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Introduction

What makes us ill and what keeps us healthy? What can we do to live a long and
healthy life? These questions have probably been asked all the way back to the first
humans living on earth.

Is a disease always an outside interference or is it predetermined by our genes? And
if it is written into our genes, what can we do at least to influence the course of the
disease?

The quest to explain the development of a disease is a complex undertaking; it is a
delicate search for clues; it is the work of a detective. All the tiny clues, all the small
pieces need to be assembled into one final picture, like the pieces of a puzzle. Indeed,
it is even more complicated than that. With an ordinary puzzle, we can only arrange
the pieces in one particular way. Now imagine a “disease puzzle” that has more pieces
than the number needed to complete the puzzle; that can be solved in several possible
ways, all of which lead to the same final picture; and which, finally, and, perhaps,
most puzzlingly, contains pieces that can be merged together to form new shapes.
This analogy may give a hint of the complexity of the genetics that underlie a disease.
I will later come back to this analogy.

Traditionally, people have searched for “visible” factors that cause or increase the
risk of a disease: the environmental factors. These factors can be identified by ob-
serving the environment and the behaviour of affected individuals. Determining the
environmental factors is not straightforward, however, because they are caused by out-
side influence they have been studied more intensively. But what about the less visible
factors? What about the inherited risk?

Unravelling the heritability and genetic causes behind traits has kept scientists busy
for centuries. Probably the first scientist who comes to mind in this context is Gregor
Mendel, the father of modern genetics. But not only scientists have studied the inher-
itance of traits. People have long observed the degree of resemblance between parents
and their offspring, long before Mendel performed his first experiments. When a child
is born, one of the first things people notice is that it has “the eyes of her mother” or
“the nose of his father”. Hence, it is only logical to posit that not only looks but also
diseases may be inherited.

Just as the heritability of eye colors, body height and skin color is complex, so too
is the genetic component of most diseases. In fact, most of today’s diseases are in-
fluenced by many genetic factors. In addition, a trait may be attributed not only to
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genetic factors. Body height, for instance, is also influenced by environmental factors,
such as nutrition. Altogether, unraveling the genetics behind a disease is a complex
undertaking because every disease itself is complex.

It seems clear that we can only influence the course of a disease if we understand
the mechanisms that underlie it. A large fraction of the environmental factors that
influence diseases have been identified, but it is a different picture when it comes to
the genetic factors. The reason for this imbalance is that it is more complicated by far
to unravel the genetic mechanisms that influence a disease. We need to take an inside
view, a look at the genome. For a long time, a systematic search was not possible and
the discovery of new genetic factors progressed very slowly. However, during the past
few years, genome-wide association (GWA) studies have enabled an efficient search
across the whole genome. Several new genetic factors have been identified in this way
and, thanks to GWA studies, we are now slowly beginning to understand the genetic
causes of complex diseases. But we are not there yet. A great fraction of the genetic
factors of complex diseases have not yet been identified. Some pieces of the puzzle are
still missing.

At the beginning, I described the genetics of a disease as a very complex puzzle.
The genetic and environmental factors are the basic puzzle pieces. But what did I
mean when I described puzzle pieces that merge together to form new shapes? In my
analogy, these pieces symbolize epistatic effects. A disease may not be fully explained
by the sum of the individual causal factors. Indeed, certain factors, environmental or
genetic, may only have an effect at all in combination with other factors. If we only
search for individual factors, we cannot expect to fully understand the mechanisms of
a disease nor influence its course.

The goal of this work is to propose risk prediction models for GWA data as well as
methods for identifying interacting variants and disease structures which may broaden
our knowledge of the genetics underlying a disease.

The tools used to achieve this goal will be taken from the area of machine learning.
In the vocabulary of this discipline, risk prediction corresponds to classification or
regression; the identification of interacting variants corresponds to feature selection. I
will describe the development and introduction of new methods into a field in which
machine learning applications had only been applied and explored to a limited degree,
probably because their application is not straightforward. While this work was being
prepared, other groups in parallel were also making progress on this front.

Introducing machine-learning techniques to the field of GWA studies is not only a
question of implementing new ideas and writing numerous lines of code, of evaluating
the performance on simulated data and testing the performance on real data sets. A
compounding difficulty is that we do not know all of the characteristics of the data –
how complex its structure is, what its quality level is, and what pitfalls it may harbour.
As an example, hours of work are spent only on identifying quality issues that might
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otherwise undermine any good approach. I can report, for instance, that excellent
classification can be achieved solely by exploiting different missing rates between cases
and controls.

In the first part of this thesis, I will explore to what degree risk prediction can be
improved by classifying on multiple instead of single variables. One method I will
use is the support vector machine, one of the most popular classification algorithms.
Another is the well-known Adaboost algorithm, which I will modify for use on GWA
data. Both of these classifiers show convincing results and predict disease risk more
accurately than would be possible with individual SNPs. I will also evaluate how the
prediction quality depends on the number of variants used and show how we can
use the support vector machine to rank variants according to their relevance for the
disease. The modified Adaboost algorithm is published in [1].

The second part of this thesis deals with feature selection. The most common way of
selecting the most relevant variants is to rank them by p-value, a statistical measure of
significance. However, this ranking assigns high values only to variants that have an
individual effect; interactions between variants are ignored. I will show how interac-
tions can be identified using the sparse coding algorithm, which can find patterns in
multi-dimensional data. On simulated data that contains a known pattern of interact-
ing SNPs, the sparse coding algorithm successfully identifies these SNPs. This result
carries over to real data: On one of the real data sets, if the support vector machine
is restricted to use only the relevant SNPs identified by sparse coding, it predicts dis-
ease risk better than if it is applied to all SNPs. Using sparse coding to identify SNP
patterns is published in [2].

In the third and final part, I will show how a good classification can be achieved
with only a very small number of variables. This result is important because classifiers
based on large ensembles of SNPs are difficult to interpret. If the number of SNPs is
small, we have a real chance of understanding why the classification is successful, and
this, in turn, may give us new insights into the genetic causes of the disease.

I approach this problem by introducing a sparse linear regression algorithm; this al-
gorithm performs a combination of feature selection and classification. I show that the
algorithm can be applied to large data sets without any preselection step, unlike other
algorithms, which often require a preselection of variables to ease the computational
burden. On one data set, I was able to identify a truly disease-specific variable that
could not be linked to the disease by its individual effect. The sparse linear regression
algorithm for interpretive risk prediction is introduced in [3].

Much of the work that I have done over the last years has been as part of a group;
for consistency, I will use the personal pronoun “we” throughout the thesis even if the
results are solely my own.
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Part I

Basics





1 On the trail of genome studies

Genetic factors play an important role in the pathogenesis of most of today’s diseases.
One can broadly categorize these diseases into two classes: Mendelian diseases and
complex diseases. Mendelian diseases are caused by a mutation in a single gene and
are typically rare in the general population. In contrast, complex diseases are expected
to be largely multifactorial and are much more common in the population. Hence,
they are often referred to as common complex diseases.

The genetic influence is probably most obvious when it comes to Mendelian dis-
eases, where a mutation in a single gene is sufficient. The genetic influence on com-
plex diseases, such as inflammatory bowel disease (IBD) and coronary artery disease
(CAD) is on the other hand less clear. Twin studies are one possibility to estimate the
heritability of a complex disease. The heritability is calculated by comparing the risk
between monozygotic and dizygotic twins given that one twin is diseased. Whereas
the monozygotic twins share nearly all of their genes, dizygotic twins share, on av-
erage, about 50% of their genes [4]. We can estimate the extent to which the genetic
variation influence the disease if we compare the occurrence of a trait for monozygotic
twins with the occurrence for dizygotic twins. The heritability is calculated as twice
the difference between the correlations of the monozygotic and dizygotic twins [5].
For most common complex diseases the heritability is estimated to range from 30% to
over 50% [6].

Whereas Mendelian diseases are caused by rare variants, complex diseases are ex-
pected to be largely influenced by common variants. The so-called common-disease-
common-variant (CD/CV) hypothesis assumes that common genetic variants play a
role in the development of common diseases [7]. The premise underlying the CD/CV
hypothesis is that common variants are responsible for 99% of the variation in the
population. Most susceptibility variants are expected to have only small effects, and
hence several variants will influence common diseases [8]. For a long time, common
variants were expected to play the major role in the development of common diseases.
However, this view has recently changed and rare variants are now also thought to
have a large influence [9].

Before the age of genome-wide association (GWA) studies, there were mainly two
strategies to unravel the genetic cause of a disease: linkage analysis and the candidate
gene approach. Linkage analyses genotyped families with numerous affected individ-
uals. This dataset is searched for genetic loci that are inherited along with a disease.

7



The candidate gene approach concentrates on specified genes that are expected to
have an influence on a disease. These candidate genes are chosen based on a-priori
assumptions. The main disadvantage of the candidate gene approach is that it only
accounts for the variants within the selected region and hence misses the possible
causal variants at other locations in the genome [10]. The linkage approach does not
concentrate only on specific genes; however, it may not have enough power to detect
causal variants due to the limited number of individuals in the scanned families [10].

Linkage analyses have been very successful in identifying the genes that underlie
Mendelian diseases. The success of linkage studies is mainly due to the fact that the
disease specific gene can readily be traced back to affected individuals in the pedi-
gree [10]. Common complex diseases, on the other hand, do not have a clear pattern of
inheritance, since several factors, and no single gene mutation, cause the disease [11].
Hence it is not surprising that, unlike for Mendelian diseases, the linkage analysis
has been disappointingly unsuccessful in unraveling the genetic causes of common
complex diseases. Over the years, linkage studies have identified only about a dozen
genetic variants (aside from the HLA locus) that they could reproducibly associate
with a common complex disease. To put this number into relation: in the last decade,
GWA studies have identified around 1000 variants [8].

GWA studies offer a solution to the drawbacks of both linkage and candidate gene
studies [8]. First, GWA studies have greater power to detect common disease variants
than linkage studies and second, GWA studies allow a broader coverage of the genome
than candidate gene studies [10]. GWA studies have revolutionized our perspective on
the function and information content of the human genome. GWA studies allow us to
analyze the genome without any hypotheses or use of a-priori knowledge and hence
allow an unbiased investigation of the biological and genetic causes of a disease. The
breakthroughs that GWA studies have achieved have only been possible because of
the new genotyping technologies [12]. With the ability to sequence the human genome
with genotyping arrays, often referred to as SNP chips, it is now feasible to genotype
large numbers of SNPs. Today, these SNP chips allow up to 2 million variants to
be genotyped simultaneously [8]. In addition, imputation methods enable to predict
the genotypes of SNPs that are not directly genotyped in the study. This increases
the power and coverage of GWA studies [13]. By testing large number of variants
distributed all across the genome, GWA studies have been able to identify new regions
not considered so far, and are hence slowly beginning to unravel the genetic causes of
complex diseases.
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1.1 What have we learned from GWA studies so far?

Genome-wide association studies have been tremendously successful in identifying
new loci associated with common complex diseases. On the basis of coronary artery
disease (CAD) and myocardial infarction (MI) one can clearly see the progress over
the last few years.

In the first wave of GWA studies, three independent studies were published that
identify genetic loci for coronary artery disease [14–16]. Surprisingly, all three studies
reported significant association for the same locus on chromosome 9p21.3. No prior
studies had so far linked nor assumed this locus to be associated with CAD. The chro-
mosome 9p21.3 locus clearly demonstrates the value of GWA studies. Only the sys-
tematic search for inherited components all across the genome can now easily identify
loci that would be neglected in candidate gene analysis and would not be identified
in linkage analysis due to lack of power.

The 9p21.3 locus lies in a non-coding region and has so far not been linked to any
gene. The closest genes are CDKN2A, CDKN2B and ARF. These genes are however
about 100 kb away, making it difficult to link the locus to a causal variant that in-
fluences CAD. However, it appears that the 9p21.3 locus harbors a non-coding RNA
gene (ANRIL) that affects the regulation of other genes [17, 18]. Since the first studies
reported the 9p21.3 locus, this locus has been validated in several subsequent stud-
ies [19].

In addition to the 9p21.3 locus, the first GWA studies identified several other disease
loci that were also unexpected because they were not linked to human disease mech-
anisms. For instance, a locus on chromosome 3p22.3 was linked to the pathogenesis
of MI [14]. The locus is found in the muscle RAS oncogene homologue gene (MRAS),
which has a high expression rate in several tissues, especially in the heart. The MRAS
locus was previously linked to inflammation [20], and the results indicate a role of
MRAS in adhesion signaling, which is important in CAD [21].

Besides identifying unforeseen susceptibility loci, the studies also identified a num-
ber of loci that can be linked to traditional risk factors. A prominent example is the
chromosome 1p13.3 locus [14]. This locus has, after it was first associated with CAD,
been linked to LDL cholesterol (LDL-C) and a decrease in LDL-C levels [22, 23].

Subsequent GWA studies replicated some of the reported loci and identified new
variants. After the first wave of GWA studies, about a dozen loci were associated
with CAD [21]. The heritability of CAD is expected to account for 30 to 60% of the
risk [24, 25]. However, the variants identified in the first wave explain only a small
fraction of the expected heritability. Some of the missing heritability is expected to be
found within the variants with small effects or small allele frequencies.

Since the first wave of GWA studies had insufficient power to identify such vari-
ants, the second wave of GWA studies aimed to increase the power by increasing the
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Figure 1.1: Illustration of the CAD- and MI- associated loci detected in the first and second
wave of GWA studies. The red- and the blue squares represent the first and second wave
loci respectively. Of the loci that were detected in the second wave, all but one show
small effect size, hence previous GWA studies lacked the power to identify these loci. The
one locus with stronger effect size has a small minor allele frequency which prevented
this locus from being detected in the first wave. (Reproduced with permission of Jeanette
Erdmann.)

sample size. The CARDIoGRAM consortium [26] assembled more than 22,000 cases
and 64,000 controls of European ancestry from 14 GWA studies on CAD for a meta-
analysis and additionally more than 56,000 individuals for a replication study. 10 of
the 12 previously reported loci were validated by the meta-analysis and replication
study, and an additional 13 new loci were associated with the risk of CAD. Of the
13 new loci, all but one show small effect size, hence previous GWA studies lacked
the power to identify these loci, as shown in Figure 1.1. The one locus with stronger
effect size has a small minor allele frequency, and hence the GWA studies of the first
wave also lacked the power to detect this locus. The majority of the newly identified
variants lie in gene regions that were not so far linked to the pathogenesis of CAD.
Hence, the variants indicate that previously not identified pathways may play a role
in the development of CAD.
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Figure 1.2: Schematic illustration of the genetic loci associated with coronary disease and
myocardial infarction. The red- and the blue colour represent the first and second wave
loci respectively. (Reproduced with permission of Jeanette Erdmann)

Despite the efforts of the second wave of GWA studies, the CAD-associated loci
identified so far still explain only about 10% of the heritability of CAD [26]. The rela-
tively small fraction of explained heritability is however consistent with the results of
most complex diseases [27].

After the first years of GWA studies the question arises: How can we transfer the
GWA study results to clinical medicine, risk prediction and understanding of human
biology and pathophysiology? In order to use the new knowledge gained by GWA
studies for treatment and prevention, efforts have to be made to understand the genetic
cause of a disease by analysing the function of the genes affected by the variants
as well as the mechanisms of the affected pathways. Linking the disease-associated
variants to biological mechanisms is a key step in improving our understanding of a
disease. Some of the identified variants have been linked to pathways whereas other
variants are studied in animal models to better understand the biological process.
However, only a small fraction of the identified variants can so far be linked to the
causal mechanism, and the identification of disease-associated variants has not been
completed.
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1.2 The missing brick

Despite the success of GWA studies for complex diseases, the genetic heritability is
far from being explained. The variants identified so far explain only a small fraction
of the expected heritability. The rest of the heritability remains to be identified. Meta-
analyses have more power to identify rare variants and variants with small effects, and
further loci might hence be identified.

But how many more variants will need to be identified to fully explain the heritabil-
ity? And will these variants be relatively few, but with a strong effect, or comparatively
many, each with only a weak effect? The heritability of a disease is mainly calculated
based on family studies, these calculations are generally based on the assumption that
the effect of multiple variants present simultaneously is the sum of the individual ef-
fects [27]. In other words, the assumption is that multiple variants combine additively
but that there is no interaction or epistasis between the variants. If there is signifi-
cant interactions, then the number of variants required to fully explain the heritability
might be smaller than that which we would expect if we assume that multiple variants
combine purely additively [8]. It therefore seems important that studies of disease her-
itability should be able to account for gene-gene and gene-environment interactions.
This is an area where GWA studies that focus on single-locus effects alone have a sub-
stantial weakness in that they may not identify the more complex genetic mechanisms
underlying multifactorial traits [28–30]. Indeed certain variants may only have an ef-
fect at all in combination with other variants; such variants would be missed entirely
by single-locus studies.

1.3 How do we get from disease association to risk prediction?

So far, GWA studies have enabled for a systematic search for genetic variants associ-
ated with a disease. Besides the aim of understanding the genetic cause of a disease, a
further goal is to allow a risk prediction based on genetic variants. However, whether
the variants that have been identified so far or that may be identified in the future will
be sufficient to make useful risk prediction remains to be seen. Some efforts have been
made to incorporate identified variants in a risk score [26, 31]. However, it seems that
the identified variants explain too little in order to permit a suitable risk prediction.

This failure of risk prediction may however not only be due to the lack of variants
explaining the heritability of a disease, but also due to the fact that interactions be-
tween variants are ignored. A risk score based on the additive combination of known
disease variants does not cover interactions between the variants. In addition, as pre-
viously discussed, a disease effect might only come about through an interaction of
variants. If we only account for single-effect loci, we will miss these variants. Interac-
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tion analysis might hence not only be of value in to describe more of the heritability
of a disease, but also to permit an improved risk prediction.

Epistatic effects are, however, not straightforward to identify. The main reason for
this is the large number of combinations that have to be tested. For example, assume
that a GWA study has genotyped only 1000 loci. To identify all single-locus effects,
1000 test have to be performed. If we wish to identify all potential interactions of two
loci, we already need to perform a million tests; to identify all three-locus interactions,
we need to perform a billion tests; and so on. This combinatorial explosion is even
more severe for the hundreds of thousands of loci found in today’s datasets. Hence,
suitable feature selection and classification methods as well as a combination of both
are needed to obtain satisfactory risk prediction and a better understanding of the
mechanisms underlying a disease.

1.4 The goal

The goal of this work is to predict disease risk from GWA data as well as to iden-
tify interacting variants and thus better understand the cause of a disease. Several
disease-associated loci have been identified through GWA studies. Initially, evaluations
of GWA studies focused mainly on single-locus effects, but research groups are now
starting to search for more complex structures. As we saw above, the large number of
loci in today’s GWA studies makes it impossible to test all possible combinations of
variants for disease-associated interactions. Suitable feature selection approaches are
thus needed to identify a subset of variants that should be studied further. A standard
feature selection approach is to select certain variables based on their individual ef-
fects. The problem with this approach is that some variants may only have an effect
in combination, but not individually. Since such variants will obviously not be found
if we look only at individual effects, there is a clear need for alternative approaches.
We will in this work suggest feature selection approaches that select combinations of
variants largely independent of their individual effects.

Whether genetic risk factors are useful in a clinical setting depends strongly on their
predictive value. A variant that only causes a small increase in risk does not on its
own permit a useful risk prediction. A better risk prediction may be possible if several
such variants are combined in a suitable way. So far, studies that have attempted to
do this only on known risk factors have not been successful in making useful risk
predictions. One reason for this may be that, in general, these methods only account
for additive effects and ignore possible interactions, even though such interactions may
have a strong effect on risk. Thus, there is a clear need for more complex methods that
will account for these interactions. We will in this work introduce and adapt existing
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classification approaches to the field of GWA studies and use them to perform risk
prediction.

Most GWA studies typically genotype several thousands of SNPs all across the
genome. The number of genotyped variants is expected by far to exceed the number
of variants that will be associated with the disease. Classification methods that incor-
porate large numbers of variants hence also incorporate large numbers of variants that
do not influence disease risk. Indeed, this noise may even make the classification worse
than if it were based on only a few true risk variants. Moreover, a classifier based on a
large number of SNPs is difficult to interpret if our goal is to understand the genetic
mechanisms underlying a disease.

Classification is generally improved if the data include interactions between the vari-
ants. If we look for a small subset of SNPs that permits a close to optimal classification,
this subset will probably include these interacting variants. Hence, we will in this work
also build classifiers that are only based on a small but optimal subset of SNPs. With
this method we aim to improve classification as well as to identify possible epistatic
effects and broaden our understanding of the genetic structure underlying a disease.
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2 Data

In this chapter, we will describe the various data sets that are used in this thesis in
detail. These data sets encompass simulated and real GWA data and will be used to
test the algorithms developed in later chapters.

2.1 Simulated Datasets

Simulated data sets are of great use for evaluating and comparing feature selection
and classification algorithms because the ground truth is known and can be compared
to the results of the algorithms and because the exact properties of the data set can be
controlled. Real GWA data have known and unknown properties that can influence
the performance of an algorithm. Since we know little about the complex structures
and relationships between SNPs that may be contained in these data sets – after all, the
very purpose of this work is to find these structures – it can be difficult to understand
why an algorithm behaves the way it does on these data sets.

Simulated data sets have the advantage that we can control the effect size, frequen-
cies of the alleles and the number of relevant variables. Moreover, we can incorporate
patterns of a specific size into the data. Because we know which SNPs are disease-
relevant, we know exactly which of these SNPs a particular algorithm has found or
not found. This helps us to adjust and improve the algorithms. If we know the pos-
sibilities and limits of the algorithms, we may also better interpret the results on the
real data sets.

2.1.1 Simulated data sets with disease-specific and disease-unspecific patterns

Besides individual effects, we expect that disease-specific structures and interactions
between SNPs also influence the risk of a disease. Disease-specific structures may
however not be specific for all affected individuals; they may be characteristic only for
subgroups of the affected individuals. In addition, environmental factors play a large
role in the development of most complex diseases. Hence, genetic risk factors need not
even be the main cause of the disease in all of the affected individuals.

SNPs that lie only a few base pairs apart are generally inherited together. In addi-
tion, some combinations of SNPs, which need not necessarily be SNPs with neighbour-
ing base pair positions, occur more or less often than we would expect if they were

15



statistically independent. Such an association between SNPs is referred to as linkage
disequilibrium. The fact that linkage disequilibrium is widespread in the genome im-
plies that we have disease-unspecific patterns in the data, and this can influence the
performance of feature selection and classification algorithms.

To summarize, a particular disease-specific pattern may not occur in all affected in-
dividuals, some cases may not be distinguishable from the controls by their genotype,
and there may be patterns that are disease-unspecific.

In the following we will describe how we simulate data sets with disease-specific
and unspecific patterns. We generate the data in two steps: We first generate a basis
set of genotypes with various realistic statistical properties; we then introduce the
patterns. The first step, generating the basis set, is done in the following way. We
generate genotypes by random sampling, with the constraint that the distribution of
the genotypes is in accordance with the Hardy-Weinberg equilibrium (HWE) [32]. The
MAF of the simulated SNPs lies between 0.4 and 0.5. To obtain a set of cases and
controls, we simulated two data sets with 500 individuals each.

The next simulation step introduces SNP patterns. Since we want to obtain a data
set where only the pattern and not the individual SNP are associated with the disease,
we cannot alter the frequency of the SNPs. If we did alter the frequency of a SNP
in one of the two groups, this would cause the individual SNP to be associated with
the disease. To avoid this, we introduce patterns by re-ordering the genotypes for the
SNPs involved in the pattern. More precisely, we choose a subgroup of individuals
where we want to introduce a pattern and a set of SNPs that should contain the
pattern. We want this set of SNPs to have the same genotype for each individual in the
subgroup. For each individual, we check whether each SNP has the desired genotype;
if not, we exchange it with an individual outside the subgroup that does have the
desired genotype. The size of the subgroup is restricted because we also want some
individuals outside the subgroup to have the same genotype. This is also the reason
why we simulated common instead of rare variants. In the results shown here, we will
use a subgroup size of 100 cases.

To simulate unspecific structures in the data, we additionally incorporate patterns
that occur in subgroups of affected and unaffected individuals. The patterns are sim-
ulated in the same way as described above, but now for both classes. Each subgroup
contains 100 cases and 100 controls.

The size of the disease-specific and unspecific patterns, i.e. the number of the SNPs
in the pattern, and the total number of SNPs are adjustable parameters.

A closer look at the data

In the following we will take a closer look at the simulated data. An example of
a simulated data set is shown in Figure 2.1. The data is plotted as a matrix where
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Figure 2.1: Image of the data set with disease-specific and disease-unspecific patterns.
The data set contains 500 cases and 500 controls with 10,000 SNPs and is displayed as a
matrix where the three possible genotypes for a SNP are encoded by light blue, medium
blue, and dark blue. There are two patterns in the data, one disease-specific and one
disease-unspecific. The individuals participating in the two patterns partly overlap. The
SNPs of the patterns do not overlap. a) The genotypes of the complete data set. b) The
genotypes of the individuals with a disease-unspecific or disease-specific pattern. Only
the pattern-specific SNPs are shown.

different color shading (from light to dark) encodes the genotype. Figure 2.1a shows
the complete data set, which consist of 1000 individuals, of which 500 are cases and
500 are controls. The total number of SNP is 10,000. We have incorporated two patterns
into the data, one disease-specific and one disease-unspecific. As we see, the patterns
cannot be identified by visual inspection of the complete data set. The reason for
this is that the patterns are very small and the SNPs and individuals participating in
the patterns are not neighbouring. Figure 2.1b plots only the individuals and SNPs
participating in the two patterns. Now, we can clearly see that a subset of SNPs have
identical genotype for a few individuals.

Next, let us take a closer look at the individual SNPs. We will evaluate the same data
set as above. Figure 2.2a plots the p-values for all SNPs of the data set. The pattern-
specific SNPs are marked with red circles. We see that the SNPs are not individually
associated with the phenotype. Figure 2.2b plots the odds ratios (ORs) for all SNPs;
most of the SNPs have an OR of around 1. The pattern-specific SNPs cannot be identi-
fied by their ORs. In summary, the simulated data set consists of disease-specific and
disease-unspecific patterns where the individual SNPs are neither associated with the
disease nor have large ORs.
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Figure 2.2: Data set with one disease-specific and one disease-unspecific pattern. The data
set contains 500 cases and 500 controls with 10,000 SNPs. a) p-values of the SNPs, b) odds
ratios of the SNPs.

2.2 Genome-wide association data

In this thesis, we will test our algorithms on two different GWA data sets: a coronary
artery disease data set and an inflammatory bowel disease data set.

2.2.1 Coronary artery disease data set

The coronary artery disease (CAD) data set originates from the German MI family
study II [33]. This data set was included in the large CARDIoGRAM meta-analysis [26]
(see Chapter 1). It contains 2506 individuals, of which 1222 are cases and 1284 are con-
trols, 1643 are males and 1284 are females. All individuals are Caucasians of European
origin. All cases had a validated myocardial infarction prior to an age of 60 years.
Approximately half of the cases have a positive family history for CAD. The control
individuals are population based. The total number of SNPs is 478,040. The missing
values are imputed [34].

We filtered the data with standard quality criteria: MAF <1% and a maximum de-
viation from the Hardy-Weinberg equilibrium (HWE) of 10�4. There are no missing
values in the data because these values were imputed. Hence, we did not need to ap-
ply a threshold to restrict the number of missing values. After quality filtering, the
total number of SNPs is 432,189.
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As we discussed in the previous section, SNPs that lie only a few base pairs apart
are generally inherited together. This means that these SNPs carry the same informa-
tion and are hence to a certain degree redundant. In addition, some combinations of
SNPs, which need not necessarily lie close to each other, occur more often than we
would expect by chance. Such associations between SNPs are referred to as linkage
disequilibrium (LD). To obtain a more manageable data set, we reduced the number
of SNPs by applying LD pruning. This removes much of the redundant information,
since groups of LD SNPs that lie close together on the chromosome and hence have a
similar inheritance pattern are now represented by only a few SNPs.

We LD pruned the data set using the PLINK software with the “indep” option. The
LD pruning in PLINK is based on the variance inflation factor (VIF) and recursively
removes SNPs within a sliding window [35]. The VIF is given by 1

1�R2 , where R2 is the
measure of LD (see Chapter 3).

We used the standard settings: Window size of 50 SNPs, window shift of 5 SNPs in
each step, and a VIF threshold of 2. After LD pruning, the remaining number of SNPs
is 118,247. For cross-validation, we divided the data into five sets with equal numbers
of cases and controls; each cross-validation fold consists of 488 individuals.

A closer look at the data

Figure 2.3 plots the p-values and OR for all SNPs, ordered by base pair position. Al-
ternate chromosomes are shaded light and dark. 13 SNPs are genome-wide significant
at a significance threshold for the p-values of 10�8; this threshold is corrected for mul-
tiple testing. The MAF for these SNPs lies between around 1% and 15%, and the the
ORs range from 0.1061 to 19.89; these are relatively large effect sizes. 4 of the signif-
icant SNPs have an MAF slightly larger than 5%, and the ORs for these SNPs range
from 0.31 to 2.56. The SNPs that have been validated in the literature to be associ-
ated with CAD are not among the SNPs that are significant in this data set and have
smaller effect sizes. This may indicate that the effect sizes for some of the SNPs found
to be significant here are artefacts. Note also that the search for significant SNPs was
performed on the LD pruned data set; this may explain why the significant SNPs did
not include those previously reported to be associated with CAD.

2.2.2 Inflammatory bowel disease data set

The inflammatory bowel disease (IBD) data set was obtained from the public database
dbGap run by the NCBI [36,37]. This data set was included in the large Crohn’s disease
meta-analysis published in [38]. The data set contains 1760 individuals, of which 813
are cases and 947 are controls. Approximately half of the data set are Crohn’s disease
(CD) patients and controls of non-Jewish European ancestry. The other half of the data
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Figure 2.3: CAD data set. Alternate chromosomes are shaded light and dark. a) p-values,
b) odds ratios.

set contains individuals of Jewish ancestry. The total number of SNPs is 317,503. We
applied the same quality criteria as for the CAD data set: MAF <1% and a maximum
deviation from HWE of 10�4. Unlike the CAD data set, the IBD data set contains
missings that have not been replaced by imputed values. Therefore, we also applied a
missing threshold of 2% per SNP. Since some of the individuals have a high missing
rate, we additionally applied a threshold of 6% missings per individual.

The data set remaining after quality filtering contains 1719 individuals, of which 789
are cases and 930 are controls. The total number of SNPs is 292,162. No LD pruning
was applied to this data set.

For cross-validation, we divided the data into five sets with equal numbers of cases
and controls; each cross-validation fold consists of 314 individuals.

A closer look at the data

Figure 2.4 plots the p-values and OR for all SNPs, ordered by base pair position. Alter-
nate chromosomes are shaded light and dark. 5 SNPs are genome-wide significant at a
significance threshold for the p-values of 10�8; this threshold is corrected for multiple
testing. The ORs of these SNPs range from 0.29 to 1.69 with an MAF of 5% to 36%. The
significant SNPs lie within two genes, the NOD2 and the IL23R gene. Both are known
susceptibility genes for IBD [39].
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Figure 2.4: IBD data set. Alternate chromosomes are shaded light and dark. a) p-values,
b) odds ratios.
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3 General methods

3.1 Sparse approximation methods

In many machine learning applications, a classification problem can be simplified by
finding the most important features that best represent the given data. A simple way
of doing this is to select the most informative dimensions in the data and discard the
rest. A more sophisticated way is to specify a set of basis vectors (chosen so that they
can represent the data well) and to represent each data point as a linear combina-
tion of these basis vectors. If we add the constraint that only a certain small number
of basis vectors may be used per data point, we call the resulting representation a
sparse representation. Finding such a sparse representation of the data is however not
straightforward.

To put this in mathematical terms, let x be the data point to be represented, and
let C = (c1, . . . , cM) be a matrix of basis vectors. We then seek a coefficient vector
w = (w1, . . . , wM) such that

x =
M

Â
m=1

cm · wm. (3.1)

For a sparse estimation problem, we additionally have the constraint kwk0  k1.
Under this sparseness constraint, it is typically no longer possible to find an exact
representation for x, and instead we seek to find the best possible approximation by
minimizing the objective function

g(w) = x�
M

Â
m=1

cm · wm. (3.2)

This is, in general, an NP-hard problem [40]; in other words, finding the best approx-
imation would require all (n

k) possible solutions to be tested. However, there are a
number of approximation methods that yield close to optimal solutions [41].

In the problem statement given above, we have assumed that the basis vectors C are
given and that w should be determined; this is the problem we will be dealing with
in the rest of the section. In Section 3.2, we will then deal with the problem of how to
find a suitable set of basis vectors C.

1the notation kwk0 denotes the number of non-zero entries in w
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3.1.1 Orthogonal Matching Pursuit

One popular approximation method is orthogonal matching pursuit (OMP) [42]. OMP
is a simple algorithm that aims to identify the most important basis vectors in a greedy
fashion. The algorithm keeps track of the residual e, i.e. the remaining approximation
error at a given point in the algorithm, which is computed as

e = x� Cw

OMP, (3.3)

where w

OMP is the coefficient vector of the current iteration.
In each iteration, the algorithm identifies the basis vector that has the highest overlap

(i.e. scalar product) with the residual. The index lwin of this “winning” column is
obtained as

lwin = arg max
l,l /2U

�
c

T
l e
�2, (3.4)

where U denotes the set of indices of those basis vectors that have already been se-
lected. Initially, U = ∆ and e = x.

After each iteration w

OMP is estimated by solving the optimization problem

w(U)OMP = arg min
w(U)

kx� CU
w(U)k2

2, (3.5)

where CU denotes the columns of C that are indexed by U. Initially, all weights are
set to zero, w

OMP = 0. Subsequently, the new residual is computed, and U is updated
with U := U [ lwin.

The described steps are repeated for a fixed number of k iterations, yielding a set of
k basis vectors with indexes U.

The columns of C are in general not pairwise orthogonal. Hence, the way the win-
ning column clwin , is selected is not optimal in terms of minimizing the residual that is
obtained after clwin has been added [43]. An optimized version of OMP, the so-called
optimized OMP (OOMP) [44], employs a selection criterion that is optimized with
respect to this matter.

3.1.2 Optimized Orthogonal Matching Pursuit

Whereas the OMP algorithm selects the “winning” column by calculating the maximal
overlap, the OOMP algorithm selects the column cl that yields the smallest residual
after it is included. This is done by solving the following minimization problem:

lwin = arg min
l,l /2U

min
w(U[l)

kx� CU[l
w(U [ l)k2

2. (3.6)
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As for the OMP method, U is subsequently updated with U := U [ lwin, and again,
w

OOMP is calculated by

w(U)OOMP = arg min
w(U)

kx� CU
w(U)k2

2, (3.7)

and the current residual is obtained by

e = x� Cw

OOMP. (3.8)

The algorithm is repeated until k iterations have been performed.
In order to reduce the computational complexity, the OOMP algorithm can be im-

plemented using a temporary matrix R, which contains a copy of the basis vectors
C orthogonalized with respect to CU , as described by Labusch et al. [43]: Initially
R = (r1, . . . , rM) = C. Conceptually, R is obtained by first projecting the columns of
C onto the columns of CU and then subtracting this projection from C; in practice, as
we will see, we only need to orthogonalize with respect to the current winning basis
vector. The residual e is correspondingly orthogonalized with respect to CU . Initially,
e = x.

By orthogonalizing R in this way, the winning basis vector can now easily be found
by looking for the orthogonalized basis vector rl that has maximal overlap with the
residual e:

lwin = arg max
l,l /2U

�
r

T
l e)2. (3.9)

After each iteration, the orthogonal projection onto rlwin is removed from R and e:

rl := rl �
�
r

T
lwin

rl
�
rlwin , (3.10)

e := e�
�
r

T
lwin

e
�
rlwin . (3.11)

As previously described, U is updated after each iteration by U := U [ lwin. (Note
that, due to the orthogonalization, all of the rl with l 2 U become zero.) The rl with
l /2 U are normalized in each iteration step.

The algorithm terminates when the stopping criterion |U| = k is reached. The final
w is obtained by recursively determining the contribution of each basis vector in C
used during the iteration in question with respect to the normalization of R in each
iteration.

3.1.3 Bag of Pursuits

The bag of pursuits (BOP) method [45] is derived from the OOMP method and is
a further optimization. In general terms, the OOMP method is extended such that
not only the best but the P best coefficient vectors w

j (j = 1, . . . , P) are determined;
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Figure 3.1: BOP algorithm. The BOP algorithm performs a tree-like search for a predefined
number of approximations, or pursuits. In the first step, the basis vector that has the largest
overlap with the residual is selected. The remaining basis vectors and the residual are
orthogonalized with respect to to the winning basis vector. The pursuit is continued until a
stopping criterion is reached. The second pursuit is obtained by find the maximum overlap
that has not been used so far and continuing the pursuit from this point. This figure
shows the computation of 3 pursuits; the columns are sorted according to the overlaps.
The colour highlights the identified solutions. (Image courtesy of Kai Labusch, reproduced
with permission) Note that this illustration uses a different stopping criterion (krk  d)
than the one used in the text (number of basis vectors used is equal to k).

each of these solutions is called a pursuit. If P = 1, the single pursuit obtained is
identical to the OOMP solution; more generally, the first pursuit is the OOMP solution.
After the P pursuits have been determined, we choose the one that yields the lowest
approximation error.

The general idea behind the BOP algorithm is as follows: The first pursuit is com-
puted as for OOMP. To compute the second pursuit, the algorithm revisits all of the
decisions where a winning basis vector was chosen and determines the overlap of each
“runner up”, i.e. the basis vector with the second largest overlap in that step. Among
the runners up, the algorithm then chooses the one with the largest overlap and con-
tinues from this point, replacing the winning basis vector of that step with the runner
up. This procedure is repeated for the remaining pursuits. Figure 3.1 illustrates the
principle of the algorithm.

We will now explain the algorithm in more detail.
The selection of the basis vector proceeds as for the OOMP algorithm, i.e. the BOP

algorithm selects the basis vector that has maximum overlap with the residual. How-
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ever, we now need to parameterize all of the quantities by the pursuit index j as well
as the iteration number n; this corresponds to the number of basis vectors that have
been used up to that point.

To simplify the equations, we introduce the auxiliary quantity y(j, n), a vector con-
taining the overlaps for iteration n of pursuit j:

y(j, n) =
�
(r1(j, n)Te(j, n))2, . . . , (rl(j, n)Te(j, n))2, . . . , (rM(j, n)Te(j, n))2�. (3.12)

The winning column lwin is selected by

l j,n
win = arg max

l,l /2Uj,n
y(j, n)l . (3.13)

As for the OOMP algorithm, the orthogonal projection of rl j,n
win

(j, n) is subtracted from

Rj,n:
rl(j, n) := rl(j, n)�

�
rl j,n

win
(j, n)rl(j, n)

�
rl j,n

win
(j, n). (3.14)

The rl(j, n) are normalized in each iteration step.
So far, the BOP algorithm is identical to the OOMP. But whereas the OOMP algo-

rithm stops at this step, the BOP algorithm proceeds by determining further pursuits
(coefficient vectors) w

j, with j = 1, . . . , P. In each pursuit, all overlaps y(j, n) that are
computed during the pursuit are stored. To begin the next pursuit, the algorithm looks
for the basis vector with maximum overlap that has not been used so far. The basis
vectors that have already been used are encoded by the following function (1 means
“used”, 0 means “not used”):

Q(l, j, n) =

8
>>>>>><

>>>>>>:

0 :

if there is no previous pursuit that is equal
to the j-th pursuit up to the n-th iteration,
where in that iteration basis vector l has
been selected

1 : otherwise.

(3.15)

For each pursuit j, we define sj as the number of iterations performed in this pur-
suit. (For our stopping criterion, we always have sj = k.) The overlap vectors for the
individual iterations are

y(j, 0), . . . , y(j, n), . . . , y(j, sj � 1). (3.16)

If m pursuits have been performed so far, we can find the maximum overlap that
has not been used as follows:

jtarget = arg max
j=1,...,m

max
n=0,...,sj

max
l,Q(l,j,n)=0

y(j, n)l (3.17)

ntarget = arg max
n=0,··· ,sjtarget

max
l,Q(l,jtarget,n)=0

y(jtarget, n)l (3.18)

ltarget = arg max
l,Q(l,jtarget,ntarget)=0

y( jtarget, ntarget)l (3.19)
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To yield the new pursuit with index j = m + 1, the pursuit jtarget is repeated up to
iteration ntarget. From this point, the algorithm continue with the “runner up” basis
vector ltarget instead of the winner that was chosen by pursuit jtarget in this step. The
pursuit is continued until the stopping criterion is reached. The described procedure
is repeated until the desired number P of pursuits have been computed.

3.2 Dictionary learning

Previously in this chapter, we have described how we can find a sparse coefficient
vector w that best approximates a data point for a given dictionary of basis vectors C.

We will now deal with the problem of how to find a suitable dictionary C; this can be
done using different approaches. In the following, we will discuss vector quantization
and principal component analysis.

3.2.1 Vector quantization

Vector quantization (VQ) is a family of algorithms used in the field of lossy data
compression [46]. VQ algorithms aim to partition the data into groups where the
differences between the data points within a group tend to be smaller than the dif-
ferences between different groups. Each group is represented by a prototype vector,
also referred to as the codebook vector c. In general, VQ aims to find a codebook matrix
C = (c1, . . . , ck) that minimizes the reconstruction error [47]

E =
1
p

p

Â
i=1

k

Â
j=1

rijkxi � cjk2, (3.20)

where rij indicates whether data point i belongs to group j:

rij =

(
1 if j = arg min

µ=1,...,k kxi � c

µ

k2

0 otherwise.
(3.21)

Several clustering algorithms can be used to perform vector quantization. In the fol-
lowing, we will discuss two hard-competitive learning algorithms and a soft-competitive
version.

K-means

The k-means algorithm [48] is one of the most well-known clustering methods and is a
key tool in the field of VQ [46]. K-means can be used to find a codebook C containing
a predefined number k of codebook vectors that minimizes the reconstruction error ac-
cording to Equation (3.20). The main advantage of the k-means algorithm is its simple
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and fast computation. In the first step, the algorithm selects an initial codebook C that
can, for example, be initialized by selecting a set of random data points. In each iter-
ation, each data point is assigned to the closest codebook vector. We then update the
codebook C by minimizing the objective function E in Equation (3.20) with respect to
c1, . . . , ck while keeping the group assignments rij fixed. This minimum can be found
by setting the derivative with respect to the codebook vector cj to zero, giving [47]

2
p

Â
i=1

rij(xi � cj) = 0, (3.22)

which we can rearrange for cj to obtain

cj =
Âi rijxi

Âi rij
. (3.23)

Equation (3.23) is equivalent to calculating the mean of the data points assigned
to the codebook vector cj. Hence, the update step simply corresponds to moving the
codebook vectors to the mean of their assigned data points – hence the name k-means.

The algorithm is repeated until we reach a stopping criterion; a common stopping
criterion is that the change of the codebook vectors from one iteration to the next lies
below a given threshold. The algorithm as described is the batch version of k-means.
This batch version is prone to getting stuck in local minima and is very sensitive to the
initialization of C. A version that is more robust with respect to local minima is online
k-means [47, 49], which we now describe.

Online k-means

Online k-means is a pattern-by-pattern algorithm. Whereas the batch k-means algo-
rithm performs the update step after assigning all data points to the nearest code-
book, the online version assigns one data point at a time to the closest or “winning”
codebook vector and subsequently updates this codebook vector. The corresponding
update rule is

c

new
l = c

old
l + at(xi � c

old
l ), (3.24)

where at is the learning rate. The learning rate is cooled off over the epochs t as
follows:

at = a0

✓
afinal

a0

◆ t
tmax

. (3.25)

a0 and afinal denote the initial and final learning rate. If the learning rate is cooled
off slowly, the algorithm performs a stochastic gradient descent on the objective func-
tion (3.20). This makes online k-means less prone to getting stuck in local minima than
the batch version [49].
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K-means is a hard-competitive learning algorithm; this means that, in each iteration,
only the codebook vector closest to the presented data point is updated. This hard-
competitive learning may lead to suboptimal solutions with respect to Equation (3.20)
if local minima are present [50]. In addition, both versions depend strongly on the
initialization of the codebook and are prone to slow convergence. We will therefore
now discuss an extended soft-competitive version of the online k-means algorithm,
the Neural Gas algorithm.

Neural Gas

The Neural Gas (NG) algorithm [50, 51] mitigates some of the drawbacks of the k-
means algorithm. Its advantages are fast convergence, low reconstruction error with
respect to Equation (3.20), and close to optimal quantization of the given datapoints
by the codebook vectors.

NG is a soft-competitive learning algorithm. Whereas the k-means algorithm only
updates the “winning” codebook vector, the NG algorithm updates all codebook vec-
tors; the closer a codebook vector is to the given data point xi, the more it is changed.
This is done by ranking the codebook vectors according to the reconstruction error
kxi � cjk. The codebook vector closest to the data point receives rank 0, the second-
closest receives rank 1, and so on. Mathematically, the rank rl = 0, . . . , k � 1 of the
codebook vector cl is given by the number of codebook vectors cj that are closer to the
data point, i.e.

rl = ]{j = 1, . . . , k, j 6= l | kxi � cjk < kxi � clk}. (3.26)

After computing the ranking, the codebook vectors are updated using the neighbour-
hood function

ht(rj) = erj/lt , (3.27)

where lt is the so-called the neighbourhood radius. The codebook vector cj is updated
as follows:

cj := cj + atht(rj)(xi � cj), (3.28)

and lt is cooled off over the epochs t with:

lt = l0

✓
lfinal

l0

◆ t
tmax

. (3.29)

l0 and lfinal denote the initial and final neighborhood radius. The learning rate at is
cooled off in the same way. If the parameters lt and at are cooled off slowly enough,
it can be shown that the Neural Gas algorithm will quantize the dataset optimally [50,
51].
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3.2.2 Principal component analysis

Principal component analysis (PCA) is one of the most well-known techniques for
dimensionality reduction, lossy data compression, feature selection etc. [47]. PCA can
be defined as an orthogonal projection of the data onto a lower-dimensional subspace
under the constraint that as much of the variance as possible is preserved. This is
done by calculating the directions of greatest variance, also referred to as the principal
components.

PCA can also be defined equivalently as a projection to a lower-dimensional sub-
space that minimizes the reconstruction error

E = 1/N
N

Â
i=1
kxi � x̂ik2, (3.30)

where xi and x̂i are the original and projected data point, respectively. Under this
interpretation, we are attempting to represent a data point xi as a linear combination
of a dictionary C 2 RN⇥M (M  N), with a coefficient vector w:

xi = Cw + e, (3.31)

where e is the reconstruction error.
The direction of largest variance in a data set can be calculated by a single artificial

neuron using Oja’s rule [52]. The corresponding update rule for the vector c is

Dc = ate�k/lt y (x� yc) , (3.32)

where x is a randomly selected data point, at is the learning rate, and y = c

T
x. Oja’s

rule can only calculate a single direction of greatest variance. To calculate the second
and subsequent directions of greatest variance, we can apply Oja’s rule several times
on input data that has been orthogonalized with respect to the previously determined
directions of greatest variance.

An alternative to calculating the directions of greatest variance successively is the
so-called Sanger’s rule, which can calculate the first M directions of greatest variance
simultaneously. Sanger’s rule is an extension to Oja’s rule that updates M directions
c1, . . . , cM in each step, as follows:

Dcj = ate�k/lt yj

 
x�Â

l<j
ylcl � yjcj

!
, (3.33)

where yl = c

T
l x.
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3.3 The genotype score

The genotype score (GS) is a traditional risk prediction model [31, 53]. Typically, the
GS is calculated from the number of risk alleles (those associated with the disease
phenotype) that are carried by a given individual for a predefined set of SNPs. We
will in the following consider a data set X = x1, . . . , xM with xi 2 {0, 1, 2}D. The
homozygous genotype for the risk allele is coded with 2, heterozygous with 1 and
homozygous for the non-risk allele with 0. Hence, the entry for xij corresponds to the
number of risk alleles that are carried by the individual i for SNP j. The GS for an
individual i can be calculated as

Ri =
D

Â
j=1

xij . (3.34)

3.4 Linkage disequilibrium

SNPs that lie only a few base pairs apart are generally inherited together. In addition,
some combinations of SNPs (haplotypes), which need not necessarily be SNPs with
neighbouring base pair positions, occur more or less often than we would expect if
they were statistically independent. Such an association between SNPs is refered to
as linkage disequilibrium (LD). In other words, LD is a measure that describes the
difference between an expected and an observed haplotype frequency.

A commonly used measure for LD is called D [54]. Let us imagine we have a haplo-
type of 2 SNPs. We have the allele frequencies p1 and p2 for the first SNP and q1 and
q2 for the other SNP. We require p1 and q1 to be the common alleles, i.e. p1 � p2 and
q1 � q2. Under the assumption of statistical independence, the haplotype ij has the
expected frequency xij = piqj. D can now be calculated as

D = x11 � p1q1 . (3.35)

The R2 statistic is another commonly used measure for LD [55]; this LD measure is
more robust for finite populations. R2 is calculated as

R2 =
D2

p1 p2q1q2
. (3.36)
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Part II

Learning from what we know





Predicting the risk of a disease is of great importance in clinical medicine. So far, the
risk of a disease is mainly estimated for environmental factors. However, genetic fac-
tors also play an important role in the pathogenesis of most of today’s diseases. If we
identify the genetic factors that influence a disease, we may broaden our understand-
ing of the mechanisms underlying the disease as well as potential therapeutic targets.
Hence, genetic risk prediction opens up a new area of personalized medicine. The
principle of personalized medicine is to adjust the clinical treatment and preventive
action to the genetic pattern of each individual. Genetic testing is already in common
use for Mendelian diseases, where the underlying genetic factor is known [8,28]. How-
ever, genetic tests are not yet available for complex diseases. This is because of their
complex structures, where multiple loci work together to increase or decrease the risk
of a disease.

GWA studies aim to identify the genetic risk factors that influence the risk of a
disease. Most GWA studies have so far concentrated on individual SNPs. Each SNP
can be seen as a weak classifier, which can be used to estimate the risk of the disease.
In other words, each SNP in isolation contributes a small amount of information about
the risk of the disease.

This knowledge is gained by looking at the distribution of the genotypes in known
cases and comparing these to control individuals. Subsequently we can estimate the
risk of a disease from what we have observed. In other words, we learn from the data
at hand and use this knowledge to predict the condition of unseen subjects.

To be useful in clinical medicine, a genetic model for risk prediction needs to have a
certain minimum predictive value beyond the prediction made using traditional risk
factors. Most SNPs identified to date have only a small effect on risk. Hence, so far,
a single SNP is not suitable for predicting an individual’s genetic risk of disease. An
application in personalized medicine is thus not possible.

If we predict risk on a combination of SNPs taken together, the prediction may
improve; we call this a multilocus approach. Figure 3.2 illustrates the classification
based on single SNPs versus the multilocus approach. Each axis represents a single
SNP and the distribution of the genotypes for the two classes. If we only look at one
SNP at a time, we are not able to distinguish between cases and controls since each
genotype is equally frequent. However, if we combine the two SNPs, we can clearly
see a disease-specific pattern.

Classification based on a combination of features is a general task in most machine
learning applications. Machine learning algorithms aim to build a model based on
existing data which can help us to predict the outcome, in our case the phenotype, on
unseen data. Classification algorithms typically take the input, in our case the SNPs of
a single individual, and assign it to a discrete class, the phenotype. The prediction is
only based on the SNPs, and the relationship between these SNPs and the phenotype
is modeled based on a dataset where we know the phenotype for each individual.
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Figure 3.2: Schematic view of the classification problem. Both axes illustrate the distribu-
tion of the genotypes of a given SNP. A single SNP is not sufficient to separate the classes
due to the equal frequencies of the genotypes. However, by looking at the two SNPs at the
same time, we can differentiate between the cases and the controls.

Several studies have aimed to combine multiple genetic variants to assess the risk of
a common complex disease [23, 53, 56, 57]. However, the consensus of these studies is
rather disappointing. Many of these studies have combined the SNPs that have been
validated so far to see whether risk prediction can be improved. One of the most used
approaches is the risk prediction based on the genotype score (GS) [23, 53]. The GS is
an additive model that counts the number of risk alleles to make a risk prediction.

However, each of the risk factors known so far has only low discriminatory and
predictive value, and so far, even if they are combined, theses variants only explain a
very small proportion of the genetic contribution. The predictive value of these studies
is hence far away from being useful in a clinical setting.

The traditional risk prediction strategies (e.g. GS) have several weak points: The
small number of SNPs on which classification is based, the selection strategy and the
linear fashion of the classifiers. Let us discuss each of these weak points more closely.

First, most approaches classify based on the risk variants identified so far, and these
are only small in number. Moreover, these SNPs generally all have marginal effects,
making classification a difficult task. Second, selection of only the validated SNPs may
not be the best choice since these SNPs explain too little about the genetic risk of a
disease. Third, most of the studies only allow for linear main effects and ignore inter-
actions and more complex relationships between variants [28]. Interactions between
SNPs may however increase the predictive value since interactions are expected to
have larger effect sizes than individual SNPs and their additive effects. In addition to
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SNP interactions in the traditional genetic sense, there may also be other, more gen-
eral types of disease-specific structures in the data, which the algorithm will be able
to exploit to improve classification further.

The drawbacks of the standard feature selection approaches, as we discussed above,
can however easily be avoided by applying well-known classification methods from the
field of machine learning. Since we do not expect all susceptibility loci to be identified
yet, we believe that there may be better strategies than selecting only the SNPs that
have been validated so far. Instead, we aim to incorporate large numbers of SNPs
into the model. Second, we expect there to be more complex relationships, such as
interaction between the SNPs. Hence, we aim to identify these structures and hence
improve classification.

We will apply two approaches that yield classifiers which are based on large ensem-
bles of SNPs. The first of these approaches is the well-known support vector machine
(SVM). (While this work was being prepared, other groups also started using the SVM
on GWA data [28, 58, 59].) The advantage of the SVM is that it utilizes all features and
is applicable to very large datasets. A drawback of the SVM is however that the num-
ber of SNPs used for classification can only be controlled by the number of features in
the data set. If a classification based on a smaller number of SNPs is desired, the SNPs
have to be selected beforehand. This is generally done by selecting a subset based on
the individual significance values, the p-values [23, 28, 57].

Second, we will apply a boosting algorithm modified for use on GWA data. The
main idea of boosting is to combine several weak classifiers, in our case SNPs, to one
strong classifier. The advantage of the boosting algorithm is that it selects SNPs one
after another in order to obtain a set of SNPs that successively improve the classifica-
tion. Hence, the number of SNPs can be better controlled by the boosting algorithm
than by the SVM since no preselection of SNPs is needed.
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4 Classification of GWA data with the
support vector machine

Risk prediction based on GWA data is a very difficult task. The number of SNPs which
are typically genotyped is expected by far to exceed the number of truly disease-
specific variables. The variants identified so far explain only a small fraction of the
genetic risk of a disease. Hence, since the majority of the risk factors still remain to be
identified, a good risk prediction does not seem possible based only on the variables
validated so far. Consequently, the prediction may be improved if we ensure that none
of the disease relevant variables are excluded from the model. Moreover, if we feed
a large number or all of the genotyped SNPs into the classifier, it may be able to
exploit previously unidentified relationships and structures in the data. Hence, if we
build a classifier based on large ensembles of SNPs, then all disease-relevant variables,
interactions between the variables and disease-specific structures are still present and
classification may be improved.

Traditional risk prediction models, such as the genotype score, lack the capability of
handling interaction effects, since they are generally based on the assumption that the
effect of multiple variants present simultaneously is the sum of the individual effects.
In other words, the assumption is that multiple variants combine additively, hence are
not taken into account interactions or epistasis between the variants.

Unlike the traditional risk models, the support vector machine (SVM) [60,61] is capa-
ble of handling both individual effects as well as interactions. Moreover, the SVM can
be applied to very large data sets, which makes it a suitable candidate for classification
without first having to reduce the number of variables. Hence, the SVM algorithm is a
promising candidate for improving risk prediction since it is able to take advantage of
disease-specific structures, which are neither ignored by the algorithm nor excluded
from the model in a preselection step. While this work was being carried out, the SVM
was successfully applied to GWA data for type 1 and 2 diabetes [28, 58].

The support vector machine is a supervised learning algorithm. Broadly speaking,
the SVM analyzes data with known class labels and determines a hyperplane that best
separates the classes. Two classes that can be separated with a hyperplane without
any misclassified data points, are refered to as linear separable. If two classes are lin-
ear separable, there typically exist an infinite number of hyperplanes that solve the
classification problem, as illustrated in Figure 4.1a. However, not all hyperplanes are
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(a) linear separation (b) maximum margin classification

Figure 4.1: The obtained separating planes for a linear separable data set. a) Arbitrary
linear separation planes. b) Separating plane obtained by maximum margin classification.

optimal in the sense of generalization. This means that, if we have a slight change in
the distribution of the data points, some hyperplanes may no longer classify correctly.
The generalization error is a measure of how well the obtained classifier will perform
on the true underlying data point distribution. The SVM aims to minimize this er-
ror by finding the optimal separating hyperplane, which is defined as the separating
plane that maximizes the distance to the closest point of each class, as illustrated in
Figure 4.1b. This distance is called the margin, and hence the SVM is also referred to
as a maximum margin classifier.

4.1 Support vector machine

The SVM determine a hyperplane that separates the binary classification problem with
maximum margin [46, 47].

As input, the SVM takes data points X = (x1, . . . , xN), xi 2 RD and class labels
Y = (y1, . . . , yN) with yi 2 {1,�1}. From this input, the SVM determine an optimal
separating hyperplane, which is defined by a weight vector w 2 RD and a threshold
b. The hyperplane is then given by the set of points x that satisfy the plane equation

w

T
x� b = 0 . (4.1)

The class assignment of a data point xi is given by:

g(xi) = sign[wT
xi � b]. (4.2)

In order to find the optimal separating hyperplane, we want to maximize the min-
imal distance between the hyperplane and the data points of the two classes (the
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margin). Hence, we want to maximize

arg max
w2Rn,b2R

M(w, b) , (4.3)

where M(w, b) is the margin, defined as

M(w, b) =
1
kwk min

i=1,...,N
yi(w

T
xi � b) . (4.4)

( 1
kwk can be moved out of the minimization term since it does not depend on i.) Note

that the maximum in Equation (4.3) is not unique. If a certain w and b maximize
M(w, b), then any scalar multiples aw and ab (a 6= 0) yield the same maximum, i.e.
M(w, b) = M(aw, ab).

We therefore need to add an additional constraint on the scaling of w and b. Intu-
itively, we might demand that w should have a certain constant length, i.e. unit length.
However, the maximization problem is hard to solve in this form. If, instead we choose
the constraint

min
i=1,...,N

yi(w

T
xi � b) = 1 , (4.5)

then we see that the margin becomes simply

M(w, b) =
1
kwk . (4.6)

By minimizing kwk we maximize the margin M. Hence we can write the objective
function as

arg min
w2Rn,b2R

w

T
w (4.7)

with the constraint stated in Equation (4.5).
Equation (4.7) is a quadratic programming problem where we aim to minimize a

quadratic function with linear constraints. This minimization problem can be solved
by using the Lagrange multipliers [47]. An alternative approach to finding the optimal
separating hyperplane for linearly separable data sets is the DoubleMinOver algorithm
[62].

4.1.1 DoubleMinOver

The optimal separating hyperplane can also be found by using a perceptron-like learn-
ing rule. The so-called MinOver (MO) algorithm is a slight modification of the percep-
tron algorithm [63], and its learning rule can be derived from constrained gradient
descent [64]. The DoubleMinOver (DMO) algorithm is an extension of the MO algo-
rithm. Both the MO and the DMO algorithm provide the maximum margin solution
for a linear separable classification problem; however the difference between the two

41



algorithms is that MO does not include a threshold or bias b. The DMO algorithm is a
modification which incorporates the threshold.

Let us assume we have a linearly separable classification problem. We refer to the
data points of the class y = 1 as X+ and the data points of the class y = �1 as X�:

X+ =
�

xi|yi = 1
 

(4.8)

X� =
�

xi|yi = �1
 

The weight vector w is initialized with w = 0 and the weights are updated according
to the learning rule

wt+1 = wt + x

min + � x

min� , (4.9)

where

x

min +
t = arg min

x

µ

2X+
(w

T
t xi) , (4.10)

x

min�
t = arg min

x

µ

2X�
�(w

T
t xi) ,

and t is the current iteration number. After a sufficient number t of iterations have
been performed to obtain convergence the threshold b can be obtained by

b =
w

T
t

(x

min + + x

min�)
2

. (4.11)

The final weight vector w

t

which defines the separating hyperplane is given by

w

t

=
t�1

Â
t=0

(x

min +
t � x

min�
t ) . (4.12)

We obtain the classification for a new data point x as

h(x) = w

T
t

x� b . (4.13)

4.1.2 Kernel SVM

Not all classification problems can be solved by a linear classifier. However, it may
be possible to make the points linear separable by transforming them into a higher
dimensional feature space using a suitable transform f. A disadvantage of this is that
it requires more computation and memory for the classifier.

The so-called kernel trick is a way of implicitly transforming the data points into
a higher dimensional feature space without ever having to manipulate the high di-
mensional points explicitly. Instead, we replace all occurrences of the scalar product
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in high-dimensional space (i.e. f(xi)T
f(xj)) by a so-called kernel function K(xi, xj) =

f(xi)T
f(xj) that can be evaluated in the original data space.

In this work, we use a linear and a Gaussian kernel function. The linear kernel is the
simplest kernel function,

K(xi, xj) = x

T
i xj. (4.14)

The Gaussian kernel is commonly used and takes the form

K(xi, xj) = e

✓
�
kxi�xjk

2

2s

2

◆

. (4.15)

s is an adjustable parameter which controls the width of the Gaussian curve.

4.1.3 DMO with Kernel

The DMO algorithm can be expressed in a way that allows the kernel trick to be ap-
plied. To do this, we need to make sure that data points only occur in scalar products,
which can then be replaced with the kernel function.

The separating hyperplane is defined by the weight vector w, which is given in
Equation (4.12). This equation can be rewritten as

wT =
N

Â
i=1

yini(T)xi , (4.16)

where ni(T) is the number of times xi is used for updating the weights in T iterations.
With Equation (4.16), the DMO algorithm simply consists of identifying x

min + and
x

min� at each iteration t and incrementing the number of times these data points are
selected to update w. The class assignment can be written in the so-called dual form:

h(x) = w

T
x =

N

Â
i=1

yinix
T
i x . (4.17)

If the data points are transformed into another feature space using a transform f we
obtain

h(x) = w

T
f(x) =

N

Â
i=1

yinif(xi)f(x) . (4.18)

Given the kernel K(xi, xj) = f(xi)T
f(xj), we can rewrite this class assignment to

h(x) = w

T
f(x) =

N

Â
i=1

yiniK(xi, x) . (4.19)
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As a consequence, x

min + and x

min� are determined as follows:

x

min + = arg min
x

µ

2x+
h(x

µ

) , (4.20)

x

min� = arg min
x

µ

2x�
�h(x

µ

) ,

and the training step simply consists of incrementing ni for the identified x

min + and
x

min�:

nmin +(t + 1) = nmin +(t) + 1 , (4.21)

nmin�(t + 1) = nmin�(t) + 1 .

The threshold is calculated by

b =
h(x

min +)� h(x

min�)
2

. (4.22)

4.1.4 DoubleMaxMinOver

The data points that define the weight vector w are called the support vectors. These
support vectors are the in general the data point with the smallest distance to the
separating hyperplane. Besides the support vectors, no other data points are required
to determine the separating hyperplane.

A drawback of the DMO algorithm is that the linear combination for the weight
vector w contains not only support vectors but (typically) also other data points. This
means that not only the support vectors have non-zero entries in ni. Especially at the
beginning of the training, DMO selects data points that eventually will not turn out
to be support vectors. These vectors are not required to define the final hyperplane
and hence, need not be stored. Moreover, these vectors may even be unfavorable for
convergence [64].

The DoubleMaxMinOver (DMMO) algorithm deal with these drawbacks. It is a fur-
ther extension of the DMO algorithm and was introduced by Martinetz et al. [64].
DMMO includes a forgetting term construct in such a way that the hyperplane ob-
tained at the end of the training is solely determined by support vectors.

Let Vt =
�

xi|xi 2 X, ni > 0} ✓ X be the set of data points for which the count
ni is not equal to zero at iteration t. At the end of the training, we aim to have Vt =
Xs, where Xs ✓ X are the support vectors. At iteration t we now not only look for
x

min + and x

min� but also for the data points that have the maximum distance to the
hyperplane, x

max + and x

max�:

x

max+ = arg max
xi2V+

t

(w

T
xi) , (4.23)

x

max� = arg max
xi2V�

t

�(w

T
xi)
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with

V+
t = Vt \ X+ , (4.24)

V�
t = Vt \ X�.

The update step is completed by not only adding xmin + and xmin� but additionally
subtracting xmax + and xmax� from w. Hence, we have the following update step:

w = w + 2(x

min + � x

min�)� (x

max + � x

max�). (4.25)

If we use the kernel trick we not only increase the coefficient entries nmax+ and nmax�
but also decrease nmax+ and nmax�:

n(t + 1)min + = n(t)min + + 2 , (4.26)

n(t + 1)min� = n(t)min� + 2 ,

n(t + 1)max + = n(t)max + + 1 ,

n(t + 1)max� = n(t)max� + 1 ,

with

x

min + = arg min
x

µ

2x+
yh(x

µ

) (4.27)

x

min� = arg min
x

µ

2x�
yh(x

µ

)

x

max + = arg max
x

µ

2V+
t

yh(x

µ

)

x

max� = arg max
x

µ

2V�
t

yh(x

µ

)

Decreasing ni corresponds to removing data points from Vt and this has the effect, as
can be shown, that at the end of training, Vt consists only of support vectors.

4.1.5 Soft-margin SVM

In practice, we will not be able to make every problem linearly separable by transform-
ing it into a higher-dimensional feature space. Hence, we may need to allow some of
the data points to be misclassified. A solution to this problem is the so called soft-
margin SVM [65]. The soft-margin SVM incorporates slack variables x which govern
the permissible error.

The objective function for the soft-margin SVM is

arg min
w2R,b2R,x2R+,i=1,...,N

w

T
w + C

N

Â
i=1

xi (4.28)
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under the constraint

yi(w

T
xi � b) � 1� xi i = 1, . . . , N , (4.29)

with xi � 0. The parameter C defines the softness of the SVM. The smaller C the softer
the margin and the more error is allowed.

To compute the soft-margin solution, we use a suitable modified version of the
DMMO algorithm [64].

g⇤(xi) = yi

N

Â
j=1

yjnj
�
K(xj, xi) +

xi
C
�

= g(xi) +
ni
C

(4.30)

4.2 Results and discussion

In the following, we will test whether we can use the SVM algorithm to improve
classification by incorporating large ensembles of SNPs. We will apply the SVM on
two different data sets: an inflammatory bowel disease (IBD) data set and a data set
on coronary artery disease (CAD). The performance was evaluated according to on
the area under the curve (AUC) metric. To explore the effect of random variations in
the data, we performed a 5-fold cross-validation.

4.2.1 Performance on the IBD data set

The IBD dataset [36] is described in detail in Chapter 2. In brief, the data set contains
1719 individuals of which 789 are cases and 930 are controls. The total number of SNPs
is 292,162 after quality filtering.

Linear kernel SVM

To begin with, we run a linear kernel SVM (LSVM) on all SNPs. The algorithm yielded
a mean AUC of 0.68 over all cross-validation folds. To put this in relation, the best
SNP according to the p-values only achieved an AUC of 0.58 on the complete data set.
Hence, a large ensemble of SNPs can predict the phenotype substantially better than
a single SNP alone.

As previously discussed, we can generally improve classification if there are inter-
actions and structures in the data which we can exploit. Hence, an advantage of using
all SNPs for classification is that we do not miss possible interactions between SNPs
nor other disease-specific structures since all SNPs are still present in the input data.
On the other hand, since we do not expect all SNPs to be associated with the disease,
many of the SNPs we incorporate will simply contain noise and we cannot ensure
that these variables will not interfere with the classifier. Moreover, it may be sufficient
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Figure 4.2: IBD data set. The performance of the linear SVM with different p-value cutoff
thresholds. The standard deviation is shown as error bars.

to use a small number of SNPs for classification since a larger set of SNPs need not
contain more information. Hence, to explore the effect of noise on the classification
performance, we used different p-value cutoff thresholds to see whether better per-
formance can be achieved with more stringent p-values. The cutoff thresholds ranged
from p < 10�8 to p < 10�2. The results are shown in Figure 4.2.

The results clearly demonstrate that classification is significantly better on a large
ensemble of SNPs. The performance is similar for all cutoff thresholds other than
p < 10�8. The best performance is reached with the cutoff threshold p < 10�5, with
an AUC of 0.62. This performance is however not as good as the classification results
gained on all SNPs. Conversely, if we classify only on a small set of stringently selected
SNPs (p< 10�8), the LSVM only yields an AUC of 0.56 which is not significantly better
than chance. The subset selected in this case consist of only 2–4 SNPs in each cross-
validation fold.

A few discrete p-value cutoff thresholds do not give the complete picture of the
trade-off between the subset size and the amount of noise since we only evaluate on
a few discrete cases. Moreover, the size of the subset obtained for a given cutoff value
may differ among the 5 cross-validation folds. Hence, rigid p-value cutoff thresholds
do not show the detailed relationship between a specific subset size and the perfor-
mance. To deal with this issue, we next evaluated the performance of the SVM with
more continuously increasing subset sizes. To do so, we gradually increased the num-
ber of SNPs in the order of their p-values and trained an LSVM on each subset of
SNPs. We did not run the SVM on all possible subset sizes, which would have been
very computationally demanding. Instead, we first increased the size of the subset by

47



101 102 103 104 105
0.4

0.5

0.6

0.7

SNPs

A
U

C

p-value LSVM
p-value GSVM

Figure 4.3: IBD data set. The performance of the linear and Gaussian kernel SVM based
on p-value ranking. A logarithmic (base 10) scale is used for the X-axis.

one until we reached a subset size of 20. Then, we increased the subset size by 10 SNPs
up to a subset size of 100 SNPs. Thereafter, we increased the size of the subset by a
fixed factor. Hence, the resolution is larger for smaller numbers of SNPs. The results
are shown in Figure 4.3.

In this more detailed picture of the performance characteristics of the LSVM we
clearly see that we obtain the best result if we use all SNPs for classification. We see
that initially, the performance of the LSVM gradually improves as we increase the size
of the subset. Beyond around 10 SNPs we see a small decline. This decline is probably
caused because the SNPs in question only add additional noise to the subsets. After the
small decline, the performance reaches a plateau, where classification neither improves
nor worsens with additional SNPs. The performance remain stable up to a subset size
of around 10,000. Subsequently, more predictive variants are included again, which
improves in the performance. At the end of the graph, we see that including all SNPs
leads to the best classification results.

So far, we have trained a LSVM with a soft margin that is adjusted in a 10-fold
cross validation. Linear classifiers have only limited power on a non-linear classifica-
tion problem. The soft margin used in the results seen so far may be beneficial if the
data contains outliers that should not influence the orientation of the hyperplane. In
our case, however, we have used softness not to eliminate outliers but to enable the
linear SVM to compute a solution at all on our non-linearly-separable data set. This
works to a certain degree but is obviously not ideal. The preferable solution, as we
discussed previously, is to project the data into a higher-dimensional space, where a
linear separation is possible. As described in section 4.1.2, we can implicitly perform
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this transformation by applying the kernel trick. Hence to explore whether we can
improve classification in this way, we next trained a non-linear SVM with a gaussian
kernel (GSVM).

Gaussian kernel SVM

The performance of the GSVM is shown in Figure 4.3. For smaller numbers of SNPs,
we see that the GSVM and LSVM perform equally good. For both approaches, the best
performance is obtained if all SNPs are included; in both cases, the AUC is about 0.68.

The fact that classification is best when all SNPs are used is surprising since we
expect the number of noise SNPs by far to exceed the number of relevant SNPs. If the
criterion used to order the SNPs (in this case, the p-value) was effective in selecting the
disease-associated SNPs before the noise SNPs, what would we expect the shape of the
curve to be? First, as we add more and more disease-specific SNPs, we would expect
to see the AUC increase; then, as we add disease-specific SNPs that are redundant, i.e.
that give the same information as already added SNPs, we would expect the AUC to
reach a maximum and flatten out; and finally, when only noise SNPs are left to add,
we would expect the AUC to decrease again. Our curve does not, however, match this
expected shape. On the contrary, we first see an increase, then a plateau and finally
again an increase throughout the remaining SNPs to a final maximum when all SNPs
are included. This indicates that the relevant SNPs are not all included prior to the very
end. The p-value is apparently not an effective measure for ranking SNPs according
to their relevance and excluding noise SNPs. Can we improve the classification if we
select the SNPs with a different strategy?

SVM ranking

An alternative strategy is to use the SVM itself to rank the SNPs. We can use the LSVM
to obtain information about the importance of the SNPs by looking at the normal vec-
tor of the resulting separating hyperplane. The larger a particular entry of the normal
vector is, the more the corresponding SNP influences the orientation. A ranking of the
SNPs can hence be obtained through the absolute values of the entries of the normal
vector. These entries can be seen as the weights of the SNPs, hence the name weight
vector; we will also refer to these weights as the svmscore.

To obtain the svmscore ranking, we first trained the LSVM on the complete data set.
Then, as in the previous experiments, we again ran both the LSVM and the GSVM on
increasing subsets of SNPs (now ranked using the svmscore). The results are shown
in Figure 4.4.

For larger subset sizes, we see that the LSVM and the GSVM with the svmscore
ranking clearly outperform the same classifiers with the p-value ranking. For small
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Figure 4.4: IBD data set. The performance of the linear and Gaussian kernel SVM based
on p-value ranking and based on the SVM ranking. A logarithmic (base 10) scale is used
for the horizontal axis.
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Figure 4.5: IBD data set. The performance of the linear and Gaussian kernel SVM based
on p-value ranking and based on the SVM ranking up to a subset size of 100 SNPs. A
logarithmic (base 10) scale is used for the horizontal axis.
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numbers of SNPs, the GSVM and the LSVM on the p-value ranking and on the svm-
score ranking perform similarly (see also Figure 4.5). The difference between the two
ranking approaches becomes far more distinct for larger numbers of SNPs. At first, the
performance of both ranking strategies improves as we increase the size of the subset.
However, whereas the performance of the p-value ranking initially reaches a plateau
for subsets of more than 15 SNPs, the performance of the svmscore ranking improves
almost continually (apart from a small temporary decline around 30 SNPs) up to a
peak AUC of 0.68 for the LSVM and GSVM until all SNPs are included.

Note that, in contrast to the p-value ranking, the svmscore ranking nearly reaches
the best performance prior to including all SNPs. For both the LSVM and the GSVM
the performance reaches a plateau, where classification neither significantly improves
nor worsens with additional SNPs beyond 10,000 SNPs. Since we do not run the SVM
on all possible subset sizes, the maximum performance may even be better for slightly
larger or smaller subsets.

The reason why the performance curve, after reaching its maximum, remain stable
throughout the remaining subset sizes is probably that only noise SNPs are added
beyond this point. Indeed, the shape of the curve for the svmscore ranking is closer
to the shape that we would expect if the SNPs were added successively according to
their true influence on the disease. This indicates that the svmscore ranking is closer
to this ideal than the p-value ranking and is therefore better suited for selecting a
subset of SNPs for classification. The classification results themselves bear this out:
The svmscore ranking yields the nearly the overall best AUC by far smaller numbers
of SNPs.

A final property of the curves that is worth discussing is that both rankings reach
the same AUC when all SNPs are included. This is not surprising, since in this case,
the same set of SNPs is used for classification, only in a different order, and the SVM
is not sensitive to the order in which the features are presented.

The SNPs of the svmscore ranking

As we have just seen, using the svmscore ranking to select subsets of SNPs improves
the performance of the SVM noticeably compared to the p-value ranking. But how
do the selected SNPs differ and to which extent? To better understand the difference
between the two ranking strategies we determined the p-values of the SNPs with
the highest svmscores. Figure 4.6 plots the p-values for all SNPs, ordered by base
pair position. Alternate chromosomes are shaded light and dark. The SNPs that rank
highest on the svmscore are marked in red; a SNP is included in this set if it is among
the 100 highest ranked SNPs in at least one cross-validation fold. We can clearly see
that the SNPs that have a high rank on the svmscore overlap to some extent with
the SNPs ranked highest according to the p-values. However, this does not apply to
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Figure 4.6: IBD data set. The p-values for all SNPs, ordered by base pair position. Alter-
nate chromosomes are shaded light and dark. The SNPs that rank highest on the svmscore
are marked in red; a SNP is included in this set if it is among the 100 highest ranked SNPs
in at least one cross-validation fold.

the majority of the SNPs with high svmscore, indeed most of them have rather low
p-values. Hence, we can conclude that the SNPs selected using the svmscore clearly
have other features which qualify them for classification. The svmscore rank is based
on the influence of each SNP on the weight vector for the classifier trained on all SNPs.
In contrast to the p-values, which only assign a high value to those SNPs that have
an effect individually, the svmscore also assigns a high value to combinations of SNPs
that only have an appreciable effect when they occur together. The svmscore can do
this because these SNPs jointly influence the orientation of the separating plane and
thus have relatively high values in the weight vector. Hence, interacting SNPs and
SNPs forming disease-specific patterns will have high svmscores. Consequently, the
subsets that are formed based on these ranks include a large fraction of the disease-
specific patterns, whereas we would lose most of these patterns if we used the p-
value ranking. In other words, it is no longer necessary to include as many SNPs as
possible in the classification for fear of losing important information; rather, we can
exclude non-relevant SNPs, which effectively constitute noise and would only reduce
the performance of the classifier.

4.2.2 Performance on the CAD data set

Having evaluated the performance of the SVM on the IBD data set, we next analyze the
performance on data with a different phenotype, coronary artery disease (CAD) [33].
The data set contains 2506 individuals, of which 1222 are cases and 1284 are controls.
The total number of SNPs is 118,247 after quality filtering and LD pruning. This data
set is described in detail in Chapter 2.
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Figure 4.7: CAD data set. The performance of the linear SVM with different p-value cutoff
thresholds. The standard deviation is shown as error bars.

Linear SVM

First, we run the LSVM on all SNPs. Surprisingly, the SVM yields a mean AUC of only
around 0.58 over all cross-validation folds. To put this into relation, classification on
all SNPs of the IBD data set yielded a mean AUC of 0.68. The poor CAD classification
result may be due to several factors: a large amount of noise, small effect size per SNP,
or weak or missing disease-specific structures in the data. If the latter two reasons
apply, it will be barely possible to improve classification. However, if the first reason,
a large amount of noise, is the cause for this poor classification, there is still hope.

To explore whether classification can be improved by reducing the noise, we gen-
erate a few subsets with different p-value cutoff thresholds. We use the same cutoff
values as also used in the previous section on the IBD data, ranging from p < 10�8 to
p < 10�2. The results are shown in Figure 4.7.

Indeed, the performance can clearly be improved by applying more stringent p-
value cutoff thresholds. The best AUC, with a value of 0.81, seems to be achieved if a
p-value cutoff between < 10�4 and < 10�5 is used. The corresponding subsets contain
21–25 and 47–53 SNPs, respectively, in the 5 cross-validation folds. Classification with
a p-value cutoff < 10�2 yields an AUC of less than 0.59.

As discussed in the previous section, where we evaluated the SVM performance
on IBD data, a few discrete p-value thresholds do not give a detailed picture of the
relationship between the subset size and the performance. Hence, in order to explore
this relationship in detail, we next evaluate the classification on more continuously
increasing subsets.
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Figure 4.8: CAD data set. The performance of the linear and Gaussian kernel SVM based
on p-value ranking. A logarithmic (base 10) scale is used for the X-axis.

We run the LSVM on gradually increasing subsets as also done for the IBD data set.
The results are shown in Figure 4.8. Compared to the IBD data set, we see two clear
differences: the curve shape and the large difference in performance if we classify on
large ensembles of SNPs. Initially we observe a similar behavior of the SVM on the
two data sets. The performance on both the CAD and the IBD data improves with
increasing subset size and reaches a peak at around 10–20 SNPs. The performance
on the CAD data is however clearly superior with an AUC of around 0.81 versus
an AUC of around 0.62 on the IBD data. Whereas the performance on the IBD data
subsequently increases throughout the remaining subset sizes, the performance on the
CAD data declines. In other words, we see exactly opposite behaviour on the two data
sets: While performance improves with subset size on one data set, it declines on the
other data set.

Also, classification on all SNPs yields the best performance (AUC of 0.68) on one
data set but a clearly inferior result (AUC of 0.58, compared to a maximum of 0.81) on
the other data set. An explanation for this may be that the CAD data set contains more
noise, and therefore we need to restrict ourselves a small subset of SNPs to eliminate
the noise SNPs.

As for the IBD data set, we applied the SVM with a gaussian kernel to explore
whether we can improve classification in this way. The performance of the GSVM is
shown in Figure 4.8. We clearly see that the LSVM and the GSVM perform almost
equal. For both approaches, the best performance is obtained with around 30 SNPs
and an AUC of 0.81.
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Figure 4.9: CAD data set. The performance of the linear and Gaussian kernel SVM based
on p-value ranking and based on the SVM ranking. A logarithmic (base 10) scale is used
for the horizontal axis.

SVM ranking

In the previous section, where we trained the SVM on the IBD data, we obtained a
better result when using the svmscore to rank SNPs instead of the p-values. We will
now examine whether this also holds true for the CAD data set. We again train an
SVM on increasing subsets of SNPs, this time selected using the svmscore. The results
are shown in Figure 4.9.

In contrast to the performance on the IBD data, we see that on this data set the p-
value ranking yields clearly better results than the svmscore ranking. The GSVM and
the LSVM on the svmscore ranking yield equal performance.

Despite the poor results of the svmscore ranking, we clearly see that the performance
is better for subsets based on the svmscore than if we include all SNPs. This indicates
that the svmscore ranking is not entirely ineffective, but on this data set, the p-value
ranking is clearly more suitable.

If we take a closer look at the power of the classifier on which the svmscore is based,
these results are however not surprising. The svmscore is calculated from the normal
vector of the separating hyperplane for the SVM trained on all SNPs. As shown previ-
ously, the performance on all SNPs is poor for this dataset. Hence, we rank the SNPs
based on a poor classifier. The separating plane is far from optimal, and consequently
the weights of the SNPs do not correspond to suitable disease-specific features. In
other words, the quality of the svmscore depends on the performance of the classifier
on which it is based. This is why we obtain such different results on the two data
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sets: On the IBD data set, the all-SNP classifier performs well, and svmscore therefore
produces a good ranking; on the CAD data set, the all-SNP classifier performs badly,
and the svmscore ranking is correspondingly poor.

4.2.3 Influence of the minor allele frequency on classification

As we have seen, there are large qualitative differences in the classification results on
the two diseases we have studied: The best performance on the IBD data set is obtained
by including all SNPs, whereas the best performance on the CAD data set is obtained
for a relatively small subset of SNPs. Hence the questions arises: Which characteristics
of a given data set influence the classification performance of the SVM?

In the course of this work, we have observed that the classification of GWA data is
strongly influenced by small changes in the data. An area where such a small change
can have a relatively large effect on the result are the quality criteria used in GWA
studies.

The minor allele frequency (MAF) is a common criterion for quality filtering in GWA
studies. SNPs with a MAF below a certain threshold, i.e. rare variants, are excluded
because they are expected to be more prone to false positive results due to geno-
typing issues. Marginal variations when assigning the genotypes can lead to a large
percentage increase or decrease in the frequencies of the rare variants, and so small
uncertainties about the genotype can have a large impact on the association results
for these SNPs. Moreover, technical limitations prevent very rare variants from being
found at all on standard SNP chips. A further issue is the size and hence the power
of the study: Most GWA studies lack the power to detect rare variants. Whereas some
studies use a MAF threshold of 1%, other groups use a threshold of 5%. In this work
we have so far used a threshold of 1% MAF.

Our reasoning in using a threshold of 1% MAF has been that, in contrast to stud-
ies that examine p-values for individual SNPs, we are not as concerned about the
increased risk of false positives for rare variants because we do not test SNPs individ-
ually but construct a classifier on many SNPs simultaneously, thus limiting the effects
that a random bias in an individual SNP can have. Moreover, our interest lies not such
much in identifying individual disease-associated SNPs but in constructing a classifier
that can predict disease risk.

A strong reason for including rare variants is that they often have stronger effects
and are hence better predictors than the common variants. In other words, the rare
variants may be of great value to enable or improve classification on GWA data. Hence,
in the following, we will explore the effect of incorporating rare variants versus exclud-
ing these by varying the MAF threshold. We will first perform this evaluation on the
CAD data set.
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Figure 4.10: CAD data set. The performance of the linear and Gaussian kernel SVM on
data with an MAF of 5% . A logarithmic (base 10) scale is used for the x-axis.

The result of the SVM on data with an MAF of 5% is shown in Figure 4.10. The
LSVM and the GSVM yield similar results. As for the results of the SVM on SNPs
with an MAF of 1%, we see that the performance is better if we classify on a smaller
number of SNPs.

Figure 4.11 plots the performance curves obtained with the SVM for both MAF
thresholds; the p-value ranking was used. If we use all SNPs for classification, we see
that the performance is similar for the two MAF thresholds. However, if we compare
the maximum AUCs obtained for each condition, we see that the better result is ob-
tained if we include rare variables, i.e. for an MAF of 1%. With an MAF of 5%, the
maximum AUC is below 0.65 versus a maximum AUC of around 0.81 for 1% MAF.
The results for the svmscore ranking are similar: again, 1% MAF achieves better results
than 5% MAF.

The results suggest that rare variants are of great importance to enable a suitable
risk prediction. Hence, the rare variants may be more important for classification than
has been assumed so far. These variants may be more disease-specific and may play a
greater role in the development of a disease. Hence, focusing on these variants may be
of interest to better understand the genetics underlying a disease.

Next, we will evaluate the influence of the MAF threshold on the IBD data. Different
phenotypes may not be equally influenced by rare variants. The common variants as-
sociated with IBD have larger effect size than the common variants identified for CAD.
Hence, on the IBD data, the rare variants with stronger effect may not be as crucial for
good disease prediction. The results on the IBD data are shown in Figure 4.11b.
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Figure 4.11: Performance of the LSVM on data sets with an MAF threshold of 1% vs. 5%.
The p-value ranking was used. A logarithmic (base 10) scale is used for the x-axis. a) CAD
data, b) IBD data

In contrast to the results on the CAD data, the performance of the SVM on the IBD
data is not significantly altered if we exclude the rare variants. Hence, the rare variants
are probably not important for classifying the data and are hence not needed by the
algorithm. This may be due to the relatively large effects of the common variants.
An alternative reason that the SVM does not use the rare variants may be that the
rare variants do not provide additional discriminatory information over the common
variants.

Figure 4.12 provides further insight into the reasons for the different behaviours
observed on the two data sets. The top two plots plot the p-values for all SNPs, ordered
by base pair position, on the two data sets. Alternate chromosomes are shaded light
and dark. The rare variants, i.e. SNPs that have an MAF between 1% and 5%, are
marked in red. On the CAD data set (Figure 4.12a), we can clearly see that some of the
rare variants correspond to the SNPs ranked highest according to the p-values. The
SNPs with the best p-values are almost all rare variants. Hence, if we select the SNPs
according to the ranking of the p-values, we get a clearly different subset for the two
MAF cutoff thresholds.

Conversely, on the IBD data (Figure 4.12b), the rare variants do not overlap with the
SNPs ranked highest according to the p-values. Apart from one SNP, all rare variants
have rather low-ranked p-values. Hence, in contrast to the CAD data set, if we select
the SNPs by the rank of their p-values, we select almost the same subset for the two
MAF cutoff thresholds.
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Figure 4.12c,d shows similar plots but with OR instead of p-values. For both data
sets, the rare variants have relatively large effect sizes compared to the common vari-
ants. However, the effect size differs widely. The rare variants of the CAD data set
have ORs up to 20, whereas the maximum OR of the IBD data set lies around 2.5. In
addition, for the CAD data, the rare variants with large effect sizes correspond to the
SNPs ranked high according to the p-values. This effect is not seen on the IBD data set;
indeed, none of the rare variants have particularly high p-values anyway. In summary,
if we select SNPs by the ranks according to the p-values, then on the CAD data, we
select rare SNPs that have large effect size. For the IBD data, the rare variants are not
among the highest ranked and have smaller effect size. Hence, these variants do not
influence the classification as much as the rare variants in the CAD data.

To sum up, the rare variants improve classification performance in some cases while
leaving it unchanged in others, but in any case they do not appear to hurt performance.
For this reason, a low MAF threshold appears warranted in general, since it may add
important discriminatory information for at least some data sets.

4.3 Conclusion SVM

In this chapter, we have evaluated whether we can build a good classifier based on
large numbers of SNPs. We have explored the effect of rigid p-value cutoff thresholds
as well as a detailed evaluation of the classification performance for SNP subsets of
increasing size, ranked by p-values. Moreover, we have compared this p-value rank-
ing with a ranking based on SVM weight vector entries. We have also evaluated the
influence of rare variants on classification performance.

We tested the suitability of the SVM for risk prediction on two different GWA
datasets, a CAD data set and a IBD data set. Overall, the SVM algorithm achieved
convincing performance on both datasets. If we compare the performance of the two
algorithms we see that the SVM obtain better results on the CAD data than on the
IBD data, a maximum AUC of 0.81 versus 0.68. Whereas the classification with the
SVM on the IBD data yields the best results if all SNPs are used (suggesting that the
classification is unaffected by noise), this is not true on the CAD data set, where the
classification on all SNPs yields poor results. If we however apply a p-value threshold
to the CAD data, we obtain good classification performance. In other words, if we se-
lect smaller subsets of SNPs according to the ranking of the p-values, and in this way
exclude noise SNPs, we can noticeably improve classification.

We have in this chapter also evaluated the performance of a ranking based on a
score calculated using the SVM classifier. The score for each SNP is obtained from the
absolute value of its entry in the normal vector. We observed that the quality of this
svmscore is highly influenced by the underlying classifier. A subset that is selected
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based on a well-performing classifier improves classification over the p-value ranking,
as we saw for the IBD data. On the other hand, an svmscore that is based on a poor
classifier leads to poor performance. Because of this, the svmscore ranking performs
worse than the p-value ranking for the CAD data.

Finally, we explored the effect of rare variants in the data set. The influence of rare
variants on classification performance is different for the two data sets, IBD and CAD.
Whereas the performance is worsened if we exclude the rare variables in the CAD
data, the performance is unchanged for the IBD data. The reason for this can be ex-
plained if we take a closer look at the OR and p-values of the rare variants. For the
CAD data set, the rare variants score high in the ranking of the p-values. In addition,
we observe that these SNPs have large effect sizes. Hence, the SNPs have a large in-
fluence on the classification performance especially if we select SNP subsets according
to the p-values. On the IBD data set, the rare SNPs have rather low p-values and are
hence not primarily selected. In addition, these SNPs have by far smaller effect sizes
and are hence not as predictive as the rare CAD SNPs. Hence, rare variants may im-
prove classification since they may have larger effect size than common variants. If the
variants are unpredictive, the SVM will ignore these and classification is not worsened.
However, if we include rare variants, we must bear in mind that these are more prone
to produce false positive results. Hence, the generalization error may be increased.
Nonetheless, we would suggest to keep the rare variants in the data set since, in our
experience, they may improve performance significantly and, at worst, do not change
it.
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5 Classification of GWA data with the
SNPboost algorithm

The premise of the previous Chapter (Chapter 4) was that classifying on large ensem-
bles of SNPs improves performance over single-SNP classification because all disease-
relevant variables, interactions between the variables and disease-specific structures
present in the data can be taken into account. Indeed, as we were able to show, an
SVM based on large ensembles of SNPs achieves convincing performance. Classifica-
tion on large numbers of SNPs clearly performed better than classification on only a
few SNPs.

However, the results suggest that classification on all SNPs may be influenced by
noise and, as we showed, a better classification can be achieved if we apply a p-value
threshold. Whereas the classification with the SVM on the IBD data yields the best
results if all SNPs are used, the classification with the SVM on the CAD data yields
poor results. However, if we apply a p-value threshold to the CAD data, we obtain
good classification results. But is the p-value the most effective measure for ranking
SNPs according to their relevance and excluding noise?

The p-value ranking assigns high values only to those SNPs that have an effect
individually. To overcome this limitation, we also used the SVM to rank the SNPs.
However, we observed that the quality of this ranking is highly influenced by the
underlying classifier. A subset that is selected according to the SVM ranking on a
well-performing classifier improves classification over the p-value ranking. This is not
true if the underlying classifier is poor. Thus, each of the two methods that we have
tried so far works well in specific cases, but we would ideally like to have a method
that always works well. What could such a method be?

Given a large amount of only marginally predictive variants, a common strategy to
improve classification is known under the name “boosting” [46]. The main idea is to
use the marginally predictive variants to construct a set of so-called “weak” classifiers,
each of which performs only slightly better than chance. Then, several weak classifiers
are selected and combined into one strong classifier, which performs by far better than
each of the individual weak classifiers. Such boosting algorithms are simple yet some
of the most powerful learning strategies.
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5.1 Adaboost

Adaboost, introduced by Freund and Schapire [66, 67], is one of the most popular
boosting algorithms. The use of Adaboost was popularized by Viola and Jones, who
used a cascade of Adaboost classifiers for face and object detection [68]. The premise
underlying its selection strategy is that each variable describes different characteristics.
In the first step, the best weak classifier (i.e. most predictive variable) is selected. Then,
the second classifier is selected to improve the classification. For this purpose, it is not
as important that the data points that are correctly classified by the first classifier are
also correctly classified by the second. On the contrary, it is more crucial to improve
the classification of the incorrectly classified data points.

To focus on these data points, the algorithm applies weights. Initially, all data points
have the same weight. Then, after the first classifier has been selected, the weights
are increased for the incorrectly classified data points and decreased for the correctly
classified ones. With these weights, the selection of the second classifier is influenced
more by the incorrectly than by the correctly classified data points.

The remaining classifiers are selected in the same way. The algorithm increases and
decreases the weights after each selection step. This means that the data points that
are often incorrectly classified obtain ever-increasing influence. In this way, the final
classifier aims to account for as much of the variability in the data as possible. Ad-
aboost may hence be a suitable algorithm for classification on GWA data, where each
SNP is only marginally predictive.

5.1.1 The Adaboost algorithm

As input the Adaboost algorithm takes data points X = (x1, . . . , xN), xi 2 RD, and
class labels Y = (y1, . . . , yN), yi 2 {1,�1}. In addition, we have a set H of weak
classifiers. Each weak classifier h 2 H produces a binary output h(x) 2 {1,�1} [46].

As described above, the main idea of boosting is to combine several weak classifiers
into a stronger one. The Adaboost algorithm trains the weak classification algorithm
several times (in the formalism introduced above, this corresponds to selecting a weak
classifier from the set H); each time, the weak classifier sees a slightly different version
of the data because, as we have seen above, weights wi, i = 1, . . . , N are applied to the
data points. The weight of each data point is initialized with wi = 1

N .
In each step of the algorithm we determine the weak classifier with the minimal

training error e(h), which is defined as follows:

e(h) =
N

Â
i=1

|h(xi)� yi| wi. (5.1)
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We use hm to denote the weak classifier that is selected in the m’th iteration of the al-
gorithm. For each classifier hm, we calculate a weight am, which will be used to weight
the contribution of this weak classifier to the strong classifier. The more accurate a
weak classifier is, the larger is its weight. am is calculated as follows:

am =
1
2

ln
✓

1� e(hm)
e(hm)

◆
. (5.2)

Having determined hm and calculated the weight am of the classifier, the algorithm
next updates the weights of the data points. The weights of the correctly classified data
points are decreased, and the weights of the incorrectly classified points are increased.
The corresponding update rule is

wnew
i =

wold
i

Zold ·
(

e�am if hm(xi) = yi
eam otherwise,

(5.3)

where Z is a normalization factor chosen such that k(w1, . . . , wN)k2 = 1.
The algorithm is repeated until a stopping criterion is fulfilled, e.g. a defined num-

ber of iterations is completed. At this point, the algorithm has obtained a series of
weak classifiers h1, . . . , hM. These weak classifiers are then combined to produce a
joint output where each classifier is weighted by the weight am:

P(x) = sign

 
M

Â
m=1

am · hm(x)

!
. (5.4)

5.1.2 Adaboost on GWA data: SNPboost

To apply Adaboost to GWA data, we first have to define the set of weak classifiers
H [1]. In this work, each weak classifier predicts the phenotype of an individual based
on the genotype of a specific SNP. For instance, a weak classifier could assign all indi-
viduals as affected that are homozygous for the first allele and classify as unaffected
all individuals with the two other possible genotypes, heterozygous and homozygous
for the second allele.

In the general case, there are 8 possible binary outputs (see table 5.1). However, a
classifier with only one possible output, i.e. affected or unaffected regardless of the
genotype, obviously has no predictive relevance and is of no use for classification.
Consequently, we ignore these and obtain a total of 6 weak classifiers per SNP. The
total number of weak classifiers for D SNPs is thus D · 6. The remaining algorithm
proceeds as described above.

65



input output

1 2 3 4 5 6 7 8
AA 1 -1 -1 -1 1 1 1 -1
AB -1 1 -1 1 -1 1 1 -1
BB -1 -1 1 1 1 -1 1 -1

Table 5.1: There are 8 possible binary outputs if we classify based on the genotype of
a single SNP. The classifiers with only one possible output, i.e. affected or non-affected
regardless of the genotype, are excluded because they are not predictive. A and B are the
alleles, with the genotypes AB (heterozygous), AA and BB (homozygous for the first and
second allele respectively).

5.2 Results and discussion

To evaluate the SNPboost algorithm, we again tested the performance on the inflam-
matory bowel disease (IBD) data set and the coronary artery disease (CAD) data set.
The performance was evaluated using the area under the curve (AUC). To explore the
effect of random variations in the data, we performed a 5-fold cross-validation.

We compared the results with the performance of the SVM, which can be seen as
a standard benchmark method for classification. The SNPboost algorithm selects one
SNP at a time to successively improve classification. We hence trained the SVM on
subsets with a size corresponding to the number of SNPs used so far by the SNPboost
algorithm.

5.2.1 Results IBD data

The IBD data set [36] is described in detail in Chapter 2. In brief, the data set contains
1719 individuals, of which 789 are cases and 930 are controls. The total number of
SNPs is 292,162 after quality filtering.

First, we evaluated the performance of the SNPboost algorithm and compared it
with the performance of the LSVM. For the LSVM, we used the p-value ranking to
select SNP subsets. The results are shown in Figure 5.1a.

The SNPboost algorithm clearly performs worse than the LSVM on the p-value
ranking. Both algorithms reach a performance peak at around 10 SNPs. SNPboost
reaches an AUC of 0.59, and the LSVM on the p-value ranking reaches an AUC of
0.62. The performance of both algorithms declines after this. This decline is however
much steeper for the SNPboost algorithm.

SNPboost and the LSVM are both linear classifiers. The main difference between
these two algorithms is in how the weights are determined and how the SNPs are
selected. A drawback of the SNPboost algorithm is that the weights are determined
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Figure 5.1: IBD data a) SNPboost versus p-value LSVM. b) SNPboost vs. SNPboost LSVM

individually based on the accuracy of the corresponding weak classifiers. This means
that the SNPboost algorithm is, in a sense, unaware of interactions between SNPs and
cannot fully exploit the structures in the data. The LSVM, on the other hand, adjusts
all weights simultaneously to account for the structures and interactions in the data.
Because of this, the LSVM may be a better classifier than the SNPboost algorithm.

The second difference between the algorithms is the way in which the SNPs are
selected. Does the SNPboost algorithm select more favorable SNPs than the ranking
by the p-values? This question inspired us to evaluate whether we can obtain better
results with the SVM based on the SNPboost selected SNPs instead on the p-value
ranking, i.e. to use the SNPboost algorithm as a feature selection strategy.

SNPboost for feature selection

We first compared the performance of the LSVM on SNPboost selected subsets with
the SNPboost algorithm by itself. The results are shown in Figure 5.1b. We clearly
see that the performance is improved if we combine the SNPboost feature selection
with the LSVM instead of using the SNPboost algorithm alone. For smaller number
of SNPs, we see a large difference in the performance. The best AUC is reached with
around 10 SNPs for both algorithms: 0.59 for the SNPboost algorithm and 0.62 for the
LSVM with SNPboost feature selection.

Hence, as we suspected above, the SNPboost is not the most best-performing clas-
sifier probably because it only weights and adds up the effects of the individual SNPs
and misses the interactions as well as disease-specific structures. The SVM has a more
sophisticated way of determining the weights that can account for these additional
structures and in this way improve the classification performance. This may be the rea-
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Figure 5.2: IBD data a) SNPboost LSVM versus p-value LSVM. b) SNPboost LSVM versus
p-value GSVM

son that the SVM clearly classifies better also on the subsets selected by the SNPboost
algorithm.

As discussed above, the SNPboost algorithm aims to select weak classifiers that rep-
resent as much of the variability in the data as possible. Hence, the selected SNPs are
as little redundant as possible since they are selected successively to improve classifi-
cation. This selection strategy may thus be more appropriate than the p-value ranking,
since it is only based on the individual effects. Hence, we compared the performance
of SNPboost feature selection with the p-value ranking. To begin with, we compared
the performance using the LSVM. The results are shown in Figure 5.2a.

The performance of the LSVM is nearly equal for both feature selection strategies.
SNPboost selection, however, performs better for smaller number of SNPs. For larger
subset sizes, p-value selection is slightly superior. The overall best performance lies
around 0.62 for both approaches. Note that we only tested the algorithm up to a
subset size of 1000 SNPs.

A Gaussian kernel SVM can further improve classification, as discussed in Chap-
ter 4. Hence, we next compared the performance of the two selection strategies using
a Gaussian kernel. The results are shown in Figure 5.2b. We see that there is no sig-
nificant difference between the p-value ranking and the SNPboost selection in the
classification performance of the GSVM.

For the SNPboost selection, the overall best performance is marginally increased
compared with the LSVM: 0.623 (GSVM) versus 0.615 (LSVM) on the SNPboost sub-
sets. For p-value selection, both the LSVM and GSVM yield the best performance with
an AUC of 0.623. The two feature selection approaches are hence comparable. But how
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(a)

(b)

Figure 5.3: SNPs per chromosome according to base pair positions: a) p-value b) odds
ratio. The red points represent the SNPboost selected SNPs

do the SNPs that are selected by the SNPboost algorithm and by the p-value ranking
differ? This is the question we will investigate in the next section.

The SNPs of the SNPboost algorithm

As we have seen so far, SNPboost seems to perform a suitable feature selection. The
performance of the SVM is nearly equal for SNPboost feature selection and the p-value
ranking. To better understand the difference between these two selection strategies,
we determined the p-values of the SNPs that are selected by the SNPboost algorithm.
Figure 4.6 plots the p-values for all SNPs, ordered by base pair position. Alternate
chromosomes are shaded light and dark. The SNPs that are selected by the SNPboost
algorithm are marked in red; a SNP is included in this set if it is among the 100 first
selected SNPs in at least one cross-validation fold. We can see that some of the SNPs
that are selected by the SNPboost algorithm overlap with the SNPs ranked highest
according to the p-values. However, this does not apply to the majority of the selected
SNPs, indeed most of them have rather low p-values.

If we compare the selected SNPs with the effect size (odds ratio) of the individ-
ual SNPs, as shown in Figure 5.3b, we again cannot find any correlation. Hence, we
can conclude that the SNPs selected using the SNPboost algorithm clearly have other
properties which qualify them for classification. We will therefore now take a closer
look at the SNPboost selected SNPs.
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Figure 5.4: IBD. SNPboost versus p-value and svmscore for feature selection. a) LSVM.
b) GSVM

To reduce the effect of random variations in the data, we will only consider SNPs
selected in multiple cross-validation folds. Among the 20 first selected SNPs, there
are two SNPs that occur in each fold. We identify SNPs by their reference SNP ID
number (“rs#”), as assigned by the dbSNP database of the NCBI [69]. The first of these
is rs2076756 on chromosome 16 in the NOD gene, and the second is rs1942239 on
chromosome 18 and does not lie within a gene. rs2076756 is genome-wide significant
and is a known susceptibility gene. rs1942239 is not a known susceptibility gene and
is also not genome-wide significant. However, since it is selected in each fold, it seems
that this SNP is important for classification and hence an interesting candidate for
further evaluation.

The pairwise interaction between the two SNPs rs2076756 and rs1942239, as evalu-
ated using logistic regression, is not significant. This is however not surprising since
the SNPboost algorithm selects SNPs that represent the variability in the data. The
selection is hence not primarily focused on interactions between SNPs.

SNPboost versus SVM feature selection

In the previous section (Chapter 4), we evaluated the classification performance of
the SVM on the IBD data. Besides selecting SNPs according to the p-value ranking,
we also used the svmscore ranking. On large subsets, the svmscore ranking obtained
clearly better results than the p-value ranking. Hence, we next compared the SNPboost
feature selection approach with svmscore selection.

First, we compared the performance of the LSVM on the two selection strategies.
The results are shown in Figure 5.4a. For subsets between 10 and 40 SNPs, we see that
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SNPboost selection improves classification over the svmscore ranking. However, for
subsets with more than 40 SNPs, svmscore becomes superior.

The results of the GSVM for the two selection strategies are shown in Figure 5.4b.
On SNPboost selected SNPs, the GSVM improves performance over the LSVM. On the
p-value selection, the LSVM and GSVM perform equally well. As for the LSVM, we see
that the svmscore is clearly better for subsets with more than 40 SNPs. However, for
subsets between 10 and 40 SNPs, the SNPboost is superior. Compared to the LSVM,
this improvement is widened.

Overall, SNPboost feature selection is less suitable for classification than the svm-
score, except for small subset sizes. The superior performance of the SVM with svm-
score selection may be because the same basic algorithm is used for selection and
classification, i.e. the svmscore selects SNPs that are already known to be important
for an SVM classifier. Hence, the selected SNPs may be better suited for the SVM than
SNPs selected with other approaches.

On the other hand, the svmscore depends largely on the performance of the classifier
that incorporates all SNPs. Hence, for data sets where this all-SNP SVM classification
fails, SNPboost selection may be the better choice.

Conclusion IBD data

Overall, the results obtained with the IBD data suggest that the combination of the
SVM and SNPboost feature selection yields by far better performance than the SNP-
boost algorithm alone. Both of these algorithms, SNPboost and the LSVM, are linear
classifiers. The main difference is in how the weights are determined. In the SNPboost
algorithm, the weights are based on the performance of each individual classifier,
causing it to miss the structures and the interactions between the SNPs. Conversely,
for the LSVM, the weights are adjusted simultaneously and hence can account for
structures and interactions between the SNPs.

To evaluate the feature selection of the SNPboost algorithm in isolation, we ran the
LSVM and the GSVM on subsets selected with the SNPboost algorithm. The difference
between the LSVM and the GSVM on the SNPboost SNPs is only marginal for small
subsets. However, for larger subsets, the GSVM performs better.

SNPboost feature selection is comparable with the selection according to the p-value
ranking. The overall best performance lie around 0.62 for both approaches.

Finally, we also compared the results of SNPboost feature selection with the svm-
score ranking. For small numbers of SNPs, SNPboost feature selection seems to be
better than svmscore selection. However, overall, the performance of svmscore selec-
tion is clearly superior.
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Figure 5.5: GWA2 data. a) SNPboost versus p-value LSVM, b) SNPboost vs. SNPboost
LSVM, c) SNPboost vs. p-value LSVM, d) SNPboost vs. SNPboost LSVM.

5.2.2 Results CAD data

Having evaluated the performance of the SNPboost algorithm on the IBD data set, we
next tested the performance on the coronary artery disease (CAD) data set [33]. The
data is described in Chapter 2. In brief, the data consist of a total of 2506 individuals,
with 1222 cases and 1284 controls, and a total of 118247 SNPs after quality filtering
and LD pruning.

As in the previous section, we again first compared the performance of the SNPboost
algorithm with the LSVM using p-value ranking. The results are shown in Figure 5.5a.
In contrast to the performance on the IBD data, we see that the LSVM using p-value
ranking performs substantially better than the SNPboost algorithm on larger subsets.
For subsets with less than 10 SNPs, we get equal performance.
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Figure 5.6: GWA2 data. SNPboost versus p-value and svmscore for feature selection.
a) LSVM. b) GSVM

However, as we have seen in the previous section, the performance can be improved
if we train the LSVM on the SNPs selected by the SNPboost algorithm. We therefore
tested whether this also applies to the CAD data set by comparing the performance
of SNPboost with the LSVM using SNPboost feature selection. The results are shown
in Figure 5.5b. We can clearly see that LSVM using SNPboost feature selection by far
outperforms the SNPboost algorithm by itself. This does however not apply for subsets
up to a size of 10 SNPs.

If we compare the results of the LSVM using SNPboost feature selection with the
LSVM using p-value selection, we see that initially both selection strategies perform
equally well, as shown in Figure 5.5c. However, p-value selection is still superior for
larger subsets. The results of the GSVM with the two selection strategies are shown in
Figure 5.5d. Similar to the LSVM, we again see that p-value selection performs better
than SNPboost selection, especially for larger subset sizes.

In the previous section, which dealt with the IBD data set, we also compared SNP-
boost feature selection to svmscore selection and saw that svmscore is clearly superior
for larger numbers of SNPs. We also performed this analysis on the CAD data set, even
though we had already seen in Chapter 4 that the performance of the SVM worsens
on this data set if we use svmscore selection instead of p-value selection.

As expected, SNPboost selection performs far better than svmscore selection, as
shown in Figure 5.6. Hence, even if p-value selection clearly performs best on this
data set, SNPboost selection also yields good results and may hence be a suitable
alternative approach.
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Conclusion CAD

On the CAD data, overall, the SNPboost algorithm clearly performs worse than the
SVM with p-value selection; a similar result was seen on the IBD data set. For very
small subsets, we get equal performance between the two algorithms. If we train a
SVM on the SNPs selected by the SNPboost algorithm, we see that the classification
performance is clearly improved over the SNPboost algorithm by itself on larger sub-
sets. However, this SNPboost feature selection, can only keep up with the performance
of the p-value selection on subsets with small numbers of SNPs.

Whereas svmscore selection performs poorly on this data set (see Chapter 4), we see
that SNPboost selection still yields good classification results, though it does not reach
the performance level of p-value selection.

5.2.3 Influence of the minor allele frequency on classification

In Chapter 4.2.3 we explored the effect of rare variants on classification. We applied
two different MAF cutoff thresholds: 1% and 5%. In the 5% case, which excluded the
rare variants, we saw that the performance was clearly different: The classification
based only on relatively frequent SNPs clearly performed worse than the case where
the rare variants were included in the data set.

In testing the SNPboost algorithm, we have so far used an MAF cutoff threshold
of 1%. To see whether the classification performance of the SNPboost algorithm is
influenced by rare variants, we ran it again but this time with an MAF cutoff threshold
of 5%.

The results for the CAD data set are shown in Figure 5.7a. Consistent with the results
of the SVM on the CAD data (see Chapter 4), we see that the SNPboost algorithm
performs better if rare variants are included. Whereas the AUC barely reaches 0.62
with a cutoff threshold of 5%, the maximum AUC for an MAF of 1% lies around 0.7.

Next, we applied the higher MAF of 5% to an LSVM with p-value selection and
SNPboost selection. Figure 5.7b shows that p-value selection and SNPboost selection
yield nearly equally good classification performance, although classification perfor-
mance is worse for both approaches than with an MAF of 1%. The performance of the
GSVM (see Figure 5.7c) is similar to the LSVM for both selection strategies. Hence,
whereas p-value selection is clearly superior with a MAF of 1%, these two approaches
now yield similar results with a MAF of 5% .

We now turn to the IBD data set. The performance of the SNPboost algorithm on
this data set is not significantly altered if we exclude the rare variants (see Figure 5.7d).
This result is consistent with the behaviour we have already observed with the SVM
(see Chapter 4). Hence, the rare variables are not as crucial for classification on the
IBD data as on the CAD data.

74



101 102 103

0.5

0.6

0.7

A
U

C

SNPboost MAF 1%
SNPboost MAF 5%

(a)

101 102 103

0.5

0.6

0.7

p-value LSVM
SNPboost LSVM

(b)

101 102 103

0.5

0.6

0.7

SNPs

A
U

C

p-value GSVM
SNPboost GSVM

(c)

101 102 103

0.5

0.6

0.7

SNPs

SNPboost MAF 1%
SNPboost MAF 5%

(d)

Figure 5.7: Performance of SNPboost as a classifier and as a feature selection approach
on data sets with an MAF threshold of 1% vs. 5%. a) SNPboost CAD, b) SNPboost and
p-value LSVM CAD, c) SNPboost and p-value GSVM CAD, d) SNPboost IBD.
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Conclusion: MAF threshold

On the CAD data, when the MAF cutoff threshold is made more stringent, the perfor-
mance of the SNPboost algorithm also declines, similar to the result we have already
seen for the SVM. On the IBD data, the performance of the SNPboost algorithm on
this data set is not significantly altered.

We also tested the performance of the SNPboost algorithm for feature selection. On
the CAD data, we saw that the difference between the performance of the SVM using
the SNPboost and the p-value selection strategy is by far more distinct with an MAF
threshold of 1% than 5%.

5.3 Conclusion SNPboost

In this section, we evaluated whether the SNPboost algorithm is suitable for classifica-
tion on GWA data. We compared the performance of SNPboost with the performance
of the SVM for corresponding numbers of SNPs; the SVM can be seen as a standard
benchmark classification approach.

We also evaluated the SNPboost algorithm as a feature selection approach for SVM
classification. We compared SNPboost feature selection with p-value selection, a fre-
quently used selection strategy, and with svmscore selection. Finally, we explored
whether classification is influenced by inclusion versus exclusion of rare variants.

We performed these evaluations on two data sets, the IBD data set and the CAD data
set. Overall, classification based solely on the SNPboost algorithm performs worse than
if the algorithm is used as a feature selection approach for the SVM. This is probably
due to the fact that the SVM determines weights simultaneously for all SNPs whereas
the SNPboost algorithm weights each weak classifier individually, which prevents it
from fully exploiting interactions and disease specific structures. The SNP selection
strategy of the SNPboost algorithm aims to find a set of SNPs that together cover the
variability between subgroups of individuals and hence account for subgroup-specific
SNPs. The p-value selection approach, on the other hand, only evaluates how disease-
specific a SNP is and does not specifically select SNPs that are characteristic for small
subgroups.

SNPboost can also be used as a feature selection approach. Whereas on the IBD
data set, SNPboost feature selection is comparable to p-value selection, we see oppo-
site results on the CAD data, where p-value selection performs substantially better
than SNPboost selection except for very small subset sizes. This result suggests that
the CAD data set is less influenced by subgroup-specific structures, making p-value
selection the better choice.

We also compared SNPboost feature selection to svmscore feature selection, which
ranks SNPs by their weights in the normal vector of the separating plane (see Chap-
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ter 4). The svmscore is highly dependent on the classifier it originates from. For the
IBD data, the svmscore seem to be a promising feature selection approach: Its perfor-
mance clearly exceeds that of p-value selection. On this data set, svmscore selection
also performs better overall than SNPboost selection; however, the SNPboost selection
is slightly better on small subsets. Conversely, for the CAD data, svmscore selection
performs worse than p-value selection. Here, SNPboost feature selection yields by far
better performance than svmscore selection and may hence be a promising alternative
to p-value selection.

Finally, we evaluated the influence of rare variants on classification performance.
A more stringent MAF cutoff threshold (which excludes the rare variants) leads to
worsened performance on the CAD data. This is consistent with the result for the
SVM (see Chapter 4). On the IBD data, the performance remains nearly equal. Hence,
the results again suggest that the rare variants are not as crucial for good classification
on the IBD data as they are for the CAD data.

77



78



Conclusion part II

We have evaluated different classification approaches to test whether we can build
a classifier for risk prediction on GWA data. The variables identified to date explain
only a small proportion of the risk of a disease. Hence, if we used only these variables
for classification, we would miss the major fraction of the informative variants in the
model. To achieve a risk prediction that is as good as possible, we have explored
whether classification on large numbers of variables yields better results than using
only a few susceptibility loci.

We tested different approaches for classification on two data sets: the coronary artery
disease (CAD) data set and the inflammatory bowel disease (IBD) data set.

First, we evaluated the performance of the support vector machine (SVM) (see Chap-
ter 4). Its major advantage is that, unlike the traditional risk models, it is capable of
handling both individual effects and interactions. Moreover, the SVM can be applied
to very large data sets, which makes it a suitable candidate for classification without
first having to reduce the number of variables.

To explore the effect of the number of SNPs used in the prediction model, we
formed subsets of increasing size, ranking the SNPs by their p-values. Overall, the
SVM achieved satisfactory classification performance for both the CAD and the IBD
data set. Classification performance improves clearly if we use more than one SNP
for classification. Between the two data sets, there is a clear difference in classification
performance. Whereas on the IBD data, classification based on all SNPs yields the best
performance, we observed that, on the CAD data, a more optimal subset is needed to
obtain a good classification. These results suggest that classification is more strongly
influenced by noise on the CAD data than on the IBD data and that we therefore need
to restrict ourselves to a small subset of SNPs to eliminate the noise SNPs.

The number of SNPs genotyped in most GWA studies is expected by far to exceed
the number of variables that actually influence the risk of a disease. This implies that
we have a large amount of noise in the data. As we observed on the CAD data, if we
reduce the amount of noise, classification can be improved. Ranking the SNPs by p-
values may however not be the best approach, since this ranking only selects SNPs that
have an individual effect. In other words, we miss SNPs that only have an appreciable
effect in combination with other SNPs.

For this reason, we explored different feature selection approaches for the SVM.
First, we ranked the SNPs according to the entries of the weight vector for an SVM
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trained on all SNPs. Not surprisingly, this ranking, which we call the svmscore, is
highly dependent on the quality of the all-SNP classifier. This is why we obtain oppo-
site results with the svmscore ranking on the two data sets. Whereas the classification
on all SNPs yields the best performance on the IBD data, it yields nearly the worst per-
formance on the CAD data. On the IBD data, the svmscore ranking clearly improves
classification over the p-value ranking. Conversely, on the CAD data, the svmscore
ranking performed worse than the p-value ranking. Hence, the svmscore is clearly not
suitable for subset selection on the CAD data set.

Given a large amount of only marginally predictive variants, a common strategy to
improve classification is is known under the name “boosting”. Hence, in the second
chapter of this part, we evaluated the performance of a boosting algorithm for classi-
fication as well as feature selection. Boosting algorithms aim to improve classification
by combining several weak classifiers into one strong classifier. We established the so-
called SNPboost algorithm for use on GWA data. The SNPboost algorithm was, like
the SVM, tested on the CAD and IBD data sets.

On both the CAD and IBD data, the LSVM using SNPboost feature selection by
far outperforms the SNPboost algorithm alone. The decision functions of the LSVM
and SNPboost are quite similar; both are linearly weighted sums. We therefore assume
that the LSVM performs better because it assigns better weights. In the SNPboost algo-
rithm, the weights are based on the performance of each individual weak classifier; this
prevents SNPboost from fully exploiting interactions and disease-specific structures.
In contrast, the LSVM adjusts the weights simultaneously and hence can account for
structures and interactions between SNPs.

But SNPboost is still attractive as a feature selection approach because it aims to
find a set of SNPs that together cover as much of the variability between subgroups
of individuals as possible. The p-value selection, on the other hand, only ranks each
SNP separately and does not specifically select SNPs that are characteristic for small
subgroups.

On the IBD data, SNPboost feature selection and p-value selection yield comparable
SVM classification results. On the CAD data, the p-value ranking is clearly superior.
This is not because the SNPboost feature selection performs particularly badly but
because p-value ranking performs particularly well here. On this data set, the SNPs
ranked highest according to the p-values are also the SNPs with the highest effect size
(odds ratio), and these are likely to be a good choice for classification. Moreover, the
results suggest that the CAD data set is less influenced by subgroup-specific struc-
tures, again making p-value selection the better choice. If we compare all three feature
selection strategies on the CAD data set, we observe that the p-value ranking performs
best, followed by SNPboost feature selection, with the svmscore ranking performing
worst.

80



We also explored how rare variants influence classification performance by using
an MAF of 5% instead of the value of 1% used previously. Whereas classification on
the CAD is noticeably worsened if we exclude the rare variables, the performance on
the IBD data is not influenced at all. This result is consistent for both classification
approaches, the SVM and the SNPboost algorithm, and also for the different feature
selection approaches, p-value, svmscore and SNPboost feature selection.

To sum up, we have seen that we can achieve better classification using multiple
SNPs than if we classify only on a few variants. On the CAD data set, we have seen
that the optimum number of SNPs is smaller than on the IBD data set: On the CAD
data, the SVM yields its best performance on a subset of around 40 SNPs selected
according to the p-values, and on the IBD data, the best performance is achieved when
all SNPs are included.
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Part III

Using patterns to rank SNPs





6 Sparse Coding for feature selection

GWA studies have revolutionized the search for genetic variants that influence the
risk of common complex diseases. Whereas previous studies were limited by data
generation, in the years of GWA studies one now faces a different problem: analyzing
the sheer amount of data. Finding the most relevant information among large amounts
of noise is a major challenge.

Intuitively, the simplest approach is to select the features according to individual rel-
evance, i.e. according to the p-values. However, as discussed previously, SNPs might
interact positively or negatively to increase or decrease the effect of the individual
factors. In short, a disease effect might only come about through the interaction of
multiple variants. Hence, the selection of SNPs according to the single-locus effect
alone is not likely to reveal the more complex genetic mechanisms underlying a dis-
ease [28–30].

In the previous chapters, we explored different feature selection strategies for clas-
sification using the SVM. SNPboost selection (see Chapter 5) aims to cover as much
of the variability in the data as possible. Its advantage is that it accounts for different
subgroups in the data. However, a drawback is that it, like p-value selection, selects
the SNPs individually. Hence, it may not identify patterns that consist of SNPs with-
out individual effects. The svmscore ranks SNPs according to the entries of the weight
vector for an SVM trained on all SNPs (see Chapter 4); its advantage is that it accounts
for structures and interactions in the data since it ranks SNPs according to their influ-
ence on the classification. However, this means that the svmscore is highly dependent
on the quality of the all-SNP classifier. In addition, as we will see later in this chapter,
the svmscore is not always able to identify weak SNP patterns in the data.

In summary, two of the feature selection approaches introduced so far (p-value se-
lection and SNPboost selection) do not account for patterns at all, and while the third
(svmscore) can account for patterns in principle, we observe that it has significant
weaknesses in practice. Identifying SNPs that form disease-specific patterns is an im-
portant goal, however, for two reasons: First, they may broaden our knowledge about
the genetic mechanisms underlying a disease; and second, if we use these patterns for
feature selection, we may improve classification on GWA data. In this chapter, there-
fore, we will discuss a method that is specifically geared to identifying SNP patterns.
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(a) PCA (b) Sparse Coding

Figure 6.1: PCA versus sparse coding. The arrows mark the directions of largest variance
obtained by the algorithms. The PCA fails to identify the true effects in the data due to its
orthogonal constraint whereas sparse coding identifies the effects correctly.

Patterns alter the covariances in the data. Hence, one way to identify disease-specific
structures and interactions is to determine the dimensions that explain as much of the
variance in the data as possible.

The classic approach that embodies this idea is the Principal Component Analysis
(PCA) [47]; it is one of the most used approaches for dimensionality reduction and
feature extraction. The PCA determines the directions of greatest variance in the data.
These directions, which are restricted to be orthogonal, are referred to as the principal
components (PC) of the data. To use the PCA for feature selection, features are ranked
by their influence on the principal components [46].

In this chapter we will explore sparse coding (SC) as an alternative approach for
feature selection; to our knowledge, this is the first time this has been done on GWA
data. Like the PCA, sparse coding aims to determine the directions of greatest variance.
However, in contrast to the PCA, sparse coding does not require its basis elements to be
orthogonal. Let us illustrate the difference between the two approaches by an example.

Assume we have a data distribution as shown in Figure 6.1; there are two principal
effects in the data along axes that are not orthogonal to each other. We attempt to find
these effects using the PCA and sparse coding. Whereas the PCA fails to identify the
true effects in the data due to its orthogonal constraint (Figure 6.1a), sparse coding
identifies the effects correctly (Figure 6.1b). Hence, sparse coding can identify non-
orthogonal structures which are missed by the PCA algorithm.
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6.1 Principal component analysis

As input the PCA algorithm [47] takes data samples X = (x1, . . . , xN), xi 2 RD. The
PCA algorithm aims to identify the directions of greatest variance in the data, called
the principal components (PC).

In this work we calculate a number M of principal components with a perceptron-
like learning rule. The principal components are identified iteratively. In each step of
the algorithm, the next principal component is identified under the constraint that it
should be orthogonal to the previously identified principal components. The details
are described in Chapter 3.2.2.

PCA can be used for feature selection by ranking the features by their influence on
the principal components [46]. To use the PCA algorithm for ranking SNPs, we apply
it separately to the cases and controls. We refer to the principal components of the
cases (class 1) by V1 = (v

1
1, . . . , v

1
M) and to the principal components of the controls

(class -1) by V�1 = (v

�1
1 , . . . , v

�1
M ).

The larger the absolute entry of a principal component, the larger the contribution
of the corresponding SNP to this direction of variance. However, SNPs with large
contributions are not necessarily useful for classification if they contribute equally for
cases and controls. We are particularly interested in SNPs whose contribution differs
between cases and controls. We use this idea to construct the following score:

sj =
����max

i
|(v

1
i )j|�max

i
|(v

�1
i )j

���� . (6.1)

The SNPs are then sorted according to the score sj in descending order. We will in the
following refer to this score as the pcascore.

6.2 Sparse Coding

Sparse coding is an algorithm that, like the PCA, aims to identify the directions of
greatest variance in the data. However, in contrast to the PCA, the directions of greatest
variance are not constrained to be orthogonal.

Each data point can be represented as a linear combination of vectors from a dic-
tionary C = (c1, . . . , cM), with a coefficient vector a 2 RM. Additionally, we impose
the constraint that only a maximum of k entries from the dictionary may be used.
The coefficient vector a is hence a sparse vector, which gives rise to the name sparse
coding.

Given a set of data points X = (x1, . . . , xN), xi 2 RD, we find the dictionary C
and coefficient vector ai for each data point by minimizing the following objective
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function [43]:

min
c1,...,cM ,a1,...,aN

N

Â
i=1
kxi � Caik2

2 with |ai|0  k and kclk2
2 = 1 , (6.2)

where |ai|0 denotes the number of non-zero entries in the coefficient vector ai.
We will describe an algorithm for computing this minimum by Labusch et al. [43];

before presenting the algorithm in the general case, we will first consider two easier
special cases.

Special case 1: |C| = 1

We will first consider the case where |C| = 1, i.e. the dictionary contains only one
vector. This implies that, instead of coefficient vectors ai, we have scalar coefficients ai
and hence, the number k of non-zero entries in the coefficient vector is necessarily 1.
The optimization problem simplifies to the following:

min
c,a1,...,aN

N

Â
i=1
kxi � caik2

2 = min
c,a1,...,aN

N

Â
i=1

x

T
i xi � 2aic

T
xi + a2

i subject to kck2
2 = 1 . (6.3)

If we fix xi and c, Equation (6.3) is minimal with ai = c

T
xi. If we substitute this into

Equation (6.3), we obtain:

min
c

N

Â
i=1

x

T
i xi � 2(c

T
xi)2 + (c

T
xi)2 , (6.4)

which is equal to

min
c

N

Â
i=1

x

T
i xi � (c

T
xi)2 . (6.5)

Since xi is fixed, we obtain the final optimization problem:

max
c

N

Â
i=1

(c

T
xi)2 subject to kck2

2 = 1 . (6.6)

This expression corresponds to the variance of the data along the direction of c; hence,
Equation (6.3) is minimized if we identify the basis vector c that corresponds to the
direction of greatest variance. This direction of greatest variance can be found using
Oja’s learning rule [52], as discussed in Chapter 3.2.2.

Special case 2: k = 1

So far, we have discussed the simple case |C| = 1. We will now see how we can
determine a dictionary C with more than one element but will, for the time being, still
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impose the constraint k = 1, i.e. that the coefficient vector may have only one non-zero
entry.

We can solve this variant of the optimization problem using a combination of Oja’s
rule and the Neural Gas (NG) algorithm [43]. The Neural Gas algorithm is discussed
in Chapter 3.2.1.

The algorithm iteratively updates the dictionary and the coefficient vectors until
convergence is achieved.

In each iteration, we choose a random data point x. We rank the dictionary vectors
by their scalar product with the data point x, in decreasing order:

⇣
c

T
l0 x

⌘2
� · · · �

⇣
c

T
lj
x

⌘2
� · · · �

⇣
c

T
lM�1

x

⌘2
. (6.7)

We update each dictionary vector by moving it a certain distance towards the current
data point according to their rank:

Dclj = ate�j/lt y
⇣

x� yclj

⌘
, (6.8)

where y = c

T
lj
x, at is the learning rate, and lt is the neighbourhood size. Both at and

lt are exponentially decreased in each iteration t as follows:

at = a0 (afinal/a0)t/tmax , (6.9)

lt = l0 (lfinal/l0)t/tmax . (6.10)

The basis vectors are normalized in each learning step.
The coefficient vectors ai are determined as described in Chapter 3.1.

General case

So far, we have only allowed xi to be represented by an arbitrary single element of
the dictionary C that is scaled by the coefficient vector ai, with kaik0  1. The general
version of the sparse coding algorithm uses multiple (at most k) elements of the dic-
tionary C to represent the data point xi. This corresponds to the general case of the
objective function (Equation 6.2) without any further constraints.

The algorithm for solving this general problem is known as Generalized Sparse
Coding Neural Gas [43]. Again, the algorithm iteratively updates the dictionary and
the coefficient vectors until convergence is achieved. In each iteration, we again choose
a random data point x. We use the optimized orthogonal matching pursuit (OOMP)
algorithm (see Chapter 3.1) to compute an approximation to x using k of the current
dictionary vectors; in every step of the OOMP algorithm, we update the dictionary
vectors using a Neural Gas learning rule as before. An additional twist is that, in

89



each step of the OOMP algorithm, we remove the projection of the winning dictionary
vector from the dictionary and the current data point.

This general idea is implemented as follows: Let R = (r1, . . . , rM) = C denote the
temporary copy of the dictionary that is made at the beginning of the OOMP algo-
rithm; let e = x denote the residual; let U = ∆ denote the indexes of the dictionary
vectors selected by OOMP.

In each iteration of the OOMP algorithm we update C and R according to a combi-
nation of Oja’s rule and Neural Gas, as before. However, the learning rule is modified
to minimize only the distance to the current residual. As before, we rank the dictionary
vectors ri by their scalar product with the residual e.

⇣
r

T
l0 e
⌘2
� · · · �

⇣
r

T
lj
e
⌘2
� · · · �

⇣
r

T
lM�|U|�1

e
⌘2

, l0, . . . , lM�|U|�1 /2 U . (6.11)

Note that the ranking is now based on the subspace that is orthogonal to CU , where
CU are the dictionary elements that have been used so far; also, we consider only those
dictionary vectors that have not yet been selected by OOMP. The learning rule is now

clj = clj + Dlj ,

rlj = rlj + Dlj (6.12)

with
Dlj = ate�j/lt y

⇣
e� yrlj

⌘
, (6.13)

where y = r

T
lj
e, and at and lt are the learning rate and neighbourhood size, as before.

Using Sparse Coding to rank SNPs

As for the PCA, we learn two separate dictionaries, one for the cases and one for the
controls [2]. We refer to the dictionary of the cases (class 1) by C1 = (c

1
1, . . . , c

1
M) and

to the dictionary of the controls (class -1) by C�1 = (c

�1
1 , . . . , c

�1
M ).

The larger the absolute value of an entry of a dictionary vector ci, the larger the
contribution of the corresponding SNP to the orientation of this dictionary vector.
Hence, we again rank the SNPs in the same way as for the PCA:

sj =
����max

i
|(c

1
i )j|�max

i
|(c

�1
i )j|

���� . (6.14)

The SNPs are then sorted according to the score sj in descending order. We will in the
following refer to this score as the scscore.

In contrast to PCA, Sparse Coding has two parameters that have to be chosen by the
user: M, the number of dictionary vectors, and k, the number of non-zero entries in
the coefficient vectors a.
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6.3 Results and discussion

To evaluate sparse coding for feature selection, we tested the performance on sim-
ulated as well as on real data sets and compared it with state-of-the-art algorithms:
selection according to the p-values, the svmscore (see Chapter 4) and the pcascore.

For the PCA and sparse coding algorithms, we have to define the number M of
principal components (for PCA) or dictionary vectors (for sparse coding). We tested
different choices for M and finally used M = 5 for both algorithms. For the sparse
coding algorithm, we also have to choose the number k of non-zero entries in the
coefficient vectors. As for M we tested different choices for k and finally used k = 4.

6.3.1 Performance on simulated data set

Simulated data sets are of great use for evaluating algorithms because the ground
truth is known and can be compared to the result of the algorithm, and because the
exact properties of the data set can be controlled. In our case, this means that we can
incorporate patterns of SNPs in the data set and can easily evaluate how well the
algorithms identify these SNPs.

Comparing the selection strategies

We evaluated the performance of the four different feature selection approaches on
data sets simulated as described in Chapter 2.1. The first data set we will use contains
1000 individuals, of which 500 are cases and 500 controls. The total number of SNPs
is 10,000.

In addition to incorporating disease-specific patterns, we also incorporate disease-
unspecific patterns to account for structures induced by linkage disequilibrium (see
Chapter 2.1 and 3.4). In total, we incorporated 6 patterns in the data, of which one is
disease-specific and 5 are disease-unspecific. Each disease-unspecific pattern consists
of 100 individuals of each class, whereas the disease-specific pattern consists of 100
cases only. The number of SNPs in each pattern is 30. The patterns do not overlap.

To assess the consistency of the results, several simulated data sets with the same
parameters were created, with similar results in each run. The results on one represen-
tative data set are shown in Figure 6.2. Each subfigure plots the SNP scores obtained
by one algorithm. The red circles mark the SNPs of the disease-specific pattern.

Figure 6.2a shows the results for the p-value ranking. We see that the highest ranked
p-values do not overlap with the SNPs of the disease-specific pattern. In other words,
if we select SNPs according to the p-value ranking, we do not identify the relevant
SNPs. The reason for this is that the p-value ranking only assigns high values to SNPs
with an individual effect. In this data set, however, none of the SNPs that form the
disease-specific pattern are associated with the disease.
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Figure 6.2: Evaluation of four feature selection approaches (p-values, svmscore, pcascore
and scscore) on a 10,000 dimensional data set with one disease-specific pattern and 5
disease-unspecific patterns. The SNPs in the disease-specific pattern are marked with red
circles. For the p-value and svmscore ranking, the SNPs with the highest ranks do not
overlap with the SNPs of the disease-specific pattern. In contrast, for the pcascore and sc-
score ranking, the SNPs of the disease-specific pattern stand out. The number of principal
components for the pcascore was M = 5. For the scscore, the number of dictionary vectors
was also M = 5, and the number of non-zero entries k in the coefficient vectors ai was 4.
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total number of SNPs

15000 20000 25000 30000

10 10 10 10
pattern size 20 20 20 20
(1 disease-specific pattern, 30 30 30 30
1 unspecific pattern) 40 40 40 40

50 50 50 50

pattern size 10 10 10 10
(1 disease-specific pattern, 20 20 20 20
5 unspecific patterns) 30 30 30 30

Table 6.1: Simulated data sets with 1 disease-specific pattern and 1 or 5 disease-unspecific
patterns.

Figure 6.2b shows the results for the svmscore ranking. Again, the SNPs ranked
highest according to the svmscore do not overlap with the SNPs of the disease-specific
pattern. Hence, the svmscore also misses the disease-relevant SNPs. This happens
despite the fact that the SVM should be able to take advantage of disease-specific pat-
terns. However, in our simulated data set, the disease-specific pattern is very small:
The pattern is only specific for 1

5 of the cases, while 4
5 of the cases cannot be distin-

guished from the controls. Without any strong disease-specific patterns or SNPs that
enable a classification, the SVM classification plane is mainly based on random struc-
tures and the pattern-specific SNPs may be missed. For this reason, the svmscore is
not useful for selecting SNPs that are specific only for a small subgroup of individuals
when the other SNPs contain only noise.

The results of the selection according to the pcascore and scscore are shown in
Figures 6.2c,d. We see that, in contrast to the p-values and svmscore, the pcascore
and scscore identify the disease-specific SNPs. Hence, both of these scores are clearly
suitable selection strategies on this data set. The reason that PCA and sparse coding
can identify the patterns is that they detect the changes in the covariances they cause.

6.3.2 Sparse Coding versus PCA on high-dimensional data

In the previous section, we saw that only the PCA and sparse coding algorithms iden-
tify the SNPs of the disease-specific patterns. Hence, in the following, we will compare
the performance of only these two approaches in more detail. To do this, we simulated
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Figure 6.3: Percentage of pattern-specific SNPs among the 100 SNPs ranked highest by
the PCA and sparse coding algorithms. Error bars show standard deviations. The data
sets contain one disease-specific and one unspecific pattern.

different data sets with a varying total number of SNPs from 15,000–30,000. In ad-
dition, we also varied the pattern size from 10 to 50 SNPs in steps of 10. The data
sets contained one disease-specific pattern and either one or five disease-unspecific
patterns. The parameters of the simulated data sets are shown in Table 6.1.

To explore the effect of random variations in the data, a total of 10 random data
sets were generated. We assessed the quality of the results by counting the number
of disease-specific SNPs identified by the respective algorithm among the 100 highest-
ranked SNPs.

Figure 6.3 shows the results on the data sets containing one disease-unspecific pat-
tern.

Overall, the performance of the two algorithms declines as we increase the total
number of SNPs or decrease the size of the disease-specific pattern. The reason for this
is probably that we have more noise, making it harder for the algorithms to identify
the true patterns among the noise. Sparse coding performs better than the PCA for
harder data sets, suggesting that the sparse coding algorithm is less influenced by
noise than the PCA.

In addition, we see that if the pattern size is too small (10 SNPs), both algorithms
fail to identify the relevant SNPs. The performance on this pattern size is nearly equal
for all data sets. We conclude that, to obtain good performance, the pattern needs to
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Figure 6.4: Percentage of pattern-specific SNPs among the 100 SNPs ranked highest by
the PCA and sparse coding algorithms. Error bars show standard deviations. The data
sets contain one disease-specific and five unspecific patterns.

exceed a critical size. On the other hand, we see that for large patterns, both algorithms
identify nearly all SNPs on all data sets.

We now turn to the data sets with five disease-unspecific patterns. Here, we only
used patterns size from 10 to 30 SNPs to evaluate the algorithms at their limits.

The results are shown in Figure 6.4. Overall, the mean performance of the pcascore
ranking is worse than on data sets with only one disease-unspecific pattern. The per-
formance of the scscore ranking is not affected as much. This means that the advantage
of the scscore over the pcascore is more pronounced than on the previous data sets.

The reason for the superior performance of the sparse coding algorithm is probably
that, unlike the PCA, it does not force the dictionary vectors to be orthogonal. Hence,
if we have several non-orthogonal structures in the data, sparse coding may identify
all of them whereas the PCA may fail to identify even one. (For an illustration of this,
see Figure 6.1.)

6.3.3 Conclusion simulated data sets

We have evaluated the performance of four different feature selection approaches: p-
values, svmscore, pcascore and scscore. To evaluate the algorithms, we simulated data
sets with disease-specific and disease-unspecific patterns.
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Except for the disease-specific pattern, there are no other variables that discriminate
between the cases and the controls. In addition, only 1

5 of the cases are associated with
the pattern and can hence be identified at all.

The p-value and svmscore rankings do not give high rank to the disease-specific
SNPs. For the p-values, the reason is obvious: It only assigns high rank to SNPs with
individual effects. For the svmscore, the reason is more subtle: The SVM aims to find
an optimal separating hyperplane between the two classes. However, in this data set,
4
5 of the cases cannot be distinguished from the controls, and so the SVM apparently
overfits to random structures in the data.

PCA and sparse coding clearly outperform the other two approaches. PCA as a
feature selection algorithm yields good results for large pattern sizes with only one
disease-unspecific pattern. If we introduce five disease-unspecific patterns, the perfor-
mance of the PCA deteriorates compared to the results with one unspecific pattern.

Sparse coding performed consistently better than the PCA, particularly on high-
dimensional datasets with multiple unspecific patterns. This suggests that sparse cod-
ing is a promising feature selection approach for identifying disease-specific SNP pat-
terns that only occur for a small number of individuals.

6.3.4 Performance on GWA data

Evaluating the performance on simulated data can help us to better understand the
advantages, disadvantages and limits of the tested algorithms. But it is not sufficient
to evaluate an algorithm only on simulated data sets. Real data sets have several prop-
erties that go beyond what can be simulated, since we have only limited knowledge
about the complex genetic relationships between the SNPs and we know neither the
size nor the number of disease-specific and disease-unspecific patterns.

In the previous section, we evaluated the performance of different feature selection
approaches by counting the number of identified disease-specific SNPs. In these tests,
the SNPs formed disease-specific patterns, which are clearly difficult to identify using
standard approaches, such as a selection according to the p-values. However, the re-
sults on the simulated data sets suggest that the scscore can identify these SNPs. But
does the scscore also improve classification on real data sets?

On the simulated data set, we evaluated the performance by counting the number of
identified disease-specific SNPs. Since we do not know these SNPs in real GWA data,
we instead used the SVM classification performance as our evaluation measure.

We applied the algorithm to the two data sets used previously: the inflammatory
bowel disease (IBD) data set [36] and the coronary artery disease (CAD) data set [33].
The data sets are described in detail in Chapter 2.2. To explore random variations in
the data, we performed a 5-fold cross-validation.
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Figure 6.5: IBD data set: Performance (AUC) of a linear SVM on the scscore ranking com-
pared with: a) pcascore ranking, b) p-value ranking, c) svmscore ranking, d) all algorithms.
A logarithmic (base 10) scale is used for the x-axis.

6.3.5 Performance on the IBD data set

The IBD data set [36] is described in Chapter 2.2.2. In brief, the data set contains 1719
individuals, of which 789 are cases and 930 are controls. The total number of SNPs is
292,162 after quality filtering.

We first compared the performance of the linear kernel SVM (LSVM) on pcascore
and scscore ranking (see Figure 6.5a). The LSVM on the scscore ranking reaches the
best performance prior to including all SNPs, with 253,869 SNPs and an AUC of 0.679.
The LSVM on the pcascore ranking reaches the best performance if all SNPs are in-
cluded (AUC of 0.677). In other words, the pcascore cannot identify a subset that
improves the classification over all SNPs. In contrast, the scscore can identify a subset
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of SNPs that enables better classification. Even if the performance is only marginally
improved this is still a notable result since a substantially smaller number of SNPs is
required.

If we evaluate the performance of the two selection approaches in more detail, we
see that initially, the performance of the LSVM gradually improves with increasing
subset size. For subsets up to around 400 SNPs, the scscore ranking clearly outper-
forms the pcascore ranking. Then, the pcascore selection yields the better results, up
to a subset size of over 1800 SNPs, after which both selection strategies yield compa-
rable results throughout the remaining subsets.

Next, we compared the performance of the scscore with the p-value ranking (see
Figure 6.5b). The p-value ranking is superior for smaller subset sizes, whereas, for
subsets with more than 4800 SNPs, the scscore yields the better results. The p-value
selection cannot identify a subset that performs better than the LSVM on all SNPs.

Finally, we compared the scscore with the svmscore (see Figure 6.5c). Overall, the
svmscore is clearly superior. However, like the p-value ranking and pcascore, the svm-
score cannot identify a subset that performs better than the classification on all SNPs.
This means that the best performance overall is reached when using the scscore.

As discussed in the previous chapters (see Chapter 4), a Gaussian instead of a linear
kernel may improve the classification performance. Hence, we repeated the tests with
a GSVM. The results are shown in Figure 6.6.

As above, we will first discuss the performance of the pca- and scscore ranking
(see Figure 6.6a). Overall, the shape of the performance curve is similar for the LSVM
and GSVM. However, for small numbers of SNPs (up to around 10), the GSVM per-
forms better than the LSVM. Beyond this point, the GSVM on the scscore continues
to perform better than the corresponding LSVM up to more than 13,000 SNPs. This
is not, however, true for the pcascore. Hence, for subsets up to 400 SNPs, the differ-
ence between the two feature selection approaches is even larger on the GSVM than
on the LSVM. For subset sizes between 400 and 1800, the pcascore and scscore GSVM
perform equally well, in contrast to the result for the LSVM.

The best performance is equal to the results of the LSVM with a maximum AUC
of 0.677 and 0.679 for the pcascore and scscore, respectively. For the scscore, the best
performance is reached prior to including all SNPs, with 154,860 SNPs. This is again
not the case for the pcascore.

Next, we compared the performance of the GSVM on the scscore and the p-value
ranking. For subsets up to 240 SNPs, p-value ranking is clearly superior on the GSVM.
The p-value and scscore ranking perform equally good up to subsets with 4800 SNPs.
After this point, the scscore performs better than the p-value ranking throughout the
remaining subset sizes. The best performance is reached by the scscore.

Finally, we compared the performance of the scscore with the svmscore ranking. The
LSVM and GSVM yield equal results on subsets ranked with the svmscore, whereas
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Figure 6.6: IBD data set: Performance of the GSVM (dashed line) and LSVM (solid line) on
the scscore ranking compared with: a) pcascore ranking, b) p-value ranking, c) svmscore
ranking, d) all algorithms. A logarithmic (base 10) scale is used for the x-axis.
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the GSVM performs better than the LSVM on the scscore subsets. This means that the
difference between the two selection algorithms is narrowed.

To sum up, the pcascore, svmscore and p-value ranking yield the best performance
if all SNPs are included, with an AUC of about 0.677. The scscore reaches the best
performance prior to including all SNPs, with an AUC of 0.679, and this is also better
than the best result on the LSVM. Hence, the best performance overall is obtained by
the GSVM on a subset of SNPs selected using the scscore.

The selected SNPs

As we have just seen, using the scscore ranking to select subsets of SNPs improves the
performance of the SVM noticeably compared to the p-value ranking on large subset
sizes. But how do the selected SNPs differ and to which extent?

To better understand the difference between the two ranking strategies, we deter-
mined the p-values of the SNPs with the highest scscores. Figure 6.7a plots the p-values
for all SNPs (vertical axis), ordered by base pair position (horizontal axis). Alternate
chromosomes are shaded light and dark. The SNPs that rank highest on the scscore
are marked in red; a SNP is included in this set if it is among the 3000 highest-ranked
SNPs in at least one cross-validation fold.

We observe that the SNPs that have a high scscore rank do not overlap with the
SNPs ranked highest according to the p-values. Indeed, the SNPs selected using the
scscore have rather low p-values. Hence, we can conclude that these SNPs have other
features which qualify them for classification.

In contrast to the p-values, which only assign a high value to those SNPs that have an
effect individually, the scscore is based on the patterns in the data that differ between
the cases and the controls. In other words, the scscore assigns high values to SNPs
of disease-specific structures, and we can conjecture that it is these structures that
improve the classification performance.

Figure 6.7b shows the same type of evaluation but for the svmscore, which, as we
have seen, yields even better overall performance than the scscore. The most noticeable
difference between the two selection strategies is that many of the SNPs in the svm-
score subset have high p-values, whereas the scscore subset consists mainly of SNPs
with very low p-value ranks.

Note that, in contrast to the similar comparison in Chapter 4.2.1, we now use a
much larger subset: A SNP is now included in the subset if it is among the 3000
highest ranked SNPs in at least one cross-validation fold. Due to the larger subset size,
we now see a large overlap between the SNPs with high p-values and high svmscores.

Finally, Figure 6.7c shows the same type of evaluation but includes only those SNPs
that are selected by both selection strategies. What is most noticeable is that the overlap
between the scscore SNPs and svmscore SNPs is quite small. The overlap is less than
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(a) SNPs selected by scscore

(b) SNPs selected by svmscore

(c) SNPs selected by both scscore and svmscore

Figure 6.7: IBD data set, comparison of feature selection strategies. The graph plots p-
values for all SNPs (vertical axis), ordered by base pair position (horizontal axis). Alternate
chromosomes are shaded light and dark. The SNPs that are selected by the given feature
selection strategy are marked in red; a SNP is included in this set if it is among the
3000 highest-ranked SNPs in at least one cross-validation fold. a) scscore feature selection;
b) svmscore feature selection; c) combined scscore and svmscore feature selection; only
SNPs that were selected by both feature selection strategies are marked red.
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Figure 6.8: CAD data set: Performance of the linear SVM on the scscore ranking compared
with: a) pcascore ranking, b) p-value ranking, c) svmscore ranking, d) all algorithms. A
logarithmic (base 10) scale is used for the x-axis.

80 SNPs for each fold. The SNPs that do overlap correspond to scscore SNPs with
higher p-values. Because, as we have seen, the svmscore yields better results than the
scscore and tends to select SNPs with higher p-values, it seems that it is important to
include these SNPs to achieve good classification.

6.3.6 Performance on the CAD data set

Having evaluated the sparse coding algorithm on the IBD data set, we will next eval-
uate it on the coronary artery disease (CAD) data set [33]. This data set is described in
Chapter 2.2.1. Briefly, the data set contains 2506 individuals, of which 1222 are cases
and 1284 are controls. The total number of SNPs is 118,247 after quality filtering and
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Figure 6.9: CAD data set. The graph plots p-values for all SNPs (vertical axis), ordered
by base pair position (horizontal axis). Alternate chromosomes are shaded light and dark.
The SNPs that rank highest on the scscore are marked in red; a SNP is included in this set
if it is among the 3000 highest ranked SNPs in at least one cross-validation fold.

LD pruning. As for the IBD data, we performed a 5-fold cross-validation to account
for random variations in the data, The results are shown in Figure 6.8.

We first evaluated the performance on the LSVM. Figure 6.8a compares the per-
formance of the scscore and pcascore rankings. We see that both selection strategies
yield poor performance, with an AUC of around 0.5, comparable to chance. The best
performance is reached if all SNPs are included (AUC of 0.58). Hence, the selection
strategies do not identify a subset which improves classification and do not provide a
real benefit.

Next, we compared the performance of the scscore and p-value rankings (see Fig-
ure 6.8b). In contrast to the scscore, the p-value ranking succeeds in identifying a
subset that improves classification, with an AUC of around 0.81.

The svmscore ranking also clearly outperforms scscore ranking (see Figure 6.8c).
Hence, we can conclude that the failure of the scscore and pcascore is not because
feature selection is generally impossible on this data set.

There may be several reasons why the scscore and pcasore perform badly. First, the
algorithms may overfit in this case, i.e. they may identify patterns that are only specific
for the training data set; we will explore this issue more closely in Section 6.3.7. Sec-
ond, the number of unspecific patterns may be large compared to the disease-specific
ones. Because the algorithms begin by determining patterns in the two groups inde-
pendently, they cannot differentiate between disease-specific and unspecific patterns
at this point. Hence, if unspecific patterns dominate the data set, the algorithms will
concentrate on them and hence not identify the truly discriminative patterns.

The selected SNPs

On the CAD data set, as we have just seen, the scscore ranking fails to select sub-
sets that enable meaningful classification, whereas the p-value ranking delivers good
results. What, then, is the difference between the scscore and the p-value ranking?
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To explore this question, we determined the p-values of the SNPs with the highest
scscores.

Figure 6.9 plots the p-values of all SNPs (vertical axis) ordered by base pair position
(horizontal axis). The SNPs that rank highest on the scscore are marked in red; a SNP
is included in this set if it is among the 3000 highest-ranked SNPs in at least one
cross-validation fold.

We observe that the SNPs that have high scscore rank overlap to some extent with
the SNPs ranked highest according to the p-values. However, the majority of the sc-
score SNPs have rather low p-values. As in the the equivalent figure for IBD data set,
we again see that the majority of the selected SNPs have very low-ranked p-values. In
other words, based on the p-values, we cannot identify an obvious difference between
the behaviour of the scscore on the two data sets.

6.3.7 Does the sparse coding algorithm overfit?

We have already speculated that the bad performance of the scscore on the CAD data
set may be due to overfitting. To explore this further, we will look at the relative
fraction of SNPs that is identical over all cross-validation folds; we call this the overlap
fraction. If overfitting is indeed taking place, we would expect this metric to be low,
since the SNPs are essentially being selected at random. If truly disease-specific SNPs
are selected, we would expect the same SNPs to be selected in each fold, causing the
overlap fraction to be higher.

The overlap fraction is computed as follows. Let c be the number of cross-validation
folds, and let s be the number of SNPs per fold. We now determine the number u of
unique SNPs across all cross-validation folds; from this, we can calculate the number
of duplicates d = c · s� u. The maximum number of duplicates is reached if all cross-
validation folds yield the same result, i.e. for 100% overlap; in this case, we have
u = s unique SNPs and hence (c� 1) · s duplicates. We therefore compute the overlap
fraction o as

o =
d

(c� 1) · s
. (6.15)

Figure 6.10 plots the overlap fraction for subset sizes from 10 to 10,000 SNPs. Overall,
there is noticeable overlap for both data sets on all subset sizes and definitely more
than would be expected by chance (see the dashed line). For the most part, the overlap
between the cross-validation folds lies between 20% and 30%.

On the CAD data, for subsets with more than 300 SNPs, the overlap fraction in-
creases as the subset size increases. A similar effect occurs on the IBD data, but it only
sets in after around 2000 SNPs.

The larger the subset size, the larger the overlap simply because a greater fraction
of the SNPs are selected. However, this effect does not dominate the curve since we
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Figure 6.10: The relative fraction o of SNPs that overlap between cross-validation folds as
a function of subset size. The dashed line shows the random overlap fraction for a dataset
with 100,000 SNPs. The IBD data set consist of 292,162 SNPs and the CAD of 118,247 SNPs

only use subsets of up to 10,000 SNPs and the total number of SNPs is in the hundreds
of thousands. Hence, we assume that the overlap fraction is a valid measure for the
consistency of the sparse coding algorithm.

Given the poor performance of sparse coding feature selection on the CAD data set,
one could intuitively expect that the subsets are overfitted to the fold on which they
are selected; this would result in a small overlap fraction. It is therefore surprising that
the overlap fraction for the CAD data is noticeably higher than for the IBD data. Even
if the maximum overlap on the CAD data of 30% is relatively small, one would still
expect reasonable classification to be possible, since the overlapping fraction should
describe patterns that are specific for the phenotype. If instead we select a random
subset of SNPs, we obtain an AUC of around 0.5. On the IBD data, where the overlap
is smaller than on the CAD data, the scscore ranking yields convincing performance.
This implies that the poor performance on the CAD data is not primarily due to
overfitting. Instead, the results suggest that the scscore algorithm does identify real
patterns in the CAD data, but not ones that are disease-specific.

An explanation for this could be the number of disease-unspecific patterns. If there
are many of these patterns, they may overshadow the disease-specific ones. In this case,
one solution to improve the selection would be to increase the number of dictionary
vectors learned by the algorithm. If we use too few dictionary vectors, we may not
be able to include all patterns in the data; in particular, the dictionary may miss the
disease-specific patterns.
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6.3.8 Conclusion GWA data

As we have seen above, the performance of the scscore ranking is not consistent over
the two data sets on which we tested it. Whereas on the IBD data, the scscore achieves
the best results of all feature selection methods, it fails completely on the CAD data.
In an attempt to explain this difference, we determined the degree of overlap between
the SNPs of the different cross-validation folds. On the CAD data, the overlap fraction
was actually higher than on the IBD data set. In other words, we cannot explain the
failure on the CAD data by overfitting. Instead, the results suggest that the sparse
coding algorithm identifies the same patterns for both classes on the CAD data set
and thus does not select discriminatory SNPs.

On the IBD data, the pcascore, svmscore and p-value ranking yield the best perfor-
mance if all SNPs are included, whereas the scscore reaches its best performance prior
to including all SNPs. In other words, the scscore ranking is the only approach that
yields a subset on which the SVM classifies better than on all SNPs.

6.4 Conclusion sparse coding

In the first part of this thesis we explored different classification approaches for risk
prediction on large numbers of SNPs (see Chapters 4 and 5). The number of SNPs in
most GWA data sets is expected by far to exceed the number of SNPs truly associ-
ated with the disease. Hence, classification may be improved if we exclude irrelevant
SNPs to reduce the amount of noise. There are several strategies for excluding disease-
unspecific SNPs. One strategy is to select SNPs that are individually associated with
the disease. However, we do not expect all disease-specific SNPs to have an individual
effect; SNPs that only have an appreciable effect when they occur together may also
be important for classification.

Disease-specific patterns are however not straightforward to identify. In this chapter,
we have evaluated whether principal component analysis (PCA) and sparse coding are
suitable tools for this task. Both PCA and sparse coding are approaches that identify
structures in data on the premise that structures correspond to the directions of great-
est variance. We use the PCA and sparse coding to score SNPs; the larger the influence
of a SNP is on a direction of variance identified by the algorithm, the larger is the
so-called pcascore or scscore.

To test whether SNP patterns can be identified using the pcascore and scscore, we
first evaluated the algorithms on simulated data sets. We also evaluated the p-value
ranking and svmscore on these data sets. We simulated data sets with a pattern specific
for the disease phenotype and tested whether the algorithms identify these SNPs and
to which extent. Whereas the p-value ranking and svmscore clearly fail to identify the
SNPs, the relevant SNPs scored high on both the pcascore and scscore. However, the
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performance for these two latter algorithms does decrease with increasing numbers
of unspecific patterns in the data. The size of the patterns also strongly influences
the performance: If the size of the pattern is too small, the algorithm fails to identify
it. The scscore performs consistently better than the pcascore and is thus the most
suitable feature selection approach on the simulated data.

We then proceeded to evaluate the four feature selection strategies on real data.
Whereas on simulated data sets, we can assess the quality of the results by counting the
number of disease-specific SNPs identified by the algorithms, on real GWA data, we
do not know these SNPs. Hence, we evaluated the algorithms by the performance of
the SVM on the selected subsets. We obtain different results for the IBD and CAD data.
On the IBD data, the scscore ranking yields a subset that improves the classification
over that on all SNPs. On the CAD data, however, the scscore fails to select a suitable
subset; except on very large numbers of SNPs, its performance is equal to that obtained
by chance.

As discussed above, there are probably many reasons why scscore selection fails
to identify disease-specific patterns on the CAD data set. As we experienced on the
simulated data set, the algorithm clearly struggles to identify patterns that consist only
of a small number of SNPs. Hence, if the patterns are too small, the algorithm cannot
identify them.

In the simulated data set, we incorporated a defined number of disease-unspecific
patterns to test how they influence the performance of the algorithms. However, we
do not know how many such patterns exist in real data sets and how large they are. In
the simulated data set, we saw that more disease-unspecific patterns decrease the per-
formance. The more unspecific patterns there are in the data, the more the algorithm
struggles to identify the disease-specific ones. We conclude that one possible reason
why the scscore fails on the CAD data may be that the number of unspecific patterns
is large. In such cases, the dictionary that is learned by the sparse coding algorithm
may not be large enough to contain all structures and may hence miss the disease-
specific ones. One possible solution is to increase the number of basis vectors in the
learned dictionary. A drawback of this solution is, however, that this further increases
the computational effort of an already computationally demanding algorithm.

A further weakness of the sparse coding selection strategy is that we apply the al-
gorithm to the two groups (cases and controls) separately. If we have strong unspecific
patterns in the data, the sparse coding algorithm will select these in both groups. If
we then determine the difference between the two groups, we only find small random
differences and the scscore is hence of no use.

A major difference between the IBD and CAD data is that the CAD data is LD-
pruned (see Chapter 2.2.1). LD-pruning aims to eliminate redundant SNPs that carry
the same information as neighbouring SNPs. One possible explanation why sparse
coding selection fails on the CAD data could be that by eliminating these SNPs, we
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also miss some disease-specific patterns. Hence, it would be interesting to see whether
the performance of sparse coding selection improves if we omit the LD-pruning.

To sum up, the proposed sparse coding algorithm can be used to identify a subset
of SNPs that improves classification over the set of all SNPs, as shown on the IBD
data set. However, as we have seen on the CAD data, the algorithm may also fail. This
underlines the need to explore the performance on further data sets.
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Part IV

Interpretive classification





7 Interpretive risk prediction with sparse
linear regression

In this thesis, we have so far mainly aimed to classify well. This goal has been ap-
proached by classification on large ensembles of SNPs and by selecting more optimal
subsets using various feature selection approaches.

Classification on large numbers of SNPs has the advantage that it will not miss
disease-specific variants. Moreover, all disease-specific structures and interactions be-
tween SNPs are still present in the data. However, we do not expect all SNPs to be
relevant for classification. This means that if we incorporate all SNPs in the classifier
we also include noise. Indeed, of the hundreds of thousands of SNPs, there may only
be a small subset that actually influence the risk.

It is therefore desirable to find such a subset. However, as we have seen, selecting
a subset of SNPs that incorporates interactions as well as other disease-specific struc-
tures is not straightforward. A selection strategy based on p-values may miss more
complex relationships between the SNPs. The svmscore ranking (see Chapter 4) can
account for such structures. However, the quality of this ranking is highly influenced
by the underlying classifier.

In Chapter 6 we selected SNPs based on structures in the data that differed between
the cases and controls; sparse coding was used to identify these structures. How-
ever, the approach did not work well for all data sets and, in addition, requires large
amounts of memory and computation time. A weakness of the sparse coding algo-
rithm is that it identifies patterns separately for the cases and controls and compares
these. If the sparse coding algorithm identifies the same patterns in both groups, the
score cannot be used to distinguish between the groups.

In this chapter, our primary aim is not to classify well but to identify SNPs that
allow us to better understand the genetics underlying a disease. We will still, however,
be using classifiers since the main idea of this chapter is that a small subset of SNPs
that enable good classification consists of SNPs that to some extent describe the differ-
ence between the the cases and the controls. Moreover, a subset with disease-specific
structures may enable a better classification than a subset consisting only of SNPs with
individual effects. Such structures may be of great interest because they reveal more
complex relationships between SNPs.
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A classifier based on large ensembles of SNPs is not suitable for the purpose we
have just outlined since may be difficult to interpret. Hence, we will in this chapter
aim to identify a small subset of SNPs that enable satisfactory classification.

Linear regression algorithms model the relationship between input variables and an
output variable, i.e. in our case between the genotypes and the phenotypes. A linear
model has the advantage of being simple and easy to interpret. Linear regression
is linear in the sense that the inputs X = (x1, . . . , xN), xi 2 RD and outputs Y =
(y1, . . . , yN) are related by a linear mapping of the form

yi = b0 +
D

Â
j=1

b j · xij. (7.1)

Fitting a linear regression model to very large numbers of variables, e.g. hundreds
of thousands of SNPs, is not feasible. Not only would this require great computational
effort, but prediction accuracy may decrease for large numbers of variables due to
overfitting [46]; this danger is particularly great in our case since we do not even
expect all variables, i.e. SNPs, to influence the risk. At any rate, our intention is to
include only a small number of SNPs in the model so that it can be interpreted easily.
Thus, we want to demand that the model should use at most k variables and aim to
find the most suitable SNPs under this constraint.

There are different approaches to solving this problem: best subset selection and
shrinkage methods. Best subset selection directly selects a subset of size k that min-
imizes the reconstruction error. Shrinkage methods control the size of the subset in-
directly by imposing a penalty that shrinks the coefficients toward zero. The amount
of shrinkage is controlled through the shrinkage constant l; the larger the value, the
greater the amount of shrinkage.

The LASSO algorithm (see e.g. [46]) is a popular example of a shrinkage algorithm.
In this chapter, we propose to use an alternative approach for linear-regression-based
subset selection that we call sparse linear regression (SLR) [3]. SLR is an example of a
best subset selection algorithm and is efficient in terms of both computation time and
memory use. As for the LASSO algorithm, we restrict the number of variables used
for regression. However, whereas LASSO indirectly controls the number of variables
via a shrinkage constant l, the proposed sparse linear regression algorithm directly
specifies the permissible number k of non-zero coefficients, i.e. the size of the SNP
subset. We did not compare the performance of SLR with the LASSO algorithm be-
cause of the resources this would have required; the LASSO algorithm consumes a lot
of computation time and memory.
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7.1 Sparse linear regression

Sparse linear regression (SLR) allows the number k of variables selected by the algo-
rithm to be specified directly. The entries of the coefficient vector b can be seen as the
weights of the variables. For consistency with the other chapters we will hence in the
following refer to the coefficients as a weight vector, denominated by w.

In general, we seek to find a weight vector w that approximates the output vector
y as a linear combination of the data X, where the number of non-zero entries of the
weight vector is equal to k1. SLR estimates the weights by minimizing the following
objective function:

f (w) =
N

Â
i=1

�����yi �
D

Â
j=1

wj · xij

����� with kwk0 = k. (7.2)

Equation (7.2) is an NP-hard combinatorial problem [40]. Several approximation
methods have been proposed to solve it, of which a well-known one is Orthogo-
nal Matching Pursuit (OMP) [44]. In this work, we apply two optimized versions
of the OMP method, optimized OMP (OOMP) [44] and the bag of pursuits method
(BOP) [45]; Chapter 3 gives a more detailed description of these methods.

7.2 Results and discussion

To evaluate the SLR algorithm, we tested its performance on two distinct data sets: the
GWA study on coronary artery disease (CAD) [33] and the GWA study on inflamma-
tory bowel disease (IBD) [36]. The data sets are described in detail in Chapter 2.

We compared the algorithm with state-of-the-art algorithms: the linear SVM (see
Chapter 4) and the standard genotype score (GS) (see Chapter 3).

The performance was evaluated for varying subset sizes k using the area under the
curve (AUC) metric. For the SLR, we can specify the subset size directly. For the GS and
SVM, we have to use a feature selection algorithm to select the SNPs. We have already
used many different feature selection methods in this work; here, we will select SNPs
according to their individual p-values, since this is one of the most common strategies
and since, for small subset sizes, it yields comparable results as shown in the previous
chapters (see Chapter 4 and Chapter 6). To explore the effect of random variations in
the data, we performed a 5-fold cross-validation.

1We will denote the number of non-zero entries in w by kwk0.
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Figure 7.1: Performance of SLR based on OOMP approximation versus BOP approxima-
tion. The number of BOP solutions calculated is 100.

7.2.1 Performance on the IBD data set

The IBD data set is described in detail in Chapter 2.2.2. In brief, the data set contains
1719 individuals, of which 789 are cases and 930 are controls. The total number of
SNPs is 292,162 after quality filtering.

We varied k, the number of SNPs on which we classify, from 1 to 20. To explore the
effect of random variations in the data, we performed a 5-fold cross-validation.

Comparing the optimization approaches

In Section 7.1, we introduced two algorithms for computing the SLR solution: OOMP
and BOP. First, we will compare the results obtained using OOMP and BOP.

Figure 7.1 shows the performance of the SLR algorithm using the OOMP and BOP
approximation methods. The results are based on the mean performance of a 5-fold
cross-validation, and the number of BOP solutions calculated is 100.

For subsets of less than 8 SNPs, OOMP yields better results than BOP. Then, BOP
is superior up to subset size of 18 SNPs. After this point, the performance of the two
approaches is approximately equal.

The time taken by the BOP method to compute the results is proportional to the
number of BOP solutions calculated. For 100 solutions, BOP takes approximately 100
times longer than OOMP to compute the result. This means that, on large GWA data
sets, BOP requires noticeably more time. In addition, the performance of BOP is only
superior for larger subset sizes. All in all, there is no clear advantage in using the
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Figure 7.2: Performance of the SLR, the linear SVM and the GS. The SNP subsets for the
LSVM and GS are selected according to the p-value rank.

computationally more demanding BOP method. Hence, we will in the following use
the OOMP method to compute the SLR results.

Comparison with LSVM and GS

We will now compare the performance of the SLR with the LSVM and the GS (see Fig-
ure 7.2). The SLR approach obtains the best results for subsets with up to 4 SNPs. For
larger subset sizes, the LSVM and the GS perform better than SLR. Surprisingly, the GS
and the LSVM yield similar performance even though the GS weights all SNPs equally
and does not incorporate interaction effects. This result suggests that the p-value se-
lected subset may not include interacting SNPs nor other disease-specific structures.
In the absence of more complex disease-specific structures, the difference between the
LSVM and the GS is only that the LSVM weights the individual SNPs. However, for
for the small subset sizes that were tested, this does not seem to be a clear advantage.
On the contrary, the GS performs slightly better for subsets with more than 17 SNPs.

Both the LSVM and SLR are based on a linearly weighted sum of the individual
SNPs. The main difference between the two algorithms is in how the weights are
determined and how the SNPs are selected. Whereas the LSVM determines only the
weights and requires a separate feature selection method, the SLR performs both of
these tasks at the same time. We would like to evaluate the feature selection performed
by SLR independently of the weight determination; hence we evaluated the SLR as a
feature selection method for the LSVM and compared this to the SLR by itself. The
results are shown in Figure 7.3.
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Figure 7.3: IBD data. Performance of SLR compared with the LSVM trained on SLR
selected SNPs

We see that the performance of the LSVM on the SLR selected SNPs is essentially
identical to that of the SLR approach by itself. This result suggests that the differences
we observed above between the LSVM and SLR are due to the feature selection, not the
weighting. As the selection strategy therefore seems to be the key difference that in-
fluences classification performance, we will in the following compare the performance
of different feature selection approaches.

Comparing the selection strategies

We will now compare the performance of the SLR as a feature selection strategy with
other feature selection approaches: p-value selection and SNP selection based on the
random jungle (RJ) algorithm [70], a fast implementation of random forest. Random
forest [46] is a classification method based on a collection of decision trees and can
also be used to rank features according to an importance score. We did not compute
the RF score ourself but selected the SNPs as ranked in Schwarz et al. [70]. The feature
selection performed in this work was based on half of the data set, and no cross-
validation was carried out. This means that we will have to use the same RF selected
SNPs for all cross validation folds, and in addition, the selection will have been based
partly on SNPs from the test data set. The effect of this is that the RF selection has
an advantage over the other two feature selection strategies, SLR and p-value ranking,
which select SNPs on a training set and test the performance on a completely disjoint
test set.
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Figure 7.4: IBD data: Classification performance for the three different selection strate-
gies: Sparse Linear Regression (SLR), p-values, Random Forest (RF). a) linear kernel SVM
(LSVM), b) Gaussian kernel SVM (GSVM), c) genotype score (GS), d) results of all classi-
fiers.
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We will first compare the results of the LSVM for these selection strategies (see Fig-
ure 7.4a). Surprisingly, the LSVM based on RF rank yields an AUC of only around 0.5.
SLR and p-value selection yield substantially better results. Overall, p-value selection
performs best; however, for small numbers of SNPs, SLR selection is superior.

A Gaussian kernel SVM can further improve classification, as discussed in Chap-
ter 4. Hence, we will next compare the performance of the selection strategies with a
Gaussian SVM.

The results are shown in Figure 7.4c. Similar to the results with the LSVM, the RF
selection yields an AUC of around 0.5. The performance of SLR selection and p-value
selection is also not improved by using the GSVM instead of the LSVM. This means
that p-value selection again performs better overall than SLR selection and, again, SLR
selection is still superior for small subset sizes.

In addition to the SVM classifiers, we also evaluated the selection strategies with the
GS (see Figure 7.4c). As for the two SVMs, the RF selection strategy yields the worst
performance. As this result is consistent over multiple classification approaches, the
RF algorithm does not seem to select subsets that enable a good classification.

The performance of p-value and SLR selection is again clearly better than that of
RF selection. As for the LSVM and GSVM, we again see that p-value selection yield
the best overall performance and that SLR again is the best-performing method on
small subsets. If we compare the performance of the LSVM, GSVM and GS on the SLR
selection (see Figure 7.4d), we see that the GS yields the worst results; the LSVM and
GSVM perform similarly. On the p-value selection, we see that all three approaches
perform equally well.

As discussed above, the GS, in contrast to the LSVM and GSVM, does not apply
weights to the SNPs. This means that all SNPs have the same influence on classifica-
tion. In addition, the GS cannot incorporate interaction effects. The fact that the GS
performs worse on SLR selection but not on p-value selection suggests that SLR selec-
tion may include more complex relationships between the SNPs than p-value selection.

Overall, the different classification approaches yield the best results when trained on
SNPs selected by p-values, but the best performance on small subset sizes is obtained
using SLR selection. SLR yields a maximum AUC of 0.60 for a subset of 3 SNPs. The
best performance for p-value selection is obtained for 11 SNPs with an AUC of 0.62.
However, it is important to note that the SLR approach yields its best performance on
a much smaller subset size.

Figure 7.5 compares the performance of the three classifiers and selection strategies
for two subset sizes, k =3 SNPs and k =15 SNPs, in more detail. For k =3, SLR feature
selection performs substantially better than the p-value selection and RF selection. The
standard deviation over all 5 folds is equal for the p-value selection and SLR selection.
Hence, the performance of the SLR selection is a robust result and not just a chance
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Figure 7.5: IBD data: Classification performance of SLR, p-value and RF selection with
the linear kernel SVM (LSVM), Gaussian kernel SVM (GSVM) and genotype score (GS).
The subset size was a) k =3 SNPs and b) k =15 SNPs. Black error bars show the standard
deviation across the cross-validation folds.

occurrence. For each selection strategy, the three classification approaches yield similar
results.

We next evaluate the performance of the feature selection approaches for k =15.
Overall, we see that the p-value selection is clearly superior. The standard deviation
of the classifiers based on the p-value selection is however wider than with the SLR
selection. Hence, the results suggest that the SLR selection yields more robust results
than the p-value selection.

The selected SNPs

As we have seen so far, SLR seems to perform a suitable feature selection and, for
small subsets, yields better performance than p-value selection. To better understand
the difference between these two selection strategies, we determined the p-values of
the SNPs that are selected by the SLR algorithm.

Figure 7.6a plots the p-values for all SNPs, ordered by base pair position. Alternate
chromosomes are shaded light and dark. The SNPs that are selected by the SLR algo-
rithm are marked in red; a SNP is included in this set if it is selected in at least one
cross-validation fold.
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(a)

(b)

Figure 7.6: IBD data: SNPs per chromosome ordered by base pair positions: a) p-value,
b) odds ratio. The red points represent the SLR selected SNPs.
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We can see that the SLR selected SNPs to some extent overlap with the SNPs ranked
highest according to the p-values; however, the majority of the SLR selected SNPs have
rather low p-values.

If we compare the SLR selected SNPs with the effect size (odds ratio) of the indi-
vidual SNPs (see Figure 7.6b), we again cannot find any connection. Hence, we can
conclude that the SNPs selected using the SLR algorithm clearly have other properties
which qualify them for classification.

In this chapter, our primary aim was not to classify well but to use classification as
a tool for identifying SNPs that allow us to better understand the genetics underlying
a disease. The SLR algorithm aims to identify a subset of SNPs that enables the best
regression performance. Whereas p-value selection only assigns high values to SNPs
that have an individual effect, the SLR algorithm selects combinations of SNPs that
together yield a low regression error. The selected subset may consist of SNPs that only
have an appreciable effect in combination. Hence, the SLR selected SNPs may include
interacting SNPs and SNPs forming disease-specific patterns and may therefore be of
great interest for identifying epistatic effects. We will therefore now take a closer look
at the SLR selected SNPs.

To reduce the effect of random variations in the data, we will only consider SNPs
selected in multiple cross-validation folds. For k = 3, there are three SNPs that occur
in 3 of 5 folds: rs7517847, rs2241880, rs2076756.

All three SNPs lie within genes. The first SNP lies in the IL23R gene on chromosome
1, the second SNP in the ATG16L1 gene on chromosome 2, and the third SNP in the
NOD2 gene on chromosome 16. All three genes are connected to the innate immune
system [39].

Both the NOD2 and IL23R gene are known candidate genes, and the corresponding
SNPs identified above are genome-wide significant also in this data set. The rs2241880
SNP on the ATG16L1 gene is not genome-wide significant in this GWA study. The
gene is however also a known susceptibility gene, and the SNP has been associated
with the disease in several other studies [38, 71]. An interaction has been reported
between the NOD2 and the ATG16L1 genes [72]. The interaction between the SNPs is
however not significant.

Summing up, the SLR approach has allowed us to identify a SNP that is not genome-
wide significant on this data set but has been associated with the disease on other data
sets. This means that the SLR approach can identify SNPs that influence the disease
based on disease-specific patterns in the data.

Conclusion IBD data set

So far, we have evaluated the performance of the SLR approach on the IBD data set.
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We first compared the performance of two approximation methods for comput-
ing the SLR solution: OOMP and BOP. OOMP performs better for small subset sizes,
whereas BOP performs better for large subset sizes. We selected the OOMP for all fur-
ther tests since we could not see a clear advantage in using the computationally much
more expensive BOP.

We then compared the performance of the SLR used by itself for classification with
the LSVM and GS; the latter two algorithms used p-value feature selection. We saw
that for small numbers of SNPs, SLR is superior, and that the other approaches per-
form better for larger subsets.

We then evaluated the performance of the SLR as a feature selection approach for
the LSVM, GSVM and GS and compared it to p-value feature selection and random
forest (RF) feature selection. For small subset sizes, all classification approaches yield
the best results on SLR feature selection. For larger subset sizes, p-value selection
performs best. RF selection does not perform well, yielding an AUC of around 0.5 for
all subset sizes.

When we compared the classifiers against each other, we saw that all classifiers
perform equally well on p-value selection, but on SLR selection, GS performed worse
than the other two. This is probably because the GS does not apply weights to the
SNPs and SNP interactions cannot be exploited by this algorithm.

Our primary aim in this chapter is to identify SNPs that give insights into disease
mechanisms. We focused on the SNPs that were consistently selected in multiple cross-
validation folds and found three SNPs that occurred in 3 out of 5 folds. Two of these
SNPs are genome-wide significant in this data set. The third is not, but it is associated
with the disease on other IBD data sets. This third SNP lies within a gene that interacts
with the gene containing one of the other two SNPs. This is probably the reason why
it is detected by the SLR algorithm. The interaction between the SNPs themselves
is not significant but may induce a pattern that is recognised by the algorithm. We
can conclude that the SLR approach identifies SNPs that may not be detected with
standard statistical approaches but may be important to better understand the genetics
underlying the disease.

7.2.2 Performance on the CAD data set

Having evaluated the SLR algorithm on the IBD data set, we will next test it on
the coronary artery disease (CAD) data set [33]. Again, we will be using the OOMP
method to compute the SLR throughout.

We first test SLR selection and p-value selection with the LSVM. The results are
shown in Figure 7.7a. Overall, the performance increases with increasing subset size.
In contrast to the results on the IBD data, we see that p-value selection performs better
than SLR selection. The difference is larger for small subsets and decreases as the
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Figure 7.7: CAD data: Classification performance for the two different selection strategies:
Sparse Linear Regression (SLR) and p-values. a) linear kernel SVM (LSVM), b) Gaussian
kernel SVM (GSVM), c) genotype score (GS), d) results of all classifiers.
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subset size increases. For 20 SNPs, p-value selection is only slightly better than SLR
selection.

We will next evaluate the performance of the GSVM for both selection strategies (see
Figure 7.7b). For both selection strategies, the GSVM performs slightly better than the
LSVM. If we compare SLR selection to p-value selection, we see that the difference is
slightly smaller than for the LSVM. However, overall, p-value selection still performs
better than SLR selection.

Finally, we will evaluate the performance of the two selection strategies with the GS
(see Figure 7.7c). On the p-value selection, the GS performs only marginally worse than
the LSVM and GSVM. In contrast, on the SLR SNPs, the GS is clearly outperformed
by the LSVM and GSVM.

Figure 7.7d compares all classifiers. For p-value selection, the LSVM and GSVM
perform slightly better than the GS. Compare this to the IBD data set, where all three
classifiers performed equally well on p-value selection.

For SLR selection, GS performs noticeably worse than the LSVM and GSVM. A
similar effect was observed on the IBD data set, but the difference there was only
small; here, the difference is much larger.

These results suggest that the SLR SNPs probably hold more information about
complex relationships than the p-value SNPs. The GS cannot exploit such relationships
and thus performs worse than the LSVM and GSVM when they are present.

Overall, on the CAD data set, the SNPs selected by the SLR strategy are not better
suited for classification than the p-value SNPs, but they may include SNPs that form
disease-specific structures and may hence be of great value to better understand the
mechanisms underlying CAD.

The selected SNPs

To further interpret the results of the SLR approach, we again take a closer look at the
SNPs that are selected by the algorithm.

Figure 7.8a plots the p-values for all SNPs, ordered by their base pair positions.
Alternate chromosomes are shaded light and dark. The SNPs that are selected by the
SLR algorithm are marked in red; a SNP is included in this set if it is selected in at
least one cross-validation fold.

We can see that the SLR selected SNPs largely overlap with the SNPs ranked highest
according to the p-values. Of the 15 best ranked p-value SNPs, 14 are also selected by
the SLR algorithm in at least one of the folds. However, some SNPs selected by SLR
differ from the best ranked p-value SNPs. Furthermore, the order in which the SNPs
are selected differs for the two selection approaches.

Figure 7.8b plots the ORs for all SNPs. As for the p-values, we see that most, but not
all, SLR selected SNPs have large OR.
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Figure 7.8: CAD data: SNPs per chromosome ordered by base pair positions: a) p-values,
b) odds ratio. The red points represent the SLR selected SNPs.
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These results are in contrast to those observed on the IBD data, where we only saw
a small overlap between the SLR selected SNPs and p-value selected SNPs. The reason
we have a large overlap on the CAD data is probably that the p-value SNPs in this
data set have strong effects and are good classifiers on an individual level. Because
these strong individual SNPs are present in the data set, the SLR does not appear to
focus as much on patterns consisting of multiple SNPs.

If we take a closer look at the SNPs selected by the SLR in each cross-validation
fold, we see that 12 SNPs are consistently selected in all five folds. 11 of these SNPs
correspond to the 11 best ranked p-value SNPs. The last SNP has rank 17 according to
the p-values. Hence, the SNPs selected consistently correspond to those with high p-
value rank. The pairwise interaction between these SNPs, as computed using a logistic
regression, was not found to be significant.

Conclusion CAD data set

On the CAD data, the p-value selection yielded better results on all subset sizes than
the selection by the SLR algorithm. In contrast, on the IBD data set, SLR selection is
favourable for small subsets.

For each of these two selection strategies, we compared the performance of the
different classifiers. On the p-value selection, the GS performs only slightly worse than
the LSVM and GSVM. On the SLR selection, the GS performs noticeably worse than the
other two classifiers. This suggests that the SLR selection contains more interactions,
which the GS cannot exploit.

If compare the SNPs selected by the SLR algorithm in the five cross-validation folds,
we find that 12 SNPs are consistently selected over all folds. Of these SNPs, all but
one are genome-wide significant, and all are among the 20 SNPs ranked highest by p-
values; however, they are selected in a different order. In the individual folds, however,
not all SLR selected SNPs also have high p-values. If this were the case, we would not
see an appreciable difference in performance between the two methods.

7.3 Conclusion SLR

In GWA studies, the number of SNPs that are genotyped are generally expected by far
to exceed the number of SNPs that have an influence on the disease. In this chapter,
we have aimed to identify a small subset of SNPs that enable good classification. The
motivation for this was that only a classifier that uses a small number of SNPs can
easily be interpreted.

Identifying such a small subset is, however, a major challenge. SNPs selected ac-
cording to their p-value rank are only selected based on individual effects. However,

126



a disease effect may come about only through the combination of multiple SNPs, and
these SNPs will not be found using p-value selection.

The premise underlying this chapter is that SNPs that form disease-specific pat-
terns may improve classification over SNPs with only individual effects. Hence, if we
search for the optimal subset for classification with a given small number of SNPs, we
may identify disease-specific SNPs that cannot be identified using individual effects.
These SNPs may broaden our knowledge about the genetic mechanisms underlying a
disease.

We therefore evaluated the performance of sparse linear regression (SLR) as a clas-
sifier and feature selection approach; SLR is a linear regression algorithm that allows
the number of variables used to be controlled precisely. In addition, it is fast and can
be applied to very large data sets. An advantage of SLR is that it is free of any a-priori
assumptions on which SNPs are relevant. In other words, the algorithm searches for
the best subset among all SNPs and not only on a predefined subset. Since disease-
specific structures and interactions between SNPs can be exploited by SLR to minimize
the approximation error, SLR selection may favor such SNPs.

We evaluated the SLR approach on the inflammatory bowel disease (IBD) data set
and the coronary artery disease (CAD) data set. The overall performance on the CAD
data (AUC 0.78) is better than the performance on the IBD data (AUC 0.60).

On the IBD data, SLR selection yields better performance on small subsets than p-
value selection. For larger subsets, the performance of p-value selection is superior.
On the CAD data, p-value selection is superior on all subset sizes.

We compared the performance of the GS and the LSVM and GSVM on SLR selected
SNPs. The GS classifies worse than the SVMs on both data sets, but on the CAD
data, this difference is by far more distinct. There are two main reasons why the GS
performs worse than the LSVM and GSVM. First, it cannot account for disease-specific
structures; and second, it does not apply different weights to the individual SNPs. This
means that all SNPs equally influence the classification result.

On the IBD data set, an evaluation of the SNPs selected by the SLR approach yields
an interesting result. Three SNPs were consistently selected in three of five cross-
validation folds. Two of these SNPs are genome-wide significant in this data set, how-
ever, the third is not. This third SNP is however associated with the disease on other
IBD data sets. This SNP lies within a gene which interacts with the gene containing
one of the other consistently selected SNPs. This interaction probably induces a pat-
tern that is identified by the SLR algorithm. In other words, the SLR approach can
identify SNPs that cannot be found by their individual effects; it may therefore be use-
ful for detecting more complex relationships between SNPs and thereby identifying
new SNPs that allow us to better understand the genetics underlying a disease.

To sum up, instead of cherry-picking a few SNPs according to the p-values, se-
lecting SNPs based on structures in the data can improve classification on small sub-
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sets. Moreover, the SLR SNPs may be of great value for identifying new susceptibility
SNPs, interactions, and other disease-specific structures. Investigating these SNPs may
broaden our understanding of the complex mechanisms underlying a disease.
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Conclusion

During the past few years, genome-wide association (GWA) studies have enabled an
efficient search for genetic risk factors all across the genome. Several new genetic
factors have been identified, and we are now slowly beginning to unravel the genetic
causes of complex diseases.

We can broadly differentiate between two goals for GWA studies: explaining the
cause of a disease and predicting risk. In the first years of GWA studies, the focus
was on the first of these goals: explaining causes. The aim was to identify genes and
pathways that can be used as clinical targets for prevention, drug design, and other
therapeutic measures. This goal was approached by identifying individual SNPs that
are associated with the disease. The reason for the focus on individual SNPs is the
computational aspect, single SNP analysis is easier to carry out.

Once the first variants associated with the disease had been identified, the first at-
tempts to use the variants to predict disease risk soon followed. However, the conclu-
sion from these first attempts was that the identified variants explain too little of the
genetic risks for a clinically useful risk prediction to be possible.

But why should we restrict ourselves only to variants with individual effects? There
is no obvious reason why a risk prediction model should only use such variants, since
some variants may only have an effect at all in combination with others. Hence, a risk
prediction model that also accounts for these interacting variants may be substantially
more accurate than a model based only on the individual effects.

If we argue that risk prediction may improve if we incorporate epistatic effects, the
logical consequence is that they are also of importance for explaining the cause of
the disease. Indeed, the variants identified so far explain only a small fraction of the
expected heritability of a disease; this implies that the genetic causes are far from be-
ing understood. Epistatic effects may be responsible for some of the so-called missing
heritability. Furthermore, because epistatic effects by definition imply a connection be-
tween multiple loci, they immediately provide hypotheses about interactions between
different parts of the genome.

In spite of this, epistatic effects were overlooked and disregarded for a long time,
probably because their identification is not straightforward. This work has focused on
finding methods for overcoming these difficulties. The tools have been taken from the
field of machine learning, and they were used to approach both of the main goals
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of GWA studies: enabling a good risk prediction on GWA data and identifying new
variants that explain the cause of the disease.

We explored to what degree risk prediction, the first goal, can be improved by classi-
fying on large numbers of variables instead of only a few, and which types of classifiers
are most appropriate for this task. To generate the large ensembles of SNPs used by
the classifiers, we explored the use of various feature selection methods.

The second goal, explaining disease causes, was approached by searching for small
subsets of SNPs on which good classification was still possible. The underlying idea
was that such a subset may include SNPs that only have an effect in combination
with the other SNPs and that, in this way, we can find epistatic effects and genetic
interactions that cannot be identified by their individual effects.

To test the different approaches of this work, we used two established GWA data
sets: a coronary artery disease (CAD) data set and an inflammatory bowel disease data
set (IBD).

The support vector machine (SVM) is one of the most popular classification meth-
ods; it is a powerful algorithm which can exploit individual effects as well as inter-
actions. In this work, we used the SVM for both classification and feature selection,
and we find it in every chapter. In the first part of this thesis, we tested the SVM in its
primary role as a classifier for predicting risk on GWA data (Chapter 4). We applied
the SVM to subsets of increasing size selected by the p-values of the individual SNPs.

The SVM yields convincing classification performance for both data sets and pre-
dicts disease risk more accurately than would be possible with individual SNPs. A
difference between the performance on the IBD and CAD data is the size of the SNP
subset that yields the best classification. Whereas on the IBD data the best classification
is reached by including all SNPs, on the CAD data, the best performance is obtained
on a smaller subset.

In addition to classifying with the SVM, we also tested the performance of a boosting
algorithm (Chapter 5). To do so, we modified the well-known Adaboost algorithm
for use on GWA data. The resulting SNPboost algorithm, as we call it, performs a
combination of feature selection and classification. It selects SNPs successively and
aims to find a set of SNPs that together cover as much of the variability in the data as
possible.

We compared the performance of SNPboost with the SVM on the same subsets of
SNPs. As feature selection is part of the SNPboost algorithm, those SNP subsets that
had been chosen by SNPboost were then also used for the SVM. Overall, the SVM
performed better than SNPboost on both data sets, suggesting that the SVM is the
better classifier. However, as a feature selector, SNPboost appeared to work well.

In addition to comparing different classification algorithms, we also compared dif-
ferent feature selection methods. We have already discussed feature selection by p-
values and by the SNPboost algorithm. Since both of these approaches select SNPs
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individually, they may not identify patterns that consist of SNPs without individual
effects. We therefore evaluated other methods that select subsets based on patterns in
the data, which we call the svmscore, scscore, and pcascore. The svmscore is based
on the SVM and ranks SNPs according to the entries of the weight vector for an SVM
trained on all SNPs (Chapter 4). The scscore is, in contrast to the svmscore, primarily
focused on patterns in the data. It is based on sparse coding and ranks the SNPs based
on the directions of greatest variance in the data (Chapter 6). The pcascore is based on
principal component analysis, a classic statistical method that embodies a similar idea
as sparse coding to identify patterns in the data. We will in the following summarize
the results of all feature selection approaches as a preprocessing step for the SVM.

On the IBD data set, we observe that all feature selection approaches yield ever-
increasing performance as we increase the subset size. Overall, the svmscore per-
forms best for most subset sizes; for very large numbers of SNPs, the scscore per-
forms slightly better than the svmscore. On the CAD data set, we obtain very differ-
ent results. All of the feature selection approaches achieve their respective maximum
performance for small numbers of SNPs (around 40) and fall off thereafter. The best-
performing method on this data set is p-value selection; the svmscore, which was the
best performer on the IBD data set, only delivers mediocre results on CAD. Surpris-
ingly, scscore and pcascore failed to deliver any useable results at all; their performance
was not better than chance.

We also evaluated the influence of rare variants on classification performance. To do
so, we varied the MAF threshold and tested the effect of this on the performance of
both the SVM and SNPboost. On the CAD data, a more stringent MAF threshold of 5%
instead of 1% reduces the performance of both classification approaches. Conversely,
on the IBD data, the performance does not change noticeable if we vary the MAF
threshold. These results imply that rare variants may be of great importance to enable
a good classification, but not on every data set.

So far we have summarized how we approached the first goal, to predict risk well.
The final part of this thesis focused on the second goal, explaining disease causes. As
we have already discussed, we approached this goal by searching for small subsets of
SNPs on which good classification was still possible.

To do this, we used a sparse linear regression (SLR) approach, which performs a
combination of feature selection and classification. The advantage of SLR is that it can
be applied to large data sets without any preselection step, unlike other algorithms,
which often require a preselection of variables to ease the computational burden.

To identify new disease-relevant SNPs, we determined the SNPs that were consis-
tently selected by SLR over several cross-validation folds. To validate that the SLR
selects SNPs that are important for explaining the disease we looked at the classifica-
tion performance; the SLR performed well both as a feature selection method for the
SVM and as a classification method by itself.
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On the IBD data set we identified a truly disease-specific SNP (rs2241880) that could
not be linked to the disease by its individual effect. The gene (ATG16L1) in which it lies
interacts with a gene (NOD2) containing one of the other consistently selected SNPs.
This interaction probably induces a pattern that is identified by the SLR algorithm.
Because the SLR approach can identify SNPs based on patterns, it may be useful for
detecting more complex relationships between SNPs that allow us to better understand
the genetics underlying a disease.

As we have remarked above, almost all of the methods used in this thesis exhibited
very different behaviour on the two data sets. On the IBD data, the best choice is to
use large ensembles of SNPs and sophisticated feature selection approaches. On the
CAD data, it is best to use only a few SNPs with the simple p-value feature selection
method.

Having obtained such different results on these two data sets, what can we expect
on other data sets? Is the difference in behaviour due to quality issues, does it depend
on the particular disease studied or is it perhaps influenced by the population from
which the data is drawn?

To determine the crucial factors that cause these differences, we will need to test
the algorithms on more and more diverse data sets. Based on the results that were
obtained in this work, we do not expect that there will be one approach that works
well on all data sets. Each phenotype probably has its own characteristics. Performance
may vary with the genotype frequencies, the effect size, disease incidence, and other
factors. An approach that performs well on one phenotype may not be suitable at all
on the next.

Another question is whether we have already reached the limit of what is possible
on GWA data sets. And is the quality of today’s GWA data even good enough to
identify complex structures? Can we expect multifactorial methods to detect much
more than single-SNP analyses? And can we even expect to fully explain the cause of
a disease using GWA data?

The premise underlying GWA studies has been that common variants play the major
role in the development of common diseases. However, this view has recently changed,
and rare variants are now also thought to have a large influence [9]. Some even argue
that the rare variants could be the primary cause and that common diseases may even
be more similar to Mendelian diseases than was assumed so far [73]. GWA studies do
not have enough power to detect rare variants and, at any rate, GWA studies samples
the genome too coarsely to be able to detect rare variants reliably. In addition, rare
variants may be specific to families or even individuals [74]. Hence, we cannot expect
to find these variants in case control data.

The area of genome studies is now moving towards sequencing the complete genome.
Up to recently, this was not possible, but new machines can now sequence the complete
genome in a reasonable length of time and at an affordable price [73]. By sequencing
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the whole genome, we may be able to identify the real disease-causing variants, which
many suspect have not been covered by GWA studies so far [73]. The initial goal of this
so-called next generation sequencing is to identify rare variants with a large effect size.
One strategy for identifying such rare variants is to select families that have multiple
affected individuals. I look forward to working in this area in the coming years – the
genome is certainly one of the greatest puzzles mankind has ever tried to solve.
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