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Logistic regression
Wecanconsidertheproblemof identifyinggeneswhichhaveareg-
ulatory role on a certaincharacteristicof interest,asa problemof
discriminantanalysis.Thecharacteristicof interestcanbeconsid-
eredasagroupingfactor, or binaryresponsevariable(in thecaseof
two differentgroupsof interest,for examplenormotenseandhyper-
tensive rats)andthe expressionlevels of the genesspottedon the
microarrayasexplanatoryvariables.This structurenaturallyleads
oneto a logistic regressionmodel.

Let usconsidera phenotypeof interesttakingtwo possiblevalues:
SHR (spontaneouslyhypertensive rat) and non SHR (normotense
rat). Supposethat samplesof mRNA of thesetwo groupsareob-
tainedandcohybridizedinto a microarrayslide,andthex j intensi-
tieslevelsaremeasurefor eachchannel(Cy3andCy5). Wecanthen
modelthe probability of pertainingto a certainphenotypeusinga
logistic regression:

P(SH R) =
1

1+ exp(� � 0 �
P s

i=1 � j x j )
; (1)

wherex j arethe log-normalizedgeneexpressionlevels,and� j is
a genespeci�c parameter. The immediateproblemwith directly
using this approachis that s + 1 parametersare requiredto �t a
modelconsideringall genes.As thenumberof slidesis alwaysfar
smallerthan that, the proposedsolution [3] is to consideronly a
subsetof bestperforminggenes,accordingto anancillaryanalysis,
andusethelogisticmodelto selectthegeneswith mosteffect in the
phenotypeof interestamongthissubset.

Variableselection

In this context, the problemof identifying differentially expressed
genescomesdown to theselectionof variablesin thelogisticmodel
(1). A bestsubsetof explanatoryvariablesin this context, will be
a bestsubsetof geneswhich have a regulatoryrole on the studied
treatments/phenotypes.

The proceduresfor carryingout the selectionof the variablesare
well establishedon the literature,and are basedgenerallyon re-
stricted likelihood criteria, like the Akaike information criterion
(AIC) andtheBayesianinformationcriterion(BIC).

Theseproceduresshouldbeusedwith caution,though.Somealgo-
rithms tendto avoid the problemof multicollinearity by dropping
oneor moreof thecorrelatedvariables,andthis is generallynotde-
siredduringtheidenti�cation of genes:asmuchasthelevelsof ex-
pressionsof two differentgenesmightconvey thesameinformation
regardingtheclassi�cationof theexperimentalunits in thecontrol
or treatmentgroup,theresearcherwill generallybeinterestedin all
of thosegenes.

Anotherissueto be consideredis that theseprocedureswill �nd a
subsetof geneswhich bestperformin predictinga certainpheno-
type whencombinedon a logistic regressionmodel. The identi�-
cationof individual genes,or how many genesshouldbestatedas
relevant,might bea moredelicatequestion[3], andwill dependon
thesigni�cancelevelsadoptedandassumptionstheresearcherwill
bewilling to make.

It shouldbe alsoobserved that the approachof variableselection
may alsobe usedin the context of the ANOVA andmixed linear
models,by consideringamodelwherethepredictorsaregenes,and
selectinga subsetof bestperformingpredictors.
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Lowessandsplinesnormalization

Figure2: Lowessandsplinespersubarraynormalizationcompared
overasetof 2 arrays.

In general,thesenonparametricsmoothingtechniquesprovide a
good�t to thedata,resultingin goodnormalizationprocedures.On
theotherhand,weknow little aboutthestructureof themodelbeing
considered,suchaswhateffectsarebeingaccountedandwhatare
beingdiscarded.

ANOVA andmixedmodels
Anotherapproachto analysethis typedata,sometimescomplemen-
tary to normalization,is the useof ANOVA techniquesandlinear
models.Thiswas�rst proposedby [2], whosemodelis givenby:

log(Yij kg) = � + A i + D j + Vk + Gg + (AG)ig + (VG)kg + � ij kg;

where� is anoverallaverageof thesignalintensities,A i represents
the effect of the i th array, D j representsthe effect of the j th dye,
Vk the effect of the kth variety, Gg the effect of the gth geneand
� ij kg is anstochasticerror. The interactioneffect (AG)ig accounts
for a spot effect, andis includedin themodelmainly to reducethe
variability dueto technicalissues,notbeingof interestin itself. The
effectsof interestin this modelarethe interactioneffectsbetween
varietyandgene,givenby (VG)kg. All effectsareconsidered�x ed,
andthenormalizationof thedatais carriedthroughtheA, D andV
terms,without theneedto introducepreliminarymanipulations.

A relatedmethodwaslaterproposedby [5], which usestwo inter-
connectedANOVA models,a “normalization”modelanda “gene”
model. Thenormalizationmodelaimsto controlexperiment-wide
systematiceffectswhile thegenemodelaimsto identify differently
expressedgenes.Theresidualsof thenormalizationmodelareused
asinputsto thegenemodel. Both modelsaremixed(with random
and�x edeffects),thenormalizationonebeing:

log2(Ygij ) = � + Ti + A j + (TA)ij + � gij ;

where� is an overall average,T is a variety effect, A is an array
effect andTA is the interactioneffect of arrayandvariety. Effects
A andTA arerandom,while T is �x ed. Dueto their experimental
design,theT effect is accountingfor thedyeseffect,andtheinter-
actionTA is modelling the channels.This is possibleas in their
designthe treatmentwasalways labelledwith Cy5, but for more
generalsituations,a D effect for dye is usually considered.The
genemodelis givenby:

rgij = Gg + (GT)gi + (GA)gj + 
 gij

, wherergij arethe residualsfrom the normalizationmodel,G is
a geneeffect, GT is an interactionbetweengeneandvariety and
GA aninteractionbetweengeneandarray. GA is a randomeffect,
while G andGT are�x ed.TheGA effect is essentialto thismodel,
servingto accountfor spot-to-spotvariability andallowing usto not
form ratios.

The useof a mixed modelgrantsus more�e xibility to model the
correlationstructureof the data. Particularly, the useof a random
effect for thearray(A) allows usto modelthecorrelationsbetween
theexpressionlevelsin agivenarray. Also,wemayconsiderusinga
randomgeneeffect,whichwouldpermitusto extendtheinferences
madeto the whole populationof genes,even thosenot presenton
thearraysunderstudy.

Introduction
Microarraysare a widely usedtool in genomicstudiesto assess,
throughthe levelsof mRNA in a certaintissue,how a setof thou-
sandsof genesarebeingexpressedunderdifferentconditions.Many
differentstrategieshavebeenproposedto analysedatacomingfrom
suchexperiments,rangingfrom linearmodelsto clusteranalysis.In
thiswork, wesurvey thosemethodspertainingcloselyto regression
analysis,thoughacompletedistinctionis debatable.

In a microarrayexperiment,poolsof differentially labelledcDNA
sequencesarecombinedandappliedto a glassslide or othersub-
strate[1], containingthousandsof known complementarysequences
of cDNA. Eachregionof theslide,containingacertainimmobilised
sequenceis calleda spot. For eachspot,the intensityof hybridis-
ation of the two labelledsamplesaremeasured,and throughthis
measurewe can assessthe levels of expressionfor the generep-
resentedby that spot. For eachslide in an experiment,we have a
setof 2s measurements,wheres is thetotal numberof spotsin the
slide. This numberrangesusuallyfrom 20000to 50000. We denote
themeasuresfrom thesamplemarkedwith thegreendyeby G and
thosefrom the samplemarked with the red dye by R. A generic
spoti will bedenotedby (r; g)i .

Often thesedataare subjectto varioussourceof variation and a
directanalysisof theraw (r; g)i valuesmaybemisleading.The�rst
methodsweaddressarethenormalizationones,whichtry to control
someof thisvariation,usingnonparametricsmoothing.Thesewere
the �rst modelsproposedin the literature. We then considerthe
approachof ANOVA andlinearmixed models,and�nally theuse
of logistic regressionto identify differentiallyexpressedgenes.

Nonparametricsmoothing
Nonparametricsmoothingcomesin thecontext of normalizationof
microarraydata.Normalizationtechniquesweredevisedto reduce
the technicalvariation and to obtain comparableintensity values
acrossdifferent slides. Thesetechniquesare usually appliedon
a transformationof the original data. The pairs (R; G) are trans-
formedinto the (M ; A) coordinatesystem,whereM = log2R=G
andA = log2

p
RG. This new axissystem,(M ; A), correspondsto

a rescalingandaclockwisecoordinatesystemrotationby 45o.

A scatterplot of thesevaluesfor the spotsin an array is usually
calledanMAPlot. This typeof plot is usedto displaythegeneex-
pressionintensitiesaiming a spatialidenti�cation of points. Here,
the horizontalcoordinateA is a measureof the averagetranscrip-
tion level, while M is a measureof differentialtranscription.This
graphicis akin to thevarianceby averagescatterplots,traditionally
usedin exploratorydataanalysisfor identifying heterocedasticity
anddependencestructures.Figure1 displaysanMAPlot for agiven
microarrayslide.

Figure1: MAPlot for agivenslide.

Normalizationtechniqueswork by transformingthe M values,at-
temptingto control systematicandrandomvariations.We usually
seeka transformationof thetype:

Mk ! Mk � ci (A); i = 1; : : : ; s;

whereci (A) isobtainedthroughasmoothingfunctionof theMAPlot
for thegivenslide. A goodchoiceof c(:) will assurethatmuchof
the variation due to technicalissuesis controlled,so that further
analysisof the datais carriedon the normalizedvalues. The �rst
proposedandmostusedsmootheris the lowess[6] robust scatter
plot smoother. Anotherpossibility is theuseof smoothingsplines
[4], asa moreadaptive technique.

Othervariationsof theseprocedures,considerthephysicalarrange-
mentof the spotsin the slides,which is generallydoneby blocks
or subarrays.As thereis indication that subarrayshave in�uence
on theintensityvalues,it is commonto adjusta differentsmoother
cj (:), for every subarrayj , originatingthenormalizationpersubar-
ray [6] technique.Figure2 displaysMAPlots for asetof 2 different
slides,comparingtwo differentsmoothingfunctions,from a study
on congenicrats from the Laboratoryof Geneticsand Molecular
Cardiology, HeartInstitute,Universityof SãoPauloMedicalSchool
(InCor-USP).

Abstract
Studiesin geneticsinvolving microarrayexperimentsallow simultaneouscomparisonandquanti®cationof geneexpressionon a large scale.Many sourcesof variationplay an importantrole on the analysisof datacomingfrom such

experiments.A properexperimentaldesignandsubsequentdevelopmentof suitablemodelsfor analysisareessentialstepsin orderto assuretheidenti®cationof signi®cantgenes,helpingresearchersdistinguishbetweenvariationswhich are
dueto actualbiologicalchangesfrom randomnoise.In thiswork, weevaluatesomeof thevariousregressionmodellingstrategiesproposedin theliterature,suchastheuseof mixed-effectsmodels[5], [2] andtheissueof variableselectionin
microarraygeneexpressionpro®ling. We applythemodelsstudiedto datafrom a studyof theLaboratoryof GeneticsandMolecularCardiology, HeartInstitute,Universityof S̃aoPauloMedicalSchool(InCor-USP)basedon strainsof rat,
whichaimsto identify genesthathave a regulatoryroleon themechanismof hypertension.
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