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Abstract

Expression quantitative trait (eQTL) 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-geneandgene-environmentinteractioneffectson commonhumantraitsanddiseases
havebeendifficult to identify [1]. Partof thechallengeis thesmalleffectsizeof geneticvariants
on macro-phenotypes(e.g.diseasestatusor anthropometrictraits).Assumingthat interactions
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haveeffectsizesof thesamemagnitudeasmarginalgeneticeffects,thesamplesizeneededto
detectthemcanbeup to anorderof magnitudelarger[2]. In orderto circumventthis issue,
researchershaveperformedscreeningfor interactioneffectson intermediatephenotypes(e.g.,
geneexpression,proteomic,metabolomic)thatpresumablyaredirectlyaffectedbygeneticvar-
iation in acausalpathwayfrom variantto diseasephenotype[3±6].Indeed,reportedmarginal
effectsof singlenucleotidepolymorphisms(SNP)on geneexpressionareoftensubstantially
higherthanthosereportedin genome-wideassociationstudies(GWAS)of commontraitsand
diseases.It is reasonableto assumethat theinteractioneffectswill alsobelargerandtherefore
easierto detect.

In thisstudyweanalyzedbloodgeneexpressionandgenotypedatafrom 121subjectsin the
ECLIPSEStudy[7, 8] to testfor interactioneffectsbetweencis-eQTLSNPs(i.e.SNPswithin
250kbof anyautosomalgene)andtheexpressionlevelsof transcriptionfactors(TFs),since
oneof theknownmechanismsfor expressionquantitativetrait loci (eQTLs)isdisruptionof
TF-bindingmotifs [9]. However,aftercarefulevaluationof empiricalperformanceof standard
methods,wefound thatTypeI error ratescanbeseverelyinflated.In particular,weshow
throughsimulationsthatgenome-wideinteractionscreeningin thesettingof moderateto
largemainandinteractioneffectsposestwo majorchallenges.Thefirst challengerelatesto
datapre-processing.Heavypre-processingiscommonlyappliedto geneexpressiondatato
accountfor variabilityacrosssamples,libraries,or experimentalconditions[10±12].Choices
madeat thisstagecanimpacttheresultsof interactionscreening,andwhilesomeapproaches
likely addressspecifictechnicalartifactsmoreeffectively,no pre-processingstrategyisknown
to beuniversallybest[13,14].Pre-processingoftenalsoincludesvariablenormalizationto
obtainapproximately-Gaussian data,whichcanhelpthesmall-sampleperformanceof testing
approaches(seee.g.[3, 4]). However,interactioneffectsarescale-dependent[15±17]andnon-
lineartransformationof thedatacanhaveamajor impacton theinterpretationof interaction
tests.Thesecondchallengerelatesto statisticalissuesthatarisein thepresenceof moderateto
stronginteractioneffects.Weandothersshowedin previouswork that interactionscaninflu-
encethedistribution of aquantitativetrait conditionalon theinteractingpredictors[18,19].
Forsmallinteractioneffects,asexpectedfor mosthumantraitsanddiseases,theimpacton the
outcomedistribution isexpectedto beminimal. However,moderateto stronginteraction
effectscaninducesubstantialheterogeneityof variancebygenotypicclass,whichcanin turn
leadto inconsistentcovariancematrix estimation.Non-constantvariancecaninduceuncon-
trolled TypeI error ratesanddecreasedpower.This impliesthat thepresenceof astronginter-
actionbetweentwo predictors(e.g.,aSNPandaTF) canpotentiallyinvalidatescreeningfor
interactioneffectbetweentheinteractingSNPandotherrisk factors.

Usingsimulationweinvestigatetheseissuesbyquantifyingtheperformanceof fiveanalyti-
calstrategiesto detectinteraction:standardlinearregression,two heteroscedasticity-consistent
covarianceestimates,dichotomizingthepredictors,andasaturatedmodel.More specifically,
weassessedtherobustnessof theseapproacheswhenheteroscedasticityhasbeeninduced
throughinteractioneffectswhilevaryingsamplesize,minor allelefrequencyandthemagni-
tudeof themainandinteractioneffectssimulated.Weidentify minimal conditionsnecessary
for valid testsof interactionin eQTLstudies.Finally,for illustrationpurposes,wealsopresent
theresultsfrom theTF bySNPinteractionscreeningin ECLIPSE.Thisrealdataanalysiscon-
firms thefindingsof our simulations,highlightingthatstandardapproachesmight have
severelyinflatedtypeI error rate.Moreover,weobservedthat thelist of significantassociations
changeddramaticallyacrossapproaches,especiallywhencomparinganalysesof transformed
versusuntransformedgeneexpressiondata,stressingthat thetwo setsof analysescapturedif-
ferentpatternsin thedata.

eQTL interaction
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Results

Impact of non-linear transformation of expression data
Geneexpressiondataareheavilypre-processed(Fig1).Weassumeherethefirst two stagesof
pre-processingresultin theremovalof mostsourcesof technicalvariability.Weexaminedthe
impactof non-lineartransformations(���� � in Fig1) andrank-basedinversenormal transfor-
mations(���) in particular,asthelatterapproachiscommonlyappliedin eQTLstudies.Apply-
ing ��� on expressiondatacanhaveseveraladvantages.First,if thedatashowdeviationfrom
normality (e.g.,hasanexponential-likedistribution or skewness),��� canincreasethestatisti-
calpowerto detectthelinearmarginaleffectof apredictor.In brief,non-lineartransformation
canachieveanormalandhomoscedasticdistribution of pointsaroundtheregressionline,
potentiallyallowingfor alargeramountof theoutcomevarianceto becaptured,thusincreas-
ing power[20,21].However,this isnot anabsoluteruleandit shouldbenotedthat ��� can
alsodecreasepowerin certainscenarios[21].Overall,non-lineartransformationsthatpreserve

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://doi.org/10.1371/journal.pone.0173847.g001
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ranksareunlikely to inducefalsesignalsfor marginaleffects,andtheyareavalidalternativeto
non-linearregressionwhenthedistribution of theerror isnot normal [22]. Indeed,previous
studiesusedranksinsteadof rawdatato identify upregulatedgenes[23,24].Anotheradvan-
tageof ��� is that it addressesoutlyingvalueswhilepreservingsamplesize.Expressiondata
oftenhasnoise-inducedoutliers(i.e.,afewindividualswith highexpressionvalues)becauseof
experimentalartifactsor stochasticpropertiesof thebiologicalsystem,whichcanleadto an
increasedrateof typeI andtypeII errors[25]. Thenaivecorrectionbasedon removingoutli-
erscansubstantiallyreducesamplesize.Rank-basednormalizationallowsfor thosesubjectsto
beretained.

However,in contrastto screeningfor marginaleffects,��� might haveastrongerimpacton
TypeI andTypeII error rateswhentestingfor interaction[21,26].More generally,non-linear
transformationssuchas��� candramaticallyimpacttheinterpretationof interactioneffects.In
particular,whiledifferencesin significancebeforeandaftertransformationsareexpectedto be
relativelyminimal wheninteractioneffectsaresmall(e.g.�2<1%, asin genome-wideassocia-
tion studiesof commontraitsanddiseases),this isnot necessarilythecasewhenthevariance
explainedbypredictorsis large.Considerfor examplethegenerativemodeldefinedin Eq(1)
(seeMaterialandmethods)wheretheexpressionof gene� dependson aSNP	, anexposure

 interactingwith 	 (mRNA levelsof atranscriptionfactorin our case),andtheresidual�� fol-
lowsaskewed-normaldistribution with mean0 andvariance1 (in orderto reflectdeviation
from normality asobservedfor somegeneexpressiondata).Notethat for simplicity,we
assumethecovariate� hasno effect(�
� = 0) on �. In theabsenceof interactioneffect(�
	
 = 0),
if 
 and	 explainarelativelylargeamountof thevarianceof � (e.g.,� 2�30%, seeFig A in S1
File,doingarank-basedinversenormal transformationof � (or othertypeof non-lineartrans-
formation)caninduceastatisticalinteractionbetween	 and
. For illustration,weplottedin
Fig2 two representativescenariosof transformationinducingor removinginteraction.Oneof
theexamplesiswherethegenerativemodeldoesnot includeinteraction,while therank-nor-
mal transformdatadoes;andthesecondexampleillustratestheoppositecasewherethegener-
ativemodeldoesincludeaninteractionbetween	 and
, but therank-normaltransformed
datadoesnot. Notethatweconsideredanon-normalresidualasit canbeanargumentfor
applyingarank-basedinversenormal transformation,but similar issuesmight arisewhenthe
residualsarenormallydistributed.FigsB-C in S1Filefurther illustratehowrank-basedtrans-
formationcaninduceinteractionwhennoneispresenton theoriginal scale.While thescale-
dependencyof interactioneffectshasbeendemonstratedpreviously[15±17],this issueis infre-
quentlyaddressedin geneexpressioninteractionanalyses.Commonlyappliednon-lineardata
transformationsshouldbeaccountedfor in theanalysisandinterpretationof interaction
effectsin geneexpressiondata.

The paradox of interaction effects
Thesecondmajorchallengewefound is thatwhileweakinteractioneffectsbetweentwo risk
factorsareunlikely to haveanoticeableimpacton theconditionaldistribution of theoutcome,
this isnot thecasefor moderateto stronginteractions.ForaninteractingSNP,thiswill be
expressedthroughheterogeneityof varianceof theoutcomeresidualbygenotypicclass,a
propertythathasbeenproposedasatargetfor interactionscreening(usingheterogeneityof
theoutcome'svarianceasaproxyfor theresidual'svariance)[6, 18,19].Heteroscedasticity
cancausetheusualstandarderror estimatesof ordinary leastsquarecoefficientsto beincon-
sistent,therebyinvalidatingtestsfor interactionbetweenthatSNPandotherrisk factors
(excludingthetrue interactingfactorwhichwouldbeunderthealternative)[27]. To illustrate
thispoint weconductedasimulationstudyusingthemodelpreviouslydescribed(Eq(1),see

eQTL interaction
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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 �0.In 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 a) 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/10.1371/journal.pone.0173847.g002
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Materialandmethods),but assumingthetrue interactingfactor,
, unknown,anddrawing��,
theresidualfrom anormaldistribution with variancescaledsothat thevarianceof � isonefor
all scenariossimulated.Forsimplicitywealsoassumedthat 
 and� follow normaldistribu-
tionswith mean0andvariance1.Wetestedfor interactionbetween	 andthenon-interacting
factor� in aseriesof replicatessimulatedin thepresenceor absenceof maineffectsfor 	, 

and�, asdefinedin Eq(2) (seeMaterialandmethods).

Fig3 illustrateshowmoderateto stronginteractioneffectscaninducevarianceheterogene-
ity of theoutcomeresidual(��) bygenotypicclass,resultingin inflation of thetypeI error rate
of theinteractiontestsbetween	 and�. This is in agreementwith previouswork,alsoshow-
ing typeI error inflation whenmisspecifyingthemaingeneticeffect[28±30].Variancehetero-
geneitymostlydependson thestrengthof theinteractioneffectandthemaineffectof the
(unmeasured)exposure,althoughincreasingmaineffectsof thetestedinteractingfactor(here
	 and�) canalsoworsenthetypeI error inflation (Fig3 andText A in S1File).Assumingthe
magnitudeof theinteractioneffectsaresimilar to themarginalgeneticeffectsobservedin cis-

Fig 3. When a true interaction can bias interaction screening. A quantitative 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, ��E, ��Z, and ��GE, respectively (as defined in Eq 1). All predictors
were standardized to have mean 0 and variance 1. In the framework of this analysis, TF mRNA level is considered as an exposure E. We vary ��GE 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 �0so 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 (��G = ��E = ��Z = 0), panel a) or when including a main effect of G (��G 6ˆ0, panel b), a main effect of E
(��E 6ˆ0), panel b), or a main effect of G (��Z 6ˆ0, 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 ��GE. Lower panels show the type I 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://doi.org/10.1371/journal.pone.0173847.g003
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eQTLscreening(e.g.,� 2>30%,seeFig A in S1File),thisanalysisdemonstratesthatgenetic
variantsfound to havesignificantinteractionswith multiple factorsshouldbeinterpretedwith
caution,asthismayindicatethat thetestedSNPis involvedin astronginteractionwith �
��
factors,but not necessarilywith thefactorstested.Thekeypoint hereis that in asimplemodel,
assumingcovariatesincludedin themodelarenot confoundingfactorsof thepredictors
tested,heteroscedasticitycausedbyastronginteractionbetweenthetestedvariantandan
unmeasuredfactor(or at leastafactornot includedin themodel)caninducespuriousinterac-
tion effectswith othernon-interactingfactors.Notethatheteroscedasticitygeneratedby inter-
actionwouldonly bealimited concernfor thetestof themarginalgeneticeffect.Indeed	
beinginvolvedin aninteractionmeansit is relatedto theoutcometested,andwhilepower
andeffectestimationmight beimpacted,amarginaleffectassociationsignalwith 	 would
likely representatruesignal.

Correcting for inflation
Wethenextendedour simulationsto assessthevalidity of fiveapproachesin thepresenceof a
stronginteractionbetweentheSNPtestedandanunmeasuredfactor.Asbefore,weassumed
that thegeneexpressiondatahavebeencorrectedfor technicalartifactsbut not rank trans-
formed(���� � and� in Fig1).Weconsideredfirst standardlinearregressionwithout further
correction(Eq2).Wethenconsideredtheheteroscedasticityconsistent(HC) covariance-
basedapproach.A numberof alternativeshavebeenproposedto dealwith this issue[31], and
whilesomemight performbetterthanothers,acompletecomparisonof thesemethodsis
beyondthescopeof thisstudy.Thereforewefocusedon thetwo mostestablishedapproaches,
thesandwichcovariancematrix estimator(HC0) proposedbyWhite [27], andthejackknife
HC covariance(HC3),whichhasbeensuggestedasthemostefficientapproachto dealwith
heteroscedasticityin smallsamplesize[32]. Bothmethodsarecommonlyusedin geneticasso-
ciationstudies[28,33,34].Asproposedfor GWAS,wealsoconsideredtwo othermethods
thataddressmodelmisspecification[30], namelydichotomizingtheexposure�, andusinga
saturatedmodelthat includesnon-linearmaineffectsof thepredictors.For thelatterapproach
wesimplyincludedin themodelamaineffectfor � 2 andfor eachgenotypicclass(	 = 1 and
	 = 2).

Wecomparedtherobustnessof thefiveapproachesacrossaseriesof onemillion simulated
replicatesfor thenull modelof no interactionbetween	 and�. Weconsidered96different
scenarios,increasingsamplesizefrom 100to 5,000(reflectingsamplesizein recentanalyses
[3, 4,6]), increasingthecodedallelefrequency(CAF,analogousto minor allelefrequencyin
thiscase)from 0.05to 0.5,assumingnormalor askewednormaldistribution for thethreecon-
tinuousvariablesof theexperiment(
, � and��), andassumingalternativelypresenceor
absenceof amaineffectfor �. Themagnitudeof the	 � 
 interactioneffectsandthemain
effectsof thepredictors(
, 	, and� whenrelevant)weregeneratedat randomfor eachrepli-
cate.Asshownin theQQplotsfrom Fig D-K in S1File,samplesizeandCAFhadthestrongest
impacton theresults,whileweobservedminor differenceswhenvaryingtheotherparameters.
Fig4 presentstheaverageperformanceof thefivetestsacrossthetwo formerparameters(the
samplesizeandCAF).Thissimulationshowsthat testsfor interactionin smallsamplesizes
(<100) aresubjectto strongtypeI error rateinflation for all studiedmethods.This inflation
decreaseswith increasingsamplesize,howeverit canremainsubstantialfor low frequencyvar-
iants.Moreover,theinflation isnon-linear,meaningthatgenomiccontrol (GC)correction
[35] cannotensurethevalidity of thetest.Overall,HC3hadthebestperformance,displaying
aninflation factor�� closeto 1andonly minor or no inflation of low p-valueswhenusinga
samplesizeof 1000or greaterandcommonSNPs(CAF� 0.3).
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Interaction effect screening in ECLIPSE
To illustratetheseeffectsin realdata,weconductedatwo-stepscreeningapproachto identify
interactioneffectsbetweencis-eQTLSNPsandcandidateTFsin agenome-wideexpression
datasetfrom 121subjectsin theECLIPSEStudy[36]. Interactiontriplets(SNP,TF andtarget
gene)weredefinedbasedon an� ���
�� list of TFsandsignificantSNP-genepairsfrom the

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 -log10 (p-
value) against the expected -log10 (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 (HC0 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 �0,the residual of Y from either a normal or a right-skewed normal distribution. For each scenario we derived the genomic inflation factor
��GC.

https://doi.org/10.1371/journal.pone.0173847.g004
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ECLIPSEciseQTLanalysis.Wefollowedthepre-processingprocedureof Fig1,exceptfor
part3 (i.e.,no rank-basedinversenormal transformation).Steponeconsistedof testingall
SNPsin thevicinity of agenefor ���-effect on theexpressionof thatgeneassuminganadditive
geneticeffectandusingascoretestasimplementedin theGGToolssoftware[37], andto select
themostsignificantcis-eQTLascandidateSNPsfor interactioneffecttesting.Amongthe
18,834,685gene-SNPpairstested,weidentified132,074SNPswith a�-value for association
lessthanor equalto 0.01.FromtheseresultsweselectedthemostsignificantSNPfor each
Affymetrix probeset,resultingin atotalof 2,982���-eQTL SNPsassociatedwith 3,334������
probesets.Asobservedin otherstudies,thevarianceof theresidualizedexpressionphenotypes
explainedby ���-eQTL SNPscanbemuchlargerthanthoseobservedfor quantitativepheno-
typein humanGWAS[38]. Fig A in S1Filepresentsthedistribution of �2 obtainedfrom mar-
ginalgeneticmodelfor the3,334pairs.Theaverageequals0.45with amaximum�2 of 0.87.In
comparison,underanull modelwith thesametotalnumberof testsandusingthesame�-
valuethreshold,wewouldexpectto observeadistribution of effectsto haveamean�2 of 0.14
andamaximumof approximately0.25.

In steptwo,all ���-eQTL SNPsselectedatsteponeweretestedfor interactionwith the
expressionlevelof candidateTFsobtainedfrom thepublicationbyVazquerizasetal [39]. To
reducethemultiple testingburden,candidateTFsweretestedfor interactionwith agivengene
only if their marginalassociationwith the������ probesetwasnominallysignificant(�<0.05).
Also,to avoidconfoundingbya���-effect of aSNPon two genesin closephysicalproximity,
all TFswithin 10Mbof acandidate���-eQTL SNPwerenot testedfor interactionwith that
SNPandits targetgene.Among1494TFs,1292TFsrepresentedby2,896probesetswereavail-
ablefor analysisin theECLIPSEstudy.Asshownin Fig A in S1File,thevarianceof the������
geneexplainedbycandidateTFswashigh,with anaverage�2 of 0.35.Overall,therewere
745,943trios (������ probe-set,���-eQTL, andcandidateTF) to bescreenedfor interaction
effects.Foreachof thesetrios weperformedthestandardlinearregressionon non-ranktrans-
formeddata(���) andinverse-normalrank-transformeddata(���), andweconsideredfor both
approachestheHC3 correctionof theeffectestimatevarianceto accountfor heteroscedasticity
(�3 and���.�3, respectively).

Fig L in S1FilepresentstheQQplotsobservedfor eachof thefour strategies.Asin thesim-
ulations,weobservednon-linearandstronginflation of low �-values,asmeasuredby the
genomiccontrol (��	� equal1.36,1.13,1.22and1.10for ���, �3, ��� and���.�3, respectively).
Therewere151,244,4,and75significantinteractionsaftercorrectionfor multiple compari-
sons(�-value < 1.0x10-8), for ���, �3, ��� and���.�3, respectively.While afewinteractions
weresignificantor nearsignificantacrossall tests,mostshowedstrongheterogeneity.Table1
presentsthetop five interactionsfrom eachapproachaswellasthecorresponding�-value and
rank.Unsurprisingly,all SNPsfrom Table1 hadastrongmarginaleffecton the������ gene.
Forexample,rs8109474explained63%of thevarianceof targetprobeset218824_at
(������). Thesignificanceof theinteractionwasalsostronglycorrelatedwith thestrengths
of themarginalassociationbetweenthecandidateTF andthe������ probeset.Asshownin
Fig5,��	� valuefor the��� interactiontestincreasesto almost2whenfocusingon thecandi-
dateTFsshowingthestrongestassociationwith thetargetgene.While someof theobserved
��	� inflation might dueto atrueenrichmentfor interactioneffects,asubstantialpartof the
associationis likely dueto statisticalartifacts.Conversely,the��� test,whichcorrectsfor the
effectof outliersandpotentiallyreducesinflation causedby interactionbetweenSNPsand
unmeasuredfactors(TableA in S1File),showslowerinflation (average��	� = 1.17).In addi-
tion, ��� appearsto bestablewhenfocusingon TFswith increasingassociationwith thetarget.
AssumingstronglyassociatedTFsaremorelikely to havebiologicalinteractionwith cis-eQTL
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Table 1. Top 5 interaction signals for four different analytical strategie s.

SNP Target TF P-value (rank�
)

STD HC3 RKT RKT.HC3

rs8109474 PNMAL1 NR3C2 6.8E-17 (1) 2.0E-15 (7) 1.3E-05 (510) 1.6E-06 (530)

rs8109474 PNMAL1 SOX13 5.2E-16 (2) 2.7E-07 (671) 1.8E-05 (630) 1.5E-04 (5648)

rs8109474 PNMAL1 NFIA 8.2E-15 (3) 4.7E-17 (2) 3.6E-05 (1071) 1.6E-05 (1668)

rs8109474 PNMAL1 ZNF30 4.3E-14 (4) 5.1E-15 (8) 4.5E-04 (7844) 3.9E-04 (9999)

rs8109474 PNMAL1 ZBTB7C 1.3E-13 (5) 1.3E-07 (536) 3.7E-05 (1095) 1.1E-04 (4692)

rs364734 SLC17A5 ZFP1 1.1E-07 (367) 7.2E-18 (1) 5.9E-08 (7) 3.2E-07 (286)

rs8109474 PNMAL1 NFIA 8.2E-15 (3) 4.7E-17 (2) 3.6E-05 (1071) 1.6E-05 (1668)

rs62323426 LINC01091 SP2 1.8E-12 (16) 1.7E-16 (3) 3.7E-04 (6763) 2.9E-06 (717)

rs8109474 PNMAL1 ZNF74 4.0E-10 (56) 4.2E-16 (4) 6.9E-04 (11021) 1.3E-04 (5187)

rs8109474 PNMAL1 NFAT5 1.0E-11 (23) 7.2E-16 (5) 1.2E-04 (2678) 1.1E-06 (470)

rs4872978 LINC00293 GATA5 1.5E-07 (427) 1.1E-05 (2889) 5.0E-09 (1) 1.9E-04 (6619)

rs4872978 LINC00293 PAX2 3.4E-10 (54) 0.52 (2600803) 6.0E-09 (2) 5.8E-09 (61)

rs4872978 LINC00293 FOXD3 2.6E-11 (26) 8.5E-11 (58) 6.9E-09 (3) 2.1E-04 (7034)

rs4872978 LINC00293 GATA4 8.7E-09 (142) 2.1E-07 (628) 7.6E-09 (4) 4.8E-09 (57)

rs4872978 LINC00293 DLX6 4.3E-10 (57) 1.6E-08 (280) 1.9E-08 (5) 1.9E-03 (27599)

rs17561351 PVRL2 FOSL2 2.5E-06 (1321) 1.2E-10 (65) 5.0E-04 (8579) 4.6E-15 (1)

rs61001363 UACA ZNF496 7.7E-07 (797) 5.7E-10 (103) 1.9E-06 (127) 2.0E-13 (2)

rs11983315 TMEM209 FOXN3 1.0E-05 (2456) 6.0E-07 (938) 1.7E-04 (3645) 1.1E-12 (3)

rs254057 SKP1 BCLAF1 7.8E-04 (29906) 2.5E-08 (326) 1.2E-03 (16692) 2.1E-12 (4)

rs7657290 SCOC TP63 2.0E-02 (257900) 2.3E-10 (79) 4.6E-03 (50506) 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://doi.org/10.1371/journal.pone.0173847.t001

Fig 5. Distribut ion of interaction test lambdaG C in ECLIPSE. We derived the genomic inflation factor (��GC) of the standard
interaction test using across sub-groups stratified based on PTF.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://doi.org/10.1371/journal.pone.0173847.g005
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SNPs,this flat curveraisesthepotentialconcernthat,in agreementwith our simulations,inter-
actioneffectson theoriginalscalemight beremovedby the��� transformation.

Discussion
Genomicdata,andgene-expressiondatain particular,offernewopportunitiesto identify
gene-geneandgene-environmentinteractions.In thisstudyweattemptedto screenfor SNP
byTF interactionon gene-expressionusingdatafrom theECLIPSEstudy,andwedescribe
two methodologicalissuesrelatedto thedetectionandinterpretationof statisticalgenomic
interactions.First,interactioneffectsarescale-dependentandcommonlyappliedpre-process-
ing stepsthatperformnon-lineartransformationof expressiondatacaninduceor removesta-
tisticalinteraction,makinginterpretationof resultsmorechallenging.Second,theeffectsizes
observedin eQTLdataaresubstantiallylargerthanthoseobservedfor geneticassociationwith
complexhumantraitsanddiseases.Assuminginteractioneffectsizesaresimilarly large,our
simulationsshowthat their presencecaninducesubstantialheteroscedasticity,which itselfcan
impacttherobustnessof interactiontestscreening.While heteroscedasticityandscale-depen-
denteffectshavebeendiscussedin abroadercontext,recentscreeningfor interactioneffects
in geneexpressiondatahavenot specificallyaddressedtheseissues[3, 4,6]. Weusedsimula-
tion andrealdataanalysisto exploretheseissuesandevaluatetheperformanceof analytical
strategiesthatavoidnon-lineartransformationof geneexpression(���� � in Fig1) whilepre-
servingrobustness.Our analysissuggeststhatusingthejackknifeheteroscedasticityconsistent
covariance(HC3) correctionwithout applyingrank-basedinversenormal transformation
wouldbethebestapproachif samplesizeis largeenough.

Rank-basedinversenormal transformation,aswellasothernon-lineartransformationsof
expressiondata,canhavebothpositiveandnegativeimpacton interactionscreening.It
removesoutliersandassuresthat themarginaldistribution of thephenotypeisnormal,thus
enablingbetterpropertiesof interactionscreeningunderacompletenull model(i.e.,in the
absenceof bothmainandinteractioneffect).Wealsoobservedin simulateddatathathetero-
scedasticityinducedby true interactioneffectsispartly reducedafterapplying��� (TableA in
S1File).Thispartiallyexplainstheapparentoverallbetterbehaviorof the��� testin the
ECLIPSEdataanalysis.However,previouswork showedthat ��� isanimperfectsolution,
becauseit canimpactboth typeI andtypeII error rate[21,26].Moreover,becauseit altersthe
outcomescale,��� canpotentiallyremovethetargetedinteractioneffectand/or inducestatisti-
calinteractioneffectsacrossotherSNPs.Thequestionof determiningtheappropriatescalefor
interactiontestingisacritical issuethat remainsto beaddressed.Rank-basedinversenormal
transformationor othernon-lineartransformationsthatareperformedasstandardpractice
for mostgeneexpressionanalysesfundamentallyalterthemeaningof statisticalinteractionin
awaythatshouldbeexplicitlyrecognizedin aninteractionanalysis.Therecentfocuson
RNA-Seqanalysismethodsprovidesanopportunity to revisitthis issue.RNA expressionis
fundamentallyheavy-tailed,andmanyRNA-Seqmethodsusethenegativebinomialdistribu-
tion to modelthesedata,asopposedto thestandardquantilenormalizationandlinearmodel-
ing approachfor microarraydata[40]. For thedetectionof statisticalinteraction,it is less
important to identify aªcorrectºscalefor theanalysis,thanit is to specifyaspecifichypothesis
for biologicalinteractionandthenchoosetheappropriatescaleof thedatasothatdetectedsta-
tisticalinteractionswill representbiologicalinteractionsof interest.Fromthisstandpoint,we
suggestlimiting datatransformationsandanalyzingdataon their nativescale,thoughthis
approachdoesintroducemethodologicalchallengesrelatedto thestatisticsof non-normal
distributions.
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Our simulationsalsodemonstratethataninteractionbetweentwo factorscaninducespuri-
ousstatisticalinteractioneffectsbetweenthosefactorsandothernon-interactingfactors,lead-
ing to theparadoxicalsituationwheretheinteractioneffectscreeningcanbeinvalid underthe
scenarioof stronginteraction.Exploringalternativesolutions,wefound that interactioneffect
screeningcanlikely beperformedsafelyamongcommonSNPs(minor allelefrequency,
MAF � 5%)in largesamplesizes(N � 5,000)usingtheHC3correction,whilefor smallersam-
plesize(N � 1000),therewill remainuncertaintyon thevalidity of associationsignal.This
resultiscomplementaryto previouspublicationshighlightingotherchallengesin genomic
interactionscreening.In particular,therehasbeencontroversyregardingthevalidity of previ-
ouslyreported[3] SNP-SNPinteractionsin eQTLanalysis[41,42].Thesestudieshighlighted
that testingfor ������� interactioneffectsshouldbeinterpretedwith caution,asanobservedsta-
tisticalinteractionmayreflectahaplotypeeffect.While our analysisfocusedon SNP-by-TF
interactions,SNP-SNPinteractionswould likely facetheissuesdiscussedin our study,asthe
increasedtypeI error rateweobservedwasdrivenby thehiddeninteractionbetweentheSNP
testedandanunmeasuredquantitativetrait, independentlyof theothertestedinteractingfac-
tor (anotherSNPin aSNP-SNPinteractionscreening).

Weacknowledgethat theproposedstrategydoesnot necessarilyrepresenttheoptimalsolu-
tion. To fully addressscalingandrobustnessissues,futurework might explorealternativesto
theHC3correctionthatbettermodelthedata(e.g.,teststhatspecificallymodelresidualand
predictordistributions)andalsoassesstheimpactof commonpre-processingpracticessuch
aslogtransformationof rawexpressionvalues,quantilenormalization[10], adjustmentfor the
principalcomponentsof expression[11], andotherproceduresmeantto reducetechnicalvari-
ability [43]. Variouscombinationsof thesecorrectionshavebeenproposedeitherseparately
[13] or in anintegratedframework[44]. With theexponentialincreaseof genomicdata,the
validityandperformanceof existingapproacheshasbeenwidelydiscussedfor marginalassoci-
ationscreening[12,13,45±47],andbestpracticesevolvecontinuouslywith newmethodologi-
caldevelopmentsandtheriseof newtechnologies.While theproposedapproachisan
important steptowardmorerobustandinterpretableinteractioneffectsscreeningin genomic
data,identifyingtheoptimalanalyticalstrategywill similarly follow aniterativeprocesswith
additionaltheoreticalwork andvalidationfrom realdataapplications.

Material and methods

Non-linear transformation of expression data
Wegeneratedanoutcome� asafunction of aSNP	, anexposure
 andacovariate� using
thefollowinggenerativemodel:

� ˆ g0 ‡ g	 	 ‡ g
 
 ‡ g	
 	
 ‡ g� � ‡ �� …1†

where�
0, �
	 , �

 , �
� and�
	
 aretheinterceptandtheeffectsof 	, 
, � andtheinteractioneffect
between	 and
, respectively;and�� is theresidual.Wesettheminor allelefrequencyof 	 at
0.1,andgenerated
 usinganormaldistribution with mean0 andvariance1.Weconsidered
two scenarios.In thefirst one,	 and
 haveonly maineffects,eachexplaining40%of theout-
comevariance,but theydo not interact(�
	
 = 0). In thesecondscenario,only 
 hasamain
effect(�

 6ˆ0) and(�
	 = 0),while 	 hasno maineffectbut influences� throughits interaction
with 
. Theresidual�� isgeneratedfollowingaright-skewednormaldistribution andisscaled
sothat thevarianceof � equals1.Foreachscenarioweplotted� and���(�) asafunction of 
,
where���() isarank-basedinversenormal transformationfunction.The��� transformation
wasperformedusingtheRfunction ������� 
��!" from theGenABELRpackage.Wethen
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estimatedtheeffectof 
 on both � and���(�) bygenotypicclassusingstandardlinear
regression.

Effect of true interaction on interaction screening
To exploretheimpactof true interactioneffects,wethengeneratedaseriesof datausing
Eq(1).Forsimplicitywestandardizedall predictorsto havemean0 andvariance1.Wevary
�
	
 , theinteractioneffectbetween	 and
, sothat thevarianceof theoutcomeexplainedby
theinteraction#	�
 variesfrom 0 to 30%,where#	�
 = $��(�
 	
 	
) / $��(�). Notethat#	�
 is
similar to thestandarddefinition of varianceexplainedby interactioneffectsasall predictors
arestandardized,howeverthiswouldnot bethecasefor unstandardizedpredictors[2]. For
simplicitywealsoassumedthat,whenrelevant,themaineffectsof either	, 
, or � explainthe
sameamountof varianceastheinteractioneffect.Wedraw��, theresidualof �, from anormal
distribution with mean0 andvariancescaledsothat theunconditionalvarianceof � equals1.
Fromthismodelwegeneratedaseriesof 10,000independentreplicatesof 400individualsand

weconductedatestof b̂	� , theestimatedinteractioneffectbetween	 and� from themodel:

� � b	 	 ‡ b� � ‡ b	� 	� ‡ d …2†

Wegeneratedmultiple seriesof datafrom thismodelin theabsenceof maineffects(�
	 = �


= �
� = 0), includingamaineffectof 	 (�
	 6ˆ0),amaineffectof 
 (�

 6ˆ0),or amaineffectof
	 (�
� 6ˆ0).Wefirst evaluatedtherelationshipbetween#	�
 and�� theresidualvarianceof the
outcomefrom Eq(2),whenstratifyingbygenotypicclass.However,to allowfor aclearercom-
parisonwealsosubtracted�� from �� (seeSupplementaryNote).Wethenderivefor eachsimu-
latedscenariothetypeI error rate�� of ��	� , theinteractiontestsbetween	 and�, ata�-value
thresholdof 0.05,definedas…S� �

� 	� � a†=� � , where� � thenumberof simulationsequals

10,000and� 	� is the�-value of theinteractioneffect.

Correction for statistical tests
Weconsideredstandardlinearregressionandfour alternativeapproachesthatcanpotentially
correctfor thenon-lineareffectof thepredictorin theinteractiontests.First,weusedtwo het-
eroscedasticityconsistentcovariance-basedapproaches.In brief,weusedtheinteractioneffect

estimate…̂b	� †from Eq(2) andderivedŝb	� j%� , thestandarddeviationof theinteractionterm,

usingHC0andHC3formulationusingthe$�
$!" function from theSandwichRpackage.We

thenderivedtheWald testfor eachupdatedvarianceestimates,w%� 0 ˆ b̂2
	� =ŝ 2

b	� j%� 0 and

w%� 1 ˆ b̂2
	� =ŝ 2

b	� j%� 3, andtheir associated�-values.Thethird correctionentailsusingadummy

variablefor � insteadof therawcontinuouscoding.Thedummyvariable,� &�� , equals0 for val-
uesof � smallerthanits medianand1otherwise.Theinteractiontestis thenperformedby
evaluatingtheterm b	� &��

from thefollowingmodel:

� � b	 	 ‡ b� � &�� ‡ b	� &��
	� &�� ‡ d …3†

Thelastcorrectionentailsusingasaturatedmodelwherethemaineffectsof theinteracting
factors(here,	 and�) aremodelledusingadditionalterms.Varioussaturatedmodelscanbe
built. In theseanalyseswedefinedamodelthat includesamaineffectof � 2 andencodesthe
maineffectof thegenotypeusingtwo dummyvariablescorrespondingto 	 = 1 and	 = 2.We
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testedb0
	� , theinteractioneffectbetween� and	, usingits ordinal coding:

� � b	 1
	 1 ‡ b	 2

	 2 ‡ b� � ‡ b� 2� 2 ‡ b0
	� 	� ‡ d …4†

Wegeneratedaseriesof 1 million replicatesusingthemodelfrom Eq(1) where�
 = (�
	 , �

,
�
	
, �
� ) arerandomlysampledfrom auniform distribution (0,1).Unlessotherwisespecified,
continuousvariables(
, � and��) weredrawnrandomlyfrom anormaldistribution or right-
skewednormaldistribution,bothwith mean0 andvariance1.Theresidual�� wasfurther
scaledsothat thevarianceof � explainedby thesimulatedpredictorsin Eq(1) wouldvary
from 0%to 80%.However,to exploretheimpactof deviationfrom normality for eachof the
threequantitativevariables(
, � and��) wealsoperformedsimulationswhileusinganormal
distribution only for all replicates.Wealsocomparedscenarioswheretheeitherthetrue inter-
actingexposure
 or thetestedinteractingexposure� haveamaineffectagainstscenarios
wheretheyhaveno maineffect.Finally,wevariedthesamplesizefrom 100to 5,000andthe
frequencyof thecodedallelefor 	 from 0.05to 0.5.Overall,our simulationscovered96
scenarios.

The ECLIPSE data
Studyparticipantsincluded121COPDcasesgenotypedaspartof theECLIPSEstudy[36]
usingthegenome-wideIllumina HumanHap550BeadChip.Eachparticipanthaddataon ~6.1
million SNPs,eitherdirectlygenotypedor imputedusingthe1000GenomesEURreference
panel(March2010)[48]. Detailson qualitycontrol assessment,filtering of theSNPsandgeno-
typeimputationhavebeendescribedelsewhere[49,50].Geneexpressionwasmeasuredfrom
wholebloodsampleson theAffymetrix HGU 133Plus2.0chip,andeQTLanalysiswasper-
formedaspreviouslydescribed[8]. Geneexpressiondatawerelog-transformedandquantile
normalizedusingtheRMA function in theªaffyº Rpackage[51] (����� in Fig1).Wethen
regressedexpressionvalueson age,gender,thefirst principalcomponentsderivedfrom the
genotypedataon all ECLIPSEparticipants[52], andthefirst 13principalcomponentsfrom
geneexpression,retainingresidualsfrom this regressionfor further eQTLanalysis(����� in
Fig1).Genotypedataof all samplesusedin thisstudyareavailablein dbGap(phs001252.v1.
p1,�� ��
����). ECLIPSEexpressiondatahasbeenpreviouslysubmittedto GEOaspartof
anotherproject(229samples)with GSE76705.Notethat theECLIPSEdbGaPsubmission
(phs001252.v1.p1,�� ��
����) will alsocontainlinks to theGEOexpressiondata.
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