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ABSTRACT

High-dimensionatlatarepresentatioim whicheachdataitem (termed

target object)is describedby mary features,is a necessargom-
ponentof mary applications. For example,in DNA microarrays,
eachsample(target odject) is representedby thousandf genes
asfeatures.Patterndiscovery of targetobjectspresentsnteresting
but alsovery challengingproblems.The datasetsaretypically not
task-specificmary featuresareirrelevantor redundanandshould
beprunedoutor filteredfor thepurposeof classifyingtargetobjects
to find empiricalpattern.Uncertaintyaboutwhich featuresarerel-
evant malesit difficult to constructan informative featurespace.
This paperproposesan iterative stratey for patterndiscovery in
high-dimensionatiatasets. In this approachtheiterative process
consistof two interactve componentsdiscovering patternsvithin
targetobjectsandpruningirrelevantfeatures.The performanceof
the proposednethodwith variousrealdatasetsis alsoillustrated.

1. INTRODUCTION

1.1 Interestingscenariosand a new challenge
High-dimensionadatarepresentationin which eachdataitem is

describedy mary featuresjs anecessargomponenbf mary ap-
plications. For example,customemrecordscompiledby banksor

supermarktscontainmary featureso represeneachcustomerin

biological systemsthe DNA microarraytechnologypermitsrapid,
large-scalescreenindor patternsof geneexpressionandgivessi-

multaneoussemi-quantitatie readoutson the level of expression
of thousand®f genesfor sampleq12, 16, 26, 38, 40]. In thatin-

stance,eachsampleis representedby its featuresin the form of

thousand®f genes.In this paper we will referto entitiessuchas
samplesastarget objects

In the scenariosmentionedabove, clusteringor classificationis
neededon both the level of featuresand of target objects. Mary
data-miningapproacheblave beenproposedvhich clusteror group
relatedfeaturespertainingto supermarkt customersotheir shop-
ping patternscanbe determined21]. With geneexpressiondata,
researcherareinterestedn identifying geneswith interactor have

similar cellularfunctions[4]. For example,clusteringcanbe used
to groupgeneghatmanifestsimilar expressiorpatterngor a setof

sampled5, 15, 8, 24, 31, 34]. Additionally, classificationof cus-
tomersor sampleds alsouseful. For example,classificatiormeth-
ods have beenusedto group differenttypesof credit-cardhold-

ers.Biologicalsamplesnaybeclassifiednto homogeneougroups
which may correspondo particularmacroscopi@phenotypessuch
asclinical syndromer cancertypes[6, 20, 41]. In this instance,
samplesareviewed asthe objectsto be clusteredwith thelevel of

expressionof eachgeneplaying the role of the features.Classify-
ing sample®r customerso revealtheirempiricalconditionss also
regardedasthe procesof patterndiscovery in thetargetobjects.

Patterndiscovery of targetobjectspresentsnterestingout alsovery
challengingproblems.The datasetsaretypically nottask-specific,
mostof the featurescollectedfor targetobjectsarenot necessarily
of interest.Consequentlymary featuresareirrelevantor redundant
for the purposeof targetobjectclassificatiorandshouldbe pruned
outorfiltered. Uncertaintyaboutwhich featuresarerelevantmakes
it difficult to construcianinformative featurespace.

1.2 Relatedwork

The mary data-clusteringnethodswhich have beenproposedall
into two major categories: supervisedlusteringandunsupervised
clustering. The supervisedapproachassumeghat additionalin-
formationis attachedto some(or all) objects,for example, that
biological samplesare labeledas diseasedss. normal. The goal
of supervisedapproachis to build a classifierto predictthe labels
for futurecomingobjects.A variety of supervisedlusteringmeth-
ods have beenproposedsuchas neighborhoodanalysis[20], the
supportvectormaching[10, 18], statisticalapproachesuchasthe
maximum-entrop model[27], SAM (significanceanalysisof mi-
croarrays)45], andavariety of ranking-basedhethodq7, 29,33].

In this paperwe will focuson unsupervise@pproachesvhich as-
sumelittle or no prior knowledge. The goal of suchapproachess
to partitionthedataseinto statisticallymeaningfulkclasse$7]. The
hierarchicaklustering(HC) [3, 15, 25] andK-meansclusteringal-
gorithms[30, 22, 23, 43], aswell asself-oiganizingmaps(SOM)
[20, 28, 42], arethe majorunsupervisedlusteringmethodswhich
have beencommonlyappliedto variousdatasets. Methodsusing
principalcomponengnalysisPCA) have beenproposedo reduce
the numberof featuresinvolved in the datasets. However, since
theresultslargely dependnthedatadistribution, suchapproaches
do not necessarilfully capturemostof the clusterstructureg448].
For biologicalapplicationsAlon atal. [4] proposed partitioning-
basedalgorithmin which genesandsampleswereclusterednde-



pendently Getzetal. [19] proposech coupledtwo-way clustering
methodto identify subsetof bothgenesandsamples.Xing etal.
[46] proposeda clusteringmethodcalled CLIFF which iteratively
usessamplepartitionsasa referenceo filter genes.Noneof these
approachesffersadefinitive solutionto thefundamentathallenge
of detectingneaningfulpatternsn targetobjectswhile pruningout
irrelevant featuresin a context wherelittle domainknowledgeis
available.

1.3 Contribution of the presentreseach

In thispaperwewill presentnew iterative stratey for patterndis-
coveryin high-dimensionatlatasets.In this approachtheiterative
processconsistsof two interactve components:discovering pat-
ternswithin targetobjectsandexcisingirrelevantfeatureinforma-
tion. Usingthesetwo processesye candelineateherelationships
betweerfeatureclustersandtarget-datagroupswhile conductinga
iterative searcHor targetpatternsanddetectingsignificantfeatures
of empiricalinterest.Theperformancef theproposednethodwill
beillustratedin the context of variousreal datasets.

Theremainderf this paperis organizedasfollows. Section2 in-

troducesthe conceptsunderlyingthis iterative stratgy while the
algorithmto implementtheseconceptss presentedn Section3.

Experimentakresultsappearn Section4 and concludingremarks
in Section5.

2. STRATEGY AND CONCEPTS

In this section,we will introducethe conceptanderlyingthe pro-
posedstratey for patterndiscovery in high dimensionadatasets.
In this concepttarget objectsare usuallyrepresenteds pointsin

a high dimensionakpacewhereeachdimensionrepresents dis-
tinct featuredescribinghedata.Thestratey presenteds intended
to simplify thediscovery of patternsn thedatarepresenteé very
largefeaturespaces.

The goal involvestwo interrelatedtasks: detectionof meaningful
patternswithin the targetobjectsandselectionof thosesignificant
featuresvhich contrikuteto thetargetdatasempiricalpattern.This
is differentfrom subspacelustering[2, 1, 11,47] whichis to find
a set of subspaceclustersand the correspondingeaturesubsets
for eachclustersuchthat the objectsin one subspacelusterare
closeto eachotherin the subspacelefinedby thesefeatures. In
subspacelustering, the featuresubsetdor different clustersare
differentwhile our goalis to find a single setof featuresto clas-
sify all objects. Furthermore subspacelusteringapproachesre
suitablefor suchdatasetsthatobjectnumberis very large, but fea-
ture dimensionis relatively small (e.g. 10* ~ 10° objectsversus
20 ~ 100 featuresn [2, 1, 11,47]). But our researclis analyzing
somereal datasetsthatthe numberof target objectsis limited but
featuredimensionis very large. For example,in microarraydata
sets thenumberof sampless usuallylessthan100 dueto thecost
of the experimentsput the numberof geneqregardedasfeatures
for samples)s around10® ~ 10*. Within suchkind of datasets,
thefactorssuchasthe sparsityof data,the high dimensionalityof
the featurespace,andthe high percentagef irrelevant or redun-
dantfeaturesmale it very difficult eitherto classifytarmgetobjects
or pick out substantiafeatureswith unsupervisednanner

To addressheseproblems,we proposethe unsupervisedterative
pattern-disceery stratgy for high dimensionaldata sets,which
consistof threemaincomponents:

e Initialization partition.
o Interrelatediteration.

— Patterndiscovery.

— Featue pruning

e Classvalidation

Considera datasetwhichis formulatedasa matrix with the target
objectsin columnsandfeaturesin rows. We first clusterboth the
targetobjectsandfeaturesnto severalexclusive smallergroupsand
divide the original matrix into a seriesof exclusive sub-matrices
basedon this partition. The goalsof patterndiscovery andfeature
identificationwill beachievedby analyzingthecorrelationsamong
thesesub-matrices.

Sincethe volume of featuresis large and no information regard-
ing the actualpartition of the target objectsassumedo be avail-
able,we cannotdirectly identify the patternsor significantfeatures.
Rather thesegoalsmustbe graduallyapproachedFirst, we ana-
lyze smallersubsetof boththetargetobjectsandfeaturesanduse
the relationshipsthus discoreredto posta partial or approximate
patterncalledarepresentativgattern Wethenusethisrepresenta-
tive patternto directthe eliminationof irrelevantfeatures.In turn,
theremainingmeaningfulfeatureswill guidefurthertargetpattern
detection. Thus,we canformulatethe problemof patterndiscor-
ery in the original datavar aninterplaybetweerrepresentatke tar
getpatterndetectiorandirrelevantfeaturepruning. Becausef the
compleity of the matrix, this procedureusually requiresseveral
iterationsto achieve satishictoryresults. The iterative strat@y in
whichthesetwo correlatedorocessess atthe coreof thisapproach
to highdimensionatataanalysis.

Thecriteriafor terminatingthe seriesof iterationsis determinedy
evaluatingthe quality of the datapartition. Thisis achievedin the
“class validation” phaseby assigningcertainstatisticalmeasures
to the selectedeaturesandthe relateddatapartition. Whena sta-
ble andsignificantpatternof dataemepes,theiterationstops,and
theselectedeaturesandtherelateddatapartitionbecomethefinal
resultof the process.

3. ITERATIVE STRATEGY FOR PATTERN
DISCOVERY

In this section,we will presentdetailsrelatingto the implementa-
tion of theiterative pattern-disceery strateyy.

3.1 Preliminary steps

Werepresenthedataasans by ¢ matrix, wheretherearet columns,
onefor eachtarget object,and s rows, onefor eachfeature. One
row of featuress alsocalledafeatue vector. Thus,afeaturevector
containghevaluesof a particularfeaturefor all targetobjects.

Let M = {mi;jli =1~ t,j =1 ~ s} representhe original
matrix, whereT = {1, 2, ..., t} representsheindicesof thetarget
objects,and S = {1,2,..., s} representshe indicesof the fea-
tures.Thefirst stepis to clusterfeaturesnto n, groupsandcluster
target objectsinto n: groups. We usetheir indicesto denotethe
groupsas S (z = 1,2,...,ns) andTy(y = 1,2, ...,n:), which
satisfy |J S, = S while S, (]S =0 (z #2') andT, =T



while T, ﬂ T, =0 (y # y'). Combiningthe intersectiorof tar-
get and featuregroupsabove, we have ns x n: exclusive sub-
matrices Eachsub-matrixconsistof theintersectiorof onegroup
of targetobjectsandonegroupof featuresdenotedas

Mx,y = {mi,j| XS Sx,j € Ty}.
Thus

UMey =M (z=1,2,...,m5, y =1,2,...,m),

and
Mac,y m Mcc’,y’ = 0 (.CU 75 xl ory # yl)

Severaladditionalaspect®f this clusteringorocedureareaddressed
below.

3.1.1 Data Standadization

Data sometimeseedsto be transformedbeforebeing used[22].

For example featuresmaybemeasuredisingdifferentscalessuch
ascentimeterandkilograms.In instancesvherethe rangeof val-

uesdiffers widely from featureto feature,thesediffering feature
scalescandominatethe resultsof the clusteranalysis. It is there-
fore commonto standardizehe datasothatall featuresareon the
samescale.

Thecommonapproactor datastandardizatiors:

mi; = —— @)

a;

where

_ E;:1 mi,j \/EJ —1(mij —mi)?
m; = 3

t t—1

andm; ; denoteshe standardizedaluefor featurevector: of tar-
getobjectj, m; ; representtheoriginal valuefor features of target
objecty, t is thenumberof targetobjectsm; is themeanof theval-
uesfor featurevector: overall tamgetobjects,ando; is thestandard
deviation of theit" featurevector

3.1.2 Similarity measue

Many methodf clusteranalysisdependn somemeasuref sim-
ilarity (or distancebetweerthe vectorsto be clustered.Although
Euclideandistanceis a populardistancemeasureor spatialdata,
the correlation coeficient[13] is widely believed to be moresuit-

ablefor pattern-disceery approachebecausé measurethestrength

of the linear relationshipbetweentwo vectors. This measurehas
the adwantageof calculatingsimilarity on the basisonly of the
patternand not the absolutemagnitudeof the spatialvector The
formulafor the correlationcoeficient betweentwo vectorsX =
(z1,z2,...xk) andY = (y1,y2, ...yx) IS:

SF (@i — 7)Y —7)

VE @ -1 (i - 9)

wherek is thelengthof vectorsX andY’, and

@)

Pxy =

?rl'—‘
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We will usethe correlation coeficient as the similarity measure
for the proposedlusteringapproactsothatpatternsimilaritiesbe-

tweenfeaturesor target objectsin eachgroupwill be revealedre-
gardlesf their spatialproximity.

3.1.3 Estimatingthe numberof clustess
Clusteringalgorithms,suchas K-meansand SOM, requireusers
to prescribethe numberof clustersfor a dataset. Although other
clusteringmethods suchasHC, do not needa clusternumberas
an input parameterthe numberof clustersis still indirectly influ-
encedby a userassignednput parametere.g.,the affinity thresh-
old. Therefore,the numberof clustersof target objects(n;) and
featuregn;s) needgo bedecidedprior to partition.

Somestatisticalapproachesuchasthe BayesiariModel Selection
[17] andthe Gap Statistic[44] have offeredstatisticalguidelinese-
gardingthe numberof clusters.However, no definitive methodhas
yetbeendevelopedto determinghe optimalnumberof groupsand
groupsize. The appropriataangesof clusternumberdor features
andtargetobjectsdependn the specificapplication.For example,
in biological applications experienceshavs that genesassociated
with similar functionsalways involve betweensereral dozenand
several hundredentities. Thus, clusternumbersfor genesshould
be selectedsothata majority of groupswill containseveraldozen
to several hundredgenes. With sampleswherea typical matrix
containsfewer than100 samplesanda small samplevolume may
not be representatie, the sampleclusternumbershouldbe belov
athresholdwhich generatesamplegroupsof atleastfive samples.
We usually vary the numberof sampleclustersfrom 2 to ¢/5 to
maintaina good compromisebetweernthe numberof clustersand
the separatioramongthem.

3.2 Pattern discovery and feature pruning
3.2.1 Patterndiscovery

The ultimategoal of dataanalysisis to detecta target patternand
to selectrelatedfeatures However, eachiterationalsohasasanin-
terim goal,the discovery of a partial or approximatdargetpattern,
called the representativepattern of the target object. The repre-
sentatve patternis selectedrom elementsamongthe sub-matrices
from the preliminarystepsaccordingto the following criteria:

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

- A contrarysetof targetgroupswhich mutualyhave a larger
dissimilaritymeasures choserto representhe pattern.

We measurahelik elihoodof the selectionof a giventargetgroup
asrepresentate groupby accumulatingts reciprocalof variance
over all featuregroups. This combinedmeasuras the representa-
tion degreefor eachtargetgroup,definedas:

lg | Sz
W=l Y g ©
Sz€S e
where
Var(Mw,y) | | Z Z mla] miaTy)zi (4)
Yy

1€Sg JETY

i, = 3 m
2ty |T?1|J€T 5.



Var(M, ) is the row varianceof sub-matrixM,_ , which mea-
surestheaccumulatiorof variancefor eachrow in the sub-matrix.
Low Var(M,,,) valueshavs theinvolved subsebf targetobjects
all have stablefeaturevectors. If this situationoccurswith most
groupsof featurevectors targetgroupTy, is likely to be choseras
therepresentatie group.

Thetargetpatternis usuallyrepresentetly multiple groupsof data.
The representationdegree is the measurefor single target group
only, andobjectswithin a groupwith a high representatiordegree

aremorelikely to manifesta uniform condition. In orderto recog-
nizethefull representate pattern,atleastonetarmgetgroupshould
be selectedwhich displayseachcondition. Thosetarget groups
which have high representatiordegreesandlarge mutual dissimi-

larity betweereachothershouldbechoserto form arepresentative
pattern Ourmethodsto firstchoosehetamgetgroupwhichhasthe

highestrepresentatiordegreg denotedby T3, andthenrank other

targetgroupsby a scorecombiningtheir representatiordegreeand

dissimilarityto T, asfollows:

D(My,y, My 5)
by =y Y AR ®)
s Var(Mz,y)
where
Z Dis(1hiz,p, , Mz po)
T, ,pa€T;
D(Mw,y:Mz,ﬁ) = DE ety (6)

|Ty| > [T ’

Sz = {i1,%2, -, 0k},
o
Ma,py =< Miy,pyy Mig,pyy ey Mig,p1 >,

5
Mz, py, =< My ,poy Mig,poy s My, ,po > .

Maz,p, IS atargetobjectin sub-matrixM;,,, andmi ., is atar
getobjectin sub-matrixM, ;. D(M,,,, M, ;) IS agroupaverage
distancedefinedbetweenreachtwo subsetof targetobjectswithin
sub-matrice¢M; , Vs. My 3). It measureshedifferencedistribu-
tion of two groupsof targetobjectsprojectedon the samegroupof
features.t canalsobe viewed asdefiningthe variousfunctionsof
thefeatureson differenttargetobjects.

A few top-ranledtargetgroupswith high é scoresalongwith the
groupTy, areselectedo form therepresentate pattern. Thenum-
berof groupswhich form the patternwill vary accordingo empir
ical conditionsof the data.

3.2.2 Feature Pruning

Anotherinterim goalin eachpattern-disceery iterationis to filter
outthosefeaturesvhich areirrelevantor redundantvith respecto
thetametpattern.In this stage the representaie patternselected
from thelaststepis usedto sortall featuregroups.

Becausehe target patternconsistsof several groups,we hopeto
find featurevectorswhich have a high degreeof coherencdor all
targetgroupsandwhich displaylarge dissimilaritiesbetweeneach
pair of targetgroupswith regardto manifestingthe target pattern
distribution. All featuregroupsarethereforeorderedin termsof
relevanceto the representate pattern. We definea ranking cri-
terion, termedreferencequality (denotedby A.), for all feature
groups.Assumethatthe representatie patternincludesk’ groups:

Ranked Reference Quality Value
155 T T T T

351

Reference Quality

FeatureGroup

Figure 1: Distrib ution of ranked referencequality value for all
feature groups.

J = {J1,Js,...Jx }. Theformulafor X, is:

Z [D(MmmaMm,yz) X @)

Jyq5Jyg

X exp ( = (Var(Mz,y,) + V‘“"(Mw,yz)))],

Ae =

whereJy,, Jy, € J and Jy, # Jys.

Whenall featuregroupsarerankedby thisrefeencequality, feature-
pruningis performedby eliminatingsomegroupswhich fall atthe
endof this ranked list. We examinethe groupsin the seconchalf
of the ranked list, choosea “pruning point” betweentwo groups
with the largestdifferencein refeencequality values,andremove
the featuregroupsbelon the pruningpoint. Figure 1 providesan
examplein whichtheline shavs therankedrefeencequality value
of all featuregroups. As we can see,in the secondhalf of the
list (featuregroups? ~ 13), thelargestdifferenceoccursbetween
group8 and9. Thus,the pruningpointwill be setbetweerthese
groupsandgroups9 to 13 will befilteredout. Thesemantianean-
ing of this pruningcriterionis that, while eachgroupbetweer to
8 shaws slightly lessrelevanceto the target partitionthanthe pre-
viousgroup,group9 andfollowing aremuchlessrelevantandthey
canbepruned.lt is appropriatéo selecthepruningpointfrom the
seconchalf of therankedlists sothattoo mary featureswill notbe
removed in a single step, particularlywhenthe largestdifference
appeardetweerthefirst few groups.Sincetherepresentate pat-
tern determinedearlierin the processmay not exactly matchthe
actualpartition, reducingtoo mary featuresbasedon the supposed
patternmayleadto abiasedresult.

3.3 Classvalidation and termination

After oneiterationinvolving detectionof representatie targetpat-
ternandselectionof featuresa certainnumberof featureswill be
pruned.Theremainingfeaturesandthe entiresetof tamgetobjects
thenform anewv matrixanda new iterationstarts.

We will now discusghe issueof determiningwhensuficient iter-

ationshave beenperformed.Ideally, iterationswill beterminated
whena stableandsignificantpatternof targetobjectshasemeged.
Thus, the iteration terminationcriterion involves determiningthe

measuremenrdandthresholdwhich identifiesa “stable and signifi-

cant” pattern.
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Figure 2: The CV value after eachiteration.

Theproposeof patterndiscovery for targetobjectss basedniden-
tifying groupsof empiricalinterestingdistributionsandpatternsn
theunderlyingdata.ln generalwe hopethatthe objectsin agiven
groupwill besimilar (or related)to oneanotheranddifferentfrom
(or unrelatedto) the objectsin othergroups. The greaterthe sim-
ilarity (or homogeneity)within a group,andthe greaterthe differ-
encebetweergroups the betteror moredistinctthe pattern.

As describedhbove, aftereachiteration,we usethe remainingfea-
turesto classifytargetobjectsandthenusethe coeficient of vari-
ation(CV) to measurénow “internally-similarandwell-separated”
this partitionis:

N
1 Ok
CV =— YT (8)
N 2 T

whereN representshe clusternumber u, indicatesthe centerof
groupk, andoy, representshe standarddeviation of groupk. As-
sumingtherearet objects(#1, ¥1,..., ¥¢) in groupk, the standard
deviation of groupk is definedas:

Sl T — il
t—1 :

It is clearthat, if the datasetcontainsan “internally-similar and
well-separatedpartition, the standardieviation of eachgroupwill

below, andthe C'V valueis expectedto be small. Thus,basedon
the coeficient of variation,we may concludethat small valuesof
theindex indicatethe presencef a“good” pattern.

O =

Usingthe coeficient of variation valueto identify aniterationter-

mination point is similar to using the refelencequality to prune
features.We examinethe valuesafter eachiterationandterminate
thealgorithmafteraniterationwith a CV valuemuchsmallerthan
the previous. In the examplein Figure 2, we have appliedthis ap-
proachto a datasetby monitoringthe CV" until thefeaturenumber
is very small. Thisillustratesthechangen C'V valuein relationto

featurenumbers.In this figure,the CV valuedropsabruptlyafter
a certainiteration(here , whenthefeaturenumbers lessthan100),

andtheiterationcanthenstop. This terminationpointis indicated
by aredstar

Anotherapplicableerminationconditioninvolvescheckingwhether
thenumberof featurevectorss smallenoughto guidetarget-object

classprediction. This numberhighly dependon the type of data.
For example,in atypical biological system,the numberof genes
neededo fully characterizea macroscopi@henotypeandthe fac-
tors determiningthis numberare often unclear Experimentsalso
shaw that, for certaindata,genenumbersvaryingfrom 10 ~ 200
canall sene asgoodpredictors[20]. For our microarraydataex-
perimentswe have chosenl00 asa compromisgerminationnum-
ber; e.g. whenthe numberof genesfalls belowv 100, theiteration
stops. This terminationconditionis usedonly asa supplementary
criterion.

Featureghat remainwill be regardedasthe selectedeaturesre-
sultingfrom this pattern-disceery approachThey arethenusecdto
classifythetargetobjectsfor afinal result. Sincethenumberof fea-
turesis relatively small, the traditional clusteringmethodscanbe
appliedto theselectedeatures Theremainingfeaturescanalsobe
treatedas“predictors”to establistclusterlabelsfor the next batch
of targetobjects.

4. PERFORMANCE EVALUATION

In this section,we will analyzethe effectivenessof the proposed
approachhroughexperimentson variousdatasets.Differentmea-
surementechniquesretestedandillustrated.

4.1 External evaluation criteria
4.1.1 Randindex

A measuremertf “agreement’(calledthe“RandIndex” [36, 48])
betweerthe ground-truthof the targetpartitionandthe patterndis-
covery resultwas usedto evaluatethe performanceof the algo-
rithm. Givena setof targetobjectsT’ = {t1, t2, ..., tn, }, SUPpPOSE
P = {p1,p2,...,pr} is the actualpartition accordingto the con-
ditions of empiricalinterest,and@ = {q1, g2, ..., gm } is a parti-
tion of targetobjectsresultingfrom the clusteringalgorithmwhich
satisfiesT = U*_, p; = UtigpiNpe =0 1 <44 <
k) and g¢; N g;» =0 (1 < j,j' < m). Letarepresenthenumber
of pairsof objectsthatarein the sameclassin P andin the same
clusterin Q, b representhe numberof pairsof objectsthatarein
thesameclassin P but notin the sameclusterin @, ¢ bethenum-
berof pairsof objectsthatarein thesameclassin @ but notin the
sameclusterin P, andd be the numberof pairsof objectsthatare
in differentclassesn P andin differentclustersin Q. Thus,a and
d measurehe agreemenbf two partitions,while b andc indicate
disagreemenfTheformulaof the Randindex [36] is:
a+d

RI_a+b+c+d' ©
The RandIndex lies between0 and1. Whenthe two partitions
matchperfectly the RandIndex is 1. In our experimentswe cal-
culatea RandIndex value betweerthe ground-truthandthe result
of eachpotentialmethodto evaluatethe quality of the clustering
algorithms. In thesetests,a higherthe Randindex valueindicates
betteralgorithmperforms.

4.1.2 Interactivevisualization

A linearmappingool [9, 50] whichmapsthen-dimensionatiataset
onto two-dimensionabkpaceis usedto view the changesn tamget-
datadistribution duringtheiterative process.

Let vectorPZ* = (xg1,242,...,2gn) represent dataelementin
the n-dimensionakpace.Equation(10) describeghe mappingof



DataSet MS_IFN | MS_.CON | Leukemia
Samplet 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.

P> ontoatwo-dimensionapoint Q% :

n

Q5 =Y (N x24i)S;

i=1

Ai € [-1,1] (10)

wheren isthenumberofdimensionS)ftheinputspaceandS’} (i=

1,2,...,n) areunit vectorswhich divide the centercircle of the
displayinto n equaldirections,i.e., S = 2w /n * i. Themapping
Formula (10) replicatesthe correlationrelationshipof the input

spaceontothetwo-dimensionaimages Notethatpoint(0, 0, . . ., 0)
in theinput spacewill be mappedntothetwo-dimensionatenter
(0, 0) (assumingall dimensionweightsareequal).Additionally, all

pointsin theformat(a,a, . . ., a) will alsobemappedo thecenter

If X andY have thesamepattern;i.e., ratiosof eachmappedoair,

thesevectorswill be mappedonto a straightline acrossthe center
of the 2D displayspace.All vectorswith samepatternas)_f and
Y will be mappedonto thatline. This mappingmethodtakesthe

adwantageof graphicalisualizationtechniquego revealtheunder

lying datapatterns.

4.2 Experimental Results

We will now presentexperimentalresultsusing three microarray
datasets. The first two datasetsare from a study of multiple-
sclerosispatientscollectedby the Neurologyand Pharmaceutical
ScienceDepartment®f the StateUniversity of New York at Buf-
falo [32]. Multiple sclerosiSMS) is a chronic,relapsing,inflam-
matorydiseaseandinterferonf (IFN-3) hasofferedthemaintreat-
mentfor MS over the last decadg49]. The MS dataseincludes
two groups: the MS_IFN group, containing28 samples(14 MS,
14 1FN), andthe MS_CON group,containing30 sampleg15 MS,
15 Control). Eachsampleis measuredver 4132 genes.Thethird
datasetis basedon a collection of leukemia patientsamplesre-
portedin (Golubetal., 1999)[20]. Thematrixincludes72 samples
(47 ALL vs. 25 AML). Eachsampleis measuredver 7129genes.
Theground-truthof the partition,which includessuchinformation
ashow mary sampleshelongto eachclusterandthe clusterlabel
for eachsamplejs usedonly to evaluatethe experimentakesults.

To evaluatethe performanceof the proposedalgorithm, we com-
paredits performancen classifyingthe sampleswith several pop-
ular microarraydataanalysistools suchas CLUSFAVOR [35], J-
Expresq37], CIT [14] andCLUTO [39]. The majorunsupervised
dataanalysismethodsinvolved include: K-means self-olganizing
maps(SOM), clusteringalgorithmsbasednthegraph-partitioning
paradigm(CLUTO) andthedimensionalityreductionmethodPCA
(principalcomponenainalysis).

Table 1 provides patternmatchingresultobtainedby directly ap-
plying the above algorithmsto high gene-dimensiomiatawithout
aniterative process.All thesealgorithmswereappliedto the ma-

Comparison of pattern matching results
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Figure3: Rand Index valuesfor the Iterati ve Pattern-Discovery
approach and comparisonwith other methods. IPD(k) stands
for Iterati ve Pattern-Discovery with K-means as basic cluster-
ing algorithm. IPD(s) standsfor Iterati ve Pattern-Discovery
with SOM asbasicclustering algorithm.

trix after datastandardizatioraccordingto Equation(1). This ta-
ble indicatesthat performanceof SOM is slightly superiorfor the
two MS datasetsThe CLUTO performedbetterwith theleukemia
datasetsHowever, noneof thesemethodsresultedin a very good
matchingrate. Sincethe centralideaof principalcomponentnal-
ysis (PCA) is to reducethe dimensionalityof the datasetwhile

retainingasmuchaspossiblethe variationin the dataset,principal
componentgPC’s) do not necessaril\capturethe clusterstructure
of thedata[48]. Sotheresultsof clusteringwith PCA did notim-

prove theresultssignificantly

Theproposedterative pattern-disceery approactwasalsoapplied
to the samegeneexpressiormatrices.Theresultsobtaineddepend
onthebasicclusteringalgorithmin the preliminarysteps.Figure3

provides clusteringresultsof the multiple sclerosisand leukemia
datasetsThefirst two columnarethe Randindex valuesachiezed

by iterative pattern-disceery approachTheseresultsindicatethat,

theindex is consistentlyhigherthantheresultsobtainedby directly

applyingothersmethods.

In Figure 4, the interactive visualizationtool is usedto shawv the

distribution of samplesduring the iterative pattern-disceery pro-

cedure.As indicatedby this figure, prior to the applicationof the

iterative approach the samplesare uniformly scatteredwith no

obvious clusters. As the iterationsproceed,sampleclusterspro-

gressvely emepgeuntil in Figure4(D), thesamplesreclearlysep-
aratedinto two groups. The greenandred dots indicatethe ac-

tual partitionof thesamplesyhile thetwo dashectirclesshav the

clustergresultingfrom theiterative approachyith arrows pointing

outtheincorrectly-classifiedamplesThisvisualizationprovidesa

clearillustrationof theiterative processHere, it selected6 genes
asfeaturesandclassified28 samplednto two groups.11 samples
arein groupone, matchingthe MS diseasesamples.Another 17

samplesarein grouptwo, of these 14 arefrom the IFN treatment
groupand3 areincorrectlymatched.

Figures3 and4 thereforeillustratethe effectivenesf theiterative
pattern-disceery methodfor suchhigh-dimensionagjenedata.



Figure 4: The iterative approachasapplied to the MS_IFN group. (A) shows the distrib ution of the original 28 samples.Each point

representsa samplemapped from the intensity vectorsof 4132genes.(B) shaws 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 iterative
approach. The 4132geneshave beenreducedto 96 genestherefore eachsampleis a 96-dimensionvector.

5. CONCLUSION

In this paper we have presentedan iterative strateyy for pattern
discovery in high dimensionaldatasets, motivated by the needs
of emepging microarraydataanalysis. This approachcan detect
significantpatternswithin targetdatasetswhile dynamicallyprun-
ing outirrelevant featuresandselectingsignificantfeatureswhich
manifestthe conditionsof actualempiricalinterest. The approach
canbe generalizedo a wide rangeof applicationsin which data
setsarerepresentedy featureshaving very high dimensionsand
large numbersof irrelevant and redundantfeaturesprevent accu-
rategroupingof the target objects. We have demonstratethe ef-
fectivenessof this approachthroughexperimentsconductedwith
two multiple-sclerosisiatasetsandaleukemiadataset. Theseex-
perimentdndicatethatthis appeardo bea promisingapproactor
unsupervisegatterndiscovery on high-dimensionatiatasets.
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