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Abstract

Expression quantitative trait (€QTL) studies are a powerful tool for identifying genetic vari-
ants that affect levels of messenger RNA. Since gene expression is controlled by a complex
network of gene-regulating factors, one way to identify these factors is to search for interac-
tion effects between genetic variants and mRNA levels of transcription factors (TFs) and
their respective target genes. However, identification of interaction effects in gene expres-
sion data pose a variety of methodological challenges, and it has become clear that such
analyses should be conducted and interpreted with caution. Investigating the validity and
interpretability of several interaction tests when screening for eQTL SNPs whose effect on
the target gene expression is modified by the expression level of a transcription factor, we
characterized two important methodological issues. First, we stress the scale-dependency
of interaction effects and highlight that commonly applied transformation of gene expression
data can induce or remove interactions, making interpretation of results more challenging.
We then demonstrate that, in the setting of moderate to strong interaction effects on the
order of what may be reasonably expected for eQTL studies, standard interaction screening
can be biased due to heteroscedasticity induced by true interactions. Using simulation and
real data analysis, we outline a set of reasonable minimum conditions and sample size
requirements for reliable detection of variant-by-environment and variant-by-TF interactions
using the heteroscedasticity consistent covariance-based approach.

Introduction

Gene-genandgene-environmeninteractioneffectson commonhumantraitsanddiseases
havebeendifficult to identify [1]. Partof the challengés the smalleffectsizeof geneticvariants
on macro-phenotypeée.g.diseasastatusor anthropometrictraits). Assumingthatinteractions
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haveeffectsizef the samemagnitudeasmarginalgeneticeffectsthe samplesizeneededo
detectthemcanbeup to anorderof magnitudelarger[2]. In orderto circumventthisissue,
researcherhaveperformedscreenindor interactioneffectson intermediatephenotypege.g.,
geneexpressionproteomic,metabolomickhat presumabharedirectly affectedby geneticvar-
iation in acausapathwayfrom variantto diseas@henotypd3+6].Indeed reportedmarginal
effectof singlenucleotidepolymorphismgSNP)on geneexpressiorareoften substantially
higherthanthosereportedin genome-widessociatiorstudie GWAS)of commontraits and
diseasedt isreasonabléo assuméhattheinteractioneffectswill alsobelargerandtherefore
easietto detect.

In this studyweanalyzedlood geneexpressiorand genotypalatafrom 121subjectsn the
ECLIPSEStudy[7, 8] to testfor interactioneffectdetweercis-eQTLSNPHi.e. SNPswithin
250kbof anyautosomabene)andthe expressiorevelsof transcriptionfactors(TFs),since
oneof the known mechanismgor expressiomuantitativetrait loci (€QTLSs)is disruption of
TF-binding motifs[9]. However aftercarefulevaluationof empiricalperformanceof standard
methodswefoundthat Typel error ratescanbeseverelynflated.In particular,weshow
through simulationsthat genome-widénteractionscreeningn the settingof moderateto
largemain andinteractioneffectposeswo major challengesThefirst challengeelateso
datapre-processingdeavypre-processings commonlyappliedto geneexpressiomatato
accountfor variabilityacrossampleslibraries,or experimentatonditions[10+12].Choices
madeat this stagecanimpactthe resultsof interactionscreeningandwhile someapproaches
likely addresspecifictechnicalartifactsmore effectivelyno pre-processingtrategyis known
to beuniversallybest{13, 14]. Pre-processingftenalsoincludesvariablenormalizationto
obtainapproximately-Gausan data,which canhelpthe small-samplgerformanceof testing
approachegseee.g[3, 4]). However interactioneffectsarescale-dependeifit 5+17]and non-
lineartransformationof the datacanhaveamajorimpacton the interpretationof interaction
testsThesecondchallengeaelatego statisticaissueghatarisein the presenc®f moderateto
stronginteractioneffectsWe and othersshowedn previouswork thatinteractionscaninflu-
encethedistribution of aquantitativetrait conditionalon theinteractingpredictors[18,19].
For smallinteractioneffectsasexpectedor mosthumantraits anddiseasesheimpacton the
outcomedistribution is expectedo beminimal. However moderateto stronginteraction
effectcaninducesubstantiaheterogeneitpf varianceby genotypicclasswhich canin turn
leadto inconsistenicovariancematrix estimation.Non-constantvariancecaninduceuncon-
trolled Typel error ratesanddecreasegower.Thisimpliesthatthe presencef astronginter-
actionbetweertwo predictors(e.g.aSNPandaTF) canpotentiallyinvalidatescreeningor
interactioneffectbetweertheinteractingSNPandotherrisk factors.

Usingsimulationweinvestigateahesessuedy quantifyingthe performanceof five analyti-
calstrategieso detectinteraction:standardinearregressiontwo heteroscedasticity-consistent
covarianceestimatesgichotomizingthe predictors,andasaturatednodel.More specifically,
weassessédthe robustnessf theseapproachesrhenheteroscedasticityasbeeninduced
throughinteractioneffectsvhile varyingsamplesize minor allelefrequencyandthe magni-
tudeof the main andinteractioneffectssimulated We identify minimal conditionsnecessary
for valid testsof interactionin eQTL studiesFinally,for illustration purposeswealsopresent
theresultsfrom the TF by SNPinteractionscreeningn ECLIPSEThisrealdataanalysison-
firms the findings of our simulations highlighting that standardapproachesight have
severelynflatedtypel error rate.Moreover weobservedhatthelist of significantassociations
changeddramaticallyacrossapproachesgspeciallpvhencomparinganalysesf transformed
versusuntransformedgeneexpressiormata,stressinghat the two setsof analysesapturedif-
ferentpatternsin the data.
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Results
Impact of non-linear transformation of expression data

Geneexpressiorataareheavilypre-processe(rig 1). We assuménerethefirst two stage®f
pre-processingesultin the removalof mostsource®f technicalvariability. We examinedhe
impactof non-lineartransformationg in Fig 1) andrank-basednversenormaltransfor-
mations( ) in particular,asthelatterapproachis commonlyappliedin eQTLstudiesApply-
ing  onexpressiomatacanhaveseverahdvantagegs-irst,if the datashowdeviationfrom
normality (e.g. hasanexponential-likedistribution or skewness), canincreasehe statisti-
calpowerto detectthe linearmarginaleffectof apredictor.In brief, non-lineartransformation
canachieveanormalandhomoscedastidistribution of pointsaroundtheregressionine,
potentiallyallowingfor alargeramountof the outcomevarianceto becapturedthusincreas-
ing power[20,21]. However thisis not anabsoluterule andit shouldbenotedthat  can
alsodecreaspowerin certainscenario$21]. Overall,non-lineartransformationghat preserve

Raw Intensity Data

Stepl: Log transformation and
quantile normalization to minimize
array-level variability

Step2: Covariate and batch
adjustment to remove the effect of
technical artifacts

Expression Residual

Step3: Rank-normal transformation
to remove the effect of outliers and
skewness

Normalized
Expression Residual

Pre-processed
Expression Data
[ Pre-processed ]

Fig 1. Gene expression data pre-processi ng pipeline. Standard pre-processing methods applied to gene expression data prior to
expression quantitative trait locus analysis. Note that alternative strategies are also used. For example step 2 is sometimes skipped and
confounding factors (e.g. batch) are included in the model tested as covariates. Others have also applied step 3 before step 2.

https://da.org/10.1371durnal.pon®173847.g0D
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ranksareunlikely to inducefalsesignalsor marginaleffectsandtheyareavalid alternativeto
non-linearregressiorwhenthe distribution of the error is not normal [22]. Indeed previous
studiesusedranksinsteadof raw datato identify upregulatedyeneg23, 24]. Anotheradvan-
tageof isthatit addressesutlying valueswhile preservingsamplesize Expressiordata
oftenhasnoise-inducedutliers(i.e.,afewindividualswith high expressiovaluespecausef
experimentahrtifactsor stochastipropertiesof the biologicalsystemwhich canleadto an
increasedateof typel andtypell errors[25]. The naivecorrectionbasedn removingoutli-
erscansubstantiallyreducesamplesize Rank-basediormalizationallowsfor thosesubjectso
beretained.

However,in contrastto screenindor marginaleffects, might haveastrongerimpacton
Typel and Typell error rateswhentestingfor interaction[21, 26]. More generallynon-linear
transformationsuchas candramaticallyimpacttheinterpretationof interactioneffectsin
particular,while differencesn significancebeforeandaftertransformationsareexpectedo be
relativelyminimal wheninteractioneffectsaresmall(e.g. <1%, asin genome-widessocia-
tion studiesof commontraits anddiseasesjhis is not necessarilyhe casevhenthevariance
explainedoy predictorsis large.Considerfor examplehe generativenodeldefinedin Eq (1)
(seeMaterialand methods)wherethe expressiorof gene dependsnaSNP, anexposure

interactingwith  (MRNA levelsof atranscriptionfactorin our case)andtheresidual fol-
lowsaskewed-normatlistribution with mean0 andvariancel (in orderto reflectdeviation
from normality asobservedor somegeneexpressiomata).Notethat for simplicity, we
assuméhecovariate hasnoeffect( =0)on . Intheabsencefinteractioneffect( =0),
if and explainarelativelylargeamountof thevarianceof (e.g., 2 30%, seeFigA in S1
File,doingarank-basednversenormaltransformationof (or othertypeof non-lineartrans-
formation) caninduceastatisticainteractionbetween and . Forillustration,weplottedin
Fig 2 two representativecenario®f transformationinducing or removinginteraction.Oneof
theexampless wherethe generativanodeldoesnot includeinteraction,while therank-nor-
mal transformdatadoesandthe secondexamplédllustratesthe oppositecasevherethe gener-
ativemodeldoesincludeaninteractionbetween and , buttherank-normaltransformed
datadoesnot. Notethatwe consideredanon-normalresidualasit canbeanargumentfor
applyingarank-basednversenormaltransformation but similarissuesnight arisewhenthe
residualsaarenormally distributed.FigsB-C in S1Filefurther illustratehowrank-basedrans-
formation caninduceinteractionwhennoneis presenton the original scaleWhile the scale-
dependencyf interactioneffectthasbeendemonstrategreviously{15+17] thisissues infre-
quentlyaddresseth geneexpressiorinteractionanalysesCommonlyappliednon-lineardata
transformationsshouldbeaccountedor in the analysisandinterpretationof interaction
effectdn geneexpressiomata.

The paradox of interaction effects

Thesecondmnajor challengevefound is that while weakinteractioneffectsbetweertwo risk
factorsareunlikely to haveanoticeablémpacton the conditionaldistribution of the outcome,
thisis not the casdor moderateto stronginteractions For aninteractingSNP this will be
expressethroughheterogeneityf varianceof the outcomeresidualby genotypicclassa
propertythat hasbeenproposedasatargetfor interactionscreeningusingheterogeneityf
the outcome'svarianceasaproxy for theresidual'svariance)6, 18,19]. Heteroscedasticity
cancausehe usualstandarderror estimate®f ordinary leastsquarecoefficientso beincon-
sistenttherebyinvalidatingtestsfor interactionbetweerthat SNPandotherrisk factors
(excludingthetrue interactingfactorwhich would beunderthe alternative)27]. To illustrate
this point we conducteda simulationstudyusingthe modelpreviouslydescribedEq (1), see
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Fig 2. Effect of non-linear transformat ion on interaction effects. We defined an outcome Y as a function of a single nucleotide
polymorphism G with a minor allele frequency of 0.1, an exposure E normally distributed with mean 5 and variance 1, and a right-
skewed normal distributed residual term 0lIn the framework of this analysis, TF mRNA level is considered as an exposure E. We
generated two datasets of 10,000 individuals for the two scenarios. In @) G and E have only main effects and each explain 20% of the
variance of Y. In b) G and E main effects each explain 10% of the outcome variance, but also have an interaction effect explaining 20%
of the variance of Y. Upper panels show Y as a function of E by genotypic class and trend slope from a standard linear regression.
Lower panels show the same data plotted after a rank-normal transformation (rkt) of Y. Interaction effect (observed as differences in
slope by genotypic class) appears or disappears depending on the transformation applied to Y. P-values for interaction are indicated in
red.

https://doi.org/1A.371/journal pne.017384¢002
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Fig 3. When atrue interaction can bias interaction screening. A guantitative outcome Y is defined as a linear function of a SNP G, an unmeasured
exposure E, a measured exposure Z, and an interaction between G by E, with effect ¢, g, z and gg, respectively (as defined in Eq 1). All predictors
were standardized to have mean 0 and variance 1. In the framework of this analysis, TF mMRNA level is considered as an exposure E. We vary g so that
the interaction term explains between 0 and 30% of the variance of Y. For simplicity we assume that, when relevant, the main effect of either G, E, or Z
explains the same amount of variance as the interaction effect and set Oso that the variance of Y equals 1. Using this model we simulated series of 10,000
replicates, each including 400 individuals and tested for interaction between G and Z using a model not including the unmeasured exposure E (as defined
in Eq 2), in the absence of main effect of the predictors ( ¢ = = z=0), panela) or when including a main effect of G ( ¢ 670, panel b), a main effect of E
( £670), panel b), or a main effect of G ( 2 670, panel d). Upper panels show the increase in the residual variance of the outcome / minus 0(so that models
are comparable) stratified by genotypic class while increasing the interaction effect gg. Lower panels show the type | error rate . at a p-value threshold of
0.05 for the interaction tests between G and Z derived for each series of 10,000 replicates.

https://abi.org/10.1371durnal.por.0173847.908

Materialand methods)but assuminghetrue interactingfactor, , unknown,anddrawing ,
theresidualfrom anormal distribution with variancescaledsothatthe varianceof isonefor
all scenariosimulated For simplicity wealsoassumedhat and follow normaldistribu-
tionswith meanO andvariancel. Wetestedfor interactionbetween andthe non-interacting
factor in aserieof replicatesimulatedin the presencer absencef main effectdor ,

and , asdefinedin Eq(2) (seeMaterialand methods).

Fig 3illustrateshow moderateo stronginteractioneffectscaninducevarianceheterogene-
ity of the outcomeresidual( ) by genotypicclassresultingin inflation of thetypel error rate
of theinteractiontestshetween and . Thisisin agreemenwith previouswork, alsoshow-
ing typel error inflation whenmisspecifyinghe main geneticeffect{28+30].Variancehetero-
geneitymostlydependsn the strengthof the interactioneffectandthe main effectof the
(unmeasuredgxposurealthoughincreasingmain effectsof the testednteractingfactor (here

and ) canalsoworsenthetypel error inflation (Fig3andText A in S1File).Assumingthe
magnitudeof theinteractioneffectsaresimilar to the marginalgeneticeffectsobservedn cis-
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eQTLscreeninge.g., >>30%, seeFig A in S1File),this analysislemonstrateshat genetic
variantsfound to havesignificantinteractionswith multiple factorsshouldbeinterpretedwith
caution,asthis mayindicatethat thetestedSNPis involvedin astronginteractionwith

factors but not necessarilyith thefactorstested The keypoint hereis thatin asimplemodel,
assumingovariatesncludedin the modelarenot confoundingfactorsof the predictors
testedheteroscedasticityausedy a stronginteractionbetweerthetestedvariantandan
unmeasuredactor (or atleastafactornotincludedin the model)caninducespuriousinterac-
tion effectawith othernon-interactingfactors.Notethat heteroscedasticityeneratedy inter-
actionwould only bealimited concernfor thetestof the marginalgeneticeffect.indeed
beinginvolvedin aninteractionmeanst is relatedto the outcometested andwhile power
andeffectestimationmight beimpacted.amarginaleffectassociatiorsignalwith  would
likely represenatrue signal.

Correcting for inflation

Wethenextendedbur simulationsto assesthe validity of five approache the presencef a
stronginteractionbetweerthe SNPtestedand an unmeasuredactor.As before weassumed
thatthe geneexpressioratahavebeencorrectedfor technicalartifactsbut not rank trans-
formed( and in Fig1). We consideredirst standardinearregressiomwithout further
correction(Eq2). Wethenconsideredhe heteroscedasticityonsisten{HC) covariance-
basedapproachA numberof alternativesiavebeenproposedo dealwith thisissug31], and
while somemight perform betterthan others,a completecomparisonof thesemethodsis
beyondthe scopeof this study.Thereforewefocuseddn the two mostestablishe@pproaches,
the sandwichcovariancematrix estimator(HCO) proposedby White [27], andthe jackknife
HC covariancgdHC3), which hasbeensuggestedsthe mostefficientapproacho dealwith
heteroscedasticityn smallsamplesize[32]. Bothmethodsarecommonlyusedin geneticasso-
ciationstudieq28,33,34]. As proposedor GWAS,wealsoconsideredwo othermethods
thataddressnodelmisspecificatioi30], namelydichotomizingthe exposure, andusinga
saturatednodelthatincludesnon-linearmain effectf the predictors.For the latterapproach
wesimplyincludedin the modelamain effectfor 2 andfor eachgenotypicclas = 1and
=2).

We comparedherobustnessf the five approachescrossa serieof onemillion simulated
replicatedor the null modelof no interactionbetween and . We considered®6different
scenariosincreasingsamplesizefrom 100to 5,000(reflectingsamplesizein recentanalyses
[3,4,6]), increasinghe codedallelefrequency(CAF,analogougo minor allelefrequencyin
this casefrom 0.05to 0.5,assuminghormal or askewechormal distribution for thethreecon-
tinuousvariableoftheexperiment(, and ), andassumingalternativelypresencer
absencef amain effectfor . Themagnitudeof the interactioneffectsandthe main
effectofthepredictors(, , and whenrelevantiweregeneratedtrandomfor eachrepli-
cate Asshownin the QQplotsfrom Fig D-K in S1File,samplesizeand CAF hadthe strongest
impacton theresultswhile weobservedninor differencesvhenvaryingthe otherparameters.
Fig 4 presentghe averaggerformanceof the five testsacrosghe two former parametergthe
samplesizeand CAF). This simulationshowshat testsfor interactionin smallsamplesizes
(<100) aresubjecto strongtypel error rateinflation for all studiedmethods Thisinflation
decreasewith increasingsamplesize howeveiit canremainsubstantiafor low frequencyvar-
iants.Moreover theinflation is non-linear,meaningthat genomiccontrol (GC) correction
[35] cannotensurethe validity of the test.Overall, HC3 hadthe bestperformancedisplaying
aninflation factor closeto 1 andonly minor or noinflation of low p-valuesvhenusinga
samplesizeof 1000or greaterandcommonSNPYCAF  0.3).
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Fig 4. Robustn ess comparison . QQplots over series of 8 million replicates where an outcome Y is simulated as a function of a genetic variant G, an
unmeasured exposure E, an interaction between G and E, and in 50% of the replicates a measured exposure Z. In the framework of this analysis, Z and E
are considered as measured and unmeasured TF mRNA level, respectively. The validity of five tests is evaluated by comparing the observed -log; (p-
value) against the expected -log; o (p-value) when testing for the null interaction between a G and Z. The tests include a standard linear regression using
main and interaction terms only (STD), heteroscedasticity consistent-based tests using effect estimates from STD (HCO and HC3), linear regression using
binary-transformed Z (BIN), and a saturated model including a main effect of Z 2 and each genotype coded as dummy variable (SAT). We considered
coded allele frequency (CAF) of 0.05 (first row), 0.3 (middle row) and 0.5 (bottom row), and sample size N of 100, 500, 1,000 and 5,000. We randomly
draw E, Z, and Othe residual of Y from either a normal or a right-skewed normal distribution. For each scenario we derived the genomic inflation factor

GC-

https://abi.org/10.1371durnal.por.0173847.9g04

Interaction effect screening in ECLIPSE

To illustratetheseeffectdn realdata,weconductedatwo-stepscreeningapproactto identify
interactioneffectsdbetweercis-eQTLSNPsand candidateT Fsin agenome-wideexpression
datasefrom 121subjectsn the ECLIPSEStudy[36]. Interactiontriplets (SNP,TF andtarget
gene)weredefinedbasedn an list of TFsandsignificantSNP-gengairsfrom the
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ECLIPSEiseQTLanalysisWe followedthe pre-processingrocedureof Fig 1, excepfor

part 3 (i.e.,no rank-basednversenormaltransformation).Steponeconsistedf testingall
SNPdn thevicinity of agenefor -effect on the expressiorof thatgeneassuminganadditive
geneticeffectandusingascoretestasimplementedn the GGToolssoftwarg37], andto select
the mostsignificantcis-eQTLascandidateéSNPdor interactioneffecttesting. Amongthe
18,834,685ene-SNPairstestedweidentified 132,0748NPswith a -value for association
lessghanor equalto 0.01 Fromtheseresultsweselectedhe mostsignificantSNPfor each
Affymetrix probeset,resultingin atotal of 2,982 -eQTL SNPsassociatewith 3,334
probesetsAsobservedn otherstudiesthe varianceof theresidualizedxpressiorphenotypes
explainedoy -eQTL SNPsanbemuchlargerthanthoseobservedor quantitativepheno-
typein humanGWASI[38]. Fig A in S1Filepresentshedistribution of 2 obtainedfrom mar-
ginalgeneticmodelfor the 3,334pairs. Theaveragequal®.45with amaximum 2 of 0.87.In
comparisonunderanull modelwith the sameotal numberof testsand usingthe same-
valuethreshold wewould expecto observea distribution of effectso haveamean 2 of 0.14
andamaximumof approximately0.25.

In steptwo, all -eQTL SNPsselectedt steponeweretestedfor interactionwith the
expressiortevelof candidateT Fsobtainedfrom the publicationby Vazquerizagtal [39]. To
reducethe multiple testingburden,candidatel Fsweretestedfor interactionwith agivengene
only if their marginalassociatiomwith the probesetwasnominally significant( <0.05).
Also,to avoidconfoundingbya -effect of aSNPon two genesn closephysicalproximity,
all TFswithin 10Mbof acandidate -eQTL SNPwerenot testedfor interactionwith that
SNPandits targetgene Among 1494TFs,1292TFsrepresentedby 2,896probesetsvereavail-
ablefor analysisn the ECLIPSEstudy.Asshownin Fig A in S1File,thevarianceof the
geneexplainedby candidateTFswashigh, with anaverage? of 0.35 Overall therewere
745,943rios ( probe-set, -eQTL, andcandidatelF) to bescreenedor interaction
effectsFor eachof thesetrios weperformedthe standardinearregressioron non-rank trans-
formeddata( ) andinverse-normatank-transformeddata( ), andweconsideredor both
approachethe HC3 correctionof the effectestimatevarianceo accountfor heteroscedasticity
(3 and .3, respectively).

Fig L in S1File presentgshe QQplotsobservedor eachof thefour strategiesAsin the sim-
ulations,weobservedon-linearandstronginflation of low -values,asmeasuredythe
genomiccontrol(  equall.36,1.13,1.22and1.10for , 3, and .3, respectively).
Therewerel51,244,4,and 75significantinteractionsaftercorrectionfor multiple compari-
sons( -value < 1.0x10°),for , 3, and .3, respectivelyWhile afewinteractions
weresignificantor nearsignificantacrossll testsmostshowedstrongheterogeneityTablel
presentghetop five interactionsfrom eachapproachaswell asthe corresponding-value and
rank. Unsurprisingly,all SNPsrom Tablel hadastrongmarginaleffecton the gene.
Forexamplers8109474xplaineds3%o0f the varianceof targetprobeset218824 at
( ) Thesignificanceof theinteractionwasalsostronglycorrelatedwith the strengths
of the marginalassociatiorbetweerthe candidateTF andthe probeset.Asshownin
Fig5, valueforthe interactiontestincrease$o almost2 whenfocusingon the candi-
dateTFsshowingthe strongesassociatiomwith the targetgene While someof the observed

inflation might dueto atrue enrichmentfor interactioneffectsasubstantiapart of the
associatiors likely dueto statisticalrtifacts.Converselythe  test,which correctsfor the
effectof outliersandpotentiallyreducesnflation causedy interactionbetweerSNPsand
unmeasuredactors(Table A in S1File),showdowerinflation (average =1.17).In addi-
tion, appeardo bestablewhenfocusingon TFswith increasingassociationwith thetarget.
AssumingstronglyassociatedFsaremorelikely to havebiologicalinteractionwith cis-eQTL
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Table 1. Top 5interaction signals for four different analytical strategie s.

SNP

rs8109474
rs8109474
rs8109474
rs8109474
rs8109474
rs364734
rs8109474
rs62323426
rs8109474
rs8109474
rs4872978
rs4872978
rs4872978
rs4872978
rs4872978
rs17561351
rs61001363
rs11983315
rs254057
rs7657290

Target

PNMAL1
PNMAL1
PNMAL1
PNMAL1
PNMAL1
SLC17A5
PNMAL1
LINC01091
PNMAL1
PNMAL1
LINC00293
LINC00293
LINC00293
LINC00293
LINC00293
PVRL2
UACA
TMEM209
SKP1
SCOC

TF

NR3C2
SOX13
NFIA
ZNF30
ZBTB7C
ZFP1
NFIA
SP2
ZNF74
NFATS
GATA5
PAX2
FOXD3
GATA4
DLX6
FOSL2
ZNF496
FOXN3
BCLAF1
TP63

STD

6.8E-17 (1)
5.2E-16 (2)
8.2E-15 (3)
4.3E-14 (4)
1.3E-13 (5)
1.1E-07 (367)
8.2E-15 (3)
1.8E-12 (16)
4.0E-10 (56)
1.0E-11 (23)
1.5E-07 (427)
3.4E-10 (54)
2.6E-11 (26)
8.7E-09 (142)
4.3E-10 (57)
2.5E-06 (1321)
7.7E-07 (797)
1.0E-05 (2456)
7.8E-04 (29906)
2.0E-02 (257900)

P-value (rank )

HC3
2.0E-15 (7)
2.7E-07 (671)
4.7E-17 (2)
5.1E-15 (8)
1.3E-07 (536)
7.2E-18 (1)
4.7E-17 (2)
1.7E-16 (3)
4.2E-16 (4)
7.2E-16 (5)
1.1E-05 (2889)
0.52 (2600803)
8.5E-11 (58)
2.1E-07 (628)
1.6E-08 (280)
1.2E-10 (65)
5.7E-10 (103)
6.0E-07 (938)
2.5E-08 (326)
2.3E-10 (79)

RKT

1.3E-05 (510)
1.8E-05 (630)
3.6E-05 (1071)
4.5E-04 (7844)
3.7E-05 (1095)
5.9E-08 (7)
3.6E-05 (1071)
3.7E-04 (6763)
6.9E-04 (11021)
1.2E-04 (2678)
5.0E-09 (1)
6.0E-09 (2)
6.9E-09 (3)
7.6E-09 (4)
1.9E-08 (5)
5.0E-04 (8579)
1.9E-06 (127)
1.7E-04 (3645)
1.2E-03 (16692)
4.6E-03 (50506)

RKT.HC3

1.6E-06 (530)
1.5E-04 (5648)
1.6E-05 (1668)
3.9E-04 (9999)
1.1E-04 (4692)

3.2E-07 (286)
1.6E-05 (1668)

2.9E-06 (717)
1.3E-04 (5187)

1.1E-06 (470)
1.9E-04 (6619)

5.8E-09 (61)
2.1E-04 (7034)

4.8E-09 (57)

1.9E-03 (27599)
4.6E-15 (1)
2.0E-13 (2)
1.1E-12 (3)
2.1E-12 (4)
2.3E-12 (5)

Abbreviations: STD, standard linear regression; HC3, heteroskedastic variance estimator; RKT, rank-transformed variables; TF, transcription factor.
Rank of the SNP-target interaction test on the TF over all test performed

https://da.org/10.137 1§urnal.pon®173847.t001

Fig 5. Distribut ion of interaction test lambdaG C in ECLIPSE. We derived the genomic inflation factor ( g¢) of the standard
interaction test using across sub-groups stratified based on Pre marg, the p-value for association between the target gene and the
candidate transcription factors (TFs). Grey bars present the total number of interaction tests falling in each strata. Four approaches
were performed: i) no normal rank-transformation of the expression data (std), ii) HC3 correction of the effect estimate variance to
account for heteroscedasticity (h3), iii) normal rank-transformation of expression data (rkt), and iv) HC3 correction and normal rank-
transformation of expression data (rkt.h3).

https://da.org/10.1371durnal.pon®173847.905
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SNPsthisflat curveraiseghe potentialconcernthat,in agreementvith our simulationsjnter-
actioneffectson the original scalemight beremovedbythe  transformation.

Discussion

Genomicdata,andgene-expressiodatain particular,offer newopportunitiesto identify
gene-genandgene-environmeninteractions.In this studyweattemptedo screerfor SNP
by TF interactionon gene-expressionsingdatafrom the ECLIPSEstudy,andwedescribe
two methodologicalssueselatedto the detectionandinterpretationof statisticagenomic
interactions First, interactioneffectsarescale-depender@nd commonlyappliedpre-process-
ing stepghatperformnon-lineartransformationof expressiormatacaninduceor removesta-
tisticalinteraction,makinginterpretationof resultsmore challengingSecondthe effectsizes
observedn eQTLdataaresubstantiallyargerthanthoseobservedor geneticassociatiomwith
complexhumantraits and diseaseAssuminginteractioneffectsizesaresimilarly large,our
simulationsshowthattheir presenceaninducesubstantiaheteroscedasticityyhichitselfcan
impacttherobustnes®sf interactiontestscreeningWhile heteroscedasticignd scale-depen-
denteffectshavebeendiscussedh abroadercontextrecentscreenindor interactioneffects
in geneexpressiomatahavenot specificallyaddressetheseissueg3, 4, 6]. We usedsimula-
tion andrealdataanalysigo explorethesdssuesndevaluatehe performanceof analytical
strategieshatavoidnon-lineartransformationof geneexpressiorg in Fig 1) whilepre-
servingrobustnessOur analysisuggestthat usingthe jackknifeheteroscedasticityonsistent
covariancgHC3) correctionwithout applyingrank-basednversenormaltransformation
would bethe bestapproachf samplesizeis largeenough.

Rank-baseéhversenormal transformation,aswell asother non-lineartransformationof
expressiomata,canhaveboth positiveand negativémpacton interactionscreeninglt
removeutliersandassureshatthe marginaldistribution of the phenotypes normal, thus
enablingbetterpropertiesof interactionscreeninginderacompletenull model(i.e.,in the
absencef both main andinteractioneffect) We alsoobservedn simulateddatathat hetero-
scedasticitynducedby true interactioneffectds partly reducedafterapplying  (TableA in
S1File). This partiallyexplainghe appareniverallbetterbehaviorof the  testin the
ECLIPSHlataanalysisHowever previouswork showedhat isanimperfectsolution,
becausét canimpactbothtypel andtypell error rate[21,26]. Moreover,becausé altersthe
outcomescale, canpotentiallyremovethetargetednteractioneffectand/orinducestatisti-
calinteractioneffectaacros®ther SNPsThe questionof determiningthe appropriatescaleor
interactiontestingis a critical issuethat remainsto beaddressedRank-basedversenormal
transformationor othernon-lineartransformationghat areperformedasstandardpractice
for mostgeneexpressioranalysefundamentallyalterthe meaningof statisticainteractionin
awaythat shouldbeexplicitly recognizedn aninteractionanalysisTherecentfocuson
RNA-Secanalysisnethodsprovidesan opportunity to revisitthisissue RNA expressions
fundamentallyheavy-tailedand manyRNA-Segnethodsusethe negativebinomial distribu-
tion to modelthesedata,asopposedo the standardquantilenormalizationandlinearmodel-
ing approachor microarraydata[40]. For the detectionof statisticainteraction,it isless
importantto identify adcorrect®scalefor the analysisthanit isto specifyaspecifichypothesis
for biologicalinteractionandthenchoosehe appropriatescaleof the datasothat detectedsta-
tisticalinteractionswill represenbiologicalinteractionsof interest.Fromthis standpointwe
suggeslimiting datatransformationsandanalyzingdataon their nativescalethoughthis
approachdoesintroducemethodologicathallengeselatedto the statisticsof non-normal
distributions.
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Our simulationsalsodemonstratahat an interactionbetweertwo factorscaninducespuri-
ousstatisticalinteractioneffectdbetweerthosefactorsand other non-interactingfactors Jead-
ing to the paradoxicakituationwheretheinteractioneffectscreeningcanbeinvalid underthe
scenarioof stronginteraction.Exploringalternativesolutions wefound thatinteractioneffect
screeningcanlikely beperformedsafelyamongcommonSNPgminor allelefrequency,

MAF  5%)in largesamplesizedN  5,000)usingthe HC3 correction,while for smallersam-
plesize(N 1000)therewill remainuncertaintyon the validity of associatiorsignal. This
resultis complementanto previouspublicationshighlighting otherchallengegn genomic
interactionscreeningln particular,therehasbeencontroversyregardingthe validity of previ-
ouslyreported[3] SNP-SNRnteractionsin eQTLanalysig41,42]. Thesestudieshighlighted
thattestingfor interactioneffectsshouldbeinterpretedwith caution,asan observedta-
tisticalinteractionmayreflecta haplotypeeffect While our analysisocusedon SNP-by-TF
interactions SNP-SNRnteractionswould likely facetheissuegliscusseéh our study,asthe
increasedypel error ratewe observedvasdriven by the hiddeninteractionbetweerthe SNP
testedandanunmeasuredjuantitativetrait, independentlyof the othertestednteractingfac-
tor (anotherSNPin a SNP-SNRnteractionscreening).

We acknowledgehatthe proposedstrategydoesnot necessarilyepresenthe optimal solu-
tion. To fully addresscalingandrobustnessssuesfuture work might explorealternativego
the HC3 correctionthat bettermodelthe data(e.g. teststhat specificallynodelresidualand
predictordistributions)andalsoassesthe impactof commonpre-processingracticesuch
aslog transformationof raw expressiowvaluesguantilenormalization[10], adjustmentfor the
principal componentof expressioiil 1], andotherproceduresneantto reducetechnicalvari-
ability [43]. Variouscombinationsof thesecorrectionshavebeenproposeckitherseparately
[13] or in anintegratedframework[44]. With the exponentiaincreaseof genomicdata,the
validity and performanceof existingapproachesasbeenwidelydiscussedor marginalassoci-
ationscreenindg12,13,45+47]andbestpracticesvolvecontinuouslywith newmethodologi-
caldevelopmentandtheriseof newtechnologieswhile the proposedapproachs an
important steptowardmorerobustandinterpretableinteractioneffectsscreeningn genomic
data,identifying the optimal analyticalstrategywill similarly follow aniterativeprocessvith
additionaltheoreticawork andvalidationfrom realdataapplications.

Material and methods
Non-linear transformation of expression data

Wegeneratednoutcome asafunctionofaSNP, anexposure andacovariate using
thefollowing generativenodel:

“wig g tg tg t L1t

where o, , , and aretheinterceptandtheeffectsof , , andtheinteractioneffect
between and , respectivelyand istheresidualWe settheminor allelefrequencyof at
0.1,andgenerated usinganormaldistribution with mean0 andvariancel. We considered
two scenariosln thefirstone, and haveonly main effectseachexplaining40%of the out-
comevarianceputtheydonotinteract(  =0).In thesecondscenariopnly hasamain
effect({ 6°0)and( =0),while hasno maineffectbutinfluences throughitsinteraction
with . Theresidual isgeneratedollowing aright-skewechormaldistribution andis scaled
sothatthevarianceof equalsl. Foreachscenarioveplotted and () asafunctionof ,
where () isarank-basednversenormaltransformationfunction.The transformation
wasperformedusingthe R function " from the GenABELR packageWethen
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estimatedheeffectof onboth and () bygenotypicclasausingstandardinear
regression.

Effect of true interaction on interaction screening

To exploretheimpactof true interactioneffectsyethengenerated serieof datausing
Eq(1). For simplicity we standardizedll predictorsto havemean0 andvariancel. We vary

, theinteractioneffectbetween and , sothatthevarianceof the outcomeexplainedby
theinteraction# variesfrom 0to 30%where#t =3 ( ) /$ (). Notethat# is
similarto the standarddefinition of varianceexplainedby interactioneffectsasall predictors
arestandardizedhowevetthis would not bethe case€or unstandardizegbredictors[2]. For
simplicity wealsoassumedhat, whenrelevantthe main effectof either , , or explainthe
sameamountof varianceastheinteractioneffect Wedraw , theresidualof , from anormal
distribution with mean0 andvariancescaledsothat the unconditionalvarianceof equalsl.
Fromthis modelwegenerated serieof 10,000ndependenteplicatef 400individualsand

weconductedatestof b , the estimatednteractioneffectbetween and from themodel:

b b tb td .21

We generatednultiple seriesof datafrom this modelin theabsencef main effecty =
= =0),includingamaineffectof ( 6°0),amaineffectof ( 6°0),or amain effectof
( 670).Wefirst evaluatedherelationshipbetweert# and theresidualvarianceof the
outcomefrom Eq (2), whenstratifyingby genotypicclassHowever to allowfor aclearercom-
parisonwealsosubtracted from (seeSupplementaryNote). We thenderivefor eachsimu-
latedscenarichetypel errorrate of |, theinteractiontestsbetween and , ata -value
thresholdof 0.05 definedas...S at= ,where thenumberof simulationsequals

10,00(and isthe -value of theinteractioneffect.

Correction for statistical tests

We consideredstandardinear regressiorandfour alternativeapproacheghat canpotentially
correctfor the non-lineareffectof the predictorin theinteractiontests First,weusedtwo het-
eroscedasticitgonsistentovariance-baseapproachedn brief, weusedthe interactioneffect
estimatef tfrom Eq(2) andderiveds$,, , ,thestandarddeviationof theinteractionterm,
usingHCO andHC3 formulation usingthe$ $!" function from the SandwichR packageWe
thenderivedthe Wald testfor eachupdatedvarianceestimatesw, , = 62 =82 i o and

w, .~ b? =82 i 3 andtheir associatedvalues.Thethird correctionentailsusingadummy
variablefor insteadof the raw continuouscoding. Thedummyvariable, ¢ , equal9 for val-
uesof smallerthanits medianand1 otherwise Theinteractiontestis then performedby
evaluatinghetermb _ from thefollowing model:

b tb ,tb _  ,td .3t

Thelastcorrectionentailsusingasaturatednodelwherethe main effectsof theinteracting
factors(here, and) aremodelledusingadditionalterms.Varioussaturatednodelscanbe
built. In theseanalysesvedefinedamodelthatincludesamain effectof ?andencodeshe
main effectof the genotypeausingtwo dummyvariablesorrespondingo =1and =2.We
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testedb’ , theinteractioneffectbetween and , usingits ordinal coding:

b, ,tb, ,b tb.?tb  fd .41

We generated serienf 1 million replicatesisingthe modelfrom Eq(1) where =(

) arerandomlysampledrom auniform distribution (0,1).Unlessotherwisespecified,
continuousvariable§, and )weredrawnrandomlyfrom anormaldistribution or right-
skewechormal distribution, both with meanO andvariancel. Theresidual wasfurther
scaledsothatthevarianceof explainedoy the simulatedpredictorsin Eq (1) would vary
from 0%to 80% . However to exploretheimpactof deviationfrom normality for eachof the
threequantitativevariable, and ) wealsoperformedsimulationswhile usinganormal
distribution only for all replicatesWe alsocomparedscenariosvherethe eitherthetrue inter-
actingexposure or thetestednteractingexposure haveamain effectagainsscenarios
wheretheyhaveno main effect.Finally, wevariedthe samplesizefrom 100to 5,000andthe
frequencyof the codedallelefor  from 0.05to 0.5.Overall,our simulationscovered6
scenarios.

The ECLIPSE data

Studyparticipantsincluded121COPD casegenotypedaspart of the ECLIPSEstudy[36]
usingthe genome-widdllumina HumanHap55@eadChipEachparticipanthaddataon ~6.1
million SNPsgitherdirectly genotypedr imputedusingthe 1000Genome£URreference
panel(March 2010)[48]. Detailson quality control assessmeriltering of the SNPsandgeno-
typeimputation havebeendescribectlsewher§t9,50]. Geneexpressionasmeasuredrom
wholeblood sample®n the Affymetrix HGU 133Plu.0chip,andeQTLanalysisvasper-
formedaspreviouslydescribed8]. Geneexpressiomatawerelog-transformedand quantile
normalizedusingthe RMA function in the 2affy® R packagg51] ( in Figl).Wethen
regresseexpressiorvalueson age genderthefirst principal componentgderivedfrom the
genotypadataon all ECLIPSHparticipants[52], andthefirst 13principal componentgrom
geneexpressiontetainingresidualdrom this regressiorior further eQTLanalysig in

Fig 1). Genotypedataof all samplesisedin this studyareavailablen dbGap(phs001252.v1.
pl, ). ECLIPSEexpressiomlatahasbeenpreviouslysubmittedto GEOaspart of
anotherproject(229samplesyvith GSE7670%Note thatthe ECLIPSEIbGaPsubmission
(phs001252.v1.p1, ) will alsocontainlinks to the GEOexpressiomlata.

Supporting information

S1File. Text A, FiguresA-L, and TableA.
(PDF)
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