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Abstract

Clusteringis a usefulexploratorytechniquefor the analysisof geneexpressiondata,andmany
differentheuristicclusteringalgorithmshavebeenproposedin this context. Clusteringalgorithms
basedon probability modelsoffer a principledalternative to heuristicalgorithms. Model-based
clusteringassumesthatthedatais generatedby a �nite mixtureof underlyingprobabilitydistribu-
tionssuchasmultivariatenormaldistributions. This Gaussianmixturemodelhasbeenshown to
bea powerful tool for many applications.In addition,the issuesof selectinga “good” clustering
methodanddeterminingthe“correct” numberof clustersarereducedto modelselectionproblems
in theprobabilityframework.

Webenchmarkedtheperformanceof model-basedclusteringonseveralsyntheticandrealgene
expressiondatasetsfor which externalevaluationcriteria wereavailable. The model-basedap-
proachhassuperiorperformanceonoursyntheticdatasets,consistentlyselectingthecorrectmodel
andtheright numberof clusters.Onrealexpressiondata,themodel-basedapproachproducedclus-
tersof qualitycomparableto aleadingheuristicclusteringalgorithm,but with thekey advantageof
suggestingthenumberof clustersandanappropriatemodel.Wealsoassessedthedegreeto which
thesereal geneexpressiondatasets�t multivariateGaussiandistributionsboth beforeandafter
subjectingthemto commonlyuseddatatransformations.Suitablychosentransformationsseemto
resultin reasonable�ts.

TheseanalyseswerecarriedoutusingtheMCLUST softwareavailableat
www.stat.washington.edu/fraley/mclust/soft.shtml.
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1 Intr oduction

DNA microarraysoffer the �rst greathopeof studyingthe variationof many genessimultane-

ously(Lander1999).Largeamountsof geneexpressiondatahave beengeneratedby researchers.

Thereis a greatneedto developanalyticalmethodologyto analyzeandto exploit theinformation

containedin geneexpressiondata(Lander1999). Becauseof the largenumberof genesandthe

complexity of biologicalnetworks,clusteringis a usefulexploratorytechniquefor theanalysisof

geneexpressiondata.

A wide rangeof clusteringalgorithmshave beenproposedto analyzegeneexpressiondata,

including hierarchicalclustering(Eisen,Spellman,Brown, and Botstein1998), self-organizing

maps(Tamayo,Slonim, Mesirov, Zhu, Kitareewan, Dmitrovsky, Lander, and Golub 1999), k-

means(Tavazoie,Hughes,Campbell,Cho, and Church1999), graph-theoreticapproaches(for

example,Ben-Dor and Yakhini 1999 and Hartuv, Schmitt, Lange,Meirer-Ewert, Lehrach,and

Shamir1999),andsupportvectormachines(Brown,Grundy, Lin, Cristianini,Sugnet,Furey, Ares,

andHaussler2000). Successin applicationshasbeenreportedfor many clusteringapproaches,

but sofar no singlemethodhasemergedasthemethodof choicein thegeneexpressionanalysis

community. Mostof theproposedclusteringalgorithmsarelargelyheuristicallymotivated,andthe

issuesof determiningthe“correct” numberof clustersandchoosinga“good” clusteringalgorithm

arenot yet rigorouslysolved. Eisen,Spellman,Brown, andBotstein(1998)andTamayo,Slonim,

Mesirov, Zhu,Kitareewan,Dmitrovsky, Lander, andGolub(1999)usedvisualdisplayto determine

thenumberof clusters.Yeung,Haynor, andRuzzo(2001)suggestedclusteringthedatasetleaving

outoneexperimentata timeandthencomparedtheperformanceof differentclusteringalgorithms

usingtheleft-outexperiment.Thegapstatistic(Tibshirani,Walther, andHastie2000)estimatesthe

numberof clustersby comparingwithin-clusterdispersionto thatof a referencenull distribution.

Clusteringalgorithmsbasedon probability modelsoffer a principledalternative to heuristic-

basedalgorithms. In particular, the model-basedapproachassumesthat the datais generatedby

a �nite mixture of underlyingprobabilitydistributionssuchasmultivariatenormaldistributions.

The Gaussianmixture modelhasbeenshown to be a powerful tool for many applications(for

exampleBan�eld andRaftery1993,CeleuxandGovaert1993,McLachlanandBasford1988).

With theunderlyingprobabilitymodel,theproblemsof determiningthenumberof clustersandof

choosingan appropriateclusteringmethodbecomestatisticalmodelchoiceproblems(Dasgupta

andRaftery1998,Fraley andRaftery1998,Fraley andRaftery2000). This is anadvantageover

heuristicclusteringalgorithms,in which thereis no establishedmethodto determinethenumber

of clustersor the bestclusteringmethod. Details of the model-basedapproachand the model
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selectionmethodologiesarediscussedin Section2.

Sincethe model-basedapproachis basedon the assumptionthat the dataaredistributedac-

cordingto a mixture of Gaussiandistributions,we assesswhetherthis assumptionholdsbefore

applyingthe model-basedapproach.Moreover, the raw geneexpressiondatado not satisfythe

Gaussianmixtureassumptionaswewill seein Section4. Hence,weexploredifferenttransforma-

tionsof geneexpressiondatasetsandassesstheextent to which thetransformeddatasetssatisfy

thenormalityassumption.

In Section6,weshow thattheexistingmodel-basedclusteringimplementationsproducehigher

qualityclusteringresultsthana leadingheuristicapproachwhenthedatasetis appropriatelytrans-

formed. The existing model-basedclusteringmethodsweredesignedfor applicationsotherthan

geneexpression,andyet they performwell in this context. We thereforefeel that,with furtherre-

�nementsspeci�cally for thegeneexpressionproblem,themodel-basedapproachhasthepotential

to becometheapproachof choicefor clusteringgeneexpressiondata.

2 The Model-BasedClustering Approach

2.1 The Model-BasedFramework

Themixturemodelassumesthateachcomponent(group)of thedatais generatedby anunderly-

ing probabilitydistribution. Supposethedata � consistof independentmultivariateobservations
�����������
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Geometricfeatures(shape,volume,orientation)of eachcomponent/ aredeterminedby the

covariancematrix 8

) . Ban�eld andRaftery(1993)proposedageneralframework for representing

thecovariancematrix in termsof its eigenvaluedecomposition

8
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where PQ) is the orthogonalmatrix of eigenvectors,R ) is a diagonalmatrix whoseelementsare

proportionalto theeigenvaluesof 8

) , and N

) is ascalar. Thematrix P ) determinestheorientation

of thecomponent,R�) determinestheshapeof thecomponent,and N

) determinesits volume.

Allowing somebut not all of the parametersin Equation(3) to vary yields an arrayof mod-

els within this generalframework. In this paper, we consider� ve suchmodels,outlinedbelow.

ConstrainingP )�R )�P

E

) to betheidentitymatrix
�

correspondsto Gaussianmixturesin whicheach

componentis sphericallysymmetric.Theequalvolumesphericalmodel(denotedby EI), which is

parameterizedby 8

)

!ON

�

, representsthemostconstrainedmodelunderthis framework, with the

smallestnumberof parameters.Theunequalvolumesphericalmodel(VI), 8

)

!ON

)

�

, allows the

sphericalcomponentsto havedifferentvolumes,determinedby adifferent N

) for eachcomponent

/ . Theunconstrainedmodel(VVV) allowsall of P ) , R ) and N

) to varybetweencomponents.The

unconstrainedmodelhastheadvantagethatit is themostgeneralmodel,but hasthedisadvantage

thatthemaximumnumberof parametersneedto beestimated,hencerequiringrelativelymoredata

pointsin eachcomponent.

Thereis arangeof elliptical modelswith otherconstraintsandfewerparameters.For example,

with theparameterization8

)

! N

P R P

E , eachcomponentis elliptical, but all haveequalvolume,

shapeandorientation(denotedby EEE).All of thesemodelsareimplementedin MCLUST (Fraley

andRaftery1998). CeleuxandGovaert(1995)alsoconsideredthemodelin which 8

)

! N

)��S) ,

where � ) is a diagonalmatrix with
�

��)

�

! 5 . Geometrically, thediagonalmodelcorrespondsto

axis-alignedelliptical components. In theexperimentsreportedin this paper, we consideredthe

equalvolumespherical(EI), unequalvolumespherical(VI), EEEandunconstrained(VVV) mod-

elsasimplementedin MCLUST (Fraley andRaftery1999),andthediagonalmodelasimplemented

by Murua,Tantrum,Stuetzle,andSieberts(2001).

In both the MCLUST implementationandthe diagonalmodelimplementation,themodelpa-

rametersareestimatedby theEM algorithm,in whichexpectation(E) stepsandmaximization(M)

stepsalternate.In theE-step,theprobabilityof eachobservationbelongingto eachclusteris esti-

matedconditionallyon thecurrentparameterestimates.In theM-step,themodelparametersare

estimatedgiventhecurrentgroupmembershipprobabilities.WhentheEM algorithmconverges,

eachobservationis assignedto thegroupwith themaximumconditionalprobability. TheEM algo-

rithm is usuallyinitialized with a model-basedhierarchicalclusteringstep(DasguptaandRaftery

1998,Fraley andRaftery1998).

Theclassicaliterativek-meansclusteringalgorithm,�rst proposedasa heuristicclusteringal-

gorithm,hasbeenshown to becloselyrelatedto model-basedclusteringusingtheequalvolume

sphericalmodel(EI), ascomputedby theEM algorithm(CeleuxandGovaert1992).K-meanshas
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beensuccessfullyusedfor a wide varietyof clusteringtasks,includingclusteringof geneexpres-

siondata.This is not surprising,from themodel-basedperspective,givenk-means'interpretation

asanapproximateestimationmethodfor aparsimoniousmodelof simpleindependentGaussians,

amodelthatarisescommonlyin many contexts.

Nevertheless,it shouldalsobeunsurprisingthatk-meansis not theright modelin many other

circumstances.For example,theunequalvolumesphericalmodel(VI) maybemoreappropriate

if somegroupsof genesaremuchmoretightly co-regulatedthanothers.Similarly, the diagonal

modelalsoassumesthatexperimentsareuncorrelated,but allowsfor unequalvariancesin different

experiments,asmight bethecasein a stress-responseexperimentor a tumor/normalcomparison,

say. We haveobservedconsiderablecorrelationbetweensamplesin time-seriesexperiments,cou-

pledwith unequalvariances.Oneof themoregeneralelliptical modelsmaybetter�t thedatain

thesecases.Oneof thekey advantagesof themodel-basedapproachis theavailability of avariety

of modelsthat smoothlyinterpolatebetweenthesescenarios(andothers). Of course,thereis a

tradeoff in that the moregeneralmodelsrequiremoreparametersto beestimated,andchoiceof

which modelto usemayseemad hoc. A secondkey advantageof model-basedclusteringis that

thereis a principled,data-drivenway to approachthe latterproblem.This is thetopic of thenext

subsection.

2.2 Model Selection

Eachcombinationof a differentspeci�cationof the covariancematricesanda differentnumber

of clusterscorrespondsto a separateprobability model. Hence,the probabilisticframework of

model-basedclusteringallows theissuesof choosingthebestclusteringalgorithmandthecorrect

numberof clustersto be reducedsimultaneouslyto modelselectionproblems.This is important

becausethereis a tradeoff betweenprobabilitymodel(andthecorrespondingclusteringmethod),

andnumberof clusters.For example,if oneusesa complex model,a small numberof clusters

maysuf�ce, whereasif oneusesa simplemodel,onemayneeda largernumberof clustersto �t

thedataadequately.

Let P betheobserveddata,and
�

�

and
�

D be two differentmodelswith parameters
���

and
�

D respectively. The integratedlikelihoodis de�ned as �
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theprobability thatdata P is observedgiventhat theunderlyingmodelis
�

) . TheBayesfactor

(KassandRaftery1995)is de�nedastheratioof theintegratedlikelihoodsof thetwo models,i.e.,
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 . In otherwords,theBayesfactor �
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D representstheposterioroddsthat

thedataweredistributedaccordingto model
�
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againstmodel
�

D assumingthatneithermodelis
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favoredapriori. If �

�

D

�

5 , model
�

�

is favoredover
�

D . Themethodcanbegeneralizedto more

thantwo models.Themaindif�culty in usingtheBayesfactoris theevaluationof the integrated

likelihood.We usedanapproximationcalledtheBayesianInformationCriterion (BIC) (Schwarz

1978):
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where
�

) is thenumberof parametersto beestimatedin model
�

) , and
	�

) is themaximumlikeli-

hoodestimatefor theparametervectorof model
�

) ,
�

) . For discussionof its useandjusti�cation

in the context of model-basedclustering,seeFraley andRaftery2000. Intuitively, the �rst term

in Equation(4), which is themaximizedmixture likelihoodfor the model,rewardsa modelthat

�ts thedatawell, andthesecondtermdiscouragesover�tting by penalizingmodelswith morefree

parameters.A largeBIC scoreindicatesstrongevidencefor thecorrespondingmodel.Hence,the

BIC scorecanbeusedto comparemodelswith differentcovariancematrix parameterizationsand

differentnumbersof clusters. Usually, BIC scoredifferencesgreaterthan10 areconsideredas

strongevidencefavoring onemodeloveranother(KassandRaftery1995).

2.3 Prior Work

We areawareof only two publishedpapersattemptingmodel-basedformulationsof geneexpres-

sionclustering.HolmesandBruno(2000)formulatea modelthatappearsto beequivalentto the

unconstrainedmodelde�ned above. BarashandFriedman(2001)de�ne amodelsimilar to thedi-

agonalmodelabove. Themainfocusof bothpapersis theincorporationof additionalknowledge,

speci�cally transcriptionfactorbindingmotifs in upstreamregions,into theclusteringmodel,and

sothey do notconsidermodel-basedclusteringof expressionpro�les persein thedepthor gener-

ality thatwedo. Our resultsarecomplementaryto thoseefforts.

3 Data Sets

We usedtwo geneexpressiondatasetsfor which externalevaluationcriteriawereavailable,and

threesetsof syntheticdatato testtheGaussianmixtureassumptionandtocomparetheperformance

of differentclusteringalgorithms.We usedthetermclassor componentto referto a groupin the

externalcriterion.Thewordclusterrefersto clustersobtainedby aclusteringalgorithm.
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3.1 GeneExpressionData Sets

The ovary data: A subsetof the ovary dataobtainedby Schummer, Ng, Bumgarner, Nelson,

Schummer, Bednarski,Hassell,Baldwin,Karlan,andHood(1999)andSchummer(2000)is used.

The ovary dataset is generatedby hybridizing randomlyselectedcDNA's to membranearrays.

The subsetof the ovary datawe usedcontains235 clonesand24 tissuesamples(experiments),

someof which arederivedfrom normaltissues,andsomefrom ovariancancersin variousstages

of malignancy. The235clonesweresequenced,anddiscoveredto correspondto 4 differentgenes.

These4 geneswererepresented58, 88, 57, and32 timeson the membranearrays,respectively.

We would hopethat clusteringalgorithmswould separatetheclonescorrespondingto thesefour

differentgenes.Hence,thefour genesform thefour classesin thisdata.

The yeastcell cycledata: Theyeastcell cycle data(Cho,Campbell,Winzeler, Steinmetz,Con-

way, Wodicka,Wolfsberg, Gabrielian,Landsman,Lockhart,andDavis 1998)showedthe�uctua-

tion of expressionlevelsof approximately6000genesover two cell cycles(17 time points). We

usedtwo different subsetsof this datawith independentexternal criteria. The �rst subset(the

5-phasecriterion) (Cho et al. 1998)consistsof 384 genespeakingat differenttime pointscor-

respondingto the � ve phasesof cell cycle. Sincethe 384geneswereidenti�ed accordingto the

peaktimesof genes,we expectclusteringresultsto approximatethe� ve phases.Hence,we used

the 384 geneswith the 5-phasecriterion asoneof our datasets. The secondsubset(the MIPS

criterion) consistsof 237 genescorrespondingto four categoriesin the MIPS database(Mewes,

Heumann,Kaps,Mayer, Pfeiffer, Stocker, andFrishman1999).Thefour categories(DNA synthe-

sisandreplication,organizationof centrosome,nitrogenandsulphurmetabolism,andribosomal

proteins)wereshown to bere�ected in clustersfrom theyeastcell cycle data(Tavazoie,Hughes,

Campbell,Cho,andChurch1999).

3.2 Syntheticdata sets

Sincereal expressiondatasetsareexpectedto be noisy and their clustersmay not fully re�ect

theclassinformation,we complementedour studywith syntheticdata,for which theclassesare

known. Modelinggeneexpressiondatasetsis an ongoingeffort by many researchers,andthere

is no well-establishedmodel to representgeneexpressiondatayet. We usedthe threesynthetic

datasetsproposedby YeungandRuzzo(2001).Eachof thethreesyntheticdatasetshasdifferent

properties.By usingall threesetsof syntheticdata,we hopeto evaluatethe performanceof the

model-basedapproachin differentsituations.The �rst two syntheticdatasetsrepresentattempts

to generatereplicatesof theovary datasetby randomizingdifferentaspectsof theoriginal data.

6



Thelastsyntheticdatasetis generatedby modelingexpressiondatawith cyclic behavior. In each

of the threesyntheticdatasets,ten replicatesaregenerated.In eachreplicate,235 observations

and24variablesarerandomlygenerated.

Mixtur e of normal distrib utions basedon the ovary data: Eachclassin this syntheticdata

is generatedaccordingto amultivariatenormaldistributionwith thesamplecovariancematrixand

themeanvectorof thecorrespondingclassin theovarydata.Thesizeof eachclassin thesynthetic

datais the sameasin the realovary data. This syntheticdatasetpreservesthe meanvectorand

the covariancematrix betweenthe experimentsin eachclass,but it assumesthat the underlying

distributionof genesin eachclassis multivariatenormal.

Randomly resampledovary data: Thedatafor anobservation in class� (where � ! 5��
	
	�	 ��� )

underexperiment� (where�

! 5��
	
	
	 �

L

� ) is generatedby randomlysampling(with replacement)

the expressionlevelsunderexperiment� in the sameclass � of theovary data. The sizeof each

classin this syntheticdatasetis againthesameasin the realovary data. This datasetdoesnot

assumeany underlyingdistribution. However, any possiblecorrelationbetweenexperiments(for

example,the normal tissuesamplesmay be correlated)is not preserved dueto the independent

randomsamplingof the expressionlevels from eachexperiment. Hence,the resultingsample

covariancematricesof this randomlyresampleddatasettendto becloseto diagonal.

Cyclic data: This syntheticdatasetmodelscyclic behavior of genesover differenttime points.

Thecyclic behavior of genesis modeledby thesinefunction. Classesaremodeledasgenesthat

havesimilarpeaktimesoverthetimecourse.Dif ferentclasseshavedifferentphaseshiftsandhave

differentsizes.Let �

%�� bethesimulatedexpressionlevel of gene� underexperiment� in this data

setwith tenclasses.Let �

%��

!	�

��


N

�
�

���

%�
�� %��

�

�

�

�

 � , where �

�

�

�

�

 "!	�����

�

D��
�

�

B��

)

��

 (Zhao

2000).Thequantity
�

% representstheaverageexpressionlevel of gene� , which is chosenaccord-

ing to thestandardnormaldistribution. Thequantity � % is theamplitudecontrol for gene� , which

is chosenaccordingto anormaldistributionwith mean3 andstandarddeviation0.5. Thequantity
�

�

�

�

�

 modelsthe cyclic behavior. Eachcycle is assumedto span8 time points (experiments).

Theclassnumberis denotedby / , andthesizesof thedifferentclassesaregeneratedaccordingto

Zipf 's Law (Zipf 1949). Dif ferentclassesarerepresentedby differentphaseshifts
�

) , which are

chosenaccordingto theuniform distribution in theinterval  

2

�

L M"!

. Therandomvariable � , which

representsthenoiseof genesynchronization,is generatedaccordingto thestandardnormaldistri-

bution. TheparameterN � is theamplitudecontrolof condition� , andis simulatedaccordingto the

normaldistribution with mean3 andstandarddeviation 0.5. Thequantity �

� , which representsan

additive experimentalerror, is generatedfrom thestandardnormaldistribution. Eachobservation

(row) is standardizedto havemean0 andvariance1.
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4 Data Transformations and the GaussianMixtur e Assump-
tion

Beforeapplyingmodel-basedclusteringto geneexpressiondata,we assessedtheextentto which

theGaussianmixtureassumptionholds.Sincewe do notexpectraw expressiondatato satisfythe

Gaussianmixture assumption,we exploredthe degreeof normality of eachclassafter applying

differentdatatransformations.In particular, we studiedtwo typesof datatransformations:the

Box-Coxtransformations(Box andCox 1964),andthestandardizationof eachgene(or clone)to

havemean0 andstandarddeviation1.

The Box-Cox transformation(Box andCox 1964) is a parametricfamily of transformations

from � to ������� with parameterN :

�

�����

!

�
	��

F

�

�

if N�
 ! 0
�
���

� if N = 0 	

(5)

TheBox-Cox transformationsubsumesmany commonlyusedtransformations,including the log

transformationwhich is verypopularfor microarraydata(for example,Speed2000).

Standardizingeachgene(or clone)to have mean0 andstandarddeviation 1 is anothervery

populardatatransformationstepbeforeclustering;see,for example,Tamayo,Slonim, Mesirov,

Zhu, Kitareewan,Dmitrovsky, Lander, andGolub(1999)andTavazoie,Hughes,Campbell,Cho,

andChurch(1999). Note that this standardizationof subtractingthe meananddividing by the

standarddeviation makescorrelationandEuclideandistanceequivalent in the transformeddata

set.

4.1 Methodology for Testingthe GaussianMixtur eAssumption

In orderto testtheGaussianmixtureassumption,thegeneexpressiondatasetswith externalcriteria

describedin Section3.1wereused.Wetestedthemultivariatenormalityof each classin eachdata

set.Therearemany differenttestsfor multivariatenormality. Weusedthreedifferentapproaches:

goodnessof �t testsbasedon theempiricaldistribution function,e.g.Aitchison(1986),skewness

andkurtosistests,e.g. Jobson(1991),andmaximumlikelihoodestimationof the transformation

parameters,e.g.Andrews,Gnanadesikan,andWarner(1973).

Aitchison tests: Aitchison(1986)testedthreeaspectsof thedatafor multivariatenormality: the

marginal univariatedistribution, thebivariateangledistribution andthe radiusdistribution. Sup-

poseageneexpressiondatasethas
�

genesand� experiments.Sinceweareinterestedin clustering

thegenes,the � experimentsareour variables.Thereare � testsfor eachof themarginal distribu-

tions, �

�

�

B

5  �

L

bivariateangletests,andoneradiustest.
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Let �

%�� betheexpressionlevelof gene� underexperiment� . Supposethedatasethas� classes,

andclass� has
���

genes( 4

�

�

&

�

���

!

�

). Let �7��

!

 �� 7

�

�

!

and
	

8

�

!

 

	�

�

) �

!

(where /

�

�

!;5���	
	
	��

� ),

bethesamplemeanvectorandcovariancematrix for class� :

	

7

�

�

!

#
	

(

%'&

�

�

% �

�

���

� (6)

	�

�

) �

!

# 	

(

%'&

�

�

�

% )

B

	

7

�

)

 

�

�

% �

B

	

7

�

�

 �

� ���

B

5  =	 (7)

In themarginal test, thenormalityof themarginal distributionof eachexperiment� is tested.

Let �

�
�

 denotethestandardnormaldistributionfunction,andlet �

�

%

!

�

@

�

�

%��

B

	

7

�

�

 ��

I

	�

�

� �

H , where

�

! 5��
	
	�	 �

���

. If the �

%�� 's arenormallydistributedin class� underexperiment� , thesortedvalues

of �

�

% in ascendingordershouldapproximatetheorderstatisticsof a uniform distributionover the

interval (0,1).

Threedifferentstatisticscomputedfromtheempiricaldistributionfunctions(Anderson-Darling,

Cramer-won Mises,andWatson)wereusedto assessdeparturesof thesorted�

�

% valuesfrom the

orderstatisticsof theuniformdistribution. Assumingthat �

�

% arethesortedvaluesfrom class� , The

Anderson-Darlingstatisticis de�nedby ���

!

B1@

4

#
	

%'&

�

� L

�

B

5  

@

�����

�

�

%




����� �

5

B

�

�

#
	��

�

F

%

 H

B

���

H �

���

.

TheCramer-vonMisesstatisticis de�ned by ���

!

4

#
	

%'&

�

@

�

�

%

B

� L

�

B

5  ��

� L ���

 =H

D




5 �

�

5

L ���

 . The

Watsonstatisticsis de�ned by ���

!

���

B

�������

�

B

�

D

 

D

where
�

�

!

4

#�	

% &

�

�

�

%

�

���

. Critical values

of theempiricaldistribution function teststatisticsaregivenby Aitchison (1986). We usedthe

critical valuescorrespondingto the1%signi�cancelevel. For eachclass,wecomputedtheempir-

ical distribution functionteststatisticsfor eachof theAnderson-Darling,Cramer-won Mises,and

Watsonforms usingthe �

�

% 's. If a given teststatisticfor experiment� is greaterthanthe critical

value,wesaythatthemarginaldistributionof experiment� showsdeparturefrom normality.

In thebivariate angletest, thebivariatenormalityof eachpair of experiments
�

/

�

�

 is evalu-

ated.Theideais thatif apairof variables
��� �

�

�

D

 is circularnormal,thentheradiananglebetween

thevectorfrom theorigin (0,0)to
���
�

�

�

D

 andthe
���

-axisis approximatelyuniform in theinterval

 

2

�

L�M"!

. Sinceany bivariatenormaldistribution canbe reducedto a circular normaldistribution

by a suitabletransformation,we appliedthetransformationto eachpair of experiments
�

/

�

�

 and

testedtheresultinganglefor theuniform property. Again, theempiricaldistribution functiontest

statisticsareusedto measurethedeparturefrom theuniformdistribution.

In theradius test, theradiusof eachgene� in class� is de�nedas
�

%

!

���

,

B

�7��

 
 

�

�

!

�

 

F

�

���

,

B

�7
�

 , where
�

, is the vector of expressionlevels of gene � underall � experiments. Under the

multivariatenormalassumptionof
�

, 's, the radii
�

% 's areapproximatelydistributedas "

D

�

�

 . If
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we de�ne �

% asthesortedvaluesof
�

� �

%

 , where
�

is thedistribution functionof "

D

�

�

 , we can

againusetheempiricaldistribution function teststatisticsto measuredeviation from theuniform

distribution.

Skewnessand Kurtosis: Skewnessmeasuresthe amountof asymmetryin a distribution. For a

normaldistribution, theskewnessis 0. Kurtosismeasurestheextentto which thedataarepeaked

or �at relativeto thenormaldistribution. For thestandardnormaldistribution,thekurtosisis 3. We

computedtheskewnessandkurtosisof eachclass� in thedata.Let �

%��

!

� �

,

B

�7 �

  

�

�

!

�

 

F

�

�����

B

�7 �

 , where�

��� !65��
	�	
	��

���

. Multivariateskewnessandkurtosisarede�ned by 4

#�	

% &

�

4

#
	

� &

�

�	�

%��

�

�

D

�

and 4

#
	

%'&

�

�

D

%

�

���

, andnull distributionsareavailablefor boththemultivariateskewnessandkurtosis

(Mardia1970).A smallp-valuesuggeststhemultivariatenormalassumptionto bequestionable.

Maximum lik elihood estimation of the transformation parameters: The parameterN in the

Box-Cox transformationin Equation(5) is estimatedby maximumlikelihoodusingtheobserva-

tions (Andrews, Gnanadesikan,andWarner1973). The estimatedvalueof N suggestsboth the

scaleon which the dataareclosestto normality, andalso the extent to which the dataon other

scalesdeviatefrom normality.

4.2 Resultsof Testingthe GaussianMixtur eAssumption

We focusedon the populararraydatatransformations:the logarithmicandsquareroot transfor-

mationsand the standardizationto mean0 andstandarddeviation 1. We appliedthe Aitchison

testsandtheskewnessandkurtosisteststo eachclassin thetransformedovarydataandthetrans-

formedyeastcell cycle data. Due to the large numberof teststatisticsfrom the Aitchison tests

(
�

�




�

�

�

B

5  ��

L




5  

��
 ) for eachclasson any data,only a summaryof the Aitchison testsis

presentedin this technicalreport. In addition,we foundthemaximumlikelihoodestimatesof the

transformationparameterfor eachclass.

Geometrically, thestandardizationof subtractingthemeananddividing by thestandarddevi-

ation of eachobservation putsthe datapointson the
�

�

B

L

 -dimensionalsurfaceof a
�

�

B

5� -

dimensionalsphere.Moreover, thecovariancematricesof thestandardizeddatasetsaresingular.

Hence,theskewnessandkurtosistestsandtheradiustest(which involvetheinverseof thecovari-

ancematrix) arenotapplicableto thestandardizeddata.

Ovary data: Table1 shows the resultsof the Aitchison testson eachof the four classesin the

ovary data. In the marginal test, if the teststatisticsof an experiment� from all threeempirical

distribution functionsaregreaterthantheir correspondingcritical valuesat1 % signi�cancelevel,

weadopttheshorthandconventionof sayingthatexperiment� violatesthenormalityassumption.
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The column m in Table 1 shows the numberof violations from the 24 marginal testson each

classin the ovary data. Similarly, thecolumnb in Table1 shows thenumberof violationsfrom
�

L

�

L��

!

L����

bivariateangletestson eachclassin theovary data.Thecolumnr hasanentry1 if

theteststatisticsfrom all threeempiricaldistributionfunctionsaregreaterthantheircorresponding

critical valuesat1 % signi�cancelevel in theradiustest.Otherwise,thecolumnr hasanentry0.

Table1: Resultsof Aitchisontestson theovary data.Thecolumnm shows thenumberof violationsfrom
the24 marginal testson eachclass.Thecolumnb shows thenumberof violationsfrom 276bivariateangle
testson eachclass. The columnr hasan entry 1 if the teststatisticsfrom all threeempiricaldistribution
functionsaregreaterthantheir correspondingcritical valuesat 1 % signi�cancelevel in theradiustest,and
anentry0 otherwise.

class1 class2 class3 class4
m b r m b r m b r m b r

raw 0 0 0 5 0 0 18 12 0 4 1 0
log 9 0 0 14 12 0 2 0 0 4 0 0
sqrt 1 0 0 6 0 0 4 0 0 3 0 0
standardized 3 0 NA 7 13 NA 6 0 NA 5 2 NA

The resultsfrom Table1 suggestthat the squareroot transformationis closerto multivariate

normalthanthelog transformation.On thesquareroot transformeddata,themarginal testshows

thatonly oneexperiment(out of 24) deviatesfrom normality in class1. Similarly, class2 has6

experiments,class3 has4 experimentsandclass4 has3 experimentsthatdeviate from marginal

normality. Noneof the classesin the squareroot transformeddatashows any deviation in the

bivariateangleor radiustests.On thestandardizeddata,theradiustestsarenot applicable,sothe

r columnsfor thestandardizeddataaremarked“NA” in Table1.

Table2 shows thep-valuesof skewnessandkurtosisfor eachclasson theraw, log andsquare

root transformedovarydata.A smallp-valueindicatesdeviationsfrom theskewnessandkurtosis

criteria. FromTable2, class2 deviatesfrom theskewnessandkurtosiscriteriain theraw, log and

squareroot transformeddata.On theotherhand,class4 doesnot violatetheskewnessor kurtosis

criteria. Both thesquareroot andlog transformationsimprove skewnessin the raw data,but the

log transformationmakesclass1 skewed. To summarize,the skewnessandkurtosistestsshow

thesameoverallpictureastheAitchisontests:thesquareroot transformationis relatively closeto

multivariatenormal.
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Table2: p-valuesof skewnessandkurtosison theovarydata.
class1 class2 class3 class4

raw skewness 0.844 0 0 1
raw kurtosis 0.999 0.001 0.31 1
log skewness 0.002 0 0.854 1
log kurtosis 0.826 0 0.999 1
sqrt skewness 0.768 0 0.559 1
sqrt kurtosis 0.999 0.057 0.998 1

Table3 showsthemaximumlikelihoodestimatesof thetransformationparametersfor eachof

the four classesin theraw ovary data.
�

�����

�

2

	��� and
�

�����

�

2

 arethemaximizedlog-likelihood

for thesquareroot andlog transformationsrespectively. FromTable3, themaximumlikelihood

estimatesof the Box-Cox transformationparameter(
	

N ) lie between0.40 and 0.73 for the four

classesin theovary data.Comparingthemaximizedlog-likelihoodsfor thesquareroot transfor-

mation to thosefor the log transformationsuggeststhat the squareroot transformationis more

nearlymultivariatenormalin all four classes.

Table3: Estimatesof thetransformationparameterfor theovarydata.

class
	

N

�

�����

�
	

N  

�

�����

�

2

	��� 

�

�����

�

2

 

1 0.728 750 744 678
2 0.658 1195 1188 1060
3 0.405 1221 1219 1179
4 0.590 725 724 689

Yeast cell cycle data with the 5-phasecriterion: Table 4 shows the resultsof the Aitchison

testson theyeastcell cycle datawith the5-phasecriterion. Theresultsfrom Table4 indicatethat

the log transformedyeastcell cycle datais morenearlymultivariatenormalthanthesquareroot

transformeddata. With the log transformation,classes1, 3, and4 show no deviation from any

of themarginal, bivariateangleandradiustests.Theonly deviationsfrom normality in this data

setare: class2 shows deviation from the radiustest,andoneexperiment(out of 17) in class5

shows deviation from marginal normality. The Aitchison testsshow that the log transformation

greatlyenhancesnormality in all of the5 classes:theraw datashows signi�cant deviationsfrom

the marginal, bivariateangleandradiustestsin all of the 5 classes.The standardizedyeastcell
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cycle datais alsomuchmoreGaussianthantheraw data,but not asmuchasthelog transformed

data.

Table5 portraysadifferentpicturethantheAitchisontests:theraw, squarerootandlog trans-

formeddataall show deviationsfrom theskewnessandkurtosiscriteria. However, the log trans-

formationseemsto show relatively lessdeviation.

Table4: Resultsof Aitchisontestson theyeastcell cycledatawith the5-phasecriterion.The
columnheadingsareasin Table1.

class1 class2 class3 class4 class5
m b r m b r m b r m b r m b r

raw 17 49 1 17 136 1 17 94 1 17 0 1 17 33 1
log 0 0 0 0 0 1 0 0 0 0 0 0 1 0 0
sqrt 8 0 1 17 1 1 15 0 1 0 0 0 7 0 0
standardized 5 0 NA 4 5 NA 1 0 NA 1 0 NA 2 0 NA

Table5: p-valuesof skewnessandkurtosison theyeastcell cycledatawith the5-phasecriterion.
class1 class2 class3 class4 class5

raw skewness 0 0 0 0 0
raw kurtosis 0 0 0 0 0
log skewness 0.051 0 0 0.046 0
log kurtosis 0.735 0 0 0.678 0.001
sqrt skewness 0 0 0 0 0
sqrt kurtosis 0 0 0 0.003 0.001

Table6 supportsthe conclusionsfrom the otherapproaches:the estimatedtransformationis

closer(in termsof differencesbetweenestimatedBox-Coxpowerparameters)to thelog transfor-

mationthanto thesquareroot transformation.Theestimates
	

N arebetween0.14and0.22for all 5

classes.

Yeastcell cycledata with the MIPS criterion: In general,theAitchisontests,theskewnessand

kurtosistests,and the maximumlikelihoodestimationall show similar patternsto the 5-phase

criterion: the log transformeddataarecloserto beingGaussianthanthesquareroot transformed

data(seeTables7, 8 and 9). However, class4 (ribosomalproteins)shows signi�cantly more
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Table6: Estimatesof thetransformationparameterfor theyeastcell cycledatawith the5-phase
criterion.

class
	

N

�

�����

� 	

N  

�

�����

�

2

	��� 

�

�����

�

2

 

1 0.136 -4833 -4910 -4844
2 0.140 -9398 -9591 -9429
3 0.202 -4920 -4975 -4945
4 0.153 -3422 -3468 -3431
5 0.219 -3676 -3713 -3701

deviationsfrom normality with very low p-valuesfor both the skewnessandkurtosistestsusing

thelog andsquareroot transformations.

Table7: Resultsof Aitchisontestson theyeastcell cycledatawith theMIPScriterion.The
columnheadingsareasin Table1.

class1 class2 class3 class4
m b r m b r m b r m b r

raw 17 3 1 17 48 0 17 2 1 9 0 1
log 0 0 0 0 0 0 4 0 1 17 67 1
sqrt 8 0 0 15 0 0 12 0 1 14 1 1
standardized 6 1 NA 2 0 NA 3 0 NA 15 28 NA

Table8: p-valuesof skewnessandkurtosison theyeastcell cycledatawith theMIPS criterion.
class1 class2 class3 class4

raw skewness 0 0 1 0
raw kurtosis 0 0.046 1 0
log skewness 0.136 0.999 1 0
log kurtosis 0.896 0.999 1 0
sqrt skewness 0 0.747 1 0
sqrt kurtosis 0.014 0.996 1 0
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Table9: Estimatesof thetransformationparameterfor theyeastcell cycledatawith theMIPS
criterion.

class
	

N

�

�����

� 	

N  

�

�����

�

2

	��� 

�

�����

�

2

 

1 0.175 -3448 -3483 -3459
2 0.096 -1912 -1951 -1915
3 0.088 -808 -998 -969
4 0.308 -13188 -13234 -13323

5 IndependentAssessmentof Clustering Results

Themajorcontributionof thispaperis thedemonstrationof thepotentialusefulnessof themodel-

basedapproach,both in termsof the quality of the clusteringresultsandthe quality of models

selectedusing the BIC criterion. We comparedthe performanceof the model-basedapproach

to CAST (Ben-Dor and Yakhini 1999), a leadingheuristic-basedclusteringalgorithm. Yeung,

Haynor, and Ruzzo(2001) comparedthe performanceof several heuristic-basedclusteringap-

proaches,includingseveralhierarchicalclusteringalgorithms,k-means,andCAST, andconcluded

thatCAST andk-meanstendto producerelatively high quality clusters.Sincek-meansis closely

relatedto maximumlikelihoodestimationfor theequalvolumesphericalmodel(EI), wecompared

thequality of clustersobtainedfrom themodel-basedapproachto thatof CAST usingcorrelation

as the similarity metric. Thereis a summaryof CAST in AppendixA. In order to assessthe

clusteringresultsandthe numberof clustersinferredby the BIC valuesindependently, we used

syntheticdatasetsin which the classesare known and real geneexpressionsetswith external

criteriadescribedin Section3.

5.1 Measureof Agreement

A clusteringresultcanbeconsideredasa partitionof objectsinto groups.Thus,comparingtwo

clusteringresultsis equivalentto assessingthe agreementof two partitions. The adjustedRand

index (HubertandArabie1985)assessesthedegreeof agreementbetweentwo partitions.Milligan

andCooper(1986)recommendedtheadjustedRandindex asthemeasureof agreementevenwhen

comparingpartitionswith differentnumberof clusters.

Givenasetof
�

objects
�

!

@

� �

�
	�	
	��

�

#

H , suppose�

!

@

���

�
	
	
	 �

���

H and �

!

@��

�

�
	
	�	��

�

�

H

representtwo differentpartitionsof theobjectsin
�

suchthat �

�

%'&

�

�

%

!

�

!

�

�

� &

�

�

� and
�

%�	

�

%�


!

�

!

�

�
	

�

��
 for 5��

�


!

���

��� and 5��

�


!

���

�

�

. Supposethat � is our externalcriterionand

� is a clusteringresult. Let � bethenumberof pairsof objectsthatareplacedin thesameclass
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in � andin thesameclusterin � ,
�

bethenumberof pairsof objectsin thesameclassin � but

not in thesameclusterin � , � bethenumberof pairsof objectsin thesameclusterin � but not

in the sameclassin � , and � be the numberof pairsof objectsin differentclassesanddifferent

clustersin bothpartitions.Thequantities� and � canbeinterpretedasagreements,and
�

and � as

disagreements.TheRandindex (Rand1971)is simply
�

�

�

�

�

�

�

�

�

� . The Randindex lies between0

and1. Whenthetwo partitionsagreeperfectly, theRandindex is 1.

Theproblemwith theRandindex is thattheexpectedvalueof theRandindex of two random

partitionsdoesnot take a constantvalue(sayzero).TheadjustedRandindex proposedby Hubert

andArabie (1985)assumesthegeneralizedhypergeometricdistribution asthemodelof random-

ness,i.e., the � and � partitionsarepickedatrandomsuchthatthenumberof objectsin theclasses

andclustersare�x ed.Let
�

%�� bethenumberof objectsthatarein bothclass
�

% andcluster
�

� . Let
�

%�� and
�

� � bethenumberof objectsin class
�

% andcluster
�

� respectively. This notationis shown

in tabular form in Table10.

Table10: Notationfor thecontingency tablefor comparingtwo partitions.
Classor Cluster
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The generalform of an index with a constantexpectedvalue is
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which is boundedaboveby 1, andtakesthevalue0 whentheindex equalsits expectedvalue.

Underthegeneralizedhypergeometricmodel,it canbeshown (HubertandArabie1985)that:
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The expression
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�  canbe simpli�ed to a linear transformationof 4
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� . With simple

algebra,theadjustedRandindex (HubertandArabie1985)canbesimpli�ed to:
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Example1 in AppendixB illustrateshow theadjustedRandindex is computed.TheRandindex

for comparingthe two partitionsin Example1 is 0.711,while theadjustedRandindex is 0.313.

The Randindex is muchhigherthanthe adjustedRandindex, which is typical. Sincethe Rand

index lies between0 and1, theexpectedvalueof theRandindex (althoughnot a constantvalue)

mustbe greaterthanor equalto 0. On the otherhand,the expectedvalueof the adjustedRand

index hasvaluezeroandthemaximumvalueof theadjustedRandindex is also1. Hence,thereis

awider rangeof valuesthattheadjustedRandindex cantakeon, thusincreasingthesensitivity of

theindex.

6 Resultsand Discussion

In thissection,weshow how model-basedclusteringperformedwhenappliedto bothgeneexpres-

siondataandto syntheticdatabasedon actualgeneexpressiondata.The latter is usefulbecause

it hascharacteristicsof geneexpressiondata,but weknow whattheright answeris, andsowecan

assesshow successfulthemethodsconsideredarein �nding it.

In themodel-basedapproach,parameterestimationbecomesdif�cult whentherearetoo few

datapointsin eachcomponent(i.e., too many clusters).Therefore,theBIC valuesfor someof the

modelsarenotavailablewhenthenumberof clustersis large.SinceCASTis aniterativealgorithm

with a parameterthat indirectly controlsthenumberof clustersproduced,thealgorithmmaynot

producearesultfor everynumberof clusters.So,in thefollowing resultgraphs,notall datapoints

areavailablefor CAST.

6.1 SyntheticData Sets

Mixtur e of normal distrib utions basedon the ovary data:

Figure1 showstheaverageadjustedRandindicesof CASTandfour differentmodelsusingthe

model-basedapproachover a rangeof differentnumbersof clusters.TheaverageadjustedRand

indicesreachthemaximumat4 clusters,with theunconstrainedmodel(VVV) having comparable

averageadjustedRandindex to CAST. The sphericalmodels(EI andVI) achieve lower quality

clusteringresultsthantheelliptical models.Thediagonalmodelachieveshigherquality clusters

thanthesphericalmodelson average,but lower thanthosefrom theunconstrainedmodel(VVV).

Inspectionof the covariancematricesof the four classesshows that the covariancematricesare

elliptical, andtheunconstrainedmodel(VVV) �ts thedatathebest.Hence,our resultsshow the

powerof themodel-basedapproachwhentheunderlyingmodelis correct.
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Figure1: AverageadjustedRandindicesfor thesyntheticdatabasedon theovarygeneexpression
data:Mixture of 4 multivariatenormaldistributions
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Figure2: AverageBIC valuesfor syntheticdatabasedontheovarydata:Mixture of 4 multivariate
normaldistributions
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Figure2 shows theaverageBIC valuesfor threedifferentmodelsusingthe model-basedap-

proachover a rangeof differentnumbersof clusters.TheBIC valuesof theunconstrainedmodel

(VVV) arenotshown becausereliableBIC valuescannotbecomputeddueto thelargenumberof

parametersto beestimated. Nevertheless,with thediagonalmodel,themaximumaverageBIC

scoreis reachedat 4 clusters,which is thecorrectnumberof classesin this dataset. In addition,

thediagonalmodel(which achieveshigheradjustedRandindicesthanthesphericalmodels)also

achieveshigherBIC valuesthanthesphericalmodelsupto 6 clusters.Therefore,themodel-based

approachfavorsthediagonalmodelwhichproduceshigherquality clusters.

In order to comparethe BIC valuesof the unconstrainedmodel with the othermodels,we

generatedlarger syntheticdatasets(2350observations)with the mixture of normaldistribution

with themeanvectorsandcovariancematricesof theovarydata.Thenumberof experiments,the

numberof classesandtherelativesizesof theclassesremainthesame.Ourexperimentscon�rmed

our hypothesis:with enoughdatapoints, the unconstrainedmodel (VVV) produceshigherBIC

valuesthantheothermodels,andthemaximumBIC scorefor theunconstrainedmodelis reached

atthecorrectnumberof classes(4). As for thesmallersyntheticdatasets,theunconstrainedmodel

(VVV) produceshigherquality clusters.

Randomly resampledovary data:
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Figure3: AverageadjustedRandindicesfor thesyntheticrandomlyresampledovarydatasets.

Figure3 showstheaverageadjustedRandindicesfor therandomlyresampledovarydatasets.

Thediagonalmodelachievesclearlysuperiorclusteringresultscomparedto othermodelsandto

CAST. Figure4 shows that theBIC analysisselectsthediagonalmodelat thecorrectnumberof

clusters.Due to the independentsamplingof expressionlevelsbetweenexperiments,thecovari-

ancematrix of eachclassin this syntheticdataset is very closeto diagonal. Our resultsshow
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thattheBIC analysisnotonly selectstheright model,but it alsodeterminesthecorrectnumberof

clusters.
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Figure4: AverageBIC valuesfor thesyntheticrandomlyresampledovarydata.

Cyclic data:
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Figure5: AverageadjustedRandindicesfor thesyntheticcyclic datasets.

Figure5 showsthattheaverageadjustedRandindicesof CASTandseveralof themodelsfrom

the model-basedapproacharecomparable.This syntheticdatasetcontainsten classes.The ad-

justedRandindicesfrom CAST arehigherthanany of themodel-basedapproachesat10clusters.

In practice,however, onewouldnotknow thecorrectnumberof clusters,soits performanceat the

numberof clustersthatonewould selectis themostrelevant. Furthermore,all of thealgorithms

show averageadjustedRandindicespeakingaround6 or 7 clusters. This setof syntheticdata

consistsof classeswith varyingsizes,with someverysmallclasses,which canbeproblematicfor
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mostclusteringmethodsincluding the model-basedapproach(small clustersmake estimationof

parametersdif�cult). In Figure6, theBIC valuesof themodelsalsopeakaround6 to 7 clusters,

with thediagonalmodelshowing higherBIC values(therearetoo few datapointsto computeBIC

valuesfor the unconstrainedmodel). Our resultsshow that the BIC valuesselectthe numberof

clustersthat maximizesthe adjustedRandindices,andthe quality of clustersarecomparableto

CAST at6 or 7 clusters.
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Figure6: AverageBIC valuesfor thesyntheticcyclic datasets.

6.2 GeneExpressionData Sets

We comparedthe clusteringresultsfrom CAST andthe model-basedapproachon the log trans-

formed,squareroot transformed,and the standardizedovary dataandyeastcell cycle data. A

summaryof our resultsis shown in Table11.

The ovary data:

Sincethesquareroot transformationshows the leastdeviation from theGaussianmixtureas-

sumption,only the resultsfrom the squareroot transformedovary dataare discussedin detail.

Figure7 shows that thesphericalmodels(EI andVI) andtheEEEmodelproducehigherquality

clustersthanCAST andthediagonalandunconstrainedmodelsat 4 clusters(thecorrectnumber)

on thesquareroot transformedovary data.TheBIC curvesin Figure8 show a bendat 4 clusters

(which is thenumberof classesin thisdataset)for thesphericalmodels,andamaximumat4 clus-

tersfor thediagonalandEEEmodels.TheBIC analysisselectsthesphericalmodelsat8 clusters.

Even thoughreal expressiondatamay not fully re�ect the classstructuredueto noise,the BIC

analysisfavors thespherical(EI andVI) andtheEEEmodelsover thediagonalmodels,which is
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in line with theadjustedRandindices.Furthermore,closerinspectionof thedatarevealsthat the

8 clustersolutionselectedby BIC analysisis still a meaningfulclustering— it differs from the

externalcriterionmainly in that thelargerclasseshave beensplit into 2 or 3 clusters(which may

re�ect differencesin theconstituentcDNAs, for example).
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Figure7: AdjustedRandindicesfor thesquareroot transformedovarydata.
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Figure8: AverageBIC valuesfor thesquareroot transformedovarydata.

Theresultson thelog transformedovary datashow thattheelliptical modelsproduceclusters

with higheradjustedRandindicesthanCAST (seeFigure9). The BIC curveson the log trans-

formedovarydataalsoshow abendat4 clustersin Figure10. On thestandardizedovarydata,the

adjustedRandindicesof clustersproducedby EEEandEI arecomparableto thatfrom CAST(see

Figure11. TheBIC curvesstartto �atten at around4 clusterson thestandardizedovary data,but

themaximumoccursataround7 clustersin Figure12.
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Figure9: AdjustedRandindicesfor thelog transformedovarydata.
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Figure10: AverageBIC valuesfor thelog transformedovarydata.
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Figure11: AdjustedRandindicesfor thestandardizedovarydata.
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Figure12: AverageBIC valuesfor thestandardizedovarydata.

Yeastcell cycledata with the 5-phasecriterion:
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Figure13: AdjustedRandindicesfor the log transformedyeastcell cycle datawith the 5-phase
criterion.

With theexceptionof theEEEmodel,all theothermodelsshow considerablylower adjusted

Randindicesthanthosefrom CAST (seeFigure13) on the log transformedyeastcell cycle data

with the 5-phasecriterion. Figure 14 shows that the BIC analysisselectsthe EEE model at 5

clusters(which is thenumberof classesin this dataset). Althoughthemodel-basedapproachon

thisdatasetproducesloweradjustedRandindicesthanCAST, theBIC analysisselectsthecorrect

numberof clustersandamodelwith relatively highqualityclusters.

Thestandardizedyeastcell cycle dataset(Figure15) shows a very differentpicturefrom the

log transformeddata:theequalvolumesphericalmodel(EI) achievescomparableadjustedRand
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Figure 14: AverageBIC valuesfor the log transformedyeastcell cycle datawith the 5-phase
criterion.
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Figure15: AdjustedRandindicesfor thestandardizedyeastcell cycledatawith the5-phasecrite-
rion.
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Figure16: AverageBIC valuesfor thestandardizedyeastcell cycledatawith the5-phasecriterion.

indicestoCASTat5 clusters.A carefulstudyof thenatureof thedatashowsthatthisis nosurprise.

Theyeastcell cycledatasetconsistsof time coursedata,andsoall the17 experimentsarehighly

correlated(unlike in theovary data). Figure17 shows a pairsplot of the �rst four time pointsof

the log transformeddata. Datapoints from eachof the � ve classesarerepresentedby different

symbolsin Figure17. The pairs plots of the remaining13 time points show a similar pattern.

Figure17 shows that the� ve classesarenot well-separated,andthat thedatapointsarescattered

alonga line. Hence,themodel-basedapproachcannoteasilyrecover theclusterstructure.On the

contrary, CAST usescorrelationcoef�cients as the similarity measure,andcorrelationcaptures

the classstructure. The � ve classeshave different peaktimes, and hencehave relatively high

correlationcoef�cients within classescomparedto correlationbetweenclasses.Visualizationof

the standardizeddatashows that the datapointsof the � ve classesaremorespreadout andare

sphericalin shape(seeFigure18). Hence,themodel-basedapproach(in particular, theEI model)

is ableto capturethe classinformationoncethe datahave beenstandardized.The BIC analysis

(seeFigure16)selectsmodelEEEat5 clusters.

Yeastcell cycledata with the MIPS criterion:

For the log-transformedyeastcell cycle datawith the MIPS criterion, the resultsare very

similar to that with the 5-phasecriterion: CAST producesmuchhigherquality clustersthanthe

model-basedapproach(resultsnotshown). Sincethis is adifferentsubsetof thesamedataset,the

standardizationalsospreadsout thehighly correlateddatapointsinto sphericalclusters,andhence

enablesthemodel-basedapproachto recover theclassstructure.As for theyeastcell cycle data

with the5-phasecriterion, theequalvolumespherical(EI) modelproducescomparableadjusted

Randindicesto CAST(seeFigure19)onthestandardizeddata.TheBIC curveof modelEI shows
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Figure17: Pairsplot of thelog transformedyeastcell cycledatawith the5-phasecriterion.
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28



0.0

0.1

0.2

0.3

0.4

0.5

0.6

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32
�����������
	���
�� �����������

���

�

�

� �

�

� �

 

�

EI
VI
VVV
diagonal
CAST
EEE

Figure19: AdjustedRandindicesfor thestandardizedyeastcell cycledatawith theMIPScriterion.
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Figure20: BIC valuesfor thestandardizedyeastcell cycledatawith theMIPScriterion.
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Table11: Summaryof resultson realexpressiondata.
dataset # classes AdjustedRandat # classes modelselectedbyBIC
log ovary data 4

���������������	��
�����
���������
��	�������

VI at9 clusters
sqrtovary data 4

�������	��
�����
�����
��������������	�������

VI at8 clusters
standardizedovary 4

��
���� 
 �!���	�����"����
����#���$���������

EEEat7 clusters
log 5-phasecell cycle 5

� 
 �!���	�����&%'��
����#���(����
��	�������

EEEat5 clusters
standardized5-phase 5

��
���� 
 �!���	�������)�	����������
����#���

EEEat5 clusters
log MIPScell cycle 4

� 
 �!�����������	��
��	������������
��*���#�

EEEat4 clusters
standardizedMIPS 4

� 
 �!������
��������"�	�����������#���$����


EEEat4 clusters

a bendat 4 clusters(thenumberof classesin this dataset).However, theBIC analysisselectsthe

EEE modelat 4 clusters.Note that althoughthe BIC analysisdoesnot selectthe bestmodel, it

doesselectthecorrectnumberof clustersin thisdataset.

7 Discussion

With our syntheticdatasets,themodel-basedapproachhadgoodperformance,andalsoselected

thecorrectmodelandtheright numberof clustersusingtheBIC analysis.For thesyntheticnormal

mixturedatasetsbasedonactualgeneexpressiondata,theunconstrainedmodel(VVV) produced

thehighestquality clustersandtheBIC analysischosetheright modelandthenumberof clusters

whentherewereenoughdatapoints. On the randomlyresampledgeneexpressiondatasets,the

diagonalmodelproducedmuchhigherquality clusters,andthe BIC analysisagainselectedthe

right modelandthe correctnumberof clusterseven thoughthe syntheticdatasetsshowed con-

siderabledeviation from theGaussianmixtureassumption.On thecyclic datasets(whichshowed

signi�cant deviationsfrom theGaussianmixtureassumptionandcontainedverysmallclasses),we

showedthat themodel-basedapproachandCAST (a leadingheuristic-basedapproach)produced

comparablequality clusters,andtheBIC analysisselectedthenumberof clustersthatmaximized

theaverageadjustedRandindex.

Wealsoshowedthepracticalityof themodel-basedapproachonrealgeneexpressiondatasets.

On theovary data,themodel-basedapproachachievedslightly betterresultsthanCAST, andthe

BIC analysisgave a reasonableindicationof thenumberof clustersin the transformeddata. On

two differentsubsetsof theyeastcell cycle datawith differentexternalcriteria,theequalvolume

sphericalmodel(EI) andEEEmodelproducedcomparableresultsto CAST on thestandardized

data.TheBIC valuesfrom theEEEmodelweremaximizedat thecorrectnumberof clusters.

In addition,weshowedthatdatatransformationscanincreasetheextentto whichgeneexpres-
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sion datasetsareconsistentwith normality, andthat modelshave varying performanceon data

setsthataretransformeddifferently. Althoughrealexpressiondatasetsdonotperfectlysatisfythe

Gaussianmixtureassumptionevenafter variousdatatransformations,themodel-basedapproach

neverthelessproducesslightly higherquality clusters,andprovidesan indicationof thenumbers

of clusters.It is interestingto notethatsimplemodels,like theequalvolumesphericalmodel(EI)

andtheelliptical EEE model,producedrelatively high quality clusterson all of our transformed

datasets.TheEEEmodelevendeterminedtheright numberof clusterson two differentsubsets

from the yeastcell cycle datasetwith differentexternalcriteria. On the ovary dataset,the BIC

valuesoverestimatedthenumberof clustersanddid notselectthemodelwith thehighestadjusted

Randindices.However, inspectionof theclustersshowedthattheclusteringresultselectedby the

BIC analysisis still meaningful.

In our study, we found differentdatatransformationshelpful in clusteringdifferenttypesof

expressiondata.For geneexpressiondatasetswith differenttissuetypes(for example,theovary

data),wefoundthelog or thesquareroot transformationto work best.For timecoursedatasetsor

otherhighly correlateddatasets,we recommendstandardizingthedatasetandapplyingtheequal

volumesphericalmodel(EI) to clusterthedatasets.Whenk-meansor theequalvolumespherical

model(EI) is used,we believe standardizingthedatasetbeforetheclusteringstepwill generally

beuseful.

Overall,our resultssuggestthepotentialusefulnessof model-basedclusteringevenwith exist-

ing implementations,which arenot tailoredfor geneexpressiondatasets.We believe thatcustom

re�nementsto themodel-basedapproachcouldbeof valuefor geneexpressionanalysis.Thereare

many directionsfor suchre�nements.Onedirectionis to designmodelsthat incorporatespeci�c

informationabouttheexperiments.For example,for expressiondatasetswith differenttissuetypes

(like the ovary data),the covariancesamongtissuesamplesof the sametype areexpectedto be

higherthanthosebetweentissuesamplesof differenttypes.Hence,a block matrix parameteriza-

tion of thecovariancematrixwouldbeareasonableassumption.Anotheradvantageof customized

parameterizationsof thecovariancematricesis thatthenumberof parametersto beestimatedcould

begreatlyreduced.Anothercrucialdirectionof futureresearchis to incorporatemissingdataand

outliersin the model. We believe that the overestimationof the numberof clustersin the ovary

datamaybedueto noiseor outliers. In this paper, we usedsubsetsof datawithout any missing

values. With the underlyingprobability framework, we expect the ability to modeloutliersand

missingvaluesexplicitly to beanotherpotentialadvantageof themodel-basedapproachover the

heuristicclusteringmethods.

In termsof datatransformations,moretypesof datatransformationscanbeexplored.In partic-
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ular, thedatatransformationmaydependonthetechnologywith which thearraydatais produced.

For example,theovary datasetusedin this studyis producedby themembranearrays,while the

yeastcell cycle datasetis producedby the Affymetrix arrays.Dif ferentarraytechnologiesmay

producedatawith differentstatisticalproperties.
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APPENDIX

A Detailsof the CAST algorithm

TheClusterAf�nity SearchTechnique(CAST) is analgorithmproposedby Ben-DorandYakhini

(1999)to clustergeneexpressiondata.Theinputto thealgorithmincludesthepairwisesimilarities

of thegenes,anda cutoff parameter
�

(which is a realnumberbetween0 and1). Theclustersare

constructedoneat a time. Thecurrentclusterunderconstructionis called
���

	

�

#

. Theaf�nity of a

gene� , �

�

�? , is de�ned to bethesumof similarity valuesbetween� andall thegenesin
���

	

�

#

. A

gene� is saidto havehighaf�nity if �

�

�? 

0

�

�

���

	

�

#

�

. Otherwise,� is saidto havelow af�nity . Note

thattheaf�nity of a genedependson thegenesthatarealreadyin
���

	

�

#

. Thealgorithmalternates

betweenaddinghigh af�nity genesto
���

	

�

#

, andremoving low af�nity genesfrom
���

	

�

#

.
���

	

�

#

is closedwhenno moregenescanbe addedto or removed from it. Oncea clusteris closed,it

is not consideredany moreby thealgorithm. Thealgorithmiteratesuntil all thegeneshave been

assignedto clustersandthecurrent
���

	

�

#

is closed.

Whena new cluster
���

	

�

#

is started,theinitial af�nity of all genesare0 since
���

	

�

#

is empty.

One additionalheuristicthat Ben-Dor and Yakhini (1999) implementedin their software BIO-

CLUST is to chooseagenewith themaximumnumberof neighborsto startanew cluster. Another

heuristicis thataftertheCAST algorithmconverges,thereis anadditionaliterativestep,in which

all clustersareconsideredat thesametime, andgenesaremovedto theclusterwith the highest

averagesimilarity.
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B Example illustrating the adjustedRand index

Thefollowing exampleillustrateshow theadjustedRandindex (discussedin Section5.1) is com-

puted.Example1 is acontingency tablein thesameform asin Table10.

Example1
Classor Cluster

�

�

�

D

�

�

Sums
�A�

1 1 0 2
�

D 1 2 1 4
�

�

0 0 4 4
Sums 2 3 5

�

!65

2

� is de�nedasthenumberof pairsof objectsin thesameclassin � andsameclusterin � , hence

� canbewritten as 4

%�� �
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L � . In Example1, �
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Table1,
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Similarly, � is de�ned asthe numberof pairsof objectsin the sameclusterin � but not in the

sameclassin � , so � canbe written as 4
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for comparingthe two partitionsin Example1 is
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 (seeSection5.1 for the de�nitions of the RandandadjustedRand

indices).TheRandindex is muchhigherthantheadjustedRandindex.
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