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Abstract

Clusteringis a useful exploratorytechniquefor the analysisof geneexpressiondata,and mary
differentheuristicclusteringalgorithmshave beenproposedn this context. Clusteringalgorithms
basedon probability modelsoffer a principled alternatve to heuristicalgorithms. Model-based
clusteringassumeshatthedatais generatedby a nite mixtureof underlyingprobability distribu-
tions suchasmultivariatenormaldistributions. This Gaussiamixture modelhasbeenshowvn to
be a powerful tool for mary applications.In addition,theissuesof selectinga “good” clustering
methodanddetermininghe“correct” numberof clustersarereducedo modelselectionproblems
in the probability framework.

We benchmarkdthe performancef model-basedlusteringon severalsyntheticandrealgene
expressiondatasetsfor which external evaluationcriteria were available. The model-baseap-
proachhassuperiomperformancenoursyntheticdatasets consistentlyselectinghecorrectmodel
andtheright numberof clusters.Onrealexpressiordatathemodel-basedpproactproducedlus-
tersof quality comparableo aleadingheuristicclusteringalgorithm,but with thekey advantageof
suggestinghe numberof clustersandanappropriatanodel. We alsoassessethe degreeto which
thesereal geneexpressiondatasets t multivariate Gaussiardistributionsboth beforeand after
subjectinghemto commonlyuseddatatransformationsSuitablychosertransformationseento
resultin reasonablés.

Theseanalysesverecarriedout usingthe McLUST softwareavailableat
www.stat.vashington.edu/fralgmclust/soft.&tml.
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1 Intr oduction

DNA microarraysoffer the rst greathopeof studyingthe variation of mary genessimultane-
ously(Lander1999). Large amountsf geneexpressiordatahave beengeneratedby researchers.
Thereis agreatneedto developanalyticalmethodologyto analyzeandto exploit the information
containedn geneexpressiondata(Lander1999). Becauseof the large numberof genesandthe
compleity of biological networks, clusteringis a usefulexploratorytechniquefor the analysisof
geneexpressiordata.

A wide rangeof clusteringalgorithmshave beenproposedo analyzegeneexpressiondata,
including hierarchicalclustering(Eisen, Spellman,Brown, and Botstein 1998), self-oiganizing
maps(Tamayo, Slonim, Mesirov, Zhu, Kitareeavan, Dmitrovsky, Lander and Golub 1999), k-
means(Tavazoie, Hughes,Campbell,Cho, and Church 1999), graph-theoreti@approachegfor
example, Ben-Dor and Yakhini 1999 and Hartuy, Schmitt, Lange, Meirer-Ewert, Lehrach,and
Shamirl999),andsupportvectormachinegBrown, Grundy Lin, Cristianini,SugnetfFurey, Ares,
andHaussler2000). Successn applicationshasbeenreportedfor mary clusteringapproaches,
but sofar no singlemethodhasemegedasthe methodof choicein the geneexpressioranalysis
community Mostof theproposealusteringalgorithmsarelargely heuristicallymotivated andthe
issuesof determininghe“correct” numberof clustersandchoosinga “good” clusteringalgorithm
arenotyetrigorouslysolved. Eisen,SpellmanBrown, andBotstein(1998)and Tamayo,Slonim,
Mesirov, Zhu, Kitareavan,Dmitrovsky, Lander andGolub(1999)usedvisualdisplayto determine
thenumberof clusters.Yeung,Haynot andRuzzo(2001)suggestedlusteringthe datasetleaving
outoneexperimentatatime andthencomparedheperformancef differentclusteringalgorithms
usingtheleft-outexperiment.Thegapstatistic(Tibshirani,Walther andHastie2000)estimateshe
numberof clustersby comparingwithin-clusterdispersiorto thatof a referencenull distribution.

Clusteringalgorithmsbasedon probability modelsoffer a principled alternatve to heuristic-
basedalgorithms. In particular the model-base@dpproachassumeshatthe datais generatedy
a nite mixture of underlyingprobability distributions suchas multivariatenormaldistributions.
The Gaussiarmixture model hasbeenshavn to be a powerful tool for mary applications(for
exampleBan eld and Raftery 1993, Celeuxand Govaert1993, McLachlanand Basford 1988).
With theunderlyingprobabilitymodel,the problemsof determininghe numberof clustersandof
choosingan appropriateclusteringmethodbecomestatisticalmodel choice problems(Dasgupta
andRaftery1998, Fraley and Raftery1998, Fraley andRaftery2000). This is an advantageover
heuristicclusteringalgorithms,in which thereis no establishednethodto determinethe number
of clustersor the bestclusteringmethod. Details of the model-basedpproachand the model



selectionrmethodologiesrediscussedn Section2.

Sincethe model-basedpproachs basedon the assumptiorthat the dataare distributedac-
cordingto a mixture of Gaussiardistributions, we assessvhetherthis assumptiorholds before
applyingthe model-basedpproach.Moreover, the raw geneexpressiondatado not satisfythe
Gaussiammixtureassumptioraswe will seein Sectiord. Hence we exploredifferenttransforma-
tions of geneexpressiordatasetsandassesshe extentto which the transformediatasetssatisfy
thenormalityassumption.

In Section6, we shav thattheexisting model-basedlusteringmplementationproducehigher
quality clusteringresultsthanaleadingheuristicapproactwhenthedatasetis appropriatelytrans-
formed. The existing model-basealusteringmethodswere designedor applicationsotherthan
geneexpressionandyetthey performwell in this context. We thereforefeel that, with furtherre-

nementsspeci cally for thegeneexpressiorproblem themodel-basedpproachasthepotential
to becomehe approaclof choicefor clusteringgeneexpressiordata.

2 The Model-BasedClustering Approach

2.1 The Model-BasedFramework

The mixture modelassumeshateachcomponen{(group)of the datais generatedby anunderly-
ing probability distribution. Supposdhedata consistof independeniultivariateobsenrations

. Let bethe numberof componentsn the data. The likelihoodfor the mixture
modelis

(1)

where and arethedensityandparametersfthe th componentn themixture,and isthe
probabilitythatanobsenationbelongsto the th componen( and ).

In the Gaussiammixture model,eachcomponent is modeledby the multivariatenormaldis-
tributionwith parameters (meanvector)and (covariancematrix):

(2)

Geometricfeatures(shape volume, orientation)of eachcomponent aredeterminedoy the
covariancematrix . Ban eld andRaftery(1993)proposedageneraframevork for representing
the covariancematrixin termsof its eigervaluedecomposition

®3)



where is the orthogonalmatrix of eigervectors, is a diagonalmatrix whoseelementsare
proportionalto theeigervaluesof ,and isascalar Thematrix  determinegheorientation
of thecomponent, determinesheshapeof thecomponentand determinests volume.

Allowing somebut not all of the parametersn Equation(3) to vary yields an array of mod-
els within this generalframenork. In this paper we consider ve suchmodels,outlined below.
Constraining to betheidentity matrix correspondso Gaussiamixturesin whicheach
components sphericallysymmetric.Theequalvolumesphericalmodel(denotedy El), whichis
parameterizetly , representgshe mostconstrainednodelunderthis framawork, with the
smallesinumberof parameters.The unequalvolumesphericalmodel(V1), , allowsthe
sphericacomponentso have differentvolumesdeterminedy adifferent  for eachcomponent

. Theunconstainedmodel(VVV) allowsallof , and tovarybetweercomponentsThe
unconstrainednodelhasthe advantagehatit is the mostgeneraimodel,but hasthe disadantage
thatthemaximumnumberof parameteraeedo beestimatedhencerequiringrelatively moredata
pointsin eachcomponent.

Thereis arangeof elliptical modelswith otherconstraintandfewer parameterst-or example,
with the parameterization , eachcomponents elliptical, but all have equalvolume,
shapeandorientation(denotedoy EEE).All of thesemodelsareimplementedn McLuUsT (Fraley
andRaftery1998). Celeuxand Govaert(1995)also consideredhe modelin which ,
where is adiagonalmatrix with . Geometricallythe diagonalmodelcorresponds$o
axis-alignecelliptical components. In the experimentsreportedin this paper we consideredhe
equalvolumesphericalEl), unequalolumesphericalVIl), EEEandunconstrainedvVvV) mod-
elsasimplementedn McLuUST (Fraley andRaftery1999),andthediagonaimodelasimplemented
by Murua, Tantrum,Stuetzle andSiebertq2001).

In boththe McLuUST implementatiorandthe diagonalmodelimplementationthe modelpa-
rameterareestimatedy the EM algorithm,in which expectation(E) stepsandmaximization(M)
stepsalternate In the E-step the probability of eachobsenation belongingto eachclusteris esti-
matedconditionallyon the currentparameteestimatesin the M-step,the modelparametersre
estimatedgiventhe currentgroupmembershigrobabilities. Whenthe EM algorithmcornverges,
eachobsenationis assignedo the groupwith themaximumconditionalprobability TheEM algo-
rithm is usuallyinitialized with a model-basedhierarchicalklusteringstep(DasguptaandRaftery
1998,Fraley andRaftery1998).

Theclassicaliterative k-meansclusteringalgorithm, rst proposedasa heuristicclusteringal-
gorithm, hasbeenshown to be closelyrelatedto model-basedlusteringusingthe equalvolume
sphericamodel(El), ascomputedoy the EM algorithm(CeleuxandGovaert1992).K-meanshas



beensuccessfullyusedfor awide variety of clusteringtasks,including clusteringof geneexpres-

siondata. Thisis not surprising,from the model-basegerspectie, givenk-means'interpretation
asanapproximateestimationmethodfor a parsimoniousnodelof simpleindependenGaussians,
amodelthatarisescommonlyin mary contexts.

Neverthelessit shouldalsobe unsurprisinghatk-meands not theright modelin mary other
circumstancesFor example,the unequalolume sphericalmodel (VI) may be moreappropriate
if somegroupsof genesaremuchmoretightly co-regulatedthanothers. Similarly, the diagonal
modelalsoassumethatexperimentsareuncorrelatedput allowsfor unequaklariancesn different
experimentsasmight bethe casein a stress-responsperimentor a tumor/normalcomparison,
say We have obsenedconsiderableorrelationbetweersamplesn time-seriesxperimentscou-
pledwith unequalvariances.One of the moregeneralelliptical modelsmay better t the datain
thesecasesOneof the key advantage®f themodel-basedpproachs the availability of avariety
of modelsthat smoothlyinterpolatebetweenthesescenariogand others). Of course,thereis a
tradeof in thatthe moregeneralmodelsrequiremore parameters$o be estimatedandchoiceof
which modelto usemay seemad hoc. A secondkey advantageof model-basedlusteringis that
thereis a principled,data-drvenway to approachhe latter problem. This is the topic of the next
subsection.

2.2 Model Selection

Eachcombinationof a differentspeci cation of the covariancematricesand a differentnumber
of clusterscorrespondso a separaterobability model. Hence,the probabilisticframevork of
model-basedlusteringallows theissuesof choosingthe bestclusteringalgorithmandthe correct
numberof clustersto be reducedsimultaneouslyto modelselectionproblems. This is important
becausehereis a tradeof betweerprobability model(andthe correspondinglusteringmethod),
and numberof clusters. For example,if oneusesa comple« model,a small numberof clusters
may sufce, whereadf oneusesa simplemodel,onemay needa larger numberof clustersto t
thedataadequately

Let betheobsereddata,and and  betwo differentmodelswith parameters and

respectrely. Theintegratedlikelihoodis de ned as
where and is the prior distributionof . Theintegratedlikelihoodrepresents
the probabilitythatdata is obseredgiventhatthe underlyingmodelis . The Bayesfactor
(KassandRaftery1995)is de ned astheratio of theintegratedik elihoodsof thetwo models,.e.,

. In otherwords,theBayesfactor  representtheposterioroddsthat

thedataweredistributedaccordingo model  againstmodel  assuminghatneithermodelis
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favoredapriori. If ,model isfavoredover . Themethodcanbegeneralizedo more
thantwo models.The maindif culty in usingthe Bayesfactoris the evaluationof the integrated
likelihood. We usedan approximatiorcalledthe BayesiannformationCriterion (BIC) (Schwarz
1978):

(4)
where isthenumberof parameterso beestimatedn model ,and isthemaximumlikeli-
hoodestimateor the parametewectorof model , . For discussiorof its useandjusti cation

in the context of model-basedalustering,seeFraley andRaftery2000. Intuitively, the rst term
in Equation(4), which is the maximizedmixture likelihoodfor the model,rewardsa modelthat
ts thedatawell, andthesecondermdiscouragesver tting by penalizingmodelswith morefree
parametersA large BIC scoreindicatesstrongevidencefor the correspondingnodel. Hence the
BIC scorecanbeusedto comparemodelswith differentcovariancematrix parameterizationand
differentnumbersof clusters. Usually, BIC scoredifferencegyreaterthan 10 are consideredas
strongevidencefavoring onemodelover anothefKassandRaftery1995).

2.3 Prior Work

We areawareof only two publishedpapersattemptingmodel-basedormulationsof geneexpres-
sion clustering.HolmesandBruno (2000)formulatea modelthatappeardo be equivalentto the
unconstrainednodelde ned above. BarashandFriedman(2001)de ne amodelsimilarto thedi-

agonalmodelabore. Themainfocusof bothpaperss theincorporationof additionalknowledge,
speci cally transcriptionfactorbinding motifs in upstreanregions,into the clusteringmodel,and
sothey do notconsidemodel-basedlusteringof expressiorpro les per sein thedepthor gener

ality thatwe do. Ourresultsarecomplementaryo thoseefforts.

3 Data Sets

We usedtwo geneexpressiondatasetsfor which externalevaluationcriteria were available,and
threesetsof syntheticdatato testthe Gaussiamixtureassumptiomndto compareheperformance
of differentclusteringalgorithms.We usedthe term classor componento referto a groupin the
externalcriterion. Theword clusterrefersto clustersobtainedoy a clusteringalgorithm.



3.1 GeneExpressionData Sets

The ovary data: A subsetof the ovary dataobtainedby SchummerNg, Bumgarner Nelson,
SchummerBednarskiHassell Baldwin, Karlan,andHood (1999)and Schumme2000)is used.
The ovary datasetis generatedy hybridizing randomlyselectedcDNA's to membranearrays.
The subsetof the ovary datawe usedcontains235 clonesand 24 tissuesampleqexperiments),
someof which arederived from normaltissuesandsomefrom ovariancancersn variousstages
of malignang. The235clonesweresequencedinddiscoveredto correspondo 4 differentgenes.
These4 geneswererepresente®8, 88, 57, and 32 timeson the membranearrays,respectrely.
We would hopethat clusteringalgorithmswould separatehe clonescorrespondingo thesefour
differentgenesHence the four genedorm the four classesn this data.

The yeastcell cycledata: Theyeastcell cycle data(Cho, Campbell, Winzeler Steinmetz Con-
way, Wodicka,Wolfsbeg, Gabrielian,Landsmanlockhart,andDavis 1998)shovedthe uctua-
tion of expressionlevels of approximately6000genesover two cell cycles(17 time points). We
usedtwo differentsubsetsf this datawith independenexternal criteria. The rst subset(the
5-phasecriterion) (Cho et al. 1998) consistsof 384 genespeakingat differenttime points cor-
respondingo the ve phasesf cell cycle. Sincethe 384 geneswereidenti ed accordingto the
peaktimesof geneswe expectclusteringresultsto approximatdghe ve phasesHencewe used
the 384 geneswith the 5-phasecriterion as one of our datasets. The secondsubset(the MIPS
criterion) consistsof 237 genescorrespondingdo four cateyoriesin the MIPS databas€éMewes,
HeumannKaps,Mayer, Pfeiffer, Stocker, andFrishmanl999). Thefour categories(DNA synthe-
sisandreplication,organizationof centrosomenitrogenand sulphurmetabolismandribosomal
proteins)wereshownn to bere ectedin clustersfrom the yeastcell cycle data(Tavazoie,Hughes,
Campbell,Cho,andChurch1999).

3.2 Syntheticdata sets

Sincereal expressiondatasetsare expectedto be noisy andtheir clustersmay not fully re ect

the classinformation,we complementeaur studywith syntheticdata,for which the classesare
known. Modeling geneexpressiondatasetsis an ongoingeffort by mary researchersandthere
is no well-establishednodelto represengeneexpressiondatayet. We usedthe threesynthetic
datasetsproposedy YeungandRuzzo(2001). Eachof thethreesyntheticdatasetshasdifferent
properties.By usingall threesetsof syntheticdata,we hopeto evaluatethe performanceof the
model-base@pproachn differentsituations.The rst two syntheticdatasetsrepresenattempts
to generataeplicatesof the ovary datasetby randomizingdifferentaspectf the original data.



Thelastsyntheticdatasetis generatedyy modelingexpressiordatawith cyclic behaior. In each
of the threesyntheticdatasets,tenreplicatesare generated.In eachreplicate,235 obsenations
and24 variablesarerandomlygenerated.
Mixtur e of normal distrib utions basedon the ovary data: Eachclassin this syntheticdata
is generated@ccordingo amultivariatenormaldistribution with the samplecovariancematrixand
themeanvectorof thecorrespondinglassin theovary data.Thesizeof eachclassin thesynthetic
datais the sameasin the real ovary data. This syntheticdatasetpreseresthe meanvectorand
the covariancematrix betweernthe experimentsin eachclass,but it assumeshat the underlying
distribution of genesn eachclassis multivariatenormal.
Randomly resampledovary data: Thedatafor anobsenrationin class (where )
underexperiment (where ) is generatedby randomlysampling(with replacement)
the expressionlevels underexperiment in the sameclass of the ovary data. The sizeof each
classin this syntheticdatasetis againthe sameasin the real ovary data. This datasetdoesnot
assumaeary underlyingdistribution. However, arny possiblecorrelationbetweenexperimentgfor
example,the normaltissuesamplesmay be correlated)is not presered dueto the independent
randomsamplingof the expressionlevels from eachexperiment. Hence,the resultingsample
covariancematricesof this randomlyresamplediatasettendto be closeto diagonal.
Cyclic data: This syntheticdatasetmodelscyclic behaior of genesover differenttime points.
Thecyclic behaior of geneds modeledby the sinefunction. Classesaremodeledasgeneghat
have similar peaktimesoverthetime course Differentclassedave differentphaseshiftsandhave
differentsizes.Let  bethesimulatedexpressionievel of gene underexperiment in this data
setwith tenclassesLet , Where — (Zhao
2000). Thequantity representshe averageexpressiorlevel of gene , whichis choseraccord-
ing to the standarchormaldistribution. Thequantity is theamplitudecontrolfor gene , which
is choseraccordingto a normaldistribution with mean3 andstandardleviation 0.5. Thequantity
modelsthe cyclic behaior. Eachcycle is assumedo span8 time points (experiments).
Theclassnumberis denotedby , andthesizesof thedifferentclassesregeneratecccordingto
Zipf's Law (Zipf 1949). Differentclassearerepresentetby differentphaseshifts , which are
choseraccordingto the uniform distribution in the interval . Therandomvariable , which
representghe noiseof genesynchronizationis generatecccordingto the standarchormaldistri-
bution. Theparameter istheamplitudecontrolof condition , andis simulatedaccordingo the
normaldistribution with mean3 andstandardieviation 0.5. Thequantity , which representan
additive experimentalerror, is generatedrom the standarchormaldistribution. Eachobsenation
(row) is standardizedlb have mean0 andvariancel.



4 Data Transformations and the GaussianMixtur e Assump-
tion

Beforeapplyingmodel-basedlusteringto geneexpressiondata,we assessethe extentto which
the Gaussiammixture assumptiorholds. Sincewe do not expectraw expressiordatato satisfythe
Gaussiarmmixture assumptionwe exploredthe degreeof normality of eachclassafter applying
differentdatatransformations.In particular we studiedtwo typesof datatransformationsithe
Box-CoxtransformationgBox andCox 1964),andthe standardizatiof eachgene(or clone)to
have mean0 andstandardieviation 1.
The Box-Cox transformationBox and Cox 1964)is a parametricfamily of transformations

from to with parameter :

— if 0
if =0 ®)
The Box-Coxtransformatiorsubsumesnary commonlyusedtransformationsincluding the log
transformatiorwhich is very popularfor microarraydata(for example,Speed000).
Standardizingeachgene(or clone)to have mean0 and standarddeviation 1 is anothervery
populardatatransformatiorstepbeforeclustering;see,for example, Tamayo,Slonim, Mesirov,
Zhu, Kitareevan, Dmitrovsky, Lander andGolub (1999)and Tavazoie,Hughes,Campbell,Cho,
and Church(1999). Note that this standardizatiorof subtractingthe meanand dividing by the
standarddeviation makes correlationand Euclideandistanceequialentin the transformeddata
set.

4.1 Methodologyfor Testingthe GaussianMixtur e Assumption

In orderto testtheGaussiamixtureassumptionthegeneexpressiordatasetswith externalcriteria
describedn Section3.1wereused.We testedthe multivariatenormality of ead classin eachdata
set. Therearemary differenttestsfor multivariatenormality. We usedthreedifferentapproaches:
goodnes®f t testsbasedontheempiricaldistribution function,e.g. Aitchison (1986),skewness
andkurtosistests,e.g. Jobson(1991),andmaximumlik elihoodestimationof the transformation
parameterse.g. Andrews, GnanadesikargndWarner(1973).

Aitchison tests: Aitchison (1986)testedthreeaspectf the datafor multivariatenormality: the
maiginal univariatedistribution, the bivariateangledistribution andthe radiusdistribution. Sup-
poseageneexpressiordatasethas genesand experimentsSincewe areinterestedn clustering
thegenesthe experimentsareour variables.Thereare testsfor eachof the maginal distribu-
tions, bivariateangletests,andoneradiustest.

8



Let betheexpressiorievel of gene underexperiment . Supposehedatasethas classes,
andclass has genegy ). Let and (where ),
bethe samplemeanvectorandcovariancematrix for class :

(6)

(7)

In themarginal test, the normality of the maginal distribution of eachexperiment is tested.

Let denotethestandardormaldistributionfunction,andlet ~,where

. If the 'sarenormallydistributedin class underexperiment , thesortedvalues

of in ascendingrdershouldapproximatehe orderstatisticsof a uniform distribution over the
intenval (0,1).

Threedifferentstatisticccomputedrom theempiricaldistributionfunctions(Anderson-Darling,
Cramerwon Mises,andWatson)wereusedto assessleparture®f thesorted valuesfrom the
orderstatisticof theuniformdistribution. Assumingthat  arethesortedvaluesfromclass , The
Anderson-Darlingtatisticis de ned by
The Cramervon Misesstatisticis de ned by . The
Watsonstatisticsis de ned by - where . Critical values
of the empiricaldistribution function teststatisticsare given by Aitchison (1986). We usedthe
critical valuescorrespondingdo the 1% signi cancelevel. For eachclass,we computedheempir
ical distribution functionteststatisticsfor eachof the Anderson-DarlingCramerwon Mises,and
Watsonformsusingthe 's. If a giventeststatisticfor experiment is greaterthanthe critical
value,we saythatthe mamginal distribution of experiment shows departurdrom normality.

In the bivariate angletest, the bivariatenormality of eachpair of experiments is evalu-
ated.Theideais thatif apairof variables is circularnormal,thentheradiananglebetween
thevectorfrom theorigin (0,0)to andthe -axisis approximatelyuniformin theinterval

. Sinceary bivariatenormal distribution canbe reducedto a circular normaldistribution
by a suitabletransformationyve appliedthe transformatiorto eachpair of experiments and
testedthe resultinganglefor the uniform property Again, the empiricaldistribution functiontest
statisticsareusedto measurehe departurdrom the uniform distribution.

In theradius test, theradiusof eachgene in class isde nedas

, Where is the vector of expressionlevels of gene underall experiments. Underthe
multivariatenormalassumptiorof 's, theradii 's areapproximatelydistributedas f



wede ne asthesortedvaluesof , where is thedistribution function of , we can
againusethe empiricaldistribution function teststatisticsto measuraleviation from the uniform
distribution.

Skewnessand Kurtosis: Skewnessmeasureshe amountof asymmetryin a distribution. For a
normaldistribution, the skewnessis 0. Kurtosismeasureshe extentto which the dataare pealed
or at relativeto thenormaldistribution. For the standardhormaldistribution, thekurtosisis 3. We
computedheskewnessandkurtosisof eachclass in thedata.Let

, Where . Multivariateskewnessandkurtosisarede ned by
and , andnull distributionsareavailablefor boththe multivariateskewnessandkurtosis
(Mardia1970).A smallp-valuesuggestshe multivariatenormalassumptiorio be questionable.

Maximum lik elihood estimation of the transformation parameters: The parameter in the
Box-Coxtransformatiorin Equation(5) is estimatedoy maximumlik elihood usingthe obsena-
tions (Andrews, Gnanadesikargand Warner1973). The estimatedvalueof suggestdoth the
scaleon which the dataare closestto normality, and also the extentto which the dataon other
scaledeviatefrom normality.

4.2 Resultsof Testingthe GaussianMixtur e Assumption

We focusedon the populararray datatransformationsthe logarithmicand squareroot transfor
mationsand the standardizatioito meanO and standarddeviation 1. We appliedthe Aitchison
testsandthe skewnessandkurtosisteststo eachclassin thetransformedvary dataandthetrans-
formedyeastcell cycle data. Due to the large numberof teststatisticsfrom the Aitchison tests
( ) for eachclasson ary data,only a summaryof the Aitchison testsis
presentedn this technicalreport. In addition,we foundthe maximumlik elihoodestimate®f the
transformatiorparametefor eachclass.

Geometricallythe standardizatiomf subtractinghe meananddividing by the standardievi-
ation of eachobsenation putsthe datapointson the -dimensionalsurfaceof a -
dimensionakphere .Moreover, the covariancematricesof the standardizedlatasetsaresingular
Hence the skewnessandkurtosistestsandtheradiustest(which involve theinverseof the covari-
ancematrix) arenotapplicableto the standardizedata.

Ovary data: Table 1 shaws the resultsof the Aitchison testson eachof the four classesn the
ovary data. In the mawginal test,if the teststatisticsof an experiment from all threeempirical
distribution functionsaregreaterthantheir correspondingritical valuesat 1 % signi cancelevel,
we adoptthe shorthandconventionof sayingthatexperiment violatesthe normalityassumption.
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The columnm in Table 1 showvs the numberof violations from the 24 maiginal testson each
classin the ovary data. Similarly, the columnb in Table 1 shovs the numberof violationsfrom
bivariateangletestson eachclassin the ovary data. The columnr hasanentry 1 if

theteststatisticdrom all threeempiricaldistribution functionsaregreatethantheir corresponding
critical valuesat 1 % signi cancelevel in theradiustest. Otherwisethe columnr hasanentryO.

Tablel: Resultsof Aitchisontestson the ovary data. The columnm shawvs the numberof violationsfrom
the 24 maginal testson eachclass.The columnb shavs the numberof violationsfrom 276 bivariateangle
testson eachclass. The columnr hasanentry 1 if the teststatisticsfrom all threeempirical distribution
functionsaregreatertthantheir correspondingritical valuesat 1 % signi cancelevel in theradiustest,and
anentry0 otherwise.

classl class2 class3 class4

m b r m b r m b r m b r

raw 0O 0O 5 0 O 18 12 0 4 1 0

log 9 0O 14 12 0 2 0 O 4 0 O

sqrt 1 0O 6 0 O 4 0 O 3 0O
standardized3 0 NA |7 13 NA |6 O NA |5 2 NA

The resultsfrom Table 1 suggesthat the squareroot transformations closerto multivariate
normalthanthelog transformation On the squareroot transformediata,the maiginal testshavs
thatonly one experiment(out of 24) deviatesfrom normality in classl. Similarly, class2 has6
experimentsgclass3 has4 experimentsandclass4 has3 experimentshat deviate from maginal
normality None of the classesn the squareroot transformeddatashavs any deviation in the
bivariateangleor radiustests.On the standardizedlata,the radiustestsarenot applicable sothe
r columnsfor thestandardizedataaremarked“NA” in Tablel.

Table2 shaws the p-valuesof skewnessandkurtosisfor eachclassontheraw, log andsquare
roottransformedbvary data.A smallp-valueindicatesdeviationsfrom the skewnessandkurtosis
criteria. FromTable2, class2 deviatesfrom the skeawnessandkurtosiscriteriain theraw, log and
squareroot transformediata.On the otherhand,class4 doesnot violate the skewnessor kurtosis
criteria. Both the squareroot andlog transformationsmprove skewnessin the raw data,but the
log transformatiormakes class1 skewed. To summarizethe skewnessandkurtosistestsshov
thesameoverall pictureasthe Aitchisontests:the squareroot transformations relatively closeto
multivariatenormal.
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Table2: p-valuesof skewnessandkurtosison the ovary data.

classl class2 class3 class4
raw | skewness| 0.844 O 0 1
raw | kurtosis | 0.999 0.001 0.31 1
log | skewness| 0.002 O 0.854 1
log | kurtosis | 0.826 O 0999 1
sqrt | skewness| 0.768 0 0559 1
sqrt| kurtosis | 0.999 0.057 0.998 1

Table3 showvs the maximumlik elihoodestimate®f the transformatiorparameter$or eachof
thefour classesn theraw ovary data. and arethe maximizedlog-likelihood
for the squareroot andlog transformationsespectrely. From Table 3, the maximumlik elihood
estimatesof the Box-Cox transformationparameter( ) lie between0.40 and 0.73 for the four
classesn the ovary data. Comparingthe maximizedlog-likelihoodsfor the squareroot transfor
mationto thosefor the log transformationsuggestghat the squareroot transformationis more
nearlymultivariatenormalin all four classes.

Table3: Estimate®f thetransformatiorparametefor the ovary data.

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

Yeastcell cycle data with the 5-phasecriterion: Table 4 shaws the resultsof the Aitchison
testson theyeastcell cycle datawith the 5-phasecriterion. Theresultsfrom Table4 indicatethat
the log transformedyeastcell cycle datais more nearly multivariatenormalthanthe squareroot
transformeddata. With the log transformationclassesl, 3, and4 shov no deviation from ary
of the mamginal, bivariateangleandradiustests. The only deviationsfrom normality in this data
setare: class2 shaws deviation from the radiustest, and one experiment(out of 17) in class5
shaws deviation from mamginal normality. The Aitchison testsshow that the log transformation
greatlyenhancesormalityin all of the 5 classestheraw datashows signi cant deviationsfrom
the mamginal, bivariateangleandradiustestsin all of the 5 classes.The standardizegeastcell
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cycle datais alsomuchmore Gaussiarthanthe raw data,but notasmuchasthelog transformed
data.

Table5 portraysa differentpicturethanthe Aitchisontests:theraw, squareootandlog trans-
formeddataall shov deviationsfrom the skewnessandkurtosiscriteria. However, the log trans-
formationseemso show relatively lessdeviation.

Table4: Resultsof Aitchisontestson theyeastcell cycle datawith the 5-phasecriterion. The
columnheadingsareasin Tablel.

classl class2 class3 class4 classb
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 0O 0 O 0O O 1 O 0 O 0O 0O 1 0 O
sqrt 8 0 1 17 1 1 15 0 1 0O 0O 7 0 O
standardized5 0O NA |4 5 NA|{1 O NA|1 O NA|2 O NA

Table5: p-valuesof skewnessandkurtosison theyeastcell cycle datawith the 5-phasecriterion.

classl class2 class3 class4 class5
raw | skewness| 0 0 0 0 0
raw | kurtosis | 0 0 0 0 0
log | skewness| 0.051 O 0 0.046 O
log | kurtosis | 0.735 O 0 0.678 0.001
sqrt | skewness| 0 0 0 0 0
sqrt | kurtosis | O 0 0 0.003 0.001

Table 6 supportsthe conclusiongrom the otherapproachesthe estimatedransformations
closer(in termsof differencedetweerestimatedBox-Cox power parametersjo thelog transfor
mationthanto thesquareroot transformationTheestimates arebetweer0.14and0.22for all 5
classes.

Yeastcell cycledata with the MIPS criterion: In generalthe Aitchisontests the skewnessand
kurtosistests,and the maximumlik elihood estimationall shav similar patternsto the 5-phase
criterion: the log transformeddataare closerto beingGaussiarthanthe squareroot transformed
data(seeTables7, 8 and9). However, class4 (ribosomalproteins)shavs signi cantly more
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Table6: Estimatef thetransformatiorparametefor theyeastcell cycle datawith the 5-phase

criterion.
class
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 andsquareoottransformations.

Table7: Resultsof Aitchisontestson theyeastcell cycle datawith the MIPS criterion. The
columnheadingsareasin Tablel.

classl 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 O 0O 0O 0 O 4 0 1 17 67 1
sqrt 8 00 15 0 O 12 0 1 14 1 1
standardized6 1 NA |2 0 NA |3 O NA |15 28 NA

Table8: p-valuesof skewnessandkurtosison the yeastcell cycle datawith the MIPS criterion.

classl class2 class3 class4
raw | skewness| 0 0

raw | kurtosis | O 0.046
log | skewness| 0.136 0.999
log | kurtosis | 0.896 0.999
sqrt | skewness| 0 0.747
sqrt | kurtosis | 0.014 0.996

PR RRRR
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Table9: Estimateof thetransformatiorparametefor theyeastcell cycle datawith the MIPS

criterion.
class
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 IndependentAssessmenbf Clustering Results

Themajorcontribution of this paperis thedemonstratiomf the potentialusefulnes®f the model-
basedapproachpoth in termsof the quality of the clusteringresultsandthe quality of models
selectedusing the BIC criterion. We comparedthe performanceof the model-basedpproach
to CAST (Ben-Dor and Yakhini 1999), a leading heuristic-basealusteringalgorithm. Yeung,
Haynor and Ruzzo(2001) comparedthe performanceof several heuristic-baseatlusteringap-
proachesincludingsereralhierarchicaktlusteringalgorithms k-meansandCAST, andconcluded
that CAST andk-meangendto producerelatively high quality clusters.Sincek-meanss closely
relatedto maximumlik elihoodestimatiorfor theequalvolumesphericalmodel(El), we compared
the quality of clustersobtainedfrom the model-base@pproacho thatof CAST usingcorrelation
asthe similarity metric. Thereis a summaryof CAST in AppendixA. In orderto assesshe
clusteringresultsandthe numberof clustersinferred by the BIC valuesindependentlywe used
syntheticdatasetsin which the classesare known and real geneexpressionsetswith external
criteriadescribedn Section3.

5.1 Measure of Agreement

A clusteringresultcanbe consideredasa partition of objectsinto groups. Thus,comparingtwo
clusteringresultsis equivalentto assessinghe agreemenbf two partitions. The adjustedRand
index (HubertandArabie 1985)assesse$iedegreeof agreemenbetweertwo partitions.Milligan

andCoopern(1986)recommendetheadjustedrandindex asthe measuref agreemengvenwhen
comparingpartitionswith differentnumberof clusters.

Givenasetof objects , Suppose and
representwo differentpartitionsof theobjectsin  suchthat and
for and . Supposehat is our externalcriterionand

is a clusteringresult. Let bethe numberof pairsof objectsthatareplacedin the sameclass
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in andin thesameclusterin , bethenumberof pairsof objectsin the sameclassin  but
notin thesameclusterin , bethe numberof pairsof objectsin the sameclusterin  but not
in thesameclassin , and bethe numberof pairsof objectsin differentclassesanddifferent
clustersin bothpartitions.Thequantities and canbeinterpretecasagreementsand and as
disagreementsThe Randindex (Rand1971)is simply . The Randindex lies betweer0
andl. Whenthetwo partitionsagreeperfectly the Randindex is 1.

The problemwith the Randindex is thatthe expectedvalueof the Randindex of two random
partitionsdoesnot take a constantalue(sayzero). The adjustedRandindex proposedy Hubert
andArabie (1985)assumeshe generalizechypeigeometricdistribution asthe modelof random-
nessj.e.,the and partitionsarepickedatrandomsuchthatthenumberof objectsin theclasses
andclustersare x ed.Let  bethenumberof objectsthatarein bothclass andcluster . Let

and bethenumberof objectsin class andcluster respectirely. This notationis shavn
in takularform in Table10.

Table10: Notationfor the contingenyg tablefor comparingwo partitions.
Classor Cluster Sums

Sums

The generalform of anindex with a constantexpectedvalueis
whichis boundedabove by 1, andtakesthe valueO whentheindex equalsts expectedvalue.
Underthe generalizethypegeometriomodel,it canbe shavn (HubertandArabie 1985)that:

(8)
The expression canbe simpli ed to a linear transformationof . With simple
algebratheadjustedRandindex (HubertandArabie 1985)canbe simpli ed to:

9)
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Examplel in AppendixB illustrateshow theadjustedRandindex is computed.TheRandindex
for comparingthe two partitionsin Examplel is 0.711,while the adjustedRandindex is 0.313.
The Randindex is muchhigherthanthe adjustedRandindex, which is typical. Sincethe Rand
index lies betweer0 and 1, the expectedvalue of the Randindex (althoughnot a constantvalue)
mustbe greaterthan or equalto 0. On the otherhand,the expectedvalue of the adjustedRand
index hasvaluezeroandthe maximumvalueof the adjustedRandindex is alsol. Hence thereis
awider rangeof valuesthatthe adjustedRandindex cantake on, thusincreasinghe sensitvity of
theindex.

6 Resultsand Discussion

In this sectionwe shav how model-basedlusteringperformedvhenappliedto bothgeneexpres-
siondataandto syntheticdatabasedon actualgeneexpressiondata. The latteris usefulbecause
it hascharacteristicef geneexpressiordata,but we know whattheright answeis, andsowe can
assestiow successfuthe methodsconsideredarein nding it.

In the model-base@pproachparameteestimationbecomedif cult whentherearetoo few
datapointsin eachcomponenti.e., too mary clusters).Thereforethe BIC valuesfor someof the
modelsarenotavailablewhenthenumberof clusterss large. SinceCAST is aniterative algorithm
with a parametethatindirectly controlsthe numberof clustersproducedthe algorithmmay not
producearesultfor every numberof clusters.So,in thefollowing resultgraphsnotall datapoints
areavailablefor CAST.

6.1 Synthetic Data Sets

Mixtur e of normal distrib utions basedon the ovary data:

Figurel shonvstheaverageadjustedRandindicesof CAST andfour differentmodelsusingthe
model-basedpproachover a rangeof differentnumbersof clusters.The averageadjustedRand
indicesreachthe maximumat4 clusterswith theunconstrainednodel(VVV) having comparable
averageadjustedRandindex to CAST. The sphericalmodels(El andVI) achieve lower quality
clusteringresultsthanthe elliptical models. The diagonalmodelachieveshigherquality clusters
thanthe sphericaimodelson average put lower thanthosefrom the unconstraineanodel (VVV).
Inspectionof the covariancematricesof the four classeshows that the covariancematricesare
elliptical, andthe unconstrainednodel (VVV) ts thedatathe best. Hence,our resultsshov the
power of the model-base@pproactwhentheunderlyingmodelis correct.
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Figurel: AverageadjustedRandindicesfor the syntheticdatabasedn the ovary geneexpression
data:Mixture of 4 multivariatenormaldistributions
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Figure2: AverageBIC valuesfor syntheticdatabasednthe ovary data:Mixture of 4 multivariate
normaldistributions
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Figure 2 shows the averageBIC valuesfor threedifferentmodelsusingthe model-basedp-
proachover a rangeof differentnumbersof clusters.The BIC valuesof the unconstraineanodel
(VVV) arenotshavn becauseeliableBIC valuescannotbe computeddueto thelarge numberof
parameterso be estimated. Neverthelesswith the diagonalmodel,the maximumaverageBIC
scoreis reachedat 4 clusterswhich is the correctnumberof classesn this dataset. In addition,
the diagonalmodel(which achiezeshigheradjustedRandindicesthanthe sphericaimodels)also
achiezeshigherBIC valuesthanthe sphericamodelsupto 6 clusters.Thereforethe model-based
approactfavorsthe diagonalmodelwhich producesigherquality clusters.

In orderto comparethe BIC valuesof the unconstrainednodel with the other models,we
generatedarger syntheticdatasets(2350 obsenations)with the mixture of normal distribution
with the meanvectorsandcovariancematricesof the ovary data. The numberof experimentsthe
numberof classesndtherelative sizesof theclassesemainthesame.Our experimenton rmed
our hypothesis:with enoughdatapoints, the unconstraineanodel (VVV) produceshigherBIC
valuesthanthe othermodels,andthe maximumBIC scorefor theunconstrainednodelis reached
atthecorrectnumberof classeg4). As for thesmallersyntheticdatasets theunconstrainedhodel
(VVV) produceshigherquality clusters.

Randomly resampledovary data:

1.0 ~

—0 - diagonal
—%— CAST
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Figure3: Averageadjustedrandindicesfor the syntheticrandomlyresampleavary datasets.

Figure3 shavsthe averageadjustedRandindicesfor therandomlyresampledvary datasets.
The diagonalmodelachievesclearly superiorclusteringresultscomparedo othermodelsandto
CAST. Figure4 shaws thatthe BIC analysisselectshe diagonalmodelat the correctnumberof
clusters.Dueto the independensamplingof expressionlevels betweenexperimentsthe covari-
ancematrix of eachclassin this syntheticdatasetis very closeto diagonal. Our resultsshow
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thatthe BIC analysisnot only selectgheright model,but it alsodetermineshe correctnumberof
clusters.
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Figure4: AverageBIC valuesfor the syntheticrandomlyresampledvary data.
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Figure5: AverageadjustedRandindicesfor the syntheticcyclic datasets.

Figure5 showvsthattheaverageadjustedRandindicesof CAST andseveralof themodelsfrom
the model-base@pproachare comparable.This syntheticdatasetcontainsten classes.The ad-
justedRandindicesfrom CAST arehigherthanary of themodel-base@pproacheat 10 clusters.
In practice however, onewould notknow the correctnumberof clusterssoits performanceatthe
numberof clustersthat onewould selectis the mostrelevant. Furthermoreall of the algorithms
shov averageadjustedRandindicespeakingaround6 or 7 clusters. This setof syntheticdata
consistf classesvith varyingsizeswith somevery smallclasseswhich canbe problematicfor
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mostclusteringmethodsincluding the model-base@pproach'small clustersmake estimationof
parameterslif cult). In Figure6, the BIC valuesof the modelsalsopeakaround6 to 7 clusters,
with thediagonalmodelshaving higherBIC values(therearetoo few datapointsto computeBIC
valuesfor the unconstraineanodel). Our resultsshav thatthe BIC valuesselectthe numberof
clustersthat maximizesthe adjustedRandindices,andthe quality of clustersare comparablgo
CAST at6 or 7 clusters.

-6000

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32
-7000 -

-8000 -

5‘-9000 1 &
-10000 - < El

, vi 7
11000 14 —G - diagonal S

-12000 -

Figure6: AverageBIC valuesfor the syntheticcyclic datasets.

6.2 GeneExpressionData Sets

We comparedhe clusteringresultsfrom CAST andthe model-base@pproachon the log trans-
formed, squareroot transformedand the standardizeavary dataand yeastcell cycle data. A
summaryof ourresultsis shavnin Table11.

The ovary data:

Sincethe squareroot transformatiorshovs the leastdeviation from the Gaussiammixture as-
sumption,only the resultsfrom the squareroot transformedovary dataare discussedn detail.
Figure7 shaws thatthe sphericalmodels(El andVI) andthe EEE modelproducehigherquality
clustersthanCAST andthe diagonalandunconstrainednodelsat 4 clusters(the correctnumber)
on the squareroot transformecovary data. The BIC curvesin Figure8 shav a bendat 4 clusters
(whichis thenumberof classesn this dataset)for thesphericainodelsandamaximumat4 clus-
tersfor thediagonalandEEE models.The BIC analysisselectghe sphericaimodelsat 8 clusters.
Eventhoughreal expressiondatamay not fully re ect the classstructuredueto noise,the BIC
analysisfavorsthe spherical(El andVI) andthe EEE modelsover the diagonalmodels,whichis
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in line with the adjustedRandindices. Furthermorecloserinspectionof the datarevealsthatthe
8 clustersolutionselectedby BIC analysisis still a meaningfulclustering— it differsfrom the
externalcriterion mainly in thatthe larger classesave beensplit into 2 or 3 clusters(which may
re ect differencesn the constituentDNAs, for example).
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Figure7: AdjustedRandindicesfor the squareroot transformedyvary data.
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Figure8: AverageBIC valuesfor the squareroot transformedvary data.

Theresultson thelog transformedvary datashov thatthe elliptical modelsproduceclusters
with higheradjustedRandindicesthan CAST (seeFigure9). The BIC curvweson the log trans-
formedovary dataalsoshown abendat4 clustersn Figure10. Onthestandardizedvary data,the
adjustedRandindicesof clustersproducedoy EEEandEl arecomparabléo thatfrom CAST (see
Figurell. TheBIC curwesstartto atten ataround4 clusterson the standardizedvary data,but
the maximumoccursataround? clustersn Figurel2.
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Figure9: AdjustedRandindicesfor thelog transformecbvary data.
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Figurel10: AverageBIC valuesfor thelog transformedvary data.
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Figurell: AdjustedRandindicesfor the standardizedvary data.
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Figurel2: AverageBIC valuesfor the standardizedvary data.

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

With the exceptionof the EEE model,all the othermodelsshav considerablyower adjusted
Randindicesthanthosefrom CAST (seeFigure 13) on thelog transformedyeastcell cycle data
with the 5-phasecriterion. Figure 14 shows that the BIC analysisselectsthe EEE modelat 5
clusters(whichis the numberof classesn this dataset). Althoughthe model-base@pproacton
this datasetproducedower adjustedRandindicesthanCAST, the BIC analysisselectghecorrect
numberof clustersanda modelwith relatively high quality clusters.

The standardizegeastcell cycle dataset(Figure 15) shavs a very differentpicturefrom the
log transformediata: the equalvolumesphericalmodel(El) achierescomparableadjustedrand
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Figure 14: AverageBIC valuesfor the log transformedyeastcell cycle datawith the 5-phase
criterion.
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Figurel5: AdjustedRandindicesfor the standardizegeastcell cycle datawith the 5-phasecrite-
rion.
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Figurel6: AverageBIC valuesfor thestandardizegeastcell cycle datawith the5-phaseriterion.

indicesto CAST at5 clusters A carefulstudyof thenatureof thedatashavsthatthisis nosurprise.
Theyeastcell cycle datasetconsistf time coursedata,andsoall the 17 experimentsarehighly
correlated(unlike in the ovary data). Figure 17 shavs a pairsplot of the rst four time pointsof
the log transformeddata. Datapointsfrom eachof the ve classesarerepresentedby different
symbolsin Figure 17. The pairs plots of the remaining13 time points shav a similar pattern.
Figurel7 shavsthatthe ve classesrenotwell-separatedandthatthe datapointsarescattered
alongaline. Hencethe model-base@pproacttannoteasilyrecover the clusterstructure.Onthe
contrary CAST usescorrelationcoefcients asthe similarity measureand correlationcaptures
the classstructure. The ve classeshave different peaktimes, and hencehave relatively high
correlationcoefcients within classexomparedo correlationbetweenclasses.Visualizationof
the standardizedlatashaws that the datapointsof the ve classesare more spreadout andare
sphericalin shapgseeFigure18). Hence the model-base@pproack(in particular the EI model)
is ableto capturethe classinformationoncethe datahave beenstandardized.The BIC analysis
(seeFigurel16) selectamodelEEE at5 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-baseadpproachresultsnotshavn). Sincethisis a differentsubsebf the samedataset,the
standardizatiomlsospread®utthehighly correlateddatapointsinto sphericaklustersandhence
enableghe model-base@pproacho recover the classstructure.As for the yeastcell cycle data
with the 5-phasecriterion, the equalvolume spherical(El) modelproducescomparableadjusted
Randindicesto CAST (seeFigure19)onthestandardizedata.TheBIC curve of modelEl shavs
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Figurel7: Pairsplot of thelog transformed/eastcell cycle datawith the 5-phasecriterion.
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Figurel18: Pairsplot of the standardizegeastcell cycle datawith the 5-phasecriterion.
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Figurel9: AdjustedRandindicesfor thestandardizegeastcell cycle datawith theMIPS criterion.
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Figure20: BIC valuesfor the standardizegeastcell cycle datawith the MIPS criterion.
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Tablel11l: Summaryof resultson realexpressiordata.

dataset # classes AdjustedRandat# classes modelselectedy BIC
log ovary data 4 VI at9 clusters
sqrtovary data 4 VI at8 clusters
standadizedovary 4 EEEat7 clusters

log 5-phasecellcycle 5 EEEat5 clusters
standadized5-phase 5 EEEat5 clusters

log MIPScellcycle 4 EEEat4 clusters
standadizedMIPS 4 EEEat4 clusters

abendat 4 clusters(the numberof classesn this dataset). However, the BIC analysisselectghe
EEE modelat 4 clusters. Note that althoughthe BIC analysisdoesnot selectthe bestmodel, it
doesselectthe correctnumberof clustersn this dataset.

7 Discussion

With our syntheticdatasets,the model-base@dpproacthadgoodperformanceandalsoselected
thecorrectmodelandtheright numberof clustersusingthe BIC analysis.For thesyntheticnormal
mixture datasetsbasedn actualgeneexpressiordata,the unconstrainednodel(VVV) produced
the highestquality clustersandthe BIC analysischosetheright modelandthe numberof clusters
whentherewere enoughdatapoints. On the randomlyresampledjeneexpressiondatasets,the
diagonalmodel producedmuch higher quality clusters,andthe BIC analysisagainselectedhe
right modelandthe correctnumberof clusterseven thoughthe syntheticdatasetsshoved con-
siderabledeviation from the Gaussiammixture assumptionOn the cyclic datasets(which shaved
signi cant deviationsfrom the Gaussiamixtureassumptiorandcontainedrery smallclasses)ywe
shavedthatthe model-base@pproacrand CAST (a leadingheuristic-basedpproachproduced
comparableyuality clustersandthe BIC analysisselectedhe numberof clustersthatmaximized
theaverageadjustedRrandindex.

We alsoshavedthe practicalityof themodel-basedpproacltonrealgeneexpressiordatasets.
Ontheovary data,the model-base@pproachachiesed slightly betterresultsthan CAST, andthe
BIC analysisgave a reasonabléndicationof the numberof clustersin the transformeddata. On
two differentsubset®f the yeastcell cycle datawith differentexternalcriteria, the equalvolume
sphericalmodel (El) and EEE modelproducedcomparableesultsto CAST on the standardized
data.TheBIC valuesfrom the EEE modelweremaximizedat the correctnumberof clusters.

In addition,we shavedthatdatatransformationganincreasdhe extentto which geneexpres-
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sion datasetsare consistentwith normality, and that modelshave varying performanceon data
setsthataretransformedifferently Althoughrealexpressiordatasetsdo not perfectlysatisfythe
Gaussiammixture assumptioreven after variousdatatransformationsthe model-base@pproach
neverthelesgproducesslightly higherquality clusters,andprovidesanindicationof the numbers
of clusters.lt is interestingto notethatsimplemodels lik e the equalvolumesphericaimodel(El)
andthe elliptical EEE model, producedrelatively high quality clusterson all of our transformed
datasets. The EEE modeleven determinedhe right numberof clusterson two differentsubsets
from the yeastcell cycle datasetwith differentexternalcriteria. On the ovary dataset,the BIC
valuesoverestimatedhe numberof clustersanddid not selectthe modelwith the highestadjusted
Randindices.However, inspectionof the clustersshovedthatthe clusteringresultselectedy the
BIC analysisgs still meaningful.

In our study we found differentdatatransformationselpful in clusteringdifferenttypesof
expressiordata. For geneexpressiordatasetswith differenttissuetypes(for example,the ovary
data),we foundthelog or thesquareroottransformatiorto work best.For time coursedatasetsor
otherhighly correlateddatasets we recommendtandardizinghe datasetandapplyingthe equal
volumesphericaimodel(El) to clusterthe datasets.Whenk-meansor theequalvolumespherical
model(El) is used,we believe standardizinghe datasetbeforethe clusteringstepwill generally
beuseful.

Overall, ourresultssuggesthe potentialusefulnesef model-basedlusteringevenwith exist-
ing implementationswhich arenottailoredfor geneexpressiordatasets.We believe thatcustom
re nementsto themodel-basedpproaclktouldbeof valuefor geneexpressioranalysis.Thereare
mary directionsfor suchre nements. Onedirectionis to designmodelsthatincorporatespeci ¢
informationabouttheexperiments For example for expressiordatasetswith differenttissuetypes
(like the ovary data),the covariancesamongtissuesamplesof the sametype are expectedto be
higherthanthosebetweertissuesamplesof differenttypes. Hence,a block matrix parameteriza-
tion of thecovariancematrixwould beareasonablassumptionAnotheradvantageof customized
parameterizationsf thecovariancematriceds thatthenumberof parameterto beestimatedatould
be greatlyreduced Anothercrucialdirectionof futureresearchs to incorporatemissingdataand
outliersin the model. We believe that the overestimatiorof the numberof clustersin the ovary
datamay be dueto noiseor outliers. In this paper we usedsubsetf datawithout any missing
values. With the underlyingprobability framework, we expectthe ability to modeloutliersand
missingvaluesexplicitly to be anotherpotentialadvantageof the model-base@pproactoverthe
heuristicclusteringmethods.

In termsof datatransformationsnoretypesof datatransformationganbeexplored. In partic-

31



ular, thedatatransformatiormay dependn thetechnologywith which thearraydatais produced.
For example,the ovary datasetusedin this studyis producedoy the membranearrays,while the
yeastcell cycle datasetis producedby the Affymetrix arrays. Differentarraytechnologiesnay
producedatawith differentstatisticalproperties.
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APPENDIX
A Details of the CAST algorithm

The ClusterAf nity SearchTechniqug CAST) is analgorithmproposedy Ben-DorandYakhini
(1999)to clustergeneexpressiordata. Theinputto thealgorithmincludesthe pairwisesimilarities
of thegenesanda cutoff parameter (whichis arealnumberbetweer0 and1). Theclustersare
constructedneat atime. The currentclusterunderconstructions called . Theafnity of a
gene , , iIs de ned to bethe sumof similarity valuesbetween andall thegenesn A
gene issaidto have highafnity if . Otherwise, issaidto havelow af nity . Note
thattheaf nity of agenedepend®nthegeneghatarealreadyin . Thealgorithmalternates
betweenaddinghigh af nity geneso , andremoving low af nity genesfrom

is closedwhenno more genescanbe addedto or removed from it. Oncea clusteris closed,it
is not consideredary moreby the algorithm. The algorithmiteratesuntil all the geneshave been
assignedo clustersandthe current is closed.

Whena new cluster is startedtheinitial af nity of all genesareO since is empty
One additionalheuristicthat Ben-Dor and Yakhini (1999) implementedn their software Bio-
CLUST is to chooseagenewith the maximumnumberof neighbordo startanew cluster Another
heuristicis thatafterthe CAST algorithmcornverges,thereis anadditionaliterative step,in which
all clustersare considerecht the sametime, andgenesare movedto the clusterwith the highest
averagesimilarity.
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B Exampleillustrating the adjusted Rand index

Thefollowing exampleillustrateshow the adjustedRandindex (discussedn Section5.1)is com-
puted.Examplel is acontingenyg tablein the sameform asin Table10.

Examplel
Classor Cluster Sums
1 1 012
1 2 1 |4
0O 0 4 |4
Sums 2 3 5

is de nedasthenumberof pairsof objectsn thesameclassn  andsameclusterin , hence
canbewritten as . In Examplel, . Is de ned asthe numberof
pairsof objectsin thesameclassin  but notin thesameclusterin . In termsof the notationin
Tablel, canbewrittenas In Examplel,
Similarly, is de ned asthe numberof pairsof objectsin the sameclusterin  but notin the
sameclassin , so canbewritten as
is de ned asthe numberof pairsof objectsthatarenotin the sameclassin  andnotin the

sameclusterin . Since : . TheRandindex
for comparingthe two partitionsin Examplel is — , While the adjustedRandindex
is (seeSection5.1 for the de nitions of the Randand adjustedRand

indices). TheRandindex is muchhigherthanthe adjustedRandindex.
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