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Abstract
Protein-Protein Interaction (PPI) networksare believedto be

importantsourcesof informationrelatedto biological processes
andcomplex metabolicfunctionsof thecell. Thepresenceof bio-
logically relevant functionalmodulesin thesenetworkshasbeen
theorizedbymanyresearchers. However, theapplicationof tradi-
tional clusteringalgorithmsfor extracting thesemoduleshasnot
beensuccessful,largely due to the presenceof noisy falseposi-
tive interactionsas well as speci�c topological challenges in the
network.In this paper, weproposean ensembleclusteringframe-
work to addressthis problem. For baseclustering, we introduce
two topology-baseddistancemetricsto counteract the effectsof
noise. We developa PCA-basedconsensusclusteringtechnique,
designedto reducethe dimensionalityof the consensusproblem
and yield informativeclusters. We also develop a soft consen-
susclusteringvariant to assignmultifacetedproteinsto multiple
functionalgroups. We conductan empiricalevaluationof differ-
entconsensustechniquesusingtopology-based,informationtheo-
reticanddomain-speci�cvalidationmetricsandshowthatour ap-
proachescan provide signi�cant bene�tsover other state-of-the-
art approaches. Our analysisof the consensusclusters obtained
demonstratesthat ensembleclusteringcan a) produceimproved
biologically signi�cant functionalgroupings;andb) facilitatesoft
clusteringbydiscoveringmultiplefunctionalassociationsfor pro-
teins.

1. Intr oduction

Proteinsarecentralcomponentsof cell machineryandlife. In
fact,asnotedby Kahn [21], it is theproteinsdynamicallygener-
atedbya cell thatexecutethegeneticprogram. Meringet. al. [36]
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notethat,to fully understandcell machinery, simply listing, iden-
tifying and determiningthe functionsof proteinsin isolation is
not enough– (clustersof) interactionsneedto be delineatedas
well, sinceproteinswork with otherproteinsto regulateandsup-
port eachother for speci�c functions. Recentadvancesin tech-
nologyhave enabledscientiststo determine,identify andvalidate
pair-wiseproteininteractionsthrougharangeof experimentaland
in-silico methods[13, 14, 26, 35]. Suchdatacan be naturally
representedin the form of interactionnetworks. The taskof ex-
tractingrelevantgroupingsor functionalmodulesfrom suchinter-
actionnetworks, for the purposesof understandingthe behavior
of organisms,proteinfunctionpredictionanddrugdesignis chal-
lengingand an active areaof research[7, 19, 38, 39, 34]. The
challengesinvolvedaremanifold.

First,is theissueof dataquality. Differentexperimentalandin-
silico methodscanbeusedto computeinteractions,eachwith its
own strengthsandweaknesses[13, 14,26,35]. Often,theoverlap,
in termsof commoninteractionsacrossexperimentalsettings,is
not veryhigh. An addedcomplexity is thatthedataobtainedfrom
suchmethodsis believed to be quite noisy - many interactions
areconjecturedto be falsepositives. Integratingdatafrom such
sourcesyields interactionnetworks that are inherentlynoisy [4].
To addressthis problem,variousresearchershave examineddata
preprocessingtechniquesto identify andeliminatepotentialfalse
positives(andto identify potentialfalsenegatives)by examining
thetopologicalcharacteristicsof suchnetworks[34, 9, 28].

Second,evenif thenetwork is assumedto benoisefree,parti-
tioningthenetwork usingclassicalgraphpartitioningor clustering
schemesis inherentlydif�cult. A commoncharacteristicof PPI
networksis that,afew nodes(hubs)haveverylargedegrees,while
mostothernodeshave very few interactions.Applying traditional
clusteringapproachestypically resultsin aclusteringarrangement
thatis quitepoor– containingoneor a few giantcoreclustersand
several tiny clusters(possiblysingletonclusters).To addressthis
problem,researchershave reliedon variousre�nementsthat take
into accountdomainexpertiseand topological information (e.g.
targetingscale-freenetworks) to constrainthe clusteringprocess
resultingin animprovedclusteringarrangement[29, 16].

Third, someproteinsarebelieved to be multi-functional– ef-
fective strategiesfor soft clusteringof theseessentialproteinsare
needed.This dictatesthe needto leverageor adaptsoft cluster-
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ing approaches.To addressthis problem,recentresearchhasex-
aminedstrategies suchas hub duplication [33] and partitioning
theline-graphtransformof theoriginal PPInetwork. Theformer
ensuresthe 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
dictatetheeventualsetof proteinclusters[25].

In this work we examinean alternative approach,ensemble
clustering,to resolve thesethreeproblemssimultaneously. En-
sembleclusteringhasbeenproposedin the literatureas a use-
ful approachto strengthenthe quality of simpleclusteringalgo-
rithms [15, 17, 32, 31]. The goal is to combinemultiple, di-
verseandindependentclusteringarrangementsto obtaina single,
comprehensive consensusclustering.Empiricalevidencehassug-
gestedthat intelligent combinationof theseclusterscan lead to
novel andmeaningfulclusterstructures,even in the presenceof
noise[32]. We shouldalsonotethat, onecanweight individual
clusteringarrangementsaccordingto their strengthsand weak-
nesses,potentiallyaddressingthefusionproblem1.

However, naively applyingensembleclusteringto theproblem
at handwill not work. Therearecertainkey questionsthat need
to beresolved. First, whatarethebaseclusteringmethodsto use
for processingPPInetworks?An appealingoptionhereis to lever-
agedomainandtopologicalinformationto identifygoodcandidate
baseclusteringmethods.Second,clusteringensemblestypically
do not scalevery well – building a consensusis expensive andis
affectedby thedimensionalityof theproblemon hand.An attrac-
tive optionhereis to investigatetheuseof traditionaldimension-
ality reductionoptionsto improve thescalabilityof theconsensus
building step. Third, are thereways in which onecanmake the
ensembleclusteringmorerobustto noiseeffects?For example,by
developingsuitablepruningor weightingstrategies. Fourth, the
existing literatureon ensembleclusteringalgorithmsis limited to
hardclusteringproblems– canoneadaptsuchapproachesfor soft
clustering?Facedwith thesechallengesour contributionsare:

� We have designedandevaluatedthe useof two topology-
drivendistancemetricsfor network clustering.Weusethree
traditionalgraphpartitioningalgorithmswith the two met-
rics to obtainsix baseclusteringsthat arediverseand yet
informativeaboutthetopological propertiesof nodesin the
network.

� We have designedandevaluateda consensusmethodthat
relies on Principal ComponentAnalysis(PCA) to reduce
thedimensionalityof theconsensusdeterminationproblem.
The ensemblesolution on the reduceddimensionalspace
can thenbe ef�ciently computedusing traditionalconsen-
susmethods.

� Wehavealsodevelopedatopology-drivenstrategy for prun-
ing weakbaseclusters thatsigni�cantly improvesthequal-
ity of theresultingensembleclusterarrangement.

1This aspectis not consideredin this paperbut we believe the
approachis naturallyamenableto fusing information from mul-
tiple experimentaland in-silico interactionnetworks inculcating
domainbias.

� We have designedanadaptationto theabove approachthat
allowsfor softensembleclusteringof proteinsin interaction
networks. This enablesour methodto modelandaccount
for multi-facetedproteins.

� Weconducta detailedempiricalevaluationandcomparison
of our approacheswith otherstate-of-the-artalgorithmson
the PPI network of budding yeast(SaccharomycesCeriv-
isiae). Weusetopological,informationtheoreticanddomain-
speci�c clustervalidationmetricsto evaluateandmodulate
the improvementsgainedfrom eachcomponentof thepro-
posedensembleclusteringmethodology.

Our experimentalresultsshow thatouralgorithmscanprovide
signi�cant improvementin clusterquality acrossthe board(not
just thetopclusters),whencomparedto previously reportedmeth-
ods.We alsoshow thatensembleclusteringcaneffectively facili-
tatethediscovery of multiple functionalassociationsfor proteins.

2. RelatedWork

Many clusteringalgorithmsof varioustypeshave beenapplied
toanalyzePPInetworks.Bader[5] proposedthethree-stageMolec-
ular Complex Detection(MCODE) algorithmto identify densely
connectedregions from a PPI graph. First, eachvertex of the
graphis associatedwith aweightbasedonthelocalneighborhood
densityof that vertex. Second,clustersare createdaroundthe
top-weightedvertices(seedvertices)by iteratively addinghigh-
scoringverticesto thecluster. Finally, clustersthatarenot dense
enoughareeliminatedfrom the�nal setof partitions.

The MCL algorithm (Markov Clustering)[12], proposedby
Dongenis a fastandscalableunsupervisedclusteringalgorithm
for graphs,basedon the simulationof stochastic�o w in graphs.
Thealgorithmsimulatesrandomwalkswithin a graphby alterna-
tion of two operatorscalledexpansionandin�ation. Eventually,
theiterationresultsin theseparationof thegraphintodifferentseg-
ments(clusters).A recentstudy[6] comparedfour clusteringal-
gorithms,- Markov CLustering(MCL), RestrictedNeighborhood
SearchClustering(RNSC),SuperParamagneticClustering(SPC),
and Molecular Complex Detection(MCODE) , on six protein-
protein interactionnetworks to identify proteincomplexes. The
clustersobtainedfrom thealgorithmswerecomparedwith known
annotatedcomplexes. Their conclusionwasthatMarkov Cluster-
ing (MCL) algorithmfar outperformedtheotheralgorithmsin the
extractionof complexesfrom interactionnetworks.

Theensembleclusteringproblemhasbeenstudiedpreviously
in themachinelearningcommunityby many researchers,although
it hasbeenappliedmainly to smallclassi�cationdatasetsthusfar.
Fredetal [15] mapclusteringsproducedby multiplerunsof thek-
meansalgorithmwith differentinitializationsinto aco-association
matrix. They then apply a hierarchicalsingle-link algorithm to
partition this matrix into the �nal consensusclusters. In a later
work, Topchy et al [32] also presenttwo approachesto prove
theeffectivenessof aclusterensemble- usingplurality votingand
usinga metricon thespaceof partitions.
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Gioniset al [17] provide a formalde�nition to theproblemof
clusteraggregationanddiscussa few consensusalgorithmswith
theoreticalguarantees.The algorithmsthey proposeusethe dis-
tancematrixrepresentationandaresuitablemainlyfor smalldatasets.
The Agglomerative algorithm proposedby Gionis et al merges
clustersthat have distanceslessthan1/2, which is a hard-coded
threshold.If a point hasdistancegreaterthanhalf with all other
clusters,it is placedin a clusterby itself. The Balls algorithm
tries to �nd ball-shapedclusters,groupingtogetherproteinsthat
arecloseto eachotherandfar from othernodes. Both theseal-
gorithmshave beenevaluatedonly on small categorical datasets.
They have not beenevaluatedon large graphdatasets.We use
thesetwo algorithmsfor comparisonwith our techniques.

StrehlandGhosh[31] de�ne theclusterensembleproblemas
anoptimizationproblemandaimto maximizethenormalizedmu-
tual informationof theconsensusclusteringfrom the initial clus-
tersobtainedfrom tenbaseclusteringalgorithms.They usea hy-
pergraphrepresentationwith ann� m matrix,wheren is thenum-
berof pointsandm is thetotal numberof clustersin all theclus-
terings. They introducethreedifferentalgorithmsto obtaincon-
sensusclusterings,namelyCluster-basedSimilarity Partitioning
(CSPA), HyperGraphPartitioning (HGPA), andMeta-Clustering
(MCLA) algorithms.In CSPA, they constructa similarity matrix
from the clustersobtainedfrom the baseclusteringalgorithms.
This similarity matrix is treatedas a weightedgraphand parti-
tionedusingtheMetis[22] algorithmto obtaintheconsensusclus-
tering.In HGPA, thegoalis to �nd ahyperedgeseparatorthatpar-
titions thehypergraphinto k unconnectedcomponentsby cutting
a minimal numberof hyperedges.TheHMetis algorithmis used
for this purpose.In MCLA, themain ideais to grouprelatedhy-
peredges(baseclusters)to obtainmeta-clusters.A representative
clusteris obtainedfor eachmeta-cluster. Finally, eachdatapoint
is comparedwith the representative clustersandassignedto the
meta-clusterit is mostassociatedwith. Weusethesethreeensem-
bleconsensustechniquesin our evaluation.

3. Algorithms

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

3.1 Similarit y metrics
We introducetwo differentsimilarity metricsdesignedto cap-

ture diversetopologicalpropertiesof PPI networks. Our goal is
to weightedgesof thePPInetwork to re�ect thereliability of the
correspondinginteractions. Accordingly, edgeswith low values
of weightswill indicatepotential falsepositive (noisy) interac-
tions. Clusteringalgorithmscanthenusetheseweightsto elim-
inatenoisyedgesandyield meaningfulpartitions.To assignsuit-
ableweights,wefocusontwo differenttopologicalfeatures- Clus-
teringCoef�cient andEdgeBetweenness.

3.1.1 Clusteringcoef�cient­based

The �rst similarity metric is basedon the Clusteringcoef�-

cient, a popularmetric from graphtheory. The clusteringcoef�-
cient [37] is a measurethat representsthe interconnectivity of a
vertex's neighbors.The clusteringcoef�cient of a vertex v with
degreekv canbede�ned asfollows:

CC(v) =
2nv

kv (kv � 1)

wherenv denotesthenumberof trianglesthatgo throughnodev.
Essentially, if the edgebetweentwo nodescontributessignif-

icantly to the clusteringcoef�cients of the nodes,thenthe nodes
areconsideredsimilar andshouldbe clusteredtogether. To cal-
culatethe similarity of nodesvi and vj , we �rst calculatetheir
clusteringcoef�cients asCCv i andCCv j . We thenremove the
interaction(edge)betweenthesenodesand re-calculatethe clus-
teringcoef�cient of eachnodeasCC

0

v i
andCC

0

v j
. Thedifference

betweenthesetwo valuesrepresenttheimportanceof theedgefor
eachnode.Accordingly, theClusteringcoef�cient-basedsimilar-
ity of two nodesis thencalculatedasfollows:

Scc (vi ; vj ) = CCv i + CCv j � CC
0

v i
� CC

0

v j

Notethatif two nodesarenot linkedin theoriginalnetwork, their
Clusteringcoef�cient-basedsimilarity scoreis zero. Thesimilar-
ity scoresarenormalizedinto therange[0-1] usingmin-maxnor-
malization.

3.1.2 Betweenness­based

Thesecondmetricis basedontheShortest-pathEdgebetween-
nessmeasure,which was�rst introducedby Newmanet al [23].
It is a popularmeasurefor clusteringnetworks in sociologyand
ecologyto obtain communities. This measurefavors edgesbe-
tweencommunitiesanddisfavors oneswithin communities.The
Shortest-pathbetweennessmeasurecomputes,for eachedgein the
graph,the fraction of shortestpathsthatpassthroughit. To take
advantageof theglobal informationthat is capturedby theedge-
betweennessmeasure[24], we useit asa similarity metric,asfol-
lows.

Seb(vi ; vj ) = 1 �
SPij

SPmax

whereSPij is thenumberof shortestpathspassingthroughedge
ij andSPmax is themaximumnumberof shortestpathspassing
throughanedgein thegraph.Similar to thepreviousmetric, this
metric is de�ned only for connectedpairs and rescaledinto the
range[0-1] usingmin-maxnormalization.

3.2 Base algorithms

We usethreeconventionalgraphclusteringalgorithmsto ob-
tain thebaseclusters.

3.2.1 Repeatedbisections(rbr):

TheRepeatedbisectionsalgorithmis a top-down clusteringal-
gorithm that computesthe desiredk-way clusteringsolution,by
performinga sequenceof k � 1 repeatedbisections,wherek is
therequirednumberof clusters.Theinputmatrix is �rst clustered
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into two groups,afterwhich oneof thegroupsis selectedandbi-
sectedfurther. This processcontinuesuntil thedesirednumberof
clustersis found. During eachstep,a clusteris bisectedso that
theresulting2-way clusteringsolutionoptimizestheI2 clustering
criterionfunction,which is givenas:

I 2 = maximiz e
kX

i =1

s X

v ;u 2 S i

sim (v; u) (1)

wherek is the total numberof clusters,Si is the set of objects
assignedto the i th cluster, v and u representtwo objects,and
sim (v; u) is thesimilarity betweentwo objects.

3.2.2 Directk­waypartitioning (direct):

In this method,the desiredk-way clusteringsolutionis com-
putedby simultaneously�nding all k clusters. Initially, a setof
k objectsis selectedfrom the datasetsto act asthe seedsof the
k clusters. Then, for eachobject, its similarity to thesek seeds
is computed,andit is assignedto theclustercorrespondingto its
mostsimilarseed.This initial clusteringis thenrepeatedlyre�ned
to optimizetheI2 clusteringcriterionfunction.

3.2.3 Multilevel k­wayPartitioning (Metis):

Metis (kMetis) is a popularmultilevel partitioningalgorithm,
developedby Karypiset al [22]. It works in threephases:coars-
ening,initial partitioningandre�nement.In thecoarseningphase,
theoriginalgraphis transformedinto asequenceof smallergraphs.
An initial k-way partitioning of the coarsestgraphthat satis�es
the balancingconstraintswhile minimizing the cut value is ob-
tainedin thenext phase.During theuncoarseningandre�nement
phase,the partitioningis projectedbackto the original graphby
goingthroughintermediatepartitions.After projectingapartition,
a partition re�nementalgorithmis employed to reducethe edge-
cutwhile conservingthebalanceconstraints.

3.3 Consensus Metho ds

Usingthebasealgorithmswith thetwo topologicalmetricswe
discussedin the �rst subsection,we obtainsix setsof k clusters.
Our goal is to combinetheseindividual clusteringsto obtain a
meaningfulconsensusclustering. Given n individual clusterings
(c1 ::cn ), eachhaving k clusters,aconsensusfunctionF is amap-
ping from thesetof clusteringsto a single,aggregatedclustering:

F : f ci ji� 1; ::; ng ! cconsensus

Ideally, theconsensusclusteringneedsto berepresentative of the
individualcomponentclusterings.

3.3.1 PCA­basedConsensus

The consensustechniquewe proposeconsistsof threestages
- ClusterPuri�cation, DimensionalityReductionandConsensus
clustering.
Cluster Puri�cation:
It hasbeenwell documentedthat differentclusteringalgorithms
typically yield diverseclusterings[27, 32]. This is due to the

different criteria andsimilarity metricsemployed for clustering.
Hence,it is likely thatsomeof theclustersobtainedarelesscon-
sistentwith the topology of the original graphthan others. We
believe that suchclusterscontribute to noiseanddistort the con-
sensusfunction. To �nd theseclusters,we onceagainrely on a
topologicalmeasure.Wede�ne areliability measurefor eachclus-
ter, thatis basedonthetopologyof theproteinsin thecluster. The
shortestpath distancebetweentwo proteinsi and j is the min-
imum numberof interactionsin the original graphthat separate
them. For eachcluster, we computethe intra-clusterdistanceas
theaverageshortestpathdistancebetweenall pairsof proteinsin
thatcluster.

Cluster D istance(cl1) =

P
( i;j ) 2 Vcl 1

SP(i; j )

jVcl 1 j � D iam G
(2)

whereVcl 1 representsthe nodesin clustercl1 andSP(i; j ) rep-
resentstheshortestpathdistancein termsof numberof edgesbe-
tweennodesi andj . D iam G signi�es thediameterof theoriginal
PPIgraphandis usedfor normalization.Thereliability of acluster
is inverselyproportionalto its intra-clusterdistance.

Rel(cl1) =
1

Cluster D istance(cl1)
(3)

If thedistancebetweennodesin a clusteris high, it indicatesthat
theclusteris notverymodular. Hence,weuseathresholdvalueto
pruneaway weakclusters.We choosea thresholdvalueensuring
thateachproteinis representedin at least(1=3)r d of the reliable
subsetof clusters.

Dimensionality Reduction:
We thenrepresentthe remainingclustersin a binary format with
ann � m matrix,wherem is thetotalnumberof clustersobtained
usingall basealgorithms.Eachrow representsa point while each
columncorrespondsto a cluster. The value I(x,y) in the matrix
representstheindicatorfunctionof point x wrt clustercly .

I (x; cly ) =
� 1; if x 2 cly

0; otherwise

Even after pruning clusters,it is likely that the numberof di-
mensions(remainingclusters)is too large for the direct applica-
tion of clusteringalgorithms. For instance,in our case,we have
six algorithm-metriccombinationseachproducingk clustersafter
pruning.If thevalueof k is large,clusteringthe6� k-dimensional
pointswouldprove inef�cient, sincedistancemetriccomputations
that are integral to clustering,do not scalewell to high dimen-
sions[1].
To obtaina morescalableandef�cient representationfor cluster-
ing,weusethetechniqueof PrincipalComponentAnalysis(PCA).
Theideais to reducethenumberof dimensionsof thematrixwith-
out compromisingthe informationrequiredfor clustering.As we
describedabove, eachfeaturevector (row) in the matrix corre-
spondsto theclustermembershippatternof a node.Sincewe are
usinghardclusteringalgorithms,a nodecanoccuronly in 6 clus-
ters.For largevaluesof k, thebinaryfeaturevectorswill bevery
sparse.Also, sincetheoccurrenceof a nodein a clusteris not in-
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dependentof otherclustersin a clustering,thereis boundto bea
lot of redundancy in the featurevectors.Several researchers[18,
11,30] havesuggestedtheapplicationof dimensionalityreduction
techniques(suchasPCA) as a pre-processingstepto clustering
sparsehigh-dimensionaldata.PCA usestheeigendecomposition
of the correlationmatrix to �nd orthogonaldirectionswith total
maximumvarianceof projections.In ourcase,it canusethecorre-
lationsbetweentheclustermembershippatternsof nodesto elim-
inateredundanciesreducingthematrix to a morecompactrepre-
sentation,retainingonly discriminatoryinformation.Accordingly,
we convert the6 � k clustersinto a matrix andapplyPCA to re-
ducethenumberof dimensions.Traditionalclusteringalgorithms
canthenbeappliedon this reducedrepresentationwithoutperfor-
manceconcerns,to obtainconsensusclusteringarrangements.

ConsensusClustering:
To performconsensusclustering,we apply two differentconsen-
susclusteringalgorithmson thePCA representation- the Recur-
siveBisection(PCA-rbr) algorithm, which performedthebestof
the threebaseclusteringalgorithms,andthepopularAgglomera-
tive Hierarchical (PCA-agglo) algorithm. The agglomerative hi-
erarchicalclusteringalgorithmis a popularbottom-upclustering
algorithm. In this method,the desiredk-way clusteringsolution
is computedusing the agglomerative paradigmwhosegoal is to
locally optimize (minimize or maximize)a particularclustering
criterionfunction. Thealgorithm�nds theclustersby initially as-
signingeachobjectto its own clusterandthenrepeatedlymerging
pairsof clustersuntil eitherthedesirednumberof clustershasbeen
obtainedor all of theobjectshavebeenmergedinto asinglecluster
leadingto a completeagglomerative tree.

3.3.2 WeightedConsensus

An alternativeapproachto pruning,is to weightproteinsbased
on thereliability of theclustersthey belongto. Theintuition here
is that,if two proteinsarepresenttogetherin aclusterof poorreli-
ability, thecorrespondinginteractionbetweenthemcanbedeemed
to beof low signi�canceandgivena low weight. Thebaseclus-
tersobtainedcanbeusedto constructa new graph,with anedge
existing betweenproteinsiff they have beenclusteredtogetherat
leastonce. The weightsfor theseedgesare proportionalto the
reliability of theclustersthey belongto.

W eight (i; j ) =
pX

k =1

Rel(clk ) � M em(i; j; clk ) (4)

whereRel(clk ) is theReliabilityscoreof clusterclk andM em(i; j; clk )
is theclustermembershipfunction.

M em(i; j; clk ) =
�

1; if f (i; j ) 2 clk

0; otherwise

Theweightedgraphis thenclusteredusingtheAgglomerativeHi-
erarchical (PCA-agglo) algorithm.

3.3.3 SoftConsensusClustering

As we mentionedearlier, severalproteinsareknown to partic-
ipatein severalfunctionsin thecell. By assigningall proteinsto a
singleclustereach,we areinhibiting thenumberof functionsthat
canbediscovered.To overcomethis issue,we constructa variant
of thePCA-aggloconsensusalgorithmto performsoft clustering
of proteins. The hardagglomerative algorithmplaceseachpro-
tein into the most likely cluster to satisfy a clusteringcriterion.
However, it is possiblefor a proteinto belongto two clusterswith
varying degrees.Theprobabilityof a proteinbelongingto anal-
ternateclustercanbeexpressedasa factorof its distancefrom the
nodesin thecluster. If aproteinhassuf�ciently stronginteractions
with theproteinsthatbelongto a particularcluster, thenit canbe
consideredamenableto multiplemembership.Weusetheaverage
shortestpathdistanceto quantifythis measure.

P (i; clk ) = 1 �

P
j 2 Vcl k

SP(i; j )

jVcl k j � D iam G
(5)

whereSP(i; j ) denotesthe lengthof theshortestpathbetweeni
andj , D iam (G) is the diameterof the PPI graph,andVcl k de-
notesthenodesin clusterclk . Thealgorithmcomputestheprob-
ability for eachproteinandeachcluster. We usea global thresh-
old to assignall nodesthathave high propensitytowardsmultiple
membershipinto their respective alternateclusters.Note that,al-
thoughwe performthisoperationfor all nodes,thenodeswith the
highestprobability for multiple membershipare the hubsin the
PPI graph,which have beenhypothesizedto be multi-functional
in nature[20]. Owing to their high degrees,they aremorelikely
to interactwith proteinshaving differentfunctions.

Base Clustering

Topological
Metrics

Weighted 
GraphCluster Purification

Principal Component
Analysis

Final clusters

Base clustering arrangements

Agglomerative 
Clustering

Weights

Pruning

PCA-agglo Wt-agglo

Ensemble Framework

Consensus 
Clustering

PCA-soft-
agglo

Soft

Figure 1. Overview of the Ensembleframework. Note that although

we show only the agglomerative algorithmin the �gure, the rbr algorithm

canbeusedsimilarly

3.3.4 PuttingIt All Together

Figure 1 gives the overview of our ensembleframework. In
the �rst step,the two topologicalmetrics(ClusteringCoef�cient-
basedandBetweenness-based)areusedwith the threebaseclus-
teringalgorithmsto reducethenoisein thePPIgraphandproduce
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6 baseclusteringarrangements.In the consensusstage,the base
clustersobtainedaresubjectedto clusterpuri�cation to eliminate
noisy clusters. We describedtwo different techniques- pruning
andweighting. The prunedclustersare fed into the PCA algo-
rithm, which removesredundanciesandnoiseandyields a com-
pactrepresentation.The resultof thePCA stepis a reducedma-
trix that containsonly discriminatoryinformationfor proteinsto
beeasilyclustered.Alternately, theweightsbasedon clusterreli-
ability canbeusedto constructa new graph.For �nal consensus
clustering,we usetwo algorithmsasmentionedbefore- the Ag-
glomerative algorithmandtheRBR algorithm. Additionally, soft
clusteringcanbeperformedto clustercertainproteinsin multiple
clusters.

4. Experiments

4.1 Dataset

TheProtein-ProteinInteractions(PPI)network of buddingyeast
(SaccharomycesCerevisiae) has beenstudiedearlier in several
works[2, 34,33,38,39]. Thisdatasetisavailablefrom theDatabase
of InteractingProteins(DIP). It consistsof 17194interactionsbe-
tween4928proteins.

4.2 Validation Metrics:

Beforepresentingour experimentalresults,we would like to
describeour validationmetrics.We usebothdomain-speci�cand
generalmetricsto evaluatethequalityof theconsensusclusters.

4.2.1 Topological Measure: Modularity

The �rst metric we useis a topology-basedModularity met-
ric, originally proposedby Newman [23]. This metric usesa k
X k symmetricmatrix of clusterswhereeachelementdij repre-
sentsthefractionof edgesthatlink nodesbetweenclustersi andj
andeachdii representsthefractionof edgeslinking nodeswithin
clusteri . Themodularitymeasureis givenby

M =
X

i

(dii � (
X

j

dij )2)

4.2.2 InformationTheoretic Measure: Normalized
Mutual Information(NMI)

Anothermetricto evaluatethequalityof clustersobtainedis the
amountof mutual informationsharedbetweenclusterings.This
metricwasoriginally describedby Strehlet al [31]. They de�ne
theoptimalcombinedclusteringastheonethatsharesthemostin-
formation,in termsof mutualinformation,with theoriginal clus-
terings. Assumer groupingsdenotedas� = f � q jq� f 1; ::; r gg.
Supposetherearetwo clusterings� a and� b of sizeska andkb

respectively. Let nh be the numberof objectsin clusterCh ac-
cordingto � a , n l thenumberof objectsin clusterCl accordingto
� b andnh

l is thenumberof objectsin clusterCh accordingto � a

andin ClusterCl accordingto � b. The [0-1] normalizedmutual

information� N M I canbecalculatedasfollows:

� N M I (� a ; � b) =
2
n

�
l =1X

k a

h =1X

k b

nh
l � logk a � k b

nh
l � n

nh � n l

Theaveragenormalizedmutualinformation(ANMI) [31] between
a setof r labelings,� anda labelingnamed� i is de�ned asfol-
lows:

� N M I (� ; � i ) =
1
r

�
q=1X

r

� N M I (� i ; � q)

Here� is thesetof baseclusteringsand� i is theconsensusclus-
tering.

4.2.3 Domain­basedMeasure: ClusteringScore

For the PPI network, we needto test if the clustersobtained
correspondto known functional modules. This can be doneby
validating the clustersusingknown biological associationsfrom
theGeneOntologyConsortiumOnlineDatabase[3] 2. TheGene
Ontology(GO)databaseprovidesthreevocabulariesof known as-
sociations- Cellular Componentwhichrefersto thelocalizationof
proteinsinsidethecell,MolecularFunction whichrefersto shared
activities at the molecularlevel and Biological Process which
refersto entitiesat both thecellularandorganismlevels of gran-
ularity. Earlierworkshave usedthesethreeontologiesto validate
thebiologicalsigni�canceof clusters[34, 2, 33]. Weuseall three
annotationsfor validationandcomparison.3

Merely countingthe proteinsthat sharean annotationwill be
misleadingsincetheunderlyingdistribution of genesamongdif-
ferent annotationsis not uniform. Hence,p-valuesare usedto
calculatethe statisticalandbiological signi�cance of a groupof
proteins.The p-valuesessentiallyrepresentthechanceof seeing
thatparticulargrouping,or better, giventhebackgrounddistribu-
tion. Assumea clusterof sizen, with m proteinssharinga partic-
ular biologicalannotation.Also assumethat thereareN proteins
in thedatabasewith M of themknown to have thatsameannota-
tion. ThenusingtheHypergeometricDistribution, theprobability
of observingm or moreproteinsthatareannotatedwith thesame
GOtermoutof n proteinsis:

p � value =
nX

i = m

� M
i

�� N � M
n � i

�

� N
n

�

Smallerp-valuesimply that the grouping is not randomand is
moresigni�cant biologically thanonewith a higherp-value. A
cutof f 4 parameteris usedto differentiatesigni�cant groupsfrom
the insigni�cant ones. If a cluster is associatedwith a p-value
greaterthancutof f , it is consideredinsigni�cant. 5

As thep-valueof asingleclusteris statisticallynot representa-
tive, we de�ne a Clusteringscorefunctionto quantify theoverall
2http://db.yeastgenome.org/cgi-bin/GO/goTermFinder
3As of February1,2007,theGOdatabasecontains6700genesan-
notatedwith 1864cellularcomponent, 7527molecularfunctions
and13155biologicalprocesses.
4TheGO ontologyperformsmultiple hypothesistestingto adjust
thecutof f value.
5Weusedtherecommendedcut-off of 0.05for all ourvalidations.
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clusters,asfollows.

Cluster ing score = 1 �

P n S
i =1 min (pi ) + (n I � cutof f )

(nS + n I ) � cutof f

wherenS andn I denotesthenumberof signi�cant andinsignif-
icant clusters,respectively andmin (pi ) denotesthe smallestp-
valueof thesigni�cant clusteri . Hence,eachclusteris associated
with oneClusteringscorefor eachof thethreeontologies.

4.3 Exp erimen tal Results

4.3.1 Evaluationof SimilarityMetrics

We �rst evaluatethetwo similarity metricswe have developed
for baseclustering.In particular, we wish to validatethebene�ts
of usingweightedmetricsfor eliminatingnoise. To do this, we
applytheclusteringalgorithmsonanunweightedgraph,whereall
edgesaretreatedthe same(= 1). We thencomparethe clusters
obtainedusing the domain-basedClusteringscoremeasure.To
compare,we alsoimplementa neighborhoodmetricbasedon the
Czekanowski-Dicedistancemetric[8], whichhasbeenpreviously
employedfor clusteringPPIgraphs[10]. Theneighborhood-based
similarity metricis de�ned as:

Sn (vi ; vj ) = 1 �
jI nt (i )� I nt (j )j

jI nt (i ) [ I nt (j )j + jI nt (i ) \ I nt (j )j
(6)

Here,I nt (i ) andI nt (j ) denotethe adjacency lists of proteinsi
andj , respectively, and� representsthesymmetricdifferencebe-
tweenthesets.Notethatusingthismetric,nodesthatdonot inter-
actwith eachothermayhavenon-zerosimilarity if they havecom-
monneighbors.Thecomparison,in termsof Clusteringscoresfor
theRBR algorithm6, is given in Figure2. TheBetweennessand
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Figure 2. Domain-basedComparisonof BaseSimilarity Met-
rics

ClusteringCoef�cient-basedmetricshave high Clusteringscore
valuesfor all threeontologies.This indicatesthattheBetweenness
and ClusteringCoef�cient-basedmetricscan help reducethe ef-
fect of noise, leadingto meaningfulclusters.The Neighborhood
metric, on the other hand,performsworsethan the unweighted
scenario. The metric assignsnon-zeroscoresto pairs of nodes
thatarenot connectedin theoriginal graph,if they have common
6Thetrendsfor theothertwo clusteringalgorithmsaresimilarand
areomitted

neighbors.Theresultssuggestthatthisadditionof new edgescon-
tributesto increasednoisein thePPIgraph.

4.3.2 ConsensusClustering

Weusethethreegraphclusteringalgorithmswith thetwo topology-
basedmetricsto obtainsix independentbaseclusteringseach.Es-
timating the optimal numberof clusters,k, is a seriousissuein
clustering.Earlierapproaches[30] have suggestedusingtheratio
betweenthe inter-clusterandintra-clustersimilaritiesto estimate
the value. We usedboth similarity metricswith the Metis algo-
rithm to estimateclusterquality for differentvaluesof k. We per-
formedthesameoperationwith theothertwo algorithms.Finally,
oneof the valuesoptimal for all threealgorithmswaschosenas
the value of k. Accordingly, the value of k for the PPI dataset
waschosento be 100. Oncethe baseclustersareobtained,the
clusterpuri�cation stepis performedto pruneaway weak clus-
ters. Theremainingclustersarethenrepresentedin theform of a
matrix, asdescribedearlier, andPCA is appliedto reducethedi-
mensions.We selectthenumberof dimensionsthatcapture95%
of thetotal variance.We thenperformconsensusclusteringusing
threealgorithms- theagglomerative hierarchicalalgorithm(PCA-
agglo), the repeatedbisectionsdivisive algorithm(PCA-rbr) and
the soft consensus(PCA-softagglo)algorithm. We also investi-
gatethebene�tsof weighted(Wt-agglo)consensusclustering,for
comparison.

To comparewith ourconsensustechnique,weusethethreeen-
semblealgorithmsproposedby Strehlet al [31] - CSPA, HGPA
andMCLA, andtwo ensemblealgorithms- Balls (CE-balls)and
Agglomerative (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 shortestpathdistances,the CE-
agglo algorithm produced2121 clustersand the CE-ballsalgo-
rithm yielded2783clustersfor the 4928proteins. Most of these
clusterscontainedonly singletonsor pairs. Also, theCSPA algo-
rithm ranoutof memoryfor thisdataset.It seemsto beconducive
only for smalldatasets.

Modularity and NMI: First, we comparethe consensusalgo-
rithmsin termsof their Modularity andAverageNormalizedMu-
tual Informationscores.Figure3 shows the comparative results
in termsof both thesemetricsfor 4 consensusmethods.TheCE-
aggloandCE-ballsalgorithms,aswe mentionedearlier, resulted
in a large numberof clusters,mostof which containedonly sin-
gletonsandpairs.7 Hence,themodularityandNMI scoreswere
very low for theseclustersandarenotpresentedhere.
It canbe observed that thePCA-agglo andPCA-rbr algorithms

performthebestwith highscoresin termsof bothmetrics.
Domain-basedEvaluation: We proceedto evaluatethe clusters
obtainedfrom the consensusalgorithmsusingthe domain-based
metric. Figure 4 shows the comparisonin termsof Clustering

71124of the 2121clustersproducedby the CE-aggloalgorithm
containedsingletons,whereasfor theCE-ballsalgorithm,1939of
the2783clusterscontainedsingletons.
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Scorefor theBiologicalProcess, MolecularFunctionandCellular
Componentontologies.SincetheCE-aggloandCE-ballscontain
a largenumberof singletons,they have very few signi�cant clus-
ters.ThePCA-basedconsensusmethodsonceagaindobetterthan
all theotheralgorithms.ThePCA-agglo andPCA-rbr algorithms
provide thebestclusteringscoresoverall. TheCE-ballsandCE-
agglo,due to the large numberof singletonsandpairs,perform
the worst, with very poor Clusteringscoresfor all threeontolo-
gies.TheWt-aggloconsensusmethodhaspoorresultsdueto the
factthatit produces55singletonclusters.However, wefoundthat
out of the other45 clusters,mostweresigni�cant. The fact that
not all proteinswereclusteredby theweightedconsensusmethod
suggeststhatpruningwith PCA is a betteroption.

Next, we further analyzethe clustersobtainedwith the PCA-
basedconsensusclustering.We considertheclustersobtainedby
thePCA-rbralgorithmandcomparethemagainsttheMCLAalgo-
rithm, whichwasthebestof theotherconsensusmethodswecom-
paredagainst.Figure5 shows thecomparisonbetweenthetwo al-
gorithms,in termsof p-valuedistributionof theclustersobtained,
for the Molecular Functionontology8. The p-valuedistribution
of themetisbasealgorithmis alsoprovidedfor reference.They-
axis, in this case,correspondsto -log(pvalue),which meansthat
highervaluescorrespondto betterbiologicalsigni�cance.We�nd
thatboththeconsensusalgorithmsoutperformthebaseclustering

8Theplots for theothertwo ontologiesfollow similar trendsand
have beenomitteddueto lackof space.

algorithm,asexpected.TheclustersobtainedusingthePCA-rbr
algorithmconsistentlyoutperformtheMCLA clusters in termsof
biological signi�cance. The MCLA algorithmresultsin 84 sig-
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Figure 5. P-valuedistributionComparisonfor MolecularFunctionon-
tology

ni�cant clustersfor theMolecularFunctionontologywhereasthe
PCA-rbr algorithmprovides87. The bestclusterwe obtainwith
PCA-rbrfor thisontologyhasap-valuescoreof 4.3e-58. Thebest
scoringclusterfor theMCLA algorithmhasamuchworsep-value
scoreof 2.73e-49.Thebest-scoringclusterfor thePCA-rbralgo-
rithm is composedof 64 proteins,amongwhich 31 areannotated
with the sameMolecular Function term GO:0004299- protea-
someendopeptidaseactivity. In thewholegenome,thereareonly
34 proteins(out of 6700annotatedproteinsin the database)that
areassociatedwith this term. This resultstronglyemphasizesthe
quality of the clusterswe obtainedwith the PCA-rbr algorithm.
Suchhigh-quality clustersare essentialfor predictingunknown
functionsof proteins.For instance,in thesamecluster, thereex-
ist severalproteinssuchasYPL066W, YCR001W, YBR204Cand
YLR040Cthathave not beenpreviously annotatedwith a known
Molecular Function. Theseresultscan be very effective in ex-
plaining andguiding wet-labexperimentsfor further analysisof
therelationbetweentheseproteinsandthespeci�edGO term.

In the caseof MCLA, we obtain two clustersthat aresignif-
icantly annotatedwith the sameGO term,proteasomeendopepti-
daseactivity. One of theseclustershas12 proteins(out of 40)
andtheotherhas20 (out of 50) thatareassociatedwith this term.
Thep-valuescoresfor theseannotationsare9.8e-20and1.9e-36
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respectively. Ontheotherhand,aswepreviouslystated,thePCA-
rbr algorithmis ableto assignalmostall theseproteins(31 out of
34) to a singleclusterwith a p-valuescoreof e-58.

Theseresultsfurtherdemonstratetheeffectivenessof thePCA-
basedclusteringapproachin �nding biologicallymeaningfulgroups
for thePPIdataset.

4.3.3 Comparisonwith MCODEandMCL

Next, wecompareourconsensustechniquewith twoalgorithms
commonlyutilizedfor extractingfunctionalmodulesfromPPIgraphs
- MCODE andMCL. A recentstudy[6] that comparedtheseal-
gorithms(amongothers)showedthat theMCL algorithm,in par-
ticular, wasvery effective in identifying proteincomplexes from
proteininteractionnetworks. We wish to investigatethe bene�ts
of ensembleclusteringwhencomparedto thesetwo algorithms.

We usedthe MCODE andMCL 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 set to 2), andobtained59 clusters. One major drawback of
this algorithmis thatnot all theproteins(vertices)in thenetwork
areclustered.Theclustersweobtainedconsistedof only 794pro-
teins(outof 4928).Fromthedomain-basedmetric,we foundthat
amongthese59clusters,46clustershadsigni�cant Cellular Com-
ponentannotations,40 clustershadsigni�cant Molecular Func-
tionand50clustershadsigni�cant BiologicalProcessannotations.
Ontheotherhand,theMCL algorithmgenerated1246clustersfor
the4928proteins.However, on examination,we foundthatmost
of theseclusterswereinsigni�cant. Only 277outof the1246were
signi�cant for Biological Process.

Thep-valuedistributionsfor the50bestclustersfor PCA-agglo,
MCODEandMCL for theBiological Processontologyareshown
in Figure6. Note that the graphillustratesimprovementsacross
theboardandnot merelyamongthe bestclusters.The MCODE
algorithmproducesonly 50 signi�cant clustersfor this ontology.
Thebiologicalsigni�canceof theseclustersis verypoorcompared
to theothertwo. Thetop50of these277clustershaveconsistently
lowersigni�cancethanthePCA-aggloclusters,ascanbeobserved
from the�gure.
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Figure 6. P-valuedistributionComparisonwith MCODEandMCL for
Biological Processontology.

ThePCA-aggloalgorithmyieldeda large percentage of signif-
icant clusters (90 out of the100clustersweresigni�cant for Bio-
logicalProcess) andwith smallp-values(highvaluesof -log(pvalue)).

Algorithm Modularity
PCA-agglo 0.471
PCA-rbr 0.46
MCLA 0.41
MCL 0.217

MCODE 0.372

Table 1. Modularityscorescomparison

Moreover, PCA-aggloclusteredall 4928proteinswhereasin the
caseof MCODE, a majority of the proteins(around85%) were
unclustered.In thecaseof MCL, the top 30 clustersareof much
lower signi�cancethanthePCA-aggloclusters,althoughthe two
algorithmsbecomecomparablesubsequently.

Whenwecomparedthemodularityscores,weonceagainfound
the PCA-basedmethodsoutperformingMCODE and MCL. The
modularityscoresaregiven in Table1 below. As we mentioned
earlier, MCL produceda largenumberof clustersandmostof the
proteinsin the clustersweresparselyconnected.SinceMCODE
did not clusterall proteins,we only consideredgesamongthe
proteinsclusteredto computethe modularity. The resultsshow
thattheensemblemethodsproducedenserclusters,with thePCA-
aggloalgorithmperformingthebestoverall.
Qualitati ve Comparison with MCODE: We analyzethehighest
rankedclusterobtainedby MCODE andthecorrespondingPCA-
aggloclusterusingtheCellular Componentontologyto compare
the effectivenessof thesealgorithmsin termsof identifying pro-
tein complexes. Thebestscoringclusterin MCODE (with score
5.615) is composedof 26 proteinsamongwhich 15 belong to
a known complex proteasomeregulatoryparticle (GO:0005838).
This groupingis associatedwith a small p-valueof 8.5e-34. On
theotherhand,thePCA-aggloclusterthat includesa majority of
thesameverticeshas21proteinsbelongingto theproteasomereg-
ulatory particle complex. The signi�cance of this result canbe
accentuatedby the fact thatout of the6700annotatedproteinsin
theGO database,thereexist only 23 proteinsannotatedwith this
complex. PCA-agglogroups21 of themin onecluster(p-value
7.6e-49). The correspondingclustersproducedby the two algo-
rithmsareplottedin Figure7 (a) and(b). Thewhite verticesrep-
resentproteinsthatareknown to bepartof this complex whereas
theblackonesdonothaveaknown annotationin GOfor thatterm.
As canbeseenfrom thesetwo clusters,theclusterobtainedby the
PCA-aggloalgorithmis densercomparedto theMCODE cluster.
In theMCODEcluster, thereexist two separatedenseregions,one
composedof proteinsin theproteasomeregulatoryparticle com-
plex andtheothercomposedof proteinsin thesnRNPU6 complex
(GO:0005688).ThisexampleindicatesthatPCA-agglocanobtain
denseandhomogeneousclusters.

Qualitati veComparisonwith MCL: Next, wecomparetheclus-
tersobtainedby theMCL algorithmwith theonesfrom PCA-rbr.
TheMCL algorithmpartitionedour interactionnetwork into 1246
clusters.Among theseonly 277of themhadsigni�cant Biologi-
cal Processannotations, 216of hadsigni�cant MolecularFunc-
tion and226 of themhadsigni�cant Cellular Componentanno-
tations. This meantthat, around900-1000of the clusters were
insigni�cant. On theotherhand,out of the100clustersproduced
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Figure 7. a)MCODEclusterb)PCA-agglocluster

by PCA-rbr thereexist 89 clusterswith signi�cant Cellular Com-
ponentannotations,87 clusterswith signi�cant Molecular Func-
tion annotationsand90 clusterswith signi�cant Biological Pro-
cessannotations.AlthoughMCL is ableto producemoreclusters,
theprecision(percentageof signi�cant clusters)andthebiological
signi�cancewithin theclustersis low.

PCA-rbr and MCL - Biological Process
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Figure 8. P-valuedistributionComparisonwith PCA-rbrandMCL for
Biological Processontology.

For ouranalysisweconsideredtheclusterswith signi�cant Bi-
ological Processannotationsfor the two algorithms. The corre-
spondingdistributionsfor the top 47 9 clustersareshown in Fig-
ure 8. The MCL algorithmgrouped1940proteinsinto 277 sig-
ni�cant clusterswith averageclustersizeof 7. AlthoughPCA-rbr
algorithmidenti�es only 90 clusterswith signi�cant annotations,
4145proteinsaregroupedinto theseclusters(averageclustersize
is 46). To assessthebiologicalhomogeneityof theseclusters,we
labeleachof theseclusterswith the mostsigni�cant GO annota-
tions(p-values).Accordingly, themostsigni�cant annotationfor
MCL clustersfor theBiological Processontologyhasap-valueof
7.15e-46,whereasthemostsigni�cant annotationfor thePCA-rbr
clustersis 2.38e-58.Furthermore,theaveragep-valuesfor all sig-
ni�cant clustersof MCL is 1.2e-04whereastheaveragefor PCA-
rbr clustersare1.4e-05. Theseresultsshow that MCL produces
manysmall-sizedclusters which are not as homogeneousas the
clusters obtainedby thePCA-rbr algorithm.

To furtheranalyzetheeffectivenessof thesealgorithmsfor pro-
tein complex identi�cation purposes,we comparedthe mostsig-
9Theremainingclustershave comparablepvalues

ni�cant clusterobtainedby MCL algorithmaccordingto theCel-
lular Componentontologywith its counterpartamongthe PCA-
rbr clusters.Thebestclusterproducedby theMCL algorithm(for
this ontology)groups31 proteins,amongwhich 26 areknown to
bepartof organellarlargeribosomalsubunit (GO:0000315).This
arrangementis associatedwith a p-valueof 5.7e-56.To �nd the
correspondingPCA-rbr cluster, we identi�ed the clusterthat in-
cludesthemostnumberof proteinsfrom thiscluster. As expected,
the correspondingPCA-rbr clusteris alsoenrichedwith the pro-
teinsthatareassociatedwith organellar large ribosomalsubunit .
Thereexist 30 proteins(out of 40) in thecorrespondingPCA-rbr
clusterwhich have known annotationswith this complex (p-value
is 1.3e-62).This clusterincludesall 25 proteinsthatarecorrectly
put togetherby the MCL algorithm as well as 5 other proteins
(IMG1, MRP7, MRPL17, YDR115W, MRPL15) from the same
complex thatMCL fail to locateinto this cluster. This illustrative
exampleshows thatthePCA-rbr clusters are larger andmore ho-
mogeneousandmay hencebe bettersuitedfor the extractionof
proteincomplexes.

4.3.4 SoftClustering

As we mentionedearlier, many proteinsin PPI networks are
believedto exhibit multiple functionalities,interactingwith differ-
ent groupsof proteinsfor different functions. To identify these
multi-facetedproteins,we usedthe soft-clusteringvariantof the
PCA-aggloalgorithm,whichallowsproteinsto belongto multiple
clusters.Thealgorithmidenti�es proteinsthathave high propen-
sity for multiple membership.Weusea strict thresholdof 0.2and
assigna proteinto analternateclusteronly if its averageshortest
pathdistanceto theclusteris below 0.2. Whenwe obtainthesoft
clusters,we found that a majority of the proteinsthat hadmulti-
ple membershipwerehub proteins(proteinswith high degrees).
This is consistentwith our initial assumption,sincehub proteins
arelikely to bewell-connectedandarebelievedto exhibit multiple
functionalities.

To emphasizethe bene�ts of performingsoft clustering,we
provide anillustrativeexample.

CKA1 is a multi-facetedhubprotein,involvedin multiple cel-
lular eventssuchas maintenanceof cell morphologyand polar-
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ity, andregulatingtheactinandtubulin cytoskeletons.Whenwe
analyzethe baseclusteringsusing the clusteringscores,we �nd
that the baseclusteringsassociatethis hub protein in different
groups. Threeof the basealgorithms(direct-betweenness,rbr-
clusteringcoef�cient andrbr-betweenness)groupCKA1 with all
the other proteins(CKB1,CKB2,CKA2) in protein kinaseCK2
complex. On theotherhand,thedirect-clusteringcoef�cient base
algorithmgroupedCKA1 togetherwith 33otherproteinsthattake
part in RNA metabolismand the metis-betweennessbasealgo-
rithm clustersit with proteinsassociatedwith cell organizationand
biogenesis(23 other proteins). Theseresultsindicatethat most
of the baseclusteringalgorithms(exceptmetis-clusteringcoef�-
cient) areable to assigna multi-facetedprotein to a clusterthat
includesproteinsassociatedwith one of its functions. A hard
consensusclusteringalgorithmcanonly associateCKA1 with the
mostpopularterm. Accordingly, the pca-aggloconsensusalgo-
rithm groupsCKA1 with the protein kinaseCK2 complex pro-
teinsin consensuswith themajority of thebasealgorithms.This
cluster, in which CKA1 hasbeenplacedby the PCA-aggloal-
gorithm, has few proteinsassociatedwith the cell organization
andbiogenesisfunctionality. Thesoft clusteringalgorithm,on the
otherhand,placesCKA1 into 3 clusterswith signi�cant enrich-
mentscores.Oneof theseclustersis consistsof proteinsassoci-
atedwith RNA metabolismwith a signi�cant p-valueof 1.4e-23.
Thesecondclusterincludesall proteinkinaseCK2 complex pro-
teins(1.6e-09)whereasthethird clusteris composedof cell orga-
nizationandbiogenesisproteins(4.8e-16).This exampleclearly
shows that soft consensusclusteringcanleadto thediscovery of
multiplefunctionalitiesfor proteins.Thebene�t of ensembleclus-
teringis onceagainevident,sincethedifferentbaseclusteringal-
gorithmsuncover different functionalities, which canbesummed
upadequatelyby thesoft consensusclusteringalgorithm.

In ourearlierwork [33] we developeda soft clusteringmethod
basedon hub-duplicationfor the PPI dataset.Now, we compare
the performanceof the PCA-basedsoft consensusmethodwith
the hub-duplicationtechnique. The p-value distributionsfor the
Biological Processontology10 is shown in Figure9. It canbeob-
servedthatthePCA-soft-agglo methodconsistentlyyieldsclusters
with higherbiological signi�cancethanthehub-duplicationtech-
nique. It can be hypothesizedthat the goodperformanceof the
softensemblealgorithmis dueto thefactthatit assimilatesthere-
sultsof differentbaseclusterings,whereastypical soft clustering
algorithmsusea singleclusteringcriterion.

5. Conclusion

In this paper, we have presentedan ensembleframework for
partitioningPPInetworks.To obtaininformativebaseclusters,we
havedevelopedtwo topologicalmetricsthatcancounteracttheef-
fect of noisy (falsepositive) interactionsin thePPI network. We
havepresenteda detailedconsensustechniqueinvolving Principal

10Theplotsfor themolecularfunctionandcellularcomponenton-
tologiesfollow similar trendsandhave beenomitteddueto lack
of space.
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Figure 9. P-valuedistribution Comparisonfor Soft Clustering

ComponentAnalysis (PCA), designedto scaleto large datasets
andreducethedimensionalityof theconsensusdeterminationprob-
lem. Additionally, we have introducedtopology-basedpruning
strategiesto complementPCAin thetaskof eliminatingredundant
andnoisydata.Finally, we have presenteda soft consensusclus-
tering algorithm,that is designedto discover multiple functional
associationsfor proteins.Our thoroughempiricalevaluationand
comparisonof theseconsensusclusteringalgorithmswith other
state-of-the-artapproachesusing topological, information theo-
retic anddomainspeci�c validationmetrics,demonstratethat the
proposedPCA-basedalgorithms,apartfrom thescalabilityadvan-
tage,can lead to consensusclusterswith high ef�ciency. Also,
the PCA-basedsoft consensusclusteringalgorithmproves to be
very effective in identifying multiple functionalitiesof proteins.
The qualitative comparisonof our clusterswith thoseof popular
algorithmssuchasMCODEandMCL revealsthatensemblealgo-
rithms canyield larger, denserclusterswith improved biological
signi�cance. In the future,we would like to focuson extensions
for thebasealgorithms.Also, we would like to extendthenotion
of ensemblesto inculcatedomainbiasfor fusinginformationfrom
multiple experimentalandin-silico PPInetworks.

6. References

[1] C. C. Aggarwal. Re-designingdistancefunctionsand
distance-basedapplicationsfor highdimensionaldata.
SIGMODRecord, 30(1):13–18,2001.

[2] V. Arnau,S.Mars,andI. Marin. Iterative clusteranalysisof
proteininteractiondata.Bioinformatics, 21:3:364–378,
2005.

[3] M. Ashburnerandetal. Geneontology:tool for the
uni�cation of biology. thegeneontologyconsortium.Nat
Genet., 25(1):25–29,May 2000.

[4] G. BaderandC. W. Hogue.Analyzingyeastprotein-protein
interactiondataobtainedfrom differentsources.Nat
Biotechnol., 20(10):991–997,2002.

[5] G. BaderandC. W. V. Hogue.An automatedmethodfor
�nding molecularcomplexesin largeproteininteraction
networks.BMC Bioinformatics., 4(2),2003.

[6] S.BroheandJ.vanHelden.Evaluationof clustering

11



algorithmsfor protein-proteininteractionnetworks.BMC
Bioinformatics., 7(488),2006.

[7] C. Brun,C. Herrmann,andA. Guenoche.Clustering
proteinsfrom interactionnetworksfor thepredictionof
cellularfunctions.BMCBioinformatics, 5(95),July2004.

[8] C. Brun,C. Herrmann,andA. Guenoche.Clustering
proteinsfrom interactionnetworksfor thepredictionof
cellularfunctions.BMCBioinformatics, 5(95),July2004.

[9] J.Chen,W. Hsu,M. L. Lee,andS.Ng. Increasing
con�denceof proteininteractomesusingnetwork
topologicalmetrics.Bioinformatics, 22(16):1998–2004,
2006.

[10] H. ChuaandL. W. W.K. Sung.Exploiting indirect
neighboursandtopologicalweightto predictprotein
functionfrom protein-proteininteractions.Bioinformatics,
22(13):1623–1630,2006.

[11] C. Ding, X. He,H. Zha,andH. Simon.Adaptive dimension
reductionfor clusteringhighdimensionaldata.Proc.ICDM
2002, pages107–114,2002.

[12] S.V. Dongen.Graphclusteringby �o w simulation.Centers
for mathematicsandcomputerscience(CWI),University of
Utrecht, pages49–57,2000.

[13] S.FieldsandO. Song.A novel geneticsystemto detect
protein-proteininteractions.Nature, 340:245–246,1989.

[14] S.FieldsandR. Sternglanz.Thetwo-hybridsystem:an
assayfor protein-proteininteractions.TrendsGenet.,
10:286–292,1994.

[15] A. FredandA. Jain.Dataclusteringusingevidence
accumulation.In Pmc.ICPR, 2002.

[16] C. FriedelandR. Zimmer. Inferring topologyfrom
clusteringcoef�cients in protein-proteininteraction
networks.BMCBioinformatics, 7(519),2006.

[17] A. Gionis,H. Mannila,andP. Tsaparas.Clustering
aggregation.21stInternationalConferenceonData
Engineering(ICDE'05), pages341–352,2005.

[18] D. C. Hoyle andM. Rattray. Pcalearningfor sparse
high-dimensionaldata.EurophysicsLetters, 62:117–123,
2003.

[19] J.Hua,D. Koes,andZ. Kou.Findingmotifs in
protein-proteininteractionnetworks.ProjectFinal Report,
CMU, 2003.

[20] H. Jeong,S.P. Mason,A. L. Barabasi,andZ. N. Oltvai.
Lethality andcentralityin proteinnetworks.Nature.
411:44., 411:41–42,2001.

[21] P. Kahn.Fromgenometo proteome.Science, 270,1995.

[22] G. KarypisandV. Kumar. Unstructuredgraphpartitioning
andsparsematrix orderingsystem.technicalreport.
http://www-
users.cs.umn.edu/karypis/metis/metis/�les/manual.pdf.

[23] M. E. J.NewmanandM. Girvan.Findingandevaluating
communitystructurein networks.PhysicalReview E,
69:026113,2004.

[24] M. H. PHolmeandH. Jeong.Subnetwork hierarchiesof
biochemicalpathways.Bioinformatics, 19:532–538,2003.

[25] J.Pereira-Leal,A. Enright,andC. Ouzounis.Detectionof
functionalmodulesfrom proteininteractionnetworks.
Proteins, 54(1):49–57,2004.

[26] E. M. Phizicky andS.Fields.Protein-proteininteractions:
methodsfor detectionandanalysis.Microbiol.Rev,
59:94–123,1995.

[27] M. D. RichardandR. P. Lippmann.Neuralnetwork
classi�ersestimatebayesiana posterioriprobabilities.
Neural Computation, 3(4):461–483,1991.

[28] R. Saito,H. Suzuki,andY. Hayashizaki.Interaction
generality, a measurementto assessthereliability of a
proteinproteininteraction.NucleicAcidsResearch,
30(5):1163–1168,2002.

[29] R. Singh,J.Xu, andB. Berger. Struct2net:integrating
structureinto protein-proteininteractionprediction.Pac
SympBiocomput, pages403–414,2006.

[30] A. StrehlandJ.Ghosh.Relationship-basedclusteringand
visualizationfor high-dimensionaldatamining. INFORMS
JournalonComputing, 2002.

[31] A. StrehlandJ.Gosh.Clusterensembles- a knowledge
reuseframework for combiningpartitionings.AAAI, pages
93–98,2002.

[32] A. Topchy, M. Law, A. K. Jain,andA. Fred.Analysisof
consensuspartitionin clusterensemble.IEEEInternational
ConferenceonData Mining, ICDM, pages225–232,2004.

[33] D. Ucar, S.Asur, U. Catalyurek,andS.Parthasarathy.
Improving functionalmodularityin protein-protein
interactionsgraphsusinghub-inducedsubgraphs.PKDD,
2006.

[34] D. Ucar, S.Parthasarathy, S.Asur, andC. Wang.Effective
preprocessingstrategiesfor functionalclusteringof a
protein-proteininteractionsnetwork. BIBE, 2005.

[35] J.Vasilescu,G. Xuecui,andJ.Kast.Identi�cation of
protein-proteininteractionsusingin vivo cross-linkingand
massspectrometry. Proteomics, 4(12):3845–3854,2004.

[36] D. vonMering,C. Krause,andet al. Comparative
assessmentof large-scaledatasetsof protein-protein
interactions.Nature, 31:399–403,2002.

[37] D. WattsandS.Strogatz.Collectivedynamicsof small
world networks.Nature, 393(6684):440–442,June1998.

[38] L. F. Wu, T. R. Hughes,A. P. Davierwala,M. D. Robinson,
R. Stoughton,andS.J.Altschuler. Large-scalepredictionof
saccharomycescerevisiaegenefunctionusingoverlapping
transcriptionalclusters.Nature Genetics, 31:255–265,June
2002.

[39] S.Yook,Z. N. Oltvai, andA. L. Barabasi.Functionaland
topologicalcharacterizationof proteininteractionnetworks.
Proteomics, 4:928–942,2004.

12


