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INTRODUCTION

CARDIOVASCULAR DISEASE

Cardiovascular disease (CVD) is the leading cause of mortality in the Western Soci-
eties[1]. CVD encompasses a number of different disease entities, many of which are
related to atherosclerosis. Atherosclerosis is the process of development of plaque for-
mation in the subendothelium of arterial walls. These plaques narrow the arterial lumen,
thereby disabling blood flow. Upon rupture of the fibrous cap, a blood clot forms, which
results in total obstruction of blood flow, which, depending of the site, may lead to my-
ocardial infarction (MI), stroke or peripheral artery disease (PAD). Atherosclerosis has a
multifactorial origin involving abnormalities[2] in lipid metabolism, hypertension, obe-
sity, diabetes mellitus, smoking, inflammation, coagulation, and fibrinolysis, amongst
others. At present, we lack a complete understanding of the relevance of these individ-
ual risk factors and their interplay in the disease process[3]. It has been suggested that
genetic factors contribute to the risk of CVD[4].

One of the genetic epidemiology tools is the concept of heritability. Heritability is a
parameter that can help understand the genetic architecture of complex traits within the
population. Heritability is usually defined as the proportion of total phenotypic varia-
tion that is due to additive genetic factors[5]. Estimates for the heritability of CVD vary
between 40 and 60% [6]. These different estimates of CVD heritability stem from stud-
ies using genetic variants that are "common” (occurring quite often in the population)
or using rare genetic variants[7]. Genetic variation that occurs in more than 1% of the
population are called Single Nucleotide Polymorphisms (SNPs). They are considered
common enough to be called “normal variation” in the DNA. SNPs are responsible for
many of the differences between individuals such as eye color, hair color, and blood type.
SNPs that occur in less than 1% of the population are called rare variants. Although
many SNPs have no effects on a persons health, some of these variations may influence
the risk of CVD.
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FAMILY STUDIES:

In family studies multiple generations of individuals with CVD and controls without
CVD are investigated, usually by means of so-called linkage analyses. The identified
private and rare mutations often have a large effect on the disease risk. Examples of
rare diseases that have an impact on CVD risk are Familial hypercholesterolemia (FH),
hypertrophic cardiomyopathy (HCM)[8] and Long QT syndrome[9]. FH is studied in
one of the chapters in this thesis (chapter 4). FH is an autosomal dominant disease
characterized by increased plasma levels of Low density lipoprotein cholesterol (LDL-C),
FH is caused by mutations in the LDLR, APOB or PCSK9 gene. The high cholesterol
levels lead to development of arterial plaques, which will ultimately lead to CVD events.
The onset and severity of CVD varies considerably between FH patients, even among
individuals who share an identical gene defect[10].

GENOME WIDE ASSOCIATION STUDIES:

Genome Wide Association Studies (GWAS) are an alternative to family studies. The
rationale underlying the concept of GWAS is the “common disease, common variant”
hypothesis in which a limited number of common genetic variants with a high frequency
(typically above 5%) in the general population contribute to the susceptibility for dis-
ease[7]. GWAS were made possible by means of major technological advances in genet-
ics and molecular biology. In the HapMap project[11] over 10 million common SNPs
with a minor allele frequency (MAF) greater than 5% were identified.

It was found that a large number of these 10 million SNPs were in linkage disequilibrium
(LD). If two genes are in LD, it means that alleles of both genes are inherited together
more often than would be expected by chance. A tagging SNP is a SNP that represents
a group of SNPs in high LD. The principle of tagging SNPs made it possible to develop
cheap DNA microarrays with a limited but still large number of SNPs to investigate large
cohorts of patients with disease and controls without disease. By using tagging SNPs not
all SNPs have to be on the DNA microarrays to cover the genome of a person. In the
last decade due to technological improvements the number of SNPs covered on a GWAS
array increased from ten thousand to more than one million SNPs.

In the past ten years many initiatives arose to combine different GWAS in meta- analyses.
By virtue of the large power that was achieved by combining data, new SNPs were found
to be associated with CVD. The Global Lipids Genetics Consortium (GLGC)[12], Coro-
nary ARtery DIsease Genome wide Replication and Meta-analysis Consortium (CAR-
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DIoGRAM)[13], CARDIoGRAMplusC4D[14] and the IBC CardioChip consortium are
4 examples of such consortia. The aim of the GLGC was to study the genetic determi-
nants of LDL, High-Density Lipoprotein (HDL), Total cholesterol (TC) and triglycerides
(TG). A total of 95 common variants were found to be associated with variation in blood
lipid levels in the first meta-analysis[15]. In a second analysis an additional 62 common
variants were shown to be associated with blood lipid levels[12].

The role of rare variants remained unknown, therefore gene centric genotyping plat-
forms were developed such as the Metabochip[16], IBC CardioChip (Illumina, San Diego
CA)[17] and the ExomeChip[18].

The MetaboChip[16] is a custom Illumina iSelect genotyping array designed to test, in
a cost-effective manner, 200,000 SNPs of interest for metabolic and atherosclerotic /
cardiovascular disease traits. The SNPs on the chip were selected on the basis of large
scale meta-analyses (including up to 100,000 individuals), HapMap[11] and the 1000
Genomes Project SNP[19].

The MetaboChip was designed by representatives of different GWAS meta-analysis con-
sortia: CARDIOGRAM (coronary artery disease)[13], DIAGRAM (type 2 diabetes)[20],
GIANT (Genetic Investigation of ANthropometric Traits)[21], MAGIC (glycemic traits)[22],
Lipids (lipids), ICBP-GWAS (blood pressure)[23], and QT-IGC (QT interval).

A total of 217,695 SNPs were selected for the MetaboChip and 20,970 of these SNPs
(9.6%) failed during the assay manufacturing process, resulting in 196,725 SNPs avail-
able for genotyping.

The 50K gene-centric Human CVD BeadChip contains approximately 50,000 SNPs in
about 2000 genes in relevant loci across a range of cardiovascular, metabolic and inflam-
matory syndromes[17].

The HumanExome BeadChip contains about 250,000 variants based on the data of 12,000
sequenced genomes and exomes. Each variant on the chip has been identified at least >3
times in at least 2 different data sets[18].

The Coronary ARtery DIsease Genome-wide Replication And Meta-analysis (CARDIo-
GRAM) consortium was initiated to maximize the chance of finding novel susceptibility
loci for CVD. CARDIoGRAM combined data from all published and several unpub-
lished GWAS in individuals with European ancestry; CARDIOGRAM included >22,000
cases with Coronary Artery Disease (CAD), Myocardial Infarction (MI), or both and
>60,000 controls without CAD and MI. In addition 15,420 CHD cases and 15,062 con-
trols from the C4D GWAS meta-analysis were added to the CARDIOGRAM GWAS re-
sulting in the CARDIoGRAMplusC4D dataset, a two stage meta-analysis was performed
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within the CARDIoGRAMplusC4D consortium involving 63,746 cases and 130,681 con-
trols. The meta-analyses of these consortia have led to the identification of a total of 46
new loci associated with CVD[14]. Amongst which were loci in or close to the well-
known 9p21 locus, the APOAS5-APOA1, APOE-APOCI and LPL genes.

The meta-analysis of these gene-centric platforms in big consortia have resulted in the
identification of common variants for either blood lipids or CVD. During my thesis I con-
tributed to these meta-analyses. In chapter 2 of this thesis I performed a meta-analysis
with data from the IBC cardiochip consortium on 4 different lipid traits (LDL-C, HDL-C,
TG, TC) in 66,240 individuals from 32 different studies and found 21 new common vari-
ants associated with one or more lipid traits: PPARG, GP1HBP1, DGAT2, HCAR2, FTO,
VLDLR, SPTY2D1, BRCA2, SOCS3, APOH, C4B, LPAL2, GCK, GATA4, SERPINF2,
INSR, FCGR2A, INSIG2, UGT1A1, CHUK, UBE3B[24]. In chapter 3 we performed
a meta-analysis in three different ethnic groups. This trans-ethnic meta-analysis was
performed to identify candidate genes with an effect on lipid levels in admixed popula-
tions[25]. We found and confirmed two novel signals, [CAM1 and CD36 for LDL-C and
HDL-C, and replicated these findings in a cohort of 7,000 African Americans.

GWAS CATALOG

Results from published GWAS studies are published in the GWAS-catalog[26]. The
GWAS catalog is a quality controlled, manually curated, literature-derived collection of
all published genome-wide association studies assaying at least 100,000 SNPs and all
SNP-trait associations with p-values < 1.02107°. The GWAS catalog contains as of
10-04-2018, 3349 studies and 59,967 unique SNP-trait associations. The GWAS catalog
is mostly used as a lookup source.

IMPUTATION

Imputation methods are widely used in GWAS as they facilitate association studies with
variants that are not directly genotyped. Using imputation methods, we can extend the
number of SNPs from 1 million to about 30 million, using the 1000 genomes reference
set or sets from other population sequencing studies. Recently a new version of the
1000 Genomes Project was published[19], using the whole genome data of 2504 indi-
viduals while the initial publication comprised 1000 genomes from 26 different popula-
tions. More than 88 million variants were identified. Since the start of the HapMap and
1000 Genomes projects many other local initiatives like The Genome of the Netherlands
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project (GoNL) project[27] and the UK10K project[28] were started, the aim is to char-
acterize DNA sequence variation in the Dutch and the UK population. The GoNL project
is a whole-genome-sequencing project in a representative sample consisting of 250 trio-
families from all provinces in the Netherlands, and aims to characterize DNA sequence
variation in the Dutch population[27]. A total of 19.5 million novel sequence variants
were found. The UK10K project performed whole-genome-sequencing or whole-exome-
sequencing of nearly 10,000 individuals from population-based and disease collections.
A total of 24 million novel sequence variants were identified[28]. Another application of
imputation methods is to combine and analyze data genotyped on different genotyping
arrays. In chapter 6, I investigated whether the number of high quality SNPs vary while
using/applying two different imputation methods. The number of high quality SNPs
available were analyzed while first combining different data sets and subsequently per-
form imputation on the combined dataset. In our second approach we first performed
imputation on the individual datasets before combining them. Our results suggest that
first performing imputation on the individual datasets and then combining them result
in more SNPs of good quality compared to the method where we combine the different
datasets before imputation.

RISK FACTORS:

The major cardiovascular risk factors: male sex, hypertension, increased cholesterol,
smoking, and diabetes mellitus, have been acknowledged for 50 years[29]. Based on
these risk factors, a number of risk prediction scores have been developed, including
the Framingham risk score (FRS). The FRS provides an estimate of the 30-year risk of
CVD[30, 31, 32, 33]. These risk scores have been validated in many populations. How-
ever, the risk (re)classification and clinical utility of many of these scores have been less
well studied and further research is needed to investigate the clinical utility[4]. The cur-
rent risk scores explain a modest proportion of CVD incidence in the general population,
only atmost 50% of the incidence of CVD is explained by the traditional risk factors[4].
None of the traditional risk factors is present in 15% to 20% of the patients who suf-
fer from an Acute Myocardial Infarction (AMI). Based on the current risk predictions
scores, these patients would have been considered as “low risk’[34]. Therefore, novel
risk factors of preclinical disease are urgently needed to refine the current risk predic-
tion algorithms. Current research has a major focus on emerging genetic risk factors.
Many SNPs associated with common risk factors and potential new risk factors have
been detected by GWAS. Adding these genetic information to existing risk scores did
not much improve the CVD risk prediction until now[4]. A relatively new tool to im-
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prove CVD risk prediction is the development of Genetic Risk Scores (GRS). Genetic
risk scores summarize risk-associated variation across the genome by counting the num-
ber of disease-associated alleles. Because GRS uses information from multiple SNPs,
each individual SNP is less important to the summary measurement and the “’signal”
from the GRS as a whole is more robust. A GRS is therefore an efficient and effective
way of constructing genome-wide risk measurements from GWAS findings[35].

In chapter 4 we evaluated if the 46 known CAD SNPs for the general population also
play arole in the event free survival of patients with FH. We constructed a GRS consisting
of these 46 SNPs. Our GRS was however not associated with a higher risk of developing
a CVD event[36].

In chapter 5 we performed the same analysis in a cohort of patients with established
CVD treated with atorvastatin and we evaluated whether our GRS of 46 known CVD
loci hold predictive value for a secondary CVD event. We again did not find an as-
sociation between our GRS and the risk of a secondary CVD event [ARTICLE NOT
PUBLISHED].

In chapter 7 we set out to determine the independent effect of risk factors for CVD,
by testing the association of SNPs in these RF with CAD. We tested known RF for
CAD and new potential RFs using genetic risk scores based on published data in the
GWAS Catalog[26]and the public available summary level data of the CARDIoGRAM
consortium. We confirmed the association of a large number of known RF for CVD.
In particular, we identified Coronary Artery Calcification (CAC), Lipoprotein a (LP(a)),
Height and Plaque as RFs and of being potential treatment targets and thereby testing
their causal effect on CVD[37].
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LARGE-SCALE GENE-CENTRIC
META-ANALYSIS ACROSS 32
STUDIES IDENTIFIES MULTIPLE
LIPID LOCI

Genome wide association studies (GWAS) have identified many single-nucleotide poly-
morphisms (SNPs) underlying variations in plasma lipid levels. We explore whether
additional loci associated with plasma lipid phenotypes, such as high-density lipopro-
tein cholesterol (HDL-C), low-density lipoprotein cholesterol (LDL-C), total cholesterol
(TC) and triglycerides (TG) can be identified by a dense gene-centric approach.

Our meta-analysis of 32 studies in 66,240 individuals of European ancestry was based on
the custom ~50,000 SNP genotyping array covering ~2,000 candidate genes (the ITMAT-
Broad-CARe (IBC) array). SNP-lipid associations were replicated in a cohort comprising
an additional 24,736 samples or within the Global Lipid Genetic Consortium.

We identified 4, 6, 10 and 4 unreported SNPs in established lipid genes for HDL-C,
LDL-C, TC and TG respectively. We also identified several lipid-related SNPs in pre-
viously unreported genes: DGAT2, HCAR2, GPIHBPI1, PPARG, and FTO for HDL-
C; SOCS3, APOH, SPTY2DI1, BRCA2 and VLDLR for LDL-C; SOCS3, UGT1Al,
BRCA2, UBE3B, FCGR2A, CHUK, and INSIG?2 for TC; and SERPINF2, C4B, GCK,
GATA4, INSR and LPAL?2 for TG. The proportion of phenotypic variance explained in
the subset of studies providing individual-level data was 9.9% for HDL-C, 9.5% for LDL-
C, 10.3% for TC and 8.0% for TG.

This large meta-analysis of lipid phenotypes using a dense gene-centric approach identi-
fied multiple SNPs not previously described in established lipid genes and several previ-
ously unknown loci. The explained phenotypic variance using this approach was compa-
rable to meta-analysis of GWAS data suggesting that a focused genotyping approach can
further increase the understanding of heritability of plasma lipids.
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INTRODUCTION

Cardiovascular disease (CVD) is one of the leading causes of disability and death world-
wide[38]. Atherosclerosis is the major underlying pathological process of CVD and it
is highly prevalent in western societies. Atherogenesis has numerous genetic and envi-
ronmental risk factors[39] with abnormalities of plasma lipids and lipoproteins account-
ing for ~50% of the population attributable risk of developing CVD[40, 41]. Plasma
lipid and lipoprotein levels are themselves highly heritable, with estimates ranging from
40-60% for total cholesterol (TC), low-density lipoprotein cholesterol (LDL-C), high-
density lipoprotein cholesterol (HDL-C) and triglycerides (TG)[42].

In a large-scale meta-analysis of genome wide association studies (GWAS) it was shown
that common genetic variants in 95 loci affect plasma lipid levels, of which 59 were pre-
viously unreported[15]. Taken together, variation at these loci explains 10-12% of the
total variance and 25-30% of the genetic variability in plasma lipid phenotypes[15]. This
means that while a portion of the genetic contribution to variation in plasma lipids and
lipoproteins has been characterized, there is still variance that remains unattributed[7].

To further identify genetic associations underlying variation in plasma lipid phenotypes,
we performed a large meta-analysis of 32 studies comprising 66,240 individuals of Euro-
pean ancestry using the candidate gene ITMAT-Broad-CARe (IBC) array (Illumina), also
known as the CardioChip or the Human CVD BeadArray. The IBC array was designed
to capture genetic diversity using ~50,000 SNPs across ~2,000 candidate gene regions
primarily related to cardiovascular, inflammatory and metabolic phenotypes[17]. Prior
reports using this array have confirmed previously established associations and identified
unreported associations of SNPs with several phenotypes and disease outcomes, includ-
ing coronary artery disease[43, 44], plasma lipids[45, 46], blood pressure[47, 48], car-
diomyopathy[49], type 2 diabetes (T2D)[50, 51] and height[52]. The majority of loci
on the IBC array are captured with a marker density equal to or greater than that seen
on genome-wide arrays. Compared to the agnostic design of GWAS arrays, gene-centric
genotyping with this array may permit a better identification of multiple functional poly-
morphisms, or their proxies, at each locus. Indeed, this approach has the potential to
capture a more detailed genetic architecture in selected high priority regions and increase
the total variance explained.

We sought to contribute to the current literature by using a dense gene-centric approach
with the IBC array to identify novel loci associated with lipid traits that have not been

10
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discovered using more conventional approaches. A flow diagram of the performed anal-
yses is illustrated in Figure 2.1.

MATERIALS AND METHODS

Participating studies

We analyzed individual-level phenotype and genotype data from 22,471 individuals of
European descent in seven cohorts and an additional 25 cohorts contributed summary-
level results for 43,769 individuals, yielding a total sample size of 66,240 (Supplementary
Table 1a). Five additional cohorts containing data from a total of 25,282 individuals were
used for replication (Supplementary Table 1b). Further replication was sought through
the GWAS meta-analysis described by the GLGC[15]. In addition to the genotype data,
we obtained data on body-mass index (BMI), age, gender, type 2 diabetes (T2D) sta-
tus, smoking history and, where available, on any treatment for dyslipidemia. Informed
consent for DNA analysis was received from each respective local institutional/national
ethical review board.

Lipid phenotype definitions and correction for lipid-lowering drug use

Lipid measurements from blood samples collected at baseline or first measurement of
each study were used for analysis. We restricted the analyses to those older than 21
years, as lipid levels are unstable prior to this age[53]. Lipid samples were categorized
as “known fasting”, “non-fasting” or “undefined”. Concentrations were converted from
mg/dL to mmol/L by dividing by 38.67 for TC, LDL-C and HDL-C measurements and by
dividing by 88.57 for TG measurements. With the exception of the PROCARDIS study,
where direct LDL-C assay was used (CHOD/PAP assay in an Olympus AU5430[54]),
LDL-C concentration was calculated according to Friedewald’s formula (LDL-C = TC
-HDL-C -kTG) where k is 0.45 for mmol/L (or 0.20 if TG were measured in mg/dl). LDL-
C was treated as a missing value if TG values were > 4.51 mmol/L (>400 mg/dL)[55].
Prior to analysis, TG levels were transformed using the natural logarithm (In) to nor-
malize its distribution. For individuals receiving lipid-lowering therapy, we multiplied
recorded lipid values by a constant: TC was multiplied by 1.271; LDL-C by 1.352; HDL-
C by 0.949, and TG by 1.210, prior to transformation. The multiplicative correction

11
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factors were based on analysis of repeatedly measured lipid levels, including levels mea-
sured before and after lipid-lowering treatment, in the Whitehall IT (WHII) study[56] as
follows. The expected difference between two data collection time points 5 years apart,
for each lipid phenotype was estimated among participants of the WHII study who were
not on lipid lowering therapy. The mean difference between the expected and observed
values for those receiving medication at the latter but not former collection phase was cal-
culated and used as the respective correction factor. The correction factors used here are
comparable to published estimates for the effects of statins on lipid values from treatment
trials[57].

Genotyping and quality control

Genotyping was performed using the gene-centric IBC array (Illumina HumanCVD)[17].
We used genotyping data from the first two versions of the IBC array. Version 1 of the ar-
ray captures 45,238 SNPs while version 2 contains an additional 3,989 SNPs comprising
a total of 49,227 SNPs. These were clustered into genotypes using the Illumina BeadStu-
dio software. Quality control filters were applied within each cohort at the sample and
SNP levels. The filter requirements for the meta-analysis, as sent to each study, required
the removal of individuals with call rate <90%, gender mismatch or duplicate discor-
dance. SNPs with call rates <95% or Hardy-Weinberg equilibrium (HWE) deviation at
chi-squared p < 10~7 were also removed. No filtering was performed on low minor al-
lele frequency (MAF) variants at this stage to take advantage of the rare variants captured
on the array and the large number of samples available.

Evaluation of cryptic relatedness

Only founders within cohorts with recorded family structure were included in the analy-
sis, with the exception of the GRAPHIC, HAPI and PROCARDIS studies in which family
structure was maintained but adjusted for in the association analysis. To ensure removal
of cryptic relatedness and duplicate samples, pi-hat, a measure of identity-by-descent
(IBD), was estimated from the pairwise identity-by-state (IBS) using PLINK[58]. Plink
is a computationally efficient open-source analysis toolset for genetic data, able to per-
form a series of basic, large-scale analysis. For each set of duplicates or monozygotic
twins, and for those with a pairwise pi-hat > 0.3, the sample with the highest genotyping
call rate was retained for analysis.
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Evaluation of population stratification

For the primary analysis, only individuals of European ancestry were included. Self-
reported ethnicity was verified by multidimensional scaling (MDS) analysis of IBS dis-
tances as implemented in PLINK, using HapMap panels as reference standards. After
removing SNPs in pairwise linkage disequilibrium (r2 > 0.3), EIGENSTRAT software
was used to compute principal components on the subset of non-excluded individuals for
use as covariates in the regression analyses. EIGENSTRAT, part of the EIGENSOFT
package, through the use of principal components, corrects for variation in the frequency
across ancestral populations, minimizing potential false positives signals due to popula-
tion structure while increasing the power to detect true associations[59, 60]. Analysis in
non-European ancestry participants is reported in an accompanying paper[61].

Thresholds for declaration of statistical significance

Taking linkage disequilibrium (LD) into account, it has been previously calculated that
genotyping with the IBC array generates ~20,500 independent tests for individuals of Eu-
ropean descent[62]. To maintain the conventional 5% false positive rate, the appropriate
multiple testing corrected threshold for statistical significance was set at p = 1.23210~°
for the primary analysis[50, 63]. When the individual level data were used in the analy-
sis, as in the conditional analysis and variable selection, or replication was available, we
used a more permissive p-value threshold of p < 1.0210~%. To maintain our statistical
power of ~80% for a SNP with an effect size 72 of 0.05% during the gender specific anal-
ysis, we used a gender specific threshold of p < 1.821073. Since the SNPs included in
the gender specific analysis were previously considered significant in the primary main
effect analysis, this choice has little effect on false positives. The GWAS threshold of p
< 521078 was referenced as a comparison to common GWAS practice.

Genomic control estimates reflected by lambda ()\), a method to quantify and adjust
population stratification from population-based samples[64], were derived for each study
before the meta-analysis. To avoid the problem of A estimates inflation due to the high
proportion of positive variants, based on the selection criteria of the included SNPs and
loci, we excluded the upper 10% of the most statistically significant signals during the
estimation of A[65]. METAL used the option to adjust each study with its corresponding
A before the meta-analysis.
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Association testing

Association analysis was performed using an additive genetic model with one degree of
freedom for all cohorts. We performed gender stratified analysis within each study for
the following three models: Model 1 corrected only for population stratification to fil-
ter out any artificial association related to population differences; Model 2 corrected for
population stratification, age and lipid-lowering medication, using the correction factors
described above because those two extra variables are believed to affect the relationship
between the traits and the genotypes tested; and Model 3 corrected for population strati-
fication, age, T2D, smoking, BMI, and lipid-lowering medication as described earlier to
further control for additional variables able to influence the observed associations. The
main results and conditional analysis were reported based on model 1. Variable selec-
tion used signals from all 3 models and these were maintained for the variance explained
section. All three models were also considered in our scan for previously unreported
signals and the replication of previously published associations. The three models were
also used as means to understand the associations observed when additional factors were
controlled. Meta-analysis was performed with METAL[66] and the results were verified
using MANTEL[67] and the Metafor package in R[68]. METAL was run with the op-
tions to use the p-values for the meta-analysis taking sample size and direction of effect
into account, while MANTEL used the classical approach of meta-analysis with a fixed-
effects model[67] and Metafor used a random effects scheme with the Hunter-Schmidt
estimator[69]. Reported p-values are based on METAL unless otherwise stated. The use
of the probability combination option in METAL does not include the meta-analysis of
beta coefficients, although it is able to overcome the problems of differences in pheno-
type distribution and gender between the studies combined[66]. Metafor used a random
effects model that considered differences between studies as part of the heterogeneity
adjusted in the model[70], hence given the number of available studies and the difference
between them, the beta coefficients from Metafor were considered as the most accurate
estimations of the underlying “true” effects of the SNPs, and are presented throughout.

Following the main analysis, we tested for gender specific signals of associations per-
forming the meta-analysis separately for males and females and combining their results.
Only SNPs deemed statistically significant in the overall analysis were compared be-
tween genders for evidence of heterogeneity of effect. Heterogeneity of the meta-analysis
was assessed using the I? statistic, which describes the percentage of total variation in the
study estimates that is due to the differences between studies. The statistical significance
of the heterogeneity was tested by the chi-squared heterogeneity statistic[71]. The crite-
ria for selection of SNPs were: heterogeneity p-value < 0.05 between males and females
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and gender-specific p-value < 1.821073. When SNPs were in LD, r2 > 0.3, only the
strongest associated SNP is presented.

Conditional analysis

Loci harbouring significant evidence for association with p < 10~* in Model 1 were
examined for additional signals using conditional analyses in PLINK[58] in data from
seven cohorts of European ancestry in which individual-level genotype data were avail-
able. A term was added to the regression model including the lead SNP as a covariate,
and SNPs within the same genomic region (within 1Mb of the lead SNP) were evaluated
for significance. A locus-specific Bonferroni correction, based on the number of tests
performed, was then applied to determine the significance of independent signals[50].
For loci harbouring more than one independent signal, we continued the process until no
unreported SNP associations were found.

Variable selection and variance explained

Variable selection was used to identify the most informative SNPs to estimate the total
phenotypic variance in the lipid phenotype after age and gender adjustment. To avoid re-
moving individuals with missing data from the analysis variable selection was performed
in the individual-level data after imputation of any missing genotypes using fastPHASE,
a package for haplotypic reconstruction and estimation of missing genotypes[72]. All
SNPs with lipids associations at p < 1.0210~* for any of the meta-analysis algorithms
were included in the selection procedure. The previously reported GWAS SNPs for each
lipid phenotype were obtained from both the NHGRI Catalogue of Published GWAS[73]
and the Global Lipid Genetics Consortium (GLGC) publication[15]. All HumanCVD
Beadarray SNPs within 500kb of the reported SNPs were identified using the SNAP[48]
web tool and SNPs with the highest LD for each single reported polymorphism were
forced into the model. The stepwise selection scheme with the Akaike’s Information
Criterion (AIC)[74] was implemented in R, separately for each chromosome.

Given that the SNP selection was performed in the available individual level data, includ-
ing information on previously reported polymorphisms, an estimate of association in the
same sample may lead to overestimation of the true effect. Therefore, unbiased estimates
of the true variance explained were obtained in the Whitehall II study (WHII) and British
Women Heart Health Study (BWHHS) which did not contribute individual level data.
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The ratio of phenotypic variance explained by our results, taking into account the num-
ber of SNPs used and the number of observations, was further compared to that estimated
using only the previously reported SNPs. For comparison with previous GWAS, we also
estimated the variance explained using the top SNP at each locus plus the independent
SNPs in the region as identified through conditional analysis.

Replication of non-previously described signals/Signals not previously reported

We report two categories of associations: firstly SNPs at established loci that have not
been reported previously and secondly non-previously described loci, using the less strin-
gent statistical threshold of p < 1.0x10~%. Loci were designated novel if they had not
been reported in the NHGRI GWAS database or in GLGC [15], and novel SNPs were
those that were not reported in GLGC[15] and with 72 < 0.3 to any of the GLGC lead
SNPs. Loci within 500kb of reported signals were not considered novel. To attain the
final list of novel SNPs, we checked for LD between SNPs within the list itself. In groups
of SNPs in LD 72 < 0.3, the SNP with the lowest p-value was reported.

Replication

Independent replication was then sought for all associations not previously reported.
Look-ups were performed in five additional cohorts containing data from a total of 25,282
individuals. Characteristics and methodological details for cohorts (referred to as 25K
cohort’) are listed in Supplementary Table 1b. Additional replication was sought through
the GLGC GWAS meta-analysis[15]. A signal was considered successfully replicated
when its Bonferroni adjusted p-value in the replication sample was lower than 0.05, and
its estimate directionally consistent with the discovery meta-analysis. Four of the stud-
ies used for this meta-analysis (KORA F3, ARIC, PennCATH, CHS and BRIGHT) had
previously contributed data to GLGC. These studies were thus removed from the meta-
analysis of the discovery with both replication studies.
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RESULTS

Characteristics of study samples

A total of 49,227 SNPs were tested in a meta-analysis of 32 cohorts of 66,240 individ-
uals of European ancestry (Supplementary Table 1a). The ratio of the observed to the
null median test statistic, A, was < 1.1 for all studies, except for GRAPHIC, HAPI and
PROCARDIS, where related individuals were included. GRAPHIC had a A of 1.2 for all
phenotypes considered, which decreased to ~1.06 when rare variants (MAF<0.1%) were
excluded from the data. Both HAPI and PROCARDIS had A values of ~1.10 and 1.12
respectively for LDL-C and TC, but these again decreased to < 1.1 when rare variants
(MAF<0.1%) were excluded.

Meta-analysis

We observed 598 statistically significant associations with HDL-C, 491 with LDL-C,
575 for total cholesterol and 609 for TG, at p < 2421076 using Model 1 in METAL
(Supplementary Table 2). After excluding SNPs present in less than 80% of the studies
and filtering associations with a meta-analysis 12 value for heterogeneity > 35%, the
number of statistically significant SNPs was reduced to 276 for HDL-C, 158 for LDL-C,
269 for TC and 242 for TG (Supplementary Table 3).

Of the 2273 statistically significant associations before filtering, 1094 were with SNPs
of MAF < 1% of which 1088 had an I? value of > 35% (Supplementary Table 2). In
total, given that several SNPs were associated with more than one phenotype and SNPs
clustered tightly at certain loci, we identified 549 study-wide significant SNPs in and
around 114 different genes. Supplementary figure 1 shows the overlap of the identified
signals between traits; Manhattan plots for each phenotype are shown in Figure 2.2.

We also analyzed the data using MANTEL and the Metafor package in R. Although each
algorithm used a slightly different method for the meta-analysis, of the 100 top signals for
all phenotypes 98% were also significant in Metafor and 95% significant in MANTEL. Of
all the 945 filtered significant associations observed in METAL 78% were also significant
in Metafor and 80% in MANTEL (Supplementary Table 3). The differences in the results
between the three packages were mainly observed either in associations with SNPs of low
frequency, high heterogeneity, or minor differences in statistical significance which were
close to our cut-off thresholds.
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Figure 2.2: Manhattan plots for HDL-C, LDL-C, TC and TG data from the International
IBC lipid meta-analysis based on estimates obtained using a p-value based

meta-analysis in METAL.
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The meta-analysis of plasma lipid levels, corrected for lipid-lowering medication, and
adjusted for age (Model 2) or BMI, T2D and current smoking status (Model 3) gave
similar results. A summary of the differences between the three models in terms of gene
loci identified is shown in Figure 2.3. The Pearson correlation coefficients of the test
statistics between Model 1 and Model 2 varied between 0.86 and 0.92 and between 0.85
and 0.89 for Models 1 and 3 for the four phenotypes. The correlation between Models 2
and 3 was 0.94-0.97.

Conditional analysis

Because of the dense gene-centric nature of the IBC array, SNPs showing association
unsurprisingly formed tight clusters. We examined 39 loci for HDL-C, 34 loci for LDL-
C, 41 loci for TC and 32 for TG with p < 10~%. Conditioning on the SNP with the
strongest p-value, we identified independent signals for four traits (Supplementary Table
4). Although four independent signals were observed in the LPL (MIM 609708) locus
and three signals in the BUD13-APOAS (MIM 606368) cluster for HDL and TG, only
two SNPs in the LPL locus, rs268 and rs3289, were overlapping between the phenotypes.

Gender specific analysis

Of the 66,240 individuals included in the meta-analysis, 31,513 were males and 34,727
females. The data were analysed with stratification by gender in each cohort and the first
stage meta-analysis included both genders. We also tested each gender separately and
the results were compared for concordance between genders. All of the SNPs showing
heterogeneity of effect between males and females had the same direction of effect with
the overall analysis, but with one gender showing a significantly weaker association com-
pared to the other. Gender-specific differences were found for the individual lipid traits
(HDL-C; 14 SNPs, LDL-C; 9 SNPs, TG; 14 SNPs and TC; 9 SNPs, Supplementary Table
5).

Variance explained

Variable selection used all unfiltered signals, including 1,156 SNPs for HDL-C, 1,063 for
LDL-C, 1,173 for TC, and 1,139 for TG, identified as significant at the p < 10~ thresh-
old from any of the three meta-analysis algorithms. Additionally, previously reported
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Figure 2.3: Venn Diagram per Phenotype for the Comparison of the Three Models Used.
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SNPs were forced into the model including: 41 SNPs for HDL-C, 25 for LDL-C, 22 for
TC, and 35 for TG. Based on the AIC evaluation, 71 SNPs in HDL-C, 79 in LDL-C,
120 in TC, and 75 in TG appear to carry additional information beyond the previously
reported SNPs. All SNPs retained after variable selection, including the previously re-
ported SNPs that were forced into the model, are described in Supplementary Table 6.

Using the list of the SNPs identified by variable selection, we estimated the percentage
of phenotypic variance explained in the subset of studies providing individual level data.
After adjustment for age and gender, the SNPs identified explained 9.9% (using 112
SNPs) of the variance in HDL-C, 9.5% of the variance in LDL-C (using 104 SNPs),
10.3% (using 142 SNPs) of the variance in TC and 8.0% (using 110 SNPs) of the variance
in TG. Using data derived from previously reported lipid-associated SNPs available in
the IBC array, we observed much lower percentages: 6.3% for HDL-C, 4.8% for LDL-C,
4.1% for TC and 5.5% for TG. For comparison, using the common approach of including
only the top signal from each locus plus any independent SNP after conditional analysis,
we were able to explain 7.9% of the HDL-C variance, 8.4% of the LDL-C variance, 8.2%
of the TC variance and 6.3% of the TG phenotypic variance.

To avoid overestimation resulting from using the same datasets for SNP selection and
testing, we also estimated the variance explained in the WHII and BWHHS studies that
did not contribute individual level data used in the variable selection. For the WHII
study, the AIC selected SNPs explained 11.5% of the variations in HDL-C, 15.6% of the
variations in LDL-C, 13.2% of the variations in TC and 9.8% of the variations in TG
variance, while the previously reported SNPs explained 7.9%, 8.2%, 6.7% and 7.4% of
the phenotypic variance in each of these phenotypes, respectively. The corresponding
estimates for the BWHHS were 8.2% for HDL-C, 10.7% for LDL-C, 8.1% for TC, and
8.2% for TG when all the selected SNPs were included in the analysis and 6.0% for HDL-
C, 4.2% for LDL-C, 2.6% for TC and 5.7 for TG when only the previously reported SNPs
were considered. The estimated variance explained, approximate to the heritability due
to additive genetic effects, separately for males and females was 10.9% and 12.2% for
HDL-C, 12.8% and 11.53% for LDL-C, 12.7% and 12.6% for TC, and 10.7% and 8.6%
for TG respectively (Supplementary Table 7).

Confirmation of previously reported signals

The IBC array covered 57 of the 95 loci reported in GLGC[15], and did not include
two of the top 20 HDL-C loci (KLF14 (MIM 609393) and LILRA3 (MIM 604818)),
two of the top 20 LDL-C loci (TOP1 (MIM 126420) and ST3GAL4 (MIM 104240)),
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none of the top 20 TC loci, and two of the top 20 TG loci (KLHL8 (MIM 611967)
and FRMDS5). Among the directly genotyped SNPs in the IBC array, we were able to
replicate the association of 13 out of 18 SNPs with HDL-C, 11 of 21 with LDL-C, 16
of 26 with TC and 9 of 18 with TG, each at a threshold of p < 10~%. Similarly, for
the previously reported loci, the lowest p-value SNP in our results replicated 23 of 32
available loci for HDL-C, 23 of 32 available loci for LDL-C, 30 of 43 available TC
loci, and 21 of 29 loci for TG. Out of the 57 loci cited above, 31 had specifically the
same SNP genotyped by both the GLGC and the IBC array. For those, thus, there was
information on directions of effect for both GLGC and IBC array. In total, these represent
49 signals (given that one SNP can be significant for more than one trait); 13 of those
were significant for HDL-C trait, 11 for LDL-C, 16 for TC and 9 for TG. Only one SNP,
rs12027135, from gene LDLRAP1 (MIM 605747), was found with an opposite direction
and non-statistically significant effect than that of GLGC, for two traits (LDL-C and
TC). We identified additional significant associations for LCAT (MIM 606967), LRP1
(MIM 107770), LPA (MIM 152200), IRS1 (MIM 147545), PCSK9 (MIM 607786) loci
at the GWAS p-value cut-off of p < 5.0210~% in addition to the association reported in
previous studies (Supplementary Table 8).

Signals not previously reported

We identified 48 significant SNPs associations in novel and previously reported genes
for HDL-C of which 17 are in genes not previously reported, with p < 1.0210~*. For
LDL-C, we identified 38 significantly associated SNPs that were not previously reported
in either the NHGRI GWAS database or in GLGC[15]. Of these, 18 were located within
genes without any previously annotated effect on LDL-C. Similarly, for TC we observed
47 SNPs not previously reported in established genes and 15 SNPs in previously un-
described genes. Finally, for TG, we observed 49 associations, including signals in
the 18 genes not previously reported. Assuming the array-wide significance level of
p< 2.421078, there were 11, 5, 12 and 6 novel SNPs for HDL-C, LDL-C, TC and
TG respectively. Several loci not previously reported were observed with an array-wide
significance of p < 2.4210~6 (Supplementary Table 9).

Replication

SNPs showing a significant association with a p < 1.0210~% that were not previously
reported to be associated with lipids were considered for replication in additional studies.
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These were examined either in our own replication sample of the 25K cohort or using
the GLGC data. In total, 23 of the total 69 putative novel gene signals identified in
Stage 1 were found to be significantly associated in the replication stage. Three of these
SNPs reached a GWAS level of significance (p < 5210~%) in the discovery phase and
two replicated (67%), nine more reached our array-wide significance and five replicated
(56%), while a further 57 surpassed the permissive 10~* cut-off of which sixteen signals
were replicated (28%) Of the all signals tested, 11 associations were replicated for HDL-
C, 11 for LDL-C, 17 for TC and 12 for TG levels. These replicated signals were in 21
gene regions not previously reported as associated with the lipids phenotypes considered
here. A total of 23 signals were replicated in the 25K cohort and/or GLGC, 5 signals for
HDL-C, 5 for LDL-C, 7 for TC and 6 for TG (Supplementary Table 9). Details of the lead
SNPs replicated in each of the novel genes are provided in Table 2.1 together with the
results of the overall meta-analysis. Additional, not-previously reported, SNPs in known
loci were also identified. Four SNPs were associated with HDL-C, 6 with LDL-C, 10
with TC and 4 TG. The results for all SNPs and loci tested for replication are presented
in Supplementary Table 9.
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DISCUSSION

We used a large scale locus-centric approach, testing 49,227 SNPs carefully prioritized
for CVD-related loci, in 32 studies with a combined discovery sample size of up to
66,240 individuals of European ancestry, to explore association with HDL-C, LDL-C,
TC and TG levels. Using an additional sample of 25,282 individuals and the available
data derived from the GLGC study[15], we identified 21 additional loci that have not been
associated with lipid levels before and were able to confirm a number of the previously
reported associations. We also observed gender specific differences in multiple loci that
were identifiable at the level of variance explained. Finally, although the array covers a
smaller proportion of the genome, our heritability estimates were comparable to current
GWAS estimates.

Recently, candidate loci and gene-based arrays such as the IBC array, and the “Metabochip”,
“Immunochip” and “exome-chip” with content derived from GWAS, next generation se-
quencing and other plausible sources such as functional studies, are becoming increas-
ingly popular and offer significant value to individual investigators and consortia [75, 76,
18]. They allow flexibility to incorporate index SNPs, as well denser probe coverage for
finer mapping, across a large number of loci allowing selective coverage for a range of
prioritized findings. The GLGC study[15] provides the most current analysis of the entire
genome for common polymorphisms that underpin circulating concentrations of HDL-C,
LDL-C, TC and TG. Working under the hypothesis that any individual SNP tested is
unlikely to have a true effect on the particular phenotype of interest, GLGC was able to
identify SNPs explaining 0.05% of the phenotypic variance with 94.75% power, while in
our data the same SNPs had 85.07% power to explain the same proportion of the pheno-
typic variance. This may in part explain our inability to replicate the entire set of SNPs
identified in the GLGC study. Nevertheless, these differences in power do not take into
account the fact that, compared to the GWAS, the SNPs tested here were more likely to
be associated with the phenotypes tested due to the selection of SNPs based on available
information concerning a putative role in lipid metabolism. This is apparent from the
extreme quantile-quantile QQ plots seen in hypothesis-driven arrays compared to typical
GWAS. Such candidate loci arrays also allow “cosmopolitan tagging” approaches to en-
sure sufficient markers across loci of interest for multiple ancestries are achieved. Much
of the lipid content of the 2,000 loci on the IBC array was derived from pathway based
candidates[17]. Fifty-seven loci present on the IBC array were associated with lipid traits
in the GLGC, although importantly at the time of array design very few loci were shown
to be robustly associated with lipid phenotypes, showing the clear utility of such candi-
date loci approaches to generate putative candidates for validation in large numbers of
individuals. One shortcoming of hypothesis-driven genotyping arrays is limited cover-
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Table 2.1: Replicated Previously Unreported Genes

; 7 7 GLGC Overall
Discovery Ny

replication meta-analys
Gene Trait Model SNP Chr  Position Allele 1 Allele2 Freq1 Weight P-value Direction w._/.ww_..:m ‘Weight  P-value Direction 1.~“M_~=m ﬂ_ﬂh_ﬂw 1@ WMM Direction Z::Mﬁwwwm::m
PPARG HDL 3 1512631819 3 12317861 T G 0.0285 53187 1.72E-05 - 0.2150 10567 2.42E-01 + 0.6780 1.00E+00 2.27E-04 - 1.64E-02 8.35E-06
GPIHBPI HDL 2 157388248 8 144376728 C G 0.2878 54144  3.30E-07 + 0.7494 14374  142E-02 + 0.5845  1.00E+00 4.03E-04 + 2.90E-02 2.93E-09
DGAT2 HDL 1 1511236530 11 75167052 A C 0.4246 61617  2.44E-06 - 0.6566 24732 3.80E-05 - 0.3281  2.74E-03  4.92E-03 - 3.54E-01 1.40E-09
HCAR2 HDL 3 154759361 12 121744233 A T 0.1584 53194  2.0SE-09 + 0.8481 13902 6.24E-01 + 0.2468  1.00E+00 1.00E-06 + 7.23E-05 2.50E-12
FTO HDL 2 151421085 16 52358455 T C 0.6095 54286  5.76E-05 + 0.1952 14373 1.08E-01 + 0.8410 1.00E+00 3.31E-05 + 2.38E-03 2.33E-08
VLDLR LDL 2 157024888 9 2626992 T C 0.9523 48970  4.38E-05 + 0.8693 2998 1.66E-01 + 0.4035 1.00E+00 4.95E-05 + 3.02E-03 7.51E-08
SPTY2D1 LDL 1 1511024739 11 18602419 A C 0.5514 55610  3.09E-07 + 0.3205 24393 7.49E-01 + 0.5482 1.00E+00 4.14E-06 + 2.53E-04 6.04E-10
BRCA2 LDL 3 159534275 13 31838345 A € 0.5149 47864 4.61E-06 - 0.4505 13886  8.26E-01 + 04184  1.00E+00 2.48E-07 - 1.51E-05 5.67E-09
SOCS3 LDL 2 154082919 17 73889077 T G 05148 48687  2.33E-05 + 0.5148 14347  1.17E-03 + 0.1111  445E-02 3.58E-01 + 1.00E+00 4.46E-04
APOH LDL 1 151801689 17 61641042 A C 0.9646 55363  2.80E-11 - 0.6439 2999 5.56E-01 - 0.3226  1.00E+00 2.10E-05 - 1.28E-03 9.41E-14
C4B TG 1 rs389883 6 32055439 T G 0.6323 57442  8.63E-07 + 0.9931 14638  381E-02 + 0.9599 1.00E+00 3.95E-15 + 2.85E-13 9.90E-19
LPAL2 TG 3 153123629 6 160826076 A G 0.3445 47279  3.76E-05 + 0.5835 13935 5.23E-01 + 0.5929  1.00E+00 1.20E-06 + 8.60E-05 4.40E-08
GCK TG 3 152070971 7 44164108 T G 0.132 49207  223E-06 + 0.2751 13900 1.18E-02 + 0.8145 8.46E-01 3.08E-04 + 2.22E-02 2.25E-07
GATA4 TG 3 156983129 8 11628545 A C 0.4918 49262 2.30E-06 + 0.9860 13940  2.02E-01 + 0.2548 1.00E+00 7.54E-06 + 5.43E-04 2.62E-08
SERPINF2 TG 3 152070863 17 1595252 T C 02109 49243 3.73E-05 + 0.6577 13903  4.41E-04 + 03132 3.18E-02 595E-03 + 4.28E-01 241E-05
INSR TG 1 158112883 19 7130320 T G 03269 57525  8.55E-06 - 0.2601 14635  4.61E-01 - 0.8751 1.00E+00 2.85E-05 - 2.05E-03 4.76E-06
FCGR2A TC 3 11801274 1 159746369 A G 0.5016 53200 225E-05 + 0.9812 13976 2.54E-03 + 0.5643  2.04E-01  1.58E-04 + 1.26E-02 3.67E-08
INSIG2 TC Bl 1512464355 2 118566320 A G 09263 53171  6.26E-05 + 0.6811 13851  7.66E-03 + 0.4101  6.13E-01  8.69E-05 + 6.96E-03 1.19E-08
UGTIA1 TC 1 1511563251 2 234344123 T C 0.0934 65731 3.46E-06 + 0.0242 14678  2.56E-01 + 0.0790 1.00E+00  1.50E-06 + 1.20E-04 2.50E-09
CHUK TC 3 1511597086 10 101943695 A C 0.5885 52928  3.54E-05 - 0.4075 13998  2.05E-01 - 0.3244 1.00E+00 5.81E-05 - 4.65E-03 2.99E-09
UBE3B TC 3 157298565 12 108421917 A G 0.5254 48938 147E-05 + 0.8893 13997  7.93E-01 + 0.3195 1.00E+00 1.25E-04 + 1.00E-02 1.98E-06
BRCA2 TC 2 159534275 13 31838345 A € 0.5157 54094  4.16E-06 - 0.6331 14407  3.59E-01 + 03510  1.OOE+00 2.47E-05 - 1.98E-03 5.39E-07
SOCS3 TC 2 154082919 17 73889077 T G 0.5159 54065  1.22E-05 + 0.7658 14415 1.61E-04 + 0.0394  1.29E-02  9.56E-03 7.65E-01 8.91E-07

The following abbreviations are used: chr, chromosome; freq, frequency; het, heterogeneity; mult m&,
multiple-variate-adjusted; GLGC, Global Lipids Genetics Consortium; HDL, high-density lipoprotein; LDL, low-density
lipoprotein; TGs, triglycerides; and TC, total cholesterol.
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LARGE-SCALE GENE-CENTRIC META-ANALYSIS IDENTIFIES MULTIPLE LIPID LOCI

age, with 38 out of the reported 95 previously reported GLGC loci not represented on
the IBC array. Despite this, the great majority, 74 out of 80, of the strongest associations
were covered with greater density than before, highlighting the utility of such approaches.
Furthermore, aggregation of datasets such as those presented here, have clear utility for
conditional analyses, as we show that 27 loci have more than one independent signal for
the examined lipid traits.

Our most significantly associated locus for HDL-C was CETP (MIM 118470). CETP
is a hydrophobic glycoprotein, which, upon secretion by the liver, is bound mainly
to HDL particles in plasma[77], CETP inhibitors have been shown to significantly in-
crease plasma HDL-C levels, thereby mimicking the hyperalphalipoproteinemia encoun-
tered in patients with CETP deficiency[78]. For both LDL-C and TC, LDLR (MIM
606945) (Low density lipoprotein receptor) had the lowest p-value. LDLR encodes the
cell surface LDL receptor which removes circulating LDL via receptor-mediated endo-
cytosis. More than 1600 rare, lose-of-function mutations in the LDLR have been shown
to cause familial hypercholesterolemia[79, 80, 81]. Finally, the locus with the strongest
association with TG levels was BUD13 (functional spliceosome-associated protein 71),
which is located at the same chromosome 11 locus that contains the APOA1-C3-A4-A5-
ZNF259 (MIM 107680) cluster. In the GLGC GWAS meta-analysis, the top hit for TG,
APOA1(MIM 107680) rs964184, lies within the BUD13 promoter. BUD13 is a yeast
homolog of an active spliceosome, but little is known about its function in humans. Two
of the encoded apolipoproteins within the cluster, apoA-V and apoC-III, influence the
activity of lipoprotein lipase (LPL) activity, which is central to hydrolysis of circulating
TG-rich lipoproteins. Variants in these genes have long been associated with clinical
hypertriglyceridemia[82, 83].

Two of our top signals, CETP and BUD13 show evidence of gender-specific effects. A
wide variety of phenotypes, including CHD, demonstrate sexual dimorphism[84]. Thus
some of the strongest signals we found might be important in one gender alone. An
illustrative example is CETP, for which SNPs rs17231506 and rs12720922 were both
differentially associated with HDL-C levels in men and women. This relationship has
been previously suggested, and gender-specific differences in expression levels of the
gene product were hypothesized[85]. Other previously reported SNPs, also shown here
to have gender-interactions, include the three APOB (MIM 107730) SNPs rs531819,
rs17398765, rs1367117[86], rs4953023 in ABCG8 (MIM 605460)[87, 88, 89], rs157580
in TOMM40 (MIM 608061) which is close to APOE (MIM 107741)[90], and the APOC4
(MIM 600745) SNPs rs12721109 [91]. In addition to gender differences in associations
with individual SNPs, we observed between-sex differences in trait heritability. Of the
four lipid phenotypes examined LDL-C and TC had minimal between-gender differences
in heritability of 1.06% and 0.2% respectively, while females showed higher heritability
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for HDL-C (1.5% difference) and males showed higher heritability for TG (1.9% dif-
ference). Our results, except those for TG, are similar to those reported by Weiss et
al[42], with LDL-C showing small narrow sense heritability differences while females
had higher narrow sense heritability compared to males in HDL-C. In contrast to our
findings, Weiss and colleagues[42] showed a stronger but non-significant heritability in
females compared to men for TG.

Of the 49,227 SNPs in the array ~21% had a MAF < 1%, while in the 2.273 unfiltered
significant associations observed 48% had a MAF < 1%. After filtering, 0.06% of the
significant associations were SNPs of MAF < 1%. The higher proportion of rare SNPs
passing the array wide p-value threshold compared to their proportion on the array can
be attributed, in part, to their high heterogeneity. In the majority of cases, SNPs with
genotyping errors show high levels of heterogeneity between studies. This might suggest
that uncommon SNPs are more difficult to successfully genotype or call with current
methods. A technical note from Illumina[92] reported that accurate calling of rare vari-
ants is possible, although there is an increase in the error rate for rare allele homozygotes.
It is also possible that carriers of rare functional SNPs will have an extreme phenotype,
leading, in some cases, to exclusion from the study or to a greater measurement bias in
some studies compared to others. At least some of the rare SNPs in our results are known
to have functional mutations with large effects. APOB (MIM 107730) SNP rs5742904
has a p-value of 1.039210~45 with LDL-C in our meta-analysis but an I of 96.6%. The
rs5742904 SNP is a known rare mutation (R3527Q), involved in hypercholesterolaemia
and early CHD[93, 94]. The mutation, which has been shown to reduce the affinity for
the LDL cholesterol particle, where ApoB is the single protein component for the recep-
tor, is present in 5% of patients with familial hypercholesterolaemia FH [MIM 143890])
in UK[95]. The identification of rare SNP associations is a substantial challenge and
although we observed a number of strong probable associations, high heterogeneity pre-
cludes any firm conclusions.

Our results point towards the existence of multiple independent lipid-associated SNPs in
several different loci. One example is the LPL (lipoprotein lipase) gene, in which the
classical view of the primary functional importance of the S447X variant (rs328), which
causes a premature stop codon has been modified by the findings that several different
polymorphisms at this locus concurrently affect LPL expression[96, 97]. Interestingly,
all of our top signals CETP, LDLR and the BUD13 cluster, show evidence for the exis-
tence of more than one functional SNP. Especially for the cluster around BUD13, the risk
allele 1s9804646-T (MAF 0.08) is on the same haplotype as the protective allele of the
top SNP in the region, rs10750097, making the former identifiable only after conditional
analysis. If this turns out to be the rule for the genetic architecture of lipid loci, any single
identified signal at a locus will underestimate the variance explained. Future clinical use
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in prediction of lipid levels will require more sophisticated approaches to fully capture
information, irrespective of the levels of significance in discovery and replication studies.
A number of statistical and computational criteria to select the most relevant and infor-
mative SNPs are available. Here we used the AIC criterion as a balance between being
inclusive of the SNPs used while avoiding over-fitting. It is possible that the exclusive use
of only the most significant, and not the most informative, SNPs is partly responsible for
much of the “missing” heritability that cannot be explained by additional modest-effect
common variants[98]. The truly causal polymorphisms are not always included within
the genotyped SNPs making heritability estimates dependent on the LD between causal
and observed SNPs[99]. Methods accounting for the total information in the area, such
as selection with AIC or the approach used by Yang et al[100], will recover some of this
missing information as our results suggest. In addition, use of stringent thresholds of
statistical significance will exclude polymorphisms explaining a very small percentage
of the variation, despite the potential impact of a great number of such SNPs. Our own
results and the work by Yang and colleagues[99] suggest that common SNPs, that do
not reach generally acceptable significant levels, are likely to hold additional informa-
tion. Rare variants, yet undiscovered might explain some of the “missing” heritability
of plasma lipid phenotypes[101], but it is not clear how much extremely rare changes
can contribute towards a population measure such as heritability. Gene X Gene and
gene X environment interaction can also play an important role but statistical constraints
hinder their identification[101]. Transgenerational epigenetic alterations have also been
suggested as possible source of heritability[ 102], but if they persist for many generations
it is likely that they acquire LD with SNP already in the analysis[103].

For these same reasons, we were also less stringent with our criteria in pursuing poten-
tially novel signals for downstream replication, using a p < 1.0210~* threshold instead
of our array-wide significance level of p < 2.4210~°. To avoid any increase of false pos-
itive signals the stringent Bonferroni correction was applied in our replication p-values.
A very specific definition was used to declare novelty of a signal. Previously unreported
loci were defined as those not described in either the NHGRI GWAS database or by the
initial GLGC publication[15], and previously unreported SNPs were defined as those that
were not reported in the GLGC[15] and having an 72 < 0.3 with lead GLGC SNP. This
led to some previously characterized SNPs and loci from candidate gene studies, which
had not been replicated in any GWAS, being considered novel in our analysis. GATA4
(MIM 600576) is such an example. Although its association with TG was missed by the
GWAS, evidence in mice, and recently humans, reveals that the coded protein is involved
in TG absorption from the intestine and underpins plasma TG levels[104].

The most challenging aspect of evaluating large datasets is that an ideal sample for repli-
cation, which is larger than the discovery set, is extremely difficult to find in such large
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meta-analysis setting were most large studies have been exhausted. We used five pre-
viously reported GWAS with and without imputed genotype data. This resulted in an
uneven replication in which very few SNPs could be genotyped across the entire repli-
cation sample and most were available only in a fraction of the studies. Considering
that we likely overestimated the true effect size of each SNP, in accordance with the win-
ners curse, the power to replicate our signals in a smaller sample is markedly reduced.
Nevertheless, a small number of signals were replicated, notably DGAT2 (MIM 606983)
for HDL-C, SOCS3 (MIM 604176) for TC and LDL and SERPINF2 (MIM 613168) for
TG. The published GLGC data evaluated > 2.5 million SNPs (both directly genotyped
and imputed), in more than 100.000 individuals and as such provided a much more re-
liable replication set. Based on this replication a further 21 previously unreported loci
were confirmed. Moreover, we were also able to identify three SNPs which added addi-
tional information to what was previously published. The rs753381 variant is a coding
non-synonymous SNP in PLCG1 (MIM 172420), considered in GLGC as part of the
LDL-C association with TOP1 (MIM 126420) (rs6029526). The LD of rs753381 and the
1$6029526 SNP previously reported is 72 =0.82 but Phospholipase C, gamma 1 (PLCG1)
was reported to effect cholesterol solubility in bile[105]. Therefore, we speculate that this
variant may influence serum cholesterol levels through interference with the cholesterol
cycle and the relevant locus for the association with LDL-C is PLCG1 rather than TOP1.
SNP rs389883, in an intron of C4B (MIM 120820), is significantly associated in both
our data and in the GLGC results with TG but it is not included in the GLGC reported
signals. Similarly, SNP rs2244608 in TCF1 associated with LDL is only included in the
ethnic analysis but not in the main results of the GWAS meta-analysis.

Well-known genes for other metabolic phenotypes were included in the replicated, pre-
viously unreported, signals such as FTO (MIM 610966) for BMI. FTO is believed to be
involved in the regulation of food intake and to affect lipolysis in adipose tissue[106]
while in our data FTO is also associated with HDL-C, probably through its association
with BMI, as the loss of significance in Model 3 suggests (p = 0.8805). BRCA2 (MIM
600185), here associated with LDL-C, together with BRCA1 are two of the best known
genes in which mutations are associated with breast and ovarian cancers[107]. The pre-
cise function of BRCA2 (MIM 600185) is unclear but the protein encoded has been
implicated in a variety of processes including DNA repair and recombination, cell cycle
control, and transcription[108]. Some of our other signals are already clinically signif-
icant. For example, HCAR2 (MIM 609163), also known as niacin receptor 1, is an
important biomolecular target of niacin, a widely prescribed drug for the treatment of
dyslipidemia, that acts primarily by inhibiting hepatic DGAT-2 (MIM 606983), lowering
secretion of TG-rich lipoproteins and so increasing HDL-C levels[109, 110].
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The evidence from the cumulative meta-analysis of our-data, the replication studies and
the published GLGC results suggest that further ’true” signals might be found with less
stringent p-values threshold. Given the recent deluge of available genetic data, we pro-
pose that a more careful examination is required of common variants of moderate and
small-effects. This might help to explain portions of missing heritability, elucidating
the pathways and mechanisms involved in lipid metabolism and CHD, and identifying
potential loci in which rare SNPs with large effects on the phenotype can be discovered.
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http://www.omim.org

SNP Annotation and Proxy Search (SNAP):
http://www.broadinstitute.org/mpg/snap/
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Supplemental data is available electronically and includes one figure and nine tables.
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GENE-CENTRIC META-ANALYSIS
OF LIPID TRAITS IN AFRICAN,
EAST ASIAN AND HISPANIC
POPULATIONS

Meta-analyses of European populations has successfully identified genetic variants in
over 100 loci associated with lipid levels, but our knowledge in other ethnicities remains
limited. To address this, we performed dense genotyping of ~2,000 candidate genes in
7,657 African Americans, 1,315 Hispanics and 841 East Asians, using the IBC array,
a custom ~50,000 SNP genotyping array. Meta-analyses confirmed 16 lipid loci previ-
ously established in European populations at genome-wide significance level, and found
multiple independent association signals within these lipid loci. Initial discovery and
in silico follow-up in 7,000 additional African American samples, confirmed two novel
loci: rs5030359 within ICAMI is associated with total cholesterol (TC) and low-density
lipoprotein cholesterol (LDL-C) (p = 8.8210~7 and p = 1.52107° respectively) and a
nonsense mutation rs3211938 within CD36 is associated with high-density lipoprotein
cholesterol (HDL-C) levels (p = 13.52107'2). The rs3211938-G allele, which is nearly
absent in European and Asian populations, has been previously found to be associated
with CD36 deficiency and shows a signature of selection in Africans and African Ameri-
cans. Finally, we have evaluated the effect of SNPs established in European populations
on lipid levels in multi-ethnic populations and show that most known lipid association
signals span across ethnicities. However, differences between populations, especially dif-
ferences in allele frequency, can be leveraged to identify novel signals, as shown by the
discovery of ICAM1 and CD36 in the current report.
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INTRODUCTION

Plasma levels of circulating total cholesterol (TC), low-density lipoprotein (LDL-C),
high-density lipoprotein (HDL-C) and triglycerides (TG) are associated with coronary
artery disease (CAD) and are targets for therapeutic intervention[40]. Multiple envi-
ronmental and genetic factors influence these plasma lipid levels, with heritability es-
timated to range from 0.28 to 0.78 in twin and family studies[111]. To date, >100
lipid-associated loci have been described, using studies mainly based on individuals of
European ancestry[112]. Together, known variants affecting plasma lipid levels explain
10-12% of the total variance and 25-30% of the genetic variance[112] indicating that
other loci and independent signals in established loci are likely to additionally contribute
to the trait.

Lipid levels have been demonstrated to vary between ethnic groups[113]. Africans and
East Asians have higher levels of HDL-C and lower levels of TG compared to Euro-
peans[114] though the underlying mechanisms of these ethnic differences remain un-
known. Genetic contributors to lipid concentrations are less well understood in non-
European populations partly due to less well-powered genetic studies being attempted to
date and most genotyping platforms are designed to have optimal coverage in European
studies. An important first step towards understanding genetic risk across populations
is to establish whether plasma lipid associated loci, identified in Europeans, span across
multiple ethnicities or are population-specific. In a recent analysis, most of these known
lipid loci had the same direction of association in different ethnic groups as in Europeans,
despite presumed differences in linkage disequilibrium (LD) between marker and causal
variants in each population[45]. Using regional LD in different ethnicities can help to re-
fine association signals and to distinguish causal variants from correlated markers[115].
Furthermore, independent association signals in established lipid loci in one ethnicity
may be useful to highlight causal signal(s) in other ethnicities.

The ITMAT-Broad-CARe (IBC) array (also referred to as the CardioChip or HumanCVD
Beadchip [Illumina]) was specifically designed to densely tag ~2000 genes with known
or potential roles in lipid and cardiovascular traits using ~50,000 single nucleotide poly-
morphisms (SNPs)[17]. Sequencing data from European, African American and Yoruba
individuals was included for SNP selection in IBC array development. The IBC array
drew upon knowledge of lipid metabolism and cardiovascular physiology, as well as early
GWAS and sequencing studies to target efforts towards regions with higher a priori evi-
dence of association, reducing cost per sample, and improving efficiency of replication
studies. The IBC array has been successfully used for multiple cardiovascular-related
phenotypes[43, 47, 44, 50]. Results are reported elsewhere for the association of lipid
phenotypes in European-derived cohorts with variants on the IBC array[24].
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In this study we set out to discover novel lipid loci, fine map signals to identify causal
genes at implicated loci, and gain a greater understanding of the genetic architecture of
lipid traits across ethnicities. Here, we have used the IBC array to examine association
results for TC, LDL-C, HDL-C and TG across seven non-European study populations,
including African Americans (n = 7,657), Hispanics (n = 1,315) and East Asians (n =
841). Using conditional analyses, we sought to identify independent signals from within
associated loci. Finally, we assessed the direction of effect in non-Europeans of new
and established loci found in European-derived populations, and tested a composite risk
score of known loci across ethnicities.

MATERIALS AND METHODS

Ethics statement

All participants in each of the cohorts gave informed written consent. The Institutional
Review Boards (IRBs) of each CARe cohort (i.e., the IRBs for each cohort’s field cen-
ters, coordinating center, and laboratory center) have reviewed and approved the cohort’s
interaction with CARe. The study described in this manuscript was approved by the Com-
mittee on the Use of Humans as Experimental Subjects (COUHES) of the Massachusetts
Institute of Technology.

Participating studies

Data from African-American, Hispanic and East Asian participants from seven cohorts
were included for this study (Figure 3.1). Participants were > 21 years of age. All seven
studies contributed individual-level genotypes and phenotypes. Features of the included
cohorts are presented in Table S1 and summary statistics are listed in Table S2. Six
replication studies were used comprising African American individuals.

Phenotype definitions

Lipid phenotypes were taken from baseline or first measurements for all fasting indi-
viduals. All measurements were converted to mmol/L, with TC and HDL-C measure-
ments converted from mg/dL by dividing by 38.67, and TG measurements converted
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Within each stud Schematic design of study for the multi-
* Genotype quality control hni .. i lvsi
« Filter by age 2 21 ethnic IBC-Lipid association meta-analysis

* Stratify on ethnicity and sex

* Ancestry principle components calculation
* Phenotype: baseline TC, LDL-C, HDL-C and TG; Replication analysis in 7,613 additional

then perform transformations African American samples from 7 cohorts

|

Conditional analysis in 7,657 African
American samples from 7 cohorts

African American meta-analysis

* 7,657 samples in 7 cohorts

Ethnicity-combined meta-analysis

Hispanics meta-analysis

Result comparison with IBC-lipid effort in
* 1,315 samples in 2 cohorts P P

————>| European ancestry individuals of 61,636
samples

East Asians meta-analysis -

Risk score analysis
* 841 samples in 3 cohorts

Primary analyses Secondary analyses

Figure 3.1: Schematic design of study for the multi-ethnic IBC-Lipid association meta-
analysis. The workflow includes primary analyses and secondary analyses.
Details can be found in the text.
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from mg/dL by dividing by 88.57. TG values were log(10)-transformed as TG values
were not normally distributed. LDL-C was calculated according to Friedewald’s formula
L~C - H - kT where C is total cholesterol, H is HDL-C, L is LDL-C, T is TG and k is
0.45 for mmol/L (or 0.20 if measured in mg/dl)[55]. If TG values were >4.51 mmol/L
(>400 mg/dL), then LDL-C was treated as a missing value.

Genotyping and quality control

Genotyping in each participating cohort was performed using the IBC array[17]. SNPs
were clustered into genotypes using the Illumina Genomestudio software and were sub-
jected to quality control filters at the sample and SNP level, separately within each cohort.
Samples were excluded for individual call rates <90%, gender mismatch, and duplicate
discordance. SNPs were removed for call rates <95% or Hardy-Weinberg equilibrium
(HWE) p <10”. Due to low frequency SNPs included in the design, and the aim to cap-
ture low frequency variants of large effect across the combined dataset, we filtered only
on minor allele frequency (MAF)<0.005.

Statistical analyses

Evaluation of population stratification

Self-reported ethnicity was verified by multidimensional scaling analysis of identity-by-
state distances as implemented in PLINK[58], including HapMap panels as reference
standards. After pruning of SNPs in linkage disequilibrium (r><0.3), Eigenstrat was
used to compute principal components within each ethnic group separately for use as
covariates in the regression analyses[116].

Association testing

Association analysis was performed in each study using an additive genetic model with
one degree of freedom. Gender stratified analyses were performed using three multivari-
ate models: Model 1, including 10 principal components (PCs); Model 2, including 10
PCs, age, and lipid medication; and Model 3, including 10 PCs, age, lipid medication,
type 2 diabetes (T2D), smoking and BMI. The genomic control inflation factor, lambda,
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was calculated for each cohort and used for within-study correction before meta-analysis.
Genomic control inflation factors (\) ranged from 1.00 to 1.054.

Meta-analyses within each ethnic group were performed by two independent analysts
using a fixed-effect inverse-variance approach in two different software packages: MAN-
TEL (www.broadinstitute.org/ debakker/mantel.html) and METAL[66]. Results
were highly concordant, reflecting a robust data analyses pipeline. Additionally, the di-
rections of effect of lead SNPs from previously identified loci from the European IBC
array meta-analysis[24] were evaluated for consistency in African Americans, Hispanics
and Asians. To gauge an appropriate significance threshold, data from the Candidate
gene Association Resource (CARe) IBC array studies[117] which is available on dbGAP
(www.ncbi.nlm.nih.gov/gap) were employed and it was determined that after account-
ing for LD, the effective number of independent tests was ~26,500 for African Ameri-
cans, ~23,500 for Hispanics, and ~15,500 for East Asians. This produces experimental
or “array-wide” statistical thresholds of p = 1.92107%, p = 2.1210~¢ and p = 3.221075,
respectively, to maintain a false positive rate of 5% for each of the three ethnic groups.
While we have adopted these “array-wide” statistical thresholds for this study, we also
highlight loci associated at a more conventional genome-wide significance threshold of
p <5.021078,

Additionally, the I? statistic was calculated to quantify the proportion of total variation
due to heterogeneity, as described previously[71].

Conditional Analyses

Loci harboring evidence for association of P<1210~° in African Americans were ex-
amined for the presence of multiple, independent signals via conditional analyses in
PLINK][58]. A term was added to the regression model including the lead SNP as a
covariate, and SNPs within a £500 kb region were evaluated for significance. A locus-
specific Bonferroni correction, as employed in previous IBC studies[50], was applied to
determine significance of independent signals within candidate genes genotyped at each
locus.

On average, the windows contained 195.2 (£107.0) variants with a range between 12 for
ACADL and 359 for PCSK9. Because of limited power due to low sample size, we did
not perform conditional analyses in Hispanics and East Asians.
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Genetic Risk Score Analyses and direction of effect.

Within each ethnic group, we generated a genetic risk score using 28 SNPs for TC, 20
SNPs for LDL-C, 24 SNPs for HDL-C, and 21 SNPs for TG that had been found to be
array-wide significant (p = 2.62107%) in the European-ancestry IBC meta-analysis[24]
(Table S3), weighted by the beta as described previously[118, 119]. To account for miss-
ing data we adjusted the values for the number of genotyped risk alleles per individual.
We evaluated for each ethnic group the contribution of the weighted genetic risk score to
TC, HDL-C, LDL-C and TG in linear regression models adjusting for 10 PCs. Addition-
ally, we compared the relative betas across quartiles of risk by linear regression. These
loci were additionally investigated to study direction of effect across ethnicities.

Replication

In order to confirm putative novel loci, we replicated previously undetected lipid signals
(p <1.02107?) in 7,000 African American individuals from six replication cohorts and
in 61,636 samples from the European-ancestry IBC meta-analysis[24]. Recent power
analyses suggest that large-scale multi-ethnic association studies may have greater sta-
tistical power to detect causal alleles because of random genetic drift elevating global
risk variants to higher allele frequency in some populations[120]. All but one replication
studie provided summary results of SNPs that were genotyped on platforms other than
the IBC array, or imputed using 1000 Genomes data. Features of the replication datasets
included in this meta-analysis are described in Table S1.

RESULTS

Meta-analyses of African, Hispanic and East Asian populations

Meta-analyses of IBC array association results for plasma TC, LDL-C, HDL-C and TG
levels in five African American studies (n = 7,657), two Hispanic studies (n = 1,315)
and three East Asian studies (n = 841) were performed independently. Results of dif-
ferent association models did not differ substantially. Therefore, results of model 1, an
additive model with 10 PCs as covariates, are presented in the main text (Table 3.1) and
results of other models are presented in the supplements (Table S4). After fixed-effect
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inverse-variance meta-analysis, we found that 23, five and two loci in African Ameri-
cans, Hispanics and East Asian samples respectively, were significantly associated with
a lipid trait at their respective array-wide significance thresholds, with twelve, three and
one loci respectively surpassing the traditional genome-wide significance threshold (see
Table 3.1; (Figure 3.1)). Two of these loci, intercellular adhesion molecule 1 (ICAM1)
and CD36 molecule thrombospondin receptor (CD36), have not previously been reported
to be associated with a lipid trait in a large-scale genomic study (Figure 3.2).

We found five independent loci that were associated with TC at the genome-wide sig-
nificance threshold. Four of these signals were SNPs lying within previously described
loci: LDLR (rs6511720, p = 1.4210%%); CELSR2 (1512740374, p = 4.4x10713); APOE
(rs389261, p = 2.12107 ') and PCSK9 (rs11806638, p = 2.00210~?), while one sig-
nal was a novel SNP within ICAM1 (rs5030359, p = 5.2210—9). Three SNPs in the
previously known loci, CELSR2 (rs12743074, p = 1.92107'7), APOE (rs389261, p =
1.02107'2) and PCSK9 (rs11800231, p = 1.0210~ %) reached genome-wide significance
for association with LDL-C. We also identified a novel signal within ICAM1 (rs5030359,
p=1.121077) that is associated with LDL-C in African Americans at array-wide signif-
icance. Genome-wide significant association with HDL-C was observed for three SNPs
in previously identified loci within CETP (rs17231520 p = 2.0210~%°), LPL (rs13702
p = 1.32107?) and LIPC (rs2070895 p = 4.2210~8). Of the array-wide significant loci,
1s3211938 within CD36 (p = 3.1210~7) has been previously described to be associated
with HDL-C in a candidate gene study of 2.020 African Americans[121] but had not
previously been identified in a large-scale genomic study. For TG, we identified one as-
sociation signal, rs12721054, within the previously reported APOE locus with TG with
at genome-wide significance (p = 1.0210721).

Hispanics

Genome-wide significant association with HDL-C was observed for two SNPs in pre-
viously identified loci within CETP (153764261, p = 3.4210~!!) and LIPC (rs8034802,
p = 1.821078). For TG, we identified one genome-wide signal within the previously re-
ported APOAS5 locus (rs10750097, p = 2.1210~*2). Genome-wide significant association
for TC and LDL-C was not observed in our Hispanic populations.

East Asians

In East Asians, the rs662799 variant within ZNF259/APOAS was significantly associ-
ated with TG (p = 1.6210713). The opposite allele of the same SNP was study-wide
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Figure 3.2: Regional plots for novel lipid loci with array-wide significant regions in IBC
meta-analysis of African ancestry. A. CD36 region, B. ICAMI1 region. Loci
are shown as the lead SNP with a flanking region depicting the candidate
gene and nearby genes included on the array. The purple diamond represents
the lead SNP in the IBC meta-analysis and the dots represent the surrounding
SNPs, with the different colors showing the LD relationship with the lead
SNP based on YRI HapMap II information. -logl0 p-values for association
with HDL-C (for CD36) and TC (for ICAM1) are shown for each SNP (left-
hand axis). Recombination rates in YRI HapMap II is shown in blue traces
(right-hand axis).
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Table 3.1: Associated loci with lipid traits in individuals of African, East Asian and Hispanic ancestry.

African-Americans

Results IBC Europeans

Trait Chr BP Candidate Gene SNP Risk allele RAF Beta (SE) P % 12 RAF Beta (SE) P % 12
TC 1 55290748 PCSK9 rs11806638  C 0.68 0.11(0.018)  1.99E-09 8 0.94 0.01 (0.013) 2.83E-01 0
TC 1 109619113 ~ CELSR2 1512740374 G 0.75 0.14 (0.019)  443E-13 0 0.76 0.13 (0.008) 1.79E-63 345
TC 2 21119200 APOB rs12720826 T 0.87 0.13(0.025)  7.84E-08 0O 0.999 NA NA NA
TC 2 210769915  ACADL rs6739874 T 0.05 0.17 (0.038)  4.65E-06 0 0.18 NA NA NA
TC 19 10249462 ICAM1 rs5030359 G 0.99 0.57 (0.098)  522E-09 O 0.998 NA NA NA
TC 19 11063306 LDLR rs6511720 G 0.86 0.18 (0.024)  1.39E-13  26.2 0.88 0.17 (0.009) 1.81E-73 243
TC 19 50112183 APOE rs389261 A 0.25 0.13(0.020)  2.07E-11 0O 0.001 NA NA NA
LDL-C 1 55290528 PCSK9 rs11800231 G 0.83 0.14 (0.022)  1.02E-10 373 0.96 0.009 (0.015) 6.04E-01 0
LDL-C 1 109619113 CELSR2 rs12740374 G 0.75 0.16 (0.019)  1.92E-17 0.8 0.75 0.12 (0.007) 2.62E-66 41.6
LDL-C 2 21141826 APOB rs562338 G 0.4 0.09 (0.017)  6.54E-08 0 0.82 0.12 (0.008) 7.38E-51 0
LDL-C 17 61641042 APOH rs1801689 C 0.007  0.49(0.098)  4.70E-07 255 0.03 0.11 (0.016) 8.57E-12 0
LDL-C 19 10249462 ICAM1 rs5030359 G 0.99 0.51 (0.096)  1.09E-07 0 0.998 NA NA NA
LDL-C 19 11059187 LDLR rs17248720 C 0.73 0.11(0.019)  7.13E-10 0 0.88 0.16 (0.009) 8.81E-72 375
LDL-C 19 50112183 APOE rs389261 A 0.25 0.14 (0.020) 1.03E-12 0 0.001 NA NA NA
HDL-C 7 80138385 CD36 rs3211938 G 0.09 0.06 (0.012)  3.09E-07 283 0.0005 NA NA NA
HDL-C 8 19868772 LPL rs13702 C 0.51 0.04 (0.007)  1.34E-09  46.8 0.3 0.04 (0.002) 3.57E-74 24
HDL-C 15 56511231 LIPC rs2070895 A 0.51 0.04 (0.007)  4.16E-08 0 0.21 0.04 (0.002) 9.76E-58 41.2
HDL-C 16 55553328 CETP rs17231520 A 0.07 0.19 (0.013)  2.03E-46  14.5 0.002 0.16 (0.044) 3.28E-04 0
HDL-C 16 66534352 LCAT 135673026 T 0.004  0.28(0.059)  2.40E-06 0 0.001 NA NA NA
TG 2 27584444 GCKR rs1260326 T 0.15 0.06 (0.012)  5.54E-07  13.7 0.41 0.06 (0.003) 1.56E-83 326
TG 8 19864004 LPL rs328 C 0.93 0.08 (0.016)  1.74E-07  19.9 0.9 0.08 (0.005) 5.73E-16 38.1
TG 11 116170289  APOAS 1rs9804646 C 0.65 0.04 (0.009)  2.55E-06 2.3 0.92 0.02 (0.005) 1.57E-07 11.4
TG 19 50114427 APOE rs12721054 A 0.89 0.12(0.013)  1.01E-21 2.7 0.998 NA NA NA
East Asians Results IBC Europeans

Trait Chr BP Candidate Gene SNP Risk allele RAF Beta (SE) P % 12 RAF Beta (SE) P % 12
HDL-C 11 116168917  ZNF259/APOAS  rs662799 A 0.71 0.09 (0.018)  891E-07 0 0.93 0.03 (0.004) 1.42E-18 283
TG 11 116168917  ZNF259/APOAS 18662799 G 0.29 0.21(0.029) 1.57E-13 284 0.07 0.1102 (0.0058)  5.93E-89 58
Hispanics Results IBC Europeans

Trait Chr BP Candidate Gene SNP Risk allele RAF Beta (SE) P % 12 RAF Beta (SE) P % 12
TC 1 109619113  CELSR2 rs12740374 G 0.78 0.22 (0.045)  7.88E-07  41.5 0.76 0.13 (0.008) 1.79E-63 345
TC 12 130896484  MMP17 rs10902456 G 0.73 0.19 (0.043)  6.96E-06 0 0.69 -0.005 (0.006) 3.97E-01 0
LDL-C 1 109619113  CELSR2 rs12740374 G 0.78 0.21 (0.040)  1.10E-07  25.8 0.76 0.13 (0.008) 2.62E-66 345
LDL-C 19 47603609 LIPE rs34052647 G 0.96 0.43(0.098)  9.65E-06 0 0.999 NA NA NA
HDL-C 1 202392868  REN rs11571087 T 0.01 0.28 (0.060)  2.58E-06 53 0.03 0.006 (0.006) 8.92E-01 13.1
HDL-C 3 149905771 AGTRI1 rs12721308 G 0.01 0.27 (0.060)  4.95E-06 0 0.001 NA NA NA
HDL-C 15 56512084 LIPC rs8034802 A 0.48 0.07 (0.012)  1.82E-08 2.5 0.28 0.03 (0.002) 4.86E-43 18.2
HDL-C 16 55550825 CETP rs3764261 A 0.31 0.08 (0.012)  3.42E-11  63.2 0.31 0.07 (0.002) 8.45E-270  65.3
TG 11 116169250  APOAS rs10750097 G 0.4 0.14 (0.020) 2.14E-12 0 0.21 0.07 (0.004) 4.16E-93 529

Chr chromosome, BP base pair, RAF risk allele frequency, SE standard error.
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significantly associated with HDL-C. Genome-wide or study-wide significant genetic as-
sociation was not observed for LDL-C or TC in our East Asian populations.

Independent signals within single genetic loci in African Americans

The current investigation using the IBC array included rare SNPs at candidate loci col-
lected in sequencing data from Europeans and Africans and dense genotyping, which can
potentially be used to identify independent signals for lipids within genes at known or
novel loci. We repeated association studies conditioning on the lead SNP in 23 loci with P
<1.021075. After Bonferroni correction for the number of SNPs at each candidate gene
locus, we found independent lipids signals at the LDLR, APOE, PCSK9 and APOB loci
for TC, at the APOE, PCSK9, LDLR, and APOB loci for LDL-C, at the APOC1/APOE,
and LPL loci for TG and at the CETP, LPL, CD36 and the TRADD/LCAT for HDL-C
(Table 3.2).

Three loci harbored two independent signals at genome-wide significance. The alle-
les 1s6511720-G (risk allele frequency (RAF) = 0.86) and rs17242787-T (RAF = 0.98)
within the LDLR gene showed association with TC with a p-value of 1.04x10~ ! and
4721077 respectively in the original analyses. After conditioning on rs6511720-G, the p
value for rs17242787-T remained significant (p = 2.421071°). Also for LDL-C, we found
two independent genome-wide significant signals within the APOE locus: rs389261-A
(RAF = 0.25) and rs283813-T (RAF = 0.67). Furthermore, the SNPs rs17231520-A
(RAF =0.07) and rs4783961-A (RAF = 0.44) within the CETP gene were both strongly
associated with HDL-C and after conditioning on the lead signal, the secondary signal
remained significant with p = 2.821072°, Interestingly, the newly identified CD36 locus
also harbored two independent signals, with the second signal showing association with
locus-wide significance. The 72 between the two SNPs in HapMap-YRI was 0.118.

Replication

In order to confirm putative novel signals, we carried out in silico follow-up of ten
SNPs within novel loci and previously unreported SNPs within known lipid-associated
loci (P<1.02107?) in six African American studies, comprising together 7,000 samples.
Only HeartSCORE was genotyped using the IBC array and provided association results
for all SNPs. All other replication studies contributed association results for up to seven
genotyped and imputed SNPs. Imputed SNPs were only included in the study when pass-
ing the 95% confidence threshold. Combined meta-analysis of the discovery and replica-
tion studies led to genome-wide significant signals at the CD36 locus (p = 13.5210~'2;
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Table 3.2: Loci with significant evidence of independent lipid association signals

SECOND HIT THIRD HIT
Trait Gene SNP Chr Position Risk Allele RAF Beta (SD) P Beta (SD) P Beta (SD) P 2 with lead SNP*
TC LDLR 16511720 19 11.063.306 G 0.86 0.18 (0.024) 1.39E-13
1517242787 19 11.063.460 T 0.98 0.35(0.059)  4.67E-09 0.37 (0.059) 2.44E-10 0.004
APOE 1rs389261 19 50.112.183 A 0.25 0.13 (0.0120) 2.07E-11
15283813 19  50.081.014 T 0.67 0.09 (0.018)  3.60E-07 0.09 (0.018) 1.30E-06 0.001
rs12721054 19 50.114.427 A 0.88 0.15(0.027)  4.75E-08 0.10 (0.027) 1.85E-04 0.025
PCSK9 rs11806638 1 55.290.748 C 0.68 0.11 (0.018) 1.99E-09
rs505151 1 55.301.775 G 0.24 0.11(0.019)  7.50E-09 0.09 (0.0120)  9.78E-06 0.085
APOB 1512720826 2 21.119.200 T 0.87 0.13 (0.025)  7.84E-08
rs562338 2 21.141.826 G 0.4 0.09 (0.017) ~ 2.00E-07 0.07 (0.018) 1.20E-04 0.054
LDL-C APOE 15389261 19 50.112.183 A 0.25 0.14 (0.020) 1.03E-12
rs283813 19  50.081.014 T 0.67 0.12(0.018)  7.27E-12  0.12 (0.018) 3.30E-11 0.001
1rs166907 19  50.078.695 G 0.12 0.08 (0.026)  2.92E-03 0.16 (0.031)  1.96E-07 0.001
PCSK9 rs11800231 1 55.290.528 G 0.82 0.14 (0.022) 1.02E-10
15505151 1 55.301.775 G 0.24 0.12(0.019)  1.91E-10  0.10 (0.020) 2.15E-07 0.12
rs1165287 1 55.292.800 A 0.2501  0.09 (0.02) 7.42E-06 0.08 (0.021) 1. 0.08
LDLR 1s17248720 19  11.059.187 C 0.73 0.11 (0.019)  7.13E-10
rs6511720 19  11.063.306 T 0.86 0.19 (0.024)  7.91E-15 0.15(0.030) 2.93E-07 0.251
rs17242787 19  11.063.460 T 0.98 0.31 (0.06) 1.76E-07 0.33(0.062) 8.12E-08 0.071
APOB rs562338 2 21.119200 G 04 0.09 (0.017)  6.54E-08
1512720826 2 21.119.200 T 0.87 0.13 (0.025)  7.84E-08 0.11 (0.026) 0.0001301 0.054
HDL-C CETP rs17231520 16 55.553.328 A 0.07 0.19(0.013)  2.03E-46
154783961 16  55.552.395 A 0.44 0.09 (0.007)  6.08E-40 0.06 (0.007) 2.83E-20 0.165
17499892 16 55.564.091 C 0.62 0.07 (0.007)  7.27E-24 0.04 (0.006)  6.40E-09 0.078
LPL rs13702 8 19.868.772 C 0.51 0.04 (0.007) 1.34E-09
rs3289 8 19.867.472 T 0.93 0.07 (0.013)  5.07E-08 0.06 (0.013) 2.70E-05 0.047
CD36 rs3211938 7 80.138.385 G 0.09 0.06 (0.012)  3.09E-07
rs3211849 7 80.121.259 G 0.54 0.02 (0.007)  5.50E-03  0.03 (0.007) 1.33E-05 0.118
TRADD/LCAT 1535673026 16  66.534352 T 0.004  0.28 (0.059)  2.40E-06
1s2233455 16 65.765.434 T 0.29 0.03 (0.007)  3.72E-06  0.03 (0.007) 2.78E-06
TG APOCI/APOE 1512721054 19  50.114.427 A 0.89 0.12(0.013)  1.01E-21
rs7258987 19 50.124360 T 0.03 0.11(0.024)  2.14E-06 0.11 (0.024) 3.42E-06 0.003
LPL 15328 m 19.864.004 C 0.93 0.08 (0.016) 1.74E-07
rs3289 19.867.472 G 0.07 0.08 (0.016)  2.82E-06 0.07 (0.016) 1.52E-05 0.003

Chr oEoBOwoBo BP base pair, RAF risk allele frequency, SE standard error.
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Table 3.3) for association with HDL-C. A signal within ACADL was not significant after
meta-analysis of the discovery and replication studies. However, the direction of effect
was consistent with our discovery dataset in three of six studies, so it is possible that the
signal has a weak effect and the locus is undetectable due to limited statistical power.
Also, previously unidentified signals in known lipid loci showed genome-wide signifi-
cant association in the combined discovery and replication meta-analysis: rs11806638
within PCSK9 was found to be associated with TC; rs389261 within APOE was associ-
ated with LDL-C levels; rs17231520 within the CETP locus and rs35673026 within the
LCAT locus were found to be associated with HDL-C; and rs12721054 within APOE
was associated with TG levels (Table 3.3).

Comparison of lipid loci in African Americans to Europeans

Utilizing the results of each of the meta-analyses from the three available ethnicities, we
sought to refine localization of known lipid signals or reveal novel independent signals
within known loci based upon differential LD (see Table 3.1). The dense genotyping
within each locus on the IBC array enabled detailed comparisons of loci that harbored
array-wide significant SNPs in Africans Americans, Hispanics and East Asians as well
as in the IBC meta-analysis of up to 61,636 individuals of Europeans ancestry[24] (see
Table 3.1 and Table S3).

The strongest signal for HDL-C in African Americans is rs17231520 within CETP (p =
2.0x10—46; Table 3.1). This SNP is associated with HDL-C in the same direction in
Europeans with p = 3.3210~*. However, in Europeans there is less power to detect this
signal at array-wide significance, as the MAF in Europeans is only 0.2% (versus 7% in
African Americans) and was screened out in many European studies for the IBC meta-
analysis. Furthermore, rarer variants are often not correctly clustered optimally during
QC, making them less likely to pass the standard quality control (including genotyping
threshold or HWE check). This is also observed for the most strongly associated SNPs
within CD36 (rs3211938) and LCAT (rs35673026) for HDL-C in African-Americans,
as they show the same direction of effect in Europeans, but do not reach significance,
given low MAF and absence in the majority of European studies for IBC meta-analysis.
For two loci, LIPC and LPL, the strongest associated SNP in African Americans for
HDL-C was the same or among the most highly associated SNPs in Europeans. Also,
for the LDL-C-associated loci CELSR2, APOB, APOH and LDLR, the strongest signals
in African Americans did overlap or represented similar signals that were highly associ-
ated with LDL-C in Europeans. The newly identified SNP for LDL-C, rs5030359 within
ICAMI, has an observed MAF of 0.8% in African Americans and 0.2% in Europeans.
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Table 3.3: Replication results of nine signals in 7,000 African Americans.

Novel loci Discovery Set (N=7.657) Replication Set (N=7.000) Combined Set (N=14.657)

Trait Candidate Gene SNP Risk allele RAF  Beta (SE) P Beta (SE) P Beta (SE) P

TC ACADL rs6739874 T 0.05  0.17 (0.038) 4.65E-06 0.01 (0.043) 8.60E-01 0.11 (0.029) 1.72E-04
TC ICAM1 15030359 G 0.99  0.57 (0.098) 5.22E-09 0.48 (0.295) 1.04E-01  0.44 (0.095) 4.33E-06
LDL-C ICAMI rs5030359 G 0.99  0.51(0.096) 1.09E-07  0.47 (0.264) 7.74E-02  0.40 (0.089) 8.74E-06
HDL-C CD36 rs3211938 G 0.09  0.06 (0.012) 3.09E-07 0.06 (0.013) 3.12E-06  0.06 (0.009) 3.49E-12
Uit el i Discovery Set (N=7.657) Replication Set (N=7.000) Combined Set (N=14.657)

previously known loci

Trait Candidate Gene SNP Risk allele RAF  Beta (SE) P Beta (SE) P Beta (SE) P

TC PCSK9 rs11806638 C 0.68  0.11 (0.018) 1.99E-09  0.15 (0.029) 3.78E-07 0.12 (0.016) 2.38E-14
LDL-C APOE rs389261 A 0.25  0.14 (0.020) 1.03E-12  0.13(0.028) 4.43E-06 0.14 (0.016) 1.70E-17
HDL-C CETP rs17231520 A 0.07  0.19(0.013) 2.03E-46  0.18 (0.021) 2.35E-17  0.18 (0.011) 1.70E-62
HDL-C LCAT rs35673026 T 0.004  0.28 (0.059) 2.40E-06  0.05(0.12) 7.07E-01  0.24 (0.053) 9.06E-06
TG APOE rs12721054 A 0.89  0.12(0.013) 1.01E-21  0.05 (0.008) 4.71E-13  0.07 (0.007) 1.31E-28

RAF risk allele frequency, SE standard error.
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In Europeans, this SNP is not associated with LDL-C (p = 0.3231), but the SNP is only
present in very few European studies that are included in the IBC meta-analysis. The
most associated signals within PCSK9 and APOE in African Americans are different, in-
dependent signals compared to the most associated SNPs within these loci in Europeans.
Again, both signals are common in African Americans and have very low frequencies in
Europeans: MAF for SNPs in PCSK9 and APOE are 17% and 25% in African Americans
and 0.5% and 0.1% in Europeans respectively.

Among the array-wide statistically significant loci that were associated with TG in African
Americans, three SNPs within GCKR, LPL and APOAS were the same as or amongst the
most highly associated SNPs in Europeans. SNP rs12721054 in APOE appeared to be a
novel independent signal for TG in African Americans. This SNP showed an opposite
effect in European-derived cohorts, although it was observed rarely in the meta-analysis
of European populations (MAF = 0.2%)[24].

For TC, we observed the same pattern as for other lipid traits. The strongest associ-
ated SNPs within loci associated with TC overlapped with the same signals in Euro-
peans (SNPs within CELSR2, APOB, LDLR and APOE), or were independent signals
in African Americans that could not be replicated in Europeans because of low frequency
(PCSK9, ACADL and ICAM1).

Direction of effect concordance with lead SNPs identified in European populations

Direction of effect across different ethnicities was studied for 28 previously established
TC risk loci, 20 LDL-C loci, 24 HDL-C loci, and 21 TG associated loci. Not all SNPs
passed the initial quality control, so number of investigated SNPs differed by trait and
ethnicity (Table S3).

Concordance in direction of effect was observed for 21/27 (p = 0.033), 15/20 (p = 0.102),
16/23 (p =0.176) and 19/21 (p = 0.004) association signals for TC, LDL-C, HDL-C and
TG, respectively, between Europeans and African Americans; 23/28 (p = 0.011), 16/20
(p =0.047), 21/23 (p = 0.002) and 19/21 (p = 0.004) SNPs were concordant in direction
of effect for TC, LDL-C, HDL-C and TG respectively between Europeans and Hispanics.
Finally, 17/24 SNPs for TC (p = 0.140), 11/16 SNPs for LDL-C (p = 0.279), 16/29 SNPs
for HDL-C (p = 0.196) and 17/21 (p = 0.035) SNPs for TG were concordant between
Europeans and East Asians (Table S3).
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Genetic risk score analysis

To study whether we could find elevated lipid levels in multi-ethnic samples with cumula-
tive numbers of risk alleles that were previously found to be associated in Europeans, we
evaluated the contribution of the weighted genetic risk score for lipids in linear regression
models adjusting for 10 PCs and compared the relative beta’s ratios across quartiles of
risk. We demonstrated a significant per quartile risk effect in African-Americans (rang-
ing from p<10~!° for TG to p<10~33 for HDL-C), Hispanics (ranging from p<10~!
for LDL-C to p<10~23 for TC) and East Asians (ranging from p<0.02 for HDL-C to
p<1076 for TG) (see Table 3.4). Quartiles based on weighted risk alleles and lipid level
distribution for each ethnicity is shown in Figure S1.

DISCUSSION

The current study reports a meta-analysis of lipid association studies in African Amer-
icans, Hispanics and East Asians using the IBC array, and has identified two novel
loci associated with TC and LDL-C levels (rs5030359 in ICAM1) and HDL-C levels
(rs3211938 in CD36) in African Americans. Additionally, we have uncovered multiple
independent association signals within established lipid loci, demonstrating the value of
dense SNP genotyping to uncover genetic variation associated with lipid levels. Fur-
thermore, we have evaluated the impact of established SNPs, previously associated with
lipids in Europeans populations, on lipid levels in three additional populations, showing
that many known association signals for lipids span across ethnicities.

CD36

This study shows association between the nonsense coding variant rs3211938-G in CD36
and HDL-C levels at conventional genome-wide significance for African Americans
(p<521077). This SNP has previously been reported to be associated with increased
HDL-C levels (p = 0.00018), decreased TG levels (p = 0.0059) and protection against
metabolic syndrome (p = 0.0012) in a candidate gene study including 2,020 African
Americans that did not overlap with samples in our meta-analyses[121]. Also, a variant
within CD36 was associated with LDL levels in two small studies[122, 123]. The CD36
finding is present in an accompanying paper [52] from the wider NHLBI CARe lipid
studies which essentially uses the same discovery cohorts for African Americans that we
present here although our analysis differs in that (a) it screened out related individuals
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Table 3.4: Risk score analysis of lipid profile in multiethnic populations, using weighted
score of known lipid SNPs.

Trait TC LDL-C HDL-C TG

Beta (SE) 0.12 (0.011) 0.08 (0.01) 0.05 (0.004)  0.02 (0.004)
P 7.57E-23 5.45E-15 3.13E-33 4.83E-10
Quartiles of Risk Alleles

Q1 Beta (SE) ref ref ref ref

Q2 BETA (SE) 0.12 (0.034) 0.12 (0.033) 0.05 (0.014)  0.06 (0.017)
P 2.99E-04 3.07E-04 1.23E-04 8.04E-04
Q3 BETA (SE) 0.25 (0.035) 0.16 (0.034) 0.10 (0.014)  0.05(0.017)
P 1.88E-12 1.88E-06 2.45E-12 0.002619
Q4 BETA (SE) 0.33 (0.036) 0.26 (0.034) 0.16 (0.013)  0.12 (0.017)
P 1.98E-20 7.87E-15 6.73E-32 3.37E-13
Trait TC LDL-C HDL-C TG

Beta (SE) 0.17 (0.017) 0.08 (0.015) 0.07 (0.009)  0.07 (0.009)
P 2.16E-23 2.07E-07 4.43E-14 4.43E-14
Quartiles of Risk Alleles

Q1 Beta (SE) ref ref ref ref

Q2 BETA (SE) 0.09 (0.063) 0.06 (0.046) 0.06 (0.019)  0.05 (0.036)
P 0.146 0.19 0.005 1.45E-01
Q3 BETA (SE) 0.26 (0.063) 0.09 (0.048) 0.08 (0.02) 0.02 (0.033)
P 2.78E-05 0.059 9.65E-05 0.556

Q4 BETA (SE) 0.47 (0.056) 0.24 (0.047) 0.166 0.18 (0.034)
P 6.42E-17 2.65E-07 3.42E-16 2.68E-07
Trait TC LDL-C HDL-C TG

Beta (SE) 0.0642 (0.0288) 0.0137 (0.0272) 0.105 (0.044) 0.088 (0.0186)
P 0.02615 0.6153 0.01702 2.29E-06
Quartiles of Risk Alleles

Q1 Beta (SE) ref ref ref ref

Q2 BETA (SE) 0.32 (0.097) -0.03 (0.084) 0.09 (0.039)  0.08 (0.059)
P 8.37E-04 0.74 0.02 0.17

Q3 BETA (SE) 0.22 (0.094) -0.08 (0.092) 0.13 (0.038)  0.10 (0.063)
P 0.017 0.37 6.82E-04 0.1

Q4 BETA (SE) 0.25 (0.092) 0.05 (0.085) 0.19 (0.039)  0.27 (0.058)
P 0.007 0.53 2.27E-06 2.39E-06

ref reference group, SE standard error.
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(b) it takes additional covariates into account through the use of the three multivariate
models and (c) our analysis filtered more stringently on 2 and (d) we replicated these
findings in additional studies.

CD36, which is present on gustatory, olfactory and intestinal epithelial cells, is involved
in the orosensory perception of fatty acids[124, 125]. Also, lipid ingestion affects lingual
CD36 expression in mice[126]. Therefore, CD36 may influence fat intake, and hence,
serum lipid levels. SNPs within CD36, other than the one we found in this study, were
linked to obesity in a case-control study[127]. However, this finding could not be repli-
cated in a larger cohort[128]. In mouse models, CD36 deficiency impairs intestinal lipid
secretion and results in hypertriglyceridemia[129] and others show that CD36 deficiency
rescues lipotoxic cardiomyopathy[130].

CD36 is an integral membrane protein found on the surface of many cell types and binds
many ligands including oxidized lipid proteins[131, 132], long-chain fatty acids[133] and
erythrocytes that are parasitized with the malaria parasite Plasmodium falciparum[134].
The rs3211938-G variant is nearly absent in Europeans and Asians and shows a signature
of selection in African Americans and some African populations[135, 136]. Additionally,
rs3211938-G has been shown in previous studies to be associated with CD36 deficiency
and with susceptibility to malaria, although this has not been confirmed in other stud-
ies[137, 138].

ICAM1

The rs5030359 variant in ICAMI1, is observed in this study to be associated with TC
and LDL-C at conventional genome-wide significance. ICAMI encodes a cell surface
glycoprotein that is typically expressed on endothelial cells and cells of the immune sys-
tem[139]. However, 1s5030359 maps to a gene-dense region (Figure 2b), so it cannot
be excluded that there is another gene underlying the signal. The rs5030359 variant is
~800 kb downstream of a previously identified lipids signal within the LDLR region, but
conditional analyses showed that the two loci are independent. Using fine-mapping in
non-African populations to point to the most likely gene underlying the signal, is not
possible as the SNP is very rare in Europeans, with a MAF of 0.002, and absent in our
Hispanic and East Asian populations. Previously, common variants within ICAM1 were
found to be associated with soluble ICAM1 (sSICAMI1) concentrations in Europeans[140,
141]. sSICAMI has been associated with several common diseases such as diabetes, heart
disease, stroke, and malaria[142, 143]. sICAMI levels were associated with progres-
sion of carotid intima media thickness in young adults[144, 145] and in asymptomatic
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dyslipidaemia subjects[146]. Additionally, SICAMI1 levels were found to be higher in
Europeans than in Africans[145].

Differences in signals within lipid loci in multiple ethnicities

We were able to use the dense SNP genotyping in loci on the IBC array to analyze and
compare lipid-associated loci, particularly between African Americans and Europeans.
Our analyses showed multiple examples of signals that were associated with lipid levels
in one ethnicity but not another (Table 3.1).

First, some of the strongest associated SNPs in one ethnicity may be rare or absent in
other ethnicities. This is a well-established phenomenon, e.g., truncation mutations in
PCSK9 that are of low frequency in African Americans and absent in individuals of
European origin, that result in a robust reduction in LDL-C levels and coronary heart dis-
ease risk[147, 148]. In this study we find that the majority of the observed discrepancies
across ethnicities in association of SNPs with lipid traits can be attributed to differences
in allele frequency. For example, rs3211938 in CD36 is much more highly associated
with HDL-C in African Americans (p = 1.8210~ 1) than in Europeans (p = 0.08) with a
large discrepancy in RAFs (7% vs. 0.2%).

In other loci, the strongest associated polymorphisms varied across populations, for ex-
ample in the BUD13/ZNF259/APOAS region (Table S3, Figure S2). In theory these
regions could be excellent candidates for fine-mapping, but our efforts and association
results could not narrow down the loci. When conducting meta-analyses across multiple
ethnicities we observed that the stronger p-value association typically tracked with the
higher heterogeneity I? values (Figure S3). This high I? suggests high heterogeneity,
but it could also be the effect of low sample sizes of the combined cohorts (especially for
Hispanics and East Asians).

One limitation of this study is the sample size available particularly the Hispanic and the
East Asian available samples and this obviously limited our ability to find new signals
in these populations and to replicate many previously established lipid signals. Also, not
all previously described signals for lipids were present on the IBC array, as the array
was designed to densely cover genes regions, rather than the whole genome. However,
using this approach we did find signals for lipids that remained uncovered using the
genome-wide association approach, as both rs5030359 within ICAM1 and rs3211938
within CD36 were not present on conventional genome-wide arrays.
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In conclusion, we performed dense genotyping of ~2,000 candidate genes in 7,657 African
Americans, 1,315 Hispanics and 841 East Asians using IBC 50K SNP genotyping array

and we found and confirmed two novel signals for lipids by replication in 7,000 African

Americans. Additionally we evaluated the effect of SNPs established in European popu-
lations on lipid levels in multi-ethnic populations and show that most known lipid asso-
ciation signals span across ethnicities. However, differences between populations, espe-
cially differences in allele frequency, can be leveraged to identify novel signals.
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SUPPLEMENTARY INFORMATION:

Supplemental data is available electronically and includes three figures, four tables and
supplementary acknowledgments. DOIL: https://doi.org/10.1371/journal.
pone.0050198
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COMMON GENETIC VARIANTS
DO NOT ASSOCIATE WITH CAD
IN FAMILIAL
HYPERCHOLESTROLEMIA

In recent years, multiple loci dispersed on the genome have been shown to be associated
with coronary artery disease. We investigated whether these common genetic variants
also hold value for coronary artery disease prediction in a large cohort of patients with
familial hypercholesterolemia.

We genotyped a total of 41 single nucleotide polymorphisms in 1701 familial hyperc-
holesterolemia patients, of whom 482 patients (28.3%) had at least one coronary event
during an average follow up of 66 years. The association of each single nucleotide poly-
morphism with event-free survival time was calculated with a Cox proportional hazard
model.

In the cardiovascular disease risk factor adjusted analysis, the most significant single
nucleotide polymorphism was rs1122608:G>T in the SMARCA4 gene near the LDLR
gene, with a hazard ratio for coronary artery disease risk of 0.74 (95% CI 0.49 — 0.99;
p-value 0.021). However none of the single nucleotide polymorphisms reached the Bon-
ferroni threshold.

Of all the known coronary artery disease loci analysed, the SMARCAA4 locus near the
LDLR had the strongest negative association with coronary artery disease in this high-
risk familial hypercholesterolemia cohort. The effect is contrary to what was expected.
None of the other loci showed association with coronary artery disease.
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INTRODUCTION

Familial hypercholesterolemia (FH) is an autosomal dominant disorder characterized by
increased low-density lipoprotein cholesterol (LDL-C) levels and preponderance to coro-
nary artery disease (CAD). The diagnosis is based on stringent clinical criteria or on the
identification of mutations in the LDL-receptor (LDLR), apolipoprotein B or proprotein
convertase subtilisin/kexin type 9 (PCSK9) gene. The frequency of heterozygosity is at
least 1/500 in most European countries[149]. By virtue of the elevated LDL-C levels,
FH results in lipid accumulation in the arterial wall and as a consequence accelerated
atherosclerosis[150, 151]. If left untreated, 50% of male and 30% of female heterozy-
gous FH patients will develop CAD before 60 years of age[152]. The age of onset and
severity of CAD varies considerably between FH patients, even among individuals who
share an identical gene defect[10].

Previously, we performed a retrospective multi-centre cohort study of 2400 FH patients,
of whom 782 patients (32.6%) had at least one cardiovascular event during an average
follow up of 66 years[153]. In this cohort we demonstrated that LDL-C levels are more
important than the LDLR mutation type in determining the age of onset of CAD[154].
We also showed that classical risk factors including male gender, smoking, hyperten-
sion, Type 2 diabetes, low levels of high-density lipoprotein cholesterol (HDL-C) and
elevated lipoprotein(a) levels were independent risk factors for the development of CAD.
However, these factors combined explained only 18.7% of the variation in CVD occur-
rence[153]. Thus, a considerable part of the variability in CVD occurrence remains to be
disentangled and common genetic variation might provide one of the explanations.

Recent large-scale genome-wide association (GWA) studies have revealed common ge-
netic variations at 45 loci which moderately affect (Hazard Ratios (HR) varying between
1.1 and 2.0) the incidence of coronary artery disease (CAD) in the general Caucasian
population[155, 156, 157, 14]. We set out to address whether common variations within
the 45 previously identified loci by recent GWA studies are modifiers of CAD risk in a
high-risk population of heterozygous FH cases.
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MATERIAL AND METHODS

Ethics Statement

Written informed consent was obtained from all patients. The Medical Ethics Review
Board of each participating hospital approved the protocol, which complies with the
Declaration of Helsinki.

Study Design and Study Population

The Genetic Identification of Risk Factors in Familial Hypercholesterolemia (GIRaFH)
is a retrospective multicenter cohort study. The study design and study population have
been described elsewhere[153]. Briefly, DNA samples from patient who, based on clini-
cally oriented algorithms are anticipated to suffer from FH are being sent in to the central
core molecular diagnostic laboratory by physicians working at one of the nationwide
lipid clinics. LDLR gene variation was genotyped according to previously published
methods[158]. DNA of a total of 9,300 hypercholesterolemic patients was stored in the
DNA database at time of initiation of the cohort. Only those cases from larger lipid
clinics were selected (9,188) for further analysis, as smaller clinics normally only send
DNA samples of the rare, usually very serious FH cases. Of this set, 4,000 cases were
randomly selected. After review of medical records, a group of 2,400 patients fulfilled
the FH diagnostic criteria based on internationally established criteria and were included
in the study[159]. Phenotypic, CVD event and cause of death data were acquired from
medical charts. None of the study population received primary prevention in the form
of beta-blockers or aspirin. CAD was defined as angina pectoris (AP), acute coronary
syndrome (ACS), percutaneous coronary interventions (PCI) or coronary artery bypass
grafting (CABG).

SNP selection

Based on the latest published meta-analysis, a total of 45 SNPs associated with CAD
were identified[14]. We did not include SNPs which were only associated with an inter-
mediate trait such as lipid levels, type 2 diabetes or hypertension. If these SNPs were
not directly genotyped, imputed data, using MACH and the HapMap phase 2 data sets
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(build 36 release 22)[160, 161, 162] was used. Finally if this failed proxies were looked
up within a window of 500kb (r? > 0.8)[160, 161, 162], see Figure 4.1.

Genotyping and imputation

For 1,701 of the 2,400 GIRaFH cases DNA was available for additional genotyping.
Genotyping was performed using the SOK gene-centric Human CVD BeadChip[17] and
genotypes were called using the BeadStudio software (Illumina, San Diego, California,
USA) and subjected to quality control filters at the sample and SNP level. After geno-
typing, PLINK v1.07 ( http : //pngu.mgh.harvard.edu/purcell /plink /) was used to
test the SNPs for population substructure which could introduce false-positive associa-
tions. This was done by means of multidimensional scaling implementation[58]. Also
the SNPs were subjected to additional quality control filters based on sample size and
minor allele frequencies (MAF). Samples with a call rate of <95% were excluded from
further analysis. Genetic markers with a MAF <1% were excluded from further analysis.
An identity-by-state analysis was performed to ensure that only Caucasian individuals
were included in the final association analyses.

Statistical analysis

With an effective sample size of 1,701 cases and 483 events the GIRaFH sample has 80%
power to identify statistically significant associations for SNPs conferring a relative risk
> 2.2 and MAF > 0.10. Differences between subgroups were tested with Chi square
statistics or an independent sample t-test where appropriate. Triglycerides had a skewed
distribution and therefore statistical analyses were performed on log-transformed data.
The association of each SNP with event-free survival time was calculated with a Cox pro-
portional hazard model in the R package ProbABEL[163] The event-free survival time
was defined as time from birth to date of CAD event, or when no event had occurred
as time from birth to date of inclusion in the study. An additive genetic model was ap-
plied in the Cox model and classical cardiovascular risks were used as co-variates[159].
We corrected for factors that had previously been shown to be associated with CAD risk
in this population: age, gender, smoking, Type 2 diabetes, hypertension and body mass
index (BMI). Analyses were performed for the loci previously reported to be associated
with CAD. Of the 45 reported SNPs, data was available of 41 SNPs after imputation. Sig-
nificance was defined as a p-value <0.05 divided by the number of SNPs tested, yielding
a significance level of 1.222:1072 (41 SNPs based on the literature). All analyses were
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Figure 4.1: SNP selection procedure
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also performed separately for males and females. Statistical analyses were performed
using SPSS software (version 17; Chicago, Illinois, USA). All described variants will
be submitted to the following public variant database LOVD3: Leiden Open Variation
Database (http : //databases.lovd.nl/shared/genes/).

RESULTS

Genotyping and imputation

Of the 1,701 DNA samples, 7 individuals did not cluster appropriately in the IBS, re-
flecting non-Caucasoid origin, and were consecutively excluded, leaving a total of 1,694
DNA samples for analysis. A total of 38,978 SNPs met our quality control steps. No
subjects were excluded because of low call rate. The genomic inflation factor was close
to 1 (A = 1.07), indicating that the influence of population substructure and genotyping
errors was negligible. Using HapMap we were able to impute up to 2.5 million SNPs for
all individuals. Out of the 45 SNPs, 9 were directly genotyped and 30 were imputed. A
proxy of 2 of the remaining 6 SNPs (rs12205331:C>T -> rs12197124:C>T (R2= 1.0)
and rs9369640:C>A -> rs7751826:C>T (R?= 1.0) could be found in LD with the lead
SNP. So a total of 9 SNPs was genotyped directly, 30 SNPs were imputed, for two SNPs,
proxy SNPs were found and 4 SNPs could not be found within the imputed data, because
they were not available in the reference panel or they were poorly imputed. We only
analysed the 41 SNPs which were available after imputation.

Demographic data

Demographic data of the 1,694 study cases are listed in Table 4.1. The average age at
inclusion was higher in the CAD group. The mean age of onset of CAD was 49.1 (stan-
dard deviation; SD 10.7) years and the mean event-free survival in individuals without
CAD was 47.3 (SD 12.6) years. During follow-up, 28% of our cohort developed CAD.
Cardiovascular risk factors were significantly more prevalent in CAD cases than in con-
trols. Treatment-naive LDL-C levels at the time of inclusion in the cohort did not differ
between patients with and without CAD. All first visits to the lipid clinic took place
between March 1969 and November 2002.
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Table 4.1: Baseline characteristics

CAD+ CAD-

n=482 n=1212 p-value
Age first visit lipid clinic (yrs) 50.5 (11.1) 42.2 (12.3) <0.0001
Age last visit lipid clinic (yrs) 57.1 (11.2) 46.6 (12.5) <0.0001
Male gender 301 (62) 516 (42) <0.0001
Diabetes mellitus 54 (11) 45 (4) <0.0001
Hypertension 79 (16) 77 (6) <0.0001
History of Smoking 365 (75) 766 (63) <0.0001
Body mass index, kg/m?2 25.7+3.2 249+ 3.6 <0.0001
Family history CVD 204 (42) 607 (50) 0.005
Treatment-naive lipids levels:
Total cholesterol, mmol/L 9.6 (2.1) 9.4 (1.9) 0.146
LDL-cholesterol, mmol/L 7.0 (1.9) 7.2 (1.8) 0.152
HDL.-cholesterol, mmol/L 1.1 (0.3) 1.2 (0.4) <0.0001
Triglycerides*, mmol/L 1.8 (1.3-2.5) 1.5 (1.0-2.0) <0.0001
LDL-Receptor mutation proven 207 (43) 655 (54) 0.017
Age of CAD onset, years 49.1 +10.7 NA NA
Age of start statin use 48.8 £11.5 409 £ 12.6 <0.0001

Abbreviations: CAD, coronary artery disease; CVD, cardiovascular disease; LDL,
low-density lipoprotein; HDL, high-density lipoprotein.
Values are given as number (percentage) or mean+SD unless indicated otherwise.

SNPs and risk of CAD

None of the 41 SNPs reached a significant p-value after Bonferroni correction (p <
1.1121073) (see Table 4.2). The best performing SNP in the cardiovascular risk fac-
tors adjusted analysis was rs1122608:G>T, in the SMARCA4 gene near the LDLR gene,
with HR 0.74 (CI 0.49-0.99) and p-value 0.021 (Figure 4.2). No differences were ob-
served in gender specific analysis (data not shown).
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DISCUSSION

We tested the hypothesis that common genetic variants which were previously shown in
GWA studies to be associated with CAD risk in the general population, might affect the
risk of CAD in a high-risk cohort of FH patients. As previously reported, established
risk factors do associate with risk of CAD in FH patients[153, 34]. However, none of the
tested CAD-associated SNPs significantly modified the risk of CAD in our FH cohort in
analyses unadjusted or adjusted for established cardiovascular risk factors. The lowest
observed p-value of association was for a SNP in the SMARCA44 gene, near the LDLR
gene. (in adjusted analysis; p=0.021), however it showed a paradoxically protective ef-
fect.

FH patients are known to be at high CAD risk. Other patient cohorts with high risk are
those with established cardiovascular disease and those with Type 2 diabetes. Of these
three patient categories, the effect of 9p21 variants on survival had been tested only in
those with established CAD. In a prospective observational study including 846 Cauca-
soid cases who underwent CABG, the 9p21 SNP rs10116277:G>T was independently
associated with all-cause mortality during 5 years follow-up after surgery[164]. Homozy-
gotes for the minor allele of this SNP had an increased risk of all-cause mortality (HR
1.7; CI 1.1-2.7). The SNP even remained associated with outcome after adjustment for
the Euroscore, a score commonly used to predict CVD outcome after CABG. In con-
trast, in a larger cohort of patients with established CAD (>8000 patients), a haplotype
block with 8 of the strongest 9p21 SNPs was associated with better prognosis in whites
but not in blacks or Hispanics[165]. Moreover, in line with our findings, the HRs for
prognosis among the risk alleles were in opposite direction compared to the published
HRs for CAD/MI risk in the Caucasoid population for both the two most widely reported
9p21 SNPs; 1s2383207:A>G and rs10757278:A>G, G alleles were 0.75 (0.60-0.93) and
p=0.0083 and 0.81 (0.66-1.0) p=0.0523. However, a less commonly reported linkage
disequilibrium consisting of six 9p21 SNPs was associated with worse prognosis[165].
Compared to these two studies in high-risk populations, our study adds a considerable
number of events in a high-risk populations; a total of 482 CAD events occurred during
follow-up in our cohort whereas the studies by Muehlschlegel and Gong reported analy-
ses on 38 and 134 CVD events, respectively. In summary, the only two other studies that
addressed the effect of 9p21 SNPs showed conflicting results in high risk populations.

Previous work conducted by our group to determine the genetic modifiers of CVD risk
among FH patients showed that the G20210A polymorphism in the protrombin gene
was strongly associated with significantly increased CVD risk[159]. However in that
publication, the threshold to reach statistical significance was rather lenient. In this paper
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Figure 4.2: Manhattan plot containing the entire set of analyzed SNPs (41) associated
with CAD. The Manhattan plot presents the -log10(p-value) of all the SNPs
analysed in the current analysis adjusted for cardiovascular risk factors (age,
gender, smoking, Type 2 diabetes, hypertension and BMI). Four of the 45
SNPs associated with CAD were not available for analysis in our data after
imputation. The red line represents the p-value indicating statistical signifi-
cance, taking into account Bonferroni correction for multiple testing.
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a p-value <0.001 was considered statistically significant; however applying Bonferroni,
which is common practice nowadays would suggest a p-value < -0.00076. None of
the SNPs reached the a priori determined value for statistical significance. Because the
reported protrombin variant is not considered to be a CAD risk SNP its effect on survival
was not calculated in our current analysis. In current analysis only 1701 samples of the
original 1940 were available. A selection bias has not taken place. This is merely a
reflection of the usage of the DNA. Baseline characteristic are similar in both studies.

Our study did not address the underlying explanation for the rather counterintuitive result.
The top SNP in our analysis, rs1122608:G>T, had a protective effect, contrary to the
latest papers. However, smaller reports have reported a protective effect of this variant
for CAD and PAD[166, 167]. Martinelli et all. suggest that the effect they observed is
due to the lipid effects of the variants[166, 167].

The effect of common CAD-associated genetic variants on general population samples
has also yielded conflicting results. In a study among approximately 3000 cases and 3000
controls, a gene score comprising nine SNPs was associated with CAD risk[168]. People
in the top quintile for this gene score had a two-fold increased risk of MI compared to
those in the bottom quintile corrected for age, sex and ancestry. In line, SNP based risk
score designed in a Finnish cohort of 30,725 participants free of CVD was associated
with the risk of a first CAD event, with a relative risk of 1.7 between the highest and
lowest quintiles of the score adjusted for traditional risk factors; sex, LDL-C, HDL-C,
current smoking, BMI, systolic and diastolic blood pressure, blood pressure treatment an
prevalent Type 2 diabetes[169]. In contrast, Paynter and co-workers did not observe an
independent association between genetic risk factors and CAD risk in a cohort of 19,313
initially healthy women during 12.3 years follow-up. A risk score based on 12 SNPs
was clearly associated with CAD risk after adjustment for age. However, after additional
adjustment for other traditional risk factors this association disappeared[170].

We have previously shown that the type of LDLR mutations underlying FH, variation
in LDL-C levels, and established classical risk factors explain 21.3% of the variation in
CAD risk. Our current analysis suggests that environmental and/or unknown genetic fac-
tors may play a role. Since there was no standardized information available on lifestyle
factors such as dietary habits and physical activity, the effect of environmental factors
and their potential interaction with genetic variants could not be studied, but it is unlikely
that this could explain significant proportions of the remaining 80% of CAD risk predic-
tion. At maximum, the common genetic variants we tested explained only 10% of the
heritability of the trait, if we consider the heritability estimates of 40% for CAD to be
correct[156]. Much of the missing heritability is expected to be explained by common
variants not yet identified, rare variants, structural variants and copy number variations.
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Several aspects of the design of our study need to be considered. The major strength
of this study is the unparalleled cohort size, the detailed information on CAD events
during follow-up, and the high CAD event rate. However, our study is hampered by
several limitations. First, power calculations suggest that our study was at the limit of the
power needed to detect statistically significant associations with CAD, since the studied
SNPs were previously shown to have a moderate-effect (RR 1.1-1.7). Also the MAF of
some of the SNPs were lower then used in the power calculation. Secondly, the majority
of the CAD SNPs analysed were not directly genotyped, but imputed using HapMap
and we can not rule out misclassifications. However, Southam et al have shown that
imputation of common variants is generally very accurate[162]. Finally, the patients
who were included in this study were referred to a Lipid Clinic. In theory, patients with
the most detrimental genetic profiles might have died before referral. Therefore the effect
of genetic variants associated with a more severe CAD phenotype or early death could
have been underestimated or missed.

CONCLUSION

In this high-risk cohort of patients with FH, common SNPs shown to be associated with
CAD risk in the general population could not be associated with the disease.
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Table 4.2: The effect of the 41 SNPs analyzed in our study on CAD in FH

Genotyped

SNP proxy Chr  Pos RA RAF HR 93%CL 95%CL b e Nearest /yp
lower upper Gene
Imputed

rs17464857 1 220829332 G 0.11 1.0339 0.57 1.50 0.89 MIA3 Imputed
rs17114036 1 56735409 G 0.11 14222 0.98 1.86 0.11 PPAP2B Imputed
1511206510 1 55268627 C 0.17 1.0886 0.89 1.28 0.39 PCSK9 Genotyped
15602633 1 109623034 T 0.19 1.0458 0.85 1.24 0.66 SORTI Genotyped
rs4845625 1 152688691 T 044 1.0139 0.86 1.17 0.86 IL6R Genotyped
rs6725887 2 203454130 T 0.14  1.2882 0.02 2.56 0.70 WDRI12 Imputed
1s515135 2 21139562 T 0.15 1.0793 0.86 1.30 0.50 APOB Imputed
136544713 2 43927385 T 033 1.0643  0.90 1.22 0.45 ABCG5-ABCG8 Imputed
51561198 2 85663500 C  0.46 09765 0.82 1.13 0.77 VAMPS5-VAMP8-GGCX Imputed
1s2252641 2 145517931 T 048 1.5015 1.03 1.97 0.10 ZEB2-AC074093.1 Imputed
159818870 3 139604812 T 0.16 02871 -1.55 2.13 0.18 MRAS Imputed
151878406 4 148613114 T 0.15 0.8840 0.66 1.11 0.29 EDNRA Imputed
157692387 4 156854759 A 02  0.0230 -13.48  13.53 0.59 GUCY1A3 Tmputed
rs273909 5 131695252 G 0.15 0.8902 0.63 1.15 0.39 SLC22A4-SLC22A5 Imputed
1s12205331  rs12197124 6 35029419 T 021  0.6550 0.10 1.21 0.13 ANKSIA Imputed
1s10947789 6 39282900 C 022 0.0001 -13.46  13.46 0.19 KCNK5 Imputed
154252120 6 161063598 C 0.3 0.9838 0.83 1.14 0.84 PLG Imputed
1s9369640 157751826 6 12900977 C 0.37 09236 -3.59 5.44 0.97 PHACTRI1 Imputed
12048327 6 160783522 T 0.37 0.8940 0.73 1.06 0.18 SLC22A3-LPAL2-LPA Imputed
1s12190287 6 134256218 C 038  1.0986 0.73 1.46 0.61 TCF21 Imputed
152023938 7 19003300 C  0.12  1.1024 0.37 1.83 0.79 HDAC9 Imputed
rs11556924 7 129450732 C 0.4 0.9822 0.83 1.14 0.82 ZC3HC1 Genotyped
1264 8 19857460 G 0.14 09500 0.72 1.18 0.66 LPL Genotyped
152954029 8 126560154 T 045  0.9869 0.84 1.14 0.86 TRIB1 Genotyped
1s579459 9 135143989 C 0.25 0.9838 0.81 1.16 0.85 ABO Imputed
1$3217992 9 21993223 C 0.37 1.0781 0.93 1.23 0.33 CDKN2BAS1 Imputed
rs12413409 10 104709086 A 0.07 1.0449 0.60 1.49 0.85 CYP17A1-CNNM2-NT5C2  Imputed
rs2047009 10 43859919 G 044 09702 -1.63 3.57 0.98 CXCLI12 Imputed
1511203042 10 90979089 T 0.44 09130 0.76 1.06 0.24 LIPA Genotyped
159326246 11 116116943 C 0.08 0.9456 0.64 1.25 0.72 ZNF259-APOAS-APOAI Imputed
15974819 11 103165777 T 0.18 0.4280 -0.58 1.44 0.11 PDGFD Imputed
rs3184504 12 110368991 C 044 09943 0.84 1.15 0.94 SH2B3 Genotyped
189515203 13 109847624 C 031 28507 0.67 5.03 0.34 COL4A1-COL4A2 Imputed
1$9319428 13 27871621 G 033 1.0639 0.90 1.22 0.45 FLT1 Imputed
157173743 15 76928839 T 0.45  0.9068 0.60 1.21 0.53 ADAMTS7 Imputed
rs17514846 15 89217554 C 046 09977 0.85 1.15 0.98 FURIN-FES Genotyped
152281727 17 2064695 G 032 1.0620 0.80 1.32 0.65 SMG6 Imputed
1s12936587 17 17484447 A 047 1.0324 0.86 1.20 0.72 RAII-PEMT-RASD1 Imputed
1515563 17 44360192 G 048 09946 0.85 1.14 0.94 UBE2Z Imputed
rs1122608 19 11024601 T 021 0.7415 049 0.99 0.02 LDLR Imputed
rs9982601 21 34520998 C 021 0.6858 -1.43 2.80 0.73 Gene desert (KCNE2) Imputed

Abbreviations: CAD, coronary artery disease; FH, familial hypercholesterolemia; SNPs,
single-nucleotide polymorphisms.
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PREDICTIVE VALUE OF A
GENETIC RISK SCORE ON
CARDIOVASCULAR RISK IN
STATIN-TREATED, CORONARY
PATIENTS

A large number of SNPs have been shown to be associated with risk for coronary artery
disease (CAD) in genome wide association studies. Our objective was to determine
whether these SNPs also have predictive value for a second cardiovascular event in
atorvastatin-treated patients with established CAD.

We analyzed the genotype data of 1877 patients enrolled in the Treating to New Targets
trial (TNT). Of these, 24.5% suffered from a second vascular event during follow-up,
cases and controls were matched 1:3 on the basis. We investigated the predictive power
of two different genetic risk scores (GRS), based on either the number of risk alleles or
on the weighted effect-sizes of these 45 GWAS CAD SNPs. The cohort was divided in
quartiles of GRS, in order to study the effect of an increasing GRS on developing a second
event. The risk for a second vascular event was not statistically different in subjects in
the highest versus the lowest GRS quartile (unweighted OR in 4th quartile=1.005 (0.99-
1.01), p-value=0.06 and weighted OR in 4th quartile 1.004 (0.99 - 1.01), p-value=0.07).
The association between the CAD SNPs with event-free survival time was analyzed using
a Cox proportional hazard model, none of the SNPs was significantly associated with a
second vascular event after Bonferroni correction.

These findings suggest that common CAD SNPs are not major determinants of the risk
for a second vascular event in patients treated with atorvastatin. This holds true for SNPs
tested individually and combined in a GRS.
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INTRODUCTION

Coronary artery disease (CAD) remains a leading cause of morbidity and mortality[171]
and the identification of additional risk factors and risk markers is therefore urgently war-
ranted. In recent years, genome wide association studies (GWAS) have been successful in
identifying genetic markers for CAD. It is, however, largely unknown whether these are
also associated with CAD risk in secondary prevention settings. The latter is highly rele-
vant because patients who suffered from a CAD event are at the highest risk of a recurrent
event, even while being managed according to current guidelines[172]. Additional differ-
entiation of risk stratification is warranted in these patients, who, in general, are treated
with risk modifying agents such as statins, anti-platelet therapy and anti-hypertensive
medications. A recent large-scale GWAS identified common genetic variations at 45
loci that moderately affected the incidence of a first CAD event in Caucasians (odds ra-
tios [OR] varying between 1.1 and 2.0)[157, 14]. We set out to address the following
questions: 1) Do genetic risk scores based on those 45 CAD risk single nucleotide poly-
morphisms (SNPs) have any predictive value in secondary care prevention settings? and
2) Are the 45 SNPs also independently associated with the risk of a vascular event to
occur in patients who already suffered a CAD event? For this purpose, we analyzed the
data of a large randomized clinical trial that compared the effect of atorvastatin 80 mg vs.
atorvastatin 10 mg on cardiovascular events in patients with coronary heart disease, the
Treating to New Target (TNT) study.

MATERIAL AND METHODS

Study design, genotyping and imputation

The design and outcome of the TNT study as well as the genotyping study have been
previously described[173]. In short, 10,001 patients aged 25 to 70 years with clinical
evident coronary heart disease (defined as previous myocardial infarction, previous or
current angina with objective evidence of atherosclerosis or a history of coronary revas-
cularization) were randomized to either a daily dose of 10 or 80 mg atorvastatin. Patients
were followed for 5 years. A total of 2092 individuals were selected based on cardiovas-
cular events during the study for genotyping on the Perlegen 322K platform, as previously
described[174]. The genotype data from 1,984 patients was analysed for the current anal-
ysis; 489 of these patients suffered an adverse vascular event during the study and 1,495
did not suffer from such event and were thus considered a control. Cases and controls
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were matched 1:3 on the basis of age, gender, treatment arm, smoking, diabetes, hyper-
tension, baseline lipid values, baseline glucose levels and screening plasma low density
lipoprotein-cholesterol levels (LDL-C). A vascular event was defined as death from coro-
nary heart disease, nonfatal myocardial infarction, and resuscitation after cardiac arrest,
and fatal or nonfatal stroke. After genotyping, the GenABEL package in R was used
to test the SNPs for population substructure that could introduce false-positive associa-
tions. An identity-by-state analysis was performed to ensure that only Caucasians were
included in the association analyses. SNPs were subjected to quality control (QC) filters
based on sample-size, minor allele frequency (MAF) and Hardy-Weinberg equilibrium.
Samples with a call-rate of < 95% were excluded from further analysis. Thirty-seven of
the 45 CAD SNPs were not available on the Perlegen 322K platform and were imputed
using MACH[161] and the HapMap phase 2 datasets (build 36 release 22). Imputed
SNPs with a R? < 0.3 were removed during post-imputation QC. After imputation all 45
CAD SNPs were available for analysis.

Statistical Analysis

We combined the 45 CAD SNPs into two different genetic risk scores (GRS); the first
GRS was based on the total number of risk alleles (RA) in each subject, according to
a previously described method[175]. The second GRS was a weighted GRS, where the
risk allele was weighted with the reported effect-size in the original published article[14]
(odds ratios ranged from 1.04 to 1.28). We ran two different logistic regression models
for both GRS, one while including age and sex as covariates, and a second including age,
sex, body mass index (BMI), LDL-C, hypertension, type 2 diabetes and smoking). For
the GRS analyses a p-value of <0.05 was considered statistically significant. In order to
illustrate the effect of an increasing GRS on developing a secondary event, we separated
the TNT cohort into four quartiles, on the basis of the calculated GRS, using the lowest
GRS quartile as reference. Statistical analyses were performed using R (version 3.0.2).

In a second analysis we tested the association for each of the 45 CAD SNP with oc-
currence of an event using Cox proportional hazards-models, adjusted for classical risk
factors of CAD: age, sex, smoking, type 2 diabetes, hypertension and BMI in ProbA-
BEL[163]. Significance was defined as a p-value below 1.11210~3 (which is the result
of a Bonferroni corrected p value, i.e. 0.05 divided by 45; the number of SNPs tested).
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RESULTS

Demographic data

Upon quality control, genotyping data from 1,877 of the original 1,984 individuals and a
total of 259,580 of the 322,185 SNPs were available for analysis. A total of 107 individ-
uals were excluded after QC because of low call-rate and population stratification. 459
(24.5%) patients suffered a primary endpoint during follow-up (median 4.9 years), while
the remainder (n=1,418) were free from a primary endpoint at the end of the study. The
characteristics of these 1,877 individuals are shown in Table 5.1.

GRS and the risk of a second vascular event

The average GRS was not significantly higher in CAD cases compared to controls (47.0
+ 4.15 versus 46.6 + 4.04, p=0.07). Moreover, the unadjusted GRS was not signifi-
cant in the risk of developing a secondary CAD event while comparing patients in the
lowest GRS quartile versus the highest GRS quartile (OR= 1.005 95% CI (0.99-1.01),
p-value=0.06). A similar result was obtained while comparing the weighted unadjusted
GRS in these quartiles (OR= 1.004 95% CI 0.99 - 1.1, p=0.07) (Table 5.2).

SNPs and risk of a secondary CAD event

Eight of the selected CAD SNPs were directly available on the genotyping platform
and upon imputation, genotype data was available for all 45 SNPs (mean 72 = 0.90 and
mean quality index 0.96). None of the SNPs were significantly associated with a second
CAD event after Bonferroni correction (p< 1.1121073 ) (see Table 5.3). rs4252120 in
the plasminogen (PLG) gene (MAF 0.30) showed the strongest association with CAD
risk (HR 0.85 (0.71-1.00) uncorrected p= 0.03) followed by rs9515203 in the COL4A1-
COL4A2 gene cluster (MAF 0.28, HR=0.85 (0.68-1.03, p-value= 0.07) and rs15563 in
the UBE2Z gene (MAF 0.45, HR=0.89 (0.76-1.02), p-value= 0.09 (see Table 5.3 ).
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Table 5.2: Association between the 2 genetic risk scores and the primary endpoint.

Number of risk alleles

GRS model <=44 >44 <=47 >47 <=49 >49 All p-value* OR 95% C1

CAD GRS 1 ref 0.99 (0.93-1.044) 0.99 (0.93-1.05) 1.07 (1.01 - 1.13)  0.063 100.453  0.9997  10.093
CAD GRS 2 ref 0.99 (0.94-1.05) 1.03 (0.97-1.09) 1.05 (0.995 - 1.10)  0.062 100.455 0.9997  10.093
CAD GRS 3 ref 0.995 (0.94-1.05) 1.03 (0.98-1.09) 1.05(0.997 - 1.11)  0.054 100.470  0.9999  10.095
N 545 524 365 443

number cases 125 117 94 123

% cases 229 22.3 25.8 27.8

Number of risk alleles

GRS model <=46.96 >46.96 <=50.13 >50.13 <=52.40 >52.40 All p-value* OR 95% C1
weighted CAD GRS 1 ref 1.00 (0.95 - 1.06) 1.01 (0.95 - 1.06) 1.04 (0.99 - 1.10)  0.0655 10.042  0.9997  10.087
weighted CAD GRS 2 ref 1.00 (0.95 - 1.06) 1.01 (0.95 - 1.06) 1.04 (0.99- 1.10) 0.0643 10.042  0.9997  10.087
weighted CAD GRS 3 ref 1.00 (0.95 - 1.06) 1.01 (0.95 - 1.06) 1.05 (0.99- 1.10) 0.0563 10.044  0.9999  10.089
N 545 524 365 443

number cases 125 117 94 123

% cases 229 22.3 25.8 27.8

*comparison between the highest and lowest quartile
Model 1: logistic regression model unadjusted
Model 2: logistic regression model adjusted for age and sex

Model 3: logistic regression model adjusted for age,sex and known CAD Riskfactors (BMI,LDL-C,Hypertension,Diabetes

and smoking)
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Table 5.3: Association results of the 45 CAD SNPs with event free survival time

[
SNP Chr Pos RA RAF HR SE 95%ClL 95% Cl p-value Nearest Gene RAF Cardiogram
lower upper

rs4252120 6 161063598 T 0,7 085 0,07 071 1 0,03 PLG 0,73
1s9515203 13 109847624 T 0,72 085 0,09 0,68 1,03 0,07 COLA4A1-COL4A2 0,74
rs15563 17 44360192 G 055 089 0,07 0,76 1,02 0,09 UBE2Z 0,52
1s2048327 6 160783522 C 038 1,12 0,07 099 1,26 0,1 SLC22A3-LPAL2-LPA 0,35
rs2047009 10 43859919 G 047 091 0,07 0,78 1,04 0,16 CXCLI2 0,48
rs2895811 14 99203695 C 042 091 0,07 0,78 1,04 0,16 HHIPL1 0,43
rs11556924 7 129450732 T 0,6 09 0,08 0,74 1,06 0,2 ZC3HC1 0,65
1$602633 1 109623034 T 081 1,13 0,1 094 1,32 0,2 SORT1 0,77
rs17464857 1 220829332 T 0,9 0,83 0,15 0,55 [N 0,21 MIA3 0,87
rs12190287 6 134256218 C 0,66 1,08 0,07 095 1,22 0,25 TCF21 0,59
1s273909 B 131695252 A 0,13 1,13 0,11 0,92 1,34 0,25 SLC22A4-SLC22A5 0,14
rs12936587 17 17484447 G 0,65 093 007 0,79 1,06 0,29 RAII-PEMT-RASD1 0,59
1s6725887 2 203454130 C 0,13 1,1 0,09 092 1,29 03 WDRI12 0,11
rs12413409 10 104709086 G 092 09 0,12 0,66 1,14 0,39 CYP17A1-CNNM2-NT5C2 0,89
1s2954029 8 126560154 A 0,56 1,05 0,07 092 1,19 0,44 TRIB1 0,55
rs3217992 9 21993223 A 041 1,05 007 092 1,19 0,44 CDKN2BAS1 0,38
rs10947789 6 39282900 T 0,79 1,07 0,08 09 1,23 0,45 KCNKS 0,76
1s7692387 4 156854759 G 082 094 0,09 0,77 1,11 0,46 GUCY1A3 0,81
rs17114036 1 56735409 A 091 1,09 0,12 085 1,33 0,49 PPAP2B 091
rs12539895 7 106879085 A 023 1,06 008 09 1,21 0,5 7q22 0,19
rs2023938 7 19003300 C 0,11 1,08 0,11 0,86 1,29 0.5 HDAC9 0.1

rs1561198 2 85663500 C 049 096 0,07 0,82 1,09 0,51 VAMP5-VAMPS-GGCX 0,45
rs9319428 13 27871621 A 031 1,05 007 091 1,19 0,52 FLT1 0,32
rs9818870 3 139604812 C 0,17 1,06 0,09 0,88 1,24 0,52 MRAS 0,14
rs17514846 15 89217554 A 048 095 008 0,79 1,12 0,56 FURIN-FES 0,44
1s9369640 6 13009427 A 0,66 1,04 0,07 09 1,18 0,6 PHACTRI1 0,65
rs11203042 10 90979089 T 047 097 0,07 0,83 1,1 0,62 LIPA 0,38
12281727 17 2064695 A 036 1,03 0,07 09 1,17 0,63 SMG6 0,36
rs12205331 6 35006433 C 081 09 0,09 08 1,13 0,65 ANKSI1A 0,81
1s445925 19 50107480 G 088 1,08 0,18 0,73 1,43 0,68 ApoE-ApoC1 0,9

1s974819 11 103165777 C 028 097 0,08 0,82 [N 0,68 PDGFD 0,29
1s2252641 2 145517931 C 047 1,03 007 089 1,16 0,71 ZEB2-AC074093.1 0,46
rs2505083 10 30375128 C 042 097 0,08 0,82 1113 0,74 KIAA1462 0,42
154845625 1 152688691 T 044 1,02 007 089 1,15 0,76 IL6R 0,47
1s515135 2 21139562 T 083 1,02 0,1 084 1,21 0,82 APOB 0,83
rs9326246 11 116116943 C 0,07 1,03 0,13 0,77 1,29 0,83 ZNF259-APOA5-APOA1 0,1

rs1878406 4 148613114 C 0,14 1,02 0,1 083 1,21 0,86 EDNRA 0,15
rs6544713 2 43927385 C 033 1,01 0,07 0,88 1,15 0,86 ABCG5-ABCGS8 03

rs3184504 12 110368991 T 049 099 0,07 086 1,12 0,93 SH2B3 0.4

1s579459 9 135143989 C 023 1,01 008 085 1,17 0,94 ABO 0,21
rs11206510 1 55268627 T 083 1 0,12 0,77 1,22 0,97 PCSK9 0,84
rs1122608 19 11024601 G 0,78 1 0,08 0,84 1,15 0,97 LDLR 0,76
rs9982601 21 34520998 T 0.16 1 0,09 0,82 1117 0,97 Gene desert (KCNE2) 0,13
rs7173743 15 76928839 T 046 1 0,07 0,87 1,13 0,98 ADAMTS7 0,38
rs264 8 19857460 G 086 1 01 08 12 0,99 LPL 0,86
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DISCUSSION

In the current study we showed that genetic risk scores based on 45 known CAD risk
loci have no predictive value in a cohort of atorvastatin-treated patients with coronary
heart disease. It should be noted, however, that the p-values for both GRS models al-
most reached significance (p=0.06 and p=0.07), which is comparable with the finding
by Tragante and co-workers, who showed a borderline significant association between
a CAD GRS comprising 30 CAD SNPs and the risk of recurrent myocardial infarction
(p=0.05)[176]. The latter study was performed in a relatively small number of patients
suffering from a second event (n=72), and despite the significant larger number of pa-
tients suffering from a second event (n=459) we do not observe a significant association
between our GRS and recurrent events either. It might be that the association would
become statistical significant upon a further increase of the sample size, but the clinical
relevance of the effect size is likely to remain very small. Moreover, almost none of the
tested single CAD-associated SNPs significantly modified the risk of CAD in our cohort
in analyses unadjusted or adjusted for established cardiovascular risk factors. Even the
strongest association (rs4252120 in the plasminogen (PLG) gene p=0.03) did not reach
the significance level upon Bonferroni correction.

Several aspects of the design of our study require consideration. The major strength of
this study is the relatively large population and the focus on adjudicating endpoints during
the conduct of the clinical trial. However, our study has limitations. First, power calcula-
tions suggest that our study was at the limit of the power (power of 45 SNPs between 5%-
91%) needed to detect statistically significant associations with vascular events during
follow-up, since the studied SNPs were previously shown to have a moderate-effect. Un-
fortunately we were not able to conduct a replication study to confirm the absence of an
effect of the GRS on vascular endpoints. Secondly, the majority of the CAD SNPs (n=37)
analyzed were not directly genotyped, but imputed, and we cannot rule out misclassifi-
cations. However, imputation has been shown to generate accurate classifications[162].
Thirdly, the CAD SNPs might not necessarily be predictive for the endpoint ’vascular
events” (including stroke, which was the predefined endpoint in the TNT trial) studied in
this analysis. However, while only including patients who suffered from a second CAD
event, we did not observe an effect of the GRS either (data not shown).

Finally, the patients who were included in this study all survived a first CAD event, so
this could be considered a “’selected high-risk” population. In theory, patients with the
most detrimental genetic profiles might have died before inclusion into this study. We
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might therefore be confronted with survival bias, where the effect of genetic variants as-
sociated with a more severe CAD phenotype or early death are underestimated or missed.
As a contrast one could also hypothesize that we enriched our analysis for high-risk al-
leles, because all patients had coronary heart disease. The MAF of the 45 known CAD
loci were, however, comparable to the MAF in the CARDIoGRAMplusC4D consortium
report, which makes the latter effect somewhat unlikely[14].

In conclusion, the 45 SNPs combined in two distinct GRS were not associated with a
second vascular event, and none of the 45 CAD SNPs on their own was significantly
associated with outcome in this large cohort of patients participating in a secondary pre-
vention statin trial either. These findings suggest that the putative CAD SNPs identified
in GWAS have no, or at best a minor effect on the risk for a secondary vascular event in
patients treated with atorvastatin. This implicates that the secondary event is caused by
other factors, and that these factors may not be explained by common genetic variations,
that have been shown to be a determinant for the first cardiovascular event.
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EXTENDING THE USE OF GWAS
DATA BY COMBINING DATA
FROM DIFFERENT GENETIC
PLATFORMS

In the past decade many Genome-wide Association Studies (GWAS) were performed
that discovered new associations between single-nucleotide polymorphisms (SNPs) and
various phenotypes. Imputation methods are widely used in GWAS. They facilitate the
phenotype association with variants that are not directly genotyped. Imputation meth-
ods can also be used to combine and analyse data genotyped on different genotyping
arrays. In this study we investigated the imputation quality and efficiency of two dif-
ferent approaches of combining GWAS data from different genotyping platforms. We
investigated whether combining data from different platforms before the actual imputa-
tion performs better than combining the data from different platforms after imputation.

In total 979 unique individuals from the AMC-PAS cohort were genotyped on 3 different
platforms. A total of 706 individuals were genotyped on the MetaboChip, a total of 757
individuals were genotyped on the 50K gene-centric Human CVD BeadChip, a total of
955 individuals was genotyped on the HumanExome chip. A total of 397 individuals
was genotyped on all 3 individual platforms. After pre-imputation quality control (QC),
Minimac in combination with MaCH was used for the imputation of all samples with
the 1000genomes reference panel. All imputed markers with an r? value of <0.3 were
excluded in our post-imputation QC.

A total of 397 individuals were genotyped on all three platforms. All three datasets were
carefully matched on strand, SNP ID and genomic coordinates. This resulted in a dataset
of 979 unique individuals and a total of 258,925 unique markers. A total of 4,117,036
SNPs were available when imputation was performed before merging the three datasets.
A total of 3,933,494 SNPs were available when imputation was done on the combined
set. Our results suggest that imputation of individual datasets before merging performs
slightly better than after combing the different datasets.

Imputation of datasets genotyped by different platforms before merging generates more
SNPs than imputation after putting the datasets together.
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INTRODUCTION

In the past decade many Genome-wide Association Studies (GWAS) were executed in
order to assess the relative contribution of single-nucleotide polymorphisms (SNPs) in
various phenotypes. At this moment more than 21,750 SNPs were significantly asso-
ciated, in more than 2,437 studies (http : //www.ebi.ac.uk/GW AS Accessed [May
2016]) with one or more phenotypes by GWAS. These GWAS were performed on a wide
range of different genotyping platforms, with a great diversity in the number and density
of SNPs, ranging from 50k to 1 million SNPs.

Imputation methods are widely used in GWAS, since this will provide information about
variants that are not genotyped directly. Imputation can also be used to combine data
genotyped on different genotyping arrays. The quality of imputation is discussed in
several papers[162, 177], and imputation methods are used in all large genetic meta-
analysis consortia (eg. CARDIOGRAM, MAGIC and GIANT)[14, 178, 179]. The stan-
dard method used in these large consortia combining data of studies genotyped on differ-
ent platforms is to impute the individual cohorts locally and combine them later centrally.
The most import reason to analyse data using this method is the computational efficiency.
Another imputation method mainly used in case-control studies, is to use only SNPs
that are common to all the genotyping platform used in the analysis to remove potential
platform specific imputation errors, when cases and controls are genotyped on different
platforms.

In this paper we investigated whether there is a difference in the imputation quality (num-
ber of imputed SNPs with 72 > 0.3) and efficiency between imputing different platforms
by themselves and combine them afterwards versus combining platforms before the im-
putation. We hypothesize that combining the individual platforms before the imputa-
tion will lead to more imputed good quality SNPs, because we had more genotyped
SNPs. We used the AMC-PAS[180] cohort which is genotyped on 3 different plat-
forms: MetaboChip, SOK gene-centric Human CVD BeadChip and the HumanExome
BeadChip.

MATERIALS AND METHODS:

We included a total of 979 unique patients from the previously described prospective
cohort AMC-PAS[180], with symptomatic Coronary Artery Disease (CAD) before the
age of 51 years, defined as Myocardial Infarction (MI), coronary revascularization, or
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evidence of at least 70% stenosis in a major epicardial artery. The samples were geno-
typed on at least one of the three different platforms, all manufactured by Illumina: The
MetaboChip[16], The Human cardiovascular disease (HumanCVD) BeadChip (Illumina,
San Diego, CA, USA), also known as the ITMAT-Broad-CARe (IBC)( IBCv2 array )[17]
and the HumanExome BeadChip(version 24 v1.0)[181].

The MetaboChip consists of approximately 200,000 SNPs chosen based on GWAS meta-
analyses of 23 metabolic traits[16].

The 50K gene-centric Human CVD BeadChip has approximately 50,000 SNPs on the
array in about 2000 genes in relevant loci across a range of cardiovascular, metabolic and
inflammatory syndromes[17].

The HumanExome BeadChip contains about 250,000 variants based on the data of 12,000
sequenced genomes and exomes. Each variant on the chip has been seen at least 3+ times
across at least 2 different data sets.

A total of 706 individuals were genotyped on the MetaboChip, a total of 757 individu-
als were genotyped on the 50K gene-centric Human CVD BeadChip and a total of 955
individuals were genotyped on the HumanExome chip. A total of 397 individuals were
genotyped on all three platforms. We only included autosomal chromosomes in our anal-
ysis.

Ethics:

The Institutional Review Board of the Academic Medical Center in approved the protocol.
All patients gave informed consent.

Pre-imputation quality control:

After genotyping, PLINK v1.07 (http : //pngu.mgh.harvard.edu/purcell /plink/)
was used in the genotype data generated by all 3 platforms to test the SNPs for pop-
ulation substructure which could introduce false-positive associations. This was done
by means of multidimensional scaling[58], individuals identified as population outliers
were removed from the genotype data from all 3 platforms. Also SNPs were subjected to
quality control filters based on sample size and minor allele frequencies (MAF). Samples
with a call rate of <95% were excluded from further analysis. Genetic markers with a
MAF <1% and Hardy-Weinberg equilibrium p < 10~ were excluded from further anal-
ysis. An identity-by-state (IBS) analysis was performed to remove related samples from
the analyses. We checked if the genotypes for SNPs available on multiple platforms were
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concordant, by comparing the genotypes of the SNPs available on all 3 platforms using
the -merge-mode 7 option in PLINK.

Imputation:

Minimac[182] in combination with MaCH[161] were used for the imputation of the com-
bined set of individuals and markers with the 1000 Genomes reference panel (Phase
1 Version march 2012) including all ethnicities. We used a two-step imputation ap-
proach. First, the haplotypes of the entire sample were estimated using MaCH followed
by haplotype-to-haplotype imputation by Minimac. Minimac generates the allele dosages
for each of the variants. Minimac also generates the SNP-level quality metric Rsq (12 ).
The 72 value is the SNP-specific estimated squared correlation between the allele dosages
and the unknown true genotype. 2 is an efficient post-imputation quality control value.
We used an 72 value of > 0.3 as our post-imputation QC[182, 183, 184].

To validate our method, we performed the same analysis with the other widely used im-
putation software IMPUTE2[185] (chromosome 22 only) and we performed the same
analysis for only 2 platforms (chromosome 22 only). We imputed all individuals that
were genotyped on the Exomechip (N=853) and the individuals that were only geno-
typed on the Metabochip (N=78). First we performed imputation analyses on these two
datasets separately, and combined the results afterwards. In our second approach we
merged the two data sets before we performed the imputation analyses.

Association Analysis:

Finally, we performed association analysis of both imputed data sets for the Low-Density
lipoprotein concentration (LDL-C) phenotype relevant for premature cardio atheroscle-
rotic disease. All analyses were adjusted for age and sex. The results were filtered based
on bonferroni correction (p-values < 52107%).

RESULTS:

The number of SNPs available after QC is shown in Table 6.1 The concordance for SNPs
genotyped on all 3 genotyping platforms was perfect. All SNPs genotyped on more
than one platform had the same genotype call. The call rate of the individual arrays
was 99.8%, when we combine the different arrays the call rate drops to 74%, this is
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Table 6.1: Number of genotyped SNPs available after QC on the different genotyping

platforms
Array #Individuals (unique) #SNPs Call rate
IBC CardioChip 718 35,092 0.998
MetaboChip 585 113,685 0.997
Exomechip 853 114,967 0.999
Combined 979 258,925 0.739
Combined (only overlapping individuals 397 258,896  0.998455

because we introduce more missing SNP data, because not all SNPs are available on all
3 platforms.

Combining different platforms together:

All three datasets were carefully matched on strand, SNP ID and genomic coordinates.
This resulted in a dataset of 979 unique individuals and a total of 258,925 SNPs. 397 indi-
viduals were genotyped on all three platforms. A total of 36 individuals were only geno-
typed on the IBC Cardiochip, 24 individuals were only genotyped on the Metabochip and
115 individuals were uniquely genotyped on the Exomechip. The Venn diagram in Fig-
ure 6.1 illustrates the overlap of individuals on the different genotyping platforms after
pre-imputation quality control.

Imputation:

The computational time needed to impute a chromosome varied between 153 hours
(chrl) and 23 hours (chr22). There was no significant difference between combining
the datasets before imputation or combining the datasets after imputation.

After imputation and post-imputation quality control there were a total of 70,7871 SNPs
available for the IBC Cardiochip array, a total of 2,853,265 SNPs available for the
Metabochip, a total of 1,586,399 SNPs for the Exomechip and a total of 3,933,494 SNPs
for the combined dataset of those 3 platforms. The Venn-diagram in Figure 6.2 gives an
overview of the overlap of the total number of SNPs available after imputation between
the different data sets. As an example: 305,373 SNPs were uniquely available after im-
putation of the MetaboChip. A total of 109,229 unique SNPs were available from each
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Figure 6.1: Overlap of individuals genotyped with the three platforms (after QC).
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Method <1% >1% <5% >5% <10% >10%
Combined before imputation 512,579 591,523 486,281 2,343,111
Combined after imputation 615,779 579,945 497,244 2,715,283
% Difference between methods 17% 2% 2% 14%

Table 6.2: MAF distribution of the two imputation methods

of the 3 different platforms and the combined dataset. To validate our analyses, we did
perform the same analysis with IMPUTE2 for both methods and we did find the same
result, combining after imputation leads to more good quality SNPs.

We observed a difference in the number of available SNPs after imputation between the
two imputation approaches. Combining the individual datasets after imputation, resulted
in more SNPs than combining the 3 datasets before imputation. A total of 4,117,036
unique SNPs was available after combining the three different sets after separate impu-
tation versus a total of 3,933,494 SNPs after the imputation of the combined set, a 5%
difference (ranging between 1% (chr15) and 10% (chr22)) in the number of available
SNPs after imputation, see Figure 6.3.

The overlap of SNPs of the combined data sets and the union of the independently im-
puted datasets was 3,428,387 SNPs. This meant that 1,242,341 SNPs were only imputed
by one of the two different imputation approaches.

We also observed that more low frequency variants were imputed with the method when
we combined the different data sets after imputation than imputation after combining the
datasets, shown in Table 6.2. Figure 6.4 shows the r? > distribution for all overlapping
SNPs for both methods and the MAF distribution for both methods.

The analysis where we combined data of 2 platforms after imputation analyses (chromo-
some 22 only) resulted in a total of 31,241 available SNPs of good quality (r? > 0.3)
after merging the 2 separate imputed datasets. In our second approach we merged the
two data sets before we performed imputation analyses, this analyses resulted in a total
of 13,516 available SNPs of good quality (72 > 0.3).

We repeated the imputation analysis for the subgroup of individuals that were genotyped
on all three platforms (n=397). The number of SNPs available after combining the three
separately imputed sets was 3,245,164 versus a total of 3,528,322 SNPs after the imputa-
tion of the combined set, a 8% difference between the 2 imputation methods in favour of
the method combining the 3 platforms before imputation.
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Figure 6.2: Overlap SNPs after imputation on the different platforms and the combined imputation.
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Figure 6.4: 72 and MAF distribution for the two imputation methods
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Association analysis comparison:

Association analysis was performed in both imputed datasets with the LDL-C phenotype
in the AMC-PAS cohort. No significant association was found with the LDL-C pheno-
type in both methods. Manhattan plots and QQ plots for both imputed datasets are shown
in Figure 6.5.

We have highlighted known associated SNPs reported in the NHGRI GWAS Catalogue
(available at: http://www.ebi.ac.uk/gwas/) for the LDL cholesterol trait. After removing
duplicate SNPs, a total of 118 SNPs were available. Of these, 113 SNPs were available
in the dataset combined before imputation analyses and 105 SNPs in the dataset com-
bined after imputation. None of the p-values of these known LDL-C associated SNPs
was associated with LDL-c in our analyses. In both datasets a variant in the HMGCR
gene was the most significant known LDL-c associated SNP. In the dataset combined
after imputation rs3846662 p=6.62210~* and in the dataset combined before imputation
1s7703051 p=7.97x10~%.

DISCUSSION:

Combining different imputed GWAS datasets is a very powerful method to identify new
loci using data from different genotyping platforms[186].

Our study illustrates that combining imputed data from different platforms before and
after imputation does result in differential numbers and quality of SNPs to be analysed.
When imputation of different data sets is performed prior to combining resulted in 5%
more SNPs that satisfied the post-imputation QC, this was not what we hypothesized and
we deem those to explained by the 72 selection during the imputation process. When a
SNP is genotyped on only one of the platforms, a lot more uncertainty will be introduced
in the set when we combined the 3 platforms before imputation, because this SNP is
only available on one of the three platforms. When we apply a call-rate filter of 95% or
higher, we found the opposite result, the method where we combine the datasets before
imputation results in more good quality SNPs. To validate our method, we performed
the same analysis with IMPUTE2[185] (chromosome 22) and we found the same result,
combined after imputation leads to more good quality SNPs. To validate our chosen -2
threshold we did run the analysis with different 72 thresholds (r? > 0.5 and 7% > 0.8),
resulting in the same difference of good quality SNPs between the different imputation
methods.

We found the opposite result when we analysed only data from individuals (N=397) geno-
typed on all 3 platforms, where we were able to impute 8% more SNPs that satisfied our
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Manhattan Plots and Q-Q plots for both imputation methods
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Figure 6.5: Manhattan plots and Q-Q plots for the association analyses for both imputation methods
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post-imputation QC when we first combine before performing imputation. We think this
is because we do not introduce extra missing data.

To validate our findings we performed the same analysis for only 2 platforms (chromo-
some 22 only). This result is in favor of combining after imputation and is in line with
our previous results.

Imputation of the individual datasets seems to result in more good quality SNPs (2
> (.3). However, several limitations apply to our study. Firstly, the results presented
here were based on 3 different gene-centric genotyping platforms. This meant that the
variant density around known and interesting genes is higher than on a normal GWAS
platforms. Therefore, the results of our analyses can be different if applied to non-gene-
centric GWAS datasets. Secondly, the relatively small sample size of 979 unique indi-
viduals in de AMC-PAS cohort could have influenced the total number of variants with
good quality available after the imputation. Thirdly, due to the relative small sample size
we did not find a significant difference in computational time needed for both imputation
methods. In datasets with more individuals and SNPs, the computation time needed for
the combined imputation method will increase exponentially, this is the main reason why
the combined after imputation is seen as the golden-standard within all large consortia at
the moment. On the other hand we have a unique data collection, there are few cohorts
genotyped on 2 or more different platforms. Other studies have analysed the quality
of imputed SNPs after combining the genotyping data of different cohorts on different
genotyping platforms[187].

CONCLUSION:

In conclusion, our results indicate that combining the data from three different platforms
together after imputation performs better than combining the data of the 3 platforms
before imputation.
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GENETIC ANALYSIS OF
EMERGING RISK FACTORS IN
CORONARY ARTERY DISEASE

Type 2 diabetes (T2D), low-density lipoprotein-cholesterol (LDL-c), body mass index
(BMI), blood pressure and smoking are established risk factors that play a causal role
in coronary artery disease (CAD). Numerous common genetic variants associating with
these and other risk factors have been identified, but their association with CAD has not
been comprehensively examined in a single study. Our goal was to comprehensively
evaluate the associations of established and emerging risk factors with CAD using ge-
netic variants identified from Genome-wide Association Studies (GWAS).

We tested the effect of 60 traditional and putative risk factors with CAD, using summary
statistics obtained in GWAS. We approximated the regression of a response variable onto
an additive multi-SNP genetic risk score in the Coronary Artery DIsease Genomewide
Replication And Meta-analysis (CARDIOGRAM) consortium dataset weighted by the
effect of the SNP on the risk factors.

The strongest association with risk of CAD was for LDL-c SNPs (p = 3.96210~3%). For
non-established CAD risk factors, we found significant CAD associations for coronary
artery calcification (CAC), Lp(a), LP-PLA2 activity, plaque, vVWF and FVIIL In an at-
tempt to identify independent associations between risk factors and CAD, only SNPs
with an effect on the target trait were included. This identified CAD associations for
Lp(a)(p= 1.77210~21), LDL-c (p= 4.16210799), triglycerides (TG) (p= 1.94210~%),
Height (p= 2.062107%%), CAC (p= 3.13210~23) and Carotid plaque (p= 2.08210~%).
We identified SNPs associated with the emerging risk factors Lp(a), TG, plaque, Height
and CAC to be independently associated with risk of CAD. This provides further support
for-ongoing clinical trials of Lp(a) and TG, and suggests that CAC and plaque could be
used as surrogate markers for CAD in clinical trials.
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INTRODUCTION

In recent years many genome wide association studies (GWAS) have been conducted
for established and non-established risk factors for CAD (Supplementary Table 1)[188,
24, 189, 190, 191, 44, 192, 193, 194, 195, 196, 197, 198, 199, 200, 201, 202, 48, 203,
204, 205, 206, 207, 208, 179, 209, 15, 210, 211, 212, 213, 214, 215] with the aim to
discovering genetic determinants of risk factors. For each of the 60 a priori-selected
risk factors, Supplementary Table 1 lists the studies and their characteristics used in this
analysis. Even if tested, in most cases the relative contribution of risk factors to CAD has
not been comprehensively investigated, since each study typically tests for the association
of only one or two traits with CAD at any one time.

Our goal was to comprehensively evaluate the associations of established and emerging
risk factors with CAD using genetic variants identified from GWAS. The rationale is that
this could identify risk factors for follow up studies, for example in much larger and
more comprehensive Mendelian randomization (MR) studies, and/or provide support for
ongoing clinical trials targeting selected biomarkers. Furthermore this may increase our
understanding of the aetiological and genetic landscape of CAD.
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METHODS

Trait selection

To identify GWAS of established and non-established risk factors for CAD we queried
the NHGRI GWAS Catalogue (available at: http : //www.ebi.ac.uk/gwas/) in May
2015. GWAS with summary level data on SNP, effect size, standard error of effect size,
risk allele and risk allele frequency publicly available in the GWAS catalog or in the
original paper were included in the analysis.

We considered T2D, LDL-c, BMI, blood pressure and smoking to be established risk
factors for CAD. The non-established risk factors were selected from the GWAS Cata-
logue by reviewing the traits in the GWAS catalog, and select potential traits of inter-
est. Each trait in the GWAS Catalogue which has been linked to CAD based on its
pathophysiology in the literature by PubMed searches was included in the analysis; i.e.
Height, Psoriasis, TG, HDL-c, LP-PLA2[191, 44], adiponectin[194], MMP-1[190], ho-
mocysteine[207], white blood cell count(WBC)[216], glycated hemoglobin levels[217,
218] hsCRP[195], coagulation disorders (vWF)[208], mean platelet volume(MPV)[215],
platelet count[215], platelet aggregation[219], FVIII[208], Protein C[220], PAI-I[202],
fibrinogen[193, 195, 213]); chronic inflammation (systemic lupus erythematosis (SLE)
[199, 200, 201]1, inflammatory bowel disease (IBD)[203], rheumatoid arthritis[198, 209])
and cardiac imaging (Coronary Artery Calcification (CAC)[206], cIMT[189]) or reported
possible risk factors for CAD (vitamin D1, glomerular filtration rate (GFR)[221], ho-
moarginine levels[222],serum uric acid levels[223], serum dimethylarginine levels (sym-
metric)[224], serum dimethylarginine levels (asymmetric/symmetric rate)[224], fat body
mass(FBM)[225], and chronic kidney disease(CKD)[226]).

SNPs selection for association

For all analyses, we selected SNPs that reached a significance level of at least p< 5.02:107%8
in the original GWAS of European individuals.

The goal was to test the association between the SNPs associated with risk factors and
risk of CAD. For each trait we only selected independent SNPs (not in linkage disequi-
librium (LD) with other SNPs for the same trait at 72 cut-off<0.5). If two SNP were in
LD this means that the alleles of both SNPs are inherited together more often than would
be expected by chance. When we encountered SNPs in LD, the variant with the most
significant p-value for the trait of interest was included in the analysis for that trait.
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Traits with a significant association with CAD after the first analysis were selected for
a secondary analysis to investigate independence of association by removing SNPs with
pleiotropic effects. To do this, we categorized traits into two groups; ’upstream’ and
"downstream’ risk factors. This was in order to avoid removing SNPs that associated with
several traits along a causal pathway from risk factor to disease. The upstream risk factors
consist of the immediately modifiable risk factors BMI, lipids, lipoproteins, blood pres-
sure, inflammation markers, coagulation traits and chronic inflammation traits. In con-
trast, downstream markers were much closer to the CAD phenotype and included CAC,
cIMT and plaque. For upstream markers, we removed pleiotropic SNPs (by performing
a pairwise LD-analysis using SNAP (hitps : //www.broadinstitute.org/mpg/snap/)
and removing those at 2 >0.5) that were within the upstream group, but retained SNPs
in LD with downstream markers (as this association could reflect a causal pathway). For
downstream traits, we removed only those SNPs pleiotropic with other downstream traits.

Association of SNPs with CAD

To test the association between the selected risk factors and CAD we used the grs.summary
function from R package Genetics ToolboX. This package implements a summary statis-
tic method for approximating the regression of a response variable onto an additive multi-
SNP genetic risk score in a given testing dataset weighting the association statistic by the

effect of the SNP on the risk factors. This method uses single SNP association summary

statistics: effect size, standard error of effect size and risk allele. Odds ratios (ORs) and

confidence intervals (ClIs) were transformed to effect sizes and standard error of effect

sizes with an inverse natural logarithm, when necessary. We used the CARDIoOGRAM

GWAS publicly available data as our validation dataset[13]. In brief, CARDIoGRAM

includes 22,233 cases of CAD and 64,762 controls[13]. An overly conservative Bonfer-
roni corrected p-value significance of 8.33210~%* was set (0.05/60 traits), to account for

the number of traits assessed. As a negative control, we tested SNPs associated with eye

color for their association with risk of CAD. We limited our study to GWAS performed

in Caucasians since the CARDIoOGRAM validation dataset is of the same ethnicity.
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RESULTS
Trait selection

We included 69 studies in which a total of 60 risk factors were described. Supplementary
Table 1 provides an overview of the papers incorporated in the analysis, listing the unit
of exposure per increased risk allele, the variance explained by the reported SNPs, the
number of SNPs discovered and the sample size of the study.

SNPs selection for association

The number of SNPs remaining after excluding duplicates and correcting for LD can
be found in Table 7.1. Height was the trait with most SNPs (173) whereas some traits
only had one SNP (e.g. smoking cessation). With these SNPs we performed a genetic
association analysis with CAD using the CARDIoGRAM data.

Association of risk factors with CAD using all independent SNPs

In our analysis 15 out of 60 risk factors (Table 7.1) were significantly associated with
CAD outcome in the CARDIoOGRAM consortium. All established risk factors for CAD
(LDL-c, SBP, DBP, BMI, T2D, smoking, HDL and TG) were identified to associate with
CAD. The genetic risk score of LDL-c associated SNPs had the most significant p-value,
with an ORcap 1.54, 95% CI: 1.44-1.65 p= 3.96210~3* per 1-SD increase in LDL-C.
CAC had the most significant p-value for the non-traditional risk factors, ORcap 1.91,
95% CI: 1.68-2.16 p= 3.13210~23,

As a negative control, we tested eye color as a risk factor: no association between eye
color and CAD risk was found ORcap=1.00, 95% CI: 0.99-1.02 p=0.93.

Association of risk factors with CAD using non-pleiotropic SNPs

Table 7.2 provides the number of SNPs that remained after pleiotropic SNPs were ex-
cluded. We analyzed 15 risk factors in our secondary analysis (Table 7.2) and found that
six of the 15 traits had a significant association; the lowest p-value and highest effect size
for CAD was for CAC ORcap 1.91,95% CI: 1.68-2.16 p= 3.13210723. In contrast to
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Table 7.1: Association results of the primary analysis including all SNPs associated with

exposures.

Trait #SNPS ORgap 95% CI P-value

LDL-c 54 1.542 1.438-1.653 3.96x10~3%
CAC 2 1.906 1.678-2.164 3.13x10~%
TG 48 1.399 1.305-1.499 3.01z10~2!
Lp(a) 5 1.249 1.193-1.308  3.92210~%!
Diastolic Blood pressure 27 1.486 1.355-1.631 5.19210~'7
Systolic Blood pressure 25 1.492 1.359-1.639  5.472x10~'7
LP-PLA2 (activity) 9 1.377 1.257-1.510 8.09x10~'2
HDL-c 74 0.789 0.737-0.845  1.34210~!!
T2D 92 1.221 1.132-1.317 2.192107°7
Plaque 2 1.348 1.175-1.547  2.08z10~9%
Height 173 0.866 0.800-0.932  2.062:10~9%
BMI 69 1.082 1.042-1.123  3.8521079°
Factor VIII 5 2.249 1.504-3.363 7.83x107%°
von Willebrand factor 8 0.786 0.696-0.888  1.09210~94
Mean arterial pressure 22 1.342 1.152-1.563  1.54210~%
hsCRP 20 0.893 0.833-0.958  1.63x107%3
Hypertension 11 1.300 1.101-1.535 2.00x107%
GFR 3 1.031 1.010-1.053  3.86x107%3
cIMT 3 1.521 1.226-1.816  5.332107%3
Homoarginine levels 1 0.856 0.757-0.967  1.262:10792
Glycated hemoglobin levels 12 1.124 1.024-1.235  1.43210792
ADMA/SDMA 1 0.879 0.780-0.991  3.49210792
SDMA 1 1.119 1.008-1.242  3.49210792
Ulcerative colitis 19 1.071 1.004-1.143  3.89z10792
White blood cell count 9 0.675 0.456-1.000 5.012:10~%2
Psoriasis 15 1.041 0.997-1.084  7.352:10~02
Inflammatory Bowel Disease 96 1.037 0.996-1.081 7.62x107°2
Smoking Cessation 1 0.491 0.203-1.185  1.14210~%
Body Fat Mass 1 1.311 0.921-1.867 1.332107%!
Stroke 6 1.097 0.968-1.243  1.48z10~%!
Platelet count 55 1.040 0.984-1.099 1.60z10~°!
Protein C 4 1.025 0.990-1.061 1.62z107%!

Continued on next page
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Table 7.1 — Continued from previous page

Trait #SNPS ORgap 95% CI P-value

Mean Platelet Volume 27 0.977 0.943-1.012  1.922107%!
Serum Uric Acid 3 1.073 0.947-1.217 2.70210~%
Fibrinogen 28 1.015 0.987-1.044  2.952107%
Vitamin D 10 1.006 0.993-1.019  3.76x10~%
SLE 23 0.983 0.945-1.022  3.86210~%1
PA: ADP aggregation (GS) 3 0.940 0.806-1.097  4.34x10~ %
Chronic kidney disease 3 1.018 0.974-1.064  4.382107°1
Smoking Initiation 2 1.135 0.818-1.574 4.50x10~°*
PA: epinephrine aggregation(FHS) 3 0.956 0.847-1.079  4.68x10~ 01
PA: epinephrine aggregation(GS) 3 1.062 0.886-1.273  5.14x107%L
Pulse Pressure 11 0.949 0.788-1.143  5.83210~ %!
PA: ADP aggregation (FHS) 3 0.967 0.848-1.101  6.11210~°%
Adiponectin 13 1.003 0.991-1.014  6.572107%1
Alcohol consumption 2 1.001 0.997-1.005  6.64210~
COPD 9 1.001 0.998-1.003  6.73x10~ 1
Crohn’s disease 25 0.992 0.940-1.047 7.837107%L
Rheumatoid Arthritis 40 1.006 0.960-1.055  7.982107%
Matrix metalloproteinase-1 2 1.007 0.952-1.065 8.17x107%
NT-proBNP 3 1.010 0.900-1.134  8.69z10~%1
Smoking 3 1.025 0.754-1.393  8.74x10~%
Homocysteine 20 1.004 0.943-1.070  8.92x107%L
Caffeine 0.969 0.548-1.711 9.13z10~°*
PAI-1 1.007 0.870-1.166  9.24x10~
Eye color 1.001 0.986-1.016  9.31x10~°%L

0.996 0.892-1.114  9.492107°!
0.987 0.667-1.462  9.492x10~°

PA: collagen lag time (FHS)
PA: collagen lag time (GS)

_ =] o0 N

the primary analysis, no significant association was identified for LP-PLA2, T2D, HDL-
¢, SBP, DBP, MAP, vWF and FVIII when SNPs were thinned out by pleiotropy (Figure
7.1).
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Figure 1:
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Figure 7.1: Association results of the 15 significant risk factors in the primary analysis
and their associations in the pruned analysis
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Table 7.2: Association results of secondary analysis using only SNPs that are specific for
the exposure of interest.

Trait #SNPS ORcap  95%CI P-value
CAC 2 1.906 1.678-2.164  3.13z10~ 23
Lp(a) 3 1.293 1.226-1.363  1.77z10~ 21
LDL-c 31 1.293 1.159-1.443  4.162107°
TG 27 1.448 1.222-1.716  1.94x1079%
Plaque 2 1.348 1.175-1.547  2.08z107%
Height 172 0.867 0.801-0.934  2.54x10 9%
BMI 63 1.080 1.029-1.134  1.752107%3
Diastolic Blood pressure 3 1.456 1.038-2.044  2.962107°2
T2D 47 1.198 1.012-1.418  3.552107°2
HDL-c 47 0.890 0.799-0.992  3.56210 2
Systolic Blood pressure 1 1.708 0.935-3.120  8.18x107°2
LP-PLA2 (activity) 3 1.135 0.976-1.320 1.01x10~°%
Mean Arterial Pressure 7 1.210 0.913-1.604  1.85210~°%
Factor VIII 2 1.548 0.249-9.618  6.39210°1
Von Willebrand factor 5 0.997 0.648-1.534  9.89210~ %%

DISCUSSION

We conducted a comprehensive study to investigate the association of risk factors for
their association with CAD using summary-level genetic data. Using all available SNPs,
we found a significant association with CAD for the following traditional risk factors:
LDL-C, HDL-C, SBP, DBP, BMI, T2D and TG. In addition, we found the following
traits to associate with CAD: Height, CAC, Lp(a), LP-PLA2, plaque, factor VIII, von
willebrand factor and mean arterial pressure. Of these emerging risk factors, when we
removed potentially pleiotropic SNPs, associations with CAD persisted for Height, CAC,
Lp(a), and plaque.

After removing potentially pleiotropic SNPs for FVIII and vWF, the association with
CAD no longer persisted. Furthermore, the association between LP-PLA2 and CAD also
diminished when limited to nominally non-pleiotropic SNPs, which is in keeping with
a recent MR study([227]. This arises from an overlap in genetic variation between LP-
PLAZ2 activity and lipid phenotypes in our data: 6 of 9 LP-PLA2 SNPs in our primary
analysis where excluded in our secondary analysis because they were in LD with one
of the lipid (LDL-C, HDL-C or TG) phenotypes. An explanation for this phenomena
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might be that in the bloodstream, two-thirds of LP-PLA2 circulates primarily bound to
LDL; the remaining third is distributed between HDL and VLDL[228]. Measures of
LP-PLA2 might thus partially reflect the concentration of proatherogenic lipoproteins.
Recent clinical trials with the LP-PLA2 inhibitor darapladib in coronary heart disease
patients yield similar results to our analysis[229, 230]. In patients with stable CAD after
optimal treatment for dyslipidemia, there was no added benefit of reducing LP-PLA2.
Regarding vWF, other studies identified a weak association between vWF levels and
CAD but it disappeared after adjusting for coexisting riskfactors[231, 232].

For IMT and PAI-1, we do not find an association with CAD in our primary analysis.
This is in contrast with other studies[233, 202]. This may be due to low variance of
the exposure explained by the SNPs for IMT (1.10%). Bis et al report two SNPs that
are associated with IMT phenotype and CAD. Of the two SNPs, only rs17045031 near
LRIG1 was significantly associated with IMT phenotype and therefore included in our
analysis, the other SNP was not included in our analysis because of our threshold for
significance, this might explain the discrepancy in results[233]. For PAI-1, out of the 10
SNPs identified by Huang et al, only two SNPs in ARNTL were nominally associated
with CAD (rs6486122: OR 1.04; 95% CI: 1.01-1.07; 1s3816360: OR 1.03; 95% CI: 1.01-
1.06)[202]. In contrast, our chosen method incorporated all SNPs associated with PAI-1,
which did not associate with CAD.

We did identify a clear association between Lp(a) and CAD (ORcap 1.25, 95% CI: 1.19-
1.31 p= 3.92210~2"), and the association became stronger when we removed pleiotropic
SNPs. This is in keeping with recent genetic studies including that by Clarke et al, which
identified two common SNPs in the LPA gene that had an association with both the Lp(a)
lipoprotein level and the risk of CAD[44].

The association between height and CAD (ORcap 0.87, 95% CI: 0.80-0.93 p= 2.06210%%)
remained significant after removing pleiotropic SNPs. This is inline with recently pub-
lished MR-studies by Nuesch et al. They conclude that taller individuals have a lower
risk of developing CAD[234].

The clear association between TG and CAD remained significant after removing

pleiotropic SNPs: ORcap=1.45, 95% CI: 1.22-1.72 p= 1.942107%. This is in line
with the findings by Do et al[235], They used 185 common SNPs to examine the role of
TG on risk for CAD. They show that loci with only a strong magnitude of association
with TG are associated with CAD. Furthermore, Holmes et al. performed a Mendelian
randomization analysis based on individual participant level data from 62,000 individuals
with >12,000 CHD events. They found a causal role for TG in the analysis restricted to
SNPs only associated with TG and no association with any other lipid trait[236]. More
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recently, White et al used 140 SNPs and identified a consistent causal association of TG
with risk of CAD using different MR approaches[237].

Although HDL-C associated with CAD on initial analysis, when we limited the genetic
instrument to only non-pleiotropic SNPs, this association diminished. This is in keeping
with prior reports[236, 237, 238, 239]. To take one example, in the paper by Voight et al.,
a Mendelian randomization analysis was conducted using a genetic risk score consisting
of 14 common SNPs that associated predominantly with HDL cholesterol and tested this
score in up to 12,482 cases of myocardial infarction and 41,331 controls. They found
that a 1 SD increase in HDL cholesterol due to genetic score was not associated with risk
of myocardial infarction (OR 0.93, 95% CI 0.68-1.26, p=0.63)[238].

Interestingly, in our analysis restricted to non-pleiotropic SNPs, the established causal
risk factors SBP and DBP were no longer associated with CAD. This arose because
restricting to non-pleiotropic SNPs resulted in the removal of the majority of SNPs with
only 3 SNPs remaining for DBP and 1 SNP for SBP. SNPs were removed because they
were also associated with MAP, PP, HTN. While the causal role of blood pressure in
CAD is well-established, this suggests that our approach overly-penalized some traits
that have a highly pleiotropic genetic architecture.

The association of CAC and plaque with CAD retained after removing pleiotropic SNPs
and is worthy of further comment. Over the past few years there has been a move to use
surrogate markers of CHD in clinical trials as a marker of ’hard” clinical outcomes, but
at a lower cost than conducting a full outcome-based clinical trial. Given that these down-
stream traits are proximal to the CAD phenotype, they are less likely to be confounded
compared to a trait that is more distant (or upstream trait, such as a blood lipid profile).
Our data therefore suggest that, given the relationship of these traits with risk of CAD,
that they may represent a proxy for CAD, however further investigations are needed, for
example relating SNPs such as LDL-C and SBP on plaque and CAC[240] to see whether
they associate with these traits.

Our study has several strengths and weaknesses that merit discussion. To the best of
our knowledge we are the first to report on the association between SNPs associated
with multiple non-established risk factors and risk of CAD. We are, however restricted
to published studies, which might have resulted in selection bias. Furthermore, the data
was derived from the publications, and no source data quality assessment could be per-
formed, we were dependent on the quality of the published papers. As an example, traits
where the genetic landscape is not fully captured by current GWAS might bias our re-
sults. Therefore, at the moment we cannot rule out any association between these risk
factors and CAD. Because summary level data were used for analyses, we were not able
to perform age and gender corrections (however these would have been conducted in
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the original GWAS); we are therefore dependent on the corrections performed in the
published papers. Finally, this study represents a rather broad but crude genetic analysis;
more sophisticated analyses such as multivariate MR[241] and/or MR-Egger[242] would
represent next steps to more comprehensively assessing and accounting for pleiotropy of
genetic instruments and testing for independence of causal estimates across multiple risk
factors.

In conclusion, our multiple trait genetic analysis of established and emerging risk factors
for CAD provides further evidence that TG and Lp(a) should be prioritized as potential
therapeutic targets for CAD prevention, and suggests that CAC and plaque could be
potential surrogate markers for CAD.
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GENERAL DISCUSSION AND
FUTURE PERSPECTIVES

CVD is still the most important cause of death in Western societies; a total of 17.7 mil-
lion people die each year due to CVD (2015) according to the World Health Organisation
(WHO), this represents 31% of all global deaths[243]. In numerous large prospective
studies, male gender, a positive family history of CVD, high plasma cholesterol levels,
high blood pressure, diabetes and smoking have invariably been shown to be independent
risk factors for cardiovascular disease[244]. These risk factors are therefore implemented
in the CVD risk assessment tools used in the clinical setting. While notifying the rele-
vance of these factors, it is important to state that risk prediction is far from precise with
the use of these risk factors and that these factors do not fully explain the heritability of
CVD. Discovery of additional risk factors are therefore needed. Identification of these
factors will not only improve CVD risk estimation but may also identify novel drug tar-
gets to treat CVD. Genetics can help in the identification of novel underlying biological
mechanism using an agnostic approach. Twin studies have indicated that the heritabil-
ity of CVD is 30-60%[245]. With heritability, we mean the inter-individual differences
resulting from genetic factors. The heritability of CVD is considered to be the result
of genetic variants (common and rare) with small and large effects on the expression of
CVD [246]. Recent genetic findings explain approximately 15% of the heritability sug-
gesting that still undiscovered pathways are involved in the development of CVD[247].
Upon the notion that family history of CVD is a major risk factor for CVD, several link-
age studies were performed in distinct FH families and a number of mutations in several
genes were found in these studies[10]. In recent years, these linkage studies were fol-
lowed by candidate-gene studies and GWAS.

The advances in molecular biology and the decrease in cost made it possible to perform
more and larger studies. The GWAS studies in CVD discovered 65 variants up till now,
all however with small effects associated with CVD[248].

111



CHAPTER 8

In our meta-analysis on 4 lipid traits consisting of 66,240 individuals of European ances-
try we used a large-scale locus-centric approach, testing 49,227 SNPs carefully priori-
tized for CVD-related loci in 32 studies to explore association with HDL-C, LDL-C, TC
and TG levels. Using an additional sample of 25,282 individuals and the available data
derived from the GLGC study[24], we identified 21 additional loci that have not been
associated with lipid levels before and were able to confirm a number of the previously
reported associations. The evidence from the cumulative meta-analysis of our data, the
replication studies, and the published GLGC results suggest that further “true” signals
might be found with less stringent p value thresholds. Given the recent deluge of avail-
able genetic data, we propose that a more careful examination is required of common
variants of moderate and small effects. This might help explain portions of missing heri-
tability, elucidate the pathways and mechanisms involved in lipid metabolism and CHD,
and identify potential loci in which rare SNPs with large effects on the phenotype can be
discovered.

In our multi-ethnic meta-analysis of lipid association studies in African Americans, His-
panics and East Asians we used the same large-scale locus-centric approach and we iden-
tified two novel loci associated with TC and LDL-C levels[61].

Furthermore, we evaluated SNPs previously associated with the 4 lipid traits in European
populations, on lipid levels in three populations of other ethnicities, showing that many
known association signals for lipids span across ethnicities[61].

Established variants for CVD are often combined in a genetic risk score (GRS) to predict
the risk of CVD, but they have not been used in a clinical setting yet for prediction. We
tested whether a GRS of 46 variants associated with CVD predict events in a cohort of
FH patients and in a cohort of patients treated with statins.

We did not find a significant association between the GRS of the 46 variants and the num-
ber of events in the cohort of 2400 FH patients (GiraFH)[36]. The lack of association
found in this study may very well be due to the fact that our study was at the limit of the
power needed to detect statistically significant associations with CVD, since the studied
SNPs were previously shown to have a moderate to small effect[14].

In the TNT-cohort[249] of 1877 patients treated with statins we did not find an associa-
tion either [NOT PUBLISHED], which may also be due to a lack of power or the fact
that the patients in this cohort all survived a first CAD event, which might have led to
survival bias or index event bias. In theory, it could be possible thatpatients with the most
harmful genetic profiles might have died before inclusion into our study. But both results
illustrate that the reservations of many against implementing GRSs in the clinic may be
justified.
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More variants associated with CVD should be discovered to make the GRS a robust tool
to predict the risk of CVD for a specific patient. Besides GWAS, whole-exome and
whole-genome sequencing are new methods that became affordable in the last few years
to apply in large cohorts of patients with CVD. By using these sequencing methods on
a large scale, we may be able to discover rare variants with large effects that explain the
missing heritability. The combination of these rare variants with large effects and the
common variants can then be used to generate a GRS that could then be validated in
clinic in order to identify patients at risk for CVD.

Due to the large amount of available genetic data, Mendelian randomization (MR) studies
can be performed. A MR study is a study in which genetic variants are used to investi-
gate the causality of a biomarker on risk the risk of CVD. MR studies have been very
successful in the field of CVD demonstrating strong evidence of causality for established
and novel biomarkers (such as LP(a) and drug targets (such as PCSK9)[250]. Due to
developments in genotyping and availability of publicly available genetic data, MR anal-
yses using existing genetic data, have identified potentially modifiable exposures that, if
shown to be causal, may be tested in future intervention studies[251].

We aimed to identify new risk factors of CVD by using publicly available summary-level
genetic data available in the GWAS catalog and meta-analysis data from the CARDIO-
GRAM consortium[14] to investigate the association of risk factors with CAD. We found
the following traits to associate with CAD: Height, coronary artery calcification (CAC),
Lipoprotein(a) (Lp(a)) and carotid plaque after correction for pleiotropy. In our analysis,
we were restricted by the fact that we used studies in the GWAS catalog, which might
however have resulted in selection bias. Traits that are not fully captured by current
GWAS might bias our results. Therefore, we cannot rule out any association between
risk factors, where the genetic landscape is not fully captured by published GWAS stud-
ies, and CVD. Because we used summary level data in our analyses, we were not able to
correct for age and gender ourselves, so we were dependent on the methods performed
in the published papers. Furthermore, the data we used in our analysis was derived from
the publications, and no source data quality assessment could be performed[37].

A method to increase the power is to combine data from different data sources. We
investigated if combining different (imputed) GWAS datasets is a powerful method to
identify new variants using data from different genotyping platforms. We found that
combining imputed data from different platforms before and after imputation does result
in differential numbers and quality of SNPs to be analyzed. When imputation of different
data sets is performed prior to combining resulted in 5% more SNPs that satisfied the
post-imputation QC[252].
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Future perspectives

In this thesis, we used various methods to discover new common genetic variants asso-
ciated with CVD related traits. We have identified new variants with small effects on
lipid levels, that need to be validated in other cohorts. These variants only explain a
limited proportion of the genetic heritability of CVD, and identification of additional
(rare) variants will require larger patient cohorts. This could only be achieved by set-
ting up large biobanking initiatives like the UK biobank[253], GONL[27], UK10K][28],
Lifelines[254], Parelsnoer Institute[255] and the HELIUS project[256] and collaborating
in large consortia bringing together multiple initiatives/studies. These initiatives have
only value if the participants also have detailed phenotype data available. For this matter,
linkage of biobanks to standardized Electronic Patients Records (EPR) can play a key
role; the EPR should provide automatic access to and extraction of data of the clinical,
imaging and laboratory data of the participants in the different biobanks. This is not yet
available in most of the university medical centers in the Netherlands. When duplicate
data entry is not needed anymore and data is registered at the source (in the EPR), we will
be able to recruit larger cohorts of patients and controls to explain the genetic heritability
of CVD. The analysis of a cohort of ~200.000 patients with CVD on the Exomechip did
not result in any genome-wide significant associations that were not described yet[257].
Therefore, larger cohorts are needed. This can be achieved by collecting the bio speci-
mens (DNA, blood, urine, feces and tissue) of a huge number of people in the general
population. Then genotype and/or sequence these participants and collect extensive phe-
notype data of these participants (eg. clinical data, imaging data, ECG data, survey data).
By doing this, we hopefully are able to explain more of the missing heritability of CVD
and other diseases.

Another way to unravel more of the genetic background of CVD is using published
GWAS data. GWAS have been instrumental in our understanding of the genetic back-
ground of many diseases in the last 10 years. Most, but not all of this data is publicly
available in the GWAS catalog[258] maintained by The National Human Genome Re-
search Institute (NHGRI). As of 10-04-2018, the GWAS Catalog contains 3349 publi-
cations and 59,967unique SNP-trait associations. Figure 8.1 shows the increase of the
number of studies included in the GWAS catalog in the last 12 years. The data in the
GWAS catalog can be used in new research unraveling the genetic background of CVD.
The GWAS catalog contains however only summary level data.

If a researcher wants to make use of individual level data published in the GWAS catalog
by combining different cohorts he needs to contact the authors of the published papers
and ask for access to the dataset. Fortunately, more and more datasets, for example
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Figure 8.1: Number of published GWAS studies in GWAS catalog in the last 12 years.
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GWAS results, are shared publicly, but a large part of (GWAS) datasets is not yet shared
by the authors, because authors do not ”Dare to Share” their datasets. Fortunately, more
and more scientific journals and funding agencies demand authors to publish their data
according to the FAIR principles (Findable, Accessible, Interoperable, Reusable) in data
repositories. In short this means that datasets should have at least a unique persistent
identifier, rich metadata, this metadata should be retrievable, the data should make use
of standardized vocabularies and the data set should have a data usage license and the
dataset should be registered in a searchable resource[259]. Using these principles will
hopefully lead to more datasets of good quality that can be used for new research projects,
within legal and ethical boundaries.

In conclusion, in this thesis we have identified new variants with small effects associated
with lipid levels. Unfortunately, we did not find an association between GRS of common
variants with small effects on CVD and the number of events in a cohort of FH patients
and a cohort of patients treated with statins. By using publicly available GWAS data we
found that TG, LP(a), CAC and plaque are associated with CVD. We feel that sharing
and combining datasets by making (summary-level) data publicly available for further
research will contribute to the discovery of new (genetic) risk factors of CVD.
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Cardiovascular Disease

Cardiovascular disease (CVD) is the leading cause of mortality in the Western Soci-
eties[1]. CVD encompasses a number of different disease entities, many of which are
related to atherosclerosis. Atherosclerosis is the process of development of plaque for-
mation in the sub endothelium of arterial walls. These plaques narrow the arterial lumen,
thereby disabling blood flow. Upon rupture of the fibrous cap, a blood clot forms, which
results in total obstruction of blood flow, which, depending of the site, may lead to my-
ocardial infarction (MI), stroke or peripheral artery disease (PAD). Atherosclerosis has a
multifactorial origin involving abnormalities[2] in lipid metabolism, hypertension, obe-
sity, diabetes mellitus, smoking, inflammation, coagulation, and fibrinolysis, amongst
others. At present, we lack a complete understanding of the relevance of these individ-
ual risk factors and their interplay in the disease process[3]. It has been suggested that
genetic factors contribute to the risk of CVD[4].

The main aim of this thesis was to find new genetic risk factors for CVD, by using differ-
ent analysis methods using new and existing publicly available data.

Part I:

First, a meta-analysis in chapter 2 of this thesis found 21 new common variants associ-
ated with one or more lipid traits: PPARG, GP1HBP1, DGAT2, HCAR2, FTO, VLDLR,
SPTY2D1, BRCA2, SOCS3, APOH, C4B, LPAL2, GCK, GATA4, SERPINF2, INSR,
FCGR2A, INSIG2, UGT1A1, CHUK, UBE3B[24] using the data from the IBC car-
diochip consortium on 4 different lipid traits (LDL-C, HDL-C, TG, TC) in 66,240 in-
dividuals from 32 different studies.

We performed another meta-analysis in chapter 3 in 7,657 African Americans, 1,315
Hispanics and 841 East Asians using the IBC 50K SNP genotyping array and we found
and confirmed two novel signals for lipids by replication in 7,000 African Americans.
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Additionally we evaluated the effect of SNPs established in European populations on
lipid levels in multi-ethnic populations and show that most known lipid association sig-
nals span across ethnicities.

Part I1:

In chapter 4 of this thesis we investigated whether common genetic variants associated
with CVD also hold value for CVD prediction in a large cohort of patients with Familial
Hypercholesterolemia (FH). A total of 46 SNPs in 1701 FH patients were genotyped, of
whom 482 patients (28.3%) had at least one cardiovascular event during 112.943 person-
years follow-up. The association of each SNP with event-free survival time was calcu-
lated with a Cox proportional hazard model. In CVD risk adjusted analysis, the lead SNP
at the well-known 9p21 locus rs1333049 near CDKN2B-AS1 had a HR for CAD risk of
0.82 (95% CI 0.77-0.87; p-value 0.000945). None of the other tested CAD-associated
SNPs were significantly associated with CAD risk. Of all the loci analyzed, the 9p21 lo-
cus had the strongest negative association with CAD in this high-risk FH cohort. None of
the SNPs at neither this 9p21 locus, however, nor any of the other tested CAD-associated
SNPs were significantly associated with risk of CAD according to a priori defined signif-
icance threshold that took into account multiple testing.

In chapter 5 our objective was to determine whether common genetic variants associated
with CVD have also a predictive value for a second cardiovascular event in a cohort of
1877 atorvastatin-treated patients with established CAD. Of these, 24.5% suffered from
a second vascular event during follow-up. Using two different genetic risk scores (GRS)
we investigated wether common genetic variants associated CVD are determinants of
the risk for a second vascular event in patients treated with atorvastatin. The cohort
was divided in quartiles of GRS, in order to study the effect of an increasing GRS on
developing a second event. The risk for a second vascular event was not statistically
different in subjects in the highest versus the lowest GRS quartile. These findings suggest
that the putative CVD SNPs identified in GWAS have no, or minor effect on the risk for
a secondary vascular event in patients treated with atorvastatin. This implicates that the
secondary event is caused by other factors, and that these factors may not be explained
by common genetic variations, that have been shown to be a determinant for the first
cardiovascular event.
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Part 111:

In chapter 6 we investigated the imputation quality and efficiency of two different ap-
proaches of combining GWAS data from different genotyping platforms. We investigated
whether combining data from different platforms before the actual imputation performs
better than combining the data from different platforms after imputation. In total 979
unique individuals from the AMC-PAS cohort were genotyped on the MetaboChip, 50K
gene-centric Human CVD BeadChip and the HumanExome chip. A total of 397 individ-
uals was genotyped on all 3 individual platforms. Using Minimac in combination with
MaCH we imputed all samples using the the 1000 genomes reference panel. All im-
puted markers with an 72 value of <0.3 were excluded in our post-imputation QC. This
resulted in a total of 4,117,036 SNPs of good quality when imputation was performed
before merging the three datasets. A total of 3,933,494 SNPs were available when impu-
tation was done on the combined set. This suggests that imputation of individual datasets
before merging performs slightly better than after combing the different datasets.

In chapter 7 we investigated the effect of 60 traditional (Type 2 diabetes (T2D), low-
density lipoprotein-cholesterol (LDL-c), body mass index (BMI), blood pressure and
smoking) and emerging risk factors with CAD, using summary statistics obtained in
GWAS. Our goal was to comprehensively evaluate the associations of these traditional
and putative risk factors with CAD using genetic variants identified from Genome-wide
Association Studies (GWAS). Type 2 diabetes (T2D), low-density lipoprotein-cholesterol
(LDL-c), body mass index (BMI), blood pressure and smoking are established risk fac-
tors that play a causal role in coronary artery disease (CAD). Numerous common genetic
variants associating with these and other risk factors have been identified, but their asso-
ciation with CAD has not been comprehensively examined in a single study. Our goal
was to comprehensively evaluate the associations of established and emerging risk fac-
tors with CAD using genetic variants identified from Genome-wide Association Studies
(GWADS). The strongest association with risk of CAD in our analysis was for LDL-c SNPs
(p = 3.9621073%). For non-established CAD risk factors, we found significant CAD
associations for coronary artery calcification (CAC), Lp(a), LP-PLA2 activity, plaque,
vWF and FVIIL In an attempt to identify independent associations between risk factors
and CAD, only SNPs with an effect on the target trait were included. We identified CAD
associations for Lp(a)(p= 1.7721072!), LDL-c (p= 4.162x10~°), triglycerides (TG)
(p= 1.9421079), Height (p= 2.062107%), CAC (p= 3.132x10~23) and Carotid plaque
(p= 2.082107%%).
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This provides further evidence that TG and Lp(a) should be prioritized as potential ther-
apeutic targets for CAD prevention. And our results suggests also that CAC and plaque
could be used as potential surrogate markers for CAD in clinical trials.
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Hart- en vaatziekten

Hart- en vaatziekten (HVZ) zijn nog steeds doodsoorzaak nummer één in de westerse
wereld[1]. HVZ omvatten een aantal verschillende ziektebeelden, hiervan zijn er veel
gerelateerd aan atherosclerose.

Atherosclerose is de medische term voor slagaderverkalking. Atherosclerose is het pro-
ces waarbij plaque zich ontwikkeld in het sub-endotheel van de arteri€éle vaatwanden.
Deze plaques vernauwen het arteriéle lumen, waardoor de bloedstroom (gedeeltelijk of
helemaal) wordt beperkt. Bij een breuk van deze vezelachtige kap vormt zich een bloed-
stolsel, dit resulteert dan vaak in een totale afsluiting van de bloedstroom, die afhankelijk
van de locatie, kan leiden tot een hartinfarct of beroerte. Atherosclerose heeft een multi-
factoriéle oorsprong[2]; afwijkingen in lipiden waarden, hoge bloeddruk, diabetes melli-
tus, roken, ontsteking en afwijkingen in de coagulatie en fibrinolyse kunnen allemaal ten
grondslag liggen aan atherosclerose. Op dit moment weten we nog niet precies wat de
relevantie van deze individuele risicofactoren en hun wisselwerking op het ziekteproces
is[3]. Er wordt steeds meer bewijs gevonden dat genetische factoren een rol spelen bij
het krijgen van HVZ[4].

Het belangrijkste doel van dit proefschrift was om nieuwe genetische risicofactoren voor
HVZ te vinden, door verschillende analysemethoden toe te passen op nieuwe en reeds
bestaande (openbaar) beschikbare data.

Deel 1

In hoofdstuk 2 hebben we met behulp van een meta-analyse 21 nieuwe varianten
geidentificeerd die geassocieerd zijn met een of meer lipiden fenotypes: PPARG, GP1HBPI,
DGAT2, HCAR2, FTO, VLDLR, SPTY2DI1, BRCA2, SOCS3, APOH, C4B, LPAL2,
GCK, GATA4, SERPINF2, INSR, FCGR2A, INSIG2, UGT1A1, CHUK, UBE3B[24].
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Hiervoor hebben we de lipiden data (LDL-C, HDL-C, TG, TC) van het IBC-cardiochip-
consortium gebruikt van in totaal 66,240 patiénten die geincludeerd waren in 32 verschil-
lende studies.

In hoofdstuk 3 hebben we een meta-analyse uitgevoerd in een cohort van 7657 Afro-
Amerikanen, 1315 Latijns-Amerikaanse Amerikanen en 841 Oost-Aziaten. Voor deze
meta-analyse hebben we ook de data van de IBC 50K SNP genotyperingsarray gebruikt.
In deze analyse hebben we gekeken naar de etnische verschillen, we hebben twee nieuwe
varianten gevonden die geassocieerd zijn met een van de lipiden fenotypes en we hebben
deze resultaten gerepliceerd in een cohort van 7000 Afro-Amerikanen. Daarnaast hebben
we gekeken of de effecten van SNPs die in de Europese populatie een associatie hebben
met een van de lipiden fenotypes ook een associatie laten zien in het multi-etnische co-
hort. Onze analyse laat zien dat deze varianten ook in cohorten van een andere etniciteit
geassocieerd zijn met de verschillende lipiden fenotypes.

Deel Il

In hoofdstuk 4 van dit proefschrift hebben we onderzocht of bekende genetische varian-
ten die geassocieerd zijn met HVZ ook een voorspellende waarde hebben op de kans van
het krijgen van een event in een groot cohort van patiénten met Familiaire Hypercholes-
terolemie (FH). We hebben 46 SNPs bij 1701 FH-patiénten gegenotypeerd. In 112,943
persoonsjaren kregen 482 patiénten ten minste één cardiovasculair event (28,3%). De
associatie van elke SNP met event vrije overlevingstijd werd berekend met een Cox pro-
portioneel risico model. In de analyse waarbij we corrigeerden voor HVZ was de meest
significante SNP, een SNP op de bekende 9p21-locus, rs1333049 vlakbij het CDKN2B-
AS1 gen. Deze SNP had een hazard ratio voor het risico op HVZ van 0,82 (95% CI
0,77-0,87; p-waarde 0,000945). Geen van de andere bekende CAD-geassocieerde SNPs
waren significant geassocieerd met CAD-risico in dit cohort van patiénten met FH. Van
alle geanalyseerde SNPs waren de SNPs in de 9p21-locus het meest geassocieerd met
CAD. Geen van de geanalyseerde SNPs had echter een statistisch significante associatie
met het risico op CAD volgens het vooraf gedefinieerd significantie niveau, waarbij werd
gecorrigeerd voor “multiple testing”.

In hoofdstuk 5 was ons doel om te bepalen of bekende genetische varianten waarvan een

eerdere associatie met HVZ al is aangetoond, ook een voorspellende waarde hebben voor
het krijgen van een tweede cardiovasculair event in een cohort van 1877 patiénten met
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CAD, die behandeld werden met atorvastatine. In dit cohort kreeg 24,5% een tweede car-
diovasculair event tijdens de follow-up. Door gebruik te maken van twee verschillende
genetische risicoscores (GRS) hebben we onderzocht of de bekende genetische varianten
mogelijke voorspellers zijn voor het risico op het krijgen van een tweede cardiovasculair
event We hebben het cohort verdeeld in kwartielen op basis van de genetische risico-
score om zo het effect te kunnen bepalen van een hogere GRS op de ontwikkeling van
een tweede cardiovasculair event. Het risico op een tweede cardiovasculair event was niet
statistisch significant tussen het hoogste en het laagste GRS-kwartiel. Deze bevindingen
suggereren dat de bekende HVZ-SNPs die in verschillende GWAS zijn geidentificeerd,
geen of een heel klein effect hebben op het risico voor het krijgen van een secundair
cardiovasculair event bij patiénten die behandeld worden met atorvastatine. Dit sugge-
reert dat een secundair event wordt veroorzaakt door andere (genetisch) factoren en dat
deze factoren mogelijk niet worden verklaard door genetische variaties, waarvan reeds is
aangetoond dat ze geassocieerd zijn met HVZ.

In hoofdstuk 6 hebben we de imputatie kwaliteit en de imputatie efficiéntie onderzocht
van twee verschillende benaderingen om GWAS-data van verschillende genotyperings-
platformen te combineren. We hebben onderzocht of het combineren van data van ver-
schillende platformen v66r de daadwerkelijke imputatie beter presteert ten opzichte van
het combineren van de data van verschillende platformen na de imputatie.

In totaal werden 979 unieke patiénten uit het AMC-PAS-cohort gegenotypeerd op de
MetaboChip, 50K Human CVD BeadChip en de HumanExome-chip. 397 individuen
waren op alle 3 de platformen gegenotypeerd. Met behulp van Minimac in combinatie
met MaCH hebben we alle samples geimputeerd door gebruik te maken van het 1000
genomes-referentie panel. Alle geimputeerde SNPs met een 72 waarde van < 0,3 wer-
den in onze kwaliteitscontrole na de imputatie ge€xcludeerd. Dit resulteerde in een totaal
van 4.117.036 SNPs van goede kwaliteit wanneer we de drie data sets los van elkaar im-
puteerden. Een totaal van 3.933.494 SNPs van goede kwaliteit was beschikbaar nadat de
imputatie werd uitgevoerd op de gecombineerde dataset. Dit suggereert dat de imputatie
van afzonderlijke datasets voor het samenvoegen iets beter presteert dan na het combine-
ren van de verschillende datasets.

In hoofdstuk 7 hebben we het effect van 60 traditionele (Type 2 diabetes (T2D), low-
density lipoprotiene-cholesterol (LDL-c), body mass index (BMI), bloeddruk en roken)
en nieuwe risicofactoren met CAD onderzocht, met behulp van bestaande publiekelijk
toegankelijke GWAS data. Ons doel was om de associaties van deze traditionele en
potentiéle risicofactoren met CAD uitgebreid te analyseren met behulp van genetische
varianten die al eerder geidentificeerd waren in eerder uitgevoerde GWAS.

T2D, LDL-c, BMI, bloeddruk en roken zijn bekende risicofactoren die een oorzakelijke
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rol spelen bij HVZ. Veel bekende genetische varianten die met deze en andere risicofac-
toren zijn geassocieerd, zijn geidentificeerd, maar hun associatie met CAD is nog niet
uitgebreid onderzocht in een studie. De meest significante risicofactor in onze analyse
voor het risico op CAD was LDL-c (p = 3,96210734). Voor niet-traditionele CAD-
risicofactoren vonden we significante associaties met CAD voor verkalking van de krans-
slagader (CAC), Lp(a), LP-PLA2-activiteit, stenose, vVWF en FVIIL.

In een poging om onafhankelijke associaties tussen risicofactoren en CAD te identifice-
ren, hebben we in een tweede analyse, alleen SNPs meegenomen die in eerdere GWAS
geen associatie hadden met een andere risicofactor. In deze analyse vonden we de vol-
gende significante associaties van de risicofactor met CAD: Lp(a) (p = 1,77210721),
LDL-c (p = 4, 162107), triglyceriden (TG) (p = 1, 942107%), Lengte (p = 2.062107%),
CAC(p= 3.13210723) en carotid stenose p= 2.0821079).

De resultaten van deze analyse leveren verder bewijs dat TG en Lp(a) prioriteit zouden
moeten krijgen als potenti€le therapeutische doelen om CAD preventief te behandelen.
Ook suggereren onze bevindingen dat CAC en plaque kunnen worden gebruikt als po-
tenti€le surrogaatmarkers voor CAD in klinische trials.
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