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Abstract

Studiesin geneticsnvolving microarrayexperimentsallow simultaneousomparisorandguanti®cationof geneexpressionon a large scale. Many sourcesof variationplay animportantrole on the analysisof datacomingfrom such
experiments A properexperimentaldesignandsubsequerndevelopmentof suitablemodelsfor analysisareessentiabtepsin orderto assurdheidenti®cationof signi®cantgeneshelpingresearcherdistinguishbetweervariationswhich are
dueto actualbiologicalchangedgrom randomnoise.In this work, we evaluatesomeof thevariousregressiommodellingstratgiesproposedn theliterature,suchasthe useof mixed-efectsmodelg[5], [2] andtheissueof variableselectionn
microarraygeneexpressionpro®ling. We apply the modelsstudiedto datafrom a studyof the Laboratoryof GeneticcandMolecularCardiology HeartInstitute, University of Sao Paulo Medical School(InCor-USP)basedon strainsof rat,
which aimsto identify genedhathave aregulatoryrole on the mechanisnof hypertension.

Introduction

Microarraysare a widely usedtool in genomicstudiesto assess,
throughthe levels of mMRNA In a certaintissue,how a setof thou-
sandf genesarebeingexpressedinderdifferentconditions.Many
differentstrat@ieshave beenproposedo analysadatacomingfrom
suchexperimentsrangingfrom linearmodelsto clusteranalysis.In
thiswork, we surwey thosemethodgpertainingcloselyto regression
analysisthougha completedistinctionis debatable.

In a microarrayexperiment,pools of differentially labelledcDNA
sequenceare combinedandappliedto a glassslide or othersub-

stratg[1], containinghousandsf known complementargequences

of cDNA. Eachregionof theslide,containingacertainimmobilised
sequences calleda spot. For eachspot,the intensityof hybridis-
ation of the two labelledsamplesare measuredand throughthis
measurewve can assesshe levels of expressionfor the generep-
resentedoy that spot. For eachslide in an experiment,we have a
setof 2s measurementsyheres is the total numberof spotsin the
slide. This numberrangeausuallyfrom 2000Go 50000 We denote
themeasuresrom the samplemarkedwith thegreendyeby G and
thosefrom the samplemarked with the red dye by R. A generic
spoti will bedenotedby (r; 9);.

Often thesedataare subjectto varioussourceof variationand a
directanalysisof theraw (r; g); valuesmaybemisleading.The rst
methodsve addresarethenormalizatioroneswhichtry to control
someof this variation,usingnonparametrismoothing.Thesewere
the rst modelsproposedn the literature. We then considerthe
approachof ANOVA andlinear mixed models,and nally theuse
of logistic regressiorto identify differentially expressedjenes.

Nonparametrismoothing

Nonparametriecmoothingcomesn the contect of normalizationof

microarraydata. Normalizationtechniquesveredevisedto reduce
the technicalvariation and to obtain comparableantensity values
acrossdifferent slides. Thesetechniquesare usually applied on

a transformationof the original data. The pairs(R; G) aretrans-
formedinto tflbe(_M; A) coordinatesystem,whereM = logp R=G

andA = logp RG. Thisnew axissystem(M; A), correspondso

arescalinganda clockwisecoordinatesystenrotationby 45°.

A scatterplot of thesevaluesfor the spotsin an arrayis usually
calledan MAPIot. Thistype of plot is usedto displaythe geneex-
pressionntensitiesaiming a spatialidenti cation of points. Here,
the horizontalcoordinateA is a measureof the averagetranscrip-
tion level, while M is a measureof differentialtranscription. This
graphicis akinto thevarianceby averagescattemplots,traditionally
usedin exploratory dataanalysisfor identifying heterocedasticity
anddependencstructuresFigurel displaysanMAPIot for agiven
microarrayslide.
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Figurel: MAPIot for agivenslide.

Normalizationtechniquesvork by transformingthe M values,at-
temptingto control systematiandrandomvariations. We usually
seekatransformatiorof thetype:

M! M G(A);, 1=1:::;s;

wherec; (A) is obtainedhroughasmoothingunctionof theMAPIot
for the givenslide. A goodchoiceof c(:) will assurghatmuch of
the variation due to technicalissuesis controlled, so that further
analysisof the datais carriedon the normalizedvalues. The rst
proposedand mostusedsmootherns the lowess[6] robust scatter
nlot smoother Anotherpossibility is the useof smoothingsplines
4], asamoreadaptve technique.

Othervariationsof theseproceduresgonsiderthephysicalarrange-
mentof the spotsin the slides,which is generallydoneby blocks
or subarrays.As thereis indicationthat subarrayshave in uence

ontheintensityvalues,it iIs commonto adjusta differentsmoother
G (:), for every subarray , originatingthe normalizationper subar

ray[6] technigue Figure2 displaysMAPIots for a setof 2 different
slides,comparingtwo differentsmoothingfunctions,from a study
on congenicrats from the Laboratoryof Geneticsand Molecular
Cardiology Heartinstitute,Universityof SaoPauloMedicalSchool
(INCor-USP).

Lowessandsplinesnormalization

MAPIot: slide rat8s (normalized) MAPIot: slide rat8d (normalized)
Mormalization: Lowess per subarray (f=2/3) Normmalization: Lowess per subarray (f=2/3)
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Figure2: Lowessandsplinespersubarraynormalizationcompared
overasetof 2 arrays.

In general,thesenonparametricsmoothingtechniquesprovide a
good t tothedata,resultingin goodnormalizationproceduresOn
theotherhand,we know little aboutthestructureof themodelbeing
consideredsuchaswhateffectsarebeingaccountecandwhatare
beingdiscarded.

ANOVA andmixed models

Anotherapproacho analysahistypedata,sometimegomplemen-
tary to normalization,is the useof ANOVA techniquesandlinear
models.Thiswas rst proposedy [2], whosemodelis givenby:

10g(Yijkg) = * Ai+ Dj+ Vgt Gg+t (AG)ig+ (VG)kg* jj kg

where Is anoverall averageof thesignalintensities A; represents
the effect of the i array D j representshe effect of the| h dye,

Vi, the effect of the k! variety, G the effect of the g geneand
ij kg IS anstochastierror. Theinteractioneffect (AG);q accounts
for a gpot effect, andis includedin the modelmainly to reducethe
variability dueto technicalissuesnotbeingof interestn itself. The
effectsof interestin this modelarethe interactioneffectsbetween
varietyandgene givenby (V G)q4. All effectsareconsideredx ed,
andthenormalizationof thedatais carriedthroughthe A, D andV
terms,without the needto introducepreliminarymanipulations.

A relatedmethodwaslater proposedy [5], which usestwo inter-
connectedANOVA models,a“normalization”modelanda “gene”
model. The normalizationmodelaimsto control experiment-wide
systematieffectswhile thegenemodelaimsto identify differently
expressedenes.Theresidualof thenormalizatiormodelareused
asinputsto the genemodel. Both modelsare mixed (with random
and x edeffects),thenormalizationonebeing:

IOQZ(Ygij ) = + T+ Aj + (TA)ij + gi :

where Is anoverall average,T Is a variety effect, A is an array
effectandTA Is the interactioneffect of arrayandvariety. Effects
A andTA arerandom,while T Is x ed. Dueto their experimental
designtheT effectis accountingor the dyeseffect, andtheinter

action TA is modellingthe channels. This is possibleasin their
designthe treatmentwas always labelledwith Cy5, but for more
generalsituations,a D effect for dye is usually considered. The
genemodelis givenby:

"gj = Gg* (GT)gi + (GA)g + i

, Wherer g arethe residualsfrom the normalizationmodel, G is
a geneeffect, GT Is aninteractionbetweengeneand variety and
GA aninteractionbetweergeneandarray GA is arandomeffect,
while G andGT are x ed. The GA effectis essentiato thismodel,
servingto accounfor spot-to-spovariability andallowing usto not
form ratios.

The useof a mixed modelgrantsus more e xibility to modelthe
correlationstructureof the data. Particularly, the useof a random
effectfor thearray(A) allows usto modelthe correlationsetween
theexpressionevelsin agivenarray Also, we mayconsideusinga
randomgeneeffect, whichwould permitusto extendtheinferences
madeto the whole populationof genes.eventhosenot presenton
thearraysunderstudy

Logistic regression

We canconsidetthe problemof identifying genesvhich have areg-

ulatoryrole on a certaincharacteristiof interest,asa problemof

discriminantanalysis.The characteristiof interestcanbe consid-
eredasagroupingfactor or binaryresponseariable(in the caseof

two differentgroupsof interest for examplenormotensandhyper

tensve rats) andthe expressionlevels of the genesspottedon the
microarrayasexplanatoryvariables. This structurenaturallyleads
oneto alogistic regressiommodel.

Let us considera phenotypeof interesttaking two possiblevalues:
SHR (spontaneousiyypertensre rat) and non SHR (normotense
rat). Supposdhatsamplesof mRNA of thesetwo groupsare ob-
tainedandcotybridizedinto a microarrayslide,andtheX; intensi-
tieslevelsaremeasurdor eachchanne[Cy3andCy5). We canthen
modelthe probability of pertainingto a certainphenotypeusinga
logistic regression:

1
— P -
P(SHR) 1+ exp( ¢ >, i Xj) (1)

wherex; arethelog-normalizeageneexpressionevels,and j Is
a genespeci ¢ parameter The immediateproblemwith directly
using this approachis thats + 1 parameterarerequiredto t a
modelconsideringall genes.As the numberof slidesis alwaysfar
smallerthan that, the proposedsolution [3] is to consideronly a
subsebf bestperforminggenesaccordingto anancillaryanalysis,
andusethelogistic modelto selectthegeneswvith mosteffectin the
phenotypeof interestamongthis subset.

Variableselection

In this contet, the problemof identifying differentially expressed
genescomesdown to theselectiorof variablean thelogistic model

(1). A bestsubsetof explanatoryvariablesin this contet, will be

a bestsubsetof geneswhich have a regulatoryrole on the studied
treatments/phenotypes.

The proceduredor carryingout the selectionof the variablesare
well establishedn the literature, and are basedgenerallyon re-
stricted likelihood criteria, like the Akaike information criterion
(AIC) andthe Bayesiannformationcriterion(BIC).

Theseprocedureshouldbe usedwith caution,though.Somealgo-
rithms tendto avoid the problemof multicollinearity by dropping
oneor moreof thecorrelatedvariablesandthisis generallynotde-
siredduringtheidenti cation of genesasmuchasthelevelsof ex-
pression®f two differentgenesnightconvey thesamanformation
regardingthe classi cationof the experimentalunitsin the control
or treatmengroup,theresearchewill generallybeinterestedn all
of thosegenes.

Anotherissueto be considereds thattheseprocedurewill nd a
subsetof geneswhich bestperformin predictinga certainpheno-
type whencombinedon a logistic regressionmodel. The identi -
cationof individual genespr how mary genesshouldbe statedas
relevant, might be a moredelicatequestion3], andwill dependon
the signi cancelevels adoptecandassumptiongheresearchewill
bewilling to malke.

It shouldbe also obsenred that the approachof variableselection
may also be usedin the contect of the ANOVA and mixed linear
models by consideringa modelwherethe predictorsaregenesand
selectinga subsebf bestperformingpredictors.
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