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General introduction

Background

Genetics

Research in the field of genetics started with a series of experiments by Gregor
Mendel in the 1860s1. These experiments pointed to the existence of heritable
units called genes. Since then the field has made major progress with a highlight
in 2001 when the draft sequence of the human genome was published. It is now
known that genes are located on chromosomes. Each human cellcontains 22
pairs of autosomal chromosomes and 2 sex chromosomes. From each pair of
chromosomes, one is transmitted to the offspring during reproduction. Hence,
chromosomes and the genes that lie on them are responsible for the inheritance of
traits. Each chromosome contains several genes, which codefor different proteins.
Besides genes, a chromosome also contains areas that regulate the expression of
these genes, and areas that either have no function or an, as yet, unknown function.

On a molecular level, a chromosome consists of deoxyribonucleic acid (DNA),
which are two chains of nucleotides in the shape of a double helix 2. Four differ-
ent bases are found in DNA, namely adenine (A), guanine (G), cytosine (C) and
thymine (T). Each base on one strand of DNA bonds with just onebase on the
other strand: adenine bonds with thymine and guanine bonds with cytosine. The
genetic information embodied in DNA may be translated to protein1. The first
step in this process is called transcription, where messenger RNA (mRNA) is syn-
thesized from one strand of the double-stranded DNA helix. The step in which a
protein is synthesized by joining amino acids after readingthe strand of mRNA,
is called translation. In between these steps, the mRNA strand undergoes splic-
ing, where the introns, which are sequences that interrupt the coding regions, are
removed and the exons, the protein-coding regions, are joined together3.

Variation between individuals arises partly from differences in their DNA.
Changes in the DNA, called mutations, may arise as a result ofcopying errors
during cell division or after exposure to certain environmental factors (e.g., radi-
ation)4, and can be passed onto offspring when they occur in reproductive cells.
Large-scale mutations affecting the chromosomal structure include gene dupli-
cation, deletion of large chromosomal sections, chromosomal translocations and
chromosomal inversions. Small-scale mutations affectingone or a few nucleotides
include point mutations, insertions and deletions. Point mutations exchange one
nucleotide for another nucleotide, and may occur in coding as well as non-coding
regions of the DNA. Sequence variations where only a single nucleotide differs
between individuals in a population, are called single nucleotide polymorphisms
(SNPs). Point mutations in coding regions of a gene may be divided into three cat-
egories based on their effect on the protein4: 1) silent mutations when no amino
acid change results from the mutation, 2) missense mutations when the changed
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Chapter 1

codon codes for a different amino acid, and 3) nonsense mutations, which result
in a stop codon thereby truncating the protein. Another typeof mutations is in-
sertions where one or more nucleotides are added into the DNAsequence. This
may result in alternate splicing of the mRNA (splice site mutation), or cause a
shift in the reading frame (frameshift mutation)4. Therefore, insertions may lead
to a significantly altered protein. On the other hand, deletions occur when one or
more nucleotides are removed from the DNA sequence, therebyaltering the read-
ing frame of the gene when they occur in the coding region. This may also lead to
a significantly altered protein.

Cardiovascular disease

Cardiovascular disease is a major cause of death worldwide.The most impor-
tant underlying cause of cardiovascular disease is atherosclerosis of the vessels
(see Lusis5 and Libby6 for reviews). Atherosclerosis involves the accumulation
of lipids and fibrous elements in the large arteries. Early lesions of atheroscle-
rosis can usually be found in the arteries before the third decade of life. These
early lesions of atherosclerosis, known as fatty streaks, are mostly found at sites
of the vessel wall where blood flow is disturbed due to arterial branching or cur-
vature. At these sites, which show increased endothelial permeability to macro-
molecules, low density lipoprotein (LDL) may diffuse passively into the suben-
dothelial matrix, where it may be retained through molecular interactions. Within
the subendothelial matrix LDL undergoes modifications suchas oxidation, lipol-
ysis, proteolysis and aggregation. Monocytes and lymphocytes are recruited to
the vessel wall in reaction to the production of pro-inflammatory molecules by the
endothelial cells, which are triggered by the accumulationof minimally oxidized
low LDL. The entry of leukocytes into the artery wall is mediated by adhesion
molecules, cell surface proteins, and chemotactic factors. Inflammation may also
be modulated by hemodynamic forces, homocysteine levels, sex hormones and
diabetes. Once monocytes are in the arterial intima, they may differentiate into
macrophages, take up modified LDL and form foam cells. The formation of foam
cells may be inhibited by apoE, which is secreted by the macrophages and may
promote cholesterol efflux to high density lipoprotein (HDL). HDL plays a role
in the removal of excess cholesterol from the peripheral tissue, and is therefore
thought to exert a protective effect against atherosclerosis. The early lesions may
progress into fibrous plaques. These more advanced lesions are characterized by a
growing mass of extracellular lipid, mostly cholesterol and its ester, and by the ac-
cumulation of smooth muscle cells and smooth muscle cell-derived extracellular
matrix. Smooth muscle cell migration and proliferation andextracellular matrix
production is mediated by cytokines and growth factors secreted by macrophages
and T cells. Risk factors such as elevated homocysteine, hypertension and hor-
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General introduction

mones seem to contribute to the development of fibrous lesions. Atherosclerotic
lesions may eventually grow large enough to block the blood flow in the vessel.
However, the most important clinical complication of atherosclerosis is an acute
occlusion due to the formation of a thrombus or blood clot, which may result in
myocardial infarction or stroke. The development of thrombus-mediated acute
coronary events seems to depend principally on the composition and stability of
a plaque rather than the severity of stenosis. Inflammatory cells, calcification and
neovascularization may influence the stability of the plaque.

Several risk factors for cardiovascular disease, such as smoking and lack of
exercise, have been identified5. Besides these more ’traditional’ risk factors, there
has been a wide interest in investigating the relationship between genetic fac-
tors and cardiovascular disease, and between genetic factors and risk factors for
cardiovascular disease that show a strong genetic component, like elevated lev-
els of LDL, reduced levels of HDL, elevated blood pressure, diabetes, and many
more5,7. Twin studies have indicated that genetic effects are important in heart
disease as well as in most of its risk factors8. The identification of susceptibility
genes may increase our knowledge of the molecular pathophysiology of CAD,
assist in the identification of high-risk individuals and suggest new pathways for
drug development9. The number of candidate genes involved in the development
and progression of atherosclerosis and therefore in cardiovascular disease is large,
due to the fact that it involves numerous cell types and organs and a number of
disparate physiological processes8.

Studying the role of genetics in disease

The above illustrates the complex nature of cardiovasculardisease, involving,
among many others, genes in lipid metabolism, genes in inflammatory pathways,
and genes coding for regulatory and signaling proteins. Moreover, environmental
risk factors are also important. So far, genetic studies have successfully identi-
fied mutations that cause monogenetic ’Mendelian’ disorders like cystic fibrosis10

and Huntington disease11, but unfortunately similar successes have not been ob-
tained for complex diseases. However, recent developmentshave accelerated the
investigation of the genetic basis of complex disease. The first milestone was the
publication of the draft sequence of the human genome in Science and Nature
in February of 2001. Another important event was the publication of a haplotype
map of the human genome by the International HapMap Consortium12. Moreover,
as a result of the rapid development of high-troughput genotyping technologies,
such as the Affymetrix 500K array set, it is now possible to genotype individuals
for hundreds or thousands of polymorphisms for relatively low costs and effort.

Within the field of genetic epidemiology, two (complimentary) approaches to
investigate the genetic basic of disease can be distinguished, namely the family-
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based studies (including pedigree and sib-pair linkage studies) and the association
studies involving unrelated individuals. It has been suggested that association
studies are more powerful to detect genetic variants of modest effect compared to
linkage analysis13. However, in general it has been difficult to replicate findings
of genetic association studies of cardiovascular disease.It has been suggested
that small sample sizes and the total number of studies are more important predic-
tors for finding discrepancy between the first publication and subsequent research
than the statistical significance or magnitude of the effectthat was found14,15. Fur-
thermore, publication bias and failure to attribute results to chance may also con-
tribute to the failure to replicate results16. Due to this obvious lack of replication,
guidelines for designing and reporting genetic association studies have arisen17,18.
These guidelines and other recommendations highlight the need for sound study
designs and appropriate statistical analysis. Issues relating to the analysis of ge-
netic association studies include the ’curse of dimensionality’, multiple compar-
isons, population stratification, and missing genotype data.

Outline of thesis

This thesis focuses on applying existing epidemiological and statistical techniques
in genetic association studies investigating different aspects of cardiovascular dis-
ease, and of risk factors for cardiovascular disease. Analytical issues such as deal-
ing with the high dimensionality of the genotypic data and with missing genotypic
values will be highlighted.

High dimensionality of genotypic data

Since many genes are possibly involved in cardiovascular disease and technolog-
ical developments have made it possible to type individualsfor hundreds or even
thousands of SNPs, dimensionality problems become evidentvery quickly in ge-
netic association studies. Considering the complex natureof the disease, it would
be desirable to model all (possibly) interesting factors ina multivariate model.
However, when the number of variables outnumbers the numberof observations,
reliable estimation in multivariate statistical models isimpossible. That is, the
modeling of too many variables in multiple models results inoverfitting. Numer-
ous strategies can be and have been employed to deal with thisissue.

Two-step approach

One of the possibilities to try to avoid overfitting is to employ a two-step approach
to reduce the number of SNPs that are included in the multivariate model. The
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first step is employed to reduce the number of possibly interesting SNPs. Here, a
certain number of SNPs is selected from the total list of SNPsbased on a selection
criterium that was set prior to analysis. In the second stage, the selected SNPs are
then modeled in a multivariate analysis.

We applied this approach inChapter 2 to investigate the association between
SNPs located in candidate lipid genes and baseline triglyceride (TG) levels. The
selection of SNPs was based on statistically significant association between a SNP
and TG levels in over 50% of 1000 bootstrap samples. This method was used to
obtain a more robust selection of SNPs than would have been obtained when the
selection had been based on just the marginal effects of eachSNP. In the second
stage, the selected SNPs were modeled in a multivariate linear regression model.

Multiple testing correction

Another option to avoid overfitting in multiple models, is toanalyse all interest-
ing associations separately. However, this approach inflates the type I error rate,
leading to false positive findings, and it is therefore necessary to correct for this.
Several methods for correction are available. These can be roughly divided into
correction of the family wise error rate, such as the Bonferroni correction, and
correction of the false discovery rate19. Although the Bonferroni correction may
be the best known, the false discovery rate is thought to be less conservative and
therefore more powerful. InChapter 3, where we investigate whether gene-gene
interactions are associated with the risk of restenosis after percutaneous coronary
interventions, the false discovery rate is used to correct for multiple testing.

Haplotypes

When multiple SNPs are located on the same chromosome and they are in linkage
disequilibrium, it is possible to exploit this fact to reduce the dimensionality of the
data. That is, it is possible to construct haplotypes of these SNPs. Haplotypes are
combinations of alleles that are located on the same chromosome, and since less
haplotypes are usually present in a study population than theoretically possible,
they represent a way of dimensionality reduction. However,the analysis of haplo-
types in unrelated individuals is complicated by the fact that haplotypes cannot be
determined unambiguously in the multiple heterozygous individuals. Several al-
gorithms have been developed to estimate the haplotype frequencies in samples of
unrelated individuals20. These frequencies can then be used to calculate weights
for each possible haplotype pair of each individual. These weights can then be in-
corporated in a weighted log-likelihood approach as described by Tancket al.21.
Chapter 4 andchapter 5describe the generalization of this method, which jointly
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analyses the haplotype frequencies and the haplotype effects, to dichotomous out-
come data and time to event data, respectively.

Mutations as random effect

In chapter 6we investigate the influence of different LDL receptor (LDLR) gene
mutations on age at first cardiovascular event in familial hypercholesterolaemia
(FH) patients. Since over 700 mutations have been describedin theLDLR gene,
of which 86 were present in our sample, a frailty model was used in which the
differentLDLR mutations were incorporated as a random effect. The advantages
of this approach are that the frailty model is able to deal with the many different
categories associated with the different mutations, and that the model allows the
sizes of the individual groups to differ from group to group,and for group size
to be one. Therefore it is unnecessary to define groups including several different
mutations, prior to analysis.

Missing data

Chapter 7 deals with one of the first problems encountered when analysing ge-
netic association studies, namely the missing values usually present in genotypic
variables. These missing values usually arise in the laboratory due to lack of DNA
or inconclusive results. Although the number of missing values is usually low for
each genotyped SNP, the number of complete cases available for multiple regres-
sion reduces rapidly when more SNPs are analysed simultaneously.

The problems associated with missing data are by no means restricted to ge-
netic association studies, but present a problem for most types of (epidemiologi-
cal) studies. In 1987, Little and Rubin22 proposed a method of multiple imputa-
tion. The basic idea of this method is that several complete datasets are created
based on the observed data. Each of these datasets is then analysed, and the ob-
tained estimates are combined, resulting in one estimate with a standard error that
reflects the uncertainty about the missing values. In chapter 7 we investigate the
performance of this approach when applied to missing genotype data.
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Abstract

The objective of this paper was to identify the single nucleotide polymorphisms
(SNPs) that show unshared effects on plasma triglyceride (TG) levels and to inves-
tigate whether these SNPs show statistically independent effects on plasma (TG)
levels. In total, 59 polymorphisms in 20 genes involved in lipid metabolism were
investigated. Polymorphisms were selected for a multivariate ANOVA model if
they showed an univariate association with TG (after adjustment for HDL-C and
LDL-C) in more than50% of bootstrap samples that were made from the origi-
nal data. The multivariate model included 512 men with coronary artery disease
from the REGRESS study who were completely genotyped for eight polymor-
phisms selected in the univariate procedure (i.e.,APOA1 G(-75)A, ABCA1 C(-
477)T, ABCA1 G1051A,APOC3 T3206G,APOE Arg158Cys,LIPC C(-514)T,
LPL Asn291Ser andLPL Ser447Stop). The gene variantsAPOA1 G(-75)A (P =
0.04) andLPL Asn291Ser (P = 0.03) were significantly associated with plasma
TG levels in this multivariate analysis. The eight polymorphisms explained 8.9%
of the variation in plasma TG levels. In conclusion, this study showed statisti-
cally independent effects of gene variants in theAPOA1 andLPL genes on fasting
plasma levels of TG. Nevertheless, only a small part of variation in TG levels
could be explained by the polymorphisms.
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Polymorphisms associated with triglyceride levels

Introduction

High plasma triglyceride (TG) levels are a risk factor for coronary artery disease1.
The regulation of TG levels, and fat metabolism in general isa complex process in
which many enzymes, receptors and proteins play a role. For amore elaborate de-
scription of the TG level regulation, we refer to Gurr2 and Mead et al.3. In short,
the major carrier of triglycerides in (fasting) blood is very-low-density lipoprotein
(VLDL), which is mainly secreted by the liver2. TG from VLDL is hydrolysed
by lipoprotein lipase (LPL), which is associated with capillaries mostly in mus-
cle and adipose tissue3. The cells of these tissues take up fatty acids and VLDL
is degraded to intermediate density lipoprotein (IDL) and by further hydrolysis
to low-density lipoprotein (LDL)2,3. VLDL, like all lipoproteins, is coated with
phospholipids and apolipoproteins2. These apolipoproteins stabilize lipids in an
aqueous environment and recognize and interact with specific receptors on cell
surfaces2. There are a number of enzymes (e.g. LPL, CETP, PLTP, LCAT), trans-
port proteins (e.g. ABCA1) and receptors (e.g. SR-B1, LDL-receptor) that play
an important role in the transport and metabolism of TG and cholesterol2,4–6.

Fasting TG levels vary considerably between individuals. This variation can
be explained by a combination of environmental and genetic factors. Twin studies
have estimated the heritability of TG to be more than 50% (reviewed by Snieder
et al. 7). Several studies have investigated the effect of different polymorphisms
on plasma TG levels (e.g.,8–10). However, these studies were usually restricted
to one gene and one or a few polymorphisms within a gene. Whereas, given the
complexity of TG regulation, many genes probably play a role. Some of these
genes probably show (pleiotropic) effects on TG as well as onHDL-C or LDL-
C (which we call shared genes), while others do not (which we call unshared
genes). In this study we are interested in the effects of unshared genes. Arya et
al.11 show that in univariate linkage analysis, the power to detect the unshared
genes can be increased by incorporating other correlated traits as covariates. In
this view, covariates are used to intensify a genetic effectthat may be hidden by
the relationship between the phenotype and the covariate12. The same is true for
association studies where the power of detecting association between an unshared
gene (polymorphism) and a phenotype can be increased by reducing residual vari-
ation through including correlated traits as covariates13. The present study was
conducted to identify the single nucleotide polymorphisms(SNPs) that show un-
shared effects on plasma TG levels and to investigate whether these SNPs show
statistically independent effects (i.e., effects not caused by linkage disequilibrium
(LD)) on plasma TG levels.
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Methods

Study population

The REGRESS study was a double blind, placebo controlled, multicentre trial to
assess the effects of pravastatin on progression and regression of angiographically
documented coronary atherosclerosis. The study consistedof 884 unrelated Dutch
male patients with serum cholesterol between 4 and 8 mmol/l and TG levels lower
than 4.0 mmol/l. Details of the study design have been reported previously14.

Selection of genes/polymorphisms

Many polymorphisms in different candidate genes for cardiovascular disease have
been determined in the REGRESS study. We identified 20 (candidate) genes that
are reported to be involved in lipid metabolism. The 59 polymorphisms that were
available in these 20 genes and for which at least 600 patients had been genotyped,
were analysed in the present study (see Table 2.1).

Table 2.1.The 59 polymorphisms examined in this study

Frequency of least % bootstrap samples
Gene Polymorphism common allele whereP < 0.05

APOA1 G(-75)A 0.105 86.2
C83T 0.029 12.5

APOC3 C(-641)A 0.421 18.7
C(-482)T 0.246 10.7
T(-455)C 0.339 6.7
C1100T 0.260 29.1
C3175G (SstI) 0.087 12.3
T3206G 0.336 61.5

APOA4 Thr347Ser 0.169 10.1
Gln360His 0.080 37.6

APOA5 T(-1131)C 0.070 42.3
Ser19Trp 0.072 36.5

APOB Thr71Ile 0.288 16.0
Arg3500Gln 0.001 0.0

APOE Cys112Arg 0.167 9.9
Arg158Cys 0.072 85.6

ABCA1 C(-477)T 0.448 54.7
C17G 0.323 41.5
G1051A 0.255 89.1
G2706A 0.029 32.6
A2715C 0.003 16.4
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G2868A 0.080 3.0
G3911C 0.026 11.6
G5155A 0.259 30.9

CETP G(-2708)A 0.310 14.1
G(-972)A 0.490 7.6
C(-630)A 0.079 6.6
C(-629)A 0.437 9.6
Ile405Val 0.281 17.3
Asp442Gly 0.001 0.0
CCC784A 0.390 8.0
ECONI 0.532 6.8
MSPI 0.182 6.4
TAQIB 0.399 9.9

CYP7A1 A278C 0.374 10.7
LCAT Ser208Thr 0.030 16.1
LDLR C1959T 0.449 11.4

NCOI 0.295 6.6
TAQI 0.090 11.4

LIPC T(-710)C 0.213 49.3
C(-514)T 0.213 66.5

LPA C93T 0.118 6.0
G121A 0.124 29.1

LPL T(-93)G 0.018 41.0
Asp9Asn 0.024 18.0
Asn291Ser 0.029 60.2
Ser447Stop 0.095 63.6
HIND3 0.289 19.9
PVUI 0.491 36.2

MTP G(-493)T 0.267 5.6
PON1 Leu55Met 0.367 25.1

Gln192Arg 0.290 41.3
PON2 Ser311Cys 0.234 12.3
PPARA G2176A 0.078 4.7

Leu162Val 0.057 30.7
PPARG Pro12Ala 0.113 13.5
SCARB1 Gly2Ser 0.086 5.2

C1050T 0.485 34.2
Intron 5 (C/T) 0.086 21.3
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Biochemical and DNA analysis

All lipid laboratory tests were carried out at the Lipid Reference Laboratory.
Serum cholesterol, high-density lipoprotein cholesterol(HDL-C), and triglyc-
erides were measured in fasting blood samples by standard techniques and LDL
was calculated according to the Friedewald formula14.

Within REGRESS, patients have been genotyped for several polymorphisms
in genes associated with lipid metabolism. The genotypes were obtained as de-
scribed earlier9,15–32.

Statistical analysis

A χ2 test with one degree of freedom was performed to evaluate whether the
genotype counts of the selected polymorphisms were different from those ex-
pected under Hardy-Weinberg equilibrium. Baseline TG values were logarithmi-
cally transformed to represent a normal distribution. All analyses were performed
with the transformed values, but the geometric means and their 95% confidence
intervals (CI) are presented. All statistical analyses have been performed using
the SAS System (version 8.2 for Windows). In general, genotyping of many poly-
morphisms leads to few completely genotyped individuals. In this study, the 59
available polymorphisms could not be analysed simultaneously in a multivariate
model due to missing values (i.e., too few completely genotyped patients were
available). Therefore, a polymorphism selection process preceded the multivari-
ate model. This was done in the following way, based on an ideaof Hoh et al.33.
A thousand bootstrap samples were made from the original data set. In each set,
each polymorphism was tested for its effect on TG while the model was adjusted
for HDL-C baseline and low-density lipoprotein cholesterol (LDL-C) baseline
values (i.e., to increase the power to detect unshared effects). A polymorphism
was selected for further analyses if a statistically significant (P < 0.05) asso-
ciation was found in more than 50% of the bootstrap samples. The bootstrap
method was used to minimize the effect of very influential patients and possible
departures from ANOVA model. Thus, a more robust selection of polymorphisms
was made. The selected polymorphisms were analysed together in a multivariate
model, which was again adjusted for HDL-C and LDL-C. This wasdone, both
in the patients from the original REGRESS study that were completely genotyped
for the selected polymorphisms, as well as in the thousand bootstrap samples, sim-
ilar to the univariate procedure. To evaluate whether possible loss of significance
in the multivariate analyses was not just an effect of loss ofpatients compared to
the univariate analyses, we also calculated the univariatep-value in the patients
that were completely genotyped for the selected polymorphisms.

For the selected polymorphisms, all possible two-way gene-gene interactions
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were assessed by backward selection. The main effect of the selected polymor-
phisms as well as HDL-C and LDL-C were forced into the model.

To examine whether the patients available for multivariateanalysis differed
from the others for baseline characteristics, comparisonsbetween selected (i.e.,
those that are completely genotyped for the polymorphisms in the multivariate
model) and not selected individuals were made with t-tests for age, body mass
index (BMI) and baseline lipid values (total cholesterol, HDL-C, LDL-C and TG)
and withχ2 tests (or Fisher’s exact where appropriate) for history of smoking,
smoking presently, use of several drugs (i.e., nitrates, beta blockers, CA inhibitors
and ACE inhibitors) and genotype counts.

Results

A total of 59 polymorphisms have been examined in this study (Table 2.1). Eight
polymorphisms were significantly associated with TG after adjustment for HDL-
C and LDL-C in more than 50% of the bootstrap samples. These were APOA1
G(-75)A,ABCA1 C(-477)T,ABCA1 G1051A,APOC3 T3206G,APOE Arg158Cys,
LIPC C(-514)T,LPL Asn291Ser andLPL Ser447Stop. The eight polymorphisms
were then analysed together in a multivariate analysis, which included a total of
512 men, who were completely genotyped for the eight polymorphisms. Their
baseline characteristics are presented in Table 2.2. These512 men were not sta-
tistically significantly different for age, BMI, total cholesterol, HDL-C, LDL-C
and TG baseline levels, history of smoking, present smokingor intake of nitrates,
beta blockers, CA inhibitors and ACE inhibitors, from the 372 men that were not
available for multivariate analysis. Genotype counts of the eight polymorphisms
selected for multivariate analyses differed between thesetwo groups forAPOA1
G(-75)A (p < 0.001), but were comparable for the other polymorphisms. Ex-
ceptABCA1 C(-477)T,ABCA1 G1051A andLPL Asn291Ser, the observed geno-
type counts were not statistically significantly differentfrom those expected under
Hardy-Weinberg equilibrium.

In the multivariate analysisAPOA1 G(-75)A (P = 0.04) andLPL Asn291Ser
(P = 0.03) were statistically significantly associated with TG (Table 2.3). These
were also statistically significantly associated in more than 50% of the multivariate
analyses in the bootstrap samples and in the univariate analysis in the 512 com-
plete cases (Table 2.3).APOC3 T3206G andLPL Ser447Stop were statistically
significantly associated with TG in the univariate analysisin the 512 complete
cases (P = 0.03 and P = 0.02 respectively), but were not in the multivari-
ate analyses.ABCA1 C(-477)T,ABCA1 G1051A,APOE Arg158Cys andLIPC
C(-514)T were not statistically significantly associated with TG in the univari-
ate analysis in the 512 complete cases or in the multivariateanalyses (Table 2.3).
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Table 2.2.Baseline characteristics of the patients in the multivariate analyses (n = 512)
Characteristic Selected population

(n = 512)
Age (years) (mean± SD) 55.8± 8.0
BMI (kg/m2) (mean± SD) 26.0± 2.7
Total cholesterol (mmol/l) (mean± SD) 6.0± 0.9
HDL (mmol/l) (mean± SD) 0.9± 0.2
LDL (mmol/l) (mean± SD) 4.3± 0.8
Triglycerides (mmol/l) (median (range)) 1.7 (3.6)

Mean TG values (95% CI) and number of cases per genotype for the eight poly-
morphisms are also presented in Table 2.3. In the multivariate analysis, after
correction for HDL-C and LDL-C, the polymorphisms explained 8.9% of the re-
maining variation of baseline TG values.

A statistically significant gene-gene interaction betweenABCA1 C(-477)T and
APOC3 T3206G (P = 0.03) was found. The other gene-gene interactions did not
reach statistical significance. When this interaction was included in the multi-
variate model, the main effects of the polymorphisms and interaction together
explained 11.1% of the remaining variation of baseline TG values.

Using the two statistically significantly associated polymorphisms (i.e.,
APOA1 G(-75)A andLPL Asn291Ser), a distinction is possible between two ge-
netic subgroups with clinically relevant differences in TGvalues. The 471 pa-
tients, who were homozygous wildtype or heterozygous forAPOA1 G(-75)A and
homozygous wildtype forLPL Asn291Ser, had mean TG level of 1.61 mmol/l.
In contrast, the 41 patients with at least one ’deleterious’genotype (i.e., homozy-
gous mutant forAPOA1 G(-75)A or heterozygous or homozygous mutant forLPL
Asn291Ser) had average TG levels of 2.14 mmol/l.

Discussion

This study investigated the effect of multiple SNPs on plasma TG levels. The
APOA1 G(-75)A andLPL Asn291Ser polymorphisms were statistically indepen-
dently related to plasma TG values.APOC3 T3206G (in LD with APOA1 G(-75)A)
andLPL Ser447Stop did not show independent effects. No firm conclusion can
be drawn aboutABCA1 C(-477)T,ABCA1 G1051T,APOE Arg158Cys andLIPC
C(-514)T, because their lack of significance in the multivariate model might be
caused by loss of power. The bootstrapping method we used to identify polymor-
phisms with an unshared effect on TG does not account for polymorphisms that
only have significant effects when taking into account the effect of other polymor-
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Table 2.3.Genotype counts and TG levels as well as results from univariate and multivariate analyses for eight selected polymorphisms

Homozygous wildtype Heterozygous Homozygous mutant Univariate Multivariate Multivariate
Meana N Meana N Meana N p-valueb p-valueb % bootstrap samples

(95% CI) (95% CI) (95% CI) where p< 0.05

APOA1 1.63 394 1.63 107 2.49 11 0.02 0.04 64.3
G(-75)A (1.56-1.70) (1.51-1.77) (2.25-2.77)
ABCA1 1.58 142 1.67 281 1.66 89 0.22 0.15 34.9
C(-477)T (1.47-1.71) (1.59-1.76) (1.52-1.82)
ABCA1 1.66 277 1.65 218 1.34 17 0.21 0.13 40.8
G1051A (1.58-1.75) (1.56-1.76) (1.12-1.60)
APOC3 1.55 227 1.72 222 1.77 63 0.03 0.10 45.5
T3206G (1.46-1.64) (1.62-1.82) (1.59-1.97)
APOE 1.63 446 1.78 64 1.60 2 0.13 0.13 48.1
Arg158Cys (1.56-1.70) (1.60-1.97) (0.78-3.26)
LIPC 1.61 320 1.71 168 1.70 24 0.18 0.13 44.0
C(-514)T (1.53-1.69) (1.60-1.82) (1.45-1.98)
LPL 1.63 482 1.97 28 2.76 2 0.03 0.03 64.8
Asn291Ser (1.56-1.69) (1.76-2.22) (1.69-4.52)
LPL 1.67 421 1.52 85 2.14 6 0.02 0.14 36.9
Ser447Stop (1.60-1.74) (1.38-1.67) (1.45-3.14)
a TG levels are presented as geometric mean and 95% confidence interval (CI); b In total, 512 complete cases.
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phisms nor does it identify gene-gene interactions withoutmarginal effects. These
kinds of effects are likely in a biological system such as lipid metabolism, but the
problem of missing data, which is very common in genetic association studies,
prevented us from investigating these aspects.

To investigate whether the difference in genotype counts between selected and
not selected cases forAPOA1 G(-75)A influenced the results, we performed mul-
tiple imputation of the missing genotypes of polymorphismsin all 686 patients
of whom theAPOA1 G(-75)A polymorphism was available, and subsequently we
performed the same multivariate regression analysis on all686 patients. We found
again thatAPOA1 G(-75)A was statistically significantly associated with TGin
this multivariate analysis and that parameter estimates were very similar to the
parameter estimates from analysis with the set of 512 patients (data not shown).
Therefore, we conclude that the effect ofAPOA1 G(-75)A was estimated correctly.

Three of the eight polymorphisms (i.e.,ABCA1 C(-477)T,ABCA1 G1051A
and LPL Asn291Ser) selected for the multivariate analyses showed deviations
from Hardy-Weinberg equilibrium. In general, deviations from Hardy-Weinberg
equilibrium may point to genotyping errors, subpopulationstructure or they might
occur when the study population is not a random selection of the general popu-
lation. Since we observed an excess of heterozygotes instead of homozygotes,
the deviations from Hardy-Weinberg equilibrium are unlikely caused by geno-
typing errors. Furthermore, if genotyping errors were present, this would proba-
bly decrease power to detect association, since genotypingerrors introduce more
noise. We checked whether subpopulation structure was present with the method
of Pritchard et al.34, but this did not seem to be the case. The subjects in this study
all have established coronary artery disease and, therefore, the study population is
not a random selection of the general population. This mighthave caused devia-
tions from Hardy-Weinberg equilibrium. Even so, these deviations from Hardy-
Weinberg equilibrium are less relevant to our study since our statistical analyses
nowhere assume Hardy-Weinberg equilibrium as we investigate genotype effects
and not allele effects.

Homozygous carriers of the A allele inAPOA1 G(-75)A showed higher levels
of TG. This was also found by Xu et al.35, but other studies found no associ-
ation betweenAPOA1 G(-75)A and TG levels36,37. APOA1 G(-75)A is located
in the promoter region of theAPOA1 gene and could therefore influence the ex-
pression of theAPOA1 gene. Whether this polymorphism is functional or in LD
with a functional polymorphism is uncertain. A possible biological explanation
of how this gene variation elevates plasma TG levels is that the binding capacity
of the protein to lipases is impaired, resulting in decreased lipolysis and elevated
plasma TG levels. On the other hand, Yamamoto et al.38 showed that apolipopro-
tein C-III, apolipoprotein E and apolipoprotein A-I work asa potential inhibitor
for the LPL-mediated lipolysis of TG-rich emulsions. This implies that elevated
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lipoprotein levels in blood lead to elevated TG levels. ForAPOA1 G(-75)A, re-
sults concerning the effects of this SNP on apolipoprotein A-I levels are incon-
sistent24,36,39–41. In the present study, no data were available on plasma levels of
apolipoproteins. Therefore, the association between theAPOA1 G(-75)A poly-
morphism and plasma levels of apolipoproteins could not be studied.

In this study, carriers of theLPL Asn291Ser mutant allele showed higher lev-
els of TG. Several studies found a similar association8,42–44, while others did not
find an association betweenLPL Asn291Ser and TG levels45,46. Carriers ofLPL
Asn291Ser are found to have modest decreases of LPL activityand higher TG
levels47. In the present study, data on LPL activity were available. Carriers of
the least common allele in theLPL Asn291Ser polymorphism showed lower LPL
activity, but this was not statistically significant (P = 0.17).

It is often found in association studies that effects of polymorphisms differ be-
tween men and women (e.g. by Dallongeville et al.48) and between different eth-
nic groups. Therefore, generalization of the results to healthy individuals, women
or ethnic groups other than Caucasian is difficult since thisis a study with Cau-
casian male patients with established coronary artery disease. The sample of men
with CAD was chosen, because high TG is a known risk factor forCAD and
therefore, rare genotypes will probably have an increased prevalence in such a
population. The fact that men were included in the study based on their base-
line total cholesterol value poses another problem with generalization to the broad
population. The patients all had screening total cholesterol levels between 4.0
and 8.0 mmol/l and therefore these men are not fully representative of the general
population. The maximum TG value in the REGRESS population is 4.0 mmol/l.
However, using mean and SD for TG from the Framingham Offspring Study10

and the STANILAS cohort49, it is estimated that only 2% of the population had
fasting TG levels above 4 mmol/l.

In this study, an explained variance of approximately 9% wasfound. This
percentage is small compared to a heritability of more than 50% that is estimated
by twin studies. To identify genes that have previously beenassociated with TG,
we performed a search in Pubmed (MESH headings: polymorphism or mutation
and triglycerides) and OMIN (keyword: triglyceride). Thissearch identified 30
genes of which eight were not directly involved in lipid metabolism (e.g.,ACE,
interleukin-6). Of the remaining 22 genes, only five had not been analysed in
the present study (i.e.,APOH, APOA2, FABP2, FATP, VLDLR). Besides these
17 genes, we also analysed three additional genes involved in lipid metabolism
(i.e., LCAT, PON1 andPON2). Therefore, the most important candidate genes
were included in the present study. Nevertheless, there could be a number of
reasons why only a minor part of variation in TG levels could be explained in our
study. Probably environmental factors are very important in determining variation
in TG levels and the heritability of more than 50% may be an overestimation.
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Possibly, (complex) gene-gene interactions or presently unknown genes influence
plasma TG levels. The REGRESS study was conducted to evaluate the effect of
pravastatin, a lipid-lowering drug. In the present study, baseline TG values were
used for analyses, so the results are not biased by the treatment effect.

In conclusion, significant evidence for statistically independent effects of gene
variants in theAPOA1 and LPL gene on fasting plasma levels of TG has been
provided by this study. However, only a small part of variation in TG levels could
be explained by the gene variants. Therefore, it can be concluded that a large
part of the variation in TG is caused by environmental factors and unknown gene
variants.
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Abstract

The objective of this study was to determine whether gene-gene interactions are
associated with the risk of target vessel revascularisation (TVR) after percuta-
neous coronary interventions to identify subsets of patients at increased risk of
restenosis. The study consisted of 3104 patients enrolled in the GENetic DEter-
minants of Restenosis (GENDER) project. GENDER is a prospective multicenter
follow-up study to evaluate various gene polymorphisms in association with clini-
cal restenosis. The median follow-up duration was 9.6 months (interquartile range
3.9), and 304 patients needed TVR. A total of 119 polymorphisms was included
in the present analysis. Cox regression analysis followed by a likelihood ratio test
was used to test each two-way interaction separately, and the false discovery rate
(FDR) was calculated to correct for multiple testing. In total, 404 interaction mod-
els were statistically significantly associated with TVR (P-values< 0.05), which
was more than the 367 that were estimated to be present by chance based on a
permutation analysis. When fixing the FDR to 5%, the interaction betweenCCR5
59029G>A and LPA 93C>T remained statistically significantly associated with
the risk of TVR (q = 0.04). In conclusion, gene-gene interactions, and in particu-
lar the interaction betweenCCR5 59029G>A andLPA 93C>T, may be important
in classifying individuals for their risk of restenosis after PCI, but further study is
required.
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Introduction

Restenosis remains a major problem after percutaneous coronary interventions
(PCI)1. Therefore, identifying subsets of patients at increased risk of resteno-
sis would be useful, since these patients could benefit from additional treatment
modalities or other therapeutic options2.

Several factors have been related to risk of restenosis. Patients with diabetes,
for instance, have a higher rate of restenosis3. Procedural-related variables like
stented length and number of stents have also been associated with risk of resteno-
sis1. Besides these clinical and acquired factors, the role of genetic factors has also
been investigated extensively2,4. Since restenosis is a multifactorial process, it is
likely that many different genes are involved, and these genes may interact with
each other5. Only a few studies have looked at gene-gene interactions inrelation
to restenosis. Van Bockxmeer et al.6 reported an interaction between theACE
insertion/deletion polymorphism and theAPOE genotype: a significant effect of
theACE genotype was found in carriers of the e4 allele ofAPOE, but not in non-
carriers of this allele. Monraats et al.7 found a statistical significant interaction
betweenTCF7 Pro19Thr andCSF2 Ile117Thr.

However, an extensive search for gene-gene interactions associated with the
risk of restenosis has not been performed so far. Therefore,the objective of the
present study is to determine whether gene-gene interactions can be identified that
are associated with the risk of target vessel revascularisation (TVR) after percuta-
neous coronary interventions.

Methods

Study population

The GENetic DEterminants of Restenosis (GENDER) project was designed as a
prospective multicenter follow-up study to evaluate various gene polymorphisms
in association with clinical restenosis. Details of the study have been described
previously8. In short, patients were eligible for inclusion if they weresuccessfully
treated for stable angina, non-ST elevation acute coronarysyndromes or silent is-
chemia with PTCA. Patients treated for acute ST elevation myocardial infarction
were excluded. Balloon angioplasty and intracoronary stenting were performed
with standard techniques using the radial or femoral approach. The use of intra-
coronary stents and additional medication, such as glycoprotein IIb/IIIa inhibitors
was at the discretion of the operator. If a stent was implanted, patients received
either ticlopidin or clopidigrel for at least one month following the procedure de-
pending on local practice.
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Follow-up was complete in 3146 patients with a median duration of 9.6 months
(interquartile range 3.9). An event was defined as TVR eitherby repeat PTCA
or CABG. An independent clinical events committee of experienced cardiologists
adjudicated the clinical events. Events occurring within one month were classified
separately (n = 42), since these events are more likely attributable to sub-acute
stent thrombosis or occluding dissections. Therefore, a total of 3104 patients were
included in the present analysis.

The study protocol conforms to the Declaration of Helsinki and was approved
by the ethics committees of each participating institution. Written informed con-
sent was obtained from each participant before the PTCA procedure.

Genetic analysis

A total of 119 polymorphisms was investigated in this study (see Table 3.1). Blood
was collected in EDTA tubes at baseline and genomic DNA was extracted using
standard procedures. Most SNPs were determined using multilocus genotyping
assays for markers of inflammation and cardiovascular disease (Roche Molecu-
lar Systems, Alameda, California, USA)9,10. Genotypic procedures have been
described in more detail previously7,11,12. Operators blinded to restenosis status
performed genotyping. As quality control, the PCR procedure was replicated in
approximately 10% of the samples. Two independent observers scored the geno-
types. Disagreement (<1%) was resolved by further joint reading, and when nec-
essary, genotyping was repeated.

Statistical analysis

To evaluate whether the genotype counts of the polymorphisms deviated from
those expected under Hardy-Weinberg equilibrium (HWE),χ2 tests with one de-
gree of freedom were performed.

Cox regression models were constructed to identify two-waygene-gene inter-
actions associated with the risk of TVR. For each pair of polymorphisms a main
effects model was analysed, which included dummy variablesof both polymor-
phisms for the heterozygotes and the homozygotes for the rare allele (i.e., at most
four dummy variables included for two biallelic polymorphisms). Next, a full in-
teraction model was constructed includingn−1 dummy variables forn categories
(e.g., a 3x3 table of observed genotypes is represented by eight dummy variables).
Subsequently, the likelihood ratio test was carried out foreach pair of polymor-
phisms testing whether the interaction model was statistically significantly better
than the main effects model. The obtained p-values were corrected for multiple
testing by calculating the false discovery rate (FDR)13. P-values obtained with
FDR are called q-values. Because the tests were not completely independent a

36



Gene-gene interactions and restenosis

Table 3.1.The 119 polymorphisms investigated in this study

Gene Polymorphism Gene Polymorphism Gene Polymorphism
ADRB2 T164I CASP1 5352G>A NOS3 -948A>G

R16G IL1A -889T>C E298D
Q27E IL1B 105C>T -690C>T

ADRB3 W64R 1423C>T -922A>G
ADD1 G460W IL10 -571C>A NPPA 2238T>C
ACE Ins/Del -2849G>A 664G>A b

AGT M235T -1082G>A P2RY12 c.-281-1394A>T
AGTR1 1166A>C +4259A>G c.-217+2739T>C
APOA4 T347S -592C>A c.-281-3614C>T

Q360H IL13 4045C>T c.-216-4445A>G
APOB T71I IL1R1 7464C>G c.-15+742T>C
APOC3 1100C>T IL4R S478P PAI1 2488delG (5G/4G)

3175C>G, SstI I50V 11053G>T
3206T>G Q576R PON1 Q192R
-455T>C IL4 -589C>T L55M
-482C>T IL5RA -80G>A PON2 S311C
-641C>A IL6 -174G>C PPARG P12A

APOE C112R (E4) -572G>C PTPN22 R620W
R158C (E2) IL9 T113M CCL11 -1328G>A

CD14 -260C>T ITGA2 873G>A A23T
C3 R102G ITGB3 L33P SCNN1A W493Rb

C5 I802V LDLR NcoI+/- (A/G) A663T
CCR2 V62I LIPC -480C>T CXCL12 880G>A
CCR3 P39Lb LPA 121G>A SELE S149R
CCR5 580-611delc 93C>T S128R

59029G>A LPL N291Sb L554Fb

CETP I405V S447X SELP S330N
TaqIB +/- (G/A) D9Nb V640L

CSF2 I117T -93T>G b TCF7 P19T
CTLA4 T17A LTC4S -444A>C TGFB1 -509C>T

-318C>T LTA 1069A>G TNF -238G>A b

F2 20210G>A b T26N -308G>A
F5 R506Qa,b MMP3 -1171 5A/6A -1031T>C
F7 R353Q MMP9 3888A>G b -376G>A b

-323insd -1912A>G b -857C>T
FCER1A E237Gb 6204A>G UGB +38G>A
FGB -455G>A 4165A>G VCAM1 -1594T>C
GNB3 825C>T 4840C>G b VDR M1T
ICAM1 G241R MTHFR 677C>T BsmI (A/G)

G214R NOS2A 346C>T
a 1691G/A; Factor V Leiden; b These have been recoded: homozygous mutants are joint
with heterozygotes; c 580-611delGTCAGTATCAATTCTGGAAGAATTTCCAGACA;
d -323insCCTATATCCT
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permutation analysis was performed to estimate the expected number of false pos-
itives and to obtain an empirical distribution of the likelihood ratio test under the
null hypothesis of no association of the statistically significant interactions.

Follow-up started after PCI and ended at the date of TVR. Subjects without
TVR were censored at the date of the last follow-up visit. When less than ten
individuals were homozygous for the rare allele of a certainpolymorphism, these
subjects were taken together with the heterozygotes. Survival curves were con-
structed using the Kaplan-Meier method. All tests were two-sided. We decided to
limit the FDR to 5%. All analyses were performed with the SAS system (version
9.1 for Windows).

Results

The baseline characteristics of the study population are presented in Table 3.2.
Three-hundred-and-four patients needed TVR. Of the 119 polymorphisms, 23
were not in HWE (P < 0.05). Of the 7021 (i.e., 119x118/2) possible two-way
interactions, six were not considered in the analysis sincethe interaction model
was identical to the main effects model. Therefore, 7015 likelihood ratio tests
were performed. Before multiple testing correction, 404 interaction models were
statistically significantly better than their corresponding main effects models (i.e.,
all P-values< 0.05). A histogram of all the P-values is shown in Figure 3.1.
The expected number of false positives is estimated to be 367based on the per-
mutation analysis. After correction for multiple testing only one of these inter-
actions remained significant, namely the interaction between the chemokine re-
ceptor 5 (CCR5) 59029G>A promotor polymorphism and the apolipoprotein(a)
(LPA) 93C>T polymorphism (q = 0.04). The 10 interactions with the smallest P-
values before multiple testing correction are shown in Table 3.3 (both uncorrected
and corrected P-values are displayed). Furthermore, we obtained an empirical
distribution of the likelihood ratio test statistics of theinteraction betweenCCR5
59029G>A andLPA 93C>T by 1000 permutations. A histogram of the likelihood
ratios obtained with permutation is shown in Figure 3.2. Thelikelihood ratio test
statistic for the interaction between theCCR5 andLPA polymorphisms was 29.7.
As can be seen in Figure 3.2 none of the likelihood ratios obtained by permutation
were larger than the value from the interaction test.

The third and fourth column of Table 3.4 show the number of subjects and
number of events in each of the categories of theCCR5 andLPA polymorphisms,
respectively. No events were observed for the subjects who were homozygous for
the T allele of theLPA polymorphism and either homozygous for the G allele or
heterozygous for theCCR5 polymorphism. Therefore, the hazard is zero in these
categories and the hazard ratios (HRs) compared to the reference categories are
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Table 3.2.Baseline characteristics of the study population (n = 3104)

Characteristic
Age (years) 62.1± 10.7
Males 71.4%
BMI (kg/m2) 27.0± 3.9
Current smoker 24.5%
Diabetes 14.6%
Hypercholesterolemia 60.9%
Hypertension 40.6%
Stenting 74.4%
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Figure 3.1. A histogram of the 7015 p-values obtained from the gene-geneinteraction
analyses.
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Table 3.3. The 10 interactions with the smallest uncorrected p-
values

Interaction p qa

CCR5 59029G>A * LPA 93C>T 5.59373E-6 0.039
IL1R 7464C>G * P2RY12 c.-15+742T>C 0.0001 0.312
IL10 -1082G>A * SELP V640L 0.0001 0.312
ADRB2 T164I * IL5RA -80G>A 0.0002 0.314
MMP9 4840C>G * TCF7 P19T 0.0003 0.399
ADRB2 R16G * F5 R506Q 0.0004 0.399
PAI 2488delG (5G/4G) *SCNN1A W493R 0.0004 0.399
ADRB2 Q27E * F5 R506Q 0.0005 0.399
APOC3 1100C>T * GNB3 825C>T 0.0006 0.436
IL6 -572G>C * P2RY12 c.-15+742T>C 0.0007 0.436
a q indicates the p-value corrected with the FDR method

0.1 2.4 4.7 7.1 9.4 11.7 14.0 16.4 18.7 21.0 23.3
Likelihood ratio test statistics
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30
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Figure 3.2. Histogram of the 1000 likelihood ratio test statistics for the interaction be-
tweenCCR5 59029G>A andLPA 93C>T obtained by permutation
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Table 3.4. The number of subjects, number of events, hazard ratios and the 95% confi-
dence intervals for the interaction model ofCCR5 59029G>A andLPA 93C>T

CCR5 59029G>A LPA 93C>T N events HR (95% CI)
GG CC 594 73 reference

CT 255 21 0.66 (0.40–1.07)
TT 18 0 0 (-)

GA CC 1052 87 0.66 (0.48–0.90)
CT 429 46 0.87 (0.60–1.26)
TT 28 0 0 (-)

AA CC 419 43 0.82 (0.56–1.19)
CT 153 14 0.72 (0.41–1.28)
TT 13 7 5.34 (2.46–11.61)

zero as well. The HRs and their 95% confidence intervals (CIs)of the remain-
ing categories are shown in the last column of Table 3.4. The subjects who were
homozygous carriers of the C allele of theLPA polymorphism and heterozygous
for the CCR5 promotor polymorphism showed a statistically significantly lower
risk of TVR compared to subjects who were homozygous for the most frequent
allele of both polymorphisms (HR: 0.66;P < 0.01). Subjects who were homozy-
gous carriers of the rare allele of both polymorphisms showed an increased risk of
TVR compared to subjects carrying two copies of the most frequent allele (HR:
5.34;P < 0.0001). Figure 3.3 illustrates the difference in survival between the
individuals homozygous for the rare allele of both polymorphisms and the other
individuals in the study.

The main effects model of theCCR5 andLPA polymorphisms showed no sig-
nificant effects. For theCCR5 promotor polymorphism, the HRs were, compared
to GG-carriers, 0.81 (95% CI: 0.62–1.05) and 1.00 (95% CI: 0.73–1.38) for the
heterozygotes and the AA-carriers, respectively. ForLPA, the HR of the heterozy-
gotes was 0.99 (95% CI: 0.76–1.28) and the HR of the homozygous T-carriers
was 1.14 (95% CI: 0.54–2.42), both compared to the CC-carriers.

Discussion

The present study tried to identify gene-gene interactionsassociated with TVR
after PCI in a prospective follow-up study. In total, 404 interactions were sig-
nificantly associated with TVR, which was more than expectedby chance (the
expected number of false positive associations was estimated to be 367). After
calculating the FDR, the interaction betweenCCR5 59029G>A andLPA 93C>T
remained statistically significantly associated with the risk of TVR. Permutation
analysis supports the idea that this may be an important interaction for risk clas-
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Figure 3.3. Kaplan-Meier survival curve of individuals homozygous forthe rare allele of
bothCCR5 59029G>A andLPA 93C>T (lower line) versus all others (topmost line).
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sification. Furthermore, the Kaplan-Meier plot clearly shows a decreased event
free survival for individuals who are homozygous for theCCR5 andLPA poly-
morphisms.

CCR5 is involved in the migration of CCR5-expressing cells to sites of in-
fection or inflammation14. T cells, natural killer cells, monocytes, macrophages
and dendritic cells can express CCR5. When chemokines (suchas macrophage
inflammatory protein-1α (MIP-1α), MIP-1β, and regulated upon activation nor-
mally T-cell expressed and secreted (RANTES)) bind to CCR5,these cells can be
activated and induced to migrate14. Furthermore, CCR5 was shown to be present
in atherosclerotic plaques15. The 59029G>A polymorphism was first described
by McDermott et al.16. They reported that the in-vitro promotor activity of the G
allele was 45% lower than that of the A allele.

Lipoprotein(a) consists of a low density lipoprotein (LDL)particle and a single
glycoprotein, apolipoprotein(a) (apo(a)), which is linked by a disulfide bond to
apolipoprotein B-10017,18. Ninety-one percent of the variation of plasma Lp(a)
levels among individuals is attributable to genetic variation in the apo(a) gene19.
Lp(a) levels were not associated with restenosis in most studies20–28, but results
were not unequivocal29–32. The substitution of C by T inLPA 93C>T led to a
negative regulation of the apo(a) gene33, but others studies did not establish an
association between this polymorphism and Lp(a) plasma concentrations34,35.

The present study should be regarded as hypothesis generating, and therefore,
the results need to be replicated in future studies. A limitation of the present study
is that the 119 polymorphisms that were investigated do not cover all the variation
in the genome that is possibly associated with TVR. However,the candidate gene
approach was the most practical approach and linkage disequilibrium between the
observed and unobserved polymorphisms will have increasedthe coverage. Other
possible limitations of the present study include the absence of angiographic data
on all patients and the fact that the study was conducted in White patients, which
means that extrapolation of the findings to other ethnic groups should be done
with great caution.

The FDR of Benjamini and Hochberg13 was calculated to correct for multiple
testing. This method is regarded as more powerful than for instance the Bon-
ferroni correction, since it is less conservative. However, when using the FDR,
the smallest P-values is multiplied by the number of tests and then divided by its
rank number (which is one), and therefore, the correction ofthe smallest P-value
is identical to the Bonferroni correction. Consequently, the results of this study,
given that we found only one significant interaction, would have been identical
had we used the Bonferroni correction instead of the FDR.

The genotype counts of 23 of the 119 polymorphisms deviated from those ex-
pected under HWE. In general, deviations from HWE might occur when the study
population is not a random selection of the general population, or they may point
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to genotyping errors or subpopulation structure. Our studypopulation, which is a
sample of patients undergoing PCI procedures, is not a random sample of the gen-
eral population, which might explain the deviations from HWE that were found.

In conclusion, the present analysis indicates that gene-gene interactions, and
in particular the interaction betweenCCR5 59029G>A andLPA 93C>T, may be
important in classifying individuals for their risk of restenosis after PCI. How-
ever, due the hypothesis generating nature of the present analysis, further study is
required.
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Chapter 4

Abstract

OBJECTIVE: To develop a method to estimate haplotype effects on dichotomous
outcomes when phase is unknown, that can also estimate reliable effects of rare
haplotypes.
METHODS: In short, the method uses a logistic regression approach, with weights
attached to all possible haplotype combinations of an individual. An EM-algo-
rithm was used: in the E-step the weights are estimated, and the M-step consists
of maximizing the joint log-likelihood. When rare haplotypes were present, a
penalty function was introduced. We compared four different penalties. To inves-
tigate statistical properties of our method, we performed asimulation study for
different scenarios. The evaluation criteria are the mean bias of the parameter es-
timates, the root of the mean squared error, the coverage probability, power, Type
I error rate and the false discovery rate.
RESULTS: For the unpenalized approach, mean bias was small,coverage proba-
bilities were approximately 95%, power ranged from 15.2% to44.7% depending
on haplotype frequency, and Type I error rate was around 5%. All penalty func-
tions reduced the standard errors of the rare haplotypes, but introduced bias. This
trade-off decreased power.
CONCLUSION: The unpenalized weighted log-likelihood approach performs
well. A penalty function can help to estimate an effect for rare haplotypes.
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Introduction

Recent interest has been to associate haplotypes with common complex diseases
as a way to identify causal genetic variants. However, in most genetic associ-
ation studies haplotype information is not available sincethe study population
consists of unrelated individuals of whom the genotypes aredetermined indepen-
dently. Haplotypes of individuals who are homozygous or heterozygous at only
one locus are unambiguous (i.e., phase is known), since there is only one possible
haplotype pair for these individuals. However, haplotypesof multiple heterozy-
gotes are ambiguous (unknown phase) and it is necessary to rely on statistical
methods to deduce haplotypes of these individuals. Severalmethods have been
developed to infer haplotypes and haplotype frequencies from unphased genotype
data (reviewed by Niu1). Besides algorithms to estimate haplotype frequencies,
methods have also been developed to associate haplotypes with disease or pheno-
type (reviewed by Schaid et al.2). Several of these methods are based on cladistic
analysis, genealogy or clustering of haplotypes (e.g.3–6), while others are based
on regression models (e.g.7–14).

One of these regression methods, described by Tanck et al.12, is a method
of weighted penalized log-likelihood to estimate haplotype effects on continuous
outcome data incorporating the uncertainty about phase ambiguous individuals
as weights in the model. The present study is a generalisation of this method to
dichotomous outcome data.

Since the parameter estimates of rare haplotypes often showlarge variances
which could lead to model instability, a penalty function was introduced to shrink
these effects. Shrinking the effects of rare haplotypes is,theoretically, an appeal-
ing approach2. Other approaches to deal with rare haplotypes, for examplepool-
ing all rare haplotypes in one category or pooling the rare haplotypes with similar
common haplotypes, often lead to results that are hard to interpret. The penalty
function used by Tanck et al.12 is based on the assumption that similar haplotypes
show similar effects. However, practice and simulations indicate that this might
not always be the best choice. Therefore, this current studyalso compares four
different penalty functions.

Methods

Data and model

Consider a sample ofN unrelated individuals, whereGi is the genotypic vector of
the ith individual. First, haplotype frequencies were estimated using for instance
the EM algorithm of Excoffier and Slatkin15. Second, haplotypes were assigned to
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all unambiguous individuals. For the remaining ambiguous individuals the num-
ber of haplotype pairs (ki) compatible with their genotype (Gi) were determined
and the posterior probabilities (wij) were calculated using Bayes’ theorem given
the estimated haplotype frequencies (p) under the assumption that the underlying
population is in Hardy-Weinberg equilibrium (HWE)

wij = P (j|Gi) =
p(h)p(r)dhri∑m

h=1

∑m

r=1 p(h)p(r)dhri

(4.1)

wherej is haplotype pairj (j = 1, . . . , ki), h andr the haplotypes forming the
haplotype pairj (h, r = 1, . . . , m), m is the number of haplotypes estimated to
be present in the population, anddhri is an indicator function, which is 1 when
haplotype pair(h, r) is compatible withGi and 0 otherwise. This is identical to
the procedure described by Tanck et al.12.

The logistic regression model had the following form:

ln

[
πij

1 − πij

]
= β0 + β1Xij1 + · · · + βm−1Xijm−1 + · · · , (4.2)

whereXijr (r = 1, . . . , m−1) attains values0, 1 or 2 denoting presence of0, 1 or
2 copies of haplotyper in haplotype pairj of patienti, assuming that haplotypes
show additive effects,βr (r = 1, . . . , m − 1) are the parameters to be estimated,
m denotes the number of haplotypes estimated to be present in the population,
andπij = eβXij/(1 + eβXij ). The most frequent haplotype was chosen to be the
reference category. The haplotype effects (β) can be estimated by maximizing the
log-likelihood

l(β) =

N∑

i=1

log

(∑

j

πij
yi(1 − πij)

1−yi wij

)
, (4.3)

whereyi denotes the dichotomous outcome variable for individuali. Estimating
equation forβ was derived by equating to zero the first order derivative of this
log-likelihood

∂l

∂βr

=
∑

i

∑

j

Xijr(yi − πij)
wij(e

yiβxij/(1 + eβxij))∑
j wij (eyiβxij/(1 + eβxij ))

=
∑

i

∑

j

Xijr(yi − πij)fij = 0.
(4.4)

However, maximizing this log-likelihood is difficult sincefij depends onβ. There-
fore, we chose to use an EM algorithm16 in which we maximize the expectation
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of the joint log-likelihood ofyi, andXij1, . . . , Xijm, given provisional estimates
of the parameters (β0, w0)

E[l∗] =
∑

i

E
[
ln
(
P (Yi = yi, Xi = xi|Gi = gi)

)∣∣(β0, w0)
]

=
∑

i

∑

j

[
yiln(πij) + (1 − yi)ln(1 − πij) + ln wij

]
fij ,

(4.5)

wherefij is the posterior probability thatXi = xij given the data evaluated with
(β0, w0)

fij = P (Xi = xij |Yi, Gi) =
πij

yi(1 − πij)
1−yi w0

ij∑ki

j=1 πij
yi(1 − πij)1−yi w0

ij

=
w0

ij(e
yiβ

0xij/1 + eβ0xij )
∑ki

j=1 w0
ij(e

yiβ0xij/1 + eβ0xij)
.

(4.6)

In the M-step of the EM algorithmfij was fixed andβ andwij were estimated
by maximizing (4.5) using Newton-Raphson algorithm. The estimating equation
of β for the expectation of the joint log-likelihood (4.5) is identical to the estimat-
ing equation ofβ for the log-likelihood, which is shown in equation (4.4). Inthe
E-step,fij was re-estimated using (4.6) withβ andwij from the M-step. These
two steps were iterated until the parameter estimates reached convergence.

The weighted (penalized) logistic regression maximization routine was pro-
grammed in MATLABR© 7.0 (The Mathworks, Natick, MA, USA) and is freely
available upon request from the corresponding author.

The penalty functions

The estimation of rare haplotypes often shows large variation. To circumvent this
problem, Tanck et al.12 proposed using a penalty function. A penalty function re-
duces the standard errors of the parameter estimates (β) at the cost of introducing
a small bias in these estimates. To estimate the haplotype effects the EM algorithm
was used as described above.

We considered four different penalty functions. The first one was the ridge
penalty

lpen1 ∝ l(β) −
1

2
λ
∑

r

β2
r , (4.7)

wherel(β) is the unpenalized log-likelihood,λ is penalty coefficient, andβr is the
parameter estimate of haplotyper. The second penalty function was the similarity
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penalty, which was used previously by Tanck et al.12. It is based on the assumption
that similar haplotypes show similar effects

lpen2 ∝ l(β) −
1

2
λ

m∑

h=1

m∑

r=h+1

ahr(βh − βr)
2, (4.8)

whereahr is the similarity between haplotypesh andr (h, r = 1, . . . , m), ex-
pressed as the number of alleles that these haplotypes share(a = 0, . . . , number
of polymorphisms-1), andβh − βr is the difference in estimated effects of hap-
lotypesh andr. Furthermore, we considered whether weighting the haplotype
frequencies in the penalty would improve the results, sincethe penalty function is
only included as a way to estimate effects of the rare haplotypes. Therefore, pe-
nalizing the rare haplotypes more than the common haplotypes might yield better
results. The ridge penalty now becomes

lpen3 ∝ l(β) −
1

2
λ
∑

r

β2
r

pr

, (4.9)

wherepr is the frequency of haplotyper. This penalty function will be referred to
as the ridge-frequency penalty. The similarity penalty is

lpen4 ∝ l(β) −
1

2
λ
∑

h

∑

r

ahr

phpr

(βh − βr)
2, (4.10)

whereph andpr are the frequencies of haplotypeh and haplotyper respectively.
This penalty will be called the similarity-frequency penalty in the remainder of
this article.

Generalized cross-validation (GCV)17 was used to determine the magnitude
of λ. This was done by minimizing the mean-squared error (MSE) with respect to
λ. For various values ofλ the MSE was calculated as follows18

MSEGCV = n−1

∑N

i=1

∑ki

j=1(yi − πij)
2

(1 − n−1
∑N

i=1

∑ki

j=1 hij)2
(4.11)

wherehij = vijXij(Ω(β̂λ) + λI)−1X ′
ij, vij = πij(1 − πij), βλ is the maximizer

of the penalized log-likelihood as shown in equations (4.7)– (4.10), andΩ(β̂λ) is
the negative of the matrix of second derivatives.

Simulation settings

To investigate properties of our method, we performed a simulation study. A total
of six haplotypes consisting of five SNPs were chosen to be present in the pop-
ulation with haplotype frequencies similar to those we previously found in the
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CETP gene12 (see Table 4.1). Haplotypes were randomly assigned to 500 individ-
uals and will be presented as a combination of zeros and ones with 1 representing
the least common allele. Disease status was sampled from thebinomial distribu-
tion with probability depending on the haplotypes using a logistic model assum-
ing haplotypes to have an additive effect on the log-odds scale. Baseline disease
prevalence was set to 10%. We evaluated performance of our method in different
scenarios with one or more (comparable or different) haplotypes associated with
disease. Three different scenarios were investigated. Thefirst scenario considered
one haplotype with an odds ratio (OR) of 1.5 and all other haplotypes showed
no effect. The five different subscenarios involved the effect being placed on the
five different haplotypes. For the second scenario two similar haplotypes, namely
01000 and 01100, were both given an OR of 1.5. Theoretically,this scenario
favours the similarity and similarity-frequency penalty.In the third scenario, ORs
of 1.5 were placed on dissimilar haplotypes, namely 00111 and 01100, which
does not favour the similarity and similarity-frequency penalties. For each sce-
nario, 500 replicates were carried out. The 00000 haplotype(frequency 0.42) was
considered as the reference category in all analysis. The statistical properties were
evaluated using three different measures, namely the mean bias of the parameter
estimates, the root of the mean squared error and the coverage probability, which
is defined as the probability that the 95% confidence intervalof the parameter es-
timate contains the true theoretical value of the parameterestimate. Furthermore,
for each haplotype the percentage of replicates which identified the haplotype as
being significantly associated with the outcome (i.e., power or Type I error rate)
was calculated. The significance level used to calculate thepower and the Type I
error rate was set toα = 0.05.

Results

Unpenalized log-likelihood approach

Table 4.1 shows results for the weighted unpenalized logistic regression method
for the five subscenarios in which an (small) adverse effect (OR=1.5) was simu-
lated for the five haplotypes. Therefore, in all subscenarios the haplotype in the
table had an OR of 1.5 while the other four haplotypes showed no effect. Mean
bias ranged from -0.32 to -0.0027, corresponding to mean ORsof 1.65 for haplo-
type 01111 and 1.53 for haplotype 11111. The power of detecting the haplotype
with effect ranged from 15.2% for the 01111 haplotype to 44.7% for the 11111
haplotype. The Type I error rate was calculated for the otherfour haplotypes in
each subscenario, and differed between 4.1% and 5.4%. In allsubscenarios the
coverage probability was approximately 95%, for haplotypes with effect as well
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Table 4.1. Frequency, mean bias, mean SE, coverage probability, powerand Type I
error rate of weighted unpenalized logistic regressiona

Haplotype Frequency Mean bias Mean SE Coverage Power Type I
(x10

2) probability error rate
00111 0.08 -0.49 0.37 0.92 26.5 4.1
01000 0.13 -2.5 0.30 0.95 26.0 5.3
01100 0.05 -3.0 0.45 0.96 18.7 5.4
01111 0.03 -31.6 689.59 0.97 15.2 5.3
11111 0.29 -0.27 0.23 0.97 44.7 4.3

a Five different (sub)scenarios in which the haplotype reported in the table has an OR
of 1.5 and all other haplotypes show no effect. The mean bias,mean SE, coverage
probability and power are reported for the haplotype with effect and the Type I error
rate is reported for the other four haplotypes in a subscenario.

as for haplotypes without effect. As can be seen in the fourthcolumn of Table 4.1,
the mean standard error was quite large for the infrequent 01111 haplotype (i.e.,
approximately 690). The mean standard errors for the other haplotypes varied
between 0.23 and 0.45.

The penalty functions

Table 4.2 shows results for the comparison of the different penalties for three dif-
ferent scenarios. In the first scenario the least frequent haplotype (01111) was
associated with an effect of 1.5. As can be seen from the results in the table,
the mean SE is reduced from 689.59 for the unpenalized analysis to a mini-
mum of 0.13 for the ridge-frequency penalty and at most 0.48 for the similar-
ity penalty. Bias varied between -0.32 and -0.44, showing a slight increase for
the penalized analyses compared to the unpenalized analysis. However, power
was decreased from 15.2% for the unpenalized model to 3.4% for the ridge and
the ridge-frequency penalties, to 6.9% for the similarity penalty and 9.1% for the
similarity-frequency penalty. The Type I error rate, whichis approximately 5%
in the unpenalized model, is decreased to 1.0% and 1.5% for the ridge and ridge-
frequency penalties respectively, and slightly increasedto 8.6% and 6.6% for the
similarity and similarity-frequency penalties respectively.

In the second scenario haplotypes 01000 and 01100 were associated with ORs
of 1.5. These haplotypes are very similar since only one allele is different. There-
fore, this scenario should favour the similarity and similarity-frequency penalties.
However, mean bias (around 0.22 and 0.28) and power (around 14% and 8%)
are similar for all penalties. Mean SE is somewhat higher forthe similarity and
similarity-frequency penalties, resulting in markedly higher coverage probabili-
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Table 4.2. Mean bias, mean SE and power for three different scenarios comparing results of the different
penalties with the unpenalized results

Haplotype Unpenalized Ridge Ridge-frequency Similarity Similarity-frequency
1a Mean bias 01111 -0.32 -0.36 -0.35 -0.35 -0.44

Mean SE 01111 689.59 0.35 0.13 0.48 0.33
Power 01111 15.2 3.4 3.4 6.9 9.1
Type I error rate 5.3 1.0 1.5 8.6 6.6

2b Mean bias 01000 -0.01 -0.23 -0.23 -0.22 -0.19
01100 -0.05 -0.28 -0.30 -0.26 -0.30

Mean SE 01000 0.30 0.17 0.17 0.28 0.27
01100 0.45 0.31 0.18 0.40 0.32

Power 01000 30.3 13.4 14.2 12.6 13.4
01100 18.4 7.2 7.6 9.3 8.2

Coverage probability 01000 0.95 0.48 0.45 0.88 0.90
01100 0.96 0.43 0.28 0.91 0.78

Type I error rate 5.8 1.5 2.5 7.4 4.3
3c Mean bias 00111 -0.07 -0.27 -0.29 -0.25 -0.26

01100 -0.04 -0.25 -0.27 -0.24 -0.25
Mean SE 00111 0.38 0.19 0.18 0.35 0.31

01100 0.45 0.22 0.18 0.40 0.32
Power 00111 19.8 8.7 7.6 9.7 9.3

01100 21.3 8.3 7.9 13.0 10.3
Coverage probability 00111 0.95 0.42 0.33 0.90 0.82

01100 0.95 0.40 0.28 0.89 0.79
Type I error rate 6.3 1.9 2.3 9.5 5.4

a Haplotype 01111 associated with OR=1.5. All other haplotypes showed no effect in this scenario; b In this scenario
haplotypes 01000 and 01100 were associated with ORs of 1.5. These haplotypes are very similar. All other haplotypes
were not associated with risk; c In this scenario haplotypes 00111 and 01100 were associatedwith ORs of 1.5. These
haplotypes are dissimilar. All other haplotypes showed no effect.

5
7



Chapter 4

ties (see Table 4.2). The Type I error rate was 5.8% for the unpenalized model,
1.5% for the ridge penalty, 2.5% for the ridge-frequency penalty, 7.4% for the
similarity penalty and 4.3% for the similarity-frequency penalty. The false dis-
covery rate (FDR) of the penalties were 0.18 for the ridge penalty, 0.25 for the
ridge-frequency penalty, 0.50 for the similarity penalty,and 0.37 for the similarity-
frequency penalty, compared to 0.26 for the unpenalized method.

The third scenario compares results when a similar effect of1.5 is associated
with the dissimilar haplotypes 00111 and 01100, which is a scenario that does
not favour the similarity and similarity-frequency penalties. Mean bias, mean SE
and power are similar to the previous scenario. For both the 00111 and the 01100
haplotype, the coverage probabilities of the ridge and ridge-frequency penalty are
lower than the coverage probabilities of the similarity andsimilarity-frequency
penalty. The Type I error rate is decreased for the ridge, theridge-frequency, and
the similarity-frequency penalties (i.e., 1.9%, 2.3%, and5.4% respectively) and
increased for the similarity penalty (9.5%) compared to theunpenalized model
(6.3%). The FDR were 0.32, 0.25, 0.31, 0.56, and 0.45 for the unpenalized
method, the ridge penalty, the ridge-frequency penalty, the similarity penalty, and
the similarity-frequency penalty, respectively.

Discussion

The present study shows a generalisation of the weighted log-likelihood method to
estimate haplotype effects of Tanck et al.12 to dichotomous outcome data. Some
statistical properties of this model have been investigated with a simulation study.
Furthermore, to deal with the problem that estimates of rarehaplotypes show large
variation, which can lead to model instability, statistical properties of four differ-
ent penalty functions were investigated in a simulation study.

The coverage probabilities of the weighted (unpenalized) log-likelihood ap-
proach were good for all investigated scenarios. The mean bias of the parameter
estimates was usually small, although it increased when thehaplotype frequency
decreased. The power decreased with decreasing haplotype frequencies, as was
expected. The frequency of the haplotype was inversely related to the standard
error of the parameter estimate, with rare haplotypes showing extremely large
standard errors. This last issue is not specific for our method but is a general
statistical property.

The polymorphisms of theCETP haplotypes on which the haplotype frequen-
cies in our simulation study were based, show high linkage disequilibrium (LD)19.
Polymorphisms in other genes or genomic regions might show less LD. Therefore,
we tested the performance of our method in the extreme scenario of no LD. Al-
though a haplotype analysis would not be the method of first choice in this case,

58



Estimating haplotype effects for dichotomous outcome

it turns out that the mean bias in this simulation was small (data not shown).
The main aim of introducing a penalty in the log-likelihood was to get a more

accurate estimate of the effects of the rare haplotypes, andindeed, all penalty
functions reduced the standard errors of the rare haplotypes markedly, but they
also introduced bias. Unfortunately, this trade-off decreased power in all inves-
tigated scenarios. Therefore, using a penalty function might only be useful in a
pilot study where the unpenalized approach cannot estimatethe effect of rare hap-
lotypes. In this situation, the penalized approach decreases the variance of the
parameter estimates, thereby giving some indication of whether rare haplotypes
show association with disease, after which further research might be conducted.
Overall, the similarity and similarity-frequency penalties showed higher power
than the ridge and ridge-frequency penalties, even in scenarios that did not favour
to the underlying assumption that similar haplotypes show similar effects. How-
ever, the similarity and similarity-frequency penalty also show a higher FDR than
the ridge and ridge-frequency penalty. Consequently, using these penalties means
that more false discoveries will be made. Therefore, considering both power and
FDR, there is not one penalty function that performs markedly better than the oth-
ers. However, the Type I error rate of the similarity penaltyis somewhat higher
than 5%, indicating that this penalty function might be anti-conservative. Other
approaches to deal with rare haplotypes, like pooling them into one category, or
pooling them with common haplotypes that are very similar, lead to pooled cat-
egories that are hard to interpret. These methods seem to increase power20, but
only in specific situations where pooled haplotypes have similar effects.

Besides the penalty functions investigated in the present study, many other
penalty functions, for example the Lasso21 or Garotte22 penalty functions, are
possible. These penalty functions shrink the regression coefficients to zero in a
manner similar to, for example, the ridge penalty function.A completely different
penalty function has been suggested by Warm23 within the framework of the item
response theory. He used a function of the variance of the regression parameter
estimate to weight the log-likelihood, through which shrinkage of the coefficients
as well as shrinkage of the variance was accomplished. So far, this method has
not been used outside of the item response theory.

The weighted log-likelihood approach described in this paper is a flexible
method allowing for adjustment for (environmental) covariates as well as haplo-
type-environment interactions. Furthermore, although not incorporated in the
present software yet, our method can be easily extended to deal with missing
genotype data. Missing genotype data would simply increasethe number of pos-
sible haplotype pairs for a particular subject.

The logistic regression technique is valid for cohort as well as case-control
sampling. However, most methods to infer haplotype frequencies from popula-
tion-based data assume HWE. This assumption is also made in our method when

59



Chapter 4

calculating weights from haplotype frequencies (wij). This HWE assumption
could be violated in the cases of a case-control study when anallele is associ-
ated with disease. It is possible to calculate haplotype frequencies only in the
sample of controls, although this might be problematic whena certain haplotype
is only present in the case sample. Among others, Fallin and Schork24 and Niu
et al.25 have investigated the impact of deviations from HWE on the performance
of the EM algorithm. They found that deviations in HWE did notdramatically
increase the error, especially when deviation resulted in excess homozygosity.
Moreover, our method re-estimates the weights based on the parameter estimates,
which might lead to better estimates of the weights and haplotype frequencies
when deviations from HWE are present.

The standard errors for the penalized analysis that are presented in the present
paper do not account for the uncertainty related toλ since this parameter was not
incorporated in the information matrix. In practice, the correct standard errors are
obtained by bootstrapping.

The unpenalized weighted log-likelihood approach is a goodmethod for esti-
mating multilocus haplotype effects on dichotomous outcome. The penalty func-
tion can help estimate an effect for rare haplotypes with large standard errors in
the unpenalized model. Although this estimate is biased, itis a more efficient es-
timate than the unpenalized estimate, which may help to indicate whether further
studying this haplotype is useful.
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Chapter 5

Abstract

This paper describes a method to model the relation between failure time and hap-
lotypes in studies with unrelated individuals where haplotype phase is unknown.
The Cox model presented here incorporates the uncertainty related to the unknown
phase of multiple heterozygous individuals as weights. Estimation is performed
with an EM algorithm. In the E-step the weights are estimated, and in the M-
step the parameter estimates are estimated by maximizing the expectation of the
joint log-likelihood, and the baseline hazard function andhaplotype frequencies
are calculated. These steps are iterated until the parameter estimates converge.
Furthermore, we describe a penalized log-likelihood method to deal with the un-
stable estimates of rare haplotypes. Two penalty functionsare considered, namely
the ridge penalty and a similarity penalty, which is based onthe assumption that
similar haplotypes show similar effects. Simulations wereconducted to investi-
gate properties of the method, and the association between IL10 gene haplotypes
and risk of target vessel revascularization was investigated in 2653 patients from
the GENDER study. Results from the simulation study show that the unpenalized
as well as the penalized method produce valid results, indicating that this method
is of interest when studying the association between haplotypes and failure time
in studies of unrelated individuals.
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Introduction

We consider a model for the relation between a failure timeT measured inN
unrelated individuals and the haplotypes of these individuals formed bym bial-
lelic single nucleotide polymorphisms (SNPs) measured in asingle gene. The
model is complicated by individuals that are heterozygous on two or more of
these SNPs, because their haplotypes cannot be determined with certainty. Con-
sider for instance two SNPs with allelesA or a, andB or b. Individuals that are
heterozygous for both SNPs, have genotypesAa andBb, and they inherited either
haplotypeAB from one parent andab from the other, or they inherited haplotypes
Ab andaB. Hence, it is unknown whether these individuals have haplotype pair
AB/ab or haplotype pairAb/aB. This uncertainty complicates statistical infer-
ence and ifm is large, or when allele frequencies of the SNPs are close to 50%,
many individuals will be multiple heterozygous.

There are several ways to deal with the unknown phase information of indi-
viduals that are multiple heterozygous. However, most current methods focus on
continuous or dichotomous outcome data1–9. In the present paper we adopt the
suggestion of Tanck et al.10 to use a weighted likelihood method to estimate the
association between a phenotype and the set of haplotypes.

In the sequel we will first describe the kind of data that we analyze, then we
will described our statistical model, and the algorithm to estimate the parameters
of our model. We will use simulated data to illustrate some characteristics of
the estimators, and finally we will analyze real data from theGENDER study on
cardiovascular disease11.

Data and model

We consider a sample ofi = 1, ..., N unrelated individuals with failure- or cen-
sored-timeti. The indicatordi is used to indicate whetherti is an event-time
(di = 1), or a censored-time (di = 0). Let gi be a vector ofm biallelic SNPs
measured in individuali. With m biallelic SNPs there arej = 1, .., Nhap = 2m

different haplotypes possible with population frequenciesp1, ..., pj, ...pNhap.

Full likelihood

Suppose all haplotypes were observed in all patients, then these could be repre-
sented with the vectorxi of lengthNhap, wherexij equals0, 1, or 2, depending on
the number of haplotypes of typej observed in patienti. (Notice that

∑
j xij = 2,

meaning that onlyNhap − 1 contrasts are identifiable.) The conditional hazard
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function for failure atti givenxi can then be specified as

ln(h(ti|xi)) = ln(h0(ti)) + β ′xi, (5.1)

whereh0(t) is an unspecified baseline hazard function, andβ a vector of regres-
sion parameters. The survival functionS(ti|xi) equals

S(ti|xi) = e−H0(ti)eβ′xi , (5.2)

whereH0(t) is the unspecified baseline cumulative hazard function.
In our case, haplotypes were not observed in all patients, and therefore we

model the survival function conditional on the observed genotypes as a weighted
mixture over allzi possible haplotype pairs given genotypesgi:

S(ti|gi) =

zi∑

q=1

wiqSq(ti|xiq) (5.3)

whereSq(ti|xiq) is the survival function specified as in equation (5.2), andxiq is
theqth haplotype pair that is possible given genotypesgi, andwiq is the probability
that individuali has haplotype pairq given genotypesgi: wiq = Pr(Xi = xiq|gi).

In most circumstances the population haplotype frequenciesp1, . . . , pNhap are
unknown, and must be estimated from the data at hand. But suppose these are
known, then under the assumption of Hardy-Weinberg equilibrium the probability
that an individual is carrying haplotype pairq = (j, ℓ) is calculated aspj ∗ pℓ.
Consequently, when observing genotype vectorgi the probability that individuali
has haplotype pairq = (j, ℓ) equalswiq =

pj∗pℓP
r,s pr∗ps

, where the summation takes

place over all haplotype pairs that are compatible with genotypesgi.
Given the weightswiq the full likelihood of the data given the model in equa-

tion (5.3) equals

L =

N∏

i=1

S(ti|gi)

(
−∂ln(S(ti|gi))

∂t

)di

=

=

N∏

i=1

zi∑

q=1

wiqSq(ti|xiq)
(
h0(ti)e

β′xiq

)di

, (5.4)

and the regression parametersβ, and the baseline cumulative hazard function
H0(t) may be estimated by maximizing (5.4). IfH0(t) is a parametric func-
tion, maximization of (5.4) is uncomplicated. IfH0(t) is a nonparametric func-
tion, we follow a similar argument as Breslow12. If events occurred at times
τ1, . . . , τj , . . . , τk, we shift all censored observations in the interval[τj−1, τj) to
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τj−1, and assume (piecewise) constant hazard in the intervals. In that case the
logarithm of the likelihood (5.4) reduces to

lnLBreslow =
k∑

j=1

ln(λj)

+

N∑

i=1

ln

(
zi∑

q=1

wiqe
−e

β′xiq
Pk

j=1 λj(τj+1−τj)I(ti>τj)ediβ
′xiq

)
, (5.5)

whereλj is the jump in the cumulative baseline hazard function at time τj, and
I(ti > τj) is an indicator function.

Estimation equations forH0(t) andβ can be derived by equating to zero the
first-order derivatives of the log-likelihood in (5.5). Forλj we find

λj =
1

(τj+1 − τj)
∑N

i=1

(
I(ti > τj)

∑zi

q=1 w̃iqtie
β′xiq

) , (5.6)

and forβℓ (ℓ = 1, . . . , Nhap):

N∑

i=1

zi∑

q=1

w̃iqtiXiqℓ

(
di − eβxiq

k∑

j=1

λj(τj+1 − τj)I(ti > τj)

)
= 0, (5.7)

where

w̃iqti =
wiqSq(ti|xiq)e

diβ
′xiq

∑zi

q=1 wiqSq(ti|xiq)ediβ′xiq
. (5.8)

Notice that if zi = 1 for all i, thus when all haplotypes were observed, then
w̃iqti = 1, and equation (5.6) reduces to the usual Breslow estimator of H0(t), and
equation (5.7) to the usual Cox estimator ofβ. Unfortunately, the weights̃wiqti

depend on bothH0(t) andβ.

Estimation algorithm

Since in practice the population haplotype frequenciesp must be estimated to-
gether withβ andH0(t), and becausẽwiqti depends onH0(t) andβ, direct max-
imization of (5.4) or (5.5) is complicated. Instead we propose to use an EM al-
gorithm for that we consider the covariate vectorxi as missing, and we maximize
the expectation of the joint log-likelihood ofL((ti, di), xi|gi) over the posterior
probabilities ofxi given the observed genotypesgi, and given the observed fail-
ure/censoring times(ti, di) and given current estimates of the parametersβ, H0(t),
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andwiq:

N∑

i=1

E
[
lnL((ti, di), xi|gi, β

(a), H0(t)
(a), w

(a)
iq )
]

=

N∑

i=1

zi∑

q=1

ŵiqti

[
diln(h0(ti)) + diβ

′xiq − H0(ti)e
β′xiq + ln(wiq)

]
(5.9)

whereŵiqti is the posterior probability thatXi = xiq given
((ti, di), gi, β

(a), H0(t)
(a), w

(a)
iq ):

P (Xi = xiq|gi, (ti, di), β
(a), H0(t)

(a), p(a)) =

ediβ
(a)xiq−H0(ti)

(a)e
β(a)xiq

w
(a)
iq

∑zi

r=1 ediβ(a)xir−H0(ti)(a)eβ(a)xir w
(a)
ir

, (5.10)

andw
(a)
iq =

p
(a)
j ∗p

(a)
ℓP

r,s p
(a)
r ∗p

(a)
s

.

The EM algorithm consists then of iterating two steps. In theM-step of itera-
tiona+1, (β, H0(t), wiq = pjpl/

∑
prps) are estimated by maximizing (5.9) given

ŵiqti evaluated using(β(a), H0(t)
(a), w

(a)
iq ), and in the E-step̂wiqti is re-estimated

given using (5.10) with(β(a+1), H0(t)
(a+1), w

(a+1)
iq ). Estimation equations ofβ

andH0(t) are the same as in (5.7) and (5.6), butw̃ replaced withŵ, and these are
solved iteratively. The haplotype relative frequenciespj are estimated as

p
(a+1)
j =

1

2N

N∑

i=1

zi∑

q=1

I(j, q)ŵiqti , (5.11)

whereI(j, q) is an indicator-function denoting whether haplotypej is part of
haplotype-combinationq.

Standard errors ofβ can be derived from the information-matrix of the log-
likelihood in equation (5.5):

−
∂2lnLBreslow

∂βa∂βb

=
n∑

i=1

zi∑

q=1

XiqaXiqbŵiqtiH0(ti)e
βxiq−

n∑

i=1

zi∑

q=1

XiqaXiqbŵiqti(di − H0(ti)e
βxiq)2+

n∑

i=1

(

zi∑

q=1

ŵiqtiXiqa(di − H0(ti)e
βxiq))(

zi∑

q=1

ŵiqtiXiqb(di − H0(ti)e
βxiq))

(5.12)
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Since we are mainly interested in the uncertainty ofβ, we only used that part
of the hessian that pertains toβ. Notice that the first term of (5.12) equals the
hessian-matrix that is used in the M-step of the EM algorithm.

Partial likelihood

As an alternative estimation method we considered the partial likelihood. When
all haplotypes have been observed (hence,zi = 1, andwiq = 1), the log-likelihood
in (5.5) reduces to the usual log-likelihood of the Cox model. Moreover in that
case, when taking partial derivatives of (5.5) with respectto λ theBreslow esti-
mator ofH0(t) is derived. But in the present case (without tied events) thepartial
likelihood is given by

L =

k∏

j=1

∑zj

q=1 w̃jqτj
eβ′xjq

∑
ℓǫRj

∑zℓ

q=1 w̃ℓqτj
eβ′xℓq

, (5.13)

and the Breslow estimator ofH0(t) equals

H0(τj) =

j∑

u=1

1∑
ℓǫRu

∑zℓ

q=1 w̃ℓqτu
eβ′xℓq

, (5.14)

whereRj is the usual risk set of individuals at risk for an event at time τj , and
w̃jqτj

equals

w̃jqτj
=

wjqSq(τj|xjq)∑zj

q=1 wjqSq(τj |xjq)
=

wjqe
−H0(τj)e

β′xjq

∑zj

q=1 wjqe−H0(τj)e
β′xjq

. (5.15)

Unfortunately, estimation ofβ andH0(t) are not separated, and therefore there is
no reason to prefer this approach over the EM algorithm outlined above.

Penalized log-likelihood

Mutations in general tend to be rare, and so are the haplotypes in which they are
encompassed. Furthermore, when ten loci are considered there are210 = 1024
different haplotypes possible, many of which will have low frequency in samples
up to thousands of individuals. If haplotypes have low frequency their associated
hazard ratio estimate will be unstable. We used a penalized log-likelihood method
to obtain more stable parameter estimates. Basically, we optimized the penalized
log-likelihoodℓp, defined asℓp = lnLBreslow − λ

2
Pen(β), wherePen(β) is the

penalty function.
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As penalty functions we considered the well-known ridge-penalty function
(Pen(β) =

∑
a β2

a), and a similarity-penalty function (Pen(β) =
∑

a

∑
b aab(βa−

βb)
2 (a > b)), whereaab is a fixed and known value representing the similarity

of haplotypesa andb. We quantified the similarity between haplotypes (aab) by
counting the number of shared alleles which - withm loci - varies between zero
andm − 1.

The penalty parameterλ was found by optimizing the cross-validated log-
likelihood (CVL) as described by Verweij and van Houwelingen13: CVL(λ) =
lnLBreslow(βλ)− c(λ), wherelnLBreslow(βλ) is the log-likelihood evaluated with
the penalized log-likelihood estimateβλ. The factorc(λ) is an approximation of
the effective dimension of the model, which in our case depends on the log hazard
ratiosβ, the baseline hazard functionH0(t), and the haplotype frequenciesp. For
convenience sake, we approximated the effective dimensionin the same manner
as Verweij and van Houwelingen13 as

c(λ) = trace

(
[Hλ(βλ))]−1

∑

i

Ui(β
λ)Ui(β

λ)T

)
(5.16)

whereUi(β
λ) is the contribution of individuali to the first-order derivative of the

unpenalized log-likelihood, andHλ(βλ) is the matrix of second-order derivatives
of the penalized log-likelihood evaluated atβλ, H0(t), andp. Notice that the last
term of (5.16) is equal to the third term of (5.12).

Although the penalized likelihood estimates ofβ are somewhat biased, and it
is therefore somewhat unclear how to interpret standard errors, we nevertheless
assessed the stability of the penalized estimates by a parametric bootstrap proce-
dure. We took 200 bootstrap samples, estimatedλ in each sample by optimizing
CVL, and derived standard errors from the distribution of the associated penalized
estimates ofβ, p, andH0(t).

Simulations

To illustrate some characteristics of our approach, we showthree simulations. We
first simulated a small data set of 200 individuals in whom 3 loci were measured.
We simulated all 8 haplotypes (x1, . . . , x8) to have equal frequency (pj = 0.125),
thus ensuring that all allele frequencies were about 0.5, and therefore about 50%
double and triple heterozygote individuals were simulated. Given the haplotypes
drawn for a specific individuali, the survival time S was drawn from the exponen-
tial distribution with log(intensity) equal to

∑
j βjxij . We set allβ-coefficients

to zero, exceptβ6 which was set to 1.0. A censoring time C was independently
drawn from an independent lognormal distribution such thatin about 40% of all
individualsC < S, in which case the survival time was censored atC.
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Table 5.1.Numbers of individuals with the various genotypes on three loci in a simulation
of 200 individuals

Locus 3
Locus 1 Locus 2 wild typea heterozygote homozygote
wild type wild type 2 6 1

heterozygote 10 10 4
homozygote 0 9 3

heterozygote wild type 10 12 5
heterozygote 10 25 15
homozygote 8 9 7

homozygote wild type 2 5 2
heterozygote 8 8 8
homozygote 7 10 4

a wild type = homozygous for the most frequent allele

We discuss a typical example of the data in one simulation. Inthis sample,
there were 75 (37.5%) censored observations, and the genotypes are given in Ta-
ble 5.1. Notice that there were 25 individuals who were heterozygous on all three
loci, and 64 other individuals who were heterozygous on two loci; hence the hap-
lotype pair was uncertain in(25 + 64)/200 = 45% of the sample. Using only the
genotype data, the haplotype frequencies can be estimated with software such as
PHASE14 or Arlequin15; the latter’s estimates are given in Table 5.2, third column.
Compared to the known number of haplotypes in the sample (under the heading
”Realized” in Table 5.2), Arlequin’s estimated haplotype frequencies by using
only genotype data, are not too far off. On the basis of these estimated haplotype
frequencies, the most likely haplotype can easily be selected, but unfortunately the
posterior probabilities of combinationq in individuali given his/her genotypes are
not very extreme. Take for instance, the 15 individuals who were heterozygous on
loci 1 and 2, and homozygous for the rare allele on locus 3. Thetwo possible hap-
lotype combinations are 001/111, and 011/101 with posterior probabilities (wiq)
0.480, and 0.520, respectively. Similar probabilities close to 0.50 are found for the
other double heterozygous individuals. In the 25 triple heterozygous individuals
four haplotype combinations are possible: 000/111, 001/110, 010/101, or 011/100
with posterior probabilities 0.328, 0.242, 0.201, and 0.229, respectively. Hence, it
is hazardous to select the most likely haplotype, and use that as a fixed covariate
in a traditional Cox regression. The estimated regression parameters,̂β, of such
approach are given in Table 5.2 in column 6; there are substantial differences with
the ”true” estimates in column 5.

The estimates of our present EM algorithm of the haplotype frequencies are
not very different from Arlequin’s (Table 5.2, column 4), but the posterior proba-

71



C
h

ap
ter

5

Table 5.2.Estimated haplotype frequencies, and log hazard ratios in simulation I

Haplotype frequency | β̂

haplotype Realizeda Arlequinb current EMc | Realizeda most likely haplotyped current EMc

000 0.115 0.146 0.142 | - - -
001 0.110 0.097 0.092 | 0.142 0.399 0.170
010 0.128 0.108 0.110 | 0.198 0.292 0.307
011 0.125 0.127 0.134 | 0.143 0.274 0.233
100 0.123 0.112 0.115 | -0.192 0.146 -0.008
101 0.123 0.116 0.121 | 1.363 0.986 1.381
110 0.155 0.155 0.153 | -0.161 -0.012 -0.058
111 0.123 0.140 0.133 | -0.053 0.198 0.055
a ”Realized” denotes to the simulated data, where the haplotypes were known, and could simply be counted, and
used in the Cox model directly;
b ”Arlequin” denotes to estimates of haplotype frequencies using the genotype data only; c ”Current EM” refers
to the present method; d ”most likely haplotype” refers to the method where for each individual the most likely
haplotype is selected which is then used in the Cox model. In the haplotype definition a zero refers to the allele
with the highest frequency, and the number ”1” refers to the allele with the lowest frequency.
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Figure 5.1. Posterior probabilities of the two possible haplotype combinations in 15
simulated individuals who were heterozygous on loci 1 and 2,and homozygous for the
rare allele on locus 3: given genotypes only, or given genotypes and survival data.

bilities of the haplotype pairs given genotypes and given the (possibly censored)
survival time were substantially more extreme, as is shown in Figure 5.1 for the
15 individuals who were heterozygous on loci 1, and 2, and homozygous for the
rare allele on locus 3. The estimated regression parametersof our EM algorithm
are given in Table 5.2, column 7, and these seem to be closer tothe true values
than the former estimates.

We simulated a second example of 200 individuals in which there were two
haplotypes with high frequency, and low to very low frequencies for the six other
haplotypes:p000 = 0.62, p111 = 0.28, p001 = 0.05, p010 = 0.02, p100 = 0.02,
p011 = 0.005, p101 = 0.003, andp110 = 0.002. We simulated all haplotypes with
1 or 2 rare alleles on either locus 2 or on locus 3 to have a regression parameter
of β = 0.7. This simulation mimics the situation of two ancestral haplotypes with
rare mutations on each, and all mutations of one ancestral haplotype to be asso-
ciated with survival. Estimated regression parameters of our EM algorithm are
given in Table 5.3. As before, Arlequin’s estimates of the haplotype frequencies
were very close to the estimates of our current method (not shown).

The example introduces the complication that not all haplotypes are observed,
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Table 5.3. Estimated log hazard ratios in simulation II; standard errors are given in
brackets

Haplotype Realizeda most likely haplotypeb current EMc with similarity penaltyd

000 - - - (-) - (-)
001 1.051 1.039 0.984 (.25) 0.926 (.29)
010 0.874 0.862 0.826 (.37) 0.783 (.38)
011 1.656 1.523 1.321 (1.31) 0.851 (.51)
100 0.024 -0.007 -0.055 (.32) 0.166 (.39)
101 0.714 0.708 0.824 (.66) 0.716 (.82)
110 - - - (-) 0.645 (.20)
111 0.872 0.870 0.866 (.10) 0.848 (.17)
a ”Realized” denotes to the simulated data, where the haplotypes were known, and could
simply be counted, and used in the Cox model directly;b most likely haplotype” refers
to the method where for each individual the most likely haplotype is selected which is
then used in the Cox model; c ”Current EM” refers to the present method;
d with difference penalty refers to the penalized likelihoodwhere the penalty function is
a difference penalty. In the haplotype definition a zero refers to the allele with the high-
est frequency, and the number ”1” refers to the allele with the lowest frequency.

or have very low frequency causing very large confidence intervals of the esti-
mated regression weights (β). The estimate of haplotype 011 is very unstable
since there were only a few individuals carrying this haplotype. By using the
penalized approach the estimate can become somewhat more stable. We used
the similarity penalty function in this case; the optimalλ was found by cross-
validation, and the estimates are given in Table 5.3. The penalized estimates are
obviously regressed towards the effects of the two ancestral haplotypes, even the
effect of haplotype 110, which was not at all observed in thissample.

The third simulation concerns a situation in 200 individuals where there is one
haplotype with low frequency to have a major effect, whilst the other haplotypes
have no effect. The haplotype frequencies were set at:p000 = 0.62, p111 = 0.28,
p001 = 0.05, p010 = 0.02, p100 = 0.02, p011 = 0.005, p101 = 0.003, andp110 =
0.002. All log hazard ratios were set to zero, except of haplotype 001 which
was set to 1.5. The estimated ridge-penalized and unpenalized log hazard ratios
are shown in Figure 5.2. Clearly, the penalized estimates are shrunk (or biased)
towards zero, but, in contrast to the unpenalized method, the effect of haplotype
110 attains a reasonable value (the unpenalized effect is only visible as the thin
line representing the upper 95% confidence limit; parameterestimate was -11.0
with standard error 300.9). Notice also that the (cross-validated) standard errors
are increased compared to the unpenalized results for all other haplotypes. Hence,
in this case the penalization in particular serves to estimate the effects of rare
haplotypes.
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Figure 5.2. Penalized and unpenalized estimates of the log hazard ratios and their 95%
confidence intervals of simulation III.
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Prognostic value ofIL10 gene haplotypes for target
vessel revascularization

In the GENDER study11 3146 patients with cardiovascular disease who were
treated with percutaneous transluminal coronary angioplasty (PTCA) with or with-
out stents were followed for at least nine months for the occurrence of clini-
cal restenosis and revascularization of the vessel which was originally treated
with PTCA. Inflammatory processes are involved in such target vessel revascu-
larization (TVR), and the level of inflammatory response is controlled by several
genes, among which possibly the IL10 gene. We determined in 2653 patients
the variants of four SNPs in this gene (IL10 -592G>T, IL10 -2849G>A, IL10 -
1082G>A, andIL10 4251A>G), and evaluated their association with TVR risk.
Overall, there were 252 TVR, and TVR risk was 9% at nine months, and 10.5%
at twelve months. Rare allele frequencies were 28%, 49%, 27%, and 24%, of
the four SNPs, respectively. All four markers were in linkage disequilibrium
(P < 0.001), and Hardy-Weinberg equilibrium was not rejected for any of the
markers (P > 0.0125; significance level (Bonferroni) corrected for multiple test-
ing).

Univariately, in a Cox model assuming co-dominant effects,IL10 -2849G>A
andIL10 -1082G>A were significantly associated with TVR risk with hazard ra-
tios (HR) 1.21 (95% CI: 1.00–1.46) and 1.20 (1.01–1.42), respectively. HR of
IL10 -592C>A was 0.87 (0.70–1.07) and the HR ofIL10 4251A>G was 1.20
(0.99–1.45). In a Cox model with all SNPs, and all two-way interactions, we
found significant interactions between SNPsIL10 -2849G>A, andIL10 -1082G>A
(P = 0.003), andIL10 -1082G>A, and IL10 4251A>G (P = 0.001). Higher-
order interactions were not significant. The prognostic index of this model (Xβ)
varied between -2.6 and +1.6, and had 23 different values corresponding to the 23
different genotype combinations that were observed.

With 4 biallelic SNPs, 16 different haplotypes are possible, but seven had zero
frequency in the current sample. Of the remaining nine haplotypes, there were
four major haplotypes with substantial frequencies 27% (0000), 24% (0001), 21%
(0100), and 27% (1110), while the relative frequencies of the remaining five hap-
lotypes varied between 0.46% and 0.02%. The estimated haplotype frequencies
and log hazard ratios at the optimal CVL (ridge penalty) are given in Figure 5.3.
The hazard ratios of the four major haplotypes were not different from each other,
but of the five rare haplotypes two had decreased (0010, and 0101), and three had
increased (0110, 1000, and 1100) hazard ratios, although all had very wide con-
fidence intervals, and none were statistically significantly associated with TVR
risk.

To validate our model we calculated the survival curves of all 23 subgroups
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Figure 5.3. Frequencies and log TVR hazard ratios with 95% confidence intervals of the
IL10-gene haplotypes.
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with different genotype combinations according to equation 5.3 and compared
these with the Kaplan-Meier curves. These curves are given in Figure 5.4 for the
subgroup of 233 patients who were homozygous for the most common allele of
IL10 -2849G>A andIL10 4251A>G, and heterozygous forIL10 -1082G>A and
IL10 -592C>A (Figure 5.4). These two curves are comparable, indicatingthat
our haplotype method produces valid results.
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Figure 5.4. EstimatedIL10 survival curves based on genotypes and based on haplotypes.

Discussion

In the present study we present a method to model the relationbetween failure
time and haplotypes in unrelated individuals. The simulations presented in this
study show that haplotype effects estimated with our methodare close to the true
estimates and in certain situations our method performs better than the method
that incorporates the most likely haplotype pair for each multiple heterozygous
individual. Furthermore, we present a penalized log-likelihood method that can
be used to deal with the unstable estimates of rare haplotypes, and the simulations
show that it can indeed shrink the estimates and their 95% confidence intervals to
’acceptable’ values. Simulations also show that the cross-validated standard errors
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of the other haplotypes can be increased compared to their unpenalized standard
errors resulting from the uncertainty about the penalty parameterλ. Therefore,
the penalized log-likelihood method mostly serves the purpose of estimating the
effects of rare haplotypes.

Previously, Lin16 has described a similar method for haplotype analysis in co-
hort studies. However, this method did not include a penaltyfunction for dealing
with the unstable estimates of rare haplotypes, which is a serious concern in these
kinds of studies. Another approach has been described by Tregouet and Tiret17.
Their method uses a Stochastic-EM algorithm18, in which the E-step consists of a
imputation method which draws a haplotype pair, from those that are compatible
with their genotype, for each multiple heterozygous individual.

The method described in this paper is a flexible method allowing for adjust-
ment for (environmental) covariates as well as haplotype-environment interac-
tions. Although we focus on haplotypes consisting of a certain number of biallelic
SNPs, the method is also capable of handling loci with more than two alleles. Fur-
thermore, the method can be easily extended to deal with missing genotype data
by increasing the number of possible haplotype pairs that are compatible with the
observed genotype.

The wiq in our method are calculated under the assumption of Hardy-Wein-
berg. Although we did not check robustness of the method to violations of this
assumption, Lin16 has shown that their method, which is comparable with our
unpenalized method, is robust to violations of the Hardy-Weinberg assumption.

We use a penalty function to increase precision of estimatesof rare haplo-
types. Other strategies for managing unstable estimates ofrare haplotypes include
excluding the rare haplotypes from the variable list, pooling the rare haplotypes
into one category, or pooling the rare haplotypes with common haplotypes that
are very similar. The first approach implicitly groups the rare haplotypes with the
reference category and the second and third approach lead topooled categories
that are sometimes hard to interpret. Nevertheless, these last two methods seem
to increase power19. When using our difference penalty rare haplotypes are also-
in a way - pooled with similar common haplotypes.

The EM algorithm presented in this paper was programmed in MATLAB R© 7.0
(The MathWorks, Natick, MA, USA) and is freely available upon request from the
corresponding author.

To conclude, the method presented in this paper can be applied to estimate
haplotype effects in cohort studies when haplotype phase isunknown. Further-
more, a penalty function can be added to estimate effects of rare haplotypes, which
is a common problem in these studies.
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Abstract

Aims To investigate the influence of different LDL receptor (LDLR) gene muta-
tions on age at first cardiovascular event in familial hypercholesterolaemia (FH)
patients.
Methods and ResultsDutch FH patients (n = 862) with knownLDLR mutations
from a retrospective cohort study were included. A gamma frailty Cox model was
used. An event was defined as the first cardiovascular event. Gender, hyperten-
sion, smoking, diabetes, HDL cholesterol, LDL cholesterol(LDL-C) or triglyc-
erides were included as covariates. Furthermore, the effect of LDLR mutation type
on LDL and HDL cholesterol levels was investigated using mixed effects models,
including gender, smoking, body mass index, and age at time of lipid measure-
ment as covariates. A total of 86 differentLDLR mutations were present in this
cohort. Twenty-two percent of patients experienced an event (median age: 47.1
year; range: 25.6-85.8 years). The effect ofLDLR mutation type on event-free
survival is only significant in the models without LDL-C levels. Also,LDLR mu-
tation type was significantly associated with LDL-C levels (P = 0.007), but not
with HDL cholesterol levels (P = 0.12).
ConclusionIn the present study, LDL-C levels are a more important risk factor of
event-free survival than the type ofLDLR mutation.
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Introduction

Familial hypercholesterolaemia (FH) is an autosomal dominant trait, primarily
caused by mutations in the LDL-receptor (LDLR) gene1. It is characterized by
elevated levels of LDL cholesterol (LDL-C), the presence oftendon xanthomas,
and early onset of coronary atherosclerosis1,2. The prevalence of heterozygous
FH is estimated to be about 1 in 500 persons1.

The LDLR gene is located on chromosome 191. In recent years, over 700
different mutations in theLDLR gene have been described3,4, of which over 350
were found in the Dutch population5. Phenotypic expression of FH varies be-
tween patients. Differences between mutation types have been found for total
cholesterol, LDL-C, HDL cholesterol, and response to treatment with simvasta-
tin6–19, although these results have not been unequivocal. Furthermore, results
have also been ambiguous concerning the expression of cardiovascular disease
(CVD). Bertolini et al.12 found that CVD occurred at a younger age in receptor-
negative patients than in receptor-defective patients, and Vohl et al.14 found that
carriers of null alleles were younger at first revascularization than carriers of de-
fective alleles at theLDLR locus. Also, homozygous carriers of a>10 kb deletion
showed onset of CVD at a younger age than homozygous carriersof the W66G
mutation in exon 316. On the other hand, Chaves et al.19 found no difference in
the presence of CVD between carriers of null mutations and carriers of defective
mutations, and Sijbrands et al.18 found no difference in mortality risk between
first-degree relatives of carriers of either null alleles orother types of mutations.
Given these previous results it might be expected that different mutations are as-
sociated with different ages at which the first cardiovascular event is reported.

However, a major drawback of the previous studies is that they investigated
only a small number of mutations or grouped different mutations to ease analy-
sis. The latter limitation as well as the current ambiguous results, prompted us to
investigate the influence of individualLDLR mutations on age at first cardiovas-
cular event in a cohort of patients with FH. Since many mutations occur only very
rarely, it is impossible to obtain stable estimates of the relative risks (RRs) for
these different mutations. Instead, we estimate the distribution of the RRs over
all mutation classes. Therefore, we use a frailty model20, which is able to deal
with the many different categories associated with the different mutations in our
cohort. Furthermore, the model allows the sizes of the individual groups to differ
from group to group, and for group size to be one.
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Methods

The shared frailty model

Frailty models are random-effects models for survival data, and may be used to
model association between individual survival times within subgroups20. The
shared frailty model can be defined as an extension of the proportional hazards
regression model. It is assumed that the hazard rate for thejth individual (j =
1, . . . , ni) in theith subgroup, defined by theith mutation type in theLDLR gene,
(i = 1, . . . , m), given the frailty, is of the form20:

hij(t) = h0(t)exp(σwi + βZij)

= h0(t)aiexp(βZij)
(6.1)

whereh0(t) is a non-parametric baseline hazard rate,Zij is the vector of covari-
ates,β is the vector of regression coefficients,w1, . . . , wm are the log RRs (also
called frailties) associated with theith mutation, andai = exp(σwi). We assume
that theai’s are gamma distributed with shape and scale parameter bothequal to
δ, so that the mean of theai’s is one and the variance is1/δ. The choice for the
gamma distribution is based on convenience because the posterior distribution of
theai’s given the data is a gamma distribution with parameters [δ +

∑ni

j=1 dij] and
[δ +

∑ni

j=1 H0(tij)exp(βZij)], where
∑ni

j=1 dij is the number of events in theith
subgroup, andH0(tij) is the cumulative baseline hazard function. It follows that

E[ai|Data] =
(δ +

∑ni

j=1 dij)

(δ +
∑ni

j=1 H0(tij)exp(βZij))
. (6.2)

The variance ofai is calculated as follows

V ar[ai|Data] =
(δ +

∑ni

j=1 dij)

(δ +
∑ni

j=1 H0(tij)exp(βZij))2
, (6.3)

and these statistics can be used as a quantification of the RR of each mutation type
present in this cohort.

Study population

We studied FH heterozygotes from a Dutch, retrospective, multicenter, cohort
study, who were 18 years or older and had a documentedLDLR mutation. The
study design and population have been described elsewhere21. In short, 4000
patients were randomly selected from a DNA bank database consisting of DNA
samples from clinically suspected FH patients (n = 9300) referred from lipid
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clinics throughout the Netherlands. A total of 2400 subjects met the diagnostic
criteria for FH21, whereas 1600 were excluded because they did not meet these
criteria. A team of 13 especially trained data-collectors reviewed all patients’
hospital records. Subsequently, extensive information ondemographics, classical
risk factors, laboratory parameters and CVD endpoints was acquired. To ensure
data completeness, additional information was sought fromgeneral practitioners,
patients, and hospitals that patients had visited formerly. To obtain consistent data
sets, quality guidelines were implemented. The present study excluded 1145 sub-
jects because they were included in the cohort based on otherdiagnostic criteria
than the presence of aLDLR mutation. Of the remaining 1255 subjects, 393 had
missing values for at least one of the variables used in the frailty analysis (see
Statistical analysis).

The study complies with the Declaration of Helsinki. Written informed con-
sent was obtained from all living patients. The Ethics Institutional Review Board
of each participating hospital approved the protocol.

Cardiovascular events

The combination of cardiovascular mortality and CVD was theprimary measure
of outcome. CVD was defined by the presence of at least one of the following:
(i) myocardial infarction, proven by at least two of the following: (a) classical
symptoms (>15 minutes), (b) specific ECG abnormalities, (c) elevated cardiac
enzymes (>2x upper limit of normal); (ii) percutaneous coronary intervention or
other invasive procedures; (iii) coronary artery bypass grafting; (iv) angina pec-
toris, diagnosed as classical symptoms in combination withat least one unequiv-
ocal result of one of the following: (a) exercise test, (b) nuclear scintigram, (c)
dobutamine stress ultrasound, (d) a more than 70% stenosis on a coronary an-
giogram; (v) ischemic stroke, demonstrated by CT- or MRI scan; (vi) documented
transient ischemic attack; (vii) peripheral arterial bypass graft; (viii) peripheral
percutaneous transluminal angioplasty or other percutaneous invasive interven-
tion; (ix) intermittent claudication defined as classical symptoms in combination
with at least one unequivocal result of one of the following:(a) ankle/arm index
<0.9, (b) a stenosis (>50%) on an angiogram or duplex scan.

If information on CVD did not strictly fulfill the above-mentioned criteria,
or if any suspect history, symptoms or diagnostic evaluations were found in the
record, the case was presented to an independent adjudication committee.

Laboratory analysis

All laboratory parameters were measured in fasting blood samples. Lipid levels,
as stated in the medical record, were determined after at least 6 weeks of with-
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drawal of any lipid-lowering medication21. LDL-C levels were calculated using
the Friedewald formula. Mutations in theLDLR gene were assessed by methods
described previously22. In short, all patients were analysed by PCR for the 14
most common mutations found in the Netherlands22. If no mutation was found,
the promoter and all coding regions of theLDLR gene were analysed by denatur-
ing gradient gel electrophoresis and aberrant bands were sequenced. In addition,
long-range PCR and Southern blotting techniques were used to identify large dele-
tions and insertions. However, since these techniques weretime-consuming and
not very discriminating, a different approach was used in a later stage: the pro-
moter region and all exons (including exon-intron boundaries) of theLDLR gene
were sequenced directly and majorLDLR gene rearrangements were identified
by the multiplex ligation-dependent probe amplification (MLPA) technique with
the Salsa P062 LDLR Exon Deletion Test Kit (MRC-Holland, Amsterdam, The
Netherlands). This MLPA kit is designed to detect deletions/duplications of one or
more exons of theLDLR gene23–25. To denote mutations we use the nomenclature
system described by Antonarakis26 and den Dunnen and Antonarakis27.

Statistical analysis

The gamma frailty model as described earlier was used in the analysis. Five dif-
ferent models were analysed. The covariates gender, hypertension (yes/no; time-
dependent), smoking (ever/never; time-dependent with a linearly decreasing risk
effect for the 3 years after cessation), and diabetes (yes/no; time-dependent) were
included in all these five models, whileLDLR mutation type was included as the
frailty term as described earlier. The five models differed in the number of lipid
variables that were included as covariates. We investigated the effect of including
either LDL-C levels, HDL cholesterol levels, or triglyceride levels. Therefore, the
first model did not include any lipid variables, the second model included only
HDL cholesterol levels, the third model included only LDL-Clevels, the fourth
model included only triglyceride levels, and the fifth modelincluded all these
three lipid variables. These lipid variables were entered as continuous variables.

Also, random effects models were used to estimate the effectof LDLR mu-
tation type on LDL and HDL cholesterol, respectively. In these models, gender,
smoking (ever/never), body mass index, and age at time of lipid measurement
were included as fixed effects, and type ofLDLR mutation was included as a ran-
dom effect. For these models, the intraclass correlation coefficient was calculated,
which is defined as the variance attributed toLDLR mutation type divided by the
total variance (i.e., sum of variance of the distribution ofthe random effects of
LDLR mutation type and the residual variance).

For each individual, follow-up started at birth and ended atthe date of first
cardiovascular event defined as described earlier. Subjects without CVD were
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Table 6.1. Number of people and number of events for
the 15 most frequentLDLR mutations in this study

LDLR mutation type n Events
[N543H; 2393-2401delTCCTCGTCT] 238 41
c.1359-1G>A 102 20
313+1/2a 78 15
W23X 49 10
E207K 48 18
V408M 44 18
c.191-2G>A 41 15
S285L 41 4
EX7 8del (Cape Town-2) 31 10
P664L 14 3
R329X 11 1
c.2390-2A>G 10 3
10 kb insertion in intron 8 (Alkmaar-1) 10 2
C163R 10 0
C146X 9 1
a Cluster of the c.313+1G>C, c.313+1G>A, and
c.313+2T>C mutations, which are all picked up by the
PCR procedure.

censored at the date of the last Lipid Clinic visit or at the date of death attributable
to other causes. Analyses were performed using the SAS System (version 9.1 for
Windows) and S-plus 6.0. The variance test was one-sided, all other tests were
two-sided. A P-value smaller than 0.05 was regarded as statistically significant.

Results

In the present study, 862 FH patients with documentedLDLR mutations were in-
cluded. A total of 86 differentLDLR mutation types were present in these patients.
Table 6.1 shows the number of patients and the number of events for each of the
15 most frequentLDLR mutation types. These 15 most common mutations repre-
sent 736 subjects, averaging 49.1 patients per group. The remaining 126 patients
have one of the other 71 mutations, which is an average of 1.8 patient per group.

Some characteristics of the FH patients in this study are shown in Table 6.2.
Of the 862 patients, 190 (22%) experienced a cardiovascularevent. The me-
dian follow-up duration was 43.8 years, ranging from 18.4 to85.8 years. For
patients who were censored, the median follow-up was 43.0 years (range: 18.4–
80.8 years), and the median age at which patients experienced their first event was
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Table 6.2.Characteristics of study population (n = 862)
Characteristic
Male gender (%) 44.8
Smoking, ever (%) 68.1
Hypertension (%) 33.8
Diabetes mellitus (%) 3.7
Tendon xanthomas (%) 41.5
Body Mass Index (kg/m2) (mean±SD) 24.6± 3.4
Systolic blood pressure (mmHg) (mean±SD) 132± 18
Diastolic blood pressure (mmHg) (mean±SD) 80± 10
Total cholesterol (mmol/l) (mean±SD) 10.11± 2.1
LDL-C (mmol/l) (mean±SD) 8.20± 2.0
HDL cholesterol (mmol/l) (mean±SD) 1.18± 0.3
Triglycerides (mmol/l) [median(range)] 1.38 (5.2)
Age at time of lipid measurement (years) (mean±SD) 41.4± 12.4

47.1 (range: 25.6–85.8).
The hazard ratios (HRs) and 95% confidence intervals (CI) of the fixed effects

of the different frailty models are shown in Table 6.3. It canbe seen that male
gender, presence of hypertension, presence of diabetes, smoking and higher levels
of LDL-C were all associated with increased risk. On the other hand, higher levels
of HDL cholesterol were associated with a lower risk. Triglyceride levels were not
statistically significantly associated with age at first cardiovascular event.

The last row in Table 6.3 shows the overall significance of thedifferentLDLR
mutation types. It can be seen thatLDLR mutation type was significantly associ-
ated with event free survival only in those models that did not include LDL-C as
a fixed effect. In other words, when LDL-C was included in the model, there was
no significant effect ofLDLR mutation type on event free survival.

The RRs for each individualLDLR mutation type, calculated as described in
equation (6.2), are plotted in Figure 6.1 for the model in which all lipid variables
are included as covariates (model 5). The different groups are ordered according
to their value of the RR. The error bars indicate the limits according to two times
the standard deviation (i.e., square root of equation (6.3)). Furthermore, Table 6.4
shows the RRs for the five mutation types with the lowest RRs and for the five
mutation types with the highest RRs for the model in which no lipid variables were
included as covariates (model 1) and for the model in which all lipid variables
were included as covariates (model 5).

The individual RRs of the mutation types for the models whereonly HDL
cholesterol or only triglycerides were entered as covariates (besides gender, hy-
pertension, smoking, and diabetes) were very similar to theRRs in the model with
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Table 6.3.Hazard ratios and 95% confidence intervals from the different frailty models
Covariate Model 1 Model 2 Model 3 Model 4 Model 5
Male gender 2.82 2.44 3.01 2.78 2.61

(2.08–3.83) (1.77–3.35) (2.21–4.10) (2.04–3.78) (1.89–3.61)
Hypertension 1.69 1.71 1.70 1.69 1.74

(1.12–2.56) (1.14–2.58) (1.13–2.55) (1.12–2.55) (1.15–2.61)
Smoking 1.50 1.50 1.52 1.50 1.52

(1.11–2.05) (1.11–2.05) (1.12–2.06) (1.10–2.04) (1.12–2.07)
Diabetes 2.91 2.65 2.65 2.70 2.40

(1.21–7.00) (1.10–6.37) (1.11–6.32) (1.12–6.52) (0.99–5.81)
HDL - 0.45 - - 0.46

(0.27–0.75) (0.26–0.79)
LDL - - 1.10 - 1.10

(1.03–1.18) (1.03–1.19)
Triglycerides - - - 1.14 1.03

(0.97–1.36) (0.85–1.25)

p-value of frailty 0.04 0.04 0.10 0.04 0.11

no correction for lipid variables (data not shown), while the RRs for mutation type
in the model where only LDL-C was entered as covariate (besides gender, hyper-
tension, smoking, and diabetes), were very similar to the RRs in the model where
all lipid variables were entered as covariates (data not shown). In Table 6.4, it can
be seen that including LDL-C as a covariate shrank all RRs towards 1. Further-
more, including LDL-C reduced the variance of the estimatedRRs.

Because both LDL-C and HDL cholesterol were associated withevent free
survival in the frailty model, we investigated the effect ofLDLR mutation type
on both these variables, using a mixed effects model. Body mass index, gender,
smoking and age at time of lipid measurement were included asfixed effects in
both these models, whileLDLR mutation type was entered as a random effect. For
LDL-C, age at time of lipid measurement was statistically significantly associated
with LDL-C (P-value:< 0.0001). More importantly, type ofLDLR mutation was
significantly associated with LDL-C (P-value: 0.0065). Theestimated variance
component forLDLR mutation type was 0.54, while that of the residual was 3.07,
thus resulting in an intraclass correlation coefficient of 15%.

TheLDLR mutation types with the largest effect on LDL-C did not coincide
completely with the mutation types with the largest effectson event free survival.
In Figure 6.2 the individual estimates of the effect ofLDLR mutation type on
LDL-C are plotted against the estimated RRs from the frailtymodel which was
not corrected for any lipid variables (frailty model 1). From this plot it can be
seen that the correlation between these estimates was far from perfect, as was ex-
pected. The fiveLDLR mutation types with the lowest estimates (for effect on
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Table 6.4. Individual RRs (SD) for the five mutations with the lowest individual RR
and for the five mutations with the highest individual RR for the model without cor-
rection for lipid variables and for the model corrected for all lipid variables

LDLR mutation type No correction lipids Correction all lipids
[N543H; 2393-2401delTCCTCGTCT] 0.70 (0.16) 0.81 (0.15)
S285L 0.73 (0.27) 0.84 (0.24)
R329X 0.83 (0.30) 0.85 (0.25)
C146X 0.87 (0.30) 0.86 (0.25)
C163R 0.82 (0.31) 0.86 (0.26)

V408M 1.40 (0.19) 1.32 (0.18)
E207K 1.22 (0.19) 1.25 (0.18)
EX7 8 (Cape Town-2) 1.36 (0.22) 1.22 (0.20)
T413R 1.13 (0.28) 1.09 (0.24)
W23X 1.15 (0.22) 1.09 (0.20)
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Figure 6.1. Effect of LDLR mutation type on event free survival for model corrected for
all lipids; error bar indicates 2*SD
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Estimates of LDLR mutation type on LDL from mixed model
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Figure 6.2. Plot of estimates of RR from frailty model not corrected for any lipid values
(model 1) versus the estimates of the effect ofLDLR mutation type on LDL cholesterol as
estimated by the mixed effects model

LDL-C) were [N543H; 2393-2401delTCCTCGTCT], S285L, P664L, R60C, and
T413R. The estimates (95% CIs) of these mutation types were -1.3 (-1.7;-0.9), -
1.1 (-1.7;-0.5), -0.8 (-1.6;0.1), -0.7 (-1.9;0.5), and -0.6 (-1.8;0.6), respectively. The
five mutations with the highest estimate were Alkmaar-1, c.191-2G>A, c.1359-
1G>A, L590F, and W462X. The estimates (95% CIs) for these mutation were
1.0 (0.1;1.9), 0.8 (0.2;1.5), 0.8 (0.4;1.2), 0.8 (-0.5;2.0), and 0.7 (-0.7;2.0), respec-
tively. The R329X and C146X mutations which were in the lowest fifth in the
frailty model, ranked 36th and 62nd out of 83 (in ascending order), respectively
in this analysis. Due to missing values, an effect for C163R could not be esti-
mated. The V408M, EX78del (Cape Town-2), E207K, and W23X mutations,
which were in the highest five in the frailty model, ranked respectively 47, 58, 48,
and 69 out of 83 in this analysis.

For HDL cholesterol, all fixed effects were significantly associated (P-values:
gender:< 0.0001; smoking:0.03; body mass index:< 0.0001; age at time of lipid
measurement: 0.02). Type ofLDLR mutation was not significantly associated
with HDL cholesterol (P-value: 0.12). The estimated variance component was
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0.002, while the residual was estimated to be 0.10, which resulted in an intraclass
correlation coefficient of only 1.6%.

Discussion

The present study investigated the effect ofLDLR mutation type on age at first
cardiovascular event in a cohort of Dutch FH patients using afrailty model. The
results indicate that LDL-C levels, as well as gender, smoking, hypertension, di-
abetes and HDL cholesterol levels, are important predictors for age at first event.
Furthermore, when LDL-C levels are known, the type ofLDLR mutation does not
seem to add information regarding the age at first cardiovascular event. Moreover,
LDL-C levels are influenced byLDLR mutation type.

Our analysis identified mutations that seem to be associatedwith a better prog-
nosis (e.g., [N543H; 2393-2401delTCCTCGTCT], S285L), as well as mutations
that seem to be associated with a worse prognosis (e.g., V408M, E207K) than this
cohort of heterozygous FH patients had on average. In agreement with our results,
Castillo et al.28 classified the [N543H; 2393-2401delTCCTCGTCT] mutation as
a mild mutation, and it was also found to be associated with a better CVD free sur-
vival in a similar cohort of FH patients10. On the other hand, three other mutations
associated with lower RRs compared with the average in this cohort are S285L,
R329X, and C146X. The S285L mutation results in an LDLR protein with 2-5%
activity compared to normal protein29, while the R329X and C146X mutations
are class 1 mutations13,30, meaning the LDLR protein is not synthesized31. Of the
mutations associated with increased RRs, the V408M and E207K mutations have
<2% LDLR activity, and the EX78 (Cape Town-2) and W23X have between 2
and 5% activity29. Therefore, these preliminary results are the first to indicate that
clustering based on functionality might not yield accurateresults concerning the
effect ofLDLR mutation type on age of onset of cardiovascular disease.

Furthermore, the effects of theLDLR mutation types on event-free survival
and the effects of mutation type on LDL-C levels are weakly correlated, meaning
that, for instance, theLDLR mutation types that are associated with a short event
free survival are not necessarily the mutation types associated with high LDL-C
levels. This was not an unexpected finding, since it has been found that the LDL-C
levels of FH heterozygotes vary widely even in those that carry the same mutation,
and that other genetic and environmental risk factors are important determinants
of FH phenotype10,15,32–34. Therefore, this result indicates once more that other
factors are also important in determining LDL-C levels and event-free survival of
FH heterozygotes.

This is the first study which uses a frailty model to investigate the effect of
LDLR mutation type on age at first cardiovascular event in a cohortof patients
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with FH. This method enables the study of the effect of eachLDLR mutation type
separately. This is a major advantage compared with previous studies that have
analysed the effect ofLDLR mutation type by clustering different types to obtain
groups that were large enough for analysis, since this may obscure important ef-
fects of individual mutation types. However, many mutationtypes were present
in only one or a few FH patients in this cohort. For these mutations, the present
analysis is not conclusive about their influence on event-free survival due to lack
of power. However, since these mutation types are rare in theDutch population
they will not be important on a population level.

The 190 events in our study can be divided into 158 cardiac events, 16 cere-
bral events, 15 peripheral events, and 1 subject had a cardiac and peripheral event
reported on the same day. This heterogeneity may have diluted the effect of mu-
tation type on age at first event, but since the number of events is limited, we do
not think that, given power, more specific analysis are warranted.

One of the inclusion criteria of this study was that subjectshad to be at least
18 years old. Since the probability of dying before the age of18 years is small, it
is not likely that this has led to ’survivor bias’.

One limitation of the shared frailty model is that it forces the unobserved co-
variates to be identical within clusters. To cope with this we included the most
important (known) covariates as fixed effects in our model. Nevertheless, it can-
not be excluded that other unobserved covariates still playa role, and these might
not be the same for all patients who share the sameLDLR mutation.

In conclusion, the present study shows LDL-C levels are moreimportant than
LDLR mutation type for event-free survival in FH patients. Furthermore, the
present analysis has enabled estimation of RRs for each individual LDLR mu-
tation type, resulting in an indication that [N543H; 2393-2401delTCCTCGTCT]
is associated with a longer event free survival, while V408Mmight be associated
with an earlier age at first cardiovascular event.
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Abstract

The objective of this study was to investigate the performance of multiple impu-
tation of missing genotype data for unrelated individuals using the polytomous
logistic regression model, focusing on different missingness mechanisms, per-
centages of missing data, and imputation models. A completedataset of 581
individuals, each analysed for eight biallelic polymorphisms and the quantitative
phenotype HDL-C, was used. From this dataset one hundred replicates with miss-
ing data were created, in different ways for different scenarios. The performance
was assessed by comparing the mean bias in parameter estimates, the root mean
squared standard errors, and genotype-imputation error rates. Overall, the mean
bias was small in all scenarios, and in most scenarios the mean did not differ sig-
nificantly from ’no bias’. Including polymorphisms that arehighly correlated in
the imputation model reduced the genotype-imputation error rate and increased
precision of the parameter estimates. The method works wellfor data that are
missing completely at random, and for data that are missing at random. In con-
clusion, our results indicate that multiple imputation with the polytomous logistic
regression model can be used for association studies to dealwith the problem of
missing genotype data, when attention is paid to the imputation model and the
percentage of missing data.
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Introduction

Genetic association studies investigate whether one or more polymorphisms are
associated with a certain outcome/phenotype (e.g., high density lipoprotein cho-
lesterol (HDL-C) plasma levels). Often these studies are confronted with missing
genotype data. Missing data can drastically reduce the number of patients avail-
able for analysis and thereby minimize power and possibly introduce selection
bias. It is generally known that the more polymorphisms thatare genotyped, the
less complete cases that will be available for multivariateanalysis. Due to growing
interest in dependencies and interactions between polymorphisms, low numbers
of complete cases often present a problem in genetic association studies.

One way to deal with missing data is by multiple imputation1. In multiple
imputation, missing values are replaced with plausible values a number of times
(usually 3-5 times), reflecting the uncertainty about the true values of the missing
data2–4. These ’complete’ datasets are then analysed separately with normal com-
plete case methods, and subsequently the results are combined into one estimate.

When dealing with missing data, the mechanism responsible for these missing
data is an important aspect, and three different mechanismscan be distinguished.
Data are said to be ’missing completely at random’ (MCAR) when the missing
data values are a simple random sample of all data values. Data is ’missing at ran-
dom’ (MAR) when the probability that an observation is missing depends on ob-
served values but not on missing ones. When the missingness depends on data that
is not observed, missing data are said to be ’not missing at random’ (NMAR)3.

For multiple imputation, a distinction can be made between the model used
to estimate plausible values for the missing data (henceforth called the imputa-
tion model) and the model used for the analysis. The imputation model contains
a number of variables, which are included in the analysis or otherwise thought
to be important for multiple imputation. The analysis modelis similar to mod-
els in ’normal’ complete case methods, containing variables of interest, possible
confounders, etc.

Studies on missing genotype data have been published previously, but many
of these are family studies5,6. Heo et al.7 and Kistner & Weinberg8 used multiple
imputation for missing genotype data but, since their studies consisted (partly) of
related individuals, they adjusted the imputation method to avoid possible incon-
sistencies of imputed genotypes among family members.

Genotype data of biallelic polymorphims can be seen as nominal categori-
cal data with three possible categories (i.e., homozygous wildtype, heterozygous
and homozygous mutant). When a dominant recessive or additive (co-dominant)
model is assumed, the genetic data ’simplifies’ to ordinal ordichotomous data.
The present study focuses on biallelic polymorphisms without assuming a dom-
inant, recessive or additive model. Therefore, a polytomous logistic regression
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model can be used for multiple imputation (see methods). Theaim of this study is
to investigate the performance of multiple imputation of missing genotype data in
a study of unrelated individuals using the polytomous logistic regression model,
focusing on the three different missingness mechanisms (i.e., MCAR, MAR and
NMAR), different percentages of missing data, and different imputation models.

Methods

Polytomous logistic regression model

If genotypic data for biallelic polymorphisms is treated as(nominal) categorical
data, imputation of such data can be carried out using the polytomous logistic re-
gression model as implemented in the MICE library for S-plus(TNO Prevention
and Health, the Netherlands, version 1.0 [http://www.multiple-imputation.com])9,10.
A general expression for the conditional probability in thethree category polyto-
mous logistic regression model11 is

P (Y = j|x) =
egj(x)

∑2
k=0 egk(x)

(7.1)

whereY = genotype class withj = 0, 1, 2 representing homozygous wildtype,
heterozygous and homozygous mutant, respectively;x = vector representing the
covariates;k = 0, 1, 2 withg0(x) = 0 andg1(x) andg2(x) are the two logit
functions, defined as

g1(x) = ln

[
P (Y = 1|x)

P (Y = 0|x)

]

= β10 + β11x1 + β12x2 + · · ·+ β1pxp

(7.2)

g2(x) = ln

[
P (Y = 2|x)

P (Y = 0|x)

]

= β20 + β21x1 + β22x2 + · · ·+ β2pxp

(7.3)

whereβ = β10, . . . , β1p, β20, . . . , β2p are the regression parameters andp = the
number of variables in the model. The conditional probabilities are used to sample
genotypes (as categorical data) from the multinomial distribution.

Study population

Genotypic and phenotypic data used in the present study was derived from the
REGRESS study12. In short, this was a double blind, placebo controlled, multi-
centre trial to assess the effects of pravastatin on progression and regression of
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angiographically documented coronary atherosclerosis. The study consisted of
884 unrelated Dutch male patients with serum cholesterol between 4 and 8 mmol/l
and triglyceride levels below 4.0 mmol/l.

For the present study, the dependence of HDL-C levels on genetic polymor-
phisms was investigated, and eight polymorphisms located on two genes were se-
lected, for different reasons. TheCETP andAPOA1 genes were selected because
both are implied in HDL-C metabolism, but are located on different chromosomes.
Within theCETP gene, five polymorphisms with high linkage disequilibrium (LD)
(Table 7.1) were selected, namelyCETP G(-2708)A,CETP G(-972)A,CETP C(-
629)A, CETP TAQIB and CETP CCC784A. In addition,CETP Ile405Val was
selected, which is located in theCETP gene but is not correlated with the other
five CETP polymorphisms. Within theAPOA1 gene, the uncorrelatedAPOA1 G(-
75)A andAPOA1 C83T polymorphisms were selected. A total of 581 patients,
with complete information for these eight polymorphisms and HDL-C, formed
our complete dataset for the subsequent analyses.

HDL-C levels were determined at the Lipid Reference Laboratory from fasting
blood samples by standard techniques12 and the eight polymorphisms were deter-
mined as previously described13,14. All polymorphisms were in Hardy-Weinberg
equilibrium. The minor allele frequencies of the eight polymorphisms are pre-
sented in Table 7.1.

The theoretical parameter estimates of the linear regression of HDL-C on
CETP C(-629)A were determined in the complete dataset, treatingthe genotype
data as a categorical variable.

Simulation settings

Missing data in one polymorphism

The first approach in this study was to investigate performance when missing data
was created for only one polymorphism, namelyCETP C(-629)A. Three differ-
ent missingness mechanisms (i.e., MCAR, MAR, and NMAR) werestudied, and
for each of these three different percentages of missing data were considered (de-
scribed below in more detail). For each of these simulation settings, one hundred
different datasets with missing values were created from the complete dataset.
Furthermore, several different imputation models were tested for each simulation
setting. To estimate the parameter values, each dataset wasimputed five times,
followed by linear regression of HDL-C onCETP C(-629)A treatingCETP C(-
629)A as a categorical variable; the results of these five sets were then combined
to yield two parameter values4.

For the MCAR missingness mechanism, missing data was created with a prob-
ability of 0.2, 0.5 and 0.8, thus creating 20%, 50% and 80% missing data inCETP
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Table 7.1.Minor allele frequencies of polymorphisms and R2 as measure of LD between polymorphisms

Minor allele CETP APOA1
frequency G(-972)A C(-629)A TAQIB CCC784A Ile405Val G(-75)A C83T

CETP G(-2708)A 0.304 0.39 0.5 0.61 0.58 0.01 0.0 0.0
CETP G(-972)A 0.495 0.34 0.24 0.23 0.0 0.0 0.01
CETP C(-629)A 0.447 0.79 0.74 0.12 0.0 0.0
CETP TAQIB 0.399 0.91 0.1 0.0 0.0
CETP CCC784A 0.395 0.09 0.0 0.0
CETP Ile405Val 0.274 0.0 0.0
APOA1 G(-75)A 0.116 0.0
APOA1 C83T 0.032

1
0
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C(-629)A, respectively. Six different main effects imputation models were consid-
ered (see footnotes of Table 7.2), which all includedCETP C(-629)A and HDL-C,
but differed with respect to the incorporation of (un)correlated polymorphisms.
Models 4, 5 and 6 all included the fourCETP polymorphisms in high LD with
CETP C(-629)A (i.e., CETP G(-2708)A, CETP G(-972)A, CETP TAQIB and
CETP CCC784A). In addition toCETP C(-629)A, HDL-C and the fourCETP
polymorphisms in high LD, model 5 includedCETP Ile405Val, and model 6 in-
cluded bothAPOA1 polymorphisms. Models 1, 2 and 3 did not include the four
polymorphisms in high LD. Model 1 only includedCETP C(-629)A and HDL-
C, model 2 includedCETP C(-629)A, HDL-C andCETP Ile405Val and model 3
includedCETP C(-629)A, HDL-C and bothAPOA1 polymorphisms.

For the MAR missingness mechanism, missingness inCETP C(-629)A de-
pended on theCETP TAQIB genotype, in accordance with the following criteria:
1) whenCETP TAQIB was homozygous wildtype or heterozygous, the probabil-
ity that CETP C(-629)A was missing equalled 0.1; 2) whenCETP TAQIB was
homozygous mutant, the probability thatCETP C(-629)A was missing equalled
0.2, 0.5 and 0.8, respectively. Two different main effects imputation models were
considered. Model 1 includedCETP C(-629)A,CETP TAQIB and HDL-C, while
model 2 also includedCETP G(-2708)A,CETP G(-972)A andCETP CCC784A.

For the NMAR missingness, the same replications were used asfor the MAR
missingness mechanism. However, the imputation models didnot includeCETP
TAQIB, thus creating NMAR.

Missing data in more than one polymorphism

In addition, missing data was created for more than one polymorphism, which
reflects a more realistic situation. In this simulation, thetwo polymorphisms in
the APOA1 gene were left out of the analyses and missing data was created only
for the sixCETP polymorphisms. Again, one hundred replicates were performed
for each simulation setting.

For MCAR data, 10%, 20% and 50% missing data respectively wasrandomly
created for all sixCETP polymorphisms. The imputation model for all sixCETP
polymorphisms included the main effects of allCETP polymorphisms, as well as
HDL-C.

For MAR data, MCAR missingness was created inCETP TAQIB and the
missingness of the other five polymorphisms depended upon the missingness in
CETP TAQIB in the following ways: 1) 20% MCAR missing data inCETP
TAQIB. The missingness in the other fiveCETP polymorphisms was created
as follows: for non-missing values inCETP TAQIB the probability of missing
data for the other fiveCETP polymorphisms was 0.10, and for missing values of
CETP TAQIB the probability of missing data for the other fiveCETP polymor-
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phisms was 0.50; 2) 50% MCAR missing data inCETP TAQIB. For the other
five CETP polymorphisms the following criteria were applied: for non-missing
values inCETP TAQIB the probability of missing data for the other fiveCETP
polymorphisms was 0.30, and for missing values ofCETP TAQIB the probabil-
ity of missing data for the other fiveCETP polymorphisms was 0.80. The first
scenario leads to 116 missing values inCETP TAQIB and 105 missing values in
each of the other fiveCETP polymorphisms. Scenario 2 results in 291 missing
values inCETP TAQIB and 320 missing values in each of the other fiveCETP
polymorphisms. The imputation model for all sixCETP polymorphisms included
main effects of all theseCETP polymorphisms as well as HDL-C.

For the NMAR missingness, the same replications were used asin the MAR
missingness mechanism. However, the imputation models didnot includeCETP
TAQIB, thus creating NMAR.

Missingness depending on phenotype

Two different scenarios were simulated to investigate the effect of multiple impu-
tation when missingness depended on phenotype. For the firstscenario, all cases
were genotyped forCETP TAQIB andCETP Ile405Val, with approximately 10%
MCAR missingness. The other fourCETP polymorphisms were missing for all
cases with HDL-C values between 0.9 and 1.2 mmol/l. Furthermore, 10% of cases
with HDL-C values below 0.9 mmol/l or above 1.2 mmol/l were missing one of
the fourCETP polymorphisms (MCAR). The second scenario was similar to the
first scenario, with the exception that cases with HDL-C values between 0.9 and
1.2 mmol/l were missing theirCETP TAQIB values in addition to theirCETP
G(-2708)A, G(-972)A, CCC784A and C(-629)A values.

Evaluation criteria

For the different simulation settings, parameter estimates provided by the MICE
library were compared in terms of mean bias and root mean squared error (RMSE).
Mean bias is defined as the mean of one hundred differences between the the-
oretical parameter estimate and the parameter estimate after multiple imputa-
tion. RMSE is the square-root of the mean of one hundred squared standard
errors, which can be compared to the theoretical standard errors. Furthermore,
the imputed genotypes were compared to the true genotypes bymeans of the
genotype-imputation error rate, which is defined as the number of imputed geno-
types not identical to the original genotype divided by the number of imputed
genotypes. Per replication both these numbers were summed over all five imputa-
tions. Genotype-imputation error rate is reported as median (range).
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Real data example

As illustration of the method, the missing values that are present in the REGRESS
data set for the sixCETP polymorphisms were imputed. Seven cases without
baseline HDL-C levels were excluded, leaving a total of 877 cases, of which 619
cases had complete data available for all sixCETP polymorphisms. This differs
from the 581 cases in the simulation setting, since the twoAPOA1 polymorphisms
were not included in this analysis. ForCETP C(-629)A 8.7% was missing, for
CETP G(-2708)A 10.3% was missing, forCETP G(-972)A 18.0% was missing,
for CETP TAQIB 8.2% was missing, forCETP CCC784A 14.6% was missing,
and forCETP Ile405Val 21.7% was missing. The imputation models for all six
polymorphisms included the main effects of the six polymorphisms and HDL-C.
Effects ofCETP C(-629)A on HDL-C baseline values were estimated using linear
regression treating the polymorphism as categorical data.

Results

The theoretical parameter values, as estimated in the complete dataset, were 0.0208
for heterozygous versus homozygous wildtype, and 0.1414 for homozygous mu-
tant versus homozygous wildtype. The standard errors associated with these para-
meter values are 0.020 and 0.025 for heterozygous versus homozygous wildtype
and homozygous mutant versus homozygous wildtype, respectively.

Missing data in one polymorphism

Table 7.2 shows the results of the analyses for the MCAR missingness mecha-
nism. Results are presented for 20%, 50% and 80% missing dataand for the six
different imputation models that were studied. The mean bias in all the simula-
tion settings was small, varying between -0.00412 and 0.011. For all percentages,
zero was included in the 95% confidence interval (CI) of the mean bias. How-
ever, for 80% missing data, the CIs of imputation models 3 to 6for the parameter
estimate of homozygous mutant, and the CI of imputation model 6 for the para-
meter estimate of heterozygous both exclude zero, indicating some bias occurred
there. Furthermore, the 95% CIs were much wider for the scenarios with 50% and
80% missing data than for the scenario with 20% missing data,and for imputa-
tion models 1, 2 and 3 than for imputation models 4, 5 and 6. Forthe estimation
of heterozygous versus homozygous wildtype, the RMSE varied between 0.021
and 0.027 indicating that, compared to the theoretical standard error of 0.020, this
was somewhat increased. The RMSE of homozygous mutant versus homozygous
wildtype varied between 0.025 and 0.034, which is a small increase compared to
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the theoretical value of 0.025. For all percentages missingdata, RMSE of models
1, 2 and 3 were larger than those of models 4, 5 and 6. The genotype-imputation
error rates of models 1, 2 and 3 were approximately 0.60 for all percentages miss-
ing data, while the genotype-imputation error rates of models 4, 5 and 6 were
roughly 0.15.

For the MAR missingness mechanism, the three different scenarios led to
11.5%, 16.5% and 21.5% missing data inCETP C(-629)A, respectively. Table 7.3
shows the results of the analyses for the MAR missingness mechanism. Genotype-
imputation error rates varied between 0.10 and 0.17 for the different imputation
models and scenarios. SinceCETP TAQIB is highly correlated withCETP C(-
629)A, even the genotype-imputation error rates of the imputation model includ-
ing only HDL-C, CETP C(-629)A andCETP TAQIB were as low as 0.12-0.17.
The RMSE was 0.020/0.021 for heterozygous, which is only a minor increase
compared to the theoretical value of 0.020. For homozygous mutant, the RMSE
was 0.025 for all, which is similar to the theoretical value.Mean bias was small,
varying between 0.00013 and 0.00234. However, the 95% CIs excluded zero in
less than half of the scenarios. Nevertheless, the width of the 95% CIs was similar
for all percentages missing data and imputation models.

Table 7.3 also presents the results for the NMAR missingnessmechanism.
Since the second imputation model included polymorphisms that are highly cor-
related withCETP C(-629)A andCETP TAQIB, this model does not represent a
true NMAR missingness mechanism. However, since the first imputation model
only includedCETP C(-629)A and HDL-C, this represents a real NMAR situa-
tion. For imputation model 1 mean bias was minor, varying between -0.00453 and
0.00119, while the 95% CI only excluded zero in the third scenario for the parame-
ter estimate of heterozygous versus homozygous wildtype (mean bias: -0.00172;
95% CI: -0.00331,-0.00013). However, genotype-imputation error rates were high
(between 0.63 and 0.74). The RMSE for heterozygous showed a minor increase
to 0.021/0.022, while the RMSE of homozygous mutant increased to 0.037 in the
third scenario, compared to the theoretical value of 0.025.Including the three
highly correlatedCETP polymorphisms improved the genotype-imputation error
rates to approximately 0.17, and the RMSE showed only minor increases com-
pared to their theoretical values when this imputation model was used. Confidence
intervals of mean bias were wider for imputation model 1 compared to imputation
model 2.

Missing data in more than one polymorphism

Table 7.4 shows the results of mean bias and RMSE for all threemissingness
mechanisms and all scenarios. Mean bias was modest, varyingbetween -0.00070
and 0.00226 for the MCAR missingness mechanism, between -0.00076 and 0.01187
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Table 7.2.Mean bias (95% CI), RMSE and error rate for MCAR missingness in CETP C(-629)A

Heterozygous vs. wildtype Homozygous mutant vs. wildtype Genotype-imputation
Modela Mean bias (95% CI) x10−3 RMSE Mean bias (95% CI) x10−3 RMSE error rateb

20% 1 0.25 (-1.50;2.00) 0.022 -0.70 (-3.59;2.20) 0.027 0.62(0.57;0.66)
2 0.48 (-1.38;2.33) 0.022 -0.79 (-3.40;1.83) 0.027 0.59 (0.53;0.64)
3 0.79 (-0.90;2.48) 0.022 -0.84 (-3.61;1.94) 0.027 0.62 (0.56;0.67)
4 -0.83 (-1.75;0.10) 0.021 -0.19 (-1.24;0.87) 0.025 0.16 (0.10;0.22)
5 -0.22 (-0.99;0.55) 0.021 0.12 (-0.87;1.11) 0.025 0.14 (0.09;0.21)
6 -0.00 (-0.74;0.74) 0.021 0.04 (-0.91;1.00) 0.025 0.14 (0.10;0.21)

50% 1 -1.39 (-5.08;2.30) 0.025 -3.77 (-9.17;1.62) 0.030 0.62 (0.60;0.65)
2 -1.04 (-4.52;2.44) 0.025 -3.56 (-8.48;1.36) 0.030 0.58 (0.55;0.61)
3 -1.31 (-5.09;2.46) 0.025 -4.12 (-9.23;0.99) 0.030 0.62 (0.58;0.66)
4 -0.60 (-2.21;1.01) 0.021 0.42 (-1.47;2.32) 0.026 0.16 (0.13;0.19)
5 0.87 (-0.71;2.45) 0.021 1.24 (-0.73;3.21) 0.025 0.14 (0.11;0.18)
6 1.25 (-0.32;2.82) 0.021 1.33 (-0.67;3.32) 0.025 0.15 (0.12;0.18)

80% 1 -0.18 (-7.91;7.55) 0.027 7.57 (-2.83;17.97) 0.033 0.62 (0.59;0.65)
2 1.79 (-5.68;9.27) 0.027 5.64 (-4.17;15.45) 0.034 0.58 (0.54;0.61)
3 1.49 (-6.42;9.40) 0.027 10.89 (0.16;21.61) 0.033 0.62 (0.59;0.65)
4 -0.64 (-3.93;2.65) 0.022 5.57 (1.72;9.43) 0.026 0.16 (0.14;0.21)
5 0.94 (-2.13;4.00) 0.021 6.97 (2.95;10.99) 0.025 0.14 (0.11;0.19)
6 3.96 (0.54;7.37) 0.021 11.14 (6.69;15.59) 0.025 0.15 (0.12;0.21)

a Imputation model: 1.CETP C(-629)A, HDL-C; 2. CETP C(-629)A, HDL-C,CETP Ile405Val; 3. CETP C(-629)A,
HDL-C, andAPOA1 G(-75)A, C83T; 4.CETP C(-629)A, HDL-C, andCETP G(-2708)A, G(-972)A, TAQIB, CCC784A;
5. CETP C(-629)A, HDL-C, andCETP G(-2708)A, G(-972)A, TAQIB, CCC784A, Ile405Val; 6.CETP C(-629)A, HDL-
C, CETP G(-2708)A, G(-972)A, TAQIB, CCC784A, Ile405Val, andAPOA1 G(-75)A, C83T;
b Reported as median (range).
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7Table 7.3.Mean bias (95% CI), RMSE and error rate for MAR and NMAR missingness inCETP C(-629)A

Heterozygous vs. wildtype Homozygous mutant vs. wildtype Genotype-imputation
Modela Mean bias (95% CI) x10−3 RMSE Mean bias (95% CI) x10−3 RMSE error rateb

MAR 20% 1 0.23 (-0.41;0.86) 0.020 0.13 (-0.72;0.98) 0.025 0.17 (0.11;0.26)
2 0.30 (-0.29;0.90) 0.020 0.71 (-0.10;1.51) 0.025 0.15 (0.07;0.22)

50% 1 0.97 (0.33;1.62) 0.021 0.42 (-0.37;1.21) 0.025 0.13 (0.09;0.19)
2 0.77 (0.19;1.35) 0.020 1.93 (1.22;2.64) 0.025 0.12 (0.06;0.17)

80% 1 0.71 (0.07;1.35) 0.021 0.21 (-0.78;1.19) 0.025 0.12 (0.07;0.19)
2 0.39 (-0.23;1.00) 0.020 2.34 (1.65;3.02) 0.025 0.10 (0.05;0.20)

NMAR 20% 3 0.49 (-0.84;1.82) 0.021 -0.59 (-2.56;1.39) 0.026 0.63 (0.56;0.70)
4 0.26 (-0.33;0.84) 0.020 0.43 (-0.39;1.24) 0.025 0.18 (0.11;0.27)

50% 3 0.60 (-0.77;1.97) 0.022 -3.19 (-6.72;0.34) 0.030 0.68(0.63;0.73)
4 1.19 (0.49;1.89) 0.020 0.03 (-0.91;0.96) 0.025 0.16 (0.10;0.22)

80% 3 -1.72 (-3.31; -0.13) 0.021 -4.53 (-9.18;0.13) 0.037 0.74 (0.70;0.78)
4 0.03 (-0.66;0.71) 0.020 -0.31 (-1.60;0.97) 0.026 0.17 (0.11;0.29)

a Imputation model: 1.CETP C(-629)A, HDL-C,CETP TAQIB; 2. CETP C(-629)A, HDL-C, andCETP G(-2708)A, G(-972)A,
TAQIB, CCC784A; 3.CETP C(-629)A, HDL-C; 4.CETP C(-629)A, HDL-C, andCETP G(-2708)A, G(-972)A, CCC784A;
b Reported as median (range).
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Table 7.4. Mean bias (95% CI) and RMSE for all three missingness mechanism with
missing data in all six CETP polymorphisms

Heterozygous vs. wildtype Homozygous mutant vs. wildtype
Mean bias Mean bias

Scenario (95% CI) x103 RMSE (95% CI) x103 RMSE
MCAR 10% 0.30 (-0.23;0.83) 0.020 0.36 (-0.19;0.90) 0.025

20% -0.23 (-1.22;0.76) 0.021 -0.14 (-1.29;1.01) 0.025
50% -0.70 (-2.95;1.55) 0.024 2.26 (-0.69;5.22) 0.029

MAR 1 -0.76 (-2.11;0.59) 0.021 2.59 (1.15;4.03) 0.026
2 1.53 (-1.23;4.29) 0.026 11.87 (7.70;16.04) 0.032

NMAR 1 -0.03 (-1.28;1.22) 0.021 -0.50 (-1.93;0.94) 0.025
2 0.71 (-2.16;3.58) 0.025 3.66 (-0.35;7.67) 0.031

for the MAR missingness mechanism, and between 0.00050 and 0.00366 for
the NMAR missingness mechanism. However, since the imputation models in-
cluded polymorphisms that are highly correlated withCETP C(-629)A andCETP
TAQIB, this scenario might not be considered NMAR in the strictest sense. The
95% CI of the mean bias excluded zero for the parameter estimate of homozygous
mutant versus homozygous wildtype in the case of MAR. Confidence intervals
of mean bias were wider for scenario 2 compared to scenario 1 for all missing-
ness mechanisms. The RMSE for the lower percentages missingdata were only
slightly increased (0.021 and 0.026) compared to their theoretical values, while
the RMSE for the higher percentages missing data were noticeably increased to,
at most, 0.026 and 0.032 for heterozygous and homozygous mutant, respectively.

Table 7.5 shows the genotype-imputation error rates for allthe polymorphisms
that were imputed in the different scenarios. The genotype-imputation error rates
were larger for larger percentages missing data, and increased for MAR and NMAR
compared to MCAR. The genotype-imputation error rates forCETP G(-2708)A,
TAQIB, CCC784A and C(-629)A were somewhat lower than those of CETP G(-
972)A andCETP Ile405Val, since these latter two are less correlated with the
previous four.

On average, the number of cases available for normal complete case methods
(cases without missing values for any of the sixCETP polymorphisms) were 311,
155 and 12 in the 10%, 20% and 50% MCAR scenarios, respectively, and 275 and
52 in the two MAR/NMAR scenarios.
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Table 7.5. Genotype-imputation error rates (median (range)) for all three missingness mechanisms with missing data in all six CETP
polymorphisms

MCAR MAR NMAR
10% 20% 50% 1 2 1 2

CETP 0.18 0.20 0.29 0.27 0.41 0.27 0.40
G(-2708)A (0.08;0.27) (0.15;0.24) (0.25;0.34) (0.22;0.38) (0.38;0.44) (0.21;0.33) (0.37;0.45)
CETP 0.42 0.44 0.50 0.46 0.55 0.46 0.55
G(-972)A (0.36;0.51) (0.40;0.50) (0.47;0.55) (0.40;0.54) (0.51;0.58) (0.41;0.53) (0.51;0.58)
CETP 0.06 0.09 0.23 0.22 0.44 - -
TAQIB (0.01;0.12) (0.05;0.15) (0.19;0.28) (0.16;0.27) (0.40;0.47)
CETP 0.09 0.11 0.24 0.23 0.40 0.26 0.42
CCC784A (0.03;0.14) (0.08;0.18) (0.21;0.28) (0.18;0.29)(0.37;0.43) (0.18;0.32) (0.39;0.46)
CETP 0.15 0.17 0.28 0.26 0.43 0.26 0.43
C(-629)A (0.07;0.26) (0.11;0.24) (0.23;0.33) (0.19;0.34) (0.39;0.47) (0.21;0.35) (0.38;0.47)
CETP 0.49 0.49 0.52 0.51 0.53 0.51 0.53
Ile405Val (0.38;0.60) (0.43;0.54) (0.48;0.56) (0.46;0.57) (0.49;0.58) (0.45;0.56) (0.50;0.59)
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Table 7.6. Genotype-imputation error rates (median (range)) for missingness depending
on phenotype

Genotype-imputation error rates
Scenario 1 Scenario 2

CETP G(-2708)A 0.33 (0.30;0.38) 0.56 (0.53;0.60)
CETP G(-972)A 0.56 (0.51;0.60) 0.64 (0.60;0.67)
CETP TAQIB 0.26 (0.17;0.42) 0.57 (0.53;0.61)
CETP CCC784A 0.15 (0.11;0.21) 0.57 (0.54;0.61)
CETP C(-629)A 0.28 (0.22;0.34) 0.61 (0.57;0.65)
CETP Ile405Val 0.50 (0.41;0.63) 0.52 (0.44;0.61)

Missingness depending on phenotype

For the first scenario, the mean bias of heterozygous versus wildtype was 13.0
(95% CI: 11.8;14.1) and the mean bias of homozygous mutant versus wildtype
was 5.74 (95% CI: 4.5;7.0). The RMSE were 0.021 and 0.026, respectively.
For the second scenario, the mean bias was 8.24 (95% CI: 6.9;9.6) for heterozy-
gous versus wildtype and 12.0 (95% CI: 10.8;13.1) for homozygous mutant versus
wildtype.

The RMSE were 0.023 and 0.027, respectively. The median (range) genotype-
imputation error rates are presented in Table 7.6. They differed between 0.15 and
0.56 for the first scenario, and between 0.52 and 0.64 for scenario 2.

Real data example

The analysis resulted in a parameter estimate of 0.017 (standard error: 0.019)
for heterozygous versus homozygous wildtype, and a parameter estimate of 0.128
(standard error: 0.023) for homozygous mutant versus homozygous wildtype. The
differences between these values and the theoretical values from the simulation
study were small and the values were within the 95% confidenceinterval.

Discussion

The aim of this study was to investigate the performance of multiple imputation
of missing genotype data in a study of unrelated individuals, using the polyto-
mous logistic regression model and focusing on three different missingness mech-
anisms, different percentages of missing data and different imputation models.
Overall, the mean bias seems to be small in all scenarios, andin most scenarios
there seems to be no indication that this mean bias is significantly different from
’no bias’, with the exception of the two scenarios where missingness depended on
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phenotype. Concerning the imputation models, it can be concluded that includ-
ing polymorphisms that are in high linkage disequilibrium with the polymorphism
with missing values reduces the genotype-imputation errorrate, and increases pre-
cision of the parameter estimates. This method seems to workwell for MCAR and
MAR data, and even for NMAR data, although we found it is important to be cau-
tious when data are NMAR. However, there seems to be slightlymore bias in the
MAR/NMAR case than in the MCAR case.

In the MCAR setting with missing data for only one polymorphism it is clear
that the 95% CIs of the mean bias are wider for higher percentages of missing
data, and for imputation models 1, 2 and 3 compared to imputation models 4,
5 and 6. A wide CI indicates that, although on average the biasis small over
100 replicates, there is a large variation in parameter estimates between individual
replicates. This means that in ’normal’ practice, where there is only one dataset
with missing values, it is likely that parameter estimates are biased when subop-
timal imputation models are used or when percentages of missing data are (ex-
tremely) high. In the MAR setting with missing data for only one polymorphism,
the 95% CIs of the mean bias are similar for all scenarios and imputation mod-
els. This is probably due to the fact that the percentage missing data is relatively
low in all scenarios, and due to the high correlation betweenCETP C(-629)A and
CETP TAQIB. As expected, the 95% confidence intervals in the NMAR setting
for missing data in one polymorphism are wider for imputation model 1 than for
imputation model 2, since imputation model 1 only includesCETP C(-629)A and
HDL-C, while imputation model 2 includes threeCETP polymorphisms that are
highly correlated withCETP C(-629)A andCETP TAQIB. For the setting with
missing data for sixCETP polymorphisms, it is not surprising that confidence in-
tervals of the second scenarios are wider than those of the first scenarios for all
missingness mechanisms, since the amount of missing data inthe second scenario
is extremely high.

The scenarios where missingness depended on phenotype indicate that mul-
tiple imputation might not be helpful when only cases with extreme phenotypes
have been genotyped, since in these scenarios the mean bias was significantly dif-
ferent from zero. In this case it may be more advisable, compared to the other
scenarios, to genotype the missing polymorphisms.

In our simulations each replicate was imputed five times. Although a small
number of imputation is considered enough1, it is possible to increase this number
using current computer technology. However, since one hundred replicates had to
be imputed for all simulation settings, which required a lotof computer time, no
more than five imputations for each replicate were created.

As can be seen from the missing data in the REGRESS study (see ’real data
example’), where missingness in one polymorphism was at most 21.7%, some of
the simulation settings investigated in this study are somewhat extreme. However,

114



Multiple imputation of missing genotype data

these settings illustrate some of the problems that can arise when using multi-
ple imputation, and point out more clearly that imputation models can severely
influence the results.

In this study polymorphisms were used that were in high linkage disequilib-
rium. Including these polymorphisms in the imputation model improved the re-
sults, as shown by the width of the 95% confidence intervals ofthe mean bias,
the RMSE and the genotype-imputation error rate. However, when these poly-
morphisms are not available, it is not constructive to type polymorphisms in high
linkage disequilibrium just for use in multiple imputation, but when available they
should be used in the imputation model.

In this study, the performance of the polytomous logistic regression model in
the MICE library for S-plus was examined when using it in an ”easy to imple-
ment” manner. Therefore, the default options of this procedure were mostly used,
although more accurate results could possibly be obtained by using more specific
options.

In summary, this study investigated the performance of the existing technique
of multiple imputation to deal with missing genotype data ina study of unrelated
individuals. Although it is of course always better to avoidmissing data, it can be
concluded from our results that multiple imputation with the polytomous logistic
regression model can be used in these types of studies to dealwith this problem,
when attention is paid to the imputation model and an attemptis made to keep the
percentage of missing data relatively low. Using this method (enough) complete
cases can be made available for analysis involving multiplepolymorphisms.
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Conclusion and future directions

Conclusion

This thesis focused on some statistical issues of the dimensionality of genotypic
data and of missing genotype data in genetic association studies investigating dif-
ferent aspects of cardiovascular disease, and of risk factors for cardiovascular
disease. To most epidemiologists parametric methods such as linear and logis-
tic regression are more familiar than nonparametric modelssuch as data mining.
However, the use of parametric models is highly limited by the ’curse of dimen-
sionality’. Nevertheless, the work described in this thesis shows that parametric
models are still applicable in genetic association studies. Constructing haplo-
types, adding penalties, pre-selecting the variables before multivariate analysis,
analysing mutation status as a random effect, or correctingfor multiple testing are
a few approaches that can be considered when analysing such data.

Future directions

With all technological developments in genetics, the field of statistical genetics has
been struggling to keep up. It is now (and has been in recent years) an active field
of research, where new methods are being developed and published with almost
clock-like regularity. Luckily tutorials and a review article entitled ’a survival
guide’ have also been published1,2. This does not mean, however, that all the
work has been done.

Recent technological developments have made large-scale genome-wide as-
sociation studies feasible. The main advantage of these studies compared to
candidate-gene association studies is that genes that are not known to be important
prior to analysis, are also studied. This may lead to new insight into the mecha-
nisms of disease. However, one can easily imagine that dimensionality problems
become even more pronounced when 500,000 or more SNPs are analysed. Not
only will the amount of SNPs investigated be large, it is alsolikely that many dis-
ease variants exist that predispose to complex diseases andthat these variants are
associated with only minor increases in risk3. Both these issues (i.e., the allelic
architecture of complex diseases and the large amount of studied SNPs) require
that large sample sizes, in the order of at least 6000 cases and 6000 controls3, will
have to be collected.

Two other issues that will require even larger sample sizes and efficient sta-
tistical and computational approaches, are the possibility that gene-gene as well
as gene-environment interactions are important when investigating complex dis-
eases. Epistasis or gene-gene interaction, which is definedas the effect of one
gene altering or masking the effect of another gene, needs tobe accounted for
when studying complex diseases4. However, even the analysis of all two-way
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gene-gene interactions can become computationally intractable when hundreds or
even thousands of SNPs are investigated. Therefore, research in this area will ben-
efit greatly from the development of efficient, powerful and fast statistical algo-
rithms. Another issue relates to the (statistical) definition of gene-gene interaction.
Although the phrase ’gene-gene interaction’ is often used in genetic association
studies, the statistical definition might range from additive or multiplicative mod-
els to the opposite, namely deviations from these models. Also, the discovery
of gene-gene interactions will depend on the statistical definition (and thus the
statistical model) that is used. Therefore, a major challenge for researchers will
be to interpret these findings and to translate them to the underlying biology, not
only for gene-gene interactions but also for single SNPs. Although it is hard to
imagine that any statistical model could represent biological functionality given
the complexities of cell processes, the results may indicate new pathways or they
may be used for risk stratification. Furthermore, research in this area might bene-
fit greatly from cooperation with researchers in the fields ofgene expression and
other ’-omics’, such as proteomics.

Many of these arguments, concerning the sample size, the statistical definition
of interaction and the interpretation, are also true for gene-environment interac-
tion. Gene-environment interaction refers to the phenomenon that genes may only
predispose to or increase the risk of disease when a certain environment is also
present5. An example of this is phenylketonuria, where only individuals who are
homozygous for the recessive mutation in the phenylalaninehydroxylase gene and
who have been exposed to a diet containing phenylalanine, develop the disease.
Studies investigating gene-environment interactions will require high-quality in-
formation on environment and lifestyle as well as valid genotyping5.

Since large sample sizes will be difficult to collect, initiatives such as the
HuGE reviews6 will provide excellent sources of information. Systematicreviews
and especially (individual) meta-analysis will be able to provide better estimates
of risk associated with certain polymorphisms and help to separate the true posi-
tive findings from the false positives.

Another important issue for the future of genetic association studies relates to
the complexities of the human genome. Developments in the field of molecular
genetics have shown that genes are not simply beads on a DNA string: the human
genome makes a continuum of RNA transcripts and cells produce large amounts
of noncoding RNA molecules7. Furthermore, it has been shown that SNPs are by
no means the only source of variation in the human genome, butthat structural
variation such as copy-number variants, inversions, deletions and duplications,
are also very important8–10. Therefore, these sources of variation will also have to
be considered, and it needs to be investigated to what extent’tagging’ SNPs, for
instance identified by the HapMap project11, may cover structural variation of the
human genome.

120



Conclusion and future directions

Besides all these issues, the first important step in finding any relevant asso-
ciation is designing a sound genetic association study. Attention needs to be paid
to issues such as population structure, selection bias, quality control of the geno-
typing (to avoid genotyping errors and minimize missing data), and the definition
of the phenotype. This last issue relates to the fact that phenotypic heterogeneity
might be caused by genotypic heterogeneity. Therefore, phenotypic heterogeneity
may result in loss of power to detect associations, and it maybe, in part, respon-
sible for the lack of replication of genetic association studies.

Considering all the above, the identification of genetic variants that predispose
to complex diseases like cardiovascular disease will require multidisciplinary re-
search involving statisticians, epidemiologists, biologists, computer scientists, re-
searchers from the field of bioinformatics, geneticists, biochemists, and clinicians.
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Cardiovascular disease is a complex disorder involving many enzymes and pro-
teins as well as environmental factors. Although association studies of unrelated
individuals are suggested to be more powerful than family-based studies, the re-
sults of these studies have been found difficult to replicate. Therefore, appropriate
statistical analysis of these studies remains an importantissue. This thesis focuses
on the analysis of genetic association studies investigating different aspects of car-
diovascular disease, and of risk factors for cardiovascular disease. One important
issue is the high dimensionality of the genotypic data in these association studies:
having more variables than observations leads to unreliable estimation of effects
in multivariate models, and testing all variables separately for association with the
phenotype results in an inflation of the type I error rate. Another issue relates to
missing genotypes, which might occur in the laboratory due to lack of DNA or
inconclusive results. Even when only a small percentage of genotypes is missing
for each SNP, modeling several SNPs in one multivariate model might mean that
none or only very few individuals can be included in the analysis.

In chapter 2 a two-step approach was used to investigate the associationbe-
tween 59 SNPs located in 20 candidate lipid genes and baseline triglyceride (TG)
levels in the REGRESS study. The first step consisted of selecting SNPs that
were statistically significantly associated (p < 0.05) with baseline TG levels in
more than 50% of the 1000 bootstrap samples that were made from the original
data. This procedure identified eight SNPs, namelyAPOA1 G(-75)A,ABCA1 C(-
477)T, ABCA1 G1051A,APOC3 T3206G,APOE Arg158Cys,LIPC C(-514)T,
LPL Asn291Ser andLPL Ser447Stop. These eight polymorphisms were then
modeled in a multivariate linear regression model. The genevariantsAPOA1
G(-75)A (p = 0.04) andLPL Asn291Ser (p = 0.03) were significantly associated
with plasma TG levels in this analysis.

Another approach to deal with the problem of having more variables than obser-
vations is taken inchapter 3. Here, the objective of the study was to determine
whether gene-gene interactions are associated with the risk of restenosis after per-
cutaneous coronary interventions. Therefore, all two-waygene-gene interactions
of 119 SNPs were investigated separately by Cox regression followed by a likeli-
hood ratio test. Subsequently, the false discovery rate (FDR) was calculated and
the significance level was fixed assuming a FDR of 5%. Before FDR correction,
404 interaction models were statistically significantly associated with TVR (P-
values< 0.05), which was more than expected by chance based on a permutation
analysis. After calculating the FDR, the interaction between CCR5 59029G>A
and LPA 93C>T remained statistically significantly associated with therisk of
TVR (q = 0.04). In conclusion, this interaction as well as other interactions may
be important in classifying individuals for their risk of restenosis, but further study
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is required.

Chapter 4 andchapter 5describe the generalization of a penalized log-likelihood
method to jointly estimate haplotype frequencies and haplotype effects when phase
is unknown. Haplotypes are combinations of alleles that arelocated on the same
chromosome, and since less haplotypes are usually present in a study population
than theoretically possible, they represent a way of reducing the dimensional-
ity of the data. In short, the method described in these chapters uses a regres-
sion approach with weights attached to all possible haplotype combinations of
an individual. An EM-algorithm was used to estimate the effects: in the E-step
the weights are estimated, and the M-step consists of maximizing the joint log-
likelihood. This steps were iterated until the parameter estimates converge. When
rare haplotypes were present, a penalty function was introduced to facilitate stable
estimation of the parameters.

In chapter 4 the method is developed for dichotomous outcome data. Fur-
thermore, a simulation study was conducted to investigate statistical properties of
the method, as well as of four different penalty functions. For the unpenalized
approach, mean bias was small, coverage probabilities wereapproximately 95%,
power ranged from 15.2% to 44.7% depending on haplotype frequency, and Type
I error rate was around 5%. All penalty functions reduced thestandard errors
of the rare haplotypes, but introduced bias, which decreased the power to find
associations.

To model the association between failure time and haplotypes the method was
generalized as described inchapter 5. Since the full likelihood is used, the base-
line hazard is calculated in the M-step. Two penalties were considered, namely
the ridge penalty and a difference penalty, which is based onthe assumption that
similar haplotypes show similar effects. Simulations wereconducted to investi-
gate properties of the method, and as an illustration of the method the association
between IL10 gene haplotypes and risk of target vessel revascularization after per-
cutaneous coronary intervention was investigated. The simulation study showed
that both the unpenalized and the penalized approach produce valid results.

The influence of different LDL receptor (LDLR) gene mutations on age at first
cardiovascular event in familial hypercholesterolaemia (FH) patients was inves-
tigated inchapter 6. The 86 differentLDLR mutations that were present in the
sample of 862 FH patients, were considered as a random effectin a gamma frailty
model. The advantages of this approach are that the frailty model is able to deal
with the many different categories associated with the different mutations, and
that the model allows the sizes of the individual groups to differ from group to
group, and even for group size to be one. The effect ofLDLR mutation type on
event-free survival is only significant in the models without LDL-C levels. Also,
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LDLR mutation type was significantly associated with LDL-C levels (p = 0.007),
but not with HDL cholesterol levels (p = 0.12).

The objective of the study described inchapter 7 was to investigate the perfor-
mance of multiple imputation of missing genotype data for unrelated individuals
using the polytomous logistic regression model, focusing on different missingness
mechanisms, percentages of missing data, and imputation models. The results of
the simulation study that was conducted indicate that this method can be used in
association studies to deal with the problem of missing genotype data. Includ-
ing polymorphisms that are highly correlated in the imputation model reduced the
genotype-imputation error rate and increased precision ofthe parameter estimates.
The method worked well for data that are missing completely at random, and for
data that are missing at random.

In conclusion, the work in this thesis shows that, although the use of parametric
models is complicated due to the ’curse of dimensionality’,they are still applica-
ble in genetic association studies. Constructing haplotypes, adding penalties, pre-
selecting the variables before multivariate analysis, analysing mutation status as a
random effect, or correcting for multiple testing are a few approaches that can be
considered when analysing such data.
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Wereldwijd zijn hart- en vaatziekten een belangrijke doodsoorzaak. Het bestud-
eren van variaties in het erfelijk materiaal, zogenoemde polymorfismen, zou kun-
nen bijdragen aan het identificeren van genen die bijdragen aan een verhoogd of
verlaagd risico op het krijgen van hart- en vaatziekten. Ditzou kunnen leiden
tot nieuwe inzichten in het onderliggende ziekteproces, helpen bij het identifi-
ceren van individuen met een verhoogd risico of bijdragen aan de ontwikkeling
van nieuwe medicijnen. Hart- en vaatziekten zijn echter complexe ziektebeelden
waar vele enzymen en eiwitten, maar ook omgevingsfactoren,zoals roken, bij
betrokken zijn. Mede daardoor is het erg lastig om de genen tevinden die het
risico op het krijgen van hart- en vaatziekten beı̈nvloeden. Het is daarom belang-
rijk om aandacht te besteden aan de statistische analyse vandit soort studies. Dit
proefschrift concentreert zich op de analyse van genetische associatiestudies naar
verschillende aspecten van hart- en vaatziekten en naar risicofactoren van hart- en
vaatziekten. In een genetische associatiestudie wordt onderzocht of een bepaalde
erfelijke variant meer of juist minder voorkomt bij zieke mensen dan bij niet zieke
mensen. Een andere mogelijkheid is om te onderzoeken of het voorkomen van
een variant samenhangt met een verhoogd of verlaagd niveau van een bepaalde
waarde, bijvoorbeeld cholesterol waarden in het bloed.

Een belangrijk punt waar aandacht aan besteed moet worden bij de analyse
van genetische associatiestudies is de dimensionaliteit (dat wil zeggen de grote
hoeveelheid variaties) van de genetische data: meer variabelen in een multivariaat
model dan observaties in de studie leidt tot een onbetrouwbare schatting van de
effecten. Het apart analyseren van alle variabelen leidt tot een verhoging van het
aantal fout positieve associaties op basis van toeval. Een ander belangrijk pro-
bleem zijn de missende waarden die regelmatig voorkomen in genetische data als
gevolg van de analyse in het laboratorium, bijvoorbeeld doordat te weinig erfelijk
materiaal beschikbaar is of door twijfelachtige resultaten van de test. Zelfs als
bij een klein percentage van de personen bepaalde waarden missend zijn, kan het
voorkomen dat uiteindelijk slechts enkele personen complete informatie hebben
voor alle variabelen. Omdat alleen de individuen met complete informatie worden
meegenomen in de reguliere analyses, levert dit onbetrouwbare resultaten op.

In hoofdstuk 2 is een twee-staps methode gebruikt om het aantal variabelenin het
uiteindelijke model te reduceren. We hebben gekeken naar deassociatie tussen
59 polymorfismen in 20 kandidaat genen en triglyceriden (TG). De eerste stap
bestond uit het selecteren van polymorfismen, die statistisch significant geasso-
cieerd zijn (p < 0.05) met TG waarden in meer dan 50% van de 1000 bootstrap
steekproeven die gemaakt zijn van de orginele data. Uiteindelijk werden acht
van de 59 polymorfismen in deze stap geselecteerd, namelijkAPOA1 G(-75)A,
ABCA1 C(-477)T,ABCA1 G1051A,APOC3 T3206G,APOE Arg158Cys,LIPC
C(-514)T,LPL Asn291Ser enLPL Ser447Stop. Deze acht polymorfismen zijn
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daarna samen in een multivariaat lineair regressiemodel geanalyseerd. DeAPOA1
G(-75)A (p = 0.04) enLPL Asn291Ser (p = 0.03) polymorfismen waren signifi-
cant geassocieerd met plasma TG waarden in deze tweede stap.

Een andere manier om om te gaan met situaties waarbij er meer variabelen zijn
dan observaties is beschreven inhoofdstuk 3. Het doel van deze studie was om
te bepalen of interacties tussen polymorfismen geassocieerd zijn met het risico op
een nieuwe afsluiting van een bloedvat (restenose) na een dotterprocedure. Om
dat te onderzoeken zijn alle tweewegs interacties van 119 polymorfismen (dat zijn
119x118/2=7021 interacties) apart geanalyseerd met behulp van Cox regressie
gevolgd door een likelihood ratio test. Daarna is gecorrigeerd voor veelvoudig
testen door het berekenen van de ’false discovery rate’ (FDR). Voorafgaand aan
het uitvoeren van de FDR correctie waren 404 interacties significant geassocieerd
met het risico op restenose (p-waarden< 0.05). Na correctie was alleen de inter-
actie tussenCCR5 59029G>A andLPA 93C>T nog statistisch significant geasso-
cieerd met het risico op restenose (q = 0.04). Deze interactie en eventueel andere
interacties kunnen misschien gebruikt worden bij het classificeren van patiënten
in risicogroepen, maar verder onderzoek is noodzakelijk.

In hoofdstuk 4 enhoofdstuk 5 beschrijven we de generalisatie van een methode
om tegelijkertijd haplotypefrequenties en haplotype-effecten te schatten wanneer
niet bekend is welke haplotypes iemand heeft. Een haplotypeis een combinatie
van allelen die op hetzelfde chromosoom liggen. Het aantal haplotypes in een
populatie is meestal minder groot dan het aantal haplotypesdat theoretisch mo-
gelijk is. Daarom is deze methode ook geschikt om de dimensievan de data te
verkleinen. Bovendien biedt de methode de mogelijkheid om bij analyses met
zeldzame haplotypes een straf (penalty) aan het model toe tevoegen. Deze straf
leidt ertoe dat het model stabieler wordt, maar leidt ook totenigszins foute schat-
tingen van de effecten van de haplotypes.

De methode maakt gebruik van een regressiemodel waarbij gewichten verbon-
den zijn aan alle mogelijke haplotypecombinaties van elk individu. Om de haplo-
typefrequenties en haplotype-effecten te kunnen schattenwordt gebruik gemaakt
van een EM-algoritme. Dit algoritme bestaat uit twee stappen (de E-stap en de
M-stap) die beurtelings worden uitgevoerd totdat de geschatte effecten niet meer
veranderen. In de E-stap worden de gewichten geschat en in deM-stap de effecten
en de haplotypefrequenties.

In hoofdstuk 4 is de methode beschreven voor uitkomsten met twee cate-
gorieën (bijvoorbeeld ziek versus niet ziek). In dit hoofdstuk wordt bovendien
een simulatiestudie beschreven, die is uitgevoerd om enkele statistische eigen-
schappen van de methode te onderzoeken. Daarnaast wordt noggekeken naar het
effect van vier verschillende manieren om het model te ’straffen’ als er zeldzame
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haplotypes aanwezig zijn. Uit de simulatiestudie blijkt dat voor de methode zon-
der de straf geldt dat de schattingen van de effecten goed waren, dat de kans dat
het ware effect binnen het betrouwbaarheidsinterval ligt 95% was, dat de power
afhankelijk is van de haplotypefrequentie maar varieerde tussen 15.2% en 44.7%
en dat de type I fout ongeveer 5% was. Alle vier de verschillende straffen verlaag-
den de standaard fouten van de zeldzame haplotypes, maar zorgden ook voor een
fout in de geschatte effecten. Dit resulteerde in een verminderd vermogen om een
associatie te vinden.

De methode, zoals deze gebruikt wordt bij het onderzoeken van de associatie
tussen haplotypes en de uitkomst ’tijd tot een gebeurtenis’, wordt beschreven in
hoofdstuk 5. Hierbij worden in de M-stap niet alleen de haplotypefrequenties en
haplotype-effecten geschat, maar ook de ’baseline hazard’die nodig is bij deze
analyse. In dit hoofdstuk worden twee straffen bekeken. Er zijn simulaties uit-
gevoerd om de eigenschappen van de methode te bekijken, en bovendien wordt
de associatie tussen IL10 haplotypes en het risico op restenose beschreven als
voorbeeld van een toepassing van de methode. De simulatiestudie liet zien dat de
methode betrouwbare resultaten opleverde.

In hoofdstuk 6 is het effect van verschillende LDL receptor (LDLR) mutaties op
leeftijd op het moment van de eerste cardiovasculaire gebeurtenis in patiënten met
familiaire hypercholesterolemie (FH) onderzocht. De 86 verschillendeLDLR mu-
taties die aanwezig waren in de studiepopulatie van 862 FH patiënten zijn als een
’random effect’ geanalyseerd. Deze methode heeft als voordelen dat het mogelijk
is om de 86 categorieën apart te bekijken, dat het mogelijk is dat de groepsg-
rootte per categorie verschilt en dat het mogelijk is dat eengroep maar 1 persoon
bevat. Het effect vanLDLR mutaties blijkt alleen statistisch significant geasso-
cieerd met leeftijd op het moment van de eerste cardiovasculaire gebeurtenis in
de modellen die niet gecorrigeerd waren voor LDL cholesterol. Daarnaast waren
LDLR mutaties significant geassocieerd met LDL cholesterol waarden in het bloed
(p = 0.007), maar niet met HDL cholesterol waarden (p = 0.12).

Het doel van de studie beschreven inhoofdstuk 7 was om de prestatie van meer-
maals imputeren (’multiple imputation’) van missende genotype waarden te on-
derzoeken in een studie met individuen die geen familie van elkaar zijn. Meer-
maals imputeren wil zeggen dat voor iedere missende waarde een nieuwe waarde
geschat wordt op basis van de waargenomen waarden, en dat ditmeerdere keren
gedaan wordt om de onzekerheid over de werkelijke waarde vande missende
waarde mee te kunnen nemen in de analyse. Er is gebruik gemaakt van een im-
putatiemethode gebasseerd op polytome logistische regressie. Diverse aspecten,
zoals verschillende percentages missende waarden en verschillende imputatiemo-
dellen, zijn nader onderzocht. De resultaten van de simulatiestudie geven aan dat
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deze methode goed gebruikt kan worden voor missende genotype waarden in as-
sociatie studies. Als in het imputatiemodel polymorfismen worden meegenomen
die gecorreleerd zijn met het polymorfisme met de missende data, wordt het aantal
fouten dat gemaakt wordt verminderd en dit leidt tot een preciezere schatting van
de effecten.

De studies beschreven in dit proefschrift laten zien, dat ondanks dat het gebruik
van parametrische modellen bemoeilijkt wordt door het probleem van de dimen-
sionaliteit, deze modellen toch gebruikt kunnen worden in genetische associaties-
tudies. Het uitvoeren van een twee-staps analyse, het corrigeren voor meermaals
testen, het maken van haplotypes, het toevoegen van ’straffen’ of het gebruiken
van ’random effects’ modellen zijn enkele mogelijkheden die overwogen kunnen
worden bij het analyseren van dergelijke associatiestudies.

134



Dankwoord





Dankwoord

En dan nu nog het hoofdstuk dat veruit het meest gelezen zal worden. Het heeft
daardoor misschien wel de hoogste impactfactor, maar ik wildaar toch als kant-
tekening bij plaatsen dat dit dankwoord niet ge-peer-reviewed is,so please, bear
with me...

Als eerste wil ik mijn promotor, Koos Zwinderman, en mijn co-promotor, Michael
Tanck, bedanken. Beste Koos, ik heb jouw interesse in mijn promotieonderzoek
altijd als zeer prettig ervaren; je bent deze vier jaar een zeer betrokken promotor
geweest. Jouw vermogen om statistiek begrijpelijk uit te leggen is zeer bijzonder
en ik ben dankbaar voor alles wat ik de afgelopen vier jaar vanje heb mogen leren.
Beste Michael, ik kon altijd even bij je binnen lopen. Niet alleen je kennis, geduld
en de manier waarop je dingen uit kan leggen, maar ook de gezelligheid tijdens
overleggen, koffiepauzes en congressen heb ik zeer gewaardeerd.

Wouter Jukema, Matthijs Boekholdt, Joep Defesche en John Kastelein wil ik be-
danken voor het beschikbaar stellen van hun data en/of tijd zodat de artikelen in
dit proefschrift geschreven konden worden.

De leden van de promotiecommissie, Dr.ir. E.J.M. Feskens, Dr. J.J. Houwing-
Duistermaat, Prof.dr. J.J.P. Kastelein, Prof.dr. N.J. Leschot, Prof.dr. J.G.P. Tijssen
en Prof.dr. Y. van der Graaf, wil ik bedanken voor het kritisch beoordelen van dit
proefschrift.

Alle collega’s van de KEBB wil ik bedanken voor hun hulp en vooral voor hun
gezelligheid. Het werken op de KEBB heeft mijn blik verruimd: het is leuk om
iets te leren over zoveel verschillende onderwerpen.
Daarnaast wil ik nog enkele mensen in het bijzonder noemen. Ten eerste zijn er
natuurlijk Gré en Petra, die altijd klaar stonden om te helpen en voor veel gezel-
ligheid op de afdeling zorgen.
Ten tweede mijn mede-(ex-)promovendi met wie ik veel gezellige momenten heb
beleefd. Kimberly, I’m happy that we’ve become good friends. Veel succes met
het afronden van je promotie. Lotty en Fleur, bedankt dat jullie me het belang van
het bezitten van veel schoenen duidelijk hebben gemaakt. Nynke, je suggesties
voor mijn Nederlandse samenvatting waren erg goed. Marlies, het is altijd leuk
om iemand tegen te komen met eenzelfde fascinatie voor voeding. Mariska, ieder
ziekenhuis zou een dierenarts in dienst moeten hebben. Nadine, Bart, Hans, Joost,
Barbara, Willem en Sandra, veel succes met jullie promotieonderzoek. Marije,
Susanne, Rebecca, Anne, Jeroen en Carlo, succes met jullie verdere werkzaamhe-
den binnen en buiten het AMC.
And last but not least, José, I’m glad I got the opportunity to work on a paper with
you. Besides it being fun to work with you, I’ve also learnt a lot from you.
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Mijn vrienden en familie wil ik bedanken voor hun interesse in mijn onderzoek,
maar vooral ook voor alle gezelligheid buiten werktijd. Lieve Femke en Merlijn,
ik ben heel blij dat jullie mijn paranimfen willen zijn, wantwie kan je beter naast
je hebben staan dan twee mensen die in hetzelfde schuitje zitten. Ik verheug me
erop om jullie straks allebei te zien promoveren.

Henk en Henny, jullie altijd aanwezige gezelligheid, steunen interesse is werke-
lijk hartverwarmend. Janine, Ruud, Jelmer en Wessel, bedankt voor alle gezellige
momenten van de afgelopen jaren. Janine, veel succes met hetafronden van je
twee(!) studies.

Lieve pap en mam, zonder jullie liefde en steun was ik nooit zover gekomen.
Jullie stonden (en staan nog steeds) altijd voor me klaar, endaarvoor kan ik jullie
nooit genoeg bedanken. Magnus, ik ben blij dat jij mijn grotebroer bent. We
hebben samen heel veel leuke dingen gedaan en ik hoop dat we dat ook in de
toekomst zullen blijven doen.

En als laatste wil ik mijn lieve Ronald bedanken. De treinreis naar het AMC
bracht mij bij jou. Je liefde, steun, relativeringsvermogen en optimisme zijn de
laatste maanden onmisbaar geweest. Ik ben blij dat ik mijn leven met jou mag
delen.
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Olga Souverein werd op 31 december 1979 geboren te Harlingen. In dit pittoreske
stadje aan de Waddenzee groeide zij op en doorliep zij voorspoedig de basisschool
en de middelbare school. In 1998 behaalde zij haar VWO diploma aan de Re-
gionale Scholengemeenschap Simon Vestdijk en in datzelfdejaar begon zij met de
studie Voeding en Gezondheid aan Wageningen Universiteit.Tijdens deze studie
koos zij voor de afstudeerrichting Epidemiologie, en voerde zij twee afstudeeron-
derzoeken uit. Haar eerste afstudeeronderwerp richtte zich op het vergelijken van
dichotome logistisch regressie met polytome logistische regressie door middel van
het analyseren van de relatie tussen groente- en fruitconsumptie en verschillende
(p53 en K-ras) mutaties in colon kanker. Haar tweede afstudeerscriptie had als
onderwerp: Het effect van p53 mutaties op de overleving van patiënten met colon
kanker. Na deze scripties besloot zij dat ze graag een kijkjewilde nemen in de
Verenigde Staten en vertrok zij voor 5 maanden naar Harvard School of Public
Health in Boston. Tijdens deze stage heeft zij onderzoek gedaan naar de interactie
tussen foliumzuur, methionine, alcohol en familiegeschiedenis van colon kanker
en het risico op het krijgen van dikke darm poliepen.
In 2003 is zij begonnen als promovenda bij de afdeling Klinische Epidemiologie
en Biostatistiek van het AMC, waar zij het onderzoek dat beschreven is in dit
proefschrift heeft uitgevoerd.
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