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ABSTRACT
High-dimensionaldatarepresentationin whicheachdataitem(termed
target object) is describedby many features,is a necessarycom-
ponentof many applications.For example,in DNA microarrays,
eachsample(target odject) is representedby thousandsof genes
asfeatures.Patterndiscovery of targetobjectspresentsinteresting
but alsovery challengingproblems.Thedatasetsaretypically not
task-specific,many featuresareirrelevantor redundantandshould
beprunedoutor filteredfor thepurposeof classifyingtargetobjects
to find empiricalpattern.Uncertaintyaboutwhich featuresarerel-
evant makes it difficult to constructan informative featurespace.
This paperproposesan iterative strategy for patterndiscovery in
high-dimensionaldatasets. In this approach,the iterative process
consistsof two interactivecomponents:discoveringpatternswithin
targetobjectsandpruningirrelevant features.Theperformanceof
theproposedmethodwith variousrealdatasetsis alsoillustrated.

1. INTRODUCTION
1.1 Interestingscenariosand a newchallenge
High-dimensionaldatarepresentation,in which eachdataitem is
describedby many features,is anecessarycomponentof many ap-
plications. For example,customerrecordscompiledby banksor
supermarketscontainmany featuresto representeachcustomer. In
biologicalsystems,theDNA microarraytechnologypermitsrapid,
large-scalescreeningfor patternsof geneexpressionandgivessi-
multaneous,semi-quantitative readoutson the level of expression
of thousandsof genesfor samples[12, 16, 26, 38, 40]. In that in-
stance,eachsampleis representedby its featuresin the form of
thousandsof genes.In this paper, we will refer to entitiessuchas
samplesastarget objects.

In the scenariosmentionedabove, clusteringor classificationis
neededon both the level of featuresandof target objects. Many
data-miningapproacheshavebeenproposedwhichclusteror group
relatedfeaturespertainingto supermarket customerssotheir shop-
ping patternscanbedetermined[21]. With geneexpressiondata,
researchersareinterestedin identifyinggeneswith interactor have

similar cellular functions[4]. For example,clusteringcanbeused
to groupgenesthatmanifestsimilarexpressionpatternsfor asetof
samples[5, 15, 8, 24, 31, 34]. Additionally, classificationof cus-
tomersor samplesis alsouseful.For example,classificationmeth-
ods have beenusedto group different typesof credit-cardhold-
ers.Biologicalsamplesmaybeclassifiedinto homogeneousgroups
whichmaycorrespondto particularmacroscopicphenotypes,such
asclinical syndromesor cancertypes[6, 20, 41]. In this instance,
samplesareviewedastheobjectsto beclustered,with thelevel of
expressionof eachgeneplaying therole of thefeatures.Classify-
ing samplesor customersto revealtheirempiricalconditionsis also
regardedastheprocessof patterndiscovery in thetargetobjects.

Patterndiscoveryof targetobjectspresentsinterestingbut alsovery
challengingproblems.Thedatasetsaretypically not task-specific,
mostof thefeaturescollectedfor targetobjectsarenot necessarily
of interest.Consequently, many featuresareirrelevantor redundant
for thepurposeof targetobjectclassificationandshouldbepruned
outor filtered.Uncertaintyaboutwhichfeaturesarerelevantmakes
it difficult to constructaninformative featurespace.

1.2 Relatedwork
Themany data-clusteringmethodswhich have beenproposedfall
into two majorcategories:supervisedclusteringandunsupervised
clustering. The supervisedapproachassumesthat additional in-
formation is attachedto some(or all) objects,for example, that
biological samplesare labeledasdiseasedvs. normal. The goal
of supervisedapproachis to build a classifierto predictthe labels
for futurecomingobjects.A varietyof supervisedclusteringmeth-
odshave beenproposed,suchasneighborhoodanalysis[20], the
supportvectormachine[10, 18], statisticalapproachessuchasthe
maximum-entropy model[27], SAM (significanceanalysisof mi-
croarrays)[45], andavarietyof ranking-basedmethods[7, 29,33].

In this paper, we will focuson unsupervisedapproacheswhich as-
sumelittle or no prior knowledge.Thegoalof suchapproachesis
to partitionthedatasetinto statisticallymeaningfulclasses[7]. The
hierarchicalclustering(HC) [3, 15,25] andK-meansclusteringal-
gorithms[30, 22, 23, 43], aswell asself-organizingmaps(SOM)
[20, 28,42], arethemajorunsupervisedclusteringmethodswhich
have beencommonlyappliedto variousdatasets.Methodsusing
principalcomponentanalysis(PCA) have beenproposedto reduce
the numberof featuresinvolved in the datasets. However, since
theresultslargelydependonthedatadistribution,suchapproaches
do not necessarilyfully capturemostof theclusterstructures[48].
For biologicalapplications,Alon atal. [4] proposedapartitioning-
basedalgorithmin which genesandsampleswereclusteredinde-
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pendently. Getzet al. [19] proposeda coupledtwo-way clustering
method� to identify subsetsof bothgenesandsamples.Xing et al.
[46] proposeda clusteringmethodcalledCLIFF which iteratively
usessamplepartitionsasa referenceto filter genes.Noneof these
approachesoffersadefinitivesolutionto thefundamentalchallenge
of detectingmeaningfulpatternsin targetobjectswhile pruningout
irrelevant featuresin a context wherelittle domainknowledgeis
available.

1.3 Contribution of the presentresearch
In thispaper, wewill presentanew iterativestrategy for patterndis-
covery in high-dimensionaldatasets.In thisapproach,theiterative
processconsistsof two interactive components:discovering pat-
ternswithin targetobjectsandexcising irrelevant featureinforma-
tion. Usingthesetwo processes,we candelineatetherelationships
betweenfeatureclustersandtarget-datagroupswhile conductinga
iterativesearchfor targetpatternsanddetectingsignificantfeatures
of empiricalinterest.Theperformanceof theproposedmethodwill
beillustratedin thecontext of variousrealdatasets.

Theremainderof this paperis organizedasfollows. Section2 in-
troducesthe conceptsunderlyingthis iterative strategy while the
algorithmto implementtheseconceptsis presentedin Section3.
Experimentalresultsappearin Section4 andconcludingremarks
in Section5.

2. STRATEGY AND CONCEPTS
In this section,we will introducetheconceptsunderlyingthepro-
posedstrategy for patterndiscovery in high dimensionaldatasets.
In this concept,target objectsareusuallyrepresentedaspointsin
a high dimensionalspace,whereeachdimensionrepresentsa dis-
tinct featuredescribingthedata.Thestrategy presentedis intended
to simplify thediscoveryof patternsin thedatarepresentedin very
largefeaturespaces.

The goal involvestwo interrelatedtasks:detectionof meaningful
patternswithin thetargetobjectsandselectionof thosesignificant
featureswhichcontributeto thetargetdata’sempiricalpattern.This
is differentfrom subspaceclustering[2, 1, 11,47] which is to find
a set of subspaceclustersand the correspondingfeaturesubsets
for eachclustersuchthat the objectsin onesubspaceclusterare
closeto eachother in the subspacedefinedby thesefeatures. In
subspaceclustering,the featuresubsetsfor different clustersare
differentwhile our goal is to find a singlesetof featuresto clas-
sify all objects. Furthermore,subspaceclusteringapproachesare
suitablefor suchdatasetsthatobjectnumberis very large,but fea-
ture dimensionis relatively small (e.g. �����	�
����� objectsversus
 ��������� featuresin [2, 1, 11,47]). But our researchis analyzing
somerealdatasetsthat thenumberof targetobjectsis limited but
featuredimensionis very large. For example,in microarraydata
sets,thenumberof samplesis usuallylessthan ����� dueto thecost
of theexperiments,but thenumberof genes(regardedasfeatures
for samples)is around ������������� . Within suchkind of datasets,
the factorssuchasthesparsityof data,thehigh dimensionalityof
the featurespace,andthe high percentageof irrelevant or redun-
dantfeaturesmake it very difficult eitherto classifytargetobjects
or pick outsubstantialfeatureswith unsupervisedmanner.

To addresstheseproblems,we proposethe unsupervisediterative
pattern-discovery strategy for high dimensionaldatasets,which
consistsof threemaincomponents:

� Initialization partition.� Interrelatediteration.

– Patterndiscovery.

– Feature pruning.� Classvalidation.

Considera datasetwhich is formulatedasa matrix with thetarget
objectsin columnsandfeaturesin rows. We first clusterboth the
targetobjectsandfeaturesinto severalexclusivesmallergroupsand
divide the original matrix into a seriesof exclusive sub-matrices
basedon this partition. Thegoalsof patterndiscovery andfeature
identificationwill beachievedby analyzingthecorrelationsamong
thesesub-matrices.

Sincethe volumeof featuresis large andno information regard-
ing the actualpartition of the target objectsassumedto be avail-
able,wecannotdirectly identify thepatternsor significantfeatures.
Rather, thesegoalsmustbe graduallyapproached.First, we ana-
lyze smallersubsetsof boththetargetobjectsandfeaturesanduse
the relationshipsthusdiscoveredto posta partial or approximate
patterncalledarepresentativepattern. Wethenusethis representa-
tive patternto directtheeliminationof irrelevant features.In turn,
theremainingmeaningfulfeatureswill guidefurthertargetpattern
detection.Thus,we canformulatetheproblemof patterndiscov-
ery in theoriginal datavar aninterplaybetweenrepresentative tar-
getpatterndetectionandirrelevantfeaturepruning.Becauseof the
complexity of the matrix, this procedureusually requiresseveral
iterationsto achieve satisfactoryresults. The iterative strategy in
which thesetwo correlatedprocessesis at thecoreof thisapproach
to highdimensionaldataanalysis.

Thecriteriafor terminatingtheseriesof iterationsis determinedby
evaluatingthequality of thedatapartition. This is achieved in the
“class validation” phaseby assigningcertainstatisticalmeasures
to theselectedfeaturesandtherelateddatapartition. Whena sta-
ble andsignificantpatternof dataemerges,theiterationstops,and
theselectedfeaturesandtherelateddatapartitionbecomethefinal
resultof theprocess.

3. ITERATIVE STRATEGY FOR PATTERN
DISCOVERY

In this section,we will presentdetailsrelatingto the implementa-
tion of theiterativepattern-discovery strategy.

3.1 Preliminary steps
Werepresentthedataasan � by � matrix,wherethereare� columns,
onefor eachtarget object,and � rows, onefor eachfeature. One
row of featuresisalsocalleda featurevector. Thus,afeaturevector
containsthevaluesof a particularfeaturefor all targetobjects.

Let ���� ����� � !#" $ � �%�&�(' ) � �%�*�+� representthe original
matrix,where, � � ��' 
 '�-.-/-/'0�1� representstheindicesof thetarget
objects,and 2 � � ��' 
 '�-/-/-/'3�+� representsthe indicesof the fea-
tures.Thefirst stepis to clusterfeaturesinto 465 groupsandcluster
target objectsinto 487 groups. We usetheir indicesto denotethe
groupsas 2:9<;>= � ��' 
 '�-/-/-/'14 5(? and ,8@#;>A � ��' 
 '�-/-/-.'B4 7C? , which

satisfy DE2 9 � 2 while 2 9GF 2 9�H �JI ;>=LK� =NM ? and DL, @ � ,
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while , @OF , @ H �JI ;>APK� A#M ? . Combiningthe intersectionof tar-
get andQ featuregroupsabove, we have 485%RS467 exclusive sub-
matrices.Eachsub-matrixconsistsof theintersectionof onegroup
of targetobjectsandonegroupof features,denotedasT 9 � @ � ��� �>� ! "�$GU 2 9 'V) U , @ ��-
Thus W T 9 � @ � �� ;>= � ��' 
 '�-/-/-/'B4 5 'OA � ��' 
 '�-/-/-/'B4 7X? '
and T 9 � @ F T 9 H � @ H �YI ;>=ZK� =NM<[+\]A^K� A_M ? -
Severaladditionalaspectsof thisclusteringprocedureareaddressed
below.

3.1.1 Data Standardization
Datasometimesneedsto be transformedbeforebeingused[22].
For example,featuresmaybemeasuredusingdifferentscales,such
ascentimetersandkilograms.In instanceswheretherangeof val-
uesdiffers widely from featureto feature,thesediffering feature
scalescandominatethe resultsof theclusteranalysis.It is there-
fore commonto standardizethedatasothatall featuresareon the
samescale.

Thecommonapproachfor datastandardizationis:� M �>� ! � � �>� !a` � �b � ' (1)

where � � �&c 7!(dfe ��� � !� ' b � �hg c 7!(dfe ; �%�>� ! ` �%� ?0i� ` �
and

� M �>� ! denotesthestandardizedvaluefor featurevector
$

of tar-
getobject) ,

� � � !
representstheoriginalvaluefor feature

$
of target

object) , � is thenumberof targetobjects,
�j�

is themeanof theval-
uesfor featurevector

$
overall targetobjects,and b �

is thestandard
deviation of the

$ 7>k featurevector.

3.1.2 Similaritymeasure
Many methodsof clusteranalysisdependonsomemeasureof sim-
ilarity (or distance)betweenthevectorsto beclustered.Although
Euclideandistanceis a populardistancemeasurefor spatialdata,
thecorrelationcoefficient [13] is widely believed to bemoresuit-
ablefor pattern-discoveryapproachesbecauseit measuresthestrength
of the linear relationshipbetweentwo vectors. This measurehas
the advantageof calculatingsimilarity on the basisonly of the
patternandnot the absolutemagnitudeof the spatialvector. The
formula for the correlationcoefficient betweentwo vectors l �;>= e '0= i '�-/-/- =:m ? and n � ;>A e '0A i '�-/-/- A�m ? is:o_pfq r � c m�sdfe ;>= �t` = ? ;>A �8` A ?g c m�udve ;>= � ` = ?0i g c m�sdfe ;>A � ` A ?0i ' (2)

where w is thelengthof vectorsl and n , and

= � �w mx �udve = � ' A � �w mx �sdfe A � -
We will usethe correlation coefficient as the similarity measure
for theproposedclusteringapproachsothatpatternsimilaritiesbe-

tweenfeaturesor targetobjectsin eachgroupwill be revealedre-
gardlessof their spatialproximity.

3.1.3 Estimatingthenumberof clusters
Clusteringalgorithms,suchasK-meansandSOM, requireusers
to prescribethe numberof clustersfor a dataset. Althoughother
clusteringmethods,suchasHC, do not needa clusternumberas
an input parameter, thenumberof clustersis still indirectly influ-
encedby a user-assignedinput parameter, e.g.,theaffinity thresh-
old. Therefore,the numberof clustersof target objects( 4 7 ) and
features( 485 ) needsto bedecidedprior to partition.

Somestatisticalapproaches,suchastheBayesianModelSelection
[17] andtheGapStatistic[44] haveofferedstatisticalguidelinesre-
gardingthenumberof clusters.However, nodefinitive methodhas
yetbeendevelopedto determinetheoptimalnumberof groupsand
groupsize.Theappropriaterangesof clusternumbersfor features
andtargetobjectsdependon thespecificapplication.For example,
in biologicalapplications,experienceshows thatgenesassociated
with similar functionsalways involve betweenseveral dozenand
several hundredentities. Thus,clusternumbersfor genesshould
beselectedsothata majority of groupswill containseveraldozen
to several hundredgenes. With samples,wherea typical matrix
containsfewer than ����� samplesanda small samplevolumemay
not be representative, the sampleclusternumbershouldbe below
athresholdwhichgeneratessamplegroupsof at leastfivesamples.
We usuallyvary the numberof sampleclustersfrom



to �0y�z to

maintaina goodcompromisebetweenthe numberof clustersand
theseparationamongthem.

3.2 Pattern discovery and feature pruning
3.2.1 Patterndiscovery
Theultimategoal of dataanalysisis to detecta targetpatternand
to selectrelatedfeatures.However, eachiterationalsohasasanin-
terim goal,thediscovery of a partialor approximatetargetpattern,
called the representativepatternof the target object. The repre-
sentative patternis selectedfrom elementsamongthesub-matrices
from thepreliminarystepsaccordingto thefollowing criteria:

- A targetgroupwhich hasa highercorrelationmeasureover
all featuregroupsis chosenastherepresentationof onecon-
dition;

- A contrarysetof targetgroupswhich mutualyhave a larger
dissimilaritymeasureis chosento representthepattern.

We measurethelikelihoodof theselectionof a giventargetgroup
asrepresentative groupby accumulatingits reciprocalof variance
over all featuregroups.This combinedmeasureis the representa-
tion degreefor eachtargetgroup,definedas:{ @ �J|/} " , @ " x~�����~ |/} " 2:9 "��� \�; T 9 � @ ? - (3)

where��� \�; T 9 � @ ? � �" 2:9 "+��" ,8@ " x� ��~ � x! ���+� ; �%�>� ! ` �j� � ��� ? i ' (4)

�j� � ��� � �" ,8@ " x! ����� �%�>� ! -
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��� \�; T 9 � @ ? is the row varianceof sub-matrix
T 9 � @ which mea-

surestheaccumulationof variancefor eachrow in thesub-matrix.
Low

��� \_; T 9 � @ ? valueshows theinvolvedsubsetof targetobjects
all have stablefeaturevectors. If this situationoccurswith most
groupsof featurevectors,targetgroup , @ is likely to bechosenas
therepresentative group.

Thetargetpatternis usuallyrepresentedby multiplegroupsof data.
The representationdegree is the measurefor single target group
only, andobjectswithin a groupwith a high representationdegree
aremorelikely to manifesta uniform condition.In orderto recog-
nizethefull representative pattern,at leastonetargetgroupshould
be selectedwhich displayseachcondition. Thosetarget groups
which have high representationdegreesandlargemutualdissimi-
larity betweeneachothershouldbechosento form arepresentative
pattern. Ourmethodis to firstchoosethetargetgroupwhichhasthe
highestrepresentationdegree, denotedby ,a�@ , andthenrankother
targetgroupsby a scorecombiningtheir representationdegreeand
dissimilarity to ,a�@ , asfollows:� @ � { @ x~ � ��~�� ; T 9 � @ ' T 9 � �@ ?�]� \�; T 9 � @ ? - (5)

where

� ; T 9 � @_' T 9 � �@ ? � x�+� ���+� � ��� ���N�� � $ ��;:�� 9 � ��� 'O�� 9 � ��� ?" ,8@ " R " ,a�@ " ' (6)

289 � ��$Be ' $ i '(-.-/' $ m ��'�� 9 � ��� ��� � � � � �+� ' � � � � ��� '(-.-/-/' � �u��� �+��� '�� 9 � ��� ��� � � � � ��� ' � � � � ��� '(-.-/-/' � �u��� ����� -�� 9 � ��� is a target object in sub-matrix
T 9 � @ , and �� 9 � ��� is a tar-

getobjectin sub-matrix
T 9 � �@ . � ; T 9 � @ ' T 9 � �@ ? is agroupaverage

distancedefinedbetweeneachtwo subsetsof targetobjectswithin
sub-matrices(

T 9 � @ vs.
T 9 � �@ ). It measuresthedifferencedistribu-

tion of two groupsof targetobjectsprojectedon thesamegroupof
features.It canalsobeviewedasdefiningthevariousfunctionsof
thefeatureson differenttargetobjects.

A few top-ranked targetgroupswith high
�

scores,alongwith the
group , �@ , areselectedto form therepresentativepattern.Thenum-
berof groupswhich form thepatternwill vary accordingto empir-
ical conditionsof thedata.

3.2.2 FeaturePruning
Anotherinterim goal in eachpattern-discovery iterationis to filter
out thosefeatureswhichareirrelevantor redundantwith respectto
the targetpattern.In this stage,therepresentative patternselected
from thelaststepis usedto sortall featuregroups.

Becausethe target patternconsistsof several groups,we hopeto
find featurevectorswhich have a high degreeof coherencefor all
targetgroupsandwhich displaylargedissimilaritiesbetweeneach
pair of target groupswith regardto manifestingthe target pattern
distribution. All featuregroupsare thereforeorderedin termsof
relevanceto the representative pattern. We definea ranking cri-
terion, termedreferencequality (denotedby � 9 ), for all feature
groups.Assumethattherepresentative patternincludes� groups:
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Figure 1: Distrib ution of ranked referencequality value for all
feature groups.��^� � � e ' � i '(-.-/- �#� � . Theformulafor �N9 is:� 9 � x� � � � � � ��� � ; T 9 � @ � ' T 9 � @ � ? R (7)

R �(¡_¢�£ ` ; ��� \_; T 9 � @ � ?6¤ ��� \_; T 9 � @ � ?0?X¥(¦ '
where

� @ � ' � @ � U ���� 48§ � @ � K�¨� @ � -
Whenall featuregroupsarerankedby thisreferencequality, feature-
pruningis performedby eliminatingsomegroupswhich fall at the
endof this ranked list. We examinethegroupsin thesecondhalf
of the ranked list, choosea “pruning point” betweentwo groups
with thelargestdifferencein referencequality values,andremove
the featuregroupsbelow the pruningpoint. Figure1 providesan
examplein which theline shows therankedreferencequalityvalue
of all featuregroups. As we can see,in the secondhalf of the
list (featuregroups©��ª��« ), the largestdifferenceoccursbetween
group ¬ and ­ . Thus,thepruningpoint will be setbetweenthese
groupsandgroups­ to ��« will befilteredout. Thesemanticmean-
ing of this pruningcriterionis that,while eachgroupbetween



to¬ shows slightly lessrelevanceto the targetpartition thanthepre-

viousgroup,group ­ andfollowing aremuchlessrelevantandthey
canbepruned.It is appropriateto selectthepruningpoint from the
secondhalf of therankedlists sothattoomany featureswill notbe
removed in a singlestep,particularlywhenthe largestdifference
appearsbetweenthefirst few groups.Sincetherepresentative pat-
tern determinedearlier in the processmay not exactly matchthe
actualpartition,reducingtoo many featuresbasedon thesupposed
patternmayleadto abiasedresult.

3.3 Classvalidation and termination
After oneiterationinvolving detectionof representative targetpat-
ternandselectionof features,a certainnumberof featureswill be
pruned.Theremainingfeaturesandtheentiresetof targetobjects
thenform a new matrixanda new iterationstarts.

We will now discusstheissueof determiningwhensufficient iter-
ationshave beenperformed.Ideally, iterationswill be terminated
whenastableandsignificantpatternof targetobjectshasemerged.
Thus, the iteration terminationcriterion involvesdeterminingthe
measurementandthresholdwhich identifiesa “stableandsignifi-
cant”pattern.
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Figure2: The CV value after eachiteration.

Theproposeof patterndiscoveryfor targetobjectsis basedoniden-
tifying groupsof empiricalinterestingdistributionsandpatternsin
theunderlyingdata.In general,we hopethattheobjectsin a given
groupwill besimilar (or related)to oneanotheranddifferentfrom
(or unrelatedto) theobjectsin othergroups.Thegreaterthesim-
ilarity (or homogeneity)within a group,andthegreaterthediffer-
encebetweengroups,thebetteror moredistinctthepattern.

As describedabove,aftereachiteration,we usetheremainingfea-
turesto classifytargetobjectsandthenusethecoefficient of vari-
ation(CV) to measurehow “internally-similarandwell-separated”
this partitionis: ® �¯� �°²±xm dfe b m"/" �³ m "." ' (8)

where
°

representstheclusternumber, ³ m indicatesthecenterof
group w , and b m representsthestandarddeviation of group w . As-
sumingthereare � objects( �´ e

, �´ e
,..., �´ 7 ) in group w , the standard

deviation of group w is definedas:

b m �µg c 7�sdfe "." �´ �¶` �³ m "." i� ` � -
It is clear that, if the datasetcontainsan “internally-similar and
well-separated”partition,thestandarddeviationof eachgroupwill
be low, andthe

® �
valueis expectedto besmall. Thus,basedon

the coefficient of variation,we mayconcludethat small valuesof
theindex indicatethepresenceof a “good” pattern.

Using thecoefficientof variation valueto identify aniterationter-
mination point is similar to using the referencequality to prune
features.We examinethevaluesaftereachiterationandterminate
thealgorithmafteraniterationwith a

® �
valuemuchsmallerthan

theprevious. In theexamplein Figure2, we have appliedthis ap-
proachto adatasetby monitoringthe

® �
until thefeaturenumber

is verysmall.This illustratesthechangein

® �
valuein relationto

featurenumbers.In this figure,the

® �
valuedropsabruptlyafter

a certainiteration(here,whenthefeaturenumberis lessthan100),
andtheiterationcanthenstop.This terminationpoint is indicated
by a redstar.

Anotherapplicableterminationconditioninvolvescheckingwhether
thenumberof featurevectorsis smallenoughto guidetarget-object

classprediction. This numberhighly dependon the type of data.
For example,in a typical biological system,the numberof genes
neededto fully characterizea macroscopicphenotypeandthefac-
tors determiningthis numberareoften unclear. Experimentsalso
show that, for certaindata,genenumbersvarying from ���·� 
 ���
canall serve asgoodpredictors[20]. For our microarraydataex-
periments,wehave chosen����� asa compromiseterminationnum-
ber; e.g. whenthe numberof genesfalls below ����� , the iteration
stops.This terminationconditionis usedonly asa supplementary
criterion.

Featuresthat remainwill be regardedas the selectedfeaturesre-
sultingfrom thispattern-discoveryapproach.They arethenusedto
classifythetargetobjectsfor afinal result.Sincethenumberof fea-
turesis relatively small, the traditionalclusteringmethodscanbe
appliedto theselectedfeatures.Theremainingfeaturescanalsobe
treatedas“predictors”to establishclusterlabelsfor thenext batch
of targetobjects.

4. PERFORMANCE EVALUATION
In this section,we will analyzethe effectivenessof the proposed
approachthroughexperimentsonvariousdatasets.Differentmea-
surementtechniquesaretestedandillustrated.

4.1 External evaluation criteria

4.1.1 Randindex
A measurementof “agreement”(calledthe“RandIndex” [36, 48])
betweentheground-truthof thetargetpartitionandthepatterndis-
covery result was usedto evaluatethe performanceof the algo-
rithm. Givena setof targetobjects, � � � e '0� i '(-.-/-/'0�0¸�¹�� , supposeº
� �0» e ' » i '�-/-.-/' » m�� is the actualpartition accordingto the con-
ditions of empirical interest,and ¼ � ��½ e ' ½ i '�-/-.-/' ½�¾ � is a parti-
tion of targetobjectsresultingfrom theclusteringalgorithmwhich
satisfies, � D m�sdfe » � � D ¾!(dfe ½ !

,
» ��¿ » � H �ÀI ;X�EÁ $ ' $ M Áw ? � 4:§ ½ !O¿ ½ ! H �JI ;X��ÁL)�'V) M Á � ? - Let a representthenumber

of pairsof objectsthatarein thesameclassin
º

andin thesame
clusterin ¼ , b representthenumberof pairsof objectsthatarein
thesameclassin

º
but not in thesameclusterin ¼ , c bethenum-

berof pairsof objectsthatarein thesameclassin ¼ but not in the
sameclusterin

º
, andd bethenumberof pairsof objectsthatare

in differentclassesin
º

andin differentclustersin ¼ . Thus,a and
d measuretheagreementof two partitions,while b andc indicate
disagreement.Theformulaof theRandIndex [36] is:Â�Ã�� � ¤ §� ¤ÅÄÆ¤ÅÇG¤ § - (9)

The RandIndex lies between� and � . When the two partitions
matchperfectly, theRandIndex is � . In our experiments,we cal-
culatea RandIndex valuebetweentheground-truthandtheresult
of eachpotentialmethodto evaluatethe quality of the clustering
algorithms.In thesetests,a highertheRandIndex valueindicates
betteralgorithmperforms.

4.1.2 Interactivevisualization
A linearmappingtool [9, 50]whichmapsthe 4 -dimensionaldataset
onto two-dimensionalspaceis usedto view thechangesin target-
datadistributionduringtheiterativeprocess.

Let vector �º�ÈÉ � ;>= É e '0= É i '�-�-�-�'X= É ¸ ? representa dataelementin
the 4 -dimensionalspace.Equation(10) describesthemappingof
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DataSet MS IFN MS CON Leukemia
Sample# 28 30 72

k-means 0.4815 0.4851 0.5070
SOM 0.4815 0.4920 0.5027
k-meanswith PCA 0.4841 0.4851 0.5246
SOMwith PCA 0.5238 0.5402 0.5180
CLUTO 0.4815 0.4828 0.5121

Table 1: Rand Index value reachedby applying several mi-
croarray data analysistools.

�º ÈÉ ontoa two-dimensionalpoint �¼ ÈÉ :�¼ ÈÉ � ¸x �sdfe ;Ê� �:Ë = É � ? �2 � � �OULÌ ` ��'��3Í (10)

where4 is thenumberof dimensionsof theinputspace,and �2 � ; $ ���' 
 '�-�-(-�'04 ? areunit vectorswhich divide the centercircle of the
displayinto 4 equaldirections,i.e., �2 � � 
+Î y+4 ËÏ$

. Themapping
Formula (10) replicatesthe correlationrelationshipof the input
spaceontothetwo-dimensionalimages.Notethatpoint ; �_'1�_'(-�-�-�'B� ?
in theinput spacewill bemappedontothetwo-dimensionalcenter; �#'1� ? (assumingall dimensionweightsareequal).Additionally, all
pointsin theformat ; � ' � '�-�-�-�' � ? will alsobemappedto thecenter.
If �l and �n have thesamepattern;i.e., ratiosof eachmappedpair,
thesevectorswill bemappedontoa straightline acrossthecenter
of the


 � displayspace.All vectorswith samepatternas �l and�n will bemappedonto that line. This mappingmethodtakesthe
advantageof graphicalvisualizationtechniquesto revealtheunder-
lying datapatterns.

4.2 Experimental Results
We will now presentexperimentalresultsusing threemicroarray
datasets. The first two datasetsare from a study of multiple-
sclerosispatientscollectedby the NeurologyandPharmaceutical
SciencesDepartmentsof theStateUniversityof New York at Buf-
falo [32]. Multiple sclerosis(MS) is a chronic,relapsing,inflam-
matorydisease,andinterferon-Ð (IFN- Ð ) hasofferedthemaintreat-
ment for MS over the last decade[49]. The MS datasetincludes
two groups: the MS IFN group,containing


 ¬ samples(14 MS,
14 IFN), andtheMS CON group,containing«�� samples(15 MS,
15 Control). Eachsampleis measuredover Ñ���« 
 genes.Thethird
dataset is basedon a collection of leukemia patientsamplesre-
portedin (Golubetal.,1999)[20]. Thematrix includes72samples
(47 ALL vs. 25AML). Eachsampleis measuredover 7129genes.
Theground-truthof thepartition,which includessuchinformation
ashow many samplesbelongto eachclusterandthe clusterlabel
for eachsample,is usedonly to evaluatetheexperimentalresults.

To evaluatethe performanceof the proposedalgorithm,we com-
paredits performancein classifyingthesampleswith severalpop-
ular microarraydataanalysistools suchasCLUSFAVOR [35], J-
Express[37], CIT [14] andCLUTO [39]. Themajorunsupervised
dataanalysismethodsinvolved include: K-means,self-organizing
maps(SOM),clusteringalgorithmsbasedonthegraph-partitioning
paradigm(CLUTO) andthedimensionalityreductionmethodPCA
(principalcomponentanalysis).

Table1 providespatternmatchingresultobtainedby directly ap-
plying the above algorithmsto high gene-dimensiondatawithout
an iterative process.All thesealgorithmswereappliedto thema-

Figure3: Rand Index valuesfor the Iterati vePattern-Discovery
approachand comparison with other methods. IPD(k) stands
for Iterati ve Pattern-Discovery with K-meansasbasiccluster-
ing algorithm. IPD(s) stands for Iterati ve Pattern-Discovery
with SOM asbasicclustering algorithm.

trix after datastandardizationaccordingto Equation(1). This ta-
ble indicatesthatperformanceof SOM is slightly superiorfor the
two MS datasets.TheCLUTO performedbetterwith theleukemia
datasets.However, noneof thesemethodsresultedin a very good
matchingrate.Sincethecentralideaof principalcomponentanal-
ysis (PCA) is to reducethe dimensionalityof the dataset while
retainingasmuchaspossiblethevariationin thedataset,principal
components(PC’s) do not necessarilycapturetheclusterstructure
of thedata[48]. Sotheresultsof clusteringwith PCA did not im-
prove theresultssignificantly.

Theproposediterativepattern-discoveryapproachwasalsoapplied
to thesamegeneexpressionmatrices.Theresultsobtaineddepend
on thebasicclusteringalgorithmin thepreliminarysteps.Figure3
providesclusteringresultsof the multiple sclerosisandleukemia
datasets.Thefirst two columnaretheRandIndex valuesachieved
by iterativepattern-discoveryapproach.Theseresultsindicatethat,
theindex is consistentlyhigherthantheresultsobtainedby directly
applyingothersmethods.

In Figure4, the interactive visualizationtool is usedto show the
distribution of samplesduring the iterative pattern-discovery pro-
cedure.As indicatedby this figure,prior to theapplicationof the
iterative approach,the samplesare uniformly scattered,with no
obvious clusters. As the iterationsproceed,sampleclusterspro-
gressively emergeuntil in Figure4(D), thesamplesareclearlysep-
aratedinto two groups. The greenand red dots indicatethe ac-
tualpartitionof thesamples,while thetwo dashedcirclesshow the
clustersresultingfrom theiterativeapproach,with arrows pointing
outtheincorrectly-classifiedsamples.Thisvisualizationprovidesa
clearillustrationof theiterative process.Here,it selected96genes
asfeaturesandclassified28 samplesinto two groups.11 samples
arein groupone,matchingthe MS diseasesamples.Another17
samplesarein grouptwo, of these,14 arefrom the IFN treatment
groupand3 areincorrectlymatched.

Figures3 and4 thereforeillustratetheeffectivenessof theiterative
pattern-discovery methodfor suchhigh-dimensionalgenedata.
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Figure 4: The iterati ve approachasapplied to the MS IFN group. (A) shows the distrib ution of the original 28 samples.Each point
representsa samplemappedfr om the intensity vectorsof 4132genes.(B) shows the distrib ution of the 28 samplesover 2015genes.
(C) shows the distrib ution of the 28 samplesover 312 genes.(D) shows the distrib ution of the same28 samplesafter the iterati ve
approach.The 4132geneshave beenreducedto 96 genes,thereforeeachsampleis a 96-dimensionvector.

5. CONCLUSION
In this paper, we have presentedan iterative strategy for pattern
discovery in high dimensionaldatasets,motivatedby the needs
of emerging microarraydataanalysis. This approachcan detect
significantpatternswithin targetdatasetswhile dynamicallyprun-
ing out irrelevant featuresandselectingsignificantfeatureswhich
manifesttheconditionsof actualempiricalinterest.Theapproach
canbe generalizedto a wide rangeof applicationsin which data
setsarerepresentedby featureshaving very high dimensionsand
large numbersof irrelevant and redundantfeaturesprevent accu-
rategroupingof the targetobjects.We have demonstratedthe ef-
fectivenessof this approachthroughexperimentsconductedwith
two multiple-sclerosisdatasetsanda leukemiadataset.Theseex-
perimentsindicatethatthisappearsto bea promisingapproachfor
unsupervisedpatterndiscovery on high-dimensionaldatasets.
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