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Summary

Studies of gene-environment interactions (GxE) hlagen considered important owing to
their scientific and public health implications.deed, many common complex diseases
including inflammatory bowel disease (IBD) are pmaed to rely on both genetic (G) and
environmental (E) risk factors. One major challebg&xE studies is the insufficient power
of traditional epidemiological study designs. A traditional approach, the case-only (CO)
design, has been proposed as a potentially effiggategy to assess GxE. Previously, the
CO approach was shown to provide better per-sangme/er compared to other
epidemiological study designs including case-cdrdaracohort designs. This approach relies
upon two key assumptions, namely that (i) the diseia sufficiently rare in the general
population and that (i) G and E are uncorrelatedhe general population. When these
assumptions are valid, departures from a multipliearelative risk model, colloquially
known as a ‘multiplicative interaction’, can be kaaded by testing the association between G
and E in cases only. Therefore, in contrast to -casérol studies, CO studies require
genotype and exposure information from a set afcidfd individuals alone (‘no controls’) to
track down the underlying GxE. In the past, CO ssidf GXE usually followed a candidate
(or single-) gene approach, but their utility omgee-wide level remained unexplored.

This thesis addresses two important issues thdttrpigtentially affect the genome-wide CO
studies of GxE. First, linkage disequilibrium (LDjas been exploited in genome-wide
association studies (GWAS) to indirectly infer tbausal variants. Using an analogous
approach, this thesis explores the role of LD imfation for the detection of GxE following a
CO study. It is shown that single nucleotide polypimsms (SNPs) in LD with a truly
interacting SNP can be used as proxies to indyréictér the respective GxE signal. Second,
population stratification (PS) is a well-known couhder in GWAS, but its impact on the
validity of CO studies of GXE has not been studredetail. Therefore, another major focus
of this thesis was to examine the PS scenarioshwigicder CO studies of GxE invalid and to
explore alternative means to correct for PS. It ¥easd that the CO approach provided
seriously inflated type | error rates under joinasfication by G and E. Moreover, it is shown
that genomic control-based methods can be sucdlgssfuployed to correct for PS in CO
studies. Finally, the improved CO approach wasieggdb a real IBD data set to search for
potential gene-smoking interactions in IBD at tleegme-wide level. This study identifies 42
SNPs with strong evidence of an interaction witlokimg in IBD.

In summary, the issues addressed in this thesisadal to an improved understanding of the
genome-wide utility of the CO approach. It was shdhat the future research of GXE may
safely adopt a CO approach to exploit existing GWHaE sets. At the same time, this work
suggests that relevant data resources should dignaira at comprising large numbers of
cases for whom genetic and environmental exposat& ihay be easier to obtain than for
controls or patient relatives.



Zusammenfassung

Die Untersuchung von Gen-Umwelt-Interaktionen (GxE)d aufgrund ihrer Bedeutung fir
die Grundlagen- und klinische Forschung als wichdiggesehen. Bei Volkskrankheiten
einschlief3lich der entziindlichen Darmerkrankungmgl; inflammatory bowel disease, IBD)
wird vermutet, dass sowohl genetische (G) als autveltbedingte (E) Risikofaktoren eine
Rolle spielen. Eine grof3e Herausforderung fur Gxiien ist die unzureichende statistische
Power bei klassischen epidemiologischen StudiegdssiEine mogliche Strategie GXE zu
untersuchen, bietet das nicht-traditionelle Cadg-@DO) Design. Es konnte gezeigt werden,
dass der CO-Ansatz im Vergleich zu anderen epidegiachen Studiendesigns, wie Fall-
Kontroll- oder Kohortenstudien, eine hdhere stististe Power erreichen kann. Dieser Ansatz
beruht auf zwei wesentlichen Annahmen: (i) die Kraait ist in der Allgemeinbevoélkerung
selten, und (ii) G und E sind in der Allgemeinbéwiling voneinander unabh&ngig.

Wenn diese Annahmen gultig sind, konnen Abweichong®n einem Modell mit
multiplikativen relativen Risiken, gemeinhin alsuftiplikative Interaktion’ bezeichnet, durch
das Testen der Assoziation zwischen G und E ausBtibh in einer Studie an Patienten
Uberprift werden. Im Gegensatz zu Fall-Kontrollds¢n erfordern CO-Studien die Genotyp-
und Expositionsinformationen lediglich von Betrofén (keine Kontrollen) um die zugrunde
liegenden GxE zu detektieren. In der Vergangenheitden CO-Studien fur GxE in der
Regel im Rahmen von Kandidaten- (oder Einzel-) Sardien durchgefuhrt, aber ihr Nutzen
auf genomweiter Ebene ist weitestgehend unerfarscht

Die vorliegende Dissertation befasst sich mit zwachtigen Fragen, die den Einsatz
genomweiter CO-Studien fur GXE betreffen. Einesseitird Kopplungsungleichgewicht
(engl. linkage disequilibrium, LD) in genomweitersgoziationstudien (engl. genome-wide
association studies, GWAS) genutzt, um indirektldiasalen Varianten zu ermitteln. Unter
Verwendung eines analogen Ansatzes untersucht Arbs# die Rolle der LD-Informationen
fur den Nachweis von GXE in einer CO-Studie. Esdwgezeigt, dass single nucleotide
polymorphisms (SNPs), die mit einem wirklich intgiexenden SNP im LD sind, als Proxy
dienen konnen, um das jeweilige GxE Signal zu iflemren. Andererseits ist
Populationsstratifikation (PS) ein bekannter Skidain GWAS, doch ist ihre Auswirkung
auf die Giltigkeit von CO-Studien fur GXE nicht f@ichend untersucht. Daher ist ein
weiterer Schwerpunkt dieser Arbeit, CO-Studien zxEGeziglich ihrer Giltigkeit in PS-
Szenarien zu prifen und Methoden zu finden, uniPfizu korrigieren. Es wird gezeigt, dass
der CO-Ansatz bei Stratifikation sowohl beziiglictals auch bezlglich E eine Erhéhung der
Typ-I-Fehlerrate mit sich bringt. Dariiber hinausrdvigezeigt, dass Verfahren die auf
genomischer Kontrolle (engl. genomic control, G@kibren, erfolgreich eingesetzt werden
konnen um fur PS in CO-Studien zu korrigieren. B@ich wird der verbesserte CO-Ansatz
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ZUSAMMENFASSUNG

auf Daten aus einer Studie zu IBD aus einer Stuieangewandt, um potenzielle
Interaktionen genetischer Faktoren mit Rauchen garfomweiter Ebene zu untersuchen.
Diese Studie identifiziert 42 SNPs mit starker Evid auf eine Interaktion mit Rauchen bei
Patienten mit IBD.

Zusammenfassend tragt diese Arbeit dazu bei, disveAdung des CO-Designs fur
genomweite Studien zu verbessen. Es wird gezeags thei zukinftiger Erforschung von
GXE CO-Ansatze fir bestehende GWAS Datensatze glematrden kénnen. Gleichzeitig
wird empfohlen, bei relevanten Fragestellungen endglichst groRe Anzahl an Fallen zu
rekrutieren, da fur diese genetische Daten und Utfakéoren leichter zu erheben sind als fur
Kontrollen oder Verwandte von Patienten.
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Preface

The work described in this thesis focuses on tse-camly (CO) design and its utility to assess
gene-environment interactionSXE) on a genome-wide level. Specifically, the follogitwo
iIssues are addressed in this thesis:

I. How does linkage disequilibrium (LD) affect the pawto detect an underlying GxE
following a CO study on genome-wide level?

ii. How does population stratification (PS) impact ugbe validity of CO analysis of
genome-wide GxE?

Chapter 1 introduces the key concepts and issugesskd in this thesis. The motivation
behind this work is provided at the beginning (ectl.1). The genome-wide association
studies are introduced (section 1.2). Further,cdbwecept ofGxE is illustrated and the CO
design is introduced (section 1.3). The major emgles encountered by genome-wide GxE
studies particularly when using a CO approach aseribed (section 1.4).

The core of this thesis is formed of three pubiare listed in Chapter 2. There the original
publications are incorporated as three differentiees. Each publication is preceded with a
brief summary of the main findings. The bibliograpHata and short summary of the three
publications, hereafter denoted as “Publicatiof) {Fublication (ii)” and “Publication (iii)”,
respectively, are outlined below.

() Yadav, Freitag-Wolf, Lieb and Krawczak (2015)

The Role of Linkage Disequilibrium in Case-Only Studies of Gene-Environment
Interactions.

Human Genetics 134(1): 89-96.

Abstract

This paper illustrates the role of LD in genome-@vi@xE studies by following a CO

approach. The way in which LD impacts upon the ckao detect GXE through the
analysis of proxy markers was not studied in muetaitibefore. Therefore, this paper
systematically assessed the power to indirectlgadet given GXE through exploiting

LD in a CO design. The simulations revealed a stnaationship between LD and

detection power that was subsequently validated real colorectal cancer data set
(section 2.1.2).
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(i) Yadav, Freitag-Wolf, Lieb, Dempfle and Krawczak 180

Allowing for Population Stratification in Case-Only Studies of Gene-Environment
Interaction, using Genomic Control.

Human Genetics 134(10): 1117-1125.
Abstract

This paper used comprehensive simulation to sysieatig assess the type | error
rate, power and effect size bias of CO studies ®E @& the presence of PS. Three
types of PS were considered, namely genetic-orfh¢)(Renvironment-only (P$, and
joint genetic and environmental stratification &S The results reveal that the type |
error rate of an unadjusted Wald test, appropfat¢he CO design, would be close to
its nominal level (0.05 in this study) as long & volves only one interaction
partner (i.e. either RSor P%). In contrast, if the study population is stratifi with
respect to both G and E (i.e. if there isgPSthen the type | error rate is seriously
inflated and estimates of the underlyingEsare biased. Further, this paper explored
alternative means to allow for BS The results confirm that genomic control-based
methods are capable of successfully and efficiertlyecting the PS-induced inflation
of the type | error rate in CO studies otEs(section 2.2.2).

(i) Yadav et al. (in preparation)

Gene-smoking Interaction in Inflammatory Bowel Disease: Meta-analysis of 10
Case-only Studies comprising over 12,750 Patients.

Abstract

This paper investigated the possible interactiontween single nucleotide
polymorphisms (SNPs) and smoking in relation tofDrdisease (CD) and ulcerative
colitis (UC) risk. The analysis covered 10 Immunpclkata sets collated by the
International Inflammatory Bowel Disease Geneticonsbrtium (IIBDGC),
comprising 12,776 cases (7076 CD, 5700 UC) of knemoking status. A total of
156,499 SNPs were tested for gene-smoking intemctising the CO design. Three
meta-analyses each were performed for CD and Ugsidering one of the following
smoking-status contrasts: ‘never vs. ever’, ‘nev®rcurrent’, or ‘never vs. former’.
This study identified 23 and 19 SNPs with suggestvidence of gene-smoking
interaction in CD and UC, respectively. The majodf these markers (16 SNPs) were
located on chromosome 6, thus indicating a poterdla of the HLA region in IBD.
Noteworthy, several interaction effect differenge=re observed between CD and UC
thereby suggesting a differential role of tobacoaoking in the etiology of IBD
(section 2.3.2).
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In Chapter 3, the overall findings of this work afiscussed. In particular, the LD and PS
aspects are discussed (section 3.1) and the diseagt limitations of this work are provided
(section 3.2). At the end, this work is concluded an outlook for conducting future research
in genome-wide analysis of GxE is provided (sect®8). This is followed by a list of
references that are used in this thesis and theoadkdgements.
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Chapter 1

Introduction

1.1 Motivation

This work is largely motivated by our current erdfasm for studying the joint effect of
genetic (G) and environmental (E) factors to disedask. Human diseases are broadly
classified as ‘simple’ or ‘complex’ contingent uptime number of factors involved in the
causal mechanism. Simple genetic diseases by ctonefollow a simple ‘Mendelian
inheritance’ pattern i.e. dominant or recessivedé&ina dominant inheritance, only one risk
allele (gene variant) is sufficient to cause theedse whilst under recessive inheritance both
alleles will be needed. The term ‘penetrance’ isdusd describe phenotypes as function of
genotypes. Formally, it is the conditional probipibf being affected with a disease given a
specific genotype. Examples of diseases that followimple inheritance pattern include
Huntington’s disease (OMIM143100) and cystic fibrosis (OMIM #219700).

Most diseases, however, do not follow simple irthege patterns. Examples of such
‘complex’ diseases include cancer, diabetes, hdiagase, and inflammatory bowel disease
(IBD). These diseases are complex in the senséhb@atoccurrences depend on simultaneous
presence of multiple genetic or environmental fectéor instance, not all women who have
inherited a risk allele for breast cancer will depebreast cancer. One possible reason for this
‘incomplete penetrance’ (i.e. penetrance <100%)km&an interaction with other G or E risk
factors.

In the past, G and E factors have been studiectliargs two independent components
contributing to diseases. Indeed, several lifedtgeits (e.g. smoking and alcohol abuse) have
been reported as risk factors for many common cexgiseases [1-3]. However, often it is
of interest to investigate the joint effect of b&@hand E factors on disease risk. Moreover, it
has been increasingly accepted that the etiologpadt common diseases involves not only
discrete G and E causes, but also interactionsdagtvthe two [4—7]. One well-established
example of this is the interaction between smolkang N-acetyltransferase NAT2 for
bladder cancer [4, 8]. Hunter (2005) provides & dif rationales for the study of gene-
environment interactions (GxE) in the context ofdmal genetics and epidemiology [9].
Most importantly, accounting for GXE would help ittentify individuals at high risk for
developing a disease based on both their gendaliegposure profiles. Further, knowledge of
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GxE might improve our ability to develop personatlzmedicines based on an individual's
genetic and life-long exposure information.

In the past few years, large investments have lbeshe for obtaining and storing reliable
data on both G and E factors and for elucidatirggrtle of GXE. The National Institutes of
Health (NIH) announced ‘Genes, Environment and tHealitiative’ in 2006 which aimed at
leveraging the latest genomic technologies and waging the development of new
environmental measurement methods to study GxXE MOje recently, the German National
Cohort (GNC), aims to integrate the G and E dataiséase risk for a prospective cohort
study of 200,000 individuals during the next 25-3®ars [11]. Moreover, the German
Research Foundation has funded several projectth@rtheme ‘Gene, Environment and
Inflammation’ recognizingthe importance of GXE studies [12]. These consiaers
motivate the researchers to find and further dgvéhe available tools and methods that can
be applied to investigate the complex GXE in theogee-wide context.

1.2 Genome-Wide Association Studies, GWAS

Lander and Schork (1994) grouped the methods foetgedissection of complex traits into
four categories: linkage analysis, allele-sharingthds, association studies in human
populations, and genetic analysis of large sampiie@sosses in model organisms such as the
mouse and rat [13]. In the recent past, genome-asdeciation studies (GWAS) has gained
increasing popularity with the development of ecoial and advanced genotyping
platforms. GWAS serve as an important advancen@anpared to candidate (or single-) gene
studies where only a limited number of selectedavds are assayed generally using a smaller
sample size. Some researchers consider GWAS as@ortant landmark beyond family-
based linkage studies which suffered from low poveger variants with modest effect in
complex diseases [14-17].

Basically, GWAS intend to identify alleles that arere frequent in a group of affected
individuals than in the unaffected individuals. &en allele with a higher frequency among
diseased individuals compared to unaffected indiaisl is regarded as the variant that
increases disease risk. The most common form adtgevariation between individuals is due
to single nucleotide polymorphisms (SNPs) [18, ®]SNP is a position in the genome
where one base is substituted with one of thresiplesalternative bases. Therefore, in theory
four alleles are possible for a single SNP; howenest of the SNPs have only two alleles i.e.
they are biallelic [20]. A stricter definition remes frequency of the rarer allele (or minor
allele frequency, MAF) to be at least 1% in the ydapon to be called a SNP. SNPs are
frequently used in GWAS because they are knownetcsthble and also have reasonable
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genotyping costs. GWAS, therefore, follow ‘agndstigproach with no prior hypotheses and
tests for an association between disease statuseaedal thousands of SNPs.

GWAS successfully identified several genetic riaktbrs in the initial phase and provided
optimistic hopes to manifest valuable insights itk@ genetic architecture of complex
diseases. The first successful GWAS was publishe20D5 [21]. Since then, GWAS have
identified thousands of loci not hitherto detedbgdearlier methods and harbor susceptibility
variants associated with many common human diseasestraits.However, most of the
variants identified through GWAS occur outside #mding regions of genes and their
causality for the disease is therefore controvef2, 23]. Moreover, despite meta-analyses
of many GWAS, the overall contribution of identdidoci to disease variation in the
population is frequently <10% [24]. Several explaoes for this ‘missing heritability’ have
been suggested [22, 25], but a conclusion has eeh ldrawn on the responsible factors.
Manolio et al. (2009) quotes:

“A consensus is lacking on approaches and priorifegsresearch to examine
what has been termed ‘dark matter of GWAS—darkenat the sense that one
IS sure it exists, can detect its influence, bopdy cannot ‘see’ it (yet).

Thus, we must address the key question of whabrfaaonstitute the remaining heritability
of common complex diseases. Some of this ‘dark eriatould be due to GXxE, which
remained understudied primarily due to lack of dataenvironmental exposures. Therefore,
attempts are made now to assess the joint effeGt arid E risk factors and focus has turned
to reliable exposure data collection in conjunctiath the genetic data [10, 11].

1.3 Gene-Environment Interactions, GxE

Traditionally, G and E factors have been viewed ahdlied largely as two independent
entities contributing to disease. In reality, hoee\the interaction between G and E factors
can significantly contribute towards the developtredrdisease. Therefore, gene-environment
interactions (GxXE) have been invoked to partialgplain the ‘missing heritability’ of
complex diseases that remained unaccounted in GWaé&sely, GXE refers to the interplay
of G and E factors in causing some phenotype effféit

Phenotypes are the observable characteristics andbe binary (e.g. disease status) or
quantitative (e.g. body mass index). The way inclvtgenes and environment jointly affect
phenotypes can be conceptualized by means of a@igenedel. Figure 1.1 schematically
illustrates one example of GXE with the help of engfic model. Here, both G and E
components jointly contribute to cause the disedke.risk factor G can have only a small
effect on its own to the disease susceptibility avay have been identified previously through
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GWAS. In the presence of an interaction betweem@ B, the risk inferred by G will be
modified by the presence or absence of E.

‘ Disease
GWAS
GxE ?
Genetic (G) Environmental (E)
risk factor - > risk factor

Figure 1.1: Schematic representation of a gene-environmestaation model,

showing how genetic (G) and environmental (E) riaktors can relate to a
disease. The genetic risk factor G may refer tglsimucleotide polymorphism
(SNP) identified previously through genome-wideoasation studies (GWAS).

The term ‘interaction’ is interpreted with diffetemeanings across the scientific disciplines
and several tailored, sometimes conflicting, défins are provided. Two major categories of
interaction frequently cited in the literature aneamely, ‘biological interaction’ and
‘statistical interaction’. In the biological intergon, one or more genetic or environmental
factors are simultaneously involved in the samesahmechanism in a given individual [27,
28]. In contrast, statistical interaction is equévd to the ‘moderation’ in regression analysis
which means that the statistical association betwae outcome of interest and a particular
influence factor depends upon the value taken bythem factor. Contingent upon the
regression scale used to measure the associatiostlyntog or logit for binary outcomes,
such as a disease status), statistical interaditamtamount to the lack of additivity on that
particular scale [29-32]. Statistical interactiara be further classified as ‘quantitative’ or
‘qualitative’. In quantitative interaction, the efits of one factor go in the same direction at
different levels of the other factor, but differ imagnitude. On the other hand, in qualitative
interaction: the effects go in opposite directiotisere is an increased effect only in the
presence of both the factors; the effect of onéofais present at only one level of the other
factor. Additional details on these definitions daa found in the literature [33, 34]. Most
importantly, the presence or absence of statisiitataction between two factors depends to
a large extent on the scale chosen to measurdféutse This work follows the convention by
which a multiplicative model is considered where telative risk of disease in individuals
carrying both the risk factors is the product oé tielative risk of each factor separately.
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Conceptually, any departure from this multiplicatmodel can be interpreted as a measure of
interaction; colloquially known as a ‘multiplicagvinteraction’ (see section 2.1.2 for details).

Previously, the case-only (CO) design has beengsexb as a potentially more efficient
strategy to detect GXE [35]. Here, G and E inforamafrom cases alone (‘no controls’) is
used to assess the level of underlying interactBorE can be estimated in a CO study if two
key assumptions are met, namely that (i) the deseassufficiently rare in the general
population and that (ii) G and E are uncorrelatethe general population. This implies that
the CO approach is mathematically valid as lon@ @d E can be assumed to be statistically
independent in controls, which would be the casealoy rare disease if G and E are
independent at the population level. In this c&eE approximately equals the odds ratio
(OR) of the association between G and E in case$ef@nce of CO over other designs has
been recommended by many scholars if the primaay @foa study is GXE detection [36—38].
Moreover, a recent meta-analysis suggests thatt@fles of GXE are hardly biased because
they have consistently yielded the same resultdraditional case-control studies [39].
Finally, CO studies trade on the fact that cases wmually much easier to recruit and
characterize in terms of their phenotype and enwrental exposure than controls,
particularly in retrospective studies.

1.4 Challenges to Genome-Wide GxE Studies

Genome-wide GxE are worth studying in order to deapderstand the genetic architecture
of complex human diseases. In the past, GXE stUdiksved a candidate (single-) gene
approach which often begins with a well-known aggtamn with an E factor and eventually

explore genes in pathways that are known to matabdhis factor. These studies have
provided only limited information so far on the nioen and size of GxE effects expected to
truly exist in human populations. In addition, tendidate GxE studies suffers from many of
the same problems that plagued the candidate gendies for marginal effects, including

small sample sizes and multiple testing problemrédweer, GxE effects are difficult to be

replicated mainly due to variation in exposure measient protocols across studies,
differences in the scale of reported GxE effects] differential distribution of exposures

across studies. The number of genome-wide GxE estudiported in literature is far less
compared with the total number of GXE studies @higld (Figure 1.2). This low number is
partly explained by the fact that genome-wide Gixkdies face additional challenges,
including insufficient power of available study @gss, confounding by population

stratification, and ambiguous role of linkage digéhrium in GXE studies. The major

challenges currently encountered in genome-wide G#iies are described in the next
sections.
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Figure 1.2: Number of papers in PubMed with (‘gene—environrhentgene-by-
environment’ or ‘gene x environment’ or ‘G x E’)dfinteraction’ in the title or
abstract (in blue). Furthermore, the number of pameshown which additionally
to the previous search term also contain (‘genontevor ‘genomewide’) in the
title or abstract (in grey). It should be notedtthiais search only retrieves
‘potential’ GxE studies and that the real numbdr$ssE studies are probably
even lower than the reported counts (adapted f&§}).[

1.4.1 Study Design

Despite the fact that data allow for the invesimatof complex GXE, challenge is to find
whether the available study designs and method®eapplied in the genome-wide context.
Selection of an optimal study design is crucialdonducting successful GXE studies like any
other epidemiologic study. Thomas (2010) compiletist of traditional as well as non-
traditional study designs used in the context of EGstudies [34]. Conventionally,
epidemiological study designs are either familydshr population-based. The typical
family-based designs include case-parent triad [fieeents and their affected offspring) and
sib-pair designs (i.e. case and siblings). The |@appopulation-based designs include
prospective cohorts and case-control studies.

In principle, most of the standard epidemiologigdst designs can be utilized to search for
GxE, but their performance is driven by severaltdec including disease prevalence,
inheritance mode, and underlying interaction eftezes [26, 40]. Many researchers preferred
family-based designs for GXE studies because trexyuite weaker assumptions on
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distribution of G and E factors and can be morgciefit for rare diseases [41]. However,
family-based designs might not be the best choséqularly for late-onset diseases with E
component - rendering it difficult to collect ddtam biological relatives.

Among the population-based designs, cohort stugke® long been recommended for GxXE
studies [42, 43]. However, cohort studies are ofigpensive and time consuming. Cohort
studies of rare diseases would require unrealizédolye sample sizes or long follow-up
(especially for diseases with late onset). Becafiskese potential drawbacks, several authors
adopted the classical case-control design to s@xly and GxG [5, 44]. Even though case-
control studies offer a better compromise betwesxst and efficiency, they also suffer from a
requirement for large samples and biased seleoficontrols.

At present, innovative and powerful epidemiologicdé¢signs are needed in order to
completely understand the role of genes and enwiemnt in causing complex diseases. A
non-traditional, the CO design, has been propasedercome these issues and for efficiently
assessing interactions (section 1.3). In the phst,CO approach has been utilized mainly
following candidate (single-) gene studies. Chaksnstill remain as how best to present and
analyze genome-wide GxE using the CO design.

1.4.2 Linkage Disequilibrium

In genetics, linkage disequilibrium (LD) is definad the non-random association between the
alleles of two or more genetic loci in a given pigpion [45]. Most often, LD is a
consequence of (but not equivalent to) physicdage between genetic loci. The theory of
LD is well developed in population genetics andcas been widely exploited to provide
insight into past evolutionary and demographic ¢vemd as the basis for mapping genes in
humans and in other species as well [46]. Sla&k@08) stated that:

“LD is of importance in evolutionary biology and hammgenetics because so many
factors affect it and are affected by it.

The persistence of strong LD between a mutanteabeld the loci closely linked to it has
many practical implications. One successful exanmipldhe LD mapping of a disease-
associated allele based on the slow decay of L wldsely linked markers [47]. The same
idea underlies association mapping of complex disgaln the past, fine-scale pattern of LD
in humans confirmed that the human genome is caagprof haplotype blocks within which
most SNPs are in high LD [48]. While some variantsy be functional, others may simply be
markers for undiscovered genetic variants. Thegh hevels of LD among SNPs are
presumed to be true for alleles that increase iseades risk. GWAS is based on the premise
that a causal genetic variant is located on a ygmo and therefore a marker allele in LD
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with the causal variant should show (by proxy) asoaiation with a trait of interest. Missing
genotype information restricts the identificatiditioe actual causal variant that contributes to
disease manifestation [14]. Therefore, GWAS takeaathge of LD to be able to identify
indirect associations.

However, unlike GWAS, the role of LD inX& studies has not been determined yet. In GXE
studies, where a second, non-genetic main effgqbléiys an important role, it is by no means
clear how the peculiarities of the genetic effectpact upon the power to detect the
interaction. In other words, in GxE studies ther@me link more to the chain that relates the
proxy SNP to the epidemiological effect of interestvhich is interaction, not disease
association. It is difficult to draw any conclusion whether proxies can efficiently detect a
true G<E in the absence of truly interacting variant. Biere, a systematic analysis is
required how the level of LD between an interactingrker and a proxy marker determines
the chance to detect GxE interaction of the forthesugh studying the latter. Publication (i)
illustrates the role of LD in GXE studies by follmg CO approach (section 2.1.2).

1.4.3 Confounding by Population Stratification

Confounding is caused by an extraneous variable dinaultaneously correlate with a risk
factor and the outcome of interest, thus creatisguaious association between risk factor and
the outcome of interest. In the presence of suctablas it becomes difficult to ensure that
any observed association between the risk factdrancome of interest reflects a causal
effect. Confounding by ethnicity or population $ffeation (PS) is extensively studied in the
context of GWAS and several approaches are availabt commonly in use to tackle this
issue [49-52].

As with the genotype-phenotype association stuthemselves, hidden PS can impact the
validity of GXE studies using a CO design. The atpef this problem have been subject to
little research to date. In principle, three tym#sPS can possibly occur in GXE studies,
namely genetic-only (RS, environment-only (P$, and joint genetic and environmental
stratification (P3g). Concerns about the widespread of PS or the ibiasay induce in
epidemiologic studies of GXE or GxG have been daimdore Wang (2006) studied, through
computer simulations, the impact of PS bias on GxE case-control study [53]. They
suggested that the interaction bias is small tceristent. Wang and Lee 2008, in contrast,
observed a huge interaction bias due to PS in @Oiest [54]. The likely reason for this
contrast can be that the exposed and the unexpodepoups of a case-control study suffer
from a similar PS bias. Therefore, the bias in &EGmteraction and the ratio of the main
genetic effects between the exposed and the unedmascel each other out. Conversely, CO
situation does not have two subgroups to cancél ether out.



CHAPTER 1. INTRODUCTION

In the context of CO, PS can induce a dependentyele® G and E and thus need to be
controlled to ensure that any G and E associatinang cases reflects their interaction in
causing disease. As yet, the role of PS in GxEietudsing a CO design has not been
explored in much detail. Most importantly, a sysaticanalysis is still lacking of how the
various possible types of PS (i.e.d&28S, and Pgg) may affect the validity and power of
such studies. This issue is addressed in Publicéilousing extensive computer simulations

(section 2.2.2).



Chapter 2

Results

2.1 The Role of Linkage Disequilibrium in Case-Only Stulies of
Gene-Environment Interactions

2.1.1 Summary

This paper systematically investigated, through ater simulations and a real data example, the
effect of LD on the power to detect underlying Geftecty following CO approach. LD is often
noticed in physically linked genetic variants. Etgeauch as natural selection, non-random mating
and population structure can also influence thelle¥ LD. It is well-known that most SNPs act as
proxies for causal mutations in genotype-phenotgpsociation studies. Indeed, most strongly
associated variant at a locus identified through ABAis presumed to be in LD with the causal
variant and is often used for follow-up studiesefdiore, GWAS benefits from strong amount of
LD distributed throughout the genome. This papeemeined the impact of LD between proxy and
interacting SNPs on the utility and validity of t8© design.

The preliminary analyses for this task relied anidated datasets. SNPs in LD with a causal SNP
were simulated and utilized to estimate the tru&GSimulations were performed in a two-tiered
fashion. In the first step, only pairs of SNPs .(itee interacting and a proxy SNP) with
systematically varying LD were simulated. In the@®l step, a simulated population sample of
haplotypes was obtained from HapMap so as to manialistic LD pattern. In both steps, the two
haplotypes of an individual were drawn at randorthweplacement from the respective haplotype
pool and their disease status was assigned udogistic risk model. This study employed either an
additive model (AM) or a dominance model (DM) oéthenotype—phenotype relationship to define
genotype G and to assign a disease status to aadimal. Only affected individuals were retained
for further analyses.

The main finding of this paper is that the levelld significantly affects the power of SNPs to
detect the interaction. Specifically, the powerdtaiect GxE is proportional to the amount of LD
surrounding that locus. High amount of LD aroundsadive loci results in SNPs that effectively
tag the functional loci and allow the signal todetected. Further, it was found that power under an
AM was greater that under a DM irrespective of wkethe interaction effect was antagonistic (i.e.

10
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y<0) or synergistic (i.ey>0). An analysis of a real colorectal cancer datarsrelation to smoking

suggested that even SNPs in low LD (0.3 < r2 < qudh a known interacting SNP (rs9877596)
may interact at a nominally significant level thetres.

In summary, results from both the simulated andlarectal cancer datasets show that the screened
SNPs can be used as proxies to indirectly infeutigerlying GXE.

11
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2.1.2 Publication (i)

Yadav, Freitag-Wolf, Lieb, Dempfle and Krawczak 130

Human Genetic$34(1): 89-96.
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Abstract Gene—environment (G x E) interactions
have been invoked to account, at least in part, for the gap
between the known heritability of common human diseases
and the phenotypic variation hitherto explained by genetic
variants. Noteworthy in this context, a case-only (CO)
design has been proposed in the past as a means to detect
G x E interactions possibly more efficiently than by using
classical case—control and cohort designs. So far, however,
most CO studies have followed a candidate (or single) gene
approach, and the genome-wide utility of the CO design is
still more or less unknown. In particular, the way in which
linkage disequilibrium (LD) impacts upon the chance to
detect G x E interaction through the analysis of proxy
markers has not been studied in much detail before. There-
fore, we systematically assessed the power to indirectly
detect a given G x E interaction through exploiting LD in
a CO design. Our simulations revealed a strong relationship
between LD and detection power that was subsequently
validated in a real colorectal cancer data set.

Introduction
Most common, non-traumatic human diseases are thought

to be caused by multiple factors (Hunter 2005; Mano-
lio et al. 2009), rendering the presence of gene—gene and
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gene—environment interactions a likely scenario for these
conditions. However, the term ‘interaction’ has differ-
ent, sometimes conflicting, definitions in the scientific lit-
erature, and the existence of an inextricable link between
biological and statistical interaction has even been refuted
by some scholars (Siemiatycki and Thomas 1981; Phil-
lips 1998; Cordell 2002; Wang et al. 2010; Thomas 2010).
Here, we follow the convention by which biological inter-
action implies that one or more genetic (G) or environmen-
tal (E) factors are concurrently causal in a given individual
(Rothman et al. 2008; Yang and Khoury 1997). Statistical
interaction, in contrast, is equivalent to ‘moderation’ in
regression analysis which means that the statistical associa-
tion between an outcome of interest and a particular influ-
ence factor depends upon the value taken by another factor.
Contingent upon the regression scale used to measure the
association (mostly log or logit for binary outcomes, such
as a disease status), statistical interaction is tantamount to
the lack of additivity on that particular scale (Bhattachar-
jee et al. 2010; Greenland 2009; Siemiatycki and Thomas
1981; Thompson 1991). In our study, we will focus exclu-
sively upon statistical interactions between G and E (hence-
forth referred to as G x E) with regard to odds ratios
(ORs). For ORs, interaction means that there is a lack of
additivity on the logit scale, i.e. the association in question
is not multiplicative.

So far, most G x E interaction studies have followed a
candidate (or single)-gene approach (Franks 2011; Vercelli
2010; Wu et al. 2011). However, such studies can only detect
some of the interactions present, not the least because can-
didate genes for disease causation are not necessarily good
candidates for G x E interaction because they have often
resurfaced in different populations with different environ-
mental exposure profiles. On the other hand, genome-wide
G x E studies have only just begun to appear in the scientific
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literature (Ege et al. 2011; Hamza et al. 2011). Irrespective
of their actual scope (genetic or genomic), the most straight-
forward design for G x E analyses would be a case—control
or a cohort setting where ORs or relative risks, respectively,
can be estimated and compared between genetic strata. How-
ever, a potentially more efficient strategy to study G x E
interactions is by the adoption of a case-only (CO) design.
Here, G and E information from cases alone is used to assess
the level of interaction present (Piegorsch et al. 1994). The
CO approach is mathematically valid as long as G and E can
be assumed to be statistically independent in controls, which
would be the case for any rare disease if G and E are inde-
pendent at the population level.

Preference of CO over other designs has been recom-
mended by many scholars if the primary goal of a study is
G x E detection (Yang et al. 1997; Gauderman 2002; Kraft
et al. 2007). Moreover, a recent meta-analysis suggests
that CO studies of G x E are hardly biased because they
have consistently yielded the same results as traditional
case—control studies (Dennis et al. 2011). Finally, CO stud-
ies trade on the fact that cases are usually much easier to
recruit and characterize in terms of their phenotype and
environmental exposure than controls, particularly in retro-
spective studies.

As yet, the genome-wide utility of the CO design has
not been studied in much detail. In particular, a systematic
analysis is still lacking of how the level of linkage disequi-
librium (LD) between an interacting marker and a proxy
marker determines the chance to detect G x E interaction
of the former through studying the latter. In genetics, LD is
defined as the non-random association in a given population
between the alleles of two or more genetic loci (Lewontin
and Kojima 1960). Most often, LD is a consequence of (but
not equivalent to) physical linkage between genetic loci.
In fact, genome-wide association studies (GWAS) system-
atically exploit LD to identify disease genes indirectly by
relying upon the premise that some marker alleles in LD
with a causal mutation should be associated with the dis-
ease of interest as well. Moreover, following a Bayesian
argument, the most strongly disease-associated marker loci
identified in a GWAS usually become the focus of follow-
up studies. The success of past GWAS strongly suggests
that the same strategy may also sensibly be followed to
investigate G x E interactions at a genome-wide level. To
assess the validity of this presumption, we studied the ‘rate-
limiting’ role of LD in CO studies geared to uncover and
quantify G x E interactions.

Materials and methods

Let SNP* denote a disease-related genetic variant that
interacts with an environmental exposure E (Fig. 1). If
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Fig. 1 Detection of G x E interaction by the analysis of proxy SNPs.
a Disease-related SNP* is involved in a G x E interaction, SNP1 and
SNP2 are in LD with SNP*. b Even if SNP* is not typed, analysis of
the proxy markers may reveal the nearby G x E interaction

nearby variants, say SNP1 and SNP2, are in LD with SNP*
then these loci may also interact with E, thereby poten-
tially allowing inference of the underlying G x E interac-
tion even if SNP* is not typed itself. Our goal is to inves-
tigate how the actual level of LD between SNP* and SNP1
or SNP2 influences the power to detect the original G x E
interaction.

Estimating G x E interaction in CO studies

Let G x EqR denote a statistical gene—environment interac-
tion on the logit scale, implying that genetic and environ-
mental ORs do not multiply. Let D be the (binary) disease
status. For the sake of simplicity, we assume that G and E
are also binary. Conceptually, a lack of interaction between
G and E would mean that the disease odds ratio ORgg for
carriers of both the genetic and the environmental risk fac-
tor (i.e. G = 1, E = 1), relative to individuals carrying nei-
ther factor (i.e. G = 0, E = 0), equals

ORGE = ORg - ORE.

Here, OR,; denotes the disease OR of (G =1, E = 0)
relative to (G = 0, E = 0), and ORy is defined analo-
gously. With these conventions, the G x E interaction term
G x Eqy is defined as the extent to which the true joint
effect of G and E (ORgp) differs from the product of the
two individual effects (OR; and ORp), i.e.

ORGE

G x Eop = ——
*FOR = OR; - ORg %

Under a logistic model of disease risk 7, as a function
of Gand E, i.e.
logit(mp) = Bo+Bc-G+Pe-E+y-G-E, )

it follows that OR; = exp(B;), OR; = exp(Br) and
ORgg = exp(B; + Bg + ¥) so that

G x Eor = exp(y). (3)
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Following Piegorsch et al. (1994), G x Egi can be
estimated in a CO study if two key assumptions are met,
namely that (i) the disease is sufficiently rare in the gen-
eral population and that (ii) G and E are uncorrelated in the
general population. In this case, G x E,g approximately
equals the OR of the association between G and E in cases,
denoted by G-E OR_,. (see “Appendix” for details),
which can be estimated fitting

logittP(E=1)) =¢o+¢-G 4)

to the CO data. Any model-based estimate of ¢ would also
be an estimate of parameter y in Eq. (2) if the above-men-
tioned assumptions underlying the CO design are correct.

Data simulation

We simulated data for subsequent analyses in two-tiered
fashion. In the first step, only pairs of SNPs (i.e. the inter-
acting and a proxy SNP) with systematically varying LD
were considered. In the second step, a simulated population
sample of haplotypes was obtained from HapMap so as to
mimic a realistic LD pattern. In both steps, the two haplo-
types of an individual were drawn at random with replace-
ment from the respective haplotype pool and their disease
status assigned using Eq. (2) with varying parameter com-
binations. Only affected individuals were retained for fur-
ther analyses.

In the step 1 simulation, the four haplotype frequen-
cies of the SNP pairs were chosen such that specific 7
values were obtained. In step 2, a population sample of
1,000 haplotypes was first created using the HapSim tool
implemented in R (Montana 2005). These simulations were
based upon the 176 chromosome 1 haplotypes (compris-
ing 116,415 SNPs) in HapMap (http://hapmap.ncbi.nlm.
nih.gov/) that belong to the 88 Utah residents of northern
and western European ancestry (labelled CEU in HapMap).
SNPs of poor quality were removed and only SNPs with
a minor allele frequency (MAF) >0.45 were retained to
allow efficient simulation of cases. To further speed up our
computations, case simulations were confined to the 1,001
most 5" SNPs retained after filtering. MAFs in the HapSim-
derived sample were comparable to those in the original
CEU sample (Fig. 2), as were the levels of pairwise LD
(data not shown).

For each individual, their two haplotypes were either
simulated according to the four predefined haplotype fre-
quencies of a SNP pair or were drawn randomly with
replacement from the HapSim-derived population pool.
In step 1, the first SNP was always presumed to be the
interacting one whereas, in step 2, SNP* was the SNP
with strongest ‘LD emanation’. Here, LD emanation was
defined as the number of SNPs that were in notable LD
with SNP* (defined as > > 0.5 with p < 0.01). The primary

MAF (simulated)
0.50
|

0.45
|

[
0.46 0.48 0.50 0.52 0.54
MAF (real)

Fig. 2 Commensurability of minor allele frequencies (MAFs) in the
original CEU data and the HapSim-derived haplotype pool

genotype of an individual was encoded by the allele dosage
(i.e. 0, 1 or 2) of an arbitrarily chosen reference allele. We
then employed either an additive model (AM) or a domi-
nance model (DM) of the genotype—phenotype relationship
to define genotype G and to assign a disease status to an
individual using Eq. (2).

We simulated 5,000 replicates per parameter set of CO
data comprising 1,000 patients. Case simulations were car-
ried out with fixed g, = —4.6, B; = 0.41, B, = 0.41 and
varying ye{—2, 1, 2}. The values of f; and B; were cho-
sen so as to induce a main effect (OR = 1.5) that appears
generic for a multifactorial disease. The G x E interac-
tion was considered to be either moderate, with y = 1
(G x Egg =2.7), or strong, withy = £ 2 (G x Egg = 7.4
or 0.14). Baseline risk B, was fixed at —4.6 (~1 %) to
comply with the rarity assumption (i.e. prevalence <5 %)
implicit to the CO design (see “Materials and Methods”).
The environmental exposure frequency was set to 10 % in
all simulations.

Results
Simulations

Our simulation-based analysis of SNP pairs (step 1)
revealed that the power to detect y = 0 through the analy-
sis of a proxy SNP is an increasing non-linear function of
LD (measured by %) between the proxy and the interact-
ing SNP* (Fig. 3). Similar results were obtained in these
and all other simulations when D’ was used instead of r?
as a measure of LD. With increasing r°, the detection
power increased rapidly and approached unity at 7* ~ 0.5
for all models and parameter sets considered. As was to be
expected, the power attained its maximum for 7* = 1, i.e.
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Fig. 3 Power of a proxy SNP to (a)

1.0

detect y = 0 as a function of LD FoPeeecccccccee
(measured by r?) with interact- e O

ing SNP*. Cases were simulated N
at systematically varying LD,
using either an AM (filled cir-
cles) or a DM (open circles) of
the underlying genotype—phe-
notype relationship. Interaction
parameter y was set to —2 (a), 2
(b)or1(c)

Power
0.0 02 04 06 038
|

|
1 *®®o & e

T T T T T
00 02 04 06 08 1.0

LD (r?)

when SNP* and the proxy SNP were perfectly correlated.
Greater power emerged under an AM than under a DM
irrespective of whether the interaction was antagonistic
(y = —2) or synergistic (y = 1 and 2). Moreover, the power
was positively correlated with the absolute value of the
interaction effect under both models, and the antagonistic
interaction was easier to detect than the synergistic interac-
tion of the same magnitude. This difference is explicable
in terms of a synergistic interaction, which exacerbates the
main effects, being less ‘visible’ on the logit scale than an
antagonistic interaction, which shifts the argument of the
logit function towards the point of maximum slope.

The systematic results from the consideration of SNP
pairs were corroborated by simulations using realistic LD
patterns based upon HapMap (Fig. 4). Under a DM, the
power was higher when the dominant allele of the proxy
SNP was associated with the dominant allele of SNP*
(indicated by circles in Fig. 4d—f) rather than with the
recessive allele (crosses). No such phase effect became
apparent under an AM. Moreover, because physical dis-
tance is closely related to LD, the power of a proxy SNP
to detect y = 0 at SNP* was also found in step 2 to depend
upon inter-marker distance (Fig. 5). Power attained its
maximum at SNP* itself and decreased with increasing
distance between proxy SNP and SNP*. In some settings,
however, particularly for an antagonistic interaction under
an AM (Fig. 5a), even rather distal SNPs still provided
>80 % power because these markers were in substantial
LD with SNP* in the simulated population sample. The
fact that the power occasionally fell below 5 % (Fig. Se, )
implies that the test for G x E interaction would have been
particularly conservative in these cases.

Colorectal cancer data
To further validate our simulation results, we used real
data from a recent study by Siegert et al. (2013). Analys-

ing the relationship between SNP genotypes and smoking
in a GWAS of colorectal cancer, these authors observed
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a statistically significant G x E interaction for SNP
19877596 (Table 1; for further details, see the original
report). The study comprised 1,316 Germans (1,002 con-
trols, 314 cases) originally recruited through the Pop-
Gen biobank (Krawczak et al. 2006). Values of 7> with
rs9877596 were calculated with PLINK (Purcell et al.
2007) to identify a total of 568 SNPs in significant LD
(p < 0.05) with the interacting SNP. Analysis of the CO
data yielded a nominally significant G x E interaction for
seven of these SNPs (Fig. 6) thereby illustrating that, in
praxis, even proxy SNPs in comparatively low LD with an
interacting SNP (e.g. 7> ~ 0.4 for chr3:20573772) may have
sufficient power to detect a nearby G x E interaction.

Discussion

Using computer simulations and real data, we studied the
impact of linkage disequilibrium (LD) and physical dis-
tance on the power to detect G x E interactions in case-
only (CO) studies of proxy SNPs. To this end, we (i)
systematically varied the level of LD between an interact-
ing SNP (labelled SNP*) and a proxy SNP (step 1 of our
simulations) and (ii) exploited HapMap to simulate haplo-
types with a realistic LD pattern. Our main finding in both
instances was that the level of LD present strongly affects
the power of a proxy SNP to detect a given G x E interac-
tion, and that LD and power are more or less proportional
to one another as expected. High levels of LD allow a SNP
to effectively ‘tag’ the interacting SNP, thereby extending
the G x E signal to the proxy SNP itself. However, our
simulations also revealed that even a distal SNP (>20 Mb
away from the interacting SNP) may still have >25 %
power to detect the interaction at the level considered here
(Fig. 5a—d). Along the same vein, re-analysis of a real colo-
rectal cancer data set in relation to smoking revealed that
even SNPs in low LD (0.3 < r* < 0.4) with a known inter-
acting SNP (rs9877596) may interact at a nominally signif-
icant level themselves.
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Fig. 4 Power of a proxy SNP to detect y = 0 as a function of LD
(measured by %) with interacting SNP*. Cases were simulated adopt-
ing a HapMap-derived LD pattern, using either an AM (a—c) or a DM
(d-f) of the underlying genotype—phenotype relationship. Interaction

Also meeting prior expectations, the power to detect
G x E was found to be higher when the truly underlying
interaction was strong (i.e. |y| = 2 compared to y = 1).
As has been suggested previously, different models of a
genotype—phenotype relationship result in different effi-
ciency of association and interaction studies to unravel the
corresponding effects (Lettre et al. 2007; Wang and Zhao
2003). In both our simulations, an additive model generally
rendered the CO design more powerful than a dominance
model (Figs. 3, 4).

Although potentially highly efficient, the advantageous-
ness of CO studies nevertheless must be considered with
some caution. For instance, the validity of our conclusions
is necessarily limited by the extent to which the implicit
assumption of G and E being independent is met. The more
this assumption is violated, the more biased would be the
resulting interaction estimates (Albert et al. 2001; Saun-
ders et al. 2001). However, independence between G and
E seems a sensible assumption in most real-life situations

parameter y was set to —2 (a, d), 2 (b, e) or 1 (c, f). In insets d—f,
proxy SNPs for which the dominant (recessive) allele was associated
with the dominant allele of SNP* are indicated by circles (crosses)

unless a large number of individuals adapt their environ-
mental exposure to their genotype at an interacting SNP,
which seems a possible albeit rather unlikely scenario.
Another possible limitation is that the measures of interac-
tion obtained from CO analysis reflect a lack of additivity
only on the log or logit scale, thus highlighting non-multi-
plicative relative risks or ORs. In some situations, however,
unravelling non-additivity of absolute risks may also be of
great scientific interest (Rothman et al. 2008).

In summary, we have shown that SNPs in LD with a
truly interacting SNP can be used as proxies to indirectly
infer the respective G x E interaction. This implies that
the association paradigm of GWAS may reasonably be
extended to the study of G x E interactions. Furthermore,
our results also suggest that future research may adopt the
CO approach at genome-wide level so as to allow exploi-
tation of existing GWAS data of cases whose environmen-
tal exposure data may be easier to obtain than those of
controls.
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Fig. 5 Power of proxy SNPs to detect y = 0 as a function of physical
distance (in Mb) to interacting SNP*. Cases were simulated adopt-
ing a HapMap-derived LD pattern, using either an AM (a—c) or a DM
(d—f) of the underlying genotype—phenotype relationship. Interaction

Table 1 A colorectal cancer-associated SNP interacting with smok-
ing (Siegert et al. 2013)

SNP Chromosomal y 95 % CI p value
region
159877596 chr3:20573619... —0.74 [—1.09, —0.38] 5.4 x 107>
20576566
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parameter y was set to —2 (a, d), 2 (b, e) or 1 (c, f).). In insets d—f,
proxy SNPs for which the dominant (recessive) allele was associated
with the dominant allele of SNP* are indicated by circles (crosses)

Appendix: Estimating the level of G x E interaction
in case-only studies

ORs for the joint effect of G and E and for the marginal
effects of G and E are calculated as follows (adapted from
Gatto et al. 2004; see “Materials and methods” of the main
text for definitions):

Joint effect of G Marginal effect of G Marginal effect of E
and E (given E = 0) (given G = 0)
D=1D=0 D=1 D=0 D=1 D=0
G=1, a, b, G=1 ¢ d, E=1 a, b,
E=1
G=0, c, d, G=0 ¢, d, E=0 ¢, d,
E=0
— ai/bs — al/d _ a/b
ORGE = 57 ORG = 7z ORg = 074,

Note that OR; and ORj entail the genotype and exposure
odds given E = 0 and G = 0, respectively
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Fig. 6 G x E interaction in colorectal cancer. Depicted are the
—log,((p) values of a Wald test for the interaction between a given
SNP and smoking. SNP rs9877596 was originally reported by Siegert
et al. (2013) to show nominally significant G x E

Rearranging the above tables and stratifying the G and E
data by disease status allows calculation of the gene—envi-
ronment OR in both cases and controls (denoted as Term I
and Term II below)

Cases (D=1) Controls (D = 0)

G=1 G=0 G=1 G=0
E=1 a, a, E=1 b, b,
E=0 ¢ cy E=0 d, d,
G-E ORcascs = fi;z G-FE ORcomrols = Z%Zi
Term 1 Term 2

Conceptually, multiplicative interaction between G and
E (G x Eqy) refers to any deviation of the product of OR;
and ORy from ORgg. Therefore, substituting ORgg, OR
and OR; by the respective terms yields

ay/b aic
Gx E — _ ORCE  _ ol @c }Terml
OR = ORg-ORg  c/di  a/by

cfdy  cr/ds

% }Term II

Under the assumptions that G and E are independent in
the general population and that the disease is rare (i.e. that
controls are almost representative of the population as a
whole), Term II will be equal to 1. Then, G x EyR can be
estimated by the gene environment OR in cases (see Pie-
gorsch et al. 1994 for further details).
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CHAPTER 2. RESULTS

2.2 Allowing for Population Stratification in Case-Only
Studies of Gene-Environment Interaction, using Genmic
Control

2.2.1 Summary

This paper illustrates an important issue of thpaot of PS upon the validity of CO studies
of GXE. Genetic PS (R could occur due a systematic difference in thelealfrequencies
between populations. The role of 28 GWAS is well-known and several means including
genomic control (GC) and principal component analyBCA) exist to tackle this issue in
GWAS. However, the effect of PS in CO studies ofEGwas known only partially, in
particular a systematic analysis of this problens \king. PS can be a major problem in
context of GXE studies because here environmetrtification (P$) could also occur in
addition to Pg. Consequently, three types of PS are possiblexB §udies, namely RS
P&, and Pgg, where P&e denotes the joint environmental and genetic P®. gurposes of
this paper were to determine the PS scenarios untah the validity of the Wald test
suitable for detecting GxXE in CO studies is affdcéd to explore alternative means to
correct for PS.

The analysis work in this paper relied mainly ugba simulated data sets. The simulation
study was carried out in a multi-tiered fashionshort, CO genotype and exposure data were
simulated in the presence of one of three diffetgpés of PS (i.e. RS P&, and Pgg). To
investigate the impact of PS on unadjusted andsgstjuWald test statistics, CO data were
simulated in two subpopulations, each with a déférparameter setting, and were combined.
The risk allele frequency dif and the environmental exposure frequengywWere varied in
one subpopulation in order to induce various lee¢lBS (sedata simulationsection of the

paper).

One main finding in this study was thatdg$an impact the validity of the Wald test suitable
for CO studies of GXE and can provide highly irdthtype | error rates. Further, this paper
demonstrated that the GC paradigm from GWAS carexiended to GxXE to rectify this
problem. Moreover, it was shown that family-base@thnds such an extension of
Transmission Disequilibrium Test (TDT) as propobgdSchaid (1999) can be robust to PS,
but their applicability is contingent up on the éadaility of family-data.

In summary, the results from this paper imply thétire research of GXE may safely adopt
GC approach to correct for PS in CO studies of GXHs indicates that relevant data
resources should generally aim at comprising lamgmbers of cases for whom genetic and
environmental exposure data may be easier to olitaim for controls or patient relatives.
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2.2.2 Publication (ii)
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Abstract Gene—environment interactions (G x E) have
attracted considerable research interest in the past owing to
their scientific and public health implications, but powerful
statistical methods are required to successfully track down
G x E, particularly at a genome-wide level. Previously,
a case-only (CO) design has been proposed as a means
to identify G x E with greater efficiency than traditional
case—control or cohort studies. However, as with genotype—
phenotype association studies themselves, hidden popula-
tion stratification (PS) can impact the validity of G x E
studies using a CO design. Since this problem has been
subject to little research to date, we used comprehensive
simulation to systematically assess the type I error rate,
power and effect size bias of CO studies of G x E in the
presence of PS. Three types of PS were considered, namely
genetic-only (PSj), environment-only (PSg), and joint
genetic and environmental stratification (PSgg). Our results
reveal that the type I error rate of an unadjusted Wald test,
appropriate for the CO design, would be close to its nomi-
nal level (0.05 in our study) as long as PS involves only
one interaction partner (i.e., either PSg or PSg). In contrast,
if the study population is stratified with respect to both G
and E (i.e., if there is PS5p), then the type I error rate is
seriously inflated and estimates of the underlying G x E
interaction are biased. Comparison of CO to a family-based
case—parents design confirmed that the latter is more robust
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against PSgp, as expected. However, case—parent trios may
be particularly unsuitable for G x E studies in view of the
fact that they require genotype data from parents and that
many diseases with an environmental component are likely
to be of late onset. An alternative approach to adjusting for
PS is principal component analysis (PCA), which has been
widely used for this very purpose in past genome-wide
association studies (GWAS). However, resolving genetic
PS properly by PCA requires genetic data at the popula-
tion level, the availability of which would conflict with the
basic idea of the CO design. Therefore, we explored three
modified Wald test statistics, inspired by the genomic con-
trol (GC) approach to GWAS, as an alternative means to
allow for PSii. The modified statistics were benchmarked
against a stratified Wald test assuming known population
affiliation, which should provide maximum power under
PS. Our results confirm that GC is capable of successfully
and efficiently correcting the PS-induced inflation of the
type I error rate in CO studies of G x E.

Introduction

Nearly all non-traumatic human diseases involve some kind
of interaction between genetic and environmental risk fac-
tors. In consequence, studying the joint health effects of
genes (G) and the environment (E) is at least as important
for understanding the etiology of a given disease as unrave-
ling its genetic basis alone. In the past, G x E studies
mostly followed a candidate (single-) gene approach (Begg
and Zhang 1994; Hwang et al. 1995). For instance, Hwang
et al. (1995) reported an interaction with regard to cleft pal-
ate between maternal smoking and infant genotype at the
transforming growth factor alpha (TGFA) locus. Children
carrying the rarer C2 allele exhibited a more than sevenfold
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higher risk for cleft palate only compared to non-carriers,
but only if their mother had smoked during pregnancy. The
epidemiologic literature has spawned a number of strate-
gies to detect gene—environment interactions (G x E) using
classical case—control and cohort designs (Thomas 2010).
Despite the abundance of analytical methods available,
however, only a few successful identifications of G x E
have been reported in the scientific literature so far. This
apparently low level of success is explicable mainly by the
fact that G x E studies face additional challenges over and
above those of mere genotype—phenotype association stud-
ies (Dempfle et al. 2008; Aschard et al. 2012). Most impor-
tantly, case—control and cohort designs have limited power
to detect G x E when the marginal and interaction effects
are moderate at best, as is probably the case for most com-
plex diseases in humans.

A less popular albeit very efficient strategy to unravel
G x E is the adoption of a case-only (CO) design (Pie-
gorsch et al. 1994). The CO design has been deemed
superior to other approaches by many scholars because of
its greater per-sample power (Yang et al. 1997; Gauder-
man 2002; Kraft et al. 2007; Yadav et al. 2015). Moreover,
a meta-analysis by Dennis et al. (2011) suggests that CO
and case—control studies of G x E yield similar estimates
of the underlying interaction effects. The CO design also
has practical benefits in that it sidesteps the costs and dif-
ficulties of identifying and recruiting suitable controls. In
addition, cases are usually easier to characterize in terms of
both their phenotype and their environmental exposure than
controls, particularly in retrospective studies.

The ability to detect G x E in a CO study critically
depends upon the validity of the key assumption underly-
ing the design, namely that G and E are stochastically inde-
pendent in the general population. This assumption seems
legitimate in most instances because humans hardly adapt
their environment to their genotype (anymore). Moreover,
it is sometimes even possible to dispense with the inde-
pendence assumption if the causes of non-independence, or
proxies thereof, can be measured (Albert et al. 2001; Gatto
et al. 2004; Cheng 2006). However, by definition, such an
assessment would be difficult for one particular type of
curtailment of the G-E independence assumption, namely
hidden population stratification (PS) (Wang and Lee 2008;
Chen et al. 2009). In fact, PS has been recognized before
as a potential confounder of genome-wide association stud-
ies (GWAS) and various strategies have been proposed
to allow for PS at the level of the statistical data analysis
(Pritchard and Rosenberg 1999; Devlin and Roeder 1999;
Price et al. 2006; Wang 2009). One common approach has
been the quantification of surrogate measures of popula-
tion affiliation, for example, through principal compo-
nent analysis (PCA), followed by their inclusion into the
actual statistical evaluation of the genotype—phenotype

@ Springer

relationship (Pritchard and Rosenberg 1999; Devlin and
Roeder 1999; Price et al. 2006; Wang 2009). However, as
will be expounded in more detail below (see “Discussion”),
this strategy is inapt under the CO paradigm because PCA
would require genetic data at the population level. Another
popular method to allow for PS in GWAS has been the use
of so-called ‘genomic control’ (GC) markers, i.e., of mark-
ers unlinked to the test marker, to adjust the test statistic
of interest (Devlin and Roeder 1999; Bacanu et al. 2000;
Devlin et al. 2001, 2004). More specifically, a correction
factor quantifying the PS-induced extra variation of the
test statistic under the null hypothesis is estimated from
the GC markers, presuming that the vast majority of them
are not disease-associated. Having stood the test of many
case—control GWAS, the GC method appears to be a good
candidate to allow for PS in CO studies of G x E as well.
Alternatively, if and when possible, confounding by PS can
be circumvented altogether by the adoption of a family-
based design. The most popular version of this approach
is the evaluation of case—parent trios by a so-called ‘trans-
mission-disequilibrium test (TDT)’ that conditions the
impact on disease risk of the case genotype on the respec-
tive parental genotypes (Schaid and Sommer 1994; Schaid
1999; Lake and Laird 2004; Kistner et al. 2009; Chen et al.
2009).

As yet, the role of PS in G x E studies using a CO design
has not been explored in much detail. Most importantly, a sys-
tematic analysis is still lacking of how the various possible
types of PS may affect the validity and power of such stud-
ies. Therefore, we systematically evaluated, by simulation,
the effects of PS on the type I error rate, power and bias of
the ensuing effect estimates in CO studies of G x E interac-
tion. Three plausible scenarios of PS were considered, namely
genetic-only (PS;), environment-only (PSg), and joint genetic

PSE PS¢

PSge

f, f, f, f, f,

Fig. 1 Illustration of three types of population stratification (PS)
potentially affecting G x E studies. The gray and white bars cor-
respond to two distinct populations. The height of each bar is pro-
portional to either the risk allele frequency f, (left hand side) or the
exposure frequency f, (right hand side). Under PSg, the two subpopu-
lations differ only in terms of f, whereas f, is constant (and vice versa
for PSg). Under PSg, both £, and f, are different in the two subpopu-
lations
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and environmental stratification (PSgg; Fig. 1). Within this
framework, we explored three GC-modified test statistics as a
means to allow for PS in CO studies of G x E interaction. We
also benchmarked the proposed test statistics against a strati-
fied analysis assuming known population affiliation, which
should provide maximum statistical power under PS. The
results were compared to those obtained with a TDT-like test
of G x E interaction, applied to case—parent trios.

Materials and methods
Assessing G x E in CO studies

Let D denote a (binary) disease status. For the sake of
simplicity, E is assumed here to be binary as well (e.g.,
‘exposed’ vs ‘non-exposed’). Let G =0, 1 or 2 be the allele
count of a biallelic marker to be tested for G x E interac-
tion. We will henceforth assume a logistic model relating
disease risk m, to G and E, i.e.,

logit(mp) = Po+B6-G+Pe-E+y -G-E (1)

In Eq. (1), y is the statistical interaction between G and
E while B and B are the two main effects. Following Pie-
gorsch et al. (1994), y can be estimated in a CO study if
two key assumptions are met, namely that (1) the disease of
interest is sufficiently rare and (2) that G and E are stochas-
tically independent in the general population. Under these
conditions, y approximately equals the log odds ratio (OR)
of the association between G and E among cases, which
can be estimated by fitting

logittPE=1)}=6y+6-G 2

to the CO data. In the absence of G x E interaction (i.e., if
y = 0), 6 equals zero provided that the assumptions under-
lying the CO design are correct. In other words, testing the
null hypothesis Hy:0 = 0 (i.e., no association between G
and E among cases) is equivalent to testing Hy:y = 0 (i.e.,
no G x E in the source population). The significance of
rejecting H, on the basis of CO data can be assessed using
the Wald test statistic

6

S

3

w =

where 6 is the maximum-likelihood estimate of § and Sy
is the standard error of 6. Under H,, the test statistic w
asymptotically follows a standard normal distribution.

Accounting for PS in CO studies

In the presence of PS, the false positive rate of the Wald test
may be inflated if the spurious population-level association

between G and E is carried forward to the study sample.
A straightforward albeit idealistic way to allow for PS in
CO studies would be to stratify the Wald test by popula-
tion affiliation which would render the test valid and should
provide maximum power under PS. Therefore, we consid-
ered this stratified type of analysis as a benchmark for the
efficiency of the proposed modifications of the Wald test
statistic described below.

One way to allow for PS in CO studies would be an
adoption of the GC approach originally devised for case—
control disease association studies. Here, we propose three
different GC-based test statistics tailored to the specifics
of G x E studies using a CO design. The first statistic is
reminiscent of the original idea by Devlin et al. (2001) to
align the median of the relevant test statistic to its theoreti-
cal expectation under H,. In CO studies, a robust estimate
of the required correction factor is provided by the median
of w? taken over the GC markers, divided by 0.456 (i.e., the
median of a x? distribution with one degree of freedom).
Denoting this correction factor by 21, the significance of an
observed G x E interaction is assessed by comparing

2
, w

W= )
1

>

to a x* distribution with one degree of freedom.

The second proposed statistic is similar to a suggestion
by Devlin et al. (2004). This time, the correction factor
/:Lz equals the mean (rather than the standardized median)
of w2, taken over the GC markers. The significance of an
observed G x E interaction is assessed by comparing

<
o

W= 5)
)

o>

to a F, distribution, where L is the number of GC mark-
ers employed to estimate :12. Use of 22 rather than ;11 is
motivated by the fact that the former allows better for the
increased standard error of the correction factor when L is
small.

The third modification of the Wald test statistic, inspired
by Wang (2009), is based upon the 6 values of individual
GC markers. Denoting the sample variance of these esti-
mates by 73, the modified test statistic equals

w

1+ 4 ©

For moderate to large sample sizes, w'’ follows a stand-
ard normal distribution under H,. Note that, contrary to
w’ and w”, the correction factor in w'” is not constant but
depends upon the test marker under consideration. Since
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a non-negative term is added to the denominator, w'"’ will
always be smaller than the original test statistic w.

Testing G x E in case—parent trios

An extension of the TDT to G x E studies was proposed
by Schaid (1999). Let 7 denote the probability that a het-
erozygous parent transmits a particular allele of the test
marker to their affected child. The proposed test compares
T between trios with a non-exposed case (7)) and trios with
an exposed case (t;). This comparison yields a valid test of
H,:60 = 0 because H;, logically implies 7, = 7.

Data simulation

Our simulation study was carried out in a multi-tiered fash-
ion. First, CO genotype and exposure data were simulated
in the presence of one of three different types of PS. We
employed an additive model of the genotype—phenotype
relationship to assign a disease status to an individual with
genotype G and exposure status E, using Eq. (1). Only
affected individuals were retained for further analysis. Sim-
ulations were carried out with fixed B, = —4.6, B = 0.41
and B = 0.41. The values of B; and B were chosen so
as to induce a main effect (OR = 1.5) that is generic for
multifactorial diseases. Intercept B, was fixed at —4.6
(equivalent to a baseline risk of ~ 1 %) to comply with the
rarity assumption underlying the CO design. We set y = 0
to evaluate type I error rates and choose various positive
values of y to evaluate the power of the different tests under
consideration.

To investigate the impact of PS on the original Wald test
statistic w, we combined CO data that were simulated in
two subpopulations (popl and pop2), each with a differ-
ent parameter setting. The risk allele frequency (f,) and
the environmental exposure frequency (f,) were varied in
pop?2 to induce various levels of PS. Three types of PS were
generated. For purely genetic PS (PSg), f. was set equal
to 0.1 in both subpopulations while f, was fixed at 0.1 in
popl and varied between 0.1 and 0.9 in pop2. Similarly, for
purely environmental PS (PSg), f, was set equal to 0.5 in
both subpopulations while f, was fixed at 0.1 in pop! and
varied between 0.05 and 0.40 in pop2. Finally, for PSgg,
Jf; and f, were fixed at 0.5 and 0.1, respectively, in pop!. In
pop2, the two parameters were varied between 0.1 and 0.5
(fy) and between 0.05 and 0.20 (f,), respectively. To evalu-
ate the effect of population composition, the proportion of
popl data was varied between 0.1 and 0.9 while f, and f,
were fixed at 0.5 and 0.1, respectively, in popl, and at 0.1
and 0.2, respectively, in pop2.

To investigate the performance of the GC-modified test
statistics under PSgg, the genotypes of 500 additional GC
markers were simulated for each case in addition to the test
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marker genotype. The minor allele frequency was drawn
randomly from [0.05, 0.25] for every uneven marker num-
ber and from [0.20, 0.40] for every even marker number
in popl, and vice versa in pop2. This induced an average
allele frequency difference of about 0.15 between the two
subpopulations. Genotype frequencies of GC markers were
set to Hardy—Weinberg expectations. At the test marker, f,
was set at 0.30 and 0.15, respectively, in popl and pop2
while f, was fixed at 0.15 in pop! and varied from 0.03 to
0.15 in pop2 to induce varying levels of PSgp. Interaction
term y was set equal to 0.25 or 0.5 to evaluate the power of
the different modified tests over a wide range of PSg;. The
two values of y were chosen so as to induce either a small
(OR = 1.3) or a moderate (OR = 1.6) interaction effect.

To confirm that family-based designs are robust against
PS, trio data comprising cases and their parents were simu-
lated using the trioGxE tool implemented in R (Shin et al.
2013). This tool supports simulation of both child exposure
and G x E interaction. Child genotypes were first sam-
pled according to the laws of Mendelian inheritance from
given parental genotypes. For convenience, we modified
the default risk model of #rioGxE to comply with Eq. (1)
and used the same S values as in the CO data simulation.
We again employed an additive model of the genotype—
phenotype relationship to assign a disease status to each
child. Only trios with affected children were retained. Trio
data from popl and pop2 were combined to induce PS. For
all three types of PS, fg and f, were fixed at 0.3 and 0.15,
respectively, in popl and modified in pop2 as follows. For
PSg, fg was set to 0.15, for PSg, f. was set to 0.05 and, for
PSqE, fg and f, were set to 0.15 and 0.05, respectively, in
pop2. To compare the type I error rates and power of the
TDT to those of the GC-modified Wald tests statistics, trio
data were simulated under varying levels of PSg using the
same parameter combinations as employed in the simula-
tion of singleton cases. Finally, to evaluate the power of the
TDT under PSgg, we varied interaction term v in the inter-
val [0, 1] whilefg and f, were set at 0.3 and 0.15, respec-
tively, in pop1, and at 0.15 and 0.05, respectively, in pop2.

For each parameter combination considered, we simu-
lated 10,000 replicates comprising either a CO data set with
1000 cases or a set of 1000 case—parent trios. To ensure
adequate coverage close to 0 and 1, the Agresti-Coull
method was used to calculate 95 % confidence intervals for
proportions (Agresti and Coull 1998). All simulations were
implemented in R, using in-house protocols.

Results

Our simulation-based study of the CO design revealed
that, under purely genetic PS (PS), the type I error rate of
the unadjusted Wald test for G x E is close to its nominal
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Fig. 2 PS-induced type I error rate of the unadjusted Wald test for
G x E (Hy:0 = 0) in a CO design. CO data were simulated under
PS; (a), PSg (b) and PSgg, (©). Afg and Af, denote the risk allele and
exposure frequency difference, respectively, between subpopulations.
Under PSg, only f, was varied in pop2 whereas f, was kept constant.
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Similarly, under PSg, only f, was varied whereas f, was kept constant.
Under PSgg, both f, and f, were varied. Labels in (¢) correspond to
Af, values, multiplied by 100; negative signs mark settings where f,
was lower in pop2 than in popl. Dashed lines depict the nominal sig-
nificance level of 0.05
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Fig. 3 PS-induced bias of estimates of interaction effect y. For details: see legend to Fig. 2

level of 0.05, irrespective of the difference in risk allele
frequency (Af,) between the two subpopulations (Fig. 2a).
The same was found to be true in the presence of environ-
ment-only PS (PSp). Again, the type I error rate was close
to its nominal level of 0.05 irrespective of the subpopula-
tion difference in exposure frequency (Af,; Fig. 2b). By
contrast, in simulations carried out under joint PS with
respect to both genetic and environmental factors (PSgg),
the type I error rate was found to be inflated proportional
to the respective subpopulation differences (Fig. 2c). At
the extreme end, the type I error rate was as high as 90 %
for Af, = 0.40 and Af, = 0.10. Similarly, the bias of the
y estimate was found to be negligible in the presence of
PS or PSg, but turned out to be considerable under PSgg
(Fig. 3). Moreover, as was to be expected, both the type I

error rate and the bias attained their maximum when the
population-wise CO data were mixed in equal proportions
(Fig. 4).

The type I error rate and power of the six test statistics
considered in our study, namely w, w/, w”, w/, w" and
TDT, were found to vary markedly with different degrees
of PSgg (Table 1). The original Wald test w showed an
inflated type I error rate when there was PSg (i.e., when
Af, > 0; Fig. 2c). By contrast, the stratified analysis with
test statistic w", which idealistically assumed that the true
subpopulation affiliation was known, was always valid and
yielded a type I error rate close to its nominal level of 0.05,
as expected. Median-adjusted GC statistic w’ showed a type
I error rate close to its nominal level only for Af, < 0.03,
but was found to be rather conservative for Af, > 0.06.
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Fig. 4 Type I error rate of the
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Table 1 Validity and power of the original Wald test (w) and five other tests under different levels of PSgg
Y Af. (x100) w w w!! w'! w TDT
0 0 0.050 (0.046; 0.049 (0.045; 0.053)  0.050 (0.046; 0.003 (0.002; 0.004)  0.052 (0.048; 0.046 (0.042;
0.054) 0.054) 0.056) 0.050)
3 0.075 (0.070; 0.047 (0.043; 0.051)  0.049 (0.045; 0.003 (0.002; 0.004)  0.046 (0.042; 0.049 (0.045;
0.080) 0.053) 0.050) 0.053)
[§ 0.152 (0.145; 0.027 (0.024; 0.030)  0.039 (0.035; 0.002 (0.001; 0.003)  0.048 (0.044; 0.053 (0.049;
0.159) 0.043) 0.052) 0.058)
9 0.302 (0.293; 0.005 (0.004; 0.007)  0.020 (0.017; 0.0007 (0.0003; 0.051 (0.047; 0.049 (0.045;
0.311) 0.023) 0.0015) 0.055) 0.053)
12 0.568 (0.558; 0.0002 (0; 0.0008) 0.006 (0.005; 0.0001 (0; 0.0006) 0.046 (0.042; 0.053 (0.049;
0.578) 0.008) 0.050) 0.058)
0.25 0 0.580 (0.570; 0.568 (0.558; 0.578)  0.572 (0.562; 0.198 (0.190; 0.206)  0.551 (0.541; 0.402 (0.392;
0.590) 0.582) 0.561) 0.412)
3 0.732 (0.723; 0.568 (0.558; 0.578)  0.607 (0.597; 0.218 (0.210; 0.226)  0.520 (0.510; 0.381 (0.371;
0.741) 0.616) 0.530) 0.391)
6 0.855 (0.848; 0.396 (0.386; 0.406)  0.522 (0.512; 0.156 (0.149; 0.163)  0.495 (0.485; 0.356 (0.347;
0.862) 0.532) 0.505) 0.365)
9 0.939 (0.934; 0.142 (0.135; 0.149)  0.360 (0.351; 0.059 (0.054; 0.064)  0.448 (0.438; 0.334 (0.325;
0.943) 0.369) 0.458) 0.343)
12 0.983 (0.980; 0.014 (0.012; 0.016)  0.154 (0.147; 0.006 (0.005; 0.008)  0.414 (0.404; 0.313 (0.304;
0.985) 0.161) 0.424) 0.322)
0.5 0 0.995 (0.993; 0.993 (0.991; 0.994)  0.994 (0.992; 0.927 (0.922; 0.932)  0.992 (0.990; 0.942 (0.937,
0.996) 0.995) 0.994) 0.946)
3 0.998 (0.997; 0.987 (0.985; 0.989)  0.992 (0.990; 0.923 (0.918; 0.928)  0.988 (0.986; 0.937 (0.932;
0.999) 0.994) 0.990) 0.942)
6 0.999 (0.998; 0.933 (0.928; 0.938)  0.981 (0.978; 0.840 (0.833; 0.847)  0.985 (0.982; 0.925 (0.920;
0.999) 0.983) 0.987) 0.930)
9 1.000 (0.999; 0.684 (0.675; 0.693)  0.928 (0.923; 0.586 (0.576; 0.596)  0.974 (0.971; 0.910 (0.904;
1.000) 0.933) 0.977) 0.915)
12 1.000 (0.999; 0.206 (0.198; 0.214)  0.753 (0.744; 0.182 (0.175; 0.190)  0.955 (0.951; 0.892 (0.886;
1.000) 0.761) 0.959) 0.898)

The table contains the proportion (95 % CI) of nominally significant results, corresponding to the type I error when y = 0 and corresponding to
the power when y = 0. The test statistic with the largest power for a given parameter combination is highlighted by bold print. Parameter f, was
fixed at 0.30 and 0.15 at the test marker, respectively, in popl and pop2; f, was fixed at 0.15 in pop! and varied from 0.03 to 0.15 in pop2, to

induce PSgg
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Mean-adjusted GC statistic w” performed slightly better
in the sense that it was less conservative than w' for large
values of Af,. Finally, the GC statistic w”’ had a lower
type I error rate than the original w at all Af, values con-
sidered here, but was very conservative compared to w’
and w"”. This finding is explicable by the fact that w'"’ has
a non-negative term added to its denominator and therefore
always deflates the original test statistic w. For all test sta-
tistics analyzed, the power to detect y = 0 was positively
correlated with the size of the true interaction effect as
expected, i.e., greater power was attained at y = 0.5 than
at y = 0.25. Furthermore, the power of all five valid test
statistics was inversely related to Af, which implies that the
power to detect a given interaction effect decreases with
increasing PSgg (note that the power of w was irrelevant
because it is invalid under PSgg). Noteworthy, at low lev-
els of PSgg, the power of all GC statistics except w'’ was
larger than that ensuing from the same number of cases
(plus parents) with a TDT. Additionally, at low levels of
PSgg, the power of w' and w” was found to be similar to
that of w”. At high levels of PSgg, TDT provided maximum
power of the non-stratified tests (i.e., of all tests other than
w"), followed by GC-modified statistics w” and w’.

Comparison between CO and trio design

Both the TDT and the unmodified Wald test are valid
when only a single factor (i.e., either G or E) is subject to
PS (Table 2). However, while the unadjusted CO analysis
of G x E suffered from an inflated type I error rate under
PSgg, this was not the case for the TDT. Instead, the exten-
sion of the TDT consistently exhibited type I error rates
close to their nominal level. The power of the TDT was
also positively correlated with the true interaction effect
(Fig. 5) and approached unity for strong interaction (i.e.,
y = 1). Interestingly, the GC-modified statistic w” provided
power similar to the TDT (with the same number of trios
as cases) except for very small interaction effects. Overall,
the power of the five different valid test statistics could be
ranked as w* > TDT > w” > w' > w'"’.

The resulting 95 % CIs (Tables 1 and 2) indicate that
both the type I error rates and the power figures were

Table 2 Type I error rates of the Wald test (w) and the TDT in a CO
or case—parents design, respectively, under different types of PS

popl pop2 Type I error rate (95 % CI)

Joo e Se feoow
0.050 (0.046; 0.054)
0.049 (0.045; 0.053)

0.051 (0.047; 0.055)
0.104 (0.098; 0.110)

TDT

03 015 03 0.15
03 015 0.15 0.15
03 015 03 0.05
03 0.15 0.15 0.05

0.050 (0.046; 0.054)
0.047 (0.043; 0.051)
0.052 (0.048; 0.056)
0.049 (0.045; 0.053)

0.8 1.0
|

Power
04 06

0.0 0.2

Fig. 5 Power of four modified Wald tests and the TDT, respectively.
Data were simulated under PSgg with f, and f, fixed at 0.3 and 0.15,
respectively, in popl, and at 0.15 and 0.05, respectively, in pop2.
Interaction parameter y was varied in the interval [0, 1]

estimated sufficiently accurately with the chosen number
of simulation replicates (i.e., 10,000) to justify the above-
mentioned qualitative conclusions about the relative merits
of the different test statistics.

Discussion

We studied the impact of population stratification (PS)
on the validity of the case-only (CO) design for studies
of gene—environment interactions (G x E). To this end,
we simulated CO data under three possible PS scenarios,
namely genetic-only (PSg), environment-only (PSg), and
joint environmental and genetic stratification (PSgg). Fur-
ther, we described different ways in which to allow analyti-
cally for PS in CO studies of G x E. For the sake of sim-
plicity, we considered only two subpopulations here but,
qualitatively, our conclusions should also apply to more
complex types of PS.

We systematically evaluated the type I error rate and
bias arising under a wide spectrum of stratification scenar-
ios. One important finding was that CO studies of G x E
are not impeded by PS as long as the frequency of only one
factor (i.e., either G or E) differs between subpopulations.
However, without further adjustment, the CO approach
was found to be invalid under PSgg, with seriously inflated
type I error rates as expected. This limitation is due to the
fact that PS5 creates an association at the population level
between G and E that violates the key assumption of the
CO design. Moreover, our simulations revealed a strong
bias to affect the estimate of interaction term y under PSgg.
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Wang and Lee (2008) made a similar observation and pro-
posed a “boundary formula” to limit the amount of PS-
induced bias. For their formula to be applicable, however,
the genotype and exposure frequencies within subpopula-
tions need to be known, which is difficult or even impossi-
ble in practice where the nature of PS is likely to be hidden.

The main goal of our work was to develop means to take
PS properly into account in CO studies of G x E. To this
end, we explored three different modifications of the Wald
test statistic (w) that were inspired by the genomic control
(GC) method. To the best of our knowledge, our study is
the first to deploy the GC idea in the context of CO studies
of G x E. We benchmarked the GC-modified test statistics
against a stratified Wald test idealistically assuming that the
population affiliation of each individual case was known.
Our simulations confirmed that this test would be valid
and provide greater power than any of the PS-naive tests.
Finally, we investigated how family-based approaches such
as an extension of the TDT proposed by Schaid (1999) tend
to avoid excessive false positive results under PSqg. For
two major reasons, we did not consider approaches involv-
ing the quantification of surrogates of population affilia-
tion, including principal component analysis (PCA). First
and foremost, for such adjustments to be valid, the nature
of the underlying PS (i.e., the relative proportion of each
subpopulation) would have to be determined at the popu-
lation level which, in turn, requires genetic data that are
population-representative as well. However, as we have
demonstrated above, PS affects the validity of CO studies
of G x E only if there is both PS5 and PSg. In this case,
the genetic PS present in a CO sample is not necessarily
the same as the sought after PS at the population level
because the composition of the CO sample would depend
critically upon the (variable) subpopulation-specific expo-
sure frequencies. We may therefore conclude that surrogate
quantification of subpopulation affiliation, such as PCA,
is unsuitable in principle to correct for PS in CO studies
of G x E. Second, PCA and other techniques only partly
resolve the PS problem because the surrogate measures
(e.g., PCA dimensions) usually included in subsequent sta-
tistical analyses are likely to explain only a minor fraction
of the true genetic variation. Whether or not the selected
measures render the statistical tests sufficiently valid is
most often unclear. By contrast, the GC method considered
here corrects for PS directly at the level of the test statistic.

Our simulations revealed that the proposed GC modifi-
cations of w compensate well the impact of PSgg upon the
validity of CO studies of G x E. Interestingly, at low lev-
els of PSgg, the power of all test statistics except w'/’ was
found to be larger than that provided by the TDT using
the same number of trios as cases (here: 1000). Moreover,
even under extreme levels of PSgg, statistic w” provided
reasonable power (0.75) to detect moderate interaction
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(i.e., y = 0.5). The first of our GC-modified test statistics,
w/, uses a correction factor 11 that is the same for all GC
markers. It performs well at low levels of PS, but is con-
servative under more extreme scenarios. This selective loss
of power may be due to the considerable standard error
of /1 which in turn depends upon many factors, including
the number of unlinked markers used for estimation and
the truly underlying level of PS (Devlin et al. 2004). Our
second proposed test statistic, w”, is similar to the GCF
method suggested by Devlin et al. (2004) and takes the
variance inflation of 12 for small numbers of GC markers
properly into account. Interestingly, this method was found
to perform slightly better than w’ at low levels of PSp but
was also conservative under more extreme settings. Finally,
test statistic w'”’ uses a correction factor that varies from
one test marker to the other. This type of modification
served to reduce the type I error rate in all PSgp settings,
but turned out to be very conservative probably because
the modification always deflates the original test statistic
w. Overall, the proposed GC-based modifications allow for
the effect of PS at the level of the test statistic and, as was
shown here, can be assumed conservative particularly at
high levels of PSgg.

Our simulations also confirmed the validity of the TDT
and revealed that, at high levels of PSgg, it provides more
power per trio than the GC-adjusted statistics provide per
case. However, although family-based designs may there-
fore seem to resolve the PS problem in G x E studies, they
also have major drawbacks: The TDT requires genotype
data from additional family members (e.g., parents) which
are difficult to obtain in the first place. Moreover, recruiting
older family members such as parents can be expensive,
time-consuming and difficult, particularly for diseases with
late onset. By contrast, the GC-based methods proposed
here are easy to implement and require the genotyping of
only a moderate number of unlinked markers in the same
set of cases. In the context of a genome-wide G x E inter-
action study, a vast number of GC markers can be expected
to be readily available anyway. Moreover, family-based
tests of G x E recently have been shown to be poten-
tially biased in the presence of PSgg if the genetic vari-
ant under study is not itself causal but only a proxy for a
truly causal variant (Shi et al. 2011; Weinberg et al. 2011).
This is because, in cases where the subpopulation-specific
exposure prevalence is correlated with the subpopulation-
specific linkage disequilibrium between the proxy and the
causal variant, the exposure and the transmission at the
proxy may be correlated even when there is no interaction
between the exposure and the causal genetic variant (Shi
et al. 2011).

In summary, we have shown that joint environmen-
tal and genetic PS can impact the validity of CO studies
of G x E. We also demonstrated that the GC paradigm
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from gene-disease association studies can be extended to
G x E to rectify this problem. Our results imply that future
research of G x E may safely adopt a CO approach to
exploit existing GWAS data sets. At the same time, we urge
that relevant data resources should generally aim at com-
prising large numbers of cases for whom genetic and envi-
ronmental exposure data may be easier to obtain than for
controls or patient relatives.
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CHAPTER 2. RESULTS

2.3 Gene-smoking Interaction in Inflammatory Bowel
Disease: Meta-analysis of 10 Case-only Studies Conging
over 12,750 Patients

2.3.1 Summary

This paper uses a real inflammatory bowel diset3B)(data set to illustrate the genome-
wide utility of the CO design to detect gene-smgkimeraction in IBD. The etiology of IBD,
including Crohn disease (CD) and ulcerative coli€), involves both G and E factors, but
the underlying biological mechanisms are only pparhderstood. In particular, little is
known about the possible role of GXE. In consegegdespite the many genotype-phenotype
associations identified through GWAS, more than 7@®Pthe heritability of IBD remained
unexplained. In addition to other environmentahsii, such as hygiene, antibiotics and diet,
smoking is known to be a major environmental resktdr for IBD.

This study investigated the possible interactiotwben SNPs and smoking in relation to CD
and UC risk. The analysis covered 10 Immunochi@ dagts collated by the International
Inflammatory Bowel Disease Genetics ConsortiumDI@C), comprising 12,776 cases (7076
CD and 5700 UC) of known smoking status. In additi®730 control samples with

information on smoking history were available fréoor of the participating centers. A total

of 156,499 SNPs were tested for gene-smoking ictiera using the CO approach.

Three meta-analyses each were performed for CDU&hdconsidering one of the following
smoking-status contrasts: ‘never vs. ever’, ‘never current’, or ‘never vs. former'.
Interactions with a meta-analysis p value €1®ald test) and a heterogeneity p value >0.05
(Cochrane Q test) were subsequently checked forahdity of the underlying gene-smoking
independence assumption in controls. This studgtifilied 23 and 19 SNPs with suggestive
evidence of gene-smoking interaction in CD and W&3pectively. The majority of these
markers (16 SNPs) were located on chromosome §,itlalicating a potential involvement of
the HLA region in IBD.

In summary, using CO approach, this study idemtid® SNPs with strong evidence of an
interaction with smoking in IBD. None of these polyrphisms had been reported as being
involved in a gene-smoking interaction in IBD be&forThe lack of LD between the 42
strongly suggestive SNPs and known IBD-associatarkens further highlights the potential
of an agnostic, hypothesis free genome-wide sdard@xE. Undoubtedly, further functional
and experimental studies are required to fullyislahe role of the identified gene-smoking
interactions in IBD etiology.
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2.3.2 Publication (i)

Yadav et al. (to be submitted)
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Gene-smoking interaction in inflammatory bowel disease: Meta-
analysis of 10 case-only studies comprising over 12,750 patients

Yadav et al. (to be submitted)

Abstract

Both genetic and environmental factors are thought to play a role in the etiology of inflammatory bowel disease (IBD),
including Crohn disease (CD) and ulcerative colitis (UC). In fact, smoking is presumed to be a major risk factor for IBD
and at least some of the biological mechanisms of IBD development are likely to be modified by smoking. Therefore,
we investigated the possible interaction between single nucleotide polymorphisms (SNPs) and smoking in relation to
CD and UC risk. The analysis covered 10 Immunochip data sets collated by the International Inflammatory Bowel
Disease Genetics Consortium (IIBDGC), comprising 12,776 cases (7076 CD, 5700 UC) of known smoking status. In
addition, 3730 control samples with information on smoking history were available from four of the participating
centers. A total of 156,499 SNPs were tested for gene-smoking interaction, using a case-only design. Three meta-
analyses each were performed for CD and UC, considering one of the following smoking-status contrasts: ‘never vs.
ever’, ‘never vs. current’, or ‘never vs. former’. Interactions with a meta-analysis p value <10* (Wald test) and a
heterogeneity p value >0.05 (Cochrane Q test) were subsequently checked for the validity of the underlying gene-
smoking independence assumption in controls. Our analysis identified 23 and 19 SNPs with suggestive evidence of
gene-smoking interaction in CD and UC, respectively. The majority of these markers (16 SNPs) were located on
chromosome 6, thus indicating a potential role of the HLA region in IBD. In fact, a focused analysis of classical HLA
alleles revealed a suggestive gene-smoking interaction for four alleles in CD and for one allele in UC. Moreover,
approximately 30% of the SNPs identified as interacting with smoking in our meta-analyses lie in close vicinity (<1Mb)
to SNPs identified as disease-associated in previous genome-wide association studies (GWAS). Noteworthy, several
interaction effect differences were observed between CD and UC thereby suggesting a differential role of tobacco

smoking in the etiology of IBD.

Keywords: meta-analysis; case-only design; inflammatory bowel diseases; gene-smoking interaction

Introduction families. The aetiology of IBD involves both genetic

Inflammatory bowel disease (IBD), including Crohn and environmental  factors, - but the biological

disease (MIM 266600) and ulcerative colitis (MIM mechanisms of disease development are only poorly

191390), is a chronic, lifelong illnesses of early onset understood. In-particular, little is known about the

that seriously impedes the quality of life of affected possible role of gene-environment interaction. In
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consequence, despite the many genotype-phenotype
associations identified in past genome-wide association
studies (GWAS), more than 70% of the heritability of
IBD is yet unaccounted for [1-4].

In addition to other environmental stimuli such as
hygiene, oral contraceptives, antibiotics and diet [5],
smoking is known to be a major environmental risk
factor for IBD [6-11]. Early case-control studies
revealed an increased risk for both CD and UC in
former smokers whereas current smoking was found to
be predisposing to CD, but protective against UC [6, 8-
11]. This differential effect on risk was recently
confirmed in a large prospective study of 229,111
women from the US Nurses’ Health Studies (NHS).
Compared to never smokers, the CD hazard ratio was
1.35 for former and 1.90 for current smokers whilst the
UC hazard ratio was 1.56 for former, but 0.86 for
current smokers. However, with a 95% confidence
interval ranging from 0.61 to 1.20, the apparently
protective effect against UC of current smoking failed

to attain statistical significance.

The aetiological role of smoking in IBD is still not
fully understood [12] mainly because of the complex
chemical composition of tobacco smoke. Many
candidate mechanisms are on the table. For example,
smoking has been shown to cause epigenetic changes
that promote altered gene expression potentially
affecting the innate immune response [9, 12-15].
Smoking also induces changes of the intestinal
microbiota, which represents another plausible link to
disease aetiology [16-18]. Further possible mechanisms
involve the post-translational modification of key
proteins by constituents of tobacco smoke, activating
the immune response and inducing inflammation. For

example, tobacco smoking has been found to induce
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citrullination of various proteins [19-21]. Citrullination
affects the 3-dimensional structure of proteins such that
it may cause unfolding and the exposition of interior
domains that can subsequently act as antigens. In
rheumatoid arthritis, for example, smoking has been
identified as an environmental trigger of anti-citrulline
immunity in individuals with particular HLA-DRB1
SE alleles [19, 22], a mechanism that may likewise
explain the sustaining of a high risk of UC decades

after smoking cessation [7].

Gene-environment interaction studies are one way to
shed light on the biological mechanisms of disease
development [23-25]. As yet, however, only a few
studies of gene-smoking interaction have been
conducted in the context of IBD. One of these reported
a statistically significant interaction between NOD2
gene variant 1007fs (rs2066847), predisposing to CD,
and both ever and current smoking [26]. Two other
small studies observed a significantly higher smoking-
related CD risk among GG homozygotes for SNP
rs2241880 of the ATG16L1 gene [27] and among CC
(wild-type) homozygotes for SNP rs1343151 in the
IL23R gene [28]. No study so far has investigated
gene-smoking interactions in IBD at a genome-wide
level. Using the genotype data available to the
International IBD Genetics Consortium (IIBDGC), we
therefore set out to investigate whether the smoking-
associated risk for IBD is modified by any of the
genetic variants that are either included on the Illumina
Immunochip itself, or that are imputable from
Immunochip data using publicly available databases. In
so doing, we adopted a two-tiered approach adopting a
case-only (CO) design to search for gene-smoking
interactions (stage 1) followed by the verification of the
gene-smoking independence assumption implicit to the

CO design in controls (stage II).



Materials and Methods
IBD dataset

All samples used in the present study were collected
through the IIBDGC and originated from 15 countries
in Europe, North America and Australia [4].
Genotyping with the Immunochip custom genotyping
array (Illumina) was performed in 34 batches in 11
different centers, as described in detail elsewhere [35].
After quality control, data on a total of 156,499 SNPs
became available to us through the IIBDGC and were
tested for an interaction with smoking in our study. For
SNPs identified as potential interaction candidates, we

performed additional quality control through visual

inspection of the respective cluster plots.

Only samples with known smoking status were
included in our study. The 55 centers forming the
IIBDGC were ranked by the number of cases available
in each center. We then confined our meta-analyses to
the top 10 centers which contributed a total of 12,776
cases (7076 CD, 5700 UC). Four of the ten centers also
had controls with known smoking status available

(N=3730).

In a previous study by the IIBDGC, focused upon the
specific role of the HLA region, Immunochip high-
from the

(MHC)

density  genotyping  data major

histocompatibility = complex region on
chromosome 6 were used to impute classical HLA
alleles [35]. This imputed data set comprised 11,248
variants including SNPs, HLA alleles at 4-digit
resolution, HLA alleles at 2-digit resolution, and
single-amino acid exchanges. For the purpose of the
present study, we extracted imputed genotypes only for
the 12,776 cases of interest and repeated all analyses
on this data set. Further details on the imputation study,
including the variant nomenclature used, can be found

in the original report [35].
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Statistical analysis

All statistical analyses were performed either with
PLINK [36] or with the R software (v. 3.2.1), as
appropriate. The statistical significance of pairwise
gene-smoking interactions was assessed by logistic
regression analysis as implemented in PLINK. We
employed an additive allelic model of the genotype-
phenotype relationship, thus encoding individual SNP
genotypes (G) by allele numbers. Genotypes were
treated as predictor variables whereas the binary
smoking status (E) was treated as the response variable,

ie.

(1) logit{P(E = 1)} = 0, + 6 - G.

Any significant association between G and E as
observed in cases points towards a gene-environment
interaction at the population level, provided that the
two key assumptions underlying the CO design are
met, namely that (i) the disease is sufficiently rare and

(ii) G and E are uncorrelated in the general population.

A two-tiered analysis was performed for CD and UC
separately. In stage I, a CO analysis of gene-smoking
interaction was carried out for all 156,499 SNPs in
each of the top 10 center (Table 1). A separate analysis
was carried out for each of the three smoking status
contrasts ‘never vs. ever’, ‘never vs. current’ and
‘never vs. former’. For meta-analysis, fixed- and
random-effect models were fitted with PLINK. A SNP
was considered worth further consideration if the meta-
analysis gene-smoking interaction (Wald test) p value
was smaller than 10 and the heterogeneity (Cochrane
Q test) p value exceeded 0.05. It should be emphasized
that these criteria were not meant to control the family-
wise error rate, i.e. define a threshold for genome-wide
statistical significance, but rather to serve as a sensible
filter for reporting nominally significant gene-smoking

interactions identified in our study.



Table 1: Overview of data used for gene-smoking interaction meta-analyses

Study center Cases Controls Smokers (%) Male (%)
Current Former

CD

US/Los Angeles 1451 NA 11.3 8.3 52.2
Italy/Florence 1068 30 373 133 53.8
Belgium/Leuven 908 340 37.4 7.5 43.1
Germany/Kiel 714 2496 314 16.1 31.8
UK/Newcastle 655 NA 22.9 25.8 40.6
US/Pittsburgh 620 312 28.4 8.1 45.5
Australia/Brisbane 435 582 44.4 7.8 42.1
New Zealand/Christchurch 435 NA 25.5 23.4 35.2
UK/Exeter 428 NA 38.3 19.6 42.5
UK/London 362 NA 31.5 26.0 44.5
ucC

US/Los Angeles 791 NA 7.4 16.6 48.9
Italy/Florence 765 30 12.4 26.3 55.7
Germany/Kiel 692 2496 12.9 28.0 40.9
UK/Exeter 663 NA 15.7 38.5 52.9
UK/Newcastle 553 NA 6.5 30.2 55.1
Belgium/Leuven 516 340 21.7 29.8 56.4
US/Pittsburgh 449 312 7.8 19.1 57.5
Australia/Brisbane 447 582 19.9 28.6 47.9
New Zealand/Christchurch 425 NA 13.2 37.4 48.7
UK/Edinburgh 399 NA 9.8 43.6 46.6

NA: No control data were available from the respective center. *: Percentage refers to cases from the respective study

center

To assess the robustness of our results, the stage I
analyses were also carried out with adjustments made
for sex and age at diagnosis (treated as a four-class
ordinal variable: 0 to 20 years, 21 to 35 years, 36 to 55

years, and >55 years).

All logistic regression and meta-analyses were repeated
including the SNP with the most significant gene-
smoking interaction within a given 1 Mb region as a
mandatory predictor variable in the analysis of all other
SNPs from the same region. This was done to verify
whether a given region harbored a single or multiple
independent gene-smoking interactions. SNPs with a

nominally significant Wald test result (p<0.05) in the
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conditional analysis were deemed independent gene-
smoking interaction partners. In stage II, the validity of
the G-E independence assumption underlying the CO
design was checked for all SNPs identified in stage I.
To this end, the logistic regression model of equation 1

was fitted to the available control data.

To allow for possible population stratification in
individual study centers, we followed a recently
proposed genomic control-based approach [37]. For
each center, the genomic inflation factor A was
computed from a subset of 2842 ‘null” SNPs (chosen
on the basis of GWAS of schizophrenia, psychosis, and

reading and mathematics ability). Then, the standard



errors of the interaction estimates were multiplied by
VA before meta-analysis [38]. Population stratification
was however only allowed for when A>1 for a given
combination of IBD type, study center and smoking
contrast. To assess whether the gene-smoking
interactions identified in our study overlapped or
coincided with previously reported IBD-associated
variants [34], pair-wise linkage disequilibrium (LD)
was estimated from the available control samples
(N=5582),

. . . . 2
information was available or not. To this end, r~ was

irrespective  of  whether  smoking
computed in each center between SNPs less than 1 Mb
apart, followed by the calculation of a sample size-
weighted average of the center-wise r°. In order to

identify SNPs that potentially interact differently with

smoking in CD and UD, we searched for SNPs with a
meta-analysis gene-smoking interaction (Wald test)
p<0.01 and a heterogeneity (Cochrane Q test) p>0.05
for which the smoking odds ratio (OR) of one and the
same risk allele was reversed between CD and UC (i.e.

OR<I in CD and OR>1 in UC, or vice-versa).

Results

All CO meta-analyses were performed separately for
CD and UC. With the ‘never vs. ever smoker’ contrast,
49 SNPs for CD and 37 SNPs for UC fulfilled the two
significance criteria in a fixed effects meta-analysis
(Table 2). When conditioning upon the region-specific
top SNP genotype, however, only two (CD) and one
(UC) SNPs other than the top SNP showed a residual

Table 2: Gene-smoking interactions identified using a ‘never vs. ever smoker’ contrast

IBD type Chromosome” Top SNP 1:{12106 f OR [95% CI] p Ph
L (D) rs4503315 C 0.86[0.81, 0.93] 3.8x10” 0.45
3(2) 157626254 G 1.27[1.13, 1.42] 6.1x10” 0.22
6(4) rs9262492 G 1.15[1.08, 1.24] 7.7%x107 0.19
CD 6 (36) rs3817966 G 1.21[1.12, 1.31] 7.5%x107 0.59
9(4) rs4979621 A 1.16 [1.09, 1.25] 1.7x10° 0.62
10 (1) rs12778349 A 0.8510.79, 0.92] 1.1x10™ 0.71
14 (1) rs11625064 G 1.16 [1.08, 1.25] 8.4x107 0.08
6(11) 52844776 G 0.82[0.74, 0.90] 2.1x107 0.24
6(3) rs3129891 A 0.81[0.73, 0.89] 1.1x107 0.30
7 (6) rs10275045 A 0.86[0.79, 0.93] 1.0x10™ 0.22
8 (11) rs7831613 A 0.8310.76, 0.90] 8.1x10°° 0.70
ucC 12 (1) rs1447876 C 0.82[0.75,0.91] 6.3x10” 0.82
12 (1) rs7958802 G 1.35[1.17, 1.55] 4.0 x107 0.72
12 (2) rs6538534 G 0.85710.78, 0.92] 5.3x107 0.27
16 (1) rs76391629 C 1.63[1.31, 2.02] 1.0x10° 0.64
16 (1) rs1895539 C 0.8310.76, 0.91] 5.0x107 0.72

*: Given in brackets is the number of SNPs located in a 1Mb region around the top SNP (‘locus’) that passed the applied

significance criteria. OR, p: Exposure odds ratio and p value from a fixed-effects inverse-variance meta-analysis, based upon

center-specific Wald tests; py,: heterogeneity p value from a Cochrane Q test
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gene-smoking interaction of nominal significance
(Table 3). Thus, a total of nine and 10 SNPs were
eventually identified as interacting with smoking for
CD and UC, respectively. Random-effect analyses
yielded similar results as the fixed-effect analyses
(data not shown). When the G-E independence
assumption underlying the CO design was checked
using the available control data, three of the SNPs
with a significant gene-smoking interaction (one for
CD, two for UC) failed to comply with this
assumption (Table 4). Meta-analyses with the ‘never
vs. current smoker’ and ‘never vs. former smoker’
contrasts identified an additional 15 SNPs interacting
with smoking for CD, and 11 additional SNPs were
identified for UC (Table S1-S5). Taken over all three
contrasts, we thus identified a total of 23 SNPs for
CD and 19 SNPs for UC that showed evidence of
interaction

gene-smoking according to  the

significance criteria defined above (Table 5).
Population stratification was allowed for when A>1
for a given combination of IBD type, study center
and smoking contrast. For ‘never vs. ever smoker’,
for example, this was the case in three centers for
CD, namely US/Los Angeles, Australia/Brisbane and
UK/Exeter, where A=1.10, 1.02 and 1.02,
respectively, and in two centers for UC, namely
UK/Newcastle (A=1.08) and UK/Edinburgh (A=1.11).
Similar results were obtained with the ‘never vs.
current’ and ‘never vs. former’ contrasts (see Table
S6 for a summary of A values). Since all A values
were small to moderate, with a maximum of 1.11
obtained in UK/Edinburgh (see above), population
stratification-adjusted ORs and p values (Table 5)
were found to be similar to their unadjusted

counterparts.

Table 3: SNPs with a nominally significant gene-smoking interaction upon conditional analysis using a ‘never

vs. ever smoker’ contrast

IBD type Chromosome SNP Top SNP l;’ﬁre‘l"er OR. [95% CI] Pe
D 6 1537160  rs3817966 A 0.89[0.82,097]  6.3x10°
6 rs9267798  rs3817966 C 0.80[0.71,091]  9.0x10*
uC 6 15204991  r1s3129891 G 0.88[0.78, 0.99] 0.038

OR,, p.: Exposure odds ratio and p value as obtained after conditioning upon the top SNP in the respective region (i.e. when

including the top SNP as a mandatory predictor in each logistic regression analysis)

Table 4: SNPs that showed a significant gene-smoking interaction (‘never vs ever’) in CO analyses but violated

the G-E independence assumption in controls

Chromosome SNP Minor allele OR [95% CI] p
9 rs4979621 A 0.83[0.74, 0.95] 2.0x1073
6 rs2844776 G 0.86 [0.74, 0.99] 0.034
6 15204991 G 0.74 [0.64, 0.86] 1.1x10™

For details, see legend to Table 2
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Table 5: SNPs with a suggestive gene-smoking interaction for at least one smoking status contrast

never vs. ever

never vs. current

never vs. former

Chromosome SNP
OR [95% CI] p Ph OR [95% CI] p Ph OR [95% CI] p Ph
a) CD
1 154503315 0.86 [0.81, 0.93] 3.8x10° 045 0.85[0.79, 0.92] 5.7x107 0.03 0.87[0.79, 0.97] 0.011 0.67
1 1312022663 0.81[0.71, 0.92] 1.1x10°  0.71 0.73 [0.63, 0.85] 4.9%x107 0.33 1.00[0.83, 1.21] 0.988 0.20
2 rs114129353 1.28 [0.97, 1.69] 0.086 0.04 1.11 [0.79, 1.57] 0.537 0.07 2.04[1.42,2.93] 1.1x10™ 0.38
3 1s34166957 1.41[1.08, 1.86] 0.013 0.03 1.27[0.91, 1.76] 0.163 0.06 2.13[1.45,3.11] 1.0x10™ 0.06
3 157626254 1.27[1.13, 1.42] 6.1x10° 022 1.27[1.12, 1.45] 2.6x10™ 0.41 1.30 [1.09, 1.53] 2.8x107 0.18
6 152517600 0.87 [0.80, 0.95] 1.0x10°  0.44 0.82 [0.74, 0.90] 3.2x107 0.41 0.98 [0.87, 1.10] 0.727 0.82
6 151419675 1.11[1.03, 1.20] 7.0x10° 042 1.19[1.09, 1.29] 9.0x107 0.68 0.97 [0.87, 1.09] 0.660 0.41
6 152517592 0.88 [0.81, 0.96] 3.3x10°  0.71 0.83 [0.75, 0.91] 9.5x107 0.44 1.00[0.88, 1.12] 0.942 0.90
6 152523734 1.15[1.04, 1.26] 4.8x10°  0.56 1.23[1.11, 1.37] 8.4x107 0.83 1.00[0.87, 1.15] 0.999 0.43
6 rs1833080 1.13[1.04, 1.22] 2.8x10° 027 1.19 [1.09, 1.30] 1.1x10™ 0.48 1.02[0.91, 1.15] 0.703 0.35
6 rs113533991 0.87[0.81, 0.94] 2.0x10%  0.60 0.83 [0.77, 0.90] 1.0x107 0.90 0.96 [0.86, 1.06] 0.401 0.43
6 159262492 1.15[1.08, 1.24] 7.7x10°  0.19 1.20 [1.11, 1.30] 6.1x10° 0.08 1.07 [0.96, 1.19] 0.207 0.50
6 1s537160 0.85[0.78, 0.92] 53x10°  0.19 0.83 [0.76, 0.91] 6.7x107 0.20 0.89 [0.79, 1.00] 0.045 0.88
6 rs4151651 0.77 [0.64, 0.92] 3.5x10°  0.14 0.63 [0.51, 0.79] 4.8x107 0.58 1.03[0.82, 1.31] 0.778 0.49
6 1$9267798 0.77 [0.68, 0.88] 9.3x10°  0.03 0.72 [0.62, 0.84] 1.6x107 0.11 0.91 [0.76, 1.09] 0.310 0.58
6 1$396960 1.14[1.06, 1.23] 7.9x10*  0.54 1.20 [1.10, 1.31] 3.8x107 0.48 1.05[0.94, 1.18] 0.381 0.35
6 15482759 1.16 [1.06, 1.27] 1.7x10°  0.48 1.24[1.12, 1.37] 3.2x107 0.59 1.02[0.89, 1.17] 0.779 0.16
6 15439303 1.16[1.07, 1.26] 3.1x10*  0.05 1.20 [1.09, 1.31] 1.0x10™ 0.07 1.11[0.98, 1.25] 0.089 0.35
6 153817966 1.21[1.12, 1.31] 7.5x107  0.59 1.24[1.14, 1.36] 6.3x107 0.44 1.15[1.03, 1.29] 0.014 0.76
7 15117675241 1.57[1.18, 2.08] 1.8x10°  0.37 1.40 [1.00, 1.96] 0.050 0.37 2.18[1.50, 3.18] 4.6x107 0.46
10 1512778349 0.85[0.79, 0.92] 1.1x10*  0.71 0.87 [0.80, 0.95] 2.4x107 0.48 0.82[0.73, 0.93] 1.4x107 0.90
14 1511625064 1.16 [1.08, 1.25] 8.4x10°  0.08 1.16 [1.07, 1.26] 5.1x10™ 0.10 1.16 [1.04, 1.29] 9.2x107 0.75
16 1574608019 1.32[1.04, 1.67] 0.020 0.31 1.17[0.89, 1.53] 0.265 0.55 1.94 [1.40, 2.69] 6.6x107 0.14




It

Table 5 (continued)

b) UC
2 rs78767684 1.46 [1.05, 2.04] 2.6x10%  0.68 2.77[1.77, 4.35] 8.7x10°6 0.77 1.36[0.91, 2.02] 0.131 0.53
3 rs67425923 1.21 [1.09, 1.36] 53x10* 083 1.38[1.18, 1.62] 7.2%10° 0.65 1.15[1.02, 1.30] 0.028 0.69
5 175772434 1.37[1.13, 1.66] 1.1x10°  0.06 1.71 [1.31,2.23] 8.7x10° 0.07 1.33[1.07, 1.65] 9.0x10° 0.02
6 152429657 1.08 [0.99, 1.19] 0.079 0.29 1.35[1.18, 1.55] 9.0x10° 0.32 0.98 [0.89, 1.09] 0.759 0.49
6 rs3129891 0.81 [0.73, 0.89] 1.1x10°  0.30 0.82 [0.71, 0.95] 9.7x10° 0.6 0.80 [0.72, 0.89] 7.1x10° 0.37
7 1510275045 0.86 [0.79, 0.93] 1.0x10* 0.2 0.88 [0.78, 0.99] 0.037 0.77 0.84 [0.77, 0.92] 1.6x10™ 0.25
7 rs4721190 0.85 [0.78, 0.92] 34x10°  0.05 0.89 [0.79, 1.00] 0.046 0.86 0.83 [0.76, 0.91] 3.6x10° 0.06
7 rs4380850 1.13 [1.04, 1.23] 3.8x10°  0.66 0.99 [0.87, 1.13] 0.861 0.45 1.21[1.10, 1.33] 7.3%10° 0.79
8 1$56069917 1.26 [1.09, 1.45] 2.1x10%  0.46 1.06 [0.84, 1.33] 0.638 0.83 1.37[1.17, 1.61] 9.4x10° 0.19
8 rs7831613 0.83 [0.76, 0.90] 8.1x10°  0.70 0.83 [0.73, 0.94] 4.1x10° 0.94 0.83 [0.75, 0.91] 6.6x10° 0.43
8 rs7016774 0.83 [0.77, 0.90] 1.2x10°  0.62 0.85 [0.75, 0.96] 9.1x10? 0.96 0.83 [0.75, 0.91] 4.9x10° 0.22
12 rs1447876 0.82 [0.75, 0.91] 6.3x10°  0.82 0.86 [0.74, 1.00] 0.049 0.1 0.82 [0.73, 0.91] 1.8x10™ 0.67
12 rs7958802 135[1.17,1.55]  4.0x10°  0.72 1.34[1.08, 1.67] 7.2%107 0.82 1.36 [1.16, 1.59] 1.6x10™ 0.76
12 rs6538534 0.85 [0.78, 0.92] 53x10° 027 0.83 [0.74, 0.94] 3.2x107 0.95 0.85 [0.78, 0.93] 5.9x10™ 0.27
12 rs117614539 1.21[0.95, 1.54] 0.124 0.17 1.93 [1.40, 2.67] 6.3x10° 0.49 1.00 [0.76, 1.34] 0.975 0.22
15 rs8026358 1.18 [0.86, 1.64] 0.308 0.71 2.57[1.65, 4.02] 3.1x10° 0.39 0.89 [0.60, 1.32] 0.566 1.00
15 rs10518987 1.64 [1.25,2.14] 34x10% 07 2.17[1.52,3.11] 2.1x10° 0.92 1.45 [1.06, 1.96] 0.019 0.59
16 176391629 1.63 [1.31,2.02] 1.0x10°  0.64 1.64[1.19, 2.26] 2.3x107 0.31 1.65 [1.30, 2.09] 3.8x10° 0.86
16 rs1895539 0.83 [0.76, 0.91] 50x10° 072 0.82 [0.72, 0.94] 5.3x107 0.37 0.83 [0.76, 0.92] 4.0x10™ 0.83

OR, p: Exposure odds ratio and p value from fixed-effects inverse-variance meta-analysis, based upon center-specific Wald tests. Before meta-analysis, p values were individually adjusted for

possible population stratification, following a genomic control approach. py: heterogeneity p value from a Cochrane Q test



No notably different results were obtained in the sex-
and age-adjusted analyses. This finding is explicable
by the fact that the CO design is sensitive to interaction
but not to effects. Since smoking is associated with
both sex and age at the population level, we cannot
determine the influence of these two covariates on an
inferred gene-smoking interaction by including them as
mandatory predictors in equation 1. Therefore, we
consistently chose to report unadjusted results only
for possible adjustments

(except for population

stratification). As of the time of our study, a total of
238 IBD-associated SNPs had been identified through
GWAS [34]. To assess their possible overlap with
gene-smoking interactions, we quantified the level of

LD between the 42 SNPs identified in our gene-

smoking interaction study with those 229 SNPs for
which we had genotype data available. Some 13
interacting SNPs were found to be located within 1 Mb
of a GWAS SNP (Table 6; 31% overlap). However, 1’
exceeded 0.15 for only one pair of SNPs, namely
rs11625064 and rs194749 on chromosome 14. Our
focused analyses of classical HLA-alleles revealed a
gene-smoking interaction fulfilling the chosen
significance criteria for four alleles for CD and for one

allele for UC (Table 7).

Finally, 10 SNPs were
differentially with smoking in CD and UC (Table 8),

identified as interacting
indicating that the same allele of one and the same
SNPs may increase the risk of CD, but at the same time

be protective against UC.

Table 6: Pair-wise linkage disequilibrium between disease-associated SNPs from a previous GWAS [Liu et al.

2015] and smoking-interacting SNPs

SNP Pair Position (Mb)
SNP A SNP B Chromosome SNP A SNP B v

157608910 rs114129353 2 61.20 60.97 8.2x10°
1s12994997 1578767684 2 234.17 234.47 0.011
153197999 1567425923 3 49.72 50.57 8.2x10°
153197999 1534166957 3 49.72 50.61 0.011
156863411 1575772434 5 141.51 141.61 2.1x10°
rs1182188 1510275045 7 2.87 1.92 6.9x10
rs1182188 rs4721190 7 2.87 1.95 5.6x10

rs653178 rs117614539 12 112.01 112.36 0.020

rs194749 rs11625064 14 69.27 69.23 0.158
rs17293632 1$8026358 15 67.44 67.44 3.2x10°

15423674 1576391629 16 11.37 11.27 6.7x10°
rs11641184 1576391629 16 11.70 11.27 5.8x10
151728785 1574608019 16 68.59 68.82 4.8x10°

SNP A, SNP B: GWAS and interacting SNP, respectively. r’: sample-size-weighted measure of pair-wise linkage disequilibrium
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Table 7: HLA alleles involved in gene-smoking interaction

IBD

never vs. ever

never vs. current

never vs. former

‘ HLA allele
pe OR [95% CI] P P OR [95% CI] P OR [95% CI] p Ph
HLA DQA1 02 1.24 [1.13, 1.36] 1.2x10° 0.49 1.29[1.16, 1.43] 3.5%x10°° 0.67 1.16 [1.01, 1.33] 0.041 0.76
D HLA DQA1 0201 1.24 [1.13, 1.36] 1.2x10° 0.49 1.29[1.16, 1.43] 3.5x10°° 0.67 1.16 [1.01, 1.33] 0.041 0.76
HLA DRBI1 07 1.23[1.12, 1.35] 2.3x107 0.51 1.27[1.15, 1.42] 7.7%x10° 0.67 1.16 [1.00, 1.33] 0.043 0.74
HLA DRBI1 0701 1.23[1.12, 1.35] 2.3x107 0.51 1.27[1.15, 1.42] 7.6x10° 0.67 1.16 [1.00, 1.33] 0.043 0.74
UC  DRB3 9101 0.77 [0.68, 0.87] 2.2x107 0.38 0.75[0.62, 0.9] 2.6x10° 0.74 0.79[0.69, 0.91] 7.4x10™ 0.25
For details, see legend to Table 5
Table 8: Differential gene-smoking interaction in CD and UC for the three smoking status contrasts
i CDh ucC .
Smoker Chromosome SNP Minor
contrast allele
OR p Ph OR p Pn
2 rs17022433 A 1.14 [1.05, 1.23] 1.3x10° 0.12 0.8210.73, 0.93] 1.6x10° 0.57 1.1x107
never vs. 6 rs915895 G 1.13[1.04, 1.22] 3.9x10° 0.93 0.83[0.73, 0.94] 3.5x107 0.98 5.9x107
current 18 152919450 A 1.12[1.03, 1.23] 9.1x10° 0.86 0.83 [0.72, 0.95] 8.2x10°  0.76 2.9x10™
19 rs34561079 A 1.231.09, 1.39] 1.1x107 0.82 0.74 [0.60, 0.92] 6.4x107 0.64 6.5x107
never vs. 8 rs4403369 G 0.79 [0.66, 0.93] 4.6x107 0.82 1.19[1.04, 1.36] 0.010 0.23 1.4x10™
former 16 rs36094971 A 1.17 [1.04, 1.32] 8.7x107 0.75 0.87[0.79, 0.96] 6.8x107 0.28 1.7x10™
6 rs3117098 G 0.90 [0.83, 0.97] 5.5x107 0.46 1.12[1.04, 1.22] 4.0x107 0.35 6.3x107
never vs. 6 rs3127599 A 1.11[1.03, 1.19] 9.0x107 0.86 0.88 [0.80, 0.95] 2.3x107 0.70 6.0x107
ever 10 rs11596541 A 0.90 [0.84, 0.97] 4.7x107 0.86 1.12[1.04, 1.21] 3.6x107 0.33 5.0x107
16 1s79748582 G 1.12[1.03, 1.22] 6.0x107 0.49 0.86 [0.78, 0.94] 1.0x107 0.12 1.9x107

OR, p: Exposure odds ratio and p value from a fixed-effects inverse-variance meta-analysis, based upon center-specific Wald tests; py: heterogeneity (across study centers) p value from

a Cochrane Q test; p*: p value from a heterogeneity test (Cochrane Q test) of OR differences in the CD and UC



Discussion
Genome-wide association studies (GWAS), by
definition, follow an ‘agnostic’, hypothesis-free

approach to identify genetic variants that play a role in
a given complex disease. Consequently, GWAS have
pointed towards various risk genes that had not been
implicated in the respective disease aetiology before,
and that would therefore never have been detected in
candidate (single-) gene studies alone. Provided that
the cohorts under study are appropriately characterized
for environmental exposure(s) of interest as well,
similar arguments should also apply to the search for
gene-environment interactions. Since large cohorts
have been collated for genetic studies of inflammatory
bowel disease (IBD) in the past, we set out to use the
existing data to analyse gene-smoking interactions in

CD and UC at a genome-wide level.

In so doing, we adopted a powerful but rarely used
case-only (CO) design. The CO approach relies upon
two key assumptions, namely that (i) the disease is
sufficiently rare in the general population and that (ii)
G and E are uncorrelated in the general population.
Case-only studies offer a number of methodological
advantages compared to case-control analyses,
including a higher per-sample power and a better
exposure data quality [29-31]. Since the validity of
results of CO analyses depends upon the G-E
independence assumption, the latter has to be checked
using available control data because many genetic
variants are known to be associated with smoking
behaviour in the general population. Indeed, we found
7 SNPs that violated the G-E independence assumption
with at least one of the three smoking status contrasts
used (‘never vs. ever’, ‘never vs. current’, and ‘never

vs. former’). The reasons for these G-E associations are

however unclear because none of the respective SNPs
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coincides with a previously identified smoking

association.

We adopted a recently proposed genomic control
approach to allow for population stratification in
individual centers. Since all A values were small to
moderate, with a maximum of 1.11 obtained in
UK/Edinburgh, population stratification-adjusted ORs
and p values were found to be similar to their

unadjusted counterparts.

In our extensive meta-analyses, we identified 23 SNPs
for CD and 19 SNPs for UC that interact with at least
one of three smoking status contrasts (‘never vs. ever’,
‘never vs. current’, and ‘never vs. former’). We
observed that some 30% of the SNPs interacting with
smoking lie in close vicinity (<1Mb) to SNPs identified
as disease-associated in previous GWAS. However,
owing to the lack of substantial LD between them, we
may conclude that the respective association and
interaction signals have different causes. In other
words, even if they belong to the same functional unit,
the disease risk of some of the genetic variants is
modified by smoking whereas the effect of others is
not. Along the same vein, in our specific analysis of the
MHC region, only a subset of the HLA alleles recently
shown to have a main effect [35] was found to interact

with smoking as well.

We identified 10 SNPs that differentially interact with
smoking in CD and UC. Since statistical interaction
can be viewed from different angles, such difference
may mean one of two things. FEither the disease
predisposing effect of a given genetic variant is
rendered protective by the

presence of an

environmental stimulus (i.e. smoking), or the
environmental effect is reversed in the presence of
genetic variant. In the present case, this means that a

certain genotype may render smoking a risk factor for



CD but protective against UC. The present study will
add to an improved understanding of biological
mechanisms underlying IBD which is required to
develop new preventive strategies and to improve
diagnostic and therapeutic measures [33]. A limitation
of our study may be that the definition of ‘smoking’
may vary between centers and countries. Smoking
status was assessed by country-specific questionnaires

or interviews.

In summary, using a CO approach, we were able to
identify 42 SNPs with strong evidence of an interaction
with smoking in IBD. None of these polymorphisms
had been reported as being involved in a gene-smoking
interaction in IBD Dbefore. In addition, several
nominally significant interactions were observed with
other SNPs that failed to pass the significance criteria
used for reporting in our study. The lack of overlap
between the 42 strongly suggestive SNPs and known
IBD-associated markers further highlights the potential
of an agnostic, hypothesis free genome-wide search for
gene-environment interactions. Given the hitherto
observed effect sizes, however, such studies may even
have to be larger than the present one, particularly
when following a genome-wide approach. In any case,
further functional and experimental studies are required
to fully clarify the role of the identified gene-smoking

interactions in IBD aetiology.
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IBD type Chromosome” Top SNP allele OR [95% CI] p P

1 1s12022663 G 0.73 [0.63, 0.85] 4.9x107 0.33

D 6(24) rs113533991 A 0.8310.77,0.90] 1.0x10° 0.90
6 (43) 1s3817966 G 1.24 [1.14, 1.36] 6.3x107 0.44

9 1s4979621 A 1.17[1.08, 1.27] 7.7 %107 0.42

2 1s78767684 C 2.7711.77, 4.35] 8.7x10° 0.77

3 1567425923 A 1.38 [1.18, 1.62] 7.2x107 0.65

52) 1875772434 T 1.71[1.31, 2.23] 8.7x107 0.07

ucC 6 (10) 152429657 G 1.35[1.18, 1.55] 9.0x10°° 0.32
12 rs117614539 A 1.93 [1.40, 2.67] 6.3x10” 0.49

15 rs8026358 A 2.57[1.65, 4.02] 3.1x10” 0.39

15 rs10518987 A 2.17[1.52,3.11] 2.1x10° 0.92

*: Given in brackets is the number of SNPs located in a 1Mb region around the top SNP (‘locus’) that passed the applied significance

criteria. OR, p: Exposure odds ratio and p value from a fixed-effects inverse-variance meta-analysis, based upon center-specific Wald

tests; pp: heterogeneity p value from a Cochrane Q test
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Table S2: SNPs with a nominally significant gene-smoking interaction upon conditional analysis using a ‘never

vs. current smoker’ contrast

IBD

type Chromosome SNP Top SNP Minor allele OR, [95% CI] Pe
6 rs2517600 rs113533991 A 0.86 [0.78, 0.95] 3.1x107
6 rs1419675 rs113533991 C 1.121.02, 1.23] 0.019
6 rs2517592 rs113533991 A 0.89[0.80, 0.99] 0.030
6 rs2523734 rs113533991 C 1.17[1.05, 1.30] 5.6x107
6 rs1833080 rs113533991 A 1.11[1.00, 1.23] 0.041
6 rs9262492 rs113533991 G 1.16 [1.07, 1.26] 3.9x10™

. 6 rs4151651 rs3817966 A 0.67 [0.54, 0.84] 3.9x10™
6 rs537160 rs3817966 A 0.88 [0.80, 0.96] 5.8x10™
6 rs9267798 rs3817966 C 0.75[0.64, 0.87] 1.7x10*
6 rs396960 rs3817966 A 1.19[1.10, 1.30] 5.4x107
6 rs482759 rs3817966 G 1.20[1.08, 1.33] 6.1x10™
6 rs439303 rs3817966 A 1.18 [1.08, 1.29] 3.2x10™
6 rs3104389 rs3817966 A 1.13[1.00, 1.27] 0.042
6 rs3104407 rs3817966 G 0.89[0.82,0.97] 8.9x107

OR,, p.: Exposure odds ratio and p value as obtained after conditioning upon the top SNP in the respective region (i.e. when

including the top SNP as a mandatory predictor in each logistic regression analysis)

Table S3: SNPs that showed a significant gene-smoking interaction (‘never vs current’) in CO analyses but

violated the G-E independence assumption in controls

Chromosome SNP Minor allele OR [95% CI]
6 rs3104389 A 0.77[0.62, 0.95] 0.014
6 rs3104407 G 1.20[1.01, 1.42] 0.035
9 rs4979621 A 0.82[0.69, 0.98] 0.029

For details, see legend to Table S1
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Table S4: Gene-smoking interactions identified using a ‘never vs. former smoker’ contrast

Minor

IBD type Chromosome” Top SNP allele OR [95% CI] P Pn

2 rs114129353 A 2.04[1.42,2.93] 1.1x10™ 0.38

3 rs34166957 A 2.13[1.45,3.11] 1.0x10™ 0.06

CD 4 rs11131613 G 1.25[1.12, 1.39] 5.5x107 0.16
7 rs117675241 A 2.18[1.50, 3.18] 4.6x107 0.46

16 (2) rs74608019 A 1.94 [1.40, 2.69] 6.6x107 0.14

6 rs3129891 A 0.80[0.72, 0.89] 7.1x107 0.37

7(6) rs4721190 A 0.83[0.76, 0.91] 3.6x107 0.06

U 7 rs4380850 G 1.21[1.10, 1.33] 7.3%107 0.79
8(3) rs56069917 A 1.37[1.17, 1.61] 9.4x107 0.19

8(10) 1s7016774 T 0.83[0.75,0.91] 4.9x107 0.22

16 rs76391629 C 1.65[1.30, 2.09] 3.8x107 0.86

For details, see legend to Table S1

Table S5: SNPs that showed a significant gene-smoking interaction (‘never vs former’) in CO analyses but

violated the G-E independence assumption in controls

Chromosome SNP Minor allele OR [95% CI] p
4 rs11131613 G 0.87[0.75, 1.00] 0.055
6 rs3129891 A 0.8510.71, 1.00] 0.053

For details, see legend to Table S1
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Table S6: Center-wise summary of A values for the three smoking status contrasts

Study center

never vs. ever

never vs. current

never vs. current

CD

US/Los Angeles 1.100 0.996 1.052
Italy/Florence 0.985 0.961 1.032
Belgium/Leuven 0.966 0.972 1.048
Germany/Kiel 0.947 0.974 0.938
UK/Newcastle 0.925 1.032 0.957
US/Pittsburgh 0.869 0.944 0.956
Australia/Brisbane 1.018 1.054 0.999
New Zealand/Christchurch 0.980 0.974 0.966
UK/Exeter 1.016 1.015 1.007
UK/London 0.908 1.006 1.014
ucC

US/Los Angeles 0.938 0.928 1.021
Italy/Florence 0.941 0.968 0.969
Germany/Kiel 0.887 0.943 0.916
UK/Exeter 0.923 0.962 0.889
UK/Newcastle 1.077 0.957 1.044
Belgium/Leuven 0.872 0.859 0.838
US/Pittsburgh 0.903 1.096 0.840
Australia/Brisbane 0.999 0.880 0.952
New Zealand/Christchurch 0.888 0.959 0.879
UK/Edinburgh 1.114 0.896 1.099
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Chapter 3

Discussion

3.1 The Improved CO Approach

This work was largely motivated by our current eisiasm for studying gene-environment
interactions (GXE). One major challenge to GXE istuds the insufficient power of
traditional epidemiological study designs includingse-control and cohort studies. This
thesis work dealt with a controversial albeit paiggly efficient the case-only (CO) design
and resolved two important issues to successfutipley this approach for genome-wide
GXE studies. Publication (i) illustrated the rofelinkage disequilibrium (LD) in CO studies
of GXE. Publication (ii) was the first study to elayp genomic control (GC) to correct for
population stratification (PS) in the context of G@dies of GXE. Finally, Publication (iii)
presented a real data application of the improv®da@proach using an IBD data set. The key
findings of this work have been already discussetheir respective publication; here they are
revised together with some additional aspects.

3.1.1 LD in CO Studies of GxE

Publication (i) elucidated the impact of LD and pital distance on the power to detect GXE
in CO studies of proxy SNPs. It was shown, with pater simulation and a real data

example, that SNPs in LD with a truly interactingfS can be used as proxies to indirectly
detect the respective GXE signal. The power toctl€e&E through proxies was found to be
higher when the truly underlying interaction wa®sy. Although these findings seem to be
expected in the light of previous observations fIGRWAS paradigm per se, it has to be noted
that GxE studies follow a different strategy inngiple. In GWAS, both causal and non-

causal SNPs (i.e. proxies) in LD with one anothrerexpected to exhibit a certain degree of
disease association. This means that a causal 8&ndt have to be tested itself in order to
highlight its position in the genome. In fact, &WAS published to date rely upon a

manageable subset of markers that are assessedgesiatyping arrays. Contrarily, in GxXE

studies, an additional non-genetic factor (i.e.imment) plays an important role, and it was
by no means clear how the peculiarities of the tierdfect impact upon the power to detect
the interaction. Simply stated, in GXE studies ehisrone link more to the chain that relates
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CHAPTER 3. DISCUSSION

the proxy SNP to the epidemiological effect of res# - which is ‘interaction’, not disease
association. Therefore, Publication (i) contribugegnificantly to our current understanding
of the role of LD in GXE studies. It is clear ndwat SNPs in LD with a truly interacting SNP
are capable of indirectly detecting the underly@®gE signal. In the future, genome-wide
GXxE studies will benefit from this revelation padiarly in instances where the truly
interacting variant is unknown or remained missing to systematic and technical reasons.

3.1.2 PSin CO Studies of GxXE

PS and LD are two closely related issues and thedo can lead to the latter if allele
frequencies at two or more loci differ among thelenlying subpopulations. One example of
this can be seen in Africa where the high levelgpabulation substructure resulted in the
observed divergent patterns of LD among Africanpsyiulations [55]. In Publication (i), we

learned that LD information is as fundamental to €@lies of GXE as to GWAS. Publication
(i) showed that assessment of PS is of interesbtain reliable detection of GXE following

the CO approach. Knowledge of PS also helps to tgyahe differences in LD patterns

between populations [56That is, if GXE found in one population is not reated in another,

it could be due to differences in the LD pattertwaen the two populations.

In Publication (ii), a qualitative assessment & tmpact of PS in CO studies of GXE was
performed and various means to correct for PS wepbored. One important finding from
this paper was that CO studies of GXE are not @dteby PS as long as the frequency of only
one factor (i.e. either G or E) differs between magulations. However, without further
adjustment, the regular Wald test used in CO agpraeas found to be invalid under joint
stratification by G and E factors (B, with seriously inflated type | error rates, apected.
This outcome is explicable by the fact thatP&reates an association at the population level
between G and E and thus violates the key assumpfithe CO design. It was shown that
modified Wald test statistics based on the GC apgraould be adopted to correct for PS in
CO studies. However, the GC approach was foundet@dmservative particularly at high
level of PS. Consequently, the modified Wald téstistics suffered from a loss of power to
detect GXE under high level of PS. In addition,wias also shown that family-based
approaches such as an extension of TDT [57] coeldrbployed to correct for PS. However,
in the context of GXE studies it would be diffictdt obtain the relevant data from patients’
relatives, particularly for disease instances Wattg latent periods. In summary, Publication
(i) added significantly to our current understargliof the role of PS in CO studies of GxXE
and showed that the adaptation of the GC paradigm §ene-disease association studies can
be extended to GXE to rectify this problem.
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3.1.3 IBD Data Example

In Publication (iii), the improved CO approach veagcessfully applied to a real IBD data set
to assess genome-wide gene-smoking interactionlin Bhis study used 10 Immunochip
data sets collated by the International InflammatBowel Disease Genetics Consortium
(IBDGC), comprising 12,776 cases of known smolstagus. However, control samples with
information on smoking history were available oflgm four of the participating centers
(N=3730). Therefore, a CO study was preferred avease-control study to make use of all
the available case samples. Moreover, CO approasivéen deemed superior to case-control
studies by many scholars because of its greatesgmple power [36—-38]. The CO analysis
was performed center-wise to reduce the impactSofi® addition, the GC-based approach as
proposed in Publication (ii) was followed to alldar PS within each study center. The PS
observed in this example was only small to modepatth maximumA=1.11), as expected.
This is explicable by the fact that the PS can ich@20 studies if the study population is
stratified with respect to both G and E (i.e. iénd is Pgg) which was very less likely to
occur within each center. However, if cases frorfiecent centers were pooled into one
sample (i.e. mega-analysi9),could be higher. This is because the smoking peeca was
found to be varying across the study centers ametgedifferences across the centers are
expected as well, thus creating a likely scenandSse.

Furthermore, the LD information was exploited i ttudy of IBD data set mainly in two
ways. First, conditional analysis was done to yenhether a given region harbored a single
or multiple independent gene-smoking interactid@idPs with a nominally significant Wald
test result (p<0.05) in the conditional analysigevielentified as independent gene-smoking
interaction partners. All logistic regression andtaanalyses were repeated with the SNP
showing the most significant gene-smoking intemacti.e. smallest p value) within a given 1
Mb region included as a mandatory predictor vadahl the analysis of other SNPs in the
same region. Although not exactly the same, theedyidg principle of the conditional
analysis is similar to that of LD. Second, to assekether the genetic risks factors modified
by smoking that were identified in this study oagrlor coincide with previously reported
IBD-associated variants [58], pair-wise LD was restied in all available control samples. It
was observed that some 30% of the SNPs interaetitiy smoking lie in close vicinity
(<1Mb) to SNPs identified as disease-associatqutemious GWAS. However, owing to the
lack of substantial LD between them, it may conelubat the respective association and
interaction signals have different causes. In otherds, even if they belong to the same
functional unit, the disease risk of some genegigcants is modified by smoking whereas the
effect of others is not. The majority of these nessk(16 SNPs) were located on chromosome
6, thus indicating a potential role of the HLA regiin IBD. In fact, a focused analysis of
classical HLA alleles revealed a suggestive geneksrg interaction for four alleles in CD
and for one allele in UC. Noteworthy, several iatgion effect differences were observed
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between CD and UC thereby suggesting a differertlal of tobacco smoking in the etiology
of IBD. Since statistical interaction can be viewed frofifedent angles, such difference may
mean one of two things. Either the disease predisgoeffect of a given genetic variant is
rendered protective by the presence of an enviratmhestimulus (i.e. smoking), or the
environmental effect is reversed in the presencgeoktic variant. In the present case, this
means that a certain genotype may render smokirsl dactor for CD but protective against
uUC.

3.2 Strengths and Limitations

The main analyses work in Publication (i) and Redilon (ii) relied upon simulated data set.
Often, it is of interest to evaluate the performamd a given methodology under certain
scenarios. Simulations are clearly preferable tess the effectiveness of statistical methods
since the relevant parameters influencing the dseiak are known in advance. In the context
of GXE studies, utility of simulated data set isvafh importance since publicly available data
sets comprising genome-wide data and reliable expasformation are rare - rendering the
validation of novel GXE approaches difficult.

This work followed a convenient and inexpensive wapbtain valid and reliable answers to
our research queries. In Publication (i), simuladiovere used to systematically vary the level
of LD between an interacting SNP and a proxy SNPaddition, real haplotypes from
HapMap were taken to simulate the haplotypes witleadistic LD pattern. The outcomes
obtained on simulated data sets were also validatea real colorectal cancer data set. The
consistent finding in both instances was that #heell of LD present strongly affects the
power of a proxy SNP to detect a given GxE. In Rakibn (ii), the entire work relied upon
the simulated data sets. CO data sets were sirduiaiger different PS scenarios in order to
assess the performances of modified Wald testsstati Simulations turned out to be very
fruitful for this study because publicly availaldata sets comprising genome-wide data and
reliable exposure information are rare, and forfédve that exist, the degree of underlying PS
is usually unknown. Moreover, trios (cases andrtharent) data sets were also simulated to
verify whether family-based methods such as anmnsxte of TDT can be robust against PS in
GXxE studies. To perform such studies using rea gadlifficult in the first place because one
needs to collect genetic and exposure data on @hseshe genetic data on their biological
parents. Such data are unlikely to exist in practgiven that many of the diseases with
environmental component are of late-onset. Theafiseal data could be illustrative, and
therefore beneficial, in many ways. Publication) (ised a real IBD data set to illustrate the
genome-wide usability of the improved CO approddterefore, this work gained its strength
from both the simulation and the application oflrdata set to support the simulation
outcomes.
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Although potentially useful, simulation frameworksually capture only specific scenarios,
but reality is often more complex. Typically, therfprmance of a given methodology can be
influenced by many variables including sample silae,underlying model of inheritance, the
allelic frequencies, the distributions of the enmimental factors, and the relative strength of
the different factors affecting the risk of disea®4dten, it is difficult to cover all possible
realistic scenarios within a single simulation stuBublication (ii), for instance, considered
relatively simple PS scenarios involving two subylapons but in practice underlying PS
might involve more than two subpopulations or esédmixtures in a given sample of cases.
Furthermore, both Publication (i) and Publicatiopdonsidered the simplest (binary) type of
the environmental exposure. However, many relewswironmental factors such as diet,
physical activity, and air pollution parameters areltidimensional and difficult to measure.
Moreover, environmental exposures can change averdnd are not always measured at the
relevant time period. Measurement at baseline antatview may not reflect the relevant
windows of exposure and will not reflect lifetimep@sure. Simulating such complexities can
be more challenging and computationally expensiterefore, the CO approach might be
underpowered in practice due to these inevitabl@atians.

In a few simulation settings, relatively large naietion effects (i.e. GXE OR=7.39) were
considered, but such effects are unlikely to existeality. Alternatively, one can chose
smaller interaction effects, but this would requame sample sizes to be simulated in order
to achieve similar qualitative assessment. The dsah application was missing in the
Publication (ii)). The stratified analysis used tenbhmark the GC-based statistics
idealistically assumed that the true subpopulatadffliation was known. However, PS is
usually hidden and true population affiliation uolim. The GC-based approach has the
disadvantage of assuming that stratification ceeatéform inflation across the genome, this
might bias test statistics conservatively in somgians and freely in other regions. Beyond
this, the CO approach is of great interest whemdaibje is to assess the interaction, but the
main effects cannot be measured with this approach.

3.3 Conclusion and Outlook

Selection of an optimal study design is crucialdonducting successful GXE studies like any
other epidemiologic study. CO studies trade onfélce that cases are usually much easier to
recruit and characterize in terms of their phenetgpd environmental exposure than controls,
particularly in retrospective studies. This worlsolved two important issues in order to
facilitate the usability of CO approach on genomdenevel. First, it is clear now that SNPs
in LD with the truly interacting SNP are capableimdirectly detecting the underlying GxE
signal (section 2.1). As in GWAS, genome-wide Gxlides can benefit from this outcome
particularly in instances where the truly interagtivariant is not genotyped. Second, it was
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shown that the genomic control (GC) paradigm frodVAS can be adopted to correct for PS
in CO studies of GXE (section 2.2). Moreover, fgranbsed methods such as extension of
TDT can be employed to account for the PS. Howetles, feasibility of family-based
approaches in the context of GXE studies is waethas it would be difficult to obtain the
relevant data from patients’ biological relativesyticularly for disease instances with late-
onset. The use of real data set throughout thi& was illustrative. The work in Publication
(i) and Publication (ii) provided valid answers ttte questions raised in the introduction
(section 1.4). Moreover, the work in Publication) (benefited from the outcomes of other
two publications. For instance, the GC-based amprda correct for PS in CO studies as
proposed in Publication (ii) was applied in thelgsia of IBD data set in Publication (iii).

The improved CO approach will motivate the genon@ewdetection of GXE. The GXxE
studies have several implications for future redeaMost importantly, GXE studies are
believed to shed light on what has been termed ‘dzatter of GWAS [22]. Furthermore,
knowledge of GXE might improve our abilities to ther develop personalized medicine
based applications by targeting the individual'seje and life-long exposure information.
The detection of statistical interactions providegood starting point for a more focused
investigation of the joint involvement of the reden factors, which can potentially be
addressed and replicated in other types of expetmhedata [59-61]. For instance, in
Publication (iii), using CO approach, 42 SNPs wdeantified to show suggestive interaction
with smoking in IBD. None of these polymorphismsl ieeen reported as being involved in a
gene-smoking interaction in IBD befordndoubtedly, further functional and experimental
studies are required to fully clarify the role dentified gene-smoking interactions in IBD
etiology.

There are a few issues that were not covered snwtbrk and could be interesting to explore
in the future. For instance, the effect of genotyp@utation [62—64] on the validity and
power of adjusted and unadjusted test statistied usthe CO studies can be explored in the
future. Furthermore, the effect of joint genotypel &xposure misclassification on the CO
studies of GXE could be explored [65]. Moreovemparison of the CO approach with other
methods to detect GXE such as the machine leab@sgd approaches [66] can be performed
to verify whether different methods lead to simatcomes or not.

The two issues addressed in this work have leddetter understanding of the CO design for
performing genome-wide GXE studies. Possibly, sashethe ‘missing heritability’ of
common complex disease could be elucidated inuhed employing this improved design.
In summary, this work implies that future reseanflGXE may safely adopt a CO approach
to exploit existing GWAS data sets. At the sameetithis thesis work suggests that relevant
data resources should aim at comprising large ntsnbe cases for whom genetic and
environmental exposure data may be easier to otftamfor controls or patient relatives.
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