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Abstract

Oligonucleotideingerprintingis a powerful DNA arraybasedmethodto characteriz& DNA andri-
bosomaRNA gene(rDNA) librariesandhasmary applicationsncludinggeneexpressiorprofiling and
DNA cloneclassificationWe areespeciallyinterestedn thelatterapplication.A key stepin themethod
is the clusteranalysisof fingerprintdataobtainedfrom DNA arrayhybridizationexperiments.Most of
theexisting approacheto clusteringuse(normalizedyealintensityvaluesandthusdo nottreatpositive
andnegative hybridizationsignalsequally (positive sighalsare muchmoreemphasized)In this paper
we considera discreteapproach Fingerprintdataarefirst normalizedandbinarizedusingcontrol DNA
clones.Becausdheremay exist unresohed (or missing)valuesin this binarizationprocessye formu-
late the clusteringof (binary) oligonucleotiddingerprintsasa combinatorialoptimizationproblemthat
attemptdo identify clustersandresole the missingvaluesin thefingerprintssimultaneouslyWe study
thecomputationatomplexity of this clusteringproblemandanaturalparameterizedersion,andpresent
an efficient greedyalgorithmbasedon MiNIMUM CLIQUE PARTITION on graphs.Thealgorithmtakes
advantageof someuniquepropertiesof thegraphsconsideredhere whichallow usto efficiently find the
maximumcliqguesaswell assomespecialmaximalcliques. Our experimentalresultson simulatedand
real datademonstrat¢hatthe algorithmrunsfasterand performsbetterthansomepopularhierarchical
andgraph-basedlusteringmethods Theresultson realdatafrom DNA cloneclassificatioralsosuggest
that this discreteapproachis more accuratethan clusteringmethodsbhasedon real intensity values,in
termsof separatinglonesthat have differentcharacteristicsvith respecto the given oligonucleotide
probes.
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1 Intr oduction

A DNA array is an orderly arrangemenbf DNA sampleson a single chip. It provides a mediumfor
matchingDNA sampledasednWatson-Crickbase-pairingules. Therearevariousdesignof DNA arrays
dependingon the application.In oligonucleotiddingerprinting(e.g. [9, 16, 27, 28]), a DNA arrayconsists
of thousand®f spots,eachof which may hold a differenttype of DNA sequence&lsocalledclones. To
performahybridizationexperimentadropof eachtypeof DNA in solutionis placedin auniquespotof the
arrayanda (short)DNA sequencéi.e. anoligonucleotideusually8-50bases)calleda probe is appliedto
hybridizewith all the cloneson thearray If the probeoccursasa substringof the clonein a spot, it will
hybridizeto the spot. Oncethe probehasbeenhybridizedto the array andall unboundoligonucleotides
have beenwashedoff, the arrayis scannedo determinehow much probeis boundto eachspot. The
experimentis thenrepeatedor a setof probeso createfingerprints of the cloneswherethefingerprintof a
cloneis simply a vectorconsistingof the hybridizationintensityvaluesbetweenhe cloneandeachprobe.
We obsere that obtainingaccuratdingerprintdatacanbe challenging. Quantizationof the intensitieson
eachspotis subjectto noisefrom irregular spots,duston the chip, andnonspecifichybridization.Deciding
the intensitythresholdbetweenspotsandbackgroundcanalsobe difficult, especiallywhenthe spotsfade
graduallyaroundtheir edgeqseee.g. [4]).
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Oligonucleotidefingerprinting makes useof DNA arrays,andis one of the mostefficient methodsto
characterizéNA clonelibraries. It hasmary applicationgncludinggeneexpressiorprofiling andclassifi-
cationof DNA clones(seee.g. [8,9, 13, 16, 27, 28]. In this paperwe areespeciallyinterestedn thelatter
applicationwhich arisesn theclassificatiorof microoiganisms Here,to classifyacommunityof microor
ganismgextracted,e.g., from soil), alibrary of (randomlyselectedyibosomalRNA genesrDNA clones)
is created.Theseclonesarethensubjectedo a seriesof hybridizationexperiments eachof which usesa
singleDNA oligonucleotideprobe,resultingin a setof fingerprintsasmentionedabore. Basedon a cluster
analysisof thesefingerprints,the rDNA clonesare classifiedinto opemtional taxonomicunits (OTUs) to
reflecttheir differentcharacteristicsvith respecto the probes(i.e. what probeshybridizedandwhatdid
not). Onceclassifiedtaxonomicdescription®f eachOTU canbe determinedy clusteringthemwith fin-
gerprintsof known sequencesr by nucleotidesequencanalysef representate clonesfrom the OTUs.
This hasalreadyprovento be a powerful high-throughputechniquefor studyingmicrooganismg27, 28.

A crucial stepin the above analysisis the clusteringof clonefingerprints. Ideally, we would like to
translatehybridizationintensity valuesinto binary valueswhere1 indicateshybridizationand0 indicates
the opposite.Unfortunately giventhe intensityvaluesprovided by the scannedarray it is not alwayseasy
to determinewhich cloneshybridizedandwhich did not due to the problemsmentionedabove. Hence,
mostof the existing methodsconsiderrealintensityvalues,normalize/rankhem,andclusterthe resulting
fingerprintsbasedon somedistance/similarityneasuresuchas Euclideandistance Minkowsky metrics,
andSIMILARITY FACTOR (SIM) for realvectors[9, 13, 19]. Althoughtheseclusteringmethodsseemto
work well in geneexpressiorprofiling, they have anobviousdravbackin DNA cloneclassificatiorbecause
distance/similaritymeasure$or realvectorsusuallydo not treatpositve andnegative hybridizationsignals
equally Clusteringresultsobtainedusingsuchmeasuresendto be moresensitve to positive signalsthan
to nggative ones.

We have recently proposeda discreteapproachto the above clusteranalysisin the classificationof
microbial rDNA clones[27, 28]. Control cloneswith knowvn characteristicsvith respecto the probesare
includedin DNA arrayexperimentgo provide referencéantensityvalues. Oligonucleotiddingerprintdata
arenormalizedandbinarizedusingthe referencevaluesfrom the control DNA clones.Here,eachintensity
valueis classifiedinto a1 (for hybridization)or a0 (for no hybridization)or an N (for unknawvn, which is
alsocalleda missingvalue). More precisely for eachprobe,let [, denotethe lowest(normalized)intensity
valueof ary control clonethatis expectedto hybridizeto the probeandh,, the highestintensityvalue of
ary control clonethatis not expectedto hybridizewith the probe. Then,cloneswhoseintensityvaluesare
greaterthanor equalto max(h, + €,1,) aregivena 1 classificationwheree is a small constant.Clones
whoseintensity valuesare lessthan or equalto min(hy,,,, — €) aregivena 0 classification. All others
clonesaregivenan N classification.Then,a distance/similarityneasuree.g. Hammingdistance(ignoring
positionscontainingN'’s), is usedin combinationwith somedistance/similaritypasedclusteringmethod,
e.g. thewell known unweightedpair group methodwith arithmeticmean(UPGMA) [24]. Althoughthis
approachreatspositive andnegative hybridizationsignalsequally it maystill potentiallycluster(binarized)
fingerprintvectorsthat conflict with eachotherat somepositionsbecausei) it only considerghe distance
betweerthefingerprintsand(ii) the missingvaluesarecompletelyignored.

In this paper we formulatethe clusteringof (binarized)oligonucleotidefingerprintsasa combinatorial
optimizationproblemthat attemptsto identify clustersandresole the missingvaluesin the fingerprints
simultaneously We studythe computationatompleity of this formulationandits parameterizedersion
wherethemaximumnumberof N’sin afingerprintvectoris boundedy aparametep. Ourresultsshav that
the problemandthe parameterizedariant(for p > 3) areNP-hard.However, the problemis polynomial-
time sohablewhenp = 1. The problemcanbe naturallyrepresentedsfinding a minimum clique partition
on graphs.We presenfan efficient greedyalgorithmbasedon MINIMUM CLIQUE PARTITION. Thealgo-
rithm takesadwantageof someuniquepropertiesof the graphs(definedfrom fingerprints)consideredere.



Thesepropertiesallow usto efficiently find the maximumcliqguesaswell assomespecialmaximalcliques
efficiently. Our experimentalresultson simulatedandreal datademonstratéhatthe algorithmrunsfaster
and performsbetter(in the context of DNA clone classificationthan popularclusteringmethodssuchas
UPGMA (whichwasusedin [27, 28]), CLUSTER[10] andCLICK [20]. Theresultson realdatafrom the
classificatiorof microbialrDNA clonessuggesthatthis discreteapproactis moreaccurateghanclustering
methodsasedn realintensityvalues,n termsof separatinglonesthathave differentcharacteristicsvith

respecto thegivenprobes.

The restof the paperis organizedasfollows. Beforeleaving this section,we include a brief review
of recentwork on clusteringDNA arraydata,highlighting the onesthat are mostrelatedto our approach.
In Section2, we give a mathematicaformulation of the problemof clusteringbinary fingerprintvectors
thattakesinto accountmissingvalues. We also studythe computationatompleity of the problemanda
parameterizedersionin termsof the maximumnumberof missingvaluesin afingerprintvector Section3
presentshegreedyclusteringalgorithmbasedn MINIMUM CLIQUE PARTITION andsomeimplementation
details(in orderto make the algorithmasefficient aspossible).Sectiond givessomeexperimentalresults
concerninghe performanceof the greedyalgorithm. Someconclusionremarksare provided in Section5.
Dueto the pagelimit, all proofsareomittedin the extendedabstracbut canbefoundin thefull versionof
the paper

1.1 Previous RelatedWork on Clustering Fingerprint Data

As mentionedaborve, mary clusteringmethodgor DNA arraydatahave beenstudied ncludinghierarchical
methods|[8, 9, 10, 22], K-means[13], greedymethodd17, 16|, graphpartitioning[7, 12, 20, 29|, proba-
bilistic methodg3, 5, 15, 18], andself-oiganizingmaps[25, 26]. A recentcomprehense suney canbe
foundin [19].

In termsof thetechniquenvolved,ournew clusteringalgorithmis perhapsnostrelatedo thealgorithms
basedon graphpartitioning. Given a setof fingerprintsandsomedistance/similaritymeasurebetweenthe
fingerprints,one candefinea graphwhoseverticesrepresenthe fingerprintsand edgesare weightedwith
the distance/similarityvaluesbetweencorrespondindingerprints [7, 20, 29]. The fingerprintclustering
problemthen becomeghe problemof partitioning the graphinto a (specific)numberof subgraphswith
the smallesttotal distance(or the largesttotal similarity). [12] usesa similar graphmodel but its edges
are unweightedand two verticesare connectecby an edgeif their similarity value is above somefixed
threshold. In someapplicationssuchas DNA clone classification,it is often difficult to decidethe best
distance/similaritymeasurdo use. It could be evenharderto determinethe mosteffective threshold.Both
of thesedecisionshave strongimpactontheresultingclustersandyetin practicethey areusuallyaddressed
in anad hocmannerff21]. In contrast,our definitionof the graphonly concernghe compatibilitybetween
binarizedfingerprintvectorsandthuscompletelyavoidstheseharddecisions Moreover, aswe will sedlater,
we canfind the maximumcliqguesandsomespecialmaximalcliques(the socalleduniquemaximalcliques,
which containverticesthat belongsto only one maximalclique) in suchcompatibility graphsefficiently.
This specialproperty senes asthe basisof our greedystratgy for minimum clique partition. Another
advantageof our methodis that we do not needto make assumptionsboutthe intensity datalike those
made,for example,in [20] wherethe distributions of inter andintra-clustempairwisesamplecorrelations
arewell separatedndGaussianXing andKarprecentlydemonstratethatsuchassumptionslo notalways
hold [29].

As mentionedbefore,mostapproacheso clusteranalysisof array dataemploy real intensity values.
Ourapproactemploys binaryinterpretation®f theintensityvalueswith possibleuncertaintiesAn impor-
tant advantageof this discreteapproachis that binarizedfingerprintsare essentiallyreproduciblewhereas
(normalized)real intensity valuesare generallynot. This gives anothermotivation for binarizingfinger
printsin oligonucleotiddingerprinting.Binary (andternary)fingerprintvectorsarealsousedn paperssuch
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as[12, 14]. (Theapproachin [12] alsoworks for non-binaryfingerprintsbecausets clusteringis based
on similarity asmentionedabove.) But thesepapersdo not attemptto directly addresghereliability of the
deducedbinary (andternary)values,although[14] takesa conserative approachn usingthesevalues.A
recentwork adwocatingthe binarizationof fingerprintvectorsis presentedn [21]. It presentsa rigorous
procedureo corvert realgeneexpressiordatainto binaryvalues.However, the proceduranay not be suit-
ablefor applicationssuchasDNA classificationbecauséhe binarizedvaluesmay not directly correspond
to the occurrenceof hybridizationbetweenclonesand probes. Furthermorejt alsodoesnot addresghe
reliability of thebinarizedvalues.

In [13], thereliability of hybridizationintensitiesare evaluatedusing clonesspottedtwice. The ratio
betweerthe larger andthe smallerintensity valuesis computedfor eachclone. If theratio is abore some
pre-specifiedhreshold theintensityof the cloneis consideredisa missingvalue. However, thesemissing
valuesare simply ignoredin the analysis.Our approachconsiderganissingvaluesas part of the clustering
problem,andtriesto resole themin arigorousway. We notein passinghattheideaof usingcontrol (or
housekeping)clonesto helpnormalizeandinterpretDNA arraydatahasalsobeenusedbeforein, e.g. [14].

2 The Binary Clustering Problem and Computational Complexity

As mentionedabore, we considerbinarizedfingerprintsobtainedfrom hybridizationintensity data,which
arevectorsof 0 (hybridization),1 (no hybridization),or N (unknawvn) classifications.For corvenience,
call sucha binarizedvectora 0-1-N vector Supposehattherearetotally n clonesand L probes. Then
eachfingerprintvectorhaslength L. The setof all such(binarized)fingerprintvectorswill be denotedby
F ={fi1, fo,.-., fn}, for1 <i < n,wheref; isa0-1-N vectorof length L correspondingo someclone.
Two 0-1-N fingerprintvectorsf; and f; arecompatiblef they donotdiffer atary positionor atary position
thatthey differ, say f;[k] # f;[k], wherel < k < L, wehave f;[k] = N or f;[k] = N. Here, f;[k] denotes
the k-th componentof vector f;. A 0-1 vetcorr is a resolvedvector of a 0-1-N fingerprintvector f if
r[i] = f[é] forall 1 <14 < L suchthat f[i] = 1 or f[i] = 0.

Wewill beinterestedn identifying clustersconsistingof mutuallycompatibled-1-N fingerprintvectors.
Eachof theseclustersshouldpotentiallycorrespondo clonesthathave the samecharacteristicsvith respect
to the givensetof probes.Indeedclonesin sucha clustercouldevencorrespondo the samegeneor genes
from the samefamily in microbialrDNA cloneclassification! Following the minimumdescriptionlength
(MDL) principle (or Occams razor),it is naturalto considerthe problemof partitioningthe setF' into the
smallestnumberof clusters,eachconsistingof mutually compatiblefingerprintvectors.? Sincea setof
mutually compatiblevectorscanalwaysbe resohed in the sameway, this problemis in factequvalentto
resolvingthe N’s in the fingerprintvectorssuchthat the numberof distinctresulting(resohed) vectorsis
minimized. The problemis formally definedbelow.

BINARY CLUSTERING WITH MISSING VALUES (BCMV)
Instance:asetF of 0-1-N fingerprintvectors.
Feasiblesolution: a partitionof F' into disjointsubsetds, ..., Fj, suchthat
for eachl < ¢ < k, ary two vectorsin F; arecompatible.
Measue: Cardinalityof the partition,to be minimized.

In microbialrDNA cloneclassificationa genemayberepresentedultiple timesin the clonesdueto randomsampling.Note
that,ournotionof clusteringdiffersslightly in somesensdrom theconventionaldefinitionthataimsatgroupingsimilar fingerprints
accordingto somehomogeneitymeasure.Our objective is to distinguishfingerprintsthatillustrate any difference becausehey
correspondo differentgenesor genefamilies.

2Thisis alsoconsistentvith the hypothesighatbiomoleculardiversityis a preciousresource.



In practice,the numberof N’s in a binarizedfingerprint vector is often upperboundedby a small
constantdependingon the quality of hybridizationintensityvaluesandchoiceof controlclones.lt is thus
interestingto considerthe following parameterizedersionof BCMV, denotedas BCMV(p), whereeach
input fingerprintvectoris assumedo have at mostp N’s. Unfortunately we canshav thatBCMV is NP-
hard. In fact,we canprove a strongerresult: BCMV(p) is NP-hardfor ary p > 3. Thefollowing definition
will beuseful.

Definition 2.1 Givena setof 0-1-N fingerprintvectos F, defineagraphGr = (F, Er) wheretwovertices
(fingerprints) are adjacentf andonly if they are compatible Thegraph G will becalledthe compatibility
graphof F'.

Clearly solvingBCMV for F' is equialentto the problemof finding a minimumclique partition(MCP)
onGp. HencetheNP-hardnesef MCP [2] impliesimmediatelytheNP-hardnessf BCMV. Theproofcan
be strengthenetb shav the NP-hardnessf BCMV(p), for ary p > 3.

Theorem 2.2 TheproblemBCMV(p) is NP-hau, for anyp > 3.

Interestingly we canshav that BCMV(1) hasa polynomialtime solution by reducingit to VERTEX
CoVER onbipartitegraphswhichis known to have polynomialtime algorithms(seee.g. [1]). Presentlywe
donotknow if BCMV(2) hasa polynomialtime algorithm.

Theorem 2.3 TheproblemBCMV(1) canbesolvedin polynomialtime

Next we considerthe approximabilityof BCMV. SinceBCMV is equvalentto MCP in generaland
MCP s hardto approximateit is unlikely for BCMV to have goodapproximatioralgorithms.However, we
canshav thatBCMV(p) hasconstantatio polynomial-timeapproximatioralgorithms.

Theorem 2.4 For anyp, BCMV(p) canbeappioximatedin polynomialtime with ratio 27.

3 A GreedyAlgorithm Basedon Clique Partition

In this section we presenta greedyalgorithmfor BCMV(p) thatrunsin time O(p2Pn?). Sincep is usually
prettysmallcomparedvith » in practice 2 thealgorithmis very efficient. Wewill first outlinethealgorithm
andthenshav how to implementthe algorithmcarefullyto achieve the desiredefficiency.

3.1 An Outline of the Algorithm

Let F' be asetof n 0-1-N fingerprintvectorsof length L. Definethe setsR, R(f), and F'(r) asin the
proofof Theorem?2.4,i.e. R(f) is thesetof resohed vectorsof fingerprintvector f, R = e R(f), and
F(r)y={f € F|r € R(f)}. Wewill considerthe compatibility graphGr anddesignan algorithmto
partition G into a small setof cliques. Our algorithmis basedon repeatedlyfinding maximalcliquesin
Gr. Thefollowing lemmaprovidesanefficient way to identify maximalcliquesin Gr.

Lemma 3.1 For eadh maximalclique @, there existsa resolvedvectorr € R sud that F'(r) inducesQ in
thegraphGp.



Procedure FINDMAXIMUMCLIQUE (F)
let rq, betheresohedvectorsuchthat| F(rpmez) |= maxyer{| F(r) |};
return(Z(rmaz))

end

Figurel: Procedurd-INDMAXIMUMCLIQUE.

Note thatthe converseof Lemmag3.1is nottrue,i.e. for somer, F(r) mayinducea clique thatis not
maximal. However, a set F'(r) with the maximumsize alwaysinducesa maximumcliquein G, andwe
canthusfind amaximumcliquein O(2P Ln) time. A pseudocodéor finding a maximumcliqueis givenin

Figurel. . . . L . .
g Call a maximalclique in Gr uniqueif it containsat leasta vertex that belongsto only one maximal

clique. Clearly it is alwaysoptimalto includeuniquemaximalcliquesin a clique partition. A straightfor
ward algorithmfor finding a uniqguemaximalclique in a generalgraphmight take O(n?) time, usingthe
propertythatvertex v is belongonly onemaximalcliqueif andonly if all its neighbordorm a clique. How-
ever, by takingadwantageof thespecialconstructiorof G andtheconnectiorbetweerresohedvectorsand
maximalcliquesasgivenin Lemma3.1, we areableto find a uniguemaximalclique muchmorequickly,
asillustratedin Figure 2. The function FINDUNIQUEMAXIMALCLIQUE(F, V;) finds a unique maximal
cliguein Gr andrecordsthecliquein V;. A straightforvard implementatiorof FINDUNIQUEMAXIMAL-
CLIQUE would take O(2Pn?) time. In the next subsectionye will give animplementatiorthat requiems
only O(p2Pn) time.

Function FINDUNIQUEMAXIMALCLIQUE (F,V;)
for eachf € F do
if 3r € R(f) suchthatF'(t) C F(r) Vt € R(f) then
Vi « F(r); return(true);
return(false)
end

Figure2: Procedurd~INDUNIQUEMAXIMALCLIQUE.

Our algorithmfor finding a small clique partition of G first looks for a uniquemaximal clique and
removesit fromthegraph(andupdated” accordingly).We keepfinding andremoving suchuniquemaximal
cliquesuntil no uniqguemaximalcliquescanbe found. Then,a greedyactiontakes placeby remoing a
maximumcliqguefrom thegraph.We repeathis processuntil all verticesof G have beenincludedin some
clique. A pseudocodef the algorithm, called GREEDY CLIQUE PARTITION (GCP)is givenin Figure3.
We will give animplementatiorof GCPin the next subsectiorthatrunsin O(p2Pn?) time.

3.2 Efficient Implementation of the Algorithm

Ourimplementatiorkeepghe0-1-N fingerprintvectorsf € F onalist. For eachvectorf, let N(f) denote
the positionsof f thatcontainV values.Clearly we cancomputeall N(f)’sin O(nL) time. Eachnodeof
thelist for F' containsa setof addressesnefor eachresohedvectorr € R(f). Eachaddressorresponds
to a cell of ahashtable H. Eachcell of H containsfour datatypes: (1) thesizeof F(r), denotedby c(r),
(2)thesetF(r), (3) avectorof size L, denotedby v(r), and(4) thesetof thepositionsof N valuesin vector
v(r), denotedy N (r). An openaddressingvith doublehashingmethodis usedfor thehashtable H. Under
the assumptiorof uniformly randomhashing eachhashingoperationrunsin time O(1) on averagewhere
the value of the constantdependon the load factor «, which is definedasthe size of H divided by the

3In our microbialrDNA cloneclassificatiorproject,n is usuallya few thousandandp is around4, asgivenin Table2.



Algorithm: GCP (F,(C)
V« F;i+ 0
repeat
while FINDUNIQUEMAXIMALCLIQUE(V, V;) do
V«V\V;
Vi < FINDMAXIMUMCLIQUE(V); V « V \ V;;
until v =0;
C+{Vj|i=0,1,...,i}%
return(C)
end

Figure3: ThealgorithmGCPfor finding a smallclique partitionof G .

numberof elementsstoredin H. We alwayschoosehesizeof H, denotedash, suchthattheloadfactora
is atleast2. More precisely let m = log, | R|. We seth asthesmallesprime numbergreateithan2/™1+1,

Double hashingusesa hashfunction of the form h(r,i) = (h1(r) + 7 - ho(r)) mod h, wherer is a
resohed vector h is the sizeof H, andh; and hy are auxiliary hashfunctions,0 < i < h — 1. Fora
givenresohed vectorr, hi(r) is the binary numberformedby [m] + 1 vectorpositionsof . To choose
thosepositions Jet zero(j) andone(j) bethetotalnumberof 0 and1 valuesrespectiely, in all fingerprint

vectorsat position0 < j < L. For eachpositionj, aratio y(j) = fﬁ;ﬁé‘;‘;(é))‘;zz(é)ﬁ is computed.Note
thaty(j) < 1. Wedefineh; (r) asthe binarynumberformedby the [z] + 1 positionsin r with the highest
~(j) values,and, ho(r) simply as the binary numberformed by all the bits in . The hashtable H is
filled up asfollows. For eachfingerprintvector f € F, thesetR(f) of resoled vectorsis insertedinto
H. Whenaresolhed vectorr of somefingerprintvector f is insertedfor thefirst time, c(r) is setto one,
F(r) is initialized to the elementf, f is copiedto v(r), and, N(f) is copiedto N(r). For example,if
f=1(0,1,N,0,1,1) andr = (0,1,0,0,1,1) is theresohed vectorto beinsertedinto H, thenc(r) = 1,
F(r) ={f} v(r) = (0,1,N,0,1,1), andN(r) = {3}. Thenext time thatthe sameresoled vectorr is
insertedfor anotherfingerprintvectorg (say g = (0, 1,0, N, 1, 1)), we incrementthe counterc(r) by one,
addg to F(r), copy the0 and1 valuesin g at positionsN (r) into thevectorv(r) atthe samepositions,and
updateN (r) accordingly Hencenow ¢(r) = 2, F(r) = {f, ¢}, v(r) = (0,1,0,0,1,1), and,N(r) = {}.
We keeprepeatingthis processuntil all resoled vectorsin R areinsertedinto H. Clearly at most2Pn
insertionoperatiorwill beperformedon H. SinceeachinsertiontakesatmostO(L) time, thetotal time to
fill up H is boundedoy O(2PLn).

To look for a maximumclique in G, we just needto searchfor the biggestnumbere(r) in H. The
correspondingset F'(r) will be a maximumcliquein Gg. This takesO(2Pn) time. To identify a unique
maximalclique,we checksf ary vertex f belongsto only onemaximalasoutlinedin Figure2 asfollows.
For eachfingerprintvector f, we testif for all resohed vectorsr € R(f), the vectorsu(r) restrictedto
positionsN (f) arecompatiblewith eachother It is easyto shav that f belonggto only onemaximalclique
if andonly if all thevectorsu(r), » € R(f), restrictedto positionsN (f) are mutually compatible. And
if f belongsto only onemaximalclique, the set F'(r) with the biggestc(r) definesthe maximalclique.
Checkingif afingerprintvector f hasthe abore propertytakes O(p2?) time, since f canhave at most2?
resohed vectors.Thus,this procesgakesat mostO(p2Pn) time totally.

In the worst case,we areableto remaove only onefingerprintvectorin eachiterationof GCP Hence,
GCPtakes O(n) iterationsand, the overall runningtime of GCPis O(p2Pn?). In practice,much fewer
of iterationsareusuallyneededandthe time for finding a uniguemaximalclique is boundedby O(p2Pn),
wherep denoteghe averagenumberof N'sin eachfingerprintvector

GCPhasbeenimplementedn C++andtestedonaPentiumlll with a500MhzCPUand512MB RAM.
Figure4(A) shawvs the averageexecutiontimesof GCP on differentparametersFor eachcombinationof




parameterghe averagewastakenfrom 10 runs. As acomparisonye have alsoincludedtherunningtimes
of two popularhierarchicaklusteringmethodsUPGMA from PAUP [24] (whichwasusedin [27, 28]) and
CLUSTERJ10]. Note that, CLUSTER offers hierarchicalclusteringwith four linkage options: centroid,
single,complete andaverage.We usedthe centroidlinkagemethod,denotedas CLUSTERc. (CLUSTER
with averagdinkagecorrespondso UPGMA.) GCPis clearlymuchfasterthanUPGMA andslightly faster
thanCLUSTERCc,especiallywhenthe numberof N’sis small.
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Figure4: (A) Averageexecutiontimesof GCR UPGMA andCLUSTERcon aPentiumlil
in the simulations.Thelengthof the fingerprintvectorsis 25. (B) Distribution of frequen-
ciesof N’'sin thebinarizedbacterialandfungaldatasets.

4 Experimental Results

We have testedthe algorithm GCP on both simulatedandreal 0-1-N fingerprint dataand comparedits
performancavith UPGMA andCLUSTERc.* We first describethe simulationtest.

Definea clusterstructue asarealvectorS = (sy,...,sq), Wheres; > 0 and)_ s; = 1. We saythat
a setof n 0-1-N fingerprintvectorshasa clusterstructureS = (si,...,sq) if it canbe partitionedinto
d clustersof sizessin, ..., sqn consistingof mutually compatiblefingerprints. Our simulationprogram
recevesasinput the numberof 0-1-N fingerprintvectors,denotedby n, the lengthof the vectors,denoted
by L, aclusterstructureS = (s, s2,...,S4), andamutationrate0 < 8 < 1. First, the programgenerates
randomlyd seed0-1-N fingerprintvectorsof length L, with p = 8L expectedN valuesin eachvector We
make surethatno two of thesevectorsarecompatible.For eachseedvector the N valuesare switchedto
0 or 1 with equalprobability Theseresohedvectorsrepresenthetametclusteringsolution. We thenmake
s;n — 1 copiesof thei-th resohedvector Finally, p vectorpositionsarerandomlyselectedrom eachcopy
andtheir bits areswitchedto N’s. The seedfingerprintvectorsandtheir randomlymutatedcopiesform the
inputfingerprintvectorskF'.

We usethe Minkowskimeasue (seee.g. [23]) andthe Jaccad’s coeficient (seee.g. [11]) to measure
the quality of a clusteringsolutionby comparingto target clustering.Any clusteringsolutionfor F' canbe
representedsabinaryn x n matrix A (whichis in factasubmatrixof theadjaceng matrixof Gg). LetT
and A bethe matricesfor the tametsolutionanda computedsolution,respectiely. Let n;; be the number
of entrieson which 7" and A have values: and j, respectiely. Thus,n; is the numberof matesthatare
detectedby the suggestedolution,ngg is the numberof non-matesdentified,while n1y andng; countthe

disagreementbetweerthe true andsuggestedolution. The Minkowski measureas definedas , / %

Hence,it measureshe proportionof disagreementio the total numberof matesin thetamet solution. A

perfectsolutionshouldhave scorezero. The Jaccard coeficient is definedas #&an It represents

“Wewill notincludecomparisonsvith CLICK herebecauséts currentversiondoesnotallow theuserto adjustthehomogeneity
parameteon distancedata(derivedfrom 0-1-V vectors),althoughthe optionis availablefor intensitydata.



the proportionof the correctly identified matesto the sumof the correctly identified matesplus the total
numberof disagreementdlence a perfectsolutionshouldscoreone.

Tablel reportssomeresultsof thealgorithmGCPon simulated)-1-N fingerprintdata.For the purpose
of comparisonwe have alsoincludedthe resultsof UPGMA and CLUSTERcon the samedatasetsusing
Hammingdistance. ° In the test, we simulatedthe fingerprintswith differentparameters.For eachset
of parametersywe ran GCR UPGMA andCLUSTERCc10 timeson randomlygeneratedlataandreportthe
averageJaccard coeficient, Minkowski measureandthe numberof clusters.GCP clearly outperformed
bothUPGMA andCLUSTERCconall thesemeasuresf quality, especiallywhenthenumberof N'sbecomes
relatively large. It is worth observingthatin all casesGCP was able to find the minimum numberof
clusters,andits solution always closely resembledhe tamget solution (accordingto Jaccard coeficient
and Minkowski measure).We conjecturethat GCP finds a minimum clique partition for most practical
compatibilitygraphsG .

GCP UPGMA CLUSTERc

o lLd Jacc_ard’s Minkowski | Number of Jacqard’s Minkowski | Number of Jacgayd‘s Minkowski | Number of

coefficient | measure | clusters | coefficient | measure | clusters | coefficient | measure | clusters
2000 | 25| 500 | 5 | 0.99965 | 0.00836 500 099665 | 0.04022 501.6 0.75497 | 0.49502 872.2
2000 | 25| 500 | 10| 098512 | 0.11789 500 085452 | 0.38725 575.6 035392 | 0.80838 1618.8
2000 | 25| 551 | 5 10 0.0 551 0.99950 | 0.01976 551.8 0.85467 | 037718 892.2
2000 | 25| 551 | 10| 0.99388 | 0.07591 551 094449 | 0.23706 626.4 035756 | 0.800% 1548.2
2000 | 25| 800 | 5 | 099999 | 0.00241 800 099990 | 0.01000 802.4 095228 | 0.21103 1176
2000 | 25| 800 | 10| 0.99902 | 0.03092 800 099002 | 0.09444 891 034841 | 0.80321 1510
2000 | 25| 807 | 5 | 0.99%44 | 0.01776 807 0.99847 | 0.03839 808.4 079545 | 0.45023 1164.8
2000 | 25| 807 | 10| 095944 | 0.20245 807 087338 | 0.36088 872.8 033675 | 0.81796 1643.8

Tablel: Performancef algorithmsGCR UPGMA andCLUSTERcon simulateddata.

We have alsocomparedhe performancesf GCPR UPGMA and CLUSTERcon two setsof realfinger
print data.Thefirst datasetis acollectionof 1491bacterialsmallsutunit rRNA genesanalyzedn [28]. The
secondoneis a setof 1507fungalsmallsulunit rRNA genesstudiedin [27]. Two setsof 27 and26 probes
weredesignedasedon the algorithmin [6] to hybridizethe bacterialfDNA clonesandthe fungalrDNA
clonesrespecirely. The DNA arrayexperimentfor the bacterialclonesused26 control clonesandthe one
for the fungal clonesused29 control clones. The hybridizationintensitieswere normalizedandbinarized
asdescribedhbore. The binarizedfingerprintvectorshave anaverageof 3.84 N's pervectorin the caseof
bacteriaand4.54 N’s pervectorin the caseof fungi, asshavn in Table2 (columnp). Figure4(B) shavs
thefrequeny distributionsof N’sin thebacterialandfungaldatasets.Sincewe do notknow thetrueclus-
teringsolution,we couldonly comparehe numbersof clustergwhichis the objectof BCMV) obtainedby
GCP UPGMA andCLUSTERc.In bothcasesGCPdid betterthanUPGMA andCLUSTERc,asshovnin
Table2.

Number of Clusters
Data set n L P GCP UPGMA | CLUSTER
Bacteria | 1491 27 3.84 769 773 991
Fungi 1507 26 4,54 556 566 870

Table2: Thenumbersof clustersoundby GCR UPGMA andCLUSTERCcfor thebacterial
andfungaldatasets.

Sincebothrealintensitiesandbinarizedfingerprintsareavailablefor thetwo realdatasetswe have also

SUPGMA aswell asCLUSTERcactuallyproduceclusteringtrees,but we caneasilyextractclusters(i.e. subtreesfonsisting
of mutuallycompatiblefingerprintsfrom thetrees.



comparedheresultsof methodsasedon binarizedvaluesandthosebasedon realvalues.We normalized
andrankedtherealintensityvaluesfor the bacterialandfungaldatasetsgivenin [27, 28], usingthe method
describedn [9]. We then calculatedthe similarity betweeneachpair of fingerprintsusing SIMILARITY
FACTOR (SIM) [9]. Seven methodshave beencompared:GCR UPGMA and CLUSTERcon binarized
fingerprints,the clusteringalgorithm given in [9] (denotedas DRMANAC), UPGMA on real intensities
with similarity measureSIM (denotedas R-UPGMA, to avoid confusion),CLUSTERCcon real intensities
(denotedas R-CLUSTERCc),and the CLICK on real intensities. To be fair, we adjustedthe parameters
(generallythresholdsjn DRMANAC, R-UPGMA, R-CLUSTERc,andCLICK sothatthey outputroughly
the samenumberof clusters(or fewer) as GCP andtheir solutionswerethe bestpossiblein termsof the
measuresonsideredelon. ® Although the true clusteringsolutionsare not known for the two real data
sets,we consideredhe quality of the clusteringsolutionsfound by the seven algorithmsin both the real
domainandthe binarydomain. In the real domain,we measuredhe quality of a clusteringsolutionasthe
averagesimilarity (in termsof SIM) betweerfingerprintvectorscontainedn the samecluster[19]. In the
binary domain,we consideredhe averagenumberof pairs of incompatiblefingerprintvectorscontained
in the sameclusterandthe averagenumberof incompatiblepositionsbetweenfingerprintvectorsin the
samecluster Obsere thatthesenumbersareall 0 for the solutionsfound by the binary methods(GCR
UPGMA and CLUSTERCc). The resultsare summarizedn Tables3 and4. Theseresultsshav thatin
therealdomain,DRMANAC, R-UPGMA andR-CLUSTERCcdid very well in termsof averagesimilarity,
but GCR UPGMA and CLUSTERcwere not too bad either However, DRMANAC, R-UPGMA and R-
CLUSTERCc,surprisingly failed considerablyn the binarydomain.Namely their clustersmostly consistof
fingerprintsthathave differentcharacteristicsvith respecto thegivenprobes.Thiskind of solutionswould
clearly not be satishctory for applicationdike DNA clone classification.CLICK did poorly in the abore
comparisonsnostlybecausehatit wasdesignedo only look for largeclustersof sizesatleastl5. Notethat,
for the fungal dataset, the largestnumberof clustersoutputby CLICK (by trying differenthomogeneity
values)was113, whichis 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 a clusteringsolution.

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: Averageincompatibilityin a clusteringsolution. Thefirst columnis the average
numberof pairsof incompatiblefingerprintsandthe 2nd columnis the averagenumberof
incompatiblepositionsbetweertwo fingerprints.

Table5 illustratesthatthe solutionsfound by the binarymethod4 GCR UPGMA andCLUSTERc)and
therealvaluemethodd DRMANAC, R-UPGMA, R-CLUSTERCc,andCLICK) on the bacterialandfungal
datasetsarelargely different,asmeasuredby Jaccard coeficientandMinkowski measureMoreover, the
solutionsfound by the real value methodsarealsosignificantly differentfrom eachother comparedo the
differencebetweerthe solutionsof the binary methods.This suggestshatthe existing methodsor cluster
analysismay not be asaccurate(or mature)as peoplemight have thought(at leastasfar as DNA clone
classificatioris concerned)andperhapsnoreresearchs needed.

Note that, it is trivial to producesolutionswith a large numberof clustersthataregoodunderthesemeasuresHowever, the
objective of BCMV is to minimize the numberof outputclusters.So, constrainingall the algorithmsto outputroughly the same
numberof clustersin thefollowing comparisonss fair to everybody
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GCP UPGMA CLUSTER: DRMANAC R-UPGMA R-CLUSTER: CLICK
Jaccard | Minkowski | Jaccard | Minkowski | Jaccard | Minkowski | Jaccard [ Minkowski | Jaccard [ Minkowski | Jaccard | Minkowski | Jaccard | Minkowski

GCP * * 0.3221 | 11012 0.2430 0.9421 0.0491 3.0131 0.0407 1.8178 0.0897 103 0.0495 3.8879 f
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 u
CLUSTER 0.2212 0.9196 0.2011 0.9245 * * 0.0266 0.9981 0.0319 1.0507 0.1293 11073 0.0246 5.7974 n
DRMANAC 0.0846 15622 0.0872 1.4927 0.0637 1.0159 * * 0.0224 2.0716 0.0148 0.9999 0.2196 1.3242 g
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 * * 00131 7.5881 !
R-CLICK 0.0581 3.9048 0.0677 3.6318 0.0185 6.9744 0.0994 2.7936 0.0232 5.9367 00101 [ 8.3262 * *

5

bacteria
Table5: Similarity betweerthe clusteringsolutionsfoundby GCR UPGMA, CLUSTERC,
DRMANAC, R-UPGMA, R-CLUSTERc,andCLICK.

Concluding Remarks

The above experimentalresultsclearly demonstratéhat our discreteapproactto clusteranalysisis poten-
tially a very effectively methodfor analyzingoligonucleotidefingerprints,especiallyin applicationssuch
asDNA cloneclassification.Sincesomehybridizationintensity datamay provide reliable detectionof the
numberof occurrence®f a probein a cloneup to a certainrange[6], it would be interestingto extend
the discreteapproachto non-binaryranges|0, ¢t], wheret is an integer and eachmissingvalue possibly
represents subrangeof [0, ¢]. Anotherinterestingopenproblemis whetherBCMV(2) canbe solved in
polynomialtime.
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