InterrelatedTwo-way ClusteringandIts Applicationon Gene
ExpressiorData

ChunTangandAidong Zhang
Departmenbf ComputerScienceandEngineering
StateUniversityof New York at Buffalo
Buffalo,NY 14260
{chuntangazhang@cse.bffalo.edu

Abstract

Microarraytechnologiesrecapableof simultaneouslyneasuringhe signalsfor thousandef mes-
sengeRNAs andlarge numbersof proteinsfrom singlesamples.Arrays arenow widely usedin basic
biomedicalresearcHior mRNA expressiorprofiling andareincreasinglybeingusedto explore patterns
of geneexpressionin clinical research.Most researcthasfocusedon the interpretationof the mean-
ing of the microarraydatawhich aretransformednto geneexpressiormatriceswhereusuallythe rows
represengenesthe columnsrepresenvarioussamples.Clusteringsamplescanbe doneby analyzing
andeliminatingof irrelevantgenes.However, majority methodsare supervisedor assistecby domain
knowledge),lessattentionhasbeenpaid on unsupervise@pproachesvhich areimportantwhenlittle
domainknowledgeis available. In this paperwe presenia new framework for unsupervise@nalysisof
geneexpressiordata,which appliesaninterrelatedwo-way clusteringapproacton the geneexpression
matrices. The goal of clusteringis to identify importantgenesand perform clusterdiscovery on sam-
ples. The advantageof this approachs thatwe candynamicallymanipulatethe relationshipbetween
the geneclustersandsamplegroupswhile conductinganiterative clusteringthroughboth of them. The
performancef the proposednethodwith variousgeneexpressiordatasetsis alsoillustrated.

1 Introduction

Bioinformaticsis definedasconceptualizingviology in termsof moleculesandapplyinginformaticstech-
niquesto understan@ndorganizetheinformationassociateavith thesemoleculeq34]. Knowledgeof the
spectrumof genesexpressedat a giventime or undercertainconditionsprovesinstrumentato understand
theworking of aliving cell [55].

Microarraytechnologiesrecapableof simultaneouslyneasuringhe signalsfor thousand®f messen-
ger RNAs and large numbersof proteinsfrom single samples. Figure 1 illustratesa typical microarray
experimentwhoseoutcomearescannedmages.Arraysarenow widely usedin basichiomedicalresearch
for mMRNA expressionprofiling andareincreasinglybeingusedto explore patternsof geneexpressionin
clinical researci10, 28, 44, 45, 46, 57]. The customaryapproachn arrayanalysisis to obtaindatafrom
fluorescencescanner®r phosphorimagerandto analyzethe arrayimagesusingdedicatedcustomimage
analysissoftware,usuallyprovided by the arraymanufcturer Minimally, thesesoftwareidentify spotsand
analyzespotintensitiesmapspotsto genesandconditionthe data. The normalizedresultsareexportedas



Figure 1. cDNA microarrayexperiment,courtesyof IPAM: Institutefor Pureand Applied Mathematics,
UCLA [48]. Theraw microarraydataareimageseachmaycontainover 5000genes.Theimagescanthen
betransformednto numericgeneexpressiommatricesfor furtheranalysis.

flat tablesto othersoftwarewherea typical preliminaryanalysismay involve exploratory clusteranalysis,
biostatisticalnalysisandbioinformaticsresearcHor interestinggeneq12, 13, 16, 25).

Theraw microarraydataareimageswhich canthenbetransformednto geneexpressiormatricesvhere
usuallythe rows represengenesthe columnsrepresentarioussamples.The numericvaluein eachcell
characterizeshe expressionlevel of the particulargenein a particularsample. Innovative techniquego
efficiently andeffectively analyzethesefastgrowing genedataarerequired,which will have a significant
impactonthefield of bioinformatics.But the high-dimensionalityandsizeof array-denred dataposeschal-
lengingproblemsin both computationahndbiomedicalresearchandthe difficult taskaheads corverting
genomicdatainto knowvledge. Variousmethodshave beendevelopedusingbothtraditionalandinnovative
techniquedo extract,analyze andvisualizegeneexpressiordatageneratedrom DNA microarrays.

Themary data-clusteringnethodswhich have beenproposedall into two majorcateyories:supervised
clusteringandunsupervisedlustering.The supervisedpproachassumeshatadditionalinformationis at-
tachedo some(or all) data,for example samplesrelabeledasdiseaseds. normal.Usingthisinformation,
aclassifiercanbeconstructedo predictthelabelsfrom theexpressiorprofile. Themajorsupervisedluster
ing methodsncludeneighborhoodinalysig19], thesupportvectormaching11, 17, 41], thetreeharesting
method[24], thedecisiontreemethod63], statisticalapproachesuchasthe maximum-entrop model[30],
andavarietyof ranking-basednethodd6, 33, 40, 53, 54, 38]. Unsupervisedpproacheassumdittle or no
prior knowledge.Thegoalof suchapproachess to partitionthe datasetnto statisticallymeaningfulclasses
[6]. A typical exampleof unsupervisedataanalysisis to find groupsof co-regulatedgenesor relatedsam-



ples.Currentlymostof theresearchiocusenthesupervisednalysisyelatively lessattentionrhasbeenpaid
to unsupervisedpproaches geneexpressiordataanalysisvhichis importantin a context wherelittle do-
mainknowledgeis available[5, 49]. Thehierarchicaklusteringmethod1, 15, 26, 9, 65, 29, 56, 58, 36, 20],
thek-meansclusteringalgorithms[21, 22, 52, 61] andthe self-oiganizingmaps[19, 32, 50, 27, 37] arethe
majorunsupervisedlusteringmethodswvhich have beencommonlyappliedto variousdatasets.

Informationin geneexpressiordatacanthenbestudiedin two angleq10]: analyzingexpressiorprofiles
of geneshy comparingrows in the expressiomrmatrix[3, 11, 15,7, 24, 35, 42, 50] andanalyzingexpression
profilesof samplesy comparingcolumnsin thematrix [4, 19, 47]. While mostresearchercuson either
geneor samplesin afew occasionssampleclusteringhasbeencombinedwith geneclustering.Alon atal.
[2] proposedh partitioning-basedlgorithmin which genesandsamplesvereclusteredndependentlyGetz
etal. [18] proposeda coupledtwo-way clusteringmethodto identify subsetof both genesandsamples.
Xing etal. [59] proposeda clusteringmethodcalled CLIFF which iteratvely usessamplepartitionsasa
referenceo filter genes Noneof theseapproachesffersa definitive solutionto the fundamentathallenge
of detectingmeaningfulpatternan the sampleswhile pruningoutirrelevantgenesn a contet wherelittle
domainknowledgeis available.

In thispaperwewill introduceaninterrelatedwo-way clusteringapproachor unsupervisednalysisof
geneexpressiondata. Unlike previous work mentionedabove, in which genesandsamplesvereclustered
eitherindependentlypr bothdatabeingreducedpur approachs to delineateherelationshipdbetweergene
clustersandsamplepartitionswhile conductinga iteratve searchfor samplepatternsanddetectingsignif-
icantgenesof empiricalinterest. This iteratve framewnork incorporatesa variety of improved techniques
extendedfrom the previous work [51]. The performanceof the proposednethodwill beillustratedin the
context of variousdatasets.

Theremaindeof this paperis organizedasfollows. Section2 introduceghe motivationandframewnork
while the algorithmto implementthe framework is presentedn Section3. Experimentaresultsappeain
Sectiond andconcludingremarksin Section5.

2 Motivation

Let representhe original geneexpressionmatrix, where
representthelabelsof thegenesand representthelabelsof thesamplesClusteringcan
be usedto groupgeneshat manifestsimilar expressiorpatternsfor a setof sampled3, 7, 11, 15, 24, 35,
42, 50]. Thisview considerghe genesasobjectsto beclusteredeachrepresentebly its expression
profile, asa pointin a dimensionakpace measuredaver all of the sampleg18]. Anothertype of
clusteringis to clustersamplesnto homogeneougroupswhich may correspondo particularmacroscopic
phenotypessuchasclinical syndromesor cancertypes[4, 19, 47]. In thisinstancethe samples
areviewed asthe objectsto be clusteredwith the levels of expressionof  genesplayingtherole of the
featuresrepresentingachsampleasa pointin a dimensionakpace.

Sampleclusteringpresentsnterestingbut alsovery challengingproblems. In typical microarraydata
sets the samplespaceandgenespaceareof very differentdimensionalityfor example, samples
versus genes.Clusteringon the original high dimensionaldatais not guaranteedo capturea
meaningfulpartition correspondingo empiricalinterestbecaus¢s9]:

1. A geneexpressionmatrix is usuallygenerated@ccordingto someactualempiricalinterest,like dis-
easedss. healthyconditionfor samplesBut thesamesetof samplegnayalsodisplaygenderage,or
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othervariability.

2. Microarraysare not typically task-specificand most of the genesare not necessarilyof interest.
Sample-patterdetectionis subjectto interferencerom the large numberof irrelevant or redundant
genesvhich shouldbe prunedout or filteredwhenclusteringsamples.

3. For unsupervise@nalysis,uncertaintyaboutwhich genesarerelevant makesit difficult to construct
aninformative genespaceo detectreal samplepartition.

Thushow to selectthe significantgeneswhich contritute to the clusteringof the samplesand reveal
the empiricalinterestpatternof the samplesarevery importantin the dataanalyzingprocedure Thesetwo
tasksareactuallyinterconnectedOncetheimportantgenesareidentified,thedimension®f thedatawill be
efficiently reducedsoto allow corventionalclusteringalgorithmsto be usedto clustersamplesCorversely
oncethesalientsamplepatternsave beenfound,genesanbesortedfor importanceusingsimilarity scores,
suchascorrelationcoeficient with the pattern.In generalf eitheranaccuratesamplepartitionor a setof
significantgenesis known, the other canthenbe easily obtainedby supervisedapproache$19, 30, 31].
With unsupervisedlustering,however, factorssuchasthe sparsityof data,the high dimensionalityof the
genespaceandthe high percentagef irrelevantor redundangenesmake it very difficult eitherto classify
samplesor pick out substantiafjenesn a context wherelittle domainknowledgeis available.

To addressheseproblemswe proposeheinterrelatedwo-way clusteringframevork for unsupervised
geneexpressiordataanalysiswhichis illustratedin Figure?2.

Thegoalinvolvestwo interrelatedasks:detectionof meaningfulpatternswithin the samplesandselec-
tion of thosesignificantgeneswhich contritute to the samplesempiricalpattern.To be morespecific,they
are:

- To selecta subsetof genes,usually called importantgenes,which are highly associatedvith the
samplesxperimentaldistributions. This canalsobe consideregsgenediltering.

- To clusterthe samplesnto differentgroups.Accordingto the mostpopularexperimentalplatforms,
the numberof differentgroupsis usuallytwo, for example,diseasedamplesandhealthcontrolsam-
ples.

Sincethe volume of genesis large and no information regardingthe actual partition of the samples
assumedo be available,we cannotdirectly identify the samplepatternsor significantgenes.Rathey these
goalsmustbe graduallyapproachedFirst, we usetherelationshipof sampleclustersandgenegroupsthus
discoreredto posta partial or approximatepattern. We thenusethis patternto direct the elimination of
irrelevantgenesin turn, theremainingmeaningfulgeneswill guidefurthersamplepatterndetection.Thus,
we canformulatetheproblemof patterndiscoveryin the original datavar aninterplaybetweerapproximate
partition detectionandirrelevant genesharing. Becauseof the compleity of the matrix, this procedure
usuallyrequiresseveraliterationsto achiere satishctoryresults.

Thecriterionfor terminatingthe seriesof iterationsis determinedy evaluatingthequality of thesample
partition. This is achieved in the “classvalidation” phaseby assigningcertainstatisticalmeasureso the
selectedgenesandtherelatedsamplepartition. Whena stableandsignificantpatternof samplesemepes,
the iteration stops,and the selectedgeneswith the relatedsamplepatternbecomethe final resultof the
process.



Figure2: Framavork of interrelatedwo-way clustering.

3 Interrelated Two-way Clustering

3.1 Preliminary Steps

We representhegeneexpressiordataasa by  matrix: ,
wherethereare columnsonefor eachsampleand rows, onefor eachgene.Onerow of geneds also
calledagenevector denotecas . Thus,agenevectorcontainshevaluesof a
particularattribute for all samples.

3.1.1 DataNormalization

Datasometimeseedto be transformedoeforebeingused[21]. For example,attributesmay be measured
using differentscales,suchas centimetersandkilograms. In instancesvherethe rangeof valuesdiffers

widely from attribute to attribute, thesediffering attribute scalescan dominatethe resultsof the cluster

analysis.It is thereforecommonto normalizethe datasothatall attributesareonthe samescale.



Thefollowing aretwo commonapproacheto datanormalizationfor eachgenevector:

— 1)
or
- (2)
where
and denoteghe normalizedvaluefor genevector of sample , representshe original valuefor
gene of sample , s the numberof samples;— is the meanof the valuesfor genevector over all

samplesand isthestandardieviation of the  genevector

3.1.2 Similarity Measure

Many methodsof clusteranalysisdependon somemeasuref similarity (or distancebetweenhe vectors
to be clustered Although Euclideandistanceis a populardistancemeasurdor spatialdata,the correlation
coeficient[14] is widely believedto be moresuitablefor pattern-disceery approachebecausé measures
the strengthof the linear relationshipbetweentwo vectors. This measuréhasthe advantageof calculating
similarity onthe basisonly of the patternandnot the absolutemagnitudeof the spatialvector Theformula
of the correlationcoeficient betweertwo vectors and is:

3)

where isthelengthof vectors and ,and

We will usethe correlation coeficient asthe similarity measurdor the proposedclusteringapproachso
that patternsimilaritiesbetweergenesor samplesn eachgroupwill berevealedregardlesof their spatial
proximity.

3.2 Main Algorithm

In interrelatedtwo-way clustering,both genesand samplesare simultaneouslclustered. The algorithm,
illustratedin Figure2, is aniteratve procedurebasedon  with  genesand samples.Theideais to
delineatgherelationshipdetweergeneclusteraandsamplegroupswhile iteratively clusteringthroughboth
genesandsampledo extractimportantgenesand classify samplessimultaneously Within eachiteration
therearefive mainsteps:

Stepl: clusteringongenes



Thetaskof thisstepisto cluster genesnto groupsdenotedas ( ), eachof whichis an
exclusive subsef the entiregeneset. The clusteringmethodcanbe ary methodwhich takesthe number
of clustersasaninput parametersuchasK-meansor SOM|[23, 22].

Step2: clusteringonsamples

Basedon eachgroup  ( ), we independentlyclustersamplesnto two clusters(accordingto
themostpopularexperimentakconditions[10]), representety and
Step3: clusteringresultscombination
This stepcombinesthe clusteringresultsof the previous steps. By Step2, we get pairsof samples
clusters . Thenwe chooseoneclusterfrom eachpair andfind all possibleintersection
of these sampleclustersdenotedassamplegroups  ( ). Without lossof the generality let
. Thenthesamplesanbedividedinto four groups:

(intersectiorof and ),

(intersectiorof and

)
(intersectiorof and );
)

(intersectiorof and

Figure 3 illustratesthe resultsof this combination. In the figure, the secondandthird lines shawv cluster
resultson samplesasedon genegroups  or independentlyln eachcase samplesareclusterednto
two groups,which aremarkedas“a” or “b”. Thegreencolor (secondine) representslusterresultsbased
on andblue color (third line) indicatestheresultsbasedon . By combination four possiblesample
groupsaregenerated: includessamplesnarkedas“a” basedbn  andmarkedas“a” basecon
includessamplesnarkedas“a” basedon  andmarkedas“b” basecon includessamplesnarked
as“b” basedon  andmarkedas“a” basedon ;and includessamplesnarkedas“b” basedon
andmarkedas“b” basecn

Figure3: Clusteringresultscombinatiorwhen . in thefirst line represensamples.



If , therewill beeightpossiblesamplegroups.In generalthe numberof possiblesamplegroups
will reach . Usually is settobe toreducethecomputationatompleity.

Step4: hetepgeneouggroupsdetection

Amongthe samplegroups to , we choosewo distinctgroups and  suchthateachsample
in is in the different clusterwith eachsamplein during clusteringin Step2. ( , )iscalleda
hetepgeneousgroup. For example, if , amongthe samplegroups , We choosetwo
distinctgroups and ( ) which satisfythe following condition: for
where and aresamplesijf then ( ) forall ( ).
( , )isthenaheterogeneougroup.For example,( , ) issuchaheterogeneougroup(when )
becauseall samplesn group  areclusteredinto ( ), while all samplesn group  are
clusterednto ( ). Forthesamereason( , ) isanotheheterogeneougroup.We usethese
heterogeneougroupsastherepresentationf the original samplepartition.

Step5: genedimensiordeduction

In this step,we reducegeneshasedon the samplepatternsn the heterogeneougroups. To find genes
whoseexpressiomatternsarestronglycorrelatedwith the classdistinctionwithin the heterogeneougroup,
we build on-off patternsaccordingto the classdistribution of eachheterogeneougroupandsortgenesby
theirdegreeof correlationwith thepatterns For example for theheterogeneougroup( , ), two patterns

and areintroduced.The pattern includes
(numberof samplesn group ) zerosfollowed by (numberof samplesn group ) ones. Similarly,
includes ones followedby zeros.For eachpatternwe calculatecorrelationcoeficient defined
in Equation(3) betweerthe on-off patternsandeachgenevector

(4)

Geneshave high correlationcoeficient with either or  areconsideredo manifestthe heterogeneous
grouppattern.Sothefinal correlationvalueis definedas:

(5)

We thensortall genesaccordingto the correlationvaluesin descendingrder Genedimensiondeduc-
tion is performedby eliminatingsomegenesrom the endof this rankedlist. We examinethe genesn the
secondhalf of the ranked list, choosea “shaving point” betweentwo geneswith the largestdifferencein
correlation values andremove the genesbelown the shaving point. The remaininggenesetis denotedas

. Figure4 providesanexamplein which theline shaws theranked correlationvaluesof all genes As we
cansee,in the secondhalf of thelist (genes ), the largestdifferenceoccursbetweengene and .
Thus,thesharing pointwill be setbetweerthesegenesandgenes to  will befilteredout. The semantic
meaningof this shaving criterionis that,while eachgenebetween to shawsslightly lessrelevanceto the
samplepatternthanthe previousone,group andfollowing aremuchlessrelevantandthey canbe shaved.

It is appropriateto selectthe shaving point from the secondhalf of the ranked lists so that too mary
genewwill notberemoredin asinglestep,particularlywhenthelargestdifferenceappeardetweerthefirst
few genes.Sincethe heterogeneougrouppatterndeterminecearlierin the processnay not exactly match
theactualpartition.

Similarly, for theotherheterogeneougroup( , ), anothereducedyenesequence is generated.

Now the questionis which genesubseshouldbe choserfor thenext iteration, or ? Thesemantic
meaningbehindthisis to selecta heterogeneougroupwhich is a bettercandidateo representheempirical
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Figure4: Distribution of ranked correlationcoeficient valuefor a setof genes.

distribution of samplesdecause and aregeneratedhasednthecorrespondingneterogeneougroups.
In the previous work, cross-alidation method[51, 19] wasappliedto identify heterogeneougroup and
selectgenes.In general,we hopethatthe samplesn eachpart of a given heterogeneougroupwill have
high correlationto oneanothermndhave large differencefrom the samplesn the otherpartwhenmeasured
over thereducedgenevectors. We thereforemeasurehe likelihood of a given heterogeneougroupto be
representate patternfor samplesy combiningits correlationwithin eachpartanddissimilarity between
two part. For example,thelikelihoodof representationf heterogeneougroup( , ) canbedefinedas:

(6)

(Equation7) measuresheaccumulatiorof varianceof eachgenevectorover samplesn
If thevariancevalueof eachgenevectoris low, thenthis genevectoris stablefor this setof samplesThus,
if is low, thenthe genesnvolved generallycorrelateto manifesta singlefunction over samples
in . This setof highly-correlatedsamplesmay represent single conditionfor the entire samplepattern
of empiricalinterest.

— - — (7)

The dissimilarity of two partswithin the heterogeneougroupis definedasthe average
of the pairwisedissimilarity betweenall pairs of objectsin the different parts. This is expressedy the
following equation:

(8)



where

is asamplein sub-matrix is asamplein sub-matrix  and is the correlationcoefi-
cientbetween and definedin Equation3.

Thelikelihoodis calculatedfor eachheterogeneougroup. Whenthe heterogeneougroupwhich has
higherlikelihoodvalueis found, its correspondingeducedyeness selectedor the next iteration.

3.3 ClassValidation and Ter mination

After oneiterationinvolving detectionof samplepatternandselectionof genesa certainnumberof genes
will be shaved. The remaininggenesandthe entiresampleghenform a new geneexpressiomrmatrix from
which anew iterationstarts.

We will now discusgthe issueof determiningwhensuficient iterationshave beenperformed.ldeally,
iterationswill beterminatedvhenastableandsignificantpatternof samplerasemepged. Thus,theiteration
terminationcriterion involves determiningthe measuremenand thresholdwhich identifiesa “stable and
significant” pattern.

Theproposeof clusteringsampless basedn identifying groupsof empiricalinterestingpatternsn the
underlyingsamples.In generalwe hopethatthe samplesn a given groupwill be similar (or related)to
oneanotheranddifferentfrom (or unrelatedo) the samplesn othergroups.The greaterthe similarity (or
homogeneityWwithin agroup,andthe greaterthe differencebetweergroups the betteror moredistinctthe
partition.

As describedabore, after eachiteration, we usethe remaininggenesto classify samplesandthenuse
the coeficientof variation (CV) to measurdénow “internally-similarandwell-separatedthis partitionis:

- — 9)
where representshe clusternumber  indicatesthe centerof group , and  representshe standard
deviationof group . Assumingthereare objects , ,..., ingroup ,eachobjectisa -dimensional
vector . Thecenterof group is definedas:
where

And the standardieviation of group is definedas:

It is clearthat,if thedatasetontainsan“internally-similarandwell-separatedpartition,the standardievi-
ationof eachgroupwill below, andthe valueis expectedto be small. Thus,basednthe coeficient of
variation,we may concludethatsmallvaluesof theindex indicatethe presencef a“good” pattern.
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Figure5: TheCV valueaftereachiteration.

We examinethe coeficient of variation valuesafter eachiterationandterminatethe algorithmafteran
iterationwith a value much smallerthanthe previous. In the examplein Figure5, we have applied
the interrelatedwo-way clusteringapproacho a datasetby monitoringthe until the genenumberis
very small. This illustratesthe changein valuein relationto genenumbers. In this figure, the
valuedropsabruptlyaftera certainiteration(here whenthe genenumberis lessthan100afterthe eleventh
iteration),andtheiterationcanthenstop. Thisterminationpointis indicatedby aredstar

Another applicableterminationcondition involves checkingwhetherthe numberof genesis small
enoughto guidesampleclassprediction. This numberis highly dependentn thetypeof data.For example,
in atypical biological system,the numberof genesneededo fully characterizea macroscopighenotype
andthefactorsdetermininghis numberareoftenunclear Experimentslsoshawv that,for certaindata,gene
numberssaryingfrom canall sene asgoodpredictorg19]. For our microarraydataexperiments,
we havechosen  asacompromisderminationnumber;e.g. whenthe numberof genedallsbelov
theiterationstops.This terminationconditionis usedonly asa supplementargriterion.

Geneghatremainwill beregardedasthe selectedyenegesultingfrom this interrelatedwo-way clus-
tering approach.They arethenusedto clusterthe sampledor a final result. Sincethe numberof genes
is relatively small, the traditional clusteringmethodscanbe appliedto the selectedyenes.The remaining
genescanalsobe treatedas“predictors” to establishclusterlabelssuchasdiseasesymptomsandcontrol
conditionfor the next batchof samples.

4 Performance Evaluation

In this section,we will analyzethe effectivenesf the proposedapproacthroughexperimentson various
datasets.
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4.1 External Evaluation Criteria
41.1 Rand Index

A measuremertf “agreement’{calledthe “Rand Index” [43, 60]) betweerthe ground-truthof the sample
partitionandtheclusteringresultwasusedto evaluatethe performancef thealgorithm.Givenasetof sam-
ples , Suppose is theactualpartitionaccordingo the conditionsof

empiricalinterestand is a partitionof samplesesultingfrom the clusteringalgorithm
which satisfies ,

Let a representhe numberof pairsof sampleghatarein thesameclassin  andin thesameclusterin

b representhe numberof pairsof sampleghatarein thesameclassin  but notin thesameclusterin , ¢

bethe numberof pairsof sampleghatarein thesameclassin  but notin thesameclusterin , andd be
the numberof pairsof sampleghatarein differentclassesn andin differentclustersn . Thus,a and
d measurghe agreemenbf two partitions,while b andc indicatedisagreementThe formula of the Rand
Index [43] is:

(10)

The RandIndex lies between and . Whenthe two partitionsmatchperfectly the RandIindex is . In

our experimentswe calculatea Randindex valuebetweerthe ground-truthandthe resultof eachpotential
methodto evaluatethe quality of the clusteringalgorithms. In thesetests,a higherthe Randindex value
indicatesbetteralgorithmperforms.

4.1.2 Interactive Visualization

A linearmappingtool [8, 64] which mapsthe -dimensionallatasebntotwo-dimensionakpacds usedto
view the changesn sampledistribution duringtheiteratve process.

Letvector represena dataelemenin the -dimensionakpaceEquation(11)
describeshemappingof  ontoatwo-dimensionapoint

(11)
where is anadjustableveightfor eachdimensioncoordinatewith adefaultvalueis , isthenumber
of dimension®f theinput spaceand areunit vectorswhich divide the centercircle of
thedisplayinto equaldirections,.e., . ThemappingFormula(11) replicateghe correlation
relationshipof the input spaceonto the two-dimensionalmages.Note that point in theinput
spacewill be mappedonto the two-dimensionaktenter (assumingall dimensionweightsareequal).
Additionally, all pointsin the format will alsobe mappedo thecenter If and havethe

samepattern;i.e., ratiosof eachmappedpair, thesevectorswill be mappedonto a straightline acrossthe
centerof the displayspace.All vectorswith samepatternas and will be mappedontothatline.
Thismappingmethodtakestheadvantageof graphicalisualizationtechniqueso revealtheunderlyingdata
patterns.
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Tablel: RandIndex valuereachedy applyingtwo traditionalclusteringmethods.
DataSet MS_IFN | MS_CON | Leukemia
(Sample#) 28 30 72
Equation(1) | 0.4841 | 0.4920 0.5027
K-means"Equation(2) | 0.4815 | 0.4851 | 0.5070
Equation(1) | 0.5238 | 0.4920 0.4945
Equation(2) | 0.4815 | 0.4920 0.5027

SOM

4.2 Experimental Results

We will now presenexperimentalresultsusingthreemicroarraydatasets. Thefirst two datasetsarefrom
astudyof multiple-sclerosigpatientscollectedby the NeurologyandPharmaceuticebciencePDepartments
of the StateUniversity of New York at Buffalo [39]. Multiple sclerosidMS) is a chronic,relapsingjnflam-
matorydiseaseandinterferon- (IFN- ) hasofferedthe maintreatmenfor MS over thelastdecadd62].
The MS datasetncludestwo groups:the MS_IFN group,containing sampleg14 MS, 14 IFN), andthe
MS_CON group,containing sampleq15 MS, 15 Control). Eachsampleis measuredver genes.
Thethird datasetis basedn a collectionof leukemiapatientsamplegeportedn (Golubetal., 1999)[19].
The matrix includes72 sampleg47 ALL vs. 25 AML). Eachsampleis measuredver 7129genes.The
ground-truthof the partition, which includessuchinformationashov mary sampleselongto eachcluster
andthe clusterlabelfor eachsamplejs usedonly to evaluatethe experimentakesults.

To evaluatethe performanceof the proposedalgorithm, we comparedts performancean classifying
the sampleswith two popularly-usedraditional clusteringmethods:K-means(K=2) and self-oganizing
maps(use SOM) Tablel providesresultobtainedby directly applyingthe clusteringalgorithmsto
high gene-dimensiomatriceswithout an interrelatedtwo-way analysis. Both clusteringalgorithmswere
appliedto the matrix after datanormalizationaccordingto Equations(1) and(2). This tableindicatesthat
performancef SOMis slightly superiorto thatof k-meandor thetwo MS datasetsThek-meansalgorithm
performedbetterwith theleukemiadataset. However, neitherof thesetwo methodsesultedn avery good
matchingrate.

The proposednterrelatedtwo-way clusteringapproachwasalsoappliedto the samegeneexpression
matrices.Theresultsobtainedweredependenbnthe following parameters:

Basicclusteringalgorithm: K-meansor SOM

Choiceof datanormalizationmethod:Equationl or Equation2

Figures6 provides clusteringresultsof the multiple sclerosisand leukemia datasetwith all possible
combinationsf the above parametersThe horizontalaxisindicatesthe differentdatasetsThe four differ-
entcolorsareusedto representhevariouscombinationof the basicclusteringalgorithmsanddatanormal-
izationmethods.Theseresultsindicatethat, while the Randindex valuevariesfrom 0.6to 0.9 for different
parametecombinationsanddifferentdatasetsthe index is consistentlyhigherthanthe resultsobtainedoy
directly applyingclustermethods.The figure alsoshaws thatthe optionalmeasurementr combinationof
parameterss highly dependentiponthe application the environment,andthedistribution of the data.

In Figure7, theinteractve visualizationtool is usedto shav thedistribution of sampledeforeandafter
the interrelatediwo-way clusteringprocedure. This resultis basedupon using SOM asthe basic
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Figure6: Randindex valuesfor thethreedatasetby by usingtheinterrelatedwo-way clusteringmethod.

clusteringmethodand Equationl asthe datanormalizationfunction. As indicatedby this figure, prior to
the applicationof theiteratve approachthe samplesareuniformly scatteredwith no obvious clusters.As
the iterationsproceed,sampleclustersprogressiely emege until in Figure 7(B), the samplesare clearly
separatedhto two groups.Thegreenandreddotsindicatethe actualpartition of the samplesyvhile thetwo
dasheccirclesshav the clustersresultingfrom the interrelatedtwo-way clusteringapproachwith arrovs
pointingouttheincorrectly-classifiedamplesThisvisualizationprovidesa clearillustrationof theiterative
processHere,it selected®6 genesandclassified28 samplesnto two groups.11 samplesarein groupone,
matchingthe MS diseasesamples.Another 17 samplesarein grouptwo, of these,14 arefrom the IFN
treatmengroupand3 areincorrectlymatched.

Figures6 and7 thereforeillustratethe effectivenessof the interrelatedwo-way clusteringmethodfor
suchhigh-dimensionafjenedata.

5 Conclusion

In this paper we have presentec new framework for theunsupervise@nalysisof geneexpressiordata.in
this framework, aninterrelatedwo-way clusteringmethodis developedandappliedon the geneexpression
matricestransformedrom the raw microarraydata. This approachcandetectsignificantpatternswithin
sampleswhile dynamically selectingsignificantgeneswhich manifestthe conditionsof actualempirical
interest. We have shavn that, during the iterative clustering,reducinggenescanimprove the accurayg
of sampleclassdiscorery, which in turn will guide further genesreduction. We have demonstratedhe
effectivenessof this approachthroughexperimentsconductedwith two multiple-sclerosiglatasetsand a
leukemiadataset. Theseexperimentdndicatethatthis appears$o beapromisingapproacHor unsupervised
sampleclusteringon genearraydatasets.
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Figure7: The interrelatedtwo-way clusteringapproachasappliedto the MS_IFN group. (A) shaws the
distribution of the original 28 samples.Eachpoint represents samplemappedrom the intensityvectors
of 4132genes.(B) shawvs thedistribution of the same28 samplesaftertheinterrelatedwo-way clustering
approachThe4132geneshave beenreducedo 96 genesthereforeeachsamples a 96-dimensiorvector
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