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Abstract

Automaticdiscoveryof communitystructuresin complex
networksis a fundamentaltaskin manydisciplines,includ-
ing social science, engineering, and biology. Recently, a
quantitativemeasure called modularity(Q) hasbeenpro-
posedto effectivelyassessthe quality of communitystruc-
tures. Several communitydiscoveryalgorithmshavesince
beendevelopedbasedon theoptimizationof Q. However,
this optimizationproblemis NP-hard, and the existing al-
gorithmshavea low accuracy or are computationallyex-
pensive. In thispaper, wepresentanef�cient spectral algo-
rithm for modularityoptimization.Whentestedon a large
numberof syntheticor real-worldnetworks,andcompared
to the existing algorithms,our methodis ef�cient and and
hasa high accuracy. In addition,wehavesuccessfullyap-
plied our algorithm to detect interestingand meaningful
communitystructuresfromreal-worldnetworksin different
domains,including biology, medicineand social science.
Due to spacelimitation, resultsof theseapplicationsare
presentedin a completeversion of the paperavailableon
our website(http://cse.wustl.edu/˜jruan/ ).

1 Intr oduction

Thestudyof complex networkshasbecomeafastgrow-
ing subject in many disciplines, including physics,biol-
ogy, andsocialscience.At leastpart of the reasoncanbe
attributed to the discovery that real-world networks from
totally different sourcescan sharesurprisinglyhigh simi-
larities in their topologicalproperties,suchas the power-
law degree distributions and high clusteringcoef�cients.
(See[1, 14] for reviews.)

Oneof thekey propertiesin complex networksthathave
attracteda greatdeal of interestrecently is the so-called
community structures,i.e. relatively denselyconnected
sub-networks[15]. Communitystructureshave beenfound

in socialandbiologicalnetworks,aswell astechnological
networks suchas the Internetandpower grid. Automati-
cally discovering suchstructuresis fundamentallyimpor-
tant for understandingthe relationshipsbetweennetwork
structuresand functions,and hasmany practicalapplica-
tions.For example,identifyingcommunitiesfrom acollab-
orationnetwork may reveal scienti�c activities aswell as
evolutionanddevelopmentof researchareas[12], while de-
tectinghiddencommunitieson the World Wide Web may
helppreventcrimeandterrorism[2].

To design effective community discovery algorithms,
NewmanandGirvan[16] proposeda quantitativemeasure,
calledmodularity(Q), to assessthe quality of community
structures,andformulatedcommunitydiscovery asa opti-
mizationproblem. SinceoptimizingQ is a NP-hardprob-
lem,severalheuristicmethodshavebeendeveloped,assur-
veyedin [4]. Thefastestalgorithmavailableusesa greedy
strategy andsuffers from poor quality [3]. A more accu-
ratemethodis basedonsimulatedannealing,whichrequires
a prohibitively long running time on large networks [11].
Several spectralalgorithmshave beendeveloped,which
have relatively good performance,but still inef�cient for
largenetworks[21, 15].

In this paper, we proposea spectralalgorithmthat is ef-
fective in �nding high quality communitiesaswell asef�-
cient on large networks. The algorithmadoptsa recursive
strategy to partition networks while optimizing Q. Unlike
the existing algorithms,our methodis a hybrid of direct
k-way partitioningandrecursive 2-way partitioningstrate-
gies[21, 15]. We evaluateour algorithmona largenumber
of syntheticandreal-world networks.Theresultsshow that
thealgorithmis moreef�cient andmoreaccuratethanare-
cursive 2-way partitioningmethod. Comparedto a direct
k-waypartitioningmethod,ouralgorithmis muchmoreef-
�cient, while having a comparableaccuracy.

Thepaperis organizedasfollows. In Section2,weintro-
ducesomebasicconcepts,notations,andprevious works.



In Section3, we describeour algorithmandits complexity,
anddiscussseveralrelatedmethods.Wepresentexperimen-
tal resultsin Section4, andconcludein Section5.

2 Preliminaries

2.1 Spectral graph partitioning

Let G = (V; E) bea network of n verticesin V andm
edgesin E . Let A = (A ij ) be theadjacency matrix of G.
A graphpartitioningproblemis to �nd two or morevertex
subsetsof nearlyequalsizes,while minimizing the num-
berof edgescut by thepartitioning[8]. Known to be NP-
hard,theproblemexists in many realapplications,suchas
circuit designandloadbalancingin distributedcomputing.
Many heuristicmethodshave beendevelopedfor theprob-
lem,amongwhichspectralmethodshavereceivedmuchat-
tentionandarethemostpopular.

Spectralgraphpartitioningis in factafamily of methods.
Thesemethodsdependontheeigenvectorsof theLaplacian
matrix or its relativesof a graph. Dependingon the way
they partition a graph,spectralmethodscan be classi�ed
into two classes.The �rst classusesthe leadingeigenvec-
tor of a graphLaplacianto bi-partitionthegraph.Thesec-
ondclassof approachescomputesak-waypartitioningof a
graphusingmultiple eigenvectors.We brie�y review some
representativesof thesetwo classesof algorithmsbelow.

Let D be the diagonaldegreematrix of A, i.e. D ii =P
j A ij . L = D � A iscalledtheLaplacianmatrixof G. Let

� 1 � � 2 � � � � � � n betheeigenvaluesand� 1; � 2; � � � ; � n

bethecorrespondingeigenvectorsfor thegeneralizedeigen-
valueproblemL� = �D � . It canbe shown that � 1 = 0,
and� 1 = 1, a vectorwith all ones.

Given the above notation, a representative of bi-
partitioning,the SM algorithm[19], works asfollows. (1)
Compute� 2, the secondsmallestgeneralizedeigenvector
of L . (2) Conducta linearsearchon� 2 to �nd apartitionof
thegraphto minimizeanormalizedcutcriterion[19]. It has
beenshown thatwhencertainconstraintsaresatis�ed, the
SMalgorithmcanreachtheoptimaof normalizedcuts[19].
To �nd more than two clusters,the SM algorithm can be
appliedrecursively.

Themostpopularalgorithmin thesecondclass,theNJW
algorithm[17], �nds ak-waypartitionof anetwork directly
asfollows, wherek is givenby the user. (1) Computethe
k smallestgeneralizedeigenvectorsof L andstackthemin
columnsto form a matrix Y = [� 1; � 2; � � � ; � k ]. (2) Nor-
malizeeachrow of Y to have unit length. (3) Treateach
row asapoint in Rk , andapplystandardk-meansalgorithm
(or any othergeometricclusteringalgorithm)to groupthem
into k clusters.

2.2 Mo dularit y and comm unit y structures

Given a partition of a network, � k , which divides its
verticesinto k communities,the modularity is de�ned as
Q(� k ) =

P k
i =1 (eii =c� (ai =c)2), whereeii is thenumber

of edgeswith both verticeswithin communityi , ai is the
numberof edgeswith oneor bothverticesin communityi ,
andc is the total numberof edges[16]. Therefore,the Q
functionmeasuresthefractionof edgesfalling within com-
munities,subtractedby whatonewould expectif theedges
were randomlyplaced. A larger Q value meansstronger
communitystructures.If a partitiongivesno morewithin-
communityedgesthanwould be expectedby chance,the
modularityQ � 0. For a trivial partitioningwith a single
community, Q = 0. It hasbeenobserved that most real-
world networkshaveQ > 0:3 [16].

TheQ functionprovidesagoodqualitymeasureto com-
pare different community structures. Several algorithms
have beendevelopedto searchfor community structures
by looking for the division of a network that optimizes
Q (see[4] for a survey). White and Smyth proposeda
spectralalgorithm (WS), which is effective on small net-
works [21]. They show that,whenthenumberof commu-
nities k is given, the optimizationof Q is equivalentto an
eigendecompositionproblem,if relaxingthediscretemem-
bershipconstraint[21]. Therefore,they directly applieda
k-way spectralgraphpartitioning algorithm for this pur-
pose.To automaticallydeterminethenumberof communi-
ties,thespectralalgorithmis executedmultiple times,with
k rangingfrom the userde�ned minimum K min to maxi-
mumK max numberof communities.The k that givesthe
highestQ valueis deemedthemostappropriatenumberof
communities.A slightly modi�ed versionof theWSalgo-
rithm is asfollows. (1) For eachk, K min � k � K max ,
apply NJW to �nd a k-way partition, denotedas � k . (2)
k � = argmaxk Q(� k ) is thenumberof communities,and
� � = � k � is thebestcommunitystructure.

While the WS algorithm is effective in �nding good
communitystructures,it scalespoorly to large networks,
becauseit needsto executek-meansup to K max times.
Without any prior knowledgeof a network, onemayover-
estimateK max in orderto reachtheoptimalQ. For sparse
networks,K max canbe linear in thenumberof verticesin
theworstcase,makingit impracticalto iterateoverall pos-
siblek's for largenetworks.

3 The Kcut algorithm

In order to develop a methodthat scaleswell to large
networkswhile retainingeffectivenessin �nding goodcom-
munities,we may take the strategy usedin the SM algo-
rithm, i.e.,to recursivelydivideanetwork into smallerones.
However, two issuesremain. First, whenshouldthe algo-
rithm halt, or in other words, how do we decidewhether



a (sub)network shouldbepartitioned?Sinceour goal is to
�nd a partitionwith a high modularity, we cantestwhether
theQ valueincreasesafterthepartition. If no partitioncan
improvethemodularity, the(sub)network shouldnotbedi-
vided.Second,it hasbeenempiricallyobservedthatif there
aremultiplecommunities,usingmultipleeigenvectorstodi-
rectlycomputea k-waypartitionis betterthanrecursivebi-
partitioningmethods[17]. Here,we proposean algorithm
that is a uniquecombinationof recursive partitioningand
directk-way methods,which will achieve theef�ciency of
a recursive approach,while alsohaving thesameaccuracy
asadirectk-waymethod.

Wefollow agreedystrategy to recursivelypartitionanet-
work to optimizeQ. Unlike theexisting algorithmsthatal-
waysseeka bi-partition,we adopta directk-way partition
strategy as in the WSalgorithm. Brie�y , we computethe
bestk-way partition with k = 2; 3; � � � ; l using the NJW
algorithm,andselectthe k that givesthe highestQ value.
Thenfor eachsubnetwork the algorithmis recursively ap-
plied. To reducethecomputationcost,werestrictl to small
integers. As we will shown in experiments,the algorithm
with l as small as 3 or 4 can signi�cantly improve mod-
ularity over the standardbi-partitioningstrategy. Further-
more,the computationcostis alsoreducedwith a slightly
increasedvalueof l comparedto bi-partitioning.

Givena network G anda small integerl thatis themax-
imal numberof partitionsto beconsideredfor eachsubnet-
work, ouralgorithmKcut executesthefollowing steps.

1. Initialize � to bea singleclusterwith all vertices,and
setQ = 0.

2. For eachclusterP in � ,

(a) Let g bethesubnetwork of G containingthever-
ticesin P.

(b) For eachintegerk from 2 to l ,

i. Apply NJW to �nd a k-way partitioningof
g, denotedby � g

k ,
ii. Computenew Q value of the network as

Q0
k = Q(�

S
� g

k n P).

(c) Find thek thatgivesthebestQ value,i.e., k � =
argmaxk Q0

k .

(d) If Q0
k � > Q, acceptthepartitionby replacingP

with � g
k � , i.e., � = �

S
� g

k � n P, andsetQ =
Q0

k � .

(e) Advanceto thenext clusterin � , if thereis any.

Theinnerloop,step2(b),is similar to the�rst stepof the
WSalgorithm,exceptthat in 2(b)(ii) we computethemod-
ularity of thewholenetwork G, which is differentfrom the
modularityQ(� g

k ). On the otherhand,we do not needto
iterateover all communitiesin the network to re-compute
Q. Fromthede�nition of Q in Section2.2,thecontribution

of eachcommunitytowardsQ is independentof the other
communities.Therefore,afterg is partitioned,Q canbeef-
�ciently updatedwith thecommunitiesthathave just been
createdin g. At step2(c), we decidethebestway to parti-
tion g thatcanimproveQ themost.Thisstepturnsoutto be
crucial in identifying globally goodcommunitystructures
with high Q values. At step2(d), we test if partitioningg
cancontributepositively towardsQ, andthepartitionis ac-
ceptedonly if Q increases.Whenthealgorithmterminates,
no communitiescanbe further createdto improve Q, thus
� containsthebestcommunitystructure.

3.1 Computational complexit y

We �rst review thecomputationalcomplexity of theWS
algorithm, sincethe inner loop of Kcut is simply the WS
algorithm,exceptthat thecomputationof Q is slightly dif-
ferent.TheWSalgorithmcontainstwo majorcomponents:
computingeigenvectorsandexecutingk-meansto partition
the network. Note that althoughWScalls NJW multiple
times, the eigenproblemneedsto be solved only onceto
obtain all K max eigenvectors. To computeeigenvectors,
we usedthe eigs function in MATLAB, which hasa time
complexity in O(mK h + nK 2h + K 3h), wherem andn
are respectively the numbersof edgesand verticesof the
graph,K = K max is the numberof eigenvectorsto be
computed,andh is thenumberof iterationsfor eigsto con-
verge[21]. SinceK < n, therunningtime of eigs canbe
simpli�ed to O(mK h + nK 2h). Second,weadopteda fast
k-meansalgorithm[6] in our implementation,which takes
approximatelyO(nK e) time,wheree is thenumberof iter-
ationsfor k-meansto converge.Sincek-meansis calledK
times,thetotal runningtime is O(mK h + nK 2h + nK 2e),
wherethe �rst two termsare for eigs andthe last term is
for k-means.Assuminge andh constants,theoverall time
complexity of WSis O(mK + nK 2), which canbe close
to O(n3), sincethemaximalnumberof communitiesfor a
sparsenetwork maybelinearin n.

Therunningtimeof Kcutdependsonthedepthof there-
cursivecalls. In theworstcase,thepartitionscanbehighly
imbalanced,and the depthof the recursionis merely the
numberof partitionsproduced,K . A more practicales-
timate, however, is the averagedepth, which is close to
logl K , wherel is the maximalnumberof partitionscon-
sideredby NJW. Therefore,therunningtime takenby eigs
canbeestimatedto beO((ml h + nl 2h) logl K ), whichcan
befurthersimpli�ed to O(ml h logl K ), sincel is smalland
thereforein generalm > nl . Similarly, the average-case
runningtime takenby k-meansis O(nl 2elogl K ), andthe
total complexity is givenby O((ml h + nl 2e) logl K ).

Our experimentalresultsshow that for large networks
and small valuesof l , the time taken by eigs dominates,
giving an overall time complexity in O(ml h logl K ) =
O(mh ln K l

ln l ) for Kcut. Therefore,assumingh is a con-



stant,alsogiven that l is small andK = O(n), the total
complexity is O(m logn), which is muchsmallerthanthe
O(n3) runningtimeof theWSalgorithm.An importantob-
servationfrom theanalysisis that thetotal runningtime of
Kcut is not a monotonicallyincreasingfunctionof l . Ana-
lytically, theminimumvalueof l=ln l is achievedat l = 3.
Empirically, we observed that Kcut is most ef�cient with
l = 3 to 5 (seeSection4.2).

The memorycomplexity of both algorithmsis O(m),
linearto thenumberof edges.

3.2 Related metho ds

Besidesour algorithm and the WS method, several
other algorithms have also beendeveloped for identify-
ing communitiesby modularity optimization. Newman
proposedan algorithm that is basedon recursive spectral
bi-partitioning [15]. The algorithm computesthe leading
eigenvectorof a so-calledmodularity matrix, and divides
the verticesinto two groupsaccordingto the signsof the
elementsin theeigenvector. Thealgorithmrunsrecursively
on eachsubnetwork, until no improvementto Q is possi-
ble. Comparedto our method,this algorithmis fasterfor
small networks, sinceno k-meansis performed. On the
other hand, the modularity matrix is very dense,with al-
mostnozeroentries.Therefore,thealgorithmtakesO(n2)
memoryevenfor sparsenetworks, in contrastto O(m) for
our method.Furthermore,thealgorithmtakesO(n2 logn)
runningtime, therefore,it doesnot scalewell to largenet-
works. Importantly, wewill show thatby combiningk-way
partitioningwith a recursivemethod,Kcut usuallyachieves
highermodularitythantheNewmanmethod.

There are also several methodsthat are not spectral-
based. The edgebetweennessalgorithm [9] and the ex-
tremal optimization algorithm [5] are known to be very
slow, with O(n3) andO(n2 log2 n) runningtime, respec-
tively. Anothergreedyapproach,the CNM algorithm[3],
hasapproximatelythesametimecomplexity (O(m log2 n))
as our method,but the communitiesreturnedoften have
poorquality [15].

4 Evaluation

We now evaluateour algorithmona varietyof networks
and compareit with three existing algorithmsthat were
mentionedin Section3.2: theWSalgorithm,theCNM algo-
rithm, andtheNewman'salgorithm(NM). In whatfollows,
theresultsof ouralgorithmaredenotedby K-2, K-3, � � �, for
l = 2; 3; � � �. NotethatNewmansuggestedin [15] are�ning
stepto improve Q after the initial partitioning. To make a
fair comparison,this re�ning stepwasomittedin ourstudy,
sincein theorythesamestrategy canbeappliedto any other
algorithmaswell.
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Figure 1. Results on computer -generated
netw orks. Qr elativ e = Qdiscov er ed � Qtr ue .

4.1 Computer-generated net works

To evaluate Kcut, we �rst tested it on computer-
generatednetworks with arti�cially embeddedcommunity
structures.Eachnetwork had256verticesforming 8 com-
munitiesof equalsizes.Edgeswererandomlyplacedwith
probability pin betweenverticeswithin the samecommu-
nity andwith probabilitypout betweenverticesin different
communities.We variedpin from 0.8 to 0.3, representing
networkswith denseto sparsecommunities.For eachpin ,
we variedpout from 0 to pin

10 with anincrementof pin
50 . For

eachpair of (pin , pout ), we generated100 networks and
clusteredthemwith WS(K min = 2, K max = 15), Kcut
(l = 2; 3; 4 and5), andNM algorithms.To measuretheac-
curacy of theresults,we computedtheJaccardIndex [20],
whichis roughlythepercentageof within-communityedges
that werepredictedcorrectly. The JaccardIndex between
thetruecommunitystructure(� ) andpredictedcommunity
structure(� 0) is de�ned as

J (� ; � 0) =
jS(�) \ S(� 0)j
jS(�) [ S(� 0)j

; (1)

whereS(�) and S(� 0) are the setsof within-community
vertex pairsin � and� 0, respectively.



Table 1. Q values for real-w orld netw orks.
Q

Network n m K � K max WS K-2 K-3 K-4 K-5 NM CNM Best
Karate 34 78 4 8 0.420 0.390 0.420 0.420 0.420 0.393 0.383 0.420[21]
Football 115 613 10 20 0.602 0.524 0.600 0.596 0.590 0.493 0.577
Jazz 198 5484 4 8 0.439 0.444 0.444 0.439 0.439 0.394 0.439 0.445[5]
PPI 1440 6223 133 200 0.362 0.332 0.344 0.348 0.364 0.341 0.337
Internet 3015 5156 52 100 0.604 0.594 0.600 0.601 0.601 0.524 0.620
Physicists 27519 60793 - 600 - 0.734 0.738 0.739 0.743 - 0.659 0.723[15]
K max : maximalnumberof communitiesfor WS. K � : numberof communitiesreturnedby WS. Thelastcolumnarethe
bestQ valuesachievedby existing methodsin theliterature,andreferencesto themethods.

Table 2. Total CPU time (seconds).
Network WS K-2 K-3 K-4 K-5 NM CNM*
Karate 0.3 0.3 0.3 0.3 0.4 0.1 0.02
Football 1.1 0.7 0.6 0.7 1.1 0.3 0.04
Jazz 0.5 0.6 0.7 0.7 0.9 0.3 0.06
PPI 8k 40 26 31 23 58 0.8
Internet 3k 37 27 22 23 172 63
Physicists - 6k 3k 2k 2k - 283

*A signi�cant differencebetweenCNM andtheotheralgorithms
hereis thatCNM wasimplementedin C, while all theotheralgo-
rithmscomparedherewereimplementedin MATLAB m-�les.

Fig. 1(a) shows the JaccardIndex asa function of pout

for pin = 0:5. Resultsfor other valuesof pin or using
othertypesof accuracy measurementaresimilar (datanot
shown). TheWSalgorithm,which explicitly searchesover
all k's,hasthebestaccuracy. On theotherhand,Kcut with
large l valuescanbetterapproximateWSthanwith small
l values. Moreover, as shown in Fig. 1(b), the Q values
achievedby thealgorithmsmatchtheir accuracies:WShas
the highestmodularity, followed by K-5, K-4, ..., and the
Newman algorithm at last. A third measure,the number
of timesanalgorithmpredictedk correctly, alsoshows that
WS> K-5 > � � � > K-2 > NM (datanot shown). TheCNM
algorithmhasan accuracy similar to K-2 for smallerpout ,
but its accuracy dropssigni�cantly whenpout increases.

4.2 Real-w orld net works

We further testedour methodon several real-world net-
works. Theseincludeanacquaintancenetwork in a Karate
club [22], the opponentnetwork of AmericanNCAA Di-
vision I college football teamsin the year2000[9], a co-
performingnetwork of JazzBands[10], a protein-protein
interactionnetwork of E. coli [18], the AutonomousSys-
temstopologyof the Internet[7], anda collaborationnet-
work of physicists[13]. As shown in Table1, theWSalgo-
rithm usuallyreturnscommunitystructureswith thehighest
Q value.AlthoughKcut with l = 2 oftenperformedpoorly,
Kcut with l � 3 canusuallyachieve Q valuesasgoodas
that by WS, whereaswith a much reducedrunning time.
Moreover, for thethreenetworks(Karate,Jazz,Physicists)
thathavebeenanalyzedby others,Kcutcan�nd modularity

valuesthatarecomparableto or betterthanthebestknown
ones.TheNM algorithm(without there�ning step)andthe
CNM algorithm usually have much worseaccuracy com-
paringto WSandKcut. The WSandNewmanalgorithms
failedto �nish on thephysicistnetwork, dueto their exces-
sive runningtimeor memoryusage.

In addition,thecommunitiesreturnedby Kcut areoften
very closeto theknown communitiesif they areavailable.
For example,for the Karateclub network, Kcut precisely
predictedtheactualseparationof theclub causedby a dis-
puteamongits members[9]. For thefootballnetwork,Kcut
correctlyrevealedthe of�cial NCAA conferencestructure
of thefootball teams[9], exceptfor a few teamsthatdonot
belongto any conference.Becauseof spacelimit, we omit
thedetailedresultshere.

4.3 Running time

Table2 showstherunningtimeof thefour algorithmson
thesix real-world networks. Table3 shows the time spent
on eigsandk-meansby WS, Kcut andNM. CNM is based
on a differentrationaleanddoesnot have thesetwo com-
ponents.As shown in Table2, althoughWSis ef�cient for
smallnetworksof up to a few hundredof vertices,it is very
inef�cient on large networks. The Kcut algorithm,on the
otherhand,canhandlenetworksof severalthousandof ver-
ticesin lessthanhalf minute.It appearsin Table2 thatCNM
is themostef�cient, especiallyfor smallnetworks.At least
part of the reasonis that CNM wasimplementedin the C
language,while the otherthreealgorithmswereall imple-
mentedin MATLAB M-�les. M-�les areinterpretedat run
time,andthereforehavehigheroverhead.

Also observe that Kcut is often fasterwith l = 3; 4; 5
thanwith l = 2. Basedon theanalysisin Section3.1, the
time Kcut spentin eigs is approximatelylinear to l=ln l ,
which reachesits minimumat l = 3. In contrast,the time
Kcut spenton k-meansis proportionalto l 2=ln l , which is
monotonicallyincreasingfor l � 2. The experimentalre-
sults in Table 3 partially supportthe theoreticalanalysis.
For largenetworks, the total runningtime of Kcut is dom-
inatedby eigs. Therefore,Kcut can take advantageof a
slightly increasedl to reduceits runningtime. Whenl be-



Table 3. CPU time (seconds) for program components.
Network WS K-2 K-3 K-4 K-5 NM
Karate 0.08 0.16 0.16 0.11 0.1 0.11 0.1 0.2 0.08 0.22 0.11
Football 0.1 0.81 0.33 0.22 0.21 0.23 0.29 0.36 0.23 0.7 0.28
Jazz 0.11 0.29 0.26 0.06 0.31 0.23 0.25 0.3 0.25 0.5 0.25
PPI 14 7857 34 3 20 4 18 7 11 8 53
Internet 12 2892 31 3 19 5 14 6 11 9 150
Physicists - - 5353 79 2451 109 1473 152 1473 170 -

For WSandKcut, the�rst andsecondcolumnsarethetime takenby eigsandk-means,respectively.
Thelastcolumnis thetime spentoneigsin theNewmanalgorithm.

comestoo large,however, therunningtime of bothcompo-
nentsincreases,andtheef�ciency of Kcut maydegrade.

5 Conclusions

We have developeda fastalgorithm,Kcut, for identify-
ing communitystructuresin largenetworks. Our approach
is basedon a greedyoptimizationof a modularity func-
tion Q. Unlike previousmethods,Kcut is not restrictedto
bi-partitions,but considersall k-way partitionsfor a small
rangeof k. We have foundthatthis relaxationnot only im-
provesthe quality of the identi�ed communities,but also
increasestheef�ciency of thealgorithm. We have demon-
stratedtheperformanceof our methodon a varietyof ran-
dom and real-world networks. Comparedto the existing
approaches,Kcutcan�nd betterQ valuesthanothergreedy
approaches,and hasan accuracy comparableto that of a
muchslowerexhaustivesearchmethod.

In addition,we have appliedour methodto several real
problemsin severaldifferent�elds: biology, medicineand
socialscience.In all cases,our algorithmis ableto detect
signi�cant andmeaningfulcommunitystructuresthat pro-
vide importantinformationaboutthesystemsof interest.A
longerversionof thispaperincludingdetailsof theseresults
is availableonourwebsite(http://www.cse.wustl.
edu/˜jruan ).
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