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Abstract

Oligonucleotidefingerprintingis a powerful DNA arraybasedmethodto characterizecDNA andri-
bosomalRNA gene(rDNA) librariesandhasmany applicationsincludinggeneexpressionprofiling and
DNA cloneclassification.Weareespeciallyinterestedin thelatterapplication.A key stepin themethod
is theclusteranalysisof fingerprintdataobtainedfrom DNA arrayhybridizationexperiments.Most of
theexistingapproachesto clusteringuse(normalized)realintensityvaluesandthusdonot treatpositive
andnegative hybridizationsignalsequally(positive signalsaremuchmoreemphasized).In this paper,
we considera discreteapproach.Fingerprintdataarefirst normalizedandbinarizedusingcontrolDNA
clones.Becausetheremayexist unresolved(or missing)valuesin this binarizationprocess,we formu-
latetheclusteringof (binary)oligonucleotidefingerprintsasa combinatorialoptimizationproblemthat
attemptsto identify clustersandresolve themissingvaluesin thefingerprintssimultaneously. We study
thecomputationalcomplexity of thisclusteringproblemandanaturalparameterizedversion,andpresent
anefficient greedyalgorithmbasedon M INIMUM CLIQUE PARTITION on graphs.Thealgorithmtakes
advantageof someuniquepropertiesof thegraphsconsideredhere,whichallow usto efficiently find the
maximumcliquesaswell assomespecialmaximalcliques.Our experimentalresultson simulatedand
realdatademonstratethat thealgorithmrunsfasterandperformsbetterthansomepopularhierarchical
andgraph-basedclusteringmethods.Theresultsonrealdatafrom DNA cloneclassificationalsosuggest
that this discreteapproachis moreaccuratethanclusteringmethodsbasedon real intensityvalues,in
termsof separatingclonesthat have differentcharacteristicswith respectto the given oligonucleotide
probes.
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1 Intr oduction
A DNA array is an orderly arrangementof DNA sampleson a single chip. It provides a mediumfor
matchingDNA samplesbasedonWatson-Crickbase-pairingrules.Therearevariousdesignsof DNA arrays
dependingon theapplication.In oligonucleotidefingerprinting(e.g. [9, 16, 27, 28]), a DNA arrayconsists
of thousandsof spots,eachof which mayhold a differenttypeof DNA sequences(alsocalledclones). To
performahybridizationexperiment,adropof eachtypeof DNA in solutionis placedin auniquespotof the
arrayanda (short)DNA sequence(i.e. anoligonucleotide, usually8-50bases),calledaprobe, is appliedto
hybridizewith all thecloneson thearray. If theprobeoccursasa substringof theclonein a spot,it will
hybridizeto the spot. Oncethe probehasbeenhybridizedto the arrayandall unboundoligonucleotides
have beenwashedoff, the array is scannedto determinehow much probeis boundto eachspot. The
experimentis thenrepeatedfor asetof probesto createfingerprintsof theclones,wherethefingerprintof a
cloneis simply a vectorconsistingof thehybridizationintensityvaluesbetweenthecloneandeachprobe.
We observe thatobtainingaccuratefingerprintdatacanbe challenging.Quantizationof the intensitieson
eachspotis subjectto noisefrom irregularspots,duston thechip,andnonspecifichybridization.Deciding
the intensitythresholdbetweenspotsandbackgroundcanalsobedifficult, especiallywhenthespotsfade
graduallyaroundtheir edges(seee.g. [4]).�

Deptof Comp.Sci.,Univ. of Calif., Riverside.andres@cs.ucr.edu.�
Deptof PlantPathology, Univ. of Calif., Riverside.borneman@ucrac1.ucr.edu.�
Deptof Comp.Sci.,Univ. of Calif., Riverside.jiang@cs.ucr.edu. Phone:909-787-2991.Fax: 909-787-4643.

1



Oligonucleotidefingerprinting makesuseof DNA arrays,andis oneof the mostefficient methodsto
characterizeDNA clonelibraries.It hasmany applicationsincludinggeneexpressionprofiling andclassifi-
cationof DNA clones(see,e.g. [8, 9, 13, 16, 27, 28]. In thispaper, weareespeciallyinterestedin thelatter
application,whicharisesin theclassificationof microorganisms.Here,to classifyacommunityof microor-
ganisms(extracted,e.g., from soil), a library of (randomlyselected)ribosomalRNA genes(rDNA clones)
is created.Theseclonesarethensubjectedto a seriesof hybridizationexperiments,eachof which usesa
singleDNA oligonucleotideprobe,resultingin asetof fingerprintsasmentionedabove. Basedon a cluster
analysisof thesefingerprints,the rDNA clonesareclassifiedinto operational taxonomicunits (OTUs) to
reflect their differentcharacteristicswith respectto the probes(i.e. what probeshybridizedandwhat did
not). Onceclassified,taxonomicdescriptionsof eachOTU canbedeterminedby clusteringthemwith fin-
gerprintsof known sequencesor by nucleotidesequenceanalysesof representative clonesfrom theOTUs.
Thishasalreadyprovento beapowerful high-throughputtechniquefor studyingmicroorganisms[27, 28].

A crucial stepin the above analysisis the clusteringof clonefingerprints. Ideally, we would like to
translatehybridizationintensityvaluesinto binary valueswhere � indicateshybridizationand � indicates
theopposite.Unfortunately, giventhe intensityvaluesprovidedby thescannedarray, it is not alwayseasy
to determinewhich cloneshybridizedandwhich did not due to the problemsmentionedabove. Hence,
mostof theexisting methodsconsiderreal intensityvalues,normalize/rankthem,andclusterthe resulting
fingerprintsbasedon somedistance/similaritymeasuressuchasEuclideandistance,Minkowsky metrics,
andSIMILARITY FACTOR (SIM) for real vectors[9, 13, 19]. Although theseclusteringmethodsseemto
work well in geneexpressionprofiling, they haveanobviousdrawbackin DNA cloneclassificationbecause
distance/similaritymeasuresfor realvectorsusuallydo not treatpositive andnegative hybridizationsignals
equally. Clusteringresultsobtainedusingsuchmeasurestendto bemoresensitive to positive signalsthan
to negative ones.

We have recentlyproposeda discreteapproachto the above clusteranalysisin the classificationof
microbial rDNA clones[27, 28]. Control cloneswith known characteristicswith respectto theprobesare
includedin DNA arrayexperimentsto provide referenceintensityvalues.Oligonucleotidefingerprintdata
arenormalizedandbinarizedusingthereferencevaluesfrom thecontrolDNA clones.Here,eachintensity
valueis classifiedinto a � (for hybridization)or a � (for no hybridization)or an � (for unknown, which is
alsocalleda missingvalue).More precisely, for eachprobe,let 	�
 denotethelowest(normalized)intensity
valueof any control clonethat is expectedto hybridizeto the probeand ��
 thehighestintensityvalueof
any controlclonethat is not expectedto hybridizewith theprobe.Then,cloneswhoseintensityvaluesare
greaterthanor equalto ����������
�������	 
�� aregiven a � classification,where � is a small constant.Clones
whoseintensity valuesare lessthanor equalto �� "!�����
#��	 
%$ � � aregiven a � classification. All others
clonesaregivenan � classification.Then,a distance/similaritymeasure,e.g. Hammingdistance(ignoring
positionscontaining � ’s), is usedin combinationwith somedistance/similaritybasedclusteringmethod,
e.g. the well known unweightedpair group methodwith arithmeticmean(UPGMA) [24]. Although this
approachtreatspositiveandnegativehybridizationsignalsequally, it maystill potentiallycluster(binarized)
fingerprintvectorsthatconflict with eachotherat somepositionsbecause(i) it only considersthedistance
betweenthefingerprintsand(ii) themissingvaluesarecompletelyignored.

In this paper, we formulatetheclusteringof (binarized)oligonucleotidefingerprintsasa combinatorial
optimizationproblemthat attemptsto identify clustersandresolve the missingvaluesin the fingerprints
simultaneously. We studythecomputationalcomplexity of this formulationandits parameterizedversion
wherethemaximumnumberof � ’sin afingerprintvectorisboundedbyaparameter& . Ourresultsshow that
theproblemandtheparameterizedvariant(for &('*) ) areNP-hard.However, theproblemis polynomial-
time solvablewhen&,+-� . Theproblemcanbenaturallyrepresentedasfindingaminimumcliquepartition
on graphs.We presentanefficient greedyalgorithmbasedon M INIMUM CLIQUE PARTITION. Thealgo-
rithm takesadvantageof someuniquepropertiesof thegraphs(definedfrom fingerprints)consideredhere.
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Thesepropertiesallow usto efficiently find themaximumcliquesaswell assomespecialmaximalcliques
efficiently. Our experimentalresultson simulatedandrealdatademonstratethat thealgorithmrunsfaster
andperformsbetter(in the context of DNA cloneclassification)thanpopularclusteringmethodssuchas
UPGMA (which wasusedin [27, 28]), CLUSTER[10] andCLICK [20]. Theresultson realdatafrom the
classificationof microbialrDNA clonessuggestthatthisdiscreteapproachis moreaccuratethanclustering
methodsbasedon realintensityvalues,in termsof separatingclonesthathave differentcharacteristicswith
respectto thegivenprobes.

The restof the paperis organizedas follows. Before leaving this section,we includea brief review
of recentwork on clusteringDNA arraydata,highlighting theonesthataremostrelatedto our approach.
In Section2, we give a mathematicalformulationof the problemof clusteringbinary fingerprintvectors
that takesinto accountmissingvalues.We alsostudythecomputationalcomplexity of theproblemanda
parameterizedversionin termsof themaximumnumberof missingvaluesin afingerprintvector. Section3
presentsthegreedyclusteringalgorithmbasedonM INIMUM CLIQUE PARTITION andsomeimplementation
details(in orderto make thealgorithmasefficient aspossible).Section4 givessomeexperimentalresults
concerningtheperformanceof thegreedyalgorithm. Someconclusionremarksareprovided in Section5.
Dueto thepagelimit, all proofsareomittedin theextendedabstractbut canbefoundin thefull versionof
thepaper.

1.1 Previous RelatedWork on Clustering Fingerprint Data
As mentionedabove,many clusteringmethodsfor DNA arraydatahavebeenstudied,includinghierarchical
methods [8, 9, 10, 22], K-means[13], greedymethods[17, 16], graphpartitioning[7, 12, 20, 29], proba-
bilistic methods[3, 5, 15, 18], andself-organizingmaps[25, 26]. A recentcomprehensive survey canbe
foundin [19].

In termsof thetechniqueinvolved,ournew clusteringalgorithmisperhapsmostrelatedto thealgorithms
basedon graphpartitioning. Givena setof fingerprintsandsomedistance/similaritymeasurebetweenthe
fingerprints,onecandefinea graphwhoseverticesrepresentthefingerprintsandedgesareweightedwith
the distance/similarityvaluesbetweencorrespondingfingerprints [7, 20, 29]. The fingerprintclustering
problemthenbecomesthe problemof partitioning the graphinto a (specific)numberof subgraphswith
the smallesttotal distance(or the largesttotal similarity). [12] usesa similar graphmodelbut its edges
are unweightedand two verticesare connectedby an edgeif their similarity value is above somefixed
threshold. In someapplicationssuchas DNA clone classification,it is often difficult to decidethe best
distance/similaritymeasureto use.It couldbeevenharderto determinethemosteffective threshold.Both
of thesedecisionshavestrongimpacton theresultingclustersandyet in practicethey areusuallyaddressed
in anad hocmanner[21]. In contrast,our definitionof thegraphonly concernsthecompatibilitybetween
binarizedfingerprintvectorsandthuscompletelyavoidstheseharddecisions.Moreover, aswewill seelater,
wecanfind themaximumcliquesandsomespecialmaximalcliques(thesocalleduniquemaximalcliques,
which containverticesthat belongsto only onemaximalclique) in suchcompatibility graphsefficiently.
This specialpropertyserves as the basisof our greedystrategy for minimum clique partition. Another
advantageof our methodis that we do not needto make assumptionsaboutthe intensitydatalike those
made,for example,in [20] wherethedistributionsof inter- andintra-clusterpairwisesamplecorrelations
arewell separatedandGaussian.Xing andKarprecentlydemonstratedthatsuchassumptionsdonotalways
hold [29].

As mentionedbefore,mostapproachesto clusteranalysisof arraydataemploy real intensityvalues.
Ourapproachemploys binaryinterpretationsof theintensityvalues,with possibleuncertainties.An impor-
tant advantageof this discreteapproachis that binarizedfingerprintsareessentiallyreproduciblewhereas
(normalized)real intensityvaluesaregenerallynot. This givesanothermotivation for binarizingfinger-
printsin oligonucleotidefingerprinting.Binary(andternary)fingerprintvectorsarealsousedin paperssuch
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as[12, 14]. (The approachin [12] alsoworks for non-binaryfingerprintsbecauseits clusteringis based
on similarity asmentionedabove.) But thesepapersdo not attemptto directly addressthereliability of the
deducedbinary (andternary)values,although[14] takesa conservative approachin usingthesevalues.A
recentwork advocatingthe binarizationof fingerprintvectorsis presentedin [21]. It presentsa rigorous
procedureto convert realgeneexpressiondatainto binaryvalues.However, theproceduremaynot besuit-
ablefor applicationssuchasDNA classificationbecausethebinarizedvaluesmaynot directly correspond
to the occurrenceof hybridizationbetweenclonesandprobes. Furthermore,it alsodoesnot addressthe
reliability of thebinarizedvalues.

In [13], the reliability of hybridizationintensitiesareevaluatedusingclonesspottedtwice. The ratio
betweenthe largerandthesmallerintensityvaluesis computedfor eachclone. If the ratio is above some
pre-specifiedthreshold,theintensityof thecloneis consideredasa missingvalue.However, thesemissing
valuesaresimply ignoredin theanalysis.Our approachconsidersmissingvaluesaspartof theclustering
problem,andtries to resolve themin a rigorousway. We notein passingthat the ideaof usingcontrol (or
housekeeping)clonesto helpnormalizeandinterpretDNA arraydatahasalsobeenusedbeforein, e.g. [14].

2 The Binary Clustering Problemand Computational Complexity
As mentionedabove, we considerbinarizedfingerprintsobtainedfrom hybridizationintensitydata,which
arevectorsof � (hybridization), � (no hybridization),or � (unknown) classifications.For convenience,
call sucha binarizedvectora 0-1-� vector. Supposethat therearetotally . clonesand / probes.Then
eachfingerprintvectorhaslength / . Thesetof all such(binarized)fingerprintvectorswill bedenotedby0 +-13254��62878��9�9�9:�62�
<; , for �>=@?A=B. , where 2�C is a 0-1-� vectorof length / correspondingto someclone.
Two 0-1-� fingerprintvectors2�C and 2�D arecompatibleif they donotdiffer atany positionor atany position
thatthey differ, say 2 CFEHG5IKJ+�2 DLEHG5I , where �>= G =@/ , we have 2 CMEHG5I +�� or 2 DLEHG5I +�� . Here, 2 CFEHG5I denotes
the G -th componentof vector 2�C . A 0-1 vetcor N is a resolvedvector of a 0-1-� fingerprint vector 2 ifN E ? I +O2 E ? I for all �P=Q?R=B/ suchthat 2 E ? I +-� or 2 E ? I +S� .

Wewill beinterestedin identifyingclustersconsistingof mutuallycompatible0-1-� fingerprintvectors.
Eachof theseclustersshouldpotentiallycorrespondto clonesthathave thesamecharacteristicswith respect
to thegivensetof probes.Indeed,clonesin suchaclustercouldevencorrespondto thesamegeneor genes
from thesamefamily in microbial rDNA cloneclassification.1 Following theminimumdescriptionlength
(MDL) principle(or Occam’s razor),it is naturalto considertheproblemof partitioningtheset

0
into the

smallestnumberof clusters,eachconsistingof mutually compatiblefingerprintvectors.2 Sincea setof
mutuallycompatiblevectorscanalwaysberesolved in thesameway, this problemis in factequivalentto
resolvingthe � ’s in thefingerprintvectorssuchthat thenumberof distinct resulting(resolved) vectorsis
minimized.Theproblemis formally definedbelow.

BINARY CLUSTERING WITH M ISSING VALUES (BCMV)
Instance:a set

0
of 0-1-� fingerprintvectors.

Feasiblesolution:a partitionof
0

into disjoint subsets
0 4:��9�9�9:� 0UT suchthat

for each�V=Q?W= G , any two vectorsin
0 C arecompatible.

Measure: Cardinalityof thepartition,to beminimized.

1In microbialrDNA cloneclassification,a genemayberepresentedmultiple timesin theclonesdueto randomsampling.Note
that,ournotionof clusteringdiffersslightly in somesensefrom theconventionaldefinitionthataimsatgroupingsimilarfingerprints
accordingto somehomogeneitymeasure.Our objective is to distinguishfingerprintsthat illustrateany difference,becausethey
correspondto differentgenesor genefamilies.

2This is alsoconsistentwith thehypothesisthatbiomoleculardiversity is a preciousresource.
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In practice,the numberof � ’s in a binarizedfingerprint vector is often upperboundedby a small
constant,dependingon thequality of hybridizationintensityvaluesandchoiceof controlclones.It is thus
interestingto considerthe following parameterizedversionof BCMV, denotedasBCMV( & ), whereeach
input fingerprintvectoris assumedto have at most &%� ’s. Unfortunately, we canshow thatBCMV is NP-
hard.In fact,we canprove a strongerresult:BCMV( & ) is NP-hardfor any &X'S) . Thefollowing definition
will beuseful.

Definition 2.1 Givena setof 0-1-� fingerprint vectors
0

, definea graph YPZ[+\� 0 ��]^Z � wheretwovertices
(fingerprints)areadjacentif andonly if they arecompatible. Thegraph Y_Z will becalledthecompatibility
graphof

0
.

Clearly, solvingBCMV for
0

is equivalentto theproblemof findingaminimumcliquepartition(MCP)
on Y_Z . Hence,theNP-hardnessof MCP[2] impliesimmediatelytheNP-hardnessof BCMV. Theproofcan
bestrengthenedto show theNP-hardnessof BCMV( & ), for any &X'`) .
Theorem 2.2 TheproblemBCMV(& ) is NP-hard, for any &X'`) .

Interestingly, we canshow that BCMV( � ) hasa polynomial time solutionby reducingit to VERTEX

COVER onbipartitegraphs,which is known to havepolynomialtimealgorithms(seee.g. [1]). Presently, we
do not know if BCMV( a ) hasapolynomialtimealgorithm.

Theorem 2.3 TheproblemBCMV(� ) canbesolvedin polynomialtime.

Next we considerthe approximabilityof BCMV. SinceBCMV is equivalent to MCP in generaland
MCPis hardto approximate,it is unlikely for BCMV to havegoodapproximationalgorithms.However, we
canshow thatBCMV( & ) hasconstantratiopolynomial-timeapproximationalgorithms.

Theorem 2.4 For any & , BCMV(& ) canbeapproximatedin polynomialtimewith ratio a 
 .
3 A GreedyAlgorithm Basedon Clique Partition
In this section,we presenta greedyalgorithmfor BCMV( & ) thatrunsin time bc��&da 
 . 7 � . Since& is usually
prettysmallcomparedwith . in practice,3 thealgorithmis veryefficient. Wewill first outlinethealgorithm
andthenshow how to implementthealgorithmcarefullyto achieve thedesiredefficiency.

3.1 An Outline of the Algorithm
Let

0
be a setof . 0-1-� fingerprintvectorsof length / . Definethe sets e , e���2 � , and

0 �fN � as in the
proof of Theorem2.4, i.e. e���2 � is thesetof resolvedvectorsof fingerprintvector 2 , eg+ih_j�k Z e���2 � , and0 �fN � +l132Sm 0on N[mBe���2 � ; . We will considerthecompatibility graph Y_Z anddesignan algorithmto
partition Y_Z into a small setof cliques. Our algorithmis basedon repeatedlyfinding maximalcliquesinY_Z . Thefollowing lemmaprovidesanefficient way to identify maximalcliquesin Y_Z .

Lemma 3.1 For each maximalclique p , there existsa resolvedvector NqmXe such that
0 �fN � inducesp in

thegraph YPZ .
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ProcedureFINDMAXIMUMCLIQUE rtsvu
let wyx{z}| betheresolvedvectorsuchthat ~�sPr"wyx{z}|3u�~ ���P�:���6�����8~�sPr�w�uR~H� ;
return( sPr"wyx{z}|�u )

end

Figure1: ProcedureFINDMAXIMUMCLIQUE.

Note that theconverseof Lemma3.1 is not true, i.e. for someN , 0 �fN � may inducea clique that is not
maximal. However, a set

0 �fN � with themaximumsizealwaysinducesa maximumclique in Y Z , andwe
canthusfind a maximumcliquein bc��a 
 /�. � time. A pseudocodefor finding a maximumcliqueis givenin
Figure1.

Call a maximalclique in Y Z uniqueif it containsat leasta vertex that belongsto only onemaximal
clique. Clearly, it is alwaysoptimal to includeuniquemaximalcliquesin a cliquepartition. A straightfor-
ward algorithmfor finding a uniquemaximalclique in a generalgraphmight take bc�f.�� � time, usingthe
propertythatvertex � is belongonly onemaximalcliqueif andonly if all its neighborsform aclique.How-
ever, by takingadvantageof thespecialconstructionof Y_Z andtheconnectionbetweenresolvedvectorsand
maximalcliquesasgiven in Lemma3.1,we areableto find a uniquemaximalcliquemuchmorequickly,
as illustratedin Figure2. The function FINDUNIQUEMAXIMALCLIQUE � 0 ����C � finds a uniquemaximal
clique in Y_Z andrecordstheclique in ��C . A straightforward implementationof FINDUNIQUEMAXIMAL-
CLIQUE would take bc��a 
 . 7 � time. In thenext subsection,we will give an implementationthat requiems
only b���&da 
 . � time.

Function FINDUNIQUEMAXIMALCLIQUE r�s��M�5��u
for each�c��s do

if �8w����_rt��u suchthat sPr" ¡u{¢XsPr�w�u�£_ ����_rt��u then�5�#¤¥sPr"w:u ; return(true);
return(false)

end

Figure2: ProcedureFINDUNIQUEMAXIMALCLIQUE.

Our algorithmfor finding a small clique partition of Y_Z first looks for a uniquemaximalclique and
removesit from thegraph(andupdates

0
accordingly).Wekeepfindingandremoving suchuniquemaximal

cliquesuntil no uniquemaximalcliquescanbe found. Then,a greedyactiontakesplaceby removing a
maximumcliquefrom thegraph.Werepeatthisprocessuntil all verticesof Y_Z havebeenincludedin some
clique. A pseudocodeof the algorithm,calledGREEDY CLIQUE PARTITION (GCP)is given in Figure3.
Wewill giveanimplementationof GCPin thenext subsectionthatrunsin b���&¦a 
 . 7 � time.

3.2 Efficient Implementation of the Algorithm
Our implementationkeepsthe0-1-� fingerprintvectors2�m 0 onalist. For eachvector 2 , let �§��2 � denote
thepositionsof 2 thatcontain � values.Clearly, we cancomputeall �§��2 � ’s in b��f.�/ � time. Eachnodeof
thelist for

0
containsa setof addresses,onefor eachresolvedvector N�m¨e���2 � . Eachaddresscorresponds

to a cell of a hashtable © . Eachcell of © containsfour datatypes:(1) thesizeof
0 �fN � , denotedby ª��fN � ,

(2) theset
0 �fN � , (3) avectorof size / , denotedby �d�fN � , and(4) thesetof thepositionsof � valuesin vector�d�fN � , denotedby �(�fN � . An openaddressingwith doublehashingmethodis usedfor thehashtable © . Under

theassumptionof uniformly randomhashing,eachhashingoperationrunsin time b��F� � on average,where
the valueof the constantdependson the load factor « , which is definedasthe sizeof © divided by the

3In our microbialrDNA cloneclassificationproject, ¬ is usuallya few thousandand­ is around® , asgivenin Table2.
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Algorithm: GCP r�s��¡¯<u�B¤¥s ; °�¤¥± ;
repeat

while FINDUNIQUEMAXIMALCLIQUE rf���F���²u do�B¤³�µ´���� ;�5�#¤ FINDMAXIMUMCLIQUE rt�_u ; �B¤³�¶´��5� ;
until �B�¶· ;¯�¤l����¸v~F¹��[±L��º���»6»6»6�¡°M� ;
return( ¯ )

end

Figure3: ThealgorithmGCPfor findingasmallcliquepartitionof Y Z .

numberof elementsstoredin © . Wealwayschoosethesizeof © , denotedas � , suchthattheloadfactor «
is at least2. More precisely, let ¼½+¿¾ÁÀ�Â 7 n e n . Weset � asthesmallestprimenumbergreaterthan adÃÅÄWÆMÇ 4 .

Doublehashingusesa hashfunction of the form �È�fN��}? � +É���¦43�fN � �S?KÊË��7L�fN �}� mod � , where N is a
resolved vector, � is the sizeof © , and �¦4 and ��7 areauxiliary hashfunctions, �`=Ì?q=Í� $ � . For a
given resolved vector N , � 4 �fN � is the binarynumberformedby Ît¼ÐÏÑ�*� vectorpositionsof N . To choose
thosepositions,let Ò5Ó�N�Ô��ÁÕ � and Ô3.ÈÓ5�ÁÕ � bethetotal numberof 0 and1 values,respectively, in all fingerprint
vectorsat position �[=OÕ¶=Ö/ . For eachposition Õ , a ratio ×��ÁÕ � +ÙØ{ÚHÛ�ÜMÝ6Þ¡ß}à�á Dyâ�ã à 
 Þ�á D�âfäØ�åMæ�ÜMÝ�Þ¡ß}à�á Dyâ�ã à 
 Þ�á D�âfä is computed.Note
that ×��ÁÕ � =g� . Wedefine ��43�fN � asthebinarynumberformedby the Îtç#ÏK�O� positionsin N with thehighest×��ÁÕ � values,and, �<7��fN � simply as the binary numberformed by all the bits in N . The hashtable © is
filled up asfollows. For eachfingerprintvector 2gm 0 , the set e���2 � of resolved vectorsis insertedinto© . Whena resolved vector N of somefingerprintvector 2 is insertedfor thefirst time, ª��fN � is setto one,0 �fN � is initialized to the element2 , 2 is copiedto �d�fN � , and, �(��2 � is copiedto �(�fN � . For example,if2(+Í���è�:�8���¨���è�:�8�:� � and NÐ+Í���è�:�8���è���è�:�8�:� � is the resolved vectorto be insertedinto © , then ª��fN � +½� ,0 �fN � +¥132�; , �¦�fN � +½���è�:�8���¨���è�:�8�:� � , and �(�fN � +é13)5; . Thenext time that thesameresolved vector N is
insertedfor anotherfingerprintvector ê (say, ê,+¥���è�:�8���è���ë�:�8�:� � ), we incrementthecounterª��fN � by one,
add ê to

0 �fN � , copy the0 and1 valuesin ê atpositions�(�fN � into thevector �¦�fN � at thesamepositions,and
update�(�fN � accordingly. Hence,now ª��fN � +-a , 0 �fN � +ì132d�Fê�; , �¦�fN � +¥���è�:�8���è���è�:�8�:� � , and, �(�fN � +ì1�; .
We keeprepeatingthis processuntil all resolved vectorsin e are insertedinto © . Clearly, at most a 
 .
insertionoperationwill beperformedon © . Sinceeachinsertiontakesat most b���/ � time, thetotal time to
fill up © is boundedby bc��a 
 /�. � .

To look for a maximumclique in Y_Z , we just needto searchfor the biggestnumber ª8�fN � in © . The
correspondingset

0 �fN � will be a maximumclique in Y_Z . This takes b���a 
 . � time. To identify a unique
maximalclique,we checksif any vertex 2 belongsto only onemaximalasoutlinedin Figure2 asfollows.
For eachfingerprintvector 2 , we test if for all resolved vectors NQmOe���2 � , the vectors �d�fN � restrictedto
positions�§��2 � arecompatiblewith eachother. It is easyto show that 2 belongsto only onemaximalclique
if andonly if all the vectors �¦�fN � , Nµm@e���2 � , restrictedto positions �§��2 � aremutually compatible.And
if 2 belongsto only onemaximalclique, the set

0 �fN � with the biggest ª��fN � definesthe maximalclique.
Checkingif a fingerprintvector 2 hastheabove propertytakes b���&¦a 
 � time, since 2 canhave at most a 

resolvedvectors.Thus,thisprocesstakesatmost b���&¦a 
 . � time totally.

In the worst case,we areableto remove only onefingerprintvector in eachiterationof GCP. Hence,
GCPtakes bc�f. � iterationsand, the overall running time of GCPis bc��&da 
 . 7 � . In practice,much fewer
of iterationsareusuallyneededandthetime for finding a uniquemaximalclique is boundedby b��:í&da#î
 . � ,
where í& denotestheaveragenumberof � ’s in eachfingerprintvector.

GCPhasbeenimplementedin C++ andtestedonaPentiumIII with a500MhzCPUand512MBRAM.
Figure4(A) shows theaverageexecutiontimesof GCPon differentparameters.For eachcombinationof
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parameters,theaveragewastakenfrom 10 runs.As acomparison,we have alsoincludedtherunningtimes
of two popularhierarchicalclusteringmethods:UPGMA from PAUP[24] (whichwasusedin [27, 28]) and
CLUSTER[10]. Note that, CLUSTERoffers hierarchicalclusteringwith four linkageoptions: centroid,
single,complete,andaverage.We usedthecentroidlinkagemethod,denotedasCLUSTERc.(CLUSTER
with averagelinkagecorrespondsto UPGMA.) GCPis clearlymuchfasterthanUPGMA andslightly faster
thanCLUSTERc,especiallywhenthenumberof � ’s is small.
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Figure4: (A) Averageexecutiontimesof GCP, UPGMA andCLUSTERconaPentiumIII
in thesimulations.Thelengthof thefingerprintvectorsis 25. (B) Distribution of frequen-
ciesof � ’s in thebinarizedbacterialandfungaldatasets.

4 Experimental Results
We have testedthe algorithm GCP on both simulatedand real 0-1-� fingerprint dataand comparedits
performancewith UPGMA andCLUSTERc.4 Wefirst describethesimulationtest.

Definea clusterstructure asa realvector ï¿+Ì��ðL4:��9�9�9:�6ð3ñ � , where ð:Cvò*� and óìð�CR+Ì� . We saythat
a setof . 0-1-� fingerprintvectorshasa clusterstructureïì+ô��ð 4 ��9�9�93�6ð�ñ � if it canbe partitionedintoõ

clustersof sizes ð�4}.{��9�9�9:�6ð3ñ�. consistingof mutually compatiblefingerprints. Our simulationprogram
receivesasinput thenumberof 0-1-� fingerprintvectors,denotedby . , thelengthof thevectors,denoted
by / , a clusterstructureï(+ö��ðL4��6ð378��9�9�9:�6ð3ñ � , anda mutationrate �q÷@øQ÷-� . First, theprogramgenerates
randomly

õ
seed0-1-� fingerprintvectorsof length / , with &Ð+¿ø�/ expected� valuesin eachvector. We

make surethatno two of thesevectorsarecompatible.For eachseedvector, the � valuesareswitchedto� or � with equalprobability. Theseresolvedvectorsrepresentthetargetclusteringsolution.We thenmakeð C . $ � copiesof the ? -th resolvedvector. Finally, & vectorpositionsarerandomlyselectedfrom eachcopy
andtheirbits areswitchedto � ’s. Theseedfingerprintvectorsandtheir randomlymutatedcopiesform the
input fingerprintvectors

0
.

We usethe Minkowskimeasure (seee.g. [23]) andthe Jaccard’s coefficient (seee.g. [11]) to measure
thequality of a clusteringsolutionby comparingto targetclustering.Any clusteringsolutionfor

0
canbe

representedasabinary .[ùq. matrix ú (which is in factasubmatrixof theadjacency matrixof Y_Z ). Let û
and ú bethematricesfor thetargetsolutionanda computedsolution,respectively. Let .�CÅD bethenumber
of entrieson which û and ú have values? and Õ , respectively. Thus, .�4}4 is thenumberof matesthatare
detectedby thesuggestedsolution, .�ü}ü is thenumberof non-matesidentified,while . 4 ü and .�ü 4 countthe

disagreementsbetweenthe trueandsuggestedsolution. TheMinkowski measureis definedas ý 
�þMÿ Ç 
5ÿ�þ
�ÿ�ÿ Ç 
5ÿ�þ 9
Hence,it measurestheproportionof disagreementsto the total numberof matesin the target solution. A
perfectsolutionshouldhave scorezero. The Jaccard’s coefficient is definedas


�ÿ�ÿ
 ÿ�ÿ Ç 
 ÿ�þ Ç 
 þMÿ 9 It represents

4Wewill not includecomparisonswith CLICK herebecauseits currentversiondoesnotallow theuserto adjustthehomogeneity
parameteron distancedata(derivedfrom 0-1-� vectors),althoughtheoptionis availablefor intensitydata.
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the proportionof the correctly identifiedmatesto the sumof the correctly identifiedmatesplus the total
numberof disagreements.Hence,aperfectsolutionshouldscoreone.

Table1 reportssomeresultsof thealgorithmGCPonsimulated0-1-� fingerprintdata.For thepurpose
of comparison,we have alsoincludedtheresultsof UPGMA andCLUSTERcon thesamedatasetsusing
Hammingdistance. 5 In the test,we simulatedthe fingerprintswith differentparameters.For eachset
of parameters,we ranGCP, UPGMA andCLUSTERc ��� timeson randomlygenerateddataandreportthe
averageJaccard’s coefficient, Minkowski measure,andthenumberof clusters.GCPclearlyoutperformed
bothUPGMA andCLUSTERconall thesemeasuresof quality, especiallywhenthenumberof � ’sbecomes
relatively large. It is worth observingthat in all casesGCP was able to find the minimum numberof
clusters,and its solution alwaysclosely resembledthe target solution (accordingto Jaccard’s coefficient
and Minkowski measure).We conjecturethat GCP finds a minimum clique partition for most practical
compatibilitygraphsY_Z .

    GCP UPGMA CLUSTERc 

n L d p 
Jaccard’s 
coefficient 

Minkowski 
measure 

Number of 
clusters 

Jaccard’s 
coefficient 

Minkowski 
measure 

Number of 
clusters 

Jaccard’s 
coefficient 

Minkowski 
measure 

Number of 
clusters 

2000 25 500 5 0.99965 0.00836 500 0.99665 0.04922 501.6 0.75497 0.49502 872.2 
2000 25 500 10 0.98512 0.11789 500 0.85452 0.38725 575.6 0.35392 0.80838 1618.8 
2000 25 551 5 1.0 0.0 551 0.99950 0.01976 551.8 0.85467 0.37718 892.2 
2000 25 551 10 0.99388 0.07591 551 0.94449 0.23706 626.4 0.35756 0.80039 1548.2 
2000 25 800 5 0.99999 0.00241 800 0.99990 0.01000 802.4 0.95228 0.21103 1176 
2000 25 800 10 0.99902 0.03092 800 0.99002 0.09444 891 0.34841 0.80321 1510 
2000 25 807 5 0.99944 0.01776 807 0.99847 0.03839 808.4 0.79545 0.45023 1164.8 
2000 25 807 10 0.95944 0.20245 807 0.87338 0.36088 872.8 0.33675 0.81796 1643.8 

 Table1: Performanceof algorithmsGCP, UPGMA andCLUSTERcon simulateddata.

We have alsocomparedtheperformanceof GCP, UPGMA andCLUSTERcon two setsof realfinger-
print data.Thefirst datasetis acollectionof 1491bacterialsmallsubunit rRNA genesanalyzedin [28]. The
secondoneis a setof 1507fungalsmallsubunit rRNA genesstudiedin [27]. Two setsof 27 and26 probes
weredesignedbasedon thealgorithmin [6] to hybridizethebacterialrDNA clonesandthe fungal rDNA
clones,respectively. TheDNA arrayexperimentfor thebacterialclonesused26 controlclonesandtheone
for the fungalclonesused29 control clones.Thehybridizationintensitieswerenormalizedandbinarized
asdescribedabove. Thebinarizedfingerprintvectorshave anaverageof )Ë9����V� ’s pervectorin thecaseof
bacteriaand ��9������ ’s pervectorin thecaseof fungi, asshown in Table2 (column í& ). Figure4(B) shows
thefrequency distributionsof � ’s in thebacterialandfungaldatasets.Sincewe do not know thetrueclus-
teringsolution,we couldonly comparethenumbersof clusters(which is theobjectof BCMV) obtainedby
GCP, UPGMA andCLUSTERc.In bothcases,GCPdid betterthanUPGMA andCLUSTERc,asshown in
Table2.

    Number of Clusters 

Data set n L  GCP UPGMA CLUSTERc 

Bacteria 1491 27 3.84 769 773 991 
Fungi 1507 26 4.54 556 566 870 

 

p 

Table2: Thenumbersof clustersfoundby GCP, UPGMA andCLUSTERcfor thebacterial
andfungaldatasets.

Sincebothrealintensitiesandbinarizedfingerprintsareavailablefor thetwo realdatasets,wehavealso

5UPGMA aswell asCLUSTERcactuallyproduceclusteringtrees,but we caneasilyextractclusters(i.e. subtrees)consisting
of mutuallycompatiblefingerprintsfrom thetrees.
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comparedtheresultsof methodsbasedon binarizedvaluesandthosebasedon realvalues.We normalized
andrankedtherealintensityvaluesfor thebacterialandfungaldatasetsgivenin [27, 28], usingthemethod
describedin [9]. We thencalculatedthe similarity betweeneachpair of fingerprintsusing SIMILARITY

FACTOR (SIM) [9]. Seven methodshave beencompared:GCP, UPGMA andCLUSTERcon binarized
fingerprints,the clusteringalgorithmgiven in [9] (denotedas DRMANAC), UPGMA on real intensities
with similarity measureSIM (denotedasR-UPGMA, to avoid confusion),CLUSTERcon real intensities
(denotedas R-CLUSTERc),and the CLICK on real intensities. To be fair, we adjustedthe parameters
(generallythresholds)in DRMANAC, R-UPGMA,R-CLUSTERc,andCLICK sothatthey outputroughly
the samenumberof clusters(or fewer) asGCPandtheir solutionswerethe bestpossiblein termsof the
measuresconsideredbelow. 6 Although the true clusteringsolutionsarenot known for the two real data
sets,we consideredthe quality of the clusteringsolutionsfound by the seven algorithmsin both the real
domainandthebinarydomain.In therealdomain,we measuredthequality of a clusteringsolutionasthe
averagesimilarity (in termsof SIM) betweenfingerprintvectorscontainedin thesamecluster[19]. In the
binary domain,we consideredthe averagenumberof pairsof incompatiblefingerprintvectorscontained
in the sameclusterand the averagenumberof incompatiblepositionsbetweenfingerprint vectorsin the
samecluster. Observe that thesenumbersareall � for the solutionsfound by the binary methods(GCP,
UPGMA and CLUSTERc). The resultsare summarizedin Tables3 and 4. Theseresultsshow that in
therealdomain,DRMANAC, R-UPGMA andR-CLUSTERcdid very well in termsof averagesimilarity,
but GCP, UPGMA andCLUSTERcwerenot too badeither. However, DRMANAC, R-UPGMA andR-
CLUSTERc,surprisingly, failedconsiderablyin thebinarydomain.Namely, theirclustersmostlyconsistof
fingerprintsthathavedifferentcharacteristicswith respectto thegivenprobes.Thiskind of solutionswould
clearly not be satisfactory for applicationslike DNA cloneclassification.CLICK did poorly in the above
comparisonsmostlybecausethatit wasdesignedto only look for largeclustersof sizesat least ��� . Notethat,
for the fungal dataset, the largestnumberof clustersoutputby CLICK (by trying differenthomogeneity
values)was ���:) , which is muchfewer thanthenumberof clustersfoundby GCP.

 GCP UPGMA CLUSTERc DRMANAC R-UPGMA R-CLUSTERc CLICK 
Bacteria 769(0.5643) 773(0.5610) 991(0.6118) 749(0.8073) 751(0.8108) 794(0.6960) 639(0.4831) 
Fungi 556(0.5395) 566(0.5503) 870(0.5632) 581(0.6303) 580(0.6822) 555(0.6285) 133(0.4933) 

 
Table3: Averagesimilarity in aclusteringsolution.

 DRMANAC R-UPGMA R-CLUSTERc CLICK 
Bacteria 0.7542 2.59 0.8064 2.75 0.7041 1.97 0.9310 4.13 
Fungi 0.8315 2.21 0.6666 1.31 0.6809 1.53 0.9184 2.94 

 
Table4: Averageincompatibility in a clusteringsolution. Thefirst columnis theaverage
numberof pairsof incompatiblefingerprintsandthe2ndcolumnis theaveragenumberof
incompatiblepositionsbetweentwo fingerprints.

Table5 illustratesthatthesolutionsfoundby thebinarymethods(GCP, UPGMA andCLUSTERc)and
therealvaluemethods(DRMANAC, R-UPGMA,R-CLUSTERc,andCLICK) on thebacterialandfungal
datasetsarelargely different,asmeasuredby Jaccard’s coefficient andMinkowski measure.Moreover, the
solutionsfoundby therealvaluemethodsarealsosignificantlydifferentfrom eachother, comparedto the
differencebetweenthesolutionsof thebinarymethods.This suggeststhat theexisting methodsfor cluster
analysismay not be asaccurate(or mature)aspeoplemight have thought(at leastas far asDNA clone
classificationis concerned),andperhapsmoreresearchis needed.

6Note that, it is trivial to producesolutionswith a largenumberof clustersthataregoodunderthesemeasures.However, the
objective of BCMV is to minimize thenumberof outputclusters.So,constrainingall thealgorithmsto outputroughly thesame
numberof clustersin thefollowing comparisonsis fair to everybody.
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 GCP UPGMA CLUSTERc DRMANAC R-UPGMA R-CLUSTERc CLICK 
 Jaccard Minkowski Jaccard Minkowski Jaccard Minkowski Jaccard Minkowski Jaccard Minkowski Jaccard Minkowski Jaccard Minkowski 

GCP *  *  0.3221 1.1012 0.2430 0.9421 0.0491 3.0131 0.0407 1.8178 0.0897 1.03 0.0495 3.8879 
UPGMA 0.7296 0.5788 *  *  0.2652 0.8806 0.0613 2.5934 0.0393 1.6354 0.0714 1.0189 0.0684 3.3005 

CLUSTER 0.2212 0.9196 0.2011 0.9245 *  *  0.0266 0.9981 0.0319 1.0507 0.1293 1.1073 0.0246 5.7974 
DRMANAC 0.0846 1.5622 0.0872 1.4927 0.0637 1.0159 *  *  0.0224 2.0716 0.0148 0.9999 0.2196 1.3242 
R-UPGMA 0.0996 1.0893 0.0919 1.0762 0.1706 1.1058 0.1713 0.9356 *  *  0.0466 1.0031 0.1046 2.3941 

R-CLUSTER 0.1103 0.9933 0.0983 0.9935 0.2546 1.0078 0.0705 0.9871 0.2416 0.9619 *  *  0.0131 7.5881 
R-CLICK 0.0581 3.9048 0.0677 3.6318 0.0185 6.9744 0.0994 2.7936 0.0232 5.9367 0.0101 8.3262 *  *  
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Table5: Similarity betweentheclusteringsolutionsfoundby GCP, UPGMA, CLUSTERc,
DRMANAC, R-UPGMA,R-CLUSTERc,andCLICK.

5 Concluding Remarks
Theabove experimentalresultsclearlydemonstratethatour discreteapproachto clusteranalysisis poten-
tially a very effectively methodfor analyzingoligonucleotidefingerprints,especiallyin applicationssuch
asDNA cloneclassification.Sincesomehybridizationintensitydatamayprovide reliabledetectionof the
numberof occurrencesof a probein a cloneup to a certainrange[6], it would be interestingto extend
the discreteapproachto non-binaryranges E �è��� I , where � is an integer and eachmissingvalue possibly
representsa subrangeof E �è��� I . Another interestingopenproblemis whetherBCMV( a ) canbe solved in
polynomialtime.
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