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Abstract

Microarraytechnologiesarecapableof simultaneouslymeasuringthesignalsfor thousandsof mes-
sengerRNAs andlargenumbersof proteinsfrom singlesamples.Arraysarenow widely usedin basic
biomedicalresearchfor mRNA expressionprofiling andareincreasinglybeingusedto explorepatterns
of geneexpressionin clinical research.Most researchhasfocusedon the interpretationof the mean-
ing of themicroarraydatawhich aretransformedinto geneexpressionmatriceswhereusuallytherows
representgenes,the columnsrepresentvarioussamples.Clusteringsamplescanbe doneby analyzing
andeliminatingof irrelevantgenes.However, majority methodsaresupervised(or assistedby domain
knowledge),lessattentionhasbeenpaid on unsupervisedapproacheswhich areimportantwhenlittle
domainknowledgeis available.In this paper, we presenta new framework for unsupervisedanalysisof
geneexpressiondata,which appliesaninterrelatedtwo-wayclusteringapproachon thegeneexpression
matrices.The goal of clusteringis to identify importantgenesandperformclusterdiscovery on sam-
ples. The advantageof this approachis that we candynamicallymanipulatethe relationshipbetween
thegeneclustersandsamplegroupswhile conductinganiterativeclusteringthroughbothof them.The
performanceof theproposedmethodwith variousgeneexpressiondatasetsis alsoillustrated.

1 Introduction

Bioinformaticsis definedasconceptualizingbiology in termsof moleculesandapplyinginformaticstech-
niquesto understandandorganizetheinformationassociatedwith thesemolecules[34]. Knowledgeof the
spectrumof genesexpressedat a given time or undercertainconditionsprovesinstrumentalto understand
theworkingof a living cell [55].

Microarraytechnologiesarecapableof simultaneouslymeasuringthesignalsfor thousandsof messen-
ger RNAs and large numbersof proteinsfrom single samples. Figure 1 illustratesa typical microarray
experimentwhoseoutcomearescannedimages.Arraysarenow widely usedin basicbiomedicalresearch
for mRNA expressionprofiling andareincreasinglybeingusedto explore patternsof geneexpressionin
clinical research[10, 28, 44, 45, 46, 57]. Thecustomaryapproachin arrayanalysisis to obtaindatafrom
fluorescencescannersor phosphorimagersandto analyzethearrayimagesusingdedicated,customimage
analysissoftware,usuallyprovidedby thearraymanufacturer. Minimally, thesesoftwareidentify spotsand
analyzespotintensities,mapspotsto genes,andconditionthedata.Thenormalizedresultsareexportedas
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Figure1: cDNA microarrayexperiment,courtesyof IPAM: Institutefor PureandApplied Mathematics,
UCLA [48]. Theraw microarraydataareimages,eachmaycontainover 5000genes.Theimagescanthen
betransformedinto numericgeneexpressionmatricesfor furtheranalysis.

flat tablesto othersoftwarewherea typical preliminaryanalysismay involve exploratoryclusteranalysis,
biostatisticalanalysisandbioinformaticsresearchfor interestinggenes[12, 13, 16,25].

Theraw microarraydataareimageswhichcanthenbetransformedinto geneexpressionmatriceswhere
usuallythe rows representgenes,the columnsrepresentvarioussamples.The numericvaluein eachcell
characterizesthe expressionlevel of the particulargenein a particularsample. Innovative techniquesto
efficiently andeffectively analyzethesefastgrowing genedataarerequired,which will have a significant
impacton thefield of bioinformatics.But thehigh-dimensionalityandsizeof array-deriveddataposeschal-
lengingproblemsin bothcomputationalandbiomedicalresearch,andthedifficult taskaheadis converting
genomicdatainto knowledge.Variousmethodshave beendevelopedusingbothtraditionalandinnovative
techniquesto extract,analyze,andvisualizegeneexpressiondatageneratedfrom DNA microarrays.

Themany data-clusteringmethodswhichhavebeenproposedfall into two majorcategories:supervised
clusteringandunsupervisedclustering.Thesupervisedapproachassumesthatadditionalinformationis at-
tachedtosome(or all) data,for example,samplesarelabeledasdiseasedvs. normal.Usingthisinformation,
aclassifiercanbeconstructedto predictthelabelsfrom theexpressionprofile. Themajorsupervisedcluster-
ing methodsincludeneighborhoodanalysis[19], thesupportvectormachine[11, 17, 41], thetreeharvesting
method[24], thedecisiontreemethod[63], statisticalapproachessuchasthemaximum-entropy model[30],
andavarietyof ranking-basedmethods[6, 33, 40, 53, 54,38]. Unsupervisedapproachesassumelittle or no
prior knowledge.Thegoalof suchapproachesis to partitionthedatasetinto statisticallymeaningfulclasses
[6]. A typical exampleof unsuperviseddataanalysisis to find groupsof co-regulatedgenesor relatedsam-
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ples.Currentlymostof theresearchfocusesonthesupervisedanalysis,relatively lessattentionhasbeenpaid
to unsupervisedapproachesin geneexpressiondataanalysiswhich is importantin acontext wherelittle do-
mainknowledgeis available[5, 49]. Thehierarchicalclusteringmethod[1, 15, 26, 9,65, 29, 56, 58, 36, 20],
thek-meansclusteringalgorithms[21, 22, 52,61] andtheself-organizingmaps[19, 32, 50, 27, 37] arethe
majorunsupervisedclusteringmethodswhichhave beencommonlyappliedto variousdatasets.

Informationin geneexpressiondatacanthenbestudiedin two angles[10]: analyzingexpressionprofiles
of genesby comparingrows in theexpressionmatrix [3, 11, 15,7, 24, 35, 42, 50] andanalyzingexpression
profilesof samplesby comparingcolumnsin thematrix [4, 19, 47]. While mostresearchersfocuson either
genesor samples,in afew occasions,sampleclusteringhasbeencombinedwith geneclustering.Alon atal.
[2] proposedapartitioning-basedalgorithmin whichgenesandsampleswereclusteredindependently. Getz
et al. [18] proposeda coupledtwo-way clusteringmethodto identify subsetsof both genesandsamples.
Xing et al. [59] proposeda clusteringmethodcalledCLIFF which iteratively usessamplepartitionsasa
referenceto filter genes.Noneof theseapproachesoffersa definitive solutionto thefundamentalchallenge
of detectingmeaningfulpatternsin thesampleswhile pruningout irrelevantgenesin a context wherelittle
domainknowledgeis available.

In thispaper, wewill introduceaninterrelatedtwo-wayclusteringapproachfor unsupervisedanalysisof
geneexpressiondata.Unlike previouswork mentionedabove, in which genesandsampleswereclustered
eitherindependentlyor bothdatabeingreduced,ourapproachis to delineatetherelationshipsbetweengene
clustersandsamplepartitionswhile conductinga iterative searchfor samplepatternsanddetectingsignif-
icant genesof empirical interest. This iterative framework incorporatesa variety of improved techniques
extendedfrom theprevious work [51]. Theperformanceof theproposedmethodwill be illustratedin the
context of variousdatasets.

Theremainderof thispaperis organizedasfollows. Section2 introducesthemotivationandframework
while thealgorithmto implementtheframework is presentedin Section3. Experimentalresultsappearin
Section4 andconcludingremarksin Section5.

2 Motivation

Let �� �����
	�� 
������������������
representthe original geneexpressionmatrix, where

����� �!�#"��%$&$&$&�('*)+�
representsthelabelsof thegenesand

�,�-� �!�#"��%$&$&$&�('/.0�
representsthelabelsof thesamples.Clusteringcan

beusedto groupgenesthatmanifestsimilar expressionpatternsfor a setof samples[3, 7, 11, 15, 24, 35,
42, 50]. Thisview considersthe 1 �2'*)

genesasobjectsto beclustered,eachrepresentedby its expression
profile, asa point in a 3 ��' .

dimensionalspace,measuredover all of thesamples[18]. Anothertypeof
clusteringis to clustersamplesinto homogeneousgroupswhich maycorrespondto particularmacroscopic
phenotypes,suchasclinical syndromesor cancertypes[4, 19, 47]. In this instance,the 1 �4' .

samples
areviewedastheobjectsto beclustered,with the levelsof expressionof

'*)
genesplaying the role of the

features,representingeachsampleasapoint in a 3 �2' )
dimensionalspace.

Sampleclusteringpresentsinterestingbut alsovery challengingproblems. In typical microarraydata
sets,thesamplespaceandgenespaceareof very differentdimensionality, for example,

�%5�687��%5:9
samples

versus
�%5:;
7<�%5!=

genes.Clusteringon the original high dimensionaldatais not guaranteedto capturea
meaningfulpartitioncorrespondingto empiricalinterestbecause[59]:

1. A geneexpressionmatrix is usuallygeneratedaccordingto someactualempiricalinterest,like dis-
easedvs. healthyconditionfor samples.But thesamesetof samplesmayalsodisplaygender, age,or
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othervariability.

2. Microarraysare not typically task-specificand most of the genesare not necessarilyof interest.
Sample-patterndetectionis subjectto interferencefrom the large numberof irrelevant or redundant
geneswhichshouldbeprunedoutor filteredwhenclusteringsamples.

3. For unsupervisedanalysis,uncertaintyaboutwhich genesarerelevantmakesit difficult to construct
aninformative genespaceto detectrealsamplepartition.

Thushow to selectthe significantgeneswhich contribute to the clusteringof the samplesandreveal
theempiricalinterestpatternof thesamplesarevery importantin thedataanalyzingprocedure.Thesetwo
tasksareactuallyinterconnected.Oncetheimportantgenesareidentified,thedimensionsof thedatawill be
efficiently reducedsoto allow conventionalclusteringalgorithmsto beusedto clustersamples.Conversely,
oncethesalientsamplepatternshavebeenfound,genescanbesortedfor importanceusingsimilarity scores,
suchascorrelationcoefficient with thepattern.In general,if eitheranaccuratesamplepartitionor a setof
significantgenesis known, the othercanthenbe easilyobtainedby supervisedapproaches[19, 30, 31].
With unsupervisedclustering,however, factorssuchasthesparsityof data,thehigh dimensionalityof the
genespace,andthehigh percentageof irrelevantor redundantgenesmake it very difficult eitherto classify
samplesor pick out substantialgenesin acontext wherelittle domainknowledgeis available.

To addresstheseproblems,we proposetheinterrelatedtwo-way clusteringframework for unsupervised
geneexpressiondataanalysiswhich is illustratedin Figure2.

Thegoalinvolvestwo interrelatedtasks:detectionof meaningfulpatternswithin thesamplesandselec-
tion of thosesignificantgeneswhichcontribute to thesamples’empiricalpattern.To bemorespecific,they
are:

- To selecta subsetof genes,usually called importantgenes,which are highly associatedwith the
samplesexperimentaldistributions.Thiscanalsobeconsideredasgenesfiltering.

- To clusterthesamplesinto differentgroups.Accordingto themostpopularexperimentalplatforms,
thenumberof differentgroupsis usuallytwo, for example,diseasedsamplesandhealthcontrolsam-
ples.

Sincethe volume of genesis large and no information regardingthe actualpartition of the samples
assumedto beavailable,we cannotdirectly identify thesamplepatternsor significantgenes.Rather, these
goalsmustbegraduallyapproached.First,weusetherelationshipsof sampleclustersandgenegroupsthus
discoveredto posta partial or approximatepattern. We thenusethis patternto direct the eliminationof
irrelevantgenes.In turn, theremainingmeaningfulgeneswill guidefurthersamplepatterndetection.Thus,
wecanformulatetheproblemof patterndiscovery in theoriginaldatavaraninterplaybetweenapproximate
partition detectionand irrelevant geneshaving. Becauseof the complexity of the matrix, this procedure
usuallyrequiresseveraliterationsto achieve satisfactoryresults.

Thecriterionfor terminatingtheseriesof iterationsis determinedby evaluatingthequalityof thesample
partition. This is achieved in the “classvalidation” phaseby assigningcertainstatisticalmeasuresto the
selectedgenesandtherelatedsamplepartition. Whena stableandsignificantpatternof samplesemerges,
the iterationstops,and the selectedgeneswith the relatedsamplepatternbecomethe final resultof the
process.
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Figure2: Framework of interrelatedtwo-way clustering.

3 Interrelated Two-way Clustering

3.1 Preliminary Steps

We representthegeneexpressiondataasa
'*)

by
' .

matrix: �� �>���
	�� 
+�?�@�A�!�#"��%$&$&$&�('*)����B�C�!�#"��%$&$&$&�(' . �
,

wherethereare
' .

columns,onefor eachsample,and
'*)

rows,onefor eachgene.Onerow of genesis also
calledagenevector, denotedas DE 	 �GFH� 	�� 6 �(� 	�� 9 �%$&$&$&�(� 	I� J!KML

. Thus,agenevectorcontainsthevaluesof a
particularattributefor all samples.

3.1.1 Data Normalization

Datasometimesneedto betransformedbeforebeingused[21]. For example,attributesmaybemeasured
usingdifferentscales,suchascentimetersandkilograms. In instanceswherethe rangeof valuesdiffers
widely from attribute to attribute, thesediffering attribute scalescan dominatethe resultsof the cluster
analysis.It is thereforecommonto normalizethedatasothatall attributesareon thesamescale.
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Thefollowing aretwo commonapproachesto datanormalizationfor eachgenevector:

�
N	�� 
 � �
	I� 
PO �
	�
	 �
(1)

or �
N	�� 
 � �
	I� 
PO �
	Q 	 �
(2)

where �
	*�SR J K
UT 6 �
	�� 
' . � Q 	/�WV R J!K
UT 6�X �
	�� 
8O �
	ZY 9' . O[�
and

� N	�� 

denotesthenormalizedvaluefor genevector

�
of sample

�
,
�
	�� 


representstheoriginal valuefor
gene

�
of sample

�
,
'/.

is the numberof samples,
� 	

is the meanof the valuesfor genevector
�

over all
samples,and Q 	 is thestandarddeviation of the

�]\_^
genevector.

3.1.2 Similarity Measure

Many methodsof clusteranalysisdependon somemeasureof similarity (or distance)betweenthevectors
to beclustered.AlthoughEuclideandistanceis a populardistancemeasurefor spatialdata,thecorrelation
coefficient [14] is widely believedto bemoresuitablefor pattern-discovery approachesbecauseit measures
thestrengthof the linear relationshipbetweentwo vectors.This measurehastheadvantageof calculating
similarity on thebasisonly of thepatternandnot theabsolutemagnitudeof thespatialvector. Theformula
of thecorrelationcoefficient betweentwo vectors̀

� X�a 6 � a 9 �%$&$&$ acb Y and d � X�e 6 � e 9 �%$&$&$ efb Y is:

g hji k � R b	&T 6 X�a 	lO a Y X�e 	*O e Y
V R b	_T 6 X�a 	*O a Y 9 V R b	&T 6 X�e 	mO e Y 9 � (3)

where n is thelengthof vectors̀ and d , and

a � �
n

bo	_T 6 a 	p� e � �
n

bo 	_T 6 e 	p$
We will usethe correlation coefficient asthe similarity measurefor the proposedclusteringapproachso
thatpatternsimilaritiesbetweengenesor samplesin eachgroupwill berevealedregardlessof their spatial
proximity.

3.2 Main Algorithm

In interrelatedtwo-way clustering,both genesandsamplesaresimultaneouslyclustered.The algorithm,
illustratedin Figure2, is an iterative procedurebasedon �� with

'*)
genesand

' .
samples.Theideais to

delineatetherelationshipsbetweengeneclustersandsamplegroupswhile iteratively clusteringthroughboth
genesandsamplesto extract importantgenesandclassifysamplessimultaneously. Within eachiteration
therearefivemainsteps:

Step1: clusteringongenes.
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Thetaskof thisstepis to cluster
'*)

genesinto n groups,denotedas q 	 (
�srH�tr n ), eachof which is an

exclusive subsetof theentiregeneset. Theclusteringmethodcanbeany methodwhich takesthenumber
of clustersasaninput parameter, suchasK-meansor SOM [23, 22].

Step2: clusteringonsamples.

Basedon eachgroup q 	 (
�ur2�vr n ), we independentlyclustersamplesinto two clusters(accordingto

themostpopularexperimentalconditions[10]), representedby w 	�� x and w 	I� y .
Step3: clusteringresultscombination.

This stepcombinesthe clusteringresultsof the previous steps.By Step2, we get n pairsof samples
clustersw 	�� x , w 	�� y X �z���!�#"�$&$ n Y . Thenwechooseoneclusterfrom eachpairandfind all possibleintersection
of thesen sampleclusters,denotedassamplegroups{ 
 (

�|r2�}r�" b
). Without lossof thegenerality, letn �~"

. Thenthesamplescanbedividedinto four groups:� { 6 (intersectionof w 6 � x and w 9 � x );� { 9 (intersectionof w 6 � x and w 9 � y );� { ; (intersectionof w 6 � y and w 9 � x );� { = (intersectionof w 6 � y and w 9 � y ).
Figure3 illustratesthe resultsof this combination. In the figure, the secondandthird lines show cluster
resultson samplesbasedon genegroups� 6 or � 9 independently. In eachcase,samplesareclusteredinto
two groups,which aremarkedas“a” or “b”. Thegreencolor (secondline) representsclusterresultsbased
on � 6 andbluecolor (third line) indicatestheresultsbasedon � 9 . By combination,four possiblesample
groupsaregenerated:� 6 includessamplesmarkedas“a” basedon � 6 andmarkedas“a” basedon � 9 ; � 9
includessamplesmarkedas“a” basedon � 6 andmarkedas“b” basedon � 9 ; � ; includessamplesmarked
as“b” basedon � 6 andmarkedas“a” basedon � 9 ; and � = includessamplesmarkedas“b” basedon � 6
andmarkedas“b” basedon � 9 .

Figure3: Clusteringresultscombinationwhen n �~"
. � 6 � � 9 �%$&$&$ �?� in thefirst line representsamples.
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If n ���
, therewill beeightpossiblesamplegroups.In general,thenumberof possiblesamplegroups

will reach
" b

. Usually n is setto be
"

to reducethecomputationalcomplexity.

Step4: heterogeneousgroupsdetection.

Amongthesamplegroups{ 6 to { 9�� , we choosetwo distinctgroups{ . and { \ suchthateachsample
in { . is in the different clusterwith eachsamplein { \ during clusteringin Step2. ( { . , { \ ) is calleda
heterogeneousgroup. For example,if n �<"

, amongthe samplegroups { 6 � { 9 � { ; � { = , we choosetwo
distinct groups { . and { \ (

��r � �(��rC�
) which satisfythe following condition: for �c� � { . � �c� � { \ �

where � and � aresamples,if � � w 	I� �#�U� � � w 	�� �p�?� then � 6��� � 9 ( � 6 � � 9 �2�?���#�?�
) for all

�
(
�
r���r n ).

( { . , { \ ) is thena heterogeneousgroup.For example,( { 6 , { = ) is sucha heterogeneousgroup(when n �-"
)

becauseall samplesin group { 6 areclusteredinto w 	�� x (
��r���r n ), while all samplesin group { = are

clusteredinto w 	I� y (
�sr[�tr n ). For thesamereason,( { 9 , { ; ) is anotherheterogeneousgroup.Weusethese

heterogeneousgroupsastherepresentationof theoriginal samplepartition.

Step5: genedimensiondeduction.

In this step,we reducegenesbasedon thesamplepatternsin theheterogeneousgroups.To find genes
whoseexpressionpatternsarestronglycorrelatedwith theclassdistinctionwithin theheterogeneousgroup,
we build on-off patternsaccordingto theclassdistribution of eachheterogeneousgroupandsortgenesby
theirdegreeof correlationwith thepatterns.Forexample,for theheterogeneousgroup( { 6 , { = ), two patternsD� 6 �GF�5���5��%$&$&$�5����!���!�%$&$&$_� L

and D� 9 �GF��!���!�%$&$&$_�!��5���5��%$&$&$�5 L
areintroduced.Thepattern D� 6 includes

� { 6 �
(numberof samplesin group { 6 ) zerosfollowedby

� { = � (numberof samplesin group { = ) one’s. Similarly,D� 9 includes
� { 6 � one’s followedby

� { = � zeros.For eachpattern,we calculatecorrelationcoefficient defined
in Equation(3) betweentheon-off patternsandeachgenevector DE 	 :��� �!� 6 X DE 	�Y � gm¡¢]£ i ¡¤ � �+'j¥ �U� �!� 9 X DE 	�Yz� gm¡¢]£ i ¡¤ � $ (4)

Geneshave high correlationcoefficient with either D� 6 or D� 9 areconsideredto manifestthe heterogeneous
grouppattern.Sothefinal correlationvalueis definedas:��� �¦� X DE 	 Y@�¨§B©¦ª X ��� �!� 6 X DE 	 Y«� �U� �!� 9 X DE 	 Y(YU$ (5)

We thensortall genesaccordingto thecorrelationvaluesin descendingorder. Genedimensiondeduc-
tion is performedby eliminatingsomegenesfrom theendof this ranked list. We examinethegenesin the
secondhalf of the ranked list, choosea “shaving point” betweentwo geneswith the largestdifferencein
correlation values, andremove the genesbelow the shaving point. The remaininggeneset is denotedasq N . Figure4 providesanexamplein which theline shows therankedcorrelationvaluesof all genes.As we
cansee,in thesecondhalf of the list (genes¬ 7­���

), the largestdifferenceoccursbetweengene ® and ¯ .
Thus,theshaving point will besetbetweenthesegenesandgenes̄ to

���
will befilteredout. Thesemantic

meaningof thisshaving criterionis that,while eachgenebetween
"

to ® shows slightly lessrelevanceto the
samplepatternthanthepreviousone,group ¯ andfollowing aremuchlessrelevantandthey canbeshaved.

It is appropriateto selectthe shaving point from the secondhalf of the ranked lists so that too many
geneswill notberemovedin asinglestep,particularlywhenthelargestdifferenceappearsbetweenthefirst
few genes.Sincetheheterogeneousgrouppatterndeterminedearlierin theprocessmaynot exactly match
theactualpartition.

Similarly, for theotherheterogeneousgroup( { 9 , { ; ), anotherreducedgenesequenceq N N is generated.

Now thequestionis whichgenesubsetshouldbechosenfor thenext iteration, q N or q N N ? Thesemantic
meaningbehindthis is to selectaheterogeneousgroupwhich is abettercandidateto representtheempirical
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Figure4: Distribution of rankedcorrelationcoefficient valuefor asetof genes.

distribution of samplesbecauseq N and q N N aregeneratedbasedonthecorrespondingheterogeneousgroups.
In the previous work, cross-validation method[51, 19] wasappliedto identify heterogeneousgroupand
selectgenes.In general,we hopethat the samplesin eachpart of a given heterogeneousgroupwill have
highcorrelationto oneanotherandhave largedifferencefrom thesamplesin theotherpartwhenmeasured
over the reducedgenevectors.We thereforemeasurethe likelihoodof a given heterogeneousgroupto be
representative patternfor samplesby combiningits correlationwithin eachpartanddissimilaritybetween
two part.For example,thelikelihoodof representationof heterogeneousgroup( { 6 , { = ) canbedefinedas:

°%± � � ±�² �¨³�ª�´ X O X �µ&¶:· � { 6 �¦¸ {º¹¼» X { 6 YP½
�µ_¶:· � { = �0¸ {�¹s» X { = Y Y(Y¿¾ 3 � w X { 6 � { = Y«$ (6)

{º¹¼» X { 	]Y (Equation7) measurestheaccumulationof varianceof eachgenevectorover samplesin { 	 .
If thevariancevalueof eachgenevectoris low, thenthisgenevectoris stablefor this setof samples.Thus,
if {º¹¼» X { 	 Y is low, thenthegenesinvolved generallycorrelateto manifesta singlefunctionover samples
in { 	 . This setof highly-correlatedsamplesmayrepresenta singleconditionfor theentiresamplepattern
of empiricalinterest.

{º¹¼» X { 	ÀY@� � { 	 �¦¸+� q N �R 	�Á:ÂlÃ R 
�Á ± £ X �
	�� 
ÄO �Å	I� ± £ Y 9 �<ÆÈÇcÉ � É �
	�� ± £ � �� { 	(� o
�Á ± £ �
	I� 
:$
(7)

The dissimilarity 3 � w X { 	Ê� { 	 ÃZY of two partswithin theheterogeneousgroupis definedasthe average
of the pairwisedissimilarity betweenall pairsof objectsin the differentparts. This is expressedby the
following equation:

3 � w X { 	p� { 	 ÃÀY � �� { 	���¾Ë� { 	 Ã � oÌ �(Á ± £ � Ì �#Á ± £ Ã
�g8Í� ¤ � � Í� ¤ � (8)
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where D� Ì � �GF[� 6 � Ì �U�(�
	_�«� Ì ���%$&$&$&�(�ÏÎ ÂlÃ Î � Ì � L �
D� Ì �¿�GFH� 6 � Ì ���(�
	_�«� Ì ���%$&$&$&�(� Î Â Ã Î � Ì � L $

D� Ì � is asamplein sub-matrix{ 	 , D� Ì � is a samplein sub-matrix{ 	 Ã and g Í� ¤ � � Í�z¤ � is thecorrelationcoeffi-
cientbetween D� Ì � and D� Ì � definedin Equation3.

The likelihoodis calculatedfor eachheterogeneousgroup. Whentheheterogeneousgroupwhich has
higherlikelihoodvalueis found,its correspondingreducedgenesis selectedfor thenext iteration.

3.3 Class Validation and Termination

After oneiterationinvolving detectionof samplepatternandselectionof genes,a certainnumberof genes
will beshaved. Theremaininggenesandtheentiresamplesthenform a new geneexpressionmatrix from
whichanew iterationstarts.

We will now discussthe issueof determiningwhensufficient iterationshave beenperformed.Ideally,
iterationswill beterminatedwhenastableandsignificantpatternof sampleshasemerged.Thus,theiteration
terminationcriterion involves determiningthe measurementand thresholdwhich identifiesa “stableand
significant”pattern.

Theproposeof clusteringsamplesis basedon identifyinggroupsof empiricalinterestingpatternsin the
underlyingsamples.In general,we hopethat the samplesin a given groupwill be similar (or related)to
oneanotheranddifferentfrom (or unrelatedto) thesamplesin othergroups.Thegreaterthesimilarity (or
homogeneity)within a group,andthegreaterthedifferencebetweengroups,thebetteror moredistinct the
partition.

As describedabove, aftereachiteration,we usethe remaininggenesto classifysamplesandthenuse
thecoefficientof variation (CV) to measurehow “internally-similarandwell-separated”thispartitionis:

{ºÐ � �
1

Ñob T 6
Q b�&� DÒ b �&� � (9)

where 1 representstheclusternumber, Ò b indicatesthecenterof group n , and Q b representsthestandard
deviationof group n . Assumingthereare

�
objects

� D� 6 , D� 6 ,..., D� \ � in group n , eachobjectis a
'

-dimensional
vector D� 
Ä�GFH� 6 � 
!�(� 9 � 
f�%$&$&$&�(�
J � 
 L

. Thecenterof group n is definedas:

DÒ b �GF � 6 � b � � 9 � b �%$&$&$&� � J+� b L �
where � 	�� b � �� ��� \o
UT 6 �
	I� 
:� X �����!�#"��%$&$&$&�('ÓY«$
And thestandarddeviation of group n is definedas:

Q b �ÔV R \	&T 6 �&� D� 	 O DÒ b �&� 9��O[� $
It is clearthat,if thedatasetcontainsan“internally-similarandwell-separated”partition,thestandarddevi-
ationof eachgroupwill below, andthe {�Ð valueis expectedto besmall.Thus,basedon thecoefficientof
variation,we mayconcludethatsmallvaluesof theindex indicatethepresenceof a “good” pattern.
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Figure5: TheCV valueaftereachiteration.

We examinethecoefficientof variation valuesaftereachiterationandterminatethealgorithmafteran
iterationwith a {ºÐ valuemuchsmallerthanthe previous. In the examplein Figure5, we have applied
the interrelatedtwo-way clusteringapproachto a datasetby monitoringthe {ºÐ until thegenenumberis
very small. This illustratesthe changein {�Ð value in relation to genenumbers. In this figure, the {�Ð
valuedropsabruptlyafteracertainiteration(here,whenthegenenumberis lessthan100aftertheeleventh
iteration),andtheiterationcanthenstop.This terminationpoint is indicatedby a redstar.

Another applicableterminationcondition involves checkingwhetherthe numberof genesis small
enoughto guidesampleclassprediction.Thisnumberis highly dependentonthetypeof data.For example,
in a typical biological system,thenumberof genesneededto fully characterizea macroscopicphenotype
andthefactorsdeterminingthisnumberareoftenunclear. Experimentsalsoshow that,for certaindata,gene
numbersvaryingfrom

�%5º7~"!5:5
canall serveasgoodpredictors[19]. For ourmicroarraydataexperiments,

we have chosen
�%5:5

asa compromiseterminationnumber;e.g.whenthenumberof genesfalls below
�%5:5

,
theiterationstops.This terminationconditionis usedonly asasupplementarycriterion.

Genesthatremainwill beregardedastheselectedgenesresultingfrom this interrelatedtwo-way clus-
tering approach.They arethenusedto clusterthe samplesfor a final result. Sincethe numberof genes
is relatively small, the traditionalclusteringmethodscanbeappliedto theselectedgenes.The remaining
genescanalsobe treatedas“predictors” to establishclusterlabelssuchasdiseasesymptomsandcontrol
conditionfor thenext batchof samples.

4 Performance Evaluation

In this section,we will analyzetheeffectivenessof theproposedapproachthroughexperimentson various
datasets.
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4.1 External Evaluation Criteria

4.1.1 Rand Index

A measurementof “agreement”(calledthe“RandIndex” [43, 60]) betweentheground-truthof thesample
partitionandtheclusteringresultwasusedto evaluatetheperformanceof thealgorithm.Givenasetof sam-
ples w �Õ� � 6 � � 9 �%$&$&$&� � J!K � , supposeÖ �-� � 6 � � 9 �%$&$&$&� � b � is theactualpartitionaccordingto theconditionsof
empiricalinterest,and × �-�?Ø 6 ��Ø 9 �%$&$&$&��Ø � �

is apartitionof samplesresultingfrom theclusteringalgorithm
which satisfiesw �ÚÙ b	_T 6 � 	 �CÙ �
UT 6 Ø 
 , � 	fÛ � 	 Ã �4Ü X �ÅrÕ���(� N r n YP�+'j¥
Ø 
/Û Ø 
 Ã �CÜ X �|r¨�:��� N r��,Y«$
Let a representthenumberof pairsof samplesthatarein thesameclassin Ö andin thesameclusterin × ,
b representthenumberof pairsof samplesthatarein thesameclassin Ö but not in thesameclusterin × , c
bethenumberof pairsof samplesthatarein thesameclassin × but not in thesameclusterin Ö , andd be
thenumberof pairsof samplesthatarein differentclassesin Ö andin differentclustersin × . Thus,a and
d measuretheagreementof two partitions,while b andc indicatedisagreement.The formulaof theRand
Index [43] is:

» �G� � ½ ¥� ½ � ½ � ½ ¥ $ (10)

The RandIndex lies between
5

and
�
. Whenthe two partitionsmatchperfectly, the RandIndex is

�
. In

our experiments,we calculatea RandIndex valuebetweentheground-truthandtheresultof 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
'

-dimensionaldatasetontotwo-dimensionalspaceis usedto
view thechangesin sampledistribution duringtheiterative process.

Let vector DÖ�Ý) � X�a ) 6 � a ) 9 �%$%$%$�� a )�JÞY representadataelementin the
'

-dimensionalspace.Equation(11)

describesthemappingof DÖ�Ý) ontoa two-dimensionalpoint D×�Ý) :
D× Ý) �

Jo	_T 6 X]ß 	là a )�	]Y Dw 	 ß 	���áâOs�!���Uã
(11)

whereß 	 is anadjustableweightfor eachdimension(coordinate)with adefault valueis
5�$åä

,
'

is thenumber
of dimensionsof theinput space,and Dw 	 X �@�C�!�#"��%$%$%$0�('ÓY

areunit vectorswhich divide thecentercircle of
thedisplayinto

'
equaldirections,i.e., Dw 	j�~"!æ/ç0'Bà/�

. ThemappingFormula(11) replicatesthecorrelation
relationshipof the input spaceonto thetwo-dimensionalimages.Note thatpoint X 5���5��%$%$%$¦��5 Y in the input
spacewill bemappedonto the two-dimensionalcenter X 5���5 Y (assumingall dimensionweightsareequal).
Additionally, all pointsin theformat X �����c�%$%$%$¦����Y will alsobemappedto thecenter. If D` and Dd have the
samepattern;i.e., ratiosof eachmappedpair, thesevectorswill bemappedontoa straightline acrossthe
centerof the

" 3 displayspace.All vectorswith samepatternas D` and Dd will bemappedonto that line.
Thismappingmethodtakestheadvantageof graphicalvisualizationtechniquesto revealtheunderlyingdata
patterns.
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Table1: RandIndex valuereachedby 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
SOM Equation(2) 0.4815 0.4920 0.5027

4.2 Experimental Results

We will now presentexperimentalresultsusingthreemicroarraydatasets.Thefirst two datasetsarefrom
astudyof multiple-sclerosispatientscollectedby theNeurologyandPharmaceuticalSciencesDepartments
of theStateUniversityof New York atBuffalo [39]. Multiple sclerosis(MS) is achronic,relapsing,inflam-
matorydisease,andinterferon-è (IFN- è ) hasofferedthemain treatmentfor MS over the lastdecade[62].
TheMS datasetincludestwo groups:theMS IFN group,containing

" ® samples(14 MS, 14 IFN), andthe
MS CON group,containing

�!5
samples(15 MS, 15 Control). Eachsampleis measuredover

�Þ���:"
genes.

Thethird datasetis basedon acollectionof leukemiapatientsamplesreportedin (Golubet al., 1999)[19].
The matrix includes72 samples(47 ALL vs. 25 AML). Eachsampleis measuredover 7129genes.The
ground-truthof thepartition,which includessuchinformationashow many samplesbelongto eachcluster
andtheclusterlabelfor eachsample,is usedonly to evaluatetheexperimentalresults.

To evaluatethe performanceof the proposedalgorithm,we comparedits performancein classifying
the sampleswith two popularly-usedtraditionalclusteringmethods:K-means(K=2) andself-organizing
maps(use

"Å¾Ï"
SOM). Table1 providesresultobtainedby directly applyingtheclusteringalgorithmsto

high gene-dimensionmatriceswithout an interrelatedtwo-way analysis.Both clusteringalgorithmswere
appliedto thematrix afterdatanormalizationaccordingto Equations(1) and(2). This tableindicatesthat
performanceof SOMis slightly superiorto thatof k-meansfor thetwo MS datasets.Thek-meansalgorithm
performedbetterwith theleukemiadataset.However, neitherof thesetwo methodsresultedin avery good
matchingrate.

The proposedinterrelatedtwo-way clusteringapproachwasalsoappliedto the samegeneexpression
matrices.Theresultsobtainedweredependenton thefollowing parameters:

� Basicclusteringalgorithm:K-meansor SOM� Choiceof datanormalizationmethod:Equation1 or Equation2

Figures6 providesclusteringresultsof the multiple sclerosisandleukemiadatasetswith all possible
combinationsof theabove parameters.Thehorizontalaxisindicatesthedifferentdatasets.Thefour differ-
entcolorsareusedto representthevariouscombinationof thebasicclusteringalgorithmsanddatanormal-
izationmethods.Theseresultsindicatethat,while theRandIndex valuevariesfrom 0.6 to 0.9 for different
parametercombinationsanddifferentdatasets,theindex is consistentlyhigherthantheresultsobtainedby
directly applyingclustermethods.Thefigurealsoshows that theoptionalmeasurementor combinationof
parametersis highly dependentupontheapplication,theenvironment,andthedistribution of thedata.

In Figure7, theinteractive visualizationtool is usedto show thedistribution of samplesbeforeandafter
the interrelatedtwo-way clusteringprocedure.This result is basedupon using

",¾�"
SOM as the basic
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Figure6: RandIndex valuesfor thethreedatasetsby by usingtheinterrelatedtwo-way clusteringmethod.

clusteringmethodandEquation1 asthedatanormalizationfunction. As indicatedby this figure,prior to
theapplicationof theiterative approach,thesamplesareuniformly scattered,with no obviousclusters.As
the iterationsproceed,sampleclustersprogressively emerge until in Figure7(B), the samplesareclearly
separatedinto two groups.Thegreenandreddotsindicatetheactualpartitionof thesamples,while thetwo
dashedcirclesshow the clustersresultingfrom the interrelatedtwo-way clusteringapproach,with arrows
pointingouttheincorrectly-classifiedsamples.Thisvisualizationprovidesaclearillustrationof theiterative
process.Here,it selected96 genesandclassified28 samplesinto two groups.11 samplesarein groupone,
matchingthe MS diseasesamples.Another17 samplesare in group two, of these,14 are from the IFN
treatmentgroupand3 areincorrectlymatched.

Figures6 and7 thereforeillustratetheeffectivenessof the interrelatedtwo-way clusteringmethodfor
suchhigh-dimensionalgenedata.

5 Conclusion

In thispaper, wehave presentedanew framework for theunsupervisedanalysisof geneexpressiondata.In
this framework, aninterrelatedtwo-wayclusteringmethodis developedandappliedon thegeneexpression
matricestransformedfrom the raw microarraydata. This approachcandetectsignificantpatternswithin
sampleswhile dynamicallyselectingsignificantgeneswhich manifestthe conditionsof actualempirical
interest. We have shown that, during the iterative clustering,reducinggenescan improve the accuracy
of sampleclassdiscovery, which in turn will guide further genesreduction. We have demonstratedthe
effectivenessof this approachthroughexperimentsconductedwith two multiple-sclerosisdatasetsanda
leukemiadataset.Theseexperimentsindicatethatthisappearsto beapromisingapproachfor unsupervised
sampleclusteringongenearraydatasets.
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Figure7: The interrelatedtwo-way clusteringapproachasappliedto the MS IFN group. (A) shows the
distribution of theoriginal 28 samples.Eachpoint representsa samplemappedfrom the intensityvectors
of 4132genes.(B) shows thedistribution of thesame28 samplesafterthe interrelatedtwo-way clustering
approach.The4132geneshave beenreducedto 96 genes,thereforeeachsampleis a96-dimensionvector.
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