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Abstract

Genome wide association studies are very important to systematically

bridge the knowledge of genotype and phenotype. With the recent in-

crease in the genetic marker density for many organisms novel oppor-

tunities for a fine mapping of genetic contributions to complex traits

emerge. This comes together with new challenges towards the model-

ing of phenotypes and also computing required to fit many statistical

models.

I developed methods to construct large composite models for genotype

to phenotype association that used multiple markers. Larger models

should provide more accurate picture of joint effects of various loci

and also their relative importance for explaining the phenotype.

Oocyte development in Drosophila melanogaster is an interesting model

of developmental processes and their timing and can be easily studied

using microscopy. I collected a set of phenotypes for oogenesis and

defined traits for further association study via analysis of microscope

images of various developmental stages. Descriptors of nurse cells

were extracted from image channels showing the patterns of antibody

staining (DAPI, Actin, oskar).

I then performed a genome wide association study of these pheno-

types using my tools to characterize genetic components in oocyte

development in fruit fly. This is one of the very few studies for fruit

fly exploiting dense SNP maps (approximately 6,000,000 entities) and

also incorporating multiple traits.

My methods were applied for reanalysis of the human case/control

data for type 1 diabetes (T1D) from the WTCCC. T1D is a common



disease with rather complicated aetiology, therefore a good candidate

for building composite models. Random sampling approaches allowed

further investigations of these complex joint models.
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Chapter 1

Introduction

1.1 Traits and Heritability

Each individual can be characterized in many ways, for example, by height, heart

mass or having or not having influenza. If we look at a population of individuals

we can observe variation in all of these traits: individual heights differ, some peo-

ple have influenza, while others do not and there are variable measurements of

heart mass reported by clinical sources. Some of this variation is continuous, such

as height and heart mass, and some is discrete, such as having or not having an

influenza. It is possible to categorize variation underlying a trait into two broad

groups: genetic variation and environmental variation. The genetic component

of a variation constitutes heritable part of a trait, while the environmental com-

ponent consists of influences upon a trait that are changing from place to place

and from living condition to living condition. As the name implies genetic factors

are composed of a combination of genes, where each gene occupies a particular

site on the genome called locus. Different forms of a gene are called alleles. A

set of particular alleles for all loci of an individual is referred to as the genotype

of individual. If a gene influences a trait as a genetic factor, each type of allele

changes the value of a trait.

The relative importance of genetic versus environmental factors can be very

different between traits. For example, influenza is caused by a type of virus,

whose occurrence and spread strongly depends on environmental factors, such as

climate. Other traits have a tendency to be passed from one generation to another

1



1.1 Traits and Heritability

or are especially pronounced in some population whose members have been living

in the same place for a long time. Several diseases can serve as example of this

type of trait, such a cystic fibrosis that is known to be largely determined by the

presence of a particular allele and is nearly always inherited. In between highly

heritable and purely environmentally determined characteristics there is a large

complex zone of traits whose heritable and environmental determinants require

careful elucidation. For example, heart mass is determined both genetically and

environmentally. In all of these situations determining the heritable component

is indispensable for understanding risk factors of disease (elevated blood pressure,

rheumatoid arthritis) or knowing that disease can be eliminated by removal of en-

vironmental factors (influenza) or by being able to cultivate favourable properties

(height of maize).

The major part of this thesis is devoted to understanding the genetic com-

ponents underlying various traits: the first of these are the traits characterizing

early development in fruit fly and the second is type 1 diabetes. The study of

early development in fruit fly focuses on oogenesis and particularly nurse cell

development throughout oogenesis. Several stages of oogenesis were studied and

phenotyped using optical microscopy and image analysis techniques. Afterwards,

statistical analysis was carried out to search for loci on the genome associated

with developmental traits. Yet another study was carried out to discover genetic

factors affecting human disease, particularly type 1 diabetes (T1D). Case/control

data from the Wellcome Trust Case Control Consortium (WTCCC) were reanal-

ysed using novel approaches to yield more insights into aetiology of T1D.

The remainder of the introduction is structured in the following way. In the

next section of introduction I will talk about the nature of genetic components

contributing to various traits in more detail. Then in section 1.3 I will discuss

the experimental designs and types of populations used to elucidate heritabil-

ity. Section 1.4 is devoted to introducing techniques of statistical modeling and

model selection used to analyse various populations. A section encompassing an

overview of association studies for Drosophila phenotypes follows (1.5). A dis-

cussion of factors affecting dorsal-ventral axis specification during oogenesis is

included in section 1.6. Section 1.7 is dedicated to the description of the genetic

2



1.2 Genetic Components Influencing Traits

components influencing type 1 diabetes. The introduction ends by a statement

of the main questions asked in the thesis (section 1.8).

1.2 Genetic Components Influencing Traits

In eukaryotes, genes are organized into chromosomes, where each chromosome

represents a single linkage group (Sturtevant et al., 1919). After chromosomes

were established as the vectors of heredity Avery showed via studies of the viru-

lence of bacteria that heritability is conveyed by DNA (Avery, 1915). This dis-

covery was followed by the elucidation of the DNA structure and the postulation

that DNA is a double helix made from two polymers of nucleic acids arranged in

an antiparallel manner, where nucleotides from opposite strands form base pairs

(Watson and Crick, 1953). Thus, each chromosome corresponds to a single double

stranded DNA molecule. In most species there are two chromosomes of the same

type, therefore each unit of heritability (locus) on a chromosome has two different

alleles. A violation to this principle occurs when sex chromosomes are considered,

because there can be two different sex chromosomes united in a single pair, where

the combination of chromosome types determines sex. Chromosomes that do not

determine sex are called autosomes. The number of chromosomes can vary widely

among species; for example, human has 24 types of chromosomes arranged in 23

pairs, while fruit fly has 4 different chromosomes (2, 3, 4 and X). An offspring

receives one autosome of each type plus one sex chromosome from each parent.

In such a way it is possible to produce 4 different offspring genotypes from a fixed

pair of parents. More variation and randomness is introduced into the assortment

of offspring’s genotype by recombination, which can exchange continuous part of

a chromosome coming from one grandparent for that of another grandparent.

In classical genetics, the heritability of a trait is often studied experimentally

by breeding experiments, if they are feasible for the species under study. The

necessary condition for these experiments to be successful is having two parents

with different phenotypes so that the alleles potentially responsible for occurrence

of a trait are different as well. First a generation of individuals, called F1, is ob-

tained by crossing both parents. Often F1 individuals are crossed (sibling-sibling

mating) and phenotypes of offsprings (F2 generation) are assessed. If all offspring

3



1.2 Genetic Components Influencing Traits

in F1 generation yield phenotype equivalent to one of the parents’ phenotypes,

the trait observed is called dominant, while trait unobserved is claimed to be re-

cessive. If further offspring from generation F2 yield two different phenotypes in

proportions 1 : 3, it is clear (or was clear for Gregor Mendel) that one of the two

alleles affecting the trait is recessive, while another is dominant. Then the quarter

of offspring with recessive trait corresponds to the allele combination aa, while

the dominant trait is produced by all other allele combinations (Aa and AA).

These experiments lead to postulation of principle of independent segregation

that implies that dominant and recessive alleles are independently transmitted

and segregate independently, thus leading to sudden reemerging of the recessive

trait. This kind of breeding experiment is suitable for dealing with phenotypes

affected by a single gene. However, it is rarely the case, because many traits are

affected by several genes. A common assumption is that for a complex pheno-

type, the genetic effect would be the sum of several independent (main) effects of

different loci and epistatic interactions of loci. Epistasis is defined as the inter-

action between genes, where certain allele at one locus is altering or masking the

effect of alleles of another gene (Cordell, 2002). Loci that affect such a complex

phenotype are called quantitative trait loci (QTLs), while the phenotype is re-

ferred to as a quantitative trait. Often gene-environment interactions contribute

to phenotype as well, though they are difficult to study, because phenotypes have

to be collected for each of different environments, and comprehensive control of

the environment can be challenging (Falconer and Mackay, 1996).

Typically studies of heritability involve two major design decisions: first is

that of choice of population under study, while second is that of choice of statis-

tical models. In the above mentioned Mendelian case, the population would be

two different parents and their offspring. Current experimental designs include

selection of individuals affected by a disease versus a selection of individuals with-

out disease (case-control studies), animal strains created by controlled breeding

(e.g. inbred lines, populations selected for a particular trait), sets of families and

sibling pairs to determine how relatives affected by a disease differ from those

unaffected (family based studies) or sample from a population living in a certain

environment, to observe the time of onset of a disease (prospective studies).

4



1.3 Elucidation of Heritability

Each study design has to be supported by models that allow disentangling

genetic part of a trait from the environmental part. The simplest models deal

with a single locus, while more complicated traits require multi-locus modeling

techniques. Typically many loci would be tested on each chromosome to detect

which of them is the most important determinant of a trait. Therefore an im-

portant part of the modeling is the assessment of the significance of association

between the alleles of a locus and a trait.

1.3 Elucidation of Heritability

1.3.1 Studies of Experimentally Designed Populations

One of the simplest experimental designs used to produce a population with

certain favourable properties exploits backcross (BC) populations. To obtain such

a population two phenotypically and genetically distinct founders are crossed.

Offspring from the F1 generation are collected and then crossed back to one

of the parents. If the founders come from inbred lines, the backcross population

obtained thus has more genetic diversity than any of the two founder populations.

The new BC population is enhanced to develop traits similar to the founder not

used to backcross F1 (donor line). As a result, BC population is more amenable

to genotype and phenotype studies, because there is larger variation in alleles and

possible improvement in phenotypic properties towards desirable traits. BC lines

are widely studied with an aim to identify QTLs in plants (tomato, rice, soybean)

(Moncada et al., 2001; Tanksley and Nelson, 1996; Tanksley et al., 1996; Wang

et al., 2004); they are used to cultivate certain characteristics of plants like yield,

height and maturity. BC lines are important to introduce more genetic variation

into inbred lines of domesticated species. For some studies advanced backcross

lines have been developed by continued backcrossing of BC populations to the

same founder thus obtaining BC2 and BC3 generations. This method solves

the problem of introducing too many disadvantageous alleles from donor line,

because their frequency is reduced due to negative selection and recombination

in more advanced backcross generations (Tanksley and Nelson, 1996). Backcross

populations are not as good in detecting recessive alleles and epistatic interactions
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1.3 Elucidation of Heritability

in comparison with other study designs and other types of allele effect upon

phenotype (Tanksley and Nelson, 1996).

Alternative types of breeding studies are based on selective breeding to pro-

duce two highly divergent populations in terms of the trait under study. Usually

two different inbred lines serve as founders in these studies. After obtaining F2

progeny, selection favouring one or both extremes of trait begins. First, F2 in-

dividuals are tested for the phenotype, then a fixed percentage of individuals

exhibiting the highest scores of trait are selected; also a certain number of lowest

scoring individuals can be selected in parallel. Animals from selected subpopu-

lations are mated within the selected population, thus a new high and new low

population is obtained. Then individuals from high population are scored for

phenotype and a fixed percentage with highest scores are selected for the next

breeding. The lowest scoring individuals from low line are also selected for further

breeding. Usually sibling-sibling matings are avoided. The selection from high

and low lines is repeated for a few generations until both lines become highly

divergent for a phenotype.

Such a selection should highlight associated loci due to change of allele fre-

quencies observed in selected and unselected populations. Mainly QTLs exhibit-

ing additive effects are becoming evident thus, because other models would not

have allele frequencies changing in concordance with phenotype divergence. The

method is difficult to use for studying multiple traits for obvious reasons. Nev-

ertheless, genetic correlation of related traits can be effectively studied with this

method. Besides, analysis requires a small number of generations (usually of or-

der 10) to be contrasted to demands for establishing recombinant inbred lines

(see next section).

Applications of selective breeding studies include mapping QTLs responsible

for ethanol preference in mice (Belknap et al., 1997). Another study encompassing

selected lines of animals lead to the discovery of several QTLs affecting growth

related traits in chicken (Jacobsson et al., 2005).

In some cases, establishing of inbred lines is not feasible either because it is too

time consuming for some animal species or selection histories of both founders

are too divergent. Sometimes these problems can be solved by crossing two

genetically and phenotypically distinct individuals each coming from a different
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outbred population to establish a new population. Typically QTLs would be

mapped for a F2 generation resulting from a cross between two outbred population

representatives. Information about genotypes of F1 individuals and founders is

necessary in search for QTLs as well. Crosses derived from outbred population

individuals have been successfully used to study growth rate and fat deposition in

pigs, where founders represent European wild boar and Large White pig (Knott

et al., 1998). Similar studies of pig intercrosses (Chinese Meishan and European

domestic; Iberian and European white domestic; Iberian and Landrace) have been

carried out by (Ovilo et al., 2000; Perez-Enciso et al., 2000; Rohrer and Keele,

1998a,b). Commercial pig populations have been examined for QTLs related to

back fat and meat quality traits by (Evans et al., 2003). In general, studies of

commercial populations are more complicated than studies of intercrosses between

outbred populations because many loci can become fixed due to artificial selection

imposed on commercial lines. However, in the example mentioned above, major

QTLs were still segregating. Preselection of the most informative animals in

terms of their phenotypes is sometimes necessary to overcome limitations of fixed

alleles (Chatziplis and Haley, 2000).

1.3.2 Recombinant Inbred Lines

A recombinant inbred (RI) line is an inbred line whose genome is a mosaic of the

genomes of the founder lines. To create a RI line two highly divergent strains

are crossed until F2 generation is obtained and then brother-sister mating is

done for several generations until most loci are fixed for some homozygous allele

combination. After this point RI lines are established and their (almost) exact

genotypes can be reproduced infinitely by further matings among siblings.

RI lines have the favourable properties of having fixed genotype that can be

reproduced over next generations. They are widely used in genotype/phenotype

studies, because many phenotypic measurements can be taken for the same geno-

type, including those for multiple traits.

Using such lines is beneficial for observing more distinct or extreme pheno-

types as there are no heterozygotes and thus no intermediate phenotypes. Also

7
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the task of model selection for QTL mapping becomes considerably simpler with-

out the need to fit recessive and dominant models. RI lines are good for studying

traits that are sensitive to environmental variation as well (Soller and Beckmann,

1990). However, many homozygous mutations can be lethal and thus remain un-

observed (complementation tests can sometimes solve the problem as in (Fanara

et al., 2002)). Also it is not possible to gain more detailed information about

the nature of QTL’s influence on phenotype as we do not know the intermedi-

ate phenotype of heterozygote. Besides, one has to be careful in selection of line

founders, because only variation due to the alleles that are segregating in parental

strains can be captured.

Variance of a trait in RI population is twice the variation that can be obtained

in F2 population and four times the potential variance of a backcross (BC) pop-

ulation (Kearsey and Pooni, 1996). Heritability itself is a bit less than twofold

greater, but still more noticeable in RI lines (Belknap, 1998).

1.3.3 Linkage Studies

There are situations when experimental design of populations with specific prop-

erties is not feasible, most notably human studies. In such cases different ap-

proach towards studying heritability has to be pursued. Some methods devised

for dealing with non-experimental populations use information about genotypes

within family (linkage studies), while others use genotypic information sampled

from a population in a certain way (association studies).

Linkage studies search for genome regions that are shared by individuals af-

fected by a disease within a family. The expected frequency of genome region

in the absence of association with a disease is estimated against the background

of family structure and compared to the observed allele frequency for individuals

having a disease. Siblings, parents and other family members take the role of

controls for individuals with a disease. It is difficult to fine-map variation respon-

sible for a trait because there are not as many recombination events happening

within the number of generations studied (typically information about genotype

is available only for a few generations).
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Linkage studies are important when dealing with rare alleles that are asso-

ciated with a high risk of a disease and are appropriate for situations when a

disease or trait has high penetrance (otherwise there is a very small proportion

of affected pedigree). The advantage of this type of studies is their immunity

towards population stratification because all tests are conditioned on the alleles

and their frequency of healthy relatives.

Linkage studies are limited to cases where alleles of founders are segregating.

It means that we can estimate a disease penetrance only when both parents are

heterozygous for the same loci, otherwise we cannot spot events of recombination

and heritability. Therefore a large proportion of genetic variation cannot be

studied with this design, because of lack of heterozygosity. Sometimes this type

of study cannot be carried out due to a late onset of a disease and difficulty in

collecting information about relatives.

Genome wide linkage analysis was first successfully done for Huntingdon dis-

ease, allowing the identification of the chromosomal location of a crucial mutation

(Gusella et al., 1983). Several linkage studies have helped to elucidate a locus

on chromosome 7 as being connected to cystic fibrosis (McConkie-Rosell et al.,

1989; Tsui et al., 1985); mutations of several alleles of CFTR turned out to be a

major causative factor for classic cystic fibrosis. There are now over 400 such rare

diseases with known alleles that cause disease, and at least 2,000 other diseases

with a clear monogenic inheritance pattern being actively studied.

1.3.4 Association Studies

Association studies search for loci associated with a trait or disease within a

population. Ideally, a random sample from a population has to be taken and

genotype/phenotype scored. Types of association studies include case/control

and prospective studies. In the first situation a certain number of cases of a

disease are taken and compared to a number of controls (individuals without

disease). In the second situation a number of individuals are observed over time

with an aim to detect the onset of a disease. A separate category of association

studies deals with continuous (quantitative) traits.
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Association studies can be divided in two types: candidate SNP analysis and

indirect association studies. Candidate SNP analysis directly tests whether a

SNP is related to an increased disease risk, while indirect association tests as-

sume that risk polymorphism is located somewhere where it is in strong linkage

disequilibrium (LD) with some genotyped SNP. Linkage disequilibrium is de-

fined as the strength of non-random association between alleles at different loci

(Futuyma, 1997). If two alleles at two different loci arose at roughly the same

historical time, and they are both on the same chromosome and have little (if

any) recombination between them then they are described as being in linkage

disequilibrium. Then one of the alleles can be reliably inferred from the other

allele. The requirement that the recombination between the loci is rare means

that the loci must be relatively close to each other on the genome, though this

distance varies due to the variation of recombination rates.

The applicability of direct and indirect association studies is dependent on

the organism studied and properties of its genome. For example, Drosophila

melanogaster genome exhibits very short linkage disequilibrium, therefore dense

SNP maps and direct association studies are necessary.

Association studies have to be performed with greater marker densities than

linkage studies, because of many recombination events taking place within a

population, when measured in the context of the whole population. It has

been estimated from coalescent simulations that for most human populations,

strong linkage disequilibrium can be observed over approximately 3 kilobases

(kb) (Kruglyak, 1999). It means that having maps with as few as 500,000 SNPs

is needed for whole genome association scans.

The genome wide scan of SNPs to detect associations was first proposed by

(Risch and Merikangas, 1996). It is also argued that such association studies

are more powerful that linkage approaches (Risch and Merikangas, 1996). This

hypothesis was confirmed by population simulations in (Long and Langley, 1999).

Originally there were two hypotheses about the origins and mode of operation

of genotype and phenotype associations. The first called ”rare variant hypoth-

esis” postulates that a common disease is caused by the summation of effects

of low frequency alleles, where each of them affects disease risk independently.

The second called ”common disease common variant hypothesis” asserts that
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there should be at least one common variant affecting a common disease. Whole

genome association studies are well suited for finding common variants affecting

the disease, while rare variants can be discovered by resequencing of candidate

genes for many individuals (Bodmer and Bonilla, 2008). If a rare variant is dis-

covered to be associated with disease, it is very unlikely that the true association

is due to some other variant in close linkage disequilibrium. If a common variant

is discovered, it is quite probable that it is not immediately functionally relevant

to the trait studied and other variants within linkage disequilibrium have to be

checked.

One of the most comprehensive association studies for human disease has been

done by WTCCC (Wellcome Trust Case Control Consortium, 2007). Within this

study genome wide scans to search for common variants causative of 7 common

diseases, most of them autoimmune diseases like type 1 diabetes, have been per-

formed. The study exploits approximately 500,000 SNPs, 3000 shared controls

and 2000 cases for each disease.

Extra care has to be taken for the population stratification when performing

association studies, because unlike in linkage studies genotypes of individuals are

not conditioned upon their parents’ genotypes, i.e., their population ancestry.

For example, non-synonymous SNPs were tested for association with T1D and

inflation of p-values over 10% was found to be due to confounding by population

structure (Clayton et al., 2005). Adjustments for population structure present

in case/control studies can be done by genomic control, i.e., rescaling traditional

chi-square test results by a constant factor (Devlin and Roeder, 1999). Other

approaches reconstruct the population structure by assigning population labels

to individuals (Satten et al., 2001).

An important component of association studies is meta-analysis of reported

associations. Such an analysis is done with an aim to estimate the ratio of false-

positive results, assess the success of replication of the first study and estimate the

publication bias, along with other parameters. Replication studies for reported

associations and thus meta-analysis of them are necessary for two reasons. First,

each association study reports loci that are brought to forefront by stochastic fluc-

tuations due to individuals genotyped and genotyping errors, and are randomly

selected from a pool of associations of comparable strength. Second, there can be
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hidden factors present that are not taken into account in the original association

study. A special case of such hidden factor is population stratification. Therefore

it is important to test reported associations with independent sample of individ-

uals. A meta-analysis of many loci connected to human disease, especially those

associated with type 2 diabetes, bipolar disorder and schizophrenia, was done in

(Lohmueller et al., 2003).

1.4 Modeling Prerequisites

1.4.1 Model Types

Various approaches can be adopted to express the connection between genotype

and phenotype. The additive model was first suggested by R.A.Fisher, who pro-

posed to represent genotype for an individual at certain locus with one variable:

Xa = 2 · I(x = AA) + I(x = Aa) (1.1)

where Xa is the code for an additive effect assuming values 0, 1 and 2 and cor-

responding to the count of allele A within diallelic locus. I(·) stands for an

indicator function yielding 1 if the condition in the brackets is satisfied (in the

current case 1 is returned, if locus x has a particular genotype). The additive

effect is essentially the sum of main effects of both alleles, where it is implicitly

assumed that phase is not important and effect of allele A is indistinguishable in

either position. The dominance effect is usually understood as the interaction of

both alleles within a diallelic locus in such a way that one occurrence of allele A

is enough to annihilate the impact of the alternative allele a: Xd = 1−I(x = aa).

Then the full genotypic model for a single locus and its impact upon phenotype

Y would read like this:

Y = µ+ β1Xa + β2Xd + ε (1.2)

where β1 is the magnitude of an additive effect and β2 is the size of a dominance

effect. Then µ is the population mean of the phenotype under study for indi-

viduals with genotype aa and ε is random variation of phenotype that cannot

be explained by effects of the alleles considered. This type of model is used for
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continuous traits (continuous Y ). If we want to model discrete traits, like dis-

ease status, we have to transform the phenotype via monotone link function g(·)
(Davison, 2003):

η = g(E(Y )) = µ+ β1Xa + β2Xd (1.3)

For binary outcome Y , the meaning of E(Y ) is the probability that the phenotype

is one of the outcomes, for example, probability of individual having a disease.

Various link functions are used in literature to discover associations, among them

logit, probit, logarithm, log-log and complementary log-log functions. The per-

formance of these transformations in disease prediction has been analysed in

(Cordell et al., 2001). It was shown that the differences between results obtained

are not large, especially between logit and probit functions. Further extensions

of the generalized linear model model (1.3) necessary to incorporate epistatic

interactions are discussed in (Cordell and Clayton, 2002).

1.4.2 Interval Mapping

An important aspect to decide when performing association studies is how to

search for associations and how to model the effect of several loci upon pheno-

type simultaneously. One of the first methods proposed for systematic search for

associated loci was interval mapping (Lander and Botstein, 1989). Within this

approach an unknown genotype of a QTL located between two known markers

is expressed as a function of two flanking marker genotypes and frequency of

recombination between markers and marker and QTL. It is implicitly assumed

that there is at most one recombination event between both markers, because

2 recombinations cannot be distinguished from 0. Interval mapping has been

approximated by regression in (Haley and Knott, 1992).

The power of discovery of QTLs with interval mapping under various condi-

tions (marker spacing, magnitude of allele effect) was studied in (Darvasi et al.,

1993). It turns out that the power of interval mapping and t-test applied for a

single marker is not very different (slight advantage towards interval mapping)

(Darvasi et al., 1993; Haley and Knott, 1992). Interval mapping suffers more from

non-normally distributed traits than direct marker tests (Darvasi et al., 1993).

13



1.4 Modeling Prerequisites

Soon afterwards it was acknowledged that it is not sufficient to study one

QTL at a time, because effects of other QTLs can interfere with the estima-

tion of a single QTL effect (Haley and Knott, 1992; Knapp, 1991; Martinez and

Curnow, 1992). For this reason several QTLs were incorporated in a single model

to make the effect estimation for multiple loci simultaneous (Haley and Knott,

1992; Jansen, 1992; Knapp, 1991; Martinez and Curnow, 1992). However, it is

computationally difficult to model several QTLs with the approach resembling

interval mapping. Yet another approach was proposed that exploits linear re-

gression, where phenotype is regressed on marker genotypes, without an explicit

reference to QTLs between them (Cowen, 1989; Stam, 1991). At last it was sug-

gested to merge the idea of regression upon marker genotypes and the idea of

interval mapping for a QTL into a single model including several markers and

only one QTL (Jansen, 1993; Zeng, 1993, 1994). This method was called com-

posite interval mapping (CIM). Under this approach a set of background markers

is first selected. Then a QTL is added to the model in a way similar to interval

mapping. Selected markers take the role of other QTLs, while one specific QTL

is studied. Then a significance of QTL can be assessed by referring to chi-square

distribution (it is asymptotic distribution for log likelihood ratio for a model with

QTL versus model with markers, but without QTL) (Jansen and Stam, 1994).

Alternative methods to composite interval mapping based on Bayesian models

were proposed in (Satapogan et al., 1996; Sillanpaa and Arjas, 1998).

Composite interval mapping was further extended into the multiple interval

mapping (MIM) method that incorporates epistasis along with main effects (Kao

et al., 1999). Epistatic interactions are described by Cockerham’s scales. This

approach has the property that all of the components describing epistasis are or-

thogonal. Thus economy in model parameters is achieved (4 instead of 9 unknown

coefficients for each interaction). The model includes multiple QTLs, their geno-

types expressed via flanking marker genotypes and recombination rates. A set of

QTLs is selected by stepwise selection procedures (Kao et al., 1999). Parameters

are estimated by a method proposed by (Kao and Zeng, 1997) and is based on

maximum likelihood estimates. The approach chosen for parameter estimation

avoids expectation maximization for all of the unknown QTL genotypes, therefore

it is much more efficient computationally.
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An interesting question regarding QTL mapping is how sure we can be about

the discovered location of a QTL. The answer to this question has impact on follow

up studies, where QTLs are fine mapped and candidate genes are analysed. This

problem has been studied by estimating the resolving power for QTL location,

where resolving power is defined as 95% confidence interval for location, when

a map is infinitely dense (Darvasi and Soller, 1997). An alternative method for

obtaining confidence intervals via bootstrapping was provided in (Visscher et al.,

1996).

Initial models were built with sparser marker maps in mind, therefore they

distinguished the notion of marker and the notion of QTL that is located some-

where between two markers and whose location has to be fine tuned by additional

search. As genetic maps become denser, substitution of QTLs by genotyped loci

yield more and more accurate results, while helping to avoid multidimensional

genome search. Such a progress naturally leads towards some simplification of

models mentioned above, because genotypes of all loci can be included in the

model directly without the need to express any of them indirectly via recombi-

nation rates and LD with known markers.

1.4.3 Testing Significance of Allele Effect

Each type of population and study design chosen to elucidate heritability requires

different type of statistical tests to determine the significance of the effect of

specific alleles.

Statistical tests based on likelihood ratio methods for outbred populations are

developed in (Haley et al., 1994). The approach is based on least squares method

applied to all markers within a linkage group. Before least squares method is used,

probabilities of origins of alleles for loci in terms of outbred grandparents’ alleles

are deduced. An assumption is made that the outbred populations analysed are

fixed for alternative alleles.

Studies of populations constructed by selective breeding are more complicated,

as no interval mapping method directly applies here. Adjustments of LOD scores

that are applicable as significance thresholds for detecting QTLs in later gener-

ations of selection are proposed in (Falconer, 1989; Lander and Botstein, 1989).
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Typically the power to detect QTLs is lost over generations (Darvasi and Soller,

1995). However, using generations beyond F2 is advantageous as more recombi-

nation events can take place thus affecting linkage disequilibrium. Therefore the

location of QTLs can be mapped with much higher precision in these populations

(Darvasi and Soller, 1995).

When RI lines are used, single marker tests are more powerful than interval

mapping, because RI lines exhibit a lot of recombination in any interval between

two loci. The power for detecting QTLs in F2 populations is analysed in (Darvasi

and Soller, 1992). For RI lines, similar studies have been carried out by (Belknap

et al., 1996).

One of the most widely used tests for linkage studies within families is trans-

mission/disequilibrium test (TDT) (Spielman and Ewens, 1996). The model was

first developed in (Spielman et al., 1993). The first version of TDT expressed

genotypes of affected individuals conditioned on parents genotypes, thus requir-

ing the existence of full information about parents. Mathematical models for

linkage studies are elaborated in (Curtis, 1997; Falk and Rubinstein, 1987; Spiel-

man et al., 1993). Tests using conditioning on genotypes of unaffected siblings

instead of parents were developed later (Spielman and Ewens, 1998). This version

of TDT is suitable for studying diseases with late onset. Further developments

of the model, elaborating on the type of conditioning in case of missing data and

availability of other relatives, include (Boehnke and Langefeld, 1998; Rabinowitz

and Laird, 2000). In (Lange and Laird, 2002), many of TDT test types are put in

a single statistical framework, thus unifying various approaches for conditioning.

Asymptotic properties of TDT tests under null and alternative hypothesis can

be assessed for rather broad classes of tests, thus allowing to obtain a measure of

allele significance.

In most of the cases, applications of linkage studies are limited to testing sim-

ple additive, dominance or recessive models describing association with a trait.

More complicated epistatic models and genotype-environment interactions can-

not be traced by this approach, because there are too few individuals included

in a single family to observe all combinations of interacting entities. Also non-

segregating loci can become an obstacle for discovery of epistatic interactions.
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In the case of epistasis, each allele separately has less pronounced effect on phe-

notype, probably also less penetrance, which is not a favourable situation for

performing linkage studies.

The most typical statistical test used in association study setting together with

additive, dominance or recessive models is the chi-square test with one degree

of freedom. If phenotypes are binary, the Cochran-Armitage trend test can be

used to test the association as well. This type of test has the advantage of not

relying on the assumption of Hardy-Weinberg equilibrium (Devlin and Roeder,

1999). Trend test is immune for the effects of population stratification and cryptic

relatedness of individuals, that in turn can lead to an excess of homozygotes due

to correlation between both alleles (Devlin and Roeder, 1999). Under the same

violations of conditions chi-square test p-values can become inflated. In this

aspect the Cochran-Armitage test approaches tests used for family based studies.

Typically, independence of individuals within association study is assumed

when performing statistical tests. Cases when this assumption does not hold

are examined by (Devlin and Roeder, 1999) and the method based on Bayesian

outlier model is proposed to detect associations under these circumstances, where

associations themselves take the role of outliers (Devlin and Roeder, 1999). Still,

having a completely independent sample leads to larger power in association

discovery.

Indirect association studies are sometimes done with haplotypes instead of

genotypes of single loci. Some conditions under which performing association

studies with unphased genotype lead to more powerful tests than those with

phased haplotype are discussed in (Clayton et al., 2004).

A regression model for association studies with haplotypes was proposed in

(Zaykin et al., 2002). Modeling techniques for case/control studies with haplo-

type data have been explored in (Epstein and Satten, 2003; Stram et al., 2003;

Zhao et al., 2003). The study of (Lin and Zeng, 2006) puts together several of

the above mentioned techniques into a unified modeling approach, that can incor-

porate environmental variables and is not based on Hardy-Weinberg equilibrium

assumption.

To attain more power when performing association studies with haplotypes,

it has been suggested that the haplotype determination is united with estima-
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tion of haplotype impact on phenotype. Most popular approaches solving this

simultaneous task incorporate methods based on expectation maximization and

Newton-Raphson algorithm (Tregouet et al., 2002; Zaykin et al., 2002). Also,

stochastic expectation maximization has been shown to be useful and efficient in

this context due to its ability to avoid local minima and saddle points (Tregouet

et al., 2004).

1.4.4 Tests and Multiple Loci

Specific attention has to be paid to the multiple testing problem within the as-

sociation study context, because typically many loci would be tested during the

search for an association. It means that p-values from tests performed for various

loci cannot be taken literary, but instead have to be converted into a genome

wide significance level.

Typically, adjustments of p-values are made by Bonferroni correction, which

divides the p-value obtained by testing specific locus by the number of loci tested.

In such a way genome wide significance of association is calculated from p-values

of separate tests. For dense marker maps Bonferroni correction leads to rather

stringent and conservative thresholds for declaring associations, because markers

can be quite correlated and corresponding tests are not completely independent.

Earlier practice in estimating genome wide significance for linkage studies

used LOD score 3 (base 10 logarithm of odds - equivalent to log-likelihood ra-

tio of model corresponding to hypothesis of association against model for null

hypothesis of no association) (Lander and Kruglyak, 1995). This score is approx-

imately equivalent to p-value of 10−4 obtained from asymptotic distribution of

log-likelihood ratios (chi-square distribution).

In case of Bayesian models correction is done via prior distributions. The

equivalent of the association p-value is obtained by multiplying the evidence from

genotype and phenotype information in favour of a chosen association model by

the prior probability of the model (Gelman et al., 2004). To make adjustment

for multiple tests, all prior probabilities of models can be chosen to be equal

to the proportion of SNPs that are expected to be genuinely associated with

a phenotype. This procedure resembles Bonferroni correction in some aspects,

18



1.4 Modeling Prerequisites

but is determined by the expected associations instead of the number of SNPs

genotyped or models tested (Stephens and Balding, 2009). Prior probabilities

can be much more flexible when correcting for multiple tests than Bonferroni

correction, because they can be relatively larger for the models with loci showing

previous evidence of association and smaller for models with loci of no known

functional relevance to phenotype studied.

Permutation tests were suggested for assessment of significance threshold by

(Churchill and Doerge, 1994). According to this method real phenotype values are

permuted 1000 times (typically), and from each permutation a locus yielding the

highest score of association is determined. Those loci whose level of association

with the real phenotype is above the 95th quantile of the best permutation scores

are claimed significant. This method produces significance thresholds that take

into account the correlation of loci and other properties specific to a phenotype

and genotype set. Therefore thresholds established by permutation tests are

usually more accurate than those yielded by Bonferroni correction and are not as

sensitive towards violation of various model assumptions.

A method similar to permutation tests is based on empirical estimation of false

discovery rate. Again 1000 phenotype permutations are analysed and association

scores for all models (loci) are obtained. Then a constant threshold is chosen and

the number of permuted phenotype models scoring above the threshold versus

the total number of models above the line is reported as false discovery rate

(Benjamini and Hochberg, 1995). The threshold that gives significantly more

associations with the real phenotype than associations with permuted phenotypes

is used to report discovered associations.

Yet another alternative to permutation tests is cross validation (Hastie et al.,

2008). The purpose of cross validation is not to give empirical p-value for asso-

ciations, but rather to perform validation of models used to detect associations

by trying to estimate the test error (error that will be obtained by analysing

independent data set using the same model). Cross validation is typically used

to determine the optimum number of loci to be included in large models and

to estimate the most plausible parameters for large models. For example, the

model selection part of interval mapping would be amenable to cross validation.

N-fold cross-validation divides the data set in N non overlapping parts. Models
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are built with diminished data sets, where one of the parts is excluded. Then

each of the models is used to estimate the prediction error for the part of data

that was not considered during model building. Once the mean prediction er-

ror reaches minimum and stabilizes, it is clear that the model is saturated and

optimum configuration is reached. Splitting into non-overlapping parts guaran-

tees that the variance of the data sets and thus resulting models is high enough,

therefore a small number of partitions is sufficient to determine prediction error

and its variance (N can be as small as 5 or 10).

1.4.5 Model Selection Strategies

1.4.5.1 Stepwise Model Selection

The necessity to build models incorporating several loci was already discussed in

the context of interval mapping. However, as soon as we are aiming at models with

multiple markers or QTLs, we have to solve the problem of selecting entities to put

into them. The first proposals included using backward elimination algorithm for

selecting markers for interval mapping. It means that at the beginning all markers

are included in the model. Then markers are removed one or several at a time

until no further improvement in the model can be achieved by an extra removal

(Davison, 2003). Goodness of models can be evaluated and compared by Akaike’s

information criterion (AIC) (Davison, 2003). However, the backward elimination

algorithm is suitable only for sparse marker maps with few entities, otherwise

the initial model becomes too large for simultaneous estimation of effects of all

possible alleles. Also there is a high risk of matrices describing alleles being

singular, especially in the presence of highly correlated loci.

For denser marker maps, other stepwise techniques have been suggested. Some

methods begin with an ”empty” model containing only intercept, but no loci,

and gradually augment the model with more and more loci (forward stepwise

regression). Some stepwise model selection strategies incorporate loci removal

alongside adding. Stepwise methods can be described as greedy algorithms that

traverse a path through sets of loci.

One of the disadvantages of the stepwise modeling approach is its deterministic

nature that can lead to complete ignorance of loci yielding only slightly smaller
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model likelihoods in comparison with the best locus. In addition theoretical

considerations indicate that models selected by adding and removing loci can soon

overfit the data and thus are limited in the number of loci they can incorporate

(Hastie et al., 2008).

1.4.5.2 Model Selection Based on Coefficient Shrinkage

The next class of model selection methods performs the shrinkage of coefficients

describing the magnitude of allele effects by introducing penalty on the total size

of genotype effects. By imposing extra limitations, it is possible to reduce some

coefficients of effects to zero and deal with correlated loci by not allowing too

many similar loci to have too much share in the final model (Hastie et al., 2008).

Shrinkage of coefficients to zero is a continuous version of discrete backward

elimination described in the previous section. Let us consider a quite generic

model describing association between continuous phenotype and genotypes of

several loci:

yi = β0 +

p∑
j=1

βj ·Xij + εi (1.4)

where yi is a phenotype for individual i, Xij is a coefficient describing type of

allele effect for individual i and locus j and βj is the magnitude of effect of locus

j, while β0 is the population mean of the phenotype. Then εi is the random phe-

notypic variation for individual i that is not captured by the genetic component.

Examples of Xij include but are not limited to additive and dominance effects

Xa and Xd defined in the Section 1.4.1. The task of all shrinkage methods is to

estimate coefficients β so that the selection of loci is performed simultaneously

via shrinkage. An example of shrinkage method is ridge regression. According to

this approach coefficients are estimated from the following equation:

βridge = argminβ

N∑
i=1

(yi − β0 +

p∑
j=1

Xijβj)
2 + λ

p∑
j=1

β2
j (1.5)

where (yi − β0 +
∑p

j=1Xijβj)
2 is the sum of squares of the model in (1.4), but∑p

j=1 β
2
j is the penalty term with complexity parameter λ controlling the amount
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of shrinkage. A shrinkage method of similar flavour is lasso, which imposes dif-

ferent penalty to the sum of squares estimate (Tibshirani, 1996):

βlasso = argminβ

N∑
i=1

(yi − β0 +

p∑
j=1

Xijβj)
2 + λ

p∑
j=1

|βj| (1.6)

An interesting approach that unites benefits of ridge regression and lasso uses

elastic net penalty:

βelNet = argminβ

N∑
i=1

(yi − β0 +

p∑
j=1

Xijβj)
2 + λ

p∑
j=1

(αβ2
j + (1− α)|βj|) (1.7)

where α defines the mixture of both types of coefficient shrinkage (Zou and Hastie,

2005). For all of these models λ has to be chosen via some form of cross validation

to achieve the lowest prediction error.

All shrinkage methods need a preselected set of features to start with. Only

then can the coefficient adjustment take place. The dimensionality of association

study problems is prohibitive for use of ridge regression or lasso for all genome loci

directly (arguments are similar to the case of backward elimination algorithm).

However, these methods can be useful for a post-processing of a smaller set of

selected loci that already have shown some association with phenotype. For

example, by a post-processing we can select a single representative locus from

each association region.

1.4.5.3 Boosting and Forward Stagewise Linear Regression

One of the disadvantages of stepwise model selection methods are their greedy

nature. We can easily imagine a situation when there are a few SNPs yielding

a very strong association with the phenotype and a bigger pool of moderately

associated SNPs. By running a greedy algorithm we will always be favouring a

few strong associations up to the point that we might miss interesting moderate

associations.

One of the approaches to building models, where each locus has fairer rep-

resentation, is boosting. It is still a greedy model selection method, however

the search path through loci is longer and more loci are considered on the path
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towards the solution. The main principle of this method is to combine many

simple models to build a bigger and more accurate predictor. The approach is

based on gradually adding small models to the composite model in such a way

that each term is added only partially. In each step, the best of the small models

is selected for adding. Before adding, the impact of the current best model is

scaled by a small coefficient. Coefficients of the previous model terms are not

recalculated. This approach can be compared to the importance sampling, be-

cause a new term gets a share in the big model that is proportional to the size of

its effect upon phenotype. Conditioning on previous model terms characteristic

for this approach can bring to the front more modest influences that explain the

remaining variation in the outcome. It can be a useful property in elucidating

QTLs.

Suppose that we are trying to fit a model yi = β0 +
∑p

j=1 βj ·Xij + εi by least

squares, where the meaning of variables is the same as in equation (1.4). Then

the forward stagewise regression is performed in the following way (Hastie et al.,

2008):

1. Set α∗k = 0, k = 1, . . . , p.

2. for m = 1 to M do

(a) (β∗, k∗) = argminβk,k
∑N

i=1(yi −
∑p

l=1 αlXil − βkXik)
2

(b) Update αk∗ = αk∗ + η · sign(β∗)

3. return
∑p

k=1 αk ·Xij

In each step the feature that explains the residual best is selected. So far the

algorithm corresponds to stepwise regression. However, only a small portion of

the total effect of this feature (characterized by η) is added to a model instead of

refitting coefficients completely.

One of the most popular cases of boosting is AdaBoost method that is widely

used for classification (Collins et al., 2002). Boosting is also done with trees

serving as small models.
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1.4.5.4 Probabilistic Model Selection

Probabilistic model selection is important for introducing more variation into the

process of model building and its result. This can be crucial in genome wide

studies if there are several loci with a similar effect on the phenotype. In such a

case we would like to see them all represented in the final model, proportionally

to their relative importance. This problem can be partially solved by boosting

techniques described in the previous section, however the deterministic nature

of stagewise algorithms can still be an obstacle towards obtaining an accurate

picture of loci affecting phenotype.

A large class of probabilistic model selection methods exploit subsampling

of individuals. It means that each step of model building is accomplished by

using only a random subset of individuals and measurements. One of the sim-

plest methods for probabilistic model selection is bagging, where simple models,

each built from a different subsample, are just averaged. Bagging is sometimes

used together with stepwise model selection to detect associations as in (Valdar

et al., 2006, 2009). Here a forward selection is applied to various subsets of indi-

viduals and the resulting models combined by taking summary statistics, which

are treated as the evidence for association. Also the random forest algorithm is

based on averaging simple models (Breiman, 2001). In this case the role of simple

models is played by decision trees, where each tree is built using a subsample of

individuals and several subsamples of loci.

Random forests have been used in several association studies, where case/control

data were analysed and SNP-SNP interactions were detected (Bureau et al., 2005;

Lunetta et al., 2004). However, this method is used much more widely in the clas-

sification of gene expression profiles (Diaz-Uriarte and Alvarez de Andres, 2006;

Huang et al., 2005; Shih, 2005). Another successful use of random forests is

related to the prediction of protein-protein interactions from various features,

including expression profiles, sequence data and GO categories (Qi et al., 2006).

Boosting methods can be converted into probabilistic algorithms by introduc-

ing subsampling of individuals. Under this approach the next small model is

selected by using a subset of individuals. Then the model that performs the best
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on a given subsample is added to an aggregate model. An example of this method

is the stochastic gradient boosting algorithm (Friedman, 2002).

An alternative approach to probabilistic model selection can be based on

Monte Carlo simulations (Kirkpatrick, 1984). For example, simulated annealing

can be performed over the search space of various loci (Heath, 1997). When using

this approach, composite model gets slightly altered in each step by adding,

removing or swapping loci. The choice of action is probabilistic and is based

on Metropolis-Hastings algorithm. In such a way we can hope to find a global

optimum of function (i.e. the best composite model) in the search space while

avoiding local minima.

1.5 Association Studies for Drosophila

1.5.1 Traits and QTLs

QTL mapping in Drosophila has a rather long history, partly due to feasibility

of producing various crosses and ability to maintain recombinant inbred lines.

However, the number of phenotypes on which these studies have been focused

is more limited. One of the first and most studied traits in the context of QTL

mapping is abdominal and sternopleural bristle number (Gurganus et al., 1998;

Long et al., 1998, 2000; Robin et al., 2002). Further studies have dealt with

longevity (Geiger-Thornsberry and Mackay, 2004; Vieira et al., 2000), wing shape

(Mezey et al., 2005; Pallson and Gibson, 2004), competitive fitness (Fry et al.,

1998) and starvation stress resistance (Harbison et al., 2005; Nuzhdin et al., 2007).

The general experience of QTL mapping in Drosophila indicates that many

QTLs are sex and environment specific. A typical example of a trait exhibit-

ing genotype-environment interaction is longevity (Nuzhdin et al., 1997; Vieira

et al., 2000). The study of longevity encompassing five different environments

(varying temperature, heat shock and induced starvation stress) revealed that

all statistically significant QTLs are sex or environment specific, while there are

no important main effects of genotype outside the environmental context (Vieira

et al., 2000). Even more, allele effects on longevity can be antagonistic for dif-

ferent sexes or different environments, including antagonistic pleiotropic effects
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for some environments. Thus a following hypothesis was made: mutations with

beneficial effects on survival or fertility early in life can have deleterious effects

later (Vieira et al., 2000). Another example of temperature and sex specific QTLs

are the QTLs affecting abdominal and sternopleural bristle number in Drosophila

(Gurganus et al., 1998; Mackay and Lyman, 1998).

Olfactory guidance behaviour is rooted in sex specific genetic architecture

(Fanara et al., 2002). Initially one broader region of QTL that was not sex

specific was found. Then complementation tests were performed and as a result

the region was decomposed into two linked QTLs that are located nearby and

have sex specific effect (regions did not overlap) (Fanara et al., 2002).

Many epistatic effects have been found for various traits of Drosophila as well.

For example, bristle number, lifespan and wing shape are influenced by epistatic

interactions of several loci. On the contrary, size and shape of posterior genital

arch can be explained almost solely by additive QTLs (Liu et al., 1998). Wing

shape QTLs exhibit many pleiotropic effects. Interestingly enough, some QTLs

in epistatic interactions alter not only the magnitude of phenotype but also shift

emphasis to a different trait, like in the case of various wing shape phenotypes

(Mezey et al., 2005).

QTL mapping for wing shape is practically the only study attempting to dis-

sect a composite trait by decomposing it into a set of well defined measurements.

Different studies characterize wings by slightly different measurements: traits

range from general dimensions of wings to subtler markers of vein intersections

and relative positions (Mezey et al., 2005; Weber et al., 1999, 2001; Zimmerman

et al., 2000). Probably the most accurate method is to define landmarks at the

vein junctions and normalize measurements between landmarks relatively to a

wing centroid (Pallson and Gibson, 2004). Then 18 relative warp measurements

can be taken, which is sufficient to capture all possible vein measurement combi-

nations.

Usually QTL mapping in Drosophila is done with RI strains. RI lines are used

in studies of wing shape, longevity, sensory bristle number, olfactory behaviour

and many other (Mezey et al., 2005; Nuzhdin et al., 1997; Zimmerman et al.,

2000).
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Several QTLs have been mapped for Drosophila using artificial selection for

a trait. With this approach, a heat shock gene cluster (8 genes in total) and also

a cluster of genes encoding insulin-like proteins were found to be responsible for

stress resistance in Drosophila (Nuzhdin et al., 2007).

1.5.2 Towards Finer Mapping

There are not so many association studies for Drosophila, where associated loci

would be mapped to a level of separate polymorphisms. One example of such

a fine mapping is the study of Egfr region that was previously implied to be

associated with wing shape characteristics (Pallson and Gibson, 2004). Many flies

from nearly isogenic fly lines were sequenced for this region. Several associations

were found, where most of them represented synonymous substitutions in the

long exons.

In Drosophila fine mapping of QTLs, narrowing an associated region down

to a single gene is usually done by complementation tests. According to this

procedure, the allele of interest is crossed to a deficiency stock containing defi-

ciency chromosome with null allele or alternatively a mutant allele and a balancer

chromosome. Then the phenotype is assessed for 4 different genotypes of F1 gen-

eration. If both alleles of interest yield considerably different phenotypes when

combined with deficiency chromosome, then failure to complement is declared

(comparison is relative to both parental phenotypes). This finding can imply

either allelic effect of locus within parental strain or epistasis between parental

allele and either deficiency or balancer chromosome.

Complementation tests have been successfully used to establish the relevance

of QTLs to specific pathways, for example, relatedness of wing shape QTLs to

Hedgehog and Decapentaplegic pathways (Mezey et al., 2005). In this case, a

complementation test is done with alleles of the discovered QTL and alleles of

pathway genes. If the QTL fails to complement most pathway members, then it

is highly probable that the QTL belongs to the same pathway. Complementation

tests are crucial in assessing whether there is some natural variation at the locus.

It is possible to construct artificial allele mutations for some loci not exhibiting

natural variation, therefore it is necessary to validate associations discovered by
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some experiments. 16 candidate genes potentially affecting longevity were studied

and failure to complement was discovered in 4 cases confirming natural variation

for these genes (Geiger-Thornsberry and Mackay, 2004). Other cases where defi-

ciency complementation mapping has been used for fine mapping of QTLs include

several studies of bristle number phenotypes (Gurganus et al., 1999; Long et al.,

1996).

Complementation test requires the existence of a mutant allele stock, which

can be serious obstacle for study of some genes. In addition, deficiency chro-

mosomes can uncover around 100 genes and due to the broadness of the region

uncovered, it is difficult to prove that QTL is really allelic to the candidate gene.

Alternatives for fine mapping in those cases are LD mapping to narrow down the

candidate gene list or using denser SNP maps.

P -element insertion is yet another method to study quantitative traits. Inser-

tions have to be performed in a common isogenic background and for each type of

insertion a trait has to be measured for a lot of individuals. Significant variation

resulting from certain P -element insertions was observed in sensory bristle num-

ber and olfactory behaviour thus proving the role of specific candidate genes in

the aetiology of the trait (Fanara et al., 2002; Norga et al., 2003). Novel genes po-

tentially involved in neural development were discovered via study of the number

of sensory bristles by P -element insertions (Norga et al., 2003). After perform-

ing many insertions those that were significantly changing bristle numbers were

further scanned for insertion sites. One third of genes found had a characterized

role in neural development, among them Notch and Egfr pathway genes (Norga

et al., 2003).

P -element insertions can be used to test epistatic interactions as well. To

achieve this goal, insertion lines have to be crossed in all possible combinations

and then double heterozygotes have to be assessed for their phenotype. If double

heterozygote phenotypes can be predicted from marginal effects of heterozygosity

at each locus, then the effect is additive. In such a way an epistatically interacting

network of several loci was discovered for olfactory behaviour (Fanara et al., 2002).

Many QTLs responsible for longevity are found through transgenic experi-

ments (Aigaki et al., 2002; Tower, 2000). At least 19 QTLs involved in longevity

were found by [Mackay, 2002]. This study was followed up by identification
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of plausible candidate genes within associated regions (Geiger-Thornsberry and

Mackay, 2004).

With the availability of full resequencing of polymorphisms for Drosophila and

detailed information about alleles, the issues of fine mapping of QTLs become less

acute. Now it is possible to suggest association regions more precisely without

extra experimental effort. The short LD exhibited by the Drosophila genome is

very helpful here. However, the necessary correction for multiple testing for a

huge amount of SNPs becomes more severe and conservative. Therefore having

larger amount of genetically divergent strains phenotyped becomes an essential

prerequisite for success in association studies.

1.6 Dorsal-Ventral Axis Specification during Oo-

genesis of Drosophila melanogaster

1.6.1 Stages of Oogenesis

The ovary of Drosophila melanogaster consists of 10 to 20 ovarioles held together

by a peritoneal sheath. Individual egg chambers in different developmental stages

are lined up linearly within ovariole. As the ovariole is traversed towards anterior

end egg chambers exhibit younger and younger developmental stages.

There are three major cell types present in any egg chamber. The chamber is

surrounded by a layer of follicle cells (see Fig.1.1). The most prominent compo-

nent of an egg chamber is the oocyte with a rather large nucleus. There are 15

nurse cells located in the interior of a chamber, all of them connected to oocyte

with ring canals. The complex of oocyte and nurse cells arises from mitosis with

incomplete cytokinesis (Spradling, 1993).

Oogenesis is divided in 14 stages where late stages (from 10 onwards) are split

into smaller units (Ashburner et al., 2005; King, 1970). The process of oogenesis

can be characterized by several major changes in the architecture of egg chamber.

At the beginning, the oocyte is the same size as any of the nurse cells. Both types

of cells grow with similar rate until stage 8, when yolk formation begins and the

oocyte expands to occupy a bigger and bigger portion of the egg chamber. By

stage 9 it already takes one third of an egg chamber, but in stage 10 it corresponds
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Figure 1.1: Microscope image of an egg chamber representing developmental

stage 9.

to a half of the volume. Nurse cells gradually migrate towards the anterior end of

the egg chamber as the development progresses. Approximately at stage 12, fully

grown nurse cells shrink, nuclei condense to a spherical shape and their apoptosis

takes place (Ashburner et al., 2005). Migration of nurse cells towards the anterior

end of egg chamber is paralleled by migration of follicle cells: in stage 9, part of

follicle cells migrate from posterior part of oocyte to anterior part of oocyte to

begin centripetal migration at anterior end of oocyte afterwards.

1.6.2 Determination of Dorsal-Ventral Axis

The above mentioned migration of cells is a part of a bigger process that deter-

mines the formation of dorsal-ventral axis in the embryo. Here an important role

is played by protein and mRNA localization (Bashirullah et al., 1998; St John-

ston, 2005). Necessary proteins and mRNAs are usually synthesized in nurse

cells, then transported into the oocyte through ring canals and at last localized

with the help of large transport complexes (Wilhelm et al., 2000). The first stage

of the journey of mRNA (the transport from nurse cells) is facilitated by dynein
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(Bullock and Ish-Horowicz, 2001; Clark et al., 2007). The transport mechanism

used for delivering mRNAs from nurse cells into the oocyte during early devel-

opmental stages is parallel to that used for apical localization of transcripts in

blastoderm embryos (Bullock and Ish-Horowicz, 2001). Both types of localization

depend on Egl and BicD function (they show similar distributions during ooge-

nesis and embryogenesis) (Bullock and Ish-Horowicz, 2001; Clark et al., 2007).

mRNA localization is followed by a local translation.

Fully functional mRNA transport is dependent on intact microtubule cy-

toskeleton as proved by treating and thus destroying microtubules by colchinine

and colcemid (Clark et al., 1994; Zimyanin et al., 2008). During stage 7 micro-

tubule organizing centre migrates from the posterior pole of the oocyte to the

anterior end in such a way that microtubule plus ends become directed towards

the posterior cortex (Brendza et al., 2000; Clark et al., 1997). It has been shown

that localization of several important mRNAs, for example oskar and Staufen, is

achieved through biased random walk towards the posterior end of oocyte. The

movement bias itself is ensured by specific microtubule orientation (microtubule

plus ends tend to assume narrower angle towards the posterior pole) (Zimyanin

et al., 2008). Other prerequisites for successful localization, apart from working

microtubule network, are functional follicle cell-to-oocyte signaling and correct

follicle cell fate determination (anterior or posterior). It is interesting to note

that Actin does not have a direct impact on localization of some mRNAs, like

oskar and bicoid (Pokrywka and Stephenson, 1995; Zimyanin et al., 2007).

The main mRNA determinants of the anterior-posterior axis are bicoid, oskar

and gurken. The bicoid mRNA has to be localized at the anterior end as it

determines the anterior morphogen and thus the formation of head and thorax

(Ephrussi and Lehmann, 1992; Lasko, 1999; St Johnston et al., 1989). In contrast

oskar mRNA travels from the anterior end, where it gets exported from nurse

cells, to the posterior pole. This process happens during stages 8-10 (Ephrussi

et al., 1991; Kim-Ha et al., 1991). The importance of oskar lies in the fact that

it determines the formation of primordial germ cells and abdomen in an embryo.

The formation of the dorsal side of the embryo is dependent on correct Gurken

signaling at the anterior part of the oocyte (Gonzalez-Reyes et al., 1995; Roth
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et al., 1995). gurken, bicoid and oskar mRNA translation has to be local to

ensure normal course of development.

1.6.3 Phenotypes of Disrupted Axis Specification

There are several auxiliary proteins working in close collaboration with three

main axis definers. Absence of them causes severe disruptions of developmental

processes.

Mago Nashi (Mago) is crucial for establishing communication between follicle

cells and the oocyte (Micklem et al., 1997; Newmark et al., 1997). Failure in the

communication disrupts formation of dorsal-ventral and anterior-posterior axes

as well as localization of oskar mRNA (Ephrussi and Lehmann, 1992).

Staufen protein colocalizes with oskar mRNA in the oocyte. Its role is to

participate in transport of oskar mRNA towards the posterior pole (Ephrussi

et al., 1991; Kim-Ha et al., 1991). Afterwards, Staufen activates oskar translation

(Micklem et al., 2000). Another task of Staufen is to take part in bicoid mRNA

localization and translation (Micklem et al., 2000). Mago has an additional role

in anchoring the Staufen-oskar complex at its target location (Mohr et al., 2001).

The Tsunagi protein colocalizes with Mago and interprets the follicle cell-

to-oocyte signal necessary to shape oocyte axes. Studies of tsu gene mutations

imply that the Tsunagi protein is crucial for proper oskar localization at posterior

pole, because Tsunagi helps in anchoring of mRNA (Mohr et al., 2001). Export,

localization and quantity of gurken mRNA is affected by tsu mutations as well.

Mutations in Barentsz protein ensure that oskar is held at the anterior end of

the oocyte due to incapacitated microtubule dependent transport to the posterior

pole (van Eeden et al., 2001). Under normal conditions, Barentsz is supposed

to be localized at the posterior pole at stage 9 together with oskar, as their

localization is interdependent. Later, during stage 10, Barentsz disappears from

the posterior pole after helping in oskar localization (van Eeden et al., 2001).

Mutations in heavy chain of kinesin I are known to disrupt oskar localization

by interfering with active transport along microtubules (Brendza et al., 2000).

Also Staufen migration to the posterior pole is inhibited in null mutants of heavy

chain of kinesin I (Brendza et al., 2000). Despite being disruptive for transport
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along microtubules these mutations are not destructive for microtubules them-

selves.

Localization of Tropomyosin II is required for the head development due to

participation in polarization of follicle cells (Erdélyi et al., 1995).

It has been demonstrated that splicing of oskar mRNA at a first exon-exon

junction is crucial for oskar localization (Hachet and Ephrussi, 2004). The spe-

cific sequence at the first intron plays no role in the success of localization. It

implies that there is a structural role for proteins like Barentsz, Y14, Mago Nashi

heterodimer, eIF4AIII in the oskar localization (Hachet and Ephrussi, 2004). os-

kar is mislocalized to the anterior end if there is a point mutation in any of the

genes producing proteins mentioned above (Hachet and Ephrussi, 2001; Mohr

et al., 2001; Palacios et al., 2004).

1.7 Studying Heritability of Human Disease:

the Case of Type 1 Diabetes

1.7.1 Type 1 Diabetes and Its Main Genetic Determi-

nants

Type 1 diabetes (T1D) is a common autoimmune disease with complex aetiology.

Autoimmune diseases are diseases where the immune system attacks the host

rather than foreign pathogens, and are characterized by the defects in T cell

selection and B cell selection (Gorodezky et al., 2006). T1D is distinguished

from other autoimmune diseases by the lack of insulin-producing pancreatic β-

cells. Depletion of β-cells is due to T cell mediated autoimmune destruction

mechanism (Roep, 2003). Destruction is done via Th1 (CD4+) cells activating

Tc (CD8+) cells that in turn attack β-cells (Gorodezky et al., 2006).

T1D has a tendency to co-occur among family members. For example, con-

cordance in twins is 30-50% (Dorman and Bunker, 2000; Roep, 2003). This

implies existence of genetic factors affecting disease and also the comparatively

large amount of loci involved in T1D aetiology. There is also a multitude of en-

vironmental factors affecting the onset of T1D, including diet and viral infection

33



1.7 Studying Heritability of Human Disease: the Case of Type 1
Diabetes

(Gorodezky et al., 2006).

The first genetic factors affecting T1D were found via candidate gene studies.

Examples include HLA, INS, CTLA4, PTPN22 and IL2RA genes (Bell et al.,

1984; Bottini et al., 2004; Lowe et al., 2007; Nistico et al., 1996). Chromosome

11p15 containing insulin locus INS was discovered to be associated with T1D by

(Bell et al., 1984; Bennett et al., 1995; Vafiadis et al., 1997). PTPN22 gene on

chromosome 1p13 was identified as causative factor for T1D by (Bottini et al.,

2004; Smyth et al., 2004). CTLA4 gene on chromosome 2q31 was identified by

(Anjos et al., 2004; Kristiansen et al., 2000; Ueda et al., 2003).

The biggest contributor to T1D heritability is the MHC region located on

chromosome 6p21 (Barrett et al., 2009). It has been estimated that the MHC

region comprises around 50% of genetically induced risk (Gorodezky et al., 2006).

Various polymorphisms in the MHC region on chromosome 6p21 containing HLA

genes were fine mapped by (Cucca et al., 2001b; Noble et al., 1996). Associated

variants turned out to be clustered on genes HLA-DRB1, HLA-DQA1 and HLA-

DQB1. Also HLA-DPB1 gene from class II was later found to be associated with

T1D (Bugawan et al., 2002; Cucca et al., 2001a; Erlich et al., 1996; Noble et al.,

2000). More detailed study of HLA class I alleles in family samples has led to

fine mapping of 6 independent allele effects after correcting for strong linkage

disequilibrium observed in the HLA region and discovery that half of them affect

the age of onset for T1D (Valdes et al., 2005). Other alleles of HLA genes, like

DR3/DR4 genotype, are connected with an early onset of T1D as well (Demaine

et al., 1995; Fujisawa et al., 1995; Valdes et al., 1999).

A genome wide study incorporating 7 common diseases, among them autoim-

mune diseases like T1D, Crohn’s disease (CD) and rheumatoid arthritis (RA)

was done by the WTCCC (Wellcome Trust Case Control Consortium, 2007).

Case/control sample consisting of approximately 2000 cases for each disease and

3000 shared controls was used in the study (Wellcome Trust Case Control Con-

sortium, 2007). In total 24 association signals were discovered for various diseases

including 7 associations with T1D. Five of six previously reported T1D loci were

replicated, the exception being the INS gene. Two of the loci associated with

T1D were discovered through multi-locus analysis exploiting haplotype informa-

tion from HapMap and imputed alleles of non-genotyped SNPs. The following
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chromosome bands were spotted for associations with T1D: 1p13, 6p21 (MHC re-

gion), 12q13, 12q24, 16p13, 4q27 and 12p13. Combined analysis of RA and T1D

yielded yet another locus at 10p15. P-values for chromosome 18p11 initially were

considered to be only suggestive for association with T1D, however this region

showed strong association with CD and suggestive association with RA, therefore

it was included into the reported list of associations.

Replication study of regions reported in WTCCC study confirmed associations

on chromosomes 12q13, 12q24, 16p13 and 18p11 (Todd et al., 2007). Studies of

linkage disequilibrium within associated regions almost always led to confirmation

of the causal variant reported previously.

Other genome wide studies have helped to elucidate genetic factors affecting

T1D as well. Region 18q22 was first found to be associated with T1D by a genome

wide association study of nonsynonymous SNPs (Todd et al., 2007). Especially

strong association was shown for the CD226 gene. Another genome wide study

discovered the IFIH1 region on chromosome 2q24 (Smyth et al., 2006). This

association was immediately replicated in a family study of proposed candidate

gene (Smyth et al., 2006). Further genome wide studies have discovered at least

20 additional risk factors for T1D, excluding those coming from MHC region and

previously discovered by candidate gene studies (Concannon et al., 2008; Cooper

et al., 2008; Fung et al., 2009; Hakonarson et al., 2007; Smyth et al., 2006; Todd

et al., 2007; Wellcome Trust Case Control Consortium, 2007). Most of the loci

found thus have moderate effect upon the outcome of disease.

Meta-analysis of three datasets (a sample from WTCCC study, a sample of

T1D cases from the study of Genetics of Kidneys in Diabetes, a sample from

the National Institute of Mental Health study (Baum et al., 2008; Cooper et al.,

2008; Wellcome Trust Case Control Consortium, 2007)) highlighted 41 associa-

tion region for T1D, half of them being novel findings (Barrett et al., 2009). A

replication study was carried out for the proposed regions involving over 4000

cases, the same amount of controls and over 4000 trios from families with mul-

tiple affected offspring. 18 regions were found significant after the replication

study, including chromosome 1q32.1 encompassing immunoregulatory cytokine

genes IL10, IL19 and IL20. Interactions with MHC region were tested in the
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same study. Five potential interactions were found, where in 4 cases the risk as-

sociated with interacting allele is reduced in the presence of the MHC risk allele

(Barrett et al., 2009).

Yet another meta-analysis using the same three datasets was carried out by

(Cooper et al., 2008). Associations with 10 previously known loci were confirmed,

while no new loci emerged from the study apart from association evidence for

4q27 region encompassing genes IL2-IL21 (Cooper et al., 2008). After genotyping

independent set of cases and controls (over 6000 individuals each) and almost 3000

families for top scoring SNPs of the meta-analysis, 4 new loci were discovered

on chromosomes 6q15, 10p15, 15q24 and 22q13 with candidate genes BACH2,

PRKCQ, CTSH and C1QTNF6.

1.7.2 Fine Mapping of Associated Loci

Studies of linkage disequilibrium and the building of composite models incor-

porating several loci are very important to fine map variants within association

region. The study of linkage disequilibrium is important to distinguish whether

the reported SNP is really causative for a disease or if it is just brought to the

forefront by a linked variant. Composite models are indispensable to discern in-

dependent variants within region by testing whether newly discovered variant can

add anything important to the explanation of a disease by known SNPs. For ex-

ample, linkage disequilibrium studies indicated that ITPR3 gene polymorphisms

are actually linked to the MHC region and HLA-DQB1 gene (Qu and Polychron-

akos, 2007). Besides, ITPR3 gene variants did not contribute significantly to a

composite model accounting for the effect of variants within HLA-DQB1.

The significance of IL2RA locus was first indicated by (Qu et al., 2007b; Vella

et al., 2005). First fine mapping leading to discovery of two different groups

of causal polymorphisms within IL2RA gene was done by (Lowe et al., 2007).

Stepwise logistic regression was used to test whether there is another SNP in

the region that could add to the T1D risk explanation (Lowe et al., 2007). Two

SNPs (ss52580101 and rs11597367) were found to be sufficient for the explanation

of T1D risk associated with the region under study. Further fine mapping of

variants within the IL2RA gene identified two independent effects, one being a 5
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SNP haplotype and another being a single SNP unrelated to the haplotype (Qu

et al., 2009). The discovered haplotype turned out to be in strong LD with a

previously reported SNP, while the SNP represented a novel association.

1.7.3 Associations Shared by Type 1 Diabetes and Other

Diseases

It has been studied whether variants associated with T1D are pleiotropic for

several autoimmune diseases. For example, in depth study of variants in 6p21

region has been carried out to determine whether there are shared alleles that

increase risk for both T1D and multiple sclerosis (MS) (Alcina et al., 2009). Also

the IL2RA gene was searched for overlapping causative variants for T1D and MS

after accumulating the evidence for IL2RA association with T1D (Lowe et al.,

2007; Qu et al., 2007b; Vella et al., 2005) as well as with multiple sclerosis (Alcina

et al., 2009). It was found that causative variants are different for both diseases

despite them being located in close proximity. IL2RA is also connected with

Graves’ disease (Brand et al., 2007).

Systemic lupus erythematosus and T1D share at least 3 association regions:

PTPN22, HLA and CTLA4 (Qu et al., 2007a). IRF5 gene variants have been

tested for associations with both diseases as well. Two IRF5 gene variants are

associated with systemic lupus erythematosus, one variant being located down-

stream from IRF5 and affecting the expression of this gene and another variant

at intron 1 being responsible for alternative splicing (Graham et al., 2006; Sig-

urdsson et al., 2005). Both variants were tested for association with T1D in a

family based study, but no significant risk was found (Qu et al., 2007a).

Another study of potential pleiotropic mechanisms for T1D and other diseases

has been carried out for the PTPN22 gene on chromosome 1p13 (Bottini et al.,

2006). Association of PTPN22 with T1D disease susceptibility was first found

by (Bottini et al., 2004; Ladner et al., 2005). Associations with the same gene

have been found for rheumatoid arthritis (RA) (Begovich et al., 2004; van Oene

et al., 2005), Graves’ disease (Smyth et al., 2004; Velaga et al., 2004), systemic

lupus erythematosus (Kyogoku et al., 2004; Wu et al., 2005), generalized vitiligo

(Canton et al., 2005) and other autoimmune diseases. A pathway involving several
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polymorphisms in PTPN22 gene and explaining disease associations was proposed

by (Bottini et al., 2006).

A shared polymorphism increasing risk for several autoimmune diseases has

been found within CD226 gene on chromosome 18q22 (Hafler et al., 2009). Ser307

allele of rs763361 is associated with T1D, MS and to a weaker extent with RA

and autoimmune thyroid disease. All of these diseases are T cell mediated, where

T cells target different organs and tissues in each case. Forward logistic regres-

sion was used to test whether there are other variants within the region apart

from Gly307Ser that can contribute to explanation of disease risk (answer was

negative).

Polymorphisms within gene CTLA4 on chromosome 2q31 are responsible both

for increased T1D risk (Marron et al., 2000; Ueda et al., 2003) and Graves’ disease

risk (Heward et al., 1999). One common polymorphism affecting both diseases is

reported in (Ueda et al., 2003).

1.8 Aims of Work

Early development in fruit fly is practically neglected in association study litera-

ture. However, it has been studied widely by qualitative instead of quantitative

ways thus highlighting many important pathways of mRNA and protein local-

ization. Severe mutations usually get the most of attention, like mislocalization

patterns leading to a failure to hatch for an embryo. I attempt to characterize

developmental patterns during oogenesis as continuously varying traits. Phe-

notypes are scored from microscope images highlighting the crucial components

of oocyte. Such an approach should be more precise in identification of subtle

variation in developmental patterns.

Oogenesis phenotypes are further subjected to genome wide association study.

This study is among the first ones to exploit a map of roughly 3 million different

loci for Drosophila melanogaster. Such a density allows to gain all the benefits

from using nearly isogenic lines. Besides, it is one of the first systematic scans for

loci affecting developmental patterns. The aim is to find good candidate SNPs

for associations that could be subjected to further biological verification.
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Many reviews of association studies admit how difficult it is to chase the

loci with modest effects on the phenotype. The idea behind the reanalysing of

human case/control data from WTCCC is to test whether a specific class of

model selection methods can bring the SNPs of modest impact from background

to foreground.

Firstly, stepwise model selection methods are applied to the WTCCC dataset.

Conditional scans of genome have the potential of increasing the power of asso-

ciation discovery, because modest associations are enhanced after taking into

account the biggest associations. Afterwards I turn to the probabilistic model se-

lection methods. Probabilistic approaches should produce rather high variation

among selected entities and therefore have the potential of highlighting new loci

of modest effect upon phenotype.

At the end of these studies it should be possible to decide whether the model

selection approaches pursued are suitable for extracting more information (as-

sociations) from case/control data. Another aim of the study is to compile a

list of new candidate SNPs. However, the first question is, how closely previ-

ously reported associations can be replicated when using various model selection

methods.

The thesis is organized as follows. The second chapter specifies experimental

techniques used in collection of Drosophila melanogaster phenotypes and also

defines image analysis methods necessary for phenotype quantification. The third

chapter describes models used in association discovery for fruit fly. Fourth chapter

covers the results of fruit fly association study. Modeling techniques specific to

analysis of human case/control data are explained in chapter 5. At last, results

of association search in human are described in chapter 6.
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Chapter 2

Phenotyping Oogenesis of

Drosophila melanogaster

2.1 Describing Oogenesis Phenotypes

In literature one can find a set of well described phenotypes resulting from

mutations in alleles of genes affecting the course of development of Drosophila

melanogaster. Typically these genes transcribe mRNAs whose correct localiza-

tion in oocyte is crucial for establishing the correct pattern of expression and

sometimes also the correct signalling between various compartments. However,

the phenotypes are detected almost exclusively in a qualitative way. This ap-

proach to phenotyping is suitable for the severeness of developmental defects

observed (like failure of embryo to hatch) or obviousness of mislocalization of

crucial compounds (mRNA scattered over the oocyte instead of being expressed

only at posterior pole). A good example is the description of the phenotype

corresponding to a mutation in stau allele: oskar is temporarily localized at the

posterior pole during stage 9, but it does not get anchored and disappears before

stage 10; meanwhile since stage 8 oskar exhibits high concentration at the ante-

rior boundary; the mutant allele later results in defective abdominal patterning

(Kim-Ha et al., 1991). Subtler, quantitative and continuous differences in ooge-

nesis phenotypes have been studied to a much smaller extent. However, some of

the discovered roles of specific proteins and mRNAs in dorsal-ventral axis specifi-

cation naturally lead to formulations in terms of continuous traits. For example,
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it is known that the increase in oskar expression causes proportionally increased

amount of Barentsz to locate at the posterior pole, which in turn implies signifi-

cance of Barentsz in oskar transport (van Eeden et al., 2001). Here it is possible

to imagine the presence of some oskar gene allele or the expression level of oskar

being explanatory variables in the model describing the amount of Barentsz at

the posterior pole.

Another aspect that has been missing from qualitative descriptions of pheno-

types is the integration of general characteristics of the egg chamber into trait

definition. Examples of such characteristics include shape, elongation and volume

of oocyte or volume and amount of a certain protein in nurse cells. Nurse cells

can serve as very good indicators of developmental course, because their volume

and nuclei change considerably during various stages. For example, nurse cell nu-

clei have polyploidization level of 256-512 copies at stage 8. It reaches 512-1024

copies at stage 10 before cell contents gradually pour into oocyte during stage

11 (Ashburner et al., 2005). In addition many important proteins and mRNAs

are synthesized in nurse cells and only then transported into the oocyte (Wil-

helm et al., 2000). Therefore nurse cell characteristics can be viewed as crucial

precursors or indicators of important oogenesis functions.

Shifting focus from studying specific pathway by phenotyping localization of

few mRNAs or proteins to general developmental traits should facilitate find-

ing loci responsible for the developmental process via a genome wide association

study. Firstly, defining traits in a more generic fashion can save a lot of experi-

mental effort that would be necessary to perform antibody staining and imaging

of many different mRNAs. Secondly, it would be possible to easily identify loci

having pleiotropic effect on various phenotypes. Thirdly, there would be no need

to limit the focus to studying particular candidate genes via mutagenesis, but in-

stead an unbiased genome wide search for interesting loci would be feasible. Such

a systematic search for associations has now become possible due to the availabil-

ity of fully resequenced lines of Drosophila melanogaster (Drosophila population

genomics project, 2010).

I collected general traits of an egg chamber, such as the size of nurse cell

nuclei, shape descriptors of nurse cell nuclei and relative localization of nuclei.

The size of the nurse cell nuclei is almost equivalent to the size of the nurse cells.
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Nuclei are measured instead of the cells themselves, because it is much easier to

carry out a staining that highlights nuclei instead of a whole cell. These traits

should provide broader information about the course of development and subtle

differences created by various genetic factors.

I propose to treat oogenesis phenotypes from the continuous prospective and

try to establish the association between continuous variation in developmental

characteristics and genomic loci. Now the question arises about the right method

of phenotypic measurement that could discern mutations to a high enough level

of detail. Optical microscopy was proposed as a tool for a systematic screening

of high-dimensional phenotypes. The trait measurements themselves were the

products of image analysis performed on pictures of egg chambers, where several

biological features indicating the developmental course are marked by staining.

Traits showing more variation between strains than within a strain are good

candidates for further genome wide study.

After collecting of phenotypes a genome wide association study linking devel-

opmental traits and SNPs from 37 lines of Drosophila melanogaster was carried

out. Lines obtained from Bloomington Drosophila Stock Center and donated by

Trudy Mackay were used to study the relationship between genotype and pheno-

type.

2.2 Experimental Procedures

2.2.1 Drosophila melanogaster Stocks

37 fly lines from Bloomington Drosophila Stock Center deposited by Trudy Mackay

were used: RAL-208, RAL-301, RAL-303, RAL-304, RAL-307, RAL-313, RAL-

315, RAL-324, RAL-335, RAL-357, RAL-358, RAL-360, RAL-362, RAL-365,

RAL-375, RAL-379, RAL-380, RAL-391, RAL-399, RAL-427, RAL-437, RAL-

486, RAL-514, RAL-517, RAL-555, RAL-639, RAL-705, RAL-707, RAL-714,

RAL-730, RAL-732, RAL-765, RAL-774, RAL-786, RAL-799, RAL-820, RAL-

852. Drosophila melanogaster ancestors of these lines were sampled from Raleigh,

North Carolina. All lines are isogenic. Homozygosity was confirmed for the ma-

jority of the genome in each strain (Drosophila population genomics project,
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2010). Line RAL-208 was analysed and phenotyped, but later discarded, because

the genotypic information did not meet quality requirements. Two lines (RAL-

514, RAL-730) were not successfully phenotyped as the number of flies was too

small and/or samples from the ovaries could not be collected. Thus, the total of

34 fly lines were fully analysed.

2.2.2 Antibody Staining of Ovaries

In total 7 female flies were dissected from each line and samples of ovaries taken.

Ovaries were dissected in 1x PBS, then fixed in PBS by adding 4% formaldehyde

for 20 minutes. Afterwards ovaries were blocked in PBT1 (0.3% Triton) with

0.5% Bovine Serum Albumine and left for 1 hour. Then incubation with primary

antibody (The Crude Rabbit anti Oskar) at room temperature in the blocking

buffer took place. The Crude Rabbit anti Oskar antisera were diluted 1:3000

in blocking buffer. Ovaries were washed 2 times with PBT (0.3% Triton) and

0.5% Bovine Serum Albumine and then blocked in PBT (0.1% Triton) with 10%

Normal Goat Serum for 2 hours. Afterwards the solution was incubated with

secondary antibody (Goat anti Rabbit FITC) and phalloidin for 2 hours in PBT

(0.1% Triton). Goat anti Rabbit FITC was diluted 1:500, but Rhoda mine con-

jugated phalloidin was diluted 1:200. Lastly ovaries were incubated with DAPI

diluted at 1:2500 in 1x PBS for 5 minutes. Then ovaries were put into 100µl of

mounting medium (2% N-propylgallate, 80% glycerol).

2.2.3 Collecting Images

Imaging was performed with the Leica confocal microscope in UV confocal scan-

ning mode with 40x lens and 1.25 oil. At the beginning of work a profile of

imaging parameters was set up and then used throughout the whole batch of

samples. This profile defined image channels and their corresponding frequencies

and intensities. DAPI was captured with blue channel, Actin channel was red

and oskar fluorescence went to a green channel. Each picture was obtained as an

average of 4 frames taken at regular depth intervals. The initial image depth was

manually set at a plane of maximum oskar expression.

1Acronym PBT denotes 1x PBS with 0.1% TritonX
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2.3 Extraction of Traits via Image Analysis

2.3.1 Main Steps in Feature Extraction

In Fig.2.1 we can see examples of collected egg chamber images representing

developmental stage 9 and stage 10 respectively. The dark compartment is the

oocyte with oskar mRNA localized at its posterior end (crescent in green colour).

The blue layer around oocyte represents the follicle cells. The large blue objects

at the anterior end of egg chamber are nurse cell nuclei. Red boundaries of

egg chamber, oocyte, nurse cells and follicle cell layer come from Actin staining.

The egg chamber in stage 10 is considerably bigger than the other in stage 9.

Also, the prominence of the oocyte is increased from approximately 1/3 of egg

chamber to 1/2 from stage 9 to stage 10. In stage 9 a follicle cell layer surrounds

the oocyte as well as part of the nurse cell area, but later they migrate to fully

encircle the oocyte (boundary between oocyte and nurse cells already begins to

form in stage 10 as can be seen from corners). Nurse cells in stage 10 are slightly

bigger and the staining of their nuclei is less bright in comparison with stage

9. oskar concentration at the posterior pole is the highest in stage 9, later it

spreads out and the crescent becomes thinner. Of all the aspects of egg chamber

captured I focused my attention mostly on nurse cells, disregarding the question

of localization of specific proteins throughout this study. From a technical point of

view nurse cells are a relatively easy target for a semi-automated image processing

pipeline, therefore suitable for demonstrating the approach of feature extraction

from microscope images.

The path from a microscope image to traits is outlined in Fig.2.2. While on

the left side major image processing activities are depicted, the right side shows

their outcomes. The process begins with a manual selection of the egg chamber

from microscope image. This step is necessary because sometimes there are two or

more egg chambers or even some eggs captured in a single picture. For example,

in Fig.2.2 there is an egg chamber surrounded by two mature eggs. Then the

blue channel is taken from egg chamber image. A single channel is sufficient

for getting nurse cell nuclei descriptors as there is not much extra information

about cells that could be obtained from oskar expression or Actin patterns. The
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a b

Figure 2.1: Microscope images of egg chambers: a. stage 9, b. stage 10.
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blue channel is further manually segmented into nurse cells and follicle cells. This

step facilitates identification of nurse cells, because follicle cells and nurse cells are

very different in size and their identification requires completely different tuning

of parameters. Another problem avoided by cell type separation is occasional

merging of the follicle cell layer with nurse cells which are close to the anterior

end of oocyte. At last automated identification of nurse cells can take place. Once

the cells are detected original nurse cell image together with cell nuclei masks are

used for trait scoring.

The next section is devoted to a more detailed description of image analysis

necessary to automatically detect nurse cells, and is followed by more precise

definitions of extracted traits.

2.3.2 Automated Cell Detection Pipeline

Automated detection of cells cannot be imagined without certain image analysis

operations. The aim is to distinguish cells from an image background and to de-

tect contours of their nuclei. The contour detection typically ends with obtaining

cell nuclei masks. A mask is black and white image where white pixels corre-

spond to the nuclei and black pixels indicate background (see Fig.2.6). Therefore

the central component of the analysis pipeline is the binarization of the original

image with an aim to classify regions into cells and background. The biggest

problem in accomplishing this task is avoiding small spurious features coming

from a noisy background to be classified as cells. As it can be seen from Fig.2.1

the background noise in egg chamber images is not very noticeable, but still cer-

tain precautions have to be taken. Typically original image would be processed

by a flat filter before binarization begins with an aim to reduce non-homogeneity

of texture and smooth all features. After binarization takes place noise can be

reduced with morphological operations (O’Gorman et al., 2008). For example, if

a pixel that is classified as a foreground (cell nucleus) is surrounded almost solely

by background pixels, it is highly unlikely that it truly represents a cell nucleus.

In such a case foreground pixel can be converted into background. Background

pixels can be checked for their foreground neighbours in similar way. These

background/foreground conversion operations are helpful in getting rid of small
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original image

manually select egg chamber

image of selected egg chamber

select blue channel

blue channel of egg chamber image

manually select nurse cell area

nurse cell image

segment image to detect cells

cell masks

extract cell descriptors

a

b

c

d

e
Figure 2.2: Phases of feature extraction: a. original microscope image, b. se-

lected egg chamber, c. blue channel of egg chamber image, d. selected nurse cells,

e. masks of cell nuclei.
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spurious features, filling small gaps and also in smoothing of nuclei boundaries.

One of the methods that combines both types of conversions is image opening.

It starts with a round of eroding boundaries (foreground to background conver-

sion) and then proceeds to background to foreground conversion. After smaller

features were removed there were still some larger objects present that are not

cells. To remove them I could use the knowledge of a typical size of a nurse cell

and erase everything that is deviating too much from this size. A way how these

operations were combined into a cell detection pipeline is depicted in Fig.2.3.

For some steps in image analysis pipeline there are several possible approaches.

For example, the binarization step can be performed both with global threshold-

ing algorithms and local thresholding methods. A global thresholding approach

selects a single signal intensity level from intensity histogram and proclaims that

everything below this level is background, while everything above is a foreground.

A local thresholding method looks at a smaller neighbourhood and classify a pixel

as a foreground if it is either surrounded by many similar foreground pixels or

it is very different from its background neighbourhood. As the background of

nurse cell images is very homogeneous and does not contain much noise, global

thresholding could potentially work here. After experimenting with Moments

method and other algorithms provided by plugin of Gabriel Landini (Landini,

2010) (algorithms not assuming bimodal intensity histogram were tested), it was

discovered that global approaches are not favourable for stage 10 egg chambers.

As the nurse cell nuclei staining is more dispersed in stage 10 and signals are

weaker global thresholding has a tendency to identify only irregular parts of late

stage cells or dismiss them altogether (Fig.2.4). Local thresholding does not have

this problem as it is much more sensitive to the intensity changes. However,

some spurious features can arise near the edges of the nurse cell segment, because

there is a noticeable division between homogenous egg chamber background and

black background. Fortunately, they can be easily recognized by their shape and

compliance with the segment border and thus manually removed (see part d. of

Fig.2.6).

After experimenting with several local thresholding methods the Bernsen al-

gorithm was chosen as it produced the most accurate boundaries of cell nuclei and

did not adjoin background regions with cell regions (see nurse cell segmentation
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nurse cell image

apply flat filter (noise reduction)

extract cell descriptors

blurred image

create binary (black and white) image

fill holes

open cells (removing small spurious features)

binary image

remove objects smaller than cell size

manually remove objects on region boundary

cell masks

Figure 2.3: Image analysis pipeline for nurse cell nuclei identification.
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a

b

Figure 2.4: Moments method of global thresholding applied to cells of different

stages: a. original nurse cell image, b. binarized image. Global thresholding

methods treat cells of different stages and brightness in different way. Cells from

the left image are practically lost after thresholding, while size of the cells from

the right image is slightly exaggerated.
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Figure 2.5: Comparison of six methods of local thresholding applied to the

nurse cell image in Fig.2.6. Methods from left to right: Bernsen, Mean, Median,

MidGrey, Niblack, Sauvola. In all cases mask with a radius 45 was used.

in 2.5). The use of medium gray level in the region as threshold (as specified

by Bernsen method) is suitable in nurse cell case, because signal intensity within

one cell nucleus has small variation. Thus, the whole nucleus can be easily dis-

tinguished from the average greyness of the region.

Tuning of parameters for various steps within pipeline led to following deci-

sions. For initial noise removal Gaussian filter was used with σ = 5.5. Bernsen

algorithm was applied with circular neighbourhood of radius 45 pixels and inten-

sity difference 15 levels of gray scale. Then cellular opening (erosion followed by

a dilation) was performed twice with threshold of 4 foreground pixels in neigh-

bourhood and no requirements for connectivity. Objects of area less than 750

pixels were removed. All of these steps were performed by ImageJ tool, where

local thresholding was done with the plugin created by Gabriel Landini (Landini,

2010).

The full course of image analysis and cell detection is illustrated by examples
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a

b

c

d

Figure 2.6: Phases of segmenting a blue nurse cell channel. There stages depicted

are: a. original nurse cell image, b. blurred image (Gaussian filter, σ = 5.5), c.

binary image, d. masks of cell nuclei; in the right example characteristic outliers

at the segment boundary are removed.
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in Fig.2.6. Screening of all processed images assured that the masks are correct

apart from very few spurious objects that were manually removed. The images

and their binary masks were later superimposed to obtain various characteristics

of objects, like their size, curvature or moments.

2.3.3 Feature Extraction

After initial segmenting of images I extracted various descriptors of cell nuclei

and egg chamber regions. These later served as traits in the study of associa-

tion with genetic loci. 92 image features were collected in total, which can be

divided into 3 categories: geometrical shape descriptors, moments and texture

descriptors. Geometrical features provided basic characterizations of cell nuclei,

including volume, perimeter and compactness. These are probably the most ob-

vious things to measure and the easiest for subsequent interpretation. Moments

characterized the distribution of signal intensity within object. The understand-

ing of moments in image analysis is similar to how we would understand moments

in statistics. If in statistics the first order moment corresponds to the mean of a

variable, then in image analysis the first order moment is either area or total sig-

nal intensity (for a binary and non-binary image correspondingly). If in statistics

moments characterize the underlying distribution from which random variables

are drawn, then the image moments can describe signal distribution in various

ways. In image analysis it is almost always a two dimensional case of moments,

dimensions corresponding to x and y axis. Texture descriptors captured the rela-

tionship between pixels in a narrow neighbourhood. They provided information

about local variations in signal intensity in contrast to global variations that are

described by moments. For example, homogeneity of DNA distribution within

cell nucleus can be studied thus. Another useful texture characterizer was the

entropy or the measure of order of DNA within nucleus. I will proceed with pre-

cise definitions of features within each class. EBImage package for R was used

for extraction of features from microscope images (Pau et al., 2010).
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2.3.3.1 Geometrical Shape Descriptors

First I extracted simple geometrical descriptors of object shape. These were:

coordinates of geometric center, area, perimeter, mean distance from center to

perimeter (together with corresponding variation and largest difference between

distances), effective radius (radius of a circle with the same area), acircularity

(measure of deviation from circular shape) and compactness. I also studied the

Fourier transform of a distance profile and reported 4 first frequency components.

The distance profile shows how the distance from center to perimeter changes

when the perimeter is scanned in clockwise direction. The higher is the frequency

the smaller is interval in radians after which distance from center to perimeter

is scanned. Fourier transform components are more detailed counterparts of

acircularity and compactness.

2.3.3.2 Moments

One of the simplest and most generalizable approaches to describing image is

moment analysis. The moment mpq of order pq is defined as:

mpq =

∫ ∞
−∞

∫ ∞
−∞

xpyqf(x, y) dx dy (2.1)

Here x and y denote the location of a pixel and f(x, y) is the signal intensity. The

moment m00 corresponds to the area of the object, if applied to a binary image,

and to the total signal intensity, if applied to the grayscale image (O’Gorman

et al., 2008). I was not particularly interested in other moments apart from

m00, because they are not translation invariant. Not being translation invariant

means that for higher order moments the location of a cell within image is equally

important as other characteristics, like volume or elongation. However, moments

of higher order could potentially have a use in characterizing relative localization

patterns, like in the case of oskar.

The independence of moment from location is frequently achieved by using

central moments as image descriptors. The central moment µpq is defined as:

µpq =

∫ ∞
−∞

∫ ∞
−∞

(x− xc)p(y − yc)qf(x, y) dx dy (2.2)
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where xc = m10/m00 (normalized x coordinate of object centroid) and yc =

m01/m00 (normalized y coordinate of object centroid). These moments are used

in calculation of major and minor axis, orientation of an object and its eccentric-

ity. Central moments are not rotation invariant, therefore not very informative

about pictures of egg chambers apart from measuring minor and major axes and

eccentricity (elongation). If all egg chamber images were rotated towards their

anterior-posterior axis, central moments would be more useful in describing rela-

tive localization patterns. However, their use in characterizing nurse cells would

still be limited, because the orientation of cells relatively to anterior-posterior

axis exhibit a lot of variance.

If a central moment is normalized by an area of object, one can obtain a

scale invariant moment. More precise definition of a scale invariant moment is

captured in the following equation:

ηpq =
µpq

µ
1+ i+j

2
00

(2.3)

An example of scale invariant moment is the moment of inertia: I = η20 + η02. In

turn, η11 represents deviation from a circular shape, while η22 is the normalized

second order moment of the same quantity. Unfortunately, these moments suffer

from the lack of rotational invariance, therefore cannot be used in describing

nurse cells. Nevertheless they are important in deriving rotational invariants.

There are several ways how rotation invariant image descriptors can be con-

structed. I used two different classes of rotation invariant moments for describing

nurse cell nuclei, namely Hu’s invariants (O’Gorman et al., 2008) and Zernike

moments (Khotanzad and Hong, 1990; Kim and Kim, 2000). Both types of de-

scriptors have the advantage of being capturers of shape features that are not

dependent on cell nuclei size or volume. Thus, these moments can potentially

elucidate the properties of cells that are not directly tied to their developmental

stage. They rather describe the distribution of DNA within nucleus and charac-

terize its shape.

Hu’s invariants are derived from scale invariant moments by combining them

and performing several normalizations as described in (O’Gorman et al., 2008).

Each of these invariants is calculated in a different way and their generating

55



2.3 Extraction of Traits via Image Analysis

functions do not comply with a single form of equation as it was in case of

moments (therefore more detailed description is omitted here). I calculated all 7

Hu’s invariants for original images and 2 first for binarized images.

Zernike moments are obtained under a rather different paradigm: each mo-

ment is a projection of an image on Zernike polynomials (Khotanzad and Hong,

1990). A set of polynomials is chosen in such a way that they form an orthogonal

basis. It means that these polynomials are uncorrelated and projection on each of

them captures a different aspect of image. The moment is defined in the following

way:

Apq =
m+ 1

π

∫
x

∫
y

f(x, y)[Vpq(x, y)]∗ dx dy where x2 + y2 ≤ 1 (2.4)

As before, f(x, y) is image intensity function, but [Vpq(x, y)]∗ is a complex con-

jugate of a Zernike polynomial Vpq(x, y) of order p and angular dependence q.

For example, conjugate of 2 + 3i is 2 − 3i. Further in the text there will be an

alternative notation for Zernike moments used for the sake of simplicity, where

a moment of order p and angular dependence q will be written as ”V.p.q”. I

calculated Zernike moments up to order 12. The advantage of using these mo-

ments (especially, when Zernike polynomials are substituted with pseudo-Zernike

ones) is their robustness against noise and small shape perturbations, i.e., small

features do not gain unproportional significance in calculation of higher order

moments (Xia et al., 2007).

2.3.3.3 Texture Descriptors

I characterized the texture of nurse cell nuclei by Haralick features (Haralick,

1979; Haralick et al., 1973). All of the Haralick features are based on gray level

co-occurrence matrix. Assuming there are n gray levels distinguished, the co-

occurrence matrix is defined as:

C =


p11 p12 . . . p1n

p21 p22 . . . p2n

. . . . . . . . . . . . .
pn1 pn2 . . . pnn

 (2.5)
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where pij is a probability of seeing grayness of level j adjacent to a level i. Any

fixed spatial configuration can stand for pixel adjacency. It means that all Haral-

ick features characterize relationships between signal intensity of adjacent pixels

in some way. I extracted 13 Haralick features: 2 homogeneity measures, contrast,

correlation, entropy, variance, 2 information measures of correlation and average

of the sum of neighbour intensities together with variance and entropy of both

sum and difference of neighbour intensities. To avoid feature dependency from ro-

tational angle I used the implementation that averages intensities of 4 neighbours

before calculating probabilities.

The advantage of using this type of measurements is that most of them have

a rather intuitive interpretation in terms of DNA distribution. For example,

homogeneity or entropy measurements characterize the level of order within the

nucleus. Also correlation measurements yield important information about the

structure of the nucleus’ interior. Haralick features have been successfully used in

characterizing the patterns of protein localization and in discrimination between

various cell types (Murphy et al., 2000).

2.3.4 Trait Variability within and between

Drosophila melanogaster Lines

The first important question after collecting traits was whether there are any

traits that are more variable among Drosophila melanogaster lines than within a

single line. Traits having high variability among lines are the ones with the largest

potential in association discovery, because having bigger than expected by chance

variability at a line level implies the existence of a factor that can discriminate

between lines. The discriminator can be either of genetic nature or it can be a

cofactor, like sex, population origin or technical artefact of microscopy.

I measured between line variability by the Kruskal-Wallis test. The alterna-

tive hypothesis for this test is that at least two lines have significantly different

medians, while the null hypothesis is that all line medians are the same. If the

alternative hypothesis is accepted, it is not automatically clear which medians

are the most distinct ones. However, this question is not particularly important
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here, because the aim is to assess between line variability, while more precise

discrimination of lines is left for further analysis of individual SNPs.

Before performing Kruskal-Wallis test I averaged measurements for cells com-

ing from the same egg chamber (image). This is necessary, because the test

requires that all measurements from a line form independent random sample, but

characteristics of cell nuclei from a single egg chamber can be correlated. As the

Kruskal-Wallis test is non-parametric it does not require any further assumptions

about the distribution of measurements. Therefore it should be robust enough to

deal with a large pool of rather different traits.

An alternative approach to estimating the between line variability can be

based on the measure of heritability. Heritability is assessed by calculating the

proportion of the total variance of a trait that can be explained by the difference

in alleles (Hartl and Clark, 2007). The trait variance can be decomposed into the

genetic and environmental part by regression of a trait on the allele values. The

estimation of a heritability requires the choice of a particular locus to analyze

and the knowledge of its alleles for the individuals from the population. As the

aim here is not exhaustive locus by locus analysis, but the initial assessment of

between line variance for traits, I used the Anova test instead of a heritability

measure. The Anova model was constructed so that the genotype information is

not required. The phenotypic variance was modeled thus:

yjk = µ+ Lj + εjk (2.6)

where Lj denotes the trait variance attributable to a line j and µ is the population

mean of a trait. The error term is denoted by εjk, which according to the model

assumptions has to be normally distributed. Trait measurements of the same

line have to represent an independent random sample, therefore measurements of

nurse cell nuclei are averaged for each egg chamber before performing the Anova

test to avoid trait correlation within images. Therefore yjk denotes the average

trait value for an egg chamber (line j and image k).

The variance component associated with Lj can be estimated in the following

way:

MSline =

∑
j nj(Y j − Y )2

l − 1
(2.7)
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where Y j is the average of measurements corresponding to a line j and Y is the

average of all measurements, while l denotes the number of lines and nj is the

number of trait measurements for a line j. The within line variance of a trait can

be estimated in a similar way:

MSwithin =

∑
j

∑
k(yjk − Y j)

2

n− l
(2.8)

where Y j is the average of phenotypic measurements for line j and n is the total

number of measurements for a trait. Then the proportion of the total variance

attributable to the between line variance can be expressed as:

σ2
l

σ2
p

=
MSline −MSwithin

MSline −MSwithin + n0 ×MSwithin
(2.9)

where n0 is a normalization factor introduced due to the differences in the number

of measurements for various lines and approximately reflecting degrees of freedom.

In Fig.2.7 the boxplots of traits split by line are shown, together with results

of the Kruskal-Wallis test and the estimated between line variance. Note that

p-values are not corrected for the number of traits tested (92 in total). Therefore

only traits having p-values smaller than 10−5 can be considered interesting from

the association study point of view. There are a few points of caution to express

before describing and interpreting results. First, it is not known whether there

exists a genotype and a locus that can elucidate variation between lines that

are different according to the Kruskal-Wallis test. Second, the sample size for

each line is 10, while it is much bigger when lines are grouped by genotypes,

like it is done when an association with a particular locus is tested. Third, the

sample for each line includes all developmental stages, therefore in case of uneven

stage ratio or different genetic factors affecting each stage test results might not

be fully accurate. In Appendix (Fig.A.1 and Fig.A.2) I provided the results of

the Kruskal-Wallis test applied to each stage separately. Separate analysis has a

tendency to show larger p-values due to the removal of confounding developmental

factors.

There are several interesting trends of trait variation within and between

lines. There are a few purely geometric measures that seem to be interesting, like

compactness, largest difference between distances from edge to geometric center
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Figure 2.7: Traits characterizing nurse cell nuclei. Numbers on x axis correspond

to Drosophila melanogaster lines, while y axis denotes trait value. Kruskal-Wallis

test p-value and between line variance is indicated below each trait panel.
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a b

Figure 2.8: Extreme phenotypes for cell nuclei compactness: a. low compactness

(line RAL-358), b. high compactness (line RAL-362).

and Hu’s first invariant moment of object shape. Also two frequency components

of distance profile show quite significant variation among lines. It seems that nurse

cell nuclei have a tendency to differ in terms of their shape, especially in their

degree of resembling a circular shape. Even smaller p-values are obtained for some

of the moments: total signal intensity and four first Hu’s moments are among

the most variable traits between lines. Many pronounced differences between

lines were discovered with texture descriptors: half of Haralick features show

small p-values. Some Zernike moments are interesting as well, such as V.3.3.,

V.5.3. and V.5.5. It is interesting to note that Zernike polynomials of lower

order give more understanding of line variability than those of highest orders.

Polynomials of degree 3, 5, 6, 7 are the most represented among significant traits,

while only a few moments of order 9 and 12 can be classified as interesting. The

same tendency can be observed for Hu’s invariants as lower order moments show

smaller p-values. This could be explained by the importance of a plain signal

intensity which is more related to lower order polynomials. Alternatively, more

global characteristics represented by lower order polynomials have greater power

to discern between lines.

In most cases the estimate of between line variance is consistent with the

Kruskal-Wallis test, i.e., the smaller is the p-value, the bigger is the variance

component attributable to the difference between lines. This relationship is well
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illustrated by the first page of Fig.2.7. Nevertheless, there are a few cases where

this rule does not hold; for example, Hu’s moments exhibit inconsistent trends for

the relationship of between line variance and various magnitudes of p-values (see

the third page of Fig.2.7). It seems that these exceptions can be fully attributed

to the violation of the normality assumption.

There are a few traits with between line variance over 20%. This is suffi-

ciently large proportion for a trait to be a good candidate for finding associa-

tions. Among them are Zernike moments V.9.5, V.7.5, V.5.3 and V.0.0, both

information measures of correlation for signal intensities, average and variance of

the sum of the neighbour signal intensities, correlation of the neighbour intensity

and homogeneity, total signal intensity and compactness.

I looked at some of the significant traits in more detail. To understand what

kind of difference between lines is captured by the Kruskal-Wallis test I studied

samples of extreme phenotype values. For this purpose measurements corre-

sponding to the 0.025 and 0.975 quantile were taken as examples of extreme

phenotypes. Here by measurement I mean the average measurement for cell nu-

clei within one egg chamber. Fixing a quantile instead of taking the largest or

smallest measurement helps to avoid outliers that are not representative for a

trait.

Compactness is one of the geometric shape descriptors that show large between-

line variation. In Fig.2.8 examples of cell nuclei with large and small compactness

are collected. Cell nuclei having small compactness have a tendency to deviate

from the circular shape and are rather large. Compact cell nuclei have almost

perfect circular shape and are of modest size.

I depicted extreme phenotypes for variance of signal intensities within window

as an example of a significant trait describing cell texture (Fig.2.9). The texture of

cell nuclei with high signal variance has more pronounced granularity and lots of

small details. Also the total signal intensity for those cell nuclei tends to be larger,

because more variance can potentially be observed for bigger intensity range. This

trait captures local properties of image, but has limitations in identification of

global aspects of cell nuclei.

One of the most interesting moment descriptors was given by Zernike moment

V.3.3. Examples in Fig.2.10 indicate that Zernike polynomials capture charac-

72



2.3 Extraction of Traits via Image Analysis

a b

Figure 2.9: Extreme phenotypes for variance of signal intensities within window:

a. high variance (line RAL-304), b. low variance (line RAL-208).

a b

Figure 2.10: Extreme phenotypes for Zernike moment V.3.3.: a. high moment

values (line RAL-427), b. low moment values (line RAL-714.
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teristics of cell nuclei that are quite different from texture traits. Both extreme

phenotype samples for Zernike moment V.3.3. show a lot of small detail and gran-

ularity. At the same time the distribution of DNA within those nuclei is visibly

different. In the first case it is skewed towards one end, while in the second case

the localization of DNA is very even. The size of nuclei in both images is quite

similar, as is the shape. Most probably differences between these egg chambers

would elude geometric characterization. Thus, the main role of Zernike moments

is to identify various global patterns of DNA distribution.
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Chapter 3

Models for Association Study in

Drosophila melanogaster

3.1 A Simple Model and its Limitations

The aim of this section is to introduce models used in association discovery for

Drosophila melanogaster. First, simple non-parametric tests for associations are

proposed. Then more sophisticated modeling techniques that are capable of deal-

ing with nested levels of phenotypic measurements are explained.

As the Drosophila melanogaster strains used in the association study are ho-

mozygous for most of the loci and the few regions where this does not hold are ex-

cluded, it is sensible to propose an additive model to test for genotype/phenotype

associations:

yi = µ+ βI(xi = AA) + εi (3.1)

where yi is the value of a phenotype for an individual i, xi is the genotype of

locus under study for an individual i and εi is random variation. I(·) stands for

an indicator function, which in the current case codes allele combination aa as 0,

but AA as 1. Then β is the magnitude of the allele effect and µ is the phenotype

mean for individuals with alleles aa.

At this moment a clarification of what yi denotes is necessary. There is a choice

between using a single phenotypic measurement for each line and between using

a single measurement for each oocyte image (10 measurements per line). When
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studying nurse cells there is even a third option - to get a single measurement

from each cell nucleus (there are 5 or 6 cells per image). The errors εi have to

be independently distributed under any model chosen. For example, if there is

any internal correlation present among the measurements coming from a single

line, it is not possible to ignore it and just fit equation 3.1. Such a situation

is imaginable in the case of at least a few image measurements, because each

line represents a different sample that is analysed separately on a microscope.

For example, manual focusing on each sample slide can subtly affect some of

the measurements. If the time for experiments was not limited and samples

taken from a single line incorporated more oocytes from more flies, it would be

beneficial for further analysis to have 3 microscope slides per line to separate

technical variation from the variation within fly line. However, when performing

a test for genotype effect, measurements from several lines are pooled according to

genotype. This should allow the estimation of the internal correlation among the

measurements coming from a single slide well enough, although this correlation

cannot be separated from variation associated with line.

There are two solutions for the level of detail of phenotypic measurements.

The first is to aggregate lower levels of measurements and then use a simple model

to test for the genotypic effect using one averaged measurement per line. The

second is to use some kind of nested model, where we are estimating internal

correlations at lower levels and then using this information in testing genotype

effect. For the first scenario the Mann-Whitney test is proposed, while for the

second scenario a mixed model nested Anova is applied. Both approaches were

tried out in the association study of Drosophila melanogaster.

3.2 Testing the Significance of Genotype

The aim of building a model is to test the alternative hypothesis that the locus

on the genome has a significant impact on phenotype as opposed to the null hy-

pothesis that the locus does not influence phenotype values. Various asymptotic

distributions are used to obtain p-values from the test statistic for each loci. P-

values from single locus analysis can be converted into whole genome significance
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level either by application of Bonferroni correction or by treating them as metrics

of association in permutation tests.

First, a non-parametric Mann-Whitney test is considered. The purpose of this

test is to check whether phenotype medians differ for various genotype classes.

This type of test seems to be appealing, because the corresponding rank statis-

tics are distribution free, i.e. no assumption about the distribution of errors

εi in equation 3.1 has to be made. It is important in the current association

study, because it is difficult to assume some distribution for 92 rather different

phenotypes (see Kruskal-Wallis test pictures in Fig.2.7). However, this approach

requires that the impact of other, non-genomic, cofactors on phenotype are some-

how eliminated before performing this test. This limitation is caused by the fact

that the Mann-Whitney test, as well as a more general class of simple linear rank

statistics, cannot capture cofactors in the model without them being part of hy-

pothesis being tested. It means that it is possible to test the combined effect of

a specific allele and specific value of cofactor, but it is not feasible to construct a

test for the effect of allele alone.

I will define the Mann-Whitney statistic more precisely. The statistic is based

on the ranks assigned to phenotype values, where rank indicates how large the

phenotype value is relative to other measurements. The rank is defined from the

equation Xi = XN(RNi), where XN(1) ≤ XN(2) ≤ · · · ≤ XN(N) is the order statistic

of a set of real-valued observations X1, . . . , XN (van der Vaart, 1998). Assuming

that the sample corresponding to the first allele has size m and the second allele

sample has size n and RN is the rank vector of a pooled sample of size N = m+n,

the Mann-Whitney statistic is defined as C from the following equation:

C =
N∑

i=m+1

RNi −
n(n+ 1)

2
(3.2)

This definition holds apart from cases when C < m · n − C. In such a situation

the Mann-Whitney statistic is defined as m ·n−C. The value of the statistic will

be further denoted with U .

According to the theorem about rank tests, the Mann-Whitney statistic ex-
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hibits certain asymptotic behaviour, i.e. the variable

u =
U − mn

2√
mn(N + 1)

12

(3.3)

is distributed as N(0, 1) as N → ∞ (van der Vaart, 1998). (Certain regularity

conditions have to be satisfied as well, such as the requirement that m/n → c

when N →∞, where c is some constant.) Here N is nearly 40 and the largest of

m and n is guaranteed to be at least 17 and almost always is greater than 20 (see

minor allele frequencies for Drosophila melanogaster SNPs in Fig.3.2b). Thus,

according to recommendations in literature, it is safe to use the normal approx-

imation instead of calculating the exact probability by combinatorial techniques

(Sokal and Rohlf, 1995). Therefore p-values for tests of the significance of geno-

type effect were obtained from this approximation.

Next, a mixed model nested Anova is considered for association detection. I

already implicitly defined various levels of measurements as the level of genotype,

level of a single line, level of image and level of a single nurse cell. The chosen

Anova model is of mixed type, because the genotype effect is fixed, lines are nested

within genotypes and images and cells are random factors. Then the phenotypic

variance is modeled thus:

yijkh = µ+Gi + Lij + Cijk + εijkh (3.4)

where Gi is the variance in phenotype attributable to genotype i, Lij denotes the

within-line variance for line j belonging to genotype i and Cijk is the variance of

cells within an image k, which is nested in line j and genotype i. The error term

is denoted by εijkh, which according to the model assumptions should be normally

distributed. As the three levels of measurements are considered simultaneously,

the total number of measurements is almost 2000. Therefore the assumption of

error normality seems to be plausible due to the central limit theorem.

The test of significance for a single term in the model (3.4) is based on checking

whether the sum of squares estimating the variance associated with the term is

considerably larger than the sum of squares evaluating the variance of another

term. Typically only sums of squares for two adjacent terms in the model would
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be compared. For example, to test that the difference between nurse cells coming

from different egg chambers is larger than the difference among cells within the

same egg chamber, one would compare the variance of Cijk with the error variance

εijkh. As the aim is to test the significance of the genetic component, my interest

is focused on terms Gi and Lij. The variance associated with Gi can be estimated

in the following way:

MSgenotype =
l ·m · c

∑
i(Y i − Y )2

g − 1
(3.5)

where Y i is the average of measurements corresponding to a genotype i and Y

is the average of all measurements. As for theremaining constants, l denotes

the number of lines within the genotype class, m is the number of images (egg

chambers) per line, c is the number of cells per egg chamber and g is the number

of different genotypes. Variance associated with Lij can be estimated in a similar

way:

MSline =
m · c

∑
i

∑
j(Y ij − Y i)

2

g · (l − 1)
(3.6)

where Y ij is the average of phenotypic measurements for line ij and Y i is the aver-

age of measurements for genotype i. Then the statistic measuring the significance

of genotypic effect can be expressed as:

MSgenotype
MSline

=
g · l · (l − 1)

∑
i(Y i − Y )2

(g − 1)
∑

i

∑
j(Y ij − Y i)2

(3.7)

This statistic is distributed as the F distribution with degrees of freedom g − 1

and g(l − 1).

The accuracy of this test relies upon the assumption that the experimental

design is fully balanced, i.e., there is a single number l that corresponds to the

number of lines embedded within each genotype and also m and c are not varying

over lines and images. However, the phenotypic measurements have some inher-

ent unbalancedness that cannot be corrected by choosing a different experimental

design. First, the number of lines that correspond to each genotype is highly vari-

able for different SNPs. Second, the number of cells (or rather their visibility)

within an image varies between egg chambers and we do not want to trim these

measurements to some constant, because that would mean having samples from
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only a few locations within egg chambers, which might lead to bias. Only the

number of images per line is constant (10), although there are factors potentially

disturbing this balance as well. In the case of unbalanced design, the Sattherth-

waite approximation can be used to make the p-values more accurate (Sokal and

Rohlf, 1995). The applicability of this method is subject to a few conditions. For

example, if the test of interest concerns the variance ratio MSgenotype

MSline
, it is neces-

sary to check that dfgenotype < 100 and dfgenotype < 2dfline. Both conditions are

met within the current study, because dfgenotype = g − 1 = 1. Thus, after testing

for one more inequality, which is not described here because of its complexity, it

is feasible to use this approximation instead of the less precise test defined in the

(3.7).

3.3 Models with Cofactors

Now models suitable for testing genotypic effect at various phenotype granulari-

ties are specified. However, there are a few cofactors having impact on phenotype

alongside genetic factors. Here I am proposing several models that deal with non-

genetic parameters as well as with genetic.

As can be seen from the description of experimental procedures, samples col-

lected represent different developmental stages of oocyte, namely stages 9 and 10.

There are 10 samples for each Drosophila melanogaster line, where the mixture

of stages is completely random. As there is no biological reason for some of the

stages being more represented than others, the median of stage ratios should be 1

for lines pooled by the allele of some SNP. However, the variation of stage ratios

is of bigger interest, because uneven mixture of developmental stages can affect

the applicability of models and choice of cofactors. If the variance was small, we

could assume that measurements are distributed in the same way within all lines.

Then it is possible to omit developmental stage from the analysis, at least if it is

expected that the genotype effect has the same direction and magnitude for both

stages. If the genotype effects were contrasting in both stages, statistical power

would be lost by analysing all measurements by a model not containing develop-

mental stage. If the variance of stage ratios was small it would also be possible to
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take average over 10 samples from a line and then use a non-parametric Mann-

Whitney test for analysis. The plot of the logarithm of stage ratios in Fig.3.1

shows that they are normally distributed with mean 0. Most of the data points

fall within the limits of (−0.5, 0.5). It means that most stage ratios are roughly

between (1/3, 3), which follows from transformation of log10 used in the plot. It

means that there are four options for modeling developmental stage:

• non-parametric Mann-Whitney test applied to stages 9 and 10 separately;

• Anova model in (3.4) applied to stages 9 and 10 separately;

• Mann-Whitney test on pooled measurements from both stages, where weighted

average is used for pooling so that both stages are equally represented;

• Anova model, including a stage cofactor, for the full dataset.

The first three options of association study models do not require much fur-

ther explanation. Two of them rely on splitting phenotypes into two parts and

applying the models of the previous section to these parts separately.

The fourth scenario would require testing the model with a new cofactor Sijk

denoting the variation within a particular stage of cells in image k:

yijkh = µ+Gi + Sijk +Gi × Sijk + Lij + Lij × Sijk + Cijk + εijkh (3.8)

Notice that several interaction terms are included in the model as well. It seems

quite natural to assume that genotype effect might be of a different nature in

various stages. For example, localization of certain proteins takes place only

in one of the stages, besides, cell growth and degradation happens in several

waves, affected by different factors in each. Also the internal correlation within

measurements coming from a single line can manifest itself differently for various

developmental stages. For example, egg chamber images from stage 9 and stage

10 can be very different in terms of brightness.

In practice the last model was not used in the association study due to several

factors:

• model fitting becomes much more complicated with two way Anova and

unbalanced nested measurement levels;
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Figure 3.1: Histogram of developmental stage ratios for all SNPs, where ratio is

defined as naa,9 · nAA,10/(naa,10 · nAA,9) and naa,9 is the number of measurements

with allele aa and stage 9.
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• the gain in the number of used measurements is only twofold if compared

to separate analysis of both stages, while the number of parameters doubles

as well.

Apart from developmental stage, there are no obvious biological conditions

that would differ for various samples. It is easy to imagine some more technical

factors, like staining, mounting etc., affecting the result of the association test.

However, there is a reason to hope that those elements are captured in within line

and within image variation or properly averaged. As it will be seen later from

various quantile-quantile plots showing asymptotic behaviour of test statistics,

this statement seems to hold.

3.4 Data Quality Control for Drosophila

melanogaster SNPs

The genotypes of Drosophila melanogaster strains were taken from the Drosophila

Population Genomics Project (DPGP) collection (Drosophila population genomics

project, 2010). SNPs from release 1.0 were used in the current study together

with the data quality filters initially applied to release 1.0 genomes.

In addition to the DPGP quality filters, control of two further aspects of data

quality was undertaken, namely missing data rate and allele frequency. In both

cases the main concern is to have enough measurements for both genotypes to be

able to discern effects of alleles on phenotypes.

There are two main sources of missing data. Genome regions of a line that

show identity by descent with some other line are omitted from the analysis of

former line (converted into missing alleles). Also regions that show a significant

amount of residual heterozygosity are excluded from analysis. Apart from longer

gaps introduced by these eliminations, there is a smaller portion of alleles missing

at random, mostly due to the errors in genotyping. The distribution of missing

data rates among SNPs can be seen in Fig.3.2a. It turns out that there are no

loci with no missing values. This can be explained by long stretches of identity by

descent regions and heterozygous regions. However, most of the SNPs still have

fewer than 5 missing allele values, corresponding to a missing data rate of 12%
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or less. The choice of a threshold controlling the maximum missing data rate is

a tradeoff between the number of SNPs available for analysis and the statistical

power of the association test for a single SNP. After plotting the potential losses

of SNPs under certain thresholds (see Fig.3.3), I decided to allow the missing

data rate to be 10% or lower. This means that only SNPs with 3 or less missing

alleles are included in the analysis.

Another important parameter that should be controlled is minor allele fre-

quency (MAF). The traditional approach pursued in many association studies

is to exclude SNPs with MAF < 5%, as the rarity of the allele forbids reliable

assessment of its association p-value. I chose to follow the same path, especially

because the total number of fly lines is only 34. It means that SNPs with a single

instance of the minor allele are discarded, but those having at least 2 lines with

the minor allele are retained. The distribution of minor allele counts over various

loci is shown in Fig.3.2b. Most of the loci have 0 or 1 minor allele instances;

nevertheless after application of the 5% threshold there is still a sufficiently large

number of SNPs retained, as seen in Fig.3.3.

One might ask what happens when both types of data quality control are

combined. If SNPs having a large number of missing alleles also had a low MAF

and vice versa, data quality control would not lead to significantly greater SNP

losses than those described previously. After plotting the number of lost SNPs

in two dimensions (missing rate versus MAF, Fig.3.3), it is possible to see that

with the combination of 5% MAF and 10% missing thresholds 1,279,042 SNPs

are retained for further analysis.
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a

b

Figure 3.2: Histograms of MAF and missing data rate distributions over

Drosophila melanogaster SNPs: a. missing alleles, b. minor allele occurrences.
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Figure 3.3: Impact of various thresholds set upon maximum missing data rate

and minimum MAF. The darker the square the more SNPs are left for further

analysis after thresholding (log scale used). White squares denote absence of

SNPs for a particular threshold combination.
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Chapter 4

Association Study for Oogenesis

Markers in Drosophila

melanogaster

4.1 Association Study Results

Here I am seeking to identify specific variants showing a significant association

with 92 traits described in the Chapter 2. Two approaches were used to elucidate

associations. The first approach was based on non-parametric tests, particularly

the Mann-Whitney test. The second approach exploited nested Anova models

and relied on asymptotic behaviour of test statistics corresponding to that of

normal distribution. P-values for SNPs were analysed and significance thresholds

for claiming an association were established by permutation tests. Crucial part of

the analysis consisted of dissecting the locations of associated SNPs and searching

for candidate genes.

4.1.1 Non-Parametric Approach to Association Discovery

First, I used the Mann-Whitney test to assess the strength of associations be-

tween genotype and phenotype. Before performing the test, the phenotypic mea-

surements of cell nuclei were pooled within each image and then the image-wide

measurements were pooled within each line. The measurements for various devel-
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opmental stages were weighted in such a way that all stages have an equal impact

on the aggregated measurement of each line. This way, the effect of the genotype

can be assessed by testing whether the trait values of lines having a specific allele

are significantly different. P-values for the Mann-Whitney test were calculated

from the normal distribution that approximates the test statistic.

The minimal p-values obtained for each trait across all the SNPs tested are

shown in Fig.4.1. It can be seen that all traits have their smallest p-value in the

range from 10−4 to 10−6. The largest values i.e., the weakest associations, are

attributable to simpler geometrical cell nuclei characteristics, such as the area,

perimeter, effective radius and the mean distance from center to perimeter. In

contrast, more detailed descriptors of distance from center to perimeter, such as

frequency components of Fourier transform of distance profile, have considerably

better p-values than other geometric traits. Some of the traits that are related

to, and probably correlated with the distance profile also have relatively small

p-values. Examples of those include major and minor axis, eccentricity and the

first two Hu’s invariants of the geometric shape.

Cell texture descriptors exhibit smaller p-values than purely geometric traits.

However, there are no distinct peaks indicating associations as p-values for Har-

alick features do not differ considerably from trait to trait.

The smallest p-values among all traits studied are obtained from Zernike mo-

ments with degree 8 or higher. There is a lot of variation among Zernike moment

associations, with a marked increase in the degree of association towards higher

order traits.

It is interesting to note that the total signal intensity yields a very weak

association. This can be interpreted in favour of the hypothesis that technical

artifacts do not significantly bias the analysis, because staining intensity and the

focus of the microscope do not seem to produce false associations.

If I were to apply the Bonferroni correction to the p-values of non-parametric

tests to claim an association, the p-values had to be as low as 7.282283 × 10−10

due to adjustment for 92 different traits and 746,302 different SNPs with type

I error equal to 0.05. None of the traits gives SNPs with associations close to

that threshold. To address this issue permutation tests were performed for 5
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Figure 4.1: Minimum p-values for phenotypes, Mann-Whitney test
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traits with relatively small p-values. However, none of the tests could confirm

significant associations (results not shown).

To enquire into the reasons for the lack of associations, the quantiles of the

Mann-Whitney tests for Drosophila melanogaster SNPs were compared to the

theoretical quantiles of normal distribution. The quantile-quantile plots of 10

traits randomly taken from the set of texture descriptors, Hu’s moments and

Zernike moments are shown in Fig.4.2. There is an almost perfect compliance

between the Mann-Whitney test statistic and the normal distribution quantiles.

The closeness of the theoretical quantiles to those obtained by association tests is

emphasized by the slopes of the lines going through first and third (25% and 75%)

quartiles of the data. As the aspect of these lines does not deviate from 45 degrees,

it is possible to conclude that normal distribution correctly approximates the

behaviour of the Mann-Whitney tests performed. Therefore the results described

above are reliable.

The tails of the empirical distribution of Mann-Whitney test statistic have

a tendency to depart from normality. In all cases the direction of departure is

towards a less significant Mann-Whitney test result. It means that the extreme

ends of the test statistics yield larger p-values than would be expected from the

corresponding normal quantiles. Significant associations would carry tails in the

opposite direction, towards p-values that are smaller than those obtained from

the quantiles of normal distribution. A likely explanation is the lack of power

to discern associations due to the insufficient number of lines (34) and pooled

measurements for each line. This is confirmed by a consistent nature of deviations

from normality for different traits. Also it seems impossible to distinguish subtler

differences within smaller p-values in the tails of the empirical distribution. This

is implied by the minimal p-values for various traits as well as the tiny variance

of minimal p-values across the traits.

Despite the shortcomings of association discovery using the Mann-Whitney

test, this approach can still be useful as an unbiased way to assess the signifi-

cance. For example, the Mann-Whitney test does not require the assumption of

normality of phenotypic measurements. Therefore, clues obtained from Mann-

Whitney p-values can be useful to validate results of more complicated statistical

tests whose performance is dependent on satisfying more conditions.
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Figure 4.2: Quantile-quantile plots for Mann-Whitney statistic, selected texture

traits, Hu’s moments and Zernike moments.
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4.1.2 A Parametric Approach to Association Discovery

As a more stringent approach than Mann-Whitney test, I performed tests for

genotype effect based on nested Anova models. This approach does not require

averaging of measurements within each line or image. On the other hand, since

the Anova model is parametric, it relies on other assumptions, such as asymptotic

normality of trait distribution.

Each developmental stage was analysed separately. The hypothesis of signif-

icant variance between different genotypes was tested. P-values were obtained

from the test statistic using Sattherthwaite approximation when relevant con-

ditions were satisfied. For the remaining SNPs the degree of association was

assessed by a conventional Anova test for the ratio of sum of squares, in which

variance among genotypes is compared to variance among lines.

Fig.4.3 and Fig.4.4 show the minimum p-values for various traits where the

minimum is taken from all SNPs for a single trait. The p-values for stage 9 are

presented in Fig.4.3 and stage 10 p-values are reported in Fig.4.4. The comparison

of results between stages shows that p-values tend to be larger for stage 9 traits.

Since the number of measurements is roughly equal for both stages, this is likely to

reflect larger number of associations for stage 9 rather than systematic differences

in the statistical power between analyses of these data sets. If we compare the

peak landscapes to the Mann-Whitney test results, the Anova test p-values are

generally higher. At the same time the lowest valleys correspond to p-values

slightly lower than 10−4 for both tests. It seems that by using nested models

better resolution for the smallest p-values is obtained, while larger p-values remain

similar on both settings.

How do the results for the two developmental stages relate to each other?

Notably, some of the most prominent trait peaks coincide for both stages. For

example, the cluster of Hu’s moments (from Hu’s moment 3 to Hu’s moment 7)

exhibits the smallest p-values for both developmental stages. Also, the angular

second moment (homogeneity) has a high p-value peak in both stages. Another

common trend for the two stages is relatively low p-values for Zernike moments

in comparison with other traits. However, in each stage there are several Zernike
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Figure 4.3: Minimum p-values for traits, Anova test, stage 9
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Figure 4.4: Minimum p-values for traits, Anova test, stage 10
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moment peaks with small p-values that cannot be found in the other develop-

mental stage.

Apart from a cluster of Hu’s moments, other significant traits of stage 9 include

a few Zernike moments (such as V.3.3, V.5.3, V.8.8, V.10.10, V.12.4, V.12.6), sev-

eral Haralick features (such as correlation, variance, inverse intensity difference

or homogeneity, average sum of neighbour intensities, entropy, information mea-

sure of correlation 1 and 2). Simple geometric traits, among them area, effective

radius, acircularity and major and minor axis, yield p-values of medium signifi-

cance. In general the most important p-values come from texture descriptors and

some moment measures (Hu’s moments).

Stage 10 has several important p-value peaks representing higher order Zernike

moments as well, although they are not perfectly coinciding with those of stage 9

(V.7.1, V.8.6, V.10.2, V.10.6., V.11.7, V.12.4, V.12.12). Haralick features of stage

10 do not reach a degree of significance comparable to stage 9. There is a consid-

erable variation across p-values of geometric features at stage 10. Some geometric

traits are more significant in stage 10 than in stage 9 and rather prominent in the

p-value landscape of stage 10 as well. These include compactness, major axis,

eccentricity and Hu’s second invariant of shape. The remaining geometrical de-

scriptors of cell nuclei are among traits yielding the weakest associations in stage

10 (see area and perimeter, for example).

The p-values for a number of traits obtained by Anova model are consistent

with the results of the Mann-Whitney test. For example, the same trend for

higher order Zernike polynomials to be more significant than lower order ones can

be observed in both tests. The geometrical traits (apart from several instances

in stage 10) have relatively lower significance in both tests than other traits.

However, it is difficult to make direct and detailed comparisons between results of

different tests, because the variation among peak height is much more pronounced

with more sophisticated models.

Nominally significant SNPs from Anova test after Bonferroni correction would

be those with p-values lower than 3.64114× 10−10. For stage 9 there are 5 traits

that match this criteria: Hu’s moments 4 to 7 and angular second moment or ho-

mogeneity. For stage 10 very similar set of traits is obtained, i.e., Hu’s moments

2 to 6. I referred to the results of Kruskal-Wallis test for these traits in Fig.2.7.
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a b

c

Figure 4.5: Masks of cell nuclei yielding extreme phenotypes for Hu’s moments.

The cell nucleus with unusual Hu’s moment value is circled with gray.

It turns out that this set of traits has extremely insignificant Kruskal-Wallis test

p-values in comparison to other traits. If we look at the trait distribution for

different lines (see boxplots in Fig.2.7), it is possible to see that the variation

of a trait within a given line is quite uneven in these cases. Besides, there is a

relatively large number of far outliers. At the same time the line medians are

rather similar. These obervations strongly suggest a violation of the distribution

normality assumptions on which Anova test is based. First, the within-line vari-

ances are unequal, second, there are outliers that shift line means heavily, while

leaving medians intact and third, Kruskal-Wallis test p-values indicate that even

the weaker statement that at least two lines are different does not hold. Thus,

a conclusion can be made that the most prominent association peaks are false

positives.

To understand where the outliers for Hu’s moments come from, I looked into

the images and cell nuclei yielding extreme phenotypes for these traits. It turned

out that all outliers for all Hu’s moments are produced by 9 images only, where
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the unusual numerical value of a trait is associated with a single cell in each im-

age. This particular cell affects the average phenotype of an image (egg chamber)

to a great extent and thus a considerable deviation from the trait median for a

fly line can be seen in Fig.2.7. The cell nuclei with extreme phenotypes have

some characteristics in common: the difference between minor and major axis is

large (typically major axis is three or four times larger than minor axis) and the

compactness of the nucleus is extremely low. In several cases the nucleus’ shape

is not convex, but is concave instead. Three examples of such cells can be seen in

Fig.4.5. It is rather difficult to detect this type of outliers during preliminary anal-

ysis, because their main distinction is the elongated and concave nucleus’ shape,

however, there are many elongated nuclei that do not have extreme phenotypes

(the same can be said about many concave nuclei). Particularly interesting ex-

ample can be seen in Fig.4.5, part c.: the nucleus having extreme phenotype is

not very different from other nuclei within image. As the number of cells with

outlying trait values is small, they will be excluded from the subsequent analysis

incorporating more fly lines (see conclusions in Chapter 7).

I will now consider a set of traits with the p-values slightly lower than the

nominal threshold of significance. It is possible to identify a few peaks for both

stages with the minimum p-values between 10−8 and 3.64114×10−10. For stage 10

these peaks correspond to compactness, Hu’s moment 7, angular second moment

and Zernike moment V.7.1. For stage 9 there are relatively significant p-values for

Hu’s moment 1, Hu’s moment 2, Hu’s moment 3, variance of intensities, inverse

intensity difference moment, entropy of intensities and Zernike moments V.5.3

and V.8.8. These traits yield several candidate SNPs that have to be subjected

to further biological and statistical validation. However, even in this set of traits

there are some obvious false positives that can be spotted by the Kruskal-Wallis

test. Such cases are Hu’s moment 7 and angular second moment for stage 10 and

Hu’s moment 2, Hu’s moment 3, the entropy and the inverse intensity difference

moment for stage 9 (see Fig.2.7).

A map of candidate SNPs selected from both stages is depicted in Fig.4.6. In

total 10 different association regions can be distinguished. The most pronounced

associations are located on the X chromosome (the regions around 13.7Mb and

17.4Mb). The remaining candidate SNPs can be spotted mostly on both arms of
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chromosome 2, apart from two SNPs on chromosome 3R. The SNPs on chromo-

some 3R are the least significant in terms of p-values.

Table 4.1: Locations of candidate SNPs
Locus P-value Stage Trait

13674734, X 1.5589× 10−8 9 Hu’s moment 1

17433852, X 2.2917× 10−8 9 variance (of intensities within window)

12426632, 2L 2.5346× 10−8 9 Zernike moment V.8.8

4158962, 2R 7.3990× 10−8 9 Zernike moment V.5.3

6005161, 2L 7.6986× 10−8 10 compactness

6005175, 2L 7.6986× 10−8 10 compactness

25274820, 3R 8.8455× 10−8 10 Zernike moment V.7.1

12436406, 2L 2.1308× 10−7 9 Zernike moment V.8.8

12437435, 2L 2.1308× 10−7 9 Zernike moment V.8.8

12436407, 2L 2.1308× 10−7 9 Zernike moment V.8.8

12436397, 2L 2.1308× 10−7 9 Zernike moment V.8.8

12437449, 2L 2.1308× 10−7 9 Zernike moment V.8.8

5995489, 2L 2.3448× 10−7 10 compactness

9113181, 2L 4.5683× 10−7 9 Hu’s moment 1

7448890, 2R 5.6820× 10−7 9 Hu’s moment 1

7391809, 2R 7.8688× 10−7 10 compactness

17787083, 3R 7.9820× 10−7 10 compactness

12433348, 2L 8.1643× 10−7 9 Zernike moment V.8.8

12436591, 2L 8.1643× 10−7 9 Zernike moment V.8.8

12436567, 2L 8.1643× 10−7 9 Zernike moment V.8.8

12436872, 2L 8.1643× 10−7 9 Zernike moment V.8.8

20228295, 2L 9.8760× 10−7 9 Hu’s moment 1

A more detailed analysis of association regions in table 4.1 shows that stage

9 traits contribute the majority of the candidate SNPs. In addition, p-values are

stronger for stage 9 associations. All traits apart from compactness, which is a

purely geometric feature, and the variance of signal intensities belong to various

classes of moments. For instance, Hu’s moment 1 is the rotational invariant of

the overall intensity distribution. In this situation it might be related to the
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Figure 4.6: Map of candidate SNPs, pooled stages
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distribution of DNA within nucleus. The compactness describes distribution of

DNA in terms of nucleus’ surface and volume relationship. The three Zernike

moments possibly describe three different patterns of DNA distribution, while the

variance of intensities is a local measure of consistency of the texture. It seems

that all of the associated traits are more or less related to the distribution of the

DNA within the nucleus, while the measures of shape, such as area, perimeter and

other global characteristics, do not show significant associations. This is hardly

surprising, if we consider that all of the associations are stage specific.

The statistical validation of candidate SNPs was carried out by permutation

tests. Minimum p-values from 99 permutations for each trait were obtained. The

minimum was taken over all SNPs for a single permutation and a single trait and

the magnitude of the real p-values relative to the permuted ones was determined.

If only one trait was tested, any SNPs with p-values smaller than 95% of permuted

p-values could be claimed significant. However, as 6 traits are validated, more

stringent significance thresholds have to be adopted due to multiple testing.

The permutations themselves were constructed by swapping the line labels

while leaving image and cell labels within line intact. This approach effectively

shuffles genotype labels for traits while preserving the internal correlation that

is present within nuclei from one oocyte (image) and images from one sample

(line). This approach was pursued, because ignoring the nested structure of

measurements can lead to systematically larger p-values on the permutation side

compared to the real p-values. The same set of line label permutations was used

for all traits, because the correlation among traits has to be preserved.

The results of permutation tests in Fig.4.7 show that 5 out of 6 traits have

at least one significant SNP. Only Hu’s moment did not yield any strong associa-

tions. This result is consistent with relatively large p-value of the Kruskal-Wallis

test for Hu’s moment (yet another proof of the predictive power of non-parametric

methods for association discovery). Other traits, apart from Hu’s moment, have

one SNP each that falls among top 5 permutations. The strongest association is

exhibited by Zernike moment V.8.8., where the real trait gives the best p-value

among 100 minimum p-values. Some more candidate SNPs apart from the best

SNP for a trait were tested for compactness and Zernike moment V.8.8. The
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Figure 4.7: Permutation tests for selected traits, pooled stages. The association

p-values for real traits are marked in red, while minimal p-values from permuted

data sets are black.
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second best SNP for compactness is located among the top 10 results of permu-

tation tests. However, in the light of the multiple traits tested, this does not

seem to be an important association result. The remaining candidates for com-

pactness and Zernike moment V.8.8. are clearly not significant. SNPs validated

by permutation tests are summarized in Table 4.2.

Table 4.2: Locations of validated SNPs
Locus P-value Stage Trait

17433852, X 2.2917× 10−8 9 variance of signal intensities

12426632, 2L 2.5346× 10−8 9 Zernike moment V.8.8

4158962, 2R 7.3990× 10−8 9 Zernike moment V.5.3

6005161, 2L 7.6986× 10−8 10 compactness

6005175, 2L 7.6986× 10−8 10 compactness

25274820, 3R 8.8455× 10−8 10 Zernike moment V.7.1

The locations of validated associations are shown in Fig.4.8. There are five

distinct association regions in total, because two SNPs affecting nuclei compact-

ness are located nearby and are in perfect linkage disequilibrium. Three of five

association regions are located on chromosome 2. These regions are related to

nuclei compactness and Zernike moments. The strongest association comes from

SNP on chromosome X affecting texture measured by the variance of signal in-

tensities. A single association on chromosome 3R is related to Zernike moment

V.7.1.

To assess the magnitude of allele effect upon a trait for all validated SNPs I

plotted the trait distributions for lines split by genotypes (see Fig.4.9). Only the

traits showing significant association at a given developmental stage are included

in Fig.4.9. Measurements for nuclei coming from the same image (egg chamber)

are averaged. Aggregated measurements for all Drosophila melanogaster lines

are depicted in Fig.4.9. The difference between trait medians between genotype

groups should reflect the genotype effect. In all cases medians are considerably

different, thus confirming that association p-values were not due to outliers or

other deviations from normality. However, note that variances are not equal for all

lines. This is somewhat expected, because the maximum number of measurements
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Figure 4.8: Map of validated SNPs, pooled stages
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for a single line at a given developmental stage is less than 10 after pooling all

cells per image. Also the experimental design is not fully balanced, therefore

the number of images per each line can vary slightly. This problem is partially

alleviated by combining lines corresponding to the same genotype as can be seen

in Fig.4.10. The figure shows that the variation of the trait is relatively similar

for different genotypes. However, care should be taken in interpreting the latter

figure, because internal correlation is likely to be present within measurements

coming from the same line.

4.2 Discussion

Let us look at the validated association regions in a broader context. First, it is

interesting to ask which candidate genes are located in the vicinity of discovered

associations. Table 4.3 summarizes the information on genes in the vicinity of

significant SNPs. It turns out that the most significant association (variance of

signal intensities) yields a SNP (chromosome X, 17.4Mb) inside the intronic region

of CG12432 gene with unknown molecular function according to the information

from modENCODE (modENCODE; The modENCODE Consortium et al., 2010).

A narrower subregion of this intron corresponds to a binding site, which includes

the associated locus as well.

The next strongest association corresponding to Zernike moment V.8.8. maps

within elf-RA gene. The associated locus hits a protein binding site incorporated

within an intron. Another gene belonging to the elf-RA family and located close

to the SNP associated with Zernike moment V.8.8. is arrest. It is situated be-

tween base 12,205,843 and 12,312,795 on chromosome 2L, while the SNP itself is

located at 12,426,632. arrest is coding for a transcription factor involved in ooge-

nesis, negative regulation of oskar mRNA translation, germ cell development and

negative regulation of translation among other functions mentioned in FlyBase

(FlyBase; Tweedie et al., 2008). Several alleles of this gene affect phenotypes of

female germline cyst, egg and germarium (FlyBase; Tweedie et al., 2008).

The region associated with Zernike moment V.5.3. is located within a gene

desert. However, well studied developmental genes localise in a relative proximity

to it (spaw, hubl, whip, cola). Fig.4.11 shows precise positions of these genes and

104



4.2 Discussion

Figure 4.9: Trait separation due to the genotypes of the most significantly as-

sociated SNPs. Vertical line indicates the split between traits that correspond

to genotype aa and genotype AA. Two horizontal lines denote trait medians in

both genotype classes. 105
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Figure 4.10: Trait separation by genotype for validated SNPs.
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also their distance to the associated variant. This locus is interesting from a gene

regulatory point of view, because it maps to a protein binding site. The regulatory

activity has been detected in all embryonic stages of development within yellow

cinnabar brown speck strain of fruit flies. Also experiments with other types

of embryonic cell lines confirm the localization of this binding site. This site is

activated in dorsal mesothoracic disc tissue (larval stage) and some adult tissues

as well (modENCODE; The modENCODE Consortium et al., 2010).

The best association with cell nuclei compactness is found in the intronic

region (also a binding site) of the Gal-RA gene coding β-galactosidase which is

crucial for carbohydrate metabolism. It is interesting to note that β-galactosidase

is used as a senescence marker, because it is expressed in lysosomes.

SNP yielded by Zernike moment V.7.1 is located within the intron of the

Ptp99A gene that codes for a thyrosine phosphatase involved in cell-cell inter-

actions. Tyrosine phosphorylation plays an important role in the regulation of

various developmental processes, especially during oogenesis and early embryo-

genesis in Drosophila melanogaster (Fitzpatrick et al., 1995). Ptp99A RNA is

present in germ cells of the germarium and also in nurse cells throughout oogen-

esis. The Ptp99A transcript is one of the very few phosphatase transcripts that

can be detected in follicle cells. Ptp99A transcript first emerges in follicle cells

during stage 9 and then reaches large quantity at stage 10. This type of localiza-

tion indicates a significant role of Ptp99A in cell-cell signaling. It is interesting

to note that homozygous null mutation for Ptp99A produces viable and fertile

flies (Hamilton et al., 1995). The discovered association within the intron of this

gene might be related to the regulation of the expression level that in turn causes

subtle phenotypic changes, but does not lead to severe mutations.

Even candidate SNPs that did not pass the permutation tests hit genes rele-

vant for early developmental processes. For example, the second best association

for cell nuclei compactness falling within top 10% of permutation p-values is lo-

cated in the lid-RA gene coding for a histone transferase (SNP on chromosome

2L, 6.0Mb).

Both of the least significant SNPs for the compactness yield interesting lo-

cations on genome as well. The SNP on chromosome 2R, 7.4Mb is situated in

the intron of inv gene, which is a well known developmental gene. According to
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Figure 4.11: Screenshot from EnsEMBL database showing the location of SNP

associated with Zernike moment V.5.3.
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4.2 Discussion

the FlyBase (FlyBase; Tweedie et al., 2008) this gene has a functional role in

neuroblast fate determination and compartment pattern formation. Various inv

alleles can influence the outcome of segmentation, in particular mesothoracic and

thoracic segment, and organ system subdivision (FlyBase; Tweedie et al., 2008).

This gene is also related to the embryonic development, for example, to the de-

velopment of embryonic nervous system. The SNP on chromosome 3R, 17.8Mb

is located within the gene Eip93F coding for a transcription factor involved in

apoptosis. Other functional roles of this gene involve cellular response to hy-

poxia, autophagic cell death and autophagy (FlyBase; Tweedie et al., 2008). It is

interesting to note that associations with compactness were discovered for stage

10 measurements instead of stage 9, because nurse cells start to degrade in late

stage 10. This aspect helps to understand why a gene coding transcription factor

necessary for apoptosis might be relevant. A follow-up study with an increased

statistical power to detect associations will be necessary to verify these locations.

Weaker and less significant associations for Zernike moment V.8.8. are clus-

tered on chromosome 2L, around 12.4Mb. All of them map to the region of

the strongest association with the same trait, suggesting that these variants are

connected with elf-RA as well.

Table 4.3: Candidate genes for validated SNPs

Locus Trait Candidate genes SNP type

17433852, X variance of signal intensities CG12432
downstream,

intronic

12426632, 2L Zernike moment V.8.8 elf-RA
both downstream

and upstream

4158962, 2R Zernike moment V.5.3

gene desert,

spaw, hubl,

whip, cola

in proximity

both downstream

and upstream

6005161, 2L compactness Gal-RA
downstream,

intronic

6005175, 2L compactness Gal-RA
downstream,

intronic

25274820, 3R Zernike moment V.7.1 Ptp99A intronic
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4.2 Discussion

More associations on chromosome X were expected, because the sex linked

character of many QTLs in Drosophila melanogaster is well known.

Most of the validated association loci are located within introns. Meanwhile

none of the validated SNPs belong to a coding region. One of the explanations for

this phenomenon might be that the true causative variant is not located within

intron, but in the nearby coding region instead. However, this scenario is unlikely,

because the linkage disequilibrium for Drosophila melanogaster is rather short and

sequence data is used in association study instead of markers. Another explana-

tion might be related to the fact that there are a lot of regulatory sequences and

enhancers located in introns. Also alternative splicing is frequently determined by

introns. Thus the variants discovered might participate in regulating the level of

gene expression. This hypothesis is confirmed by the information from modEN-

CODE (modENCODE; The modENCODE Consortium et al., 2010) indicating

that most of the associated SNPs belong to a binding site and Table 4.3, where

most of the SNPs are marked as upstream or downstream. In such a case pheno-

typic differences associated with various mutations at these loci should be subtler.

The collected microscope images indicate that traits vary rather smoothly and

continuously consistent with the nature of the associated variants.

The overall impression from association studies for developmental traits of

Drosophila melanogaster is that metrics of cell nuclei that are more robust to-

wards noise yield more significant associations. For example, various types of

moments are well represented among candidate SNPs. Also the final list of val-

idated SNPs contains mostly moments. Apparently, the robustness of Zernike

moments against small shape perturbations has been instrumental in capturing

essential characteristics of cells (Murphy et al., 2000; Xia et al., 2007).

A major limitation of the association study presented here is the insufficient

statistical power due to only 40 fly lines being resequenced at first. Recently

an additional 100 resequenced lines have become available, therefore I will be

extending the study to more individuals (see Conclusion). The amount of lines

precludes us from using robust non-parametric tests for association discovery,

because they cannot exploit all of the nested levels of measurements. This is

rather unfortunate, because in general non-parametric tests have proved to yield

very accurate predictions, even when dealing with skewed and unbalanced trait
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4.2 Discussion

distributions. For example, the results of Kruskal-Wallis test were crucial for

eliminating false positive results. However, even when using more sophisticated

models, such as nested Anova tests, we could wish for more power to discern the

smallest p-values. This problem was partially solved by using permutation tests

to establish thresholds for association significance, but an increased sample size

would still be beneficial.
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Chapter 5

Models and Model Selection for

Association Study in Human

5.1 Separate Versus Joint Estimation of Allele

Effects

A disease status can be modeled in several different ways, for example, it can

be expressed via equation of a generalized linear model or captured in a deci-

sion tree. Both types of disease models can be subjected to some sort of model

selection methods, which are usually necessary to use, if the joint estimation of

allele effects of several loci is desired. Here I shall explore opportunities of using

generalized linear models together with the stepwise model selection and decision

trees together with the probabilistic model selection in association discovery.

One of the most typical approaches for modeling factors contributing to dis-

ease exploits the generalized linear model:

g(yi) = µ+ β1(2 · I(xi = AA) + I(xi = Aa)) + β2(1− I(xi = aa)) + εi (5.1)

where yi is the value of a phenotype for an individual i, xi is the genotype of the

locus under study for an individual i and εi is random variation. I(·) stands for

an indicator function yielding 1 if the condition in the brackets is satisfied (in

the current case 1 is returned, if individual i has that particular genotype). The

formula 2·I(xi = AA)+I(xi = Aa) models the additive effect of an allele A, while
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5.1 Separate Versus Joint Estimation of Allele Effects

1 − I(xi = aa) models the dominance effect. Then β1 is the magnitude of the

additive effect, β2 is the size of the dominance effect and µ is the phenotype mean

for individuals with allele combination aa. As the trait is discrete, the phenotype

value is transformed via a monotone link function g(·) yielding a probability of

individual having a disease. The logit function is used as the link in the current

study. Sometimes only the additive effect of alleles is modeled, i.e. β2 is set to

0; then the whole model is called the additive model. When both additive and

dominance effects are included in the model it is called the genotypic model.

The model proposed in (5.1) is suitable for testing the effect of each SNP

upon phenotype separately from effects of other SNPs. As discussed in (Jansen,

1993) this is not ideal way to assess the effect of particular allele upon phenotype,

because some SNPs can borrow the effect from linked loci and appear more signif-

icant than they actually are when a single locus model is tested. If the genotype

effects of several SNPs are modeled jointly, the estimation of their total impact

is more correct. Besides I would like to distinguish between situations when a

SNP is genuinely associated with a phenotype and when it is just in linkage dise-

quilibrium with a causative variant. Both the task of joint effect estimation and

the task of identification of a true causative variant within the association region

can be solved by various model selection methods, where the set of associated

loci is gradually incremented and sometimes decremented until arrival at the final

estimation of genotype effects upon phenotype. The result of performing such a

model selection would look like this:

g(yi) = µ+

p∑
j=1

(βj1(2·I(xij = AA)+I(xij = Aa))+βj2(1−I(xij = aa)))+εi (5.2)

where xij stands for the allele of loci j and individual i. The most complicated

task here is selecting the set of interesting loci or indices j.

An alternative approach to modeling genetic components of disease can be

based on decision trees. A tree describing the impact of a single locus upon phe-

notype is depicted in Fig.5.1. Each node of the tree corresponds to a classification

outcome, which is either case or control (”healthy” or ”disease” in the picture).

The classification outcome is determined by the majority vote of training set mea-

surements within each node. Each edge in the tree is labeled by a classification
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5.1 Separate Versus Joint Estimation of Allele Effects

healthy

healthy

rs12516196 has aa

disease

rs12516196 has Aa or AA

Figure 5.1: A decision tree of depth 1 incorporating a single locus.

condition. A condition is a single inequality that involves one predictor variable

and one constant. A finite set of equalities with constants is also admissible as

a classification condition, at least if the predictor variable is discrete and can

assume a finite number of values, because it is easy to reorder constants in such

a way that the condition can be expressed via a single inequality. In case/control

studies the predictor variable corresponds to a locus and the constant is a par-

ticular combination of alleles. Then the role of the inequality is to separate one

allele combination from others.

Joint effects of alleles can be modeled by using bigger and more elaborate

trees, like shown by the example tree in Fig.5.2. I will call a depth of tree the

maximum number of loci that participate in classification of a single measurement

(individual). Thus, the tree is Fig.5.2 has depth 3, while the tree in Fig.5.1 has

depth 1. If similar classification was made with generalized linear models, the

number of coefficients fitted would correspond to the depth of a tree plus one (due

to the intercept). However, the comparison of both modeling approaches is not

entirely correct, because trees have many classification paths, while generalized

linear models have only one fixed set of terms. Therefore trees are more flexible

than generalized linear models when interactions between loci have to be captured

and joint effects of alleles have to be estimated.

Trees do not have direct correspondence to the model in (5.1), because they

cannot immediately express additive effect. However that is a problem for any
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Figure 5.2: A decision tree of depth 3 incorporating multiple loci.
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5.2 Assessment of Significance of Allele Effects

tree-like structure in statistical modeling and could not be solved by choosing a

different tree structure. A major advantage of trees is that they do not require

to assume any association model beforehand and thus are more flexible than

regression models. In addition, trees are more intuitive for the interpretation,

especially when many loci are included in the model. In contrast to the additive

models trees can easily deal with the problem of incomplete penetrance usually

met in association studies. Therefore using decision trees for modeling a disease

alongside additive and genotypic models seems to be a natural choice. Additional

advantage of trees is that they can deal with genetic heterogeneity and subpopu-

lations more successfully than regression models similar to (5.2) (Lunetta et al.,

2004).

5.2 Assessment of Significance of Allele Effects

The significance of the additive or dominance effect within model (5.1) can be

tested by referring to asymptotic distribution of logarithm of likelihood ratios.

A set of measurements is denoted by X1, . . . , Xn (in the current case these are

genotypes of individuals) and the density from which they are taken is denoted

by pθ, where θ includes all of the parameters necessary to characterize the cor-

responding distribution. If a null hypothesis H0 : θ ∈ Θ0 is tested versus an

alternative hypothesis that H1 : θ ∈ Θ1, we can use the following statistic based

on the logarithm of likelihood ratio:

Λn = 2 log
supθ∈Θ Πn

i=1pθ(Xi)

supθ∈Θ0
Πn
i=1pθ(Xi)

(5.3)

where Θ = Θ0∪Θ1. This statistic is distributed as the chi-square distribution with

degrees of freedom determined by the number of restricted parameters within θ

under null hypothesis. For example, if a significance of the dominance effect has

to be assessed, H0 : β2 = 0 is tested versus H1 : β2 6= 0 by using the equation:

Λn = 2 log
supβ1,β2 Πn

i=1pβ1,β2(Xi)

supβ1,β2=0 Πn
i=1pβ1,β2(Xi)

= −2
n∑
i=1

(lβ̂1,0(Xi)− lβ̂1,β̂2(Xi)) (5.4)
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5.2 Assessment of Significance of Allele Effects

where lθ denotes log pθ and β̂1, β̂2 refer to maximum likelihood estimators for β1

and β2. Then the likelihood ratio statistic is distributed as chi-square with one

degree of freedom.

The simplest way how to measure the importance of a SNP in a classification

tree is to count the occurrences of this locus within a tree. This method is too

simple to give useful information about a SNP if a single small tree is considered,

however, it becomes much more powerful when an ensemble of hundreds of trees

is studied, because then each SNP gets much more chance to be included in a

classification tree and the number of SNP occurrences exhibits more variation.

Using the number of occurrences in evaluating the strength of the association has

been proposed in (Valdar et al., 2009). The occurrence count of a locus within a

set of models is considered to be indicative of association, where different models

are built with distinct subsamples of the original data set using forward selection

(Valdar et al., 2009). A set of trees is used instead of a set of models similar to

(5.2) here.

Evaluation of trees and the significance of loci within them can be based on

the Gini index (Friedman, 2001). First, I will define the probability measure that

observations belonging to a certain node of a tree fall within outcome class k:

p̂k =
1

N

∑
xi∈R

I(yi = k) (5.5)

Here N is the number of measurements in a node, R is the region defined by

classification inequalities (decisions) leading to a node, yi is the phenotype of an

individual i and xi is the allele vector for SNPs represented in a tree. Then the

Gini index is defined for each node in a tree in the following way:

G =
∑
k 6=k′

p̂kp̂k′ (5.6)

where indices k and k′ span over all possible phenotype classes. The improvement

in classification that is introduced by splitting a node into two can be expressed

using Gini index:

∆G = G0 − (pLGL + pRGR) (5.7)

Here G0 is the Gini index of a parent node to be split, while GL and GR are

respective Gini indices of the left and right child nodes, and pL and pR describe
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5.3 Stepwise Model Selection

the proportion of training set measurements that are assigned to each of the child

nodes. The significance of a SNP can be measured by this metric. An alternative

way to express the success of a classification induced by a particular split can be

based on p-values of a chi-square test for the 2× 2 table depicting the number of

cases and controls belonging to each child node.

Alternative way to measure variable importance within random forests can

be based on the permutation accuracy importance. The idea behind this method

is to permute values of a predictor variable and then estimate the difference in

prediction accuracy for the real and permuted predictor (Strobl et al., 2007).

All importance metrics discussed above can become biased when predictors

differ considerably in terms of scale and the number of values they can assume

(Strobl et al., 2007). For example, Gini index gives preference to variables with

more categories (Boulesteix, 2006a,b; Kononenko, 1995). However, in the current

study all predictors are rather uniform, therefore Gini index is a reliable measure

of the significance of associations. It has been shown that Gini index is more suc-

cessful in identification of important variables than the permutation importance

when predictors are highly correlated (Nicodemus and Shugart, 2007). Permuta-

tion importance is more biased towards correlated variables than Gini index. To

solve this problem a method exploiting conditional permutation scheme has been

proposed (Strobl et al., 2008).

5.3 Stepwise Model Selection

The first method considered for building joint models is the stepwise model selec-

tion (Davison, 2003). This algorithm proceeds in a greedy manner by selecting

a locus that improves a model the most in each step. This locus is added to a

model and search is resumed. Sometimes removal of a non-significant term is also

considered as a next step in model building. The process is continued until there

are no more features that can significantly improve a model. The statistical sig-

nificance of the model improvement is usually measured by Akaike’s information

criterion (AIC):

AIC = −2
n∑
i=1

lβ̂1,β̂2(Xi)) + 2p (5.8)
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5.4 Ensemble Learning and Probabilistic Model Selection

where l is the logarithm of likelihood of a model in equation (5.2) and p is the

number of parameters that are estimated within a model. By introducing the

number of parameters in the model alongside log-likelihood, AIC penalizes large

numbers of parameters. This statistic is suitable for making a decision whether

to add or remove a term as well as for making the comparison between added

terms or removed terms.

Stepwise methods are appropriate for dealing with dense SNP maps, because

they do not try to describe the whole feature space and relationships between

features, but instead build a sparse model from it. This is consistent with our

expectations of having only a small fraction of SNPs associated with a phenotype.

Also this method is suitable for discerning between closely linked variants, because

once the best SNP within the region is added to the model other linked SNPs

will be ignored in further feature selection rounds due to conditioning on the SNP

added before.

5.4 Ensemble Learning and Probabilistic Model

Selection

One of the disadvantages of stepwise model selection is that it is prone to over-

fitting. It can happen relatively soon in the model selection process, thus not

all loci having similar magnitude of effect upon phenotype get a chance to enter

a model unless their impacts upon a phenotype are orthogonal. There are two

approaches to solve this problem. The first approach relies upon adding terms to

a model only partially (typically it means rescaling of the magnitude of effect by

a small factor ε before adding a term). The second approach is to make model se-

lection probabilistic instead of deterministic so that all similarly important terms

are equally likely to be added to a model. In this study preference is given to

the second type of methods, because partial adding of terms can seriously suffer

from missing alleles of SNPs even if the missing data rate is as low as 5% for each

SNP. If a hundred of such SNPs are involved in a single model the proportion of

individuals not having a missing allele for any SNP gets very small. It means that

it is not possible to exclude missing data points, but instead a separate category
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5.4 Ensemble Learning and Probabilistic Model Selection

for missing data has to be created (a practice poorly justified from theoretical

point of view).

Within this study methods for probabilistic model selection based on sub-

sampling of individuals are used. The idea is to combine small and moderately

successful models into a bigger and more powerful phenotype prediction network.

Each of the small models is built with a random subsample of measurements.

Afterwards, models are combined via weight assignment to each of them. There

are two problems to solve: selection of simple models from potentially huge fea-

ture space and putting together a big model, where each small learner has a

specific weight and role. The algorithms that solve these tasks represent a type

of ensemble learning strategy.

I will formulate the task of ensemble learning more precisely. The composite

model explaining thr data will assume the form F (x) = β0 +
∑M

m=1 βmfm(x),

where fm(x) = f(x; pm) is a function of certain form calculated on data x and

extra parameters p = (p1, p2, . . .). The task is to find a subset of functions fm(x)

(”small models”) that together will yield a good composite model, i.e., select

{fm(x)}M1 ⊂ {f(x; p)}p∈P and calculate (β0, β1, . . . , βM). The goodness of model

fit is measured by some loss function L(y, h(x)), where h(x) is the composite

function (”big model”) trying to explain the outcome y.

The general form of ensemble learning with individual subsampling is (Fried-

man and Popescu, 2003):

1. F0(x) = 0

2. for m = 1 to M do

(a) km = argmink
∑

i∈Sm(η) L(yi, Fm−1(xi) + f(xi, k))

(b) update Fm(x) = Fm−1(x) + ε · f(xi; km)

3. return {fk1(x), fk2(x), . . . , fkM (x)}

where Sm(η) is a subsample of measurements of size η ≤ N , but 0 ≤ ε ≤ 1 is an

updating step size controlling how much each of the selected small models should

contribute to the total model.
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5.4 Ensemble Learning and Probabilistic Model Selection

A version of ensemble learning corresponding to the random forest algorithm is

used throughout this study (Breiman, 2001; Liaw and Wiener, 2002). According

to this type of learning strategy fm(x) is a decision tree and ε = 0. I use the

random forest algorithm with η = 0.632 ·N and perform sampling of individuals

without replacement. This is practice is equivalent to using η = N together with

sampling with replacement. It has been shown that sampling without replacement

does not induce any bias in variable selection for trees as opposed to sampling with

replacement (Strobl et al., 2007). In addition subsampling without replacement

is dependent on weaker assumptions for statistical inference (Politis et al., 1999).

Therefore this approach is preferred in the current study. η = 0.632·N is a typical

choice of a subsample size, when sampling without replacement is used, and is

recommended in many sources, although there are authors who suggest using

η = 0.5 ·N instead (Friedman and Hall, 1999). A specific problem connected with

random forests is the sensitivity of their predictions to unbalanced subsamples of

individuals, where the number of cases is not equal to the number of controls. If

unbalancedness reaches a critical threshold, it becomes highly beneficial for the

ensemble of trees to always cast a vote for the majority class of individuals within

a subsample. One of the methods that can be used to solve this problem relies

on down-sampling. According to this approach 0.632% of individuals from the

minority class are selected and then the same amount of individuals is taken from

the majority class (Chen et al., 1999). This method is used in the current study

instead of alternative balancing strategies based on assigning weights to the votes

of trees (Chen et al., 1999).

The algorithm for building a single tree introduces more variability in the

learning process by SNP selection, because only a subset of SNPs is considered in

each round of tree growing. This is beneficial for trees to exhibit larger variance

within the ensemble. After growing individual trees they are combined by taking

an average (in case of regression) or majority vote (in case of classification) of

their predictions, like in bagging. A single tree is constructed in the following

way according to the CART algorithm (Breiman et al., 1984):

until the minimum amount of individuals nmin that are classified to a node

is reached
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5.4 Ensemble Learning and Probabilistic Model Selection

for each terminal node (leaf) of tree do

i. select k SNPs from the total number of p SNPs

ii. find the SNP from the selected set and split of its alleles that im-

proves phenotype classification most (produces the smallest loss)

iii. split the node into two

The recommended choice of k is [
√
p] for classification (Hastie et al., 2008).

This value of k is used within this study as well, because preliminary experiments

have shown (results not depicted) that the optimal size of SNP subsample does

not differ considerably from the recommended value. The minimum size of a

node nmin = 1 for classification problems. Trees are grown up depth 5 within

this study and results obtained from various depths are compared. The depth of

trees has to be restricted somehow, because there are almost 5,000 individuals in

total, therefore it will take many steps to arrive at nodes of size 1 (preliminary

experiments have shown that there are hundreds of SNPs involved in a single

fully grown tree). On the other hand, increasing nmin might not work either,

because this practice is potentially discriminating for rare SNPs. The second

argument in favour of limited depth of trees is the missing data rate. If tens of

SNPs with 5% alleles missing are combined in a single classification path, very

few individuals would be classified solely by non-missing alleles (tens of SNPs

in a path is a realistic number for the amount of individuals to classify). The

problem is somewhat smaller than in the case of gradient boosting, because each

disease status is classified by a subset of SNPs in a tree, therefore it is not required

that all alleles for all SNPs in a tree are known for each individual. Still there

are many issues connected with missing alleles that are similar to the gradient

boosting algorithm.

Various methods exist to determine when the model selection is finished and

no significant model terms can be added to it. Using AIC together with the

stepwise model selection procedure as a criterion for adding terms has already

been discussed. For probabilistic model selection I rely upon cross validation to

determine the stopping point (Hastie et al., 2008). However, instead of using

the traditional scheme of cross validation based on splitting of individuals into

N independent parts that are later used as test sets for estimation of prediction
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error, I use the approximation of cross validation based on out of bag samples.

This approximation is suitable for random forests and produces test error that is

very similar to cross validation error, while requiring much less computation time

(one round of random forest building instead of ten). The idea is to estimate

test error from predictions of phenotypes which are done with smaller ensembles

of trees. The diminished ensemble consists only from trees that did not consider

the individual to be predicted in the tree building process. This means that

phenotype of individual i is predicted by a tree m, if i 6∈ Sm(η) of the tree. A

majority vote from trees in the diminished ensemble yields the final prediction

for each individual. Once the test error obtained thus stabilizes and converges to

a single point it is very likely that the ensemble is saturated.

5.5 Data Quality Control for Human SNPs

First, I applied all data quality filters that are used in the initial analysis of

WTCCC data set (Wellcome Trust Case Control Consortium, 2007). One of the

most important reasons for having nearly perfect agreement upon quality control

methods is the ability to compare results with previous analysis. By carrying out

the initial stages of data analysis in the same way it is possible to observe how

the model selection algorithms affect the power of association discovery and how

closely they can replicate results obtained by simple one locus models.

Thus, I applied the WTCCC list of excluded individuals, incorporating those

suspected of different ancestry, those having high missing data rates over all

SNPs, and those exhibiting identity or relatedness to other individuals under

study. SNPs were omitted if their missing data rate in the context of the study of

a particular disease was > 5%. Also SNPs with MAF < 1% were excluded, but

those with MAF < 5% were further tested to ensure that their missing data rate

is < 1%. A smaller number of SNPs were excluded due to being in noticeable

Hardy-Weinberg disequilibrium or because of showing spurious associations for

control individuals. In the previous study, SNP clusters yielding associations

were inspected visually and poorly clustering SNPs removed. I used WTCCC

list of SNPs with reported p-values, where poor clustering is tagged, to exclude
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5.5 Data Quality Control for Human SNPs

this category of SNPs. After performing all data cleaning steps there were almost

5000 individuals and 327,000 SNPs left to study associations with T1D.

Previously no significant population stratification was found in the human

case/control data (Wellcome Trust Case Control Consortium, 2007). I relied on

these results and did not fit models with population related parameters. There are

only 13 rather small chromosomal regions exhibiting some population structure,

which were considered when interpreting results of model selection methods.
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Chapter 6

Association Studies for Human

Case/Control Data

6.1 Stepwise Model Selection and Associations

with T1D

First stepwise model selection was tried for association discovery. Forward step-

wise regression was performed until 20 loci were included in the model. Within

each model selection step model likelihood and AIC was assessed. However, it

was not possible to treat AIC as an estimator of test error due to the missing

alleles of selected SNPs. Throughout model selection process individuals with

missing alleles were omitted, thus the set of individuals considered in the next

step was slightly diminished in comparison with the set of individuals in the pre-

vious step. It was not possible to omit individuals in advance either, because

the exact subset of individuals used is dependent upon SNPs selected in each

step. Therefore model likelihoods and AIC were subjected to permutation tests.

Models for 99 phenotype permutations were obtained using the same stepwise

regression algorithm. Improvement in AIC for models explaining permuted data

and real data is depicted in Fig.6.1. It turned out that all 20 forward selection

rounds yielded bigger AIC improvement for the real data than for any permuta-

tion. It means that adding of each locus to a real T1D model led to significant

improvement in model likelihood. An additional thing to notice is that even per-
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muted phenotypes give rather large improvement in AIC (over 50), despite the

fact that these changes in likelihood are worse than those associated with the

real case/control data. Most probably this kind of improvement is related to the

problem of missing data outlined above. It also underlines the impossibility to

assess models using asymptotic distribution of log-likelihood ratio.

Most of the 20 SNPs selected by stepwise regression are not significant accord-

ing to the previous WTCCC study (see Table 6.1). Two out of five strong associ-

ations reported in WTCCC study are replicated, namely regions on chromosome

6 and 1, which are represented by rs9272723 and rs6679677. The most popular

chromosome within the selected model is chromosome 1, which is contributing 4

distinct loci. Chromosome 6 is met three times. Some of the associations dis-

covered seem to be very unusual, like loci on chromosomes 7 and 15 having low

WTCCC p-values.

Overall percentage of successfully replicated associations seems to be rather

low. Such a result is quite unexpected, because stepwise regression should give

similar associations during the first steps and slightly enhanced signals from mod-

erate associations during later rounds. It might be explained by the model se-

lection criterion which is based on AIC. Apparently, ignoring of individuals with

missing alleles is leading to subtle bias in the model selection. It seems that

AIC is preferring models that are both good for explaining phenotype and also

successful in getting rid of inconvenient cases and controls (the more, the better).

Therefore the set of 20 loci selected might be only an approximation of the true

picture. On the other hand, permutation test indicates that there are at least

20 significant loci, some of them linked, that can contribute towards explaining

T1D phenotype. Thus, the full potential of stepwise model selection is still not

achieved. One suggestion to solve the problem of biased likelihood estimations

can be based on using likelihood ratios instead of pure likelihoods. Then the like-

lihood of the new model with added SNP can be compared to the likelihood of

model selected in previous round, if individuals with missing alleles are excluded

according to the largest model with extra SNP. Such a selection procedure based

on likelihood ratios was implemented, however, a new round of permutation tests

based on likelihood ratio comparison was not carried out due to serious require-

ments for computational time. At this point permutation test results in Fig.6.1
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6.1 Stepwise Model Selection and Associations with T1D

Figure 6.1: Permutation test assessing model likelihoods throughout the step-

wise model selection. The red dots indicate change in AIC yielded by the real

phenotype, while black dots correspond to model improvement for permuted phe-

notypes.
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6.1 Stepwise Model Selection and Associations with T1D

are considered as sufficient evidence for the existence of at least 20 loci that can

significantly improve the association model.

Table 6.1: SNPs selected by stepwise regression, AIC
criterion

SNP name Location ∆AIC WTCCC p-value SNP type

rs9272723 6, 32609427 684.01 3.32272e-128 intronic
rs41515647 1, 77517009 167.64 0.000187856 intronic
rs16849921 2, 214061022 151.01 0.00670717 intergenic
rs9366943 6, 37602406 135.16 0.00207957 3 prime UTR
rs972357 18, 29551854 132.34 0.901465 intergenic
rs7632456 3, 133575993 126.78 0.515676 intronic

rs3118595 9, 137427767 115.50 0.76196
within non
coding gene

rs16829733 2, 134645600 109.19 0.750206 intergenic
rs41562 7, 104845094 106.33 0.0206315 intronic
rs6519313 22, 42552875 99.45 0.383243 upstream
rs7725644 5, 167276307 97.11 0.215327 intergenic
rs12413409 10, 104719096 97.55 0.0489497 intronic
rs2438083 6, 1277371 95.58 0.894945 intergenic
rs2056975 1, 22408527 93.32 0.0511778 intronic
rs6679677 1, 114303808 89.70 1.16646e-26 upstream
rs12592799 15, 89363596 83.27 0.418871 intronic
rs12578219 12, 79318928 79.97 0.00709807 intronic
rs10898312 11, 71280313 77.79 0.903 downstream
rs858305 7, 23242830 76.97 0.368365 upstream
rs7518159 1, 29621460 75.63 0.100213 intronic

The results of the modified stepwise model selection are depicted in the Table

6.2. The first six loci entering the model belong to the strongest association

regions in previous WTCCC study. First, third and eighth SNPs represent MHC

region. The second SNP hits well known T1D association region on chromosome

1 encompassing PTPN22 gene. Chromosome 12 is represented in the model with

two loci, both of them successful replicates of associations on 12q13 and 12q24.

The discovered region on chromosome 16 corresponds to the association locus on

16p13.
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6.1 Stepwise Model Selection and Associations with T1D

If the remaining loci in selected model apart from the strongest WTCCC asso-

ciations are considered, it is easy to spot some more replications of the well known

associations (see Fig.6.2). For example, the discovered SNP on chromosome 4

around 123Mb is located close to IL2-IL21 genes. The SNP on chromosome 18

at 12.7Mb is not far from the association region on 18p11 that is connected with

T1D risk as well as with CD and RA. The region on chromosome 2 at 154Mb

seems to be a novel association, which is far from the CTLA4 gene. Another

novel association is located on chromosome 5 around 9Mb. The remaining model

terms are quite unexpected and incorporate loci on chromosome 1 (212Mb), chro-

mosome 7 (45Mb), chromosome 5 (86Mb) and chromosome 15 (32Mb) (Fig.6.2).

Also two associations on chromosome 10 seem to be novel.

None of the chromosomes, apart from the chromosome 6, is represented in

the selected model by more than two SNPs. It means that stepwise model selec-

tion can produce sufficient diversity within model and also avoid repeated hits of

nearby loci or loci in strong linkage disequilibrium. All of the strongest associa-

tions of the previous study were successfully replicated this time. All p-values of

currently selected SNPs within previous study were smaller than 0.00171814 (see

Table 6.2). Thus, even the newly discovered associations exhibit some consistency

with p-values of a simpler additive model. However, the significance of many loci

within stepwise model building is greatly enhanced. Interestingly enough, the or-

der in which loci are selected by the stepwise regression does not correspond to the

decreasing significance within the previous study as seen from Fig.6.3. Although

the first two SNPs are extremely significant according to the WTCCC analysis by

the additive model, the significance of SNPs selected in further rounds fluctuates

greatly. Only after round 10 a steady decrease in -log(reference p-values) can be

observed in comparison with the first rounds.

Table 6.2: SNPs selected by stepwise regression, likeli-
hood ratio criterion

SNP name Location ∆likel. WTCCC SNP type cand. gene

rs74223445 6, 32604372 336.42 2.42e-134 intronic HLA-DQA1
continued on the next page. . .
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Table 6.2 – continued

SNP name Location ∆likel. WTCCC SNP type cand. gene

rs6679677 1, 114303808 56.06 1.16e-26 upstream
RP11-
426L16.1

rs2523691 6, 31420687 33.91 1.48e-10
within non
coding gene HCP5

rs17696736 12, 112486818 25.39 2.17e-15 intronic C12orf30
rs11171739 12, 56470625 19.32 1.14e-11 upstream OR9K1P
rs12924729 16, 11187783 15.38 2.21e-08 intronic CLEC16A
rs17388568 4, 123329362 15.16 5.00e-07 intronic ADAD1
rs9272723 6, 32609427 12.45 3.32e-128 intronic HLA-DQA1
rs203884 6, 28077374 11.83 1.51e-14 intergenic U2
rs2542151 18, 12779947 10.04 1.89e-06 intergenic GNAL
rs1595719 2, 154095977 9.95 0.00171 intergenic Y RNA
rs10807124 6, 33404064 10.23 2.74e-09 intronic SYNGAP1
rs415024 5, 9392358 9.85 0.000114 intronic SEMA5A
rs10863988 1, 212894474 9.92 0.000353 intergenic AC096637.1
rs9366216 6, 170676326 9.85 0.000420 intronic FAM120B
rs17230937 7, 45263634 9.55 0.00135 intergenic CAMK2B
rs2544677 5, 86399262 9.34 8.23e-06 intergenic NBPF22P
rs7097035 10, 21370420 9.09 0.000327 intronic NEBL
rs2666236 10, 33418872 8.75 2.12e-05 intergenic AL445071.1
rs12907720 15, 31897012 8.87 0.000298 intronic OTUD7A

The effect of 20 selected loci upon T1D phenotype is depicted in Fig.6.4.

The first two SNPs and rs9272723 have the most significant impact upon T1D.

All selected SNPs show some additive effect upon phenotype, although magni-

tude of the effect varies greatly from very large (rs9272346) to quite negligible

(rs17388568). In addition, the magnitude of effect does not always decrease in

more advanced model selection rounds. Apparently, some of the SNPs are se-

lected due to their interactions with other SNPs in the model or conditional

effect. To explore the conditional effects of SNPs further, I depicted interactions

of loci sequentially entering the model in Fig.6.5. Here each line corresponds to

a different genotype of the locus that was selected in the previous round. The

shape of line denotes the conditional effect on phenotype of the locus selected in

the current round. Thus, parallel lines correspond to the additive summation of

130



6.1 Stepwise Model Selection and Associations with T1D

Figure 6.2: Locations of SNPs selected by the stepwise regression (marked by

blue dots). Y axis corresponds to the number of round in which particular SNP

has been selected. The red dots indicate SNPs with p-values smaller than 10−8

in WTCCC study.
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Figure 6.3: P-values yielded by the additive model within previous WTCCC

study for the SNPs selected by the stepwise model selection by the number of

selection round. The purple line separates p-values smaller than 10−8.
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6.2 Association Discovery with Random Forest Method

the effects of two loci, while diverging lines correspond to some kind of interac-

tion. A striking example of an epistatic effect would be lines crossing in which

the proportions of cases to controls inverts for a particular genotype combina-

tion. The Fig.6.5 shows that in most cases SNP effects are summed over rounds.

Departures from additivity are mostly connected with relatively rare alleles (see,

for example, alterations of allele effects for rs2542151, rs9366216 and rs1595719).

Thus, the conditional effect of a SNP is mostly enhanced via adding together

several small SNP effects.

Similar study of conditional SNP effects was done for selected SNPs and five

strongest WTCCC study associations. The results in Fig.6.6 show similar ten-

dencies to Fig.6.5: effects are mostly additive with exceptions caused by rarer

alleles. More detailed analysis of the linkage disequilibrium and closeness of lo-

cation between selected SNPs and SNPs showing the strongest associations in

previous study indicates that each of the strong associations has at least one lo-

cus in the selected model that is close to a previously discovered SNP. In addition,

there is a very strong linkage disequilibrium between model SNPs and previous

associations. It seems that stepwise model selection methods are highlighting

other interesting variants within the linkage disequilibrium region of some well

known associations. However, not much new information is gained about these

regions, because in four cases out of six the linkage disequilibrium is perfect (see

panels without any lines). The lack of connections between genotypes is denot-

ing the lack of variance within genotypes after conditioning and clustering of all

conditioned genotypes at a single point. None of the previously known strong

associations enters the model twice or more frequently, apart from MHC region.

This is a favourable property for discovering novel associations.

6.2 Association Discovery with Random Forest

Method

WTCCC case/control data set containing nearly 2,000 cases and 3,000 controls

and over 300,000 SNPs passing quality filters was analysed using random forests.

Five different forests each containing 2,000 trees were built. The main difference
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6.2 Association Discovery with Random Forest Method

Figure 6.4: Effects of genotypes of selected SNPs upon the phenotype. Y axis

denotes the percentage of cases among all individuals having a particular geno-

type. The colour of dots depicting different genotypes is set according to the

genotype frequency (see the key for details). Small numbers in the centre of the

plot indicate the sequence in which SNPs are entering the model.
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Figure 6.5: Effects of genotypes of selected SNPs, conditioned upon previous

selected SNP. Each line corresponds to a different genotype of previous SNP. The

genotype of the previous SNP is distinguished by point shape. The colour of dots

indicates genotype frequency as before (see the key for details).
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Figure 6.6: Effects of genotypes of previously discovered SNPs, conditioned

upon SNPs selected by stepwise regression. The bottom triangle (the one with

a side coinciding with the bottom line of the small plot) indicates the linkage

disequilibrium, while the top triangle indicates the physical closeness of loci on

the genome. If the top triangle is missing, SNPs are on different chromosomes.

For the disambiguation of the colours see Fig.6.7.
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Figure 6.7: Colours used to depict the conditional effects of genotypes of previ-

ously discovered SNPs. Both linkage disequilibrium, absolute distance on genome

and the genotype frequency are coded by distinct shades of red.
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between them was the depth of trees used, which varied from 1 to 5. Thus, the

maximum number of SNPs in a single tree is 31 SNP corresponding to depth 5.

The first task that has to be done when processing random forest output is

determining the number of decision trees that is sufficient to explain the phe-

notype. To obtain this number cross validation based on out of bag samples

was performed and test error estimated. Fig.6.8 depicts test errors obtained for

different parameters.

As can be seen from the black lines in Fig.6.8, the best overall test error was

obtained with trees of depth 2, where it approached 40%. Similar test error was

obtained episodically with trees of depth 1, however later it stabilized at 45%.

Ensembles of trees with depth 5 yield test error that is very similar to trees

of depth 2. If the results are as similar as they are in the current experiment

for trees of depth 2 and 5, usually preference would be given to smaller trees.

However, predictions of trees of depth 5 are more consistent, because both cases

and controls get comparable prediction error from ensemble (cases reach 40%

and controls 45%). Such a consistency was not observed for ensembles of smaller

trees, where prediction accuracy for cases and controls is diverging heavily. In

addition, trees of depth 2 yield much larger test error for cases than controls,

therefore this ensemble is not very useful or informative despite the small overall

test error. The prediction error stabilizes around 800 trees within all ensembles.

It means that the optimum number of trees within an ensemble is 800 or more.

From the ensemble of trees of depth 5 1000 entities were selected for further

analysis, because test error converges to a constant level only after 800 trees.

Now that the optimum size of ensemble is determined it is possible to assess the

importance of particular SNPs in classification. The improvement in classification

induced by a particular SNP can be measured by the change in Gini index, as

described in previous chapter. If a comparison of SNP importance across all trees

is required, the Gini impurity measure of a node has to be rescaled by the size of

a node in terms of the number of measurements belonging to it. Otherwise large

nodes are penalised for having to deal with large sample sizes which are harder to

classify. Such a rescaling is also used when the goodness of a whole tree instead

of a single split is assessed and Gini impurities are summed (Hastie et al., 2008).

The distribution of node sizes for each depth of a split is depicted in Fig.6.9 The
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Figure 6.8: Test errors for various sizes of random forest and various sizes of

decision trees. Black line corresponds to the overall test error, while the blue line

denotes prediction error for cases and the green line depicts prediction error for

controls. The gray line in the middle indicates 50% test error.
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Figure 6.9: Boxplots of node sizes by the depth of a node within a tree.
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figure indicates that trees within random forest are well balanced, because the

mean size of a node decreases exponentially when the depth is increased. Also the

variance of node size gradually decreases together with increase in depth, which

is another proof of balancedness of trees. Nevertheless, there are more outliers

for larger depths: a phenomenon that is probably unavoidable due to the large

node count for these depths and accumulation of unbalancedness from previous

levels.

Fig.6.10 shows SNPs selected by random forest algorithm, split by the depth

of node in the tree, sorted by their Gini impurity. On the lower panels, the Gini

score is plotted against the ranking of the SNPs by this measure. The plots for

various depths only differ between nodes in the tails, with the nodes of depth 1

showing a thicker left hand tail, indicating that there are more ”important” SNPs

selected in the first split. Right hand tails become longer at depth 5: apparently

there are more relatively unimportant SNPs emerging at this depth.

The upper panel of Fig.6.10 depicts p-values of previous WTCCC study for

SNPs selected by random forest algorithm. P-values yielded by additive model

are shown. SNPs are ranked according to their importance within random forest,

where importance itself can be read from the plots in the lower panel. Interest-

ingly enough, not all highly ranked SNPs from random forest have small p-values

in the previous study. It means that the model selection method used helps to

discover SNPs that are good classifiers of disease status, but whose effect never-

theless cannot be adequately captured by additive model or, alternatively, whose

unimportance in previous study is caused by a small subset of individuals that are

probabilistically omitted in the sampling process to generate trees. Despite the

noticeable diversity of p-values there is a strong correlation between the rank of

SNP within random forest and p-value in previous study. This correspondence is

rather pronounced for splits of depth 1, while it gradually deteriorates for deeper

splits. Also the total number of SNPs with low p-values in WTCCC study is

larger for splits at smaller depth. This tendency is rather pronounced despite

the fact that the total number of SNPs involved in partitioning of nodes is ex-

ponentially increasing with the depth of split. It seems that the effects of SNPs

emerging at deeper levels of trees are highly conditional upon the effects of SNPs

at previous levels. Therefore many SNPs brought to forefront later in the tree
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Figure 6.10: SNP importance as measured by weighted improvement in Gini

impurity index and comparison with p-values of additive model from WTCCC

study. SNPs are ranked by the Gini index both in upper and lower panel.
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Figure 6.11: SNP importance as measured by the number of occurrences of a

SNP within random forest and comparison with p-values of additive model from

WTCCC study. SNPs are ranked by the number of occurrences.
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building process could not be discovered with simple additive model previously.

Nevertheless, the most important SNPs are still rather consistent among both

studies and appear quite early in the tree building process.

Another, less elaborate and simpler, way of assessing the importance of a SNP

within a random forest can be based on counting the occurrences of each SNP

within ensemble of trees. If a SNP is included in the ensemble twice, it means

that it has been the best predictor among nearly 600 SNPs two times ([
√
p]

used in the tree building algorithm is nearly 600) and also the best predictor

for two different subsamples of individuals. It is very unlikely that a SNP gets

included in the ensemble several times due to chance connected with individual

subsampling and using only a subset of SNPs for splitting a leaf. Therefore

such a repeated occurrence of the same SNP within ensemble can be strongly

suggestive for an association. The comparison of p-values of WTCCC study and

SNP occurrences within random forest in Fig.6.11 shows that larger number of

occurrences is strongly correlated with high p-values of additive model. The

correlation observed is more notable than the linear relationship between rank

of scaled Gini impurity and p-values yielded by the same model. However, the

correlation with p-values becomes very weak when the number of occurrences is

low (2 or 1), as can be seen from the plots of deeper splits (from 3 onwards).

Gini impurity measure seems to be more sensitive and precise, because even the

tails of low rank SNPs show some correlation with p-values. The plot of SNP

occurrences in Fig.6.11 is divided by the minimum depth of all splits induced by a

particular SNP. It seems that the depth of a split does not affect the relationship

between the number of SNP’s occurrences and p-values of additive model.

Examination of p-value distributions for each number of SNP occurrences in

Fig.6.12 confirms the strong relationship between both SNP importance metrics.

The average p-value for a particular number of SNP occurrences monotonically

increases together with increasing number of occurrences (the only exceptions

are small jumps downwards from 7 to 8 and 9 to 10). However, more striking

feature is the low variance of p-values and the lack of outliers for any particular

occurrence number apart from the lowest ones. It means that SNP occurrences

within random forest are a consistent predictor of an association strength. The

most interesting are SNPs with 4 occurrences, because their p-values are a bit too
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Figure 6.12: Boxplots of p-values of additive model from WTCCC study by the

number of occurrences of a SNP within random forest.
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Figure 6.13: Locations of SNPs in random forest and the largest weighted im-

provement in Gini impurity induced by a SNP. Red dots indicate SNPs with

p-values smaller than 10−8 in WTCCC study, blue dots correspond to the Gini

index peaks, while green dots refer to the meta-analysis associations (dark green

- replicated, light green - non-replicated).
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high to be proclaimed significant after Bonferroni correction, nevertheless their

consistent emergence in random forest is suggestive for a moderate association.

These SNPs are candidates for association with T1D that have to be explored

further.

Now that the SNP importance within random forest is assessed it is interest-

ing to look at the genomic locations of the most significant SNPs. In Fig.6.13 a

map of human genome is shown together with the improvement in Gini impurity

yielded by each SNP of random forest. All genome regions having SNPs passing

the quality filters are represented in the random forest. Homogeneous coverage

of genome indicates that random forest algorithm is producing sufficient amount

of variation within and among trees, and that there is no systematic bias gen-

erated by the method with respect to the genomic location. For most part of

the genome Gini impurities do not exhibit any peaks, nevertheless there are a

few notable clusters of SNPs associated with large improvements in Gini index.

The densest cluster is located on chromosome 6, at approximately 30Mb. This

cluster corresponds to the MHC region. Another important peak is located on

chromosome 1, at 114Mb, which is the region of PTPN22 gene. Chromosome 12

has two regions of highly important SNPs: one close to 56Mb and another close

to 112Mb (see Fig.6.13). Both regions are well known from previous association

studies, including that of the first WTCCC data analysis. Chromosome 16 has

one cluster of significant SNPs as well. It is located around 11Mb and has been

reported in the results of previous WTCCC study. Overall the results of previous

WTCCC study have been replicated successfully.

Apart from highly significant SNPs mentioned above there are also several

clusters comprised of SNPs of moderate significance. There are two such re-

gions on chromosome 1, around 35Mb and around 105Mb. Chromosome 4 has

some evidence of association at a broader region spanning from 120Mb to 130Mb

(Fig.6.13). Chromosome 6 has some outlying SNPs at 140Mb, however, the cor-

responding peak is not very high. There is a single SNP giving large improvement

in Gini impurity on chromosome 8, at 55Mb. Both chromosome 10 and 11 have

distinct association regions. They are situated at 90Mb (chromosome 10) and

at 4Mb and 132Mb (chromosome 11) correspondingly. Chromosome 12 has an

additional region of significant SNPs at 15Mb. The SNPs are not clustered as
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Figure 6.14: Locations of SNPs in random forest and the number of occurrences

of a SNP within forest. Red dots indicate SNPs with p-values smaller than 10−8 in

WTCCC study, blue dots correspond to the loci with high number of occurrences

within random forest. 148
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Figure 6.15: Associations on chromosome 12: comparison of different approaches

towards evaluating the significance of a locus. The colours of the dots are as in

previous plots.
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densely here as they are within other association regions on chromosome 12, and

the region is rather broad, starting with a small peak around 10Mb. There is a

notable area of important SNPs at 23Mb on chromosome 13. As for the remain-

ing chromosomes, there is a moderate evidence of association on chromosome 15

at 90Mb.

It is interesting to compare the set of associations found by random forest

algorithm not only with the initial analysis of WTCCC data set, but also with

subsequent meta-analyses that incorporate the case/control data from WTCCC.

The meta-analysis done by (Barrett et al., 2009) was chosen for the comparison

due to the large amount of novel loci yielded by this analysis. In total 24 novel

loci were proposed and 18 of them were validated by a replication study (Barrett

et al., 2009).

There are a few intriguing overlaps between peaks yielded by random forest

method and the meta-analysis. The tightest overlap can be observed on chromo-

some 10 at 90Mb. Interestingly enough, the p-value obtained from the analysis

of the WTCCC data set alone is as large as 1.4×10−3. Even association p-values

yielded by separate analysis of other data sets participating in the meta-analysis

are smaller. Another case of closely located peaks can be seen on chromosome

12. The region from 10Mb to 15Mb encompasses both an association proposed

by meta-analysis and also an association yielded by random forest algorithm.

Slightly more distant are peaks on the chromosome 6 that do not belong to the

MHC region: the meta-analysis has highlighted the region around 127Mb, while

the current random forest analysis has yielded a cluster of SNPs close to 140Mb.

Despite the fact that there are no other coincidences with the results of meta-

analysis, the set of overlapping peaks suggests that on some occasions random

forest approach can be equally powerful to the meta-analyses, even in cases when

the p-value from the standard additive model is rather insignificant.

The analysis of locations of SNPs with large number of occurrences in ran-

dom forest confirms most of the association regions already seen in the Fig.6.13

showing the improvement in Gini impurity. The most important SNPs are even

more distinct from the background in Fig.6.14, among them MHC region, region

on chromosome 1 around 114Mb and another region on chromosome 12 around

112Mb. Previously known association region on chromosome 16 at 11Mb appears
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6.2 Association Discovery with Random Forest Method

to be less important by the number of occurrences than by the Gini index, though

it is still noticeable in Fig.6.14.

Not all moderate associations according to the improvement in Gini impurity

reemerge in Fig.6.14 according to the number of SNP occurrences. For example,

moderate associations on chromosomes 1, 6, 8, 12 and 15 are lost in Fig.6.14.

Nevertheless, associations on chromosomes 4, 11 and 13 clearly hold according

to the number of occurrences, with an exception of the association around 4Mb

on chromosome 11 that was confirmed by Gini index only. In addition, there are

several novel association regions on chromosome 2, around 115Mb and 235Mb,

on chromosome 4 at 86Mb and on chromosome 5 (81Mb). In comparison with

Fig.6.13 the peak on chromosome 10 is shifted from 90Mb to 60Mb (most probably

these are two different regions). Yet another novel association can be observed

on chromosome 20 at 23Mb.

The example of chromosome 12 in Fig.6.15 illustrates how both approaches

towards ascertaining the SNP significance relate to each other. There is no dif-

ference between both criteria in replicating the strongest associations. However,

there can be subtle discrepancies between the sensitivity of these methods to-

wards detecting more moderate associations. Although there is a peak at the

locus identified by meta-analysis in both plots within Fig.6.15, the association

seems to be weaker according to the number of occurrences.

Table 6.3: SNPs with at least 4 occurrences in random
forest: location and type of a SNP

SNP name Location Gini Occ. SNP type closest gene

rs17013326 1, 114089316 9.72 4 intronic MAGI3
rs1113523 1, 114129474 11.18 6 intronic MAGI3
rs1230658 1, 114218451 13.94 8 intronic MAGI3
rs1230649 1, 114244177 14.69 7 intronic PHTF1
rs6679677 1, 114303808 27.41 17 upstream RP11-426L16.1
rs1217396 1, 114338236 11.42 4 intronic RSBN1

rs2488457 1, 114415368 13.45 8
within non
coding gene AL137856.3

rs3132057 2, 115023640 8.72 4 upstream AC016683.1
continued on the next page. . .
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Table 6.3 – continued

SNP name Location Gini Occ. SNP type closest gene

rs10167927 2, 235550321 7.80 4 intergenic UGT1A8
rs425196 4, 86255297 10.71 4 intergenic NKX6-1
rs10015924 4, 123019620 12.86 4 intergenic TNIP3
rs17048453 4, 137005752 7.55 4 intergenic U6
rs1566630 5, 81207413 9.55 4 intergenic RASGRF2
rs523383 6, 25869848 8.26 4 intronic SLC17A3
rs9379851 6, 26354780 12.44 4 upstream LRRC16A
rs6933583 6, 26355283 6.14 4 upstream LRRC16A
rs9393708 6, 26362643 15.48 5 upstream LRRC16A
rs9358932 6, 26362705 8.81 4 upstream LRRC16A
rs10456045 6, 26404958 13.81 8 intronic BTN3A1
rs742090 6, 26415637 11.48 8 downstream LRRC16A
rs7763910 6, 26472655 10.66 5 intronic BTN2A1
rs4358615 6, 26998567 11.17 6 downstream HIST1H1PS2
rs12190473 6, 27024687 13.96 7 downstream HIST1H4B
rs7451149 6, 27057518 12.36 4 intergenic HFE
rs200481 6, 27773832 16.12 8 upstream AL591044.3
rs201002 6, 27808192 13.19 9 upstream AL133255.3
rs200991 6, 27815494 13.84 6 intergenic AL133255.3
rs149946 6, 27970031 11.55 5 intergenic AL590062.3
rs149970 6, 27980220 10.50 4 upstream AL590062.3
rs9393881 6, 28023751 14.30 7 upstream AL590062.4
rs203884 6, 28077374 15.33 10 intergenic U2
rs17711344 6, 28077602 9.95 5 intergenic U2
rs1225709 6, 28103648 8.02 4 intronic AL358933.2
rs1233704 6, 28166923 12.28 7 intergenic AL121934.1
rs1233699 6, 28169158 7.27 4 intergenic AL121934.1
rs17720293 6, 28214698 10.95 5 intronic ZKSCAN4
rs2859365 6, 28391465 10.37 6 intergenic ZNF184

rs2523691 6, 31420687 15.33 7
within non
coding gene HCP5

rs9272723 6, 32609427 109.62 23 intronic HLA-DQA1
rs10807124 6, 33404064 11.14 5 intronic SYNGAP1
rs7922854 10, 58750903 7.13 4 intergenic ZWINT
rs1065 11, 132273416 9.63 5 intergenic OPCML
rs1873914 12, 56379427 8.55 4 intronic RAB5B
continued on the next page. . .
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Table 6.3 – continued

SNP name Location Gini Occ. SNP type closest gene

rs705702 12, 56390636 11.83 5 upstream NEUROD4
rs11171739 12, 56470625 14.13 4 upstream OR9K1P
rs2292239 12, 56482180 14.69 7 intronic ERBB3
rs886125 12, 111365324 10.32 4 intergenic GIT2
rs4766442 12, 111401693 8.57 4 intergenic GIT2
rs10774613 12, 111546165 7.70 5 intronic CUX2
rs659964 12, 112130199 11.40 5 intronic ACAD10
rs7114 12, 112460749 9.28 4 3 prime UTR ERP29
rs4767293 12, 112463296 10.33 4 downstream CUX2
rs17696736 12, 112486818 13.34 9 intronic C12orf30
rs1965297 12, 116173802 5.09 4 intergenic AC026765.1
rs9634385 13, 23638279 10.73 4 intergenic AL136962.2
rs12924729 16, 11187783 10.79 4 intronic CLEC16A

rs844888 20, 23106737 8.65 4
within non
coding gene RP4-737E23.1

The coincidence of association regions according to the number of SNP oc-

currences with those yielded by the meta-analysis by (Barrett et al., 2009) is

less pronounced than the coincidence with Gini impurity peaks. Therefore the

results from the meta-analysis are not highlighted in Fig.6.14. The loss of corre-

lation could be explained by the relationship between WTCCC p-values and the

number of occurrences within random forest (see Fig.6.12). As the meta-analysis

associations that were discovered by Gini impurity have insignificant p-values in

the initial analysis, it is of no surprise that these locations were not significant

due to the number of occurrences.

It is interesting to look at the candidate genes located near associated SNPs

and their possible functional roles. In Table 6.3 the gene that is closest to the

associated locus is depicted in a separate column. Significant SNPs on chromo-

some 1 are very close to the association region known before and encompassing

PTPN22 gene. There are two distinct regions on chromosome 2 included in the

Table 6.3. The first of these regions hits the locus of non-coding RNA. The sec-

ond region is slightly more interesting, because it is located nearby gene coding

UDP-glucuronosyltransferase 1-8 precursor. CTLA4 gene is not very close to any
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of the SNPs on chromosome 2 emerging from the current study. Also chromosome

4 has three association regions that are not too far from each other. The middle

region practically replicates association with genes IL2-IL21 and has gene coding

TNFAIP3-interacting protein 3 nearby. Close to the first region on chromosome 4

there is a gene coding NKX6-1 homeobox protein Nkx-6.1. Chromosome 5 yields

a single candidate gene coding Ras-specific guanine nucleotide-releasing factor 2.

This region is clearly distinct from chromosome 5p13 yielding associations both

with T1D and Graves’ disease. A multitude of associations on chromosome 6

can be divided into two broad blocks, the first being related to the well known

HLA-DQA1 gene and another spanning over the histone cluster next to the MHC

region. The associated SNP on chromosome 10 is located close to a gene coding

ZW10-interacting protein 1 and far from previously reported moderate/suggestive

association on 10p15 with both T1D and RA. Quite unexpectedly, association on

chromosome 11 hits gene coding OPCML neurotrimin precursor. At the same

time insulin locus INS on chromosome 11 is not included into association list.

Previous WTCCC study was not able to replicate association with INS locus

as well due to poor coverage of SNP genotyping. SNPs on chromosome 12 can

be divided into two distinct regions, where the most interesting gene within the

first region is that which is coding neurogenic differentiation factor 4 (the asso-

ciated SNP is located upstream from this gene). This region replicates known

association on chromosome 12q13. The second cluster of SNPs on chromosome

12 is situated next to another association discovered previously, namely that on

chromosome 12q24. The association on chromosome 13 is novel though not very

interesting, because it hits intergenic region without any genes nearby. The region

on chromosome 16 is a replication of an association within chromosome 16p13

discovered in WTCCC study. At last a novel region on chromosome 20 is located

within a non coding gene.

By taking the genes within 20KB of SNPs with at least 4 occurrences in

random forest, I then applied two different functional classification systems; the

DAVID system (DAVID) and the g:profiler system (g:Profiler; Reimand et al.,

2007).

The most significant functional cluster consisted of genes from the MHC re-

gion, which have previously been reported to be associated with T1D risk (Cooper
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et al., 2008; Todd et al., 2007; Wellcome Trust Case Control Consortium, 2007).

The p-values for the genes inside this cluster reached value as high as 4.6× 10−8

and the enrichment score was 4.95. MHC molecules have a significant role in

specific immunity and in certain types of autoimmunity, because they present

antigens to the T cells. The presentation is done via T cell receptors. After

successful T cell receptor cross-linking and antigen presentation T cell activation

can take place, where activation means proliferation and production of certain

cytokines (IL-2 and others).

The second strongest functional association (highest p-value 4.02× 10−5, en-

richment score 2.46) was to chromatin related function, but this is due almost en-

tirely to a histone cluster sitting close alongside the MHC region in chromosome 6.

Nucleosome assembly, chromatin assembly, DNA packaging, protein-DNA com-

plex assembly, methylation, DNA-binding and some other similar functions are

included in this enrichment set. The histone cluster mentioned above seems to

be involved in gene regulation via histone modifications. The amount of MHC

molecules available for capturing and presenting antigens can be regulated thus.

The regulatory aspect could explain the emergence of this function in the context

of the genetic associations with T1D. Interestingly enough, the gene with the

smallest p-value within this cluster is associated with systemic lupus erythemato-

sus (SLE) risk. SLE is characterized by the immune damage mediated by type

III hypersensitivity. This type of hypersensitivity is caused by autoantibodies

produced by B2 cells. B2 cells work together with T cells and incorporate high

affinity IgG antibodies, which are narrowly specialized. Thus, despite different

aetiology of T1D and SLE, some of the disease causing mechanisms (specialized

antibodies and involvement of T cells) seem to be related and therefore might

yield similar functional enrichments.

A number of other associations, such as a structural propensity for immunoglob-

ulin domains are also driven by this large association on the boundary of the

MHC. Immunoglobulins IgG, IgM, IgA, IgD and IgE are part of B lymphocytes

and determine the specificity of binding for B cell to antigen. This is directly

related to the structural propensity for immunoglobulin domains, a function for

which the cluster is enriched. B cells typically present antigens to CD4+ T cells

via MHC. CD4+ T cells in turn are involved into the autoimmune destruction
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mechanism characteristic for T1D (Gorodezky et al., 2006). This seems to be the

link between this functional enrichment cluster and associations with T1D.

An intriguing additional association was to neuronal/glial development (4

genes in total, spread over different chromosomes). The enrichment score for this

cluster was 1.52 and the largest p-value for a gene was 0.0043 making it the third

most significant functional category. Genes within this cluster are related to glial

cell differentiation, gliogenesis, neuron differentiation and cell surface receptor

linked signal transduction. Defects in gliogenic pathways are characteristic for

multiple sclerosis (MS). MS is typically defined by the depletion of myelin that is

necessary for axon insulation and defects in myelin sheaths around axons. The

depletion is caused by T cells attacking myelin cells according to the autoimmune

pathway. It can be hypothesized that this functional cluster encompasses genes

and autoimmune pathways that are shared by T1D and MS. Genetic factors in

common for MS and T1D are well known. For example, MHC region encompasses

variants increasing risk of both T1D and MS (Alcina et al., 2009). This is not

surprising considering the role of T cells in the aetiology of both diseases. Also

IL2RA gene has distinct causative variants for T1D and MS (Alcina et al., 2009;

Lowe et al., 2007; Qu et al., 2007b; Vella et al., 2005). A shared allele within

CD226 gene is related to both diseases as well (Hafler et al., 2009).

Comparison of results obtained by random forest algorithm and stepwise

model selection shows that both methods are good at replicating known asso-

ciations. Of course, this statement is true if the specific data set permits to

discover them by sufficient genotyping density (see discussion about INS locus).

Random forest method produces more variation within discovered associations,

however it lacks the precision of stepwise model selection. It can be seen both

from the replicated associations and the fact that novel associations hit intergenic

regions and non-coding genes. As the random forest algorithm uses individual

subsampling and smaller subsets of SNPs, hitting non-causative variants within

linkage disequilibrium by chance can be expected. Thus, it can be suggested as an

efficient and fast method to discover novel candidate loci, however, more detailed

follow up studies are necessary or, alternatively, other statistical methods should

be used to postprocess the output of random forest algorithm.
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Chapter 7

Conclusions

The thesis is devoted to the understanding of the genetic components underlying

various phenotypes. First, traits characterizing early development of fruit fly

are studied, with a particular focus upon oogenesis and nurse cell development

throughout oogenesis. Second, the disease aetiology of type 1 diabetes in humans

is elucidated using various model selection approaches and case/control data from

WTCCC.

The quantitative characterization of fruit fly development requires deciding

upon the method of the phenotype collection and then upon the approach to-

wards phenotype measurement. Trait quantification is a particularly subtle task,

because the nearly isogenic lines studied here are all wild type and therefore do

not exhibit severe mutations or easily distinguishable phenotypes. A novel ap-

proach towards defining developmental traits is proposed, which is based on the

optical microscopy techniques and a pipeline of image analysis algorithms. A

set of suitable metrics for the quantitative characterization of a phenotype is sug-

gested, most of them based on rotationally invariant image moments, for instance

Zernike moments, and others describing geometric features and texture.

The association study for the oogenesis phenotypes is among the first ones

for Drosophila melanogaster that is making use of nearly 6 million SNPs now

available from (Drosophila population genomics project, 2010). Two types of

models are used for linking the genotype and phenotype information, namely the

non-parametric Mann-Whitney test and the mixed model nested Anova test that

takes into account the hierarchical structure of trait measurements (levels of a
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single line, image and nurse cell). The results yielded by the non-parametric

Mann-Whitney test imply that the number of fly lines is insufficient for a test

that ignores several levels of nested trait measurements, because there is strong

evidence for low statistical power. The results obtained by the parametric Anova

models show that this approach has much more statistical power than the Mann-

Whitney test. However, some false positives were noticed among the highest

association peaks, which turned out to be a consequence of the violations of the

model assumptions. To avoid claiming false associations due to the incorrect

asymptotic behaviour of the model the most promising candidate loci were sub-

jected to the permutation tests shuffling the line labels. Interestingly enough,

traits with at least one association confirmed by the permutation test also had

small p-values by the non-parametric Kruskal-Wallis test. In addition, traits

with false positive associations due to the violated model assumptions had large

Kruskal-Wallis test p-values. It means that the Kruskal-Wallis test can serve as

a robust and reliable predictor of the phenotype’s potential in the association

study.

The association study for early developmental phenotypes in Drosophila melanogaster

has yielded 5 candidate loci for 5 different traits. Most of the associated traits

characterize the distribution of DNA within the cell nucleus, apart from the cell

nuclei compactness. The majority of loci discovered either directly hit or are

nearby important developmental genes. This finding together with results of

permutation tests confirms the significance and validity of the associations dis-

covered. However, the study is still somehow lacking in statistical power to serve

as a final proof of the genotype/phenotype relationship. Therefore an extra round

of experiments to augment the set of phenotype measurements is suggested and

will be carried out within the near future. The aim of the additional work is to

analyse 40 new Drosophila melanogaster strains coming from the same isogenic

population. The analysis itself can be improved by using the newly resequenced

Drosophila melanogaster genomes, which can provide more accurate SNP infor-

mation and thus add both to statistical power in association discovery and also

to the precision of fine mapping of loci.

The full potential of the phenotypes collected has not yet been exploited. The

current study aims at in depth analysis of traits relevant to nurse cells. However,
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more information can be extracted and additional traits can be defined from oskar

localization patterns and characteristics of oocyte. As the image analysis pipeline

is fully established, adding several new traits is not such a complicated task and

will be done in the near future as well.

Type 1 diabetes was selected as the focus of the reanalysis of the WTCCC

case/control data set due to the large amount of genetic factors affecting this

disease and its complicated aetiology. The factors influencing T1D risk, various

model selection techniques and their potential in improving the discovery of the

associations of moderate strength were studied.

The association study methods considered in this work exploit the idea of

conditional modeling of the effects of a locus upon a disease, where conditioning

on other loci already known to affect the disease is used. Composite models

incorporating several loci are important when a few distinct variants have to be

selected within a linkage disequilibrium region, because conditional genome scans

avoid allele patterns similar to those already present in the model. Also the power

of association discovery can be increased thus, because moderate associations are

enhanced after taking into account the effect of the strongest associations. These

properties of conditional methods become even more favourable as the SNP maps

become denser.

Two distinct modeling approaches were applied to the WTCCC case/control

data, namely stepwise regression and the random forest algorithm. The first

of these methods is a deterministic model selection algorithm, while the second

method relies on a probabilistic model selection mechanism based on the subsam-

pling of individuals from case and control subsets. Deterministic model selection

techniques are known from association studies on model organisms exploiting

microsatellite markers and sparse marker maps. However, these methods are

traditionally avoided in large scale association studies, mostly due to the compu-

tational challenges they present. Probabilistic model selection is explored only

within a few association studies.

The application of these model selection methods to the analysis of case/control

data for type 1 diabetes has led to the conclusion that various methodologies of

model building do not influence the success in replication of previous associations

considerably, because all models replicated previous associations well. It means
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that the main factors affecting the results of replication studies are population

stratification and specific characteristics of the population studied instead of par-

ticular approach taken for statistical analysis. It is worth noting that the random

forest algorithm successfully replicated moderate associations as well as the five

strongest associations. Apparently, probabilistic model selection is more sensi-

tive towards weaker association signals due to the repeated sampling. However,

stepwise model selection exhibits more precision in replicating.

How many novel associations can be added via using particular model selec-

tion methods? The stepwise regression added at least 5 novel loci to the replicated

associations. All of the new associations exhibit relatively small p-values in the

previous analysis of WTCCC data set, which nevertheless are not good enough

for these loci to be discovered by a simple additive model. Thus the novel loci

have emerged due to increased statistical power after conditioning upon loci al-

ready known. The significance of SNPs within the model yielded by the random

forest algorithm is rather consistent with the p-values of the previous analysis.

However, there are a few novelties, for instance the SNPs on chromosomes 5, 11,

13 and 20. Three association regions that were discovered by the random forest

method coincide with the replicated results of the meta-analysis incorporating

WTCCC data. It is a good indicator of the sensitivity of the proposed method.

Rather surprisingly some of the discovered associations are functionally related

to neuronal and glial development. Further explorations of the location of these

SNPs and corresponding candidate genes is necessary.

Overall the model selection methods applied to the study of T1D show enough

potential in association discovery to be applied to other common diseases within

the WTCCC data set. It means that using better models can be helpful in

elucidation of more meaning from the same data.
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Appendix A

Trait Variability within and

between Drosophila

melanogaster Lines, Split by

Developmental Stage
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Figure A.1: Traits characterizing nurse cells, stage 9. Numbers on x axis corre-

spond to Drosophila melanogaster lines, while y axis denotes trait value. Kruskal-

Wallis test p-value and between line variance is indicated below each trait panel.
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Figure A.2: Traits characterizing nurse cells, stage 10. Numbers on x axis

correspond to Drosophila melanogaster lines, while y axis denotes trait value.

Kruskal-Wallis test p-value and between line variance is indicated below each

trait panel. 183
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