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Abstract

Automaticdiscoseryof communitystructuesin comple
networkss a fundamentataskin manydisciplines,includ-
ing social science engineering and biology. Recently a
guantitativemeasue called modularity (Q) hasbeenpro-
posedto effectivelyassesshe quality of communitystruc-
tures. Several communitydiscovery algorithmshavesince
beendevelopedbasedon the optimizationof Q. However,
this optimizationproblemis NP-haid, and the existing al-
gorithmshavea low accuracy or are computationallyex-
pensiven this paperwe presentan ef cient spectal algo-
rithm for modularity optimization. Whentestedon a large
numberof syntheticor real-world networks,and compaed
to the existing algorithms,our methodis efcient and and
hasa high accuracy. In addition, we havesuccessfullap-
plied our algorithm to detectinterestingand meaningful
communitystructuiesfromreal-world networksin different
domains,including biology, medicineand social science
Due to spacelimitation, resultsof theseapplicationsare
presentedn a completeversion of the paperavailableon
our website(http://cse.wustl.edu/"jruan/ ).

1 Intr oduction

The studyof complex networks hasbecomeafastgrow-
ing subjectin mary disciplines,including physics, biol-
ogy, andsocialscience.At leastpart of the reasoncanbe
attributed to the discovery that real-world networks from
totally differentsourcescan sharesurprisingly high simi-
larities in their topological properties,suchasthe power
law degree distributions and high clustering coefcients.
(Se€[1, 14 for reviews.)

Oneof thekey propertiesn complex networksthathave
attracteda greatdeal of interestrecentlyis the so-called
community structures,i.e. relatively denselyconnected
sub-netvarks[15]. Communitystructureshave beenfound

in socialandbiological networks, aswell astechnological
networks suchas the Internetand power grid. Automati-

cally discovering suchstructuresis fundamentallyimpor-

tant for understandinghe relationshipsbetweennetwork

structuresand functions, and has mary practicalapplica-
tions. For example,identifying communitiesfrom a collab-

oration network may reveal scienti ¢ actvities aswell as
evolutionanddevelopmenbf researctareaq12], while de-

tecting hiddencommunitieson the World Wide Web may
helppreventcrimeandterrorism([2].

To design effective community discovery algorithms,
NewmanandGirvan[16] proposeda quantitatve measure
calledmodularity (Q), to assesshe quality of community
structuresandformulatedcommunitydiscovery asa opti-
mizationproblem. Sinceoptimizing Q is a NP-hardprob-
lem, severalheuristicmethodshave beendeveloped assur
veyedin [4]. Thefastestlgorithmavailableusesa greedy
stratgly and suffers from poor quality [3]. A more accu-
ratemethods basednsimulatedannealingwhichrequires
a prohibitively long running time on large networks [11].
Several spectralalgorithms have beendeveloped, which
have relatively good performanceput still inefcient for
largenetworks[21, 15].

In this paper we proposea spectralalgorithmthatis ef-
fectivein nding high quality communitiesaswell asef-
cienton large networks. The algorithmadoptsa recursve
stratgy to partition networks while optimizing Q. Unlike
the existing algorithms,our methodis a hybrid of direct
k-way partitioningandrecursve 2-way partitioningstrate-
gies[21, 15]. We evaluateour algorithmon alarge number
of syntheticandreal-world networks. Theresultsshow that
thealgorithmis moreef cient andmoreaccurateéhanare-
cursive 2-way partitioning method. Comparedo a direct
k-way partitioningmethod,our algorithmis muchmoreef-
cient, while having acomparabl@accurag.

Thepapetis organizedasfollows. In Section2, weintro-
ducesomebasicconceptsnotations,and previous works.



In Section3, we describeour algorithmandits compleity,
anddiscussseveralrelatedmethodsWe presenexperimen-
tal resultsin Sectiond, andconcludein Sectionb.

2 Preliminaries

2.1 Spectral graph partitioning

LetG = (V;E) beanetwork of n verticesin V andm
edgesn E. LetA = (A; ) betheadjacenyg matrix of G.
A graphpartitioningproblemis to nd two or morevertex
subsetof nearly equalsizes,while minimizing the num-
ber of edgescut by the partitioning[8]. Known to be NP-
hard,the problemexistsin mary realapplicationssuchas
circuit designandload balancingin distributedcomputing.
Many heuristicmethodshave beendevelopedfor the prob-
lem,amongwhich spectramethodshave recevedmuchat-
tentionandarethe mostpopular

Spectrabraphpartitioningis in factafamily of methods.

Thesemethodglependntheeigervectorsof thelLaplacian
matrix or its relatvesof a graph. Dependingon the way
they partition a graph, spectralmethodscan be classi ed
into two classes.The rst classusesthe leadingeigervec-
tor of a graphLaplacianto bi-partitionthe graph. The sec-
ondclassof approachesomputesa k-way partitioningof a
graphusingmultiple eigervectors.We brie y review some
representatiesof thesetwo classe®f algorithmsbelow.

Let D bethe diagonaldegreematrix of A, i.e. D =

j Aj .L = D AiscalledtheLaplacianmatrixof G. Let

1 2 n betheeigervaluesand 1; 2; ; n

bethecorrespondingigervectordor thegeneralizeeigen-

valueproblemL = D . It canbeshavnthat ; = O,
and 1 = 1, avectorwith all ones.

Given the above notation, a representatie of bi-
partitioning,the SM algorithm[19], works asfollows. (1)
Compute ,, the secondsmallestgeneralizedeigervector
of L. (2) Conductalinearsearclon ;to nd apartitionof
thegraphto minimizeanormalizeccut criterion[19]. It has
beenshawvn thatwhen certainconstraintsare satis ed, the
SMalgorithmcanreachthe optimaof normalizedcuts[19].
To nd morethantwo clusters,the SM algorithm can be
appliedrecursvely.

Themostpopularalgorithmin thesecondclasstheNJW
algorithm[17], nds ak-way partitionof anetwork directly
asfollows, wherek is givenby the user (1) Computethe
k smallestgeneralizectigervectorsof L andstackthemin
columnsto formamatrixY = [ 1; 2; ; «k]- (2) Nor-
malize eachrow of Y to have unit length. (3) Treateach
row asapointin R¥, andapplystandark-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, ¥, which divides its
verticesinlgp k communities,the modularityis de ned as
Q( ¥)= X, (ei=c (a=¢?), whereg; isthenumber
of edgeswith both verticeswithin communityi, a; is the
numberof edgeswith oneor bothverticesin communityi,
andc is the total numberof edgeg[16]. Thereforethe Q
functionmeasureshefractionof edgedalling within com-
munities,subtractedy whatonewould expectif theedges
were randomlyplaced. A larger Q value meansstronger
communitystructures.If a partition givesno morewithin-
communityedgesthanwould be expectedby chance the
modularityQ 0. For atrivial partitioningwith a single
community Q = 0. It hasbeenobsened that mostreal-
world networkshave Q > 0:3[16].

TheQ functionprovidesa goodquality measuréo 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 surwy). White and Smyth proposeda
spectralalgorithm (W3S, which is effective on small net-
works[21]. They show that, whenthe numberof commu-
nitiesk is given, the optimizationof Q is equivalentto an
eigendecompositiomproblem.,if relaxingthediscretemem-
bershipconstraint[21]. Therefore they directly applieda
k-way spectralgraph partitioning algorithm for this pur
pose.To automaticallydeterminehe numberof communi-
ties,the spectralalgorithmis executedmultiple times,with
k rangingfrom the userde ned minimumK p,j; to maxi-
mumK max humberof communities.The k that givesthe
highestQ valueis deemedhe mostappropriatenumberof
communities.A slightly modi ed versionof the WSalgo-
rithm is asfollows. (1) For eachk, K nin kK Kmax
apply NJWto nd a k-way partition, denotedas . (2)
k = argmax, Q( k) is thenumberof communitiesand

=  Iisthebestcommunitystructure.

While the WS algorithm is effective in nding good
community structures,it scalespoorly to large networks,
becausedt needsto executek-meansup to K nax times.
Without ary prior knowledgeof a network, onemay over-
estimateK ax in orderto reachthe optimal Q. For sparse
networks,K max canbelinearin the numberof verticesin
theworstcasemakingit impracticalto iterateoverall pos-
siblek's for large networks.

3 The Kcut algorithm

In orderto develop a methodthat scaleswell to large
networkswhile retainingeffectivenessn nding goodcom-
munities, we may take the stratgly usedin the SM algo-
rithm, i.e.,torecursvely divideanetwork into smallerones.
However, two issuesremain. First, whenshouldthe algo-
rithm halt, or in otherwords, how do we decidewhether



a (sub)netvork shouldbe partitioned?Sinceour goalis to

nd apartitionwith a high modularity we cantestwhether
the Q valueincreasesfterthe partition. If no partitioncan
improve the modularity the (sub)netvork shouldnot be di-
vided. Secondit hasbeenempiricallyobsenedthatif there
aremultiple communitiesusingmultiple eigervectorgo di-
rectly computea k-way partitionis betterthanrecursve bi-
partitioningmethodg17]. Here,we proposean algorithm
thatis a uniquecombinationof recursve partitioningand
directk-way methodswhich will achieve the ef ciency of
arecursve approachwhile alsohaving the sameaccuray
asadirectk-way method.

Wefollow agreedystratgyy to recursvely partitionanet-
work to optimizeQ. Unlike the existing algorithmsthatal-
waysseeka bi-partition, we adopta direct k-way partition
stratgy asin the WSalgorithm. Brie y, we computethe
bestk-way partitionwith k = 2;3; ;| usingthe NJW
algorithm,andselectthe k that givesthe highestQ value.
Thenfor eachsubnetvark the algorithmis recursvely ap-
plied. To reducethe computatiorcost,we restrictl to small
integers. As we will shovn in experiments the algorithm
with | assmall as 3 or 4 can signi cantly improve mod-
ularity over the standardbi-partitioning stratgy. Further
more, the computationcostis alsoreducedwith a slightly
increased/alueof | comparedo bi-partitioning.

Givenanetwork G andasmallinteger| thatis the max-
imal numberof partitionsto be consideredor eachsubnet-
work, our algorithmKcut executeghefollowing steps.

1. Initialize
setQ = 0.

2. ForeachclusterP in

to beasingleclusterwith all vertices,and

(a) Letg bethesubnetvark of G containingthever-
ticesin P.

(b) Foreachintegerk from2tol,

i. Apply NJWto nd ak-way partitioning of
g, denotecby J,
ii. Computengv Q value of the network as
QRR=Q( ~ gnP).
(c) Findthek thatgivesthebestQ value,i.e.,.k =
argmax, QY.

d) If Q2 > Q, acceplth@oartitionby replacingP
with § ,ie, = ¥ nP,andsetQ =
Qi -

(e) Advanceto thenext clusterin , if thereis any.

Theinnerloop, step2(b),is similarto the rst stepof the
WSalgorithm,exceptthatin 2(b)(ii) we computethe mod-
ularity of thewholenetwork G, which s differentfrom the
modularity Q( E). On the otherhand,we do not needto
iterateover all communitiesin the network to re-compute
Q. Fromthede nition of Q in Section2.2,thecontrikution

of eachcommunitytowardsQ is independenof the other
communities Thereforeafterg is partitioned,Q canbeef-
ciently updatedwith the communitieshat have just been
createdn g. At step2(c), we decidethe bestway to parti-
tion g thatcanimprove Q themost. This stepturnsoutto be
crucial in identifying globally good community structures
with high Q values. At step2(d), we testif partitioningg
cancontribute positively towardsQ, andthe partitionis ac-
ceptedonly if Q increasesWhenthealgorithmterminates,
no communitiescanbe further createdto improve Q, thus
containsthe bestcommunitystructure.

3.1 Computational complexit y

We rst review the computationatomplexity of the WS
algorithm, sincethe inner loop of Kcut is simply the WS
algorithm,exceptthatthe computationof Q is slightly dif-
ferent. The WSalgorithmcontainstwo major components:
computingeigervectorsandexecutingk-meango partition
the network. Note that althoughWS calls NJW multiple
times, the eigenproblemneedsto be solved only onceto
obtainall Knhax eigervectors. To computeeigervectors,
we usedthe eigsfunctionin MATLAB, which hasatime
compleity in O(mK h + nK 2h + K 2h), wherem andn
arerespectiely the numbersof edgesand verticesof the
graph,K = Knax is the numberof eigervectorsto be
computedandh is thenumberof iterationsfor eigsto con-
verge[21]. SinceK < n, therunningtime of eigs canbe
simpli ed to O(mK h + nK 2h). Secondwe adoptech fast
k-meansalgorithm[6] in our implementationwhich takes
approximatelyO(nK e) time,wheree is thenumberof iter-
ationsfor k-meango corverge. Sincek-meands calledK
times,thetotal runningtime is O(mK h+ nK ?h + nK 2e),
wherethe rst two termsarefor eigs andthe lasttermis
for k-means.Assuminge andh constantsthe overalltime
compleity of WSis O(mK + nK ?), which canbe close
to O(n?), sincethe maximalnumberof communitiesfor a
sparsenetwork maybelinearin n.

Therunningtime of Kcutdepend®nthedepthof there-
cursive calls. In theworstcasethe partitionscanbehighly
imbalanced,and the depthof the recursionis merely the
numberof partitionsproduced,K . A more practical es-
timate, however, is the averagedepth, which is closeto
log, K, wherel is the maximalnumberof partitionscon-
sideredby NJW. Therefore the runningtime takenby eigs
canbeestimatedo be O((mlh + nl2h) log, K ), whichcan
befurthersimpli ed to O(mlhlog, K), sincel is smalland
thereforein generalm > nl. Similarly, the average-case
runningtime taken by k-meands O(nl?elog, K ), andthe
total compleity is givenby O((mlh + nl?2€) log, K ).

Our experimentalresultsshav that for large networks
and small valuesof 1, the time taken by eigs dominates,
giving an overall time compleity in O(mlhlog, K) =
O(mhInK Inl_l) for Kcut Thereforeassumingh is a con-



stant,alsogiventhatl is smallandK = O(n), the total
complity is O(m logn), which is muchsmallerthanthe
O(n®) runningtime of the WSalgorithm.An importantob-
senationfrom the analysisis thatthe total runningtime of
Kcut is not a monotonicallyincreasingfunctionof I. Ana-
lytically, the minimumvalueof |=In| is achievedat| = 3.
Empirically, we obsened that Kcut is mostef cient with
| = 3to 5 (seeSectior4.2).

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

3.2 Related metho ds

Besidesour algorithm and the WS method, several
other algorithms have also beendevelopedfor identify-
ing communitiesby modularity optimization. Newman
proposedan algorithmthat is basedon recursve spectral
bi-partitioning [15]. The algorithm computesthe leading
eigervectorof a so-calledmodularity matrix, and divides
the verticesinto two groupsaccordingto the signsof the
elementsn theeigervector Thealgorithmrunsrecursvely
on eachsubnetvark, until no improvementto Q is possi-
ble. Comparedo our method,this algorithmis fasterfor
small networks, sinceno k-meansis performed. On the
other hand, the modularity matrix is very dense,with al-
mostno zeroentries.Therefore the algorithmtakesO(n?)
memoryevenfor sparsenetworks, in contrastto O(m) for
our method. Furthermorethe algorithmtakesO(n? logn)
runningtime, therefore,it doesnot scalewell to large net-
works. Importantly we will showv thatby combiningk-way
partitioningwith arecursve method Kcut usuallyachieves
highermodularitythanthe Newvmanmethod.

There are also several methodsthat are not spectral-
based. The edgebetweennesalgorithm [9] and the ex-
tremal optimization algorithm [5] are known to be very
slow, with O(n3) and O(n2log? n) runningtime, respec-
tively. Anothergreedyapproachthe CNM algorithm[3],
hasapproximateljthe sametime compleity (O(m log? n))
as our method, but the communitiesreturnedoften have
poorquality [15].

4 Evaluation

We now evaluateour algorithmon a variety of networks
and compareit with three existing algorithmsthat were
mentionedn Section3.2: theWSalgorithm,the CNM algo-
rithm, andthe Newman's algorithm(NM). In whatfollows,
theresultsof ouralgorithmaredenotedy K-2, K-3, , for
I = 2;3; . NotethatNewmansuggesteth [15] are ning
stepto improve Q aftertheinitial partitioning. To make a
fair comparisonthisre ning stepwasomittedin our study
sincein theorythe samestrateyy canbeappliedto ary other
algorithmaswell.
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4.1 Computer-generated networks

To evaluate Kcut, we rst tested it on computer
generatedhetworks with arti cially embeddedommunity
structures.Eachnetwork had 256 verticesforming 8 com-
munitiesof equalsizes. Edgeswererandomlyplacedwith
probability pi, betweenverticeswithin the samecommu-
nity andwith probability po,: betweerverticesin different
communities.We variedp;, from 0.8to 0.3, representing
networkswith denseto sparsecommunities.For eachpy, ,
we variedpo,: from 0 to B2 with anincremeniof £2-. For
eachpair of (pin, Pout ), We generatedL00 networks and
clusteredthemwith WS(Kmin = 2, Kmax = 15), Kcut
(I = 2;3;4 and5), andNM algorithms.To measurehe ac-
curag of theresults,we computedthe Jaccardndex [20],
whichis roughlythepercentagef within-communityedges
that were predictedcorrectly The Jaccardndex between
thetrue communitystructure( ) andpredictedcommunity
structurg( 9 is de ned as

oSO\ S( 9
IG5 s TS0y

whereS() andS( 9 arethe setsof within-community
vertex pairsin - and ©, respectiely.

(1)



Table 1. Q values for real-world 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 communitiefor WS K : numberof communitieseturnedby WS Thelastcolumnarethe
bestQ valuesachieved by existing methodsn theliterature,andreferenceso the methods.

Table 2. Total CPU time (seconds).
Network WS K-2 K-3 K4 K5 NM CNM*
Karate 03 03 03 03 04 01 0.02
Football 11 07 06 07 11 03 0.04

Jazz 05 06 07 07 09 03 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 andthe otheralgorithms
hereis that CNM wasimplementedn C, while all the otheralgo-
rithmscomparecherewereimplementedn MATLAB m- les.

Fig. 1(a) shavs the Jaccardndex asa function of poyt
for pp = 0:5. Resultsfor othervaluesof pj, or using
othertypesof accurag measuremerdare similar (datanot
shawvn). The WSalgorithm,which explicitly searchesver
all k's, hasthebestaccurag. Onthe otherhand,Kcut with
large | valuescan betterapproximateWSthanwith small
| values. Moreover, as shawvn in Fig. 1(b), the Q values
achievedby the algorithmsmatchtheir accuraciesWShas
the highestmodularity followed by K-5, K-4, ..., andthe
Newman algorithmat last. A third measurethe number
of timesanalgorithmpredictedk correctly alsoshavs that
WS> K-5> > K-2> NM (datanotshaovn). The CNM
algorithmhasan accurag similar to K-2 for smallerpoyt ,
but its accurag dropssigni cantly whenpg,: increases.

4.2 Real-w orld networks

We further testedour methodon several real-world net-
works. Theseincludeanacquaintanceetwork in a Karate
club [22], the opponentnetwork of AmericanNCAA Di-
vision | college football teamsin the year2000[9], a co-
performingnetwork of JazzBands[10], a protein-protein
interactionnetwork of E. coli [18], the AutonomousSys-
temstopology of the Internet[7], anda collaborationnet-
work of physicistg13]. As shavnin Tablel, the WSalgo-
rithm usuallyreturnscommunitystructuresvith the highest
Q value.AlthoughKcutwith | = 2 oftenperformedpoorly,
Kcutwith | 3 canusuallyachiere Q valuesasgoodas
that by WS whereaswith a much reducedrunning time.
Moreover, for the threenetworks (Karate,Jazz Physicists)
thathave beenanalyzedy othersKcutcan nd modularity

valuesthatarecomparabldo or betterthanthe bestknown
ones.The NM algorithm(withoutthere ning step)andthe
CNM algorithm usually have much worse accurag com-
paringto WSandKcut The WSand Newmanalgorithms
failedto nish onthephysicistnetwork, dueto their exces-
siverunningtime or memoryusage.

In addition,the communitiesreturnedby Kcut are often
very closeto the known communitiesf they areavailable.
For example,for the Karate club network, Kcut precisely
predictedthe actualseparatiorof the club causedy a dis-
puteamongits memberg9]. Forthefootball network, Kcut
correctlyrevealedthe of cial NCAA conferencestructure
of thefootballteamd9], exceptfor afew teamshatdo not
belongto any conference Becausef spacdimit, we omit
thedetailedresultshere.

4.3 Running time

Table2 shavstherunningtime of thefour algorithmson
the six real-world networks. Table 3 shavs the time spent
on eigsandk-meansby WS Kcut andNM. CNM is based
on a differentrationaleand doesnot have thesetwo com-
ponents.As shovn in Table2, althoughWSis ef cient for
smallnetworksof upto afew hundredof verticesijt is very
inef cient on large networks. The Kcut algorithm, on the
otherhand,canhandlenetworksof severalthousandf ver
ticesin lessthanhalf minute. It appearsn Table2 thatCNM
is themostef cient, especiallyfor smallnetworks. At least
part of the reasonis that CNM wasimplementedn the C
languagewhile the otherthreealgorithmswereall imple-
mentedin MATLAB M- les. M- les areinterpretedatrun
time, andthereforehave higheroverhead.

Also obsene that Kcut is often fasterwith | = 3;4;5
thanwith | = 2. Basedon the analysisin Section3.1, the
time Kcut spentin eigsis approximatelylinear to I=In1,
which reachests minimumat| = 3. In contrastthetime
Kcut spenton k-meansis proportionalto 12=In 1, which is
monotonicallyincreasingfor | 2. The experimentalre-
sultsin Table 3 partially supportthe theoreticalanalysis.
For large networks, the total runningtime of Kcut is dom-
inatedby eigs Therefore,Kcut can take advantageof a
slightly increased 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 o011 01 02| 008 0.22]0.11
Football 01 081| 033 0.22| 021 0.23| 029 036| 023 0.7 0.28
Jazz 0.11 0.29| 026 0.06| 031 023| 025 03| 025 05| 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 andseconccolumnsarethetime takenby eigsandk-meansrespectrely.
Thelastcolumnis thetime spenton eigsin the Newmanalgorithm.

comestoo large, however, therunningtime of bothcompo-
nentsincreasesandthe ef ciency of Kcut maydegrade.

5 Conclusions

We have developeda fastalgorithm,Kcut, for identify-
ing communitystructuresn large networks. Our approach
is basedon a greedyoptimizationof a modularity func-
tion Q. Unlike previous methods 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
increaseshe ef ciency of the algorithm. We have demon-
stratedthe performanceof our methodon a variety of ran-
dom and real-world networks. Comparedto the existing
approachecutcan nd betterQ valuesthanothergreedy
approachesand hasan accurag comparableto that of a
muchslower exhaustive searchmethod.

In addition,we have appliedour methodto severalreal
problemsin severaldifferent elds: biology, medicineand
socialscience.In all casespur algorithmis ableto detect
signi cant and meaningfulcommunitystructureghat pro-
vide importantinformationaboutthe systemsf interest.A
longerversionof this papelincludingdetailsof theseresults
is availableon our website(http://www.cse.wustl.
edu/jruan ).

Acknowledgments

This researchwas supportedn partby NSF grantsITR/EIA-
0113618andI1S-0535257and a grantfrom MonsantoCompary
toW.Z.

References

[1] R.AlbertandA. BarabasiStatisticalmechanic®f comple
networks. Reviewsof ModernPhysics 74:47,2002.

[2] J.BaumesM. Goldbeg, M. Magdon-IsmailandW. Wal-
lace. Discovering hidden groupsin communicationnet-
works. 2nd NSF/NIJ Symposiumon Intelligenceand Se-
curity Informatics.,2004.

[3] A. Clausetandet. al. Findingcommunitystructurein very
large networks. PhysicalReview E, 70:0661112004.

[4] L. Danon,J.Duch,A. Diaz-Guilera,andA. Arenas. Com-
paring community structureidenti cation. J. Stat. Med,,
pageP09008,.2005.

[5] J.DuchandA. Arenas. Communitydetectionin comple
networks usingextremal optimization. PhysicalReview E,
72:0271042005.

[6] C. Elkan. Using the triangle inequality to acceleratek-
means.In ICML, pagesl47-1532003.

[7] M. Faloutsosandet. al. On powerlaw relationshipsof the
internettopology In SIGCOMM pages251-262,1999.

[8] P Fjallstrom. Algorithmsfor graphpartitioning: A suney.
Linkoping Electron.Atricles in Comput.and Inform. Sci.,
1998.

[9] M. Girvanand M. Newman. Community structurein so-

cial and biological networks. Proc Natl Acad SciU S A,

99:7821-62002.

P. GleiserandL. Danon. Communitystructurein jazz. Ad-

vancesn Comple Systems5:565,2003.

R. GuimeraandL. N. Amaral. Functionalcartographyof

complex metabolicnetworks. Nature, 433:895-9002005.

J. Hopcroft, O. Khan, B. Kulis, andB. Selman. Tracking

evolving communitiesin large linked networks. Proc Natl

AcadSciU SA, 101Suppl1:5249-532004.

[13] M. Newman. The structureof scienti ¢ collaborationnet-

works. Proc Natl AcadSciUSA 98:404—-4092001.
[14] M. Newman. The structureand function of comple net-
works. SIAM Review, 45:167-2562003.

[15] M. Newman. Modularity and communitystructurein net-

works. Proc Natl AcadSciUSA 103:8577—-822006.

M. NewmanandM. Girvan. Finding andevaluatingcom-

munity structurein networks. PhysRev E, 69:0261132004.

A.Y.Ng, M. |. JordanandY. Weiss.On spectraklustering:

Analysisandanalgorithm.In NIPS pages849-8562001.

L. Salwinski, C. Miller, A. Smith, F. Pettit, J. Bowie, and

D. Eisenbeg. The databasef interactingproteins: 2004

update.NucleicAcidsRes 32:D449-512004.

J. ShiandJ. Malik. Normalizedcutsandimagesegmenta-

tion. IEEE Trans.Pattern Anal. Mach. Intell., 22:888-905,

2000.

P. Tan, M. SteinbachandV. Kumar Introductionto Data

Mining. AddisonWesley, 2005.

S. White andP. Smyth. A spectralclusteringapproachio

nding communitiesn graph.In SIAMData Mining, 2005.

W. Zachary An information o w modelof con ict and s-

sionin smallgroups.J. Anthopol. Res, 33:452-4731993.

[10]
[11]

[12]

[16]
[17]

(18]

[19]

[20]
[21]

[22]



