it per SNP as Negmrac = Negrowas * (mean 2 wrac - 1)/(mean y2was- 1).

To ensure the reliability of our results, we calculated the maxFDR, which calculates the type | error in
the dataset for the worst-case scenario: SNPs that are truly null for one trait but non-null for another
trait. The maxFDR increases with lower genetic correlation and wider difference in the summary
statistics mean y? between the included traits. x* scales with sample size and h?.

To be able to calculate MTAG maxFDR, we conducted MTAG using 4 traits per each analysis (otherwise
its calculation is computationally not feasible).

To select the traits to be included in each MTAG analysis we conducted a cluster analysis for the traits
significantly correlated with each of the diseases of interest: AF, CAD and HF. Clustering was performed
for traits with at least moderate LDSC rg (20.20) that is statistically significant (Prpr<0.01). The trait with
the highest genetic correlation from each cluster was selected, which allowed to include traits with
high overlapping genetic structure with the trait of interest but not between them.

Hierarchical clustering was performed using the absolute value of the rg, the Euclidean distance and
the complete method (Fig. 2).

For the AF MTAG we used Nielsen et al. summary statistics as the main trait, instead of Roselli et al.
ones, as the first one had higher summary statistics mean y> (Supplementary Table 7).

For the HF MTAG using Shah et al.(4), we initially included AF, CAD, and SBP(12) (Supplementary Fig.
10) but it yielded a maxFDR of 40.9%. This was presumed to be due to imbalanced statistical power
between HF (mean y? = 1.14) and SBP (mean y? = 2.84). As described in the MTAG method paper,
imbalance of statistical power between traits is a well-recognized cause of type 1 error inflation. We
then excluded blood pressure traits from the HF MTAG analysis. New clustering was performed leading
to the selection of DCM as the fourth trait for the HF MTAG, yielding a maxFDR of 0.4% (Supplementary
Table 7).

For the new MTAG analysis using new summary statistics published in CAD (Aragam et al.) and HF
(Levin et al.), we kept the same features we used for the main analysis, using updated summary
statistics if available (Supplementary Table 23) and did not combine 1) Nelson et al. with Aragam et al.
nor 2) Shah et al. with Levin et al. (similarly to what we did for AF), as these cohorts were already
included in the Aragam et al. and Levin et al. GWAS, respectively.

Annotation and functional analysis

The annotation and functional mapping of the new generated summary statistics was conducted using
FUMA v1.5.3 (https://fuma.ctglab.nl/)(50) and Open Targets v22.10
(https://genetics.opentargets.org/)(51, 52).



Genomic risk loci were defined in FUMA. We clumped independent SNPs at a LD r? >0.1 and merged
LD blocks with distance < 250kb. This led to a number of loci slightly different to the ones reported in
the original summary statistics (Supplementary Tables 8-10, 25-26). MTAG novel loci were defined as
those loci not identified as significant in the original GWAS summary statistics of the trait of interest
(at a significance level P < 5x10%) and without overlapping boundaries with them. For the AF results,
we reviewed the new loci with respect to Nielsen et al.(6) and Roselli et al.(3) and the meta-analysis of
non-overlapping samples of both reported in Roselli et al.

Prioritization of causal genes was conducted using Open Targets, an open approach to systematically
prioritize causal variants and genes and which integrates information on molecular phenotype
guantitative trait loci experiments, chromatin interaction experiments, in silico functional predictions
and the distance between the variant and each gene's canonical transcription start site. The genes with
the highest variant to gene score for each lead variant are reported in Table 1 and in Supplementary
Tables 8-10, 25-26, and the whole list of associated genes is reported in Supplementary Tables 11-13,
27-28.

Summary statistics functional analysis was conducted using MAGMA gene-set and tissue expression
functions in FUMA.

The association of the novel loci with the traits of interest (AF, CAD and HF) in other studies was
explored through FUMA and OpenTargets. FUMA retrieves GWAS associations from the GWAS Catalog
for all the variants included in a locus (defined using the parameters previously specified). The GWAS
Catalog contains variants reported to be associated with any phenotype at a significance level of P<
1x107>. In our case, we filtered for P<5x107%. OpenTargets retrieves GWAS associations of pre-specified
variants, in our case the list of the novel MTAG lead variants, with the trait of interest in the UKB,
FinnGen and/or GWAS Catalog repositories. In the query, OpenTargets uses the specified variants and
those that are in high LD with them (LD r? >0.7) or in the same credible set, i.e., set of independent
variants in a locus (after conditional analysis) likely to be causal at a 95% confidence interval. In
addition, Open Targets also provides PheWAS associations (P<5x1073) for the pre-specified list of
variants, in our case, i.e., the list of the novel MTAG lead variants we input.

Polygenic scores
Derivation data

We used the enhanced summary statistics from the MTAG analyses to construct PGS (PGSmultiT) and
compared them to PGS obtained from single-trait summary statistics (PGSsingleT) to assess whether
MTAG improved prediction and discrimination ability. The PGSsingleT were derived from the
previously published publicly available GWAS summary statistics on AF (Nielsen et al.(6)), CAD (Nelson
et al.(7)), and HF (Shah et al.(4)), and the PGSmultiT from the summary statistics that we generated
through MTAG for each disease. As recommended by LDpred2 developers the SNPs used were
restricted to those available in HapMap3. Quality control of the summary statistics before the score
calculation included the removal of indels, SNPs with a MAF < 0.01, imputation info < 0.7 when
available, SNPs with no rsID or position available and duplicate and ambiguous SNPs. Prior to the
calculation of the PGSs, the summary statistics were converted to GRCh38 assembly using the liftover
function available at the UCSC Genome Browser(53), to be consistent with the genetic build of the
MHIBB, the target data.



PGS calculation in the target data

PGS were calculated in a population of 15,177 unrelated individuals with complete array genotype and
detailed phenotypic data. Individuals were recruited from the André and France Desmarais Hospital
Cohort of the MHIBB. All participants provided informed consent to be included in the Biobank. The
MHIBB protocol was approved by Montreal Heart Institute's Scientific and Ethics Committees. This
study was approved by these committees and by the Cohort Management Committee. Complete
information on quality control and the imputation of the genotypes is described in the Supplementary
Note. The validation cohort was composed of 2,500 individuals, which was used to select the best
performing hyperparameters, and 12,677 were included as the testing cohort. The baseline
characteristics of the MHIBB cohort are described in Table 2. Baseline data analyses were conducted
in R (version 4.0.2). Continuous variables were presented as mean * standard deviation or median
[interquartile range (IQR)], and these were compared using the t-test for independent samples or the
Mann-Whitney U test. Categorical variables were reported as frequencies (%) and the Fisher's exact
test was used for comparison.

The scores were derived using LDpred2 in the main analysis, as well as a comprehensive analysis
including LDpred1 and C-T methods. Further details on the hyperparameters employed for each
method are available in the Supplementary Note.

Using the LDpred2 score with the best performance in the validation dataset based on the Wald-Z from
the logistic regression model, the performance of the PGSs was assessed in the 12,677 MHIBB in the
testing dataset. Logistic regression models with the disease as the outcome and the disease-specific
candidate PGS as a predictor, and another model including sex, age at last follow-up and the first four
genotypic principal components as covariates, were compared for PGSsingleT vs PGSmultiT.

PGS logistic regression models Nagelkerke R? and AUC were assessed through the rms R package
(version 6.2-0), and confidence intervals were created for 10,000 bootstrapping samples using boot
(version 1.3-2), and AUCs compared using pROC package (version 1.18.2) and the roc.test() function
which employs the Delong method(54). NRI and IDI were assessed using the R package Hmisc (version
4.7-0). For calibration plots, 1,000 bootstrapping samples were used and the continuous calibration
curve was smoothed using the lowess method(55). All analyses were conducted in R (version 4.0.2).

The definitions of the disease or outcome used for the PGS analyses were as follows:

For AF we coded as prevalent AF all patients coded as having atrial fibrillation or atrial flutter in the
MHIBB, same diagnosis that were included in Nielsen et al.(6) Controls were selected as not having
atrial fibrillation or atrial flutter.

CAD was defined as the occurrence at any time of fatal or nonfatal myocardial infarction (Ml),
percutaneous transluminal coronary angioplasty (PTCA) or coronary artery bypass grafting (CABG) and
controls were selected to be free of MI, PTCA or CABG. Our definition was similar to the one used by
Nelson et al.(7), but this one also included patients with unstable angina and chronic ischemic heart
disease as cases for the summary statistics we employed (SOFT).

HF was defined as HF diagnosed by a cardiologist based on clinical notes, hospitalization or death
report. In addition, individuals with a left ventricle ejection fraction <45% were also coded under the
diagnosis of HF in the MHIBB. Controls were selected to be free of HF. Our definition was in line with
the one used by Shah et al.(4), in which the diagnosis of the 26 cohorts was based on the combination
of the following parameters: Physician diagnosis or adjudication in 18 cohorts, ICD codes (discharge +



cause of death) in 12 cohorts, imaging in 15 cohorts, natriuretic peptides in 1 cohort and HF treatment
in 9 cohorts. In the search for a more precise definition of HF, the PGS was also tested using two
additional definitions:

a. Cases were those with HF who also had an NT-proBNP > 125 pg/ml when available, excluding those
patients without NT-proBNP and a diagnosis of HF from the analysis, and keeping as controls those
without HF.

b. Cases were defined as having severe HF which included patients who received a heart transplant,
those which have carried ventricular assist device, or those which had experienced HF NYHA functional
class lll-IV.

These results are available in Supplementary Table 40.
DATA AVAILABILITY

Upon publication of the study following peer-review, summary statistics generated through the use of
MTAG will be made available on the GWAS catalog, and polygenic scores derived from single-trait and
multi-trait summary statistics will be made available on the PGS catalog using both the GRCh37 and
GRCh38 builds.
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Fig. 1: Flowchart of the study design

MTAG new summary statistics

- Summary statistics functional assessment Assessment of prediction in AF, CAD and HF:
through MAGMA tissue expression and functional PGS single-trait versus PGS multi-trait
pathways analyses (in 15,177 individuals from the MHIBB)

- OpenTargets functional analysis of novel MTAG

. . v A Nagelkerke's R?
loci: 19, 89 and 52 loci for AF, CAD and HF

(Table 1) v AAUC

Updated analysis using recently published v" Net reclassification index and
summary statistics for CADY and HF® identified 23 Integrated Discrimination
and 52 extra loci respectively Improvement

Description of the design of the study. Abbreviations: AF, atrial fibrillation and atrial flutter; AUC,
area under the curve; BMI, body mass index; CAD, coronary artery disease; DCM, dilated
cardiomyopathy; HF, heart failure; LDL, low-density lipoprotein; MHIBB, Montreal Heart Institute
biobank; Neg, effective sample size; PGS, polygenic risk score; SBP, systolic blood pressure. ?Nielsen et
al.(6), °Nelson et al.(7), “Shah et al.(4), “Aragam et al.(14), cLevin et al.(15) *Another AF study
different from Nielsen et al. was included.



Fig.2: Linkage Desequilibrium Score Regression Genetic Correlations and Hierarchichal Clustering for Atrial Fibrillation,
Coronary Artery Disease and Heart Failure
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On the left, barplots depicting significant genetically correlated traits with AF, CAD, and HF (Pgpr<0.05;
re and 95% confidence intervals are represented). All rg values appear in Supplementary Tables 4-6. On
the right, hierarchical clustering of the traits with rg>0.20 and Prpr<0.01 with AF, CAD and HF. The
Euclidean distance and the complete method were used to obtain three clusters grouping the traits
significantly correlated with AF, CAD, and HF. For each of the three clusters, the trait with the highest
genetic correlation with the trait of interest was selected for MTAG analysis (marked with an asterisk).
Prpr, P-value corrected by false discovery rate; rg, genetic correlation. Other abbreviations as per
Supplementary Table 1.
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Fig.3: Miami plots of single-trait and multi-trait summary statistics
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Miami plots from the summary statistics of the original studies, Nielsen et al. for atrial fibrillation (AF),
Nelson et al. for coronary artery disease (CAD) and Shah et al. for heart failure (HF), are depicted at
the top, and from the MTAG results at the bottom. MTAG increased the number of significant
identified loci from 119 to 138 in AF, from 50 to 135 for CAD, and from 11 to 61 in HF. This led to the
identification of 19 novel loci not reported in the original summary statistics for AF, 89 for CAD and 52
for HF. Red dashed line shows the genome-wide significance threshold (P=5x10%).
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Fig.4: Single-trait versus Multi-trait Polygenic Scores:
comparison of the discriminative ability

Overall Bl rossinger [ Posmunit
PGS PGS - Covariates
0.80-
0.75-
0.70-
0.65-
0.60-
0.55- *
050—--- SESEEE- - - - RN . - - - - - ‘i EEEEE | EEEEEE |  EEEE
4 8 & ¢ 8 &
Females
PGS PGS - Covariates
0.80-
0.75- *
0.70- *
0.65-
0.60-
0.55-
(EUEEEEE | EEEEEE |  EEEEE ‘ ----- EEERE | EEEEEE |  EEEEEE
4 8 ¢ 4 8 &
Males
PGS PGS - Covariates
0.80-
0.75-
0.70-
0.65-
0.60-
0.55-
[EGEEEEE | EEEEEE | EEEEEE l' i it | SEREEE | EEEEE
< s % < s £

Common Cardiovascular Disease



Area under the curve (AUC) from logistic regression model with the disease as an outcome (AF, CAD
and HF) and the disease-specific candidate polygenic score as a predictor variable. The models
including the single-trait summary statistics (PGSsingleT) are represented in blue and the multi-trait
ones (PGSmultiT) in red. Scores developed by LDpred2, using the UK Biobank linkage disequilibrium
reference panel (N= 362,320 individuals). The validation (N=2,500) and testing datasets (N=12,677)
consisted in unrelated individuals from the Montreal Heart Institute Biobank cohort. AUC shown are
those from the testing dataset. For the female cohort, 997 individuals were included in the validation
dataset and 5,152 in the testing dataset. For the male cohort, 1,503 individuals in the validation dataset
and 7,525 in the testing dataset. Representation of the AUCs corresponding to the best LDpred2
method, defined as the one with highest Wald Z in the validation dataset in each disease: LDpred2-
grid. 95% confidence intervals are represented. Significant differences in the discrimination ability
assessed using AAUC, Net Reclassification Index and Integrated Discrimination Improvement marked
with an asterisk (*). The lack of model calibration in HF only-PGS models indicates caution in the
interpretation of these results (Supplementary Table 35). Interestingly, PGS derived from the multi-
trait summary statistics (PGSmultiT) improved discrimination ability for CAD in females
(Supplementary Table 36).



Extended Data Fig.1: Genetic correlations
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Extended Data Fig.1: Genetic correlations. Genetic correlations of the 56 traits and cardiovascular
diseases with publicly available summary statistics (using Linkage Disequilibrium Score Regression (1),
all values in supplementary table 2). Non-significant correlations (P value > 0.05 after correction for
false discovery rate) are set to 0 and shaded in grey. Abbreviations specified in Supplementary Table

1.
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GRCh37) and the risk allele. Abbreviations as per Extended Data Fig. 1.
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Extended Data Fig. 3: Calibration plots showing agreement between observed (y-axis) and
predicted probability of event (x-axis) in the testing dataset. The 452 degrees line represents
perfect calibration. On the x-axis, the spike histogram represents the number of individuals with a
predicted risk corresponding to the value on the x-axis. Continuous calibration curve smoothed using
lowess method. Good calibration is observed for all models except HF.
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Extended Data Fig. 4: Odds ratio across the different percentile groups for the overall
cohort and stratified by sex.

Odds ratios and 95% confidence intervals were calculated by comparing predicted risk for those
individuals at the top 1%, 5%, 10% and 20% PGS percentiles with the remaining individuals below the
cutoff value for each percentile of risk. Predicted risk was calculated through a logistic regression
model including the PGS as a predictor and each disease of interest, AF, CAD or HF, as the outcome.
These analyses were conducted in the testing dataset for the overall cohort and per sex strata.
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Abstract

Aims

Methods
and results

Conclusion

Arrhythmogenic right ventricular cardiomyopathy (ARVC) causes ventricular arrhythmias (VAs) and sudden cardiac
death (SCD). In 2019, a risk prediction model that estimates the 5-year risk of incident VAs in ARVC was developed
(ARVCrisk.com). This study aimed to externally validate this prediction model in a large international multicentre cohort
and to compare its performance with the risk factor approach recommended for implantable cardioverter-defibrillator
(ICD) use by published guidelines and expert consensus.

In a retrospective cohort of 429 individuals from 29 centres in North America and Europe, 103 (24%) experienced sus-
tained VA during a median follow-up of 5.02 (2.05-7.90) years following diagnosis of ARVC. External validation yielded
good discrimination [C-index of 0.70 (95% confidence interval-Cl 0.65-0.75)] and calibration slope of 1.01 (95% CI 0.99—
1.03). Compared with the three published consensus-based decision algorithms for ICD use in ARVC (Heart Rhythm
Society consensus on arrhythmogenic cardiomyopathy, International Task Force consensus statement on the treatment
of ARVC, and American Heart Association guidelines for VA and SCD), the risk calculator performed better with a su-
perior net clinical benefit below risk threshold of 35%.

Using a large independent cohort of patients, this study shows that the ARVC risk model provides good prognostic in-
formation and outperforms other published decision algorithms for ICD use. These findings support the use of the mod-
el to facilitate shared decision making regarding ICD implantation in the primary prevention of SCD in ARVC.

Structured Graphical Abstract

Key Question

Does the published arrhythmogenic right ventricular cardiomyopathy (ARVC) risk calculator (ARVCrisk.com) adequately predicting sus-

tained ventricular arrhythmia (VA) in a distinct geographically diverse cohort?.

Key Finding
The ARVC risk calculator:
1) Predicted adequately with good discrimination and calibration.

2) Performed better than other consensus-based implantable cardioverter defibrillator (ICD) implantation algorithms.

Take Home Message

The ARVC risk calculator provides reliable information and can facilitate shared decision-making regarding ICD implantation in primary

prevention ARVC.

External Validation Cohort

Performance validation

Observed S-year risk

9 ° Countries 50%
8 @ ARVC patients
” @ Sustained VA > I
| ke C-statistic
A il 0.70 (0.65-0.75)
i Calibration slope
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Validation of the arrhythmogenic right ventricular cardiomyopathy (ARVC) risk calculator in a distinct cohort. AHA, American Heart Association;
ECG, electrocardiogram; HRS, Heart Rhythm Society; ICD, implantable cardioverter-defibrillator; ITFC, International Task Force Criteria; NSVT,
non-sustained ventricular tachycardia; PVC, premature ventricular complex; VA, ventricular arrhythmia.
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Introduction

Arrhythmogenic right ventricular cardiomyopathy (ARVC) is a sig-
nificant cause of sustained ventricular arrhythmia (VA) and sudden
cardiac death (SCD), especially in young individuals and athletes.
Preventing this catastrophic outcome through the prophylactic use
of implantable cardioverter-defibrillators (ICDs) is a cornerstone
of the disease management. Given the significant drawbacks asso-
ciated with ICDs in this young and active population, appropriate pa-
tient selection is essential.

Over the past 25 years, numerous studies have identified predic-
tors of sustained VA and SCD in ARVC and consensus documents
have integrated these in decision algorithms for ICD use.'™
Building on this knowledge, a risk prediction model for sustained
VA and SCD in ARVC was recently developed in a multinational co-
hort (n= 1528, designed as the derivation cohort) mostly including
high volume referral centres for ARVC.* This prediction model pro-
vides individualized prediction of the risk of VA in patients with
ARVC without a prior history of sustained VA. Since its online pub-
lication, the risk calculator’s official site (http:/www.ARVCrisk.com)
has been used ~20 000 times illustrating its uptake in clinical practice.

The model has been internally and externally validated in small
studies.*® However, adequately powered external validation is still
lacking,"® yet is paramount to confirm the reproducibility, generaliz-
ability, and need to update the model in an independent population.

The aims of the present study are thus (i) to conduct external val-
idation of the published risk calculator in a distinct, adequately pow-
ered, and geographically diverse cohort including patients from six
countries across North America and Europe and (i) to compare
the performance of the risk prediction model with other published
guidelines and expert consensus recommendations for ICD use.
During the current validation study, our group detected an inaccur-
acy in the formula of the original ARVC risk calculator published in
2019. It was corrected both on the website (ARVCrisk.com) and
in the published manuscript."’ We base the present study on the
corrected risk calculator.

Methods
Study design

We conducted an observational, retrospective, longitudinal cohort study
in accordance with the Transparent Reporting of a Multivariable
Prediction Model for Individual Prognosis or Diagnosis (TRIPOD)
statement."?

Study population

The study population was derived from 29 centres (see Supplementary
material online, Table S1) in six European and North American countries.
This current cohort will be designated as the ‘validation cohort’ while the
cohort leading to the published model will be designated as the ‘deriv-
ation cohort’. New patients from two centres participating in the original

study (Montreal Heart Institute and Johns Hopkins Hospital) were in-
cluded (52 patients; 12% of the cohort). No patients in the current co-
hort were included in the original ARVC derivation cohort. From each
site, consistent with the derivation cohort, consecutive patients who
(i) were diagnosed with definite ARVC as per 2010 Task Force
Criteria (TFC)," (ii) were alive at presentation, and (iii) had not experi-
enced spontaneous sustained VA or sudden cardiac arrest (SCA) at diag-
nosis were included. The study conforms to the Helsinki declaration and
was approved by local ethics and/or institutional review boards. To main-
tain patient confidentiality, data, and study materials will not be made
available to other researchers for purposes of replicating the results. A
limited dataset may be made available upon request.

Data collection

Data were collected independently by each of the participating centres
using uniform definitions. A complete list of variables and their definitions
can be found in Supplementary material online, Table S2. Genetic var-
jiants were reviewed according to the American College of Medical
Genetics and Genomics guidelines by cardiologists specialized in
cardiovascular genetics (R.T. and J.C.T.)."

Missing data

Patients with >50% of predictors missing were excluded from the ana-
lysis. Missingness was assumed to be at random and imputed using mul-
tiple imputation by chained equations."® Missing quantitative values for
right ventricular ejection fraction (RVEF) and left ventricular ejection
fraction (LVEF) were imputed manually when only qualitative assessment
was available as done previously* and detailed in Supplementary material
online, Table S2. The multiple imputation model included all pre-specified
predictors, proband status and genotype together with the outcome,
and cumulative baseline hazard estimation.'® A total of 25 imputed data-
sets were generated, and the final inference estimations were combined
using Rubin’s rules.”

Study outcomes

In accordance with the published ARVC risk prediction model which this
study aims to validate, the primary outcome was the first sustained VA
following the definite diagnosis as per the TFC. Sustained VA was defined
as a composite of the occurrence of SCD, SCA, spontaneous sustained
ventricular tachycardia (VT; lasting >30 s at >100 b.p.m. or with haemo-
dynamic compromise requiring cardioversion), ventricular fibrillation/
flutter, or appropriate ICD intervention. Heart transplantation, cardio-
vascular mortality, and all-cause mortality were also collected.

Predictor variables and risk calculator

The same candidate predictors as those selected in the published model
based on prior literature were considered.'®?° These include sex, age,
recent cardiac syncope (here defined as transient loss of consciousness
and postural tone with spontaneous recovery with a likely arrhythmic
mechanism, within a year of diagnosis), non-sustained VT (NSVT: defined
as hemodynamically stable VT at >100 b.p.m., for >3 beats <30 s), num-
ber of premature ventricular complexes (PVCs) on 24-h Holter moni-
toring, the extent of T-wave inversion (TWI) on anterior and inferior
leads, and RVEF. Each predictor variable was determined at the time of
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diagnosis, defined as 1 year before to 1 year after the date of diagnosis as
per 2010 TFC and prior to the occurrence of the primary outcome.

The 5-year risk of sustained VA for an individual patient as per the pub-
lished model is calculated using the following equation®:

P(VAat5years) = 1 — 0.8396%®(LP)
where the linear predictor (LP) was calculated according to the equation:

LP = 0.488 x male sex — 0.022 x age + 0.657
x history of recent cardiac syncope + 0.811 x history of NSVT
+0.170 x In(24-h PVC count) + 0.113
x sum of anterior and inferior leads with TWI — 0.025
x RVEF.

Of note, the baseline hazard for 5-year prediction (0.8396) has been cor-
rected since the initial publication in 2019."

Statistical analysis

Analyses were performed with RStudio version 1.3.1093 (Boston, MA,
USA). Continuous variables were expressed as mean + standard devi-
ation or median [interquartile range (IQR)] and compared using either
the independent sample t-test or the Mann—Whitney U test.
Categorical variables were presented as frequencies (%) and compared
using the Fisher’s exact test. Follow-up duration was calculated as the
time interval between the time of definite diagnosis according to TFC
and the endpoint or censoring. Censoring was defined as death from
any other cause, heart transplantation or the most recent follow-up visit
at which the endpoint could be ascertained. Event-free survival probabil-
ity was estimated using the Kaplan—Meier method and Cox proportional
hazard regression analysis.

Model validation

The approach to external validation follows the method suggested by
Royston and Altman for Cox prognostic models.?" First, the overall dis-
criminative performance of the model was measured using Harrell’'s
C-statistic, and the model fit by calculating the calibration slope, the re-
gression of the LP (i.e. the product of the variable part of the Cox model)
in the current cohort (validation cohort). Graphical evaluation of calibra-
tion was performed by plotting the predicted risk against the observed
risk of sustained VA, using grouped Kaplan—Meier estimates and the con-
tinuous hazard regression function. The choice of the number of groups
presented was based on the balance between providing sufficient spread
in group risk, while maintaining adequate group sizes for precision. For
the complete cohort, five groups are presented while for subgroup ana-
lyses, four groups are presented.

Subsequently, a more in-depth analysis of the model fit was performed
by a Cox’s model including the same predictor variables in combination
with the LP of the original model (as an offset variable) to evaluate po-
tential differences in the regression coefficients of each individual predict-
or. The result indicating the validity of the model would be that if all
coefficients B* equalled 0, reflecting that all the variability in the validation
sample is accounted for by the published model. In addition, the baseline
survival function of the validation dataset was compared to that of the
derivation dataset to see if the overall predictions need to be globally
shifted upward or downward. Lastly, a new prediction model using the
same predictor variables was fitted to the validation dataset and com-
pared to the fit of the original model using the Akaike information criter-
ion (AIC), with a difference of >2 defined as statistically significant. This

allows testing whether a model specifically fitted to the validation dataset
performs better than the original model in the validation dataset.

Subgroup analyses

We visually explored the performance of the model specifically in differ-
ent populations of interest by comparing calibration plots for these sub-
groups. We stratified the cohort by geographic origin (Europe vs. North
America), by proband status and by plakophilin 2 carrier status (PKP2;
causal variant carrier vs. non-carrier). We did not report quantitative
markers of performance such as the C-statistic as this study was not
powered adequately for these subgroups.

To assess the impact of carrying an ICD on prediction accuracy, we
also presented calibration plots based on ICD carrier status at baseline
defined as ICD implantation prior to a year following diagnosis and first
VA outcome, whichever came first.

Clinical utility

To assess the relative clinical utility of the risk prediction model, it was
compared to three other published expert consensus algorithms for
ICD implantation in ARVC: the 2015 International Task Force
Consensus for the treatment of ARVC (ITFC),"® the 2017 American
Heart Association (AHA) guidelines for the management of VA and pre-
vention of SCD,? and the 2019 Heart Rhythm Society (HRS) consensus
on arrhythmogenic cardiomyopathy (excluding programmed ventricular
stimulation)®? through decision curve analysis. In a decision curve ana-
lysis, 2> the clinical benefit is assessed by the ‘net benefit’ representing
the balance between useful (i.e. in patients with events) vs. useless (i.e.
in patients without events) ICD placement at 5 years weighted according
to the threshold used for ICD implantation. More specifically, the deci-
sion curve uses the following formula:

True positives/total sample size

— false positives/total sample size x (pt/1 — pt)

where ‘pt’ represents threshold probability, in the current case,
threshold for ICD implantation. Therefore, the higher the threshold
used, the greater the harm of useless ICD use (i.e. false positive) is va-
lued. Higher values indicate greater benefit while a value of 0 indicates
no benefit.

To present the consequence of setting different thresholds for ICD
implantation, we evaluated and plotted the proportion of patients who
would receive ICDs and the proportion of treated and missed events
at each threshold. We compared these with the recommendations for
ICD use by the three published consensus mentioned above [ITFC(1),
AHA (2), HRS(3)].

Results

The study population included 429 definite ARVC patients without a
history of sustained VA or SCA at the time of diagnosis aged 43.1 +
15.8 years and slightly more than half (n =235, 54.8%) were male.
Probands accounted for two-thirds of the cohort (n=278,
64.8%). Half (n =198, 46.6%) of patients had a pathogenic or likely
pathogenic variant in a gene with definite or moderate association
with ARVC,>* which represents 70% (198 patients) of the 282 pa-
tients for whom the complete genetic information was available.
PKP2 was the most common genotype, carried by 111 patients
(26%) followed by DSP in 38 patients (9%). Compared to PKP2 pa-
tients, DSP patients were more likely to have a decrease in LVEF <
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Table 1 Baseline clinical characteristics

Overall (n=429) Non-sustained VA (n=326) Sustained VA (n=103) P-value

Demographics and genetics

Age at diagnosis (years) 431+ 158 441 +£ 157 40.1 + 16.0 0.025
Male sex 235 (54.8) 159 (48.8) 76 (73.8) <0.001
Proband status 278 (64.8) 197 (60.4) 81 (78.6) 0.001
(Likely) pathogenic variants (n = 282) 198 (46.2) 150 (46.0) 48 (46.6) 0.480
Genotype 0.302

PKP2 111 (25.6) 84 (25.8) 27 (26.2)

DSP 38(8.9) 33 (10.1) 5(4.9)

DSG2 27 (6.3) 22 (6.7) 5(4.9)

DSC2 3(07) 1(0.3) 2(1.9)

Jup 0 (0.0) 0 (0.0) 0 (0.0

TMEM43 10 (2.3) 4(1.2) 6 (5.8)

PLN 3(0.7) 3(0.9) 0 (0.0

Multiple mutations 6 (1.4) 3(0.9) 3(29)

Clinical history
Recent cardiac syncope (n =424) 37 (8.6) 16 (4.9) 21 (20.4) <0.001

ECG/continuous ECG monitoring

TWI in >3 precordial leads (n=409) 250 (58.3) 187 (574) 63 (61.2) 0.295
TWI in >2 inferior leads (n =403) 109 (25.4) 81 (24.8) 28 (27.2) 0.589
PVC count (n=324) 1434 (439-3601) 1354 (400-3719) 1676 (602-3492) 0.160
NSVT (n=359) 148 (34.5) 105 (32.2) 43 (41.7) 0.001
Imaging

RVEF (%) (n=410) 45 (36-53) 47 (38-53) 40 (35-48.5) <0.001
LVEF (%) (n=404) 57 (51-60) 57 (51-61) 57 (50-60) 0.049

Treatment at baseline

ICD 175 (40.8) 113 (347) 62 (60.2) <0.001
Anti-arrhythmic drugs (n =408) 0.041
Amiodarone 23 (6.0) 16 (4.9) 10 (9.8)
Sotalol 79 (18.4) 55 (16.9) 24 (23.3)
Propafenone/flecainide 15 (3.5) 9(2.8) 6 (5.8)
B-blockers (n=407) 206 (48.0) 156 (47.9) 50 (48.5) 0.50
Follow-up 5.02 (2.05-7.90) 4.48 (1.86-7.32) 6.12 (2.60-10.08) 0.002

Variables are expressed as frequency (%), mean =+ standard deviation, or median (interquartile range). Total number of patients with available data for a given variable are mentioned
in parenthesis for variables with missing data.

DSC2, desmocollin-2; DSG2, desmoglein-2; DSP, desmoplakin; ICD, implantable cardioverter-defibrillator; LVEF, left ventricular ejection fraction; NSVT, non-sustained ventricular
tachycardia; JUP, junction plakoglobin; PKP2, plakophilin-2; PLN, phospholamban; PVC, premature ventricular complex; RVEF, right ventricular ejection fraction; TMEM43,
transmembrane protein 43; TWI, T-wave inversion; VA, ventricular arrhythmia.

50% (44.7% vs. 6.4%) but less likely to have VA events at follow-up Supplementary material online, Table S4, and a comparison of the
(13.2% vs. 24.5%). Baseline characteristics according to genotype - derivation and validation cohort populations is presented in
are presented in Supplementary material online, Table S3. Other clin-  :  Supplementary material online, Table S5.

ical and demographic characteristics are summarized in Table 1. Overall, 299 (70.0%) patients had complete data for the pre-

Baseline characteristics by country of origin are presented in . specified predictors. Six of the eight predictors had missing data:
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recent cardiac syncope (n=>5, 1.17%), NSVT (70 =16.32%), PVC
count (n =105, 24.48%), extent of leads with TWI (n =26, 6.06%)
and RVEF (n=19, 4.43%). From an initial cohort of 433 patients,
four patients were excluded as >50% of their predictors were miss-
ing (four predictors or more).

Outcomes

During a median follow-up of [5.02 (2.05-7.90)] years, 103 patients

(24%) experienced sustained VA events corresponding to an annual

1.001

0.751

0.501

0.251

Event-free survival probability

0.001

0 1 2 3 4 5
Time (years)
Numbers at risk
429 344 292 245 202 183
Figure 1 Survival free from sustained ventricular arrhythmia at

follow-up. The cumulative event-free survival for any ventricular ar-
rhythmia with 95% confidence intervals (shaded area) is plotted.
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event rate of 4.98% [95% confidence interval (Cl) 4.07—6.04]. Figure 1
shows the cumulative survival free from first sustained VA.

Among patients who experienced sustained VA during follow-up,
the most common events were ICD treated VAs, which represented
59.2% of events (n=61), followed by sustained VT (n =32, 31.1%),
SCA (n=7,6.8%),and SCD (n =3, 2.9%). In patients with sustained
or ICD treated VT events, the median cycle length (available in 57/93
events) was 280 ms (IQR: 246-315) which corresponds to
214 b.p.m. (190-243).

At last follow-up, 9 (2.1%) patients had died, including 2 from non-
cardiac causes, and 7 (1.6%) had undergone heart transplantation.

External validation

Model validation revealed a Harrell C-index of 0.70 (95% Cl 0.65—
0.75). The calibration slope was 1.01 (95% ClI 0.99-1.03) showing
no significant difference in discrimination. The calibration of the
model is graphically presented in Figure 2 demonstrating good overall
agreement between predicted and observed shorter-term (1 year)
and longer-term durations (5 year) with no significant over or under
prediction across the complete risk spectrum. The distribution of pa-
tients according to their risk is presented in Supplementary material
online, Figure S1 and calibration plots for intermediate durations (1, 2,
3, and 5 years) in Supplementary material online, Figure S2.

Two different aspects of the model fit or potential misspecification
were evaluated. First, the assessment of individual predictor coeffi-
cients (Figure 3A) all showed no significant diversion from the original
model in this cohort. This finding means that none of the individual
coefficient would benefit from being modified from their original va-
lues to improve prediction in this cohort.

Second, the baseline survival function (i.e. predictors-adjusted sur-
vival) was assessed through the comparison of the baseline survival
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Figure 2 Calibration plots presenting the agreement between predicted (x-axis) and observed (y-axis) 1-year (Panel A) and 5-year (Panel B) risk of
ventricular arrhythmia. Triangles represent binned Kaplan—Meier estimates with 95% confidence intervals for quintiles of predicted risk. The straight
line is the continuous calibration hazard regression with the dotted line represents optimal calibration (i.e. perfect correspondence between pre-
dictions and observations across the risk spectrum). The calibration is shown to be acceptable across the risk spectrum with no significant under or

over prediction in any risk category. VA, ventricular arrhythmia.

€202 AInp 21 uo Josn [eaiuojy op ausioaun Ad 81€6199/LY0E/ZE/E /a1 luayINa/Woo dno-olwapede//:sdny Wwolj pepeojumoq


http://academic.oup.com/eurheartj/article-lookup/doi/10.1093/eurheartj/ehac289#supplementary-data
http://academic.oup.com/eurheartj/article-lookup/doi/10.1093/eurheartj/ehac289#supplementary-data
http://academic.oup.com/eurheartj/article-lookup/doi/10.1093/eurheartj/ehac289#supplementary-data

External validation of the ARVC arrhythmic risk calculator

3047

et || probabivorsuial |
m Coefficient P value
Derivation cohort cohort
[Age | 0.013 0.051 F 0.938 0.938
[CEET oW 0595 [ 2yeas | 0901 0899
[nsvr  [RED 0171 e |
0.321 0.225 m 0.870 0.850
[RvEF | 0.001 0.946 m 0.840 0.831
C 2 1.001 e
B e S
[ == o s
o E—— -
© 0.751
[=8
©
2
2 0.501 — Baseline survival: validation cohort
=
» ; < = o
© -—-- Baseline survival derivation cohort
@
= 0.251
L
@
>
W 0.00-
0 1 2 3 4 5

Time (years)

Figure 3 Assessment of the model fit. Assessment of the individual predictors (A) show an absence of diversion from the initial model as all coeffi-
cients are non-significantly different from 0. Compared survival probability of the derivation and validation cohorts (B) and baseline survival hazard
(i-e. predictors-adjusted survival) presented as survival curves (C) both show similar expected survival. NSVT, non-sustained ventricular tachycardia;
PVC, premature ventricular complex; TWI, T-wave inversion; RVEF, right ventricular ejection fraction.

probabilities (i.e. predictors-adjusted survival) in the derivation and
the validation cohorts at different time points showing similar ex-
pected survival curves as shown numerically and visually in
Figure 3B and C. These findings suggest that the survival function
does not need to be modified to improve prediction in this cohort.

Finally, the potential need to update the model was assessed by
comparing the fit of the published model with the derivation of a
new model in the validation cohort. The AIC of the published model
in the current cohort (1059.14) and of a model derived in this cohort
(1060.93) were not significantly different (absolute difference in AIC
of 1.79) indicating the absence of significant improvement in predic-
tions when fitting a model to this population.

As a sensitivity analysis, we repeated the process in patients with
complete data (n=299) resulting in a similar C-statistic, calibration
slope, baseline risk, and calibration plot (see Supplementary
material online, Figure S3).

Clinical utility

We compared the performance of the risk calculator with published
consensus-based decision algorithms for ICD use in ARVC. As illu-
strated in Figure 4, the risk calculator generally had a superior net clin-
ical benefit when compared to the other published algorithms for
ICD use. Its performance becomes similar to the HRS consensus
above a risk of ~35%.

Finally, we graphically presented the impact of different threshold
for ICD implantation on the proportion of ICD use and the protec-
tion rate and compared to the published decision algorithms
(Figure 5). Higher thresholds result in less ICD use but less protection

from VA. As an example, a threshold of 15% would results in im-
planting 59.4% of patients with ICDs while protecting 85.7% of pa-
tients with incident VA events.

Subgroups analyses

The performance in subgroups of interest was visually explored by
calibration plots presented in Supplementary material online,
Figure S4. This cohort was not sufficiently powered to provide defin-
ite answers in these subgroups.

Calibration appeared acceptable in patients from both Europe and
North America, although this analysis had low precision in the North
American population due to its smaller size.

The model performed well both in probands and family members
with a possible trend toward overestimation in family members in
the lower risk spectrum. The calibration was also visually acceptable
both in PKP2 carriers and non-carriers.

Calibration plots according to the presence of an ICD show an ac-
ceptable agreement between predictions and observations with a
tendency towards overestimation in non-ICD carriers and under-
estimation in ICD carriers in the higher risk spectrum (see
Supplementary material online, Figure S5).

Discussion

In this study, we validated the published ARVC risk calculator in an
independent cohort of patients from 29 centres in 6 countries in
North America and Europe. Since its publication in 2019, the risk cal-
culator had a significant uptake in clinical practice. Ensuring its
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Figure 4 Decision curve analysis comparing the clinical utility of our
model (dashed thick black line) with the 2015 International Task Force
Consensus Statement algorithm for the treatment of arrhythmogenic
right ventricular cardiomyopathy (dashed red line), the 2017 American
Heart Association algorithm for the management of ventricular ar-
rhythmia and prevention of sudden cardiac death (dashed green
line) and the 2019 Heart Rhythm Society consensus on arrhythmo-
genic cardiomyopathy with exclusion of the Programmed ventricular
stimulation (dashed blue line). The clinical utility of each treatment
strategy is compared by plotting the net benefit (y-axis) for a range
of possible implantable cardioverter-defibrillator placement thresh-
olds based on the 5-year risk of ventricular arrhythmia (x-axis).
Higher net benefit values indicate greater benefit while a value of 0 in-
dicates no benefit. The published risk calculator depicted a better net
benefit than the other published algorithms for implantable
cardioverter-defibrillator implantation thresholds below a 35%.
Above this threshold its performance was similar to the Heart
Rhythm Society consensus algorithm. ICD, implantable cardioverter-
defibrillator; ARVC, arrhythmogenic right ventricular cardiomyopathy,
VA ventricular arrhythmia, SCD sudden cardiac death.

reproducibility and accuracy in an independent patient population is
crucial to ensure both usefulness and safety.
The main findings are as follows:

(1) Demonstration that the model is accurate in its predictions with
an adequate discrimination and calibration in a cohort with a suf-
ficient sample size."®* The performance of the risk calculator
was indeed comparable to what was reported initially and its pre-
diction accuracy in this cohort would not be improved by
recalibration.”’

(2) Demonstration that the risk calculator generally outperforms
various risk factor approaches recommended in published
consensus-based algorithms for ICD use in ARVC.

These findings thus support the clinical use of this risk prediction
model as a valuable tool for sustained VA and SCD risk stratification
in definite ARVC and, consequently, for guiding decisions about pri-
mary prevention ICD indications (Structured Graphical abstract).

Comparison of the internal and external

validation populations
While based on the same inclusion criteria (i.e. definite diagnosis of
ARVC and no prior history of sustained VA at the time of diagno-
sis), the initial risk calculator included a high proportion of patients
treated at highly specialized ARVC referral centres. Thus, a signifi-
cant concern regarding this population is a possible selection bias
due to the preferential referral of patients for adverse disease pro-
gression (i.e. recurrent VA referred for ablation and severe heart
failure for advanced therapies). This could potentially hamper ex-
ternal validity. The present cohort derived from 29 different cen-
tres in 6 countries is thus likely to reflect a more diverse ARVC
population. Expectedly, the annual event rate in this validation co-
hort (4.98%, 95% CI 4.07—6.04) was slightly lower, although non-
significantly, than in the derivation population (5.6%, 95% Cl 4.7—
6.6) during a similar follow-up period [5.02 (2.05-7.90) years in
the validation versus 4.83 (2.44-9.33) years in the derivation co-
hort]. This reflects the overall high risk of VA events in definite
ARVC patients such as those included in this study which is consist-
ent with prior literature and often preceding structural
changes. 192528

Some differences between the two cohorts (shown in
Supplementary material online, Table S4) might have limited the
potential discrepancy in event rates, such as a higher proportion of
probands (64.8% vs. 49.8%, P < 0.001) and males (54.8% vs. 44.7%,
P =0.002) in the current cohort. Conversely, patients in the present
cohort were slightly older (43.1 vs. 38.2 years of age, P < 0.001), had
less recent cardiac syncope and NSVT. The proportion of patients
with decreased LVEF (<50%) was also higher in this cohort (17.7
vs. 12.7, P=0.002). Although individuals in the current population
were more likely to receive anti-arrhythmic drugs (P <0.001) and
B-blockers (48.0 vs. 37.9, P=0.001), the proportion of ICD carriers
at baseline was similar (41.1 vs. 40.8 P =10.98). Finally, while still re-
presenting the predominant genotype, the proportion of patients
with PKP2 causal variants was lower than in the derivation cohort
(39.4% vs. 51.1% of tested patients) factoring that the current cohort
has a lower proportion of patients with known genetic information.
This predominance of PKP2 genotype is consistent with prior litera-
ture including patients with definite ARVC diagnosis.29 The propor-
tion of patients with DSP causal variants was also higher (8.9% vs.
4.4%) than in the derivation cohort.

Model performance

The current validation cohort included 429 patients, of whom 103
had events. This met the minimally recommended sample size of
100 patients with and 100 patients without events to attain sufficient
power for external validation.* The initial study and internal valid-
ation using bootstrapping yielded an optimism corrected
C-statistic of 0.77 (95% CI 0.73-0.81) and a calibration slope of
0.93 (95% C1 0.92-0.95). In the current study, we obtained compar-
able results with a slightly lower C-statistic of 0.70 (95% CI 0.65—
0.75) showing acceptable discrimination and a calibration slope of
1.01 (95% Cl 0.99-1.03) demonstrating almost perfect agreement
between predictions and observations for sustained VA. As illu-
strated in the calibration plot, this concordance between observa-
tions and predictions was consistent across the risk spectrum
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False positive - + 76.7% 714% 64.4% 57.0% 484% 40.1% 33.6% 29.4% 22.5% 42.1% 15.8% 7.3%
False negative + - 0.0% 0.1% 0.5% 1.3% 1.6% 3.2% 5.1% 6.6% 8.1% 5.7% 13.2% 14.3%
True positive + + 226% 225% 221% 213% 21.0% 194% 174% 16.0% 145% 16.9% 9.4% 8.3%
ICD:VA 4.4 4.2 39 37 i3 31 29 28 26 3.5 2.7 19
Sensitivity 100.0% 99.7% 98.0% 94.3% 93.1% 857% 77.2% 71.0% 64.3% 74.8% 41.7% 36.9%
Specificity 0.9% 7.7% 16.9% 26.3% 37.4% 482%  56.6% 62.0% 70.9% 45.6% 79.6% 90.6%
ICD proportion 99.3% 939% 865% 783% 695% 594% 51.0% 455% 37.1% 59.0% 25.2% 15.6%

Protection rate 100.0% 99.7% 98.0%  94.3%

93.1% 85.7% 77.2% 710% 64.3% 74.8% 41.7%  36.9%

Figure 5 Impact of implantable cardioverter-defibrillator use threshold on clinical outcomes. The potential impact of different thresholds for im-
plantable cardioverter-defibrillator use according to the model is presented on the left side and the proportion of patients who would get an im-
plantable cardioverter-defibrillator according to the different consensus statements is presented on the right side. For each threshold (x-axis) the
proportion of patients (y-axis) who have events (red) who do not have events (blue), who would receive an implantable cardioverter-defibrillator
(solid colours) or not receive one (hashed colours) are presented. The triangles represent the number of implantable cardioverter-defibrillator
needed per event prevented for each threshold (right-sided y-axis). The numerical values are presented in the table below. Implantable cardioverter-
defibrillator:ventricular arrhythmia, ratio of implantable cardioverter-defibrillator placements required to protect one patient developing ventricular

arrhythmia; other abbreviations as in figure 4.

(Figure 2). Calibration in subgroups based on geographical origin,
pedigree position, and genotype did not reveal major discrepancies
although the study was not adequately powered to arrive at defini-
tive conclusions in these subgroups.

The results of the current study are consistent with five small stud-
ies which have addressed the external validation of the ARVC risk
calculator since its publication. The risk calculator was shown to per-
form well in patients with a definite diagnosis of ARVC>*® and re-
gardless of their exercise status.” The validation study by
Baudinaud et al.® on a cohort of 115 patients, only 15 with VA
events, of whom only one had an ICD at baseline, reported a
C-statistic of 0.84 (Cl 0.74-0.93) while reporting an overestimation
of the risk in lower risk patients.

Clinical utility

The model generally showed a superior net clinical benefit when
compared to a risk factor approach as recommended in the three
published consensus documents.*'#22 The model was similarly
shown to outperform the ITFC and HRS consensus in two separate
cohorts.>® These studies, however, suggested highly different thresh-
olds for ICD implantation (10% and 37%), assuming an equal weight
to unprotected VA and unnecessary ICDs. We did not present such
an analysis as we do not propose that these adverse events are
equivalent and rather preferred the use of the weighted analysis
along with the graphical presentation of the clinical implications of
the different threshold. The question of the threshold for ICD im-
plantation is a legitimate concern when using the risk calculator.
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Establishing a single perfect threshold is a delicate undertaking as
every cut-off point comes with a trade-off between unnecessary
ICDs with their potential complications versus the potential for un-
protected SCA. The relative weight of these opposing undesirable
events varies significantly from one individual to another. In the indi-
vidualized decision-making process; however, a few points should be
considered when reflecting on the threshold for ICD use. First, when
tempted to use a similar threshold as suggested by the guidelines for
the hypertrophic cardiomyopathy (HCM) risk calculator (i.e. >6%

within 5 years),>"32

the breakdown of the type of events is relevant.
In ARVC cohorts, including the current study and in the derivation
cohort, most events were either ICD treated events or sustained
VA, while most events in the cohort leading to the HCM risk calcu-
lator cohort were SCD or SCA.*® Although most clinicians agree
that sustained or ICD treated VAs represent significant events, sup-

234 the exact number of treated VA events cor-

ported by guidelines,
responding to a potential SCD is unknown in ARVC. Another
important aspect to consider is that none of these studies are pro-
spective evaluations of the role of ICDs in SCD prevention. Such
an undertaking would not be feasible in contemporary high-risk
ARVC populations. However, from such prior studies in the general
cardiomyopathy population the one which established a benefit for
primary prevention ICDs with the lowest annual risk of mortality,
SCD-HeFT, had an annual risk of SCD of 3.5%.> Finally, the cost
of ICDs is rarely a significant determinant nowadays in countries
where ICDs can be considered in primary prevention.36 Factoring
the low number of ICDs needed to treat one VA event in ARVC, de-
creases in the cost of devices, the lifespan of modern ICDs reaching
10 years, and the potential number of quality-adjusted live years
(QALY) saved in this young, usually otherwise healthy population
(only five individuals had non-arrhythmic death during follow-up in
this cohort), the common, although debated thresholds for a
QALY between 50000 and 100000 USD*’ remains far of reach.
Conversely, the rate of short- and long-term complications of
ICDs remain significant in ARVC patients (annual rate of complica-
tions of 4.2% and of inappropriate shocks of 3.9%),% and although
subcutaneous-ICDs have become an appealing alternative, there is
no evidence of a lesser risk.>?4°

Thus, in light of these different considerations, we do believe that
the best use of the risk calculator is as a shared decision making tool
balancing the opposing risks of SCD and ICD use. It appears reason-
able that the predicted 5-year risk threshold for recommending an
ICD would range from 5% to 25%, depending on the patient’s values
and preferences, and the clinician’s judgement. We acknowledge that
the threshold may change in the future with advances in non-invasive
treatments and innovations in ICD technology which may lower risks
associated with devices.

Future improvements in the model

While the model demonstrated a better performance compared to
other published decision algorithms, it remains imperfect as illu-
strated by a C-statistic of 0.70. While it is unlikely that any risk strati-
fication tool for SCD could predict the totality of these events,
different elements could potentially improve prediction in the future.
The addition of more refined parameters indicating left ventricular
involvement, including late gadolinium enhancement were recently
suggested.” Genotype may also improve SCD risk prediction as

recently proposed for patients with phospholamban associated dis-
ease.*! Finally, additional invasive parameters such as programmed

ventricular  stimulation*?*3

might add additional accuracy in
intermediate-risk cases. Moreover, the model is based on prediction
of risk from the time of diagnosis of ARVC; a time-updated model for

repeated risk prediction may have practical clinical utility.

Limitations

In this study, the majority of sustained VA outcomes are ICD treated
events. While this fact is not possible to overcome in most modern
ARVC populations and while most would agree that these still re-
present significant events, they do not directly represent the under-
lying risk of SCD. However, this is a limitation shared with most of
previous studies in this field, including most of those used to elabor-
ate prior consensus-based risk stratification algorithms. While
underpowered for events, calibration plots by ICD carrier status
show acceptable correlation between predictions and observations.
This reflects both that ICDs are implanted in patients believed to be
at higher risk (selection bias), but also increase the detection of some
arrhythmia that might have gone undetected otherwise (information
bias) (see Supplementary material online, Figure S4). While family
members are well represented in the derivation cohort (50.2%),
they are less prevalent in the current cohort (35.2%), and contribute
to a lower proportion of events (21.1%). The calibration plot in this
specific subgroup, although underpowered, suggests possible over-
estimation in the lower risk patients which should be taken in consid-
eration when using the model.

Missing data also represent a limitation of this retrospective co-
hort. Although a complete case analysis reassuringly demonstrates
similar results with regard to performance, missing data could influ-
ence the relative benefit of the model over consensus-based
methods.

Finally, this validation only applies to patients who were well re-
presented in the derivation and validation cohorts. The model should
thus not be used in patients who do not meet definite ARVC diagno-
sis as per 2010 TFC such as those with left dominant forms and in
patients with rare malignant genotypes such as TMEM43-p.S358L,
of which only 10 patients were included in this cohort.

Conclusion

In this external validation study, we demonstrated that the published
ARVC risk prediction model not only provides accurate prognostic
information in patients with ARVC without a prior history of sus-
tained VA at diagnosis, but also performs generally better than other
published decision algorithms. These findings support its clinical use
as a valuable tool for risk stratification enabling consistent and effect-
ive shared decision making for ICD implantation.

Supplementary material

Supplementary material is available at European Heart Journal online.
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Discussion
1. Main findings

The findings of this PhD thesis are: 1) Rare variants related to the pathogenesis of DCM,
as such described in the first article of this PhD, BAG3 p.GIn88*, can confer specific
prognosis information and help in the management of the affected patients and their
families. 2) The analysis of common genetic variants with post-GWAS tools such as the
multi-trait analysis of GWAS (MTAG) improves SNP effect estimates from conventional
GWAS. MTAG allowed the discovery of 19 novel disease-specific genomic loci for AF, 131
for CAD and 141 for HF. However, PGS derived from the MTAG results did not improve
disease-status prediction and discrimination in these three common CVDs in the overall
cohort, although it revealed improved prediction and classification of disease-status in
CAD for females [ANagelkerke’s R?cap-r 1.735% (95% Cl: 0.609-2.856); NRIcap-r 0.208 (95%
Cl: 0.139-0.277)]. 3) The ARVC risk calculator is a valid tool to predict the risk of VAs. This
model had previously been described although in the development study, only internal
validation using bootstrapping was used. In the third article of this PhD, we demonstrate
the external validity of the previous results in an independent multicentric cohort
stemming from 29 centers from Europe and North America and provide a comparison
with the previously recommended algorithms for VA risk stratification in ARVC patients
through decision curve analysis. The external validation showed adequate calibration
and discrimination of the model [good agreement between predicted and observed risk
in the calibration plots, C-index of 0.70 (95% Cl: 0.65-0.75), calibration slope of 1.01 (95%
Cl: 0.99-1.03)] and a better performance of the ARVC risk score at an estimated risk of

VAs below 35%.

In this thesis we offer a vision on different predictive variables, from genetic to clinical,
which are valuable in the comprehension of the substrate and manifestations of CVDs
and how predictive models considering these variables, individually and jointly
integrated, are useful in the prognostic stratification of patients affected with these

diseases.
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2. Genotype-phenotype prognostic implications in dilated cardiomyopathy

In the first two articles of this PhD, we employ genetic profiling alone as a predictor of
disease. In the first, we analyzed the value of a rare variant in the BAG3 gene as
responsible for a distinctive phenotype of DCM (definition of rare variant as MAF <1% in
the general population; the variant we describe, BAG3 p.GIn88*, has never been
described in the general population). BAG3 encodes a co-chaperone with an anti-
apoptotic role, which has been associated with cardiomyopathy and myofibrillar
myopathy. Pathogenic variants causing BAG3-cardiomyopathy have shown altered
location of the protein in the nucleus and cytoplasm, disorganization of the myofibrillar

structure and increased sensitivity to apoptosis of the cardiomyocyte. (125)

In our work we present a series of patients carrying the pathogenic variant BAG3
p.GIn88* which causes a premature truncation of the encoded protein, where carriers
exhibited a penetrance of 71%, and a progression to severe HF and cardiogenic shock of
47%. Acute HF onset occurred at very young ages, specifically in 2 individuals (15 and 17
years old). Another study had shown that rare truncating variants in the BAG3 gene (BAG
p.Arg309%*) cause a form of DCM with disease onset at earlier ages than individuals
carrying deleterious variants in other DCM-causing genes (P=0.037) although no
differences in severe HF-related events prognosis (defined as heart transplantation,
ventricular assist device or HF-related death at young age) related to BAG3 carrier status

were observed in the survival analysis (P=0.74). (126)

Interestingly, among the initial work supporting the deleterious role of common variants
in the BAG3 gene in the pathogenesis of DCM there is a GWAS that identified two
significant loci associated with HF due to DCM. In that work, two SNPs were identified as
independently associated with DCM: rs2234962 [c.T757C, p.Cys151Arg, OR 1.52 (95% Cl:
1.22-1.89] and rs3858340 [c.1220C>T, p.Pro407Leu], both located in the BAG3 gene
sequence (10g25-26), only the first one reaching genome-wide significance. This
discovery promoted the sequencing of the BAG3 gene exons in DCM cases and controls,
which led to the identification of 6 variants identified as deleterious, of which four
caused an early truncation of the protein (p.GIn251Argfs*56, p.Arg396Glyfs*48,
p.Ser385GInfs*56, p.Arg309*) and the two others were missense variants (p.Glu455Lys,
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p.Vald68Met). Among the 18 carriers of these six variants, 72% were diagnosed with
DCM. Among those affected, four needed a heart transplant and five relatives with no

genotyping available but diagnosed with DCM died prematurely.(68)

Similarly, in the largest published series of individuals carrying pathogenic variants in the
BAG3 gene (n=129), a high penetrance of DCM (68.4%) and a high prevalence of severe
HF were described, with 15.5% of patients presenting the combined endpoint of heart
transplantation, LV assist device or death due to HF. The presence of truncating versus
missense variant in the BAG3 gene was not related to HF-related events (P=0.95), but
male sex (P=0.001), and LV diameter together with LVEF at diagnosis showed association
to HF-related events in the univariate analysis (P=0.01 and P<0.001, respectively).
Interestingly, in this work they depict the immunohistochemistry of 3 patients with
pathogenic truncating variants in the BAG3 gene in which the protein displays a

disorganized pattern in the Z-disc in the presence of myofibrillar disarray. (39)

Our work provides additional insight into the understanding of this form of the disease.
Besides the abovementioned histopathological characterisation by Dominguez et al.
(39), which is in line with previously described similar findings (125), we report the
presence of acute myocardial damage (vacuolization of cardiomyocytes, distortion of
myocardial fibers and interfibrillar edema and even focal myocyte necrosis), in some
cases associated with inflammatory infiltrates as part of the pathogenesis
(onset/progression) of this entity. Despite the presence of suggestive viral
symptomatology in some individuals, only a low parvovirus B19 load was detected in the
myocardial tissue polymerase chain reaction of two patients and IgM antibodies of
cardiotropic virus were absent. These findings would support an apoptotic/immune-
mediated component in genetically predisposed individuals in the pathogenesis of this
disease and raises the question of whether therapy targeting these mechanisms could
be useful in the treatment of BAG3-DCM. However, as this is a small series of few patients
and without a control group, whether this presentation is typical of this variant, of
variants in this same exon, of BAG3 truncating variants or of deleterious variants in the
BAG3 gene in general, remains to be clarified by future work that includes

characterization of the immunological and histopathological profile of BAG3-DCM.
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3. Genetic loci discovery and genomic prediction in atrial fibrillation, coronary artery

disease and heart failure

Beyond the genetic basis of cardiac diseases traditionally considered to be inherited,
GWAS have contributed to the discovery of numerous genetic loci harboring common
variation associated with complex cardiac diseases contributing to a deeper
understanding of their genetic underpinnings. Since not all heritability of common heart
diseases can be explained by significant SNPs, in the second article of this thesis we
aimed to use MTAG to improve genome-wide SNP effect estimates and unmask relevant

loci involved in the mechanisms of these entities.

In our study, MTAG allowed the discovery of novel loci associated with CVD. Overall, we
report a total of 19, 131, and 141 loci in AF, CAD, and HF, uncovered by MTAG (and not
identified by conventional GWAS), being a substantial proportion described for the first
time. MTAG allows for the calculation of the maximum false discovery rate, which was
<5% in all our MTAG analyses. A look-up of the novel associations in the GWAS Catalog,
United Kingdom Biobank and FinnGen databases confirmed GWAS associations for 46%
of the loci (either at a P<5x10? in studies potentially including partially overlapping
samples with those we employed or at a P<0.005 in the independent FinnGen cohort).
Finally, MTAG methodology had been employed in other CVDs such as HCM, in which
loci discovered by MTAG were completely replicated (55), altogether supporting

reliability of our results.

The new loci we describe point to some interesting pathways related to the diseases to
which they have been associated. Among those, the locus mapping serine racemase
(SRR, lead SNP rs2209073, chromosome 17), has been reported for the first time in AF.
SRR is an enzyme that produces D-serine, a co-agonist of NMDA (N-methyl-D-aspartate)
receptors, which are involved in myriad functions of the central nervous system and have
exhibited a role in reduced heart rate variability and enhanced AF inducibility in animal
models. (127) In CAD, among the genes mapping new loci there is natriuretic peptide
receptor 3 (NPR3, lead SNP rs1173727, chromosome 5), a receptor for natriuretic
peptides that has been reported to have a protective role for coronary heart disease
according to Mendelian randomization studies. (128) Likewise, among the genes

mapped to new loci associated with HF there are numerous genes involved in the
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cytoskeleton structure, an emerging target in the treatment of HF. (129) The loci
reported in this work, together with their mapped genes and associated
pathophysiological pathways, may be interesting departure sites for the investigation of
new therapeutic targets in these diseases. However, in the absence of an independent
replication of the current results, they need to be interpreted cautiously, specially for
those loci that did not reach significance level at a nominal P-value (P<0.05) in the

original GWAS.

The “gene-to-function-to-therapy" approach has proven successful in CVDs. To illustrate
so, since the role of PCSK9 (proprotein convertase subtilisin/kexin type 9) gene as a cause
of autosomal dominant hypercholesterolemia was discovered in 2003 (130), several
drugs have been developed that safely and effectively inhibit PCSK9. PCSK9 is a serine
protease involved in the degradation of LDL receptors by preventing them from
capturing LDL and clearing it from the circulation. Drugs specifically targeting this
pathway, such as the anti-PCSK9 antibodies alirocumab and evolocumab, have been
shown to reduce cholesterol levels by up to >50% and cardiovascular events by ~ 50%,
in both individuals with familial hypercholesterolemia due to deleterious variants in
PCSK9 as well as in individuals with hypercholesterolemia not carrying variants in this

gene. (131)

Another example of genetically guided therapy is the recently approved drug for HCM
patients mavacamten. HCM has traditionally been considered an autosomal dominant
disease. The first HCM-related gene, MYH7, which encodes the myosin heavy chain of
the cardiac sarcomere (the contractile molecular machinery of the heart), was reported
in 1989. (132) This group later demonstrated the increase in contractility as a mechanism
underlying HCM in mice carrying missense mutations in MYH7, and that the compound
MYK-461 (mavacamten), inhibited the development of HCM in mice carrying these
variants through a reduction in ATPase activity. (133) Mutations in 11 genes have been
associated with HCM (28), whose alterations lead to increased myocyte contractility and
ATP utilization, resulting in a cascade of secondary molecular changes leading to the
hallmark findings of HCM. (134) Subsequently, human clinical trials in obstructive HCM
have demonstrated the efficacy of mavacamten through reduction of myocardial

contractility and improvement of myocardial metabolism in patients with symptomatic
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HCM, improving hemodynamic parameters and symptoms versus placebo (135-137),
with a further positive impact on LV mass and wall thickness and left atrial volume (138),
and being recommended as a second-line drug in the current therapeutic guidelines

published this year 2023. (106)

These exemplify the impact of human genetic discoveries in improving patient care
through a "gene-to-function-to-therapy" approach. Beyond mechanistical insight
provided by rare variants, common variants associated with CVD may be helpful in
pinpointing molecular therapeutic targets, as genetically linked treatment has
demonstrated higher rate of success in treatment trials after internal review of

pharmaceutical research and development companies. (139)

Regarding disease prediction, we observed that conventional GWAS-derived PGS were
associated with disease in AF and CAD, but not in HF. MTAG-derived PGS were associated
with all three diseases: AF, CAD, and HF. Multi-trait PGS yielded similar discrimination
and prediction in CAD and AF, and non-conclusive results for HF, although they pointed
to better performance. MTAG also revealed enhanced prediction and classification of
disease-status in CAD for females, which might suggest that MTAG better captured
disease mechanisms in this underrepresented group in CAD. The absence of
improvement in the overall cohort was most likely driven by already well-powered GWAS
with large sample size in these entities, and LDpred2 PGS method ability to prioritize and
re-estimate SNP effects appropriately, altogether rendering relevant SNP effects in the
prediction of the phenotype of interest adequately captured. Consequently, SNP-
phenotype effects enhanced by MTAG, did not translate into improved prediction in the

global cohort.

An important limitation of our work is that in order to calculate the LDSC genetic
correlation through GWAS summary statistics, only predominantly European
populations were included, therefore our results may not be transferable to other

cohorts with different ancestry.
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4. Arrhythmic risk stratification in arrhythmogenic right ventricle cardiomiopathy

In the third and last article of this PhD we extend our vision beyond predictive models
integrating the whole genome to the analysis of predictive models that jointly integrate

demographic and clinical variables in prognostic stratification.

This is the case of the model for the prediction of VAs in ARVC [https://arvcrisk.com/]
(22). As previously mentioned, this model integrated variables that had previously been
associated with the occurrence of VAs in ARVC and combined them through a Cox
proportional-hazards model. VAs were defined as: SCD, sudden cardiac arrest, sustained
VT persisting 230s at 2100 beats per minute (bpm) or with haemodynamic compromise.
In the derivation study (22), corresponding to a cohort of 528 patients with definite
diagnosis of ARVC according to the 2010 Task Force criteria (114), the model was only
validated internally using bootstrapping. In the third article of this thesis, we present the
external validation of the ARVC risk calculator in an independent cohort of patients
including 429 patients from 29 European and North American centers. In this cohort we
show that: 1) The coefficients and survival curve of the model do not require a re-
estimation; 2) the previously developed model has good discrimination [C-index 0.70
(95% Cl: 0.65-0.75), calibration slope 1.01 (95% Cl 0.99-1.03)] and is adequately
calibrated in this new cohort, i.e., adequate agreement between predicted and observed
risk, globally and in risk subgroups represented by quintiles in the calibration plots. 3)
Finally, when comparing the ARVC risk calculator to the ITFC, mITFC, AHA and HRS
algorithms using net clinical benefit, we depict that the risk calculator offers greater
benefit for risk thresholds for ICD implantation below 35%, being equaled by the HRS
algorithm from a risk of VA >35% and remaining superior to the other algorithms also in

this risk range. Therefore, the ARVC risk score is proven to perform reliably.

The ARVCrisk calculator has been validated in other cohorts in which it has also exhibited
good discrimination [Uno’s concordance index 0.75 (95% Cl: 0.70-0.81) (140), C-index
0.84 (95% CI: 0.74-0.93)] (141) but also showing an overestimation of risk in some
patient populations (140, 141). The risk calculator performs well, but caution applies in
populations for which it has not been developed as showed in a cohort of ARVC patients
meeting borderline diagnosis criteria (not definite), where the score only performed

overall well and specifically well in individuals with lone RV involvement but

112



underestimated risk in those with biventricular or left dominant forms (142). Another
cohort including patients with definite diagnosis of ARVC also showed that the risk
calculator provides good prediction in patients with isolated RV involvement but
underestimates the risk in patients with concomitant LV involvement, with an observed
risk 28% higher (95% Cl: 21% to 36%) than that calculated in these patients. The same
study showed that LV involvement - defined as LVEF <50%, LV wall motion abnormalities,
LV fatty infiltration or LGE-CMR with nonischemic pattern-, and a dominant LV
presentation were associated with the presence of VA independently from the ARVC risk
score. Interestingly, in this work there were no events in individuals with exclusive RV
involvement and a 5-year ARVC risk < 15%. (143) Another cohort, assessed the
performance of the score in the distinct genetic subgroups of ARVC, the global cohort
depicted Uno’s concordance index of 0.75, while the sub-group analysis in gene-positive,
PKP2, DSP, other desmosomal and no variant carriers depicted Uno’s concordance index
ranging 0.67-0.88, being the best discrimination provided for PKP2 carriers, followed by
gene-positive, DSP carriers and gene-elusive patients. PKP2 carriers showed Uno’s
concordance of 0.88, while DSP carriers of 0.77. In the same work they suggest that LV

involvement might be relevant in arrhythmic stratification in the DSP subgroup.

In the development of the ARVC score, RVEF and LVEF were included as predictors, but
LVEF was removed from the model after stepwise backward selection. (22) Given the
abovementioned evidence, the inclusion of LV involvement could help to improve VA
prediction in these patients, and especially in those carrying DSP deleterious variants

which typically cause left-dominant biventricular arrhythmogenic cardiomyopathy. (140)

The model does not integrate genetic information as a predictive variable. Although
complex genotype (double mutations or compound heterozygosis) is associated with
worse arrhythmic prognosis (112, 144), their prevalence was very low in the derivation
and validation cohorts (2-2.5%), and there is no evidence that mutations in specific genes

confer worse prognosis, except for a better prognosis in carriers of variants in DSC2 (145).

Among other predictors that have been suggested to enhance the ARVC risk calculator,
the induction of sustained VAs in the electrophysiological study has shown to be
associated with the combined outcome of VA independently from the ARVC risk

calculator, depicting sensitivity of 76% and specificity of 68% (146), and increasing C-
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index from 0.72 to 0.75 in comparison with the model alone (log-likelihood ratio for
nested models, P<0.001). Since this study selected only patients with available
electrophysiological study at the time of diagnosis, which was conducted following
standard clinical indication, selection bias of higher risk patients resulting in
underrepresentation of ARVC individuals with less advanced stage disease cannot be

discarded.

As we can observe, the ARVC risk calculator is useful in the management of ARVC
patients, being a valuable tool that provides integrated information of different
arrhythmic predictors in a unified assessment, while accounting for their
weight/relevance, the possible interaction among the included predictors and without
losing the information on continuous variables, which altogether, is a great advance.
Even so, it works well in the patients for whom it was designed, patients with definitive
diagnosis of ARVC according to 2020 Task Force criteria, although in certain cohorts it
shows a tendency to overestimate risk and it has been observed that it can potentially
be improved by adding other clinical variables with independent predictive value (such
as LV involvement), which will be especially relevant in specific patient subgroups such
as those with predominant or concomitant LV involvement, including DSP variant

carriers. (140)

One of the limitations of the ARVC calculator is that it is not clear which is the best
threshold for recommending or discarding ICD implantation for SCD prevention. It has
been postulated that this decision should take into account patient's preferences
considering the calculated risk and the potential benefit and harms derived from an ICD

implantation.

Another limitation of the current stratification algorithms as a whole is that they predict
VA globally, including ICD therapies (generally programmed from 180bpm) and sustained
VT with hemodynamic tolerance, in addition to rapid VA (>250bpm), VF and cardiac

arrest.

In our external validation paper, 59% of the patients reached the endpoint of sustained
VA due to ICD intervention. Of note, the proportion of ICD interventions that would lead

to a SCD if these patients were not wearing and ICD is unknown. In addition, in this work
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we show a tendency to overestimate risk in non-ICD carriers in the sub-group analysis,
similarly to what has been shown in cohorts with 1% of ICD carriers. (141) Thus, caution
needs to be applied when using tools predicting any VA, such do the ARVC risk calculator

and some criteria in the current algorithms, for SCD risk stratification.

As mentioned in the introduction, the ITFC and mITFC algorithms have shown to be those
that offer the greatest protection, but with a high rate of patients treated with ICDs
unnecessarily. The AHA and HRS recommendations depict the highest global accuracy,
as they are more specific, but leave a large proportion of patients unprotected (~7%)
from a possibly lethal ARVC complication, SCD. (123) When comparing the ARVC risk
calculator with other risk stratification algorithms, Cadrin-Tourigny et al.(22) showed
that a cutoff point of > 18% provides a protection rate similar to the ITFC (~90%), but a
much higher specificity and thus a lower number of unnecessary ICD implantations (with
an absolute reduction of 20%) in spite of the limitation that these data are shown in the
same cohort in which the score was derived. In the external validation cohort, a
threshold of 17.5-20% (22) offers a protection rate ~75% (similar to ITFC), with a
reduction of the unnecessary ICD of 8,5-12,7%. Aquaro et al. employed a cohort of 140
patients to determine the best cutoff point for the risk calculator to recommend ICD
implantation, finding that the cutoff point of >10% (while using the maximally selected
rank statistic) protects 95% of patients at the expense of ICD implantation in 81% of the
cohort. (147) Interestingly, in a cohort with a 1% rate of ICD implantation (and thus with
a more unbiased VA endpoint), it was shown that a risk calculator cutoff <10% has a

negative predictive value of 100% for the combined endpoint of VA. (141)

In a comparison of the ITFC, mITFC, AHA and HRS algorithms based on risk factors,
Bosman et al. showed that, when plotting the net benefit analysis for only rapid
ventricular events -being rapid ventricular events defined as any sustained VA >250 bpm,
SCD or sudden cardiac arrest-, to protect individuals at a 5-year observed risk >6% (as in
HCM), the clinical algorithm for risk stratification that yielded the best risk assessment
based on the decision curve analysis was the ITFC consensus. (123) The ARVC risk
calculator was not included in this comparison, as the cohort employed overlapped with
the cohort from which the ARVC score was derived. The recent ESC guidelines for the

management of cardiomyopathies have included the same indications for primary
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prevention of VA in ARVC as in the ITFC consensus, adding inducibility in the
electrophysiological study as a class lla recommendation, and endorsing the ARVC risk
calculator but without a specific threshold value. (106) These indications will probably
lead to implantation rates similar to those of the ITFC/mITFC (123) while the ARVC score
can be a complementary tool considering its good discrimination and high negative

predictive value. (141, 147)

In addition to the ARVC risk calculator, the same group developed a model for the
prediction of rapid sustained VAs (>250bpm and SCD or arrest), which is probably a
closer proxy for SCD than sustained VAs in general (>100bpm and SCD or arrest). (148)
To date, it remains a pending issue to externally validate and analyze the clinical value of
the rapid VA model, which is potentially very promising in approaching the prediction of

the event intended to prevent, SCD.

Furthermore, it is important to note that these models have been derived and validated
in European and North American cohorts, and therefore their validation in individuals of
different ancestral origin and in healthcare systems with other socioeconomic

backgrounds remains to be done.

5. The balance between benefits and harms in prediction models in cardiovascular

diseases

Prediction of cardiovascular risk, with the intention of preventing the disease and its
progression, is based on probabilistic (and nondeterministic) models. Therefore, it is
essential to consider the impact of all interventions undertaken, from the prognostic
assessment and transmission of results to the implementation of therapeutic measures,

when necessary, and their potential nocebo effects. (149)

To facilitate this task, clinicians need adequate evidence and stratification tools which
allow providing accurate prognostic information to jointly make decisions according to

the patient's individual preferences after receiving the evidence-based information.

That is, for an individual such as the one presented in the introduction, with cholesterol
values in the treatment range but without other comorbidities, in whom treatment with
statins for 47 years (from 40 to 87) will prolong his median life free of vascular events

from 87 to 89 years, the decision to treat or not to treat may be arguable. It is interesting
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to note that, considering that the LIFE-CVD (80) model incorporates the effect of
treatment on lifetime risk modification, it would also be interesting to incorporate the
prediction of relevant treatment-related side effects, e.g. myalgia and/or diabetes
mellitus, in the case of statin treatment. As another example, in an individual with ARVC,
the utility of implantation of an ICD to prevent SCD will probably vary depending on
whether what we are predicting, preventing, and treating is a VT with good
hemodynamic tolerance, or a VT with poor hemodynamic tolerance or VF that can lead
to SCD. Therefore, it is important to inform patients that the current consensus and
models on ARVC, for example, are mostly based on studies that have evaluated
arrhythmic ventricular risk globally. In addition, as we have highlighted many times, ICDs
placements are associated to a significant rate of associated complications. To assess the
global impact of the risk reduction and harms derived from the intervention, similarly to
the therapeutic benefit is integrated into the LIFE-CVD model, it would be interesting to
integrate so into other clinical models together with the probability of complications
derived from treatment, in the case of ARVC for example, complications derived from

the ICD implantation.

6. Final considerations and future directions

In this thesis we present distinct clinical tools useful in the prognostic stratification of
patients with CVDs. From the exploration of the underpinnings of BAG3-DCM, to the use
of predictive models using polygenic scores, to the implementation of predictive models

integrating clinical variables.

In all those, the predictive capacity will depend both on the precision of the estimation
of the effects on the variables included (which mainly depends on the representation of
the predictors in the cohort and on the statistical power derived from the sample size),
as well as on whether the individual fits the characteristics of the population from which
these effects were derived and validated. Therefore, efforts need to be made to
adequately represent the full spectrum of individuals affected by the diseases we intend
to study in the cohorts employed in the derivation and validation of these models,
including different forms of presentation of the disease and individuals with diverse

ancestral and geographic backgrounds.
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In the first article we describe a molecular subtype of DCM that presents with
characteristic clinical presentation and histopathologic findings. Future cohorts that
study in-depth the characteristics of these patients, including clinical presentation and
molecular characterization, and contextualize their findings with those in other subtypes
of DCM, will help in the characterization of DCM caused by BAG3, aiding in the prognostic
stratification and management of these patients, and maybe allowing the identification

of therapeutic targets for molecularly distinct forms of DCM.

In the second section of this thesis, we analyze the role of MTAG in genetic loci discovery
and its incremental value in genomic prediction. While we do not demonstrate a benefit
provided by MTAG in predicting disease status, we do reveal its role in the discovery of
new loci that may point to interesting pathophysiological pathways, which may help in
the understanding of CVDs and be useful as a starting point in the research and
development of treatment targeted to those pathways. Notably, MTAG may be an
interesting tool to help elucidate the underlying mechanisms in underrepresented
subgroups in certain entities. In this work, we further evaluated the benefit of MTAG-
derived PGS in predicting disease status, without MTAG improving the predictive or
discriminative ability for PGS in AF, CAD, and HF, and for this reason, we did not delve
into the analysis of the new PGS developed in combination with clinical models.
However, to assess the added value of genomic prediction in common CVDs may

certainly be of interest in future approaches.

The third section of this thesis covers the external validation of a clinical model for
arrhythmic prognostic prediction in patients with ARVC, a strategy that has been used in
other entities such as HCM. Several studies support the added prognostic value of LV
involvement parameters to the ARVC risk score, especially in those carriers of DSP
variants, which could help to improve the accuracy of the ARVC risk calculator strategy.
In addition, there are current efforts attempting to evaluate the role of common genetic
variants in the susceptibility and severity of ARVC, and if such is demonstrated relevant
as in other cardiomyopathies as HCM (55, 150), the evaluation of their contribution in

prognosis stratification would certainly be of interest.
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As a final consideration, it is worth noting that in addition to research on instruments for
CVD prediction and prognostic stratification, it is important to evaluate the impact
(positive and negative) of their implementation in sometimes healthy and/or
asymptomatic individuals, and to promote health education and a health system that

accompanies and empowers individuals in making decisions related to their health.
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Conclusions

The BAG3 p.GIn88* variant identifies a high-penetrant form of dilated
cardiomyopathy leading to acute heart failure onset at young ages and a
specific histopathological pattern. This may serve to understand the basis of
this molecular sub-type of disease in order to improve disease-specific
treatment.

The implementation of multi-trait analysis of genome-wide association
studies allows the discovery of disease-specific genomic loci for atrial
fibrillation, coronary artery disease and heart failure, which are associated
with relevant pathophysiological pathways in these diseases.

Multi-trait analysis of genome-wide association studies does not improve
polygenic scores-based disease prediction and discrimination in common
cardiovascular diseases: atrial fibrillation, coronary artery disease and heart
failure.

The arrhythmogenic right ventricle cardiomyopathy risk calculator external
validation demonstrates good discrimination and calibration, together with
a net clinical benefit superior to the other current treatment algorithms for
predicting ventricular arrhythmias in patients with arrhythmogenic right
ventricular cardiomyopathy.

Altogether, this PhD thesis evaluates the role of cardiovascular genetics in the
understanding of the pathophysiological mechanisms underlying
cardiovascular diseases, its diagnostic and prognostic value, as well as the
role of disease prediction and prognostic stratification models in these

entities.
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