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Abstract

Complex networks exist in a wide array of diverse do-
mains, ranging from biology, sociology, and computer
science. These real-world networks, while disparate in
nature, often comprise of a set of loose clusters(a.k.a
communities), whose members are better connected to
each other than to the rest of the network. Discov-
ering such inherent community structures can lead to
deeper understanding about the networks and there-
fore has raised increasing interests among researchers
from various disciplines. This paper describes GWN-
LDA(Generic weighted network-Latent Dirichlet Allo-
cation) model, a hierarchical Bayesian model derived
from the widely-received LDA model, for discovering
probabilistic community profiles in social networks. In
this model, communities are modeled as latent variables
and defined as distributions over the social actor space.
In addition, each social actor belongs to every com-
munity with different probability. This paper also pro-
poses two different network encoding approaches and
explores the impact of these two approaches to the com-
munity discovery performance. This model is evaluated
on two research collaborative networks:CiteSeer and
NanoSCI. The experimental results demonstrate that
this approach is promising for discovering community
structures in large-scale networks.

Intr oduction

Comple networks exist in a wide rangeof realworld sys-
tems, such as communicationnetworks, ecologicalwebs,
proteininteractionnetworks, and social networks. Despite
their disparatenature thesenetworks often exhibit common
topologicalproperties,including the small-world property
andpower-law degreedistribution. In addition,somemem-
bersin thenetworksform looseclustersmakingthembetter
connectedo eachotherthanto therestof the network. Dis-
coveringandidentifyingtheseclusterds referredascommu-
nity discovery problemwhich hasraisedsigni cant interest
amongresearcherBom avarietyof disciplines.

While theconcepbf communityis self-explanatorythere
is no quantitatve, rigorousde nition thatis commonlyac-
cepted. This is partly due to the fact that membersn the
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network can potentially belongto more than one commu-
nities and the boundariesbetweencommunitiesare often
blurry anddif cult to draw. The currentdominantcommu-
nity discovery algorithmstendto de ne variousdistance-
basedmeasureandclusteretworksaccordingly However,
suchstratgiesfail to capturethe overlapamongcommuni-
tiesandmultiple membershigphenomenonTherefore the
outcomeof suchalgorithmsis oftenarti cial anddif cult to
explain. In orderto addresghis problem,we designa hi-
erarchicaBayesiametwork basedapproachnamelyGWN-
LDA(Generic-Ve¢ightedNetwork-LDA), to discover proba-
bilistic communitiesfrom complex networks. This model
is inspiredby the succes®f the applicationof LDA(Latent
Dirichlet Allocation) modelsin information retrieval and
image analysisdomains. In the GWN-LDA model, com-
munitiesaremodeledaslatentvariablesandareconsidered
asdistributionson the entiresocialactorspace.Therefore,
eachsocial actor contributesa part, big or small, to every
communityin the society In addition,this paperproposes
and compareswo differentapproacheso encodethe net-
works in orderto be processedy the GWN-LDA model.
Finally, this latentprobabilisticmodelandthe two pertain-
ing network encodingapproachesre evaluatedon two co-
authorshipnetworks from two distinctacademiccommuni-
ties,i.e NanoSCI from thenanotechnologgomainandCize-
Seer from the computersciencedomain. Note that while
thisapproachs evaluatedn thesocialnetwork domainwith
co-authorshimetworks, it can be easily extendedto other
comple network-basedapplications.

In conclusionthe contributionsof this paperinclude: (1)
an LDA-basedprobabilisticcommunitydiscosery modelin
large-scalegeneric-weighteahetworks which only requires
thetopologicalstructureof networks; (2) the explorationof
the impact of differentnetwork encodingstratgieson the
communitydiscovery.

The restof this paperis organizedas follows. We rst
introducegelatedstudiesandthenpresenthetechnicalde-
tails of GWN-LDA modelandthecorrespondingsibbssam-
pler. In the experimentandresultsection,we describethe
two co-authorshimetworks andtwo encodingapproaches,
followed by the experimentalsettingsand resultsanalysis.
Finally we concludethe paperwith a brief summaryof this
model.



Background and Related Works

Community discovery problemshave been studiedin a
variety of networks, including World Wide Web(Flale,
Lawrence, & Giles 2000), distributed information re-
trieval(Zhanger al. 2004), social networks(ClausetNew-
man, & Moore 2004; Girvan & Newman 2002; Newman
2004b;Palla et al. 2005; Scott2000; Zhou et al. 2006b;
Newman 2004a),and biological networks(Ginan & New-
man 2002; Palla et al. 2005; Wilkinson & Huberman
2004). Most of theseapproachesre characterizedy the
use of distance-basedneasuresjncluding Centrality in-
dices(a.k.abetweeness)(Freemd®77;Girvan & Newman
2002; Wilkinson & Huberman2004;Ruan& Zhang2006)
or Minimum cut approaches(Flake, Lawrence, & Giles
2000). The commongroundfor thesestudiesis the de ni-
tion of communitydistancemeasuresnd(iterative) cluster
ing procesdor minimizing suchmeasuresThis paperde-
scribesa probabilisticcommunitydiscosery model, GWN-
LDA, basedon mixture-modebasedapproachLDA model
was rst introducedby Blei for modelingthegeneratie pro-
cessof a documentcorpus(Blei,Ng, & Jordan2003). Its
ability of modelingtopicsusinglatentvariableshasattracted
signi cant interestandit hasbeenappliedto mary domains
including documentmodeling (Blei, Ng, & Jordan2003;
?), text classi cation(Blei, Ng, & Jordan2003),imagepro-
cessing(Suddertbr al. 2005), contextual community dis-
covery(Zhouer al. 2006b;2006a).

GWN-LDA, similar to a previously developed model
(SSN-LDA), encodeghe structuralinformationof networks
into pro les and discovers community structurespurely
basedon the social connectionsamongthe social actors.
Thesetwo modelsdo not dependon semanticinformation
asdoesin (Zhouet al. 2006b;2006a).However, the major
drawbackof SSN-LDA approachs its inability of modeling
theweightof socialinteractionssincethe communitycom-
ponentdistribution is speci ed as multinomial distribution
with a Dirilet prior andunableto handlethe situationwhen
weightis real number GWN-LDA modelusesa Gaussian
distributionwith inverse-Wshartprior to modelthearbitrary
weightsthatareassociateavith the socialinteractionoccur
rences.

LDA Model for Generic-Weighted Networks

This sectiondescribeshe GWN-LDA model. Beforediving
into the details,we introducethe technicaldetailsof GWN-
LDA modelandthe correspondingsibbssampler

GWN-LD A Model Description

A typical socialnetwork is composedf a pair of sets,in-
cludingthe socialactorsetV = fvg;vy;:::varg andsocial
interactionsetE = fey; e;::;; eng, togethemwith a Social
Interaction Weight function: SIW : (V  V)! R. The
numberof the socialactorsis denotedasM . The elements
of socialactorsetV aretheverticesof the network andthe
elementof socialinteractionsetE aretheedgesof G, rep-
resentingthe occurrenceof socialinteractionsbetweenthe
correspondingsocial actors. Eachsocial interactione; in

setE is consideredas a binary relation betweentwo so-
cial actors,i.e. e;(v;,;V;,) and SIW function describes
the strengthof suchinteraction. Differentfrom SSN-LDA,
SI'W functionin GWN-LDA function cantake on arbitrary
realnumber In this paper vertex andsocial actor, edge and
social interaction areusedinterchangeably

A nodev;'s neighboringagentsareencodedoy the vari-
abler; and! ;; 2 V meansnodev;'s j, neighbor Each
actoris characterizedy its social interaction profile (SIP),
which is de ned as a setof neighbor( ;;) andthe corre-
spondingweightSI W (v;; ! ;;)) pair. Formally,

SIP(vi) =f(1a; SIW (vt in)); 5 (Vans SIW (Vi ins )G

whereN; isthesizeof v;'ssocialinteractionpro le. Note
thatwe considerthe socialinteractionelementsn this pro-
le are exchangeablendthereforetheir orderwill not be
concernedlt is this exchangeabilitythat permitsthe appli-
cationof LDA model(Blei,Ng, & Jordan2003).

Subsequentlywe specify that a social network contains
K communities ( 1; 2;::; x) and eachcommunity in
is de ned as a distribution on the social actor space. In
GWN-LDA, communityassignmentaremodeledasalatent
variable() in the graphicalmodel. The communitypropor
tion variable( ) is regulatedby a Dirichlet distribution with
a known parameter . Meanwhile, eachsocial actor be-
longsto every communitywith different probabilitiesand
thereforeits social interactionpro les can be represented
asrandommixturesover latentcommunitiesvariables.The
graphicalmodelis illustratedin Figurel, whereeachsocial
interactionpro le is consideredas a multinomial distribu-
tion of communityvariablesand eachcommunityis mod-
eledasamultivariateGaussiarmistribution of socialinterac-
tion weightvariables.The parametesetsfor the two distri-
butionsarespeci edas® = f %g%zl andQ = f ~; 30
respectiely.

Given~; and?, theprobabilityof ! ; ; =r is:

K
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In order to obtain a close-form distribution, the prior
distribution for the social interactionpro les is setas a
Dirichlet prior with hyperparameter and the prior for
community componentdistribution is set as Multivariate
Gaussian/iverse-Wshartdistribution. For the sale of sim-
plicity, we denotethe hyperparameteior the prior distribu-
tionisw =f ~; wgandX = f~; grespectiely. Accord-
ing to thisprior distributionde nition, thejoint prior density
is (Gelmaner al. 2004):

p() / jzj (T

exp (%tr (AoX™1) 70( 0)TZ 7Y o))



Theparametersy andA, describehedegreeof freedom
andthe scalematrix for the inverse-Wshartdistribution on
3. Theremainingparametergrethe prior mean, o, and
thenumberof prior measurements,; ontheX scale.

Speci cally,

YW gAY ()

i N( o EO); (4)

where W ! representsinverse-Wshart distribution,

whichis a multivariategeneralizatiorof the scaledinverse-

2 distribution. The pdf function and more information

aboutthe Wishart distribution can be referredto (Gelman
et al. 2004).

Fromthe topology of the Bayesiametwork, we canfur-
therspecifythatthe complete-datéik elihoodof a socialin-
teractionpro le (thejoint distribution of all known andhid-
denvariablesgiventhehhyperparameters:

p(hi~: 5 Qs - K3 ) =
N.

ﬂ P(! i i % Ze)P( 45 = K H)p(Ti~)P(5 Zj~ K~ ~)

Finally the likelihood of the completenetwork W =
f1+,0M_, is determinedby the productof the likelihoods
of theindependentodes:

M
= I pCt wis ;1)
m=1

The generatie processcan be explained as that the
Bayesiannetwork of GWN-LDA modelgenerates stream
of obserableedged ,,, ,,, partitionedinto nodepro le !,.
For eachof thesenodepro les, a prole proportion ; is
drawvn, and from this, pro le-speci c edgesare emitted.
Thatis, for eachconnectiona communityindicator ,, ,, is
sampledaccordingto the node-speci cmixture proportion,
andthenthe correspondingommunity-speci cnodedistri-
bution! ,, usedto draw a connectiorandits corresponding
weight. Thecommunities ; aresampledoncefor the entire

geXc
O &

/

OINOSEOS®

p(Wj~s ¥; )

No
M

Figurel: GraphicalModelfor GWN-LDA

Gibbs Samplersfor GWN-LD A

Thedesireddistribution for solvingthe GWN-LDA modelis
the posteriomprobability givenevidencep( j! ).

p(t; )
> p((M); )

However, the computationcomplexity of the the denomi-
nator part is prohibitively high. Analogousto the deriva-
tion in SSN-LDA model,in orderto derive the posteriordis-
tribution over communityassignmenin GWN-LDA model,
p( ;i =;;+), we startfrom thejoint distribution:

p(j!) = (5)

p(ti47 X %) = p(tj~ X ¥)p(~) (6)
And

pitix X, ¥) = /er )de ()
p(*j~ ) is determinedby Formula?2 and p(QjY; ¥)

is determinedby Formulal. Integratingover the parame-
ters of the normal-inverse-Wshartposteriordistribution in

equation?, the predictive likelihood of a nenv obsenation
is amultivariateStudent-twith ( d + 1) degreeof free-
dom. Suchadistributioncanbeapproximatedby amoment-
matchedGaussian(Sudder# al. 2005)distribution:

p(lijij=k =M% X) NXij; o2 (8)
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Finally,
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TheGibbssamplingprocesss analogouso the SSN-LDA
modelandthe detailedalgorithmis elaboratedn (Zhanget
al. 2007).



Table 1: Statisticsfor datasetCiteSeer and NanoSCI,PN
denotesthe numberof papers;EN denoteshe numberof
edges;AAP denoteghe averageauthornumberper paper
andSLC denoteghesizeof thelargestcomponent

Datasetff Size PN EN AAP SLC
CiteSeer398831| 716793 | 1181133| 1.65 | 249866
NanoS(CI225313] 195997 | 877609 | 4.48 | 203762

Experiments and Evaluation
Two Co-Authorship Networks

In co-authorshimetworks,theverticesrepresentesearchers
andtheedgesn thenetwork representhecollaboratiorrela-
tion betweerresearcherdn this sectionwe evaluateGWN-
LDA modelon two co-authorshimetworks collectedfrom
computerscience(iteSeer) andnanotechnologyWanoSCI).
Note that no namedisambiguatiorhasbeendoneon either
dataset.

CiteSeerDataset CiteSeeris a free public resourcecre-

atedby Kurt Bollacker, C. Lee Giles, and Steve Lawrence
in 1997-98at NEC Researchnstitute (now NEC Labs),

Princeton,NJ. It containsrich informationon the citation,

co-authorshipsemanticinformation for computerscience
literature. In this paperwe only considerthe co-authorship
information which constitutesa large-scalesocial network

regardingacademiacollaborationwith diversitiesspanning
in time, researchelds, andcountries.

NanoSCl NanoSCI is a collection of nanotechnology
related articles published and indexed by SCI(Science
Citation Index) in 2000-2006 period. The records
are acquired by inquiring Thomson Scientific website
(http://scienti c.thomson.com/produts/sci/) directly. The
gueryusedin this paperis generatedisinganiterative rele-
vancefeedbacktechnique(Kostof er al. 2006). The essen-
tial ideaof thisapproachs to augmenthekeyword setuntil
thereturnedresultscorverges.

Table. 1 lists the statisticsfor the two datacollections.
Both CiteSeer and NanoSCI containunconnectedsubnet-
works. In particular CiteSeer contains31998 subgraphs
andNanoSCI contains>241 unconnectedubnetvorks. The
size of the largest connectedsub-netvork of CiteSeer is
249866 while the size of the largestconnectedsubnetverk
in NanoSCI is 203762. In this paper we are only inter
estedn discoreringcommunitystructuresn thetwo largest
sub-netvarks. Therefore,unlessspecially specify we al-
ways meanthe two sub-netvarks whenreferring CiteSeer
andNanoSCI.

Encoding SocialInteraction Pro les

The social interactionpro les of the social actorscollec-
tively determineshestructureanddynamicsof asocialnet-
work. In this paper we explore two differenttypesof so-
cial interactionpro le representationfor social networks,
namely07-SIP, and Real-SIP. It is worth to mentionthat
suchexplorationis by no meanscomprehensie. Neverthe-
lessit providesvaluableinsightsfor designingmoresophis-

ticatedsocialinteractionpro le encodingschemes.

01-SIP Inthe01-SIP approachanedgeis dravn between
a pair of scientistsif they coauthoredone or more arti-

cles. Collaboratingmultiple times doesnot make a dif-

ferencein this model. Therefore,the social interaction
pro les of the social actors constitutethe adjacentma-
trix of the social network. Many previous studieson so-
cial networksusethis typeof representation(Freemd®77;
Wilkinson & Huberman2004). More formally, the SIW

functionis de ned as:

SIWoi (Vi 5 vi,) = { (1) glset(avh'vzz) 2 & (15)
Real-SIP However, oneof the disadwantageof 01-SIP is
that the socialinteractionpro les give no consideratiorto
the nodesother than their direct neighborsand fall short
of consideringthe frequeng of collaboration. In orderto
mitigatethis problem,we proposea Real-SIP modelwhich
takesanodesneighborsneighbordnto considerationThis
way, the socialinteractionpro les re ect the proximity of
the nodesin the network more accurately Furthermore,
the nal matrixde ned by the socialinteractionpro les are
lesssparsawvhich canimprove the performanceof the LDA
model(Si& Jin2005).In thismodel,wedistinguishanodes
directneighbordromits neighborsheighborgdy giving dif-
ferentweightsto them. The SIW functionfor a nodeis de-
ned asfollows:

Pi,.i>  Ciyiy if (e(vlllvln) 2 E)
&&(e(v;,;Vi,) 2 E)
SIWg(V,,;Vi,) = &&( e(vi,; Vi, ) 62E);
Ci; i if e(v;,;v,,) 2 E;
0 else

(16)
wherec;, ;, is the frequeng of the collaborationbetween
researchers;, andv;,; andp;, ;,, a normalizeddiscount
coefcient, is de ned as

Ci,, iz
Pir,io ==
Y Ciniy

Therefore, Real-SIP encodingapproachtakes into ac-
countnotonly the strengthof the collaborationput alsothe
second-ordeneighbors.

Experimental Settingsand Evaluation

In evaluatingthe modelanddifferent SIP constructionap-
proacheswe rst build up SIPin thetwo differentwaysfor
theresearchers the two networks. And then,10% of the
original datasetss held out astestsetandwe run the Gibbs
samplingprocesson the training setfor i iteration. In par
ticular, in generatinghe exemplarycommunitieswe setthe
numberof the communitiesas 50, the iterationtimesi as
1000. In perpleity computation] is setas300 in orderto
shortenthe computatiortime.

We evaluatethis modelin both descriptve and quanti-
tative ways: rst, we demonstrateéhe exemplarycommu-
nities discoveredby the algorithmsand brie y discussthe



Table 2: An illustration of 4 communitiesfrom a 50-
communitysolutionfor the CiteSeer datasetfter 1000 it-
erationsbasedon Real SIP approach. Eachcommu-
nity is showvn with the 10 researcherandthe corresponding

m.n(magnitudeis 10~2) that have the highestprobability
conditionedon thattopic

Community8
H.V Jagadish(2.2)
RalkeshAgrawal(2.0)
ChristosFaloutsos(1.9)
David Lomet(1.8)
DiveshSrivastaa(1.7)
Krithi Ramamritham(1.7
SharadMehrotra(1.6)
KennethA Ross(1.6)
SegeAbiteboul(1.5)
Jiavei Han(1.5)
Community22
David Culler(2.1)
Eric Brewer(2.0)
lon Stoica(1.9)
GarthGibson(1.8)
Y.H Katz(1.8)
StevenGribble(1.8)
David Patternson(1.7)
ScottShenler(1.7)
SrinivasanSeshan(1.7)
Amin Vahdat(1.7)

Community19
SebastiarThrun(2.3)
Tom Mitchell(1.7)
ManuelaVeloso(1.7)
Reid Simmons(1.6)
TakeoKanade(1.6)
DieterFox(1.5)
Milind Tambe(1.5)
FrankDellaert(1.4)
PeterStone(1.3)
Andren Moore(1.2)
Community36
Alex Waibel(2.6)
NelsonMorgan(1.9)
LynetteHirschman(1.8)
JohnLafferty(1.8)
Stanley Osher(1.6)
M. J.1Irwin(1.6)
Lori Levin(1.5)
RobertFrederking(1.4)
JieYang(1.4)

R. G. Mamahon(1.2)

results. Therefore we comparethe perpleity valuesfor a
setof communitynumberdor threedifferentSIP encoding
approachesFurthermorewe investigatethe quality of the
discoveredcommunitiesfrom a clusteringperspectie.

Examplesof Communities

Table 2 shovs 4 exemplary communities from a 50-
communitysolutionfor the CiteSeer datasetwith socialin-
teractionpro les beingcreatedusing Real-SIP representa-
tion. Eachcommunityis shovn with thetop 10 researchers
that have the highestprobability conditionedon the com-
munity. Note that CiteSeer datasetwas crawled from Web
andsomeauthorswverenotrecoveredcorrectly we keepthe
resultsin an“asis” fashion.

These exemplary communities give us some avor
on the communitiesthat can be discovered by this ap-
proach.Speci cally, we obsenethatsomecommunitiesare
“institution-based”,someothersare “topic-based'. For in-
stance community22 is clearly a Berkeley communityal-
thoughtheir researchinterestspana variety of areas. and
mostresearchers community36 arefrom CMU. Thesec-
ond type of community is“topic-based”,as illustrated by
Community8 and 19, wheremostresearchers thesetwo
communitiedall into databasandAl domaingespectrely;
Notethatthesetwo typesof communitiesarenot exclusive,
meaninghatmary communitiesareactually“hybrid”, with
somememberdeingfrom the sameinstitutionsandothers

Table3: Perpleity Resultson CiteSeer after 300 iterations
with thetwo SIP approaches

SIP K=20 K=30 K=50
0-1 19473.3| 16812.9| 9752.9
Real 8763.1 | 7989.7 | 6289.3

work onthesamearea.This obsenationrevealsthefactthat

researcherfrom sameinstitution or with similar research
interesttendto collaboratetogethermore and build closer
socialties.

Perplexity Analysis
Perpl«ity is is a commoncriterion for measuringhe per
formanceof statisticalmodelsin informationtheory It in-
dicategheuncertaintyin predictingthe occurrencef a par
ticular social interactiongiven the parametesettings,and
henceit re ects the ability of a modelto generalizeunseen
data.

Perplity PP isde ned as

M
PP(W) [T ptt5) ™= (17)

sM_logp(win)

= exp Zm=a¥m (18)
wherel; is the socialinteractionpro les in the testset
and

N;
p() = [ ZEip( iji n = K)P(n =kjid=m) (19)

j=1

Note thatthe p(! ; ;j » = k) canbe determinecby the
training set, but hyperparametep( ,, = kjd = m) for the
unseerdocumentsn the testsetshasto be estimated.The
estimationcan be achieved by conductinganotherGibbs
samplingprocess.

Table 3 lists the perpleity resultsfor a selectedset
of topic numbersfor the two different representatiorap-
proacheslt showvsthatthe perpleity valueis highinitially
anddecreasewhenthe numberof communitiesincreases.
In addition,theresultsshav thatthe Real-SIP approacthas
lower perpleity valuethanthe0- 7, whichimpliesthatReal-
SIP leadsto moreaccurateprediction.

Clustering Analysis

In this section,we evaluatethe quality of the communi-
tiesdiscareredby GWN-LDA by comparingtheir compact-
ness. Compactnes®f a communityis measuredhrough
the averageshortestdistanceamongthe top-ranled N ,. re-
searchersn this community Shortaveragedistanceindi-
catesa compacicommunity In particular N ,. is setas1000
in this paper Both CiteSeer and NanoSCI have morethan
200; 000 nodesin the network. In orderto reducethe com-
putationalcompleity andmemoryusagen calculatingthe
shortestdistancesamongthe researchersye pre-process
the two networks by conductinga graph reductionalgo-
rithm to reducethe numberof the nodesin the network. In



Table 4. Compactnesfesultsfor CiteSeer and NanoSCI
with thetwo SIP approaches

SIP CiteSeer(K=50) | NanoSCI(K=50)
mean| deviation | mean| deviation

0-1 5.82 1.52 4.30 1.04

Real 474 1.69 3.57 0.98

this graph-reductioralgorithm,we iteratively eliminatethe
nodeswhosedegreeis 1 (i.e, only one co-author). Subse-
quently we run Johnson's algorithmfor calculatingall-pair
shortestpathsfor the processedhetworks. Sincewe focus
on the top ranked researcherghis preprocessingpasmini-
malimpacton concernedesearchers.

Table 4 demonstratesthe compactnessand well-

separatenesseasure$or 01-SIP andReal-SIP approaches

for datasetsCiteSeer and NanoSCI respectiely. In this ex-
perimentthe numberof communitieK is setas50. Thet-
testresultsshow thatthe Real-SIP approachs signi cantly
betterthe othertwo approachefor bothdatasets.

Conclusions

Communitydiscovery hasdrawvn signi cant researchnter-

estamongresearchergor its increasingapplicationsin a
wide rangeof areas,including computerscience biology;,

socialscienceandsoon. This paperdescribeganLDA(latent
Dirichlet Allocation)-based hierarchical Bayesian algo-
rithm, namelyGWN-LDA, to discoser communitystructure
from large-scalecomplex networks. In this model,commu-
nitiesaremodeledaslatentvariablesn thepertaininggraph-
ical model and de ned as distributions over social actor
space. This modelis evaluatedon two researctcollabora-
tive networks:CireSeer and NanoSCI. The experimentalre-

sultsdemonstratéhatthis approachs promisingfor discov-

ering communitystructuresn large-scalenetworks. While

this approachs developedandevaluatedin socialnetwork

domain,the modelis genericandcanbe naturallyextended
to othercomplex network researclareas.

Acknowledgments

The authorswould like to thank Jian Huangand Dr. Lee
Gilesfor providing CiteSeer datasetTheauthorsvouldalso
thankNSF andDr. PadmaRaghaan for kindly providing
the computationatesourcegor this project.

References

Blei, D. M.; Ng, A. Y.; andJordan,M. I. 2003. Latent
dirichletallocation.Journal of Machine Learning Research
3:993-1022.

ClausetA.; Newman,M. E. J.;andMoore,C. 2004.Find-
ing communitystructurein very large networks. Physical
Review E 70:066111.

Flake,G.W.; LawrenceS.;andGiles,C. L. 2000.Ef cient
identi cation of webcommunities.In KDD *00: Proceed-
ings of the sixth ACM SIGKDD international conference

on Knowledge discovery and data mining, 150—-160.New
York,NY, USA: ACM Press.

FreemanL. 1977. A setof measure®f centralitybased
uponbetweenesdn Sociometry, 35—41.

Gelman,A.; Carlin, J. B.; Rubin, D. B.; andStern,H. S.
2004. Bayesian Data Analysis, Secone Edition. Chapman
Hall Llc.

Girvan,M., andNewman,M. E. 2002. Communitystruc-
turein socialandbiological networks. Proc Natl Acad Sci
USA99(12):7821-7826

Kostof, R.N.; Stump1J.A.; JohnsonlD.; Murday; J.S.;
Lau, C. G.; and Tolles, W. M. 2006. The structureand
infrastructureof the globalnanotechnologyiterature.

Li, W., andMcCallum,A. 2006.Pachinlo allocation:Dag-
structuredmixture modelsof topic correlations.ln ICML,
577-584.

Newman, M. E. 2004a. Coauthorshimetworks and pat-
ternsof scienti ¢ collaboration.Proc Natl Acad Sci U S A
101 Suppl1:5200-5205.

Newman, M. E. J. 2004h Fast algorithm for detect-
ing communitystructurein networks. Physical Review E
69:066133.

Palla, G.; Dereryi, I.; Farkas,.; andVicsek,T. 2005. Un-
coveringthe overlappingcommunitystructureof complex
networksin natureandsociety Nature 435:814.

RuanJ.,andZhang,W. 2006.Identi cation andevaluation
of weakcommunitystructuresn networks. In AAAL

Scott,J. P. 2000. Social Network Analysis: A Handbook.
SAGE Publications.

Si, L., andJin, R. 2005. Adjusting mixture weights of
gaussiammixturemodelvia regularizedprobabilisticlatent
semantianalysis.In PAKDD, 622—631.

SudderthE. B.; Torralba,A.; FreemanW. T.; and Will-
sky, A. S. 2005. Learninghierarchicalmodelsof scenes,
objects,andparts. In ICCV *05: Proceedings of the Tenth
IEEE International Conference on Computer Vision, 1331—
1338. WashingtonDC, USA: IEEE ComputerSociety

Wilkinson, D. M., andHubermanpB. A. 2004. A method
for nding communitiesof relatedgenes.Proc Natl Acad
Sci U S A 101Suppl1:5241-5248.

Zhang,H.; Croft, W. B.; Levine, B.; andLesseyV. 2004.
A multi-agentapproachfor peerto-peerinformation re-
trieval. In Proceedings of Third International Joint Con-
ference on Autonomous Agents and Multi-Agent Systems.
Zhang,H.; Qiu, B.; Giles, C. L.; Foley, H. C.; andYen,
J. 2007. An Ida-basedommunitystructurediscovery ap-
proachfor large-scalesocial networks. In IEEE Interna-
tional Conference on Intelligence and Security Informatics.
Zhou,D.; Ji, X.; Zha,H.; andGiles,C. L. 2006a. Topic
evolution and social interactions: how authorseffect re-
search.n CIKM, 248-257.

Zhou, D.; Manavoglu, E.; Li, J.; Giles, C. L.; and
Zha, H. 2006b Probabilisticmodelsfor discovering e-
communities.In WWW, 173-182.



