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background

The fundamental aim of analysis in statistical genetics is to establish the link
between phenotypes and genotypes. The first successful method that allowed
identification of genomic regions influencing a trait of interest was linkage
analysis [1]. The idea behind the method is to test how often a trait co-segregates
with a specific genomic region. This method gained wide popularity due to
the advent of two new techniques for genotyping polymorphic loci. One of
them is restriction fragment length polymorphism (RFLP) [2] which became
possible in 1970s due to the discovery of restriction enzymes that cut DNA at
specific nucleotide sequences [3]. Another technique, developed later in 1985,
is polymerase chain reaction (PCR) which allows in vitro amplification of short
segments of DNA from a template using DNA polymerase [4]. Later, PCR was
used to perform the genotyping of microsatellites – repeating sequences of
nucleotides which have a high level of polymorphism in the human genome [5].
RFLPs and microsatellites were widely used in linkage analysis to localize loci
responsible for Mendelian traits (traits that are controlled by a single locus or
a small number of loci and having high penetrance). For the next 15 years
linkage analysis was an important method in genetic epidemiology facilitating
the discovery of more than a thousand new loci [2].

Linkage analysis is the method of choice for identification of regions harboring
rare, high risk mutations [2], basically making it applicable to traits controlled by
a single locus or a small number of loci containing alleles with a large effect size.
Indeed, Mendelian traits, while rare in the general population, are frequent in
families where the rare mutation segregates with high penetrance. This allows
for a very effective design by sampling families where the disease segregates via
the proband. Close relatives in such a family will share a very large proportion
of their genome identical-by-descent, and therefore a few hundreds of genetic
markers allow tagging the co-segregation of the disease with a region of the
genome.

By the middle of the 1990s it became evident that linkage, while being suc-
cessful for analysis of many monogenic diseases, is less effective for complex
traits, which are controlled by many loci each having modest effect. By the end
of the 1990s, two hypotheses about the genetic control of complex traits gained
popularity. One of them states that most complex traits (including quantitative
traits and common diseases) are controlled by common alleles of small effect
(common disease / common variant hypothesis). The other hypothesis states that
common traits are controlled by many rare alleles with relatively high effects
(common disease/multiple rare variants hypothesis). Risch and Merikangas showed
in their work [6] that under a common disease / common variant model the associ-
ation analysis is the more powerful method in comparison with linkage analysis.
Such analysis requires testing of the correlation between a genetic variant and the
trait or the disease of interest. It has been proposed that genome-wide association
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analysis in case-control or population-based samples can serve the needs of
identification of loci controlling complex traits. However, unrelated individuals
are sharing only small parts of their genome identical-by-descent. Consequently,
successful Genome-Wide Association Studies (GWAS) require the development
of very dense marker maps.

By the beginning of the year 2000 many laboratories contributed to the devel-
opment of the Single Nucleotide Polymorphisms (SNPs) map. SNPs are genetic
markers which are currently used in GWAS for identification of the genetic
variation responsible for the variation of a phenotype of interest. A SNP is a
nucleotide in the DNA sequence which differs between members in a population.
Most SNPs present variation of two nucleotides, however, there are SNPs known
with three or more nucleotides. Figure 1.1 illustrates an example of a SNP with
two variants (A and G) in a region of one homologous chromosome of seven
individuals. For the statistical power in genome-wide association analysis it is
important that SNPs are common and can facilitate reconstructing the haplotype
where it resides in. A haplotype is a set of SNPs on a chromosome that are
correlated to each other. In 2001, The SNP Consortium and The International Hu-
man Genome Sequencing Consortium described a map of 1.42 million SNPs [7].
The paper of C. Venter (who was a founder of the private company Celera Ge-
nomics which performed the sequencing of the human genome independently
from the public effort led by by Francis Collins, The Human Genome Project)
that was published on the same day, describes a map of 2.1 million SNPs [8].
To summarize and to extend the SNP data, the HapMap project was started in
2002. The HapMap is an international collaboration among many researchers
which additional to the SNP was aimed to develop a haplotype map. The basic
idea of HapMap was to discover how SNPs are organized on chromosomes and
how these combinations (haplotypes) segregate together in various populations.
All data from the HapMap project was placed in the public domain and made
available for download. The first version of HapMap which was released in 2005

contained approximately 1 million SNPs [9] and was based on the genetic inform-
ation from 269 individuals from four geographically diverse populations (African,
European, Japanese and Chinese). The second-generation map increased this
number to 3.1 million SNPs in 2007 [10]. In 2010, in the last version of HapMap a
map of 1.6 million SNPs was reported for an increased number of individuals
(1, 184 individuals from 11 populations) [11]. However, many genetic variants, in
particular the rare ones, have remained undiscovered in HapMap. In 2012, the
1000 Genomes Project which was launched in 2008 to build an even more detailed
map of human genome variation (including in particular more rare variants)
released a haplotype map of 38 million SNPs based on 1, 092 individuals from 14
populations [12].

Mapping of SNPs in the human genome is very important for studying genetic
associations with traits and diseases. Knowledge of the map of SNPs in the
human genome facilitated the development of DNA arrays for massive parallel
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Figure 1.1: Illustration of a SNP having A and G variants. A region of one homologous
chromosome is presented.

genotyping. The first array for genotyping of more than 100, 000 SNPs was
released in 2004 [13]. By 2005, genotyping of hundreds of thousands of SNPs
became affordable for many research groups world-wide.

Additionally, HapMap is used to reduce the number of SNPs that need to be
genotyped by allowing imputation of untyped SNPs, thus decreasing the cost of
each single GWAS. The methods which are used for imputation of untyped SNPs
are based on searching common haplotypes between an individual’s genome and
a reference panel with a high density of genotyped SNPs such as HapMap and
inferring missing genotypes from common haplotypes found in the reference.
These methods can reliably impute up to 10 million SNPs using only 500, 000
typed SNPs and haplotype information from the latest haplotype map from the
1000 Genomes Project.

Nowadays, most GWAS findings are obtained in the framework of big consortia
efforts where the use of HapMap information (as a reference panel for SNP
imputation) plays a crucial role. GWAS results obtained in different population
studies are meta-analyzed together in a consortium, thus increasing the power to
detect smaller SNP effects. However, different studies rely on different genotyping
platforms which may have little overlap in SNP content. For example, the Illumina
317K array and the Affymetrix 500K array have only approximately 51, 000 SNPs
in common. The imputation procedure can provide a common panel of SNPs for
each study making meta-analysis possible.

The first successful GWAS was done in 2004 using a newly-developed genotyp-
ing array [13]. It revealed one locus — Complement factor H (CFH) — associated
with age-related macular degeneration [14]. By 7 December 2012, according to the
“GWAS Integrator” [15], 1381 GWASs of 738 phenotypes have been published,
reporting about 7192 SNP associations. Without a doubt GWAS has become an
important tool for studying the genetic architecture of complex traits.
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methods and software for efficient gwas

Imputation of untyped SNPs plays an important role in genome-wide associations
studies and a number of methods have been developed [16, 17, 18]. Implement-
ation of imputation methods results in estimates of the posterior probability
distributions Pg = (PAA, PAB, PBB) of the genotypes based on the available data.
For many genomic loci, this distribution may be non-degenerate.

Several techniques can be applied to the analysis of such “uncertain” data. The
simplest approach would be to use the “best-guess genotypes”, i.e., to use the
genotype with the highest posterior probability (g = maxg Pg) for analysis as
if it were a directly-typed marker. This approach is equivalent to replacing the
estimated probability distribution with a degenerate one where a probability of 1
is assigned to the genotype with the maximal posterior probability. From standard
statistical theory it is known, however, that such a procedure results in biased
estimates of the effects and, consequently, to loss of power. A correct analysis
can be achieved using a maximum likelihood approach. Under this approach
the likelihood can be computed using the total probability formula in which
summation is performed over the genotypes, whose true values are not known,
but whose posterior probabilities can be estimated given the data. This approach
is computationally demanding, as it requires summation over the underlying
probability distribution and numerical maximization of the likelihood function.
Alternatively, a regression approach in which the posterior genotypic probabilities
are used as independent variables can be applied. The main advantage of this
approach is that well-established regression analysis methodology, algorithms,
and code can be used in its implementation. In Chapter 2.1, the ProbABEL package
is described, which is designed to perform genome-wide regression on posterior
genotypic probabilities in a computationally efficient manner.

One of the very important aspects to consider in any GWAS is confounding.
Confounding factors are associated with both the trait and the risk factor under
investigation. In GWAS, where association between traits and genetic markers is
studied, the genetic origin of study participants may work as a major confounder.
The most common confounding factor is population stratification which can
occur, for example, when a population consists of a number of ethnically different
subpopulations. Consider for example the case where a GWAS of height is
conducted in a sample where two different populations (e.g., Dutch and Chinese)
are analyzed jointly. Due to genetic drift and different ancestry these populations
have substantial genetic differences that are particularly manifested in different
allelic frequencies for many SNPs. Additionally, those populations have a dif-
ferent average height value (Dutch people are taller than Chinese people). If we
analyze an association between a SNP which, for example, is represented mostly
by allele A in Dutch people and by allele C in Chinese people, we will see that tall
people have mostly allele A and short people have mostly allele C. Consequently,
the erroneous conclusion about presence of association between this SNP and
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height can be made if the confounding factor (population stratification) is not
taken into consideration.

The same effect, albeit less pronounced, is observed for the samples containing
genetically closely related individuals. This is the case when a sample is collected
from genetically isolated populations or families. The confounding factor is the
common ancestry that determines genetic similarity of subsamples and similarity
of a studied trait which is due to genetic and environmental factors.

Different methods can be applied to control for confounding caused by genetic
factors. In the case of population stratification the approach widely used today
is to perform the GWAS in each population separately and then combine the
obtained results in a meta-analysis. In the case of high ethnic heterogeneity of the
sample the principle component analysis is used to adjust for the confounding
due to population structure. When analyzing a sample containing families,
mixed models and the two-step score test approximation to the mixed model as
described in Chapter 2.1 are currently used.

novel methods and software to dissect heritability of complex

traits

Detecting low frequent loss-of-function alleles in genome-wide association studies

GWAS methodology was developed to identify effects of common variants which
were expected to be responsible on a substantial proportion of heritability. How-
ever, the recent achievement in GWAS demonstrated that those expectation are
not fully met. For the most of common traits, the common variants identified in
GWAS explain a relatively small proportion of heritability. This phenomenon is
usually referred to as the “hidden heritability” or “missing heritability” [19].

Most GWASs performed up until now assumed an additive model of associ-
ation between the phenotypes and the investigated genotypes, however, there
are reasons to believe that recessive models of control may be wide-spread at
least for some traits. A recent study on height [20] on genome-wide recessive
effects showed highly significant association between height and genome-wide
homozygosity. Moreover, evolutionary reasoning predicts that recessive muta-
tions can reach higher frequency, and have larger effect compared to dominant or
additive mutations. It is known that some recessive disorders can be determined
by two unrelated recessive alleles located in the same locus which, however, are
in heterozygous state. This condition is called ’compound heterozygosity’ and
the known example of this is the cystic fibrosis [21].

It has been proposed that heterozygous loss-of-function (LOF) variants may
account for the essential proportion of heritability [19, 22]. LOF variants represent
alleles resulting in reduced or loss of protein function by disrupting not only
the protein-coding genes but also any essential genetic element, including non-
coding regulatory motifs. They have a variety of forms, including single-base
substitutions such as nonsense SNPs, splice site disruptions and small or larger
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Figure 1.2: Illustration of how recessive LOF variants in CH state influence phenotype.
Each square on the figure shows an individual’s haplotype. Affected indi-
viduals have two risk variants (capital A or B in a bold square), one on each
homologous chromosome.

insertions/deletions that change the reading frame or remove an entire gene.
LOF variants are mostly recognized by their genetic association with a variety
of phenotypes largely inherited in a recessive manner. It is important to note
that multiple LOF variants at the same locus can act not only in the homozygous
state, but also in the compound heterozygous (CH) state, where the presence
of two different LOF variant alleles at the same gene, one on each homologue
chromosome, influences the phenotype (Figure 1.2). In such cases, the CH state
would be much more frequent than the homozygous state for any individual
variant. This scenario presents a specific manifestation of interaction between
variants. Standard GWAS would have limited power to detect loci having the
compound heterozygosity architecture. In Chapter 2.2, a novel method of testing
for association between LOF in the CH stage and a trait is described.

Detecting interacting genetic variants in genome-wide association studies

Most GWASs are focused on testing association between a single SNP and a
phenotype. One of the mechanisms which could explain a larger proportion of
the phenotypic variance is interaction between two or more variants or between
variants and environmental factors. Several methods have been proposed to
search for interacting loci. For example, linear or logistic regression where
the interaction term is included into a model. However, at least for a logistic
regression, it was shown that the power of such analysis is low [23]. For case-
control studies a number of methods have been developed with higher power
compared to logistic regression (which are summarized in [23]). These methods
use the assumption of independence between SNP and environmental factors.
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However, violation of that assumption results into a high rate of false positives.
Some of these methods try to protect against false positives but still have inflated
type I error.

The methods described above are suitable for testing of interaction between
a single gene and environmental factors. In the case of gene-gene interaction
where millions of SNPs need to be considered, as has become routine in GWAS
nowadays, testing for interaction for all possible combinations of SNPs becomes
cumbersome requiring parallel computations using hundreds or thousands of
CPU cores - even if only the "simplest" case of pairwise SNP interactions is
considered. Moreover, a large number of models have to be tested, resulting in a
multiple testing problem, which weakens the statistical power and consequently
the possibility of new findings.

In Chapter 2.3 I describe a novel method for discovering potentially interacting
loci in genome-wide scans. The idea behind this method is to test the variance
difference of a trait between different genotypic groups. In the presence of
interaction between a given SNP and another genetic or non-genetic factor the
phenotypic variance is expected to differ between genotypic groups of a given
SNP. In this case, to detect an interacting SNP, each SNP available in a study
is tested only once. The method answers a question which SNP is potentially
involved into interaction with some factor (genetic or non-genetic) and it is not
necessary to know the factor itself.

However, the initial methods proposed both by me in Chapter 2.3 and by
others [24] cannot be used for the analysis of imputed data which is crucial for
achieving large sample sizes and hence power by the means of joint/meta-analysis
of multiple data-sets. Therefore, next I extended the method for analysis of
imputed SNPs. In Chapter 2.4, I describe the extension of the method. The idea of
testing genotypic variance difference reduces to testing the mean difference of the
squared trait with prior normalization of the mean difference. We implemented
this new approach in a software package called VariABEL. The software is written
in the R language, uses compiled code written in C/C++ and belongs to the
GenABEL suite. This implies complete compatibility with the previous products of
the suite including the widely used packages for GWAS as GenABEL and ProbABEL.

The method of interaction testing through testing of variance difference is
gaining popularity in the scientific community. A recent study on BMI and
height [25] where meta-analysis of genome-wide association studies of phenotypic
variation using ≈ 170, 000 individuals was performed reported the FTO gene
in which SNP rs7202116 is associated with phenotypic variability. The variance
difference between the two opposite genotypes is 7% showing the great potential
of this method.
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post-gwas studies to dissect complex genetic architecture of com-
mon traits

Prediction of phenotypes with example on height

Despite the fact that our knowledge about genetic basis of common traits is
incomplete, a very important development in epidemiology is to translate GWAS
findings into prediction of human traits and the onset or progression of diseases.
This will be crucial for preventive strategies but moreover, accurate prediction of
human traits opens broad opportunities in forensics. Genetic material (obtained
from, e.g., blood spots) left by a person on a crime scene can provide valuable
information about the height, eye color or facial features of the person. In
medicine, such prediction can answer the question whether an individual has,
for example, high lipid levels because of genetic or environmental factors. If the
individual has low predicted genetic risk of high lipid levels and, at the same time,
has high lipid levels then it is more likely that this individual needs to follow
specific regimens like a balanced diet or physical exercises instead of taking
lipid lowering medicine like statins. Prediction of the genetic risk to develop a
disease for a particular person can enable targeted preventative treatments that
can eliminate or, at least, reduce manifestation of the disease.

It is worth noting that trait prediction is also valuable in other fields such as
animal or plant breeding. These fields aim to improve various features such
as meat, milk or growth rate of livestock or increased yields in crops. There
are possibly many features of animals and plants which have a complex genetic
architecture involving many genetic factors, some of which may interact with
each other or with environmental factors. Accurate prediction of such features
can substantially facilitate the breeding process.

Any prediction study in epidemiology starts from developing a predictive
regression model (a set of predictors and mutual relationship between them).
The predictors can be divided in two categories. The first category contains
environmental factors such as individual’s age, gender, smoking status, blood
pressure, lipids levels and so on. Strictly speaking, some of those factors can
not be considered as purely environmental (non-genetic) as they them-self have
a genetic component (e.g., blood pressure, lipids levels). However, incomplete
knowledge about their genetic basis and obvious strong effect of some of those
factors on a studied trait make them useful for inclusion in the predictive model.
The second category represents genetic factors known to be associated with a trait
of interest. Nowadays, a polygenic model is commonly used for prediction of a
trait’s genetic component. In such a model, the effect of each variant is assumed
to be additive (the effect of a SNP is proportional to a number of risk variants)
and the prediction of the trait value is simply the summation of the effects of all
the genetic variants. This model is called the weighed genetic (allelic) risk score.
A similar model called the unweighted genetic (allelic) risk score is used, the
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only difference being that the variants are supposed to influence the trait with
the same effect size. There are studies showing presence of interaction between
environmental and genetic factors. This can be reflected in the predictive model
by inclusion of the interaction term. The estimation of the predictor’s effect
(known as calibration of a predictive model) is conducted in a discovery (training)
data set. Effect of environmental factors are obtained from the regression analysis
and effects of the genetic variants – in GWASs. In the stage of estimating
predictor’s effect, the caution should be taken during developing the model to
avoid inclusion of highly correlated predictors. The phenomenon when such
predictors are present in the model is called multicollinearity. This results in
incorrect estimation of predictors effect that can decrease predictive power of the
model.

The next important step after calibration of a predictive model is validation.
The validation is necessary for estimating an accuracy of prediction of future
outcomes (trait’s values). The model can be validated on the same data set
which was used for the development of this model. This is a fast and simple
procedure which, however, gives an overestimated predictive accuracy that can
result in the wrong conclusions about performance of the predictive model. A
reason for overestimation can be an overfitting – fitting a small data set by an
excessively complex predictive model with many predictors. In this case the
model describes a random error or noise instead of the underlying relationship.
The overfitting can make it difficult to compare several predictive models which
differ in a number of predictors even if their maximum number is relatively
small. In this case, even if none of these predictors are associated with a trait, the
model with the highest number of predictors will show the highest predictive
power and can be wrongly chosen as the best among other tested. The commonly
used methods for validation of predictive model in statistical genetics which lack
such disadvantage are cross-validation and bootstrapping. Those methods use
different subsamples from the original sample for development and validation of
a predictive model. This approach can protect against overfitting but still can give
an overestimated predictive accuracy. The reason for this is that the predictive
model can be specific for the training data set used for the calibration of the
model. An example of such specific predictive model can be a hypothetical model
where genetic variants specific for a given population are used as predictors. This
model will obviously show a lower performance if being applied on the data
from population where such genetic variants does not exist or have no influence
on the trait. In this example, using a different population will protect against this
effect and give unbiased estimation of the predictive accuracy.

The accuracy of phenotype or disease prediction depends on how complete our
knowledge is about its genetic and environmental background. For quantitative
traits, the accuracy is expressed as a proportion of the total variance that the
predictors explain in a population. This proportion is determined as squared
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covariation between observed and predicted trait divided by magnitudes of their
variances:

r2 =
cov(trait, prediction)2

(var(trait)× var(prediction))
. (1.1)

The parameter r2 shows not only the accuracy of the prediction at the population
level but also allows estimating an average error in the trait prediction for each
individual in the population. This error is given by

(1 − r2)× σ2
trait, (1.2)

where σ2
trait is the variance of the trait in the population to which the individual

belongs.
For binary traits, a different metric is used to characterize prediction accuracy.

The outcome of prediction for a binary trait is the probability for an individual
to develop the disease. For a practical application of such information (in, for
example, medicine) many end-users are more interested in the answer to the
question whether the person is considered to have a high risk to develop the
disease (and, therefore, should receive treatment) or not. To give the answer
based on the probabilistic outcome from a prediction test the user has to set up a
threshold T (a value ranged from 0 to 1) for which the individual is considered
to have a high risk if the probability to develop the disease exceeds this threshold.
Predictive tests often have limited accuracy leading to misclassification of an
individual’s risk. There are two measures of classification accuracy: sensitivity
and specificity. Sensitivity is the proportion of individuals who were classified as
having high risk and, actually developed the disease. In statistical theory this is
called the proportion of true positives. Specificity is the proportion of individuals
who were classified as having low risk to develop the disease and who truly stay
healthy (the proportion of true negatives). An ideal prediction test has sensitivity
and specificity equal to 100%. This means that all the healthy individuals are
correctly classified as having low risk and all the diseased individuals are correctly
classified as having high risk. For an imperfect test the sensitivity and specificity
depend on the threshold T chosen and, therefore, describe prediction accuracy
under a given threshold only. In this case, the Receiver Operating Characteristic
(ROC) plot and the Area Under the ROC Curve (the AUC) is widely used. A ROC
plot shows the sensitivity in relation to the 1 − specificity. Figure 1.3 illustrates
the an example of ROC plot with four ROC curves. The AUC is a convenient
characteristic of a binary prediction test that shows how much, on average, the
sensitivity (proportion of true positives) exceeds the 1 − specificity (proportion
of false positives) under different thresholds T. The minimum AUC value of
50% indicates no prediction power. Under such an AUC value the sensitivity
(proportion of true positives) vs. the 1 − specificity (proportion of false positives)
is 50%, which is simply equivalent to tossing a coin. The maximum AUC value
of 100% indicates perfect prediction. Under such AUC value the sensitivity
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Figure 1.3: An example of an ROC plot. Accuracy to discriminate the top 5% tallest person,
as measured by AUC, using different height profiles. (a) 54-loci genomic profile
explaining 3.8% (54 loci, solid red line, AUC = 65% in the Rotterdam Study),
population-specific 54-loci genomic profile explaining 5.8% in the Rotterdam
Study (estimated using the data, red dotted line, AUC = 68% in the Rotterdam
Study), mid-parental value explaining 40% (blue line, AUC=83% in the ERF
study) and a hypothetical profile explaining 80% of height variance (green line,
AUC97%). The plot taken from the Chapter 3.1, Figure 3.3, left panel.

(proportion of true positives) is 100% and the 1 − specificity (proportion of false
positives) is 0% for any threshold T.

Height is a classical example of an inherited human trait. Typically, the
proportion of the sex- and age-adjusted variance of height attributable to familial
factors (the heritability) is estimated to be about 90% [26]. While height is among
the most heritable human traits and many rare mutations lead to Mendelian
diseases having very short stature as part of the syndrome, no genetic loci
involved in the control of human height in the general population were known
until recently. In 2008, three papers describing loci associated with height in the
general population appeared in the 40th issue of Nature Genetics [27, 28, 29].
In total 54 loci showing strong statistical evidence for association with height
were reported which all together explain approximately 5% of the variance
in height. In the most recent GWAS on height [30] 183, 727 individuals were
used in the discovery of 180 loci influencing adult height. Many of these loci
demonstrated patterns similar to what is also observed in other complex traits
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and diseases: those loci are connected with each other in biological pathways.
It was shown that the causal genes are likely located near the most strongly
associated variants. Moreover, many loci have multiple independently associated
variants and many of which are involved in altering the amino acid structure
of proteins or expression levels of nearby genes. The variants which exceeded
the genome-wide significance threshold in this study explain ≈ 10% of the total
variance in height. However, inclusion of variants which did not reach this
threshold increase the amount of variance explained up to ≈ 20%. Future even
larger meta GWAS on height will likely increase this value. However, results of a
study [31] suggest that the total variance explained by common SNPs is limited
to approximately 45%.

More than 100 years ago, Francis Galton used height data to study the resemb-
lance between parents and offspring, concluding that “when dealing with the
transmission of stature from parents to children, the average height of the two
parents, (. . . ) is all we need care to know about them” [32]. In Chapter 3.1, I
investigate the predictive potential of genomic profiling for complex human traits,
and, as an instructive example, compare it to the 122-year-old Victorian method
of Galton. We show that while a genomic profile based on 54 loci identified by
2008 explains only about 5% of height variance, the Victorian method of Galton
can explain almost 40%.

Studying extreme phenotypes

Besides GWAS, there are many possible future strategies for studying a complex
architecture of common traits. We addressed some of them in the previous section
(i.e., compound heterozygote LOF alleles, genetic variants interacting with each
other and with environmental factors). Many of them showed a great potential
in discovering new variants. However, for the future studies it is important to
choose a range of strategies allowing to identify the genetic variants and patterns
in genetic variation explaining the highest proportion of heritability. Among
many researchers there is a common opinion that GWAS with larger sample
sizes can be an effective strategy which will allow discovering many new genetic
variants with smaller effects. There are many discussions about influence of rare
variants with relatively high effects which are difficult to detect in GWAS and
in linkage analysis. It can be shown through simulations for a hypothetical trait
which is similar to type 2 diabetes that dozens of such variants would account
for most familial aggregation [19]. A real example of such a variant is in the
LDLR locus showing effect which causes hypercholesterolemia [33]. Johansen et
al. [34] demonstrates accumulation of rare variants in GWAS-identified genes in
individuals with hypertriglyceridemia.

Classically, the individuals with extreme total cholesterol levels have been used
successfully to find rare variants with relatively large effect sizes. Substantial
enrichness of extremes with such rare variants should be manifested through
decreased discriminative (predictive) ability of common genetic variants and
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environmental factors in extreme levels. In Chapter 3.2 I studied the extent
to which known common variants influence extreme levels of total cholesterol
in two populations (i.e., the family-based Erasmus Rucphen Family study and
the population-based Rotterdam Study). By a measurement of the Area Under
the Curve (AUC) I examined ability of the 52 common genetic variants and 6
environmental factors known to be responsible for total cholesterol to discriminate
extreme levels.

Using dense genotyping for common studying phenotypes

Despite the great successes of GWAS in the identification of SNPs related to
various traits, many variants have been identified for a single trait but have never
been investigated in relation to a related trait. While blood pressure plays a crucial
role in stroke and many genes are known to be implicated in blood pressure
regulation, therefore, those genes are candidates for association with stroke. In
the context of type 2 diabetes, coronary artery disease and myocardial infarction,
and quantitative traits related to these disease, the Metabochip was designed [35],
which allows cheap genotyping of SNPs involved in certain diseases in large(r)
case series. SNPs in linkage disequilibrium with the GWAS SNPs have been
added to evaluate additional (causal) variants. The Metabochip is a custom
Illumina array which allows fine-mapping of 257 loci previously associated in
GWAS of 23 traits. It assays 196, 725 SNP markers that includes 63, 450 replication
SNPs selected to follow up previously identified GWAS variants and 122, 241
SNPs located in the loci harboring those variants. Consequently, the Metabochip
is a cost-effective alternative to sequencing which facilitates zooming in into loci
associated with metabolic traits.

Carotid artery stenosis is an important cause of stroke and given its metabolic
background the Metabochip is a suitable tool to study its genetic background.
The carotid artery is the large artery supplying the brain and the face with blood.
An atheromatous plaque can narrow the inner surface of the carotid artery that
leads to a restricted blood flow and subsequently an ischemic stroke or a transient
ischemic attack (neuralgic dysfunction with symptoms such as temporary loss of
vision, difficulty in speaking and so on). We used the Metabochip to study the
genetic architecture of patients with recent ischemic stroke or transient ischemic
attack in Chapter 3.3.

scope of the thesis

The genetic architecture underlying a given phenotype can be relatively simple in
the case of a trait that is controlled by one or several single genes harboring few
mutations each having a large effect on the trait. Because of their large effects it
is relatively easy to detect such mutations in linkage analysis or in GWAS with
small sample size and to date many of these loci have been discovered. Linkage
analysis is a well known approach which, during the 90’s, allowed revealing more
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then a thousand new disease/trait related genomic regions. GWAS is a relatively
new approach which, however, during the last five years, substantially improved
our understanding of genetic basis of many traits and diseases. In Chapter 2.1,
the methodology and software tool ProbABEL is described which can facilitate
discovering new genetic variants in GWAS. From the beginning, I participated in
the process of developing the tool. I essentially contributed in the implementation
of various features such as two-step mixed model based procedures, interaction
testing and bringing the tool to the final user-friendly stage.

Despite to successfully revealing many new genetic variants in GWASs, those
variants explain a proportion of heritability which for many traits is much smaller
then it was expected under the common disease / common variant model. This
rose a question about the extent to which this model can describe the genetic
basis of common traits (missing heritability issue) and called for testing other
genetic models which will allow discovering new genetic variants. There are a
number of models proposed. In this thesis I was focused on a few of them. It has
been proposed that heterozygous loss-of-function variants may account for the
essential proportion of heritability. In Chapter 2.2, a novel method of testing for
association between loss-of-function in the compound heterozygous state and a
trait is described. I participated in data analysis and development of software.
In particular, I implemented the method in a computationally efficient manner
and integrated it in the GenABEL package. Another approach to dissect missing
heritability is testing genetic variants on presence of interaction between them or
environmental factors. In Chapter 2.3, I describe a novel method for discovering
potentially interacting loci in genome-wide scans. I proposed a new statistical
method and studied its properties. This method was independently studied and
applied in other research groups and demonstrated a high potential in revealing
new genetic variants. In Chapter 2.4, it is described how I improved the method
and developed an appropriate software tool.

Prediction is an important application of GWAS findings. In the future it allows
for a personal medical treatment assigned according to the genetic profile of a
specific person. In Chapter 3.1, the study of predictive power of known common
genetic variants associated with height is described. I participated in developing
of analysis plan, conducting the analysis and interpretation of the results.

The missing heritability issue is still under discussion and the interesting ques-
tion which it opened is how much of the undiscovered trait’s genetic component
is attributed to common genetic variants with relatively small effects and how
much to rare variants with relatively large effects. There are multiple examples
of rare variants with relatively large effects. In the case if those variants are
responsible on a substantial part of heritability this will refocus attention from
GWAS (which was designed to study common variants) to another statistical
methods. In Chapter 3.2 I studied the extent to which the common variants
influence extreme levels of total cholesterol that can improve our understanding
of enrichness of extremes with rare variants with relatively large effects..
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There is evidence that causal genetic variants are located close to common
variants showing GWAS signal. Those variants can be uncovered in a sequencing
studies, however, this is an expensive approach. The Metabochip can serve as a
cheap and fast alternative to this. The Metabochip allows targeted high-dense
genotyping of loci where common variants associated with metabolic traits are
located. Subsequent GWAS of these variants can reveal new associations. In
Chapter 3.3, GWAS of carotid artery stenosis using Metabochip was conducted. I
contributed to the writing of the analysis plan, to the data analysis and to the
interpretation of the results.

The goal of the research described in this thesis which the author has con-
tributed essentially to is the development and application of the novel methods,
approaches and computational tools which can facilitate studying complex ge-
netic architecture of common traits.
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background: Over the last few years, genome-wide association (GWA)
studies became a tool of choice for the identification of loci associated with
complex traits. Currently, imputed single nucleotide polymorphisms (SNP) data
are frequently used in GWA analyzes. Correct analysis of imputed data calls
for the implementation of specific methods which take genotype imputation
uncertainty into account.
results: We developed the ProbABEL software package for the analysis of
genome-wide imputed SNP data and quantitative, binary, and time-till-event
outcomes under linear, logistic, and Cox proportional hazards models, respect-
ively. For quantitative traits, the package also implements a fast two-step mixed
model-based score test for association in samples with differential relationships,
facilitating analysis in family-based studies, studies performed in human genetic-
ally isolated populations and outbred animal populations.
conclusions: ProbABEL package provides fast efficient way to analyze
imputed data in genome-wide context and will facilitate future identification of
complex trait loci.

Abstract
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Background

Genome-wide association (GWA) studies became the tool of choice for the iden-
tification of loci associated with complex traits. In GWA analyses, association
between a trait of interest and genetic polymorphisms (usually single nucleotide
polymorphisms, SNPs) is studied using thousands of people typed for hundreds
of thousands of polymorphisms. Several hundred loci for dozens of complex
human disease and quantitative traits have been discovered thus far using this
method [1].

For any given genetic polymorphism, association can be studied using standard
statistical analysis methodology, such as fixed and mixed effects models. However,
because of the large number of tests to be performed and the quantity of data to
be stored in GWA studies, computational throughput and effective data handling
are essential features of statistical analysis software to be used in this context.
A number of specialized software packages, such as PLINK [2], GenABEL [3],
SNPTEST [4] and snpMatrix [5] were developed for the statistical analysis of GWA
data. Most of these packages were designed, and are fit for, the analysis of
directly typed SNPs. When directly typed markers are studied, genotype calling
is performed with a high degree of confidence for the vast majority of markers,
resulting in four possible genotypes (”AA”, ”AB”, ”BB”, and missing). This
allows representation of each individual genotype using two-bit coding and
consequently effective storage of the genotype data in RAM [3].

Recently, novel statistical tools for genotype imputations [6, 4, 7, 8, 9] and
experimental techniques for high-throughput sequencing were developed. Im-
plementation of these methods usually results in estimates of the posterior
probability distributions Pg = (PAA, PAB, PBB) of the genotypes based on the
available data. For many genomic loci, this distribution may be non-degenerate.

Several techniques can be applied to analysis of such ”uncertain” data. The
most simplistic approach would be to use the ”best guess genotypes”, that is to
use the genotype with the highest posterior probability (g = maxg Pg) for analysis
as if it were a directly typed markers. This approach is equivalent to replacing
the estimated probability distribution with a degenerate one where a probability
of one is assigned to the genotype with the maximal posterior probability. From
standard statistical theory it is known, however, that such a procedure results in
biased estimates of the effects. A correct analysis can be achieved using a max-
imum likelihood approach. Under this approach the likelihood can be computed
using the total probability formula in which summation is performed over the
genotypes, whose true values are not known, but whose posterior probabilities
can be estimated given the data. This approach is computationally demanding, as
it requires summation over the underlying probability distribution and numerical
maximization of the likelihood function. Alternatively, a regression approach
in which the posterior genotypic probabilities are used as predictors, can be
applied. The main advantage of this approach is that well-established regression
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analysis methodology, algorithms, and code can be used in its implementation.
Most currently available packages for GWA analysis can not be directly used
in this manner, as they assume degenerate genotypic distributions and do not
provide a facility for the storage and analysis of real-number predictors (posterior
genotypic probabilities).

In this work, we describe the ProbABEL package, which was designed to per-
form genome-wide regression on posterior genotypic probabilities estimated
using imputation software, such as MACH [6] or IMPUTE [4, 9]. In addition to stand-
ard linear and logistic regression, which is widely applied to the analysis of
quantitative and binary outcomes in population-based GWA studies, we also
implemented a Cox proportional hazards model. For quantitative traits, we
implemented a fast two-step mixed model-based score test for association testing
in studies with a high degree of confounding induced by differential relationships
between study subjects (e.g. family-based studies, studies of human genetically
isolated populations, and studies in outbred animal populations).

Implementation

Here, in the first few sub-subsections, we will describe ProbABEL software, giving
only the main outline of the underlying theory and with special emphasis on
implementation and the options allowing to access specific analyzes within
ProbABEL. In two last sub-subsections, starting with the ”Fixed effects model
theory”, we will give more in-depth review of the theory used by the package.
ProbABEL was implemented using code written in the C and C++ languages.

The package consists of three executable files, used to perform linear, logistic,
and Cox regressions, and a helper Perl script which facilitates the analysis of
multiple chromosomes.

The package implements standard regression analysis methodology outlined
in the subsection ”Fixed effects model theory” and specific approximation to
the mixed linear model described in the subsection ”Two-step score test approx-
imation to the mixed model”. The key statistical tests performed by ProbABEL

concern testing of the SNP effects. Here, we will describe the tests performed
by ProbABEL using an example of linear regression; testing using other types of
regression follows similar logic.

In linear regression, the expectation of the trait is described as

E[Y] = Xβ = Xxβx + Xgβg,

where Y is the vector of phenotypic values, Xg is the design matrix containing
data about predictors of interest (these involving SNP data), and Xx is the design
matrix containing other (nuisance) covariates. βg and βx are the vectors of
corresponding fixed effects. The vector of phenotypes Y and the covariates matrix
Xx are provided in the phenotype file. The genotypic data are read from the
genotype (dose or probability) files and are analyzed one SNP at a time.
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Our interest lies in testing the (components of) βg. ProbABEL provides the
estimates of the components of the vector βg and corresponding standard errors,
and, in most cases, the test of the general hypothesis concerning the involvment
of the SNP, obtained by comparison of the estimated model to the null model
formulated as βg,0 = 0, where 0 is the vector of zeros.

Under the general genotypic model, Xg is a matrix with the number of rows
equal to the number of people under consideration and with two columns.
Each row of the matrix contains the estimated probabilities that a person has
genotype ”AA” or ”AB”. Then, the vector of genotypic effects is described with
two parameters: βg = (βAA, βAB). Thus formulated, the model allows for
the estimation of a general genotypic two-degree of freedom model. Further,
a number of sub-models can be formulated by setting restrictions on these
parameters. The ”dominant B allele” model is formalized as βAB = 0, ”dominant
A” (the same as ”recessive B”) as βAA = βAB, the additive model as 2 · βAB = βAA,
and the over-dominant model as βAA = 0. Note that the additive model is
equivalent to performing linear regression on the estimated dose of allele ”A”
defined as PAB + 2 · PAA. The latter model is tested when the allelic dosage file is
provided as the input for ProbABEL, while the full range of described models is
tested if the estimated probability files (option ”-ngpreds=2”) are supplied.
ProbABEL can also test for interaction between a specified covariate and the set

of SNPs; for that alternative, the interaction covariate should be specified using
the ”-interaction N” option, where N corresponds to the number of the column
of the design matrix Xx, which contains that covariate. If this option is used, the
expectation of the trait is defined as

E[Y] = Xβ = Xxβx + Xgβg + (XT
g W)T βgxe,

where W is a diagonal matrix, whose diagonal elements are formed by substi-
tuting the interaction covariate to the matrix and βgxe is the vector of interaction
regression coefficients.

Analysis of population-based data

If the study subjects can be assumed to be genetically ”independent”, in the sense
that they come from the general outbred population without a marked degree
of stratification and that cryptic relatedness is absent, the data can be effectively
analyzed using standard linear fixed effects regression methodology, as described
in subsection ”Fixed effects model theory”. The (small) effects of confounding can
be corrected posterior to analysis using the genomic control [10] procedure. If a
marked degree of stratification is present, such methods as structured association
analysis and EIGENSTRAT [11] can be combined with the standard methods.

Using standard methods, the estimates of the parameters can be obtained
using the standard formula 2.1 (see ”Fixed effects model theory” below), which
provides maximum likelihood estimates if (XTX)−1 exists. The latter condition
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is fulfilled for virtually all analyses; practically, exceptions may occur for SNPs
with very low minor allele frequencies or poor quality imputations.

The standard errors are computed as square roots of the diagonal elements of
the parameter estimates’ variance-covariance matrix. This matrix is computed
using one of three different methods: the standard method, with residual variance
estimated under the alternative (formula 2.2, see ”Fixed effects model theory”
below) or null hypothesis concerning SNPs (option ”-score”), or using a ”sand-
wich” estimator (formula 2.5, see ”Fixed effects model theory”), resulting in
robust standard errors (option ”-robust”).

The value of the global likelihood ratio test statistic, testing the joint significance
of all terms involving SNP, is computed using the formula 2.3 (see ”Fixed effects
model theory”). In this test, the null model is formulated as βg,0 = 0, where 0 is
the vector of zeros. If an interaction term is present, that is also set to zero under
the null: βgxe,0 = 0. The likelihoods involved are computed using the formula 2.4
(see ”Fixed effects model theory”) with the values of the parameters fixed at the
point of the maximum likelihood estimate obtained with 2.1 (see ”Fixed effects
model theory”).

Analysis of data on subjects with differential relationships

In the case of a study involving subjects with markedly differential relationships
(family-based designs, studies of human genetically isolated populations, studies
in outbred animal populations), a mixed model approach may be used, in which a
random effect (”heritability”) accounts for similarities between the phenotypes of
study subjects [12]. However, the estimation of the full mixed model using either
maximum likelihood or the restricted maximum likelihood approach is compu-
tationally demanding, if not unfeasible, within the framework of GWAS [13],
and therefore a two-step mixed model-based approach [13, 14, 15] is utilized in
ProbABEL.

In this approach, the mixed model containing all terms but those involving
SNP is first estimated by maximizing the likelihood function provided by the
expression 2.7 (see subsection ”Two-step score test approximation to the mixed
model” for details). These estimates are then used in the second step to compute
estimates of the SNP effects (formula 2.8 of ”Two-step score test approximation to
the mixed model”) and the variance-covariance matrix of these estimates (formula
2.10, see ”Two-step score test approximation to the mixed model”). These values
can be used to perform a score test for association.

The second step of a mixed-model based score test for association is available
in ProbABEL using option ”-mmscore IVFile”, where IVFile is the name of a file
containing the inverse of the variance-covariance matrix (V−1

ĥ2,σ̂2 of formulas 2.8
and 2.10, see ”Two-step score test approximation to the mixed model”) evaluated
at the point of the maximum likelihood estimates obtained in step one. The
phenotypes analyzed in the second step are residuals (as specified by the formula
2.9, see ”Two-step score test approximation to the mixed model”) obtained by
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subtracting the trait values expected under the mixed model-based estimates of
the fixed effects from the original trait values.

Step one of the regression procedure can be performed using our GenABEL

software [3]. This software performs genomic data based estimation of the kin-
ship matrix as described in subsection ”Estimation of genomic kinship matrix”
using the ibs(...,weight="freq") function, and performs maximum likelihood
estimation of the step-one mixed model using the polygenic() function. The res-
ulting object contains the inverse variance-covariance matrix (object$InvSigma),
which can be saved as a text file and used in ProbABEL analysis. The residuals
to be used as trait values in step two of the analysis can be accessed through
object$residualY.

Input and output

The input consists of a phenotypic data file and a set of files describing the
imputed genotypic data. The phenotypic file provides data on the outcome
of interest and any additional covariates to be included in the analysis. The
genotypic data files, at present, utilize the MACH imputation software output
format. Minimally, a file with estimated probability distributions (”mlprob”) or
allelic dosages (”mldose”) and the ”mlinfo” file containing information about
allele coding and overall imputation quality should be provided. Optionally, a
map file in HapMap format, containing chromosome and location information,
may be supplied. Information contained in the latter two files is not used in
analysis, but is forwarded directly to the output. If the mixed-model based score
test for association in related individuals is to be computed, a file containing the
inverse matrix of variances and covariances between the phenotypes of study
individuals should be supplied as a part of the input. The output of the program
consists of one line for each SNP tested, containing information about the SNP
supplied as part of the input, as well as the results from analysis (estimates of
the coefficients of regression, standard errors of the coefficients, and test statistic
values).

Fixed effects model theory

Most of the fixed effects model theory outlined here is standard and can be found
in textbooks, such as ”Generalized, Linear, and Mixed Models” [16]. Specific
references are provided when this is not the case.

linear regression assuming normal distribution Standard linear
regression theory is used to estimate coefficients of regression and their standard
errors. We assume linear model with expectation

E[Y] = Xβ
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and variance-covariance matrix

V = σ2I,

where Y is the vector of phenotypes of interest, X is design matrix, β is the vector
of regression parameters, σ2 is variance and I is identity matrix.

The maximum likelihood estimates (MLEs) for the regression parameters is
given by

β̂ = (XTX)−1XTY (2.1)

and MLE of the residual variance is

σ̂2 =
(Y − Xβ̂)T(Y − Xβ̂)

N − rX
,

where N is the number of observations and rX is rank of X (number of columns
of the design matrix).

The variance-covariance matrix for the parameter estimates under alternative
hypothesis can be computed as

varβ̂ = σ̂2(XTX)−1. (2.2)

For the j-the element β̂(j) of the vector of estimates the standard error under
alternative hypothesis is given by the square root of the corresponding diagonal
element of the above matrix, varβ̂(jj), and the Wald test can be computed with

T2(j) =
β̂(j)2

varβ̂(jj)
,

which asymptotically follows the χ2 distribution with one degree of freedom
under the null hypothesis.

When testing significance for more than one parameter simultaneously, several
alternatives are available. Let us partition the vector of parameters into two
components, β = (βg, βx), and our interest is testing the parameters contained in
βg (SNP effects), while βx (e.g. effects of sex, age, etc.) are considered nuisance
parameters. Let us define the vector of the parameters of interest which are fixed
to certain values under the null hypothesis as βg,0 (usually, βg,0 = 0, vector of
zeros).

The likelihood ratio test can be obtained with

LRT = 2 · (logLik(β̂g, β̂x)− logLik(βg,0, β̂x)), (2.3)
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which under the null hypothesis is asymptotically distributed as χ2 with number
of degrees of freedom equal to the number of parameters specified by βg. As-
suming the normal distribution, the log-likelihood of a model specified by the
vector of parameters β and residual variance σ2 can be computed as

logLik(β, σ2) = −
1
2
(N · logeσ2 + (Y − βX)T(I/σ2)(Y − βX)). (2.4)

Secondly, the Wald test can be used; for that the inverse variance-covariance
matrix of β̂g should be computed as

var−1
β̂g

= var−1
β̂

(g, g)− var−1
β̂

(g, x)(var−1
β̂

(x, x))−1var−1
β̂

(x, g),

where var−1
β̂

(a, b) correspond to sub-matrices of the inverse of the variance-

covariance matrix of β̂, involving either only covariances between the parameters
of interest (g, g), only the nuisance parameters (x, x) or between the parameters
of interest and nuisance parameters, (x, g), (g, x).

The Wald test statistics is then computed as

W2 = (β̂g − βg,0)
Tvar−1

β̂g
(β̂g − βg,0),

which asymptotically follows the χ2 distribution with the number of degrees
of freedom equal to the number of parameters specified by βg. The Wald test
generally is computationally easier than the LRT, because it avoids estimation of
the model specified by the parameter’s vector (βg,0, β̂x).

Lastly, similar to the Wald test, the score test can be performed by use of
varβ=(βg,0,β̂x)

instead of varβ̂.

logistic regression For logistic regression, the procedure to obtain para-
meters estimates, their variance-covariance matrix, and tests are similar to these
outlined above with several modifications.

The expectation of the binary trait is defined as expected probability of the
event as defined by the logistic function

E[Y] = π =
1

1 + e−(Xβ)
.

The estimates of the parameters are obtained not in one step, as is the case
of the linear model, but using iterative procedure (iteratively re-weighted least
squares). This procedure is not described here for the sake of brevity.

The log-likelihood of the data is computed using binomial probability formula:

logLik(β) = YT logeπ + (1 − Y)T loge(1 − π),

where logeπ is a vector obtained by taking the natural logarithm of every value
contained in the vector π.
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robust variance-covariance matrix of parameter estimates For
computations of robust variance-covariance matrix we use White’s sandwich es-
timator [17, 18], which is equivalent to the ”HC0” estimator described by Zeilers
and Lumley in ”sandwich” package for R.

For linear model, the variance-covariance matrix of parameter estimates is
computed using formula

varr = (XTX)−1(XTRX)(XTX)−1, (2.5)

where R is a diagonal matrix containing squares of residuals of Y. The same
formula may be used for “standard” analysis, in which case the elements of the
R matrix are constant, namely mean residual sum of squares (the estimate of
residual variance, σ̂2).

Similar to that, the robust matrix is computed for logistic regression with

varr = (XTWX)−1(XTRX)(XTWX)−1,

where W is the diagonal matrix of ”weights” used in logistic regression.

cox proportional hazards model The implementation of the Cox pro-
portional hazard model used in ProbABEL is entirely based on the code of R library
survival developed by Thomas Lumley (function coxfit2), and is therefore not
described here.

Two-step score test approximation to the mixed model

The framework for analysis of data containing differential relationships follows
the two-step logic developed in the works of Aulchenko et al. [3] and Chen and
Abecasis [14]. General analysis model is a linear mixed model which defines the
expectation of the trait as

E[Y] = Xβ

identical to that defined for linear model. To account for possible correlations
between the phenotypes of study subjects the variance-covariance matrix is
defined to be proportional to the linear combination of the identity matrix I and
the relationship matrix Φ:

Vσ2,h2 = σ2(2h2
Φ + (1 − h2)I),

where h2 is the heritability of the trait. The relationship matrix Φ is twice the
matrix containing the coefficients of kinship between all pairs of individuals under
consideration; its estimation is discussed in a separate subsection ”Estimation of
genomic kinship matrix”.

Estimation of thus defined model is possible by numerical maximization of
the likelihood function, however, the estimation of such model for large data sets
is not computationally feasible for hundreds of thousands to millions of SNPs
tested in the context of GWAS, as we have demonstrated previously [3].
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two-step score test for association A two-step score test approach
is therefore used to decrease the computational burden. Let us re-write the
expectation of the trait by splitting the design matrix in two parts, the ”base” part
Xx, which includes all terms not changing across all SNP models fit in GWAS
(e.g. effects of sex, age, etc.), and the part including SNP information, Xg:

E[Y] = Xxβx + Xgβg. (2.6)

Note that the latter design matrix may include not only the main SNP effect,
but e.g. SNP by environment interaction terms.

At the first step, linear mixed model not including SNP effects

E[Y] = Xxβx

is fitted. The maximum likelihood estimates (MLEs) of the model parameters
(regression coefficients for the fixed effects β̂x, the residual variance σ̂2

x and the
heritability ĥ2

x) can be obtained by numerical maximization of the likelihood
function

logLik(βx, h2, σ2) = −
1
2
(loge|Vσ2,h2 |+ (Y − βxXx)

TV−1
σ2,h2(Y − βxXx)), (2.7)

where V−1
σ2,h2 is the inverse and |Vσ2,h2 | is the determinant of the variance-

covariance matrix.
At the second step, the estimates of the fixed effects of the terms involving SNP

are obtained with

β̂g = (XT
g V−1

σ̂2,ĥ2 Xg)
−1XT

g V−1
σ̂2,ĥ2 Rβ̂x

, (2.8)

where V−1
σ̂2,ĥ2 is the variance-covariance matrix at the point of the MLE estimates

of ĥ2
x and σ̂2

x and

Rβ̂x
= Y − β̂xXx (2.9)

is the vector of residuals obtained from the base regression model. Under the
null model, the inverse variance-covariance matrix of the parameter’s estimates
is defined as

varβ̂g
= σ̂2

x(X
T
g V−1

σ̂2,ĥ2 Xg)
−1. (2.10)

Thus the score test for joint significance of the terms involving SNP can be
obtained with

T2 = (β̂g − βg,0)
Tvar−1

β̂g
(β̂g − βg,0),

where βg,0 are the values of parameters fixed under the null model. This test
statistics under the null hypothesis asymptotically follows the χ2 distribution
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with the number of degrees of freedom equal to the number of parameters tested.
The significance of an individual j-the elements of the vector β̂g can be tested
with

T2
j =

β̂
2
g(j)

varβ̂g
(jj)

,

where β̂
2
g(j) is square of the j-th element of the vector of estimates β̂g, and

varβ̂g
(jj) corresponds to the j-th diagonal element of var−1

β̂g
. This statistics asymp-

totically follows χ2
1.

estimation of genomic kinship matrix The relationship matrix Φ used
in estimation of the linear mixed model is twice the matrix containing the
coefficients of kinship between all pairs of individuals under consideration. This
coefficient is defined as the probability that two gametes randomly sampled from
each member of the pair are identical-by-descent (IBD), that is they are copies of
exactly the same ancestral allele. The expectation of kinship can be estimated from
pedigree data using standard methods, for example the kinship for two outbred
sibs is 1/4, for grandchild-grandparent is 1/8, etc. However, in many situations,
pedigree information may be absent, incomplete, or not reliable. Moreover, the
estimates obtained using pedigree data reflect the expectation of kinship, while
the true realization of kinship may vary around this expectation. In presence
of genomic data it may therefore be desirable to estimate the kinship coefficient
from these, and not from pedigree. It can be demonstrated that unbiased and
positive semi-definite estimator of the kinship matrix [19] can be obtained by
computing the kinship coefficients between individuals i and j with

K̂ij =
1
L

L

∑
l=1

(gl,i − pl)(gl,j − pl)

pl(1 − pl)
,

where L is the number of loci, pl is the allelic frequency at l-th locus and gl,j is the
genotype of j-th person at the l-th locus, coded as 0, 1/2, and 1, corresponding
to the homozygous, heterozygous, and other type of homozygous genotype [15,
19, 11]. The frequency is computed for the allele which, when homozygous,
corresponds to the genotype coded as ”1’.

Results

To ensure the statistical correctness of the two-step procedure, we performed
a small-scale simulation study. We used real data from the Erasmus Rucphen
Family (ERF) study [20]. In simulations, we used genotypic data from 2,313

people who had high-density SNP genotyping data. The trait was simulated
as a sum of four independent effects: two fixed effects explaining 10 and 5%
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of the total trait variance, a polygenic effect, and a residual random effect. The
residual random effect was assumed to be distributed normally with mean zero
and variance fixed at the value that explained 59.5% of total variance. To simulate
the polygenic effect, similar to our previous work [15], we selected 200 random
SNPs, and assigned these SNPs with fixed effects such that, in total, these SNPs
explained 25.5% of total variance. Thus, the heritability of the trait when adjusted
for the fixed effects was 30%.

The SNPs mimicking the polygenic effect were selected randomly from all
autosomes but the second. To estimate type 1 error of the two-step procedure,
we studied association of the trait with the second chromosome SNPs using real
imputed data. Only SNPs with estimated minor allele frequencies greater than
1% were used in analysis (212,691 SNPs in total). We compared type 1 error rates
for four different models: a linear model ignoring the relatedness structure (using
both a standard and a robust covariance matrix) and our 2-step mixed-model
based score test. For the latter, we adjusted for two fixed effect covariates in the
first step (polygenic) analysis.

The results of these tests are summarized in Table 1. It is easy to see that
when relationships between study individuals are not taken into account, the
distribution of the test statistic is inflated, regardless of whether a robust or
standard covariance matrix is used. In our previous work, we demonstrated that
this inflation grows with increasing trait heritability, with more close relatives
present in the sample [15] and with increasing sample size and can reach very
high values. On the contrary, when two-step approximation to the mixed model
is used ("Linear, mmscore" row of Table 1), the test statistic shows very good
agreement to the χ2

d f=1 distribution expected under the null.
Next, we measured CPU time required for particular ProbABEL analyses. To do

this, we selected 500, 1000, and 1500 people from 2,313 genotyped individuals and
measured the speed of different types of analysis using chromosome 2 imputed
data on 220,833 SNPs. All analyses were ran on a Sun Fire X4640 server with an
Intel Xeon CPU 5160 (3.00 GHz). Results are present in Table 2. From this table,
it is clear that all population-based analyzes (these not involving the -mmscore

option) scale roughly linearly with the number of people. Use of the -robust

option increases the running time by only a small fraction. Based on these data,
one would expect that a GWA analysis involving, for example, 2.5 millions SNPs
imputed on HapMap2 release 22 in 1,500 individuals would take 1/2 hour for
linear, 2 hours for logistic and 1 1/2 hours for Cox proportional hazards models.

Use of the -mmscore option to adjust for relationships between study subjects,
however, induces a non-linear relationship between the number of study subjects
and analysis time: while the time to analyze 500 people is 16 minutes, the time
for analysis of 1500 people is ≈ 14 times longer. The time for a GWA with 1,500

people and 2.5 millions imputed SNPs is, therefore, estimated to be ≈ 43 hours.
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Discussion

Imputed SNP data are conventionally used for the analysis of GWA data; correct
use of imputed data allows for higher power and location accuracy [21, 22].
However, correct analysis of imputed data needs to account for the uncertainty
surrounding estimated genotypic probability distributions. This can be done
using approaches based on either likelihood or regression on estimated prob-
abilities, as outlined in the ”Background” and ”Implementation”. A number of
software packages are available for such analyses. SNPTEST implements a score
test based on missing data likelihood [4] allowing for the study of both quantitat-
ive and binary outcomes. MACH2QTL and MACH2DAT implement regression models
on estimated probabilities for quantitative and binary traits, respectively, in a
manner similar to ProbABEL. ProbABEL extends the functionality available in these
packages by allowing analysis under the Cox proportional hazards model. Fur-
ther, while SNPTEST allows for testing interaction of a covariate with SNPs studied,
it does not provide the value of the global significance test. Finally, ProbABEL is
the only package that implements specific mixed-model based procedures for
the study of association in samples with differential relationships, facilitating
analysis in family-based studies, studies performed in human genetically isolated
populations, and outbred animal populations.

In theory, the mixed model we have described can also be used to correct
for population stratification in a study where a number of (population-based
and family based) samples come from differentiated genetic populations [12,
19]. However, given the different genetic and potentially different environmental
compositions of such differentiated populations, similar heritabilities can not be
assumed in all study populations. We speculate that, in practice, one should
combine population-specific (fixed or mixed-model) approaches with structured
association or similar methods. For example, one could identify sets of individuals
coming from divergent genetic populations using either prior information or
analysis of the principal components of the genomic kinship matrix [11]; perform
standard analysis in population-based sets and mixed-model analysis in family
based sets (or those exhibiting substantial cryptic relatedness), as described here;
and finally combine the results using meta-analysis. The best strategy to analyze
such complex studies is to be addressed elsewhere in more details.

The two-step mixed model-based score test implemented in ProbABEL is an
extension of the family-based association score test suggested by Chen and
Abecasis [14], and is similar in its logic to the GRAMMAR and GRAMMAR-GC
tests described by Aulchenko et al. [3, 15]. In the test procedure, the model is
split into two parts (see the equation 2.6 in ”Two-step score test approximation to
the mixed model”), the first of which contains the effects of nuisance parameters,
including random genetic effects, and the second includes the parameters of
interest (SNP effects and SNP-interacting covariates). Estimation in the second
step is performed based on the estimates obtained from fitting the first part.
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Strictly speaking, the test defined in this manner is correct if the distributions of
covariates in the first and the second parts of the model are independent condi-
tional on the estimated phenotypic variance-covariance matrix. This assumption
is most likely to be true when the covariates included in the base model are
environmental ones, and thus are not expected to exhibit conditional correlation
with SNPs. However, when endogenous risk factors, such as body mass index,
are included as the covariates in the base model, some SNPs are expected to
exhibit covariance with this covariate. In such situations, the covariate should be
included in the second step analysis. This, however, may violate the assumptions
of the score test if the covariate explains a large proportion of trait variance. In
such situation we expect that the test will become conservative and may be less
powerful compared to the classical maximum likelihood analysis.

At present, GWA analysis of millions of imputed SNPs using the -mmscore

option in ProbABEL takes a few days for samples of a few thousands of people.
However, the relationship between CPU time and the number of subjects is
not linear; as the number of subjects reaches 5,000 or more, the mixed-model
based analysis will take too much time (weeks to months) when using a single
CPU. A straightforward approach to solve this problem would be to use parallel
computations. Still, the non-linear dependency of computational time on the
number of subjects may become a major analysis bottleneck with larger and
larger studies becoming available.

Other software packages which implement similar mixed-model functionality
and are suitable for GWA analyses are MERLIN [23] and QxPak [24]. In particular,
MERLIN implements the two-step score test [14], which is equivalent to our test
in the absence of covariates. QxPak is a flexible tool for mixed modeling of
quantitative traits, which implements classical full Maximum Likelihood and
Restricted Maximum Likelihood estimation procedures. Neither MERLIN nor
QxPak, however, allow for analyses of imputed data in the form of regression
onto estimated genotype probabilities. Both packages assume that pedigree
structure is known, and estimate kinship based on that.

On the contrary, the input required by ProbABEL consists of the inverse matrix
of estimated variances and covariances between the phenotypes of study indi-
viduals. This matrix can be obtained in a number of different ways; our standard
approach is to estimate it using GenABEL’s polygenic() function based on kinship
estimated from genomic data, as computed with the ibs(..., weight="freq")

function. However, it is possible and straightforward to use kinship estimated
from pedigree data as well (using, e.g., ”kinship” library of R) in the polygenic()

procedure. The latter approach is preferable in a study where no genome-wide
data is available for estimation of genomic kinship (such as a candidate gene or
region study).

Presently, there is no package (including ProbABEL), which allows for genome-
wide association analysis of binary traits or time-till-event outcomes under a
mixed model or an approximation to a mixed model accounting for relatedness,
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and providing the correct estimates of Odds or Hazards Ratios. With the growing
number of GWA scans performed in families and genetically isolated populations,
this gap needs to be filled.

For population-based analyses using fixed effects models, ProbABEL computes
Maximum Likelihood estimates of the parameters and the standard errors un-
der the alternative hypothesis, allowing a Wald test for every parameter under
consideration. The global SNP significance test is implemented using the Likeli-
hood Ratio Test. Theoretically, the Wald test can be used for the same purpose,
thereby avoiding the need to re-estimate the null model with respect to each SNP.
However, in GWAS with imputed data, where full information is available for all
SNPs, the null model estimation needs to be performed only once, and can then
used for testing all SNPs. Thus the overhead related to re-estimation of the null
model is minimal, and, for that reason, we did not implement the global SNP
significance Wald test.

We should emphasise that, in general, the ProbABEL software can be used
to do massive regression analyzes using any type of real-type outcomes and
predictors. As such, ProbABEL is not restricted to SNP, or even, more generally,
to genetic analyzes and can be used for any analyzes requiring regression of a
dependent variable on a very large number of independent variables in turn. For
example, ProbABEL may be use to perform association testing among traits and
Copy Number Polymorphisms [25].

The practical applicability of ProbABEL for the analysis of GWAS is confirmed by
the fact that the early versions of the package were successfully used for analysis
of multiple data sets, including already published genome-wide analyzes of such
various traits as height [26, 27], gout [28], waist circumference [29], smoking
initiation [30], and others.

Conclusions

We developed the ProbABEL software package, which facilitates fast genome-wide
association analysis of imputed data under linear, logistic and Cox proportional
hazards models. For quantitative traits, the package also implements a two-
step mixed model-based score test for association in samples with differential
relationship, facilitating analysis in family-based studies, studies performed in
human genetically isolated populations, and outbred animal populations.

Availability and requirements

project name : ProbABEL

project home page : http://mga.bionet.nsc.ru/~yurii/ABEL/ (source code
and binaries for various platforms), http:r-forge.r-project.orgprojectsgenabel
(project development page)

41

http://mga.bionet.nsc.ru/~yurii/ABEL/


operating system(s): source code was successfully compiled and used on
Windows, Mac OS X, Linux, SUN Solaris

programming language : C, C++, Perl

other requirements: make

license: GNU GPL

any restrictions to use by non-academics : None
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Table 2.1: Mean values of the test statistics (Wald for Linear, score for mmscore), genomic
control λ (median test statistic over 0.455), and type 1 error at different α for
different models.

α

Model Mean(T2) λ 0.05 0.01 0.001

Linear 1.206 1.224 0.073 0.018 0.0027

Linear, robust 1.210 1.228 0.073 0.018 0.0028

Linear, mmscore 0.984 1.007 0.047 0.009 0.0011

Tests were performed using a trait dependent on two covariates and with (adjusted)
heritability of 30%. Only SNPs with estimated minor allele frequency greater than 0.01

(n = 212, 691) used. Linear: standard linear model; Linear, robust: linear models using
with standard errors; Linear, mmscore: two-step approximation to mixed model, fixed
effects included in step 1 of analysis.
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Table 2.2: Time for analysis of chromosome 2 imputed data (220, 833 SNPs)

Model Option No. people CPU time

500 0m 43s

Linear – 1000 1m 23s

1500 2m 10s

500 0m 50s

Linear -robust 1000 1m 43s

1500 2m 35s

500 16m 18s

Linear -mmscore 1000 92m 45s

1500 231m 49s

500 3m 20s

Logistic – 1000 6m 38s

1500 10m 8s

500 3m 25s

Logistic -robust 1000 6m 53s

1500 10m 29s

500 2m 18s

Cox PH – 1000 4m 30s

1500 6m 43s

In all analyzes, 2 covariates were included in the model
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Multiple loss-of-function (LOF) alleles at the same gene may influence a pheno-
type not only in the homozygote state when alleles are considered individually,
but also in the compound heterozygote (CH) state. Such LOF alleles typically
have low frequencies and moderate to large effects. Detecting such variants is of
interest to the genetics community, and relevant statistical methods for detecting
and quantifying their effects are sorely needed. We present a collapsed double
heterozygosity (CDH) test to detect the presence of multiple LOF alleles at a
gene. When causal SNPs are available, which may be the case in next gener-
ation genome sequencing studies, this CDH test has overwhelmingly higher
power than single SNP analysis. When causal SNPs are not directly available
such as in current GWA settings, we show the CDH test has higher power than
standard single SNP analysis if tagging SNPs are in linkage disequilibrium with
the underlying causal SNPs to at least a moderate degree (r2

> 0.1). The test
is implemented for genome-wide analysis in the publically available software
package GenABEL which is based on a sliding window approach. We provide
the proof of principle by conducting a genome-wide CDH analysis of red hair
color, a trait known to be influenced by multiple loss-of-function alleles, in a total
of 7, 732 Dutch individuals with hair color ascertained. The association signals at
the MC1R gene locus from CDH were uniformly more significant than traditional
GWA analyses (the most significant P for CDH = 3.11 · 10−142 vs. P for rs258322

= 1.33 · 10−66). The CDH test will contribute towards finding rare LOF variants
in GWAS and sequencing studies.

Abstract
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Introduction

Genome-wide association studies (GWAS) have successfully identified thousands
of common variants associated with many complex human phenotypes including
common diseases (www.genome.gov/gwastudies). However, with a few excep-
tions, common variants identified to date explain only a small fraction of the
overall heritability of the traits studied. It was speculated that searching for
common variants with increasingly smaller effects are unlikely to substantially
account for the missing heritability [1]. Thus, there have been calls for shifting
the attention from genome scans of larger samples to studies of rarer variants
with larger effect [2]. In particular, it has been proposed that heterozygous loss-
of-function (LOF) variants may account for an essential portion of the missing
heritability [1, 3].

LOF variants represent alleles resulting in reduced or abolished protein func-
tion by disrupting not only the protein-coding genes but also any essential genetic
element, including non-coding regulatory motifs. They have a variety of forms,
including singlebase substitutions such as nonsense SNPs or splice site disrup-
tions and small or larger insertions/deletions that change the reading frame or
remove an entire gene. These are surprisingly common in healthy individuals
in that gene disruption, as a result of positive selection, can be beneficial [4, 5].
On the other hand, people at the extremes of trait distributions are more likely
to carry trait-associated LOF variants [6]. LOF variants are mostly recognized
by their genetic association with a variety of phenotypes largely inherited in a
recessive manner. It is important to note multiple LOF variants at the same locus
can act not only in the homozygote state, but also in the compound heterozygote
(CH) state, where the presence of two different LOF variant alleles at the same
gene, one on each homologue chromosome, influence the phenotype. In such
cases, the CH state would be much more frequent than the homozygote state for
any individual variant. We thus expect a power gain by taking the CH state into
account in GWAS or in genome sequencing studies.

There are numerous convincing examples that multiple LOF variants in a
gene collectively influence a phenotype. Some examples are HFE and hemochro-
matosis [7], PLA2G7 and coronary heart diseases [8], SLC22A12/SLC2A9 and renal
hypouricemia [9, 10], KCNQ1 and Jervell and Lange-Nielsen syndrome [11], NCCT
and Gitelmans syndrome [12], ABCC6/GGCX and pseudoxanthoma elasticum [13,
14, 15], TG and congenital goiter [16], SCN5A and Brugada syndrome [17], P2RX7

and inflammatory response [18], ABCA12 and congenital ichthyoses [19], TRIM32

and nephrogenic diabetes insipidus [20], WFS1 and Wolfram syndrome [21], and
CLDN16 and hypomagnesaemia [22]. Through this study we use LOF variants
in MC1R and red hair color as an example where empirical data were available.
Polymorphisms leading to complete loss of function of MC1R are responsible for
the red hair/fair skin pigmentation phenotype [23], characterized by tendency
to burn and inability to tan, and has been significantly linked to the develop-
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ment of UVinduced skin cancer, in particular melanoma. At least 9 distinct
variants in MC1R contribute to an increased chance of developing red hair [23,
24, 25, 26]. The relative chance for the red hair phenotype was estimated to be,
in general, 15-fold greater among the individuals carrying any single variant
allele, compared to noncarriers, and 170-fold higher among homozygotes or
CH carriers [23]. A GWAS in 2, 986 Icelanders based on the Illumina 317K chip
successfully confirmed the association between red hair and variants in MC1R
where the most significant signal was derived from a tagging SNP (rs4785763

P = 3.2 · 10−56) [26]. The authors subsequently achieved a much stronger as-
sociation by additionally genotyping two nonsynonymous SNPs not assayed
on this chip (rs1805007 P = 2.0 · 10−142, rs1805008 P = 4.2 · 10−95). The fact
that the causal alleles have an extraordinarily large effect which is sufficiently
frequent in European populations (0.142 for rs1805007 and 0.108 for rs1805008

in HapMap CEU) allowed successful detection of the genome-wide significant
signals from these tagging SNPs. However, in more common situations such LOF
variants may have smaller effect sizes and can occur at lower frequencies, and so
be undetectable, even if they are directly observed through the next generation
sequencing techniques. Relevant statistical methods for detecting and quantifying
their effects are sorely needed.

It was speculated that an increased statistical power may be achieved by ana-
lyzing multiple neighboring low-frequency variants simultaneously. Several
methods have been proposed for analyzing a collection of selected rare mutations
to test for group-wise association with a disease status. Recent developments in
this area include the cohort allelic sums test (CAST) [27], the combined multivari-
ate and collapsing (CMC) method [28], and the weighted sum statistic (WSS) [29].
In the CAST method, the overall frequency of all exonic alleles in a gene is com-
pared between cases and controls. In the CMC method, all selected rare variants
are collapsed and treated as a single common variant allele. The WSS method
jointly analyzes a group of rare mutations to test for an excess of mutations in
cases. Madsen et al. [29] compared the performance of CAST, CMC, and WSS
and showed that WSS was the most powerful under four genetic models. In
general, the power of these methods depends on the portion and the frequency
of causal variants included. However, none of these methods focused on the CH
and they are most suitable for analyzing exonic regions with a collection of rare
and possibly functional alleles.

Here, we aim to develop a computationally efficient method to screen for mul-
tiple LOF variants, which does not rely on function annotation. The performance
of this method is evaluated based on simulated phenotypes and real genotypes
from the Illumina 550K chip available for 10, 213 Dutch individuals from the
Rotterdam Study, and compared with single SNP analysis and WSS. Finally, we
provide a proof of principle using a GWAS of red hair in 7, 732 participants who
provided information on their hair color.
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Materials and Methods

Rotterdam Study, microarray genotypes, and hair color data

The Rotterdam Study (RS1) [30] has been in operation since 1990 and initially
included 7, 983 participants living in Rotterdam, The Netherlands. The RS2 [31]
is an extension of the cohort, started in 1999 and includes 3, 011 participants. The
RS3 [32] is a further extension of the cohort started in 2006 and includes 3, 932
participants. RS1 and RS2 were genotyped using the Infinium II HumanHap550 K
Genotyping BeadChip version 3 and RS3 was genotyped using Human 610 Quad
Arrays of Illumina. Collection and purification of DNA, genotyping, imputation,
merging, and quality control details have been described before [33, 34]. Hair color
was collected in RS1 and RS2 by means of a questionnaire, with self reporting of 4
hair color categories; fair, brown, red, or black when young. After quality control,
this study included a total of 10, 213 individuals with 550 K genotyped SNPs,
among whom 7, 732 individuals provided hair color information (N red hair
= 241). The Medical Ethics Committee of Erasmus Medical Center, Rotterdam,
approved this study. All participants provided written informed consent.

MC1R SNP genotyping

Multiple LOF mutations in MC1R cause red hair color. These mutations are
largely recessive when considered individually and interact with each other in
compound heterozygotes. Two SNPs rs1805007 (R151C) and rs1805008 (R160W)
known to have the largest effects [24] but not present on the Illumina 550 K chip,
were genotyped separately using melt curve genotyping. The assay design and
primer synthesis were done by Tib Molbiol (Berlin, Germany, Table S1). For
laboratory details see Text S1.

Expected P values from the CDH test of 2 causal SNPs

The expected P values from the CDH test of 2 causal SNPs was mathematically
derived as described below (also illustrated using an excel macro Table S2).
Consider two physically close SNPs with low MAFs (1.5%). When their LD is
low (as measured by r2), they approximately and independently follow HWE.
The frequency of the combined genotypes is expected to follow:

R =





(1 − q1)
2(1 − q2)

2 2(1 − q1)
2(1 − q2)q2 (1 − q1)

2q2

2(1 − q1)q1(1 − q2)
2 4(1 − q1)q1(1 − q2)q2 2(1 − q1)q1q2

2

q2
1(1 − q2)

2 2q2
1(1 − q2)q2 q2

1q2
2





where q1 and q2 are the frequencies of minor alleles. Note here because q1 and q2
are small, R(2,3), R(3,2), and R(3,3) are close to zero. The CH state R(2,2) is more
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frequent than the homozygote state of either SNP (R(1,3) and R(3,1)), for example,
when q1 = q2,

R(2,2)/R(1,3) = R(2,2)/R(3,1) = 4.

Consider a genetic model in which the homozygote and compound heterozygote
genotypes lead to an increased prevalence of a binary phenotype, so that the joint
penetrance table of the two SNPs can be modeled using a baseline prevalence α,
together with a GRR, denoted as β here.

F =





α α αβ

α αβ αβ

αβ αβ αβ





Given the total sample size n, the expected genotype count in cases is the element
by element multiplication of R and F

D = nRF,

as well as in controls

U = nR(1 − F).

Note here we consider population based studies typically consist of a large
number of healthy individuals and a small number of cases in terms of rare
diseases or extreme phenotypes. This is different from the conventional case-
control designs where subjects are selected based on the status of a particular
disease. Therefore, n needs to be sufficiently large to reach reasonable power,
for example, one would need 10, 000 population samples to obtain 500 cases for
a phenotype with 5% prevalence. However, the definitions of D and U can be
easily modified if the number of cases and controls are fixed by design.

Based on F, a two-by-two contingency table can be formed by collapsing the
lower triangle cells in both cases and controls

O =

{
∑ D − (D(1,1) + D(1,2) + D(2,1) ∑ U − (U(1,1) + U(1,2) + U(2,1))

D(1,1) + D(1,2) + D(2,1 U(1,1) + U(1,2) + U(2,1)

}

In single SNP analysis, a two-by-three table can be formed,

O =





∑
3
i=1 D1,i ∑

3
i=1 U1,i

∑
3
i=1 D2,i ∑

3
i=1 U2,i

∑
3
i=1 D3,i ∑

3
i=1 U3,i





where O is an expected matrix of counts under the alternative hypothesis (not
confused with real observations). The Chi-square value is computed using
standard operations for contingency tables,

c = ∑
(O − E)2

E
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which follows the Chi-square distribution with 1 df for CDH test and 2 df for a
single SNP test. The expected P values from the CDH analysis of causal SNPs are
compared with those from the single SNP analysis under comparable parameters,
in which we set q = q1 = q2 for illustration purposes.

SNP sampling and trait simulation

Two physically close (< 200 kb) SNPs S1 with alleles a and A (frequency of A
1% to 5%) and S2 with alleles b and B (frequency of B 1% to 5%) were randomly
sampled 10, 000 times without replacement over the Illumina 550 K chip in the
Rotterdam Study (N individuals = 10, 213). The r2 values between SNPs a and
b are derived (Supplementary Figure 4.1). For each SNP pair, we simulated a
set of binary trait status at the fixed baseline prevalence of 5% under various
GRR ranging from 1 to 10, where GRRAA = GRRBB = GRRaAbB. The GRR = 1
represents the null hypothesis of no genetic association. The tagging SNP S3 with
alleles c and C is selected if it is in LD with S1 and the tagging SNP S4 with alleles
d and D is selected if it is in LD with S2 based on various r2 thresholds (ranging
from 0 to 1) without any constraint on MAF. The SNPs S1, S2, S3, and S4 were
tested for association with the simulated trait separately using a Chi-squared test
with 2 df. The CDH test was conducted for the collapsed genotypes between
SNPs S1 and S2 and between S3 and S4 using Chi-squared test with 1 df.

Compare CDH and WSS

Madsen et al. [29] have compared the performance of the CAST, CMC, and
WSS methods for testing associations involving rare variants and showed that
WSS was the most powerful under four genetic models: recessive-set, recessive,
additive and dominant. The recessive-set model is the same model as considered
in this study. We compared the power of CDH with WSS under recessive-set
model using simulations and focus on the scenarios whether or not causal SNPs
were directly observed. Under both scenarios, the proportion of causal SNPs
in a genomic region is variable and other parameters are fixed (GRR = 10, N
individuals = 10, 000, a = 0.05). WSS was implemented as described in [29] using
a permutation correction of k = 1000 as suggested. The CDH test was conducted
in a pair-wise manner and the minimal P value was Bonferroni corrected by the
total number of tests (n(n21)/2). The P-value threshold of 0.05 was used for
rejecting the null hypothesis of no association. A region spanning 200 kb was
randomly sampled 10, 000 times over the Illumina 550 K chip. For each sampling,
a binary trait was simulated by considering a portion of the low frequency
variants (MAF < 0.05) in the region to be causal under the recessive-set model.
Other parameters were fixed (α = 0.05, N = 10, 000, and GRR = 10 for carriers
of any homozygote or CH genotype of the causal variants). Four scenarios were
investigated where (1) all SNPs in the region were analyzed by CDH, (2) all SNPs
with MAF < 0.05 were analyzed by WSS, (3) all non-causal SNPs were analyzed
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by CDH, and (4) all non-causal variants with MAF < 0.05 were analyzed by
WSS.

We also compared WSS with CDH using empirical hair color data. The MC1R
region from 87.88 to 88.69 Mb on chromosome 16 encompassed 90 genotyped
SNPs with call rate > 95% and was selected for testing association with red hair
using CDH and WSS. The two additionally genotyped causal SNPs rs1805007

and rs1805008 were included in or excluded from the region, mimicking the
scenarios where causal variants are directly available or not. SNPs in this region
were cumulatively included into the WSS analysis according to their MAF in
ascending order. All SNPs in the MC1R region were analyzed by CDH in a
pair-wise manner, and the minimal P value was Bonferroni corrected by the total
number of tests (n = 4005).

GWA analysis

The GWA analysis was conducted using GenABEL [35] and followed closely
the methods previously described [34]. The inflation factor for red hair color
was 1.01. Adjusting for gender and the main principal components from the
multidimensional scaling analysis did not alter GWA results. Age was adjusted
at the stage of phenotype ascertainment (recalled hair color when young). Single
SNP analysis was performed using a score test (qtscore) in GenABEL with 2d f .
In order to check if CH, rather than double heterozyotes, may indeed explain the
identified association, we inferred haplotypes using the expectation maximization
algorithm implemented in R library haplo.stats [36]. All SNPs in this study were
annotated according to the NCBI genome-build version 36.3.

Results

The CH model

We consider a genetic model mimicking the situation where recessive and CH
genotypes of two low-frequent variants are responsible for the genetic association
with a binary phenotype (Figure 2.1). Consider two SNPs with common alleles
a and b and minor alleles A and B, which are causal and of low frequency
(1% < MAF < 5%). Each SNP is largely recessive when considered individually,
meaning homozygotes for any of the causal alleles (AA or BB) leads to an
increased genotypic relative risk (GRR) of expressed phenotype (Figure 2.1).
When two SNPs are considered jointly, not only the homozygote genotypes but
also the CH genotype (AaBb) leads to an increased GRR. Here the causal alleles
A and B are assumed to reside on different haplotypes as suggested previously [3,
4, 10, 11], meaning frequencies of the AABb, AaBB, and AABB genotypes are
close to zero. We examined this assumption empirically using the r2 value,
because a low r2 value would indicate A and B resided on different haplotypes.
Note D′, another frequently used LD measurement, is not necessarily low or high
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when A and B alleles reside on different haplotypes. A pair of two physically
close (< 200 kb) and low-frequent (1% < MAFs < 5%) SNPs was resampled (N
resampling = 10, 000) over the genome (Illumina 550 K chip) in the Rotterdam
Study (N individuals = 10, 213). The majority (56.3%) of SNP pairs showed very
low r2 (< 0.01, Supplementary Figure 4.1). For the SNP pairs with low r2, the
joint genotypes aaBB (on average 0.11%), AAbb (0.11%), and AaBb (0.25%) were
small and the frequencies of AABb, AaBB, and AABB were close to zero (Figure
2.1). The frequency of the AaBb genotype was on average 2.27 times higher than
that of the AAbb or aaBB genotypes. About 18% SNP pairs were in high LD
(r2

< 0.9, Supplementary Figure 4.1). Because the cross genotypes for two SNPs
in high LD provided little or no additional information than that provided by
either SNP alone (Supplementary Figure 4.2), our model focuses on the low r2

scenario. We developed a simple test, named the collapsed double heterozygote
(CDH) test, to detect the association caused by this particular genetic model.

CDH test of two causal SNPs

We first considered the scenario where two causal SNPs are directly genotyped,
which is notably unrealistic for SNP microarray data but may be the case in next
generation genome sequencing studies. The CDH test is based on the Chi-squared
test as defined below. We denote the two causal SNPs as S1 with alleles a and A
and S2 with alleles b and B. Let D and U be observed genotype counts in cases
and controls and both follow a 3-by-3 matrix form,





aabb aAbb AAbb

aabB aAbB AAbB

aaBBaABBAABB





The observed matrix of counts is collapsed as,

O =

{
∑ D − (D(1,1) + D(1,2) + D(2,1) ∑ U − (U(1,1) + U(1,2) + U(2,1))

D(1,1) + D(1,2) + D(2,1 U(1,1) + U(1,2) + U(2,1)

}

The Chi-square value is computed using standard operations for contingency
tables,

c = ∑
(O − E)2

E

which follows the Chi-square distribution with 1 df. Note that there is an essential
difference in the way that the genotypes are collapsed when tagging SNPs are
analyzed (see the subsection of tagging SNPs).

The expected P values from the CDH analysis of two causal SNPs and from the
single SNP analysis were mathematically derived as a function of total sample
size N, minor allele frequencies of causal SNPs q (q1 = q2 for simplicity), and
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Figure 2.1: A recessive and compound heterozygote model of the phenotype. At left
part of the figure (A and B) two rare recessive variants at the same gene locus
are assumed to be directly genotyped. At the right part of the figure (C and
D) two non-causal SNPs with higher minor allele frequencies and in LD with
the causal SNPs are genotyped. The upper part of the figure depicts the
logarithm scaled frequency of the cross genotypes of two variants (A and C).
The lower part of the figure is an example of the genetic model under illustrative
parameters. GRRAA = 8, GRRAaBb = 7, GRRBB = 6, r2

ac = r2
bd = 0.1 (B and

D).
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Table 2.3: Percentage of P values smaller than or equal to the test threshold for single

SNP analysis and collapsed genotype analysis of two causal variants.

GRR when the base line prevalence of the phenotype a is fixed at 5%. Under
the CH model the CDH analysis would be expected to give more significant P
values than single SNP analyses (Figure 2.2). For example, with N = 10, 000, and
0.02 < q < 0.05, the CDH analysis is expected to give genome-wide significant
P values (< 10−8) for detecting reasonably large effect sizes GRR > 3. With the
same sample size, it requires higher minor frequencies (q >= 0.05) and larger
effect sizes (GRR > 5.5) for the single SNP analyses to become genome-wide
significant. Note this CDH test gives less significant P values than single SNP
analysis for other genetic models where AaBb has no effect. For example, consider
2 independent recessive SNPs or single SNP effect (Supplementary Figure 4.3).
We then evaluated the type-1 error rate and the statistical power for CDH using
the real genotypes from the Rotterdam Study and simulated phenotypes (Table
2.3).

The type-1 error rates from CDH and the single SNP analysis, whether under
the additive or recessive models, were both consistent with the expected under
the null hypothesis of no association (≈ 5% P values smaller than 0.05). Under
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the alternative hypothesis (GRR > 1), the CDH test showed much higher power
than the single SNP analyses. For example, at GRR = 5, CDH had 52.5%
power whereas single SNP analysis had less than 1% power at the significance
threshold of 5 · 10−8 (Table 2.3). The gain in power using the collapsed genotypes
was overwhelming even when a much more stringent threshold of 5 · 10−10

was applied only for CDH (Table 2.3). This extra adjustment allows additional
multiple testing in real applications, such as genome-wide implementations based
on a sliding window approach or regional implementations based on a pair-wise
testing approach (see implementation subsection).

CDH test of two tagging SNPs

A more realistic scenario in GWAS based on SNP microarrays consisting of mainly
common variants is that only non-causal tagging SNPs were available. For this
scenario we considered two tagging SNPs, S3 with alleles c and C and S4 with
alleles d and D. The tagger S3 was selected if it was in LD with S1, and the
tagger S4 was selected if it was in LD with S2 based on various r2 thresholds
without constraints on MAF. For a given SNP with MAF < 5% on the Illumina
550 K chip, there was a good chance (on average 72.74%) of obtaining at least one
SNP with an r2

> 0.1 from its 100 neighboring SNPs. The chance of obtaining
at least one SNP with r2

> 0.5 was much lower (on average 25.26%). The joint
penetrance table for tagging SNPs showed a distinct interaction pattern differing
from those previously considered for unlinked loci [37]. An important empirical
finding was that only the off-diagonal cells in the cross-genotype table showed
any increased GRR, but the CCDd, CcDD, and CCDD carriers did not have an
increased GRR (Figure 2.1). This feature, which appeared to be an antagonistic
interaction, can be explained by the very low frequency of the AB haplotypes
(also see the subsection of the hair color analysis). This indicates the CDH test
is preferred for analysis of the tagging SNPs but the CCDd, CcDD, and CCDD
genotypes should be collapsed together with wildtypes. Again, let D and U be
observed genotype counts in cases and controls,

O =

{
D(1,3) + D(2,2) + D(3,1 U(1,3) + U(2,2) + U(3,1)

∑ D − (D(1,3) + D(2,2) + D(3,1) ∑ U − (U(1,3) + U(2,2) + U(3,1))

}

In practice this form can also be used in causal SNP analysis because AABB,
AAbB, and aABB are negligible. Since it was difficult to mathematically derive
the expected P values for the CDH test of tagging SNPs, we evaluated type-1
error and power based on simulations. The type-1 error rate for CDH test was
consistent with the expected under the null hypothesis of no association (< 5%
nominal P values smaller than 0.05 and 0% smaller than 5 · 10−8). Under a fixed
effect size of the causal SNPs, the most important parameter for power was the r2

between the causal and tagging SNPs. The product of r2
ac and r2

bd showed a high
correlation with the test statistics of CDH (Figure 2.3). As long as r2

ac · r2
bd > 0.1,
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Figure 2.2: The expected P values for the CDH test. The − log10(P) values for two causal
SNPs (on the left part of the figure, A and B) and for the single SNP chi-
squared test (on the right part, C and D) are derived as a function of the
genotype relative risk (GRRAA = GRRBB = GRRAaBb ranging from 1 to 10),
the minor allele frequencies (q = q1 = q2 ranging from 0.01 to 0.05 when N is
fixed at 10, 000; A and C), and the total sample size N (ranging from 6, 000 to
10, 000 when q is fixed at 0.05; B and D). The base line prevalence of a binary
phenotype is fixed at 5% in all analyses.
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the CDH test showed a power considerably higher than single SNP association
(Figure 2.3). In particular, when r2

ac · r2
bd > 0.5 the CDH had 27% to 91% power to

detect a reasonably large effect size (GRR >= 5) at the genome-wide significance
level (P < 5 · 10−5) whereas the single SNP analysis only had poor power (< 10%,
Figure 2.3). When r2

ac · r2
bd approached 1, the collapsed tagging SNPs became

identical to the collapsed causal SNPs and the power of CDH reached that of
the causal SNPs listed in Table 2.3. Finally, a higher power was achieved more
often when MAFs of S3 and S4 were close to that of S1 and S2 as expected from
the relationship between r2 and MAFs. We further compared power of CDH
with WSS through simulations. In general, the power of WSS increased when
the portion of causal variants included was increased whereas CDH was much
less influenced by this parameter and outperformed WSS under all scenarios
investigated (Figure 2.4). The most interesting scenario is when the portion of
causal variants was low (< 0.1) and the causal variants were not directly observed.
Under this scenario the CDH (power 0.41) clearly outperformed WSS (power
0.10).

Software implementation

We implemented the CDH test in the software R package GenABEL [35, 38] and
the core computation was implemented using external C/C++ code. The function
was based on a sliding window approach and performs the CDH test for every
SNP over the genome with the following n SNPs, which can be specified by the
user. The n SNPs are not necessarily in or outside of known genes. The minimal
P value from each slide is addressed to the first SNP of this slide and Bonferroni
corrected for n tests. The Pearson’s chisquared or the Fisher’s exact test is used
depending on the number of individuals in the smallest cell. The total number of
tests is N · n − n(n − 1)/2 , where N is the total number of SNPs on the genome,
so for a given chip, the computational time is approximately linear to n. For
example, with a dual core processor at 2.5 GHz, screening for 500 K SNPs in
10, 000 individuals could be completed in about 7 hours for n = 100 and 14 hours
for n = 200. This implementation is also practically applicable to imputed data
sets and screening for 2 million SNPs could be completed in about 28 hours for
n = 100 and 56 hours for n = 200. The effect of window size is relatively small
as long as the SNPs cover ≈ 400 kb region. A window consisting of 100 SNPs is
on the safe side for screening chips with 500 − 600 K SNPs.

A GWAS of red hair

We used the red hair color phenotype as the proof of principle to verify the
concept that the use of collapsed genotypes is more capable of detecting the
presence of multiple recessive variants at the same gene locus than traditional
GWA analysis. A genomewide CDH analysis on red-hair color was conducted
in 7732 participants (N red hair = 241) of the Rotterdam Study using a window
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Figure 2.3: The power of CDH and single SNP analysis. Proportion of P values ≤
5 · 10−8 from the CDH analysis (green dots) and the single SNP Cochran-
Armitage test of two tagging SNPs c (red dots) and d (blue dots). Four SNPs
were re-sampled 10, 000 times from the Illumina 550 K chip. SNPs a and b

were physically close (< 200 kb) and had low MAFs (< 5%). SNP c was in LD
with a and SNP d was in LD with b. The genotypic relative risk was simulated
according to the genotypes of a and b under the recessive and compound
heterozygote model, where GRRAA = GRRBB = GRRAaBb. The base-line
prevalence of a binary phenotype was fixed at 5%. A, when r2

ac · r2
bd ≤ 0.1;

B, when 0.1 < r2
ac · r2

bd ≤ 0.5; C, when 0.5 < r2
ac ≤ r2

bd ≤ 0.9, and D, when
r2

ac · r2
bd > 0.9.
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Figure 2.4: The power of CDH and WSS. The power of CDH and weighted sum statistic
(WSS) [29] was plotted against the portion of causal variants in the sampled
region. A region spanning 200 kb was randomly sampled 10, 000 times over
the Illumina 550 K chip without replacement. For each sampling, a binary trait
was simulated by considering a portion of the rare variants in the region to be
causal under the recessive-set model described in [29]. Other parameters were
fixed (α = 0.05, n = 10, 000, and GRR = 10 for carriers of any homozygote
or CH genotype of the causal variants). Four sets of P values were derived
when (1) all SNPs in the region were analyzed by CDH (blue), (2) all SNPs
with MAF < 0.05 were analyzed by WSS (red), (3) all non-causal SNPs were
analyzed by CDH (green), and (4) all non-causal variants with MAF < 0.05
were analyzed by WSS (purple). The power was defined as the portion of P
values smaller than or equal to 5 · 10−8.
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Table 2.4: Frequency of red hair phenotype as a function of genotype of two non-causal

SNPs tagging the causal variants at the MC1R gene locus.

size of 100 SNPs (Supplementary Figure 4.4). At chromosome 16, the 87.88 to
88.69 Mb region containing the MC1R gene, the association signals from the CDH
analyses were uniformly higher than those from single SNP analyses (Figure 2.5).

The most significant P value from CDH after the Bonferroni correction of
the window size (P = 3.11 · 10−142 between SNPs rs258322 and rs8058895) was
markedly more significant than seen with the single SNP association test (P for
rs258322 = 1.33 · 10−66). On the other hand, there was no inflation of significant
results when the hair color phenotype was randomly shuffled 100 times. Besides
MC1R, no other region showed genome-wide significant evidence where multiple
recessive variants were involved (Supplementary Figure 4.4). To further illustrate
the underlying mechanism that CCDd, CcDD, and CCDD carriers did not appear
to increase GRR, which might be counterintuitive, we additionally genotyped
two important causal SNPs for red hair [24], rs1805007 (R151C) and rs1805008

(R160W), which were not available on the original chip, in the Rotterdam Study
population. Figure 2.6 shows diplotypes consisting of these two causal SNPs
and two other tagging SNPs for MC1R (Figure 2.6). The causal alleles A and
B represent rs1805007_T and rs1805008_T, and the tagging alleles C and D for
rs2011877_C and rs2302898_T. These two tagging SNPs were selected to not be
in very high LD with any causal SNPs for illustration purposes (r2

ab = 0.007,
r2

ac = 0.147, r2
bd = 0.216). The CCDd genotype is represented by diplotypes 6

and 13, CcDD by 8 and 14, and CCDD only by 15. This example empirically
demonstrated the A − B haplotype at MC1R was absent in 7732 individuals.
It also explained the unique "antagonistic" interaction expressed in the joint
penetrance table of the two tagging SNPs (Table 2.4) where only the offdiagonal
cells showed any increased prevalence of red hair.

The CDH test of causal SNPs rs1805007 and rs1805008 resulted in a more
significant P value (P = 4.9 · 10−192) than testing them separately (P for rs1805007

= 3.2 · 10−139, P for rs1805008 = 3.4 · 10−50). The CDH test of only tagging
SNPs rs2011877 and rs2302898 also resulted in a more significant P value (P =
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Figure 2.5: Association between SNPs at MC1R and the red hair color in the Rotterdam

Study. The − log10(P) values for association with red hair color were plotted
for each genotyped SNP according to its chromosomal position (blue dots)
and for the CDH test in each sliding window consisting of 100 SNPs (green
dots represent the left-most SNP). The LD patterns in the Rotterdam Study
population and in the HapMap CEU samples (release 27) and the known genes
in the region were aligned bellow according to the physical position of the SNPs
(genome-build version 36.3). The orange bar indicates the physical position
of the MC1R gene. The yellow bar indicates the region between two SNPs
based on which the most significant P value of the CDH test was obtained (the
left-most SNP rs258322 and the right-most SNP rs8058895).
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Figure 2.6: Frequency of diplotypes and the prevalence of red hair in the Rotterdam

Study. The causal SNP a is rs1805007 and b is rs1805008. The tagging SNP c

is rs2011877 and d is rs2302898. Causal alleles A and B are indicated in red
color. Common alleles are indicated in green background and minor alleles are
indicated in orange background.
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5.9 · 10−32) than testing them separately (P for rs2011877 = 6.8 · 10−7, P for
rs2302898 = 8.9 · 10−12), confirming a power gain when multiple homozygotes
and compound heterozygotes can explain the association. After significant
results are obtained for the CDH test of the tagging SNPs, one can further
test explicitly that CH genotypes in a collapsed set does have a different effect
than the DH genotypes. This test requires diplotype information, which can
be inferred statistically. In this example, we compared the red and non-red
frequencies in carriers of diplotype 3 against that observed among carriers of
diplotypes 7, 12, and 16 (Figure 2.6). The P value derived from this test was
also highly significant (P = 3.9 · 10−9), pinpointing that CH, but not DH, could
account for the identified association. Such analysis can be implemented at the
genomewide scale if the whole genome is phased. Finally, diplotypes 9, 11 and
12 seem to have intermediate prevalence compared to the recessive homozygotes
or CHs. It is known that multiple causal LOF variants exist in MC1R and the
two genotyped are the most common of these. Thus, the increased prevalence
of diplotypes 9, 11 and 12 can be explained by the CH state of one of these 2
variants with another non-genotyped causal variant in MC1R. This also explains
that an additive model (Armitage trend test) does not necessarily perform worse
than an explicit recessive model in single SNP analysis when more than 2 causal
recessive variants exist. Finally, we compared results of CDH with WSS analysis
of MC1R region (Supplementary Figure 4.5). Using the original chip without
causal SNPs rs1805007 and rs1805008, the minimal P value of 1.0 · 10−11 was
obtained for WSS when 7 SNPs with MAF < 0.07 were included in the analysis,
which is less significant than the P value from the CDH analysis of all SNP pairs
in the MC1R region (Bonferroni corrected P = 7.6 · 10−142). Assuming the two
causal SNPs rs1805007 and rs1805008 were available on the chip, the minimal
P value (P = 2.5 · 10−19) was obtained for WSS when 14 SNPs with MAF < 0.1
were included, which was also less significant than the P value obtained from
the CDH analysis of all SNPs including the causal ones (Bonferroni corrected
P = 1.6 · 10−190).

Discussion

We demonstrated theoretically and empirically by simulations that using the
collapsed genotypes in GWA analysis is more powerful than single SNP analysis
and the WSS method in detecting the presence of multiple LOF variants at a
particular gene locus. In a genome scan of the red hair color phenotype this
CDH analysis resulted in considerably more significant association signals than
single SNP analysis at MC1R. Besides MC1R, no other region of CH association
with red hair was identified. By additional genotyping of two causal SNPs in
MC1R we confirmed a recessive mechanism underlying this gain in statistical
power. The generalizablity of CDH mainly depends on the effect sizes and
frequencies of causal alleles. We expect CDH is generalizable to some of the
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known examples, such as HFE and hemochromatosis, where both the allele
effect sizes and frequencies are comparable to MC1R alleles. Further, through
simulations we showed our method is capable to find LOF alleles with smaller
effect sizes (GRR > 3) but not with frequencies lower than 1%. It should therefore
be emphasized this approach still requires causal alleles to be at some appreciable
frequency (< 1%) to be effectively tested and probably not useful for exceptionally
rare variants.

Here we focused on a recessive and CH model that addresses, but not restricted
to, the SNP interactions caused by LOF variants. This type of SNP interaction
is only a subtype of CH-like interactions, e.g. multiple gain function SNPs may
well follow the CH model. However, a number of different models exist in theory,
in which combinations of different variants influence a particular phenotype. A
more "omnibus" hypothesis-testing model may work reasonably well in multiple
or most settings. Still, we believe the proposed CH model is valuable. First, it
has been suggested that LOF variants are surprisingly common [4, 5] and they
may account for a substantial portion of missing heritability [1, 3]. Second, the
recessive model is most likely the true model underlying a significant portion of
the causal variants undetected by the GWAS conducted to date. In conventional
single SNP analysis, the required sample size to detect a recessive allele is a
quadratic function of its frequency, which is much larger than the required
sample size to detect a dominant or additive allele of the same effect size. This is
regardless of the number of causal variants involved at any gene for single SNP
analysis. Thus, we expect an essential portion of the currently undetected alleles
to be recessive. Third, the magnitude of the power gain of this proposed model
is overwhelming for detecting CH-like interactions, in particular for tagging SNP
analysis. The more significant P value from the CDH test is clearly driven by
the CH carriers. As also shown in the method subsection, when q1 = q2 the
frequency of CH carriers is 4 times higher than homozygote carriers of single
SNP, serving as the driving source of the statistical significance. Finally, CDH is
computationally simple and practically applicable to large-scale data sets.

It has been repeatedly suggested [28, 29, 39, 40] that rare causal variants are
likely to reside on different haplotypes. Under this scenario, the r2 between
two variants is small and the frequency of the AB haplotype is close to zero.
Thus, the AABb, AaBB, and AABB genotype carriers are either unobservable or
negligible in practice and the forming of a collapsed marker by collapsing the
AAbb, aaBB, AaBb genotypes has been described in length previously [39, 40].
What has not been so clear is the scenario when tagging SNPs with higher minor
allele frequencies are in LD with the rare causal ones, given that the frequency of
the CD haplotype is not close to zero. Through simulations and the empirical
hair color data we showed that the CD haplotype carriers usually do not have
an increased GRR. By grouping the CcDD, CCDd, and CCDD genotype carriers
together with the wild-type carriers, which is the creative element of this paper,
we have shown that the tagging SNPs are capable of revealing significant signals.
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More importantly, iterative analysis of two tagging SNPs based on a sliding
window approach is useful in genome-wide implementations. The proposed
models involve only two LOF SNPs in weak LD, but of course one could envision
situations in which CH effects could arise due to heterozygosity at a number of
different but physically close loci, such as the MC1R gene exemplified here or the
well-known HLA region. In such cases, iteratively analyzing two of the variants
has an advantage over the collection-based methods [27, 28, 29] because power
is not compromised by the number of unassociated SNPs included. Although
the downside of this method is the additional multiple testing depending on the
window size, which must be sufficiently large to cover all SNPs potentially in LD,
the power gain is clearly overwhelming. For example, consider the bottom line if
the whole genome is tested pair-wise in the genome-scan of red hair color, the
CDH test of tagging SNPs would still result in a much more significant P value
(10−42 · 1012 = 10−130) than single SNP analysis (10−66) at MC1R. On the other
hand, for collection-based methods [27, 28, 29], power approaches zero when
more and more SNPs are included.

The use of the collapsed genotypes based on tagging or causal SNPs is con-
ceptually distinguished. The interpretation of results may be straightforward
when the causal variants are directly available as expected from full genome
sequencing data. However, when they are not available and only the tagging
SNPs are analyzed, i.e. based on the currently available genotyping chips, the
key parameter determining the power is the strength of LD in term of r2 between
the underlying causal SNPs and tagging SNPs. In particular, when r2

ac · r2
bd > 0.5

the CDH provides good to excellent power to detect a reasonably large effect
size in a population based sample. A critical concern here is the portion of
rare variants that are well tagged on the existing genome-wide panels. About
20% of low frequency and physically close SNP pairs from the Illumina 550 k
chip have r2

> 0.9 (Supplementary Figure 4.1), and about 25% have r2
> 0.5.

These estimates are in line with a recent report showing panels consisting of
300 − 550 K SNPs capture only a small proportion of the rare nonsynonymous
SNPs (10 − 27% tagged by r2.0.5) in Europeans [41]. Thus, the portion of rare
SNPs tagged by current chips is far from desirable for CDH analysis, except for
some candidate traits, such as exemplified here for red hair. Reference panels
such as the International HapMap Project [42] (http://snp.cshl.org/) and the
1000 Genome Project [43] have already covered up to 7.7 million newly identified
rare variants in multiple human populations. The recent progress in the imputa-
tion techniques has improved the accuracy of imputing these rare variants [44].
However, in general, the imputation error rate increases as the minor allele fre-
quency decreases across all imputation panels and genotyping chips [45]. On the
other hand, using CDH to analyze the denser chips can be safely recommended
for screening LOF variants, as in the Illumina 1 M chip, where the density of rare
SNPs is already higher than the common ones [39], although full genome sequen-
cing data would be ideal. Finally, regional diplotype analysis is recommended
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after promising regions are identified with our method. Such promising regions
may be followed up by the case selection approach Wang and colleagues have
proposed for deep-sequencing [40].

The chi-square statistics used here for analyzing binary traits is simple, and
readily extended to general linear models for analyzing quantitative traits with or
without covariates. Rather than emphasizing the advances in modern statistics,
we underline the known genetic interaction between two or more LOF variants at
the same gene: both homozygotes and the CH genotypes result in an increased
prevalence of phenotype, and taking this into consideration increases the power
in detecting them. The presence of such variants may be common and should be
considered in routine analysis in genome scans, particularly for extreme pheno-
type designs. Our approach is useful in finding these variants in GWAS carried
out with chips of ultra-high density, as well as future full genome sequencing
studies.
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background: Presence of interaction between a genotype and certain
factor in determination of a trait’s value, it is expected that the trait’s variance
is increased in the group of subjects having this genotype. Thus, test of hetero-
geneity of variances can be used as a test to screen for potentially interacting
single-nucleotide polymorphisms (SNPs). In this work, we evaluated statist-
ical properties of variance heterogeneity analysis in respect to the detection of
potentially interacting SNPs in a case when an interaction variable is unknown.
results : Through simulations, we investigated type I error for Bartlett’s test,
Bartlett’s test with prior rank transformation of a trait to normality, and Levene’s
test for different genetic models. Additionally, we derived an analytical expression
for power estimation. We showed that Bartlett’s test has acceptable type I error
in the case of trait following a normal distribution, whereas Levene’s test kept
nominal Type I error under all scenarios investigated. For the power of variance
homogeneity test, we showed (as opposed to the power of direct test which uses
information about known interacting factor) that, given the same interaction
effect, the power can vary widely depending on the non-estimable direct effect of
the unobserved interacting variable. Thus, for a given interaction effect, only very
wide limits of power of the variance homogeneity test can be estimated. Also
we applied Levene’s approach to test genome-wide homogeneity of variances
of the C-reactive protein in the Rotterdam Study population (n = 5959). In this
analysis, we replicate previous results of Paré and colleagues (2010) for the SNP
rs12753193 (n = 21, 799).
conclusions : Screening for differences in variances among genotypes of
a SNP is a promising approach as a number of biologically interesting models
may lead to the heterogeneity of variances. However, it should be kept in mind
that the absence of variance heterogeneity for a SNP can not be interpreted as the
absence of involvement of the SNP in the interaction network.

Abstract



Background

Genome-wide association (GWA) study has become the tool of choice for the
identification of loci associated with complex traits. In GWA analysis, the as-
sociation between a trait of interest and genetic variation is studied by using
thousands of subjects typed for hundreds of thousands of polymorphisms. Thus
several hundred loci for dozens of complex human disease and quantitative traits
have been discovered utilizing this method [1].

However, it has become clear that for most complex traits, loci discovered using
GWA studies currently explain a small portion of total trait’s heritability and are
not likely to explain all of the heritability of the trait even with additional new loci
discovered using progressively larger sample sizes [2, 3]. A number of strategies
that may help discovering the sources of this ”missing heritability” have been
suggested [4]. In particular, it was suggested that exploring more complex genetic
models, such as these accounting for gene-gene (epistatic) and gene-environment
interactions is a promising approach. In the context of genetics, interactions refer
to a phenomenon when the effect of an allele at a particular locus changes given
the value of another (interacting) factor, which may be another allele at the same
locus (e.g. dominance inter-locus interactions), or alleles at other loci (epistasis)
or some other factor (end- or exogenous environment).

However detection of epistatic and gene-environment interactions is a challen-
ging task. In GWA scans, millions of SNPs are typed and imputed [5]. Compared
to standard analysis of marginal effects, a direct search for pairs of interacting
loci roughly squares the number of tests to be performed making this task both
computationally and methodologically difficult. A search for gene-environment
interaction, unless there are a priory evidence that particular environmental factor
is highly likely to interact with genotype, involves search of the interacting en-
vironmental factor throughout the environmental and phenomic space, again,
increasing the number of tests to be performed, and leading to computational
and methodological challenge.

If a method allowing detection of SNPs potentially involved in interaction
networks based on the SNP and trait information (but not the information about
the interacting factor(s)) existed, that would provide a substantial advancement
to the field. Indeed, if such method existed, we could first screen potentially
interacting SNPs using such method, and then restrict the search for the other
interacting factor (genetic or environmental) to these SNPs only, dramatically
decreasing the search space.

It has been suggested that analysis of equality and heterogeneity of variances
of the trait between different genotypes may become such a tool [6]. If a particular
genotype is interacting with some (yet unknown) factor, it could modify the
marginal mean (computed from the model not including the interactor) of a trait
of subjects having this genotype, and it will also increase the marginal variance
of the trait: in effect the distribution of the trait in the group of subjects with
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Figure 2.7: Distribution of hypothetical trait with expectation determined by genotype

and its interaction with a binary trait. A, B, C: distribution of the trait for
genotypes AA, AB, BB, correspondingly in a case when the interacting factor
is present. D, E, F: distribution of the trait for genotypes AA, AB, BB, corres-
pondingly in a case when the factor is absent. G, H, I: distribution of the trait
for genotypes AA, AB, BB, correspondingly in a case when factor is unknown.
In this case the distributions present mixtures of upper two ones.

interacting genotype will be described by a mixture of distributions with different
means, leading to increased variance of the trait within this group.

Figure 2.7 shows the distribution of a hypothetical trait in a case of a binary
factor interacting with a SNP. The upper three plots show distribution of the trait
for each genotype in case of presence of the factor. Three plots in the middle show
distribution of the trait for each genotype in case of absence of the factor. The
lower three plots show distribution of the trait for each genotype in case when
the factor is unknown and distinguishing of subjects by the factor is impossible.
Theses three plots are the mixture of the distributions from upper plots for each
genotypes correspondingly.

In this work, we assume an underlying model, in which the trait is generated
based on knowledge of the SNP genotype and the interacting factor, and using
fixed assumed model parameters. The analysis of variances of the trait is based
on SNP information only, as the interacting factor is assumed to be unknown in
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such analysis aimed to identify potentially interacting SNPs without knowledge
of an interacting variable. Using this defined framework we first evaluate type
I error of different variance heterogeneity tests using simulated data. Second,
assuming known interaction model involving SNP and an interacting factor,
we relate the power of the variance heterogeneity test to the parameters of the
underlying model.

Underlying model of the trait

We assumed the following linear model:

yi ∼ µ + βggi + βFFi + βgF · giFi + ǫi, (2.11)

where yi is a value of the trait for ith individual, µ is intercept, βg is effect of a
SNP, βF is effect of an interacting factor, βgF is effect of interaction between the
SNP and the factor, gi ∼ B(ng, PB) is a SNP, which is assumed to be binomialy
distributed with ng = 2 (number of alleles in the genotype) and PB ∈ [0; 1]
(frequency of the interacting B allele). Below the notation AA, AB and BB is
used for indicating a genotype having zero, one and two interacting alleles B
correspondingly. Fi ∼ N(µF, σ2

F) is a factor, which is assumed to be normally
distributed with mean µF and variance σ2

F. ǫi is residual random error. Since
many traits regularly are not normally distributed we studied seven types of
distribution of ǫi: normal distribution, t-distribution (with d f = 2, 5, 10) and
χ2 distributions (with d f = 1, 5, 15). ǫi was standardized to have zero mean
and variance of one. We assumed that the distributions of gi, Fi, and ǫi are
independent.

Without loss of generality we can assume that µ = µF = 0, and σ2
F = 1.

Homogeneity of variance tests

Bartlett’s test is defined as:

T2 =
(N − k)ln(σ2

p)− ∑
k−1
j=0 (nj − 1)ln(σ2

j )

1 + 1
3(k−1)

(
∑

k−1
j=0 (

1
nj−1 − 1

N−k )
) , (2.12)

where k is the number of genotypes tested, nj is the sample size of the jth

group (j possess the integer values from zero to k − 1), N = ∑
k−1
j=0 nj is the total

sample size, σ2
j = 1

nj
∑

N
i=1(yi − ȳj)

2 Igi=j is variance of the j-th group, where Ia=b

is an indicator variable taking value one if a = b and zero otherwise. yi is a value
of the trait for ith individual, gi is a SNP of ith individual, ȳj =

1
nj

∑
N
i=1 yi Igi=j

is mean value of the trait for group j, σ2
p = 1

N−k ∑
k−1
j=0 (nj − 1)σ2

j . Under a null

hypothesis of variance homogeneity, the value of the test, T2, is distributed as
χ2

d f=(k−1).
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Bartlett’s test with prior rank-transformation to normality was done by apply-
ing Bartlett’s test to a transformed trait. Rank-transformation to normality is
transformation (in absence of ties) that leaves the same ranks but distribution
becomes perfectly normal.

Levene’s (Brown-Forsythe) test is defined as:

T2 =
(N − k)∑

k−1
j=0 nj(Zj· − Z··)2

(k − 1)∑
N
i=1
(
Zi − Zgi ·

) , (2.13)

where Zi = |yi − ỹgi
|, ỹgi

is median value of the trait for genotype gi, Zj· =
1
nj

∑
N
i=1 Zi Igi=j, Z·· =

1
N ∑

N
i=1 Zi.

Under a null hypothesis of variance homogeneity, the value of the test, T2, is
distributed as F with d f1 = (k − 1) and d f2 = (N − k) degrees of freedom. In
our case, where N = 10000, T2 is excellently approximated with χ2

d f=(k−1).
The number of genotypes is at the most three, which corresponds to genotypes

AA, AB and BB. Thus, the variance homogeneity test results to a test with two
degrees of freedom. We also considered three tests with one degree of freedom
that test variance of a particular genotype against two others ( AA vs. AB and
BB, AB vs. AA and BB, and BB vs. AA and AB). For those tests we reduced
trait’s distribution of each genotypes to zero mean.

Simulations

To study Type I error, simulations were performed. Effects of a factor and an
interaction term were set to zero (βF = βgF = 0). Interacting allele frequencies
studied were set to 5%, 10%, 25%, and 50%. For each fixed allelic frequency, we
set the effect of SNP, βg in order to explain 0%, 1%, and 5% of the total variance
of the trait. Denoting this proportion as r2, the corresponding SNP effect was
computed as

βg =

√
r2σ2

ǫ

(1 − r2)2PB(1 − PB)
, (2.14)

where σ2
ǫ is variance of a residual error which was assumed to be one. Thus, for

each from one and two degrees of freedom tests eighty four models were studied.
For each model point we simulated data for 10, 000 individuals, and simulations
were repeated 10, 000 times.

Under the alternative hypothesis, assuming normally distributed residual error,
we have developed an analytical expression for NCP (see subsubsection Power

in subsection Results).To check correctness of our analytical solutions, we have
studied several points from the model space by simulations. The parameters
studied were allele frequency PB = {0.05, 0.5}, SNP effect βg = {0, 0.3}, and
effect of factor βF = {0, 1}.
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Power of direct test for interactions

The difference in power between direct method and variance homogeneity tests
were also studied. Direct test was defined as regression analysis when all vari-
ables, including the interacting factor, are known and relationships between
dependent and independent variables are estimated.

Power is a function of non-centrality parameter. Analytical expression for
non-centrality parameter (NCP) of test statistics to detect effect of interaction βgF

by direct test is

NCP = β2
gF

1
σ2

ǫ

N

(
σ2

gF −
cov2(F, g · F)

σ2
F

)
, (2.15)

where σ2
gF = 2PB(1 + PB)σ

2
F, cov(F, g · F) = 2PBσ2

F, is covariance between F and
g · F.

Results

Type I error

Figure 2.8 shows type I error rate obtained in our simulation study for different
variance homogeneity tests. Type I error corresponds to the threshold α = 5% and
interacting allele frequency 10%. Plot A shows the results for the model without
SNP effect, whereas plot B represents results for the model with SNP effect
explaining 5% of the total trait’s variance. Each column presents one distribution
of residual error, each group of columns represents one variance homogeneity
test. For both figures, the interacting allele frequency PB = 10%.

From Figure 2.8, one can see that type I error of Bartlett’s test grows with
increase of asymmetry as well as with heavier tails of distribution.

Bartlett’s test with prior rank transformation to normality has acceptable type I
error 5% only in case of SNP effect absence. Only type I error of Levene’s test
does not show dependence on model parameters.

In case of SNP effect presence, rank transformation to normality of a trait which
follows a non-normal distribution results to perfectly normally distributed trait
whereas distribution of a trait for each genotype becomes distorted. Figure S4.6
shows distribution of a trait for each genotype before and after transformation in
case of SNP effect presence, explaining 5% of total variance.

Results for type I error for other frequencies of interacting allele are similar to
those shown in Figure 2.8. Additional file 2, Table S1, S2, and S3 present type I
error in case there is SNP effect explaining correspondingly 0%, 1%, 5% of total
traits’s variance. Each of these tables present result for different interacting allele
frequency PB = 5%, 10%, 25%, and 50%

Results for type I error for one degree of freedom tests are presented in the
tables of Additional file 3, Additional file 4, and Additional file 5. The notable
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Figure 2.8: Type I error at the threshold corresponding to α = 5% for interacting allele

frequency 10%. A: SNP effect is absent, B: SNP effect explains 5% of total

trait’s variance.

difference from two degrees of freedom test is that even in absence of SNP effect
Bartlett’s test with prior rank transformation of a trait has increased type I error.

Power

We have derived an expression for dependence of trait’s variances on model
parameters for each genotype of a SNP.

σ2
AA = β2

Fσ2
F + σ2

ǫ

σ2
AB = σ2

AA + β2
gFσ2

F + 2βgFβFσ2
F

σ2
BB = σ2

AA + 4β2
gFσ2

F + 4βgFβFσ2
F,

where σ2
AA, σ2

AB and σ2
BB are variances of trait’s distribution in each group of

subjects having corresponding genotype.
These expressions can be substituted to expression (2.12) to obtain expected

NCP. These formulas were validated by simulations and results are shown in
Additional file 1, Figure S2. The power to detect βgF by direct test does not
depend on effect of factor (F) as opposed to the homogeneity test. Figure 3 shows
dependence of non-centrality parameter of variance homogeneity test on effect
of factor for different frequencies of interacting allele PB = {0.05, 0.4, 0.6, 0.95}
and different effects of interaction: the top curve on each plot shows results for
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interaction effect equals βgF = 1, the middle curve is for βgF = 0.5, and the
bottom curve is for βgF = 0.1.

Figure 2.9: Dependence of non-centrality parameter of variance homogeneity test on

main effect of a factor. The top curve on each plot shows results for interaction
effect βgF = 1, the middle curve is for βgF = 0.5, and the bottom curve is for
βgF = 0.1. Each subplot shows different frequency of interacting allele. (A –
0.05, B – 0.4, C – 0.6, D – 0.95).

One can see that non-centrality parameter grows with increasing of interaction
effect and minor allele frequency. The dependence is not monotonic and there
are certain optimal effects of the factor β

opt
F , where the power to detect variance

heterogeneity is maximum and minimum.
The plots for such dependence but for one degree of freedom tests are similar.

They are shown in Additional file 1, Figures S3, S4 and S5.
It is of interest to note that NCP curves at complementary PB (say 0.05 and

0.95) may look like mirror images at first glance: however, this symmetry is
not complete. Asymmetry between plots for complementary frequencies can
be explained by taking into account that heterogeneity of variances for a case
P2

B << 2PB(1 − PB), when genotype BB can be neglected, is determined mostly
by:

σ2
AB − σ2

AA

σ2
AA

=
β2

gF + 2βgFβF

β2
F +

σ2
ǫ

σ2
F
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Table 2.5: Power of variance homogeneity test under optimal effect of factor when power
of direct test is 80%. Each column presents allele frequency of interacting allele,
each row presents threshold α.

5 % 40 % 60 % 95%

0.05 0.414 0.409 0.409 0.414

0.01 0.342 0.334 0.334 0.342

5 · 10−8 0.125 0.107 0.107 0.125

whereas in an opposite case, when genotype AA is neglected, heterogeneity of
variances is determined by

σ2
BB − σ2

AB

σ2
AB

=
3β2

gF + 2βgFβF

β2
gF + 2βgFβF + β2

F +
σ2

ǫ

σ2
F

.

The optimal effect of factor in the first case is given by

β
opt
F,AAvsAB =

−βgF ±

√
β2

gF + 4 σ2
ǫ

σ2
F

2
. (2.16)

Similarly, in second case,

β
opt
F,ABvsBB =

−3βgF ±

√
β2

gF + 4 σ2
ǫ

σ2
F

2
. (2.17)

Figure 2.10 shows analytical curves of dependence of power to detect interaction
on effect of interaction for direct and variance homogeneity tests. Light curves
present power of direct test, darker curve – upper limit of power of variance
homogeneity test.

Such a dependence but for threshold corresponding to α = 5 · 10−8 and α = 0.01
is shown in Additional file 1, Figure S6.

The table 2.5 presents power of variance homogeneity test under optimal effect
of factor when power of direct test is 80%. Each column presents allele frequency
of interacting allele (0.05, 0.4, 0.6, 0.95), and each row presents threshold α (0.05,
0.01, 5 · 10−8).
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Figure 2.10: Dependence of power to detect interaction (left plot) with threshold cor-

responding to α = 0.05 and non-centrality parameter (right plot) on effect

of interaction. Thin curve on each subplot corresponds to direct test, bold
curve corresponds to upper limit of variance homogeneity test. Each subplot
corresponds to different frequency of interacting allele (A – 0.05, B – 0.4, C –
0.6, D – 0.95).

Performance of proposed method on real data

In order to measure the performance of the proposed method using clinical
data, we applied Levene’s variance homogeneity test on genome wide data for
C-reactive protein (CRP), an inflammatory marker in the Rotterdam Study.

The Rotterdam Study (RS) [7] is a prospective cohort study that started in 1990
in Ommoord, a suburb of Rotterdam, and consists of 10, 994 men and women
aged 55 and over. The main objectives of the Rotterdam Study are to investigate
prevalence, incidence and risk factors for cardiovascular, neurological, locomotor,
and ophthalmologic diseases in the elderly. In the Rotterdam Study, genome-wide
SNP genotyping was performed using Infinium II assay on the HumanHap550

Genotyping BeadChips (Illumina Inc., San Diego, CA, USA). In the present work,
we used 5959 participants for whom genome wide and CRP data were available.
Prior of applying the variance homogeneity test logarithmic transformation of
CRP was performed. Genotypes from the selected SNP were tested separately.
Additional file 1, Figure S7 shows genome-wide log(P − value) plot and Q-Q
plots respectively. Results show that no SNPs reached genome-wide significance
level. The lowest P − value = 4.77 · 10−06 corresponded to SNP rs2399332 which
is located on chromosome 3.

In the work of Guillaume Paré et al [6] Levene’s test was applied to study
CRP on a sample size of 21, 799 women, and results showed a significant SNP
rs12753193 located on chromosome 1 showed the lowest P − value = 1.6 · 10−29.
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We tested the same SNP in Rotterdam Study and found a P − value of 0.011, with
minor allele frequency of 0.385 for the risk-allele ”G”. The trait variances (and
sample size) for genotypes AA (n = 2098), AG (n = 2643), and GG (n = 808)
were 1.04, 1.10, and 1.18 respectively. Similarly to the work [6] genotype GG has
the largest variance. From this result, we validated the genetic variant rs12753193

in the Rotterdam Study population.

Discussion

Assuming that a genotype interacts with some factor in determination of a trait’s
value, it is expected that the trait’s variance is increased in the group of subjects
having this genotype. Thus, test of heterogeneity of variances can be proposed as
a test to screen for potentially interacting SNPs. In this work, we evaluated type I
error and power of variance heterogeneity analysis in respect to the detection of
potentially interacting SNPs under the scenario when an interaction variable is
unknown.

Three different tests of variance homogeneity were chosen in order to invest-
igate their type I error performance. They are Bartlett’s, Bartlett’s with prior
rank-transformation to normality of a trait and Levene’s (Brown-Forsythe) tests.
Not surprisingly, our results were in agreement with what is known from stand-
ard statistical theory [8, 9, 10, 11]: it is known that for Bartlett’s departure of
the distribution of analyzed trait from normality (e.g. skewness or heavy tails)
lead to increased type I error and Levene’s test has better performance under
these conditions. Interestingly, we have found that Bartlett’s test has increased
type I error even when the distribution of the trait is forced to be perfectly
normal by application of rank transformation to normality in the case when
the original pre-transformed distribution was non-normal, and direct effect of
the SNP is present. These results, which may seem surprising at first, may be
easily explained: three non-normal distributions with the same variance but
different means after transformation translate to still not normal distributions
with different variances. An illustrative example is provided in Additional file 1,
Figure 4.6.

We showed that even if a large interaction effect is present, the power of the
”screening” variance heterogeneity test depends strongly on the main effect of the
interacting factor and may be quite limited.

This results may at first seem surprising and contra-intuitive. To help better
understanding of this phenomenon, here we provide a simple example of situation
when there is an interaction effect, but the variances for all genotypes are equal,
thus the variance test has no power. Consider binary factor F ∈ {−1, 1} with
effect on the trait – in accordance to our previous notation – equal to βF, and
frequency of ”1” denoted as f (thus frequency of ”-1” is 1 − f ). Let genotype in
question to be ”dominant” and coded as g ∈ {0, 1, 1} for genotypes {AA, AB, BB},
respectively. Let mean µ = 0; for simplicity, at first, let us assume that the main
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effect of genotype is βg = 0. Let us denote the effect of genotype by factor
interaction as βgF. Let the residual variance is σ2

ǫ . In this case, the conditional
expectations of the trait for the genotype ”0” are E(y|g = 0, F = −1) = −βF

(when the value of factor is −1) and E(y|g = 0, F = 1) = βF. For genotype
”1”, the expectations are E(y|g = 1, F = −1) = −βF − βgF and E(y|g = 1, F =
1) = βF + βgF. It is easy to see that the conditional variance of the trait in
genotype g = 0 is simply Var(y|g = 0) = σ2

ǫ + 4β2
F f (1 − f ), while the variance

of the trait in other genotype is Var(y|g = 1) = σ2
ǫ + 4(βF + βgF)

2 f (1 − f ).
The conditional variances of the two genotypes are equal when either of two
conditions is met: βgF = 0 (absence of interaction) or βF = −βgF/2. Taking
a simple example with f = 1/2 it is straightforward to see how the variance
could be the same while interaction effect is present. Interestingly, if f 6= 1/2
and βF = −βgF/2, the conditional variances Var(y|g = 0) = Var(y|g = 1),
but conditional expectations E(y|g = 0) 6= E(y|g = 1), so the interaction will
translate into marginal SNP effect in the absence of the main effect (we assumed
that βg = 0). As βF deviates from −βgF/2 in any direction, the conditional
variance Var(y|g = 1) will increase while Var(y|g = 0) will stay the same. With
|βF| → ∞, Var(y|g = 1) → Var(y|g = 0). This explains the non-monotonic,
M-shaped dependency of the non-centrality parameter of variance test on the
main effect of the interaction variable demonstrated in Figure 2.

While in this work we consider a model assuming a SNP having additive effect
and following Hardy-Weinberg distribution and an interaction factor following
normal distribution, the same principal result – non-monotonic dependence of
the power of variance test on the main effect of interacting variable – should hold
for other models and other types of interacting factor (e.g. binary, as we show
above, or three-level, such as other SNPs); also, a deviation from HWE will not
affect our major conclusions.

Our analysis of power was performed using Bartlett’s test. Bartlett’s has highest
power in case of normally distributed trait, but is not robust to non-normality
in trait distribution. Levene’s test has better performance under deviations
from normality, but has lower power compared to Bartlett’s test. Therefore our
principal findings will not change whether Bartlett’s or Levene’s test is used:
particular figures provided estimate maximal power, but the relation of the power
to the underlying model parameters will be the same for both tests.

We considered testing for heterogeneity of variances as a screening tool for
potentially interacting SNPs in the context of population-based design. It has
been proposed that this testing can be more effectively done in the context of
monozygotic twins or migrant studies [4]. While these designs may indeed be
more powerful compared to population-based design, the same relation between
power of variance heterogeneity test and the underlying model parameters is to
be expected in these designs as well.

Thus, for a wide range of designs, models and test used, we can conclude that
that absence of significant heterogeneity of variances can not be interpreted as
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absence of strong interaction because the power of the variance test depends
much on the main effect of the (unobserved) interacting factor.

It is interesting to consider whether presence of significant variance heterogen-
eity tells us that a SNP indeed interacts with some factor. First of all, variance
heterogeneity will be detected for a SNP having main effect when the distribution
of the trait is heteroscedastic, i.e. the variance increases with the mean – a situ-
ation rather common in biology. This suggests that prior test for heteroscedasity
should be performed before running variance heterogeneity as an ”interaction
screening” test. Another – biological – possibility is that a genotype indeed affects
the variance of the trait without any specific interaction. We can speculate that
there may be genotypes which affect the stability of development or homeostasis,
leading to wider trait’s variance.

Detection of a variance homogeneity for a given SNP does not necessary
indicate that a single factor is interacting with a studied SNP. Moreover, it can
suggest the presence of a complex network with many other SNPs and factors
involved. The variance heterogeneity test may be especially effective to detect
such SNPs – in case of multiple interacting factors it is very unlikely that the
cumulative effects of the interacting factor will fall into the point at which the
power of the variance test is minimal.

Further dissubsection of the SNPs demonstrating strong heterogeneity of
variances may be a challenging task, requiring the search of the interactors
through phenomic screening. Straightforward testing whether the identified
interactor does explain heterogeneity of variances can be easily performed by
using the variance homogeneity test on the residuals from the regression involving
identified factor.

A number of genetic interaction models may lead to variance heterogeneity.
These are straightforward interaction models as discussed above, when an en-
vironmental of other genetic factor changes the expectation of the trait value in
the concert with the SNP studied. Other interesting model, leading to specific
increase of the variance of the heterozygous genotype, is parent-of-origin model,
when the expectation of the trait in heterozygous individuals (AB) depends on
whether allele A was transmitted from father or from mother.

We showed that when one interacting factor is considered, the power of direct
test, exploiting the knowledge of the interacting factor, is always greater then the
power of the variance heterogeneity test. An interesting scenario in which the
power of variance heterogeneity test may be greater than the power of direct test
occurs when multiple interacting factors induce variance heterogeneity, in which
case the power of identification any single of them (or all together) may be – due
to small effects associated with particular interacting factor and with increased
number of degrees of freedom – lower then the power of variance heterogeneity
test.

In present GWAS, association between a SNP and a trait is studied by detecting
difference between mean values of the genotypes for a given SNP. We conclude
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that screening for differences in variances is a promising approach as a number
of biologically interesting models may lead to the heterogeneity of variances.
However, it should be clearly considered that absence of variance heterogeneity
for a SNP can not be interpreted as absence of involvement of the SNP into
interactions network, while the presence of significant heterogeneity may be
explained not only by plain interaction with some factor, but also by other
biological mechanisms and statistical artifacts.

Conclusion

The method have been proposed for genome wide search of interaction between
a SNP and a factor. The method is based on testing of variance homogeneity of
a trait distributions in genotypes in which no knowledge of a factor is present.
We have investigated type I error and power of three variance homogeneity tests
(i.e. Bartlett’s, Bartlett’s with prior rank transformation of a trait to normality,
and Levene’s). Under variation of model parameters and distribution of residual
errors only Levene’s test kept acceptable type I error. We have obtained an
analytical expression for power to detect interaction of direct test and variance
homogeneity test. We also showed that the power of variance homogeneity test
has lower power comparing to direct test under any model parameters when
a single interacting variable is considered. As opposed to direct test, power of
variance homogeneity test depends on the main effect of a factor. This dependency
is non monotonic and for a given factor effect and it has its own maximums
and minimums. By replicating the results of previous study [6], we demonstrate
that application of the method can lead to biologically interesting, reproducible
results.
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background: Hundreds of new loci have been discovered by genome-
wide association studies of human traits. These studies mostly focused on
associations between single locus and a trait. Interactions between genes and
between genes and environmental factors are of interest as they can improve our
understanding of the genetic background underlying complex traits. Genome-
wide testing of complex genetic models is a computationally demanding task.
Moreover, testing of such models leads to multiple comparison problems that
reduce the probability of new findings. Assuming that the genetic model under-
lying a complex trait can include hundreds of genes and environmental factors,
testing of these models in genome-wide association studies represent substantial
difficulties.
We and Paré with colleagues (2010) developed a method allowing to overcome
such difficulties. The method is based on the fact that loci which are involved in
interactions can show genotypic variance heterogeneity of a trait. Genome-wide
testing of such heterogeneity can be a fast scanning approach which can point to
the interacting genetic variants.
results: In this work we present a new method, SVLM, allowing for vari-
ance heterogeneity analysis of imputed genetic variation. Type I error and power
of this test are investigated and contracted with these of the Levene’s test. We also
present an R package, VariABEL, implementing existing and newly developed
tests.
conclusions: Variance heterogeneity analysis is a promising method
for detection of potentially interacting loci. New method and software package
developed in this work will facilitate such analysis in genome-wide context.
keywords : single-nucleotide polymorphisms (SNPs), genome-wide associ-
ation (GWA), gene-environment interactions (GxE), gene-gene interactions (GxG),
variance heterogeneity, environmental sensitivity, VariABEL, the GenABEL project

Abstract
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Background

Genome-wide association studies (GWAS) have been instrumental in identifying
genetic variants involved in complex diseases. In GWAS, the relation between
a trait of interest and genetic variation (usually a single nuclear polymorphism
— a SNP) is studied by assessing hundreds of thousands of polymorphisms in
thousands of individuals. Several hundreds of loci for dozens of complex human
diseases and quantitative traits have been discovered using GWAS [1].

Though GWASs were successful in finding single loci associated with a trait,
complex genetic models which include many interacting loci and environmental
factors are of interest as they may help finding new loci and improve our un-
derstanding of the genetics of complex traits. A search for genetic interactions
by direct analysis, in which all possible genetic models are examined, meets
substantial computational and methodological difficulties. When millions of
SNPs are considered, which nowadays has become routine in GWAS, testing for
interaction for all possible pairwise combinations of SNPs becomes cumbersome
requiring parallel computations using hundreds or thousands of CPU cores. Also,
a large number of models has to be tested, resulting in multiple comparison
problem, which weakens the statistical power and the possibility of new findings.
For instance, if a simple interaction between two SNPs is considered in analysis of
one million SNPs, approximately 5 · 1011 unique SNP pairs are to be tested. This
amount of tests is equivalent to running a standard ”direct effects only” GWAS
5 · 105 times.

Thus, already the simple case of interactions between only two SNPs poses
serious computational challenges. However, there is no reason why biology
should not be more complex, involving more than two interacting variants. In
general, a trait can be determined by a complex network of multiple interacting
genes and other factors, including environmental ones. Statistical modeling of
such complex network of interacting factors in genome-wide context would be a
big challenge both methodologically and computationally. Prior information on
loci, which are likely to be involved in a trait’s control (e.g. genes in pathways
implicated for specific trait) can help reducing the space of models to be tested
but still does not solve the problem. For example, the protein pathway involved in
Alzheimer’s disease incorporates hundreds of genes. Each of them may include
over 25-50 SNPs.

Another approach to dissubsection of genetic interactions consist of identifica-
tion of potentially interacting loci, with further search for factors which interact
with these loci. For quantitative outcomes interaction of a SNP with an unknown
factor can be discovered from the trait’s distribution conditional on the genotype:
it is expected that trait will have larger variance for an interacting genotype [2, 3].
This assumption can be tested using a variance heterogeneity test. Such testing is
easily implemented and can be performed for the whole genome in a reasonable
time. It also deals efficiently with the multiple comparisons problem, as the
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number of models to be tested in such analysis equals to the number of SNPs
regardless of the complexity of the interaction model underlying the trait. In
that, the variance test is similar to the regular GWAS (where the effect of a SNP
on the phenotype mean is being studied). Methodologically, this approach has
resemblance to the ”environmental sensitivity” analysis [4, 5].

Two groups [2, 3] demonstrated that testing variance heterogeneity in GWAS is
a promising approach for finding new genes involved in interactions. However the
approaches proposed up until now cannot deal with imputed SNPs. Imputations
are crucial for GWAS because they not only increase power in the analysis of an
individual study, but also allow subsequent meta-analysis of the obtained results.

In this work we present a method extending variance heterogeneity analysis to
imputed genetic data. We also develop VariABEL – an R package implementing
variance heterogeneity tests proposed previously and developed in this work.

Implementation

Here we describe existing variance heterogeneity tests and the newly proposed
test, which is suitable for the analysis of imputed genetic data (subsubsection
”Variance heterogeneity tests”). Next, we describe the setup of the simulations,
which were used to study statistical properties of the new test (subsubsection
”Simulations”) and outline the details of implementation of our software (subsec-
tion ”The VariABEL package”).

Variance heterogeneity tests

For measuring variance heterogeneity we have implemented two tests: Levene’s
test [6, 7] and the test where linear regression is performed on squared residual
values of a trait (Squared residual Value Linear Modeling, SVLM).

Levene’s (the Brown-Forsythe) test is defined as:

T2 =
(N − k)∑

k
j=1 nj(Zj· − Z··)2

(k − 1)∑
N
i=1
(
Zi − Zgi ·

) , (2.18)

where Zi = |yi − ỹgi
| is the deviation of the value of the trait of i-th individual,

yi, who has genotype gi, from the median value of the trait in individuals having
that genotype, ỹgi

; N is the total sample size, nj is the number of individuals with
genotype j, k is the number of possible genotypes, Zj· =

1
nj

∑
N
i=1 Zi Igi=j is mean

deviation from the median for individuals having genotype j (Igi=j is an indicator
variable which takes value of one if gi is equal to j and zero otherwise), and
Z·· =

1
N ∑

N
i=1 Zi is the mean deviation from the median across all individuals.

Under the null hypothesis of variance homogeneity, the value of the test
statistic, T2, has an F distribution with d f1 = (k − 1) and d f2 = (N − k) degrees
of freedom. In a case of large N, T2 is approximated well by the χ2

d f=(k−1)
distribution. With three possible genotypes, k − 1 = 2.
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Genetic imputations routinely used in GWAS nowadays increase the power
in the analysis of individual studies and also allow meta-analysis of the studies
using different SNP arrays. In case of imputations the posterior probability of a
genotype is estimated for each subject for a given SNP. Because standard variance
heterogeneity tests assume that an observation should be known to belong to
a certain group (i.e. an individual is known to have specific genotype with full
confidence), they can not be directly applied to the imputed data.

To allow for variance heterogeneity test for imputed SNPs we propose a simple
procedure (SVLM) described below. It is known from elementary statistics that
by definition the variance is:

Var(Y) = E[(Y − E[Y])2] = E[Y2]− E[Y]2 (2.19)

where Y is a random variable, Var(Y) is the variance of Y, E[Y] and E[Y2] are
expected values of the variable Y and Y2 correspondingly. In our case Y is a trait.
The variance of Y conditional on the genotype g is V(Y|g) = E[(Y − E[Y|g])2|g].
This means that for each genotype the variance is equal to the mean of the
squared residual of the trait conditional on the genotype.

To explain this idea we provide Figure 2.11. Panel 2.11A shows the relation
between the trait value and the number of B alleles in the genotype. It is assumed
that allele B is interacting with some quantitative factor, hence the variance of the
trait is increasing as the number of B alleles, present in an individual’s genotype,
increases. Figure 2.11B shows the same data, but the points correspond to the
squared residuals after subtracting genotypic mean from the trait’s value. The
means of these squared residuals in each genotypic group shown in panel B is
equal to the variance within genotypic groups shown in panel A.

Thus, taking squared residuals conditional on the genotype changes the task
of estimation of the conditional variances into the task of estimation of the condi-
tional means, which can be approached with using conventional methods such
as regression analysis. Important covariates having large effects on means, can
be easily accommodated in the model if necessary by modifying the expression
used to compute the conditional mean.

Technically, the SVLM method consists of two steps. First, a regression analysis
is applied where the trait is adjusted for a possible SNP effect and other covari-
ates. Second, a regression analysis is applied to the squared values of residuals
obtained from the first stage, using the SNP as the predictor.

Simulations

To study Type I error and power of the SVLM test, we performed a simulations
study. Similar to our previous work [3], we simulated the trait under following
linear model

yi = µ + βggi + βFFi + βgF · giFi + ǫi, (2.20)
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Figure 2.11: The figure shows additive dependence of a trait (subplot A) and squared

values of this trait (subplot B) on the number of alleles B which is in

interaction with an unknown factor. AA, AB, and BB stand for genotypes
of biallelic SNPs. Squaring of the trait results into genotypic mean difference
in case of interaction presence.

where yi is the value of the trait for ith individual, µ is the intercept, βg is the
direct effect of the SNP, βF is the direct effect of the interacting factor, βgF is
the effect of interaction between the SNP and the factor, gi ∼ B(ng, PB) is a
SNP, which is assumed to be binomially distributed with ng = 2 (number of
alleles in the genotype) and PB ∈ [0; 1] (frequency of the interacting B allele).
Fi ∼ N(µF, σ2

F) is a factor, which is assumed to be normally distributed with mean
µF and variance σ2

F. ǫi is the random error, which follows a normal distribution
with a zero mean and a variance of one. We assumed that the distributions of gi,
Fi, and ǫi are independent. For our simulations, without loss of generality we
can assume that µ = µF = 0, and σ2

F = 1.
Without loss of generality for both type I error and power the SNP effect was

set to zero βg = 0. We studied four different frequencies of the interacting allele:
5%, 40%, 60% and 95%. Results for 40% are presented in the text below. Results
for other frequencies are shown in Supplementary Figure 4.13, Supplementary
Figure 4.14 and Supplementary Figure 4.14. From the GWAS it is known that
the regression analysis may lead to spurious results when the frequency of the
minor allele is very low. Therefore additionally we have studied type I error of
the SVLM test for allele frequencies 0.0005, 0.00075, 0.001, 0.002, 0.003, 0.004 and
0.005. As SVLM requires squaring of the trait’s residuals, the presence of extreme
values can affect the type I error and power of this test. To check this, we studied
three types of distribution of the residual error term ǫi: one normal distribution
and two types of χ2 distributions with degrees of freedom d f = 1 and d f = 5
respectively. We simulated data for 10000 individuals.
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For studying Type I error effect of the factor and the effect of interaction term
were both set to zero (βF = βgF = 0). Twenty thousands simulations were
performed.

For studying dependence between power and the interaction effect, 1000 simula-
tions were done under each simulation scenario. As we demonstrated previously
[3], the magnitude of the genotypic variance difference and hence the power
of the variance heterogeneity test depends not only on the effect of interaction
between the genotype and the environmental factor, but also on the magnitude
of the main effect of the interacting factor F. This dependence is not monotonic
and, given other parameters are fixed, there is a certain optimal main effect of
the factor under which the magnitude of variance difference and, therefore, the
power to detect interaction is maximal. The value of the optimal effect depends
on the interaction effect, variance of the factor and the variance of error term.
As in our study variance of the factor and the variance of error term is fixed to
one, the optimal effect of the factor depends on the interaction effect only. For
simplicity, power was studied using the optimal main effect of the interacting
factor. The range of the optimal effects of the factor used in this study can be
found in the Supplementary Figure 4.16.

In both type I error and power estimation, the null hypothesis was rejected
when threshold p-value ≤ 0.05 was reached.

The VariABEL package

The VariABEL software implementing the SVLM is designed as an R package
written in C++ and R languages. For regression analysis used by the SVLM
method, the LAPACK functions ”dgeqrf” and ”ch2inv”, which are part of the R
distribution, were used. The package was compiled with gcc version 4.1.2 under
Linux with version 2.6.18-274.7.1.el5 (Red Hat 4.1.2-51) and tested in R of version
2.13.1. The package is distributed under the GNU GPL license (v. 2.0 or later).

Stable version of the VariABEL package can be downloaded from the Compre-
hensive R Archive Network, CRAN [8] (http://www.r-project.org/). Installa-
tion is possible from R directly by running the command
”install.packages(”VariABEL”)”. Documentation is available as a part of the dis-
tribution and also on-line at the GenABEL project web-site (http://www.genabel.
org). Developmental version of the package is available from the GenABEL
project development pages (http://genabel.r-forge.r-project.org) located at
R-forge [9].

The first stage of SVLM analysis consists of standard regression analysis which
is used to access association between mean values of the trait and SNPs. VariABEL
output contains results from both stages of analysis (modeling of means and
variances). Thus, the VariABEL can be used for regular GWAS as well.
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Results and discussion

Type I error and power

As it was mentioned above, we studied three different distributions of ǫi. The
SVLM test had acceptable type I error for all of them: αnormal = 0.0471 ± 0.0015,
αχ2

d f=5
= 0.0488 ± 0.00152, and αχ2

d f=1
= 0.04955 ± 0.00153 under fixed threshold

p ≤ 0.05. We did not see any significant deviation from nominal type I error rate
of 5% for allele frequencies 5%, 40%, 60% and 95%. To understand the minimum
sample size in a genotypic group under which the type I error of SVLM test still
stays at a nominal level we measured type I error for allele frequencies 0.0005,
0.00075, 0.001, 0.002, 0.003, 0.004 and 0.005. These allele frequencies correspond
to number of heterozygotes in a sample 10, 15, 20, 40, 60, 80 and 100. For those
frequencies the type I errors (with its standard errors) were 0.028 ± 0.001, 0.032 ±
0.001, 0.037 ± 0.001, 0.042 ± 0.001, 0.044 ± 0.001, 0.049 ± 0.002 and 0.045 ± 0.002
correspondingly. This suggests that SVLM test has correct type I error rate
when sample size in one of a genotypic group is not less then 80, while for
smaller values the SVLM test starts being conservative. Levene’s test did not
show significant deviation from nominal value of 5% under these extremely low
sample sizes.

Figure 2.12 shows the dependence of the power of the SVLM (triangles) and
the Levene’s (circles) tests on the effect of interaction for differently distributed
error term (ǫi). Figure 2.12 shows that the power of the SVLM test depends
on the skewness of the error term distribution stronger than the power of the
Levene’s test. When error term follows Normal distribution, the power of SVLM
test is greater than the power of Levene’s test (Figure 2.12, panel A). When the
error term follows χ2 distribution with d f = 5, the power of the SVLM test and
Levene’s test are similar (Figure 2.12, panel B). In case of higher skewness the
SVLM test has lower power than the Levene’s test (Figure 2.12, panel C). This can
be explained by the fact that Levene’s test is known to be robust to the deviations
from normality, while the SVLM test is in fact a regression analysis for which the
outcome is supposed to follow a normal distribution.

Supplementary Figure 4.13, Supplementary Figure 4.14 and Supplementary
Figure 4.15 show the dependence of the power of the SVLM test and the Levene’s
test on the effect of interaction for different frequencies of the interacting allele.

As it is expected the power of both tests decreases when allele frequency
decreases. The observation that SVLM’s test power is affected by skewness more
than the power of Levene’s test stays true for all studied allele frequencies.

Performance

The analysis by the SVLM test of 2543887 SNPs of 2715 subjects takes 46 minutes
on one core of a Sun Fire X4540 Server with Quad-Core AMD Opteron Processor
2356.
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Figure 2.12: Dependence of power to detect interaction on effect of interaction for

Levene’s (circles) and SVLM (triangles) tests for three different types of dis-

tribution of the error term ǫi: normal distribution (panel A), χ2
d f=1 (panel

B), and χ2
d f=5 (panel C).

Discussion

Genome-wide association analysis is currently a primary tool for identification of
loci associated with complex human traits. Testing for association under complex
genetic models involving multiple interactions represents methodologically and
computationally challenging task.

We and others have developed a method allowing testing of SNPs genome-
widely for possible involvement into interaction [3, 2] via testing of the hetero-
geneity of variance of the trait conditional on the genotype. Here we extend this
method to imputed SNPs. The method we suggest, SVLM, is based on linear
regression, and therefore results obtained in individual studies can be easily
meta-analyzed using conventional methods and software tools.
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Analysis of genotypic variances can be of interest to medical research. As-
suming that there is a certain genotype associated with high variance of, for
instance, blood pressure, the subjects having this genotype can be at risk of
having extremely low or extremely high blood pressure.

In developing our method for analysis of variances using imputed data we
have utilized the fact that the variance is, by definition, the expectation of squared
values of the variable in case of zero mathematical expectation of this variable.
This allowed us re-formulate the task of estimation and analysis of variances
of the trait as a task of regression analysis of transformed trait. In this setting,
methodological and computational tools developed for GWAS are applicable for
the variance analysis.

The most important advantage of the proposed method is the possibility to
detect SNPs belonging to a complex genetic network with many interacting
factors that is impossible to study with standard tools. These SNPs will show
variance heterogeneity and using our method these SNPs can be detected without
knowing all the factors involved into this network. To find the factors, which
interact with the identified SNP, a follow-up analysis can be applied where
interaction between the SNPs found in variance analysis and all other measured
SNPs or environmental factors are tested. In a case of interaction with an
unknown factor, the SNPs showing significant variance differences still can be
used to improve the variance explained as shown in the example below.

Consider a scenario in which SNPs, associated with a trait found in regular
GWAS’s, together explain a certain proportion of total trait’s variance:

R2
total =

σ2
GWAS

σ2
total

, (2.21)

where R2
total is the proportion of total explained variance, σ2

GWAS is the variance
explained by GWAS SNPs, and σ2

total is the trait’s variance. In addition a SNP has
been found by variance analysis, showing different genotypic variances in a way
where presence of interacting allele B increases trait’s variance: σ2

AA < σ2
AB < σ2

BB,
where σ2

AA, σ2
AB, and σ2

BB are variances for the respective genotypes group AA,
AB, and BB. Assume that allele frequencies and the effects of the SNPs found
in GWAS and which contributed into σ2

GWAS are the same in each genotypic
group AA, AB, and BB of the interacting SNP. Then the proportions of explained
variance for different genotypic groups are:

R2
AA =

σ2
GWAS

σ2
AA

R2
AB =

σ2
GWAS

σ2
AB

R2
BB =

σ2
GWAS

σ2
BB

where R2
AA, R2

AB, R2
BB are proportions of variances explained by GWAS SNPs in

individuals with genotypes AA, AB, and BB, respectively, at the SNP identified
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by the variance analysis. Taking into account that σ2
AA < σ2

AB < σ2
BB it follows

that the proportions explained variance by the GWAS SNPs is higher in genotypic
group AA compared to AB and BB, and higher in genotypic group AB compared
to BB: R2

AA > R2
AB > R2

BB. The value of the proportion of total explained
variance (R2

total) is between R2
AA and R2

BB and this value depends on interacting
allele frequency, effect of interaction, variance and effect of interacting factor.
Thus, in such a scenario there is at least one genotypic group (AA) for which
SNPs found in GWAS’s explain more of the trait’s variance σ2

AA compared to the
total trait variance σ2

total .
To perform genotypic variance analysis for pedigree-based studies we propose

to use GRAMMAR [10] implemented into GenABEL software [11]. In GRAMMAR
the mixed model is applied where the trait is adjusted on random additive
polygenic effect. Residuals from this model are free from polygenic familiar
correlations and can be used for variance analysis.

To increase power of variance analysis by including the data from other studies
the same approach as for regular GWAS can be used where the analysis is done
for each cohort separately, followed by meta-analysis.

The SVLM method can be used for discovering interacting SNPs following any
of additive, dominant, recessive, over-dominant (where trait’s variance among
heterozygotes is increased), or genotypic models. In case of testing the additive
variance model only, the SVLM test has maximal power in the case when the
SNP follows true additive model and less power in case of dominant, recessive
and over-dominant models. It is of interest to note that in case of over dominant
model the power to detect interaction by the SVLM test is zero if the minor allele
frequency (MAF) is 0.5 and increases with decreasing MAF. In a case when MAF
is close to 0.5 Levene’s test has higher performance.

Conclusion

In this work we present further development of the method for detection of
potentially interacting SNPs, extending it to the case of analysis of imputed SNPs.
The method is based on testing of heterogeneity of trait’s variance conditional
on the genotype of locus being tested. We also present an R package, VariABEL,
to facilitate for such analysis in genome-wide context. The package implements
already existing variance heterogeneity tests, and the SVLM test developed in
this work.

Availability and requirements

project name: VariABEL package

project home page : http://www.genabel.org/packages/VariABEL

operating systems: Linux, Mac OS X, Windows
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programming language : R, C++

other requirements: R (≥ 2.13.0)

license : GNU GPL (≥ 2)

any restrictions to use by non-academics: none except these posed
by the license
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GWAS: Genome-Wide Association Study; MAF: Minor Allele Frequency; SNP:
Single Nuclear Polymorphism, SVLM: Squared residual Value Linear Modeling.
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In the Victorian era, Sir Francis Galton demonstrated that "when dealing with
the transmission of stature from parents to children, the average height of the
two parents, ... is all we need care to know about them" (1886). One hundred
twenty two years after Galton’s work was published, 54 loci showing strong
statistical evidence for association to human height were described, providing us
with potential genomic means of human height prediction. In a population-based
study of 5748 people we find that 54-loci genomic profile explained 4-6% of the
sex- and age-adjusted height variance, and had limited ability to discriminate
tall/short people, as characterized by the Area Under the receiver-operating
characteristic Curve (AUC). In a family based study of 550 people with both
parents having height measurements we find that the Galtonian mid-parental
prediction method explained 40% of the sex- and age-adjusted height variance
and demonstrated high discriminative accuracy. We have also explored how much
variance a genomic profile should explain to reach certain AUC values. For highly
heritable traits such as height, we conclude that in applications where parental
phenotypic information is available (e.g. medicine), the Victorian Galton’s method
will long stay unsurpassed, both in terms of discriminative accuracy and costs. For
less heritable traits and in situations when parental information is not available
(e.g. forensics), genomic methods may provide an alternative, given the variants
determining an essential proportion of trait.s variation could be identified.

Abstract
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Introduction

Height is a classical example of an inherited human trait. More then 100 years
ago, Francis Galton used height data to study resemblance between parents and
offspring concluding that "when dealing with the transmission of stature from
parents to children, the average height of the two parents, .. is all we need care to
know about them [1] (Figure 3.1). Later on height was among the first phenotypes
studied using the polygenic model of inheritance [2] which bridged the gap
between the Galtonian and Mendelian genetics. Numerous studies following the
pioneering work of Galton demonstrated that height is one of the most heritable
human phenotypes. Typically, the proportion of the sex- and age-adjusted
variance of height attributable to familial factors (heritability) is estimated as 80%.
Most of this heritability may be due to genetic factors because for height the
non-genetic causes of sib resemblance are usually negligibly small [3]. Up until
recently, however, little was known about the genes involved in normal variation
of height in human populations.

Figure 3.1: Rate of regression in hereditary stature (Plate IX, figure a from Galton [1]

with superimposed data from the ERF study).

One hundred and twenty two years after Galton’s paper, and seven years after
the initial sequencing of the human genome [4], three manuscripts described
54 loci showing strong statistical evidence for association with height [5, 6, 7],
potentially providing us with genomic means of human height prediction. Here,
we investigate the potential of the state-of-the-art genomic approach to predict
human height and compare it to the potential of 122-year-old Victorian method
of Galton.
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Material and methods

Study populations

The Rotterdam Study [8] is a prospective cohort study that started in 1990 in
Ommoord, a suburb of Rotterdam, among 10, 994 men and women aged 55 and
over. The main objective of the Rotterdam Study is to investigate the prevalence
and incidence and risk factors for cardiovascular, neurological, locomotor and
ophthalmologic diseases in the elderly. Baseline measurements were obtained
between 1990 and 1993. All participants were subsequently examined in follow-
up examination rounds every 2-3 years. Height measurements were performed
at baseline. The Rotterdam Study has been approved by the institutional review
board (Medical Ethics Committee) of the Erasmus Medical Center and by the
review board of the Netherlands Ministry of Health, Welfare and Sports. For
this study, we used data on 5,748 participants for whom GWA and height data
were available. Erasmus Rucphen Family (ERF) study [9] is a family based study
of a young genetically isolated population studied within Genetic Research in
Isolated Populations programme [10]. ERF study includes over 3000 participants
descending from 22 couples living in the Rucphen region in the 19th century.
All descendants were invited to visit the clinical research center in the region
where they were examined in person, including height measurements. ERF study
has been approved by the Medical Ethics Committee of the Erasmus MC. In this
study we included 550 participants together with both parents for whom height
measurements were complete.

Genotyping and imputations in the Rotterdam Study

In Rotterdam Study, genome-wide SNP genotyping was performed using In-
finium II assay on the HumanHap550 Genotyping BeadChips (Illumina Inc, San
Diego, USA). Approximately 2.5 million SNPs were imputed using HapMap
CEU population (release 22) as reference. The imputations were performed using
MACH software [11].

The quality of imputations were checked by contracting imputed and actual
genotypes at 78, 844 SNPs not present on Illumina 550K for 437 individuals for
whom these SNPs were directly typed using Affymetrix 500K. Using the "best
guess" genotype for imputed SNPs the concordance rate was 99% for SNPs with
R2 (ratio of the variance of imputed genotypes to the binomial variance) quality
measure greater than 0.9; concordance was still high (94%) when R2 was between
0.5 and 0.9. Out of 54 SNPs used in this study, 31 were directly typed and the rest
were imputed. The median R2 was 0.999 and only two SNPs had 0.87 < R2

< 0.9
(Supplementary Table 4.3). In ERF study, genome-wide SNP genotyping was
performed using Illumina HumanHap300 (1, 200 individuals), HumanHap370

(100 individuals) and Affymetrix 250K Nsp array (∼ 200 individuals). The
imputations followed the Rotterdam study protocol closely.
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Selection of 54 SNPs used in the study

Of 54 loci influencing human height shown in Supplementary Table 4.3, 16 are
published by Weedon et al. [5], 11 by Lettre et al. [6] and 27 by Gudbjartsson et
al. [7]. Of 59 markers reported to be strongly associated with height in these three
studies, five were mapped within the same chromosome region. For these loci
we picked up markers with lowest p-value.

Table 3.1: Proportion of human height variance explained and discriminative accuracy

of different predictive profiles

AUC discriminating

Profile Pop N σ2,% Top 50% Top 5% Top 1% ∆5,95, cm

54-loci genomic RS 5748 3.8 58.1 64.8 63.4 4.95

Hypothetical RS 5748 80.0 93.3 ± 0.2 97.4 ± 0.3 98.8 ± 0.2 23.4 ± 0.01

Galtonian mid-parental ERF 550 40.1 77.3 83.6 97.4 17.68

Galtonian mid-parentala ERF 257 44.9 78.7 88.3 99.9 21.18

Galtonian+54-locia ERF 257 46.2 80.0 88.9 98.2 21.28

σ2 - variance explained;
AUC - area under the receiver-operating characteristic curve;
∆5,95 - difference between mean height of people coming from the top 5% and bottom 5%
of the profile distribution;
RS - population-based Rotterdam Study;
ERF - Erasmus Rucphen Family study.
a - ERF participants with parental and genotypic information (n = 257).

Testing within- and between-loci additivity

All analyses were performed using R v 2.7.0 (http://www.r-project.org). To
test deviation from within-locus additive model, we used linear model height ∼
βssex + βaage + βABPAB + βBBPBB, where PAB and PBB are the estimated probab-
ilities of the AB and BB genotypes, respectively. This model was contrasted to the
model under additive restriction βBB = 2βAB using Likelihood Ratio Test, LRT
(twice the difference between maximum log-likelihood of these models is asymp-
totically distributed as χ2

1). Multiple testing was accounted for using Bonferroni
correction. Similarly, we have tested the deviation from between-loci additivity
using the model height ∼ βssex + βaage + βS1DS1 + βS2DS2 + β I DS1DS2, where
DS1 and DS2 were the estimated allele doses at two loci (D = PAB + 2PBB) and
β I is the interaction term. This model was contrasted to the no interaction
model (height ∼ βssex + βaage + βS1DS1 + βS2DS2); again, LRT on one degree of
freedom was performed for comparison.
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Construction of predictive profiles

The non-weighted allelic profile was computed as the sum of the estimated doses
of the height-increasing allele in the genotype of a person. The weighted allelic
profile was constructed as a weighted allelic sum with weight proportional to the
allelic effect estimated using our data in a multivariable model including all 54
SNPs. To construct the Galtonian mid-parental profile, we first estimated height
residuals from the model height ∼ sex + age. For every person for whom both
paternal and maternal height was available, we then constructed the "predictive
profile" which was defined as the average of the parental height residuals. This
methods resembles very closely the method of Galton [1], with the exception
that he did not adjust for age. The hypothetical predictor explaining a certain
proportion (Ve) of sex- and age-adjusted height variance was constructed as a
sum of person’s height plus a Normally distributed random number, with mean
zero and variance equal to (Vh · (1 − Ve)/Ve), where Vh is the variance of height.
In any analyses involving simulated profile, we used at least 100 simulations per
point of interest.

Estimating proportion of variance explained by a profile and discriminative accuracy
(AUC)

The proportion of the variance of sex- and age-adjusted height explained by a
profile was estimated using linear regression model as (1 − Vi/Ve), where Vi is
the trait’s variance in the model including, and Ve is the variance in the model
excluding the profile as a predictor. The ROC curve presents the combinations
of sensitivity and specificity for each possible cut-off value of the continuous
test result that can be considered to define positive and negative test outcomes.
The area under the ROC curve (AUC) indicates the discriminative accuracy of a
continuous test [12]. The AUC ranges from 0.5 (total lack of discrimination) to 1.0
(perfect discrimination) and is independent of the prevalence of the condition of
interest [13]. The AUC basically can be considered as the probability that the test
correctly identifies the subject possessing the characteristics of interest (e.g. "very
tall") from a pair of whom one has and one has not this characteristic. An AUC
of 0.95 means that 95% of the pairs is correctly classified, whereas a test with
an AUC is 0.50 is non-discriminative - as accurate as tossing a fair coin. AUC
was computed as the area under the function relating sensitivity to (1-specificity)
(ROC curve). To derive the ROC curve, we varied the threshold determining
"positive test result" from minimal to maximal possible test (profile) value. At
given threshold, sensitivity was computed as the proportion of people who test
positive among these who do indeed possess the characteristic of interest; the
specificity was computed as the proportion of these who test negative among
these who do non possess the characteristic of interest.
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Results

In all analyses, we used sex- and age-adjusted height as an outcome. We have
compared the predictive potential of different methods by contrasting the pro-
portion of height variance explained and the Area Under the receiver-operating
characteristic Curve (AUC). The latter measures the accuracy of the model to
discriminate between alternative outcomes (in height context, e.g. "very tall" or
not).

The data from population-based Rotterdam Study [8] (5748 individuals with
complete height, sex, age and genomic data) were used to estimate predictive
potential of the genomic method. In the Rotterdam Study, 34 of the 54 SNPs were
significantly associated with height at p < 0.05. Only for two SNPs the direction
of (non-significant) height association was inconsistent with that reported by the
original studies (Supplementary Table 4.3). Before estimating the potential of
the genomic profile to predict human height, we have also tested if the 54 loci
deviated from the within- or between-loci additivity assumption. After correction
for multiple testing, we did not find statistically significant evidence for between-
loci interactions (all nominal p > 0.001). Only one SNP (rs4794665 located in
the NOG-RISK region) demonstrated significant deviation from a within-locus
additive model after correction for multiple testing (corrected p = 0.0006, see
Supplementary Table 4.3).

The genomic profile, based on 54 recently identified loci, was computed as
the sum of the number of height-increasing alleles carried by a person, similar
to Weedon et al. [5]. This profile explained 3.8% of the sex- and age-adjusted
variation of height in the Rotterdam Study (Figure 3.2A). We also estimated the
upper explanatory limit of the 54-loci allelic profile by defining the profile as
a weighted sum of height-increasing alleles with weights proportional to the
effects estimated in our own data using multivariable model (Supplementary
Table 4.3). Such weighted genomic profile explained 5.6% of variation of height
in the Rotterdam Study. The mean difference between people having "top" and
"lowest" 5% of the genetic height score was 4.9 cm (Figure 3.2A, Table 3.1) [6.4
cm when using the weighted profile].

The ability of the genomic profile to predict a very tall (belonging to the upper
5% of the distribution) person was estimated using the Area Under the receiver-
operating characteristic Curve (AUC) – a statistic routinely used to assess the
predictive ability of a test in clinical practice [12, 13, 14, 15]. The AUC for the
54-loci genomic profile was 65% (68% for the weighted profile; Table 3.1 and
Figure 3.3A).

Next, to estimate the predictive power of the Galtonian method, we used
the family based Erasmus Rucphen Family (ERF) study [9], where parental
height data were available for 550 participants. To construct the Galtonian
predictive profile for every person for whom both paternal and maternal height
was available, we computed the average of the parental height residuals. We

112



●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●
●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

● ●

●
●

●

● ●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●●

●

●

●

●●

●

●

●
●

●

●

● ●●

● ●

●
●

●
●

●

●

●

●

●
●

●

●

●●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

● ●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●
●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●
●

●●
●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●
●

●

●

●
●

●
●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●● ●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

● ●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●
●

●
●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●●

●

●

●

●

●
●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

● ●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

● ●

●

●

●

●

●

●●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

● ●

●
●

●
●●

●
●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

● ●

●

●

●

●

●

●
●

●

●

●

● ●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

● ●

●

●●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
● ●

●

●

●●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●

●
●●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●
● ●●

●

●

●

●

●
●

●

●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●
●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

● ●

●

●

●

●

●

●

●
●

●

●

●

●

●
● ●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

● ●

●●

●

●

●●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●
●

● ●

●
●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●
●

● ●
●

●
●

●

●

●

●
●

●

●

● ●

●
●

●
●

●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●
●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●
●

●

●

● ●

●

●

● ●

●

●
●

●
●

●

●

●●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●
●

●

●

●

●

●●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●
●

●

●

● ●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●●

● ●

●

● ●
●

●
●

●

●

●●

●

● ●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●
●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●
●

●

●

●

●●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●
●●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●● ●

●

●

●
●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●
●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

● ●
●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●
●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

●

●

● ●

●

●
●

●
●

●

●

●

●●

●

●

●

●

●

●●●

●●

●

●
●

●

●

●

●

●

●
●

●

●

●

●
●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●
●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

● ●

●
●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●
●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●

●

●

●

●

●●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●
●

●

●

●

●

●●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●●

●
●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

● ●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●●

● ●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

● ●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

● ●

● ●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
● ●

●

●

●

●

●

●
●

●

●
●

●

●

●

●

●
●

●

● ●

●

●

● ●
●●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●●

●

●

●

●

●

●●

●

●

●

●
● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

●

●

●

●

● ●

●●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

● ●

●
●

●

●

●

●
●

●

●

●

●
●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●●

●

●

●

●
●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●

●
●

●

●

● ●
●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●
●

●●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

● ●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●
●

●

●
●

●

●

●

●

●

●

●

●●

●

●

●

●
● ●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

● ●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●

●
●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●
●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●
●

●
●

●

● ●

●

●

●

●

●

●
●

●

●
●

●

●

●
●

●

●

●
●

●

●

●

●

●

●

●

●
●

●

●●

●●

●

●

●

●

●

●

●

●
●

●

●

●

● ●

●

●

●

●
●

●

●

●
●

●

●

●

●●
●

●

●

●
●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●
● ●

●

● ● ●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●
●●

● ●

●

●
●

●

●

●

●

●
●

●

●

●●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

● ●

●
●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●●

●

●

●

●

●

●

●

●
●

●
●

●

●

●
●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●

●●

●

●

●

●●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

● ●

●

●

●●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

● ●

●

●

●

●

●
●

●

●

●

●

●

●
●

●●
●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

● ●

●

●

●

●

●

●

●

●

●

●

● ●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●
●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●
●
●

●

●

●

●
●

●
●

●
●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
● ●

●

●

●

●

●●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

● ●

●

●

●

●

●

● ●

●

●

●

●
●

●

●

●
●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

● ●

●

●

●

●
●●

●

●

●
●

●

●●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●● ●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●●

●
●

●

●

●

●

●

●

●

●

● ●

●

●

●

●
●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

● ●

●

●
●

●

●

●

●

●●

●
●

●

●

●
●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

40 50 60 70

−
30

−
20

−
10

0
10

20
30

Genomic profile (54 loci)

S
ex

−
 a

nd
 a

ge
−

ad
ju

st
ed

 h
ei

gh
t r

es
id

ua
ls

, c
m

.

A

●●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●
●

●

●

●

●

●

●●

●

●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

● ●
●

●

●

●

●

●
●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

● ●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●●

●
●
●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●●
●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●
●●
●●

●

●

●●
●

●

●
●

●

●●

●

● ●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●● ●

●

●

●
●

●

●

●

●

●

●

●

●

●●

●

−10 −5 0 5 10

−
30

−
20

−
10

0
10

20
30

Mid−parental height, cm

B

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●
●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●●

●
●

●

● ●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

● ●

●

●

●

●●

●

●

●
●

●

●

● ●●

●●

●
●

●
●

●

●

●

●

●
●

●

●

●●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●
●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●
●

●●
●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●
●

●

●

●
●

●
●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

● ●●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

● ●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●
●

●
●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

● ●

●

●

●

●

●
●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

● ●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●●

●

●

●

●

●

● ●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●●

●
●

●
●●

●
●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

● ●

●

●

●

●

●

●
●

●

●

●

● ●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●●

●

● ●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
● ●

●

●

● ●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●

●
●●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

● ●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●
●● ●

●

●

●

●

●
●

●

●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●
●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

● ●

●

●

●

●

●

●

●
●

●

●

●

●

●
●●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

● ●

● ●

●

●

● ●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●
●

●●

●
●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●
●

●●
●

●
●

●

●

●

●
●

●

●

● ●

●
●

●
●

●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●
●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●
●

●

●

●●

●

●

●●

●

●
●
●

●

●

●

●●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●
●

●

●

●

●

● ●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●
●

●

●

● ●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

● ●

● ●

●

●●
●

●
●

●

●

●●

●

●●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●
●

●

●

●

● ●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●
● ●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●●●

●

●

●
●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●
●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

● ●
●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●
●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

●

●

●●

●

●
●

●
●

●

●

●

● ●

●

●

●

●

●

●● ●

● ●

●

●
●

●

●

●

●

●

●
●

●

●

●

●
●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●
●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

● ●

●
●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●
●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●

●

●

●

●

●●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●
●

●

●

●

●

● ●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●●

●
●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●●

●●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

● ●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●●

● ●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
● ●

●

●

●

●

●

●
●

●

●
●

●

●

●

●

●
●

●

● ●

●

●

●●
●●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●●

●

●

●

●

●

●●

●

●

●

●
●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●
●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

●

●

●

●

●●

●●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

● ●

●
●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

● ●

●

●

●

●
●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●

●
●

●

●

●●
●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●
●

●●

●

●
●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

● ●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●
●

●

●
●

●

●

●

●

●

●

●

●●

●

●

●

●
● ●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

● ●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●

●
●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●
●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●
●

●
●

●

● ●

●

●

●

●

●

●
●

●

●
●

●

●

●
●

●

●

●
●

●

●

●

●

●

●

●

●
●

●

● ●

● ●

●

●

●

●

●

●

●

●
●

●

●

●

●●

●

●

●

●
●

●

●

●
●

●

●

●

● ●
●

●

●

●
●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●
●●

●

●● ●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●
● ●

●●

●

●
●

●

●

●

●

●
●

●

●

● ●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●●

●
●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●●

●

●

●

●

●

●

●

●
●

●
●

●

●

●
●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●
●

● ●

●

●

●

● ●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

● ●

●

●

●●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●●

●

●

●

●

●
●

●

●

●

●

●

●
●

●●
●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●
●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

● ●

●

●

●

●

●

●

●

●

●

●

●●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●
●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●
●

●
●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●●

●

●

●

●

●●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●●

●

●

●

●

●

●●

●

●

●

●
●

●

●

●
●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

● ●

●

●

●

●
●●

●

●

●
●

●

● ●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●●
●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●
●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●●

●
●

●

●

●

●

●

●

●

●

●●

●

●

●

●
●

●

●

●

●
●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●●

●

●
●

●

●

●

●

●●

●
●

●

●

●
●

●

●

●

●

●

●

●●

●

●

●

●

●

●

●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●
●

●

●

●

●

●

−4 −2 0 2 4

−
30

−
20

−
10

0
10

20
30

A hypothetical profile

C

Figure 3.2: Observed sex- and age-adjusted height vs different predictive profiles. (a)
Rotterdam Study, prediction with the genomic profile constructed from 54 loci,
(b) ERF study, Galtonian prediction using mid-parental height values and (c)
Rotterdam Study, a hypothetical profile explaining 80% of height variance. Red
lines: mean residual height in people coming from top and bottom 5% of the
profile distribution. Blue line: regression of the height residuals onto profile. In
(b), green line has slope of 1, deviation of the blue line from the green showing
"regression towards mediocrity".
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Figure 3.3: Accuracy to discriminate the top 5% tallest person, as measured by AUC,
using different height profiles. (a) 54-loci genomic profile explaining 3.8% (54
loci, solid red line, AUC = 65% in the Rotterdam Study), population-specific
54-loci genomic profile explaining 5.8% in the Rotterdam Study (estimated
using the data, red dotted line, AUC = 68% in the Rotterdam Study), mid-
parental value explaining 40% (blue line, AUC=83% in the ERF study) and a
hypothetical profile explaining 80% of height variance (green line, AUC97%).
(b) AUC achieved by a test explaining certain proportion of height variance;
red: predicting top 50%, blue: predicting top 5%, green: predicting top 1%.
Vertical lines: standard error of the mean.
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found that the proportion of height explained by Galtonian mid-parental profile
was 40% (Figure 3.2B) - which is an order of magnitude higher than the result
achieved using the 54-loci genomic profile. The mean difference between people
having "top" and "lowest" 5% of the mid-parental predictive profile reached
impressive 17.68 cm (Figure 3.2B, Table 3.1). Moreover, Galtonian prediction
performed much better when discriminating very tall people (AUC=84%; Table 3.1
and Figure 3.3A). We have addressed the question if combing the parental height
information with genotypic profile leads to better prediction. The analysis was
restricted to 270 members of the ERF study for whom both parental phenotype
and genetic data were available. Both mid-parental value (p = 10−42) and the
not weighted genomic profile (p = 0.01) were significantly associated with height
of an offspring. Not surprisingly, the genomic profile was strongly correlated
(Pearson’s ρ = 0.22, p = 0.0003) with the mid-parental height value. Table 3.1
shows that while being statistically significant, considering the genomic profile
added little to the prediction based on mid-parental values only (proportion of
variance explained increased by ∼ 1.3%, and AUCs stayed virtually the same).

Finally we addressed the question of how much variance should a genomic
profile explain to achieve a certain AUC value [15]. For this, using the Rotterdam
Study data we simulated profiles explaining different proportion of trait variance,
and evaluated AUCs for these (Figure 3.3B). For every evaluated point, one
hundred simulations was performed. The simulations have shown that when one
aims to predict a person having extreme (1% highest/lowest) value, a predictive
profile explaining as little as 17% of trait’s variance is sufficient to achieve an AUC
of 80% (which may generally be considered as good for the screening purposes),
and a profile explaining 53% to achieve an excellent AUC of 95%. On the other
hand, good prediction of a person from the top/lower 5% trait’s distribution
requires a profile explaining 25% and excellent prediction of such person requires
a profile explaining already 68% (Figure 3.3B).

It can be expected that if all loci controlling human height would be known
a genomic profile could explain up to 80% of height variance. Under this
scenario, the mean difference between people having "top" and "lowest" 5% of
such hypothetic profile was 23.38 + 0.005 cm (typical realization is presented
in Figure 3.2C). As expected from the high proportion of explained variance,
discriminative accuracy of this hypothetic profile was very high (AUC = 97.4 +
0.3%, Table 3.1 and Figure 3.3A).

Discussion

In this work, we compared genomic and Victorian approaches to predict human
height. In our data, the 54-loci genomic profile explained 4-6% and the Victorian
Galton’s mid-parental values explained 40% of the height variance. Adding
genomic information to the mid-parental provided only small (1.3%) increase in
proportion of variance explained. In forensics and human medicine, the question
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of binary classification of a person (e.g. "very tall" or not) based on some profile
(score) is of large interest. We have previously proposed that the usefulness of
a genomic profile associated with a binary outcome should be evaluated by the
area under the receiver-operating characteristic (ROC) curve [14, 15]. In medicine,
ROC analysis has been extensively used in evaluation of diagnostic tests. We
show that 54-loci genomic profile had relatively low discriminative accuracy
(AUC=65% for a person falling into 5% tallest). This value, however, is promising,
e.g. approximately the same AUC is reached when predicting the risk of coronary
heart disease using low density lipid levels [16]. We estimate that to achieve AUC
of 80% using height genomic profiling, we need to explain at least three times the
amount of variance currently explained with the available 54 loci. At the same
time, the cheap and straightforward Galtonian approach demonstrated AUC of
84% when predicting 5% tallest person. The latter discriminative accuracy of
84% is better than that of many tests used in the clinical context, such as the
Framingham risk scores that predicts coronary heart disease based on traditional
risk factors such as blood pressure, lipid levels and smoking status [16]. However,
the Galtonian prediction requires knowledge of parental height, which is not
always available in applications such as e.g. forensics.

Our height study provides a strong example of a trait for which at the current
stage a simple prediction based on phenotype of relatives clearly outperforms
sophisticated genomic prediction. Would this hold for other phenotypes? The
proportion of offspring’s phenotypic variation which can be explained by mid-
parental phenotypic value is (h2)2/2, where h2 is heritability of the trait [17]. In
a recent study we have estimated that 11 SNPs explain 3 to 5% of the variance
of total cholesterol, and similar figures were obtained for high and low density
lipoprotein cholesterol and triglicerides [18]. These traits typically exhibit about
30% heritability. Therefore Galtonian prediction cannot explain more then 5%
of the trait’s variance. Thus for lipid levels genomic prediction is already doing
as good as (or as bad as) the Galtonian one. However, the genomic profiling,
unlike the Galtonian, still has the potential to improve, as more loci affecting the
phenotype of interest will be discovered.

While the upper limit for genomic profiling is determined by heritability, the
genetic architecture of the trait is very important factor to consider in estimating
the potential of predictive testing [15]. For example, for iris color single major
locus explains the vast proportion of variance and the AUC of 80% is reached
when predicting blue or brown iris color using only 3 SNPs [19]. On the other
hand, for traits such as blood pressure only few loci explaining very small
proportion of variance each are known and for such traits the prospects of
genomic profiling are much worse. It can be expected that once all loci involved
in human height will be revealed the discriminative accuracy of the genomic
approach may surpass that of the Galtonian approach. However, it will be
a tall order to find all these variants, at least using the current methodology
consisting of (meta-analyses) of genome-wide association studies tailored to
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capture common variants. The 54 common variants discovered by now probably
already include those with the largest effect sizes. Simply because of the fact that
the variants with the larger effect sizes are most easily captured, the detection of
new height genes will require progressively bigger sample sizes (e.g. to detect a
locus explaining 0.1% of variance at genome-wide significant p < 5 · 10−8 with
power of 80%, one would need to study 40, 000 people, while to detect a locus
explaining 0.01% one would need 400, 000 people) [5].

As noted by Galton, "stature is not a simple element, but a sum of accumulated
lengths and thicknesses of more than a hundred of bodily parts" The beautiful
regularity in the statures of a population " is due to the number of variable
elements the stature is the sum [1]. Detailed analysis of the factors controlling
these endophenotypes is likely to be necessary to discover new loci and make
genetic findings useful for applications in forensics and medicine.

We conclude that while the genomic approach is potentially more powerful
than the Victorian Galton’s method, the latter will long stay unsurpassed both in
terms of discriminative accuracy and costs when the trait in question is highly
heritable and the parental phenotype is usually available. For less heritable traits,
such as lipid levels, and in situations when parental information is not available
(e.g. forensics), genomic methods may provide an alternative, given the variants
determining an essential proportion of variation could be identified.

Acknowledgements

We thank Prof. T. Frayling for useful discussion and comments and Dr. M.
Bevova for comments and graphical art support. We acknowledge the work of
Dr. F. Rivadeneira, Dr. M. Moorhouse, P. Arp and M. Jhamai, who have created the
Rotterdam Study genotypic database. This research was supported by grants from
the Netherlands Foundation for Scientific Research (NWO), a joint grant from
NWO and the Russian Foundation for Basic Research (RFBR), by the Centre for
Medical Systems Biology (CMSB) and by the Netherlands Forensic Institute (NFI).
MNW is a Vandervell Foundation Research Fellow. Genome-wide genotyping of
Rotterdam Study is supported by NWO (175.010.2005.011).

116



B I B L I O G R A P H Y

1. F, G. Regression towards mediocrity in hereditary stature. Journal of the
anthropological institute 15, 246–263 (1886).

2. RA, F. The correlation between relatives on the supposition of Mendelian
inheritance. Trans R Soc Edinb 52, 399–433 (1918).

3. PM, V., SE, M. & MA, F. Assumption-free estimation of heritability from
genome-wide identity-by-descent sharing between full siblings. PLoS Genet
2, e41 (2006).

4. Lander, E. S. et al. Initial sequencing and analysis of the human genome.
Nature 409, 860–921 (Feb. 2001).

5. MN, W., H, L. & CM, L. Genome-wide association analysis identifies 20 loci
that influence adult height. Nat Genet 40, 575–583 (2008).

6. G, L., AU, J. & C, G. Identification of ten loci associated with height high-
lights new biological pathways in human growth. Nat Genet 40, 584–591

(2008).

7. DF, G., GB, W. & G, T. Many sequence variants affecting diversity of adult
human height. Nat Genet 40, 609–615 (2008).

8. A, H., MM, B. & van Duijn CM. The Rotterdam Study: objectives and design
update. Eur J Epidemiol 22, 819–829 (2007).

9. LM, P., I, M., B, O., van Duijn CM & YS, A. The effect of genetic drift in a
young genetically isolated population. Ann Hum Genet 69, 288–295 (2005).

10. YS, A., P, H. & I, M. Linkage disequilibrium in young genetically isolated
Dutch population. Eur J Hum Genet 12, 527–534 (2004).

11. Y, L. & GR, A. Rapid haplotype reconstruction and missing genotype infer-
ence. Am J Hum Genet S79, 2290 (2006).

12. JA, H. & BJ, M. The meaning and use of the area under a receiver operating
characteristic (ROC) curve. Radiology 143, 29–36 (1982).

13. A, A. & M, S. R2: a useful measure of model performance when predicting
a dichotomous outcome. Stat Med 18, 375–384 (1999).

14. AC, J., MC, P., EW, S. & van Duijn CM. Revisiting the clinical validity of
multiplex genetic testing in complex diseases. Am J Hum Genet 74, 585–588

(2004).

15. AC, J. et al. Predictive testing for complex diseases using multiple genes:
fact or fiction? Genet Med 8, 395–400 (2006).

117



16. PW, W. et al. Prediction of coronary heart disease using risk factor categories.
Circulation 97, 1837–1847 (1998).

17. DS, F. & TFC, M. 1996.

18. Aulchenko, Y. S. et al. Loci influencing lipid levels and coronary heart disease
risk in 16 European population cohorts. Nat Genet 41, 47–55 (Jan. 2009).

19. M, K., F, L. & AC, J. Three genome-wide association studies and a linkage
analysis identify HERC2 as a human iris color gene. Am J Hum Genet 82,

411–423 (2008).

118



In preparation

3.2 the role of common genetic and environmental factors in ex-
treme high and low levels of total cholesterol
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Jacqueline C Witteman, Albert Hofman, Ben A Oostra, Oscar H Franco Duran,

Cornelia M van Duijn

Department of Epidemiology, Erasmus MC, Postbus 2040, 3000 CA Rotterdam,
The Netherlands

Serum concentration of total cholesterol (TC) is a complex trait, for which genome-
wide association studies discovered common genetic variants explaining about
30% of TC genetic variation. In view of personalized medicine, the most important
persons to target in the population are those with extreme levels of TC (low
and high) in the population. These are the persons to be treated aggressively.
We determined the extent to which 52 known common genetic variants and
environmental factors (i.e. body mass index, smoking, alcohol intake, diabetes,
age and gender) explain phenotypic variation in extreme TC levels in a family
based-study i.e the Erasmus Rucphen Family (N = 2, 239) and a population-
based study i.e. the Rotterdam Study (N = 5, 441). We studied proportion of
individuals of 5%, 10% and 20% from the top and the bottom extremes of the TC
distribution. The discriminative power was evaluated by the Receiver Operating
Curve (ROC) and corresponding Area Under the Curve (AUC). We observe no
substantial decrease in TC variation explained by studied factors in the extreme
TC levels. The current study implies GWAS as a primary method for discovering
new TC associated genetic variants which will explain a substantial part of TC
genetic variation.
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3.3 associations between recently discovered genetic variations

in metabolic traits and arterial stenosis in patients with re-
cent cerebral ischemia

E.G. van den Herik1,3, M. Struchalin2,3, L.M.L. de Lau1, H.M. den Hertog1,

S. Fonville1, P.J. Koudstaal1, C.M. van Duijn2

1 Departments of Neurology, Erasmus MC University Medical Center, Rotterdam, The
Netherlands
2 Departments of Epidemiology, Erasmus MC University Medical Center, Rotterdam,
The Netherlands
3 These authors contributed equally to the work.

background: Recent large genome-wide association studies have found
many new genes to be associated with metabolic traits including hypertension,
lipid levels and diabetes. A next step after gene discovery is to investigate
associations between these genes and clinically relevant endpoints. Therefore, we
studied the relation between recently discovered genetic variations in metabolic
traits and craniocervical artery stenosis, in patients with transient ischemic attack
or ischemic stroke.
methods : We included 700 patients with a recent transient ischemic attack
or ischemic stroke. In all patients CT-angiography from the aortic arch to the
intracranial vessels was performed and scored for degree of stenosis in each
artery. Our primary outcome was presence of a stenosis ≥ 30% in any artery.
Genotyping was performed with Metabochip, a targeted gene chip for metabolic
traits containing ≈ 200, 000 SNPs.
results: Five loci were found to be strongly associated with presence of
stenosis (GLIS3, p = 1.6 · 10−6; AGBL2, p = 1.2 · 10−4; SBF2, p = 7.9 · 10−5;
SCAMP5, p = 8.7 · 10−5; and MC4R, p = 1.7 · 10−4). After correction for multiple
testing using permutations only the GLIS3 locus remained. For this gene, the
risk allele was associated with a 2.2 (95%CI 1.6 − 3.1)-fold increase of stenosis
risk. This gene was previously shown to lead to elevated fasting glucose levels.
We found no significant association between loci implicated in hypertension or
hypercholesterolemia and presence of stenosis.
conclusions : Our study suggests an association between atherosclerosis
and a gene implicated in increased fasting glucose levels, but not with blood
pressure- or lipid-related genes, in patients with recent cerebral ischemia.

Abstract
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4.1 detecting low frequent loss-of-function alleles in genome

wide association studies with red hair color as example

Text S1. Laboratory details for MC1R SNP genotyping.

After optimization, 2 ng of dried DNA in clear 384-well plates (Applied Biosys-
tems, Foster City, USA) was typed using a reaction volume of 5µl. The reaction
for SNP rs1805007 contains 1x LightCycler 480 genotyping master (Roche, Man-
nheim, Germany), 0.5µM forward primer, 1.0µM reverse primer, 0.2µM 3′ − FL
labeled probe and 0.2µM 5′ − LC labeled probe. PCR was performed in a Light-
cycler 480 (Roche) at 95◦C for 10 minutes followed by 45 cycles amplification
of 95◦C for 10 seconds, 57◦C for 10 seconds, 72◦C for 15 seconds, followed by
the melting curve from 40◦C to 80◦C. Because SNP rs1805008 proved to be prob-
lematic, due to many strong binding stem loops present in the area, Tib Molbiol
designed an internal labeled primer which excludes some loops and breaks up
the strongest inside of the amplification. This primer also functions as the sensor
probe in the reaction. The reaction for SNP rs1805008 contains 1x LightCycler 480
genotyping master (Roche), 0.25µM forward primer, 0.5µMreverse primer and
0.2µM 36′ − FL labeled probe. The amplification was performed in a Lightcycler
480 (Roche) at 95◦ C for 10 minutes followed by 50 cycles amplification of 95◦

C for 10 seconds, 55◦ C for 10 seconds, 72◦ C for 10 seconds, followed by the
melting curve from 40◦ C to 80◦ C.

Figures and tables

Table 4.1: Primers of two MC1R SNPs.

Primer/probe rs1805007 rs1805008

Forward primer TGTCGGACCTGCTGGTGAG CTCCATGCTGTCCAGCCTC

Reverse primer ACGTGGTCGTAGTAGGCGATGA CGCAACGGC XTCGACGC (internal labeled)

5’-LC Labeled probe 640-CACTGCGCTACCACAGC p

3’-FL Labeled probe TGGACCGCTACATCTCCATCTTCTAC-FL GTGACCCTGCCGCGGGC-FL
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Figure 4.1: The LD r2 distribution of the physically close and rare SNP pairs on Illu-

mina 550K chip.

Figure 4.2: Cross-genotypes between 2 rare SNPs in high LD.
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Figure 4.3: Expected P-values from CDH and single SNP analyses considering 2 recess-

ive SNPs independently associated with phenotype. The − log10(P) values
for CDH test (A) and single SNP analysis (B and C) are plotted against the
genotype relative risks of homozygote causal allele (GRR ranging from 1 to 10).
Other parameters are fixed (the frequencies of causal alleles = 0.05, N = 10, 000,
α = 5%).
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Figure 4.4: Manhattan plot showing association with the red-hair color phenotype in the Rot-

terdam Study. The − log10(P) values for association with red hair color are plotted for
each genotyped SNP according to its chromosomal position (blue dots) and for the
CDH test in each sliding window consisting of 100 SNPs (green dots).
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Figure 4.5: Association analysis of the MC1R SNPs and the red hair color using the

weighted sum statistic (WSS). All number of genotyped SNPs in the 87.88 to
88.69 Mb region of (N SNPs = 90) were included to the WSS analysis according
to the minor allele frequencies in the ascending order. The − log10(P) values
from WSS were plotted against the MAF thresholds (blue dots). The analysis
was then repeated by assuming that two causal SNPs rs1805007 and rs1805008

were available on the chip (red dots). A, the − log10(P) values; B, the number
of SNPs included in the analysis.
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Table 4.2: The expected P-values from CDH and single SNP analysis.
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4.2 variance heterogeneity analysis for detection of potentially

interacting genetic loci : method and its limitations

It was shown in the results of type I error of investigated variance homogeneity
tests that in a case of SNP effect presence rank transformation to normality
of a trait which follows non-normal distribution results to perfectly normally
distributed trait whereas distribution of each genotypic groups becomes distorted.
Figure S4.6 explains such a deformation.

Figure 4.6: Distribution of a trait for each genotypic groups (bold curves) and for all

groups together (dotted curve) before transformation to normality of a trait

(left) and after transformation (right).

Analytical expressions for variances of trait’s distribution in each genotypic
group were obtained in this work. They can be used to obtain dependence of
non-centrality parameter (and therefore power) on model parameters. To validate
these analytical results simulations were done. Figure S4.7 shows analytical
curves and simulated points for dependence of power on interaction effect for
direct test and variance homogeneity tests.

Figures S4.8, S4.9, and S4.10 shows dependence of non-centrality parameter
of variance homogeneity test on effect of a factor for a cases of one degree of
freedom tests: when AA is tested against AB and BB, AB against AA and BB, BB
against AA and AB.

Figures S4.11 show dependence of power of variance homogeneity test with
two degrees of freedom on interaction effect for threshold α corresponding to
5 · 10−8 and 0.01.

Figures S4.12 show Genome-wide − log 10(P−value) and Q-Q plot for Levene’s
variance homogeneity test applied for the Rotterdam Study. Q-Q plot presents
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Figure 4.7: Dependence of power on interaction effect for direct test and different vari-

ance homogeneity tests. The thin curves on the left in each subplot corres-
ponds to analytical expression of power of direct test. The two bold curves
in each subplot corresponds to analytical expression of variance homogeneity
test. The left bold curve is for a case of absence effect of a factor, the right bold
curve is for effect of a factor one. The points correspond to simulations for
direct (circles), Bartlett’s (squares) and Levene’s (triangles) tests. The left plot is
for the case when frequency of interacting allele is 5% and no SNP effect. The
right plot is for interacting allele frequency 50% and snp effect 0.3.

only those SNPs which have three genotypes. As one can see there is no SNPs
reached genome-wide significance level.
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Figure 4.8: Dependence of non-centrality parameter of variance homogeneity test on

effect of a factor for a case when group AA is tested against AB and BB. The
top curve on each plot shows results for interaction effect equals βgF = 1, the
middle curve is for βgF = 0.5, and the bottom curve is for βgF = 0.1. Each
subplot shows different frequency of interacting allele. (A – 0.05, B – 0.4, C –
0.6, D – 0.95).
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Figure 4.9: Dependence of non-centrality parameter of variance homogeneity test on

effect of a factor for a case when group AB is tested against AA and BB. The
top curve on each plot shows results for interaction effect equals βgF = 1, the
middle curve is for βgF = 0.5, and the bottom curve is for βgF = 0.1. Each
subplot shows different frequency of interacting allele. (A – 0.05, B – 0.4, C –
0.6, D – 0.95).

156



Figure 4.10: Dependence of non-centrality parameter of variance homogeneity test on

effect of a factor for a case when group BB is tested against AA and AB.

The top curve on each plot shows results for interaction effect equals βgF = 1,
the middle curve is for βgF = 0.5, and the bottom curve is for βgF = 0.1. Each
subplot shows different frequency of interacting allele. (A – 0.05, B – 0.4, C –
0.6, D – 0.95).
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Figure 4.11: Dependence of power of variance homogeneity test on interaction effect

for threshold α corresponding to 5 · 10−8 (left four plots) and 0.01 (right

four plots). Thin curve in each subplot corresponds to direct test, bold curve
corresponds to upper limit of variance homogeneity test. Each subplot shows
different frequency of interacting allele (A – 5%, B – 40%, C – 60%, D – 95%)

Figure 4.12: Genome-wide log(p-value) and Q-Q plot for Levene’s variance homogen-

eity test applied for the Rotterdam Study.
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4.3 an r package variabel for genome-wide searching of potentially

interacting loci by testing genotypic variance heterogeneity

Figure 4.13: Power to detect variance heterogeneity induced by interaction, assuming

Normal distribution of residual error. Dependency of power to detect vari-
ance heterogeneity induced by interaction and the effect of interaction, βgF ,
using Levene’s (circles) and SVLM (triangles) tests. The residual error follows
Normal distribution. Scenarios with different frequencies of interacting allele
are given in Panel A – 5%, Panel B – 40%, Panel C – 60%, and Panel D – 95%.
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Figure 4.14: Power to detect variance heterogeneity induced by interaction, assuming

χ2
d f=5 distribution of residual error. Dependency of power to detect variance

heterogeneity induced by interaction and the effect of interaction, βgF , using
Levene’s (circles) and SVLM (triangles) tests. The residual error follows
Normal distribution. Scenarios with different frequencies of interacting allele
are given in Panel A – 5%, Panel B – 40%, Panel C – 60%, and Panel D – 95%.
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Figure 4.15: Power to detect variance heterogeneity induced by interaction, assuming

χ2
d f=1 distribution of residual error. Dependency of power to detect variance

heterogeneity induced by interaction and the effect of interaction, βgF , using
Levene’s (circles) and SVLM (triangles) tests. The residual error follows
Normal distribution. Scenarios with different frequencies of interacting allele
are given in Panel A – 5%, Panel B – 40%, Panel C – 60%, and Panel D – 95%.
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Figure 4.16: Optimal effect of the factor F (βF) as a function of the interaction effect

(βgF) The value of optimal effect of interacting factor F, βF , as a function of
the effect of interaction, βgF for allele frequencies 5% (black), 40% (red), 60%
(green) and 95% (yellow).
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4.4 predicting human height by victorian and genomic methods
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Table 4.3: Continued
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Figure 4.17: ROC plots showing the discriminative ability of the genetic weighted risk score, environmental

factors and genetic weighted risk score and environmental factors combined for six extreme

groups of TC in ERF. The top three panels show ROC curves for the lower extreme groups, the
bottom three panels show ROC curves for the upper extreme groups.
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Figure 4.18: ROC plots showing the discriminative ability of the genetic weighted risk score, environ-

mental factors and genetic weighted risk score and environmental factors combined for six

extreme groups of TC in RS. The top three panels show ROC curves for the lower extreme groups,
the bottom three panels show ROC curves for the upper extreme groups.
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Table 4.4: Minor allele frequencies and imputation quality values of the single nuclear polymorph-

isms used in the analysis
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Genome-Wide Association Studies (GWAS) play a crucial role in dissecting the
heritability of common traits and diseases that have complex genetic architecture.
However, the advances in this field so far raise the question of the "missing
heritability": the SNPs identified in GWAS generally explain only a small part of
heritability - proportion of phenotypic variation attributed to genetic factors. The
work described in this thesis addresses this issue and suggests methodological
and computational solutions that in one way or the other relates to the GWAS
approach. In section ’GWAS methodology and beyond’ I begin with a description
of the methodology and a software tool for GWAS, a large part of which I
implemented in the ProbABEL package. ProbABEL is a software tool for GWAS
which provides the mostly used instruments such as analysis of quantitative,
binary, and time-to-event outcomes. Then, I address the missing heritability
issue and describe two novel methods. One of them allows studies of frequent
loss-of-function alleles in genome wide association studies which, besides the
homozygous state, influences the phenotype in the compound heterozygote state,
where I contributed to the data analysis and software development. Another
method was proposed and mostly developed by me and allows detection of
genetic variants which influence common traits in interaction with other genetic
or environmental factors. I describe the R package VariABEL which I wrote and
which implements these methods. In the section ’Post-GWAS studies of complex
genetic architecture of common traits’ I discuss results of the application of
different approaches for studying human traits, i.e., height (where I contributed
to the planing of the study and analysis of the data), total cholesterol (conducted
by me) and arterial stenosis (where I contributed to the analysis plan and data
analysis).

gwas methodology and beyond

After the first successful GWAS in 2004, the method rapidly gained popularity
among many research groups studying common phenotypes. This stimulated
an increased demand for novel methodological solutions and software tools
for GWAS. ProbABEL (described in Chapter 2.1) is a software package that we
developed as a response to this demand. This package facilitates GWAS of
imputed data in a fast and memory-efficient manner. The most popular GWAS
methods including analysis of quantitative, binary, and time-to-event outcomes
are implemented in ProbABEL. For quantitative traits I implemented a fast mixed-
model -based score test enabling genome-wide SNP analysis in family-based
studies, studies performed in genetically isolated populations as well outbred
human and animal populations.

Analysis of imputed genetic datasets was implemented in the ProbABEL package
using an approach based on regression on estimated probabilities. A limited
number of software packages were available for this type of analysis. SNPTEST, for
example, implements a score test based on missing data likelihood [36] allowing
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the study of both quantitative and binary outcomes. MACH2QTL and MACH2DAT [18,
37] implement regression models on estimated probabilities for quantitative and
binary traits, respectively, in a manner similar to ProbABEL. ProbABEL extends
the functionality available in these packages by allowing analysis using the
Cox proportional hazards model. Furthermore, another advantage compared
to SNPTEST is that when testing the interaction of a covariate with SNPs, it also
provides the value of the global significance test.

I implemented the two-step mixed model-based score test in ProbABEL which
is an extension of the family-based association score test suggested by Chen and
Abecasis [38], and in its logic, it is similar to the GRAMMAR, GRAMMAR-GC
and GRAMMAR-Gamma tests described by Aulchenko et al. [39, 40, 41]. In the
test procedure, the model is split into two parts (see the equation 6 in section
“Two-step score test approximation to the mixed model” of Chapter 2.1), the first
of which contains the effects of nuisance parameters, including random genetic
effects, and the second includes the parameters of interest (i.e., SNP effects and
SNP-interacting covariates). In the second step of the procedure estimation is
performed based on the estimates obtained from fitting the first part. Strictly
speaking, a test defined in this manner is correct if the distributions of covariates
in the first and the second parts of the model are independent conditional on the
estimated phenotypic variance-covariance matrix. This assumption is most likely
to be true when the covariates included in the basic model are environmental
ones, and thus are not expected to exhibit a conditional correlation with SNPs.
However, when endogenous risk factors, such as body mass index, are included
as covariates in the basic model, some SNPs are expected to exhibit covariance
with this covariate. In such situations, the covariate should be included in the
second step analysis. This, however, may violate the assumptions of the score test
if the covariate explains a large proportion of trait variance. In such situation we
expect that the test will become conservative and may be less powerful compared
to the classical maximum likelihood analysis.

GWAS of millions of imputed SNPs using the mixed model-based score test
in ProbABEL takes a few days for samples of a few thousands of people (on one
core of a Sun Fire X4540 server with an AMD Opteron CPU, 3.00 GHz). However,
the relationship between CPU time and the number of subjects is not linear; as
the number of subjects reaches 5, 000 or more, the mixed-model based analysis
will take too much time (weeks to months) when using a single core. A straight-
forward approach to solve this problem would be to use parallel computations.
Still, the non-linear dependency of computational time on the number of subjects
may become a major analysis bottleneck with larger and larger studies becoming
available. Although the recently published GRAMMAR-Gamma method [41]
is extremely fast and its computational time is linear with sample size, this
comes at the cost of losing accuracy: indeed the authors recommend to use
a ProbABEL-type of approach when the genetic structure of a sample is very
complex.
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Other software packages which implement similar mixed-model functional-
ity and are suitable for GWAS are MERLIN [42], QxPak [43] and EMMAX [44]. In
particular, MERLIN implements the two-step score test [38], which is equivalent
to the test implemented in ProbABEL in the absence of covariates. QxPak is a
flexible tool for mixed modeling of quantitative traits, which implements clas-
sical full Maximum Likelihood and Restricted Maximum Likelihood estimation
procedures. EMMAX [44] utilizes methodologically the same approach as ProbABEL:
estimation of pairwise genetic relationship, calculation of the covariance matrix
of phenotypes that models the effect of genetic relatedness on the phenotypes,
followed by a score test of association [38].

One of the important advantages of ProbABEL at the time it was released was
that this package was the only one which allowed analysis of imputed genetic
data in a fast manner. To date, analyzing of imputed data sets is a routine
work and all the packages aimed to genetic association analysis support this
feature. Since its advent, ProbABEL is a part of an open source initiative - GenABEL
project [45] - which provides the opportunity for other individual researchers
and research groups to contribute to the development of the project. Due to
that fact, ProbABEL has flexible mechanisms for the further improvement, that
is necessary for any successful software product. One of the example of using
this advantage is the development of DatABEL package allowing storage and
access to large genetic data set and subsequent usage of this package in studies
conducted by ProbABEL. Currently, this allows processing large genetic data sets
which became available for analysis after imputation using the recent reference
panels and provide a flexible basis for development of the new software packages
aimed to analyze large sequence data.
ProbABEL has been widely adopted and has been used for the analysis of various

data sets, including genome-wide analysis of such various traits as gout [46],
waist circumference [47], smoking initiation [48], height [49], and others. In total,
the manuscript describing the methodology and ProbABEL package had been
cited 126 times by 24 December 2012 according to http://scholar.google.nl.

The rapid development of genotyping techniques enables the high-density
genetic mapping studies where attention is focused on sequencing the whole
human genome or address particular genomic regions. This provides the pos-
sibility to study rare variants in a broad context similarly to common variants in
GWAS. Such studies require new methodology and software tools. In Chapter 2.2
I focused on studying rare lost-of-function (LOF) variants. I described a novel
method - the collapsed double heterozygosity (CDH) test - which we developed
for testing LOF variants when they influence a trait in a heterozygous state. We
demonstrated both theoretically and empirically by simulations that using the
collapsed genotypes in GWA analysis is more powerful than single SNP analysis
in detecting the presence of multiple LOF variants at a particular gene locus.
In a genome scan of the red hair color phenotype this CDH analysis resulted
in considerably more significant association signals than single SNP analysis at
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MC1R. Besides MC1R, no other region of collapsed heterozygosity association
with red hair was identified. The additional genotyping of two causal SNPs in
MC1R confirmed a recessive model underlying this gain in statistical power. The
generalizability of CDH mainly depends on the effect sizes and frequencies of
causal alleles. We expect CDH is generalizable to some of the known examples,
such as HFE and hemochromatosis, where both the allele effect sizes and fre-
quencies are similar to those in MC1R. Further, through simulations we showed
our method is capable to find LOF alleles with smaller effect sizes (GRR > 3)
but not with frequencies lower than 1%. It should therefore be emphasized this
approach still requires causal alleles to be at some appreciable frequency (> 1%)
to be effectively tested and probably not useful for exceptionally rare variants
unless they combine with common variants.

Another approach proposed for the identification of new genetic variants is
testing for gene-gene and gene-environment interactions [19]. In Chapter 2.3, I
described a novel approach for searching for interacting loci. I evaluated the
type I error and the power of variance heterogeneity analysis for the detection
of potentially interacting SNPs in the scenario when the interaction variable
is unknown. Through simulations, I studied three different statistical tests of
variance heterogeneity and showed that Levene’s (Brown-Forsythe) test has an
appropriate type I error and power. In a similar work of Paré at al [24] the
same method was chosen for studying interactions. The main peculiarity of the
variance heterogeneity method of interaction testing lies in the fact that there is no
need to know the interacting factor(s) itself. The method allows detecting genetic
variants involved in interaction(s) with this factor(s). However, I show that the
power to detect an interacting SNP depends on the magnitude of the effect size
of the factor with which this variant is interaction. Thus, for a wide range of
designs, models and test, the absence of significant heterogeneity of variances
cannot be interpreted as absence of interaction. However, a clear drawback of
the method is that the specific interaction underlying the inflation remains to be
determined. These specific interactions in particular on the gene-environment
level are highly relevant for prediction and prevention of the disease.

Although our model assumes a SNP having additive effect and following
Hardy-Weinberg distribution, and an interaction factor following a normal distri-
bution, the same principal result—non-monotonic dependence of the power of
the variance test on the main effect of interacting variable—should hold for other
models as well as other types of interacting factor (e.g., binary or three-level, such
as other SNPs). Moreover, a deviation from Hardy–Weinberg Equilibrium does
not affect our major conclusions.

I implemented the method in the software package VariABEL which is described
in Chapter 2.4. I also extended the variance heterogeneity method to imputed
SNPs. The method I suggest, SVLM, is based on linear regression, which makes
results obtained in individual studies easily meta-analyzable using conventional
methods and tools. I have utilized the fact that the variance is, by definition,
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the expectation of squared values of the centered variable. This allowed us to
re-formulate the task of estimation and analysis of variances of the trait as a task
of regression analysis of the transformed trait. In this setting, methodological and
computational tools developed for GWAS are applicable for the variance analysis.

In a frame of dissecting the heritability of complex traits, the method of
interaction testing through genotypic variance heterogeneity measurement is
gaining wide popularity. In Ref. [50], L. Rönnegård and W. Valdar summarize
and compare the recently developed statistical methods for detecting loci involved
in interaction and affecting phenotypic variability. The methods are classified
in three groups: classical non-parametric methods, the full parametric methods
modeling mean and variance and the two-stage approximations to parametric
methods.

The methods described in Chapter 2.3, Ref. [24] and Ref. [51] are classical
non-parametric. I (Chapter 2.3) and Paré et al. [24] propose to use Levene’s test
for variance heterogeneity testing. The work described in Ref. [51] suggests
using individual P-value threshold for each SNP tested by Levene’s test that
may increase power under a variety of interaction scenarios. These methods
require that the data can be grouped into genotype classes that makes them
inapplicable on imputed data where genotypes are known with some probability.
Another disadvantage is that these methods do not naturally provide inclusion
of covariates such as sex, age and so on. Although the first difficulty can be
overcome by using best-guess genotypes and the second one - by pre-adjusting
the trait before the actual analysis, doing so potentially decrease the power of the
analysis.

The second class of methods - the full parametric methods - consists of a
Markov Chain Monte Carlo (MCMC) method [52] and the Double Generilized
Linear Model (DGLM) [53]. The first method simultaneously estimates effects
of the mean and variance on phenotype to fit the regression model. The second
method is a deterministic classical estimation which consists of two steps. First, a
model accounting for the mean difference is fitted, then, during the second step,
a model is fitted that accounts for the variance difference by using the estimated
squared residuals from the first step. Subsequently the model parameters from
the second step are used to update the model parameters from the first step.
After a number of cycles the best fitting parameters are estimated.

Since the full parametric methods are computationally demanding it motivated
the development the two-stage approximations. P. Visscher and D. Posthuma
considered in their work [54] the possibility to test interaction by variance hetero-
geneity measurement. They used the term ’environmental sensitivity’ which in
my work I relate to the interaction between genetic and environmental factors. In
the last paragraph of the paper’s discussion section they consider the possibility
of using the squared values of the residuals adjusted for the fixed effects and
covariates for testing interacting loci in GWAS. Independently, we proposed the
approach (implemented in the VariABEL package and described in Chapter 2.4)
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called SVLM which is based on the idea which is similar as the one proposed
by of P. Visscher and D. Posthuma [54]. Later, J. Yang applied the method of
testing genotypic variance heterogeneity in a large GWAS of ≈ 170, 000 individu-
als which revealed FTO gene associated with BMI variability [25]. In this study,
squared residuals adjusted for environmental covariates but not for the main SNP
effect were used. Theoretically, this results in increased type I error and lower
power, however, it was demonstrated empirically that this has only minor effect
and does not affect the conclusions of the study.

L. Rönnegård and W. Valdar compared my SVLM method with the DGLM
through simulations and showed that with a sample size of 10, 000 and normally
distributed phenotype, both methods produce almost identical P-values (correla-
tion 0.9996) and have similar power [50]. The DGLM is the method of choice if
the accurate estimation and the extensive study of variance is required. Despite
the fact that the SVLM is only an approximation of the DGLM-like approach, the
main advantage is that my method is relatively fast: in fact, the SVLM demands
only double the CPU time required for a regular GWAS under the same condi-
tions (e.g., study sample size, CPU productivity) making it a fast alternative to
the DGLM.

post-gwas studies of the complex genetic architecture of common

traits

In Chapter 3.1 the predictive power of GWAS findings using human height
as an example and compared it to Victorian approach was evaluated. It was
demonstrated that the selected 54 loci previously found in GWAS all together
explain 4%–6%, whereas Galton’s mid-parental values explain 40% of the height
variation. Adding genomic information to the mid-parental values provide only
a small (1.3%) increase in the proportion of variance explained. In forensics and
human medicine, the question of binary classification of a person (e.g., “very
tall” or not) on the basis of some profile (score) is of high interest. To estimate
the accuracy of the prediction of large values of height the ROC curve [55, 56]
was used. In medicine, ROC analysis is used extensively for the evaluation of
diagnostic tests. We show that the 54-loci genomic profile had a relatively low
discriminative accuracy compared to what is necessary for an effective prediction
(AUC = 65% for a person falling into the category of the 5% tallest).

In epidemiology, most of prediction studies are based on finding risk factors
responsible for disease (such as age, gender, smoking, blood pressure and so on)
and constructing a risk score which represents the joint influence of all known
risk factors. Risk scores provide an estimation of the probability to develop the
disease by a particular person. In our study (Chapter 3.1) we used genetic risk
score which contained the associated genetic variants that reached the genome-
wide significance threshold in GWAS served as risk factors. Recently, it was
demonstrated that genetic variants showing GWAS signals below the genome-
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wide significance threshold explain additionally up to 2.7% of total cholesterol,
2.6% of low density lipids, 4.8% of high density lipids [57], 1% of depression [58]
and 10% of height variation [30]. This indicates that there are many genetic risk
variants with smaller effects which were undiscovered in GWAS because of the
power and sample size issues and those variants can be successfully used for
prediction.

The studies of variants with low GWAS signals were motivated by the work on
height [31] where it was shown that 300, 000 common SNPs all together could
potentially explain 45% of height variance and that the remaining heritability is
due to variants of lower frequency. This is concordant with the hypothesis that
common traits are explained by many common SNPs each having a small effect
size (the “infinitesimal model” [59]). It suggests that future GWASs with larger
sample sizes will reveal novel associated genetic variants.

GWAS is a successful tool which will likely reveal many new associations
between phenotypes and common genetic variants in the future studies. However,
besides looking at common variants, it is also important to known the extent to
which rare variants contribute to the heritability of common traits. In Chapter 3.2,
the ability of known common genetic variants and environmental factors to
discriminate extreme levels of total cholesterol (TC) was studied. One can see
from Figure 3.4 which illustrates the relationship of total cholesterol categories vs.
the mean number of risk alleles of common SNPs, that the number of risk alleles
is slightly increased in the lower 5% TC group and slightly decreased in the upper
TC group. This means the some of individuals from those groups are there due
to factors other than known common variants. This can be due to the presence of
individuals having lipid lowering therapy who were mistakenly included in the
analysis. Alternatively, those factors can be rare environmental factors with large
effect sizes or, more likely, rare genetic variants with large effects. The authors of
a similar work on height [60] came to this conclusion about very short individuals.
They studied the 1.5% of tallest and shortest individuals from a sample of 78, 000
individuals and showed that some of the short stature is explained by factors
other than common genetic variation. In Chapter 3.2 and in Ref. [60] the deviation
from a purely polygenic model was observed only for very extreme phenotypic
values. A possible explanation is that the factors due to which this deviation in
height is observed (e.g. rare genetic variants with relatively large effect) explain a
relatively small proportion of the heritability. The same picture has been observed
in the work on hypertriglyceremia [34] in which the authors found that despite
a significant genetic burden in patients with hypertriglyceremia those variants
explain only 1.1% of the total trait variation (whereas clinical variables explained
19.7% and common genetic variants explained 20.8%).

Further study of extreme TC values is needed. It would be interesting to
conduct a study where TC is simulated according to the model in which rare
variants with relatively large effects determine a part of heritability and compare
the picture of the discriminative ability of common genetic variants for this
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simulated trait with real TC values. Such study will demonstrate how sensitive
the method is for detecting rare variants and possibly a proportion of such
variants in TC.

It would be interesting to apply the approach used in the work on height [60]
where a mean height values among extremes was compared to the simulated
values to TC. This approach may actually give an approximate answer on the
magnitude of the proportion explained by the factors other than common genetic
variants.

Implications of findings from the study described in Chapter 3.2 are important
for future studies of TC. There are multiple discussions on whether GWAS –
which is designed to detect common variants with relatively small effect sizes
– will serve as a productive instrument for this. My results suggest that the
proportion of heritability attributed to common variants with small effects is
simillar across the distribution. This suggests GWAS as an appropriate tool for
future studies on TC, even for the search of those extreme values.

The question about frequencies and effect sizes of genetic variants responsible
for variation in common traits and diseases has been under considerable dis-
cussion for a long time. The first genetic studies which located genetic regions
associated with phenotypic variation, due to the specificity of the methods used
(i.e., linkage analysis), discovered rare genetic alleles with large effect sizes on the
traits under study. Some argue that the simplest genetic model which could be
formed in the light of those discoveries at that time was a genetic model where
many rare genetic variants with relatively large effects influence common traits
(common disease/multiple rare variants hypothesis). However, later, GWAS showed
that common traits for a large part are explained by common variants (common
disease / common variant hypothesis).

The emergence of these two genetic models was preconditioned by a history of
development of technical and methodological instruments of massive genotyping
and analyzing the date and reflect only extreme manifestations of real genetic
models underlying common traits. To date, many rare variants with large effect
sizes and common variants with small effect sizes have been discovered for
various common traits. Even based only on knowledge about the validity of
these two models it is reasonable to assume that there should be variants with
frequencies and effects sizes between those extreme cases. In fact, such variants
have been discovered to date. Another model is a model where many rare
variants with small effects influence traits. GWAS has limited power to detect
such variants implying the need for a very large sample size (say tens of millions
of individuals) will likely detect some of such variants. However, recent mutations
in a population which may be present in one person only are difficult to detect
in GWAS. Based on logical reasoning, the trait’s associated variants could exist
in the whole range of allelic frequency and effect sizes and the main question to
answer in the future is what the amount of proportion is explained by each of
the genetic model.
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Studying rare variants in broad context was impossible until recently as the
chips used for genotyping were designed for GWAS, and, therefore, addressed
only common variants with allele frequency greater than 5%. The cost of sequen-
cing is decreasing, however, it is still expensive to sequence large populations. A
cheap alternative is a custom designed chip offered by Illumina and Affymetrix
where only specific variants are genotyped. As an example, the chip which
allows capturing exome sequencing provides genotyping of more than 1 million
non-synonymous variants most of which are rare [61]. This chip may facilitate
studies aimed to discovering causal variants as many of them are found in the
codding regions. It covers 92.8% of the well-annotated genes, allowing almost
complete whole exome sequencing. The Immunochip allows fine mapping of loci
(about 50, 000 variants) associated with vascular and inflammatory disease [62].
We used Illumina Metabochip [35] (which was designed for high-density genotyp-
ing of loci associated with metabolic traits) for studying craniocervical stenosis
(Chapter 3.3).

We found SNPs in the GLIS3 gene associated with increased risk of cranio-
cervical stenosis (OR 2.2-fold, 95% CI: 1.6–3.1). The SNP showing the strongest
association signal is not present on common GWAS arrays illustrating the po-
tential of the Metabochip as useful instrument for the detection associations.
GLIS3 codes for the GLIS family zinc finger 3, which was found to play a critical
role in the development of pancreatic β cells and insulin gene expression [63].
Deficiency of the GLIS3 product leads to hyperglycemia and hypoinsulinemia, as
well as reduced β cell response to glucose [63, 64]. Previous genetic studies have
found SNPs in the GLIS3 gene to be associated with increased fasting glucose
levels [65] and diabetes mellitus type 1 and 2 [66, 67]. In the analysis we did not
find an association between stenosis and loci previously associated with diabetes
mellitus, even though diabetes mellitus has been shown to increase the risk of
stenosis and high-grade stenosis in the carotid artery [68, 69]. The effect of the
genetic variants discovered in this study is large compared to the effects generally
discovered in GWASs motivating future similar studies.

This is the first study on craniocervical stenosis using a chip containing regions
associated with metabolic traits and showing presence of association with a SNP
which is not present on the chips commonly used in GWAS. The associated
regions are responsible on elevated fasting glucose levels that is in correspond-
ence with the previous studies on carotid intima-media thickness (IMT) which
demonstrated that development of increased IMT after ten years of follow-up
was associated with higher levels of fasting glucose at baseline [70, 71].

Validation of these findings in the replication cohort from a different ethnic
population is the best approach, however, there was no replication cohort found
by us. Cross-validation and bootstrapping can serve as a proxy for replication
in a different cohort. However, this approach can not replace a replication: a
magnitude of the GWAS signal, which in our study is slightly above genome-
wide significance threshold, will perhaps be reduced after cross-validation and
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bootstrapping that make the findings insignificant even if there is a possible true
association.

In this study, we observed high ethnic heterogeneity which may be a possible
genetic confounder in the analysis and consequently could be the reason for
the GWAS signal. The sample in this study consists of individuals from many
different ethnic groups (and probably individuals with parents from different
ethnic groups). Moreover, the high heterogeneity did not allow us to conduct
separate analysis on the various genetically close subsamples. Consequently, I
used principle component (PC) analysis with subsequent inclusion of three PCs
in the regression model. Ten PC were chosen as these represented the genetic
structure of population, whereas others PCs represented random noise. We
used the inflation factor λ to control against possible inflation due to population
stratification. In the study λ ≈ 1, indicating negligibly small inflation.

future studies of large data sets / outlook

Genetic studies in modern genetic epidemiology involve processing the large
data sets (such as millions of SNPs in thousands individuals) which requires
appropriately fast software tools. For the last decade, there are tens of software
tools developed for studying common and rare variants, GxG and GxE interaction,
expression data, copy-number variations an so on. The increasing amount and
new kind of genetic data require improving existing tools and developing the
new ones. New approaches can optimize and decrease cost of this process of
software development.

A general problem in bioinformatics is that many projects develop their own
solutions for common features. The function of storage and retrieving data is an
example. Many developers prefer to develop their own formats of storage and
corresponding application programming interface to retrieve genetic data. Often,
those solutions are inflexible (can not be easily extended to the new genetic data,
e.g., genome sequence) and work slowly. Furthermore, different data formats
create unnecessary barriers for analysis of the data by different software (e.g., a
user of GenABEL or ProbABEL has to convert the data to use it in the PLINK). All
those disadvantages seem to be not so severe when dealing with genetic data
currently used in GWAS (a few millions SNPs, a few thousands of individuals).
However, analysis of sequencing data probably will uncover those pitfalls. It will
be costly and difficult to store a data set of a few terabytes in different formats to
use it by different software tools. The solution can be the development of unique
protocol and software tools allowing optimal storage and fast access to the data.
A good example of such software in elementary particles physics is ROOT [72]
- a software package developed at CERN in 1995 which offers a flexible tool
(the TTtree class) for data storage which is optimized to reduce disk space and
enhance access speed. ROOT is the primary tool for processing data from the Large
Hadron Collider’s experiments estimated at several petabytes per year. Today,
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most experimental plots and results in the field are obtained using ROOT. For
future software projects in genetics it would be useful to develop a similar tool
(or adapt the existing ones) which is optimized for genetic data. Such projects
are possible only in the framework of open source and collaborative initiatives.
The GenABEL project [45] can server as a good example of such an initiative in
statistical genetics. It provides a platform for development and maintenance of
software and the exchange of ideas on an open source basis. The GenABEL project
has already addressed the data storage issue in DatABEL [73], however, the future
advances in the field will require further development of this tool.

GWAS substantially improved our understanding of the genetic architecture
of many traits. Five years ago very little was known about genetic variants
influencing variation of a heritable traits such as human height in the general
population. Today, GWAS has discovered several hundred genetic variants which
explain more than 10% of height variance. This is still too little for successful
prediction, however it gives us valuable clues about the genetic architecture of
common traits and raises the question about possible strategies for the future
studies. It was shown (Ref. [74]) that the number of loci identified in GWAS is
nearly proportional to sample size. This provides a good argument in favor of
performing GWASs with increased sample sizes as it will allow to detect variants
with smaller effects. By looking at the distribution of the effect sizes of the height
variants discovered up to date, one can see a clear exponential shape - every next
variant discovered in a new GWAS has a smaller effect size than the previous
one. By fitting exponent to this distribution it was roughly estimated from fit
parameters that a total number of height genetic common variants explaining
80% of height variation is about 100, 000 [75]. To discover this number of genetic
variants, we need to assess 50 millions individuals in GWAS (assuming that the
number of variants discovered is proportional to sample size). This is about three
times the size of the population of The Netherlands or about two times the size
of the population of Australia. Taking into account that the maximum sample
size used in the modern GWASs does not exceed a few hundreds of thousands of
individuals, revealing most of the genetic variants responsible for human height
variation seems a distant prospect.

These calculations are made under assumption that the phenotype is explained
by common variants (the infinitesimal model), however, there are arguments
supporting the genetic model in which rare variants with relatively large effects
influence the phenotype. One of them which came from the theory of evolutionary
states that as a disease is deleterious to fitness, variants that promote it should be
selected against and the existence of such variants reflects the balance between
mutation rate and purifying natural selection [59]. In the case of quantitative
phenotypes, this argument can be fully applied to the individuals with extreme
phenotypic values as they are suffering more from selection pressure (e.g., those
with high TC levels are more predisposed to cardiovascular diseases). There is
evidence that only individuals with extreme phenotypes are possibly enriched
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with rare variants with relatively large effect [60]. Those individuals are potential
candidates for the future sequencing studies which will lead to discovery of new
rare variants.

A very important field in epidemiological studies is trait prediction. The com-
mon approach nowadays is using GWAS findings as predictors which through
constructions of a risk score profile give us the predicted estimation of phenotypic
values. The power of this approach when applied for common traits such as
height is rather disappointing (only 10% of height variation can be explained
by GWAS findings). There is a greater success in animal studies where the
inbreeding values (traits of interest) of animals is predicted based on the relative
genetic relatedness of individuals. This approach allows the prediction of traits
with a high accuracy in inbred populations (which is common in animal studies),
however, in outbred population (such as often used in GWAS) the accuracy drops
drastically. Nevertheless, this methodology can be applied to future studies of
human isolated populations (such as ERF) which have relatively high inbreeding.

GWAS is, undoubtedly, the tool of choice for future studies and will facilitate
the discovery of many new common genetic variants. However, rare variants
and variants interacting with other factors (both genetic and non-genetic) explain
a fraction of the heritability of common traits. The core of this thesis consists
of studies of the complex genetic architecture of common traits. This includes
the development of GWAS methodology together with their implementation
in software tools as well as applying these new approaches to the study of
common and rare genetic variants and genetic variants involved in interactions.
Application of these methods and their further improvement will result in new
findings in future studies.
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summary

Genome-wide association studies (GWAS) have substantially improved our un-
derstanding of the complex genetic architecture of many common traits. For
the last decade, more than a thousand genetic variants were discovered using
GWAS. The fast development of the field necessitated the improvement of exist-
ing instruments as well as the development of new ones. This thesis discusses
methodology, software tools and new approaches facilitating the study of the
complex genetic architecture of common traits.

In Chapter 2.1, we describe the software tool ProbABEL, which allows efficient
running of GWASs of millions of SNPs in populations of thousands of individuals.
We implemented the most popular GWAS methods including analysis of quantit-
ative, binary, and time-to-event outcomes. For quantitative traits we implemented
a fast mixed-model-based score test for association in samples with differential
relationships that will facilitate analysis of family-based and genetically isolated
populations. A very important feature of ProbABEL is the ability to analyze im-
puted SNPs. Analysis of millions of SNPs using the mixed-model-based score
test in ProbABEL takes a few days for samples of several thousands of people (on
a Sun Fire X4540 server with an AMD Opteron 2356 CPU, 2.30 GHz, using only
one CPU core). We also implemented support for testing for interaction between
genetic variants and environmental factors through regression analysis. Since
its first release in 2009 ProbABEL has been widely adopted and has been used in
the analysis of many data sets, for example in GWAS of traits like gout, waist
circumference, smoking initiation, and height.

Genome-wide association studies were basically designed to test for associ-
ations with common genetic variants, however, there is evidence that rare variants
with relatively large effect sizes can capture a sizeable fraction of the heritability.
Particularly, various loss-of-function (LOF) variants have been shown to be re-
sponsible for trait variation. Multiple LOF variants at the same locus can act not
only in the homozygous state, but also in the compound heterozygous (CH) state,
where the presence of two different LOF variant alleles at the same gene, one on
each homologuous chromosome, influences the phenotype. In Chapter 2.2, we
demonstrate both theoretically and empirically by simulations that using such
a genetic model can be more powerful than a regular GWAS approach where a
single variant is tested. In a genome-wide scan of the red hair color phenotype
this analysis resulted in considerably more significant association signals than
single SNP analysis at MC1R. Besides MC1R, no other region of compound
heterozygous association with red hair was identified. We expect that this test is
generalizable to some of the known examples, such as HFE and hemochromatosis,
where both the allele effect sizes and frequencies are comparable to those of the
MC1R alleles.

Additionally, we addressed a genetic model in which a part of the heritability
of common traits is explained by gene-gene and gene-environment interactions.
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In Chapter 2.3, we describe a novel method which tests genetic variants for the
presence of interaction. We propose to use Levene’s variance homogeneity test
for detecting genetic variants affecting phenotypic variation. We showed that
such variants can influence a phenotype by interaction with other genetic or
non-genetic factors. The main advantage of this method is that the interaction
analysis does not require knowing the interacting factor (whether genetic or non-
genetic). The method answers the question whether a given variant is involved
in interaction or not.

In Chapter 3.1, we estimated the predictive power of 54 loci responsible for
height variation and compared it to the method proposed by Galton more than a
hundred years ago. We concluded that, compared to Galton’s method, the pre-
dictive power of these genetic variants is low. Studying extremely tall individuals
shows a similar picture: the 5% tallest individuals are discriminated from the
rest of population with an AUC value of only 65%, which is low. This conclusion
leads us to the issue of the hidden heritability and raises a question about further
possible strategies for studying the genetic architecture of complex traits which
will allow detecting new associations with genetic variants.

As mentioned earlier, there is evidence that rare variants with relatively large
effects can be responsible for part of heritability. It is difficult to detect such
variants either in linkage analysis (because the effect is not large enough) or in
GWAS because of the low allele frequency. In Chapter 3.2 we studied the extent
to which common variants with relatively small effects influence extreme levels of
total cholesterol (TC) in two populations (i.e. the family-based Erasmus Rucphen
Family study and the population-based Rotterdam Study). We studied the effect
of common and rare variants implicated in risk factors for cardiovascular disease.
The picture of the discriminative ability suggests that common variants have high
predictive ability even in the extreme levels of total cholesterol.

There are examples demonstrating the existence of traits where both common
and rare variants are located in the same loci as the GWAS signals. In Chapter 3.3,
an association between carotid artery stenosis and loci harboring SNPs previously
discovered in GWASs of metabolic traits is described. We discovered a variant in
the GLIS3 gene associated with carotid artery stenosis with 2.2 (95%CI 1.6 − 3.1)-
fold risk increase. This is a relatively large effect size compared to earlier GWAS
findings and hence motivates future similar studies. However, the limitations of
our study are its small sample size and lack of a replication cohort.

The core of this thesis are the methodology and accompanying software tools
for studying both common and rare genetic variants as well as variants involved
in interactions. The methods developed in the framework of this thesis show a
high potential for the discovery of new genetic factors in future studies and some
of them have already been instrumental in the discovery of new genetic variants.
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samenvatting

Genoomwijde associatiestudies (GWAS) hebben onze kennis van de complexe ge-
netische structuur van een groot aantal veelvoorkomende kenmerken aanzienlijk
verbeterd. In de afgelopen tien jaar zijn meer dan duizend genetische varianten
gevonden met behulp van GWAS. De snelle ontwikkeling van het veld leidde
zowel tot het verbeteren van bestaande hulpmiddelen als tot het ontwikkelen
van nieuwe. In dit proefschrift worden methodologie, computerprogramma’s
en nieuwe benaderingen besproken die onderzoek naar de complexe genetische
architectuur van veelvoorkomende kenmerken vergemakkelijken.

In hoofdstuk 2.1 beschrijven we het computerprogramma ProbABEL dat het
mogelijk maakt om GWASen van miljoenen SNPs in populaties bestaande uit
duizenden individuen op een efficiënte manier uit te voeren. We hebben de popu-
lairste GWAS methoden geïmplementeerd, waaronder analyse van kwantitatieve,
binaire, en tijd-tot-gebeurtenis uitkomsten. Voor kwantitatieve eigenschappen
hebben we een snelle, op mixed-models gebaseerde score-test voor associatie
in samples met differentiële relaties geïmplementeerd, die analyse mogelijk
maakt van op families gebaseerde populaties en genetisch geïsoleerde popu-
laties. Een van de belangrijkste kenmerken van ProbABEL is de mogelijkheid om
geïmputeerde SNPs te kunnen analyseren. Gebruik makend van de op mixed-
models gebaseerde score test duurt de analyse van miljoenen SNPs voor een
onderzoekspopulatie van enkele duizenden individuen enkele dagen (op een Sun
Fire X4540 server met een AMD Opteron 2356 CPU, 2.30GHz, gebruikmakend
van één processorkern). Onze implementatie ondersteunt ook het testen van
interacties tussen genetische varianten en omgevingsfactoren door middel van
regressieanalyse. Sinds de eerste editie in 2009 is ProbABEL op grote schaal in
gebruik genomen en gebruikt voor de analyse van vele datasets, bijvoorbeeld
voor de GWAS van kenmerken als jicht, heupomtrek, beginnen met roken en
lengte.

Genoomwijde associatiestudies zijn in principe ontworpen om te testen voor
associatie met veelvoorkomende genetische varianten. Er is echter bewijs voor
het feit dat zeldzame varianten met een relatief groot effect een noemenswaardig
deel van de erfelijkheid kunnen verklaren. Zo is aangetoond dat verschillende
functieverliesvarianten (loss-of-function, LOF varianten) verantwoordelijk zijn voor
variatie in kenmerken. Meerdere LOF varianten op dezelfde locus kunnen niet
alleen samenwerken in de homozygote toestand, maar ook in de samengestelde
heterozygote (compound heterozygote, CH) toestand, waarbij de aanwezigheid van
twee verschillende LOF variant allelen in hetzelfde gen, een op elk homoloog
chromosoom, het fenotype beïnvloeden. In hoofdstuk 2.2 tonen we zowel the-
oretisch als empirisch door middel van simulaties aan dat het gebruik van zo’n
genetisch model krachtiger is dan de reguliere GWAS benadering waarbij een
enkele variant wordt getest. In een genoomwijde scan van het fenotype “rode
haarkleur” resulteerde deze analyse in aanzienlijk meer significante associatiesig-
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nalen dan de analyse van een enkele SNP in MC1R. Behalve MC1R werd geen
ander gebied met samengesteld heterozygote associatie met rood haar geïden-
tificeerd. We verwachten dat deze test te generaliseren is voor enkele van de
bekende voorbeelden als HFE en hemochromatose, waar zowel de effectgroottes
als de frequenties van de allelen vergelijkbaar zijn met die van de MC1R allelen.

Daarnaast hebben we een genetisch model gemaakt waarin een deel van de
overerfbaarheid van veelvoorkomende kenmerken verklaard wordt door gen-gen
en gen-omgeving interacties. In hoofdstuk 2.3 beschrijven we een nieuwe methode
welke genetische varianten test op de aanwezigheid van interactie. Wij stellen
voor om Levene’s variantiehomogeniteitstest te gebruiken voor het detecteren
van genetische varianten die de variatie in fenotype beïnvloeden. We tonen aan
dat zulke varianten een fenotype kunnen beïnvloeden door interactie met andere
genetische en niet-genetische factoren. Het grote voordeel van deze methode is
dat voor de interactieanalyse geen kennis nodig is over de interagerende factor
(genetisch of niet-genetisch). De methode beantwoordt de vraag of een gegeven
variant betrokken is bij interactie, of niet.

In hoofdstuk 3.1 schatten we het voorspellend vermogen af van 54 loci ver-
antwoordelijk voor lengte en vergeleken dat met de methode welke meer dan
honderd jaar geleden door Galton werd voorgesteld. We concludeerden dat,
vergeleken met Galtons methode, het voorspellend vermogen van deze genet-
ische varianten laag is. Onderzoek naar extreem lange individuen toont een
vergelijkbaar beeld: de 5% langste individuen worden van de rest van de popu-
latie onderscheiden met een AUC-waarde van slechts 65%, hetgeen laag is. Deze
conclusie brengt ons bij het probleem van de onverklaarde erfelijkheid en roept
vragen op over mogelijkheden voor strategieën voor verder onderzoek naar de
genetische architectuur van complexe eigenschappen welke zullen leiden tot het
detecteren van nieuwe associaties met genetische varianten.

Zoals eerder vermeld is er bewijs dat zeldzame varianten met relatief grote
effecten verantwoordelijk kunnen zijn voor een deel van de erfelijkheid. Het
is moeilijk om zulke varianten te detecteren met behulp van linkage analyse
(omdat het effect niet groot genoeg is), of door GWAS omdat de allelfrequentie
te laag is. In hoofdstuk 3.2 onderzochten we de mate waarin veelvoorkomende
varianten met kleine effecten invloed uitoefenen op extreme waarden van totaal-
cholesterol (TC) in twee populaties (te weten de familiegebaseerde Erasmus
Rucphen Familiestudie en de populatiegebaseerde Rotterdam Studie). We on-
derzochten in hoeverre bekende genetische varianten en omgevingsfactoren
gebruikt kunnen worden om mensen met extreme TC-waarden van elkaar te
kunnen onderscheiden. Onze analyse laat zien dat frequente genetische variatie
een onderscheidend vermogen heeft over de gehele distributie.

Er zijn voorbeelden van het bestaan van kenmerken waarbij zowel veelvoorko-
mende als zeldzame varianten in dezelfde loci bevinden als de GWAS signalen.
In hoofdstuk 3.3 wordt een studie beschreven waarin de associatie tussen stenose
van de halsslagader en loci met daarin SNPs die eerder geassocieerd werden met
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metabole kenmerken. Wij vonden een variant in het GLIS3 gen, welke geasso-
cieerd werd met een 2.2 (95%CI 1.6 − 3.1)-voudige toename in risico voor stenose
van de halsslagader. Dit is een relatief groot effect vergeleken met eerdere GWAS
resultaten en motiveert dus vergelijkbare studies in de toekomst. Ons onderzoek
wordt echter gelimiteerd door een kleine studiepopulatiegrootte en het ontbreken
van een replicatiecohort.

De kern van dit proefschrift wordt gevormd door de methodologie en de
bijbehorende computerprogramma’s voor het bestuderen van zowel veelvoorko-
mende als zeldzame genetische varianten, alsmede varianten die betrokken zijn
bij interacties. De methoden die ontwikkeld zijn in het kader van dit proefschrift
tonen een groot potentieel voor de ontdekking van nieuwe genetische factoren in
toekomstige onderzoeken en sommige zijn al nuttig geweest voor de ontdekking
van nieuwe genetische varianten.
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выки и умения, которым вы меня научили, были ключевыми факторами для

успешного преодоления всех преград. Ваша любовь, очевидно, была основной

причиной появления этой книги. Спасибо.
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A, Raffel LJ, Yao J, Kathiresan S, O’Donnell CJ, Schwartz SM, Ikram MA, Longstreth WT Jr, Mosley TH, Seshadri S, Shrine NR, Wain LV, Morken
MA, Swift AJ, Laitinen J, Prokopenko I, Zitting P, Cooper JA, Humphries SE, Danesh J, Rasheed A, Goel A, Hamsten A, Watkins H, Bakker SJ, van
Gilst WH, Janipalli CS, Mani KR, Yajnik CS, Hofman A, Mattace-Raso FU, Oostra BA, Demirkan A, Isaacs A, Rivadeneira F, Lakatta EG, Orru M,
Scuteri A, Ala-Korpela M, Kangas AJ, Lyytikäinen LP, Soininen P, Tukiainen T, Würtz P, Ong RT, Dörr M, Kroemer HK, Völker U, Völzke H, Galan P,
Hercberg S, Lathrop M, Zelenika D, Deloukas P, Mangino M, Spector TD, Zhai G, Meschia JF, Nalls MA, Sharma P, Terzic J, Kumar MV, Denniff M,
Zukowska-Szczechowska E, Wagenknecht LE, Fowkes FG, Charchar FJ, Schwarz PE, Hayward C, Guo X, Rotimi C, Bots ML, Brand E, Samani NJ,
Polasek O, Talmud PJ, Nyberg F, Kuh D, Laan M, Hveem K, Palmer LJ, van der Schouw YT, Casas JP, Mohlke KL, Vineis P, Raitakari O, Ganesh SK,
Wong TY, Tai ES, Cooper RS, Laakso M, Rao DC, Harris TB, Morris RW, Dominiczak AF, Kivimaki M, Marmot MG, Miki T, Saleheen D, Chandak GR,
Coresh J, Navis G, Salomaa V, Han BG, Zhu X, Kooner JS, Melander O, Ridker PM, Bandinelli S, Gyllensten UB, Wright AF, Wilson JF, Ferrucci L,
Farrall M, Tuomilehto J, Pramstaller PP, Elosua R, Soranzo N, Sijbrands EJ, Altshuler D, Loos RJ, Shuldiner AR, Gieger C, Meneton P, Uitterlinden AG,
Wareham NJ, Gudnason V, Rotter JI, Rettig R, Uda M, Strachan DP, Witteman JC, Hartikainen AL, Beckmann JS, Boerwinkle E, Vasan RS, Boehnke M,
Larson MG, Järvelin MR, Psaty BM, Abecasis GR, Chakravarti A, Elliott P, van Duijn CM, Newton-Cheh C, Levy D, Caulfield MJ, Johnson T, Genetic
variants in novel pathways influence blood pressure and cardiovascular disease risk, Nature. 2011 Sep 11;478(7367):103-9.

28. Wain LV, Verwoert GC, O’Reilly PF, Shi G, Johnson T, Johnson AD, Bochud M, Rice KM, Henneman P, Smith AV, Ehret GB, Amin N, Larson MG,
Mooser V, Hadley D, Dörr M, Bis JC, Aspelund T, Esko T, Janssens AC, Zhao JH, Heath S, Laan M, Fu J, Pistis G, Luan J, Arora P, Lucas G, Pirastu N,
Pichler I, Jackson AU, Webster RJ, Zhang F, Peden JF, Schmidt H, Tanaka T, Campbell H, Igl W, Milaneschi Y, Hottenga JJ, Vitart V, Chasman DI,
Trompet S, Bragg-Gresham JL, Alizadeh BZ, Chambers JC, Guo X, Lehtimäki T, Kühnel B, Lopez LM, Polašek O, Boban M, Nelson CP, Morrison AC,
Pihur V, Ganesh SK, Hofman A, Kundu S, Mattace-Raso FU, Rivadeneira F, Sijbrands EJ, Uitterlinden AG, Hwang SJ, Vasan RS, Wang TJ, Bergmann S,
Vollenweider P, Waeber G, Laitinen J, Pouta A, Zitting P, McArdle WL, Kroemer HK, Völker U, Völzke H, Glazer NL, Taylor KD, Harris TB, Alavere
H, Haller T, Keis A, Tammesoo ML, Aulchenko Y, Barroso I, Khaw KT, Galan P, Hercberg S, Lathrop M, Eyheramendy S, Org E, Sõber S, Lu X, Nolte
IM, Penninx BW, Corre T, Masciullo C, Sala C, Groop L, Voight BF, Melander O, O’Donnell CJ, Salomaa V, d’Adamo AP, Fabretto A, Faletra F, Ulivi

2
0

9



S, Del Greco F, Facheris M, Collins FS, Bergman RN, Beilby JP, Hung J, Musk AW, Mangino M, Shin SY, Soranzo N, Watkins H, Goel A, Hamsten
A, Gider P, Loitfelder M, Zeginigg M, Hernandez D, Najjar SS, Navarro P, Wild SH, Corsi AM, Singleton A, de Geus EJ, Willemsen G, Parker AN,
Rose LM, Buckley B, Stott D, Orru M, Uda M; LifeLines Cohort Study, van der Klauw MM, Zhang W, Li X, Scott J, Chen YD, Burke GL, Kähönen M,
Viikari J, Döring A, Meitinger T, Davies G, Starr JM, Emilsson V, Plump A, Lindeman JH, Hoen PA, König IR; EchoGen consortium, Felix JF, Clarke R,
Hopewell JC, Ongen H, Breteler M, Debette S, Destefano AL, Fornage M; AortaGen Consortium, Mitchell GF; CHARGE Consortium Heart Failure
Working Group, Smith NL; KidneyGen consortium, Holm H, Stefansson K, Thorleifsson G, Thorsteinsdottir U; CKDGen consortium; Cardiogenics
consortium; CardioGram, Samani NJ, Preuss M, Rudan I, Hayward C, Deary IJ, Wichmann HE, Raitakari OT, Palmas W, Kooner JS, Stolk RP, Jukema
JW, Wright AF, Boomsma DI, Bandinelli S, Gyllensten UB, Wilson JF, Ferrucci L, Schmidt R, Farrall M, Spector TD, Palmer LJ, Tuomilehto J, Pfeufer A,
Gasparini P, Siscovick D, Altshuler D, Loos RJ, Toniolo D, Snieder H, Gieger C, Meneton P, Wareham NJ, Oostra BA, Metspalu A, Launer L, Rettig R,
Strachan DP, Beckmann JS, Witteman JC, Erdmann J, van Dijk KW, Boerwinkle E, Boehnke M, Ridker PM, Jarvelin MR, Chakravarti A, Abecasis GR,
Gudnason V, Newton-Cheh C, Levy D, Munroe PB, Psaty BM, Caulfield MJ, Rao DC, Tobin MD, Elliott P, van Duijn CM, Genome-wide association study
identifies six new loci influencing pulse pressure and mean arterial pressure, Nat Genet. 2011 Sep 11;43(10):1005-11.

29. Böger CA, Chen MH, Tin A, Olden M, Köttgen A, de Boer IH, Fuchsberger C, O’Seaghdha CM, Pattaro C, Teumer A, Liu CT, Glazer NL, Li M,
O’Connell JR, Tanaka T, Peralta CA, Kutalik Z, Luan J, Zhao JH, Hwang SJ, Akylbekova E, Kramer H, van der Harst P, Smith AV, Lohman K, de
Andrade M, Hayward C, Kollerits B, Tönjes A, Aspelund T, Ingelsson E, Eiriksdottir G, Launer LJ, Harris TB, Shuldiner AR, Mitchell BD, Arking
DE, Franceschini N, Boerwinkle E, Egan J, Hernandez D, Reilly M, Townsend RR, Lumley T, Siscovick DS, Psaty BM, Kestenbaum B, Haritunians T,
Bergmann S, Vollenweider P, Waeber G, Mooser V, Waterworth D, Johnson AD, Florez JC, Meigs JB, Lu X, Turner ST, Atkinson EJ, Leak TS, Aasarød K,
Skorpen F, Syvänen AC, Illig T, Baumert J, Koenig W, Krämer BK, Devuyst O, Mychaleckyj JC, Minelli C, Bakker SJ, Kedenko L, Paulweber B, Coassin
S, Endlich K, Kroemer HK, Biffar R, Stracke S, Völzke H, Stumvoll M, Mägi R, Campbell H, Vitart V, Hastie ND, Gudnason V, Kardia SL, Liu Y,
Polasek O, Curhan G, Kronenberg F, Prokopenko I, Rudan I, Arnlöv J, Hallan S, Navis G; CKDGen Consortium, Parsa A, Ferrucci L, Coresh J, Shlipak
MG, Bull SB, Paterson NJ, Wichmann HE, Wareham NJ, Loos RJ, Rotter JI, Pramstaller PP, Cupples LA, Beckmann JS, Yang Q, Heid IM, Rettig R,
Dreisbach AW, Bochud M, Fox CS, Kao WH, CUBN is a gene locus for albuminuria, J Am Soc Nephrol. 2011 Mar;22(3):555-70.

30. Okada Y, Sim X, Go MJ, Wu JY, Gu D, Takeuchi F, Takahashi A, Maeda S, Tsunoda T, Chen P, Lim SC, Wong TY, Liu J, Young TL, Aung T, Seielstad M,
Teo YY, Kim YJ, Lee JY, Han BG, Kang D, Chen CH, Tsai FJ, Chang LC, Fann SJ, Mei H, Rao DC, Hixson JE, Chen S, Katsuya T, Isono M, Ogihara T,
Chambers JC, Zhang W, Kooner JS; KidneyGen Consortium; CKDGen Consortium, Albrecht E; GUGC consortium, Yamamoto K, Kubo M, Nakamura
Y, Kamatani N, Kato N, He J, Chen YT, Cho YS, Tai ES, Tanaka T, Meta-analysis identifies multiple loci associated with kidney function-related traits in east
Asian populations, Nat Genet. 2012 Jul 15;44(8):904-9.

* Those authors contributed equally

2
1

0



about the author

Maksim Struchalin was born in Academgorodok, Novosibirsk, Russia in 1982.
After graduating from high school on 1999, he was admitted to Novosibirsk
State Technical University on the Physical-Technical Faculty where he studied
physics of the nucleus and elementary particles. Two years later he was part-
time employed as a laboratory assistant in laboratory 3-2, Budker’s Institute of
Nuclear Physics (BINP), Russia. Later, a scientific project which he performed
at BINP was recognized as the best student project presented on the student
conference “The days of Science NSTU-2005” in the section “physics” and got
funding support from Novosibirsk State Technical University. In 2005, during
his Master study and scientific work in BINP, Maksim was part-time employed
as a scientific programmer in the Laboratory of Genetic Recombination and
Segregation, Novosibirsk Institute of Cytology and Genetics, Russia where he
worked for a year. In 2007, after a year of PhD study in BINP, he moved to
Rotterdam, The Netherlands where he obtained a Master of Science degree
in epidemiology and started a PhD study in the Epidemiology Department,
Erasmus MC University Medical Center (head: Prof.dr. A. Hofman) in the genetic
epidemiology unit (head: Prof.dr.ir. C.M. van Duijn). During his PhD study,
Maksim co-authored about thirty publications, was involved in teaching activities
and played an important role in bringing innovative computational hardware
to the ErasmusMC in the framework of the Academic Partnership Program of
nVidia Corporation

211

http://www.nvidia.com/content/research/academic-partnership-program.html

	Title
	Contents
	1 Chapter: General Introduction
	2 Chapter: Novel methods and software for genome-wide association studies and beyond
	2.1 ProbABEL package for genome-wide association analysis of imputed data.

Aulchenko YS, Struchalin MV, van Duijn CM.

BMC Bioinformatics. 2010 Mar 16;11:134. doi: 10.1186/1471-2105-11-134.

PMID: 20233392 [PubMed - indexed for MEDLINE] Free PMC Article
	2.2 Detecting low frequent loss-of-function alleles in genome wide association studies with red hair color as example.  Liu F, Struchalin MV, Duijn Kv, Hofman A, Uitterlinden AG, Duijn Cv, Aulchenko YS, Kayser M.  PLoS One. 2011;6(11):e28145. doi: 10.1371/journal.pone.0028145. Epub 2011 Nov 29.  PMID: 22140526 [PubMed - indexed for MEDLINE] Free PMC Article
	2.3 Variance heterogeneity analysis for detection of potentially interacting genetic loci: method and its limitations.

Struchalin MV, Dehghan A, Witteman JC, van Duijn C, Aulchenko YS.

BMC Genet. 2010 Oct 13;11:92. doi: 10.1186/1471-2156-11-92.

PMID: 20942902 [PubMed - indexed for MEDLINE] Free PMC Article
	2.4 An R package "VariABEL" for genome-wide searching of potentially interacting loci by testing genotypic variance heterogeneity.

Struchalin MV, Amin N, Eilers PH, van Duijn CM, Aulchenko YS.

BMC Genet. 2012 Jan 24;13:4. doi: 10.1186/1471-2156-13-4.

PMID: 22272569 [PubMed - indexed for MEDLINE] Free PMC Article

	3 Chapter: Post-GWAS studies to dissect the complex genetic architecture of common traits
	3.1 Predicting human height by Victorian and genomic methods.  Aulchenko YS, Struchalin MV, Belonogova NM, Axenovich TI, Weedon MN, Hofman A, Uitterlinden AG, Kayser M, Oostra BA, van Duijn CM, Janssens AC, Borodin PM.  Eur J Hum Genet. 2009 Aug;17(8):1070-5. doi: 10.1038/ejhg.2009.5. Epub 2009 Feb 18.  PMID: 19223933 [PubMed - indexed for MEDLINE] Free PMC Article
	3.2 The role of common genetic and environmental factors in extreme high and low levels of total cholesterol
	3.3 Associations between recently discovered genetic variations in metabolic traits and arterial stenosis in patients with recent cerebral ischemia

	4 Chapter: Supplementary information
	4.1 Detecting low frequent loss-of-function alleles in genome wide association studies with red hair color as example.
	4.2 Variance heterogeneity analysis for detection of potentially interacting genetic loci: method and its limitations
	4.3 An R package VariABEL for genome-wide searching of potentially interacting loci by testing genotypic variance heterogeneity
	4.4 Predicting human height by Victorian and genomic methods
	4.5 The role of genetic and environmental factors in extreme levels of total cholesterol

	5 Chapter: General Discussion
	6 Chapter: Summary in English and Dutch
	7 Chapter: PhD Portfolio Summary
	publications
	about the author



