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1 Introduction

Clusteringis the task of organizinga setof objectsinto meaningfulgroups. Thesegroupscanbe disjoint,

overlapping,or organizedn somehierarchicalfashion. The key elementof clusteringis the notionthatthe

discoreredgroupsaremeaningful This definitionis intentionallyvague aswhatconstitutesneaningfulis to

alargeextent,applicationdependentin someapplicationghis maytranslateo groupsin whichthepairwise
similarity betweertheir objectsis maximized andthepairwisesimilarity betweerobjectsof differentgroups
is minimized. In someotherapplicationghis may translateto groupsthat containobjectsthat sharesome
key characteristicseventhoughtheir overall similarity is not the highest. Clusteringis an exploratorytool

for analyzingargedatasetsandhasbeenusedextensiely in numerouspplicationareas.

Clusteringhasa wide rangeof applicationsin life sciencesandover the yearshasbeenusedin mary
areagangingfrom theanalysisof clinical information,phylogery, genomicsandproteomicsFor example,
clusteringalgorithmsappliedto geneexpressiordatacanbe usedto identify co-regulatedgenesandprovide
a geneticfingerprintfor variousdiseases.Clusteringalgorithmsappliedon the entire databasef known
proteinscanbe usedto automaticallyorganizethe differentproteinsinto close-anddistant-relatedamilies,
andidentify subsequenceabataremostly preseredacrosgroteing52, 22, 55, 68, 49]. Similarly, clustering
algorithmsappliedto thetertiarystructuraldatasetsanbeusedo performasimilarorganizatiorandprovide
insights intherateof changebetweersequencandstructurg20, 65].

The primary goal of this chapteris to provide an overvien of the variousissuesinvolvedin clustering
large datasetsdescribethe merits and underlyingassumption®f someof the commonlyusedclustering
approachesand provide insightson haw to clusterdatasetsarisingin variousareaswithin life-sciences.
Toward this end, the chapteris organizedin broadlythreeparts. The first part (Sections2— 4) describes
the varioustypesof clusteringalgorithmsdevelopedover the years the variousmethodsfor computingthe
similarity betweenobjectsarisingin life sciencesand methodsfor assessinghe quality of the clusters.
The secondpart (Section5) focuseson the problemof clusteringdataarisingfrom microarrayexperiments
anddescribessomeof the commonlyusedapproachesFinally, the third part (Section6) providesa brief
introductionto CLUTO, a generalpurposetoolkit for clusteringvariousdatasetsyith an emphasion its
applicationdo problemsandanalysisrequirementsvithin life sciences.

2 Types of Clustering Algorithms

Thetopic of clusteringhasbeenextensively studiedin mary scientificdisciplinesanda variety of different
algorithmshave been deeloped [51 38, 12, 45, 36, 59, 6, 78, 12, 23, 73, 28, 29, 42]. Two recentsuneys
on thetopics[37, 32] offer acomprehensie summaryof the differentapplicationsandalgorithms. These



algorithmscanbe categyorizedalongdifferentdimensiondasecdeitheron the underlyingmethodologyof the
algorithm,leadingto partitional or agglomeative approacheshasedon the structureof the final solution,
leadingto hierarchical or non-hiemrchical solutions basedn the characteristicef the spacan which they
operateleadingto featue or similarity approachesyr basenthetypeof clusterghatthey discover, leading
to glohular or transitiveclusteringmethods.

2.1 Agglomerative and Partitional Algorithms

Partitional algorithms,suchas K-meang[54, 38|, K-medoids[38, 45, 59, probabilistic[15, 12], graph-
partitioning-based77, 38, 31, 70], or spectralbased7], find the clustersby partitioningthe entire dataset
into eithera predeterminedr anautomaticallyderived numberof clusters.

Partitional clusteringalgorithmscomputea k-way clusteringof a setof objectseitherdirectly or via a
sequencef repeatedisections.A directk-way clusteringis commonlycomputedasfollows. Initially, a
setof k objectsis selectedrom the datasetdo actasthe seed=f thek clusters.Then,for eachobject, its
similarity to thesek seedss computedandit is assignedo theclustercorrespondingp its mostsimilar seed.
Thisformstheinitial k-way clustering.This clusterings thenrepeatedlyefinedsothatit optimizesadesired
clusteringeriterionfunction. A k-way partitioningvia repeatedbisectionss obtainedoy recursvely applying
the above algorithmto compute2-way clustering(i.e., bisections).Initially, the objectsare partitionedinto
two clusters thenoneof theseclustersis selectedandis furtherbisectedandsoon. This processontinues
k — 1 times, leadingto k clusters. Eachof thesebisectionsis performedso that the resulting two-way
clusteringsolutionoptimizesa particularcriterionfunction.

Criterionfunctionsusedin the partitionalclusteringreflectthe underlyingdefinitionof the “goodness’of
clusters.The partitionalclusteringcanbe consideredasan optimizationprocedurehattries to createhigh
quality clustersaccordingto a particularcriterion function. Many criterion functionshave beenproposed
[38, 17, 80] andsomeof themaredescribedaterin Section6. Criterionfunctionsmeasurevariousaspects
of intra-clustersimilarity, inter-clusterdissimilarity, andtheir combinationsThesecriterionfunctionsutilize
differentviews of the underlyingcollection,by eithermodelingthe objectsasvectorsin a high-dimensional
spacepr by modelingthe collectionasa graph.

Hierarchicalagglomeratie algorithmsfind the clusterdby initially assigningeachobjectto its own cluster
andthenrepeatedlymeging pairsof clustersuntil a certainstoppingcriterionis met. Consideran n-object
datasetindthe clusteringsolutionthat hasbeencomputedafter performingl meiging steps. This solution
will containexactlyn — | clustersaseachmeiging stepreduceshe numberof clustersby one. Now, given
this (n — I)-way clusteringsolution, the pair of clustersthatis selectedo be memgednext, is the onethat
leadsto an (n — | — 1)-way solutionthat optimizesa particularcriterion function. Thatis, eachone of
the(n — 1) x (n — | — 1)/2 pairsof possiblememgesis evaluated,andthe onethat leadsto a clustering
solutionthathasthe maximum(or minimum)value ofthe particularcriterionfunctionis selected.Thus,the
criterionfunctionis locally optimizedwithin eachparticularstageof agglomeratie algorithms.Depending
on the desiredsolution, this processcontinuesuntil eitherthereareonly k clustersleft, or whenthe entire
agglomeratietreehasbeenobtained.

Thethreebasiccriteriato determinavhichpairof clusterdo bemergednext aresingle-link[67], complete-
link [46] andgroupaverage UPGMA) [38]. Thesingle-linkcriterionfunctionmeasurethesimilarity of two
clustersby the maximumsimilarity betweerary pair of objectsfrom eachcluster whereaghe complete-link
usesheminimumsimilarity. In generalboththesingle-andthe complete-linkapproachedo notwork very
well because¢hey eitherbasetheir decisiongo alimited amountof information(single-link),or assumehat
all theobjectsin theclusterarevery similarto eachother(complete-link).Ontheotherhand thegroupaver
ageapproachmeasureshe similarity of two clustersby the averageof the pairwisesimilarity of the objects
from eachclusteranddoesnot suffer from theproblemsarisingwith single-andcomplete-link.In additionto



thesethreebasicapproaches numberof moresophisticatedchemesave been deeloped)ike CURE[28],
ROCK [29], CHAMELEON [42], thatwereshowvn to producesuperiorresults.

Finally, hierarchicalalgorithmsproducea clusteringsolutionthat forms a dendrogramwith a singleall
inclusive clusterat the top and single-pointclustersat the leaves. On the otherhand,in non-hierarchical
algorithmstheretendsto be norelationbetweerthe clusteringsolutionsproducedat differentlevels of gran-
ularity.

2.2 Feature- and Similarity- Based Clustering Algorithms

Anotherdistinctionbetweerthedifferentclusteringalgorithmsis whetheror not they operateon the objects
featurespaceor operateon a derived similarity (or distance)space. K-meansbasedalgorithmsare the
prototypicalexamplesof methodsthat operateon the original featurespace. In this classof algorithms,
eachobjectis representedsa multi-dimensionafeaturevector andthe clusteringsolutionis obtainedby
iteratively optimizingthe similarity (or distancepetweereachobjectandits clustercentroid.Onethe other
hand similarity-basedilgorithmscomputethe clusteringsolutionby first computingthe pairwisesimilarities
betweenall the objectsandthenusethesesimilaritiesto drive the overall clusteringsolution. Hierarchical
agglomeratieschemesgyraph-basedchemesaswell asK -medoid fall into thiscateyory. Theadvantagesf
similarity-basednethodss thatthey canbeusedo clusterawidevarietyof datasetgprovidedthatreasonable
methodsxist for computingthe pairwisesimilarity betweerobjects.For this reasonthey have beenusedto
clusterbothsequentia[52, 22] aswell asgraphdataset$40, 72, especiallyin biologicalapplications.On
the otherhand,therehasbeenlimited work in developingclusteringalgorithmsthat operatedirectly on the
sequencer graphdataset$41].

However, similarity-basedapproachebave two key limitations. First, their computationatequirements
are high asthey needto computethe pairwisesimilarity betweenall the objectsthat needto be clustered.
As aresultsuchalgorithmscan only be appliedto relatively small datasetga few thousandbjects),and
they cannotbe effectively usedto clusterthe datasetarisingin mary fieldswithin life sciencesThesecond
limitation of theseapproachess thatby notusingthe objects featurespaceandrelying only onthe pairwise
similarities, they tendto producesub-optimalclusteringsolutionsespeciallywhenthe similarities are low
relative to the clustersizes. The key reasorfor this is thatthesealgorithmscanonly determinethe overall
similarity of a collectionof objects(i.e., a cluster)by usingmeasureslerived from the pairwisesimilarities
(eg., average median,or minimum pairwisesimilarities). However, suchmeasuresnlessthe overall simi-
larity betweerthe memberf differentclustersis high, arequite unreliablesincethey cannotcapturewhat
is commorbetweerthedifferentobjectsin thecollection.

Clusteringalgorithmsthat operatein the objects featurespacecan overcomeboth of theselimitations.
Sincethey do not requirethe precomputatiorof the pairwisesimilarities, fastpartitionalalgorithmscanbe
usedto find the clusters,and sincetheir clusteringdecisionsare madein the objects featurespace they
canpotentiallyleadto betterclustersby correctlyevaluatingthe similarity betweera collectionof objects.
For example,in the context of clusteringproteinsequenceshe proteinsin eachclustercanbe analyzedo
determingheconseredblocks,anduseonly theseblocksin computingthesimilarity betweerthesequences
(anideaformalizedby profile HMM approachefl9, 18]). Recentstudiesin the context of clusteringlarge
high-dimensionatiatasetsloneby variousgroups[13, 50, 2, 69 shov the advantagesf suchalgorithms
over thosebasedon similarity.

2.3 Globular and Transitive Clustering Algorithms

Besidesthe operationaldifferencesdetweervariousclusteringalgorithms,anotherkey distinctionbetween
themis the type of clustersthatthey discover. Therearetwo generaltypesof clustersthat often arisein



differentapplicationdomains Whatdifferentiateshesetypesis therelationshigbetweertheclusters objects
andthedimensionf theirfeaturespace.

Thefirst type of clusterscontainsobjectsthat exhibit a strongpatternof conserationalonga subsetof
their dimensionsThatis, thereis a subsebf the original dimensionsn which a large fractionof the objects
agree For example,if thedimensiongorrespondo differentproteinmotifs, thenacollectionof proteinswill
form a cluster if thereexist a subsebf motifs thatarepresenin alargefractionof the proteins.This subset
of dimensionss oftenreferredto asa subspacgandthe above statedpropertycanbeviewedasthe clusters
objectsandits associatedimensiongormingadensesubspaceOf coursethenumberof dimensiongn these
densesubspaces,arttiedensity(i.e., how largeis thefractionof the objectsthatsharethe samedimensions)
will bedifferentfrom clusterto cluster Exactlythis variationin subspacsizeanddensity(andthe factthat
an objectcanbe partof multiple disjoint or overlappingdensesubspaces} what complicateghe problem
of discoveringthis type of clusters.Therearea numberof applicationareasn which suchclustersgive rise
to meaningfulgroupingsof the objects(i.e., domainexpertswill tendto agreethatthe clustersarecorrect).
Suchareadncludesclusteringdocumentdasedn thetermsthey contain clusteringcustomerdasednthe
productsthey purchaseclusteringgenes basedn their expressiorevels, clusteringproteinsbasedon the
motifs they contain,etc

The secondype of clusterscontainsobjectsin which againthereexists a subspacassociatedvith that
cluster However, unlike the earliercase,in theseclusterstherewill be sub-clusterghat may sharea very
smallnumberof the subspacedimensionput therewill bea strongpathwithin thatclusterthatwill connect
them. By “strong path” we meanthatif A and B aretwo sub-clusterghat shareonly a few dimensions,
thentherewill be anothersetof sub-clustersXq, Xo, ..., Xk, thatbelongto the cluster suchthat eachof
the sub-clustempairs (A, X1), (X1, X2), ..., (Xk, B) will sharemary of the subspacea dimensions.What
complicateslusterdiscoveryin thissettingis thattheconnectiongi.e., sharedgsubspacedimensionspetween
sub-clustersvithin a particularclusterwill tendto be of differentstrength.Examplesof this type of clusters
includeproteinclusterswith distanthomologier clustersof pointsthatform spatiallycontiguougegions.

Our discussiorso far focusedon the relationshipbetweenthe objectsandtheir featurespace.However,
thesetwo classe®f clusterscanalsobe understoodn termsof the theobject-to-objecsimilarity graph.The
first type of clusterswill tendto containobjectsin which the similarity betweerall pairsof objectswill be
high. On the otherhand,in the seconaype of clusterstherewill be alot of objectswhosedirect pairwise
similarity will bequitelow, but theseobjectswill beconnectedy mary pathsthatstaywithin theclusterthat
traversehigh similarity edges.The namesof thesetwo clustertypeswereinspiredby this similarity-based
view, andthey arereferredto asglobular andtransitiveclustersyespectiely.

The variousclusteringalgorithmsarein generalsuitedfor finding eitherglobular or transitive clusters.
In general,clusteringcriterion driven partitional clusteringalgorithmssuchas K -meansand its variants
and agglomeratie algorithmsusingthe complete-linkor the group-areragemethodare suitedfor finding
globular clusters. On the otherhand,the single-link methodof the agglomeratie algorithm, and graph-
partitioning-basedlusteringalgorithmsthat operateon a nearest-neighbaimilarity graphare suitedfor
finding transitive clusters. Finally, specializedalgorithms,called sub-spacelusteringmethodshave been
developedfor explicitly finding either globular or transitve clustersby operatingdirectly in the objects
featurespacq3, 57, 10.

3 Methods for Measuring The Similarity Between Objects

In generalthe methodusedto computethe similarity betweerntwo objectsdepend®n twofactors.Thefirst
factorhasto dowith how the objectsareactuallybeingrepresented-or example the similarity betweernwo
objectsrepresentetly a setof attribute-valuepairswill beentirelydifferentthanthemethodusedto compute



the similarity betweentwo DNA sequencesr two 3D proteinstructures.The secondfactoris muchmore
subjectve andhasto do with the actualgoal of clustering.Differentanalysisrequirementsnay give rise to
entirely differentsimilarity measureanddifferentclusteringsolutions. This sectionfocuseson discussing
variousmethodgor computingthe similarity betweerobjectsthataddres$othof thesefactors.

The diversenatureof biological sciencesandthe shearcompleity of the underlyingphysico-chemical
andevolutionaryprinciplesthatneedto be modeled gives rise to numerouglusteringproblemsinvolving a
wide rangeof differentobjects.The mostprominentof themarethefollowing:

Multi-Dimensional Vectors

Eachobjectis representedy a setof attribute-\aluepairs. Themeaningof theattributes(alsoreferred
to asvariablesor features)s applicationdependenandincludesdatasetsik e thosearisingfrom var-
iousmeasurement@&g., geneexpressiordata),or from variousclinical sourceqeg., drug-response,
diseasestatesetc).

Sequences

Eachobjectis representedsasequencef symbolsor events. Themeaningof thesesymbolsor events
alsodepend®n the underlyingapplicationandincludesobjectssuchasDNA andproteinsequences,
sequencesf secondangtructureelementstemporalmeasurementsf variousquantitiessuchasgene
expressionsandhistoricalobsenationsof diseasestates.

Structures

Eachobjectis represente@s a two- or three-dimensionadtructure. The primary examplesof such
datasetincludethespatialdistribution of variousquantitiesof interestwithin variouscells,andthe 3D
geometryof chemicalmoleculessuchasenzymesandproteins.

Therestof this sectiondescribessomeof the mostpopularmethodsfor computingthe similarity for all
thesetypesof objects.

3.1 Similarity Between Multi-Dimensional Objects

Thereareavarietyof methodgor computingthe similarity betweertwo objectsthatarerepresentetly a set
of attribute-valuepairs. Thesemethodsto a large extent, dependon the natureof the attributesthemseles
andthecharacteristicef the objectsthatwe needto modelby the similarity function.

Fromthe point of similarity calculationstherearetwo generattypesof attributes. Thefirst oneconsists
of attributeswhoserangeof valuesarecontinuous This includesbothinteger andreal-valuedvariables as
well as, attributeswhoseallowed setof valuesarethoughtto be part of an orderedset. Examplesof such
attributesinclude geneexpressiommeasurementgges,diseaseseverity levels, etc On the otherhand,the
secondypeconsistof attributesthattake valuesfrom anunorderedet. Exampleof suchattributesinclude
variousgenderbloodtype,tissuetype,etc. We will referto thefirst type ascontinuous attributesandto the
secondypeascategorical attributes. The primarydifferencebetweerthesetwo typesof attributesis thatin
the caseof continuousattributes,whenthereis amismatchon the valuetakenby a particularattributein two
differentobjectsthedifferenceof thetwo valuesis ameaningfumeasuref distancewhereasn categorical
attributesthereis no easyway to assigna distancebetweersuchmismatches.

In therestof this sectionwe presentmethodgor computingthe similarity assuminghatall the attributes
in the objectsareeithercontinuousor categorical. However, in mostreal-applicationspbjectswill berepre-
sentedby a mixtureof suchattributes,sothedescribedaipproacheseedto becombined.

Continuous Attributes Whenall the attributesare continuous,eachobject can be consideredo be
a vectorin the attribute space. Thatis, if n is the total numberof attributes, then eachobjectv canbe



representetdy ann-dimensionalector(vi, vy, ..., vn), Wherev; is thevalue ofthei th attribute.

Given any two objectswith their correspondingsectorspacerepresentations and u, a widely used
methodfor computingthe similarity betweenthemis to look at their distanceas measuredy some norm
of theirvectordifference Thatis,

dis (v, u) = [lv —ullr, 1)

wherer is thenormused,and|| - || is usedto denotevectornorms.If the distanceds small,thenthe objects
will besimilar, andthesimilarity of the objectswill decreasastheirdistancencreases.

The two mostcommonlyusednormsarethe one-andthe two-norm. In the caseof the one-normthe
distancebetweertwo objectsis give by

n
disi(v, u) = |lv = ull = Y v — uil, 2
i

where| - | denotesabsolutevalues.Similarly, in the caseof the two-norm,thedistancds given by

disz(v,u) = [Jv — ull2 = ©)

Note that the one-normdistanceis also called the Manhattandistance whereashe two-normdistanceis
nothingmore thanthe Euclideandistancebetweenthe vectors. Thosedistancesnay becomeproblematic
whenclusteringhigh-dimensionatiata,becausén suchdatasetsthe similarity betweertwo objectsis often
definedalonga smallsubsebf dimensions.

An alternateway of measuringhe similarity betweerntwo objectsin the vectorspacemodelis to look at
theanglebetweertheirvectors.If two objectshave vectorsthatpointto the samedirection(i.e., theirangleis
small),thentheseobjectswill beconsideredimilar, andif theirvectorgpointto differentdirectionsi.e., their
angleis large), thenthesevectorswill be consideredlissimilar This angle-basedpproactfor computing
the similarity betweentwo objectsemphasizeshe relative valuesthat eachdimensiontakes within each
vector andnottheir overalllength. Thatis, two objectscanhave anangleof zero(i.e., pointto theidentical
direction),evenif their Euclideandistances arbitrarily large. For example,in atwo-dimensionaspacethe
vectorsv = (1, 1), andu = (100Q 1000 will be consideredo beidentical,astheir angleis zero. However,
their Euclideardistancés closeto 1000y/2.

Sincethecomputatiorof theanglebetweertwo vectorss somavhatexpensve (requiringinversetrigono-
metricfunctions) we do notmeasureheangleitself but its cosinefunction. Thecosineof theanglebetween
two vectorsv andu is given by

Dy il

sim(v, u) = cogv, U) = .
[lvll2]lull2

4)
This measurewill be plusone,if the anglebetweerv andu is zero,and minusone,if their angleis 180
degreeg(i.e., pointto oppositedirections).Note thata surrogatdor the anglebetweenwo vectorscanalso
becomputedisingthe Euclideardistanceput insteadof computinghedistancebetweerv andu directly, we
needto first scalethemto be of unit length.In thatcase the Euclideandistancemeasurehe chord between
thetwo vectorsin the unit hypersphere.

In additionto theabove linearalgebrainspiredmethodsanothemwidely usedschemedor determininghe



similarity betweerntwo vectorsusesthe Pearsortorrelationcoeficient, whichis given by

Yl (vi — 0)(U —0)
VI = 920 i - 072

wherev andl arethe meanof thevaluesof the v andu vectorsrespectiely. NotethatPearsors correlation
coeficientis nothingmorethanthe cosinebetweerthe mean-subtracted andu vectors.As aresult,it does
notdependnthelengthof the (v — v) and(u — ) vectors but only ontheirangle.

Our discussiorsofar on similarity measure$or continuousattributesfocusedon objectsin which all the
attributeswere homogeneous nature. A setof attributesare calledhomaeneousf all of themmeasure
guantitieghatareof thesameype. As aresultchange# thevaluesof thesevariablesanbeeasilycorrelated
acrosghem. Quite often,eachobjectwill berepresentetly a setof inhomogeneouattributes.For example,
if we would like to clusterpatients thensomeof the attributesdescribingeachpatientcanmeasureahings
like age,weight, height,calorieintake, etc. Now if we usesomeof the above describednethodso compute
the similarity we will essentiallymakingthe assumptiorthatequalmagnitudechangesn all variablesare
identical. However this maynotbethecase.lf theageof two patientss 50 years thatrepresentsomething
thatis significantlydifferentif their calorieintake differenceis 50 calories. To addresgheseproblems the
variousattributesneedto befirst normalizedprior to usingary of the above similarity measuresOf course,
the specificnormalizationmethodis attribute dependentbut its goal shouldbe to make differencesacross
differentattributescomparable.

(®)

sim(v, U) = corr(v, u) =

Categorical Attributes If the attributesarecatayorical, specialsimilarity measuresrerequired,since
distancedetweertheir valuescannotbe definedin anobvious manner The moststraightforvardway isto

treateachcateyoricalattributeindividually anddefinethe similarity basecnwhethertwo objectscontainthe
exactsamevaluefor eachcateyoricalattribute. Huang[35] formalizedthisideaby introducingdissimilarity
measuredbetweenobjectswith cateyorical attributesthat canbe usedin ary clusteringalgorithms. Let X

andY betwo objectswith m categoricalattributes,and X; andY; bethevaluesof theith attribute of thetwo
objectsthedissimilaritymeasuréetweenX andY is definedto bethe numberof mismatchingattributesof
thetwo objects.Thatis,

m
d(X,Y) =) S(Xi, i),
i=1

where
0 Xj=Y)

S(X"Y‘):{ 1 (X #YD)

A normalizedvariantof theabove dissimilarityis definedasfollows

m
nx; + Ny,
d(X,Y) = ——S(Xi, i),
; n)(i nYI I |

whereny; (ny;) is the numberof timesthe value X; (Y;) appearsn theith attribute of the entire dataset.
If two cateyorical valuesare commonacrossthe datasetthey will have low weights,so thatthe mismatch
betweerthemwill not contribute significantlyto the final dissimilarity score. If two cateyorical valuesare
rarein the datasetthenthey aremoreinformative andwill receize higherweightsaccordingo theformula.
Hence this dissimilaritymeasuremphasizethe mismatcheshathapperfor rarecateyoricalvaluesthanfor
thoseinvolving commonones.

One of the limitations of the above methodis that two valuescan contritute to the overall similarity



only if they arethe same.However, differentcateyoricalvaluesmay containusefulinformationin the sense
thatevenif their valuesare different, the objectscontaining thosevaluesare relatedto someextent. By
definingsimilaritiesjustbasedn matchesindmismatchesf values someusefulinformationmaybelost. A
numberof approachebave beenproposedo overcomethis limitation [29, 25, 26, 61] by utilizing additional
informationbetweercateyoriesor relationshipdetweercateyoricalvalues.

3.2 Similarity Between Sequences

Oneof the mostimportantapplicationsof clusteringin life scienceds clusteringsequences g, DNA or
proteinsequencedMany clusteringalgorithmshave beenproposedo enhancesequencelatabassearching,
organizesequencelatabasesyeneratghylogenetidreesor guide multiple sequencealignmentetc In this
specificclusteringproblem, the objectsof interestare biological sequencesywhich consistof a sequence
of symbols which could be nucleotides, aminacidsor secondanstructureelementgSSESs). Biological
sequencearedifferentfrom the objectswe have discussedofar, in the sensehatthey arenot definedby a
collectionof attributes. Hence the similarity measuresve discussedo far arenot applicableto biological
sequences.

Overtheyears,a numberof differentapproachebave been deelopedfor computingsimilarity between
two sequence$30]. The mostcommononesare the alignment-basedheasureswhich first computean
optimal alignmentbetweentwo sequencesgeitherglobally or locally), andthendeterminetheir similarity
by measuringhe degreeof agreemenin the alignedpositionsof thetwo sequencesThe alignedpositions
areusuallyscoredusinga symbol-to-symbokcoringmatrix, andin the caseof proteinsequenceghe most
commonlyusedscoringmatricesarePAM [14, 63] or BLOSUM [33].

The global sequencalignment(Needleman-Wnschalignment[58]) alignsthe entire sequencesising
dynamicprogrammingTherecurrenceelationsarethefollowing [30]. Given two sequence$; of lengthn
and S of lengthm, anda scoringmatrix S, let scordi, j) bethe scoreof the optimal alignmentof prefixes
S[l.i]Jand$[1...j].

Thebaseconditionsare,

scorg0, j) = > S(, S(k)
1<k<]j
and
scorgi, 0) = Y S(Si(k). ).

1<k<i

Then,thegenerakecurrences,

scordi — 1, ] — 1) + S(S1(i), S(i))
scordi, j) = max{ scordi — 1, j) + S(S(i), )
scoréi, j — 1) + S(_, S(j))

where*_’ representsa space,and S is the scoringmatrix to specify the matchingscorefor eachpair of
symbols.And scorén, m) is the optimalalignmentscore.

Thesegglobalsimilarity scoresaremeaningfulwhenwe comparesimilar sequencewith roughlythesame
length, eg, protein sequence$rom the sameproteinfamily. However, when sequencesire of different
lengthsand are quite divergent,the alignmentof the entire sequencemay not make sensejn which case,
the similarity is commonlydefinedon the consered subsequenced:his problemis referredto asthelocal
alignmentproblem which seekgo find the pair of substringsof thetwo sequencethathasthe highestglobal
alignmentscoreamongall possiblepairsof substrings.Local alignmentscanbe computedoptimally via a
dynamicprogrammingalgorithm,originally introducedby SmithandWaterman66]. The baseconditions



arescor€0, j) = 0 andscorei, 0) = 0, andthegenerakecurrenceés given by

0

scordi — 1, j — 1) + S(S131), S(0))
scorgi — 1, j) + S(S1Gi), )

scordi, | — 1) + S(_, S(j))

scordi, j) = max

Thelocal sequencalignmentscorecorrespondto the cell(s) of thedynamicprogrammingablethathasthe
highestvalue.Notethattherecurrencdor local alignmentss very similar to thatfor globalalignmentsonly
with minor changeswhich allow thealignmentto begin from ary location(i, j) [30].

Alternatively, local alignmentscanbe computedapproximatelyia heuristicapproachesuchasFASTA
[53,60] or BLAST [4]. Theheuristicapproacheachievelow time compleities by firstidentifyingpromising
locationsin anefficientway, andthenapplyinga moreexpensve methodon thoselocationsto constructhe
final local sequencalignment.Theheuristicapproachearewidely usedfor searchingroteindatabasedue
to their low time compleity. Descriptionof thesealgorithmsis beyondthe scopeof this chapterandthe
interestedeadershouldfollow thereferences.

Most existing proteinclusteringalgorithmsusethe similarity measurdasednthelocal alignmentmeth-
ods, i.e.,, Smith-Waterman BLAST and FASTA (GeneRagd22], ProtoMap[76] etc). Theseclustering
algorithmsfirst obtainthe pairwise similarity scoresof all pairs of sequenceghenthey eithernormalize
the scoresby the self-similarity scoresof the sequence$o obtaina percentagealue ofidenticalnesg8],
or transformthe scoregto binary valuesbasedon a particularthreshold22]. Othermethodsnormalizethe
row similarity scoresby takinginto accountothersequencem the dataset.For example,ProtoMage[76]
first generateshe distribution of the pairwisesimilarities betweensequencé\ andthe othersequencem
the database Thenthe similarity betweensequencé andsequence is definedasthe expectedvalue of
the similarity scorefoundfor A andB, basedon the overall distribution. A low expectedvalueindicatesa
significantandstrongconnectior(similarity).

3.3 Similarity Between Structures

Methodsfor computingthe similarity betweenthe three-dimensionastructuresof two proteins(or other
molecules).areintrinsically differentfrom ary of the approacheshat we have seenso far for comparing
multi-dimensionabbjectsandsequencesVioreover, unlike the previousdatatypesfor which therearewell-
developedandwidely-acceptednethodgor measuringimilarities,the methodgor comparing3D structures
arestill evolving, andthe entirefield is an active researcharea. Providing a comprehensie descriptionof
thevariousmethodgor computingthe similarity betweernwo structuresequiresa chapteror a book)of its
own, andis far beyondthe scopeof this chapter For this reasonour discussiorin the restof this section
will primarily focuson presentingsomeof theissuesnvolvedin comparing3D structuresin the contet of
proteins,andoutlining someof the approachethathave beenproposedor solvingthem. Thereadershould
referto thechapteiby JohnsorandLehtonen39] thatprovide anexcellentintroductionon thetopic.
Thegeneralpproachthatalmostall methodsor computingthe similarity betweenra pair of 3D protein
structuredollow, is to try to superimposéhe structureof one proteinon top of the structureof the other
protein,sothatcertainkey featuresaremappedrery closeto eachotherin space Oncethisis done thenthe
similarity betweentwo structuress computedoy measuringhefit of thesuperpositionThis fit is commonly
computedastheroot meansquae deviations(RMSD) of the correspondindeatures.To someextent,this is
similarin natureto the alignmentperformedor sequence-baseimilarity approachedjut it i s significantly
morecomplicatedasit involves3D structuresvith substantiallynoredegreesof freedom.Thereareanumber
of differentvariationsfor performingthis superpositiothathaseto dowith (i) thefeaturesof thetwo proteins



thataresoughtto be matched(ii) whetheror notthe proteinsaretreatedasrigid or flexible bodies (iii) how
the equivalentsetof featuredrom thetwo proteinsaredeterminedand(iv) thetype of superpositiorthatis
computed.

In principle,whencomparingwo proteinstructuresve cantreatevery atomof eachaminoacidsidechain
asafeatureandtry to computea superpositiorthat matchesall of themaswell aspossible.However, this
usuallydoesnotleadto goodresultsbecausehe sidechainsof differentresidueswill have differentnumber
of atomswith differentgeometries.Moreover, eventhe sameaminoacid typesmay have side chainswith
differentconformationsgdependingn their ervironment.As aresult,evenif two proteinshave very similar
backbonesa superpositiorcomputedby looking at all the atomsmay fail to identify this similarity. For
this reasonmostapproachefy to superimposéwo proteinstructuresy focusingonthe C , atomsof their
backbonesyhosedocationsarelesssensitve ontheactualresiduetype. Besidesheseatom-lerel approaches,
othermethodgocuson secondangtructureelement{SSE)andsuperimposéwo proteinssothattheir SSEs
aregeometricallyalignedwith eachother

Most approache$or computingthe similarity betweentwo structuredreatthemasrigid bodies,andtry
to find the appropriategeometrictransformatior(i.e., rotationandtranslation)that leadsto the bestsuper
position. Rigid-bodygeometridransformationarewell-understoodndthey arerelatively easyto compute
efficiently. However, by treatingproteinsasrigid bodieswe may get poor superpositionsvhenthe protein
structuresresignificantlydifferent,eventhoughthey arepartof thesamefold. In suchcasesallowing some
degreeof flexibility tendsto producebettemresults but alsoincreaseshecompleity. Intrying to find thebest
way to superimpos@enestructureon top of the otherin additionto the featuresof interestwe mustidentify
the pairsof featuresfrom the two structureghatwill be mappedagainsteachother Therearetwo general
approachefor doingthat. Thefirst approachrelieson aninitial setof equivalentfeatureqeg., C, atomsor
SSEs)eingprovidedby domainexperts.Thisinitial setis usedto computeaninitial superpositiomndthen
additionalfeaturesareidentifiedusingvariousapproachebasedon dynamicprogrammingor graphtheory
[58, 56, 27]. Thesecondpproachriesto automaticallyidentify the correspondendeetweerthevariousfea-
turesby variousmethodsncluding structuralcomparisondasedon matchingC ,-atomscontactmaps[34],
or ontheoptimalalignmentof secondargtructureelementSSEsY47].

Finally, as it wasthe casewith sequencalignmentthe superpositiorof 3D structuresanbe doneglob-
ally, whosegoal is to superimposehe entire protein structure,or locally, which seeksto computea good
superpositiofinvolving a subsequencef the protein.

4 Assessing Cluster Quality

Clusteringresultsarehardto be evaluated gspeciallyfor high dimensionabataandwithout a priori knowl-
edgeof theobjects’distribution, whichis quitecommonin practicalcasesHowever, assessinthe quality of
theresultingclustersis asimportantasgeneratinghe clusters.Given the samedatasetdifferentclustering
algorithmswith variousparameter®r initial conditionswill give very differentclusters. It is essentiato
know whethertheresultingclustersarevalid andhow to comparehe quality of theclusteringresults,sothat
theright clusteringalgorithmcanbe choserandthe bestclusteringresultscanbe usedfor furtheranalysis.
Anotherrelatedproblemis “how mary clustersaretherein the dataset?”.An ideal clusteringalgorithm
shouldbethe onethatcanautomaticallydiscover the naturalclusterspresenin the datasebasecon theun-
derlyingclusterdefinition. However, thereareno suchuniversalclusterdefinitionsandclusteringalgorithms
suitablefor all kinds of datasetsAs aresult, mostexisting algorithmsrequireeitherthe numberof clusters
to beprovidedasa parameteasit is donein the caseof K -meanspr a similarity thresholdhatwill beused
to terminatedhe meiging processn the caseof agglomeratie clustering.However, in generalijt is hardto
know theright numberof clustersor theright similarity thresholdwithout a priori knowledgeof the dataset.
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Onepossibleway to automaticallydeterminethe numberof clustersk is to computevariousclustering
solutionsfor a rangeof valuesof k, scole the resultingclusters basedn someparticularmetric andthen
selectthe solutionthat achieves the bestscore. A critical componenbf this approachs the methodused
to measurehe quality of the cluster To solwe this problem,numerousapproachefiave beenproposedn
a numberof differentdisciplinesincluding patternrecognition,statisticsanddatamining. The majority of
themcanbeclassifiedinto two groups:externalquality measuesandinternal quality measues

The approachedasedon external quality measuresequirea priori knowledgeof the naturalclusters
thatexist in the datasetandvalidatea clusteringresultby measuringhe agreemenbetweerthe discorered
clustersaandtheknown information.For instancewhenclusteringgeneexpressiordata theknown functional
catayorizationof thegenescanbetreatedasthe naturalclusters andtheresultingclusteringsolutionwill be
consideredatorrect,if it leadsto clusterghatpreserethis cateyorization.A key aspecbof theexternalquality
measuress thatthey utilize informationotherthanthat usedby the clusteringalgorithms.However, sucha
reliablepriori knowledgeis usuallynot availablewhenanalyzingreal datasets—afteall, clusteringis used
asatool todiscover suchknowledgein thefirst place.

The basicideabehindinternalquality measuress rootedfrom the definition of clusters. A meaningful
clusteringsolutionshouldgroupobjectsinto variousclusters sothatthe objectswithin eachclusteraremore
similarto eachotherthanthe objectsfrom differentclusters.Thereforemostof theinternalquality measures
evaluatethe clusteringsolutionby looking at how similar the objectsarewithin eachclusterandhow well
the objectsof differentclustersareseparatedi-or example the pseudor statisticsuggestetby Calinskiand
HarabasZ11] usesthe quotientbetweenrthe intra-clusteraveragesquaredlistanceandinter-clusteraverage
squaredlistancelf we have X asthecentroid(i.e., meanvector)of all theobjects,X j asthecentroidof the
objectsin clusterCj, k asthetotal numberof clusters,n asthe total numberof objects,andd(x, y) asthe
squaredtuclideandistancebetweertwo object-\vectorsx andy, thenthepseudoF statisticis definedas

Zin:l d(xi, X)_Z?:l erCj d(x, Xj)
k—1
o1 Exec; 4 X))
n—k

F=

Oneof thelimitations of theinternalquality measuress thatthey oftenusethe sameinformationbothin
discoveringandin evaluatingthe clusters. Recallfrom Section2, that someclusteringalgorithmsproduce
clusteringresultsby optimizing variousclusteringcriterion functions. Now, if the samecriterionfunctions
wereusedastheinternalquality measurethenthe overall clusteringassessmermtrocessloesnothingmore
thanassessinfpow effective the clusteringalgorithmswas in optimizingthe particularcriterionfunction,and
providesno independentonfirmationaboutthe degreeto which the clustersaremeaningful.

An alternatve way for validatingthe clusteringresultsis to seehow stablethey arewhenaddingnoise
to the data,or sub-samplingt [1]. This approactperformsa sequencef sub-samplingsf the datasetand
usesthe sameclusteringprocedureo produceclusteringsolutionsfor varioussub-samplesThesevarious
clusteringresultsare thencomparedo seethe degreeto which they agree. The stableclusteringsolution
shouldbe the onethat gives similar clusteringresultsacrossthe differentsub-samplesThis approactcan
alsobe easily usedto determinethe correct numberof clustersin hierarchicalclusteringssolutions. The
stability testof clusteringis performedat eachlevel of thehierarchicatree,andthenumberof clustersk will
bethelargestk valuethatstill canproducestableclusteringresults.

Finally, arecentapproachwith applicationdo clusteringgeneexpressiordatasetsassessethe clustering
resultsof geneexpressiordataby looking at the predictive power for oneexperimentalconditionfrom the
clusteringresultshasedn the otherexperimentakonditiong[75]. Thekey ideabehindthis approachs that
if oneconditionis left out, thenthe clustersgeneratedrom the remainingconditionsshouldexhibit lower
variationin theleft-out conditionthanrandomlyformedclusters.Yeunget al. [75] definedthefigure of merit
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(FOM) to bethe summatiorof intra-clustewvariancefor eachoneof the clusteringinstancesn which oneof

the conditionswas not usedduringcluster(i.e., left-out condition). Amongthe variousclusteringsolutions,
they preferthe one that exhibits the leastvariation, and their experimentsshaved that in the contet of

clusteringgeneexpressiordata,this methodworks quitewell. Thelimitation of this approachs thatit is not
applicableto datasetn which all the attributesareindependentMoreover, this approachs only applicable
to low dimensionatatasetssincecomputingtheintra-clustewvariancefor eachdimensions quite expensve

whenthe numberof dimensionss very large.

5 Case Study: Clustering Gene Expression Data

Recentlydevelopednethodgor monitoringgenome-widenRNA expressiorchangesuchasoligonucleotide
chips[24], andcDNA microarrayg62], areespeciallypowerful asthey allow usto quickly andinexpensvely
monitorthe expressiorievels of alargenumberof genesat differenttime points,for differentconditions fis-
sues,andorganisms.Knowing whenandunderwhat conditionsa geneor a setof geness expresseaften
providesstrongcluesasto their biologicalrole andfunction.

Clusteringalgorithmsareusedasan essentiatool to analyzethesedatasetsandprovide valuableinsight
on variousaspectf the geneticmachinery Thereare four distinct classesof clusteringproblemsthat
canbe formulatedfrom the geneexpressiondatasetseachaddressing differentbiological problem. The
first problemfocuseson finding co-regulatedgenesby groupingtogethemgeneghathave similar expression
profiles. Theseco-regulatedgenescanbe usedto identify promoterelementsy finding consered areasn
their upstreanregions. The secondoroblemfocuseson finding distinctivetissuetypes by groupingtogether
tissueswhosegeneshave similar expressionprofiles. Thesetissuegroupscanthenbe further analyzedo
identify the geneghat bestdistinguishthe varioustissues.The third clusteringproblemfocuseson finding
commonnduces by groupingtogetherconditionsfor which the expressiorprofilesof the genesaresimilar.
Findingsuchgroupsof commoninducerswill allow us to substitutedifferent“trigger” mechanismshatstill
elicit thesameresponsée g., similardrugs,or similar herbicidesor pesticides)Finally, the fourthclustering
problemfocuseson finding organismghatexhibit similar responsesver a specifiedsetof testedconditions,
by groupingtogetherorganismsfor which the expressionprofilesof their geneg(in an orthologsensere
similar. Thiswouldallow usto identify organismswith similarresponset choserconditionge g., microbes
thatsharea pathway).

In therestof this sectionwe briefly review theapproachebehindcDNA andoligonucleotidenicroarrays,
anddiscussvariousissuegelatedto clusteringsuchgeneexpressiordatasets.

5.1 Overview of Microarray Technologies

DNA microarraysmeasuregyeneexpressionevels by exploiting the preferentiabinding of complementary
single-strandeducleicacidsequencexDNA microarraysdevelopecdat StanfordUniversity, areglassslides,
to which single-strande@®NA moleculesareattachedat fixedlocations(spots)by high-speedobotic print-
ing [9]. Eacharray may containtensof thousandof spots,eachof which correspondso a single gene.
mRNA from the sampleandfrom controlcellsis extractedandcDNA is prepareddy reversetranscription.
Then,cDNA is labeledwith two fluorescentlyesandwashedover the microarraysothat cDNA sequences
from bothpopulationshybridizeto their complementargequencei the spots. Theamountof cDNA from
both populationdboundto a spotcanbe measuredy thelevel of fluorescencemittedfrom eachdye. For
example thesamplecDNA islabeledwith areddye andhecontrolcDNA islabeledwith agreendye. Then,
if themRNA from the samplepopulationis in abundancethespotwill bered;if themRNA from the control
populationis in abundanceijt will be green;if sampleandcontrol bind equallythe spotwill be yellow; if
neitherbinds,it will appeablack. Thus,therelative expressiorevelsof thegenesn thesampleandcontrol
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populationcanbeestimatedrom thefluorescenintensitiesandcolorsfor eachspot. After transforminghe
raw imagesproduceddy microarraysnto relative fluorescentntensityvia someimageprocessingoftware,
thegeneexpressiorievelsareestimatedslog-ratiosof therelative intensities A geneexpressiormatrix can
beformedby combiningmultiple microarrayexperimentsf the samesetof genesut underdifferentcondi-
tions, whereeachrow correspond$o a geneandeachcolumncorrespondso a condition(i.e., a microarray
experiment)[9].

The Affymetrix GeneChipligonucleotidearraycontainsseveralthousandginglestrandedNA oligonu-
cleotideprobepairs. Eachprobepair consistof anelementcontainingoligonucleotideshatperfectlymatch
thetarget(PM probe)andanelementcontainingoligonucleotidesvith a singlebasemismatch(MM probe).
A probesetconsistsof a setof probepairscorrespondingo a target gene. Similarly, the labeledRNA is
extractedfrom samplecell andhybridizesto its complementargequenceThe expressiorevel is measured
by determininghe differencebetweerthe PM andMM probes.Then,for eachgene,.e., probeset,average
differenceor log averagecan be calculated whereaveragedifferenceis definedasthe averagedifference
betweenthe PM andMM of every probepair in a probesetandlog averageis definedasthe averagelog
ratiosof the PM/MM intensitiesfor eachprobepairin aprobeset.

5.2 Data Preparation and Normalization

Many sourcef systematiosariationmay affect the measuredjeneexpressionievelsin microarrayexper

iments[74]. For the GeneChipexperimentsscaling/normalizatiomustbe performedfor eachexperiment
beforecombiningthemtogethey so thatthey canhave the sameTarget Intensity (TGT). The scalingfactor
of eachexperiments determinedy the arrayintensity of the experimentandthe commonTargetIntensity

wherethearrayintensityis a compositeof the averagedifferencentensitiesacrossheentirearray

For cDNA microarrayexperimentstwo fluorescentlyesareinvolvedandcausanoresystematiwariation,
which makesnormalizationmoreimportant. In particular this variationcould be causedby differencesn
RNA amounts differencesn labeling efficiency betweenthe two fluorescendyes,andimageacquisition
parametersSuchbiasexanberemoved by a constantadjustmento eachexperimento forcethedistribution
of thelog-ratioshave amedianof zero.Sinceanexperimentorrespond onecolumnin thegeneexpression
array this globalnormalizationcanbe doneby subtractinghe mean/medianf the geneexpressiorievels of
oneexperimentfrom the original values sothatthe meanvaluefor this experiment(column)is O.

However, thereare other sourcesof systematicvariationthat global normalizationmay not be ableto
correct.Yangetal. [74] pointedout thatdye biasescandependcon spotoverall intensityandlocationon the
array GiventheredandgreenfluorescencintensitieR, G) of all thespotsin oneslide,they plottedthelog
intensityratio M = log g vs. themeanlog-intensityA = log +/RG, which shaws cleardependencef the
log ratio M on owerall spotintensity A. Hence,anintensityrelatednormalizatiorwas proposedwherethe
originallog-ratiolog g is subtractedy C(A). C(A) is ascatterplot smootheffit to the M vs. A plot using
robustlocally linearfits.

5.3 Similarity Measures

In mostmicroarrayclusteringapplicationsour goalis to find clustersof genesand/orclustersof conditions.
A numberof differentmethodshave beenproposedor computingthesesimilarities, including Euclidean-
distancebasedsimilarities,correlationcoeficients,andmutualinformation.

The useof correlationcoeficient-baseaimilaritiesis primarily motivatedby the factthatwhile cluster
ing geneexpressiondatasetsve areinterestedon haw the expressionlevels of differentgenesarerelated
undervariousconditions.The correlationcoeficient valuesbetweergeneg Equations) canbe useddirectly
or transformedo absolutevaluesif genesof both positive and negative correlationsare importantin the
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application.

An alternateway of measuringhe similarity is to usethe mutualinformationbetweena pair of genes.
Themutualinformationbetweertwo informationsourcesA and B represenhow muchinformationthetwo
sourcescontainfor eachother D. Haeseleeetal. [16] usedmutualinformationto definethe relationship
betweentwo conditionsA and B. This was doneby initially discretizingthe geneexpressionlevels into
variousbins,andusingthis discretizatiorto computethe Shannorentropy of conditionsA andB asfollows

Sa=—) pilogp,
i

wherep; is thefrequeng of eachbin. Given theseentrofy values thenthe mutualinformationbetweenA
andB is definedas
M(A,B)=Sa+ S — Sas-

A featurecommonto mary similarity measuresisedfor microarraydatais thatthey almostnever con-
siderthe lengthof the correspondingyene-or condition-\ectors,thatis the actualvalue ofthe differential
expressionevel, but focusonly on variousmeasuresf relative changeand/orhow theserelatve measures
arecorrelatecbetweentwo genesor conditions[75, 71, 21]. Thereasondor thisis two-fold. First, thereis
still significantexperimentalerrorsin measuringhe expressiorlevel of agene,andis not reliableto useit
“as-is”. Secondjn mostcaseswve areonly interestecbn hawv the differentgeneschangeacrosghe different
conditions(i.e., eitherup-regulatedor down-regulated)andwe arenotinterestedor the exactamountof this
change.

5.4 Clustering Approaches for Gene Expression Data

Sincethe early daysof the developmentof the microarraytechnologiesa wide rangeof existing clustering
algorithmshave beenused,andnovel new approachetave been deelopedfor clusteringgeneexpression
datasets.The mosteffective traditional clusteringalgorithmsare basedeitheron the group-aeragevaria-

tion of the agglomeratie clusteringmethodologyor the K -meansapproachappliedto unit-lengthgeneor

conditionexpressiorvectors. Unlike otherapplicationsof clusteringin life sciencessuchasthe construc-
tion of phylogenetidrees,or guidetreesfor multiple sequencalignmentthereis no biologicalreasorthat
justifiesthatthe structureof the correctclusteringsolutionis in the form of atree. Thus,agglomeratie so-
lutions areinherentlysub-optimalwhencomparedo partitionalapproacheghat allov for a wider rangeof

feasiblesolutionsat variouslevels of clustergranularity However, despitethis, the agglomeratie solutions
tendto producereasonablend biologically meaningfulresults,and allow for an easyvisualizationof the

relationshipdetweerthe variousgenesand/orconditionsin the experiments.

The easeof visualizingthe resultshasalsoled to the extensive useof Self-OmganizingMaps (SOM) for
geneexpressiorclustering48, 71]. TheSOM methodstartswith ageometryof “nodes”of asimpletopology
(eg., grid andring) anda distancefunctionon the nodes.Initially, the nodesare mappedandomlyinto the
geneexpressionspace,n which theith coordinaterepresentshe expressionlevel in theith condition. At
eachfollowing iteration,a datapoint P, i.e., a geneexpressionprofile, is randomlyselectedandthe data
point P will attractnodesto itself. The nearesnodeNp to P will beidentifiedandmoved the most,and
othernodeswill be adjusteddependingon their distancego the nearesnodeN p, toward the datapoint P.
The adwvantage®of usingSOMsareits structuredapproactwhich makesvisualizationvery easy However,
the methodrequiresthe userto specify the numberof clustersaswell asthe grid topology including the
dimensionf thegrid andthe numberof clustersin eachdimension.

Fromthesuccessesgbtainedn usingK -meansandgroup-aerage-basedusteringalgorithms,aswell as
othersimilaralgorithmg5, 64], it appearshattheclustersn thecontext of geneexpressiordatasetareglob-
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ularin nature. This shouldnot be surprisingasresearcherare ofteninterestedn obtainingclusterswhose
geneshave similar expressionpatterns/profiles.Sucha requirementutomaticallylendsitself to globular
clusters,in which the pairwisesimilarity betweenmostobject-pairds quite high. However, asthe dimen-
sionality of thesedatasetsontinueto increaseprimarily by increasingthe numberof conditionsthat are
analyzed)requiringconsisteng acrosgheentiresetof conditionswill beunrealistic.As aresultapproaches
thattry to find tight clustersin subspacesf theseconditionsmaygainpopularity

6 CLuTO: A Clustering Toolkit

We now turn our focuson providing a brief overview of CLUTO (release2.0), a software packagdor clus-
tering low- andhigh-dimensionaflatasetandfor analyzingthe characteristicef the variousclusters that
hasbeen deelopedby our groupandis availableat http://www.cs.umn.edu/karyg/cluta CLUTO hasbeen
developedas a generalpurposeclusteringtoolkit. CLUTO’s distribution consistsof both stand-alongoro-
grams(vcluster and scluster) for clusteringand analyzingtheseclusters,aswell asa library via which
an applicationprogramcan accesdirectly the variousclusteringand analysisalgorithmsimplementedn
CLuTO. To date,CLUTO hasbeensuccessfullyusedto clusterdatasetsrisingin mary diverseapplication
areasncludinginformationretrieval, commercialdatasetsscientificdatasetsandbiologicalapplications.

CrLuTo implementghreedifferentclasse®f clusteringalgorithmsthatcanoperateeitherdirectly in the
objects featurespaceor in the objects similarity space.The clusteringalgorithmsprovidedby CLUTO are
basednthepartitional,agglomeratie, andgraph-partitioningparadigmsCLUTO’s partitionalandagglom-
eratvealgorithmsareableto find clusterghatareprimarily globular, whereasts graph-partitioningandsome
of its agglomeratie algorithmsarecapableof finding transitive clusters.

A key featurein mostof CLUTO’s clusteringalgorithmsis that they treatthe clusteringproblemasan
optimizationprocessvhich seekdo maximizeor minimize a particularclusteringcriterion functiondefined
eitherglobally or locally over the entireclusteringsolutionspace.CLUTO providesa total of sesen differ-
entcriterionfunctionsthat have beenshovn to producehigh-qualityclustersin low- andhigh-dimensional
datasets.The equationof thesecriterion functionsare shovn in Table 1, andthey werederived andana-
lyzedin [80, 79. In additionto thesecriterionfunctions,CLUTO providessomeof the moretraditionallocal
criteria(eg., single-link,complete-link andgroup-aeragehatcanbe usedin the contet of agglomeratie
clustering.

An importantaspecbf partitional-basedriterion-driven clusteringalgorithmsis the methodusedto opti-
mizethis criterionfunction. CLUTO usesarandomizedncrementabptimizationalgorithmthatis greedyin
nature haslow computationatequirementsandproducesigh-qualityclusteringsolutions[80]. Moreover,
CLUTO’s graph-partitioning-basedusteringalgorithmsutilize high-qualityand efficient multilevel graph
partitioning algorithmsderived from the MENS and hMENS graphand hypergraphpartitioning algorithms
[44, 43]. Moreover, CLUTO's algorithmshave beenoptimizedfor operatingon very large datasetdothin
termsof the numberof objects,aswell as,the numberof dimensions.This is especiallytrue for CLUTO's
algorithmsfor partitionalclustering.Thesealgorithmscanquickly clusterdatasetsvith severaltensof thou-
sandsbjectsandseveralthousandef dimensionsMoreover, sincemosthigh-dimensionadlatasetarevery
sparseCLUTO directly takesinto accountthis sparsityand requiresmemorythatis roughly linear on the
inputsize.

In the restof this sectionwe presenta shortdescriptionof CLUTO’s stand-alongrogramsfollowed by
someillustrative examplesof how it canbe usedfor clusteringbiologicaldatasets.
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Table 1: The mathematical definition of CLUTO's clustering criterion functions. The notation in these equations are as
follows: k is the total number of clusters, Sis the total objects to be clustered, S is the set of objects assigned to the
ith cluster, n; is the number of objects in the ith cluster, v and u represent two objects, and sim(v, u) is the similarity
between two objects.

6.1 Usage Overview

Thevcluster andscluster programsareusedo clusteracollectionof objectsinto apredeterminedumberof
clustersk. Thevcluster programtreatseachobjectasa vectorin a high-dimensionaspaceandit computes
the clusteringsolutionusing one of five differentapproachesFour of theseapproachesre partitional in
nature whereagshefifth approachs agglomeative. On theotherhand thescluster programoperate®nthe
similarity spacebetweertheobjectsbut cancomputeheoverall clusteringsolutionusingthe samesetof five
differentapproaches.

Both thevcluster andscluster programsareinvoked by providing two requiredparametersn the com-
mandline alongwith a numberof optionalparametersTheir overall calling sequencés asfollows:

vcluster  [optionalparameters] MatrixFile  NClustes
scluster [optionalparameters] GraphRle  NClustes

MatrixFile is thenameof thefile thatstoreshen objectsthatneedto beclusteredIn vcluster, eachof these
objectsis consideredo be a vectorin anm-dimensionakpace.The collectionof theseobjectsis treatedas
ann x m matrix, whoserows correspondo the objects,andwhosecolumnscorrespondo the dimensions
of the featurespace. Similarly, GraphFHle, is the nameof the file that storesthe adjaceng matrix of the
similarity graphbetweerthe n objectsto be clustered.The secondargumentfor both programsNClustes,
is thenumberof clustersthatis desired.

Figure 1 shavs the outputof vcluster for clusteringa matrix into 10 clusters. Fromthis figure we see
thatvcluster initially printsinformationaboutthe matrix, suchasits name,the numberof rows (#Rows,
the numberof columns(#Column$, andthe numberof non-zerosn the matrix (#NonZeos). Next it prints
informationaboutthevaluesof the variousoptionsthatit usedto computethe clustering,andthe numberof
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desiredclusters(#Clustes). Onceit computeghe clusteringsolution,it displaysinformationregardingthe
quality of the overall clusteringsolution,aswell as,the quality of eachcluster usinga variety of internal
guality measuresThesemeasurefcludethe averagepairwisesimilarity betweereachobjectof the cluster
andits standardleviation (“ISim” and“ISdev”)), andtheaveragesimilarity betweertheobjectsof eachclus-
terto the objectsin the otherclustersandtheir standardieviation (‘ESim” and“ESde/”). Finally, vcluster
reportsthetime taken by the variousphase®f the program.

prompt% vcluster sports.mat 10
KA AAAAAAA A A A A A A A A A A A A A A A A A A A A A A A A,
vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota
Matrix INFOYMALAON === === === oo oo ...
Name: sports.mat, #Rows: 8580, #Columns: 126373, #NonZeros: 1107980
[0 1o R s R
CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10
F o R Ko s e
10-way clustering: [I2=2.29e+03] [8580 of 8580]

Timing INFOYMALLiON = ==-== === === - oo oo oo

I/0: 0.920 sec
Clustering: 12.440 sec
Reporting: 0.220 sec

Q*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*O:*ﬁ*ﬁ*ﬁ*&:*O:*ﬁ*ﬁ*O:*k*k*k*k*k*k****************************** /

Figure 1: Output of vcluster for matrix sports.mat and a 10-way clustering.

6.2 Summary of Biological Relevant Features

Thebehaior of vcluster andscluster canbecontrolledby specifyingover 30 differentoptionalparameters.
Theseparameterganbe broadlycateyorizedinto threegroups. Thefirst groupcontrolsvariousaspectof
the clusteringalgorithm,the secondgroup controlsthe type of analysisandreportingthatis performedon
thecomputedtlustersandthethird setcontrolsthevisualizationof the clusters.Someof the mostimportant
parameterareshavn in Table2, andaredescribedn the contet of clusteringbiologicaldatasetsn therest
of this section.

6.3 Clustering Algorithms

The -cimethodparametercontrolsthe type of algorithmsto be usedfor clustering. The first two methods,
(i.e., “rb” and“direct”) follow the partitional paradigmdescribedn Section2.1. The differencebetween
themis the methodthey useto computethe k-way clusteringsolution. In the caseof “rb”, the k-way clus-
tering solutionis computedvia a sequencef repeatedisectionswhereasn the caseof “direct”, theentire
k-way clusteringsolutionis computedat onestep. CLUTO’s traditionalagglomeratie algorithmis imple-
mentecby the “agglo” option,whereaghe “graph” optionimplementsa graph-partitionindpasectlustering
algorithm, that is well-suitedfor finding transitve clusters. The methodusedto definethe similarity be-
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Parameter Values Function

-clmethod rb, direct,agglo,graph ClusteringMethod

-sim cos,corr, dist Similarity measures

-crfun 11,29, 1,01, gi, H1, Ho, slink, wslink, clink, wclink, upgma | Criterion Function

-agglofrom (int) Whereto startagglomeration
-fulltree Builds a treewithin eachcluster
-shavfeatures Display clusters featuresignature
-shavtree Build atreeontop of clusters
-labeltree Provide key featuresfor eachtreenode
-plottree (filename) Plotsthe agglomeratie tree
-plotmatrix (filename) Plotstheinput matrices
-plotclusters (filename) Plotsclusterclustermatrix
-clustercolumn Simultaneouslyclusterthe features

Table 2: Key parameters of CLUTO’s clustering algorithms.

tweenthe objectsis specifiedby the -sim parameterandsupportshe cosine(“cos”), correlationcoeficient
(“corr”), anda Euclideardistancederived similarity (“dist”). Theclusteringcriterionfunctionthatis usedby
the partitionalandagglomeratie algorithmsis controlledby the -crfun parameterThefirst seven criterion
functions(describedn Table 1)areusedby bothpartitionalandagglomeratie, whereaghelastfive (single-
link, weighted-single-linkcomplete-linkweighted-complete-linkandgroup-aerage preonly applicableo
agglomeratie clustering.

A key featureof CLUTO’s is that allavs you to combinepartitional and agglomeratie clusteringap-
proaches.This is doneby the -agglofrom parameteiin the following way. The desiredk-way clustering
solutionis computedoy first clusteringthe datasetnto m clusters(m > k), andthen usesnagglomeratie
algorithmto groupsomeof theseclustergo form thefinal k-way clusteringsolution. Thenumberof clusters
m is the valuesuppliedto -agglofrom This approactwas motivatedby the two-phaseclusteringapproach
of the CHAMELEON algorithm[42], andwas designedo allow the userto computea clusteringsolutionthat
usesa differentclusteringcriterion functionfor the partitioningphasefrom that usedfor the agglomeration
phase An applicationof suchanapproachs to allow the clusteringalgorithmto find non-glolular clusters.
In this case the partitionalclusteringsolutioncanbe computedusinga criterionfunctionthatfavors globu-
lar clusters(eg., ‘i2"), andthencombinetheseclustersusinga single-linkapproacheg., ‘wslink’) to find
non-glolularbut well-connectedlusters.

6.4 Building Tree for Large Datasets

Hierarchicalagglomeratietreesareusedextensvely in life sciences athey provide anintuitive way to orga-
nizeandvisualizetheclusteringresults.However, therearetwo limitationswith suchtrees.First, hierarchical
agglomeratie clusteringmaynotbethe optimalway to clusterdatain whichthereis no biologicalreasorto
suggesthattheobjectsarerelatedwith eachotherin atree-faishion.Secondhierarchicabgglomeratie clus-
tering algorithmshave high computationahndmemoryrequirementsmakingthemimpracticalfor datasets
with morethanafew thousandbijects.

To addresgheseproblemsCLuTO providesthe -fulltree optionthat canbe usedto producea complete
tree using a hybrid of partitionalandagglomeratie approacheslin particular when-fulltreeis specified,
CLuTo builds a completehierarchicaltree that preseres the clusteringsolution that was computed. In
this hierarchicalclusteringsolution, the objectsof eachclusterform a subtree andthe differentsubtrees
arememgedto getan all inclusive clusterat the end. Furthermorethe individual treesare combinedin a
meaningfulway, sothatto accuratelyrepresenthe similaritieswithin eachtree.

Figure2 shavs the treesproducecbn a samplegeneexpressiordataset Thefirst treewas obtainedusing
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the agglomeratie clusteringalgorithm,whereaghe secondreewas obtainedusingthe repeated-bisecting
methodin which the-fulltreewas specified.
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zods
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Tr0ds

cluster 0 cluster 2 cluster 3 cluster 1
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ogods
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6ods
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Figure 2: (a) Shows the clustering solution produced by the agglomerative method. (b) Shows the clustering solution
produced by the repeated-hisecting method and -fulltree

cluster 1 cluster 0 cluster 3 cluster 4 cluster 2

(b)

6.5 Analyzing the Clusters

In additionto thecoreclusteringalgorithms CLUTO providestoolsto analyzesachof theclustersandidentify
what are the featuresthat bestdescribeand discriminateeachone of the clusters. To someextent, these
analysismethoddry to identify the densesubspaces which eachclusteris formed. This is accomplished
by the-showfeatuesand-labeltreeparameters.

Figure3 shavstheoutputproducedy vcluster when-showfeatueswas specifiedor adatasetonsisting
of protein sequencesandthe Smersthat they contain. Looking at this figure, we can seethat the set of
descriptveanddiscriminatingfeaturesaredisplayedight afterthetablethatprovidesstatisticsor thevarious
clusters. For eachcluster vcluster displaysthreelines of information. Thefirst line containssomebasic
statisticsfor eachclustercorrespondingo the clusterid (cid), numberof objectsin eachcluster(Size),the
averagepairwisesimilarity betweerthe clusters objects(ISim), andthe averagepairwisesimilarity to the
restof the objects(ESim). The secondine containghefive mostdescriptve featureswhereaghethird line
containghe five mostdiscriminatingfeatures.Thefeaturesn theselists aresortedin decreasinglescriptve
or discriminatingorder

Right next to eachfeature,vcluster displaysa numberthatin the caseof the descriptve featuress the
percentag®f the within clustersimilarity thatthis particularfeaturecanexplain. For example,for the Oth
clusterthe5mer‘GTSMA” explains58.5%o0f theaveragesimilarity betweertheobjectsof theOthcluster A
similar quantityis displayedor eachoneof thediscriminatingfeaturesandis the percentagef thedissimi-
larity betweerthe clusterandtherestof the objectswhichthis featurecanexplain. In generathereis alarge
overlapbetweerdescriptve anddiscriminatingfeatureswith the only differencebeingthatthe percentages
associateavith the discriminatingfeaturesaretypically smallerthanthe correspondingpercentagesf the
descriptve features.This is becausesomeof the descriptve featuresof a clustermay alsobe presentin a
smallfractionof the objectsthatdo not belongto this cluster

6.6 Visualizing the Clusters

CLuTO’s programganproducea numberof visualizationghatcanbe usedto seetherelationshipbetween
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vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Matrix INEOXMAELON === === === === oo oo oo oo
Name: peptide5.mat, #Rows: 1539, #Columns: 2965, #NonZeros: 50136

[0 oo R s R
CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

SOLUELON === === = = = = o e e e e oo

10-way clustering: [I2=5.03e+02] 0.510, Purity: 0.638

cid Size 1ISim ISdev

ESim ESdev Entpy Purty

|
0 +0.439 +0.139 +0.001 +0.001 0.061 0.980 ‘ 0 0 1 49 0
1 +0.275 +0.113 +0.019 +0.010 0.156 0.945 ‘ 0 3 3 103 0
2 +0.246 +0.089 +0.001 +0.001 0.096 0.970 ‘ 0 1 96 2 0
3 +0.217 +0.074 +0.010 +0.005 0.129 0.956 ‘ 0 3 7 217 0
4 +0.197 +0.092 +0.001 +0.001 0.258 0.893 | 0 108 6 7 0
5 +0.113 +0.064 +0.001 +0.001 0.425 0.780 | 99 5 21 2 0
6 +0.109 +0.101 +0.001 +0.001 0.553 0.661 | 1 74 12 25 0
7 +0.043 +0.040 +0.001 +0.002 0.741 0.421 | 4 6 78 85 29
8 +0.029 +0.029 +0.001 +0.001 0.880 0.302 | 81 47 81 55 4
9 +0.027 +0.024 +0.001 +0.001 0.860 0.312 ‘ 1 57 70 37 59

Cluster 0, Size: 50, ISim: 0.439, ESim: 0.001
Descriptive: GTSMA 58.5%, HGTHV 37.7%, PSTVV 0.4%, LGASG 0.4%, KELKK 0.3%
Discriminating: GTSMA 29.6%, HGTHV 19.1%, GDSGG 2.7%, DSGGP 2.5%, TAAHC 2.0%

Cluster 1, Size: 109, ISim: 0.275, ESim: 0.019
Descriptive: SGGPL 8.6%, RPYMA 7.6%, VLTAA 7.2%, TAAHC 6.9%, DSGGP 6.3%
Discriminating: RPYMA 5.5%, PHSRP 4.3%, SRPYM 4.3%, HSRPY 3.9%, KGDSG 3.3%

Cluster 2, Size: 99, ISim: 0.246, ESim: 0.001
Descriptive: HEFGH 13.2%, CGVPD 6.5%, RCGVP 6.3%, PRCGV 6.1%, VAAHE 5.3%
Discriminating: HEFGH 6.8%, CGVPD 3.3%, RCGVP 3.2%, PRCGV 3.1%, GDSGG 2.9%

Cluster 3, Size: 227, ISim: 0.217, ESim: 0.010
Descriptive: GDSGG 8.3%, DSGGP 6.7%, CQGDS 5.7%, QGDSG 5.6%, TAAHC 4.4%
Discriminating: CQGDS 3.5%, QGDSG 3.3%, NSPGG 2.6%, GDSGG 2.3%, CGGSL 2.1%

Cluster 4, Size: 121, ISim: 0.197, ESim: 0.001
Descriptive: CGSCW 13.9%, GSCWA 10.2%, SCWAF 8.4%, KNSWG 5.3%, GCNGG 5.0%
Discriminating: CGSCW 7.1%, GSCWA 5.2%, SCWAF 4.3%, GDSGG 2.9%, KNSWG 2.7%

Cluster 5, Size: 127, ISim: 0.113, ESim: 0.001
Descriptive: DTGSS 6.0%, FDTGS 4.0%, TGSSD 3.0%, IGTPP 2.7%, GTPPQ 2.6%
Discriminating: DTGSS 3.1%, GDSGG 2.8%, DSGGP 2.6%, TAAHC 2.0%, SGGPL 2.0%

Cluster 6, Size: 112, ISim: 0.109, ESim: 0.001
Descriptive: KXDELR 2.2%, IEASS 1.6%, RWAVL 1.6%, TFLKR 1.4%, EEKIK 1.3%
Discriminating: GDSGG 2.8%, DSGGP 2.6%, TAAHC 2.0%, SGGPL 2.0%, LTAAH 1.4%

Cluster 7, Size: 202, ISim: 0.043, ESim: 0.001
Descriptive: NSPGG 46.9%, HELGH 12.1%, ALLEV 7.0%, VLARA 2.6%, GYVDA 1.7%
Discriminating: NSPGG 24.5%, HELGH 5.1%, ALLEV 3.6%, GDSGG 2.9%, DSGGP 2.6%

Cluster 8, Size: 268, ISim: 0.029, ESim: 0.001
Descriptive: QACRG 13.7%, IQACR 7.5%, DTGAD 2.9%, VDTGA 2.5%, LDTGA 1.2%
Discriminating: QACRG 7.1%, IQACR 3.9%, GDSGG 2.9%, DSGGP 2.6%, TAAHC 2.1%

Cluster 9, Size: 224, ISim: 0.027, ESim: 0.001
Descriptive: LAATIA 4.3%, TDNGA 3.0%, LKTAV 1.4%, TQYGG 1.1%, GFRRL 1.1%
Discriminating: GDSGG 2.9%, DSGGP 2.6%, LAAIA 2.2%, TAAHC 2.1%, SGGPL 2.0%

Timing INFOYMALLiON = =--== === === m oo oo oo

I/0: 0.040 sec
Clustering: 0.470 sec
Reporting: 0.040 sec

ek ok ko ko ko kK ok ko kK ok ok ok ko kK ok ok ko ok ko ko ko ok ko ko ok ok ok ko ko ok ko ke ko ok ok ko Rk

Figure 3: Output of vcluster for matrix sports.mat and a 10-way clustering that shows the descriptive and discriminating
features of each cluster.
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the clusters,objects,andfeatures.You have alreadyseenoneof themin Figure2 thatwas producedby the
-plotmatrix parameterThe sameparametecanbe usedto visualizedsparséhigh-dimensionatlatasetsThis
is illustratedin Figure4(a)for the proteindatasetisedearlier As we canseefrom thatplot, vcluster shavs
therows of theinput matrix re-orderedn suchaway sothattherows assignedo eachoneof the tenclusters
arenumberedconsecutiely. The columnsof the displayedmatrix are selectedo be the union of the most
descriptve anddiscriminatingfeaturesof eachcluster andareorderedaccordingo thetreeproducedy an
agglomeratie clusteringof thecolumns.Also, atthetop of eachcolumn,thelabelof eachfeatureis shown.
Eachnon-zermositive elementof the matrixis displayedby a differentshadeof red. Entriesthatarebright
red correspondo large valuesandthe brightnesof the entriesdecreaseastheir valuedecreaseAlso note
thatin thisvisualizationboththerows andcolumnshave beenreorderedisinga hierarchicatree.

Finally, Figure4(b) shavs thetypeof visualizationthatcanbe producedvhen-plotclusteris specifiedor
a sparsematrix. This plot shows the clusteringsolutionshowvn at Figure4(a) by replacingthe setof rowsin
eachclusterby a singlerow thatcorrespondso the centroidvectorof the cluster The -plotclusteroptionis
particularlyusefulfor displayingvery large datasetsasthe numberof rows in the plot is only equalto the
numberof clusters.
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