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Abstract

Protein-Potein Interaction (PPI) networksare believedto be
importantsourcesof informationrelatedto biological processes
and complex metabolicfunctionsof the cell. Thepresenceof bio-
logically relevantfunctionalmodulesin thesenetworkshasbeen
theorizedby manyreseachers. However, the applicationof tradi-
tional clusteringalgorithmsfor extractingthesemoduleshasnot
beensuccessfullargely dueto the presenceof noisy false posi-
tive interactionsas well as speci c topolagical challengesin the
network.In this paper we proposean ensemblelusteringframe-
work to addressthis problem. For baseclustering we introduce
two topolagy-baseddistancemetricsto counterct the effectsof
noise We developa PCA-basedconsensuslusteringtechnique
designedo reducethe dimensionalityof the consensugroblem
and yield informative clustes. We also develop a soft consen-
susclusteringvariant to assignmultifacetedproteinsto multiple
functionalgroups. We conductan empirical evaluation of differ-
entconsensutedniquesusingtopolagyy-basedinformationtheo-
reticanddomain-speci cvalidationmetricsandshowthatour ap-
proachescan provide signi cant bene ts over other state-of-the-
art appmoades. Our analysisof the consensuslustess obtained
demonsiatesthat ensembleclusteringcan a) produceimproved
biologically signi cant functionalgroupings;andb) facilitate soft
clusteringby discoreringmultiplefunctionalassociationgor pro-
teins.

1. Intr oduction

Proteinsarecentralcomponent®f cell machineryandlife. In
fact,asnotedby Kahn[21], it is the proteinsdynamicallygener
atedby a cell thatexecutethe geneticprogram Meringet. al. [36]
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notethat,to fully understanaell machinerysimply listing, iden-
tifying and determiningthe functionsof proteinsin isolation is
not enough— (clustersof) interactionsneedto be delineatedas
well, sinceproteinswork with otherproteinsto regulateandsup-
port eachotherfor speci ¢ functions. Recentadwancesin tech-
nology have enabledscientiststo determinejdentify andvalidate
pair-wise proteininteractionshrougha rangeof experimentaland
in-silico methods[13, 14, 26, 35]. Suchdatacan be naturally
representedh the form of interactionnetworks. The taskof ex-
tractingrelevantgroupingsor functionalmodulesfrom suchinter
action networks, for the purposesf understandinghe behaior
of organismsproteinfunction predictionanddrugdesignis chal-
lenging and an active areaof research7, 19, 38, 39, 34]. The
challengesnvolved aremanifold.

First,is theissueof dataquality. Differentexperimentabndin-
silico methodscanbe usedto computeinteractions eachwith its
own strengthsaandweaknesseld 3, 14, 26, 35]. Often,theoverlap,
in termsof commoninteractionsacrossexperimentalsettings,is
notvery high. An addedcompleity is thatthedataobtainedfrom
suchmethodsis believed to be quite noisy - mary interactions
are conjecturedo be falsepositives. Integrating datafrom such
sourcesyields interactionnetworks that are inherentlynoisy [4].
To addresghis problem,variousresearcherbave examineddata
preprocessingechniquego identify andeliminatepotentialfalse
positives (andto identify potentialfalsenegatives) by examining
thetopologicalcharacteristicef suchnetworks[34, 9, 28].

Secondgvenif the network is assumedo be noisefree, parti-
tioning the network usingclassicagraphpartitioningor clustering
schemess inherentlydif cult. A commoncharacteristicof PPI
networksis that,afew nodeghubs)have verylargedegreeswhile
mostothernodeshave very few interactions Applying traditional
clusteringapproachesgypically resultsin a clusteringarrangement
thatis quite poor— containingoneor afew giantcoreclustersand
severaltiny clusters(possiblysingletonclusters).To addresghis
problem,researcherbave relied on variousre nementsthattake
into accountdomainexpertiseand topologicalinformation (e.g.
targeting scale-freenetworks) to constrainthe clusteringprocess
resultingin animproved clusteringarrangemeni29, 16].

Third, someproteinsare believed to be multi-functional— ef-
fective strat@iesfor soft clusteringof theseessentiaproteinsare
needed. This dictatesthe needto leverageor adaptsoft cluster



ing approachesTo addresshis problem,recentresearcthasex-
aminedstratgies such as hub duplication[33] and partitioning
theline-graphtransformof the original PPl network. The former
ensureghe soft clusteringof hub proteins,that are believed to
be multi-functional[20], while the latter targetsthe clusteringof
edgesin the original graph (nodesin the transformedgraph)to
dictatethe eventualsetof proteinclusterq25].

In this work we examine an alternatve approach,ensemble
clustering,to resole thesethree problemssimultaneously En-
sembleclusteringhas beenproposedin the literature as a use-
ful approachto strengtherthe quality of simple clusteringalgo-
rithms [15, 17, 32, 31]. The goal is to combinemultiple, di-
verseandindependentlusteringarrangementso obtaina single,
comprehenske consensuslustering.Empiricalevidencehassug-
gestedthat intelligent combinationof theseclusterscanleadto
novel and meaningfulclusterstructuresgvenin the presenceof
noise[32]. We shouldalsonotethat, one canweightindividual
clusteringarrangementsccordingto their strengthsand weak-
nessespotentiallyaddressinghe fusionproblent.

However, naively applyingensemblelusteringto the problem
at handwill notwork. Therearecertainkey questionghat need
to beresolhed. First, whatarethe baseclusteringmethodsto use
for processind®PInetworks?An appealingoptionhereis to lever
agedomainandtopologicalinformationto identify goodcandidate
baseclusteringmethods. Second clusteringensemblesypically
do not scalevery well — building a consensuss expensve andis
affectedby the dimensionalityof the problemon hand.An attrac-
tive option hereis to investigatethe useof traditionaldimension-
ality reductionoptionsto improve the scalabilityof the consensus
building step. Third, aretherewaysin which one canmake the
ensemblelusteringmorerobustto noiseeffects?For example by
developing suitablepruning or weighting stratgjies. Fourth, the
existing literatureon ensembleclusteringalgorithmsis limited to
hardclusteringproblems- canoneadaptsuchapproachefor soft
clustering?Facedwith thesechallenge®ur contritutionsare:

We have designedand evaluatedthe use of two topolagy-
drivendistancemetricsfor network clustering.We usethree
traditionalgraphpartitioningalgorithmswith the two met-
rics to obtain six baseclusteringsthat are diverse and yet
informativeaboutthetopolagical propertiesof nodesn the
network.

We have designedand evaluateda consensusnethodthat
relies on Principal ComponentAnalysis(PCA) to reduce
the dimensionalityof the consensudeterminatiorproblem.
The ensemblesolution on the reduceddimensionalspace
canthenbe efciently computedusing traditional consen-
susmethods.

We have alsodevelopedatopology-drvenstrateyy for prun-
ing weakbaseclustes thatsigni cantly improvesthe qual-
ity of theresultingensembleslusterarrangement.

This aspectis not consideredn this paperbut we believe the
approachis naturally amenableo fusing information from mul-
tiple experimentaland in-silico interactionnetworks inculcating
domainbias.

We have designedan adaptatiorto the above approactthat
allowsfor softensemble&lusteringof proteinsin interaction
networks. This enablesour methodto modeland account
for multi-facetedoroteins.

We conducta detailedempiricalevaluationandcomparison
of our approachesvith otherstate-of-the-aralgorithmson
the PPI network of budding yeast(SactiaromycesCeriv-
isia€). We usetopologicalinformationtheoreticanddomain-
speci ¢ clustervalidationmetricsto evaluateandmodulate
theimprovementsgainedfrom eachcomponenbf the pro-
posedensemblelusteringmethodology

Our experimentakesultsshav thatour algorithmscanprovide
signi cant improvementin clusterquality acrossthe board (not
justthetop clusters)whencomparedo previously reportedmeth-
ods. We alsoshav thatensemblelusteringcaneffectively facili-
tatethe discavery of multiple functionalassociation$or proteins.

2. RelatedWork

Mary clusteringalgorithmsof varioustypeshave beenapplied
toanalyzePPlInetworks. Bader[5] proposedhethree-stag&lolec-
ular Complex Detection(MCODE) algorithmto identify densely
connectedregions from a PPI graph. First, eachvertex of the
graphis associateavith aweightbasednthelocal neighborhood
density of that vertex. Second,clustersare createdaroundthe
top-weightedvertices(seedvertices)by iteratively addinghigh-
scoringverticesto the cluster Finally, clustersthatarenotdense
enoughareeliminatedfrom the nal setof partitions.

The MCL algorithm (Markov Clustering)[12], proposedby
Dongenis a fastand scalableunsupervisealusteringalgorithm
for graphs,basedon the simulationof stochastico w in graphs.
Thealgorithmsimulatesandomwalks within a graphby alterna-
tion of two operatorscalled expansionandin ation. Eventually
theiterationresultsn theseparatiomf thegraphinto differentsey-
ments(clusters).A recentstudy[6] comparedour clusteringal-
gorithms,- Markov CLustering(MCL), Restricted\eighborhood
SearclClustering(RNSC),SuperParamagneti€lustering(SPC),
and Molecular Complex Detection(MCODE) , on six protein-
proteininteractionnetworks to identify proteincomplexes. The
clustersobtainedfrom the algorithmswerecomparedvith knowvn
annotateccomplees. Their conclusionwasthatMarkov Cluster
ing (MCL) algorithmfar outperformedheotheralgorithmsin the
extractionof compleesfrom interactionnetworks.

The ensembleclusteringproblemhasbeenstudiedpreviously
in themachindearningcommunityby mary researcherslthough
it hasbeenappliedmainly to smallclassi cationdatasetshusfar.
Fredetal [15] mapclusteringgproducedy multiple runsof thek-
meanslgorithmwith differentinitializationsinto aco-association
matrix. They thenapply a hierarchicalsingle-link algorithm to
partition this matrix into the nal consensuglusters. In a later
work, Topchyet al [32] also presenttwo approacheso prove
theeffectivenesf aclusterensemble usingplurality voting and
usinga metricon the spaceof partitions.



Gionisetal [17] provide aformalde nition to the problemof
clusteraggr@ationanddiscussa few consensuslgorithmswith
theoreticalguaranteesThe algorithmsthey proposeusethe dis-

tancematrixrepresentatioandaresuitablemainly for smalldatasets.

The Agglomeratve algorithm proposedby Gionis et al meiges
clustersthat have distancedessthan 1/2, which is a hard-coded
threshold. If a point hasdistancegreaterthanhalf with all other
clusters,it is placedin a clusterby itself. The Balls algorithm
triesto nd ball-shapectlusters,groupingtogetherproteinsthat
are closeto eachotherandfar from othernodes. Both theseal-

gorithmshave beenevaluatedonly on small catgorical datasets.

They have not beenevaluatedon large graphdatasets. We use
thesetwo algorithmsfor comparisorwith our techniques.

StrehlandGhosh[31] de ne the clusterensembleroblemas
anoptimizationproblemandaimto maximizethenormalizedmu-
tual informationof the consensuslusteringfrom theinitial clus-
tersobtainedfrom ten baseclusteringalgorithms.They usea hy-
pemgraphrepresentatiowith ann  m matrix,wheren isthenum-
berof pointsandm is thetotal numberof clustersin all the clus-
terings. They introducethreedifferentalgorithmsto obtain con-
sensuclusterings,namely ClusterbasedSimilarity Partitioning
(CSR\), HyperGraphPartitioning (HGPA), and Meta-Clustering
(MCLA) algorithms.In CSFA, they constructa similarity matrix
from the clustersobtainedfrom the baseclusteringalgorithms.
This similarity matrix is treatedas a weightedgraphand parti-
tionedusingtheMetis [22] algorithmto obtaintheconsensuslus-
tering.In HGPA, thegoalisto nd ahyperedgeeparatothatpar
titions the hypegraphinto k unconnecte¢omponentdy cutting
a minimal numberof hyperedgesThe HMetis algorithmis used
for this purpose.ln MCLA, the mainideais to grouprelatedhy-
peredgegbaseclusters)o obtainmeta-clustersA representatie
clusteris obtainedfor eachmeta-clusterFinally, eachdatapoint
is comparedwith the representate clustersand assignedo the
meta-clusteit is mostassociatedvith. We usethesethreeensem-
ble consensugechniquesn our evaluation.

3. Algorithms

In this section,we describeour topologicalsimilarity metrics,
baseclusteringalgorithmsandconsensumethodsn detail.

3.1 Similarit y metrics

We introducetwo differentsimilarity metricsdesignedo cap-
ture diversetopologicalpropertiesof PPl networks. Our goal is
to weightedgesof the PPInetwork to re ect thereliability of the
correspondingnteractions. Accordingly edgeswith low values
of weightswill indicate potentialfalse positive (noisy) interac-
tions. Clusteringalgorithmscanthenusetheseweightsto elim-
inatenoisy edgesandyield meaningfulpartitions. To assignsuit-
ableweights wefocusontwo differenttopologicalfeatures Clus-
teringCoefcient andEdgeBetweenness.

3.1.1 Clusteringcoefcient-based

The rst similarity metric is basedon the Clusteringcoef-

cient, a popularmetric from graphtheory The clusteringcoef-
cient[37] is a measurehat representshe interconnectiity of a
vertex's neighbors. The clusteringcoefcient of a vertex v with
degreek, canbede ned asfollows:

2ny

CC(v) = 7kv(kv )

wheren, denoteghe numberof trianglesthatgo throughnodev.

Essentially if the edgebetweentwo nodescontritutessignif-
icantly to the clusteringcoefcients of the nodes thenthe nodes
are consideredsimilar and shouldbe clusteredtogether To cal-
culatethe similarity of nodesv; andv;, we rst calculatetheir
clusteringcoefcients asCCy; andCCy, . We thenremove the
interaction(edgepetweenthesenodesand re-calculatethe clus-
teringcoefcient of eachnodeasCCSi andCCSJ. . Thedifference
betweerthesetwo valuesrepresentheimportanceof theedgefor
eachnode. Accordingly the Clusteringcoefcient-basedsimilar-
ity of two nodesis thencalculatedasfollows:

Sec(Vi;Vj) = CCy, + CCy, CC,, CC

Notethatif two nodesarenotlinkedin the original network, their
Clusteringcoefcient-basedsimilarity scoreis zero. The similar-
ity scoresarenormalizednto therange[0-1] usingmin-maxnor-
malization.

3.1.2 Betweenness-based

Thesecondnetricis basedntheShortest-patiEdgebetween-
nessmeasurewhich was rst introducedby Newmanet al [23].
It is a popularmeasuréor clusteringnetworks in sociologyand
ecologyto obtain communities. This measureavors edgesbe-
tweencommunitiesand disfavors oneswithin communities.The
Shortest-patbetweennesseasureomputesfor eachedgein the
graph,the fraction of shortestpathsthat passthroughit. To take
adwantageof the global informationthatis capturedby the edge-
betweennessmeasurd24], we useit asa similarity metric,asfol-
lows.

SPj
SPmax
whereSPj is the numberof shortesipathspassinghroughedge
ij andSPmax is the maximumnumberof shortesipathspassing
throughan edgein the graph. Similar to the previous metric, this
metric is de ned only for connectedpairs and rescalednto the
range[0-1] usingmin-maxnormalization.

Seb(Vi;vj) =1

3.2 Base algorithms

We usethree conventionalgraphclusteringalgorithmsto ob-
tainthebaseclusters.

3.2.1 Repeatedbisectiongrbr):

The Repeatedbisectionsalgorithmis atop-davn clusteringal-
gorithm that computegthe desiredk-way clusteringsolution, by
performinga sequencef k 1 repeatedisectionswherek is
therequirednumberof clusters.Theinput matrixis rst clustered



into two groups,afterwhich oneof the groupsis selectecandbi-
sectedurther. This processontinuesuntil the desirednumberof
clustersis found. During eachstep,a clusteris bisectedso that
theresulting2-way clusteringsolutionoptimizesthe 12 clustering
criterionfunction,whichis givenas:
X S ¢———

| 2= maximiz e sim (v; u) (1)

i=1 viu2S;

wherek is the total numberof clusters,S; is the setof objects
assignedo the i cluster v andu representwo objects,and
sim (v; u) is thesimilarity betweertwo objects.

3.2.2 Directk-waypartitioning (direct):

In this method,the desiredk-way clusteringsolutionis com-
putedby simultaneouslynding all k clusters. Initially, a setof
k objectsis selectedrom the datasetsto act asthe seed<f the
k clusters. Then, for eachobject, its similarity to thesek seeds
is computedandit is assignedo the clustercorrespondindo its
mostsimilar seed.Thisinitial clusteringis thenrepeatedlye ned
to optimizethe |2 clusteringcriterionfunction.

3.2.3 Multilevel k-wayPartitioning (Metis):

Metis (kMetis) is a popularmultilevel partitioningalgorithm,
developedby Karypisetal [22]. It worksin threephasescoars-
ening,initial partitioningandre nement.In thecoarseninghase,
theoriginalgraphis transformednto asequencef smallergraphs.
An initial k-way partitioning of the coarsesgraphthat satis es
the balancingconstraintswhile minimizing the cut value is ob-
tainedin the next phase.During the uncoarseningndre nement
phase the partitioningis projectedbackto the original graphby
goingthroughintermediatepartitions.After projectinga partition,
a partition re nementalgorithmis emplo/ed to reducethe edge-
cutwhile conservinghe balanceconstraints.

3.3 Consensus Metho ds

Usingthebasealgorithmswith the two topologicalmetricswe
discussedn the rst subsectionwe obtainsix setsof k clusters.
Our goal is to combinetheseindividual clusteringsto obtain a
meaningfulconsensuslustering. Given n individual clusterings
(c1::cn), eachhaving k clustersaconsensufunctionF is amap-
ping from the setof clusteringgo a single,aggregyatedclustering:

F :fqji 1,::;ng!

Cconsensus

Ideally, the consensuslusteringneedso be representate of the
individual componentlusterings.

3.3.1 PCA-basedConsensus

The consensusechniquewe proposeconsistsof threestages
- ClusterPuri cation, DimensionalityReductionand Consensus
clustering.
Cluster Puri cation:
It hasbeenwell documentedhat differentclusteringalgorithms
typically yield diverseclusterings[27, 32]. This is dueto the

different criteria and similarity metricsemplgyed for clustering.
Hence,it is likely that someof the clustersobtainedarelesscon-
sistentwith the topology of the original graphthan others. We
believe that suchclusterscontribute to noiseanddistort the con-
sensudunction. To nd theseclusters,we onceagainrely on a
topologicalmeasureWe de ne areliability measurdor eachclus-
ter, thatis basednthetopologyof theproteinsin thecluster The
shortestpath distancebetweentwo proteinsi andj is the min-
imum numberof interactionsin the original graphthat separate
them. For eachcluster we computethe intra-clusterdistanceas
the averageshortesipathdistancebetweenall pairsof proteinsin

thatcluster P

(i y2va, SP (1) 2

jVe,j Diamg 2)
whereV, representshe nodesin clustercly andSP (i; j) rep-
resentghe shortespathdistancan termsof numberof edgeshe-
tweennoded andj . Diam ¢ signi es thediameterof theoriginal
PPIgraphandis usedfor normalization.Thereliability of acluster
is inverselyproportionatto its intra-clustedistance.

1
Cluster Distance(cl1)

Cluster Distance(cly) =

Rel(cly) =

®)

If thedistancebetweemodesin a clusteris high, it indicatesthat
theclusteris notvery modular Hence we useathresholdvalueto
pruneaway weakclusters.We choosea thresholdvalueensuring
thateachproteinis representeéh atleast(1=3)"? of the reliable
subsebf clusters.

Dimensionality Reduction:
We thenrepresenthe remainingclustersin a binary formatwith
ann m matrix, wherem is thetotal numberof clustersobtained
usingall basealgorithms.Eachrow represents point while each
column corresponddo a cluster The valuel(x,y) in the matrix
representtheindicatorfunctionof pointx wrt clustercly .

1; if x 2 cly

| (x; cly) = .

0; otherwise
Even after pruning clusters, it is likely that the numberof di-
mensiongremainingclusters)is too large for the direct applica-
tion of clusteringalgorithms. For instance,n our casewe have
six algorithm-metriaccombinationsachproducingk clustersafter
pruning.If thevalueof k is large,clusteringthe6 k-dimensional
pointswould prove inef cient, sincedistancemetriccomputations
that are integral to clustering,do not scalewell to high dimen-
sions[1].
To obtaina morescalableandef cient representatiofor cluster
ing, we usethetechniqueof PrincipalComponenAnalysis(PCA).
Theideais to reducethenumberof dimension®f thematrix with-
out compromisinghe informationrequiredfor clustering.As we
describedabore, eachfeaturevector (row) in the matrix corre-
spondgo the clustermembershigpatternof anode. Sincewe are
usinghardclusteringalgorithms,a nodecanoccuronly in 6 clus-
ters. For large valuesof k, the binaryfeaturevectorswill bevery
sparse Also, sincethe occurrenceof anodein a clusteris notin-



dependenbf otherclustersin a clustering,thereis boundto bea
lot of redundang in the featurevectors. Several researchergl8,
11,30] have suggestetheapplicationof dimensionalityreduction
technigueqsuchas PCA) as a pre-processingtepto clustering
sparsehigh-dimensionatiata. PCA usesthe eigendecomposition
of the correlationmatrix to nd orthogonaldirectionswith total
maximumvarianceof projections.In ourcasejt canusethecorre-
lationsbetweerthe clustermembershipatternsof nodego elim-
inateredundancieseducingthe matrix to a more compactrepre-
sentationretainingonly discriminatoryinformation. Accordingly
we convertthe6  k clustersinto a matrix andapply PCA to re-
ducethe numberof dimensionsTraditionalclusteringalgorithms
canthenbeappliedon this reducedepresentatiowithout perfor
manceconcernsto obtainconsensuslusteringarrangements.

ConsensuClustering:

To performconsensuslustering,we apply two differentconsen-
susclusteringalgorithmson the PCA representation the Recur

sive Bisection(PCA-rbr) algorithm which performedthe bestof

the threebaseclusteringalgorithms,andthe popularAgglomei-

tive Hierarchical (PCA-agyglo) algorithm The agglomeratie hi-

erarchicalclusteringalgorithmis a popularbottom-upclustering
algorithm. In this method,the desiredk-way clusteringsolution
is computedusing the agglomeratie paradigmwhosegoal is to

locally optimize (minimize or maximize)a particular clustering
criterionfunction. Thealgorithm nds the clustersby initially as-
signingeachobjectto its own clusterandthenrepeatedlymeiging

pairsof clusterauntil eitherthedesirechumberof clustershasbeen
obtainedr all of theobjectshave beenmeigedinto asinglecluster
leadingto a completeagglomeratie tree.

3.3.2 WeightedConsensus

An alternatve approacho pruning,is to weightproteinsbased
onthereliability of the clustersthey belongto. Theintuition here
is that,if two proteinsarepresentogetheiin a clusterof poorreli-
ability, thecorrespondingnteractiorbetweerthemcanbedeemed
to be of low signi canceandgiven a low weight. The baseclus-
tersobtainedcanbe usedto constructa new graph,with anedge
existing betweerproteinsiff they have beenclusteredogetherat
leastonce. The weightsfor theseedgesare proportionalto the
reliability of theclustersthey belongto.

NG
W eight(i; j) =
k=1

Rel(clk) Mem(i;j; cl) 4)

whereRel(cly) istheReliability scoreof clustercly andM em(i; j;
is theclustermembershigunction.
. 1; iff (i;j) 2 clk
M em(i; j; clk) = :
0; otherwise

Theweightedgraphis thenclusteredusingthe Agglomeative Hi-
erarchical (PCA-ayglo) algorithm

3.3.3 SoftConsensu€lustering

As we mentionecearlier several proteinsareknown to partic-
ipatein severalfunctionsin thecell. By assigningall proteinsto a
singleclustereach we areinhibiting the numberof functionsthat
canbediscorered. To overcomethis issue we constructa variant
of the PCA-aggloconsensuslgorithmto performsoft clustering
of proteins. The hard agglomeratie algorithm placeseachpro-
tein into the mostlikely clusterto satisfy a clusteringcriterion.
However, it is possiblefor a proteinto belongto two clusterswith
varying degrees. The probability of a proteinbelongingto anal-
ternateclustercanbeexpressedsa factorof its distancefrom the
nodesn thecluster If aproteinhassufciently stronginteractions
with the proteinsthatbelongto a particularcluster thenit canbe
considere&imenableo multiple membershipWe usetheaverage
shortespathdistanceto quantifythis measure.

P .
SP(i;])

J‘2Vcll<
Diamg

P(i;clk) =1 - -
(i; cl) Vo

®)
whereSP (i; j) denoteghelengthof the shortestpathbetween
andj, Diam (G) is the diameterof the PPl graph,andV, de-
notesthe nodesin clustercly. The algorithmcomputeshe prob-
ability for eachproteinandeachcluster We usea global thresh-
old to assignall nodesthathave high propensitytowardsmultiple
membershipnto their respectie alternateclusters.Note that, al-
thoughwe performthis operationfor all nodesthe nodeswith the
highestprobability for multiple membershipare the hubsin the
PPI graph,which have beenhypothesizedo be multi-functional
in nature[20]. Owing to their high degreesthey aremorelikely
to interactwith proteinshaving differentfunctions.
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Figure 1. overview of the Ensembleramenork. Note thatalthough
we shawv only the agglomeratie algorithmin the gure, the rbr algorithm
canbeusedsimilarly

3.3.4 Puttinglt All Together

Figure 1 givesthe overview of our ensembleramenork. In
the rst step,thetwo topologicalmetrics(ClusteringCoefcient-
basedand Betweenness-based)e usedwith the threebaseclus-
teringalgorithmsto reducethe noisein the PPIgraphandproduce



6 baseclusteringarrangementslin the consensustage the base
clustersobtainedare subjectedo clusterpuri cation to eliminate
noisy clusters. We describedwo differenttechniques pruning
andweighting. The prunedclustersare fed into the PCA algo-
rithm, which removes redundanciesnd noiseandyields a com-
pactrepresentationThe resultof the PCA stepis a reducedma-
trix that containsonly discriminatoryinformationfor proteinsto
be easilyclustered.Alternately the weightsbasedon clusterreli-
ability canbe usedto constructa new graph. For nal consensus
clustering,we usetwo algorithmsas mentionedbefore- the Ag-
glomeratve algorithmandthe RBR algorithm. Additionally, soft
clusteringcanbe performedto clustercertainproteinsin multiple
clusters.

4. Experiments

4.1 Dataset

TheProtein-ProteinteractiongPPI)network of buddingyeast
(SacharomycesCerevisiag hasbeenstudiedearlier in several
works[2, 34,33,38,39]. Thisdataseis availablefrom theDatabase
of InteractingProteing(DIP). It consistsof 17194interactionshe-
tween4928proteins.

4.2 Validation Metrics:

Before presentingour experimentalresults,we would like to
describeour validationmetrics. We useboth domain-speci cand
generaimetricsto evaluatethe quality of the consensuslusters.

4.2.1 Topolagical Measue: Modularity

The rst metric we useis a topology-basedvlodularity met-
ric, originally proposedby Newman[23]. This metric usesa k
X k symmetricmatrix of clusterswhereeachelementd; repre-
sentghefractionof edgeghatlink nodesbetweerclusters andj
andeachd; representshefractionof edgedinking nodeswithin
clusteri. Themodularitymeasures given by

X X
M= (di ( di)?)
! ]

Information Theoetic Measue: Normalized
Mutual Information(NMI)

Anothermetricto evaluatethequality of clustersobtaineds the
amountof mutual information sharedbetweenclusterings. This
metricwasoriginally describedby Strehletal [31]. They de ne
theoptimalcombinecclusteringastheonethatshareshemostin-
formation,in termsof mutualinformation,with the original clus-
terings. Assumer groupingsdenotedas = f 9jq f1;::;rgg.
Supposeherearetwo clusterings  and ° of sizesk® andk®
respectiely. Let np bethe numberof objectsin clusterCy, ac-
cordingto 2, n; thenumberof objectsin clusterC, accordingio

b andn! is the numberof objectsin clusterCy, accordingto 2
andin ClusterC, accordingto °. The[0-1] normalizedmutual

422

information NM' canbecalculatedasfollows:
1 =1
NMI, a. b 2 LSS h n“ n
(% n== ' loga o —
n n" n
ka kb

Theaveragenormalizedmutualinformation(ANMI) [31] between
asetof r labelings, andalabelingnamed ' is de ned asfol-
lows:

y(zl
NMI( . i)=

=l

NMI( i; a

Here is theconsensuslus-

tering.

is the setof baseclusteringsand

4.2.3 Domain-basedeasue: ClusteringScoe

For the PPI network, we needto testif the clustersobtained
correspondo known functional modules. This can be doneby
validating the clustersusing known biological associationgrom
the GeneOntology ConsortiumOnline Databasg3] 2. The Gene
Ontology(GO) databas@rovidesthreevocahulariesof known as-
sociations Cellular Componentvhichrefersto thelocalizationof
proteinsinsidethecell, MolecularFunction whichrefersto shared
actiities at the molecularlevel and Biological Process which
refersto entitiesat both the cellular and organismlevels of gran-
ularity. Earlierworks have usedthesethreeontologiesto validate
thebiologicalsigni canceof clusterq34, 2, 33]. We useall three
annotationgor validationandcomparison®

Merely countingthe proteinsthat sharean annotatiorwill be
misleadingsincethe underlyingdistribution of genesamongdif-
ferent annotationds not uniform. Hence,p-valuesare usedto
calculatethe statisticaland biological signi cance of a group of
proteins. The p-valuesessentiallyrepresenthe chanceof seeing
that particulargrouping,or better giventhe backgroundistribu-
tion. Assumea clusterof sizen, with m proteinssharinga partic-
ular biologicalannotation.Also assumehatthereareN proteins
in the databasevith M of themknown to have thatsameannota-
tion. Thenusingthe HypeigeometricDistribution, the probability
of observingm or moreproteinsthatareannotatedvith the same
GOtermoutof n proteinsis: N
I n 1
) N
I=m n

p value=

Smaller p-valuesimply that the groupingis not randomand is
more signi cant biologically thanone with a higherp-value. A
cutof f  parameteis useduo differentiatesigni cant groupsfrom
the insigni cant ones. If a clusteris associatedvith a p-value
greatethancutof f , it is considerednsigni cant. ®

As thep-valueof asingleclusteris statisticallynotrepresenta-
tive, we de ne a Clusteringscorefunctionto quantify the overall

2http://dbyeastgenome.gfcgi-bin/GO/goErmFinder

3As of Februaryl, 2007 the GO databaseontains700genesan-
notatedwith 1864 cellularcomponent 7527 molecularfunctions
and13155biologicalprocesses.

“The GO ontologyperformsmultiple hypothesigestingto adjust
thecutof f value.

SWe usedtherecommendedut-off of 0.05for all our validations.



clustersasfollows.
P
'S min(pi) + (n;  cutof f)

Clustering score= 1 (ns + ni) cutof f

wherens andn; denoteghe numberof signi cant andinsignif-
icant clusters,respectiely and min (p;) denotesthe smallestp-
valueof the signi cant clusteri. Hence eachclusteris associated
with oneClusteringscorefor eachof thethreeontologies.

4.3 Exp erimen tal Results

4.3.1 Evaluationof Similarity Metrics

We rst evaluatethetwo similarity metricswe have developed
for baseclustering.In particular we wish to validatethe bene ts
of usingweightedmetricsfor eliminatingnoise. To do this, we
applytheclusteringalgorithmson anunweightedyraph,whereall
edgesaretreatedthe same(= 1). We thencomparethe clusters
obtainedusing the domain-basecdClusteringscoremeasure. To
comparewe alsoimplementa neighborhoodnetric basedon the
Czekanwski-Dice distancametric[8], which hasbeenpreviously
emplgyedfor clusteringPPIgraphq10]. Theneighborhood-based
similarity metricis de ned as:

jhnt(i) Int(j)j ©)
jint() [ Int(j)j+ jint(i)\ Int()j
Here,I nt(i) andl nt(j) denotethe adjaceng lists of proteinsi
andj , respectiely, and representthe symmetricdifferencebe-
tweenthe sets.Notethatusingthis metric,nodeshatdo notinter-
actwith eachothermayhave non-zercsimilarity if they have com-
monneighborsThe comparisonin termsof Clusteringscoredor
the RBR algorithm®, is givenin Figure2. The Betweennesand

Sn(vi;vi) =1
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B Function
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Figure 2. Domain-base€Comparisorof BaseSimilarity Met-

rncs
ClusteringCoefcient-basedmetrics have high Clusteringscore
valuesfor all threeontologies.Thisindicateghatthe Betweenness
and ClusteringCoefcient-basedmetricscan help reducethe ef-
fectof noise leadingto meaningfulclusters. The Neighborhood
metric, on the other hand, performsworsethan the unweighted
scenario. The metric assignsnon-zeroscoresto pairs of nhodes
thatarenot connectedn theoriginal graph,if they haze common

8Thetrendsfor the othertwo clusteringalgorithmsaresimilarand
areomitted

neighborsTheresultssuggesthatthis additionof new edgescon-
tributesto increasedoisein the PPIgraph.

4.3.2 Consensu€lustering

We usethethreegraphclusteringalgorithmswith thetwo topology-
basedmetricsto obtainsix independenbaseclusteringsach.Es-
timating the optimal numberof clusters,k, is a seriousissuein
clustering.Earlierapproachef30] have suggestedisingthe ratio
betweerthe inter-clusterandintra-clustersimilaritiesto estimate
the value. We usedboth similarity metricswith the Metis algo-
rithm to estimateclusterquality for differentvaluesof k. We per
formedthe sameoperationwith the othertwo algorithms.Finally,
one of the valuesoptimal for all threealgorithmswas chosenas
the value of k. Accordingly the value of k for the PPl dataset
was chosento be 100. Oncethe baseclustersare obtained,the
clusterpuri cation stepis performedto prune avay weak clus-
ters. Theremainingclustersarethenrepresenteéh theform of a
matrix, asdescribecearlie; andPCA is appliedto reducethe di-
mensions.We selectthe numberof dimensionghat capture95%
of thetotal variance.We thenperformconsensuslusteringusing
threealgorithms- theagglomeratie hierarchicaklgorithm(PCA-
agglo), the repeatedisectionsdivisive algorithm (PCA-rbr) and
the soft consensugPCA-softagglo)algorithm. We also investi-
gatethebene ts of weighted(Wt-agglo)consensuslustering for
comparison.

To comparewith our consensutechniquewe usethethreeen-
semblealgorithmsproposedby Strehlet al [31] - CSRA, HGPA
andMCLA, andtwo ensemblelgorithms- Balls (CE-balls)and
Agglomeratve (CE-agglo)proposedby Gionis et al [17]. The
latter two algorithmsdo not acceptthe requirednumberof clus-
tersasa parameter Whenwe usedthe default settingsfor both,
with a distancematrix basedon shortestpath distancesthe CE-
agglo algorithm produced2121 clustersand the CE-balls algo-
rithm yielded 2783 clustersfor the 4928 proteins. Most of these
clusterscontainedonly singletonsor pairs. Also, the CSRA algo-
rithm ranout of memoryfor this datasetlt seemgo be conducve
only for smalldatasets.

Modularity and NMI: First, we comparethe consensuslgo-
rithmsin termsof their Modularity and AverageNormalizedMu-
tual Information scores. Figure 3 shavs the comparatie results
in termsof boththesemetricsfor 4 consensumethods.The CE-
aggloand CE-ballsalgorithms,aswe mentionedearlier resulted
in alarge numberof clusters,mostof which containedonly sin-
gletonsandpairs.” Hence,the modularityandNMI scoreswere
very low for theseclustersandarenot presentedhere.

It canbe obsered thatthe PCA-ayglo and PCA-rbr algorithms
performthe bestwith high scoresn termsof bothmetrics.
Domain-basedEvaluation: We proceedto evaluatethe clusters
obtainedfrom the consensuslgorithmsusing the domain-based
metric. Figure 4 shavs the comparisonin termsof Clustering

71124 0f the 2121 cIustersproducedbE the CE-aggIoaI%orithm
containedsingletonswhereador the CE-ballsalgorithm,19390f
the2783clusterscontainedsingletons.
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Scorefor theBiological ProcessMolecularFunctionandCellular
Componenbntologies.Sincethe CE-aggloand CE-ballscontain
alarge numberof singletonsthey have very few signi cant clus-
ters. ThePCA-basedonsensumethodsonceagaindo betterthan
all the otheralgorithms.The PCA-gyglo and PCA-rbr algorithms
provide the bestclusteringscoesoverall. The CE-ballsandCE-
agglo, dueto the large numberof singletonsand pairs, perform
the worst, with very poor Clusteringscoresfor all threeontolo-
gies. The Wt-aggloconsensumethodhaspoorresultsdueto the
factthatit produces$5 singletonclusters However, we foundthat
out of the other45 clusters,mostweresigni cant. The factthat
notall proteinswereclusteredy the weightedconsensusmethod
suggestshatpruningwith PCAis a betteroption.

Next, we further analyzethe clustersobtainedwith the PCA-
basedconsensuslustering. We considerthe clustersobtainedoy
thePCA-rbralgorithmandcomparghemagainsthe MCLA algo-
rithm, whichwasthebestof theotherconsensumethodsve com-
paredagainst.Figure5 shavs thecomparisorbetweerthetwo al-
gorithms,in termsof p-valuedistribution of the clustersobtained,
for the Molecular Functionontology®. The p-value distribution
of the metisbasealgorithmis alsoprovided for reference They-
axis, in this case,correspondso -log(pvalue), which meansthat
highervaluescorrespondo betterbiologicalsigni cance.We nd
thatboththe consensualgorithmsoutperformthe baseclustering

8The plots for the othertwo ontologiesfollow similar trendsand
have beenomitteddueto lack of space.

algorithm,asexpected. The clustersobtainedusingthe PCA-rbr
algorithm consistenthyoutperformthe MCLA clustes in termsof
biological signi cance. The MCLA algorithmresultsin 84 sig-

Molecular Function

70 —=— PCA-Tbr

——Base_metis

MCLA

T T T T T
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Significant Clusters

Figure 5. P-waluedistribution Comparisorfor MolecularFunctionon-
tology

ni cant clustersfor the Molecular Functionontologywhereaghe
PCA-rbralgorithmprovides87. The bestclusterwe obtainwith
PCA-rbrfor this ontologyhasa p-valuescoreof 4.3e-58 Thebest
scoringclusterfor theMCLA algorithmhasamuchworsep-value
scoreof 2.73e-49.The best-scoringlusterfor the PCA-rbralgo-
rithm is composedf 64 proteins,amongwhich 31 areannotated
with the sameMolecular Function term GO:0004299- protea-
someendopeptidasactivity. In thewholegenomethereareonly
34 proteins(out of 6700 annotatecproteinsin the databasejhat
areassociatedvith this term. This resultstronglyemphasizethe
quality of the clusterswe obtainedwith the PCA-rbr algorithm.
Suchhigh-quality clustersare essentiafor predictingunknavn
functionsof proteins. For instancen the samecluster thereex-
ist severalproteinssuchasYPL0O66W YCR001W YBR204Cand
YLRO40C thathave not beenpreviously annotatedvith a knovn
Molecular Function Theseresultscan be very effective in ex-
plaining and guiding wet-lab experimentsfor further analysisof
therelationbetweertheseproteinsandthe speci ed GO term.

In the caseof MCLA, we obtaintwo clustersthat are signif-
icantly annotatedvith the sameGO termproteasomendopepti-
daseactivity. One of theseclustershas12 proteins(out of 40)
andthe otherhas20 (out of 50) thatareassociatedvith thisterm.
The p-value scoresfor theseannotationsare 9.8e-20and1.9e-36



respectiely. Ontheotherhand,aswe previously statedthe PCA-
rbr algorithmis ableto assignalmostall theseproteins(31 out of
34)to asingleclusterwith a p-valuescoreof e-58.

Theseresultsfurtherdemonstratéheeffectivenesof thePCA-
basectlusteringapproachn nding biologicallymeaningfulgroups
for thePPIdataset.

4.3.3 Comparisorwith MCODEandMCL

Next, we compareour consensutechniquewith two algorithms
commonlyutilizedfor extractingfunctionalmodulesrom PPIgraphs
- MCODE andMCL. A recentstudy[6] thatcomparedheseal-
gorithms(amongothers)shaved thatthe MCL algorithm,in par
ticular, wasvery effective in identifying proteincomplexes from
proteininteractionnetworks. We wish to investigatethe bene ts
of ensemblelusteringwhencomparedo thesetwo algorithms.

We usedthe MCODE and MCL algorithmto extract clusters
from the PPI graph. We usedthe default settingsfor MCODE
(uf f option setto 0.1, modescorecut-off setto 0.2, degreecut-
off setto 2), and obtained59 clusters. One major dravback of
this algorithmis thatnot all the proteins(vertices)in the network
areclusteredTheclusterswe obtainedconsistef only 794 pro-
teins(out of 4928).Fromthe domain-basedetric,we foundthat
amongtheses9 clusters 46 clustershadsigni cant Cellular Com-
ponentannotations40 clustershad signi cant Molecular Func-
tion and50clustershadsigni cant Biological Processannotations.
Ontheotherhand,theMCL algorithmgenerated 246clustersfor
the 4928proteins.However, on examination,we found that most
of theseclusterswereinsigni cant. Only 277 outof the1246were
signi cant for Biological Process

Thep-valuedistributionsfor the50bestclusterdor PCA-agglo,
MCODE andMCL for theBiological Procesontologyareshavn
in Figure 6. Note thatthe graphillustratesimprovementsacross
the boardandnot merelyamongthe bestclusters. The MCODE
algorithmproducesonly 50 signi cant clustersfor this ontology
Thebiologicalsigni canceof theseclusterds very poorcompared
to theothertwo. Thetop 50 of these277 clustershave consistently
lowersigni cancethanthePCA-aggloclustersascanbeobsered
fromthe gure.

Comparison with Mcode and MCL ——PCAaggo
70 Mcode

=MoL

1 3 5 7 9 1113151719 2123252729 31333537 394143454749
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Figure 6. P-valuedistribution Comparisowith MCODE andMCL for
Biological Proces®ntology

ThePCA-aggloalgorithmyieldeda large percentage of signif-
icant clustes (90 out of the 100 clustersweresigni cant for Bio-
logical Proces$andwith smallp-values(highvaluesof -log(pvalue)).

Algorithm | Modularity
PCA-agglo 0.471
PCA-rbr 0.46
MCLA 0.4T
MCL 0.217
MCODE 0.372

Table 1. Modularity scorescomparison

Moreover, PCA-aggloclusteredall 4928 proteinswhereasn the
caseof MCODE, a majority of the proteins(around85%) were
unclusteredlIn the caseof MCL, thetop 30 clustersareof much
lower signi cancethanthe PCA-aggloclusters althoughthe two
algorithmsbecomecomparablesubsequently

Whenwe comparedhemodularityscoresye onceagainfound
the PCA-basedmethodsoutperformingMCODE and MCL. The
modularity scoresaregivenin Table 1 belon. As we mentioned
earliet MCL produceda large numberof clustersandmostof the
proteinsin the clustersweresparselyconnected.SinceMCODE
did not clusterall proteins,we only consideredgesamongthe
proteinsclusteredto computethe modularity The resultsshav
thattheensemblenethodroducedenserclusterswith the PCA-
aggloalgorithmperformingthe bestoverall.
Qualitati ve Comparison with MCODE: We analyzethe highest
ranked clusterobtainedoy MCODE andthe correspondind®CA-
aggloclusterusingthe Cellular Componenbntologyto compare
the effectivenessof thesealgorithmsin termsof identifying pro-
tein complexes. The bestscoringclusterin MCODE (with score
5.615)is composedof 26 proteinsamongwhich 15 belongto
a known complex proteasomeegulatory particle (GO:0005838).
This groupingis associatedvith a small p-value of 8.5e-34.0n
the otherhand,the PCA-aggloclusterthatincludesa majority of
thesameverticeshas21 proteinsbelongingto the proteasomeegy-
ulatory particle complex. The signi cance of this resultcanbe
accentuatedby the factthatout of the 6700annotategroteinsin
the GO databasethereexist only 23 proteinsannotatedwvith this
complex. PCA-agglogroups21 of themin one cluster(p-value
7.6e-49). The correspondinglustersproducedby the two algo-
rithmsareplottedin Figure7 (a) and(b). Thewhite verticesrep-
resentproteinsthatareknown to be partof this complex whereas
theblackonesdonothave aknown annotatiorin GOfor thatterm.
As canbeseerfrom thesetwo clusterstheclusterobtainedoy the
PCA-aggloalgorithmis densercomparedo the MCODE cluster
In theMCODE cluster thereexist two separatelenseegions,one
composedf proteinsin the proteasomeegulatory particle com-
plex andtheothercomposedf proteinsin thesnRNPU6 comple
(G0:0005688)This exampleindicateghatPCA-agglocanobtain
denseandhomogeneouslusters.

Qualitati ve Comparisonwith MCL: Next, we compareheclus-
tersobtainedby the MCL algorithmwith the onesfrom PCA-rbr.
TheMCL algorithmpartitionedourinteractionnetwork into 1246
clusters. Among theseonly 277 of themhad signi cant Biologi-
cal Processannotations 216 of hadsigni cant Molecular Func-
tion and 226 of them had signi cant Cellular Componentanno-
tations. This meantthat, around900-10000f the clustes were
insigni cant. Onthe otherhand,out of the 100 clustersproduced



Figure 7. a)MCODECclusterb)PCA-agglocluster

by PCA-rbrthereexist 89 clusterswith signi cant Cellular Com-
ponentannotations87 clusterswith signi cant Molecular Func-
tion annotationsand 90 clusterswith signi cant Biological Pro-
cessannotationsAlthoughMCL is ableto producemoreclusters,
theprecision(percentagef signi cant clustersyandthebiological

signi cancewithin the clustersis low.
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Fi%;ure 8. P-waluedistribution Comparisorwith PCA-rbrandMCL for
Biological Proces®ntology

For ouranalysiswe consideredhe clusterswith signi cant Bi-
ological Processannotationdor the two algorithms. The corre-
spondingdistributionsfor the top 47 ° clustersareshavn in Fig-
ure 8. The MCL algorithmgrouped1940 proteinsinto 277 sig-
ni cant clusterswith averageclustersizeof 7. AlthoughPCA-rbr
algorithmidenti es only 90 clusterswith signi cant annotations,
4145proteinsaregroupednto theseclusters(averageclustersize
is 46). To assesshe biologicalhomogeneityof theseclusterswe
label eachof theseclusterswith the mostsigni cant GO annota-
tions (p-values). Accordingly the mostsigni cant annotatiorfor
MCL clusterdfor theBiological Processontologyhasa p-valueof
7.15e-46whereaghe mostsigni cant annotatiorfor the PCA-rbr
clusterds 2.38e-58 Furthermorethe averagep-valuesfor all sig-
ni cant clustersof MCL is 1.2e-04whereadhe averagefor PCA-
rbr clustersare 1.4e-05. Theseresultsshaw that MCL produces
manysmall-sizedclustes which are not as hom@eneousas the
clustes obtainedby the PCA-rbr algorithm

Tofurtheranalyzetheeffectivenes®of thesealgorithmsfor pro-
tein complex identi cation purposeswe comparedhe mostsig-

%Theremainingclustershave comparablgvalues

10

ni cant clusterobtainedby MCL algorithmaccordingto the Cel-

lular Componenbntology with its counterparamongthe PCA-

rbr clusters.The bestclusterproducecdby the MCL algorithm(for

this ontology)groups31 proteins,amongwhich 26 areknown to

bepartof organellarlarge ribosomalsutunit (GO:0000315) This

arrangemenis associatedvith a p-valueof 5.7e-56.To nd the
correspondind®CA-rbr cluster we identi ed the clusterthat in-

cludesthemostnumberof proteinsfrom this cluster As expected,
the correspondind®CA-rbr clusteris alsoenrichedwith the pro-

teinsthatareassociatedvith organellarlarge ribosomalsutunit .

Thereexist 30 proteins(out of 40) in the correspondind®CA-rbr
clusterwhich have known annotationsvith this complex (p-value
is 1.3e-62).This clusterincludesall 25 proteinsthatarecorrectly
put togetherby the MCL algorithm aswell as5 other proteins
(IMG1, MRP7,MRPL17, YDR115W MRPL15) from the same
complex thatMCL fail to locateinto this cluster This illustrative

exampleshaws thatthe PCA-rbr clustess are larger and more ho-

maogeneousand may hencebe bettersuitedfor the extraction of

proteincompleces.

4.3.4 SoftClustering

As we mentionedearlier mary proteinsin PPl networks are
believedto exhibit multiple functionalities,interactingwith differ-
ent groupsof proteinsfor differentfunctions. To identify these
multi-facetedproteins,we usedthe soft-clusteringvariant of the
PCA-aggloalgorithm,which allows proteinsto belongto multiple
clusters.The algorithmidenti es proteinsthathave high propen-
sity for multiple membershipWe usea strict thresholdof 0.2 and
assigna proteinto an alternateclusteronly if its averageshortest
pathdistanceto the clusteris belov 0.2. Whenwe obtainthe soft
clusters,we found that a majority of the proteinsthat had multi-
ple membershipwvere hub proteins(proteinswith high degrees).
This is consistenwith our initial assumptionsincehub proteins
arelikely to bewell-connectedndarebelievedto exhibit multiple
functionalities.

To emphasizethe bene ts of performing soft clustering,we
provide anillustrative example.

CKAL is amulti-facetechub protein,involvedin multiple cel-
lular eventssuchas maintenancef cell morphologyand polar



ity, andregulatingthe actin andtubulin cytoskeletons. Whenwe
analyzethe baseclusteringsusing the clusteringscoreswe nd
that the baseclusteringsassociatethis hub proteinin different
groups. Threeof the basealgorithms(direct-betweennessbr-
clusteringcoefcient andrbr-betweennesgjroup CKA1 with all
the other proteins (CKB1,CKB2,CKA2) in protein kinase CK2
comple. Ontheotherhand,the direct-clusteringoefcient base
algorithmgroupedCKAL1 togethemith 33 otherproteinsthattake
partin RNA metabolismand the metis-betweennedsasealgo-
rithm clusterst with proteinsassociatedvith cell organizatiorand
biogenesiq23 other proteins). Theseresultsindicate that most
of the baseclusteringalgorithms(exceptmetis-clusteringcoef-
cient) are ableto assigna multi-facetedproteinto a clusterthat
includesproteinsassociatedvith one of its functions. A hard
consensuslusteringalgorithmcanonly associate€KAL with the
most popularterm. Accordingly the pca-aggloconsensuslgo-
rithm groupsCKA1 with the protein kinase CK2 comple pro-
teinsin consensusvith the majority of the basealgorithms. This
cluster in which CKA1 hasbeenplacedby the PCA-aggloal-
gorithm, hasfew proteinsassociatedvith the cell organization
andbiogenesidunctionality Thesoftclusteringalgorithm,onthe
otherhand,placesCKAL into 3 clusterswith signi cant enrich-
mentscores.One of theseclustersis consistsof proteinsassoci-
atedwith RNA metabolismwith a signi cant p-value of 1.4e-23.
The secondclusterincludesall proteinkinaseCK2 comple pro-
teins(1.6e-09)whereaghethird clusteris composedf cell orga-
nizationandbiogenesigproteins(4.8e-16). This exampleclearly
shaws that soft consensuslusteringcanleadto the discovery of
multiple functionalitiesfor proteins.Thebene t of ensemblelus-
teringis onceagainevident, sincethe differentbaseclusteringal-
gorithmsuncover different functionalities which canbe summed
up adequatelyy the soft consensuslusteringalgorithm.

In our earlierwork [33] we developeda soft clusteringmethod
basedon hub-duplicationfor the PPl dataset.Now, we compare
the performanceof the PCA-basedsoft consensusnethodwith
the hub-duplicationtechnique. The p-value distributionsfor the
Biological Procesntology™® is shawn in Figure9. It canbe ob-
senedthatthe PCA-soft-giglo methodconsistentlyieldsclustes
with higherbiological signi cancethanthe hub-duplicatiortech-
nique. It canbe hypothesizedhat the good performanceof the
softensemblalgorithmis dueto thefactthatit assimilateshere-
sultsof differentbaseclusteringswhereagypical soft clustering
algorithmsusea singleclusteringcriterion.

5. Conclusion

In this paper we have presentecan ensembldramenork for
partitioningPPlInetworks. To obtaininformative baseclusterswe
have developedtwo topologicalmetricsthatcancounteractheef-
fect of noisy (falsepositive) interactionsin the PPl network. We
have presented detailedconsensugechniqudnvolving Principal

9The plotsfor the molecularfunctionandcellular componenbn-
tologiesfollow similar trendsand have beenomitted dueto lack
of space.
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Figure 9. P-valuedistribution Comparisorfor Soft Clustering

ComponentAnalysis (PCA), designedto scaleto large datasets
andreducehedimensionalityof theconsensudeterminatiorprob-
lem. Additionally, we have introducedtopology-basedruning
stratgiesto complemenPCA in thetaskof eliminatingredundant
andnoisy data. Finally, we have presented soft consensuslus-
tering algorithm, thatis designedo discover multiple functional
associationgor proteins. Our thoroughempirical evaluationand
comparisonof theseconsensuglusteringalgorithmswith other
state-of-the-arapproachesising topological, information theo-
retic anddomainspeci c validationmetrics,demonstratéhatthe
proposed®CA-basedlgorithms apartfrom the scalabilityadvan-
tage,canleadto consensuslusterswith high efciency. Also,
the PCA-basedsoft consensuslusteringalgorithm provesto be
very effective in identifying multiple functionalitiesof proteins.
The qualitatve comparisonof our clusterswith thoseof popular
algorithmssuchasMCODE andMCL revealsthatensemblalgo-
rithms canyield larger, denserclusterswith improved biological
signi cance. In the future, we would like to focuson extensions
for the basealgorithms.Also, we would like to extendthe notion
of ensembleto inculcatedomainbiasfor fusinginformationfrom
multiple experimentalndin-silico PPInetworks.
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